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Zusammenfassung

Einfuhrung: Lungen- und kolorektale Karzinome zahlen weltweit zu den haufigsten
und todlichsten malignen Erkrankungen. Dies verdeutlicht die Bedeutung eines
besseren Verstandnisses dieser Tumorentitaten und der Krebsbiologie insgesamt.
Neben genetischen Mutationen ruckt zunehmend das Tumormikromilieu in den

Fokus, insbesondere die mogliche Rolle intratumoraler Mikroorganismen.

Methodik: Ziel dieser Arbeit war es, die bakterielle Last in archiviertem FFPE-
Tumormaterial mittels 16S-basierter qPCR und droplet digital PCR (ddPCR) zu
quantifizieren und mdgliche Zusammenhange mit histopathologischen Parametern
sowie ausgewahlten genetischen Mutationen zu untersuchen. Untersucht wurden
21  Tumorproben, darunter primare kolorektale Karzinome, primare
Lungenkarzinome sowie pulmonale Metastasen kolorektaler Karzinome. Die
verwendete DNA  stammte aus Restmaterial der routinemafigen
molekularpathologischen Diagnostik. Zusatzlich wurden Nekrose, Muzingehalt und

entzindliche Infiltration anhand von H.E.-Schnitten semiquantitativ evaluiert.

Ergebnisse: Die mittels gPCR und ddPCR bestimmten 16S-rRNA-Kopienzahlen
korrelierten stark positiv miteinander (Spearman r = 0.90, p = 0.0009, n = 10). Im
Vergleich zur gPCR erwies sich die ddPCR jedoch als sensitiver, insbesondere bei
niedriger bakterieller DNA-Menge. In den Gruppenvergleichen zeigten kolorektale
Karzinome die hochste und primare Lungenkarzinome die niedrigste bakterielle
Last. Lungenmetastasen wiesen signifikant hohere Nekroseanteile auf als die
Primartumoren. Eine signifikante negative Korrelation bestand zwischen der
ddPCR-basierten bakteriellen Last und dem Ausmal} der entzundlichen Infiltration
(Spearman r = -0.65, 95%-KI -0.85 bis -0.29, p = 0.0015, n = 21). Fur die
bakterielle Last und Nekrose, Muzingehalt sowie den Mutationsstatus von KRAS,

TP53 und PIK3CA ergaben sich keine signifikanten Zusammenhange.

Diskussion: Ein methodischer Vorteil der Studie liegt in der Verwendung
Ubriggebliebener DNA aus der Routinediagnostik, die aus seriellen Schnitten
unmittelbar nach den histologisch beurteilten Praparaten gewonnen wurde.
Dadurch war eine direkte raumliche Zuordnung zwischen molekularen und

morphologischen Befunden mdglich. Gleichzeitig zeigt die Arbeit, dass eine



bakterielle Quantifizierung grundsatzlich in bestehende diagnostische Ablaufe
integrierbar ist. Zusammenfassend belegt die Studie die Nachweisbarkeit
intratumoraler bakterieller DNA in FFPE-Material und weist auf eine mogliche

Interaktion zwischen bakterieller Last und tumorassoziierter Entzindung hin.



Abstract

Introduction: Colorectal and lung carcinomas are among the leading causes of
cancer-related death worldwide, highlighting the need for a better understanding of
these entities and cancer biology in general. The role of intratumoral microbiota in
cancer biology has gained increasing attention in recent years. While tumor
development has traditionally been linked to genetic and epigenetic alterations, it
has become evident that the tumor microenvironment also includes microbial
components. Intratumoral bacteria have been associated, among other factors, with
immune cell infiltration, modulation of inflammatory pathways, tumor growth, and
response to therapy. These findings suggest that tumor-associated microbiota
represent an additional layer of biological complexity in cancer and that a better
understanding of the tumor microenvironment (TME) is required to properly address

these observations.

Methods and study design: This study aimed to quantify intratumoral bacterial
load in archival FFPE tumor tissue using 16S quantitative PCR (QPCR) and droplet
digital PCR (ddPCR) and to explore potential associations with histopathological
features and selected genetic alterations. 21 tumor samples were analyzed,
including primary colorectal carcinomas, primary lung carcinomas, and colorectal
cancer metastases to the lung. DNA was obtained from residual material generated
during routine molecular diagnostic procedures. Tumor necrosis, mucin content,
and inflammatory infiltration were semi-quantitively assessed on hematoxylin—

eosin—stained sections.

Results: 16S rRNA gene copy numbers measured by gPCR and ddPCR showed a
strong positive correlation (Spearman r = 0.90, p = 0.0009, n = 10). Compared to
gPCR, ddPCR demonstrated superior sensitivity, particularly in samples with low
bacterial DNA abundance. In group comparisons, primary colorectal carcinomas
exhibited the highest intratumoral bacterial load, whereas primary lung carcinomas
showed the lowest levels. Lung metastases displayed significantly higher necrosis
scores compared to primary tumors. A significant inverse association was observed
between ddPCR-based bacterial load and the extent of inflammatory infiltration
(Spearman r = -0.65, 95% CIl -0.85 to -0.29, p = 0.0015, n = 21). No significant



associations were detected between bacterial load and necrosis, mucin content, or
the mutational status of KRAS, TP53, and PIK3CA.

Conclusion: A particular strength of this study is the use of residual DNA derived
from routine diagnostic workflows. DNA was extracted from serial FFPE sections
directly following the histologically assessed slides, allowing spatial correlation
between molecular and morphological analyses. This approach supports the
potential integration of microbial quantification into standard pathological
diagnostics without additional tissue processing. In summary, intratumoral bacterial
DNA can be detected in FFPE tumor material using molecular techniques, with
ddPCR providing superior sensitivity in low-biomass samples. The observed
association between bacterial load and inflammatory infiltration suggests a potential
interaction  between tumor-associated microbiota and the immune

microenvironment.

10



1. Introduction

1.1 Epidemiology of lung cancer and colorectal cancer

According to the most recent global cancer estimates published by the International
Agency for Research on Cancer (IARC) through its GLOBOCAN 2022 database,
lung cancer and colorectal cancer (CRC) together represent two of the most
significant contributors to the worldwide cancer burden (1). Their combined impact
accounts for a substantial proportion of global cancer incidence and mortality,
reflecting both the prevalence of major risk factors and the challenges associated

with early detection and effective treatment across different regions.

Lung cancer remains the most frequently diagnosed cancer globally, with
approximately 2.5 million new cases reported in 2022, corresponding to 12.4% of
all cancer diagnoses. It is also the leading cause of cancer-related death,
responsible for an estimated 1.8 million deaths, or 18.7% of all cancer mortality (1).
The persistently high incidence rate reflects the strong association between lung
cancer and modifiable exposures such as tobacco smoking, which remains the
dominant risk factor worldwide. Additional contributors include air pollution,
occupational carcinogens (e.g., asbestos, silica dust) and indoor pollutants (2).
Many cases are diagnosed at an advanced stage, which further contributes to poor
survival outcomes (3). Colorectal cancer (CRC) represents another major global
public health challenge. In 2022, approximately 1.93 million new cases were
registered worldwide, making it the third most common cancer (after lung and breast
cancer), accounting for 9.6% of all cancer diagnoses. CRC was responsible for
around 900,000 deaths (9.3% of all cancer deaths), ranking it among the leading
causes of cancer mortality (1). Colorectal cancer is closely associated with dietary
and lifestyle factors, such as high consumption of red and processed meat, obesity,
sedentary lifestyle, alcohol consumption, and smoking. Importantly, CRC is largely
preventable and detectable through screening, which significantly lowers mortality

when widely implemented (4).
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Together, lung and colorectal cancer accounted for approximately 4.4 million new
cases and 2.7 million deaths in 2022, representing 22% of all cancer diagnoses and
nearly 28% of all global cancer deaths (1). This combined burden underscores the
magnitude of these two cancers in shaping global cancer epidemiology.

There are substantial geographical variations. Lung cancer incidence is highest in
regions with a history of heavy tobacco use, including Europe, East Asia, and parts
of North America, but it is increasingly affected by air pollution in densely populated
Asian countries. Colorectal cancer incidence is highest in high-income countries
such as Australia, New Zealand, the United States, Japan, and several Western
European nations, reflecting dietary patterns, obesity rates and lifestyle factors.
Asia, due to its population size, accounts for the greatest number of total CRC cases
and deaths, despite lower age-standardized rates in many countries (1,3). Hungary
has the highest age-standardized incidence rate (ASIR, 47.6 per 100,000) and the
highest age-standardized mortality rate (ASMR, 39.8 per 100,000) for lung cancer
worldwide. In CRC, Denmark has the highest reported ASIR (48.1), whereas
Hungary also shows the highest ASMR (20.2) among individual countries (1).
Notably, a recent population-based study has shown that colorectal cancer
incidence in Denmark increased after the introduction of a national screening
program in 2014. This observation suggests that improved detection through
systematic screening may partially explain the comparatively high reported
incidence rates (5). Age-standardized lung and colorectal cancer incidence and
mortality rates per 100 000 of both sexes in 2022 are shown in Figure 1 and Figure
2.

12
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Figure 1: Lung cancer incidence and mortality rates per 100 000 of both sexes. From: GLOBOCAN 2022 (1)

IARC projections suggest a significant rise in both lung and colorectal cancer by
2040. Population ageing, increased life expectancy, urbanization and the global
spread of “westernized” lifestyle patterns are expected to drive further increases in
CRC incidence, particularly in middle-income countries (1,4). A concerning trend is
the growing incidence of colorectal cancer in younger adults, especially in high-
income regions, for reasons that are not yet fully understood (4). For lung cancer,
trends will largely depend on global tobacco control policies and environmental

interventions targeting air pollution (3).

13



I
Incidence Mortality

Australia-New Zealand -
Southern Europe - Denmark (48.1)

Northern Europe - 4‘1 Hungary (20.2)
Eastern Europe je—————
Western Europe -
Northern America
Caribbean -
Eastern Asia
South America
Micronesia A
Western Asia -
Polynesia
South-Eastern Asia -
Central America
Southern Africa A
Northern Africa 4
Melanesia

Eastern Africa A
Western Africa 4
South Central Asia 4
Middle Africa

T T T T T T T T T

1
100 80 60 40 20 o] 20 40 60 80 100

Age-standardized (World) incidence and mortality rates, both sexes, per regions

Figure 2: Colorectal cancer incidence and mortality rates per 100 000 of both sexes. From: GLOBOCAN 2022
(1)

1.2 Clinicopathological background of lung cancer

1.2.1 Clinical features of lung cancer

Symptoms of lung cancer include cough, dyspnea, chest pain, hemoptysis,
recurrent pneumonia and paraneoplastic syndromes. Because patients often
remain asymptomatic for long periods, lung cancer is frequently diagnosed at an
advanced stage. Staging of lung cancer relies on thoracic computed tomography
(CT), cerebral magnetic resonance imaging (MRI) and, where appropriate,
fluorodeoxyglucose positron emission tomography (FDG-PET) imaging and
endobronchial ultrasound-guided transbronchial needle aspiration (EBUS-TBNA)
(6). Lung cancer can be divided into two major categories: non-small cell lung
carcinoma (NSCLC) and small cell lung carcinoma (SCLC) (7). While SCLC was
historically classified as limited or extensive disease, both NSCLC and SCLC are

currently staged according to the TNM classification system (8).
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1.2.2 Histologic classification of lung cancer

NSCLC represents the largest group and includes adenocarcinoma, squamous cell
carcinoma and large cell carcinoma, along with several less common variants such
as adenosquamous carcinoma, sarcomatoid carcinoma and large cell
neuroendocrine carcinoma (LCNEC)(7). Adenocarcinomas can be further divided
into 5 main histologic growth patterns: papillary, micropapillary, acinar, lepidic and
solid (Figure 3). Additionally they can be classified as mucinous and nonmucinous
subtypes (9). Lung adenocarcinoma most commonly metastasizes to the brain,
followed by bone, liver, and adrenal glands (10). The most frequent genetic
alterations include EGFR mutations (10-15%), KRAS mutations (20-25%) and ALK

rearrangements (approximately 4%) (11-13).

SCLC is classified as a distinct, high-grade neuroendocrine carcinoma and can be
further divided at the molecular level based on dominant transcription factors
(14,15). The WHO also defines pulmonary neuroendocrine tumors as a separate
major category, comprising typical carcinoid, atypical carcinoid, LCNEC and SCLC.
Globally, NSCLC accounts for approximately 85-89% of all lung cancer cases, with
adenocarcinoma being the most frequent subtype (39-57%), followed by squamous
cell carcinoma (12—-25%) and large cell carcinoma (6—8%). SCLC represents about
9-14% of cases, while pulmonary carcinoid tumors constitute less than 2% of all

lung cancers (16-18).

15



Figure 3: Histological H&E-stained section of a solid primary lung adenocarcinoma. Inset highlights solid
histoarchitecture of the carcinoma.

1.2.2 Lung metastases

Notably the lung is also a common site for metastasis. 50% of metastasic cancer
patients develop lung metastases which are associated with poor clinical outcome
and significantly compromise quality of life (19). The colon and rectum are the most
common primary sites from which lung metastasis originates, followed by the

kidney, breast and pancreas (20).

1.3 Clinicopathological background of colorectal cancer
1.3.1 Clinical features of CRC

Symptoms of CRC include constipation, diarrhea, rectal bleeding, hematochezia,
unexplained weight loss and abdominal pain. Early detection and removal of the
precancerous lesion (in most cases an adenomatous polyp) via colonoscopy is
necessary for surveillance, adequate diagnosis, prognosis and treatment. CRC can
be divided into two main categories, depending on anatomical site: right sided CRC
(RCRC) if itis located in the ascending or transverse colon, left sided CRC (LCRC)
if it is situated in the descending-/sigmoid colon or the rectum. RCRC is associated

with larger, higher grade and stage tumors as well as worse overall survival rate

16



than LCRC. The site of origin is also affecting characteristics like the immunologic

response, the specific molecular aberrations and clinical presentation (21).

1.3.2 Histologic classification of CRC

Histopathologically, adenocarcinoma is the most common type of CRC, accounting
for approximately 90-95% of all cases (22). CRC most commonly metastasizes to
regional lymph nodes, liver, peritoneum, lung, and ovaries (23). The most frequently
mutated genes of adenocarcinomas of the colon include APC, TP53, and KRAS
(24). According to Fleming et al, well-differentiated (low-grade) adenocarcinomas
are characterized by abundant, well-formed epithelial glands, accounting for more
than 95% of the tumor area. Moderately differentiated adenocarcinomas, which
represent the majority of cases at diagnosis, display recognizable gland formation
in approximately 50—-90% of the tumor. In contrast, poorly differentiated (high-grade)
adenocarcinomas exhibit gland formation in less than 50% of the tumor (25). The
WHO recognizes six histological subtypes of adenocarcinoma: mucinous, signet
ring, serrated, micropapillary, cribriform-comedo and medullary (21,22). Mucinous
adenocarcinomas (Figure 4) account for approximately 17% of CRC. These tumors
contain extracellular mucin retained within the tumor mass. Around 2-4% of
mucinous CRC store mucin intracellularly that pushes the nucleus to the side,
producing the typical signet-ring morphology (22). Mucinous CRCs are most
commonly found in the right colon and are often diagnosed at a high stage (26).
They tend to metastasize to the peritoneum rather than the liver and demonstrate
reduced responsiveness to therapy. Mucinous adenocarcinomas are characterized
by distinct molecular features, including microsatellite instability (MSI) as well as an
increased frequency of KRAS, BRAF and PI3K mutations (26,27). Other rare
epithelial tumor variants are squamous cell carcinomas, spindle cell carcinomas and
adenosquamous carcinomas. In addition, there are undifferentiated carcinomas,
which lack glandular structures and other distinguishing features such as mucin
production. Other types of colon tumors are non-epithelial like lymphoid or
haemopoietic  neoplasms, gastrointestinal stromal tumors (GISTs),

leiomyosarcomas or neuroendocrine tumors (NETSs) (21,22).
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Figure 4: Histological H&E-stained section of a mucinous primary colon adenocarcinoma. Inset depicts
mucinous histoarchitecture.

1.4 The UICC TNM classification

Both lung cancer and CRC are classified according to the Union for International
Cancer Control (UICC) TNM staging system (8,21,28). Clinical staging describes
the extent of disease at diagnosis and is based on clinical assessment, imaging and
diagnostic biopsies prior to treatment. In patients undergoing surgical resection, an
additional pathological stage can be assigned based on postoperative histological
evaluation. Both clinical and pathological staging assess the primary tumor (T),
regional lymph node involvement (N) and the presence of distant metastases (M).
These categories are subsequently combined into stage groups |-IV, with stage |
disease confined to the organ of origin and stage IV indicating distant metastatic
spread (29). The TNM classification is used to guide treatment planning, estimate
prognosis, enable standardized communication across centers and support cancer

research and control efforts (30).
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1.5 Molecular diagnostics

Molecular diagnostic approaches such as immunohistochemistry (IHC),
fluorescence in situ hybridization (FISH) and PCR-based assays for the detection
of point mutations are well established in routine cancer diagnostics. For many
years, genetic profiling of tumors has primarily relied on single-gene assays. These
assays typically focus on a small set of genes of known oncogenes (e.g., HER, RAS,
MET) or tumor-suppressor genes (e.g., APC, TP53, BRCA) and are not able to
detect mutations in non-coding regions. With such assays, clinicians might miss
opportunities for treatment options or early detection of cancers (31,32). NGS,
including whole-genome sequencing (WGS), has been adopted to address these
issues. Sequencing entire cancer genomes enables identification of various genetic
alterations and therefore is crucial in implementing precise treatment, tailored to the
specific genetic profile of the tumor and can serve as a prognostic marker (31).
Although NGS offers clear advantages over single-gene assays, its widespread

implementation remains limited, largely due to its high costs (33).

In 2004, Lynch et al. proclaimed that a mutation in the epidermal growth factor
(EGFR) leads to NSCLC responsiveness to Gefitinib, therefore identifying the first
actionable genomic alteration (AGA) in lung cancer (34,35). Common EGFR
mutations are exon 19 deletions and exon 21 L858R. Other AGAs in NSCLC are
BRAF V600E, MET Exon 14-skipping or KRAS G12C mutations (35). In SCLC,
tissue availability is often limited. Although transcriptional profiling has recently
enabled molecular subtyping of SCLC, the clinical relevance and therapeutic
implications of these subtypes are not yet fully established. Genomic alterations of
TP53, RB1, PIK3CA and PTEN as well as alterations activating the PI3K/Akt/mTOR
pathway can be found in SCLC (36).

In CRC, mutations of APC, TP53, PIK3CA, BRAF (e.g.,V600E) and KRAS (e.g.,
G12C) can be frequently found (37). Interestingly, genetic profiles differ substantially
when comparing anatomical sites. For example a higher frequency of BRAF, RAS
and PIK3CA mutations has been reported in right-sided colorectal cancers relative
to left-sided tumors (38).
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1.6 Tumor microenvironment (TME)

In recent years, the tumor microenvironment (TME) has gained increasing attention
in cancer research, as it plays a crucial role in tumor development, progression and
metabolism. Although the precise impact of bacteria, fungi and viruses on the TME
is not yet fully understood, increasing research in this area has already provided
important insights into how microbial communities may shape cancer biology. The
term “TME” first got introduced in 1889 through the “seed & soil’-hypothesis by
Steven Paget which proclaims that cancer cells emerge in microenvironments most

suitable for their growth (39).

Today, we understand the TME as an intricate interplay of both cellular and non-
cellular components. Involved cell types include immune cells, endothelial cells and
cancer associated fibroblasts (CAFs). These cells produce a wide spectrum of
soluble factors such as chemokines, cytokines, metabolites, signaling molecules
and extracellular vesicles (40). Non-cellular elements include the extracellular
matrix (ECM), interstitial fluid, electrolytes and nutrients, all of which together

contribute to the dynamic composition of the TME (41,42).

Interestingly, the interplay between cancer cells and their microenvironment is
bidirectional: the composition and behavior of the microenvironment influences
cancer cells, while cancer cells in turn shape the surrounding microenvironment
(43). For example, in metastatic cancer, factors like TGFB, VEGF and CCL2 are
secreted by the tumor cells and drive lung metastasis through intricate interactions
that promote immune cell recruitment, ECM modulation and angiogenic remodeling.
Furthermore, tumor-derived exosomes and microparticles influence organotropism
and suppress immune responses by modifying the lung microenvironment.
Together, these changes establish a pre-metastatic niche that facilitates tumor cell

colonization and growth (19).
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1.7 Specialized microenvironments within the TME

One modern approach of defining the TME is to divide it into a system composed of
6 specialized microenvironments: immune, metabolic, hypoxic, acidic, mechanical

and innervated, each contributing uniquely to tumor behavior (44).

The immune microenvironment contains various types of different immune
populations including macrophages, dendritic cells, NK-cells, neutrophils and T-/B-
lymphocytes which produce a variety of substances like chemokines, extracellular
vesicles and cytokines. These cells sometimes have opposing functions like
promotion or suppression of cancer progression which highlights the complexity of
this compartment (45,46).

The metabolic microenvironment is made of different metabolites that the tumor
cells or the cells within the TME produce like lactate, glucose, reactive oxygen
species or amino acids (47). As an example, tumor cells rely heavily on glycolysis
and generate lactate even when oxygen is sufficient, a process known as the
“Warburg effect” (48). Consequently, the TME becomes enriched with lactate while
glucose levels decline, practically “starving” other cells like T-cells that rely heavily
on glucose. The TME is also characterized by elevated levels of reactive oxygen
species (ROS), largely generated by tumor cells who also possess enhanced
mechanisms to tolerate oxidative stress, giving them a survival advantage over

other cell types (44).

The hypoxic microenvironment, as its name indicates, describes niches within the
tumor that have insufficient oxygen supply. The reason for this is the inadequate
vascularization of the tissue due to the unregulated tumor cell proliferation. This
leads to increased aggressiveness of cancer cells due to hypoxia-triggered

reprogramming and serves as a negative prognostic marker (44).

The acidic microenvironment describes the mildly acidic niche in which the tumor
thrives. Its pH values are usually between 6.7 and 7.1 and are a consequence of
the metabolic and hypoxic microenvironment, largely due to the production of lactate
(44).
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The mechanical microenvironment contains the extracellular matrix within the TME
including various cell types like CAFs, osteoblasts and mesenchymal stroma cells
that form a dense network around the tumor (49). The increased production and
remodeling rate of the tumor stroma leads to its stiffness which is largely driven by
CAFs and special enzymes like metalloproteinases (MMPs), hyaluronidases or
elastases (50). Tumor cells coordinate cell/cell adhesions, primarily mediated by E-
cadherin, with cell/matrix adhesions through integrins which enables them to

migrate, invade surrounding tissue and spread to other sites (44).

The innervated microenvironment is the entirety of nerval structures within the TME.
The tumor secretes molecules like neurotrophins that promote peripheral nerve
infiltration and neuronal stem cell migration. The neurons within the TME further
produce neuropeptides and neurotransmitters that drive tumor progression. Another
feature of this TME niche is perineural invasion which is associated with the

metastasis along peripheral nerves to distant sites (51).

1.8 The human microbiome

Given that the TME is highly responsive to external and internal influences, microbial
factors have recently moved into focus as potential modulators. The human body
contains approximately 4x10" microbial cells spanning ~3x10° species. The vast
majority of microbial cells (>90%) are located in the gut, while smaller communities
inhabit the skin, respiratory and uro-genital tracts (52,53). The human microbiome
contains bacteria, fungi and archaea but also viruses and phages. Virus-like particle
(VLP) counts suggest that virus numbers are comparable to bacterial and human
cells, with virus-to-bacteria ratios ranging roughly from 0.1 to 10 (54). It is important
to note that there are substantial differences in microbial abundance and species
composition not only between hosts, but also within a single host, depending on

factors such as anatomical site, age and dietary habits (55-57).

The bacteria associated with the gut microbiome are largely composed of 6 phyla:
Firmicutes, Bacteroidetes, Verrucomicrobia, Proteobacteria, Fusobacteria and
Actinobacteria (58). The dominant fungi in the gut are Mallassezia, Saccharomyces,

Candida and Cladosporium (59). Apart from these most abundant species in the gut
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is Methanobrevibacter smithii which represents an archaea (60). The unique
metabolic genes and the enzymes they microbiome encodes enable the human
body to digest and extract additional nutrients and energy from food. They also
enable us to produce bioactive molecules like lipids, vitamins and amino acids.
Furthermore, the gut microbiome has a big influence on hostimmunity. For instance,
by producing antimicrobial compounds and by supporting the development of the
intestinal mucosa, shielding us from colonisation of pathogenic microbes and by
“training” our immune system. Bifidobacterium for example actively stimulates our
immune system. With age, abundances of certain beneficial microbes in our gut
decline which is associated with a higher chance of inflammation. The oral
microbiota is another important niche and consist largely of Fusobacteria,
Proteobacteria, Bacteroidetes, Actinobacteria and Firmicutes (55). The core lung
microbiota contains Firmicutes, Actinobacteria, Bacteroidetes and Proteobacteria
even though it the healthy lung was considered to be sterile for a long time (61,62).
The anatomy of the skin and alongside its chemical composition leads to a distinct
spatial "biogeography" of the microbiota. In general, it contains Proteobacteria,
Actinobacteria, Bacteroidetes and Firmicutes. Dysbiosis of the skin microbiome can
contribute to various skin disorders, such as acne, which is mediated in by the

colonization of Cutibacterium acnes (55,63).

1.9 Microbes in cancer

Because microbes play such fundamental roles in host physiology and disease
development, it is plausible that they also affect oncogenesis, tumor growth,
metastasis and responses to cancer therapy. Accounts of studies about how
bacteria may influence tumors date back to 1550 BCE and the Ebers Papyrus. The
Egyptian physician Imhotep proclaimed that a treatment with poultice helps against
tumors (“swellings”) when combined with an incision, causing an inflammation (64).
Peregrine Laziosi, an Italian monk who lived in the 13th century, described
spontaneous regression of his bone cancer after it broke through the skin and got
infected, which led to his canonization in 1609. At the end of the 1800s, both Wilhelm
Busch and Friedrich Fehleisen reported instances where Streptococcus pyogenes

infections appeared to trigger spontaneous regression of tumors (65).
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The concept of oncogenic viruses originated from the pioneering work of Peyton
Rous in 1911, who described a filterable agent, later identified as Rous sarcoma
virus (RSV), in chicken sarcoma tissue that induced tumor formation when
transmitted to healthy chickens (66). In 1964, Epstein et al discovered a virus (HHV-
4, EBV) in Burkitt's Lymphoma cells (67). Hepatitis B virus (HBV) was discovered in
1970 and later linked to hepatocellular carcinoma development through
epidemiolocal studies (68,69). The association between human papillomavirus
(HPV) infection and cervical cancer was first proposed by Harald zur Hausen in
1977 and was subsequently confirmed by the identification of high-risk HPV types,
particularly HPV16 and HPV18, in cervical carcinoma cells (70,71). Harald zur
Hausen was awarded the Nobel Prize in Physiology or Medicine in 2008 for this
discovery (72). In 1983, Robin Warren and Barry Marshall successfully cultured
Helicobacter pylori, which subsequently led to epidemiological and experimental

studies establishing its causal role in gastric carcinogenesis (73,74).

In 2018, infectious agents were estimated to account for approximately 13% of all
global cancer cases (=2.2 million), with viral infections contributing about 9.9%,
bacterial infections about 4.0% and parasitic infections approximately 0.3% (75).
The IARC classifies potential carcinogens into groups based on the strength of
scientific evidence. Group 1 carcinogens are agents for which clear evidence of
carcinogenicity in humans exists. This group comprises HPV, HBV, hepatitis C virus
(HCV), EBV, human T-cell lymphotropic virus type 1 (HTLV-1), Kaposi sarcoma—
associated herpesvirus (KSHV) and Merkel cell polyomavirus. Group 1 also includes
the bacterium Helicobacter pylori and the parasitic helminths Schistosoma

haematobium, Opisthorchis viverrini and Clonorchis sinensis (76).

However, carcinogenesis is not exclusively driven by individual oncogenic taxa.
Increasing evidence suggests that alterations in the overall microbial composition
and load of the gut can indirectly contribute to tumor development and progression
at distant sites, including lung-, pancreatic- and breast cancer. Proposed
mechanisms include microbial genotoxin production, chronic systemic inflammation

and modulation of immune surveillance (77-79).
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1.10 Molecular characterization of intratumoral bacteria

Thus, the theory of bacteria somehow influencing cancer biology is not new. What
is new, however, is the ability to study these interactions at the molecular level. With
the invention and broad accessibility of PCR techniques, characterization of the
microbiome and detection of bacteria in tumors, including precise identification of
their species, became possible. Nejman et al. analyzed the bacteria in 1010 tumor
samples from melanoma, ovarian, lung, pancreatic, bone and breast cancers as well
as glioblastoma. They used several techniques, including cultivation, electron
microscopy, QqPCR, multi-region 16S rRNA amplicon sequencing,
immunofluorescence and immunohistochemical staining for lipopolysaccharide
(LPS) and lipoteichoic acid (LTA). To account for potential contamination, 811
control samples from DNA extraction, PCR amplification and paraffin embedding
were analyzed, resulting in the removal of 94.3 percent of bacterial signals as
artifacts. The remaining signals came from 528 bacterial species that differed in
composition, diversity and predicted metabolic properties across tumor types.
Histologic imaging further demonstrated a heterogeneous spatial distribution of

bacteria and intracellular localization within both tumor and immune cells (80).

Although tumor-associated microbiota has been intensively investigated in recent
years, its existence remains controversial. Gihawi et al. analyzed microbial
communities from 8,908 patients across 22 cancer types using whole-genome
sequencing data from the Genomics England cohort and demonstrated that,
among the analyzed entities, only colorectal cancer exhibits a distinct tumor-
associated microbial signature that can be clearly distinguished from the

surrounding anatomical site (81).

1.11 Ribosomal RNA genes and the 16S rRNA marker

To enable broad-spectrum detection of bacteria, molecular approaches targeting
ribosomal RNA genes have been developed. In most bacteria, the 16S, 5S and 23S
rRNA genes typically form a chromosomal rRNA operon, although in some species
they can also be located on plasmids (82). These genes are responsible for rRNA
synthesis which together of several proteins are the structural components of

ribosomes, the organelles responsible for protein biosynthesis. Both prokaryotic and
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eukaryotic ribosomes consist of two major subunits: a small subunit and a large
subunit. In prokaryotes (bacteria and archaea), the 30S small subunit contains the
16S rRNA along with 21 associated proteins, while the 50S large subunit comprises
two rRNAs (5S and 23S) and 31 proteins (83).

The 16S, 5S and 23S rRNA genes are universally present in all self-replicating life
forms and shows slow sequence divergence (84). In 1965 Dubnau et al. reported
that 16S rRNA gene sequence relationships are conserved across Bacillus spp.
(85). This remarkable level of conservation likely arises from its critical function in
bacterial survival (86). In 1987 Carl R. Woese described the rRNA genes as a
molecular chronometer due to their universal presence, heterogeneous evolutionary
rates across sequence regions, structural complexity and practical accessibility for
direct sequencing thus making them the perfect phylogenic marker (87). The 16S
rRNA gene is approximately 1500 base pairs long which makes it long enough to
provide phylogenetic information while remaining short enough for efficient
molecular analysis. The 16S rRNA gene contains ten conserved regions (C1-C10)
that serve as reliable targets for primer design, enabling amplification of the
intervening hypervariable regions. In contrast, the nine variable regions (V1-V9)
harbor most of the phylogenetic and taxonomic information. Sequences from
Escherichia coli are commonly used as a reference framework for defining

nucleotide positions and for naming primers (88).

1.12 PCR technologies
1.12.1 Conventional PCR

Amplification of genetic material is essential for most molecular analyses because
nucleic acids are often present in very low amounts in biological samples. The term
.Polymerase chain reaction“ (PCR) describes a enzymatic amplification of genetic
material and was first used by Saiki et al. in 1985 (89). But it took another 3 years
until the utilization of a heat-resisting polymerase from Thermus aquaticus (Tag-
polymerase) enabled routine usage of the PCR. The previously used polymerase
had to be added after every denaturation step because it got deactivated by the

heat. Containing primers, DNA polymerase, nucleotides, specific ions and a DNA
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template and involving repeated cycles of DNA denaturation, primer binding and
strand extension, the fundamental concept has remained unchanged since 1985.
This groundbreaking invention propelled research across numerous scientific fields

and significantly expanded the collective body of knowledge (90).

1.12.2 Quantitative PCR (qPCR)

The next milestone was the invention of quantitative PCR (qPCR) which is a
procedure first described by Higuchi et al. in 1992 (91). The qPCR or real-time PCR
is a method where the amplifications within the PCR process are monitored in real
time with the help of fluorescence. After each circle, the fluorescence is measured
and its intensity grows proportionally to the number of amplicons in the sample. The
point at which the fluorescence intensity is high enough to distinguish it from the
background is called quantification cycle (Cq) and allows determination of the initial
number of template DNA or RNA molecules in the sample if compared to a

calibration curve of serially diluted standard samples (90).

1.12.3 Digital droplet PCR (ddPCR)
The term “digital PCR” was first introduced by Vogelstein and Kinzler in 1999 to

describe a method in which a DNA sample is partitioned into multiple individual PCR
reactions such that single target molecules are amplified independently. By scoring
reactions as positive or negative and applying Poisson statistics, this approach
enables absolute quantification and highly sensitive mutation detection. (92) In
contrast to real-time PCR, digital PCR does not rely on amplification kinetics or
standard curves, thereby providing improved precision, robustness and accuracy,
particularly for low-abundance targets. However, this method was limited by the
small number of available reaction partitions, resulting in restricted dynamic range,
low throughput and increased sample consumption. In 2011, Hindson et al.
described a method called “droplet digital PCR” (ddPCR) in which individual target
molecules are amplified within single water-in-oil droplets, thereby enabling a cost-
effective, high-throughput implementation of digital PCR with low cross
contamination. By partitioning a 20 pL reaction mixture into approximately 20,000
monodisperse droplets, each droplet functioned as an independent PCR

microreactor (93). Based on this microfluidic technique, many ddPCR systems have
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been developed in the last few years. However ddPCR is still far from being as

universally available as gPCR due to its higher costs (94).

1.13 Impact of microbiota on the TME and therapy

It is known that microorganisms can influence the TME and cancer treatment.
Various studies have shown its involvement in chemotherapy, radiotherapy and
immunotherapy (95-102). Fecal and tissue microbiota, including Fusobacterium,
Blautia and Faecalibacterium, are associated with T-cell infiltration and mesenteric
lymph node involvement in CRC patients (103). Bifidobacterium species have
shown to suppress CRC growth by altering the immune profile of the TME which
enhance the efficacy of immune checkpoint inhibitors and emphasizes the potential
of probiotics as a complementary treatment to immunotherapy. Bifidobacterium
adolescentis was found to be decreased in CRC samples. When this strain was
induced in CRC mouse models, a subpopulation of CAFs emerged within the TME
which ultimately led to tumor suppression. On the other hand, Fusobacterium
nucleatum can disrupt the tumor cell E-cadherin/B-catenin axis within the TME which
promotes increased invasiveness of CRC cells (44).

In murine melanoma models, both the translocation of the intestinal commensal
Lactobacillus reuteri to the tumor site and its direct intratumoral administration were
found to enhance the type 1 cytotoxic T cell (Tc1) phenotype within the tumor
microenvironment, thereby suppressing tumor progression. This effect was
mediated by L. reuteri-derived indole-3-aldehydes (I3As), which activated aryl
hydrocarbon receptor (AhR) signaling in CD8™ T cells. Activation of the AhR pathway
subsequently promoted interferon-gamma (IFNy) secretion, leading to higher

antitumor immune activity (104).

1.14 Bacteria-based therapeutic strategies in cancer

The natural tumor tropism of bacteria leads to various therapy options where
cytotoxic substances can be delivered directly to the tumor by bacteria within the
TME. One approach is the intracellular delivery of antitumor agents via phagocytosis
of the bacteria. Another way is the use of bacteria that produce and release these
cytotoxic substances extracellularly while residing inside the TME. Programmed

bacterial lysis is also a modern approach and enables the production/release of
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cytotoxic material only when the desired bacterial population density has been
reached which leads to reduced bacterial load and danger of systemic side-effects
(65). Din et al. used non-pathogenic Salmonella and E.coli strains that were
engineered to lyse at a specific population threshold and produce a hemolysin, a
chemokine and a pro-apoptotic protein (105). Chowdhury et al. later evolved this
design to deliver antibody-fragments against CD47. Tumor cells sometimes
overexpress CD47 to escape dendritic cell phagocytosis. Interestingly, this triggered
a tumor-antigen-specific CD8+ T cell response that prevented metastasis and
reduced even distal tumors that have not been injected. The mice used in this trial
also had no anemia or thrombocytopenia which is otherwise common in CD47

expressing tumors (106).
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2. Aims of this thesis

First, this thesis aims to provide an overview of the current state of knowledge of the
tumor microbiome. In its practical part, it investigates the performance of the
bacterial quantification methods 16S qPCR and 16S ddPCR in evaluating the
bacterial load within different tumor microenvironments. The analysis is based on
21 tissue samples of colorectal cancer, lung cancer and colorectal cancer
metastases to the lung. In addition, semi-quantitative histological scoring is
employed to explore potential associations between necrosis, mucin content,
inflammatory features and the abundance of intratumoral bacterial communities.
Furthermore, intratumoral bacterial load is compared with the mutation status of
selected cancer-related genes to assess potential associations between microbial

burden and genetic alterations.

3. Material and methods

In this study, we included 21 tumor samples with associated residual, already
routinely extracted tumor DNA. All samples originated from surgically resected
tumor specimens. Following surgical resection, specimens were fixed in 4% neutral-
buffered formalin and paraffin-embedded. Formalin-fixed, paraffin-embedded
(FFPE) tumor tissue blocks were used for molecular diagnostic testing at the time
of initial histopathological work-up. DNA was extracted from FFPE tissues using the
Maxwell 16 Tissue DNA Purification Kit (Promega). DNA concentration was
measured by PicoGreen fluorescence (107). All the steps described were performed
in accordance with standard routine protocols at the Diagnostic and Research
Institute of Pathology, Medical University of Graz. DNA remaining from these routine

molecular analyses was subsequently used in the present study.

3.1 QPCR

gPCR was performed in a 96-well plate format using the Sso Advanced Universal
gPCR SYBR Green Supermix (2%, Bio-Rad). Each reaction was prepared in a final
volume of 10 yL.The reaction mixture per well consisted of 5.0 yL of 2x SYBR Green
Supermix, 0.3 uL of forward primer 331F (10 uM, final concentration 300 nM), 0.3
ML of reverse primer 797R (10 uM, final concentration 300 nM), 1 uL of template
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DNA and 3.4 uL of nuclease-free water. Each patient sample (n = 21) was pipetted
into three separate wells and analyzed in technical triplicate. In addition, 7 standard
dilution series and control reactions were included in each run, resulting in a total of
106 reactions. The standard dilution series consisted of Escherichia coli DNA (1073
to 107'°) and was prepared in technical triplicate to generate a calibration curve.
Four non-target controls (NTCs) containing nuclease-free water were included in
triplicates to monitor potential contamination. A positive control consisting of fecal
DNA was included in technical triplicate to verify successful amplification. gPCR was
performed on a Bio-Rad CFX96 real-time PCR system using an annealing
temperature of 54 °C. Cq-values were obtained using the instruments internal
software and averaged across technical triplicates prior to downstream analysis.

The standard curve is provided in Figure 5.
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Figure 5: Standard curve (QPCR)
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3.2ddPCR

Droplet digital PCRs were performed in a reaction volume of 20 pl, containing 10 pl
ddPCR Supermix for Probes (No dUTP) (Bio-Rad, United States), 1 pl forward and
reverse primer (20 uM each), 1 ul probe (5 uM) and up to 8 ul template. Droplets
were generated via a QX200 Droplet Generator (BioRad, United States). The
sequences of the 16S targeting primer and probe set were as follows: forward primer
(BACT1369F), 5'-CGGTGAATACGTTCYCGG-3'; reverse primer (PROK1492R), 5'-
GGWTACCTTGTTACGACTT-3"; and probe (TM1389F), 5'-FAM-
CTTGTACACACCGCCCGTC-BHQ1 (108). Cycling conditions included preheating
at 95 °C for 10 min followed by 40 cycles of denaturation at 94 °C for 30 s, annealing
at 55 °C for 60 s and final heating at 98 °C for 10 min. Following amplification, the
PCR plate was transferred to a QX200 Droplet Reader (BioRad, United States).
Generated fluorescence amplitude data was obtained via the QuantaSoft software
(BioRad, United States). The corresponding amplitude threshold was set manually
at 2800 for all performed measurements. The ZymoBIOMICS Microbial Community
DNA Standard (Zymo Research, United States) was used to calculate the measured
fluorescence concentrations with corresponding 16S copies and the overall number
of bacteria present per 20 yl ddPCR reaction mix (Figure 6).

The following formula was utilized to calculate the 16S copy numbers and number
of bacteria per yl ZymoBIOMICS Microbial Community DNA Standard:

16S copy number = total genomic DNA (g) x unit conversion constant (bp/g)’ /
genome size (bp) x 16S copy number per genome
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Figure 6: Correlation between fluorescence (arbitrary units) and 16S copies (left) and the number of bacteria
(right) per ddPCR reaction mix. Dilutions of the standard were measured in duplicates.

" DNA unit conversion constant (ng/bp) = 1.079 x 102
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3.3 Histological scoring

Necrosis, mucin content and inflammatory infiltration were assessed semi-
quantitatively on hematoxylin—eosin—stained sections, with all percentages
estimated relative to the total tumor area. Inflammation was defined as the presence
of tumor-infiltrating inflammatory cells. These percentage values were used for

statistical analyses.

3.4 Statistical analysis

Statistical analyses and figures were generated using GraphPad Prism (version
10.6.1). Continuous variables were summarized using descriptive statistics (mean,
standard deviation, median, interquartile range, minimum and maximum). Normality
testing using the Shapiro—Wilk test was conducted when sample sizes were greater
than 10. For smaller sample sizes, normality testing was not considered informative
and non-parametric methods were applied. Associations between tumor group and
mutation status were analyzed using Fisher’s exact test due to the small sample
size and low expected cell counts. To compare intratumoral bacterial abundance
between primary colorectal carcinoma, primary lung cancer and lung metastasis
samples, log10-transformed 16S copy numbers were analyzed for both gPCR and
ddPCR using the Kruskal-Wallis test followed by Dunn’s multiple comparisons test
to account for multiple testing. To assess the association between qPCR and
ddPCR measurements of bacterial load, correlation analysis was performed. Due to
the small cohort size, formal testing for normality using the Shapiro—Wilk test was
not considered informative. Therefore, Spearman’s rank correlation was applied. To
assess potential associations between intratumoral bacterial load and
histopathological features (necrosis, mucin content and inflammation), correlation
analyses were performed. Due to the small cohort size for correlations between
gPCR bacterial load and histological parameters, the Shapiro-Wilk test for normality
was not considered informative. Consequently, all correlations between qPCR
bacterial load and histopathological variables were assessed using Spearman’s
rank correlation. For ddPCR-based analyses, bacterial load and histopathological
percentage values showed non-normal distributions. Therefore, Spearman’s rank
correlation was also applied. To assess whether intratumoral bacterial abundance

was associated with genetic alterations, mutation status of KRAS, TP53 and
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PIK3CA was compared with qPCR and ddPCR 16S copy numbers (log10-
transformed). Since not all genes were assessed in every case, sample sizes varied
across analyses. For ddPCR-based analyses, bacterial load values within at least
one of the compared groups (mutated or wild-type) deviated from normality. For
gPCR-based analyses, group sizes were too small to reliably assess normality
assumptions. Therefore, non-parametric two-tailed, exact Mann—Whitney U tests
were used for all comparisons between mutated and wild-type samples. A two-tailed
p-value < 0.05 was considered statistically significant. Due to missing values,

sample sizes varied between analyses.

4. Results
4.1 Study cohort

All 21 samples were archived specimens obtained from surgical resections
performed between 2014 and 2022. The study population comprised 11 male and
10 female patients, with a median age of 70 years. The cohort included 7 primary
colorectal adenocarcinomas, 7 primary lung adenocarcinomas and 7 lung
metastases of colorectal adenocarcinomas. TNM staging data were available for all
primary tumors, covering T stages from pT1b to pT4b and N stages from pNO to
pN2b. Histological grades ranged from G2 to G3. Tumor size (median 26.5 mm,
range 8-75 mm), tumor cell content (median 60 %, range 30-80 %) and DNA
concentration (median 215 ng/uL, range 78—400 ng/uL) differed across samples.
The clinicopathological characteristics are summarized in Table 1. Individual sample

characteristics per case are shown in detail in Supplementary Table S1a and S1b.

Among the primary colorectal cancer samples, 5 tumors were located in the right
colon and 2 in the left colon. Among the 7 primary lung cancer samples, tumor
localization was distributed as follows: 4 tumors in the left upper lobe (LUL), 1 in the
left lower lobe (LLL), 1 in the right upper lobe (RUL) and 1 in the right lower lobe
(RLL). Among the 7 lung metastases, 5 originated from left-sided colorectal
primaries, 1 from a right-sided colorectal primary and in 1 case the primary tumor
location was not recorded. Metastatic lung lesions were located in the left upper lobe

in 2 cases, left lower lobe in 1 case, right upper lobe in 1 case, right lower lobe in 1
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case and in 2 cases were documented as right lung without further lobar

specification.

Table 1. Cohort characteristics

Characteristics Value
Number of patients 21
Sex, n (%)
Male 11 (52.4%)
Female 10 (47.6%)
Median age, years (range) 70 (49-81)
Tumor entity, n
Primary colorectal adenocarcinoma 7
Primary lung adenocarcinoma 7
Lung metastasis of colorectal adenocarcinoma 7

TNM stage (primary tumors only)

T stage pT1b—pT4b

N stage pNO—pN2b
Histological grade G2-G3
Median maximum tumor diameter, mm (range) 26.5 (8-75)
Median tumor cell content, % (range) 60 (30-80)
Median DNA concentration (PicoGreen), ng/uL (range) 215 (78-400)

There were KRAS mutations in 11 of 21 samples (52.4%), while 10 samples (47.6%)
were KRAS wild-type. TP53 mutations were detected in 11 of 21 samples (52.4%),
with the remaining 10 samples showing no TP53 alteration. Less frequent mutations
were observed in PIK3CA (5 of 21 samples, 23.8%). A broad panel of cancer-related
gene mutations were analyzed, but mutations in most genes were generally rare.
For example, one gene fusion event (EML4::ALK) was identified in on primary lung
adenocarcinoma (case 8). For lung metastasis samples obtained between 2014 and
2017, molecular analysis was limited to selected genes according to the diagnostic
standards at that time. As a result, mutation data for additional genes were not
available for these cases. In later samples, broader gene panels were analyzed

using next-generation sequencing (NGS). A summary of the identified molecular
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alterations is provided in Table 2. Detailed mutation counts for all analyzed genes

are shown in Supplementary Table S2.

Table 2. Mutation status

Gene Mutated, n (%) Wild-type, n (%) NA, n (%)
KRAS 11 (52.4%) 10 (47.6%) 0 (0%)
TP53 11 (52.4%) 10 (47.6%) 0 (0%)
PIK3CA 5 (23.8%) 13 (61.9%) 3 (14.3%)
EGFR 1(4.8%) 17 (81.0%) 3 (14.3%)

Mutation status was recorded as mutated, wildtype, or not assessed (NA).

Other gene mutations analyzed include the following genes: BRAF, APC, SMAD4, FBXW?7,
CTNNB1, NRAS, HRAS, ERBB2, ERBB4, PTEN, ALK, MAP2K1, FGFR2, FGFR3, KEAP1,
STK11 and CDKN2A. Detailed mutation counts per gene are provided in Supplementary
Table S1.

Mutation frequencies did not differ significantly among primary CRC, primary lung
cancer and lung metastasis samples. No significant association between tumor
group and KRAS mutation status was observed (Fisher's exact test, p = 0.42).
Likewise, TP53 mutation frequency did not differ significantly between groups
(Fisher's exact test, p = 0.42). Similarly, no significant association was found for
PIK3CA mutation status (Fisher's exact test, p = 0.79). KRAS and PIK3CA mutation
status across tumor groups is shown in Figure 7. TP53 mutation frequencies
demonstrated an identical distribution and statistical result as KRAS mutations and
are therefore not shown separately, although this reflects only an identical number
of mutated and non-mutated cases rather than mutations occurring in the same

samples
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Figure 7: Association between mutation status and tumor group.

4.2 qPCR results

Samples showing large variability (SD Cq > 0.5) among all three technical replicates
were considered unreliable. Based on this criterion, samples 2, 8, 9, 18 and 19 were
excluded due to excessive dispersion among triplicate Cq values. In addition,
samples 6, 11, 13, 16, 17 and 21 showed insufficient microbial DNA concentration,
resulting in undetectable or non-reproducible amplification signals and were
therefore excluded. NTCs yielded Cq values between 31.46 and 37.22. To account
for background signal, the lowest negative control Cq value (31.46) was defined as
a threshold. Samples with Cq values exceeding this threshold were considered
indistinguishable from background. After applying all quality control criteria, 10 of 21
samples remained eligible for gqPCR-based analysis (samples 1, 3, 4, 5, 7, 10, 12,
14, 15 and 20). For the remaining samples, starting quantity (SQ) values derived
from the standard curve were used as a quantitative proxy for bacterial load (higher
SQ indicates higher microbial DNA abundance). Mean SQ values were calculated
from technically consistent triplicates and log10-transformed to reduce right-
skewness and stabilize variance and can be referred to as bacterial 16S copy
numbers, as 1 pL of template DNA was used per reaction, making the estimated

starting quantity directly interpretable as copies per reaction.
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In descriptive analysis, primary colorectal carcinoma (CRC) samples showed the
highest copy numbers (mean 2.61, median 2.65, n = 5), whereas primary lung
cancer samples exhibited the lowest copy numbers (mean 1.25, median 1.14, n =
3). Lung metastases of CRC demonstrated intermediate copy numbers (mean 2.21,
median 2.21, n = 2). Descriptive statistics of log10-transformed 16S copy numbers

are summarized in Table 3.

Table 3. log10 16S copy numbers (qQPCR)

Primary CRC Primary lung cancer Lung metastasis (CRC)
Number of values 5 3 2
Minimum 2.03 1.14 1.55
25% Percentile 2.21 1.14 1.55
Median 2.65 1.14 2.21
75% Percentile 2.99 1.47 2.86
Maximum 3.16 1.47 2.86
Range 1.13 0.33 1.31
Mean 2.61 1.25 2.21
Std. Deviation 0.429 0.191 0.926
Std. Error of Mean 0.192 0.11 0.655

Normality was assessed using the Shapiro—Wilk test. Primary CRC samples did not
deviate from normal distribution (W = 0.9964, p = 0.9967), whereas primary lung
cancer samples failed the normality test (W = 0.7500). Normality testing was not
performed for lung metastasis samples due to the very small sample size (n = 2).
Given the small and uneven group sizes, non-parametric testing was applied for

group comparisons.
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Copy numbers differed significantly among primary CRC, primary lung cancer and
lung metastasis samples (Kruskal-Wallis test, H = 5.84, p = 0.032, n = 10).
However, post hoc analysis using Dunn’s multiple comparisons test did not reveal
statistically significant pairwise differences between any of the groups. Comparisons
between primary CRC and primary lung cancer (adjusted p = 0.055), primary CRC
and lung metastasis samples (adjusted p > 0.999), and primary lung cancer and
lung metastasis samples (adjusted p = 0.31) were all non-significant after correction
for multiple testing. Group comparisons are shown in Figure 5. Detailed qPCR

results are provided in Supplementary Table S4.

4.3 ddPCR results

Mean ddPCR 16S copy numbers were log10-transformed to reduce right-skewness
and stabilize variance, thereby improving comparability between samples. In
descriptive analysis, primary colorectal carcinoma (CRC) samples showed the
highest copy numbers (mean 3.86, median 3.41, n = 7), compared with primary lung
carcinoma samples, which exhibited the lowest values (mean 1.85, median 1.83, n
= 7). Lung metastases of CRC demonstrated intermediate copy numbers (mean
2.51, median 2.21, n = 7). Overall, these findings are consistent with the gPCR

results. Descriptive statistics are summarized in Table 4.
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Table 4. log10 16S copy numbers (ddPCR)

Primary CRC  Primary lung cancer Lung metastasis (CRC)
Number of values 7 7 7
Minimum 2.87 1.58 1.73
25% Percentile 3.12 1.69 2.01
Median 3.41 1.83 2.21
75% Percentile 4.72 1.97 2.96
Maximum 5.15 2.19 4.30
Range 2.28 0.605 2.57
Mean 3.86 1.85 2.51
Std. Deviation 0.891 0.198 0.878
Std. Error of Mean 0.337 0.0748 0.332

Normality was assessed using the Shapiro—Wilk test. Primary CRC (W = 0.8937, p
=0.2948) and primary lung cancer samples (W = 0.9849, p = 0.9797) did not deviate
from normal distribution. In contrast, lung metastasis samples showed a significant
deviation from normality (W = 0.7963, p = 0.0376). As the assumption of normal
distribution was violated in at least one group, non-parametric testing was applied

for group comparisons.

Copy numbers differed significantly among primary CRC, primary lung cancer and
lung metastasis samples (Kruskal-Wallis test, H = 13.74, p < 0.0001, n = 21). Post
hoc analysis using Dunn’s multiple comparisons test revealed significantly higher
bacterial load in primary CRC compared to primary lung cancer (adjusted p =
0.0006). No significant differences were observed between primary CRC and lung
metastasis samples (adjusted p = 0.14) nor between primary lung cancer and lung
metastasis samples (adjusted p = 0.26).

Copy numbers (log10-transformed) with median and interquartile range per group
are shown in Figure 8. Individual ddPCR copies per sample are provided in the

Supplementary Table S5.
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Figure 8: 16S copy numbers measured by qPCR (left) and ddPCR (right) across sample groups. Data are

shown as individual values with medians and IQR. ***p < 0.001. ns = not significant.

4.4 Histological scoring of tumor necrosis, mucin content &

inflammatory infiltrate

4.4.1 Necrosis

In descriptive analysis, lung metastases of CRC showed the highest necrosis
percentages (mean 45%, median 40%, n = 7), compared with primary colorectal
carcinoma (CRC) samples (mean 12.3%, median 10%, n = 7) and primary lung
carcinoma samples, which exhibited the lowest values (mean 12.3%, median 10%,
n = 7). Descriptive statistics are summarized in Table 5. An example for a necrotic

tumor is provided in Figure 9 (A-C).
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Figure 9: Histological H&E-stained section of necrosis within a lung metastasis at increasing
magnification. (A) Low-power overview. (B) Intermediate magnification highlighting the
necrotic area. (C) High-power detail view of the necrotic tissue. Scale bar shown in the lower
left corner.
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Normality was assessed using the Shapiro—Wilk test. Primary CRC (W = 0.8996, p
= 0.3286) and lung metastasis samples (W = 0.9308, p = 0.5574) did not deviate
from normal distribution. In contrast, primary lung cancer samples showed a
significant deviation from normality (W = 0.6761, p = 0.0020). As the assumption
of normal distribution was violated in at least one group, non-parametric testing
was applied for subsequent group comparisons.

Necrosis percentages differed significantly among primary CRC, primary lung
cancer and lung metastasis samples (Kruskal-Wallis test, H = 8.93, p = 0.0066, n
= 21). Post hoc analysis using Dunn’s multiple comparisons test revealed
significantly higher necrosis levels in lung metastasis samples compared to
primary CRC (adjusted p = 0.0448) and primary lung cancer samples (adjusted p
= 0.0198). No significant difference was observed between primary CRC and

primary lung cancer samples (adjusted p > 0.9999) (Figure 10).
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Figure 10: Necrosis percentage relative to the tumor area across tumor groups. Data are shown as individual

values with medians and IQR. *p < 0.05. ns = not significant.

4.4.2 Mucine

In descriptive analysis, primary lung carcinoma samples showed the highest mucin

percentages (mean 10.7%, median 5%, n = 7), compared with lung metastases of

CRC (mean 6.14%, median 1%, n = 7) and primary colorectal carcinoma (CRC)

samples, which exhibited comparable but slightly lower values (mean 5.29%,

median 5%, n = 7). Descriptive statistics are summarized in Table 5. An example

for a mucinous tumor is provided in Figure 11 (A-C).
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Figure 11: Histological H&E-stained section of mucin within a primary lung tumor at increasing
magnification. (A) Low-power overview. (B) Intermediate magnification with mucinous areas.
(C) High-power detail view of intratumoral mucin. Scale bar shown in the lower left corner.
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Normality was assessed using the Shapiro—Wilk test. All three groups deviated
significantly from normal distribution: primary CRC (W = 0.7204, p = 0.0062),
primary lung cancer (W = 0.6877, p = 0.0027), and lung metastasis samples (W =
0.7283, p = 0.0075). Therefore, non-parametric tests were used for group
comparisons. Mucin percentages did not differ significantly among primary CRC,
primary lung cancer and lung metastasis samples (Kruskal-Wallis test, H = 1.51, p
= 0.4958, n = 21). Post hoc analysis using Dunn’s multiple comparisons test
confirmed the absence of significant differences between any of the groups (primary
CRC vs. primary lung cancer: adjusted p = 0.8631, primary CRC vs. lung
metastasis: adjusted p > 0.9999, primary lung cancer vs. lung metastasis: adjusted
p =0.8631).

4 4.3 Inflammation

In descriptive analysis, primary lung carcinoma samples showed the highest
inflammation percentages (mean 16.4%, median 10%, n = 7), compared with lung
metastases of CRC (mean 10.7%, median 10%, n = 7) and primary colorectal
carcinoma (CRC) samples, which exhibited the lowest values (mean 8.57%, median
5%, n =7). Descriptive statistics are summarized in Table 5. An example for a tumor

with inflammatory infiltration is provided in Figure 12 (A-C).

Normality was assessed using the Shapiro—Wilk test. Primary CRC (W = 0.5819, p
= 0.0002) and primary lung cancer samples (W = 0.7499, p = 0.0127) showed
significant deviation from normal distribution, whereas lung metastasis samples did
not deviate significantly from normality (W = 0.8163, p = 0.0591). As the assumption
of normal distribution was violated in at least one group, non-parametric tests were
applied for subsequent group comparisons.

Inflammation percentages did not differ significantly among primary CRC, primary
lung cancer and lung metastasis samples (Kruskal-Wallis test, H=3.61, p = 0.1674,
n = 21). Post hoc analysis using Dunn’s multiple comparisons test confirmed the
absence of significant differences between any of the groups (primary CRC vs.
primary lung cancer: adjusted p = 0.1723, primary CRC vs. lung metastasis:
adjusted p > 0.9999, primary lung cancer vs. lung metastasis: adjusted p = 0.9748).

Detailed histological scoring is provided in Supplementary Table S6.
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Figure 12: Histological H&E-stained section of lymphocytic inflammation within a primary lung
tumor at increasing magnification. (A) Low-power overview. (B) Intermediate magnification
highlighting the inflammatory infiltrate. (C) High-power detail view of tumor-infiltrating
lymphocytes. Scale bar shown in the lower left corner.
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Table 5. Descriptive statistics of histological scoring

Necrosis (%)
Number of values
Minimum

25% Percentile
Median

75% Percentile
Maximum

Range

Mean

Std. Deviation
Std. Error of Mean

Mucine (%)
Number of values
Minimum

25% Percentile
Median

75% Percentile
Maximum

Range

Mean

Std. Deviation
Std. Error of Mean

Inflammation (%)
Number of values
Minimum

25% Percentile
Median

75% Percentile
Maximum

Range

Mean

Std. Deviation
Std. Error of Mean

Primary CRC

20
25
24

12.3
9.3

3.52

aa o0 =~ o N

20
5.29
6.85
2.59

o o0 o0 N

—_
o

20
8.57
7.48
2.83

Primary lung cancer

10
10
50
50
12.3
17.2
6.49

o o0 o N

40
40
10.7
13.4
5.05

10
10
30
40
35
16.4
13.1
4.97

Lung metastasis (CRC)

10
30
40
75
75
65
45
23.8

- o o

25
25
6.14
9.03
3.41

10
15
25
20
10.7
7.32
2,77
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4.5 Bacterial load in gPCR and ddPCR

Due to the small sample size (n = 10), formal testing for normality was not
considered informative. Therefore, correlation analysis was performed using
Spearman’s rank correlation. A strong positive correlation was observed between
gPCR and ddPCR measured log10-transformed 16S copy numbers (Spearman r =
0.90, p = 0.0009, n = 10) (Figure 13).
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Figure 13: Spearman’s rank correlation between 16S copy numbers of gPCR and ddPCR.

4.6 Bacterial load and histopathological parameters

Given the small sample size (n = 10), formal assessment of normality was
considered unreliable for gPCR-measured copy numbers. Therefore, correlations
were evaluated using Spearman’s rank correlation. No significant correlations were
observed between mean qPCR bacterial load and histopathological parameters.
Specifically, bacterial load did not correlate with tumor necrosis (Spearman r = 0.33,
p = 0.35, n = 10), mucin content (Spearman r = -0.06, p = 0.87, n = 10), or
inflammation (Spearman r = -0.38, p = 0.27, n = 10).
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The Shapiro—Wilk test demonstrated significant deviation from normality for ddPCR-
measured bacterial load (W = 0.8571, p = 0.0056). Consequently, the Spearman’s
rank correlation was used. No significant correlations were observed between
ddPCR measured bacterial load and necrosis (Spearman r = 0.11, 95% CI -0.35 to
0.53, p=0.62, n =21) or mucin content (Spearman r = -0.37, 95% CI -0.70 to 0.09,
p =0.10, n = 21). In contrast, ddPCR measured bacterial load showed a significant
negative correlation with inflammation (Spearman r = -0.65, 95% CI1 -0.85 to —0.29,
p =0.0015, n = 21) (Figure 14).
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Figure 14: Spearman’s rank correlation between bacterial load (ddPCR) and inflammation percentage relative
to the tumor area.
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4.7 Bacterial load and genomic mutations

Due to the small sample size (n = 10) for comparison of gPCR copy numbers and
mutation status, normality was not assessed and non-parametric testing was
applied. Bacterial load measured through gPCR did not differ significantly between
mutated and wild-type tumors for any of the analyzed genes. No significant
difference was observed between KRAS-mutated and KRAS wild-type samples
(Mann-Whitney U =3, p = 0.11, median 2.82 [n = 3] vs. 1.55 [n = 7]), TP53-mutated
and TP53 wild-type samples (U = 8, p = 0.44, median 2.21 [n = 6] vs. 1.90 [n = 4]),
or PIK3CA-mutated and PIK3CA wild-type samples (U = 2, p = 0.156, median 2.84
[n=2]vs.1.790 [n = 8]).

Since at least one of the variables deviated from normal distribution, comparisons
between ddPCR-measured bacterial load and genetic alterations were performed
using the non-parametric Mann—Whitney U test. Bacterial load measured through
ddPCR also did not differ significantly between KRAS-mutated and KRAS wild-type
samples (Mann—-Whitney U = 37, p = 0.22, median 2.96 [n = 11] vs. 2.03 [n = 10]),
TP53-mutated and TP53 wild-type samples (U =43, p = 0.42, median 2.87 [n = 11]
vs. 2.12 [n = 10]), or PIK3CA-mutated and PIK3CA wild-type samples (U =18, p =
0.17, median 3.41 [n = 5] vs. 2.01 [n = 13]). Bacterial load and KRAS/TP53 mutation

status are visualized in Figure 15 below.
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Figure 15: Bacterial load (ddPCR) by KRAS mutation status (left) and TP53 mutation status (right). Data are
shown as individual values with medians and IQR. ns = not significant.

5. Discussion

Colon and lung cancer are among the leading causes of cancer-related death
worldwide (1,3). To properly improve cancer care, a deep understanding of the
tumor biology is needed. The TME and its associated microbiota have become
increasingly important over the last decades as new technologies enabled us to
understand the complex interplay between tumor cells, non-malignant cells and
microbes. Although the intratumoral microbiota is still a topic that leads to a lot of
controversy in the scientific community, various studies have shown that bacteria

can affect tumor biology in various ways (81,102,103).

In this study, intratumoral bacterial load was quantified in a total of 21 cases of
primary colorectal cancer, primary lung cancer and colorectal cancer metastases to
the lung using 16S rRNA gqPCR and ddPCR. In addition, semiquantitative
histological scoring of necrosis, mucin content and inflammation were performed.

The 16S rRNA gene copy numbers were used as a proxy for the intratumoral
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bacterial load and compared with the histopathological parameters and the mutation
status of KRAS, TP53 and PIK3CA. A key finding of this study was that inflammation
was the only histopathological parameter significantly associated with intratumoral
bacterial load and this association was observed exclusively for ddPCR measured
16S rRNA copy numbers. Given the smaller effective sample size (n = 10) and the
lower detection sensitivity of gPCR, the study may have been underpowered to
detect an association between qPCR-derived bacterial load and inflammation. No
significant correlations were detected between bacterial load and necrosis, mucin

content or the analyzed genetic mutations.

Droplet digital PCR proved superior to gPCR for the detection and quantification of
bacterial DNA in samples with low bacterial abundance. This is because ddPCR
enables absolute quantification without reliance on standard curves, thereby
providing improved precision and robustness in low-microbial biomass samples
(93). In contrast, gPCR-based analyses were limited by lower sensitivity and by the
reduced cohort size following quality control which likely contributed to the absence

of significant associations for gPCR bacterial load.

Importantly, 16S rRNA gene copy numbers measured by gPCR and ddPCR showed
a strong positive correlation, indicating that both methods detect comparable
biological signals despite differences in sensitivity and robustness. This suggests
that ddPCR does not identify a fundamentally different microbial pattern but rather
provides improved detection reliability in low-biomass samples. The absence of
significant associations in gPCR-based analyses is therefore most likely attributable

to reduced sensitivity and smaller effective sample size.

In gPCR-based group comparison the global Kruskal-Wallis test indicated a
significant difference among groups but pairwise comparisons did not remain
significant after correction for multiple testing. This likely reflects limited statistical
power due to the small sample size. ddPCR-based group comparisons
demonstrated significantly higher intratumoral bacterial load in primary colorectal
carcinomas compared to primary lung cancers. Lung metastases of colorectal origin
showed intermediate bacterial levels and did not differ significantly from either

primary tumor group. These findings are biologically plausible, as colorectal tumors
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arise within a microbiota-rich environment, whereas primary lung tumors develop in
a comparatively low-biomass tissue compartment (53,109). The intermediate
bacterial load observed in lung metastases may reflect their colonic origin while also
indicating potential adaptation to the pulmonary microenvironment.

In addition, necrosis differed significantly among tumor entities, with colorectal lung
metastases exhibiting higher necrotic percentages compared to both primary
colorectal and primary lung carcinomas. Despite this group difference, no significant
association between necrosis and intratumoral bacterial load was observed. This
indicates that the higher bacterial load detected in primary colorectal tumors is
unlikely to be explained by differences in necrotic tissue proportions alone. Although
necrotic regions may influence DNA integrity and local microenvironmental
conditions, necrosis does not appear to represent a major confounding factor in the

present analysis.

The observed inverse association between ddPCR bacterial load and tumor-
associated inflammation is biologically plausible. Increased immune cell infiltration
and inflammatory activity within the tumor microenvironment may contribute to
enhanced bacterial clearance, resulting in reduced bacterial DNA content. Similar
interactions between tumor-associated bacteria and immune cell infiltration have
been described previously, supporting the concept that intratumoral microbiota and
inflammation are closely linked (110-112). Although a significant correlation was
observed, causality cannot be assumed from this analysis. It remains unclear
whether inflammation actively reduces bacterial persistence or whether low
bacterial abundance contributes to a more inflammatory TME as microbiota
exhibiting dual roles in modulating immune and inflammatory pathways has been

described in the literature (113).

Notably, inflammation scores did not differ significantly between tumor entities. This
suggests that the observed differences in intratumoral bacterial load between
primary colorectal and lung cancers cannot be attributed to systematic differences
in inflammatory infiltration across groups. The inverse association between
inflammation and bacterial load therefore appears to reflect a tumor-level

relationship independent of tumor type.
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No significant correlations were observed between bacterial load and necrosis or
mucin content. Tumor necrosis represents areas of non-living tissue, which may
limit the amount of both tumor cells and bacteria, potentially reducing detectable
bacterial DNA.

Oosterlinck et al. have shown that the composition of intratumoral bacterial taxa
varies depending on mucin content (114). These findings indicate that mucin may
influence microbial colonization patterns and it is therefore plausible that changes
in relative bacterial composition could also be accompanied by alterations in overall
bacterial abundance, which were not detectable in our cohort. The semiquantitative
nature of histological scoring of only one slide per tumor sample and the limited

cohort size likely reduced the ability to detect subtle associations.

No significant differences in bacterial load were observed between mutated and
wild-type tumors for KRAS, TP53, or PIK3CA. While bacterial abundance and
genetic alterations are known to be associated in certain tumor entities, the
inconsistent availability of molecular genetic data and the small cohort size limited
the statistical power of these analyses (115-118). Consequently, potential
associations between intratumoral microbiota and genetic alterations cannot be

excluded and should be addressed in larger, systematically characterized cohorts.

An important strength of this study is the use of DNA extracted during routine
pathological work-up, demonstrating that archival material can serve as a source for
microbial detection. Importantly, DNA was obtained from serial FFPE sections
directly following the histologically assessed slides. This approach minimized
sampling bias related to intratumoral heterogeneity and enables a direct correlation
between histological features and microbial measurements. Because DNA was
derived from material generated as part of the standard diagnostic pathology
workflow, this strategy could be integrated into routine pathological cancer
diagnostics without additional tissue processing or sampling. As previously
described, the microbiota plays a crucial role in tumor biology and cancer treatment
(35, 73-82). Studies have also shown that absolute bacterial load as well as the
presence of specific bacterial taxa have prognostic relevance (112,115,119,120).
Determining which bacterial species are present and their relative abundances

within the tumor, using complementary molecular approaches such as PCR and
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NGS, may provide valuable insights for identifying individualized cancer treatment

strategies.

However, several limitations of our study must be acknowledged. The overall
sample size was small and qPCR analyses were further limited by failed
amplifications. Furthermore, 16S rRNA gene copy numbers do not directly reflect
bacterial cell numbers, as different bacterial species harbor varying numbers of 16S
rRNA gene copies per genome, typically ranging from one to approximately fifteen
copies (121). Therefore, bacterial load should be interpreted as a proxy for microbial
abundance rather than an absolute bacterial count. Reduced amplification efficiency
observed in qPCR analyses may be due to technical factors, including primer
degradation over time and pipetting variability. Inaccurate calibration of pipettes can
introduce systematic errors, particularly when working with low-copy-number
templates. These limitations could be addressed by using fresh primers and the
calibration of pipettes prior to PCR. Performing multiple independent gPCR runs and
calculating mean values may further improve reproducibility and reduce

measurement variability.

Further limitations concern potential extraction bias and background contamination
associated with FFPE material. Formalin fixation and paraffin embedding may
introduce low levels of environmental bacterial DNA. To control for this, future
studies should include extraction blanks and paraffin-only controls processed in
parallel with tissue samples. In addition, different extraction protocols could be
compared to assess variability in bacterial recovery. The use of freshly obtained
surgical tissue collected under sterile conditions could reduce contamination and
improve specificity of microbial detection. However, this approach would not allow
the use of residual diagnostic DNA and would complicate integration into routine
pathological workflows. Sterile sampling would also require additional logistical
efforts and would not be suitable for retrospective analyses. This study intentionally
focused on residual DNA extracted from FFPE material to evaluate whether

bacterial quantification can be implemented within routine molecular diagnostics.
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In summary, this study demonstrates the possibility of detecting intratumoral
bacterial DNA using molecular methods and highlights ddPCR as a particularly
robust and sensitive approach for low-microbial biomass tumor sample analyses.
For colorectal cancer samples, however, gPCR may represent a suitable and cost-
effective alternative due to the typically higher bacterial DNA abundance. The
observed association between bacterial load and inflammation underscores the
potential relevance of intratumoral microbiota in shaping the immune tumor
microenvironment, with possible consequences for treatment response and overall
clinical outcome. Future studies with larger cohorts and standardized molecular
workup will be required for a better understanding of the biological and clinical
relevance of intratumoral bacteria. This could ultimately contribute to a more
individualized approach to cancer treatment and open new therapeutic possibilities

through modulation of bacterial communities within the TME.
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7. Appendix

Supplementary Table S1a. Individual sample characteristics

Case No.

1

10
11
12
13
14
15
16
17
18
19
20

21

Category
CRC primary
CRC primary
CRC primary
CRC primary
CRC primary
CRC primary
CRC primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Sex

M

Age (year)

7
56
38
81
80
70
66
67
70
78
74
78
69
72
81
59
81
66
73
54

49

Location
RC
LC
RC
LC
RC
RC
RC

LUL
RLL
LUL
LLL
LUL
LUL
RUL
LUL
LLL
LUL
RLL
R lung (unspec.)
RUL

R lung (unspec.)

Primary location
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
LC
LC
NA
LC
RC
LC

LC

Location refers to the anatomical tumor site of the case. Primary tumor location is reported for metastatic

samples only.

Abbreviations: CRC (colorectal carcinoma), RC (right colon), LC (left colon), LUL (left upper lobe), LLL (left
lower lobe), RUL (right upper lobe), RLL (right lower lobe), NA (not assessed).
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Supplementary Table S1b. Individual sample characteristics

1

2

10
11
12
13
14
15
16
17
18
19
20
21

Case No.

T stage

pT4b
pT3
pT3
pT4a
pT4a
pT4a
pT4a
pT2c
pT2a
pTic
pT2a
pT3
pT1b
pT4
NA
NA
NA
NA
NA
NA
NA

N stage

pN1c
pNO
pN2b
pN1a
pN2b
pN1b
pN2b
pN2
pNO
NA
pN2
pN1
pNO
pNO
NA
NA
NA
NA
NA
NA
NA

Grade

G3
G2
NA
G3
G3
G2
G3
G3
G3
G2
G3
G3
G2
G3
NA
NA
NA
NA
NA
NA
NA

DNA concentration *

188
150
248
104
229
222
172
176
290
161
159
211
215
279
163
400
228
252
218
78

228

Max. diameter V
60
25
41
45
60
30
NA
28
25
28
24
55
16
75
11
12
32
8
13

15

Tumor cell content ¢

60
80
45
50
60
80
60
50
40
50
60
70
70
80
60
50
30
30
30
40
80

T and N stages are reported according to the TNM classification.

* DNA concentration in ng/uL.

V Maximum diameter in mm.

¢ Tumor cell content in %.

Abbreviations: NA (not assessed)

69



Supplementary Table S2. Mutation status of all analyzed genes

Gene Mutated, n Wild-type, n NA, n
KRAS 11 10 0
BRAF 1 18 2
APC 0 18 3
EGFR 1 17 3
TP53 11 10 0
PIK3CA 5 13 3
SMAD4 0 18 3
FBXW7 1 17 3
CTNNB1 0 18 3
NRAS 1 18 2
HRAS 0 18 3
ERBB2 1 18 2
ERBB4 1 17 3
PTEN 0 18 3
ALK 1 17 3
MAP2K1 1 17 3
FGFR2 0 18 3
FGFR3 1 18 2
KEAP1 0 18 3
STK11 0 18 3
CDKN2A 0 18 3
Gene Fusion* 1* 6 14
*EML4::ALK
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Supplementary Table S3. gPCR results

Sample
NTC-01
NTC-02
NTC-03
NTC-04
Pos Ctrl-01
Pos Ctrl-01
Pos Ctrl-01
Std-01
Std-01
Std-01
Std-02
Std-02
Std-02
Std-03
Std-03
Std-03
Std-04
Std-04
Std-04
Std-05
Std-05
Std-05
Std-06
Std-06
Std-06
Std-07
Std-07
Std-07
Sample 1
Sample 1
Sample 1

Cq
31.89
33.9
37.22
31.46
8.37
8.55
8.52
6.34
17.12
6.52
9.71
9.53
9.51
13.63
13.61
13.69
18.61
17.02
19.03
21.8
21.77
21.93
24.78
24.49
25.52
27.79
28
28.06
21.5
22.23
22.22

Cq Mean

33.62
33.62
33.62
33.62
8.48
8.48
8.48
9.99
9.99
9.99
9.58
9.58
9.58
13.64
13.64
13.64
18.22
18.22
18.22
21.83
21.83
21.83
24.93
24.93
24.93
27.95
27.95
27.95
21.99
21.99
21.99

SQ

2.89E+06
2.58E+06
2.63E+06
1.00E+07
1.00E+07
1.00E+07
1.00E+06
1.00E+06
1.00E+06
1.00E+05
1.00E+05
1.00E+05
1.00E+04
1.00E+04
1.00E+04
1.00E+03
1.00E+03
1.00E+03
1.00E+02
1.00E+02
1.00E+02
1.00E+01
1.00E+01
1.00E+01
872.88
554.22
557.68

SQ Mean

2.70E+06
2.70E+06
2.70E+06
1.00E+07
1.00E+07
1.00E+07
1.00E+06
1.00E+06
1.00E+06
1.00E+05
1.00E+05
1.00E+05
1.00E+04
1.00E+04
1.00E+04
1.00E+03
1.00E+03
1.00E+03
1.00E+02
1.00E+02
1.00E+02
1.00E+01
1.00E+01
1.00E+01
661.59
661.59
661.59

SQ SD

1.62E+05
1.62E+05
1.62E+05
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
183.94
183.94
183.94

SQ Mean
(log10)

6.43
6.43
6.43

N D N WO wo w & b OO0 0O 0O O O O N N

2.82
2.82
2.82
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Sample 2
Sample 2
Sample 2
Sample 3
Sample 3
Sample 3
Sample 4
Sample 4
Sample 4
Sample 5
Sample 5
Sample 5
Sample 6
Sample 6
Sample 6
Sample 7
Sample 7
Sample 7
Sample 8
Sample 8
Sample 8
Sample 9
Sample 9
Sample 9
Sample 10
Sample 10
Sample 10
Sample 11
Sample 11
Sample 11
Sample 12
Sample 12
Sample 12
Sample 13

26.37
27.92
25.63
22.57
22.53
22.63
23.56
23.12
23.57
31.3
25.35
24.53
ND
ND
ND
20.66
20.66
20.73
27.63
24.8
25.68
28.6
29.63
27.68
26.85
27.99
28.36
ND
ND
ND
26.9
27.54
27
ND

26.64
26.64
26.64
22.58
22.58
22.58
23.42
2342
23.42
27.06
27.06
27.06

20.68
20.68
20.68
26.04
26.04
26.04
28.64
28.64
28.64
27.73
27.73
27.73

27.15
27.15
27.15

448.54
459.85
432.11
242.25

240.75

79.53
132.48

1472.14
1472.14
1409.4

15.39
12.22

30.32

28.49

446.83
446.83
446.83
2415
241.5
241.5
106.01
106.01
106.01

1451.23
1451.23
1451.23

13.81
13.81
13.81

29.41
29.41
29.41

13.9
13.9
13.9
1.06
1.06
1.06
37.44
37.44
37.44

36.23
36.23
36.23

2.24
2.24
2.24

1.29
1.29
1.29

2.65
2.65
2.65
2.38
2.38
2.38
2.03
2.03
2.03

3.16
3.16
3.16

1.47
1.47
1.47
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Sample 13
Sample 13
Sample 14
Sample 14
Sample 14
Sample 15
Sample 15
Sample 15
Sample 16
Sample 16
Sample 16
Sample 17
Sample 17
Sample 17
Sample 18
Sample 18
Sample 18
Sample 19
Sample 19
Sample 19
Sample 20
Sample 20
Sample 20
Sample 21
Sample 21

Sample 21

ND
ND
28.34
28.45
27.76
26.69
27.3
26.58
ND
ND
ND
ND
ND
ND
31.18
ND
30.44
ND
31.43
32.27
22.33
21.59
21.59
ND
ND
ND

28.19
28.19
28.19
26.85
26.85
26.85

30.81

30.81

31.85
31.85
21.84
21.84
21.84

12.38
11.56
17.75
34.55

37

2.11

3.35

1.81
1.07
520.79
825.34
825.34

13.9

13.9

13.9
35.78
35.78
35.78

2.73
2.73
2.73
1.44
1.44
1.44
723.82
723.82
723.82

3.35
3.35
3.35
1.73
1.73
1.73

0.88
0.88
0.88
0.52
0.52
0.52

175.79
175.79
175.79

1.14
1.14
1.14
1.55
1.55
1.55

0.44
0.44
0.44
0.16
0.16
0.16
2.86
2.86
2.86

If one of the technical triplicates failed to yield a reliable amplification signal, this replicate was

excluded and no SQ value was calculated for that replicate.
Abbreviations: NTC (no-template control), ND (not detected), SD (standard deviation)
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Supplementary Table S4. ddPCR results

Case Nr.

1

© 00 N O o b~ w PN

N N ) A A A A QO QO QO @ o«
- O © 0o N o o b w N -~ O

16S copies
52774.27
1326.82
28075.40
739.48
2092.43
2582.72
140155.31
48.84
62.53
153.23
84.77
93.20
68.06
38.04
101.67
185.24
161.92
54.30
113.03
19991.44
917.18

log10 16s copies
4.72
3.12
4.45
2.87
3.32
3.41
5.15
1.69
1.80
2.19
1.93
1.97
1.83
1.58
2.01
2.27
2.21
1.74
2.05
4.30
2.96
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Supplementary Table S5. Individual histological scores

Case No.

1

© 00 N O o > w DN

N ) A A A A A A QO Q0 o«
o © o0 N o o~ w N -~ O

21

Category
Colon primary
Colon primary
Colon primary
Colon primary
Colon primary
Colon primary
Colon primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary
Lung primary

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Metastasis

Necrosis (%)

25%
5%
1%

20%
5%

10%

20%

10%
5%
0%

10%

50%
1%

10%

30%

50%

40%

35%

10%

75%

75%

Mucin (%)

0%
1%
1%
5%
5%
20%
5%
10%
5%
0%
5%
10%
40%
5%
0%
1%
25%
5%
10%
1%
1%

Inflammation (%)
5%
5%
5%
25%
5%
5%
10%
10%
40%
10%
10%
5%
10%
30%
10%
5%
10%
15%
25%
5%
5%

Values are given as percentage of total tumor area.
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