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Summary

Summary

Pancreatic ductal adenocarcinoma (PDAC) represents one of the most lethal
malignancies, with a five-year survival rate of approximately 13%. The unfavorable
prognosis is largely attributable to late diagnosis, as unspecific clinical symptoms
frequently lead to medical evaluation only at advanced or metastatic disease stages, in
which curative surgical resection is usually no longer feasible. The identification of
systemic biomarkers in peripheral blood may therefore provide a decisive diagnostic time

advantage and enable minimally invasive disease monitoring.

Against this background, peripheral blood from 22 PDAC patients was analyzed for
disease-associated alterations in immune cell populations. Fifteen patients with chronic
pancreatitis served as an inflammatory control cohort, alongside 20 healthy donors.
High-dimensional spectral flow cytometry was initially applied to characterize major T-
cell subsets. The most prominent population, CD8*CD161* T-cells, was subsequently
sorted from 7 PDAC patients and 5 healthy donors and further investigated using single-

cell RNA sequencing complemented by histological and serological analyses.

Already at the flow cytometric level, a marked reduction of circulating CD8*CD161* T-
cells was observed in PDAC patients. Meta-clustering analyses demonstrated, however,
that this finding primarily reflected a redistribution within the compartment rather than a
uniform loss: while mucosal-associated invariant T-cells (MAIT) were reduced, a relative
expansion of a CD8*CD161* non-MAIT population was detected. Transcriptomic
analyses revealed that, compared with MAIT-like subsets, these cells exhibited stronger
similarity to cytotoxic, TCR-activated, tumor-reactive, as well as effector-memory— and
exhaustion-associated CD8" T-cell states. In addition, circulating CD8*CD161* T-cells in
PDAC showed increased expression of tissue-associated transcriptional programs, most

prominently within the memory-like non-MAIT population.

Consistent with these findings, CD8*CD161* T-cells were significantly enriched in tumor
tissue, where higher intratumoral cell densities were associated with improved overall
survival. Tumor infiltration was predominantly mediated by T-BET*RORyt™ non-MAIT
cells, whereas MAIT-like populations were less frequent. Finally, systemic cytokine
signals were examined as potential modulators of subset balance. In PDAC, IL-12
correlated positively with the memory-like non-MAIT CD8*CD161* population and

inversely with MAIT-like cells, whereas IL-18 showed the opposite association.

In summary, this work identifies a pronounced alteration within the CD8*CD161* T-cell

compartment in the peripheral blood of PDAC patients. While MAIT-like fractions are
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reduced, a non-MAIT, effector-memory-like and activated CD8*CD161* subset is
enriched and exhibits transcriptional parallels to tumor-specific activation, cytotoxicity,
and residency. These findings suggest that tumor-associated CD8" T-cell states in
PDAC are not restricted to the tumor microenvironment but can also be detected
systemically and are influenced by the circulating cytokine milieu. Functional validation
studies as well as investigations in larger longitudinal cohorts will be required to assess
the potential clinical relevance of these observations and to enable the future

development of therapeutic strategies building upon these findings.
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Zusammenfassung

Das duktale pankreatische Adenokarzinom ist mit einem 5-Jahres-Uberleben von etwa
13% zu den todlichsten Tumorerkrankungen. Die ungunstige Prognose ist maf3geblich
auf die spate Diagnosestellung zurickzuflhren, da unspezifische Symptome haufig erst
im fortgeschrittenen oder metastasierten Stadium zur klinischen Abklarung flhren, in
dem eine kurative chirurgische Resektion meist nicht mehr moglich ist. Die Identifikation
systemischer Biomarker im peripheren Blut kdnnte daher einen entscheidenden
diagnostischen Zeitvorteil ermdglichen und minimalinvasive Krankeitsmarker

bereitstellen.

Vor diesem Hintergrund wurde das periphere Blut von 22 PDAC-Patienten auf
krankheitsassoziierte Veranderungen immunologischer Zellpopulationen untersucht. Als
inflammatorische Vergleichskohorte dienten 15 Patienten mit chronischer Pankreatitis
sowie 20 gesunde Donoren. Mittels hochdimensionaler Durchflusszytometrie wurden
zunachst die Haupt-T-Zellsubsets charakterisiert. Die auffalligste Population,
CD8*CD161" T-Zellen, wurden anschlieRend zusatzlich aus 7 PDAC-Patienten und 5
gesunden Donoren sortiert und mittels Einzelzell-RNA-Sequenzierung sowie

erganzender histologischer und serologischer Analysen weiter untersucht.

Bereits auf durchflusszytometrischer Ebene zeigte sich eine deutliche Reduktion
zirkulierender CD8*CD161* T-Zellen bei PDAC-Patienten. Metaclustering-Analysen
belegten eine Verschiebung innerhalb des Kompartiments: Wahrend mukosa-
assoziierte invariante T-Zellen (MAIT) reduziert waren, zeigte sich eine relative Zunahme
einer CD8*CD161* non-MAIT-Population. Transkriptomische Analysen ergaben fur
diese Zellen im Vergleich zu MAIT-ahnlichen Subsets eine starkere Ubereinstimmung
mit zytotoxischen, TCR-aktivierten, tumorreaktiven sowie Effektor-Memory- und
Exhaustion-assoziierten CD8* T-Zellprofilen. Zudem wiesen zirkulierende CD8*CD161*
T-Zellen bei PDAC eine verstarkte Expression gewebeassoziierter
Transkriptionsprogramme auf, insbesondere innerhalb der memory-ahnlichen non-
MAIT-Population.

Konsistent hierzu waren CD8*CD161* T-Zellen im Tumorgewebe signifikant
angereichert, wobei eine hohe intratumorale Zelldichte mit verbessertem
Gesamtuberleben assoziiert war. Die Tumorinfiltration wurde Uberwiegend durch T-
BET'RORyt™ non-MAIT-Zellen getragen, wahrend MAIT-ahnliche Populationen in
verringerter Frequenz nachweisbar waren. AbschlieBend wurden systemische
Zytokinsignale als mogliche Modulatoren der Subset-Balance untersucht. Dabei

korrelierte IL-12 in PDAC positiv mit der memory-ahnlichen non-MAIT-Population und
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invers mit MAIT-ahnlichen Zellen, wahrend IL-18 ein entgegengesetztes

Assoziationsmuster zeigte.

Zusammenfassend identifiziert diese Arbeit im peripheren Blut von PDAC-Patienten eine
ausgepragte  subsetspezifische Umstrukturierung des cD8*CD161* T-
Zellkompartiments. Wahrend MAIT-ahnliche Anteile abnehmen, ist ein nicht-MAIT,
effector-memory-ahnliches und zytotoxisch aktiviertes CD8*CD161* Subset relativ
angereichert und zeigt transkriptionelle Parallelen zu tumorassoziierten Aktivierungs-
und Gewebeassoziationsprogrammen. Die Ergebnisse sprechen dafur, dass
tumorassoziierte CD8* T-Zellzustande in PDAC nicht ausschlieBlich intratumoral
auftreten, sondern auch systemisch nachweisbar sind und durch das Zytokinmilieu
mitgepragt werden. Funktionelle Validierungen sowie Untersuchungen in gréfReren
longitudinalen Kohorten sind jedoch erforderlich, um die potenzielle klinische Relevanz
dieser Befunde zu beurteilen und perspektivisch darauf aufbauende therapeutische

Strategien zu entwickeln.
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Introduction

1 Introduction

1.1 Pancreatic ductal adenocarcinoma

1.1.1 Clinical characteristics and prognostic challenges

Despite being a relatively rare malignancy, pancreatic cancer remains among the
deadliest, accounting for an estimated 67,440 new cases and nearly 52,000 deaths in
2025 (Siegel et al., 2025). Five-year survival rates have stagnated at ~13% overall and
~8% for pancreatic ductal adenocarcinoma (PDAC), the most common subtype (Sesock,
2025; Siegel et al., 2025). This poor prognosis is largely attributable to late diagnosis,
with most patients presenting with unresectable or metastatic disease, making surgical
resection—the only potentially curative treatment—unfeasible (Springfield et al., 2023;
Traub et al., 2021).

1.1.2 Blood-based biomarkers and systemic immune alterations in PDAC

An alternative strategy to enable earlier diagnosis of PDAC — and thereby significantly
improve survival rates (Wu et al., 2026) — lies in the identification of systemic biomarkers.
Minimally invasive blood-based assays that can be applied repeatedly or in routine
settings may overcome the challenge of unspecific or absent early symptoms
(Farhangnia et al., 2024; Neoptolemos et al., 2018), and the limited accessibility of the
pancreas. As a systemic biospecimen, blood reflects immunological and inflammatory
alterations and contains diverse immune cell populations in which disease-related
alterations could be detected. Serum carbohydrate antigen (CA) 19-9 is the most
established blood-based biomarker in PDAC (Ballehaninna & Chamberlain, 2012),
providing diagnostic, prognostic, and predictive information. Beyond symptomatic
diagnosis, circulating CA 19-9 levels reflect tumor burden and biological aggressiveness
and are routinely used to guide clinical decision-making, including treatment stratification
and disease monitoring (Benson et al., 2018; Ducreux et al., 2015; Isaji et al., 2018;
Montgomery et al., 1997; Morris-Stiff & Taylor, 2012; Okusaka et al., 2023). However, 5-
10% of individuals are unable to produce CA 19-9 due to Lewis antigen negativity,
rendering this biomarker ineffective in these patients (Rosen et al., 1993). Despite the
investigation of several alternative blood-based biomarkers, including circulating tumor
cells, cell-free DNA, RNA- and protein-based markers, and integrated multiomic
approaches (Juthani & Manne, 2025), none has yet been validated that can substantially
complement or reliably replace CA 19-9 in routine clinical practice. Consequently,
clinically applicable, comprehensive blood-based biomarkers for PDAC remain limited
(Dayimu, 2023; Kamisawa et al., 2016). Notably, several studies have reported systemic

immune alterations in the peripheral blood of PDAC patients, including changes in innate

1
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and adaptive immune cell subsets, altered cytokine levels (e.g. IL-10 and TGF-p),
immune checkpoint-associated markers such as TIM-3 expression, and elevated
neutrophil-lymphocyte ratios (Huber et al., 2020; James et al., 2023; J. Li et al., 2025;
Pan et al., 2023). These observations have prompted the hypothesis that comprehensive
characterization of circulating immune cell subsets — such as CD4", yd, and regulatory
T-cells (Tweg) — in the peripheral blood of PDAC patients may enable the identification of
potential disease-associated alterations indicative of PDAC. A better understanding of
systemic immune alterations may also be relevant to comprehend current therapeutic
limitations in PDAC.

1.1.3 Current treatment strategies and immunological limitations

Standard treatment for advanced PDAC relies primarily on systemic chemotherapy to
prolong survival while preserving quality of life. Combination regimens such as
FOLFIRINOX improve overall survival but are associated with substantial toxicity and
are therefore limited to fit patients, whereas gemcitabine-based therapies remain the
standard for more frail individuals (Casolino & Biankin, 2023; Macedo et al., 2019; Singh
et al., 2026). In contrast to other tumor entities, immunotherapy has shown only limited
efficacy in PDAC. This is largely due to a highly immunosuppressive and dense tumor
microenvironment (TME) that restricts immune cell infiltration (Brautigam et al., 2025;
Falcomata et al., 2023; Farhangnia et al., 2024; Huber et al., 2020; Principe, Korc, et al.,
2021; Ullman et al., 2022). Nonetheless, the continued development of
immunotherapeutic strategies — including immune checkpoint blockade (L. Meng et al.,
2024; Park & Skalhegg, 2025; Sharma et al., 2023), adoptive cell transfer (Musher et al.,
2026), chimeric antigen receptor (CAR) T-cell therapy (Zugasti et al., 2025), and cancer
vaccination (Sethna et al., 2025; Zugasti et al., 2025) — highlights the central role of T-
cells in antitumor immunity (Orhan et al., 2020; Xu et al., 2020).

Effective antitumor immunity depends on the recruitment and sustained functionality of
tumor-infiltrating T-cells (TIL). In PDAC, however, the highly desmoplastic and
immunosuppressive tumor microenvironment restricts T-cell infiltration and promotes

functional impairment, thereby limiting T-cell-based therapeutic efficacy.

In PDAC, CD8" T-cells are key mediators of tumor control. Molecularly, PDAC can be
further stratified into the morphologically and biologically distinct ‘classical’ and ‘basal-
like’ subtypes, which are characterized by differential expression of GATA6 and CKS5,
respectively (O’Kane et al., 2020). These subtypes differ markedly in stromal
composition, tissue density, and immune contexture, thereby influencing immune cell

infiltration and potentially shaping T-cell-mediated tumor responses.
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Against this background, a detailed understanding of CD8" T-cell biology, activation, and
response to tumor-induced systemic and local changes is essential. Importantly,
circulating CD8" T-cells may not only function as antitumoral effectors but also serve as
sensitive indicators of early tumor-associated immune alterations, potentially enabling
minimally invasive detection of disease-associated changes before clinical symptoms or

imaging-based alterations become apparent.
1.1.4 Chronic pancreatitis as inflammatory comparator

CP is described as a persistent inflammatory disorder of the pancreas marked by
irreversible structural alterations and commonly associated with pain and/or permanent
loss of function (Whitcomb et al., 2016). It is also a recognized risk factor for PDAC and
shares several inflammatory and histomorphological features, including inflammatory
infiltration and dense stromal fibrosis that can mimic tumor architecture (Duell et al.,
2012; B. Li et al., 2022). Immunologically, CP is characterized by persistent activation of
innate immune cells, sustained production of pro-inflammatory and profibrotic cytokines
(e.g., IL-1B, IL-6, TNF-a, and TGF-B), and activation of pancreatic stellate cells, leading
to chronic fibroinflammatory remodeling (Glaubitz et al., 2023). Unlike PDAC, CP
represents a non-malignant inflammatory condition that, despite shared fibrosis and
immune cell infiltration, lacks the pronounced immunosuppressive microenvironment
characterized by the accumulation of regulatory immune subsets and functional
impairment of cytotoxic T cells (Falcomata et al., 2023; Huber et al., 2020; Principe,
Timbers, et al.,, 2021; Ullman et al., 2022). These differences render CP a clinically
relevant inflammatory comparator for distinguishing tumor-specific immune modulation
from alterations associated with chronic pancreatic inflammation and highlight the

importance of understanding CD8™" T-cell biology and functional states.
1.2 CD8* T-cells

1.2.1 Cytotoxic function and defining characteristics

In the adaptive immune system, CD8* T-cells are responsible for the direct cytotoxic
elimination of infected or malignant cells, hence they are termed cytotoxic T lymphocytes
(CTL). While CD4" T-cells, as T helper cells, are primarily responsible for coordinating
the immune response, CD8" T-cells recognize antigenic peptides presented on MHC
class | molecules via their T-cell receptor (TCR). Continuous surveillance of MHC class
I-presented peptides enables the detection of infection or malignant transformation,
leading to antigen-specific activation, clonal expansion, and subsequent elimination of
the corresponding target cell. For this purpose, activated CD8* T-cells establish stable
contact with the target cell and form an immunological synapse, which enables the

3
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directed release of perforin and granzymes. Pores formed by perforin in the target-cell
membrane, allow granzymes to enter the cell and induce apoptosis (Harty & Badovinac,
2008).

To identify cytotoxic CD8" T-cells, a set of markers has been defined that characterizes
these cells both functionally and phenotypically. These include the effector molecules
mentioned in the previous section, which are essential for the execution of cytotoxic
function, granzyme B (GzmB; encoded by GZMB), granzyme A (GzmA; encoded by
GZMA), and perforin (encoded by PRF17). granulysin (encoded by GNLY) was also
identified early on as a product of activated, cytotoxic T-cells (Chung et al., 2021; Van
Der Leun et al., 2020). In addition, the expression of key transcription factors such as, T-
BET, IRF4, STAT4, and eomesodermin (EOMES) is characteristic of CTL and reflects
the activation of corresponding effector programs (Chung et al., 2021). Before CD8* T-
cells acquire these functional properties, they undergo a defined ontogenetic

developmental process.
1.2.2 Development, activation, and fate determination of CD8"* T-cells

Following positive and negative selection in the thymus, naive CD8* T cells migrate
through the secondary lymphoid organs in a quiescent, antigen-naive state. When they
encounter their cognate antigen, its recognition is mediated by binding of the TCR to
antigen—MHC-I complexes, a process that is stabilized by the CD8 co-receptor (signal
1). A co-stimulatory signal delivered via CD28-CD80/CD86 interactions is required to
support survival, proliferation, and effector differentiation (signal 2). Cytokines derived
from the inflammatory milieu act as a third signal, directing T-cell proliferation and

differentiation (signal 3) (Curtsinger et al., 2003).
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Figure I. Development, migration and antigen-specific three-signal-activation of CD8* T-cell. After
development in the thymus, naive CD8* T cells exit into the periphery and migrate through
secondary lymphoid organs, including lymph nodes, tonsils, and the spleen. Upon encountering
their cognate antigen presented on MHC class | molecules by an antigen-presenting cell,
recognition via the T-cell receptor (TCR) (signal 1), stabilized by CD8 initiates activation. A co-
stimulatory signal delivered through CD28—CD80/CD86 interaction (signal 2) promotes survival,
proliferation, and effector differentiation. These processes are further shaped and directed by
cytokines (signal 3). Created with BioRender.com.

After activation, CD8" T-cells undergo rapid clonal expansion accompanied by
comprehensive transcriptional and metabolic reprogramming (Pearce & Pearce, 2013).
This process initiates differentiation into short-lived effector T-cells (Ter), while a small
proportion of activated cells acquire memory-associated characteristics that allow long-
term persistence and recall capacity (Harty & Badovinac, 2008; Jameson & Masopust,
2018; Kaech & Cui, 2012). Importantly, the qualitative and quantitative properties of the
activation signals critically influence these fate decisions. Antigen load, affinity, and
duration of TCR engagement, together with the cytokine milieu present during priming,
collectively determine whether CD8* T-cells adopt a terminal effector program, persist
as long-lived memory cells, or transition into alternative functional states such as

exhaustion or dysfunction (Daniels & Teixeiro, 2015; Solouki et al., 2020).
1.2.3 Effector differentiation of CD8* T-cells

When CD8* T-cells receive strong and sustained activation signals—characterized by

high antigen load, prolonged TCR engagement, and robust co-stimulation—in an
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inflammatory cytokine milieu containing IL-12, IL-2, and type | interferons, a terminal
effector program is induced (Huber & Lohoff, 2014). Central to this process is the
upregulation of the transcription factor T-bet, which drives the expression of IFN-y and
cytotoxic effector molecules such as granzymes and perforin, while simultaneously
repressing memory-associated programs. Positive feedback loops, including the IL-12—
STAT4-T-bet axis, further enhance sensitivity to inflammatory signals and stabilize
effector differentiation (Q. Li et al., 2006). Effector CD8* T-cells (Terr) proliferate rapidly
and exhibit potent cytotoxic activity; however, they are typically short-lived. Following
antigen elimination, the maijority of these cells undergo apoptosis during the contraction
phase, whereas only a small fraction persists as precursors of memory T-cells (Tmem)
(Chung et al., 2021; Gebhardt et al., 2023; Zehn et al., 2022).

1.2.4 Effector-memory (Tem) differentiation of CD8* T-cells

Among Tmem populations, effector-memory T-cells (Tem) arise when CD8* T-cells initiate
an effector program but do not undergo full terminal differentiation. This occurs under
conditions in which antigen exposure or inflammatory cytokine signaling is sufficient to
induce effector-associated transcriptional programs, yet not sustained at levels required
to irreversibly stabilize terminal effector differentiation. In this context, T-bet is transiently
upregulated but remains below the threshold necessary for permanent effector
commitment (D’Cruz et al., 2009; McLane et al., 2013). Effector genes remain accessible
for transcription, while survival-associated programs are preserved (Joshi et al., 2007;
Youngblood et al., 2017). In parallel, EOMES remains moderately active and supports
longevity and functional flexibility (Istaces et al., 2019; McLane et al., 2013). As a result,
these cells escape apoptosis during the contraction phase and persist as long-lived,
antigen-experienced T-cells with increased immediate effector responsiveness
(Masopust & Picker, 2012). Phenotypically, Tem are characterized by the loss of CCR7
and CD62L expression, reflecting their preferential circulation through blood and
peripheral tissues rather than secondary lymphoid organs (Sallusto et al., 1999).
Functionally, they occupy an intermediate position between terminal Tex and less

differentiated memory subsets, combining persistence with rapid recall capacity.
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Figure Il. Signal strength-dependent differentiation of CD8" T cells into terminal effector
and effector memory subsets. CD8" T-cell fate is shaped by antigen load, duration of TCR
engagement, and the cytokine milieu. Strong and sustained TCR signaling in an inflammatory
environment induces high T-bet expression, reinforced by IL-12R and IFN-yR signaling, driving
differentiation into Tet cells. These cells undergo rapid clonal expansion, acquire potent cytotoxic
function, and largely undergo apoptosis following antigen clearance during the contraction phase.
Following moderate TCR stimulation in a less inflammatory, homeostatic milieu, CD8* T cells
maintain intermediate T-bet expression and upregulate EOMES. Supported by IL-7 and IL-15
signaling, Tem survive the contraction phase, persist long-term in peripheral tissues and
circulation, and retain rapid effector function upon antigen re-encounter. Created with
Biorender.com.
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1.2.5 Functional plasticity of CD8" T-cell states

CD8* T-cell differentiation is characterized by considerable functional plasticity rather
than fixed lineage commitment. Effector and memory-associated programs represent
dynamically regulated states that can be maintained, reinforced, or reshaped in response

to changing environmental cues (Gattinoni et al., 2011; Utzschneider et al., 2016).

Importantly, CD8* T-cell differentiation does not represent a strictly linear process. Cells
that initiate an effector program do not inevitably progress toward terminal differentiation.
Instead, depending on the quantitative and qualitative properties of ongoing stimulation,
effector-associated transcriptional programs may remain partially accessible and
compatible with long-term persistence (Joshi et al., 2007; Youngblood et al., 2017).
Conversely, antigen-experienced T-cells with memory-like properties retain the capacity
to re-induce effector functions upon renewed antigen encounter (Banerjee et al., 2010;
McLane et al., 2013).

Thus, CD8* T-cell states should be understood as interconnected functional programs
positioned along a continuum rather than as strictly separated lineages. Shifts along this
continuum can occur in response to systemic or local environmental changes, a concept
of particular relevance under conditions of chronic antigen exposure such as persistent

inflammation and cancer (Sade-Feldman et al., 2018; Utzschneider et al., 2020).

1.3 T-cell exhaustion and dysfunction

Sustained activation over prolonged periods, as observed in chronic infections or tumor
diseases with persistent antigen exposure, can lead to functional exhaustion of CD8" T-
cells. During this process, so-called progenitor-exhausted T-cells (Tpex) initially arise,
which are characterized by comparatively high survival capacity and proliferative
competence and serve to maintain the immune response under chronic antigen load
(Siddiqui et al., 2019; Utzschneider et al., 2016). From these populations, terminally
exhausted T-cells (Tex) develop, which exhibit profound functional dysfunction, including
markedly reduced cytotoxicity, limited proliferative capacity, and diminished production
of effector molecules such as IFNy, TNF, and IL-2. This state is associated with stable
upregulation of inhibitory receptors including PD-1, LAG-3, and TIM-3 and coincides with
a loss of effective target cell control (Baessler & Vignali, 2024; Wherry, 2011).

Thus, CD8" T-cells display pronounced functional heterogeneity, shaped by distinct
activation and differentiation signals, which culminates in the emergence of specialized

subpopulations.
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1.4 CD8'CD161* T-cells

CD161 (encoded by KLRB1) is a C-type lectin-like surface receptor that, in addition to
NK-cells, is expressed on distinct T-cell populations and is associated with pronounced
responsiveness to inflammatory cytokines such as IL-12 and IL-18. CD161* T-cells
frequently display a memory-like, innate-like functional phenotype. Within the CD8* T-
cell compartment, CD161* cells comprise several functionally distinct subpopulations,

two of which are discussed in more detail below.

1.4.1 Mucosal-associated invariant T-cells
1.4.1.1. Definition, phenotype, and functional characteristics

Mucosal-associated invariant T-cells (MAIT) are innate-like T-cells expressing an
invariant T-cell receptor (Va7.2) and are restricted by the non-polymorphic, highly
conserved MHC class |-related molecule MR1 (Edmans et al., 2024). Their most potent
ligands are derived from 5-amino-6-D-ribitylaminouracil (5-A-RU), an intermediate of the
microbial vitamin B2 (riboflavin) biosynthesis pathway, which forms highly activating MR1
ligands such as 5-OP-RU and 5-OE-RU (Salou et al., 2025). Additional MR1-binding
molecules, including antagonistic ligands and weak microbial or endogenous
metabolites, have also been described but induce only limited MAIT-cell activation (lto
et al., 2024; Keller et al., 2017; Kjer-Nielsen et al., 2012). MAIT-cells originate in the
thymus and, following MR1-dependent selection, egress into the periphery, where
tissue- and microenvironment-derived signals shape their functional maturation (Salou
et al., 2021).

In humans, MAIT-cells can be reliably identified in peripheral blood by the co-expression
of high levels of CD161 and a Va7.2* (encoded by TRAV1-2) T-cell receptor; while
SLC4A10 represents a robust transcriptomic marker (Dusseaux et al., 2011; C. Zheng
et al., 2017). The transcription factor promyelocytic leukemia zinc finger (PLZF; encoded
by ZBTB16) together with RORyt, represents a central regulator of MAIT-cell identity
(Dusseaux et al., 2011; Savage et al., 2008). High expression of IL-12 and IL-18
receptors enables cytokine-mediated activation in addition to classical TCR-dependent
signaling (Jeffery et al., 2016; Le Bourhis et al., 2010; Loh et al., 2016; Slichter et al.,
2016; Ussher et al., 2014). Human MAIT-cells predominantly express CD8 (Corbett et
al., 2014; Koay, 2019; Reantragoon et al., 2013) and display, in steady state, a tissue
repair—associated transcriptional program that promotes CXCR6-mediated migration to

sites of tissue injury (Du Halgouet et al., 2023).
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Figure lll. Phenotypic characteristics and activation mechanisms of human MAIT cells.
MAIT cells are characterized by expression of a semi-invariant Va7.2* TCR restricted to the non-
polymorphic MR1 molecule, which presents intermediates of the microbial riboflavin biosynthesis
pathway, such as 5-OP-RU. MAIT cells express the lineage-defining transcription factor PLZF
and additionally express RORyt. In humans, they can be reliably identified by expression of the
membrane transport protein SLC4A10. Beyond TCR-dependent activation, MAIT cells express
high levels of IL-12 and IL-18 receptors, enabling cytokine-mediated activation.

MAIT-cells display defining features of adaptive immune cells through their TCR
expression, thymic development, MR1 restriction, and clonal expansion, while retaining
innate-like characteristics including rapid cytokine-driven effector responses
independent of TCR engagement (Lamichhane et al.,, 2019; Ussher et al.,, 2014).
Targeted cytotoxic killing nevertheless requires TCR-mediated signaling (Kurioka et al.,
2015; Le Bourhis et al., 2013), whereas inflammatory cytokines such as IL-12 and IL-23
can induce shifts in MAIT-cell effector functions, underscoring their innate-like
responsiveness to inflammatory cues (Wang et al., 2024). Thus, MAIT-cells occupy an
intermediate position between adaptive and innate immunity, combining antigen-specific

development with rapid cytokine-driven activation (S. Wu et al., 2023).

1.4.1.2. Functional role of MAIT in in disease and cancer

Early studies demonstrated a role for MAIT-cells in the control of bacterial infections
(Gold et al., 2010; Le Bourhis et al., 2010), and, their high frequency and rapid effector
responses have prompted interest in their therapeutic exploitation (S. Wu et al., 2023).
More recent work, however, points to a strongly context-dependent role of MAIT-cells,
encompassing both protective and pathogenic effects (Sakai et al., 2021; Y. Zheng et
al., 2023). Evidence further suggests MR1-dependent contributions to antiviral defense

under conditions of impaired mucosal barrier function (Sandberg et al., 2013), alongside
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predominantly MR1-independent responses during viral infections (Hengst et al., 2016;
Leeansyah et al., 2012; Van Wilgenburg et al., 2016).

MAIT-cells have also been identified within the TME across various tumor entities, where
their functional role appears highly variable and may include both pro- and anti-tumoral
effects (Fan et al., 2025; Habaz et al., 2025; Melo et al., 2019; Ruf et al., 2023; C. Zheng
et al.,, 2017). In colorectal carcinoma, for example, tumor-infiltrating MAIT cells have
been reported to display both cytotoxic potential and features of functional impairment
(Ling et al., 2016; Sundstrom et al., 2015; Won et al., 2016; Zabijak et al., 2015).

Evidence for MAIT-cell involvement has also been reported in PDAC, where MAIT-cells
infiltrate tumors, recognize tumor cells in an MR1-dependent manner, and can acquire a
CD8" Tem—like profile associated with IFN-y and IL-17 production. Their cytotoxic activity
may be enhanced by tumor-associated bacterial species, highlighting MAIT-cells as a
biologically relevant and potentially immunotherapeutically exploitable antitumoral T-cell
population (Kamiki et al., 2022; Sivakumar et al., 2025; Tajpara et al., 2025; Zhu et al.,
2025).

1.4.2 CD8'CD161*" non-MAIT-cells

Although MAIT-cells represent the best-characterized CD161* T-cell population, CD161
is also expressed on additional CD8* T-cell subsets whose function and regulation can

differ substantially from those of MAIT-cells.
1.4.2.1. Definition and functional characteristics

These conventional CD8*CD161* T-cells differ fundamentally from MAIT cells in their
antigen-recognition properties, as they express polyclonal TCR and are therefore MHC-
|- rather than MR1-restricted. CD161" CD8" T-cells predominantly represent antigen-
experienced cells with an Tew—like, partially innate-like, and highly cytotoxic profile,
whose functional role—particularly in the tumor context—remains incompletely

understood (Fergusson et al., 2011; Konduri, Oyewole-Said, et al., 2021).

High CD161 expression suggests that these cells can respond to inflammatory cytokines
in addition to classical TCR-mediated activation, at least in part independently of TCR
specificity (Fergusson et al., 2011). Unlike MAIT cells, CD8*CD161* non-MAIT T-cells
are polyclonal, include substantial fractions of virus-specific CD8" T-cells, and frequently
display a stem cell-like memory phenotype that is associated with lower PD-1 expression
(Fergusson et al., 2011). CD8*CD161* T-cells are known for their preferential tissue
localization and their high cytotoxic activity against infected target cells, positioning them
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as a still insufficiently characterized yet potentially relevant effector T-cell population in
the context of tumor immunity (Billerbeck et al., 2010; Fergusson et al., 2011; Konduri,
Oyewole-Said, et al., 2021; Northfield et al., 2008). Within the CD8*CD161* non-MAIT
T-cell population, multiple partially overlapping functional states have been described,
without a uniform definition or clear delineation of distinct subsets (Billerbeck et al., 2010;
Konduri, Oyewole-Said, et al., 2021; Ussher et al., 2014; Van Der Geest et al., 2018;
Walker et al., 2012). Different levels of CD161 expression have therefore been proposed
to subdivide the CD8* T-cell compartment into functionally distinct subsets with varying
degrees of innate activity, suggesting CD161 as a potential marker of T-cell “innateness”
(Billerbeck et al., 2010; Kurioka et al., 2018). Transcriptomic and phenotypic analyses
reveal substantial overlap of CD8"CD161" T-cells with Tem, Tc17 cells, and MAIT-cell
populations (Konduri, Oyewole-Said, et al., 2021). They further express homing
receptors such as CXCR6 and CCR6 associated with tissue localization and tissue-
resident memory T-cells (Billerbeck et al., 2010; Northfield et al., 2008). With respect to
cytotoxic capacity, heterogeneous findings have been reported: early studies described
high intracellular levels of granzymes and perforin in the absence of detectable cytotoxic
activity (Takahashi et al., 2006), whereas CD8"CD161** Tc17 cells, which express high
levels of CD161, were characterized as less cytotoxic than conventional CD8* T-cells
(Fergusson et al.,, 2011). In contrast, other studies demonstrate acquisition of
pronounced cytotoxicity upon activation accompanied by upregulation of GzmB and
perforin (Kurioka et al., 2015). Overall, this profile is consistent with a Tem-associated

state characterized by functional persistence and long-term effector competence.

Comparative studies of innate-like CD8* T-cells and natural killer (NK) cells have shown
that functional properties of both populations are partially linked to CD161 expression
(Kurioka et al., 2018). A key shared feature of NK-cells, MAIT-cells, and non-MAIT
CD8*CD161* T-cells is pronounced responsiveness to inflammatory cytokines such as
IL-12 and IL-18, which can occur independently of TCR stimulation (Artis & Spits, 2015;
Fergusson et al.,, 2014; Jo et al.,, 2014; Ussher et al.,, 2014). Activation-dependent
upregulation of GzmB and perforin has likewise been described in both NK-cells and
CD8*CD161* non-MAIT T-cells, with regulation of these cytotoxic programs largely
mediated by the transcription factors T-bet and EOMES (Gordon et al., 2012; Intlekofer
et al., 2005; Kurioka et al., 2018).
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Figure IV. Functional positioning of CD8*CD161* non-MAIT T cells within the CD8* T-cell
compartment. Schematic comparison of conventional effector (Tem, effector memory (Tew),
CD8'CD161* non-MAIT, and MAIT cells based on selected phenotypic and functional
characteristics. Parameters shown include TCR repertoire, restriction element, CD161
expression, cytokine responsiveness, cytotoxic capacity, and innate-like features.
CD8*CD161* non-MAIT T cells share properties with both conventional CD8* T-cell subsets and
MAIT cells, while remaining polyclonal and MHC-I-restricted.

1.4.2.2. Potential role in tumor immunity

In their cytokine responsiveness and rapid induction of effector programs,
CD8*CD161* T-cells display functional parallels to NK-cells. While NK-cells are
established mediators of antitumoral immunity (Laskowski et al., 2022; Malmberg et al.,
2017), comparable functions have been proposed for CD8*CD161* T-cells (Konduri,
Oyewole-Said, et al., 2021). However, due to the lack of a unified nomenclature and
clear subset definition, definitive conclusions regarding their antitumoral role remain
limited. Nevertheless, the described properties point toward a potential spectrum of

antitumoral activity.

Against this background, the question arises which functional characteristics define T-
cell populations within the TME and by which features tumor-reactive T-cells can be

distinguished from functionally impaired T-cells.
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1.5 CD8"* T-cells in the tumor microenvironment

The TME represents a complex immunoregulatory setting in which CD8* T-cells can
dynamically oscillate between states of activation, effector function, and dysfunction. In
addition, TME differ substantially across tumor entities in their cellular composition, which

critically shapes the functional states and interactions of tumor-infiltrating immune cells.

1.5.1 Functional heterogeneity and limitations of phenotypic classification

TIL have been described in numerous studies as a functionally heterogeneous
population. Their states have been characterized using a variety of experimental
approaches, including flow cytometry, single-cell RNA sequencing, TCR sequencing,
and CITE-seq. Initial classifications commonly involve a coarse functional stratification
into naive, early activated, and Terr, as well as Tmem, including Tem, and central memory
subsets, alongside proliferating, Tpex, and Tex states (Andreatta et al., 2021; Van Der
Leun et al., 2020). Additional subpopulations have been reported whose nomenclature

and delineation remain highly context-dependent.

These classifications are largely based on phenotypic and transcriptional features, but
do not necessarily capture the functional quality or tumor reactivity of the respective cells.
Markers commonly associated with T-cell exhaustion are also transiently upregulated
during early T-cell activation, where they serve to limit excessive immune responses (Liu
et al., 2024; Simon & Labarriere, 2018). In contrast, Tex are characterized by the
persistent co-expression of multiple inhibitory receptors, through which inhibitory signals
outweigh activating programs driving functional hyporesponsiveness (Xiang et al., 2025;
Yu et al., 2026). More recent studies further indicate that proliferating T-cells in the tumor
context frequently resemble a phenotypic state previously described as Tpex, rather than
classical activated or T populations (Oliveira et al., 2021; Sade-Feldman et al., 2018;
Utzschneider et al., 2020).

These observations highlight that the functional state of TIL cannot be unambiguously
inferred from their phenotypic classification alone. This raises the central question of
which markers can be used to reliably identify tumor-reactive CD8" T-cells within the
TME.

1.5.2 Approaches to identify tumor-reactive CD8" T-cells

To identify tumor-reactive CD8* T-cells, a variety of approaches have been described in

the literature, including the analysis of activation markers, inhibitory receptors,
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transcriptional programs, as well as directly measurable functional properties such as
proliferation, cytokine production, and cytotoxicity. While each of these parameters
provides important insights into the cellular state, none of them alone is sufficient and

each is associated with conceptual limitations.

T-cell activation is commonly described using surface markers such as CD69, CD25,
and HLA-DR (Masopust et al., 2025; Salvador et al., 2025), as well as by the early and
usually transient upregulation of co-inhibitory receptors including PD-1, TIM-3, and LAG-
3 (Dixon et al., 2024; Grosso et al., 2009; He & Xu, 2020). While these markers reflect
prior activation and signal integration, they do not enable for an unambiguous
assessment of the current functional state or effector competence of the cell. This
limitation is particularly pronounced in the tumor context, where chronic antigen exposure
leads to partially overlapping expression profiles among activated, tumor-reactive, and
functionally impaired T-cells. In addition to surface markers, functional parameters such
as proliferation, cytokine production, and expression of cytotoxic effector molecules are
used to infer the activity of tumor-infiltrating CD8* T-cells. The proliferation marker Ki-67
indicates recent cell-cycle activity (Edwards et al., 2025) but is not a reliable marker of
tumor reactivity on its own (H. Li et al., 2019); as proliferating TIL in the tumor context
often display a Tyex-like profile. Assessment of cytokine production provides insight into
the current activation state but allows only limited conclusions regarding sustained
functional capacity, since cytokine secretion primarily reflects an immediate state of
responsiveness (Holtkamp et al., 2024; C. Ma et al., 2013). Moreover, increased cytokine
production within TME may reflect either effective antigen recognition or nonspecific
inflammatory responses (Kartikasari et al., 2021) and can exert immunostimulatory or
immunosuppressive effects in a context-dependent manner (Abdul-Rahman et al., 2024;
Ramesh et al., 2021). A similar limitation applies to effector molecules such as GzmB
and perforin, which indicate cytotoxic potential (Trapani & Smyth, 2002) but do not allow
a reliable assessment of whether effective tumor cell killing is actually occurring (Z6phel
et al., 2022). Accordingly, their expression may reflect either active effector responses
or a previously established or only partially functional effector state (Nikolos et al., 2022;
X. Wu et al., 2014).

Another approach to identify tumor-reactive CD8" T-cells is to analyse antigen specificity
and clonal expansion within the TCR repertoire (Levin et al., 2024; Lowery et al., 2022).
These parameters provide evidence of prior antigen recognition but do not allow a
reliable assessment of the current functional state or effector competence of T-cells
within the TME (Barras et al., 2024; Lowery et al., 2022; Yarchoan et al., 2024).

Consequently, increasing attention has shifted toward the capacity of CD8" T-cells for
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differentiation, functional plasticity, and long-term persistence within the TME as key
determinants of a sustained antitumoral immune response (Giles et al., 2023; Najar et
al., 2026). In particular, T-cells with self-renewal potential and the capacity for repeated
effector differentiation appear to contribute more effectively to long-term tumor control

than terminally differentiated or functionally impaired populations.

1.5.3 Conclusion

In summary, these approaches highlight that tumor-reactive CD8" T-cells in the TME
cannot be unambiguously defined by a single marker or discrete state. Rather, they are
characterized by functional dynamics, persistence, and context-dependent adaptability.
Against this background, it appears particularly relevant to investigate CD8" T-cell
populations that evade simple phenotypic classification but exhibit functional plasticity
and a non-terminally differentiated, memory-like profile, including CD8*CD161* non-
MAIT T-cells.
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1.6 Aims of this thesis

Reliable, minimally invasive biomarkers for early detection of PDAC remain lacking. The
aim of this thesis was to identify circulating T-cell populations that are altered in the
context of PDAC, to characterize their functional relevance, and to simultaneously
evaluate their potential as blood-based biomarkers. Based on this motivation, several
key questions arise that address both the identification of systemically altered T-cell

populations and their functional classification in the PDAC context.

1. Are there T-cell populations that can already be detected in the peripheral blood
of PDAC patients and provide indications of disease presence? If so, which
populations are affected, and how do they differ compared with appropriate
control cohorts?

2. Do the identified, altered T-cell populations represent a homogeneous
population, or do they comprise functionally heterogeneous subpopulations
whose relative frequencies depend on clinical or systemic conditions?

3. Do CD8*CD161* non-MAIT subpopulations enriched in PDAC exhibit
transcriptional features of activated, cytotoxic, or tumor-reactive CD8" T-cells,
and to what extent do they resemble tumor-reactive T-cell states described in
other tumor entities?

4. Are the observed systemic alterations associated with migration, tissue
association, or tumor infiltration of CD8*CD161* T-cells?

5. Are systemic cytokine signals associated with shifts in the relative balance of
distinct CD8*CD161* T-cell populations?

17
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2  Material
2.1 Study cohort and material

The study cohort comprised treatment-naive patients with PDAC (n = 22), patients with
chronic pancreatitis (CP, n=15), and healthy donors (HD, n = 20) recruited at the
University Medical Center of Philipps University of Marburg (PUM). PDAC staging was
determined according to the Union for International Cancer Control (UICC) classification,
and CP severity was graded using the Cambridge classification (Axon et al., o. J.).
Detailed patient characteristics, including age, sex, and disease grading, are
summarized in Table 1.

Table 1. Clinical and demographic characteristics of the study cohort used for spectral
flow cytometry, scRNA-seq, histology, and PEA.

HD CP PDAC total
number of samples 20 15 22 57
gender
male 9.0 (45%) | 7.0(46.7%) | 15.0 (68.2%) 31.0

(54.4%)
female 11.0 (55%) | 8.0(53.3%) | 7.0(31.8%) 26.0
(45.6%)

age (years)* 52.5 (43.5- | 56.0 (45.0-|67.5(58.5-75.5) |58.0 (45.0-

57.5) 60.0) 68.5)
CP patients** PDAC patients
Cambridge T category
classification (n=22)
(n=15)
I 0 (0.0%) pT 1 3 (13.6%)
Il 3 (20.0%) pT 2 7 (31.8%)
1 0 (0.0%) pT3 3 (13.6%)
v 12 (80.0%) pT4 4 (18.2%)
pathogenesis n.a. 7 (31.8%)
(n=15)
alcoholic 8 (53.3%) N category

(n=22)

idiopathic 4 (26.7%) pN O 2 (91%)
hypercalcemia 1 (6.7%) pN 1 10 (45.5%)
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hereditary 1 (6.7%) pN 2 2 (9.1%)
post-pancreatitis 1 (6.7%) n.a. 7 (31.8%)
pancreatic duct sten
Grading (n=22)
G1 0 (0.0%)
G2 8 (36.4%)
G3 7 (31.8%)
n.a. 7 (31.8%)
uicC stage
(n=22)
UICC | 3 (13.6%)
uicC I 9 (40.9%)
uiCC Il 3 (13.6%)
uiCC IV 7 (31.8%)
n.a. 0 (0.0%)

*presented as median with (interquartile range)

**CP was diagnosed if two of the following criteria were fulfilled: (1) history of recurrent
AP, (2) laboratory results supporting chronic pancreatitis (low fecal elastase), (3)

pathological imaging findings

Patients were enrolled between January 2020 and March 2023, and blood samples were
collected and processed via the Comprehensive Biobank Marburg (CBBMR). All
participants provided written informed consent for sample analysis and use of associated
clinical follow-up data. The study was approved by the local ethics committee of the

University Medical Center Marburg (approval number A/ 76/17).

Tissue samples used for construction of TMA from 112 PDAC patients (Table 2) were
provided by the tissue bank of the University Medical Center Mainz, in accordance with
the tissue bank regulations and with approval of the local ethics committee (approval
number 2019-14390; Landesarztekammer Rheinland-Pfalz), as previously described
(Picard et al., 2023).

Table 2. Characteristics of PDAC patients included in histology. Detailed PDAC patient
information on patients used for histological stainings.

parameter

total

CD8"CD161%<30/

mm?

CD8*CD161*>30/

mm?

p value

(n=105)

(n=74)

(n=31)
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gender

male 51 (48.6%) 36 (48.6%) 15 (48.4%)  0.981
female 54 (51.4%) 38 (51.4%) 16 (51.6%)

age (years)* 69 (62-74) 69 (61-74 69 (64-74 0.478
T category

(n=101)

pT 1 3 (2.8%) 3 (4.1%) 0 (0.0%) 0.601
pT 2 69 (65.7%) 47 (63.5%) 22 (71.0%)

pT 3 28 (26.7%) 20 (27.0%) 8 (25.8%)

pT 4 1 (0.9%) 1 (1.4%) 0 (0.0%)

n.a. 4 (3.8%) 3 (4.1%) 1 (3.2%)

N category

(n=104)

pN 0 35 (33.3%) 22 (29.7%) 13 (41.9%)  0.499
pN 1 37 (35.2%) 27 (36.5%) 10 (32.3%)

pN 2 32 (30.5%) 24 (32.4%) 8 (25.8%)

n.a. 1 (0.9%) 1 (1.4%) 0 (0.0%)
grading

(n=104)

G1 4 (3.8%) 3 (4.1%) 1 (32%) 0.756
G2 59 (56.2%) 43 (58.1%) 16 (51.6%)

G3 40 (38.1%) 26 (35.1%) 14 (45.2%)

G4 1 (0.9%) 1 (1.4%) 0 (0.0%)

n.a. 1 (0.9%) 1 (1.4%) 0 (0.0%)

UICC stage

(n=102)

UICC | 27 (25.7%) 18 (24.3%) 9 (29.0%) 0.523
uIcC Il 40 (38.1%) 27 (36.5%) 13 (41.9%)

uICcC Il 31 (29.5%) 23 (31.1%) 8 (25.8%)

uUiCC IV 4 (3.8%) 4  (0.5%) 0 (0.0%)

n.a. 3 (2.8%) 2 (2.7%) 1 (3.2%)

tumor size 332545  33(26-45] 33(25-45 0443
(cm)*

*presented as median with (interquartile range). p values are from Chi-square test

(gender, T, N, G, UICC stage) or Mann-Whitney test (Age, Tumor size).
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2.2 Equipment

Table 3. Equipment used in this thesis.

Name Catalogu no./Product Supplier
code

hemocytometer Neubauer 717810 Brand GmbH + Co.
KG, Wertheim

Labovert inverted microscope 090-122.012 Ernst Leitz GmbH,
Wetzlar

Sigma 4-16KS refrigerated 10385 Sigma

laboratory centrifuge Laborzentrifugen
GmbH, Osterode am
Harz

Heraeus Megafuge 40R 75004501 Thermo Fisher

refrigerated centrifuge Scientific Inc.,
Waltham

Sigma 1-14 microcentrifuge 10014 Sigma
Laborzentrifugen
GmbH, Osterode am
Harz

WTB15 water bath WTB15 KOBE Labortechnik

GmbH, Wasserburg

am Inn

Thermo Scientific Heracell 51032875 Thermo Fisher

240i CO, incubator Scientific Inc.,
Waltham

REAX 2000 vortex mixer 13152 Heidolph Scientific
Products GmbH,
Schwabach

Cytek Aurora 5L sorter - Cytek Bioscience,
Fremont

BD Rhapsody™ 633710 BD Bioscience,
Franklin Lakes

Agilent Bioanalyzer 2100 G2939A Agilent Technologies,

Inc., Santa Clara
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Qubit 2.0 Fluorometer Q32866 Thermo Fisher
Scientific Inc.,
Waltham
Research® plus adjustable 3123000012 Eppendorf SE,
pipette 0.1-2.5 uL Hamburg
Research® plus adjustable 3123000039 Eppendorf SE,
pipette 0.5-10 uL Hamburg
Research® plus adjustable 3123000047 Eppendorf SE,
pipette 10-100 L Hamburg
Research® plus adjustable 3123000063 Eppendorf SE,
pipette 100—1000 pL Hamburg
accu-jet® S pipette controller 26350 Brand GmbH + Co.
KG, Wertheim
Multipette ® pipette M4 4982000314 Eppendorf SE,
Hamburg
BD Rhapsody™ system - BD Bioscience,
Franklin Lakes
NovaSeq X Plus sequencing - lllumina Inc., San
system Diego
Phenolmager HT AKO-CLS143455 Akoya Biosciences,
Inc., Marlborough

2.3 Consumables

Table 4. Consumables used in this thesis.

Name Catalog no. Supplier

pipette tips (10pl) 70-3020 Sarstedt AG & Co. KG,
NUmbrecht

pipette tips (200pl) 70-3030 Sarstedt AG & Co. KG,
NUmbrecht

pipette tips (1000ul) 70-3050 Sarstedt AG & Co. KG,
Numbrecht

VACUETTE ® heparin 1005293 Greiner Bio-One

tube — non ridged International GmbH,
Kremsmunster
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VACUETTE ® 100216-1 Greiner Bio-One
EVOPROTECT Safety International GmbH,
Blood Collection Kremsmunster

Set+Holder 21G x 3/4*
Tubing Length 12” (30CM)

serological pipette (10ml) 86.1254.001 Sarstedt AG & Co. KG,
Numbrecht

cryo tubes (1ml) 377224 Thermo Fisher Scientific
Inc., Waltham

15ml falcon tube 188271 Greiner Bio-One
International GmbH,
Kremsmunster

50ml falcon tube 227261 Greiner Bio-One
International GmbH,
Kremsmunster

FACS tube (5ml) 55.1578 Sarstedt AG & Co. KG,
Numbrecht

1.5ml microcentrifuge tube 72690001 Sarstedt AG & Co. KG,
Numbrecht

2ml microcentrifuge tube 72691 Sarstedt AG & Co. KG,
NUmbrecht

Combitips ® advanced 30089464 Eppendorf SE, Hamburg

10ml

2.4 Chemicals and reagents
Table 5. Chemicals and reagents used in this thesis.

Name Catalog no. Supplier

Trypan Blue solution 93595-250ML Sigma-Aldrich (Merck

(0.4%) KGaA), Darmstadt

penicillin/streptomycin A8943-100ML AppliChem GmbH,
Darmstadt

Human AB serum H4522 Sigma-Aldrich
Corporation, St. Louis

DMSO A3672,0200 Th. Geyer GmbH & Co.
KG, Renningen
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stain

BSA NBP2-14845SS Bio-Techne Corporation,
Minneapolis

EDTA 0.5M (pH 0.8) V4231 Promega Corporation,
Madison

Hoechst 33342 nucleic acid H3570 Thermo Fisher Scientific

Inc., Waltham

2.5 Antibodies

2.5.1 Antibodies used for flow cytometry

Antibodies were titrated prior to use to determine optimal staining concentrations; a

detailed table including final concentrations, and antibodies used together in one staining

step as mastermix, is provided in Table 6 below.

Table 6. Antibodies used for staining of PBMC from PDAC patients, CP patients, and

HD.

Live/dead

Staining

Marker

Fluorochrome

Clone Dilution

Catalog | Supplier

no.

Zombie
uv

uv450

- 1:2000

423107 | BioLegend Inc.,
San Diego

yo T-cell
staining

mix

Marker

Fluorochrome

Clone Dilution

Catalog | Supplier

no.

TCRyd

BUV496

11F2 1:50

750020 | BD Bioscience,
Franklin Lakes

Chemoki

ne

receptor
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master
mix
Marker Fluorochrome | Clone Dilution | Catalog | Supplier
no.
CCR10 APC 6588-5 1:200 341505 | BioLegend Inc.,
San Diego
CCR4 BV605 L291H4 1:100 359418 | BioLegend Inc.,
San Diego
CCRG6 BV711 GO34E3 1:50 353436 | BioLegend Inc.,
San Diego
CCR7 BV421 G043H7 1:100 353208 | BioLegend Inc.,
San Diego
CXCR3 APC-Fire810 G025H7 1:200 353762 | BioLegend Inc.,
San Diego
CXCR5 BV750 J252D4 1:100 356942 | BioLegend Inc.,
San Diego
Surface
marker
master
mix
Marker Fluorochrome Clone Dilution | Catalog | Supplier
no.
CD123 APC-Fire750 6H6 1:200 306041 | BioLegend Inc.,
San Diego
CD126 BVv480 M5 1:500 752530 | BD Bioscience,
Franklin Lakes
CD127 BV570 A019D5 1:100 351308 | BioLegend Inc.,
San Diego
CD137 PE-Cy5 4B4-1 1:200 309808 | BioLegend Inc.,
San Diego
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CD161 SparkRed718 HP-3G10 | 1:100 339956 | BiolLegend Inc.,
San Diego
CD19 APC-Fire750 HIB19 1:200 302257 | BioLegend Inc.,
San Diego
CD20 APC-Fire750 2H7 1:500 302357 | BioLegend Inc.,
San Diego
CD25 PE/Fire700 M-A251 1:100 356146 | BioLegend Inc.,
San Diego
CD27 BUV805 0323 1:100 751682 | BD Bioscience,
Franklin Lakes
CD28 PacificBlue 302928 1:200 302928 | BioLegend Inc.,
San Diego
CD3 BV510 SK7 1:100 344828 | BioLegend Inc.,
San Diego
CD319 AF647 162.1 1:200 331819 | BioLegend Inc.,
San Diego
CD36 APC-Fire750 5-271 1:500 336219 | BioLegend Inc.,
San Diego
CD4 SparkY G581 SK3 1:500 344670 | BioLegend Inc.,
San Diego
CD45 SparkBlue574 2D1 1:100 368558 | BioLegend Inc.,
San Diego
CD45RA | SparkUV387 HI100 1:100 304179 | BioLegend Inc.,
San Diego
CD8 SparkBlue550 SK1 1:100 344760 | BioLegend Inc.,
San Diego
CRTH2 BUV615 BM16 1:50 751216 | BD Bioscience,
Franklin Lakes
TCRVa7. | PerCP-Cy5.5 3C10 1:100 351710 | BioLegend Inc.,
2 San Diego
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HLA-DR PE/Fire810 L243 1:500 307683 | BioLegend Inc.,
San Diego

LAG-3 BV650 11C3C65 | 1:100 369316 | BioLegend Inc.,
San Diego

PD-1 BV785 EH12.2H7 | 1:100 329930 | BioLegend Inc.,
San Diego

TIM-3 BUV737 7D3 1:100 748820 | BD Bioscience,
Franklin Lakes

Transcrip

tion

factor

staining

master

mix

Foxp3 SparkNIR685 206D 1:50 320130 | BioLegend Inc.,
San Diego

GATA3 FITC 16E10A23 | 1:50 653807 | BioLegend Inc.,
San Diego

RORyt PE Q31-378 1:50 563081 | BD Bioscience,
Franklin Lakes

T-bet PE-Cy7 4B10 1:100 644824 | BioLegend Inc.,
San Diego

Eomes PE-eFluor610 WD1928 1:50 61-4877- | ThermoFisherSc

42 ientific

CTLA4 PE/Fire640 BNI3 1:200 369637 | BioLegend Inc.,
San Diego

CD154 BUV661 MR1 1:100 750406 | BD Bioscience,

Franklin Lakes
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Table 7. Antibodies used for sorting of CD8*CD161" T-cell population from PDAC
patients and HD for subsequent single-cell RNA sequencing (see 3.8 Sorting of
CD8'CD161" T-cells from PBMC of HD and PDAC patients for subsequent single-cell
RNA sequencing ).

Live/dead
Staining
Marker Fluorochrome | Clone Dilution | Catalog | Supplier
no.
Zombie UV uv450 - 1:2000 423107 | BioLegend Inc.,
San Diego
Surface
marker
master mix
Marker Fluorochrome | Clone Dilution | Catalog | Supplier
no.
CD123 APC-Fire750 6H6 1:200 306041 | BioLegend Inc.,
San Diego
CD161 SparkRed718 | HP-3G10 | 1:100 339956 | BioLegend Inc.,
San Diego
CD19 APC-Fire750 HIB19 1:200 302257 | BioLegend Inc.,
San Diego
CD20 APC-Fire750 2H7 1:500 302357 | BioLegend Inc.,
San Diego
CD3 BV510 SK7 1:100 344828 | BioLegend Inc.,
San Diego
CD36 APC-Fire750 5-271 1:500 336219 | BioLegend Inc.,
San Diego
CD45 SparkBlue574 | 2D1 1:100 368558 | BioLegend Inc.,
San Diego
CD8 SparkBlue550 | SK1 1:100 344760 | BioLegend Inc.,
San Diego
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TCRVa7.2 PerCP-Cy5.5 | 3C10 1:100 351710 | BioLegend Inc.,
San Diego
2.5.2 Antibodies used for histology (see 3.17 Histology)
Table 8. Material used for the staining depicted in Fig.12A.
Primary
antibody
Marker Fluorochrome | Clone Catalog no. Supplier
hCD8 unconjugated C8/144B GA62361-2 Agilent
Technologies,
Inc., Santa
Clara
hCD161 unconjugated 3D8F5 67537-1-Ig Proteintech
Group Inc,
Rosemont
Detection
reagents
Name Reagent type | Designation | Catalog no. Supplier
DAKO detection EnVision™ GV80011-2 | Agilent
EnVision FLEX | system FLEX HRP Technologies,
system visualisation Inc., Santa
system Clara
(brown)
Permanent chromogen HRP Green ZUCO070-100 | Zytomed
Green chromogen Systems
substrate GmbH, Berlin
Table 9. Material used in the generation of Fig. 12C and 12D.
Primary
antibody
Marker Fluorochrome | Clone Catalog no. Supplier
hCK5 unconjugated | D5/16 B4 CK5-L-CE Leica

Microsystems
GmbH, Wetzlar

29




Material

reagent (Opal 520)

hGATAG unconjugated | polyclonal AF1700 Bio-Techne
Corporation,
Minneapolis

Detection

reagents

Name Reagent type | Designation | Catalog no. Supplier

DAKO detection EnVision™ GV80011-2 | Agilent

EnVision system FLEX HRP Technologies, Inc.,

FLEX visualisation Santa Clara

system system

(brown)

Permanent | Chromogen Magenta ZUC001-125 | Zytomed Systems

Magenta chromogen GmbH, Berlin

Chromogen for IHC

Table 10. Material used for the staining in Fig. 12G.

Primary antibody

Marker Fluorochrome | Catalog no. Supplier

hCD8 unconjugated GA62361-2 Agilent
Technologies, Inc.,
Santa Clara

T-bet unconjugated A23414-PM ABclonal
Technology,
Woburn

RORyt unconjugated LS-A5188-50 | LSBio — LifeSpan
BioSciences, Inc.,
Seattle

CD161 unconjugated A25457 ABclonal
Technology,
Woburn

Secondary antibody Catalog no. Supplier

HRP-anti-rabbit &mouse | ARH1001EA Akoya Biosciences,

antibody Inc., Marlborough

Opal™ TSA fluorophore | FP1487001KT Akoya Biosciences,

Inc., Marlborough
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reagent (Opal 690)

Opal™ TSA fluorophore | FP1488001KT Akoya Biosciences,
reagent (Opal 570) Inc., Marlborough
Opal™ TSA fluorophore | FP1495001KT Akoya Biosciences,
reagent (Opal 620) Inc., Marlborough
Opal™ TSA fluorophore | FP1497001KT Akoya Biosciences,

Inc., Marlborough

2.6 Standard buffers, solutions, and media

Table 11. Buffers, solutions, and media used in this thesis.

Name Catalog no. Supplier

Dulbecco’s Phosphate BS.L182-10 Bio&SELL GmbH, Feucht

Buffered Saline (DPBS),

powder for 10 L, without

Caz/Mg?*

RPMI-1640 (0.51) R8758 Sigma-Aldrich
Corporation, St. Louis

Pancoll human P04-601000 PAN-Biotech GmbH,
Aidenbach

Fetal Bovine Serum 10270-106 Thermo Fisher Scientific

(FBS), qualified, Brazil Inc., Waltham

origin

BD Horizon™ Brilliant 563794 BD Bioscience, Franklin

Stain Buffer Lakes

Shandon™ Immu-Mount™ 9990412 Epredia Netherlands BV,

Mounting Medium Breda

Table 12. Buffer and media recipes.

Buffer/media

Ingredients

PBS Aqua dest. with solved (D)PBS in a 1:10
ratio
MACS buffer PBS with 0.5% BSA and 5mM EDTA

staining buffer

MACS buffer with BD Horizon™ Brilliant
Stain Buffer in a 1:1 ratio

thawing medium

1%Pen/Strep

RPMI-1640 with 10% FCS and
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freezing buffer

90% FCS with 10% DMSO

2.7 Kits

Table 13. Kits used in this thesis.

Name Catalog no. Supplier

Foxp3/Transcription Factor 00-5521-00 Thermo Fisher Scientific

Staining Buffer Set Inc., Waltham

BD Rhapsody™ cDNA Kit 633773 BD Bioscience, Franklin
Lakes

BD Rhapsody™ WTA 633801 BD Bioscience, Franklin

Amplification Kit Lakes

High Sensitivity DNA Kit 5067-4626 Agilent Technologies, Inc.,
Santa Clara

Qubit 1X dsDNA HS Assay Q33230 Thermo Fisher Scientific

Kit (Invitrogen™), Waltham

2.8 Software, packages, and internet sites

Table 14. Software used in this thesis.

Software

Name Version Supplier

SpectroFlo 3.1.0 Cytek Bioscience,
Fremont

FlowdJo 9 FlowdJo, LLC, Ashland

R 431,442 R Foundation for
Statistical Computing,
Wien

BD Rhapsody™ 2.21 BD Bioscience, Franklin

Sequence Analysis Lakes

Pipeline

GraphPad Prism 10.6.0 GraphPad Software, LLC,
San Diego

BioRender ® - BioRender Ltd., Toronto
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ImageJ 1.54p NIH (developed at
National Institutes of
Health, Bethesda

QuPath software 0.1.5 QuPath Ltd., London

Table 15. R packages used in this thesis.

Package Version Source Citation*
CATALYST 1.24.0 Bioconductor (Nowicka et al.,
2019)
ggplot2 3.5.1 CRAN (Wickham,
2016)
pROC 1.18.5 CRAN (Robin et al.,
2011)
survival 04.9 CRAN (Therneau &
Grambsch,
2000)
survminer 2.2.1 CRAN (Kassambara,
2021)
Seurat 51.0 CRAN/GitHub (Hao et al.,
2021)
ComplexHeatmap 2.20.0 Bioconductor (Gu et al.,
2016)
dplyr 1.1.2 CRAN (Wickham et
al., 2023)
ggrepel 0.9.5 CRAN (Slowikowski,
2024)
Slingshot 2.12.0 Bioconductor (Street et al.,
2018)
SCENIC 1.3.1 Bioconductor/GitHub | (Aibar et al.,
2017)
pheatmap 1.0.12; 1.0.13 CRAN (Kolde, 2019)
scater 1.28.0 Bioconductor (McCarthy et
al., 2017)
effsize 0.8.1 CRAN (Torchiano,
2020)

*R packages were cited according to the output of the ‘citation()’ function in R.
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Table 16. Internet sites and open source databases used in this thesis.

Internet sites

Name

Address

The Cancer Genome Atlas Program

https://www.cancer.gov/ccg/research/genome-

(TCGA) sequencing/tcga
Enrichr https://maayanlab.cloud/Enrichr/
oMIQ https://app.omiq.ai/login
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3 Methods

3.1 Study design

This study conducted an in-depth analysis of the CD8* T-cell compartment in peripheral
blood from patients with PDAC, compared with patients with CP and HD, using spectral
flow cytometry. Transcriptome analyses were subsequently performed specifically on
CD8*CD161™* T-cells sorted from PDAC patients and HD. Integration of literature-derived
gene signatures, DEG analysis, SCENIC regulon inference, and Slingshot trajectory
analysis was used to characterize activation states, tumor-reactive features, tissue
homing programs, and developmental relationships within this compartment. For the
investigation of tissue infiltration and spatial distribution of the identified populations,
multiplex immunohistochemical staining was performed on PDAC tumor tissue.
Proximity extension assays (PEA) were used to quantify cytokine levels in patient serum,
which were then correlated with the circulating frequencies of the defined CD8*CD161*
T-cells. Overall, the study provides a comprehensive characterization of circulating and
intra-tumoral CD8*CD161* T-cells in PDAC and integrates serum cytokine profiling with

subset-specific transcriptional state analyses.
3.2 Cell counting

For cell counting, the cell suspension was mixed thoroughly in an appropriate volume of
buffer or medium. An aliquot of 10ul was diluted at an appropriate ratio with trypan blue
(dilution factor) and mixed carefully. Subsequently, 10l of the dilution were loaded into
a Neubauer counting chamber. Each large corner square of the Neubauer chamber has
an area of 1mm?, and with a chamber depth of 0.1mm (defined by the coverslip), the
volume of one corner square corresponds to 0.1mm?® (2 1ul; volume factor) (Fig. 1).
Under a light microscope, intact, non-blue-stained cells were counted in two to four
corner squares. The mean cell count per corner square was calculated (mean value of

the count) and used to determine the cell concentration.
Formula for cell concentration calculation:

Cell count/ul = (mean value of the count) * (volume factor) * (dilution factor)
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large corner
square
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/ Ohgr
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Figure V. lllustration of a Neubauer counting chamber with enlarged counting grid. One
large corner square is highlighted in green, and dimensions are indicated in red. Created with
Biorender.com.

3.3 Isolation and storage of human peripheral blood

Human peripheral blood cells (PBMC) were isolated from 16-18ml fresh whole blood by
density gradient centrifugation. Whole blood was diluted 1:1 with room-temperature (RT)
phosphate-buffered saline (PBS) and carefully layered onto an equal volume of Pancoll.
Samples were centrifuged for 20 min at RT at 841g without brake. After centrifugation,
the interface containing PBMC was collected using a pipette, washed twice (first in PBS,
then in MACS; 5 min, at 4°C, 475g). Live cells were counted, and approximately 5x108
cells were suspended in 1 ml freezing medium consisting of 90% FCS and 10% DMSO.

Cells were frozen in cryovials and stored in liquid nitrogen until further use.
3.4 Thawing of human PBMC for spectral flow cytometry

For thawing, 14ml of complete RPMI medium supplemented with 10% AB serum and 1%
P/S were pre-warmed to 37°C in a water bath in a 15ml Falcon tube. Cryovials containing
PBMC were briefly warmed by hand, and the cell suspension was slowly diluted by
dropwise addition of the prewarmed medium. The thawed cells were then gradually
transferred into the 15ml Falcon tube and centrifuged for 10min at RT at 515g. After

centrifugation, cells were counted and subsequently used for downstream applications.

3.5 Surface and intracellular staining of human PBMC for spectral flow

cytometry

For staining, not more than 5x10° cells per FACS tube were used per sample (see 3.3
Human PBMC isolation and storage). All washing steps were performed in a volume of
2ml for 5min at RT at 515¢g. Cells were washed once in PBS, and the supernatant was
discarded. Subsequently, 50ul of live/dead staining solution was added per tube,

samples were mixed well, and incubated for 15min at RT in the dark. Samples were then
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washed with MACS buffer. Next, 50ul of the y& T-cell staining mix was added, samples
were mixed well, and incubated for 20min at RT in the dark. Cells were washed again
with MACS buffer, and the supernatant was discarded. For chemokine receptor staining,
a master mix was prepared and centrifuged at maximum speed (approx. 14,000g) for
2min to pellet antibody aggregates. Subsequently, 50ul of the supernatant were added
to each sample, mixed well, and incubated for 20min at 37°C in the dark. Samples were
washed with MACS buffer and the supernatant was discarded. A surface marker master
mix was prepared and treated in the same manner. Then, 50ul were added to each
sample, mixed well, and incubated for 20min at RT in the dark. Cells were washed with
PBS. Samples were then fixed and permeabilized using the Foxp3/Transcription Factor
Staining Buffer Set according to the manufacturer's instructions (Thermo Fisher Scientific
Inc., Waltham). Briefly, cells were fixed for 30min at 4°C in 250yl fixation reagent, washed
twice with permeabilization buffer, and incubated with the transcription factor staining
master mix prepared in permeabilization buffer. After addition of 50ul per sample, cells
were mixed well, and incubated for 30min at RT in the dark. Following intracellular
staining, samples were washed once with permeabilization buffer and once with MACS
buffer. Finally, cells were resuspended in 100—-200ul MACS buffer and kept on ice until

acquisition.
3.6 Spectral flow cytometry data acquisition and preprocessing

Samples were acquired on a Cytek Aurora 5L spectral flow cytometer using SpectroFlo
software. Spectral flow cytometry allows capturing the full emission spectrum of each
fluorochrome across multiple detectors, in contrast to conventional filter-based detection.
This enables signal unmixing based on spectral signatures rather than single-band
detection. Data acquisition was performed in two batches on two consecutive days, with
samples from all experimental groups evenly distributed across both days to minimize
batch effects. Instrument quality control was carried out prior to acquisition using
manufacturer-recommended calibration beads. Before measurement, spectral unmixing
was performed using appropriate single-stain controls and an additional
autofluorescence channel. After acquisition, unmixing quality and compensation were
verified by inspecting nxn plots of all channels. Raw data were exported as FCS 3.0 files
and imported into FlowdJo v9 for initial preprocessing. In FlowJo, events were first plotted
against time to exclude acquisition artifacts, followed by doublet exclusion. Lymphocytes
were then gated based on scatter properties, and dead cells were excluded (see Fig.
1B). From each sample, 100,000 events were exported for downstream analysis in R.
Signal intensities were transformed using an inverse hyperbolic sine (arcsinh)

transformation. Channel-specific cofactors were determined using OMIQ software.

37



Methods

Following preprocessing, the cleaned and transformed data were analyzed using the R
package CATALYST (v1.24.0).

3.7 Algorithm-based analysis of flow cytometry data

All clustering steps and subsequent meta-clustering steps were performed using the
FlowSOM algorithm, as implemented in the CATALYST R package. After constructing a
SingleCellExperiment (SCE) object from all samples, initial clustering was carried out to
identify major T-cell populations using the parameters xdim = 10, ydim = 10, maxK = 20.
For meta-clustering, the CD8*CD161* T-cells were extracted from the initial clustering
results using the CATALYST function “filterSCE()". Marker expression profiles of both
the initial T-cell clusters and the CD8"CD161" meta-clusters were visualized as heat
maps using ‘plotExprHeatmap()’. Dimensionality reduction was performed using Uniform
Manifold Approximation and Projection (UMAP) and t-distributed Stochastic Neighbor
Embedding (-SNE). For visualization purposes, the number of cells displayed was
randomly downsampled to 1,000 cells per plot. Dimensionality reduction was computed
using the 'runDR’ function from the CATALYST package. Histogram plots depicting
marker expression distributions were generated using ‘plotClusterExprs(). Non-
redundancy scores (NRS) were calculated and visualized using “plotNRS’. Feature-
based t-SNE visualizations displaying single or combined marker expression were
generated using “plotDR()" with the “color_by argument. The polar plot was created by
extracting median expression values of selected markers per cluster, applying log-
transformation, and visualizing the data using the ggplot2 package (v3.5.1). Receiver
operating characteristic (ROC) curves based on proportional marker values were
generated using the pROC package (v1.18.5). Kaplan-Meier survival analyses using the
MAIT signature described by Yao (T. Yao et al., 2020) were performed using survival
data from the The Cancer Genome Altas (TCGA) pancreatic adenocarcinoma (PAAD)
cohort. Survival data were obtained from the TCGA database, and analyses were
conducted using the survival (v3.5.7) and survminer (v0.4.9) packages. All survival plots

were visualized using ggplot2.

3.8 Sorting of CD8"'CD161* T-cells from PBMC of HD and PDAC

patients for subsequent single-cell RNA sequencing

Frozen PBMC samples from the original cohort of HD (n = 5) and PDAC patients (n = 7)
were thawed (see 3.4 Thawing of human PBMC for spectral flow cytometry) and stained
with selected antibodies (see 3.5 Surface and intracellular staining of human PBMC for
spectral flow cytometry). Cells were then sorted for live
CD45°CD3*"CD8a*CD161*TCRVa7.2" T-cells using a Cytek Aurora 5L cell sorter (Figure
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6B). The gating strategy sequentially included lymphocytes based on forward and side
scatter properties, followed by exclusion of dead cells and doublets. Subsequently,
CD45'DUMP- cells were selected, excluding cells positive for CD19, CD20, CD36, or
CD123. From this population, CD3*CD8a* T-cells were gated, and finally CD161* cells
were sorted. All sorted CD161* cells co-expressed TCRVa7.2.

3.9 Single-cell RNA sequencing library preparation and sequencing

Sorted cells were used for single-cell RNA sequencing library preparation using the BD
Rhapsody System according to the manufacturer's instructions. Briefly, individual
samples were labeled with sample tags to enable multiplexing. Approximately 6,500
viable cells from the pooled samples were captured using the BD Rhapsody Legacy
system, followed by reverse transcription and cDNA amplification using the BD
Rhapsody cDNA Kit. Whole-transcriptome amplification libraries were generated using
the BD Rhapsody WTA Amplification Kit. Library quality control was performed using the
Agilent Bioanalyzer 2100 with the High Sensitivity DNA Kit and the Qubit 2.0 Fluorometer
with the Qubit 1X dsDNA HS Assay Kit. Sequencing was carried out on a NovaSeq X
Plus platform by Novogene at a depth of approximately 100,000 reads per cell using

paired-end 2 x 150 bp reads.
3.10 Single-cell RNA sequencing data processing

Single-cell RNA sequencing data were processed using the BD Rhapsody Sequence
Analysis Pipeline (v2.2.1). Reads were assigned to samples, individual cells, and genes

using the reference archive RhapRef_Human_WTA_ 2023-02.tar.gz.
3.11 Downstream analysis of single-cell RNA sequencing data

3.11.1 Quality control

The results of the BD Rhapsody Sequence Analysis Pipeline were imported into R
(v4.4.2) using the Seurat package (v5.1.0). Cells with more than 1,000 genes with non-
zero read counts and less than 30% of reads mapping to mitochondrial genes were
retained. A total of 3,964 CD8*CD161" T-cells (HD = 2,022, PDAC = 1,942) passed

quality control.
3.11.2 Principal component analysis and data integration

The 2,000 most variable genes were identified using the ‘FindVariableFeatures()
function. Normalized expression values for these genes were scaled using the
“ScaleData()” function, and principal component analysis (PCA) was performed with

"RunPCA()". To account for inter-sample variability between HD and PDAC datasets,
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samples were integrated using canonical correlation analysis (CCA) via the
IntegrateLayers() function. Integration was performed using the following parameters:
method = CCAlntegration, orig.reduction = “pca”, new.reduction = “integrated.cca,” and
k.weight = 47. The resulting integrated CCA reduction was used for all downstream

analyses.
3.11.3 Clustering

Graph-based clustering was performed using the "FindNeighbors()" function based on
the integrated CCA reduction (reduction = “integrated.cca”) and the first 15 dimensions
(dims = 1:15). Clusters were subsequently identified using the "FindClusters()" function
with a resolution parameter of 0.5 and cluster identities were stored under the name

“cca_clusters”.
3.11.4 UMAP dimensionality reduction

Dimensionality reduction was performed using UMAP via the 'RunUMAP()" function,
based on the integrated CCA reduction (reduction = “integrated.cca”) and the first 15
dimensions (dims = 1:15). The resulting embedding was stored under the name

“umap.cca’.
3.11.5 Differential gene expression analysis

Differently expressed genes across the six Seurat clusters were identified by first setting
the cluster identity to “cca_clusters” using the ‘ldents()function. Subsequently,
differential expression analysis was performed on the combined Seurat object using
‘FindAlIMarkers() with the parameters slot = “data”, only.pos = TRUE, min.pct = 0.25,
and logfc.threshold = 0.25.

3.11.6 Heat map

The heat map was generated using the “pheatmap()’ function from the ComplexHeatmap
package (v.2.20.0) (Gu et al., 2016), based on scaled expression values of cluster-

specific genes identified by differential expression analysis.
3.11.7 Signature plots

Gene signatures from published studies (Andreatta et al., 2021; Garner et al., 2023; H.
Li et al., 2019; Milner et al., 2017; T. Yao et al., 2020) were evaluated using an exported
per-cell expression table containing log-normalized gene expression values and UMAP
coordinates derived from the Seurat object. For each signature, expression values of all
included genes were extracted per cell, and a signature score was calculated as the

arithmetic mean of the log-normalized expression values using the dyplr package
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(v1.1.2) functions "‘mutate() and ‘rowMeans()'. Signature scores were visualized on the
UMAP embedding using "ggplot()" from the ggplot2 (v3.5.1) package, with cells colored

according to their respective signature score.

3.11.8 Combined visualization of tumor-reactive and non-tumor-reactive gene

signatures

Two published gene signatures describing tumor-reactive (TR) and non—tumor-reactive
(NTR) CD8" T-cell states in PDAC patients (Z. Meng et al., 2023) were jointly projected
onto the UMAP embedding. Per-cell signature scores were calculated separately for
each signature and combined into a single color representation by assigning each
signature to a distinct color channel. Intermediate colors therefore indicate co-expression

of both transcriptional programs within individual cells.
3.11.9 Dot plot visualization of gene expression

Dot plots were generated using the ggplot2 package (v3.5.1) to visualize gene
expression patterns across clusters. Precomputed summary tables were used as input,
containing for each gene and cluster the scaled average expression value
(avg.exp.scaled) and the fraction of cells expressing the gene (pct.exp). The
avg.exp.scaled values represent scaled (z-transformed) average gene expression per
cluster, while pct.exp indicated the fraction of cells within each cluster showing non-zero
expression of the respective gene. Dot color was mapped to avg.exp.scaled, and dot
size to pct.exp. All dot plots were created using ‘geom_point()'and customized using

‘scale_color_gradientn()'and “scale_size() functions in ggplot2.
3.11.10 Volcano plot

Differentially expressed genes were visualized using a volcano plot generated with the
ggplot2 package (v3.5.1)function ‘ggplot()’. Gene labels were added using
‘geom_text_repel()" from the ggrepel package (v0.9.5). Genes shown in the plot were
filtered using the following criteria: minimum expression in 25% of cells (min.pct = 0.25),
absolute log2 fold change = 0.2 (log2fc.threshold = 0.2), and adjusted p-value <0.01
(padj = 0.01).

3.12 Slingshot analysis

The UMAP embedding (“‘umap.cca”) and cluster assignment from the Seurat object were
used as input for trajectory inference with Slingshot (v2.12.0) (Street et al., 2018).
Lineage relationships between clusters were inferred based on a minimum spanning tree
constructed from cluster centers in the reduced dimensional space. Lineage structures

were visualized by overlaying Slingshot-derived trajectories onto the UMAP embedding
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using ‘DimPlot() from the Seurat package in combination with the inferred lineage
information. Pseudotime curves were extracted using the “slingCurves()’ function with
the parameter as.df = TRUE. For pseudotime visualization, cells were subsetted
according to the respective lineages and colored by pseudotime values. Plots were
generated using ggplot2, and trajectory curves were added to the UMAP representation

to illustrate developmental progression along each lineage.

3.13 Single-Cell Regulatory Network Inference and Clustering (SCENIC)

analysis

Transcriptional regulatory network analysis was performed using SCENIC (v1.3.1)(Aibar
et al., 2017). Regulon activity was assessed based on AUCell scores generated by the
SCENIC workflow. Regulon AUC matrices were loaded using the “loadInt()" function with
int_type = “aucell_regulonAUC”. Regulon names were harmonized by matching the row
names of the regulon AUC matrix with non-duplicated extended regulon names obtained
using the “onlyNonDuplicatedExtended()" function. To compare regulon activity between
conditions, average regulon AUC values were calculated per condition by grouping cells
according to their condition assignment and computing the mean AUC for each group.
Regulons showing higher average activity in PDAC compared with HD (or vice versa)
were identified, and the top 20 differentially active regulons per condition were selected
by sorting the average AUC differences in descending order. Heat maps visualizing
regulon activity were generated using the ‘pheatmap()function from the pheatmap

package (v1.0.12).
3.14 Module score analysis

Module scores were calculated using the "AddModuleScore()" function from the Seurat
package (v5.1.0). Gene sets were either derived from Gene Ontology (GO) terms using
the org.Hs.eg.db and GO.db annotation packages or imported from MSigDB as .gmt
files. Prior to module score calculation, RNA expression data were normalized using
Seurat’s "NormalizeData() function. Normalized RNA expression values from the Seurat
object were used as input for score calculation. For each cell, module scores were
computed as the average expression of the genes contained in the respective gene set,
adjusted relative to a background gene set as implemented in Seurat. Comparisons of
module scores between groups (e.g., between sc_cl4 and sc_cl5) were performed using
two-sided t-tests. Module score distributions were visualized using the “VInPlot()

function from the Seurat package.

42



Methods

3.15 Integration of flow cytometry and scRNA-seq cluster identities

To relate flow cytometry—derived meta-clusters to transcriptionally defined scRNA-Seq
clusters, cluster-specific marker signatures were generated for each flow cytometry

meta-cluster (fc_cl1—fc_cl3) and projected onto the scRNA-Seq data.

First, FlowSOM clusters were mapped to their corresponding meta-clusters using the
cluster-to-metacluster mapping stored in the SingleCellExperiment metadata. For each
meta-cluster, median marker expression values were calculated across all cells using
‘aggregateAcrossCells()’ from the scater package (v1.28.0), based on arcsinh-
transformed marker intensities as described above. Pairwise comparisons between all
meta-clusters were then performed for each measured marker by calculating differences
in median expression values. Markers were considered cluster-specific if they showed
consistently higher median expression in one meta-cluster compared with all other
relevant pairwise comparisons. Based on these criteria, cluster-defining marker sets
were established for fc_cl1, fc_cl2, and fc_cl3. For each flow cytometry meta-cluster, a
signature score was calculated by computing the mean expression of its respective
marker set on a per-cell basis using the arcsinh-transformed expression values. To
enable comparison with the scRNA-Seq data, the genes corresponding to the flow
cytometry—derived marker signatures were extracted from the scRNA-Seq expression
matrix, where available. Signature scores for fc_cl1, fc_cl2, and fc_cl3 were calculated
for each single cell by averaging the normalized expression values of the corresponding
genes. Mean signature scores were subsequently calculated for each scRNA-Seq
cluster. These cluster-wise average scores were visualized as a heat map using the
pheatmap package (v1.0.13), with row-wise scaling applied to facilitate comparison
across signatures. This approach enabled systematic assignment of flow cytometry—
derived meta-clusters to transcriptionally defined scRNA-Seq clusters based on shared

marker expression patterns.
3.16 Gene set enrichment analysis with EnrichR

Differentially expressed genes (DEGs) identified for sc_cl4 and sc_cl5 (see 3.11.6 Heat
map) were used as input for gene set enrichment analysis using the EnrichR web
platform (https://maayanlab.cloud/Enrichr/). For the clusters sc_cl4 and sc_cl5, the
corresponding DEG list was uploaded separately to EnrichR, and enrichment analysis
was performed using the CellMarker 2024 database under the “Cell Types” category.
Enrichment results were exported as tables and imported into R for visualization. Bar

plots were generated using the ggplot2 package (v3.5.1), displaying enrichment
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significance as —log+o(p-value), with terms ordered by significance. Selected reference

cell types were highlighted for visualization purposes.
3.17 Histology

3.17.1 Double staining of PDAC tissue microarrays and corresponding normal adjacent

tissue

For the quantification of intratumoral CD8"CD161* T-cells, tissue-micro-arrays (TMA)
from 77 PDAC patients were stained together with matching normal adjacent tissue
(NAT). After deparaffinization and rehydration, antigen retrieval was performed at pH 6.
Double immunohistochemical staining was carried out using antibodies against human
CD8 and CD161. Signal detection was performed using the DAKO EnVision FLEX
system (brown) and Permanent Green for chromogenic visualization. Quantification of

double-positive cells was performed using ImageJ software.

For the analysis of GATA6 and CK5 expression, tissue microarrays (TMAs) from 105
PDAC patients were processed. Following deparaffinization and rehydration, double
immunohistochemical staining was performed using antibodies against human CK5
(anti-hCK5, Leica, CK5-L-CE) and human GATAG (anti-hGATAG, Biotechne, AF1700).
Signal detection was carried out using the DAKO EnVision FLEX system (brown) in

combination with Permanent Magenta Chromogen (red) for chromogenic visualization.

3.17.2 Quadruple staining of PDAC tissue microarrays and corresponding normal

adjacent tissue

To assess transcription factor expression within intratumoral CD8*CD161* T-cells,
quadruple immunofluorescence staining for CD8, CD161, T-bet and RORyt was
performed on TMA from eight PDAC patients with matched NAT. Staining was carried
out using the Opal tyramide signal amplification (TSA) system according to the
manufacturer’s instructions. Sections were sequentially incubated with primary
antibodies against CD8, CD161, T-bet, and RORyt, followed by HRP-conjugated anti-
rabbit or anti-mouse secondary antibodies and the corresponding Opal TSA fluorophores
(Opal520, Opal570, Opal620 or Opal690). After each Opal staining cycle, an antigen
retrieval step using citrate-based buffer (pH6) was performed to remove the bound
primary and secondary antibodies before the next staining round. Nuclei were
counterstained with DAPI, and sections were mounted using Immumount mounting
medium. Multispectral images were acquired using the Phenolmager HT system and

analyzed using QuPath software (v0.5.1).
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3.18 Plasma analysis by proximity extension assay (PEA)

Plasma protein levels were analyzed using proximity extension assay (PEA) technology
(Olink Proteomics), a highly specific affinity-based method that employs pairs of
oligonucleotide-labeled antibodies and subsequent DNA ampilification for protein
quantification. Protein abundances are reported as Normalized Protein Expression
(NPX) values on a log2 scale. Plasma samples from 15 PDAC patients of the study
cohort were analyzed using the Olink Explore 3072 platform according to the
manufacturer’s (Olink Proteomics., Uppsala) standard protocol (v1.5, 2022-12-21).
Library preparation and sequencing were performed by the Genomics Core Facility at
Philipps University of Marburg. Downstream data processing and normalization were

carried out using Olink’s standard analysis pipeline.
3.19 Statistical analysis

Statistical analyses were performed using GraphPad Prism (v10.6.0) and R (v4.3.1).

Normality of data distributions was assessed using the Shapiro-Wilk test. The null

hypothesis of normal distribution was rejected at p < 0.05.

For comparisons between two independent groups, an unpaired t-test was applied when
data were normally distributed. In cases of non-normal distribution, the Wilcoxon rank-
sum (Mann-Whitney U) test with continuity correction was used. For comparisons of
paired or matched samples, the Wilcoxon matched-pairs signed-rank test was applied

for non-normally distributed data.

For comparisons involving three or more groups with normally distributed data, Welch’s
ANOVA was performed in combination with the Brown-Forsythe test to account for
unequal variances. Post hoc pairwise comparisons were conducted using Dunnett’s T3

test.

For non-normally distributed data, the Kruskal-Wallis test was applied, followed by
Dunn’s post hoc test for pairwise comparisons. Where applicable, p-values were

adjusted for multiple testing.
3.19.1 Correlation analysis

Correlations between variables were assessed using Pearson correlation analysis. For
each comparison, the Pearson correlation coefficient (r) and the corresponding p-value
were calculated. Simple linear regression lines were fitted and displayed to visualize

relationship between variables.
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3.19.2 Survival analysis

Overall survival was analyzed using Kaplan—Meier estimates. Based on
immunohistochemical quantification of intratumoral CD8*CD161* T-cells, patients were
stratified into two groups according to cell density per mm?2. An optimal cut-off value of
30 cellss/mm? was determined, and patients were classified as CD8*CD161* high (=30
cells/mm?) or CD8*CD161™ low (<30 cells/mm?). Survival curves were generated for both
groups, and differences between survival distributions were assessed using the log-rank
(Mantel-Cox) test. Mean and median survival times with corresponding 95% confidence
intervals were calculated. Hazard ratios (HR) with 95% confidence intervals were derived

to estimate the relative risk between groups.
3.19.3 Beta-regression analysis

To assess associations between serum cytokine levels and the relative distribution of
CD8*CD161* T-cell subsets, generalized regression analysis were performed using

beta-regression. The outcome variable was defined as the proportion of fc_cl2 cells

fc_cl2

relative to the total CD8CD161* compartment, calculated as —————
(fc_cli+fc_cl2)

, yielding a

continuous variable bounded between 0 and 1. To appropriately model the bounded
nature of this proportional outcome, beta-regression with a logit link function (Cribari-
Neto & Zeileis, 2010) was applied. Cytokine concentrations measured by proximity
extension assay (NPX values) were used as explanatory variables. Due to substantial
correlations among cytokines, separate univariate beta-regression models were fitted for
each cytokine. Regression coefficients represent the estimated effect of cytokine levels
on the relative proportion of fc_cl2 cells and are reported with 95% confidence intervals.
Positive coefficients indicate a shift toward a higher fc_cl2 proportion (and a relative
decrease in fc_cl1), whereas negative coefficients indicate a shift toward fc_cl1

dominance.
3.19.4 Cliff's delta effect size analysis

To quantify biologically meaningful differences between cell populations at the single-
cell level, effect size analysis was performed using Cliff's delta (8), a nonparametric
measure of stochastic dominance. For all comparison, per-cell signature scores (see
3.11.7 Signature plots) were used as input, such that each value represents a single cell.
Clusters therefore comprise all cells assigned to the respective scRNA-seq cluster, or all
cells of a given condition within one cluster. Cliff's delta estimates the difference between
the probability that a randomly selected cell from one group exhibits a higher signature
score than a randomly selected cell from another group ant the reverse probability. The

effect size & ranges from -1 to +1, with values near zero indicating little biological
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difference. In addition to point estimates, 95% confidence intervals and qualitative
magnitude categories were reported according to established thresholds based on the
absolute value of & as implemented in the effsize package (v0.8.1): negligible (|| <
0.147), small (0.147 < |8] < 0.33), medium (0.33 < |8]| < 0.474), and large (|56] = 0.474).

3.19.4.1. Pairwise comparison between scRNA-seq clusters

Pairwise, condition-independent comparisons between scRNA-seq clusters were
performed using the “cliff.delta() function from the effsize package (v0.8.1) with unbiased
estimation (use.unbiased = TRUE) and a confidence level of 95% (conf.level = 0.95).
Positive Cliff's delta values indicate higher signature expression in the second cluster of

the comparison, whereas negative values indicate enrichment in the first cluster.
3.19.4.2. Condition-associated differences within clusters

In addition to inter-cluster comparisons, Cliff's delta analysis was applied to assess
condition-associated differences within each scRNA-seq cluster. For this purpose, cells
were stratified by both cluster identity and condition, and per-cell signature scores of
cells from the same cluster were compared between HD and PDAC. Effect sizes were
calculated as described above. Positive Cliff's delta values indicate higher signature
expression in HD, whereas negative values indicate enrichment in PDAC. This approach
enabled the quantification of disease-associated shifts in transcriptional programs within
phenotypically defined clusters while avoiding biases introduced by large single-cell

sample sizes

Because large single-cell sample sizes can lead to inflated statistical significance in
classical hypothesis tests, Cliff's delta was used as the primary metric for interpretation.
While Wilcoxon rank-sum tests were computed for reference, p-values were not used for

biological interpretation.

3.20 Generation of graphical illustrations

All schematic figures and graphical illustrations were created using BioRender®.
3.21 Contributions to experimental procedures and data analyses

Parts of the experimental procedures and data analyses described in this work were
performed in collaboration with other researchers or were provided by collaborating

groups.

A subset of PBMC samples (PDAC group) was obtained from the Comprehensive
Biomaterial Bank Marburg (CBBMR), PUM, first under the direction of Prof. Dr. Dr. Petra

Ina Pfefferle and later Dr. Philipp Schoppner.
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The antibody panel and multiple steps of spectral flow cytometry data acquisition, sorting,
preprocessing, algorithm-based analysis, cell sorting, and downstream single-cell RNA
sequencing analyses were conducted in collaboration with Dr. Hartmann Raifer, Insitute
for Systems Immunology, PUM, (see 3.6 Spectral flow cytometry data acquisition and
preprocessing, 3.7 Algorithm-based analysis of flow cytometry data, 3.8 Sorting of
CD8'CD161" T-cells from PBMC of HD and PDAC patients for subsequent single-cell
RNA sequencing).

Single-cell RNA sequencing library preparation, sequencing, and primary data
processing were performed in cooperation with the Core Facility for Single Cell
Multiomics, PUM, with sequencing carried out by Novogene (see 3.9 Single-cell RNA
sequencing library preparation and sequencing). Downstream single-cell RNA
sequencing analyses, including quality control, trajectory inference, and SCENIC
analysis, were performed in close collaboration with Prof. Dr. Ho Ryun Chung, Institute
for Medical Bioinformatics and Biostatistics, PUM, (see 3.11 Downstream analysis of

single-cell RNA sequencing data).

Histological analyses were performed in collaboration with Prof. Dr. Matthias Gaida,
Institute of Pathology, University Medical Center Mainz, and Dr. Oezlem Akilli, TRON —
Translational Oncology, Mainz (see 3.17 Histology). Proximity extension assay (PEA)
data were generated in collaboration with the laboratory of Prof. Dr. Pogge von
Strandmann, Institue for Tumor Immunology, PUM (see 3.18 Plasma analysis by

proximity extension assay (PEA)).

Beta-regression analyses (see 3.19.3 Beta regression analysis) were performed by Prof.
Dr. Andreas Mayr, Medical Biometry and Biostatistics, PUM, who also provided statistical

consultation regarding the use of Cliff's delta effect size analysis.
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4 Results

4.1 Identification of distinct PBMC clusters via spectral flow cytometry

across groups

First, to characterize T-cell heterogeneity in the peripheral blood of PDAC patients, 57
cryopreserved PBMC samples obtained from 22 patients with PDAC, 15 with CP, and
20 HD were analyzed. CP served as chronic inflammatory disease control group.
Samples were stained with a 36-marker T-cell panel (Table 6. Antibodies used for
staining of PBMC from PDAC patients, CP patients, and HD.) and acquired by spectral
flow cytometry (Fig. 1A). Following preprocessing, including manual gating and
subsampling (Fig. 1B), the data set was subjected to high-dimensional computational
analysis in R. Dimensionality reduction and unsupervised clustering were performed
using the CATALYST framework, which applies FlowSOM for cell clustering. The data
was then visualized as Uniform Manifold Approximation and Projection (UMAP),
revealing eight distinct clusters (Fig. 1C). Cluster identity was assigned based on the
median expression patterns of principal markers displayed in the heat map (Fig. 1D) and
further illustrated by the corresponding histograms (Fig. 1E), including CD4 (CD4*), CD8
(CD8%), Ty (CD4*CD25'FOXP3*), yd T-cells (TCRyd*HLADR*) CD8*CD161*
(CD8"CD161*TCRVa7.2%), Lineage (Lineage*HLADR®), double negative (DN) (CD4"
CD8HLADR), and CD4CD8 (CD4*CD8") populations. Across all samples, major T-cell
subsets were proportionally represented, and no individual displayed an
overrepresentation of a single cluster, indicating the absence of donor-specific outliers
(Fig. 1F-G).

Together, eight phenotypically distinct clusters present in PBMC were defined across all
samples. Next, variation in T-cell population distribution across HD, CP, and PDAC was

assessed.
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Figure 1. Identification of major T-cell subsets via spectral flow cytometry across HD, CP,
and PDAC patients. (A) Experimental setup: PBMC isolated from healthy donors (HD; n=20),
chronic pancreatitis (CP; n=15), and patients with pancreatic ductal adenocarcinoma (PDAC;
n=22) were analyzed via spectral flow cytometry. Created with BioRender.com (B) Gating strategy
of isolated PBMC. Panels show the initial gating on stable acquisition events using SSC-A versus
time, followed by gating on single lymphocytes and subsequent exclusion of dead cells from left
to right. (C) Uniform Manifold Approximation and Projection (UMAP) of merged live single
lymphocytes (n=5,700,000; 100,000 per sample). (D) Heat map showing median arcsinh-
transformed marker expression normalized from 0-1 within indicated clusters. Based on this, the
clusters were annotated. (E) Histograms showing the expression profiles of the respective
markers across the indicated clusters. (F) Cluster composition showing the total cell count per
patient for each of the indicated clusters. (G) Relative contribution of each patient to each of the
indicated clusters.
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4.2 PDAC patients exhibit a marked reduction in the circulating
CD8'CD161" T-cell subset

After identifying major PBMC subsets in the initial clustering, the analysis next focused
on the T-cell populations to investigate potential differences between HD, CP, and
PDAC. To this end, all non-T-cell clusters (Lineage, DN) as well as clusters with very low
abundance (<1%, CD4CD8) were excluded. Dimensionality reduction by {-SNE revealed
clear separation of the remaining T-cell subsets - CD4*, CD8", Ty, Y0 T-cells, and
CD8*CD161* (Fig. 2A). Their phenotypic characteristics were reflected by the median
marker expression patterns shown in the heat map (Fig. 2B) and corresponding
histograms (Fig. 2C). Comparison of the T-cell cluster frequencies revealed a reduction
of yd T-cells in CP relative to HD, and a decrease in CD8*CD161" cells in CP that further
intensified in PDAC. For CD4*, CD8" and T4 no differences were detected (Fig. 2D).
Notably, these reductions were evident in both proportional and absolute cell counts (Fig.
2E).

Overall, the data demonstrate disease-associated shifts within the circulating T-cell
compartment, with the most pronounced change being the loss of peripheral
CD8*CD161* T-cells in PDAC patients (Fig. 2F). A more detailed characterization of this
subset was therefore next performed using meta-clustering and marker-based

phenotyping.
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Figure 2. Phenotypic profiling reveals reduction of CD8*CD161* T-cells in PBMC from
PDAC patients. (A) -SNE visualization of selected T-cell clusters derived from the original
clustering (Fig. 1C). CD4-CD8- cells and Lineage cluster cells, as well as clusters comprising <1%
ot total cells were excluded from further analysis (n=3,400,800). (B) Heat map depicting the
median arcsinh-transformed marker expression for each of the selected T-cell clusters,
normalized to a 0—1 range per marker. (C) Histograms showing the expression profiles of the
respective markers across the selected T-cell clusters. (D and E) Direct comparison of selected
T-cell cluster frequencies (D), and raw cell counts (E) in HD, CP, and PDAC. Lines show mean
values; each dot represents one individual. Kruskal-Wallis test with Dunn’s post-hoc test, *p<0.05,
**p<0.01, ns not indicated. (F) Graphical summary illustrating the altered CD8+*CD161* cluster in
PDAC compared to HD and CP.
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4.3 CD8*CD161* T-cells comprise three meta-clusters separating MAIT-
like from non-MAIT phenotypes

To dissect potential heterogeneity within the CD8*CD161* subset — which is reduced in
the blood of PDAC patients — all CD8*CD161™ cells were meta-clustered using their full
marker expression profile, thereby revealing three distinct meta-clusters (fc_cl1-3),
shown in the -SNE visualization (Fig. 3A). Marker expression patterns, illustrated in the
heat map and the corresponding histograms (Fig. 3B—C), revealed clear phenotypic
differences between the meta-clusters, with particularly striking, diametrically opposed
expression profiles between fc_cl1 and fc_cl2. Specifically, fc_cl1 was defined by high
levels of T-bet, CTLA-4, TIM-3, and CD45RA, whereas fc cl2 showed elevated
expression of CD127, CD28, CCR6, and CD27. Notably, although the initial clustering
annotated the CD8*CD161" population as TCRVa7.2* (Fig. 2B), the meta-cluster
histograms suggested an uneven distribution of TCRVa7.2, with fc_cl2 and fc_cl3
showing medium to strong expression and fc_cl1 lacking it almost entirely. CD161 and
TCRVa7.2 are canonical surface markers defining human MAIT-cells in multiple studies
(Dusseaux et al., 2011; Martin et al., 2009; Meggyes et al., 2025; Reantragoon et al.,
2013). To assess which markers best discriminate between the identified meta-clusters,
non-redundancy scores (NRS) (Nowicka et al., 2019) were calculated for all measured
markers and visualized by group (Fig. 3D). For CD161 and TCRVa7.2 specifically, NRS
values were significantly higher in the cells from PDAC patients than from CP or HD,
indicating an increased discriminatory power of these markers between the meta-
clusters in PDAC patients (Fig. 3E). The distribution of these markers across the meta-
clusters was next visualized by plotting CD161 and TCRVa7.2 individually and in
combination on the --SNE map (Fig. 3F, left to right). This representation confirmed the
rather uniform expression of CD161 across all meta-clusters, while TCRVa7.2
expression remained sharply restricted to fc_cl2 and fc_cl3, consistent with the pattern

suggested by the histograms.

Together, these data indicate that only fc_cl2 and fc_clI3 exhibit a MAIT-like phenotype,
whereas fc_cl1 represents a non-MAIT CD8*CD161" subset (Fig. 3G). Having
established the diverse identities of the three CD8"CD161* meta-clusters, it was next
assessed whether they display disease-associated changes in frequency or relative
distribution across HD, CP, and PDAC patients.
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Figure 3. CD8'CD161* T-cell meta-clustering reveals three phenotypically distinct subsets
characterized by unique marker profiles. (A) -SNE visualization of CD8*CD161* meta-
clustering (n=92,192). (B) Heat map depicting the median arcsinh-transformed marker expression
used for the meta-clustering for each of the three CD8*CD161* meta-clusters (fc_cl1, fc_cl2,
fc_cl3), normalized to a 0-1 range per marker. (C) Histograms showing the expression profiles of
the indicated markers across the three CD8*CD161* meta-clusters. (D) Non-redundancy score
(NRS) plot of all markers used for the meta-clustering. Each dot represents one individual, color-
coded by group. The white dot indicates the mean, the black line indicates the median, the box
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represents the first and third quartiles, and whiskers denote the standard deviation. (E) NRS for
indicated markers across groups; each dot represents one individual. Kruskal-Wallis test,
*p<0.05, ***p<0.001, ns not indicated. (F) tSNE plots showing expression of CD161 (left),
TCRVa7.2 (middle), and their combined expression (right). (G) Graphical summary illustrating the
proposed organization of the CD8*CD161* cluster into MAIT and non-MAIT subpopulations based
on TCRVa7.2 expression.

4.4 PDAC reshapes the fc_cl1-fc_cl2 balance toward fc_cl1 enrichment

Next, it was examined whether the frequencies of the three peripheral CD8*CD161*
meta-clusters differed across HD, CP, and PDAC patients, indicating potential disease-
driven shifts in their relative distribution. fc_cl1 was significantly increased in the blood
of PDAC patients compared with HD, whereas fc_cl2 showed the opposite pattern, with
a significant reduction in PDAC patients (Fig. 4A). These trends were also reflected in
the absolute cell numbers, with additional significant differences emerging not only
between PDAC patients and HD but also between PDAC and CP patients (Fig. 4B).
While fc_cl3 frequencies remained stable across groups, its absolute numbers were
reduced in PDAC patients. To summarize these opposing changes, fc_cl2/fc_cl1 ratio
was calculated, which was significantly higher in HD than in PDAC patients, indicating a
shift toward fc_cl1 dominance in PDAC patients (Fig. 4C). Given these reciprocal trends,
it was next assessed how fc_cl1 and fc_cl2 relate at the individual level. The correlation
analysis revealed a PDAC-specific lack of individuals with concurrently high frequencies
of both clusters, consistent with a disease-associated restructuring of their relationship
(Fig. 4D). Stratifying individuals by their fc_cl2 frequency using the median value
(73.21%) further supported this pattern: high fc_cl1 frequencies occurred exclusively in

PDAC patients with low fc_cl2 frequencies (Fig. 4E).

Together, these findings demonstrate a disease-associated redistribution within the
CD8*CD161* compartment, characterized by reduced fc_cl2, increased fc_cl1, and an
altered interdependence between the two subsets (Fig. 4F). These disease-associated
shifts in fc_cl1 and fc_cl2 prompted us to further characterize their phenotypes and to
evaluate whether their marker expression profiles could reliably distinguish PDAC from
CP patients and HD.
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Figure 4. Expansion of fc_cl1 and contraction of fc_cl2 reshape the CD8*CD161* T-cell
landscape in PDAC. (A and B) Direct comparison of (A) meta-cluster frequencies and (B) raw
cell counts across groups. (C) Comparison of fc_cl2/fc_cl1 ratio across groups. (D) Dot plot
depicting the relationship between fc_cl1 and fc_cl2 frequencies across conditions. Marginal
density curves depict the distribution of each parameter. Each dot represents one individual.
Linear regression lines are shown for each group, with corresponding Pearson correlation
coefficients (r) and p-values indicated. (E) fc_cl1 frequency across groups stratified according to
low (<73.21%) and high (>73.21%) median fc_cl2 frequency. (A, B, C, and E) Lines show mean
values; each dot represents one individual. Brown-Forsythe and Welch ANOVA test for normally
distributed data; Kruskal-Wallis test with Dunn’s post-hoc test for not normally distributed data,
*p<0.05, **p<0.01, ***p<0.001, ns not indicated. (F) Graphical summary illustrating shifts in
CD8*CD161* meta-cluster distribution between HD and PDAC.

4.5 fc_cl1 and fc_cl2 signatures distinguish MAIT and non-MAIT subsets
and suggest distinct functional potentials

To better understand the phenotypic characteristics of the two reciprocally shifting
CD8*CD161* meta-clusters, fc_cl1 and fc_cl2, compared the expression of markers that
showed contrasting patterns in the initial heat map (Fig. 3B) was compared. These
included CD45RA, SLAMF7, T-BET, CTLA-4, TIM-3, CD27, CD28, CD127, CCR®,

RORVyt, 4-1BB, and PD-1. Log-transformed median expression values were visualized in
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a polar plot (Fig. 5A), and statistical differences between the clusters were assessed
(Fig. 5B). This analysis revealed higher expression of CD45RA, SLAMF7, T-BET, CTLA-
4, and TIM-3 in fc_cl1, whereas fc_cl2 was characterized by elevated levels of CD27,
CD28, CD127, CCR6, RORyt, 4-1BB, and PD1. While the expression of individual
markers already provides insight into cluster-specific phenotypes, the coordinated co-
expression of multiple defining markers is more informative for assessing whether cells
share a common functional identity. To capture this integrated phenotypic signal, cluster-
specific marker signatures were generated by combining the markers most differentially
expressed between fc_cl1 and fc_cl2. For each cell, a signature score was calculated as
the mean expression of all included markers. Projecting these signature scores onto the
t-SNE demonstrated a clear enrichment of the fc_cl1 signature within fc_cl1 and,
conversely, the fc_cl2 signature within fc_cl2, confirming that each meta-cluster harbors
a coherent and internally consistent phenotypic program (Fig. 5C). Using these
signatures, exploratory receiver operating characteristic (ROC) analyses were
performed to assess whether the combined marker expression patterns of fc_cl1 and
fc_cl2 could discriminate between clinical groups. Both signatures showed substantial
discriminatory power, with the fc _cl1 signature performing particularly well in
distinguishing PDAC patients from HD with an area under the curve (AUC) value of
0.841, and to a lesser extent also separating CP patients from HD (AUC = 0.73). The
fc_cl2 signature likewise demonstrated the ability to differentiate between these groups,

although with slightly reduced performance compared to fc_cl1 (Fig. 5D).

In summary, the contrasting marker profiles of fc_cl1—enriched for T-BET, SLAMF7,
and CTLA-4—and fc_cl2—characterized by RORyt, CD27, CD28, CD127, CCR6, and
4-1BB—suggest distinct functional states within the CD8*CD161* compartment (Fig.
5E). To characterize their transcriptomic states, single-cell RNA sequencing (scRNA-
Seq) of peripheral CD8*CD161* cells from HD and PDAC patients was performed.
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Figure 5. fc_cl1 and fc_cl2 represent phenotypically distinct CD8*CD161*

T-cell subsets

that discriminate PDAC from healthy donors. (A) Polar plot depicting the normalized median
expression values for selected markers in the indicated fc_cl. (B) Marker expression in fc_cl1 and

58



Results

fc_cl2. Boxplots show expression levels of the indicated markers. Wilcoxon rank-sum test with
Benjamini-Hochberg correction, ****p<0.0001. (C) t-SNE visualization showing fc_cl1 and fc_cl2
signature scores. Signature scores represent the combined mean expression of selected
markers. Marker selection was based on those most differentially expressed between the
clusters. (D) Receiver operating characteristics (ROC) analysis of fc_cl1 and fc_cl2 for
discrimination between PDAC and HD (left) and between CP and HD (right). AUC indicates area
under the curve. (E) Graphical summary of the phenotypic characteristics of cells for cluster fc_cl1
and fc_cl2.

4.6 scRNA-seq identifies six CD8*CD161* T-cell clusters across HD and
PDAC

After flow cytometry-based phenotyping suggested distinct functional roles for fc_cl1 and
fc_cl2, transcriptomic heterogeneity was next resolved at higher resolution using scRNA-
seq. Therefore, CD8"CD161* T-cells from PBMC of HD (n=5) and PDAC patients (n=7)
were sorted (Fig. 6A). To accurately isolate the CD8"CD161* compartment, live, single
lymphocytes that were DUMP-CD3*CD45*CD8*CD161* were gated. TCRVa7.2 was
additionally included in the gating strategy to distinguish MAIT from non-MAIT cells (Fig.
6B). The sorted population yielded six clusters (sc_cl0-5), all of which were represented
in both HD and PDAC, as shown in the UMAP (Fig. 6C). Cluster composition was largely
balanced across samples, except for sc_cl5, which was heavily dominated by cells from
PDAC patients (Fig. 6D). When examining the relative contribution of each cluster per
individual, this pattern was recapitulated: while most clusters were comparably
represented across conditions, sc_cl4 was higher in HD, whereas sc_cl5 was elevated
in PDAC (Fig. 6E).

Taken together, scRNA-Seq of sorted CD8"CD161* T-cells from HD and PDAC revealed
six transcriptionally distinct clusters, including one enriched in HD (sc_cl4) and one
preferentially represented in PDAC (sc_cl5). Transcriptional differences between the six
clusters were next profiled, followed by gene-enrichment analyses to establish an initial

framework for cluster annotation and their correspondence to the flow-derived subsets.

59



Results

B . lymphocytes ~ live cells . single cells
sorting of coe*
9ol eprere -
live €0 g < . |
. cDB*CD161* cells oy y g e g
pBMC /. o €D SCRNA- A e I G2k
-F i cells Seq analysis = (&r— = e
.5 S I " = : ‘;5(‘:.)\.“ £ lD-Z@@ﬁ__J‘ F.;C-h‘ 3
|8 > N o CDA5*DUMP - CD3*CD8* ﬁ.‘rcn\.ru'i.z*cmsr
1 = : L g I
P 1A f1 -8 51 mie~a1
2 i LR 81 s
i, W90 I ¢Y
g 770 [3 =
H e S e A e
CDA45 - SparkBlue574 CD3 - BV510 TCRVa7.2 - PerCP-Cy5.5
c o +
CcD8*CD161
2z,
& 1
<
=
=2
UMAP1
patient-level frequencies of
D E single-cell clusters in
PDAC and HD
1000 I HD1 mm PDAC1 = .
B HD2 mm PDAC2 £ 50
L 800+ m HD3 mm PDAC3 ]
2 = HD4 mm PDAC4 2,
£ 600 ] HD5 @ PDAC5 E o o
- [ PDAC6 P 9 @® PDAC
£ 00 ] PDAC7 S s o @ HD
L o (=]
Q@ ]
O 2004 E 104 |®
E 3 (=] '] o
0 T T T T T T E 0
(=}
001 2 3 4 5 & & & F F P
SC_C' 7 fT FT Pl P P

Figure 6. scRNA-seq of CD8*CD161* T-cells from HD and PDAC. (A) Experimental setup:
scRNA-Seq of CD8*CD161* T-cells (HD=2022; PDAC=1942), sorted from PBMC of HD (n=5)
and PDAC (n=7) based on single, live lymphocytes expressing CD3*CD8*CD161*TCRVa7.2*
expression. (B) Gating strategy for cell sorting prior to scRNA-Seq. Initial gating on lymphocytes
using SSC-A versus FSC-A, followed by gating on live lymphocytes and exclusion of doublets. B
cells, dendritic cells, and myeloid cells were excluded by gating on CD19-, CD20-, CD36-, and
CD123- (DUMP-) while retaining CD45* cells. The CD3*CD8* population was then selected,
followed by gating on CD161*TCRVa7.2*. (C) UMAP of sorted analysed live single CD8*CD161*
T-cells (n=3964), assigned to the indicated clusters (sc_cl0-5) using the FlowSOM algorithm. (D)
Cluster composition showing the total cell count per patient for each of the indicated clusters
colored by group. (E) Bar plot showing the percentage of total cells per individual assigned to
each single-cell cluster, stratified by condition. Bars represent mean percentages per condition
with standard deviation; each dot represents one individual.

4.7 Highly transcriptionally distinct sc_cl4 and sc_cl5 correspond to

fc_cl2 and fc_cl1 and display MAIT-like and memory-like profiles

As a first step toward characterizing the transcriptional landscape of the six clusters,
genes significantly upregulated in each cluster relative to all others were identified. These
cluster-specific genes were visualized in a heat map to provide a global overview of their
expression patterns (Fig. 7A). Notably, sc_cl4 and sc_cl5 displayed by far the largest

number of differentially expressed genes, which made them the primary focus of an initial
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enrichment analysis using EnrichR. For sc_cl4, CellMarker 2024 annotations showed a
pronounced overlap with ‘MAIT-cell’ signatures (Fig. 7B), whereas sc_cl5 exhibited
predominant enrichment for ‘effector CD8" memory T-cell' signatures derived from
peripheral blood (Fig. 7C). To integrate the flow cytometry and scRNA-seq datasets,
flow-derived signatures for fc_cl1, fc_cl2, and fc_cl3 were generated based on the
markers most strongly enriched in each meta-cluster. These signatures were then
projected onto the scRNA-seq clusters (sc_cl0-5) to assess transcriptional
correspondence (Fig. 7D). sc_cl5 showed the highest enrichment for the fc_cl1
signature, indicating that the cells grouped as fc_cl1 by flow most likely correspond to
the memory—like population captured in sc_cl5. In contrast, the fc_cl2 signature mapped
broadly across sc_cl0-4, forming a gradient from sc_cl2 through sc_cl1, sc_cl0, and
sc_cl3, with the strongest expression in sc_cl4. This pattern suggests that fc_cl2
represents a coherent MAIT-like population encompassing multiple developmental or
activation states rather than distinct subtypes. For fc_cl3, no strong match to any scRNA-
seq cluster emerged; however, overlap was consistently lowest with sc_cl4. Together,
these analyses support the following assignments: fc_cl1 corresponds most closely to
sc_cl5 (effector-memory—like), fc_cl2 aligns with sc_cl4 (MAIT-like, potentially spanning
multiple activation states), and fc_cl3 represents a transcriptionally distinct minor subset

without a clear single-cluster counterpart (Fig. 7E).

Overall, scRNA-seq suggests sc_cl4 as MAIT-like and sc_cl5 as memory-like clusters,
aligning them with the major flow-derived subsets fc_cl2 and fc_cl1, respectively. To
substantiate those assumptions regarding cluster identity, established MAIT- and Tmem-
associated gene signatures (Garner et al., 2023; T. Yao et al., 2020) were mapped onto

the scRNA-seq clusters to assess their transcriptomic alignment.
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Figure 7. scRNA-seq identifies MAIT-like and Tmem-like subsets within the CD8"CD161*
compartment and demonstrates their alignment with flow-defined clusters (A) Heat map
showing differentially expressed genes across all scRNA-Seq clusters (sc_cl0-5). For each
cluster, genes significantly upregulated relative to all other clusters are displayed as z-scored
expression values. (B and C) EnrichR CellMarker 2024 analysis of genes upregulated in (B)
sc_cl4 and (C) sc_cl5. Shown are the top ten enriched cell-type annotations ranked by —log10(p-
value). (D) Heat map showing the projection of flow-derived CD8*CD161* cluster signatures
(fc_cl1-3) onto scRNA-Seq clusters (sc_cl0-5). For each fc_cl, a gene signature was generated
from the most highly expressed genes and applied to the scRNA-Seq dataset to assess
correspondence between flow-defined and transcriptomic clusters. (E) Graphical summary
illustrating the correspondence between fc_cl1 and fc_cl2 and sc_cl4 and sc_cl5 based on their
characteristic marker and gene expression profiles.
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4.8 Integrated transcriptomic analyses confirm MAIT- and Tmem-like

identities of scRNA-seq clusters

To validate the presumed MAIT identity of sc_cl0—4, two published MAIT transcriptional
signatures (Garner et al., 2023; T. Yao et al., 2020) were applied and their presence was
visualized per-cell across the UMAP. Because large cell numbers can inflate statistical
significance, Cliff's delta was used as a nonparametric effect size measure to capture
biologically meaningful differences between clusters. For each pairwise comparison
(e.g., sc_cl0 vs. sc_cl1), Cliff's delta quantifies the probability that a randomly selected
cell from the first cluster has a higher signature score than one from the second. Positive
values indicate enrichment of the signature in the first cluster, negative values indicate

enrichment in the second, and values near zero denote minimal biological difference.

As a first approach, the MAIT signature generated by Yao et al (T. Yao et al., 2020) was
applied, which was derived from publicly available bulk and single-cell transcriptomic
datasets across multiple tissues and cancer types and established as a robust, broadly
applicable MAIT reference. For this signature, the results showed a striking distinction
between sc_cl5 and all other clusters: sc_cl5 was the only cluster that consistently
exhibited low MAIT signature expression, whereas sc_cl0—4 tended to exhibit higher
levels (Fig. 8A). This supports the interpretation from Fig. 7 that sc _cl0-4 form a
continuum of MAIT-like cells, while sc _cl5 lacks MAIT-associated transcriptional
features. Secondly, the MAIT signature from Garner et al. (Garner et al., 2023) was
applied, who profiled MAIT-cells from blood and liver of healthy donors using scRNA-
seq. Consistent with the Yao signature (T. Yao et al., 2020), the Garner signature
(Garner et al., 2023) was markedly elevated — with large effect sizes — in all clusters
except sc_cl4 when compared with sc_cl5. Additionally, several MAIT-like clusters
differed among themselves, with sc_cl1 and sc_cl3 exhibiting particularly strong

signature expression (Fig. 8B).

Given the indication that sc_cl0—4 represent a MAIT continuum, the expression of
previously described MAIT-associated transcriptional state genes was examined next
(Chandra et al., 2023; Garner et al., 2023; Koay, 2019; X. Li et al., 2024; Vorkas et al.,
2022). These genes were selected from studies focusing on MAIT17-associated
programs and were used here to support MAIT identity and transcriptional heterogeneity
rather than to infer developmental progression. Within the MAIT-like compartment,
sc_cl4 showed the strongest enrichment of genes previously linked to effector-like MAIT
programs (lV), consistent with a more effector-biased MAIT state (Fig. 8C). In contrast,
sc_cl5—and to a lesser extent sc_cl0—showed little to no expression of these MAIT-

associated genes. To further explore transcriptional relationships within the MAIT-like
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compartment, diffusion map—based trajectory analysis was performed on sc_cl1—4. This
analysis revealed a continuous transcriptional gradient connecting MAIT-associated
clusters. Within this continuum, sc_cl4 localized at the most distant end of the
transcriptional spectrum, indicating the largest overall divergence from the remaining
MAIT-like clusters. In combination with the dot plot analysis, which independently
revealed enrichment of effector-associated MAIT genes in sc_cl4 (1V), this positioning is

consistent with a more effector-biased MAIT transcriptional state (Fig. 8D).

With the MAIT-like clusters well defined, the identity of sc_cl5 was next refined, as it had
previously been annotated as (effector-)memory—like based on EnrichR results (Fig. 7C).
To further validate this assignment, the Tmem signature from Garner et al. (Garner et al.,
2023) was applied (Fig. 8F). Strikingly, sc_cl5 exhibited markedly higher Tmem signature
expression in every pairwise comparison, without exception, confirming its robust

memory—like transcriptional profile.

To further substantiate these assignments, the regulon activity of ZBTB16 and TBX217 -
the respective master transcription factors of MAIT-cells and cytotoxic T lymphocytes
(CTL) — was assessed across the six clusters using single-cell regulatory network
inference and clustering (SCENIC) analysis (Fig. 8F). SCENIC identifies active
transcription factors based on expressed genes that share binding sites for these specific
transcription factors. As anticipated, sc_cl4 exhibited the highest ZBTB16 regulon
activity, whereas sc_cl5 showed virtually no activation. Conversely, TBX21 regulon
activity was strongly enriched in sc_cl5, while all other clusters displayed minimal to no

activity.

Overall, the combined signature, trajectory, and SCENIC results further establish sc_cl4
as MAIT-like and sc_cl5 as CD8* memory-like T-cells within the CD8*CD161" subset
and further distinguish between MAIT (fc_cl2) and non-MAIT (fc_cl1) populations (Fig.
8G). Next, a direct transcriptional comparison was performed to determine how these
cells differ between HD and PDAC patients.
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Figure 8. Multi-modal transcriptomic analyses corroborate MAIT- and Tmem-like identities
of sc_cl4 and -5 (A, B, E) Published MAIT (A: Yao et al.; B: Garner et al.) and Tmem (E: Garner
et al.) transcriptional signatures were scored across scRNA-Seq clusters (sc_cl0-5) to assess
MAIT- and Tmem-related transcriptional enrichment. UMAP plots display signature scores, and
pairwise Cliff's delta effect sizes illustrate differential signature enrichment between clusters. (C)
Dot plot showing expression of MAIT—associated transcriptional state genes across sc_cl0-5. Dot
color indicates average expression, and dot size represents the percentage of cells expressing
each gene. The indicated states (I-1V) reflect relative transcriptional gradients rather than
ontogenetic developmental stages. (D) Diffusion map-based trajectory of sc_cl1-4. Left: cells
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plotted in diffusion components DC1 and DC2, colored by sc_cl identity, with inferred lineage
curve obtained using Slingshot. Right: same diffusion map colored by diffusion pseudotime (dpt),
illustrating progression along the trajectory. (F) Regulon activity of ZBTB16 and TBX21 in each
sc_cl. Each dot represents one cell. Kruskal-Wallis test with Dunn’s post-hoc test, ****p<0.0001.
(G) Graphical summary linking flow-defined MAIT and non-MAIT phenotypes to scRNA-Seq
clusters, showing alignment of MAIT markers with sc_cl4 and acquisition of effector/Tmem-like
features by non-MAIT—associated sc_cl5.

4.9 Circulating CD8*CD161* T-cells from PDAC patients are associated
with enhanced activation and cytotoxic transcriptional programs
Once the cluster identities had been defined, transcriptional differences between HD and
PDAC patients within the circulating CD8*CD161* T-cell compartment were next
examined. Differential gene expression analysis revealed a PDAC-associated
upregulation of genes linked to tissue association and activation, including CD69 and
CXCR4 (Cibrian & Sanchez-Madrid, 2017; Kumar et al., 2017; Sobkowiak et al., 2019),
as well as transcriptional regulators of T-cell response programs such as NR4A2 and
BHLHEA40 (J. Chen et al., 2019; Szabo et al., 2003; J. E. Wu et al., 2023). In addition,
TBX21, encoding the effector-associated transcription factor T-BET, was significantly

upregulated in cells from PDAC patients (Fig. 9A).

To extend the gene-level comparisons with a regulatory perspective, SCENIC was
applied to identify transcription factors (TF) with differential regulon activity between cells
from HD and PDAC patients (Fig. 9B). The top 20 regulons enriched in cells from PDAC
patients showed substantial overlap with the differentially expressed genes (DEG)
identified in Fig. 9A and included TF previously linked to T-cell receptor (TCR)-driven
activation (e.g., CREM, EGR1, REL), cytokine-mediated signaling (e.g., JUN, JUNB,
ATF3), or combined activation pathways (FOS) (Garner et al., 2023). In contrast,
regulons enriched in cells from HD prominently featured ZBTB16 (Salou et al., 2025),
consistent with MAIT-associated activity observed in Fig. 8F, as well as BACHZ2 and
EOMES, which are implicated in CD8" T-cell memory and stemness (Banerjee et al.,
2010; Intlekofer et al., 2005; C. Yao et al., 2021). IKZF2, a TF essential for MAIT-cell
maintenance (Hetemaki et al., 2021), likewise displayed higher activity in cells from HD.
Together, these results indicate distinct transcriptional regulatory programs operating in
PDAC patient versus HD CD8"CD161" T-cells.

Guided by the regulatory differences, it was next assessed whether TCR-mediated and
cytokine-mediated activation signatures differed between cells from HD and PDAC
patients. To this end, published activation-associated gene sets derived from human T-
cell activation studies (Garner et al., 2023) were used to compute per-cell signatures

scores across all scRNA-seq clusters. Effect sizes between conditions were then
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quantified using Cliff's delta (Fig. 9C and D). TCR-associated activation was most
pronounced in sc_cl5, which showed a strong PDAC patient-specific enrichment with
markedly larger effect sizes than any other cluster. A moderate increase was also
detectable in sc_cl0, whereas MAIT-like clusters (sc_cl1-4) exhibited only minor effects,
indicating limited TCR-driven activation. In contrast, cytokine-associated activation
signatures were broadly elevated in PDAC patients across all clusters, suggesting a

more global cytokine-driven activation state in circulating CD8"CD161* T-cells.

Given the enrichment of effector and cytotoxic transcriptional programs in sc_cl5, the
expression of CX3CR1, a chemokine receptor associated with terminally differentiated,
highly cytotoxic circulating CD8* T-cells was next examined (Bottcher et al., 2015;
Gerlach et al., 2016; J. Ma et al., 2024; Pokharel et al., 2024). CX3CR1 expression was
strongly enriched in sc_cl5 compared to all other clusters, whereas MAIT-like clusters
showed little to no expression (Fig. 9E). Although CX3CR1 alone does not imply tumor
specificity, its association with effector-like CD8* T-cells prompted us to further evaluate
whether sc_cl5 displays transcriptional features previously linked to tumor-reactive T-

cells.

To this end, a tumor-reactive (TR) versus non-tumor-reactive (NTR) gene signature
derived from a recent scRNA-seq and TCR-seq study of tumor-infiltrating CD8* T-cells
from PDAC patients (Z. Meng et al., 2023) was applied. This reference distinguishes
tumor-reactive from bystander CD8" T-cells based on transcriptional programs identified
directly within the PDAC TME. Projection of these signatures onto our dataset revealed
a clear enrichment of the TR signature in sc_cl5, whereas MAIT-like clusters (sc_cl0—4)

preferentially aligned with the NTR program (Fig. 9F).

Collectively, Figure 9 demonstrates that PDAC is associated with distinct transcriptional
programs within circulating CD8*CD161" T-cells, encompassing differential gene
expression, activation of specific transcription factor networks, and cluster-specific TCR-
and cytokine-driven activation. These features converge on a memory-like population
enriched for CX3CR71 and tumor-reactive transcriptional programs, highlighting
pronounced functional heterogeneity between MAIT-like and non-MAIT CD8*CD161*
subsets in PDAC patients (Fig. 9G).
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Figure 9. PDAC promotes TCR/cytokine-driven activation of CD8*CD161* T-cells into
cytotoxic, tumor-reactive states. (A) Volcano plot of differentially expressed genes between
PDAC and HD across all sc_cl (log2FC<-0.2 or >0.2, adjusted p<0.01, minimum percentage
expression>25%). Up- and downregulated genes are highlighted (up=purple; down=green), with
significance indicated by —logio(p-value) and effect size by logz fold change. (B) Heat maps
showing the top 20 upregulated regulons in PDAC compared to HD (left) and in HD compared to
PDAC (right), as identified by SCENIC. Values represent scaled regulon activity scores across all
CD8*CD161* cells. (C and D) Published TCR-activated (C) and cytokine-activated (D)
transcriptional signatures were scored across scRNA-seq clusters (sc_cl0-5). UMAP plots show
signature scores for HD and PDAC separately. Pairwise Cliff's delta effect sizes quantify
differential signature enrichment between HD and PDAC within each cluster. (E) UMAP plot
showing expression of CX3CR1 in HD (left) and PDAC (right). (F) UMAP plot showing the
simultaneous expression of a tumor-reactive (TR, orange) and a non-tumor-reactive (NTR, blue)
gene signature as defined by Meng et al. (Z. Meng et al., 2023), visualized by combined color
coding at the single-cell level. (G) Graphical summary illustrating enhanced TCR- and cytokine-
driven activation of CD8*CD161* cells in PDAC compared to HD, accompanied by increased
expression of tumor-reactivity-associated markers, such as CX3CR1.

4.10 Memory-like sc_cl5 combines strong cytotoxicity with exhaustion-
associated transcriptional features in the apparent absence of overt

dysfunction.

Given that CX3CR1" effector-like CD8" T-cells have been described as highly cytotoxic
but variably associated with dysfunctional or exhausted states (Boéttcher et al., 2015;
Gerlach et al., 2016; J. Ma et al., 2024; Pokharel et al., 2024), it was next examined
whether sc_cl5 exhibits transcriptional features of cytotoxicity, dysfunction, or

exhaustion.

To this end, published gene signatures derived from intratumoral CD8" T-cells of
melanoma patients were applied, which distinguish cytotoxic from dysfunctional
transcriptional programs (H. Li et al., 2019). Across all analyses, sc_cl5 displayed the
strongest cytotoxicity signature, as evidenced by UMAP projection, Cliff's delta effect
sizes, and gene-level dot plots (Fig. 10A). In contrast, the dysfunction signature
displayed overall lower expression levels compared to the cytotoxicity program, but
showed a consistent enrichment in sc_cl5 relative to other clusters, with predominantly
small to moderate effect sizes (Fig. 10B). Notably, sc_cl5 exhibited higher dysfunction
signature expression in all pairwise comparisons except with sc_cl3, and a medium effect
size when compared with sc_cl2. This pattern is compatible with an early or transitional
dysfunctional state as described by Li et al. (H. Li et al., 2019), which has been
associated with active proliferation rather than terminal exhaustion. Thus, sc_cl5
combines strong cytotoxic activity with transcriptional features indicative of early

dysfunction, rather than a terminally dysfunctional or exhausted phenotype.

69



Results

For cross-validation, reference signatures compiled by Andreatta et al. (Andreatta et al.,
2021) were applied, which represent stable CD8" T-cell states across tumors, infections,
and tissues (Fig. 10C). The EarlyActive signature was broadly expressed across all
clusters. In contrast, the EffectorMemory signature was strongly enriched in sc_cl5,
confirming its overall memory-like character while pointing towards a more defined
effector-memory differentiation state. Notably, both T,ex and Tex signatures also showed
their highest expression in sc_cl5. Conversely, sc_cl4 consistently exhibited the lowest
expression of EffectorMemory and Tex signatures, underscoring its distinction from the

memory—like population.

Together, these results indicate that sc_cl5 combines strong cytotoxic and effector-
memory—associated transcriptional programs with features commonly associated with
pre-exhaustion and exhaustion, but not with overt dysfunction. This prompted
examination of how the identified CD8"CD161* subsets differ with respect to circulation-

and residency-associated transcriptional states.
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Figure 10. Cytotoxic and dysfunctional signatures reinforce the tumor-reactive identity of
CD8*CD161* T-cells. (A - C) Published transcriptional signatures were scored across scRNA-
seq clusters (sc_cl0-5). Cytotoxicity and dysfunction signatures (A, B; (H. Li et al., 2019)) and
CD8" T-cell state signatures (C; (Andreatta et al., 2021): EarlyActive, EffectorMemory, Tpex, Tex,
from left to right) are shown. UMAP plots display signature scores, and pairwise Cliff's delta effect
sizes quantify differential enrichment between clusters. For panels A and B, dot plots depict
average gene expression (color scale) and the percentage of cells expressing each gene (dot
size) per cluster.
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4.11 Elevated tissue-residency-associated transcriptional programs
characterize CD8*CD161* T-cells in PDAC.

To assess whether the transcriptional diversity observed within CD8*CD161* T-cell
population in HD and PDAC is associated with circulatory or tissue localization programs,
gene signatures described by Milner et al. (Milner et al., 2017) were applied, which define

core circulating and tissue-resident transcriptional states of CD8* T-cells.

Analysis of the circulating signature revealed no major differences between cells from
HD and PDAC patients across clusters. While expression of circulating-associated
genes was detectable in multiple clusters—most prominently in sc_cl4 and sc_cl5—it did
not display a consistent disease-associated shift, indicating that PDAC does not primarily
alter classical circulating CD8* T-cell programs. In contrast, tissue-residency—associated
transcriptional programs were consistently enriched in PDAC-derived cells across all
clusters. Effect sizes indicated moderate to strong increases in residency-associated
signature expression in cells from PDAC patients compared with cells from HD, with the

most pronounced enrichment observed in sc_cl5.

These findings suggest that CD8*CD161" T-cells in PBMC of PDAC patients—
particularly the memory—like sc_cl5 subset—transcriptionally resemble CD8* T-cells with
enhanced tissue-association and tumor-infiltrating potential. Based on this enrichment of
residency-associated programs, it was next investigated whether CD8*CD161* T-cells

are indeed present within PDAC tissue.
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Figure 11. In PDAC elevated tissue-residency signatures characterize CD8*CD161* T-cells
(A and B) Published (A) core circulating and (B) core residency signatures (Milner et al., 2017)
were scored across scRNA-seq clusters (sc_cl0-5) and shown separately for HD and PDAC.
UMAP plots display signature scores. Pairwise Cliff's delta effect sizes quantify differential
signature enrichment between HD and PDAC within each cluster. Dot plots depict average
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expression (color scale) and percentage of cells expressing each signature gene (dot size) per
cluster.

4.12 Enrichment of CD8*CD161* T-cells in PDAC tumors associates with
improved survival and preferential infiltration of T-BET'RORyt~

subsets.

To evaluate whether the transcriptional tissue-residency programs identified in
circulating CD8*CD161* T-cells are reflected at the tissue level, intratumoral infiltration
of this population in PDAC was assessed. Tissue microarrays (TMA) from 112 PDAC
patients were stained for CD8 and CD161, with matched NAT analyzed in parallel (Fig.
12A). Consistent with the elevated tissue-residency—associated transcriptional programs
observed in circulating CD8*CD161* T-cells from PDAC patients (Fig. 11), the density of
CD8*CD161* cells per mm? was significantly higher in PDAC tumor tissue compared
with NAT.

CD8*CD161™* T-cell infiltration was examined in relation to PDAC molecular subtype (Fig.
12C). GATAG (classical) (O’Kane et al., 2020) showed at most weak positive correlation
with CD8*CD161* cell density, whereas CK5 (basal-like) (O’Kane et al., 2020) exhibited
a weak negative correlation. These findings indicate that CD8*CD161* T-cell infiltration
is largely independent of PDAC subtype and is therefore unlikely to be driven by subtype-

specific differences in tissue architecture or accessibility.

Importantly, CD8*CD161* T-cell density correlated strongly with total CD8*-T-cell density
(cellssfmm?), demonstrating that CD8*CD161* T-cells represent a quantitatively relevant
subset of the overall CD8* T-cell infiltrate and behave comparably to other CD8* T-cell

populations with respect to tumor infiltration (Fig. 12D).

Survival analysis demonstrated that higher intratumoral densities of CD8*CD161* T-cells
were associated with significantly prolonged overall survival in PDAC patients (Fig. 12E).
A similar trend was observed when applying the MAIT transcriptional signature defined
by Yao et al. (T. Yao et al.,, 2020) to publicly available TCGA PAAD (pancreatic
adenocarcinoma) data, which predominantly comprise PDAC cases, although the

association was less pronounced (Fig. 12F).

To determine which CD8*CD161* subpopulation accounts for tumor infiltration, memory—
like cells (sc_cl5) were next discriminated from MAIT-like cells (sc_cl0—4) at the tissue
level. Based on the scRNA-seq and flow cytometry analyses presented above, these

populations were most robustly distinguished by their expression of the transcription
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factors T-BET and RORyt, respectively. T-BET was strongly associated with the
memory—like sc_cl5, whereas RORyt characterized the MAIT-like clusters. Therefore,
quadruple immunofluorescence staining for CD8, CD161, T-BET, and RORyt was
performed (Fig. 12G).

This analysis revealed that CD8*CD161" T-cell infiltration in PDAC tissue was
predominantly composed of T-BET*RORyt™ cells, in line with the transcriptional profile
shown in Fig. 10C. The same population also represented the largest subset in matched
NAT. In contrast, T-BET"RORyt" cells—corresponding to MAIT-like cells—were virtually
absent in both PDAC and NAT, and only a small fraction of double-positive T-
BET*RORVyt* cells was detected (Fig. 12H).

Comparison between conditions further mirrored the transcriptional residency patterns
observed in circulating cells (Fig. 11): infiltration by CD8*CD161" T-BET*RORyt™ cells
was significantly increased in PDAC compared with HD, whereas no significant

differences between conditions were observed for T-BET"RORyt* cells (Fig. 12l).

In summary, CD8*CD161* T-cells are significantly enriched in PDAC tumor tissue, and
higher intratumoral densities of these cells are associated with improved patient survival.
Phenotypic characterization of infiltrating cells reveals a strong predominance of T-BET*
memory—like subsets, indicating that tumor infiltration is mainly driven by non-MAIT
rather than MAIT-like CD8*CD161* T-cells.

Given these pronounced differences in CD8*CD161* T-cell activation, cytotoxicity, and
tissue infiltration between PDAC and HD, it was next investigated whether systemic
factors may be associated with these disease-related alterations. To this end, a proximity
extension assay (PEA) was performed to quantify circulating cytokine levels in patient

serum.

75



Results

A B
ot T A L TRY ¢ g-cus* CI ...
Lo g : 4 Sy e o =
ARy M Gl i T E o NAT
.o‘ n‘:.-lw Lia w0 oy 2 1 ) ‘ : £ 6o ° PDAC
&Da*, P v "Cmsl&"ﬁ P ?M‘EMSI"QW-‘ | CDE'CD1E 1y d = .
‘l'-|-.b\ o9 % L‘I a5 caq .0 ¥ |‘§' E ?
) Py & L 0 O e ; oy, n ~ |.‘__I ~ 40 .,
o cnt‘co,ls.x SRR SR e, )
be 7 i S r % #i ] e
vfi'i"i -+ EF Y e "h 60161** O "o 20
ol=a L R AR ‘-5. 5 ¥ [=] ‘
S L M . x. S —0&}- O
c PDAC: classical PDAC: basal-like D PDAC
o 1009 p=0.002 o 1007 50060 o B0 .
£ r=0.3042 E £ :
E £ £
1 %o w oo
o a o .
o +U B L ] ;;r“"'::/
- - . *, % k) .
s S R B
o o o AV, e p<0.001
O o O | ! . . r=0.3937
(Il 5:[! 1CI|D 1‘50 2&;0
GATAG €Dg*mm?
E + + + + F MAIT signature
CD8'CD1617,;5,, vs CD8"CD161
high low Yao et al.
100 100
= — CD8"CD161"/mm? = 30 . = high signature group
g 50 — CD8*CD161*/mm? < 30 g 75 — low signature group
S 60 p =0.006 )
b = 50
£ 40 @
@ (3]
2 5 25
a 20 o
T 7T 0 1 T T T
0 20 40 60 80 100 120 140 160 180 200 0 25 50 75
G months months

o * T-BET*RORyt T-BET-RORyt+
i ok k * P dkk cD8 CD161 i * i
- @ T-BETRORyt' ”
é 300 0w L @ T-BET'RORyt §
2 560 ® T-BET'RORyt" 2
s O T-BETRORyt 3
g 2
i =

Figure 12. PDAC tumors accumulate CD8*CD161" T-cells associated with improved
survival and exhibit increased infiltration of T-BET*RORyt subsets. (A) Representative
immunostaining of normal adjacent tissue (NAT) and PDAC tissue stained for CD8a (brown) and
CD161 (green). Scale bar 50um. (B) Quantification of CD8+*CD161* cells per mmZ2 in NAT and
PDAC tissue (n=77). Each dot represents one individual; bars indicate mean with standard
deviation. Mann-Whitney U test, ****p<0.0001. (C and D) Dot plots depicting the relationship
between intratumoral CD8*CD161* cell density (cells'/mm?) and histological parameters. (C)
Correlation with PDAC subtype markers—GATAG (classical subtype, left) and CK5 (basal-like
subtype, right). (D) Correlation with total CD8* T-cell density in PDAC tissue. Each dot represents
one individual. Linear regression lines are shown, with corresponding Pearson correlation
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coefficients (r) and p-values indicated. (E and F) Kaplan-Meier survival analysis of (E) PDAC and
(F) PAAD patients stratified by (E) intratumoral CD8*CD161* cell density (high =30 versus low
<30 cells/mm?; optimal cutoff; n=90) and (F) MAIT signature expression (TCGA; Yao et al.). Log-
rank test. (G) Representative immunostaining of PDAC tissue stained for CD8a (blue), CD161
(violet), T-BET (red), and RORyt (green) (from left to right) with corresponding overlay. Scale bar
20pm. (H) Quantification of CD8*CD161* T-cell subsets defined by T-BET and RORyt expression
(T-BET-RORyt*, T-BET*RORyt, T-BET*RORyt*, T-BET-RORyt") in NAT versus PDAC tissue
(n=8). Kruskal-Wallis test with Dunn’s post-hoc test; *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001,
ns not indicated. (I) Paired comparison of CD8*CD161* T-cell subsets (T-BET*RORyt and T-
BET-RORyt*) in matched NAT and PDAC tissue (n=8). Wilcoxon matched-pairs test; *p<0.05, ns
not indicated.

4.13 Opposing associations of IL-12 and IL-18 with MAIT-like and
memory—like CD8"CD161" T-cells in PDAC.

Having established disease-associated differences in the composition, activation, and
tissue infiltration of CD8"CD161" T-cell subsets, it was next investigated whether
systemic cytokine milieus in the circulation are associated with these alterations. To this
end, serum cytokine levels measured via PEA, were correlated with flow cytometry—
derived fc_cl frequencies. IL-12p35 and IL-12p40 levels showed a positive correlation
with the frequency of the memory-like fc_cl1 subset, whereas an inverse trend was
observed for the MAIT-like fc_cl2 subset (Fig. 13A and B). In contrast, IL-18 displayed
the opposite pattern, correlating negatively with fc_cl1 frequencies and positively with
fc_cl2 frequencies (Fig. 13C). To identify systemic factors associated with the relative
balance between these subsets, the proportion of fc_cl1 within the total CD8*CD161*
compartment was modeled using univariate beta regression (Cribari-Neto & Zeileis,
2010). Positive regression coefficients indicate a shift toward fc_cl1 dominance, whereas
negative coefficients reflect a relative enrichment of fc_cl2. Both IL-12 subunits, p35 and
p40, showed a significant positive association with the fc_cl1 proportion, indicating that
higher IL-12 levels are linked to a relative expansion of memory-like cells. In contrast, IL-
18 exhibited a significant negative association, suggesting a shift toward MAIT-like
dominance at higher IL-18 concentrations (Fig. 13D). These results indicate that IL-12
and IL-18 exert opposing systemic influences on the relative distribution of CD8*CD161*

T-cell subsets.

To functionally support these associations at the single-cell level, module scores for
selected cytokine-related pathways were calculated and their expression compared
across the corresponding scRNA-seq clusters. Consistent with the PEA findings, the IL-
12-STAT4 signaling pathway was increased in the memory-like sc_cl5, whereas genes
associated with IL-18 receptor activity and |IL-18—mediated signaling were enriched in
the MAIT-like sc_cl4 (Fig.13 E).
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Collectively, these analyses indicate that IL-12 and IL-18 exert opposing systemic
influences on the CD8*CD161* compartment, with IL-12 favoring expansion of the
memory—like cells and IL-18 promoting the MAIT-like subsets - a relationship that is

further supported by pathway activity at the single-cell transcriptional level.
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Figure 13. Inflammatory cytokines in PDAC shape the balance between MAIT- and Tmem-
like CD8*CD161* T-cells. (A to C) Correlation between serum cytokine levels and flow-derived
CD8*CD161* T-cell clusters (fc_cl1-3). Linear regression plots showing the relationship between
normalized protein expression (npx) of the indicated cytokines in PDAC patient serum and the
frequency of fc_cl1 (left) or fc_cl2 (right). Each dot represents one individual (n=15); Pearson
correlation coefficients (r) and p-values are indicated. (D) Univariate beta-regression evaluating
how serum cytokine levels relate to the fc_cl1/(fc_cl1+fc_cl2) ratio in PDAC. Dots show estimated
coefficients, lines 95% confidence intervals, and numbers p-values for deviation from zero. (E)
Violin plots showing module scores for IL-12/STAT4 signaling (MSigDB M290), IL-18 receptor
activity (GO:0042008), and IL-18—mediated signaling (GO:0035655) in MAIT-like (sc_cl4) versus
Tmem-like (sc_cl5) cells. Median values indicated by horizontal lines. Mann-Whitney U test,
****n<0.0001.
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5 Discussion

PDAC is characterized by late diagnosis and limited therapeutic options. Identifying
systemically accessible immune alterations that reflect tumor-associated immune
responses may therefore provide conceptual and translational value. The following
sections discuss the identified CD8"'CD161* T-cell alterations in PDAC in the context of
current concepts of CD8* T-cell heterogeneity, activation and differentiation states, tumor

reactivity, tissue association, and systemic immune regulation.
5.1 Circulating CD8*CD161* T-cell alterations in PDAC

The presented data identify a pronounced alteration in the circulating CD8*CD161* T-
cell compartment in patients with PDAC. CD8*CD161* T-cells have previously been
described as a therapeutically relevant CD8* T-cell population in humans (Billerbeck et
al., 2010; Fergusson et al., 2011, 2016), also in the tumor context (Konduri, Oyewole-
Said, et al., 2021), where—depending on the tumor entity—they can be associated with
both favorable (Braud et al., 2018; Gentles et al., 2015) and unfavorable (Z. Li et al.,
2020) prognoses. Against this background, the question arises whether systemically
detectable alterations within the CD8*CD161" T-cell compartment may reflect tumor-

associated immune responses.
Systemic detection of cancer-associated CD8" T-cell states in PDAC.

Tumor-associated CD8* T-cell responses are increasingly recognized as not being
strictly confined to tumor tissue but may also be detectable in the peripheral blood of
patients with PDAC. Several studies have reported that circulating CD8* T-cell
populations in PDAC patients can reflect ongoing cancer-associated immune activity.
Flow cytometric analyses identified increased frequencies of circulating PD-1"TCF 17 Tpex
associated with prolonged survival, indicating that antigen-experienced CD8* T-cell
states with favorable prognostic impact can be detected systemically (Xagara et al.,
2025). Consistently, peripheral tumor-associated antigen-specific CD8* T-cell responses
correlate with clinical parameters including serum CA19-9 levels, postoperative
recurrence risk, and treatment outcome (Murakami et al., 2024). Importantly, although
such peripheral responses do not directly demonstrate in vivo tumor control, their
association with prognosis suggests that circulating T-cell states may capture aspects of
systemic immune engagement in the tumor context. Earlier work further identified
circulating lymphocytes responsive to autologous tumor cells specifically in PDAC but
not inflammatory controls such as CP (Schmitz-Winnenthal et al., 2005). Evidence for a
biological connection between tumor and peripheral immune compartments is further

supported by studies demonstrating overlap between tumor-expanded T-cell clones and
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circulating T-cell repertoires in PDAC patients, indicating that tumor-associated clonal
selection can extend beyond the TME (Sivakumar et al., 2025). Earlier work additionally
showed that tumor-antigen—specific ENO1-reactive T-cells, initially identified among TIL,
can also be isolated from peripheral blood and are associated with improved survival,
suggesting that antigen-experienced T-cells may recirculate between tumor tissue and

the systemic compartment (Niccolai et al., 2016).

Collectively, these observations suggest that peripheral blood in PDAC may harbor
clinically and biologically informative CD8* T-cell differentiation states shaped by tumor-
associated immune processes. Within this emerging framework, the systemic alterations
observed in the CD8*CD161* T-cell compartment in the present study may therefore be
interpreted as cancer-associated immune states detectable in circulation. However, the
present data do not allow conclusions regarding antigen specificity or direct tumor
reactivity. Direct assessment of antigen recognition and functional relevance will require
complementary approaches beyond the scope of the present study. In particular, TCR-
sequencing and functional assays, such as antigen-specific stimulation or tumor-directed
killing experiments, will be necessary to determine whether the identified CD8*CD161*T-
cell population represents tumor-associated effector states. In addition, validation in
larger clinically well-characterized cohorts, longitudinal analyses, and refinded patient
stratification will be required to assess the stability, dynamics, and disease-stage

specificity of these immune alterations.
Distinction between inflammatory and PDAC-associated systemic immune alterations

The inclusion of patients with CP as an inflammatory control cohort allowed
differentiation between inflammation-associated and PDAC-associated immune
alterations. Partial changes within the CD8*CD161* compartment were also observed in
CP, indicating that pancreatic inflammation itself may contribute to systemic modulation
of these cells. PDAC, however, appeared to be associated with more pronounced

alterations that cannot be fully accounted for by inflammatory disease alone.

This graded pattern may indicate partially overlapping systemic immune modulation in
inflammatory and malignant pancreatic disease, while PDAC appears to be associated
with quantitatively stronger or qualitatively distinct alterations. Given that CP represents
a recognized risk condition for PDAC development, shared immune alterations may
reflect shared inflammatory conditions, however, longitudinal studies will be required to
determine whether these changes relate to disease progression or represent

independent consequences of chronic inflammation.
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Because the present dataset lacks TCR-based lineage information and direct functional
assays, antigen specificity and direct tumor reactivity cannot be inferred. Throughout this
discussion, “tumor-associated” refers to PDAC-enrichment and transcriptional alignment

with CD8* T-cell programs reported in tumor contexts.

5.2 Delineation from MAIT-cells and functional diversity of the
CD8*CD161* compartment

CD161 as a marker of a functionally heterogeneous CD8 * spectrum

The interpretation of the CD8*CD161* T-cell population identified in this study requires
a differentiated consideration of the functional and phenotypic heterogeneity within this
compartment. In the literature, CD8" T-cells expressing CD161 have so far been
classified according to different criteria, including the intensity of CD161 expression
(CD161"d9" CD161™) or based on functional properties (Fergusson et al., 2011). Other
studies distinguish within the CD8*CD161" population between MAIT-cells, Tc17-like
cells, memory-associated subpopulations, and non-MAIT, MR1-independent
CD8*CD161* T-cells (Konduri, Oyewole-Said, et al., 2021). Current review articles
highlight the functional variety of CD161-expressing CD8* T-cells and emphasize that

CD161 expression does not define a uniform cell population (Tong et al., 2025).

Moreover, CD161 expression on CD8* T-cells is not static but is dynamically regulated
by activation state, differentiation, and immunological context (Tong et al., 2025). Given
this heterogeneity, a detailed functional and molecular characterization of the
CD8*CD161* compartment was required to accurately contextualize the systemic

alterations observed here in PDAC.
Delineation of MAIT and non-MAIT CD87CD161* subpopulations

Within this spectrum, MAIT-cells represent a prominent and comparatively well-defined
subgroup (Ussher et al., 2014). They are characterized by the expression of a semi-
invariant, MR1-restricted T-cell receptor and are typically identified in peripheral blood
by the combination of TCR-Va7.2 expression and high CD161 expression (Dusseaux et
al., 2011; Martin et al., 2009; Salou et al., 2025). Accordingly, CD161 expression alone
is not sufficient to clearly distinguish MAIT-cells from other non-MAIT CD8*CD161*
subpopulations. In the presented data, the identity of the MAIT cluster was further
supported by the high expression of established transcriptional MAIT markers, including
SLC4A10, which has been described as a reliable component of human MAIT
transcriptional programs (C. Zheng et al., 2017).
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Beyond MAIT-cells, however, the non-MAIT CD8*CD161* compartment is also
functionally heterogeneous. Within this population, CD8" T-cell states with effector-like,
cytotoxic properties can be identified, as well as cells with more innate-like functional
profiles (Konduri, Oyewole-Said, et al., 2021; Kurioka et al., 2018). These subpopulations
differ not only in their transcriptional programs but also in their dominant activation
mechanisms, ranging from classical TCR-mediated activation to pronounced cytokine
responsiveness (Ussher et al., 2014). Accordingly, consideration of CD161 expression
alone does not allow an unambiguous functional classification of CD8* T-cells, as it does

not distinguish between distinct differentiation and activation states.
Methodological considerations in defining CD8CD161” T-cell populations

Divergent functional interpretations of CD8*CD161* T-cells reported in previous studies
likely reflect differences in population definition and analytical resolution. Earlier analyses
frequently relied on bulk approaches or limited marker combinations, thereby pooling
functionally distinct subpopulations and contributing to an overall inconsistent functional
characterization of non-MAIT CD8*CD161* T-cell states (Braud et al., 2018; Gentles et
al.,, 2015; Welters et al.,, 2018). Recent advances, including MR1 tetramers,
multiparametric phenotyping, and single-cell transcriptomics, now allow more precise
discrimination between MAIT and non-MAIT CD8*CD161" T-cell states (Edmans et al.,
2024; Garner et al., 2023; Legoux et al., 2019).

Multi-omics as a prerequisite for functional classification of tumor-associated states

In our scRNA-seq data, MAIT-cells did not appear as a homogeneous cell type but were
divided into several transcriptionally distinct clusters (sc_cl0-3). This subdivision is
consistent with current concepts of MAIT biology, which assume functionally distinct
MAIT states (Chandra et al., 2023; Garner et al., 2023; Vorkas et al., 2022). Trajectory
analysis captures continuous gradients of MAIT-associated transcriptional programs and
reflects functional state differences without implying ontogenetic developmental

sequences.

The transcriptional heterogeneity observed even within MAIT-cell subsets underscores
that a purely phenotypic characterization of CD8*CD161* T-cells is insufficient to
adequately capture this population. Only the combination of phenotypic and
transcriptional information allowed a clear delineation of the
CD8*CD161* subpopulations identified in this study and their functional classification in
the context of tumor-associated immune responses. MAIT and non-MAIT
CD8*CD161" T-cells differ fundamentally in their activation mechanisms: whereas MAIT-

cells express an MR1-restricted, invariant TCR that recognizes non-peptidic antigens

84



Discussion

(Kjer-Nielsen et al., 2012), non-MAIT CD8*CD161* T-cells carry a polyclonal TCR that
is activated via classical peptide—-MHC-I complexes. Moreover, MAIT-cells can be
strongly and TCR-independently activated by proinflammatory cytokines such as IL-12
and IL-18 (Lamichhane et al., 2019; Loh et al., 2016; Slichter et al., 2016), whereas non-
MAIT CD8*CD161* T-cells, although also exhibiting increased cytokine sensitivity
(Ussher et al., 2014), generally require prior TCR-mediated priming (Fergusson et al.,
2016; Maurice et al., 2021).

Thus, it becomes clear that MAIT and non-MAIT CD8*CD161* T-cells fulfill distinct
biological roles in the tumor context, and that a clear delineation of both populations is
indispensable for the interpretation of tumor-associated immune responses (Konduri,
Oyewole-Said, et al., 2021; Ruf et al., 2021; Yan et al., 2020).

5.3 Transcriptional characterization of functional and tissue-associated
features of the CD8"CD161* non-MAIT subpopulation

A central aim of this work was the transcriptional characterization of the CD8*CD161*
non-MAIT subpopulation enriched in PDAC in order to determine whether these cells
exhibit features associated with activated and cytotoxic CD8* T-cell states described in
tumor contexts. As single-cell transcriptomic analyses were performed exclusively in HD
and PDAC patients, the following section focuses on transcriptional differences between
these groups, while inflammation-associated alterations observed in CP are discussed

at the systemic level above.
Transcriptional activation and cytotoxic features

The functional classification of the CD8*CD161* non-MAIT subpopulation enriched in
PDAC (sc_cl5) points toward an activated, Tem—like CD8" T-cell state characterized both
by pronounced activation features and by a strong cytotoxic effector program.
Comparison with published transcriptional signatures of activated CD8* T-cells showed
that these cells in the peripheral blood of PDAC patients exhibit increased concordance
with activation-associated programs (Garner et al., 2023). It should be noted that some
of the signatures applied were originally derived from MAIT-cell contexts but were used
here to assess conserved activation-associated transcriptional programs rather than
MAIT-cell identity, without implying equivalence of the underlying activation

mechanisms.

Overall, cytokine-induced activation programs in particular showed lower discriminatory
power between the CD8"CD161* subpopulations, consistent with the known cytokine

responsiveness of both MAIT and non-MAIT-cell states (Garner et al., 2023; Ussher et
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al., 2014). Nevertheless, in comparison with an early activation signature of tumor-
infiltrating CD8" T-cells, the non-MAIT subpopulation displayed a markedly stronger
similarity than the MAIT-associated clusters (Andreatta et al., 2021). This supports the
classification of sc_cl5 as an activated CD8* T-cell state, even though no direct
conclusions regarding antigen specificity or the exact activation pathway can be drawn
from this alone. Beyond these activation features, the pronounced cytotoxic effector
profile in particular argues for a functional specialization of this population. Already at the
phenotypic level, the PDAC-enriched CD8*CD161* non-MAIT subpopulation was
characterized by high expression of T-BET and SLAMF7, accompanied by co-
expression of selected exhaustion markers, which in the context of chronic antigen
exposure are often observed as an indication of activation (Lingel et al., 2025; Sander et
al., 2025). These observations were consistently supported at the transcriptional level by
scRNA-seq data. Sc_cl5 showed marked upregulation of classical cytotoxic effector and
NK-associated genes, including GZMB, GNLY, KLRD1, NKG7, and CX3CR1. Such
transcriptional programs are characteristic of antigen-experienced CD8* T-cells with
pronounced effector potential and have been linked in various tumor contexts to
functionally active, cytotoxic CD8* T-cell states (Fagerberg et al., 2025; Ham et al., 2025;
Lelliott et al., 2022). The functional relevance of individual genes upregulated in sc_cl5
further supports this classification. Expression of the transcription factor KLF2 in CD8"
T-cells has been associated with the maintenance of stem-like states and limitation of
terminal dysfunction (Fagerberg et al., 2025). The cytotoxic effector protein NKG7 has
been described both in murine tumor-infilirating CD8" T-cells as an enhancer of the
immunological synapse (Lelliott et al., 2022) and in the human context as an mTORC1-
regulating factor required for an optimal cytotoxic immune response (Ham et al., 2025).
In addition, ZEB2 is considered a central regulator of the differentiation of naive CD8* T-
cells into effector and memory states (Sasidharan Nair et al., 2025). SLAMF7 has
likewise been characterized in human CD8* T-cells as a potent initiator (Lingel et al.,
2025) and key amplifier (Sander et al., 2025) of cytotoxic response programs.
Accordingly, functional enrichment analyses assigned these cells to Tew—associated
CD8" T-cell states. Comparison with established cytotoxicity signatures from the tumor
context further underscores this classification: cytotoxic as well as Tpex- and Tex-
associated programs were more strongly represented in sc_cl5 than in the other
CD8*CD161* subpopulations, including the MAIT-dominated cluster sc_cl4 (Andreatta
et al., 2021; H. Li et al., 2019).

Taken together, these findings indicate that the identified CD8*CD161* non-MAIT

population exhibits the functionally strongest cytotoxic effector status within the
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compartment examined and may represent a prominent immunological state that

appears to be enriched in the PDAC context.
Alignment with cancer-associated transcriptional features

Since indications of activation and cytotoxic effector potential were most pronounced
within the CD8*CD161* non-MAIT subpopulation (sc_cl5), the next question was to what
extent these cells display features of tumor-reactive CD8* T-cell states. An initial
indication arose from the expression of CX3CR1, a marker of antigen-experienced
CD8* T-cells described in both viral and tumor contexts (Gerlach et al., 2016; Pokharel
et al., 2024). Moreover, CX3CR1 has been associated in peripheral blood with effective
antitumor T-cell responses (Yamauchi et al., 2021) and highlighted as a functionally
relevant component of antitumor immunity (J. Ma et al.,, 2024), following early

characterization of these cells as cytotoxic Tem cells (Bottcher et al., 2015).

Using published transcriptional signatures distinguishing tumor-reactive from non-tumor-
reactive CD8" T-cell states derived from PDAC tumor tissue (Z. Meng et al., 2023), we
observed that the corresponding “tumor-reactive” score was predominantly captured by
the CD8*CD161* non-MAIT cluster (sc_cl5). Importantly, signature concordance reflects
similarity to previously described expression programs and does not demonstrate
antigen specificity. Thus, this finding should be interpreted as supportive evidence that
sc_cl5 aligns with cancer-associated activation states reported in PDAC, while direct

tumor reactivity remains to be functionally validated.

Taken together, these findings indicate that the CD8*CD161* non-MAIT T-cells enriched
in PDAC combine transcriptional features associated with activated and cytotoxic CD8*

T-cell states reported in tumor contexts.
CD161 expression and tissue-associated CD8" T-cell differentiation

CD161 expression has increasingly been associated with tissue-adapted and barrier-
associated CD8" T-cell states rather than defining a strictly tissue-resident population
(Fergusson et al., 2014). CD8*CD161* T-cells are enriched in peripheral tissues and
frequently display transcriptional programs linked to tissue homing, local immune
surveillance, and rapid effector responsiveness (Fergusson et al., 2016; Konduri,
Oyewole-Said, et al., 2021). Importantly, such tissue-associated differentiation programs
do not preclude recirculation, and CD161-expressing CD8* T-cells have been described
in both tissue compartments and peripheral blood (Dusseaux et al., 2011; Kurioka et al.,
2017).
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In this context, the detection of CD8*CD161* T-cell alterations in peripheral blood does
not necessarily imply direct reflection of intratumoral immunity but may instead indicate
a population characterized by prior tissue exposure or tissue-directed migratory

potential.
Tissue-association and compartmental distribution.

CD161 expression has been linked to tissue-associated differentiation programs, raising
the possibility that these cells contribute to compartment-specific immune organization,

also within the tumor context.

To approach this question, the transcriptional similarity of the identified
CD8*CD161* clusters to published expression profiles of circulating and tissue-
associated CD8" T-cell states was analyzed (Milner et al., 2017). In this data, no
pronounced differences in circulation-associated expression patterns between PDAC
and healthy donors were observed. In contrast, residency-associated transcriptional
programs were at least moderately increased across all clusters in PDAC, with the
strongest effect in the CD8*CD161* non-MAIT subpopulation (sc_cl5). This argues for
increased tissue association of these cells, without them clearly corresponding to a
strictly tissue-resident state. The ftranscriptional indications of increased tissue
association are supported by our histological analyses. Examination of TMA revealed a
markedly increased density of CD8"CD161* T-cells in PDAC tissue compared with
corresponding NAT. It must be noted that at this level, a clear distinction between MAIT
and non-MAIT subpopulations is currently not possible. Nevertheless, the increased
intratumoral presence alongside reduced overall frequency in peripheral blood (Fig. 2D)
is consistent with a redistribution between compartments. Further classification was
enabled by additional analysis of the transcription factors RORyt and T-BET, which were
used as established markers to distinguish MAIT-associated and conventional cytotoxic
CD8" T-cell states. While RORyt was detectable only to a limited extent, the proportion
of T-BET—expressing CD8"CD161* cells dominated both in tumor tissue and NAT. In
direct comparison, however, a significant increase in T-BET* CD8*CD161* cells was
observed in PDAC tissue, consistent with increased representation within the tumor
tissue. Together, transcriptional indications of tissue association and the increased
presence of CD8'CD161* T-cells within PDAC tissue support the interpretation that
systemic alterations observed in peripheral blood may be linked to tissue-associated

CD8" T-cell states rather than representing independent circulating populations.
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Differentiation state and functional persistence.

In context of the tissue-associated features discussed above, the simultaneous detection
of CD8*CD161™* T-cells in peripheral blood and tumor tissue is compatible with dynamic
trafficking between circulation and peripheral tissues. While the present data do not allow
conclusions regarding the precise site of priming or clonal expansion, these observations
are consistent with tissue-associated, antigen-experienced CD8* T-cell states that may
transiently recirculate between blood and tissue compartments (Milner et al., 2017;
Sallusto et al., 1999).

Collectively, our data most strongly support a dynamic model in which the
CD8*CD161* T-cells detectable in blood do not represent an independent terminal stage
but rather constitute part of a systemic tumor-associated CD8* T-cell response that is
functionally positioned between circulation and tissue. Classification of the differentiation
status of the CD8"CD161* non-MAIT subpopulation requires integrated consideration of
activation, cytotoxicity, and exhaustion-associated features. Current models of CD8" T-
cell differentiation indicate that sustained antitumor immunity is maintained by
functionally persistent, non-terminally exhausted populations rather than terminal
effector states (Miller et al., 2019; Simoni et al., 2018; Utzschneider et al., 2020). In this
context, the combined presence of cytotoxic effector programs together with selected
exhaustion-associated markers and signatures (Fig. 10C) (Andreatta et al., 2021)
observed in this study is compatible with a differentiated yet functionally sustained CD8*
T-cell state. Consistent with this interpretation, the CD8*CD161* non-MAIT population
exhibits transcriptional features compatible with Tem—associated CD8* T-cell states with
preserved migratory capacity between blood and tissue compartments (Gitto et al., 2021;
Sallusto et al., 1999).

These observations raise the question of which systemic signals, particularly cytokines,
may contribute to the stabilization or functional manifestation of these transcriptionally
defined CD8" T-cell states.

5.4 Relationship  between systemic cytokine signals and
CD8*CD161* T-cell subpopulations

Differential cytokine associations of MAIT and non-MAIT subpopulations

In the presented data, a distinct relationship between systemic cytokine signals and the
identified CD8*CD161* subpopulations emerged. While the frequency of the non-MAIT

CD8*CD161* subpopulation (fc_cl1, corresponding to sc_cl5) correlated positively with
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IL-12 but negatively with [L-18, the MAIT-dominated subpopulation (fc_cl2/sc_cl4)
exhibited the opposite pattern.

This finding can be interpreted in light of earlier functional studies describing MAIT-cells
as responding particularly strongly and rapidly to IL-12— and IL-18-driven activation
(Sattler et al., 2015; Ussher et al., 2014; Van Wilgenburg et al., 2016). At the same time,
our data suggest that MAIT and non-MAIT subpopulations in the PDAC context may be
differentially shaped by systemic IL-12- versus IL-18-dominated milieus, consistent with
the innate-like activation properties and high cytokine responsiveness of MAIT-cells. In
contrast, CD8*CD161" non-MAIT T-cells have likewise been described as I1L-12/IL-18
responsive, but with an overall attenuated response and a stronger dependence on prior

TCR priming and the memory status of the cells (Fergusson et al., 2014).
Mechanistic hypotheses regarding differential IL-12 and IL-18 responsiveness

The observed differential association of MAIT and CD8*CD161" non-MAIT
subpopulations with IL-18 and IL-12, respectively, raises the question of the underlying
mechanisms. Within the inflammatory cytokine milieu characteristic of PDAC (Gutierrez-
Sainz et al., 2024; Yako et al., 2016) a plausible explanation may lie in differences in
cytokine receptor expression and signal integration between these cell types. MAIT-cells
express high levels of the IL-18 receptor and respond to IL-18 signals with pronounced
innate-like activation and rapid cytokine production, often also independently of prior
TCR stimulation (Cole et al., 2020; Fergusson et al., 2014; Ussher et al., 2014). In
contrast, CD8"CD161* non-MAIT T-cells may depend more strongly on IL-12 signals,
which not only promote acute effector functions but also shape differentiation- and
functional programming (Trinchieri, 2003). IL-12 is known to promote cytotoxic programs,
T-BET expression, and Tew—associated properties in antigen-experienced CD8* T-cells
(Curtsinger et al., 2003; Keppler et al., 2012). In addition to intrinsic differences in
cytokine responsiveness observed within CD8*CD161* T-cell subpopulations in our
dataset, the observed associations with systemic IL-12 and IL-18 levels may reflect
interactions with PDAC-associated innate immune compartments. Myeloid populations,
including tumor-associated macrophages and dendritic cells, represent dominant
immune components of the PDAC microenvironment (Falcomata et al., 2023; Plesca et
al., 2022) and may constitute plausible cellular sources of IL-12 and IL-18 production
(Nakanishi et al., 2001; Trinchieri, 2003). Given the pronounced sensitivity of MAIT-cells
to IL-18-mediated activation and the enhanced IL-12 responsiveness observed in
CD8*CD161" non-MAIT cells, cytokine signals arising from such PDAC-associated
inflammatory networks could contribute to the observed associations between systemic
cytokine levels and CD8*CD161* T-cell subpopulations. While the precise anatomical
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sources cannot be resolved in the present study, this framework provides a biologically
plausible link between systemic cytokine levels and the observed alterations in MAIT and
CD8*CD161* non-MAIT T-cell frequencies.

Against this background, our data suggest that systemic IL-12 signals are selectively
associated with the expansion or stabilization of an activated, cytotoxic CD8*CD161*
non-MAIT population, whereas IL-18-dominated signals are primarily linked to MAIT-
associated effector responses. Taken together, these observations support the
interpretation that differential cytokine responsiveness and PDAC-associated
inflammatory signaling may jointly contribute to the systemic immune patterns observed
in MAIT and CD8*CD161* non-MAIT T-cell populations, while the precise mechanistic

relationships remain to be clarified.

5.5 Implications, limitations, and future perspectives

Clinical and conceptual relevance

Conceptually, this work demonstrates that a clearly distinguishable CD8*CD161* non-
MAIT T-cell population is detectable in the peripheral blood of patients with PDAC and
differs from healthy and inflammatory control cohorts. The observed separation between
patient groups in blood-based analyses highlights that systemic immune alterations
associated with PDAC can be captured beyond tumor tissue and may complement
predominantly tissue-focused approaches to tumor immune characterization. While
these findings do not establish diagnostic applicability, they support further investigation
of systemic immune parameters as potential complementary readouts in PDAC immune

profiling.

Innate-like CD8*CD161* T-cells have so far been only sparsely investigated in PDAC.
Previous studies associated intratumoral CD8*CD161" infiltration with improved survival
but analyzed MAIT and non-MAIT cells as a combined population (Q. Chen et al., 2024).
By resolving phenotypically and transcriptionally distinct CD8*CD161* subpopulations,
the present work refines this concept and indicates that observed PDAC-associated
alterations predominantly involve the non-MAIT fraction. The systemic detection of these
CD8*CD161* T-cell populations suggests that tumor-associated immune processes may
extend beyond the local tumor microenvironment and can be accompanied by
measurable systemic immune adaptations. Peripheral blood may therefore provide
accessible insight into PDAC-associated immune alterations, although it cannot be

considered a direct surrogate of intratumoral immunity.

The distinction between MAIT and non-MAIT CD8*CD161* T-cells is conceptually

relevant, as both populations differ fundamentally in activation mechanisms and antigen
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recognition principles. These differences may become important when considering future
immunomodulatory or cell-based strategies. In this context, preclinical studies have
reported improved tumor control using CAR T-cells generated from CD8*CD161* Tewm-
cells in orthotopic pancreatic tumor models (Konduri, Joseph, et al., 2021). However,
whether PDAC-associated CD8*CD161* populations identified in peripheral blood
exhibit comparable functional properties remains unknown and cannot be inferred from

the present data.
Limitations

The present study has several limitations that must be considered when interpreting the
results. A major limitation relates to the scRNA-seq analyses, which were performed on
a limited number of patients and yielded comparatively low cell numbers within individual
CD8*CD161* subclusters. As a consequence, detection of specific populations was not
possible across all samples, and transcriptional characterization relies on comparatively
small cluster sizes. These constraints limit the resolution at which subpopulation-specific
conclusions can be drawn and warrant cautious interpretation, particularly with regard to

functional classification and inter-patient generalizability.

In addition, functional ex vivo analyses, in particular direct killing assays, could not be
performed, as only cryopreserved samples were available and there was no access to
autologous tumor cells. Accordingly, functional classification of the identified
CD8*CD161* non-MAIT population is primarily based on transcriptional and phenotypic

features as well as comparisons with published signatures.

The measured cytokine concentrations are also based exclusively on serum samples
and do not allow conclusions regarding local cytokine milieus within the tumor tissue.
Furthermore, the bioactivity of IL-18 was not directly assessed, as IL-18BP, a natural
inhibitor, was not measured. Accordingly, the measured serum IL-18 concentrations do
not necessarily reflect the actually available receptor-active cytokine fraction. In addition,
serum cytokine measurements do not allow conclusions regarding the cellular origin of
IL-12 or IL-18.

Finally, the precise delineation of MAIT and non-MAIT-cells in tissue remains
methodologically challenging and should be further improved in future multiplex

approaches.

Conceptually, central questions remain open, particularly regarding the site and timing
of priming as well as whether the observed systemic alterations are cause or a
consequence of tumor-associated immune responses, and to what extent alterations

detected in peripheral blood correspond to cellular distributions observed in tumor tissue.
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Conclusion and outlook

Taken together, the data indicate that PDAC is associated with a systemically detectable,
functionally specialized CD8*CD161* non-MAIT T-cell population that is enriched in
peripheral blood and characterized by an Ten—like, cytotoxic, and partially exhaustion-
associated transcriptional program. This highlights that tumor-associated CD8* T-cell
states are not confined to tumor tissue but are also reflected in the blood as part of a

systemic immune response.

The work further underscores that CD8*CD161*" T-cells are not a homogeneous
population and that a clear distinction between MAIT and non-MAIT states is crucial for

correctly interpreting tumor-associated immune reactions.

Compared with the existing literature, the central novelty of this work lies not in
considering CD8*CD161* T-cells as a uniform population, but in systematically resolving
their functional heterogeneity and identifying a tumor-associated non-MAIT Tem—like
subpopulation in the blood of PDAC patients. While earlier studies predominantly
described CD8*CD161* T-cells intratumorally or analyzed MAIT and non-MAIT-cells
jointly, this work demonstrates that a differentiated multi-modal characterization is
necessary to adequately capture the systemic dimension of tumor-associated CD8* T-

cell responses in PDAC.

With regard to the research questions formulated at the outset, the present data show,
first, that tumor-associated CD8* T-cell states are detectable systemically in the
peripheral blood of PDAC patients. Second, it becomes clear that the
CD8*CD161* compartment does not represent a homogeneous population but is
subdivided into functionally and transcriptionally distinct MAIT and non-MAIT
subpopulations. Third, CD8*CD161* non-MAIT cells enriched in PDAC exhibit
transcriptional features consistent with activated and cytotoxic CD8" T-cell states
previously described in tumor contexts. Fourth, the data indicate that these systemic
alterations may be linked to increased tissue association and tumor infiltration. Fifth, the
opposing associations of MAIT and non-MAIT subpopulations with IL-18 and IL-12,
respectively, suggest that systemic cytokine signals may contribute to the functional

manifestation and relative balance of these cell states.

Despite the integrative multi-modal approach applied here, central questions remain
unresolved, particularly regarding antigen specificity, clonal expansion, the site and
timing of priming, and the relationship between circulating and tissue-associated
CD8*CD161* T-cell states. Future studies integrating longitudinal blood sampling, paired
tumor—blood analyses, TCR repertoire sequencing, advanced spatial and multiplex
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tissue approaches, and functional validation experiments will be required to clarify
migration dynamics, antigen specificity, and the biological role of these populations in
PDAC progression and immune control. In addition, investigations in larger and clinically
stratified patient cohorts will be essential to determine the robustness, temporal

dynamics, and disease-context specificity of these immune alterations.

Such integrative approaches will be essential to determine how systemically detectable
CD8*CD161* T-cell states contribute to tumor-associated immune responses and

whether they play an active role in antitumor immunity in PDAC.
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