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Abstract—Phages are the functional viruses that infect bacteria
and they play important roles in microbial communities and
ecosystems. Phage research has attracted great attention due
to the wide applications of phage therapy in treating bacterial
infection in recent years. Metagenomics sequencing technique can
sequence microbial communities directly from an environmental
sample. Identifying phage sequences from metagenomic data is a
vital step in the downstream of phage analysis. However, the exist-
ing methods for phage identification suffer from some limitations
in the utilization of the phage feature for prediction, and therefore
their prediction performance still need to be improved further.
In this article, we propose a novel deep neural network (called
MetaPhaPred) for identifying phages from metagenomic data.
In MetaPhaPred, we first use a word embedding technique to
encode the metagenomic sequences into word vectors, extracting
the latent feature vectors of DNA words. Then, we design a deep
neural network with a convolutional neural network (CNN) to
capture the feature maps in sequences, and with a bi-directional
long short-term memory network (Bi-LSTM) to capture the
long-term dependencies between features from both forward and
backward directions. The feature map consists of a set of feature
patterns, each of which is the weighted feature extracted by a
convolution filter with convolution kernels in the CNN slide along
the input feature vectors. Next, an attention mechanism is used
to enhance contributions of important features. Experimental
results on both simulated and real metagenomic data with
different lengths demonstrate the superiority of the proposed
MetaPhaPred over the state-of-the-art methods in identifying
phage sequences. The source code and data are available at:
https://github.com/dww01/MetaPhaPred.

Index Terms—deep learning, metagenomics, phage identifica-
tion, word embedding, attention mechanism.

I. INTRODUCTION

HAGES, viruses that infect bacteria and archaea, are
considered as the most abundant and diverse biological
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entities on the planet with an estimated 103! phage particles
[1], [2]. Phages play important roles in microbial communities
and ecosystems, such as human gut and the ocean [1], [3].
By infecting bacteria in human body, phages can directly
affect human health and disease [4], [5]. Phage therapy uses
phages as therapeutic agents to treat bacterial infections, and
has attracted significant research attention in recent years [6]—
[8]. In the past decades, phages have been discovered by
the culture-dependent genome sequencing methods, which are
time consuming and expensive. The metagenomics sequencing
technique has recently emerged as a novel genome sequencing
method, which is capable of sequencing microbial communi-
ties directly from an environmental sample. However, the se-
quences obtained by the metagenomics sequencing technique
generally contain a mixture of phage and bacteria genomic
sequences [9]. Identifying the phage sequences from metage-
nomic data can effectively help phage genome assembly and
increase the genome completeness, and is a vital step in the
downstream of phage analysis and novel phage discovery [10]-
[12]. However, metagenomic phage sequence identification
remains a challenging problem.

Certain methods for phage identification in metagenomic
data have been proposed. These methods can be classified
into three categories: sequence alignment-based, machine
learning-based, and deep learning-based methods. The se-
quence alignment-based methods rely on sequence alignment
against the previously built phage databases. For examples,
VirSorter [13] built viral reference databases and compared the
sequences with more than two detected genes to the database
to identify viral contigs. MetaPhinder [14] built a database
of phage whole genome sequences and compared the contigs
to the database using BLAST (Basic Local Alignment Search
Tool) [15] to identify phage contigs. However, these sequence
alignment-based methods find it challenging to identify short
phage sequences.

The machine learning-based methods extract the pre-defined
sequence features and train a classifier for phage identification,
achieving better performances than the sequence alignment-
based methods. For examples, VirFinder [12] computed the
k-mer frequency of the contigs and trained a logistic regression
model to identify viral sequences. VIBRANT [16] extracted
protein features and used a hybrid machine learning model
for virus identification. VirSorter2 [17] was an extension of
VirSorter and trained random forest classifiers based on the
gene features to identify viruses.
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As deep learning has achieved great success in many fields
in recent years, certain deep learning-based methods have
been proposed for metagenomic phage identification, which
can automatically extract and learn features for classification.
For examples, PPR-Meta [18] designed a bi-path convolu-
tional neural network (CNN) to identify phage and plasmid
sequences from the metagenomic data. DeepVirFinder [19]
used a CNN to predict prokaryotic viral sequences. VirNet
[20], Seeker [21], and RNN-VirSeeker [22] designed a long
short-term memory network (LSTM) for phage identifica-
tion. Virtifier [23] employed an attention-based LSTM for
short viral sequences identification. PhaMer [24] converted
DNA sequences into protein-token sentences and designed a
transformer-based model for phage identification.

However, the existing methods still have some limitations
and their prediction performances need to be improved further.
The machine learning-based methods and some of the deep
learning-based methods required features extraction from the
raw sequences artificially, and how to appropriately design and
select the features remains a challenging problem. Moreover,
the deep learning-based methods mainly used the one-hot
encoding technique to represent DNA sequences, neglecting
the correlation information between nucleotides. In addition,
the single CNN or LSTM architecture may fail to extract
sufficient features from the sequences for a robust prediction.

In the deep neural networks, CNN is capable of extracting
the feature maps, namely a set of feature patterns, by using
convolution operation [25], while LSTM can effectively cap-
ture the long-term dependencies between features by intro-
ducing a gate mechanism [26]. In the CNN, a feature pattern
is the weighted feature extracted by a convolution filter with
convolution kernels in the CNN slide along the input feature
vectors. Moreover, the word embedding is a representative
feature learning technique used in natural language processing
that maps words to continuous vectors of real values and
realizes the distributed feature representation of words [27],
[28]. In addition, the attention mechanism enables the deep
neural networks to focus on the important features for pre-
diction tasks, achieving great success in many fields, such
as computer vision [29], document classification [30], and
machine translation [31].

In this article, inspired by the characteristics of CNN,
LSTM, word embedding, and attention mechanism, we pro-
pose MetaPhaPred (Metagenomic Phage sequences Predictor),
a novel deep neural network combined with word embedding
and attention mechanism, for identifying phages from metage-
nomic data, taking the potential feature vectors, the feature
maps, and the long-term dependence between the features
into consideration. In MetaPhaPred, we first use the word
embedding technique dna2vec [28] to learn the distributed
feature representation of k-mer words, and convert DNA
sequences into word vectors. Then, we design a deep neural
network with a CNN layer to capture the feature maps in
sequences, and adopt a bi-directional LSTM (Bi-LSTM) layer
to capture the long-term dependencies between the features in
the feature maps from both forward and backward directions.
Subsequently, the generated feature vector is fed into an
attention layer to enhance contributions of important features.

Finally, a sigmoid unit is used to compute a score for the
phage prediction. Experimental results on both the simulated
and real-world metagenomic sequences indicate that the pro-
posed MetaPhaPred outperforms the state-of-the-art methods
for identifying phages with different lengths.

The rest of the paper is organized as follows. Section
IT describes the problem definition, datasets construction,
framework of the proposed MetaPhaPred, and the evaluation
metrics. Section III presents the experimental results and
demonstrates the effectiveness of our proposed model com-
pared with the baseline methods. Section IV offers a brief
conclusion and indicates some possible future works.

II. MATERIALS AND METHODS
A. Problem Definition

We let x; = (a1, a9, . . ., an) represent the ith metagenomic
sequence, where each element a;, 1 < j < m, denotes a
nucleotide base coming from the four nucleotide bases {A, G,
C, T} and m is the length of the sequence. Moreover, we let
y; € {0,1} denote the classification label of x;. More specifi-
cally, y; = 0 and y; = 1 denote that z; is the bacteria/archaea
sequence and the phage sequence, respectively.

Identifying phage sequences from metagenomic data can
be modeled as the following binary classification task: given a
number 7 of the input metagenomic sequences {z;, y; }'_;, the
phage identification problem tries to find a classification model
to accurately predict whether the sequence z; in metagenomic
data, 1 < ¢ < n, is a phage sequence (i.e., y; = 1) or a
bacteria/archaea sequence (i.e., y; = 0).

B. Datasets

We used simulated metagenomic sequences generated from
genomes to construct the datasets for training and testing.
We collected the genomes of 12,646 phages and 16,665
prokaryotes (bacteria and archaea) released before October 31,
2022 from the National Center for Biotechnology Informa-
tion (NCBI) (https://www.ncbi.nlm.nih.gov/genome/browse'\
#!/overview/). The phage and bacteria/archaea genome infor-
mation is provided at https://github.com/dww01/MetaPhaPred/
blob/master/NCBI_genome.xIsx. To evaluate the methods’
ability to identify new phages, genomes published before
January 1, 2020 were used in the training sets, and the rest of
genomes were used in the test sets. As the prokaryote genomes
may contain prophages (i.e., integrated phages in the prokary-
ote genome), PhiSpy [32] was used to predict and remove
prophages from all prokaryote genomes, and the prophages
were incorporated into the phage training set. We randomly
extracted segments from the genomes to generate simulated
metagenomic contigs. Four groups of contigs with different
length ranges were generated to simulate the sequences with
different lengths in metagenomic data. The length ranges
of contigs in each group are 100-400 bp (base pairs), 401-
800 bp, 801-1200 bp, and 5000-10000 bp, simulating the
sequences obtained with different sequencing technologies and
long contigs, respectively. Each group has the same number of
phage and prokaryote contigs. The groups with a length range
of 100-400 bp, 401-800 bp and 801-1200 bp were used to train
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TABLE I
THE NUMBER OF SEQUENCES IN THE SIMULATED TRAINING AND TEST
DATASETS.
Sequence length Training set Test set
Phage Bacteria Phage  Bacteria
100-400 bp 300,000 300,000 30,000 30,000
401-800 bp 300,000 300,000 30,000 30,000
801-1200 bp 300,000 300,000 30,000 30,000
5000-10000 bp 10,000 10,000
TABLE II

THE NUMBER OF SEQUENCES IN THE PROPHAGE AND REAL
METAGENOMIC PHAGE DATASET.

Datasets Number of sequences
Prophage 100-400 bp 30,000
Prophage 401-800 bp 30,000
Prophage 801-1200 bp 30,000
Prophage 5000-10000 bp 10,000
Real metagenomic phage 107,529

three different models, respectively. The group with a length
range of 5000-10000 bp was used to evaluate the performance
on identifying long phage sequences. Table I summarizes the
number of contigs in different groups.

We also evaluated MetaPhaPred on a prophage dataset,
which was used in PPR-meta [18], containing 267 manually
annotated prophages from Casjens [33] and these prophages
were removed from the training set. Moreover, we used real
metagenomic data to evaluate further ability of MetaPhaPred.
Real bovine rumen metagenomic data, in which phages were
enriched before sequencing [34], were used for evaluation. We
downloaded the assembly sequences of rumen phages from
PPR-meta [18]. The two datasets are summarized in Table II.

C. The Proposed Method: MetaPhaPred

We propose a novel deep learning model called
MetaPhaPred, for metagenomic phage sequences prediction.
The detailed architecture of MetaPhaPred is illustrated in
Fig. 1. We first use dna2vec [28] to learn the distributed
feature representations of k-mer words and encode the DNA
sequences using the trained word vectors. Then, we feed the
embedded sequences into CNN and Bi-LSTM to extract the
feature maps and the long-term dependencies between the
features. Next, the generated feature vector is then fed into an
attention layer to enhance contributions of important features.
The output is fed into a sigmoid unit to make a prediction.
Further details of our framework are presented below.

1) Sequence Embedding: Most of the deep learning-based
methods mainly used the one-hot encoding technique to rep-
resent DNA sequences. The distance between any two one-hot
vectors is equal and the correlation information between nu-
cleotides is ignored, which may affect the prediction accuracy.
Therefore, we use the word embedding technique commonly
utilized in natural language processing to learn the distributed
representations of k-mers by applying dna2vec [28], which
is based on the word2vec word embedding model [27]. The

dna2vec first uses the one-hot encoding technique to encode
the metagenomic sequences into one-hot vectors, and then
adopts a two-layered neural network to learn the word vectors
from the one-hot vectors. The architecture of dna2vec is shown
in the upper part of Fig. 1.

Definition 1: k-mer. The k-mer w is composed of four
nucleotide bases {A, G, C, T} with a length of k, which
is extracted from the DNA sequence. Each k-mer can be
considered as a word, and the vocabulary size is 4k,

Definition 2: word sequence. The word sequence is com-
posed of a set of ordered words, each of which is considered
as a k-mer extracted from the DNA sequence under a control
parameter, namely stride size ¢q. For example, given a DNA
sequence ‘TGATGCAG’ and ¢ = 1, we can orderly transform
this sequence as the word sequence ‘TGA, GAT, ATG, TGC,
GCA, CAG’.

Definition 3: one-hot vector. The one-hot vector uses a
{0,1} vector v, with size n,, to denote a word w in the word
sequence, where n, is the number of words. For example,
given the word sequence ‘TGA, GAT, ATG, TGC, GCA,
CAG’, the one-hot vector of ‘GAT’ can be denoted as [0 1
0000]T, where [0 1 00 0 0]T is the transposition of [0 1 0
000].

Definition 4: word vector. The word vector v is the learned
representation of a two-layered neural network denoted by the
output of the first layer of neural network with the one-hot
vectors as the input.

Given a DNA sequence = = (a1, ag, .. ., Gy, ), dna2vec first
splits this sequence into a word sequence with n k-mers,
namely wi,ws, ..., w,. Each k-mer wy, t = 1,2,... n, is
represented as follows:

Wt = T(t—1)+q > L(kt+q)>
te{l,2,...,n}, (D)

where Ty;_1)4q  T(kt4q) denotes a vector of elements in
coming from the k(t — 1)+ ¢ to (kt+ ¢) position. Then, w; is
encoded into a n,-dimension one-hot vector v,,, as follows:

tot t 1T
Vw, = [21, 2255 2n,] (2)
where n,, is the vocabulary size. For each [ € {1,2,...,n,},

zlt is calculated as follows:

: 1, if [ is the index of the word w; in the vocabulary;
2] =
! 0, otherwise.

3)

Next, the dna2vec uses a two-layered neural network to
learn v from the above one-hot vectors. In this step, dna2vec
follows the principle of the skip-gram algorithm [35], which
uses the current word to maximally predict the surrounding
words in a size of context window s. More specifically, we
let the matrix W, .,, and W] _ = be the weights of the
first and second layer of the neural network, respectively.
Given the one-hot vector of a k-mer w;y, the predicted one-
hot probability vector v,;, y of its surrounding words (e.g.,

(t+j
W(t44)) i computed as follows:

v, = softmax(v,, - W - W')T, “)

W(t+j)
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Fig. 1. The architecture of MetaPhaPred. MetaphaPred first uses a word embedding technique (dna2vec) to encode the metagenomic sequences into word
vectors. The dna2vec first uses the one-hot encoding technique to encode the metagenomic sequences into one-hot vectors, and then adopts a two-layered
neural network to learn the word vectors from the one-hot vectors. Then, MetaphaPred uses a CNN to capture the feature maps in sequences, and adopts
Bi-LSTM to capture the long-term dependencies between features from both forward and backward directions. Next, an attention mechanism is used to

enhance contributions of important features.

where softmax is the softmax function, and it is defined as
follows:

el
—, 5)
e t

2

softmax(u;)

where u; is the value of ith index in v;v and n, is the

: (t+3)
vocabulary size.

In this case, dna2vec tries to minimize the differences
between the predicted one-hot probability vector v;,wj) and
the real one-hot vector vy, ;, for all surrounding words of all
words (See Fig. 1). This minimization objective is equivalent

to minimize the following conditional probability:

1 n

t=1 —s<j<s,j#0

1Y X demu, )

t=1 —s<;j<s,j#0

(6)

where p(w(¢4jy|ws) is the conditional probability of the ap-
pearance of word w;) when word w; is at the position ¢,
and U;vum (t + j) is the value of (¢ + j)th index in v;,(tﬂ).
After training, the weight matrix W is obtained as the word
vectors of all the n, words in the vocabulary. The i-th row
of the weight matrix W represents the n4-dimension word
vector of the i-th word in the vocabulary. More specifically,
vi = v, - W = W(i,:), where W(i,:) is the ith row of W.
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2) Feature Extraction: The feature patterns of nucleotide
in a DNA sequence are usually represented by a position
weight matrice (PWM) [19]. CNN is capable of extracting
feature patterns using convolutional filters that slide along the
input feature vectors of DNA words. Each convolutional filter
is similar to a PWM and the convolution operation can be
considered as scanning the PWM using a window that slide
along the sequence [36], [37]. This characteristic of CNN
enables it to help the phage prediction from metagenomic data.
LSTM can effectively learn the long-term dependency between
the feature patterns. We therefore combine CNN and LSTM
to extract the feature patterns of phages and the long-term
dependencies between the features in the sequences.

We first use the CNN to extract the feature maps of phages,
namely a set of feature patterns. The CNN module consists of
a one-dimensional convolution layer and a max-pooling layer.
The convolution layer contains a set of convolution filters that
slide along the input feature vectors learned from dna2vec.
The convolution operation computes the inner product of
the convolution kernels with the input feature vectors and
generates the feature maps. Formally, a feature map x© is
generated by a convolutional filter with kernel size h as
follows:

26 = f(WC * Viign—1+ bc)v

K3

Viith—1 = {Vi, oy V(irh—1) }
Vv, = W(l> :)7 (7)
XC = [I’?,I’QC, s 7Ig—h+1]a

where v; is the word vector corresponding to the ¢-th word
in the word sequence, while W is the weight matrix obtained
in dna2vec. W and bC are the trainable weight and bias of
the convolutional filter, respectively. * denotes the convolution
operation and f is the activation function. x¢ represents the
value of i-th feature pattern and x© represents the feature map.

Rectified Linear Unit (ReLU) [38] is set as the activation
function to introduce non-linearity and prevent vanishing gra-
dient, defined as:

ReLU(u) = max(0, u). (8)

A max-pooling layer is used after the 1D convolution layer
to subsample the feature maps by taking the maximum value
over a sliding window. A dropout layer [39] is added after the
max-pooling layer to prevent overfitting by randomly dropping
units from the neural network.

Subsequently, the generated feature vector is fed into an bi-
directional LSTM layer. LSTM is a variant of RNN that can
solve the long-term dependency problem by introducing a gate
mechanism. A LSTM cell consists of three gates that are used
to control the cell states: namely a forget gate, an input gate,
and an output gate, determining which information will be
thrown away, kept, and output, respectively. Fig. 2 illustrates
the structure of a LSTM cell. The calculation formulae of

1= s ¥
ft if ")
A
(o] (o) [am) |
hi hi
ay

Fig. 2. The structure of a LSTM cell.

LSTM unit are as follows:
fl=ocWiaf +UFhi, +b7),
it = o(Wlaf + Ul hiy +07),
of = oW,y +Uyhi_y +by), )
of = floc, +ip © tanh(Wrhaf + Ulhy, +bY),
htL = otL ® tanh(cf),

where fl, il oF, cF, and hF represent the forget gate, input

gate, output gate, cell state, and hidden state at position
t, respectively. Wf,WiL,WOL, and WE are the weights of
af, while Uf, U, UL, and UF are the weights of hf |,
b'?, b, bL, and bL are the biases, corresponding to forget gate,
input gate, output gate, and memory cell, respectively. ® rep-
resents element-wise multiplication, while ¢ and tanh denote
the sigmoid and hyperbolic tangent function, respectively.

Bi-directional LSTM (Bi-LSTM) [40] processes the input
features from both forward and backward directions. The
hidden state at position ¢ is formalized as follows:

— —
hE = hlanl, (10)
— —
where hl and h} are the forward and backward hidden states
at position ¢, respectively, while & is the concatenation oper-
ation. The Bi-LSTM can extract the long-term dependencies
from both forward and backward directions.

3) Attention Mechanism: Certain potential features in the
sequence are influential for phage prediction. Here, we use an
attention mechanism [30] layer after the Bi-LSTM layer to
learn the importance of all features and enhance contributions
of key features. The formulae of the attention mechanism are
as follows:

ut = tanh(WAhY + p4), (11)
AT, A
;= exp(uz AuS ) , (12)
> exp(u; Tug)
(13)

vA = E a;hf,
i

where hF is the i-th feature from the Bi-LSTM layer, and u*
is a hidden representation of h’. W4 and b4 are the weight
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matrix and the bias, respectively, while tanh denotes the
hyperbolic tangent function. The importance of each feature
is measured by the similarity of u/ and a context vector
u, while the normalized importance weight ; is computed
using the softmax function. The final output vector v is the
sum of each feature vector multiplied by the corresponding
importance weight.

4) Phage Prediction: The output of the attention layer is
then fed into a sigmoid unit (o) to compute a prediction score
between O and 1, indicating the probability p that the given
sequence is a phage, defined as:

1

A
o(v ):W'

As a DNA sequence is double-stranded, both the forward
sequence and the reverse complementary strand are input si-
multaneously to the same neural network to make a prediction.
The final prediction score is the average of the two scores,
defined as:

(14)

Yr +tyr

2 )
where y; and y, are the prediction scores of the forward
sequence and the reverse complementary strand, respectively.
A similar technique was used in DeepVirFinder [19].

The models trained by sequences of length 100-400 bp, 401-
800 bp, and 801-1200 bp are used to predict the sequences
with corresponding length. When predicting sequences longer
than 1200 bp, we first split the sequence into non-overlapping
subsequences shorter than 1200 bp, and then use the cor-
responding model to predict each subsequence. The final
prediction score of the sequence is the weighted average score
of each subsequence. A similar techniques was used in PPR-
meta [18].

Y= 15)

D. Model Training

The binary cross-entropy loss function [41] was used to
compute the error between the prediction scores and labels,
defined as:

1 n
L = —— 11 i 1-— 4 I 1-— i),
oss = == [yilogp; + (1 - ;) log(1 — py)]

i=1

(16)

where y; denotes the real label of z; belonging to {0,1},
representing bacteria/archaea and phage sequence respectively,
and p; denotes the prediction score of the sequence x;. During
the training process, the loss is back propagated to update the
weights of the model. The Adam algorithm [42] is used as the
optimizer to minimize this loss function.

We used the same hyperparameter settings for all datasets.
Moreover, we adopted all sequences in the training sets as the
corpus to train the word vectors. The training sets contain
4F words (k-mers) at most, and each word (k-mer) is a
combination of {A, G, C, T} with length k. In general, the k-
mers in the test sets are also in the training sets when k is set as
a small value. However, it is possible for that the k-mers are in
the test sets but not in the training sets when k is set as a high
value. In this case, similar to the processing method in [43],
[44], we use a special word vector with all zeros to represent
these words (k-mers). This processing method can effectively

TABLE III
THE PARAMETERS OF THE PROPOSED MODEL.

Parameter Value
k-mer length 3
Embedding stride size 1
Embedding size 100
Convolutional layer number 1
Convolutional filter number 512
Convolutional kernel size 40
Max-pooling window size 20
Max-pooling stride size 20
Dropout rate 0.5
Neurons of the Bi-LSTM layer 32
Neurons of the attention layer 32
Batch size 512
Learning rate 0.001
Epochs 15

reduce the negative impacts of infrequent k-mers on the word
representation. All parameters were manually fine-tuned and
the optimal parameters setting are listed in Table III.

The MetaPhaPred model is implemented in Python 3.8.8
based on Keras 2.8.0 with Nvidia RTX 3090 GPU.

E. Evaluation Metrics

We used four metrics to evaluate the prediction perfor-
mance of our MetaPhaPred and all baseline methods, namely:
Matthews correlation coefficient (MCC), accuracy (ACC), F1-
score (F1), and area under the receiver operating characteristic
curves (AUROC) [45].

The prediction made by a binary classifier can be divided
into four categories: true positive (TP) and true negative
(TN) are positive and negative examples correctly predicted,
respectively, false positive (FP) are negative examples in-
correctly predicted as positive, and false negative (FN) are
positive examples incorrectly predicted as negative. The re-
ceiver operating characteristic curve shows the relationship
between the true positive rate (TPR) and the false positive
rate (FPR). Higher AUROC values indicate a better prediction
performance of the model. The calculation formulae are as

follows:
TP + TN

ACC= T PP TN T N a7
Precision = %, (18)
TPR = Recall = %, (19)
FPR = TNFf FP’ 20

Fl— 2 X Precision x Recall 21

Precision + Recall

TP x TN — FP x FN

/(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(22)

MCC =
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F. Baseline Methods

Eleven state-of-the-art methods for metagenomic phage
sequence identification were chosen as baseline methods to
validate the effectiveness of the proposed method, including
MetaPhinder [14], VirFinder [12], VIBRANT [16], VirSorter2
[17], PPR-meta [18], DeepVirFinder [19], VirNet [20], Seeker
[21], RNN-VirSeeker [22], Virtifier [23], and PhaMer [24].
The reason for choosing MetaPhinder as baseline method is
to show the limitation of sequence alignment-based methods.
Comparisons of MetaPhaPred with VirFinder, VIBRANT, and
VirSorter2 are made to validate the superiority of MetaPhaPred
over the machine learning-based methods, while compar-
isons of MetaPhaPred with PPR-meta, DeepVirFinder, VirNet,
Seeker, RNN-VirSeeker, Virtifier, and PhaMer are made to
validate the superiority of the proposed deep neural network
framework over the existing deep learning-based methods.

MetaPhinder [14]: It compares the contigs to the pre-
built phage genome database using BLAST to identify phage
contigs.

VirFinder [12]: It computes the k-mer frequency of the
contigs and trains a logistic regression model to identify viral
sequences.

VIBRANT [16]: It extracts protein features and uses a hybrid
machine learning model for virus identification.

VirSorter2 [17]: It trains random forest classifiers based on
the gene features to identify virus.

PPR-meta [18]: It designs a bi-path CNN to identify phage
and plasmid sequences from the metagenomic data.

DeepVirFinder [19]: It uses a CNN to predict prokaryotic
viral sequences.

VirNet [20]: It employs a deep attention model for viral
identification of metagenomic data.

Seeker [21]: It trains a LSTM model for phage sequences
identification.

RNN-VirSeeker [22]: It uses a LSTM to predict short viral
sequences.

Virtifier [23]: It employs an attention-based LSTM for short
viral sequences identification.

PhaMer [24]: Tt converts DNA sequences into protein-token
sentences and designs a transformer-based model for phage
identification.

III. EXPERIMENTAL RESULTS
A. Performance Comparison on Test Datasets

We evaluated MetaPhaPred on the test sets with metage-
nomic sequences of different lengths. The normalized 2-class
confusion matrices (shown in Fig. 3) are used to demon-
strate the overall performance of MetaPhaPred. Specifically,
the miss classification of phage and bacteria is below 18%,
13%, 10%, and 4% for sequences of length 100-400 bp,
401-800 bp, 801-1200 bp, and 5000-10000 bp, respectively.
Moreover, MetaPhaPred has a good performance in the phage
identification for metagenomic sequences with long sequences.

To demonstrate the effectiveness of MetaPhaPred, we com-
pared it with several state-of-the-art methods (MetaPhinder
[14], VirFinder [12], VIBRANT [16], VirSorter2 [17], PPR-
meta [18], DeepVirFinder [19], VirNet [20], Seeker [21],

100-400 bp 401-800 bp
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Fig. 3. The normalized 2-class confusion matrices of MetaPhaPred on the
test sets with metagenomic sequences of different lengths.

RNN-VirSeeker [22], Virtifier [23], and PhaMer [24]). We
tested the performance of MetaPhaPred and other baseline
methods using the mentioned datasets and evaluation metrics
in Section II. To facilitate fair comparison, for methods
that support training a customized model, we retrained these
methods with our training sets and reported the best results
of the pre-trained models and the retrained models. Table
IV summarizes the performance comparison for MetaPhaPred
versus the baseline methods on the test sets.

The results in Table IV show that MetaPhaPred outper-
forms all baseline methods in all sequence lengths. All the
tested methods exhibit a high prediction accuracy for long
sequences. This is likely because long sequences contain
sufficient informative features facilitating the classification.
Notably, the sequence alignment-based method MetaPhinder
obtain poor performance, especially for short sequences. In
particular, MetaPhinder cannot predict sequences shorter than
500 bp. This may be because MetaPhinder relies on se-
quence alignment against the previously constructed phage
gene databases and metagenomic sequences are too short
to cover sufficient complete genes to facilitate prediction.
Moreover, the deep learning-based methods (MetaPhaPred,
PPR-meta, DeepVirFinder, VirNet, Seeker, RNN-VirSeeker,
Virtifier, and PhaMer) outperform the machine learning-based
methods (VirFinder, VIBRANT, and VirSorter2) in most cases,
because they have advantages in extracting high-level fea-
tures and information. The CNN-based methods PPR-meta
and DeepVirFinder achieve the second-best and third-best
performance in most cases, respectively. VirNet, Seeker, RNN-
VirSeeker and Virtifier have relatively poor performance for
long sequences, as the LSTM-based model with an overly
long input sequence may result in the memory impairment.
PhaMer converts DNA sequences into protein-token sentences.
For phages that do not contain any tokens in the established
vocabulary, PhaMer records them as false negative, which
leads to relatively poor performance for short sequences. Note
that, MetaPhaPred can predict metagenomic sequences with
various lengths accurately, which cannot be addressed by most
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TABLE IV
THE MCC, ACC, F1, AND AUROC PERFORMANCE COMPARISON OF METAPHAPRED AND THE BASELINE METHODS ON THE TEST SETS. THE BEST
PERFORMANCE ARE HIGHLIGHTED IN BOLDFACE. “-” REPRESENTS THAT THE METRIC IS NOT AVAILABLE.
Datasets Metrics MetaPhaPred MetaPhinder VirFinder VIBRANT VirSorter2 PPR-meta DeepVirFinder VirNet Seeker RNN-VirSeeker Virtifier PhaMer
MCC 0.6592 - 0.4930 - 0.0536 0.6402 0.5984 0.5008 0.3734 0.5723 0.5705 0.6284
100- ACC 0.8296 - 0.7459 - 0.5029 0.8200 0.7989 0.7498 0.6867 0.7862 0.7797 0.7875
400 bp F1 0.8282 - 0.7370 - 0.0114 0.8179 0.7942 0.7406 0.6891 0.7861 0.7557 0.7338
AUROC 0.9064 - 0.8209 - - 0.9039 0.8763 0.8365 0.7498 0.8731 0.8785 -
MCC 0.7952 0.6781 0.6299 - 0.2539 0.7639 0.7400 0.6409 0.4373 0.6754 0.7213  0.7266
401- ACC 0.8974 0.8176 0.8135 - 0.5621 0.8819 0.8700 0.8200 0.7186 0.8305 0.8572 0.8512
800 bp Fl 0.8991 0.8448 0.8043 - 0.2234 0.8807 0.8694 0.8149 0.7217 0.8111 0.8467 0.8294
AUROC 0.9593 - 0.8945 - - 0.9515 0.9363 0.9025 0.7924 0.9320 0.9367 -
MCC 0.8454 0.5859 0.6862 0.1530 0.4368 0.8037 0.8063 0.7002 0.4720 0.6901 0.7864 0.7741
801- ACC 0.9225 0.7568 0.8415 0.5229 0.6666 0.9014 0.9030 0.8496 0.7360 0.8405 0.8910 0.8812
1200 bp Fl 0.9236 0.8039 0.8334 0.0878 0.5075 0.8990 0.9015 0.8454 0.7383 0.8263 0.8849 0.8699
AUROC 0.9747 - 0.9188 - - 0.9608 0.9600 0.9256 0.8127 0.9274 0.9584 -
MCC 0.9360 0.7991 0.8469 0.8985 0.9304 0.9079 0.9213 0.7328 0.5406 0.0603 0.8931 0.8437
5000- ACC 0.9680 0.8967 0.9216 0.9471 0.9645 0.9531 0.9602 0.8661 0.7702 0.5300 0.9448 0.9204
10000 bp  F1 0.9677 0.9025 09177 0.9443 0.9635 0.9516 0.9592 0.8632 0.7739 0.5019 0.9423 0.9168
AUROC 0.9934 - 0.9750 - - 0.9871 0.9900 0.9405 0.8573 0.5445 0.9894 -
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Fig. 4. The ROC curves of MetaPhaPred and the baseline methods on the test sets with lengths (a) 100-400 bp, (b) 401-800 bp, (c) 801-1200 bp, and (d)

5000-10000 bp.

of the baseline methods. The experimental results indicate that
a combination of word embedding, CNN, LSTM, and attention
mechanism has great advantages in predicting metagenomic
phage sequences.

The ROC curves of MetaPhaPred and the baseline methods
that have prediction scores are plotted in Fig. 4. The results

show that MetaPhaPred obtains higher AUROC values than
the other baseline methods at all sequence lengths. This further
validates the superiority of the proposed MetaPhaPred over the
baseline methods.

Moreover, we provided the average performance ranking
of all methods to validate the overall performance. More
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specifically, all methods are ranked from 1 to 12 over all test
sets, and the method with a better performance is ranked as
a lower value. Fig. 5 plots the average performance ranking
of all methods on the test sets. The results show that the
average performance rank of MetaPhaPred (1.000) is much
smaller than that of MetaPhinder (8.833), VirFinder (7.750),
VIBRANT (10.000), VirSorter2 (8.500), PPR-meta (2.750),
DeepVirFinder (2.830), VirNet (7.500), Seeker(10.000), RNN-
VirSeeker (7.833), Virtifier (5.000), and PhaMer (5.750). This
further validates the superiority of MetaPhaPred over the other
baseline methods when comprehensively considering all the
metrics on the test sets.

To further validate the effectiveness of the proposed method,
we also compared MetaPhaPred with the methods that are the
combination of the standard DNA sequence feature extraction
tools such as the BioSeq-Analysis [46] and iLearn [47], and
the classical machine learning algorithms such as the support
vector machine (SVM) [48], random forest (RF) [49], logistic
regression (LR) [12], k-nearest neighbours algorithm (KNN)
[50], and naive bayes (NB) [51]. Here, BioSeq-Analysis and
iLearn are used to calculate features for the DNA sequences,
while the machine learning algorithms are adopted to sequence
classification. Five representative DNA features such as the
kmer [52], dinucleotide-based auto covariance (DAC) [53],
trinucleotide-based auto covariance (TAC) [53], pseudo din-
ucleotide composition (PseDNC) [54], and pseudo k-tupler
composition (PseKNC) [55] are extracted from the BioSeq-
Analysis and iLearn toolkits. To facilitate fair comparisons,
all these methods are trained using our in-house generated
training sets. Table V summarizes the accuracy performance
of all algorithms. In Table V, each baseline algorithm is
named as the combination of the methods for extracting
features of the DNA sequences and sequence classification.
For example, the method Kmer-SVM is a combination of
Kmer for extracting DNA features and SVM for sequence
classification. The results show that MetaPhaPred achieved the
best performance in all cases.

TABLE V
THE ACCURACY COMPARISON OF METAPHAPRED AND THE STANDARD
DNA SEQUENCE FEATURE EXTRACTION TOOLS AND MACHINE LEARNING
ALGORITHMS ON THE TEST SETS. THE BEST PERFORMANCE ARE
HIGHLIGHTED IN BOLDFACE.

Methods 100-400 bp ~ 401-800 bp ~ 801-1200 bp ~ 5000-10000 bp
Kmer-SVM [48], [52] 0.7195 0.7371 0.7478 0.7770
Kmer-RF [49], [52] 0.7359 0.7916 0.8287 0.8789
Kmer-LR [12], [52] 0.7165 0.7359 0.7462 0.7754
Kmer-KNN [50], [52] 0.6781 0.7542 0.7936 0.8229
Kmer-NB [51], [52] 0.7154 0.7240 0.7277 0.7204
DAC-SVM [48], [53] 0.7151 0.7327 0.7440 0.7714
DAC-RF [49], [53] 0.7027 0.7410 0.7633 0.8051
DAC-LR [12], [53] 0.7072 0.7282 0.7370 0.7695
DAC-KNN [50], [53] 0.6281 0.6873 0.7218 0.7174
DAC-NB [51], [53] 0.6925 0.7083 0.7168 0.7172
TAC-SVM [48], [53] 0.6574 0.6825 0.6997 0.7383
TAC-RF [49], [53] 0.6318 0.6697 0.6967 0.7571
TAC-LR [12], [53] 0.6485 0.6734 0.6910 0.7477
TAC-KNN [50], [53] 0.5735 0.6113 0.6445 0.6501
TAC-NB [51], [53] 0.6298 0.6587 0.6715 0.6900
PseDNC-SVM [48], [54] 0.7219 0.7413 0.7512 0.7755
PseDNC-RF [49], [54] 0.7361 0.7937 0.8303 0.8825
PseDNC-LR [12], [54] 0.7167 0.7362 0.7471 0.7753
PseDNC-KNN [50], [54] 0.6804 0.7566 0.7974 0.8253
PseDNC-NB [51], [54] 0.7137 0.7223 0.7262 0.7185
PseKNC-SVM [48], [55] 0.7329 0.7458 0.7492 0.7552
PseKNC-RF [49], [55] 0.7566 0.8166 0.8520 0.8925
PseKNC-LR [12], [55] 0.7253 0.7472 0.7625 0.7914
PseKNC-KNN [50], [55] 0.7231 0.7974 0.8346 0.8683
PseKNC-NB [51], [55] 0.7117 0.7159 0.7164 0.7109
MetaPhaPred 0.8296 0.8974 0.9225 0.9680

B. Performance Comparison on a Prophage Sequence Dataset

We tested the prophage identification ability of
MetaPhaPred and the baseline methods. Table VI records the
prophage recognition rate of each method on the prophage
sequence dataset. The results show that MetaPhaPred
outperforms all baseline methods in the ranges of 100-400
bp, 401-800 bp, and 801-1200 bp. In particular, compared
with the second-best performance, MetaPhaPred achieves
relative improvements of 3.95%, 3.06%, and 1.52% for
prophage sequences with lengths 100-400 bp, 401-800 bp,
and 801-1200 bp, respectively. For prophage sequences in
the range of 5000-10000 bp, MetaPhaPred achieves the
third-best performance, which is slightly lower than PhaMer
and MetaPhinder. However, PhaMer and MetaPhinder have
relatively poor performance for short prophage sequences.

C. Performance Comparison on a Real Metagenomic Phage
Sequence Dataset

We evaluated the performance of MetaPhaPred and other
baseline methods on the real metagenomic data. The metage-
nomic phage recognition rates of all methods on the real
metagenomic phage sequence dataset are shown in Fig. 6. The
results show that MetaPhaPred achieves the best performance.
In particular, compared with the second-best performance,
MetaPhaPred achieves a relative improvement of 2.08% for
predicting the real metagenomic phage sequence.

D. Comparison of Running Time

We compared the running time of MetaPhaPred and all
baseline methods. All the methods were run on Intel(R)
Xeon(R) Silver 4215R CPU @ 3.20GHz with eight cores.
Table VII shows the running time of predicting the real
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10
TABLE VI
THE PROPHAGE RECOGNITION RATE COMPARISON OF METAPHAPRED AND THE BASELINE METHODS ON THE PROPHAGE SEQUENCE DATASET. THE BEST
PERFORMANCE ARE HIGHLIGHTED IN BOLDFACE. “-” REPRESENTS THAT THE METRIC IS NOT AVAILABLE.

Datasets MetaPhaPred MetaPhinder VirFinder VIBRANT VirSorter2 PPR-meta DeepVirFinder VirNet Seeker RNN-VirSeeker Virtifier PhaMer
100-400 bp 0.6002 - 0.4346 - 0.1672 0.5607 0.5603 0.4805 0.4448 0.5381 0.4252 0.4215
401-800 bp 0.7018 0.6574 0.4077 - 0.3243 0.6595 0.6712 0.5436 0.4280 0.4104 0.5237 0.5548
801-1200 bp 0.7600 0.7448 0.4194 0.0275 0.4619 0.7185 0.6667 0.5702 0.4280 0.5255 0.5628 0.6421

5000-10000 bp 0.7991 0.8013 0.4862 0.7192 0.7668 0.7820 0.7327 0.5971 0.4144 0.5266 0.6112  0.8608
TABLE VII
THE RUNNING TIME TO MAKE PREDICTIONS FOR THE REAL METAGENOMIC PHAGE SEQUENCE DATASET. THE BEST PERFORMANCE ARE HIGHLIGHTED IN
BOLDFACE.

Method

MetaPhaPred MetaPhinder VirFinder VIBRANT VirSorter2 PPR-meta DeepVirFinder VirNet Seeker RNN-VirSeeker Virtifier PhaMer

Running time (min) 100 7 115 6 285 21 103 18 163 93 126 3
10 o MetaPhaPred-A: A variant of the MetaPhaPred model
removing the attention layer.
0.8205
o 0.8 0A7997047615 0]4160‘7502
£ 06836 07146 TABLE VIIT
kS 0.61 0.6326 PERFORMANCE COMPARISON OF METAPHAPRED AND THE VARIANT
g MODELS. THE BEST PERFORMANCE ARE HIGHLIGHTED IN BOLDFACE.
‘é’) ”METAPHAPRED” IS ABBREVIATED TO “M” IN THE TABLE.
£ 0.41
% e’ Dataset ~ Metrics M MW MC ML MA
<
~ 0.2 0.1439 MCC 0.6592 0.5946 0.5664 0.6416  0.6420
00770 ' 100- ACC 0829 07965 07828 0.8208 0.8207
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FIFFTELS TEEE 401- ACC 08974 08717 08470 08648 0.8944
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Fig. 6. The phage recognition rate comparison of MetaPhaPred and the 1200 bp F1 09236 09051 08706 09119 0.9063
baseline methods on the real metagenomic phage sequence dataset. AUROC 09747 09620 0.9439 0.9680 0.9609
MCC 0.9360 09169 0.8771 0.9274 0.9120
5000- ACC 0.9680 0.9585 0.9385 0.9635 0.9545
metagenomic phage sequence dataset for each method. Al- 10000 bp Fl 0.9677 09585 0.9389  0.9630  0.9526
AUROC  0.9934 0.9901 0.9834 0.9927 0.9888

though it is not the fastest method, MetaPhaPred can obtain
a good tradeoff between the prediction accuracy and the
computational time.

E. Ablation Study

The above experimental comparison validates the effective-
ness of MetaPhaPred, a novel deep learning model combined
with word embedding, CNN, LSTM, and attention mechanism,
for identifying phages from metagenomic data. To verify the
effectiveness of each component of the model, we performed
ablation study by removing each component and retraining
the model, respectively. We consider the following variants of
MetaPhaPred:

e MetaPhaPred-W: A variant of the MetaPhaPred model
removing the embedding layer.

e MetaPhaPred-C: A variant of the MetaPhaPred model
removing the CNN layer.

e MetaPhaPred-L: A variant of the MetaPhaPred model
removing the Bi-LSTM layer.

Table VIII illustrates the performance of MetaPhaPred and
the variant models on the test sets. The experimental results
show that MetaPhaPred outperforms all the variant models,
which demonstrates the effectiveness of the word embedding,
CNN, LSTM, and attention mechanism. More specifically,
MetaPhaPred outperforms the variant models that removed the
word embedding, CNN, LSTM, and attention mechanism at
all sequence lengths, with a relative ACC improvement around
2%, 5%, 2%, and 1%, respectively.

F. Impacts of Parameter Settings

In this part, the impacts of certain key parameters on
prediction performance of MetaPhaPred are analyzed. The
simulated training and test sets were used in the experiments.

k denotes the length of word, which affects the learned
sequence features of MetaPhaPred. Table IX shows the vari-
ations of the prediction performance of MetaPhaPred with
different k£ values. The results illustrate that MetaPhaPred
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TABLE IX
COMPARISON OF METAPHAPRED WITH DIFFERENT k-MER LENGTHS. THE
BEST PERFORMANCE ARE HIGHLIGHTED IN BOLDFACE.

Datasets Metrics k=3 k=4 k=5 k=6
MCC 0.6592 0.6615 0.6546 0.6434
100- ACC 0.8296 0.8293 0.8267 0.8197
400 bp F1 0.8282 0.8210 0.8320 0.8090
AUROC 0.9064 09059 0.9051 0.8979
MCC 0.7952 0.7859 0.7829 0.7977
401- ACC 0.8974 0.8925 0.8914 0.8986
800 bp F1 0.8991 0.8897 0.8923 0.8968
AUROC 0.9593 09527 0.9530 0.9569
MCC 0.8454 0.8492 0.8444 0.8447
801- ACC 0.9225 09240 0.9212 0.9215
1200 bp Fl 0.9236 0.9219 09183 0.9190
AUROC 09747 0.9696 0.9653 0.9695
MCC 0.9360 0.9280 0.9254 0.9262
5000- ACC 0.9680 0.9634 09619 0.9623
10000 bp F1 0.9677 0.9623 0.9607 0.9611
AUROC 0.9934 0.9922 0.9910 0.9924

obtains the best performance in the phage prediction when
k = 3 in most cases. This may be because a codon in biology
is composed of three nucleotide bases, and the codon spec-
ifies the genetic information for synthesizing an amino acid
and contains biological information. Moreover, these results
illustrate that MetaPhaPred has a competitive performance for
all k£ values. This validates that MetaPhaPred can effectively
capture the potential features and correlations among the k-
mers in the metagenomic data. In addition, Table IX shows
that MetaPhaPred with high k values (i.e., K = 5 and k£ = 6)
obtains a worse performance than that with low & values (i.e.,
k = 3 and k = 4) in most cases. This may be because a high
k setting increases the growth of the vocabulary, and the k-
mers are in the test sets but may be not in the training sets
when k is set as a high value. In this case, k£ in MetaPhaPred
is properly set as 3.

The convolutional layer plays an essential role in the
prediction. We let n. denote the number of convolutional
layers, which contributes to the depth of CNNs and affects
the weight training effects for prediction. Table X shows the
variations of the prediction performance of MetaPhaPred with
different n. values. The results show that MetaPhaPred with
n. = 1 achieves the best performance at all sequence lengths,
and it can obtain a competitive performance at all sequence
lengths for all n. values. The results also illustrate that the
performance of MetaPhaPred decreases with the increase of
n. in most cases. This is probably because the increment of n,
increases the model complexity, namely the number of CNN
weights, and the overfitting weight training would reduce the
prediction performance of the model when the training sample
is not enough. In this case, n. in MetaPhaPred is properly set
as 1.

The imbalance of datasets affects the performance of
deep learning-based methods. Here, we test the the proposed
MetaPhaPred on imbalanced datasets with different ratios
of phage and bacteria sequences to validate its phage iden-

TABLE X
COMPARISON OF METAPHAPRED WITH DIFFERENT NUMBER n. OF
CONVOLUTIONAL LAYERS. THE BEST PERFORMANCE ARE HIGHLIGHTED
IN BOLDFACE.

Datasets Metrics ne=1 n.=2 n.=3 n.=4
MCC 0.6592 0.6368 0.6227 0.6244
100- ACC 0.8296 0.8174 0.8102 0.8121
400 bp F1 0.8282 0.8243 0.8179 0.8141
AUROC 0.9064 0.9003 0.8940 0.8939
MCC 0.7952 0.7738 0.7541 0.7526
401- ACC 0.8974 0.8865 0.8769 0.8763
800 bp F1 0.8991 0.8836 0.8751 0.8761
AUROC 09593 09538 0.9394 0.9427
MCC 0.8454 0.8347 0.8179 0.8266
801- ACC 0.9225 09172 09085 009125
1200 bp F1 0.9236 09181 0.9062 0.9098
AUROC 09747 09709 0.9663 0.9693
MCC 0.9360 0.9245 0.9223  0.9230
5000- ACC 0.9680 0.9623 0.9608 0.9610
10000 bp F1 0.9677 0.9622 0.9599 0.9601
AUROC 09934 09939 0.9924 0.9931
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Fig. 7. The performance of MetaPhaPred on the simulated test sets with
different ratios of phage and bacteria sequences.

tification AUROC performance. The AUROC performance
of MetaPhaPred is shown in Fig. 7. The results show that
MetaPhaPred can always obtain high AUROC values for the
imbalanced datasets with different ratios of phage and bacteria
sequence. The results also show that the performance of
MetaPhaPred is the best when the datasets are balanced, and
the performance is degraded with the increase of imbalance.
This is reasonable that the the deep learning-base methods are
more likely to predict the minority class as the majority class
incorrectly when the dataset is imbalance.

IV. CONCLUSIONS

In this article, we have proposed a novel deep learning
method, called MetaPhaPred, for identifying phage sequences
from metagenomic data. In MetaPhaPred, we first employ
the word embedding technique to learn the distributed fea-
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ture representation of DNA words and use the trained word
vectors to encode DNA sequences. This step can effectively
extracts the latent feature vectors in the DNA words. Then,
the embedded feature vectors are fed into CNN and Bi-LSTM
to capture the feature maps, and the long-term dependence
between the features from both forward and backward direc-
tions in sequences, respectively. Finally, we use an attention
layer to enhance contributions of important features. The
proposed MetaPhaPred has been tested on both the simulated
and real metagenomic sequences with different lengths. The
experimental results have demonstrated the superiority of
our proposed MetaPhaPred in identifying metagenomic phage
sequences with different lengths compared with several current
state-of-the-art methods.

Note that, the proposed MetaPhaPred is limited for pre-
dicting sequences from other organisms such as plasmid and
fungi. In future work, we will develop a deep learning-based
multiple-classes classification model for various metagenomic
data. Moreover, we will study the way for removing both
the prophage and the homologous fragments of phages with
the bacterial genomes, aiming to further improve the phage
prediction accuracy of MetaPhaPred.
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