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OPEN " Improvement of eukaryotic protein
patapescripTor | predictions from soil metagenomes

Carole Belliardo 2>, Georgios D. Koutsovoulos?, Corinne Rancurel?, Mathilde Clément?,
Justine Lipuma?, Marc Bailly-Bechet? & Etienne G. J. Danchin®3>

During the last decades, metagenomics has highlighted the diversity of microorganisms from
environmental or host-associated samples. Most metagenomics public repositories use annotation
pipelines tailored for prokaryotes regardless of the taxonomic origin of contigs. Consequently,
eukaryotic contigs with intrinsically different gene features, are not optimally annotated. Using a
bioinformatics pipeline, we have filtered 7.9 billion contigs from 6,872 soil metagenomes in the JGI’'s
IMG/M database to identify eukaryotic contigs. We have re-annotated genes using eukaryote-tailored
methods, yielding 8 million eukaryotic proteins and over 300,000 orphan proteins lacking homology
in public databases. Comparing the gene predictions we made with initial JGl ones on the same
contigs, we confirmed our pipeline improves eukaryotic proteins completeness and contiguity in soil
metagenomes. The improved quality of eukaryotic proteins combined with a more comprehensive
assignment method yielded more reliable taxonomic annotation. This dataset of eukaryotic soil
proteins with improved completeness, quality and taxonomic annotation reliability is of interest for
any scientist aiming at studying the composition, biological functions and gene flux in soil communities
involving eukaryotes.

Background & Summary

Soil-dwelling microorganisms play essential biological functions related to human and Earth health in both
managed and natural ecosystems!. In recent years, the rise of metagenomics has expanded our understand-
ing of the genetic diversity of microorganisms in many different complex environments, including soil and
plant-associated microbiomes?. Metabarcoding and shotgun metagenomic sequencing have highlighted
the high diversity of microbial communities and allowed the discovery of previously unknown microor-
ganisms>*. Recent efforts have focused on the de novo assembly of bulk metagenomic sequencing reads into
metagenome-assembled genomes (MAGs) or contigs, uncovering the genetic content and informing on the
molecular functions of these microorganisms®~”.

The soil is arguably one of the most complex microbiome due to the extremely high diversity of organ-
isms, their complex inter-kingdom interactions and the wide spectrum of environmental conditions observed
between samples. In comparison, the human gut microbiome is more homogeneous among individuals due to
more stable physiological conditions. Therefore, the soil contains many microbial guilds which cover all different
superkingdoms of life with disparate metabolic abilities®. Most metagenomic studies are focused on bacteria,
which dominate microbiome in number of individuals, although eukaryotes often account for a comparable
biomass in soils®. The composition and diversity of eukaryotic microorganisms in soils are expected to be higher
than, and different, from other ecosystems but are still mostly unknown®!!, Moreover, eukaryotic soil micro-
organisms fulfill essential functions in ecosystems, mainly by participating in the biochemical balance!? and
nutrient cycling'®. They also affect the biodiversity and health of macro-organisms constituting fauna and the
flora. Some eukaryotes are pathogens of plants or animals, and can cause tremendous health or economic dam-
ages'. In contrast, some others are beneficial such as mycorrhizal fungi which live symbiotically with 90% of
the vascular plants on Earth'>. The mutualistic interactions of plants with eukaryotic microorganisms from the
rhizosphere provide them nutritive and protective benefits, giving those fungi a strong agronomic and environ-
mental interest'¢-1%.

Despite their prime importance in diverse processes, soil eukaryotes are neglected and not well repre-
sented in public metagenomic data. Previous studies have highlighted the poor representation of eukaryotes
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in standard metagenomics analyses in different environmental samples and proposed strategies to mitigate
this under-representation®>?!. The largest publicly available resource for soil metagenomes is the Integrated
Microbial Genomes & Microbes (IMG/M) database of the Joint Genome Institute (JGI)?2. In this resource,
standard pipelines are used to assemble and annotate contigs and genomes from environmental metagenomic
shotgun reads. One major limitation concerns the eukaryotic component of these soil metagenomes. Indeed,
the gene prediction tool used by default for all contigs assembled from metagenomes is Prodigal®, a software
tailored for prokaryotes. However, gene structures and features are different in eukaryotes, and using prokary-
otic tools to predict eukaryotic genes can lead to incomplete, erroneous and discontinuous gene sequences, and
hence proteins: a trivial example is that no intron can be predicted by Prodigal. These procedures make sense
given the volume of metagenomic data processed by IMG/M, but, as a consequence, eukaryotic proteins are
neglected in these soil microbiome data, with a risk of being truncated and assigned an unreliable taxonomic
annotation. These suboptimal sequences and taxonomic annotations then negatively impact any research on the
eukaryotic component of the soil.

To circumvent this problem, we have constituted a dataset of 6,872 soil microbiomes comprising 7.9 bil-
lion contigs and identified eukaryotic contigs using a k-mer based approach. On the identified eukaryotic con-
tigs, we re-predicted ca. 93 million genes and proteins using annotation methods tailored for eukaryotes. We
re-assigned taxonomic information to these proteins based on a last common ancestor (LCA) approach from
homology search against the NCBI’s nr library. This allowed identifying 8 million eukaryotic proteins and more
than 300,000 orphan proteins located on eukaryotic contigs and lacking homology in public protein libraries,
representing a potential for new discoveries. We show that the newly predicted proteins are longer and constitute
a more comprehensive representation of the pool of eukaryotic proteins in the soil.

This new dataset improves eukaryotic protein sequence quality and completeness, as well as the reliability
of the taxonomic information, and represents a unique resource to decipher and study the pool of eukaryotic
proteins present in the soil.

Methods

Data collection. We used publicly available assembled metagenomic data from shotgun sequencing reads of
the IMG/M database of the JGI?2. We collected metagenomes of 5,988 “Terrestrial’ samples in the environmental
metagenomes category and 884 plant-associated metagenomes in the host-associated category, Fig. 1 (available
data 2020, October; Supplementary Data®*). Most of the datasets were unrestricted from use, according to the JGI
policy; the authors of a few datasets (see Acknowledgements) that were still under use-restriction kindly author-
ized us to re-use their data, including two published in the literature*>?¢. The data acquisition was performed via
the IMG/MER Cart genome portal. For each metagenome, the JGI provides a set of files from pre-computed anal-
yses that are useful to sort, filter and describe data. Because we anticipated substantial differences in the relative
proportions of eukaryotic species present in the terrestrial and the host-associated categories, these two datasets
were processed separately to minimize potential biases. For a more convenient processing of the massive amount
of data, the metagenomes from terrestrial samples were splitted in two batches; ‘Terrestrial 1’ contained 3,601
environmental metagenomes added between December 2009 and January 2019 and ‘Terrestrial 2’ contained
2,387 metagenomes added between February 2019 and August 2020.

Data curation and quality control.  Starting from assembled contigs, we combined all genomic fasta files
by datasets and obtained 6 and 1.9 billion contigs from terrestrial and plant-associated categories, respectively.
The length distribution of assembled contigs is highly heterogeneous between metagenomes due to variation in
sequencing technologies, experimental protocols, pipeline version used and biological features. Probably because
most data initially consisted of short sequencing reads, half of the contigs were shorter than 296 bp (Table 1).
These short contigs increase the volume to be processed and are unlikely to contain complete genes, hence pro-
viding no more information on gene diversity?’. Thus, we filtered data on assembly length, and kept contigs at
least 1 kb long or containing at least three genes predicted by Prodigal in JGI files. Only 763 million contigs (10%)
passed this filter and were retained for further analysis (Fig. 1). These remaining contigs were distributed in 6,610
metagenomes (Fig. 1): hence data from 262 starting metagenomes were entirely removed due to a too high level
of fragmentation. This quality filtering drastically reduced the dataset volume and ensured we only worked with
contigs on which complete eukaryotic genes have a chance to be predicted.

Detection of contigs from eukaryotic organisms. The JGI provides taxonomic information for genes
predicted using Prodigal, which is not suitable for eukaryotic genes. Moreover this taxonomic information has
been transfered solely from that of the best BLAST hit, which can be misleading. Thus, this information cannot
be used to identify potential eukaryotic contigs and no further taxonomic information is provided for contigs.
Therefore, we scanned all the contigs and identified those from eukaryotic origins using Kraken2%, a taxonomic
classification tool based on exact kmer matches, designed to process in a fast and sensitive way large data sets
such as those from metagenomics analyses. Among the taxonomic classifiers dedicated to metagenomic data, we
selected Kraken2 because it provides taxonomically labeled contigs and it is designed to work on reads but can
also process contigs. As a consequence, this software maintains a good sensitivity on short sequences, represent-
ing an ideal choice in our case. Indeed, as indicated in Table 1, our data mainly contains short contigs with an
average size of 1.9Kb, which would be sub-optimal for usage with a contig-centered software such as Eukrep?,that
performs better on contigs at least 3Kb long, as mentioned by the authors. As a reference database, we combined
all RefSeq libraries of complete genomes [Archaea, Bacteria, Plasmid, Viral, Human, Fungi, Plant, Protozoa]?,
complemented by the NCBI’s nt library and ran Kraken2 with default parameters. This allowed assigning tax-
onomic information to 82% of contigs, among which 113 million were classified with a eukaryotic taxonomic
identifier “TaxID’ (Fig. 1).
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Fig. 1 Our eukaryotic protein prediction pipeline from soil metagenomic contigs to a final dataset of
taxonomically annotated proteins with contigs, proteins and metagenomes number at each step.

Eukaryotic gene prediction. For all contigs identified as eukaryotic by Kraken2, we used Augustus
(v3.3), a software dedicated to de novo eukaryotic gene prediction®. The gene structure is complex in eukary-
otes and changes across species?’. Thus, Augustus provides ab initio models for 73 different species (Fig. 2) and
one must be selected to perform gene prediction. Due to the conservation of genomic features across closely
related organisms, we assigned, to each eukaryotic contig, a model based on its Kraken2 taxonomic annotation.
Note that this model selection step does not aim at a definitive taxonomic annotation; here we used a sensitive
approach to predict as accurately as possible putative eukaryotic genes that will then be filtered by a more selective
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Data Metric Min Mean Median Max
Number of contigs per metagenomes | 1 1,160,141 294,105 39,582,895

Raw Contig length (pb) 3 497 296 5,373,015
Number of genes per contig 0 1 1 5,459
Number of contigs per metagenomes | 1 115,615 22,307 3,625,639

Filtered Contig length (pb) 1,000 1,985 1,350 5,373,015
Number of genes per contig 1 3 2 5,459

Table 1. Metrics to assess the contiguity of the 6,872 “Terrestrial’ and ‘Plant-associated’ metagenome-assembled
genomes datasets from the IMG/M server of the JGI including the number of proteins predicted by Prodigal
from IMG/M.

homology-based taxonomic annotation approach at the protein level. Selection of the phylogenetically closest
model for gene prediction on each contig was done using a custom python script®! which functions as follows:

« First, we browsed the 73 model species tree from the leaves to the root assigning a non-ambiguous parental
taxonomic term to each model species as long as no bifurcation with a branch containing another model
species was found (Fig. 2). For example, in plants, Arabidopsis thaliana is the sole representative of the Bras-
sicales; so the Brassicales parental term was associated with the A. thaliana model. Consequently, we used
the A. thaliana Augustus model for all eukaryotic contigs assigned with a taxonomic ID belonging to the
Brassicales branch. Similarly, Homo sapiens is the only representative of mammals, so any contig identified by
Kraken2 as a mammalian organism will be assigned the H. sapiens model.

At this point, an Augustus gene prediction model could be assigned to 7.1% (ca. 8 million) of contigs. The
rest of the contigs (ca. 105 million) could not be assigned an unambiguous closest model species because they
belonged to a bifurcating branch in the tree leading to several equally close model species.

« Therefore, in a second step, for all these remaining eukaryotic contigs, we selected among the children
branches the most frequently assigned model in the whole dataset the contig belongs to (i.e. Plant-associated,
Terrestrial 1 or Terrestrial 2) at the previous step (first pass). To continue the previous example, the next
more ancestral branch in the phylogeny of Brassicales is the clade ‘Malvids’ that displays a polytomy of eight
children branches of which only two contain an Augustus model species (Malvales and Brassicales). Hence,
no model could be unambiguously assigned to contigs with a Malvids taxonomic ID other than Malvales or
Brassicales. Therefore, all contigs from other Malvids orders are processed with the most frequently assigned
species model for each of the three datasets (Fig. 3). For example, they are processed with the cocoa gene
model (Malvales, Theobroma cacao) in the dataset Terrestrial 1, or the Arabidopsis thaliana gene model in the
Plant-associated and Terrestrial 2 datasets (Fig. 3). The distribution of contigs across the models is available
in Supplementary Data, Fig. 132,

Overall, our pipeline allowed assigning an Augustus model to ca. 101 million possibly eukaryotic contigs
(Fig. 1). The most assigned ones were Metazoa and Viridiplantae models, with respectively 49% and 44% of con-
tigs in plant-associated metagenomes and 76% and 16% in terrestrial data. In both datasets, we assigned fungal
models to 6.5% of contigs (Supplementary Data, Table 1**); and the majority of other contigs were assigned to
SAR, Discoba or Rhodophyta models. Although these last taxonomic groups were assigned at a relatively low
proportion, this still corresponds to tens or hundreds of thousands of contigs. Unsurprisingly, the less assigned
are gene models of aquatic animals such as some benthic animals, sharks, or also lamprey models. At this point,
we could not assess whether the numerous assignments to metazoan and plant models came from mis-annotated
contigs or contamination, therefore further analyses were performed after gene and protein prediction.

Then, once a model species has been assigned to contigs we ran the eukaryotic gene predictor Augustus®,
with default parameters, which allowed predicting 93 million protein-coding genes (Fig. 1). The number of
proteins predicted per contig ranges from 1 to 410 with 2 protein predicted per contig on average for all datasets
together. Consistent with the model assignment across kingdoms, the highest numbers of proteins were pre-
dicted for contigs assigned to Metazoan and Viridiplantae Augustus models. Moreover, we predicted 8.7 million
proteins with Augustus fungal models and 1.8 million with different protist models (Fig. 4a).

Confirmation of eukaryotic origins and improvement of the taxonomic information. To
filter-out false-positive eukaryotic classification and assign a more reliable taxonomic annotation to the proteins
predicted by our pipeline than simple inheritance from the Kraken2-based contig annotation, we used the last
common ancestor algorithm of Diamond?*. The homology search was run at the protein level with an E-value
threshold of 1076 and using the January 2020 release of the NCBI nr database® as protein reference. In the LCA
mode, Diamond will assign an NCBI taxonomic identifier (i.e. TaxID) based on the last common ancestor of all
the hits with a score not diverging by more than 10% from the best hit score. Using an LCA approach consti-
tutes a substantial gain in taxonomic annotation reliability compared to approaches based on the best BLAST
hit alone, this single best hit being potentially mis-annotated itself, or sharing only low identity with the query
sequence. This LCA approach is usually employed for taxonomic assignment of sequences distantly related to
those of known organisms present in public sequence libraries, such as ancient or actual metagenomic data?$>-3,
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Fig. 2 Phylogenetic tree of Augustus ab initio models showing the deeper taxonomic nodes used in the first step
of the contig model selection.

Consequently, the improved quality and completeness of protein sequences combined with a more accurate tax-
onomic assignment method is expected to yield a more reliable taxonomic annotation. From the 93 million
proteins predicted by Augustus, 8,001,326 (present on 5,724,823 contigs from 4,083 metagenomes, Fig. 1) were
assigned a eukaryotic taxonomic annotation by the Diamond LCA approach (Table 2) and are made available as
a curated dataset of eukaryotic soil proteins® with taxonomic informations®.

Of these 8 million proteins, 45% were assigned a Opisthokonta taxonomy (Fungi+ Metazoa), of which 96%
were fungal and only 4% Metazoa (Fig. 5). These proportions are consistent with eukaryotic taxonomic distri-
bution previously described in the literature, reporting fungi as the most abundant eukaryotic microorganisms
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Fig. 3 Phylogenetic tree focused on Magnoliopsida clades displaying the Augustus model distribution
supporting the assignment of ab initio gene model by dataset (blue = Plant-associated, orange = Terrestrial 1,
green = Terrestrial 2).
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Fig. 4 Number of Augustus-predicted proteins and their taxonomic distribution per Augustus model
kingdom by dataset (a) on all contigs (b) on eukaryotic contigs validated by Diamond (blue = Plant-associated,
orange = Terrestrial 1, green = Terrestrial 2).

Clade Plant-ass. Terrestriall Terrestrial2 Total %
Prokaryote 12,271,986 11,564,201 20,560,428 44,396,615 47.6
Eukaryote 4,986,024 1,951,235 1,064,070 8,001,326 8.6
Viruses 23,743 25,409 70,942 120,094 0.1
Undetermined 4,511,252 29,664,147 6,655,739 40,831,138 43.7
Total 21,793,005 43,204,992 28,351,179 93,349,176 100

Table 2. Taxonomic classification of Augustus predicted proteins in superkingdoms by the Last Common
Ancestor algorithm of DIAMOND among each dataset.

in studied soil>*!. Actually, in soil metagenomes, fungal organisms are often second to bacteria in number and
account for a comparable proportion of the biomass. Here, we retrieved 1,657 different fungal TaxIDs covering
granularity levels ranging from species to the whole kingdom. Taxonomic annotations at deeper taxonomic
nodes indicate the protein is equally related to proteins from multiple different and phylogenetically distinct
fungal species. Among Metazoa, the dominant categories were Arthropoda, then Nematoda and Rotifera,
respectively representing 48%, 9% and 8% of Metazoa (Supplementary Data*?), again consistent with these spe-
cies being the most abundant animals in soil environment. Besides Opisthokonta, Viridiplantae was actually
the most represented kingdom, with 49% of all eukaryotic taxonomic assignment (Fig. 5). This suggests plant
material is frequently present in soil samples and this is particularly expected for the plant-associated samples.
Besides Opisthokonta and plants, other eukaryotes mainly belonged to the category SAR (1% of all) and most
of the rest (5%) were unclassified eukaryotes (category other eukaryota, Fig. 5). These last taxa show small per-
centage of the whole dataset of soil eukaryotic proteins but still represent several thousand of proteins due to the
size of the dataset.

The rest of the 93 million soil proteins were either assigned a non-eukaryotic TaxID with 47.6% and 0.1%
being assigned a prokaryotic and viral taxonomy, respectively (Table 2), or had undetermined taxonomic anno-
tation (43.7%).

Identification of potential orphan eukaryotic proteins. More than 40 million proteins, representing
43.7% of the total Augustus predictions, could not be assigned a prokaryotic, eukaryotic or viral TaxID. Among
them 27,269,572 (67%) were assigned untraceable taxonomic identifiers such as ‘unclassified (e.g. ‘12908’ TaxID)
or ‘other’ (e.g. 32644’ TaxID), and the rest of the proteins (13,561,566 or 33%) simply returned no hit at all against
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Fig. 5 Krona representation of taxonomic assignment provided by the last common ancestor algorithm of
DIAMOND for the 8 million eukaryotic proteins predicted by our homemade pipeline using Augustus (HTML
file: available on Supplementary Data*?), and the pie chart of taxonomic ranks of retrieved lineages.

the NCBT’s nr library in our Diamond homology search. Because these proteins might represent false positives
from Augustus, they were not blindly added to the dataset of 8 million eukaryotic soil proteins. However, these
proteins might as well represent orphan eukaryotic proteins lacking homology in public databases, constituting
an important resource for new discoveries. To discriminate potential eukaryotic from non-eukaryotic orphan
proteins, we assessed whether they were distributed on otherwise mostly-eukaryotic contigs. Thus, from the
initial dataset of 113 million Kraken2-assessed eukaryotic contigs, we only retained orphan proteins present on
contigs that contained at least 50% of Diamond-confirmed eukaryotic protein-coding genes. This yielded a total
of 3,657,380 contigs distibuted on 4,059 metagenomes (Supplementary Data, Table 3%). A total of 354,243 orphan
proteins were distributed on these contigs and represent potential novel eukaryotic proteins. We made this addi-
tional dataset of potential novel orphan eukaryotic proteins also available®’.

Reducing redundancy of soil eukaryotic proteins. Some redundancy was expected because we used
metagenomic data from thousands of individual studies, and some sequencing data came from the same sampling
location. Therefore, we clustered Fasta files using the Linclust software of the MMseq2 metagenomic toolkit*.
For both eukaryotic and orphan datasets, we clustered proteins with at least 99% sequence identity and covering
at least 90% of the target. With these parameters, the 8 million eukaryotic proteins were clustered in 4,624,994
representative sequences®, and the 354,243 orphan proteins were clustered in 288,612 proteins*. For both clus-
terings, we provide the correspondence files to link original protein predictions to their respective representative
clusters*’45,

Data Records
All processed and Supplementary Data are publicly available on Data INRAE portal*’ containing files described
in Table 3.

Technical Validation

Comparison of protein prediction and taxonomic annotation quality to original JGI annota-
tion. To determine whether using Augustus in our pipeline allowed improving eukaryotic protein predictions,
we compared them to the predicted proteins obtained by the JGI using Prodigal for the same set of contigs.
For this comparison, we used the same 3,657,380 contigs (covering 4,059 different metagenomes) containing
at least 50% of predicted proteins with a eukaryotic taxonomy assigned by Diamond-LCA (defined above). Our
pipeline allowed predicting 5.6 million proteins in these contigs. In comparison, on the same dataset, Prodigal
initially predicted a total of 16 million proteins, covering 3,294,764 of these contigs and 3,979 metagenomes
(Supplementary Data, Table 3*?). First, although the number of protein predicted is higher with Prodigal, this
software was unable to predict proteins in more than 360,000 contigs (3,657,380-3,294,764). Moreover, the raw
number of proteins can be misleading because while Prodigal predicted 1,9 billion amino acids, our methodology
allowed predicting 2.5 billion amino acids in total, suggesting although more proteins were predicted by Prodigal,
they were much shorter and probably fragmented. Augustus allowed predicting introns in 1,627,033 genes from
1,074,415 contigs; these intronic sequences span on average 17% of the gene length. In comparison, Prodigal is
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File name Type Size Path Description

8 M of validated eukaryotic proteins predicted with
eukaryotic_proteins.aa® fasta 3GB . Augustus in contigs from Terrestrial and Plant-
associated metagenomic data from JGI

Taxonomic information for 8 M of validated
eukaryotic_proteins_taxonomy.txt* text file 1,9GB . eukaryotic proteins from the last common
ancestor algorithm of Diamond

Orphan proteins from contigs with over half of

orphan_Euka.aa® fasta 79MB : .
eukaryotic proteins
cukaryotic_proteins_clustered.aa®® fasta 1.8GB 4,6 M' representative clusters of 8 M of eukaryotic
proteins
eukaryotic_proteins_clustered.tsv"’ TSV 614MB | . Composition of eukaryotic protein clusters
orphan_proteins_clustered.aa’® fasta 66MB . 288,612 representative clusters of orphan proteins
orphan_proteins_clustered.tsv*® TSV 27MB . Composition of orphan protein clusters

eukaryotic proteins taxonomy krona. Krona representation of 8 M of validated
html“y -P . V- " | html 1,7MB ./Supplementary Data | eukaryotic protein taxonomy from last common
ancestor algorithm of Diamond

List of metagenome identifier of processed data

Supplementary_data_1.txt* text file 158KB ./Supplementary Data from JGI

Fig. 1: Informations on eukaryotic proteins
Supplementary_data_Figures.pdf** PDF 323KB ./Supplementary Data prediction processing
Fig. 2: BUSCO scores by dataset

Table 1: Kraken?2 lineage distribution in main
eukaryotic Clade

Table 2: Number of proteins predicted with
Supplementary_data_tables.pdf** PDF 51KB -/Supplementary Data | Augustus

Table 3: Information on gene prediction outputs
Table 4: Statistics of BUSCO scores

Table 3. Data record, information about files available on public repository DATA INRAE®.

BUSCO scores Fasta informations
Complete | Complete Nb. of Totalnb. of | Nb.of AA/
Model Complete | Single Duplicated Fragmented Missing | Proteins AA protein
1 | Mix 100 12.9 87.1 0 0 63,986 25,941,958 405
2 | Fusarium 98.4 12.5 85.9 12 0.4 87,508 36,614,755 418
3 | Zebrafish 96.1 239 72.2 31 0.8 152,796 43,294,314 283
4 | Metaeuk nr 100 1.6 98.4 0 0 119,085 34,031,250 286
5 | MetaEuk swp 97.6 8.2 89.4 0.8 1.6 34,906 12,112,481 347
6 | Prodigal 77.3 36.9 40.4 20 2.7 271,456 37,520,032 138

Table 4. BUSCO scores and FASTA files information for several gene prediction methods (1) Augustus with a
mixture of model as in our paper, (2) Augustus with Fusarium model, (3) Augustus with Zebrafish model, (4)
MetaEuk with NR database, (5) MetaEuk with Swissprot database and (6) Prodigal. All scores are computed on
the same metagenome used as reference.

not able to predict introns and ends its prediction when the first stop codon is encountered. Therefore, at least
28% (1.6/5.6 millions) of the proteins predicted by Augustus were necessarily incorrectly predicted by Prodigal,
initially. Moreover with the high frequency of stop codons in the intronic regions due to less selective pressure
on these genomic regions, most intron-containing genes are expected to be truncated by Prodigal. Overall, we
oberve that our strategy was able to predict longer proteins and on more contigs that the initial Prodigal annota-
tion. Hence, to further compare predictions from both methods, we used two metrics: (i) protein length distribu-
tion, and (ii) the recovery of nearly universal single copy eukaryotic genes.

Length distribution of protein. ~ First, we calculated and compared the distribution of protein lengths from
Augustus vs. Prodigal predictions. Proteins predicted by Augustus were significantly longer than proteins pre-
dicted by Prodigal on the same contigs (Fig. 6; unpaired t-test, n=5.3 105/n =9 10° proteins, T =1.994 10°,
p<107*). These observations coupled with the higher number of proteins predicted by Prodigal, confirm that
Augustus was able to predict introns and join together multiple exons to form more complete genes where
Prodigal predicted multiple truncated genes. Of note, the average size of genes (in ext. proteins) in eukaryotes is
larger than in prokaryotes, due to the evolution of genome complexity>. Furthermore, the length distribution
is closer to a normal one with Augustus predictions than with Prodigal ones (Fig. 6b), indicating a better qual-
ity of our new predictions. Indeed, Nevers et al.>! reports that a non-normal distribution of proteins length, as
observed for these Prodigal predictions in eukaryotic contigs, is indicative of more truncated proteins caused
by fragmented genomes and incorrect protein prediction. Overall, the authors showed that protein lengths
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Fig. 6 Distribution of protein lengths of Augustus prediction in blue versus Prodigal prediction in orange.
Proteins from Augustus are significantly longer than those from Prodigal (see text).
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Fig. 7 Complete and Fragmented BUSCO scores of the 1,093 metagenomes with single-copy universally
conserved genes report a significantly better recovery of genes from eukaryotic microorganisms with Augustus
than Prodigal (see text).

distribution is remarkably well conserved across species and this feature could be used as quality metric in
addition to other measures.

Recovery of nearly universal single-copy eukaryotic genes.  To assess the improvement of our de novo eukaryotic
protein predictions from soil microorganisms, we also compared the proportions of near-universal single-copy
orthologs retrieved for each metagenome with those provided by Prodigal in the same contigs using BUSCO
(v.4.0.2) in protein mode with ‘eukaryota_odb10’ lineage®. Starting from the 4,059 metagenomes containing
contigs with at least 50% eukaryotic proteins, universally-conserved eukaryotic BUSCO proteins were identi-
fied in contigs coming from 1,093 metagenomes. This observation is not particularly surprising since (i) there
are only 255 universally-conserved eukaryotic BUSCO genes, (ii) eukaryotes represent a minority of species
in the soil? and (iii) most eukaryotic genomes are only partially assembled from short-read based on shotgun
metagenomic data.

The proportion of BUSCO genes found in complete length in metagenomes was significantly higher for the
Augustus predictions than for the initial Prodigal predictions (Fig. 7; paired Wilcoxon-test, n =1,093 metage-
nomes, Complete T=1.132 10°, p < 10~% Fragmented T=2.039 10%, p <10~*). Similarly, the proportion of
fragmented and missing BUSCO genes were significantly lower in Augustus predictions as compared to Prodigal
predictions; this trend is identical for all datasets (Supplementary Data, Fig. 2%2). BUSCO completeness scores
from our Augustus gene predictions are as good or better than Prodigal for more than 98% of metagenomes.
Furthermore, we have predicted more universal single-copy genes than Prodigal for 574 metagenomes, or more
than half of the 1,093 metagenomes containing at least one BUSCO gene in one of both predictions. We observe
an average improvement of 11.9% in the BUSCO completeness score, and genes are less fragmented in 510
metagenomes with an average of 8.5% lower proportion of fragments (Supplementary Data, Table 4°%). The
scores provided by BUSCO for these 1,093 metagenomes show a significant improvement of protein recovery
and completeness for proteins from our Augustus-based strategy as compared to those from Prodigal, indicating
our pipeline has improved the quality of eukaryotic gene models in soil metagenomes.

Accuracy and diversity of taxonomic annotation. 'We assessed whether the Diamond-LCA taxonomic annota-
tion strategy we employed allowed gaining information over the original JGI taxonomic annotation. To perform
this evaluation, we compared the richness of taxonomic information proposed by our strategy to the original JGI
annotation on a group of eukaryotic soil microorganisms known to play important ecological roles, Arbuscular
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Fig. 8 Annotated taxa of Arbuscular Mycorrhizal Fungal proteins with the last common ancestor algorithm of
Diamond after protein prediction with Augustus. Number of proteins is shown for each taxa. The ratio of the
taxonomic rank of annotations across AMF lineages is shown in a pie chart.

Mycorrhizal Fungi (AMF). Indeed, AMF are ubiquitous members of soil microbiota, and more particularly of
the (plant-associated) rhizosphere'®. These eukaryotic microorganisms are plant symbionts with high impacts in
several fields, mainly in agronomy due to a bio-stimulant and a bio-protective effect'®>, but they are also used to
help in environmental issues such as cleaning-up polluted soils or facilitating reforestation. Among all the con-
tigs containing at least 50% of eukaryotic proteins, according to Diamond-LCA, only 8,065 AMF proteins were
predicted in the original JGI annotation, covering 6,048 contigs from 327 metagenomes. Moreover, all these
proteins were assigned the same and sole AMF species/TaxID: Rhizophagus irregularis. In contrast, using our
eukaryotic-centred gene prediction and taxonomic annotation pipeline, we expand the identification of AMF
to 50,999 proteins in 48,726 contigs from 1,102 metagenomes. Furthermore, this new annotation now covers
26 different taxa (from class to species) better representing the AMF diversity present in these soils (Fig. 8). The
case of these pervasive eukaryotic microorganisms in the soil highlights the benefits of this work to improve the
representation of eukaryotic organisms in public soil metagenomes*’.

Validation of taxonomic assignment and gene prediction strategy. Taxonomic assignment methods.
Comparing the Kraken2-assigned Augustus models for gene prediction on contigs to the taxonomic assignment
at the protein-level based on Diamond LCA, we observed substantial differences in the relative proportion of
taxonomic groups (Figs. 4, 5). For instance, while metazoan Augustus models were assigned to 49 and 76% of
contigs in plant-associated and terrestrial datasets, respectively, only 2% of the eukaryotic proteins were assigned
a metazaon taxonomy via Diamond-LCA. Conversely, while fungal Augustus models were assigned to only 6.5%
of contigs, fungi represented 43% of taxonomic assignments obtained by Diamond-LCA. These Diamond-LCA
taxonomic assignments are more consistent with the expected dominant taxa in the soil and illustrate the interest
of our two-steps strategy with the first sensitive step aiming at identifying as many putative eukaryotic contigs
as possible and the second specific step aiming at assigning an as reliable as possible taxonomic annotation to
the genes and proteins. Furthermore at a global level, of the 93 million proteins predicted on the contigs deemed
eukaryotic according to Kraken2, only 8 millions could be confirmed as eukaryotic with Diamond-LCA. An
explanation for this discrepancy between Kraken2 and Diamond-LCA taxonomic assignments may be the fol-
lowing. A substantial proportion of contigs were probably assigned a eukaryotic taxonomy by Kraken2 based on
a low number of k-mer matching with the eukaryotic target. The proteins predicted on these contigs were not
assigned a eukaryotic annotation by Diamond but either a prokaryotic or undetermined taxonomy. Applying a
confidence score threshold to Kraken2 taxonomic predictions might have resolved part of these false positives
but at the risk of augmenting the rate of false negatives, and thus missing many eukaryotic contigs. Because we
wanted this first filtering step to be as sensitive as possible, we decided not to apply a stringent confidence test on
Kraken2 and to rely on further Diamond-based LCA strategy for more accurate final taxonomic annotation at
the protein level.

We also compared the original single best BLAST hit JGI strategy for taxonomic annotation to the
Diamond-LCA taxonomic assignment we employed in this study. Using a single best BLAST hit strategy, all tax-
onomic annotations were necessarily at the species level, regardless of the other hits and regardless of the percent
identity with the best hit. This strategy can be misleading, in particular if the taxonomic annotation of the best
hit is erroneous or if the similarity is only distant and to a variety of different species with no jump in E-values.
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In contrast, using an LCA approach, we noticed that only less than 30% of the proteins are still annotated at the
species level. This indicates the rest of the proteins have been assigned a deeper taxonomic rank (Fig. 5) because
they matched multiple hits with similarly good scores. This re-assignment of taxonomic annotation to deeper,
more ancestral level decreases the risk of making errors by assigning a very shallow and precise taxonomic
annotation based on spurious or distantly related best BLAST hits. This situation is expected to be particularly
frequent when annotating proteins from environmental samples returning only distant similarity to proteins
present in reference protein libraries from cultured organisms®.

Assessment of gene prediction strategy. As mentioned in previous sections, taxonomic annotations at nucleic
(contig) and protein scales are not necessarily consistent. This fact may cast doubt on Augustus model selection
procedure. To evaluate our soil eukaryotic gene prediction strategy, we compared the quality of proteins obtained
by a mixture of Augustus models selected by our pipeline with prediction using either only one Augustus model,
chosen as (i) Fusarium (a fungal model retrospectively corresponding to the most represented taxon in the final
Diamond-based taxonomic assignment), or (ii) Zebrafish (a metazoan model corresponding to a taxon with
low chance to be actually present in soil contigs), or (iii) another gene prediction software, MetaEuk** with NR
database as a reference and finally (iv) MetaEuk with SwissProt database as a reference. These four strategies
were used to predict proteins on Kraken2-assigned eukaryotic contigs within the same dataset: metagenome
3300031471’ from the terrestrial dataset. This metagenome was randomly chosen among those containing
complete eukaryotic BUSCO genes and thus representing an easy reference to check whether our mutli-model
Augustus approach was relevant compared to single-model or reference database approaches. We compared
eukaryotic BUSCO scores as well as the number of predicted proteins and the number of amino-acids per pro-
tein. Concerning Augustus, we observed the best recovery of universally conserved genes using our procedure
(mixture of phylogenetically assigned models) (Table 4; line 1,2,3). Hence, although fungi and in particular
Fusarium were the most numerous taxa in soil metagenomes, a mixture of models chosen by our procedure
allowed a better recovery of BUSCO proteins. Thus, despite a necessarily substantial portion of imperfect model
assignments, due to discrepancy between a priori Kraken2 taxonomic assignment and a posteriori Diamond
taxonomic confirmation, a mixture of models seem to yield better results than a single phylogenetically close
model. This is probably due to complex nature of soil communities. In contrast, and as expected, assigning a fish
model for this soil sample returned the lowest BUSCO completeness and the highest proportion of fragmented
and missing proteins. Concerning MetaEuk, BUSCO results were as good as our mixture of models procedure,
when using the NCBTs nr library as a reference (Table 4; line 1,4,5). However, a comparison of protein lengths
distribution suggested that, besides BUSCO proteins, MetaEuk protein predictions were globally shorter with
more proteins, a lower average number of amino acids per protein and a lower median length (Table 4). We
tried whether changing the reference library in Metaeuk would improve protein lengths distribution by using
Swissprot instead of nr. Using Swissprot indeed improved protein length metrics although these metrics were
not as good as for our procedure, and came at the cost of decreased BUSCO completeness (Table 4, line 5).
Overall, it seems that Metaeuk is more sensitive than the multi Augustus model we selected as more proteins
were predicted. However, these proteins are shorter and might either represent short actual proteins or frag-
ments. Our strategy was to be permissive at the contig level but stringent at the protein level (e.g. not to search
for proteic ‘dark matter’). Although erroneous annotations inherent to massive high-throughput de novo gene
prediction approaches can remain on some eukaryotic contigs, using Augustus with a mixture of gene models
seems to represent the optimal balance between recovery of complete BUSCO genes and prediction of the long-
est and less fragmented proteins besides BUSCO ones.

Usage Notes

Current microbiology investigations are focused on addressing the factors shaping the structure of microbial
communities. To drive the development of tomorrow’s biotechnology it is essential to understand biological
pathways both at the organism level and at the inter-microbial relationships scale, for prokaryotic and eukary-
otic organisms together. This dataset provides a more complete and comprehensive view of the pool of genes and
proteins, genetic diversity and distribution of eukaryotic microbes in soil and plant-associated microbiomes. At
the molecular level, the use of this data is relevant to address biological questions in both fundamental research
on plant-microbe interactions and applied, agronomical research, such as the study of potential metabolic func-
tions of telluric eukaryotes, or of the interaction pathways between microbial members of the community. At
a broader scale, the more accurate taxonomic annotation provides an unparalleled opportunity to assess how
microbial eukaryotes are distributed across the soil and plant-associated microbial-environments. As illustrated
in the data validation section, this improvement of microbial eukaryote representation has allowed us to increase
by a factor of six times the detection of the ubiquitous AMF species, which are of high agronomic and economic
interest.

Any research involving study of soil eukaryotes from evolutionary research on gene flow and transfers within
the biome to more translational research aiming at deciphering important soil functions and biochemical path-
ways will benefit from this improved dataset of soil proteins with more accurate taxonomic annotation. In addi-
tion, our data can be cross-referenced with the metadata provided by the JGI (downloadable from the IMG/M
portal) which includes geo-tracking and a wealth of environmental, sampling and processing information on
each metagenome. They can be linked to proteins and annotations by searching for the ‘metagenomelID;, as each
protein name in our dataset has a nomenclature based on the following pattern: ‘contigName_metagenomelD.
genelD; to offer this possibility. On one hand, the ecological metadata provides an unprecedented potential to
study the effect of the environment on community structures and to have a better, more comprehensive view
on how external factors influence the eukaryotic soil microbial communities. On the other hand, metadata
on sampling and processing could be useful to assess which parameters affect the diversity and sequencing of
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eukaryotes in metagenomes and help to shape future protocols. Moreover, in this study, we provided a fully doc-
umented pipeline and protocol available as python scripts from the detection of putative eukaryotic contigs to
the ab initio model selection for Augustus gene prediction and further Diamond-based taxonomic annotation,
that can be re-used to improve the annotation of eukaryotes on any microbiome data, including in other biomes
than the soil.

Code availability

e Project name: EukaProt_in_PublicSoilMetag’!

® Project home page: https://github.com/CaroleBelliardo/EukaProt_in_PublicSoilMetag.git
o Operating system(s): Platform independent

o Programming language: Python3

o Other requirements: Python3.8 or higher

o License: License: GNU General Public License v3.0
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Published online: 16 June 2022

References

1. Thiele-Bruhn, S. The role of soils in provision of genetic, medicinal and biochemical resources. Philosophical Transactions of the
Royal Society B: Biological Sciences 376, 20200183, https://doi.org/10.1098/rstb.2020.0183 (2021).

2. Fierer, N. Embracing the unknown: disentangling the complexities of the soil microbiome. Nat Rev Microbiol 15, 579-590, https://
doi.org/10.1038/nrmicro.2017.87 (2017).

3. Taberlet, P,, Coissac, E., Pompanon, E,, Brochmann, C. & Willerslev, E. Towards next-generation biodiversity assessment using DNA
metabarcoding: NEXT-GENERATION DNA METABARCODING. Molecular Ecology 21, 2045-2050, https://doi.
org/10.1111/j.1365-294X.2012.05470.x (2012).

4. Ramirez, K. S. et al. Biogeographic patterns in below-ground diversity in new york city’s central park are similar to those observed
globally. Proc. R. Soc. B. 281, 20141988, https://doi.org/10.1098/rspb.2014.1988 (2014).

5. Nayfach, S. et al. A genomic catalog of Earth’s microbiomes. Nature Biotechnology 39, 499-509, https://doi.org/10.1038/s41587-020-
0718-6 (2021).

6. Naylor, D. et al. Deconstructing the Soil Microbiome into Reduced-Complexity Functional Modules. mBio 11, https://doi.
org/10.1128/mBi0.01349-20 (2020).

7. Parks, D. H. et al. Recovery of nearly 8,000 metagenome-assembled genomes substantially expands the tree of life. Nature
Microbiology 2, 1533-1542, https://doi.org/10.1038/s41564-017-0012-7 (2017).

8. Bach, E. M., Williams, R. J., Hargreaves, S. K., Yang, F. & Hofmockel, K. S. Greatest soil microbial diversity found in micro-habitats.
Soil Biology and Biochemistry 118, 217-226, https://doi.org/10.1016/j.s0ilbio.2017.12.018 (2018).

9. Dupont, A. O. C,, Griffiths, R. I, Bell, T. & Bass, D. Differences in soil micro-eukaryotic communities over soil pH gradients are
strongly driven by parasites and saprotrophs: Soil pH and protistan diversity. Environ Microbiol 18, 2010-2024, https://doi.
org/10.1111/1462-2920.13220 (2016).

10. Tedersoo, L. et al. Global diversity and geography of soil fungi. Science 346, 1256688, https://doi.org/10.1126/science.1256688
(2014).

11. Torsvik, V. & Qvreés, L. Microbial diversity and function in soil: from genes to ecosystems. Current Opinion in Microbiology 5,
240-245, https://doi.org/10.1016/S1369-5274(02)00324-7 (2002).

12. Jansson, J. K. & Hofmockel, K. S. Soil microbiomes and climate change. Nature Reviews Microbiology 18, 35-46, https://doi.
org/10.1038/541579-019-0265-7 (2020).

13. Bonkowski, M. Protozoa and plant growth: the microbial loop in soil revisited. New Phytologist 162, 617-631, https://doi.
org/10.1111/j.1469-8137.2004.01066.x (2004).

14. Snow, R. W, Guerra, C. A., Noor, A. M., Myint, H. Y. & Hay, S. I. The global distribution of clinical episodes of Plasmodium
falciparum malaria. Nature 434, 214-217, https://doi.org/10.1038/nature03342 (2005).

15. Bonfante, P. & Genre, A. Plants and arbuscular mycorrhizal fungi: an evolutionary-developmental perspective. Trends in Plant
Science 13, 492-498, https://doi.org/10.1016/j.tplants.2008.07.001 (2008).

16. Schouteden, N., De Waele, D., Panis, B. & Vos, C. M. Arbuscular mycorrhizal fungi for the biocontrol of plant-parasitic nematodes:
A review of the mechanisms involved. Front. Microbiol. 6, https://doi.org/10.3389/fmicb.2015.01280 (2015).

17. Tran, B. T. T., Watts-Williams, S. J. & Cavagnaro, T. R. Impact of an arbuscular mycorrhizal fungus on the growth and nutrition of
fifteen crop and pasture plant species. Functional Plant Biology 46, 732, https://doi.org/10.1071/FP18327 (2019).

18. Bonfim, J. A. et al. Diversity of Arbuscular Mycorrhizal Fungi in a Brazilian Atlantic Forest Toposequence. Microbial Ecology 71,
164-177, https://doi.org/10.1007/s00248-015-0661-0 (2016).

19. Hao, Z., Xie, W. & Chen, B. Arbuscular Mycorrhizal Symbiosis Affects Plant Immunity to Viral Infection and Accumulation. Viruses
11, 534, https://doi.org/10.3390/v11060534 (2019).

20. West, P. T, Probst, A. J., Grigoriev, L. V., Thomas, B. C. & Banfield, J. F. Genome-reconstruction for eukaryotes fromcomplex natural
microbial communities. Genome Res. 28, 569-580, https://doi.org/10.1101/gr.228429.117 (2018).

21. Lind, A. L. & Pollard, K. S. Accurate and sensitive detection of microbial eukaryotes from whole metagenome shotgun sequencing.
Microbiome 9, 58, https://doi.org/10.1186/s40168-021-01015-y (2021).

22. Chen, I.-M. A. et al. IMG/M: integrated genome and metagenome comparative data analysis system. Nucleic Acids Research 45,
D507-D516, https://doi.org/10.1093/nar/gkw929 (2017).

23. Hyatt, D. et al. Prodigal: prokaryotic gene recognition and translation initiation site identification. BMC Bioinformatics 11, 119,
https://doi.org/10.1186/1471-2105-11-119 (2010).

24. Belliardo, C. et al. metagenomeid.txt. In Improvement of eukaryotic protein predictions from soil metagenomes. Portail Data
INRAE https://doi.org/10.15454/E2VTRB/NOHHAK (2021).

25. Murray, B., Dailey, M., Ertekin, E. & DiRuggiero, J. Draft metagenomes of endolithic cyanobacteria and cohabitants from hyper-arid
deserts. Microbiol Resour Announc 10, €0020621, https://doi.org/10.1128/ MRA.00206-21 (2021).

26. Ward, R. D. et al. Metagenome sequencing to explore phylogenomics of terrestrial cyanobacteria. Microbiol Resour Announc 10,
https://doi.org/10.1128/MRA.00258-21 (2021).

27. Brent, M. R. How does eukaryotic gene prediction work? Nat Biotechnol 25, 883-885, https://doi.org/10.1038/nbt0807-883 (2007).

28. Wood, D.E., Lu, J. & Langmead, B. Improved metagenomic analysis with Kraken 2. Genome Biology 20, 257, https://doi.org/10.1186/
$13059-019-1891-0 (2019).

29. O’Leary, N. A. et al. Reference sequence (RefSeq) database at NCBI: current status, taxonomic expansion, and functional annotation.
Nucleic Acids Research 44, D733-D745, https://doi.org/10.1093/nar/gkv1189 (2016).

SCIENTIFIC DATA | (2022) 9:311 | https://doi.org/10.1038/s41597-022-01420-4 12


https://doi.org/10.1038/s41597-022-01420-4
https://github.com/CaroleBelliardo/EukaProt_in_PublicSoilMetag.git
https://doi.org/10.1098/rstb.2020.0183
https://doi.org/10.1038/nrmicro.2017.87
https://doi.org/10.1038/nrmicro.2017.87
https://doi.org/10.1111/j.1365-294X.2012.05470.x
https://doi.org/10.1111/j.1365-294X.2012.05470.x
https://doi.org/10.1098/rspb.2014.1988
https://doi.org/10.1038/s41587-020-0718-6
https://doi.org/10.1038/s41587-020-0718-6
https://doi.org/10.1128/mBio.01349-20
https://doi.org/10.1128/mBio.01349-20
https://doi.org/10.1038/s41564-017-0012-7
https://doi.org/10.1016/j.soilbio.2017.12.018
https://doi.org/10.1111/1462-2920.13220
https://doi.org/10.1111/1462-2920.13220
https://doi.org/10.1126/science.1256688
https://doi.org/10.1016/S1369-5274(02)00324-7
https://doi.org/10.1038/s41579-019-0265-7
https://doi.org/10.1038/s41579-019-0265-7
https://doi.org/10.1111/j.1469-8137.2004.01066.x
https://doi.org/10.1111/j.1469-8137.2004.01066.x
https://doi.org/10.1038/nature03342
https://doi.org/10.1016/j.tplants.2008.07.001
https://doi.org/10.3389/fmicb.2015.01280
https://doi.org/10.1071/FP18327
https://doi.org/10.1007/s00248-015-0661-0
https://doi.org/10.3390/v11060534
https://doi.org/10.1101/gr.228429.117
https://doi.org/10.1186/s40168-021-01015-y
https://doi.org/10.1093/nar/gkw929
https://doi.org/10.1186/1471-2105-11-119
https://doi.org/10.15454/E2VTRB/N0HHAK
https://doi.org/10.1128/MRA.00206-21
https://doi.org/10.1128/MRA.00258-21
https://doi.org/10.1038/nbt0807-883
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1186/s13059-019-1891-0
https://doi.org/10.1093/nar/gkv1189

www.nature.com/scientificdata/

30. Stanke, M. et al. AUGUSTUS: ab initio prediction of alternative transcripts. Nucleic Acids Research 34, W435-W439, https://doi.
org/10.1093/nar/gkl200 (2006).

31. Belliardo, C. CaroleBelliardo/EukaProt_in_publicsoilmetag. Zenodo https://doi.org/10.5281/ZENODO.6546146 (2022).

32. Belliardo, C. et al. Supplementary_data_figures.pdf. In Improvement of eukaryotic protein predictions from soil metagenomes, https://
doi.org/10.15454/E2VTRB/GAKYOC (Portail Data INRAE, 2021).

33. Belliardo, C. et al. Supplementary_data_tables.pdf. In Improvement of eukaryotic protein predictions from soil metagenomes, https://
doi.org/10.15454/E2VTRB/Y6L20H (Portail Data INRAE, 2021).

34. Buchfink, B., Xie, C. & Huson, D. H. Fast and sensitive protein alignment using DIAMOND. Nature Methods 12, 59-60, https://doi.
org/10.1038/nmeth.3176 (2015).

35. Chaumeil, P.-A., Mussig, A. J., Hugenholtz, P. & Parks, D. H. GTDB-Tk: a toolkit to classify genomes with the Genome Taxonomy
Database. Bioinformatics 36, 1925-1927, https://doi.org/10.1093/bioinformatics/btz848 (2020).

36. Cribdon, B., Ware, R., Smith, O., Gaffney, V. & Allaby, R. G. PIA: More accurate taxonomic assignment of metagenomic data
demonstrated on sedaDNA from the north sea. Front. Ecol. Evol. 8, 84, https://doi.org/10.3389/fevo.2020.00084 (2020).

37. Eisenhofer, R. & Weyrich, L. S. Assessing alignment-based taxonomic classification of ancient microbial DNA. Peer] 7, €6594,
https://doi.org/10.7717/peer;j.6594 (2019).

38. Huson, D. H., Auch, A. E, Qj, J. & Schuster, S. C. MEGAN analysis of metagenomic data. Genome Research 17, 377-386, https://doi.
0rg/10.1101/gr.5969107 (2007).

39. Belliardo, C. et al. eukaryotic_proteins.aa. In Improvement of eukaryotic protein predictions from soil metagenomes. Portail Data
INRAE https://doi.org/10.15454/E2VTRB/T10HIX (2021).

40. Belliardo, C. et al. eukaryotic_proteins_taxonomy.txt. In Improvement of eukaryotic protein predictions from soil metagenomes.
Portail Data INRAE https://doi.org/10.15454/E2VTRB/AITUGT (2021).

41. Lesaulnier, C. et al. Elevated atmospheric CO, affects soil microbial diversity associated with trembling aspen. Environ Microbiol 10,
926-941, https://doi.org/10.1111/j.1462-2920.2007.01512.x (2008).

42. Belliardo, C. et al. eukaryotic_proteins_taxonomy_krona.html. In Improvement of eukaryotic protein predictions from soil
metagenomes. Portail Data INRAE https://doi.org/10.15454/E2VTRB/A2BOIB (2021).

43. Belliardo, C. et al. orphan_euka.aa. In Improvement of eukaryotic protein predictions from soil metagenomes. Portail Data INRAE
https://doi.org/10.15454/E2VTRB/3XPVTN (2021).

44. Steinegger, M. & S6ding, J. Clustering huge protein sequence sets in linear time. Nature Communications 9, 2542, https://doi.
0rg/10.1038/s41467-018-04964-5 (2018).

45. Belliardo, C. et al. eukaryotic_proteins_clustered.aa. In Improvement of eukaryotic protein predictions from soil metagenomes.
Portail Data INRAE https://doi.org/10.15454/E2VTRB/1TK3RE (2021).

46. Belliardo, C. et al. orphan_proteins_clustered.aa. In Improvement of eukaryotic protein predictions from soil metagenomes. Portail
Data INRAE https://doi.org/10.15454/E2VTRB/NO0Z7D (2021).

47. Belliardo, C. et al. eukaryotic_proteins_clustered.tsv. In Improvement of eukaryotic protein predictions from soil metagenomes.
Portail Data INRAE https://doi.org/10.15454/E2VTRB/TFJJKX (2021).

48. Belliardo, C. et al. orphan_proteins_clustered.tab. In Improvement of eukaryotic protein predictions from soil metagenomes. Portail
Data INRAE https://doi.org/10.15454/E2VTRB/54EDI]J (2021).

49. Belliardo, C. et al. Improvement of eukaryotic protein predictions from soil metagenomes. Portail Data INRAE https://doi.
org/10.15454/E2VTRB (2021).

50. Xu, L. et al. Average Gene Length Is Highly Conserved in Prokaryotes and Eukaryotes and Diverges Only Between the Two
Kingdoms. Molecular Biology and Evolution 23, 1107-1108, https://doi.org/10.1093/molbev/msk019 (2006).

51. Nevers, Y., Defosset, A. & Lecompte, O. Orthology: Promises and challenges. In Pontarotti, P. (ed.) Evolutionary Biology—A
Transdisciplinary Approach, 203-228, https://doi.org/10.1007/978-3-030-57246-4_9 (Springer International Publishing, 2020).

52. Manni, M., Berkeley, M. R,, Seppey, M., Simao, F. A. & Zdobnov, E. M. BUSCO Update: Novel and Streamlined Workflows along
with Broader and Deeper Phylogenetic Coverage for Scoring of Eukaryotic, Prokaryotic, and Viral Genomes. Molecular Biology and
Evolution msab199, https://doi.org/10.1093/molbev/msab199 (2021).

53. Hoysted, G. A. et al. A mycorrhizal revolution. Current Opinion in Plant Biology 44, 1-6, https://doi.org/10.1016/j.pbi.2017.12.004
(2018).

54. Levy Karin, E., Mirdita, M. & S6ding, ]. MetaEuk—sensitive, high-throughput gene discovery, and annotation for large-scale
eukaryotic metagenomics. Microbiome 8, 48, https://doi.org/10.1186/s40168-020-00808-x (2020).

Acknowledgements

We would like to warmly thank for they help and support all members of the bioinformatics platform of the
Institute Sophia Agrobiotech, Sophia Antipolis, France. We also thank for his advice on soil microbial analyses
Samuel Mondy from INRAE, Dijon, France. Finally, we would like to thank all the persons who worked to
generate the data publicly available on the IMG/M platform. In particular, we thank the following labs for having
granted us the right to use their data despite the use-restrictions: Dr. Rich V. and the NSF Biology EMERGE
Integration Institute, (NSE-BII 2022070); Dr. DiRuggiero J. and The Johns Hopkins Department of Biology; Dr.
Pietrasiak and NMSU Plant and Environmental Sciences department of College of Agricultural, Consumer, and
Environmental Sciences (ACES). Raw data were produced by the US Department of Energy Joint Genome Institute
(https://ror.org/04xm1d337; operated under Contract No. DE-AC02-05CH11231) in collaboration with the user
community.

Author contributions

C.B. co-designed the study, implemented programs, compiled and validated data, wrote and revised the
manuscript, G.D.K. conceived part of the experiments, C.R. conceived part of the experiments, M.C. reviewed
and validated the paper, acquired funding J.L. reviewed and validated the paper, acquired funding M.B.-B. co-
designed the study, participated in data analysis, figure preparation and manuscript revision, acquired funding
E.G.J.D. co-designed the study, participated in data analysis, wrote and revised the manuscript, acquired funding.
All authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to C.B. or E.G.J.D.

SCIENTIFIC DATA | (2022) 9:311 | https://doi.org/10.1038/s41597-022-01420-4 13


https://doi.org/10.1038/s41597-022-01420-4
https://doi.org/10.1093/nar/gkl200
https://doi.org/10.1093/nar/gkl200
https://doi.org/10.5281/ZENODO.6546146
https://doi.org/10.15454/E2VTRB/GAKY0C
https://doi.org/10.15454/E2VTRB/GAKY0C
https://doi.org/10.15454/E2VTRB/Y6L2OH
https://doi.org/10.15454/E2VTRB/Y6L2OH
https://doi.org/10.1038/nmeth.3176
https://doi.org/10.1038/nmeth.3176
https://doi.org/10.1093/bioinformatics/btz848
https://doi.org/10.3389/fevo.2020.00084
https://doi.org/10.7717/peerj.6594
https://doi.org/10.1101/gr.5969107
https://doi.org/10.1101/gr.5969107
https://doi.org/10.15454/E2VTRB/T1OHIX
https://doi.org/10.15454/E2VTRB/A1TUGT
https://doi.org/10.1111/j.1462-2920.2007.01512.x
https://doi.org/10.15454/E2VTRB/A2BOIB
https://doi.org/10.15454/E2VTRB/3XPVTN
https://doi.org/10.1038/s41467-018-04964-5
https://doi.org/10.1038/s41467-018-04964-5
https://doi.org/10.15454/E2VTRB/1TK3RE
https://doi.org/10.15454/E2VTRB/NO0Z7D
https://doi.org/10.15454/E2VTRB/TFJJKX
https://doi.org/10.15454/E2VTRB/54EDIJ
https://doi.org/10.15454/E2VTRB
https://doi.org/10.15454/E2VTRB
https://doi.org/10.1093/molbev/msk019
https://doi.org/10.1007/978-3-030-57246-4_9
https://doi.org/10.1093/molbev/msab199
https://doi.org/10.1016/j.pbi.2017.12.004
https://doi.org/10.1186/s40168-020-00808-x
https://ror.org/04xm1d337

www.nature.com/scientificdata/

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

SCIENTIFIC DATA|

(2022) 9:311 | https://doi.org/10.1038/s41597-022-01420-4 14


https://doi.org/10.1038/s41597-022-01420-4
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Improvement of eukaryotic protein predictions from soil metagenomes

	Background & Summary

	Methods

	Data collection. 
	Data curation and quality control. 
	Detection of contigs from eukaryotic organisms. 
	Eukaryotic gene prediction. 
	Confirmation of eukaryotic origins and improvement of the taxonomic information. 
	Identification of potential orphan eukaryotic proteins. 
	Reducing redundancy of soil eukaryotic proteins. 

	Data Records

	Technical Validation

	Comparison of protein prediction and taxonomic annotation quality to original JGI annotation. 
	Length distribution of protein. 
	Recovery of nearly universal single-copy eukaryotic genes. 
	Accuracy and diversity of taxonomic annotation. 

	Validation of taxonomic assignment and gene prediction strategy. 
	Taxonomic assignment methods. 
	Assessment of gene prediction strategy. 


	Usage Notes

	Acknowledgements

	Fig. 1 Our eukaryotic protein prediction pipeline from soil metagenomic contigs to a final dataset of taxonomically annotated proteins with contigs, proteins and metagenomes number at each step.
	Fig. 2 Phylogenetic tree of Augustus ab initio models showing the deeper taxonomic nodes used in the first step of the contig model selection.
	Fig. 3 Phylogenetic tree focused on Magnoliopsida clades displaying the Augustus model distribution supporting the assignment of ab initio gene model by dataset (blue = Plant-associated, orange = Terrestrial 1, green = Terrestrial 2).
	Fig. 4 Number of Augustus-predicted proteins and their taxonomic distribution per Augustus model kingdom by dataset (a) on all contigs (b) on eukaryotic contigs validated by Diamond (blue = Plant-associated, orange = Terrestrial 1, green = Terrestrial 2).
	Fig. 5 Krona representation of taxonomic assignment provided by the last common ancestor algorithm of DIAMOND for the 8 million eukaryotic proteins predicted by our homemade pipeline using Augustus (HTML file: available on Supplementary Data42), and the p
	Fig. 6 Distribution of protein lengths of Augustus prediction in blue versus Prodigal prediction in orange.
	Fig. 7 Complete and Fragmented BUSCO scores of the 1,093 metagenomes with single-copy universally conserved genes report a significantly better recovery of genes from eukaryotic microorganisms with Augustus than Prodigal (see text).
	Fig. 8 Annotated taxa of Arbuscular Mycorrhizal Fungal proteins with the last common ancestor algorithm of Diamond after protein prediction with Augustus.
	Table 1 Metrics to assess the contiguity of the 6,872 ‘Terrestrial’ and ‘Plant-associated’ metagenome-assembled genomes datasets from the IMG/M server of the JGI including the number of proteins predicted by Prodigal from IMG/M.
	Table 2 Taxonomic classification of Augustus predicted proteins in superkingdoms by the Last Common Ancestor algorithm of DIAMOND among each dataset.
	Table 3 Data record, information about files available on public repository DATA INRAE49.
	Table 4 BUSCO scores and FASTA files information for several gene prediction methods (1) Augustus with a mixture of model as in our paper, (2) Augustus with Fusarium model, (3) Augustus with Zebrafish model, (4) MetaEuk with NR database, (5) MetaEuk with 




