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Abstract
Background

Unique microbial profiles have been described in tumours, blood, and other low-biomass samples. However, recent
controversy has highlighted the challenges of utilizing these microbiomes for cancer diagnosis and treatment. This work
aims to characterize current challenges with low-biomass samples and identify potential solutions for identifying robust
microbial biomarkers using lung cancer samples.

Methods

Samples from multiple body sites (lung cancer tumour, adjacent lung tissue, blood, and saliva) were collected from
patients undergoing curative surgery for non-small cell lung cancer (NSCLC). DNA extracted from samples underwent a
variety of molecular techniques, including full-length amplicon sequencing, nested amplicon sequencing, metagenomic
sequencing (MGS), and digital PCR (dPCR). Microbiome profiles were analyzed by sample type, in duplicate, and in
relation to controls.

Results

Full-length 16S gene sequencing failed to generate useable data for nearly all tumour, adjacent tissue, and blood
samples. While nested short-read 16S sequencing successfully generated sequence data these samples contained very
few taxa, exhibited substantial variability across replicates, and were compositionally indistinguishable from negative
controls. In contrast, saliva and positive control samples showed high diversity and strong reproducibility. Absolute
quantification by dPCR confirmed extremely low bacterial biomass in tumour, adjacent tiussue, and blood samples,
comparable to negative controls. Lastly, metagenomic sequencing of tumour, adjacent tissue, and blood samples
detected very few taxa with minimal overlap with 16S data, whereas saliva and positive controls showed significant
overlap of detected genera.

Conclusions

Current microbiome methodologies present challenges with samples of low microbial biomass, making it difficult to
detect signals that are distinct or above levels found in collection and processing environments. Of concern is the lack of
precision and reproducibility with samples of low microbial biomass. Technical replicates, alternative sequencing
strategies, and absolute quantification of microbial DNA should be used to confirm the reliability of microbiome
sequencing data from low biomass samples. This study provides important insights into site-specific microbiomes and
challenges when assessing the tumour microbiome.

Background

With globally rising rates of cancer, there is an urgent need for novel biomarkers for early detection, outcome prediction
or targeted therapeutics to improve cancer survival rates. The evolution of high-throughput sequencing and intensified
interest in the microbiome has resulted in an increased understanding of the microbiome in human health and its role in
cancer. For instance, previous research has established a role of the gut microbiota in modulating therapeutic response
to cancer treatments [1-6] and has demonstrated altered microbial communitas in those with lung cancer [7-9]. The
microbial communities of the gut are the most well-studied human microbiome [10, 11]; however, interest in other body
sites such as tumours and blood has intensified over recent years.
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In recent years, several reports have identified intra-tumoural microorganisms or specific microbiota as key players in
tumour development or progress [12-16]. In 2020, a collaborative multi-country study on over 1500 tumour and adjacent
normal tissues used amplicon sequencing, quantitative PCR, and imaging techniques (immunohistochemistry and
fluorescence in situ hybridization) to demonstrate the presence of bacterial DNA in tumours and that different
proportions of bacterial taxa were noted in specific cancer types [17]. This work was followed by a meta-analysis that
showed significant differences in the relative abundance of specific taxa between tumour and adjacent normal tissues
[15]. However, tumour microbiome data has been inconsistent between studies, and much uncertainty remains about
specific tumour microbes as biomarkers[12, 13, 15, 16, 18, 19] making it difficult to draw conclusions. Early studies in
mouse models suggest that intra-tumoural microbiota may be due to translocation through the bloodstream [20], and
one study suggested the potential for the human blood microbiome as a biomarker for diagnosing specific cancers [21].
However, this work has subsequently been retracted due to concerns about the genome database used and downstream
data processing [14, 22]. Furthermore, microbial blood profiles on thousands of samples show no evidence for a
consistent core blood microbiome of healthy humans [23]. Together, these findings bring into question the ability to
identify a robust microbial signature in blood and tumour samples that could be used as a biomarker for early detection
or prognosis of cancer outcomes.

Compared to microbially rich samples such as stool, the detection of microbiota in body sites such as tumours and
blood poses additional challenges due to their low ratio of microbial to host DNA (low microbial biomass) and high risk
of contamination. Bacteria can be introduced in the laboratory environment and sequencing process (e.g. sampling
supplies/tools, laboratory reagents and kits), as well as introduction of biases from genome databases [14, 24, 25].
Recent work has further suggested that apparent microbial signals in low-biomass tissues may reflect technical
artefacts, with metrics such as DNA fragment length proposed to distinguish true biological signal from background
noise [26].

Given the ongoing debates/controversies, further research is needed to address current challenges in detecting reliable
microbial signatures from samples of low microbial biomass. Thus, this work aimed to address current challenges in
analyzing tumour and blood samples to identify cancer-specific microbial biomarkers by utilizing multiple microbiome
techniques and datasets.

Material and Methods
Study Design and Data Sources

This observational prospective clinical study includes samples and data collected from 70 patients with non-small cell
lung cancer (NSCLC) that were undergoing curative resection. The Research Ethics board at the Nova Scotia Health
Authority granted ethics approval (REB# 1026340) and participants provided written informed consent prior to
data/sample collection. Inclusion/exclusion criteria have been previously published [27].

Sample Collection

Tumour tissue, adjacent normal lung tissue, and blood were collected at the time of surgery. Saliva samples were
collected preoperatively using a standardized in-hospital protocol as previously described [27]. Additionally, swabs of
surgical instruments were collected and used as negative controls in the sequencing analysis. All samples were
transported immediately to the laboratory for processing and storage. Tumour, adjacent tissues, saliva, and negative
control samples were frozen at -80°C until microbial analysis. Blood samples were collected in
ethylenediaminetetraacetic acid (EDTA) tubes, centrifuged at 1500xg for 10 minutes at 4°C, then the buffy coat was

Page 3/16



collected in 1.5 ml tubes and stored at -80°C until further analyses. Additional positive controls included an in-house
human-derived stool control and the ZymoBIOMICS™ Microbial Community Standard (Zymo Research, cat #D6300).

Amplicon Sequencing, Bioinformatic and Statistical Analyses

Samples were profiled using multiple techniques at the Integrated Microbiome Resource (IMR) at Dalhousie University.
DNA was extracted from saliva using the QlAamp PowerFecal Pro DNA Kit (QIAGEN) and the QIAGEN Blood and Tissue
kit for all other sample types, as per the manufacturer’s guidelines. Library preparation and sequencing were completed
as originally described in Comeau et al.[28] and updated as in Comeau and Filloramo[29] and Comeau and Kwawukume
[30], with the exception that the SPK3.0 kit was utilized on the PacBio Vega. Briefly, for amplicon sequencing, extracted
DNA underwent PCR amplification for the full-length 16S rRNA gene using the 27F (AGRGTTYGATYMTGGCTCAG) and
1492R (RGYTACCTTGTTACGACTT) primer set and was subsequently sequenced on a Sequel Il or Vega (PacBio) to
generate HiFi reads. Due to the inability to generate full-length sequencing data and to overcome low microbial DNA in
certain sample types, a nested PCR approach was applied. For this method, the full-length PCR products above were
used as the template for a second round of PCR, using primers targeting the V6-V8 regions (A956F =
TYAATYGGANTCAACRCC; A1401R = CRGTGWGTRCAAGGRGCA) and subsequently sequenced on the MiSeq (lllumina)
using 2x300bp PE chemistry.

As outlined in the Microbiome Helper Standard Operating Procedure [28]
(https://github.com/LangilleLab/microbiome_helper/wiki/Microbiome-Helper-2-Marker-gene-workflow), 16S rRNA gene
sequencing data was processed using QIIME2 (version 2024.1) [31] to give estimates of alpha-diversity, beta-diversity,
and relative abundance of individual amplicon sequence variants (ASVs). Full-length and nested 16S sequencing reads
were denoised and trimmed using the DADA2 [32] and Deblur [33] pipelines, respectively. ASVs were classified
taxonomically using the naive bayes scikit-learn classifier [34] trained on the full-length 16S rRNA gene SILVA v138
database [35]. ASVs were removed if they were classified as mitochondria or chloroplasts, were unclassified at the
domain level, or had a frequency of less than 0.1% of the mean sample depth, and all samples with < 1,000 reads were
removed.

All statistical analyses were conducted using R Version 4.4.0. Rarefied data at the ASV level were used for assessments
of alpha- and beta-diversity metrics. Kruskal-Wallis tests and permutational multivariate analysis of variance
(PERMANOVA,; the adonis2 function with version 2.6—-6.1 of the vegan package [36] with 1,000 permutations were used
for alpha- and beta-diversity, respectively. All diversity plots were generated using ggplot2 and an alpha value of 0.05 was
chosen for determining significance. All code used for analysis can be found at
https://github.com/vdeclercq/DeClercq_2026_microbiome_tumour_blood_lung_cancer.git. Raw sequencing data is
available in the NCBI SRA under project PRJEB105384.

Metagenomic Sequencing

A subset of samples were sequenced using the NextSeq2000 (lllumina) including: blood (n = 3), tumour (n = 3), adjacent
tissue (n = 2) and saliva (n = 3) samples, and a positive control (stool sample). Paired-end reads (2x150 bp) were
processed using KneadData v0.12.4 [37] with Trimmomatic v0.40 [38] and Bowtie 2 v2.5.4 [39] with a database
containing the PhiX genome, the human genome (GRCh38 p14), and UniVec sequences (sequences for common vectors,
adapters, linkers, and primers) to remove low quality and contaminating reads. We classified reads taxonomically using
Kraken 2 v2.17.1 [40] with a custom database containing genomes from NCBI RefSeq V214 (all bacterial, archaeal and
viral genomes as well as complete eukaryotic genomes and UniVec_Core sequences; 803 GB) built as described in [41]
and a confidence threshold of 0. Kraken 2 taxonomic classifications were verified by mapping reads back to reference
genomes using GeCoCheck v0.0.5, as described in [42]. We used the GeCoCheck script filter_kraken_outraw.py to keep
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species-level taxonomic classifications with at least 1 read mapping to the reference genome and then KrakenTools [43]
scripts were used to generate Kraken report files. Bracken [44] was run on the Kraken report files at the genus level with a
read threshold of 10. The blood, tumour, adjacent tissue and positive control (stool) samples all had nested 16S
sequencing that was performed on the same biological samples. We used a custom Python script to compare these
matched pairs of samples and to also compare the saliva samples sequenced using metagenomics with three randomly-
matched (using the Python package “random”) nested 16S saliva samples. Because some genus names differ between
the metagenomic NCBI taxonomic classifications and the 16S SILVA V138 taxonomic classifications, the genera were
examined manually and matched (where possible) between the databases. Python packages pandas and matplotlib
were used for plotting.

Digital PCR

A subset of study samples were analyzed by the QlAcuity digital PCR system (QIAGEN). Sample DNAs were quantified
using the Quant-iT fluorescent method on the Qubit reader (both ThermoFisher). dPCR was then conducted with the
PanBacteria1 universal 16S probe using the QlAcuity UCP (ultra-clean) Probe PCR kit in 12 uL reaction volumes in 8.5k
Nanoplates.

Results

Samples were obtained from 46 female and 24 male patients with NSCLC between the ages of 52 and 82 years (mean
age 68 years). Multiple sample types were collected from each participant and analyzed by numerous methods including
full-length amplicon sequencing, nested amplicon sequencing, metagenomic sequencing, and dPCR (Fig. 1). The number
of samples run by each method are detailed in Table 1.

Full-length Amplicon Sequencing

Initially, DNA from all sample types underwent full-length amplification of the 16S rRNA gene. After processing the data
for read quality, low sample depth, contaminants and unclassified ASVs, all tumour, blood, and negative controls, as well
as all but 1 adjacent sample had no remaining reads and were excluded for further analysis (Table 1). Conversely, almost
all microbially rich samples (saliva and positive controls) were retained after processing, with the saliva profiles having
typical oral bacteria, with the most abundant genera being Streptococcus, Prevotella, Veilonella, Rothia, and Haemophilus
(Figure S1).

Page 5/16



Table 1
Sample Characteristics

Adjacent

Blood

16S Full-Length PCR+Sequencing

Samples, n

# of
sequences/

sample,
mean
(range)

Samples
passed
filtering, n

(%)

16S Nested PCR+Sequencing

Samples, n

# of
sequences/

sample,

mean
(range)

Samples
passed
filtering, n
(%)

Digital PCR
Samples, n
16S
(cp/uL),

mean
(range)

26
660
(1-5919)

1(4)

60
44949
(9-139171)

54 (90)

6
6
(2-10)

Metagenomic Sequencing

Samples, n

# of
sequences/

sample,

mean
(range)

% Human
reads *

# reads
passed
filtering,
and
mapped to

2

32,348,220
(29,656,604

35,039,836)

99.9

159

12
248
(92-450)

0(0)

51
42471
(1-139222)

40 (78)

39
(0-85)

3

27,926,124
(22,127,566

32,844,494)

99.8

363

Neg
CTL

65

7

0(0)

51066

(3-
73520)

5(83)

(0-32)

Pos CTL

5062

(4627~
5497)

2 (100)

6
19099

(91-
62233)

5 (83)

3
29165

(23494-
>32000)

1
18,066,562

3.5

6,114,052
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Saliva

69
46286
(75-175952)

68 (99)

18
40101

(13101~
86152)

18 (100)

6
28697

(21595-
>32000)

3

25,376,375
(17,159,020~
34,063,930)

44.9

3,103,140

Tumour

14
315
(0-1634)

0(0)

47
348088
(7-102667)

41 (87)

21
(3-92)

3

31,744,793
(30,210,676

34,678,066)

99.9

162

Overall

130
41081
(7-175952)

71 (55)

188
40648
(1-139222)

163 (87)

36
7226
(0->32000)

12
28,158,740

(17,159,020~
35,039,836)

78.1



Adjacent Blood Neg Pos CTL Saliva Tumour Overall
CTL

16S Full-Length PCR+Sequencing

a genus
(mean)

* Note that this percentage contains all reads that mapped to the Bowtie 2 reference database that contained the
GRCh38 p14 human genome, phiX genome, and UniVec sequences.

Nested Amplicon Sequencing

Using nested amplicon sequencing, low numbers of ASVs were observed in blood (median 3, IQR 1,4), tumour (median 5,
IQR 2,9), and adjacent (median 5, IQR 3,10) tissues as well as in negative controls (median 23, IQR 4,28) (Fig. 2A). The
lowest number of ASVs was observed in blood (median 3, IQR 1,4) and was similar to tumour. In contrast, saliva (median
64, IQR 52,70) and stool positive control (median 78, IQR 19,79) samples had more ASVs than blood, adjacent and
tumour tissues. The ZymoMock positive control had 19 ASVs in both samples, which match the expected genera (Fig. 3).
Beta-diversity analysis showed that the community composition of saliva samples was distinct from blood, adjacent and
tumour tissues (Fig. 2B), while all the latter sample types clearly clustered together and had overlapping communities
with the negative controls.

Investigation of the top 10 most abundant genera in each sample highlighted variability per sample and across sample
types (Fig. 3). While there were many shared taxa among the blood, tumour, and adjacent tissues, many of these taxa
also overlapped with the negative control samples (Fig. 3). For instance, the two genera Cutibacteria and
Methylobacterium-Methylorubrum were in the top 5 most abundant genera in the negative control, tumour, blood and
adjacent tissue samples. There was also substantial variability from sample to sample within these sample types
illustrated by the low prevalence of the top 10 most abundant genera (Table 2). For example, the most abundant genera
in blood were Massilia followed by a member of the Rhizobiaceae family, but they were only found in 25% and 18% of
blood samples, respectively. On the other hand, the most abundant genera in saliva samples were Prevotella and
Haemophilus, both found in 100% of saliva samples.

The low prevalence of genera in some sample types such as the blood and tumour samples suggests a lack of common
core microbiome in these sample types and questions the reliability of using them to detect consistent biomarkers. To
assess sequencing reproducibility within these sample types, a subset of samples were sequenced in duplicate (i.e.
technical replicates of the PCR and sequencing of the same extracted DNA). Similarity in community composition of
saliva and positive control samples (human stool and ZymoBIOMICS™ Microbial Community Standard) showed that their
duplicates cluster together whereas the duplicates for the other sample types are more disparate (Fig. 4). The median
weighted UniFrac distances between duplicates for each sample type support this with saliva (0.064) and positive
control (0.027), being much less than the adjacent (0.496), blood (0.655), and tumour (0.546) samples (Fig. 4B). These
results suggest duplicate blood, tumour, and adjacent tissue samples are highly dissimilar in community composition
and this is clearly visible when comparting the top 10 genera across duplicates (Fig. 4C).

Digital PCR

Considering sequencing cannot adequately quantify absolute abundance of bacterial DNA, dPCR was used to measure
16S rRNA gene copies. The saliva and positive controls (both human stool and ZymoBIOMICS standard) had much
higher copy numbers of the 16S gene (mean 28,697 and 29,165 cp/pL, respectively) compared with the blood (39 cp/uL),
tumour (21 cp/yL), adjacent tissue (6 cp/pL), and negative control samples (7 cp/pL) (Fig. 5).
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Metagenomic Sequencing (MGS)

Finally, a subset of samples were analyzed by MGS to compare bacterial reads observed with the nested amplicon
sequencing. We found that ~ 99.9% of reads in adjacent, blood, and tumour samples were human, phiX or sequencing-
related vectors, while this was the case for only ~ 45% or 3.5% of reads in saliva or stool positive control samples,
respectively (Table 1). After applying GeCoCheck, where metagenomic taxonomic classifications are verified by mapping
reads back to reference genomes [GeCoCheck, as above], only 12 genera (Bacillus, Listeria, Burkholderia, Ligilactobacillus,
Campylobacter, Staphylococcus, Lactobacillus, Escherichia, Clostridium, Cutibacterium, Acinetobacter and
Paraburkholderia) were identified in total in the adjacent, blood, and tumour samples, with an average of 4.5 [adjacent],
5.7 [blood], or 3.7 [tumour] genera per sample and only 159 [adjacent], 363 [blood] or 162 [tumour] reads classified per
sample, respectively (Table 1). Conversely, 349 and 177 genera per sample were observed in stool positive control and
saliva samples, respectively. Overlap between the genera identified in these samples by nested 16S and metagenomic
sequencing was minimal or non-existent, while saliva samples from different participants showed much more similarity
between the different sequencing methods (Fig. 6).

Discussion

There is great interest in identifying microbial biomarkers that can enhance early cancer detection and improve patient
outcomes. While much work has been done on the gut microbiome, the literature on microbiomes from other body-sites
and their potential for cancer biomarkers is still evolving. Findings from this study could not produce consistent or
reliable microbiome profiles from blood, tumour, and adjacent tissues using current sequencing methodologies. Further,
this study illustrates how sequencing can produce false signals from low microbial biomass samples that may go
unnoticed without proper controls. On the other hand, the same methodologies produce reproducible results from
samples that are bacterially rich, such as saliva, and warrant further investigation for use as targets for disease
diagnostics or monitoring.

For low microbial biomass samples, additional methods and techniques may be necessary for auxiliary investigations.
Early work by Nejman et al. used multiple methods including amplicon sequencing, quantitative PCR, and imaging
techniques (immunohistochemistry and fluorescence in situ hybridization) to demonstrate the presence of bacterial DNA
in tumours (Nejman et al., 2020). However, even in these studies, bacterial DNA was not found in all tumours; only 17% of
lung tumours had more bacteria than the 99th percentile of the negative controls when assessed by qPCR using 16S
rRNA gene primers. More recently, Sun et al. applied both culturomics and 16S rRNA gene sequencing (V3-V4 region) to
identify tumor-resident microorganisms from 18 NSCLC patients [45]. Lung homogenates were cultured and 12 species
of bacteria were identified from the purified isolates. More than half were from the Staphylococcus genus; others
included Bacillus, Proprionibacterium, Acinetobacter, Microbacterium and Tessaracoccus. Of these, only Bacillus was
identified in the top 10 most abundant genera by both culture and culture-independent methods, and this was only
observed in one sample pair. Furthermore, the microbial profiles varied widely between tumor samples, similar to the
current study. The heterogeneity in microbial composition of lung tissue observed by Sun et al. as well as the current
study, challenges the idea of a core microbiome in these types of samples and questions the practicality of current
methodologies in identifying robust microbial signatures from these sample types.

The microbial heterogeneity of these low biomass samples has been demonstrated previously. For example, Tan et al.
reported no evidence for a consistent core blood microbiome after analyzing close to 10,000 blood samples from
healthy individuals [23]. Similar to the current study, they showed that the prevalence of microbiota varies greatly
between samples and the most prevalent bacteria, Cutibacterium acnes, was detected in < 5% of samples. Cutibacterium
was also detected in the blood, tumour, adjacent tissue, and negative control samples in the current study. Gihawi et al.

Page 8/16



[18] also showed that only microbial profiles from colorectal cancer - out of 22 cancer types, including lung - could be
used to reliably distinguish between tumour types.

Although technical replicates are not traditionally utilized in microbiome studies because of the consistent signal in
normal high microbial load samples, this study suggests their benefit in low biomass samples like blood, tumour, and
even other non-human microbiome applications. Inconsistency across technical replicates highlights the stochastic
nature of PCR and sequencing when template microbial DNA is not in high enough abundance. While nested PCR can
produce sequencing data in some of these challenging samples, its use should be cautioned in samples with low
microbial biomass. An additional recommendation is that dPCR may be able to provide an early warning metric that can
be used to flag samples that may not provide reliable signal. Lastly, this study strongly supports the use of negative
controls in low microbial biomass samples to try and distinguish biologically relevant microbes from technical artifacts,
in agreement with previous recommendations [46, 47].

The primary limitation of this study is a relatively small sample size in a single clinical cohort of a specific cancer. Others
have shown lack of clinical signal in lung cancer microbiomes from much larger cohorts (McElderry, et al), and this study
supports that, but focuses more on the underlying sequencing approach and consistency of analyses as the driving
reason behind that lack of clinical signal. Expanding the technical approaches employed in this study to other cohorts
and other cancers and body sites would be beneficial to determine the best practices for identifying reliable biomarkers
in human microbiome studies from low biomass samples.

Conclusions

Together this data shows the challenges in using current high-throughput sequencing technologies to identify robust
microbial signatures from low microbial biomass samples. With current methods, resultant microbiome profiles appear
indiscernible from background noise inherent to the collection and processing environments. This study provides
important insights into the current issues of working with specific microbiomes of low biomass and emphasizes the
importance of using multiple controls and methods when assessing low biomass samples as cancer biomarkers.
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Figure 1

Overview of sample collection, microbiome profiling, and bioinformatic analyses.

1257 0001 R7=0.204 Sample Type
1.0 P<0O01 Blood
100~ LMoL

Adjacent
5 78 — 05

]
g 50-
25-

PC2(24.5%)
[
(=

H]
Caddlo T
& HPC L
ﬁfﬁ'&@g& B P‘gitm.ﬁ%l 1
Figure 2

Microbial richness and differences in community composition between sample types that underwent nested amplicon
sequencing. (A) Alpha-diversity is represented by observed ASVs (richness). P-value was obtained from the Kruskal-
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Wallis rank-sum test. (B) Beta-diversity analyses represented by Principal Coordinates Analysis plots based on weighted
UniFrac distances. R? and p-values are the result of a PERMANOVA test.
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Figure 3

Stacked bar chart of the top 10 most abundant genera in different sample types that underwent nested amplicon
sequencing. Each vertical bar represents a single sample and samples in each panel are ordered by the most abundant
genera in that sample type.
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Figure 4

Similarity in community composition between duplicate samples. (A) Principal Coordinates Analysis plots based on
weighted UniFrac distances between duplicate samples. C1 represents the ZymoBIOMICS™ Microbial Community
Standard and C2 represents the human stool positive control. (B) Median weighted UniFrac distances between duplicate
samples for each sample type. (C) Stacked bar chart of a subset of samples that were sequenced in duplicate. Charts
show the top 10 most abundant genera in duplicates that underwent nested amplicon sequencing. Technical duplicates
are ordered each other.
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Concentration of bacteria across sample type. Concentration of bacteria was quantified by digital PCR and is
represented as the copy number (cp) of 16S rRNA gene per microlitre (mL) per reaction. The arrows indicate samples
with >32000 cp/uL (beyond the limit of detection).
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Figure 6

Shared genera across samples sequenced using metagenomics and nested 16S amplicons. Blood, tumour, adjacent
and posCTL samples use the same biological material across sample pairs while MGS saliva samples are randomly
matched with nested 16S samples. Stacked bar plots show relative abundance within each sample and are filtered to
include only the top 20 genera, where necessary. Note that colour schemes are separate for each subplot.
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