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1 | INTRODUCTION

High-throughput sequencing has transformed our abil-
ity to profile microbial communities and other complex
biological systems. However, sequencing data from
low-biomass samples remains especially vulnerable to
bias [1]. A significant challenge arises when host DNA
dominates the nucleic acid pool, leading to off-target
amplification and distortion of microbial profiles [2].
This problem is not unique to microbiome studies; it
represents a broader issue in nucleic acid research,
where contaminating or mis-amplified sequences can
obscure genuine biological signals.

16S ribosomal RNA (16S rRNA) gene sequencing
remains widely used for microbial profiling due to its
cost-effectiveness and targeted recovery of microbial
signatures from limited sample material. Yet, in low-
biomass contexts, host DNA contamination introduces
systematic artifacts that compromise accuracy and
reproducibility [3]. Existing computational strategies for
contamination removal have not been rigorously
benchmarked under controlled conditions, leaving their
effectiveness and scalability uncertain [4].

Recent advancements in microbiome research have
highlighted the critical role of microbial communities in
human health, especially in less accessible ecosystems
such as tissue [5, 6], blood [7], and tumor [8] micro-
biomes. These high-profile studies underscore the
importance of understanding these communities and
highlight the challenges posed by low-biomass sam-
ples. In such samples, the risk of contamination and
artifact generation can significantly distort outcomes
[9-13]. This is evident, for example, in studies investi-
gating cancer or brain microbiome, highlighting the
need for careful methodological refinement to avoid
misleading conclusions that could impact research di-
rections and clinical applications [13, 14].

Here, we present a systematic framework for quan-
tifying the impact of host DNA contamination and eval-
uating computational strategies to mitigate it. Using a
bacterial mock community dilution series with controlled
proportions of human DNA, we assess how host
contamination affects microbial profiles, identify thresh-
olds at which contamination dominates, and benchmark
multiple removal strategies. We further evaluate the
computational performance of different approaches,
focusing on scalability and practical applicability. Our
study aims to contribute to the development of method-
ological standards for sequencing-based analyses in
low-biomass contexts.

In this context, 16S rRNA gene sequencing remains
a valuable tool due to its cost-effectiveness and
adaptability [15, 16], but it is particularly advantageous
for low-biomass samples. Unlike untargeted shot-
gun sequencing, which requires impractically deep
sequencing and often results in discarding most of the
data, 16S rRNA sequencing utilizes targeted amplification

to retrieve microbial signatures even when DNA is scarce
[3]. However, this technique is not without its biases.
Systematic distortions can occur at various stages of the
sequencing workflow, from cell lysis to bioinformatic
analysis [3, 17-19]. These biases necessitate rigorous
controls and highlight the limitations of comparing results
across different protocols [20, 21].

Our study builds on these insights and explicitly ad-
dresses the contamination challenges inherent in 16S
rRNA gene sequencing of low-biomass samples [3,
17-19]. These challenges were evident in our exami-
nation of sputum samples from human immunodefi-
ciency virus (HIV)-infected individuals with chronic
obstructive pulmonary disease (COPD) in rural Uganda,
where we observed significant human DNA contamina-
tion, particularly pronounced in the COPD+ group. If left
uncorrected, this contamination could be misconstrued
as microbial data [22]. This realization forms the basis of
our current research, which uses a bacterial mock com-
munity dilution series spiked with varying amounts of
human DNA to systematically investigate the extent of
host contamination and its impact on microbial profile
accuracy.

We investigated whether thresholds exist at which
host DNA contamination dominates sequencing output.
We demonstrated that post-clustering operational
taxonomic unit (OTU) filtering and reference genome
mapping effectively mitigate these biases. These
techniques are critical for improving the reliability of
microbial community analyses in clinical and environ-
mental settings characterized by low biomass.

In summary, whereas 16S rRNA gene sequencing
remains an indispensable tool for microbial community
analysis, particularly in clinical contexts involving low-
biomass samples, it necessitates stringent methodolo-
gies and robust controls to ensure accurate character-
ization [12, 15, 16, 23]. Our work highlights these
challenges and offers practical solutions to enhance
precision in microbiome studies at the frontier of low-
biomass research. By effectively addressing host
DNA contamination, we emphasize the crucial impor-
tance of methodological rigor in understanding the role
of microbial communities in health and disease.

2 | RESULTS

2.1 | Composition analysis of bacterial
mock community and control samples

The 16S rRNA gene sequencing data analysis revealed
that even the pure bacterial mock community did not
perfectly align with its theoretical composition
(Figure 1A,B; Bray—Curtis dissimilarity between pure
bacterial sample and the theoretical community
composition = 0.35). Individual sample-level variability
underlying this comparison is shown in Supporting
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FIGURE 1 Analysis of microbial community composition and experimental controls. The colors correspond to different bacterial genera, as

indicated in the legend. (A) Relative abundance of bacterial genera: theoretical composition of microbial communities and varying ratios of
bacterial to human DNA. Each bar represents a different ratio, ranging from 0:100 (pure human DNA) to 100:0 (pure bacterial

DNA = pure_bact). (B) Ratio of sample to theoretical values: Each dot represents a genus, with its position along the y-axis indicating the
difference between the observed microbial composition of the sample and theoretical values. The x-axis corresponds to the different bacterial-
to-human DNA mixtures; multiple dots of the same color represent the same ratio within the dilution series. The horizontal line at a ratio of 1.0
serves as a reference point where the sample matches the theoretical expectation.

Information S1: Figure S1. In contrast, other experi-
mental samples exhibited community compositions
more closely resembling the sequenced pure bacterial
mock community (Figure 1B), with Bray—Curtis dis-
similarities ranging from 0.01 to 0.17 (mean = 0.04,
standard deviation = 0.03). The experimental contam-
inant control sample (DNase/RNase-free H,O) was
predominantly composed of the genus Cutibacterium
(259 of 265 total reads). Similarly, in a pure human DNA
sample without any bacterial spike-in, 39 of 4457 total
reads were assigned to bacterial taxa using the SILVA
138 database [24], of which 30 were classified as
Cutibacterium. The consistent detection of Cutibacte-
rium (formerly Propionibacterium) in negative controls
and human-only samples is consistent with known
background contamination from laboratory reagents
and handling, particularly in low-biomass workflows.
This genus is frequently reported as a common
contaminant in microbiome studies and should there-
fore be interpreted with caution [1, 25, 26].

2.2 | Host DNA contamination
predominance in low biomass samples

In samples with elevated proportions of human DNA
relative to bacterial mock DNA, there was a notable
overrepresentation of sequences that did not align with
any entries in the SILVA 16S rRNA gene database.
When human DNA accounted for more than 90% of the
total DNA content, off-target amplification of host DNA
became a significant issue, introducing biases that

obscured bacterial signals. Using BLASTn [27] to query
the sequences against the NCBI nucleotide database
(nt) [28], we found that most sequences showed high
identity to human chromosome 16. Lower-identity
matches to other primate sequences likely reflect highly
conserved genomic regions shared with human DNA.

Besides sequences identified as originating from
Homo sapiens, a notable proportion was associated with
synthetic eukaryotic constructs, suggesting the pres-
ence of laboratory artifacts or engineered sequences
commonly used in research. Additionally, a few se-
quences matched Pongo abelii and Pan troglodytes,
further supporting the hypothesis of conserved pri-
mate DNA regions. Interestingly, a subset of sequences
was also identified as originating from Takifugu rubripes
(Japanese pufferfish), indicating potential cross-
contamination or database artifacts. These patterns are
summarized in Figure 2, which shows the proportion of
raw, human-associated, and filtered reads across sam-
ples (Figure 2A), the log-ratio of bacterial to human reads
(Figure 2B), and corresponding DNA concentrations
(Figure 2C).

2.3 | Relative non-bacterial DNA
content is more important than absolute
DNA concentration

We designed a bacterial mock community dilution series
to investigate the relationship between human DNA
content and off-target amplification. As the proportion of
human DNA increased, the number of 16S rRNA gene
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FIGURE 2 Comparative analysis of sequencing reads across different samples under three data processing conditions: raw, human, and
filtered. (A) Total number of reads for each sample, with raw data indicated by blue bars, human-associated reads by red bars, and filtered data,
which likely represents non-human reads, by green bars. (B) The log-ratio of bacterial to human reads. (C) The DNA concentration (ng/uL) for

the bacterial and human reads.

sequences misattributed to the host genome also
increased. However, the overall DNA concentration had
minimal impact on the Bray—Curtis dissimilarity index
(Table 1).

Principal coordinates analysis (PCoA) further
corroborated these findings, revealing distinct clustering
of microbial communities driven primarily by the ratio of

bacterial to human DNA rather than the total DNA con-
centration (Figure 3). Notably, the “pure_bact” sample,
which contained only bacterial DNA, exhibited minimal
variation and was distributed across a narrow range in
the ordination plot. This suggests that the absence of
human DNA reduces variability in community composi-
tion across different DNA concentrations.
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TABLE 1 Permutational multivariate analysis of variance
(PERMANOVA) analysis of beta diversity in microbial
communities.

SumOfSgs R? F Pr (>F) Sign.
Human DNA  0.007797  0.19631 10.7945 0.001  ***
Concentration 0.003029  0.07626  4.1931 0.008  **
Residual 0.028892  0.72744
Total 0.039717  1.00000

Note: *** for p < 0.001, ** for p < 0.01.
Abbreviations: F, F-statistic; Pr (>F), p-value; sign, statistical significance;
SumOfSgs, the sum of squares.
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FIGURE 3 Principal coordinates analysis (PCoA) of microbial
communities by bacterial-to-human cell ratios: PCoA compares
microbial community structures across samples with varying ratios
of bacterial to human DNA. The color of each data point indicates
the specific bacterial-to-human DNA ratio, ranging from
predominantly human (1:99) to predominantly bacterial (99:1), with
a category for pure bacterial samples (pure_bact). The opacity
correlates with the overall DNA concentration of a particular
sample, with paler samples being more diluted.

Permutational multivariate analysis of variance
(PERMANOVA) analysis [29] was used to evaluate the
impact of human DNA content and total DNA concen-
tration on the beta diversity of microbial communities,
quantified using the Bray—Curtis dissimilarity index. The
table summarizes the sum of squares (SumOfSgs), the
proportion of variance explained (R?), F-statistic (F),
p-value (Pr (>F)), and statistical significance (sign). The
analysis reveals that human DNA content significantly
influences community compositon (R?> = 0.20,
p-value = 0.001), followed by total DNA concentration
(R? = 0.08, p-value = 0.008), which accounts for a

significant portion of the variance in microbial diversity.
However, 73% of the variation remains unexplained
(residuals, R? = 0.73). Statistical significance is denoted
as *** for p < 0.001, ** for p < 0.01, and * for p < 0.1.
Absolute taxon abundances across DNA concentration
and bacteria-to-human DNA ratio, before and after
contamination filtering, are shown in Supporting
Information S1: Figure S2, confirming that relative host
DNA content rather than total DNA concentration pri-
marily drives compositional shifts.

As the proportion of human DNA increases, the
relative abundances of Bacillus, Escherichia-Shigella,
Salmonella, and Cutibacterium significantly decrease
(Figure 4). Concurrently, the abundance of non-
bacterial reads classified as “noHit” increases sub-
stantially, indicating that higher proportions of human
DNA lead to more off-target amplicons. In contrast, total
DNA concentration positively correlates with the abun-
dance of Listeria, Staphylococcus, Enterococcus, and
Pseudomonas (Figure 4). The genera Bacillus,
Escherichia-Shigella, and Salmonella appear less
affected by changes in total DNA concentration
compared to the percentage of human DNA.

A substantial proportion of the variance in microbial
community composition remained unexplained in the
PERMANOVA analysis. This residual variance likely re-
flects a combination of factors inherent to 16S rRNA gene
sequencing, including polymerase chain reaction (PCR)
amplification bias, stochastic variation in low-biomass
samples, and differences in sequencing depth. In low-
biomass contexts, small fluctuations in absolute DNA
quantities can disproportionately influence relative
abundance estimates, further increasing variability.
Additionally, compositional effects and genus-specific
amplification efficiencies may contribute to the observed
variation, particularly with respect to total DNA concen-
tration. These factors highlight the inherent complexity of
interpreting microbiome data in low-biomass settings.

In summary, higher percentages of human DNA
reduce the detectability of specific bacterial taxa and
increase the proportion of unidentified sequences. In
contrast, higher total DNA concentrations enhance the
detectability of particular genera, such as Listeria and
Staphylococcus.

2.4 | Efficacy of contamination removal
methods in 16S rRNA gene sequencing
data

We evaluated three computational methods for removing
contamination from 16S rRNA gene sequencing data: a
pre-clustering removal approach [30], a post-clustering
removal approach (LotuS2) [31], and the R package
Decontam [32]. We compared these methods against
unfiltered (naive) data. Our analysis revealed that the
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FIGURE 4 Bacterial genera differential abundance (effect size Spearman’s rho) in response to two variables: percent human DNA and
total DNA concentration. A positive value (red) indicates a genus is more abundant, and a negative value (blue) means it is less abundant.
Asterisks indicate statistical significance of Spearma’s correlation tests after multiple testing correction with the Benjamini-Hochberg

procedure (q < 0.1, g < 0.01, g < 0.001). Their vertical position within tiles is for visualization purposes only and does not encode additional

information.

Decontam package was less effective at filtering host
contamination in low-biomass samples (Supporting
Information S1: Figure S3), potentially because it is not
optimized for such datasets (as discussed).

Figure 5 and Table 2 summarize the relative abun-
dances of non-bacterial sequences remaining after
each method was applied, highlighting their compara-
tive effectiveness in mitigating human DNA contami-
nation and cleaning the dataset.

Lower percentages of “noHit” reads correspond to
more effective contamination removal. Sequences
classified as “noHit” were interpreted primarily as off-
target amplification products or host-derived se-
quences in this controlled mock community setting.
Whereas such reads may in principle include unanno-
tated microbial sequences, this is unlikely in the present
study. Taxonomic assignment was performed using
permissive thresholds as low as 78% identity at the
phylum level, yet these sequences remained unclassi-
fied, indicating no detectable similarity to known mi-
crobial reference sequences. This strongly supports the
interpretation that “noHit” reads predominantly reflect
non-microbial or off-target amplification products.
However, in more complex environmental or clinical
samples, where unknown taxa are more prevalent, this
assumption may not fully hold and should be inter-
preted with caution.

2.5 | Validation using ddPCR—16S
rRNA gene amplification

In this study, we employed a TagMan assay in digital
droplet PCR (ddPCR) to quantify the absolute copy
numbers of 18 and 16S rRNA genes in our samples.
The primary aim was to validate the ratios used to
assess human contamination in the 16S rRNA gene

data. Absolute copy numbers were calculated by
multiplying the ddPCR output concentration (copies/uL)
by the sample-specific dilution factor.

Because of inherent differences in ribosomal gene
copy numbers per unit of DNA resulting from variations
in genome size, we normalized the values to achieve
equality for the 50:50 ratio sample (Figure 6).

3 | DISCUSSION

The analysis conducted in this study addresses three
critical hypotheses regarding the influence of off-target
human DNA amplification and contamination in samples
with low microbial biomass. The findings of our investi-
gation into 16S rRNA gene sequencing data highlight the
inherent biases introduced by this sequencing approach
in low-biomass samples, even when applied to a pure
bacterial mock community. As evidenced by discrep-
ancies between observed and theoretical microbial
compositions, these biases highlight the challenges of
accurately characterizing microbial community structure
[10, 11, 21]. Such biases are consistent with prior findings,
demonstrating that 16S rRNA sequencing is prone to
systematic errors introduced at various workflow stages,
including DNA extraction, PCR amplification, and
sequencing [10, 11, 21]. These findings significantly
contribute to understanding the complexities of microbial
community analysis and to developing methods for
removing contamination.

This analysis explored strategies to mitigate host
DNA contamination, focusing on filtering reads that
align to the reference genome before and after OTU
clustering. Both methods effectively removed contami-
nants; however, post-clustering OTU filtering proved
more efficient than reference genome mapping, which
was computationally intensive yet less effective. This
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FIGURE 5 Relative abundance of genera grouped by bacterial-to-human DNA ratio for naive (left), pre-clustering (middle), and post-
clustering (right) filtered dataset. Each column, except “pure bact”, depicts the mean relative abundance of the dilution series of the respective

ratio.

finding aligns with the growing emphasis on sustainable
research practices. By conserving computational re-
sources, post-clustering removal reduces the carbon
footprint associated with large-scale genomic analyses
and offers a practical solution for routine microbiome
studies [33]. These practical implications make the
research directly relevant to the daily work of re-
searchers and professionals in the field.

Additionally, we evaluated the performance of the
Decontam package for identifying and removing
contamination in low-biomass samples. Our results
revealed limitations in its efficacy under these conditions.
The statistical models employed by Decontam, particu-
larly those relying on an inverse relationship between
contaminant frequency and sample biomass, were less
reliable in contexts with low biomass. Low biomass
samples inherently have a higher risk of contamination,
and their dilute nature can result in contaminant DNA
being disproportionately overrepresented. Furthermore,
Decontam’s dependency on negative control samples

and DNA quantitation data posed significant challenges
due to the variability and low DNA yields characteristic of
samples with low biomass. These findings underscore
the need for further exploration and innovation in
contamination identification and removal methods in low-
biomass contexts.

The observed differences between contamination
removal strategies can be explained by their underlying
methodological assumptions. Pre-clustering filtering
relies on read-level alignment to a reference genome,
which can remove ambiguous sequences but may also
inadvertently discard true microbial reads that are
partially similar to host DNA. In contrast, post-clustering
filtering operates at the OTU level, allowing sequence
clustering to first capture biological variation before
removing OTUs that match off-target references. This
approach is more robust to noise and reduces the risk
of over-filtering.

Statistical approaches such as Decontam rely on
assumptions about the relationship between
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TABLE 2 Cumulative amount of “noHit” reads determines reads not mapped to any of the references in the SILVA 16S rRNA database

(v138).
Variable Mix b/h Raw Pre_c Post_c Decontam_R
noHit empty 0.00000% 0.00000% 0.000000% 0.00000%
noHit pure_bact 0.00276% 0.00276% 0.002765% 0.00276%
noHit 99:1 0.00078% 0.00078% 0.000782% 0.00078%
noHit 75:25 0.00662% 0.00309% 0.002885% 0.00536%
noHit 90:10 0.00765% 0.00516% 0.005160% 0.00745%
noHit 50:50 0.02004% 0.00346% 0.002796% 0.01659%
noHit 25:75 0.17663% 0.00556% 0.001179% 0.13525%
noHit 10:90 0.53035% 0.02004% 0.003628% 0.41256%
noHit 1:99 9.19731% 0.29736% 0.005643% 6.90936%
noHit pure_human 99.12497% 75.47170% 0.000000% 98.89362%

Note: “Pure_human” denotes the sample with only human DNA, and “pure_bact” denotes the sample with only bacterial DNA. The percentages are derived from the
relative abundance of non-bacterial sequences after each filtering step, indicating the proportion of remaining contamination.

Abbreviations: Decontam_R, using the Decontam package; Post_c, post-clustering filtering; Pre_c, pre-clustering filtering.
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ribosomal subunit gene copy numbers of samples with varying
ratios of bacterial-to-human DNA, based on digital droplet PCR
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50:50 ratio in the sample and then log-transformed.

contaminant abundance and sample characteristics,
such as DNA concentration or prevalence in negative
controls. Although effective in higher-biomass settings,
these assumptions may break down in low-biomass
samples, where stochastic effects and high levels of
relative contamination obscure the expected patterns.
These conceptual differences explain the reduced
performance of Decontam observed in our study.
These findings are likely generalizable to other

contamination-removal strategies that rely on similar
principles. Methods based on sequence alignment may
face similar trade-offs between sensitivity and speci-
ficity, whereas statistical approaches may be similarly
challenged by the altered signal-to-noise ratio in low-
biomass datasets. This highlights the need for careful
method selection depending on sample type and study
design.

Our analysis also identified unexpected contami-
nants (e.g., Vagococcus, Cetobacterium, Aeromonas,
Vibrio, and Plesiomonas) in our 50:50 mixture at the
lowest dilution. These contaminants likely originated
from laboratory environments or reagents, emphasizing
the susceptibility of highly diluted samples to external
contamination. This finding underscores the crucial
need for rigorous quality control measures in micro-
biome studies, including technical and biological repli-
cates, to identify and mitigate contamination sources
effectively. It also highlights the potential for unex-
pected contaminants in microbiome studies, which re-
searchers should be aware of when interpreting their
results.

Furthermore, our investigation highlights the
pervasive issue of database mal-annotation, as previ-
ously reported by Orakov et al. [34]. The fidelity of mi-
crobial databases is increased when rigorous protocols
for remediating contamination are integrated into anal-
ysis pipelines. Tools like GUNC [34] have revealed that
approximately 5.7% of genomes in GenBank and 5.2%
in the NCBI reference sequence database (RefSeq) are
contaminated chimeras, alongside 15%—-30% of “high-
quality” metagenome-assembled genomes from recent
studies. Such contamination estimates distort diversity
estimates, functional annotations, and downstream
biological inferences. This issue is particularly prob-
lematic for low biomass samples, where contaminant
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DNA can overshadow genuine microbial signals, lead-
ing to overestimations of diversity and erroneous con-
clusions about microbial ecology and evolution [21, 34].

Taken together, our findings demonstrate that DNA
concentration is less critical than the presence of biomass
contamination in influencing sequencing outcomes. We
demonstrate that post-clustering OTU filtering effectively
addresses this issue, representing a computationally
sustainable solution for removing off-target amplification.
Based on these findings, we recommend using pipelines
such as LotuS2 [31], which incorporates an integrated off-
target database to filter host contamination, particularly
for low-biomass samples, effectively.

In addition to computational approaches, experi-
mental strategies such as hybrid capture, primer
extension capture, single primer extension, or target
enrichment offer an alternative means of reducing host
DNA interference [35, 36]. These methods can
selectively enrich microbial sequences prior to
sequencing, thereby improving sensitivity in low-
biomass samples. However, they require prior probe
design and may introduce biases similar to primer-
based amplification. Furthermore, their cost and
complexity may limit their applicability in large-scale
studies. As such, computational approaches remain
an important and flexible component of contamination
mitigation strategies.

A limitation of this study is that contamination con-
trols were limited to PCR- and reagent-level controls
and did not include full-process controls spanning
sample collection through sequencing. Although the
controlled mock community design allows precise
quantification of host DNA effects, future studies
incorporating complete workflow controls would provide
additional insights into contamination sources in real-
world samples.

4 | CONCLUSION

Our study systematically demonstrates that host
DNA contamination strongly biases 16S rRNA gene
sequencing in low-biomass samples, with off-target
amplification dominating when host DNA exceeds
approximately 90% of total DNA. This threshold provides
an empirical reference point for interpreting microbiome
data derived from low-biomass environments.

Among the evaluated approaches, post-clustering
OTU filtering emerged as the most effective and
computationally efficient strategy for mitigating host-
derived signal without substantially distorting microbial
community structure. In contrast, methods relying
solely on statistical assumptions or pre-clustering
filtering showed reduced performance under low-
biomass conditions.

These findings have direct implications for the
design and analysis of microbiome studies, particularly
in clinical and environmental settings where host DNA
is abundant. They highlight the importance of inte-
grating both experimental controls and appropriate
computational strategies to ensure reliable results. To
our knowledge, this is the first systematic quantification
of this threshold under controlled conditions.

Future work should explore how these findings
extend to more complex real-world microbiomes
and alternative sequencing approaches, including
enrichment-based methods. Furthermore, additional
experiments in the 90%—-100% host DNA range could
better characterize contamination effects. Overall, this
study provides a practical framework for improving data
quality and interpretability in low-biomass microbiome
research.

5 | MATERIALS AND METHODS

5.1 | Experimental design
The overall experimental design, including the dilution
series and control samples, is illustrated in Figure 7.

5.2 | DNA extraction and environmental
contamination control

To minimize environmental contamination, all labora-
tory procedures were conducted under a laminar flow
hood (LabGarda ES Energy Saver Class Il Laminar
Flow, NuAire Inc., Plymouth, MN, USA).

5.2.1 | Microbial standard preparation

The ZymoBIOMICS microbial community standard
(Zymo Research Europe GmbH, Freiburg, Germany),
comprising eight bacterial and two fungal strains, was
used as the mock community in this study. The stan-
dard was stored at —20 °C until use. Before DNA
extraction, the sample was thawed and vortexed to
ensure uniform distribution of the microbial content.

5.2.2 | DNA extraction procedure

DNA extraction was performed using 75 pL of the micro-
bial standard with the ZymoBIOMICS DNA Miniprep Kit,
following the manufacturer’'s protocol with slight modifi-
cations to enhance mechanical disruption. Samples were
transferred to a PeQLab (Bertin Corp., Rockville, MD,
USA) vial containing ZR BashingBead lysis tube beads
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FIGURE 7 Experimental design. Various conditions are shown, with brown representing the ratio of bacterial DNA and pink indicating the
ratio of human DNA. The transparency encodes for DNA concentration (dilution). Charts denote biomass and contamination levels, ranging
from high biomass/low contamination to low biomass/high contamination. Controls for human, mock, and negative samples are included for

reference.

(0.1 and 0.5 mm). The vial was securely capped after
750 pL of ZymoBIOMICS lysis solution was added.

Mechanical disruption was performed using a
PeQLab Precellys 24 homogenizer (Bertin Corp.,
Rockville, MD, USA) at 5500 rpm for two 15-s cycles,
with a 5-min rest between cycles. DNA was eluted
using 50 pL of ZymoBIOMICS DNase/RNase-free
water.

The DNA extraction was conducted in eight inde-
pendent rounds to ensure reproducibility and consis-
tency. The DNA extracted from all rounds was pooled to
achieve a uniform sample for downstream analyses.
Human genomic DNA was obtained from PROMEGA
Corporation (Madison, WI, USA; catalog reference
G3041) and used without further modification. The con-
centrations of microbial and human genomic DNA stan-
dard samples were quantified using a Qubit fluorometer
(Qubit 4, Thermo Fisher Scientific, Waltham, MA, USA).

The measured concentrations were 170 ng/uL for the
human genomic DNA and 52 ng/pL for the microbial
standard.

5.2.3 | Preparation of DNA mixtures and
dilution series

To simulate varying microbial-to-human DNA ratios,
microbial and human DNA were mixed according to
predefined proportions corresponding to sample names
1-7, as outlined in Table 3. Subsequently, the DNA
mixtures were further diluted using DNase- and RNase-
free water to create a continuous dilution series,
detailed in Table 3 under sample names 1.1-7.5. This
dilution series was designed to investigate the effects of
varying DNA ratios and concentrations on microbial
detection and analysis outcomes.
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TABLE 3 Dilution series.

Sample name Sample identifier Concentration Human Bacterial H,O (uL) Standard (pL) Comment

1 P01-A01-1 41.2 1 99 NA 50 NA

2 P01-B01-2 41.6 10 90 NA 50 NA

3 P01-C01-3 43.0 50 50 NA 50 NA

4 P01-D01-4 324 99 1 NA 50 NA

5 P01-E01-5 42.4 90 10 NA 50 NA

6 P01-F01-6 42.7 75 25 NA 50 NA

7 P01-G01-7 42.7 25 75 NA 50 NA

8 P01-HO1-8 40.0 0 100 NA 50 NA

1.1 P01-A02-1.1 20.1 1 99 25 25 1:1 from 1
1.2 P01-B02-1.2 10.0 1 99 25 25 1:1 from 1.1
1.3 P01-C02-1.3 4.9 1 99 25 25 1:1 from 1.2
1.4 P01-D02-1.4 2.2 1 99 25 25 1:1 from 1.3
1.5 P01-E02-1.5 1.2 1 99 25 25 1:1 from 1.4
2.1 P01-F02-2.1 18.9 10 90 25 25 1:1 from 2
22 P01-G02-2.2 9.0 10 90 25 25 1:1 from 2.1
2.3 P01-H02-2.3 5.0 10 90 25 25 1:1 from 2.2
24 P01-A03-2.4 25 10 90 25 25 1:1 from 2.3
25 P01-B03-2.5 1.3 10 90 25 25 1:1 from 2.4
3.1 P01-C03-3.1 20.3 50 50 25 25 1:1 from 3
3.2 P01-D03-3.2 9.4 50 50 25 25 1:1 from 3.1
3.3 P01-E03-3.3 5.2 50 50 25 25 1:1 from 3.2
34 P01-F03-3.4 2.6 50 50 25 25 1:1 from 3.3
35 P01-G03-3.5 1.3 50 50 25 25 1:1 from 3.4
4.1 P01-H03—4.1 20.0 99 1 25 25 1:1 from 4
4.2 P01-A04—4.2 10.0 99 1 25 25 1:1 from 4.1
43 P01-B04-4.3 5.0 99 1 25 25 1:1 from 4.2
4.4 P01-C04—4.4 24 99 1 25 25 1:1 from 4.3
45 P01-D04—-4.5 1.2 99 1 25 25 1:1 from 4.4
5.1 P01-E04-5.1 19.7 90 10 25 25 1:1 from 5
5.2 P01-F04-5.2 9.5 90 10 25 25 1:1 from 5.1
5.3 P01-G04-5.3 5.5 90 10 25 25 1:1 from 5.2
54 P01-H04-5.4 2.6 90 10 25 25 1:1 from 5.3
55 P01-A05-5.5 1.2 90 10 25 25 1:1 from 5.4
6.1 P01-B05-6.1 20.4 75 25 25 25 1:1 from 6
6.2 P01-C05-6.2 10.5 75 25 25 25 1:1 from 6.1
6.3 P01-D05-6.3 5.2 75 25 25 25 1:1 from 6.2
6.4 P01-E05-6.4 2.6 75 25 25 25 1:1 from 6.3
6.5 P01-F05-6.5 1.3 75 25 25 25 1:1 from 6.4
71 P01-G05-7.1 19.8 25 75 25 25 1:1 from 7
7.2 P01-H05-7.2 9.9 25 75 25 25 1:1 from 7.1

(Continues)
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TABLE 3 (Continued)

Sample name Sample identifier Concentration Human Bacterial H,O (uL) Standard (pL) Comment
7.3 P01-A06-7.3 5.3 25 75 25 25 1:1 from 7.2
7.4 P01-B06-7.4 2.8 25 75 25 25 1:1 from 7.3
7.5 P01-C06-7.5 1.4 25 75 25 25 1:1 from 7.4
8.1 P01-D06-8.1 40.0 100 0 NA NA NA

8.2 P01-E06-8.2-empty 0.0 NA NA 50 NA NA

Note: Samples were prepared by initially mixing microbial and human DNA in specific ratios (sample names 1-7), followed by a series of dilutions (sample names

1.1-7.5).

Abbreviations: Bacterial, percentage of bacterial DNA in the sample; Comment, comments providing additional context or specific remarks about the sample
preparation, such as the source sample for each dilution; Concentration, DNA concentration in ng/uL; H,O (L), volume of DNase/RNase-free water added for
dilution, where applicable; Human, percentage of human DNA in the sample; NA, not applicable; Sample identifier, unique identifier code for each sample; Sample
names, descriptive name associated with the sample, including initial samples (1-8) and subsequent dilutions (e.g., 1.1, 1.2); Standard (uL), volume of standard

solution added, if any.

5.2.4 | Control samples
To ensure robust comparisons and validation, three
control samples were prepared:

e Pure microbial DNA (sample name 8): Served as the
microbial control.

e Pure human DNA (sample name 8.1): Served as the
human control.

e Pure DNase- and RNase-free water (sample name
8.2): Served as the negative control.

All samples were stored at —20 °C until they were
shipped to LGC Genomics GmbH (Berlin, Germany) for
further analysis.

5.3 | Digital droplet gPCR quantification
To determine the absolute numbers of 18S and 16S
rRNA gene copies in the DNA samples, we used a
ddPCR TagMan assay (Table 4).

5.3.1 | Primer and master mix preparation
A 10x concentrated primer-probe mix was prepared,
with final concentrations of 0.8 umol/L for the primers
and 0.4 pmol/L for the probes. The master mix
included the QiAcuity demo assay IC probe assay kit
yellow (200/50) from QIAGEN (GmbH, Hilden, Ger-
many), the primer-probe mix, a restriction enzyme,
and RNase-free water. The mixture was vortexed to
ensure homogeneity, and 11.8 pL of the master mix
was combined with 1 pL of DNA in a 96-well plate.
For each sample, 12 pL of this preparation was
transferred to a Nanoplate 8.5 K 96-well plate (QIA-
GEN GmbH, Hilden, Germany), with each sample run
in duplicate.

5.3.2 | PCR cycling conditions
PCR amplification was conducted with the following
cycling parameters:

e |nitial denaturation: 95 °C for 2 min.
e Amplification: 40 cycles of 95 °C for 15-s and 60 °C
for 30-s.

Fluorescence detection channels were set to green
(FAM) for the 16S rRNA gene and yellow (VIC) for the
18S rRNA gene.

5.4 | Sample dilution and normalization
To determine the appropriate sample concentrations,
various dilutions were tested and evaluated. Final di-
lutions were as follows:

e 1:100 for samples 4, 5, and 6.
¢ 1:10,000 for samples 1, 2, 3, 6, 7, and pure bacterial
DNA samples.

The final copy numbers were calculated by multi-
plying the ddPCR output concentration (copies/pL) by
the corresponding dilution factor for each sample.

Given the differences in ribosomal gene copy
numbers per unit of DNA, reflecting variations in
genome size, the values were normalized to a 50:50
ratio, setting both 16 and 18S rRNA genes to a relative
value of 1.

5.5 | DNA sequencing

DNA samples were processed and sequenced by LGC
Genomics GmbH (Berlin, Germany). A total of 45
samples were sequenced, yielding approximately 2.5
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TABLE 4 Primer and probe sets used in TagMan digital droplet PCR (ddPCR) assays for 18S and 16S rRNA gene quantification.

Primer set Forward Reversed Probe

16S 281 515 FAM-ACTCCTACGGGAGGCAGC-MGB
ACTGAGACACGGCCCA TTACCGCGGCMGCTGGCAC

188 387 388 VIC-CGCGCAAATTACCCACTCCCGAC
ACATCCAAGGAAGGCAGCAG TTTTCGTCACTACCTCCCCG

Abbreviations: FAM, 6-carboxyfluorescein (also written as 6-FAM); MGB, minor groove binder; VIC, VIC® dye (Thermo Fisher Scientific).

million reads each. Sequencing was performed using
300-bp paired-end reads on the lllumina MiSeq plat-
form (lllumina, Inc., San Diego, CA, USA), targeting the
bacterial 16S rRNA gene V3-V4 region (primers 341F
and 785R). Each PCR reaction included 1-10 ng of
DNA extract (1 pL), 15 pmol of forward and reverse
primers, 1x MyTaq buffer containing 1.5 units of MyTaq
DNA polymerase (Bioline GmbH, Luckenwalde, Ger-
many), and 2 pL of BioStabll PCR enhancer (Sigma-
Aldrich Co., St. Louis, MO, USA), in a total volume of
20 pL. The forward and reverse primers included
identical 10-nt barcode sequences for each sample.
Amplification was performed over 30 cycles with the
following conditions:

Pre-denaturation: 96 °C for 1 min.
Denaturation: 96 °C for 15-s.
Annealing: 55 °C for 30-s.
Extension: 70 °C for 90-s.

Final hold: 8 °C.

The DNA concentration of amplicons was assessed
via gel electrophoresis. Approximately 20 ng of ampli-
con DNA from each sample was pooled for up to 48
samples, each with a unique barcode. Amplicon pools
were purified with Agencourt AMPure XP beads
(Beckman Coulter, Inc., IN, USA) to remove primer di-
mers and small mispriming products, followed by addi-
tional purification using MiniElute columns (QIAGEN
GmbH, Hilden, Germany).

For library construction, 100 ng of each purified
amplicon pool was used with the Ovation Rapid DR
Multiplex System 1-96 (NUuGEN Technologies, Inc.,
CA, USA). The resulting lllumina libraries were pooled,
size-selected via preparative gel electrophoresis, and
sequenced on an lllumina MiSeq platform using V3
chemistry.

All libraries were demultiplexed for each sequencing
lane using the lllumina bcl2fastq v2.20 software [37].
The demultiplexing protocol allowed for up to two mis-
matches or Ns (undetermined bases) in the barcode
read, provided that the barcode distances between all
libraries on the lane permitted it. After sorting, the

barcode sequence was clipped, and reads with missing
or conflicting barcodes were removed.

5.6 | Sequence data processing

Amplicon sequencing data were processed and taxo-
nomically annotated using the LotuS2 pipeline (v2.32)
[31, 37, 38]. The SILVA database (version 138) was
used as the reference database for taxonomic align-
ment [24, 39], which was performed using the Lambda
aligner [24, 39].

The reference database selected for this process
was the SILVA database, specifically version 138 [24,
39], and the taxonomic alignment was conducted using
the lambda aligner [40].

To address human contamination in the sequencing
data, the LotuS2 (v2.32) pipeline was used with the
“offtargetDB” parameter [13, 41, 42] and the human
genome version 38 patch 14 (GRCh38.p14), masked
using the Progenomes3 database [43]. This approach
enabled the removal of OTUs that aligned with the off-
target database after clustering.

5.6.1 |
clustering

Human contamination removal pre-

Human contamination was removed before clustering
using the BBMap tool from BBTools (v38.98) [30].
GRCh38.p14, masked with the Progenomes3 data-
base, was used as the reference. The following pa-
rameters were applied for the analysis:

e Minid = 0.95: Minimum identity of 95% between
reads and the reference genome.

e Maxindel = 3: Allowed up to three indels (insertions
or deletions) in alignments.

e Bwr = 0.16 and bw = 12: Controlled dynamic range
and bandwidth for alignment.

e Quickmatch: Enabled rapid identification of matching
regions.

e Fast: Optimized the alignment process for efficiency.
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e Minhits = 2: Retained only reads with at least two
valid hits to the reference genome, further ensuring
the removal of human contamination.

5.6.2 | Masking and filtering

The GRCh38.p14 human genome was masked using
the Progenomes3 database to account for repetitive
and low-complexity regions, thereby improving the ac-
curacy of contamination removal. Reads were classi-
fied into “human” and “filtered” categories and stored as
separate FASTA files.

5.6.3 | Validation of human reads

Human reads were further validated by aligning them to
the nt database using BLAST 2.9.0+ [44]. Alignment
parameters included:

e Minimum alignment length: 280 bp.
e Percentage identity: >95%.
e E-value: <0.01.

5.7 | Statistical analyses

All statistical analyses were conducted in R (version
4.3.0) using RStudio (version 2023.12.1) [45]. Data
included raw, pre-clustering, and post-clustering
decontaminated datasets, as well as data processed
with the Decontam R package (version 1.20.0) [32].
Genus-level abundance tables were standardized to
relative abundances using total sum scaling. For visu-
alization and analysis, only the ten most abundant
genera were displayed, with less abundant genera
aggregated into an “other” category.

571 |
reduction

Beta diversity and dimensionality

Beta diversity was assessed using the Bray—Curtis
dissimilarity index calculated with the vegdist function
(vegan package, version 2.6—4) [46]. PCoA was per-
formed with the cmdscale function (stats package,
version 4.3.0) to reduce dimensionality and facilitate
interpretation.

5.7.2 | PERMANOVA and variance analysis

The influence of DNA ratios and concentrations on beta
diversity was evaluated using PERMANOVA with the

adonis2 function (vegan package). Variance explained
by these factors was quantified and reported.

5.7.3 | Visualization and univariate analysis
Figures were generated using the ggplot2 package
(version 3.4.2) [47]. Univariate analyses were per-
formed to compare the raw and filtered datasets using
the metadeconfound R package (version 0.3.1) [48] to
detect potential confounders that may affect microbial
abundance estimates.
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