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A common procedure for studying the microbiome is binning the
sequenced contigs into metagenome-assembled genomes. State-of-the-art
binning methods use coabundance and sequence-based motifs such as
tetranucleotide frequencies, whereas taxonomic labels derived from
alignment based classification have not been widely used. Here we propose
TaxVAMB, a metagenome binning tool based on semisupervised bimodal
variational autoencoders, combining tetranucleotide frequencies and
contig coabundances with taxonomic information. TaxVAMB outperformed
all other binners on CAMI2 human microbiome datasets, returning on
average 29% more high-quality assemblies than the next best binner, and
performed on par with the best binners on short-read datasets. Onahuman
gutlong-read dataset, TaxVAMB recovered 29% more high-quality bins.
Inatypical single-sample setup, TaxVAMB on average returns 83% more
high-quality bins compared to VAMB. Lastly, TaxVAMB binned incomplete
genomes better than any other tool, returning on average 300% more
high-quality bins of incomplete genomes than the next best binner.

Shotgun metagenome sequencing is an accessible technology that
enables high-throughput analysis of complex microbial communities
for both taxonomic profiling and metagenome assembly tasks. The
field is currently dominated by short-read (commonly 100-300 bp)
technologies'; however, long-read sequencing has recently gained
prominence, asitallows therecovery of even more individual genomes
with higher accuracy”™*. When working with environmental samples in
the absence of cultured isolates, the assembled contigs are grouped
together during the process of metagenome binning’.

Most metagenome binning tools® " are based on analyzing both
contig composition, commonly represented as k-mer frequencies

vectors such as tetranucleotide frequencies (TNFs)'?, and contig
coabundances across multiple samples. In addition to theinformation
contained in contigs, some tools rely on assembly graphs”™¢, codon
usage’, G+C content®, single-copy genes (SCGs)'®** and contig-level
taxonomy profiling?>**"*, Furthermore, ensemble tools use the bin-
ning results created by multiple approaches® 2%, Most metagenome
binning tools have been optimized for short-read sequences and
their performance on long-read datasets has not been thoroughly
evaluated. Recently, several tools such as GraphMB”, SemiBin2*
and LRBinner* have been developed specifically for long-read
sequencing data. In general, the large amounts and complexity of
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metagenomic data make it a suitable application for deep learning
(DL) algorithmsl],lS,lé,Z()fZZ,Zs'

For the purpose of this study, we emphasize a rough distinction
betweentheintrinsic features® derived purely fromagiven set of reads
and their corresponding contigs (k-mer frequencies, G+C content
and coabundances) and the annotation-based features that require
searching external databases (for example, SCGs and taxonomic labels
from sequence alignment). A taxonomic label is an example of an
annotation feature, which can be extracted from a read or a contig
using taxonomic profiling tools* %, However, these annotations are
often incomplete as not all the contigs can be successfully mapped
to areference sequence. Furthermore, the annotations might also be
biased toward better-studied organisms that will be more prevalent
indatabases.

Recently, SCGs have been used as a key clustering feature by the
SemiBin2 (ref. 21) and Comebin* methods. Traditionally, SCGs have
been used for evaluating metagenome-assembled genomes (MAGs),
asin the popular metagenomic binning evaluation tools CheckM***°.
While missing or duplicated SCGs are indeed a strong signal of MAG
quality, one might be cautious about using these both as an input to
binning and as an evaluation of the produced bins. This turns the evalu-
ationmetricintoatrainingtarget, an observation sometimes referred
toas Goodhart’s law (‘when ameasure becomes atarget, it ceasesto be
agood measure’)*. Therefore, investigation of binning performance
with and without SCGs is needed to provide unbiased benchmarks of
different methods.

Incorporation oftaxonomicinformation presentsacomputational
challenge because of its hierarchical nature. The taxonomic labels used
to classify the hierarchical phylogeny of microorganisms are organ-
ized into the seven classical taxonomic ranks from kingdom to spe-
cies. Lower taxonomic ranks provide more precise information about
the contig phylogenetic placement but are more often mislabeled
or missing. As demonstrated in the Taxometer tool*, a hierarchical
loss allows training on the labels acquired on all the taxonomic ranks
(for example, phylum or genus) without requiring annotations on a
particular taxonomic rank (for example, species). Previously, both
SemiBin?’ and SolidBin* used taxonomic labels to generate cannot-link
constraintsin the loss functions of self-supervised DL algorithms but
neither labels themselves nor their hierarchical structures were a part
ofthe training data.

Akey feature of semisupervised machinelearningis that the mod-
els can be trained using both annotated and unannotated samples.
Analogous to the standard unsupervised variational autoencoders
(VAEs), semisupervised multimodal VAEs exhibit generative capa-
bilities and produce embeddings for downstream tasks that combine
the information from two or more modalities* . Therefore, unlike
other popular DL-based methods with multimodal capabilities such as
stacked autoencoders or Siamese networks™, most multimodal VAEs
do notrequire the dataset to be fully labeled.

Here, we introduce TaxVAMB, which combines the strengths of
intrinsic and annotation-based features to create high-quality (HQ)
MAGs that cover more taxonomic diversity than any other binning
tool.Itoutperformed all other binnersin the number of recovered HQ
assemblies for CAMI2 datasets and in a human gut long-read dataset.
TaxVAMB was the best binner on short-read human gut microbiome
datasetsand amongthe leading binners when applied to datasets from
more diverse environments. We demonstrate that using TaxVAMB is
especially beneficial for datasets with fewer than 100 samples and it
bins incomplete genomes substantially better than any other tool.
TaxVAMB also runs sufficiently fast to be one of the few binning tools
that can process large-scale experiments with as many as 1,000 sam-
ples. We demonstrate the model performance on several short-read
and long-read datasets from various environments and found that
TaxVAMB was on average 29.1% better on the CAMI datasets and 41%
better onthe long-read human gut dataset compared to the next best

binner. TaxVAMB, along with its source code, is freely available from
GitHub (https://github.com/RasmussenLab/vamb).

Results

TaxVAMB is a semisupervised DL method that combines taxonomic
information with intrinsic sequence features to improve metagen-
omic binning. The approach addresses two key challenges through
atwo-component framework (Fig. 1). First, we partially mitigate the
limitations of existing taxonomic annotations by using Taxometer*,
which predicts taxonomy labels for unannotated contigs and refines
existing annotations on the basis of contigsin the dataset. Second, we
integrate these multirank taxonomic labels with the intrinsic sequence
features using a bimodal VAE that learns a unified latent representa-
tion from both data types. Bimodal VAEs are a family of VAE-based
methods specifically designed for semisupervised learning scenarios
(Supplementary Fig.1).

TaxVAMB'’s architecture consists of three encoders and two
decoders. The encoders handle three input scenarios: contigs with
only sequence features (TNFs and abundance), contigs with only taxo-
nomic information and contigs with both sequence and taxonomic
data. The decodersreconstruct the sequence features and taxonomic
labels. During training, the model learns to produce consistent latent
representations for the same contig across different input scenarios.
Following the strategy previously introduced in Taxometer*, weapplya
flat softmax hierarchical loss> to train across all taxonomic ranks simul-
taneously. The resulting latent spaceis clustered using VAMB’s original
algorithm, withan optional reclustering step using amethod adapted
from SemiBin2 that leverages SCGs (Fig. 1, Supplementary Fig. 2 and
Supplementary Table1).

TaxVAMB produced the most assemblies on CAMI2 datasets

To evaluate TaxVAMB’s performance on human microbiome datasets
thatinclude truth annotations, we benchmarked TaxVAMB against six
otherbinners on the synthetic CAMI2 toy human microbiome short-read
datasets. We used BinBencher** to compute two distinct metrics rela-
tive to the known ground truth: the number of HQ genomes and the
number of HQ assemblies. Measured in the number of HQ assemblies,
TaxVAMB outperformed all datasets with improvement over the sec-
ond best binner of 64% for Airways (238 over 145 from Comebin), 23%
for Urogenital (154 over 125 from SemiBin2), 8.7% for Gastrointestinal
(174 over 160 from SemiBin2), 37% for Skin (247 over 180 from Come-
bin) and 21% for the Oral dataset (251 over 206 from Comebin) (Fig. 2
and Supplementary Fig. 3). Measured in the number of HQ genomes,
TaxVAMB demonstrated state-of-the-art performance on three of five
datasets whereimprovements of TaxVAMB compared to the second best
binner were 3.8% for Airways (on par with Comebin and AVAMB), 6.7% for
Urogenital (on par with AVAMB) and 3.3% for Gastrointestinal, whereas
for the Skin and Oral dataset, the AVAMB binner was 7% and 5% better.
The largest boost in TaxVAMB performance was when the recall was
calculated using the contigs that were provided as an input to the binner
(assemblies), as opposed to the full genome. This indicates that Tax-
VAMB showed improved performance at binning contigs that originated
fromincomplete genomes. For instance, TaxVAMB reconstructed 127,
25,23,94 and 78 assemblies that had less than 90% of the total genome
presentin the input data for the Airways, Urogenital, Gastrointestinal,
Skin and Oral datasets, respectively. In comparison, SemiBin2 recon-
structed 1, 3,13, 9 and 5 assemblies, respectively. For genomes that
were almost completely present in the input data, the other binners
had nearly as good performance. We conclude that TaxVAMB achieves
state-of-the-art binning performance on the tested datasets.

TaxVAMB outperformed SCG-based binners without

using SCGs

AsSCGsare used for both binning and evaluating genome quality, com-
parisons risk being biased toward SCG-based methods. To avoid this,
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Fig.1| TaxVAMB workflow. a, TNFs and contig abundances across samples

are extracted from reads and their assemblies. b, Contigs are annotated with
taxonomic labels by a taxonomic classifier and the labels are refined by the
Taxometer tool, resulting in higher-quality annotations. The taxonomic label
isrepresented by abinary vector where each element encodes a taxon. ¢, We
consider a concatenated vector of TNFs and abundances to be the first modality
and the taxonomy label to be the second modality. A bimodal VAE is trained

on the two modalities. For each sample, three observations are created: (1)
modality 1; (2) modality 2; and (3) a concatenation of modality 1and modality 2.

T+A+Taxonomy

Taxonomy

Each observationis encoded with a corresponding encoder and each modality
isdecoded with its own decoder. The loss function has KL divergence terms to
ensure convergence of the representations of the distinct modalities. d, After
training, clustering is performed on the resulting embedded vectors. The
clustering method is based on iterative clustering as is used in VAMB. Optionally,
areclustering step using SCGs can be applied. Here, k-means-based reclustering
isused when the input is short-read data and DBSCAN-based reclustering is used
iftheinputislong-read data.

we investigated the number of HQ genomes reconstructed by VAMB,
SemiBin2 and TaxVAMB before and after SCG-based reclustering. We
found that VAMB, which only used intrinsic features, outperformed
SemiBin2 before SCG-based reclustering for all five datasets (Fig. 2d
and Supplementary Fig.3d). Improvements for TaxVAMB without SCGs
compared to SemiBin2 without SCGs were 55.7% for Airways, 70% for
Urogenital, 35% for Gastrointestinal, 98% for Oral and 24% for Skin.
This suggests that a main factor of performance gainin SemiBin2 came
from using SCGs for reclustering of bins. Conversely, we found that
the performance of TaxVAMB was not that affected by reclustering
using SCGs. Here, we found that reclustering only resulted in 5.8-23%
more genomes when applied to TaxVAMB compared to 32-134% more
genomes when applied to SemiBin2. We conclude that, even when
reclustering was applied, the performance of TaxVAMB was less driven
by SCGs compared to SemiBin2, which supports our previous observa-
tion of better binning of incomplete genomes.

Bimodal VAE outperformed stacked autoencoder in the
number of HQ bins

To ensure that the semisupervised architecture of the bimodal VAE
was beneficial for binning, we conducted an ablation study, where
the bimodal VAE was compared to single-modality VAEs, as well as a
stacked autoencoder, with and without the Taxometer refinement
step (Supplementary Fig. 4). We found that the bimodal VAE outper-
formed the stacked VAE with an average 4.8% absolute difference in
performance for the CAMI2 datasets, with 12.2% gain for the Airways

datasetand 10.2% gain for the Skin dataset. We also benchmarked Tax-
VAMB and VAMB against the performance of a VAE that only accepted
taxonomic annotations as input (Supplementary Fig. 4a). The VAE that
only accepted taxonomic annotations asinput outperformed VAMBin
three of five CAMI2 dataset (with 32.7% improvement for the Airways
dataset, 3.7% for the Gastrointestinal dataset and 43.1% for the Skin
dataset), measured in HQ assemblies. Running Taxometer refinement
was beneficial for all architectures and modalities, resultinginan 11.1%
improvement on average across the datasets for TaxVAMB and 64.3%
when only taxonomic annotations were used. This indicates that a
semisupervised bimodal VAE architecture resulted in better overall
performance for the task of metagenomics binning compared to the
same workflow that used alternative architectures and modalities.

TaxVAMB was among the top binners for short-read datasets

To evaluate performance using real-world short-read data, we bench-
marked binning methods across seven diverse environments repre-
sented by nine datasets (Fig. 3a). Using CheckM2 (ref. 40) and GUNC™
to assess completeness, contamination and chimerism, we found that
binner performance was dataset dependent, with different methods
yielding the highest number of HQ MAGs (Supplementary Table 2). For
the three human gut datasets, where we expected TaxVAMB to perform
well because of HQ annotations, TaxVAMB produced the most of HQ
and medium-quality (MQ) bins. Compared to the next best binner, Tax-
VAMB produced 6-11% and 10-18% more HQ and MQ bins, respectively.
For the remaining six datasets from less-well-studied environments,
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Fig. 2| CAMI2 human microbiome benchmarks. Metagenome binning
benchmarks on CAMI2 human microbiome datasets, with TaxVAMB using four
different taxonomic classifiers. The bars show the number of HQ assemblies or
genomes (recall > 0.9 and precision > 0.95). The ‘assembly’ and ‘genome’ metrics
differin how recall is measured. The assembly metric measures recall with
respect to the part of the genome that was provided as input to the binner.

The full genome metric measures recall with respect to the full bacterial genomes
even though parts of the genome can be missing from the assembly. Assemblies
by completeness show the performance of the binners stratified by whether the

Genome completeness
<0.9
>0.9

Il B W Without SCGs
With SCGs

genomes had an assembled share (contigs of that genome provided as input to
the binner) of <90% or 290%. SemiBin2, VAMB, AVAMB and TaxVAMB results
are shown after applying the k-means-based reclustering step. The datasets
shown are CAMI2 Gastrointestinal and CAMI2 Oral. a, Number of recovered
HQgenomes. b, Numer of recovered HQ assemblies. ¢, Assemblies stratified
by completeness. d, The effect of reclustering using SCGs. The darker colors
represent binning results without SCGs and the lighter colors represent the
results using k-means-based SCG reclustering.

no single method dominated. Comebin produced the most HQ bins for
Apple Tree and Saliva, in contrast to TaxVAMB for Black Sea, SemiBin2
for Forest Soil and VAMB for Vaginal, whereas TaxVAMB and VAMB
were tied for the Bee Hives dataset. When investigating MQ bins, Tax-
VAMB produced most for the Black Sea dataset, in contrast to SemiBin2
for Forest Soil and Bee Hives and Comebin for Saliva and Apple Tree,
whereas VAMB and TaxVAMB were tied for the Vaginal dataset. When
examining the human gut microbiome bins before GUNC filtering, we
found that SemiBin2 consistently produced arelative high proportion
of chimeric bins with 9-48% of HQ and 13-59% of MQ chimericbins. In
contrast TaxVAMB generated only 1-14% HQ and 2-10% MQ chimeric
bins, respectively (Supplementary Figs.5and 6). These results suggest
that TaxVAMB, potentially through the use of taxonomic annotations,
produces more pure bins compared to SemiBin2 and indicate asystem-
atic advantage of incorporating taxonomic information.

Impact of taxonomic annotations on binning performance

Because TaxVAMB relies on taxonomic annotations as input, we evalu-
ated how annotations from different classifiers influence performance.
Taxonomic labels are often noisy or incomplete and different clas-
sifiers will provide inconsistent results. TaxVAMB is flexible in this
respect and can be used with annotations from different classifers
as well as databases (GTDB and NCBI). Using the CAMI2 benchmark
datasets, we tested annotations from MMseqs2, Metabuli, Kraken2
and Centrifuge and found that Centrifuge resulted in the highest

number of HQ genomes for three of five of the CAMI2 datasets (Fig. 2
and Supplementary Figs. 3a,b and 7). Additionally, as Metabuli provides
labels at the subspecies level, we included an additional benchmark
where these annotations were used as bin identifiers. Here, we found
that TaxVAMB using Metabulilabels outperformed Metabuliused as a
binner witha54%improvement on average for the five CAMI2 datasets
measured inthe number of HQ genomes and witha 37% improvement
on average measured in HQ assemblies (Supplementary Fig. 8). To
further examine how TaxVAMB performance depended on the choice
of taxonomic classifier, we revisited the six short-read datasets from
above. Using six different combinations of classifiers and databases
(Metabuli, Kraken2, Centrifuge and MMSeqs2 configured with GTDB,
trEMBL and Kalmari), we found that their relative ranking could be reli-
ably assessed using cross-validation with Taxometer. In this approach,
each dataset was split into five folds and, for each fold, Taxometer
was trained on the training set and used to predict the test set. The
predicted test set labels were then compared to the original classi-
fier annotations at domain level (Fig. 3b and Supplementary Fig. 9).
Classifier rankings were consistent; in four of six datasets, Taxometer
reproduced the correct ordering with at most one misranked classi-
fier, while, in the remaining two datasets, only two classifiers were
misranked. These resultsindicate that, in the absence of ground truth,
TaxVAMB in combination with Taxometer can guide the users toward
the taxonomic classifiers that will yield the greatest improvementsin
binningaccuracy.
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Fig. 3 |Short-read dataset benchmarks. Benchmarking of binning methods
across six environments. a, Bar plots show the number of HQ (dark green) and
MQ (light green) MAGs recovered by each method. TaxVAMB was used using
MMSeqs2 and GTDB. The missing values for Comebin in Human Gut (irritable
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TaxVAMB MAG yield and taxonomic accuracy are indicated for each dataset.

The values are without SCGs (no reclustering) and without GUNC filtering.

TaxVAMB produced the most HQ bins ona human gut
long-read dataset

Withlong-read sequencing becoming more commonin metagenomics,
we benchmarked TaxVAMB on two long-read datasets, a well-studied
environment (human gut, three samples) and aless-well-studied envi-
ronment (sludge from an anaerobic digester, four samples). Because

taxonomic classifiers are expected to performbetter on samples from
the human gut microbiome, we hypothesized that TaxVAMB would
show larger gainsinthis setting. As expected, for the human gut dataset,
TaxVAMB reconstructed 29% more HQ bins, but 12% and 2.8% fewer MQ
bins compared to Comebin and SemiBin (Fig. 4a). In contrast, when
appliedtothesludge dataset, TaxVAMB returned 44% fewer HQ bins but
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measured as the number of HQ bins (that is, bins evaluated by CheckM2 to have
>90% completeness and <5% contamination, while including GUNC filtering).
VAMB and TaxVAMB are presented with and without SCG-based DBSCAN
reclustering. b, The phylogenetic diversity of VAMB and TaxVAMB HQ bins,
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using GTDBtk placement, as the unique number of taxa on each taxonomic

rank. ¢, Visualization of GTDBtk placement for VAMB and TaxVAMB down to the
species level, annotated by the color on the phylum level. The darker color in the
annotation indicates that more HQ bins were recovered for this phylum. Red dots
indicate novel species (unassigned by GTDBtk).

5% more MQbins compared to VAMB. In comparison, SemiBin2 recon-
structed 56 HQ bins for the human gut dataset compared to 80 for Tax-
VAMB, while SemiBin2 reconstructed 75 HQ bins for the sludge dataset
compared to 54 for TaxVAMB. This shows that anoisy and incomplete
taxonomy can degrade the binning performance of TaxVAMB but its
performance remains competitive against most binners.

Next, we investigated the phylogenetic diversity of the HQ bins
reconstructed by VAMB and TaxVAMB using GTDBtk>* (Fig. 4b). At the
phylum level, TaxVAMB recovered seven phyla and VAMB recovered
six. Additionally, TaxVAMB recovered 61 species, 14 species more than
VAMB. Most of the sludge MAGs were unassigned species by GTDBtk,
indicating potentially novel species, whereas unassigned species were
rare in the human gut dataset (Fig. 4c). Lastly, the ranking of the bin-
ners did not change after applying GUNC> to detect chimeric genomes

(SupplementaryFig. 5). Takentogether, the results show that TaxVAMB,
when provided with HQ taxonomy, reconstructs more accurate and
phylogenetically diverse MAGs.

Taxonomy boosted binning at small sample sizes

Coabundance information becomes more powerful as the number of
samplesincreases”. Therefore, we investigated how taxonomic labels
improved binning as afunction of the number of samples. Using 1,000
human gut microbiome samples from Almeida et al.’®, we varied the
number of samples per runfromone to1,000 and compared TaxVAMB
to VAMB (Fig. 5a). With 1,000 samples, TaxVAMB recovered only 3%
more HQ MAGs than VAMB. However, at 100 samples, the improve-
ment increased to 16%, in contrast to 23% at ten samples and 48% for
single-sample binning (Fig. 5b). In a similar experiment using a wheat
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Fig. 5| Effect of abundance vector and taxonomy information. a, For 1,000
samples, a single TaxVAMB and VAMB run was performed using all contigs

and the entire abundance vector. Ten runs were performed on chunks of 100
samples and their corresponding contigs and abundances, while 100 runs were
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performed with 10 samples and 1,000 runs were performed with 1sample. The
number of HQ bins for all chunks was summed for each set. b, The results for the
human gut microbiome dataset of Almeida et al. using TaxVAMB and VAMB.

¢, Theresults for the wheat phyllosphere dataset using TaxVAMB and VAMB.

phyllosphere dataset, the effect was even stronger, TaxVAMB produced
118% more HQ bins compared to VAMB in the single-sample setting.
Additionally, when using subsets of ten samples, we found that Tax-
VAMB increased the number of HQ bins to the level achieved by VAMB
for subsets of100 samples. These results show that TaxVAMB can com-
pensate for a less expressive abundance vector by using taxonomy
and the gains over VAMB were largest when fewer than 100 samples
were available.

TaxVAMB provided consistent bin annotations

Akey step of TaxVAMB s the prediction of taxonomic labels for contigs
without annotation. This is achieved using the Taxometer network,
whichassigns taxonomiclabels to all contigs (Supplementary Fig.10a).
Therefore, we investigated whether majority voting of these could be
reliably used as a taxonomic annotation of the bins. Using the CAMI2
human microbiome datasets, we classified contigs with Kraken2
and selected MQ MAGs identified by CheckM2. Across the datasets,
91-98% of bins per dataset were correctly annotated to the species
level, while the GTDBtk classifier* correctly annotated 97-99% bins
compared to the ground truth (Supplementary Figs.10b and 11). How-
ever, TaxVAMB-based annotations have the advantage that they do
not require any additional runtime and are not limited to prokaryotic
genomes. Therefore, for well-studied environments, TaxVAMB can
provide HQ taxonomic annotations for the bins directly, without the
need to use additional MAG taxonomic classification tools.

TaxVAMB uncovered both bacterial and fungal MAGs in the
wheat phyllosphere

Lastly, we applied TaxVAMB to the short-read wheat phyllosphere data-
set. The dataset consisted of 211 samples collected from the surface
of wheat flag leaves at nine time points during the end of the growing

season of 2022 from a single field in Denmark (Methods). TaxVAMB
reconstructed 614 HQ and 647 MQ bacterial MAGs across five phyla
(Actinomycetota, Bacillota, Bacteroidota, Deinococcota and Pseu-
domonadota) (Fig. 6a and Supplementary Fig. 12). Together, these
MAGs explained 13.4-98.4% of the total reads across the samples witha
mean of 49.2% of the reads (Fig. 6¢). We found that the five most preva-
lent species measured in the number of MAGs assigned were present
in30-60% of all the samples (Pseudomonas poae, Frigoribacterium
sp001421165, Pseudomonas graminis, Pantoea agglomerans and Erwinia
aphidicola) and have previously been described in the literature as part
of the wheat phyllosphere®** (Fig. 6b and Supplementary Tables 3
and 4). In addition, TaxVAMB reconstructed a potentially novel
species of genus Sphingomonas that was present in 12% of samples
with a relative abundance of >1%. Moreover, we discovered that the
P. agglomerans species was more prevalent as the plants senesced
(Mann-Whitney U-test, P=2 x 107®) (Supplementary Fig.12). We also
tested the ability of TaxVAMB to recover fungal bins by investigat-
ing bins that were annotated by TaxVAMB as Eukaryotes. Two such
bins were larger than 27 Mb and had 99.9% and 20% of their contigs
annotated as fungal by Taxometer. These MAGs corresponded to two
well-known wheat pathogens®>*®, Zymoseptoriatriticiand Pyrenophora
tritici-repentis, and had BUSCO® completeness scores of 75% and 87%
(Fig. 6d). Taken together, these results show that TaxVAMB recovered a
large variety of novel MAGs of MQ and HQ, providing insights into the
bacterial and fungal composition of the wheat phyllosphere.

Discussion

In this study, we present TaxVAMB, a semisupervised DL method that
combines intrinsic features with taxonomic annotations to improve
metagenomic binning. By using the full hierarchical structure of taxo-
nomiclabels, TaxVAMB canintegrate informationevenfromhigher-rank
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of unmapped reads when only mapping to HQ MAGs (completeness > 90%,
contamination < 5%). Orange color (HQ + MQ) denotes the share of
unmapped reads when mapping to HQ and MQ MAGs (completeness > 50%,
contamination <10%).d, BUSCO results for two fungal MAGs, annotated by
TaxVAMB as Z. triticiand P. tritici-repentis.

annotations and propagate it to improve binning performance. We
show that TaxVAMB matches or exceeds state-of-the-art-binners, par-
ticularlyinrecoveringincomplete genomes and when abundance infor-
mationis weak. In addition, TaxVAMB provides preliminary taxonomic
annotations for MAGs that are comparablein accuracy to GTDBtk but
require no additional runtime and extend beyond prokaryotes.
Weidentified two conditions where TaxVAMB provided the largest
gains compared to previous state-of-the-art methods: (1) when taxo-
nomiclabels are sufficiently HQ as in well-studied environments such
asthe humangut microbiome and (2) when sample numbers are limited
(<100 samples), where taxonomy can compensate for weak coabun-
dance signal. In both cases, TaxVAMB recovered substantially more
HQ MAGs than competing methods. Additionally, TaxVAMB greatly
improved binning of incomplete genomes, which, similar to datasets
with a few samples, produce low-quality abundance vectors. Moreo-
ver, TaxVAMB does not rely on SCGs to reach optimal performance,
enabling binning of nonbacterial entities. Lastly, as the performance
of TaxVAMB depends on the quality of the taxonomic annotations,
we created a metric that can guide a user on which taxonomy is likely
to perform better. To achieve optimal performance, we recommend
using TaxVAMB with the MMSeqs2 taxonomic classifier configured
with GTDB. While we rely on the CAMI2 datasets to benchmark the
metagenome binnersonshort-read data, they include only hundreds
of genomes, far below the thousands of species found in real-world
environments such as soil. Consequently, they capture only afraction

of natural metagenomic complexity, which makes interpreting bench-
mark performance difficult for synthetic datasets.

The reliance on taxonomic annotations does introduce poten-
tial bias toward well-studied taxa, as these taxa are more likely to be
returned by a taxonomic classifier such as MMseqs2. The quality of
the predicted annotations depends on the proportion of preannotated
contigs and taxonomic diversity of the samples. However, we address
these possible biases in two ways. First, the taxonomy predictions are
returned as probability distributions at each taxonomic rank, allowing
confidence filtering. Second, unsupervised learning still allows cor-
rect binning of contigs without any good match in the database but
that share intrinsic features. Moreover, genome reference databases
are constantly updated (for example, GTDB increased by around 30%
in terms of bacterial species clusters from v207 to v214)°® and NCBI
estimates annual growth in terms of the number of genomes at 15%
(ref. 69). The bias introduced by taxonomic annotation of a subset of
contigs in a dataset will continue to reduce as the number of diverse
genomes in databases grows.

Lastly, our results highlight that future gains in metagenomic
binning are most likely to come from integrating new data modalities
rather than further refining algorithms for analysis and integration
of intrinsic features such as TNFs and abundances. Multiomics data
integrationis apowerful technique for understanding complexbiologi-
cal systems’®% Semisupervised multimodal VAEs such as TaxVAMB
are well suited to this task and could be easily adapted to learn from
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weakly labeled heterogeneous biological multiomics datasets beyond
metagenomics binning. Similarly, the hierarchical loss has potential
applications across biological domains where data naturally follow
hierarchical structures.

By effectively integrating taxonomic labels with intrinsic features,
TaxVAMB showsimprovements over previous attempts toincorporate
taxonomic labels in the metagenome binning process. It improves
genome recovery under challenging conditions, provides consistent
taxonomic annotations and establishes a flexible framework for future
extension. As the quality of reference databases improves over time,
the impact of approaches such as TaxVAMB will only increase.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41587-026-03098-0.
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Methods

Bimodal VAE

The VAE is a generative model performing variational inference over
thelatent variable z. The modelis formally defined as p(x,z) = p(2)p(x|2).
Theintractable posterior g(z|x) and the conditional distribution p(x|z)
are approximated by neural networks using the ELBO-loss function:

£ = gl [log p (x12)] = KL (g (z10) ||V (0, 1) @

The bimodal VAE extends the basic VAE by allowing training and
inference onthe dataset where (1) the input consists of two modalities
and (2) amodality can be missing for one or more samples. Thus, notice
that, while VAMB is trained on both TNFs and abundances, we do not
defineitas bimodal for the purpose of this summary, asboth TNFs and
abundances are present for all samples and can be converted into one
modality by concatenating the corresponding input vectors.

While the VAE approximates the posterior g(z|x) with a neural
network encoder that takes x as an input, the bimodal VAE extends
this approach by modeling g(zlx, x,), ¢,(zlx,) and g,(zlx,), which replace
thesingle g(zlx). There are two decoders approximating distributions
p(x,1z) and p(x,|z). Multimodal VAEs differ in (1) the way they approxi-
mate g(zlx,x,), ¢;(zlx;) and g,(zlx,) by neural networks and/or (2) the
structure of the loss function.

TaxVAMB implements the VAEVAE*® model from the bimodal VAE
family, which models g(z1x,x,), ¢:(zlx;) and g,(zIx,) by corresponding
neural networks. The following ELBO-like loss L is minimized:

L paired=Ep, s 0) [Eqzl ) [108 P1(X1|2) + 108 P2 (x2]2)]
—KL(g(z]x1, x2)[Ip(21x1)) — KL(q(z]x1, X2)[|P(21X2))]
+Epyureae0) [Egtz) o [108 P1 (X1 2)] = KL(G(z|x) | p(2))]
HEpyrea () Eqealy) [108 P2(0212)] = KL(q(z]x2) Ip(2)]
L1=Ep, et [ Eqiairy) [108 p1(x1[2)] — KL(q(z]x1)[Ip(2))]
L2=Eppanea) Eqiainy) [108 P2(212)] = KL(q(z]x2)Ip(2)]

'C=Lpaired + L1+ L,

with Dy, (p(x)llg(x)) being the Kullback-Leibler divergence between
two probability distributions p(x) and g(x), defined as:

KL(p)llg () = /=, (0 log (22) dx @)

The training procedure includes constructing the dataset with
paired and unpaired samples. Let Cbe a list of all contigs. Three cop-
ies of C, denoted as C,,;.q, C, and C,, are independently shuffled. The
paired samples are ordered tuples (x;,x,) where x; is a concatenation
of TNF vector and abundance vector (the input of VAMB) and x, is a
taxonomy label vector and x; and x, correspond to the same contig
from the set C,,;.q. An unpaired TNFs and abundances vector x, cor-
responds to a contig from the list C,. An unpaired taxonomy label x,
corresponds to a contig from the list C,. The forward pass follows the
steps from Algorithm 1.

Algorithm 1. Loss computation (forward pass)
Require: Paired sample (x;, x,), unpaired sample x’;, unpaired sample x’,
1: 2 ~ q (2%, %)
2: 2, ~qy(2lxy)
312y, ~ q2(2Ixp)
4:d; = Dy ((Z' X1, 32) || 12y, 1X1)) + Dy (q1(2, 1) || p(2))
5:dy = Dy (q(Z'1x1,.%2) || G2(2y,1%2)) + Dy (G2(2x, 1X2) 1| P(2))
6: Lpsired = l0g p1(x112) + log py(x212) + log py(xy|zy,)
+logpr(xylzy,) + di + dy
7: Ly, = log p1(X'1]zy,) + D (q1(2y X' || p(2))
8: Ly, = logpy(x'2|2y,) + D1 (G2(2y, 1X'2) || P(2))
9:L = Lygired + Ly, + Ly,

Data preprocessing

The workflow of preprocessing the data is the same as in Taxome-
ter (version 5.0.4)*> and VAMB (version 5.0.4)". The synthetic short
paired-endreads from each sample were aligned using bwa-mem (ver-
sion 0.7.15)>. BAM files were sorted using SAMtools (version 1.14)™.
Contigs < 2,000 bp were removed for each dataset. The long-read data-
setswere both sequenced using Pacific Biosciences HiFitechnology. We
assembled each sample using hifiasm-meta (version 0.3.1)°, mapped
reads using minimap2 (version 2.24)” with the ‘-ax map-hifi’ setting
and then continued with the same workflow as with the short reads.

Abundances and TNFs

The workflow of computing abundances and TNFs is the same as in
Taxometer (version 5.0.4)*> and VAMB (version 5.0.4)". Computation
of abundances and TNFs was performed using the VAMB metagen-
ome binning tool". To determine TNFs, tetramer frequencies of non-
ambiguous bases were calculated for each contig, projected into a
103-dimensional orthonormal space and normalized by z-scaling each
tetranucleotide across the contigs. To determine the abundances of
each sample, we used pycoverm (version 0.6.0; https://github.com/
apcamargo/pycoverm/tree/main). The abundances were first nor-
malized within the sample by the total number of mapped reads and
then across samples to sum to 1. To determine absolute abundance,
the sum of abundances for a contig was taken before the normaliza-
tion across samples. The dimensionality of the feature table was then
N, x (103 + N, +1), where N, is the number of contigs and N, is the number
of samples.

Network architecture and hyperparameters

Theencoder architectures for the concatenated vector of abundances
and TNFs is the same as in Taxometer (version 5.0.4)* and VAMB (ver-
sion 5.0.4)". The input vector of dimensionality N, x (103 + N, +1)
was passed through four fully connected layers ((103 + N, + 1) x 512,
512 x 512,512 x 512,512 x 512) with leaky ReLU activation function (nega-
tive slope 0.01), each using batch normalization (€1 x 10~°, momentum
0.1) and dropout (P=0.2).

The encoder network for the taxonomy labels had the input dimen-
sions of N, where N,is the number of leaves in the taxonomictree. The
input vector was passed through four fully connected layers (N, x 512,
512 x 512,512 x 512, 512 x 512) with leaky ReLU activation function (nega-
tive slope: 0.01), each using batch normalization (¢1x 10”5, momentum
0.1) and dropout (P=0.2).

The encoder network for the concatenation of the two modal-
ities had the input dimensions of (103 + N, +1) + N, where N, is the
number of samples and N, is the number of leaves in the taxonomic
tree. The input vector was passed through four fully connected layers
((103 + N;+1) x 512,512 x 512,512 x 512,512 x 512) with leaky ReLU acti-
vation function (negative slope: 0.01), each using batch normalization
(e1x107°, momentum 0.1) and dropout (P=0.2).

The bimodal VAE has two decoder networks, one for eachmodal-
ity. Both of them follow the same architectures as the correspond-
ing encoders, with the input vector having the dimensionality of
the latent space and the output having the dimensionality of the
corresponding modality.

For short-read datasets, the network was trained for 300 epochs
with batch size 256 and latent space dimensionality 32. For long-read
datasets, the network was trained for 1,000 epochs with batch size
1,024 and latent space dimensionality 64. All models were using the
Adam optimizer with learning rates set through D-Adaptation™. The
model was implemented using PyTorch (version 1.13.1)”” and CUDA
(version11.7.99) was used when running on aV100 GPU.

Hierarchical loss
The hierarchical loss is the same as in Taxometer (version 5.0.4)*. A
phylogenetic tree was constructed for each dataset from the taxonomy
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classifier annotations for the set of contigs. Thus, the resulting taxon-
omy tree Twas asubgraph of a full taxonomy and the space of possible
predictions was restricted to the taxonomicidentities that appearedin
the search results. For the above experiments, we used a flat softmax
loss. Let N,be the number of leavesinthe tree T. The likelihoods of leaf
nodes of the taxonomy tree were obtained from the softmax over the
network output layer with dimensionality 1x N, The likelihood of an
internal node was then a sum of likelihoods of its children and com-
putedrecursively bottom-up. The model output was a vector of likeli-
hoods for each possible label. For the backpropagation, the negative
log-likelihood loss was computed for all the ancestors of the true node
andthe true node itself. Predictions were made for all taxonomic levels
and, foreachlevel, the node descendant with the highest likelihood was
selected. If no node descendant had likelihood > 0.5, the predictions
from this level and the levels below were not included in the output.

Taxonomic classifiers

We obtained the taxonomic annotations for contigs of all nine
short-read and two long-read datasets from MMseqs2 (version
17.b804f)**, Metabuli (version 1.1.0)"%, Centrifuge (version 1.0.4.2)*
and Kraken2 (version 2.1.3)*’. For MMseqs2, we used the mmseqs tax-
onomy command. For Metabuli, we used the metabuli classify com-
mand with --seq-mode 1’ flag. For Centrifuge, we used the centrifuge
command with -k 1’ flag. For Kraken2, we used the kraken command
with ‘--minimum-hit-groups 3’ flag. MMseqs2 and Metabuli were con-
figured to use GTDB version220 as the reference database. Centrifuge
and Kraken2 were configured to use NCBI identifiers, release 229. All
the taxonomic annotations were first refined with Taxometer** (version
5.0.4) with the default parameters (epochs 100, batch size 1,024). For
datasetsinFigs.4 and 5, the MMseqs2 classifier configured with GTDB
was used for all datasets; for the wheat phyllosphere dataset, we used
Kraken2 (version 2.1.3) configured with NCBI.

Benchmarked binners

The Metabat (version 2.17-66-ga512006) ‘metabat’ command with the
default parameters was used. Metadecoder (version 1.0.19) ‘coverage’,
‘seed’ and ‘cluster’ commands were used as described on GitHub (https://
github.com/liu-congcong/MetaDecoder). The Comebin (version1.0.4)
‘run comebin.sh’ command with default parameters was used. ‘Come-
bin (single)’ indicates the use of Comebin in a single-sample mode.
The SemiBin2 (version 2.2.1) ‘multi_easy_bin’ command was used with
the flags --engine gpu --separator C -t 20 --write-pre-reclustering-bins
and --self-supervised. VAMB, AVAMB and TaxVAMB were run as a part
of the VAMB codebase (version 5.0.4), with the corresponding com-
mands vamb bin default’, ‘'vamb bin avamb’and ‘vamb bin taxvamb’. The
workflows are available on GitHub (https://github.com/RasmussenLab/
TaxVamb-Benchmarks/). The log files for the failed runs are also
available on GitHub (https://github.com/RasmussenLab/TaxVamb-
Benchmarks/tree/main/log_files_for_crashed_runs).

Reclustering using SCGs

Short-read and long-read reclustering algorithms that used SCGs were
the same as introduced in SemiBin2 (ref. 21). The code was adapted
from the SemiBin2 codebase (https://github.com/BigDataBiology/
SemiBin/blob/main/SemiBin/longread_cluster.py and https://github.
com/BigDataBiology/SemiBin/blob/main/SemiBin/cluster.py) for the
TaxVAMB codebase (https://github.com/RasmussenLab/misc_scripts/
tree/c5b483a/reclustering). TaxVAMB used the same 107 single-copy
marker genes as used in SemiBin2 to estimate the completeness, con-
tamination and F; score of every bin. Completeness for each bin was
calculated as mlf contaminationwas calculated as %V and F;score was

2xcompletenessx(1—contamination)

calculated as , where 107 is the number of

completeness+(1—contamination)
different SCGsinabinand Gis the total number of sequences matching
any SCG.

For the short-read datasets, k-means-based reclustering of Tax-
VAMB and VAMB clusters was performed. Bins where more than one
marker gene of the same kind was present were reclustered with the
weighted k-means method using the contigs containing the repeated
marker gene as theinitial centroids. Thisresulted in bins with reduced
contamination. For the long-read datasets, the DBSCAN algorithm
from Python library scipy (version 1.10.0) was used to perform the
clustering from scratch (the previous clusters, made by TaxVAMB/
VAMB, were not used). As in SemiBin2, DBSCAN was run with € values
0f0.01,0.05,0.1,0.15,0.2,0.25,0.3, 0.35, 0.4, 0.45,0.5and 0.55. From
all resulting bins, the best one (F; score) was recursively selected and
its contigs were removed from all the remaining bins, after which the
selection of the best bin was repeated. This was repeated untilno more
bins fulfilled the criteria for minimal quality (completeness > 90%, con-
tamination < 5%). One change that was made in the TaxVAMB long-read
reclustering was that it performed the described procedure per set of
contigs assigned to the same genus by the Taxometer refinements of
the provided taxonomic annotations.

CAMI2 benchmarks

For short-read benchmarking, we used five CAMI2 datasets: Airways
(ten samples), Oral (ten samples), Skin (ten samples), Gastrointesti-
nal (ten samples) and Urogenital (nine samples), the assemblies of
which were sample-specific. The CAMI2 datasets contain the follow-
ing number of genomes with nonzero abundance: Oral, 799; Skin,
610; Urogenital, 254; Gastrointestinal, 268; Airways, 828. The unique
number of genomes per sample is listed in Supplementary Table 5.
We benchmarked the following binners on the synthetic CAMI2 toy
human microbiome dataset: Metabat'®, MetaDecoder”, COMEBin*,
SemiBin2 (ref. 21), AVAMB?® and VAMB". We used taxonomic labels
from four taxonomic classifiers as an input to TaxVAMB: MMSeqs2
(ref.33), Metabuli”’, Kraken2 (ref. 35) and Centrifuge’®. AVAMB, VAMB
and TaxVAMB bins were postprocessed with reclustering using SCGs.
We used the number of HQ bins and assemblies estimated using Bin-
Bencher (version 0.3.0)** as ametric. For the MAG taxonomic annota-
tion experiment, we used CheckM2 (version1.0.2)*°, We benchmarked
using BinBencher (version 0.3.0)°* against areference computed from
the CAMI2 ground truth. The metrics used were the numbers of HQ
(defined as recall = 0.9, precision = 0.95) assemblies or genomes. As
defined inthe BinBencher paper, precision was counted as the number
of true positive mapping positions for each genome-bin pair, divided
by the total number of positions in a bin. For genomes, the recall was
countedrelative to the fulllength of the genome from which the reads
were simulated from, whereas, when counting assemblies, the recall
was relative to the assembled part of those genomes (that is, the part of
the genomes covered by a contig that was used as input to the binner).
The number of HQ genomes reflects the MAG quality relative to the
underlying biological organism and, thus, depends more on limita-
tions of the dataset, whereas the assembly metric may better reflect
the methodological gains from using a different algorithm.

Short-read real databenchmarks

For benchmarking using real short-read datasets, we used the fol-
lowing: sea water with five samples®’, bee hives with 18 samples®,
forest soil with 12 samples®, rhizosphere with ten samples®, human
saliva with 15 samples®* and vaginal microbiome with ten samples®.
We assembled each sample using metaSPAdes (version 4.2.6)% and
mapped reads using minimap2 (version 2.24)% with the “-ax sr’ set-
ting. We used taxonomic labels from four taxonomic classifiers as
an input to TaxVAMB: MMSeqs2 (ref. 33), Metabuli’®, Kraken2 (ref.
32) and Centrifuge®. MMSeqs2 was evaluated with three databases:
GTDB, TrEMBL® (January 2025 release) and Kalmari®® (version 3.7). For
evaluating the quality (completeness and contamination) of the result-
ing MAGs, we used CheckM2 (version 1.0.2)*°. For detecting chimeric
genomes, we ran GUNC (version 1.0.61)> using the ‘gunc run’ command.
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The numbers of sequencing reads for each dataset and sample are listed
inSupplementary Table 6.

Long-read benchmarks

Forlong-read benchmarking, we used ahuman gut microbiome data-
set with four samples and a dataset from anaerobic digester sludge
with three samples®®, both sequenced using Pacific Biosciences HiFi
technology. We assembled each sample using hifiasm-meta (version
0.3.1)°, mapped reads using minimap2 (version 2.24)% with the “-ax
map-hifi’settingand, from there, proceeded as with the shortreads. For
evaluating the quality (completeness and contamination) of the result-
ing MAGs, we used CheckM2 (version 1.0.2)*. For detecting chimeric
genomes, we ran GUNC (version 1.0.61)> using the ‘gunc run’ command.

Multisample scaling

For the experiment that evaluated the number of bins given a different
number of samples, we used ashort-read human gut dataset with 1,000
samples from Almeida et al.’®, as well as our own wheat phyllosphere
dataset with 211 samples. For each dataset, we split all the samples
into three sets of chunks: (1) chunks of 100 samples; (2) chunks of ten
samples; and (3) chunks of one sample. Each chunk was treated as an
independent dataset. We then summed the resulting number of HQ
bins within each set of chunks. Taxonomic annotations were performed
with MMseqs2 for the human gut dataset from Almeidaetal.and with
Kraken2 for the wheat phyllosphere dataset.

Taxonomic annotation validation: k-fold evaluation

All contigs in a dataset that were annotated by a classifier were ran-
domly divided into five folds. Taxometer was then trained five times,
each time using one fold as a validation set and the remaining four
folds as the training set. Predictions were generated for the five valida-
tion sets after training on the remaining folds. The five validation sets
were then concatenated to reconstruct the full dataset. This ensured
that every contig received a prediction that was made without prior
knowledge of its classifier annotation.

The evaluation metric was defined as the fraction of correctly pre-
dicted contigs onthe domainlevel (Bacteria, Archea, etc.) over all contigs,
while accounting for the fact that some ground-truth annotations may
bemissing. Inotherwords, the score reflects how many predictions match
theavailable ground-truth annotations, normalized by the total number
OfCOl"ltigS inthedataset. Accuracy = No. of correct predictions(wheﬁe ground truth exists)

.. total number of contigs in dataset
wherea correct prediction was whenthe Taxometer output matched the
ground-truth classifier annotation. If no ground-truth annotation was
available for a contig, the contig was excluded from the numerator
(ascorrectness cannot be determined) butstillincluded in the denomina-
tor to reflect the fact that missing values exist in the data. This metric,
thus, provides the overall share of correct predictions across the
dataset. The command can be accessed in the codebase as vamb
taxonomy_benchmark.

Bin annotations for CAMI2 MAGs

For taxonomic classification evaluation in Supplementary Figs. 9 and
10, we used Kraken2 configured with the NCBI database and compared
its performance to GTDBtk, which provided GTDB annotations. Rather
thandirectly comparingthese two annotation sets, we evaluated both
against ground-truth annotations from CAMI2 datasets. The original
ground-truth taxonomy annotations were provided as NCBl identifiers
as part of the CAMI2 challenge dataset. To establish ground-truth GTDB
annotations for the CAMI2 datasets, we ran GTDBtk on the provided
CAMI2 ground-truth genomes, obtaining complete annotations down
to the species level. We manually verified several genomes to ensure
consistency with NCBI annotations. Given that CAMI2 genomes are
partof public databases, we have high confidence in the quality of the
GTDBtk annotations and, therefore, used them as ground truth. In
thisexperimental design, Kraken2 annotations were compared to the

ground truth provided by CAMI2, while GTDBtk bin annotations were
compared with GTDBtk ground-truth genome annotations.

Human gut (irritable bowel syndrome) dataset: sample
collection and processing

Human fecal samples were collected from four healthy individuals and
20 persons with irritable bowel syndrome. In total, 1-5 samples were
collected from each individual, yielding a total of 70 samples. DNA
was extracted from fecal samples using a bead-beat micro AX gravity
kit (A&A Biotechnology) according to the manufacturer’sinstructions
and the extracts were further purified using phenol-chloroform extrac-
tionand ethanol precipitation according to an established protocol”’.
Samples were sequenced by NovoGene, who prepared PCR-based
libraries and generated 150-nt paired-end sequencing data on the
NovaSeq 6000 platform. Sequencing reads were quality-controlled
and adaptor-trimmed using trim_galore (version 1.15), which used
cutadapt (version 3.6.9)°2. The default quality threshold (Phred score:
20) was used but afurther 16 and 6 nt were trimmed from the 5’ and 3’
ends of the reads, respectively, as this setting was found to yield bet-
ter contiguity in assemblies in some benchmarking runs. BMtagger
(version 1.1.0)* was then used to remove potentially human reads
from the sequencing data using GRCh38.p13 as areference database.
Assembly was performed using SPAdes (version 3.15.4)%*.

Wheat phyllosphere dataset: sample collection and processing
Atotal of 24 field plots of Triticum aestivum were sampled by collecting
composite samples of 30 flag leaves nine times between]June 7 and July
14,2022, at afield trialin Ringsted, Denmark. The experimental design
included three wheat cultivars, four replicates and two treatments,
whichwere unsprayed and sprayed with afungicide. The samples were
washedin100 mlof washsolution (0.9% NaCl + 0.05% Tween-80), vigor-
ously shaken for 2 min, sonicated for 2 min, vigorously shaken again
for 2 min, filtered (10 pm) and centrifuged (4,000g,15 min); the pellet
resuspendedin1mlof1x PBS and stored at —20 °C until DNA extraction
using the FastDNA SPIN kit (MP Biomedicals) for soil according to
instructions, eluting in 100 pl of DES. DNA libraries were build using
thelllumina Nextera XT kit (Illumina) but samples with <0.1 ng pI DNA
were built with aonefold-diluted amplicon tagment mix, 20 PCR cycles
and a higher ratio of AMPure XP beads (Beckman Coulter)®. Libraries
were sequenced using Illumina paired-end (2 x 150 bp) technology
(NovaSeq 6000 S4 version 1.5).

Wheat phyllosphere dataset: data analysis

Raw sequencing reads were filtered using fastp (version 023.2
with the option ‘--trim_tail 1 --cut_tail --trim_poly_g --dedup
--length_required 80". Quality control of the filtered reads was
assessed using MultiQC (version 1.12)”. To remove reads originat-
ing from wheat or potential human contamination, the reads were
mapped to the reference sequences GCF_018294505.1, MG958554.1
and GCF_000001405.40 (GRCh38.p14). Mapping was performed
using Bowtie (version 2.5.3)°%, Paired reads where both mates were
unmapped were extracted using SAMtools (version 1.18)”* with
the ‘fastq -f 13’ option. Metagenomic assemblies were generated
for each sample using SPAdes (version 3.15.4)°* with the ‘--meta -k
21,33,55,77,99’ option. Assembly statistics were computed using
QUAST (version 5.2.0)”°. MAGs were created with TaxVAMB using
Kraken2 taxonomic annotations based on NCBI. The MAGs, for which
the majority of contigs were annotated as Eukaryotes, were tested
for completeness with BUSCO (version 5.8.2)¢. Additionally, to build
taxonomic trees, MAGs were assigned the taxonomy using GTDBtk
(version 2.4.0) configured with the GTDB database version 220. Taxo-
nomic trees were built using ggtree (version 3.19)'°°, tidytree (version
0.4.6) and treeio R (version 4.4.1) libraries. A two-sample Mann-
Whitney U-test was performed on P. agglomerans abundances by
splitting the samples into two groups: 143 samples from the earlier
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days (June 7,10, 14, 17 and 21, 2022) and 103 samples from the later
days (June 28 and July 4, 7 and 14, 2022) using scipy (version1.10.0).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The CAMI2 datasets were obtained online (https://data.cami-challenge.
org/participate) from the second CAMI toy human microbiome project
dataset (five human microbiome datasets). The long-read human gut
datasetisavailable online (https://downloads.pacbcloud.com/public/
dataset/Sequel-lle-202104/metagenomics/). The short-read datasets
areavailable from the European Nucleotide Archive (ENA) with acces-
sioncodes PRJNA679690, PRJEB18265, PRINA353655, PRJNA1007366,
PRINA638805, PRJNA783873, PRJNA1078345, PRINA1003562 and
PRJDB16210. The long-read sludge dataset is available from the ENA
as part ofthe study PRJEB39861. The 1,000-sample short-read human
gutdataset was first published by Almeidaetal. The de novo assemblies
of the Almeida dataset were obtained through personal communica-
tion with A. Almeida and R. D. Finn and the reads were downloaded
from ENA ERP108418 as specified in their publication. The phyllo-
sphere short-read dataset is available from the ENA with accession
code ERP165292. The HQ and MQ MAGs from the phyllosphere are
available from Zenodo (https://doi.org/10.5281/zenod0.13959410)™".
Source data are provided with this paper.

Code availability

Allcode canbe found on GitHub (https://github.com/RasmussenLab/
vamb) andis freely available under the permissive MIT license. The code
for making the figures is in a separate repository on GitHub (https://
github.com/sgalkina/TaxVAMB_paper_figures).
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The CAMI2 datasets were downloaded from https://data.cami-challenge.org/participate from “2nd CAMI Toy Human Microbiome Project Dataset” (5 human
microbiome datasets). The long-read human gut dataset is available at https://downloads.pacbcloud.com/public/dataset/Sequellle-202104/metagenomics/. The
short-read datasets are available at ENA by the identifiers PRINA679690, PRIEB18265, PRINA353655, PRINA1007366, PRINA638805, PRINA783873, PRINA1078345,
PRJINA1003562, PRJIDB16210. The long-read sludge dataset is available at the ENA as part of the study PRIEB39861. The 1000 samples short-read human gut dataset
was first published by Almeida et al. The de novo assemblies of the Almeida dataset were obtained through personal communication with A. Aimeida and R. D. Finn,
and the reads downloaded from ENA ERP108418 as specified in their publication. The phyllosphere short-read dataset is available at ENA using the accession
ERP165292. The HQ and MQ MAGs from the phyllosphere are available for download at Zenodo92 by the link https://zenodo.org/records/13959411.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
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Reporting on sex and gender Human Gut (IBS) dataset:

We are not reporting information about sex or gender of individual participants. Overall, 31% of the study's participants were
classed as male (sex).

Other datasets:
The BioCollective pooled gut microbiome samples are used, the participants information is unavailable

Reporting on race, ethnicity, or Human Gut (IBS) dataset:
other socially relevant We are not reporting about any such characteristics of the study's individual participants.
roupings
grouping Other datasets:
The BioCollective pooled gut microbiome samples are used, the participants information is unavailable

Population characteristics Human Gut (IBS) dataset:

Inclusion criteria for the patients were: aged from 18 to 60 years old; able to read and speak Danish; had moderate to severe
irritable bowel syndrome (IBS), according to Rome lll criteria, but otherwise were relatively healthy.

The fecal donors were aged between 18-45 years, had a BMI between 18.5 and 24.9 kg/m2, were not on any medication and
had no known health conditions.
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Other datasets:
The BioCollective pooled gut microbiome samples are used, the participants information is unavailable

Recruitment Human Gut (IBS) dataset:

Participants were recruited between October 2016 and December 2016 from Aleris-Hamlet Hospitals, Spborg, Denmark and
Copenhagen University Hospital Hvidovre, Copenhagen, Denmark.

Other datasets:
The BioCollective pooled gut microbiome samples are used, the participants information is unavailable
Ethics oversight Human Gut (IBS) dataset:
The study was performed in accordance with the requirements of Good Clinical Practice and the Revised Declaration of
Helsinki. The study was registered in clinicaltrials.gov (NCT02788071) and the study's results were previously reported

elsewhere (doi:10.1136/gutjnl-2018-316434).

Other datasets:
The BioCollective pooled gut microbiome samples are used, the participants information is unavailable
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Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description The factorial experiment design included three wheat cultivars, four replicates, and two treatments, which were unsprayed and
sprayed with a fungicide.

Research sample Research samples are washed leaves of four cultivars of Triticum aestivum, which are then sequenced using shotgun metagenomics
sequencing to analyse phyllosphere microbiome

Sampling strategy Twenty-four field plots of Triticum aestivum were sampled by collecting composite samples of 30 flag leaves. The experimental
design included three wheat cultivars, four replicates, and two treatments, which were unsprayed and sprayed with a fungicide.

Data collection The samples were washed in 100 m| wash solution (0.9% NaCl + 0.05% Tween80), vigorously shaken for 2 minutes, sonicated for 2
minutes, and then vigorously shaken again for 2 minutes, filtered (10 um), centrifuged (4000 x g, 15 min), and the pellet resuspended
in 1 ml 1x PBS and stored at -20°C until DNA extraction using the FastDNA™ SPIN Kit (MP Biomedicals, CA, USA) for Soil according to
instructions, eluding in 100 I DES. DNA libraries were built using the Illumina Nextera XT kit (lllumina, CA, USA), but samples with
<0.1 ng/ul DNA were built with a 1-fold diluted ATM, 20 PCR cycles, and a higher ratio of AMPure XP beads (Beckman Coulter, IN,
USA). Libraries were sequenced using Illumina paired-end (2 x 150bp) technology (NovaSeq 6000 S4 v1.5).

Timing and spatial scale | Nine times between June 7th and July 14th, 2022.

Data exclusions There were no exclusions
Reproducibility To ensure reproducibility, the experiment contained four replicates per each condition.
Randomization Randomization is not relevant for the study, since the data processing and analysis procedures are the same for all sample and

performed on all the samples simultaniously

Blinding Blinding is not relevant for the study, since the data processing and analysis procedures are the same for all sample and performed
on all the samples simultaniously

Did the study involve field work? Yes |:| No

Field work, collection and transport

Field conditions Climate conditions:




Field conditions 07-06-2022: 18°C, no rainfall
10-06-2022: 21°C, no rainfall
14-06-2022: 19°C, no rainfall
21-06-2022: 21°C, no rainfall
28-06-2022: 20°C, no rainfall
04-07-2022: 21°C, no rainfall
07-07-2022: 19°C, no rainfall
14-07-2022: 19°C, no rainfall

Location Ringsted, Denmark (latitude 55.400139, longitude 11.824973)
Access & import/export  No permits were required. The access to the field trial was provided by the administration upon request

Disturbance There were no disturbances caused by the study
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Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies g |:| ChlP-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data

Dual use research of concern
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Plants

Plants

Seed stocks Twenty-four field plots of Triticum aestivum were sampled by collecting composite samples of 30 flag leaves nine times between
June 7th and July 14th, 2022, at a field trial in Ringsted, Denmark. The experimental design included three wheat cultivars, four

replicates, and two treatments, which were unsprayed and sprayed with a fungicide.
Novel plant genotypes  Not applicabie, since there were no new piant genotypes

Authentication Not applicable, since there were no feed stocks or new plant genotypes
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