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MOTIVATION Human read contamination in metagenomic data compromises analysis, increases computa-
tional burden, and poses privacy risks. While numerous removal methods exist, their accuracy and efficiency
vary and the benefits of incorporating newer reference genomes such as T2T-CHM13 remain underexplored.
Here, we benchmark leading approaches to establish best practices for reliable and secure human read
removal, providing guidance on the choice and configuration of appropriate methodologies.

SUMMARY

Human reads are a key contaminant in microbial metagenomics and enrichment-based studies, requiring
removal for computational efficiency, biological analysis, and privacy protection. Various in silico methods
exist, but their effectiveness depends on the parameters and reference genomes used. Here, we assess
different methods, including the impact of the updated telomere-to-telomere (T2T)-CHM13 human genome
versus GRCh38. Using a synthetic dataset of viral and human reads, we evaluated performance metrics for
multiple approaches. We found that the usage of high-sensitivity configuration of Bowtie2 with the T2T-
CHM13 reference assembly significantly improves human read removal with minimal loss of specificity, albeit
at higher computational cost compared to other methods investigated. Applying this approach to a publicly
available microbiome dataset, we effectively removed sex-determining SNPs with little impact on microbial
assembly. Our results suggest that our high-sensitivity Bowtie2 approach with the T2T-CHM13 is the best

method tested to minimize identifiability risks from residual human reads.

INTRODUCTION

When performing next-generation sequencing directly on hu-
man-derived microbial or viral (referred to henceforth as path-
ogen) samples (e.g., clinical specimens), a significant proportion
of reads will originate from the human host. This problem is
particularly acute in shotgun metagenomic studies when there
is no or only limited depletion of host DNA. The overall propor-
tions expected will vary depending on the protocol employed.
For instance, in microbiome studies, gut microbiome studies
with samples derived from feces will typically have a low propor-
tion of human reads (<10%), whereas saliva, nasal, skin, and
vaginal samples can often be majority human in composition
(>90% reads).’

This can have two important effects, relating to both down-
stream analyses and legal and ethical concerns. The human

™

genome is around a 1,000-fold larger than the average bacterial
genome and around 100,000-fold larger than a respiratory
virus genome such as SARS-CoV-2 (~30 Kb for SARS-CoV-2
cf. ~3.2 Gb for the human genome). This means that a sample
containing equal copies of human and pathogen genomes would
result in approximately 99.9% of reads being of human origin,”
which can have detrimental effects on the quality of variant
calls.® Additionally, the increasing amount of human whole-
genome sequences or genotyping data deposited in public ar-
chives raises a risk for potential identification of the individual
from whom the sample was derived. This raises numerous con-
cerns around privacy, lack of informed consent, and legal and
regulatory compliance.” This risk can present a barrier to open
and timely data sharing. Removal prior to analysis is important
as it ensures reproducibility with data later submitted to public
archives while optimizing data to mitigate erroneous calling,
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with the additional benefit of reducing the size of data files used
for complex downstream analysis, thus reducing the energy
requirement for the bioinformatics analysis.®

Some methods seek to remove human reads in vitro. One
method is to employ chemical depletion of host DNA. However,
this can lead to issues such as incomplete removal of host DNA,
loss of pathogen DNA, bias toward certain pathogen popula-
tions, and increased protocol complexity, time, and cost.” Other
methods enrich the microbial component, for example, 16S ribo-
somal RNA sequencing and SARS-CoV-2 ARTIC amplicon
sequencing®; these methods will reduce the numbers of human
reads to negligible levels via specific amplification of target gene
(s) or genomes; however, this comes at the expense of strain-
specific information in other parts of microbial genomes and
can only be employed to investigate a limited number of different
species.

Another method is bait capture, where a synthetic oligonucle-
otide probe with complementarity to target sequences is used to
selectively enrich the sequencing library with particular target
genes or genomes. Baits can be designed for a range of targets,
including respiratory and vector-borne viruses and bacteria. This
can be very useful for enhancing the signal for a group of patho-
gens from the background and avoids issues associated with
amplification, such as primer artifacts and dropouts; however,
a background of human reads is still generated. As such, it is
important to remove human reads in silico.

Computational human read removal (HRR) methods can often
be broadly divided into the following classes: alignment and
classifier-based. The alignment-based methodologies involve
aligning reads to a human reference and retaining only the reads
that do not align. Classification-based methods involve predict-
ing the taxonomic identity of individual reads and removing
reads that are classified as human.

Various HRR methods have previously been assessed by
Bush et al.,> who investigated several alignment and classifier-
based methodologies on a benchmark of multiple simulated
mixtures of bacterial species. The authors found that align-
ment-based methodologies more accurately located human
reads compared to classification-based methods because
aligners directly compare the reads with the human genome
sequence. They note a trade-off in terms of computational effi-
ciency, with alignment-based methods working on substantially
longer timescales as well as requiring greater computational
resources. For short reads (<150 bp), the combination of two
short-read aligners, Bowtie2 followed by SNAP, was the most
effective HRR combination; however, they note the higher
computational cost of combining the two alignment-based
methods. Though the authors discuss a comparison of method-
ologies, they broadly implemented default parameters across
the tested methodologies; however, aligners such as Bowtie2
can be further parameterized and run in alternative ways to
enhance their efficacy for HRR, offering potential improvements
for this use case.

Bush et al. also compared HRR performance with aligners and
classifiers against the GRCh37’ and GRCh38°® references and
found no difference between methods that use the different
reference genomes.” However, since the publishing of this
paper, a more complete telomere-to-telomere (T2T-CHM13)
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reference has been published, comprising the first full-length
human genome sequence.’ Compared to the GRCh37 assem-
bly, GRCh38 was an improvement on the previous best refer-
ence, but T2T-CHM13 represents a paradigm shift. The use of
long-read technologies meant that the T2T-CHM13 assembly
was able to resolve previously “dark” regions in the previous
assembly, including centromeres, telomeres, and ribosomal
DNA (rDNA) arrays.® This offers potential for large improvements
in the ability of alignment-based HRR tools to improve their abil-
ity to detect human reads that previously fell into these “dark
zones” and ensure their removal from the dataset.

In this study, we investigated a number of HRR methods and
their capacity to separate human reads from microbial reads
(viral and bacterial). We created a synthetic titration benchmark
dataset based on a gradient of bait-capture-derived reads mixed
with reads derived from human samples derived from the 1000
Genomes Project'® across multiple populations to ensure a
range of demographic representation. A read-fate analysis was
performed on multiple HRR methods using the synthetic titration
dataset, comprising combinations of alignment and classifica-
tion-based methods to identify the best-performing method
and investigate performance differentials. We then applied our
chosen method to a publicly available microbiome dataset
and showed the effect that application has on the identifiability
of individuals and confirm no adverse effects of implementing
this methodology on either metagenomic-assembled genomes
(MAGs) or consensus FASTA generation.

RESULTS

Comparison of methodology performance

We sought to identify the best practice for HRR from microbial
metagenomics short read data (shotgun and bait capture). To
do this, we investigated the performance of multiple HRR
approaches (see details of selection in STAR Methods and
Table 1) against a synthetic titration dataset constructed from
viral reads mixed in with varying proportions of human reads
(see Figure 1 and STAR Methods).

We defined a true positive (TP) as a read correctly classified as
human, a true negative (TN) as a read correctly classified as non-
human, a false positive (FP) as a non-human read incorrectly
classified as human, and a false negative (FN) as a human read
incorrectly classified as non-human. Using these definitions,
we calculated a set of “all-round metrics” —accuracy, F1 score,
and Matthews correlation coefficient (MCC)—to provide an over-
all view of method performance. Accuracy reflects the propor-
tion of correct classifications overall but can be misleading
when human and non-human reads are imbalanced. The F1
score combines information about correct and missed human
read predictions but does not take the number of TNs into ac-
count. While this makes it less informative about the preservation
of non-human reads, comparing F1 scores to accuracy
and MCC across varying human titers can help indicate
whether changes in performance are driven more by gains
in HRR or losses in microbial retention. MCC, by contrast, incor-
porates all four components of the confusion matrix and pro-
vides a more balanced view, particularly under varying class
distributions.
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Table 1. Details of the HRR methods investigated in this study

Method name Primary removal tool Configurations

Wrapper Human reference(s)

Bowtie2 Standard  Bowtie2 (v.2.5.4) standard

Bowtie2 parameters

Bowtie2 VSL Bowtie2 (v.2.5.4) “very-sensitive-local”

parameter switched

on and mapping performed
on fastq pairs in “unpaired”

mode

Bowtie2- Kraken2  Bowtie2 (v.2.5.4) for
alignment, Kraken2
(v.2.1.3) for subsequent

classification

Bowtie2 and Kraken2

Metawrap-QC BMTagger (v.3.101) standard BMTagger

configurations

SRA Human
Scrubber

SRA Human Scrubber
(v.2.2.1)

standard SRA Human

standard parameters for

Scrubber configurations

HOSTILE (v.1.1.0) T2T-CHM13 and GRCh38

Kneaddata (v.0.1.2) T2T-CHM13 and GRCh38
(all functionality except
human read removal

switched off)

Nextflow v.24.04.4 Bowtie2: T2T-CHM13 and GRCh38
Kraken2: Standard — 16 GB
database from Ben Langmead
(https://benlangmead.github.io/

aws-indexes/k2)

Nextflow (https://github.  T2T-CHM13 and GRCh38
com/sanger-pathogens/

generate_mags)

SRA Human Scrubber
(v.2.2.1)

20240718 human database filter
(https://ftp.ncbi.nim.nih.gov/sra/
dbs/human_filter/numan_filter.db.
20240718v2)

We also calculated targeted metrics—precision, sensitivity
(also known as recall), and specificity—to explore specific as-
pects of performance. Precision reflects how many of the reads
removed were truly human, sensitivity captures how effectively
human reads were identified and removed, and specificity indi-
cates how well non-human reads were correctly retained.

All methodologies tested showed good performance in HRR
across the synthetic titration benchmark, with the minimum
MCC score at any human titer for any method of 0.94
(Figure 2A). As the human titer is increased, accuracy and
MCC show a pattern of decay across all methods at similar rates,
with no method converging or crossing across human titers. This
decay is not shown for the F1 score (the harmonic mean of pre-
cision and recall), indicating that this performance decay was
driven mainly by the increasing number of FNs (Figure S1), which
is not a component of the F1 score.

Across the methodologies investigated, the best all-around
performing methods were those utilizing Bowtie2 with the
“very-sensitive-local” (VSL) configuration, as indicated by the
clear difference in all-around performance showcased through
accuracy, F1, and MCC scores. The Bowtie2-Kraken2 methods
had the next best performance, with the poorest performance
exhibited by the Bowtie2 Standard methodology with the
GRCh38 human reference (Figure 2A).

Investigation of specific components of the overall perfor-
mance indicated that the increase in sensitivity conferred by
the Bowtie2 VSL methodology also resulted in a very small
drop in specificity (TN rate, the proportion of actual negatives
correctly identified by a test), indicating that this method was
less specific than other methods and more prone to calling
FPs than other methods. This difference is marginal, with a
reduction in specificity of ~0.00003 from the highest specificity
method (SRA Human Scrubber) and with a median false positive
count of 5 reads with a maximum of 375 (the Bowtie-Kraken2
method has a higher maximum FP rate, see Figure SfT;

Table S1). This marginal reduction in specificity does not over-
come the larger increase in sensitivity (TP rate, the proportion
of actual positives identified by a test), contributing to its greater
performance in the overall metrics compared to other methods.

Overall, the best-performing method, Bowtie2 VSL T2T-
CHM13, exhibited an approximately 3.8-fold reduction in the
number of FN reads (i.e., human reads incorrectly retained by
the method) compared to the worst-performing method, Bow-
tie2 Standard GRCh38. It also exhibited an approximately 1.3-
fold decrease compared to the next-best T2T-CHM13 method
in Bowtie2-Kraken2.

The differences in human reference sequence appeared to
have a different effect according to the different HRR methodol-
ogies (Figure 2B). All methodologies showed a significant
improvement in HRR when the T2T-CHM13 reference sequence
is applied according to the MCC scores (Wilcoxon signed-rank
test p value <0.05). The extent of this was variable between
methods, with Bowtie2 Standard and MetaWrap-QC showing
the largest difference between the two methods, with a much
smaller difference for the Bowtie2 VSL and Bowtie2-Kraken2
methods (Bowtie2 VSL also shows a higher test statistic, which
suggests that the rank scores vary more within the dataset,
and as such, there is less distinction between the two popula-
tions being compared; Figure 2B). This indicates that the sensi-
tivity of the method employed is a more significant component of
HRR performance than the reference sequence used and that
the more sensitive methods (Bowtie2 VSL and Bowtie2-
Kraken2) are less likely to be improved further by improvement
in human genome assemblies reducing the maintenance burden
of these methods.

We also examined resource usage across the tested methods
(Figure 2C). The VSL parameterization had a significant impact
on overall runtime (Wilcoxon rank-sum test, p < 0.05), resulting
in a median increase of 6.42 min compared with the standard
Bowtie2 implementation. However, memory consumption was
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Figure 1. Flowchart depicting the process for developing the synthetic mixture titration dataset

similar between Bowtie2 VSL and the standard Bowtie2, while
Bowtie2-Kraken2 and MetaWrap exhibited higher memory us-
age. In contrast, the SRA Human Scrubber was markedly more
efficient than the other methods, with substantially lower runtime
and peak memory consumption.

A key focus for HRR methodologies is the effective removal of
host reads; therefore, we focused the analysis on the composi-
tion of reads that were recorded as FNs (reads arising from hu-
man samples that were not removed by a given methodology).
As these FNs all arose from samples from the 1000 Genomes
Project, we investigated the extent to which these retained reads
were true human reads rather than probable microbial and/or
other contaminants in the 1000 Genomes samples. To this ef-
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fect, FN read sets were processed with Kraken2 against the
“maxikraken” database (see STAR Methods), and their compo-
sitions were compared between methods.

As a percentage of FN reads, the Bowtie2 VSL methods
exhibit significantly (Wilcoxon rank p value <0.05) increased
microbial reads compared with other methods, indicating that
human and unclassified reads make up for a much smaller
component of these read sets resulting from these methods
(Figure 2D, i). At the same time, we can see that the overall num-
ber of microbial reads retained by the VSL methods is decreased
for these methods compared with other methods (Figure 2D, ii).
Taken together, this provides a stronger indication that these
methods have a greater propensity to deplete potential human
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reads from the dataset, however, with greater potential to addi-
tionally deplete some real microbial reads. FN reads that are
either classified as human or remain unclassified after Kraken2
processing did not exhibit bias toward certain genetic ancestries
(Figure S2). The HRR method employed appears to be a much
stronger component of read retention than that of human genetic
ancestry.

To assess the impact of different HRR methods on viral
consensus genome FASTA generation, we investigated genome
coverage patterns across different viral species with human ti-
ters 1, 5, and 9. Dimensionality reduction revealed that clustering
patterns of consensus fasta coverage were primarily driven by
the sample and differences in human titers (Figures 2E i and ii),
with little to no contribution from the HRR methods (Figure 2E,
iii). In line with this, PERMANOVA showed no significant grouping
based on HRR methods (Figure 2E, iii). Collectively, these find-
ings suggest that the HRR process had minimal influence on
the overall viral consensus genome quality.

Evaluation of external metagenomic data
To evaluate the effect of HRR methods, we applied the approach
to a publicly available shotgun metagenomic study. HRR had
already been performed by the authors using Bowtie2 Standard
GRCh38, prior to the dataset being uploaded into the public
domain. We observed a significant difference in richness (num-
ber of observed bacterial species), Shannon diversity (diversity
of the community taking into account the number of observed
bacterial species and relative abundance), Inverse Simpson
(similar to Shannon diversity but emphasizes on community
evenness), and Pielou’s evenness (how evenly distributed the
species are in a community) between raw to SRA Human
Scrubber, Bowtie2 VSL GRCh38, and Bowtie2 VSL T2T-
CHMA13 (Figure 3C). However, no significant differences were
found between Bowtie2 VSL GRCh38 and T2T-CHM13. Bowtie2
VSL, regardless of reference, reduced detectable bacterial spe-
cies from 31 in raw to 11 (Table S2). Shannon diversity and In-
verse Simpson also decreased. Notably, Bowtie2 VSL increased
evenness, suggesting preferential removal of less abundant
species.

We evaluated the effect of HRR methods on beta diversity,
which measures differences in microbial community composi-
tion between samples, using Bray-Curtis dissimilarity on relative

Cell Reports Methods

abundance. Significant differences were observed between raw
and SRA Human Scrubber (R = 0.0009, p = 0.003), Bowtie2 VSL
GRCh38 (R? = 0.00357, p = 0.001), and Bowtie2 VSL T2T-
CHM13 (R? = 0.00364, p = 0.001). However, ordination did not
show clear separation between clusters (Figure S3A). Variation
partition analysis attributed 0.36% of variation to HRR methods
and 97.26% to samples (Figure S4). After accounting for sample
variation, a slight separation between methods was observed
(Figure S3B), with Bowtie2 VSL clustering together regardless
of the reference genome used. Bray-Curtis dissimilarity and Jac-
card index scores were used to quantify differences (Figure 3C).
SRA Human Scrubber had median scores of 0.05 (Bray-Curtis)
and 0.1 (Jaccard). Bowtie2 VSL showed similar median scores
across references: Bray-Curtis 0.067 (GRCh38) and 0.068
(T2T-CHM13); Jaccard 0.125 (GRCh38) and 0.1268 (T2T-
CHM13).

Next, we compared the determined average nucleotide iden-
tity (ANI) of two common species found in the nasal microbiota,
Staphylococcus aureus and Corynebacterium accolens, across
the HRR methods (Figure 3D). We hypothesized that ANI in-
creases when human reads misclassified as bacterial are
removed, while ANI decreases when bacterial reads are misclas-
sified and removed (Figure 3A). S. aureus ANI scores differed
significantly between the raw dataset and Bowtie2 VSL
(GRCh38 and T2T-CHM13) but not between raw and SRA Hu-
man Scrubber. No significant difference was observed between
Bowtie2 VSL GRCh38 and T2T-CHM13, suggesting that
Bowtie2 VSL itself, rather than the reference genome, drives
the difference. SRA Human Scrubber improved S. aureus ANI
scores, whereas Bowtie2 VSL reduced them (Figure 3E),
suggesting that S. aureus reads are removed by Bowtie2 VSL.
For C. accolens, ANI scores differed significantly between raw
and both HRR methods but not between SRA Human Scrubber
and Bowtie2 VSL, indicating similar performance. Notably, Bow-
tie2 VSL performed better than SRA Human Scrubber at main-
taining or improving C. accolens ANI scores, suggesting that
the extent of misclassified bacterial reads may vary by species.

To identify species removed by different HRR methods, we
performed differential abundance analysis using MaAsLin2. Of
the 3,115 species detected, 55 were depleted due to HRR
(Figure 3F), primarily from the phyla Pseudomonadota and
Actinomycetota. Bowtie2 VSL GRCh38 and T2T-CHM13 had

Figure 2. Comparison of HRR methods across the synthetic titration dataset

(A) Performance metrics across the dataset, top row (i-iii) shows overall classification performance: accuracy (i) reflects the proportion of correctly classified
reads but can be misleading with class imbalance; F1 score (i) balances precision and recall, making it useful when FPs and FNs have different consequences;
Matthews correlation coefficient (MCC, iii) provides a more robust measure by incorporating all elements of the confusion matrix. The bottom row presents class-
specific metrics: precision (iv) indicates the proportion of correctly identified human reads among those classified as human, sensitivity (v) shows how effectively
human reads are removed, and specificity (vi) measures how well viral reads are retained. Lines indicate the mean across all samples and iterations at each human
titer, with shading representing the 95% confidence interval. Different y axis scales between plots should be considered when interpreting values.

(B) Percentile-percentile plot showing the differences in MCC distributions between methods run with the GRCh38 and T2T-CHM13 human assemblies as
reference sequences. Table shows the output of Wilcoxon signed-rank test for each method between the GRCh38 and T2T-CHM13 distributions.

(C) Boxplot showing differences in run time and resource usage between the different methodologies. () Real time for process completion in seconds. (ii) Peak
Virtual Memory used in the completion of the process in megabytes.

(D) Boxplots showing distributions of FN (reads derived from human sources retained by HRR methods) reads, which are classified as microbial (i.e., neither
human nor unclassified) by kraken2 against the maxikraken database across the synthetic titration dataset. () Number of FN reads classified as microbial, (ii)
percentage thereof.

(E) t-SNE embeddings of consensus sequence coverage after HRR and comparing different human read titers. Points colored by the HRR method (i), sample (i),
and human titer (jii), with PERMANOVA p value and pseudo-F values for each grouping indicated in each plot.
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Figure 3. Comparison of metagenomic outputs arising from metagenomics analysis post implementation of HRR methods

(A) A flowchart illustrates how human read removal (HRR) affects average nucleotide identity (ANI) scores across different scenarios. ANl is calculated using
Sylph, which utilizes k-mers and is sensitive to changes in read composition. In scenario A, ANl is calculated from both bacterial and human reads, where human
reads resemble bacterial sequences, leading to a lower reported ANI score. Removing human reads increases the ANI score. In scenario B, no human reads
interfere with ANI calculation, so applying HRR has no effect. In scenario C, some bacterial reads are misclassified as human reads and removed during HRR,
reducing the total reads used for ANI calculation and lowering the ANI score.

(B) Alpha diversity comparison between three HRR methods and a standard HRR approach, Bowtie2 Standard GRCh38.

(legend continued on next page)
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similar beta coefficients (mean delta: 0.0001). SRA Human
Scrubber had a lower beta coefficient than Bowtie2 VSL, with
a mean delta of 0.58 for both GRCh38 and T2T-CHM13
(Table S3).

In addition to quantifying the impact of HRR methodologies on
microbiome diversity, we assessed the post-HRR samples for the
presence of residual human reads. The aim of this analysis was
to determine the level of human genetic information retained in
post-HRR samples that could potentially be used to re-identify
individuals. Reads were retained across autosomes and
sex chromosomes in samples processed with the Bowtie2
Standard GRCh38 reference method and the SRA human
scrubber method; Bowtie2 VSL with a GRCh38 reference genome
retained notably fewer reads than both these methods (Figure 4A).
Bowtie2 VSL with T2T-CHM13v2.0 reference genome did not
detect retained reads, which was expected as the same reference
genomes were used for initial HRR and subsequent re-alignment,
but we have included this comparison for completeness.

Improvements made by the T2T-CHM13v2.0 reference
genome include the resolution of highly repetitive regions, such
as the human satellite array on chromosome 9, a region that
has previously been of low mappability.'® It is notable that a
larger number of human reads were retained on chromosome
9 by the Bowtie2 Standard or SRA Human Scrubber methods
(Figure 4B). This demonstrates the importance of using a high-
quality reference genome for HRR.

We earlier highlighted the ethical concerns that surround the
ability to re-identify an individual from human reads retained in
microbiome data. This was previously tested in a cohort of indi-
viduals with gut microbiome samples and corresponding
genomic samples.” Without access to human biobank data
associated with the nasal microbiome samples, we are unable
to fully test the ability to correctly match microbiome samples
to human genetic samples.

As an approximation of re-identification, we performed a sex
determination analysis of samples post HRR (Figure 4C). Sex
determination was possible for all samples in the publicly up-
loaded nasal microbiome shotgun data (mean Y chromosome
read depth in male samples, rd = 0.692) and remained possible
after HRR with SRA Human Scrubber (rd = 0.420) or Bowtie2 VSL
with a GRCh38 reference genome (rd = 0.00673), although
with diminishing confidence. SRA scrubber and Bowtie2 VSL
GRCh38 methodologies appear to be proficient in removing X
chromosome reads but retain a larger proportion of Y chromo-
some reads, Bowtie2 VSL GRCh38 to a much lesser extent, re-
flecting the improved performance of the Bowtie2 VSL method.
The impact of reference genome is highlighted by the differences
observed between Bowtie2 VSL using the GRCh38 reference
genome and the T2T-CHM13v2.0 reference genome, reflecting
the improvements made by the T2T-CHM13v2.0 reference
genome, including the more accurate representation of the Y
chromosome included in the T2T-CHM13v2.0 reference
sequence.'®
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DISCUSSION

This investigation demonstrates that the VSL mode in Bowtie2
significantly enhances HRR performance by increasing align-
ment sensitivity at the cost of longer runtime (Table 2). Unlike
the default mode, VSL enables local alignment, allowing soft-
clipping of non-matching bases at read ends, making it more
tolerant to sequencing errors. The seed length is reduced from
22 to 20 bases, increasing sensitivity but also computational
time, as shorter seeds match more frequently across the
genome. Additionally, VSL increases re-seeding attempts from
2 to 3, improving alignment chances when the initial seed fails.
The seed interval factor is lowered from 1.0 to 0.5, resulting in
denser seed placement, which enhances alignment probability
but requires more processing. Finally, the allowed backtracking
is increased, allowing Bowtie2 to explore more alternative
alignment paths. Collectively, these modifications increase the
likelihood of mapping reads to the human reference but require
additional computational resources.

Another key difference in the VSL methodology we have im-
plemented is that reads are aligned to the reference by Bowtie2
in “unpaired” mode. This has the ability to confer several further
sensitivity gains aside from the implementation of the VSL mode
alone, including the removal of constraints around insert size re-
strictions, proper pairing of reads, greater sensitivity to partial
matches (e.g., where one mate appears human and the other
microbial), and potential handling of structural variants within
human genomes, which may disrupt insert sizes. Furthermore,
the removal of the requirement to compute pair restraints in un-
paired mode likely reduces resource requirements, hence partly
compensating for the increased resource usage of the VSL
modality.

The combination of the parameter changes, allowance of
soft-clipping (which Bowtie2 does not permit in its default
end-to-end mode, unlike aligners such as BWA-MEM that
perform local alignment by default), and removal of pairing
constraints have a clear positive effect on the sensitivity of
the Bowtie2 VSL methodology; however, this increase in
sensitivity has obvious potential drawbacks, including addi-
tional computation time and a decrease in specificity. Indeed,
we did observe a marginal decrease in specificity for the
Bowtie2 VSL method over other methodologies. However,
when comparing the difference between the top T2T-CHM13
methods (Bowtie2 VSL and MetaWrapQC), the difference in
median sensitivity is approximately 191 times that of specificity.
This is reflected in the fact that the overall metrics (accuracy,
F1, and MCC) are in agreement that Bowtie2 VSL has the
most optimal overall performance. Additionally, this decrease
in specificity is reflected only in the removal of 5 viral reads in
the median case, with 375 (out of a total of 8,005,608 reads)
in the worst case (the worst case across the whole dataset is
429 reads from the Bowtie2-Kraken2 method out of a total of
8,563,378).

(C) Bray-Curtis dissimilarity and Jaccard index score of three HRR methods against the raw.
(D) Visualization of the ANI of two species commonly found in the nasal microbiota.

(E) Delta ANI score of three HRR methods against the raw.

(F) A differential analysis of HRR methods compared to the raw showing the depletion of bacterial species.
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Figure 4. Post HRR analysis of public human nasal microbiome data

(A) Normalized mean read count when using (I) Bowtie2 Standard with a GRCh38 reference (data as released by Ju et al.""), (Il) SRA human scrubber, (IIl) Bowtie2
VSL with a GRCh38 reference, and (IV) Bowtie2 VSL with a T2T-CHM13v2.0 reference.

(B) Normalized mean read count on chromosome 9.

(C) Plots compare the pseudo-log mean read depth of chromosome X and Y post HRR using (l) Bowtie2 Standard with a GRCh38 reference, (Il) SRA human
scrubber, (lll) Bowtie2 VSL with a GRCh38 reference, and (IV) Bowtie2 VSL with a T2T-CHM13v2.0 reference.

Bowtie2 VSL has an effect on microbial composition, but
the effect size is small. After HRR by Bowtie2 VSL, rarer spe-
cies are excluded, leading to a more even community. HRR
can introduce batch effects, and if multiple HRR methods
are applied unevenly, they may bias the dataset. Authors
should clearly report each step to ensure reproducibility. Bow-

tie2 VSL can also misclassify bacterial reads with GC
content similar to humans (40.9%). This effect was more pro-
nounced in S. aureus (GC 32.8%) than C. accolens (GC 59%),
possibly due to Sylph’s k-mer-based microbiota quantifica-
tion, which is more sensitive to small changes in read
composition.™
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Table 2. Differences in Bowtie2 parameters between the default and the VSL modes

Mode Alignment type Seed length Backtracking Re-seeding Seed interval factor
Default end-to-end 22 15 2 1
Very-sensitive-local local 20 20 3 0.5

Additionally, it is clear that implementation of Bowtie2 VSL in
combination with the T2T-CHM13v2.0 reference genome is the
most effective for removing host-contaminating reads, conse-
quently providing the greatest security against identification,
demonstrated by the reduced ability to identify the sex of the in-
dividual host. As such, although a small effect on microbial diver-
sity is observed, this is outweighed by the reduction in the ability
to identify human individuals.

More broadly, our investigation indicates that the selection of
an HRR method and its configurations likely depends mostly on
scalability and robustness. We observe that overall metrics such
as accuracy and MCC show a reduction in overall performance
as the proportion of human reads in the titration set is increased.
This is likely driven by two main factors: the presence of more
human reads translating into an increased chance of misidentifi-
cation and the inclusion of more true microbial contaminants
from the 1000 Genomes samples. Moreover, as the sensitivity
remained relatively constant through the titration series for all
methods, there is no indication that methods should be chosen
on the basis of likely human titer. We also found no evidence
of bias based on human genetic ancestry in the removal of
human reads, with methodology seemingly the most important
component. Therefore, without questions of scalability, the im-
plementation of Bowtie2 VSL T2T-CHM13v2.0 would appear to
be optimal.

When we consider scalability, however, we must take into
consideration that Bowtie2 VSL shows a median time to
completion of around 10.91 min, which is an increase of around
6.42 min per sample longer than the median time for the Bowtie2
Standard configuration. While this might be appropriate for
users without time constraints or those with large computational
resources allowing them to highly parallelize the process,
these timescales can become burdensome. The memory profile,
however, was fairly similar between the Bowtie2 Standard and
VSL methods, with the addition of the Kraken2 classification
step increasing the memory usage by around 4-fold.

By far, the most efficient tool by both runtime and memory us-
age was the SRA Human Scrubber, which uses the fast STAT
methodology combined with a pre-indexed version of the human
genome covering most regions of interest.’® This allows the
Scrubber to take a more lightweight approach to HRR, perform-
ing a fast scan over a large proportion of the identifiable human
genome rather than a full-scale alignment. Our investigation indi-
cates that this approach results in the highest specificity of any
method in the benchmark, with a maximum of only 2 FP calls
across the entire benchmark. However, we also observe that
the scrubber’s sensitivity is substantially lower than that of the
best-performing methodology, Bowtie2 VSL, and is also lower
than that of the Bowtie2 Standard implementation with the
T2T-CHM13v2.0 reference genome. This indicates that a greater
proportion of human reads will make up these samples, around
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2,592 more reads than Bowtie2 VSL in the median case, which
could have downstream effects on identifiability of human se-
quences, the composition of consensus sequences, and on
downstream runtime. Our investigation indicates that coverage
of consensus sequences does not appear to be affected by
the use of either the SRA Scrubber or the Bowtie2 VSL method-
ology compared with other methods.

Overall, our investigation indicates that all the methods tested
here are likely to be suitable for HRR in a variety of experiments;
all the methods show high sensitivity and specificity. For the
greatest reduction in potential risk for submission to public ar-
chives, the Bowtie2 VSL is most likely to remove the largest pro-
portion of human reads and therefore reduce downstream risk to
the greatest extent. There are two potential caveats to this: the
potential removal of a larger number of microbial reads and the
increased resource usage of the higher sensitivity bowtie2 meth-
odology. In terms of incorrect removal, this analysis indicates
that this effect, while present, is minimal and outweighed by
the positive effect of increased removal of host reads and subse-
quent reduction in identification risk.

Users looking to minimize microbial read loss may wish to
prioritize methods that offer greater specificity; in this study,
this includes the Bowtie2 Standard method and the SRA Human
Scrubber; however, this will likely entail a reduction in sensitivity,
therefore increasing the risk of identifiability in your samples. Re-
searchers may wish to consider the specifics of their study when
selecting an HRR strategy, particularly if the accurate retention
of certain microbial sequences is critical. For example, studies
investigating human-associated viruses such as human papillo-
mavirus (HPV) or Epstein-Barr virus (EBV), which can integrate
into the host genome, may risk losing relevant reads due to
sequence similarity with human DNA by implementation of the
Bowtie2 VSL method.'® In such cases, an alternative approach
could involve first aligning raw reads to the microbial genome
of interest using a sensitive mapping protocol to retain likely
relevant reads, followed by HRR on the remaining reads using
Bowtie2 VSL. This two-step approach can help preserve biolog-
ically meaningful signals while still ensuring rigorous HRR.

For resource usage, tools such as the SRA human scrubber are
available; however, this investigation indicates that usage of these
tools incurs a compromise on downstream data security. Instead,
further developments could be made to implement methods that
match the sensitivity of Bowtie2 VSL while reducing resource us-
age; a potential example may be the implementation of HISAT2,
which may be able to offer similar sensitivity but reduce resource
consumption through its usage of a hierarchical index, improved
memory consumption, and cache optimization.'”

Finally, when using a reference or reference k-mer database
for alignment-based removal, the use of the latest T2T-
CHM13v2.0 reference is recommended; however, using more
sensitive methods such as Bowtie2 VSL can help to ensure
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that your method remains robust to improvements in human
genome assemblies without creating new vulnerabilities.

Limitations of the study

While this study provides a comprehensive benchmark of HRR
approaches across synthetic and real-world datasets, several
limitations remain. First, we focused on short-read sequencing
data, and the performance of these methods may differ for
long-read technologies. Second, although the synthetic titration
mixtures included diverse human ancestries, they cannot fully
capture the complexity of real clinical samples, which may
contain additional contaminants or uneven coverage. Third, we
concentrated on a subset of widely used tools and parameteriza-
tions; emerging or less commonly applied methods were not
assessed. Finally, our evaluation emphasized alignment- and
classification-based approaches against GRCh38 and T2T-
CHM13 references, but future developments such as pange-
nome-based references may provide a richer representation of
human genetic diversity and further influence HRR performance.

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, Matthew Forbes (ms65@
sanger.ac.uk).

Materials availability
This study did not generate new unique reagents.

Data and code availability

@ All sequencing datasets generated in this study have been deposited in
the European Nucleotide Archive (ENA) under project accessions
ERP169280 (viral read sets), ERP169281 (synthetic titration mixtures),
and ERP169282 (post-HRR processed mixtures). Publicly available
metagenomic data from the human nasal microbiome (CRA006819)
were obtained from the Genome Sequence Archive (GSA) and re-
analyzed as described.

® Benchmarking and HRR analyses were conducted using the pipeline
available at https://github.com/wtsi-npg/hrr_tools/tree/benchmarking_
paper-2025 (DOI: https://zenodo.org/records/17136543). Viral consensus
sequence generation was performed using the viral-lens pipeline, avail-
able at https://github.com/genomic-surveillance/rvi-viral-lens.

® Any additional information required to re-analyze the data reported in
this paper is available from the lead contact upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Biological samples

Synthetic RNA control - Influenza A (H3N2) Twist Bioscience Cat# 103002
Synthetic RNA control - Influenza A (H1N1) Twist Bioscience Cat# 103001

Twist Bioscience Cat# 102024
Cat# 102024, 103001

Synthetic RNA control - SARS-CoV-2

Synthetic RNA control — SARS-CoV-2 + Twist Bioscience

H1N1 mix

Synthetic RNA control - RSV A
Synthetic RNA control - RSV B
Clinical respiratory virus samples

Amplirun
Amplirun

Respiratory Virus and
Microbiome Initiative (RVI)

Reference: MBC041
Reference: MBC083

Collected under ethics approval: NRES
Committee London — Surrey, REC ref.
22/PR/1222; IRAS ID 316530

Deposited data

20240718 Human Database Filter
T2T-CHM13v2.0

GRCh38

Maxikraken

1000 Genomes Project human

genomic samples
Raw datasets

NCBI

Nurk et al.’

Schneider et al.®

Loman Lab

ENA

ENA

https://ftp.ncbi.nim.nih.gov/sra/dbs/
human_filter/human_filter.db.20240718v2

https://www.ncbi.nlm.nih.gov/datasets/
genome/GCF_009914755.1/

https://www.ncbi.nlm.nih.gov/assembly/
GCF_000001405.26/

https://lomanlab.github.io/mockcommunity/
mc_databases.html

Accessions in supplemental information

Accessions in supplemental information

Software and algorithms

Bowtie2 v2.5.4
Kraken2 v2.1.3
BMTagger v3.101

MetaWrap-QC (as implemented
in generate_mags pipeline)

SRA Human Scrubber v2.2.1
Nextflow v24.04.4
Kneaddata v0.1.2
Trimmomatic v0.39

BWA v0.7.17

iVar v1.4.3

Sylph v0.6.1

Code Repository

RVI viral lens v0.3.2

Langmead and Salzberg'®

Wood et al.'®
NCBI

Github — Sanger Pathogens
(commit: ff4c635)

NCBI

Di Tommaso et a
The Huttenhower Lab

Bolger et al.”’

Li and Durbin®

Grubaugh et al.?®

Shaw and Yu'*

This study (commit: f31a834)

|_20

Github - Genomic Surveillance Unit

https://github.com/BenLangmead/bowtie2
https://ccb.jhu.edu/software/kraken2/

https://ftp.ncbi.nim.nih.gov/pub/agarwala/
bmtagger/

https://github.com/sanger-pathogens/
generate_mags/tree/ff4c635fbc9801474cde
5327bb4fa12239e17b8b

https://github.com/ncbi/sra-human-scrubber
https://www.nextflow.io
https://huttenhower.sph.harvard.edu/kneaddata/
http://www.usadellab.org/cms/?page=trimmomatic
http://bio-bwa.sourceforge.net/
https://andersen-lab.github.io/ivar/html/
https://github.com/bluenote-1577/sylph
https://github.com/wtsi-npg/hrr_tools

https://github.com/genomic-surveillance/
rvi-viral-lens/releases/tag/v0.3.2

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

To construct the synthetic titration benchmark dataset, 13 samples were processed using a bait-capture protocol. Six were synthetic
control samples obtained from Twist Bioscience, and seven were clinical respiratory samples collected under the Respiratory Virus

and Microbiome Initiative (RVI).
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Collection and use of the clinical samples were approved by the National Research Ethics Service Committee London — Surrey
Research Ethics Committee (REC reference 22/PR/1222; IRAS project ID 316530; approval granted 12 September 2022).

No individual-level demographic information (age or sex) was available to the authors for the RVl samples.

Library preparation and sequencing were performed according to the published protocol RVI-seq — Multi-respiratory virus
sequencing protocol V.1 (protocols.io, https://doi.org/10.17504/protocols.io.ebnvw1b62Imk/v1).

METHOD DETAILS

Human Read Removal Modules

To identify the best practice for human read removal from microbial metagenomics data (shotgun and bait capture), we investigated
the performance of multiple Human Read Removal (HRR) approaches (Table 1). These methods were selected as a representative
set covering popular alignment and classification-based approaches. Bowtie2 methods have previously been identified as highly
effective for host read removal; as such we chose methods which facilitated comparison when sensitivity was adjusted and when
combined with a classifier. We also wanted to investigate the performance of other methodologies which are widely used in the field,
to assess their suitability against the popular alignment based methods. Three methods are based on the popular short-read aligner
Bowtie2,'® Bowtie2 standard is an implementation of the aligner with default parameters implemented within HOSTILE, which wraps
Bowtie2 and performs the downstream removal of aligned reads.?* Bowtie2 VSL implements the “very-sensitive-local” parameter
within Bowtie2,'® increasing the sensitivity of Bowtie2 to more localised matches, mediated through a Kneaddata®® wrapper with
all other functionality switched off and read pairs being mapped in “unpaired” mode, hence treating each independently. Bowtie2
was implemented with a further Kraken2'® classification step for a 2-stage alignment followed by classification protocol. BMTagger,
a k-mer based method, was also implemented within MetaWrap-QC,26 and the SRA-Human-Scrubber which is based on the SRA
Taxonomy Analysis Tool (STAT) which NCBI recommends is run on read-level FASTQ data prior to submission and provides func-
tionality to run the tool upon bioproject submission.'® For all methods, singleton reads were identified post-processing and removed,
hence only paired reads which are not classified as human (either through alignment or classification) are retained for onward
analysis.

Additionally, we sought to investigate the difference in performance when using different reference genomes, namely
T2T-CHM13v2.0° or GRCh38.” To this end, the three Bowtie2-based methods (Bowtie2 Standard, Bowtie2 VSL and Bowtie2-
Kraken2) were run over samples sets twice, once with a T2T-CHM13 and again with a GRCh38 reference for comparison. For
MetaWrap-QC, indexes were created using srprism (version 2.4.24-alpha) for each of the T2T-CHM13 and GRCh38 reference as-
semblies. For the SRA-scrubber, this approach was not applied, and we tested only the latest human filter database made available
through the FTP (see key resources table), date stamped 2024/07/18.

Methods were orchestrated through a nextflow?° pipeline (see key resources table), and runtime and memory usage statistics were
obtained from nextflow trace files.

Synthetic Mixture Titration Dataset Creation

We constructed a dataset to assess the performance of the different human read removal methods under investigation. This dataset
contained real viral (RSV A and B, SARS-CoV-2 and Influenza A) and human reads mixed together in varying ratios, ensuring that
reads from multiple human individuals with diverse genetic ancestry are present in the created read set mixtures. We selected
13 samples (7 from clinical sources, 6 synthetic control samples) sequenced through a bait capture procedure, and obtained all reads
which aligned to one of three respiratory viruses: SARS-CoV-2, RSV A/B or Influenza A (see Data S1). Mapped paired-end reads were
extracted, labeled for downstream identification and sorted with samtools v1.19. Human reads were obtained from a collection of 27
samples of different genetic ancestries from the 1000 genomes project, '® which was previously used in the evaluation of the HOSTILE
HRR tool** (Supplementary Spreadsheet). This dataset was used as it was created to ensure a publicly available set of human
sequences with diverse origins.

Viral and human reads were mixed in such a way as to ensure that the total number of human reads was sampled with identical
frequency from each of the 27 human samples, ensuring that samples investigated comprised human reads from populations of
different genetic ancestry in equal weight, thus allowing downstream investigation of differential ability to dehumanise samples taken
from different human populations.

For each sample investigated, titration sets were created with viral:human proportions ranging from 1:9 - 9:1 via random sampling
of viral and human read sets. Random sampling was performed in triplicate for each sample/human titer combination. This resulted in
the generation of 351 paired-end fastgs representing the 13 viral samples, with 9 human read titers and 3 iterations of each (Figure 1).

Read sets for the dataset are available through ENA, viral read sets for each sample can be obtained through the ENA: ERP169280
project, titration mixtures can be obtained through the ENA: ERP169281 project and titration mixtures processed through the various
HRR methods can be obtained through ENA: ERP169282. A full mapping of all samples can be found in Data S1.

Calculation of Statistics

After titration sets were processed with each human read removal method, read names were extracted from both the removed and
retained read sets to obtain the status of all reads in the investigation. Binary classifiers were calculated for each titration sample; we
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defined a “positive” case as a read removed by a human read removal method and established the truth status depending on
whether the read was incorporated into the dataset from viral or human origin (e.g., a read removed from the dataset by an HRR
method which originated from a human sample will be labeled as a true positive).

These binary classifiers were subsequently used to classify performance metrics, this was split into “all-round” metrics such as
accuracy, Matthew’s Correlation Coefficient (MCC) and F1 scores, and more specific scores such as Precision, Sensitivity (also
known as True Positive Rate or Recall) and Specificity (also known as True Negative Rate).

Investigation of False Negative Read Sets

False negative reads were processed using Kraken2 with default settings, '® using the maxikraken database supplied by the Loman
group for the Mock Communities project.?” Percentages were extracted from Kraken2 reports and in-house code was used to parse
reports and to merge counts across samples retaining hierarchies.

Evaluation of Consensus Fasta Generation
The human-read-removed titration datasets 1, 5, and 9 were trimmed and filtered using Trimmomatic (version 0.39), read
sets were then taxonomically classified using Kraken2 (version 2.1.3) with a custom database optimised for reference
selection consisting of the contents of Viral RefSeq,?® with additional influenza and RSV genomes obtained from NCBI. To
improve the species selection, a bespoke taxonomy was applied within the database which included 1) pruning sub-species
leaf nodes for non-influenza/RSV genomes, 2) reorganising RSV genomes into a hierarchical sub-structure for types A and
B, and 3) reorganising influenza genomes to effectively bin reads by influenza genome segments. For segments 4 and 6, an
additional hierarchical layer was introduced to distinguish between HA and NA types. Viruses with more than 100 assigned
reads were selected as references for mapping with BWA (version 0.7.17) and consensus sequences were generated
with iVar (version 1.4.3), calling bases with coverage equal to or greater than 10x (implemented through RVI Viral Lens pipeline
v0.3.2).

The percentage of sequence coverage against various selected reference sequences was assessed as the proportion of positions
in the alignment covered to at least 10x, and was subsequently used to perform a Principal Component Analysis (PCA) followed by a
t-distributed Stochastic Neighbor Embedding (t-SNE, perplexity 30, number of iteration 5000) for visualisation. A PERMANOVA
(Permutational Multivariate Analysis of Variance) was performed to assess the statistical significance of differences between groups
within the dataset.

Evaluation of External Metagenomics Dataset

We selected a publicly available shotgun metagenomics study of the nasal microbiota to benchmark our method, accession number
CRA006819 deposited on Genome Sequence Archive (GSA). Samples for nasal microbiome data were collected as part of the 4D-SZ
cohort, and represent 1593 individuals of East-Asian genetic ancestry, from the city of Shenzhen.?® To date, this is the largest publicly
available shotgun metagenomic dataset for the nasal microbiota. Before the data was uploaded, the authors removed human reads
with Bowtie2 using the human genome GRCh38 as the reference'’. Raw FASTQ files were downloaded from the GSA. The human
read removal pipelines, as described in Table 1, were applied to the dataset. The microbiota taxonomic composition was determined
using sylph 0.6.1"® with GTDB release 220°° sketched at c200.

Statistical analysis was performed in R version 4.4.2.%" Alpha diversity was calculated with the vegan package version 2.6-10*?
with the functions specnumber and diversity. Pielou’s evenness was calculated using the function diversity found within the micro-
biome package version 1.28.0.°° Kruskal-Wallis test and pairwise Wilcox test were used to test for statistical significance. For beta
diversity, Bray-Curtis dissimilarity and Jaccard Index were calculated using vegdist function found within vegan. A pairwise t-test was
used for statistical testing. p-values were adjusted with the Benjamini-Hochberg procedure. Pairwise PERMANOVA was calculated
with function pairwise.adonis2 from the package pairwiseAdonis.** Visualisation of the average nucleotide identity was done with
ggalluvial.®® MaAsLin 2 v1.20.0 was used to test for microbial association.*® The fixed effect measured is the method used for human
read removal while the random effect was the sample. The raw dataset (Bowtie2 Standard with GRCh38) was set as the reference.
The default parameters were used. To visualise the difference between the methods, a PCoA was calculated using the pcoa package
from ape v5.8-1%" and the dbrda functions found within the vegan package. The function varpart was used to calculate the partition of
variation in the data.

To assess the ability to determine human sample sex from uploaded metagenomic data, a subset of 10 samples (M =5, F = 5) were
used. We compared pre-human read removal samples (uploaded to GSA) with post-human read removal samples (GSA
samples processed through SRA human scrubber, Bowtie2 VSL with a GRCh38 reference genome, and Bowtie2 VSL with a
T2T-CHM13v2.0 reference genome). Post-human read removal samples were re-aligned to the T2T-CHM13v2.0 reference using
Bowtie2 version 2.5.1 and the ‘—very-sensitive-local’ option to identify retained human reads. Information about the proportion
of reads mapping to the reference genome was gathered using samtools1.17. Mean read depth values were visualised using the
‘pseudo_log_trans()’ function from the ‘scales’ R package version 1.3.0.
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QUANTIFICATION AND STATISTICAL ANALYSIS
Statistical procedures are described in detail in the above sections entitled Human Read Removal Modules, Synthetic Mixture Titra-

tion Dataset Creation, Calculation of Statistics, Investigation of False Negative Read Sets, Evaluation of Consensus Fasta Generation
and Evaluation of External Metagenomics Dataset.
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