
  

 

Antigen specificity of tumor-infiltrating 
lymphocytes (TILs) in non-small cell lung 

cancer (NSCLC) 
 

Dissertation 
 

To obtain the doctoral degree (Dr. rer. nat.) of the 

Faculty of Biology at the 

Johannes Gutenberg University Mainz 

 

Submitted by 

Christoph Nico Doppler, M.Sc. in Biomedicine, 

born on April 1st, 1993, 

in Schwetzingen, Germany 

 

 

Mainz, March 2025 





Table of Contents 

3 

Table of Contents 

1) Summary ...................................................................................................................................... 7 

1.1 Summary in English ................................................................................................................. 7 

1.2 Summary in German ................................................................................................................ 8 

2) Introduction ................................................................................................................................. 9 

2.1 Scientific purpose and overall aim of the study ....................................................................... 9 

2.2 T cell-mediated antigen recognition ...................................................................................... 10 

2.2.1 Antigen presentation via MHC class I and MHC class II ............................................... 10 

2.2.2 T cell receptor-mediated binding of MHC-presented target antigens ............................. 11 

2.3 The role of CD4+ and CD8+ T cells during tumor cell eradication ...................................... 12 

2.4 Challenges in T cell-mediated tumor immunity .................................................................... 13 

2.4.1 Immune evasion mechanisms of cancer cells ................................................................. 13 

2.4.2 Central tolerance mechanisms may reduce the diversity of tumor-reactive T cells ....... 15 

2.5 Tumor-specific vs. tumor-associated antigens ....................................................................... 15 

2.5.1 TAAs: Potent targets for T cell-based immunotherapies ................................................ 15 

2.5.2 TSAs: Ideal targets for cancer immunotherapy .............................................................. 17 

2.5.2.1 Neoantigens arising from tumor-specific SNVs, MNVs, InDels, and gene fusions . 17 

2.5.2.2 Alternative TSAs: Oncoviral proteins, TEIPPs, and many more .............................. 17 

2.6 Treatment guidelines for non-small cell lung cancer (NSCLC) ............................................ 19 

2.6.1 Lung cancer subtypes...................................................................................................... 19 

2.6.2 Treatment guidelines for stage I to stage III NSCLC ..................................................... 19 

2.6.3 Treatment strategies for metastatic stage IV NSCLC ..................................................... 20 

2.6.3.1 Targeted therapy for NSCLC .................................................................................... 21 

2.6.3.2 Immunotherapies: Current strategies for the treatment of NSCLC ........................... 21 

2.7  T cell-based immunotherapies ............................................................................................... 22 

2.7.1 Classification of T cell-based immunotherapies ............................................................. 22 

2.7.1.1 TIL-based ACTs ........................................................................................................ 23 

2.7.1.2 ACTs based on genetically modified T cells: TCR-engineering and CARs ............. 24 

2.7.2 Designing TCR-engineered T cell immunotherapies ..................................................... 25 

2.7.2.1 Common strategies for the identification of suitable T cell target antigens .............. 25 

2.7.2.2 Recurrent KRAS mutations as promising target neoantigens ................................... 26 

2.7.2.3 Identification of potentially tumor-reactive T cells among patient-derived TIL 
populations ................................................................................................................ 28 

2.7.2.4 Identification of potentially tumor-specific TCR candidates by clustering of highly 
related TCRs with potentially similar target antigen specificity ............................... 28 

3) Results ........................................................................................................................................ 30 

3.1 Objectives and overall experimental strategy ........................................................................ 30 



Table of Contents 

4 

3.2 Identification of a mutated KRAS neoantigen recognized by three tumor-specific TCRs 
cloned from TILs of NSCLC patient P18 .............................................................................. 31 

3.2.1 Identification of three tumor-reactive TIL clonotypes in NSCLC patient P18 ............... 31 

3.2.2 Three tumor-specific P18 TCRs specifically recognize a KRASQ61H neoantigen .......... 35 

3.2.3 Further characterization of three KRASQ61H neoantigen-specific P18 TCRs ................. 38 

3.2.4 Three P18 TCRs recognize KRASQ61H-positive NCI-H460 tumor cells ........................ 42 

3.2.5 P18 TCR 54.2 recognizes a non-identified target antigen present in HLA-A*02:01-
positive MZ-LC-16 lung cancer cells ............................................................................. 47 

3.3 Potentially tumor-specific TCRs cloned from tumor-infiltrating lymphocytes of NSCLC 
patients P43 and P50 .............................................................................................................. 49 

3.3.1 Identification of potentially tumor-specific TCR clonotypes in NSCLC patients P43 and 
P50 .................................................................................................................................. 49 

3.3.2 In silico neoantigen candidate prediction for NSCLC patients P43 and P50 ................. 52 

3.4  TCR sequence homology as a strong indicator for shared target antigen specificity ............ 55 

3.4.1 Using TCR homology screenings to identify a CMV-derived target antigen recognized 
by P50 TCR 36.7 ............................................................................................................ 55 

3.4.2 TCR homology clustering as potent strategy for the identification of highly related 
TCRs with similar target recognition patterns................................................................ 57 

3.4.3 Cluster C-derived TCRs mediate similar target recognition of transgenic TCR-T cell 
populations ..................................................................................................................... 60 

3.4.4 Ongoing projects: Recognition testing of cluster G-derived TCRs ................................ 62 

4) Discussion ................................................................................................................................... 65 

4.1 Direct identification of potentially tumor-specific T cell clonotypes from patient-derived 
CD8+ TIL populations ........................................................................................................... 65 

4.2 Comparative WES and RNA-Seq as a potent strategy for the efficient identification of 
tumor-specific mutations in NSCLC patients ........................................................................ 67 

4.3 Using in silico HLA binding predictions for the selection of potentially immunogenic 9-   
and 10-mer neopeptide candidates ......................................................................................... 68 

4.4 Establishing transgenic TCR-T cells for further neoantigen recognition testing ................... 70 

4.5 Efficiency assessment: Identification of tumor-specific T cells in patient-derived TIL 
populations ............................................................................................................................. 72 

4.6 KRASQ61H as a potent target for T cell-based immunotherapies ............................................ 74 

4.7 In silico TCR clustering: A potent strategy for the identification of tumor-reactive TCRs  
with shared antigen specificities ............................................................................................ 78 

5) Materials .................................................................................................................................... 82 

5.1 Cells and bacteria ................................................................................................................... 82 

5.2 Materials and consumables .................................................................................................... 85 

5.3 Molecular compositions of buffers, chemical solutions, and cell culture media ................... 89 

5.4 Enzymes and buffers .............................................................................................................. 91 

5.5 Vectors ................................................................................................................................... 92 

5.6 Oligonucleotides .................................................................................................................... 93 



Table of Contents 

5 

5.7 Antibodies .............................................................................................................................. 95 

5.8 Software ................................................................................................................................. 96 

6) Methods ...................................................................................................................................... 98 

6.1 Cell culture and bacteria ........................................................................................................ 98 

6.1.1 Tumor cell culture ........................................................................................................... 98 

6.1.1.1 Non-adherent tumor cells .......................................................................................... 98 

6.1.1.2 Adherent tumor cells ................................................................................................. 98 

6.1.2 T cell culture ................................................................................................................... 98 

6.1.3 Phoenix-Ampho cell culture ........................................................................................... 98 

6.1.4 Cell counting and determination of cell viability ........................................................... 99 

6.1.5 Cryopreservation of tumor cell lines and human T cells ................................................ 99 

6.1.6 Thawing of cryopreserved tumor cells and human T cells ............................................. 99 

6.1.7 Glycerol storage of E. coli bacteria cultures ................................................................. 100 

6.1.8 Thawing of E. coli bacteria cultures ............................................................................. 100 

6.2 Processing of NSCLC patient material ................................................................................ 100 

6.2.1 Resection of human lung and NSCLC tissue samples .................................................. 100 

6.2.2 Disruption of human lung and NSCLC tissues ............................................................. 101 

6.2.3 Homogenization of human lung and NSCLC tissues ................................................... 101 

6.2.4 Establishing single cell suspensions from human lung and NSCLC tissues ................ 101 

6.2.5 Limited dilution cloning ............................................................................................... 102 

6.3 Immunobiology .................................................................................................................... 102 

6.3.1 Purification of PBMCs from human leukocyte concentrates ....................................... 102 

6.3.2 MACS: Isolation of human T cells from purified PBMCs ........................................... 102 

6.3.3 OKT3-mediated expansion of human T lymphocytes .................................................. 103 

6.3.4 IFN-γ ELISpot assay ..................................................................................................... 103 

6.3.5 Flow cytometry ............................................................................................................. 104 

6.4 Molecular Biology ............................................................................................................... 105 

6.4.1 Plasmid DNA purification ............................................................................................ 105 

6.4.2 Genomic DNA isolation ............................................................................................... 105 

6.4.3 Total RNA purification ................................................................................................. 105 

6.4.4 Polymerase chain reaction (PCR) ................................................................................. 106 

6.4.4.1 Colony PCR ............................................................................................................. 106 

6.4.4.2 cDNA flanking with attB1/attB2 recombination sites ............................................. 106 

6.4.4.3 Site-directed Mutagenesis ....................................................................................... 107 

6.4.4.4 Column Purification of PCR products ..................................................................... 107 

6.4.5 DNA gel electrophoresis ............................................................................................... 108 

6.4.6 Denaturing RNA gel electrophoresis ............................................................................ 108 



Table of Contents 

6 

6.4.7 Reverse transcription cDNA synthesis ......................................................................... 108 

6.4.8 Gateway Cloning .......................................................................................................... 108 

6.4.9 CRISPR/Cas9-based KO of endogenous TCR expression in human T cells ............... 109 

6.4.10 Retroviral transduction ................................................................................................. 109 

6.4.11 Transient transfection of Phoenix-Ampho cells ........................................................... 110 

6.4.12 Transient cDNA transfection of HEK 293T cells ......................................................... 110 

6.4.13 Transformation of NEB 10-beta competent E. coli bacteria ......................................... 111 

6.4.14 CRISPR/Cas9-based knock-in of the KRASQ61R mutation in NCI-H460 cells ............ 111 

6.4.15 Preparation of peptide libraries ..................................................................................... 112 

6.4.16 Preparation of tandem minigene libraries ..................................................................... 112 

6.5 Sequencing and bioinformatics ............................................................................................ 112 

6.5.1 TCR beta profiling ........................................................................................................ 112 

6.5.2 Identification of potentially tumor-specific TCR clonotypes ....................................... 113 

6.5.3 Establishing TCR expression constructs ....................................................................... 113 

6.5.4 Comparative WES and RNA-Seq ................................................................................. 114 

6.5.5 HLA genotyping ........................................................................................................... 114 

6.5.6 Sanger Sequencing ........................................................................................................ 114 

6.5.7 Processing of WES and RNA-Seq data ........................................................................ 114 

6.5.8 Candidate neoantigen peptide binding predictions ....................................................... 115 

6.5.9 In silico identification of recurrent diver mutations ..................................................... 115 

6.5.10 In silico identification of recurrent TCRs ..................................................................... 116 

6.5.11 In silico identification of TCR clusters ......................................................................... 116 

6.5.12 Figure design ................................................................................................................ 116 

7) Appendix .................................................................................................................................. 117 

7.1 List of References ................................................................................................................ 117 

7.2 Supplementary Figures ........................................................................................................ 129 

7.3 Vector Maps ......................................................................................................................... 158 

7.4 List of Abbreviations ........................................................................................................... 159 

7.5 List of Figures ...................................................................................................................... 163 

7.6 List of Supplementary Figures ............................................................................................. 164 

7.7 List of Tables ....................................................................................................................... 165 

7.8 Contributions........................................................................................................................ 166 

7.9 Acknowledgements .............................................................................................................. 167 

7.10 Statement in Lieu of an Oath ............................................................................................... 168 

8) Curriculum Vitae .................................................................................................................... 169



Summary 

7 

1) Summary 

1.1 Summary in English 

The direct identification of tumor-specific T cells among polyclonal populations of tumor-infiltrating 
lymphocytes (TILs) could revolutionize the field of T cell-based cancer immunotherapies. Increasing 
the total numbers of tumor-specific lymphocytes among T cell populations used for adoptive cell 
therapies (ACTs) has the potential to dramatically increase the efficiency of tumor cell eradication in 
patients suffering from various malignancies. Hence, by analyzing T cell receptor (TCR) repertoires in 
tumor and adjacent normal tissues of individual cancer patients, the biotechnology company HS 
Diagnomics (HSD) has developed an antigen-agnostic method to identify potentially tumor-specific T 
cell clonotypes in highly heterogenous TIL populations. The main objective of this doctoral research 
study was to assess the power of the HSD prediction strategy in three stage III non-small cell lung cancer 
(NSCLC) patients (P18, P43, P50) by identifying and characterizing the target antigens of supposedly 
tumor-reactive or -specific TCRs. For this purpose, only TCRs from programmed cell death protein 1 
(PD-1)-positive TILs with highest tumor-to-non-tumor ratios were chosen. 

TCR-transgenic T cell populations were generated via retroviral transduction of healthy donor 
lymphocytes after CRISPR/Cas9-mediated knock-out of the endogenous TCR expression. TCR-
engineered T cells (TCR-T cells) were then tested for the recognition of known tumor-associated 
antigens (TAAs) as well as patient-specific mutated neoantigen candidates. The latter were determined 
for each patient by applying comparative whole exome sequencing (WES) of tumor and adjacent normal 
tissues, RNA sequencing (RNA-Seq) of tumors, and subsequent human leukocyte antigen (HLA) 
binding predictions with established algorithms.  

While no TAA or neoantigen specificities were verified for the analyzed P43 and P50 TCRs, three TCRs 
cloned from TILs of patient P18 specifically recognized a mutated neopeptide encoded by KRASQ61H. 
With the KRASQ61H mutation creating an immunogenic neoepitope, the corresponding 10-mer peptide 
ILDTAGHEEY was recognized in the context of HLA-A*01:01. Since the proper processing and 
presentation of the peptide was also verified, KRASQ61H was considered an immunogenic recurrent 
driver mutation that can be targeted in a sizeable number of patients. 

Moreover, the three KRASQ61H-specific P18 TCRs formed a specificity cluster consisting of CDR3 
sequences with highly homologous antigen recognition motifs. Motivated by this finding, HSD used an 
in-house developed clustering approach to identify even more TCR clusters in additional patients. 
Hence, TCRs from two TCR clusters, namely cluster C with six TCRs from four and cluster G with six 
TCRs from three NSCLC patients, were additionally analyzed. Respective cluster TCRs mediated 
similar reactivity patterns when tested on partially HLA-matched allogeneic cell lines. However, no 
target antigen could be identified for the analyzed cluster C TCRs. In contrast, the CDR3 regions of 
cluster G TCRs were highly related to a cluster previously described by the group of Mark M. Davis 
(Stanford University, USA). Indeed, cluster G TCRs exhibited identical antigen specificities as the 
Stanford cluster: They recognized two pathogen-derived 9-mer peptides as well as a peptide originating 
from the non-mutated TAA TMEM161A in the context of HLA-A*02:01.  

In summary, this study demonstrated the power of two in silico prediction pipelines resulting in the 
identification of nine TCRs that had initially been cloned from TIL populations of four different NSCLC 
patients and either recognized the shared KRASQ61H neoantigen or the non-mutated TAA TMEM161A. 
Therefore, the presented data substantially support the efforts to further develop antigen-agnostic, 
personalized T cell immunotherapies.  
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1.2 Summary in German 

Die Identifizierung tumorspezifischer T-Zellen in polyklonalen Populationen tumorinfiltrierender 
Lymphozyten (engl.: TILs) könnte das Gebiet der T-Zell-basierten Immuntherapien nachhaltig revolu-
tionieren. So könnte die Wirksamkeit adoptiver Zelltherapien (engl.: ACTs) beispielsweise erheblich 
gesteigert werden, wenn Krebspatienten mit einer höheren Anzahl tumorspezifischer T-Zellen behandelt 
würden. Das Biotechnologieunternehmen HS Diagnomics (HSD) hat daher eine Antigen-agnostische 
Methode zur effizienten Identifizierung tumorspezifischer T-Zell-Kandidaten in heterogenen TIL-
Populationen entwickelt, die auf dem dezidierten Vergleich von T-Zell-Rezeptor-Repertoires aus den 
Tumoren und benachbartem, gesundem Gewebe individueller Krebspatienten basiert. Um die Effizienz 
dieser Methode zu analysieren, bestand das vorrangige Ziel dieser Dissertation darin, Zielantigene von 
potenziell tumorreaktiven oder -spezifischen T-Zell-Rezeptoren (engl.: TCRs) in drei Patienten (P18, 
P43, P50) mit nicht-kleinzelligem Lungenkrebs (engl.: NSCLC) im Stadium III zu identifizieren und zu 
charakterisierten. Hierfür wurden ausschließlich TCRs aus Programmed cell death protein 1 (PD1)-
positiven Klonotypen mit den jeweils höchsten Tumor/Nicht-Tumor-Verhältnissen herangezogen.  

Nach einem CRISPR/Cas9-vermitteltem Knock-out der endogenen TCR-Expression in gesunden 
Spenderlymphozyten, wurden mittels retroviraler Transduktion zunächst TCR-transgene T-Zell-
Populationen erzeugt. Die so generierten T-Zellen (TCR-T-Zellen) wurden dann auf die Erkennung von 
tumor-assoziierten Antigenen (engl.: TAAs) und patientenspezifischen, mutierten Neoantigen-
Kandidaten getestet. Letztere wurden hierfür durch eine Kombination aus Whole Exome Sequencing 
(WES) und RNA-Sequencing (RNA-Seq) von Tumor- und angrenzendem Normalgewebe individuell 
für jeden Patienten identifiziert. Durch Bindungsvorhersagen an die humanen Leukozytenantigene 
(engl.: HLAs) der jeweiligen Patienten wurden anschließend die vielversprechendsten Neoantigen-
Kandidaten unter Verwendung etablierter Algorithmen identifiziert. 

Während für die untersuchten TCRs der Patienten P43 und P50 keinerlei TAA- oder Neoantigen- 
Spezifitäten nachgewiesen werden konnten, wurden schließlich drei TCRs des Patienten P18 
identifiziert, die spezifisch ein durch KRASQ61H kodiertes, mutiertes Neopeptid erkannten. Das aus der 
KRASQ61H-Mutation resultierende, immunogene 10-mer-Peptid ILDTAGHEEY wurde dann im 
Kontext von HLA-A*01:01 erkannt. Da zusätzlich die ordnungsgemäße Prozessierung und Präsentation 
des Peptides verifiziert wurde, konnte schließlich davon ausgegangen werden, dass KRASQ61H eine 
immunogene Treibermutation repräsentiert, die zudem in einer beträchtlichen Anzahl von Patienten 
auftritt. 

Des Weiteren bildeten die drei KRASQ61H-spezifischen TCRs ein Spezifitätscluster, das aus ähnlichen 
CDR3-Sequenzen mit hochgradig homologen Antigen-Bindestellen bestand. Basierend auf dieser 
Entdeckung verwendete HSD eine eigens entwickelte Clustering-Methode, um weitere TCR-Cluster in 
zusätzlichen Patienten zu identifizieren. So wurden TCRs aus zwei weiteren Clustern, nämlich Cluster 
C und Cluster G, mit jeweils sechs TCRs aus vier bzw. drei NSCLC-Patienten zusätzlich analysiert. Die 
TCRs der respektiven Cluster wiesen jeweils übereinstimmende Spezifitäten gegen allogene Zelllinien 
mit teilweise übereinstimmenden HLAs auf. Während für die TCRs des Clusters C kein spezifisches 
Zielantigen identifiziert werden konnte, waren die CDR3-Regionen der TCRs des Clusters G eng mit 
einem Cluster verwandt, der zuvor bereits von der Gruppe von Mark M. Davis (Stanford University, 
USA) beschrieben wurde. Tatsächlich wiesen die TCRs beider Cluster (Cluster G, Stanford Cluster) 
jeweils identische Antigenspezifitäten auf und erkannten zwei Pathogen-spezifische 9-mer-Peptide 
sowie ein weiteres Peptid des nicht mutierten TAAs TMEM161A in Verbindung mit HLA-A*02:01. 

Zusammenfassend wurden im Rahmen dieser Studie also zwei vielversprechende in silico Strategien 
präsentiert, die schlussendlich zur Identifizierung von neun TCRs führten, welche ursprünglich aus TIL-
Populationen von vier verschiedenen Patienten kloniert wurden und entweder das KRASQ61H-
Neoantigen oder das nicht-mutierte TAA TMEM161A erkannten. Die hier präsentierten Daten tragen 
daher erheblich zur Entwicklung Antigen-agnostischer, personalisierter T-Zell-Immuntherapien bei.
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2) Introduction 

2.1 Scientific purpose and overall aim of the study 

Cancer still accounts for millions of premature deaths every year, thereby representing one of the major 
causes of morbidity and mortality worldwide. Hence, continuous research is an absolute requirement 
for optimizing existing and developing new cancer therapies to improve the overall global health. 
Harnessing a patient’s immune system to fight tumor progression is one of the most promising treatment 
strategies that emerged in recent years, thereby revolutionizing the field of modern anti-cancer 
treatments. Hence, improving T cell-based immunotherapies such as the adoptive transfer of autologous 
tumor-infiltrating lymphocytes (TILs) could significantly complement the repertoire of pre-existing 
anti-tumor therapies. However, the efficient transfusion of ex vivo-expanded TILs was yet only 
demonstrated in selected tumor subsets and was only feasible for the treatment of resectable tumors 
from which enough T cells could be isolated for excessive expansion. The absent tumor control observed 
in some patients might be explained by relatively low numbers of tumor-reactive T cells within TIL 
populations used for autologous T cell transfers 1,2. Identifying and enriching tumor-reactive T cells 
from bulk TILs could therefore substantially improve overall efficiencies of T cell-based adoptive 
cellular therapies (ACTs). In addition to the selective expansion and direct application of tumor-reactive 
TILs, the isolation of their T cell receptors (TCRs) represents another attractive strategy to facilitate the 
manufacturing of therapeutic TCR-T cells via genetic engineering of fresh lymphocytes. 

Due to the impact that high numbers of tumor-reactive T cells might have on the overall efficiency of T 
cell-based ACTs, our collaboration partner HS Diagnomics (HSD) has developed a method to predict 
potentially tumor-specific T cells among TIL populations previously isolated from individual cancer 
patients. Here, tumor-enriched TCR clonotypes are identified by comparing tumor- and adjacent healthy 
tissue-derived T cell repertoires of cancer patients suffering from various malignancies 3. However, 
actual antigen specificities of the identified TCR clonotypes remain elusive since this method mainly 
focuses on TIL frequency comparisons between a patient’s healthy and tumor tissue. Therefore, this 
collaborative project was designed as a proof-of-concept study to verify tumor-specificities of 
potentially tumor-reactive TCR clonotypes, thereby demonstrating the power of the HSD-proprietary 
prediction pipeline. To assess the power of the method, tumor-specificities were analyzed for TCRs 
cloned from 16 tumor-enriched T cell clonotypes previously isolated from three different patients with 
stage III non-small cell lung cancer (NSCLC).  

Confirming not only tumor-reactivity but also revealing the exact target antigens of those candidate 
TCRs was highly important to assess both feasibility and safety of the applied prediction pipeline. 
Confirming the power of the applied pipeline to efficiently predict tumor-specific T cells could 
revolutionize both personalized and off-the-shelf ACT-based cancer treatments: The existence of shared 
neoantigens and tumor-associated antigens (TAAs) represents a solid basis for the development of 
efficient off-the-shelf immunotherapies targeting tumor antigens present in multiple patients and various 
malignancies 4,5. In HLA-matched patients, identical peptides can be expected to be processed, 
presented, and eventually recognized by common TCRs. Thus, antigen-agnostic approaches aiming at 
the identification of common tumor-reactive T cell clonotypes could eventually pave the way for ACTs 
using therapeutic T cells genetically engineered to express “off-the-shelf” tumor-specific TCRs. 
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2.2 T cell-mediated antigen recognition 

2.2.1 Antigen presentation via MHC class I and MHC class II 

T cell recognition of malignant cells is a multi-step process including both antigen presentation via 
human leukocyte antigen (HLA) molecules and TCR-mediated detection of the presented antigen 
peptides. Generally, mature αβ T lymphocytes recognize antigenic oligopeptides either presented by 
HLA class I or HLA class II proteins, also known as major histocompatibility complex (MHC) class I 
and MHC class II, thereby initiating complex immune responses to effectively eradicate pathogens and 
tumor cells 6,7. Both classes of MHC molecules are highly related but differ in both subunit composition 
and expression patterns. MHC class I molecules are heterodimers consisting of a highly polymorphic 
alpha chain that is non-covalently associated with the smaller and non-polymorphic β2-microglobulin 
chain. In contrast, MHC class II proteins are composed of a non-covalent complex consisting of 
polymorphic alpha and beta chains, respectively. With MHC class I and class II alpha chains being 
different proteins, all classical HLA class I (HLA-A, -B and -C) and class II (HLA-DP, -DQ, -DR) genes 
encode various allele variants located in the MHC gene cluster on human chromosome 6 8,9. In contrast, 
the B2M gene encoding the β2-microglobulin subunit of MHC class I is located on human chromosome 
15. B2M expression is a prerequisite for both proper surface expression and function of class I MHC 
molecules 10–12. While HLA class I is expressed on all nucleated cells and directly interacts with CD8+ 
T cells, HLA class II is typically bound by CD4+ T helper cells and is mainly expressed by professional 
antigen-presenting cells (APCs), such as dendritic cells, macrophages, monocytes, or B cells 6. 

The extended major histocompatibility complex (xMHC) gene cluster was completely revealed by 
sequencing the entire human chromosome 6 in 2003 and extended far beyond the boundaries defining 
the classical MHC locus at that time. The xMHC, in the following equivalent to MHC, comprises a total 
of 421 gene loci (excluding RNA genes) in an overall sequence length of 7.6 Mb 8,13. Furthermore, the 
MHC locus is both polygenic and highly polymorphic: It contains various MHC class I and class II 
alleles encoding different MHC molecules with varying peptide-binding specificities. Hence, MHC 
molecules substantially contribute to the immune system’s ability to respond to a multitude of different 
and rapidly evolving pathogens 9,13. In fact, HLA genes are the most polymorphic genes across the human 
population accounting for almost 17,000 different HLA class I and over 6,000 HLA class II alleles. 
Moreover, HLA-B is the most polymorphic region of the human genome comprising more than 6,500 
different alleles 14. While MHC class II proteins typically present peptides arising from proteolytical 
degradation of extracellular antigens, MHC class I proteins usually bind oligopeptides originating from 
degradation of intracellular proteins 15–17. Due to bilateral restrictions of class I binding grooves by 
conserved tyrosine residues, MHC class I proteins preferentially bind smaller oligopeptides of 8-11 
amino acids in length. Due to the less restricted molecular composition of class II peptide binding clefts, 
MHC class II proteins usually accommodate peptides of 13-24 residues in length 18,19. Efficient 
oligopeptide presentation by proteins of both MHC classes is highly dependent on molecular 
interactions, such as the occupation of defined pockets (A-F) within the MHC binding groves by peptide 
side chains or the formation of hydrogen bonds between MHC side chains and the peptide backbone. 
Both position and identity of those peptide side chains, the so-called anchor residues, can vary between 
peptides bound by different MHC molecules. Anchor residues of peptides binding to a particular MHC 
molecule are not necessarily identical, but they are usually found to exhibit similar biochemical 
properties 19,20. Polymorphisms present in different MHC isoforms result in alterations of amino acids 
lining their respective peptide binding pockets, thereby resulting in altered binding specificities due to 
differing anchor residues of preferentially bound peptides. Generally, peptides binding to MHC class I 
molecules were found to contain anchor residues at amino acid positions P2, P5/6, and at the C-terminus. 
In contrast, amino acid positions P1, P4, P6, and P9 were identified as anchors for oligopeptides binding 
to MHC class II proteins 19–22.  
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2.2.2 T cell receptor-mediated binding of MHC-presented target antigens 

T lymphocytes specifically recognize HLA-presented antigen peptides by binding peptide-MHC 
(pMHC) complexes via T cell receptors (TCRs) expressed on their cellular surfaces. Here, the TCRs 
interact with both the MHC molecule and the bound antigen peptide. Every single T cell expresses 
approx. 30,000 identical TCRs consisting of two transmembrane glycoprotein chains, namely the alpha 
and beta chains, that are linked by a disulfide bond, thereby forming αβ heterodimers 23. While αβ TCRs 
mediate antigen recognition in most T lymphocytes, a minority of approx. 1-5% of peripheral T cells 
bear an alternative type of TCR consisting of an γδ heterodimer. Although γδ T lymphocytes share many 
effector capabilities with conventional αβ T cells, they represent an independent lineage and exhibit 
highly different antigen recognition properties. For instance, they do not rely on conventional MHC 
molecules for antigen presentation but recognize alternative ligands, such as non-peptide phospho-
antigens, non-classical MHC molecules or lipids, and glycolipids presented by CD1 glycoproteins 24,25.  

Both TCR alpha and beta chains are composed of a hydrophobic transmembrane domain, a short stalk 
segment providing cysteine residues for forming the interchain disulfide bond, constant (C) regions, and 
membrane-distal variable (V) regions that are responsible for binding pMHC complexes (see Figure 
2.2). During T cell development in the thymus, alpha and beta chain V regions are generated by 
recombining single V(D)J gene segments from a large repertoire of V (variable), D (diversity), and J 
(joining) gene segments 6,26. In contrast to the TCR α gene locus (human chromosome 14) exclusively 
containing Vα and Jα gene segments, the TCR β locus (human chromosome 7) encodes Vβ, Jβ, and 
additional D gene segments. Recombined V(D)J gene regions are subsequently transcribed and are then 
spliced to join the variable segments to the Cα or either of two Cβ constant gene segments. To form a 
functional αβ TCR, resulting mRNA transcripts are translated into complete TCR alpha and beta chains 
paring soon after translation 27,28. During the process of antigen recognition, TCR alpha and beta chain 
variable regions contact the HLA molecule and the presented peptide via three hypervariable loops, 
namely the complementary determining regions (CDRs), which are generated during VDJ 
recombination 6. Less variable CDR1 and CDR2 form the periphery of the pMHC binding site and are 
encoded within the germline V gene segments of both TCR chains. The highest TCR diversity resides 
in its CDR3 hypervariable loops, which are encoded by the V(D)J junctional regions of each TCR chain. 
Variability results from imprecise joining of the gene segments and is enhanced by a template-
independent introduction of P- and N-nucleotides. While CDR1 and CDR2 mainly contact conserved 
domains of the MHC protein, CDR3 segments form the center of the pMHC-binding site and directly 
interact with the HLA-presented peptide 26. Upon canonical antigen recognition, the Vα domain of the 
TCR is positioned above the N-terminal portion of the MHC-bound peptide while its Vβ domain is 
located over the C-terminal section of the peptide 15. However, the structurally diverse TCR αβ 
heterodimer alone is not sufficient for signal transduction and is therefore non-covalently associated 
with invariant CD3 (CD3γ, CD3δ, CD3ε) and ζ chains, thereby forming the signaling apparatus of the 
TCR-CD3 complex (see Fig. 2.2). Since the complete assembly of the TCR-CD3 complex is required 
for proper cell surface expression, all subunits have to be present to form functional signaling complexes 
29–31. 

T cell activation is initiated by TCR-mediated binding of the pMHC complex and results in the rapid 
phosphorylation of immune receptor tyrosine-based activation motifs (ITAMs) present in cytoplasmatic 
regions of the CD3 chains and the two ζ chains that are additionally associated with the TCR-CD3 
complex. The Src family kinase Lck (lymphocyte-specific protein tyrosine kinase) was found to be 
associated with TCR co-receptors (CD4, CD8) and is thought to be the predominant enzyme involved 
in ITAM phosphorylation upon co-receptor binding to MHC class I or class II molecules 32,33. The 
phosphorylation of both tyrosine residues present in each ITAM facilitates the binding of multiple 
downstream adaptor proteins, thereby providing a platform for the formation of a multi-protein singling 
complex eventually resulting in the membrane recruitment of the key signaling protein phospholipase 
C-γ (PLC-γ) 33,34. When activated, PLC-γ induces two of the main pathways necessary for efficient T 
cell activation: The nuclear translocation of NFAT (nuclear factor of activated T cells) transcription 
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factors and the activation of the Ras-MAPK (mitogen activated protein kinase) pathway 34–36. However, 
the full T cell activation requires the engagement of various co-stimulatory receptors, such as 
lymphocyte function-associated antigen 1 (LFA-1) or CD28. LFA-1 increases calcium signaling crucial 
for T cell activation and induces IL-2 synthesis by promoting the activity of the activator protein-1 (AP-
1) transcription factor 37,38. On the other hand, CD28 crucially affects T cell activation by inducing PLC-
γ activation, prolonging the overall time of NFAT in the nucleus, and being involved in the activation 
of additional transcription factors like AP-1 and NFκB (nuclear factor kappa-light-chain enhancer of 
activated B cells). CD28 therefore provides strong synergistic signals for controlling the cytokine 
production, cell proliferation, cell death, and the differentiation of naïve T cells 39–41. 

 

 
Figure 2.2: Molecular structure of the αβ TCR and its associated CD3 signaling complex 
A) Molecular structure of the αβ T cell receptor (TCR) heterodimer. The TCR heterodimer consists of two transmembrane glycoprotein chains, 
namely α and β chains. Both chains are linked via a disulfide bond that is formed by cysteine residues present in short stalk segments of either 
chain, thereby forming the αβ heterodimer. Both carbohydrate peptide chains consist of an antigen-binding variable (V) and a constant (C) 
region with the latter being proximal to the cell membrane. Both TCR chains are anchored in the cell membrane via transmembrane domains 
ending up short cytoplasmic tails. B) The antigen-binding αβ TCR heterodimer is associated with 4 signaling chains (one δ, one γ, and two ε 
chains), collectively designated as CD3 complex, that are required for both proper cell surface expression and signaling. A homodimer of ζ 
chains is additionally attached to the TCR. Intracellular ITAMs (immunoreceptor tyrosine-based activation motifs) present in each CD3 and 
ζ chain facilitate the binding of SH2 domain-containing signal proteins for further signal transmission. CD3 complex, ζ chains, and the αβ 
heterodimer are associated via electrostatic interactions, respectively. Graphics and descriptions were adapted from Janeway's 
Immunobiology (8th edition) 23,42. 

2.3 The role of CD4+ and CD8+ T cells during tumor cell eradication 

The idea that CD4+ and CD8+ T cells specifically recognize tumor cells and are therefore involved in 
tumor rejection is common for decades 43. As summarized by Chen and Mellman, a potent anti-cancer 
immune response requires a stepwise series of events ultimately leading to effective tumor cell killing, 
referred to as the cancer-immunity cycle. Firstly, tumor cell antigens are released by dying cancer cells 
and are then captured by dendritic cells (DCs). Next, DCs present the captured antigens via MHC class 
I and class II to T cells resulting in the priming and activation of effector T cell responses against cancer-
released antigens. As a result, activated T cells migrate to the tumor site and infiltrate the tumor bed. 
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Malignant cells are eventually recognized via specific TCR-pMHC interactions with their cognate 
antigens being presented by MHC molecules, thereby initiating the killing of target cancer cells. Due to 
the cancer cell lysis, even more tumor antigens are released to induce subsequent iteration loops of the 
cycle to eventually increase the breadth and depth of the immune response. However, excessive 
amplification of the entire cycle may provide anti-cancer activity but simultaneously bears the potential 
of autoimmunity. A critical balance in the ratio of T effector to inhibitive regulatory T cells (Tregs) is 
therefore crucial for the performance of immune responses 44. 

Tumor-infiltrating immune cells are commonly observed in cancer patients, but the cell compositions 
involved in innate and adaptive immunity differ across both tumor-types and organ sites 45. Here, 
immune cells are frequently organized in cell clusters, referred to as tertiary lymphoid structures (TLSs), 
which are found within tumor tissues and are scattered throughout the tumor bed and/or the peri-tumoral 
stroma 46,47. Those TLSs contain mature DC/T cell zones and B cell follicles with reactive germinal 
centers and are therefore structurally quite similar to secondary lymphoid organs. The presence of TLSs 
was suggested to beneficially affect clinical outcomes in cancer patients with colorectal and lung tumors 
48–50. Generally, strong lymphocytic infiltrations seem to be associated with good clinical outcomes for 
various patients suffering from different tumor types like melanoma, breast, bladder, or lung cancer. 
High densities of tumor-infiltrating CD3+ T cells, CD8+ cytotoxic T cells, and CD45RO+ memory T 
cells were shown to be clearly associated with a longer disease-free survival and/or overall survival 51. 
Moreover, meta data analysis revealed that high CD4+ T cell infiltration of the tumor stroma might 
correlate with better overall survival in lung cancer patients. In contrast, high densities of FOXP3+ Treg 
infiltrations were found to function as a negative prognostic factor for the clinical outcome of patients 
52. Tumor-infiltrating lymphocytes (TILs) had already been described by the Rosenberg group in 1986 
and were characterized as a subpopulation of lymphocytes that are able to infiltrate growing cancers 53. 
However, cellular compositions of TIL populations are very heterogenous exhibiting diverse 
proportions of CD4+ and CD8+ T cells, even when comparing independent cultures from the same 
lesion 54–56. Therefore, both magnitude and phenotype of infiltrating lymphocytes may affect the clinical 
outcome and disease progression in cancer patients 57.  

CD8+ cytotoxic T cells (CTLs) are considered the most powerful effectors in the anti-cancer immune 
response 58. After TCR-mediated recognition of pMHC complexes present on potential target cells, 
CTLs secrete several toxic proteases and the pore-forming protein perforin into the immunological 
synapse formed together with the malignant target cell 59. Perforin is a granule protein that multimerizes 
to generate pores in the membrane of target cells, thereby enabling the delivery of apoptosis-inducing 
proteases, known as granzymes, into the their cytoplasm 60. Although research largely focused on 
CD8+T cell-mediated anti-tumor cytotoxicity in recent years, both CD8+ and CD4+ lymphocytes are 
involved in tumor rejection 61. Absent CD4+ T cell help was shown to impair CD8+ T cell recruitment, 
proliferation, and effector function in vivo 62. Furthermore, CD4+ T cells provide helper functions for B 
cell- and CD8+ CTL-mediated immune responses while additionally shaping the character and 
magnitude of the inflammatory response. In more detail, cytokines like IFN-γ and TNF-α are secreted 
by type 1 CD4+ T cells, thereby inducing increased overall antigen presentation of APCs and 
proliferation/activation of tumor cell-lysing CTLs. Additionally, interleukins like IL-5 and IL-6 are 
secreted by type 2 CD4+ T helper cells to support B cell proliferation and the development of primary 
antibody responses. Hence, CD4+ T cells are central players in activating and regulating both adaptive 
and innate immunity 48,57. 

2.4 Challenges in T cell-mediated tumor immunity 

2.4.1 Immune evasion mechanisms of cancer cells 

The process of tumor cells being recognized and eventually killed by immune cells is known as tumor 
immunosurveillance. Immune evasion describes the capacity of cancer cells to actively prevent the 
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immune system from attacking. Here, a immuno-suppressive tumor microenvironment (TME) is 
established by malignant cells to hamper the overall anti-tumor immunity, thereby promoting tumor 
development, progression, and metastasis 63. As recently reviewed by Kim and Cho, tumor cells actively 
induce T cell tolerance, thereby establishing an immunoediting process that facilitates tumor-
redistribution and growth. Moreover, effective T cell immune responses are attenuated through various 
mechanisms, such as decreased absolute lymphocyte numbers, increased absolute counts of regulatory 
T cells (Tregs), downregulation of antigen expression in tumor-associated cells, or apoptosis of 
cytotoxic T cells (CTLs). Furthermore, cancer cells directly and indirectly attenuate the function of anti-
cancer immunity by reducing Th1 responses necessary for CTL differentiation or by the secretion of 
immunomodulatory factors like prostaglandin E2, transforming growth factor-β (TGF-β), and IL-10 64. 
Additionally, proper function, proliferation and differentiation of TILs are highly depended on the 
metabolization of nutrients such as glucose, lipids, and amino acids present in the TME. Due to their 
enhanced ability to obtain nutrients, cancer cells may outcompete neighboring cells of the immune 
system for essential macromolecules, thereby restricting both proliferation and activation of tumor-
reactive immune cells 65. 

In theory, malignant cells can evade elimination literally at every point of the T cell-mediated anti-
cancer immune response 44. Efficient cancer cell recognition, activation of tumor-reactive T cells, and 
lymphocyte infiltration represent the early stages of the cancer-immunity cycle (see section 2.3), thereby 
characterizing efficient anti-tumor responses. Immune-inflamed tumors exhibiting high levels of T cell 
infiltration and IFN-γ signaling are generally designated as immunologically “hot” tumors. While often 
associated with a favorable disease outcome, even hot tumors can develop immune evasion mechanisms 
by, for example, interfering with the TCR-mediated pMHC complex recognition or the actual process 
of tumor cell killing 44,64,66. This is typically achieved by downregulation or loss of MHC class I antigen 
presentation, attenuating tumor-infiltrating lymphocyte functions, or by establishing immuno-
suppressive TMEs. Here, the crucial components of the antigen presentation machinery are targeted via 
several molecular mechanisms, such as the accumulation of genetic mutations, the loss of essential 
transcription factors, epigenetic silencing of regulatory elements, and altered signaling pathways directly 
affecting MHC class I expression or stability 67. On the other hand, cancer cells are able to attenuate 
tumor-infiltrating lymphocyte functions by actively expressing immune checkpoint molecules, thereby 
resulting in T cell exhaustion mediated by several co-inhibitory receptors like PD-1 (Programmed Cell 
Death Protein 1), BTLA (B and T lymphocyte attenuator), LAG-3 (lymphocyte activation gene 3 
protein), TIM3 (T cell immunoglobulin and mucin domain-containing protein 3), and TIGIT (T cell 
immunoreceptor with Ig and ITIM domains) 64.  

Immunosuppressive TMEs favoring cancer progression and immune escape are typically composed of 
recruited immunosuppressive cells as well as soluble components, which together are capable to 
extensively inhibit the anti-cancer immune response. Various types of immunosuppressive cell types, 
such as myeloid-derived suppressor cells (MDSCs), regulatory T cells (Tregs), or tumor-associated M2 
macrophages, play central roles in T effector cell inhibition. They typically inhibit T effector cell 
functions by either reducing the expression of cytotoxic factors or via the secretion of inhibitory factors, 
such as TGF-β or IL-10 64,68. In contrast to hot tumors, so called “cold” tumors are characterized by 
absent immune cell infiltration and typically bypass the immune recognition by avoiding full activation, 
migration, and tumor infiltration of T cells 44,64. Full T cell activation is typically avoided by reducing 
the intrinsic immunogenicity of tumors, which either results from the loss of tumor antigen 
expression/presentation or from early elimination of highly immunogenic cancer cells during tumor 
formation 69,70. In contrast, migration and actual tumor infiltration of lymphocytes is mostly inhibited by 
reducing the expression levels of chemokine receptor ligands like CXCL9/10/11, Fas ligand-induced 
apoptosis of infiltrating CD8+ T cells, the production of suppressive chemokines like CXCL12, or by 
physically preventing the interactions between T cells and malignant cells 64. 
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2.4.2 Central tolerance mechanisms may reduce the diversity of tumor-reactive T cells 

Vertebrate adaptive immune responses require highly diverse TCR repertoires to efficiently control viral 
infections and other pathogens. Random rearrangements of αβ TCR gene segments via V(D)J 
recombination (see section 2.2.2) generate highly diverse T cell repertoires that are essential for the 
efficiency of the immune system. However, a healthy immune system requires T cells responding to 
foreign antigens while remaining tolerant to self-antigens 71–73. Positive and negative selection of 
thymocytes prevent autoimmunity by ensuring that mature T cells are capable of recognizing foreign 
peptides in the context of self MHC molecules while not reacting to self-peptide/MHC complexes. 
Central tolerance mechanisms include the inactivation and deletion of self-reactive thymocytes during 
T cell maturation, thus being highly important for preventing self-reactive T cells from damaging 
healthy tissues 74–76.  

Several tumor-antigens and CG (cancer germline; also cancer-testis, CT) antigens, such as various 
members of the MAGE family, NY-ESO-1, MART-1, or tyrosinase, have been demonstrated to be 
expressed on a mRNA-level in medullary thymic epithelial cells, thereby facilitating negative selection 
of self-recognizing T cells 77. Hence, while preventing aberrant T cell responses against self-antigens, 
immunological tolerance mechanisms may also limit diversity, repertoire, and efficiency of potentially 
tumor-reactive T lymphocytes. This dilemma eventually resulted in countless studies aiming to identify 
T cell target antigens abundantly expressed in cancerous cells but not in any non-malignant tissues 76,78. 
Nevertheless, cellular and humoral immune responses targeting some of these thymus-expressed 
antigens can regularly be observed in various cancer patients. Hence, the extent to which central 
tolerance mechanisms may limit therapy approaches targeting those antigens is largely conjectural 79–81. 

2.5 Tumor-specific vs. tumor-associated antigens 

Tumor antigens can possess wild-type (self) as well as altered (non-self) amino acid sequences and 
emerge during all stages of protein synthesis, protein degradation, post-translational modification, or 
due to alterations in the antigen processing and presentation machinery. Based on whether they are 
exclusively present on tumor cells or also found in non-malignant tissues, tumor antigens can be 
classified into either of two subgroups: Tumor-associated antigens (TAAs) and tumor-specific antigens 
(TSAs) 82. 

2.5.1 TAAs: Potent targets for T cell-based immunotherapies 

Tumor-associated antigens (TAAs) are normal host proteins that are shared among patients and across 
various cancers. Furthermore, TAAs usually exhibit distinct expression profiles in both healthy and 
malignant tissues 78. The approach of identifying universal antigens capable to trigger broad immune 
responses against different tumor types is not new. However, targeting TAAs with off-the-shelf anti-
tumor treatments has major limitations, the first one being that most TAA epitopes emerge from self-
peptides presented by MHC proteins. Hence, T cells recognizing those antigens are often eliminated by 
the process of central tolerance (see section 2.4.2) 83. Furthermore, most TAAs are also expressed, albeit 
at low to intermediate levels, in one or more healthy tissues. Targeting those antigens raises safety 
concerns due to on-target/off-tumor toxicities with unpredictable severity 84.  

Generally, the TAA subgroup is composed of antigens with rather low tumor-specificity, such as (i) 
differentiation antigens and (ii) overexpressed antigens, as well as antigens with high tumor-specificity 
like (iii) cancer testis antigens and (iv) endogenous retroelement antigens 78,85. Differentiation antigens 
(i) are exclusively present on tumors and their respective tissues of origin 78. Spontaneous T cell 
responses were found against peptides derived from GP100, Melan-A/MART-1, and tyrosinase in 
melanoma patients 80,86–88. CD19, which is exclusively expressed throughout B cell development and in 
the context of nearly all B cell malignancies, is another example for a very prominent differentiation 
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antigen. Interestingly, CD19 can actually be targeted via adoptive cell transfers of autologous 
lymphocytes expressing anti-CD19 chimeric antigen receptors (CARs) 89. To circumvent potential off-
target antigenicity, epitopes exclusively expressed during early ontogeny could represent the most 
promising type of differentiation antigens for future treatments 78.  

In contrast to differentiation antigens, overexpressed TAAs (ii) are aberrantly expressed proteins 
conferring growth and/or survival advantages to malignant cells. Prominent examples for overexpressed 
TAAs are the zink-finger transcription factor encoded by the Wilms tumor 1 (WT1) gene and the Human 
epidermal growth receptor 2 (HER2). WT1 is thought to be involved in blood cell development of early 
CD34+ precursors and is additionally found to be highly expressed in most leukemias 90. HER2 is a 
transmembrane glycoprotein expressed in many tissues and triggers intracellular signaling cascades 
leading to cell proliferation, cell differentiation, and many more cellular responses. However, 
overexpression of the HER2 gene was found in various cancers, such as breast cancer, metastatic 
adenocarcinoma of the esophagus, and many more 91,92. As previously shown by the Rosenberg group, 
administration of T cells expressing an anti-HER2 CAR induced severe side effects in a patient suffering 
from metastatic HER2-overexpressing colon cancer and resulted in death only 5 days post treatment. 
They postulated that the patient’s death occurred since the transferred T cells also recognized HER2-
expressing normal lung cells, thereby highlighting the risk of on-target/off-tumor toxicities when using 
therapy approaches targeting TAAs 78,93. 

Cancer germline/testis (CG, CT) antigens (iii) are another prominent family of TAAs found to be 
ectopically expressed across various human cancers. However, they are not present in normal tissues 
except for testis, placenta, fetal ovaries, or trophoblasts. Due to their highly tumor-restricted expression 
and their immunogenicity, CG antigens represent very promising targets for tumor-specific 
immunotherapy approaches 94,95. Thierry Boon and colleagues identified the first CT antigen in 1991: 
MAGE-1 (melanoma antigen 1), later renamed MAGE-A1, was found to be specifically recognized by 
autologous CTLs of a melanoma patient. Additionally, MAGE-A1 was verified to be highly expressed 
in various tumor types but was absent in healthy tissues other than testis and placenta 96,97. According to 
the CG antigen database established by the Ludwig Institute for Cancer Research, there are more than 
100 listed gene families that are thought to be upregulated in cancer with their normal expression 
strongly biased to the germline 98. Clinical studies using TCR-engineered T cells (TCR-T cells) for 
targeting CG antigens like NY-ESO-1 (New York esophageal squamous cell carcinoma-1) or CEA 
(Carcinoembryonic antigen) have shown promising results by inducing tumor regressions in metastatic 
colorectal cancer as well as melanoma patients 99,100. However, another trial using affinity-optimized 
anti-MAGE-A3 TCR-T cells induced critical side effects, such as temporary Parkinson-like symptoms 
and actual comas, which eventually lead to death in two out of 9 treated cancer patients. Those 
neurologic toxicities were most likely due to the cross-recognition of MAGE-A12, a TAA expressed by 
a subset of neurons in the human brain. This study impressively demonstrated that caution needs to be 
exercised when targeting CG antigens with high avidity TCRs since reported tumor-specificities of 
target antigens may not always be correct 101. 

The concept of human endogenous retroviruses (HERVs) being connected to neoplastic transformation 
(iv) is not new. Approx. 8% of the human genome is comprised of retroviruses which infected human 
ancestors and, due to the accumulation of post-insertional mutations, lost the ability to produce 
replication competent viral particles. Moreover, expression of those HERVs is usually tightly repressed 
by epigenetic mechanisms, such as DNA methylation and histone modification 102. Due to epigenetic 
dysregulation during malignant transformation, cancer cells are especially prone to the reactivation of 
HERV elements, thus representing a valuable pool of potentially immunogenic TAAs 85. Although 
HERV-expression in the thymus is not well characterized, CD8+ T cell responses against HERV-
derived antigens had been reported in the past. Hence, the immunological tolerance against 
retroelements seems incomplete and might be explained by very low expression of retroelements in the 
thymus. Nevertheless, as previously described for other self-proteins, thymic selection is expected to 
reduce the repertoire of retroelement-reactive T cells by establishing immunological tolerance 85,103–105. 
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2.5.2 TSAs: Ideal targets for cancer immunotherapy 

2.5.2.1 Neoantigens arising from tumor-specific SNVs, MNVs, InDels, and gene fusions 

Neoantigens arising from somatic non-synonymous mutations or aberrantly transcribed/translated gene 
products are, by definition, exclusively present in tumor cells and account for one of the most common 
classes of tumor-specific antigens (TSAs) 78,106,107. In addition to their tumor-specific expression, 
neoantigens are also considered to bind self-MHC complexes with high affinity, thereby representing 
attractive targets for precision immunotherapies such as cell-based therapeutics 4,78,108. However, peptide 
binding to MHC molecules is highly dependent on interactions between the anchor amino acid residues 
of a particular peptide and respective MHC binding pockets (see section 2.2.1). Due to potentially 
increased MHC class I-binding affinities, several studies suggest that high numbers of neoantigens with 
mutated anchor residues might be a solid determinant for cancer peptide immunogenicity and might also 
correlate with potentially better prognosis than merely high neoantigen burden 6,109–111. However, since 
data on neoantigen-specific TCRs is scarce and since intrinsic TCR affinities may also be affected by 
respective HLA restrictions, additional studies are needed to further analyze affinity differences among 
TCRs recognizing neoantigens with mutations in anchor and non-anchor residues 6. 

Besides from amino acid-changing single nucleotide variations (SNVs) or multiple nucleotide variations 
(MNVs), neoantigens can also arise from base pair insertions and deletions (InDels) that induce novel 
non-synonymous open reading frames. Frameshift mutations were found to be associated with the 
number of detected tumor-infiltrating lymphocytes (TILs), e.g. in colorectal cancers exhibiting 
microsatellite instabilities 106,112,113. Interestingly, InDels were shown to generate three times as many 
neoantigens when compared to the amount of neoantigens arising from non-synonymous renal cell 
carcinoma SNVs. Furthermore, as compared to non-synonymous SNVs, neopeptides derived from indel 
mutations were nine times enriched for mutant-specific MHC class I-binding candidates. Therefore, 
frameshift mutations represent a highly immunogenic mutational class with the potential to trigger 
increased abundance of neoantigens with potentially high HLA binding capacity 114.  

Moreover, conserved gene fusions generating functional chimeric genes represent another prominent 
source for the origin of targetable neoantigens and are primarily found in leukemias or some soft-tissue 
tumors, such as desmoplastic small round cell tumors, several sarcoma subtypes, breast or lung cancers, 
and many more. Affected genes often encode transcription factors, thereby enabling the emerging fusion 
products to inappropriately affect gene expression and contribute to malignant cell transformation 115. 
The characteristic genetic abnormality of chronic myelogenous leukemia (CML), the Philadelphia 
chromosome, is the most well-characterized example of a fusion gene involved in tumor generation. It 
results from a reciprocal translocation involving chromosomes 9 and 22, thereby resulting in the 
generation of the BCR-ABL fusion protein, a constitutively activated tyrosine kinase present in virtually 
all CML patients 116. Besides of being conserved in particular cancer subtypes, gene fusion proteins have 
also been found to be shared between tumor types 117. When compared to SNVs and MNVs, out-of-
frame gene fusions might, due to their size, provide higher chances of encoding neoepitopes with high 
levels of dissimilarity to self-antigens 118. Thus, together with the fact that gene fusions are often the 
driver mutations for the respective malignancies, they represent promising antigens that are potentially 
targetable by using universal neoantigen-based therapeutic strategies 106. 

2.5.2.2 Alternative TSAs: Oncoviral proteins, TEIPPs, and many more 

As described above, the most common neoantigens arise from tumor-specific mutations either inducing 
amino acid changes or frameshift mutations within cancer genomes. However, there are additional 
categories of TSAs not originating from tumor-specific mutations: Oncoviral antigens are, for example, 
derived from viruses that are able to drive oncogenic cell transformation, thereby resulting in various 
malignancies. Hence, HLA-presented peptides derived from viruses such as Epstein-Barr virus (EBV) 
and human papillomavirus (HPV) can be targeted via T cell-based treatments. Since oncoviral antigens 
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lack expression in healthy tissues and since they are regularly shared among tumor types, they are 
considered tumor- but not patient-specific 119–121.  

In addition, there is another class of tumor-specific antigens, referred to as “T cell epitopes associated 
with impaired peptide processing” (TEIPPs), which are derived from non-mutated housekeeping 
proteins of tumors exhibiting defects in the conventional TAP-dependent peptide processing pathway. 
Targeting TEIPPs therefore offers the opportunity to target tumor cells which evade the immune system 
by acquiring defects in the HLA class I-dependent antigen processing machinery 106,122. Although data 
about human TEIPP antigens is scarce, there is an example of an tumor-derived preprocalcitonin signal 
peptide-derived epitope that is recognized by tumor-specific CTLs and whose surface expression 
requires the loss/downregulation of TAP 122,123.  

Other studies demonstrated autologous CTLs of cancer patients to specifically recognize antigens in the 
context of point-mutated HLA molecules that are exclusively expressed on patients’ tumor cells. 
However, it is not quite clear whether mutant HLAs just bind different sets of immunogenic peptides or 
whether T cells are able to directly interacted with the altered HLA molecule in a peptide-independent 
manner 124. A more recent study supposed that autologous CTLs from a metastatic melanoma patient 
might recognize an unknown peptide, or set of peptides, in the context of a mutated HLA-A*11 molecule 
only expressed in tumor cells 125. Targeting novel antigens specifically bound by tumor-specific HLA 
isoforms could therefore represent another promising strategy for future cancer therapies 106.  

Another group of TSAs is derived from post-transcriptional modifications, such as splice variant 
antigens, alternative ribosomal products, or post-translational peptide splicing. Splice variant antigens 
arise from alternative splicing events, including mRNA splice junction mutations, intron retention, and 
dysregulation of the splicing machinery during tumorigenesis 106. Mutations in spliceosome-related 
genes are, for example, commonly found across the entire spectrum of myeloid malignancies 126,127. By 
analyzing alternative splicing events across 32 different cancer types listed in the Cancer Genome Atlas 
(TCGA), Kahles and colleagues identified thousands of tumor-specific alternative splicing events (data 
obtained from The Genotype-Tissue Expression project, GTEx) with an average of approx. 930 novel 
exon-exon junctions, referred to as neojunctions, per tumor sample. Furthermore, they impressively 
revealed the generation of translatable RNA transcripts arising from tumor-specific alternative splicing 
events. By also producing peptides that could potentially be presented by MHC molecules, those 
proteins may represent a suitable source for future immunotherapy target antigens 128. However, TSAs 
originating from post-translational peptide splicing or from alternative ribosomal products are difficult 
to apply in the context of anti-cancer therapies, mainly due to the lack of reliable bioinformatic tools for 
efficiently predicting potential antigens arising from those categories 106.  

The same might be true for cryptic peptides arising from non-canonically transcribed/translated genome 
regions, also referred to as the “dark matter” of the tumor proteome 129. While up to 75% of the human 
genome can be transcribed and potentially translated, tumor antigen discovery approaches have so far 
largely focused on the immunogenicity of annotated proteins or non-synonymous mutations in coding 
regions, thereby only accounting for approx. 2% of the genome 130. Besides of not being extensively 
investigated, cryptic epitopes originating from non-coding regions or off-frame translation of coding 
sequences have previously been demonstrated to be recognized by melanoma patient-derived TIL 
populations and in vitro-sensitized peripheral blood lymphocytes (PBLs) 130–133. Estimates indicate that 
approx. 10% of all MHC class I-associated peptides originate from allegedly non-coding genomic 
sequences and that a fraction of those aberrantly translated peptides might be specifically presented on 
tumor cells, thereby potentially expanding the repertoire or targetable tumor antigens. However, the true 
quantity, immunogenicity, and expression of cryptic antigens in cancer remains largely unexplored 
130,134. Although tandem mass spectrometry (MS) or RiboSeq, a NGS-based method for determining 
actively translated RNA molecules, theoretically provide the necessary technical foundations for the 
detection of cryptic peptides, the efficient identification of such antigens remains challenging 82. cDNA 
library screenings were previously demonstrated as potent strategy to identify target epitopes arising 
from non-coding intronic sequences 132,133. Additionally, to illuminate the dark side of the 
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immunopeptidome for ongoing neoepitope discovery, RNA-Seq- and MS-based bioinformatic 
workflows had recently been established to specifically identify peptides generated from non-canonical 
mRNA translation 135,136. Therefore, further exploring the dark matter of the human genome might 
provide novel target antigens and biomarkers for future immunotherapies, thereby simultaneously 
impacting future cancer diagnosis and unravelling new mechanisms of tumorigenesis 129. 

2.6 Treatment guidelines for non-small cell lung cancer (NSCLC) 

2.6.1 Lung cancer subtypes  

Lung cancer is the leading cause of cancer-related death worldwide and is broadly divided into the two 
major groups of small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). SCLC 
accounts for approx. 15% of all lung cancers, is more aggressive than NSCLC, and remains one of the 
most lethal forms among malignancies (overall 5-year survival rate <7%) 137,138. On the other hand, 
NSCLC accounts for approx. 85% of all lung cancers and can be grouped into three major histologic 
subtypes (large-cell lung cancer, squamous cell carcinoma, adenocarcinoma) differing in location, cell 
origin, and growth patterns. Adenocarcinomas and squamous cell carcinoma together account for 
approx. 80% of NSCLC cases with adenocarcinoma being the most common subtype. Adenocarcinoma 
generally accounts for roughly half of all lung tumors while squamous cell carcinomas represent about 
30% of lung cancers (Fig. 2.6 A). Large-cell lung cancer is a very heterogeneous group of tumors 
harboring features of adenocarcinoma, squamous cell carcinoma, and SCLC. Moreover, squamous cell 
carcinoma and SCLC are most strongly associated with smoking. In addition, there are minor lung 
cancer subtypes with rather unspecified histology or clinical characteristics that are barely 
distinguishable 139,140.  

2.6.2 Treatment guidelines for stage I to stage III NSCLC 

Clinical outcomes in lung cancer patients are directly related to the cancer stage at the time of diagnosis. 
For example, early identification of NSCLC and surgical resection of small, localized, stage I tumors 
offers favorable prognosis with 5-year overall survival rates of 70-90%. However, patient survival 
remains poor in patients suffering from advanced NSCLC usually accounting for 5-year overall survival 
rates between 26% in stage IIIB, about 10% in stage IVA, and even less in stage IVB patients 138,141,142. 
Surgical resection followed by optional adjuvant systemic therapy is the standard strategy for the 
treatment of stage I, stage II, and some stage IIIA non-small cell lung cancers. Today, adjuvant 
chemotherapy typically consists of 4 cycles of a cisplatin-based doublet regimen and is recommended 
for the treatment of completely resected stage II to stage IIIA NSCLCs 142,143. Moreover, recent data 
indicate that further adjuvant immunotherapy with the anti-PD-L1 monoclonal antibody atezolizumab 
might represent another promising treatment strategy for patients with resected stage II-IIIA NSCLC 
144.  

Surgery of stage III tumors is generally considered for NSCLC patients with a single mediastinal lymph 
node involvement and is regularly combined with both chemotherapy and radiation (trimodality 
treatment). However, a vast number of stage III NSCLC patients are deemed unresectable, which is 
either due to tumor burden, patient choice, or because they are considered poor candidates for surgery 
142. Multimodality therapy consisting of concurrently administered chemoradiotherapy (CRT) represents 
the standard of care for patients with unresectable stage III NSCLC, but it results in rather poor 5-year 
survival rates of approx. 15 to 30%. Immunotherapy with durvalumab, a selective high-affinity human 
IgG1 monoclonal antibody specifically blocking programmed death-ligand 1 (PD-L1), was found to 
substantially improve overall survival and progression-free survival in stage III NSCLC patients already 
treated with CRT. Durvalumab application was therefore approved for the standard treatment of 
unresectable stage III NSCLC showing no progression after concurrent CRT, thereby becoming the new 
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standard of care in this setting 145,146. Furthermore, when compared to chemotherapy alone, recent data 
indicate that the combination of perioperative durvalumab administration and neoadjuvant 
chemotherapy might increase event-free survival in stage IIIA NSCLC patients 147. 

 

 
Figure 2.6: Lung cancer subtypes and corresponding oncologic driver genes. 
A) SCLC and NSCLC are the two major subtypes of lung cancer. NSCLC accounts for approx. 85% of all lung cancers while SCLC represents 
approx. 15% of all cases. NSCLC is divided into the three major histologic subtypes: Large-cell lung cancer, squamous cell carcinoma, and 
adenocarcinoma. The designation “other” encompasses minor histology types, such as non-specified NSCLC, adenosquamous carcinomas, 
and sarcomatoid carcinomas. B and C) Molecular subtypes of adenocarcinoma and squamous cell carcinoma. Pie charts show the proportions 
of patient populations with a particular histological subtype. Only targetable and mutually exclusive hyperactive oncogenes are shown. 
Alterations in ALK (ca. 4-6%), EGFR (ca. 10-15%), and KRAS (ca. 21%) are the predominant driver mutations found in adenocarcinomas. In 
contrast, most common targetable driver mutations in squamous cell carcinoma are found in FGFR1 (ca. 16-20%) and NRF2 (ca. 10-15%). 
Abbr.: AC = adenocarcinoma; ALK = Anaplastic Lymphoma Kinase; EGFR = Epidermal Growth Factor Receptor; FGFR1 = Fibroblast 
Growth Factor Receptor 1; KRAS = Kirsten Rat Sarcoma viral oncogene; LC = large-cell carcinoma; NRF2 = Nuclear factor erythroid 2-
related factor 2; NSCLC = non-small cell lung cancer; SCLC = small cell lung carcinoma; SqCC = squamous cell carcinoma. Graphics and 
descriptions were adapted from L.A. Pikor and colleagues (Lung Cancer 82 (2013); 179-189) 139. 

2.6.3 Treatment strategies for metastatic stage IV NSCLC 

The main therapy goal for the treatment of metastatic NSCLC is to improve or maintain quality of life 
while simultaneously prolonging overall survival of patients. Despite of platinum-based chemotherapy, 
patients with advanced NSCLC have very poor prognosis with relatively low 5-year survival rates of 
about 7% when distant metastases are present. Generally, treatment options include chemotherapy, 
targeted therapy, and immunotherapy. Targeted therapy can be applied in patients bearing drug-
sensitizing oncogenic driver mutations and has the potential to elicit remarkable responses in several 
cancer subtypes, thereby improving patient outcomes 148,149. Patients who do not possess any druggable 
driver mutations are routinely treated with single-agent immunotherapy, combination immunotherapy, 
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or chemotherapy alone. Furthermore, chemotherapy is the first-line option for patients that may not be 
suitable for immunotherapy treatments. This can be due to pre-existing autoimmune conditions, 
concerns about a patient’s performance status, or the risk of toxicity. In these settings, platinum doublets 
are typically used for the treatment of both non-squamous and squamous metastatic NSCLC 142. 

2.6.3.1 Targeted therapy for NSCLC  

Non-squamous tumors of patients with absent or light smoking history should regularly be tested for 
specific driver mutations, which can be present in up to 60% of lung cancer patients and are, in case of 
NSCLC, most frequently found in non-smoking-related adenocarcinomas. When obtained from patients 
with smoking history, tumors of squamous histology may be considered for driver mutation analysis on 
a case-by-case basis 142,150,151. Therapy approaches targeting common NSCLC driver mutations in 
Epidermal Growth Factor Receptor (EGFR), anaplastic lymphoma kinase (ALK), or ROS Proto-
Oncogene 1 (ROS1) provide significant increases in both survival and life quality of patients with 
advanced lung cancer and rather poor prognosis 152. By targeting biologically relevant alterations as 
competitive inhibitors within ATP-binding groves, especially tyrosine kinase inhibitors (TKIs) can 
provide improved therapeutic responses and clinical benefits for NSCLC patients 139. Therefore, new 
guidelines recommend the testing of patient tumors for targetable driver mutations in EGFR, ALK, and 
ROS1 genes. Furthermore, genetic alterations found in other common drivers like KRAS could 
additionally be included in future routine tumor mutation analyses 152. EGFR variations, KRAS mutations 
and ALK rearrangements are the three predominant drivers found in adenocarcinomas and occur in 
approx. 35-40% of all cases (Fig. 2.6 B). In contrast, they are less common in squamous cell carcinomas 
where they are found with frequencies of 6% and below. Here, targetable driver mutations are most 
commonly found in FGFR1 (ca. 16-20%) and NRF2 (ca. 10-15%), respectively (Fig. 2.6 C) 139. 

2.6.3.2 Immunotherapies: Current strategies for the treatment of NSCLC  

Immunotherapy has significantly changed the therapeutic landscape for the treatment of patients with 
metastatic NSCLC. Patient responses to immunotherapy mainly depend on tumor expression of tumor 
programmed cell death ligand 1 (PD-L1), which can broadly be classified into three subcategories: PD-
L1-negative (<1% of tumor cells express PD-L1), PD-L1 low positive (1-49% of tumor cells express 
PD-L1), and PD-L1-positive (>50% of tumor cells express PD-L1). Together with its corresponding 
immune checkpoint receptor, namely programmed cell death protein 1 (PD-1), PD-L1 facilitates the 
activation of immunosuppressive signaling pathways resulting in both induction and maintenance of 
immune tolerance within the tumor microenvironment (TME). Generally, patient survival and duration 
of response seem higher in patients with tumors exhibiting increased PD-L1 expression 142,153.  

In 2015, a first phase II study demonstrated the clinical efficacy of nivolumab, a fully human IgG4 anti-
PD-1 immune checkpoint-inhibiting antibody, in pre-treated patients with refractory squamous NSCLC 
154. Furthermore, it was shown that treating metastatic NSCLC patients with pembrolizumab, another 
monoclonal antibody targeting the immune checkpoint PD-1, as a first-line therapy induced clinically 
meaningful long-term overall survival benefits when compared to standard chemotherapy. Both median 
overall survival and 5-year survival rates of patients with PD-L1-positive tumors were found to be 
substantially increased upon pembrolizumab administration 149. Similar results were achieved when 
comparing the immune checkpoint inhibitors cemiplimab (anti-PD-1) and atezolizumab (anti-PD-L1) 
with conventional chemotherapy in NSCLC patients with highly PD-L1-positive (>50% of tumor cells) 
cancers 155,156. For the first time, these studies indicated that chemotherapy might not be mandatory for 
all patients with advanced NSCLC.  

Combinational treatment strategies with chemotherapy and pembrolizumab were shown to provide 
clinical benefits for metastatic NSCLC patients with tumors exhibiting PD-L1 expression lower than 
50% 157. Furthermore, therapeutic strategies, including chemotherapy and dual immune checkpoint 
inhibition with nivolumab and ipilimumab, a fully human anti-cytotoxic T-lymphocyte antigen-4 
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(CTLA4) antibody, were demonstrated to provide durable benefits in advanced NSCLC patients 158. 
Head-to-head comparisons of single and dual immunotherapy approaches could therefore provide new 
insights for the future treatment of particular patient subgroups 142. BioNTech’s FixVac (fixed vaccine) 
candidate BNT116 is another very promising approach for treating advanced or metastatic NSCLC 
patients in the future. BNT116 is an off-the-shelf immunotherapy candidate aiming at the RNA-based 
induction of immune responses to target 6 pre-defined tumor-associated antigens, thereby, in theory, 
covering up to 100% of patients included in either of the major histologic NSCLC subtypes 159. The 
safety profile and safe dose for BNT116 monotherapy, as well as for BNT116 in combination with 
immune checkpoint inhibition, is currently tested in a first-in-human phase I study (LuCa-MERIT-1 
clinical trial; NCT05142189). An graphical overview listing all FDA-approved immunotherapies for the 
treatment of NSCLC was recently provided by Shields and colleagues 160.  

By using immunotherapy for the treatment of NSCLC patients, monitoring and management of 
treatment-induced toxicities deservers special attention. In general, immune related adverse events 
(irAEs) are less predictable than for classic chemotherapy since toxicities can occur at any point, can 
affect any organ, and are even possible after stopping the immunotherapy treatment. Since 
immunotherapy agents usually have longer half-lives, commonly used dose-reductions or therapy stops 
are not routinely prescribed for the management of emerging side effects. In fact, prompt 
immunosuppression may be crucial to reduce both morbidity and mortality in patients suffering from 
serious irAEs. Rather common irAEs are rash, pruritus, diarrhea and thyroid dysfunction 142. However, 
immune checkpoint inhibition (ICI) can also induce severe toxic events, including colitis, pneumonitis, 
myocarditis, hepatitis, or neurotoxic effects. Metadata analysis revealed toxicity-related fatality rates of 
0.6% for ICI-treated patients with the median time from symptom onset to death being 32 days. 
Depending on the type of ICI treatment, toxicity-related fatality rates ranged between 0.36% for anti-
PD-1 monotherapy and 1.23% for combined (anti-PD-1/PD-L1 and anti-CTLA4) immunotherapy 161. 
As revealed by another metadata analysis, the use of ipilimumab might especially be associated with 
increased risk of treatment-related mortality in cancer patients 162. Although ICI can induce severe toxic 
effects, there is also data indicating that the development of irAEs could be used as a positive predictor 
for survival of NSCLC patients treated with nivolumab monotherapy. For example, Ricciuti and 
colleagues demonstrated that patients experiencing two or more irAEs had significantly longer 
progression-free survival and overall survival than patients which developed only one or no irAEs at all 
163. 

2.7  T cell-based immunotherapies 

2.7.1 Classification of T cell-based immunotherapies 

Over the past decade, two types of immunotherapies have emerged for the effective treatment of cancer: 
Firstly, the use of immune checkpoint inhibitors specifically targeting molecules that inhibit T cell 
activation (e.g. PD-1, PD-L1 or CTLA-4), thereby enhancing natural anti-tumor activity (see section 
2.6.3.2). Secondly, the administration of anti-tumor immune cells by using adoptive cell therapy (ACT) 
to generate robust immune responses via the infusion of ex vivo-manipulated T cells. T cell-based ACT 
strategies include (i) the isolation and application of autologous tumor-infiltrating lymphocytes (TILs) 
and (ii) the genetic modification and subsequent administration of peripheral T cells to allow tumor 
recognition 164. Personalized cell treatments such as adoptive T cell therapies are individually generated 
for every patient by using autologous cellular starting material. For example, TIL-based ACTs comprise 
autologous patient TILs that are reinfused after excessive ex vivo expansion. On the other hand, TCR-T 
cell approaches use autologous patient T cells genetically engineered to express tumor-reactive TCRs 
specifically recognizing MHC-presented tumor antigens. In contrast, genetically modified CAR-T cells 
express artificial chimeric antigen receptors (CARs) to recognize tumor-expressed cell surface antigens, 
thereby not depending on the presence of specific MHC alleles 165. 
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2.7.1.1 TIL-based ACTs  

Generating TIL-based adoptive cell therapies (ACTs) is a multistep process comprising TIL isolation, 
expansion, and subsequent reinfusion (see Fig. 2.7.1 A). Firstly, isolated tumor tissues are dissected into 
fragments that are either used for further processing, for establishing single tumor cell suspensions, or 
are grown in the presence of IL-2. The latter will, due to overgrowing and death of included tumor cells, 
result in relatively pure TIL cultures within two to three weeks. By using autologous tumor cell 
suspensions for reactivity screening, TIL cultures can be selected based on tumor-reactivity and 
cytotoxicity. Here, selected TILs are usually subjected to a rapid expansion protocol (REP) comprising 
the non-specific stimulation via an anti-CD3 monoclonal antibody, the presence of irradiated feeder 
cells, and high doses of IL-2. Thus, autologous TIL cultures can be expanded to numbers of up to 2E+11 
total cells and are eventually reinfused into patients. Typically, those patients had before been subjected 
to lymphodepleting regimens to increase both the persistence of transferred TILs and overall clinical 
responses after TIL therapy 164. Major toxicities during TIL-based ACT are largely related to high dose 
IL-2 administrations after cell transfer. The applicability of TIL-based ACTs could therefore be 
improved by using attenuated IL-2 regimens, which were previously demonstrated to be still sufficient 
for inducing long-lasting responses in, for example, patients with treatment-refractory melanoma 166.  

 

 
Figure 2.7.1: Adoptive T cell transfer approaches harnessing the human immune system to fight cancer. 
A) Adoptive transfer of tumor-infiltrating lymphocytes (TILs) isolated from a patient’s tumor tissue. TILs are isolated from resected patient 
tumor samples and are then expanded in vitro by using a rapid expansion protocol (REP). Autologous TILs are eventually reinfused into the 
lymphodepleted patient. B) Adoptive transfer of genetically modified T lymphocytes. T cells are isolated from a patient’s peripheral blood, are 
then expanded in vitro, and are eventually modified to either express a tumor-specific T cell receptor (TCR) or a chimeric antigen receptor 
(CAR). Expanded and genetically modified T cell populations are eventually reinfused back into the lymphodepleted patient. Graphics and 
descriptions were adapted from Ö. Met and colleagues (Seminars in Immunopathology (2019); 41:49-58) 164. 

 

The concept of transferring autologous TILs to treat human cancer is not a novel approach and was 
initially presented by Rosenberg and colleagues in 1988 167. They later demonstrated the power of 
reinfusing in vitro-expanded autologous TILs along with IL-2 into lymphodepleted metastatic 
melanoma patients, thereby managing to achieve durable complete tumor regressions in 22% and 
objective responses in 56% of all treated patients 168. Several studies confirmed that adoptive transfers 
of autologous TILs can result in durable and complete responses, even after other immunotherapies have 
failed 166,169. Furthermore, the potential power of TIL-based ACTs as follow-up treatment of ICI-
resistant tumors was highlighted by demonstrating the ability of tumor-reactive T cells to heavily 
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infiltrate tumor microenvironments of metastatic melanoma patients, even after disease progression 
during anti-PD-1 or combined anti-PD-1/CTLA-4 treatment 170. However, ACTs with in vitro-expanded 
TILs induced less effective long-term tumor regressions in other solid tumors such as metastatic ovarian 
cancer 171. General efficiencies of TIL-based ACTs could theoretically be increased by previously 
identifying and enriching tumor-recognizing TILs, thereby reducing the number of transferred non-
tumor-reactive “bystander” TILs 2. 

2.7.1.2 ACTs based on genetically modified T cells: TCR-engineering and CARs 

Genetic modification of autologous T lymphocytes is used to generate tumor-specific T cell therapies 
with potentially enhanced anti-tumor effects. Here, T cells are genetically modified to specifically target 
tumor antigens by either expressing a cloned TCR or a synthetic chimeric antigen receptor (CAR). 
Common methods for establishing those transgenic T cell cultures include transient RNA transfection, 
retroviral and lentiviral transductions, transposons, or homologous recombination. While there are 
various protocols available for establishing transgenic T cell cultures, a general outline is depicted in 
Fig. 2.7.1 B. Briefly, T cells are collected via leukapheresis from a patient’s peripheral blood, are then 
activated, genetically modified, expanded, and eventually reinfused back into the lymphodepleted 
patient 164. 

In a first study, Morgan and colleagues utilized a retrovirus-based transduction approach to generate 
transgenic T cells expressing a TCR specifically recognizing a MART-1 peptide presented by HLA-
A*02:01. This TCR had previously been cloned from a TIL clonotype of a metastatic melanoma patient 
with nearly complete remission after TIL-based ACT. Hence, Morgan and colleagues managed to induce 
high sustained levels of circulating transgenic T lymphocytes and full clinical regression in two patients 
with rapidly progressive metastatic melanoma 172. Multiple follow-up trials demonstrated significant and 
prolonged tumor regressions by targeting various tumor antigens in different tumor entities 164, such as 
gp100 (melanoma), NY-ESO-1 (melanoma, synovial sarcoma), and the carcinoembryonic antigen 
(colorectal carcinoma) 173–175.  

In contrast, the genetic modification of T cells to express CARs combines the specificity of antibody-
based antigen recognition with the cytotoxic properties of T lymphocytes. The antigen-binding domain 
of a CAR is composed of a single-chain fragment variable region derived from an antigen binding 
domain of antibodies. T cell activation is facilitated by fusing the antigen-binding domain to the CD3ζ 
transmembrane domains as well as the intracellular signaling domains of the TCR-complex. In case of 
second and third generation CARs, additional intracellular costimulatory domains, such as CD28, 4-
1BB, or OX-40, are added to induce additional activation signals, thereby providing the potential to 
elicit potent anti-tumor activities and meaningful clinical responses 164. Although being still exploratory, 
combination therapies consisting of CAR-T cells and the parallel administration of immune checkpoint 
inhibition could further improve therapeutic outcomes in cancer patients 176. 

Multiple studies demonstrated that ACT with T cells expressing anti-CD19 CARs induced robust and 
durable responses in patients with chronic lymphocytic leukemia (CLL), diffuse large B cell 
lymphomas, and B cell acute lymphoblastic leukemia (B-ALL) 177–180. Another very promising target 
antigen for treating B cell malignancies with CAR-T cells is the B cell maturation antigen (BCMA). 
Here, BCMA-specific CAR-T cells induced overall response rates of 81% in multiple myeloma patients 
181. However, patients often developed severe cytokine release syndromes (CRSs) or observed off-tumor 
toxicities primary resulting in B cell aplasia, a condition that can be clinically managed with prophylactic 
immunoglobulin infusions 164. To date, various anti-CD19 (axicabtagen-ciloleucel, tisagenlecleucel, 
lisocabtagen-maraleucelor, brexucabtagen autoleucel) and anti-BCMA (idecabtagen vicleucel, 
ciltacabtagene autoleucel) CAR-T cell therapies are approved for the treatment of non-Hodgkin 
lymphoma, B-ALL, and multiple myeloma 182,183. 

In contrast, developing CAR-T cell therapies against solid tumors was significantly less successful so 
far, with potential challenges being (i) the inefficient T cell migration and infiltration of tumor tissues 
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due to physical barriers at the tumor site, (ii) difficulties in antigen selection due to high heterogenicity 
of solid tumors, (iii) the high risk of on-target/off-tumor toxicities due to target antigen expression in 
healthy tissues, and (iv) the presence of immunosuppressive factors in the TME 164. However, 
BioNTech’s BNT211 program currently assesses both safety and preliminary efficacy of a CAR-based 
T cell therapy targeting Claudin-6 (CLDN6), a developmentally regulated tight junction protein, in 
patients with relapsed or refractory advanced solid tumors (clinical trial ID: NCT04503278). 
Furthermore, BNT211 is a potential first-in class approach combining a CAR-based T cell therapy 
approach with nanoparticle RNA vaccination, thereby facilitating the body-wide delivery of the CLDN6 
antigen to promote the selective expansion of infused CAR-T cells 184.  

Although representing promising strategies for the treatment of multiple cancer types, there are potential 
safety risks that have to be considered when utilizing genetically altered T cells for ACT approaches. 
Those safety concerns were observed in multiple studies reporting serious and non-predictable toxicities 
upon treatment of cancer patients with engineered T lymphocytes, thereby highlighting the necessity of 
methods to reliably define TCR specificities before administration. Generally, the most severe toxicities 
are (i) cytokine-release syndromes, (ii) on-target/off-tumor toxicities as a result of tumor antigen 
expression in healthy tissues, and (iii) off-target toxicities either originating from cross-reactivity 
towards alternative proteins or from the formation of hybrid TCRs composed of endogenous and 
exogenous TCR chains 185. For example, modified T cells expressing high affinity TCRs against MAGE-
A3 induced fatal myocardial damages, which were most likely caused by the recognition of an unrelated 
peptide derived from the muscle-specific self-protein titin 186. Other studies reported lymphocyte-
induced autoimmune colitis or cytokine storms resulting in multiorgan failure and patient death. In both 
cases, toxicities were most likely due to on-target/off-tumor toxicities induced by target antigen 
expression in healthy cells 93,173. 

2.7.2 Designing TCR-engineered T cell immunotherapies 

2.7.2.1 Common strategies for the identification of suitable T cell target antigens 

Gene engineering technologies dramatically changed the overall landscape of adoptive cell therapy 
(ACT) approaches by providing the possibility to specifically redirect T cells towards selected tumor 
antigens. Hence, research no longer focused on how to harvest sufficient numbers of T cells for 
subsequent administration, but scientists rather tried to develop new strategies to identify high-avidity 
tumor-specific TCRs and to efficiently generate genetically engineered T cells 187. However, the 
identification of suitable target antigens which are selectively expressed on tumor cells is one major 
bottleneck limiting the success of ACTs 188. Besides from tumor-specific expression patterns, promising 
TCR targets should possess additional key characteristics for being considered ideal target antigen 
candidates, such as (i) being expressed on cancer stem cells to promote tumor eradication and (ii) being 
involved in the oncogenic process to reduce the risk of tumor evasion. Furthermore, (iii) they must be 
able to elicit immune responses and (iv) to bind common HLA alleles 187. 

Hence, labor-intensive tumor screenings are necessary to identify immunologically relevant target 
antigen candidates. Comparative whole exome sequencing and transcriptome sequencing of tumor and 
healthy patient tissues are commonly used to screen for differently expressed genes and tumor-specific 
non-synonymous mutations 187,189. In a next step, potentially immunogenic candidate mutations can be 
identified by performing MHC-binding predictions with in silico-generated polypeptides containing one 
of the previously identified non-synonymous mutations. The polypeptides predicted to bind the patient’s 
MHC molecules best are eventually synthesized and used for further TIL-based recognition screenings 
188. Moreover, ready-to-transfect tandem minigene (TMG) libraries can be generated to circumvent 
potential accuracy limitations of peptide binding predictions. Here, recognition screenings can easily be 
performed for every single patient HLA allele, respectively. Individual TMG cDNA constructs encode 
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up to 6 candidate mutations and are eventually tested for the recognition by autologous TILs via co-
transfection of target cells with relevant patient HLAs and respective TMG libraries 190. 

In addition to the methods described above, analysis of the tumor ligandome can be considered a good 
alternative for the identification of T cell target antigen candidates. This method depends on the mass 
spectrometry-based analysis of all peptides eluted from the HLA molecules of a particular tumor sample 
or cancer cell line 187. However, peptide-specific T cell responses still have to be validated in vitro 191. 
The screening of tumor cDNA libraries is another approach that is commonly used for T cell antigen 
discovery. Here, cDNA expression constructs are generated from tumor-obtained total RNA samples 
and are subsequently amplified in E. coli bacteria. Isolated plasmid DNA from several hundred colony 
pools, which typically consist of 100 bacterial colonies, and relevant patient HLAs are then co-expressed 
in antigen-presenting cells that are eventually screened for cytotoxic T cell recognition 192. Finally, 
recognized cDNA pools are stepwise reduced and tested until the cognate target antigen cDNA can be 
revealed. 

2.7.2.2 Recurrent KRAS mutations as promising target neoantigens 

Current immunotherapy approaches mainly target individual neoantigens derived from unique patient 
mutations. Since cancer driver mutations are recurrent among different patients, immunogenic treatment 
strategies can, in theory, also be developed against public neoantigens arising from shared variations in 
oncogenes or tumor suppressor genes 4. However, in reality, neoantigens arising from tumor-specific 
perturbations are rarely shared among patients 5. Pearlman and colleagues recently summarized the 
future perspectives of immunotherapies targeting recurrent mutations: They demonstrated that the 
effective identification of recurrent targets is the major challenge when designing immunotherapy 
approaches for larger patient cohorts. By potentially providing clinical benefits for larger patient cohorts, 
public neoantigen therapies could circumvent the complex financial and logistic bottlenecks associated 
with personalized approaches. However, the number of potentially treatable patients highly depends on 
the frequency of the corresponding HLA allele facilitating the efficient presentation of the neopeptide. 
Given the fact that several driver gene mutations occur in multiple cancer types, the number of 
potentially treatable patients can only be estimated. For example, a neoantigen peptide derived from the 
most frequent KRAS mutation (p.G12D) was found to be presented via HLA-A*03, thereby accounting 
for a theoretical patient cohort of about 1% of all patients with any of the 12 most common solid tumor 
types in the US. Therefore, immunotherapeutic agents developed against one of the top 10 public 
neoantigens could, in theory, be used for the worldwide treatment of more than one million patients per 
year. However, actual patient numbers are assumed to be lower since the mere existence of a recurrent 
mutation does not guarantee the presence of a shared neoantigen 4. 

The RAS gene family encode small enzymes, so-called GTPases, which hydrolyze guanosine 
triphosphate (GTP), thereby linking the activation of upstream cell surface receptors, such as epidermal 
growth factor receptor (EGFR) or fibroblast growth factor receptor (FGFR), to downstream signal 
transduction pathways regulating cell proliferation, survival, and differentiation. Mutant RAS family 
isoforms are among the most frequent oncogenes in cancer and are represented by mutated KRAS, NRAS, 
and HRAS 193. Point-mutated RAS proteins significantly contribute to several aspects of malignancy by 
deregulating tumor-cell growth, programmed cell death, or the ability to induce blood vessel formation 
194. As recently reviewed, RAS mutations occur in approx. 9-30% of all sequenced cancers, but the 
reported variation frequencies substantially differ between databases used for mutation analysis. KRAS 
represents the most frequently mutated (86% of RAS-driven cancers) RAS isoform, followed by NRAS 
and HRAS representing about 11% and 3% of all RAS mutations, respectively. The three RAS genes 
encode 4 different proteins sharing 82-90% overall sequence identity. While HRAS and NRAS encode 
proteins of 189 amino acids, KRAS encodes two different splice variants (188 and 189 amino acids) 
arising from alternative utilization of exon 4. Generally, frequencies of mutated RAS isoforms differ 
between cancer types with KRAS being the predominant mutated isoform in multiple malignancies, such 
as pancreatic ductal adenocarcinoma (PDAC; mutation frequency of 66.1%), lung adenocarcinoma 
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theory, be used for genetically engineering other patients’ T cell populations to target shared neoantigens 
4. For instance, KRASG12D is the most frequent mutation in pancreatic cancer (approx. 70-80%), 
colorectal cancer (approx. 13%), and NSCLC (approx. 7%), thereby representing one of the most 
promising target antigens for T cell-mediated immunotherapy 203. Moreover, recently published data 
revealed that the three most common KRAS mutations at amino acid position 12 (p.G12C, p.G12D, 
p.G12V) account for up to 70% of all KRAS mutations found across various tumor types. To date, 
multiple anti-KRAS TCRs specifically targeting those p.G12 mutations were isolated from patients with 
metastatic cancer 204. Furthermore, two TCRs had been isolated from immunized HLA-A*11:01-
transgenic mice and were shown to be highly reactive towards the KRAS mutations p.G12V and p.G12D 
205. There are now two ongoing clinical trials aiming at analyzing the safety and efficacy of both TCRs 
in an ACT-based treatment setting (clinical trial IDs: NCT03745326, NCT03190941). Since both 
studies use murine receptors, it will be important to assess potential adverse events or efficacy-
attenuating effects which could potentially be induced by the host’s immune system. With the first 
clinical trials underway, proceeding cancer genome sequencing will probably facilitate the future 
treatment of patients with new therapies targeting public neoantigens 4. 

2.7.2.3 Identification of potentially tumor-reactive T cells among patient-derived TIL 
populations 

Finding the perfect immunogenic epitope is not trivial, but the identification of tumor-reactive T cells 
from tumor-infiltrating lymphocyte (TIL) populations might be challenging as well 187. TILs are 
phenotypically diverse populations consisting of both tumor-reactive T cells as well as bystander T cells, 
with the latter recognizing a wide range of non-tumor target antigens 206. Recently, various approaches 
aimed at the identification of tumor-reactive TILs by either analyzing putative tumor specificity marker 
(CD39, CD103 and PD-1) expression 207,208 or by in vitro analyses of actual tumor-reactivity. The in 
vitro analysis of effector T cell reactivity upon stimulation with tumor antigens or autologous tumor 
cells represents one of the most common approaches for detecting and characterizing tumor-reactive 
TILs. However, no standardized pipeline has yet been established to reliably detect tumor-specific TIL 
repertoires 209.  

Several techniques can be used to analyze T cell responses when co-cultured with tumor cells. Those 
methods include ELISA (Enzyme-linked Immunosorbent Assay) and ELISpot (Enzym-linked 
Immunospot) assays to determine T cell activation by assessing the levels of secreted pro-inflammatory 
cytokines, such as IL-2 or IFN-γ. Furthermore, a detailed phenotypic characterization of stimulated T 
cells may be achieved by intracellular cytokine staining and subsequent flow cytometry analysis 210,211. 
The additional staining of functional T cell activation markers for degranulation and cytotoxicity, such 
as CD107a/b, perforin, or granzyme, may facilitate an even more complete assessment of T cell 
functionality 212,213. Another prominent strategy for the identification of tumor-reactive T cell clonotypes 
is to analyze TCR repertoires of TILs from freshly resected tumors. Rosenberg and colleagues used a 
high-throughput next generation TCR beta sequencing approach to analyze the TCR diversity in 
different TIL subsets from human metastatic melanoma patients. They subsequently identified TCR 
alpha and TCR beta chain pairs via RT-PCR and by using pairSEQ, a statistical model to accurately pair 
thousands of TCR chain sequences. Thus, they managed to identify potentially tumor-reactive TCRs 
solely based on PD-1 expression and frequency within tumor tissues, thereby introducing a potent 
strategy to identify potentially tumor-reactive TCRs without the prior knowledge of their respective 
antigen specificities 214,215.  

2.7.2.4 Identification of potentially tumor-specific TCR candidates by clustering of 
highly related TCRs with potentially similar target antigen specificity 

Some antigen-specific TCR repertoires include TCRs that are frequently observed in multiple 
individuals, thereby mediating public T cell responses. Shared TCRs have been described in a variety 
of immune responses, especially in the context of infectious diseases, autoimmunity, and diverse 
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malignancies 216. It is assumed that hundreds or even thousands of distinct TCRs could be able to 
recognize similar immunodominant target antigens, which might be especially true for common viral 
epitopes 217. Highly similar subsets of virus-specific TCRs, referred to as public TCRs, were recently 
verified by comparing related T cell populations initially isolated from 29 different individuals 218.  

Hence, a strategy to identify tumor-specific TCRs could also be based on surveying TCR repertoires of 
multiple cancer patients to uncover highly similar TCRs and their corresponding antigen specificities. 
By using their GLIPH2 (Grouping of Lymphocyte Interactions with Paratope Hotspots version 2) 
algorithm, Mark M. Davis and colleagues (Stanford University, USA) recently published a strategy to 
distill raw TCR sequencing data into many shared specificity groups likely to recognize identical 
peptide-MHC ligands. By analyzing almost 800,000 TCR beta chain sequences from 178 NSCLC 
patients, they found a total of 435 shared specificity groups to be clonally expanded and enriched in 
patients’ tumor tissues. They furthermore demonstrated that CD8+ T cells expressing identical TCR 
alpha chain CDR3 sequences and a highly related CDR3β motif, only differing in one single amino acid, 
consistently shared similar antigen specificities 219,220. However, it remained debatable whether the 
discovered target antigen recognition was either mediated by TCR alpha, TCR beta, or by a combination 
of both chains. Nevertheless, this study demonstrated that highly related TCRs have the potential to 
specifically recognize similar targets. Clustering of TCRs based on CDR3 alpha and beta sequence 
similarities and simultaneously comparing them to TCR specificity databases could therefore represent 
a promising strategy for identifying plenty of tumor-specific TCRs. Indeed, there are available tools and 
algorithms designed to identify highly similar TCRs and predict potential antigen specificities based on 
related TCR sequences 221,222. 
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3) Results 

3.1 Objectives and overall experimental strategy 

Harnessing T cell-based immune responses against highly immunogenic tumor-specific antigens (TSAs) 
or aberrantly expressed tumor-associated antigens (TAAs) represents an attractive strategy to achieve 
clinical benefits in cancer patients 223,224. However, both the identification of suitable target epitopes as 
well as the identification of tumor-specific T cells is not trivial 187. Hence, the biotechnology company 
HS Diagnomics (HSD) has recently established a prediction pipeline to effectively identify tumor-
specific T cells and their T cell receptors (TCRs) among heterogenous populations of tumor-infiltrating 
lymphocytes (TILs; EU patent EP 3180433 B1) 3. Assessing the suitability of this prediction pipeline 
by attempting to identify the exact target antigens of the TIL-derived TCRs was the major goal of this 
doctoral research study. To achieve this goal, the following core objectives were defined: 

(i) generation of transgenic effector populations (TCR-T cells) expressing TCRs cloned from 
programmed cell death protein 1 (PD-1)-positive TILs with highest tumor-to-non-tumor (T/nT) 
ratios in at least one of three analyzed non-small cell lung cancer (NSCLC) patients,  

(ii) next generation sequencing (NGS) of the patients’ tumor and healthy lung tissues to identify 
patient-specific HLA class I-binding neoantigen candidates, and 

(iii) recognition testing (ELISpot, CD107a degranulation assay) of neoantigen candidates and 
common TAAs with generated TCR-T cell populations to identify and characterize their targets.  

HSD used complete TCR beta chain (TRB) profiling of T cell subsets isolated from tumor or adjacent 
healthy lung tissues of NSCLC patients P18, P43, and P50 to assess T/nT ratios of TIL clonotypes found 
in the respective patients. The most promising TCR candidates, i.e. TCRs from PD1+ TIL clonotypes 
with highest T/nT ratios, were subsequently synthesized by HSD and then cloned into retroviral 
expression backbones 225 provided by the Wölfel group (University Medical Center, UMC Mainz). 
Resulting TCR expression constructs were to be used to generate TCR-T cells from buffy coat 
lymphocytes. To circumvent potential interference of endogenous TCRs with surface expression of 
introduced TCRs and subsequent specificity testing, endogenous TCR genes had to be knocked out via 
CRISPR/Cas9. Established TCR-T cell populations should then be used for extensive recognition testing 
with patient-specific neoantigen candidates and shared TAAs. 

To find out if patient-specific mutated neoantigen candidates are targeted by the generated TCR-T cell 
populations, the following experimental setups were planned:  

(i) comparative whole exome sequencing (WES) of genomic DNA (gDNA) isolated from flash 
frozen tumor and normal lung tissue specimens to identify neoantigen candidate mutations, 

(ii) transcriptome sequencing of tumor-derived total RNA to confirm mutated gene expression, and  
(iii) extensive HLA class I binding predictions with established algorithms to identify and synthesize 

individual candidate neopeptides binding to the patients’ respective HLA molecules. 

Moreover, the following experiments were planned for subsequent recognition testing: 

(i) loading of predicted neopeptides on K562 cells transduced with a patient’s HLA class I alleles 
and testing of peptide-pulsed targets for the recognition by generated TCR-T cells, and  

(ii) verification that peptide-reactive TCR-T cell responses are also directed against endogenously 
processed and presented mutated neoantigens. If possible, this should be achieved by applying 
tumor cell lines exhibiting physiological neoantigen expression, processing, and presentation, 
or by using HEK 293T target cells co-transfected with cDNAs encoding individual HLA class 
I molecules and candidate neoantigens. 

Furthermore, alternative antigen identification strategies were available in case no reactivity against 
mutated neoantigen candidates was found. Here, it was planned to test established TCR-T cell 
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populations for the recognition of an antigen panel consisting of cDNAs encoding 43 shared TAAs by 
using HEK 293T target cells co-transfected to also express a patient’s respective HLA class I molecules. 
In addition, another option was to apply patient-derived TCRs to an in silico TCR clustering approach 
aiming at the efficient identification of highly related TCRs with potentially shared antigen specificities. 
Based on the number of identified tumor-specific T cells and their corresponding TCRs, thorough 
efficiency assessments were planned to evaluate the overall efficiency of the conducted research study. 

3.2 Identification of a mutated KRAS neoantigen recognized by three tumor-specific 
TCRs cloned from TILs of NSCLC patient P18 

3.2.1 Identification of three tumor-reactive TIL clonotypes in NSCLC patient P18 

To identify tumor-reactive TIL candidates, complete T cell receptor (TCR) beta chain (TRB) profiling 
was performed for different T cell fractions (CD3+, CD4+, CD8+, PD-1+) previously isolated from 
tumor and adjacent healthy lung tissues of NSCLC patient P18. Tumor-to-non-tumor (T/nT) ratios were 
calculated for the most frequent P18 TILs, thereby facilitating the ranking of T cell clonotypes based on 
their relative frequencies in tumor and normal lung tissues. Exact TCR alpha and beta chain amino acid 
sequences of most promising TIL candidates, i.e. PD-1+ clonotypes exhibiting highest T/nT ratios, were 
subsequently assessed via single cell RNA-sequencing. Respective TCRs were eventually synthesized 
and used for the generation of retroviral TCR expression constructs. 

The TRB profiling approach revealed a total of 33,367 different TCR clonotypes in the tumor tissue of 
stage III lung adenocarcinoma patient P18 (data not shown). Firstly, the 4779 most common P18 TIL 
clonotypes were ranked based on their tumor frequencies and were then plotted for their respective T/nT 
ratios. The three most prominent TIL clonotypes, namely clonotypes 28.1, 55.1, and 73.1, exhibited very 
high T/nT ratios as well as highest frequencies among PD-1+ TIL populations (Fig. 3.2.1 A and B), 
thereby representing promising candidates for subsequent tumor specificity assessments. Notably, the 
three corresponding TCRs shared highly related nucleotide sequences resulting in identical TRA amino 
acid sequences for TCR 55.1 and TCR 28.1 (Fig. 3.2.1 C). In contrast, the TRA chain of TCR 73.1 
differed in its J-segment usage, thereby resulting in 5 amino acid differences within the corresponding 
CDR3 (complementary determining region 3) sequence. TRB chain variable (V) segments were found 
to be identical in all three TCRs while similar diversity (D) segments were identified for in TCRs 28.1 
and 73.1, respectively. Furthermore, TRB joining (J) segment J1-2*01was shared by TCRs 55.1 and 
73.1. In summary, the CDR3 sequences of all three TCRs were similar enough to suspect a shared 
antigen specificity. As it could be possible that all three TCRs recognize virus-derived epitopes but not 
actual tumor antigens, another non-related TIL candidate, referred to as clonotype 54.2, exhibiting an 
exceptionally high T/nT ratio (Fig. 3.2.1 B) was additionally selected for further specificity testing.  

Gamma-retroviral TCR expression constructs were generated comprising paired αβ TCR sequences of 
P18 TIL clonotypes 28.1, 55.1, 73.1, or 54.2, respectively (Fig. 3.2.1 C). Transgenic human T cells 
(TCR-T cells) were established via retroviral transduction of CD8+ healthy donor lymphocytes which 
had before been applied to a CRISPR/Cas9-mediated knock-out (KO) of their endogenous (end.) TCR 
expression. This end.TCR-KO approach was necessary to effectively prevent alloreactive responses of 
transduced donor lymphocytes, which could either be mediated by residual expression of endogenous 
TCRs or via the formation of mixed receptor dimers with unpredictable reactivity. After performing the 
TCR-KO approach, endogenous TCR expression was absent in more than 95% of all treated donor 
lymphocytes derived from buffy coat (BC) 827 (see Sup. Fig. 1). CRISPR/Cas9-treated CD8+ donor 
lymphocytes were then used for retroviral transduction with previously generated P18 TCR expression 
constructs. 

After retroviral transduction, established TCR-T cell populations were tested for the specific recognition 
of P18-derived tumor cell suspensions. Since merely 10% of TCR 73.1-transduced CD8+ T cells 
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expressed the transgenic TCR (data not shown) and since viable tumor cell yields were limited, TCR 
73.1-expressing T cells were excluded from testing. In contrast, TCR-T cell populations either 
transduced with TCR 28.1, TCR 55.1, or TCR 54.2 ectopically expressed up to 62% of the introduced 
TCRs (Fig. 3.2.2). In a next step, tumor reactivity was assessed for all three TCR-T cell populations 
(Fig. 3.2.3) by applying single tumor cell suspensions derived from patient P18. Here, the P18 tumor 
reactivity was blocked by adding the HLA class I-specific monoclonal antibody W6/32, thereby 
indicating an HLA class I-dependent target recognition. Due to the low overall quality of P18-derived 
NSCLC single cell suspensions after thawing, tumor cell-dependent T cell activation was rather low 
when compared to non-specific T cell activation with OKT-3. Nevertheless, the detected HLA class I-
dependent tumor recognition was considered reliable for TCR-T cell cultures either expressing P18 
TCRs 28.1, 55.1, or 54.2. This was justified by the facts that (i) IFN-γ secretion was observed for all 
three effector cultures when co-cultured with P18 tumor cell suspensions, (ii) the observed recognition 
was specifically blocked via W6/32, and since (iii) no background IFN-γ secretion was observed for 
TILs potentially included in P18 tumor cell suspensions (tumor only preparation). However, since only 
one frozen aliquot was available for both P18 tumor and normal lung cell suspensions, it was not possible 
to confirm the detected tumor reactivity by conducting another experiment. Hence, observed reactivity 
towards P18 tumor cell suspensions could only be demonstrated in one individual experiment and by 
using single well formats rather than duplicates.  

 

 
Figure 3.2.1: Identification of potentially tumor-specific TCRs in NSCLC patient P18. 
A and B) T/nT frequencies of most prominent PD-1+ P18 TIL clonotypes. Most promising TIL clonotypes were initially identified via 
comparative TCR beta chain sequencing of T cells isolated from P18 tumor and healthy lung tissues. Clonotypes 28.1, 54.2, 55.1, and 73.1 
exhibited high T/nT ratios as well as high frequencies among PD-1+ TILs. Non-relevant clonotypes/TCRs exhibiting relatively low T/nT ratios 
and/or low frequencies among PD-1+ T cell fractions are shown in blue or grey. Clonotype frequencies are shown as percentages among P18 
CD8+ TILs, P18 lung tissue-derived CD8+ T cells, and as percentages among PD-1+ P18 TILs. TCRs used for further antigen screenings are 
highlighted in red. C) Complete TCR alpha and beta chain nucleotide sequences were revealed via single T cell sequencing. Respective CDR3 
amino acid sequences are shown for each of the analyzed receptors. TIL clonotypes 55.1, 28.1, and 73.1, but not clonotype 54.2, expressed 
highly related TCRs. Similarities between receptors 28.1, 55.1, and 73.1 are shown in red. A schematic overview of the used P18 TCR-encoding 
pMX expression construct is shown above. Established pMX expression constructs were subsequently used for retroviral transductions of 
donor lymphocytes. Abbr.: hTCR = human T cell receptor; mTRAC/mTRBC = murine TCR alpha/beta chain constant region; NSCLC = non-
small cell lung cancer; TIL = tumor-infiltrating lymphocyte; T/nT = tumor-to-non-tumor; TCR = T cell receptor.  
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Figure 3.2.2: Generation of TCR-T cell populations expressing three potentially tumor-specific P18 TCRs. 
P18 TCR expression in retrovirally transduced BC827-derived T cell populations. Before retroviral transduction with P18 TCR expression 
constructs, a CRISPR/Cas9-based KO approach was performed for knocking out endogenous TCR expression in BC827-derived T cell 
populations (Sup. Fig. 1). TCR-T cell populations either transduced with TCRs 28.1, 55.1, or 54.2 ectopically expressed up to 62% of the 
introduced TCRs. Exogenous TCR expression was determined via antibody-mediated mTRAC staining. Flow cytometry data was gated based 
on viable T cell populations and non-specific isotype (IgG1) controls. Abbr.: BC = buffy coat; FITC = Fluorescein isothiocyanate; FSC = 
forward scatter; KO = knock-out; mTRAC = murine T cell receptor alpha chain constant region; NSCLC = non-small cell lung cancer; PE = 
Phycoerythrin; SSC = sideward scatter; TIL = tumor-infiltrating lymphocyte; TCR = T cell receptor. 
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Figure 3.2.3: HLA class I-dependent recognition of P18 
tumor cells via TCRs 28.1, 55.1, and 54.2. 
TCR-T cell populations either expressing P18 TCRs 28.1, 
55.1, or 54.2 were tested for the recognition of P18-derived 
tumor cell suspensions. MHC class I-dependent recognition 
of P18 tumor cells was verified for all three TCR-T cell 
populations by using the HLA class I-specific monoclonal 
antibody W6/32. T cell activation upon tumor recognition 
was rather low when compared to non-specific T cell 
activation via OKT-3. No background IFN-γ secretion was 
detected for P18 tumor cell suspensions. ELISpot assays 
were performed 16 days after retroviral transduction (Fig. 
3.2.2) of BC827-derived end.TCR-KO T cells (Sup. Fig. 1) 
with P18 TCRs. Spot numbers either represent mean values 
resulting from duplicates (OKT-3, P18 tumor only) or single 
well testing results (P18 tumor, P18 tumor + W6/32). Error 
bars represent standard deviations of duplicates. Shown spot 
numbers were normalized for IFN-γ background levels of T 
cell populations in the absence of target cells. Used effector 
cells per well: 10,000 TCR-T cells. Used P18 tumor cells per 
well: 16,000. W6/32 concentration per well: 50 µg/ml. Raw 
ELISpot data is shown in Sup. Fig. 2. Abbr.: autol. = 
autologous; end. = endogenous; HLA = human leukocyte 
antigen; IFN = interferon; MHC = Major histocompatibility 
complex; KO = knock-out; NSCLC = non-small cell lung 
cancer; TCR = T cell receptor; TIL = tumor-infiltrating 
lymphocyte. 
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3.2.2 Three tumor-specific P18 TCRs specifically recognize a KRASQ61H neoantigen 

Since detected P18 tumor reactivities of tested TCR-T cell populations were rather low (Fig. 3.2.3), 
revealing the exact target antigens specifically recognized by P18 TCRs 28.1, 55.1, 73.1, and 54.2 was 
highly important to verify tumor specificities for all three TCRs. Hence, potential neoantigen-encoding 
mutations were identified in P18-derived NSCLC tissue via next generation sequencing (NGS). Firstly, 
tumor-specific non-synonymous mutations were identified by using comparative whole exome 
sequencing (WES) of genomic DNA (gDNA) isolated from tumor and normal lung tissues of non-small 
cell lung cancer (NSCLC) patient P18. RNA-Seq of tumor-obtained total RNA samples was then used 
to assess mRNA expression levels of respective candidate mutations. 

While mapping paired-end reads (150 nt) resulting from WES and RNA-Seq to the reference genome 
hg38 (GRCh38), overall read mappings of >99.4% (data not shown) confirmed the high quality of WES 
and RNA-Seq data used for subsequent variant identification. More than 361,000 patient-specific 
variants were initially identified when comparing to the hg38 reference. In a next step, 1,898 tumor-
specific mutations were determined by excluding all variants also present in the normal lung tissue of 
patient P18. Tumor-specific variants were subsequently screened for actual gene expression (RPKM 
≥0.5), thereby resulting in 738 mRNA-expressed tumor-specific mutations. Finally, 159 high quality 
non-synonymous mutations were identified by filtering for missense and frameshift mutations. After 
removing premature stop codon-inducing variants and false InDels via manual curation, a total of 74 
non-synonymous tumor-specific candidate variants were finally selected for subsequent in silico HLA 
binding predictions. Those variants included 73 single nucleotide variations (SNVs) and one frameshift-
inducing deletion. The overall strategy and corresponding results of the applied P18 neoantigen 
identification pipeline are again summarized in Fig. 3.2.4 A. 

After identifying potential P18 neoantigen mutations via comparative WES and RNA-Seq, extensive in 
silico peptide binding predictions were individually performed for every P18 HLA class I allele, thereby 
resulting in a total of 581 candidate 9- and 10-mer neopeptides (Fig. 3.2.4 B). Potentially best binding 
neopeptides (percentile rank ≤6.0 and/or binding affinity IC50 ≤500nM) were determined by using the 
IEDB MHC-I binding prediction tool (Consensus or NetMHCpan-4.0 prediction methods) and the 
NetMHC-4.0 binding prediction algorithm (see Table 5.8). The total number of neopeptide candidates 
identified by both prediction algorithms ranged between 54 and 79 for HLA alleles A*01:01, A*02:01, 
B*08:01, B*40:02, and C*07:01 (Fig. 3.2.4 B). However, in case of HLA-C*03:04, NetMHCpan-4.0 
was the only prediction algorithm available, thereby resulting in 246 different candidate neoantigen 
peptides. Eventually, the 14 to 16 top scoring 9- and 10-mer neopeptides per HLA-I allele were 
synthesized for further recognition screenings with TCR-T cells either expressing P18 TCRs 28.1, 55.1, 
54.2, or 73.1. In addition, two known neoantigen peptides encoded by mutated genes MMS22L and 
INSIG1 226 were synthesized as controls, thereby resulting in a total number of 96 synthesized peptides 
for subsequent specificity screenings (Sup. Fig. 3). Here, both control peptides were used to assess the 
quality of the generated peptide screening library (Fast Track Peptide Library, JPT, Berlin). Since the 
specific recognition of both control antigens (data not shown) by CTL cultures 16C/114 (specifically 
recognizes mutated MMS22LS437F) and 3A/115 (specifically recognizes mutated INSIG1S238F) could be 
verified, the quality of the applied peptide library was considered sufficient for further target antigen 
screenings.  

Upon co-incubation with pooled CD8+ T cell populations either overexpressing tumor-reactive P18 
TCRs 28.1 or 54.2, peptide immunogenicity was individually analyzed for each of the 94 synthesized 
neoantigen candidates. For this purpose, K562 cells were modified via retroviral transduction to 
overexpress one of the P18-derived HLA class I alleles, were then individually pulsed with each of the 
mutated 9- and 10-mer candidates, and were eventually used as antigen presenting target cells for further 
recognition screenings (Fig. 3.2.5 A). When presented by HLA-A*01:01-transduced K562 cells, it was 
found that 6 of the mutated neopeptides substantially induced IFN-γ secretion in TCR 28.1- and TCR 
54.2-expressing bulk T cell populations. However, in the context of other P18 HLA-I alleles, K562 
target cell populations failed to induce significant T cell activation when pulsed with any of the 94 
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candidate peptides. Particularly one of the tested neoantigen candidates, a KRASQ61H-derived 10-mer 
peptide (ILDTAGHEEY; mutated AA highlighted), was found to be recognized best. By separately 
analyzing both CD8+ TCR-T cell populations, TCR 28.1-expressing effectors were found to specifically 
recognize the KRASQ61H 10-mer peptide (Fig. 3.2.5 B). Concordantly, the previously detected cross-
reactivity towards other neopeptide candidates was again demonstrated for TCR 28.1-expressing TCR-
T cells. Furthermore, the observed KRASQ61H recognition could also be verified for effector populations 
expressing the highly related P18 TCR 73.1 (Fig. 3.2.5 B). In contrast, T cells transduced to express the 
non-related P18 TCR 54.2 completely failed to recognize any of the 94 tested neopeptides (Sup. Fig. 4). 

 

 
Figure 3.2.4: Antigenic landscape of NSCLC patient P18.  
A) In silico neoantigen prediction pipeline for the identification of non-synonymous tumor-specific mutations in NSCLC patient P18. 
Comparative WES was performed to identify a total of 1,898 tumor-specific mutations. By filtering for missense mutations, subsequent 
alignment with corresponding P18 tumor gene expression data, and after manual curation, 74 non-synonymous tumor-specific mutations were 
considered promising candidates for further peptide binding prediction. Identified mutations included 73 SNVs and one frameshift-inducing 
deletion. All sequencing reads (paired end reads; 150 nt) resulting from P18 WES and RNA-Seq were mapped to the reference genome hg38 
(GRCh38). NGS data was analyzed and processed by using the CLC Genomics Workbench software (versions 20-23). B) HLA class I binding 
predictions for neoantigen candidates identified in NSCLC patient P18. HLA binding predictions were individually performed for each P18 
HLA-I allele by using mutated 19-mer peptides, each of which represented one of the 74 previously identified non-synonymous mutations. Most 
promising neopeptides were identified as a consensus of the HLA binding algorithms NetMHC-4.0 (binding affinities of ≤500 nM) and IEDB 
MHC-I binding prediction tool (Consensus or NetMHCpan-4.0 prediction methods; percentile rank of ≤6.0). P18 HLA-I binding predictions 
resulted in a total of 581 promising 9- /10-mer candidate neopeptides. NetMHCpan-4.0 was the only algorithm available for HLA-C*03:04 
binding predictions. Abbr.: AAC = amino acid-changing; G = genes; HLA = human leukocyte antigen; InDels = insertions and deletions; 
MNV = multiple nucleotide variations; NGS = Next Generation Sequencing; NSCLC = non-small cell lung cancer; nt = nucleotides; RNA-
Seq = RNA Sequencing; RPKM = reads per kilobase of transcript per million reads mapped; SNV = single nucleotide variation; T = 
transcripts; WES = Whole Exome Sequencing. 
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HLA-A*01:01: 69 HLA-B*08:01: 79 HLA-C*03:04: 246
HLA-A*02:01: 68 HLA-B*40:02: 54 HLA-C*07:01: 65

P18: 581 mutated 9-mer and 10-mer peptides
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3.2.3 Further characterization of three KRASQ61H neoantigen-specific P18 TCRs  

NSCLC patient P18-derived TCRs 28.1 and 73.1 were found to specifically recognize a mutated KRAS 
10-mer neopeptide (ILDTAGHEEY; mutated AA highlighted) via HLA-A*01:01 (see section 3.2.2). 
Due to its sequence similarity to both TCRs (Fig. 3.2.1 C), the potentially tumor-specific P18 TCR 55.1 
was also tested for the recognition of the KRASQ61H neoantigen. To compare the antigen specificities of 
all three receptors, transgenic CD4+ and CD8+ T cell populations were generated, each of which 
overexpressed one of the three P18-derived TCRs. For this purpose, healthy donor T cells were isolated 
from two buffy coats (BC074, BC437), were then applied to a CRISPR/Cas9-based KO of their 
endogenous TCR expression, and were subsequently transduced with respective retroviral P18 TCR 
expression constructs. Thus, P18 TCR expression levels of more than 88% (Sup. Fig. 6 A and B) were 
detected for all generated TCR-T cell populations while simultaneously reducing endogenous TCR 
expression to less than 9% (Sup. Fig. 5 A and B). Next, the resulting TCR-T cell populations were tested 
for the recognition of KRASQ61H neopeptide-pulsed K562 target cells overexpressing HLA-A*01:01 
(Fig. 3.2.6). Here, the mutated KRAS neopeptide was recognized by all tested CD4+ and CD8+ TCR-
T cell populations. Moreover, highly comparable IFN-γ secretion profiles were found across all effector 
populations and no major differences were found between CD4+ and CD8+ T cell populations 
expressing identical P18 TCRs. 

 
Figure 3.2.6: TCR-T cell populations expressing 
P18 TCRs 28.1, 55.1, or 73.1 recognize a 
KRASQ61H neoantigen via HLA-A*01:01.  
KRASQ61H neopeptide recognition testing with 
transgenic T cells either overexpressing P18 TCRs 
28.1, 55.1, or 73.1. IFN-γ secretion was used as a 
marker for T cell recognition. Transgenic CD4+ 
and CD8+ TCR-T cell populations were 
individually tested for the recognition of HLA-
A*01:01-positive K562 cells pulsed with the 
mutated KRAS 10-mer peptide (ILDTAGHEEY; 
mutated AA highlighted). All tested effector 
populations recognized the mutated KRAS peptide 
in the context of HLA-A*01:01. Three independent 
experiments were performed. Shown spot numbers 
either represent mean values resulting from 
duplicates or single well testing results of 
individual experiments. Error bars represent 
standard deviations of the three experiments. Due 
to the excessive IFN-γ release detected for some of 
the TCR-T cell populations, maximal peptide 
recognition was defined as 1300 spots per well 
since exact spot numbers could not be assessed 

(TNTC). Shown spot numbers were normalized for IFN-γ background levels of respective T cell cultures in the absence of target cells. TCR-T 
cells were generated by using end.TCR-KO T cell populations isolated from BCs 074 and 437, respectively (Sup. Fig. 5). For BC074, ELISpots 
were performed 20 or 35 days after retroviral transduction with respective P18 TCRs while BC437-derived T cell cultures were used 39 days 
after TCR transduction (Sup. Fig. 6). Used effector cells per well: 10,000 mTRAC+. Used target cells per well: 50,000. Neopeptide 
concentrations per well: 2 µg/ml. Raw ELISpot data is shown in Sup. Fig. 7. Abbr.: BC = buffy coat; H = histidine; end. = endogenous; HLA 
= human leukocyte antigen; KO = knock-out; KRAS = Kirsten rat sarcoma viral oncogene; mTRAC = murine T cell receptor alpha constant 
region; p. = amino acid position; Q = glutamine; TCR = T cell receptor; TNTC = too numerous to count. 

 

All generated CD4+ and CD8+ effector populations were additionally exposed to titrated KRASQ61H 10-
mer peptide (ILDTAGHEEY; mutated AA highlighted) concentrations to assess functional avidity 
differences between TCR-T cells either expressing P18 TCRs 28.1, 55.1, or 73.1 (Fig. 3.2.7 A-C). While 
neopeptide-pulsed K562_HLA-A*01:01 target cells were recognized by all tested CD4+ and CD8+ 
TCR-T cell populations with high functional avidity (EC50 <10 nM), TCR 73.1 mediated the strongest 
T cell activation in both CD4+ and CD8+ TCR-T cell populations. Generally, higher IFN-γ secretion 
was detected for transgenic CD8+ effector populations than for corresponding CD4+ counterparts. 
However, at very low peptide doses of approx. 1 nM, higher IFN-γ secretion was observed for TCR 
55.1-expressing CD4+ TCR-T cells than for corresponding CD8+ populations. In conclusion, all tested 
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accountable for observed T cell activations in P18 TCR-transgenic effector populations and that (ii) the 
corresponding 10-mer neopeptide is efficiently processed and presented upon transient transfection of 
HEK 293T cell cultures. However, further experiments are necessary to assess the extent to which the 
KRASQ61H neoantigen is also recognized when being physiologically expressed in non-transfected target 
cells. 

 

 
Figure 3.2.9: cDNA constructs encoding 4 mutations commonly found at amino acid position 61 of KRAS, HRAS, and NRAS.  
Ready-to-transfect cDNA expression constructs either encoding p.Q61H-, p.Q61K-, p.Q61L-, or p.Q61R-mutated KRAS full-length open 
reading frames were established by using site-directed mutagenesis (SDM). Resulting pcDNA3.1 expression constructs were used to transfect 
HLA-A*01:01+ HEK 293T target cells for ELISpot-based recognition testing. Sanger sequencing confirmed successful SDM reactions for all 
generated cDNA expression constructs. Neopeptide-encoding cDNA sequences are highlighted in red. Abbr.: cDNA = complementary DNA; 
H = histidine; HEK = human embryonic kidney; HLA = human leukocyte antigen; K = lysine; KRAS =Kirsten rat sarcoma viral oncogene; L 
= leucine; p. = amino acid position; Q = glutamine; R = arginine; SDM = site-directed mutagenesis; WT = wildtype.  
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populations. However, TCR 55.1-expressing CD8+ TCR-T cells exhibited slightly less CD107a 
upregulation (approx. 67% vs. 88% and 85%) and, thus, less degranulation than corresponding TCR 
28.1+ and TCR 73.1+ cultures. This indicates that similar amounts INF-γ secretion (see Figure 3.2.10 
A) may not necessarily correlate with equal cytotoxic properties.  

To provide additional evidence that the KRASQ61H neoantigen is the actual target specifically recognized 
by all three P18 TCRs, a CRISPR/Cas9-based homology-directed repair (HDR) gene knock-in approach 
was used to substitute biallelic KRASQ61H mutations in HLA-A*01:01+ NCI-H460 cells with non-
recognized KRASQ61R variations (Fig. 3.2.8 A and B). When compared to non-treated counterparts, the 
CRISPR/Cas9-treated NCI-H460_HLA-A*01:01 bulk population was found to be recognized less 
efficiently by TCR 55.1-expressing CD8+ TCR-T cells (Fig. 3.2.12). Hence, monoclonal tumor cell 
cultures were established from HDR-treated NCI-H460_HLA-A*01:01 bulk cultures via limiting 
dilution cloning and were eventually used for recognition screenings with p.Q61H-reactive P18 TCR-T 
cell populations. Here, the three tumor cell clones #B11, #C9, and #G5 were found to be recognized less 
efficiently by TCR 55.1-expressing CD8+ T cells (Fig. 3.2.12).  

Furthermore, by testing transgenic CD4+ and CD8+ effector populations, each of which expressed one 
of the three P18-derived TCRs, it was shown that the biallelic substitution of KRASQ61H with KRASQ61R 
in clone #G5 (Fig. 3.2.13) resulted in almost complete loss of target recognition (Fig. 3.2.14 A and B). 
Since the absence of the KRASQ61H mutation was the only difference between non-recognized clone 
#G5 and non-treated NCI-H460_HLA-A*01:01 cells, it was successfully demonstrated that the 
KRASQ61H-derived neoepitope is the actual target antigen recognized by all three P18 TCRs. Subsequent 
sequencing analyses revealed that the reduced recognition detected for clone #B11 was due to a 
frameshift mutation in one of both KRAS alleles (Sup. Fig. 10 B) and that one non-modified KRASQ61H 
allele was still sufficient to induce substantial T cell activation via TCRs 28.1, 55.1, and 73.1 (Fig. 3.2.14 
A and B). Since clone #C9 carried two non-modified KRASQ61H alleles (Sup. Fig. 10 A), no substantial 
difference was detected when comparing P18 TCR-T cell reactivity towards clone #C9 and non-treated 
NCI-H460_HLA-A*01:01 cells (Fig. 3.2.14 A and B). 

 

 
Figure 3.2.13: Sanger Sequencing reveals biallelic KRASQ61R mutations in HDR-treated NCI-H460 HLA-A*01:01 clone #G5. 
Sanger sequencing data of KRASQ61R-modified NCI-H460_HLA-A*01:01 clone #G5. Biallelic KRASQ61H mutations were substituted with non-
recognized p.Q61R variations by using a CRISPR/Cas9-based HDR knock-in approach. Substantially reduced IFN-γ secretion was detected 
upon co-incubation of P18 TCR 55.1-expressing effector cells and KRAS-modified clone #G5 (Fig. 3.2.12). Sanger sequencing data of gDNA 
and translated amino acid sequences of clone #G5 are shown below corresponding reference sequences of KRASQ61H exon 3. Related #G5 
gDNA sequencing plots are shown in the dashed box. Successful introduction of p.Q61R mutations was verified for both KRAS alleles of clone 
#G5. The crRNA binding sequence is shown in black while corresponding PAM sequence is highlighted in red. The immunogenic KRAS 10-
mer neopeptide sequence is depicted in orange. KRAS reference gDNA bp positions are indicated above. Abbr.: bp = base pair; crRNA = 
CRISPR-RNA; gDNA = genomic DNA; HDR = homology-directed repair; H = histidine; HLA = human leukocyte antigen; KI = knock-in; 
KRAS = Kirsten rat sarcoma viral oncogene; p. = amino acid position; PAM = protospacer adjacent motif; Q = glutamine; R = arginine. 
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3.2.5 P18 TCR 54.2 recognizes a non-identified target antigen present in HLA-A*02:01-
positive MZ-LC-16 lung cancer cells 

Although triggering the strongest T cell activation of all P18 TCRs when co-incubated with P18 tumor 
cells (Fig. 3.2.3), TCR 54.2 failed to recognize the mutated KRASQ61H 10-mer neopeptide or any of the 
other neoantigen candidates tested for patient P18 (see section 3.2.2). However, TCR 54.2-transduced 
T cells recognized the HLA-A*02:01-positive lung carcinoma cell line MZ-LC-16 in an HLA class I-
dependent manner. The latter was repeatedly demonstrated by blocking the target cell recognition of 
TCR 54.2-expressing effectors via the HLA class I-specific antibody W6/32 (Fig. 3.2.15 A). Since no 
other HLA-I allele was shared between patient P18 and MZ-LC-16 (Fig. 3.2.15 B), these results 
indicated that TCR 54.2 might recognize an HLA-A*02:01-presented, presumably non-mutated, antigen 
expressed in both tumors. Hence, multiple HLA-A*02:01-positive tumor cell lines from various 
malignancies were tested (Fig. 3.2.15 C), but none of the tested tumors were found to be recognized by 
TCR 54.2-expressing CD8+ effector populations (data not shown).  

 

 
Figure 3.2.15: P18 TCR 54.2-expressing T cells recognize the HLA-A*02:01+ lung cancer cell line MZ-LC-16 via HLA class I. 
A) MZ-LC-16 recognition via P18-derived TCR 54.2. IFN-γ secretion was used as a marker for T cell recognition. MZ-LC-16 recognition by 
TCR 54.2-expressing CD8+ TCR-T cells was blocked by using the anti-HLA class I antibody W6/32, thereby indicating an HLA class I-
dependent antigen recognition. Non-specific stimulation via the anti-CD3 monoclonal antibody OKT-3 was used as positive control for 
maximal T cell activation. Shown spot numbers represent mean values calculated from duplicate test wells of up to four independent 
experiments. Error bars represent standard deviations of the respective experiments. Shown spot numbers were additionally normalized for 
IFN-γ background levels of respective T cell populations in the absence of target cells. BC827-derived end.TCR-KO T cells (Sup. Fig. 1) were 
used for retroviral transduction (Fig. 3.2.2) with P18 TCR 54.2. ELISpot assays were performed between 16 days and 20 days after retroviral 
transduction with TCR 54.2-encoding expression constructs. Effector cells per well: Either 5,000 or 10,000 P18 TCR 54.2+ T cells. Target 
cells per well: 50,000. OKT-3 concentration per well: 400 ng/ml. W6/32 concentration per well: 50 µg/ml. Raw ELISpot data is shown in Sup. 
Fig. 12. B) Summary of HLA class I alleles expressed by NSCLC patient P18 and lung cancer cell line MZ-LC-16. gDNA sequencing was used 
for HLA genotyping of P18-derived tumor cells and MZ-LC-16. Only HLA-A*02:01 was shared between both tumors. HLA-A alleles are shown 
in orange while HLA-B and -C alleles are depicted in purple and green, respectively. C) Additionally tested HLA-A*02:01+ tumor cell lines. 
Various HLA-A*02:01+ tumor cell lines were tested for the recognition via TCR 54.2. None of the tested tumor cell lines induced substantial 
IFN-γ secretion upon co-incubation with TCR 54.2-positive CD8+ T cell populations (data not shown). Abbr.: AML = acute myeloid leukemia; 
BC = buffy coat; CEFT = HLA class I-restricted peptide mix derived from cytomegalovirus, Epstein-Barr virus, Influenza virus, and Tetanus 
toxin; CML = chronic myeloid leukemia; end. = endogenous; HLA = human leukocyte antigen; KO = knock-out; LC = lung cancer; NSCLC 
= non-small cell lung cancer; TCR = T cell receptor. 
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Furthermore, comparative variant analysis via WES did not reveal any non-synonymous SNVs, MNVs, 
or InDels shared between P18 NSCLC and MZ-LC-16 (data not shown). Thus, no additional neoantigen 
candidates were identified for further TCR 54.2 specificity assessments. Moreover, differential gene 
expression analyses were performed to identify potentially expressed cancer germline (CG) antigens or 
overexpressed TAAs shared between the P18 tumor tissue and MZ-LC-16 cells (data not shown). 
Resulting candidate antigen cDNAs (CT83, MAGEA12, XAGE1A) were amplified from tumor-derived 
RNA, were then cloned into pcDNA3.1 expression constructs, and were eventually added to a pre-
existing ready-to-transfect cDNA panel consisting of 41 common TAAs and CG antigens (Sup. Fig. 13). 
P18 TCR 54.2-positive CD8+ T cells were finally tested for the recognition of transfected HEK 293T 
target cell populations, each of which expressed one of the panel antigens and HLA-A*02:01. To also 
assess potential cross-reactivities of TCR 54.2-transduced effector populations towards virus-derived 
antigens, CD8+ TCR-T cells were additionally tested for their recognition of common virus peptides. 
Hence, P18 HLA-expressing K562 cells were pulsed with a CEFT peptide mix (JPT Peptide 
Technologies GmbH, Berlin, Germany) containing immunogenic HLA class I-restricted antigen 
peptides from cytomegalovirus, Epstein-Barr virus, Influenza virus, and Tetanus toxin. Regardless of 
expressed HLA-I alleles, none of the tested antigen panel cDNA constructs or virus epitopes were 
recognized at all (data not shown). Although previous experiments indicated the P18 tumor-reactivity 
of TCR 54.2-expressing effector populations (see Figure 3.2.3), the actual TCR 54.2 target antigen, 
which might be present in both P18 tumor as well as lung cancer cell line MZ-LC-16, could not be 
identified during this study. 
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3.3 Potentially tumor-specific TCRs cloned from tumor-infiltrating lymphocytes of 
NSCLC patients P43 and P50 

3.3.1 Identification of potentially tumor-specific TCR clonotypes in NSCLC patients P43 and 
P50 

To further assess the efficiency of the HSD-proprietary prediction pipeline aiming at the identification 
of potentially tumor-specific T lymphocytes, antigen specificities of TCRs cloned from tumor-
infiltrating lymphocyte (TIL) clonotypes of two other stage III NSCLC patients, namely patients P43 
and P50, were additionally analyzed. As for P18, potentially tumor-specific TIL candidates were 
identified via TRB profiling of CD3+, CD4+, CD8+, and PD-1+ T cell subsets previously isolated from 
tumor and adjacent lung tissues of both patients, respectively. Exact TCR alpha and beta chain amino 
acid sequences of TIL candidates exhibiting very high T/nT ratios were subsequently revealed via RNA-
Seq. Most promising TCRs, referring to TCRs expressed by PD-1+ TIL clonotypes with highest T/nT 
ratios, were finally synthesized and used for the generation of retroviral TCR expression constructs. 

 

 
Figure 3.3.1: Identification of potentially tumor-specific TIL clonotypes in NSCLC patients P43 and P50. 
A and B) T/nT frequencies of most prominent PD-1+ P43-derived TIL clonotypes. Most promising TIL clonotypes were initially identified via 
comparative TRB sequencing of T cells isolated from P43 tumor and healthy lung tissues. A total of 10 clonotypes exhibited high T/nT ratios 
as well as high frequencies among PD-1+ TILs. Due to non-viable T cell populations after retroviral transduction, TCRs shown in grey were 
excluded from subsequent experiments. C and D) T/nT frequencies of most prominent PD-1+ P50-derived TIL clonotypes. As per A/B), most 
promising P50 TIL clonotypes were initially identified via comparative TRB sequencing. A total of 7 clonotypes exhibited high T/nT ratios as 
well as high frequencies among PD-1+ TILs. Although exhibiting different TCR-encoding nucleotide sequences, TCR 2.1-derived TRA and 
TRB amino acid sequences were also expressed by another T cell clonotype. One of those TIL clonotypes (highlighted in light red) was therefore 
excluded from further analyses. A-D) TCR IDs of clonotypes exhibiting rather low T/nT ratios and/or low frequencies among PD1+ fractions 
(represented as blue dots) are not shown and were generally excluded from further analyses. TIL-derived TCRs used for further antigen 
screenings are highlighted in red. Clonotype frequencies are shown as percentages among CD8+ TILs, lung tissue-derived CD8+ T cells, and 
as percentages among PD-1+ TILs. Abbr.: ID = identifier; NSCLC = non-small cell lung cancer; TIL = tumor-infiltrating lymphocyte; TRA 
= T cell receptor alpha chain; TRB = T cell receptor beta chain; T/nT = tumor-to-non-tumor; TCR = T cell receptor. 
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TRB profiling of TILs isolated from P43 tumor tissue revealed a total of 23,431 different T cell 
clonotypes while 22,959 clonotypes were identified for P50 (data not shown). Most prominent T cell 
clonotypes from both patients were ranked based on their tumor frequencies and were then plotted for 
their respective T/nT ratios (Fig. 3.3.1 A and C). Based on high T/nT ratios and highest frequencies 
among PD-1+ TILs, 10 P43-derived T cell clonotypes were identified to express potentially tumor-
specific TCRs. However, after individually transducing donor lymphocyte cultures with each of the 10 
corresponding TCR expression constructs, low TCR expression and scant cell proliferation was 
observed in 4 of the established P43 TCR-T cell populations. Similar results were achieved when 
transducing healthy donor CD8+ T lymphocytes previously isolated from an alternative BC (data not 
shown). Hence, P43 TCRs encoded by those expression constructs were excluded from subsequent 
antigen recognition screenings, thereby focusing all efforts on only 6 TCRs (Fig. 3.3.1 B). 

In case of NSCLC patient P50, 7 TCR clonotypes were found to be highly enriched among TILs as well 
as PD-1+ T cell fractions (Fig. 3.3.1 D). TCRs expressed by those clonotypes were therefore considered 
potentially tumor-specific. Although all 7 TILs exhibited differing TCR-encoding gDNA sequences, 
TCR 2.1 TRA and TRB amino acid sequences were expressed by two of the identified clonotypes. 
Hence, one of those TIL clonotypes was excluded from subsequent specificity analyses (Fig. 3.3.1 C 
and D), thereby reducing the number of P50 TCR candidates to a total of 6. In contrast to the KRASQ61H-
specific TCRs cloned from NSCLC patient P18 (see section 3.2.1), potentially tumor-specific TIL 
candidates of patients P43 and P50 expressed highly variable TCRs (Fig. 3.3.2 A and B). 

 
Figure 3.3.2: Potentially tumor-specific P43 and P50 
TIL clonotypes express highly variable TCRs. 
Potentially tumor-specific P43 TCRs are shown in A) 
while potentially tumor-specific P50 TCRs are depicted in 
B). Complete TCR alpha and beta chain nucleotide 
sequences were revealed via single T cell sequencing. 
Respective CDR3 amino acid sequences are shown for 
each of the analyzed receptors. All listed P43 and P50 TIL 
clonotypes expressed highly variable TCRs. Schematic 
overviews of the applied TCR-encoding expression 
constructs are shown on top of each figure. Established 
pMX expression constructs were later used for retroviral 
transductions of healthy donor lymphocytes. Abbr.: CDR3 
= Complementarity-determining region 3; hTCR = human 
T cell receptor; mTRAC = murine TCR alpha chain 
constant region; mTRBC = murine TCR beta chain 
constant region; TIL = tumor-infiltrating lymphocyte; 
TCR = T cell receptor. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TCR expression constructs were generated comprising paired αβ TCR sequences of the 6 potentially 
tumor-specific TIL clonotypes either identified in patient P43 or P50, respectively. TCR-T cell 
populations were established via retroviral transduction of CD8+ donor lymphocytes after performing a 
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3.3.2 In silico neoantigen candidate prediction for NSCLC patients P43 and P50 

To verify the suitability of the HSD-proprietary prediction pipeline aiming at the identification of tumor-
specific TIL clonotypes, revealing exact neoantigen epitopes specifically recognized by potentially 
tumor-specific P43 and P50 TCRs represented one of the major goals of this study. As previously 
described for patient P18 (see section 3.2), tumor-specific non-synonymous mutations were identified 
in both patients by using comparative whole exome sequencing (WES) of gDNA samples either isolated 
from patient-derived tumor or normal lung tissues. RNA-Seq of tumor-obtained total RNA was 
eventually used to screen for tumor-specific mutations that were actually expressed (mRNA level) in 
NSCLC tissues of patients P43 and P50, respectively.  

Overall read mapping efficiencies of >95.5% to the reference genome hg38 confirmed the high quality 
of both WES and RNA-Seq data used for the P43 and P50 variant identification (data not shown). More 
than 14,500 tumor-specific variants were identified for P43 by excluding all variants also found in 
adjacent lung tissue. In contrast, 10,416 tumor-specific mutations were found by analyzing the 
respective P50 tissue specimens (Fig. 3.3.4 A and 3.3.5 A). By filtering for tumor expression (RPKM 
≥0.5), amino acid (AA) changing consequences, and after manual curation to remove premature stop-
codons or false InDels, 187 potential P43 neoantigen candidate mutations were finally identified. Those 
candidate variants included 178 single nucleotide variants (SNVs), 6 multiple nucleotide variants 
(MNVs), and 3 insertions/deletions (InDels). In contrast, the same in silico pipeline identified 105 
tumor-specific P50 neoantigen candidate mutations, which included 63 SNVs, 15 MNVs, 21 InDels, 
and 6 gDNA rearrangements. 

HLA binding predictions were performed for both patients and, in case of P43, accounted for 849 
mutated 9- and 10-mer candidate peptides predicted to effectively bind one of the patient’s MHC 
molecules (Fig. 3.3.4 B). P50 HLA binding predictions resulted in a total of 629 9- and 10-mer 
neopeptide candidates (Fig. 3.3.5 B). As per patient P18 (see section 3.2), the 94 top scoring 9- and 10-
mer neopeptide candidates (percentile rank ≤6.0 and/or binding affinity IC50 ≤500nM) were eventually 
synthesized for further P43 and P50 neoantigen screening approaches. Two control peptides encoded by 
mutated MMS22L and INSIG1 genes 226 were additionally synthesized, thereby resulting in a total 
number of 96 peptides per patient. Hence, patient-specific peptide libraries (Fast Track Peptide Library; 
JPT, Berlin, Germany) included the 14-16 top scoring 9- and 10-mer neopeptide candidates predicted 
for each of the P43- or P50-derived HLA alleles, respectively. Synthesized control peptides were used 
to assess the overall quality of the generated peptide screening libraries. After verifying the recognition 
of both control antigens by control CTLs 16C/114 and 3A/115 226 (data not shown), peptide library 
qualities were considered sufficient for further target antigen screenings.  

While verifying the proper functionality of all used CD8+ TCR-T cell populations via non-specific 
OKT-3 activation, none of the predicted candidate neopeptides was specifically recognized by any of 
the potentially tumor-specific P43 or P50 TCRs shown in Fig. 3.3.2 (data not shown). In addition, a 
tumor antigen cDNA panel was tested consisting of 43 common TAAs, cancer germline (CG) antigens, 
overexpressed tumor antigens, and two CG antigens exclusively found in P50 tumor cells (Sup. Fig. 13). 
However, no T cell reactivity was detected towards the tested panel antigens. Taken together, no 
neoantigen specificities or TAA reactivities could be demonstrated for any of the analyzed P43 or P50 
TCRs.  

Since a total of 187 tumor-specific non-synonymous mutations were identified for P43 (Fig. 3.3.4 A), 
remaining non-analyzed neoantigen candidate mutations and even more TAAs were additionally tested 
by using a tandem minigene (TMG) cDNA library screening approach. Each of the 30 analyzed TMG 
constructs encoded a continuous polypeptide including 4 to 5 candidate mutations or TAA epitopes. 
Individual mutations were C- and N-terminally flanked by base pairs encoding the directly adjacent 
amino acids of the respective genes, thereby facilitating the generation of every possible 8- to 12-mer 
peptide with a particular candidate mutation at any possible amino acid position. As for the previously 
tested peptide screening libraries, the quality of the synthesized cDNA library (50 ng to 2 µg of clonal 
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genes; Twist Bioscience, South San Francisco, USA) was verified by demonstrating the control CTL-
mediated recognition of two TMG constructs either encoding mutated MMS22L or INSIG1 targets 226. 
Due to the rather canonical peptide processing/presentation in target cells and since TMG recognition 
screenings were performed for every single P43 HLA allele, the TMG approach was independent from 
previous HLA binding predictions, thereby representing a very promising strategy for the efficient 
identification of target antigens. However, it could not be demonstrated that any of the tested TMG 
constructs, together accounting for approx. 120 additional non-synonymous P43 tumor mutations and 
TAAs, was specifically recognized by analyzed P43 TCR-T cell populations (data not shown).  

 

 
Figure 3.3.4: Antigenic landscape of NSCLC patient P43.  
A) In silico neoantigen prediction pipeline for the identification of non-synonymous tumor-specific mutations in NSCLC patient P43. 
Comparative WES was performed to identify a total of 14,503 tumor-specific mutations. By filtering for missense mutations, subsequent 
alignment with corresponding P43 tumor gene expression data, and after manual curation, 187 non-synonymous tumor-specific mutations 
were considered promising candidates for further peptide binding prediction. Identified mutations included 178 SNVs, 6 MNVs, and 3 InDels. 
All P43 WES and corresponding RNA-Seq reads (paired end reads; 150 nt) were mapped to the reference genome hg38 (GRCh38). NGS data 
was analyzed and processed by using the CLC Genomics Workbench software (versions 20-23). B) HLA class I binding predictions for 
neoantigen candidates identified in NSCLC patient P43. HLA binding predictions were individually performed for each P43 HLA-I allele by 
using mutated 19-mer peptides, each of which represented one of the 187 non-synonymous mutations. Most promising neopeptides were 
identified as a consensus of the HLA binding algorithms NetMHC-4.0 (binding affinities of ≤500 nM) and IEDB MHC-I binding prediction 
tool (Consensus or NetMHCpan-4.0 prediction methods; percentile rank of ≤6.0). P43 HLA-I binding predictions resulted in a total of 849 
promising 9-/10-mer candidate neopeptides. Abbr.: AAC = amino acid-changing; G = genes; HLA = human leukocyte antigen; InDels = 
insertions and deletions; MNV = multiple nucleotide variations; NGS = Next Generation Sequencing; NSCLC = non-small cell lung cancer; 
nt = nucleotides; RNA-Seq = RNA Sequencing; RPKM = reads per kilobase of transcript per million reads mapped; SNV = single nucleotide 
variation; T = transcripts; WES = Whole Exome Sequencing. 
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HLA-A*01:01: 131 HLA-B*08:01: 176 HLA-C*04:01: 116
HLA-A*23:01: 165 HLA-B*44:03: 131 HLA-C*07:01: 130

P43: 849 mutated 9-mer and 10-mer peptides
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Figure 3.3.5: Antigenic landscape of NSCLC patient P50.  
A) In silico neoantigen prediction pipeline for the identification of non-synonymous tumor-specific mutations in NSCLC patient P50. 
Comparative WES was performed and identified a total of 10,416 tumor-specific mutations. By filtering for missense mutations, subsequent 
alignment with corresponding P50 tumor gene expression data, and after manual curation, 105 non-synonymous tumor-specific mutations 
were considered promising candidates for further peptide binding prediction. Identified mutations included 63 SNVs, 15 MNVs, 21 InDels, 
and 6 genomic replacements. All P50 WES and corresponding RNA-Seq reads (paired end reads; 150 nt) were mapped to the reference genome 
hg38 (GRCh38). NGS data was analyzed and processed by using the CLC Genomics Workbench software (versions 20-23). B) HLA class I 
binding predictions for neoantigen candidates identified in NSCLC patient P50. HLA binding predictions were individually performed for each 
P50 HLA-I allele by using mutated 19-mer peptides, each of which represented one of the 105 neoantigen candidate mutations. Most promising 
neopeptides were identified as a consensus of the HLA binding algorithms NetMHC-4.0 (binding affinities of ≤500 nM) and IEDB MHC-I 
binding prediction tool (Consensus or NetMHCpan-4.0 prediction methods; percentile rank of ≤6.0). P50 HLA-I binding predictions resulted 
in a total of 629 promising 9-/10-mer candidate peptides. Abbr.: AAC = amino acid-changing; G = genes; HLA = human leukocyte antigen; 
InDels = insertions and deletions; MNV = multiple nucleotide variations; NGS = Next Generation Sequencing; NSCLC = non-small cell lung 
cancer; nt = nucleotides; RNA-Seq = RNA Sequencing; RPKM = reads per kilobase of transcript per million reads mapped; SNV = single 
nucleotide variation; T = transcripts; WES = Whole Exome Sequencing 
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3.4  TCR sequence homology as a strong indicator for shared target antigen 
specificity 

Since neoantigen or TAA specificities could not be demonstrated for any of the analyzed P43 or P50 
TCRs (see section 3.3), it was decided to apply additional antigen identification strategies for both 
patients. Those strategies were based on the comparison of P43- and P50-derived TIL sequencing data 
with TCR repertoires found in additional NSCLC patients and public TCR databases, thereby screening 
for highly related TCRs of known specificity. To date, HSD has analyzed TCR repertoires of more than 
60 NSCLC patients and has access to various TCR databases, such as VDJdb and McPAS-TCR. HSD’s 
bioinformaticians used public algorithms (e.g. GLIPH, GLIPH2, iSMART) to screen all available 
sequencing data for highly related TCR variable regions commonly found in different patients. To refine 
the analysis, a proprietary algorithm was applied to effectively group α and β TCR chains with highly 
related CDR3 amino acid sequences. Hence, HSD was able to reveal dozens of potential specificity 
clusters consisting of highly similar TRB- and TRA-CDR3 sequences found in multiple individuals 
(data not shown). Furthermore, all patients within a particular specificity cluster had at least one HLA 
allele in common. Therefore, further attempts to reveal TCR specificities mainly focused on applying 
those TCR clustering approaches rather than analyzing patient-specific TCR repertoires, thereby 
hypothesizing that highly related TCRs of a particular cluster might share similar target antigen 
specificities. 

3.4.1 Using TCR homology screenings to identify a CMV-derived target antigen recognized by 
P50 TCR 36.7 

In contrast to NSCLC patient P18 (see section 3.2), no target antigens were identified for any of the 
tested P43 and P50 TCRs, respectively (see section 3.3). Since neoantigen predictions and TAA panel 
screenings were not successful for both patients, multiple TCR clusters were additionally screened for 
highly related receptors with potentially shared antigen specificities. Here, HSD found that both P50 
TCR 36.7-derived CDR3 sequences were part of a TCR specificity cluster consisting of 10 individual 
TRBV and 5 TRAV chains (Fig. 3.4.1 A), all of which had initially been obtained from VDJdb and 
McPAS-TCR databases.  

Interestingly, all CDR3 sequences grouped in this specificity cluster were apparently related to an HLA-
B*44:03-restriced response towards a CMV-derived target epitope. This data immediately suggested 
that P50 TCR 36.7 might also recognize the associated CMV-IE2 (immediate-early 2) 8-mer target 
peptide (NEGVKAAW). Hence, to also assess the proper processing and presentation of the epitope, a 
cDNA expression construct encoding the CMV-IE2 ORF was generated for subsequent transfection of 
P50 HLA-expressing HEK 293T target cells. In fact, subsequent antigen testing approaches confirmed 
that P50 TCR 36.7-expressing CD8+ TCR-T cell populations specifically recognized the CMV-derived 
IE2 epitope in the context of HLA-B*44:03 (Fig. 3.4.1 B).  

However, no highly related TCRs could be identified for any of the other potentially tumor-specific P43 
or P50 TCRs, respectively. Hence, these results indicated that TCR database screenings might especially 
be suitable for identifying common virus-specific TCRs. Nevertheless, the conducted experiments 
provided evidence that the applied TCR clustering approach is suitable to identify highly related TCRs 
with potentially shared target antigen specificities. 
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Figure 3.4.1: CD8+ TCR-T cells expressing 
P50 TCR 36.7 specifically recognize a CMV-
derived IE2 target peptide via HLA-B*44:03. 
A) Specificity clustering of P50-derived TCR 
36.7 and CDR3 sequences listed in open-source 
databases VDJdb and McPAS-TCR. P50 TCR 
36.7 hTRBV- and hTRAV-CDR3 sequences were 
grouped with highly related CDR3 regions listed 
to specifically recognize an hCMV-IE2 8-mer 
target peptide (NEGVKAAW) in the context of 
HLA-B*44:03. A total of 10 highly related 
hTRBV- and 5 hTRAV-CDR3 sequences were 
identified. When using the topmost sequences as 
references, hTRBV-CDR3 sequences differed in a 
maximum of 3 amino acids while hTRAV-CDR3 
sequences varied in not more than 4 AAs. Amino 
acid differences are shown in bold. Underlines 
indicate missing amino acids in shorter CDR3 
sequences. B) hCMV-IE2 recognition testing of 
CD8+ TCR-T cells expressing P50 TCR 36.7. 
IFN-γ secretion was used as a marker for T cell 
recognition. Transgenic effector populations 
exclusively recognized hCMV-IE2 in the context 
of HLA-B*44:03+ HEK 293T cells. P50 HLA-
transfected HEK 293T cells were not recognized 
in the absence of hCMV-IE2. Shown spot 
numbers represent mean values resulting from 
duplicates or single well testing results (T cells 
only preparation). Error bars represent standard 
deviations of duplicates. The IFN-γ background 
level of tested TCR-T cells was assessed in the 
absence of target cells and is shown in red. 
BC248-derived end.TCR-KO T cells (Sup. Fig. 
14 A) were used for retroviral transduction with 
the P50 TCR 36.7 expression construct (Sup. Fig. 
16). The ELISpot assay was performed 32 days 
after retroviral transduction. Effector cells per 
well: 3,000 TCR 36.7+. Target cells per well: 
20,000. Raw ELISpot data is shown in Sup. Fig. 
19. Abbr.: AAs = amino acids; BC = buffy coat; 
CMV = cytomegalovirus; end. = endogenous; 
HEK = Human embryonic kidney; HLA = human 
leukocyte antigen; KO = knock-out; hTRAV = 
human TCR alpha chain variable region; hTRBV 
= human TCR beta chain variable region; IE2 = 
immediate early 2; TCR = T cell receptor. 
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3.4.2 TCR homology clustering as potent strategy for the identification of highly related TCRs 
with similar target recognition patterns 

Besides screening open-source databases for homologous TCR sequences (see section 3.4.1), HSD 
patient-derived TIL sequencing data was also used to identify TCRs shared by multiple NSCLC patients. 
Specificity clustering of TIL sequencing data obtained from more than 60 different NSCLC patients 
identified 5 additional clonotypes with TCR sequences highly related to P43-derived TCR 75. Hence, 
the corresponding TCR cluster, referred to as cluster C, included 6 TCRs expressed by TIL clonotypes 
of 4 different NSCLC patients, namely P43 (TCR 75), P29 (TCRs 1115 and 1946), P55 (TCRs 18 and 
1245), and P66 (TCR 10). Generally, all cluster C TRAV- and TRBV-CDR3 sequences did not differ 
in more than three amino acids, thereby sharing highly related antigen-binding motifs with potentially 
similar antigen specificity (Fig. 3.4.2 A). Furthermore, all 4 cluster C patients shared HLA-B*08:01 and 
HLA-C*07:01 alleles, respectively. It was therefore suspected that potentially concurring cluster C TCR 
antigen specificities might depend on one of the two HLA molecules.  

While it was not possible to identify a candidate neoantigen mutation expressed (RPKM ≥0.5) in all 
cluster C tumors, the High Mobility Group Box 3 (HMGB3) protein was found to be overexpressed in 
in all 4 cluster C patients (data not shown). However, subsequent recognition testing revealed that the 
HMGB3 TAA was not recognized by CD8+ TCR-T cell populations expressing P43 (cluster C) TCR 
75, thereby indicating that HMGB3 is not relevant for cluster C TCR-mediated antigen recognition (data 
not shown). To assess whether cluster C TCRs (C-TCRs) might be virus-specific, C-TCR 75+ TCR-T 
cell populations were additionally tested for the recognition of common viral epitopes, such as EBV-
derived antigens presented by infected target cells or by applying a CEFT peptide mix (JPT Peptide 
Technologies GmbH; Berlin, Germany; data not shown) containing common HLA class I-restricted 
antigen peptides from CMV, EBV, influenza viruses, and tetanus toxin. Regardless of HLA-B*08:01 or 
HLA-C*07:01 expression (see Table 5.1), C-TCR 75+ effectors specifically recognized various EBV-
infected B cell lines derived from melanoma patients D04-Mel, D05-Mel, D10-Mel, or D11-Mel via 
HLA class I (Fig. 3.4.2 B). In contrast, non-infected D10-Mel tumor cells and the HLA class I-deficient 
EBV-B cell line L721.221 (see Table 5.1) were not recognized at all. Additionally, HLA-B*08:01+ 
K562 cells were also recognized while co-incubation with HLA-C*07:01+ K562 cells and non-
transduced K562 did not induce substantial IFN-γ secretion. In contrast to HLA-transduced K562, the 
recognition of EBV-B cells derived from patient D05-Mel (D05-Mel_EBV-B) was not substantially 
affected by HLA-B*08:01 or HLA-C*07:01 overexpression, thereby indicating that C-TCR 75 might 
recognize different antigen peptides on HLA-B*08:01+ K562 cells and EBV-infected B cells. 

Since similar target antigen specificities were assumed for all 6 C-TCRs, transgenic CD8+ TCR-T cell 
populations were established, each of which expressed one of the identified cluster C TCRs (Sup. Fig. 
21 and 22). Established effector populations were subsequently tested for the reactivity towards EBV-
infected B cells and HLA-B*08:01+/HLA-C*07:01+ NSCLC cells. Hence, it was demonstrated that C-
TCR+ effector populations recognized EBV-B cells derived from melanoma patient D05-Mel as well 
as the HLA-B*08:01+/C*07:01+ NSCLC cell line NCI-H1703. In contrast, the HLA-B*08:01/C*07:01-
deficient NSCLC cell line NCI-H460 was not substantially recognized (Fig. 3.4.3 A). Generally, when 
compared to non-specific T cell activation with OKT-3, target cell-induced activation levels seemed 
rather low. Unfortunately, due to unsuccessful retroviral transductions of CD8+ donor lymphocytes, C-
TCR 18 recognition testing could not be performed at this point of the study.  

However, NCI-H1703 recognition was verified for all 6 C-TCRs (Fig. 3.4.3 B) by establishing new 
CD8+ TCR-T cell populations from buffy coat BC652 (Sup. Fig. 22). Consistent with the data 
previously shown for C-TCR 75 (Figure 3.4.2 B), all 6 cluster C TCR+ effectors specifically recognized 
HLA-B*08:01-transduced K562 cells but not non-modified K562 (Fig. 3.4.3 B). Detected INF-γ 
secretion upon target cell recognition was again rather low when compared to non-specific activation 
with OKT-3. Nevertheless, similar target recognition patterns were demonstrated for all C-TCRs, even 
when expressed in different healthy donor (BC777, BC652) lymphocytes. Hence, all tested effector 
populations recognized HLA-B*08:01+ K562, HLA-B*08:01+/C*07:01+ NCI-H1703, and, most likely 
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3.4.3 Cluster C-derived TCRs mediate similar target recognition of transgenic TCR-T cell 
populations  

Similar target recognition patterns were identified for transgenic effector populations expressing one of 
six highly related cluster C TCRs, respectively. However, when compared to non-specific stimulation 
with OKT-3, IFN-γ secretion of cluster C TCR-positive CD8+ T cells seemed rather low upon target 
cell recognition (see Fig. 3.4.3). To verify that the introduced C-TCRs, but not residual endogenous 
TCR expression, accounted for the observed T cell activation, a CRISPR/Cas9-based knock-out 
approach was used to specifically target the murine constant regions exclusively present in introduced 
C-TCRs. Hence, transgenic TCR expression was specifically knocked out in C-TCR 1115+ effectors, 
thereby serving as a representative for all other cluster C TCR-T cell populations (see section 3.4.2). 

 

 
Figure 3.4.4: CRISPR/Cas9-based KO of C-TCR 1115 expression in transgenic CD8+ effector populations. 
Transgenic CD8+ effector populations (BC652; Sup. Fig. 22) were used for a CRISPR/Cas9-based KO of C-TCR 1115 by simultaneously 
targeting murinized αβ TCR constant regions. C-TCR 1115 expression was determined via mTRAC staining. Non-treated TCR-T cell 
populations were used as positive control for mTRAC staining. C-TCR 1115 expression was reduced to less than 7% in CRISPR/Cas9-treated 
TCR-T cell populations. Flow cytometry was performed 6 days after CRISPR/Cas9 treatment. Flow cytometry data was gated based on viable 
T cell populations and non-specific isotype (IgG1) controls. Abbr.: BC = buffy coat; FSC = forward scatter; mTRAC = murinized T cell 
receptor alpha chain constant region; KO = knock-out; PE = Phycoerythrin; SSC =sideward scatter; TCR = T cell receptor. 

 

By using crRNAs exclusively targeting the murinized cluster C TCR constant regions (Sup. Fig. 26), C-
TCR 1115 surface expression was reduced to less than 7% in CRISPR/Cas9-treated effector populations 
(Fig. 3.4.4). Target recognition patterns of resulting CD8+_KO_C-TCR 1115 (TCR 1115-KO) effector 
populations and non-treated C-TCR 1115+ effectors were compared to assess the role of the cluster TCR 
during T cell activation. The conducted KO approach resulted in a substantial decrease of T cell 
activation detected upon co-incubation of TCR 1115-KO effectors with NCI-H1703 and EBV-infected 
B cells obtained from melanoma patients D10-Mel or D11-Mel, respectively (Fig. 3.4.5 A and B). In 
fact, IFN-γ secretion of TCR 1115-KO effectors were decreased by approx. 50% when compared to 
non-treated control TCR-T cells. The observed effect was even more evident when analyzing HLA-
B*08:01-transduced K562 target cell recognition where IFN-γ secretion of TCR 1115-KO T cells was 
reduced by up to 90% (Fig. 3.4.5 B). Consistent with previous results (see section 3.4.2), both non-
transduced and HLA-C*07:01+ K562 targets were not recognized at all. These findings again indicated 
an HLA-B*08:01-restriced recognition of K562 cells via C-TCR 1115. Furthermore, OKT-3-mediated 
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3.4.4 Ongoing projects: Recognition testing of cluster G-derived TCRs 

The power of the HSD-proprietary prediction pipeline for the efficient identification of tumor-specific 
TIL clonotypes was previously demonstrated in the context of NSCLC patient P18 (see section 3.2). 
However, when analyzing P43 and P50, it was also found that the efficiency of the pipeline might vary 
between individual patients (see section 3.3). Hence, the TCR clustering approach represented a 
promising strategy to complement the HSD prediction pipeline by providing the chance to identify 
potentially tumor-specific TCRs based on highly related CDR3 sequences and shared target antigen 
specificities. In addition to TCR cluster C (see sections 3.4.2 and 3.4.3), HSD identified another 
promising TCR cluster, referred to as cluster G, consisting of 6 highly related TCRs obtained from 3 
different NSCLC patients (P44, P70, P82; see Figure 3.4.6). Independent of the clustering approach 
performed by HSD, CDR3 regions expressed by cluster G TCRs 1702 and 5094 had previously been 
identified by Mark M. Davis and colleagues (Stanford University, USA) when using their GLIPH2 
(Grouping of Lymphocyte Interactions with Paratope Hotspots version 2) algorithm for the 
identification of TCRs with shared antigen specificity. More precisely, identical TRAV/TRBV-CDR3 
sequences were found in Stanford TCR 18 and G-TCR 5094, as well as in Stanford TCR 19 and G-TCR 
1702, respectively. Interestingly both Stanford TCRs were demonstrated to specifically recognize a 
TMEM161A-derived TAA epitope as well as two pathogen-derived 9-mer peptides via HLA-A*02:01 
220, thereby indicating similar antigen specificities not only for TCRs 1702 and 5094 but for all TCRs 
included in cluster G. 

 

 
Figure 3.4.6: Cluster G TCRs used for further specificity analyses. 
Cluster G comprises 6 highly related TCRs expressed by TIL clonotypes obtained from three different NSCLC patients (P44, P70, P82). 
Corresponding TRAV- and TRBV-CDR3 sequences did not differ in more than one amino acid, respectively. When using TCR 5094 as a 
reference, differing AAs are shown in red. Due to non-available TCR 159_v1 and TCR 159_v2 TRAV sequencing data, corresponding TRBV-
CDR3 sequences were artificially paired with the most common cluster G TRAV-CDR3 region found in G-TCRs 5094, 1702, and 159. TRAV-
CDR3 sequences used for artificial pairing are shown in squared brackets. Graphic was provided by HS Diagnomics. Abbr.: AA = amino 
acid; CDR3 = complementary determining region 3; ref. = reference; TCR = T cell receptor; TRAV = TCR alpha chain variable region; TIL 
= tumor-infiltrating lymphocyte; TRBV = TCR beta chain variable region.  

 

Hence, transgenic TCR-T cell populations were generated, each of which expressed one of the 6 cluster 
G TCRs, respectively (Sup. Fig. 29). By analyzing the target recognition patterns of established effector 
populations, similar target cell specificities were verified for all tested cluster G TCR-transduced 
effectors. All analyzed TCR-T cell populations recognized three HLA-A*02:01+ NSCLC cell lines 
(MZ-LC-16, NCI-H1703, NCI-H1792; see Table 5.1 for respective HLA-I genotypes), HLA-A*02:01-
expressing K562 cells, and TAP-deficient T2 EBV-B cells. In contrast, HLA-A*02:01+ NSCLC cell 
lines MOR/CPR and NCI-H661 were not recognized (Fig. 3.4.7). Furthermore, pathogen-derived 
antigen specificities were verified for 5 of 6 cluster G TCR-expressing T cell cultures (Fig. 3.4.8). 
Consistent with data previously published for TRAV/TRBV-CDR3 regions of G-TCRs 5094 and 1702 
220, established effector populations specifically recognized HLA-A*02:01+ MOR/CPR lung cancer 
cells when pulsed with immunogenic 9-mer peptides either originating from the non-mutated TAA 
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4) Discussion 

The conducted proof-of-concept study successfully demonstrated the power of a novel in silico pipeline 
to predict tumor-specific T cell clonotypes among patient-derived tumor-infiltrating lymphocyte (TIL) 
populations. T cell receptor (TCR) beta chain profiling was used to identify potentially tumor-reactive 
TIL clonotypes in three stage III lung cancer patients (P18, P43, P50) previously subjected to surgery 
with curative intent. Tumor-specific non-synonymous mutations were identified for each patient by 
using comparative WES of respective lung and tumor tissues. Furthermore, mRNA expression levels of 
variant alleles and aberrantly expressed genes were assessed by tumor transcriptome sequencing. The 
conducted mutation screenings were followed by MHC class I binding predictions of mutated peptides 
to eventually identify the most promising neoantigen candidates for each patient, respectively. Three 
P18 TIL-derived TCRs were finally demonstrated to specifically recognize autologous tumor tissue via 
an HLA-A*01:01-presented KRASQ61H neoantigen shared by various patients and cancers, thereby 
providing three promising candidate TCRs for future T cell-based immunotherapies.  

Motivated by the observation that all three P18 TCRs exhibited highly similar αβ TCR amino acid 
sequences, an additional in silico method was applied to facilitate the clustering of sequence-related 
TCRs with potentially shared antigen specificities. By applying this TCR clustering approach, tumor 
cell line reactivities were demonstrated for two different TCR clusters containing a total of 12 TCRs 
from 7 different patients. Here, similar antigen specificities towards a TMEM161-derived TAA epitope 
were successfully verified for at least 5 of the 6 highly related cluster G TCRs only differing in 1-2 
amino acids within their respective α- and β-CDR3 regions. Taken together, this study successfully 
demonstrated the power of two independent in silico prediction pipelines aiming at the efficient 
identification of potentially tumor-specific TCRs, which was either achieved by assessing personalized 
TIL clonotype frequencies or via clustering of common TCRs with potentially shared tumor antigen 
specificities. The following paragraphs will critically assess the efficiency of all experiments conducted 
in the course of this study while also discussing the overall relevance of the achieved results. 

4.1 Direct identification of potentially tumor-specific T cell clonotypes from patient-
derived CD8+ TIL populations 

A novel in silico prediction pipeline was applied to identify potentially tumor-specific TCRs obtained 
from TIL populations of the three stage III NSCLC patients P18, P43, and P50. Here, transgenic effector 
populations were established by cloning TCRs from tumor-enriched T cell clonotypes into bicistronic 
vector backbones suitable for the subsequent retroviral transduction of healthy donor T lymphocytes 225. 
Tumor-specific candidate clonotypes were selected based on overall frequencies in a patient’s tumor 
tissue, high tumor-to-non-tumor (T/nT) ratios, and the relative occurrence in PD-1+ TIL subsets. 
Notably, patient-derived TIL clonotype frequencies were assessed ex vivo and without any in vitro 
culturing of T cells, thereby circumventing altered TIL compositions and non-representative frequencies 
of tumor-reactive clonotypes 215.  

Despite of blood being considered a suitable source for the identification of neoantigen-specific T cells 
226–228, TIL populations were preferred over patient-derived PBMCs (peripheral blood mononuclear 
cells) for analyzing TCR repertoire frequencies during this research project. By using PD-1 expression 
as a suitable marker for the efficient identification of clonally expanded anti-tumor T cells, other studies 
demonstrated tumor-reactive T cell clonotypes to be highly enriched in CD8+ TIL populations of 
melanoma patients 208,229. Furthermore, when comparing PD-1 expression levels between tumor-resident 
T cells and circulating peripheral blood lymphocytes (PBLs) of melanoma patients, CD8+ TIL 
populations included significantly higher overall levels of PD-1+ T cells than corresponding CD8+ 
PBLs (approx. 36% in TILs vs. approx. 4.1% in PBLs) 230. Moreover, levels of tumor mutation-reactive 
T cells are presumably higher in TIL populations than in circulating PBLs, with the latter being supposed 
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to include neoantigen-specific T cells at frequencies estimated to be as low as 0.002% to 0.4% 227,231. 
Due to the oligoclonal expansion after antigen contact within the tumor microenvironment (TME), 
tumor-specific T cell frequencies are assumed to be substantially higher among TIL populations, which 
might include up to 10% of intra-tumoral CD8+ T cells that are capable of recognizing autologous 
tumors. Pasetto and colleagues recently found that many of the most frequent PD-1+/CD8+ TIL 
clonotypes from metastatic melanoma patients recognized autologous tumor cells and, more precisely, 
non-mutated TAAs or mutated neoepitopes 215,232. They thereby demonstrated the potential of 
identifying tumor-reactive T cells based on relative frequencies in patient-derived TIL populations, even 
without having prior knowledge about the exact antigen specificities. Hence, time-consuming antigen 
identification experiments could, in theory, be circumvented for future T cell-based cancer therapies. 
However, this strategy might not be suitable for every other tumor type and may particularly be 
challenging in unresectable cancers, poorly immunogenic malignancies, and for tumors in which T cell 
infiltrates are scant 187. Moreover, ratios of tumor-reactive T cells might be highly diverse among TIL 
populations obtained from different cancer patients and tumor specificity might be restricted, if present 
at all, to only a minority of TILs 232. 

Reducing the error rate while simultaneously improving the accuracy of current in silico pipelines is 
absolutely necessary to predict tumor-specific T lymphocytes more efficiently in the future. One major 
bottleneck of using patient-derived TILs for this purpose is that individual TIL populations were shown 
to include high numbers of CD39-negative bystander T cells specifically recognizing target antigens 
unrelated to cancer 206. Generally, CD8+ TIL populations co-expressing CD39 (Ectonucleoside 
triphosphate diphospho-hydrolase-1; ENTPD1) and CD103 (Integrin alpha E; ITGAE) were 
demonstrated to be enriched for tumor-reactive T cells in both primary and metastatic tumors. Although 
being partially expressed by some regulatory T cells, CD39 and CD103 co-expression was primarily 
found on exhausted tumor-resident memory T cells present within the TME. While not being enriched 
for EBV- or CMV-specific T cells, those TIL populations were shown to specifically recognize and kill 
autologous tumor cells of melanoma patients in an MHC class I-dependent manner 207. In addition to 
CD39 and CD103 co-expression, immune checkpoints LAG-3, TIM-3, and 4-1BB were also shown to 
be expressed or co-expressed by tumor-reactive CD8+ TIL populations 208. However, while surface 
marker analyses might be useful to provide subsidiary information referring to the potential tumor 
specificity of particular T cell clonotypes, those assessments alone are probably not suitable to reliably 
identify tumor-specific TCRs for future immunotherapies. Nevertheless, simultaneously assessing T cell 
surface marker expression levels might represent a promising strategy to further improve the efficacy of 
the potentially tumor-specific TIL prediction pipeline applied in this study. 

Due to their exceptional role in cancer eradication, this study exclusively focused on analyzing tumor 
specificities of TCRs obtained from CD8+ TIL clonotypes. CD8+ cytotoxic T lymphocytes (CTLs) are 
considered major killers of neoplastic cells, which is due to their ability to directly recognize tumor cells 
via MHC class I-presented peptides and immediately induce target cell killing 58. However, CD4+ T 
cells also play crucial roles in the anti-tumor immunity since they are involved in CD8+ CTL recruiting, 
pro-inflammatory cytokine secretion, and the maintenance of CD8+ immune responses 57,62. 
Furthermore, various studies demonstrated that CD4+ T cells are also able to recognize tumor-specific-
antigens, such as neoantigens derived from mutated ERBB2IP (erbb2 interacting protein) or LEMD2 
(LEM domain nuclear envelope protein 2) 233–235. Similar results were recently found for tumor-resident 
FOXP3+/CD4+ regulatory T cell (Treg) clonotypes that were shown to recognize cancer neoantigens 
including mutated CCL-5 (CC chemokine ligand 5, also known as RANTES) 236. However, CD4+ 
lymphocytes are restricted by MHC class II molecules that are mainly expressed by professional antigen 
presenting cells (APCs). Although there is evidence that tumor cells are able to express HLA class II, 
neoantigen recognition of MHC class II-presented neoantigens might be largely mediated by tumor-
resident professional APCs 6. Hence, CD4+ T cell clonotypes were excluded from tumor specificity 
assessments performed during this study, thereby exclusively focusing on the identification of MHC 
class I-restricted CD8+ TILs with the potential to directly recognize and kill tumor cells.  
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4.2 Comparative WES and RNA-Seq as a potent strategy for the efficient 
identification of tumor-specific mutations in NSCLC patients 

By combining a potent next-generation sequencing (NGS) approach with efficient HLA binding 
predictions, this study identified a KRAS-derived neoantigen peptide recognized by TCRs cloned from 
TIL populations of NSCLC patient P18. As previously described by the Wölfel group 226, comparative 
whole exome (WES) and transcriptome sequencing (RNA-Seq) were used to identify somatic nucleotide 
substitutions (SNSs, MNVs) and genetic insertions/deletions (InDels) exclusively expressed in the 
patient’s tumor but not in corresponding normal lung tissue samples. Next, mutated 19-mer peptides, 
each of which contained one of the previously identified mutations, were used for in silico binding 
predictions to identify potential neoantigen candidate peptides. Most promising neopeptide candidates, 
referring to those peptides with highest binding affinities to the patient’s HLA class I alleles, were 
eventually synthesized for extensive in vitro neoantigen screenings.  

Generally, various sequencing strategies can be used for the prediction of neoantigen candidates, thereby 
complicating the interpretation of neoantigen loads reported in different studies 237. The current study 
integrated both DNA and RNA sequencing data to assess variant allele read frequencies and 
corresponding gene expression levels for every single mutation. Furthermore, as recently shown by 
Barnell and colleagues, manual revision and curation of most promising candidate mutations was crucial 
for detecting artifacts, sequencing errors, and other findings potentially resulting in false-positive 
neoantigen prediction 238. Combining comparative WES and RNA-Seq to (i) detect tumor-specific non-
synonymous mutations and (ii) assess corresponding variant allele expression is a common approach to 
identify putative neoantigen candidates 230,239,240. Exclusively relying on transcriptome data for the 
identification of expressed non-synonymous tumor mutations represents an alternative and seemingly 
more straightforward approach that might generally result in higher numbers of identified somatic 
mutations 226. However, transcriptome-based variant detection can be challenging, especially due to 
dynamic gene expression, RNA-editing, or splicing processes 241. Hence, variant calling from RNA-Seq 
data greatly depends on the transcript expression status in the reference sample and was shown to 
regularly result in high false-positive as well as high false-negative error rates 240. This approach was 
therefore considered less suitable for the identification of potential neoantigens during this study. 
Moreover, other studies demonstrated that a majority (approx. 86%) of somatic variants were missed 
when using tumor RNA-Seq and matched normal tissue-derived WES data for the variant identification. 
Hashimoto et al. considered low variant transcript expression as the fundamental factor for missing 
various mutations on an RNA level 240.  

Hence, the current study followed the strategy of exclusively using transcriptome sequencing data to 
assess expression levels of mutations previously detected via comparative WES, thereby aligning with 
data demonstrating that transcriptome sequencing represents a crucial factor to efficiently identify 
putative neoantigen candidates. Since tumor transcriptome sequencing facilitates the direct 
identification of reads referring to mutated RNA transcript expression, RNA-Seq was considered 
mandatory to efficiently narrow down the list of somatic mutations detected via WES 237. For this study, 
variant expression levels were initially assessed and then confirmed via manual curation to individually 
verify mutated RNA transcripts. Generally, transcript levels can be quantified by using the reads per 
kilobase per million mapped reads (RPKM) measure of read density, thereby reflecting the frequency 
of a given transcript in the starting sample by normalizing for both RNA length and total read numbers. 
Therefore, normalized RPKM values can facilitate the transparent comparison of transcript levels within 
as well as between samples 242. Here, RPKM values between 0.3 and 1.0 are commonly used for defining 
individual gene expression cutoffs 243. Therefore, when also considering neoantigen prediction studies 
previously conducted by the Wölfel group 226, a cutoff value of RPKM ≥0.5 was used for assessing 
variant allele expression levels in respective patient-derived tumor tissues.  

Screening for tumor mutations with a rather high variant allele frequency (VAF), which is defined as 
the percentage of detected sequencing reads that match a specific variant divided by the overall coverage 
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at the respective locus 244, is another common approach used for the efficient prediction of neoantigen 
candidates. However, defining universal VAF recommendations for the efficient identification of 
somatic variants is not trivial as they are highly dependent on sequencing depth, tumor purity, genetic 
heterogeneity, and the fact that not all genes can be screened properly during sequencing 245. Hence, 
excluding somatic variations based on low VAF values might bear the risk of missing promising tumor 
mutations potentially resulting in neoantigen occurrence. In contrast, the conducted study identified 
most promising tumor mutations and corresponding transcript expression based on actual/normalized 
read counts (WES: ≥4 variant reads, RNA-Seq: RPKM ≥0.5) but independent from overall coverages 
detected for individual gene loci. A very similar approach was previously applied by the Wölfel group 
and was shown to represent a potent strategy for the effective identification of tumor-specific target 
antigens in a human melanoma model 226. Therefore, the conducted strategy was also considered suitable 
for the efficient identification of NSCLC-derived neoantigen candidates eventually used for further in 
vitro recognition screenings. 

Generally, efficient neoantigen prediction via comparative WES and transcriptome sequencing is highly 
dependent on the quality of applied nucleic acids, number and quality of total sequencing reads, and the 
efficiency of the exome enrichment protocol during WES library preparation 226,237. In this study, high 
WES and transcriptome sequencing qualities were confirmed for all three patients (P18, P43, P50) by 
achieving very high overall read mappings (>99.4%) to the reference genome hg38. When compared to 
quality filter-passing read numbers (51-79.5 M), referring to total reads after adapter trimming, resulting 
from previously conducted tumor WES of melanoma patient Ma-Mel-86 226, rather high yields of 
mapped tumor- and normal tissue-derived WES reads were detected for P18 (≥80.1 M), P43 (≥84.9 M), 
and P50 (≥60.9 M), respectively. Transcriptome sequencing of tumor-derived RNA samples resulted in 
total mapped read counts of approx. 71.7 M for patient P18, 69.3 M for P43, and 55.8 M in case of P50. 
While detection rates of mutated mRNA transcripts decrease with fewer RNA-Seq reads, total read 
counts of ≥50 M were shown to be ideal for the effective identification of neoantigens 237. Therefore, all 
conducted NGS approaches were considered suitable for the intended purpose of detecting neoantigen 
candidates as efficiently as possible. 

4.3 Using in silico HLA binding predictions for the selection of potentially 
immunogenic 9- and 10-mer neopeptide candidates 

HLA class I peptide binding predictions were performed after identifying non-synonymous P18, P43, 
or P50 tumor mutations to rank resulting 9- and 10-mer neopeptide candidates based on their potential 
capability to bind to a patient’s individual MHC class I molecules. Prediction tools typically report 
peptide binding strengths in units of predicted affinity, referring to half maximal inhibitory concentration 
IC50, or as percentile score reflecting the relative affinity of a selected peptide compared to a universe 
of random sequences 246. While high affinity epitopes are typically defined by very low IC50 values of 
≤50 nM, intermediate and poor binders are regularly found to have affinities in the 50 nM to 500 nM 
range and above 247. In this study, most promising candidate peptides had predicted binding affinities of 
≤500 nM (NetMHC-4.0 prediction algorithm) and/or a percentile rank of ≤6.0 (IEDB MHC-I binding 
prediction tool; Consensus or NetMHCpan4.0 prediction methods).  

The top scoring 94 neopeptide candidates (9- and 10-mers) were predicted for each patient and were 
then synthesized for further in vitro neoantigen recognition screenings. In case of NSCLC patient P18, 
73 SNVs and one frameshift-inducing deletion accounted for a total of 581 potentially well-binding 9-
/10-mer peptide candidates (Figure 3.2.4). Notably, NetMHCpan-4.0 was the only prediction algorithm 
available for HLA-C*03:04 binding assessments, thereby resulting in three times more high scoring 
peptide candidates than for any of the other HLA alleles. In comparison, 184 tumor-specific variations 
(SNVs or MNVs) and 3 indel mutations were identified for P43 while NGS analysis of P50 reveled 21 
tumor-specific indel mutations, 6 replacements, 15 MNVs, and 63 SNVs. Subsequent MHC class I 
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binding predictions resulted in 849 and 629 potential well-binding neopeptide candidates for P43 and 
P50, respectively (Figures 3.3.4 and 3.3.5).  

It is known that most HLA class I alleles preferentially bind 9- and 10-mer peptides and that peptides 
with high predicted binding affinities contain the vast majority of T cell epitopes. Furthermore, data 
suggests that 9-mer peptides are the most common peptides available for MHC-I binding with 8-mers, 
10-mers, and longer peptides being far less frequent 18. However, exclusively focusing on peptide 
binding affinity assessments of 9-/10-mer neopeptide candidates carries the risk of missing peptides of 
non-canonical lengths, thereby neglecting up to 8% of all possible T cell epitopes 248. In theory, binding 
predictions could be conducted for peptides of any length to increase the overall chances of antigen 
identification. But even when peptides of non-canonical lengths might have decent binding predictions, 
they usually end up being underrepresented among the naturally presented ligands and are consequently 
less frequently recognized by T cells 18. Hence, for the current study, it was decided to focus all 
neoantigen prediction efforts solely on the identification of potentially well-binding 9- and 10-mer 
neopeptide candidates. 

Generally, the T cell-mediated recognition of peptide-MHC complexes is a highly sophisticated process 
encompassing many crucial steps and requirements. Hence, various antigen characterization pipelines 
have been established to specifically predict neoantigen binding to a patient’s unique pattern of HLA 
molecules 245. The peptide-binding sites of MHC class I molecules are encoded by highly variable HLA 
exons 2 and 3, which substantially contribute to the overall polymorphism of HLA alleles 249. Hence, 
different MHC class I molecules bind distinct sets of peptides and are therefore capable of eliciting 
highly specific CD8+ T cell responses 250. Different factors such as the pre-processing of peptides, the 
transport into the endoplasmatic reticulum (ER), MHC-loading, and the stability of assembled peptide-
MHC complexes have the potential to crucially affect neoantigen presentation and, thus, also 
immunogenicity 251–253. Hence, strong binding predictions may be meaningless if upstream processing 
events prevent the actual loading of the peptides or when predicted peptides cannot be generated by the 
immune proteasome in vivo 245. Consistent with the data presented in the current project, former studies 
found that only a very small portion (approx. 5-6%) of all identified mutations might be associated with 
neoantigen-specific T cell responses. Therefore, accuracies of peptide binding predictions are limited, 
which is particularly true for some HLA-C alleles. 226,254,255.  

As reviewed by Richters and colleagues, most of the more recent prediction algorithms are trained on 
data either generated from mass spectrometry-based approaches or from in vitro binding assays 
involving specific MHC molecules and peptide libraries. In contrast, early prediction algorithms mostly 
relied on linear regression models, which assumed a linear contribution of individual residues to the 
overall binding affinity. Moreover, modern prediction algorithms almost exclusively rely on artificial 
neural networks to capture the nonlinear relationship between peptide sequences and respective MHC-
binding affinities 245. Due to the growing number of available training data sets, artificial neural network-
based algorithms usually achieve higher accuracy than linear regression models 256. In the present study, 
a combination of two prediction tools, namely the NetMHC-4.0 algorithm and the IEDB MHC-I binding 
prediction tool (see Table 5.8), were used to predict the MHC class I binding of neoantigen candidates 
as accurately as possible. NetMHC-4.0 257 is an artificial neural network-based algorithm that has been 
trained on data from 81 different human and 41 non-human MHC alleles to accurately predict peptide 
binding affinities to HLA class I molecules. Depending on the HLA alleles analyzed during this study, 
two different prediction methods were applied when using the IEDB MHC-I binding prediction tool, 
namely the Consensus 258 and NetMHCpan-4.0 259 algorithms. The Consensus prediction method 
leverages combined data from of up to four different scoring matrices to predict 8-, 9-, and 10-mer 
peptide affinities to MHC-I molecules. On the other hand, NetMHCpan-4.0 is another artificial neural 
network-based algorithm that has been trained by using (i) naturally eluted ligand data covering 55 HLA 
and mouse alleles and (ii) binding affinity data of 172 human and animal MHC molecules, thus being 
able to predict peptide binding affinities to any MHC molecule of known sequence 245. 
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However, additional artificial neural network-based algorithms could be used to optimize the peptide 
binding predictions performed during this study, which might especially be useful for P43 predictions 
resulting in the highest number of potentially well-binding candidate peptides (849 different 9-/10-mers) 
among all analyzed patients. On the one hand, NetChop, the most cited proteasomal cleavage tool, could 
be used to predict intracellular processing of peptide candidates for later MHC class I-dependent antigen 
presentation 260. NetChop is a neural network-based prediction algorithm exhibiting the best 
performance for the prediction of both in vivo (NetChop-3.0 20S) and in vitro (NetChop-3.0 C-term) 
cleavage patterns 261. On the other hand, NetMHCstabpan-1.0 262 could be used for assessing the binding 
stabilities of peptide-MHC complexes while NetMHCcons-1.1 263 combines three state-of-the-art 
prediction methods (NetMHC, NetMHCpan, PickPocket 264) to potentially achieve the best results 
possible. However, since prediction pipelines vary in their choices of how to rank putative neopeptides 
by differentially weighting each component of the antigen presentation pathway, the common Immune 
Epitope Database (IEDB) could eventually be used to optimize and rank the conducted predictions by 
leveraging immune epitope data from more than 1.6 million experiments 245,265. However, different 
MHC class I molecules are associated with different peptide-binding-repertoires, thereby resulting in 
varying epitope numbers being bound with accordingly variable median affinities. Thus, including 
dedicated binding thresholds for individual HLA alleles could be beneficial to increase the efficacy of 
future antigen prediction pipelines 246. With only a few gold-standard data sets being available for 
evaluating the precisions of divergent predictions and although best practices for determining consensus 
neoantigen candidates are poorly articulated 245, combining various prediction tools might provide the 
opportunity to efficiently streamline bioinformatic prediction pipelines while simultaneously 
compensating variabilities present among different algorithms.  

However, instead of optimizing the peptide binding predictions performed during this study by using 
additional algorithms, an alternative and rather generalized neoantigen identification strategy was 
applied to completely circumvent the necessity of HLA-peptide binding predictions and dedicated 
peptide synthesis for subsequent candidate neoantigen identification. The screening of tandem minigene 
(TMG) constructs, each of which encoded multiple 25-mer peptides with one tumor-specific mutation 
or TAA-derived epitope in their respective centers, offered the opportunity to analyze candidate antigen 
processing, presentation, and recognition in the context of all patient HLAs, respectively. Hence, as 
already described in other studies 5,190,266, target cell lines were generated to express one of the patient’s 
(P43) respective HLA alleles and were subsequently transfected with patient-specific TMG libraries 
encoding a total of approx. 120 TAAs and tumor-specific mutations that were previously identified via 
WES and RNA-Seq. However, consistent with the data obtained from P43 TMG analyses, applying 
TMG screening approaches might not necessarily result in improved overall neoantigen detection 
efficiencies. While other large scale in vitro screenings comprising hundreds of TMG-encoded 
neoantigen candidates previously resulted in the identification of novel targets specifically recognized 
by patient-derived TIL TCRs 190,267, not a single TCR-T cell reactivity was observed when screening for 
P43 TMG library recognition (data not shown). Hence, these results indicate that (i) extensive TMG 
screening approaches might be necessary for efficiently identifying patient-specific neoantigens and that 
(ii) HLA-I binding prediction is just one of many bottlenecks that must be mastered to successfully 
identify promising neoantigen candidates. 

4.4 Establishing transgenic TCR-T cells for further neoantigen recognition testing 

After the identification of potentially tumor-specific TCRs from patient-derived TIL populations, most 
promising candidate TCRs were cloned into bicistronic vector backbones eventually used for retroviral 
transductions of healthy donor T lymphocytes. To facilitate the efficient surface expression of the 
introduced TCRs, chimeric TCR expression constructs were used comprising codon-optimized murine 
αβ TCR constant regions, a second interchain disulfide bond, rearranged TCR chains (β-P2A-α), and 
human αβ chain variable domains 225. Using chimeric TCRs for retroviral transduction of donor 
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lymphocytes represents an effective strategy to reduce mispairing between transgenic and endogenous 
TCR chains and, due to improved pairing and TCR/CD3 stability, might even result in genetically 
modified T cells with increased reactivity 268. Since mispairing might result in the formation of mixed 
TCR dimers consisting of transgenic and endogenous αβ chains, minimizing the pairing of endogenous 
and transduced TCR chains was an absolute prerequisite to avoid unpredictable target specificities 
during TCR antigen screenings 269.  

Before being retrovirally transduced to express potentially tumor-specific TCRs, purified healthy donor 
lymphocytes were additionally used for a CRISPR/Cas9-based KO approach simultaneously targeting 
both endogenous TCR (end.TCR) chains. Since transgenic and endogenous TCRs compete for CD3 
complex recruitment, the conducted end.TCR-KO approach facilitated the efficient binding of 
transgenic TCRs to CD3, thereby generating TCR-T cells with high functional avidity 269,270. Single 
alpha chain end.TCR-KO approaches previously achieved expression reductions of up to 81% (± 11%) 
while declines of 87% (± 4.5%) were observed when exclusively targeting the TCR beta chain. 
However, highest TCR-KO efficiencies (91.6% ± 4.2%) were achieved when simultaneously targeting 
both TCR chains 271. Concordantly, end.TCR expression was regularly reduced to less than 5% in 
purified donor lymphocyte populations used during the current study. In some cases, residual end.TCR 
expression was actually absent when analyzed via flow cytometry. Hence, the overall risk that the 
formation of mixed TCR dimers may affect the efficiency of conducted antigen screenings was 
dramatically reduced. 

The generated end.TCR-KO T cells were eventually used for the retroviral transduction to introduce the 
ectopic expression of potentially tumor-specific TCRs initially cloned from TILs of multiple NSCLC 
patients. Firstly described by Steven Rosenberg et al. 272, retroviral transduction of donor lymphocytes 
with TCR expression constructs has become a common strategy to generate transgenic TCR-T cell 
populations for basic research as well as clinical studies 273. To achieve maximal yields of end.TCR-KO 
lymphocytes prior to retroviral transduction, the pre-existing T cell transduction protocol was optimized 
by applying a common method, referred to as “rapid expansion protocol” (REP), aiming at quickly 
generating large numbers of T lymphocytes suitable for following transduction 274. Here, T lymphocytes 
were excessively expanded by non-specific activation with the anti-CD3 monoclonal antibody OKT3, 
cultivation in the presence of high IL-2 doses, and the addition of irradiated feeder cells for co-
stimulation 275. The addition of auxiliary cells expressing costimulatory molecules like CD80, CD86, or 
CD137 was previously demonstrated to induce more effective cell proliferation than anti-CD3 
antibodies alone. Furthermore, when compared to anti-CD3/CD28 bead stimulation, this protocol was 
previously demonstrated to result in higher overall T cell yields, which might be mediated by inducing 
significantly less activation-induced cell death (AICD) 276.  

In contrast to lentiviruses, which are regularly used for the infection and genomic engineering of 
proliferating as well as non-proliferating cells, most other retroviruses rely on cell cycle progression for 
productive infection and transduction 277. Hence, during this study, highest yields of TCR-T cells were 
established by combining two stimulation strategies: The REP was used to activate T lymphocytes 
directly after purification from healthy donor blood samples and before performing the end.TCR-KO, 
thereby enhancing the efficiency of following retroviral transduction approaches. In a second step, anti-
CD3/CD28 beads were used to re-stimulate transgenic T cell populations directly after retroviral 
transduction with exogenous TCR (exo.TCR) expression constructs. By combining the adapted REP 
and subsequent puromycin selection for TCR-T cell manufacturing, exo.TCR expression of >90% was 
regularly achieved in established effector populations. In some cases, especially upon transduction of 
patient P43-derived TCRs, transgenic T cell populations quickly perished upon puromycin selection 
(see section 3.3.1) while not expressing detectable exo.TCR levels at all (data not shown). However, 
Sanger sequencing of the respective TCR expression constructs revealed the integrity of included 
puromycin resistance genes (data not shown). Hence, it was suspected that bacterial amplification might 
have introduced crucial mutations within long terminal repeat (LTR) sequences of used expression 
constructs, thereby impairing gene expression, polyadenylation, as well as retrotransposition of 
transduced exo.TCRs and corresponding puromycin resistance genes 278. 
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Today, CRISPR/Cas9-based orthotopic TCR replacements (OTRs) facilitate the controlled editing of 
TCR expression via the targeted knock-in of transgenic αβ chains into the endogenous TCR locus of a 
target T cell. Here, full transgenic αβ TCRs are usually inserted into the endogenous TCR alpha locus, 
thereby introducing transgenic TCR expression under the control of physiological promotors 273,279. 
Although resulting in effector populations with safety profiles quite similar to natural T cells, 
CRISPR/Cas9-based OTRs might induce numerous off-target effects, such as off-target integration, 
double strand breaks, or chromosomal translocations. Furthermore, due to cargo delivery via 
electroporation, CRISPR/Cas9-based OTRs often result in the excessive loss of target T cells after 
genetic modification 279–281. When compared to OTRs typically resulting in very homogenous TCR 
expression that is quite similar to native T cells, varying transgene numbers and untargeted transgene 
integration may result in more variable TCR expression as well as functionality when performing 
conventional viral transduction 273. Hence, CRISPR/Cas9-mediated OTRs could represent a potent 
alternative for generating transgenic T cell populations for future clinical trials, especially when 
overcoming current challenges such as the rather low T cell engineering efficiency compared to 
conventional transduction approaches 279. 

4.5 Efficiency assessment: Identification of tumor-specific T cells in patient-derived 
TIL populations 

The overall aim of the conducted proof-of-concept study was to verify the suitability of a novel 
prediction pipeline aiming at the identification of tumor-specific T cells among TIL populations of 
NSCLC patients, thereby providing a promising starting point for future T cell-based immunotherapy 
approaches. Hence, tumor-specificities of 16 TCRs were analyzed after being cloned from tumor-
enriched TIL populations of the three NSCLC patients P18, P43, and P50. By using complex recognition 
screenings, dedicated neoantigen specificities were revealed for three of those TCRs while 
simultaneously demonstrating that 7 of the 16 analyzed TCRs were capable of recognizing autologous 
tumor cells. More precisely, while tumor reactivity was observed for TCRs cloned from two (P18, P43) 
of three NSCLC patients, it was demonstrated that the three P18-derived TCRs 55.1, 28.1, and 73.1 
specifically recognized a prominent KRASQ61H neoantigen via HLA-A*01:01 (see section 3.2). 

When analyzing all four P18 TCR-T cell populations, P18 TCR 54.2 was the only receptor shown to 
recognize P18-derived tumor cell suspensions (Figure 3.2.3) as well as the HLA-A*02-matched lung 
cancer cell line MZ-LC-16 (Figure 3.2.15), thereby suggesting the recognition of an antigen shared by 
both tumors. However, to exclude the possibility that the observed MZ-LC-16 recognition might be due 
to alloreactive T cell responses against foreign peptide-MHC complexes, additional experiments must 
be performed using monoclonal antibodies to specially block the HLA-A*02-mediated antigen 
recognition.  

In contrast to P18, no tumor reactivity could be demonstrated for any of the tested P50 TCRs (Figure 
3.3.3 B) while P43 tumor reactivity was only observed for TCR-T cells either expressing P43-derived 
TCRs 55, 79, or 93 (Figure 3.3.3 A). Generally, both P43 and P50 tumor recognition testing experiments 
lead to rather ambiguous results, which was most likely due to the poor qualities of patient-derived 
tumor cell suspension accounting for high numbers of non-viable cells after thawing. In addition, except 
for P50 TCR 36.7 that specifically recognized a CMV-derived IE2 target peptide in the context of HLA-
B*44:03 (Figure 3.4.1 B), no specific target antigens could be identified for any of the remaining P43 
or P50 TCRs analyzed during this study. However, those results do not necessarily imply the ineligibility 
of the HSD-presented in silico pipeline applied for the identification of potentially tumor-reactive T cell 
clonotypes. For example, the rather inefficient recognition testing experiments performed for patient 
P50 might be explained by the fact that only a small fraction (94 peptides) of all identified P50 
neopeptide candidates (629 9-/10-mer peptides in total; see Figure 3.3.5) were tested in the course of 
this study. When additionally considering the challenges that the applied and highly complex antigen 
prediction pipeline entails, such as assessing potential HLA binding affinities as well as intracellular 
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peptide processing (see section 4.3), even more extensive neoantigen screenings might be necessary to 
efficiently identify tumor-specific target antigens across broad patient cohorts. 

Predicting tumor-specific clonotypes from highly heterogenous TIL populations still remains 
challenging, which is also true for the attempt to compare pipeline efficiencies using different prediction 
strategies. However, Pasetto and colleagues published an approach quite similar to the strategy presented 
in the current study. While exclusively using patient-derived tumor tissues for TCR beta chain 
sequencing and following TIL clonotype frequency assessments, they also assessed tumor-reactivities 
of most dominant CD8+/PD-1+ TIL clonotypes found in freshly resected tumors of 12 metastatic 
melanoma patients. By analyzing 4-1BB (CD137) expression of TCR-T cell populations upon co-
incubation with autologous tumor cells, they managed to identify 36 paired TCRs of mostly undefined 
specificity, each of which recognized autologous tumor cells, respectively. Hence, they managed to 
verify tumor reactivities for 43.37% of all analyzed TCRs (83 receptors were analyzed in total) 215. 
Consistently, comparable efficiencies were demonstrated for the HSD-presented prediction pipeline by 
demonstrating autologous tumor reactivities for 43.75% (7 of 16 analyzed TCRs) of all TCRs that had 
initially been predicted to be potentially tumor-specific. 

Moreover, Pasetto et al. detected 11 neoantigen-specific TCRs in TIL populations obtained from 5 
patients with metastatic melanoma, thereby accounting for 13.25% of all analyzed TCRs 215. In contrast, 
the current study identified three neoantigen-specific TCRs together accounting for 18.75% of all 
analyzed TCRs, thereby again highlighting the suitability of the applied tumor-specific TCR 
identification pipeline. However, while Pasetto and colleagues verified target neoantigen recognition in 
5 different melanoma patients, the current study demonstrated neoantigen specificities towards a single 
KRAS mutation (p.Q61H) present in only one NSCLC patient. Furthermore, the Pasetto study verified 
neoantigen recognition in 5 of the 10 patients whose TCRs were tested against autologous mutations 215, 
thereby being more efficient when compared to the approach applied for the current study that 
demonstrated neoantigen-specific T cells in one of three NSCLC patients. Taken together, both studies 
demonstrated that patient-derived TIL populations are highly suitable for the efficient identification of 
tumor-specific T lymphocytes, but they also indicate that identification efficiencies might be highly 
variable among different patients and/or tumor types.  

Since the efficiency to identify tumor-specific T cells might be highly dependent on analyzed tumor 
specimens, it might not be representative to compare prediction pipelines analyzing different tumor 
types. This might particularly apply to tumors with highly different tumor mutational burden (TMB) 
levels, which are, in turn, supposed to directly correlate with detectable TIL numbers 282. Generally, 
high-TMB tumors are found across nearly all malignancies but corresponding frequencies might be 
highly variable among both patient cohorts and cancer types. Cancer types known to have significant 
mutagen exposure, such as lung cancers (median TMB 7.2 mutations/Mb) or melanomas (median 13.5 
mutations/Mb), typically exhibit higher TMB levels than others, including pediatric malignancies 
(median 1.7 mutations/Mb) or bone marrow myelodysplastic syndromes (median 0.8 mutations/Mb) 283. 
Hence, NSCLCs analyzed during the current study, as well as metastatic melanomas analyzed by Pasetto 
and colleagues, can certainly be considered as high-TMB malignancies, thereby potentially accounting 
for high numbers of tumor-specific mutations. 

When comparing the three patients analyzed during this study, combined WES and RNA-Seq of P18 
tumor and normal lung tissues revealed 159 non-synonymous tumor-specific variants (before manual 
curation) also present (RPKM ≥0.5) in the corresponding tumor transcriptome data (Figure 3.2.4). In 
contrast, 3,169 (P43) and 2,626 (P50) non-synonymous tumor-specific mutations were identified when 
analyzing respective P43- and P50-derived exome and transcriptome data (Figures 3.3.4 and 3.3.5), 
thereby indicating substantial TMB differences between the three analyzed tumors. Although using 
different parameters and predictions strategies for the identification of those mutations, this data is 
consistent with mutational burdens detected in the Pasetto study, where the analysis of 11 metastatic 
melanoma exomes revealed non-synonymous tumor mutation levels (3 exome variant reads, 8% variant 
allele fraction in the exome, 10 reads in the matched normal sample) ranging between 159 and 3,976 
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variants per patient 215. Furthermore, the results presented in the current study are highly comparable to 
data generated in a previous project conducted by the Wölfel group, which identified 2,099 to 3,108 
tumor-specific mutations in exomes of 4 different melanoma cell lines by applying a very similar WES 
approach 226. However, in contrast to the other studies, non-synonymous tumor-specific mutation levels 
reported for P18, P43, and P50 exclusively represented variations that were also found (RPKM ≥0.5) in 
the corresponding donor-matched tumor transcriptome data. When also considering that melanomas 
typically tend to have higher TMBs than NSCLCs 283, it can be assumed that the NGS pipeline used in 
the current study represents a very promising approach for the efficient identification of mRNA-
expressed non-synonymous tumor mutations in individual cancer patients.  

Furthermore, high numbers of MHC class I-restricted neoantigens are typically associated with 
increased anti-tumor activity and are therefore considered potent drivers for cytotoxic T cell responses 
284. Since neoantigens arise from tumor-specific mutations, high-TMB cancers generally provide greater 
chances to exhibit immunogenic neoantigens resulting in T cell-mediated cancer recognition and 
eradication 285. Therefore, the neoepitope prediction pipeline applied during this study might particularly 
be suitable for analyzing hot tumors with increased TIL numbers and high levels of non-synonymous 
mutations. Since tumors of NSCLC patients with smoking history typically exhibit rather high mutation 
rates 286, they were perfectly suitable for conducting this proof-of-concept study. Moreover, immune 
checkpoint blockade with monoclonal antibodies seems especially effective for the treatment of high-
TMB cancers with elevated neoantigen loads 287. Hence, a combination of tumor-specific cell therapies 
and immune checkpoint inhibition (ICI) could eventually represent a promising treatment strategy for 
all three patients, but especially for P43 and P50 exhibiting even higher TMB levels and potential 
neoantigen loads than P18. By facilitating the activation of neoantigen-specific T cells, ICI could 
circumvent T cell suppression within a patient’s TME, thereby promoting immune cell-mediated tumor 
eradication 245. 

In addition to the prediction of personalized neoantigen candidates and the identification of potentially 
tumor-specific TCRs, applying a reliable in vitro readout test was essential to finally verify TAA and 
neoantigen reactivities of generated TCR-T cells. While the current study used IFN-γ secretion as 
marker for T cell recognition, Passetto and colleagues assessed CD137 (4-1BB) expression to measure 
target recognition by transduced TCR-T cells 215. Regardless of produced effector cytokines or the 
differentiation stage of the cell, CD137 expression is uniformly up-regulated in CD8+ T cells approx. 
24 h after stimulation but is absent in non-stimulated CD8+ lymphocytes 215,288. Therefore, CD137 
expression can be used to identify CD8+ T cells that have recently been activated via TCR engagement 
and signaling, thereby representing a suitable marker for the identification of tumor-reactive TILs and 
neoantigen-specific T cell populations 231. Generally, CD137 expression seems to correlate with IFN-γ 
and TNF-α cytokine production in activated T cells 288. However, since there are T cells that upregulate 
CD137 expression but do not secrete IFN-γ 289, a significant portion of tumor-reactive T cells might be 
missed when exclusively assessing IFN-γ release 288. Hence, also considering expression levels of 
additional T cell activation markers such as CD137 might offer the opportunity to further increase the 
efficiency of the applied strategy aiming at the reliable verification of tumor-reactive T cells in vitro. 
Ultimately, steady optimization of the conducted in vitro readout assays could significantly contribute 
to gradually reduce the overall error-proneness of the applied pipeline to a level where the necessity of 
identifying actual target neoantigens before adoptive cell therapy (ACT) might be obsolete, thereby also 
bypassing labor-intensive HLA binding predictions and extensive neoantigen candidate screening 
experiments 215,231. 

4.6 KRASQ61H as a potent target for T cell-based immunotherapies 

The RAS family is a group of small GTPases hydrolyzing guanosine triphosphate (GTP) to convert cell 
surface receptor stimulation into downstream signaling necessary for cell proliferation and survival 193. 
Due to alternative exon 4 splicing, the three genes of the RAS family (KRAS, NRAS, HRAS) encode 4 
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highly similar RAS protein isoforms with highly related structural characteristics, biochemical 
properties, and shared overall amino acid identities of 82-90%. More precisely, amino acid sequences 
of all isoforms are identical at the N-terminus of their G domain (AA 1-86) while exhibiting 82% 
sequence similarity within residues 87-166 and rather low conformity in C-terminal hypervariable 
regions (AA 167-188/189) 290. Members of the RAS family are amongst the most frequent oncogenes 
with RAS point mutations occurring in up to 30% of all sequenced cancers. Regarding protein variability, 
KRAS is the most frequently mutated protein in human cancers, followed by NRAS and HRAS 291. 
While KRAS mutations account for up to 86% of all found RAS mutations, NRAS and HRAS represent 
about 11% and 3% of all detected variants, respectively 196,290. Moreover, there are cancer-specific 
mutational profiles of RAS isoforms, thereby suggesting tissue-distinct roles of RAS proteins in driving 
oncogenesis. For example, KRAS is the only isoform to be mutated in pancreatic ductal adenocarcinoma 
while also accounting for up to 86% and 96% of RAS mutations found in colorectal adenocarcinoma 
and lung adenocarcinoma, respectively. In contrast, NRAS is the predominant isoform mutated in 
cutaneous melanoma while mutated HRAS is most common in head and neck squamous cell   
carcinomas 290. 

During this project, three different TCRs (TCRs 28.1, 55.1, 73.1), which had initially been cloned from 
heterogenous TIL populations of lung adenocarcinoma patient P18, were demonstrated to recognize a 
p.Q61H-mutated KRAS 10-mer peptide (ILDTAGHEEY; mutated AA highlighted) via HLA-A*01:01 
with no substantial reactivity against wild-type KRAS. Here, the KRASQ61H recognition was 
demonstrated by using (i) K562 targets pulsed with mutated 10-mer peptides (see Figure 3.2.6), (ii) 
mutant cDNA-transfected HEK 293T cells (see Figure 3.2.8), and (iii) via the KRASQ61H-positive lung 
cancer cell line NCI-H460 (see Figure 3.2.10). However, since allogenic T cells were used for target 
recognition testing and although a CRISPR/Cas9-based knock-out of endogenous TCR expression was 
performed before introducing the P18 TCRs, the final proof that the observed T cell activation was 
actually due to the specific recognition of the KRASQ61H neoantigen was still pending. Hence, a 
CRISPR/Cas9-based knock-in (KI) approach was used to replace the p.Q61H mutation with one 
(p.Q61R) of three (p.Q61K; p.Q61L; p.Q61R) non-recognized KRAS variations (see Figure 3.2.8) in 
HLA-A*01:01+ NCI-H460 lung cancer cells. The lacking recognition of CRISPR/Cas9-treated NCI-
H460 cells by P18 TCR-T cell populations (Figure 3.2.14) clearly verified the KRASQ61H neopeptide as 
the specific target antigen recognized by all three TCRs. Moreover, by assessing the functional avidity 
of P18 TCR-transduced CD4+ and CD8+ effector populations, it was found that, depending on the 
introduced TCR, both T cell subsets specifically recognized the KRASQ61H neopeptide (see section 3.2).  

The target recognition mediated by P18 TCR 55.1 seemed less dependent on CD8+ coreceptor 
expression than T cell activations induced by TCRs 28.1 and 73.1, which might be suitable in the context 
of future immunotherapies: As target antigen-specific CD4+ T cells can either execute direct effector 
functions or support the proliferation and survival of CD8+ effector cells, injection of CD4+ and CD8+ 
TCR-T cells targeting the same antigen might produce synergistic effects potentially resulting in the 
complete eradication of malignant cells 292. However, when compared to CD8+ TCR-T cells, less IFN-
γ secretion was generally observed in transgenic CD4+ effectors. In addition, when co-incubated with 
KRASQ61H-positive target cells, upregulation of the degranulation marker CD107a was weaker in CD4+ 
TCR-T cells than in corresponding CD8+ effector populations. The overall degranulation capacity 
seemed elevated in transgenic CD8+ lymphocytes expressing TCRs 28.1 and 73.1, respectively (Figure 
3.2.11). Also, overall T cell activation of TCR 73.1-expressing effectors seemed slightly increased when 
comparing IFN-γ secretion capacities of P18 TCR-transduced T cell populations generated from 
identical healthy donor lymphocytes, thereby indicating a particularly high functional avidity of TCR 
73.1-transduced effectors. Nevertheless, whether and to which extent minor differences in CD8 
coreceptor dependence or functional avidity of transgenic T cells might actually affect the suitability of 
P18 TCR candidates for future immunotherapies is highly speculative and requires dedicated studies to 
assess TCR-T cell performances in vivo.  
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In general, KRAS mutations are commonly found (ca. 98% of all KRAS mutations) at three hotspot 
positions (codons 12, 13 and 61) with multiple substitutions occurring at each of the corresponding 
amino acids. With variations at amino acid positions 12 and 13 being predominant across all KRAS 
mutations 4,293,294, the p.Q61H mutation is less frequent and only accounts for approx. 2% of all detected 
KRAS mutations 290,293. Assessing overall RAS codon variation frequencies revealed distinctive mutation 
signatures for every isoform, respectively. For example, the KRAS gene is commonly mutated at codon 
12 (ca. 80% of all mutations) whereas very few mutations are observed at codon 61. In contrast, up to 
60% of NRAS-mutated tumors harbor mutations at codon 61 and only approx. 35% exhibit variations at 
codons 12 or 13. Moreover, HRAS-mutated tumors show a rather balanced ratio between variations 
found at codons 12 and 61, respectively. Depending on the reference used, codon 12 mutations are 
thought to account for approx. 35-50% of all HRAS variants while codon 61 variation frequencies are 
assumed to range between 34% and 40%. In contrast to RAS codons 12 and 61, codon 13 mutation 
frequencies (roughly 12-27%; depending on the reference used) are more comparable across all three 
isoforms 196,295.  

According to the AACR Project GENIE Consortium, an international data-sharing consortium focused 
on the integration of genomic data from thousands of cancer patients, KRASQ61H is the most prevalent 
mutation occurring at codon 61, thus being found in approx. 1% of all colorectal adenocarcinomas, 
approx. 1.2% of all non-small cell lung carcinomas, ca. 5% of pancreatic ductal adenocarcinomas, and 
roughly 0.6% of all malignant solid tumors 296,297. Here, somatic missense mutations at KRAS amino 
acid 61 facilitate the perturbation of the intrinsic GTPase activity of the KRAS protein, thereby resulting 
in reduced GTP hydrolysis capacities and permanent activation of the RAS molecule. Moreover, 
oncogenic KRAS mutations were found to perturb multiple biochemical cell pathways, such as MAPK, 
PIK3K/AKT, NORE1/RASSF1, JAK/STAT3, and many more. Therefore, mutated KRAS proteins 
potentially increase cell proliferation and survival while simultaneously deregulating apoptosis, growth 
arrest, and cell differentiation 298. Generally, there are 6 single-base missense mutations at KRAS codon 
61, with p.Q61H (approx. 57%) and p.Q61K/L/R (collectively approx. 40%) being most frequent across 
all human cancers. In contrast, p.Q61P and p.Q61E mutations are the rarest and account for approx. 1-
2% of codon 61 variations, respectively. While p.Q61H is predominant at KRAS residue 61, it is rather 
rare in both NRAS (ca. 6%) and HRAS (ca. 5%). Moreover, p.Q61R is most common among NRAS 
and HRAS mutations observed at amino acid position 61 and accounts for approx. 47% (NRAS) and 
43% (HRAS) of all codon 61 mutations, respectively 290,299,300. To be able to assess the number of 
potentially treatable cancer patients as accurately as possible, all P18 TCRs were additionally tested for 
potential cross-reactivities against p.Q61K-, p.Q61L-, and p.Q61R-derived neopeptides. However, none 
of the three P18 TCRs recognized one of the alternative KRAS mutations at all (Figure 3.2.8). 

As previously reported by Pearlman and colleagues, the p.Q61R mutation can be found across all three 
RAS isoforms and encodes an HLA-A*01:01-presented 10-mer peptide (ILDTAGREEY; mutated AA 
highlighted) representing one of the top 10 public target neoantigens for future cancer immunotherapy 
approaches. Furthermore, the presenting HLA allele, HLA-A*01:01, is among the top 10 most frequent 
HLA class I alleles in the US (approx. 23.6%). By considering both HLA-A*01:01 expression and 
p.Q61R frequency, Pearlman et al. estimated the theoretical frequency of patients for whom neoantigen-
specific T cell immunotherapy could be considered: Depending on HLA-A*01:01 expression, the 
p.Q61R-derived neoantigen is assumed to be found in approx. 2.9% of melanoma patients and in approx. 
0.4% of patients suffering from one of the 12 most common solid tumors in the US. In turn, this 
estimation results in up to 2900 HLA-matched melanoma patients and, when only referring to the 12 
most common solid tumor types, a total of approx. 5000 new US patients per year that carry the p.Q61R-
mutated RAS neoantigen 4. Since the top 5 RAS variations (p.G12D, p.G12V, p.G12C, p.G13D, 
p.Q61R) account for approx. 70% of all RAS mutations 301, an even lower frequency can be assumed 
for HLA-A*01:01+ cancer patients carrying the p.Q61H neoantigen mutation. 

While overall mutation frequency and HLA occurrence define the number of potentially treatable 
patients, efficient peptide processing is essential for proper neoantigen presentation and subsequent T 
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cell recognition. However, direct experimental demonstration of proper processing and HLA binding of 
cancer-derived peptides is often challenging. Wang and colleagues recently analyzed common mutation-
associated neoantigens (MANAs) by co-transfecting COS-7 cells with HLA alleles as well as oncogenes 
predicted to generate MANAs with the potential to be presented by the respective HLAs. By inducing 
heavy isotype labelling, they were able to quantify the MANA abundance (femtomole/ml) and 
corresponding MANA copy numbers per transfected cell. When compared to respective presentations 
of MANA peptides from rather common KRAS mutations p.G12C, p.G12D, p.G13D, p.Q61L, or 
p.Q61R, they found that the p.Q61H-derived RAS 10-mer peptide (ILDTAGHEEY; mutated AA 
highlighted) was most abundant on transfected cells. Co-transfection with HLA-A*01:01 and KRAS 
oncogenes resulted in substantially higher levels of presented p.Q61H 10-mer peptides than p.Q61R 
neopeptides (583 vs. 127 copies per transfected cell) 302. With similar amounts of transfected cDNA, 
those experiments indicated that the processing and/or presentation of the p.Q61H-derived neopeptide 
might be more efficient than for other KRAS mutations. However, since peptide processing and 
presentation may be different among target cells, the extent to which those results also correlate with 
actual peptide processing and presentation efficiencies in human cancer remains a matter of debate.  

By equipping cancerous cells with highly transforming potentials, activating KRAS hotspot mutations 
are considered major genetic drivers of aggressive tumors 299,303. Hence, since genetic drivers are 
essential for tumor establishment, they are likely to be clonally expressed in all tumor cells of a particular 
patient 304. In addition, KRASQ61H was shown to provide resistance to therapeutic strategies aiming at 
the treatment of cancers driven by major oncogenic KRAS mutations at codon 12, such as SHP2 
inhibitors and p.G12C inhibitors (sotorasib, adagrasib) 198,297. Targeting KRASQ61H with T cell-based 
immunotherapies could therefore represent a unique chance to simultaneously target virtually all tumor 
cells of malignancies with intact MHC class I antigen presentation, which might especially be beneficial 
for patients that are already excluded from pre-existing treatment strategies. When also considering the 
severe oncogenic properties of RAS gene mutants in various cancer types 298, KRASQ61H represents a 
very attractive target neoantigen for the development of novel TCR-T cell treatment strategies in both 
fundamental research and pharmaceutical industry. Moreover, targeting public neoantigens, including 
mutated RAS isoform-derived peptides, generally provides the chance to circumvent many limitations 
inherent to personalized immunotherapy approaches, such as the logistical and financial challenges of 
producing individual therapies for every patient 4. 

When compared to CAR-T cell therapy, TCR-T cell approaches enable the targeting of HLA-presented 
neoantigens or cancer germline antigens derived from any cellular compartment. Furthermore, they 
might generally induce less side effects while being considerably more sensitive to low target antigen 
concentrations 305,306. Hence, TCRs can not only target membrane associated proteins, which collectively 
represent approx. 27% of the human proteome, but also intracellular targets like cytoplasmic peptides 
or nuclear proteins. Thus, TCR-T cells detect a broader universe of targets with high sensitivity, 
including neoantigens, cancer germline antigens, or viral oncoproteins 307. By combining lower overall 
target binding affinity with high functional avidity, TCR-transduced T cells are capable to serially scan 
and efficiently kill multiple tumor cells while maintaining persistence and exhibiting physiological 
signaling 308. Unlike CAR-T cells, TCR-immunotherapy employs the natural TCR to target tumor 
antigens, thereby underlying a more selective and regulated recognition process with less risk of 
excessive activation and cytokine release 309. Moreover, using natural TCRs for therapeutic applications 
can be considered rather safe, especially when cloning tumor-specific TCRs from autologous TIL 
clonotypes which have previously passed thymic selection without inducing apparent adverse effects in 
vivo. 

Douglass and colleagues recently developed a special type of bispecific antibodies, the so called single-
chain diabodies, that are capable to induce T cell activation as well as killing of cancer cells when 
exhibiting endogenous levels of recurrent RAS mutations (p.G12V, p.Q61H/L/R) together with HLA-
A*03:01 or HLA-A*01:01 expression 310. However, to our knowledge, a patient-derived TCR 
specifically recognizing the KRASQ61H-derived target peptide (ILDTAGHEEY; mutated AA 
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highlighted) in the context of HLA-A*01:01 has not yet been identified. However, Rosenberg and 
colleagues identified various KRAS neoantigen-specific TCRs and their cognate HLA restrictions: By 
using TIL screenings and in vitro stimulation approaches, they verified 10 TCRs in 7 different cancer 
patients, each of which recognized one of two KRAS hotspot mutations (p.G12V, p.G12D) via differing 
HLA class I alleles. Furthermore, they identified 13 HLA II-restricted TCRs that recognized KRAS 
neoepitopes either derived from codon 12 or codon 13 hotspot mutations. When considering overall 
RAS mutation frequencies and corresponding HLA allele occurrence, they claim that approx. 45% of 
the Caucasian and about 60% of the Asian US population could potentially benefit from future therapies 
designed to harness RAS mutation-specific TCRs identified by the Rosenberg group 304. Since they are 
currently attempting to identify even more of those TCRs, the p.Q61H-reactive TCRs identified in the 
current study could substantially contribute to enlarge the population of cancer patients that could, in 
theory, be treated with RAS neoantigen-specific TCRs. 

4.7 In silico TCR clustering: A potent strategy for the identification of tumor-
reactive TCRs with shared antigen specificities  

It is assumed that hundreds or even more distinct TCRs could be able to specifically recognize common 
immunodominant target antigens such as viral epitopes 217. Common virus-specific TCRs with highly 
related CDR3 sequences were previously found in patient-derived T cell populations exhibiting shared 
antigen specificities 218. There is some evidence that this might also be true for T cell clonotypes 
specifically recognizing identical TSAs or TAAs, thereby potentially driving cancer immunity 304,311,312. 
For example, the Rosenberg group recently identified distinct T cell clonotypes with consistent CDR3 
alpha or beta motif sequences in different cancer patients, thereby revealing highly similar TCRs 
specifically recognizing neoantigen peptides derived from different KRAS mutations at amino acid 
positions 12 and 13 223,304,313. This is convergent with the data generated during the current study where 
three neoantigen-specific TCRs were identified that specifically recognized a p.Q61H-mutated KRAS 
10-mer epitope via HLA-A*01:01. All three TCRs were cloned from tumor-enriched TIL populations 
of a single NSCLC patient (P18) and were found to share very similar TCR alpha and beta chain amino 
acid sequences, with two even sharing identical alpha chains (Figure 3.2.1 C).  

The TCR-mediated recognition of MHC-presented peptides is mainly facilitated by three 
complementarity-determining regions (CDRs) present in each of the two TCR chains. While respective 
CDR1 and CDR2 regions of the TCR contact the MHC molecule, the hypervariable CDR3 domains 
mainly contact the MHC-bound peptide 314. Hence, minimal changes in CDR3 regions can dramatically 
alter the antigen specificity pattern of a particular TCR, even to the point of entirely abrogated 
recognition 315. When pre-selected against a single peptide, Glanville and colleagues found that antigen-
specific TCR pools were enriched for very similar CDR3 sequences not differing in more than 2-4 AAs 
on average. Based on their findings, they established the GLIPH (grouping lymphocyte interactions by 
paratope hotspots) algorithm to organize TCR sequences into distinct clusters with shared specificities 
across a group of individuals. Here, they assessed additional attributes, such as global TCR sequence 
similarity, structural peptide antigen contact propensity, CDR3 length, and shared HLA alleles, among 
TCR contributors to analyze T cell responses independently of knowing the actual epitope specificities 
or MHC restrictions 316. However, GLIPH and comparable public algorithms exclusively focus on 
TRBV-CDR3 sequences. Hence, HSD established a bioinformatic pipeline to detect potential CDR3 
sequence similarities between paired TRAV/TRBV-CDR3 domains included in the HSD sequencing 
database comprising >600,000 TCRs from approx. 60 NSCLC patients. To identify target antigen 
candidates potentially recognized by highly related TCRs, referred to as TCR clusters, HSD also 
included TCRs of known antigen specificity that had previously been obtained from databases like 
VDJdb and McPAS-TCR (see Table 5.8).  

Hence, HSD identified a promising TCR cluster, referred to as cluster C, consisting of 6 TCRs (C-TCRs) 
with shared TRAV- and TRBV-CDR3 regions only differing in a maximum of 3 amino acids, 
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respectively. Interestingly, one of those C-TCRs (TCR 75) was previously selected as potentially tumor-
specific in patient P43 and had therefore already been used for extensive neoantigen screenings (see 
section 3.3). Since previous TCR 75 recognition testing approaches were not successful, the TCR 
clustering approach represented an alternative strategy to identify potential target antigen candidates for 
this receptor. Moreover, since all 4 TCR cluster C patients shared HLA-B*08:01 and HLA-C*07:01 
alleles, all upcoming antigen screening approaches exclusively focused on HLA-B*08:01- and HLA-
C*07:01-presented peptide candidates. By testing various lung cancer cell lines, similar recognition 
patterns were verified for all C-TCRs, each of which mediated the recognition of the HLA-
B*08:01+/C*07:01+ squamous cell carcinoma cell line NCI-H1703 (Figure 3.4.3). Moreover, C-TCR 
75 specifically recognized various EBV+ melanoma patient-derived B cell lines but not the 
corresponding non-infected tumor cells (Figure 3.4.2 B). Since HLA-B*08:01+ K562 but not HLA-
C*07:01+ or non-transduced K562 cells were recognized by all C-TCR+ effectors (Figure 3.4.3), it was 
concluded that the observed tumor cell recognition was most likely dependent on HLA-B*08:01 
expression. However, no HLA allele, not even HLA-B*08:01, was shared across all recognized target 
cells (see Table 5.1 for respective HLA-I genotypes). 

It was therefore assumed that the corresponding target peptide might either be presented by more than 
one MHC molecule or by non-classical HLAs shared by all recognized cell lines, such as HLA-E, HLA-
F, or HLA-G. In contrast to other non-classical HLA class I molecules, HLA-E is transcribed in most 
human tissues and cell lines, although at lower levels than highly polymorphic classical MHC molecules 
317,318. A total of 27 HLA-E alleles have been reported to date, most of which are rather rare or encode 
non-functional proteins. However, two HLA-E alleles, namely HLA-E*01:01 and HLA-E*01:03, are 
predominant in the human population while only differing in a single amino acid at position 107 319. 
When compared to HLA-E*01:01, normal cells usually express significantly higher levels of HLA-
E*01:03, which binds available peptides with higher affinity and tends to form more stable HLA-peptide 
complexes 318. Under normal conditions, HLA-E proteins almost exclusively bind a limited set of 9-mer 
peptides derived from leader peptides of classical HLA proteins. However, HLA-E expression can often 
be detected under pathologic conditions, such as lymphomas, colon cancers, melanomas, and 
autoimmune diseases. Besides of binding heat shock protein-derived peptides under cell stress, HLA-E 
is also able to present pathogen-specific peptides either arising from bacteria or viruses such as EBV 
318,320. 

Potent CD8+ T cell responses against an HLA-E-presented target peptide derived from the EBV 
transcription factor BZLF1 were previously verified across large patient cohorts 321. When compared to 
other non-classical HLA class I molecules, databases like IEDB (see Table 5.8) list plenty of EBV-
derived peptides predicted to bind HLA-E*01:01 or HLA-E*01:03, thereby indicating HLA-E as a 
potent contributor to EBV-directed immune responses 321. Hence, the non-recognized (Figure 3.4.2 B), 
EBV-transformed, and HLA class I-negative B-lymphoblastoid cell line L721.221 322 was individually 
transfected with one of both HLA-E alleles to further analyze the MHC restriction of C-TCRs. However, 
HLA-E transfection did not affect the observed target cell recognition at all (data not shown), thereby 
indicating that cluster C TCR-mediated target recognition is not dependent on the expression of HLA-
E*01:01 or HLA-E*01:03, respectively. According to databases like IEDB, HLA-E was the only MHC 
class Ib molecule predicted to bind any EBV-derived peptides. While HLA-F appears to be strongly 
involved in the HIV immune response 323, HLA-G isoforms are supposed to have immunosuppressive 
properties by interacting with various inhibitory receptors, thereby hampering activities of cytolytic NK 
cells, CD8+ cytotoxic T cells, cytotoxic macrophages, allo-proliferative CD4+ T cells, and DCs 324. It 
was therefore decided to not further assess the roles of non-classical HLA alleles other than HLA-
E*01:01 and E*01:03.  

Another possible explanation for the observed C-TCR recognition pattern is that those receptors might 
recognize a target peptide which is canonically bound and presented by different MHC proteins. The 
phenomenon of overlapping binding specificities between HLA molecules was mainly reported for 
MHC proteins sharing similar binding motives, thereby being assigned to the same HLA supertype 325–
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328. However, few studies also indicate shared antigen binding specificities across HLA supertypes and 
even across HLA loci 329,330. For instance, Frahm and colleagues demonstrated a total of 117 different 
HIV- and 49 EBV-derived CTL epitopes to be recognized in the context of at least three different HLA 
class I alleles. They thereby demonstrated that promiscuous presentation of epitopes is not only 
restricted to few highly related HLA alleles but might rather be a widespread phenomenon 331. While a 
more recent study conducted by Rao et al. indicates promiscuous MHC binding for more than 60% of 
all HIV- and EBV-derived HLA ligands 332, the extent to which this phenomenon also applies to MHC-
dependent neopeptide presentation remains elusive. Nevertheless, it is widely accepted that TCRs can 
bind more than one peptide and that some tumor-enriched TCRs cross-react with pathogen-derived 
antigens, such as EBV peptides 220. It could therefore be possible that C-TCRs specifically recognize an 
HLA-B*08:01-restricted tumor peptide in NCI-H1703 and K562 cells while, due to cross-reactivity, 
simultaneously binding an EBV-specific peptide that is presented by different MHC proteins. However, 
this hypothesis is highly speculative since none of those potentially recognized antigen peptides were 
identified during this study. Future cDNA library screenings could be used to further analyze the antigen 
specificity of C-TCRs and could finally verify that the applied clustering approach successfully grouped 
those TCRs based on similar antigen specificities.  

Besides of the TCRs included in cluster C, an additional specificity cluster, referred to as TCR cluster 
G, of highly related TCRs was analyzed during this study. Cluster G comprised three NSCLC patients 
and a total 6 TCRs (G-TCRs), each of which shared TRAV- as well as TRBV-CDR3 regions not 
differing in more than one amino acid, respectively (Figure 3.4.6). Interestingly, CDR3 regions identical 
to two G-TCRs (TCRs 5094 and 1702) had previously been found by the group of Mark M. Davis 
(Stanford University, USA) via their GLIPH2 (Grouping of Lymphocyte Interactions with Paratope 
Hotspots version 2) algorithm aiming at the identification of TCRs with a shared antigen specificity. 
While analyzing 435 tumor-enriched specificity groups, they identified three different TCRs (TCRs 2, 
18, 19) exhibiting a dedicated S%DGMNTE (% symbol referring to any possible AA) TRBV-CDR3 
motif as well as a shared TRAV-CDR3 region (CAVLMDSNYQLIW), both of which are also present 
in most cluster G TCRs (Figure 3.4.6). Notably, while no identical G-TCR counterpart was identified 
for Stanford TCR 2, identical TRAV/TRBV-CDR3 sequences were found in Stanford TCR 18 and G-
TCR 5094, as well as in Stanford TCR 19 and G-TCR 1702. Moreover, they demonstrated the three 
TCRs to bind an HLA-A*02:01-presented human antigen as well as epitopes arising from two common 
pathogens. More precisely, the three Stanford TCRs specifically recognized 9-mer peptides derived from 
the E. coli enterobactin exporter EntS9 (LLGGLLTMV), the latent membrane protein 2a from EBV 
(CLGGLLTMV), and the mammalian NSCLC TAA TMEM161A (ALGGLLTPL) 220. 

The discovery made by the Davis group provided the unique chance of verifying the efficiency of the 
TCR clustering pipeline applied by HSD. Hence, TCR cluster G was used as a control for the performed 
in silico approach aiming at the identification of TCRs with shared antigen specificities. For this 
purpose, all G-TCRs were analyzed for the recognition of the 9-mer epitopes previously published by 
the Davis group. As a result, it was demonstrated that all G-TCRs shared identical peptide specificities 
and recognized the exact antigen epitopes previously reported for Stanford TCRs 2, 18, and 19 220. 
Consistent with their data, TMEM161A was found to be the weakest stimulator when compared to 
pathogen-derived EntS and LMP2 9-mer peptides (Figure 3.4.8). Moreover, G-TCR+ effector 
populations simultaneously recognized HLA-A*02:01+ K562 cells as well as several, but not all, HLA-
A*02:01+ NSCLC cell lines (MZ-LC-16, NCI-H1703, NCI-H1792) with differing levels of reactivity 
(Figure 3.4.7). Since K562 is an EBV-negative human malignant myeloid cell line 333 and E. coli is not 
considered a classical respiratory antigen 334,335, these results indicate a broad expression of the non-
mutated TAA TMEM161A not only in NSCLC but across various cancer cell lines. The latter is also 
consistent with the TMEM161A transcript expression data available in public database like The human 
Protein Atlas (see Table 5.8). Furthermore, RNA-Seq analyses of the recognized NSCLC cell lines did 
not reveal any EBV-transcripts at all (data not shown), thereby excluding the possibility that the EBV-
peptide is responsible for the detected recognition of tumor cells. 
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Interestingly, the recognition of TAP-deficient T2 (HLA-A*02:01+) cells (Figure 3.4.7) suggested that 
at least one of the three recognized antigens might be presented independently from TAP peptide 
transporters. In fact, it was already shown in 1996 that the EBV-derived LMP2A 9-mer peptide 
(CLGGLLTMV) can be processed and presented through an alternative TAP-independent pathway and 
that LMP2A-specific CTL clones were able to efficiently recognize this epitope on TAP-deficient target 
cells in the context of HLA-A*02 336. It was therefore assumed that G-TCR+ effectors specifically 
recognized EBV-positive T2 cells due to the TAP-independent presentation of the LMP2A-derived 9-
mer target peptide (CLGGLLTMV). In contrast, as described the previous paragraph, the recognition of 
all other tumor cell lines might rather be dependent on the presentation of the TMEM161A-derived 
target epitope (ALGGLLTPL). Therefore, the conducted study not only demonstrated the power of the 
applied approach to cluster TCRs of concurring antigen specificity based on shared CDR3 amino acid 
sequences, but also identified additional TCRs specifically recognizing the TAA TMEM161A.  

By validating the antigen specificities of analyzed cluster G TCRs, this study facilitated the 
identification of additional TAA (TMEM161A) epitope-specific TCRs that are cross-reactive towards 
two pathogen-derived antigens. Together with the data published by the Davis group, these results 
support the assumption that T cell specificities for TAAs and pathogen-derived antigens are not mutually 
exclusive 220. While often being referred to as pathogen-primed and tumor-unreactive bystander T cells, 
it is still unclear what roles these cross-reactive T cells might play in anti-tumoral immune responses 
and to which extent they are able to control tumor growth in humans 337,338. Recent studies indicate that 
pathogens like EBV and influenza viruses can induce anti-tumor T cell responses against abnormally 
expressed cellular antigens functioning as TAAs 339,340. Hence, despite having rather weak reactivities 
towards non-mutated TAAs, those cross-reactive T cells might play a crucial role in controlling cancer 
progression. This might especially be true for settings in which the anti-tumor response is unleashed due 
to checkpoint inhibition. Nevertheless, additional studies are needed to assess the causal relationships 
between microbe/TAA-cross-reactive T cells and clinical benefits potentially achieved upon checkpoint 
inhibition 220. 

  



Materials 

82 

5) Materials 

5.1 Cells and bacteria 

K562 

The K562 cell line was initially obtained from a patient suffering from chronic myelogenous leukemia 
(CML) in blast crisis. Due to their low levels of differentiation, the nature of K562 cells cannot be stated 
certainly. However, some characteristics indicate a non-lymphoid origin. In contrast, the cell line 
exhibits some T cell properties and basically no B lymphocyte features. K562 cells were found to be 
rounded, smooth, and apparently exhibit small numbers of short microvilli resembling to 
undifferentiated leukemic cells 341. In the current study, K562 was used as a target cell line in the context 
of IFN-γ ELISpot assays. Hence, K562 cells were used for retroviral transductions with patient-specific 
HLA expression constructs and were subsequently pulsed with synthesized neoantigen peptides. 
Inherent K562 HLA haplotypes are listed in Table 5.1. 

HEK 293T 

HEK (Human embryonic kidney) 293 cells were established by transforming HEK cells via exposure to 
sheared fragments of adenovirus type 5 DNA. The resulting and loosely adherent HEK 293 cell line 
grossly exhibited epithelioid characteristics, swollen nuclei, and tended to grow in clumps after reaching 
confluency 342. In contrast, the HEK 293T cell line was established by transfecting HEK 293 cells with 
the SV40 large T-antigen required for the replication of SV40 origin-containing plasmids 343. The HEK 
293T cells used for the current study had kindly been provided by  (The University of 
California, Berkeley, USA) and were used to assess TCR target antigen specificities. Here, HEK 293T 
cells were used as target cells in IFN-γ ELISpot assays. Hence, HEK 293T were transiently co-
transfected with cDNA expression constructs encoding patient-specific HLA alleles, cancer germline 
antigens, and other putative neoantigens. Inherent HEK 293T HLA haplotypes are listed in Table 5.1. 

Phoenix-Ampho 

The Phoenix-Ampho retroviral packing cell line was used for the rapid generation of recombinant 
retroviral particles utilized for the transduction of dividing target cells. The Phoenix-Ampho cell line 
had initially been generated by stably transfecting HEK 293T cells with expression constructs encoding 
retroviral gag (group-specific antigen), pol (polymerase), and amphotropic env (envelope) proteins 344. 
For this study, a transient three-plasmid expression system was used to optimize the production of 
retroviral particles by Phoenix-Ampho cells. Hence, Phoenix-Ampho cells were co-transfected with two 
vectors encoding gag-pol genes of the murine leukemia virus (MLV) and gibbon ape leukemia virus-
derived envelope proteins 345,346. Phoenix-Ampho cells had kindly been provided by  

 (University Medical Center Mainz, Mainz, Germany). 

Human T cells 

Primary human T cells were isolated from healthy donor buffy coat (BCs) samples kindly provided by 
(Transfusion Center of the University Medical Center Mainz, Mainz, Germany). BCs 

are leukocyte concentrates generated as a byproduct during the manufacturing process of red blood cell 
and platelet concentrates from whole blood donations. Magnetic activated cell sorting (MACS) was used 
to isolate CD4+ and CD8+ T cells from buffy coat samples. Purified T cells were eventually used for 
the CRISPR/Cas9-mediated KO of their endogenous TCR expression and subsequent retroviral 
transduction with exogenous TCR expression constructs, thereby establishing TCR-transgenic T cell 
populations expressing potentially tumor-reactive TCRs. 
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5.3 Molecular compositions of buffers, chemical solutions, and cell culture media 

Acetate buffer 
Acetic acid (0.2 N)  4.6 ml 
Sodium acetate (0.2 N)  11 ml 
d.H2O    46.9 ml 
 

Acetic acid (0.2 N) 
Acetic acid (96%)  11.3 g 
d.H2O    ad. 1 l 
 

Panserin 413 complete T cell medium 
10% Human serum (heat-inactivated, pool obtained from healthy donors) 
1% Penicillin-Streptomycin  
 

Avidin-peroxidase complex (10 ml is sufficient for 1 MultiScreen Filterplate) 
10 ml PBS (1x) 
0.1% Tween® 20 
1 drop of solution A: ABC Kit 
1 drop of solution B: ABC Kit  
 

DMEM complete Phoenix-Ampho medium 
2 mM L-Glutamine 
25 mM HEPES 
1% Penicillin-Streptomycin  
10% FCS (heat-inactivated) 
 

ELISpot buffer 
NaHCO3   2.9 g 
Na2CO3    1.6 g 
NaN3    0.2% (w/v) 
d.H2O    ad. 1 l 
 

ELISpot wash solution 
0.05% Tween 20 
in PBS (1x) 
 

Erythrocyte lysis buffer (pH = 7.3) 
NH4Cl    8.29 g 
KHCO3    1 g 
EDTA    0.0372 g 
H2O    ad. 1 l 
 

FACS buffer 
0.1% BSA 
2 mM EDTA 
in PBS (1x) 
 

FACS fixation buffer 
1% Formalin 
2 mM EDTA 
in PBS (1x) 
 

Freezing medium (bacteria): 15% glycerol solution 
 

Freezing medium (eukaryotic cells): 10% DMSO in FCS (heat-inactivated) 
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TAE buffer (1%) 
TAE (50x)   2 ml 
d.H2O    ad. 1 l 
 

TBE buffer (0.5%) 
TBE (10x)   50 ml 
d.H2O    ad. 1 l 
 

DEPC-treated water 
DEPC (Diethylpyrocarbonate) 1 ml 
d.H2O    1 l 
 

LB medium (pH = 7, autoclaved) 
LB medium was supplemented 1/1000 with kanamycin or ampicillin 
Bacto Trypton   10g 
yeast extract   5g 
NaCl     10 
d.H2O    ad. 1 l 
 

MACS buffer (sterile filtered with 0.22 µm filter attachments) 
2 mM EDTA 
0.5% BSA 
in PBS (1x) 
 

MOPS buffer (10x) 
200 mM MOPS 
50 mM Na-Acetate 
5 mM EDTA 
 

PBS (1x) 
PBS powder   95.5 g 
d.H2O    ad. 10 l 
 

Peroxidase substrate solution (filtered with 0.45 µm filter-attachments) 
1 pellet AEC dissolved in: 
Dimethyformamide  2.5 ml 
Acetate buffer   ad. 50 ml 
 

RPMI medium 
no supplementation 
 

RPMI complete cell culture medium 
10% FCS (heat-inactivated) 
1% Penicillin-Streptomycin  
 

RPMI recovery cell culture medium 
10% FCS (heat-inactivated) 
1% Penicillin-Streptomycin 
25 mM HEPES (pH 7.2) 
50 mM 2-Mercaptoethanol 
 

Trypan Blue 
3x Solution A    0.2% Trypan blue solution (1 g Trypan blue in 500 ml d.H2O) 
1x Solution B    4.5% NaCl (22.5 g NaCl in 500 ml d.H2O) 
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6) Methods 

6.1 Cell culture and bacteria 

6.1.1 Tumor cell culture  

6.1.1.1 Non-adherent tumor cells 

Non-adherent tumor cells were maintained in an incubator at 37 °C, 5% CO2, 95% air humidity, and 
were always kept in a sterile environment. Depending on cell numbers, tumor cell lines were cultivated 
in 25 cm2, 75 cm2, or 175 cm2 cell culture flasks containing 5-60 ml of RPMI complete medium and 
were, if necessary, grown under antibiotic selection (see Table 5.2.4). Tumor cells were passaged and 
split 1:10 as soon as cell concentrations exceeded 8E+05 cells/ml. For this purpose, cells were 
centrifuged for 5 min at 1500 g (RT), counted (see section 6.1.4), and subsequently cultivated at 
concentrations of 2E+05 cells/ml in RMPI complete medium. 

6.1.1.2 Adherent tumor cells  

Adherent tumor cells were maintained in an incubator at 37 °C, 5% CO2, 95% air humidity, and were 
always kept in a sterile environment. Depending on cell numbers, adherent tumor cells were cultivated 
in 25 cm2, 75 cm2, or 175 cm2 cell culture flasks containing 5-25 ml of RPMI complete medium and 
were grown under antibiotic selection if necessary (see Table 5.2.4). Adherent tumor cells were routinely 
passaged at approx. 80% confluence. For this purpose, the RPMI complete medium was discarded and 
adherent cells were washed with PBS. Tumor cells were then detached by adding 2-5 ml of Trypsin-
EDTA for 3-5 minutes. After adding another 10 ml of RMPI complete medium, detached cells were 
centrifuged at 1500 g for 5 min (RT). After resuspending cell pellets in RPMI complete medium, 
adherent cells were counted (see section 6.1.4) and subsequently cultivated at concentrations of 1E+05-
1E+06 cells in 5 ml (25 cm2 cell culture flask), 0.5-1E+06 cells in 12 ml (75 cm2 cell culture flask), or 
0.8-4E+06 cells in 25 ml RPMI complete medium (175 cm2 cell culture flask). The exact number of 
seeded tumor cells was individually determined based on respective proliferation rates of cultivated cell 
lines. 

6.1.2 T cell culture 

Human primary T cells were maintained in an incubator at 37 °C, 5% CO2, 95% air humidity, and were 
always kept in a sterile environment. Depending on cell numbers, T cells were cultivated in 48-well 
plates (1 ml final volume per well) or 24-well plates (2 ml final volume per well), respectively. 
Generally, T cells were seeded at concentrations of 0.5-1E+06 cells per ml Panserin complete medium 
additionally supplemented with 600 U/ml IL-2. Transgenic T cells were cultivated in the presence of 
puromycin (see Table 5.2.4) to enrich T cell populations overexpressing transgenic TCRs after retroviral 
transduction (see section 6.4.10). T cells were routinely passaged when concentrations exceeded 
1.5E+06 T cells per ml. For this purpose, cells were centrifuged for 5 min at 1500 g (RT), counted (see 
section 6.1.4), and subsequently cultivated at concentrations described at the beginning of this 
paragraph. 

6.1.3 Phoenix-Ampho cell culture 

The retrovirus producer cell line Phoenix-Ampho was used for producing infectious virions necessary 
for subsequent retroviral transduction of multiple tumor cell lines or human T cells (see section 6.4.10). 
Phoenix-Ampho cells were cultivated in an incubator at 37 °C, 5% CO2, 95% air humidity, and were 
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always kept in a sterile environment. Depending on cell numbers, Phoenix-Ampho cells were either 
cultivated in 75 cm2 or 175 cm2 cell culture flasks containing 12-25 ml of DMEM complete cell culture 
medium. Poenix-Ampho cells were routinely passaged at approx. 80% confluence. For this purpose, the 
cell DMEM complete medium was discarded, adherent cells were washed with PBS, and were then 
detached by adding 5 ml TripleX solution for approx. 2 minutes. After adding another 10 ml of RMPI 
complete medium, detached cells were centrifuged at 1500 g for 5 min (RT). After resuspending cell 
pellets in DMEM complete medium, cells were counted (see section 6.1.4) and subsequently cultivated 
at concentrations of 0.5-1E+06 cells in 12 ml DMEM complete (75 cm2 cell culture flask) or 0.8-4E+06 
cells in 25 ml DMEM complete medium (175 cm2 cell culture flask). For each retroviral transduction 
approach, Phoenix-Ampho cells were firstly seeded in 10 cm petri dishes at concentrations of 1.2E+06 
cells per 8 ml DMEM medium and were then cultivated overnight. Cultivated Phoenix-Ampho cells 
were subsequently used for FuGENE-based transfection (see section 6.4.11) with respective expression 
constructs and helper plasmids (see Table 5.5). 

6.1.4 Cell counting and determination of cell viability 

Cell numbers were determined by using a 0.2 mm Fuchs-Rosenthal counting chamber. To stain all non-
viable cells, 30 µl of cell suspension were diluted (1:2) with trypan blue. Since viable cells usually 
exhibit intact cell membranes, they typically do not intracellularly accumulate the trypan blue dye and 
can therefore be distinguished from non-viable cells with perforated cell membranes. Finally, cells were 
counted according to the manufacturer’s instruction by using an optical microscope and respective cell 
numbers were calculated by using the following equation: 

 

mean value of counted vital cells in 2 squares
0.2 mm

 x 1000 x 2 = cell concentration per ml 

6.1.5 Cryopreservation of tumor cell lines and human T cells 

Tumor cell lines and human T cells were cryopreserved in liquid nitrogen to establish working stocks 
for ongoing and future experiments. To prevent the release of infectious virions after thawing, all 
retrovirally transduced tumor and T cells were cultured for two additional weeks before being frozen. 
Firstly, all cells intend for freezing were centrifuged at 1500 g for 5 min (RT), washed once in 10 ml 
PBS, and were subsequently counted for determining cell viabilities and cell numbers (see section 6.1.4). 
In case of adherent cells, detaching of respective cell lines was performed as described in sections 6.1.1.2 
and 6.1.3, respectively. After washing in PBS, cell pellets were resuspended in 1 ml of freezing medium 
and were finally transferred into cryogenic tubes suitable for freezing in liquid nitrogen. Cell numbers 
varied among cryovials and ranged between 2E+06 and 10E+06 cells per ml freezing medium. Cryovials 
were eventually stored in pre-chilled Mr. Frosty freezing containers filled with isopropyl alcohol, 
thereby facilitating steady freezing of cells with approx. -1 °C per minute. Since DMSO is toxic for cells 
at room temperature, loaded freezing containers were transferred to -80 °C not later than 10 minutes 
after adding the freezing medium to respective cells. Mr. Frosty freezing containers with cryopreserved 
cells were subsequently kept at -80 °C for 24 hours before cryovials were stored in the vapor phase of 
liquid nitrogen. 

6.1.6 Thawing of cryopreserved tumor cells and human T cells 

Since DMSO is toxic for cells at room temperature, thawing of cryopreserved cells was performed as 
quickly as possible to maintain cell viability. Firstly, frozen cells were thawed in a water bath at 37 °C 
to a point where small lumps of ice were still visible. Thawed cells were immediately transferred into a 
15 ml falcon tube containing 10 ml PBS and were then centrifuged at 1500 RPM for 5 minutes (RT). 
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Centrifuged cells were afterwards washed again with 10 ml PBS, then centrifuged at 1500 RPM for 5 
minutes (RT), counted (see section 6.1.4), and eventually seeded in appropriate volumes of cell culture 
medium (see sections 6.1.1 to 6.1.3). 

6.1.7 Glycerol storage of E. coli bacteria cultures 

For establishing transgenic bacteria working stocks for later plasmid purifications (see section 6.4.1), 
transgenic E. coli bacteria were frozen in a 15% glycerol solution. Here, 750 µl of the respective bacteria 
cultures were supplemented with 250 µl of a 60% glycerol stock solution. Glycerol cultures were then 
transferred into cryovials and subsequently stored at -80 °C for 24 hours in pre-chilled Mr. Frosty 
freezing containers filled with isopropyl alcohol. Storing bacterial cultures in pre-chilled isopropyl 
alcohol facilitated steady freezing with approx. -1 °C per minute. Frozen bacterial cultures were finally 
removed from isopropyl alcohol-containing containers after 24 hours and were transferred into the vapor 
phase of liquid nitrogen for long-term storage. 

6.1.8 Thawing of E. coli bacteria cultures 

A starter culture of E. coli bacteria was inoculated by using frozen E. coli cultures (see section 6.1.7) 
and a 10 µl disposable inoculation loop. Here, frozen bacteria were transferred into 1 ml of LB bacterial 
culture medium (starter culture) and were then incubated for approx. 5 hours at 32 °C on a shaker before 
being transferred into conical tubes either containing 50 ml or 6 ml of LB medium. Resulting bacteria 
cultures were expanded overnight at 32 °C on a shaker. 50 ml cultures were subsequently used for 
Midipreps while 6 ml suspensions were utilized for Miniprep-based plasmid purification (see section 
6.4.1). Throughout the thawing process, bacteria cultures were either supplemented with kanamycin (50 
µg/ml) or ampicillin (100 µg/ml) to facilitate antibiotic selection based on used vector backbones (see 
Table 5.5). 

6.2 Processing of NSCLC patient material  

6.2.1 Resection of human lung and NSCLC tissue samples 

Flash-frozen normal lung and tumor tissues from stage III NSCLC patients were provided by HS 
Diagnomics (HSD, Berlin, Germany). All analyzed patients underwent surgery with curative intent and 
provided written informed consent for the scientific analysis of all resected biospecimens. The study 
was performed in accordance with the declaration of Helsinki. Sample acquisition from NSCLC patients 
was approved by the ethics committee of the Ärztekammer Berlin (Eth-08/18). All biospecimens used 
during this project had initially been resected by the Institute of Pathology (Charité, University Medical 
Center Berlin, Germany). All provided tissue specimens were either classified as NSCLC or healthy 
lung tissue by the surgeons and pathologists of the Charité. Therefore, both HSD and the University 
Medical Center Mainz (UMC) had no influence on any of the performed tissue classifications. Except 
for specimens isolated from lung adenocarcinoma patient P18, all tissue samples were embedded in an 
RNA stabilizing reagent (RNAlater; Thermo Fisher Scientific, Waltham, USA) immediately after 
surgery and before freezing. Patient’s flash-frozen lung and tumor tissue specimens were eventually sent 
on dry ice to the UMC for further comparative WES and RNA-Seq (see section 6.5.4) approaches. 
Blood, urine, and FFPE (formalin-fixed paraffin-embedded) tissue samples were additionally archived 
for each patient but were not transferred to the UMC. Patient-derived T cells were isolated from each 
blood, tumor and normal lung tissue sample and were eventually used for high-throughput TCR-beta 
profiling (see section 6.5.1). 
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6.2.2 Disruption of human lung and NSCLC tissues 

Snap-frozen NSCLC and normal lung tissue specimens were used for the separate extraction of high 
molecular weight genomic DNA and total RNA (see sections 6.4.2 and 6.4.3). Patient-matched total 
RNA and genomic DNA samples were subsequently used for comparative WES and RNA-Seq (see 
section 6.5.4). Those NGS-based analyses were finally used for the identification of non-synonymous 
tumor-specific mutations in each patient. At the UMC, tumor and healthy lung tissue blocks (ca. 1 g) 
were cut into chunks of approx. 25 mg by using pre-chilled mortars and RNase-free scalpels. To avoid 
RNase-mediated degradation, tissue samples were constantly processed in the presence of liquid 
nitrogen. Additionally, mortars were baked for 6 h at 180 °C before tissue sample processing. Due to 
tumor heterogeneity, three individual tissue chunks from different tissue block areas were used for every 
gDNA isolation and total RNA purification. Hence, prepared tissue portions were dissected into pieces 
of approx. 16 mg and 9 mg, respectively. Three 16 mg tissue slices were pooled (approx. 50 mg in total) 
and then used as starting material for total RNA purification. In parallel, three tissue chunks (ca. 25 mg 
in total) were used for the isolation of high molecular weight gDNA. All tissues were homogenized by 
using a TissueLyser LT bead mill (Qiagen, Hilden, Germany) according to the manufacturer`s 
instructions (see: section 6.2.3). Due to tumor heterogenicity, performing RNA-Seq and WES from 
similar tissue block areas was crucial to effectively identify mRNA-expressed candidate mutations. 

6.2.3 Homogenization of human lung and NSCLC tissues 

Approx. 50 mg of normal lung or NSCLC tissues were used for the isolation of total RNA for subsequent 
RNA-Seq (see 6.5.4). For this purpose, respective tissues were homogenized in QIAzol Lysis Reagent 
(Qiagen, Hilden Germany) by using a TissueLyser LT bead mill (Qiagen, Hilden, Germany) according 
to the manufacturer’s instructions. Hence, pooled tissue samples (see: section 6.2.2) were transferred 
into 2 ml microfuge tubes containing one stainless steel bead. Microfuge tubes and steel beads had 
previously been pre-chilled on dry ice for 15 min, followed by another 15 min incubation after adding 
the tissue portions to the tubes. In case of homogenizing tissue samples stabilized with the RNAlater, 
chilling on dry ice was not performed and samples were immediately transferred into 2 ml microfuge 
tubes on ice. According to the manufacturer’s protocol, tissue-containing microfuge tubes were 
subsequently transferred into the inserts of the TissueLyser LT Adapter and were kept on RT for 2 min. 
This was done to avoid freezing of the lysis buffer (700 µl QIAzol Lysis Reagent) that was immediately 
added to the tubes after RT incubation. Tissue specimens were homogenized twice at 50 Hz for 2.5 
minutes. The homogenization was stopped for 30 s between both homogenization steps, thereby 
avoiding the potential heating of the processed samples. Homogenized samples were immediately used 
for total RNA purification (see section 6.4.3). 

The homogenization of patient-derived tissue samples for subsequent purification of high molecular 
weight genomic DNA (see section 6.4.2) was also performed by using the TissueLyser LT bead mill 
(Qiagen, Hilden, Germany). However, only ca. 25 mg of pooled tissue samples (see section 6.2.2) were 
used for the gDNA isolation. Furthermore, tissue homogenizations were performed according to the 
instructions specified in the QIAamp Fast DNA Tissue Kit (Qiagen, Hilden Germany). Hence, tissue 
homogenizations were performed at 45 Hz for 2 min. Homogenized samples were immediately used for 
further processing and gDNA isolation. 

6.2.4 Establishing single cell suspensions from human lung and NSCLC tissues 

For assessing the recognition of patient-derived NSCLC cells via potentially tumor-specific TCRs, HSD 
generated single cell suspensions from normal lung and tumor tissues of stage III NSCLC patients P18, 
P43, and P50. Hence, tissue portions of approx. 1 g were manually disrupted by using sharp scalpels 
and petri dishes on ice. Due to tumor heterogenicity, multiple tissue chunks isolated from different tumor 
and lung regions were subjected to the GentleMACS tissue dissociation system (Miltenyi Biotec, 
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Bergisch Gladbach, Germany) according to the manufacturer’s instructions. After passing through 70 
µm strainers, dissociated single cell suspensions were cryopreserved in freezing medium (90% FCS / 
10% DMSO) and small fractions were used for further Percoll-based density gradient centrifugation. 
Cells from Percoll-interphases were collected and rested overnight at concentrations of 0.5E+06 cells/ml 
in TexMACS medium (Miltenyi Biotec, Bergisch Gladbach, Germany) additionally supplemented with 
L-glutamine (Lonza, Basel, Switzerland), 25 mM HEPES (pH 7.2), 50 mM 2-mercaptoethanol 
(ThermoFisher Scientific, Waltham, USA), and 10% autologous serum. After harvesting and washing, 
CD3+, CD4+, CD8+ and PD-1+ cells were individually isolated from TIL- and normal lung-derived 
leukocytes by using magnetic bead separation according to the manufacturer’s (Miltenyi Biotec, 
Bergisch Gladbach, Germany) instructions. For the identification of potentially tumor-reactive T cell 
clonotypes (see section 6.5.2), separated cell fractions were eventually shock frozen in liquid nitrogen. 

6.2.5 Limited dilution cloning 

Limited dilution cloning was used to establish monoclonal cell populations from polyclonal bulk cell 
cultures. Hence, bulk cell cultures of HLA-transduced or KRAS-modified tumor cell lines were plated 
in 96-well flat bottom cell culture plates at concentrations of 0.3, 1, and 3 cells/well, respectively. After 
cells were cultivated in RPMI complete medium supplemented with 2 µg/ml puromycin for 12-16 days, 
clonal cell populations were picked and transferred to 48-well plates for further expansion. Non-clonal 
cell populations were visually identified by using an optical microscope and were discarded. HLA-
transduced monoclonal cell cultures were analyzed via W6/32 staining (see section 6.3.5) when cell 
numbers exceeded 1E+06 total cells. In contrast, successfully introduced KRAS-modifications were 
identified via IFN-γ ELISpot. Here, KRASQ61H-specific TCR-T cell populations were tested for the 
recognition of genetically modified NCI-H460 cells expressing the KRASQ61R mutation (see section 
6.4.14). KRASQ61R modifications of non-recognized clones were eventually verified via Sanger 
Sequencing (see section 6.5.6). 

6.3 Immunobiology 

6.3.1 Purification of PBMCs from human leukocyte concentrates 

Human T cells were isolated from healthy donor leukocyte concentrates (buffy coats) via density 
gradient centrifugation. Firstly, blood samples were diluted 1:3 with PBS before overlaying 15 ml Ficoll 
(Sigma-Aldrich Chemie GmbH, Steinheim am Albuch, Germany) with up to 35 ml of the resulting 
blood/PBS mixture. After being centrifuged for 20 min at RT (800 RCF, no brakes), PBMCs 
accumulated in a thin interphase between blood plasma and the high-density erythrocyte phase. This 
interphase was isolated by using electric pipette aids and 10 ml serological pipettes. After washing with 
45 ml PBS (1800 rpm, RT, 10 min), remaining erythrocytes were lysed by carefully resuspending the 
cell pellet in 25 ml erythrocyte lysis buffer and subsequent incubation for 5 min at 33 °C. After another 
centrifugation (5 min, 1800 RPM, RT), the cell pellet was washed twice with 45 ml PBS. Purified human 
PBMCs were eventually used for MACS-mediated T cell isolation (see section 6.3.2). 

6.3.2 MACS: Isolation of human T cells from purified PBMCs 

Human CD4+ and CD8+ T cells were purified from PBMCs initially isolated from human leukocyte 
concentrates (see section 6.3.1). Hence, purified PBMCs were used for Magnetic Activated Cell Sorting 
(MACS) according to the manufacturer’s (Miltenyi Biotec, Bergisch Gladbach, Germany) instructions. 
Firstly, purified PBMCs were counted (see section 6.1.4) and were then washed twice with 10 ml MACS 
buffer (1500 RPM, RT, 5 min). The supernatant was completely removed from cell pellets before adding 
20 µl of antibody-labelled MicroBeads (Miltenyi Biotec, Bergisch Gladbach, Germany) in 500 µl 
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MACS buffer per 1E+06 PBMCs. PBMCs and magnetic MicroBeads were incubated for 15 min at 4 °C 
and were gently mixed every 5 minutes. To facilitate an optimal attachment, not more than 1E+08 cells 
were incubated with the antibody-conjugated magnetic bead mixtures per 500 µl MACS buffer. After 
incubation, cells were resuspended in 3 ml MACS buffer and were then transferred in 1 ml portions onto 
MACS MS columns with attached MACS SmartStrainer filters (both: Miltenyi Biotec, Bergisch 
Gladbach, Germany). Separation columns had before been placed into magnetic MiniMACS Separators 
and were equilibrated with 500 µl MACS buffer at RT. After separation, columns were washed three 
times with 500 µl MACS buffer to remove unbound cells. For elution, separation columns were 
eventually removed from magnetic MiniMACS Separators and bead-labelled human T cells were eluted 
by applying 2 ml Panserin complete medium per separation column and by using the provided plungers 
as described by the manufacturer. Finally, cell concentrations were determined (see section 6.1.4) and 
purification efficiencies were assessed via Flow cytometry (see section 6.3.5). All purified human T 
cells were subsequently used for OKT3-mediated T cell expansion (see section 6.3.3). 

6.3.3 OKT3-mediated expansion of human T lymphocytes 

Human T lymphocytes were purified from human buffy coat samples (see section 6.3.1) and were then 
expanded for following CRISPR/Cas9-mediated KOs of endogenous TCR (end.TCR) expression (see 
section 6.4.9). Non-specific activation with the anti-human CD3 monoclonal antibody OKT3 (30 ng/ml) 
was used to expand isolated T cell populations prior to the performed KO approach. For CD8+ T cell 
expansion, autologous CD8-negative PBMC fractions were irradiated (10,000 Rad) and additionally 
added to expanding T cell cultures, thereby serving as feeder cells. Hence, 0.5-1E+06 purified CD8+ T 
cells were cultivated in Panserin complete medium additionally supplemented with IL-2 (600 U/ml), 
OKT3 mAb (30 ng/ml), and autologous feeder cells at ratios of 1:1. OKT3-stimulated human T cells 
were used for CRISPR/Cas9-based KO approaches after being maintained for 2-4 days in an incubator 
(37 °C, 5% CO2, 95% air humidity). CD4+ human T lymphocytes were expanded as described above 
for CD8+ T cells, but they were cultivated in the presence of irradiated CD4-negative PBMC fractions. 
End.TCR-KO T cells were eventually used for the retroviral transduction (see section 6.4.10) with 
expression constructs encoding potentially tumor-reactive TCRs (see section 6.5.2). 

6.3.4 IFN-γ ELISpot assay 

IFN-γ ELISpot assays were used to analyze the antigen-specific activation of TCR-transgenic CD4+ 
and CD8+ human T lymphocytes. Here, TCR-transduced effector T cells were co-incubated with target 
cells presenting potentially immunogenic antigen peptides on corresponding MHC class I molecules. 
Used targets were either HEK 293T cells simultaneously co-transfected with HLA alleles and antigen 
expression constructs (see section 6.4.12), patient-derived NSCLC cells, patient-derived normal lung 
cell suspensions, EBV-infected B cells, or HLA-transduced / non-modified tumor cell lines (see Table 
5.1). Secreted IFN-γ was used as a marker for T cell activation upon antigen recognition and was 
quantified by using two anti-human IFN-γ monoclonal antibodies. Firstly, the released IFN-γ was bound 
by a primary antibody previously immobilized on PVDF membranes of 96-well ELISpot filter plates 
(Merck Millipore, Burlington, USA). A biotinylated secondary antibody was then used for detecting the 
immobilized IFN-γ by specifically binding to an alternative epitope. Peroxidase-conjugated avidin was 
eventually added, thereby facilitating the IFN-γ quantification after addition of a peroxidase-substrate 
solution. Due to the peroxidase enzyme activity, colored and insoluble precipitates (red spots) emerged 
on PVDF membranes of utilized ELISpot filter plates, thereby allowing the quantification of cytokine 
secretion upon antigen contact. 

Briefly, PVDF membranes of MultiScreen filter plates were initially activated by adding 15 µl of 35% 
ethanol per well. After washing three times with 150 µl PBS per well, 50 µl PBS containing 500 ng of 
the primary antibody (anti-human IFN-γ mAb 1-D1K) were added per well and plates were incubated 
over night at 4 °C. For some wells, the monoclonal anti-human CD3 antibody OKT3 was additionally 
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added at a concentration of 400 ng/ml. Those wells were used as positive controls for maximal T cell 
activation. After incubation, primary antibody solutions were discarded and wells were washed three 
times with 150 µl PBS. PVDF membranes were afterwards blocked with 100 µl RPMI (10% FCS) per 
well for 30 minutes at 37 °C. Effector and target cells were then plated at desired concentrations in final 
volumes of 100 µl RPMI (10% FCS, 250 U/ml IL-2) per well. Exact target and effector cell quantities 
are individually depicted for each ELISpot assay (see section 7.2). Co-transfected HEK 293T cells were 
plated as described in section 6.4.12. All antibodies either used for IFN-γ detection or antigen 
recognition blocking are listed in Table 5.7.1. 

Plated effector and target cells were eventually co-incubated for 20-24 h at 37 °C, 5% CO2, and 95% air 
humidity. In contrast, spontaneous IFN-γ secretion was assessed by exclusively incubating T cells in the 
absence of OKT3 and target cells. Afterwards, PVDF membranes were washed six times with PBS 
(0.05% Tween20) before adding 60 µl of the secondary antibody (anti-human IFN-γ mAb 7-B6-1) at 
concentrations of 2 µg/ml in PBS (0.5% BSA). After incubating MultiScreen filter plates for 2 hours at 
37 °C, antibody solutions were discarded and PVDF membranes were again washed six times with PBS 
(0.05% Tween20). In parallel, 100 µl of the avidin-peroxidase complex solution (see section 5.3) were 
prepared as described by the manufacturer, then incubated for 30 min at RT, and subsequently added to 
each well, respectively. After keeping the plates at RT and in the absence of light for another hour, 
PVDF membranes were washed three times with PBS (0.05% Tween20) and pure PBS for a total of 6 
washings. Finally, 100 µl of H2O2-supplemented peroxidase-substrate solution were added and ELISpot 
plates were kept at RT for 10 min or until spot formation was clearly detectable. The precipitate-forming 
reaction was stopped by washing the MultiScreen filter plates under tap water for approx. 1 min. PVDF 
membranes were eventually dried at 50 °C and IFN-γ secretion was quantified by using the ImmunoSpot 
S5 Micro Analyzer (CTL Europe GmbH, Bonn, Germany) according to the manufacturer’s instructions.  

6.3.5 Flow cytometry 

Flow cytometry was used to analyze protein surface expression on human primary T lymphocytes, EBV-
infected B cells, HEK 293T cells, and multiple cancer cell lines. For analyzing endogenous and 
transgenic TCR expression, T lymphocyte subpopulations were either stained with the anti-human TCR 
constant region monoclonal antibody hTRAC-APC (Beckman Coulter, Krefeld, Germany) or with the 
anti-murine TCR constant region monoclonal antibody mTRAC-FITC (Origene, Rockville, MD, USA), 
respectively. T cell co-receptors were additionally stained with dye-labelled anti-CD3 (Beckman 
Coulter, Krefeld, Germany), anti-CD4 (Beckman Coulter, Krefeld, Germany), or anti-CD8 (BD 
Biosciences Franklin Lakes, USA) monoclonal antibodies. HLA expression of EBV-B cells, various 
cancer cell lines, and HEK 293T cells was analyzed by using a non-fluorescent HLA-A*01:01-specific 
antibody (One Lambda, Los Angeles, USA) and the pan-HLA class I antibody W6/32 (purified from 
hybridoma supernatants). Here, a fluorophore-labelled GaM-FITC secondary antibody was 
subsequently used for staining. All used flow cytometry antibodies and their corresponding specificities 
are listed in Table 5.7.2.  

Briefly, 1E+05 cells were transferred into FACS tubes containing 2 ml FACS buffer (see section 5.3) 
and were then centrifuged for 5 minutes at 1500 rpm (RT). After supernatant removal, cell pellets were 
vortexed and incubated with flow cytometry antibodies for 20 minutes at 4 °C and in the absence of 
light. After incubation, cells were washed with 2 ml pre-chilled FACS buffer and were then centrifuged 
for 5 minutes at 1500 rpm (RT). After supernatant removal, stained cells were vortexed and either fixed 
with 200-500 µl FACS fixation buffer (see section 5.3) or, as previously described for dye-labelled 
antibodies, were stained with another GaM-FITC secondary antibody. Non-specific isotype controls 
were performed for every flow cytometry analysis to assess non-specific binding of used antibodies. 
Fixed cells were eventually stored at 4 °C and in the absence of light for a maximum of 5 days. Stained 
cells were analyzed by using a FACS Canto II (BD Biosciences, Heidelberg, Germany) device and the 
corresponding FACS Diva / FlowJo (both: BD Biosciences, Heidelberg, Germany) software. 
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6.4 Molecular Biology 

6.4.1 Plasmid DNA purification  

Plasmid DNA was purified from transformed E. coli bacteria by either using a QIAprep Spin Miniprep 
or a Plasmid Plus Midi Kit in combination with a QIAvac 24 Plus Vacuum Manifold (all: Qiagen, 
Hilden, Germany). DNA Minipreps were performed with 5 ml overnight bacteria cultures while 50 ml 
overnight cultures were used for DNA Midipreps. Glycerol stocks were prepared for each overnight 
culture as described in section 6.1.7. Briefly, bacteria were harvested by centrifugation (4000 g, 10 
minutes, 4 °C) and subsequent DNA purifications were performed according to the manufacturer’s 
instructions. Plasmid DNA was eventually eluted in 30 µl (Miniprep) or 100 µl (Midiprep) of the 
provided elution buffer, respectively. Hence, the buffer was added onto the spin columns and was 
incubated for 1 min at RT before plasmid DNA was eluted via centrifugation at 13000 rpm for 1min 
(RT). The elution was repeated once by using the flow-through. DNA concentrations were eventually 
determined by using the Qubit dsDNA BR-Assay-Kit (Thermo Fisher Scientific, Waltham, USA) 
according to the manufacturer’s instructions. 

6.4.2 Genomic DNA isolation 

For the identification of non-synonymous tumor-specific mutations (see section 6.5.4), homogenized 
NSCLC and normal lung tissue samples were used for the extraction of high molecular weight genomic 
DNA (gDNA). Hence, the QIAamp Fast DNA Tissue Kit (Qiagen, Hilden, Germany) was used according 
to the manufacturer’s instructions. Briefly, tissue samples were homogenized by using a TissueLyser 
LT device (see section 6.2.3) and gDNA was eventually eluted in 100 µl nuclease-free water. Here, the 
water was added onto the spin columns and incubated for 1 minute at RT before gDNA was eluted by 
centrifugation at full speed for 1min (RT). The elution was repeated once and resulting eluates were 
pooled to a final volume of 200 µl. Eventually, gDNA concentrations were determined by using the 
Qubit dsDNA BR-Assay-Kit (Thermo Fisher Scientific, Waltham, USA) according to the 
manufacturer’s instructions. After isolation, gDNA integrities were checked via agarose gel 
electrophoresis (see section 6.4.5). 

6.4.3 Total RNA purification 

Homogenized NSCLC samples were used for the isolation of total RNA required for later gene 
expression analyses of tumor-specific patient mutations via RNA-Seq (StarSEQ GmbH, Mainz, 
Germany; see section 6.5.4). To also facilitate the efficient purification of rather small RNA molecules 
(≥18 nucleotides), total RNA samples were purified by using the miRNeasy Mini Kit (Qiagen, Hilden, 
Germany) according to the manufacturer’s instructions. Briefly, tissue samples were initially 
homogenized by using a TissueLyser LT device (see section 6.2.3) and were then used for another 
homogenization via QIAshredder spin columns (Qiagen, Hilden Germany) as per the standard protocol. 
After DNase digestion, total RNA was eventually eluted in 30 µl nuclease-free water. Here, the water 
was added onto the RNeasy Mini spin columns and was then incubated for 1 minute at RT before elution 
via centrifugation at >10,000 RPM for 1min (RT). The elution was repeated once by using the flow-
through. Eventually, RNA concentrations were determined by using the Qubit RNA BR Assay Kit 
(Thermo Fisher Scientific, Waltham, USA) as per the manufacturer’s instructions. RNA integrities were 
finally analyzed via denaturing RNA gel electrophoresis (see section 6.4.6) or by assessing the 
corresponding RNA integrity numbers (RINs) via Bioanalyzer-based quality control (StarSEQ, Mainz, 
Germany). 
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6.4.4 Polymerase chain reaction (PCR) 

6.4.4.1 Colony PCR 

Colony PCRs were performed to verify the presence of DNA inserts in plasmid constructs of individual 
E. coli transformants (see section 6.4.13) after Gateway cloning (see section 6.4.8). Insert DNA 
orientation was additionally analyzed by pairing insert- and vector-specific primers, respectively. All 
primers had previously been designed by using the OligoAnalyzer Tool (IDT, Coralville, USA) and are 
listed together with their corresponding annealing temperatures (TMs) in Table 5.6.2. Briefly, single 
colonies were picked from agar plates and were then transferred into 100 µl LB medium either 
supplemented with 50 µg/ml kanamycin or 100 µg/ml ampicillin. 20 µl of the resulting pre-cultures 
were centrifuged (10 min, 10,000 RPM, RT) and cell pellets were subsequently resuspended in 20 µl 
PCR mix. PCR programs were set to 94 °C for initial denaturation (3 minutes), followed by 30 cycles 
of denaturation (94 °C, 30 s), primer annealing (20 s, TM), and elongation at 68 °C. Samples were kept 
at 4 °C after a final elongation of 3 minutes at 68 °C. PCR amplicons were eventually analyzed via 
agarose gel electrophoresis (see section 6.4.5). Remaining 80 µl of inoculated pre-cultures were 
incubated for approx. 1.5 h at 31 °C and were then used for establishing overnight cultures for later 
plasmid DNA purification (see section 6.4.1). Exact compositions of used colony PCR mixes are shown 
below.  

DNA N/A Bacterial pellets 
One Taq Master Mix with Standard Buffer (NEB, Frankfurt, 
Germany) 

2x 10 µl 

Primer sense [10 µM] 1 µl 
Primer reverse [10 µM] 1 µl 

Total volume  + d.H2O ad. 20 µl 

6.4.4.2 cDNA flanking with attB1/attB2 recombination sites 

cDNA fragments either encoding human HLA molecules or potential TCR antigens were flanked with 
attB1 and attB2 recombination sites to facilitate recombinase-mediated shuttling during Gateway 
cloning (see section 6.4.8). Hence, specific primers were designed by using the OligoAnalyzer Tool 
(IDT, Coralville, USA) and either included attB1 or attB2 recombination sites, respectively (see Table 
5.6.2). Generally, PCRs were performed by using two different primer annealing temperatures (TMs) 
with (i) TM1 facilitating sequence-specific flanking of the target cDNA and (ii) TM2 enabling full-length 
primer binding for subsequent amplification. PCRs were performed by using the Q5 High-Fidelity DNA 
Polymerase (NEB, Frankfurt, Germany). PCR programs were set to 98 °C (3 min) for initial 
denaturation. For attB1/B2-flanking, 5 cycles of denaturation (98 °C, 10 s), primer annealing (20 s, 
TM1), and elongation at 72 °C were performed. The amplification of flanked cDNA was facilitated by 
conducting 20 additional cycles comprising denaturation (98 °C, 10 seconds), primer-annealing (20 
seconds at TM2), and elongation at 72 °C. Finally, samples were kept at 4 °C after a final elongation of 
3 minutes at 72 °C. Exact compositions of used PCR mixes are shown below. 

cDNA template  N/A 5 µl 
Q5 High GC Enhancer (NEB, Frankfurt, Germany) 5x 10 µl 
Q5 Reaction buffer (NEB, Frankfurt, Germany) 5x 10 µl 
dNTPs [10 mM] [10 mM] 2 µl 
Primer sense  [10 µM] 2 µl 
Primer reverse  [10 µM] 2 µl 
Q5 High-Fidelity DNA Polymerase (NEB, Frankfurt, Germany) [2000 U/ml] 0.8 µl 

Total volume  + d.H2O ad. 50 µl 
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6.4.4.3 Site-directed Mutagenesis 

Amino acid substitutions were introduced in KRAS-encoding cDNA sequences by using the Q5 Site-
Directed Mutagenesis Kit (NEB, Frankfurt, Germany). Here, site-directed mutagenesis (SDM) was used 
to introduce p.Q61K, p.Q61L, or p.Q61R KRAS amino acid substitutions and for establishing a non-
mutated (wild-type) KRAS expression construct. Briefly, SDM reactions were conducted by using 
mutagenic back-to-back oligonucleotide primes, thereby introducing desired nucleotide mutations in 
plasmid cDNA inserts. All primers were custom designed by using the OligoAnalyzer Tool (IDT, 
Coralville, USA) and are listed, together with their corresponding annealing temperatures (TMs), in 
Table 5.6.3. All SDM reactions were performed in recombinant donor vectors containing KRASQ61H 
cDNA constructs. After amplification, PCR products were purified via column purification (see section 
6.4.4.4) and were then analyzed via agarose gel electrophoresis (see section 6.4.5). For amplification, 
PCR programs were set to 98 °C for initial denaturation (3 minutes), followed by 25 cycles of 
denaturation (98 °C, 10 s), primer annealing (20 s, TM), and elongation at 72 °C. Samples were kept at 
4 °C after a final elongation of 3 minutes at 72 °C. The following Kinase-Ligase-DpnI (KLD) reaction 
simultaneously mediated both plasmid circulation and template plasmid removal. KLD reactions were 
performed for 10 min at RT before 0.5 µl of T4-DNA ligase (NEB, Frankfurt, Germany) was added and 
the reaction was incubated for another hour on ice. Finally, NEB 10-beta E. coli bacteria were 
transformed (see section 6.4.13) with the resulting donor vectors and were then cultivated overnight on 
kanamycin-containing LB agar plates. Exact compositions of used PCR and KLD reaction mixes are 
listed below. 

PCR mix: 
plasmid DNA template  5 ng X µl 
Q5 High GC Enhancer (NEB, Frankfurt, Germany) 5x 5 µl 
Q5 Reaction buffer (NEB, Frankfurt, Germany) 5x 5 µl 
dNTPs [10 mM] [10 mM] 1 µl 
Primer sense  [10 µM] 1 µl 
Primer reverse  [10 µM] 1 µl 
Q5 High-Fidelity DNA Polymerase (NEB, Frankfurt, Germany) [2000 U/ml] 0.8 µl 

Total volume  + d.H2O ad. 25 µl 

KLD reaction mix: 
PCR-product  [100 ng/µl] 1 µl 
T4 ligase buffer (NEB, Frankfurt, Germany) 10x 0.5 µl 
BSA [1 mg/ml] 0.5 µl 
DpnI (NEB, Frankfurt, Germany) [20000 U/ml] 0.5 µl 
T4 DNA polynucleotide kinase  
(NEB, Frankfurt, Germany) 

[10000 U/ml] 0.5 µl 

d.H2O N/A 1.5 µl 
T4 ligase (NEB, Frankfurt, Germany) [400000 U/ml] 0.5 µl 

Total volume  5 µl 

6.4.4.4 Column Purification of PCR products 

Amplified PCR products were purified by using the NuceloSpin Gel and PCR Clean-up Kit (Macherey-
Nagel, Düren, Germany) according to the manufacturer’s instructions. Purified PCR products were 
eluted in 20 µl elution buffer (Qiagen, Hilden, Germany). Hence, the buffer was added onto the spin 
columns and was then incubated for 1 minute at RT before amplicons were eluted via centrifugation at 
13,000 rpm for 1 min (RT). The elution was repeated once by using the flow-through. Finally, DNA 
concentrations were determined by using the Qubit dsDNA BR-Assay-Kit (Thermo Fisher Scientific, 
Waltham, USA) as per the manufacturer’s instructions. 
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6.4.5 DNA gel electrophoresis 

Amplified PCR product and gDNA integrities were analyzed via agarose gel electrophoresis. Hence, 
amplicons were either separated on 1% agarose (Serva Electrophoresis GmbH, Heidelberg Germany) 
TBE/TAE (both: Serva Electrophoresis GmbH, Heidelberg Germany) gels supplemented with 2 µl 
peqGREEN (Peqlab, Erlangen, Germany), thereby facilitating the detection via the UVsolo TS system 
(Analytic Jena, Jena, Germany). All samples were supplemented with 6x gel loading dye (NEB, 
Frankfurt, Germany) and were then loaded on agarose gels either containing 100 bp or 1000 bp DNA 
ladders (both: NEB, Frankfurt, Germany). Gel electrophoreses were performed for 30 to 45 min at 90-
120 V by using 0.5x TBE or 1x TAE running buffers, respectively. 

6.4.6 Denaturing RNA gel electrophoresis 

Total RNA samples were analyzed via denaturing agarose gel electrophoresis. Hence, RNA samples 
were separated on 1% agarose TAE (Serva Electrophoresis GmbH, Heidelberg, Germany) gels 
supplemented with 2 µl GelRed (Biotium, San Francisco, USA), thereby facilitating the detection via 
the UVsolo TS system (Analytic Jena, Jena, Germany). RNA samples and RiboRuler High Range RNA 
Ladder (Thermo Fisher Scientific, Waltham, USA) were supplemented with formamide-containing 2x 
RNA loading dye (Thermo Fisher Scientific, Waltham, USA) before analysis. RNA samples and ladders 
were loaded on 1% TAE gels after they were incubated at 70 °C for 10 min and eventually chilled for 2 
min on ice. Gel electrophoreses were performed for 30 to 45 min at 90 V by using 1x TAE running 
buffer. All buffers and agarose gels were prepared by using autoclaved, deionized,  DEPC-treated 
water. 

6.4.7 Reverse transcription cDNA synthesis 

Purified total RNA from a patient’s tumor tissue (see section 6.4.3) was used for reverse transcription 
cDNA synthesis. Established cDNA samples were eventually used for the cloning of potentially 
immunogenic target antigen open reading frames (ORFs). Those ORFs were eventually transferred into 
expression vector constructs for subsequent retroviral transduction (see section 6.4.10) or transient 
transfection (see section 6.4.12). Briefly, the PrimeScript RT-PCR Kit (Takara Bio Inc, Kusatsu, Japan) 
was used according to the manufacturer’s instructions. Hence, 1-1.5 µg of total RNA was used together 
with oligo dT primers for reverse transcription (41 °C, 30 min). Target regions encoding potential TCR 
target antigens were eventually amplified via PCR, thereby resulting in ORFs flanked with attB1/B2 
recombination sites (see section 6.4.4.2). Resulting PCR products were firstly analyzed on 1% agarose 
TBE gels (see section 6.4.5), were then purified via column-purification (see section 6.4.4.4), and finally 
used for Gateway cloning (see section 6.4.8). 

6.4.8 Gateway Cloning 

The Gateway Cloning system was used for shuttling recombination site-flanked cDNA constructs (see 
section 6.4.4.2) into expression vectors suitable for retroviral transduction (see section 6.4.10) or 
transient transfection (see section 6.4.12) of various target cells. Directional cloning of cDNA sequences 
into donor and destination vectors was mediated by recombinases of the bacteriophage λ integrase 
family. Briefly, the BP Clonase II Enzyme Mix (Invitrogen, Carlsbad, USA) facilitated the 
recombination of attB1/B2-flanked cDNA constructs and donor vectors containing attP1/attP2 
recombination site-flaked ccdB suicide gene expression cassettes 351. Due to integrase-mediated 
recombination, resulting donor vectors, now referred to as “entry clones”, contained desired cDNA 
fragments flanked by attL1/L2 recombination sites. In contrast, undesired BP reaction byproducts 
contained the attR1/R2-flanked ccdB suicide gene. BP reactions were performed overnight at 25 °C in 
final volumes of 5 µl. Every reaction included 1-2 µl of TE buffer (10 mM), 1 µl BP Clonase II Enzyme 
Mix and similar amounts (20-100 ng) of donor vectors and attB1/B2-flanked PCR products. NEB 10-
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beta E. coli bacteria were transformed (see section 6.4.13) with established entry clones after Protease-
K treatments and were subsequently cultivated overnight on kanamycin-containing LB agar plates. 
Protease-K treatments were performed by adding 1 µl Protease-K (2 µg/µl), following incubation at 37 
°C for 10 min, and subsequent chilling on ice for 2 min. The next day, individual bacteria colonies were 
picked to verify the presence of inserted cDNA sequences via colony-PCR (see section 6.4.4.1). 
Amplified plasmid DNA of positive colonies was subsequently isolated (see section 6.4.1) for the 
following LR reaction. LR reactions were performed as described above for BP reactions. However, 
they included 1 µl of the LR Clonase II Enzyme Mix (Invitrogen, Carlsbad, USA) catalyzing the site-
directed recombination of attL1/L2-flanked entry clone inserts and destination vectors containing 
attR1/R2-flaked ccdB suicide gene expression cassettes. Hence, undesired LR reaction byproducts 
contained the ccdB suicide genes, thereby preventing the amplification in transformed bacteria. 
Resulting “expression clones” included attB1/B2-flanked cDNA fragments and were eventually used 
for Protease-K treatment and subsequent E. coli transformation (see section 6.4.13). The next day, 
colony-PCRs were performed from individual colonies after overnight cultivation on ampicillin-
containing (100 µg/ml) LB agar plates. Amplified plasmid DNA of positive colonies was subsequently 
isolated (see section 6.4.1) for further transient transfections and retroviral transductions of various 
target cells (see sections 6.4.10 to 6.4.12). 

6.4.9 CRISPR/Cas9-based KO of endogenous TCR expression in human T cells 

Primary human T cells were isolated from human buffy coat samples of healthy donors by using density 
gradient centrifugation (see section 6.3.1) and subsequent MACS purification (see section 6.3.2) as per 
the manufacturer’s instructions. After 2-4 days of non-specific activation with OKT3 (see section 6.3.3), 
purified T cells were used for a CRISPR/Cas9-mediated KO of their endogenous TCR (end.TCR) 
expression. The CRISPR/Cas9 genome editing system was delivered as ribonucleoprotein (RNP) 
complexes by applying the Amaxa Human T Cell Nucleofector Kit (Lonza, Basel, Switzerland) 
according to the manufacturer’s instructions. For achieving maximal KO efficiencies, both TCR chain 
gene loci were targeted by simultaneously using two different crRNAs. The crRNA targeting the human 
TCR beta chain locus was synthesized as previously described by Roth et al.352. The TCR alpha chain-
specific crRNA had previously been designed by using the Alt-R Custom Cas9 crRNA Design Tool 
(IDT, Coralville, USA). Both crRNAs (see Table 5.6.4) were combined at ratios of 1:1 with the Alt-R 
CRISPR-Cas9 tracrRNA (Integrated DNA Technologies, Coralville, USA) to form two different guide 
RNA (gRNA) complexes. Resulting gRNA complexes were used together with the recombinant Cas9-
NLS nuclease (QB3 Macrolab, Berkeley, USA) for generating two RNP complexes either targeting 
human TCR-alpha or TCR-beta chain loci. After RNP formation (20 min, RT), 3-4E+06 T cells were 
transfected by using the provided nucleofection mix comprising the Amaxa Nucleofector Solution 
additionally supplemented with 1 µM Alt-R Cas9 Electroporation enhancer (IDT, Coralville, USA) and 
4 µM of both RNPs, respectively. T cells were electroporated by using the pre-set program T-023 on a 
Nucleofector 2b Device (Lonza, Basel, Switzerland). Nucleofected T cells were eventually cultivated at 
concentrations of 1E+06 cells/ml in Panserin complete medium supplemented with 600 U/ml IL-2. 
TCR-KO efficiencies were assessed via Flow cytometry analysis (see section 6.3.5) after expanding 
CRISPR/Cas9-treated cells for 4-6 days at 37 °C, 5% CO2, and 95% humidity. 

6.4.10 Retroviral transduction 

Purified human T lymphocytes were used for retroviral transductions with TCR expression constructs 
(see Table 5.5) encoding potentially tumor-reactive TCRs after being used for a CRISPR/Cas9-based 
end.TCR-KO approach (see section 6.4.9). In contrast, other human cell lines were used for retroviral 
transductions to facilitate long-term overexpression of exogenous HLA alleles. TCR-transduced T cells 
were eventually used as effector cells in IFN-γ ELISpot assays while HLA-transduced cells functioned 
as targets (see section 6.3.4). All transduction approaches were conducted by using the Phoenix-Ampho 
virus producer cell line (see section 6.4.11). Approx. 6 ml of infectious gamma retroviral supernatant 
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were collected from transfected Phoenix-Ampho cells and were then centrifuged (2000 RPM, 10 min, 
32 °C) to remove residual retroviral producer cells and debris. For retroviral transduction of human T 
lymphocytes, 3-5E+06 T cells were resuspended in 6 ml retroviral supernatant (4 µg/ml Polybrene) and 
were then transferred into 24-well plates (2 ml per well). For transducing other human cell lines with 
exogenous HLA expression constructs, used cell numbers differed between adherent and non-adherent 
tumor cells. In case of cell suspensions, 2-3E+06 cells were resuspended in 6 ml of the infectious 
supernatant (4 µg/ml Polybrene) and were subsequently transferred into 6-well plates (3 ml per well). 
For transducing adherent cells, 8E+06 cells were plated in two wells of a 6-well plate and 3 ml retroviral 
supernatant (4 µg/ml Polybrene) were added after approx. 20 h to both wells, respectively. To optimize 
transduction efficiencies, all prepared 6- and 24-well plates were eventually centrifuged (2000 RPM, 90 
min, no breaks, 32 °C) and were then cultivated for approx. 20 h at 37 °C, 5% CO2, and 95% humidity. 
Infectious viral supernatants were removed by washing the cells with 10 ml PBS (1500 RPM, 5 min, 
RT) approx. 24 h after transduction. Depending on cell types, transduced cells were cultivated in 
appropriate volumes of RPMI complete or Panserin complete medium additionally supplemented with 
1 µg/ml of puromycin, respectively. Transduced adherent cells were detached from 6 well plates before 
cultivation in RPMI complete medium. Transduced human T cells were additionally stimulated with 
Human T-Activator CD3/CD28 Dynabeads (Thermo Fisher Scientific, Waltham, USA) at ratios of 3 µl 
per 1E+06 T cells. Anti-CD3/28 beads were eventually removed after 1 week of non-specific T cell 
expansion by using a magnetic particle separator (Dynal, Hamburg, Germany) according to the 
manufacturer’s instructions. 

6.4.11 Transient transfection of Phoenix-Ampho cells 

The Phoenix-Ampho virus producer cell line was utilized for generating infectious retroviral particles 
for subsequent transduction of human T lymphocytes and various tumor cell lines (see section 6.4.10). 
Hence, Phoenix-Ampho cells were co-transfected with three different vectors: While cDNA expression 
constructs were provided in pMX destination vectors (see Table 5.5), two additional helper plasmids 
(pHIT60-GagPol, pCOLT-GALV) were used to encode essential parts for later virion assembly and 
function, such as viral enzymes, envelope proteins, and viral core structure proteins 345,346. Phoenix-
Ampho cells were plated in 10 cm petri dishes at concentrations of 1.2E+06 cells in 8 ml DMEM 
complete medium. The medium was replaced with 6 ml of fresh DMEM complete medium after approx. 
24 h of incubation (37 °C, 5% CO2, 95% humidity). Cells were then transfected by using the non-
liposomal multicomponent transfection reagent FuGENE 6 (Promega, Madison, USA). Hence, 35 µl 
FuGENE 6 were added to 800 µl of non-supplemented DMEM medium before the mixture was 
incubated for 5 min at RT. Afterwards, 5 µg of both helper plasmids (pHIT60, pCOLT-GALV) were 
added together with 10 µg of the respective pMX plasmids either encoding TCR or HLA expression 
cDNA constructs (see Table 5.5). Subsequently, the transfection mix was dropped onto the plated 
Phoenix-Ampho cells after a final incubation period of 15 min at RT. After approx. 24 hours of 
incubation (37 °C, 5% CO2, 95% humidity), the DMEM medium was removed and 8 ml of fresh RPMI 
complete medium were carefully transferred onto plated Phoenix-Ampho cells. After a final incubation 
of 19-20 hours (37 °C, 5% CO2, 95% humidity), retrovirus-containing supernatants were harvested and 
used for subsequent transductions of human T lymphocytes and tumor cells. 

6.4.12 Transient cDNA transfection of HEK 293T cells  

For the transient expression of HLA/antigen combinations, HEK 293T cells were co-transfected with 
patient-specific HLA alleles and expression constructs either encoding tumor-specific antigens (TSAs) 
or tumor-associated antigens (TAAs). High transfection efficiencies were achieved by using the cationic 
transfection reagent Lipofectamine 2000 (Invitrogen, Waltham, USA) to transiently modify HEK 293T 
cell cultures exhibiting maximal cell confluences of 60-80%. Transfected HEK 293T were eventually 
used as target cells in IFN-γ ELISpot Assays (see section 6.3.4). Since ELISpot assays were performed 
in 96-well filter plates (Merck Millipore, Burlington, USA), respective transfection mixes were prepared 
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in conventional 96-well U-bottom plates and were then transferred onto 2E+04 HEK 293T cells 
previously plated in 120 µl RPMI medium per well (ELISpot filter plate). Lipofectamine Master mixes 
were prepared for each transfection approach. For each well, 0.5 µl of the transfection reagent were 
mixed with 20.5 µl RPMI medium, followed by incubation for 5 min at RT. In parallel, 300 ng 
TAA/TSA expression constructs were mixed with 100 ng of HLA-encoding pcDNA3.1 vector (see 
Table 5.5) before being resuspended in 12 µl RPMI and subsequently transferred into a 96-well U-
bottom plate. 21 µl of the previously prepared Lipofectamine master mix were added per well before 
mixing wells by pipetting and subsequent incubation for 20 min at RT. Finally, 30 µl of the resulting 
transfection mix were added to each well of HEK 293T cells (20,000 per well) that had previously been 
seeded in ELISpot filter plates. After mixing cells and transfection mixes by pipetting, HEK 293T cells 
were incubated for 20-24 h at 37 °C (5%, CO2, 95% humidity). After incubation, 100 µl transfection 
mix were discarded and effector cells were added at desired cell concentrations in 50 µl RPMI medium 
per well. Transfection efficiencies were assessed via EGFP control transfections. Here, HEK 293T cells 
were transfected with 100 ng of an pcDNA3.1-encoded EGFP construct (see Table 5.5), thereby 
facilitating flow cytometry-based expression analysis approx. 24 h after transfection. 

6.4.13 Transformation of NEB 10-beta competent E. coli bacteria 

Chemically competent NEB 10-beta E. coli bacteria were used to amplify plasmid cDNA constructs 
during Gateway cloning (see section 6.4.8) and site-directed mutagenesis (see section 6.4.4.3). For 
transformation, 3 µl of plasmid cDNA constructs were mixed with 25 µl of NEB 10-beta E. coli bacteria 
and were afterwards incubated for 30 min on ice. After heat shocking for 30 s at 42 °C (water bath), 
bacteria were incubated on ice for 2 min before being transferred into 125 µl SOC Outgrowth Medium 
(New England Biolabs, Ipswich, USA) and subsequent incubation for 2 h at 37 °C (shaker). Approx. 
50-70 µl of transformed bacteria were eventually streaked on LB agar plates either containing 100 µg/ml 
ampicillin or 50 µg/ml kanamycin. Finally, LB agar plates were incubated over night at 32 °C and 
individual bacteria colonies were picked for later Colony-PCR (see section 6.4.4.1). 

6.4.14 CRISPR/Cas9-based knock-in of the KRASQ61R mutation in NCI-H460 cells 

The CRISPR/Cas9 genome editing system was used to introduce a glutamine to arginine substitution at 
KRAS amino acid position 61 (p.Q61R) in HLA-A*01:01-expressing NCI-H460 lung carcinoma cells. 
A KRAS-specific crRNA was designed by utilizing the Alt-R Custom Cas9 crRNA Design Tool (IDT, 
Coralville, USA) and was then combined with the Alt-R CRISPR-Cas9 tracrRNA (IDT, Coralville, 
USA) to generate highly specific ribonucleoproteins (RNPs). Single-stranded oligodeoxynucleotide 
(ssODN) constructs were designed by using the Alt-R CRISPR HDR Design Tool (IDT, Coralville, 
USA) and were then used to introduce the p.Q61R mutation via homology-directed repair (HDR).These 
ssODN constructs encoded the KRASQ61R mutation flanked by homology arms of 40-46 nucleotides. To 
improve donor oligo stabilities, ssODN constructs additionally included IDT-proprietary end-blocking 
groups and two phosphorothioate bonds between their first and last three bases, respectively. 
Incorporating three additional silent mutations at ssODN nucleotide positions 48, 60, and 63 prevented 
the Cas9 enzyme from re-cutting target sequences after successful HDR reaction. The CRISPR/Cas9 
system was delivered by using the preset electroporation program X-001 on a Nucleofector 2b device 
(Lonza, Basel, Switzerland). Briefly, two-part gRNA complexes were prepared at final concentrations 
of 100 µM and were then combined with recombinant Cas9-NLS nucleases (QB3 Macrolab, Berkeley, 
USA) for the generation of KRAS-specific RNPs. After RNP formation (20 min, RT), 3E+06 HLA-
A*01:01-positive NCI-H460 cells were transfected in 110 µl OptiMeM medium containing 4 µM 
ssODN templates, 1 µM Alt-R Cas9 Electroporation Enhancer (IDT, Coralville, USA), and 4 µM RNPs. 
Nucleofected cells were finally cultivated (37 °C, 5% CO2, 95% humidity) in 6-well plates by using 2 
ml RPMI complete medium supplemented with 30 µM Alt-R HDR Enhancer V2 (IDT, Coralville, USA) 
per well. The medium mix was replaced with RPMI complete medium after 18-20 h of cultivation. 



Methods 

112 

Single cell clones were established via limiting dilution cloning (see section 6.2.5) after 3 days of 
cultivation (37 °C, 5% CO2, 95% humidity). 

6.4.15 Preparation of peptide libraries 

Most promising neoantigen candidates were identified via comparative WES and RNA-Seq (see section 
6.5.4) and were then synthesized (JPT, Berlin, Germany) as patient-specific 9- and 10-mer neopeptide 
libraries (purity >90%). Hence, best HLA-binding 9- and 10-mer neopeptide sequences were identified 
(see section 6.5.8) for each patient, respectively. Lyophilized peptides (31 µg/peptide) were 
subsequently dissolved in 60 µl DMSO to establish concentrations of approx. 516 µg/ml and were then 
diluted with RPMI complete medium to final concentrations of 16 µg/ml. Eventually, peptide library 
master plates (96-well) containing 200 µl/well of each peptide (16 µg/ml) were prepared and 
subsequently frozen at -20 °C. Individual 9- and 10-mer peptides were finally used at concentrations of 
2 µg/ml for following ELISpot assays (see section 6.3.4). 

6.4.16 Preparation of tandem minigene libraries 

Most promising P43 neoantigen candidates were identified via comparative WES and RNA-Seq (see 
section 6.5.4) and were subsequently synthesized as peptide (see section 6.4.15) or tandem minigene 
(TMG) libraries. According to Lu et al. 190, individual TMGs were designed as continuous ORFs with 
no spacer sequences and contained up to 5 patient-specific amino acid mutations or TAA epitopes. Every 
single candidate mutation was adjacently flanked by the 12 amino acids of the corresponding non-
mutated protein, thereby facilitating the generation of every possible 8- to 12-mer peptide exhibiting the 
respective mutation at any possible position. TMGs were synthesized and cloned into ready-to-transfect 
pTwist_CMV_BetaGlobin_WPRE_Neo vectors (Twist Biosciences, South San Francisco, USA). 
Lyophilized DNA vectors were resuspended in 100 µl TE buffer, thereby establishing individual TMG 
concentrations of 20 ng/µl, and were subsequently stored at -20 °C. HEK 293T cells were eventually 
transfected (see section 6.4.12) by using 150 ng TMG cDNA and 100 ng of a patient-specific HLA 
expression construct. Finally, co-transfected HEK 293T cells were used as targets in subsequent IFN-γ 
ELISpot assays (see section 6.3.4). Transfection efficiencies were assessed as described in section 
6.4.12. 

6.5 Sequencing and bioinformatics  

6.5.1 TCR beta profiling 

HSD analyzed TCR beta repertoires of stage III NSCLC patients by isolating high molecular weight 
genomic DNA (gDNA) from a patient’s tumor- and healthy lung tissue-resident T cells. Prior to gDNA 
purification, single cell suspensions were created from excised lung and tumor tissues before being used 
for Percoll-based density gradient centrifugation (see section 6.2.4). Here, CD3+, CD4+, CD8+, and 
PD-1+ T lymphocytes were purified from isolated leukocyte fractions by using MACS cell separation 
according to the manufacturer’s instructions. Eventually, gDNA was isolated from respective T cell 
fractions by using the QIAamp DNA Blood Kit (Qiagen, Hilden, Germany) according to the 
manufacturer’s instructions. Isolated gDNA samples were finally used for tissue-specific TCR beta 
profiling via NGS. Hence, TCR beta chain-encoding gene regions were analyzed by using the Illumina 
MiSeq System (Illumina, San Diego, USA) by applying TRBV/J-specific primer sets and a proprietary 
two-step contamination protection method for NGS-library preparation 353,354. TCR repertoire 
sequencing results (TRBV chains, 2x 150 bp paired Illumina reads) were processed by using an HSD-
developed pipeline to establish CDR3 consensus sequences while simultaneously removing inconsistent 
or non-overlapping read-pairs. TCR clonotypes were identified by clustering of high-quality consensus 
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CDR3 sequences. Clonotype frequencies were calculated as percentages of all clonotypes found in a 
given sample. Revealed TCR beta repertoires of analyzed T cell subpopulations were ultimately used 
for the identification of potentially tumor-reactive TCR clonotypes (see section 6.5.2).  

6.5.2 Identification of potentially tumor-specific TCR clonotypes 

For identifying potentially tumor-specific T cell clonotypes, HSD compared TCR beta repertoires in 
healthy lung and tumor tissues of NSCLC patients P18, P43, and P50 (see section 6.5.1). Tumor-to-non-
tumor (T/nT) ratios of individual clonotypes were finally determined with high T/nT ratios indicating 
both tumor enrichment and potential tumor reactivity. Here, promising TCR clonotypes exhibited T/nT 
ratios of >5 while T/nT ratios of >20 characterized the most dominant clonotype candidates. By also 
analyzing PD-1+ cell fractions from a patient’s normal lung and tumor tissues, TCR clonotypes were 
eventually ranked based on both T/nT ratios as well as PD-1 expression. Thus, only PD-1+ TCR 
clonotypes exhibiting the highest T/nT ratios were considered potential tumor-reactive 208 and were 
therefore chosen for further antigen screenings. Since T/nT ratios were exclusively determined via 
CDR3 beta sequencing (see section 6.5.1), RNA-Seq (10x Genomics, Pleasanton, USA) was eventually 
used to reveal complete αβ sequences of most promising TCR candidates (see section 6.5.3). Ready-to-
transfect expression constructs encoding paired αβ TCR sequences were finally synthesized for the 
generation of transgenic T cell populations (see section 6.4.10). 

6.5.3 Establishing TCR expression constructs 

Single T cell sequencing was used for revealing paired αβ TCR sequences of potentially tumor-reactive 
TCR clonotypes. Hence, HSD used the 10x Genomics GemCode Technology (10x Genomics, 
Pleasanton, USA) for generating single cell cDNA-libraries from CD3+ TIL suspensions. Briefly, TCR 
expression of single T lymphocytes were analyzed on mRNA level by applying the Chromium Next 
GEM Single Cell V(D)J Reagent Kit in combination with the Chromium Single Cell V(D)J Enrichment 
Kit (both: 10x Genomics, Pleasanton, USA) according to the manufacturer’s instructions. Here, cDNA 
was generated from individual T cells by using constant region-specific primers for TCR alpha and beta 
chains, respectively. Complete TCR alpha and TCR beta segments were subsequently amplified by 
using a full-nested PCR approach including primers for every possible combination of Vα and Cα 
segments. Since VDJ regions of most dominant TCR clonotypes had previously been revealed (see 
section 6.5.2), the PCR-mediated amplification of corresponding TCR beta chains was performed by 
exclusively using the respective Vβ primers. Adding plate- and well-specific barcodes during library 
preparation enabled the pooling of up to 6 different 96-well plates for subsequent NGS analysis. Single 
cell sequencing reads were eventually processed by using the 10x Genomics Cell Ranger pipeline 
(v6.0.2) with default parameters to generate unique molecular identifier (UMI) matrices. After further 
downstream analysis and quality control, cells with less than 400 UMI, fewer than 250 genes, and greater 
than 20% UMI in mitochondrial genes were removed. 

Paired αβ TCR sequences of potentially tumor-reactive T cell clonotypes were finally cloned into 
expression constructs suitable for subsequent retroviral transduction of human donor lymphocytes (see 
Table 5.5). Hence, VDJ regions of respective αβ TCRs were synthesized as gBlock (IDT, Coralville, 
USA) gene fragments, which were eventually used for generating bicistronic cDNA constructs encoding 
human variable domains together with murine TCR constant regions. As previously described by Kropp 
et al. 225, TCR sequences were cloned into pMX-puro retroviral expression vectors containing single 
P2A segments to facilitate the separation of respective TCR chains during translation. While HSD 
performed all TCR sequencing analyses and corresponding cloning approaches (see also section 6.5.2), 
pMX cDNA backbones were initially designed and provided by the Wölfel group (University Medical 
Center Mainz, Mainz, Germany). 
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6.5.4 Comparative WES and RNA-Seq 

Comparative whole exome sequencing (WES) and RNA-Seq were used to identify mRNA-expressed 
tumor-specific nucleotide variations either causing amino acid substitutions or aberrant reading frames 
in NCSLC tissues of individual patients. Therefore, high molecular weight gDNA (see section 6.4.2) 
and total RNA (see section 6.4.3) were isolated for subsequent NGS from NSCLC and normal lung 
tissues of patients P18, P43, and P50. Comparative WES of tumor and normal tissue-derived gDNA was 
used to identify potential neoantigen-encoding mutations, such as single nucleotide variations (SNVs), 
multiple nucleotide variations (MNV), and insertions/deletions (InDels). In contrast, RNA-Seq was 
exclusively performed for tumor-obtained total RNA samples to verify actual mRNA expression of 
neoantigen candidates previously identified via WES. For library preparation and subsequent 
transcriptome sequencing, 6 µg of NSCLC-derived total RNA were sent to StarSEQ GmbH (Mainz, 
Germany) on dry ice. In contrast, comparative WES was performed (StarSEQ GmbH, Mainz, Germany) 
by either using 1 µg of tumor- or normal lung-derived gDNA. While RNA sample qualities were 
generally assessed by using a Bioanalyzer (Agilent Technologies, Santa Clara, USA) device, gDNA 
qualities were analyzed via gel electrophoresis (see section 6.4.5) and NanoDrop (Thermo Fisher 
Scientific, Waltham, USA) analysis, respectively. The NextSeq500 (Illumina, San Diego, USA) system 
was used for all NGS approaches, thereby resulting in approx. 60 million paired-end WES reads (150 
nt) and an estimated coverage of 100x per sample. Furthermore, the SureSelectXT Human All Exon Kit 
(Agilent Technologies, Santa Clara, USA) was applied for all exome enrichments conducted by StarSEQ 
(StarSEQ GmbH, Mainz, Germany). Transcriptome sequencing of tumor-obtained total RNA samples 
resulted in approx. 80 million paired-end reads (150 nt) and an estimated coverage of at least 30x per 
sample. The resulting sequencing data was further processed as described in section 6.5.7. 

6.5.5 HLA genotyping  

HLA genotyping was performed for NSCLC patients P18, P43, and P50. Hence, gDNA was isolated 
(see section 6.4.2) from NSCLC tissues of individual patients and was then sent to the Institut für 
Immunologie und Genetik (Kaiserslautern, Germany) for further analysis. Due to potential HLA loss in 
patient-derived tumors, only tumor-derived gDNA (approx. 1 µg) was used for HLA genotyping. 

6.5.6 Sanger Sequencing 

Sanger Sequencing was used to verify the integrities of all established cDNA expression constructs (see 
Table 5.5). Hence, Mix2Seq Sequencing Kits (Eurofins Genomics, Ebersberg, Germany) were used 
according to the manufacturer’s instructions after expression constructs were amplified in previously 
transformed E. coli bacteria (see section 6.4.13). Depending on cDNA inserts and vector backbones, 
matching primers were chosen for subsequent sequencing (see Table 5.6.1). Obtained sequencing data 
was subsequently verified by using the Geneious 8.1.9 (Biomatters Inc, Auckland, New Zealand) 
sequencing data analysis software and intact expression constructs were eventually used for retroviral 
transduction (see section 6.4.10) or transient transfection (see section 6.4.12) approaches, respectively. 

6.5.7 Processing of WES and RNA-Seq data 

Comparative WES and RNA-Seq was used for the identification of potential neoantigen candidates that, 
in theory, could represent new target antigens for future immunotherapies (see section 6.5.4). Hence, 
WES and RNA-Seq data was further analyzed by using the CLC Genomics Workbench (Qiagen, Hilden, 
Germany) software (versions 20-23; see corresponding tools depicted below in italics). NGS data 
analyses were mostly performed by (UMC Mainz, Mainz, Germany). 

Briefly, all sequencing reads were used for adaptor trimming before they were mapped to the human 
reference genome assembly hg38 (GCA_000001405.28, GCF_000001405.39). The Local Realignment 
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tool was then used to optimize overall read mappings to the reference genome. Next, tumor tissue-
derived WES data was used for Low frequency Variant Detection to identify all patient-specific 
mutations not present in hg38. Tumor-specific mutations were then identified by excluding all variants 
also present in the normal lung tissue of the respective patient via the Remove Variants Present in 
Control Reads function. Tumor-specific variants resulting from poor sequencing quality or few 
sequencing reads were immediately excluded by applying the Remove Marginal Variants algorithm. 
Remaining mutations were afterwards annotated based on mappings with hg38 (Annotate with Overlap 
Information). In parallel, analysis and annotation of tumor-specific gene transcript expression was 
facilitated by applying the RNA-Seq Analysis tool and by using adapter-trimmed patient tumor RNA-
Seq data. Detected RNA transcripts were considered to be actually expressed in a patient’s tumor tissue 
when RPKM scores were ≥0.5. The in silico screening for RNA transcripts was subsequently optimized 
by applying the Local Realignment_RNASeq algorithm, thereby removing false positive results. 
Potentially immunogenic candidate neoantigens were eventually identified by filtering for mRNA-
expressed (RPKM ≥0.5) tumor-specific mutations present in a patient’s tumor tissue (Filter Based on 
Overlap) and subsequent filtering for amino acid changing consequences (Amino Acid Changes). 
Finally, most prominent candidate neoantigens (average quality >34, variant read counts >4, quality 
>100) were manually curated and used for following peptide binding predictions (see section 6.5.8). 

6.5.8 Candidate neoantigen peptide binding predictions 

To screen for potentially immunogenic peptides that are most likely to be presented by a patient’s HLA 
molecules, annotated candidate neoantigen lists resulting from NGS data processing (see section 6.5.7) 
were further used for patient-specific peptide binding predictions. Peptide binding predictions were 
performed by  (UMC Mainz, Mainz, Germany). Nucleotide and corresponding 
amino acid sequences of mRNA-expressed neoantigen candidates (see section 6.5.4) were obtained from 
the Ensemble Genome Browser 105 database (see Table 5.8).  

Since HLA class I molecules preferentially bind short peptides of 9 to 10 amino acids 18, all possible 9- 
and 10-mer peptides comprising one of the identified candidate mutations were considered to be 
potentially immunogenic. Hence, peptide binding predictions were performed by utilizing 19-mer 
peptides comprising one of the respective candidate mutations flanked by the 9 adjacent amino acids of 
the corresponding canonical protein. Peptide binding analyses were performed for each of a patient’s 
HLA alleles by applying the in silico generated 19-mer peptides to different prediction tools, namely 
the IEDB MHC-I Binding Prediction tool and the NetMHC-4.0 257 algorithm (see Table 5.8). Depending 
on the HLA alleles analyzed during this study, two different prediction methods were applied when 
using the IEDB MHC-I binding prediction tool, namely the Consensus 258 and the NetMHCpan-4.0 259 
algorithms. The 9- and 10-mer peptides predicted to bind a patient’s HLA molecules best (IEDB 
percentile rank ≤6.0; NetMHC-4.0 binding affinity IC50 ≤500nM) were, if possible, determined as 
consensus candidates identified by both prediction tools. Most promising candidate neopeptides with 
highest predicted binding affinities were eventually synthesized (JPT Peptide Technlogies GmbH, 
Berlin, Germany) and used for subsequent IFN-γ ELISpot-based antigen screenings (see section 6.3.4). 
In case of tumor-specific frameshift mutations, peptide binding predictions were performed as described 
above for non-synonymous SMVs and MNVs. In contrast, 19-mer peptides were generated for every 
downstream mutation that might be induced by the respective nucleotide insertions or deletions. 

6.5.9 In silico identification of recurrent diver mutations 

One major goal of this study was to reveal patient-specific target neoantigens for future 
immunotherapies. Hence, comparative WES and RNA-Seq were used to identify mRNA-expressed 
candidate mutations in tumor tissues of NSCLC patients P18, P43, and P50 (see sections 6.5.4 and 
6.5.7). To be able to identify recurrent somatic mutations shared among patients and multiple tumor 
types, all identified variations were screened for concordances with public databases listing hundreds of 
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recurrent driver mutations, such as COSMIC, Intogen, and TCGA (see Table 5.8). Whenever one of the 
variations was found to be listed as a recurrent driver mutation, corresponding cDNA was synthesized 
(see section 6.4.7) from patient-specific tumor total RNA samples and was then cloned into a ready-to-
transfect pcDNA3.1 expression construct (see section 6.4.8). Generated expression constructs were 
finally added to the pre-existing TAA panel (Sup. Fig. 13) used for subsequent antigen screenings. 

6.5.10 In silico identification of recurrent TCRs 

One major goal of this study was to verify the tumor specificity of TCRs cloned from potentially tumor-
reactive T cell clonotypes (see section 6.5.2) derived from NSCLC patients P18, P43, and P50. Tumor 
specificities were verified by identifying the exact tumor antigens specifically recognized by those 
TCRs. Hence, amino acid sequences of analyzed TCRs were checked against TAA/TSA specificity 
databases, thereby potentially circumventing highly extensive antigen screening approaches for some of 
the tested TCRs. Recurrent TCR analyses were performed by . Here, individual α- 
and β-chain sequences, CDR3 sequences, and paired αβ TCR sequences were used to query databases 
like VDJdb (see Table 5.8) listing thousands common TCRs. Since pathogen-reactive T cells were 
previously also found to accumulate in tumor tissues of NSCLC patients 220, those database screenings 
were also performed to exclude pathogen-specific TCRs from following antigen screening approaches. 
By comparing HSD-derived TCR sequences with public receptor databases, it was possible to reveal 
antigen specificities towards both pathogen-derived antigens and TAAs (see section 3.4.4). ORFs 
encoding respective antigen epitopes were subsequently cloned (see section 6.4.8) in ready-to-transfect 
pcDNA3.1 vector backbones and were eventually used for further antigen screenings. 

6.5.11 In silico identification of TCR clusters 

TCR repertoire data obtained from different cancer patients were compared by means of sequence 
similarities in their respective CDR3 regions. The applied algorithm worked in two rounds, with round 
one generating a number of seed clusters identified by grouping of all paired TCRs (associated alpha 
and beta chain were treated as one connected sequence) exhibiting sequence similarities of at least 89% 
in both TRAV- and TRBV-CDR3 regions, respectively. For conducting efficient sequence comparisons 
between thousands of TCRs, several algorithms are publicly available, such as CDHIT, iSMART, and 
many more. Once the seed clustering was completed, consensus amino acid sequences covering the 
respective TRBV-CDR3 regions were calculated for each cluster. In a second round, generated 
consensus sequences and non-paired TCR beta chain sequencing data from additional patients were 
subjected to another clustering by applying similar parameters as in the first round. Finally, most 
promising cluster TCRs were determined when they were, according to the HS Diagnomics definition 
(see section 6.5.2), considered potentially tumor-specific in at least a subgroup of patients included in 
each of the respective clusters. All TCR clusters were identified by HS Diagnomics (Berlin, Germany). 

6.5.12 Figure design 

Figures were designed by using the PowerPoint 2019 (Microsoft, Redmond, USA) or the GraphPad 
Prism 10.0.3 (GraphPad Software, Boston, USA) software. Flow cytometry plots were designed by 
using the FACS DIVA 9.0 (BD Biosciences, Heidelberg, Germany) and the FlowJo 7.6.5 (FlowJo, 
Ashland, USA) software. All sequence analyses were conducted by using the Geneious 8.1.9 
(Biomatters Inc., Auckland, New Zealand) software (see summarizing Table 5.8).   
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7.2 Supplementary Figures 

Supplementary Figure 1: 
 

 
Sup. Fig. 1: CRISPR/Cas9-based KO of endogenous TCR expression in CD8+ donor lymphocytes derived from BC827. 
Endogenously expressed TCRs of BC827-derived T cell populations were knocked out before retroviral transduction with P18 TCR expression 
constructs. When compared to a control CTL clone (CTL 1A.1) derived from the peripheral blood of melanoma patient Ma-Mel-86 (provided 
by the Wölfel lab), endogenous TCR expression was absent in more than 95% of all treated BC827 donor lymphocytes. TCR expression was 
determined via hTRAC staining. Flow cytometry was performed 18 days after CRISPR/Cas9 treatment. Flow cytometry data was gated based 
on viable T cell populations and non-specific isotype (IgG1) controls. Abbr.: APC = Allophycocyanin; BC = buffy coat; CTL = cytotoxic T 
lymphocyte; FSC = forward scatter; hTRAC = human T cell receptor alpha chain constant region; KO = knock-out; PE = Phycoerythrin; 
SSC = sideward scatter; TCR = T cell receptor. 

  



Appendix 

130 

Supplementary Figure 2: 
 

 
Sup. Fig. 2: Raw ELISpot data for P18 tumor recognition shown in Figure 3.2.3.  
IFN-γ secretion was used as a marker for T cell recognition. ELISpot assays were performed 16 days after retroviral transduction of BC827-
derived CD8+ T cell cultures with P18 TCR expression constructs. BC827-derived T cell populations had before been used for a CRISPR/ 
Cas9-based KO of their endogenous TCR expression. Effector numbers per well were calculated based on mTRAC staining performed on day 
13 after retroviral transduction (Fig. 3.2.2). Potential IFN-γ secretions of P18 tumor cell suspensions were assessed by analyzing P18 tumor 
cells in the absence of effector cells (P18 tumor only preparation). IFN-γ background levels were assessed by analyzing transgenic T cell 
populations in the absence of any target cells (CD8+only preparations) and were then used for data normalization. General T cell functionality 
was assessed by analyzing IFN-γ secretion capacities of transgenic T cell populations upon non-specific activation with OKT-3. For final 
evaluation, non-used wells and wells containing irrelevant antigen testing information were excluded from plate scans. Due to the poor quality 
of autologous tumor cell suspensions, P18 recognition analyses could only be performed in single wells. All performed control analyses were 
conducted as duplicates. Used effector cells per well: 10,000 mTRAC+ TCR-T cells. Used P18 tumor cells per well: 16,000. W6/32 
concentration per well: 50 µg/ml. Abbr.: BC = buffy coat; KO = knock-out; mTRAC = murine T cell receptor alpha constant region; TCR = 
T cell receptor.  
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Supplementary Figure 3: 
 

 
Sup. Fig. 3: HLA class I peptide binding prediction results for NSCLC patient P18. 
In silico HLA binding predictions were individually performed for each P18 HLA-I allele by using mutated 19-mer peptides, each of which 
represented one of the 74 identified non-synonymous variations. P18 HLA class I binding predictions resulted in a total of 581 candidate 
neoantigen 9- and 10-mer peptides. The 14-16 potentially best binding neopeptide candidates were synthesized (JPT Peptide Technologies, 
Berlin, Germany) for each P18 HLA-I allele. 9-/10-mer sequences are shown in bold letters with mutated amino acids being highlighted in 
red. Corresponding gene annotations are depicted in italic font. Neopeptides predicted for all HLA-I alleles except for HLA-C*07 and HLA-
B*40 are additionally marked with an asterisk. In addition, two control peptides were synthesized to assess the overall quality of the peptide 
library. Both control peptides were previously shown to be specifically recognized by CTL cultures initially obtained from the melanoma 
patient Ma-Mel-86 226: CTL 16C/114 specifically recognized YYSKNLNSFF while CTL 3A/115 recognized VYQYTFPDF. Hence, the overall 
quality of the peptide library was verified before starting any neopeptide screenings. Abbr.: CTL = cytotoxic T lymphocyte; HLA = human 
leukocyte antigen; Mel = melanoma; NSCLC = non-small cell lung cancer. 
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FIKPWESPY KQDHYAWGL LRRRRARAR IEVLRINNT NTFQHSVVV IRNCYLPHC

PTPRD DNAH17 GP1BB LRP2 TP53 RPAP1

ASDVSDVIK KMNSTLGGV NFYCREHTNL QEGATSVVL AGHEEYSAM RRRARARAR

HTRA1 ADCY5 DNMBP AC124319.1 KRAS GP1BB

ETSLGPLSCV YMAMYLTYSF* TAGHEEYSAM GRLVLPQLL

TMEM94 MFSD12 KRAS SPOCK2



Appendix 

132 

Supplementary Figure 4: 
 

 
Sup. Fig. 4: Raw ELISpot data for neopeptide recognition screening shown in Fig. 3.2.5 B.  
IFN-γ secretion was used as a marker for T cell recognition. ELISpot assays were performed 33 days after retroviral transduction of BC827-
derived CD8+ T cells with P18 TCR expression constructs. Used T cell populations had before been used for a CRISPR/Cas9-based KO of 
their endogenous TCR expression (Sup. Fig. 1). Effector numbers per well were calculated based on previously performed mTRAC staining. 
Different concentrations of transgenic CD8+ T cell populations were tested per well. Target recognition analyses were performed as duplicates 
and used effector cell numbers are stated for each well. IFN-γ background levels were assessed by analyzing TCR-T cell populations in the 
absence of target cells (CD8+only preparations) and were subsequently used for data normalization. Non-used wells and wells containing 
irrelevant antigen screening information were excluded from plate scans for final evaluation. Used target cells per well: 50,000. Neopeptide 
concentrations per well: 2 µg/ml. Tested peptides (mutated AA highlighted): A01 = KRAS (ILDTAGHEEY); A10 = SVEP (ILNGKFSYTY); 
A11 = MFSD12 (LTYSFHLPK); A12 = LARGE2 (VPAFETLLY); B1 = TYW1 (GACYKHTFY); B7 = KDELC2 (SMLEALRGV); D1 =FNIP2 
(LWLRSQTTSL). Retrospective corrections of inaccurately counted wells are highlighted in green font. Abbr.: BC = buffy coat; c/w = 
cells/well, FNIP2 = Folliculin Interacting Protein 2; H = histidine; HLA = human leukocyte antigen; KDELC2 = Protein O-
Glucosyltransferase 3; KRAS = Kirsten rat sarcoma viral oncogene; Q = glutamine; LARGE2 = LARGE Xylosyl- and Glucuronyltransferase 
2; MFSD12 = Major Facilitator Superfamily Domain-Containing Protein 12; mTRAC = murine T cell receptor alpha constant region; SVEP 
= Sushi, Von Willebrand Factor Type A, EGF And Pentraxin Domain Containing; TCR = T cell receptor; TYW1 = TRNA-YW Synthesizing 
Protein 1 Homolog. 
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Supplementary Figure 7: 

 
Sup. Fig. 7: Raw ELISpot data for antigen recognition testing shown in Figures 3.2.6 and 3.2.10 A/B.  
IFN-γ secretion was used as a marker for T cell recognition. ELISpot assays 1-3) were performed by using TCR-T cell populations either 
generated from BC074- or BC437-derived T lymphocytes that had before been applied to a CRISPR/Cas9-based end.TCR-KO approach (Sup. 
Fig. 5 A and B). For BC074, ELISpots were performed 20 days (1) and 35 days (2) after retroviral transduction. BC437-derived T cells were 
used 39 days (3) after TCR transduction. Non-used wells were excluded for final evaluation. Target recognition analyses were performed with 
10,000 mTRAC+ T cells, 50,000 target cells and final neopeptide concentrations of 2 µg/ml per well, respectively. Effector numbers per well 
were calculated based on previously performed mTRAC staining. IFN-γ background levels were assessed by analyzing effector populations in 
the absence of any target cells (T cells only preparations) and were subsequently used for data normalization. Retrospective corrections of 
inaccurately counted wells are highlighted in green font. Abbr.: BC = buffy coat; end. = endogenous; H = histidine; HLA = human leukocyte 
antigen; KO = knock-out; KRAS = Kirsten rat sarcoma viral oncogene; mTRAC = murine T cell receptor alpha constant region; p. = amino 
acid position; Q = glutamine; TCR = T cell receptor; TNTC = too numerous to count.   
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Supplementary Figure 8: 
 

Sup. Fig. 8: Raw ELISpot data 
for KRASQ61H peptide titrations 
shown in Figure 3.2.7. 
IFN-γ secretion was used as a 
marker for T cell recognition. 
ELISpot assays were performed 
26 days after retroviral 
transduction of BC074-derived T 
cell cultures with P18 TCR 
expression constructs. BC074-
derived T cell populations had 
before been applied to a 
CRISPR/Cas9-based KO of their 
endogenous TCR expression 
(Sup. Fig. 5 A). Recognition 
testing was performed as 
duplicates with 10,000 mTRAC-
positive T cells, 50,000 target 
cells and differing peptide 
concentrations for each well. 
Effector numbers per well were 

calculated based on previously performed mTRAC staining. IFN-γ background levels were assessed by analyzing transgenic T cell populations 
in the absence of target cells (T cells only preparations) and were subsequently used for data normalization. Abbr.: BC = buffy coat; H = 
histidine; HLA = human leukocyte antigen; KO = knock-out; KRAS = Kirsten rat sarcoma viral oncogene; mTRAC = murine T cell receptor 
alpha constant region; p. = amino acid position; Q = glutamine; TCR = T cell receptor. 
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Supplementary Figure 9: 
 

Sup. Fig. 9: Raw ELISpot data for 
KRAS mutation testing shown in 
Figure 3.2.8. 
IFN-γ secretion was used as a marker 
for T cell recognition. Target recog-
nition analyses were performed as 
duplicates with 7,500 mTRAC+ T cells 
and 20,000 transfected target cells per 
well. 300 ng of KRAS cDNA were used 
per well. IFN-γ background levels 
were assessed by analyzing transgenic 
T cell populations in the absence of 
target cells (T cells only preparations) 
and were subsequently used for data 
normalization. ELISpot assays 1) and 
2) were performed 41 days (CD4+) 
and 40 days (CD8+) after retroviral 
transduction of BC437-derived T cells 
with TCR expression constructs. 
ELISpot assay 3) was performed 55 
days (CD4+) and 54 days (CD8+) 
after retroviral transduction of 
BC437-derived T cells with TCR 
expression constructs. BC437-derived 
T cell populations had before been 
used for a CRISPR/Cas9-based 
end.TCR-KO approach (Sup. Fig. 5 
B). Retrospective corrections of 
inaccurately counted wells are shown 
in green font. Abbr.: BC = buffy coat; 
cDNA = complementary DNA; end. = 
endogenous. H = histidine; HEK = 
human embryonic kidney; HLA = 
human leukocyte antigen; K = lysine; 
KO = knock-out; KRAS = Kirsten rat 
sarcoma viral oncogene; L = leucine; 
mTRAC = murine T cell receptor 
alpha constant region; p. = amino 
acid position; Q = glutamine; R = 
arginine; TCR = T cell receptor; WT 
= wildtype. 
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Supplementary Figure 10: 
 

 
Sup. Fig. 10: Sanger sequencing of NCI-H460 HLA-A*01:01 clones #B11 and #C9 after CRISPR/Cas9-based HDR treatment. 
Sanger sequencing data of HDR-treated NCI-H460_HLA-A*01:01 clones #C9 and #B11. A CRISPR/Cas9-based HDR knock-in approach was 
performed to substitute biallelic KRASQ61H mutations with p.Q61R variants. Sequencing data and translated amino acid sequences of both 
clones are shown below the corresponding reference sequence of KRASQ61H exon 3, respectively. Related original sequencing plots are shown 
in dashed boxes. crRNA binding sequences are shown in black while corresponding PAM sequences are highlighted in red. Immunogenic 
KRAS 10-mer neopeptide sequences are depicted in orange. KRAS reference gDNA bp positions are indicated above. A) Both KRASQ61H alleles 
in #C9 were non-modified. B) #B11 exhibited an artificial cytosine insertion in one of both KRASQ61H alleles (nucleotide position 173), thereby 
resulting in two different KRAS reading frames. Both #B11 KRAS reading frames are shown in green and red with the inserted cytosine being 
highlighted accordingly. Concordant amino acids are depicted in black. Abbr.: bp = base pair; crRNA = CRISPR-RNA; gDNA = genomic 
DNA; HDR = homology-directed repair; H = histidine; HLA = human leukocyte antigen; KI = knock-in; KRAS =Kirsten rat sarcoma viral 
oncogene; p. = amino acid position; PAM = protospacer adjacent motif; Q = glutamine; R = arginine. 

  

A 
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Supplementary Figure 11: 

 
Sup. Fig. 11: Raw ELISpot data for recognition testing of KRAS-modified cell clones (#B11, #C9, #G5) shown in Figure 3.2.14. 
KRAS-modified NCI-H460_HLA-A*01:01 clones #B11, #C9, and #G5 were screened for the recognition by P18 TCR-T cell populations. IFN-
γ secretion was used as a marker for T cell recognition. Target recognition analyses were performed as duplicates with 50,000 target cells and 
either 2,500 (ES 1&2) or 7,500 (ES 3) effectors per well. ELISpot assays were either performed 36 days (CD4+) or 35 days (CD8+) after 
retroviral transduction of T cells (BC437) with P18 TCR expression constructs. IFN-γ background levels were assessed in the absence of target 
cells (T cells only preparations) and were subsequently used for data normalization. Effectors had before been used for CRISPR/Cas9-based 
end.TCR-KOs (Sup. Fig. 5 B). Retrospective corrections of inaccurately counted wells are highlighted in green font. Non-used wells and wells 
containing irrelevant antigen screening information were excluded from plate scans for final evaluation Abbr.: BC = buffy coat; ES = ELISpot; 
end. = endogenous; H = histidine; HDR = homology-directed repair; HLA = human leukocyte antigen; KO = knock-out; KRAS =Kirsten rat 
sarcoma viral oncogene; p. = amino acid position; Q = glutamine; R = arginine; TCR = T cell receptor.   
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Supplementary Figure 12: 
 

Sup. Fig. 12: Raw ELISpot data for MZ-LC-16 
recognition testing shown in Fig. 3.2.15 A.  
IFN-γ secretion was used as a marker for T cell 
recognition. ELISpot assays 1-4 were performed by using 
P18 TCR 54.2-expressing CD8+ TCR-T cell populations 
generated from BC827. ELISpots were performed 16 days 
(ES 1), 18 days (ES 2), and 20 days (ES 3&4) after 
retroviral transduction, respectively. BC827-derived T cell 
populations had before been used for a CRISPR/Cas9-
based KO of their endogenous TCR expression (Sup. Fig. 
1). For final evaluation, non-used wells and wells 
containing irrelevant antigen testing information were 
excluded from plate scans. Target recognition analyses 
were either performed with 10,000 (ES 1,2,4) or 5,000 (ES 
3) mTRAC+ T cells per well. 50,000 target cells were used 
per well and antibodies were utilized at concentrations of 
400 ng/ml (OKT-3) and 50µg/ml (W6/32), respectively. 
Effector numbers per well were calculated based on 
previously performed mTRAC staining. IFN-γ background 
levels were assessed by analyzing transgenic T cell 
populations in the absence of target cells (T cells only 
preparations) and were subsequently used for data 
normalization. Abbr.: BC = buffy coat; ES = ELISpot; 
HLA = human leukocyte antigen; KO = knock-out; 
mTRAC = murine T cell receptor alpha constant region; 
TCR = T cell receptor. 
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Supplementary Figure 15: 
 
Sup. Fig. 15: Generation of P43 TCR-T 
cell populations derived from BC248 and 
BC652. 
P43 TCR expression of retrovirally 
transduced T cell populations either 
obtained from BC248 or BC652. A 
CRISPR/Cas9-based approach was used to 
knock out endogenous TCR expression 
(Sup. Figure 14) before retroviral 
transduction of T cell populations with P43 
TCR expression constructs. Depending on 
generated effector populations, between 
75.5% and 97.9% of T cells expressed the 
introduced P43 TCRs, respectively. 
Exogenous TCR expression was assessed 
by using a monoclonal antibody that 
specifically binds the murinzed TCR 
constant region (mTRAC) of the introduced 
TCRs. Flow cytometry staining was 
performed 12-26 days (BC248) and 53-69 
days (BC652) after retroviral transduction. 
Flow cytometry data was gated based on 
viable T cell populations and non-specific 
isotype (IgG1) controls. Non-transduced 
CTL populations derived from melanoma 
patient Ma-Mel-86 were used as a negative 
control for mTRAC staining. Abbr.: BC = 
buffy coat; CTL = cytotoxic T lymphocyte; 
FITC = Fluorescein isothiocyanate; FSC= 
forward scatter; KO = knock-out; mTRAC 
= murine T cell receptor alpha chain 
constant region; NSCLC = non-small cell 
lung cancer; PE = Phycoerythrin; SSC = 
sideward scatter; TCR = T cell receptor. 
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Supplementary Figure 19: 
 

Sup. Fig. 19: Raw ELISpot 
data for P50 TCR 36.7 
recognition testing shown in 
Figure 3.4.1 B.  
IFN-γ secretion was used as a 
marker for T cell recognition. 
The corresponding IFN-γ 
background level was assessed 
by analyzing P50 TCR 36.7+ T 
cell populations in the absence 
of target cells (T cells only 
preparations). Non-used wells 
and wells containing non-
relevant testing information 
were excluded for subsequent 
evaluation. BC248-derived T 

cell populations had been used for a CRISPR/Cas9-based end.TCR-KO approach (Sup. Fig. 14 A) before being used for retroviral transduction 
with the TCR 36.7 expression construct (Sup. Fig. 16). Effector numbers per well were calculated based on mTRAC staining performed 1-2 
days before ELISpot analysis. The ELISpot assay was performed 32 days after retroviral transduction. HEK 293T target cells were co-
transfected with hCMV-IE2 (300 ng/well) and P50 HLA (100 ng/well) pCDNA3.1 expression constructs. P50 TCR 36.7+ T cells per well: 
3,000. HEK 293T targets per well: 20,000. Abbr.: AA = amino acids; BC = buffy coat; CMV = cytomegalovirus; end. = endogenous; HEK = 
Human embryonic kidney; HLA = human leukocyte antigen; hTRAV = human TCR alpha chain variable region; hTRBV = human TCR beta 
chain variable region; IE2 = immediate early 2; KO = knock-out; TCR = T cell receptor.  
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Supplementary Figure 20: 
 

Sup. Fig. 20: Raw ELISpot data for recognition 
testing with C-TCR 75 shown in Fig. 3.4.2 B.  
IFN-γ secretion was used as a marker for T cell 
recognition. IFN-γ background levels were 
assessed by analyzing TCR-T cells in the absence 
of target cells (T cells only preparations). 
Spontaneous IFN-γ secretion of target cells was 
assessed in the absence of effectors (targets only 
preparations). General effector functionality was 
assessed via non-specific activation with OKT-3. 
W6/32 was used to block HLA class I-dependent 
antigen recognition. Recognition testing of 
melanoma patient-derived tumor cells and EBV-
infected B cell lines is shown in plate scan 1) 
while K562 recognition testing is shown in scan 
2). Non-used wells and wells containing non-
relevant antigen testing information were 
excluded for final evaluation. BC777-derived T 
cells had been used for a CRISPR/Cas9-based 
end.TCR-KO approach (Sup. Fig. 23) before 
being used for retroviral transduction with the C-
TCR 75 expression construct. Effector numbers 
per well were calculated based on mTRAC 
staining performed 1-2 days before ELISpot 
analysis. The ELISpot assay was performed 78 
days after retroviral transduction. HLA alleles of 
respective target cell lines are listed in Table 5.1. 
Effectors per well: 15,000 mTRAC+. Targets per 
well: 50,000. W6/32 concentration per well: 50 
µg/ml. OKT-3 concentration per well: 400 ng/ml. 
Abbr.: BC = buy coat; EBV = Epstein-Barr virus; 
end = endogenous; HLA = human leukocyte 
antigen; KO = knock-out; Mel = melanoma; 
mTRAC = murinized TCR alpha chain constant 
region; NCI = National Cancer Institute; TCR = 
T cell receptor. 
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Supplementary Figure 22: 
 
Sup. Fig. 22: Generation of C-TCR+ T 
cell populations from BC652. 
CD8+ lymphocytes obtained from 
BC652 were used for retroviral 
transductions with C-TCR expression 
constructs after being applied to an 
end.TCR-KO approach (Sup. Fig. 14 B). 
C-TCR expression was determined via 
mTRAC staining. CTLs obtained from 
melanoma patient Ma-Mel-86 were used 
as negative control for mTRAC staining. 
Depending on the generated effector 
populations, between 88.2% and 92.8% 
of T cells expressed the introduced C-
TCRs, respectively. Flow cytometry 
staining was performed 13 days after 
retroviral transduction. Flow cytometry 
data was gated based on viable T cell 
populations and non-specific isotype 
(IgG1) controls. Abbr.: BC = buffy coat; 
CTL = cytotoxic T lymphocyte; end. = 
endogenous; FITC = Fluorescein iso-
thiocyanate; FSC = forward scatter; KO 
= knock-out; Mel = melanoma; mTRAC 
= murine T cell receptor alpha chain 
constant region; PE = Phycoerythrin; 
SSC = sideward scatter; TCR = T cell 
receptor. 
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Supplementary Figure 23: 
 

 
Sup. Fig. 23: CRISPR/Cas9-based KO of endogenous TCR expression in CD8+ lymphocytes derived from BC777. 
BC777-derived CD8+ donor lymphocytes were used for a CRISPR/Cas9-mediated end.TCR-KO approach before retroviral transduction with 
cluster C TCRs (Sup. Fig. 21). Endogenous TCR expression was determined via hTRAC staining. Non-treated BC0221 CD4+ T cells were 
used as positive control for hTRAC staining. When compared to control populations containing more than 79% hTRAC+ T cells, endogenous 
TCR expression was reduced to less than 1% in BC777-derived T cell populations. Flow cytometry was performed 49 days after CRISPR/Cas9 
treatment. Two consecutive CRISPR/Cas9 treatments were performed to efficiently reduce end.TCR expression in BC777 donor lymphocytes. 
Flow cytometry data was gated based on viable T cell populations and non-specific isotype (IgG1) controls. Abbr.: APC = Allophycocyanin; 
BC = buffy coat; CTL = cytotoxic T lymphocyte; end. = endogenous; FITC = Fluorescein isothiocyanate; FSC = forward scatter; hTRAC = 
human T cell receptor alpha chain constant region; KO = knock-out; PE = Phycoerythrin; SSC = sideward scatter; TCR = T cell receptor.  
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Supplementary Figure 25 
 

 
Sup. Fig. 25: Raw ELISpot data for C-TCR recognition testing shown in Figure 3.4.3 B.  
IFN-γ secretion was used as a marker for T cell recognition. IFN-γ background levels were assessed by analyzing TCR-T cell populations in 
the absence of target cells (T cells only preparations). General effector functionality was assessed via non-specific activation with OKT-3. 
Non-used wells and wells containing non-relevant antigen testing information were excluded for final evaluation. BC652-derived T cell 
populations had been used for a CRISPR/Cas9-based end.TCR-KO (Sup. Fig. 14 B) approach before retroviral transduction with C-TCR 
expression constructs (Sup. Fig. 22). Effector numbers per well were calculated based on mTRAC staining performed 1-2 days before ELISpot 
analysis. The ELISpot assay was performed 26 days after retroviral transduction. HLA alleles of respective target cell lines are listed in Table 
5.1. Effectors per well: 10,000 mTRAC+. Targets per well: 50,000. OKT-3 concentration per well: 400 ng/ml. Abbr.: BC = buffy coat; end. = 
endogenous; HLA = human leukocyte antigen; KO = knock-out; mTRAC = murinized TCR alpha chain constant region; NCI = National 
Cancer Institute; TCR = T cell receptor. 

  



Appendix 

155 

Supplementary Figure 26: 
 

 
Sup. Fig. 26: Scheme of crRNA binding regions in mTRAC/mTRBC sequences. 
A CRISPR/Cas9-based approach was used to knock out cluster C TCR 1115 expression in transgenic CD8+ T cell populations. Two different 
crRNAs were used to specifically target murinized αβ TCR constant regions of the introduced receptor. Codon-optimized mTRAC and mTRBC 
nucleotide sequences of C-TCR 1115 are schematically shown on top of each other. Binding sequences of both crRNAs are shown in black 
while corresponding PAM sequences are highlighted in red. Abbr.: bp = base pair; crRNA = CRISPR-RNA; KO = knock-out; mTRAC = 
murine TCR alpha chain constant region; mTRBC = murine TCR beta chain constant region; PAM = protospacer adjacent motif; TCR = T 
cell receptor. 

 

 

Supplementary Figure 27: 
 

Sup. Fig. 27: Raw ELISpot data for NCI-H1703 and K562 recognition testing 
with TCR 1115-KO effector populations shown in Fig. 3.4.5 A.  
IFN-γ secretion was used as a marker for T cell recognition. IFN-γ background levels 
were assessed by analyzing effector populations in the absence of target cells (T cells 
only preparations). General effector functionality was assessed via non-specific 
activation with OKT-3. Non-used wells and wells containing non-relevant antigen 
testing information were excluded for final evaluation. BC652-derived T cell 
populations had been used for a CRISPR/Cas9-based end.TCR-KO approach (Sup. 
Fig. 14 B) before retroviral transduction with the C-TCR 1115 expression construct 
(Sup. Fig. 22). TCR 1115-KO effector populations were established from transgenic 
T cell populations by using another CRISPR/Cas9-based KO approach specifically 
targeting murinized αβ TCR constant regions (Sup. Fig. 26). TCR 1115-positive 
effector numbers per well were calculated based on mTRAC staining performed 1-2 
days before ELISpot analysis. The ELISpot assay was performed 24 days after 
retroviral transduction. Cluster C TCR 1115-KO was performed 7 days before 
conducting the ELISpot assay. Effectors per well: 10,000 mTRAC+ or 10,000 TCR 
1115-KO T cells. Targets per well: 50,000. OKT-3 concentration per well: 400 ng/ml. 
Retrospective corrections of inaccurately counted wells are highlighted in green font. 
Abbr.: BC = buffy coat; end. = endogenous; HLA = human leukocyte antigen; KO = 
knock-out; Mel = melanoma; NCI = National Cancer Institute; TCR = T cell receptor.  
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Supplementary Figure 28: 
 

 
Sup. Fig. 28: Raw ELISpot data for K562 and EBV-B cell recognition testing with TCR 1115-KO T cells shown in Fig. 3.4.5 B.  
IFN-γ secretion was used as a marker for T cell recognition. IFN-γ background levels were assessed by analyzing effector populations in the 
absence of target cells (T cells only preparations). General effector functionality was assessed via non-specific activation with OKT-3. Non-
used wells and wells containing non-relevant antigen testing information were excluded for final evaluation. BC652-derived T cell populations 
had been used for a CRISPR/Cas9-based end.TCR-KO approach (Sup. Fig. 14 B) before retroviral transduction with the C-TCR 1115 
expression construct (Sup. Fig. 22). TCR 1115-KO effector populations were established from transgenic T cell populations by using another 
CRISPR/Cas9-based KO approach specifically targeting murinized αβ TCR constant regions (Sup. Fig. 26). ELISpots 1) and 2) were 
simultaneously performed on two plates by using identical effector populations. TCR 1115+ effector numbers per well were calculated based 
on mTRAC staining performed 1-2 days before ELISpot analysis. The ELISpot assay was performed 28 days after retroviral transduction. The 
cluster C TCR 1115-KO was performed 11 days before conducting the ELISpot assay. Due to perforated PVDF membranes, OKT-3 
stimulations had to be performed in a single well format. Effectors per well: 10,000 mTRAC+ or 10,000 TCR 1115-KO T cells. Targets per 
well: 50,000. OKT-3 concentration per well: 400 ng/ml. Retrospective corrections of inaccurately counted wells are highlighted in green font. 
Abbr.: BC = buffy coat; EBV = Epstein-Barr virus; end. = endogenous; HLA = human leukocyte antigen; KO = knock-out; Mel = melanoma; 
mTRAC = murinized TCR alpha chain constant region; NCI = National Cancer Institute; PVDF = Polyvinylidene fluoride; TCR = T cell 
receptor. 
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7.4 List of Abbreviations 

AA amino acid 
Ab antibody 
ABL1 Abelson murine leukemia viral oncogene homolog 1 
abbr. abbreviation 
ACT adoptive cell therapy 
AEC 3-Amino-9-Ethylcarbazole 
ALL acute lymphoblastic leukemia 
Ampho amphotropic 
AP-1 Activator protein-1 
APC professional antigen-presenting cell 
approx. approximately 
ATCC American Type Culture Collection 
BC buffy coat 
BCR breakpoint cluster region 
BLAST Basic Local Alignment Search Tool 
bp base pairs 
BR broad range 
BSA bovine serum albumin 
Cα/Cβ T cell receptor alpha/beta chain constant gene segment 
ca. circa 
CAR chimeric antigen receptor 
CBS  Center for Biological Sequence Analysis 
cDNA complementary DNA 
CDR complementarity-determining region 
CDS coding DNA sequence 
CEA carcinoembryonic antigen  
CG cancer germline 
CLL chronic lymphocytic leukemia 
CML chronic myelogenous leukemia  
CMV cytomegalovirus 
compl. complete 
COSMIC Catalogue of Somatic Mutations in Cancer 
CRC colorectal carcinoma 
CRISPR Clustered Regularly Interspaced Short Palindromic Repeat 
crRNA CRISPR-RNA 
CRS cytokine release syndrome 
CRT chemoradiotherapy 
CT antigen cancer testis antigen 
CTL cytotoxic T lymphocyte 
DAG diacylglycerol 
Dβ T cell receptor beta chain diversity gene segment 
DC dendritic cell 
DEPC diethyl pyrocarbonate 
Dest destination 
DMEM Dulbecco's Modified Eagle's Medium 
DMSO dimethyl sulfoxide 
DNA deoxyribonucleic acid 
dNTP deoxynucleotide triphosphates 
d.H2O deionized Water 
EB elution buffer 
EBV Epstein-Barr virus 
EBV-B EBV-infected B cells 
ECACC European Collection of Authenticated Cell Cultures 
EC50 median effective concentration 
EDTA ethylenediaminetetraacetic acid 
EGFP enhanced green fluorescent protein 
ELISpot enzyme-linked immunospot 
EMBL-EBI European Molecular Biology Laboratory's European Bioinformatics Institute 
Emv ecotropic murine leukemia virus 
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end. endogenous 
EntS Enterobactin exporter S 
env envelope 
ER endoplasmatic reticulum 
ERBB2 Erythroblastic oncogene B 
Exo. exogenous 
FACS fluorescence activated cell sorting 
FCS fetal calf serum 
FFPE formalin-fixed, paraffin-embedded 
Fig. figure 
FITC fluorescein isothiocyanate 
for. forward 
gag group antigens 
GALV gibbon ape leukemia virus 
GaM goat anti-mouse 
gDNA genomic DNA 
GLIPH grouping lymphocyte interactions by paratope hotspots 
GP100 Glycoprotein of 100 kDA 
gRNA guide RNA 
GTEx The Genotype-Tissue Expression Project 
GTP guanosine-5'-triphosphate 
HDR homology directed repair 
HEK human embryonic kidney 
HEPES 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid 
HERV human endogenized retroviruses 
HER2 Human epidermal growth receptor 2 
HLA human leukocyte antigen 
HPV human papillomavirus 
HRAS Harvey rat sarcoma viral oncogene 
HS human serum 
HSD HS Diagnomics GmbH 
hTRAC human T cell receptor constant region 
Hz hertz 
ICI immune checkpoint inhibition 
ID identifier 
IEDB The Immune Epitope Database 
IE2 Immediate early protein 2 
IFN-γ interferon gamma 
IL interleukin 
InDels insertions and deletions 
Intogen Integrative onco genomics 
IP3 inositol tripohosphate 
irAE immune related adverse event 
IRES internal ribosomal entry site 
ITAM immune receptor tyrosine-based activation motifs 
Itk IL-2-inducible T cell kinase 
Jα/Jβ TCR alpha/beta chain joining gene segment 
kb kilobase 
KI knock-in 
KLD kinase-ligase-DpnI 
KO knock-out 
KRAS Kirsten rat sarcoma viral oncogene 
LAC/LUAD lung adenocarcinoma 
LAT Linker of activated T cells 
LB lysogeny broth 
LC lung cancer 
Lck Lymphocyte-specific protein tyrosine kinase 
LFA-1 Llymphocyte function-associated antigen 1 
LKB1 Liver kinase B1 
LMP2A Latent membrane protein 2A 
LUSC lung squamous cell carcinoma 
mAb monoclonal antibody 
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MACS magnetic activated cell sorting 
MAGE Melanoma antigen 
MANA mutation-associated neoantigens 
MAPK mitogen-activated protein kinase 
MDSC myeloid-derived suppressor cell 
Mel melanoma 
Melan-A/MART-1 Melanoma antigen recognized by T cells 1  
MHC major histocompatibility complex 
ml milliliter 
MLV murine leukemia virus 
mm millimeter 
MNV multiple nucleotide variation 
MOPS 3-(N-morpholino)propanesulfonic acid 
mRNA messenger RNA 
MS mass spectrometry 
NCBI National Center for Biotechnology Information 
NEB New England Biolabs 
Neo neomycin 
NFAT Nuclear factor of activated T cells 
NFκB Nuclear factor kappa-light-chain enhancer of activated B cells 
NGS next-generation sequencing 
NIAID National Institute of Allergy and Infectious Diseases 
NLS nuclear localization signal 
NRAS Neuroblastoma rat sarcoma viral oncogene 
ns non-synonymous 
NSCLC non-small cell lung cancer 
nt nucleotide 
NY-ESO-1 New York esophageal squamous cell carcinoma-1 
ODN oligodeoxynucleotide 
ORF open reading frame 
OTR orthotopic TCR replacement 
PBMC peripheral blood mononuclear cell 
PBS phosphate-buffered saline 
PCR polymerase chain reaction 
PDAC pancreatic ductal adeno carcinoma 
PD-L1 Programmed death-ligand 1 
PD-1 Programmed cell death protein 1 
PE phycoerythrin 
PI3K Phosphatidylinositol 3-kinase 
PLC-γ Protein phospholipase C-γ 
PMA phorbol myristate acetate 
pol polymerase 
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