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Abstract

One of the main goals of metagenomic studies is to describe the taxonomic diversity of microbial communities. A crucial step in metage-
nomic analysis is metagenomic binning, which involves the (supervised) classification or (unsupervised) clustering of metagenomic
sequences. Various machine learning models have been applied to address this task. In this review, the contributions of artificial neural
networks (ANN) in the context of metagenomic binning are detailed, addressing both supervised, unsupervised, and semi-supervised
approaches. 34 ANN-based binning tools are systematically compared, detailing their architectures, input features, datasets, advantages,
disadvantages, and other relevant aspects. The findings reveal that deep learning approaches, such as convolutional neural networks
and autoencoders, achieve higher accuracy and scalability than traditional methods. Gaps in benchmarking practices are highlighted,
and future directions are proposed, including standardized datasets and optimization of architectures, for third-generation sequencing.
This review provides support to researchers in identifying trends and selecting suitable tools for the metagenomic binning problem.
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Introduction

Every microorganism possesses its own genome, which is the
complete sequence of DNA within its cells [1]. A metagenome
consists of genetic material extracted from the assemblage of
microorganisms present in a defined environment [2]. Metage-
nomics is the study of metagenomes of microbial communities,
which are largely uncultivable and largely unknown [3]. This has
enabled a deeper revelation and understanding of microbial diver-
sity in diverse environments, such as gut microbiomes, soils, water
bodies, and extreme habitats [4-8]. These insights have driven
significant advances in fields such as medicine, environmental
care and remediation, as well as ecology and agriculture [9-12].

Metagenomics research has expanded considerably in the past
two decades, due to the advent of high-throughput sequenc-
ing methods and the concurrent development of bioinformatic
algorithms, which made the fast and reproducible processing
of an unprecedented amount of data possible. According to the
Integrated Microbial Genomes with Microbiome Samples (IMG/M:
https://img.jgi.doe.gov/m/) system, there are currently over 46,000
available metagenomic datasets covering engineered (9%), host-
associated (18%) and environmental (73%) samples.

Shotgun metagenomic sequencing is the main strategy used
to obtain metagenomic data [13]. The resulting reads must be
curated to ensure quality and can be assembled into larger con-
tiguous sequences, called contigs, prior to biological interpreta-
tion [2, 14, 15]. Some of the most popular downstream analyses
are functional annotation (i.e. assigning functions to genome

elements by associating them to biological processes), taxonomic
profiling (i.e. reporting of the relative abundances of taxa within a
dataset without classifying individual reads), taxonomic binning
(i.e. classification of individual sequence reads to reference taxa),
and sequence binning (i.e. clustering of DNA sequences, such
as reads or contigs, into discrete groups based on their intrinsic
characteristics or their similarity to each other). Although the
term binning is used more often in the literature to refer to
contig clustering, it is not limited to this task. Binning is regarded
by several authors, by the Critical Assessment of Metagenome
Interpretation (CAMI) [16-18], and also herein, as ‘the group-
ing of data into clusters or classes’ (Fig. 1). In fact, early litera-
ture used the term ‘binning’ in metagenomics and ‘metagenomic
classification’ interchangeably [16], establishing the wide scope
of the term ‘binning’, assuming that the assignment of labels
that are shared between different sequences goes beyond the
identification of individual sequences in a dataset, allowing also
their categorization into subsets or ‘bins’ and the assessment of
the number of observations in each bin. As a consequence, the
area of metagenomic binning currently covers a wide range of
supervised, semi-supervised, and unsupervised methods, as will
be described in more detail in this manuscript.

Computational metagenomics [19-21] has enabled a deeper
understanding of microbial diversity, by allowing the automatic
execution of complex tasks, such as clustering and classification
of large amounts of sequencing data [4-8, 22]. Binning, particu-
larly, has played a pivotal role in recovering individual genome
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Figure 1. Two approaches for metagenomic binning are illustrated. The first approach directly classifies or clusters reads (bottom arrow). The second
approach involves the classification or clustering of contigs (top arrow). In both cases, the resulting bins correspond to clusters (unsupervised methods)

or predefined classes (supervised methods).

information from metagenomic data, revealing uncharacterized
microbial diversity and complex ecological relations involving
uncultured microorganisms [23], which otherwise would have
remained unknown [24, 25].

Several binning tools have been proposed and standardized
methods for metagenome-assembled genomes (MAGs) generation
and description were established [26]. Two crucial aspects in
binning are accuracy (ACC), as mis-binning can lead to erro-
neous biological and ecological inferences [27], and computa-
tional efficiency, especially in an era of terabase-scale metage-
nomics projects [28].

Binning can be performed post-assembly, taking contigs as
inputs, or through an assembly-free approach, using reads
as inputs [29] (Fig.1). Each approach can follow different
workflows. Taxonomy-dependent (supervised) binning uses
information from existing databases or labeled sequences to
train algorithms that classify new sequences, often based on
alignment methods or features like composition [16]. Taxonomy-
independent (unsupervised) binning clusters sequences based
on intrinsic information like composition and abundance [17].
Finally, semi-supervised binning combines the advantages of the
former methods, leveraging limited labeled data and larger sets
of unlabeled data [30].

In the classical literature, the premises, methodologies, advan-
tages, and limitations of binning tools were analyzed, focusing
on taxonomy-dependent methods ([16]). State-of-the-art reviews
(17, 31]) include taxonomy-independent binning and read clas-
sification and metagenomic assembly strategies. In addition, the
use of binning to reconstruct genomes from metagenomes was
reviewed ([32]), bringing attention to binners and bin-refinement
tools ([33]), including DAS Tool [34] and MetaWRAP [35].

Microbiome research raised challenges in data processing and
classification tasks. Artificial neural networks (ANNSs) appear as
powerful tools for improving ACC in classification tasks [36]. ANNs
are computational models inspired by biology and mathematics,
used to tackle various tasks in machine learning (ML) [37]. They
involve learning methods [38], as shown in Table 1, and down-
stream and upstream steps (Fig. 2).

The rapid development of binning tools makes it challenging
for researchers to keep up with the state-of-the art literature.

Table 1. Key features of learning methods

Methodology Key Features

Supervised learning Requires labeled data. High ACC. Regression
and classification tasks.

No labeled data needed. Useful for discovering
hidden structures in data. Clustering and
dimensionality reduction tasks.

Combines labeled and unlabeled data. Useful
when labeling is expensive or

time-consuming.

Unsupervised learning

Semi-supervised
learning

[Metagenomic data inputj
Data preprocessing

(Feature extraction: hand-crafted or convolutional descriptors]

¥
Neural networks:
supervised, unsupervised, and semi-supervised

Result evaluation

[Output: sequence classes or clusters}

Figure 2. Flowchart of the metagenomic binning process with Neural
Networks, from metagenomic data input to the output of sequence.

As the use of ANNs in metagenomic binning has rarely been
reviewed, we aimed to assess and analyze the contributions
of ANNs in this area. We performed a literature search on
Scopus, Web of Science and PubMed covering articles in English
published in journals between 2020 and 2023. Our search
covered the Scopus, Web of Science, and PubMed databases.
Only papers written in English and published in journals
from 2020 to 2023 were considered. The key terms used were
(binning OR classification OR clustering) AND (metagenoms) AND
(‘deep learning’ OR ‘neural networx’), where * stands for auto-
completion and quotation marks for searching the exact phrases
used. These terms were only searched in the title, abstract, and
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Figure 3. Number of Scopus papers related to ANNs and metagenomic binning in the past decade.

keyword sections of the articles. The number of documents
obtained in each database were: 110 in Scopus, 80 in WOS and
69 in PubMEd (total=259). These articles were exported to the
RefWorks tool where an information cross-check was made and
redundancy across databases was eliminated. As a result, 131
documents were obtained. To further filter these, the following
exclusion criteria were used: Metagenomics is not mentioned
in the main parts of the paper; The training or text data do
not correspond to shotgun data; The paper does not report
the binning (either classification or clustering) of metagenomic
sequences; The paper does not present binning tools or their
variants using neural networks or deep learning. As a result,
only 34 unique manuscripts remained, which are described in
sections 3, 4, and 5.

Our search revealed a trend of polynomial growth in the num-
ber of articles each year in all databases, reaching a peak in 2022
(Fig. 3), suggesting that this field of research is not only prolific
but also holds significant potential for future advancements.

Here, we present a systematic analysis of the available
resources (tools and databases) that have supported these
developments, and discuss their strengths and weaknesses, as
pointed out by their own developers. This manuscript is organized
as follows. Section 2 describes the basics of metagenomic binning
and the types of metagenomic binning. Sections 3, 4, and 5 present
the different ANNs used in supervised, unsupervised and semi-
supervised binning, respectively. Finally, in Section 6, a discussion
is provided.

Fundamentals of metagenomic binning
Supervised binning

Supervised binning is a method used for the detection, char-
acterization, taxonomic classification or abundance profiling of
microbial samples [39]. The advantage of this approach is that it
can help identify the composition and the relative abundance of
organisms in communities [40], detect pathogens [41], and classify
viruses [42].

Supervised binning requires the availability known reference
sequences and their corresponding taxonomic labels for training.
Algorithms based on alignment or on trained models use this
information to classify metagenomic sequences, so that diversity
profiling can be performed based on the results of the taxonomic
assignment [43]. The mapping step is often based on reads or

Table 2. Metrics for evaluation metagenomic binning. Here TP =
True Positive, TN = True Negative, FP = False Positive, and FN =
False Negative

Metric Mathematical definition
TP+TN

ACC TPHINFEPFEN

Precision i

Recall (Sensitivity) et

Fl-score 2 % PrecisionxRecall

Precision+Recall

k-mers alignment, using either nucleotide or amino acid database
searches [31]. Performance evaluation of classification tools
typically uses metrics such as ACC, Precision, Recall, and F1-score
(Table 2) and, to a lesser extent, time and memory space used [44].

An advantage of these approaches is that they can be and usu-
ally are used for read-level analysis, avoiding assembly-associated
biases, allowing the direct exploration and analysis of sequencing
data [39]. Also, these tools are well suited to small datasets, as they
are generally less time-consuming, and their ACC is usually high
[45]. Such strengths also present drawbacks, though. For instance,
the ACC of these tools depend on the complexity of the sample,
the length of the fragment produced by different sequencing
technologies, the methods and algorithms applied, and, in the
case of classification, on the amount of data used for training [46].
They are highly dependent on good quality labeled databases and
on the number of known species present.

Unsupervised binning

Unsupervised binning can explore the composition of metage-
nomic data without prior knowledge on the number of organisms
or their genetic or taxonomic information [47]. Therefore, this
approach is not limited by prior knowledge of species or by the
availability of labeled databases. It can capture microbial com-
munity information using intrinsic genomic features that serve
to find similarities and differences of fragments belonging to
different species [48].

In unsupervised binning, a first group of tools use sequence
composition patterns, such as GC content and k-mers frequency
[49-51] or their combinations, based on the rationale that
the frequency of occurrences of such features are maintained
locally in the genomes and are different among them. However,
composition-based tools can misclassify species with similar
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compositional features [52]. A second group of tools incorporates
abundance or coverage information [53, 54], and may also
misclassify species with similar abundance. Thirdly, hybrid tools
combine composition and coverage information [55-58], in order
to reduce misclassification. The latter are currently the most
frequently used approaches and have shown good performance
[18]. Additional features, such as the use of marker genes, codons,
assembly and alignment information, can be taken into account
to improve binning [32].

Unsupervised binning is used to produce MAGs. A MAG repre-
sents a putative microbial genome and is formed by one or more
sequences with similar characteristics derived from metagenomic
assembly. MAGs allow to study individual genomes in a culture-
independent way, and to understand their possible functions in
an ecosystem [32]. A workflow for MAG recovery can be found
in [59], together with a compilation of tools to tackle each step.
The power of these tools is reflected in the increasing numbers
of compendiums or catalogs of MAGs [60-63]. Generally, complete
workflows and classic tools, such as metagenomic assembly with
MEGAHIT [64] and quality control of MAGs with CheckM [65], are
used before and after binning, respectively.

Semi-supervised binning

Semi-supervised learning is a ML approach that combines the
two previous approaches [66]. It is used because usually at the
time of training there is a small amount of labelled data - either
because labelling is difficult or costly - and a large amount of
unlabelled data [67]. In the field of metagenomics, this can be a
very useful approach to understand the ‘microbial dark matter’
[30, 68]. The proportion of unknown microorganisms compared to
known microorganisms is often large, and known information is
useful in this type of learning. In fact, as mentioned in [69], the
number of reference (labelled) phage genomes is small and the
number of new (unlabelled) phage contigs derived from metage-
nomic studies increases rapidly.

Neural networks for supervised binning

In this section, 25 supervised binning tools are described that
employ ANNSs. Their initial categorization is based on the types of
DNA sequence they are designed to work with at the time of their
proposal: reads (Table 3), contigs (Table 4), or general sequences
(Table 5). The description of each tool includes the biological
context in which it is used, the type of ANN employed, the data
sources, the advantages and disadvantages, and other relevant
information. In addition, a brief explanation of a workflow used in
ANN-based binning tools (Fig. 4(a)) and the the main ANN-models
used by these tools is given (Fig. 4(b), (c), and (d)).

Supervised binning on reads

MultiLayer perceptrons (MLPs) are a class of fully connected and
feed-forward ANNs [115]. They consist of three types of node lay-
ers: an input layer, one or more hidden layers and an output layer
(Fig. 4(b)). Application of an MLP for the classification of reads
and the estimation of viral taxonomic distribution at the order
level is addressed in [70]. k-mers distributions, internucleotide
distances and DNA sequence motifs are tested as input features,
but settled on the combination of the first two for better perfor-
mance. 2332 viral genome sequences from the National Center
for Biotechnology Information (NCBI) database [71] were used
as training (70%), validation (15%), and test (15%) sets (available
at URL (https://github.com/klausjung-hannover/taxaEstimator)).
The algorithm was also tested on real sample of a harbour seal

[72]. The ANN achieves the highest ACC rates on the test data,
although it depends on the specific classification problem.

Convolutional neural networks (CNNs) are deep learning mod-
els [116] that consist of feature extraction and inference zones
(Fig. 4(c)). CHEER [73] was designed for taxonomic classification
of reads, utilizing hierarchically structured CNNs organized by
genus, family, and order. It is capable of tagging new species
in viral metagenomic data and is designed to handle the diffi-
cult cases of assigning taxonomic labels to species reads that
have not been observed before. The features used are the one-
hot encoding and the k-mers (words) frequency embedding. All
viruses used for training were obtained from the NCBI RefSeq
virus database (https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&i#
x2216;#/find-data/virus). For testing, a synthetic dataset was gen-
erated with the WgSim readout simulation tool [77], and for the
real data case, NCBI SRR1930021 and SRR10714026 were used. The
results show that CHEER competes favourably with state-of-the-
art tools.

A CNN architecture was applied in DL-TODA [78]. This tool
was trained on more than 3000 bacterial species. A total of 9,859
bacterial genomes were selected from the Genome Taxonomy
Database (GTDB), version 95, and the NCBI RefSeq database.
7405 and 2454 genomes were assigned for training and testing,
respectively. The features used from the reads were the 12-mers.
DL-TODA achieved an ACC of 97% at the species level, higher
than 0.93 for Kraken2 and 0.85 for Centrifuge on the same test
set. Compared to other tools, DL-TODA predicted different relative
abundance rankings and is less biased towards a single taxon.

SquiggleNet [82] was introduced for real-time classification of
reads generated with Nanopore technology. The input to Squig-
gleNet is the electrical signal generated by a nucleic acid as
it transits through a nanopore in Oxford Nanopore’s MinION
sequencer. These electrical signals are recorded as ‘squiggles’,
which are a one-dimensional time series of electrical current
values. The architecture consists of a 1D-CNN based on ResNet.
SquiggleNet uses 1D-ResNet style bottleneck blocks with increas-
ing numbers of filters and pooling averaging, followed by a fully
connected layer with softmax activation to classify the electrical
signals of the molecules. The SquiggleNet tool was evaluated on
a human respiratory metagenome dataset published in [117]. The
tool achieved an overall ACC of over 90%.

The long short-term memory (LSTM) are a type of recurrent
neural network that contain a memory cell that can maintain
information over long periods.[118]. Each LSTM unit contains
input, forget, and output gates that regulate the flow of infor-
mation (Fig. 4(d)). DeePaC [85] was presented as a tool that used
LSTMs and CNNs for pathogenic classification. It includes a flexi-
ble framework that allows easy evaluation of neural architectures
with inverse complement parameter exchange. CNNs and LSTM
are used separately and combined in different runs, demon-
strating good performance against alignment approaches. The
sequences in this case are one-hot encoding form. CNNs, LSTMs
and the combination of both outperforms the state-of-the-art
methods in simulated and real data, accurately predicting poten-
tial pathogens from isolated NGS reads.

DeepMicrobes [92] was presented as a deep learning-based
computational framework for the taxonomic classification. This
tool was trained on genomes reconstructed from gut microbiomes
and facilitates efficient investigation of uncharacterised func-
tions of metagenomic species. To train the CNN and LSTM net-
works used, two types of features are used, namely k-mers embed-
ding and one-hot encoding, were used. Better performance is
obtained with the former. 2505 representative genomes of human


https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus

5

Neural networks and binning

(panunuon)

‘[eaowa1 s9podieq pue sioydepe

se yons ‘Buissadoidaid pue UOHIBZI[EUWLIOU
Teusts 1odoid uo SIT[a1 SSOUSATIODID ‘SI
1ey ‘Burssadoidaid uo Aouspuads( ‘sauo
aantsod-wrern £[renadss ‘saads [eUe1oeq
ure}rsd SUIYSMSUNSIP Usym DDV PIITWI]
'95q OWAZRUBWINH 9} SE YoNs ‘S}aseiep
paouerequil A[Y31y Ut uotsald 1axeap

/

‘syeusts atodoueN oy sa1dads SUlAJIsse[d
ur adueULIOfIad SUons ‘spoylaw
paseq-1uswudife 0} pareduwod skefap
Surssadoxd [ewruru sey ‘(NVY Jo €3 $0€)
$201N0s31 [RUOREINAWOD M1} SaImbay
'S901n0sa1 A1owawt

JUedIJIUSIS pue sNdo srdnnw 89 Temod
reuoneindwod aAISUSIXD saunbay ‘speal
DSIJISSBID JO I9qUINU S} 9dNPaI UED
PploysaIy} uoiswap e jo uonedrdde ayy
pue ‘uoisioald mof pap[alA sa1dads UTeIIsD)
/ 'Spoyiauw paseq-yuswiudife
Burutojradino ‘payssy syuel

JTWOUOXE) ([ 18 DOV YSIH ‘Ttos puerdoid
pue A}1ABD [BIO UBWINY 23U} SE ydns
‘SJUSUIUOIIAUS 9SISATP WOIJ SSUWIOUSZe1awt
03 paridde usym souewiojrad 3uons

"sado1nosax Sunndwod Aaeay saxmbax
Surureny [9PoJN 'SUBI DTWOUOXE] 33}
1NOY3NOIY] SISEIIDIP DDV UOTIBILISSE[D
/ “e1ep drwouadelouw

Te1ta U1 saads mau Suraqer

103 POOD) I933SSNIIA 03 paredwiod usym
‘)sej pue s1o112 3uruanbas 03 1snqoy
HNOLIP UOLIEOHISSED

sayew saduanbas [ex1a Jo Aj1ousBoralay
J9PI0-12}UI [[BUWIS PUE I9pI0o-eIjul 931e]
9L, "SUOT}BITJISSE[ISTW JO I9qUINU 9318 V
/ "UOTIBWIN}SD UOTINQLIISIP

£Kouanbaij oturouoxe] a3 saoidwit

0} yoroidde UOTIDSII0D [SAOU B PIONPOIIU]
‘yoeoidde Sutddews e paurtojrading

(The8186XUS VHS

19DN) o[dwes swousdelawt A10jeridsar
uewny e ‘e1ep [eay (1¥£8186X S

WS I9DN) VN [BLI1DBq PUE UBWINY JO
Speal JO SUOI[[TUWI SUTBIUOD UYDIYM ‘19SEIED
OwAZgeToH (B1Ep 1593 pUE 3ururen} ay],
/ TeU10eg

‘pasn azem (T/1S66V I ‘ST6T00SMT
‘$02€00SHYT 'S68€00SMYT '289¥005H I
19DN) 110s pueidoid pue [18] £11a€D

[eI0 UBWINY 93} WOILj BIEp [y 'sa1dads
6£9 WO1J SOWOUSS $5 pasn Sunsay
pUe ‘sa19ads ¢T¢¢ WOIj SOUIoUa3 S0h/
pasn 3ururel], ‘paieiauasd arem (05z3d)
speal pus-paited YoM WOoIl] ‘9Seqelep
basjey 19DN pue (4a.1D) eseqeired
AwoUOXE], SUIOUSD 93} WO SSUIOUa3
91a1duIod pasn uonepies pue Jururely,
/ (unAyd o3 satads wolj) [eLISIOEG
‘9¢OVTL0TIES

PUe T200c61dYS I9DN 9S€d BIED

[ea1 9y} 104 “[//] WIS3M YIm paleIauald
19SEB}BD DUBYIUAS B BIED IS3L "(SNIIA
/€1BP-DUL/# 9TCTX#R/1SSA/STUIIA/SOE]
/A03 YTU WU IqoUmmm//:sd11y)aseqerep
sniia bagiay 1gON U3} WO SaUIouad
snua Jo (dq 05z) spear ejep 3ururel],

/ (snuad 01 19pI10 WOIJ) eI\

‘[z/] 1e®S 1n0QIEH :9SED (B3l

uo uonepieA ‘[1/] aseqeiep [gON Woij
saouanbas swouas [e1a zggz Jo (dq 0ST)
Speal (BIBp 1S3 PUB ‘UOTIEPI[EA ‘SUIUIRL],
/ ([2A3] 19p10) [BIIA

‘1003 3utddews € ‘[$3]

AITIVONN PUE POYISW Paseq-yuswiudife
ue ‘[¢g] zdewrtuyN+Addno

/%06 PUNoIe os[e

sem DOMMNV YL ‘(39serep owhzgeToH
10) %06 Aorewxoidde jo uoisoaid pue
‘%406 PUNOIR YNL PUB ¥d.L ‘%06 JO DDV

"B1BD [B3I pUE 1$3] UT ‘[08] 93NnjLIIusD
‘poyiew paseq-juswudife opnasd pue
‘[6/] zuaseIy ‘POYIDW PISEQ-IUSWUSI[Y

/ S| [T

Je 1218313 10 %/6 SeM DDV 19s Sunsal sy}
Ul paAIasqo 21am ‘(A[aanoadsal ‘08 pue
%4,86) 9102s-TJ pue ‘(A[oAndadsa1 ‘%49, pue
%¢6) 118231 ‘(A[oA11Dadsa1 ‘% 16 PUE %86)
uo1said 10J s93BI9AR 010U PUE OIDIA

‘[9/] 19¥93SSTLIA POYISW PISB]-IUSWUSIE

pue ‘[s/] Dgorwousdelsw

Po1[B2 I91JISSE[D PISEq-NNO

‘[%/] 1epouw (DGN) 1o11SSE[> Sakeq anleN
/ SnIAB[0qT

10 12A®R] UOTID3(21 9] UT %9/°66

JO DOYNV ‘[9A3] 19PI0 1B %96 10 DDV

‘NAS PUB VAT
/"(%0'1¥) DDV pue

‘(%S ¥6)(AdN) Sn[BA SABDIPaId 2ATIBSAN
(%9°€S) (Add) anTBA 2ATIOIPI] SATISOd
(%9'96) MNLL (%9°9S) ¥d.L ‘B1BP 1891 UO

sTeusIs edLo9[]
/ NND

SI9W-y
/ NND

"JOY-9U0 PUE SI9UI-3
/ NND

'S9DUB)SIP
9P1I03[ONU-ISIU] PUE SISUI-Y
/ dTN

1oN2133mbs/qe|
-UoTem/wod qnuis//:isdiy
(28] 19N2183inbs

epo}-[p/qelSueyz
/wod qnais//:sdiny
[s/] vaol-1a

YIFHD/SurySUIUUSY
/a0 qnu3is//:sdny
(/] 93THD

10}BUWITISTEXE)
/I2Aouuey -3un(snery
Jwod qnud//:sdiny
[0/] 101ewIMsgexXE],

sadejueapesig/sadejueapy

S19SBIR(]/1XdJU0D

0] paredwon/(%) dISN

a1njesj/[spowt NNV

TIN/3UWeU [00],

S2IN3eaJ UlBW 119U} pue ‘Speal jo 3uruulq pastatadns oy} Ul SYI0MIDU [eINdU SN JBY} SO0} JO ATBWWINS "€ d[qEL


https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/klausjung-hannover/taxaEstimator
https://github.com/KennthShang/CHEER
https://github.com/KennthShang/CHEER
https://github.com/KennthShang/CHEER
https://github.com/KennthShang/CHEER
https://github.com/KennthShang/CHEER
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://www.ncbi.nlm.nih.gov/labs/virus/vssi/&#x2216;#/find-data/virus
https://github.com/zhanglab/dl-toda
https://github.com/zhanglab/dl-toda
https://github.com/zhanglab/dl-toda
https://github.com/zhanglab/dl-toda
https://github.com/zhanglab/dl-toda
https://github.com/zhanglab/dl-toda
https://github.com/welch-lab/SquiggleNet
https://github.com/welch-lab/SquiggleNet
https://github.com/welch-lab/SquiggleNet
https://github.com/welch-lab/SquiggleNet
https://github.com/welch-lab/SquiggleNet
https://github.com/welch-lab/SquiggleNet

Herazo-Alvarez et al.

6

(panunuo))

‘SYUBL
JTwIoUOXe)} 19MO] Je Aprenonied ‘sajdures
Sururen paywit] £q pa3oa)JV "Pa1JISSEIISTUL
2q AW SI9PIO 2IBI WIOI] SPEaI

219U ‘€1ep PIdUB[EQUI UO SUOTIEHWIIT

/ 'sfopowt durures] paseq-ydeid

pUE S3139)B11S Paseq-1uswudi[e
Suruiquuod ‘sasnuia YN JuS812A1p pue
Mau SUTIAJISSBID 10 [NJIS[) "SISNITA UMOU]
Uiim AJUIB[TUIIS MOT 2ABY SSNIIA YNY
£190b 93 a19yM SOLIBUSDS UT UOISIaId
pUE [[BD21 Usamiaq adueleq louadng

‘uonednuap! 93eyd Ul DDV I9MO[
A1yS1s smoys 1 ‘uonesynuapt adeyd
PpaiTwr] 'sasealdur seousnbas yndur sy}
Jo 13US[ 2} SB SISEIIDIP SOUBWLIONIS]
/ 'S9IPN3S DIWOUSZLISUT [BIS-33I.]

103 3u1ssa001d JUSTOTJJT "SIUSTIUOIIAUD
JUSIJJIPp WIOL) s20Uanbas [e11a SulkJruspt
ur ssauisnqol pue dq Q00T UBY) I91I0US
saduanbas [erta 3uiziudodal Ul poon

"}as Sururen ayj pue

SOUIOUD3 Pa}sa) U3 Usamlaq AJLIBIWIIS
a3 £q pa10ayje st ‘[redar sy} Arernonied
‘souewtojrad oy, ‘Sururer}al saimbai
saads mau Sutppe pue ‘3unsa) pue
ururer} 10 sNdO UO SII[31 31 ‘SUIpUBWSP
201n0osax [euonenduwiod pue AI0WSN

/ "BX®} [1qOIDTW

JO S9DUEBPUNQE dAT}R]SI 9} SUNBWINISD
10] 9[qeIaI pue SOVN [2A0U SuLio[dxa 10]
POOD "SINIUNWIUIOD [BIGOITUT X3[dUI0d Ut
UOT}BDIJISSE[D Satads pue snuad touadng

"SOLIBURDS
[euoloej-nnwt xadurod ut £Aydrusdoyyed
SuTULI}Sp 03 A3T[Iqe PAITWIT "BIBp 1593 pue
uonepifes usamlaq ded DOy ue smoys

/ ‘soduanbas onayIuAs pue ‘pazrudodaiun
‘7oaou 3urpnout ‘sadusnbas YN jo sadAy
JUSISJJIp 10§ Pasn 2q UueD A[SnNosuBI[NWIS
VNQ JO SpueIls yjoq ISpisuod

0} SMO[[E SYIoMIDU JUSWS[dUI0D-3SI9AY

"pasn sem (9%Z9TT6MAS

VY¥S) [9DN W01} B}ep dJTWOoUa3e}aul [eal
V '6/2581294d VS I9DN Pue [/01] woly
PoloeIlXo 19Selep UMEOmemumE SuLIewL
[BIIA PR1R[NWIS B UO Pa1Sa] SBM 1] 'S[2pOWL
AONIBN USpPIY a1yoid yitm paudife

3 p[nod 1ey} sdypy-19DN [[e pue [90T]
wiejd UO paseq sem 3Ursa) 10j UOIB[NWIIS
sousnbag “ururen I0j (Mg sem
dypy-19DON Pa[[BD 9SBqeIEp 90UIdJal

/ TBIIA

(€0zzS0vdS

{UOISS900Y) VIS DN ULIO] 9WOUS3eISN
o uewny pue (edonried/310
98useyd-TuIed B1Ep//:sd1iy Ul) 19sereq
SULIEIN S3US[[eYD [NVD PUT ‘BIEP 352}
183y "[¢0T] ISPULILIA UI pash Se ‘Sawouad
1soy dnohreyord pue (TY1LIA JO qNHID
UO PUNOJ 9q UBD SIaqUINU UOISS300E [gDN)
sawouad bagyay sniiA 19DN 0 (dq 00S)
Speal JO SUOI[IW (B1ep 1S3 Puk Sururel],
/ TBIIA

"(€5/8YEVNIId) 19DN

pue (/122104493 ‘$2950Tdd3 ‘81H80Tdd
VNI) AIYD1Y 9pnosnN ueadoing

913 WOIJ PauleIqo aIam B}ep JIewyousg
"[86] swoiqorot 1N UBWINY JO
S9UIOUD3 2ATIBIUSS21daI G057 UO paurel],
/ (snuad

pUE sa109ds) UOT}BDJISSB]D DTUIOUOXE],

‘[88] @21n0s a1y} UT pasn elep JY3 ‘}aserep
SDBJOEY ‘PUB {[16] WO} paide1Ixa Apnis
ased ejep [edy '610¢ Arenue( ut aseqeiep
N/DOINI U3 SUISsadde-a1 ‘elep 1No-pioy
rezodway, {[06] 201n0s 01 1919y ‘8TOT

[udy [Run [oAs]-sa10ads pue [9AS[-peal 18
‘9seqeIep W/DNI Wolj pus-paired ay3 pue
pus-213uls 9y} Y3oq speal ‘eyep SUIUIel],

/ suadoyied

‘[96]

n(tey] :poyIaWl Paseq-}usauudi[e-opnasd
"[6/] zuesery pue ‘[S0T] zsbasN ‘[%0T]
ANOWVIQ :Spoylaul paseq-1uswusi|y

/ (19serep pAne[UISs) %1 68

PUNOIE 3102S-J PUB %6 H8 PUNOIR [[ROSY
‘(19se1RD [B31) %1 C6 PUNOIE UOISIDAI]

le/1933HD

pue ‘[101] BIeN-¥dd ‘[001] 1epuritiadeag
'SPOY3IaW PISEq-[9POW 1. S[00} [[V

/ 'S19SEIRD [[B 10}

uondwnsuod auwin poos ‘(39SeIep VD
aU1) %5968 JO 2100S-TJ PUE ‘%/5 68 JO
uotsa1d ‘%0306 JO 118931 ‘%0€ 06 JO DOV
[£6] NVDIN-LSVTd

pue NVOIN-ANOWVIA ‘[96] niext

‘[s6] S21avID ‘[¥6] VD ‘[08] 98nynus)
‘(6] uazeLy [spoylow yuswude-opnasd
10 Paseq-jUsWUSI[e a1k [V

/ "uonyedynuenb

SNuUs3 uo 19119q pauLiojrad UOT}BWITISD
S0oUEBpUNGE 10J 9DUBISIP 77T oYL (S1oseiep
JDOW UO [9A3]-SNUSS 1B) %0% 68 JO
a3eI9AE 9181 UOT}BDIJISSE]D “(39SBIED SOVIN
DPOAUISP-INS Y3 UO [9A[-PBN) %8 Th

JO [[€291 PUB %S URYY 19YSIY UOISIDAI]
‘[68] pue ‘[88] SDBJORY

(/8] Degided spoylawl paseq-[3poN
"poyiaul paseq-juswiudife ue ‘(98] 1Sv1d
/*(e1ep pea1 pus-paired)

686°0 JO DMANV PUE 8%6°0 JO DOUNY
{(1ose3Rp SDRIDRY) %¥8 JO DDV PIdUR[Rd
‘(1ose1ep SDBJORY) £6°0 JO UNLL ‘(R1BD
TeaI) ¥86°0 JO 4d.L ‘(e3ep pea1 pus-paired
[erodwis) pue [ea1) %007 JO Add ‘(e1ep
pea1 pus-paired [erodursl) %z 66 JO DOV

uigdypy/sueL1ieqny

10U-auQ /Jwod qnu3id//isdiny

/ ND9D + NND [cot] uradypy
TM11Id/181uthzeId

SI9WI-3 /w0 qnuais//:sdny

/LS + NND + NDD [e6] T1LIA

s9q010TNde9(/qeTaqOIDIN

sadejueapesiq/sadelueapy

s)9sele/1xajuod

0} paredwion/(%) dSIAN

SIaUI-y /wod qnyuid//sdiny

/NIST+ NND [z6] saqororndeag
DeJa3(]/SONBULIOJUIONq

10U-auQ “r1/wod qenid//isdiy

/WIST+ NND [s8] oedeaa
aInjeaj/[epow NNV TYN/oWelU [00],

panunuon ‘¢ 3[qelL


https://gitlab.com/rki_bioinformatics/DeePaC
https://gitlab.com/rki_bioinformatics/DeePaC
https://gitlab.com/rki_bioinformatics/DeePaC
https://gitlab.com/rki_bioinformatics/DeePaC
https://gitlab.com/rki_bioinformatics/DeePaC
https://gitlab.com/rki_bioinformatics/DeePaC
https://github.com/MicrobeLab/DeepMicrobes
https://github.com/MicrobeLab/DeepMicrobes
https://github.com/MicrobeLab/DeepMicrobes
https://github.com/MicrobeLab/DeepMicrobes
https://github.com/MicrobeLab/DeepMicrobes
https://github.com/crazyinter/DETIRE
https://github.com/crazyinter/DETIRE
https://github.com/crazyinter/DETIRE
https://github.com/crazyinter/DETIRE
https://github.com/crazyinter/DETIRE
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://github.com/HubertTang/RdRpBin
https://github.com/HubertTang/RdRpBin
https://github.com/HubertTang/RdRpBin
https://github.com/HubertTang/RdRpBin
https://github.com/HubertTang/RdRpBin

7

Neural networks and binning

"QWOUsd UeWINy

33 Ul $290UaNbas [e11A0I}a1 JO 90UsaId
a1 03 anp Aprenonaed ‘seduanbas uewny
pUE [BIIA Us2M13q UYSINSUnSIp 03 A Nd1JIa
"BIED 313 JO 19sqns e 03 Aiqedrdde

ST 10LISa1 PINOD YDy ‘saduanbas Surpod
UTUIM 1€ JBY] SPeal (M s1om A[uQ

/ -oouanbas e jo swelj Surpeal

1031100 3} SUTUTULISISP UT SSaUISNGOI
Sunensuouwsp ‘UOTIBIIJISSBID SUIR]

Ul %86 JO DDV UE DIASIYDE ][ '9SeqElReD
90UaI9ja1 B 03 uosuedwod AQ PaIJISSE[D 3q
10U UED 1By} S90UaNbas Jo UonedIjIssed
OTWOUOXE)} 33 UondIpaid 10] poon
‘S9WIOUS3

9ouaI3Ja1 JO AJT[IqE[TBAR PROUE[BQUN

a3 £q Pa103]Je ST 9DUBUIIOJID] "SISTLIIA SE
PSIJISSBIISIUL 319/ 2DISIN43D SAAUL0IDYDIDS
pUE Suvdiqp bpIpuv) 1] S9}0AIEYNS

[[ews woij speai Jo adejusdiad a[qeiou v
/ 'sa1el [[eda1 12y31y

PaMOUS 11 ‘SPOYISW PISEq-}Uswudife

0] paredwiod USY A 'SaSED 159}

DSIB[NWIS [[B 10] SPOY3IDUL 931-}UsWUSI[e
11B-93-JO-93€)}S pauLiojradino 3
'SOUIOUSS 90US19J21 INOYILM PIUTET} USUM
uaA3 ‘sad£igns snita [paou 0} Afiqerdepy

‘uondunsuod

KrowawI 9SBaIDUI INg ‘SHNSA1

19119q PIRIA A[[BISUSS S9ZIS IoWi-3 1931.]
'SPOY3IaW PaSEq-}USWIUSI[e [BUOTIIPEI}

0} paredwiod UOND9319p sa10ads Juasqe 10§
soueuwiorad paonpal pue uoiswaid 19mo]
Z saqoxdyNdasg saoedino 3

(eveeTOSNYT Al VHS) swousdersuwt
$909) SULMS PUE (6£T8ST /IS ‘Al VYS)
Apnis dTous3eIDW ULYS UBWINY (B1ED

183y “(8%290¢¥/p10231/310 0pousz//:sdiiy
1e 3[qe[teAe) bagjay wol} saouanbas
9WOUS3 UBWINY PUE ‘[BLI31OB] ‘TellA
P3103[9s A[WOPUEI ‘UOTIEDIJISSED SWELJ
105 "(0¥290£¥/p10221/310 0pousz//:sdiny
1k 3[qe[leAY) S90UaNbas (UeIRUIUIRW)
uewINy pue ‘TellA ‘[BLI9}ORQ 0] PaleInd
A[renuew ‘aseqe)ep 101d-SSIMS,/g101JTun
‘UOTIBDIJISSE[D DTUIOUOXE]

104 elep SurureI} pue ‘UOTIEPI[BA 1S3,

/ (19A3] urewiop) susdoyied

(6STPTZCIAS PUB ‘Z8OVLLTIYYS

R IASARAAR I A CARAAR IRV RARAAR R
‘Z9TETZCTHYS) VS 1dDN woyy sajdures
SWIOITA [RUISBA XIS B1BD [B3Y (/F618924 T
PUB ‘6¥861¥0T WS 'S6CE0VYINYS

‘058696, 9S '6//696/44S) VS I4DN
w1} s}aselep [eruswLadx A[oanoadsal
‘S9STUIA VN PUB VN d0ATEYNS

10] SOUWIOUa3 €€/ ¢ PUB €67 WOLJ
paje[nuils atam (speat pus-paited dq 152
pue dq TST) BIep UOLEPI[eA UE SUlUrel],
/ TeTIA

(68086EVN(¥d) VNI W01 BIED
priom-1esy (£S/8¥EVN() BIBD 30Us1a)al
woj Judsqe sa10ads pue (Tzz10d¥d

PUE $7950Td¥d) B1Ep AIUNnuwod Jo0N
{(8TH80TJYT) BILD JIBWUDUSQ N3 UBWINH
(VN3H) 2A1y21v spnospny uesdoing

SU, WIOI] ‘B}Bp UOTIEN[RAT ‘/SaSA[eUE
~s3uIn/soruousge}all/saseqeiep
/qnd/snoe1ga-diy//:diiy sousisgal Ind
uewINy oY} wolj sa10ads g5 pue satads
OTWOUSZL}ISW PILJISSBIOUN ¢S6T WOL)
speal 0STId (Blep UOTIEPI[EA DUE SUTUTEL],
/ (snuad

pue sa10ads) UOT}EDIJISSED JTUIOUOXE],

‘[$11] ueossusnei pue

[ETT] dDN-NND :SPOU1aW Paseq-13pon
/“(Iopow UoTIBDIJISSEID JIWOUOXE])

16°0 JO UOTSIDAI] 'SUOTIBITJISSE[ISTW M3]
PUB %86 JO DDV Ue Y3 [[om pauttojiad
[9POUI UOTJBDIJISSBID SUTRI 33 1B}
P3[EaARI XLIFEWI JO1IS PUB SAIND DOY YL

‘[oot] 1epunpaiadeaq

‘[€£] 43FHD :spoyIaw paseq-1opoN

‘[6/] zuexery pue ‘[111] cuvIUdEIDN

[0TT] 19110S11A :SPOYIDW PaSEQ-}USUWUBIY
/(66°0) D¥ANYV (86°0) DOMNYV ‘(6656°0)
11893y "596°0 JO UOISIDaI] “(UOTIEDYISSE[D
[9AS]-UTBWIOP) Z96°0 JO 9100S-TJ
‘(uonepT[eA [9A9]-PEAI) 10§ 88°0 JO DDIN

‘[z6] seqoidyNdea (poyiouwt

paseq-[9poiN “[08] @8njLauRD poyrew
paseqg-1uswudife opnasd ‘[¥6] V1D pue
[6/] guaseIy :SPOYISW Paseq-USWUSY
/'U9T-6 UIYIIM U} swn Suturel], ‘(3oseyep
MO-yIeWYDUSY) %¥ 06 JO [[B22Y "(1seiep
SDON-SIBWYDUSY) %Z 86 JO UOTISIDaI]

speal
a3 Aq papoous suIl01d
/ 1434

SI9WI-Y
/1434

SI9UI-y
/ I9ULIOJSUBI],

NN-SON
-UOT}BOTJISSE[DITUIOUOXE],
/M\IH

-[NGD/Wod qnais//isdiy
[cTT] NN-SDN
-UONEDIJISSE[DOIWOUOXE],

I4IA
/IGUNQ/Wod qnuiid//:sdiny
[601] adIA

LTYYCry8S/10P1sa1e]
/23peq/310'0pousz//:sdiiy
[801] 1owI0jSUBLLEIDIN

sadejueapesiq/sadelueapy

S}9SBIE(/1X3)U0D

0] paredwon/(%) onaN

aI1njedj/[spow NNV

TIN/3Weu [00],

panunuoD ‘g AqelL


https://zenodo.org/badge/latestdoi/584424427
https://zenodo.org/badge/latestdoi/584424427
https://zenodo.org/badge/latestdoi/584424427
https://zenodo.org/badge/latestdoi/584424427
https://zenodo.org/badge/latestdoi/584424427
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
http://ftp.ebi.ac.uk/pub/databases/metagenomics/umgs_analyses/
https://github.com/DMnBI/ViBE
https://github.com/DMnBI/ViBE
https://github.com/DMnBI/ViBE
https://github.com/DMnBI/ViBE
https://github.com/DMnBI/ViBE
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://github.com/CBMI-HTW/TaxonomicClassification-NGS-NN
https://zenodo.org/record/4306240
https://zenodo.org/record/4306240
https://zenodo.org/record/4306240
https://zenodo.org/record/4306240
https://zenodo.org/record/4306248
https://zenodo.org/record/4306248
https://zenodo.org/record/4306248
https://zenodo.org/record/4306248

Herazo-Alvarez et al.

8

(panunuon)

'pasSeaIdap a1am sadhy

[BI1A JUBPUNQE 1SOW OM] 33 10 SDOINY
9} ‘}9sejep padie[ua 9y} SUISN PIUIEI) SeM
[9powI 9} Uaym ‘st Jey} ‘uonejuasaidal Y3y
3 sdnoisd [erta 0} AJIATIISUSS "UOT}BUTUIEIUOD
onj0AIBY NS Urejuod sajdures Jtuoua3elaul
U3 UOTIBDIJTIUSPISIW 10§ [BIIUIOL

/' parussaidaiiapun

are 1ey} sdnoid eiia 10 DOV uonorpard

oy} pasoxdur ‘sdnois [eiia psjuasaidaitapun
Amuapr 01 Lqy Aj2a00959

(ress00dud

I2qWINU UOISSI00E YNT) BUIOUIDIED [B}DI0[0D
m sjuanped wolj sajdures Jrwouadelaul
13 uewny :ejep [eay ‘de[IsA0 PIOAR

03 s39s a1eredas ojul 31[ds a1am pUE AISA0DSIP
JO 23BP 23} UO paseq pajda[as a1am SaWOUS3
oy, 'saseyd }sa3 pue ‘uonepIfea ‘Jururen

93 UI 9sN 10J (95M010/2WO0U3/A03 YTU
wugoummm//:sdiy) aseqerep bagiay 19ON
9} WOIJ PaUILIqO dI2M SISTUIA dDToATEN01d

'[00} paseq-[epowt

© STUDIUA ‘[/ZT] IopULIIA
/'9626°0 30 3utaq

‘dq 00g uey} 1938313 Y33us] Jo
S81U0D 10] ‘DAY '86°0 JO an[eA

Ispurgnpdasg/uaiaissal

(dq 005 pue pog se yons) s3U0D [BIIA HI0YS JO SaWOUa3 9DUBIRJa1 HTET JO [BI01 V uesaw e Y ‘sadusnbas dq-000¢ j04 3UQ /Jwod qnyu3id//isdiny
S[puey 03 £}I[Iqe PUEB SSaUISNGOI SMOYS 3] JTeIIA 10J PAAISSQO 1M SINTBA DOINV /NND [oo1] 19pUTINIAdBRQ
(COV898MIA ‘££992/THMNA ¥/ S9T/THIT ‘WS
19DN) 19sele( SueadQ BIEL, Pue [971] anual
‘saouanbas refjauesio se waty) Sutudisse puwisubydajqopnasd Jo awousgeIawl (eyep 1S9}
‘(syuswiBery yNQ puserd 1esppnu) sLdNN ey 1eseiep Suturen a2y ul Jussaid Jou a1am
pue (syuswidesj YN [eLIPUOYD03TUL JB3[ONU) yoIym ‘(edeYDIY 6/ PUB BLISIOEY 90€ ‘eAreni
SLINNN Ajissepostw Lewt 3] 'syadus| 2ousnbas G9T) 911 JO SUIBWIOP 9313 93} WOIJ SOUIOUSZ ‘[003 paseq-[epowt & ‘[5z 1] doysng
19}10US UM SISBIIDSP DDV UOIIBIYISSE[D S, 056 JO SISISUOD }9sBIEP 1S3, "(saousnbas /'SeWOUSE [ELIPUOYD0ITUL
/'syoselep orwousdelaw ul (sowouad rerpnserd 6/6T) sowoua3d [BarYDIY pUE ‘(seousnbas 10§ %9886 pue rerpnserd
puE [BLIPUOYD03TW) sadusnbas 1ejjauedio 0981) sawouad [eLa10eq ‘(seousnbas 10J %09°66 SeM DDV "(19SEIBD
S1JISSB[D A[31091100 183 [00} [qB[IBAE A[UO 18¢'p) sowoua3d onoAreyny :seousnbas 1591) SOWOUD3 DNOATENND BIEn/MN
9Y[, ‘S19SEe}BD 9[BIS-931e] 10] JUSIIID ATYSIY dTWIOUa3 0ZZ'8 JO SISISUOD 19sejep Suturel], IBS[ONU 10] %EQ'86 PUB SOUIOUSS SI9UI-} -aqr/wod qnuid//:sdiy
11 SU{RW ‘UOTINDAXS [a7[ered SUIsn usym /IB3[ONU DTIOATENS JO UOTIEDIJISSED onokresoid 103 %£6'86 JO DOV /NND [pe1] exerL
‘SWISTUBSIO (B 10§ S1I, Mmau 101paid 03 9[qe
10U Sem ] "UOISN[OUT 3duanbas pue AISISATp JO
SULIS) Ul SUOT}BIIWI] 908 (1S Aewu 1 ‘pajepdn
Azen3al st oseqeiep gad.1oed 3Ul UM leet] esoig
/'spoyiaut (TTOTTSVN(dd 19DN) ‘poy1SUW Paseq-1UsSWUSI[e uy
TEUOTITPEI] I19A0 PAISPISUOD 3G, PINOD ‘UoTsDaId SWOIOIdTW SUISTPIXO-WNIUOUIWE DIGOISEU. /'suadsaion] |
US1Y y3im [003 A[pUSLIJ-ISSN B SY "UOT}BJOUUE ue :eyep unsal, ‘1Io1Paid/ZJNSPUL/W0od qnyis SPUOWOPNasd Ul PIYDEaI ‘%69°'86
paseq-1serg 01 paredwod usym Arowau //:sd11Y 1B S[qR[IRAR ‘SAT[TUIER] 1], JO sadA] 66 UT sem DDV *(Arunwod [e1qoIoTu S1] Umouy 1101paid/zjnspul
mo[ sa1mbai 31 pue 4sej st 3 ‘s, Surpiedax PaINQLISIP SIL 196 1T ‘dd4.LoBd B}ep 3ururel], UOT}EPIXO WINIUOUWIWE JIGOISBUY) 03 Ayureqiwuts sousnbag Jwod qnud//:sdiny
98papmou snotasid ou Y3im pasn 3q Ued 3] /ur301d s1L 76/ :S4L JO Jaquunu ayL, JdTN [zz1] d1P1pa1d
sadejueapesiq/sadejueapy S}9sBIRJ/1X91U0D 01 paredwoD /(%) dtAN 21njeaj/[Ppow NNV TdN/dWeu [00],

S2IN3eaJ UleW 119U} pue ‘s313U0d Jo SUTUUIq PasIAIadns 9y} UT SI0MISU [BINSU 9SN 1By} S[00] JO ATeWWNS ¥ 3[qEL


https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/mdsufz/PredicTF
https://github.com/ibe-uw/tiara
https://github.com/ibe-uw/tiara
https://github.com/ibe-uw/tiara
https://github.com/ibe-uw/tiara
https://github.com/ibe-uw/tiara
https://github.com/ibe-uw/tiara
https://github.com/jessieren/DeepVirFinder
https://github.com/jessieren/DeepVirFinder
https://github.com/jessieren/DeepVirFinder
https://github.com/jessieren/DeepVirFinder
https://github.com/jessieren/DeepVirFinder
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse
https://www.ncbi.nlm.nih.gov/genome/browse

9

Neural networks and binning

ERlii-lésstelsElel

S109]Je SUIyD1BW UI30Id UT JJOIND dNTBA-T 3}
219y ‘UOISIRId pUE [[BDSI U99MISq JJO-SPBIL
‘SPUBWISP 92IN0saI [euoneindwod YSH
/'s1s0y

1193 pue sa3eyd usam}aq SSTILIB[IUIIS [8D0] JO

‘[7e1] €A IA/DONI WIOI] PIIDBIIXD SSIUOD
[eI1A SB [[2 SB (1066T9I[1d 193(01d01q)

VN7 913 wolj elep Sunusnbas Aunuuod
DO SOPN[OUL (B}EP [BY "SSWOUST
a8eydouioeq $8zz 3urpnioul ‘13s 1591 Ay}

Se pash a1am 8T(0g I9qUIda( I93J. BIBp 1S3L,
"8T0¢ I9qUIad9(J 910J9q pasea[al (/basjai/aod

[rot]

BlOW-Ydd PUe [/ZT] 19PUIIIIA
‘[oot] 2opungaadeaq ‘[ecT]
193935 :SpOYIaWl paseq-guIuIes]
Inoj pue [OTT] LOHOSIIA
{pOYIaW PIseq-}UaWUBIY

/'9°0 punore

ST 183} 2100S-T ] UE PIASIYDE
I9NEYJ ‘}9SeIep druousdelat
ool 8y} UQ '§8°0 punoie

93ua[reyd a3 SuIssalppe ‘e}ep dTwousdelaw YU gou mmm//:sdny) aseqejep bagiey SI [[D31 9} ‘19SBIBD €A MA/OINI suonisod sursjoid a3y ISNEYJ/SueySyIuUSY
[Bal 01 UOT}BZI[BISULS 191199 "SSTIUOD 1I0YS I9DN 9y} wo1j sawouad adeydouaidoeq 971z 3U3 UQ ‘8’0 punoie st uotsmaid + uontsoduod u301d /wodqnyaid//isdiny
UO SI9Y30 Uey} sdUBWLIO}Iad 3SNqoI S10 JTeIIA a3 195 3593 813U0D 110YS Y} UQ /ISWIOJSUBI], [ze1] 19EYd
DYHONZY
SH/0E8/PIAD-VDAMATA ON0ZAT/SISP[0]
/aALIp/ 0D 918008 2aLIp,//:sd11 Y S[qe[ieae
a1e pasn ejep oy [V ‘spruuserd jo sauiouad
818 pue sawouad [eiia dnokrexoid 5671
‘pajiway] ST syaseiep prwiserd JO PIISISUOD 39sqNS PIIY} SY L, "PIIONIISUOD ‘(1aded sty ut pasodoid)
pue [e1a Uo DOy uondipaid ur yusweaoidur Sem ISULIO) 3U} UOTYM 3w 2inpadoid sures TI-XBeW pue [1¢1] poyrouwt oney
9y, "901nosai [euoneiyndwod Y3y a3 Sursn pajeIauad sem YdTUM ‘STOZISAL POOYI[33IT :SPOY3ISUW Paseq-[SpOAl
//3U81U0d DO 03 3snqox A[YSIH pue ‘[T€1] Ul peIonIIsuod sem YdIYM ‘9T0ZISAL /'s19s€e3Rp
'S}9sBIEp PIISa) [[B SSOIDE DDV uondrpaid :s90UaNbas [eLI8}0eq JO PIISISUOD S39SqNS I1e sso1oe dq 000T 3SBa] 3€ JO AOO-YTN/2SNIEqUIX
19yB1y A[qesIeuIal seasIyde pue sisyowered oM} WI01J S31IU0D BJBP 1S9} pUER SUTUIe]], s311U0D 10J 6°Q 2A0QE A[JUSISISUOD 104-auQ /w02 qnuaid//isdiny
[9pow 3utun} 10 Pa3U S} SIIBRUTUWIID 3] /UOT}BDJISSB]D DIWIOUOXE], a1am DNV PUe DOMNY J/INLST [oe1] doo-¥ TN
"e1ep SUTUTED] JUSIDINSUT YIIM SOLIBUIDS
Ul 9AT}D9JJ3 SS9 31 Suryew Kiiqedrdde
S,]003 9} STWI] SUTuTeI)} 10 Saduanbas
P3[2qe] JO Iaquunu 331e[ € JO Juswaimbal
9y, "ySty Apuedyrudis sI S[opou SUtuIea] "S[00] [BUOTIIPPE
daap Suturen) jo 1s0d reuoneINdWIod YL, ‘[621] I2UTNEBIIA UL PAQUIDSSP 918 SATJ WOIJ PAUTBIQO ([BOUI0AY3)
/'19s 3ururen) sy} Ul papnoul S19sEIEp 9S9] JO S[TRIap Ay, 's3nuod dg-00g 9S01] Y14 PIISBIIUOD 1M
10U 2IaMm 1B} S90USNDSS [BIIA PUSUIWOI3I 0} UTBIUOD A3V, ‘PSPN[OUL 1B SITPNIS SON WOLJ synsal oy} ‘rowiayng [6¢1)
DUE S}3SBIED JUSIDJJIP SSOIDE [[2M SZI[eIdUd3 P3123[[0 sjuswILIadxa S1}U0D dTWOUSZEIDUT ISUTNBILA :POYISW PasSeq-[aPOIN
01 L11qy 'synsa1 3yl jo Ayijiqeurerdxa JUSISJJIP 67T 'So[dures uewny WOoIj PIALIDP / (3oserep
9} SOUBYUS UDTYM ‘JUBA[21 A[[BD130[01q 2IB sjyuswLadxa 3nuod dTwousde}aw uewny 1D $T0Z 9UY3) T/66°0 SBM DNV TIN-ON
18} surelied SUIAISpuUn 10BIIXS 0} }T SMO[[e JO S)SISUOD :BIEP 1S9} PUB ‘UOTIEPI[BA ‘SUIUTRL], pue ‘(39serep 1910 9Y3) 104-3uQ [sz1] puqhy-ddadsspI
[epout oy jo Aiqeded sqeieidisiut ayL AR 9/66'0 SeM PASIYDE DOYDNY /INLST + NND pue dandesp3
sadejueapesiq/saSejueapy S}9sBIRJ/1X91U0D 01 paredwoD /(%) dtAN 21nyeaj/[Ppow NNV TdN/oWeu [00],

panunuod ‘¥ 3[qeL


https://github.com/xinbaiusc/MLR-OOD
https://github.com/xinbaiusc/MLR-OOD
https://github.com/xinbaiusc/MLR-OOD
https://github.com/xinbaiusc/MLR-OOD
https://github.com/xinbaiusc/MLR-OOD
https://github.com/xinbaiusc/MLR-OOD
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://drive.google.com/drive/folders/1Kz0kQ_D1VWYqA-GDld783O7H8AzNuHkC
https://github.com/KennthShang/PhaMer
https://github.com/KennthShang/PhaMer
https://github.com/KennthShang/PhaMer
https://github.com/KennthShang/PhaMer
https://github.com/KennthShang/PhaMer
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/
https://www.ncbi.nlm.nih.gov/refseq/

Herazo-Alvarez et al.

10

(panunjuoD)

'}500gDHX 03 pareduiod

3ururen 10 sa2IN0sa1 [euoneINdWod JULDJIUSIS
paxmbai [9powr NN 'S19Se1ep 1931e] 0} S}Nsal
33 Jo AJI[IqeZI[eISUSS 9} 1DLIISaI PINOD ST}
‘DoueULIOlad S,[9pOW 9y} SITUIL 9ZIs a[dures [[ews
/'santea DI dunotpaid ut Apenonaed

‘DDV I9USIY PaAdTyDe A[JUSISISUOD [9pOUT

NNQ 9L "3uniijraA0 SUIpIoA. o[Tym ADUSIDIIID

s Jopowt uono1paid a3 Suraroxdull ‘SONSLISIOBIRYD
Srwousd juelrodu 3SOW Y3 UO SNJ0J O}

pPaMO[[E [9poW paseq-ainiea) 0f doj e Jo asn ayL,
's901n0sa1 [euoneInduwiod

[ETIUBISQNS JO UOTIBSI[HN S} 93B}ISS302U

ued pauren} 3utaq [9powl sy} Jo Ayixardwod sy,
‘seo1nosaz (euoneindwod Juedyudts armnbai pue
ururer} ut £A31xa(dwiod [SpoJN ‘seseqeiep drqnd

Ul SSUWOUST 90US12J31 JO SSOUSAISUSYa1dWod pue
Aynqerreae ayy £q paytuuy A[renusiod st DOV YL

/ uSxery

91 SPOYIW [EUOT}IPEI} UBY) I93SE] ST YDIyMm
‘[PNU/SW 8z JO 98eIsAE Uk SUIASIYDE ‘9pnoa[dNU
1ad awny 3urssadoid padnpal B SI19jj0 3] 'SNUS3 pue
s9109ds Se YONS SISSBID DIWOUOXE} SULUBI-MO]
BuikJrsserd ut A[[e1dadsa ‘s{00} 19430 swLI0§1adino i
"SUTBWIOP 1930

WO1J SSWOUSS [BI1A SULISA0DSI Ul dATIOD)JS SB 9q
10U ABUI JT ‘SISTUITA [BSBUDIE PUE [BLIS}DE] UO SND0J
"UOUIWIOD dIB S}USUWISETJ }IOUS SIS SIT[qUISSSE UT
SaSNITA AJTIUSPT 0} AJI[IqE S}T ITWI] PINOD UOTOI}SAL
SIYL 'SP[OJJBOS 1I0YS 9PN[dXa 0} pausdisa

/'S1001

1930 03 paredwiod SUOTIEDTIUSPI 5[] Jomad]

‘([zs1] woxg sjeusIew Arejuswaiddns

Ul 9[qB[IBAR ISqUINU SS2008 VYIS [9DN)

3ur[red dNS 10J SWOUS3 90Ua19Ja1 3q 0} PIII[S
sem T98¢TTSH 'OneI 0Z:08 Ue yitm [ds a1om s3as
Zururern} pue s3], ‘(sjeuaiewr Areyuswaiddns ut
S[qE[IBAR I9qUUNU $53208 VdS I9DN) ¥//96E VN dd
pue ‘€6998E VNI ‘FT1#9/EVNId SIoquInNuU

$S900® 309(0140Td [DN U} BIA PISS200€ 8q UBD
elep souanbas sy, "sejdwues awousgd QT T SapNOUl
Apnas oy, "sowous3d setuownaud e[a1Sgary

Jo saouanbas otwous3ejaul :e}ep Jututel], -
/TBIQOITWRUY

‘Tost]

S3IPNIS SWOIQOIDTW snotaaxd Ut pasn ‘sing  summy
uewINY 95390 oM} wolj sajduies swousdeal Jo
S1SISUO0D BIEp [Bay Axarduiod ySiy pue ‘wnipaul
‘MO :S}19SBIBP qNs 331U} YIm ‘(6% 1] 98us[[eyd IINVD
1SI11 9U3} WO S}9SBIBP POIB[NIIS PIpPN[OUL BIED
15397, 'aseqeiep bagjayg I9DN U3 WOI] SSWoUss
[BIQOIDTUI 000 %1 I9A0 SUISN paurely (ejep Sururely,
/UOT}EDIJISSB]D DTWOUOXE],

‘[sH1] woiy sawrouadelaur

9SE3SIP S,UY0ID JO SPEaI JTWOUS3e}aW BIep [BdY
'q3 §T PUE € U9am12q SYUSWISEIJ JUBpUNpaI-UoU
‘Burdderrano-uou ojur 31(ds a1am sadusnbas [y
610z AIn[ U1 passa00® (IgDN) S9SeqeIep JUBgUaD

"919Y pajuasaid

POYISW PIsE]-[2POW B 1S00gDHX
/'s19w-3y SuIsn

GG6'T JO Io11g a1enbs uesjy 100y pue
‘s1oW-3 SUISN 9£8°0 SeM ‘UOTIBUTULINDP
JO JUBDIJR0) ‘SI9UI-3 SUISN %616 JO DOV

‘[8¥1] M-103eXEL PUR /1]

+SerI£JolAYd SpoyIatl Paseq-19pPoN
‘(6] usseIYy poYIAW PISEq-IULWUSIY

/ (UBIH-TNVD)

%6859 12100S-14 Pue ‘(USIH-TINVD) %/EC9
reda1 (WNIPSN-TAYD) %65 €8 ‘UOISDaId
‘[cot] TIAYVIN pue ‘[/ZT] opUIdIIA

‘(0T 1] 191108 1IA :SPOYIoW Paseq-[opPON
/'sodouanbas

[BI1A-UOU WIOI] TBIlA SUTYSINSUNSIP

Ul ‘€86°0 JO DD "BIEP JUSWISEJ [BIIA UO
166°0 Sem 9100s-T5 "syuswidery pruse(d 10§
%06°86 PUE SJUSWISEIJ [BIRYDIE/[BLISIOBq
10J %0666 Paydeal A111y10adS "s1aseiep

wistydiowAjod
9pnoaNU-3[3UIS
+ sIoul-y
/INLST+ dTN

s3uIppaquIa pIOMm
/dTN

paiiodai TIN-ON
[15T] sDIN IP1pa1d

/eXELON d'IN/BqUpEd
Jwod qnyuad//:sdiny
[9%1] exelaN-dIN

Sunfew ‘Tredal pue £101y10ads ut sduewLIofIad pue bagjayg Woij papPeoTUMOD (87 GT) SISTUIA 9 SSOIDE %GT'66 JO DDV "(19SBIED [RIIA INVIGIA
Jouradng “eyep DIWOUs3eIdW WOoLj sasnitaold pue (zsy1) spruuserd (18T) BOBYDIR/BLISIDE] 3U1) %/8'66 Sem UOISIDRI] ‘(Saseqeiep DLIISW 910DS-A /QeTUBUIBIBRYIUBUY
PUE SISTUIA 331 Y10q 12A0D1 UeD T SUTUERSW woij seduanbas sapnoul :ejep 1s9) pue Sururely, Jueguan pue bagjayg DN WO1J + sarnjeusis ure101g /w02 qnuaid//isdiny
‘S9SBQEIEP 10 SJIoW 20uanbas Aq paitwil] 10N JIBIIA  19SBIBp JuswIdel] [BI1A) %EH 86 SBM [[BOY JdTN [#%1] LNVILIA

sadejueapesiqg/sadeiueapy S195B1RJ/1X91U0D 01 paredwo)/(%) SISN aImeai/[epowr NNV TIN/oWelU [00],

S2IN1€9J UIBW I8y} pue ‘soduanbas Jo Sutuulq psstatodns 10] SYI0MISU [EINSU JO ATBWIWINS 'S S[qBL


https://github.com/AnantharamanLab/VIBRANT
https://github.com/AnantharamanLab/VIBRANT
https://github.com/AnantharamanLab/VIBRANT
https://github.com/AnantharamanLab/VIBRANT
https://github.com/AnantharamanLab/VIBRANT
https://github.com/padriba/NLP_MeTaxa/
https://github.com/padriba/NLP_MeTaxa/
https://github.com/padriba/NLP_MeTaxa/
https://github.com/padriba/NLP_MeTaxa/
https://github.com/padriba/NLP_MeTaxa/
https://github.com/padriba/NLP_MeTaxa/

11

Neural networks and binning

(panunuop)

"Pa1sa} U2aq J0U SeY 0S Op 03 AJ[IqE SIT

pue sswouas [eua1deq uryim sadeydoxd AJpuspt
0} paUlEI} JOU SEM 193935 'PILJISSE[OSIW dIe
sa8eyd pue eLIS}OBQ SUIOS PUE ‘S9UWIOUSS [BLIS10Eq
woij sadeyd ysm3unsip A[30911ad 10U S0P 3]
/e)ep drtuiousadelawt 03 uonedidde

10 [BDTILID ST YOIy ‘s20uanbas 19110Ys Uo 19133q
swioj1ad SNY3 pUB S}USWISaS U0 PIUTen) st [9poul
ayL 'saydeoidde 12yjo 03 pa1edwod ‘S30IN0Sal

(94 £/SYN[Ad PUB ‘S9/F0SYN(Id ‘0615cdadd
‘€29¢24Add :s193(01d [gDN) S9WOIGOIDTUT USWINT
daays pue N3 uewny ay3} 3urpnoul :elep [eay
‘TGN woi (YIduaf ur 3s-31) seouanbas (rualoeq
pue 23eyd 110Ys pSpeo[uMOp 0S[e Pue ‘180 Uteul/IA
/u1q-185/08"30p 18" wut//:sdny YA/DNI 8Y3 woyy
syaselep ‘(1S o1qel, Areyuswaiddng ur sjqerese
SUOISSa00E Y3 Y3m) pasn alam [uny a8eyd
/SouIoUR3 /N e 1 mmar//:sd11y pue /A03 YIu WU

Tp#1] LNVYLIA pUe [T0T] ©19N-¥dd

‘loot] asputanindead [/ 1] 1oputdnia
‘[o11] 19110811/ SPOUISW PISE]-[SPOI

/' (ssouanbas

a8eyd juadiaatp Ay31y Uo) §8°0 PUNOIE Jo
UuoIsSald ‘(B}ep DTWOUSZeIaW SUIITWIW

reuonyeindwiod sATyUBISNS S1Mbal 10U S0P 31 pue ‘1Qoummm//:sd11y [gON WI01J SOUIOUSS3 [BUSIOEq, s20uaNbas 110ys UO) %#8 JO DOV 193935/MOSSN3
3umi1jI9A0 pue UoHEZLIOWAW Sutpnidaid ‘[[ews pue a3eyd jo puesnoyl :ejep 1S9} pue Suture]], padueleq ‘(sariuue] adeyd woij sodusanbas s19891u] + 10Y-2UQ /wodqnuaid//isdiny
AJoAnie[aI ST pasn s1ajawered Jo Isquinu ay, JTeIIA [EIUSUIUOIIAUS UO) 06°0 SeM Jd.L JINLST [ec1] 193998
‘[191] wo1y N8 urwIny
Ayresy jo serdures swolia gz pue (I'8STHZZSUUS
VIS 19DN) sojdures awolla 3uny woij
"S9SNIIA DTIOATEND SaPN[OXD BJBp DTWOUS3E}aW BYEP SWOIIA [BSY "pawLiofiad
19s UTUTRI} JUSLIND S} ‘Sasnita drjoArexord Sem UOT}BPI[BA SSOID P[OJ-0T '8T0¢ 1218 pases[al
0} pajIwur] Juasald a1e UOIBUTUIEIUOD }SOY SoWIOUL3 SUTUTEIUOD ‘BYEP 1S9, ‘SUTUIEI} 10] Pasn
uayMm SJAAJ-UOU PUB SJAAJ U92MIDq YSINSUNSIP  219M 807 9I0J9q PISEI[DI SWOUD) *(/[BIIA/SEI[DI ‘[091] dAdT-B39N pue ‘(65T]
01 9133n13s AW (003 3} ‘sutsjoid [eLI9}0eq SpN[OUL /bastar/aod yrurwiuigou-dyy//:diy wolj ‘6102 ‘8¢ INDS-PRIdAd ‘[8ST] INAS-dAd ‘[£ST] PR1dAd
j0u pip 19s Suturen} ‘seanyisod Ss[ej [BIUSI0d  ISqUISAON UI) 9seqelep [elta bagjay [gDN U3 Wolj ‘(95T]) SNOTHIAL :SPOYIdW Paseq-[opoN ISPUIJUOLIIA
/sauagd s1a1dwodut a[pury 01 L11[Iqe PUE BIBD paurelqo sawousd sniia d1joAresord ayaiduiod /19SEBIEp SWES 9} Ul %/0'06 SEM /3uejdusayousyz
[ea1 uo soueuwoyrad 3snqoy ‘SIAAd Sulkjruuspr  SuIsn paionIIsuod aism (elep 3s9) pue Suruten sy,  Ayoymnads Jeseiep 1593 uiord yISusl-[ny 104-2uQ /a0 qnuaid//isdiny
ur s[003} 3unsIXa a3 ULy} sduewLIOfIad 193399 JIEIIA Y3 UI papI0dal SBM %0 6 JO AITATIISUSS /NND [ss1] 19pUIUOLIIA
(SSEPPESUMS ‘T09/ LTSS
‘TPP/TTSHYS ‘186V/FTWIT '21€868THIT
VIS I9DN) e1aua3 X1s y3mm £3o10utda) Sumnusnbas
NOIUIN a10doueN piojx(Q U3 W01} PauIelqo eyep
'S9ZIS IoW-y 1adIe] 10] A[feadss  [ea1 ‘Sumuanbag orwouadelay peay-3uoT ‘saads
‘Bururer} 3uLp s90IN0Sa1 AToWSW I8Y3IY 01 £q pajussaidar yoes ‘e1auad 00T SUIUTeIU0D
SPUBWISP [2POW Y[, }2Se}Bp S9T-IS Y} Ul Speal ‘9seqelep dy 2y} Woij pareyies syuswdely
dg-05z Y3 Se yons ‘speai 1I0Ys U0 SUIPIJISAQ  OIWOUSZeISUW PIIB[NWIS ‘YN S9T ‘e1ouad 19 pue
/'satdojouyda) dunuanbas  sawads [BIqOIdTW /G/ WOL} SYISUS] P JUSISHIP
awin-[eal 3uIsn uondaap usdoyied swin}-[eal I0] 3 £A30[0uyoa) BUTWIN]]] SUISN PIIBINUIS ‘[s/] 10D-NND
9[geINS }1 SUIYRW ‘UOTIBIS[IIDE dD WOIJ SHJaUaq ‘Buruanbag swousn S[OY N\ 'SOLIBUSIS JUIISHIP pue [$51] AydIvy :spoyiaw paseq-opoN
[9pow YL, 'speal NOIUIA 210doueN pIojxQ 921} Sunussaidal s}aSeIep JUSISIP 931U UOEBS 10J PINSEBIW SIaM ST} 159} [V -NND/UB[BWATUL
U1/ PAAISSQO SE ‘B1ep ASTou SUl[puey UT 9ATIO]) ‘UOTYEPI[BA SSOID P[OJ-0T Y3IIM P31sa) pUe pautel],  pue awn Suturel], (a8uaf peax dq 000 0T SI9UI-Y /a0 qnuaid//isdiny
Aprenonaed sem 31 £iqe Sutures] 3snqoy /UOTIEDIJISSE[D DIWOUOXE],  U3lm $20Uanbas 10§) %86 PUNOIE Sem DDV /NND [£ST] TVY-NND
sadejueapesiqg/sadeluespy S19SBIR(J/1X91U0D 01 paredwoD /(%) dtnaW aInjesj/[epow NNV TIN/oWelU [00],

panunuoD ‘S AqeL


https://github.com/mrymaltin/CNN-RAI
https://github.com/mrymaltin/CNN-RAI
https://github.com/mrymaltin/CNN-RAI
https://github.com/mrymaltin/CNN-RAI
https://github.com/mrymaltin/CNN-RAI
https://github.com/mrymaltin/CNN-RAI
https://github.com/zhenchengfang/VirionFinder
https://github.com/zhenchengfang/VirionFinder
https://github.com/zhenchengfang/VirionFinder
https://github.com/zhenchengfang/VirionFinder
https://github.com/zhenchengfang/VirionFinder
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
ftp://ftp.ncbi.nlm.nih.gov/refseq/release/viral/
https://github.com/gussow/seeker
https://github.com/gussow/seeker
https://github.com/gussow/seeker
https://github.com/gussow/seeker
https://github.com/gussow/seeker
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://www.ebi.ac.uk/genomes/phage.html
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi
https://img.jgi.doe.gov/cgi-bin/vr/main.cgi

Herazo-Alvarez et al.

12

‘saouanbas

usamiaq A3orowioy paieys £q pajoayje ARY3IS

ST 2duewWLIO}Iad S)] "SYUEI DTUIOUOXE) I9USTY

03 paredwiod [2A9] SNUSS S} }B SISEIIDSP DOV

/ uotstoaid Surarasaid a[Tym [[BII S9SEIIDUT
XBIAd ‘ZSDSSINN 931 ‘Spoyiswl aseqeIep

31 UOTIBUIGUIOD) "9SBQEIRD E Ul S3dUanbas
Tefruars 3utimbal 1o suoidar 3urpod 0} paIdLIsaI
3uraq ynoya ‘swop3uriadns [[B SSOIDE UOI3al
Swous3d AUk S[puUBRY UED 1B} IS1JISSE[D S[IIBSISA
"BISIN-Ydd 9] S[00} I8Y30 03 paredulod sadusnbas
Te11a 3UOT 10] 9)el UONBDYTIUSPT MO JuduLtedulr
A1owsw 0} pes] ued J10MIdU INIST 93

Jo ureyd ndut Suoj ay3 se ‘(dq o5 <) seousnbas
193U0T y3m SUl[esp Uaym ATOWSW PTUIL]

/ (SUOTIS[aP/SUOTIISSUT PUE SUOTINIISANS

9seq '8'9) sioits urdusnbas 0} ssausnqoy
"saouaNbas 110Ys ssadoi1d A[9A11091)9 01 9[qeun

a1 S[00] SUTISIXa JO I9qWINU 3[qEISPISUOD B Se
‘9NSST JUBDYTUSIS B ST ST, "sowouadelauwt woij (dq
005>) s20uanbas [e11a 110ys SUIAJIUSPL UL S[20X3 1]

‘1S 19sere( ‘UOTBRULIOJUT

Krequawsrddns ur papraoid st ‘sswouad

JO 3S1] 9Y.L, ‘A[[enuewl [gON WOI} SSWOUs3 [eLI210eq
pUE [e11A {(ZT°Z’0 UOTSISA ‘/PEO[UMOP -3UWI0OUS3-1q0U
/UI[Qs/Wwod qnyd//:sd1iy) PEO[UMOP-2WOUS3-19OU
3ut sn [gDN WO} SoWoUsgd d1joL1eyna pue
uesBYDIE JO JU 00ST YISUST JO SjUSwdelj Uuol[[iul T
/(snuad pue ‘wnhyd

‘wop3ur1adns JO S[9A3]) UOTIBIIJISSEID DIWOUOXE],
ARSI XA AR

/1011 01/310'10p'Xp//:5d11Y 1 S[qe[IeAE 218
sawouadelawl N3 uewiny :ejep [eay ‘oredonied
/310°98useyD-TWEed B1EP//:sd11 1B S]qE[IBAR

ST 195B1Bp YSIY TNVD € 39SB1R( 93US[[BYD

INVD 24l *(dq 000 0T ‘0005 ‘000€ ‘000T ‘005 ‘00€)
s38ua[ snotrea jo saouanbss urddetsao-uou

O1UT PAPIAIP SBM 11 °S-£870-/10-8910%S/98T 1 01/310
"10p'xp//:sd11y 1B S[qE[IEAR 31€ PISN SIUWIOUS
basgjayg 150y puUE [BIIA SUL:BIBD 1S9} pUER SUTUIel],
/TBIA

‘[z6] seqoroundsea

‘poyiaur paseq-[9po ‘[s91] gdewruru
pue ‘[so1] zsbasAl ‘[91] yseuunos

‘[6/] zusseIy SPOYISW PISEG-1USWUSIY
/ UOT}BDIJISSE[D

wnAyd 103 %0156 JO DDV pue uondIpaid
wop3ur{1adns 10 %79°'86 SEM DDV

‘[oot] 1eputsnipdesq pue ‘[101] BION-ddd
‘[£e1] 19purdIiA 'spoylau PIseq-[9pON
/s91qe) Areyuswiarddns

ut Jeadde soUIaW 933 10J SANTBA

10BX9 INq ‘9100S-TJ pPue ‘[[edal ‘uorsmaid
JO SULI9} UL S[00} 1930 pauuiojtadino
I9YTUIA “(19se1ep UYSIY TINVD € 19se1eq
a3ua([eyD [NV paduerequit ATy31y au3)
9829°0 SeM DYV "(19SBIBP 18583 33 Ul
dq 005 Jo s20UNDbBS) $5£6'0 SBA DOYNY

Suayo],
/1934

10U-3U0
/NLST

XB1I9Q/I9UIYDSIDLY
-j/wiod qnuid//:sdiny
[c91] xeryag

BEINAEIACIIVASb)
/o> qnuaid//:sdiny
[co1] oynIIA

sadejueapesiq/sadejueapy

S19SBIR(]/1X9IUO0D

0] paredwon/(%) otnaN

a1Injeaj/[epowt NNV

TIN/3Weu [00],

panunuod g S[qEL


https://github.com/crazyinter/Seq2Vec
https://github.com/crazyinter/Seq2Vec
https://github.com/crazyinter/Seq2Vec
https://github.com/crazyinter/Seq2Vec
https://github.com/crazyinter/Seq2Vec
https://github.com/crazyinter/Seq2Vec
https://dx.doi.org/10.1186/s40168-017-0283-5
https://dx.doi.org/10.1186/s40168-017-0283-5
https://dx.doi.org/10.1186/s40168-017-0283-5
https://dx.doi.org/10.1186/s40168-017-0283-5
https://dx.doi.org/10.1186/s40168-017-0283-5
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://data.cami-challenge.org/participate
https://dx.doi.org/10.1101/gr.142315.112
https://dx.doi.org/10.1101/gr.142315.112
https://dx.doi.org/10.1101/gr.142315.112
https://dx.doi.org/10.1101/gr.142315.112
https://dx.doi.org/10.1101/gr.142315.112
https://github.com/f-kretschmer/bertax
https://github.com/f-kretschmer/bertax
https://github.com/f-kretschmer/bertax
https://github.com/f-kretschmer/bertax
https://github.com/f-kretschmer/bertax
https://github.com/f-kretschmer/bertax
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/
https://github.com/kblin/ncbi-genome-download/

Features ANN Models Outputs
1. k-mers 1. MLP 1. Class labels
2. One-hot encoding 2. CNN 2. Cluster labels
3. GC content — (3. LSTM —> | 3. Probabilities
4. Coverage 4. Transformers 4. Continuous scores
5. Sequence motifs 5. Autoencoders 5. Latent features

(a) Workflow in ANN-based binning tools
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Figure 4. The figure shows the main ANN architectures used by the supervised binning tools analyzed in this review. (a) The diagram illustrates the three
main components in a workflow used in ANN-based binning tools. Features represent the input data for training the ANN models (i.e. k-mers and GC
content). ANN Models process these features to extract patterns. Finally, the Outputs represent the results produced by the models, which are used to
bin (i.e. class labels and cluster labels). (b) MLP: In the input layer, each neuron (l-i) represents an input feature. In the hidden layers, each neuron (H1-j)
and (H2-k) performs a linear combination of the inputs received from the previous layer, followed by the application of a non-linear activation function.
In the output layer, the neurons (O-n) produce the final predictions. (c) CNN: The Conv layer applies convolutional filters to the input, extracting local
features. The pooling layer reduces the dimensionality through operations such as max-pooling. The fully connected layer takes the extracted features
and combines them into a final representation for classification or regression. (d) x; represents the current input. LSTM: h;_1, C;_1 are the previous
states. The Forget Gate decides how much information to forget from the previous state Ci_1, the Input Gate regulates how much new information to
store, the Cell State is the updated long-term memory, and the Output Gate controls how much of the updated cell state, Ct, is used as output, ht, to the

next cell.

gut microbiome found in [98] were used for training. Benchmark
data were obtained from the European Nucleotide Archive (ENA)
ERP108418, ERP105624, and ERP012217, as well as from NCBI
PRJNA348753. The DeepMicrobes algorithm and all the data are
available at URL (https://github.com/MicrobeLab/DeepMicrobes-
data). The results show that DeepMicrobes outperforms state-
of-the-art taxonomic classification tools in species and genus
identification.

For the detection of viral fragments in metagenomes, DETIRE
[99] was presented. This tool uses three types of ANNs. The first, a
GCN is used for embedding of k-mers frequency (k = 3). Then, the
output of the former network is fed into a CNN and a Bidirectional
LSTM (BiLSTM) to learn their spatial and sequential features,
respectively, for classification. The training, validation, and test
datasets were obtained from NCBI Virus RefSeq genome Virus,
downloaded on 11 October 2022. The results show that DETIRE
outperforms other methods in identifying short sequences.

RdRpBin [103] was introduced as a viral read classification
tool based on marker genes, specifically RNA-dependent RNA
polymerase (RARp) genes. For classification, RARpBin can take
either DNA or protein sequences, as it combines an alignment-
based strategy with ML models to fully exploit the sequence
properties of RdRp. RARpBIn uses a CNN to process the sequences
(one-hot encoding) and generate the embedding vector for each
node of the graph and a convolutional graph network (CGN) for
the final classification. The tool can maintain a higher Fl-score
than the other tools, in particular, when query RNA viruses share
low sequence similarity with known viruses.

MetaTransformer [108] is presented for the classification of
reads at the genus or species taxonomic level. Aiming to improve
tasks with regard to classification speed and prediction ACC,
they employ a Transformer network with a multi-head self-
attenuation module. The six datasets used for training and

testing are described, and their sources are shown, in Table 1
of the paper. The used features of the reads are embedding or k-
mers tokens. Compared to DeepMicrobes [92], MetaTransformer
is similar in genus-level prediction and outperforms it in species-
level prediction.

VIBE [109] was proposed a Transformer-based deep learning
model for identifying and classifying viruses using metagenomic
sequencing data. Taking as a reference other tools proposed that
use the BERT model as a basis, VIBE also uses a hierarchical
BERT model at the domain and order level. It divides the input
sequences into a list of tokens, which are (k - 1)-overlapping k-
mers with k=4 and adds the classification token and the sep-
aration token. Embedding is done for the tokens representing
each of them and which are the input to the network. Input
reads are first classified at the domain level, and those classi-
fied as eukaryotic DNA viruses or RNA viruses are classified at
the order level. 10 119 viral genomes from the NCBI's RefSeq
database were used for training and testing at genomic and
reads level. Evaluation on real data was performed on two sets:
the first one composed of virus and bacterial sequences down-
loaded from NCBI SRA SRR7969779, SRR7969850, SRR14403295,
SRR10419849, and ERR2681947; and the second one composed of
six virome sequences SRR12213162, SRR12213197, SRR12213424,
SRR12213928, SRR12214082, and SRR12214159. Validation with
genomic and metagenomic data showed better ability to find new
viruses than existing methods.

In [112], a pipeline is proposed for detecting new pathogens
in metagenomic datasets by classifying (segments of) proteins
encoded by sequences within these datasets. It takes reads as
inputs, translates them with the Biopython tool [119], and ends
in the classification of frames and taxonomic classification of
each sequence into virus, bacterial, and mammalian taxonomic
groups. A pre-trained language model called ProtBert, based in
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BERT, is implemented. They used UniProt amino acid sequences
[120] for the taxonomic classification model and RefSeq refer-
ence sequences [121] for the frame classification model. The
pipeline was tested on reads from two metagenomic sequencing
projects available at NCBI SRA SRR7188139 and ERR3013343, and
it achieved a taxonomic assignment ACC of 91%.

Most of the 11 tools described in this subsection (e.g. CNN,
LSTM and BERT) use deep learning and process reads based on
k-mers frequency through one-hot encoding (Table 5). Most were
validated using viral sequences, and all of them show good per-
formance compared to state-of-the-art tools regarding alignment
(e.g. CHEER and ViBE). However, their performance is affected by
read length (e.g. DETIRE and DeepMicrobes) and by the existence
of low abundant taxa (e.g. DL-TODA and RdRpBin).

Supervised binning on contigs

PredicTF [122] was presented as a platform supporting the pre-
diction and classification of novel bacterial transcription factors
(TFs) in individual species and complex microbial communities.
PredicTF is based on a deep learning algorithm found in [135],
which is an MLP consisting of four dense hidden layers of 2000,
1000, 500, and 100 neurons that propagate the bit score distribu-
tion to dense and abstract features. To train PredicTF, the BacTFDB
database, which has a total of 11 961 TFs distributed in 99 types
of TF families, was used. This database is the result of joining
and filtering items from the CollecTF [136] and UniProtKB [137]
databases. To test PredicTF in a complex microbial community, an
anaerobic ammonium-oxidising microbiome (NCBI PRINA511011)
was used. Translated contigs were used as the input. With these
metagenomic data, PredicTF was able to predict 792 TFs from 27
different families.

Tiara [124] is a deep learning-based approach for the identi-
fication of eukaryotic sequences in the metagenomic datasets.
The initial step involves classification into six different categories:
three for prokaryotes, two for eukaryotes (dividing organellar
categories into plastidial and mitochondrial classes), and one for
unknown. This workflow uses an MLP with two hidden layers, and
it takes contig k-mer frequency as input. For training and testing,
8,220 and 550 genomes from the NCBI database [138] and Joint
Genome Institute database [139]. The metagenomic sequences
of [125] and the metagenome of Pseudoblepharisma tenue [126]
were used as test datasets. Furthermore, it was tested on real
data from the Tara Oceans project [140]. According to different k-
mers lengths, Tiara achieved an average prediction ACC between
98.65% and 98.93% for prokaryotic genomes, and between 95.94%-
98.83% for eukaryotic genomes.

DeepVirFinder [100] is proposed to identify viral sequences
in metagenomic data using deep learning. CNNs are employed
on contigs represented by one-hot encoding and the output is
a score between O and 1 that indicates the likelihood of being
a viral sequence. 2314 reference genomes of prokaryotic viruses
were obtained from the NCBI RefSeq database and used and
split, according to discovery date, for training, validation and
testing steps. When tested on sequences of different lengths,
DeepVirFinder achieved an AUROC greater than or equal to 0.93
for each sequence. Also, by applying DeepVirFinder to real human
gut metagenomic samples, 51 138 viral sequences belonging to
175 bins were identified.

In [128] two deep learning models are introduced. The first
is EdeepVPP, an interpretable CNN for pattern (motif) extraction,
which predicts true and pseudo viral sequences. This model con-
sists of a stack of convolution and pooling layers that take one-hot
encoding DNA sequences as input and generate probabilities for

the classification of true and false viral sequences as output. The
EdeepVPP module performs two tasks: prediction of novel viruses
and interpretability. The second model, EdeepVPP-hybrid, consists
of CNN and LSTM layers to efficiently identify viral genomes. The
EdeepVPP-hybrid predictor outperforms ViraMiner [129] and other
existing methods by achieving an average AUROC of 0.992 and
AUPRC of 0.990 on 19 datasets from human metagenomic contig
experiments by 10-fold cross-validation, with the data extracted
from [141] and [129].

MLR-OOD [130] is a method based on a deep generative model.
The probability of a test sequence belonging to the out-of-
distribution (OOD) set of sequences is measured by means of the
likelihood ratio of the maximum of the conditional likelihoods of
the in-distribution (ID) class and the likelihood of the Markov
chain of the test sequence that measures the complexity of
the sequence. LSTM is used to classify metagenomic sequences.
Three NCBI datasets consisting of bacterial, viral and plasmid
sequences were used in training and testing for OOD detection.
Two subsets consisted of bacterial sequences: Test2016, which
was constructed in [131], and Test2018, which was generated
using the same procedure with which the former was constructed.
The third subset consisted of 1295 prokaryotic viral genomes
and 818 genomes of plasmids. All the data used are available
at  (https://drive.google.com/drive/folders/1Kz0kQ_DI1VWYgA-
GDI1d78307H8AzNuHkC). Itis shown that MLR-OOD achieves good
performance for the different types of microbial data.

PhaMer [132] was presented as a Transformer ANN to perform
phage contig identification. By constructing a vocabulary of pro-
tein groups, contigs are considered as defined phrases in a phage
vocabulary and both the composition and protein position of each
contig are fed into Transformer networks. Transformer can learn
protein organisation and associations using the self-attenuation
mechanism and predicts the label for the test contigs. Several
datasets were used: a training and a test dataset composed of
phages published on RefSeq before and after December 2018,
respectively; a short contig test set, produced by randomly cutting
the test phage genomes into segments of different lengths: 1,
2, 3,5, 10, and 15 kbp; a simulated metagenomic dataset, using
CAMISIM [142], containing six common bacteria of the human
gut; a mock metagenomic dataset, composed of nine metage-
nomic shotgun sequencing replicates of a simulated [143] com-
munity retrieved from the European Nucleotide Archive (BioPro-
ject PRJEB19901); and an IMG/VR dataset, extracted from IMG/VR
v3 [134]. The results demonstrate that PhaMer can offer improved
performance in the identification of new phages.

In this subsection, six tools are described (Table 4), most of
which use deep learning models, such as CNN and LSTM, and their
validation is mainly performed using viral sequences. One-hot
encoding is the preferred method to represent contigs, and their
performance compares well with other state-of-the art methods.
EdeepVPP addresses the unbalanced data set problem very well.
Also noteworthy is the fact that classification ACC is affected by
contig length (MLR-OOD and EdeepVPP) and by sequencing errors
or viral mutations (DeepVirFinder).

Supervised binning on sequences

VIBRANT [144] was introduced as a workflow that employs a
hybrid ML and protein similarity approach, bypassing sequence
features, for automated virus retrieval and annotation. It assesses
genome quality and integrity, and characterizes viral community
functions from metagenomic assemblies. VIBRANT uses a newly
developed MLP on protein signatures and a v-score metric that cir-
cumvents traditional boundaries to maximise the identification
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of lytic viral genomes and integrated proviruses, including highly
diverse viruses. To generate the training and test datasets, repre-
sentative sequences of bacteria, archaea, plasmids, and viruses
were downloaded from NCBI's RefSeq and Genbank databases.
The final datasets consisted of 400 291 fragments for bacteri-
a/archaea, 14 739 for plasmids and 111 963 for viruses. When
applied to 120 834 viral sequences derived from metagenomes
representing various human and natural environments, VIBRANT
recovered an average of 94% of viruses, outperforming other
benchmarked tools.

NLP-MeTaxa [146] was proposed as a method for taxonomic
classification at different taxonomic ranks, including species,
genus, and other levels. It consists of two main steps. Firstly, the
vector representation of DNA fragments is constructed using a
Natural Language Processing (NLP) method. Then, these vectors
are used as inputs to classify an MLP. The training was done on
a dataset of over 14 000 genomes extracted from NCBI RefSeq.
For the evaluation, data from the CAMI project [149] and a real
dataset, a metagenome sample from the guts of two obese human
twins [150], were used. The proposed tool outperforms the others
in almost all CAMI data ranges and allocates more reads at the
lowest level. Furthermore, in the real case, NLP-MeTaxa was able
to predict species that were not predicted by the other tools.

In [151], a model that used single-nucleotide polymorphism
(SNP) and k-mers frequency based on metagenomic data were
presented to predict the Minimum Inhibitory Concentration (MIC)
of meropenem against Klebsiella pneumoniae. Two ANNs were
introduced: 1) a regression deep neural network (DNN) using
metagenomic sequencing data to predict the minimum inhibitory
concentration of meropenem; and 2) a classification DNN
utilizing the same data to determine whether a strain of Klebsiella
pneumoniae is sensitive or resistant to meropenem. Features
from 110 sequenced K. pneumonide genomes were combined
and modelled with the EXtreme Gradient Boosting (XGBoost)
algorithm. A dense model (an MLP) was used when features
were considered separately (SNP or k-mer count), and a dense
model and an LSTM were used when features were combined.
The data used were taken from NCBI BioProjects PRINA376414,
PRJNA386693, and PRJNA396774. DNN regressions for k-mers,
SNPs, and k-mers+SNPs had prediction ACC of 91.89%, 87.05%,
and 91.77%, respectively. DNNs perform better in predicting
MIC values with improved overall ACC compared to XGBoost
models.

CNN-RAI [153] was proposed as a CNN approach based on k-
mers representation for the metagenomic fragment classification
problem. This tool generates a k-mers frequency-based DNA
representation with Relative Abundance Index (RAI), and then
performs a metagenomic fragment classification with a CNN. The
effects of different parameters, such as k-mers length and read
length, on the generated models are examined. Three datasets
were used to observe the performance. One was simulated using
Illumina technology and contains a total of 757 microbial species
originating from 61 genera. The second dataset uses the metage-
nomic fragments belonging to regions of the 16S rRNA gene to
make taxonomic calls available from a Web repository (http://
tblab.pa.icar.cnr.it/public/BMC-CIBB_suppl/datasets/). The third
database uses long-read metagenomic sequencing with Nanopore
technology to detect microbial pathogens in a low complexity
community. These were extracted from NCBI SRA ERR1898312,
ERR1474981, SRR5117441, SRR5277601, SRR5344355. On account
of parallel implementations of deep learning frameworks that
can run on GPU hardware, CNN-RAI can run faster with lower
memory resource requirements.
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VirionFinder [155] was a tool proposed to identify prokaryote
virus virion proteins (PVVPs) using the sequence and biochemical
properties of amino acids based on a deep learning technique.
VirionFinder takes a complete or partial prokaryotic virus protein
as input and evaluates whether the given protein is a PVVP. In its
process it uses CNNs on the protein sequences that are one-hot
encoding and their biochemical properties. For training and test-
ing, all prokaryotic viruses from the NCBI viral database RefSeq
(ftp://ftp.ncbinlm.nih.gov/refseq/release/viral/) were used. The
tool was also evaluated on real data of a virome downloaded
from NCBI SRA with accession code SRR5224158.1. In the first set
of tests, in all cases, VirionFinder performed much better than
the other tools. In the real case, VirionFinder identified 76.47%
of PVVP.

Taking advantage of recent advances in deep learning for the
task of bacteriophage detection, Seeker [133] was presented. It
employs models of LSTMs and does not rely on predetermined
sequence features. As input, sequences are encoded in two ways,
one-hot encoding and integer sequences (A’ =1, ‘T" = 2, ‘C’ =
3, and ‘G’ = 4). This tool was trained in two steps. In the first
one, all publicly available phage and bacterial genome sequences
downloaded from NCBI (https://www.ncbi.nlm.nih.gov/) were
used; and, in the second one, all annotated full-genome phages
from a comprehensive database search on NCBI and the WEB
(https://www.ebi.ac.uk/genomes/phage html) were used. These
sets were divided into training and test sets. The latter set showed
an AUROC greater than 0.9. This tool is compared with other tools
on datasets from the IMG/VR (https://img.jgi.doe.gov/cgi-bin/
vr/main.cgi), and also on short phage and bacterial sequences
(1K-5K in length) obtained from NCBI. The metrics used show
a competitive True Positive Rate (TPR) when compared to the
other tools. Finally, Seeker was used for the discovery of new
bacteriophages, with promising results.

Virtifier [162] was proposed as a deep learning-based viral
identifier for sequences from metagenomic data. Nucleotide
sequences are converted into codon sequences and one-
hot encoding. The tool uses Seq2Vec to efficiently extract
codon relationships. Then, an LSTM further analyzes codon
relationships and sift out the parts that contribute to the final
features. All NCBI RefSeq genomes (https://dx.doi.org/10.1186/
s40168-017-0283-5) were used for training and testing. Another
set of tests was downloaded from the CAMI project (https://
data.cami-challenge.org/participate). In addition, real human gut
metagenomic sample (https://dx.doi.org/10.1101/gr.142315.112)
was used for testing. When applied to the CAMI dataset and real
human gut metagenomic sample, Virtifier demonstrates superior
performance in identifying viral sequences compared to VirFinder,
DeepVirFinder, and PPR-Meta.

BERTax [163] is introduced as a DNN based on NLP for the
classification of DNA sequences into three different taxonomic
levels: superkingdom, phylum, and genus. The tool assumes that
DNA is a ‘language’ and classifies taxonomic origin based on an
understanding of this language rather than using local similarity
to known genomesin a database. The genomes of archaea, viruses
and bacteria used for training, validation, and testing were down-
loaded from NCBI and are available from a GitHub repository of
BERTax. Although the method has higher average Precision than
other comparable methods, the authors show that a combination
of approaches, such as MMseqgs2 and BERTax, can further improve
the prediction results.

The main deep learning models used in the eight tools
described in this subsection are LSTM and MLP (Table 5). One-
hot encoding is widely used to represent sequences, and the main
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Figure 5. The input layer receives original data. Subsequent encoding
layers reduce the dimensionality of data through a series of non-linear
transformations, extracting the most relevant features and creating a
compressed representation of data (latent space). Decoding layers apply
non-linear transformations in an attempt to reconstruct the original
input. Finally, the output layer produces the reconstruction of origi-
nal data.

applications are viral and taxonomic classification. These binning
tools have high ACC. Some perform well without substantial
computational resouces (e.g. Seeker, CNN-RAI) and some achieve
a solid performance in large-scale viral data provided host
contamination is absent (e.g. VirionFinder). A decrease in the
predictive ability at lower taxonomic ranks was also reported (e.g.
BERTax). Training of some model is on small data sets, this may
generate overfitting and affect its ability for future predictions
(e.g. Predict MICs).

Neural networks for unsupervised binning

Seven tools using ANNs for the unsupervised binning on reads and
contigs are presented in this section (Table 6). Tools are described
according to the type of ANN, the clustering method, the input
features, the comparison models, and the performance metrics.
Data sources and algorithms used are also provided.

Unsupervised binning on reads

Autoencoders are deep learning models used to learn efficient
representations of data, typically for dimensionality reduction
[199]. They compress the input into a latent representation
(encoding), and reconstruct the original input from this represen-
tation (decoding) (Fig. 5). MetaDEC [166] uses Autoencoder to learn
a latent space representation of metagenomic data. It works with
compositional features (4-mers) and uses k-means to perform the
clustering in the latent space. MetaDEC divides sequences into
groups of overlapping sequences and classify them into clusters
using adversarial deep clustering technique. Critic network
is used to improve the quality of latent representation, and
Discriminator network is used to ensure that the generated data
points are realistic and that the latent representation is of high
quality. The proposed method was tested on 25 simulated datasets
[167] and on a real acid mine drainage metagenome [168]. The
data are publicly available (https://bioinfolab.fit.hcmute.edu.vn/
MetaDEC). In most cases, the algorithm presented performed well
and outperformed the others.

Long-read sequencing platforms generate reads that can be
longer than the contigs resulting from the assembly of short NGS
reads. While most tools were designed to deal with short reads

and contigs, the LRBinner algorithm [186] combines composition
and coverage information from long read datasets. Composi-
tion and coverage vectors are concatenated to form a single 64-
dimensional vector. A Variational Autoencoder (VAE) is trained
using read batches of size 10 240 for 200 epochs with LeakyRELU
activation to reconstruct the entries. VAE weights are learned
by backpropagation and stochastic gradient descent. The latent
representations obtained by the encoder, on which the clustering
is executed, are of lower dimension. A clustering algorithm based
on distance histograms is used to extract clusters with different
sizes. Four sets were generated using SimLoRD [187] for long reads,
and for the case of real data, they were downloaded from NCBI
BioProjects ERR3152364, PRINA546278, and PRJNA680590. Metrics
used to compare binning performance show that LRBinner is
better.

Unsupervised binning on contigs

AAMB [171] is a tool for contig clustering that uses an Adversarial
Autoencoder (AAE) to obtain continuous and discrete latent
representations. The contig representation used is a concatenated
vector of co-abundances and tetranucleotide frequencies.
Clustering in the latent space was performed using iterative
medoid clustering. For training and validation, the CAMI [149]
and MetaHIT (https://db.cngb.org/search/project/CNPhis0002808/)
datasets were used. Furthermore, data from Almeida et al. [98]
and Price et al. [172] were used for addictive evaluations. A higher
number of high-quality genomes were recovered using AAMB, as
compared to VAMB [173] or other binners. However, since AAMB
and VAMB complemented each other well, their combination
resulted in the proposed AVAMB tool, which outperforms each of
the two separately and requires only slightly more computational
power.

An unsupervised binning method based on a Convolutional
Autoencoder (CAE) is described in [176]. This neural network is
used to extract and reduce features from each contig, which are
mathematically represented as vectors that combine in a certain
way the tetranucleotide frequency (4-mers), the hexanucleotide
frequency (6-mers) and the GC content. In the latent represen-
tation of the contigs, clustering is performed with the k-means
algorithm. The data used for this study were downloaded from the
MyCC section of the SOURCEFORGE website (https://sourceforge.
net/projects/sb2nhri/files/MyCC/Data/). Three datasets were cho-
sen: 10s, containing 10 species; 25s, containing 25 species; Sharon,
containing 32 species. From the results it can be seen that the
proposed tool in the metrics Silhouette index and Rand index
achieves a value of 0.5 and 0.8, respectively.

GraphMB [182] uses Graph Neural Networks (GNNs) to incorpo-
rate information from the assembly graph and improve binning.
A VAE is used for the embedding of contigs, which are then input
along with the information from the assembly graph to a GNN and
finally run the Iterative k-medoids algorithm. The contigs based
on long reads have their composition (k-mers frequency) and
coverage extracted. Experiments were performed on a simulated
dataset, six wastewater treatment plant datasets [200] and one
soil dataset [201]. GraphMB generates on average 17.5% more
high-quality bins compared with the state-of-the-art tools.

iDeLUCS [189] is a standalone software tool that exploits the
capabilities of deep learning to cluster genomic and metagenomic
sequences. iDeLUCS is an enhancement of the DeLUCS tool [190]
that employs a deep network. It assigns a cluster identifier to each
DNA sequence present in a dataset, while incorporating several
visualisation tools. The features extracted from the sequences
are the k-mers frequency, and data are clustered using Invariant
Information Clustering (IIC). As shown in this study, iDeLUCS
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Figure 6. The distribution and complexity of metagenomic binning tools according to the ANNs used. Supervised tools represented in red, green, and
blue for reads, contigs, and general sequences, respectively. Unsupervised tools are represented in purple and semi-supervised tools in orange.

outperforms other algorithms in clustering large datasets of unla-
belled DNA sequences.

Deep learning combined with clustering was used to group
contigs into homogeneous clusters representing species. This
approach was implemented in CoCoNet [192], whose two-phase
workflow begins with contig splitting into 1024-bp fragments
spaced with a 128-bp step. Using these partitions, a DNN is trained
to estimate the probability of two fragments belonging to the
same genome, given their composition and coverage information.
In the second phase, a computationally tractable heuristic is used
to cluster contigs using the co-occurrence probabilities inferred
in the previous phase. Finally, the Leiden clustering algorithm is
used. For the simulations, four synthetic metagenomes generated
with CAMISIM [142] were used and, for the experiments, three
viral metagenomes collected at the ALOHA station in the North
Pacific Subtropical Gyre [202] were used. The results show that
CoCoNet outperforms the other tools on both simulated and real
viral datasets.

Among the seven unsupervised binning tools described in this
subsection (Table 6), the most used model is the autoencoder and
its variants, while the most used features are k-mers frequency
and coverage information. The k-means algorithm is a state-of-
the-art clustering method. Generally, unsupervised binning tools
show good performance. Most tools do not automatically estimate
the number of clusters, and few of them seek an enhanced
interpretability by assigning confidence scores (iDeLUCS) based
on assembly graph information (GraphMB). A single tool takes
long reads as an input (LRBinner). Low abundant taxa likely affect
the classification performance of some tools (e.g. MyCC).

Neural networks for semi-supervised
binning

SemiBin [174] uses deep siamese ANNs to implement a semi-
supervised approach, i.e. it exploits information from reference

genomes while retaining the ability to reconstruct high-quality
bins outside the reference dataset. It first uses a deep siamese
ANN (a network consisting of two identical sub-networks with
the same weights and processed in parallel) for embedding of
features of contigs (with autoencoder) and then the Infomap
algorithm [203] for clustering. The features used were k-mers
frequency and coverage information. Synthetic data from the
CAMI project [18, 149] and six real datasets extracted from [63,
204-208] were used to evaluate the performance. The results show
that SemiBin outperforms other state-of-the-art methods and
highlight the advantages of using supervised knowledge, such as
contig annotation and the use of single-copy marker genes, in
metagenomic binning.

In light of the considerable viral diversity and the vast quantity
of unlabelled phages, PhaGCN [69] emerges as a tool that employs
a semi-supervised learning model to perform the taxonomic clas-
sification of phage contigs. In this learning model, a knowledge
graph is constructed by combining the skip-gram embedding of
DNA sequence features, which have been learned by a CNN,
with the protein sequence similarity obtained from the gene
exchange network. Subsequently, a GCN is employed to leverage
both labelled and unlabelled samples in the training process,
thereby enhancing the learning capacity. PhaGCN was evaluated
on a simulated dataset comprised of randomly sampled con-
tigs from a reference genome and contigs generated using ART-
Mlumina [195], and on a real dataset (NCBI SRA SRR1294999983
and SRR13132427). Additionally, an original dataset was utilized.
The findings demonstrate that the proposed method is compara-
ble to other available phage classification tools.

Discussion

Metagenomics is a promising field in scientific research, and bin-
ning, in particular, faces several challenges, such as the complex-
ity and heterogeneity of metagenomic data, making the selection
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of appropriate tools or methods (Table 7) a challenging process.
The features representing the sequences and sequence length can
be a determining factor in the ACC of binning tools. With the above
challenges in mind, we review 34 tools that use ANNs in metage-
nomic binning and summarize their specific characteristics, with
the aim of assisting the reader in identifying the most suitable
tool for their specific research objectives (Sections 3, 4, and 5). All
codes are freely available and most were validated with real data.

Deep learning is the new trend in ANNs for metagenomic bin-
ning. It develops a low-dimensional representation or embedding
of sequence features in order to generate more accurate bins.
In supervised contexts, CNN and LSTM stand out as the most
widely used, while in unsupervised, AEs predominate (Fig. 6). In
the semi-supervised case, only a couple of models were identified,
one of which also utilizes AEs (Section 5). In comparison to
other techniques, deep learning has emerged as a significant
contender in the domain of metagenomics. However, metage-
nomic data impose several constraints that DL models may
have trouble handling. Their heterogeneity and the errors that
can be introduced in downstream processes, including sample
collection, sequencing and assembly, can affect binning ACC [209].

Additionally, computational requirements of deep learning are
often expensive, especially when hybrid models are used (Table 7).

Most of the tools analysed (73%) perform supervised binning
(Fig. 7(a)) and show high performance, though their results
depend on the quality and quantity of data with which they are
trained. Generally, most tools take contigs as input, but within
the supervised tools, most take reads (Fig. 7(a)). Supervised tools
are often (48%) applied to the viral context, neglecting other
contexts, e.g. bacterial and pathogenic ones (Fig. 7(b)). Among
the supervised tools, the most commonly used input types are
k-mers frequency vectors or one-hot encoding (Fig. 7(c)) and the
most frequently employed metrics are ACC, Precision, Recall, and
Fl1-score. (Fig. 7(d)).

Regarding datasets, we observed that there are no standard-
ized sources of data for neural network training in the different
metagenomic contexts reviewed. Most tools are trained and tested
using unique datasets generated by their own developers. The
lack of standardization makes it difficult to compare tools in
an objective way. Nevertheless, relying on data from regularly
updated datasets, such as NCBI RefSeq Virus, is also challenging,
as the database change over time. Thus, initiatives such as the
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Table 7. Summary of some relevant characteristics of the different ANN models most used by the metagenomic binning tools described

Characteristics MLP CNN

LSTM Autoencoder

Strengths Simple model. Vector

Extraction of spatial

Extraction of Dimensionality

data. features. Matrix data. sequential features. reduction. Vector and
Vector and matrix data. matrix data.
Weaknesses Overfitting Computationally Slow training Interpretability
expensive

Labeled data Yes Yes Yes No
AcCC Good High High -
Computational cost Medium High Very high High
Metagenomic sequence types Supervised-General Supervised-Reads Supervised-Varied Unsupervised-Contigs
most used sequences
Metagenomic contexts Varied Mostly viral Mostly viral MGS reconstruction
employed

Optimization algorithms used
by the described tools

Stochastic gradient
descent

Adam optimizer and
stochastic gradient
descent

Adam optimizer Adam optimizer

CAMI contain robust datasets with the corresponding ground
truth, which could facilitate the standardization in metagenomic
binning methods development.

The main problems reported by the developers of ANN-based
tools refer to the amount of data and computational power
required for training. On the other hand, a model with high
generalization power can be used to analyze real world datasets
with high accuracy. Regarding method performance, each tool
presents advantages and shortcomings, which are pointed out
systematically in Tables 3, 4, 5, and 6.

The main aspect highlighted as an advantage refers to
accuracy, and generally ANN-based tools outperform traditional
alignment-based tools. Also, a well-known aspect of ANNs is the
ability to deal with large amounts of data in reduced time.

Metagenomics has greatly benefited from ANNs, and some
future directions in metagenomic binning research using ANNs
are listed below:

¢ To further explore and adapt emerging architectures, such as
BERT, in supervised binning.

¢ To optimise and develop new variants of autoencoders that
can better handle the complexity and diversity of metage-
nomic data in unsupervised binning, but also explore new
alternatives.

e To create standardised datasets and perform more objective
benchmarking (e.g. CAMI project [18]).

¢ To develop binning tools focused on third-generation reads.

¢ To consider the effect of sequencing, assembly errors, and low
abundant taxa.

Key Points

 Papers on neural networks for metagenomic binning are
revised.

e Supervised, unsupervised and semi-supervised binning
methods are considered.

e Type of sequences for metagenomic binning are
addressed.

* The source code of the tools, data source and metrics
used for metagenomic binning are provided.

e Research trends on metagenomic binning are presented.
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