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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. 

Keywords: metagenomics; binning; neural networks; deep learning; classification; clustering 

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 (ANNs) 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. 

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

Semi-supervised 
learning 

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

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 (metagenom∗) AND  
(‘deep learning’ OR ‘neural networ∗’), 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 

ACC TP+TN 
TP+TN+FP+FN 

Precision TP 
TP+FP 

Recall (Sensitivity) TP 
TP+FN 

F1-score 2 × Precision×Recall 
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 ANNs. 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/&# 
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


Neural networks and binning | 5

Ta
b

le
 3

. 
Su

m
m

ar
y 

of
 to

ol
s 

th
at

 u
se

 n
eu

ra
l n

et
w

or
ks

 in
 th

e 
su

p
er

vi
se

d
 b

in
n

in
g 

of
 r

ea
d

s,
 a

n
d

 th
ei

r 
m

ai
n

 fe
at

u
re

s 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

Ta
x

aE
st

im
at

or
 [7

0]
 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

kl
au

sj
u

n
g-

h
an

n
ov

er
/ 

ta
xa

Es
ti

m
at

or
 

M
LP

 / 
k-

m
er

s 
an

d
 In

te
r-

n
u

cl
eo

ti
d

e 
d

is
ta

n
ce

s .
 

O
n

 te
st

 d
at

a:
 T

PR
 (5

6.
6%

),
 T

N
R

 (9
6.

6%
),

 
P o

si
ti

ve
 P

re
d

ic
ti

ve
 V

al
u

e 
(P

PV
) (

53
.6

%
),

 
N

eg
at

iv
e 

Pr
ed

ic
ti

ve
 V

al
u

e 
(N

PV
)(

94
.5

%
),

 
an

d
 A

C
C

 (4
1.

0%
).

 / 
LD

A
 a

n
d

 S
V

M
. 

V
ir

al
 (o

rd
er

 le
ve

l) 
/ 

T r
ai

n
in

g,
 v

al
id

at
io

n
, a

n
d

 te
st

 d
at

a:
 r

ea
d

s 
(1

50
 b

p
) o

f 2
33

2 
vi

ra
l g

en
om

e 
se

q
u

en
ce

s 
fr

om
 N

C
B

I d
at

ab
as

e 
[7

1]
. V

al
id

at
io

n
 o

n
 

r e
al

 c
as

e:
 H

ar
b

ou
r 

se
al

 [7
2]

. 

O
u

tp
er

fo
rm

ed
 a

 m
ap

p
in

g 
ap

p
ro

ac
h

. 
In

tr
od

u
ce

d
 a

 n
ov

el
 c

or
re

ct
io

n
 a

p
p

ro
ac

h
 to

 
im

p
ro

ve
 th

e 
ta

xo
n

om
ic

 fr
eq

u
en

cy
 

d
is

tr
ib

u
ti

on
 e

st
im

at
io

n
. /

 
A

 la
rg

e 
n

u
m

b
er

 o
f m

is
cl

as
si

fi
ca

ti
on

s.
 T

h
e 

la
rg

e 
in

tr
a-

or
d

er
 a

n
d

 s
m

al
l i

n
te

r-
or

d
er

 
h

et
er

og
en

ei
ty

 o
f v

ir
al

 s
eq

u
en

ce
s 

m
ak

es
 

cl
as

si
fi

ca
ti

on
 d

if
fi

cu
lt

. 
C

H
EE

R
 [7

3]
 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

K
en

n
th

Sh
an

g/
C

H
EE

R
 

C
N

N
 / 

k-
m

er
s 

an
d

 o
n

e-
h

ot
. 

A
C

C
 o

f 9
6%

 a
t o

rd
er

 le
ve

l.
 A

U
R

O
C

 o
f 

99
.7

6%
 in

 th
e 

re
je

ct
io

n
 la

ye
r 

fo
r 

Eb
ol

av
ir

u
s.

 / 
N

aï
ve

 B
ay

es
 c

la
ss

if
ie

r 
(N

B
C

) m
od

el
 [7

4]
, 

C
N

N
-b

as
ed

 c
la

ss
if

ie
r 

ca
ll

ed
 

m
et

ag
en

om
ic

D
C

 [ 7
5]

, a
n

d
 

al
ig

n
m

en
t-

b
as

ed
 m

et
h

od
 V

ir
u

sS
ee

ke
r [

76
].

 

V
ir

al
 (f

ro
m

 o
rd

er
 to

 g
en

u
s)

 / 
T r

ai
n

in
g 

d
at

a:
 r

ea
d

s 
(2

50
 b

p
) o

f v
ir

u
s 

ge
n

om
es

 fr
om

 th
e 

N
C

B
I R

ef
Se

q
 v

ir
u

s 
d

at
ab

as
e(

h
tt

p
s:

//
w

w
w

.n
cb

i.n
lm

.n
ih

.g
ov

/ 
la

b
s/

vi
ru

s/
vs

si
/&

#x
22

16
;#

/f
in

d
-d

at
a/

 
vi

ru
s)

. T
es

t d
at

a:
 a

 s
yn

th
et

ic
 d

at
as

et
 

ge
n

er
at

ed
 w

it
h

 W
gS

im
 [7

7]
. F

or
 th

e 
re

al
 

d
at

a 
ca

se
: N

C
B

I S
R

R
19

30
02

1 
an

d
 

SR
R

10
71

40
26

. 

R
ob

u
st

 to
 s

eq
u

en
ci

n
g 

er
ro

rs
 a

n
d

 fa
st

, 
w

h
en

 c
om

p
ar

ed
 to

 V
ir

u
sS

ee
ke

r.
 G

oo
d

 fo
r 

la
b

el
in

g 
n

ew
 s

p
ec

ie
s 

in
 v

ir
al

 
m

et
ag

en
om

ic
 d

at
a.

 / 
C

la
ss

if
ic

at
io

n
 A

C
C

 d
ec

re
as

es
 th

ro
u

gh
ou

t 
th

e 
ta

xo
n

om
ic

 r
an

ks
. M

od
el

 tr
ai

n
in

g 
re

q
u

ir
es

 h
ea

vy
 c

om
p

u
ti

n
g 

re
so

u
rc

es
. 

D
L-

T
O

D
A

 [7
8]

 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
zh

an
gl

ab
/d

l-
to

d
a 

C
N

N
 / 

k-
m

er
s 

M
ic

ro
 a

n
d

 m
ac

ro
 a

ve
ra

ge
s 

fo
r 

p
re

ci
si

on
 

(9
8%

 a
n

d
 9

1%
, r

es
p

ec
ti

ve
ly

),
 re

ca
ll

 (9
7%

 
an

d
 7

6%
, r

es
p

ec
ti

ve
ly

),
 a

n
d

 F
1-

sc
or

e 
(9

8%
 

an
d

 8
0%

, r
es

p
ec

ti
ve

ly
),

 w
er

e 
ob

se
rv

ed
 in

 
th

e 
te

st
in

g 
se

t.
 A

C
C

 w
as

 9
7%

 o
r 

gr
ea

te
r 

at
 

al
l l

ev
el

s.
 / 

A
li

gn
m

en
t-

b
as

ed
 m

et
h

od
, K

ra
ke

n
2 

[7
9]

, 
an

d
 p

se
u

d
o 

al
ig

n
m

en
t-

b
as

ed
 m

et
h

od
, 

C
en

tr
if

u
ge

 [8
0]

, i
n

 te
st

 a
n

d
 r

ea
l d

at
a.

 

B
ac

te
ri

al
 (f

ro
m

 s
p

ec
ie

s 
to

 p
h

yl
u

m
) /

 
T r

ai
n

in
g 

an
d

 v
al

id
at

io
n

 u
se

d
 c

om
p

le
te

 
ge

n
om

es
 fr

om
 th

e 
G

en
om

e 
Ta

xo
n

om
y 

D
at

ab
as

e 
(G

T
D

B
) a

n
d

 N
C

B
I R

ef
Se

q
 

d
at

ab
as

e,
 fr

om
 w

h
ic

h
 p

ai
re

d
-e

n
d

 r
ea

d
s 

(P
E2

50
) w

er
e 

ge
n

er
at

ed
. T

ra
in

in
g 

u
se

d
 

74
05

 g
en

om
es

 fr
om

 3
31

3 
sp

ec
ie

s,
 a

n
d

 
te

st
in

g 
u

se
d

 2
45

4 
ge

n
om

es
 fr

om
 6

39
 

sp
ec

ie
s.

 R
ea

l d
at

a 
fr

om
 th

e 
h

u
m

an
 o

ra
l 

ca
vi

ty
 [8

1]
 a

n
d

 c
ro

p
la

n
d

 s
oi

l (
N

C
B

I 
ER

R
50

04
68

2,
 E

R
R

50
03

89
5,

 E
R

R
50

03
20

4,
 

ER
R

50
01

92
5,

 E
R

R
49

95
17

1)
 w

er
e 

u
se

d
. 

St
ro

n
g 

p
er

fo
rm

an
ce

 w
h

en
 a

p
p

li
ed

 to
 

m
et

a g
en

om
es

 fr
om

 d
iv

er
se

 e
n

vi
ro

n
m

en
ts

, 
su

ch
 a

s 
th

e 
h

u
m

an
 o

ra
l c

av
it

y 
an

d
 

cr
op

la
n

d
 s

oi
l.

 H
ig

h
 A

C
C

 a
t a

ll
 ta

xo
n

om
ic

 
ra

n
ks

 te
st

ed
, o

u
tp

er
fo

rm
in

g 
al

ig
n

m
en

t-
b

as
ed

 m
et

h
od

s.
 / 

C
er

ta
in

 s
p

ec
ie

s 
yi

el
d

ed
 lo

w
 p

re
ci

si
on

, a
n

d
 

th
e 

ap
p

li
ca

ti
on

 o
f a

 d
ec

is
io

n
 th

re
sh

ol
d

 
ca

n
 r

ed
u

ce
 th

e 
n

u
m

b
er

 o
f c

la
ss

if
ie

d
 

re
ad

s.
 R

eq
u

ir
es

 e
xt

en
si

ve
 c

om
p

u
ta

ti
on

al
 

p
ow

er
, e

.g
. m

u
lt

ip
le

 G
PU

s 
an

d
 s

ig
n

if
ic

an
t 

m
em

or
y 

re
so

u
rc

es
. 

S
q

u
ig

gl
eN

et
 [8

2]
 

h
tt

p
s:

//
gi

th
u

b.
co

m
/w

el
ch

-
la

b
/S

q
u

ig
gl

eN
et

 

C
N

N
 / 

El
ec

tr
ic

al
 s

ig
n

al
s 

A
C

C
 o

f 9
0%

, T
PR

 a
n

d
 T

N
R

 a
ro

u
n

d
 9

0%
, 

an
d

 p
re

ci
si

on
 o

f a
p

p
ro

xi
m

at
el

y 
90

%
 (f

or
 

H
eL

a&
Z

ym
o 

d
at

as
et

).
 T

h
e 

A
U

R
O

C
 w

as
 

al
so

 a
ro

u
n

d
 9

0%
. /

 
G

u
p

p
y+

M
in

im
ap

2 
[8

3]
, a

n
 

al
ig

n
m

en
t-

b
as

ed
 m

et
h

od
 a

n
d

 U
N

C
A

LL
ED

 
[ 8

4]
, a

 m
ap

p
in

g 
to

ol
. 

B
ac

te
ri

al
 / 

T
h

e 
tr

ai
n

in
g 

an
d

 te
st

 d
at

a:
 H

eL
a&

Z
ym

o 
d

at
as

et
, w

h
ic

h
 c

on
ta

in
s 

m
il

li
on

s 
of

 r
ea

d
s 

of
 h

u
m

an
 a

n
d

 b
ac

te
ri

al
 D

N
A

 (N
C

B
I S

R
A

 
SR

X
98

18
34

1)
. R

ea
l d

at
a:

 a
 h

u
m

an
 

re
sp

ir
at

or
y 

m
et

ag
en

om
e 

sa
m

p
le

 (N
C

B
I 

SR
A

 S
R

X
98

18
34

2)
 

R
eq

u
ir

es
 li

tt
le

 c
om

p
u

ta
ti

on
al

 r
es

ou
rc

es
 

(3
04

 K
B

 o
f R

A
M

),
 h

as
 m

in
im

al
 p

ro
ce

ss
in

g 
d

el
ay

s 
co

m
p

ar
ed

 to
 a

li
gn

m
en

t-
b

as
ed

 
m

et
h

od
s.

 S
tr

on
g 

p
er

fo
rm

an
ce

 in
 

cl
as

si
fy

in
g 

sp
ec

ie
s 

fr
om

 N
an

op
or

e 
si

gn
al

s,
 

/ W
ea

ke
r 

p
re

ci
si

on
 in

 h
ig

h
ly

 im
b

al
an

ce
d

 
d

at
as

et
s,

 s
u

ch
 a

s 
th

e 
H

u
m

an
&

Z
ym

o_
b

56
. 

Li
m

it
ed

 A
C

C
 w

h
en

 d
is

ti
n

gu
is

h
in

g 
ce

rt
ai

n
 

b
ac

te
ri

al
 s

p
ec

ie
s,

 e
sp

ec
ia

ll
y 

G
ra

m
-p

os
it

iv
e 

on
es

. D
ep

en
d

en
cy

 o
n

 p
re

p
ro

ce
ss

in
g,

 th
at

 
is

, e
ff

ec
ti

ve
n

es
s 

re
li

es
 o

n
 p

ro
p

er
 s

ig
n

al
 

n
or

m
al

iz
at

io
n

 a
n

d
 p

re
p

ro
ce

ss
in

g,
 s

u
ch

 a
s 

ad
ap

to
rs

 a
n

d
 b

ar
co

d
es

 r
em

ov
al

. (C
on

ti
nu

ed
) 

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


6 | Herazo-Álvarez et al.

Ta
b

le
 3

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

D
ee

Pa
C

 [8
5]

 
h

tt
p

s:
//

gi
tl

ab
.c

om
/r

ki
_ 

b
io

in
fo

rm
at

ic
s/

D
ee

Pa
C

 

C
N

N
+ 

LS
T

M
 / 

O
n

e-
h

ot
 

A
C

C
 o

f 9
9.

2%
 (t

em
p

or
al

 p
ai

re
d

-e
n

d
 r

ea
d

 
d

at
a)

; P
PV

 o
f 1

00
%

 (r
ea

l a
n

d
 te

m
p

or
al

 
p

ai
re

d
-e

n
d

 r
ea

d
 d

at
a)

; T
PR

 o
f 0

.9
84

 (r
ea

l 
d

at
a)

; T
N

R
 o

f 0
.9

3 
(B

ac
Pa

C
S 

d
at

as
et

);
 

B
al

an
ce

d
 A

C
C

 o
f 8

4%
 (B

ac
Pa

C
S 

d
at

as
et

);
 

A
U

R
O

C
 o

f 0
.9

48
 a

n
d

 A
U

PR
C

 o
f 0

.9
89

 
(p

ai
re

d
-e

n
d

 r
ea

d
 d

at
a)

. /
 

B
LA

ST
 [8

6]
, a

n
 a

li
gn

m
en

t-
b

as
ed

 m
et

h
od

. 
M

od
el

-b
as

ed
 m

et
h

od
s 

Pa
Pr

B
aG

 [8
7]

, 
B

ac
Pa

C
S 

[8
8]

, a
n

d
 [8

9]
. 

Pa
th

og
en

s 
/ 

Tr
ai

n
in

g 
d

at
a:

 r
ea

d
s 

b
ot

h
 th

e 
si

n
gl

e-
en

d
 

an
d

 th
e 

p
ai

re
d

-e
n

d
 fr

om
 IM

G
/M

 d
at

ab
as

e,
 

at
 r

ea
d

-l
ev

el
 a

n
d

 s
p

ec
ie

s-
le

ve
l u

n
ti

l A
p

ri
l 

20
18

, R
ef

er
 to

 s
ou

rc
e 

[9
0]

; T
em

p
or

al
 

h
ol

d
-o

u
t d

at
a,

 re
-a

cc
es

si
n

g 
th

e 
IM

G
/M

 
d

at
ab

as
e 

in
 Ja

n
u

ar
y 

20
19

; R
ea

l d
at

a 
ca

se
 

st
u

d
y,

 e
xt

ra
ct

ed
 fr

om
 [9

1]
; a

n
d

, B
ac

Pa
C

S 
d

at
as

et
, t

h
e 

d
at

a 
u

se
d

 in
 th

e 
so

u
rc

e 
[8

8]
. 

R
ev

er
se

-c
om

p
le

m
en

t n
et

w
or

ks
 a

ll
ow

s 
to

 
co

n
si

d
er

 b
ot

h
 s

tr
an

d
s 

of
 D

N
A

 
si

m
u

lt
an

eo
u

sl
y.

 C
an

 b
e 

u
se

d
 fo

r 
d

if
fe

re
n

t 
ty

p
es

 o
f D

N
A

 s
eq

u
en

ce
s,

 in
cl

u
d

in
g 

n
ov

el
, 

u
n

re
co

gn
iz

ed
, a

n
d

 s
yn

th
et

ic
 s

eq
u

en
ce

s.
 / 

Sh
ow

s 
an

 A
C

C
 g

ap
 b

et
w

ee
n

 v
al

id
at

io
n

 
an

d
 te

st
 d

at
a.

 L
im

it
ed

 a
b

il
it

y 
to

 d
et

er
m

in
e 

p
at

h
og

en
ic

it
y 

in
 c

om
p

le
x 

m
u

lt
i-

fa
ct

or
ia

l 
sc

en
ar

io
s.

 

D
ee

p
M

ic
ro

b
es

 [9
2]

 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
M

ic
ro

b
eL

ab
/D

ee
p

M
ic

ro
b

es
 

C
N

N
+ 

LS
T

M
 / 

k-
m

er
s 

Pr
ec

is
io

n
 h

ig
h

er
 th

an
 9

5%
 a

n
d

 r
ec

al
l o

f 
42

.8
%

 (R
ea

d
-l

ev
el

 o
n

 th
e 

gu
t-

d
er

iv
ed

 
M

A
G

s 
d

at
as

et
).

 C
la

ss
if

ic
at

io
n

 r
at

e 
av

er
ag

e 
of

 8
9.

40
%

 (a
t g

en
u

s-
le

ve
l o

n
 m

oc
k 

d
at

as
et

s)
. T

h
e 

L2
 d

is
ta

n
ce

 fo
r 

ab
u

n
d

an
ce

 
es

ti
m

at
io

n
 p

er
fo

rm
ed

 b
et

te
r 

on
 g

en
u

s 
q

u
an

ti
fi

ca
ti

on
. /

 
A

ll
 a

re
 a

li
gn

m
en

t-
b

as
ed

 o
r 

p
se

u
d

o-
al

ig
n

m
en

t m
et

h
od

s:
 K

ra
ke

n
 [9

3]
, 

C
en

tr
if

u
ge

 [8
0 ]

, C
LA

R
K

 [9
4]

, C
LA

R
K

-S
 [9

5]
, 

K
ai

ju
 [ 9

6]
, D

IA
M

O
N

D
-M

EG
A

N
 a

n
d

 
B

LA
ST

- M
EG

A
N

 [9
7]

. 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
 (s

p
ec

ie
s 

an
d

 
ge

n
u

s)
 / 

Tr
ai

n
ed

 o
n

 2
50

5 
re

p
re

se
n

ta
ti

ve
 g

en
om

es
 

of
 h

u
m

an
 g

u
t m

ic
ro

b
io

m
e 

[9
8]

. 
B

en
c h

m
ar

k 
d

at
a 

w
er

e 
ob

ta
in

ed
 fr

om
 th

e 
Eu

ro
p

ea
n

 N
u

cl
eo

ti
d

e 
A

rc
h

iv
e 

(E
N

A
 

ER
P1

08
41

8,
 E

R
P1

05
62

4,
 E

R
P0

12
21

7)
, a

n
d

 
N

C
B

I (
PR

JN
A

34
87

53
).

 

Su
p

er
io

r 
ge

n
u

s 
an

d
 s

p
ec

ie
s 

cl
as

si
fi

ca
ti

on
 

in
 c

om
p

le
x 

m
ic

ro
b

ia
l c

om
m

u
n

it
ie

s.
 G

oo
d

 
fo

r 
ex

p
lo

ri
n

g 
n

ov
el

 M
A

G
s 

an
d

 r
el

ia
b

le
 fo

r 
es

ti
m

at
in

g 
th

e 
re

la
ti

ve
 a

b
u

n
d

an
ce

s 
of

 
m

ic
ro

b
ia

l t
ax

a.
 / 

M
em

or
y 

an
d

 c
om

p
u

ta
ti

on
al

 r
es

ou
rc

e 
d

em
an

d
in

g,
 it

 r
el

ie
s 

on
 G

PU
s 

fo
r 

tr
ai

n
in

g 
an

d
 te

st
in

g,
 a

n
d

 a
d

d
in

g 
n

ew
 s

p
ec

ie
s 

re
q

u
ir

es
 r

et
ra

in
in

g.
 T

h
e 

p
er

fo
rm

an
ce

, 
p

ar
ti

cu
la

rl
y 

th
e 

re
ca

ll
, i

s 
af

fe
ct

ed
 b

y 
th

e 
si

m
il

ar
it

y 
b

et
w

ee
n

 th
e 

te
st

ed
 g

en
om

es
 

an
d

 th
e 

tr
ai

n
in

g 
se

t.
 

D
ET

IR
E 

[9
9]

 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
cr

az
yi

n
te

r/
D

ET
IR

E 

G
C

N
+ 

C
N

N
+ 

B
iL

ST
M

 / 
k -

m
er

s 
A

C
C

 o
f 9

0.
30

%
, r

ec
al

l o
f 9

0.
40

%
, p

re
ci

si
on

 
of

 8
9.

57
%

, a
n

d
 F

1-
sc

or
e 

of
 8

9.
65

%
 (t

h
e 

C
A

M
I d

at
as

et
).

 G
oo

d
 ti

m
e 

co
n

su
m

p
ti

on
 

fo
r 

al
l d

at
as

et
s.

 / 
A

ll
 to

ol
s 

ar
e 

m
od

el
-b

as
ed

 m
et

h
od

s:
 

D
ee

p
V

ir
Fi

n
d

er
 [1

00
],

 P
PR

-M
et

a 
[1

01
],

 a
n

d
 

C
H

EE
R

 [ 7
3]

. 

V
ir

al
 / 

T r
ai

n
in

g 
an

d
 te

st
 d

at
a:

 m
il

li
on

s 
of

 r
ea

d
s 

(5
00

 b
p

) o
f N

C
B

I V
ir

u
s 

R
ef

Se
q

 g
en

om
es

 
(N

C
B

I a
cc

es
si

on
 n

u
m

b
er

s 
ca

n
 b

e 
fo

u
n

d
 o

n
 

G
it

H
u

b
 o

f D
ET

IR
E)

 a
n

d
 p

ro
ka

ry
ot

ic
 h

os
t 

ge
n

om
es

, a
s 

u
se

d
 in

 V
ir

Fi
n

d
er

 [1
02

].
 R

ea
l 

te
st

 d
at

a:
 2

n
d

 C
A

M
I C

h
al

le
n

ge
 M

ar
in

e 
D

at
as

et
 (i

n
 h

tt
p

s:
//

d
at

a.
ca

m
i-

ch
al

le
n

ge
. 

or
g/

p
ar

ti
ci

p
at

e)
 a

n
d

 H
u

m
an

 G
u

t 
M

et
a g

en
om

e 
fo

rm
 N

C
B

I S
R

A
 (A

cc
es

si
on

: 
SR

A
05

22
03

) 

G
oo

d
 in

 r
ec

og
n

iz
in

g 
vi

ra
l s

eq
u

en
ce

s 
sh

or
te

r 
th

an
 1

00
0 

b
p

 a
n

d
 r

ob
u

st
n

es
s 

in
 

id
en

ti
fy

in
g 

vi
ra

l s
eq

u
en

ce
s 

fr
om

 d
if

fe
re

n
t 

en
vi

ro
n

m
en

ts
. E

ff
ic

ie
n

t p
ro

ce
ss

in
g 

fo
r 

la
rg

e-
sc

al
e 

m
et

ag
en

om
ic

 s
tu

d
ie

s.
 / 

Pe
rf

or
m

an
ce

 d
ec

re
as

es
 a

s 
th

e 
le

n
gt

h
 o

f 
th

e 
in

p
u

t s
eq

u
en

ce
s 

in
cr

ea
se

s.
 L

im
it

ed
 

p
h

ag
e 

id
en

ti
fi

ca
ti

on
, i

t s
h

ow
s 

sl
ig

h
tl

y 
lo

w
er

 A
C

C
 in

 p
h

ag
e 

id
en

ti
fi

ca
ti

on
. 

R
d

R
p

B
in

 [1
03

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
H

u
b

er
tT

an
g/

R
d

R
p

B
in

 

C
N

N
+ 

G
C

N
 / 

O
n

e-
h

ot
 

Pr
ec

is
io

n
 a

ro
u

n
d

 9
3.

1%
 (r

ea
l d

at
as

et
).

 
R

ec
al

l a
ro

u
n

d
 8

4.
9%

 a
n

d
 F

-s
co

re
 a

ro
u

n
d

 
89

.1
%

 (s
im

u
la

te
d

 d
at

as
et

).
 / 

A
li

gn
m

en
t-

b
as

ed
 m

et
h

od
s:

 D
IA

M
O

N
D

 
[ 1

04
],

 M
M

se
q

s2
 [1

05
],

 a
n

d
 K

ra
ke

n
2 

[7
9]

. 
Ps

eu
d

o-
al

ig
n

m
en

t-
b

as
ed

 m
et

h
od

: K
ai

ju
 

[9
6]

. 

V
ir

al
 / 

A
 r

ef
er

en
ce

 d
at

ab
as

e 
ca

ll
ed

 N
C

B
I-

R
d

R
p

 
w

as
 b

u
il

t f
or

 tr
ai

n
in

g.
 S

eq
u

en
ce

 
si

m
u

la
ti

on
 fo

r 
te

st
in

g 
w

as
 b

as
ed

 o
n

 P
fa

m
 

[ 1
06

] a
n

d
 a

ll
 N

C
B

I-
R

d
R

p
s 

th
at

 c
ou

ld
 b

e 
al

ig
n

ed
 w

it
h

 p
ro

fi
le

 h
id

d
en

 M
ar

ko
v 

m
od

el
s.

 It
 w

as
 te

st
ed

 o
n

 a
 s

im
u

la
te

d
 v

ir
al

 
m

ar
in

e 
m

et
ag

en
om

ic
 d

at
as

et
 e

xt
ra

ct
ed

 
fr

om
 [1

07
] a

n
d

 N
C

B
I S

R
A

 E
R

R
21

85
27

9.
 A

 
r e

al
 m

et
ag

en
om

ic
 d

at
a 

fr
om

 N
C

B
I (

SR
A

 
SR

R
92

16
24

6)
 w

as
 u

se
d

. 

Su
p

er
io

r 
b

al
an

ce
 b

et
w

ee
n

 r
ec

al
l a

n
d

 
p

r e
ci

si
on

 in
 s

ce
n

ar
io

s 
w

h
er

e 
th

e 
q

u
er

y 
R

N
A

 v
ir

u
se

s 
h

av
e 

lo
w

 s
im

il
ar

it
y 

w
it

h
 

kn
ow

n
 v

ir
u

se
s.

 U
se

fu
l f

or
 c

la
ss

if
yi

n
g 

n
ew

 
an

d
 d

iv
er

ge
n

t R
N

A
 v

ir
u

se
s,

 c
om

b
in

in
g 

al
ig

n
m

en
t-

b
as

ed
 s

tr
at

eg
ie

s 
an

d
 

gr
ap

h
-b

as
ed

 le
ar

n
in

g 
m

od
el

s.
 / 

Li
m

it
at

io
n

s 
on

 im
b

al
an

ce
d

 d
at

a,
 w

h
er

e 
re

ad
s 

fr
om

 r
ar

e 
or

d
er

s 
m

ay
 b

e 
m

is
cl

as
si

fi
ed

. A
ff

ec
te

d
 b

y 
li

m
it

ed
 tr

ai
n

in
g 

sa
m

p
le

s,
 p

ar
ti

cu
la

rl
y 

at
 lo

w
er

 ta
xo

n
om

ic
 

ra
n

ks
. 

(C
on

ti
nu

ed
) 

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


Neural networks and binning | 7

Ta
b

le
 3

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

M
et

aT
ra

n
sf

or
m

er
 [1

08
] 

h
tt

p
s:

//
ze

n
od

o.
or

g/
b

ad
ge

/ 
la

te
st

d
oi

/5
84

42
44

27
 

Tr
an

sf
or

m
er

 / 
k-

m
er

s 
Pr

ec
is

io
n

 o
f 9

8.
2%

 (B
en

ch
m

ar
k-

M
oc

k 
d

at
as

et
).

 R
ec

al
l o

f 9
0.

4%
 (B

en
ch

m
ar

k-
G

u
t 

d
at

as
et

).
 T

ra
in

in
g 

ti
m

e 
th

e 
w

it
h

in
 9

-1
6h

. /
 

A
li

gn
m

en
t-

b
as

ed
 m

et
h

od
s:

 K
ra

ke
n

2 
[7

9]
 

an
d

 C
LA

R
K

 [9
4]

. P
se

u
d

o 
al

ig
n

m
en

t-
b

as
ed

 
m

et
h

od
: C

en
tr

if
u

ge
 [8

0 ]
. M

od
el

-b
as

ed
 

m
et

h
od

: D
ee

p
M

ic
r o

b
es

 [9
2]

. 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
 (s

p
ec

ie
s 

an
d

 
ge

n
u

s)
 / 

Tr
ai

n
in

g 
an

d
 v

al
id

at
io

n
 d

at
a:

 P
E1

50
 r

ea
d

s 
fr

om
 1

95
2 

u
n

cl
as

si
fi

ed
 m

et
ag

en
om

ic
 

sp
ec

ie
s 

an
d

 5
53

 s
p

ec
ie

s 
fr

om
 th

e 
h

u
m

an
 

gu
t r

ef
er

en
ce

 h
tt

p
:/

/f
tp

.e
b

i.a
c.

u
k/

p
u

b
/ 

d
at

ab
as

es
/m

et
ag

en
om

ic
s/

u
m

gs
_ 

an
al

ys
es

/.
 E

va
lu

at
io

n
 d

at
a:

 fr
om

 T
h

e 
Eu

r o
p

ea
n

 N
u

cl
eo

ti
d

e 
A

rc
h

iv
e 

(E
N

A
),

 
H

u
m

an
 g

u
t b

en
ch

m
ar

k 
d

at
a 

(E
R

P1
08

41
8)

, 
M

oc
k 

co
m

m
u

n
it

y 
d

at
a 

(E
R

P1
05

62
4 

an
d

 
ER

P0
12

21
),

 a
n

d
 S

p
ec

ie
s 

ab
se

n
t f

ro
m

 
re

fe
re

n
ce

 d
at

a 
(R

JN
A

34
87

53
).

 R
ea

l-
w

or
ld

 
d

at
a 

fr
om

 E
N

A
 (P

R
JN

A
39

80
89

).
 

It
 o

u
tp

ac
es

 D
ee

p
M

ic
ro

b
es

 2
 

Lo
w

er
 p

re
ci

si
on

 a
n

d
 r

ed
u

ce
d

 p
er

fo
rm

an
ce

 
fo

r 
ab

se
n

t s
p

ec
ie

s 
d

et
ec

ti
on

 c
om

p
ar

ed
 to

 
tr

ad
it

io
n

al
 a

li
gn

m
en

t-
b

as
ed

 m
et

h
od

s.
 

La
rg

er
 k

-m
er

 s
iz

es
 g

en
er

al
ly

 y
ie

ld
 b

et
te

r 
re

su
lt

s,
 b

u
t i

n
cr

ea
se

 m
em

or
y 

co
n

su
m

p
ti

on
. 

V
iB

E 
[1

09
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/D

M
n

B
I/

 
V

iB
E 

B
ER

T
 / 

k-
m

er
s 

M
C

C
 o

f 0
.8

8 
fo

r 
(r

ea
d

-l
ev

el
 v

al
id

at
io

n
).

 
F1

-s
co

r e
 o

f 0
.9

62
 (d

om
ai

n
-l

ev
el

 
cl

as
si

fi
ca

ti
on

).
 P

re
ci

si
on

 o
f 0

.9
65

. R
ec

al
l 

(0
.9

59
9)

. A
U

R
O

C
 (0

.9
8)

. A
U

PR
C

 (0
.9

9)
. /

 
A

li
gn

m
en

t-
b

as
ed

 m
et

h
od

s:
 V

ir
So

rt
er

 [1
10

] 
M

et
aP

h
lA

n
3 

[1
11

],
 a

n
d

 K
ra

ke
n

2 
[7

9]
. 

M
od

el
-b

as
ed

 m
et

h
od

s:
 C

H
EE

R
 [7

3]
, 

D
ee

p
V

ir
f i

n
d

er
 [1

00
].

 

V
ir

al
 / 

Tr
ai

n
in

g 
an

d
 v

al
id

at
io

n
 d

at
a 

(1
51

 b
p

 a
n

d
 

25
1 

b
p

 p
ai

re
d

-e
n

d
 r

ea
d

s)
 w

er
e 

si
m

u
la

te
d

 
fr

om
 2

29
3 

an
d

 2
73

3 
ge

n
om

es
 fo

r 
eu

ka
ry

ot
ic

 D
N

A
 a

n
d

 R
N

A
 v

ir
u

se
s,

 
re

sp
ec

ti
ve

ly
. E

xp
er

im
en

ta
l d

at
as

et
s 

fr
om

 
N

C
B

I S
R

A
 (S

R
R

79
69

77
9,

 S
R

R
79

69
85

0,
 

SR
R

14
40

32
95

, S
R

R
10

41
98

49
, a

n
d

 
ER

R
26

81
94

7)
. R

ea
l d

at
a:

 s
ix

 v
ag

in
al

 v
ir

om
e 

sa
m

p
le

s 
fr

om
 N

C
B

I S
R

A
 (S

R
R

12
21

31
62

, 
SR

R
12

21
31

97
, S

R
R

12
21

34
24

, S
R

R
12

21
39

28
, 

SR
R

12
21

40
82

, a
n

d
 S

R
R

12
21

41
59

).
 

A
d

ap
ta

b
il

it
y 

to
 n

ov
el

 v
ir

u
s 

su
b

ty
p

es
, e

ve
n

 
w

h
en

 tr
ai

n
ed

 w
it

h
ou

t r
ef

er
en

ce
 g

en
om

es
. 

It
 o

u
tp

er
fo

rm
ed

 s
ta

te
-o

f-
th

e-
ar

t 
al

ig
n

m
en

t-
fr

ee
 m

et
h

od
s 

fo
r 

al
l s

im
u

la
te

d
 

te
st

 c
as

es
. W

h
en

 c
om

p
ar

ed
 to

 
al

ig
n

m
en

t-
b

as
ed

 m
et

h
od

s,
 it

 s
h

ow
ed

 
h

ig
h

er
 r

ec
al

l r
at

es
. /

 
A

 n
ot

ab
le

 p
er

ce
n

ta
ge

 o
f r

ea
d

s 
fr

om
 s

m
al

l 
eu

ka
ry

ot
es

 li
ke

 C
an

di
da

 a
lb

ic
an

s 
an

d
 

Sa
cc

ha
ro

m
yc

es
 ce

re
vi

si
ae

 w
er

e 
m

is
cl

as
si

fi
ed

 
as

 v
ir

u
se

s.
 P

er
fo

rm
an

ce
 is

 a
ff

ec
te

d
 b

y 
th

e 
u

n
b

al
an

ce
d

 a
va

il
ab

il
it

y 
of

 r
ef

er
en

ce
 

ge
n

om
es

. 
Ta

x
on

om
ic

C
la

ss
if

ic
at

io
n

-
N

G
S

-N
N

 [1
12

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/C
B

M
I-

H
T

W
/ 

Ta
xo

n
om

ic
C

la
ss

if
ic

at
io

n
-

N
G

S-
N

N
 

B
ER

T
 / 

Pr
ot

ei
n

s 
en

co
d

ed
 b

y 
th

e 
re

ad
s 

T
h

e 
R

O
C

 c
u

rv
e 

an
d

 e
rr

or
 m

at
ri

x 
re

ve
al

ed
 

th
at

 th
e 

fr
am

e 
cl

as
si

fi
ca

ti
on

 m
od

el
 

p
er

fo
rm

ed
 w

el
l w

it
h

 a
n

 A
C

C
 o

f 9
8%

 a
n

d
 

fe
w

 m
is

cl
as

si
fi

ca
ti

on
s.

 P
re

ci
si

on
 o

f 0
.9

1 
(t

ax
on

om
ic

 c
la

ss
if

ic
at

io
n

 m
od

el
).

 / 
M

od
el

-b
as

ed
 m

et
h

od
s:

 C
N

N
-M

G
P 

[1
13

] 
an

d
 F

r a
gG

en
eS

ca
n

 [1
14

].
 

Pa
th

og
en

s 
(d

om
ai

n
 le

ve
l)

 / 
T e

st
, v

al
id

at
io

n
, a

n
d

 tr
ai

n
in

g 
d

at
a:

 F
or

 
ta

xo
n

om
ic

 c
la

ss
if

ic
at

io
n

, 
U

n
iP

ro
tK

B
/S

w
is

s-
Pr

ot
 d

at
ab

as
e,

 m
an

u
al

ly
 

cu
ra

te
d

 fo
r 

b
ac

te
ri

al
, v

ir
al

, a
n

d
 h

u
m

an
 

(m
am

m
al

ia
n

) s
eq

u
en

ce
s 

(A
va

il
ab

le
 a

t 
h

tt
p

s:
//

ze
n

od
o.

or
g/

re
co

rd
/4

30
62

40
).

 F
or

 
fr

am
e 

cl
as

si
fi

ca
ti

on
, r

an
d

om
ly

 s
el

ec
te

d
 

vi
ra

l,
 b

ac
te

ri
al

, a
n

d
 h

u
m

an
 g

en
om

e 
se

q
u

en
ce

s 
fr

om
 R

ef
Se

q
 (a

va
il

ab
le

 a
t 

h
tt

p
s:

//
ze

n
od

o.
or

g/
re

co
rd

/4
30

62
48

).
 R

ea
l 

d
at

a:
 h

u
m

an
 s

ki
n

 m
et

ag
en

om
ic

 s
tu

d
y 

(S
R

A
 ID

: S
R

R
71

88
13

9)
 a

n
d

 S
w

in
e 

fe
ce

s 
m

et
ag

en
om

e 
(S

R
A

 ID
: E

R
R

30
13

34
3)

. 

G
oo

d
 fo

r 
p

re
d

ic
ti

on
 th

e 
ta

xo
n

om
ic

 
cl

as
si

f i
ca

ti
on

 o
f s

eq
u

en
ce

s 
th

at
 c

an
 n

ot
 

b
e 

cl
as

si
fi

ed
 b

y 
co

m
p

ar
is

on
 to

 a
 r

ef
er

en
ce

 
d

at
ab

as
e.

 It
 a

ch
ie

ve
d

 a
n

 A
C

C
 o

f 9
8%

 in
 

fr
am

e 
cl

as
si

fi
ca

ti
on

, d
em

on
st

ra
ti

n
g 

ro
b

u
st

n
es

s 
in

 d
et

er
m

in
in

g 
th

e 
co

rr
ec

t 
re

ad
in

g 
fr

am
e 

of
 a

 s
eq

u
en

ce
. /

 
O

n
ly

 w
or

ks
 w

it
h

 r
ea

d
s 

th
at

 a
re

 w
it

h
in

 
co

d
in

g 
se

q
u

en
ce

s,
 w

h
ic

h
 c

ou
ld

 r
es

tr
ic

t i
ts

 
ap

p
li

ca
b

il
it

y 
to

 a
 s

u
b

se
t o

f t
h

e 
d

at
a.

 
D

if
fi

cu
lt

y 
to

 d
is

ti
n

gu
is

h
 b

et
w

ee
n

 v
ir

al
 a

n
d

 
h

u
m

an
 s

eq
u

en
ce

s,
 p

ar
ti

cu
la

rl
y 

d
u

e 
to

 th
e 

p
re

se
n

ce
 o

f r
et

ro
vi

ra
l s

eq
u

en
ce

s 
in

 th
e 

h
u

m
an

 g
en

om
e.

 

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


8 | Herazo-Álvarez et al.

Ta
b

le
 4

. 
Su

m
m

ar
y 

of
 to

ol
s 

th
at

 u
se

 n
eu

ra
l n

et
w

or
ks

 in
 th

e 
su

p
er

vi
se

d
 b

in
n

in
g 

of
 c

on
ti

gs
, a

n
d

 th
ei

r 
m

ai
n

 fe
at

u
re

s 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

Pr
ed

ic
T

F 
[1

22
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

m
d

su
fz

/P
re

d
ic

T
F 

M
LP

/ 
Se

q
u

en
ce

 s
im

il
ar

it
y 

to
 

kn
ow

n
 T

Fs
 

T
h

e 
n

u
m

b
er

 o
f T

Fs
: 7

92
 T

Fs
 

(A
n

ae
r o

b
ic

 a
m

m
on

iu
m

 o
xi

d
at

io
n

 
m

ic
ro

b
ia

l c
om

m
u

n
it

y)
. A

C
C

 w
as

 
98

.6
9%

, r
ea

ch
ed

 in
 P

se
ud

om
on

as
 

fl
uo

re
sc

en
s.

/ 
A

n
 a

li
gn

m
en

t-
b

as
ed

 m
et

h
od

, 
Pr

ok
ka

 [1
23

].
 

Pr
ot

ei
n

/ 
T r

ai
n

in
g 

d
at

a:
 B

ac
T

FD
B,

 1
1 

96
1 

T
Fs

 d
is

tr
ib

u
te

d
 

in
 9

9 
ty

p
es

 o
f T

F 
fa

m
il

ie
s,

 a
va

il
ab

le
 a

t h
tt

p
s:

//
 

gi
th

u
b.

co
m

/m
d

su
fz

/P
re

d
ic

T
F.

 T
es

ti
n

g 
d

at
a:

 a
n

 
an

ae
r o

b
ic

 a
m

m
on

iu
m

-o
xi

d
is

in
g 

m
ic

ro
b

io
m

e 
(N

C
B

I P
R

JN
A

51
10

11
).

 

It
 ca

n
b

e
u

se
d

w
it

h
n

o
p

re
vi

ou
s

kn
ow

le
d

ge
 

re
ga

rd
in

g 
T

Fs
. I

t i
s 

fa
st

, a
n

d
 it

 r
eq

u
ir

es
 lo

w
 

m
em

or
y 

w
h

en
 c

om
p

ar
ed

 to
 B

la
st

-b
as

ed
 

an
n

ot
at

io
n

. A
s 

a 
u

se
r-

fr
ie

n
d

ly
 to

ol
 w

it
h

 h
ig

h
 

p
re

ci
si

on
, c

ou
ld

 b
e 

co
n

si
d

er
ed

 o
ve

r 
tr

ad
it

io
n

al
 

m
et

h
od

s.
/ 

W
h

il
e 

th
e 

B
ac

T
FD

B
 d

at
ab

as
e 

is
 r

eg
u

la
rl

y 
u

p
d

at
ed

, i
t m

ay
 s

ti
ll

 fa
ce

 li
m

it
at

io
n

s 
in

 te
rm

s 
of

 d
iv

er
si

ty
 a

n
d

 s
eq

u
en

ce
 in

cl
u

si
on

. I
t w

as
 n

ot
 

ab
le

 to
 p

re
d

ic
t n

ew
 T

Fs
 fo

r 
al

l o
rg

an
is

m
s.

 
T

ia
ra

 [1
24

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/i
b

e-
u

w
/t

ia
ra

 

C
N

N
/ 

k-
m

er
s 

A
C

C
 o

f 9
8.

93
%

 fo
r 

p
ro

ka
ry

ot
ic

 
ge

n
om

es
 a

n
d

 9
8.

83
%

 fo
r 

n
u

cl
ea

r 
eu

ka
ry

ot
ic

 g
en

om
es

 (t
es

t 
d

at
as

et
).

 A
C

C
 w

as
 9

9.
60

%
 fo

r 
p

la
st

id
ia

l a
n

d
 9

8.
86

%
 fo

r 
m

it
oc

h
on

d
ri

al
 g

en
om

es
./

 
Eu

kR
ep

 [1
25

],
 a

 m
od

el
-b

as
ed

 to
ol

. 

C
la

ss
if

ic
at

io
n

 o
f e

u
ka

ry
ot

ic
 n

u
cl

ea
r/

 
T r

ai
n

in
g 

d
at

as
et

 c
on

si
st

s 
of

 8
,2

20
 g

en
om

ic
 

se
q

u
en

ce
s:

 E
u

ka
ry

ot
ic

 g
en

om
es

 (4
,3

81
 

se
q

u
en

ce
s)

, B
ac

te
ri

al
 g

en
om

es
 (1

86
0 

se
q

u
en

ce
s)

, a
n

d
 A

rc
h

ae
al

 g
en

om
es

 (1
97

9 
se

q
u

en
ce

s)
. T

es
t d

at
as

et
 c

on
si

st
s 

of
 5

50
 

ge
n

om
es

 fr
om

 th
e 

th
re

e 
d

om
ai

n
s 

of
 li

fe
 (1

65
 

Eu
ka

ry
a,

 3
06

 B
ac

te
ri

a 
an

d
 7

9 
A

rc
h

ae
a)

, w
h

ic
h

 
w

er
e 

n
ot

 p
re

se
n

t i
n

 th
e 

tr
ai

n
in

g 
d

at
as

et
. R

ea
l 

te
st

 d
at

a:
 m

et
ag

en
om

e 
of

 P
se

ud
ob

le
ph

ar
is

m
a 

te
nu

e 
[1

26
] a

n
d

 T
ar

a 
O

ce
an

s 
D

at
as

et
 (N

C
B

I 
SR

A
: E

R
R

17
26

57
4,

 E
R

R
17

26
67

3,
 E

R
R

86
84

02
).

 

W
h

en
 u

si
n

g 
p

ar
al

le
l e

xe
cu

ti
on

, m
ak

in
g 

it
 

h
ig

h
ly

 e
ff

ic
ie

n
t f

or
 la

rg
e-

sc
al

e 
d

at
as

et
s.

 T
h

e 
on

ly
 a

va
il

ab
le

 to
ol

 th
at

 c
or

re
ct

ly
 c

la
ss

if
ie

s 
or

ga
n

el
la

r 
se

q
u

en
ce

s 
(m

it
oc

h
on

d
ri

al
 a

n
d

 
p

la
st

id
ia

l g
en

om
es

) i
n

 m
et

ag
en

om
ic

 d
at

as
et

s.
/ 

T
h

e 
cl

as
si

fi
ca

ti
on

 A
C

C
 d

ec
re

as
es

 w
it

h
 s

h
or

te
r 

se
q

u
en

ce
 le

n
gt

h
s.

 It
 m

ay
 m

is
cl

as
si

fy
 N

U
M

T
s 

(n
u

cl
ea

r 
m

it
oc

h
on

d
ri

al
 D

N
A

 fr
ag

m
en

ts
) a

n
d

 
N

U
PT

s 
(n

u
cl

ea
r 

p
la

st
id

 D
N

A
 fr

ag
m

en
ts

),
 

as
si

gn
in

g 
th

em
 a

s 
or

ga
n

el
la

r 
se

q
u

en
ce

s.
 

D
ee

p
V

ir
Fi

n
d

er
 [1

00
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

je
ss

ie
re

n
/D

ee
p

V
ir

Fi
n

d
er

 

C
N

N
/ 

O
n

e 
h

ot
 

A
U

R
O

C
 v

al
u

es
 w

er
e 

ob
se

rv
ed

 fo
r 

30
00

-b
p

 s
eq

u
en

ce
s,

 w
it

h
 a

 m
ea

n
 

va
lu

e 
of

 0
.9

8.
 A

U
PR

C
, f

or
 c

on
ti

gs
 

of
 le

n
gt

h
 g

re
at

er
 th

an
 5

00
 b

p,
 

b
ei

n
g 

of
 0

.9
29

6.
/ 

V
ir

Fi
n

d
er

 [1
27

],
 w

h
ic

h
 is

 a
 

m
od

el
-b

as
ed

 to
ol

. 

V
ir

al
/ 

A
 to

ta
l o

f 2
31

4 
re

fe
re

n
ce

 g
en

om
es

 o
f 

p
ro

ka
ry

ot
ic

 v
ir

u
se

s 
w

er
e 

ob
ta

in
ed

 fr
om

 th
e 

N
C

B
I R

ef
Se

q
 d

at
ab

as
e 

(h
tt

p
s:

//
w

w
w

.n
cb

i.n
lm

. 
n

ih
.g

ov
/g

en
om

e/
b

ro
w

se
)

fo
r

 us
e

in
th

e
 

tr
ai

n
in

g,
 v

al
id

at
io

n
, a

n
d

 te
st

 p
h

as
es

. T
h

e 
ge

n
om

es
 w

er
e 

se
le

ct
ed

 b
as

ed
 o

n
 th

e 
d

at
e 

of
 

d
is

co
ve

ry
 a

n
d

 w
er

e 
sp

li
t i

n
to

 s
ep

ar
at

e 
se

ts
 to

 
av

oi
d

 o
ve

rl
ap

. R
ea

l d
at

a:
 h

u
m

an
 g

u
t 

m
et

ag
en

om
ic

 s
am

p
le

s 
fr

om
 p

at
ie

n
ts

 w
it

h
 

co
lo

re
ct

al
 c

ar
ci

n
om

a 
(E

N
A

 a
cc

es
si

on
 n

u
m

b
er

 
ER

P0
05

53
4)

. 

It
 s

h
ow

s 
ro

b
u

st
n

es
s 

an
d

 a
b

il
it

y 
to

 h
an

d
le

 
sh

or
t v

ir
al

 c
on

ti
gs

 (s
u

ch
 a

s 
30

0 
an

d
 5

00
 b

p
) 

ef
fe

ct
iv

el
y.

 A
b

il
it

y 
to

 id
en

ti
fy

 
u

n
d

er
re

p
re

se
n

te
d

 v
ir

al
 g

ro
u

p
s,

 im
p

ro
ve

d
 th

e 
p

re
d

ic
ti

on
 A

C
C

 fo
r 

vi
ra

l g
ro

u
p

s 
th

at
 a

re
 

u
n

d
er

re
p

re
se

n
te

d
./

 
Po

te
n

ti
al

 fo
r 

m
is

id
en

ti
fi

ca
ti

on
 w

it
h

 
m

et
ag

en
om

ic
 s

am
p

le
s 

co
n

ta
in

 e
u

ka
ry

ot
ic

 
co

n
ta

m
in

at
io

n
. S

en
si

ti
vi

ty
 to

 v
ir

al
 g

ro
u

p
s 

w
it

h
 

h
ig

h
 r

ep
re

se
n

ta
ti

on
, t

h
at

 is
, w

h
en

 th
e 

m
od

el
 

w
as

 tr
ai

n
ed

 u
si

n
g 

th
e 

en
la

rg
ed

 d
at

as
et

, t
h

e 
A

U
R

O
C

s 
fo

r 
th

e 
tw

o 
m

os
t a

b
u

n
d

an
t v

ir
al

 
ty

p
es

 w
er

e 
d

ec
re

as
ed

. 

(C
on

ti
nu

ed
) 

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


Neural networks and binning | 9

Ta
b

le
 4

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

Ed
ee

p
V

PP
 a

n
d

 
Ed

ee
p

V
PP

-h
yb

ri
d

 [1
28

] 
N

O
-U

R
L 

C
N

N
+ 

LS
T

M
/ 

O
n

e-
h

ot
 

A
U

C
R

O
C

 a
ch

ie
ve

d
 w

as
 0

.9
97

6 
(t

h
e 

20
14

_G
1 

d
at

as
et

),
 a

n
d

 
A

U
C

PR
 w

as
 0

.9
97

1 
(t

h
e 

20
14

_G
1 

d
at

as
et

).
/ 

M
od

el
-b

as
ed

 m
et

h
od

: V
ir

aM
in

er
 

[1
29

].
 F

u
rt

h
er

m
or

e,
 th

e 
re

su
lt

s 
w

er
e 

co
n

tr
as

te
d

 w
it

h
 th

os
e 

(t
h

eo
ri

ca
l)

 o
b

ta
in

ed
 fr

om
 f

iv
e 

ad
d

it
io

n
al

 to
ol

s.
 

V
ir

al
/ 

T r
ai

n
in

g,
 v

al
id

at
io

n
, a

n
d

 te
st

 d
at

a:
 c

on
si

st
s 

of
 

h
u

m
an

 m
et

ag
en

om
ic

 c
on

ti
g 

ex
p

er
im

en
ts

 
d

er
iv

ed
 fr

om
 h

u
m

an
 s

am
p

le
s.

 1
9 

d
if

fe
re

n
t 

m
et

ag
en

om
ic

 c
on

ti
g 

ex
p

er
im

en
ts

 c
ol

le
ct

ed
 

fr
om

 N
G

S 
st

u
d

ie
s 

ar
e 

in
cl

u
d

ed
. T

h
ey

 c
on

ta
in

 
30

0-
b

p
 c

on
ti

gs
. T

h
e 

d
et

ai
ls

 o
f t

h
es

e 
d

at
as

et
s 

ar
e 

d
es

cr
ib

ed
 in

 V
ir

aM
in

er
 [ 1

29
].

 

T
h

e 
in

te
rp

re
ta

b
le

 c
ap

ab
il

it
y 

of
 th

e 
m

od
el

 
al

lo
w

s 
it

 to
 e

xt
ra

ct
 u

n
d

er
ly

in
g 

p
at

te
rn

s 
th

at
 

ar
e 

b
io

lo
gi

ca
ll

y 
re

le
va

n
t,

 w
h

ic
h

 e
n

h
an

ce
s 

th
e 

ex
p

la
in

ab
il

it
y 

of
 th

e 
re

su
lt

s.
 A

b
il

it
y 

to
 

ge
n

er
al

iz
e 

w
el

l a
cr

os
s 

d
if

fe
re

n
t d

at
as

et
s 

an
d

 
to

 r
ec

om
m

en
d

 v
ir

al
 s

eq
u

en
ce

s 
th

at
 w

er
e 

n
ot

 
in

cl
u

d
ed

 in
 th

e 
tr

ai
n

in
g 

se
t.

/ 
T

h
e 

co
m

p
u

ta
ti

on
al

 c
os

t o
f t

ra
in

in
g 

d
ee

p
 

le
ar

n
in

g 
m

od
el

s 
is

 s
ig

n
if

ic
an

tl
y 

h
ig

h
. T

h
e 

re
q

u
ir

em
en

t o
f a

 la
rg

e 
n

u
m

b
er

 o
f l

ab
el

ed
 

se
q

u
en

ce
s 

fo
r 

tr
ai

n
in

g 
li

m
it

s 
th

e 
to

ol
’s

 
ap

p
li

ca
b

il
it

y,
 m

ak
in

g 
it

 le
ss

 e
ff

ec
ti

ve
 in

 
sc

en
ar

io
s 

w
it

h
 in

su
ff

ic
ie

n
t t

ra
in

in
g 

d
at

a.
 

M
LR

-O
O

D
 [1

30
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

xi
n

b
ai

u
sc

/M
LR

-O
O

D
 

LS
T

M
/ 

O
n

e-
h

ot
 

A
U

R
O

C
 a

n
d 

A
U

PR
C

 w
er

e 
co

n
si

st
en

tl
y 

ab
ov

e 
0.

9 
fo

r 
co

n
ti

gs
 

of
 a

t l
ea

st
 1

00
0 

b
p

 a
cr

os
s 

al
l 

d
at

as
et

s.
/ 

M
od

el
-b

as
ed

 m
et

h
od

s:
 L

ik
el

ih
oo

d
 

R
at

io
 m

et
h

od
 [1

31
] a

n
d

 m
ax

-L
L 

(p
r o

p
os

ed
 in

 t h
is

 p
ap

er
).

 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
/ 

T r
ai

n
in

g 
an

d
 te

st
 d

at
a:

 c
on

ti
gs

 fr
om

 tw
o 

su
b

se
ts

 c
on

si
st

ed
 o

f b
ac

te
ri

al
 s

eq
u

en
ce

s:
 

Te
st

20
16

, w
h

ic
h

 w
as

 c
on

st
ru

ct
ed

 in
 [1

31
],

 a
n

d
 

T e
st

20
18

, w
h

ic
h

 w
as

 g
en

er
at

ed
 u

si
n

g 
th

e 
sa

m
e 

p
ro

ce
d

u
re

 w
it

h
 w

h
ic

h
 th

e 
fo

rm
er

 w
as

 
co

n
st

ru
ct

ed
. T

h
e 

th
ir

d
 s

u
b

se
t c

on
si

st
ed

 o
f 

12
95

 p
ro

ka
ry

ot
ic

 v
ir

al
 g

en
om

es
 a

n
d

 8
18

 
ge

n
om

es
 o

f p
la

sm
id

s.
 A

ll
 th

e 
d

at
a 

u
se

d
 a

re
 

av
ai

la
b

le
 a

t h
tt

p
s:

//
d

ri
ve

.g
oo

gl
e.

co
m

/d
ri

ve
/ 

fo
ld

er
s/

1K
z0

kQ
_D

1V
W

Y
q

A
-G

D
ld

78
3O

7H
8 

A
zN

u
H

kC
 

It
 e

li
m

in
at

es
 th

e 
n

ee
d

 fo
r 

tu
n

in
g 

m
od

el
 

p
ar

am
et

er
s 

an
d

 a
ch

ie
ve

s 
re

m
ar

ka
b

ly
 h

ig
h

er
 

p
re

d
ic

ti
on

 A
C

C
 a

cr
os

s 
al

l t
es

te
d

 d
at

as
et

s.
 

H
ig

h
ly

 r
ob

u
st

 to
 G

C
 c

on
te

n
t.

/ 
H

ig
h

 c
om

p
u

ta
ti

on
al

 r
es

ou
rc

e.
 T

h
e 

im
p

ro
ve

m
en

t i
n

 p
re

d
ic

ti
on

 A
C

C
 o

n
 v

ir
al

 a
n

d
 

p
la

sm
id

 d
at

as
et

s 
is

 li
m

it
ed

. 

Ph
aM

er
 [1

32
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

K
en

n
th

Sh
an

g/
Ph

aM
er

 

Tr
an

sf
or

m
er

/ 
Pr

ot
ei

n
 c

om
p

os
it

io
n

+ 
th

e 
p

r o
te

in
s’

 p
os

it
io

n
s 

O
n

 th
e 

sh
or

t c
on

ti
g 

te
st

 s
et

, t
h

e 
p

r e
ci

si
on

 is
 a

ro
u

n
d

 0
.8

. O
n

 th
e 

IM
G

/V
R

 v
3 

d
at

as
et

, t
h

e 
re

ca
ll

 is
 

ar
ou

n
d

 0
.8

5.
 O

n
 th

e 
m

oc
k 

m
et

ag
en

om
ic

 d
at

as
et

, P
h

aM
er

 
ac

h
ie

ve
d

 a
n

 F
1-

sc
or

e 
th

at
 is

 
ar

ou
n

d
 0

.6
./

 
A

li
gn

m
en

t-
b

as
ed

 m
et

h
od

: 
V

ir
So

rt
er

 [1
10

] a
n

d
 fo

u
r 

le
ar

n
in

g-
b

as
ed

 m
et

h
od

s:
 S

ee
ke

r 
[1

33
],

 D
ee

p
V

ir
fi

n
d

er
 [1

00
],

 
V

ir
Fi

n
d

er
 [1

27
] a

n
d

 P
PR

-m
et

a 
[1

01
].

 

V
ir

al
/ 

21
26

 b
ac

te
ri

op
h

ag
e 

ge
n

om
es

 fr
om

 th
e 

N
C

B
I 

R
ef

Se
q

 d
at

ab
as

e 
(h

tt
p

s:
//

w
w

w
.n

cb
i.n

lm
.n

ih
. 

go
v/

re
fs

eq
/)

 r
el

ea
se

d
 b

ef
or

e 
D

ec
em

b
er

 2
01

8.
 

T e
st

 d
at

a:
 a

ft
er

 D
ec

em
b

er
 2

01
8 

w
er

e 
u

se
d

 a
s 

th
e 

te
st

 s
et

, i
n

cl
u

d
in

g 
22

84
 b

ac
te

ri
op

h
ag

e 
ge

n
om

es
. R

ea
l d

at
a:

 in
cl

u
d

es
 m

oc
k 

co
m

m
u

n
it

y 
se

q
u

en
ci

n
g 

d
at

a 
fr

om
 th

e 
EN

A
 

(B
io

Pr
oj

ec
t P

R
JE

B
19

90
1)

, a
s 

w
el

l a
s 

vi
ra

l 
co

n
ti

gs
 e

xt
ra

ct
ed

 fr
om

 IM
G

/V
R

 v
3 

[ 1
34

].
 

M
or

e 
ro

b
u

st
 p

er
fo

rm
an

ce
 th

an
 o

th
er

s 
on

 
sh

or
t c

on
ti

gs
. B

et
te

r 
ge

n
er

al
iz

at
io

n
 to

 r
ea

l 
m

et
ag

en
om

ic
 d

at
a,

 a
d

d
re

ss
in

g 
th

e 
ch

al
le

n
ge

 
of

 lo
ca

l s
im

il
ar

it
ie

s 
b

et
w

ee
n

 p
h

ag
es

 a
n

d
 th

ei
r 

h
os

ts
,/

 
H

ig
h

 c
om

p
u

ta
ti

on
al

 r
es

ou
rc

e 
d

em
an

d
s.

 
Tr

ad
e-

of
f b

et
w

ee
n

 r
ec

al
l a

n
d

 p
re

ci
si

on
, w

h
er

e 
th

e 
E-

va
lu

e 
cu

to
ff

 in
 p

ro
te

in
 m

at
ch

in
g 

af
fe

ct
s 

p
er

fo
rm

an
ce

. 

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/


10 | Herazo-Álvarez et al.

Ta
b

le
 5

. 
Su

m
m

ar
y 

of
 n

eu
ra

l n
et

w
or

ks
 fo

r 
su

p
er

vi
se

d
 b

in
n

in
g 

of
 s

eq
u

en
ce

s,
 a

n
d

 th
ei

r 
m

ai
n

 fe
at

u
re

s 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

V
IB

R
A

N
T

 [1
44

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
A

n
an

th
ar

am
an

La
b

/ 
V

IB
R

A
N

T
 

M
LP

/ 
Pr

ot
ei

n
 s

ig
n

at
u

re
s

+ 
v-

sc
or

e 
m

et
ri

c 

R
ec

al
l w

as
 9

8.
43

%
 (v

ir
al

 fr
ag

m
en

t d
at

as
et

 
fr

om
 N

C
B

I R
ef

Se
q

 a
n

d
 G

en
B

an
k 

d
at

ab
as

es
).

 P
re

ci
si

on
 w

as
 9

9.
87

%
 (t

h
e 

vi
ra

l d
at

as
et

).
 A

C
C

 o
f 9

9.
15

%
 a

cr
os

s 
th

e 
d

at
as

et
s.

 S
p

ec
if

ic
it

y 
re

ac
h

ed
 9

9.
90

%
 fo

r 
b

ac
te

ri
al

/a
rc

h
ae

al
 fr

ag
m

en
ts

 a
n

d
 9

8.
90

%
 

fo
r 

p
la

sm
id

 fr
ag

m
en

ts
. F

1-
sc

or
e 

w
as

 0
.9

91
 

on
 v

ir
al

 fr
ag

m
en

t d
at

a.
 M

C
C

 o
f 0

.9
83

, i
n

 
d

is
ti

n
gu

is
h

in
g 

vi
ra

l f
ro

m
 n

on
-v

ir
al

 
se

q
u

en
ce

s.
/ 

M
od

el
-b

as
ed

 m
et

h
od

s:
 V

ir
So

rt
er

 [1
10

],
 

V
ir

Fi
n

d
er

 [1
27

],
 a

n
d

 M
A

RV
EL

 [1
02

].
 

V
ir

al
/ 

Tr
ai

n
in

g 
an

d
 te

st
 d

at
a:

 in
cl

u
d

es
 s

eq
u

en
ce

s 
fr

om
 

b
ac

te
ri

a/
ar

ch
ae

a 
(1

81
),

 p
la

sm
id

s 
(1

45
2)

, a
n

d
 

vi
ru

se
s 

(1
5 

23
8)

, d
ow

n
lo

ad
ed

 fr
om

 R
ef

Se
q

 a
n

d
 

G
en

B
an

k 
d

at
ab

as
es

 (N
C

B
I)

, a
cc

es
se

d
 in

 Ju
ly

 2
01

9.
 

A
ll

 s
eq

u
en

ce
s 

w
er

e 
sp

li
t i

n
to

 n
on

-o
ve

rl
ap

p
in

g,
 

n
on

-r
ed

u
n

d
an

t f
ra

gm
en

ts
 b

et
w

ee
n

 3
 a

n
d

 1
5 

kb
. 

R
ea

l d
at

a:
 m

et
ag

en
om

ic
 r

ea
d

s 
of

 C
ro

h
n

’s
 d

is
ea

se
 

m
et

ag
en

om
es

 fr
om

 [1
45

].
 

N
ot

 li
m

it
ed

 b
y 

se
q

u
en

ce
 m

ot
if

s 
or

 d
at

ab
as

es
, 

m
ea

n
in

g 
it

 c
an

 r
ec

ov
er

 b
ot

h
 fr

ee
 v

ir
u

se
s 

an
d

 
p

ro
vi

ru
se

s 
fr

om
 m

et
ag

en
om

ic
 d

at
a.

 S
u

p
er

io
r 

p
er

fo
rm

an
ce

 in
 s

p
ec

if
ic

it
y 

an
d

 r
ec

al
l,

 m
ak

in
g 

fe
w

er
 fa

ls
e 

id
en

ti
fi

ca
ti

on
s 

co
m

p
ar

ed
 to

 o
th

er
 

to
ol

s.
/ 

D
es

ig
n

ed
 to

 e
xc

lu
d

e 
sh

or
t s

ca
ff

ol
d

s.
 T

h
is

 
re

st
ri

ct
io

n
 c

ou
ld

 li
m

it
 it

s 
ab

il
it

y 
to

 id
en

ti
fy

 v
ir

u
se

s 
in

 a
ss

em
b

li
es

 w
h

er
e 

sh
or

t f
ra

gm
en

ts
 a

re
 c

om
m

on
. 

Fo
cu

s 
on

 b
ac

te
ri

al
 a

n
d

 a
rc

h
ae

al
 v

ir
u

se
s,

 it
 m

ay
 n

ot
 

b
e 

as
 e

ff
ec

ti
ve

 in
 r

ec
ov

er
in

g 
vi

ra
l g

en
om

es
 fr

om
 

ot
h

er
 d

om
ai

n
s.

 
N

LP
-M

eT
ax

a 
[1

46
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

p
ad

ri
b

a/
N

LP
_M

eT
ax

a/
 

M
LP

/ 
W

or
d

 e
m

b
ed

d
in

gs
 

Pr
ec

is
io

n
: 8

3.
59

%
 (C

A
M

I-
M

ed
iu

m
),

 re
ca

ll
: 

62
.3

7%
 (C

A
M

I-
H

ig
h

),
 a

n
d

 F
1-

sc
or

e:
 6

5.
89

%
 

(C
A

M
I-

H
ig

h
).

/ 
A

li
gn

m
en

t-
b

as
ed

 m
et

h
od

: K
ra

ke
n

 [7
9]

. 
M

od
el

-b
as

ed
 m

et
h

od
s:

 P
h

yl
oP

yt
h

ia
S+

 
[1

47
] a

n
d

 T
ax

at
or

-t
k 

[1
48

].
 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
/ 

Tr
ai

n
in

g 
d

at
a:

 tr
ai

n
ed

 u
si

n
g 

ov
er

 1
4 

00
0 

m
ic

ro
b

ia
l 

ge
n

om
es

 fr
om

 th
e 

N
C

B
I R

ef
Se

q
 d

at
ab

as
e.

 T
es

t 
d

at
a 

in
cl

u
d

ed
 s

im
u

la
te

d
 d

at
as

et
s 

fr
om

 th
e 

Fi
rs

t 
C

A
M

I c
h

al
le

n
ge

 [1
49

],
 w

it
h

 th
re

e 
su

b
 d

at
as

et
s:

 lo
w

, 
m

ed
iu

m
, a

n
d

 h
ig

h
 c

om
p

le
xi

ty
. R

ea
l d

at
a 

co
n

si
st

s 
of

 m
et

ag
en

om
e 

sa
m

p
le

s 
fr

om
 tw

o 
ob

es
e 

h
u

m
an

 
tw

in
s’

 g
u

ts
, u

se
d

 in
 p

re
vi

ou
s 

m
ic

ro
b

io
m

e 
st

u
d

ie
s 

[ 1
50

].
 

It
 o

u
tp

er
fo

rm
s 

ot
h

er
 to

ol
s,

 e
sp

ec
ia

ll
y 

in
 c

la
ss

if
yi

n
g 

lo
w

-r
an

ki
n

g 
ta

xo
n

om
ic

 c
la

ss
es

 s
u

ch
 a

s 
sp

ec
ie

s 
an

d
 g

en
u

s.
 It

 o
ff

er
s 

a 
re

d
u

ce
d

 p
ro

ce
ss

in
g 

ti
m

e 
p

er
 

n
u

cl
eo

ti
d

e,
 a

ch
ie

vi
n

g 
an

 a
ve

ra
ge

 o
f 2

.8
 m

s/
n

u
cl

, 
w

h
ic

h
 is

 fa
st

er
 th

an
 tr

ad
it

io
n

al
 m

et
h

od
s 

li
ke

 
K

ra
ke

n
./

 
T

h
e 

A
C

C
 is

 p
ot

en
ti

al
ly

 li
m

it
ed

 b
y 

th
e 

av
ai

la
b

il
it

y 
an

d
 c

om
p

re
h

en
si

ve
n

es
s 

of
 r

ef
er

en
ce

 g
en

om
es

 in
 

p
u

b
li

c 
d

at
ab

as
es

. M
od

el
 c

om
p

le
xi

ty
 in

 tr
ai

n
in

g 
an

d
 r

eq
u

ir
e 

si
gn

if
ic

an
t c

om
p

u
ta

ti
on

al
 r

es
ou

rc
es

. 
T

h
e 

co
m

p
le

xi
ty

 o
f t

h
e 

m
od

el
 b

ei
n

g 
tr

ai
n

ed
 c

an
 

n
ec

es
si

ta
te

 th
e 

u
ti

li
sa

ti
on

 o
f s

u
b

st
an

ti
al

 
co

m
p

u
ta

ti
on

al
 r

es
ou

rc
es

. 
Pr

ed
ic

t M
IC

s 
[1

51
] 

N
o-

U
R

L 
re

po
rt

ed
 

M
LP

+ 
LS

T
M

/ 
k-

m
er

s
+ 

Si
n

gl
e-

n
u

cl
eo

ti
d

e 
p

ol
ym

or
p

h
is

m
 

A
C

C
 o

f 9
1.

9%
 u

si
n

g 
k-

m
er

s,
 C

oe
ff

ic
ie

n
t o

f 
d

et
er

m
in

at
io

n
, w

as
 0

.8
36

 u
si

n
g 

k-
m

er
s,

 
an

d
 R

oo
t M

ea
n

 S
q

u
ar

e 
Er

ro
r 

of
 1

.9
55

 
u

si
n

g 
k-

m
er

s.
/ 

X
G

B
oo

st
, a

 m
od

el
-b

as
ed

 m
et

h
od

 
p

re
se

n
te

d
 h

er
e.

 

A
n

ti
m

ic
ro

b
ia

l/
-

Tr
ai

n
in

g 
d

at
a:

 m
et

ag
en

om
ic

 s
eq

u
en

ce
s 

of
 

K
le

b
si

el
la

 p
n

eu
m

on
ia

e 
ge

n
om

es
. T

h
e 

st
u

d
y 

in
cl

u
d

es
 1

10
 g

en
om

e 
sa

m
p

le
s.

 T
h

e 
se

q
u

en
ce

 d
at

a 
ca

n
 b

e 
ac

ce
ss

ed
 v

ia
 th

e 
N

C
B

I B
io

Pr
oj

ec
t a

cc
es

s 
n

u
m

b
er

s 
PR

JN
A

37
64

14
, P

R
JN

A
38

66
93

, a
n

d
 

PR
JN

A
39

67
74

 (N
C

B
I S

R
A

 a
cc

es
s 

n
u

m
b

er
 a

va
il

ab
le

 
in

 s
u

p
p

le
m

en
ta

ry
 m

at
er

ia
ls

).
 T

es
t a

n
d

 tr
ai

n
in

g 
se

ts
 w

er
e 

sp
li

t w
it

h
 a

n
 8

0:
20

 r
at

io
. H

S1
12

86
1 

w
as

 
se

le
ct

ed
 to

 b
e 

re
fe

re
n

ce
 g

en
om

e 
fo

r 
SN

P 
ca

ll
in

g 
(N

C
B

I S
R

A
 a

cc
es

s 
n

u
m

b
er

 a
va

il
ab

le
 in

 
su

p
p

le
m

en
ta

ry
 m

at
er

ia
ls

 fr
om

 [1
52

])
. 

T
h

e 
u

se
 o

f a
 to

p
 4

0 
fe

at
u

re
-b

as
ed

 m
od

el
 a

ll
ow

ed
 

to
 fo

cu
s 

on
 th

e 
m

os
t i

m
p

or
ta

n
t g

en
om

ic
 

ch
ar

ac
te

ri
st

ic
s,

 im
p

ro
vi

n
g 

th
e 

p
re

d
ic

ti
on

 m
od

el
’s

 
ef

fi
ci

en
cy

 w
h

il
e 

av
oi

d
in

g 
ov

er
fi

tt
in

g.
 T

h
e 

D
N

N
 

m
od

el
 c

on
si

st
en

tl
y 

ac
h

ie
ve

d
 h

ig
h

er
 A

C
C

, 
p

ar
ti

cu
la

rl
y 

in
 p

re
d

ic
ti

n
g 

M
IC

 v
al

u
es

./
 

Sm
al

l s
am

p
le

 s
iz

e 
li

m
it

s 
th

e 
m

od
el

’s
 p

er
fo

rm
an

ce
, 

th
is

 c
ou

ld
 r

es
tr

ic
t t

h
e 

ge
n

er
al

iz
ab

il
it

y 
of

 th
e 

re
su

lt
s 

to
 la

rg
er

 d
at

as
et

s.
 D

N
N

 m
od

el
 r

eq
u

ir
ed

 
si

gn
if

ic
an

t c
om

p
u

ta
ti

on
al

 r
es

ou
rc

es
 fo

r 
tr

ai
n

in
g 

co
m

p
ar

ed
 to

 X
G

B
oo

st
. 

(C
on

ti
nu

ed
) 

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/


Neural networks and binning | 11

Ta
b

le
 5

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

C
N

N
-R

A
I [

15
3]

 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
m

ry
m

al
ti

n
/C

N
N

-R
A

I 

C
N

N
/ 

k-
m

er
s 

A
C

C
 w

as
 a

ro
u

n
d

 9
8%

 (f
or

 s
eq

u
en

ce
s 

w
it

h
 

10
 0

00
 b

p
 r

ea
d

 le
n

gt
h

).
 T

ra
in

in
g 

ti
m

e 
an

d
 

te
st

 ti
m

e 
w

er
e 

m
ea

su
re

d
 fo

r 
ea

ch
 

M
od

el
-b

as
ed

 m
et

h
od

s:
 R

A
Ip

h
y 

[1
54

]
an

d
 

C
N

N
-C

O
k 

[7
5]

. 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
/ 

Tr
ai

n
ed

 a
n

d
 te

st
ed

 w
it

h
 1

0-
fo

ld
 c

ro
ss

 v
al

id
at

io
n

. 
T

h
re

e 
d

if
fe

re
n

t d
at

as
et

s 
re

p
re

se
n

ti
n

g 
th

re
e 

d
if

fe
re

n
t s

ce
n

ar
io

s.
 W

h
ol

e 
G

en
om

e 
Se

q
u

en
ci

n
g,

 
si

m
u

la
te

d
 u

si
n

g 
Il

lu
m

in
a 

te
ch

n
ol

og
y 

w
it

h
 

d
if

fe
re

n
t r

ea
d

 le
n

gt
h

s 
fr

om
 7

57
 m

ic
ro

b
ia

l s
p

ec
ie

s 
an

d
 6

1 
ge

n
er

a;
 1

6S
 r

R
N

A
, s

im
u

la
te

d
 m

et
ag

en
om

ic
 

fr
ag

m
en

ts
 g

at
h

er
ed

 fr
om

 th
e 

R
D

P 
d

at
ab

as
e,

 
co

n
ta

in
in

g 
10

0 
ge

n
er

a,
 e

ac
h

 r
ep

re
se

n
te

d
 b

y 
10

 
sp

ec
ie

s.
 L

on
g-

R
ea

d
 M

et
ag

en
om

ic
 S

eq
u

en
ci

n
g,

 re
al

 
d

at
a 

ob
ta

in
ed

 fr
om

 th
e 

O
xf

or
d

 N
an

op
or

e 
M

in
IO

N
 

se
q

u
en

ci
n

g 
te

ch
n

ol
og

y 
w

it
h

 s
ix

 g
en

er
a 

(N
C

B
I S

R
A

: 
ER

R
18

98
31

2,
 E

R
R

14
74

98
1,

 S
R

R
51

17
44

1,
 

SR
R

52
77

60
1,

 S
R

R
53

44
35

5)
 

R
ob

u
st

 le
ar

n
in

g 
ab

il
it

y.
 It

 w
as

 p
ar

ti
cu

la
rl

y 
ef

fe
ct

i v
e 

in
 h

an
d

li
n

g 
n

oi
sy

 d
at

a,
 a

s 
ob

se
rv

ed
 w

it
h

 
O

xf
or

d
 N

an
op

or
e 

M
in

IO
N

 r
ea

d
s.

 T
h

e 
m

od
el

 
b

en
ef

it
s 

fr
om

 G
PU

 a
cc

el
er

at
io

n
, m

ak
in

g 
it

 s
u

it
ab

le
 

fo
r 

re
al

-t
im

e 
p

at
h

og
en

 d
et

ec
ti

on
 u

si
n

g 
re

al
-t

im
e 

se
q

u
en

ci
n

g 
te

ch
n

ol
og

ie
s.

/ 
O

ve
rf

it
ti

n
g 

on
 s

h
or

t r
ea

d
s,

 s
u

ch
 a

s 
th

e 
25

0-
b

p
 

re
ad

s 
in

 th
e 

sr
-1

6S
 d

at
as

et
. T

h
e 

m
od

el
 d

em
an

d
s 

h
ig

h
er

 m
em

or
y 

re
so

u
rc

es
 d

u
ri

n
g 

tr
ai

n
in

g,
 

es
p

ec
ia

ll
y 

fo
r 

la
rg

er
 k

-m
er

 s
iz

es
. 

V
ir

io
n

Fi
n

d
er

 [1
55

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
zh

en
ch

en
gf

an
g/

 
V

ir
io

n
Fi

n
d

er
 

C
N

N
/ 

O
n

e-
h

ot
 

Se
n

si
ti

vi
ty

 o
f 9

4.
50

%
 w

as
 r

ec
or

d
ed

 in
 th

e 
fu

ll
-l

en
gt

h
 p

ro
te

in
 te

st
 d

at
as

et
, s

p
ec

if
ic

it
y 

w
as

 9
0.

07
%

 in
 th

e 
sa

m
e 

d
at

as
et

./
 

M
od

el
-b

as
ed

 m
et

h
od

s:
 iV

IR
EO

N
S 

[1
56

],
 

PV
Pr

ed
 [1

57
],

 P
V

P-
SV

M
 [1

58
],

 P
V

Pr
ed

-S
C

M
 

[1
59

],
 a

n
d

 M
et

a-
iP

V
P 

[1
60

].
 

V
ir

al
/ 

T
h

e 
tr

ai
n

in
g 

a n
d

 te
st

 d
at

a:
 w

er
e 

co
n

st
ru

ct
ed

 u
si

n
g 

co
m

p
le

te
 p

ro
ka

ry
ot

ic
 v

ir
u

s 
ge

n
om

es
 o

b
ta

in
ed

 
fr

om
 th

e 
N

C
B

I R
ef

Se
q

 v
ir

al
 d

at
ab

as
e 

(i
n

 N
ov

em
b

er
 

28
, 2

01
9,

 fr
om

 ft
p

:/
/f

tp
.n

cb
i.n

lm
.n

ih
.g

ov
/r

ef
se

q
/ 

re
le

as
e/

vi
ra

l/
).

 G
en

om
es

 r
el

ea
se

d
 b

ef
or

e 
20

18
 w

er
e 

u
se

d
 fo

r 
tr

ai
n

in
g.

 T
es

t d
at

a,
 c

on
ta

in
in

g 
ge

n
om

es
 

re
le

as
ed

 a
ft

er
 2

01
8.

 1
0-

fo
ld

 c
ro

ss
 v

al
id

at
io

n
 w

as
 

p
er

fo
rm

ed
. R

ea
l v

ir
om

e 
d

at
a:

 m
et

ag
en

om
ic

 d
at

a 
fr

om
 lu

n
g 

vi
ro

m
e 

sa
m

p
le

s 
(N

C
B

I S
R

A
: 

SR
R

52
24

15
8.

1)
 a

n
d

 2
2 

vi
ro

m
e 

sa
m

p
le

s 
of

 h
ea

lt
h

y 
h

u
m

an
 g

u
t f

ro
m

 [1
61

].
 

B
et

te
r 

p
er

fo
rm

an
ce

 th
an

 th
e 

ex
is

ti
n

g 
to

ol
s 

in
 

id
en

ti
fy

in
g 

PV
V

Ps
. R

ob
u

st
 p

er
fo

rm
an

ce
 o

n
 r

ea
l 

d
at

a 
an

d
 a

b
il

it
y 

to
 h

an
d

le
 in

co
m

p
le

te
 g

en
es

./
 

Po
te

n
ti

al
 fa

ls
e 

p
os

it
iv

es
, t

ra
in

in
g 

se
t d

id
 n

ot
 

in
cl

u
d

e 
b

ac
te

ri
al

 p
ro

te
in

s,
 th

e 
to

ol
 m

ay
 s

tr
u

gg
le

 to
 

d
is

ti
n

gu
is

h
 b

et
w

ee
n

 P
V

V
Ps

 a
n

d
 n

on
-P

V
V

Ps
 w

h
en

 
h

os
t c

on
ta

m
in

at
io

n
 a

re
 p

re
se

n
t.

 L
im

it
ed

 to
 

p
ro

ka
ry

ot
ic

 v
ir

u
se

s,
 it

s 
cu

rr
en

t t
ra

in
in

g 
se

t 
ex

cl
u

d
es

 e
u

ka
ry

ot
ic

 v
ir

u
se

s.
 

S
ee

ke
r 

[1
33

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
gu

ss
ow

/s
ee

ke
r 

LS
T

M
/ 

O
n

e-
h

ot
+ 

In
te

ge
rs

 
T

PR
 w

as
 0

.9
0 

(o
n

 e
n

vi
ro

n
m

en
ta

l 
se

q
u

en
ce

s 
fr

om
 p

h
ag

e 
fa

m
il

ie
s)

. B
al

an
ce

d
 

A
C

C
 o

f 8
4%

 (o
n

 s
h

or
t s

eq
u

en
ce

s 
m

im
ic

ki
n

g 
m

et
ag

en
om

ic
 d

at
a)

. P
re

ci
si

on
 

of
 a

ro
u

n
d

 0
.8

5 
(o

n
 h

ig
h

ly
 d

iv
er

ge
n

t p
h

ag
e 

se
q

u
en

ce
s)

./
 

M
od

el
-b

as
ed

 m
et

h
od

s:
 V

ir
So

rt
er

 [ 1
10

],
 

V
ir

Fi
n

d
er

 [1
27

],
 D

ee
p

V
ir

Fi
n

d
er

 [1
00

],
 

PP
R

-M
et

a 
[1

01
],

 a
n

d
 V

IB
R

A
N

T
 [1

44
].

 

V
ir

al
/ 

Tr
ai

n
in

g 
an

d
 te

st
 d

at
a:

 th
ou

sa
n

d
 o

f p
h

ag
e 

an
d

 
b

ac
te

ri
al

 g
en

om
es

 fr
om

 N
C

B
I h

tt
p

s:
//

w
w

w
.n

cb
i. 

n
lm

.n
ih

.g
ov

/ a
n

d
 h

tt
p

s:
//

w
w

w
.e

b
i.a

c.
u

k/
ge

n
om

es
/ 

p
h

ag
e.

h
tm

l w
er

e 
u

se
d

 (w
it

h
 th

e 
ac

ce
ss

io
n

s 
a v

ai
la

b
le

 in
 S

u
p

p
le

m
en

ta
ry

 T
ab

le
 S

1)
. d

at
as

et
s 

fr
om

 th
e 

IM
G

/V
R

 h
tt

p
s:

//
im

g.
jg

i.d
oe

.g
ov

/c
gi

-b
in

/ 
vr

/m
ai

n
.c

gi
, a

n
d

 a
ls

o 
d

ow
n

lo
ad

ed
 s

h
or

t p
h

ag
e 

an
d

 
b

ac
te

ri
al

 s
eq

u
en

ce
s 

(1
K

–5
K

 in
 le

n
gt

h
) f

ro
m

 N
C

B
I.

 
R

ea
l d

at
a:

 in
cl

u
d

in
g 

th
e 

h
u

m
an

 g
u

t a
n

d
 s

h
ee

p
 

ru
m

en
 m

ic
ro

b
io

m
es

 (N
C

B
I p

ro
je

ct
s:

 P
R

JE
B

22
62

3,
 

PR
JE

B
25

19
0,

 P
R

JN
A

50
47

65
, a

n
d

 P
R

JN
A

57
74

76
).

 

T
h

e 
n

u
m

b
er

 o
f p

ar
am

et
er

s 
u

se
d

 is
 r

el
at

iv
el

y 
sm

al
l,

 p
re

cl
u

d
in

g 
m

em
or

iz
at

io
n

 a
n

d
 o

ve
rf

it
ti

n
g 

an
d

 it
 d

oe
s 

n
ot

 r
eq

u
ir

e 
su

b
st

an
ti

ve
 c

om
p

u
ta

ti
on

al
 

re
so

u
rc

es
, c

om
p

ar
ed

 to
 o

th
er

 a
p

p
ro

ac
h

es
. T

h
e 

m
od

el
 is

 tr
ai

n
ed

 o
n

 s
eg

m
en

ts
 a

n
d

 th
u

s 
p

er
fo

rm
s 

b
et

te
r 

on
 s

h
or

te
r 

se
q

u
en

ce
s,

 w
h

ic
h

 is
 c

ri
ti

ca
l f

or
 

ap
p

li
ca

ti
on

 to
 m

et
ag

en
om

ic
 d

at
a.

/ 
It

 d
oe

s 
n

ot
 p

er
fe

ct
ly

 d
is

ti
n

gu
is

h
 p

h
ag

es
 fr

om
 

b
ac

te
ri

al
 g

en
om

es
, a

n
d

 s
om

e 
b

ac
te

ri
a 

an
d

 p
h

ag
es

 
ar

e 
m

is
cl

as
si

fi
ed

. S
ee

ke
r 

w
as

 n
ot

 tr
ai

n
ed

 to
 

id
en

ti
fy

 p
ro

p
h

ag
es

 w
it

h
in

 b
ac

te
ri

al
 g

en
om

es
 a

n
d

 
it

s 
ab

il
it

y 
to

 d
o 

so
 h

as
 n

ot
 b

ee
n

 te
st

ed
. 

(C
on

ti
nu

ed
) 

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


12 | Herazo-Álvarez et al.

Ta
b

le
 5

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

A
N

N
 m

od
el

/F
ea

tu
re

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

C
on

te
x

t/
D

at
as

et
s

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

V
ir

ti
fi

er
 [1

62
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

cr
az

yi
n

te
r/

Se
q

2V
ec

 

LS
T

M
/ 

O
n

e-
h

ot
 

A
U

R
O

C
 w

as
 0

.9
35

4 
(s

eq
u

en
ce

s 
of

 5
00

 b
p

 
in

 th
e 

te
st

 d
at

as
et

).
 A

U
PR

C
 w

as
 0

.6
28

6 
(t

h
e 

h
ig

h
ly

 im
b

al
an

ce
d

 C
A

M
I C

h
al

le
n

ge
 

D
at

as
et

 3
 C

A
M

I_
h

ig
h

 d
at

as
et

).
 V

ir
ti

fi
er

 
ou

tp
er

fo
rm

ed
 o

th
er

 to
ol

s 
in

 te
rm

s 
of

 
p

re
ci

si
on

, r
ec

al
l,

 a
n

d
 F

1-
sc

or
e,

 b
u

t e
xa

ct
 

va
lu

es
 fo

r 
th

es
e 

m
et

ri
cs

 a
p

p
ea

r 
in

 
su

p
p

le
m

en
ta

ry
 ta

b
le

s.
/ 

M
od

el
-b

as
ed

 m
et

h
od

s:
 V

ir
Fi

n
d

er
 [1

27
],

 
PP

R
-M

et
a 

[1
01

],
 a

n
d

 D
ee

p
V

ir
Fi

n
d

er
 [1

00
].

 

V
ir

al
/ 

T r
ai

n
in

g 
an

d
 te

st
 d

at
a:

T
h

e 
V

ir
al

 a
n

d
 h

os
t R

ef
Se

q
 

ge
n

om
es

 u
se

d
 a

re
 a

va
il

ab
le

 a
t h

tt
p

s:
//

d
x.

d
oi

. 
or

g/
10

.1
18

6/
s4

01
68

-0
17

-0
28

3-
5,

 it
 w

as
 d

iv
id

ed
 in

to
 

n
on

-o
ve

rl
ap

p
in

g 
se

q
u

en
ce

s 
of

 v
ar

io
u

s 
le

n
gt

h
s 

(3
00

, 5
00

, 1
00

0,
 3

00
0,

 5
00

0,
 1

0 
00

0 
b

p
).

 T
h

e 
C

A
M

I 
C

h
al

le
n

ge
 D

at
as

et
 3

 C
A

M
I_

h
ig

h
 d

at
as

et
 is

 
av

ai
la

b
le

 a
t h

tt
p

s:
//

d
at

a.
ca

m
i-

ch
al

le
n

ge
.o

rg
/ 

p
ar

ti
ci

p
at

e.
 R

ea
l d

at
a:

 h
u

m
an

 g
u

t m
et

ag
en

om
es

 
ar

e 
av

ai
la

b
le

 a
t h

tt
p

s:
//

d
x.

d
oi

.o
rg

/1
0.

11
01

/ 
gr

.1
42

31
5.

11
2.

 

It
 e

xc
el

s 
in

 id
en

ti
fy

in
g 

sh
or

t v
ir

al
 s

eq
u

en
ce

s 
(<

50
0 

b
p

) f
ro

m
 m

et
ag

en
om

es
. T

h
is

 is
 a

 s
ig

n
if

ic
an

t i
ss

u
e,

 
as

 a
 c

on
si

d
er

ab
le

 n
u

m
b

er
 o

f e
xi

st
in

g 
to

ol
s 

ar
e 

u
n

ab
le

 to
 e

ff
ec

ti
ve

ly
 p

ro
ce

ss
 s

h
or

t s
eq

u
en

ce
s.

 
R

ob
u

st
n

es
s 

to
 s

eq
u

en
ci

n
g 

er
ro

rs
 (e

.g
. b

as
e 

su
b

st
it

u
ti

on
s 

an
d

 in
se

rt
io

n
s/

d
el

et
io

n
s)

./
 

Li
m

it
ed

 m
em

or
y 

w
h

en
 d

ea
li

n
g 

w
it

h
 lo

n
ge

r 
se

q
u

en
ce

s 
(>

50
0 

b
p

),
 a

s 
th

e 
lo

n
g 

in
p

u
t c

h
ai

n
 o

f 
th

e 
LS

T
M

 n
et

w
or

k 
ca

n
 le

ad
 to

 m
em

or
y 

im
p

ai
rm

en
t.

 L
ow

 id
en

ti
fi

ca
ti

on
 r

at
e 

fo
r 

lo
n

g 
vi

ra
l 

se
q

u
en

ce
s 

co
m

p
ar

ed
 to

 o
th

er
 to

ol
s 

li
ke

 P
PR

-M
et

a.
 

B
ER

Ta
x

 [1
63

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/f
-

kr
et

sc
h

m
er

/b
er

ta
x 

B
ER

T
/ 

To
ke

n
s 

A
C

C
 w

as
 9

8.
62

%
 fo

r 
su

p
er

ki
n

gd
om

 
p

re
d

ic
ti

on
 a

n
d

 A
C

C
 o

f 9
5.

10
%

 fo
r 

p
h

yl
u

m
 

cl
as

si
fi

ca
ti

on
./

 
A

li
gn

m
en

t-
b

as
ed

 m
et

h
od

s:
 K

ra
ke

n
2 

[7
9]

, 
so

u
rm

as
h

 [1
64

],
 M

M
se

q
s2

 [1
05

],
 a

n
d

 
m

in
im

ap
2 

[1
65

].
 M

od
el

-b
as

ed
 m

et
h

od
: 

D
ee

p
M

ic
r o

b
es

 [9
2]

. 

Ta
xo

n
om

ic
 c

la
ss

if
ic

at
io

n
 (l

ev
el

s 
of

 s
u

p
er

ki
n

gd
om

, 
p

h
yl

u
m

, a
n

d
 g

en
u

s)
/ 

1 
m

il
li

on
 fr

ag
m

en
ts

 o
f l

en
gt

h
 1

50
0 

n
t o

f a
rc

h
ae

an
 

an
d

 e
u

ka
ry

ot
ic

 g
en

om
es

 fr
om

 N
C

B
I u

s 
in

g 
n

cb
i-

ge
n

om
e-

d
ow

n
lo

ad
 (h

tt
p

s:
//

gi
th

u
b.

co
m

/k
b

li
n

/ 
n

cb
i-

ge
n

om
e-

d
ow

n
lo

ad
/,

 v
er

si
on

 0
.2

.1
2)

; v
ir

al
 a

n
d

 
b

ac
te

ri
al

 g
en

om
es

 fr
om

 N
C

B
I m

an
u

al
l y

. T
h

e 
li

st
 o

f 
ge

n
om

es
, i

s 
p

ro
vi

d
ed

 in
 s

u
p

p
le

m
en

ta
ry

 
in

fo
rm

at
io

n
, D

at
as

et
 S

1.
 

V
er

sa
ti

le
 c

la
ss

if
ie

r 
th

at
 c

an
 h

an
d

le
 a

n
y 

ge
n

om
e 

r e
gi

on
 a

cr
os

s 
al

l s
u

p
er

ki
n

gd
om

s,
 w

it
h

ou
t b

ei
n

g 
re

st
ri

ct
ed

 to
 c

od
in

g 
re

gi
on

s 
or

 r
eq

u
ir

in
g 

si
m

il
ar

 
se

q
u

en
ce

s 
in

 a
 d

at
ab

as
e.

 C
om

b
in

at
io

n
 w

it
h

 
d

at
ab

as
e 

m
et

h
od

s,
 li

ke
 M

M
se

q
s2

, B
ER

Ta
x 

in
cr

ea
se

s 
re

ca
ll

 w
h

il
e 

p
re

se
rv

in
g 

p
re

ci
si

on
./

 
A

C
C

 d
ec

re
as

es
 a

t t
h

e 
ge

n
u

s 
le

ve
l c

om
p

ar
ed

 to
 

h
ig

h
er

 ta
xo

n
om

ic
 r

an
ks

. I
ts

 p
er

fo
rm

an
ce

 is
 

sl
ig

h
tl

y 
af

fe
ct

ed
 b

y 
sh

ar
ed

 h
om

ol
og

y 
b

et
w

ee
n

 
se

q
u

en
ce

s.
 

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/


Neural networks and binning | 13

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) xt represents the current input. LSTM: ht−1, Ct−1 are the previous 
states. The Forget Gate decides how much information to forget from the previous state Ct−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 (RdRp) genes. For classification, RdRpBin 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. RdRpBin 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 F1-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

https://github.com/MicrobeLab/DeepMicrobes-data
https://github.com/MicrobeLab/DeepMicrobes-data
https://github.com/MicrobeLab/DeepMicrobes-data
https://github.com/MicrobeLab/DeepMicrobes-data
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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 PRJNA511011) 
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 0 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_D1VWYqA-
GDld783O7H8AzNuHkC). It is 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. pneumoniae 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 PRJNA376414, 
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. 

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.ncbi.nlm.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 genomes in 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 MMseqs2 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, PRJNA546278, 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

https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/


Neural networks and binning | 17

Ta
b

le
 6

. 
Su

m
m

ar
y 

of
 to

ol
s 

th
at

 u
se

 n
eu

ra
l n

et
w

or
ks

 fo
r 

th
e 

u
n

su
p

er
vi

se
d

 a
n

d
 s

em
i-

su
p

er
vi

se
d

 b
in

n
in

g,
 a

n
d

 th
e 

m
ai

n
 fe

at
u

re
s 

To
ol

 n
am

e/
U

R
L

B
in

n
in

g 
ty

p
e/

A
N

N
 

m
od

el
/C

lu
st

er
in

g 
S

eq
u

en
ce

 ty
p

e/
Fe

at
u

re
/D

at
as

et
s

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

M
et

aD
EC

 [1
66

] 
h

tt
p

s:
//

b
io

in
fo

la
b.

fi
t.

 
h

cm
u

te
.e

d
u

.v
n

/M
et

aD
EC

 

U
n

su
p

er
vi

se
d

/ 
A

u
to

en
co

d
er

, C
ri

ti
c,

 a
n

d
 

D
is

cr
im

in
at

or
/ 

k-
m

ea
n

s 

R
ea

d
s/

 
C

om
p

os
it

io
n

 a
n

d
 

C
ov

er
ag

e/
 

Te
st

 d
at

a:
 2

5 
si

m
u

la
te

d
 d

at
as

et
s 

(S
1–

S1
0 

fo
r 

sh
or

t r
ea

d
s 

an
d

 L
1–

L6
 fo

r 
sp

ec
ie

s 
w

it
h

 
d

if
fe

re
n

t a
b

u
n

d
an

ce
 le

ve
ls

, a
n

d
 R

1–
R

9 
fo

r 
lo

n
g 

re
ad

s)
 fr

om
 [1

67
].

 T
h

es
e 

d
at

as
et

s 
co

n
si

st
 o

f I
ll

u
m

in
a 

sh
or

t r
ea

d
s 

(8
0 

b
p

),
 

R
oc

h
e 

45
4 

si
n

gl
e-

en
d

 lo
n

g 
re

ad
s.

 R
ea

l 
d

at
a:

 A
ci

d
 M

in
e 

D
ra

in
ag

e 
fr

om
 [ 1

68
],

 th
e 

sp
ec

ie
s 

in
cl

u
d

e 
Fe

rr
op

la
sm

a 
sp

., 
Le

p
to

sp
ir

il
lu

m
 s

p.
, 

Fe
rr

op
la

sm
aa

ci
da

rm
an

us
, a

n
d

 o
th

er
s.

 

Pr
ec

is
io

n
 w

as
 a

ro
u

n
d

 9
8%

 (d
at

as
et

 S
5)

. 
R

ec
al

l w
as

 a
ro

u
n

d
 9

2%
 (d

at
as

et
 R

3)
. 

F-
m

ea
su

re
 w

as
 a

ro
u

n
d

 9
5%

 (d
at

as
et

 L
5)

./
 

N
on

-d
ee

p
 le

ar
n

in
g-

b
as

ed
 m

et
h

od
s:

 
B

iM
et

a 
[1

67
],

 M
et

aC
lu

st
er

2 
[1

69
],

 
A

b
u

n
d

an
ce

B
in

 [5
2]

, a
n

d
 M

et
aC

lu
st

er
5 

[1
70

].
 

B
et

te
r 

p
re

ci
si

on
 c

om
p

ar
ed

 to
 o

th
er

 
m

et
h

od
s 

on
 b

ot
h

 s
h

or
t a

n
d

 lo
n

g 
re

ad
 

d
at

as
et

s.
 P

er
fo

rm
s 

w
el

l o
n

 d
at

as
et

s 
w

it
h

 
lo

w
-a

b
u

n
d

an
ce

 s
p

ec
ie

s.
 

A
rc

h
it

ec
tu

re
 s

iz
e 

af
fe

ct
s 

p
er

fo
rm

an
ce

 a
n

d
 

re
q

u
ir

es
 c

ar
ef

u
l t

u
n

in
g 

to
 a

vo
id

 o
ve

r-
or

 
u

n
d

er
-t

u
n

in
g.

 H
ig

h
 c

om
p

u
ta

ti
on

al
 

re
so

u
rc

es
 a

n
d

 lo
n

g 
ru

n
n

in
g 

ti
m

es
. 

A
A

M
B

 [1
71

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
R

as
m

u
ss

en
La

b
/v

am
b

/ 
tr

ee
/m

as
te

r/
w

or
kf

lo
w

_ 
av

am
b 

U
n

su
p

er
vi

se
d

/ 
A

A
E/

 
k-

m
ed

oi
d

s 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

 a
n

d
 

C
o-

ab
u

n
d

an
ce

/ 
Fo

r 
tr

ai
n

in
g 

an
d

 v
al

id
at

io
n

, t
h

e 
C

A
M

I 
p

ro
je

ct
’s

 d
at

ab
as

es
 [1

49
]

an
d

 
M

et
aH

IT
h

tt
p

s:
//

d
b.

cn
gb

.o
rg

/s
ea

rc
h

/ 
p

ro
je

ct
/C

N
Ph

is
00

02
80

8/
 w

er
e 

u
se

d
. I

n
 

ad
d

it
io

n
, d

at
a 

fr
om

 A
lm

ei
d

a 
et

 a
l.

[9
8]

an
d

 
Pr

ic
e 

et
 a

l.
[1

72
] w

er
e 

u
se

d
 fo

r 
ad

d
ic

ti
ve

 
e v

al
u

at
io

n
s.

 

Pe
rf

or
m

an
ce

 w
as

 e
va

lu
at

ed
 b

as
ed

 o
n

 th
e 

n
u

m
b

er
 o

f r
ec

on
st

ru
ct

ed
 g

en
om

es
 w

it
h

 
p

re
ci

si
on

 a
b

ov
e 

0.
9 

an
d

 r
ec

al
l a

b
ov

e 
0.

9.
 

N
u

m
b

er
 o

f n
ea

r-
co

m
p

le
te

 (N
C

):
 5

07
7 

N
C

 
ge

n
om

es
 (A

lm
ei

d
a 

d
at

as
et

).
 Ja

cc
ar

d
 in

d
ex

 
w

as
 o

f 0
.6

4 
ac

ro
ss

 a
ll

 d
at

as
et

s.
/ 

V
A

M
B 

[1
73

],
 S

em
iB

in
 [1

74
],

 S
em

iB
in

2 
[3

0]
 

an
d

 M
et

aD
ec

od
er

 [1
75

] 

In
cr

ea
se

d
 g

en
om

e 
re

co
ve

ry
, A

A
M

B
 

r e
co

ve
rs

 7
%

 m
or

e 
N

C
 g

en
om

es
 a

cr
os

s 
sy

n
th

et
ic

 a
n

d
 r

ea
l d

at
as

et
s.

 
C

om
p

le
m

en
ta

ry
 in

te
gr

at
io

n
, A

A
M

B
 is

 
d

es
ig

n
ed

 to
 w

or
k 

sy
n

er
gi

st
ic

al
ly

 w
it

h
 

V
A

M
B,

 y
ie

ld
s 

su
p

er
io

r 
p

er
fo

rm
an

ce
. 

In
cr

ea
se

d
 c

om
p

u
ta

ti
on

al
 c

os
t,

 A
A

M
B

 
re

q
u

ir
es

 s
ig

n
if

ic
an

tl
y 

m
or

e 
co

m
p

u
te

 
p

ow
er

 th
an

 V
A

M
B.

 A
A

M
B

’s
 b

in
 q

u
al

it
y 

w
as

 o
n

ly
 s

li
gh

tl
y 

b
et

te
r.

 
M

yC
C

[1
76

] 
h

tt
p

s:
//

so
u

rc
ef

or
ge

.n
et

/ 
p

ro
je

ct
s/

sb
2n

h
ri

/f
il

es
/ 

M
yC

C
/ 

U
n

su
p

er
vi

se
d

/ 
C

A
E/

 
k-

m
ea

n
s 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

/ 
T e

st
 d

at
a:

 T
h

re
e 

d
at

as
et

s 
w

er
e 

ch
os

en
: 

10
s,

 c
on

ta
in

in
g 

10
 s

p
ec

ie
s;

 2
5s

, c
on

ta
in

in
g 

25
 s

p
ec

ie
s 

fr
om

 th
e 

M
yC

C
 s

ec
ti

on
 o

f t
h

e 
SO

U
R

C
EF

O
R

G
E 

w
eb

si
te

 h
tt

p
s:

//
 

so
u

rc
ef

or
ge

.n
et

/p
ro

je
ct

s/
sb

2n
h

ri
/f

il
es

/ 
M

yC
C

/D
at

a/
. R

ea
l d

at
a:

 S
h

ar
on

 d
at

as
et

 
[1

77
],

 c
on

ta
in

in
g 

32
 s

p
ec

ie
s.

 

A
C

C
 w

as
 8

6%
, R

an
d

 In
d

ex
 o

f 0
.9

5 
an

d
 a

 
Si

lh
ou

et
te

 In
d

ex
 o

f 0
.6

0 
fo

r 
th

e 
10

s 
d

at
as

et
. P

re
ci

si
on

, R
ec

al
l,

 a
n

d
 F

1-
Sc

or
e 

w
er

e 
al

l a
ro

u
n

d
 0

.8
6.

/ 
N

on
-d

ee
p

 le
ar

n
in

g-
b

as
ed

s:
 C

oM
et

 [1
78

] 
M

et
aC

on
C

lu
st

 [1
79

]
M

et
aB

A
T

 [1
80

]
an

d
 

M
ax

B
in

 [1
81

].
 

T
h

e 
to

ol
 a

ch
ie

ve
s 

p
ro

m
is

in
g 

re
su

lt
s 

w
it

h
 

u
n

su
p

er
vi

se
d

 m
et

h
od

s,
 p

er
fo

rm
in

g 
at

 p
ar

 
w

it
h

 M
et

aB
A

T
 a

n
d

 M
ax

B
in

. T
h

e 
to

ol
 

p
ro

vi
d

es
 a

 n
ov

el
 c

on
vo

lu
ti

on
al

 
au

to
en

co
d

er
-b

as
ed

 d
ee

p
 c

lu
st

er
in

g 
te

ch
n

iq
u

e.
 

1 
R

eq
u

ir
em

en
t o

f e
xt

en
si

ve
 d

at
a 

fo
r 

tr
ai

n
in

g 
an

d
 e

xp
en

si
ve

 G
PU

s.
 O

rg
an

is
m

s 
w

it
h

 a
 lo

w
 c

on
ti

g 
co

n
tr

ib
u

ti
on

 in
 th

e 
d

at
as

et
 c

an
n

ot
 b

e 
gr

ou
p

ed
. 

(C
on

ti
nu

ed
) 

https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://bioinfolab.fit.hcmute.edu.vn/MetaDEC
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://github.com/RasmussenLab/vamb/tree/master/workflow_avamb
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://db.cngb.org/search/project/CNPhis0002808/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/
https://sourceforge.net/projects/sb2nhri/files/MyCC/Data/


18 | Herazo-Álvarez et al.

Ta
b

le
 6

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

B
in

n
in

g 
ty

p
e/

A
N

N
 

m
od

el
/C

lu
st

er
in

g 
S

eq
u

en
ce

 ty
p

e/
Fe

at
u

re
/D

at
as

et
s

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

G
ra

p
h

M
B

 [1
82

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
M

ic
ro

b
ia

lD
ar

kM
at

te
r/

 
G

ra
p

h
M

B
 

U
n

su
p

er
vi

se
d

/ 
V

A
E

+ 
G

N
N

/ 
k-

m
ed

oi
d

s 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

 a
n

d
 

C
ov

er
ag

e/
 

R
ea

d
s 

ge
n

er
at

ed
 fr

om
 1

00
 m

ic
ro

b
ia

l 
st

ra
in

s,
 c

or
re

sp
on

d
in

g 
to

 5
0 

sp
ec

ie
s,

 w
er

e 
si

m
u

la
te

d
 u

si
n

g 
th

e 
b

ad
re

ad
 to

ol
 [1

83
].

 
R

ea
l d

at
a:

 s
ix

 W
as

te
w

at
er

 T
re

at
m

en
t 

Pl
an

t d
at

as
et

s 
(P

R
JN

A
62

94
78

) a
n

d
 a

 s
oi

l 
sa

m
p

le
 d

at
as

et
 (P

R
JE

B
50

68
8)

. A
ll

 d
at

a 
av

ai
la

b
le

 a
t h

tt
p

s:
//

ze
n

od
o.

or
g/

 
re

co
rd

s/
61

22
61

0.
 

F1
-s

co
re

 (0
.8

52
),

 a
ve

ra
ge

 p
u

ri
ty

 (0
.9

67
),

 
an

d
 th

e 
av

er
ag

e 
co

m
p

le
te

n
es

s 
(0

.7
62

),
 a

ll
 

on
 th

e 
St

ro
n

g1
00

 d
at

as
et

./
 

N
on

-d
ee

p
 le

ar
n

in
g-

b
as

ed
 m

et
h

od
: 

M
et

aB
A

T
2 

[5
6]

, M
ax

B
in

2 
[5

5]
. G

ra
p

h
-b

as
ed

 
m

et
h

od
: S

em
iB

in
 [1

84
],

 V
A

M
B

 [1
73

],
 a

n
d

 
G

ra
p

h
B

in
 [1

85
].

 

In
te

gr
at

io
n

 o
f a

ss
em

b
ly

 g
ra

p
h

 a
n

d
 

co
n

ti
g-

sp
ec

if
ic

 fe
at

u
re

s.
 Im

p
ro

ve
d

 b
in

n
in

g 
of

 H
ig

h
 Q

u
al

it
y 

(H
Q

) M
A

G
s.

 
D

ep
en

d
en

t o
n

 th
e 

q
u

al
it

y 
of

 th
e 

as
se

m
b

ly
 

gr
ap

h
. S

u
b

op
ti

m
al

 p
er

fo
rm

an
ce

 o
n

 
sh

or
t-

re
ad

 d
at

as
et

s.
 

LR
B

in
n

er
 [1

86
] 

h
tt

p
s:

//
gi

th
u

b.
co

m
/ 

an
u

ra
d

h
aw

ic
k/

LR
B

in
n

er
 

U
n

su
p

er
vi

se
d

/ 
V

A
E/

 
D

is
ta

n
ce

-h
is

to
gr

am
-

b
as

ed
 

R
ea

d
s/

 
C

om
p

os
it

io
n

 a
n

d
 

C
ov

er
ag

e/
 

Te
st

 d
at

a:
 fo

u
r 

se
ts

 (c
on

ta
in

 8
, 2

0,
 5

0,
 a

n
d

 
10

0 
sp

ec
ie

s)
 w

er
e 

ge
n

er
at

ed
 u

si
n

g 
th

e 
Si

m
Lo

R
D

 [1
87

].
 R

ea
l d

at
a:

 fr
om

 th
e 

N
C

B
I 

B
io

Pr
oj

ec
t (

n
u

m
b

er
s 

ER
R

31
52

36
4,

 
PR

JN
A

54
62

78
, a

n
d

 P
R

JN
A

68
05

90
.)

 

Pr
ec

is
io

n
 (9

9.
14

%
),

 re
ca

ll
 (9

9.
14

%
),

 
F1

-s
co

r e
 (9

9.
14

%
),

 a
n

d
 N

u
m

b
er

 o
f b

in
s 

d
et

ec
te

d
 (e

ig
h

t b
in

s)
, a

ll
 fo

r 
th

e 
Si

m
-8

 
d

at
as

et
./

 
N

on
-d

ee
p

 le
ar

n
in

g-
b

as
ed

 m
et

h
od

: 
M

et
aB

C
C

-L
R

 [1
88

] 

LR
B

in
n

er
 h

an
d

le
s 

la
rg

e 
d

at
as

et
s 

w
it

h
ou

t 
an

y 
su

b
-s

am
p

li
n

g.
 B

et
te

r 
b

in
n

in
g 

re
su

lt
s 

on
 b

ot
h

 s
im

u
la

te
d

 a
n

d
 r

ea
l d

at
as

et
s 

an
d

 
it

 r
ed

u
ce

s 
th

e 
co

m
p

u
ta

ti
on

al
 r

es
ou

rc
es

 
re

q
u

ir
ed

 fo
r 

as
se

m
b

ly
, 

D
if

fi
cu

lt
y 

d
is

ti
n

gu
is

h
in

g 
si

m
il

ar
 s

p
ec

ie
s.

 
Se

ed
 p

oi
n

t d
ep

en
d

en
cy

 in
 c

lu
st

er
in

g.
 

iD
eL

U
C

 [1
89

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/K
ar

i-
G

en
om

ic
s-

La
b

/i
D

eL
U

C
S 

U
n

su
p

er
vi

se
d

/ 
M

LP
/ 

II
C

 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

/ 
Fi

rs
t a

n
al

yz
ed

 1
4 

re
al

 d
at

as
et

s 
[1

90
]:

 n
in

e 
d

at
as

et
s 

of
 m

it
oc

h
on

d
ri

al
 D

N
A

, t
w

o 
B

ac
te

ri
a 

d
at

a 
se

ts
, a

n
d

 th
re

e 
vi

ra
l 

d
at

as
et

s.
 In

 a
d

d
it

io
n

, o
n

e 
d

at
as

et
 o

f 
m

ic
ro

b
ia

l g
en

om
es

 [1
86

],
 a

n
d

 1
2 

sy
n

th
et

ic
 

d
at

as
et

s 
[1

91
].

 

A
C

C
 (a

ro
u

n
d

 9
8.

5%
),

 o
n

 s
yn

th
et

ic
 

d
at

as
et

s.
 D

av
ie

s–
B

ou
ld

in
 In

d
ex

 (0
.3

9)
 a

n
d

 
Si

lh
ou

et
te

 C
oe

ff
ic

ie
n

t (
0.

81
) o

n
 th

e 
Pr

ot
is

ts
 d

at
as

et
. H

om
og

en
ei

ty
 (0

.8
2)

 a
n

d
 

C
om

p
le

te
n

es
s 

(0
.8

3)
, o

n
 th

e 
In

se
ct

s 
d

at
as

et
./

 
N

on
-d

ee
p

 le
ar

n
in

g-
b

as
ed

 m
et

h
od

s:
 

k-
m

ea
n

s+
+,

 G
au

ss
ia

n
 M

ix
tu

re
 M

od
el

 
(G

M
M

),
 M

eS
h

C
lu

st
 v

.3
.0

 [1
91

].
 D

ee
p

 
le

ar
n

in
g-

b
as

ed
 m

et
h

od
: D

eL
U

C
S 

[1
90

].
 

A
cc

u
ra

te
 a

n
d

 s
ca

la
b

le
 c

lu
st

er
in

g 
m

et
h

od
. 

D
yn

am
ic

 v
is

u
al

iz
at

io
n

 o
f t

h
e 

u
n

d
er

ly
in

g 
tr

ai
n

in
g 

p
ro

ce
ss

. 
Li

m
it

at
io

n
s 

w
it

h
 la

rg
e 

n
u

m
b

er
s 

of
 

cl
u

st
er

s.
 It

 is
 n

ot
 te

st
ed

 o
n

 d
at

as
et

s 
w

it
h

 
sh

or
t s

eq
u

en
ce

s.
 

(C
on

ti
nu

ed
) 

https://github.com/MicrobialDarkMatter/GraphMB
https://github.com/MicrobialDarkMatter/GraphMB
https://github.com/MicrobialDarkMatter/GraphMB
https://github.com/MicrobialDarkMatter/GraphMB
https://github.com/MicrobialDarkMatter/GraphMB
https://zenodo.org/records/6122610
https://zenodo.org/records/6122610
https://zenodo.org/records/6122610
https://zenodo.org/records/6122610
https://github.com/anuradhawick/LRBinner
https://github.com/anuradhawick/LRBinner
https://github.com/anuradhawick/LRBinner
https://github.com/anuradhawick/LRBinner
https://github.com/anuradhawick/LRBinner
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS
https://github.com/Kari-Genomics-Lab/iDeLUCS


Neural networks and binning | 19

Ta
b

le
 6

. 
C

on
ti

n
u

ed
 

To
ol

 n
am

e/
U

R
L

B
in

n
in

g 
ty

p
e/

A
N

N
 

m
od

el
/C

lu
st

er
in

g 
S

eq
u

en
ce

 ty
p

e/
Fe

at
u

re
/D

at
as

et
s

M
et

ri
c 

(%
)/

C
om

p
ar

ed
 to

A
d

va
n

ta
ge

s/
D

is
ad

va
n

ta
ge

s 

C
oC

oN
et

 [1
92

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
Pu

u
m

an
am

an
a/

C
oC

oN
et

 

U
n

su
p

er
vi

se
d

/ 
M

LP
+ 

C
N

N
/ 

Le
id

en
 a

lg
or

it
h

m
 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

 a
n

d
 

C
ov

er
ag

e/
 

Te
st

 d
at

a:
 S

yn
th

et
ic

 m
et

ag
en

om
es

 
ge

n
er

at
ed

 u
si

n
g 

ge
n

om
es

 fr
om

 th
e 

N
C

B
I 

R
ef

Se
q

 v
ir

al
 d

at
ab

as
e.

 T
h

es
e 

in
cl

u
d

e 
9,

31
6 

w
er

e 
lo

n
ge

r 
th

an
 3

 k
b

 (f
tp

:/
/f

tp
.n

cb
i.n

lm
. 

n
ih

.g
ov

/r
ef

se
q

/r
el

ea
se

/v
ir

al
/;

12
 

Se
p

te
m

b
er

 2
01

9)
. R

ea
l d

at
a:

 th
e 

St
at

io
n

 
A

LO
H

A
 m

et
ag

en
om

ic
 d

at
as

et
. I

ll
u

m
in

a 
sh

or
t r

ea
d

s 
(N

C
B

I-
SR

A
: S

R
R

10
37

81
48

, 
SR

R
88

11
96

2,
 S

R
R

88
11

96
3)

. 

T
h

e 
A

C
C

, F
1-

sc
or

e,
 a

n
d

 A
U

R
O

C
 (v

al
u

es
 

ab
o v

e 
95

%
) a

cr
os

s 
th

e 
si

m
u

la
te

d
 v

ir
al

 
d

at
as

et
s.

 T
h

e 
A

R
I (

a 
m

ed
ia

n
 v

al
u

e 
of

 
0.

61
7)

, h
om

og
en

ei
ty

 (0
.9

44
),

 a
n

d
 

co
m

p
le

te
n

es
s 

(0
.9

42
) o

n
 th

e 
si

m
u

la
te

d
 

d
at

a 
w

it
h

 2
00

0 
ge

n
om

es
./

 
n

on
-d

ee
p

 le
ar

n
in

g-
b

as
ed

 m
et

h
od

s:
 

C
O

N
C

O
C

T
 [5

7]
 a

n
d

 M
et

ab
at

2 
[5

6]
. 

O
u

tp
er

fo
rm

s 
ex

is
ti

n
g 

b
in

n
in

g 
m

et
h

od
s 

an
d

 r
ob

u
st

 to
 c

ov
er

ag
e 

va
ri

ab
il

it
y,

 
p

ar
ti

cu
la

rl
y 

in
 b

in
n

in
g 

vi
ra

l c
on

ti
gs

. 
R

eq
u

ir
es

 fe
w

er
 r

es
ou

rc
es

, 
co

m
p

u
ta

ti
on

al
ly

 e
ff

ic
ie

n
t.

 
Li

m
it

ed
 to

 c
on

ti
gs

 lo
n

ge
r 

th
an

 2
04

8 
b

p.
 

T
h

e 
co

n
se

rv
at

iv
e 

cl
u

st
er

in
g 

ap
p

ro
ac

h
 

u
se

d
 e

m
p

h
as

iz
es

 b
in

 h
om

og
en

ei
ty

 o
ve

r 
co

m
p

le
te

n
es

s.
 

S
em

iB
in

 [1
74

] 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
B

ig
D

at
aB

io
lo

gy
/S

em
iB

in
/ 

Se
m

i-
su

p
er

vi
se

d
/ 

A
u

to
en

co
d

er
/ 

In
fo

m
a p

 a
lg

or
it

h
m

 

C
on

ti
gs

/ 
C

om
p

os
it

io
n

 a
n

d
 

C
ov

er
ag

e/
 

Te
st

 D
at

a:
 S

im
u

la
te

d
 C

A
M

I d
at

as
et

s 
[1

8,
 

14
9]

. R
ea

l d
at

a:
 G

er
m

an
 h

u
m

an
 g

u
t 

d
at

as
et

 (P
R

JE
B

27
92

8,
 P

R
JN

A
29

07
29

).
 D

og
 

gu
t d

at
as

et
 (P

R
JE

B
20

30
8)

. M
ar

in
e 

d
at

as
et

 
(P

R
JE

B
17

87
, P

R
JE

B
17

88
, P

R
JE

B
43

52
, a

n
d

 
PR

JE
B

44
19

).
 S

oi
l d

at
as

et
 (s

ee
 

Su
p

p
le

m
en

ta
ry

 D
at

a 
2)

. n
on

-W
es

te
rn

iz
ed

 
A

fr
ic

an
 h

u
m

an
 g

u
t d

at
as

et
 

(P
R

JN
A

50
48

91
).

 

C
om

p
le

te
n

es
s 

(a
ro

u
n

d
 9

8%
),

 p
u

ri
ty

 
(a

r o
u

n
d

 9
9%

),
 a

n
d

 F
1-

sc
or

e 
(a

ro
u

n
d

 9
8%

),
 

al
l o

n
 th

e 
C

A
M

I I
 lo

w
-c

om
p

le
xi

ty
 d

at
as

et
./

 
N

on
-d

ee
p

 le
ar

n
in

g-
b

as
ed

 m
et

h
od

s:
 

M
et

ab
at

2 
[5

6]
, M

ax
B

in
2 

[5
5]

, S
ol

id
B

in
 

[1
93

],
 a

n
d

 C
O

C
A

C
O

LA
 [1

94
].

 d
ee

p
 

le
ar

n
in

g-
b

as
ed

 m
et

h
od

: V
A

M
B

 [1
73

],
 

A
b

il
it

y 
to

 r
ec

ov
er

 m
or

e 
h

ig
h

-q
u

al
it

y 
b

in
s 

w
it

h
 la

rg
er

 ta
xo

n
om

ic
 d

iv
er

si
ty

. C
an

 b
e 

ap
p

li
ed

 a
cr

os
s 

m
u

lt
ip

le
 s

am
p

le
s 

an
d

 
en

vi
ro

n
m

en
ts

. 
C

om
p

u
ta

ti
on

al
ly

 e
xp

en
si

ve
, r

eq
u

ir
in

g 
si

gn
if

ic
an

t t
im

e 
an

d
 m

em
or

y 
re

so
u

rc
es

. 
C

an
n

ot
-l

in
k 

co
n

st
ra

in
ts

 d
er

iv
ed

 fr
om

 
ta

xo
n

om
ic

 a
n

n
ot

at
io

n
s 

in
tr

od
u

ce
 

d
ep

en
d

en
cy

 o
n

 r
ef

er
en

ce
 g

en
om

es
. 

Ph
aG

C
N

 [6
9]

 
h

tt
p

s:
//

gi
th

u
b.

co
m

/ 
K

en
n

th
Sh

an
g/

Ph
aG

C
N

 

Se
m

i-
su

p
er

vi
se

d
/ 

M
LP

+ 
C

N
N

/ 
M

ar
k o

v 
cl

u
st

er
in

g 
al

go
ri

th
m

 

C
on

ti
gs

/ 
O

n
e-

h
ot

/ 
T e

st
 d

at
a:

 o
n

e 
se

t w
as

 r
an

d
om

ly
 s

am
p

le
d

 
co

n
ti

gs
 fr

om
 th

e 
re

fe
re

n
ce

 g
en

om
e 

(N
C

B
I 

R
ef

Se
q

 d
at

ab
as

e)
 a

n
d

 th
e 

ot
h

er
 w

er
e 

re
ad

s 
si

m
u

la
te

d
 w

it
h

 th
e 

A
R

T-
Il

lu
m

in
a 

[1
95

].
 R

ea
l d

at
a:

 C
au

d
ov

ir
al

es
 

(S
R

R
12

94
99

99
83

 a
n

d
 S

R
R

13
13

24
27

).
 

M
ac

ro
-A

C
C

 a
n

d
 m

ac
ro

-p
re

ci
si

on
 v

al
u

es
 

w
e r

e 
ar

ou
n

d
 9

5%
 in

 s
im

u
la

te
d

 d
at

as
et

s.
 

T
h

e 
m

ac
ro

-r
ec

al
l w

as
 a

ro
u

n
d

 0
.9

2.
/ 

N
on

-d
ee

p
 le

ar
n

in
g-

b
as

ed
 m

et
h

od
s:

 
vC

on
TA

C
T

 2
.0

 [1
96

],
 P

O
G

s 
[1

97
],

 a
n

d
 

C
la

ss
iP

h
a g

e 
[1

98
] 

Su
p

er
io

r 
p

er
fo

rm
an

ce
 in

 c
la

ss
if

yi
n

g 
n

ov
el

 
p

h
ag

es
. C

om
b

in
in

g 
of

 s
eq

u
en

ce
 fe

at
u

re
s 

an
d

 p
ro

te
in

 s
im

il
ar

it
y.

 
C

h
al

le
n

ge
s 

w
it

h
 s

h
or

t c
on

ti
gs

 a
n

d
 

d
ep

en
d

en
ce

 o
n

 r
ef

er
en

ce
 d

at
ab

as
es

. 
C

om
p

u
ta

ti
on

al
 r

es
ou

rc
e 

d
em

an
d

. 

https://github.com/Puumanamana/CoCoNet
https://github.com/Puumanamana/CoCoNet
https://github.com/Puumanamana/CoCoNet
https://github.com/Puumanamana/CoCoNet
https://github.com/Puumanamana/CoCoNet
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/BigDataBiology/SemiBin/
https://github.com/BigDataBiology/SemiBin/
https://github.com/BigDataBiology/SemiBin/
https://github.com/BigDataBiology/SemiBin/
https://github.com/BigDataBiology/SemiBin/
https://github.com/KennthShang/PhaGCN
https://github.com/KennthShang/PhaGCN
https://github.com/KennthShang/PhaGCN
https://github.com/KennthShang/PhaGCN
https://github.com/KennthShang/PhaGCN


20 | Herazo-Álvarez et al.

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-
Illumina [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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Figure 7. (a) Distribution of ANNs found in this review for different types of binning and types of sequences. For the metagenomic binning tools described 
in this review (Sections 3, 4, and  5): (b) The frequency with which contexts are encountered for supervised tools (4 main contexts plus ‘Other contexts’, 
including 3 additional contexts); (c) Frequency of occurrence of features (4 main features plus ‘Other features’, including 9 additional features); and (d) 
Frequency of occurrence of metrics (6 main metrics plus ‘Other metrics’, including 16 additional metrics). 

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 
F1-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 
data. 

Extraction of spatial 
features. Matrix data. 

Extraction of 
sequential features. 
Vector and matrix data. 

Dimensionality 
reduction. Vector and 
matrix data. 

Weaknesses Overfitting Computationally 
expensive 

Slow training Interpretability 

Labeled data Yes Yes Yes No 
ACC Good High High – 
Computational cost Medium High Very high High 
Metagenomic sequence types 
most used 

Supervised-General 
sequences 

Supervised-Reads Supervised-Varied Unsupervised-Contigs 

Metagenomic contexts 
employed 

Varied Mostly viral Mostly viral MGS reconstruction 

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. 

• 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. 
• Supervised, unsupervised and semi-supervised binning 

methods are considered. 
• Type of sequences for metagenomic binning are 

addressed. 
• The source code of the tools, data source and metrics 

used for metagenomic binning are provided. 
• Research trends on metagenomic binning are presented. 
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