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Preface

The presence of microbiota in human tumors has been reported by many groups based on
bioinformatic searches of DNA sequence databases. The source of these microbial sequences
in atypical sites is difficult to determine with certainty, but they could derive from nucleic acids
acquired during the sampling, storage/handling and processing of samples, as observed earlier
in studies of ancient DNA. Another source of spurious microbial signals is contamination of
microbial reference genomes causing human reads to be wrongly classified. We present a
series of quality controls and validation approaches summarized in a checklist, that should be
considered in any study attempting to find microbes in tumor tissues. This provides a
constructive path forward to improve the rigor and standards of studies exploring the role of
microbes in human cancers.

Introduction

Multiple sequencing-based studies have reported the presence of bacterial, fungal, viral, and
archaeal DNA in human tissues across diverse cancer types™®. In many of these studies,
microbes were detected by searching through the non-human DNA (or RNA) sequences
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generated by high-throughput sequencing experiments, and comparing those sequences to
microbial genome databases using various computational tools’™. A recent retraction®® as
well as the discussion it generated has raised the question of whether some of these findings
need to be re-examined, and is being debated intensely in the fields of genomics,
microbiology, immunology and oncology!!™*. In this perspective, we discuss the need for
more rigorous standards for reporting the presence of microbes in human cancers, to avoid
incorrect findings that undermine scientific literature and lead to futile investments of time
and research effort.

Dramatic reductions in the cost of sequencing over the last decade and the corresponding
availability of large cancer genomic datasets!® has enabled studies that have sought to explore
the presence of microbes in diverse cancer types. Some of these efforts have helped to
shortlist specific microbial species or strains for further molecular characterization of how
these microbes could contribute to disease phenotypes such as pro-inflammatory metabolite
production by Fusobacterium nucleatum C2® or PI3K signalling by Peptostreptococcus
anaerobius!’. However, many cancer microbiome studies rely primarily or solely on the
analysis of sequencing data to arrive at their conclusions, and often without sufficient controls
(reviewed in Cullin et al'® and Knippel et al*®). While various higher-quality reports have sought
to address concerns on the reliability of findings by sequencing negative controls?%2?,
detecting microbes with in situ imaging??>~24, isolating microbes from tissues?%21, and detecting
microbial antigens within tumors?>, the application of these ideas is by no means uniform, and
correspondingly studies vary highly in terms of their quality and reliability of findings. Even
some relatively well-controlled investigations can still suffer from one or more shortcomings
(and often all three), including: (a) data from positive and negative control experiments were
limited or missing?*2¢, (b) the identified organisms have metabolic requirements and niches
that are far removed from the body sites they were reported in?3, and (c) the microbial species
reported within tumors were not independently confirmed through other assays®, which
raises questions about the origin of these non-human DNA sequences. For example, despite
efforts to control for contaminants, Pushalkar et al?® reported high prevalence and abundance
of Elizabethkingia (typically found in soil and hospital environments?’) in human pancreatic
ductal adenocarcinomas (PDA), which was not subsequently observed in a separate larger
dataset?®. This begs the question, where did the Elizabethkingia DNA come from in the first
study? Was it a real signal or simply an environmental contaminant? Overall, such cases
underscore the importance of establishing standardized checks and guidelines in the field to
enhance the reproducibility and reliability of findings.

Of note, the idea that both viruses and bacteria can contribute to the development of cancers
by triggering DNA mutations, or by activating oncogenic signaling pathways in pre-malignant
cells is well known?>3°, For bacteria, this is most established in gastric tumors3!, with
increasing evidence emerging for colorectal cancers®? and gallbladder cancer3?, where tissues
are exposed to abundantly present microbes in the gastrointestinal tract. Tissue-resident
bacteria can thus provide one step in a multi-step process of transformation leading to
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tumors'®, Furthermore, emerging evidence suggests that bacteria such as Bacteroides,
Bifidobacterium and Fusobacterium in the colon can infiltrate tumors'®3435 or produce
antigens or metabolites that affect the outcome of immunotherapy3¢=32. Similarly, gut
microbial production of metabolites and cross-talk with the immune system could influence
the risk for cancer and other diseases in distant organs394.

Although the role of microbial colonization and function in some cancers is clearly important,
the notion of cancer microbiomes in human tumor tissues at places not in contact with the
external environment is fundamentally distinct. The term microbiome is generally used to
refer to a community of microorganisms (e.g. bacteria, fungi, viruses) that colonize and
interact in an environment. Cancer microbiome, in turn, is used to refer to the analogous
concept of multi-species communities detected in a tumor tissue that presumably have similar
interactions. In the human body, microbiomes are present on epithelial surfaces such as the
intestines, the skin, and the oral cavity. However, internal organs and tissues are believed to
rarely harbor microbes, with some entirely devoid of them (e.g. brain®! and blood #?) except
during an acute infection. In fact, preventing infiltration of microbes in tissues is a major task
of the immune system, which responds with strong inflammatory responses to eliminate
microbes when they appear. Failure to do so may result in sepsis that is often lethal to the
host.

Challenges faced by the emerging field of cancer microbiome studies

In recent years, a series of publications have reported the presence of microbiomes that
include a wide range of bacterial, fungal, and viral species in tumor tissues from organs that
should be microbiome-free***>, These studies were primarily based on bioinformatic analyses
of DNA/RNA sequences from tumors and sometimes from matched normal tissues for
microbe discovery. In a typical experiment, human DNA/RNA sequences were removed from
shotgun-sequenced data for tissue samples, and the remaining sequences were aligned to
databases containing bacterial, fungal, and viral genomes. When source material was
collected from preserved or banked samples, as they generally were, the authors were often
unable to rigorously test whether the microbes identified computationally could be detected
through other means inside the original tissues, without the risk for contamination>1°,

In addition, signatures for the activation of the immune system have rarely been tested, which
is concerning because lipopolysaccharides (LPS) and bacterial DNA/RNA are strong inducers
of immune responses, a point that is generally ignored in such studies. LPS in the brain can
induce the expression of an array of chemokines to attract neutrophils, monocytes and T
cells®. LPS can then activate many immune cells including human CD8+ T cells*’. Local LPS
enrichment in tissue is thus an excellent and specificimmune stimulator. Of note, higher doses
of LPS can induce septic shock and death due to the massive release of cytokines by activated
immune cells. Furthermore, microbes can be easily detected directly by
immunohistochemistry, with straightforward histopathological assessment. Few studies have
reported immunodetection of LPS in cancer tissues?®, and fewer still have sought to replicate
it in an independent cohort®, raising the key question: what is the true origin of microbial
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signals seen in sequencing data and can they be robustly and systematically validated across
studies in tumor tissues from organs that are not otherwise known to have microbiomes?

Recent experience illustrates that in most human tissue sequencing assays, the danger of
nucleic acid contamination by external sources is high, and any analysis focusing on the non-
human reads in these experiments can easily discover mostly or entirely contaminant
DNA/RNA sequences. For example, microbiomes have been reported in several low-biomass
tissues, including the placenta**, brain*®, ocular surface®, and blood®?, though the conclusions
of these studies have been vigorously challenged*4%°2, Considering how human cancer
tissues are prepared, microbial nucleic acids can enter at all points in the process, including
surgery, transfer of material between the operating theater and the pathology department,
tissue fixation (if conducted), cutting tissues into sections, storage and transport, laboratory
processing for nucleic acid extraction, DNA/RNA library preparation and sequencing®3. This
can yield findings of large numbers of microbes that are simply the result of contamination
during one or more of these steps. Many recent papers on the search for cancer microbiomes
do not properly control for this possibility and might therefore be reporting on environmental
or database contaminants rather than biologically meaningful results?>4,

In the recent past, the field of ancient DNA studies faced similar challenges to what cancer
microbiome studies face today. Early studies in that field, when processing samples with
relatively minor amounts of endogenous DNA, suffered from severe problems of
contamination®®. As a consequence, a number of extravagant claims were reported as putative
DNA findings, only to be revealed later as resulting from contamination®’. The field developed
strict criteria to overcome such false reports, including independent replication of results in
more than one laboratory?®. As a result, the field is thriving today, with notable successes such
as the sequencing of the Neanderthal genome®®, the Denisovan genome®, and many others
involving ancient plants, animals, and microbes®-63,

Below, we describe problems and suggest solutions in four distinct areas that will improve the
reliability and reproducibility of studies of microbes in cancer tissues. This is critical because
confirming microbial signals in cancer samples is more challenging, as certain controls used in
ancient DNA studies, such as quantifying DNA damage patterns®, are not always applicable.
In addition, while several studies and reviews have highlighted the care that is needed for low-
biomass microbiome studies®®®®, cancer tissue studies have additional considerations,
including the ability to collect specific controls, the routine sequencing of normal tissue or
blood samples for tumor-normal comparisons, the availability of clinical infrastructure for
histology based validation (particularly in relation to host cells and their response markers),
and the increasing use of large datasets from consortium studies to discover cancer-associated
microbiome signatures®®. Given the importance of these points for this emerging field, we
have developed a specific set of recommendations below, as well as an easily referred to
checklist (Table 1), to guide future studies.

Tissue samples should be consistently handled using aseptic techniques and processed in
clean rooms where feasible
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Minimize sample contamination during sample collection, handling and storage. In general,

the best way to avoid microbial contaminant signals from confounding and overwhelming
analysis of cancer tissues is to minimize their presence in the first place. As contaminants can
enter at all stages of the tissue collection and processing workflow it is critical to maintain
aseptic techniques at all points (Figure 1). For example, while surgery to collect tissue
specimens may follow strict aseptic procedures, what happens after the tissue is harvested is
equally important and sample contamination during transport, storage and handling before it
enters a genomics lab is often the hardest to account for in terms of contamination (Table 1,
Q1, Q3). Correspondingly, few studies have tried to minimize contamination in these stages
and indeed for archived samples this is perhaps the greatest concern!®®’. Given the exquisite
sensitivity of deep sequencing-based analysis, even relatively minor contamination amounts
in these stages can turn a tumor tissue that lacks microbes into one that readily displays signals
for diverse bacteria®’.
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Figure 1. Possible sources of contamination (yellow) and analysis artefacts (orange) that can
confound interpretation of true microbial signatures (green) in tumor tissues. Created in
BioRender: https://BioRender.com/9pninor

Tissue samples should be processed in specialized clean facilities. This is a lesson that was

learnt the hard way in studies of ancient DNA and correspondingly they employ stringent
measures to enable high-fidelity analyses. In particular, tissue sampling, DNA extraction, and
library building takes place in clean rooms that are physically isolated from laboratories where
amplification of DNA takes place®®. This is because DNA amplification products provide among
the greatest risks for contamination as they are produced in massive amounts and permeate
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the laboratory, often floating in the air. For this reason, clean labs for ancient DNA analysis
have separate ventilation systems, positive air pressure, and nightly UV irradiation to minimize
contamination from the outside. Laboratory surfaces are cleaned daily by bleach, as are lab
equipment. Similar precautions are also commonly adopted in molecular pathology labs. Full-
body suits and disposable cloth are worn in clean labs (Figure 2) and daily movement of
personnel between laboratories is always up the contamination gradient, i.e. from the clean
lab towards the more contaminated laboratories®®. While such handling of tumor/normal
tissues for microbial detection would be ideal, sadly no studies have incorporated this level of
stringency. We acknowledge that access to clean rooms may not be available to many groups.

Nevertheless, many hospitals have similar capabilities in pathology labs, and working in
Biosafety Level 2 (BSL-2) labs with strict aseptic techniques would be an intermediate solution
that is affordable and accessible, while still helping to reduce contamination risks (Table 1,
Qe6).

Figure 2. Images of a clean lab where ancient DNA samples are processed with appropriate
measures to minimize contamination, including full body suits and physical isolation of areas
where tissues are processed, and nucleic acids are amplified.

Internal controls should be systematically built in at every stage to assess and account for
microbial contamination

Negative controls should be collected at every stage of sample handling. While reducing the
risk of microbial contamination is an important strategy for improving the success rate of

identifying genuine microbial signals, internal controls are needed in addition at every stage
of sample handling to maximize the chances that contaminants are detected and removed
from consideration. These include negative controls for sampling (>1 per sampling
environment), storage (>1 per environment), DNA extraction, library preparation and
sequencing (>1 per reagent and sequencing batch; Table 1, Q2, Q4, Q9) that are handled and
processed under identical conditions as tumor samples, and can be sequenced to identify
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contaminant signals (replicates can be used to assess consistency). Potential sources for
negative controls include: (i) adjacent normal tissues sampled at the same time as the tumor
and handled in the same batch (ideal for capturing upstream contamination sources), (ii) blank
paraffin blocks as controls for formalin fixed and paraffin embedded (FFPE) samples, that are
handled and processed in the same way as the tumor tissue, (iii) environmental swabs
collected in the sample collection, storage and tissue processing environments, (iv) blank
samples collected in the nucleic acid processing environment (e.g. PBS), and (v) tissue blanks
from an FFPE block containing the tumor tissue (Table 1, Q3, Q4, Q5, Q9). Several studies have
previously highlighted the utility of such negative controls®”®°, showing that sequencing of
either blank (no tissue) paraffin blocks or extraction controls (no paraffin) readily detects
microbial DNA reads originating from common gut, skin and oral microbes?®.

Independent replication of key results is critical. It is noteworthy that clean blank controls

containing reagents, but no tissue samples, are by themselves not a guarantee for avoiding
false positive results because of sample contamination and/or carrying effects. A blank control
is a measure of how clean the reagents are, not the sample. Intriguingly, even if the reagents
are contaminated it will not always show itself in the blank controls because minute amounts
of DNA can bind to plastic surfaces and only be released by sample DNA being added and
working as a carrier releasing the contaminants. The best way to assess if any positive finding
derives from contamination of reagents is thus through independent replication of results by
another laboratory, the rationale being that any such contaminant is unlikely to repeat itself
across multiple labs (Table 1, Q7). Importantly, however, to avoid the case where a positive
finding was due to microbial contamination of the sample itself, any replication study should
be conducted on separate samples®®. At the very least, replication studies need to be
conducted with different DNA isolation and library preparation kits to rule out the strong
influence of contaminants from these sources (Table 1, Q8).

Positive controls should be included to assess sensitivity and robustness of data. While

negative controls help reduce noise from contaminant sources, an equally important aspect
is having positive controls for assessing (i) the sensitivity of detection methods, and (ii) to
evaluate the impact of batch effects on the data (Table 1, Q14, Q16). By ensuring that
microbial cell lysis methods (particularly for gram-positive bacteria and fungi) are optimized
through positive control spike-ins/mock communities, studies can ensure that they improve
their signal-to-noise ratio’. In addition, as large studies typically have multiple batches, and
as comparison of data across batches can be significantly affected by sample processing
differences (e.g. DNA extraction protocols), positive control samples are essential to evaluate
and account for these differences’?.

Bioinformatics analysis must be conservative and address sources of contamination

Analysis of legacy cancer genomic databases should be approached with caution. The growing

number of whole-genome shotgun (WGS) and RNA sequencing datasets available in public
archives, such as those from The Cancer Genome Atlas®® (TCGA), has sparked efforts to mine
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these datasets for microbial signatures (Table 2). Notable publications from recent years
include profiling a large cohort for evidence of a common blood microbiome??, finding cross-
cohort microbial sighatures in inflammatory bowel disease (IBD)’3 and mining sequences from
metastatic tumors for microbiomes®. While bioinformatic analysis of existing sequence
datasets is an efficient way of potentially gaining valuable insights into microbial signatures
on a large scale, care must be taken to ensure that the conclusions are robust and account for
possible false positive signals. Investigators must be especially cautious because most publicly
available datasets were not collected specifically for microbiome analysis and therefore lack
appropriate negative controls, or were handled in ways that could inadvertently introduce
contaminants, as discussed above. Failure to account for such artifacts can result in spurious
claims of microbiomes in tissues previously thought to be sterile, as has been claimed
previously for the placenta®* and for blood from healthy individuals®!. Improper analysis of
microbial reads in public datasets can also lead to mistaken claims that certain microbial
species are associated with cancer. This is especially relevant for studies investigating fungal
signatures in tumors, as they make up an even smaller proportion of microbial signals
compared to bacteria. In one recent example, Aykut et al® reported that pancreatic ductal
adenocarcinomas (PDACs) had a higher burden of Malassezia spp, a genera of fungi which
commonly colonizes the skin due to their metabolic dependence on host-derived lipids’4.
However, a subsequent re-examination of their data showed that these associations were
inconsistent and based on <10 fungal reads on average in PDACs, suggesting that those
findings were confounded by background contamination, compounded by the absence of
appropriate negative controls’®. In another example, Narunsky-Haziza et al' utilized TCGA data
to define intra-tumoral fungal signatures (“mycotypes”) associated with different survival
risks. However, many reads were incorrectly classified as fungal due to the misincorporation
of vector or human sequences into fungal genomes within classification databases, or due to
incomplete removal of human reads®*. We recognize that obtaining internal controls for
historical sequencing datasets might be impossible, and we propose adopting the following
data quality control steps to reduce the impact of contaminants on biological conclusions.

Genomes for contamination sources should be included during taxonomic classification.

Sequence databases used for taxonomic classification of microbial reads should contain not
only the microbial genomes being searched, but also the host genome (as well as other
potential contamination sources, e.g. plant pollen or dust mites), to reduce the false positive
assignment of reads to microbial genomes (Table 1, Q17). This might seem obvious, but some
published studies have assumed that a pre-filtering step in which reads are aligned to the
human genome will be 100% effective at removing human reads, an assumption that is rarely
correct. Inclusion of the host genome in the database is particularly important in the analysis
of samples with relatively low microbial biomass, as is typical for human cancer tissue samples.
For example, as shown recently!?, failure to include the human genome in a database resulted
in millions of human reads being incorrectly identified as being microbial in a now-retracted
study that claimed to find microbiome signatures in TCGA sequence data collected across 32
cancer types®. In addition, the use of more complete references such as telomere-to-
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telomere assemblies (T2T CHM13) or the human pangenome’® is likely to be more effective
at removing human reads than commonly used references such as hg38”’.

High-quality microbial reference genomes should be used. Microbial sequence databases

should be built from high-quality reference genomes, e.g. complete genomes from NCBI’s
RefSeq database. This reduces the chance that microbial reads from one species will be
misclassified as another due to assembly errors in these genomes. If metagenome-assembled
genomes (MAGs) must be used, extra care should be taken to ensure that they are of high
quality and not chimeric’®7° (Table 2) and even then, any assignments based on MAGs should
be recognized as having lower confidence.

Alignment properties of reads should be used to identify false positive signals. Microbial

signatures of biological importance should be validated by independently aligning microbial
reads to their relevant reference genomes, especially if these signatures are unexpected or
novel (Table 1, Q18). This approach has previously been used in metagenomic profiling of
ancient DNA to distinguish true positive species®, and in the use of metagenomic sequencing
to diagnose brain infections®.. The central idea is that if a microbial species is truly present,
then any reads sequenced from that species should originate from a relatively uniform
distribution of locations on the reference genome. This contrasts with false-positive read
assignments, which often accumulate unevenly in low-complexity regions, regions with high
sequence identity to other genomes, or in regions where the assembly contains a contaminant
from another genome. Low-complexity matches can be identified computationally by
counting the number of unique k-mers in the matching reads®?, and genome coverage metrics
can be readily computed after alighment using common bioinformatics software® (Table 2).

Environmental contamination signals must be identified and removed. Environmental

contaminants in metagenomic data can be distinguished from biological signals because
abundances of the former are often negatively correlated with those of the latter (Table 1,
Q12, Q19). As a corollary, signals from contaminant microbes from the same source tend to
correlate positively with each other, and abundances of many contaminant microbes vary
inversely with library concentration, which allows for their identification and removal (Table
2). This approach of identifying contaminants has been described in various studies and has
proven successful in identifying contaminant signatures in low microbial biomass samples
such as placenta®?, blood*? and bronchoalveolar fluid®. We emphasize that these quality
control methods do not substitute for appropriate negative controls, but they can be valuable
for metagenomic analyses, particularly when internal controls are not available. Also note that
while contamination removal methods typically reduce the number of false positives, they do
not guarantee that what remains are all true positives.

Information relevant to contaminant removal should be reported. Pertinent details for

contamination avoidance and removal should be included in all publications to facilitate
reproducibility and critical evaluation of the methods used (Table 1, Q13, Q20). For example,
samples are often sequenced in barcoded pools, and incorrect assignment of reads across
barcodes (barcode hopping) can readily introduce false signals, an issue that requires
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particular care®®. Additionally, even if human reads cannot be released (e.g. due to privacy
concerns), microbial reads should be made freely available with information on which taxa
they were assigned to and read counts at all reported taxonomic levels should be provided
per sample. Details on how the samples were collected and what was done to minimize
microbial contamination should be provided. Where possible, extraction and sequencing kit
lot numbers should be recorded to help identify experimental batch-specific contamination
signals®.

Care should be taken for analysis of data across batches. Large public datasets that were

sequenced for other purposes should be used with caution because cancers and controls are
often sequenced in batches, and tissues are also processed in batches. The confounding is
often so strong that computational batch correction techniques cannot alleviate the problem.
In fact, applying these might exacerbate the strength of a false signal®2. Different laboratory
techniques, such as the use of reagents or primer sequences that change over time, can also
introduce artificial sequencing artifacts. These artifacts may not align with the human genome
and could vary across tissue types or cancer status, leading to false signals. Such variability
may mistakenly suggest different microbial profiles when, in fact, the differences are merely
technical artifacts rather than true biological variation. Therefore, careful consideration of
batch effects and technical variability is crucial when analyzing these datasets to avoid
misinterpreting the data. Ideally, data should be analyzed within batches that are highly
similar in how they were collected and processed. If data must be analyzed across clearly
distinct batches, batch-correction steps may be needed, but these have to be used with great
caution and with positive controls that help assess the success of this procedure (Table 1, Q15,
Q16). Typically, despite these sanity checks, the risk that the signals identified are a function
of batch correction remain, and careful validation in additional cohorts or through
experimental approaches is essential before greater weight is lent to such results.

We recognize that studies that leverage legacy datasets will necessarily be restricted in being
able to adopt several of the solutions proposed here. As a corollary, we propose that the
conclusions that can be drawn solely from bioinformatic analysis of such datasets should be
limited to ruling out the abundant presence of microbes. Claims of establishing the presence
of microbes, or more generally a microbiome, should require extensive validation and internal
controls in additional cohorts based on the approaches presented here (Table 1, Q21).

Additional detection techniques must be employed to support and clarify sequencing-based
signals for microbes in cancer tissues

Targeted validation is essential for sequencing-based signals. Given the many confounding

sources that can affect sequencing-based signals for microbes in cancer tissues,
complementary detection techniques can be essential to validate signals (Table 1, Q22, Q24).
For example, reverse transcription quantitative PCR (RT-qPCR) is widely used as a sensitive
method for measuring microbial RNA abundances and to indicate the presence of live
microbes in tissues®®8’. When used with appropriate controls, such as no-template and no—
reverse transcriptase controls, qPCR can be a simple and effective method for confirming
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specific microbial signals even in low-biomass environments. However, gPCR positivity still
does not rule out the possibility of contamination from intact microbial cells introduced during
surgical resection or laboratory handling. Similar challenges arise for culture-based
confirmation, though it provides more direct evidence for live microbes (with appropriate
negative controls).

Spatial information can clarify the nature of signals in tissues. ldeally, microbial signatures

detected by sequencing-based methods should be further validated by in situ hybridization
(ISH) of fluorescent or chromogenic probes to taxa-specific RNA markers in tissue sections
(Table 1, Q10, Q11, Q23). Commonly used RNA markers for microbial detection include
165/23588 and 285% ribosomal RNAs for bacteria and fungi respectively, due to their high
intracellular abundances and hypervariable regions whose sequences are genus or species
specific®®9!, Less frequently, microbial mRNAs have also been targeted®? to detect some
species e.g. Mycobacterium tuberculosis, which is more technically challenging but can be
useful in cases where their 16S rRNAs lack species specificity®®. Skepticism about specific
microbial signatures is warranted if they are detected by metagenomic sequencing or qPCR
but not by RNA based imaging, or if the RNA signal is not localized to expected areas or cells
in the tissue. Imaging based techniques have the additional advantage that they enable
assessment of the frequency and distribution of specific bacteria in a tissue sample, and
whether these patterns resemble contamination (e.g. if signals are peripheral to the tissue),
localized infection or generalized dissemination in the tissue.

Detection of non-DNA/RNA microbial signals should be attempted. Since DNA is the major

source of contamination in 16S rRNA and metagenomic sequencing experiments, in-situ
staining and imaging of other biomolecules of microbial origin or signals of microbial
infiltration are also powerful complementary methods to further verify microbial signals
within tissues or cells (Table 1, Q22, Q23, Q24). Specifically, we know that the immune system
is geared to detect microbes in the human body, and bacterial-derived lipopolysaccharides
(LPSs) are one of the most reliable activators of immune responses®*. Consequently, strong
immune cell infiltration should be detected when diverse microbes are present in tumor
tissues. One possibility is that microbes are intracellular, but bacterial DNA and secreted LPSs
nonetheless activate the innate immune system, resulting in local inflammatory responses.
Thus a simple check for inflammatory markers or the presence of microbial cell-wall
components (e.g. LPS for gram-negative or lipoteichoic acid (LTA) for gram-positive bacteria,
as well as others for fungi®) with immunohistochemistry (IHC) can serve as a basic control.
Only a few recent studies have employed this control, such as a recent application detecting
LPS-containing bacteria in breast cancer tissues?®. Reliable and well-established technologies
such as IHC can be readily employed by multiple labs to provide independent (positive or
negative) data on the presence of bacteria in the tumor or surrounding tissues, leveraging on
spatial information to clarify the biological relevance of signals.

Conclusion
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The application of ancient DNA analysis techniques, without adequate controls to exclude
modern contamination, led to a series of publications spanning over at least eight years that
had limited or no scientific value. Over time, the research community addressed these issues
by implementing stringent quality controls, which significantly enhanced the reliability of
subsequent studies, and recognition of the contributions of this field to science in the form of
a Nobel Prize. Cancer microbiome research currently faces a similar challenge, and there have
been growing calls for more rigorous approaches®>°, Unfortunately, claims are still being
published in lower quality studies based primarily on computational analyses of datasets,
often lacking appropriate controls and validation (e.g. through qPCR, immunohistochemistry
or culture), and thorough consideration of the limitations of the study (Table 1, Q25). This
raises the concern that many microbial species detected in such studies may be artifacts of
environmental or experimental contamination, rather than true biological findings. They can
also impact the perception of the whole field (including of higher quality studies that
incorporate more controls and validation work), when their poorly supported claims get
retracted or are not validated in subsequent studies.

Overall, it is important to remember that detecting microbial DNA/RNA does not necessarily
indicate the presence of a microbiome or for that matter even viable cells, and the relationship
between microbes and cancer can be highly complex. It is not always clear whether the
detected changes in the microbial profile of a tissue are a cause or consequence of the disease,
creating a "chicken and egg" scenario. Nevertheless, even if microbial cells are convincingly
shown to infect or infiltrate tissues after cancer initiation, this could have important
consequences for the tumor microenvironment, immune responses and ultimately treatment
outcomes. Therefore, while numerous studies on cancer microbiomes have already been
published, readers should critically assess the methodologies used when evaluating published
conclusions, while future studies are warranted with greater care to advance this exciting
field.

The lack of rigorous quality control in many studies—compounded by inconsistent demands
from reviewers and editors—risks wasting valuable time, talent, and resources on follow-up
research that may not be reproducible due to flawed or poorly controlled data. To advance
the field and derive meaningful biological and clinical insights, we propose several essential
quality control measures that should be applied to all reports on microbes in cancer and other
human tissues (summarized in a checklist; Table 1). The basic principle here is that the field
needs to view reports of detection of microbes in diverse cancer tissue samples with care and
appropriate skepticism, with the requirement that multiple carefully developed lines of
evidence are needed in sites where the burden of microbes is expected to be very low (in the
best-case scenario; Table 1, Q26). While research on ancient DNA analyses realized the need
for rigorous controls essential to arrive at reliable conclusions nearly 10 years ago, similar
controls are equally essential in the cancer microbiome field. These measures will strengthen
the reliability of the findings and support progress in this important area of research.
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Table 1: Checklist for reports on microbial species in human cancers.

Q#

Checklist question

Rationale

Response

Comments

Sample acquisition

adjacent normal
tissues collected and
sequenced?

identify shared
contaminants with
tumor tissues, but
may exclude true
signals as well

1 What was done to Important control Aseptic techniques
reduce point; difficult to post tissue harvest:
contamination identify O
during sample contaminants
acquisition? introduced here

2 | Were sampling Samples in each >1 control per
controls collected in | environment likely | sampling
the same introduce a unique environment: [J
environment as the | set of contaminant
sample and were species Total:
they sequenced?

3 | Were matched Excellent control to | Yes: [

Sample handling and storage

were tissue blanks
processed and
sequenced?

FFPE samples

3 | What was done to An aspect that is Aseptic techniques:
reduce often ignored; labs O
contamination where DNA is
during handling and | amplified are a great Physical separation
storage? risk for from DNA
contaminants processing labs: [J
4 Were handling or Can help identify >1 control per
storage controls contaminant signals | storage
collected and environment: []
sequenced?
Total:
5 | For FFPE samples, | Good control for >1 control per

FFPE batch: O

Total:

Sample processing for nucleic acid analysis

6

Were samples
processed in a
laboratory
environment that
minimizes nucleic
acid contamination?

Laboratory
contamination can
easily overwhelm
the signal in low
biomass samples

Clean room: O

BSL2 lab w/
aseptic techniques:
O

13



Physical separation

from DNA
amplification
rooms: [
7 | Were samples Important sanity Yes: [
processed in two check; does not rule
independent labs for | out upstream
validating signals? contamination
8 Were samples Alternative, if access | Yes: [
processed in the to independent labs
same lab with two was not feasible
different DNA
isolation/library prep
kits for validating
signals?
9 | Were blank control | Reagent batches can | >1 per library prep
samples collected have unique & sequencing
and sequenced for contaminant signals | batch: [J
each sequencing run
and batch of Total:
reagents?
Sample processing for imaging-based analysis
10 | Were “no probe” Signals can be due Yes: [
controls included? to autofluorescence
11 | Were negative Checks for non- Yes (details in
control probes specific binding; comments): (]
included in ISH probes for known
experiments? contaminants can
reveal distribution of
environmental
signals
Sequencing
12 | Were all libraries Useful information | Data is available:
quantified before to identify O
they were contaminant species
sequenced?
13 | What was done to Can introduce No multiplexing: O]
minimize the risk of | significant read
barcode hopping? contamination Dual-indexing: OJ
14 | Were positive Essential to Estimated rate of

controls used to test
the extent of barcode
hopping?

determine the extent
to which results may
be affected

barcode hopping:

Batch information

14



15 | Has information for | Key information to Yes, in full: O
sample acquisition analyze control
centers, date of samples, evaluate Partial (missing
acquisition, sample | sources of data explained in
processing center contamination and comments): [
and date, library potentially account
preparation center for batch effects on
and date, and abundance profiles
sequencing batch
been provided?

16 | What was done to Important for No analysis across

minimize the impact
of batch variation
across samples that
are jointly analyzed?

statistical analysis
with data from
multiple batches

batches: [

Batch-to-batch
variation was
assessed to be

minimal; [

Batch correction
was performed w/
appropriate positive
controls: [

Bioinformatic analysis of sequencing data

17 | Was taxonomic Conservative Yes (details in
classification done approach to reduce comments): (]
with databases that | false positive
include the highest | assignments to
quality reference microbial taxa
sequences available
for humans (T2T,
pangenome) and
potential
contamination
sources?

18 | Was the genomic False-positive Yes (details in
distribution of reads | signals often cluster | comments): O
and quality of unevenly and can be
alignments used to due to low-quality
assess potential alignments
identification of
microbial taxa?

19 | Were potential Important step that | Yes (details in

contaminant species
identified and
computationally
subtracted from the
data?

leverages control
samples to
conservatively
identify contaminant
signals

comments): [

15



20 | Is data relevant for Essential for Taxonomic profiles
contamination reproducibility and | (tumor and
removal available? reuse of data with control): O

newer bioinformatic

methods DNA
quantification: [
Library
quantification: [

21 | Were detected Can be a quick Yes (details in

microbes validated
based on sequencing
data from another
lab or another
cohort?

sanity check if the
data is already
available

comments): [1

Evidence from non-shotgun-metagenomic sources

22 | Were detected Targeted validation | FISH: [
microbes validated | can help rule out
in the same samples | bioinformatic IF: O
based on targeted artefacts
approaches? PCR: [
Others (details in
comments): [1
23 | Were detected Spatial mapping of | FISH: (I
microbes validated microbes in tissue
to be present in or can help clarify the IF: O
near tumor cells? nature of detected
signals HC: O
Others (details in
comments): [
24 | What is the evidence | The viability and/or | Cell culture: O
for viable or metabolic activity of
metabolically active | cells can help reduce Targeted RNA
microbial cells? concerns related to detection: O
contamination by
dead cells or nucleic Spatial
acids metabolomics: [
Other considerations

25

Were limitations of
the measures taken
to reduce and
identify

Contamination at
any stage can impact
the ability to draw

Yes (details in
comments): [

16
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contamination
acknowledged?

conclusions from the
data

26

Are there multiple
lines of evidence
that consistently
detect specific
microbes in a set of
samples?

Orthogonal sources
of validation are
essential to avoid
artefacts of any one
assay

Yes (details in
comments): [

17
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Table 2: Publicly available resources for mining microbial signatures associated with cancer

and normal tissues.

matched normal
tissues from 7 cancer
types, with negative
controls

No. Name Type Salient Features Caveats/Recommendations
1 The Cancer Omics WGS, Exome and Lacks negative controls; sample
Genome Atlas | Dataset RNA-seq data for handling was not geared towards
Program >20,000 tumors and | minimizing microbial contamination;
(TCGA)®¥® matched normal limited experimental information
tissues from 33 (e.g. library concentrations)
cancer types
2 CRC Omics FFPE RNA-seq for Lacks negative controls; sample
microbiome Dataset >900 colorectal handling was not geared towards
explorer®’ tumors; contaminant | minimizing microbial contamination;
genera filtered limited experimental information
(e.g. library concentrations)
3 AC-ICAM%8 Omics WGS, RNA-seq & 16S | Lacks negative controls; sample
Dataset rRNA sequencing of handling was not geared towards
348 fresh-frozen minimizing microbial contamination;
primary colon tumors | limited experimental information
and matched normal | (e.g. library concentrations)
tissue
4 Battaglia et al® | Omics WGS, RNA-seq & 16S | Taxonomic profiles may contain
Dataset rRNA sequencing of false positives due to the use of
>4000 metastatic databases containing MAGs that are
tumors from 26 not of high quality; limited
tissue types, with experimental information (e.g.
negative controls library concentrations)
5 Nejman et al?® | Omics 16S rRNA sequencing | Species level classification using 16S
Dataset of >1500 tumors and | sequences alone might produce

false positives due to sequence
similarities®
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6 Gihawi et al'?> | Analysis | Taxonomic profiles Taxonomic profiles may still contain
Results for 17,625 TCGA contaminants due to the absence of
samples accounting negative controls or due to false
for computational positive species calls
analysis artefacts
7 Eisenhofer et Analysis | Meta-analysis Published lists of contaminant
al®3 Results resulting in a list of genera are non-exhaustive
potential
contaminant taxa
8 Salter et al'® | Analysis | 16S sequencing of Published lists of contaminant
Results samples and negative | genera are non-exhaustive
controls with batch
information, yielding
a list of potential
contaminant taxa
9 KrakenUnig®? Software | Taxonomic classifier | Thresholds for unique k-mers should
that identifies likely be empirically determined for
false positives using different sample types
unique k-mers
10 | Decontam?®! Software | Detects likely Leverages information from
contaminant taxa DNA/RNA input concentrations
based on analysis of | and/or matched negative controls
taxonomic profiles
11 | Squeegee!?? Software | De novo Poorer sensitivity for low abundance
identification of contaminants®?; potentially more
contaminant taxa in computationally expensive
the absence of compared to alternatives
negative controls and
DNA/RNA input
concentrations
12 | checkm’® Software | To assess Use of high-quality MAGs with

completeness &
contamination in
MAGs

no/low chimerism is recommended
as genomic references for
taxonomic classification
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13 [ GUNC” Software | Detects and Use of high-quality MAGs with
quantifies chimerism | no/low chimerism is recommended
in MAGs as genomic references for

taxonomic classification

14 | MMUPHin”3 Software | Performs batch Batch effects must not be highly

correction of
taxonomic profiles

confounded with the variable(s) of
interest; should be used with care,
only when essential, and with
appropriate positive controls to
assess the impact of batch
correction
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