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Abstract

Advances in next-generation sequencing have resulted in a growing understanding of the microbiome and its role in human health.
Unlike traditional microbiome analysis, blood and tissue microbiome analyses focus on the detection and characterization of microbial
DNA in blood and tissue, previously considered a sterile environment. In this review, we discuss the challenges and methodologies
associated with analyzing these samples, particularly emphasizing blood and tissue microbiome research. Key preprocessing steps—
including the removal of ribosomal RNA, host DNA, and other contaminants—are critical to reducing noise and accurately capturing
microbial evidence. We also explore how taxonomic profiling tools, machine learning, and advanced normalization techniques
address contamination and low microbial biomass, thereby improving reliability. While it offers the potential for identifying microbial
involvement in systemic diseases previously undetectable by traditional methods, this methodology also carries risks and lacks
universal acceptance due to concerns over reliability and interpretation errors. This paper critically reviews these factors, highlighting
both the promise and pitfalls of using blood and tissue microbiome analyses as a tool for biomarker discovery.
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Introduction

Human microbial communities reside in specialized living tissues
such as the skin and gut, which are in constant interaction
with the human body and influence health [1, 2]. While
these highly colonized microbes have been widely studied,
the characterization of low-biomass sites—such as certain
tissues—has proven more challenging [3-5]. Recent advances
in next-generation sequencing and other omics technologies
have increased interest and debate in the detection of microbial
DNA in tissues and blood, which were traditionally considered
sterile environments [6, 7]. Tissue-resident microbes have been
observed in both tumor and non-tumor contexts, leading to
large-scale investigations to distinguish true microbial signals
from contaminants [8]. For instance, a pan-cancer study by
Dohlman et al. examined the ‘Cancer Microbiome Atlas’ to
distinguish tissue-resident microbiota from background noise
and highlighted how rigorous contamination filtering is essential
to draw accurate conclusions in low-biomass samples [9]. These
insights into tissue-based contamination issues also benefit
the study of the blood microbiome, which has low microbial
biomass and is particularly vulnerable to external and internal
contamination [10, 11].

Building on growing evidence for microbiomes in sites previ-
ously deemed sterile, there is an increasing interest in leverag-
ing blood and tissue microbiome analyses for disease biomarker

discovery. In oncology, Poore et al. identified unique microbial
signatures in both blood and tissues across a variety of can-
cer types [12], but this study was later retracted [13] following
concerns raised by Gihawi et al., who argued that batch cor-
rection and database contamination with host sequences may
have artificially created the appearance of cancer type-specific
microbiomes [14]. In addition, the reproducibility of these find-
ings has been debated in subsequent re-analyses [14, 15]. Other
studies reported that the microbial signal in the blood of healthy
individuals is highly transient, complicating efforts to distinguish
clinically meaningful patterns from background noise [16]. The
transient nature of the blood microbiome complicates the distinc-
tion between healthy and disease states due to the risk of con-
tamination from low-biomass amplification and false positives
of polymerase chain reaction (PCR) [6]. Mislabeled sequences in
databases present additional challenges, especially in blood and
tissue metagenomic analyses with insufficient microbial count
(14,17, 18].

Given the diagnostic potential of ‘off-target’ microbiomes,
there remains a pressing need for bioinformatic approaches
that address the unique challenges raised by low-biomass
samples. Blood, for instance, contains high levels of host
DNA relative to microbial DNA, whereas tissue samples can
exhibit localized microbial features formed by diverse cellular
environments [6]. Both have a high potential for contamination
and false positives, highlighting the importance of specialized
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Figure 1. Overview of workflow for blood and tissue microbiome analyses. This figure outlines the methodology for studying the microbiome from blood
and tissue samples, starting with sample preprocessing to remove host and contaminant sequences, followed by taxonomic profiling to determine the
microbial composition, and concluding with downstream analysis for data interpretation.

computational pipelines for low-biomass data. In addition to
improving sampling and sequencing strategies, comprehensive
curation of reference databases—including the inclusion of
newly discovered taxa—can significantly improve taxonomic
resolution. Another promising research direction is the use
of bioinformatic tools to validate polymorphism hypotheses
from multiple perspectives based on large amounts of publicly
available data. In this review, we examine key bioinformatic
methodologies spanning preprocessing (host DNA depletion,
contaminant filtering, and rRNA removal), taxonomic profiling,
and downstream analyses (normalization, phenotype prediction,
and data visualization).

By placing a particular emphasis on the blood and tissue
microbiome studies, we highlight shared challenges that can
enhance reliability and reproducibility in this emerging field.
To ensure we present a comprehensive yet focused overview of
relevant tools and references, we performed a structured litera-
ture search across databases such as PubMed, Web of Science,
and Google Scholar, especially from 2019 to 2024. We included
methods, pipelines, and studies that (i) explicitly address low-
biomass genomic or transcriptomic workflows (e.g. blood and
tissue), (ii) demonstrate widespread usage in recent microbiome
research, or (iii) offer unique capabilities pertinent to contamina-
tion removal, taxonomic assignment, and normalization specific
to low-biomass contexts. A schematic of the typical workflow for
blood and tissue microbiome studies is shown in Fig. 1, highlight-
ing the stages of sample preprocessing, taxonomic profiling, and
downstream analysis. We generally excluded works that did not
focus on blood or tissue samples, were largely duplicative of other
references, or lacked sufficient evidence of validation.

General approaches to microbiome analysis

The term ‘microbiome’ has expanded over time to include
not only microbes but also their collective genomes and

interactions with the host and environment, but many studies
still use ‘microbiome’ synonymously with the total microbial
genetic content of a given location [1, 19]. In habitats with
high biomass, such as the gut, researchers typically use well-
established ‘meta-omics’ protocols such as metagenomics
(microbial DNA) or metatranscriptomics (microbial RNA) to
explore microbial composition and function [20, 21]. On the
other hand, applying these same protocols to low-biomass niches
(such as blood or certain tissues) requires greater caution due
to the risk of contamination and the high ratio of host DNA to
microbial DNA.

Clarifying ‘microbiome’ and ‘meta-omics’

While ‘metagenomics’ and ‘metatranscriptomics’ typically refer
to the intentional sequencing of all microbial DNA or RNA in
a community, microbial reads in blood or tissue studies can
also occur incidentally as unmapped reads in host-centric whole
genome or transcriptome datasets. This blurs the distinction
between ‘meta-omics’ experiments and extended host sequenc-
ing approaches, creating semantic and technical challenges. In
particular, the low microbial load of blood and tissue magnifies
contamination issues and complicates the interpretation of single
or rare microbial alignments.

Sequencing techniques for microbiome studies

The gut microbiome offers a prime example of a high-biomass
environment in which microbes are abundant relative to host
material [22]. Amplicon sequencing remains a foundational
approach for preliminary profiling of microbial communities [23].
It is relatively inexpensive and relies on targeted PCR primers
directed at conserved regions of the genome, typically the 16S
or 18S ribosomal subunit. In this way, amplicon sequencing
captures conserved taxonomic markers that researchers can use
to estimate community composition at the genus or species level.
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However, amplicon-based analyses are prone to PCR biases and
only provide limited functional insights, as they sequence only a
small portion of the genome of the organism.

Shotgun metagenomic sequencing overcomes many limita-
tions of amplicon-based techniques by sequencing the total
genetic material in a sample [24]. This provides a more complete
picture of both taxonomic composition and functional gene
content and can be used to detect viruses, fungi, and other non-
bacterial microorganisms that the 16S/18S-based approaches
miss. Shotgun metagenomic data can also be used for de
novo assembly, followed by binning of contigs (and potentially
reassembly or refinement) to generate metagenome-assembled
genomes (MAGs), enabling downstream analyses of metabolic
pathways [25, 26].

Metatranscriptomics extends whole genome sequencing (WGS)
by focusing on the actively expressed genes, offering insight into
the functional activity of microbial communities [27]. By sequenc-
ing total RNA, researchers can analyse gene expression, identify
regulatory networks, and even gauge microbial responses to envi-
ronmental or host factors. Although rRNA depletion is critical, gut
samples typically contain enough microbial mRNA to yield robust
data [28].

General bioinformatic analysis approaches

Numerous reviews and protocol resources describe best prac-
tices for metagenomic workflows, including pipeline selection,
sample preparation guidelines, and software benchmarks
[29-36]. Typically, researchers use rigorous preprocessing (quality
control, read trimming, and host-read subtraction) to remove low-
quality or irrelevant sequences and then proceed with taxonomic
profiling including alignment-based references, alignment-free
classification, marker-based approaches, or hybrid methods. If
coverage allows, de novo assembly of reads into contigs can
improve strain-level resolution and recovery of MAGs. Binning
methods use sequence composition or differential abundance
patterns to group contigs belonging to individual taxa. Following
taxonomic assignment, functional and downstream analyses
such as normalization, differential abundance testing, and
metabolic pathway exploration help transform raw data into
biologically meaningful insights. Finally, visualization and inter-
pretation techniques help to communicate complex community
structures more clearly. While these steps have been established
primarily through the study of high-biomass samples, such as
the gut microbiome, they provide the foundation for specialized
adaptations needed for the unique challenges of studying the
blood and tissue microbiome.

Extending to blood and tissue

Despite much lower microbial densities, blood and certain tissues
can still contain detectable microbial DNA or RNA. Initiatives such
as mBodyMap [37] show that common microbiome workflows
such as quality control, host depletion, and taxonomic classi-
fication can be applied to these samples. However, the risk of
contamination, extreme host-to-microbial DNA ratios, and poor
annotation in databases require more stringent protocols than
those typically used for gut or other high-biomass samples. In
addition, assembly-based strategies are often impractical due to
limited coverage, and read mapping of microbial references in
blood and tissue data requires rigorous verification to rule out
contamination.

In Sections Blood and tissue microbiome analysis and Chal-
lenges and discussion, we take a closer look at these special
challenges of blood and tissue microbiome analyses, detailing
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preprocessing, taxonomic profiling, and downstream analysis for
low-biomass situations.

Blood and tissue microbiome analyses

Understanding the potential presence and clinical significance of
microbial DNA in blood and tissues is an area of growing research
interest [13, 38, 39]. Samples deriving from bloodstream or tumor
tissues, however, pose special challenges, such as high host DNA
background, multiple contamination sources, and limited micro-
bial biomass [40, 41]. This section discusses recommended best
practices, methodological issues, and current controversies sur-
rounding blood and tissue microbiome analyses.

In microbiome research, ‘low-biomass’ refers to samples with
exceptionally low microbial DNA content relative to host DNA.
This definition varies across tissue types, with blood typically
exhibiting extremely low microbial presence, while other tissues
may show more variability. The scarcity of microbial DNA in
these samples presents significant analytical challenges, as even
minor contamination can disproportionately influence results.
Consequently, researchers must employ rigorous experimental
protocols and specialized data analysis techniques to ensure the
validity of their findings. This approach is crucial for accurately
characterizing the microbiome in low-biomass environments and
distinguishing true microbial signals from potential contami-
nants. The field continues to develop, with ongoing discussions
about best practices and methodological refinements for studying
blood and tissue microbiomes.

Bioinformatic preprocessing for low-biomass
environments
Quality control, host subtraction, and contaminant removal

Low microbial abundance in blood and many tissue types means
that host DNA can overwhelm microbial reads by orders of mag-
nitude [42]. Therefore, host-subtraction pipelines (e.g. Kneaddata
for short reads [(https://github.com/biobakery/kneaddata)] and
Hostile for long reads [43]) are essential for accurate downstream
analysis. Initial sequence quality assessment using FastQC [44]
and MultiQC [45] is crucial for evaluating read quality metrics,
duplication rates, and potential contamination before host deple-
tion. Even very small amounts of extraneous bacterial DNA can be
misidentified as low-abundance taxa. Methods such as Decontam
[46], Recentrifuge [47], or Squeegee [48] apply statistical filters
and negative controls to identify likely contaminants by exam-
ining read prevalence across blanks and experimental samples.
Prevalence-based and batch-based filters also help flag microbes
present exclusively in particular reagent batches. If negative con-
trols are scarce, Squeegee offers a de novo approach to contam-
inant detection [48]. A detailed summary of prominent tools for
host decontamination, contaminant filtering, and rRNA removal
is found in Table 1.

TRNA removal in metatranscriptomics

In addition to bacterial rRNA, tissue- and blood-based metatran-
scriptomics must also contend with large amounts of host rRNA.
Tools such as SortMeRNA [55] or Barrnap [53] target unwanted
TRNA reads computationally, freeing resources to focus on mRNA
that reflects true microbial activity. Because rRNA depletion can
inadvertently remove non-rRNA microbial genes, verifying results
with complementary data (i.e. total DNA) is advisable in border-
line cases.

In summary, robust preprocessing including adapter trimming,
host subtraction, and contaminant filtering lays a critical
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foundation for low-biomass microbiome studies. By ensuring
that remaining reads primarily reflect true microbial signals,
researchers can proceed with greater confidence to taxonomic
profiling.

Taxonomic profiling

In low-biomass samples, capturing enough microbial reads to
confidently assign taxonomy is challenging. For 16S rRNA gene
sequencing, commonly used tools such as QIIME?2 [70] for taxo-
nomic classification and DADA? [71] for quality filtering, denoiz-
ing, and generating amplicon sequence variants can be employed.
For WGS and RNA-seq samples, taxonomic profiling tools having
large reference genome database and offering custom database
options—such as Kraken 2 [72]—are particularly advantageous.
These tools are better suited for detecting low-abundance micro-
bial evidence compared to marker-based taxonomic profilers such
as MetaPhlAn 4 [73] with limited marker-based databases. How-
ever, it is well recognized that such k-mer-based tools can over-
classify spurious taxa in low-biomass samples [14]. Alignment-
based strategies such as the BLAST-like tools DIAMOND [74], GATK
PathSeq [75], and commercial DNAMAN software (https://www.
lynnon.com/) can be used to reduce false positives resulting from
a read sharing a k-mer with multiple taxa. Some researchers rec-
ommend combining alignment-free approaches with alignment-
based approaches as “validation checks,” and those approaches
can improve the confidence of taxonomic assignments in low-
biomass contexts [76, 77].

De novo assembly (SPAdes [78] or MEGAHIT [79]) followed by
binning (MetaBAT [80] and CONCOCT [81]) can identify novel
strains or species that are missing in reference databases, but low
coverage in blood or tumor tissues often yields highly fragmented
assemblies and makes assembly impractical for such contexts.
Hybrid approaches—which map contigs to partially complete
reference genomes—can help overcome this limitation while
enabling identification of novel sequences.

For strain-level resolution, which is crucial for tracking disease
outbreaks and antibiotic resistance mechanisms, several tools
have been developed. Popular approaches include Pathoscope 2.0
[82], which provides comprehensive strain identification using
alignment scores, SIGMA [83], which employs maximum like-
lihood estimation for accurate quantification, and StrainPhlAn
4 [84], which uses unique clade-specific marker genes. These
tools enable researchers to distinguish subtle genetic differences
within species, though their effectiveness in low-biomass samples
requires careful validation.

Machine learning (ML) and deep learning (DL) are also applied
for taxonomic profiling. DeepMicrobes [85] employs k-mer embed-
ding and biLSTM networks for taxonomic classification of short
metagenomic sequencing reads. BERTax [86] employs a deep neu-
ral network based on natural language processing to accurately
classify DNA sequences at the superkingdom and phylum level
without any known database representation. MT-MAG [87] is an
ML-based tool designed for the taxonomic assignment of both
complete and partial MAGs based on k-mer frequencies. CHEER
[88] employs hierarchical convolutional neural networks (CNNs)
and k-mer embedding for the taxonomic classification of viral
genomes, especially in handling new species. DL-TODA [89] is
another DL model employing CNNs that can support large data
volumes. These approaches can be especially valuable in low-
biomass settings, where traditional alignment-based methods
may struggle with ambiguous signals. However, false positives are
a major concern, and careful validation is still essential in low-
biomass contexts. A detailed list of commonly used taxonomic
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profilers—including general-purpose, strain-level, and ML- and
DL-based approaches—appears in Table 2.

To summarize, accurate taxonomic profiling in low-biomass
contexts hinges on well-curated databases, careful choice of
alignment-based or alignment-free, and stringent validation
steps. Once microbial taxa are reliably identified, researchers
can leverage downstream analyses such as functional char-
acterization and phenotype prediction to unravel the clinical
and biological implications of these taxa. The next section
details these downstream steps, highlighting how integrated
approaches further enhance the interpretation of blood and tissue
microbiome data.

Downstream analysis

Following preprocessing and classification, downstream analysis
seeks to extract clinically or biologically relevant signals from
the data. This section highlights three key downstream applica-
tions that are especially relevant in blood and tissue contexts,
where contamination and low coverage can confound standard
approaches: phenotype prediction, functional/pathway analysis,
and visualization.

Phenotype prediction

ML and DL have emerged as powerful tools for predicting disease
states (e.g. cancer subtypes) based on microbiome composition.
In blood and tissue microbiome studies, low microbial load and
risk of contamination can severely affect predictive models if
not carefully addressed. ML models should incorporate robust
cross-validation (e.g. repeated stratified k-fold) and external val-
idation cohorts. Without these, spurious patterns arising from
batch effects or rare contaminants may falsely appear as signif-
icant biomarkers. After model training, identifying the highest-
ranked taxa or features can reveal whether they stem from legit-
imate biological signals or artificially normalized read counts
(as with the Poore et al. example). MetAML leverages multiple
ML models to associate taxonomic profiles with specific pheno-
types [104]. DeepMicro—a well-cited deep representation learning
framework—effectively converts high-dimensional microbiome
profiles into low-dimensional representations [105]. However, it
often loses important features during this transformation, mak-
ing it less suitable for low-biomass microbiome analysis. Tools
such as SHAP [106] or LIME [107] facilitate interpretability, allow-
ing researchers to confirm that model outputs align with biolog-
ically meaningful insights. Finally, comparing predictions made
on raw data versus normalized data is recommended; major dis-
crepancies could signal normalization-induced artifacts or other
confounding factors.

Functional annotation and pathway analysis

Where coverage allows, functional analyses can shed light
on microbial metabolic potential or gene expression. Aligning
reads against protein databases (e.g. with DIAMOND [74])
or reconstructing functional profiles from the largest set of
reference sequences (e.g. HUMANN 3 [108]) helps identify putative
metabolic pathways. The reliability of these predictions improves
when supported by complementary transcriptomic data, ensuring
that predicted genes are actively expressed. In disease contexts
(e.g. comparing tumor versus adjacent normal tissue), researchers
often apply specialized tools (e.g. DESeq2 [109] adapted for
microbiome or ANCOM-BC [110]) to identify significantly enriched
taxa or pathways. Caution is critical in low-biomass settings due
to potential zero-inflation and contamination outliers.
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Visualization and communication of results

Pie charts, bar plots, or Krona [111] plots show the proportional
abundance of microbial taxa and provide a clear way to visu-
alize sample taxa composition. If used, color-coding can high-
light possible contaminants flagged by negative controls. Tools
such as iTOL [112] enable interactive display of phylogenetic
trees, which is particularly helpful in identifying unknown or
novel branches discovered via assembly-based approaches. For
functional data, MetScape [113] within Cytoscape [114] can illus-
trate biochemical networks linking microbial genes, metabolites,
and host factors, aiding comprehension of potential microbe-
host interactions. Table 3 provides an overview of key tools for
phenotype prediction, pathway analysis, and data visualization,
with special attention given to low-biomass metagenomic data.

By employing phenotype prediction, functional pathway analy-
sis, and clear visualization techniques, researchers can transform
raw microbiome profiles into clinically or biologically meaningful
insights. However, for samples with low biomass, more care-
ful attention is needed to exclude artifacts and contamination.
The following discussion addresses these broader challenges and
emerging solutions.

Challenges and discussion

Blood and tissue microbiome analyses are increasingly an impor-
tant topic in biomedical research, driven by the possibility of iden-
tifying novel disease biomarkers and therapeutic targets in what
were traditionally believed to be ‘sterile’ environments. Recent
studies have shown that microbial communities may exist in
various tissue types and blood circulation, with potential impacts
on both health and disease states [9, 38, 134, 135]. While the
gut microbiome’s role in human health is well-established, the
presence and potential function of microbes in blood and tissues
represents a new frontier in microbiome science. These investiga-
tions have revealed possible connections between tissue-specific
microbial signatures and various pathological conditions, includ-
ing cancer [9, 38], Parkinson’s disease [135], and even autism [134].
However, the field remains contentious, with some large-
scale studies questioning the existence of a consistent blood
microbiome in healthy individuals [16], while others demonstrate
tissue-specific microbial patterns in disease states [9]. This
complexity is compounded by significant technical challenges
in sample collection, processing, and analysis, particularly given
the extremely low microbial biomass in these environments
[41]. In this section, we discuss the key challenges and recent
developments in blood and tissue microbiome analyses, including
persistent technical hurdles in low-biomass contexts, taxonomic
classification complexities, abundance estimation difficulties, the
promise of multi-omic approaches, ongoing debates about core
microbiomes, and the implications for clinical applications.

Persistent challenges in low-biomass contexts

A defining characteristic of blood and tissue samples is the very
low ratio of microbial to host DNA. Even minimal contamination
can hide genuine microbial signals and lead to false positives.
Rigorous use of negative controls (e.g. reagent-only blanks) and
robust host-subtraction pipelines (e.g. Kneaddata (https://github.
com/biobakery/kneaddata) and Hostile [43]) can help validate
findings and mitigate such risks. At the same time, high host
DNA content complicates de novo assembly, which limits the
ability to achieve strain-level resolution or to reconstruct MAGs.
Alignment-based and reference-guided methods often prove

Blood and tissue microbiome analyses | 7

more feasible in blood and tissue contexts, but they rely on the
completeness and accuracy of reference databases, which often
contain mislabeled or contaminated entries [14].

Taxonomic classification and database choice

Accurately defining the microbial signal in low-biomass contexts
is complicated by the dual risks of incomplete or contaminated
reference databases and insufficiently comprehensive host ref-
erences. Although rapid classifiers such as Kraken2 [72] and
other alignment-based or marker-based tools have advanced the
field, recent evidence from Gihawi et al. [14] shows how omitting
the human genome and including draft microbial assemblies
can drastically inflate microbial read counts. Specifically, if the
database lacks the human reference, any residual host reads
that remain after imperfect human filtering can be erroneously
assigned to microbial taxa. This phenomenon is amplified when
draft genomes in public repositories contain mislabeled human
sequences, a well-documented issue that has introduced spurious
sequences into thousands of putative bacterial entries [14]. The
net effect is that human reads appear to map exclusively to the
microbial database, thus creating false positives and artificially
high microbial abundances.

Species abundance estimation and sample
normalization

Accurate quantification of microbial species in low-biomass sam-
ples is another challenge. Tools such as MEGAN [136] and Bracken
[137] estimate abundance across taxonomic levels, while marker
gene-based strategies (e.g. MetaPhlAn 4 [73]) focus on conserved
regions for more reliable detection. However, these methods can
yield spurious results if the underlying data are heavily zero-
inflated or if key marker genes are missing [138]. Statistical pack-
ages such as ANCOM-BC [110] and ALDEx?2 [139] were developed
to control for compositional biases and variance in metagenomic
data, but their success in low-biomass contexts demands careful
thresholds for detection limits and false positives.

In addition, normalization practices and batch corrections fur-
ther complicate analysis. As Gihawi et al. [14] illustrate, a mis-
guided normalization approach may introduce tumor-specific or
sample-specific signals directly into abundance matrices, which
makes it trivial for ML algorithms to separate clinical categories,
even when the taxa have no true reads in the original dataset.
While these artifacts can appear in any low-biomass study, blood
and tissue analyses are particularly susceptible, given the high
ratio of host DNA to microbial DNA and the reliance on small sta-
tistical signals to detect real microbes. Researchers can help mit-
igate these pitfalls by including complete host references in taxo-
nomic classification, excluding poorly curated or draft microbial
assemblies known to have contamination, and carefully checking
normalization pipelines to ensure they do not introduce artificial
between-sample variation. In addition, best-practice workflows
typically include multiple negative controls and re-check unex-
pected taxa against alternative databases to confirm whether a
putative organism is truly present in the sample.

Integrating multi-omics and advanced machine
learning and deep learning

Multi-omic integration is revolutionizing our understanding of
host-microbiome interactions in health and disease. A recent
study of early colorectal cancer used ML to combine genomic,
transcriptomic, and microbiome data to study key drivers of
tumor formation and progression [140]. For example, the Holo-
Omic approach [141] provides a comprehensive framework
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Protocol Challenges

Mitigation Strategies

Quality Control

* rRNA overabundance masks mRNA signals

rRNA removal * PCR amplification artifacts

Host DNA * High ratio of host to microbial DNA

* High adapter proportion in low-biomass samples ¢ Advanced QC algorithms (FastQC, MultiQC)
* PCR biases amplifying fewer microbial reads

removal * Mislabeled sequences in reference databases

* External vs. internal contaminants difficult to

* Optimization of amplification protocols

* Targeted rRNA depletion kits (SortMeRNA, Barrnap)
¢ Verify with total DNA data in borderline cases

¢ Stringent mapping to human reference (Kneaddata)
¢ Multiple passes of alignment

identification * Incomplete or absent reference genomes

Assembly and ° Limited coverage in low-biomass samples
binning * Host DNA overshadowing microbial reads

* Zero-inflation & batch-to-batch variability

Normalization » Potential for introducing artificial signals

Contaminant . . * Incorporate negative controls
| differentiate ¢ Use specialized tools (Decontam, Squeegee)
remove * Reagent blanks, batch effects P gdasd
Taxonomy * High contamination produces false positive B iigtienoicasbasell ko 2 fatecn)

* Combine alignment-based and alignment-free
strategies

* Deep sequencing or selective capture of microbial DNA
* Develop alternate strategies employing alignment-
based or ML/DL models

¢ Compare raw vs. normalized data
* Employ validated pipelines (ANCOM-BC, ALDEx2)

ional analysis . Gaps in reference database

* Spurious associations from contaminants & batch ¢ Include diverse datasets to train ML models

Phenotype
. YP effects * Use feature selection techniques to identify
prediction * Confounding due to host factors (age, genotype) informative genetic markers (DeepMicro)
Pathway/funct  Contamination & normalization errors can mislead * Use comprehensive and curated databases (DIAMOND,
athway/func functional signals ANCOM)

* Employ statistical models that can handle sparse data

Figure 2. Overview of recommended protocols, major challenges, and possible mitigation strategies for blood and tissue microbiome analyses. Each
step, from quality control and host DNA removal to normalization and phenotype prediction, presents unique difficulties in low-biomass environments.
However, targeted solutions (e.g. optimized host subtraction, rigorous negative controls, and specialized bioinformatic tools) can improve confidence in

microbial profiles and subsequent downstream insights.

for analyzing multi-omic data from both host and microbial
domains, enabling deeper insights into their bidirectional
interactions. In low-biomass settings, where microbial signals are
often confounded by contamination or host-dominant features,
combining metagenomics and metatranscriptomics with host-
centric data (e.g. transcriptomics or proteomics) can enhance
the detection of true microbial signatures. Effective integration
requires careful study design and sample preparation, and strong
quality control to ensure data reliability. By simultaneously
examining microbial and host compartments, this approach can
reveal metabolic and regulatory cross talk that is often missed in
single omic analyses.

Nevertheless, the high dimensionality and potential zero-
inflation of multi-omic data can raise significant computational
challenges, particularly in low-biomass samples [142]. Advanced
ML and DL techniques—such as autoencoders, variational
inference, and graph-based fusion—address these challenges
by extracting meaningful features and accommodating het-
erogeneous data [143]. These methods enhance biomarker
discovery, classification accuracy, and understanding of dynamic

host-microbe interactions. Rigorous controls and batch effect
corrections are critical to ensure that findings reflect true
biological signals rather than artifacts. Multi-omic data utilizing
ML and DL can provide powerful directions for discovering
clinically relevant biomarkers in blood and tissue microbiome
studies, elucidating host-microbe mechanisms, and advancing
disease diagnosis and treatment.

Debates on the ‘Core’ blood microbiome

One of the more contentious topics in the field is whether a
stable ‘core’ community truly exists in the bloodstream. Studies
such as Tan et al. and others argue that no consistent microbial
signal emerges in healthy populations, suggesting that many
reported ‘blood microbes’ could be contaminants or transient
bacteria from the gut or skin [10, 16, 144]. By contrast, smaller
investigations claim to detect recurring microbial signatures that
may modulate immune responses [11]. Resolving this debate may
require large-scale population studies incorporating systematic
contamination controls, stratified sampling, and highly sensitive
bioinformatic pipelines.
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Clinical and translational implications

Given the contamination risks in low-biomass samples, researchers
increasingly recommend a suite of measures to detect and control
both cross-contamination and reagent contamination [16, 41].
Davis et al. [40] demonstrated that statistical approaches can
identify and remove contaminant sequences, while Eisenhofer
et al. [41] provided guidelines for handling contamination in
low microbial biomass studies. The use of multiple negative
controls (e.g. reagent blanks, mock extractions) improves the
identification of reagent-derived taxa. Tools such as Decontam
[46] and Squeegee [48] rely on these controls to statistically model
background contaminants and reduce false-positive microbial
calls.

Recent methodological advances have improved our ability
to distinguish tissue-resident microbes from contaminants.
Dohlman et al. [9] provided the ‘Cancer Microbiome Atlas’
approach, which uses comparative analysis across tissue types
combined with contamination filtering. This method aids in
discriminating between true tissue-resident microbiota and
background noise in low-biomass samples through multi-step
validation procedures and statistical controls.

Emerging technologies are also advancing our capabilities in
low-biomass microbiome analysis. Long-read sequencing tech-
nologies continue to improve strain-level resolution, with both
Oxford Nanopore [145] and PacBio HiFi [146] platforms achieving
sufficient accuracy for reliable strain typing [100].

However, unaddressed issues remain: standard guidelines
for how many negative controls to include (per batch or per
sample set) are inconsistent across studies, and no universal
threshold exists for removing contaminants without inadver-
tently discarding genuine low-abundance taxa [41]. Additionally,
many alignment-based pipelines depend on well-annotated
and contamination-free reference databases, yet mislabeled or
incomplete entries in public repositories remain prevalent [17,
18]. Finally, the field lacks standardized workflows for sample
processing, sequencing, and analysis, though initiatives are
working to develop standard operating procedures [41].

Despite these challenges, blood and tissue metagenomic anal-
yses could provide a powerful tool for clinical diagnostics and
personalized medicine. For instance, the sensitive detection of
microbial signatures in cancer patients may refine prognosis or
guide targeted therapies [9, 38]. In other disease contexts, such
as autoimmune disorders or chronic infections, understanding
tissue-resident versus transient microbes could lead to new inter-
ventions. However, any clinical application must adopt standard-
ized workflows, transparent reporting of negative controls, and
robust normalization checks to instill confidence in the results.

As summarized in Fig. 2, a structured workflow with strict
quality control, comprehensive host DNA removal, and care-
ful contaminant filtering is essential for reliable detection of
microbial signatures in low-biomass samples. By highlighting
key pitfalls at each step, including background contamination,
incomplete reference databases, and over-normalization, Figure
2 highlights both the complexity of blood and tissue microbiome
analysis and the strategies needed to mitigate false signals.

Conclusion and future directions

Blood and tissue microbiome analyses hold great promise for
identifying novel biomarkers, increasing our understanding of
host-microbe interactions, and probing the roles of previously
undetected microbial residents in systemic diseases. However,

these studies are often constrained by low microbial biomass,
which magnifies the impact of potential contaminants, incom-
plete reference databases, and normalization biases. Progress
will be driven by large-scale population studies implementing
standardized sampling protocols and comprehensive negative
controls, as well as ongoing efforts to curate and improve refer-
ence genomes to minimize spurious host matches and mislabeled
entries. Multi-omic approaches—which use complementary
metatranscriptomic, metaproteomic, and metabolomic data—
can further clarify whether detected microbes are metabolically
active or merely present as cell-free DNA. Long-read sequencing
technologies—such as Oxford Nanopore and PacBio HiFi—may
help overcome assembly fragmentation and improve strain-
level resolution. It is equally important to adopt interpretable
ML methods to create high-accuracy classifiers that reflect
real microbial variation rather than data processing artifacts.
This refinement in best practices promises to determine, more
decisively, whether the microbes detected in these nominally
‘sterile’ sites have true clinical significance or instead prove to be
transient contaminants without functional impact.

Key Points

e Blood and tissue samples typically contain very low
microbial biomass relative to host DNA and therefore
require stringent decontamination and host-removal
steps to prevent false positives. Even minimal reagent
or laboratory contaminants can make it difficult to dis-
cover true microbial signals in low-biomass situations,
highlighting the importance of negative controls and
robust filtering tools.

¢ Mislabeled sequences in public reference genomes can
artificially inflate microbial abundances. The entire
human genome should be included in the classification
pipeline, while careful attention should be given toward
excluding poorly curated draft microbial assemblies.

e Normalization and batch corrections can inadvertently
embed sample-specific artifacts in abundance data,
potentially yielding deceptively high classification per-
formance but little biological validity. Checking both raw
and normalized data for consistency can reveal such
artifacts.

e Machine learning and deep learning can detect and
extract subtle microbial signals in blood and tissue
samples, but robust cross-validation, external validation
cohorts, and interpretability methods are essential to
distinguish legitimate biomarkers from noise.

e Despite these challenges, identifying tissue-specific or
blood-borne microbes holds promise for new diagnos-
tic methods, improved prognostic markers, and tar-
geted therapies but requires the use of validated work-
flows, contamination controls, and accurate database
references.
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