Dissertation

ctDNA as a predictor of treatment response in NSCLC patients treated
with immune modulating therapy

submitted by
Sabrina Hammer, BSc MSc MSc

for the Academic Degree of
Doctor of Medical Science (Dr. scient. med.)

at the
Medical University of Graz

Diagnostic & Research Institute of Human Genetics

under the Supervision of
Univ.-Prof." Dr.™ Ellen HEITZER

2025



Dissertation Sabrina Hammer

DECLARATION OF ACADEMIC INTEGRITY

| hereby confirm that the present diploma thesis is the result of my own independent scholarly
work. | also confirm that in all cases, where material from the work of others (in books, articles,
essays, dissertations, and on the internet) is acknowledged, quotations and paraphrases are
clearly indicated. No material other than that cited in the reference list has been used. | have
read and understood the Medical University’s regulations and procedures concerning

plagiarism.

Furthermore, | hereby declare that if artificial intelligence (Al) tools were used for the
generation and/or correction of certain text passages in the creation of this work, such
employment was conducted in compliance with ethical principles, academic integrity, and the
regulations of my university. Additionally, it was ensured that this usage was transparently

disclosed and appropriately attributed.

Graz, July 2025 Sabrina HAMMER



Dissertation Sabrina Hammer

DISCLOSURES

Please note that parts of this thesis have already been published in:

Weber S 12, Spiegl B!, Perakis SO, Ulz CM3, Abuja PM 23, Kashofer K3, Leest PV4,
Azpurua MA? Tamminga M#, Brudzewsky D>, Rothwell DG®, Mohan S®, Sartori A7, Lampignano
R8, Konigshofer Y°, Sprenger-Haussels M?, Wikman H0, Bergheim IR, Kloten V&, Schuuring E4,
Speicher MR?, Heitzer EX2. Technical Evaluation of Commercial Mutation Analysis Platforms
and Reference Materials for Liquid Biopsy Profiling. Cancers (Basel). 2020 Jun 16;12(6):1588.
doi: 10.3390/cancers12061588. PMID: 32560092; PMCID: PMC7352370.

and

Weber S'?, van der Leest P4, Donker HC* Schlange T8, Timens W#* Tamminga M?%,
Hasenleithner SO?, Graf R, Moser T?, Spiegl B, Yaspo ML?, Terstappen LWMM?3, Sidorenkov
G*, Hiltermann TIN?, Speicher MR?, Schuuring E*, Heitzer E*2, Groen HIM E*,. Dynamic Changes
of Circulating Tumor DNA Predict Clinical Outcome in Patients With Advanced Non-Small-Cell
Lung Cancer Treated With Immune Checkpoint Inhibitors. JCO Precis Oncol. 2021 Nov;5:1540-
1553. doi: 10.1200/P0.21.00182. Erratum in: JCO Precis Oncol. 2022 Jan;6:e2100566. PMID:
34994642.

1 Institute of Human Genetics, Diagnostic & Research Center for Molecular BioMedicine, Medical University of Graz, 8010
Graz, Austria. 2 Christian Doppler Laboratory for Liquid Biopsies for Early Detection of Cancer, Medical University of Graz,
8010 Graz, Austria. 3 Institute of Pathology, Diagnostic & Research Center for Molecular BioMedicine, Medical University of
Graz, 8010 Graz, Austria. 4 University of Groningen, University Medical Center of Groningen, 9713 GZ Groningen, The
Netherlands. 5 SeraCare Life Sciences, Milford, USA. ¢ Cancer Research UK MI, University of Manchester, Manchester M13
9PL, UK. 7 Agena Bioscience GmbH, D-22761 Hamburg, Germany. 8 Bayer AG, Biomarker Research, 42117 Wuppertal,
Germany. ® QIAGEN GmbH, 40724 Hilden, Germany. 10 University Medical Center Hamburg-Eppendorf, 20251 Hamburg,
Germany. 1 Department of Cancer Genetics, Institute of Cancer Research, Oslo University Hospital, N-0310 Oslo, Norway. 12
Max Plank Institute for Molecular Genetics, Otto Warburg Laboratory Gene Regulation and Systems Biology of Cancer, Berlin,
Germany. 13Faculty of Science and Technology, University of Twente, Enschede, the Netherlands.

All co-authors have consented to the inclusion of their published data in this dissertation, and
the necessary permission to reproduce illustrations and figures from both original and third-
party sources have been secured.



Dissertation Sabrina Hammer

The article “Technical Evaluation of Commercial Mutation Analysis Platforms and Reference
Materials for Liquid Biopsy Profiling” (Weber et al., 2020) was published in Cancers (Basel)
under the terms of the Creative Commons CC BY license (CC BY 4.0), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is

properly cited.

The article “Dynamic Changes of Circulating Tumor DNA Predict Clinical Outcome in Patients
With Advanced Non-Small-Cell Lung Cancer Treated With Immune Checkpoint Inhibitors.”
(Weberetal., 2017) was published in JCO: Precision Oncology. Reprinted with permission from
Wolters Kluwer Health, Inc. (no licence required: “You are free to use the final peer-reviewed
manuscript in your print thesis at this time, and in your electronic thesis 12 months after the

article's publication date”).



Dissertation Sabrina Hammer

ACKNOWLEDGEMENTS

This dissertation marks the end of a long and meaningful journey, and | wish to thank all those

who have accompanied, supported and encouraged me along the way.

First and foremost, | would like to express my deepest gratitude to Prof. Ellen Heitzer for her
mentorship, support and guidance throughout this journey. | am especially thankful for the
opportunity to pursue this doctoral program in her research group, and for the chance to
combine work and research in such a supportive environment. Her expertise and

encouragement have been invaluable to me, both academically and personally.

| would also like to sincerely thank the members of my dissertation committee- Prof. Michael
Speicher, Assoc. Prof. Nadia Dandachi and Assoc. Prof. Jochen Geigl — for their time, their
thoughtful feedback and for enriching this work with their insights. | also thank our
collaboration partners at the UMCG Groningen, Prof. Ed Schuuring and Prof. Harry Groen, for

their productive partnership and shared dedication to our research.

| am incredibly grateful to my former colleagues in the research group, especially Samantha,
for the scientific discussions, shared laughs, and the sense of belonging that helped me grow.
A heartfelt thank you goes to my colleagues in the diagnostic group - especially Jasmin - for
all the weekends spent side by side with our dissertations —and for being there with empathy,

a listening ear, and the occasional after-work drink to keep us going.

From the bottom of my heart, | thank my family - especially my parents and my husband Andi
- for their endless love and unwavering support. Thank you for believing in me, and for your
gentle patience when | felt lost or did not know how to go on. Though my father left us far too
early to see the completion of this journey, his love, strength and belief in me never left my

side. | carried him with me every step of the way.

Sabrina Hammer received funding from the Medical University of Graz through the Doctoral
School “Molecular Medicine and Inflammation” and has been awarded a dissertation
scholarship from the Medical University of Graz. This work was supported by the Austrian
Federal Ministry for Digital and Economic Affairs (Christian Doppler Research Fund for Liquid

Biopsies for Early Detection of Cancer).



Dissertation Sabrina Hammer

TABLE OF CONTENTS

ABBREVIATIONS ..ttt ettt ettt ettt ettt e be e st e e s bt e st e e bt e st e e sbeeeabeesneesabeesaneenneenaee Vil
LIST OF FIGURES ...ttt ettt ettt st b e et sme e s e s s e e bt e sseeeaneennneenneennee Xl
LIST OF TABLES ...ttt ettt ettt sttt e s et e s e e b e e saneeaneennneenne XIv
ZUSAMMENFASSUNG ...ttt ettt ettt sh e et sat e st e e sbt e esbeesaee st e e saeesbeesneeenseas XV
ABSTRACT ...ttt ettt ettt st e s bt e et e e s bt e sat e e s bt e e bt e sbeesateesaeeeabeesseeebeesaeeenbeesnbeebeenatean XVl
1. INTRODUCTION ...ciitiiitieeieerite ettt ettt ettt s st eebe e sar e e sbe e sas e e s e saneessneeaneesneeeanees 1
O S U] oF = or- [ o ol PP PP PP PP PP PP PP PP PPPPPPPPPPRPPPPPPPRt 1
O = 11 o] Fo Y= PSPPI 1
1.3. Treatment options and mutational [andscape......cccccevecciiiiiieiii e, 2
1.3.1. Tyrosine kinase inhibitor therapy ..., 3
1.3.2.  Immune checkpoint iNhibIitOrs .......coeiieiiiiiicee e e 4

1.4. Tumor-derived ICI-related biomarkers...........coouiiiiiiiiiiiii e, 7
1.4.1.  PD-1/PD-L1 @XPIreSSION...ccccuiieiitieeeitieeeteeeeteeeeiteeesteeeseeeessseessseeesesseesseeessesesnsenas 7
1.4.2.  Tumor mutational BUrden..........cooiiiiiiiiiiie e 8
1.4.3.  Other BiOmMarkers ..ot s 9

0 T I 1o [UT T I ¢ 1o o 13 2SR 10
1.5.1.  Cell-free circulating tumor DNA ........oveeeiiei it e e 11
1.5.2.  Challenges of CtDNA @nalySiS ....coccevrrereeieeiiiiiciirreeeee e e eeceirrree e e e e e eeenrrrreeeeeeeens 12
1.5.3. Methodological approaches for ctDNA analysis ......cccceeeeeurivieeeeeeeecccirieeeeeeee, 13
1.5.4.  Circulating tumOor CeIIS.....uummmiiii e 15

2. AIMS ettt ettt e r e enr e e s et reennneeas 17
3. MATERIALS AND METHODS ...ttt ettt ettt et e st s b s e b e saeesneesaneens 19
3.1, Reference Material ... 19
3.2.  Ethics and patient CONOIT .......uvveiieiiii e e e 21
3.3. Evaluation of response to the treatment........ccccoeeiiviiiiiiiiiecicee e 22
3.4. Blood sample collection, processing and isolation of cfDNA ........ccccceeiiieiiiiienenenn. 23
3.4.1.  Plasma eXTraCtion ....cocueecuieiiieiie e e 23
3.4.2.  CIDNA @XraCtion ....coocveiiiiieiieiee e e 23

3.5. Lymphocyte collection from EDTA blood and gDNA isolation ........cccccceeecuvivveneennnn. 24
3.6. Assay validation and Selection........ccooiiiiiiie e 24
3.6.1. QlAseq™ Human Actionable Solid Tumor Assay (QIAGEN)........cccceeveerveeveenne. 26



Dissertation Sabrina Hammer

3.6.2. NEBNext Direct™ Cancer HotSpot Panel for lllumina (New England Biolabs) .. 27

3.6.3.  AVENIO ctDNA Targeted and Expanded Kit (ROChe) ........cccouvreeeviieeeeiciieeeeee, 28
3.6.4. AVENIO ctDNA Targeted and Expanded data analysis.........ccccceeeevveiccnvineenennnn. 30

3.7.  Assessment of ctDNA levels and molecular reSpoNSe.......coccveeeerciieeeiiicieeeeriiieee s 32
3.8. Tumor specimen handling and tissue NGS...........cccoiiiiiiiii e 32
3.9, Statistical @NalYSiS...uumeii i e 33
A, RESULTS ettt et e h et h e st e e s bt e et e e shee st e e ebe e eabeesabe e b e e sateeabeesneeenteas 35
4.1. Assay validation and Selection.........cooviieiiiiiiiie e 35
4.1.1. Setup A: Variants with a VAF of 1% were detected across all platforms........... 35
4.1.2. Setup B: Sensitivity assessment of different mutation assays.......cccccceeevveeennnns 38
4.1.3. Setup C: AVENIO kits showed the best performance after assay validation..... 43
4.2. ctDNA-based response evaluation in NSCLC undergoing ICl therapy.......cccccveeeeee... 44
4.2.1.  Patient CharacteriStiCs .....coiiiiiiiiiieiiie e 44
4.2.2. Correlation of ctDNA levels using various metrics while aMM provides the most
ACCUIrate MEASUIEMENT .. .ciiiiiiiiiiiiiiiiiiii ettt e e s e e aererereaeraaes 48
4.2.3. Prevalence of clonal hematopoiesis-related variants...........cccccceeciieeiiiiieeennns 50
4.2.4. Molecular profiling and ctDNA levels of the cohort .......ccceeevieeiriiiiiiiciieees 53
4.2.5. Dynamics of ctDNA response patterns and impact of CH-related variants....... 60
4.2.6.  Prognostic value of molecular ctDNA response for survival outcomes............. 65
4.2.7. Tumor-guided versus de novo mutation calling.........cccocvvveeeeerieiiciiiieeee e, 72
4.2.8. STK11 and/or KEAP1 mutations are associated with poor prognosis ............... 74
4.2.9. Multivariate analysis of biomarkers........ccccovveeeiiii i, 76

5. DISCUSSION ...ttt ettt ettt et at e bt e s ae e e abe e s ae e e b e e saeesabeesareenbeesneesseenaneans 79
5.1.  Analytical performance ass@SSMENT........ccvveeieeeeiiiiiiirieeee e e e e e e sernrrrreeeeeeeens 80
5.2. ctDNA as a predictor of long-term outcome in NSCLC patients treated with ICI ..... 86
5.2.1. High Sensitivity and Broad Coverage in ctDNA Profiling of NSCLC .................... 87
5.2.2.  Predictive value of ctDNA dyNamics ......ceceeiieiiiiiiiieiee e e 88
5.2.3.  Prognostic impact of CtDNA dyNamiCS........ccovvevirrrerieeeeiiiiiirereeeeeeeeeeirrreeeeeeeens 89
5.2.4.  Impact of CH-related variants .........ccoueeeerii i 91
5.2.5. Strengths and limitations ........ccooi i 94

6. CONCLUSION ...ttt ettt et e st et e s e e sn e e s meeeneesneeeneesnneeas 95
REFERENCES ...ttt sttt s e et esme e san e e me e e n e e sseesneesnneeneennes 97

Vi



Dissertation

Sabrina Hammer

ACK
ALK

aVAF
BAM
BCT
bp
BRAF
BRCA2
CD74
cfDNA
cfRNA
CGP
CH
CHIP
Cl
CNV
COSMIC
CR
CRUK
CSCC
CT
CTC
ctDNA
CTLA-4
cv

ABBREVIATIONS

Degree Celsius
Ammonium-chloride-potassium

Anaplastic lymphoma kinase

Average mutant molecules per milliliter of plasma
Average variant allele frequency

Binary alignment map

Blood collection tube

Base pairs

B-Raf proto-oncogene, serine/threonine kinase
BRCA2 DNA repair associated

Cluster of Differentiation 74

Cell-free DNA

Cell-free RNA

Comprehensive genomic profiling

Clonal hematopoiesis

Clonal hematopoiesis of indeterminate potential
Confidence intervals

Copy number variation

Catalogue of Somatic Mutations in Cancer
Complete response

Cancer Research United Kingdom

Cutaneous squamous cell carcinoma
Computed tomography

Circulating tumor cells

Circulating tumor DNA

Cytotoxic T-Lymphocyte-Associated Protein 4

Coefficients of variation

VI



Dissertation

Sabrina Hammer

dbSNP
DCR
ddPCR
DDR
dMMR
DNA
dsDNA
EDTA
EGFR
EML4
ER
ESMO
EXAC
FDA
FDG
FEM
FFPE

gDNA
gnomAD
hMM
HR
hVAF
ICl
iDES
IgG4
IGV
IMI
Indels

iRECIST

Single Nucleotide Polymorphism Database (dbSNP)
Durable clinical responders

Droplet digital Polymerase Chain Reaction

DNA damage response

Deficient mismatch repair

Deoxyribonucleic Acid

Double-Stranded Deoxyribonucleic acid
Ethylenediaminetetraacetid acid

EGFR Epidermal Growth Factor Receptor
Echinoderm Microtubule-Associated Protein-Like 4
Early responders

European Society of Medical Oncology

Exome Aggregation Consortium

U.S. Food and Drug Administration
Fluorodeoxyglucose

Fragment end motif

Formalin-fixed paraffin-embedded

Gravitational acceleration

Genomic DNA

Genome Aggregation Database

Highest mutant molecules per milliliter of plasma
Hazard ratio

Highest variant allele frequency

Immune checkpoint inhibitors

Integrated digital error suppression
Immunoglobulin G subclass 4

Integrative Genomics Viewer

Innovative Medicines Initiative

Insertions and deletions

Immune Response Evaluation Criteria in Solid Tumor

Vil



Dissertation

Sabrina Hammer

KEAP1
KRAS
LDT
LOD
LoF
mAB
MEK
MET
ml

MM
MSI
MUG
mut/Mb
NCCN
NCOA4
ND
NDR
NE

ng
NGS
NR
NSCLC
NTRK
OR
ORR
(O
PBMCs
PCR
PD
PD-1

Kelch-like ECH-associated Protein 1

KRAS proto-oncogene, GTPase
Laboratory-developed test

Limits of detection

Loss-of-Function

Monoclonal antibody

Mitogen-activated protein kinase kinase
MET proto-oncogene, receptor tyrosine kinase
Milliliter

Mutant molecules per milliliter of plasma
Microsatellite instability

Medical University of Graz

Mutations per megabase

National Comprehensive Cancer Network
Nuclear Receptor Coactivator 4

Not detected

Non-durable responders

Not evaluable

Nanogram

Next Generation Sequencing
Non-responders

Non-small cell lung cancer

NTRK Neurotrophic receptor tyrosine kinase
Odds ratio

Objective response rate

Overall survival

Peripheral blood mononuclear cells
Polymerase Chain Reaction

Progressive disease

Programmed Cell Death Protein 1



Dissertation

Sabrina Hammer

PD-L1
PD-L2
PET
PFS
PR
qPCR
RECIST
RET
RNA
ROS1
RPM
SCLC
SCNA
SD
SNP
SNV
STK11
TCGA
TKI
TMB
TP53
TPS
UMCG
UM
UNIMAN
VAF
VCF
WES
WGS
WHO

Programmed Cell Death 1 Ligand 1
Programmed Cell Death 1 Ligand 2
Positron Emission Tomography
Progression-free survival

Partial tumor response

Quantitative Polymerase Chain Reaction
Response Evaluation Criteria in Solid Tumors
Ret proto-oncogene

Ribonucleic Acid

ROS proto-oncogene 1, receptor tyrosine kinase
Revolutions per minute

Small cell lung cancer

Somatic Copy Number Alteration

Stable disease

Single nucleotide polymorphism
Somatic Nucleotide Variant
Serine/Threonine Kinase 11

The Cancer Genome Atlas Program
Tyrosine kinase inhibitor

Zumor mutational burden

Tumor protein p53

Tumor Proportion Score

University Medical Center Groningen
Unique molecular identifiers

University Manchester

Variant allele frequency

Variant call format

Whole Exome Sequencing

Whole Genome Sequencing

World Health Organization



Dissertation Sabrina Hammer

WT Wild-type
Mg Microgram
pl Microliter
UM Micromolar

Xl



Dissertation Sabrina Hammer

LIST OF FIGURES

Figure 1: Immune checkpoints regulate different components in the evolution of an immune

(L1 o0 1Y SRR O TS TUP PP 5
Figure 2: CheCKpoint ProtINS. ...ttt ettt st e e e see e e ss s e e e s e seeene s 8
Figure 3: Genomic coverage of different ctDNA detection methods..........cceoveviniviveeveicennnen. 14
Figure 4: Experimental setup to assess Seraseq® reference material.......c.ccooeeveeveevececececeeeenen, 24
Figure 5: Somatic custom filter SETEINGS....cceie e 31

Figure 6: Precision within a single run (intra-run) and reproducibility across three different
runs (inter-run) of various assays, showcasing their performance in detecting mutations at a
SEE VAR Of 1. eeeeiieiiie ettt ettt ee e et rre e e e eeeeeeeeeesee s s s s s aassbbaeaaaraeaeaaeeeeeeeaannnnsanes 37

Figure 7: Variability assessment of gPCR-based and NGS assays using five clinically relevant
NTUTAEIONS ..ttt sttt ettt et st b ettt ebbea et et she eae et eee b esbeaaes sb sbeeue et enseenben e e nee eae 38

Figure 8: Detection performance of five mutation assays (A-F) and concordance of expected
VEISUS ODSEIVEA VAFS (G)..eoieiveiieiieieeieeeeen ettt et tes ettt ess s eseeeaseaneaseasessesseasessesteseeseessesesseanens 40

Figure 9: Accuracy rates of three NGS assays assessed with the Seraseq® ctDNA Reference
material (A-D) and of the AVENIO ctDNA Targeted ctDNA assay assessed with the Seraseq®
ctDNA Complete™ reference material (E)......coueeeeeeeeiecece et vaerans 42

Figure 10: Evaluation of the AVENIO ctDNA Expanded Assay using SerasSeq ctDNA Complete™

Reference Material.... ... s s st e e s s 44
Figure 11: Flowchart and StUAY deSIZN.....cccecveieieiceirieieeiee ettt et st eeeer s e e sne sreenes 46
Figure 12: Survival curves of the lung cancer cCohOort........oooo i e e 47
Figure 13: Correlation of the ctDNA values assessed using various measures..........cc.cceceeveeee 48
Figure 14: CH-related variants are frequently observed in patients with advanced NSCLC.......51

Figure 15: Comparison of age, variant allele frequency (VAF), and fragment size distribution
between clonal hematopoiesis (CH)-related variants and tumor-specific variants.................... 52

Figure 16: Distribution and clinical impact of CHIP variants in advanced NSCLC

02 A= o 1 TRt 53
Figure 17: Molecular profiling of plasma samples and concordance with tissue tissue............. 55
Figure 18: ctDNA level distribution stratified by treatment response and time point................ 61
Figure 19: Correlation of dynamic ctDNA changes with response to [Cl.........cccevveevecreeceeneenneen. 63

Figure 20: ctDNA molecular responses differ between responders and non-
(=T o] T L= OSSR 64

Xl



Dissertation Sabrina Hammer

Figure 21: Impact of clonal hematopoiesis (CH)-related variants on interpretation of ctDNA
(g1 oTe] o 1Y ST OO PP SPRTRPPP 64

Figure 22: Elevated ctDNA is linked to poorer survival outcomes, while low or absent ctDNA
correlates With improved Prognosis ........veieieccice e e s e e s e s e s s 66

Figure 23: Changes in ctDNA levels during IClI treatment correlate with patient
SUPVIVALcu ittt ettt ettt ettt ettt et sae st st sae st st seesae st st e e e s es s en s es st es st en b en bbb e s e ns et eneene s 68

Figure 24: Impact of molecular ctDNA response thresholds on survival outcomes with and

without exclusion of CHIP-related Variants..........ccuuuvirenininineirecece ettt 69
Figure 25: On treatment changes are linked to survival
OUTCOMMIES. .. e ieuieeeetieeettes st teesteeetesssaesstaessaeaesbesesate sessteasssessasses sussses susses sussenssesssssesennsesnsnsssnssessnssenssnes 71

Figure 26: De novo mutation calling from plasma yields comparable results to a tumor-guided
Y 2] €T =AY OO PPV PURPTRURPIN 73

Figure 27: De novo variant calling offers comparable patient stratification performance to the
L0 g aTeT et {0 o [=To T o] oL o - I o R 73

Figure 28: Impact of  STK11 and KEAP1 mutations on survival
OUTCOIMIES. ..ottt et et et e et te e et ea e she et e sae et eem st saeeaseeaee eaeeen e saeees e saeeaseennee saneensen seeenseenn 75

Xl



Dissertation Sabrina Hammer

LIST OF TABLES

Table 1: FDA-approved immune checkpoint inhibitors for the treatment of NSCLC with
CorrespPoONdiNg CliNICAl trialS.....cc i ettt st et e re e er s e e et enas 6

Table 2: Mutations in the Seraseq® ctDNA reference material v2 covered by the various NGS

Kits inCluded iN the SEUAY.....oce it r e e e stesaees e s aersenns 20
Table 3: Mutations in Seraseq® ctDNA Complete™ reference material covered by the AVENIO
Targeted and the AVENIO EXPanded @SSAY.....cccvvuererrerererieieierieeierieseseesseseesesssessesseseesesssessssessesse s 21
Table 4: Overview of Cancer-ID partner sites and the mutation analysis assays they conducted
............................................................................................................................................................... 26
Table 5: False positive variant detections across different LOD
L1 a1 =1 aTo ] [c £ OO OO U OO U U U R URPRRPRRT 42
Table 6: Variant allele frequency (VAF) of mutations in Seraseq® ctDNA Complete™ reference
material using the AVENIO EXpPanded @SSaY.......ccccuveiiereriereesiniesceseees e et ses s s aes s s ess e 43
Table 7: Baseline patient charaCteristiCS......ccui i aivirieiccccce e et e 45

Table 8: Stepwise Cox regression analysis aimed at determining which ctDNA metric (median
aMM, hMM, aVAF, hVAF) best discriminates overall survival (OS) at two time points (to and

Table 9: Stepwise Cox regression analysis used to evaluate which ctDNA proxy response (aMM,
hMM, aVAF, hVAF) best predicts overall survival (OS), using 50% a cut-off for response.......... 50

Table 10: Concordance of tissue and plasma molecular profiling.........ceeeeeecviveneceeceennenn, 56-59
Table 11: Multivariate Cox regression analysis of clinical factors associated with survival........ 76

Table 12: Impact of dynamic ctDNA response and STK11/KEAP1 mutation status on
progression-free survival (PFS), adjusted for clinical parameters, in 152 patients with advanced
NSCLC receiving immune checkpoint inhibitors. ..o e 77

Table 13: Influence of dynamic ctDNA response and STK11/KEAP1 mutation status on overall
survival (0S), adjusted for clinical parameters, in 152 patients with advanced NSCLC
UNAEIZOING IC] tNEIAPY. woecveceeieeeteetteeee ettt ee et ste st et ee e eb s eestesbeeteansaesbensenaestestesrsesaessennen 77

Table 14: Effect of dynamic ctDNA changes on overall survival (0OS), adjusted for clinical
parameters, in 110 patients* with advanced NSCLC and available PD-L1 expression

(o =1 - 1 TR 78
Table 15: Effect of dynamic ctDNA changes and PD-L1 expression on landmark overall survival
(0S), adjusted for clinical variables, in 96
PATIENES™ .. ettt ettt et b ebe e e s ae s e e s b sheeaeeas e b aebbeabe e besheeheaes et benbeneetesheereeneeres 78

X1V



Dissertation Sabrina Hammer

ZUSAMMENFASSUNG

Trotz erheblicher Fortschritte im Bereich der Krebs-Immuntherapie bleibt die pradiktive
Bewertung des Ansprechens auf Immun-Checkpoint-Inhibitoren bei Patient:innen mit
fortgeschrittenem  nicht-kleinzelligem  Lungenkarzinom  (NSCLC) eine  zentrale
Herausforderung. Ziel dieser Arbeit war es, die Dynamik zirkulierender Tumor-DNA (ctDNA) in
peripherem Blutplasma als nicht-invasiven Biomarker zur Uberwachung des Ansprechens auf
Immun-Checkpoint-Inhibitoren zu untersuchen und ihren pradiktiven sowie prognostischen

Nutzen zu bewerten.

Zur Auswahl eines geeigneten Analyseverfahrens wurden mehrere kommerzielle ctDNA-
Assays hinsichtlich Sensitivitdt und Spezifitdit mittels standardisierter Referenzmaterialen
gepriift. Der AVENIO ctDNA Expanded Kit zeigte dabei die beste Gesamtperformance und
wurde deshalb fiir die nachfolgende, klinische Studie eingesetzt. In dieser Studie wurden 167
Patient:innen mit fortgeschrittenem NSCLC eingeschlossen, die mit Immun-Checkpoint-
Inhibitoren behandelt wurden. Die ctDNA-Analysen mittels NGS erfolgten zu zwei definierten
Zeitpunkten: vor Therapiebeginn (to) und nach zwei Zyklen mit Immun-Checkpoint-Inhibitoren
(t1). Zusatzlich wurden periphere mononukledre Blutzellen (PBMCs) sequenziert, um
Varianten, die mit klonaler Hamatopoese assoziiert sind (CH), und Keimbahnvarianten

auszuschlieRen.

Die quantitative Auswertung erfolgte (iber mehrere ctDNA-Parameter (z. B. durchschnittliche
Mutantenmolekiile/ml Plasma (aMM), Variant-Allelfrequenz (VAF)). Eine Abnahme der aMM
um > 50 % zwischen to und t; war signifikant mit verbessertem progressionsfreiem Uberleben
(Median 10,0 vs. 2,0 Monate) und Gesamtiberleben (Median 18,4 vs. 5,9 Monate) assoziiert.
Eine 2-Monats-Landmark-Analyse bestatigte die prognostische Relevanz des molekularen
Ansprechens. Darliber hinaus zeigte sich, dass Patient:innen ohne detektierbare ctDNA zu
beiden Zeitpunkten eine besonders giinstige Prognose aufwiesen. Die prognostische Relevanz
der ctDNA-Dynamik blieb auch in multivariaten Modellen unter Berlicksichtigung klinischer
Parameter bestehen. Aufgrund des Ausschlusses der CH-assoziierten Varianten, die in 45% der

Patient:innen nachweisbar waren, konnte die Aussagekraft der molekularen ctDNA-Analyse

XV
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gesteigert werden. Ohne Korrektur durch PBMC-Daten waren 20 Patient:innen falschlich als
molekulare Responder oder Non-Responder eingestuft worden. Zudem war das Vorliegen von
STK11- und/oder KEAP1-Mutatonen mit einer ungiinstigen Prognose assoziiert, unabhanging
von ctDNA-Dynamik oder PD-L1 Expression. Die Tumor-PD-L1-Expression allein (250 % vs.
<50 %) war kein signifikanter unabhiangiger Pradiktor fiir das Uberleben, was den Mehrwert

dynamischer ctDNA-Messungen unterstreicht.

Diese Arbeit belegt, dass ctDNA Dynamik, vor allem die friilhe Reduktion der aMM, als
zuverldssiger, nichtinvasiver Biomarker zur Therapietberwachung bei NSCLC-Patient:innen
unter ICI-Therapie dienen kénnte. Die Kombination aus analytisch validierter NGS-Plattform,
Ausschluss von biologischen Storfaktoren (CH), umfassender molekularer Charakterisierung
und klinischer Korrelation liefert eine robuste Grundlage fiir den Einsatz von ctDNA als

Instrument der personalisierten Onkologie.
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ABSTRACT

Non-small cell lung cancer (NSCLC) remains one of the most lethal malignancies worldwide,
and while immune checkpoint inhibitors (ICls) have transformed the treatment landscape for
advances stages, reliable biomarkers to predict treatment response and guide clinical
decision-making are still lacking. This study investigated the potential of circulating tumor DNA
(ctDNA) dynamics as a minimally invasive biomarker to predict and monitor treatment
outcomes in NSCLC patients undergoing ICI therapy. The study evaluated both the technical
feasibility and clinical relevance of ctDNA profiling, leveraging high- sensitivity next-generation

sequencing (NGS) approaches.

To identify the most suitable ctDNA detection method, multiple commercial assays were
rigorously validated using standardized reference materials with known variant allele
frequencies (VAF). The AVENIO ctDNA Expanded Kit demonstrated the highest sensitivity and
specificity, detecting 65% of expected variant even at a 0.1% VAF. Based on this performance,
the assay was applied to a cohort of 167 patients with [lIB-IV NSCLC treated with ICls. ctDNA
was extracted from plasma samples at two time points: before treatment start (to) and after
two cycles (t1). ctDNA levels were quantified using multiple proxies, including average mutant

molecules per milliliter (@MM) and VAF metrics.

Dynamic changes in ctDNA levels, particularly a 250% reduction in aMM were strongly
correlated with improved progression-free survival (median 10.0 vs. 2.0 months) and overall
survival median (18.4 vs. 5.9 months). Furthermore, a landmark analysis at two months
confirmed the early predictive value of molecular response, supporting its utility for real-time

clinical decision-making.

To ensure specificity of tumor-derived variants, paired sequencing of peripheral blood
mononuclear cells (PBMCs) was performed to exclude clonal hematopoiesis (CH)-related
mutations, which were found in about 45% of patients. This correction substantially improved
response classification and reduced false-positive ctDNA signals. Additionally, patients with

STK11 or KEAP1 mutations exhibited significantly poorer outcomes.
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These findings demonstrate that ctDNA dynamics, when corrected for CH interference and
measured using a validated assay, serve as a robust early indicator of therapeutic
effectiveness and patient prognosis in advanced NSCLC, offering valuable guidance for

personalized treatment strategies.
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1. INTRODUCTION

1.1. Lung cancer

Lung cancer is the top cause of cancer-related deaths worldwide, responsible for around 1.8
million deaths annually according to the World Health Organization (WHO) (1, 2) with more
cancer deaths in 2020 than breast, prostate, and colorectal cancers together. In the United
States 350 individuals per day die of lung cancer (3). Both men and women are affected by
lung cancer, but men have a slightly higher incidence rate. Smoking is the primary risk factor,
which is responsible for over 80% of all cases (4). As a result, smoking cessation has become a
significant focus of public health efforts to reduce the incidence and mortality of lung cancer
(5, 6). However, non-smokers can also develop lung cancer, and 12% of patients with lung
cancer have never smoked cigarettes (7). Consequently, other risk factors such as passive
smoking (8), previous radiation therapy (9), exposure to radon (10), asbestos, and other
carcinogens, as well as a family history of lung cancer (11, 12), may contribute to the

development of lung cancer, albeit not as strongly as smoking (13, 14).

As symptoms such as cough, thoracic pain, and shortness of breath are very nonspecific and
can be misdiagnosed to other health conditions, lung cancer is most frequently diagnosed at
a locally advanced stage (stage Ill) or with synchronous metastases (stage 1V) (15-17). Merely,
a limited fraction of individuals with non-small cell lung cancer (<20%) receive an early-stage
diagnosis. Despite advances in diagnostic tools and treatment options, the prognosis for lung
cancer patients remains poor. The 5-year relative survival rate for all stages combined is

around 22% (3).

1.2. Histology

The first diagnostic screening tests for people with suspected lung cancer are chest X-ray,
Computed tomography (CT) scan and/or Positron Emission Tomography (PET) /CT scan (18).
Due to the different treatment options for the various subtypes of lung carcinoma, exact
subtyping is crucial and is mostly carried out on tissue samples, which are obtained by

bronchoscopy, transbronchial needle aspiration, transthoracic fine needle aspiration, core
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biopsy etc. (19). Lung cancer is a heterogeneous disease with two main histologic types

including non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC). SCLC is a highly

aggressive subtype of lung cancer characterized by small, round cells, with a higher likelihood
of spreading beyond the lungs at the time of diagnosis compared to non-small cell lung cancer
(20, 21), making it challenging to treat.

NSCLC accounts for 80-85% of all lung cancer cases (1) and is further subclassified in

adenocarcinoma, squamous cell carcinoma, and large cell carcinoma.

Adenocarcinomas are the most prevalent type of NSCLC (40%) (22), with a slight

overrepresentation in women compared to men (23, 24). This subtype can be treated more
effectively than other types of lung cancer because it often carries actionable mutations that
can be targeted with specific treatments (25).

Squamous cell carcinomas account for 25% to 30% of lung cancers and is strongly associated

with smoking. It is typically found in the central parts of the lungs, near the bronchial tubes
(22).

Large cell carcinoma, a less common and more aggressive subtype, can develop in any part of

the lung. It typically grows and spreads faster than the other two subtypes, making it more
challenging to treat effectively. The incidence of large cell carcinomas has decreased to 1%
due to advanced immunophenotyping methods, which enable more precise classification of
poorly differentiated carcinomas (26, 27).

In 2015, the WHO released a revised version on lung cancer classification with

adenocarcinoma, squamous cell carcinoma, and neuroendocrine tumors as the main

histological types (20). Other defined categories include large cell carcinoma, adenosquamous
carcinoma, sarcomatoid carcinoma, and miscellaneous unclassified tumors (23). According to
the updated WHO classification guidelines, SCLC is no longer considered a distinct tumor type;

instead, it is now categorized as a subtype of neuroendocrine tumors (20).

1.3. Treatment options and mutational landscape

The field of NSCLC is experiencing continuous and dynamic changes, especially with regard to

treatment methods. Alongside conventional platinum-based chemotherapy standard
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treatments, the biomarker-guided targeted therapies are gaining importance, and the concept
of "precision medicine" is assuming a progressively significant role in the field of treatment.
The diverse composition of the mutations landscape and growth patterns of NSCLC pose a
major challenge in the treatment of patients with advanced stages of the disease (28, 29).
Traditional treatment modalities for NSCLC include surgery, chemotherapy, and radiation
therapy, alone or in combination, depending on subtype and tumor stage. Despite their
effectiveness in some cases, these conventional treatments have limitations and may not be
suitable for patients with advanced-stage NSCLC who are not candidates for surgical resection
due to comorbidities or poor overall health status. Additionally, chemotherapy can cause
systemic toxicity and adverse side effects (30).

Treatment response is currently monitored mostly by imaging using RECIST (Response
Evaluation Criteria in Solid Tumors) or iRECIST (i.e., immune) criteria (31), however this
approach may not be the best predictive marker. RECIST primarily evaluates changes in tumor
size to assess treatment efficacy. However, many therapies, such as immunotherapy, may not
immediately reduce tumor size despite being effective. For instance, immune checkpoint
inhibitors can lead to a phenomenon called pseudoprogression, where the tumor initially
appears to grow due to immune cell infiltration before shrinking. Moreover, RECIST relies on
imaging interpretations that may be influenced by variations in imaging quality, reader
expertise, and criteria application, introducing variability and potential biases in evaluation

(31).

1.3.1. Tyrosine kinase inhibitor therapy

Tyrosine kinase inhibitors (TKls) are a class of targeted cancer therapies that block the action
of enzymes called tyrosine kinases. These enzymes play a critical role in signaling pathways
that regulate cell growth, division, and survival and are frequently mutated in NSCLC. In
particular, somatic alterations in genes such as ALK, EGFR, BRAF, MET, NTRK, RET and ROS1
play a crucial role in determining the most appropriate therapy for patients who are eligible
for TKI therapy. As NSCLC is characterized by various oncogenic driver mutations, such as point
mutations, insertions, deletions, and rearrangements (32), proper molecular testing is

essential to guide treatment decisions. The European Society of Medical Oncology (ESMO)
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recommends in their NSCLC guidelines the molecular testing of EGFR and BRAF mutations and
assessment of ALK, ROS1, and NTRK rearrangements (19). EGFR mutations are the most
common targets for targeted therapy, as approximately 10-20% of lung adenocarcinoma
tumors in Caucasian patients carry an activating mutation in this gene (19, 33), with small
deletions in exon 19 and a missense mutation known as L858R in exon 21 being the most
prevalent ones. These specific mutations have been linked to a positive response to TKI
therapy and guidelines recommend the complete sequencing of exons 18-21 (19, 34-36).
However, despite initial responses and prolonged remissions, the development of secondary
resistance ultimately results in treatment failure (37).

In the majority of cases, resistance to first- and second-generation EGFR tyrosine kinase
inhibitors in EGFR-driven cancers can be attributed to the occurrence of the T790M exon 20
mutation. This genetic alteration blocks the binding of both first-generation and second-
generation TKIs to the EGFR protein, thereby impeding their therapeutic efficacy (38).
Osimertinib, a third-generation EGFR-TKI, is currently approved as a first-line therapy for
patients with NSCLC harboring sensitizing EGFR mutations, as a second-line therapy for
patients with the resistance-associated T790M mutation following prior EGFR-TKI treatment,
and as adjuvant therapy for patients with early-stage resected NSCLC with EGFR mutations.
Despite durable responses in patients with advanced NSCLC, resistance to osimertinib, like
other targeted therapies, inevitably develops (39).

Following the approval of BRAF and MEK inhibitors for BRAF V600 mutant NSCLC, numerous

countries now mandate BRAF mutation testing (19).

1.3.2. Immune checkpoint inhibitors

In NSCLC patients, who do not have oncogenic driver alterations, treatment with immune
checkpoint inhibitors (ICI) shows success in terms of therapy response and overall survival (OS)
(40-44). ICl therapy has dramatically changed the management of advanced NSCLC by leading
to long-term disease control with fewer side effects compared to chemotherapy (40, 45). In
contrast to conventional therapies, ICls exert antitumor effects by activating the host immune

system to target and eliminate cancer cells (46-48).
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Tumors employ various strategies to evade immune recognition, including impaired antigen
presentation, secretion of immunosuppressive factors, recruitment of inhibitory immune
cells, down-regulation of natural killer cells, and modulation of immune checkpoint pathways.
Immune checkpoint pathways, in particular cytotoxic T-lymphocyte-associated antigen 4
(CTLA-4) and programmed cell death protein 1 (PD-1) with its ligands programmed cell death
1- ligand 1 (PD-L1) and programmed cell death 1 — ligand 2 (PD-L2) play a crucial role in the
regulation of lymphocyte activation and are key targets for cancer immunotherapy (45, 46).
Only ICls targeting CTLA-4 and PD-1/PD-L1 have been approved by the U.S. Food and Drug
Administration (FDA) and widely used. CTLA-4 regulates T-cell activity at an early stage,
whereas PD-1 predominantly regulates later effector T-cell activity within tissues and tumors

(extensively reviewed in (45, 47), (Figure 1)).

CD80 ) . CTLA4to |go
or CD86 cell surface

Intracellular
vesicle

Trafficking

of T cells to
peripheral
tissues

Amigewexpénenced Tecell

Figure 1: Immune checkpoints regulate different components in the evolution of an immune response.

a | The CTLA4-mediated immune checkpoint is induced in T cells at the time of their initial response to antigen. The level of
CTLA4 induction depends on the amplitude of the initial T cell receptor (TCR)-mediated signalling. High-affinity ligands induce
higher levels of CTLA4, which dampens the amplitude of the initial response. The key to the regulation of T cell activation
levels by the CD28-CTLA4 system is the timing of surface expression. Naive and memory T cells express high levels of cell
surface CD28 but do not express CTLA4 on their surface. Instead, CTLA4 is sequestered in intracellular vesicles. After the TCR
is triggered by antigen encounter, CTLA4 is transported to the cell surface. The stronger the stimulation through the TCR (and
CD28), the greater the amount of CTLA4 that is deposited on the T cell surface. Therefore, CTLA4 functions as a signal
dampener to maintain a consistent level of T cell activation in the face of widely varying concentrations and affinities of ligand
for the TCR. b | By contrast, the major role of the programmed cell death protein 1 (PD1) pathway is not at the initial T cell
activation stage but rather to regulate inflammatory responses in tissues by effector T cells recognizing antigen in peripheral
tissues. Activated T cells upregulate PD1 and continue to express it in tissues. Inflammatory signals in the tissues induce the
expression of PD1 ligands, which downregulate the activity of T cells and thus limit collateral tissue damage in response to a
microorganism infection in that tissue. The best characterized signal for PD1 ligand 1 (PDL1; also known as B7-H1) induction
is interferon-y (IFNy), which is predominantly produced by T helper 1 (TH1) cells, although many of the signals have not yet
been defined completely. Excessive induction of PD1 on T cells in the setting of chronic antigen exposure can induce an
exhausted or anergic state in T cells. MHC, major histocompatibility complex. [Figure and legend originally published from
Pardoll (45), reprinted with permission from Springer Nature BV (license number: 1443241-1)]
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The first ICl ipilimumab, a fully human IgG1lk monoclonal antibody (mAb) directed against
cytotoxic CTLA4, was FDA-approved in 2011 for the treatment of advanced melanoma and
later for metastatic lung cancer (48). In 2015, two ICI targeting PD-1, nivolumab and

pembrolizumab, got approval for second line therapy of NSCLC (49). Later, in 2016,

atezolizumab (OAK trial) was accepted as second-line NSCLC therapy (targeting PD-L1), while
pembrolizumab was introduced as a first-line therapy for NSCLC without the presence of
driver mutations (50). In addition, durvalumab received FDA approval for use as a second-line
immune checkpoint inhibitor in 2018. Then in 2021, the FDA approved a new immune
checkpoint inhibitor, cemiplimab, a human IgG4 anti-PD1 mAb, for advanced NSCLC with PD-
L1 expression of at least 50% (EMPOWER-Lung 1 study; (51)). Previously, it had already been
used for the treatment of locally advanced and metastatic cutaneous squamous cell
carcinoma (CSCC). In different clinical studies, cemiplimab was demonstrated to be a new

potential treatment for NSCLC (see review (29)) (Table 1).

Table 1: FDA-approved immune checkpoint inhibitors for the treatment of NSCLC with corresponding clinical trials. [Table

and legend reprinted from Rodak et al. (29)(CC BY-NC-ND 4.0)]

Checkpoint Line of FDA
Inhibitor Target Treatment Indications Clinical Trial-Based Approval Approval
Year
second-line metastatic squamous NSCLC after CheckMate 017
Nivolumab PD-1 chemotherapy; (NCT01642004) 2015
second-line extension to non-squamous NSCLC; CheckMate 057
g i (NCT1673867)
first-line metastatic NSCLC; with no EGFR or ALK KEYNOTE-024
mutation; TPS > 50%; (NCT02142738) 2016
second-line progression after chemotherapy or TKl in KEYNOTE-010
Pembrolizumab PD-1 metastatic NSCLC; with TPS > 1%; (NCT01905657)
o unresec.table st.ag.e. Il or metasta.ntlc. NSCLC; KEYNOTE-042
first-line no possible definitive chemoradiation; (NCT02220894) 2019
with no EGFR or ALK mutations; TPS > 1%;
second-line metastatic NSCLC with progression OAK (NCT02008227) 2016
on/after chemotherapy or TKIS; POLAR (NCT01903993)
Atezolizumab PDL-1 combined with chemotherapy; metastatic
first-line non-squamous NSCLC; with no EGFR or Impower150 (NCT02366143) 2018
ALK mutation;
table St 11l NSCLC; with
Durvalumab  PDL-1  second-ine o oo oo a8 o W 1O PACIFIC (NCT02125461) 2018
progression after chemoradiation therapy;
only in the combination with nivolumab;
pilimumab T firstline  metastatic NSCLG; with no EGFR or ALK CheckMate 227 2020
4 . (NCT02477826)
mutation; TPS 2 1%;
Cemiplimab PD-1 first-line advanced NSCLC; TPS > 50% EMPOWER-Lung 1 2021

(NCT03088540)
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Since only a small number of patients (approximately 20%) gain a long-term benefit from
immunotherapy, there is a significant demand for enhanced biomarkers with prognostic and

predictive value (3, 52).

1.4. Tumor-derived ICl-related biomarkers

While ICIs therapy has demonstrated strong anti-tumor efficacy, certain patients do not
exhibit the intended response to this therapeutic intervention. Consequently, increased
attention has been devoted to the identification and development of predictive biomarkers
for response to immunotherapy. Currently, primary predictive markers for ICls response
include PD-L1 expression, high tumor mutational burden (TMB), microsatellite instability

(MSI), CD8 infiltration, and PD-L1 amplification (reviewed in (53-56)).

1.4.1. PD-1/PD-L1 expression

In addition to targeted molecular testing of specific gene regions, ESMO recommends the
assessing PD-L1 expression in patients with advanced NSCLC for therapeutic decision-making
(19), which is the current to select NSCLC patients, who most achieve a benefit from
immunotherapy.

PD-1 and PD-L1 are important proteins for maintaining immune homeostasis (57) by inhibiting
immune cell hyperactivation and preventing autoimmune disease through the PD-1/PD-L1
pathway (58). Nonetheless, within the tumor microenvironment cancer cells use the PD-1/PD-
L1 pathway to evade immune surveillance (59). The overexpressed PD-L1 on cancer cells
attaches to the PD-1 receptors found on lymphocytes infiltrating the tumor and impedes the
activation of the T cells (60, 61) (Figure 2).

Emerging evidence indicates that the addition of immune checkpoint inhibitors to platinum-
based dual chemotherapy yields therapeutic advantages in both lung adenocarcinoma (41)
and squamous cell carcinomas (62), irrespective of PD-L1 expression status. However, clinical
outcomes were less robust in patients with low PD-L1 expression considering subgroups.
Despite their importance as a predictor of efficacy, many clinical trials testing checkpoint
inhibitors as monotherapeutics have shown that some patients with high PD-L1 expression

still do not benefit from these agents.
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Even among patients whose tumors express high levels of PD-L1 (250% of tumor cells), than
more than half of cases do not exhibit a prolonged response to pembrolizumab treatment (41,
63, 64). Similarly, first-line monotherapy with nivolumab demonstrated a 4-year OS rate of
14% (95% Cl: 11-17%) across all patients. This rate increased to 19% in those with PD-L1
expression 21%, but paradoxically dropped to 11% in patients with PD-L1 expression above

1% (65, 66).

PD-L1 binds to PD-1 and inhibits Blocking PD-L1 or PD-1 allows
T cell killing of tumor cell T cell killing of tumor cell
Tumor cell
Tumor cell death

Figure 2: Checkpoint proteins, such as PD-L1 on tumor cells and PD-1 on T cells, help keep immune responses in check. The
binding of PD-L1 to PD-1 keeps T cells from killing tumor cells in the body (left panel). Blocking the binding of PD-L1 to PD-1
with an immune checkpoint inhibitor (anti-PD-L1 or anti-PD-1) allows the T cells to kill tumor cells (right panel). [Reprinted
with permission from ©2015 Terese Winslow LLC, U.S. Govt has certain rights].

1.4.2. Tumor mutational burden

The tumor mutational burden (TMB) serves as an additional predictive biomarker for response
to ICIs and is defined as the number of non-synonymous somatic mutations found per tumor
genome coding region, expressed as mutations per megabase (mut/Mb) (67, 68). The

presence of non-synonymous somatic variations can lead to aberrant proteins, some of which
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are no longer recognized as endogenous by the immune system. These proteins can become
neoantigens that activate the anti-tumor immune response (69). TMB increases the likelihood
of generating a diverse set of neoantigens, which in turn enhances the probability of effective
T-cell activation and tumor recognition (64, 70). Since its first identification as a potential
biomarker for ICl in melanoma by Snyder et al. in 2014, several studies have emphasized an
association of a high TMB and the effectiveness of ICls, suggesting its potential as a predictive
biomarker (71). The FDA granted tissue-agnostic approval for pembrolizumab for the
treatment of patients with unresectable or metastatic cancers with a TMB 210 mutations/Mb
solid tumors (72). The FDA's decision was based on the objective response rate (ORR) data
from 102 patients, primarily with 81 microsatellite stability tumors across nine cancer types,
treated in the phase 2 KEYNOTE-158 trial (73). The largest subgroup (33%) consisted of SCLC.
In the TMB-high group, ORR was observed in 30 out of 102 patients (29%, 95% CI 21-39),
compared to 43 out of 688 patients in non-TMB-high group (6%; 95% CI 5-8) (73). Despite
promising data, there are still many challenges for the further development of TMB as a
clinical biomarker, as PD-L1 expression and TMB show limited correlation in most cancer

subtypes (74-76).

1.4.3. Other biomarkers

Other tumor derived biomarkers include microsatellite instability (MSI) and deficiency of DNA

damage and repair-related genes. Microsatellites are short tandem repeat sequences with

10-50 repetitions of a small DNA motif found throughout the genome (77). MSl is caused by
defects in the mismatch repair pathway, leading to deficient mismatch repair (dMMR),
proliferation of microsatellite replication errors, and diffuse MSI. When this repair mechanism
is impaired, mutations accumulate across the genome, leading to a higher TMB and the
generation of neoantigens. This has led researchers to speculate that the abundance of
mutated neoantigens in dMMR cancers makes them susceptible to immune checkpoint
blockade, irrespective of the tissue of origin of the cancer (78).

Several studies demonstrated that patients with dMMR exhibit enhanced responses to PD-1
inhibitor treatment. In a phase Il study, the PD-1 inhibitor pembrolizumab has demonstrated

effectiveness in treating metastatic tumors, whether or not they exhibit dMMR (79). In
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advanced dMMR cases across twelve different tumor types, PD-1 inhibitor treatment resulted
in radiological remission in 53% and complete response in 21% of patients, respectively (80,
81). Although recent data indicated that up to 14 tumor types display MSI, suggesting a
widespread occurrence of MSl in various cancers (80, 81), MSl is most common in endometrial

cancer and colon carcinoma. In contrast, only 0.8% of lung cancers present MSI (82).

DNA damage response (DDR) related genes play an important role in the human DNA damage
repair mechanisms. Inability to promptly and precisely repair DNA damage may lead to diverse
genomic abnormalities, such as point mutations, chromosomal translocations, and the
acquisition or loss of chromosomal segments or entire chromosomes. In some cases, these
genomic alterations produce changes in cell physiology that drive tumor initiation (reviewed
in (83)). Hugo and colleagues showed that loss-of-function (LoF) mutations in BRCA2, a gene
crucial in DNA damage repair, were significantly enriched in melanomas responsive to anti-
PD-1 treatment. Among 38 patients with advanced metastatic melanoma undergoing PD-1
therapy, 28% of those who exhibited a positive therapeutic response had BRCA2 mutations,

while only 6% of those without a therapeutic response had such mutations (84).

Mutations in the tumor suppressor genes TP53 and STK11 are frequently observed in lung
adenocarcinoma, often concurrently with KRAS mutations (reviewed in detail in (85, 86)).
Studies suggest that NSCLC tumors harboring TP53 or KRAS mutations have increased PD-L1
expression compared to wild-type tumors (87-89). Notably, Dong et al. suggested using TP53
and KRAS mutations in lung adenocarcinoma to guide PD-1/PD-L1 antibody immunotherapy

(90).

1.5.Liquid biopsy

In the last decade, liquid biopsy has emerged as a revolutionary paradigm in cancer
diagnostics, offering a less invasive alternative to conventional tissue biopsies. Liquid biopsies
are referred to as the detection and/or analysis of circulating tumor cells (CTC) and as well as
cell-free DNA (cfDNA), cell-free RNA (cfRNA), extracellular vesicles, proteins, lipids and
metabolites present in biofluids (91-96). Although liquid biopsies can be obtained from various
body fluids, including serum, cerebrospinal fluid, pleural fluid, saliva, urine, stool and ascites

(96, 97), this study specifically focuses on cfDNA from blood plasma samples.

10
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1.5.1. Cell-free circulating tumor DNA

Liquid biopsy represents a promising avenue for improving cancer diagnostics as it offers a
comprehensive and less invasive means of obtaining important genetic information for
diseases such as NSCLC (see recent reviews (95, 98))

A promising analyte in a liquid biopsy is cfDNA, particularly circulating tumor DNA (ctDNA),
which represents tumor-derived fragments within the cfDNA pool. ctDNA offers significant
potential due to its ability to reflect the genetic and epigenetic alterations of tumors, such as
mutations, copy number variations, methylation patterns, and chromosomal rearrangements.
These characteristics make ctDNA a powerful tool for cancer detection, prognosis, monitoring

treatment response, and identifying resistance mechanisms (see reviews (94, 95)).

Cell-cfDNA release into the bloodstream is a consequence of cancer cell death, primarily
through processes such as apoptosis and necrosis. (99-104). Several studies have consistently
reported that cfDNA typically has an average fragment size of 160 to 180 base pairs (bp) (105-
107), which is consistent with the size of DNA wrapped around a nucleosome (approximately
142 bp) plus a linker (approximately 20 bp). This size closely resembles the DNA shed by
apoptotic cells (108). A previous study not only confirmed the presence of cfDNA in the 160-
180 bp range, but also detected cfDNA with an average size of about 320-360 bp (105).
However, it is more likely that these larger DNA fragments originate from dinucleosomes than
from necrosis, which is associated with DNA fragment sizes greater than 10,000 bp. In
conclusion, the preponderance of evidence suggests that apoptosis is likely to be the primary

source of cfDNA (95).

Research on the size profiling has indicated that cfDNA originating from cancer cells tends to
be shorter compared to that released from non-cancerous cells (109-111). Since ctDNA is
thought to be released from multiple tumor lesions including primary and metastatic lesions,
it typically encompasses a comprehensive range of genetic and epigenetic alterations from
the tumor, making it a valuable resource for disease monitoring (112). Consequently, ctDNA
has the potential to reflect both intra-tumor heterogeneity and spatially separated
metastases, thereby overcoming the limitations associated with traditional tissue biopsies (94,

96, 113), which only provide a snapshot of the tumor’s genome. Furthermore, ctDNA has been

11
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shown to correlate with tumor burden. Owing to its short half-life, it is thought to be
immediate reflector of tumor burden changes (114, 115), facilitating serial monitoring of
treatment response and has been shown to be a reliable biomarker for the detection of

minimal residual disease and the prediction of early relapse (116-118).

1.5.2. Challenges of ctDNA analysis

Several challenges can affect the clinical utility ctDNA analysis. One notable source of
discrepancy between the molecular profiles of cfDNA and corresponding tumor or metastatic
tissue is clonal hematopoiesis (CH) - a phenomenon characterized by the disproportionate
expansion of blood cells derived from a single hematopoietic clone (119-122). As individuals
age, somatic mutations can accumulate in white blood cells, and if these mutations confer a
selective advantage, clonal expansion may occur. This process can lead to the emergence of
detectable variants in cfDNA. Approximately 10% of individuals over the age of 65 harbor
clonal hematopoiesis of indeterminate potential (CHIP) - a non-malignant form of clonal
hematopoiesis involving mutations in genes frequently associated with cancer (123, 124).

As ctDNA is released into the bloodstream alongside a background of cell-free DNA (cfDNA)
fragments primarily originating from the hematopoietic system and represent the
predominant source of cfDNA under both physiological and pathological conditions (99, 100).
CHIP-associated variants may overlap with those detected in ctDNA. This poses a risk of false-
positive genotyping in plasma-based analyses (125-127).

A comprehensive pan-cancer study, which included more than 10,000 patients and utilized
next generation sequencing to compared plasma-derived cfDNA with genomic material from
peripheral blood mononuclear cells (PBMCs). The analysis revealed that 14% of cfDNA samples
presented with CH-related variants. This finding highlights the importance of distinguishing
between cfDNA alterations arising from CH and those that are tumor-specific. Ongoing
research is focused on developing analytical methods capable of making this distinction. (128).
Therefore, paired genotyping of the patient's PBMCs is recommended to exclude a clonal

hematopoiesis - related variant and to avoid a misleading diagnosis (129).

12
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1.5.3. Methodological approaches for ctDNA analysis

ctDNA levels can vary widely not only among tumor types, but also within the same entity
Notably, even patients with metastases may present unexpectedly low fractions of ctDNA
(105, 115, 130). Various cancer types, such as renal cell carcinoma, certain lung cancers or
brain cancer, are typically associated with low ctDNA levels, which may limit the clinical
applicability of liquid biopsy in these contexts (115). In contrast, advanced colorectal cancer,
breast cancer, prostate cancer and melanoma shed high levels of ctDNA, making them perfect
candidates for routine clinical use (131). Due to the often low proportion of tumor-derived

DNA in the circulating cfDNA (93-95), the need arose to develop methods with high sensitivity.

Generally, two technologies for the analysis of cfDNA are available, differing primarily in their

analytical sensitivity and genomic coverage (Figure 3) (132, 133). Targeted assays focus on

the analysis of hotspots or gene panels, while untargeted approaches rely on whole exome

(WES) or whole genome sequencing (WGS). Targeted methods are frequently used to quantify

variant allele frequency (VAF) by focusing on selected genes or genomic regions of interest
(VAF) (134). The advent of massively parallel NGS technologies, such as amplicon-based (135)
or hybrid capture sequencing (136, 137), has unlocked the full potential of mutation-based
analysis. This advance allows the simultaneous examination of multiple cancer-specific
mutations with heightened analytical sensitivity (138). Recent advancements, particularly the
integration of unique molecular identifiers (UMls), have further improved detection accuracy
by minimizing sequencing artifacts. UMIs correct for technical errors introduced during library
preparation and thus allow for the tumor-agnostic detection of rare variants with sensitivities
reaching as low as 0.1% (136, 137, 139). This improvement is especially valuable for identifying
low-frequency variants in liquid biopsy samples, where tumor-derived DNA is often present in
minimal amounts (94, 95).

ON the other hand, WGS - as a representative untargeted approach - offers a broad overview
of the genomic landscape, allowing for the examination of somatic copy number alterations
(SCNA) and structural changes (133). Similarly, WES has proven effective useful in identifying
de novo alterations and identifying potentially actionable clinical targets for monitoring tumor

progression during therapy (139). In general, untargeted sequencing methodologies do not

13
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rely on prior knowledge of the tumor genome and are effective in capturing tumor
heterogeneity. Nonetheless, genome-wide ctDNA profiling is limited by its requirement for a
relatively high fraction of tumor-derived DNA in the bloodstream - often above 3-10% - to
yield accurate and clinically meaningful results, making it less effective in low-shedding tumors

(132) (Figure 3).

GENOMIC COVERAGE

100-500x Whole Exome Sequencing

>500-1,000x Large Gene Panels

Barcoded Hotspot

Panels

SEQUENCING DEPTH
ALIAILISNIS TVIOILATVNY

Figure 3: Genomic coverage of different ctDNA detection methods.

Illustration depicting the correlation between escalating sequencing depth and enhanced analytical sensitivity. Increased
genome coverage is associated with decreasing analytical sensitivity. While the analysis of single targets or hotspots can be
performed with high resolution, there is still a lack of analytical sensitivity when sequencing the entire exome or genome.
[Reprinted from Zhou & Moser et al. (132) (CC BY-NC-ND 4.0)]

To inform about actionable mutations for targeted therapies, resistance mechanisms, and
eligibility for immunotherapies, comprehensive genomic profiling (CGP) from cfDNA has
gained traction in the past decade. CGP from ctDNA is particularly useful because it offers a
non-invasive method to obtain comprehensive genetic data when tumor tissue is unavailable

or insufficient.

Several CGP assays have been approved by the FDA such as the FoundationOne® CDx assay by
Foundation Medicine, Inc. (Cambrigde, MA, USA) or the MSK-ACCESS ctDNA profiling test
(Memorial Sloan Kettering Cancer Center, New York, NY, USA). These assays support the

detection of all types of molecular alterations (e.g., single nucleotide variants, small and large
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Indels, copy number alterations and structural variants) as well as complex biomarkers such

as MSI, loss of heterozygosity and TMB (140, 141).

In addition to FDA-approved assays, laboratories engage in the development of proprietary
tests known as laboratory-developed tests (LDTs). These in vitro diagnostic assessments for
tumor biomarkers are conceived, fabricated, and utilized within a singular laboratory. The
obtained results can then be shared with clinicians to guide patient care. Divergent from FDA-
regulated diagnostic tests, LDTs are exempt from equivalent scrutiny, potentially leading to
variations in analytical validity and clinical utility due to the absence of standardized
evaluation procedures. Although laboratories performing LDTs must be certified and many of
these tests are reliable, they are not held to the same standards as other diagnostic tests that
are reviewed by the FDA and the analytical validity and clinical utility of these tests are not
always thoroughly reviewed (142-144). However, the development of LDTs is not possible in
every laboratory due to financial and personnel costs, which is why commercially available

kits have to be used.

1.5.4. Circulating tumor cells

Besides ctDNA, another predictor for cancer development and progression is the enumeration
of CTCs, which is most commonly performed using the CellSearch® System (Menarini Silicon
Biosystems), a clinical system used to detect and count CTCs in a blood sample. Given the
extremely low concentration of CTCs in the bloodstream, especially in comparison to the vast
number of white and red blood cells, it is crucial to employ an assay that can reliably detect
and enumerate CTCs within the background of normal cells. One effective strategy for
enriching CTCs involves targeting the epithelial cell adhesion molecule (EpCAM), a surface
marker that is commonly expressed on epithelial-derived tumor cells but largely absent on
leukocytes, thereby enabling selective isolation (145-148). It is the first and only FDA-
approved method for clinical use to date and mainly used in cancers like breast, prostate and
colorectal (149-152). Clinical relevance has also likewise been shown in cases of metastatic
SCLC and NSCLC (153, 154). In one of the first studies investigating CTCs, Cristofanilli et al.
(2004) demonstrated that metastatic breast cancer patients with =5 CTCs per 7.5 mL of blood

had shorter progression-free and overall survival than those with lower counts. A decrease in
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CTC levels following treatment initiation indicated a favorable therapeutic response (152).
Around the same time, Allard et al. confirmed the analytical validity of the CellSearch® system,
showing high specificity and sensitivity in distinguishing cancer patients from healthy controls
(155). Further research by De Bono et al. in castration-resistant prostate cancer identified CTCs
as a stronger predictor of overall survival than PSA decline (156). Similarly, in metastatic
colorectal cancer, a threshold of 23 CTCs effectively stratified patients by prognosis (157).
While EpCAM-based techniques can detect CTCs originating from epithelial tumors, numerous
CTCs in patients with various cancer types exhibit limited epithelial features, including low or
absent EpCAM expression (158-160). This can be due to limitations in antibody efficiency
(161) and the cells' phenotypic flexibility. For example, CTCs undergoing epithelial-to-
mesenchymal transition may lose epithelial markers like EpCAM or E-cadherin and gain
mesenchymal markers like N-cadherin, making them harder to detect (reviewed in (162)).
Detection rates also differ by cancer type—EpCAM* CTCs are more common in breast,
prostate, and small cell lung cancers but less so in pancreatic, colorectal, and non-small cell
lung cancers (163). According to Krebs et al., only 7% of stage I1IB NSCLC patients had > 2 CTCs
in 7.5 mL of blood, and even among stage IV patients, this proportion was just 32% (153)).
Nonetheless, higher CTC counts (22 or >5) were linked to shorter PFS and OS (153, 164).
Despite significant advances in CTC enrichment and characterization, their integration into
routine clinical practice remains limited, largely confined to translational research settings.
Ongoing developments in single-cell analysis, alternative capture technologies, and the
exploration of functional and molecular CTC properties continue to expand their potential

applications (162).
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2. AIMS

Accurately identifying patients who are likely to benefit from immune checkpoint inhibitor
(ICl) therapy can help avoid unnecessary treatment, thereby reducing toxicity risks and
minimizing healthcare costs. Therefore, the primary objective of this thesis was to investigate
whether a decline in ctDNA levels was associated with a positive treatment response,
suggesting its potential as an early indicator of therapeutic efficacy. A key focus was to assess
the alignment between radiographic response and molecular response as measured by ctDNA,
and to compare clinical outcomes between patients who demonstrated a ctDNA response and

those who did not.

To this end, we first sought to identify the best performing Next Generation Sequencing (NGS)-
based cfDNA assay in terms of sensitivity and specificity through extensive validation. A wide
range of assays, including ddPCR, MassARRAY and various NGS-based kits were evaluated in
three experimental setups. The best performing assay was used to retrospectively analyze a

cohort of NCSLC patients undergoing ICl treatment.

To this end, we conducted an extensive validation to determine the most effective NGS-based
cfDNA assay. Multiple platforms, including ddPCR, MassARRAY, and various NGS-based kits,
were assessed with respect to their analytical performance across three experimental models.
The assay demonstrating the highest performance was subsequently employed for
retrospective analysis of a cohort of NSCLC patients treated with immune checkpoint

inhibitors.
Specific aims were:

e To find the best performing NGS-based assay for ctDNA detection.

e To test the clinical utility of the selected NGS-based assay for predicting and
monitoring response to ICl treatment in plasma DNA from NSCLC patients.

e To evaluate whether dynamic changes in ctDNA levels can serve as early indicators of
treatment response to ICl therapy in NSCLC.

e To assess the agreement between ctDNA response and radiographic tumor response.

17



Dissertation Sabrina Hammer

e To assess differences in overall survival (OS) and progression-free survival (PFS)
between patients with a ctDNA response and those without.

e Toinvestigate baseline ctDNA levels in association with survival.

e To perform a landmark analysis at two months after treatment initiation to evaluate
survival outcomes, using this clinically meaningful time point to inform decisions

regarding treatment continuation.
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3. MATERIALS AND METHODS

3.1. Reference material

Two sets of commercially available ctDNA reference standards, covering different numbers of
variants mutations across multiple genes commonly found in cancer with distinct allele
frequencies, were used. The standard materials consisted of a synthetic mixture of
fragmented DNA around a length of 170 bp that closely mimics the characteristics of ctDNA

found in patient blood samples.

The Seraseq® ctDNA Reference Material v2 (SeraCare Life Sciences, Milford, MA, USA)

consisted of 40 variants across 28 genes at various VAFs including 2%, 1%, 0.5%, 0.25%, 0.125%
as well as an additional wild-type (WT) sample. The Seraseq® ctDNA Reference Material v2
comes in a 5 ml human plasma-like matrix called SeraCon™ Matribase, from which DNA was
isolated with the QlAamp Circulating Nucleic Acid Kit (QIAGEN, Hilden, Germany) according to
manufacturer’s instructions. The concentration was measured by Qubit dsDNA High
Sensitivity Assay (Thermo Fisher Scientific, Waltham, MA, USA). Variants included in the
Seraseq® ctDNA Reference material v2 and covered by each NGS panel are listed in Table 2

(165).
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Table 2: Mutations in the Seraseq® ctDNA reference material v2 covered by the various NGS kits included in the study.
Each kit's detection of a specific mutation is indicated with "YES". [Table and legend adapted from Cancers (Weber et al.
(165))]

NebNext Direct QlASeq Avenio Oncomine | GeneRead QlAact
Gene cds (HGVS) Amino Acid Change Mutation Type |Cancer Hotspot| Actionable Targeted Kit LungcfDNA Lung UMI Panel
(n=37) Panel (n=25) (n=17) Assay (n=13) (n=12)
AKT1 €.49G>A p.(Glu17Lys) SNV
APC c.4348C>T p.(Arg1450*) SNV
BRAF c.1799T>A p.(val600Glu) SNV
CTNNB1 €.121A>G p.(Thr41Ala) SNV
EGFR €.2369C>T p-(Thr790Met) SNV
EGFR ¢.2573T>G p.(Leu858Arg) SNV
FGFR3 €.746C>G p.(Ser249Cys) SNV
FLT3 €.2503G>T p.(Asp835Tyr) SNV
FOXL2 €.402C>G p.(Cys134Trp) SNV
GNA11 c.626A>T p.(GIn209Leu) SNV
GNAQ €.626A>C p.(GIn209Pro) SNV
GNAS €.601C>T p.(Arg201Cys) SNV
IDH1 €.394C>T p.(Arg132Cys) SNV
JAK2 c.1849G>T p.(val617Phe) SNV
KIT c.2447A>T p-(Asp816Val) SNV
KRAS ¢.35G>A p.(Gly12Asp) SNV
MPL €.1544G>T p.(Trp515Leu) SNV
NRAS C.182A>G p.(GIn61Arg) SNV
PDGFRA €.2525A>T p.(Asp842Val) SNV
PIK3CA c.1633G>A p.(Glu545Lys) SNV
PIK3CA €.3140A>G p.(His1047Arg) SNV
RET €.2753T>C p.(Met918Thr) SNV
TP53 €.524G>A p.(Argl75His) SNV
TP53 c.818G>A p.(Arg273His) SNV
TP53 C.743G>A p.(Arg248GIn) SNV
ATM ¢.1058_1059del p.(Cys353Serfs*5) Deletion
EGFR €.2236_2250del p.(Glu746_Ala750del) Deletion
TP53 c.723del p.(Cys242Alafs*5) Deletion
PTEN c.800del p-(Lys267Argfs*9) Deletion
TP53 c.263del p.(Ser90Profs*33) Deletion
EGFR c.(2310_2311insGGT) p.(Asp770_Asn771insGly) Insertion
ERBB2 €.2313_2324dup p.(Tyr772_Ala775dup) Insertion
NPM1 c.860_863dup p.(Trp288Cysfs*12) Insertion
PDGFRA c.1694_1695insA p.(Ser566GInfs*6) Insertion
PIK3CA €.3204_3205insA p.(*1069Metext*3) Insertion
PTEN c.741_742insA p.(Pro248Thrfs*5) Insertion
SMAD4 c.1394_1395insT p.(Ala466Glyfs*28) Insertion
APC c.4666dup p.(Thr1556Asnfs*3) Insertion
NCOA4-RET Gene Fusion
TPR-ALK Gene Fusion
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The Seraseq® ctDNA Complete™ Reference Material covered 25 variants, i.e. somatic

nucleotide variants (SNVs), Indels, selected somatic copy number alterations (SCNAs) and
fusions in 16 genes at specified VAFs (5%, 2.5%, 1%, 0.5%, 0.1%, WT) and do not require DNA
extraction as it is already supplied as purified cfDNA in buffer. The mutations included in the

reference material are listed in Table 3.

Table 3: Mutations in Seraseq® ctDNA Complete™ reference material covered by the AVENIO Targeted and the AVENIO
Expanded assay. Each kit's detection of a specific mutation is indicated with an "X". [Table and legend adapted from Cancers
(Weber et al. (165))]

Gene cds (HGVS) Amino Acid Change Mutation Type |Avenio Targeted Kit (n=19) Avenio Expanded Kit (n=22)
AKT1 c.49G>A p.(Glul7Lys) SNV
ALK c.3604G>A p.(Gly1202Arg) SNV
ALK c.3522C>A p.(Phel174Leu) SNV
BRAF c.1799T>A p.(Val600Glu) SNV
EGFR €.2369C>T p.(Thr790Met) SNV
EGFR c.2573T>G p.(Leu858Arg) SNV
KIT C.2447A5T p.(Asp816Val) SNV
KRAS €.183A>C p.(GIn61His ) SNV
KRAS c.35G>A p.(Gly12Asp) SNV
KRAS c.34G>T p.(Gly12Cys) SNV
NRAS c.182A>G p.(GIn61Arg ) SNV
PIK3CA c.3140A>G p.(His1047Arg ) SNV
BRCA1 c.1961del p.(Lys654Serfs*47) Deletion
BRCA2 c.7934del p.(Arg2645Asnfs*3) Deletion
EGFR €.2235_2249del p.(Glu746_Ala750del) Deletion
EGFR €.2240_2257del p.(Leu747_Pro753delinsSer) Deletion
EGFR €.2254_2277del p.(Ser752_lle759del) Deletion
ERBB2 c.2313_2324dup p.(Tyr772_Ala775dup) Insertion
PIK3CA €.3204_3205insA p.(*1069Metext*3) Insertion
ERBB2 CNV
MET CNV
Myc CNV
EML4-ALKv1 Gene Fusion
CD74-R0OS1 Gene Fusion
NCOA4-RET Gene Fusion

3.2. Ethics and patient cohort

Patients with advanced (Stage IlIB-1V) non-small cell lung cancer (n=177) were recruited from
December 2015 to May 2018 under the supervision of Harry Groen and Ed Schuuring and
treated with ICI at the University Medical Center Groningen (UMCG), The Netherlands.
Patients who received pembrolizumab as a first-line treatment, nivolumab as a second-line
treatment, and atezolizumab as a second- or third-line treatment were included. For each
patient, peripheral blood samples were collected prospectively prior to ICl treatment initiation
(baseline, to) and after two cycles of treatment at first response evaluation (on average four

weeks for nivolumab and six weeks for pembrolizumab, ti1). A total of ten patients were
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excluded because of failure in analysis, library preparation, or inadequate timing of blood
collection, resulting in 167 evaluable patients. In total, 334 plasma samples with advanced
stage NSCLC were evaluable. Additionally, we included PBMCs of all 167 patients in our

analysis (66).

In addition to blood samples, tumor tissue from 116 patients was obtained by bronchoscopy,
transthoracic biopsy or wedge resection, or endoscopic ultrasound, processed, and diagnosed
according to routine pathology procedures at UMCG. Patients with known targetable driver
mutations such as EGFR, BRAF, MET mutations, or ALK, ROS1, RET gene rearrangements
established from available primary tumor or lymph node metastasis tissues were excluded
from the study. When available, tumor PD-L1 status - the percentage of PD-L1 positive tumor

cells - was determined (66).

The ISO-certified biobank initiative (9001:2008 Healthcare) was approved by the medical
ethics committee of the UMCG, the Netherlands (no. 2010/109), conducted according to the
Declaration of Helsinki and made available to the CANCER-ID consortium (66, 166). All patients

provided written informed consent for sample collection for research purposes (66).

3.3. Evaluation of response to the treatment

Patients underwent Fluorodeoxyglucose (FDG)-PET/CT before ICl treatment and CT every 6-8
weeks after treatment initiation. Tumor staging was determined with CT scans in accordance
with the RECIST criteria (version 1.1, (31)). FDG-PET scans were used to determine the number
of metastases in each patient. Patient response was categorized according to whether the
tumor shrank, stayed the same, or increased in size, and were stratified into early responders
(ER) and durable clinical responders (DCR) based on the duration of their response. Early
responders showed complete response (CR) or partial tumor response (PR) at first staging.
The DCR group was defined as CR, PR or sustained stable disease (SD) for more than 6 months.
Patients who did not have a response durable response (non-durable responders, NDR)
experienced disease progression (progressive disease, PD) within the first six months of
treatment with ICl. Non-responders (NR) showed no response at first tumor assessment. In a

subset of patients, response assessment was not performed due to very rapid disease
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progression (not evaluable, NE) and therefore these patients were included in the progressive
disease group. Progression-free survival (PFS) was defined from the day of first ICI treatment
until tumor progression as determined by imaging or death. OS was defined from the first day
of ICI administration until death. Patients who did not meet the primary endpoint were

censored on the day of the last follow-up visit (66).

3.4. Blood sample collection, processing and isolation of cfDNA

3.4.1. Plasma extraction

Peripheral whole blood samples were collected at the UMCG from patients in sterile tubes
coated with ethylenediaminetetraacetid acid (EDTA) (BD Biosciences, Franklin Lakes, NJ, USA)
orin cell-free DNA blood collection tubes (BCTs) (Streck, Omaha, NE, USA). EDTA samples were
processed within four hours of venipuncture. To separate lymphocytes from plasma, samples
were first centrifuged at at 820xg for 10 min at 4°C. The resulting supernatant underwent a
second centrifugation at 16,000xg at 4°C for another ten minutes to remove residual cellular
debris. Plasma was then aliquoted into 1 mL portions and stored at -80 °C until cfDNA isolation
(167). Cell-free DNA BCTs were processed within 24 hours following the same protocol, with
the exception of an initial centrifugation at 1600xg in accordance with the manufacturer’s

guidelines. All centrifugation steps were conducted at room temperature (66).

3.4.2. cfDNA extraction

cfDNA was isolated at our laboratory from an average of 1.8 ml plasma (range 0.5 — 2.2 ml)
using the QlAamp Circulating Nucleic Acid Kit (n=331 samples) or the PAXgene Blood ccfDNA
Kit on the QlAsymphony device (both QIAGEN) (n=17 samples) and quantified using the Qubit
dsDNA High Sensitivity Assay Kit (Thermo Fisher Scientific) in accordance with the
manufacturer’s instruction (66).

DNA was isolated from 5 ml Seraseq® ctDNA Reference Material v2 with the QlAamp
Circulating Nucleic Acid Kit (QIAGEN) according to manufacturer’s instructions and the DNA
concentration was measured using the Qubit dsDNA High Sensitivity Assay (Thermo Fisher

Scientific).
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3.5.Lymphocyte collection from EDTA blood and gDNA isolation

To correct for germline variants and variants derived from clonal hematopoiesis, genomic DNA
(gDNA) from buffy coats was additionally analyzed. To this end, the mononuclear and red
blood cell fraction were transferred into a 50 ml tube after the first centrifugation step for
plasma extraction, Ammonium-chloride-potassium (ACK) buffer was added to the blood in a
ratio of 3:1 (blood:lysis), incubated at 4°C for approximately 20 minutes, and centrifuged at
1000 rpm for 10 minutes. The supernatant was transferred to a new 50 mL tube, and the
remaining cell pellet was resuspended in 10 mL of fresh ACK lysis buffer, followed by
centrifugation under the same conditions. After removing the supernatant, the pellet was
again resuspended in 1 mL of ACK buffer and centrifuged at 1000 rpm for 10 minutes at 4 °C.
The final supernatant was carefully removed, and the resulting pellet was stored at —80 °C.
gDNA was subsequently isolated from the buffy coat - the leukocyte-enriched fraction of
whole blood - using the Gentra Puregene Blood Kit (QIAGEN), according to the manual with
minor modifications. Specifically, Proteinase K was added during the extraction process to
enhance white blood cell lysis, and nuclease-free water was used for elution of the purified
DNA. The concentration of gDNA was determined using the Qubit dsDNA Broad Range Assay
Kit (Thermo Fisher Scientific) (66).

3.6.Assay validation and selection

To assess the performance of cfDNA-sequencing assays, we validated different mutation
analysis platforms using commercially available highly multiplexed reference standards with
distinct mutations at defined allele frequencies. To this end, we designed different
experimental setups to evaluate the performance of reference material for inter- and intra-

assay comparisons as well as between and within laboratories (Figure 4).
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Figure 4: Experimental setup to assess Seraseq® reference material.

(A) A multicenter analysis of the Seraseq® ctDNA Complete™ Reference material was conducted using three NGS assays, two
digital droplet PCR assays and the MassArray. To assess intra-run precision, the 1% variant allele frequency (VAF) reference
sample was analyzed within a single workflow. Inter-run reproducibility was evaluated by processing the same material in
three independent workflow runs. (B) The Seraseq® ctDNA Reference Material v2 was tested across five commercial mutation
detection assays targeting clinically significant genes to determine their sensitivity and specificity. (C) Evaluation of the
Seraseq® ctDNA Complete™ Reference Material's performance using the AVENIO ctDNA Expanded panel. [Figure and legend
adapted from Cancers (Weber et al. (165))]

Several mutation analysis assays were used for the different study setups. While data from

the AVENIO platform (Roche, Basel, Switzerland), QlAseq Human Actionable Solid Tumor assay

(QIAGEN) and NEBNext Direct Cancer HotSpot Panel for Illumina (New England Biolabs,

Ipswich, MA, USA) were generated in our lab, sample preparation and sequencing for a

customized SureSelectXT panel (Agilent Technologies, Santa Clara, CA, USA), QlAact Lung UMI

Panel (QIAGEN), Oncomine Lung cfDNA™ Assay (Thermo Fisher Scientific), two droplet digital

PCR (ddPCR) assays (Bio-Rad, Hercules, CA, USA), the UltraSeek lung panel (MassARRAY,

Agenda Bioscience) were performed by collaborating partners of Cancer-ID as specified in

Table 4 and in accordance with the manufacturer's instructions (165).
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Table 4: Overview of Cancer-ID partner sites and the mutation analysis assays they conducted [Table adapted from Weber
et al. (165)]

Study
Laborat ID A Platf
aboratory ssay atform Setup
Agena Agena UltraSeek Lung panel (Agena Bioscience) MassARRAY A
BAYER BAYER Digital droplet PCR Bio-Rad A
Cancer Research UK UNIMAN SureSelect CT Custom Kit (Agilent Technologies) Illumina A
Manchester Institute € g
AVENIO ctDNA Targeted Kit (Roche) A B
AVENIO ctDNA Expanded Kit (Roche) . C
Ilumina
Institute of Human Genetics,
. A MUG . )
Medical University of Graz QlAseq Human Actionable Solid tumor assay (QIAGEN) B
NEBNext Direct Cancer HotSpot Panel (New England 5
Biolabs)
QlAact Lung UMI Panel (QIAGEN) GeneReader A B
Institute of Pathology, MUG
Medical University of Graz
Oncomine cfDNA Lung Panel (Thermo Fisher Scientific) lon Torrent B
Department of Pathology,
University Medical Center UMCG Droplet digital droplet PCR Bio-Rad A

Groningen

This work was done within the framework of the Innovative Medicines Initiative (IMI) program
CANCER-ID. In addition, we assessed the performance of several NGS assays in terms of
sensitivity and specificity. The aim was to find the best performing assay for further studies
and clinical validation. The best performing assay was used to present a comprehensive

mutation profiling of plasma ctDNA from patients treated with ICI therapy (66, 165).

The NGS assays used in our laboratory—QIlAseq Human Actionable Solid Tumor Assay
(QIAGEN), NEBNext Direct Cancer HotSpot Panel for lllumina (New England Biolabs), and both
the AVENIO ctDNA Targeted and Expanded Kits (Roche) are described in detail below.

3.6.1. QlAseq™ Human Actionable Solid Tumor Assay (QIAGEN)

The QlAseq™ Human Actionable Solid Tumor Panel is a gene panel designed for the detection
of somatic mutations in solid tumors, targeting exonic regions including 10 bases of the

intron/exon boundary of 23 tumor suppressor genes and oncogenes, with a total panel size of
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15,160 base pairs and enriches 773 variants in 12 exons. QIAGEN reports a specificity of
90.48% and a uniformity of 99.85% for this panel.

Fifteen nanograms of Seraseq® ctDNA Reference Material v2 were used for library
preparation, following the QlAseq Targeted DNA Panel Handbook (QIAGEN, version 05/2017),
In brief, after enzymatic fragmentation, end-repair and A-tailing was performed followed by
an enrichment using a set of 651 target-specific primers. The resulting libraries were amplified
through 23 cycles of universal PCR, and fragment sizes were assessed with the Bioanalyzer
High Sensitivity DNA Kit (Agilent Technologies).

Sequencing was carried out on the Illumina NextSeq 550 platform (San Diego, CA, USA) using
a Mid Output Kit, generating 150 bp paired-end reads across six libraries. Each library yielded
an average of 22.4 million raw reads (range: 18.0—28.6 million), with a mean consensus read
depth of 2900x (range: 1899-3412) (165). Data analysis was conducted using the QIAGEN
GeneGlobe Analysis Hub, with smCounter v1(3) employed to accurately identify true variants
by correcting for sequencing errors through Unique Molecular Identifier (UMI) tagging.
Variants that failed to meet the predefined quality thresholds set by smCounter were
excluded from further analysis. All remaining variants identified in the reference material were

manually reviewed using the Integrative Genomics Viewer (IGV), version 2.3.58 (165).

3.6.2. NEBNext Direct™ Cancer HotSpot Panel for lllumina (New England Biolabs)

The NEBNext Direct™ Cancer Hotspot Panel targets 190 commonly mutated positions from
50 cancer genes (165). This panel uses a hybridization-based workflow that combines capture
with library preparation, reducing false positive variants by incorporating UMls. New England

Biolabs states a 100% detection rate of 168 true variants over a range of 2-100% VAF.

Library preparation was performed using 15 ng of SeraCare reference material v2 following
the manufacturer’s recommendations (manual version 2.0), with fragment size and
quantification assessed via Bioanalyzer High Sensitivity DNA Kit (Agilent Technologies) and
gPCR using lllumina adapter-specific primers, respectively. Equimolarly pooled libraries were
sequenced in a 75 bp paired-end mode on the Illlumina NextSeq 550 instrument. On average,
24.8 million raw reads (range 23.5 million — 26.4 million) were obtained per sample. UMI

sequences were added to the BAM files using the AnnotateBamWithUmis function from the
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fgbio package (https://fulcrumgenomics.github.io/fgbio/) and variant calling was performed
using the GATK MuTect2 pipeline (Broad Institute,
https://software.broadinstitute.org/cancer/cga/mutect) with tumor-only mode. A mean
depth of 2099 reads (range 1217-4361) were achieved. VCF files were annotated with
annovar. All positions with variants included in the SeraCare reference material v2 covered by

the panel were visually inspected using IGV (version 2.3.58) (165).

3.6.3. AVENIO ctDNA Targeted and Expanded Kit (Roche)

The AVENIO ctDNA kits are next-generation sequencing-based assays optimized for NSCLC and
colorectal cancer, but also suitable for other cancer types aligned with the U.S. National
Comprehensive Cancer Network (NCCN) guidelines (168, 169) and new cancer biomarkers.
The kits enable the detection of all types of genetic aberrations such as SNVs, Indels (insertions
and deletions), CNVs (Copy number variations) and fusions from cfDNA from solid tumors. The

AVENIO ctDNA Targeted Kit is used for pan-cancer research applications and contains 17 genes

in 81kb including SNVs. The AVENIO ctDNA Expanded Kit contains 77 genes in 192 kb, including
17 guideline-driven biomarkers and 60 novel biomarkers examined in clinical trials and detects

Indels, gene fusions and CNVs in specific regions.

The AVENIO assays use hybrid capture-targeted enrichment techniques in an end-to-end
process from cfDNA isolation to analysis. The AVENIO CAPPseq technology has integrated
digital error suppression (iDES) by combining molecular barcoding with in silico error
suppression techniques (136, 137). According to the vendor, the assays detect SNVs with an
allele frequency of 0.5% with >99% sensitivity and specificity using 10-50ng of mixed cell lines
and a minimum of 40 million and 60 million reads for the AVENIO ctDNA Targeted and

Expanded assays, respectively.

Library preparation for both assays was performed in accordance with the manufacturers’
recommendation. Briefly, unique sample adapters were ligated to cfDNA, followed by
overnight incubation and post-ligation bead-based cleanup. After PCR amplification, quality
metrics such as library size and concentration were verified using the 7500 DNA Kit on the
Agilent Bioanalyzer and the Qubit dsDNA High Sensitivity Assay from Thermo Fisher Scientific.

After the quality control check, the samples were either frozen at -15 to -20°C until further
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use or immediately transferred for overnight hybridization. After binding to streptavidin beads
and post-hybridization washes, the target enrichment was completed by a PCR amplification
and clean-up of the enriched sample. The concentration of the enriched library was again
determined using the Qubit dsDNA High Sensitivity Assay (Thermo Fisher Scientific) and the
size of the library was determined with the Bioanalyzer High Sensitivity Kit (Agilent

Technologies). Libraries were pooled equimolarly by concentration (66, 165).

The AVENIO ctDNA Targeted Kit was used to evaluate the Seraseq® ctDNA Complete™
Reference material (Setup A) and to assess specificity and sensitivity with the Seraseq® ctDNA
Reference Material v2 (Setup B). Setup A employed 20 ng of the Seraseq® ctDNA Complete™
Reference Material for library preparation. On average 20.0 million raw read pairs per sample
were obtained, with a range spanning from 18.2 million to 23.5 million. Following the
generation of consensus reads, a mean unique depth of 4002 reads was achieved, exhibiting
a range from 2967 to 4603 (165).

For the ctDNA Reference Material v2, 15 ng input DNA was used. After library quantification,
the reference materials were sequenced in pools of 16 samples on an lllumina NextSeq 550
with a High Output v2 300 cycles it in paired-end mode (165), which yielded in an average of
22.2 million raw read pairs per sample, ranging from 20.2 million to 27.5 million. Subsequent
to the consensus read generation process, a mean unique depth of 5075 reads was observed,

with a range extending from 4544 to 6288 reads (165).

A total of 15 ng of Seraseq® ctDNA Complete™ Reference Material were used for the library
preparation (Setup C). The reference materials were sequenced in pools of 12 samples on an
[llumina NextSeq 550 with a High Output v2 300 cycles in paired-end mode (2 x 150 bp)
resulting in a mean unique depth of 4569x (range, 4028-5026). A total of 22/25 mutations (12
SNVs, five Indels, two gene amplifications, i.e. ERBB2 and MET) and three translocations
(EML4-ALKv1, NCOA4-RET, CD74-R0OS1) included in the reference material were covered by
the AVENIO ctDNA Expanded panel (66, 165).

For the clinical validation study, AVENIO ctDNA Expanded libraries were prepared from cfDNA

from NSCLC patients using an average input of 34.4 ng (range, 5.4-53.2 ng). To correct for
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germline variants and those associated with clonal hematopoiesis, gDNA from PBMCs was
additionally sequenced. Genomic DNA from PBMCs were enzymatically fragmentated prior to
library preparation. Up to 200 ng of DNA was fragmented in a single reaction. A master mix
consisting of KAPA Fragmentation Buffer (10X) and KAPA Fragmentation Enzyme in a 1:2 ratio
(Roche) was added to the DNA and incubated at 37°C for 30 minutes. After incubation, a stop
solution was added followed by a 3x Bead Clean-up with KAPA Pure Beads (Roche). After
cleaning with 80% ethanol, beads were dried, resuspended in nuclease free water, and
incubated at 37°C for ten minutes to elute the DNA from the beads. The concentration was
measured using the Qubit dsDNA High Sensitivity assay and the size distribution was checked
with the High Sensitivity DNA Bioanalyzer. On average 46.6 ng (range, 5.0-55) was used for
library preparation (66).

Patient-derived cfDNA and PBMC samples were sequenced using 150 bp paired-end reads.
Library pools consisted of eight samples for cfDNA and nine for PBMCs when sequenced on
an lllumina HiSeq system. Additional pools of 11 to 12 libraries were processed on an Illumina
NextSeq 550 platform. To enhance sequencing diversity and calibration, 10% PhiX Sequencing
Control v3 (lllumina) was included in each sequencing run (66, 165). On average, cfDNA
samples produced 34.3 million read pairs (range: 11.3-52.3 million), while PBMC samples
generated 33.0 million read pairs (range: 12.5-48.6 million). After generating consensus
reads, cfDNA libraries reached a mean sequencing depth of 4294x (range: 951-9303x), and
PBMC libraries reached a mean depth of 4256x (range: 637-6831x) (66).

3.6.4. AVENIO ctDNA Targeted and Expanded data analysis

Raw sequencing data from the Targeted and Expanded kit were analyzed using the AVENIO
ctDNA Analysis Software (Roche, version 1.1.0). Variant calls were generated using a custom
somatic variant filter set. This filter removed variants present with >1% mutated population
allele frequency listed in frequency databases (Exome Aggregation Consortium (ExAC),
Genome Aggregation Database (gnomAD), 1000genomes) along with common single
nucleotide polymorphisms (SNPs) as defined in the Single Nucleotide Polymorphism Database
(dbSNP). In contrast to the default filter settings provided by Roche, the somatic variant

settings included also variants which are not defined in the Catalogue of Somatic Mutations
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in Cancer (COSMIC) or The Cancer Genome Atlas Program (TCGA) and somatic mutations,
particularly in tumor suppressor genes would therefore not be reported by the default
algorithm (66, 165).

Various filter settings were used to differentiate between somatic variants from the tumor
and variants arising from clonal hematopoiesis in order to avoid false-positive results in the
tumor-specific variant set. Following the default filtering procedures applied by the AVENIO
Oncology software, the remaining plasma DNA variants were cross-referenced with variant
calls from the PBMCs to identify rare germline alterations. Variants with a minor population
allele frequency greater than 0.1% were filtered out. Moreover, variants in PBMCs that were
single time point specific and had less than 10 alternate reads were removed. On the other
hand, mutations that were present at both time points in the plasma samples and in the
PBMCs were retained, regardless of the number of mutated reads. To sum up, variants that
were found in both cfDNA and PBMCs with VAFs ranging from 0.1% to 10% were categorized
as variants associated with clonal hematopoiesis (66, 165). A graphical representation of the

filter steps is shown in Figure 5.

Variants that pass the AVENIO QC criteria

VoL

Keep variants present in
cfDNA at both timepoints

regardless of reads depth

Figure 5: Somatic custom filter settings.

The filter removes variants present with >1% mutated population allele frequency listed in frequency databases (EXAC,
gnomAD, 1000genomes) along with common SNPs as defined in dbSNP. Remaining plasma DNA variant calls were compared
to PBMC variant calls to detect rare germline variants (<0.1% allele frequency). Unique variants at one time point, covered
by <10 alternative reads, were filtered out, while mutations present at both time points were retained regardless of read
count.
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3.7. Assessment of ctDNA levels and molecular response

We employed different proxies to analyze its association with radiographic response and
survival. ctDNA levels were assessed using two metrics: VAF, which represents the proportion
of sequencing reads that contain the alternate allele relative to the total number of reads at
that specific site (170, 171); and mutant molecules per milliliter of plasma (MM), which refers
to the absolute number of DNA molecules carrying a specific genetic mutation detected in 1
milliliter of plasma (172). The average of all detected variants per patient (referred to as aMM
and aVAF) and the highest variant's value per patient (referred to as hMM and hVAF) were
established for both proxies. To ensure accuracy, a minimum threshold of 25% was set for
observing ctDNA changes, considering a previously identified 20% technical variance in variant
calling of the AVENIO assay (165). A more stringent cut-off of 50% was also applied based on
previous reports (173-176). Survival analysis and forward stepwise Cox regression were

calculated to determine the most appropriate surrogate for further analysis (66).

3.8.Tumor specimen handling and tissue NGS

Tumor tissue profiling data were available from 116 patients. Tumor specimens were acquired
through a variety of methods including bronchoscopies, transthoracic biopsies, wedge
resections, or endoscopic ultrasound procedures. Tissue samples underwent standard
pathology procedures for processing and diagnosis. From the original formalin-fixed paraffin-
embedded (FFPE) tissue blocks, two to four section of 10 um thickness were prepared, euch
preceded and followed by a 4 um section. The 4 um slides were stained with hematoxylin and
eosin and reviewed by a trained pathologist to confirm the presence of a tumor-rich area
containing more than 20% tumor cells. Genomic DNA was then extracted from the FFPE
sections using the Cobas® DNA Sample Preparation Kit (Roche) and quantified with the Qubit
dsDNA Broad Range Assay Kit (Thermo Fisher Scientific). In accordance with Dutch guidelines,
tissue samples from all adenocarcinomas but not squamous cell lung cancer in patients with
metastasized non-small cell lung cancer underwent predictive testing for EGFR, BRAF, KRAS,
ALK, and ROS mutations, with results documented in the Dutch Pathology archives (66).
Tumor-specific mutations, including SNVs and Indels, were identified through routine

diagnostic next-generation sequencing conducted in an 1SO15189-accredited laboratory.
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Various hotspot panels, such as lonPGM-v01 (11 genes, 30 amplicons) and lonPGM-v02b (24
genes, 82 amplicons), were employed on the lonTorrent platform for the analysis of earlier
tumors (66). More recent tumor specimens were analyzed using the smMIP PATHv2D panel
(33 genes, 479 smMIPs) as previously described (177). This section of the study was carried

out by colleagues at the UMCG.

3.9. Statistical analysis

Data processing and visualization utilized various statistical tools, including Microsoft Excel,
Prism 7.0 by GraphPad Software, R Studio (version 3.5.2, maftools, ggplot2, epiR packages)
and IBM SPSS Statistics version 29.0. Intra-run precision was determined by triplicate testing
of a 1% VAF sample within a single mutation analytical run, while inter-run reproducibility was
assessed across three separate workflows. The Coefficient of Variation (CV), calculated as the
standard deviation divided by the mean, was used as a precision metric. Poisson (shot) noise
was calculated using the formula sqrt[(1 - expected VAF)/(DNA copies x expected VAF)].
Concordance between expected and observed VAF was determined using Lin's concordance
correlation coefficient via the epiR package in R Studio (version 1.2.1335). Visualization of

false-positive variant calls was performed maftools in R (version 2.0.16).

Nonparametric Kruskal-Wallis and Mann-Whitney U test were applied to compare ctDNA
levels at to and ti, various response groups, and concordance with clinical response.
Agreement between ctDNA dynamics and therapeutic benefit was evaluated using the
Cohen's kappa coefficient (k). For differences in ctDNA response between responders and

non-responders, the nonparametric Fisher’s exact test was used (66, 165).

PFS and OS were analyzed using the Kaplan—Meier method, with comparisons between groups
performed using the log-rank test. Survival time was calculated from the initiation of ICl
therapy until radiographic disease progression or death. Patients without an event were
censored at their last follow-up visit. Multivariate Cox regression analysis was employed to
account for clinical variables, including age at the initiation of ICl initiation, gender, smoking
status, disease stage, metastasis count, tumor histology, treatment sequence, and ECOG
performance status. Covariates were identified using a backward conditional selection

method with a significance threshold of p = 0.1. The clinical model incorporated significant

33



Dissertation Sabrina Hammer

predictors from the multivariate Cox regression analysis, and was further used to assess the
impact of dynamic ctDNA response (defined as a 225% or >50% reduction), the presence of
STK11/KEAP1 mutations, and PD-L1 expression. Corrected hazard ratios (HR <1 indicating
extended survival), 95% confidence intervals (Cl) and p-values were reported for the key

variables. P-values equal to or less than 0.05 were deemed statistically significant (66, 165).

A landmark analysis was performed 60 days after treatment initiation to determine the impact
of ctDNA levels on PFS and OS. The landmark method evaluates the effect of a time-dependent
covariate at a specific point on survival outcomes (Figure 11B). The 60-day post-treatment
period is critical for clinicians to make informed decisions about continuing ICI treatment,
particularly when radiologic responses are unclear. Kaplan-Meier curves for PFS and OS using
the 2-month landmark were calculated (66). At this time point, 60 days after the baseline

measurement, data from 144 patients were available for OS and from 99 patients for PFS (66).
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4. RESULTS

4.1. Assay validation and selection

To evaluate the effectiveness of cfDNA sequencing assays, we conducted validation studies
across multiple mutation analysis platforms using commercially available reference standards
containing known mutations at specified allele frequencies. For this purpose, we developed
various experimental approaches to examine the reference material’s suitability for
comparisons both within and across assays, as well as between different laboratories and
within individual labs (Figure 4). This work was done within the framework of the IMI program
CANCER-ID. In addition, we assessed the performance of several NGS assays in terms of
sensitivity and specificity. The aim was to find the best performing assay for further studies
and clinical validation. The best performing assay was used to present a comprehensive

mutation profiling of plasma ctDNA from patients treated with ICI therapy (66, 165).

4.1.1. Setup A: Variants with a VAF of 1% were detected across all platforms

In this study design, the suitability of the Seraseq® ctDNA Complete™ reference material (VAF
of 1%) for the evaluation of cfDNA assays was tested in a multicenter approach. To this end,
five Cancer-ID partners tested the intra-run precision and inter-run reproducibility of three
NGS panels, two ddPCR mutation analyses and the Ultraseek panel according to the
manufacture’s handbook (Figure 4). A detailed description of the laboratories and assays is
listed in Table 4, while our laboratory tested the AVENIO ctDNA Targeted assay (Roche) in this
study setup (165). This multicenter approach focused on the most clinically relevant mutations
with a VAF of 1%, namely BRAF c.1799T>A p.V600OE, EGFR ¢.2369C>T p.T790M, EGFR
€.2573T>G p.L858R, KRAS c.34G>T p.G12C and KRAS c.35G>A p.G12D. To assess the precision
of the panels, all samples were prepared in triplicate and sequenced in one run (intra-run) as
well as in three separate sequencing runs (inter-run) (165). Focusing on the NGS assays, on
average, 101.67 million raw read pairs per sample (range 55.56 —186.06 million) were
obtained for the SureSelect custom assay, 20.0 million raw read pairs per sample (range 18.2-

23.5 million) were obtained for the AVENIO ctDNA Targeted assay, and target regions were

35



Dissertation Sabrina Hammer

covered with an average of 798 reads (range 664-969) for the GeneRead™ QJAact Lung UMI
panel (165).

All platforms consistently detected the five variants with an average VAF of 1.03% (ranging
from 0.5-1.7%; Figure 6) (165). Inter-run variability was similar between the two ddPCR assays
(with 8 ng input for each: Bayer CV of 24%, UMCG CV 30%) and two of the three NGS assays
(with 20 ng input for each: SureSelect CV 26%, AVENIO CV 22%). However, MassARRAY (15ng
input) showed the lowest variability (CV 19%), while the QlAact NGS assay with 20ng input
showed the highest variability (CV 48%). All assays demonstrated slightly higher inter-run

reproducibility compared to intra-run variability (Figure 7A).

Due to the impact of limited cfDNA input on the sensitivity and precision of molecular
profiling, we further investigated how DNA input quantity influences variability in ddPCR
assays. To quantify the extent of variability attributable to random sampling error, we
accounted for shot noise based on the Poisson distribution. Reducing the input from 8 ng to
4 ng and 2 ng led to a noticeable decline in assay precision, whereas increasing the input

amount improved the reliability of variant detection (Figure 7B) (165).
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Figure 6: Precision within a single run (intra-run) and reproducibility across three different runs (inter-run) of various
assays, showcasing their performance in detecting mutations at a set VAF of 1%.
Displayed are the variant allele frequencies (VAF) for five clinically significant mutations: BRAF V600E, EGFR T790M, EGFR
L858R, KRAS G12C, and KRAS G12D, included in the Seraseq® ctDNA Complete™ reference material. The assays used include
the SureSelect custom panel (Agilent Technologies), AVENIO ctDNA Targeted assay (Roche), QlAact Lung UMI Panel (QIAGEN),
two droplet digital PCR (ddPCR) assays (one research use only and one 1SO15189 validated), and the UltraSeek lung panel
(MassARRAY). [Figure originally reprinted and legend adapted from Cancers (Weber et al. (165))]
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Figure 7: Variability assessment of qPCR-based and NGS assays using five clinically relevant mutations.

The SeraCare Seraseq® ctDNA Complete™ reference material (VAF1%) was used to evaluate assay performance across two
digital droplet PCR assays (ddPCR) -one 1SO15189-accredited [ISO (UMCG)] and one for research use only [RUO (Bayer)]-
alongside the MassARRAY (UltraSeek lung panel) and three NGS platforms (a custom SureSelect panel, AVENIO cfDNA
Targeted kit, and the QlAact Lung UMI Panel). The analysis focused on five clinically relevant mutations, i.e., BRAF c.1799T>A
V600E, EGFR c.2369C>T T790M, EGFR ¢.2573T>G L858R, KRAS ¢.34G>T G12C and KRASc.35G>A G12D (A) The coefficients of
variation (CV) is shown for each assay, capturing both inter-and intra-run variability, along with the expected random
fluctuation (Poisson shot noise) based on the number of mutant input molecules present. (B) VAFs across different DNA input
amounts are displayed for the three NGS panels (20 ng), the MassARRAY (15 ng), and two ddPCR assays (8, 4, 2 ng). The data
illustrate that variability increases as DNA input decreases. Overlayed are the respective VAF ranges as well as an inverse
binomial distribution based on the trials (number of DNA copies), event probability (0.01 for 1% VAF), and the location along
the cumulative distribution function (colored line, e.g., 2.5th percentile would be 0.025). For example, when sampling a 4-ng
input DNA, one can expect to observe a 1% variant between VAFs of 0.44% and 1.57% with a likelihood of 95%, or between
0.35% and 1.85% with a likelihood of and 99%. [Figure and legend adapted from Weber et al. (165)]

4.1.2. Setup B: Sensitivity assessment of different mutation assays

To identify the most suitable assay for clinical validation, the analytical performance of five
commercially available NGS-based mutation detection assays was compared. These included
the AVENIO ctDNA Targeted Kit (“Avenio Targeted”), QlAseq Human Actionable Solid Tumor
Assay (“QlAseq”), NEBNext Direct Cancer Hotspot Panel (“NEB”), QlAact Lung UMI Panel
(“QlAact”), and the Oncomine cfDNA Lung Panel (“Oncomine”). For benchmarking, the
Seraseq® ctDNA Reference Material v2 was used. The assays yielded different sequencing
depths across targeted regions, with median depths ranging from 2099x to 798x for NEB,
QlAseq, Avenio Targeted, Oncomine, and QlAact, respectively (165). In summary, the
Oncomine assay detected all 13 variants down to a VAF of 0.25%, while missing two at 0.125%
(Figure 8A). The AVENIO ctDNA Targeted Assay identified all 15 variants covered in the ctDNA
reference material v2 at VAFs of 2% and 1%, with decreasing detection rates at lower VAFs,
but still calling 60% of the expected variant at a VAF of 0.125% (Figure 8B). QlAseq showed
slightly lower detection rates (Figure 8C), while QlAact and NEB assays exhibited considerably

lower rates, attributed to differences in sequencing depth (Figure 8D, E). In addition to the

38



Dissertation Sabrina Hammer

Seraseq® ctDNA reference material v2, AVENIO ctDNA Targeted was tested with the Seraseq®
ctDNA Complete™ reference material, which includes a slightly different mutation set and
various VAFs. The detection rate remained similar to that of v2, but there was an improvement
in concordance (pc = 0.946) (Figure 8F). Overall, there was high concordance between
expected and observed VAFs across assays, except for the NEB kit (Oncomine: pc = 0.948,
AVENIO ctDNA Targeted: pc = 0.839, QlAseq: pc = 0.873, QlAact: pc = 0.782, NEB: pc = 0.271)
(Figure 8G) (165).
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Figure 8: Detection performance of five mutation assays (A-F) and concordance of expected versus observed VAFs (G).

It illustrates the detection rates of mutations, including (SNVs) and insertions/deletions (Indels), in the Seraseq® ctDNA
Reference Material v2 across different variant allele frequencies (VAF). The panels show the detection rates for the Oncomine
Lung cfDNA Assay (A), the AVENIO Targeted ctDNA Kit (B), the QlAseq Human Actionable Solid Tumor Panel (C), the GeneRead
QlAact Lung UMI Panel (D), and the NebNext Direct Cancer Hotspot Panel (E), respectively. Panel F shows the detection rates
for mutations in the Seraseq® ctDNA Complete™ reference material for the AVENIO Targeted ctDNA kit only. The numbers in
parentheses indicate the number of mutations covered in each assay. (G) Linear regression was employed to compare the
VAF across different NGS mutation analysis platforms with the VAF reported by SeraCare. The Lin concordance correlation
coefficient (pc) was computed for this assessment [Figure and legend adapted from Weber et al. (144)]
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Variants were classified as true positives if they were present in the Seraseq® reference
material, detected by the corresponding panel, and had a VAF equal to or above the
established LOD. In contrast, variants exceeding the LOD but not included in the reference
material were deemed false positives. At a 0.5% LOD, recall rates ranged from 79% to 100%

for variants with VAFs of 1% and 2%, and from 61% to 73% for those with a 0.5% VAF.

Recall rates dropped significantly for variants with allele frequencies below 0.5% across all
tested assays. While lowering the LOD to 0.2% and 0.1% preserved high sensitivity, it also led
to a further decline in recall for low-frequency variants, primarily due to an increase in

potential false positives (Figure 9, Table 5) (165).

False positive results can arise from a range of factors, including technical limitations,
biological variation, and random sampling noise. The Seraseq® ctDNA Complete™ Reference
Material, produced using a gentler synthesis method (178), is designed to reduce background
noise compared to the earlier Seraseq® ctDNA Reference v2. When paired with the AVENIO
ctDNA Targeted Kit, this reference material demonstrated enhanced accuracy, indicating that
this combination may offer improved performance and lower false positive rates relative to
other assay configurations (Figure 9, Table 5) (165). Generally, false positive calls were
clustered around a VAF of 0.2% (Table 5), whereby some of these false positive calls recurred
across multiple samples. Notably, the most common false positive calls were C > T transitions
for AVENIO and QlAseq, whereas Oncomine predominantly showed C > A transversions (data

shown in Weber et al. (165)).
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Figure 9: Accuracy rates of three NGS assays assessed with the Seraseq® ctDNA Reference material (A-D) and of the AVENIO
ctDNA Targeted ctDNA assay assessed with the Seraseq® ctDNA Complete™ reference material (E).
Limits of detection (LOD) were set at 0.5%, 0.2%, and 0.1% VAF. Variants known to be present in the reference material and
called with a VAF higher than the LOD were considered as true positives (TP). Variants with a VAF above the LOD but not
reported in the reference material were considered as false positive. Accuracy was assessed for the following assays: (A)
Oncomine Lung cfDNA assay (“Oncomine”), (B) Hotspot variants within the Oncomine Lung cfDNA assay (“Oncomine hot
spots”), (C, E) AVENIO ctDNA Targeted assay (“AVENIO Targeted”), (D) QlAseq Actionable panel (“QlAseq”) [Figure and legend

adapted from Weber et al. (165)]

Table 5: False-positive variant detections across different LOD thresholds [Table originally published in Cancers, Weber et

al. (165)]

Average VAF

LOD 0.50%*  0.20%* 0.10% * (Range) at

LOD 0.1%
AVENIO Targeted Seraseq ctDNA reference material v2 0.8 5.6 13.6 0.21% (0.1-0.7)
AVENIO Targeted Seraseq ctDNA Complete 0 44 10.2 0.21% (0.1-0.4)
Oncomine (all regions) 52 9.8 35 0.23% (0.1-1.5)

Oncomine (hot spot regions) 0 0.2 1.8 NA

QlAseq 24 42 42 0.73% (0.2-2.4)

* Average numbers of false positive variant calls for all tested reference materials.
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4.1.3. Setup C: AVENIO kits showed the best performance after assay validation

Since the AVENIO platform was considered most suited for the clinical validation study, the

AVENIO ctDNA Expanded kit was additionally evaluated using 15 ng of the Seraseq” ctDNA

Complete™ Reference Material, which covers different SNVs, Indels, copy number alterations

and structural variants (Table 6). The agreement between the expected and observed VAF was

high at 97% (determined by Lin's concordance correlation coefficient pc = 0.97) (Figure 10).

The AVENIO ctDNA Expanded assay demonstrated robust performance by detecting all 17
SNVs and Indels at a minimum VAF of 0.5%. At a lower threshold of 0.1% VAF, 11 of the 17
mutations (65%) were still identified (Figure 10B). Notably, two gene fusions - EML4-ALKv1
and NCOA4-RET — could be successfully detected at VAFs of 0.5% and 1%, respectively, while
the CD74-R0OS1 fusion was missed at any VAF level (Table 6). These results confirm the assay’s

claimed sensitivity for variant detection down to 0.1% VAF (66, 165).

Table 6: Variant allele frequency (VAF) of mutations in Seraseq® ctDNA Complete™ reference material using the AVENIO
Expanded assay. ND= not detected

Mutation
covered in the
Gene CDS Mutation AA Mutation Type Avenio ctDNA VAF S'OOZA VAF 2'509,6 VAF 1'0026 VAF 0'5% VAF o'”f WT
Expanded b T i T i
panel

AKT1 c.49G>A p.E17K SNV 3.40% 1.79% 0.62% 0.25% ND ND
ALK c.3604G>A p.G1202R SNV 4.50% 2.62% 1.21% 0.67% 0.18% ND
ALK c.3522C>A p.F1174L SNV 4.82% 2.37% 0.94% 0.67% 0.18% ND
BRAF c.1799T>A p.V600E SNV 5.50% 2.82% 1.14% 0.61% 0.07% ND

BRCA1 c.1961delA p.K654fs*47 InDel

BRCA2 c.7934delG p.R2645fs*3 SNV
EGFR €.2235_2249del15 p.E746_A750delELREA InDel 5.60% 3.40% 1.40% 1.00% 0.19% ND
EGFR €.2240_2257del18 p.L747_P753>S InDel 5.10% 3.20% 1.20% 0.31% 0.13% ND
EGFR €.2254_2277del24 p.S752_1759delSPKANKEI InDel 4.60% 3.00% 1.10% 0.28% ND ND
EGFR €.2369C>T p.T790M SNV 4.21% 2.06% 0.82% 0.36% 0.19% ND
EGFR c.2573T>G p.L858R SNV 4.92% 2.48% 0.78% 0.56% ND ND
ERBB2 c.2324_2325ins12 p.A775_G776insYVMA InDel 4.10% 2.30% 0.28% 0.18% ND ND
KIT C.2447A>T p.D816V SNV 4.60% 2.67% 0.80% 0.47% 0.06% ND
KRAS c.183A>C p.Q61H SNV 4.10% 2.16% 0.81% 0.36% ND ND
KRAS c.35G>A p.G12D SNV 4.83% 2.36% 1.03% 0.49% ND ND
KRAS c.34G>T p.G12C SNV 4.27% 2.21% 0.95% 0.48% 0.04% ND
NRAS c.182A>G p.Q61R SNV 5.21% 2.94% 0.91% 0.58% 0.12% ND
PIK3CA c.3140A>G p.H1047R SNV 3.54% 1.74% 0.67% 0.30% 0.14% ND
PIK3CA €.3204_3205insA p-N1068fs*4 InDel 4.95% 2.40% 1.20% 0.47% 0.17% ND
ERBB2 CNA DETECTED DETECTED ND ND ND ND
MET CNA DETECTED DETECTED ND ND ND ND

myc CNA
EML4-ALKv1 Translocation - N DETECTED DETECTED DETECTED DETECTED ND ND
CD74-ROS1 Translocation - N ND ND ND ND ND ND
NCOA4-RET Translocation - N DETECTED DETECTED DETECTED ND ND ND

43



Dissertation Sabrina Hammer

A B SNV & InDels (n=17) All alterations {n=22)

Bl Detected
B Missed

Lin’s concardance

T correlation coefficient
pc =097

2

H

Observed VAF
-
1

[
1

Detection rate (%)
Detection rate (%)

0 T T T T T 0
5% 28% 1% 05% 0.1% 5% 25% 1% 0.5% 0.1% WT 5% 25% 1% 0.5% 0.1% WT
Seraseq reference materials VAF Seraseq ctDNA reference VAF SersSeq ctDNA reference

Figure 10: Evaluation of the AVENIO ctDNA Expanded Assay using the Seraseq® ctDNA Complete™ Reference Material.
(A) Variant allele frequency (VAF) distribution for each mutation present in the Seraseq® ctDNA Complete™ reference
material (B) Detection performance for single nucleotide variants (SNVs) and insertion-deletion mutations (Indels) (left), as
well as the combined detection rate of all variants covered by the Seraseq® ctDNA Complete™ material (right), across different
VAF levels. Number in brackets indicate the number of mutations covered by the AVENIO ctDNA Expanded panel. [Figure
originally reprinted and legend adapted from JCO Precision Oncology (Weber et al. (66))]

4.2. ctDNA-based response evaluation in NSCLC undergoing ICl therapy
4.2.1. Patient characteristics

Of the 177 patients initially recruited, cfDNA from 167 patients was successfully analyzed at
two key time points: (baseline, to), prior to the initiation of IClI therapy, and after two
treatment cycles (t1) - corresponding to an average of four weeks for nivolumab and six weeks
for pembrolizumab. The median age of the analyzed cohort (n = 167) was 66 years (range: 29—
87), with the majority being smokers (64.1%). Adenocarcinoma was the predominant
histological subtype, accounting for 67.1% of cases. A total of 71.3% of patients received ICls
as second-line therapy, with nivolumab being the most frequently used agent. PD-L1
expression was assessed at baseline in 110 patients. Among them, 54 tumors (49.1%) were
PD-L1 positive, with 20.9% exhibiting high expression (tumor proportion score [TPS] >50%).
The remaining 56 patients (50.9%) had PD-L1-negative tumors (TPS <1%). An early response
to treatment was observed in 44 patients (26.4%), and a durable clinical response was
achieved in 60 patients (35.9%). Further details on baseline characteristics and study design

are presented in Table 7 and Figure 11.
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Table 7: Baseline patient characteristics (n=167). [Table reprinted from JCO Precision Oncology (Weber et al. (66))]

Variable Parameter No. of patients (%)
Age Median (range) 66 (29-87)
Male 96 (57.5)
Gender
Female 71 (42.5)
0 69 (41.3)
1 89 (53.3)
Performance score
2 8 (4.8)
3 1(0.6)
Smoker 107 (64.1)
Smoking history Ex-smoker 47 (28.1)
Non-smoker 13 (7.8)
1B 22 (13.2)
Stage
vV 145 (86.8)
0 3(1.8)
1 32(19.2)
Metastatic sites 2 55 (32.9)
3 41 (24.5)
>4 36 (21.6)
1st 13 (7.8)
Line of therapy 2nd 119 (71.2)
3rd 35 (21.0)
Nivolumab 140 (83.8)
Pembrolizumab 15 (9.0)
Therapy Atezolizumab 7 (4.2)
Nivolumab plus ipilimumab 3(1.8)
Durvalumab 2(1.2)
No. cycles Mean (SD) 13 (15)
ICl therapy ended due to Progressive disease 121 (72.5)
Toxicity 25 (15.0)
Two years duration 19 (11.4)
Infection 2(1.2)
Adenocarcinoma 112 (67.1)
Histology Squamous cell carcinoma 51 (30.5)
Other 4 (2.4)
<1% 56 (33.5)
. 1-49% 31 (18.6)
PD-L1 expression >50% 23 (13.8)
Not evaluable/ unknown 57 (34.1)
CR, complete response 8(4.8)
PR, partial response 36 (21.6)
Tumor response SD, stable disease 39 (23.4)
PD, Progressive disease 70 (41.9)
NE, not evaluable 14 (8.4)
Early response Response at first CT 44 (26.3)
Durable response SD + PR + CR = 6 months 60 (35.9)
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Figure 11: Flowchart and study design.

(A) Flowchart of patients included in the study. In 139 of 152 (91.4%) patients, at least one mutation was identified at both
time points, and in 91 of 152 patients (59.9%), additional mutations unique to a single time point (either to or t;) were
observed. (B) Analysis workflow of the study. CT computed tomography; ctDNA-neg, no tumor-specific somatic mutation
detected; ctDNA-pos, detection of at least one mutation using the AVENIO ctDNA Expanded Kit; ctDNA, circulating tumor
DNA; ICI, immune checkpoint inhibitor; NSCLC, non—small cell lung cancer; PET, positron emission tomography; t0, blood
draw before initiation of ICI; t1, blood draw at first response assessment. [Figure and legend originally published and reprinted

and adapted with permission from JCO Precision Oncology (Weber et al.(66)]
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The final study cohort included 334 plasma samples and corresponding PBMCs from 167

patients with advanced stage NSCLC. The median PFS and OS for the entire cohort were 2.8

months (range: 0.2-61.6 months) and 8.2 months (range: 0.5-61.1 months), respectively

(Figure 12A). The median PFS and OS calculated from a 2-months landmark was 7.9 months

(range, 0.03 — 59.1) and 8.7 months (range, 0.2 — 59.1) (Figure 12B).

A 100

75+

50+

PFS {probability)

25+

Median survival 2.8
months (range, 0.2 - 61.1)
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Figure 12: Survival curves of the lung cancer cohort.
Kaplan-Meier curves illustrating the progression-free survival (PFS) and overall survival (OS) of the patient cohort. (A) PFS

(left) and OS (right) calculated from the start of therapy for 167 patients. (B) PFS (left, n=99 patients) and OS (right, n= 144
patients) calculated at a 2-month landmark. The number of patients at risk at various time points is indicated below each
graph [Figures originally reprinted and legend adapted from Weber et al. (66)]
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4.2.2. Correlation of ctDNA levels using various metrics while aMM provides the

most accurate measurement

ctDNA levels were meticulously assessed as VAF and the number of mutant molecules per
milliliter of plasma, respectively. For each metric, the average (aVAF, aMM) and highest (hVAF,
hMM) values per patient were calculated. All metrics proved to be strongly correlated (Figure
13). Since our performance assessment demonstrated a 20% technical variance in variant
calling (165), a minimum threshold of 25% for relative change in aMM from to to t1 was
applied, along with a more stringent 50% cut-off, which had been shown to be informative in

prior research (66).
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Figure 13: Correlation of the ctDNA values assessed using various measures.

(A) Linear regression of ctDNA levels as highest VAF (hVAF), average VAF of all mutations detected per patient (aVAF), highest
number of mutant molecules per ml plasma (hMM) and average number of mutant molecules of all mutations per patient
(aMM). (B) Heatmap depicting the Spearman correlation coefficients of pairwise comparisons: Left: Correlation matrix for
individual time points (to, t1). Right: Combined correlation matrix for both time points. The heatmaps use a color scale to
represent the Spearman correlation coefficients, where blue stands for a strong positive correlation and red indicates a strong
negative correlation. [Figures originally reprinted and legend adapted from JCO Precision Oncology (Weber et al. (66))]
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Among all proxies, median aMM consistently demonstrated the strongest prognostic value in
terms of OS, tested for the two time points as well as for 50% response (Table 8, Table 9). At
baseline (to), its addition yielded a modest model improvement (-2Log Likelihood: 1223.6, P
= 0.080), whereas at follow-up (t4), it significantly improved the model fit (-2 Log Likelihood:
1202.0, P < 0.001). This progression marks aMM as the most discriminative ctDNA metric for
OS in this cohort. In comparison, other proxies such as hMM, aVAF, and hVAF also reached
statistical significance at t;, but with less pronounced improvements in model fit (e.g., hMM:
1213.7; aVAF: 1213.5; hVAF: 1216.3). At to, none of these showed significant contributions to

survival prediction (Table 8) (66).

Table 8: Stepwise Cox regression analysis aimed at determining which ctDNA metric (median aMM, hMM, aVAF, hVAF)
best discriminates overall survival (OS) at two time points (to and t1). [Table and legend adapted from Weber et al. (66)]

ctDNA metrics included in the model* Time point -2Log Likelihood for OS
to 1223.6 (P=0.080**)
Median aMM
t1 1202.0 (P <0.001%*%*)
to 1225.8 (n.s.)
Median hMM
t1 1213.7(P <0.001)
to 1226.1 (n.s.)
Median aVAF
t1 1213.5 (P<0.001)
to 1225.5 (n.s.)
Median hVAF
t1 1216.3 (P=0.001)

* Median values of the ctDNA-based metrics aVAF, hVAF, aMM, and hMM were used as cut-off points in a cohort of 167
patients. Models were adjusted for clinically significant relevant factors including sex, number of metastasic sites and
performance status. ** ctDNA metrics analyzed within the multivariate model adjusted for clinical covariates. n.s., not
significant

In a separate Cox regression analysis using a fixed 50% cut-off for each ctDNA proxy, median
aMM again showed the strongest prognostic value for overall survival. Specifically, adding
aMM to the multivariate model yielded the lowest -2 Log Likelihood value (1076.8, P <
0.0001), indicating the best model fit among all tested proxies. While hMM, hVAF, and aVAF
also reached statistical significance (all P < 0.0001), their -2 Log Likelihood values were
consistently higher (hMM: 1078.4; hVAF: 1085.4; aVAF: 1089.9) (Table 9) (66). These findings

further corroborate aMM as the most robust and informative ctDNA proxy for predicting

overall survival across modeling strategies.
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Table 9: Stepwise Cox regression analysis used to evaluate which ctDNA proxy response (aMM, hMM, aVAF, hVAF) best
predicts overall survival (OS), using 50% a cut-off for response. [Table originally reprinted and legend adapted from Weber
et al. (66)]

ctDNA metrics included in the model* Cut-off -2Log Likelihood for OS
aMM 50% 1076.8** (P<0.0001)
hMM 50% 1078.4 (P<0.0001)
aVAF 50% 1089.9 (P<0.0001)
hVAF 50% 1085.4 (P<0.0001)

*A >50% response of ctDNA metrics- aVAF, hVAF, aMM, and hMM- was used at as the threshold in 152 patients (excluding
15 without detectable ctDNA) and **adjusted for key clinical variables (sex, number of metastasic sites and ECOG).

4.2.3. Prevalence of clonal hematopoiesis-related variants

Recent studies have indicated that somatic mutations derived from the expansion of clonal
populations of blood cells, known as clonal hematopoiesis of indeterminate potential, can
impact the specificity of ctDNA detection. This can lead to false positive results and decreased
specificity in ctDNA-based assays (127, 179). Therefore, it is important to consider the impact
of clonal hematopoiesis on ctDNA detection and to utilize appropriate methods for accurate
interpretation of results. To make sure that the variant calls were specific to the tumor and
not from other sources, we included PBMCs in our analysis. Variations present in both PBMCs
and paired plasma samples were designated as clonal hematopoiesis (CH)-related and
removed, as they were considered constitutional rather than tumor-specific (66). After
excluding germline SNPs, 769 and 792 somatic variants were identified at time points to and
11, respectively. Of these, 648 of these variants were found at both time points, while 121 and
144 variants were unique to to or t1, respectively, resulting in a total of 913 detected variants
(Figure 14) (66).

In 75 out of 167 patients (44.9%), 115 out of 913 somatic variants (12.6%) were identified in
paired PBMCs and plasma across 43 genes. Most CH-related variants were found in the TP53
gene. Atotal of 30 TP53 mutations (20.8% of all identified TP53 mutations) could be attributed
to clonal hematopoiesis. Additionally, 29 out of 167 patients (17%) had more than one CH-
related variant (Figure 14) (66, 119).
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Figure 14: CH-related variants are frequently observed in patients with advanced NSCLC.

(A) After removal of germline variants, a total of 769 and 792 somatic variants were identified at to and t;, respectively. Of
those, 648 were identified at both time points, whereas 121 and 144 variants were either unique to t0 or t1, respectively,
resulting in a total of 913 detected variants. Of these, 115 variants from 75/167 patients were also detected in PBMCs with
30 of 167 patients having more than one CH-related variant. (B) Oncoprint of the most frequent CH-mutated genes. Shown
is an overview of the top 20 altered genes and its genomic alterations (legend), in particular, genes (rows) affecting individual
samples (columns). Of the 144 identified TP53 mutations in 114 patients, a total of 30 mutations in 21 patients were
associated with CH. [Figure and legend adapted from JCO Precision Oncology (Weber et al. (66))]
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Clonal hematological expansion was associated with age. Both, the number of patients and
the total number of these variants were higher in those aged 65 years and older compared to
younger patients (Figure 15A). The median VAF of CH-related mutations (0.59%) was notably
lower compared to the median VAF of tumor-derived mutations (0.91%), the values ranging
from 0.07% to 14.65% and 0.04% to 79.12%, respectively. Unlike tumor-specific variants,
which changed on average 2.6-fold from toto t1 (range 0-218), the number of CH-related
variants mostly remained stable over time (average fold change 0.95, range 0-3.0) (Figure 15B)
(66). In line with previous reports, DNA fragments that hold tumor-specific variants have a
slightly shorter lengths when compared to DNA fragments that carry CH-related variants

(Kolmogorov-Smirnov test, P, 1 x 10-10) (179, 180) (Figure 15C).
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Figure 15: Comparison of age, variant allele frequency (VAF), and fragment size distribution between clonal hematopoiesis
(CH)-related variants and tumor-specific variants.

(A) Dot plot showing the age distribution of patients without (CH-) and with (CH+) clonal hematopoiesis variants. The median
age is significantly higher in patients with CH (CH+). (B) Logarithmic scale dot plot of variant allele frequencies (VAF) comparing
plasma-only variants to CH-related variants. CH-related variants have a significantly lower median VAF than plasma-only
variants. (C) Line graph depicting the frequency distribution of fragment sizes (in base pairs, bp) for CH-related variants (red
line) and tumor-specific variants (blue line). Tumor-specific variants have shorter DNA fragment lengths compared to CH-
related variants. Kolmogorov-Smirnov test, P <.001) [adapted from Weber et al. (66)].

While previous studies reported an association of CH-related variants with previous
chemotherapy treatments or patient survival, in our cohort, no correlation was observed. The
majority of patients with CHIP-related variants in our cohort were receiving second-line ICI
therapy (70.7%), a smaller proportion were in third-line therapy (19.5%), only 8.1% were in
first-line treatment, and 1.7% had received more than three prior lines (Figure 16A). CHIP-
positive patients were more frequently observed in later lines of therapy, although the

difference did not reach statistical significance (Chi? test, p = 0.35) (Figure 16B). There was no
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significant difference in PFS and OS between patients with detected CH variants (“CHIP yes”)

and those without detected CH variants (“CHIP no”) (Figure 16C) (66).
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Figure 16: Distribution and clinical impact of CHIP variants in advanced NSCLC patients.

(A) Proportion of patients treated with ICl in the first, second, third, or beyond third-line setting (B) CHIP prevalence across
therapy lines (C) Kaplan-Meier survival analysis showing no association between clonal hematopoiesis related variants and
clinical outcome. Progression-free survival (PFS, left) and overall survival (OS, right) are compared between patients with
(CHIP yes) and without (CHIP no) detectable CH-associated mutations. [Figure and legend adapted from Weber et al. (66)].

4.2.4. Molecular profiling and ctDNA levels of the cohort

In the first step, we determined the de novo mutation spectrum of the 167 NSCLC patients. At
least one mutation could be detected in ctDNA in 91% of the patients (n=152), with an average
number of 5.25 tumor-specific mutations per patient (median 4, range 1 — 68). Fifteen patients
did not have detectable ctDNA at both time points and were defined as “non-shedders”.
Notably, six of these non-shedders had variants related to clonal hematopoiesis, which would

have led to incorrect classification of ctDNA-positive if these variants had not been excluded.
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In a small percentage of patients (n=8, 5.3%), the level of tumor-derived ctDNA decreased
from to to t1 to below the detection threshold, reaching 0. Additionally, ctDNA was only
detectable at the second time point (t1) in 5 patients (3.3%) but not at the first time point (to)
(Figure 11A) (66).

Out of the 152 patients included, in 139 (91.4%) one or more mutations could be detected at
both baseline and follow-up. In 91 patients (59.9%), additional mutations were identified that
were exclusive to one of the two time points. The majority of these alterations were missense
mutations, followed by nonsense and splice site variants. The most common nucleotide
substitutions were C>T transitions, often linked to age-related deamination of 5-
methylcytosine, and C>A transversions, typically associated with tobacco smoking (Figure
17A). The genes most frequently affected by mutations were TP53, KRAS and KEAP1 (Figure
17B). Although our cohort was preselected and - if tumor mutation status was available a -
excluded EGFR mutated patients, EGFR alterations were still detected in 20 patients (12%),
including five actionable mutations such as L858R or exon 20 deletions. These patients would
have been eligible for TKI therapy had tumor tissue genetic profiling been available at
enrollment (66).

Genetic data from routine diagnostic work-up from tumor biopsies were obtainable from
116/167 NSCLC patients (69.5%) and compared to the molecular profiles obtained from
plasma ctDNA. Among these, 71 patients (61.2%) had a total of 85 mutations in their tumor
tissue, 64 of which were also detected in the plasma of 54 patients, resulting in a concordance
rate of 75.3% (Figure 17C). This finding is consistent with data from previously published
studies (181). Notably, in 17 patients whose tissue and plasma mutation profiles showed
discordant results, plasma samples had significantly lower levels of ctDNA compared to
concordant samples (aVAF: 0.2% versus 2.2%) (Figure 17D) (66).

Additionally, among 45 patients (38.8%) who did not have any mutations in their tumor tissue
detected, six patients also presented a negative result in ctDNA, while 39 had at least one
mutation detected. This can be explained by the fact the AVENIO Expanded kit includes a
larger number of gene and does not rely on hotspot testing. The concordance between tissue
and plasma molecular profiling is detailed in Table 10. In summary, the application of de novo

mutation calling from plasma provides comprehensive molecular profiles (66).
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Figure 17: Molecular profiling of plasma samples and concordance with tumor tissue.

(A) After excluding clonal hematopoiesis related variants, an average of 5.2 mutations per patient (median 4, range 1 - 68)
was identified. When applying AVENIO's default filter settings, many mutations would have been missed and mutation
detection was limited to 143/174 patients (82.2%) with a lower average of 2.17 mutations (median 2, range 1 - 10). Most
detected variants were missense alterations, followed by nonsense and splice changes, while Indels were detected in only six
patients. The most frequent nucleotide substitutions were C>T transitions. (B) Oncoprint displaying the 20 most frequently
mutated genes after removal of CH-related variants. Each column represents an individual sample, and rows indicate gene-
level alterations. The most commonly mutated genes included TP53, KRAS, and KEAP1. Despite the exclusion of patients with
known activating EGFR mutations, EGFR alterations were found in 18 cases (10.7%). (C) Tumor tissue sequencing data were
available for 116 of 167 patients (69.5%). At least one mutation was identified in 71 of these cases (61.2%). Among 50 KRAS
mutations found in tumor tissue, 39 (78.0%) were also detected in plasma. In two cases, plasma profiling revealed a different
KRAS mutation (G12V) compared to the corresponding tumor (Q22K and G12C). Overall, 64 of 85 tissue-detected mutations
were also found in plasma, resulting in a concordance rate of 75.3% across 54 patients (D) ctDNA levels (based on average
variant allele frequency, aVAF) in 71 plasma samples with matched tissue data are plotted. Samples with discordant tissue
results (n=17) showed significantly higher ctDNA levels compared to concordant cases (n=54), with median aVAFs of 2.2%
and 0.2%, respectively (p < 0.0001, two-tailed Mann—Whitney U test). ****p <0.0001 [Figure reprinted and adapted with
permission from JCO Precision Oncology, Weber et al. (66)].
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Table 10: Concordance of tissue and plasma molecular profiling [Table and legend originally reprinted from Weber et al.
(66)]; 1[0=no concordance; 1=yes, at least one mutation is concordant; 2=NA, 3=no mutation in tumor detected]

ID Mutation(s) detected in tumor tissue Mutation(s) detected in plasma sample Concordance!
852 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C)

951 No mutation detected

952 KRAS: ¢.38G>A, p.(G13D) KRAS: ¢.38G>A, p.(G13D)

962 No mutation detected
964 NGS: not tested

965 NGS: not tested

979 BRAF: c.1406G>T, p.(G469V) BRAF: c.1406G>T, p.(G469V)
981 No mutation detected
982 No mutation detected
985 NGS: not tested

990 No mutation detected
993 NGS: not tested

996 NGS: not tested

1001 | BRAF: c.1799T>A, p.(V600E) BRAF: ¢.1799T>A, p.(V600E)
1002 | No mutation detected
1003 | No mutation detected
1004 | NGS: not tested

1008 | KRAS: c.35G>C, p.(G12A) KRAS: ¢.35G>C, p.(G12A)
1015 | NGS: not tested
1016 | NGS: not tested
1021 | NGS: not tested
1022 | NGS: not tested
1023 | NGS: not tested

RINININININIEPRPINIWIWIRINNWRNRIWWIERLRININWIRPRW|FE

1024 | EGFR: c.2573T>G, p.(L858R) EGFR: c.2573T>G, p.(L858R)
EGFR: ¢.2369C>T, p.(T790M) EGFR: ¢.2369C>T, p.(T790M)

1027 | ERBB2:c.2223_2234dup, p.(Y742_A745dup) ERBB2: c.2223_2234dup, p.(Y742_A745dup) 1

1029 | EGFR:c.2126A>C, p.(E709A) EGFR: c.2126A>C, p.(E709A) 1
EGFR: c.2155G>A, p.(G719S) EGFR: ¢.2155G>A, p.(G719S)

1030 | NGS: not tested

1031 | NRAS: c.182A>G, p.(Q61R) NRAS: c.182A>G, p.(Q61R)

1032 | KRAS: c.35G>A, p.(G12D) KRAS: ¢.35G>A, p.(G12D)

1033 | NGS: not tested

1035 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C)

1037 | NGS: not tested

1038 | KRAS: c.183A>T, p.(Q61H) KRAS: ¢.183A>T, p.(Q61H)

1043 | No mutation detected
1047 | NGS: not tested
1051 | No mutation detected
1054 | NGS: not tested
1057 | No mutation detected
1063 | NGS: not tested
1064 | NGS: not tested

1066 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C)
1067 | KRAS: ¢.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C)
1068 | KRAS: c.35G>A, p.(G12D)

1069 | PIK3CA: c.1633G>A, p.(E545K) PIK3CA: c.1633G>A, p.(E545K)

1070 | No mutation detected

1071 | KRAS: ¢.35G>C, p.(G12A)
1073 | BRAF: c.1406G>C, p.(G469A) BRAF: ¢.1406G>C, p.(G469A)
1075 | NGS: not tested

NI R[OOI WIR[O|R|RFRP[I[NINIWINIWINIWIR[N[R| N[N
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1076 | No mutation detected 3
1077 | NGS: not tested 2
1080 | No mutation detected 3
1081 | No mutation detected 3
1083 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1086 | No mutation detected 3
1089 | KRAS: ¢.34G>C, p.(G12R) 0
1090 | KRAS: c.34_35delinsTT, p.(G12F) KRAS: c.34_35delinsTT, p.(G12F) 1
1091 | KRAS: c.35G>A, p.(G12D) KRAS: ¢.35G>A, p.(G12D) 1
PIK3CA: c.1633G>A, p.(E545K) PIK3CA: c.1633G>A, p.(E545K)
1092 | NGS: not tested 2
1093 | No mutation detected 3
1094 | NGS: not tested 2
1096 | KRAS: c.35G>A, p.(G12D) KRAS: ¢.35G>A, p.(G12D) 1
1097 | KRAS: ¢.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
1098 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.35G>T, p.(G12V) 0
1099 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1100 | NGS: not tested 2
1101 | KRAS: ¢.34G>T, p.(G12C) 0
1103 | KRAS: c.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
1104 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1105 | TP53:c.469G>T, p.(V157F) TP53: c.469G>T, p.(V157F) 1
1111 | MET: c.3082G>C, p.(D1028H) 0
1112 | NGS: not tested 2
1114 | No mutation detected 3
1115 | NGS: not tested 2
1116 | KRAS: ¢.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1117 | NGS: not tested 2
1118 | NGS: not tested 2
1119 | No mutation detected 3
1120 | BRAF: c.1406G>C, p.(G469A) BRAF: c.1406G>C, p.(G469A) 1
KRAS: ¢.440A>C, p.(K147T) KRAS: c.440A>C, p.(K147T)
1124 | No mutation detected 3
1127 | BRAF: c.1397G>T, p.(G466V) BRAF: ¢.1397G>T, p.(G466V) 1
1132 | KRAS: ¢.35G>A, p.(G12D) KRAS: ¢.35G>A, p.(G12D) 1
BRAF: c.1406G>T, p.(G469V) BRAF: ¢.1406G>T, p.(G469V)
1133 | KRAS: ¢.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
1136 | PIK3CA: c.1624G>A, p.(E542K) 0
1137 | No mutation detected 3
1139 | No mutation detected 3
1140 | NGS: not tested 2
1141 | BRAF: c.1799T>A, p.(V600E) BRAF: ¢.1799T>A, p.(V600E) 1
MET: ¢.2962C>T, p.(R988C) IDH1: ¢.394C>T, p.(R132C)
IDH1: ¢.394C>T, p.(R132C)
1143 | KRAS: ¢.34G>T, p.(G12C) 0
1145 | NGS: not tested 2
1147 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1149 | NGS: not tested 2
1150 | NGS: not tested 2
1151 | No mutation detected 3
1153 | KIT: c.1259G>C, p.(R420T) 0
1154 | KRAS: ¢.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
1158 | No mutation detected 3
1166 | KRAS: c.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1

PIK3CA: ¢.1624G>A, p.(E542K)

PIK3CA: c.1624G>A, p.(E542K)
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1167 | NGS: not tested 2
1168 | BRAF: c.1799T>A, p.(V600E) BRAF: ¢.1799T>A, p.(V600E) 1
PIK3CA: c.1624G>A, p.(E542K) PIK3CA: c.1624G>A, p.(E542K)
1172 | No mutation detected 3
1173 | No mutation detected 3
7005 | NGS: not tested 2
7006 | BRAF:c.1799_1801del, p.(V600_K601delinsE) BRAF: c.1799_1801del, p.(V600_K601delinsE) 1
7007 | NGS: not tested 2
7008 | KRAS: c.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
7009 | No mutation detected 3
7010 | NGS: not tested 2
7011 | No mutation detected 3
7016 | KRAS: c.183A>T, p.(Q61H) KRAS: c.183A>T, p.(Q61H) 1
7021 | KRAS: c.35G>T, p.(G12V) 0
7022 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
MAP2K1: ¢.149T>C, p.(L50P) MAP2K1: ¢.149T>C, p.(L50P)
7023 | KRAS: c.34_35delinsTT, p.(G12F) KRAS: c.34_35delinsTT, p.(G12F) 1
7024 | KRAS: ¢.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
7027 | KRAS: c.182 A>T, p.(Q61L) KRAS: c.182 A>T, p.(Q61L) 1
7030 | No mutation detected 3
7034 | No mutation detected 3
7035 | No mutation detected 3
7036 | NGS: not tested 2
7037 | No mutation detected 3
7041 | NGS: not tested 2
7043 | NGS: not tested 2
7044 | NGS: not tested 2
7049 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
7059 | NGS: not tested 2
7067 | No mutation detected 3
7069 | NGS: not tested 2
7071 | No mutation detected 3
7073 | NGS: not tested 2
7074 | No mutation detected 3
7075 | No mutation detected 3
7079 | NGS: not tested 2
7085 | EGFR:c.2316_2321dup, p.(H773_V774dup) EGFR: ¢.2316_2321dup, p.(H773_V774dup) 1
7090 | No mutation detected 3
7091 | NGS: not tested 2
7093 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
7098 | No mutation detected 3
7099 | No mutation detected 3
7103 | KRAS: ¢.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
7108 | No mutation detected 3
7110 | KRAS: c.35G>A, p.(G12D) KRAS: ¢.35G>A, p.(G12D) 1
IDH1: ¢.395G>T, p.(R132L) IDH1: ¢.395G>T, p.(R132L)
7111 | BRAF: c.1781A>G, p.(D594G) 0
7117 | KRAS: c.35G>A, p.(G12D) 0
7118 | No mutation detected 3
7119 | No mutation detected 3
7120 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
7121 | No mutation detected 3
7123 | No mutation detected 3
7125 | KRAS: c.33_35delinsCGT, p.(G12V) 0
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7126 | KRAS: c.35G>C, p.(G12A) 0
7133 | NGS: not tested 2
7135 | KRAS: c.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
7145 | KRAS: c.64C>A, p.(Q22K) KRAS: c.35G>T, p.(G12V) 0
7149 | PIK3CA: c.1624G>A, p.(E542K) 0
7150 | KRAS: c.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
BRAF: c.1397G>T, p.(G466V) BRAF: ¢.1397G>T, p.(G466V)
7151 | No mutation detected 3
7153 | NGS: not tested 2
7155 | KRAS: c.38G>A, p.(G13D) KRAS: ¢.38G>A, p.(G13D) 1
7160 | NGS: not tested 2
7162 | KRAS: c.35G>T, p.(G12V) KRAS: ¢.35G>T, p.(G12V) 1
TP53: ¢.524G>A, p.(R175H) TP53: ¢.524G>A, p.(R175H)
7178 | ROS: c.6528_6529delinsGT, p.(G2177*) 0
TP53: ¢.818G>T, p.(R273L)
7180 | No mutation detected 3
7181 | BRAF: c.1799T>A, p.(V600E) BRAF: ¢.1799T>A, p.(V600E) 1
7183 | NGS: not tested 2
7184 | NGS: not tested 2
7185 | KRAS: ¢.34G>T, p.(G12C) KRAS: ¢.34G>T, p.(G12C) 1
7186 | NGS: not tested 2
7187 | NGS: not tested 2
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4.2.5. Dynamics of ctDNA response patterns and impact of CH-related variants
Next, we investigated whether ctDNA level and their dynamics are predictive of response to
ICl. Overall ctDNA levels at to were predominantly low, with 50.9% (85/167) of patients having
an average VAF (aVAF) <1% (median 0.9%; range, 0-48.4). The aMM per ml plasma ranged
from 0-57,500 molecules per ml with a median of 77 (66).

Among responders, a significant decrease in aMM levels was observed from to to the first
response evaluation (t1). Patients with a DCR showed a reduction from 36.6 to 14.6 aMM (p =
0.0204), while those with an ER had a drop from 45 to 13 aMM (p = 0.0341). In contrast, non-
responders (NR, NDR) showed no significant change in aMM. However, the aMM levels at t1
were significantly higher in non-responders (NR, NDR) compared to responders (DCR vs. NDR:
15 versus 159, p<0.0001; ER vs. NR: 101 vs. 13, p<0.0001). Detailed pre- and on-treatment

ctDNA levels for all proxies can be found in Figure 18 (66).
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Figure 18: ctDNA level distributions stratified by treatment response and time point.

Patients were grouped based on response type and sampling time: DCR (durable clinical response), NDR (no durable
response), ER (early response at first tumor evaluation), and NR (no early response). Timepoints included baseline (to, before
initiation of IC] therapy) and early follow-up (t;, approximately 4 weeks after treatment initiation). Pairwise comparisons
between groups (to vs. t;, DCR vs. NDR, ER vs. NR) were conducted using the Mann—Whitney U test to evaluate four ctDNA
metrics: (A) average number of mutant molecules per mL of plasma (aMM), (B) average variant allele frequency (aVAF),(C)
highest number of mutant molecules per mL (hMM), and(D) highest variant allele frequency (hVAF). In patients who did not
respond to treatment, ctDNA levels remained largely unchanged. However, a significant difference was observed for both
early (aMM 45 versus 13, p=0.0341; aVAF 0.95% versus 0.30%, p=0.0129, hMM 36 versus 116, p=0.0081; hVAF 0.47% versus
1.45%, p=0.0108) and durable responders (aMM 36.6 versus 14.6, p=0.0204; aVAF 0.47 versus 2.10%, p=0.0240, hMM 34
versus 116, p=0.0087; hVAF 0.8% versus 0.3%, p=0.0099). Moreover, for all ctDNA metrics, levels of non-responder (NR and
NDR) at t; were significantly higher than in responders (ER and DCR) aMM (ER: 101 versus 13, p<0.0001; aVAF 1.0% versus
0.30%, p=0.0010, hMM 260 versus 35, p=, p<0.0001; hVAF 2.59% versus 0.47%, , p<0.0001; DCR: aMM 15 versus 159,
p<0.0001; aVAF 1.5% versus 0.30%, p=0.0010, hMM 196 versus 34, p=, p<0.0001; hVAF 1.93% versus 0.47%). n.s., not
significant p>0.05; * p<0.05; ** p<0.01, *** p<0.001, **** p<0.000. [Figure reprinted from JCO Precision Oncology; legend
adapted (Weber et al. (66))].
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The analysis of ctDNA response patterns from to to t1 revealed that a majority of treatment
responders (DCR and ER) presented a decrease of ctDNA levels, while non-responders (NDR
and NR) exhibited variable mutation dynamics (Figure 19A, Figure 19B, Figure 20). When
patients were categorized based on a 250% decrease or increase in aMM levels, 54.5% of the
cohort fell into one of these categories and 45.5% pf patients had changes less than 50%
(Figure 19C). When CH-related variants were not excluded, this ratio decreased further, which
led to a misclassification of 20 patients as either responders or non-responders based on their
molecular response (Figure 21). This underscores the significance of incorporating PBMCs in
the analysis to mitigate CH-related variant interference. For instance, patient #1147 initially
showed a 116% increase in aMM from to to t1, which was corrected to a 50.8% decrease and
aligned with a subsequent molecular response after excluding CH variants. The patient also
displayed a durable partial response as indicated by the radiographic findings, which aligns

with the ctDNA change picture after CH variants exclusion (Figure 19D) (66).

The likelihood of early and durable responders showing a 50% molecular decrease without
CH-variants was 4.46 and 3.63 times higher, respectively, compared to non-responders
(Fisher's exact test, P values of 0.0003 and 0.0009, respectively) (Figure 19E). However, the
correlation between early/durable radiographic responses and molecular responses of 25%
and 50% from the baseline to the first measurement showed only moderate agreement
(Cohen's kappa coefficients of 0.31 and 0.28 for a 50% ctDNA response, and 0.27 and 0.23 for

25% ctDNA response, respectively) (Figure 19) (66).
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Figure 19: Correlation of dynamic ctDNA changes with response to ICI.

(A) Normalized ctDNA levels (aMM, average mutant molecules per mL plasma) relative to pre-treatment levels in different
patient response groups: durable clinical responders (DCR), non-durable responders (NDR) and (B) early responders (ER) and
non-responders (NR). The dashed line represents no change in ctDNA levels, while the dotted lines mark the 50% cut-offs for
ctDNA decrease and increase. In (C) the fraction of patients, stratified by early and durable responders, that experienced a >
50% ctDNA decrease (left) or increase (right) is plotted. Data is shown for all variants, including CH-related variants, as well
as for a corrected variant call set that excludes CH-related variants. (D) shows the percentage change in average mutant
molecule frequency (aMM) from baseline (to) to first follow-up (t1) for exemplary patients stratified by their response to
treatment. The data is presented for all variants (including CH-related variants) as well as for a corrected variant call set
excluding CH-related variants, with significant differences observed between the call sets. (E) Displayed are the odds ratios
(ORs) for responders versus non-responders with a 50% increase or decrease in all variants, including CH-related variants,
and a corrected variant call set excluding CH-related variants. These ORs were calculated using a two-sided Fisher's exact test
with a 95% confidence interval (Cl). n.s., not significant p > 0.05; * p < 0.05; ** p < 0.01, *** p <0.001, **** p < 0.0001. CH,
clonal hematopoiesis, ctDNA, circulating tumor DNA, to, blood draw before ICI therapy start, t; = blood draw at first response
evaluation [Figure and legend adapted from JCO Precision Oncology (Weber et al. (66))]
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Figure 20: ctDNA molecular responses differ between responders and non-responders. Median percentage changes from
baseline (to) to follow-up (t1) are shown for:(A) average mutant molecules per mL plasma (aMM), (B) highest mutant
molecules per mL plasma (hMM), (C) average variant allele frequency (aVAF), and(D) highest variant allele frequency (hVAF),
with interquartile ranges. Patients are stratified by treatment response categories. While most responders show a clear
molecular decline in ctDNA levels, non-responders display variable or inconsistent changes. Clinical subgroups include: PD
(progressive disease), SD (stable disease), PR (partial response), CR (complete response), NR (no early response), ER (early
response), NDR (no durable response), and DCR (durable clinical response). Statistical analysis was performed using the
Mann—-Whitney U test for pairwise comparisons (ER vs. NR; DCR vs. NDR) and the Kruskal-Wallis test for group-wise
comparisons (PD, SD, PR, CR); n.s., not significant p>0.05; * p<0.05; ** p<0.01, *** p<0.001, **** p<0.0001 [Reprinted and
adapted from JCO Precision Oncology (Weber et al. (66))].
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Figure 21: Impact of clonal hematopoiesis (CH)-related variants on interpretation of ctDNA response. (A) Percent change
in ctDNA levels is shown for patients with durable clinical response (DCR) and those without (NDR), based on three variant
call sets: all detected variants, a filtered set excluding CH-associated variants, and CH-related variants alone. (B) Fold changes
in variant levels are displayed for both the complete set of mutations and the CH-corrected dataset. In some patients,
excluding CH-related variants significantly altered the interpretation of molecular response. [Reprinted originally from JCO
Precision Oncology; legend adapted (Weber et al. (66))].
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4.2.6. Prognostic value of molecular ctDNA response for survival outcomes

In addition to evaluating the predictive utility of ctDNA, we assessed the prognostic
significance of molecular ctDNA response in relation to survival outcomes. To this end, several
molecular response thresholds were tested to determine optimal cut-offs distinguishing
responders from non-responders. Notably, patients classified as “non-shedder”, with no
ctDNA detected at both timepoints (n=15), had improved OS and PFS compared to patients
with detectable ctDNA (“shedder”). Median PFS was 9.2 months in non-shedders versus 2.8
months in shedders (HR: 0.49; 95% Cl: 0.30-0.79; p = 0.0231). Median OS was 21.9 months in
non-shedders compared to 7.7 months in shedders (HR: 0.55; 95% Cl: 0.32—-0.84; p = 0.0342).
Additionally, patients with ctDNA levels exceeding the median aMM value showed

significantly reduced progression-free and overall survival at both timepoints (Figure 22) (66).
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Figure 22: Elevated ctDNA is linked to poorer survival outcomes, while low or absent ctDNA correlates with improved
prognosis

Kaplan- Meier curves in panel A compare non-shedders (no ctDNA detected) and shedders (ctDNA detected) of the full cohort
(n=167 patients), indicating longer median PFS (2.8 vs. 9.2 months, p=0.0231) and OS (7.7 vs. 21.9 months, p=0.0342) in non-
shedders. B evaluated patients with ctDNA levels below and above the median for to (aMM median=77), showing better PFS
(9.1 vs. 5.0 months, p=0.0015) and OS (6.0 vs. 13.3 months, p=0.0016) in patients with lower levels (PFS, HR of 0,60 (95% ClI,
0.43-0.83, p=0.0015; OS, HR of 0.59 (95% Cl, 0.42-0.83, p=0.0016)). Panel C compares patients stratified on median ctDNA
level (aMM median = 70) and demonstrates superior outcomes for those below the median, with PFS of 1.6 vs. 8.8 months
(p<0.0001) and OS of 4.8 vs. 17.2 months (p < 0.0001) at t;. At t;, the survival difference was even more pronounced (PFS HR
0.45, 95% Cl, 0.32-0.64, p<0.0001 and OS HR 0.37, 95% Cl, 0.26-0.55, p<0.0001) than in to. D shows the hazard ratios (HR) and
95% confidence intervals (Cl) for all 4 proxies stratified by the median ctDNA level for PFS and OS. HR, hazard ratio, Cl,
confidence interval, P-values are calculated from log-rank tests. *p<0.05, ** p<0.01, *** p<0.001, ****p<0.0001 [Figure and
legend adapted from Weber et al. (66)].
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Subsequently, patients were categories based on changes in their ctDNA levels in four groups:
e no ctDNA at both time points (“non-shedders”)
e adecrease of more than 50% from to to t1
e anincrease of more than 50%,
e changes falling within these two thresholds (intermediate group)

Patients who achieved a ctDNA decrease of 250% showed similar OS and PFS to those without
detectable ctDNA, whereas patients with a ctDNA increase or a decrease of less than 50% had
substantially poorer survival outcomes (Figure 23A). Similar trends were observed when
applying a 25% response threshold, though the effect on PFS was less pronounced, as shown

in Figure 23B (66).
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Figure 23: Changes in ctDNA levels during ICl treatment correlate with patient survival

(A) Kaplan-Meier analysis of PFS (left plot) and OS (right plot) of all 167 patients, grouped by ctDNA dynamics between
baseline (to) and follow-up (t1). Patients were stratified into four categories: no detectable ctDNA at both time points (blue),
a 250% reduction in the average number of mutant molecules (green), a 250% increase (red), and those with intermediate
changes not meeting the 50% threshold (orange). (B) The same survival analysis was repeated using a 25% threshold for
defining increase or decrease in ctDNA levels. [Figure and legend reprinted and adapted from Weber et al. (66)].

Stratifying patients simply by >50% versus <50% ctDNA decrease revealed significant
differences in survival. Among patients with <50% reduction (based on all variants), median
PFS was 2.6 months and OS was 6.4 months, compared to 7.7 months and 16.2 months in
patients with 250% decrease. Importantly, these distinctions became even more pronounced
when CH- related variants were excluded (“w/o CH-variants”). When stratifying patients based
on a 50% molecular ctDNA response and exclude CH-associated variants, those with <50%
decrease had a median PFS of 2.0 months and OS of 5.9 months, compared to 10.0 months
and 18.4 months, respectively, in patients with 250% aMM decrease (Figure 24A). Applying a

25% decrease threshold yielded similar trends, but with weaker PFS discrimination - based on
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all variants. Without CH variants, PFS improved from 1.9 to 4.5 months (HR 0.57, 95% Cl 0.41—
0.80), and OS improved from 5.4 to 15.2 months (HR 0.48, 95% Cl 0.33-0.65) when patients
showed a 250% molecular ctDNA response. Inclusion of CH variants again reduced the

predictive separation (Figure 24B) (66).
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Figure 24: Impact of molecular ctDNA response thresholds on survival outcomes with and without exclusion of CHIP-
related variants. (A) Kaplan—Meier curves for progression-free survival (PFS, left) and overall survival (OS, right) stratified by
a>50% ctDNA aMM decrease from baseline (to) to follow-up (t1) (n=152 patients). Patients achieving 250% decrease exhibited
significantly improved survival compared to those with <50% decrease. Exclusion of clonal hematopoiesis (CH)-related
variants further enhanced stratification. B) Same as in (A), but using 25% cut-off. Hazard ratios (HR), 95% confidence intervals
(C1), and median survival times are indicated for both uncorrected ("all variants") and CH-corrected analyses ("w/o CH-
variants"). *p<0.05; **p<0.01; ***p<0.0001; n.s. not significant; p values were calculated from log-rank tests. ctDNA,
circulating tumor DNA [Figure and legend reprinted and adapted from Weber et al. (66)].
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To further investigate the prognostic value of early molecular response, additionally a 2-
month landmark analysis (60 days after to) was performed and revealed a clear separation
between the four groups. Patients with a 250% reduction in ctDNA or undetectable ctDNA
throughout treatment had the longest survival, whereas a 250% ctDNA increase was
associated with poorest PFS and OS (Figure 25A). When stratifying patients by >50% ctDNA
decrease versus <50% ctDNA decrease, median PFS and OS were shorter in patients with <50%
decrease in aMM (all variants: 4.3 and 5.9 months, respectively) compared to those with a
>50% decrease (all variants: 11.1 and 16.9 months, respectively). It was also observed that the
separation of survival curves was less distinct when CH-related variants remained included in
the analysis. Specifically, patients with a 250% decrease in ctDNA-levels — after correction for
CH variants — showed a median PFS of 11.3 months compared to 3.1 months in those with less
than 50% decrease (HR 0.59; 95% Cl: 0.37-0.94; p < 0.05*). Similarly, median OS was 16.9
months for patients with >50% decrease compared to 5.3 months with less than 50% decrease
(HR 0.45; 95% Cl: 0.30-0.65; p < 0.0001***). These findings emphasize the importance of
eliminating CH-associated alterations to optimize the prognostic utility of ctDNA response

evaluation (Figure 25B) (66).
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Figure 25: On treatment ctDNA dynamics are linked to survival outcomes.
(A) Kaplan Meier plots of progression-free survival (PFS) and overall survival (OS) for a 2-month landmark cohort (n=129),
categorized by ctDNA absence from baseline (to) to follow-up (t1). Groups include patients with absence of ctDNA at both
time points (blue), those with a >50% reduction in the average number of mutant molecules (aMM, green), those with a 250%
increase of aMM (red) and patients with intermediate changes not meeting either threshold (orange). (B) Kaplan—Meier
curves for PFS (left) and OS (right) stratified by a 250% ctDNA aMM decrease from to to t;. Patients without CH-variants
achieving 250% decrease exhibited significantly improved survival compared to those with <50% decrease. Hazard ratios (HR),
95% confidence intervals (Cl), and median survival times are indicated for both uncorrected ("all variants") and CH-corrected
analyses ("w/o CH-variants"). *p<0.05; **p<0.01; ***p<0.0001; n.s. not significant; p values were calculated from log-rank
tests. ctDNA, circulating tumor DNA. [Figure and legend reprinted and adapted from JCO Precision Oncology (Weber et al.

(66))].
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4.2.7. Tumor-guided versus de novo mutation calling

Multiple studies have demonstrated that a tumor-informed approach can enhance clinical
outcomes by improving survival and more accurately distinguishing between responders and
non-responders to therapy. To evaluate its effectiveness, we compared this strategy with de
novo mutation calling from plasma ctDNA to determine which method more reliably identifies

treatment response (66).

For the tumor-informed method, only mutations that were concordant between tumor tissue
and plasma - after excluding variants associated with CH - were considered. Seventy-one
patients fulfilled these criteria and were categorized into durable clinical response (DCR) and

non-durable response (NDR) groups (66).

As depicted in Figure 26 and Figure 27, the change of the aMM from toto t1 and the survival
analysis for both the tumor-guided approach and the de novo mutation calling from plasma
alone produced similar results. The tumor-informed approach shows that patients with less
than a 50% aMM decrease had a median progression-free survival time of 1.9 months, while
those with more than 50% aMM decrease had a significantly longer median survival of 11.4
months. Similar results were observed with the de novo mutation calling from plasma,
showing a PFS time of 1.6 months for patients with less than a 50% decrease and 12.9 months
for those with >50% decrease. When considering overall survival (OS), there were no
substantial differences between the two approaches. Thus, the tumor-informed approach
does not provide better stratification of responders and non-responders compared to the CH-

corrected de novo approach (66).

72



Dissertation Sabrina Hammer

A DCR B NDR

\.
2
@
L
L
1

-
2
@
S
1
S I S
SRa
o

]
D
R

patients
8
1
patients
~
5

Bl de novo variant calling 7024 Bl de novo variant calling

B tymor informed variants 088 E B tumor informed variants

1007 : -

T T T 1
100 200 100020003000
% change

T
-100 0 100 200

(4

'
i
—
=]
(=]

% change

Figure 26: De novo mutation calling from plasma yields results comparable results to a tumor-guided strategy. Percentage
change in the average mutant molecules counts is shown for 71 patients, stratified by clinical outcome: (A) patients with
durable clinical response (DCR) and (B) without durable clinical response (NDR). ctDNA dynamics were evaluated using both
de novo approach — based solely on plasma data without prior tumor mutation knowledge- and a tumor-guided method,
which included only variants confirmed in both tumor tissue and plasma. [Figure and legend adapted with permission from
JCO Precision Oncology (Weber et al. (66))]
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Figure 27: De novo variant calling offers comparable patient stratification performance to the tumor-guided approach.
Kaplan-Meier curves of PFS (left) and OS (right) of patients with available tumor molecular profiling data and concordantly
detected mutations in tissue and plasma (n=55 patients) stratified by a > 50% decrease in average number of mutant
molecules (aMM) from to to t1. (A) Only variants identified in the tumor were used to calculate the molecular response (tumor-
informed variant call set) (B) All variants (but corrected for variants related to clonal hematopoiesis) were used to calculated
the molecular response (de novo variant call set). [Figure and legend originally reprinted from Weber et al. (66)]
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4.2.8. STK11 and/or KEAP1 mutations are associated with poor prognosis

To explore the prognostic impact of STK11 and KEAP1 mutations, patients were stratified
based on the presence of mutations detected in plasma at either to, and/or t;. Mutations in
these genes were found to significantly impact patient survival, affecting both PFS and OS.
Patients harboring these mutations had reduced PFS (1.5 vs. 4.1 months; HR: 0.53, 95% Cl:
0.34-0.83) and OS (5.7 vs. 9.7 months; HR: 0.48, 95% Cl: 0.31-0.75) compared to mutation-
negative patients. Landmark analysis (60 days after to) confirmed the negative impact of STK11
and KEAP1 mutations on PFS and OS, with patients harboring these mutations experiencing
worse outcomes compared to those without them (PFS: 4.4 vs. 8.7 months (HR: 0.48, 95% Cl:
0.36-0.97); OS: 4.4 vs. 11.4 months (HR: 0.42, 95% Cl: 0.25-0.72) (Figure 28). In contrast to
previous reports, the presence of NFE2L2 mutations did not influence the stratification of

patient outcomes (data not shown) (66).

74



Dissertation

Sabrina Hammer

100 = 1001 —- Absence of STK11/KEAP1
A =~ Presence of STKT1/KEAP1
=~ Presence of STK11/KEAP1

75+ 754
Z Z
3 3
o 50+ £ 504
= I
w 4 %]
& o]
25+ 25 -1
0 T T 1 T T 1 1 0 w O Bo® e e kO RSB % e kK
0 10 20 30 40 50 B0 70 0 10 20 30 40 50 60 70
No. at risk Time (months) No. at risk Time (months)
—129 43 33 19 13 4 1 o - 129 61 43 27 16 7 1 0
—338 & 1 1 0 0 0 [} =33 1 2 0 0 o ] 0
Mutated vs : 1.5vs 4.1 menths Mutated vs 1 5.7 vs 9.7 months
wildtype —%— : HR0.53(0.34-0.82) " widtype ~ F—¥—1 ' HR 0.48 (0.30-0.76) =
I T T T 1 1 1 L] T 1
0.0 0.5 1.0 1.5 20 0.0 0.5 1.0 15 2.0
HR (95% CI) HR (95% Cl)
- e =
B 10 e :bsence of f;:; T/E(E;P;f 100 — Absence of STKIKEAPT
| resenenaf ST — Presence of STK11/KEAPT
75
5 7
E z
o 504 2
a2 &
7] 4 @
& o
25+
0 T T T T T T 1 T T T T T 1 1
0 10 20 30 40 50 60 7O 0 10 20 30 40 50 60 TO
No.atrisk Time from landmark (months) No. atrisk Time from landmark (months)

— B3 40 29 19 12 2 0 0 — 112 58 3@ 26 15 § 0 o
—_——l 4 1 1 o o o o —_—32 10 2 1 0 0 0 0
Mutated vs : 4.4 vs B.7 months Mutated vs : 4.4vs 11.4 months
wildtype ~ F——F—— ! HR 0.48 (0.36-0.97} " wildtype ! HR 042 (0.25-0.72) =

L} T I T 1 Ll T T T 1
0.0 0.5 10 1.5 20 0.0 05 1.0 15 2.0
HR (95% CI) HR (95% Cl}

Figure 28: Impact of STK11 and KEAP1 mutations on survival outcomes

Kaplan-Meier plots show progression-free survival (PFS) and overall survival (0S), stratified by the presence of STK11 and/or
KEAP1 mutations at baseline (to) and/or follow-up (t1) of (A) the full cohort (n=167 patients) (B) same stratification as in (A)
but using a 2-month landmark to calculate PFS and OS. HR, hazard ratio plus 95% Cl; p values were calculated from log-rank

tests. OS, overall survival. PFS, progression-free survival [Figure and legend reprinted and adapted from Weber et al. (66)]
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4.2.9. Multivariate analysis of biomarkers

A multivariate Cox regression model was performed to evaluate the impact of clinical
characteristics on survival (n=167 patients). Performance status was independently associated
with survival, with higher ECOG scores predicting worse outcomes (HR 1.60, 95% Cl: 1.21—
2.12; p < 0.001). Sex was associated with a modest survival benefit (HR 0.69, 95% CI: 0.48—
0.99; p = 0.049). In addition, the number of metastatic sites was also significantly associated
with inferior outcomes (HR: 1.16, 95% Cl:1.02—-1.33; p = 0.026). In contrast, age at treatment
initiation, disease stage, and histology were not significantly associated with survival in this

model. The overall model was statistically significant (Chi-square = 26.62; p < 0.001, df=6).

Table 11: Multivariate Cox regression analysis of clinical factors associated with survival. Hazard ratios (HR), 95% confidence
intervals (Cl) and p-values for ECOG performance status, sex, number of metastases, age, stage and histology. Significant
associations were observed for performance status, sex and number of metastatic sites (p < 0.1)

Clinical factor HR (95% ClI) p-values
ECOG Performance score 0/1/2 1.60(1.21-2.12) <0.001
Sex Male/Female 0.69 (0.485-0.99) 0.049
Number of metastatic sites 0/1/2/3/>4 1.16 (1.019-1.331) 0.026
Age of treatment start years 1.02 (0.996-1.035) n.s.
Disease stage 1B/Iv 0.79 (0.464-1.332) n.s.
Adenocarcinoma/
Histology Squamous cell 1.11 (0.816-1.514) n.s.
carcinoma/other

n.s., not significant
In addition, a multivariate Cox regression model was performed to assess the combined
prognostic impact of clinical parameters, ctDNA dynamics, and molecular alterations on PFS

and OS of 152 NSCLC patients.

A decrease in aMM levels of at least 50% was strongly associated with improved PFS (HR: 0.57,
95% confidence interval (Cl): 0.39-0.84; p = 0.004), indicating that molecular response was an
independent predictor of favorable outcome. However, the presence of STK11/KEAP1
mutations was also independently associated with shorter PFS (HR: 1.64, 95% Cl: 1.11-2.42;
p = 0.014), highlighting the adverse prognostic impact of these genomic alterations (Table 12)
(66).
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For OS, molecular ctDNA response was again strongly predictive. Patients achieving a > 50%

decrease in aMM had a significantly longer OS (HR: 0.37; 95% Cl: 0.24-0.57; p < 0.001).

STK11/KEAP1 mutations remained independently associated with worse OS (HR: 1.72; 95% Cl:

1.15-2.56; p = 0.008) (Table 13) (66).

Table 12: Impact of dynamic ctDNA response and STK11/KEAP1 mutation status on progression-free survival (PFS),
adjusted for clinical parameters, in 152 patients with advanced NSCLC receiving immune checkpoint inhibitors. [Table

reprinted from Weber et al., JCO Precision Oncology (66)]

Clinical factor HR (95% ClI) P-values

Gender Male/Female 0.80 (0.56-1.14) n.s.

Metastases Number 1.06 (0.93-1.21) n.s.

Performance score 0/1/2 1.55(1.15-2.10) 0.004
>50% decrease

Change of aMM! 0.57 (0.39-0.84) 0.004
<50% decrease

P f STK11/KEAP1 | Y5

resence of STK11/1 1.64 (1.11-2.42) 0.014
variants no

1 aMM, average mutant molecules corrected for clonal hematopoiesis, n.s., not significant

Table 13: Influence of dynamic ctDNA response and STK11/KEAP1 mutation status on overall survival (OS), adjusted for
clinical parameters, in 152 patients with advanced NSCLC undergoing ICI therapy. [Table reprinted from Weber et al., JCO

Precision Oncology (66)]

Clinical factor HR (95% ClI) P-values

Gender Male/Female 0.79 (0.55-1.12) n.s.

Metastases Number 1.11 (0.98-1.27) n.s.

Performance score 0/1/2 2.06 (1.51-2.81) <0.001
>50% decrease

Change of aMM* 0.37 (0.24-0.57) <0.001
<50% decrease

Presence of STK11/KEAP1 | Y&°

. / 1.72 (1.15-2.56) 0.008
variants no

1 aMM, average mutant molecules corrected for clonal hematopoiesis
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The next Cox regression analysis on OS was performed, integrating PD-L1 expression (TPS
>50% vs. <50%) and change in aMM. PD-L1 expression, assessed by standard
immunohistochemistry on tumor tissue, was available for 110 patients. In this multivariate
model, PD-L1 expression 250% was not independently associated with OS (HR: 0.78; 95% Cl:
0.58-1.04; p = n.s) (Table 14) (66). In addition, a landmark Cox regression analysis was
performed for OS including 129 patients. Of the total cohort of 167 patients, 57 were excluded
due to missing PD-L1 data, and an additional 14 patients were excluded based on the 60-day
landmark definition. The landmark analysis confirmed similar associations as observed in the

primary multivariate OS model incorporation PD-L1 expression (Table 15) (66).

Table 14: Effect of dynamic ctDNA changes on overall survival (0S), adjusted for clinical parameters, in 110 patients* with
advanced NSCLC and available PD-L1 expression data. [Reprinted from Weber et al. (66)]

Clinical factor HR (95% ClI) P-values
Gender Male/Female 0.78 (0.50-1.20) n.s.
Metastases Number 1.22 (1.04-1.43) 0.020
Performance score 0/1/2 1.75 (1.23-2.47) 0.002
>50% decrease
Change of aMM! 0.37 (0.23-0.59) <0.0001
<50% decrease
>50%
PD-L1 expression 0.78 (0.58-1.04) n.s.
<50%

1 aMM, average mutant molecules corrected for clonal hematopoiesis; n.s., not significant; *57 patients had no PD-L1 data,

Table 15: Effect of dynamic ctDNA changes and PD-L1 expression on landmark overall survival (0S), adjusted for clinical
variables, in 96 patients*. [Reprinted from Weber et al. (66)]

Clinical factor HR (95% Cl) P-values
Gender Male/Female 0.84 (0.52-1.35) n.s.
Metastases Number 1.14 (0.95-1.36) n.s.
Performance score 0/1/2 1.45 (0.99-2.14) n.s.
>50% decrease
Change of aMM* 0.49 (0.29-0.80) 0.005
<50% decrease
>50% TPS
PD-L1 expression 0.79 (0.58-1.08) n.s.
<50% TPS

1 aMM, average mutant molecules corrected for clonal hematopoiesis; n.s., not significant; *57 patients had no PD-L1 data
and 14 patients were excluded because of the landmark of 60 days.
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5. DISCUSSION

Liquid biopsy, particularly the analysis of cfDNA, has become a pivotal method for non-
invasive cancer diagnostics and monitoring. Since several clinical guidelines now include
ctDNA used cases, ctDNA is currently nearing the point of becoming a standard clinical practice
for companion diagnostics in cancer (19, 169, 182-185). Despite these advancements, ctDNA
testing still faces key challenges before it can be fully incorporated into routine patient care.
One major limitation is the high cost and technical complexity of ultra-deep sequencing, which
is often required to detect mutations at low VAFs - particularly relevant in early-stage disease,
low shedding tumors, or in the context of MRD. Additionally, there is a critical need for
standardized protocols and quality control measures to ensure reproducibility and reliability
across institutions, platforms, and laboratories. Variability in pre-analytical factors (e.g., blood
collection, cfDNA extraction), bioinformatic pipelines, and variant interpretation can

significantly influence test results and clinical decision-making.

As the landscape of predictive biomarkers in oncology continues to expand, the role of next-
generation sequencing (NGS) is becoming increasingly prominent. NGS technologies allow for
the simultaneous detection of multiple genomic alterations, including single nucleotide
variants, insertions/deletions, copy number alterations, and gene fusions. These are now
routinely used alongside traditional diagnostic tools such as immunohistochemistry (IHC) for
protein expression, fluorescence in situ hybridization (FISH) for gene rearrangements, and
RNA-based fusion detection assays—particularly in formalin-fixed paraffin-embedded (FFPE)
tissue samples (reviewed in (186, 187)). Today, a growing number of commercially available
cfDNA-based NGS assays—such as Guardant360®, FoundationOne® Liquid CDx, AVENIO®, and
QlAseg—have entered the market and are progressively being integrated into clinical
oncology workflows. These assays vary in target content, depth of coverage, sensitivity
thresholds, and regulatory approval status, and their selection often depends on the specific
clinical context (e.g., tumor type, treatment history, available tissue). As ongoing studies

continue to validate their utility across broader patient populations and treatment settings,
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cfDNA-based NGS testing is expected to play an increasingly central role in personalized cancer

care (reviewed in (94, 95)).

5.1. Analytical performance assessment

Analytical validation of ctDNA assays is a critical process due to the unique challenges posed
by the low concentrations and complex nature of ctDNA in patient plasma. The first part of
our study critically examined the impact of different types of cfDNA reference materials on
the performance of liquid biopsy NGS assays at different laboratories, emphasizing the
importance of using well-defined reference materials for assay validation with regard to
sensitivity and specificity. We evaluated various commercial mutation analysis platforms and
reference materials, focusing on their analytical performance for liquid biopsy profiling (165).
This is essential for ensuring reliable detection of actionable mutations in cancer patients,
facilitating better clinical decision-making. We conducted a comprehensive evaluation across
three experimental setups, testing various platforms in different laboratories. These platforms
included digital droplet PCR, MassARRAY, and several NGS assays. The Seraseq® reference
materials used in this study encompass a range of clinically significant mutations, many of
which are essential for guiding current treatment decisions. Our findings highlight variability
in sensitivity and specificity across different platforms, emphasizing the need for extensive

validation before clinical implementation.

We demonstrated that the use of reference materials with predefined VAFs is highly effective
for evaluating the performance of both PCR-based and NGS-based mutation analysis
platforms, even with only three replicates. At a VAF of 1%, ddPCR and MassARRAY showed
high sensitivity and lowest variability. Coefficient of variation (CV) for intra-run comparisons
using a minimum input of 8ng DNA ranged from 9-31% across all platforms, while the range
for intra-run comparisons was slightly higher (CV 10-48%). NGS platforms demonstrated
considerable variability, with some assays performing better in terms of sensitivity and
specificity. This variability necessitates rigorous benchmarking against standardized reference
materials. However, the reference materials allowed for consistent inter- and intra-assay
comparisons, ensuring reliability and reproducibility of mutation detection. Overall, NGS

assays offer a significantly greater amount of clinically relevant information compared to
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traditional targeted ddPCR assays. However, it is important to note that NGS assays are

generally more expensive than PCR assays (165).

One significant hurdle in molecular profiling is the limited amount of cfDNA available for most
analyses, which critically impacts the analytical performance. Our findings confirm that the
amount of template DNA has a direct impact on assay performance: higher input amounts (=8
ng) yielded more accurate variant allele frequency (VAF) estimates, whereas lower inputs (2—
4 ng) were associated with greater variability in results (165). The sensitivity of detecting
mutant copies in NGS assays is heavily dependent on the total DNA input amount, as this
determines the number of molecules analyzed. Our analysis also underscored the critical role
of sequencing depth. For instance, identifying three mutated copies at a 0.1% limit of
detection (LOD) requires at least 20 ng of input cfDNA with a sequencing depth of 3000x.
While it is possible to use lower amounts of cfDNA, the LOD must be adjusted accordingly.
Importantly, when using unique molecular identifiers (UMIs) for error correction, increasing
the DNA input demands a proportional increase in sequencing coverage in order to maintain
a consistent number of replicates per UMI, which is essential for reliable variant calling. These
considerations highlight the delicate balance between DNA input, sequencing depth, and error

suppression in achieving high sensitivity and specificity in cfDNA-based NGS assays.

Furthermore, we emphasized the importance of finding the best performing assay from the
variety of commercially available providers. Therefore, we evaluated the performance of five
commercially available mutation assays (AVENIO Targeted, QlAseq, NEB, QlAact, Oncomine)
using 15ng of Seraseq® ctDNA reference material v2 at a single center (MUG), focusing on
their sensitivity and workflow. The two best performing assays in this evaluation, the
Oncomine and AVENIO platform, both provided good mutation detection down to 0.125% and
offer comprehensive end-to-end solutions with a generic analysis workflow to support the
detection of genetic alterations. The AVENIO ctDNA Targeted Assays is still able to detect 60%
of the mutations at a VAF of 0.125%. The QlAact assay showed a lower performance due to

lower sequencing depth, whereas QIASeq enables also satisfying detection rates (165).
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A similar study by Lam et al. compared the AVENIO ctDNA Expanded (Roche) and QlAgen’s
QlAseq Human Comprehensive Cancer panels and showed that the AVENIO platform detected
somatic mutations in over 70% of patients with common cancers, while the QlAseq platform
covered nearly 90%, reporting a higher average number of variants per patient. Both panels
demonstrated similar on-target rates and percentages of reads mapped. However, AVENIO
exhibited more uniform sequencing coverage across regions with varying GC content, which
is crucial for accurate mutation detection. Additionally, AVENIO showed higher sensitivity and
concordance compared to QlAseq at the same sequencing depth. This suggests that AVENIO
may be more suitable for applications requiring ultra-high depth sequencing to detect
mutations in common cancer types. In contrast, QlAseq, with its broader coverage, may be

better suited for applications targeting a wider spectrum of cancer types (188).

At the time of testing, no optimized analysis pipeline was available for the NEB assay,
necessitating bioinformatics expertise to process raw sequencing data and generate
annotated variant calls. The analysis was conducted using the MuTect2 algorithm, which is
primarily intended for tumor/normal sample pairs. As a result, many mutations were not
detected, despite some being clearly visible upon manual inspection of BAM files using the
Integrative Genomics Viewer (IGV). These findings suggest that the recall rate of the NEB assay
could be significantly improved with a tailored and fully optimized bioinformatics pipeline.

(165).

Evaluating both analytical sensitivity and specificity is critical for assessing the performance of
NGS-based liquid biopsy assays. In our study, variant calling accuracy showed strong specificity
within the hotspot regions defined by the Seraseq® reference material. Importantly, the
AVENIO and QIAseq assays did not generate any false positive (FP) reads at known variant
sites in wild-type reference samples, whereas the Oncomine assay produced two FP calls at
these positions. However, all assays detected additional putative false positives outside the
defined hotspot regions. This finding raises the question of whether such off-target variant
calls are the result of technical limitations—such as sequencing artifacts or errors in library

preparation—or if they reflect true biological variability. These results highlight the
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importance of further optimizing analysis pipelines and implementing robust error correction

strategies to improve specificity (165).

We further demonstrated that variants with VAFs of 1% or higher could be detected with high
accuracy at a LOD of 0.5%. As anticipated, the accuracy declined when identifying lower-
frequency mutations or when operating at reduced LODs (165). This trend aligns with findings
from Stetson et al., who reported significant variability among ctDNA assays, particularly for
variants below a 1% VAF, where most discrepancies occurred (189). Deveson et al. also
demonstrated high sensitivity, precision, and reproducibility for ccDNA mutations with variant
allele frequencies above 0.5%. Below this threshold, detection became inconsistent and varied
significantly between assays, particularly with limited input material. Missed mutations (false-
negatives) were more prevalent than erroneous identifications (false-positives), highlighting
the challenge of reliably sampling rare ctDNA fragments (190). These results underscore the

technical challenge in accurately distinguishing low-frequency true somatic variants from

We evaluated the AVENIO assays by comparing the performance of the AVENIO ctDNA
Targeted and Expanded panels using two Seraseq® reference materials. The detection rate of
the AVENIO ctDNA Targeted panel with the Seraseq® ctDNA Complete™ Reference Material
was similar to that with the Seraseq® ctDNA Reference Material v2. However, concordance
improved slightly with the Seraseq® ctDNA Complete™ Reference Material (pc=0.946 vs.
pc=0.839) (165).

Next, we compared the AVENIO ctDNA Expanded panel with the Seraseq® ctDNA Complete™
Reference Material. The Expanded assay demonstrated robust performance, offering
significant depth of coverage and sensitivity, with 65% of the mutations still detectable at a
VAF of 0.1%. According to vendor information, the Seraseq® ctDNA Complete™ Reference
Material is produced through a gentler synthesis process which reduces the number of false
positives, indicating that ongoing improvements in reference standards can enhance assay
accuracy. We chose to continue with the ctDNA Expanded panel for the comprehensive
mutation profiling of the NSCLC patient cohort due to its higher mutational coverage and

larger panel size (192 kb) (66).
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Verma et al. evaluated the performance of all AVENIO ctDNA platforms (Targeted, Expanded,
and Surveillance panels) using commercial reference standards, de-identified human cfDNA
samples, and contrived samples from normal and cancer cells. The kits demonstrated 100%
sensitivity for detecting SNVs at >0.5% VAF and 50% sensitivity at 0.1% VAF. These results are
in line with the findings of our study, confirming that AVENIO ctDNA liquid biopsy platforms
are effective for clinical laboratories, particularly for detecting somatic alterations at VAFs as

low as 0.5% (191).

The performance of NGS liquid biopsy tests depends critically on both analytical specificity
and sensitivity. Our study highlights the importance of using well-validated reference
materials and optimizing input amounts and sequencing depth to enhance accuracy. Advances
in bioinformatics offer potential improvements, but careful interpretation of low-frequency
variants remains crucial. Future efforts should focus on refining these assays to balance
sensitivity and specificity, thereby improving clinical outcomes through precise mutation
detection. However, several challenges and limitations persist. Assays analyzing smaller
quantities of DNA exhibit less precision around a VAF of 1% compared to those with higher
DNA input. This low DNA input can impact the analytical sensitivity and precision of tests.
Laboratories must account for this variability when interpreting results and establishing
detection thresholds. However, the low input of cfDNA for assays mirrors real-life clinical
conditions, as patient-derived cfDNA yields are often low and large amounts of cfDNA are not

typically expected.

The study also underscored the difficulty in accurately detecting low-frequency variants,
despite technological advancements like unique molecular identifiers (UMlIs). Discriminating
between true somatic variants and technical artifacts at low allele frequencies remains a
significant technical hurdle, compounded by inherent background noise in cfDNA assays (165).
The synthetic nature of commercially available reference materials introduced biases, as these
materials did not perfectly mimic native cfDNA, potentially affecting the accuracy of

performance evaluations, as shown by Hallermayr et al. (192).

In general, the lack of standardization can lead to inconsistent results across different

laboratories and assays, highlighting the need for robust and standardized analytical
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workflows. These challenges illustrate the complexity of implementing liquid biopsy assays in
clinical settings and the necessity for rigorous validation and standardization to ensure reliable
and accurate results. Based on these findings, it is essential to establish guidelines for selecting
suitable reference materials tailored to different stages of performance evaluation in liquid
biopsy NGS assays. To address these challenges, the BloodPAC Consortium, in collaboration
with the FDA, has developed generic protocols for the analytical validation of next-generation
sequencing (NGS)-based ctDNA assays. These protocols consist of 11 guidelines designed to
demonstrate and document the analytical performance of these assays, particularly for late-
stage solid tumors (193). Clinical laboratories should evaluate and select panels and platforms
that best meet their specific needs, considering factors such as sensitivity, specificity,
coverage, and the types of mutations each assay can detect. This part of the study underscores
the critical need for extensive validation of liquid biopsy tests using predefined VAFs to ensure
their accuracy and reliability. Without proper validation, the clinical utility of these tests could
be compromised, leading to potential misdiagnoses or inappropriate treatment plans. The
variability in platform performance suggests that laboratories must carefully select and
validate the appropriate assay based on their specific clinical requirements. Reliable detection
of ctDNA mutations through well-validated platforms can significantly enhance personalized
cancer treatment and patient outcomes. In summary, the analytical validation of ctDNA assays
is a complex process that requires rigorous testing and adherence to standardized protocols

to ensure the accuracy, sensitivity, and reproducibility necessary for clinical decision-making.

85



Dissertation Sabrina Hammer

5.2. ctDNA as a predictor of long-term outcome in NSCLC patients treated with ICI
As lung cancer is the top cause of cancer-related deaths worldwide, responsible for around
1.8 million deaths annually (1, 2), identifying the appropriate therapy to maximize treatment
outcome is of paramount importance. Plasma-based ctDNA genotyping has enhanced the
delivery of targeted therapy in patients with tumors harboring EGFR, BRAF, and other
targetable mutations. More recently, ctDNA has emerged as a promising biomarker for
predicting response to ICI. This is of high clinical relevance as current candidate biomarkers,
such as TMB and PD-L1 expression, have limited predictive value and lack specificity in
distinguishing responders from non-responders (28). Given the increasing use of ICls in NSCLC,
identifying reliable biomarkers to predict patient response is crucial; however, suitable

predictive biomarkers are currently lacking.

Molecular profiling of tumors typically relies on tissue biopsies, which require invasive
procedures that may not always be feasible or safe - particularly for patients with advanced
disease or inaccessible lesions. Moreover, tissue biopsies do not support serial sampling,
limiting their use in monitoring tumor dynamics over time. To overcome these limitations,
precision medicine is increasingly adopting liquid biopsy approaches. This minimally invasive
method enables repeated sampling at multiple time points, making it well-suited for tracking

disease progression, tumor evolution, and the development of treatment resistance (94).

Importantly, because ctDNA is shed from various regions of the tumor, it is thought to offer a
more comprehensive representation of the tumor’s genomic landscape, capturing both intra-
and intertumoral heterogeneity (115). Numerous studies have shown that tumor genomes
can be effectively reconstructed from plasma-derived DNA, indicating that ctDNA has strong
potential for real-time monitoring of tumor dynamics. This capability supports its use in
tracking tumor burden, clonal evolution, and emerging resistance mechanisms throughout the
course of treatment. (105, 112, 130). This capability may pave the way for broader

applications of biomarker-driven ICl therapies.

We assessed the potential of dynamic ctDNA levels to identify advanced NSCLC cancer
patients who may benefit from immune checkpoint inhibitor therapy. Our approach

incorporated several novel elements (66):
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e Broad applicability of ctDNA testing: We implemented an easy-to-use ctDNA test

capable of extensive NSCLC patient coverage through de novo mutation calling, which
enhances its utility in clinical settings

e Landmark survival analysis: We conducted a landmark survival analysis, which is vital

for real-time clinical decision making

e Exclusion of CH-related variants: We utilized a tumor-specific variant call set by

excluding clonal hematopoiesis- related variants, improving the specificity of ctDNA.

5.2.1. High Sensitivity and Broad Coverage in ctDNA Profiling of NSCLC

Given the low levels of ctDNA in blood plasma, highly sensitive detection methods are
essential for accurate molecular profiling. Techniques such as NGS, RT-PCR, and ddPCR are
commonly employed in clinical diagnostics to identify clinically relevant genetic alterations
((194). In particular, RT-PCR and ddPCR are particularly useful for quantifying mutant allele
frequencies in known cancer-associated genes, especially when the mutation profile is already
established. In contrast, when no prior molecular information is available, a targeted NGS
approach is typically utilized. This allows for the simultaneous interrogation of hotspot regions
across multiple cancer-related genes, facilitating broad mutation screening and informing

treatment decisions (195).

In the initial phase of this study, we aimed to identify the most effective assay for
comprehensive mutation profiling in patients with advanced cancer. Based on this evaluation,
we selected the AVENIO ctDNA Expanded Kit to assess molecular ctDNA response in a cohort
of 167 patients with advanced NSCLC. Applying a de novo mutation detection approach, we
were able to detect informative tumor-specific mutations in 91% of patients, with an average
of 5.25 mutations per patient. This high detection rate demonstrates the clinical sensitivity of
the AVENIO assay and its suitability for routine monitoring of ctDNA dynamics. The
performance is comparable to other established platforms such as Guardant360 (196, 197).
Real-world studies using NGS-based cfDNA assays have reported sensitivity levels between
75% and 90%, along with strong concordance with tissue-based genotyping (198-202).
Consistent with known mutational patterns in NSCLC, the most commonly mutated genes in

our cohort were TP53, KRAS and KEAP1 (Figure 17B) (66).
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Tissue biopsies can be challenging to obtain, especially in advanced lung cancer cases, where
the tumor may be difficult to access or the patient's condition may not allow for invasive
procedures. Therefore, ctDNA is a promising alternative for molecular profiling. Genetic data
from tumor biopsies were available for 116 out of 167 NSCLC patients (69.5%). Among these,
61.2% had mutations in their tumor tissue, with a 75.3% concordance rate for mutations also
detected in plasma (Figure 16C) (66), consistent with previous studies showing tissue-plasma
concordance between 70-90% across various solid tumors (181, 203-206). Additionally,
among 45 patients (38.8%) without mutations in their tumor tissue, six also had no mutations
in plasma, while 39 had at least one mutation detected. This underscores AVENIO's broader
coverage compared to panels focusing solely on specific hotspots. The application of de novo
mutation calling provides a comprehensive analysis of the patient cohort, demonstrating

consistency with genetic information obtained from tumor tissue examination (66).

Accurate detection of tumor-derived variants in plasma through liquid biopsy requires both
high sensitivity and specificity. However, the amount of circulating tumor DNA (ctDNA) in
plasma can vary greatly and is influenced by factors such as tumor burden, vascularization,
and pre-analytical variables (94, 95, 207, 208). In most cancer types, ctDNA constitutes only a
small fraction of the total cfDNA, typically between 0.1% and 1% (209-211). This low
abundance poses a technical challenge, particularly in patients with advanced NSCLC, where
nearly half of all tumor-derived mutations occur at variant allele frequencies (VAFs) below 1%

(212) - a finding that was also confirmed in our study (66).

5.2.2. Predictive value of ctDNA dynamics

Since ctDNA serves as a surrogate for overall tumor burden, we evaluated whether ctDNA
levels and on-treatment dynamic changes (measured before initiating ICl therapy and at first
response evaluation) are associated with an immediate radiographic response. Consistent
with a previous study (213), responders showed significantly higher aMM levels at to
compared to t;, whereas non-responders did not show any significant difference in aMM levels
between the pre- and on-treatment time points (66). Although the aMM levels at t1 were

significantly lower in responders compared to non-responders, both early and durable
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responders exhibited lower pre- and on-treatment MM levels compared to non-responders.
Nevertheless, molecular response was not clearly associated with radiological response. We
only observed a fair agreement between molecular ctDNA response and radiographic tumor
response. However, excluding CH-related variants improved this agreement without
significantly affecting survival outcomes (66). This finding was also confirmed by other studies
which demonstrated that NSCLC can exhibit mixed molecular responses to various therapies,
including targeted therapies and immunotherapies (214). The complexity of the tumor
microenvironment, tumor heterogeneity, and specific molecular markers all contribute to the
potential for such heterogeneous responses in NSCLC patients treated with ICls. Additionally,
pseudoprogression, defined as an initial transient enlargement of the tumor burden or the
appearance of new lesions, subsequently followed by a decrease in tumor burden, can impair
molecular response assessment. This phenomenon occurs in a subset of patients treated with

ICls, with reported incidence rates ranging from 1.81% to 6% in NSCLC patients (215).

5.2.3. Prognostic impact of ctDNA dynamics

We demonstrated that patients who exhibited a 250% reduction in ctDNA levels after two
cycles of ICI therapy showed significantly better progression-free survival (PFS) and overall
survival (OS) compared to those without such a reduction (PFS: 10 vs. 2 months; OS: 18.4 vs.
5.9 months; Figure 24A). We found that patients who experienced a 250% reduction in ctDNA
levels after two cycles of ICI therapy had significantly improved clinical outcomes compared
to those without such a reduction. Specifically, these patients showed longer progression-free
survival (PFS: 10 vs. 2 months) and overall survival (OS: 18.4 vs. 5.9 months) (Figure 24A).
Importantly, this 250% decrease in ctDNA remained an independent predictor of overall

survival even after adjusting for clinical variables (66).

These findings are consistent with prior studies. For instance, Goldberg et al. (2018)
demonstrated in a longitudinal study of 28 advanced NSCLC patients treated with ICls that a
>50% drop in ctDNA from baseline was significantly associated with improved OS (174).
Similarly, Anagnostou et al. observed that in early-stage NSCLC, tumors with a major or partial

pathological response to neoadjuvant nivolumab also showed a molecular response,
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characterized by the clearance of ctDNA (173). Leest and colleagues further reported that a
>30% reduction in ctDNA levels within 4—6 weeks of treatment initiation strongly correlated
with extended PFS and OS (216). Moreover, combining PD-L1 expression with early ctDNA
dynamics provided a more robust predictor of treatment response than using either
biomarker alone, highlighting the potential of integrated molecular and immunological

profiling for optimizing patient stratification.

Since ctDNA dynamics can only be evaluated after the second sampling timepoint (t1), we
conducted a landmark analysis at 60 days following the initiation of ICl therapy. This time point
is clinically relevant, as it allows physicians to begin discussing treatment efficacy with patients
based on early molecular response data. The 2-month landmark analysis revealed a significant
association between a 250% reduction in ctDNA levels and improved clinical outcomes.
Patients with a molecular response demonstrated a HR for PFS of 0.59 (95% Cl: 0.37-0.94; P =
0.0319) and an HR for OS of 0.45 (95% Cl: 0.30-0.65; P = 0.001), indicating substantial risk

reduction compared to non-responders (66).

In addition to higher levels of ctDNA at both time points (to and t1), the presence of STK11 and
KEAP1 mutations has been independently predictive of poorer survival outcomes, regardless
of PD-L1 expression levels (66). These mutations are not specifically associated with a
response to immune checkpoint inhibitors but rather confer a poor prognosis irrespective of
the treatment modality (217). Studies have demonstrated that mutations in STK11, KEAP1,
and NFE2L2 are particularly detrimental. For instance, early detection of pathogenic PTEN and
STK11 mutations in baseline liquid biopsy samples significantly impacted disease progression
in lung cancer patients treated with ICls (218, 219). Additionally, Zhu et al. (2021) showed that
patients with KEAP1/NFE2L2 mutations had lower OS under atezolizumab treatment
compared to those with wild-type genes (220). The lack of prognostic effect of NFE2L2
mutations in our study may be explained by the distinct histological distribution of these
mutations. KEAP1 mutations were predominantly observed in adenocarcinoma cases, which
constitute 67.1% of our cohort, while NFE2L2 mutations were more frequently found in
squamous cell carcinoma (LSCC). This histological disparity suggests that the biological and

clinical behavior associated with NFE2L2 mutations in LSCC may differ significantly from that
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of KEAP1 mutations in adenocarcinoma, potentially leading to the observed lack of impact on

overall patient stratification (221).

5.2.4. Impact of CH-related variants

Accurate interpretation of ctDNA data can be complicated not only by technical variability but
also by biological confounders, including germline variants and mutations originating from
PBMCs. One of the key challenges in tumor-only cfDNA sequencing workflows, which do not
incorporate matched germline DNA, is differentiating somatic tumor mutations from germline
alterations.

While germline variants typically appear at VAFs of ~50% (heterozygous) or ~100%
(homozygous), their VAFs can be distorted by factors such as germline mosaicism or copy
number alterations, making them harder to distinguish from somatic mutations (28, 222, 223).
Conversely, tumor-specific mutations may occur in genomic regions affected by structural
alterations such as gene amplifications or loss of heterozygosity (LOH), which can cause VAFs
that resemble those of germline variants, further increasing the risk of misclassification (28).

To address these limitations, incorporating matched constitutional DNA (e.g., from PBMCs)
into ctDNA analysis is strongly recommended, as it enables more reliable identification of true
somatic variants and reduces the likelihood of misinterpreting germline or hematopoietic
mutations as tumor-derived alterations.

These mutations derived from CH are an age-related phenomenon where hematopoietic stem
cells or early blood cell progenitors create a genetically distinct blood cell fraction (99, 100,
119). This condition is often linked to previous chemotherapy or irradiation in cancer patients
and is also associated with smoking and aging (122, 125, 212, 224, 225).

In our study, we included mutations calling of PBMCs to get rid of germline and CH-related
variants to ensure high confidence tumor-specific mutation profile. In our cohort, CH-related
variants were identified in 43% of NSCLC patients, whereas the number and presence of those
were associated with higher age (66), which confirms previous reports (119, 120, 124). In
contrast, in our study, CH-related variants showed no association with previous chemotherapy
exposure or patient survival (66). However, recent studies have revealed that individuals with

CH who have undergone chemotherapy or radiotherapy for a primary cancer are at a
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heightened risk of developing secondary therapy-related myeloid malignancies (225, 226).
Notably, six of the ctDNA-negative patients in our cohort had only CH-related variants, which
would have resulted in an incorrect classification as ctDNA-positive if these variants had not
been excluded (66). Adding to the complexity, a large number of CH-mutations are found at

variant allele frequencies below 1%, similar to those derived from tumors (227).

Mutations in the genes DNMT3A, TET2 and ASXL1 (collectively referred to as the "DTA" genes)
have been identified as the most prevalent driver variants in CH (119-121). However, the
AVENIO Expanded Panel used in our study did not include these canonical CH-related genes,
which likely resulted in an underestimation of the prevalence of CH mutation (228, 229).
However, also TP53 mutations are frequently associated with CH and consistent with previous
reports, TP53 was the most common mutated gene in our cohort in context CH. In our cohort,
30 out of 144 detected TP53 mutations (20.8%) in 21 patients were associated with CH (66).
Chabon and colleagues showed similar findings, identifying numerous TP53 variants in cfDNA
that were also detectable in PBMCs in both NSCLC patients (40.6%) and controls (100%) (179).
Moreover, a wide range of additional genes - not typically associated with CH - were also found
to harbor mutations (66, 120, 179, 229). The variant spectrum in cfDNA arising from CH can
overlap significantly with mutations found in ctDNA, posing a risk for false-positive genotyping
results in plasma-based assays. Such confounding effects have already been documented in
several studies (125-127), highlighting the importance of accounting for CH-related variants

during cfDNA analysis.

Understanding the genetic discrepancies between tumor and CH-related mutations is crucial
for determining appropriate treatment strategies, e.g. somatic KRAS mutations strongly
predict resistance to cetuximab, with tumors harboring KRAS mutations showing poor
response to cetuximab therapy (230). However, KRAS mutations can also appear as CH-related
variants, albeit in a limited number (127), posing a significant diagnostic challenge with the
advent of new drugs targeting KRAS mutations as recently sotorasib was approved for treating

NSCLC patients with KRAS p.G12C mutations (231).

Since CH-related variants are not associated with changes in tumor burden in patients with

solid tumors, their presence in cfDNA can distort the interpretation of ctDNA dynamics.
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Including these variants in the analysis may obscure the actual molecular response, potentially
leading to misclassification of a patient’s ctDNA response status and, consequently, inaccurate
assessment of treatment efficacy. Therefore, CH-related variants can interfere with the
assessment of molecular response and complicate the interpretation of ctDNA analyses. The
presence CH-related variants, which remain constant or evolve independently of the tumor,
can confound longitudinal measurements of ctDNA levels. This issue was observed in over 10%
of our cohort. Furthermore, although not statistically significant, excluding CH-related variants
enhanced the ability to distinguish survival outcomes based on molecular ctDNA response
(66). Sivapalan and colleagues showed — similar to our study — that if the CH variants have not
been removed, very few patients were classified as molecular responders given that CH

mutations are not cleared during therapy (232).

A large-scale pan-cancer study involving more than 10,000 patients employed parallel
sequencing of plasma and PBMCs, revealing that 14% of cfDNA samples contained clonal
hematopoiesis-associated variants. These findings underscore the prevalence of CH-related
mutations in cfDNA and the potential for misinterpretation in liquid biopsy analyses. Ongoing
research is focused on developing robust analytical strategies to reliably distinguish CH-
derived variants from tumor-specific alterations, aiming to improve the accuracy of ctDNA-
based diagnostics and monitoring. (128). Thus, paired genotyping of a patient's PBMCs is

recommended to exclude CHIP variants and prevent misdiagnosis (129).

An additional strategy for differentiating tumor-derived variants from those associated with
clonal hematopoiesis (CH) is fragment size analysis. In line with previous studies, our data
showed that DNA fragments carrying tumor-specific mutations tend to be slightly shorter than
those harboring CH-related variants. This distinction in fragment length may serve as a
complementary criterion to improve the accuracy of ctDNA interpretation and reduce false-
positive classifications (Kolmogorov-Smirnov test, P, 1 x 10-10; Figure 15C) (66, 179, 233).
Incorporating additional information, such as patient age and larger datasets may further
enhance prediction accuracy.

Maanson and colleagues recently published work confirming that in mutation-positive cancer
patients, the cfDNA fragments in mutation-positive cancer patients are shorter compared to

those in mutation-negative patients. Beyond analyzing fragment lengths, they also
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investigated fragment end motifs (FEMs). Their findings showed that combining cfDNA
fragment length analysis with FEMs significantly enhances the detection of tumor-derived
DNA. This combined approach offers a promising method for noninvasive cancer diagnostics

(233).

5.2.5. Strengths and limitations

One of the primary strengths of this study is its use of a commercial ctDNA assay, which
provides a broadly applicable and user-friendly approach for detecting ctDNA mutations. This
method achieved high sensitivity and broad patient coverage, identifying mutations in over
90% of patients. Furthermore, we included a landmark survival analysis at a critical clinical
decision point (two months post-treatment initiation), providing valuable prognostic
information for clinicians. The exclusion of CH-related variants from the analysis also enhances
the specificity of the ctDNA measurements, reducing biological noise and improving the

accuracy of molecular response assessments (66).

A significant drawback is that ctDNA assessments were only conducted at a single on-
treatment time point. Longitudinal measurements of ctDNA may better predict response to
ICI compared to using just two time points. A study analyzing ctDNA across 5 time points in
466 NSCLC patients from the IMpower150 trial showed that ctDNA assessments through cycle
3 day 1 of treatment enabled effective risk stratification (234). Another limitation is the
variability in the timing of on-treatment blood samples between patients. This inconsistency
can affect the interpretation of the data and the accuracy of correlating ctDNA changes with
clinical outcomes. On the other hand, this variability in blood collection time point and the
heterogeneous treatment regimen reflects a real-world scenario, enhancing the

generalizability of the results.

Overall, our data demonstrate the potential of ctDNA as a non-invasive biomarker for
monitoring treatment response and prognosis in NSCLC patients undergoing ICI therapy.
Further research is needed to better understand how to effectively use liquid biopsies in
NSCLC patients treated with ICl. Implementing novel multiparameter strategies that combine
information from multiple sources will be crucial in establishing the clinical utility of liquid

biopsies.
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6. CONCLUSION

This study underscores the potential of ctDNA as a non-invasive biomarker for monitoring
treatment response and prognosis in patients with stage [lIB—IV NSCLC receiving immune

checkpoint inhibitor (ICl) therapy.

Our findings demonstrate that ctDNA dynamics offer meaningful prognostic insight, with on-
treatment changes in ctDNA levels correlating with both radiographic response and clinical
outcomes. Specifically, patients who experienced a 250% reduction in ctDNA after two
treatment cycles had significantly improved PFS and OS compared to those who did not exhibit

such a decline.

Furthermore, a 2-month landmark analysis confirmed that a 250% molecular ctDNA response
effectively stratified patients by outcome, reinforcing the clinical utility of early ctDNA

monitoring in guiding treatment decisions.

This study highlights the potential of ctDNA as a non-invasive biomarker for monitoring

treatment response and prognosis in stage IlIB-IV NSCLC patients undergoing ICl therapy.

The results demonstrate that ctDNA dynamics can provide valuable prognostic information,
with on-treatment ctDNA changes associated with radiographic response and survival
outcomes. Patients who exhibited a 250% decrease in ctDNA levels after two cycles of ICI
therapy showed significantly better PFS and OS compared to those without such a decrease.
The 2-month landmark analysis revealed also a significant stratification for a > 50% molecular

ctDNA response (66).

Furthermore, we incorporated mutation calling of PBMCs to eliminate germline and CH-
related variants, ensuring a tumor-specific variant call set. Excluding these variants notably
improved the accuracy of molecular response classification and underscored the necessity of
paired genotyping of PBMCs to prevent misdiagnosis. Given that the spectrum of CH
mutations often overlaps with ctDNA, parallel sequencing of PBMCs, despite the additional
costs, or the use of advanced methods such as fragment size analysis and fragment end motifs,

is essential to differentiate between CH and tumor-specific variants (66).
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The AVENIO ctDNA Expanded Kit was particularly effective in comprehensive mutation
profiling, underscoring the importance of using validated reference materials to ensure assay
sensitivity and specificity. While the study faced limitations such as variability in sample
collection timing and a relatively short follow-up period, the findings support the clinical utility
of ctDNA in guiding personalized treatment strategies and stratifying patients for clinical trials.
Future research should focus on integrating additional parameters for early tumor response
prediction and implementing multiparameter strategies to enhance the clinical efficacy of
liquid biopsies. Overall, this study contributes valuable insights into the optimization of NSCLC

patient management, potentially leading to improved treatment outcomes (66, 165).
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