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Liquid biopsy-based T-cell receptor profiling in lung cancer patients undergoing
immunotherapy

ALMA GLAVENIUS

Department of Mathematical Sciences

Chalmers University of Technology

Abstract

Non-small cell lung cancer (NSCLC) is the most common type of lung cancer, and
immune checkpoint inhibitors targeting the PD-1/PD-L1 pathway have significantly
improved patient outcomes. However, only a subset of patients respond to treat-
ment, highlighting the need for predictive biomarkers. The T-cell receptor (TCR)
repertoire reflects the adaptive immune response and has emerged as a promising
candidate biomarker for immunotherapy response.

The aim of this study was to investigate whether the characteristics of the peripheral
blood TCR repertoire are associated with response to anti-PD-1/PD-L1 therapy in
NSCLC patients. A total of 96 longitudinal blood samples from n=18 NSCLC
patients undergoing anti-PD-1/PD-L1 treatment were analysed using TCR-beta
sequencing with the SiMSen-seq method. Following quality control and bioinfor-
matic processing with a molecular identifier groups-based error correction (MIGEC)
pipeline, repertoire diversity was evaluated using the number of unique clonotypes,
the D50 index, and the Shannon diversity index. In addition, clonal expansion
patterns were assessed by tracking highly variable clonotypes over time.

Responders consistently exhibited higher TCR repertoire diversity than non-responders.
At the pre-treatment baseline, responders showed a 55% higher median number of
unique clonotypes, as well as higher median D50 and Shannon index values. Across
all time points, responders maintained a more diverse repertoire, with a 33% higher
median number of clonotypes, an 8 percentage points higher D50 index, and a 9%
higher Shannon index compared with non-responders. Analysis of individual clono-
type expansion revealed highly heterogeneous patterns and no clear distinction be-
tween responders and non-responders.

These findings suggest that overall TCR repertoire diversity is associated with im-
proved response to anti-PD-1/PD-L1 therapy in NSCLC, whereas monitoring indi-
vidual clonotypes alone appears to be insufficient as a predictive biomarker. Larger
studies are required to validate these observations and assess the clinical utility of
TCR repertoire profiling in immunotherapy response prediction.

Keywords: Non-small cell lung cancer, T-cell receptor repertoire, TCR-beta se-
quencing, Immune checkpoint inhibitors, Biomarkers, T-cell diversity.
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1

Introduction

Non-small cell lung cancer (NSCLC) is the most common form of lung cancer, which
is the disease with the highest mortality rate and the second highest amount of re-
ported cases of all cancers [4]. Immunotherapy has demonstrated long-term benefits
in approximately 20-50% of patients with NSCLC [5]. However, a substantial pro-
portion of patients fail to respond to treatment, highlighting the need for reliable
biomarkers that can identify those most likely to benefit.
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Theory

T-cells are central components of the adaptive immune system, and their activity is
mediated by unique T-cell receptors (TCRs) that recognise specific antigens found
on antigen presenting cells (APCs) [6]. The receptor has a heterodimeric structure
made up of two peptide chains, each of which is divided into a constant and a
variable domain. There are two subsets of T-cells depending on what peptide chains
the TCR is composed of, the alpha-beta (a/3) and the gamma-delta (vd), where
alpha-beta T-cells make up the majority [7][8].

The variable region of the TCR is generated by somatic rearrangement of DNA
segments called V (Variable), D (Diversity), and J (Joining), as well as by random
deletion and addition of template and non-template nucleotides at the V(D)J junc-
tions [6]. These regions are involved in antigen recognition and binding. The alpha
chain is determined by V and J segments, while the beta chain is determined by
all three segments. T-cells are divided into clonotypes based on the combination of
V(D)J segments, where each clonotype shares the same combination.

The purpose of this project is to identify immune-signature response patterns in
patients in the early treatment phase. This will be done by optimising the sequencing
method of the TCR beta chain, and evaluate the diversity and frequency of T-cell
clonotypes in each individual. The data will be compared with how patients respond
to treatment, which can help better predict patient responses and select individuals
who would benefit from immunotherapy.

2.1 Non-small cell lung cancer

The most common form of lung cancer is non-small cell lung cancer (NSCLC),
comprising up to 85% of the cases. It has three main subtypes based on histology
appearance, with adenocarcinoma (AC) and squamous cell carcinoma (SCC) being
the most dominant (40% and 25-30% respectively) [4][9][10]. The third subtype is
large cell carcinoma, making up 5-10%. A common risk factor for NSCLC across all
subtypes is tobacco smoking. However, up to 25% of cases occur from non-smoking
factors, such as exposure to carcinogenic chemicals and heavy metals, previous lung
disease, and genetic ancestry, and make up approximately 10-15% of AC cases [11][4].

There are oncogenic alterations associated with lung cancer that drive tumour evo-
lution and progression [4]. The total number of somatic alterations per megabase
of tumour DNA is referred to as tumour mutational burden (TMB). Most lung
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2. Theory

cancers have high genomic complexity with several alterations contributing to tu-
mour growth, while some ACs have low genomic diversity and only one alteration
that drives the disease progression. The most common oncogenic drivers associated
with NSCLC are FGFR, KRAS, ROS1, ALK, MET, BRAF, HER2, NTRK, RET,
and NRG1 [12]. They are explored as therapeutic molecular targets for precision
medicine and for predicting patient response to treatment.

2.1.1 Treatment for NSCLC

Over the past few decades, the treatment for NSCLC has been surgery, chemother-
apy and/or radiotherapy, with platinum-based chemotherapy serving as the most
common first-line therapy, with a median survival rate of 9-12 months [5]. For
patients harbouring genomic alterations, targeted treatment approaches, including
epidermal growth factor receptor (EGFR) tyrosine kinase inhibitors (TKIs) and
anaplastic lymphoma kinase (ALK) inhibitors, have significantly improved treat-
ment efficiency. However, since only a minority of patients have such alterations,
treatments such as immune checkpoint inhibitor (ICI) therapy were developed to
combat this issue.

Such treatment targets an inhibitory immune checkpoint molecule to reactivate the
immune system to target tumour cells. ICIs used in NSCLC treatment are mono-
clonal antibodies which target the programmed death-ligand 1 (PD-L1) located on
tumour cells, and its receptor programmed death-1 (PD-1) located on T-cells [5][13].
When tumour cells increase the expression of PD-L1, the ligands engage PD-1 re-
ceptors expressed on T-cells and deactivate the T-cells and suppress an immune re-
sponse [14]. This enables further proliferation of tumour cells. ICIs work by blocking
the PD-1 or PD-L1 immune function, reactivating the T-cells and restoring their
cytotoxic functions. Anti-PD-1/PD-L1 therapy has demonstrated durable clinical
responses and overall survival in NSCLC patients [15], and is used in combination
with chemotherapy or as monotherapy [4]. Initially, anti-PD-1/PD-L1 therapy was
used as monotherapy in the second-line setting, but today nearly all patients, who
do not have targetable oncogenes, receive it in the first-line [16].

2.2 Biomarkers to predict treatment response

To date, there are only two recognised biomarkers used for clinical prediction of
response to anti-PD-1/PD-L1 treatment, namely PD-L1 expression on tumour tissue
and tumour mutational burden (TMB) [17][15]. PD-L1 is approved as a biomarker
for clinical practice by both the European Medicines Agency (EMA) and the Food
and Drug Administration (FDA) in the United States, while TMB is only approved
for use by the FDA.

2.2.1 Established biomarkers

For monotherapy with anti-PD-1/PD-L1, a PD-L1 expression of >50% is the most
reliable threshold for selection of patients likely to benefit [17]. The progression-
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2. Theory

free survival (PFS) and overall survival (OS) have not been shown to improve for
this patient group with the addition of chemotherapy. For patients with PD-L1
<50%, the standard approach is to combine ICIs and chemotherapy. However, the
PD-L1 biomarker is limited due to several reasons. There are patients above or
below the 50% threshold with different sensitivity to ICIs, meaning that patients
that might benefit from treatment might be overlooked [15]. In the case of combined
chemo- and immunotherapy, the PD-L1 biomarker is of little to no predictive value.
Additionally, the biopsy site of the tumour can significantly influence the PD-L1
value due to its high variation in expression across the tumour [17]. Even though
TMB shows promise as a predictive biomarker, a lack of universally standardized
assays, thresholds, and analysis pipelines makes clinical implementation difficult.
TMB results can also vary significantly in analyses of the same patient sample or
between samples due to differences in quality and quantity.

2.2.2 Emerging biomarkers

There are new emerging biomarkers that are being investigated or employed to
characterise NSCLC and predict response to ICI treatment. Genomic alterations
in oncogenic driver genes such as EGFR and ALK, and co-variants in STK11 and
KFEAP1 have been associated with resistance or poor response to ICI treatment
[18]. On the other hand, the oncogenic driver KRAS has been associated with
better response, and KRAS in combination with other variants such as LRP1B and
TP53 has recently been liked to favourable outcomes.

Moreover, the T-cell repertoire has gained increasing interest for its potential as
a biomarker for ICI therapy, since anti-PD-1/PD-L1 therapy directly targets T-
cells [19]. Patients with high T-cell diversity before the start of immunotherapy
treatment and an increased clonality after treatment, have been shown to have a
better response and longer progression-free survival (PFS). Thus, T-cell diversity
and clonality might serve as predictors of anti-PD-1/PD-L1 treatment, although
more research is needed on the subject.

2.3 T-cell receptor

The T-cell receptor (TCR) is located on T-cells [20]. These immune cells can recog-
nise and bind to foreign substrates, such as abnormal cells, tumour cells, cells from
other organisms, and cells infected with a virus or other microorganism. The mech-
anism behind this is that TCRs can bind to antigen peptides that are presented
on major histocompatibility complex (MHC) molecules by these antigen presenting
cells (APCs). When MHC binds to an antigen peptide, it forms the peptide-MHC
complex (pMHC), which can be recognised by the TCRs [21]. This facilitates a
cytotoxic immune response by T-cells.

The TCR has a heterodimeric structure and is composed of two peptide chains.
There are two groups of TCRs, the alpha-beta (af) and the gamma-delta (79),
referring to the paired peptide chains [1]. Alpha-beta TCRs make up the majority
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2. Theory

of peripheral T-cells, which are matured T-cells located outside of the bone marrow
in the lymphatic system [22]. Alpha-beta TCRs recognise antigens presented on the
MHC, while gamma-delta TCRs are not MHC-restricted.

2.3.1 V(D)J Recombination

The TCR peptide chains are divided into a genetically constant and a variable region
as seen in Figure 2.1 A. The variable region of the TCR is generated by somatic
rearrangement of V(D)J DNA segments, generating a theoretical number of 10'®
unique receptors [6]. Therefore, there is a minimal chance of finding identical TCRs
in two individuals. The alpha and gamma chains have V (Variable) and J (Joining)
segments, while the beta and delta chains also have a D (Diversity) segment. The
variability of the TCR is mostly due to three complementarity determining regions
(CDRs) located at the ends of each of the chains in the shape of hairpin loops.
The six loops sit at the membrane-distal end of the TCR extracellular domain, and
together they form the antigen-binding site, Figure 2.1 C. The CDR1 and CDR2
regions are encoded by the V-segment. The CDR3 region is encoded by the V and
J-segments on the alpha chain, and by the V, J, and D-segments on the beta chain.
Due to the CDR3-beta region offering the most information on antigen specificity
and being genomically hypervariable, it is a common target for TCR sequencing [1].

The TCR-beta locus trb consists of 48 TCR-beta variable (TRBV) segments, two
TCR-beta diversity (TRBD) segments, 12 TCR-beta joining (TRBJ) segments, and
two TCR-beta constant (TRBC) segments [6]. The recombination of the TCR-beta
chain is a two-step process, starting with recombination of the D and J segments.
This is done by combining either the TRBD1 with one of many TRBJ1 segments,
or TRBD2 with one of many TRBJ2 segments. Then the V-segment is included
in the second step with the already combined D-J segments, by allowing the D-J
segment to recombine with one of the many TRBV segments. After splicing, the
transcript of the TCR-beta chain is obtained with V, D, J, and C segments. The
V(D)J recombination process is visualised in Figure 2.1 B.

Antigen-binding site V D J C
A CDR3 B * * * . >
region
. D-J —
onstant Inini
ofB pare joining
Ertceler s —ae-ant—{ —
]»membrane ——
Intracellular Egion V'DJ
joining
c T cell mDD D
| W
VDJ-C
TCR joining
consere_ TR pestic _ i
o-helices 1 Translation ¥
| MHC
B

APC

Figure 2.1: Overview of the TCR, V(D)J recombination of TCR-beta chain, and
the TCR-MHC binding. Reprinted from [1].
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2.4 Measures of TCR diversity

A way to describe the TCR repertoire is to consider its diversity and clonality.
Diversity is used to determine immune fitness in response to treatment and is com-
monly used in immune profiling studies, including in inflammatory diseases, viral
infections, and cancer [23]. In TCR analysis, the diversity takes into account the
richness and evenness of the repertoire. Richness is described as the number of
unique TCR sequences, corresponding to the number of unique clonotypes. Even-
ness is described as the distribution of the clonotypes, i.e. their relative abundance
and how the number of clones are distributed between the clonotypes. Evenness
is highest when all clonotypes have the same number of clones, and lowest when a
small number of clonotypes contain the highest number of clones. In terms of diver-
sity, high richness and evenness gives high diversity, and vice versa. TCR clonality
is reversely related to diversity, and refers to the number and frequency of TCRs
that are observed multiple times in a sample. Figure 2.2 illustrates the relationship
between clonality and diversity. When diversity is high, clonality is low, and vice
versa.

When describing the diversity of the TCR repertoire, there are several diversity
indices to choose from. Some of them describe only richness, some only evenness,
and some describe both. The D50 index is the number of unique CDR3 sequences
that account for 50% of the total number of sequences observed in the repertoire,
and is thereby related to evenness [24]. The Shannon index also considers the
distribution of clones across the clonotypes, but it takes all clonotypes into account,
including rare ones, which D50 does not [25]. It is calculated by:

H = —Zpi In(p;) (2.1)

where S is the number of unique clonotypes in the sample and (p;) is the proportion
of total reads belonging to the i-th clonotype. For repertoires with a few dominant
clonotypes, the Shannon index is closer to 0. When the sequences are evenly dis-
tributed, the index reaches its maximum, which corresponds to the logarithm of the
number of unique sequences.

Clonality is defined as the inverse of diversity and is calculated by:

Clonality =1 — H/In(S) (2.2)

where H is the Shannon index and § is the number of unique clonotypes in the
sample [19]. A clonality score equal to 0 indicates that the repertoire is perfectly
diverse, and a score equal to 1 indicates a monoclonal repertoire.
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Increasing T cell clonality and reducing diversity

Figure 2.2: TCR clonality and diversity. Reprinted from [2].

2.5 SiMSen-seq

Simple, multiplexed, PCR-based barcoding of DNA for sensitive mutation detection
using sequencing (SiMSen-seq) is a method developed for DNA analysis using next-
generation sequencing (NGS) [26]. The method uses minimal DNA input, three
cycles of barcoding PCR followed by adapter PCR, and purification using magnet
beads to generate a targeted barcoded library ready for sequencing. The highly
sensitive method can detect genetic variants at <1% frequency. Following the se-
quencing, a bioinformatic analysis pipeline is applied, which uses the barcodes, or
unique molecular identifiers (UMIs), for near absolute error correction using consen-
sus reads [27]. The method was developed to efficiently overcome errors introduced
by DNA polymerases during library construction or sequencing, which are the major
causes of background in NGS.

2.5.1 Library preparation

PCR (Polymerase Chain Reaction) is a laboratory method used for amplification of
nucleic acids, like DNA and RNA [28]. In general, the process includes targeting
specific fragments of DNA or RNA that have been extracted from a sample, and
amplifying them through repeating cycles of denaturation, annealing, and extension.
In the SiMSen-seq method, PCR is performed in two steps, namely barcoding PCR
(PCRI1) and adapter PCR (PCR2) as described in Figure 2.3 [26]. During barcoding
PCR, the primers anneal to the target DNA, in this case the CDR3 region of the
TCR-beta chain. The forward primers anneal to the V-segment and the reverse
primers anneal to the J-segment, with the D-segment located between them. This
step is performed in three cycles, ideally creating six copies of each original CDR3
sequence. The forward primers are designed to contain a hair-pin loop in which
the barcode sequence, or unique molecular identifier (UMI) sequence, is located as
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2. Theory

well as an adapter sequence. This structure protects the UMIs during the initial
amplification and prevents them from annealing to other UMIs, which creates errors
during the down-stream bioinformatic analysis. The hair-pin loop structure breaks
apart after the cycles to prepare for the next PCR step.

Next, the products from the barcoding PCR go through adapter PCR, where the
hair-pin structure on the forward primers is straightened out as a result of an increase
in temperature. In this step, specific I[llumina sequencing indexes anneal to the
adapters located on the forward and reverse primers from the barcoding PCR, to
facilitate amplification during sequencing. Every DNA sequence in the same sample
receives the same [llumina index. This makes it possible to determine which sequence
belongs to which sample when all samples are pooled and sequenced together.

Input DNA

*. Barcoding
=forward primer

L.

- Reverse
primer

Barcoding d
PCR L»

3 5
g — 3
Barcoding == e
PCR product
o
N\
Adapter PCR | s
N
N

Library — 11—

Cleanup i

Sequencing and analysis

Figure 2.3: Overview of the SiMSen-seq library preparation using PCR in two
steps. Adapter sequences are shown in blue and green, UMIs are shown in pink and
orange, and sequencing indexes are shown in dark green and red. Adapted from [3].

2.5.2 Bioinformatic analysis

Sequencing of the TCR repertoire generates millions of reads per sample that con-
tain information about its diversity and clonality . Since the sequences can be
near-identical and exist in various concentrations, errors that occur during PCR
and sequencing might make minor clonotypes indistinguishable, thus making the re-
sults less accurate [27]. MIGEC (molecular identifier groups-based error correction)
is a bioinformatic pipeline that is nearly error free in correcting for such errors. Dur-
ing PCRI1, each forward primer sequence contains a unique UMI sequence, usually
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consisting of 8-12 randomised nucleotides [29]. After amplification, each original
DNA molecule will have thousands of copies with the same UMI sequence. In the
MIGEC method, the sequences with the same UMI are grouped together, and a
consensus read is generated for each group to correct for polymerase-induced er-
rors and uneven amplification, see Figure 2.4. Each consensus read corresponds to
an original TCR-beta CDR3 sequence and is counted only once, allowing accurate
quantification of each T-cell clonotype without errors from PCR duplicates.

Consensus Consensus sequence generation
sequence
Wildtype CCCAGGACAGGCACAGTGGTGAGG  Reference sequence
— CTTAGCTACCCAGGACAGGCACAGTGGTGAGG
- CTTAGCTACCCAGGACAGGCACAGTGGTGAGG .
—> - CTTAGCTACCCAGGACAGGCACAGTGGTGAGG Reads with UMI 1
——— CTTAGCTACCCAGGACAGGCACAGTGGTGAGG
CCCAGGACAGGCACAGTGGTGAGG  Consensus read 1
True variant
GTCCCAGTCCCAGGACAGGCACAGAGGTGAGG
N —V GTCCCAGTCCCAGGACAGGCACAGAGGTGAGG :
—— D = —p, —— GTCCCAGTCOCAGCACAGGCACAGAGGTGAGG ( Reads with UMIZ
GTCCCAGTCCCAGGACAGGCACAGAGGTGAGG
CCCAGGACAGGCACAGAGGTGAGG  Consensus read 2
False variant
—_— AGGAACCTCCCAGGACAGGCACAGTGGTGAGG
—» AGGAACCTCCCAGGACAGGCACAGTGGTGAGG :
— - : — AGGAACCTCCTAGGACAGGCACAGTGGTGAGG (* Reads with UMI3
— — AGGAACCTCCTAGGACAGGCACAGTGGTGAGG
CCCAGGACAGGCACAGTGGTGAGG ~ Consensus read 3
Uneven amplification
— W TTCCATGTCCCAGGACAGGCACAGTGGTGAGG T poe with UMI 4
. > - S — TTCCATGTCCCAGGACAGGCACAGTGGTGAGG eads wi

CCCAGGACAGGCACAGTGGTGAGG  Consensus read 4

Figure 2.4: Overview of how DNA target sequences (grey) are analysed using UMIs
and consensus reads (purple, green, blue, red) according to the MIGEC method.
Adapted from [3].

2.6 Aims

The general aim of the thesis is to provide information on the ability of the TCR
repertoire to be applied as a predictive biomarker for ICI treatment response in
NSCLC patients. To achieve this overall aim, it has been divided into partial aims.

o The first partial aim is to apply and optimise the existing next-generation
sequencing method SiMSen-seq for TCR-beta chain CDR3 sequencing.

o The second partial aim is to analyse the TCR repertoire of lung cancer patients.
This will be done by considering the diversity and expansion of clonotypes,
and the presence of TRBV segments among the patients. The results will be
correlated to patient treatment response to ICI therapy.
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Materials and methods

3.1 Patient cohort

The cohort in this study consisted of 18 patients from the BioLung study at Sahlgren-
ska University Hospital, Department of Clinical Genetics and Genomics. Blood
samples from 18 patients were taken at up to 6 time points during treatment with
ICI therapy. The sampling process followed the scheme illustrated in Figure 3.1, and
began with a baseline sample before the start of treatment (time point A). During
the treatment period, samples were collected with three-week intervals coinciding
with treatment occasions (time points B through E). In the case of clinical progress
of the cancer, a progress sample (time point F) was taken, which could be collected
anytime during the treatment process. For patients were no progress was seen, a
follow-up sample (time point I) was collected one year after the baseline sample was
collected. For the patient cohort in this study, the results from this sampling process
generated a total of 96 samples to be sequenced and further analysed.

Anti-PD-L1/ Anti-PD-L1/ Anti-PD-L1/ Anti-PD-L1/ Anti-PD-L1/
PD-1 PD-1 PD-1 PD-1 PD-1

Sample taken if
clinical progress
is seen

! Yegr
Iy Om 4

cle cle e 1 year
cy cy cycl from A
Pre-treatment Post-treatment Post-treatment Post-treatment Post-treatment
If no clinical
progress is
seen, a follow-
up sample is

taken.

Figure 3.1: Sampling process, from pre-treatment to clinical progress or 1 year
follow-up, with three week intervals during the first five treatment cycles. Image
courtesy of the BioLung Study Consortium.

All patients in the cohort were treated with anti-PD-1/PD-L1 as first-line therapy,
either as mono-therapy or in combination with chemotherapy. Table 3.1 contains
patient information. The median age was 68 years old, 9 (50%) were female, and
14 (78%) had adenocarcinoma (AC) histology, and the rest had squamous cell car-
cinoma (SCC). Regarding smoking history, 7 (39%) were active smokers, 9 (50%)
were former smokers, and 2 (11%) had never smoked before. Two of the patients
(11%) had stage IIT NSCLC, and the rest had stage IV. There were 8 (45%) re-
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sponders to treatment and 10 (55%) non-responders, based on clinical response seen
from radiological imaging. For this study, the cut-off for response was set to nine
months. As the only clinically applied biomarker, PD-L1% was also reported for
all patients. The value ranged between 0-95% for the cohort, with 6 (33%) patients
having a value above the threshold of >50% and 12 (67%) patients having a value
below the threshold of <50%. The patient metadata are summarised in Table 3.2.

12
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Patient-ID | Sex Response ‘ Age ‘ Smoking ‘ Histology ‘ Stage ‘ PD-L1 (%)
BL-005 Male Responder 54 Smoker SCC v 1
BL-009 Female Responder 68 | F. Smoker AC v 70
BL-014 Female | Non-responder | 65 Smoker AC I1I 10
BL-015 Male | Non-responder | 69 Smoker AC v 70
BL-021 Male | Non-responder | 74 Smoker SCC v 40
BL-025 Male Responder 79 | F. Smoker AC v 95
BL-026 Female | Non-responder | 61 | F. Smoker AC v 20
BL-028 Female Responder 75 | F. Smoker SCC I 5
BL-029 Male | Non-responder | 76 | F. Smoker AC v 5
BL-032 Male | Non-responder | 61 | N. Smoker AC v 1
BL-038 Female | Non-responder | 63 | F. Smoker AC v 90
BL-045 Male Responder 65 Smoker AC v 95
BL-046 Male Responder 76 Smoker AC 1Y 1
BL-047 Female | Non-responder | 80 | F. Smoker AC v 60
BL-063 Female | Non-responder | 68 | F. Smoker AC v 0
BL-071 Female Responder 38 | F. Smoker AC v 10
BL-101 Male | Non-responder | 52 | N. Smoker AC v 5
BL-122 Female Responder 78 Smoker SCC v 3

Table 3.1: Patient information. Abbreviations: F. Smoker, Former Smoker; N.

Smoker, Never Smoker; SCC, squamous cell carcinoma; AC, adenocarcinoma.

Sex Male 9 (50%)

Female 9 (50%)

Respons Responder 8 (45%)

Non-responder 10 (55%)

Age Range 38-80

Median 68 years old

Smoking Smoker 7 (39%)

F. Smoker 9 (50%)

N. Smoker 2 (11%)

Histology AC 14 (78%)

SCC 4 (22%)

Stage 111 2 (11%)

v 16 (39%)

PD-L1 > 50% 6 (33%)

<50% 12 (67%)

Table 3.2: Metadata for the patient cohort (n = 18).
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3.2 SiMSen-seq

The project used the established SiMSen-seq method for library preparation, next-
generation sequencing, and bioinformatic analysis of the T-cell receptor repertoire
of the patients in the cohort [26]. Blood samples from the patients were prepared
for sequencing using the workflow outlined in Figure 3.2. The sequencing data was
error corrected using the MIGEC method, and analysed and correlated to patient
information in R (version 4.3.3). The SiMSen-seq workflow was also evaluated and
optimised for TCR-beta CDR3 sequencing.

Two-step PCR
amplification

gDNA extraction

from blood W  Sample dilution

=) Fragment Analysis

© o 7 o

Library
turation and ">
dilution

Paired-end

Purification of the Quantification of
> > dena sequencing

sample pool DNA concentration

Figure 3.2: Overview of the workflow for the library preparation process for se-
quencing using the SiMSen-seq method. Generated by the author.

3.2.1 Library preparation

Genomic DNA (gDNA) from blood samples was extracted manually or automat-
ically. Manual extraction was performed using a QIAamp DNA Blood Mini Kit
(QIAGEN, Hilden, Germany) according to the manufacturer’s instructions. Auto-
matic extraction of DNA was performed using an EZ2 instrument with a EZ1&2
DNA Blood 200l kit (QIAGEN, Hilden, Germany) according to the manufacturer’s
instructions.

The concentration of the extracted DNA samples was measured. For the PCR, a
final amount of 200ng DNA in each well was desired. Since all samples have different
starting DNA concentration, it is required to dilute them with nuclease-free or MQ
water.

The PCR was performed in two steps, barcoding PCR (PCR1) and adapter PCR
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(PCR2). In PCRI, primers containing a unique molecular identifier (UMI) and an
adapter anneal to the DNA molecule, which were amplified in three thermal cycles.
The UMI and adapter are protected in a hair-pin structure to prevent primer-dimers.
Two thirds of the product from PCR1 was transferred to PCR2. In PCR2, the hair-
pin loops were broken and straightened out as a result of an increase in temperature,
allowing [llumina sequencing indexes to anneal to the adapters. The DNA fragments
were amplified in 27 thermal cycles.

For this work, the primers used for PCR amplification were obtained from the Eu-
roClonality Consortium [30]. They are designed as forward and reverse primers for
paired-end sequencing. The forward primer anneals to the V-segment of the TCR
region, and the reverse primer anneals to the TCR J-segment. The V-segment is
divided into 30 subgroups, (named TRBV1 to TRBV 30), which are in turn divided
into genes, (TRBV3-1, TRBV3-2 etc.), and alleles (TRBV3-1*01 etc.) according
to the international ImMunoGeneTics information system [31]. The J-segment is
divided into two subgroups (TRBJ1 and TRBJ2), which are also divided into genes
(TRBJ1-1, TRBJ1-2 etcetera) and alleles (TRBJ1-1*01) [32].

After amplification, the length of the DNA fragments were analysed to ensure cor-
rect amplification. This was done using a Fragment Analyzer (Agilent Technolo-
gies). The samples were diluted 1:10 in TE buffer. The Fragment Analyzer plate
was prepared using NGS Fragment kit (1-6000bp), according to the manufacturer’s
protocol. The resulting data was analysed in Agilent ProSize data analysis software.
The software provides information about fragment length and concentration. The
fragments of interest are approximately 350bp long. From this data, the samples
with fragments of correct length were selected for the next steps in the analysis.

Before pooling, the samples were normalised to ensure an equal representation in
the pool, achieving uniform quantity for all components and an equal number of
sequencing reads per UMI and sample. The samples from the PCR2 plate were
pooled in an Eppendorf tube.

Purification was performed in two steps using AmPureXP magnet beads (Beckman
Coulter, Brea, CA, USA) and the Pippin Prep system (Sage Science, Beverly, MA|
USA). For bead purification, double the volume of beads was added to the pool and
70% EtOH was used for clean up. The bead pellet was then resuspended in 60yl
of nuclease-free water. For Pippin Prep, loading solution was added to the tube,
vortexed, and spun down. The pool was separated on a gel plate to isolate fragments
between 250-450bp, resulting in 40pul of purified eluate.

The purified pool was then analysed on TapeStation (Agilent Technologies, Santa
Clara, CA, USA) with a High sensitivity D1000 kit and Qubit (Thermo Fisher Sci-
entific, Waltham, MA, USA) with a 1X dsDNA High Sensitivity (HS) kit, according
to the manufacturer’s instructions, to ensure the purification steps were success-
ful. For TapeStation, 2pul of buffer solution and 2ul of pool or ladder were added
to sample tubes, vortexed and spun down. After analysis, the average fragment
length and concentration of the pool were obtained. The pool with the best result,
i.e. the highest peak, was then measured in triplicate on Qubit, and the average
concentration was calculated.

15



3. Materials and methods

3.2.2 Sequencing using NextSeq (Illumina)

The pool was diluted to InM. The pool and PhiX were then denatured separately
with NaOH, neutralised with Tris-HCI and prepared to a 20pM denatured pool or
PhiX. The last step in the preparation was to mix the library pool solution with
PhiX to reach a final concentration of 20% PhiX in the library pool solution. The
pool was then ready to be loaded into the Illumina NextSeq instrument and start
sequencing. This was done using a NextSeq 550 Dx (Illumina, San Diego, CA, USA)
Kit: NextSeq 500/550 Mid Output Kit v2.5 (300 Cycles). A total of 96 samples

were sequenced and divided between two runs with 48 samples on each run.

3.3 Error correction and analysis of data

Quality scores and parameters from the sequencing runs were obtained as MultiQC
reports. The raw sequencing results were error corrected using a MIGEC pipeline
[29]. The outputs from the pipeline were obtained as .txt files, which were compiled
and analysed using R (version 4.3.3) with the immunarch package.

For each patient and time point, information about all discovered unique CDR3
sequences was obtained, including their nucleotide and amino acid sequence and
V/D/J-segments used. Every unique CDR3 sequence corresponds to a unique T-
cell clonotype. The sequencing information was compiled to show a summary of
the total number of unique clonotypes, the total number of clones, as well as the
amount of times every V-segment was found in each sample. Several diversity in-
dices were also calculated for each sample, including Chaol, Shannon, Simpson,
Gini-Simpson, and D50. Ultimately, the D50 and Shannon indices were selected for
the report. For each patient, the top 10 clonotypes with the highest variation across
the time points were analysed. This was done by counting the amount of times each
clonotype was observed in each time point, and calculating the standard deviation
for each clonotype between the time points. The 10 clonotypes with the highest
standard deviation were selected and their frequencies at each time point were vi-
sualised. These results gave insight into clonotype diversity and clonal expansion,
which were correlated with clinical patient information. To simultaneously evaluate
relationships between TRBV segment usage and longitudinal sample profiles, unsu-
pervised two-way hierarchical clustering was performed using the pheatmap package
in R. Both rows (unique V-segments) and columns (sample time points) were clus-
tered using Euclidean distance and complete linkage, allowing for the identification
of coordinated V-segment expression modules.
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Results and discussion

In total, 18 patients were included in the cohort, and resulted in a total of 96 different
samples. For some patients, certain time points were not included due to missing
samples. An overview of the data regarding total number of clones, total number
of unique clonotypes, D50 and Shannon diversity indices for each patient and time
point is compiled in Table A.1 in Appendix A.

4.1 Sequencing quality parameters

SiMSen-seq requires a high read depth to ensure that each unique UMI receives
multiple reads, which enables error correction using consensus reads through the
MIGEC method [26]. By using 200ng of input DNA to each sample, the number of
required reads per sample was calculated to be approximately 2,3M. The sequencing
kit used has a capacity for 130M single reads (260M paired-end reads) and with a
Phix concentration of 20% in the library pool, the required amount of reads per
sample was calculated to be approximately 2,2M [33]. Tables A.2 and A.3 in Ap-
pendix 1 include the general information provided from the MultiQC reports from
the two sequencing runs of the patient samples. Table 4.1 shows information from
the MultiQC reports. The average total number of reads per sample was 2,9M and
the median was 2,7M, including the values from both runs in the metrics. The lowest
and highest number of total reads were 1,5M and 7,8M, respectively. The sum of
all total number of reads per sample was approximately 282M, which is higher than
the 260M paired-end reads the sequencing kit provides. The cluster densities on the
flow cells for the two sequencing runs were 255 K/mm? and 233 K/mm?. These are
higher than the optimal values between 170-220 K/mm?, which might have a neg-
ative effect on data quality [34]. However, the high reads depths indicate that the
SiMSen-seq workflow followed in this study was successful for TCR-beta sequencing.

| Number of samples | M reads (average) | M reads (range) | Cluster density [K/mm?]

Run 1 48 3,00 1,5-59 255
Run 2 48 2,88 1,7-78 233

Table 4.1: Summary of the number of reads per sample for the two sequencing
runs performed, and cluster densities on the flow cells.
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4.1.1 Evaluation of primer sequences

Table 4.2 gives an overview of the V-segments covered by the EuroClonality primers.
The second column provides information about the V-segments found in the se-
quencing data after error correction using the MIGEC pipeline and further analysis
in R. To begin, not all of the known V-segments were covered by the primers, which
means they were not amplified and sequenced. This would lead to uncompleted
results when analysing the TCR repertoires for the patients, since not all possible
CDR3 sequences could be amplified. Moreover, the V-segments marked in red in the
output column are V-segments that were found in the data without having a primer
containing the matching sequence. It should not be possible for these V-segments
to show up in the data, since they shouldn’t have been amplified in the PCR steps
without a matching primer sequence. This indicates that the primers were able to
amplify more V-segments than initially reported. There are also V-segments that
were represented by the primers, but not found in the data. These segments might
be rare, which could be an explanation as to why they are not found in the patient
cohort.

Table 4.3 contains information about the J-segments covered by the EuroClonality
primers, and the J-segments found in the sequencing output. As seen in the table,
there are no mismatches between the primer sequences and the segments found in
the data.
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Primers ‘ Sequencing output
TRBV2 TRBV2
TRBV3-1 TRBV3-1

TRBV3-2
TRBV4-1 TRBV4-1
TRBV4-2 TRBV4-2
TRBV4-3 TRBV4-3
TRBV5-1 TRBV5-1
TRBV5-3
TRBV5-4 TRBV5-4
TRBV5-5 TRBV5-5
TRBV5-6 TRBV5-6
TRBV5-7*01
TRBV5-8 TRBV5-8
TRBV6-1
TRBV6-2 TRBV6-2
TRBVG6-3
TRBV6-4 TRBVG6-4
TRBVG6-5
TRBV6-6 TRBV6-6
TRBV6-7
TRBV6-9
TRBV7-2
TRBVT-3 TRBVT7-3
TRBV7-4
TRBVT-5
TRBVT7-6
TRBVT7-7 TRBVT-7
TRBVT7-8 TRBVT7-8
TRBVT-9 TRBVT-9
TRBV9 TRBV9
TRBV10-1
TRBV10-2 TRBV10-2
TRBV10-3 TRBV10-3
TRBV11-1 TRBV11-1
TRBV11-2
TRBV11-3
TRBV12-3 TRBV12-3
TRBV12-4 TRBV12-4
TRBV12-5 TRBV12-5
TRBV13 TRBV13
TRBV14 TRBV14
TRBV15 TRBV15
TRBV16 TRBV16
TRBV18 TRBV18
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TRBV19 TRBV19
TRBV20-1 TRBV20-1
TRBV21-1
TRBV23-1
TRBV24-1 TRBV24-1
TRBV25-1 TRBV25-1

TRBV27 TRBV27

TRBV28 TRBV28
TRBV29-1 TRBV29-1

TRBV30 TRBV30

Table 4.2: Comparison of V-segments represented by primers, and V-segments
found in sequencing output. Annotations TRBVX-Y*Z: TRBV, T-cell Receptor
Beta V-segment; X, subgroup of V-segment; Y, subgroup gene; Z, allele. V-segments
marked in red indicate a lack of matching primer sequence.

Primers ‘ Sequencing output
TRBJ1-1 TRBJ1-1
TRBJ1-2 TRBJ1-2
TRBJ1-3 TRBJ1-3
TRBJ1-4 TRBJ1-4
TRBJ1-5 TRBJ1-5
TRBJ1-6 TRBJ1-6
TRBJ2-1 TRBJ2-1
TRBJ2-2 TRBJ2-2
TRBJ2-3 TRBJ2-3
TRBJ2-4 TRBJ2-4
TRBJ2-5 TRBJ2-5
TRBJ2-6*01,*02 TRBJ2-6
TRBJ2-7 TRBJ2-7

Table 4.3: Comparison of J-segments represented by primers, and J-segments found
in sequencing output. Annotations TRBJX-Y*Z: TRBJ, T-cell Receptor Beta-chain
J-segment; X, subgroup of J-segment; Y, subgroup gene; Z, allele.
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4.1.2 V-segment presence

Figure 4.1 shows the hierarchical clustering of the V-segments for all patients at all
time points, and the corresponding frequencies. The x-axis shows the samples for
each patient and time point and the y-axis shows the V-segments found in the se-
quencing data. The heatmap shows the frequency of each V-segment in the samples,
and the dendrogram groups both samples and V-segments based on similarity. As
expected, the general trend is that the time points from the same patients cluster
together, meaning that the variation in V-segment frequency varies more between
patients than between time points in the same patient. This would be expected due
to the highly personalised nature of the TCR-beta repertoire. The patient samples
did not necessarily cluster in chronological time point order, reflecting the dynamic
variations in V-segment frequency during immunotherapy treatment. However, a
few patient time points broke away from their patient clusters, although they did
not show any specific increased frequencies for any V-segments, indicating an in-
crease in the diversity of the TCR-beta repertoire rather than increased clonality.

The large darker band corresponding to low frequency close to zero, shows the V-
segments that do not seem to be used during T-cell response to treatment. The
V-segments with the highest frequencies, marked in orange and red, seem to be
patient-specific, only occurring in high frequency in one patient, while being low in
the rest. Towards the bottom of the heatmap are the V-segments that are used in
frequencies closer to 0.1, which can be interpreted as the ones most affected dur-
ing immunotherapy treatment. There seems to be no apparent clustering between
responders and non-responders, again indicating the patient-specific nature of the
TCR-beta repertoire.

IIJ“T

|
1

L R T
n A i

Figure 4.1: Hierarchical clustering heatmap over all TRBV-segments included in
the sequencing data from the patient cohort.

21



4. Results and discussion

4.2 'T-cell diversity

As mentioned, there is a connection between T-cell diversity and response to treat-
ment [35]. It has been found that patients that have a high number of unique T-cell
clonotypes (richness) have responded well to treatment. It is also said that patients
with a more even distribution of clones over the different clonotypes (evenness)
respond better to treatment as well.

4.2.1 Number of unique clonotypes

For the patient cohort in this study, there is a clear connection between the number
of clonotypes and response to treatment. This can be seen in Figure 4.2, where the
non-responders are marked in red and the responders are marked in blue. The trend
for responders is that they have a much higher amount of unique T-cell clonotypes
already from the start of treatment. Table 4.4 contains the differences in the median
values between responders and non-responders for each time point. The values were
calculated as:

Dz’fference’(%) = [medianiesponder - median;on—responder]/median;esponder (41)
where i corresponds to a time point A through F/1 year. The far right column
shows the difference in median for all samples from all time points. The general
trend for both non-responders and responders is that the median number of clono-
types increases from start point A (before treatment). However, it increases until
approximately time point D for non-responders (9 weeks after start of treatment),
before it decreases to point E (12 weeks after start of treatment). For the time point
of progress (F), the median number of clonotypes has decreased to a point below
the starting point.

For responders, the median number of clonotypes increases slightly from the starting
point (A) until sample point E (12 weeks after treatment start). For the sample
after 1 year, the trend is the same as for non-responders, namely that the number
of clonotypes significantly drops to a level below the starting point. Compared
to the non-responder group, the responders have a 33% higher median number of
clonotypes overall, and a 55% higher median value at baseline. These results are in
line with the literature [35][19], which reports responders having a higher number of
unique clonotypes at baseline. The better response might be since a higher number
of unique clonotypes at the start of treatment can be activated by ICI therapy and
be active towards tumour cells.

When considering individual plots of the number of clonotypes for each patient,
Figure 4.3 to 4.5 for responders and non-responders, there is no apparent correlation
between number of unique clonotypes and response to treatment. This indicates
that this measure is not sufficient on its own to predict response to treatment, and
highlights the need to combine with other measures.
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TCR Richness at timepoint A to F/1-year

Unique Clonatypes.

Figure 4.2: Number of unique clonotypes in non-responders vs responders.

Unit %-points | A | B | C | D | E |F/1 year | Total

Non-responders | 628 | 829 | 990 | 1030 | 751 516 859
Responders 1388 | 1343 | 1389 | 1359 | 1499 1011 1288
Difference 55% | 38% | 29% | 24% | 50% 49% 33%

Table 4.4: Difference in median values of the D50 index expressed in percentage.
Compared for time points A through F/1 year for responders and non-responders,
and the difference in median values across all time points.
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Figure 4.3: Number of unique clonotypes in patients BL-005 to BL-025
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Figure 4.4: Number of unique clonotypes in patients BL-026 to BL-045
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Figure 4.5: Number of unique clonotypes in patients BL-046 to BL-122.
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4.2.2 D50 index

Another metric for diversity is the evenness of the repertoire, which was mea-
sured and analysed using the D50 index. Figure 4.6 shows the D50 index for non-
responders and responders across the sample time points. A higher D50 index has
been correlated with patient response to immunotherapy treatment [35], and this
trend can also clearly be seen in the Figure. The median of the D50 index across
all samples for responders is 8 percentage points higher than for non-responders, as
seen in Table 4.5. Before start of treatment at time point A, the responders have
a D50 index median that is 12 percentage points higher than non-responders. The
D50 median increases from time point A to B for non-responders and remains at
a higher level than baseline for all time points. This indicates a more diverse T-
cell repertoire, but since these patients are non-responders, the increased clonotypes
might be non-specific to tumour response. On the other hand, the responders have
a median D50 index that decreases from time point A to the 1 year point. The de-
crease in diversity might indicate an increase in tumour specific T-cell clones, which
would be an expected response to treatment.

D50 at timepoint A to F/1-year

il

Timepoint

Figure 4.6: D50 index for non-responders vs responders.

| A | B | C | D | E |F/1year| Total

Non-responders | 9.49 | 14.33 | 14.48 | 12.32 | 13.39 14.73 13.01
Responders 21.59 | 19.70 | 19.46 | 19.74 | 21.27 16.55 20.62
Difference* 12 5 5 7 8 2 8

Table 4.5: Difference in median values of the D50 index expressed in percentage.
Compared for time points A through F/1 year for responders and non-responders,
and the difference in median values across all time points. * The units are expressed
as percentage points.

4.2.3 Shannon index

A third diversity index is the Shannon index, which considers both richness and
evenness at the same time. An increase of the Shannon index means that the
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repertoire consists of more evenly distributed clones among all the clonotypes. As
seen in Figure 4.7, it follows the same trend as for the richness and D50 measures,
namely that the responders have higher median values than non-responders, also
seen in Table 4.6. At time point A, responders have a 10% higher median value than
non-responders, and a total median value that is 9% higher. The higher Shannon
index corresponds with higher T-cell repertoire diversity, which has been correlated
to better response to ICI treatment [19]. For responders, the index is steady at values
close to the value at time point A, before it decreases for the 1 year point. This is an
indication of a more stable, diverse repertoire for responders during the initial phase
of treatment. The lower value after 1 year is a sign of decreased diversity, which
might indicate an expansion of clonotypes engaged in the long-term anti-tumour
response. For non-responders, the index fluctuates more around the value at time
point A, which might indicate a less diverse repertoire.

Together, the number of unique clonotypes, and D50 and Shannon indices describe
different parameters of diversity of the T-cell repertoire in the patients. The results
indicate that a higher diversity of the repertoire is associated with a better response
to anti-PD-1/PD-L1 treatment, which is also supported by the literature.

Shannon diversity at timepoint A to F/1-year

Figure 4.7: Shannon index for non-responders vs responders.

| A | B | C | D | E |F/1year| Total

Non-responders | 6.177 | 6.018 | 6.233 | 6.373 | 6.102 5.693 6.193
Responders 6.899 | 6.981 | 6.974 | 6.880 | 7.012 6.397 6.836
Difference 10% | 14% | 11% | ™% | 13% 11% 9%

Table 4.6: Difference in median values of the Shannon index expressed in per-
centage. Compared for time points A through F/1 year for responders and non-
responders, and the difference in median values across all time points.

4.3 TCR clonal expansion

Patients with increased clonal expansion of T-cells from pre-treatment to post-
treatment have been reported to respond well to anti-PD-1/PD-L1 treatment [19].
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This would be expected since a re-activation of T-cells by the therapy facilitates
tumour cell recognition and an immune response, when the T-cells proliferate abun-
dantly. The frequencies of the top 10 most variable clonotypes are tracked across
all time points for each patient and visualised and included in Appendix 2. Figures
B.1 to Figure B.8 are responders and Figure B.9 to Figure B.18 are non-responders.
When considering the clonal expansions for both responders and non-responders,
there seems to be no apparent pattern, pointing to a highly individualised immune
response for the patients. Some responders such as Figures B.2, B.4, and B.7 seem
to have little expansion, with the clonotypes having roughly the same frequency
across all time points. For others such as patients in Figures B.1, B.3, B.5, B.6, and
B.8, there seems to be a pattern of low frequency for the initial time points, and an
increase in frequency for the later time points, indicating immune response. How-
ever this can be explained by variation in when the patients responds to treatment,
since not all respond after the initial treatment cycle. Interestingly, patient BL-
009, Figure B.2, was classified as a complete responder to treatment across all time
points, and does not show any clonal expansion, but rather a uniform distribution
already from before start of treatment. Since all 10 clonotypes are represented in all
time points, it indicates a diverse repertoire, which would be in line with previous
findings, namely that responders have a high diversity.

For non-responders, there are similar patterns of patients with low clonal expansion,
as seen in Figures B.9, B.10, B.11, B.13, B.14, B.15, B.16, and B.17. The frequencies
of the clonotypes can vary, either decreasing over time or staying roughly the same.
This would be a more expected result for non-responders since it would indicate low
immune response to treatment. Figures B.12, and B.18 have a greater expansion
of certain clones over time. However, since not all clonotypes are represented for
each time point, it indicates a lower diversity, which again would be consistent with
previous results that connect non-responders with low repertoire diversity.

These ambiguous results for the individual patients in the cohort show that track-
ing specific clonotypes in an individual is not a sufficient predictor for response to
treatment. Rather, a broader perspective over the entire T-cell repertoire would be
better to consider.

4.4 Future outlooks

While this study provides valuable insights into how the T-cell repertoire changes
during immunotherapy, more research is needed to use these metrics in clinical
practice. First, future studies should include a larger number of NSCLC patients.
Expanding the patient cohort is necessary to confirm the patterns observed in the
Shannon and D50 indices, and the number of clonotypes, and to ensure the results
apply to a broader population.

Furthermore, it would be highly valuable to compare blood samples with tissue biop-

sies from the tumour microenvironment (TME). By comparing tumour-infiltrating
lymphocytes (TILs) directly with T-cells in the blood, the exact clonotypes that are
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actively fighting the tumour could be identified. They can then be tracked in the
blood over time to see for e.g. clonal expansion. If responding patients share the
same active clonotypes, clinical tests could focus strictly on tracking these specific
clones, which would remove a lot of background noise from the data.

Additionally, future research should correlate TCR data with other health conditions
or diseases that patients have at the same time as their cancer. Since T-cells expand
and change in response to many different illnesses, knowing the patients’ full medical
history is essential to separate tumour responses from unrelated immune events in
the blood. Ultimately, more comprehensive research is still needed to develop reliable
biomarkers that can accurately predict response to anti-PD-1/PD-L1 therapy.
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Conclusion

This study investigated the relationship between T-cell receptor repertoire character-

istics and response to anti-PD-1/PD-L1 immunotherapy in patients with non-small
cell lung cancer (NSCLC).

The results demonstrate that patients who responded to treatment generally exhib-
ited higher T-cell repertoire diversity than non-responders. Responders showed a
greater number of unique clonotypes as well as higher D50 and Shannon diversity
indices throughout the treatment period. These findings are consistent with previ-
ous studies suggesting that a diverse T-cell repertoire might enhance the ability of
the immune system to recognize and respond to tumour-associated antigens.

In contrast, analysis of clonal expansion patterns revealed substantial inter-patient
variability and no consistent differences between responders and non-responders.
This suggests that monitoring individual clonotypes alone is unlikely to provide
a robust predictor of treatment outcome. Instead, global measures of repertoire
diversity appear to provide more informative indicators of therapeutic response.

Overall, the findings support the potential of TCR repertoire diversity as a biomarker
for immunotherapy response in NSCLC. However, the limited cohort size and the
heterogeneity of patient responses highlight the need for larger validation studies.
Future work should integrate TCR sequencing with tumour tissue analysis and addi-
tional clinical parameters to further evaluate the utility of repertoire-based biomark-
ers in precision medicine.
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A

Appendix A

This Appendix contains a summary of the patient data from sequencing, including
total number of clones, total number of unique clonotypes, as well as D50 and
Shannon diversity indices. The quality results from the two sequencing runs are
also displayed.
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Patient Timepoint Clones Clonotypes D50 index Shannon index

BL-005 A 1818 1089 263 6.853
B 1124 800 205 6.585
C 4708 3727 935 8.103
D 1569 1166 284 6.946
E 4152 3007 725 7.889
I 1878 1292 267 6.898
BL-009 A 3919 1448 17 2.590
B 2763 1150 22 5.628
C 1964 873 27 5.601
D 2654 1065 16 5.468
E 2430 954 16 5.401
I 1967 866 26 2.556
BL-014 A 3067 1380 139 6.184
B 2537 1622 292 6.924
D 2034 1420 281 6.866
E 1627 1213 283 6.907
BL-015 A 2024 433 4 3.850
B 2665 883 ) 4.692
D 2299 771 7 4.792
E 1194 234 15 5.192
BL-021 A 1002 955 38 5.456
B 802 370 25 5.000
C 1011 424 21 5.004
D 1046 609 75 2.756
E 1134 476 44 5.334
F 448 193 20 4.590
BL-025 A 2858 2087 438 7.337
B 2937 1983 369 7.142
C 2309 1619 302 6.974
D 2135 1496 248 6.814
E 2490 1881 387 7.201
I 2023 806 16 5.329
BL-026 A 1052 628 118 6.170
B 1205 774 166 6.438
C 1621 801 116 6.192
D 1824 1030 125 6.373
E 2098 1135 152 6.495
F 838 016 76 2.693
BL-028 A 3794 1732 11 5.682
B 3278 1467 63 6.113
D 2571 1222 98 5.933
E 2203 1263 107 6.256
I 1878 1098 91 6.155
BL-029 A 2021 012 33 5.123
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BL-032

BL-038

BL-045

BL-046

BL-047

BL-063

BL-071

BL-101
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1697
1350
1597
2128
3023
1887
2315
1653
1039
1139
1118
1390
906
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1273
1510
768
1640
2276
1587
1614
4102
2176
1486
3372
3910
2773
3433
2146
1779
908
1164
1942
813
2222
1847
2501
1379
2783
2753
1299
1178
1671
763
982

554
990
234
1071
1403
1849
1269
1438
1000
471
561
442
253
604
1174
893
1061
201
1130
1798
1380
1389
3351
1734
1011
1937
1779
1602
1828
1042
1310
654
835
1377
295
1499
1284
1737
983
1742
1906
960
913
1395
280
751

39
125

154
256
310
254
263
221
42
41
19
35
134
244
181
216
110
187
453
384
374
905
428
219
154
37
93
187
72
256
119
146
217
101
233
266
302
174
333
356
236
231
369
135
181

5.484
6.233
3.956
6.456
6.835
7.014
6.810
6.804
6.617
5.431
5.549
5.161
5.462
6.217
6.849
6.588
6.763
6.018
6.567
7.395
7.180
7.181
8.038
7.322
6.722
6.524
5.846
6.195
6.545
2.767
6.914
6.191
6.414
6.825
6.102
6.861
6.945
7.139
6.636
7.156
7.256
6.761
6.723
7.163
6.259
6.522
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BL-122 A 1563 1328 363 7.135
B 1533 1305 363 7.114
C 2013 1801 497 7.457
D 2288 1947 542 7.519
E 1276 997 251 6.822
I 759 638 169 6.397

Table A.1: A summary of data for all patients in the cohort, divided by the time
point for sampling.
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Sample Name | % Duplicates (fw/rev) | % Failed (fw/rev) | M Sequences

BL-005-A
BL-005-B
BL-005-C
BL-005-D
BL-005-E
BL-005-F
BL-021-D
BL-021-E
BL-026-B
BL-026-C
BL-026-D
BL-026-E
BL-026-F
BL-029-A
BL-029-B
BL-029-C
BL-029-F
BL-038-A
BL-038-B
BL-038-D
BL-038-E
BL-045-A
BL-045-B
BL-045-C
BL-045-D
BL-045-E
BL-045-1

BL-046-A
BL-046-B
BL-046-C
BL-046-D
BL-046-E
BL-046-1

BL-063-A
BL-063-B
BL-063-C
BL-063-D
BL-063-E
BL-101-B
BL-101-C
BL-101-D
BL-101-E
BL-122-A
BL-122-B
BL-122-C
BL-122-D
BL-122-E
BL-122-F

91.6 / 94.0
93.4 / 94.2
91.7 / 96.0
91.6 / 93.9
90.6 / 94.9
92.1 / 95.7
92.6 / 94.2
92.5 / 93.9
91.9 / 93.0
91.6 / 93.9
92.7 / 94.8
92.3 / 94.7
94.1 / 95.7
91.9 / 93.2
93.5 / 93.8
92.4 / 94.7
92.6 / 93.5
93.1 / 94.2
92.1 / 93.4
93.1 / 93.8
92.6 / 93.9
932/ 95.1
92.7 / 95.5
93.7 / 95.5
93.6 / 95.8
95.0 / 95.8
93.2 / 95.7
92.9 / 95.5
93.8 / 95.8
93.1 / 95.1
92.0 / 95.9
93.0 / 95.5
944 / 955
91.7 / 94.9
942 / 95.3
93.9 / 94.9
93.7 / 96.1
94.6 / 95.5
93.0 / 95.3
93.5 / 95.7
94.4 / 94.9
94.3 / 94.9
93.1/ 95.1
93.6 / 95.4
93.0 / 95.1
93.7 / 96.0
94.5 / 95.3
94.3 / 94.0

45 / 45
45 / 36
18 / 36
36 / 36
36 / 45
18 / 36
45 / 45
45 / 45
45 / 36
45 / 45
45 / 45
45 / 45
27 / 45
45 / 45
45 / 45
45 / 45
45 / 45
36 / 45
36 / 45
36 / 45
45 / 45
27 / 45
18 / 36
18 / 36
18 / 36
27 / 45
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
27 / 45
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
27 / 45
27 / 45
18 / 36
18 / 36
18 / 36
18 / 36
27 / 45
36 / 45

3.2
4.6
2.7
2.6
2.9
2.0
3.2
4.6
2.6
3.6
4.0
4.2
2.7
4.7
5.0
3.6
4.6
5.9
2.7
5.1
4.5
1.8
1.9
2.2
2.7
2.3
2.4
2.7
2.5
2.2
3.4
2.2
3.9
1.5
2.1
1.9
2.0
1.5
1.8
1.9
2.2
24
2.2
24
2.8
3.3
3.6
3.4

Table A.2: QC report general info from sequencing run 1 of 48 samples.
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Sample Name | % Duplicates (fw/rev) | % Failed (fw/rev) | M Sequences

BL-009-A
BL-009-B
BL-009-C
BL-009-D
BL-009-E
BL-009-1
BL-014-A
BL-014-B
BL-014-D
BL-014-E
BL-015-A
BL-015-B
BL-015-D
BL-015-E
BL-021-A
BL-021-B
BL-021-C
BL-021-F
BL-025-A
BL-025-B
BL-025-C
BL-025-D
BL-025-E
BL-025-F
BL-026-A
BL-028-A
BL-028-B
BL-028-D
BL-028-E
BL-028-F
BL-032-A
BL-032-B
BL-032-C
BL-032-D
BL-032-E
BL-032-1
BL-047-A
BL-047-B
BL-047-C
BL-047-D
BL-047-E
BL-063-F
BL-071-A
BL-071-B
BL-071-C
BL-071-D
BL-071-E
BL-101-A

92.8 / 96.7
92.8 / 96.5
92.6 / 96.1
92.8 / 96.6
93.1 / 96.5
93.5 / 96.8
94.1 / 95.9
92.6 / 96.5
93.3 / 96.1
94.1 / 96.4
92.7 / 96.2
92.1 / 96.5
91.6 / 96.2
93.4 / 96.5
93.2 / 95.4
93.9 / 95.7
94.4 / 96.1
94.4 / 95.4
91.8 / 96.1
92.4 / 96.3
93.4 / 96.2
93.1/ 96.5
93.1/ 95.8
92.8 / 96.5
95.0 / 96.4
91.3 / 96.1
92.8 / 96.6
93.9 / 94.8
92.4 / 96.0
92.5 / 96.0
93.4 / 96.2
94.0 / 96.4
92.6 / 96.5
93.2 / 96.0
92.8 / 96.6
93.2 / 96.1
92.5 / 96.1
92.2 / 97.0
92.5 / 96.1
93.1 / 96.9
94.0 / 96.2
93.6 / 96.3
93.3 / 96.3
92.5 / 96.5
93.6 / 96.0
92.7 / 96.6
92.5 / 96.4
94.0 / 95.4

18 / 36
18 / 36
18 / 36
27 / 36
27 / 36
18 / 36
27 / 45
18 / 36
27 / 45
27 / 45
36 / 45
27 / 36
18 / 36
27 / 45
27 / 45
27 / 36
27 / 45
36 / 45
18 / 36
18 / 36
18 / 36
18 / 36
27 / 45
18 / 36
36 / 45
18 / 36
18 / 36
18 / 36
18 / 36
18 / 36
27 / 45
18 / 36
18 / 36
27 / 45
18 / 36
27 / 45
18 / 36
18 / 36
27 / 45
18 / 36
27 / 45
18 / 36
18 / 36
18 / 36
27 / 45
18 / 36
18 / 36
27 / 45

4.7
3.0
2.3
2.5
2.9
3.1
7.8
2.7
3.3
2.9
3.9
2.6
2.2
2.3
2.0
2.3
3.1
2.6
2.3
2.6
3.5
2.2
80
2.2
4.5
1.9
3.4
3.3
1.9
1.7
2.5
3.3
2.6
2.2
2.4
3.5
3.1
2.7
2.3
3.8
4.7
2.3
1.9
2.0
2.1
2.8
2.1
3.1

Vable A.3: QC report general info from run 2 of 48 samples.
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Appendix B

This Appendix contains plots of the top 10 most variable clonotypes for each of the
patients in the cohort, from the time points A to F (non-responders) and A to 1 year
(responders). The numbers 1-10 in the legend refer to the most variable clonotypes
across all sampling time points, with 1 being the most variable. Each number
corresponds to a unique clonotype, i.e., a unique CDR3 sequence, and the same
10 clonotypes are tracked across all time points. When choosing the most variable
clonotypes, the standard deviation of the abundance of each clonotype between the
available time points was calculated. The 10 clonotypes with the highest standard
deviation were chosen. The x-axis in the plots shows the sampling time points and
the y-axis shows frequency of the clonotypes.

Top 10 clonotype distribution in BL-005 over time

-

BL-005-A BL.005.B BL005-C BL.005D BL.00S-E BLO0SF

Figure B.1: Clonal expansion for patient BL-005 (responder)
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Top 10 clonotype distribution in BL-009 over time
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Figure B.2: Clonal expansion for patient BL-009 (responder)

Top 10 clonotype distribution in BL-025 over time
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Figure B.3: Clonal expansion for patient BL-025 (responder)

Top 10 clonotype distribution in BL-028 over time
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Figure B.4: Clonal expansion for patient BL-028 (responder)
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Top 10 clonotype distribution in BL-045 over time
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Figure B.5: Clonal expansion for patient BL-045 (responder)

Top 10 clonotype distribution in BL-046 over time
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Figure B.6: Clonal expansion for patient BL-046 (responder)

Top 10 clonotype distribution in BL-071 over time
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Figure B.7: Clonal expansion for patient BL-071 (responder)
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Top 10 clonotype distribution in BL-122 over time
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Figure B.8: Clonal expansion for patient BL-122 (responder)

Top 10 clonotype distribution in BL-014 over time
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Figure B.9: Clonal expansion for patient BL-014 (non-responder)

Top 10 clonotype distribution in BL-015 over time
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Figure B.10: Clonal expansion for patient BL-015 (non-responder)
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Top 10 clonotype distribution in BL-021 over time
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Figure B.11: Clonal expansion for patient BL-021 (non-responder)

Top 10 clonotype distribution in BL-026 over time
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Figure B.12: Clonal expansion for patient BL-026 (non-responder)

Top 10 clonotype distribution in BL-029 over time
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Figure B.13: Clonal expansion for patient BL-029 (non-responder)
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Top 10 clonotype distribution in BL-032 over time
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Figure B.14: Clonal expansion for patient BL-032 (non-responder)

Top 10 clonotype distribution in BL-038 over time
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Figure B.15: Clonal expansion for patient BL-038 (non-responder)

Top 10 clonotype distribution in BL-047 over time
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Figure B.16: Clonal expansion for patient BL-047 (non-responder)
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Top 10 clonotype distribution in BL-063 over time
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Figure B.17: Clonal expansion for patient BL-063 (non-responder)

Top 10 clonotype distribution in BL-101 over time
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Figure B.18: Clonal expansion for patient BL-101 (non-responder)
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