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Introduction

1.1 Immunity

The immune system protects organisms from invading pathogens and harmful substances. In
higher organisms, it is commonly comprised of two components, namely innate immunity and
adaptive immunity. As the first line of immune protection, innate immunity springs into
action immediately after a pathogen enters the organism. In contrast, adaptive immunity acts
through a slower but more effective, specific response and provides protection from later re-
exposure to the same antigen. T cells and B cells are two main types of cells carrying out the
adaptive immune response. T cells have two main subtypes, namely CD4 and CDS,
characterized by the co-receptor expressed on the cell surface. A CD4 T cell, also known as T
helper cell, has the function of activating the B cells and macrophages. A CD8 T cell, known
as cytotoxic T cell, can destroy infected cells and cancer cells. Antibodies secreted by the
activated B cells travel along the bloodstream and bind to the foreign antigens they recognize,
thereby inactivating them or marking them attractive targets for the immune system to
destroy. For the immune system to function properly, it has to detect a variety of harmful
antigens as well as distinguish them from the normal tissue. Dysfunction of the immune
system would result in either autoimmune disease when it raises immune response to a

healthy tissue, or immunodeficiency when it fails to detect certain harmful antigens.

1.2 MHC class Il

Major histocompatibility complex (MHC) molecules are a class of transmembrane proteins
that are essential for presenting antigens on cell surface to T cells. As opposed to MHC class 1
which is expressed on all nucleated cells, the expression of MHC 11 is restricted on the surface
of dendritic cells, macrophages, and B lymphocytes, due to which these three types of cells
are collectively known as professional antigen-presenting cells (APCs). MHC class II are also
expressed on epithelial cells in the thymus and interact with T lymphocyte precursors as they
mature. In contrast to MHC class I which presents antigens from intracellular pathogens,
MHC class II presents antigens from extracellular pathogens (1). Professional APCs generate
antigenic peptides by the degradation of extracellular pathogens and present them bound to
MHC class II on the cell surface, thus enabling the peptides to be recognized by the
corresponding epitope specific CD4 T cells. The MHC class II molecules consists of two
similarly sized transmembrane polypeptides, a chain and B chain. In humans, the MHC is

called the human leukocyte antigen (HLA) complex. Among MHC class II proteins in human,



there are three highly polymorphic molecules which present peptide antigens to CD4 T cells,
HLA-DP, HLA-DQ, HLA-DR. On each of the HLA locus where the three highly
polymorphic molecules are encoded, denoted as DPA1, DPB1, DQA1, DQBI1, DRBI1, DRB3,
DRB4, DRBS3, there are numbers of functional alleles, except DRA that is invariable. The
variation between MHC allotypes is concentrated in domains that bind peptide and T cell
receptor, thereby determines the types of peptides that each MHC allotype binds, as well as
the recognition by T cells. The polymorphisms in MHC genes are important for increasing the
scope and strength of T cell immunity. Moreover, it has been shown that different HLA
variant is related with different autoimmune and infectious diseases. For example, rheumatoid
arthritis is found to be associated with certain alleles of HLA-DRBI1 gene in European and
Asian populations (2)(3)(4). Other diseases that show HLA association include celiac disease

(CD), psoriasis, ankylosing spondylitis, systemic lupus erythematosus, and multiple sclerosis

(3.

1.3 T cells

T cell is a type of lymphocyte that matures in the thymus and plays an important role in cell
mediated immune response. Depending on the MHC class on the thymic epithetical cell it
interacted during development, a lymphocyte could differentiate into either naive CD4 or
naive CD8 T cell marked by the co-receptors CD4 or CDS8 glycoprotein expressed on its
surface. The lymphocytes interact with peptide-MHC II would become naive CD4 T cells,
while those interact with peptide-MHC I would become naive CD8 T cells. Before the T cells
mature and leave the thymus, they have to undergo positive selection and negative selection,
where only a small subpopulation of thymocytes with successfully rearranged T cell receptor
(TCR) that bind self-peptide:MHC complex with intermediate affinity would survive and
differentiate into mature T cells. CD8 T cell, also known as cytotoxic T cell, can destroy
infected cells and tumor cells mainly by releasing cytokines and interleukins upon
recognizing peptides presented by MHC class I (6). The mature CD4 T cells have a variety of
functions, such as helping B cells in the differentiation into plasma cells that produce
antibodies, inducing macrophages to develop enhanced microbicidal activity, producing

cytokines, as well as recruiting granulocytes to sites of infection (7).



1.4 CD4 T cells

In cell mediated immune response, naive CD4 T cells can be activated after recognition of its
cognate antigenic peptides presented by MHC II on the surface of APC, such as dendritic cell.
The activation process requires several signals. The primary one is TCR recognition of
antigenic peptides presented by MHC molecules on the surface of APC, and this interaction is
augmented by the CD4 co-receptor binding to the MHC class II. The second signal required
occurs when co-activating molecules CD28 on the T cell bind costimulatory proteins on the
APC. As a response of activation, naive CD4 T cells proliferate by clone expansion and
differentiate into effector T helper cells, where different cytokines (also sometimes known as
signal 3) are required for inducing the differentiation into different subtypes of T helper (Th)
cells, each with a distinct cytokine profile. The most well-established T helper cell subsets are
Th1, Th2, Th17, regulatory T cells (Treg) and follicular helper T cells (Tfh) (8). Each of the
subtypes secrete a set of specific cytokines with important pathogenic and protective

functions (Figure 1).
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Figure 1. Different CD4+ T cell subsets. Different CD4+ T cell subsets are differentiated from
naive T cells under the influence of different cytokines. Each CD4+ subset produces a different
set of cytokines controlled by the activation of different subset-specific transcription factors. The
figure is modified from (8).



A small fraction of the effector T cells further differentiates into either central memory T cells
homing to the secondary lymphoid tissues or effector memory T cells in the infected tissues.
Unlike the short-lived effector T cells, memory T cells has a potential for long-term survival,
and therefore would be able to mount a faster and more vigorous immune response upon

recognizing their cognate antigen in the future.

1.5 T cell receptor repertoire

T cell receptor (TCR) is a heterodimer composed of two highly variable protein chains on the
surface of T cells. TCR of human T cells normally consists of an o chain and a § chain,
whereas the TCR of around 1%-5% of human T cells consists of y and 6 chains (9). In the
human genome, o chain locus consists of a constant region (C), approximately 70 variable (V)
gene segments and 61 joining (J) segments. 3 chain locus consists of two constant regions
(C), 52 variable (V) gene segments, 2 diversity (D) segments and 13 joining (J) segments
(10). During T cell development, highly variable TCR chain is generated through genetic
recombination of different V (D) J gene segments as well as random deletion and/or insertion
of nucleotide at the junction regions. Specifically, recombination occurs between variable (V)
and joining (J) segments for the a and y chains, whereas for the 3 and 6 chains, the
recombination occurs between V, J and D segments (11). Each chain has three
complementarity-determining regions (CDRs) in the variable domain which is known to be
the structure for recognition specificity. In contrast to CDR1 and CDR2 that are encoded by
germline sequences, CDR3 is the most highly variable region as a result of the random
nucleotide deletion and insertion in the V(D)J junctions during the TCR generation process

(Figure 2). CDR3 is the main region for recognizing the antigenic peptides (12).
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Figure 2. Generation of TCR. For the generation of TCRa. chain, DNA is rearranged through
recombination of the germline V,, J, gene segments and some random deletion and/or insertion
of nucleotide denoted by N at the junction region, which is then transcribed and spliced with C,
gene segment. Similarly, TCRP chain is generated through recombination of the germline VDJ
gene segments, with random deletion and/or insertion of nucleotide at the two junction regions.
The two Cg gene and their associated Dg, Jg segments allow a further remedial attempt if
rearrangement at one B chain locus is non-productive. For both TCR chains, CDRI1 and CDR2
are encoded by germline sequences in the V region. CDR3 region straddle the VJ junction for a
chain and VDJ junction for B chain. The figure is modified from Figure 5.3, The Immune system,
3rd edition (Garland Science 2009).

All the highly variable TCRs in a human body constitute a highly diverse TCR repertoire, the
diversity of which is the key to maximizing potential coverage of the protective

immunity. Theoretically, the VDJ recombination of TCR genes can result in a total number of
TCR clonotypes that ranges from 101° to 102°. However, due to the presumably non-random
recombination process, the diversity of TCR repertoire in a human being was estimated to be
at around 103 clonotypes (13). By contrast, the total number of T cells in a human body is
believed to be much smaller, i.e. at the order of 1012 (14)(15). The highly diverse TCR
repertoire of an individual is both modulated by the MHC polymorphism during the thymic
selection processes, and skewed towards some specificities resulting from past antigen
exposure as a result of the T cell clonal expansion after antigenic stimulation. The clonal
expansion in turn result in a large number of clones that share identical TCRs, some of which

would transit into memory T cells persisting for decades after antigen clearance (16).
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In recent years, advances in high-throughput immunosequencing allow millions of immune
cell receptor sequences to be generated in parallel, thus largely improve the understanding of
adaptive immune repertoires. Diagnostic of immunological diseases has become one of the

potential clinical applications of this technology.

1.6 Celiac disease

Celiac disease (CD) is a chronic autoimmune disorder resulting from mis-appropriate immune
response toward ingested gluten proteins found in wheat, barley and rye. In addition, oats are
also reported to be unsafe for a small fraction of CD patients (17). Typical symptoms of CD
include chronic diarrhea, abdominal distention and malabsorption (18). In the small bowel,
the lesion caused by the abnormal inflammatory reaction is usually characterized by blunting
of villi and lymphocyte infiltration (19). The most accurate diagnosis is the histopathological
changes observed in small intestine biopsies. Serology-based diagnosis is also used in
children as the combination of total IgA and IgA class antibodies against transglutaminase 2

(TG2) was shown to be more accurate than other test combinations (20).

The vast majority of CD patients have HLA-DQ protein either encoded by HLA-DQ?2 allele
or HLA-DQS allele, specifically HLA-DQ2.5 (HLA-DQA1*05/HLA-DQB1*02, expressed
by 90% of CD patients). Patients with HLA-DQ8 (HLA-DQA1*03/HLA- DQB1*03:02) and
HLA-DQ2.2 (HLA-DQA1*02:01/HLA-DQB1*02) (21) (22) (23) account for the remaining
CD population. The strong HLA-DQ?2.5 allele association with CD was explained by higher
expression of HLA-DQA1*05/HLA-DQB1*02 genes than non-predisposing alleles (24). The
other functional explanation is that these HLA class II molecules bind to gliadin peptides

more tightly than other HLA class II molecules, thus increasing the risk of activating T cells

(25).

A large number of gluten peptides have been identified as gluten T cell epitopes in CD. These
epitopes are restricted by different HLA-DQ molecules, especially for HLA-DQ2.5
(26)(27)(28)(29). Among the large number of identified gluten T cell epitopes, a few of them
were commonly recognized by a substantial proportion of gluten-specific T cells in CD
patients with HLA-DQ2.5 (30). Moreover, different efficiency of these gluten epitopes to
induce the T cell responses was reported to be influenced by factors such as resistance to

proteolytic degradation, substrate affinity to TG2 and specificity to HLA molecules (31)(32).
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TG2 deamidates the gluten peptides and the introduction of negatively charged glutamic
residues enables the gluten peptides to bind better to HLA-DQ2 and HLA-DQ8 molecules.
Thus, deamidated gluten T cell epitope peptides can stimulate immune system more
efficiently (33). TG2 can also catalyze the formation of gliadin-TG2 complex by crosslinking
of gliadin to itself, thus creates antigenic epitopes that can be recognized by TG2-specific B
cells (34)(35). In such a way, it boosts the production of anti-TG2 Abs with the help of
gluten-specific T cells (36). The above hapten-carrier model explains the observation that the
presence of circulating anti-TG2 Abs coincides with gluten ingestion and clinical presentation
of CD, and suggesting that the cooperation between T cells and B cells is crucial in the
pathogenesis of CD (19). Taken together, the gluten peptides presented by the disease
predisposing HLA-DQ proteins on the surface of APC to naive CD4 T cells provide signal for
T cell activation and proliferation. CD associated B cells are primed upon binding either
deamidated gluten peptides or gliadin-TG2 complex, so that they are able to differentiate to
plasma cells producing anti-gluten or anti-TG2 antibodies with the help of the activated
gluten-specific CD4 T cells. Moreover, such an amplified loop selects T cells specific for

peptides that are good substrates for TG2 (37).

1.7 Gluten-specific T cells in CD

Although several studies (38)(39)(33)(40) have suggested that gluten peptide p31-43/49 may
directly activate the innate immune system, CD4+ T cells that recognize gluten peptides
bound to predisposing HLA-DQ protein are known as a key player in the pathogenesis of CD
(41)(42)(43)(44). Importantly, the gluten-specific CD4+ T cells were only found in the small
intestine of celiac disease patients, but not in healthy controls (43)(45). It has been suggested
that the mucosal changes in untreated CD patients or treated patients after gluten challenge
are initiated by activated gluten specific T cells that produce various cytokines (46). For
instance, IFN-y level was reported to be markedly increased in duodenal mucosa of CD
patients after gluten exposure both in vivo and in vitro (47), As a marker of Thl cell, IFN-y
alone or in combination with tumor necrosis factor (TNF-a) are cytotoxic to epithelial cells
(47)(48), The other cytokines reported to be produced by CD4+ gluten-specific T cells upon
activation include IL-2, IL-4, IL-6, IL-8, IL-10, IL-5, IL-21, and transforming growth factor
(TGF)-B (47)(49)(50). In a recent mass cytometry analysis of CD4 T cells in the blood and
intestines of CD patients, the gluten-specific cells display a distinct profile of surface proteins,

including upregulated T cell activation makers such as CD38, CD161, CD28, HLA-DR,
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0X40 and downregulated exhaustion marker killer cell lectin-like receptor subfamily G
member 1 (KLRG1), the expression of the which was consistent with the result of bulk RNA

sequencing (45).

Studies focusing on TCR repertoire of the CD patients discovered biased TCR V-gene usage,
and in some instances preferred TCRa and TCR pairing, for gluten specific CD4 T cells
towards each of immunodominant gluten epitopes, namely DQ8-glia-a1(51)(52), DQ2.5-glia-
ala, DQ2.5-glia-01(53), DQ2.5-glia-a2 (54)(55) and DQ2.5-glia-»2(55). Particularly, T cell
clonotypes with identical amino acid sequences were observed in multiple CD patients. These

TCR shared across individuals are known as public TCR sequences.

1.8 HLA-DQ tetramer

Isolation of antigen-specific T cell was historically challenging due to the low affinity
between TCRs and their pMHC counterparts. In 1996, the advance of MHC multimers,
typically tetramers, facilitated the identification and isolation of antigen-specific T cells by
using a complex of multiple MHC molecules covalently linked with antigenic peptides
(56)(57). Among multiple HLA-DQ2.5-restricted gluten T-cell epitopes, a few epitopes were
prevalently observed in CD patients, i.e. DQ2.5-glia-ala, DQ2.5-glia-o1, DQ2.5-glia-02 and
DQ2.5-glia-®2 (43)(58). In recent years, HLA-DQ2.5-gluten tetramers carrying these four
immunodominant gluten epitopes have been used to stain and visualize gluten-specific T cells

directly from blood or small intestinal tissue from CD patients (59)(60).

1.9 DNA sequencing technologies

Advances in sequencing technologies have caused a revolution in many fields. The first
Sanger sequencing method began in 1977 (61). A key technique was the use of fluorescence-
labeled dideoxynucleotides (ddNTPs), which serve to randomly terminate the replicating
chains. Many randomly terminated chains from the same DNA template then migrates on a
polyacrylamide gel tray under electrostatic forces with a speed inversely proportional to their
length. The sequence of the DNA template is recorded by capturing the color of fluorescence
on ddNTP at the end of the gel tray. Roche’s 454 Sequencer further simplified the preparation
process and was introduced in 2005. It vastly improved the throughput by analyzing a large
number of samples in parallel. Therefore, it is known as the second generation of sequencing

technology. Now we have come to the era of next-generation sequencing (NGS) or high-
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throughput sequencing. The cost of sequencing has decreased dramatically as more players
joined the market. [llumina sequencers, which also rely on the chain termination method,
distribute randomly fragmented chains of 200-300 base pair length to the surface of a flow
cell with large number of adaptors for further replication through bridge PCR. Each fragment
is replicated, forming a cluster of DNA chains. The sequences are then recorded by capturing
the fluorescent signals emitted from each cluster as each new base is added. The sequencer
became the most efficient at that time since each flow cell analyzes approximately 150
million clusters. In addition, there are several other sequencing technologies, such as long-
read technologies from PacBio, lon Torrent, SOLiD as well as Nanopore sequencing from
Oxford Nanopore Technologies with lower throughput but user defined read length up to
2,272,580 base pair (62).

1.10 Transcriptomics

RNA as an intermediate product between DNA and protein is a useful tool in understanding
the function of cells. Before RNA-seq, microarrays (63) was widely used in gene expression
studies. But since it requires species-specific or transcript-specific probes, it is incapable to
detect unknown changes, such as novel transcripts, gene fusions, and mutations. The range of
gene expression measurements with the array hybridization technology is relatively narrow
due to the limitation of background at the low end and signal saturation at the high end (64).
With the advances of NGS, transcriptome can be profiled without any prior knowledge of
novel changes. Moreover, it is free from cross-hybridization artifacts, and rare transcripts can

be captured by increasing the sequencing depth (65).

1.11 Single cell transcriptome sequencing

Traditional bulk sequencing measures the expression of RNAs from large population of cells,
therefore the heterogeneity between the cells is obscured. Single cell transcriptome
sequencing has enabled the generation of transcriptomic data on the level of individual

cells. The higher resolution of transcriptional data provides an unprecedented opportunity for
exploring the cellular identity, dynamics and function, especially for cells of rare type. Many
methods and protocols for sc-RNA sequencing have been developed in the last few years.
Typically, protocol for sc-RNA sequencing consists of cell capture, mRNA reverse
transcription, cDNA amplification, cDNA library preparation and sequencing. For single-cell

capture strategy, low throughput manual approaches, such as mouth pipetting or laser capture
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microdissection, are useful for sample containing rare targeted cells. By allowing cell
enrichment by fluorescent labels and increasing the efficiency for cell capture, fluorescence-
activated cell sorting has gained more popularity, and is widely applied in such as Smart-seq2
(66), CEL-seq/2 (67), MARS-seq (68), and STRT-seq (69). Fluidigm C1, a microfluidic
based method with comparable efficiency for cell capture, provides a more integrated system
enabling an automated process for cell capture and down-stream molecular biology steps. The
droplet-based methods, such as 10x Genomics Chromium (70) and drop-seq (71), are of
highest throughput but with a typically lower coverage, therefore are ideal for studies that
require a large number of cells, for example, study for identifying cell subpopulations of
complex tissues. Each protocol takes different strategies for mRNA reverse transcription and
cDNA amplification. For instance, Tang-seq (72)(73) adopts poly(A) tailing followed by
PCR; CEL-seq/2, MARS-seq use second-strand synthesis followed by in vitro transcription
(IVT), where the sequencing covers only the 3’-end of mRNA due to the premature
termination of reverse transcription; Likewise, 10x Genomics Chromium and drop-seq also
adopt a tag-based method that only capture either 5’-end or 3’-end of mRNA; Smart-seq2 is a
full-length protocol with higher sensitivity than the other methods evaluated in , including
CEL-seq2, Drop-seq, MARS-seq, SCRB-seq and Smart-seq.

A well-known challenge of the single cell RNA-seq technique is the larger technical
variations and dropout, i.e. a transcript cannot be not detected especially for those genes of
low expression. The technical variations could arise from various phases of library
preparation, such as reverse transcription and PCR amplification, as well as the process of
sequencing. To alleviate the problem, the use of unique molecule identifier (UMI) and spike-
ins, such as External RNA Control Consortium (ERCC) can be incorporated into certain
scRNA-seq protocols. UMIs consisting of a certain number of random nucleotides serve as
molecule tags that are added to cDNA segments during reverse transcription. The use of UMI
allows for correcting the PCR amplification bias by collapsing reads with identical UMI,
since they are considered to be PCR-amplified from the same mRNA molecule. ERCC is a
collection of external RNAs with known sequences and concentration that can be added to
each sample. Quite a few purposes of using ERCC have been published, including for quality
control, read counts normalization and identification of highly variable genes. However, some
usage is controversial considering that ERCCs often exhibit higher noise than endogenous

genes due to contingent pipetting errors or mixture quality.
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1.12 Index switching

Multiplexing is a common practice in single cell sequencing. By adding a unique index or
combination of indices to each sample, it allows materials from large number of samples to be
pooled and sequenced simultaneously in a single run. However, it has been reported that
certain reads could be assigned to a wrong sample as a result of index switching or index
hopping. Index switching is essentially a molecule recombination between endogenous
sequences and free-floating indices during the sequencing run. While the problem of index
switching is negligible on the older Illumina sequencing platforms such as MiSeq, NextSeq
and HiSeq 2500, on the Illumina HiSeq 3000, 4000, X sequencing platforms using the
patterned flow cell technique introduced in 2015, the level of index switching is reported to be
increased to up to 10% (74)(75). The issue could be corrected by removing reads with non-
existing combinations of indices if double indexing (76) was introduced with proper indexing
strategy, such that each sample has a unique row index and a unique column index. However,
it is not a practical solution for single cell studies considering the large number of cells

usually processed and the limited number of indices available.

1.13 Bioinformatics

1.13.1 Quality control

Quality control is important for all next generation sequencing data, as samples can fail in a
range of different ways. Quality control usually involves assessing the quality of data from
many different perspectives, such as quality of base calling, GC content, duplicated reads,
over-represented k-mers and presence of adaptors. Tools (77) and NGSQC (78) can be used
to scan the sequences. Phred scores indicating the quality for base calling can be summarized
by position in reads or tile of the sequencing lane, so that one could choose to trim low-
quality bases from reads, or exclude all reads with low-quality. Specific contaminant such as
adapter dimers might be visualized by displaying distribution of GC content in each read.
Likewise, sequences of adapter dimers or rRNA may be identified by the plotting the
proportion of each base position. In addition, summary of duplicated sequence usually
indicates enrichments bias, such as PCR over-amplification. MultiQC (79) combines all these
metrics of quality control from all individual samples and visualize them in an interactive
way, therefore it is a practical tool for experiments with large number of samples, typically as
in single cell studies. It often gives warning of the problematic batches or batch effects in the

very early phases of bioinformatic analysis.
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1.13.2 Genome alignment

Reads are typically aligned to either a genome or transcriptome in order to quantify the
number of reads mapped to each gene or transcript. Various aligners have been developed,
each with its own merits. Aligners including TopHat, STAR and Hisat2 have gained
enormous popularity due to the ability to detect novel genes or transcripts by awareness of the
gaps or splice junctions between exons. GSNAP (80), PALMapper (81), MapSplice (82) are
optimized to identify SNPs (83). BWA-MEM, bbmap, Stampy, and NextGenMap deal with
different issues when the reference genome is missing. Some K-mer based pseudo-alignment
tools, such as Salmon, Sailfish and Kallisto are much faster, so that they are more practical for
large datasets as in single cell studies and no extra step of transcript quantification is needed.
Otherwise, raw counts of the mapped reads should then be aggregated on gene level or

transcript level using, for instance, HTSeq-count (81) or featureCounts (85).

1.13.3 Single cell pre-processing quality filter

In single cell experiments, cells of poor-quality should be removed from the downstream
analysis to mitigate the technical variation. Small number of reads or small number of
detected genes usually indicate poor RNA capture efficiency, i.e. RNA molecules from the
cell might have failed to be converted to cDNA or amplified. In addition, a large proportion of
reads mapped to mitochondrial genes or spike-in molecules such as ERCC, could be a sign for
cellular apoptosis. In addition, depending on the aligner used, some metrics from the
alignment results can also be used to filter the low-quality cells, such as the mapping rate and

proportion of reads mapped to exons.

1.13.4 Normalization

During library preparation and sequencing, samples are subject to different conditions causing
bias in the measurement of gene expression. In contrast to data generated by bulk microarray
or RNA-seq experiments, single cell RNA-seq data has higher level of these bias, which could
be introduced by biological factor, such as endogenous mRNA content, as well as multiple
technical factors, such as capture and reverse transcription efficiency, amplification factor,
dilution factor, sequencing depth, etc. Most of the undesired factors are cell specific and some
can be both cell-specific and gene-specific. Normalization is a preprocessing step in the
analysis of transcriptome data that aims to correct the biases raised from those factors which

are not of direct interest for the study. Ideally, the bias from technical effects should to be
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corrected by normalization, while the biological signal of interests of the study should be

preserved.

Following some within-sample normalization methods, such as fragments per kilobase of
exon model per million mapped reads (FPKM), reads per kilobase of exon model per million
reads (RPKM) and transcripts per million (TPM), a widely used class of normalization
methods is based on estimating a scaling factor per library. Typical methods in this class are
trimmed mean of M values (TMM), Upper Quartile and Full Quartile. Another class of
methods is based on explicit regression on known confounding factors, such as batch and
ERCC. Moreover, recently proposed methods such as BASiCS, remove unwanted variation
(RUV) and surrogate variable analysis (SVA) are able to correct the unknown confounding

factors given that suitable parameters are provided.

1.13.5 Data integration

Although the effect of technical factors can be alleviated with proper normalization, several
methods for data integration were shown to outperform the traditional tools developed for
microarray data, such as limma (86) and ComBat (87) in batch-effect correction (88). Aside
from integrating single-cell data sets produced across different batches, individuals, protocols,
more importantly, these methods allow harmonizing single cell data sets that measure distinct
modalities, thus providing a better understanding. For example, integrating single-cell
RNAseq data with single-cell ATAC sequencing improved the discovery of regulatory logic
in different subpopulation of cells (89). One of the most popular methods was introduced by
Butler.A et al. (90) in 2017, where canonical correlation analysis (CCA) was employed to
identify shared correlation structures across single-cell datasets. After embedding cells from
each data sets into the low-dimensional space that capturing the most correlated features, the
CCA subspaces were aligned. However, due to the fact that CCA captures the most correlated
features between the two data sets while ignore the others, the datasets were supposed to be
based on the same set of genes. In other words, cells in each data sets should be of similar
subpopulation. It is also necessary to remove non-expressed genes, as the CCA is sensitive to
collinearity in the expression data. Haghverdi et al. (91) built connections between data sets
by identifying Mutual Nearest Neighbors (MNN). These identified anchors were then used to
calculate batch-correction vectors, which were subtracted from one dataset to integrate it into
another. This MNN-based method improved the applicability as it only requires at least one

cell population in both data sets, although a single small population might not suffice for
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accurate estimation of local batch effects. However, another assumption that the batch-effect
variation is much smaller than the biological-effect variation does not always hold in practice.
In 2019, a strategy published in the third version of Seurat package (89) overcame the
limitations of the two aforementioned methods. Cosine distances were used for measuring cell
similarities as they were robust to differences in sequencing depth and capture efficiency
between batches. Searching for MNNSs in a shared low-dimensional space produced by CCA
match cell successfully even in the presence of significant batch-effect, as CCA can

effectively identify shared biological features and conserved gene correlation patterns.

1.13.6 Dimensionality reduction

Dimensionality reduction is useful in the analysis of large multidimensional datasets. Aside
from the convenience for visualization, it also helps to reduce the noise and the cost of
computing power. Principal component analysis (PCA), t-Distributed Stochastic Neighbor
Embedding (tSNE) and Uniform Manifold Approximation and Projection (UMAP) are the
most commonly used techniques for dimension reduction. Principal components in PCA is a
linear recombination of uncorrelated variables, generated by the rule that each succeeding
component has the highest variance possible under the constraint that it is orthogonal to the
preceding ones. Therefore, PCA plot using only a few top components can usually capture the
global structure by preserving the highly variable information. tSNE employs random walks
and the nearest-neighbor network to map the high dimensional data to 2-dimensional space.
Therefore, it is good at preserving local distances between cells, i.e. similar data points would
be attracted in a cluster while the dissimilar ones would be repelled, in such a way that the
distance between dissimilar cells or clusters are less meaningful. As with tSNE, UMAP is also
a neighbor graph-based technique with improved algorithm that preserve both the local and
global structure well. It can be applied on top n components of the PCA, and is much faster

than tSNE.

1.13.7 Pathway enrichment analysis

The analysis of genome-scale data usually results in long list of interesting genes for certain
phenotype, each associated with molecular function in a certain biological process, or
expressed in certain cellular compartment. A typical challenge of these studies is to get
systematic insight into the genes. Pathway enrichment analysis or gene set enrichment
analysis is a computational method to identify the pathways that are enriched in the genes of

interest more than could be expected by chance, thus providing a better understanding of the
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biological functions of the genes and mechanisms of the disease studied. The most popular
tools include DAVID, GSEA, Ingenuity and Reactome. One of the most commonly used
databases Gene Ontology (GO) contains a large collection of standardized annotation of
genes. By comparing the frequency of individual annotation in the gene list of interest with
that in the background gene list, an enrichment score can be calculated for each pathway,
indicating the significance level of enrichment. Tools as Camera (92) and Setrank (93)
eliminate false positives in the significance test by incorporating some corrections based on
the fact that the gene sets or pathways overlapped more with others are more likely to get

significance due to the inter-gene correlation.

1.13.8 Immune adaptor sequencing from scRNAseq data

A large variety of immune cell receptor sequences can be generated by the recombination of
different V, D, and J gene segments as well as random deletion and/or insertion of nucleotide
at the junction regions. Due to the complexity, information about immune cell receptor
constructed by using traditional alignment tools is very limited. Tools such as TraCer (94),
TRAPeS (95), BraCer (96) and BASIC (97) were developed specifically to reconstruct the
full-length immune cell receptor sequences from full-length scRNA-seq data and to annotate
them in terms of V-, D-, J-gene usage, sequences of CDR3 region, thus facilitating the
inference of clonal relationship. Therefore, single cell transcriptome data can be analyzed

along with the reconstructed TCRs or inferred clonal type.

1.13.9 Methods for classification

Inference of a disease state is a typical classification problem, since the aim is to assign an
individual to a category, for example, healthy or different states of disease development.
Among many possible classification techniques, logistic regression, linear discriminant
analysis and K-nearest neighbors are most popular. With the unprecedented improvement in
computing power, some computing-intensive methods such as generalized additive models
and support vector machines are also widely used.

The logistic regression is typically used when the response is binary, for example, an
individual is diseased or healthy. In essence, in logistic regression and many other
classification techniques, an individual is classified as being diseased if the probability of
being healthy is calculated to be smaller than 0.5, and vice versa. As the log transform of odds

have a nice feature that forcing the probability between 0 and 1, by assuming a linear
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relationship between the log-odds (logit) of a probability and the predictor(s), the logistic

function can be easily fitted and used for prediction.

Receiver operating characteristic (ROC) curve can be used to assess and illustrate the
performance of a binary classifier. At various discrimination threshold settings, two operating
characteristics, namely the true positive rate (TPR) and the false positive rate (FPR), are
plotted in such a way that the detection probability of a classifier in the y-axis and the
cumulative distribution function of the false detection probability on the x-axis are
simultaneously conveyed in the ROC curve. ROC analysis is widely used to assess the
performance of classifier and get the optimal models regardless of the distribution of the

responses and predictors, especially in the case of diagnostic decision making.
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Aims

The main goal of my PhD project is to characterize the gluten-specific T cells on the single
cell transcriptome level. We used the HLA-DQ-gluten tetramers carrying the
immunodominant gluten epitopes to identify and sort the disease-specific CD4+ T cells
sampled from the lamina propria of duodenal biopsies and peripheral blood from untreated
patients with CD. A secondary goal is to explore the potential of direct TCR sequencing in

CD diagnostics.
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Summary of papers

Paper I

In this proof-of-principle study, we demonstrated that the state of celiac disease could be
inferred by unbiased direct TCR sequencing. Celiac disease affects around 1% of the
population and the disease-associated gluten-specific TCRs are well characterized
(51)(52)(53)(54)(55). By investigating the TCR repertoires of unsorted lamina propria T cells
from 15 individuals, and comparing with a large database of nearly 6000 gluten-specific
TCRa and TCRp amino acid sequences, we showed that the states of celiac disease could be
successfully inferred in the majority of the subjects. The result from this small study shows
promise for the ultimate goal of inferring celiac disease state based on TCR sequencing of

circulating T cells.

Paper II

We experienced a major set-back when it was reported that the most widely used sequencing
platforms, HiSeq3000/4000/X from Illumina, are prone to erroneous read assignment due to
adaptor switching of the identifying indices. Based on our single cell transcriptome data
sequenced on HiSeq3000 and HiSeq4000 platforms, we utilized the unique expression of
immune receptor of each T and B cell to quantify the impact of index switching on single cell
RNA-seq experiments. We confirmed that index switching affects all samples run in
multiplexed libraries on Illumina HiSeq3000 and HiSeq4000 platforms. By quantifying the
spread-of-signal from 47 unique markers in 51 wells due to index switching, we estimated the
median percentage of incorrectly detected markers to be 4.2% (interquartile range (IQR):
2.0%-8.7%). We did not detect any consistent pattern of some indices to be more prone for

switching than others, suggesting that index switching is a stochastic process.

Paper III

Gluten-specific CD4+ T cells are the key drivers for the pathogenesis of celiac disease. To
study the gluten-specific CD4+ T cells on the single cell transcriptome level, we conducted
single cell transcriptome sequencing on CD4+ T cells sampled from peripheral blood of four
untreated CD patients. Cells were sorted with a mix of HLA-DQ2.5:gluten tetramers
presenting each of the four immunodominant gluten epitopes, i.e. DQ2.5-glia-ala, DQ?2.5-

glia-o1, DQ2.5-glia-a2 and DQ2.5-glia-»2. We demonstrated that the transcriptome profiles
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of the gluten specific cells were consistently different from the non-specific cells, and largely
in accordant with Th1 and follicular helper T cells. Moreover, analysis on the reconstructed
full-length TCRs of the CD4+ T cells suggested that cells that shared clonal origins did not

show more similar transcriptional profiles compared with cells that were clonally unrelated.
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Methodological considerations

4.1 Sample selection

Paper I was a proof-of-concept study exploring the possibilities for inferring disease state
by matching sequences from the sampled TCR repertoire against a priori known disease-
associated TCR sequences. Although HLA-DQ2 and HLA-DQS present with identical
clinical pictures, only HLA-DQ2-retricted TCR sequences were considered in this study.
Therefore, only untreated HLA-DQ2 CD patients were included in the disease group, while
HLA-DQS celiac patients as well as healthy individuals were grouped as controls. The
diagnosis of CD was based on IgA-TG?2 titer and histological Marsh score. We sampled two
pieces of duodenal biopsies from each donor as it is advantageous to look at the T-cell

response in the affected tissue where the frequency of disease-relevant T cells is much higher

than in blood, i.e. 1-2% (98) compared to 1 per 100,000 (99)(60), respectively.

With the purpose of studying index switching, there was less restrictions on the sample
selection for paper II as long as they were single cell samples, and full-length transcriptome
was sequenced with sufficient depth, such that the reads with switched index could cover the

receptor region.

To study the gluten-specific CD4+ T cells on the single cell transcriptome level, we
conducted single cell transcriptome sequencing on CD4+ T cells sampled from peripheral
blood and gut of untreated CD patients in study [II. By assuming that some known house-
keeping genes are truly expressed in all cells, we modelled the detection failures as a logistic
function of mean log transformed expression of the house-keeping genes, in line with the
standard logistic model for drop-outs for quality control. The plot of the models (Figure 3)
together with FastQC report indicated that quality of cells from three batches was
significantly worse than the other one. All cells from gut were from the batches of poor
quality, such that only 141 out of 371 of them passed quality control. Therefore, we mainly
focused on the data of good quality and excluded the gut cells in the downstream analysis.
Blood cells from the three batches of lower quality was integrated as an independent support

cohort.
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Figure 3. False negative rate for house-keeping genes for cells in each of the four batches
(left). For each cell colored by batch, detection failures of over 400 house-keeping genes were
modelled as a logistic function of the mean log transformed expression. The house-keeping genes
were extracted from scone (100). The corresponding area under the curve for each cell were
visualised in the bar plot on the right panel sorted by batch and size. The height of each bar
indicates the probability of drop-out in the corresponding single cell.

4.2 TCR repertoire sequencing

For study I, both bulk sequencing and single cell sequencing can be used to profile the TCR
repertoire. In order to cover the gut TCR repertoire, we used bulk sequencing, as opposed to
single-cell TCR sequencing which will be prohibitive for the same sequencing coverage. With
single cell sequencing technique however, the paired TCRa and TCRf information would be
an advantage in terms of identifying the TCR of gluten-specific cells and therefore improve

the performance.

4.3 Disease state inference

In study I, we inferred the disease state of 15 donors by matching sequences from TCR
repertoire against a priori known disease-associated TCR sequences. Although we chose to
use logistic regression, a range of other methods were valid and applicable for the
classification problem, such as linear discriminant analysis, K-nearest neighbors and support
vector machine. ROC was an intuitive solution, as a single predictor was used. Without cross-
validation, the performance tends to be over-estimated in terms of inferring the disease state
of independent individuals. Together with the fact that the prediction could be less robust with
the very limited sample size, we reported the result of ROC as a supplement for logistic

regression.
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4.4 Association between the frequency of an TCR in repertoire and its
popularity rate

Concerning the association between how often an TCR clonotype was observed in our TCR
repertoire data and the number of patients in the reference dataset who expressed this
clonotype, correlation is typically used as a measurement. The different types of correlations
are Pearson correlation (101), Kendall rank correlation (102), Spearman correlation (103), and
the Point-Biserial correlation (104). Pearson correlation is typically used for measuring the
association between two linearly related variables. Assumptions of two variables measured by
Spearman correlation include linearity, homoscedasticity and normality, which is obviously
violated in our data of frequency. Both Kendall's rank correlation and Spearman correlation
are non-parametric tests for measuring the degree of association between two variables, as
they do not rely on any assumptions on the distribution of the two variables. Both can be used
for ordinal data as in our study. Considering the relatively higher frequency of ties in the

frequency data, we chose to use Kendall's rank correlation over Spearmen.

4.5 Protocol for single cell RNA sequencing

Based on previous studies, gluten-specific cell is rarely detected in blood of CD patients. In
the CD4 compartment, only 1 to 100 per million CD4 cells in blood would be expected to be
specific to a given pMHC (99)(60). In order to capture sufficient gluten-specific cells for
study III, cell enrichment is required. Therefore, we chose to use bead enrichment of HLA-
DQ:gluten-tetramer stained T cells prior to flow cytometry assisted cell sorting. Moreover, it
is preferable for study II and III to quantify the expression of more genes with high accuracy.
From the perspective of quantification, there are two categories of scRNA-seq methods.
Methods such as Quartz-Seq, Smart-seq2 (66), SUPeR-seq and MATQ-seq are based on full-
length, with the aim to achieve a uniform read coverage of each transcript. The other type of
methods such as Drop-seq (71) , SEL-seq2 (67), InDrop-seq (105), MARS-seq (68), Seq-Well
(106) and STRT-seq (69) only capture either the 5’- or 3’-end of each transcript. The full-
length protocols provide the possibility to perform analysis on clonotype of the single cells in
combination with the full-length transcriptomic profiles. Moreover, they were reported to
have better sensitivity for detecting low-expressed genes (107). Considering all these issues as
well as the cost, Smart-seq2 was used for single cell library preparation, as it is a full-length

based protocol with high sensitivity (107)(108).
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4.6 Quantification of genes

Traditional challenges for gene expression estimation include the requirement of substantial
computational resources, the ambiguity in read mapping caused by alternative splicing, and
non-uniform sampling of reads. For quantification of the transcript expression we chose to use
Salmon (109), which is a k-mer based pseudo-aligner. It achieves a high speed in the same
order of magnitude as some other aligners i.e. kallisto (110) and sailfish (111), by applying a
lightweight alignment, which aims to get the original transcript of a read instead of the exact
alignment. In the meanwhile, by using two phases of statistical inference and models
accounting for sample-specific bias, better accuracy is achieved by accounting for alternative-
splicing, sequence-specific bias, GC-content bias and positional bias. After testing some
values of the parameter k on a few samples, we found that the default k-mer length of 31
worked well. Another benefit of Salmon is that we do not have to trim the reads before gene
quantification, even though the base quality normally tends to drop at the end of the reads.
The reasoning is that the pseudo alignment or lightweight alignment process of Salmon is
based on super maximal exact matches (MEMs). In such a way that any nucleotide mismatch
outside the region of the MEMs would not stop the read from being mapped as a whole, but
only result in a proportional reduction of the estimated probability of the read originating

from a transcript.

4.7 Cell selection for quality control

In single cell RNA-seq experiment, it is commonly observed that a portion of cells are of bad
quality due to various reasons. For example, some cells could be apoptotic; RNAs in some
samples are not efficiently converted into cDNA or amplified; and that some samples contain
no cell or multiple cells. Those low-quality cells need to be excluded before analysis so that
they would not distort the interpretation of the result. In paper III, we applied criteria from 5
metrics for excluding the low-quality cells based on their distribution. The 5 thresholds were
chosen by assuming that most of the cells are of good quality. Specifically, cells with lower
mapping rate than 30% were excluded, since a low mapping rate may indicate RNA
degradation or empty wells. The library size, defined as the total number of counts over all
genes in a single cell sample were also applied as a filter by removing samples with sizes
smaller than 200,000. A low library size indicates a low RNA capture efficiency for the

sample. Library size is in large correlated with the number of detected genes (including the
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exogenous spike-ins). For the purpose of removing samples that potentially contained more
than one cell, we also imposed a filter with upper boundary of the number of detected genes,
in such a way that cells with number of detected genes ranged from 1,800 to 15,000 were
retained. Another metrics for measuring sample quality is the proportion of read counts
mapped to mitochondrial genes. High proportion of mitochondrial genes is usually indicative
of low-quality, owing to the fact that the cytoplasmic RNAs tend to be lost while the
mitochondrial RNAs were left in a broken or apoptotic cell (112)(113). Based on the overall
distribution, samples with a proportion of read counts mapped to mitochondrial genes larger
than 15% were excluded. Similarly, we also excluded samples with larger than 40% reads
mapped to ERCC spike-ins. The amount of ERCCs added to each single cell sample were
constant, therefore loss of endogenous transcripts would cause an increasing proportion of

reads mapped to ERCCs.

We added ERCC spike-ins in two of the batches from the study, i.e. samples generated from
patients CD1507 and CD1517, but stopped using it for the other batches based on the
following three considerations. First, although it is useful for quality control on cells, when
we applied the quality control scheme with the aforementioned five metrics, only 5 more cells
were identified as low-quality compared to the scenario without considering ERCC where 256
low-quality cells were identified out of 576 cells in total; Second, the read counts from ERCC
spike-in RNAs are noisier, as their variations were higher than majority of endogenous genes.
This suspicious fact impacts the reliability of using analytical methods where ERCC spike-ins
is used for normalization or selecting highly variable genes. Moreover, a considerable number

of total reads, specifically around 7.4%, were generated from ERCC spike-ins.

4.8 Cell clustering and visualization

We chose to use Seurat 3.0.2, a widely used R package for single cell data analysis. It
provides implementations of analytical methods for a variety of purposes, including
identification of highly variable genes, data visualization, unsupervised clustering, and

identification of differentially expressed genes.
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Results and discussion

5.1 T Cell Receptor Repertoire as a Potential Diagnostic Marker for CD
(Paper 1)

Guided by the hypothesis that an individual’s T cell receptor repertoire is skewed towards
some specificities as a result of past antigen exposure, a few previous studies have shown that
TCR clonotyping can be used as a diagnostic tool for infectious disease such as CMV
serostatus (114). By profiling TCR repertoire of 15 donors, we explored the possibilities for
inferring the state of CD, for which the T-cell response is less pronounced compared to the

strong CMV response.

As a reference of CD associated TCRs, an external database comprised of 2,929 TCRa- and
2,662 TCRp-clonotypes obtained from 6,808 single-cell TCR sequencing of HLA-DQ2.5-
gluten-tetramer-sorted cells from 59 CD patients was utilized. From this large reference
database, we generated a subset of public clonotypes (observed in at least two CD patients)
that possibly represent a more CD-specific reference database. By matching TCRa- and
TCRp-clonotypes from TCR repertoires of the 15 donors against the above two references, 39
TCRp clonotypes out of the 226 public TCRp references were observed in our data. The
number of matches increased only by 1.4-fold when we used the reference database
comprised of all gluten-specific TCRp, which was 14 times larger than public TCRJ (Paper I,
Figurel). It confirmed our assumption that the public clonotypes were more specifically

associated with CD.

In order to explore the effect of sequencing depth on the predictive accuracy in our gut
repertoire data, we employed a bootstrap procedure. Each time, one individual was randomly
set aside for testing and a logistic regression model was trained on 14 cases which were
randomly sampled with replacement from the 14 remaining cases. After repeating this process
for 1000 times, we calculated the average predictive accuracy for each individual that reflects
the probability of being correctly inferred. By visualizing the repertoire size versus the
predictive accuracy (Figure 4), the predictive accuracy was satisfactory for the individuals
with a repertoire size over 2000. However, much more cautions are needed to generalized the

observation due to the limited number of individuals.
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Figure 4. Effect of sequencing depth on the predictive accuracy. Repertoire size is represented
as number of unique TCR-beta chains detected from each individual. The accuracy on y axis is
the frequency that the individual has been correctly inferred when it is selected as the testing

case in bootstrapping.

There is noticeable difference between the total number of detected TCRa and TCRf
clonotypes in our data, which could be a reason for the fact that the proportion of matches in
the reference database of TCR clonotypes was higher than those in the TCRa compartment.
In most published studies where both TCRa and TCRJ have been sequenced, there is more
TCRP data, either as more numerous clonotypes in bulk data or as more read counts and
higher sequencing rate in single-cell data, compared to TCRa (115)(116)(117)(118). Most
likely it reflects a biological inequality in the transcription rate, where there, for reasons not
known, is more TCR transcripts than TCRa transcripts per cell. Consequently, the result of
the inference (Paper I, Figure 2) suggested that matching TCRp alone was sufficient for
predicting celiac disease state, while the inference by TCRa clonotypes performed rather

poorly both when used on its own and in combination with TCRp. There are two hypotheses
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for the cause, which can be tested in further studies: the TCRa chains are structurally less
relevant for gluten-peptide recognition, or an TCRa clonotypes is disease-specific only if it is
paired with certain TCR chains. The later hypothesis can be tested by single-cell TCR

sequencing where the paired TCRa and TCR information is available.

Considering previously reported systematic differences in the human TCR repertoire with
ageing (119), we have checked the association between age and our predictor variable. Based
on the result, we do not believe that confounding by age played a role in our predictions.
However, we cannot completely rule out the possibility, as our sample size was limited.

Potential confounders should be examined in larger cohorts.

Since it is confirmed that the public clonotypes are more specifically associated with CD, we
believe that the database of disease-associated TCRs can be improved by further step of
validation. The current reference database for gluten-specific TCR clonotypes was sampled
and generated from CD patients, and the public gluten-specific TCR clonotypes were treated
equally regardless of the number of patients across which the given TCR was observed. The
specificity of those gluten-specific TCR clonotypes in the reference could be further improved
by involving more TCR repertoires from healthy controls for training and purifying. We
believe the current reference database has covered the majority of the gluten-specific TCR
clonotypes in HLA-DQ2.5+ CD patients, as the percentage of matching (0.22%-1.1%) was
comparable to a recently published study (45) where the cells binding to the same tetramers
comprised 0.3—1.5% of the total small intestinal CD4+ T cells. As public TCR sequences are
continually accumulating by the inclusion of more patients, we believe the database of public
gluten-specific TCRs would approach to saturation, where we would have a complete
collection of public gluten-specific CD4+ TCR sequences when barely any new clonotypes

were gained by including more patients.

5.2 Quantify Index Switching (Paper Il)

The advance of next-generation sequencing technology comes with a risk of index switching,
which is essentially molecular recombination occurring in [llumina Hiseq platform, resulting
in certain amount of sequencing reads being assigned to an incorrect sample. We
demonstrated that the immune cell receptor information can be utilized to detect and quantify
index switching in single cell experiment. The estimated percentage of incorrectly detected

markers ranges from 2.0% to 8.7%. It was in the same range as reported in (75), but higher
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than it was reported in (74) (120), where the rate of index switching was up to 2% and 0.47%
respectively. We speculate that those differences might be caused by the chosen method for
measurement, the level of free-floating adaptors in library preparation and the variation of

sequencer. We did not observe any significant difference in index switching level between

[llumina HiSeq3000 and HiSeq4000.

We also confirmed that index switching is a stochastic process in which the occurrence is not
biased towards any indices, which could be a fundamental basis for developing computational
methods for correcting the effect of index switching. Although there is a published tool (121)
for computationally correcting the index switching effect, it is more practical to either
eliminate the possibility through experimental design, i.e. use a sequencing platform less
susceptible to index switching, or apply an indexing strategy enabling reads with switched
indices to be removed downstream, e.g. by using dual indexing with unique indices at both

ends.

5.3 Single cell transcriptomic analysis of gluten-specific T cells (Paper

1)
Being aware of the issue of index switching on Illumina HiSeq3000 and HiSeq4000

platforms, we turned to Illumina Nextseq platform and conducted single cell transcriptomic
sequencing on circulating gluten-specific CD4+ T cells identified by HLA-DQ:gluten
tetramer staining and used tetramer-negative CD4+ T cells as controls. The majority (81%) of
the sorted tetramer+ cells had an intestinal origin (positive for $7-integrin) and were activated
(positive for CD38), while most (75%) of the tetramer- cells were negative for both markers.
Considering the tetramers carrying the four immunodominant epitopes only capture less than
a half of all gluten-specific T cells, gluten-specific T cells of other specificities may also be
expected in a small population of the controls. In order to avoid high proportion of the gluten-
specific T cells of other specificities in the control cells, we purposely did not match 37-
integrin and CD38 expression in cell selection. Circulating gluten-specific CD4+ T cells that
are only found in CD patients, showed a distinctive phenotype in a mass cytometry analysis
with 43 antibody markers (45). Single cell transcriptomic analysis is not limited by the
number of markers, thus providing a complete view of the gluten-specific CD4+ T cells.
Based on the observations in the quality control process, including the number of cells passed
and the model of detection failures as a logistic function of mean log transformed expression

of the house keeping genes, we focused on the data of best quality, where 342 blood CD4+ T
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cells from one patient passed quality control. By applying a graph-based clustering on the
transcriptomic data of the 342 cells, we observed a cluster of the tetramer-binding gluten-
specific T cells with distinct gene expression profile, together with some discordant cells
mostly found in the adjacent area consisting of tetramer-negative T cells (Paper III, Figure
1A). It confirmed our hypothesis that gluten-specific CD4+ T cells harbor distinct phenotype

not only on the protein level, but also on the transcriptome level.

We performed differentially expression analysis on the tetramer+ T cells and tetramer- T cells
and compared the results obtained from single-cell RNA-seq study and bulk RNA-seq study.
On one hand, the cells in our single-cell study can be well classified into either tetramer-
positive or tetramer-negative group by using differentially expressed genes from a bulk study
as markers (Paper III, Figure 1C). The consistency assured us that both experiments were
well performed. On the other hand, we observed some cases where of two genes with similar
biological function, one was only identified as differentially expressed in bulk study, while
the other was only identified in single-cell study. We therefore believe that both bulk and
single-cell RNA-seq are important to capture complete gene expression patterns.

Based on the result of differentially expression analysis, we then set out to probe into
molecular function and biological process associated with the differentially expressed genes.
The significantly enriched pathways in GSEA mainly include the following categories: 1)
response mediated processes, such as antigen receptor-mediated signaling, TCR signaling and
activating signal transduction; 2) those associated with co-stimulatory signal during T cell
activation, such as CTLA4, CD28 family; all of the above showed an increased T-cell
activation in tetramer+ T cells. 3) increased signal of cytokines, such as interleukin-1 family,
a group of cytokines regulating immune and inflammatory responses. On the other hand, the
widely down-regulated ribosomal genes indicate reduced overall translation and protein

synthesis activities in tetramer+ T cells.

In contrast to a variety of activation makers that were upregulated, we observed down-
regulation of the early activation marker CD69 in the tetramer+ cells. The down-regulation of
CD69 is known to be required for cell egress from intestinal tissue (122)(123). It is in
accordance with the mass cytometry data in (45), where the expression of CD69 was
markedly lower in blood than in gut. Together with the report (124) that CD69 in T cell is up-
regulated half an hour after stimulation, then rapidly down-regulated, and the up-regulated

gut-homing markers such as CCR9 and 04 integrin in the tetramer+ cells, indicates that the
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tetramer+ cells in blood have recently egressed from the intestinal tissue.

Our result (Paper 111, Figure 3A) was in accordance with the previous observation in
(60)(59)(125) that tetramer+ T cells are activated effector memory T cells. One previous in
vitro study (126) showed that most gluten-specific cells had a phenotype of regulatory T cell.
However, the ex vivo analysis (45) suggested that the gluten-specific T cells do not express a
classical regulatory T cell phenotype due to the lack of markers CD25 and GARP. By
applying VISION pipeline with gene signatures from (127), we observed that the tetramer+ T
cells in our study showing features of either Th1 or Tth cells (Paper 111, Figure 3C). We also
found a few cells with transcriptional burst of IFN-y and IL-21, key cytokines secreted by T
cells and important for inflammatory responses in the celiac lesion and differentiation of
plasma cells. As suggested by a recent study (128), plasma cells might be the most abundant
cells presenting gluten peptides to T cells in inflamed intestinal tissues from CD patients.
Finally, we combined the clonotype inferred from the reconstructed TCRs and the
transcriptional profile of the cells. As expected, the vast majority of the cells with clonal
expansion were tetramer positive cells (Paper II1, Figure 4A). Similar to the findings in (94),
cells that shared the same clonal origin were not more transcriptionally similar than any other
randomly selected pairs of tetramer-positive cells. The result indicate that the clonal origin

has limited impact on the phenotype of the cells, if any.
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Conclusion and future perspectives

The current diagnostic strategy of CD in adults is based on screening by serum test, followed
by confirmation with biopsy. Based on knowledge established by many studies on
characterization of gluten-specific T cells, e.g. gluten-specific T cells are only found in CD
patients but not in healthy controls (43)(45); certain identical T cell clonotypes are observed
in multiple CD patients (129), we hypothesized that TCR-based methods could also be used
as a potential diagnostic tool and performed the proof-of-principle study in Paper I. Although
we successfully inferred CD state of majority of the donors in the study with limited cohort
size, there are some apparent obstacles for using TCR sequencing based test as a diagnostic
tool in practice. The major concern is the difficulty for identifying sufficient number of
circulating gluten-specific T cells at a reasonable cost, given that the frequency of these cells
is much lower in blood than that in gut. Machine learning methods such as Support Vector
Machine, Random Forest, Gradient Boosting Machine and Conversional Neural Network
have been showing great potential in identifying disease-specific immune receptor sequence
(130) and distinguishing immune repertoire in different disease status (131), such as multiple
sclerosis (132); tumor or normal tissues from patients with gastric cancer (130), colorectal and
breast cancer (133). These machine learning methods were very likely applied on large scale
of immune receptor repertoire data from CD patients. In that event, the machine learning
process should be able to generate signatures for discriminating the repertoires, which may
not necessary be limited to gluten-specific T cells. Importantly, aside of sequential data, it is
easy to incorporate other information such as CDR-length and physicochemical properties of
amino acid sequences, thereby improving the predictive accuracy. In addition, clinical
application of TCR-based methods would require further research focusing on how they can
be combined with the existing serological tests of CD, e.g. serum IgA and TG2-IgA, DGP-
IgG tests, to achieve sufficient specificity and sensitivity so that invasive biopsy-based tests

will no longer be needed.

Many studies over the past decades pointed to gluten-specific CD4 T cell as a key player in
the pathology of CD. In the single cell transcriptome analysis, we demonstrated that the
gluten-specific CD4+ T cells displaying signatures consistent with activated effector memory
T cells were more heterogenous in contrast to the naive CD4 T cells. For instance, despite the
pervasive upregulated signals for TCR signaling observed in gluten-specific T cells,

(co)activation marker such as CD28 was expressed among some of them, while the rest of
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them expressed CTLA-4, a molecule dampening the immune response by competing with
CD28. Further experiment, e.g. time-series study could explore if there is any regulon causing
the differences or they were just in different phase of immune response. In addition, the
global transcriptional profiles of the tetramer-positive cells showed that these cell harbor
features of either Thl or Tth cells, of which Tth cells have ability to support B cell antibody
production (134)(135). It has been shown that Tth cells increases in the blood of patients with
autoimmune diseases, including systemic lupus erythematosus (136) and rheumatoid arthritis
(137). It is a challenge but of major interest to understand how the interaction between T

helper cells and variety of immune cells were regulated in different conditions.

We observed that differentially expressed genes between the gluten-specific CD4 T cells and
the non-specific ones associated with several biological processes, such as TCR signaling,
activating signal transduction, as well as some metabolic processes including fatty acid
metabolism and redox potentials. In order to provide a rational basis for therapeutic
intervention, further reconstruction of gene regulatory network is required. A more robust
regulatory network can be expected if the network can be inferred by combined use of
supportive information collected from multiple levels, i.e. gene co-expression, sequences of

motif and documented function.

One of the major hindrances to identifying potential marker for therapeutic perturbation is
variation in the expression of markers under certain condition, which might be caused by
many factors including body compartments, function time, individual, experimental
workflows in different labs as well as random dropout events. A single experiment is unlikely
to handle all these factors, therefore is not robust enough for the purpose. In future,
continually refined methods for data integration would allow collecting variety of data
modalities produced from different experimental workflows and data produced by different
labs. The joint analysis of them would be promising for overcoming the limitation and getting
more reliable markers. Moreover, it would be valuable to compare molecular signatures of
immune cells from different diseases and tissues. Take CD for example, the unique profile of
gluten-specific CD4 T cells identified by CyTOF experiments was shown to be also found in
multiple other autoimmune diseases, suggesting that therapies targeting CD associated T cells
could also be useful in other autoimmune diseases, especially for that which disease-driving

antigen have not been identified (138).
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Abbreviations

CD celiac disease

TCR T cell receptor

TCRa T cell receptor a chain

TCRP T cell receptor 3 chain

MHC major histocompatibility complex
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HLA  human leukocyte antigen

UMI  unique molecular identifier

CMV cytomegalovirus

ROC Receiver Operating Characteristics
AUC  area under the ROC curve

Abstract

An individual’s T cell repertoire is skewed towards some specificities as a result of past
antigen exposure. Identifying T cell receptor signatures associated with a disease is
challenging due to the overall complexity of antigens. In celiac disease, the antigen epitopes
are well characterised and the specific T-cell repertoire associated with the disease has been
explored in depth. By investigating T cell repertoires of unsorted lamina propria T cells from
15 individuals, we provide the first proof-of-concept study showing that it could be possible

to infer disease state by matching against a priori known disease-associated TCR sequences.

1. Introduction



T cell plays a central role in cell mediated immune response. The T cell receptor (TCR) is
responsible for recognizing antigenic peptides bound to major histocompatibility complex
(MHC) molecules. In 95% of human T cells, the TCR consists of the a chain (TCRa) and
chain (TCR). During T-cell development, each thymocyte generates its unique TCR variant
through recombination of different V, D, J gene segments and random deletion and/or
insertion of nucleotide at the junctions. This results in a highly diverse TCR repertoire and the
diversity is important for maximizing potential coverage of the protective immunity. During
thymic selection, only a small fraction of thymocytes that bind self peptide:MHC complex
(pMHC) with intermediate affinity differentiate into mature T cells, therefore MHC
polymorphism further modulates an individual’s TCR repertoire by determining the collection
of peptides that can be presented to T cells during development ! 2. Structural studies of TCRs
binding to pMHC ligands * have shown that although there are some exceptions, as a rule, the
variable regions of the TCRa chain largely contact the MHC molecule whereas the TCRf
chain makes most contact with the antigenic peptide. This notion is supported by genetic
studies where the usage of V-gene segment of the TCRa is more closely associated with the

human leukocyte antigen (HLA) profiles of the person *.

In cell mediated immune response, naive T cells are activated and clonally expand after
recognition of foreign antigenic peptides presented by MHC. Thus, although the diversity is
highest in the naive compartment, in the memory compartment it is skewed towards some
specificities as a result of past antigen exposure and thereby antigen-driven selection and
expansion. Since T cells directed against certain antigen in a disease setting are clonally
expanded, a biased repertoire should be observed given enough sequencing power. With
advancement of high-throughput immune receptor sequencing methods, TCR repertoire has
the potential to be a diagnostic marker for infections or autoimmune disease. However, due to
the complexity and diversity of TCR repertoires of different individuals, identifying the TCR
signatures associated with an antigen is challenging. Somma et al.’ identified a number of
TCRp clonotypes implicated in the pathogenesis of multiple sclerosis, which were clonally
expanded in both the healthy and the affected twin. In contrast, studies on monozygotic twins
¢ have demonstrated that different disease settings altered the TCR gene usage and TCR
repertoire as a whole. Despite TCR complexities, TCR clonotyping has been used as
diagnostic tool in Emerson et al.” where the exposure to cytomegalovirus (CMV) of 666
subjects could be inferred by their TCR repertoires. The TCR repertoire data was generated

from peripheral blood, since CMV is a disease that elicit a particularly strong immune



response where an unusually large proportion of the T-cell response is CMV-related.
However, the T-cell response is less pronounced for most other diseases. In the CD4
compartment, only 1 to 100 per million CD4 cells in blood would be expected to be specific
to a given pMHC ® ? whereas in affected tissue the frequency of antigen-specific TCR would
be expected to be around 1 to 5 per hundred CD4 T cells, at least in celiac disease '°.
Therefore, it is advantageous to look at the T-cell response in the affected tissue where the

frequency of disease-relevant T cells is much higher than in blood.

Celiac disease (CD) is a long-term HLA-associated autoimmune disorder that primarily
affects the small intestine. Its pathogenesis is relatively slow compared to acute infections.
The primary association is with MHC class II alleles encoding HLA-DQ2.5 (HLA-
DQAI*05/HLA-DQBI1*02, expressed by 90% of patients), HLA-DQS8 (HLA-DQA1*03/HLA-
DQB1%*03:02), and HLA-DQ2.2 (HLA-DQA1*02:01/HLA-DQB1%*02) ' 1213, The MHC class
IT association shows that CD4 T cell plays an important role in pathogenesis of celiac disease.
The epitopes of the causative antigen gluten are well defined and gluten-specific T cells that
are only found in the small intestine of celiac disease patients, but not in healthy controls,
have been isolated and extensively studied. All gluten-reactive T cells in the lesions are
restricted by the disease-associated HLA-DQ2.5 molecule in HLA-DQ2.5-positive subjects 4.
HLA-DQ-gluten tetramers carrying the immunodominant gluten epitopes have been used to
visualize gluten-specific T cells directly from blood or small intestinal tissue '°. Studies have
shown that public features, i.e. identical TCRa, TCRp, or paired TCRaf amino acid
sequences found in different individuals, are frequently observed among gluten-specific T

cells 1°.

To explore whether disease state could be assessed from a limited number of tissue-derived
cells, we started with around 10,000 T cells taken from the lamina propria of two duodenal
biopsies per individual to assess the celiac disease state. Of these T cells, more than 80% are
CD4. In order to find the best diagnostic biomarkers, we evaluated the usage of different
types of prior information, i.e. all gluten-specific TCRs versus a smaller subset of public
gluten-specific TCRs shared across multiple CD patients. The aim of this study is proof of
principle to show the potential of using TCR-based diagnostics. This is the first step towards
biopsy-free diagnostics of CD where TCR information would be collected directly from

blood.



2. Materials and methods

2.1 Sample collection

The project was approved by the Regional Committee for Medical and Health Research
Ethics South-East Norway (REK 2010/2720) and signed informed consent forms were
obtained from all subjects. Intestinal biopsies from seven HLA-DQ?2.5+ untreated celiac
disease patients and eight non-celiac controls or HLA-DQ2-negative patients were collected
in accordance with medical guidelines. Since TCR recognize peptide-HLA complexes, for the
purpose of this study where we look for signature sequences of gluten:HLA-DQ2-reactive
TCRs, we do not expect to find these TCR sequences in HLA-DQ2-negative patients whose
gluten-reactive T cells are HLA-DQ8-restricted. Two pieces of duodenal biopsies were
collected in ice-cold RPMI-1640. The epithelial layer that largely contain CD8+ intra-
epithelial T cells was removed with two 5-minute incubation with PBS+2%FCS+2mM EDTA
at 37C. After thorough washes with PBS to remove detached epithelial cells, the remaining
lamina propria tissue was digested for 45 minutes with 1 mg/ml Collagenase (Sigma) and 0.1
mg/ml DNAse (Sigma). The resulting lamina propria single-cell suspension was counted and
seeded directly in TCL buffer in four concentrations (108,000; 36,000; 18,000 and 9,000 cells
per well) and eight biological replicates for each concentration. After thorough mixing to aid
cell lysis, the lysates were kept frozen at -70C until processed. After defrosting, the cell lysate
in TCL was transferred to 96-well plates precoated with dT-oligos from the TurboCapture 96
mRNA kit (Qiagen). mRNA extraction and cDNA synthesis using the plate-immobolized
oligo-dT was carried out in accordance with the manufacturer’s instructions with the
modification of additional template switch oligo (Bio-
d(AAGCAGTGGTATCAACGCAGAGTAGTNNNNNN)-r(GGG), where N denotes random
nucleotides that serve as UMI). Following cDNA synthesis, two semi-nested TCRa- and

TCRB-specific PCR reactions were carried out as in °.

2.2 TCR sequencing and data processing

Double indexing was applied in library preparation, thereby every pair of reads had an index
composed of two barcodes on the forward and reverse read respectively, encoding the sample
origin. Libraries were sequenced on the Illumina MiSeq platform with 250 nt pair-end

sequencing at the Norwegian Sequencing Center (Oslo University Hospital).



All paired end reads were de-multiplexed based on the combination of their R1 and R2
barcode sequences. Both of the paired R1 and R2 reads were dropped if any of them had any
nucleotide mismatch with the reference barcodes. On the paired reads assigned to each
sample, we performed UMI tag extraction and UMI-guided assembly using the MIGEC
pipeline !¢, where all reads in a sample were grouped by their UMI and then each group with
larger than 10 reads were assembled to generate a consensus sequence by multiple alignment.
Both consensuses need to be successfully assembled for paired reads, otherwise the pair was
dropped. Considering the relatively short UMI length and large expected number of cells in
some wells in the study, the probability for a pair of similar UMI caused by sequencing error
was relatively low. We have therefore not corrected sequencing errors in the UMI. The
consensus sequences of samples from the same patient were then pooled and aligned with
mismatches, inserts and deletions to the TCR database following the MiXCR pipeline !7,
thereby TCRaf chain and CDR3 repertoires were extracted from the assembled consensus
sequences. Identical sequences were grouped in clonotypes, and the corresponding
clonecounts were recorded. Consensus with poor quality were also collected and mapped to
the grouped clonotypes for correction of PCR and sequencing errors. The default parameters

of MiXCR were applied throughout this process.

2.3 Reference database of gluten-specific TCR sequences

To search for disease-associated TCR sequences that were present in our data, we used a
reference database comprised of TCRa- and TCRp-clonotypes obtained from single-cell TCR
sequencing of HLA-DQ2.5-gluten-tetramer-sorted cells from 59 celiac disease patients.
Sequences belonging to donors in the present study were excluded. Overall, there were 2,929
TCRa- and 2,662 TCRp-clonotypes originating from 6,808 tetramer-sorted cells. A clonotype
is defined throughout the study as a unique amino acid sequence of the re-arranged variable
regions of the TCRa (VJ) or TCRP (VDJ). Within this large reference dataset that includes
almost all known gluten-specific TCR clonotypes to date, there is a smaller subset that
consists of public clonotypes, defined as identical amino acid sequences observed in at least
two CD patients. This public TCR subset contains 151 TCRa and 226 TCRf clonotypes that
have been collapsed from 1,150 TCRa sequences and 1,436 TCRp sequences from 2,003
gluten-specific T cells. The collaps of TCR sequences to clonotypes was caused by both in
vivo clonal expansion (multiple cells expressing identical TCRaf} sequences in the same
patient) and convergent recombination (different nucleotide sequences encoding identical

amino acid sequence).



2.4 Inferring disease state

We used logistic regression to classify the subjects based on the presence of the
aforementioned antigen-specific TCR sequences. Logistic regression was performed by
sklearn.linear model.LogisticRegression function from scikit-learn v0.20.4 Python module 8,
where either normalized unique match or normalized clonecount match was used a single
predictor. All the other parameters were set as default except for the C (inverse of
regularization strength) that was set at 1E+5 to eliminate the effect of penalty term since no
simplified model was preferable with a single predictor. We also employed the R package
ROCR1.0-7 to calculate the sensitivity and specificity while using the same single predictor
ranged from 0 to the maximum in different experimental settings, as well as the
corresponding AUCs. Test for association between the prevalence of a clonotype and its

frequency in our data using Kendall's tau was done with R package stats 3.4.4.

3. Result

3.1 Data acquisition

We sampled one million cells from the lamina propria of two duodenal biopsies from each of
15 individuals and sequenced the rearranged TCRa and TCR variable region in all samples.
Flow cytometric analysis showed that approximately 1% of the sampled cells were T cell, of
which >80% were CD4+ T cells. Thus, we have sampled and sequenced approximately
10,000 T cells from each subject. The number of sequencing reads generated from each
individual varied from 0.1 million to 2.7 million, with an average of 1.7 million, representing
on average 5,821 molecules after deduplexing. The number of unique clonotypes we observed
ranged from 861 to 8,778. Basic information of the donors and the libraries were summarised

in Table 1.

3.2 Gut-derived TCR clonotypes in our data matched preferentially public gluten-
specific TCRs

By collapsing TCRs with the same V gene, J gene and CDR3 amino acid sequences from
repertoires from all donors, we had in total 17,261 unique TCRa and 26,820 unique TCRf
clonotypes in our dataset (Figure 1). To find an optimal set of disease-associated TCR
clonotypes for inferring disease state, we employed an external database consisting of data

from multiple single-cell TCR sequencing projects where HLA-DQ?2.5:gluten tetramer was



used to stain T cells from CD patients in vitro, followed by sorting and sequencing of the
sorted gluten-specific TCRs. Among the total 5,591 gluten-specific TCRa and TCRf amino
acid sequences in the database, 377 of them were observed in at least two celiac disease
patients and were thus defined as public clonotypes. When we compared our dataset from the
gut tissue with the reference database, we found that 93 of the TCR clonotypes in our data
matched gluten-specific TCR sequences in the reference database, of which 39 matched the
subset of public TCRP sequences. While 58 of the TCRa clonotypes matched gluten-specific
TCRa sequences, only 15 out of these matched the public TCRa sequences (Figure 1). Since
the public clonotypes account for 5% and 8% of the total TCRa and TCR reference dataset,
respectively, it is interesting to note that among the matches we found in the gut-derived TCR
data, 26% and 42% of them were matched to the public TCRa and TCRJ sequences,

respectively.

From published studies of gluten-specific TCR sequences, it is known that some TCR
clonotypes such as the TRBV7-2/TRBJ2-3 clonotype with CDR3 amino acid sequence
ASSXRxTDTQY are found in virtually all CD subjects ' !°. On the other hand, many public
CD clonotypes were found in only two subjects of total 59 subjects from whom the reference
database was made. We hypothesized that highly public clonotypes found in many individuals
in the reference database were more likely to be observed in our test data derived from
unsorted T cells from the gut. For all the matched TCR clonotypes found in repertoires of all
CD patients, we calculated the Kendall's rank correlation to test for the association between
how often the TCR clonotype was observed in our data and the number of patients in the
reference dataset who expressed this clonotype (Supplementary Table 1). Result of the test
showed that the matching frequency of a TCR was positively associated with the number of
patients across which the TCRs was shared, with tau of 0.338 and P value of 0.0026.
Therefore, we found that the most public clonotypes found in many CD patients were also

more frequently observed in our gut repertoire dataset.

3.3 Matching TCRp alone was sufficient for predicting celiac disease state

For each TCR-repertoire of the 15 individuals, we summed up the number of unique TCR
clonotypes that matched the disease-associated reference TCR sequences, this is referred to as
sum unique disease associated TCRs. Since clonal expansion is a feature associated with the
gluten-specific T cells in earlier studies, we took into account the clone size of each matched

sequence, measured by the clonecount. Therefore, we also calculated the sum of the



clonecount of the same matched TCR sequences. For each subject, we normalized the unique
clonotype match by dividing it with the total number of unique clonotypes found in that
individual (unique match). Similarly, we calculated for each individual the clonecount match
where the total clonecounts of all matched sequences were divided by the total number of

clonecounts in the repertoire (Figure 2, Supplementary Table 2).

The normalized unique match and clonecount match were then used as a predictor in a
logistic regression model to infer the status of celiac disease. We performed the analysis by
using all TCR sequences or by using only TCRJ repertoires. In every possible combination, a
balanced predictive accuracy was evaluated based on leave one out cross-validation. In
addition, either the normalized unique match or clonecount match was used as a
nonparametric classifier which was evaluated by AUC of ROC plots to enhance the
robustness of the result. Both the balanced accuracy for logistic regression and the AUC value
for nonparametric classifier are metrics that evaluate the predictive performance through

balancing sensitivity and specificity.

We did not observe any clear and consistent differences in the predictive performance when
matching against all gluten-specific TCR sequences was compared with matching against the
public TCR sequences (Figure 3). Also, the predictive performance was similar whether
information of clonal expansion was used or not. We did in all experimental settings observe
higher predictive performance when using only TCR repertoire data (AUC between 0.94 and
0.98; 12-13 correct predictions) compared to using the sum of TCRa and TCRf matches
(AUC between 0.66 and 0.88; 6-10 correct predictions).

Considering the fact that the individuals in the diseased group were older than those in the
control group as a whole (see Supplementary Fig.S1 on line), we checked if age could be a
confounding factor in the predictions. In each scenario, we calculated the Pearson correlation
coefficient of age and the predictor, either the normalized unique match or the normalized
clonecount match. In seven out of eight scenarios, we got a low correlation coefficient, ranged
from -0.13 to 0.15. There is only one exception showing slightly stronger association between
age and the predictor (p = -0.34), where the public sequences were used as the reference and
the normalized clonecount matches of both TCRa and TCRP was used as the predictor. (see
Supplementary Fig.S2 on line). It is another support for using only TCRJ for prediction, since

it was less likely to be confounded by age if any effect exists.



4. Discussion

With the rapid advances in sequencing technology and in particular the ability to sequence a
large number of TCRs, the TCR signatures associated with the recognition of a particular
antigen, and in its extension a particular disease, can conceivably be used to infer the disease
state. In this paper, we have used celiac disease in which extensive information about the
disease-specific TCRs exist, to do a proof-of-principle study showing that disease state can be
inferred based on TCR sequences derived from the diseased tissue. Using a small set of a few
thousand clonotypes sequenced from around 10,000 T cells sampled from each of the 15
donors, the CD status was correctly predicted for 13 out of the 15 donors by matching against

known gluten-specific TCRs.

TCRa clonotypes performed rather poorly in our study both when used on its own and in
combination with TCR. Two controls had relatively large expanded TCRa clones that
matched with public CD associated TCRa clonotypes. We suspect that although these TCRa
clonotypes are disease-specific when paired with certain TCRJ chains, the expanded TCRa
clones we have observed in our two controls most likely are paired with different TCR
chains that conferred the complete TCR some other celiac-unrelated specificities. This could

be better tested by further study profiling paired TCRs at the single cell level.

We used two types of prior information; the list of gluten-specific TCRs that contains all the
5,591 clonotypes of gluten tetramer-sorted T cells, and its small subset of 377 public
clonotypes observed in more than one CD patient in the same database. These two alternative
choices for disease associated TCRs present a trade-off between the quantity and specificity
for finding matches for disease associated TCRs, since the database of public TCR sequences
is more reliable. For the TCRJ repertoires, despite that the reference database of all gluten-
specific TCRP was 14 times larger than the subset of public TCR, the number of clonotypes
matched to non-public reference sequences was about the same as number of clonotypes
matched to public TCRB. The predictions were not improved by including those non-public
gluten specific TCRs. It suggested that the non-public gluten specific TCR might not be as
powerful as the public ones  for diagnosing celiac disease. In addition, the considerable

smaller size of the public database would save computational power.



The public TCR sequence dataset can be further improved in two aspects. On one hand,
although the majority of TCRs in this study that matched the public reference TCR sequences
were from untreated celiac disease patients, a few of them were also observed occasionally in
the controls, which is similar to findings in 2°. We therefore believe that specificity of the
public clonotypes could be further improved by involving more TCR repertoires from
controls for training and purifying. On the other hand, public TCR sequences among CD
patients can be continually accumulated by including a larger cohort over time. In a previous
published study?® where 39 public TCRp was used, only five of the 39 public TCRB
sequences were detected in 10 active CD patients. Comparing with the extremely low number
of detected public sequences, 70 public TCRJ sequences were detected in 8 CD patients in
our study where 226 public TCR was used. The public TCR sequences among CD patients
might approach to saturation. The positive association between the prevalence and frequency
for the public TCR clonotypes indicates that the both the sequencing depth and number of

individuals included can be optimized.

In this study, the state of CD was successfully inferred for the majority of the donors. For CD,
the antigen specific CD4+ T cells are restricted by the disease-associated HLA molecules,
which facilitates the prediction task focusing on distinguishing the HLA-DQ2+ untreated CD
patients from the others as control. As the number of antigen specific CD4 T cells varies in
different tissue for different infectious diseases, the repertoire size should be carefully

validated when using T cell repertoire information as diagnostic tool.

The number of subjects included in this study is rather small, and only a few thousand
clonotypes were sequenced from unsorted lamina propria from each subject. Our results
indicate that even with these limitations, it might be possible to infer disease state by
matching against known disease-associated TCR sequences. It is to our knowledge the first
time this was shown for CD. Age was relatively uncorrelated with our most predictive
features, the clonecount match (p = -0.026) and unique count match (p = 0.14), to the TRB &
public TCR set, so that we do not believe that confounding by age played a role in our
predictions based on these features. However, previous studies?! have shown systematic
differences in the human TCR repertoire with ageing. As our sample size was limited, we
cannot rule out the possibility of age-related confounding affecting the predictive value of our
TRB & public TCR set for diagnosing CD in the general population. It needs to be tested in

further studies with larger sample sizes whether some other factors aside from HLA type,



such as age and severity of tissue damage, affect the frequency of gluten specific T cells in

CD patients.

Ultimately, in CD, we would like to infer the disease state from blood samples such that
diagnosis can be given without the need of endoscopic biopsy. In addition, with the advances
in the knowledge of specific TCRs and TCR sequencing, it is conceivable that TCR repertoire

could be used for the diagnosis of other chronic immune-mediated inflammatory diseases.
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Figure Legends
Figure 1. Number of unique TCRa (A) and TCRp clonotypes (B) that matched either public
or non-public disease associated TCR sequences.

Figure 2. Normalized match to each reference dataset for donors grouped by disease status.
The donors on the left side of each frame were controls, while donors on the right were
untreated celiac disease patients (UCD). Colors indicate if a donor was correctly predicted by
Logistic regression models trained on the others. (A) Using normalized unique match and the
public sequences as reference (B) Using normalized clonecount match and the public
sequences as reference (C) Using normalized unique match and all gluten specific sequences
as reference (D) Using normalized clonecount match and all gluten specific sequences as
reference.

Figure 3. Predictive performance in all experimental settings. (A) using normalized unique
match as a single predictor in logistic regression, balanced accuracy was evaluated by leave
one out cross-validation (B) Receiver operating characteristic curve (ROC) and the
corresponding area under the curve (AUC) by using normalized unique match as classifier (C)
using normalized clonecount match as a single predictor in logistic regression, balanced
accuracy was evaluated by leave one out cross-validation (D) Receiver operating
characteristic curve (ROC) and the corresponding area under the curve (AUC) by using
normalized clonecount match as classifier.

Tables

Table 1. Basic information of the donors and the libraries
Subject Age HLA Histology Serology CD status Group Reads cDNA cDNA Clonotypes Clonotypes

ID group (Marsh) (IgA-TG2) molecules molecules (TCRa) (TCRB)
(TCRa) (TCRB)

CD1357 50-54 DQ2 3a n.a. UCD UCD 1966 714 7788 8701 1721 2563
CD1358 35-39 DQ2 3c 93 UCD UCD 1783 764 3857 6945 1 866 3249
CD1364 20-24 DQ2 3b 10 UCD UCD 2727 644 6913 9956 3218 4726
CD1368 40-44 DQ2 3c 66 UCD UCD 2519295 6293 13 086 2938 5 840
CD1370 50-54 DQS8 1 <1 control control 838 353 2206 5729 692 1757
CD1386 30-34 DQ2 0 <1 control control 1696311 4302 4548 677 1033
CD1390 18-19 DQ8 3c 40 UCD control 106 758 567 1236 318 657
CD1393 25-29 DQ2 3b 9 UCD UCD 2269 730 9746 6693 2041 1999



CD1408
CD1409
CD1422
CD1428
CD1450
CD1451
CD1453

25-29
30-34
30-34
20-14
35-39
65-69
30-34

na
DQ2
DQ2
DQ2
DQ2
DQ2
DQ8

3c
0

<1

6

<1

<1

70

5

control
control
ucCD
control
control
ucD

Potential
%

control
control
ucD
control
control
ucD

control

2001 839
1760 049
1901 639

506 210
1559 849
1783 685
1 880982

8792
7526
3881
924
2158
2 884
4225

4298
4002
2998
1877
4035
2673
3728

2051
1341
500
270
471
461
808

1615
1071
532
591
1 468
842
1148

* Potential CD is defined as positive seology but normal histology.
n.a.: not available

Data Availability Statement:

4 Upon manuscript acceptance TCR sequences will be uploaded to the NCBI Sequence
Read Archive (https://trace.ncbi.nlm.nih.gov/Traces/sra/sra.cgi?)
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Fig S1. Age of donors in the group of untreated celiac disease (UCD) and the control group.
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Abstract

By offering high sequencing speed and ultra-high-throughput at a low price, lllumina next-
generation sequencing platforms have been widely adopted in recent years. However, an
experiment with multiplexed library could be at risk of molecular recombination, known as
“‘index switching”, which causes a proportion of the reads to be assigned to an incorrect
sample. Itis reported that a new advance, exclusion amplification (ExAmpy) in conjunction
with the patterned flow cell technology introduced on HiSeq 3000/HiSeq 4000/HiSeq X
sequencing systems, potentially suffers from a higher rate of index switching than conven-
tional bridge amplification. We took advantage of the diverse but highly cell-specific expres-
sion of antigen receptors on immune cells to quantify index switching on single cell RNA-seq
data that were sequenced on HiSeq 3000 and HiSeq 4000. By utilizing the unique antigen
receptor expression, we could quantify the spread-of-signal from many different wells (n =
55 from total of three batches) due to index switching. Based on full-length T cell receptor
(TCR) sequences from all samples reconstructed by TraCeR and TCR gene expression
quantified by Kallisto, we found index switching in all three batches of experiments investi-
gated. The median percentage of incorrectly detected markers was estimated to be 3.9%
(interquartile range (IQR): 1.7%-7.3%). We did not detect any consistent patterns of certain
indices to be more prone to switching than others, suggesting that index switching is a sto-
chastic process. Our results confirm that index switching is a problem that affects samples
run in multiplexed libraries on lllumina HiSeq 3000 and HiSeq 4000 platforms.

Introduction

Next-generation sequencing technology has been improved greatly in terms of its data output,
sequencing speed, read quality and cost. As the throughput of sequencing platforms is increas-
ing, sample multiplexing becomes practical and widely adopted by many studies. A common
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way to perform multiplexing is to introduce unique indices into each adaptor during library
preparation, so that multiple samples can be pooled and sequenced in parallel. After sequenc-
ing, reads can be assigned to their original samples based on the indices. However, the process
comes with a risk of molecular recombination, known as “index switching”, which causes
some of the reads to be assigned to an incorrect sample. In 2015, Illumina adopted a new clus-
ter generating mechanism, known as exclusion amplification (ExAmp), as well as patterned
flow cells in their HiSeq 3000/4000/X instruments. By increasing cluster density on the flow
cell, these new advances facilitate higher data output, more sequencing reads and shorter run-
ning time, thereby reducing sequencing cost substantially. However, because of the increased
concentration of free primers produced during library preparation, it has been suggested that
this promising chemistry results in a higher level of index switching than conventional bridge
amplification [1]. Index switching is essentially a molecular recombination event, which is
mainly driven by the presence of free-floating adaptors. A free adaptor could potentially
hybridize to remaining complementary sequence of adaptor inside of a cluster and get
extended. The index-switched strand can also float off and seed another nanowell on the same
lane and generate a new cluster there [1]. The level of index switching depends on the purity of
a library, library storage and the method of library preparation. In the Illumina white paper,
the level of index switching is shown to increase in a linear fashion with the concentration of
free adaptors or primers. PCR-free libraries show higher switching rates compared to library
preparation that includes PCR [2].

Index switching may compromise applications that rely on accurate profiling of gene
expression, especially those with the need to profile lowly expressed genes. For example, in dif-
ferential expression analysis of RNA-seq data, it is usually considered to be a good practice to
place samples randomly over a plate in order to minimize any potential confounding, such as
the edge effect, a common phenomenon in immunoassays. To balance samples from the test
group and the control group, sequencing pooled samples from each group on one lane is also
preferred for the same reason. However, in an experiment impacted by index switching, those
practices make it possible that reads originally from a sample in a test group might be incor-
rectly assigned to another sample in a control group, which weakens and distorts any real sig-
nal. In a single-cell RNA-seq experiment that mainly focuses on detecting heterogeneity
among single cells, it is commonly required that hundreds or even thousands of cells are ana-
lyzed, and every one of them needs a unique index to be sequenced in a single run. Double
indexing, introduced by Kircher et al. [3], increases the scope of indices by using a combina-
tion of indices for both forward and reverse adaptors. In an experiment with few samples, both
indices can be unique for each sample. Reads assigned to illegitimate combinations of indices
are considered to be a result of index switching, and can be easily excluded before downstream
analysis. However, even the enlarged index scope with double indexing can hardly satisfy the
number of cells to be sequenced in a single cell experiment. When all the combinations of indi-
ces are exhaustively used to allow more cells to be sequenced in a single run, there is no way to
distinguish the incorrectly assigned reads.

To allow immune cells to be able to recognize a wide range of antigens, each naive Band T
cell expresses a unique immunoglobulin receptor (consisting of heavy and light chain) or T
cell receptor (consisting of o and B chain), respectively, through somatic recombination. For
human immunoglobulin heavy chain region, there are 123-129 Variable (V) gene segments
[4], 27 Diversity (D) gene segments and six Joining (J) gene segments [5]. During B-cell devel-
opment in the bone marrow, a stochastic process results in a recombined VD] gene that uses
one gene segment of each type. In addition to the combinatorial diversity, there is random
deletion of nucleotides as well as insertion of non-germlined encoded P or N nucleotides in
the junctions thus creating further diversity. A similar gene rearrangement takes place for the

PLOS ONE | https://doi.org/10.1371/journal.pone.0208484 December 5, 2018 2/17



©'PLOS | one

Index switching quantified by antigen receptor information

light chain, except for the absence of the D gene segments. Overall, the total diversity of the
immunoglobulin receptor in humans is 5 x 10"*. Likewise, T cells deploy a similar strategy for
creating receptor diversity and an estimated 10" different T-cell receptors can exist [6].

By using unique pairs of i5 and i7 index adaptors, the rate of index switching was estimated
to be up to 2% for sequencing libraries that run on patterned flow cells using ExAmp cluster
generation (2). Van der Valk et al. [7] found an average index switching rate of only 0.47% by
using inline barcode ligated to reads. Sinha et al. [1] discovered that 5-10% of total mapped
reads were assigned to incorrect samples in their single cell RNA-seq study using Smart-seq2
[8] for library preparation and HiSeq 4000 for sequencing. Aside from those inconsistent mea-
surements, it remains unclear whether certain indices are more prone for switching than oth-
ers. The use of unique immune receptors in immune cells provides us enough diversity for
inspecting index switching in single cell RNA-seq data. From three single-cell transcriptomics
libraries of human T and plasma cells (terminally differentiated B cells that express B-cell
receptor) that were sequenced on the HiSeq 3000 and HiSeq 4000 platforms, we looked for
index switching in the expression pattern of immune receptors. Since the receptor might be
considered as a cell-specific marker, we have substantial data to quantify the impact of index
switching in a single cell experimental setting.

Method
Ethics statement

Study participants provided written informed consent. The study was approved by Regional
Committee for Medical and Health Research Ethics South-East Norway (2010/2720).

Datasets

The data used for this study was originally generated to profile the transcriptomics of disease-
specific immune cells from intestinal biopsies or peripheral blood from celiac disease patients.
We used the Smart-seq2 protocol (8) to perform single-cell RNA-sequencing on 465 immune
cells. The immune cells analysed included 215 HLA-DQ2: gluten-(DQ2.5-glia-o1, -0.2, -wl,
and -w2) tetramer-sorted T cells, 247 transglutaminase 2 (TG2)-specific plasma cells, and
three unassigned cells in three batches. Correspondingly, Batch 1 contained one plate of 96
wells; Batch 2 contained two (Plate 2 and Plate 3); while Batch 3 contained two plates (Plate 4
and Plate 5). Except Plate 2 which only contained T cells from peripheral blood, T cells and
plasma cells were randomly placed into 96-well plates as single cells by index sorting on a
FACS Aria II cell sorter. The cells were retrospectively identified based on each cell’s high-
dimensional immune phenotype. Double indexing was applied in library preparation, thereby
every read had an index composed of two segments, indicating which row and column its
source well was located. The indices were incorporated in PCR primers that were used at a
final concentration of 125 nM. Free adaptors were removed by two rounds of purification with
AMPure XP beads. The final sequencing library shows undetectable or negligible number of
free adaptors assessed by High sensitivity DNA assay run on the BioAnalyzer (S2 Fig). Samples
in Plate 1 were indexed using eight row indices and 12 column indices. After exclusive amplifi-
cation (ExAmp) process, the samples were sequenced on a single lane of Illumina HiSeq 3000.
In the following two batches, we used one set of indices for two plates. 12 indices were used for
indexing samples on 12 columns in both Plate 2 and Plate 3, whereas 16 unique row indices
were used for eight rows in Plate 2 and eight rows in Plate 3. Each plate was processed inde-
pendently and the pooled indexed library from the 96 wells in each plate was combined and
kept at -20C without further manipulation until sequenced on a single lane of Illumina HiSeq
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4000. Likewise, Plate 4 and Plate 5 were prepared in the same way (S1 Table). The output reads
were 150 bp paired-end. Average number of reads per cell was around 1.3 million.

Quantifying expression of TR_V gene

To acquire more complete reference transcriptome for immune receptors, we downloaded
human immunoglobulin (IG) and T cell receptor (TR) gene sequences in fasta format from
IMGT [4], and used them to replace those in human transcriptome GRCh38. Transcript
expression levels of all V gene segments were quantified by Kallisto [9]. TPM (Transcripts Per
Million) values were used to represent expression for downstream analysis.

Reconstructing T-cell and B-cell receptor

We applied TraCeR [10] to reconstruct full-length T cell receptor sequences from all samples.
TraCeR is capable of extracting TCR-derived reads and mapping them to a custom-made ref-
erence database that contains all the possible combination