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Abstract

The pig intestine contains a diverse bacteriophage community that helps regulate the gut microbiome and host health. Growing
interest in phage therapy reflects its potential as a cost-effective, targeted approach to modulating microbial communities and
treating diseases, particularly those involving antibiotic-resistant bacteria. This review proposes an alternative operational
definition of the phagobiome that integrates the phageome with host responses and summarises current knowledge of swine gut
phages. It includes well-studied Caudoviricetes as well as less abundant groups such as crAss-like phages and jumbo phages
carrying clustered, regularly interspaced short palindromic repeat spacers. Differences across pig breeds and age groups are
outlined, highlighting data gaps. Current knowledge of gut phages and their interactions with the host remains limited, prompting
the development of new bioinformatic tools. The paper also critically compares bioinformatic tools for phageome analysis,
supporting method selection and future research on core phages shared within pig populations and their potential applications.

Keywords: swine, pig gut bacteriophage, machine learning, bioinformatics, faecal virome transplantation.

Introduction

Diseases caused by antibiotic-resistant
microorganisms are difficult to treat with the available
drugs. Horizontal gene transfer within the gut microbiome
can convert naturally occurring bacteria into antibiotic-
resistant strains through the acquisition of antibiotic-
resistance genes (ARGsS) (59, 86). These challenges have
stimulated the search for alternative treatments, such as
phage therapy (applied) or clustered, regularly interspaced
short palindromic repeat (CRISPR)-based antimicrobials
(largely experimental) (48).

Studies (46, 102) have suggested faecal virome
transplantation (FVT) as a promising novel therapeutic
approach. In principle, limiting transplants to specially
selected phages open possibilities for their application in

phage therapy or microbiome engineering (105). To
achieve that, effective methods for their taxonomic
classification and understanding their biological function
must be established. The gut phagobiome, defined here as
the assemblage of bacteriophages and prophages within
a given biological environment, is functionally integrated
with the microbiome and may influence its stability,
activity, and interactions with the host (75). Its
complexity, combined with the rapid development of
artificial intelligence methods in human and veterinary
medicine, has led to the search for bioinformatic tools that
enable sequence-based taxonomic identification of gut
phages, including similarity and machine learning-based
approaches; prediction of phage-host interactions; and
assessment of phage-host interactions within the entire
gut microbial community (18, 137).

© 2026 A. Miastowska et al. This is an open access article distributed under the Creative Commons Attribution 4.0 License (CC BY 4.0)

(http://creativecommons.org/licenses/by/4.0/)



A. Miastowska et al./] Vet Res/70 (2026)

- -y

7 brophage/ARGs 7

|

[ Immune Response ]

s S

Gut Ecosystem

Fig. 1. Diagram illustrating the role of the phagobiome in the host's gut. ARG — antibiotic resistance gene

Although “phageome” is the commonly used term,
“phagobiome” (Fig. 1) more accurately reflects the
functional integration of bacteriophages with the
microbiome and the host, and the authors therefore
propose this term (42, 107).

This study presents a comprehensive review of the
gut phagobiome and the bioinformatic tools used to
analyse it, covering each stage of analysis and
highlighting dedicated tools. It is intended to guide
researchers seeking to expand knowledge of swine
phageomes, and reviews phage identification, taxonomic
classification, host-phage interaction prediction,
functional characterisation and data visualisation for their
application in therapy, and microbiome engineering.

Publications landscape

In recent years, interest in the mammalian gut
virome, including that of pigs, has increased
significantly. To illustrate how research in the pig gut
phageome has developed over time, a literature review
was conducted using the Scopus, PubMed and Web of
Science databases. A graph representing the number of
publications per year was created in RStudio (84) using
the ggplot2 package in R (85, 123) (Fig. 2).

A total of 397 publications were identified across
the three databases. Details are presented in Table 1.
Data were consolidated in RStudio, and duplicates were
removed based on titles using the dplyr package and
manual editing (124). Publications were filtered using
query keywords associated with pigs, gut, and phage-

related terms (“pigs” OR “swine” OR “piglets” AND
“gut” AND “phage” OR “FVT” OR “virome” or
“phageome” OR “phagome” OR “phagobiome” OR
“bacteriophage”). After merging and removing
duplicates, 244 records were obtained.

Table 1. Number of publications in selected databases

Database Number of publications
Web of Science 240
Scopus 88
PubMed 69
Total before deduplication 397
Total after deduplication 244

In addition, to visualise how key topics related to
the gut phageome of swine have changed over the years,
a co-occurrence map was created. The VOSviewer
software was used to conduct an analysis of publications
from 1947-2025 to establish a co-occurrence network
(28) (Fig. 3). The resulting co-occurrence network
contains 78 terms, after threshold adjustments. The map
indicates that topics appearing before 2018 primarily
focused on food, animals, strains and humans. Over the
years, terms related to treatment, viruses, antibiotic
resistance, metagenomics and diseases have become
more frequent. Around 2022, there was an increase in
interest in topics such as FFT (faecal filtrate
transplantation; free-phage fraction of faecal filtrate),
gut virome, and phage cocktail.
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Fig. 3. Network map showing co-occurrence of terms in swine gut phageome publications. FFT— faecal filtrate transplantation — the extracellular
bacteriophage particles constituting the active component of the phageome; ARGs— antibiotic resistance genes; PWD- post-weaning
diarrhoea in piglets; ETEC- enterotoxin-producing strains of Escherichia coli; NEC— necrotising enterocolitis
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Phagobiome in pigs: role of gut phages

Phages have been suggested to influence the
immune system of mammals by modulating
inflammation, innate and adaptive immunity, cell
growth, and bacterial clearance (102, 109). In some
cases, they can interact directly with bacteria on the
mucosal surface, transferring genes related to
polysaccharide, carbohydrate, and toxin metabolism.
Gut phages colonise the mucosal layer, forming a barrier
that prevents bacterial adhesion to the intestinal wall
(15). As determined by the life cycle of viruses,
intestinal phages can be functionally classified as
virulent, temperate (12), pseudolysogenic or associated
with chronic infection (111). Virulent phages multiply
within host cells, producing virions and causing cell
lysis (94). Temperate phages can undergo both a lytic
and a lysogenic cycle, in which the phage enters
a dormant state by integrating into the host genome to
form a prophage (94, 102). Such phages can transfer
bacterial genes, influencing the host metabolism.
Pseudolysogeny refers to a state in with a phage genome
remains non-integrated within the host cell until
conditions allow entry into either the lytic or lysogenic
cycle. Chronic infection is characterised by continuous
virion production and release without lysis of the
bacterial host cell, ensuring phage propagation (111).
Some prophages present inside bacterial cells can
prevent infection by other viruses through a process
called superinfection exclusion (SIE), which prevents
reinfection of a bacterium by competing phages. In
certain systems, prophages can influence bacterial
mobility, biofilm formation, adhesion and conjugation,
thereby potentially affecting bacterial virulence and
overall function. This shows that phages capable of SIE
may therefore be effective in phage therapy (21). In this
context, SIE constitutes a dynamic regulatory
mechanism through which prophages modulate bacterial
phenotypes in response to phage—phage interactions.

Phagobiome in pigs: phagobiome assembly within
the microbiome

The development of the pig microbiome is
influenced by many factors, such as the environment,
contact with other animals, diet, breed and age (114),
with the possibility of these factors being interrelated.
Early changes in the microbiome may be associated with
the development of the gastrointestinal tract in piglets.
The greatest shifts are observed during the weaning
phase, after which the microbiome tends to stabilise in
two weeks (27). Diet-related changes in the microbiome
have the greatest impact at around three months of age,
when the diet transitions from maternal milk to plant
carbohydrates, resulting in an increase in dietary
carbohydrates and a decrease in protein intake (27, 114).
Changes in the abundance and composition of gut
microbiome shape the diversity and dynamics of phage
populations.

In a study by Hu et al. (42), conducted on 112 pigs
from seven breeds, the greatest differences in viral
operational taxonomic unit (vOTU) diversity were
observed between Chinese native pigs (Tibetan
miniature, Laiwu, Shaziling, Congjiang miniature,

Huanjiang miniature and Ningxiang) and commercial
pigs  (Duroc x (Landrace x Yorkshire)), reflecting
fundamental differences in the composition and
diversity of their bacterial hosts. Gut phage populations
in finishing pigs indicated higher alpha diversity
compared with those in weaned piglets. Analyses
showed age-related changes in the pig gut microbiome,
with phage diversity increasing with growth stage. The
finishing swine phage population and that of the weaned
piglets were observed to cluster together, which may
explain differences in phage populations. Interaction
among pigs can facilitate the exchange of
microorganisms, reinforcing the presence of certain
phages associated with specific bacterial species and
influencing their abundance and population dynamics.
Weaned piglets, particularly the Tibetan miniature
breed, had a higher proportion of core phages. In
contrast, finishing pigs, especially the commercial
breed, had a lower proportion of core phages and
a higher proportion of unique phages, suggesting
dynamic restructuring of the gut phageome during the
pig’s lifespan (42).

Despite changes in the microbiome during piglet
growth and development, it remains influenced by
maternal transmission of it as the initial microbiome
(106). This maternal microbiota composition shapes the
efficiency of bacterial species colonisation, modifying
microbial diversity, and may influence the composition
of the phage community in the pig gut.

Phagobiome in pigs:
bacteriophages

The majority of identified tailed phages in pigs
belong to the class Caudoviricetes (42, 71), which
includes the families most commonly appearing in pigs:
Ackermannviridae,  Straboviridae, = Peduoviridae,
Zierdtviridae, Drexlerviridae and Herelleviridae. The
previous classification for these phages was in the order
Caudovirales, and the families Podoviridae,
Siphoviridae and Myoviridae were included (42).

A study (100) reported that Caudoviricetes phages
in the pig colon were the most abundant in several
identification experiments. In addition  to
bacteriophages, eukaryotic viruses were also present,
with Parvoviridae predominating in the mucosa of the
small intestine, while Circoviridae, Astroviridae,
Caliciviridae and Parvoviridae predominated in the
large intestine. Analyses of shared viral contig sets
showed that bacteriophages of the family Microviridae
were present in the cecum and colon. In intestinal
metagenomes, eukaryotic viruses and bacteriophages
can be difficult to distinguish bioinformatically because
different sampling and sequencing strategies capture
different viral subsets. Additionally, the location and
presence of prophages integrated into bacterial genomes
cause phage and eukaryotic signal to co-occur in the
same contig sets, because of chimeric contigs or
annotation inaccuracies.

A meta-analysis conducted by Mi et al. (71)
showed that the most common hosts for phages of the
class Caudoviricetes are bacteria belonging to the phyla
Firmicutes and Bacteroidetes, including genera such as

characterisation of gut
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Prevotella, Bacteroides, Vescimonas and Candidatus
Faecousia. Although Mi et al. use the traditional phylum
names, the currently accepted nomenclature refers to
these phyla as Bacillota and Bacteroidota. For
consistency, the updated taxonomy will be used
throughout  this work. Phage  host-prediction
bioinformatic analyses combined with Mi et al.’s meta-
analysis indicated that some were likely to infect
bacteria involved in efficient nutrient metabolism, such
as Blautia, Faecalibacterium, Lactobacillus and
Ruminococcus, potentially indirectly influencing pig
productivity and health. Furthermore, the absence of
Asfarviridae in the analyses derived from healthy pigs
indicates that these viruses are not part of the core pig
phageome but rather represent occasional or invasive
species (71).

In recent publications (116, 131), viruses similar to
human cross-assembly phages (crAssphages) were
detected in pigs. These phages co-occur with
Bacteroidota gut communities, which have been
associated with influencing metabolism, weight gain and
immune function. The intestinal crAssphage was used as
a marker confirming contamination with human faeces
in publications investigating the source of wastewater
pollution (61). In studies (1, 69), crAssphage was also
detected in samples containing animal faeces. According
to the classification of the International Committee on
Taxonomy of Viruses (ICTV), phages similar to
crAssphages are divided into clusters: alpha
(Intestiviridae), beta (Steigviridae), gamma
(Crevaviridae) and delta (Suoliviridae). In addition to
the official classification, there are two other groups:
epsilon and zeta (118). Studies conducted on pigs have
detected the highest number of phages belonging to the
beta cluster, and smaller numbers belonging to the alpha,
delta and zeta clusters (116, 131). In humans, most
crAssphages belong to the Intestiviridae family (116).
The hosts for pig crAssphages are most often bacteria of
the phylum Bacteroidota, less often Firmicutes. Within
these taxa, species of the genus Prevotella dominate,
with Parabacteroides and UBA4372 occurring at lower
abundances. The second of those is an unclassified
bacterial genus often associated with the order
Bacteroidales and the family Rikenellaceae which is
dominant in the rumen of buffalo and positively
correlated with their immunity and metabolism. In
humans, the primary hosts of crAssphages are bacteria
of the genera Bacteroides, Prevotella and
Parabacteroides. Pig crAssphages, by interacting with
Prevotella and Bacteroides, can influence fat deposition
in animals. The species Prevotella copri, which forms
the core of the intestinal microbiome, is found in greater
amounts in fattening pigs (116).

The intestinal microbiome of pigs also includes
prophages, i.e. viruses integrated into the genome of
bacterial hosts. Prophages encoding putative auxiliary
metabolic genes (AMGs) such as cobA, cobS, and cobT
can influence the synthesis of vitamin B12, which is
essential for proper metabolism. Another feature of
some phages is the presence of SIE genes, which protect
the host from infection by other phages. They can also
transfer ARGs and virulence factor genes (VFGs)

between bacteria through horizontal gene transfer. The
assessment of the frequency of transfer of these genes
conducted by Wei et al. (118) showed that the highest
number of prophages carrying both ARGs and VFGs
was detected in Escherichia coli, followed by lower
numbers in Citrobacter portucalensis and Klebsiella
pneumoniae. The most frequently identified antibiotic
resistance genes were associated with multidrug,
aminocoumarin and nitroimidazole resistance. This
shows that the selection exercised in faecal microbiota
transplantation (FMT) for bacterial composition may be
insufficient and should also consider the phages
embedded into bacterial genomes, as well as the free
phage fraction. Concerning virulence factors, genes
related to flagella and capsule formation and
lipopolysaccharides were the most common. Virulent
phage genes targeting specific hosts can be evaluated for
their ability to infect pathogenic bacterial strains, to
verify their suitability for phage therapy (118).
Furthermore, Wei and Chen (117) reported detection of
Iytic phages that, based on CRISPR spacer matching, are
capable of infecting E. coli and Klebsiella pneumoniae.
In the study cited earlier by Wei et al. (118), crAss-like
prophages from the order Crassvirales were found,
belonging mainly to the zeta cluster, but also to the alpha
and beta. The detection of crAss-like phages in samples
and crAssphages in faeces in pigs indicates the presence
of crAssphages in the intestines of these animals (1, 69,
116, 131).

A study by Yu et al. (131) demonstrated the
presence of jumbo phages in pigs. Jumbo phages,
distinguished by their extremely large genomes
(>200 kb) and large virions, play a key role in
environmental microbiology and potential therapeutic
applications (132). The discovered jumbo phages
belonged to the class Caudoviricetes and were found to
encode genes involved in bacterial defence modulation,
infection, assembly, lysis and phage replication. They
were also found to encode genes that increase the
immune resistance of their bacterial hosts. Two of the
identified jumbo phages encoded CRISPR spacers
targeting bacterial genomes reconstructed from
metagenomes and spacers against other phages present
in the analysed sample. In addition, several CRISPR-Cas
systems based on the Cas9, Casl10 and Casl4 proteins
were discovered in some jumbo phages. The short
153-amino-acid sequence of Cas14 (one of the smallest
known CRISPR effectors) makes this protein a useful
gene editing tool, especially for delivery systems with
limited payload capacity (131). Despite its short length,
Cas14 can perform targeted cuts of single-stranded DNA
(13). The presence of the Casl4 in jumbo phage
genomes implies that these phages may have developed
mechanisms to interact with competing phages,
suggesting phage—phage competition.

Phagobiome in pigs: phage therapy and microbiome
engineering

The transfer of the entire microbiota from the
donor’s faeces to a recipient, FMT, change the
microbiome benefically. So far, FMT has been shown to
be effective in treating Clostridioides difficile infections.
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The use of FMT in livestock has reduced susceptibility
to diarrhoea and increased average weight gain in
piglets. Alongside the intended therapeutic effects of
FMT, there are also risks. These include the potential for
the introduction of pathogenic or antibiotic-resistant
strains to the recipient. In an attempt at mitigration of
these difficulties, modifications to FMT have been
proposed that focus on obtaining the phage fraction (46).

This obtainment of the phage fraction is FVT,
proposed by Jankowski et al. (46), and it involves
administering 0.22-um-filtered faecal filtrate from
a healthy donor to animals. The faecal virome, which
mainly contains gut bacteriophages, is a complex but
crucial element of the gut microbiome and is thought to
contribute to gut ecosystem stability. Some fractions,
i.e. those with a beneficial composition of intestinal
phages that are active against specific pathogenic
microorganisms and do not have undesirable
characteristics such as the ability to transfer ARGs or
VFGs, can support microbiota homeostasis by
maintaining bacterial diversity and thereby enabling the
more effective removal of pathogens (20, 94). The
results of experimental studies indicated that bacterium-
free phage suspension may reduce the incidence of
necrotic enteritis in piglets (126). Phages can influence
the host positively, but also negatively (Fig. 4).

The goal of phage therapy is to introduce selected
phages that specifically target certain bacterial species
or strains responsible for particular diseases. Phages can
be effective in treating certain infections, making them
potentially useful for treating gut pathogens in pigs, such
as Campylobacter spp., E. coli, Listeria spp. and
Salmonella spp., either as a supplement or an alternative
to antibiotics. Improved methods for treating pigs
translate into better animal health and increased safety
of animal food products that could otherwise be a source
of infection (48).

Research (53, 130) confirmed the effectiveness of
phage therapy in the treatment of chronic wound
infections, indicating its use in cases where standard

antibiotic therapy is not effective. Furthermore, studies
(78, 82) indicate that phages can be applied not only
therapeutically but also prophylactically, potentially to
reduce Staphylococcus aureus infection by preventing
biofilm-related bacterial colonisation on medical
surfaces and wounds. Phages can be used in therapies as
vectors delivering modified DNA to bacterial cells. This
approach is important for the removal or inactivation of
antibiotic resistance genes, which indicates the use of
phage therapy to increase the effectiveness of antibiotics
in treating bacterial infections (119). The CRISPR-Cas9
system can be used as an experimental genome editing
tool. Modified phages infect bacteria and deliver
CRISPR-Cas9, resulting in the removal of plasmids
conferring antibiotic resistance or the disruption of
essential genes, thereby weakening or Kkilling the
bacteria; however, this approach currently remains at the
proof-of-concept stage (14).

Beyond therapeutic applications, phages can also
be used as precise modulators within the microbiome.
The microbiome represents a highly dynamic and
complex ecosystem of coexisting organisms, each
creating niches and environmental barriers that shape
populations.  Microbiome  engineering  typically
introduces single, specially designed organisms rather
than whole microbial communities, which may fail to
thrive and dominate by the prevention of several
ecological barriers, including niche availability,
interaction  with  resident  microorganisms and
environmental conditions such as pH, temperature,
nutrients and oxygen levels. These ecological properties
limit the long-term success of targeted engineering in
microbiome ecology (2).

The success and safety of phage therapy depend on
its high specificity and ability to attack and kill target
bacteria, thus avoiding disruption of the entire gut
microbiota (122) and no less on other factors such as
phage preparation and storage conditions, transport,
route of administration, individual phage tolerance to
environmental factors and multiplicity of infection (80).

Effects of phages on the host
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Fig. 5. Selected tools used in phagobiome analyses with assigned analysis stages

Phage-based therapy has several limitations.
Because of their high specificity, phages target only
selected bacterial genera and species, which restricts
their possibilities in treating diseases caused by multiple
pathogens. Some phages enter a lysogenic cycle instead
of inducing bacterial lysis, which can inhibit other lytic
phages and increase the risk of transferring virulence
factors and antibiotic resistance genes. Phage-induced
lysis of Gram-negative bacteria can result in the release
of endotoxins, notably lipopolysaccharides (LPS), and
may trigger inflammatory or immune responses. The
complex process of phage therapy preparation, together
with the lack of clear regulation and standardised protocols
for phage isolation, purification, dosing and routes of
administration, complicates the therapy’s standardisation,
quality control and efficiency evaluation. Furthermore,
bacteria can develop resistance to phages through defence
mechanisms, including CRISPR-Cas systems, which
reduces treatment effectiveness (64). Phages may also be
rapidly degraded or eliminated by the host’s immune
system, depending on the route of administration. Oral
administration induced only a weak immune response,
related to secretory phage-specific IgA, which decreased
after termination of phage exposure, allowing phages to be
transmitted through the gastrointestinal tract. In contrast,
systemic administration can lead to the induction of 1gG
antibody production only at the systemic level and IgA
antibody at both systemic and secretory levels (68).

Phages as tools for targeted microbiome
modulation are currently used in in vitro systems and
animal models, with limited clinical data. Most
applications of phage therapy have focused on the
elimination of specific pathogenic bacteria rather than
broad microbiome reshaping, and further well-designed

randomised controlled clinical trials are needed to
validate their use as microbiome-modulating agents
(87).

Bioinformatic tools

Analysis of the pig gut phagobiome from
metagenomic data requires a multi-stage pipeline
because of the lack of universal markers and high
fragmentation of contigs. The high diversity of phages
and the absence of universal phylogenetic markers or
conserved regions as found in bacteria make the analysis
complex and highly dependent on assembly quality,
contig length and the availability of reference genomes.
This necessitates the use of bioinformatic tools. The
stages of phageome characterisation are raw data
processing, sequence identification and assembly,
genome annotation, taxonomic classification, functional
analysis, detection of phage-host interaction and
statistical analyses (6). Different tools are used in
different stages of these analyses (Fig. 5). A brief
description of the tools and their sources with references
is available in Supplementary Table S1.

Bioinformatic tools: data quality control

Raw data obtained from sequencing (e.g. lllumina
and Nanopore) can be trimmed and filtered to remove
contaminants, low-quality reads, adapters and technical
artifacts (121). For this purpose, tools such as fastp and
fastplong can be used (24, 25), the first being for short-
read data, including those from Illumina, and the second
being a fast FASTQ preprocessor designed for long-read
sequencing data, such as from Nanopore. These tools
enable quality and length filtering, read trimming and
output splitting (24, 25). Another tool, FastQC, checks
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the quality control on raw short-read data, and
a complementary one, NanoPack, does so for long
reads,providing summary statistics and diagnostic plots
describing read quality (7, 26).

Bioinformatic tools: viral DNA identification

Following the initial filtering stage, viral sequences
are classified from the reads. The low ratio of viral
biomass to total DNA causes viral sequences to be
underrepresented in bulk metagenomes, and background
contamination from eukaryotic or bacterial host-derived
DNA can be mask this DNA (49). The risk exists of
accidentally removing viral sequences, and precautions
such as host-filtering or soft masking are needed. Phages
that integrate into the host genomes, viruses attached to
cells, or those in a pseudo lysogenic state are particularly
challenging to properly identify. However, prophages
can be further detected and removed if needed using
dedicated programs such as Phigaro and PhageBoost.
Phigaro uses an algorithm based on hidden Markov
models (HMMs) and prokaryotic virus orthologous
groups to predict open reading frames (ORFs) belonging
to prophages (103). PhageBoost uses generalised ML
models that focus on differentiating viral gene features
from background (101).

Integrated prophages may carry important bacterial
traits, which can be considered part of phagobiome, the
microbiome, or a mixture of both. Viral genome
identification relies on different approaches, including
homology-based methods, k-mer-based strategies and
machine learning models (41).

Sequence similarity-based methods identify viral
DNA based on the homology of phage proteins to data
in reference databases (121). Typical tools in this
category are basic local alignment search tool, translated
nucleotide version (BLASTX) and VirSorter, the first of
which only achieves high accuracy for known viruses
and works slowly on larger sets (4, 36, 91). The
limitation of these methods is the frequent lack of data
in databases for poorly known viruses, which may lead
to these viruses being overlooked.

Methods based on k-mers-compare repeating
nucleotide patterns of length k derived from reference
databases with the sample sequence (67). Using
fragments rather than the entire genome accelerates
analysis. These methods can handle genome
rearrangements, but matching effectiveness depends on
the k-mer length (121). One tool employing the k-mer
method is Kraken2 (125), the performance of which
depends on how well the relevant genomes are
represented in the database and was noted to do well on
mock datasets but require substantial memory resources.

Machine learning (ML) approaches combine the ability
to process large datasets with pattern recognition. Models are
trained to identify features such as k-mer composition, codon
bias related to the usage of specific codon pairs and
oligonucleotide frequency patterns, especially cytosine—
guanine phosphodiester bond bias (74). Machine learning-
based tools have the potential to identify new viral species.

Some tools combine more than one approach.
DeepVirFinder and PPR-Meta (phage and plasmid
recognizer for metagenomes) use deep learning (DL)
models along with k-mer features; VirFinder relies on
k-mer and machine learning; Seeker combines DL and
homology-based methods; and VIBRANT  (virus
identification by iteRative ANnoTation) (54), VirSorter2
and ViralVerify integrate homology-based approaches
with ML (40, 127). DeepVirFinder is an improved version
of VirFinder, achieving higher prediction accuracy for short
viral sequences, which makes it particularly useful for
metagenomic data. It bases its modelling on convoluted
neural networks (CNNs) (88). PPR-Meta calculates the
likelihood that metagenomic sequence originates from
phage, plasmid or chromosome, also using CNNs to
improve prediction accuracy for short fragments. In
comparisons with VirFinder, cBar, PlasFlow and VirSorter,
PPR-Meta archived higher precision and accuracy (30).
Seeker distinguishes bacterial from phage genomes directly
from sequence data, achieving moderate precision and
recall. It is based on long short-term memory, a type of
recurrent neural network which makes possible the analysis
of complete DNA sequences rather than short fragments.
Seeker can capture distant dependencies within genomic
sequences (11).

MetaPhinder identifies metagenomic contigs by using
BLAST searches against a reference database, combining
the advantages of homology-based and k-mer approaches
(52). A specialised tool is MARVEL (metagenomic
analyses and retrieval of viral elements) is an ML based
method for detecting viruses from the order Caudovirales
(currently classified as the class Caudoviricetes), allowing
the identification of phage sequences in metagenomic
datasets (5).

VirMiner can be applied to raw reads and includes
quality control steps. It demonstrates moderate precision
and sensitivity and uses a random forest algorithm
trained on metagenomic data from the gut microbiome
(135).

VirSorter2 predicts a wide range of viral groups,
including dsDNA, ssDNA phages and virophages, and
also RNA viruses. It achieved high accuracy detection of
viruses, including those that are underrepresented in
reference databases (39). Viral RNA in DNA
metagenomes is marginal but can be refined using specific
sequencing conditions and data.

PhaMer is based on a Transformer model that learns
proteins’ compositions using a dictionary of protein
clusters and their positional information within sequence.
It then distinguishes bacterial from phages contigs and has
been shown to outperform other methods, particularly in
the identification of novel viruses (99).

Several recent benchmarking studies have compared
performance of viral identification tools, including
DeepVirFinder, Kraken2, MetaPhinder, PPR-Meta,
Seeker, VIBRANT, ViralVerify, VirFinder, VirSorter,
VirSorter2 and PhaMer (41, 99, 127). In summary, these
tests indicated that tool performance depended on the
length of the contigs, the type of data, the purpose of the
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analysis and the novelty of the viruses. Homology-based
methods tend to perform better for viruses present in
reference database, whereas machine learning approaches
are more suited for detecting novel viruses (127).

Bioinformatic tools: genome assembly

Several genome assembly strategies are currently
pursued. The first is de novo assembly, implemented in
two ways: based on de Bruijn graphs, or based on
overlap graphs as part of the overlap-layout-consensus
(OLC) approach. In the OLC method, reads are
represented as nodes in a graph, and edges are created
based on overlapping fragments of entire sequences. The
assemblers of this type used for single viral populations
are Vicuna, PRICE (paired-read iterative contig
extension) and IVA (iterative virus assembler). In
contrast, for de Bruijn graphs, sequences are connected
through overlapping k-mers. Problems with de novo
assemblers arise from uneven coverage and population
variability, which are common in viral and metagenomic
datasets. Modern, second-generation assemblers based
on modified de Bruijn graphs, such as MEGAHIT (60)
and MetaSPAdes (metagenomic St. Petersburg genome
Assembler), implement strategies to simplify the graph,
by dividing it into subgroups and removing low
coverage k-mers and local graph structures (89).

The IVA tool is a de novo single population virus
assembler made for paired-end reads from short-read
platforms such as Illumina (44). This approach can result
in fragmented assemblies when reconstructing genomes
with terminal repeats. Working on paired reads, PRICE
increases the size of contigs created from metagenomic
data (92). Vicuna is software for short, highly variable
reads (128). Haploflow is a genome assembler for short-
read sequences, which uses a flow algorithm based on
the de Bruijn graph to resolve viral strains (31). Strain
reconstruction remains challenging and assemblies are
often fragmented or incomplete.

The MetaviralSPAdes pipeline is an extension of
MetaSPAdes that aims to reconstruct contigs
representing entire viral genomes instead of mere
fragments. Such approaches may be key to recovering
the genomes of previously unassembled viruses. The
program consists of several tools: ViralAssembly, which
creates contigs from metagenomic graphs; ViralVerify,
which checks whether contigs are of viral origin using
a naive Bayes classifier and is capable of detecting large
and diverse sets of viral sequences notably faster than
BLASTX and achieving higher recall than VirSorter,
VirFinder and VirMiner (8); and ViralComplete, which
compares the obtained genomes with reference
databases to assess whether the entire virus genome or
only a fragment has been received. This tool enabled the
identification of new viruses, such as phages from the
crAssphage family that were previously misclassified as
bacterial contigs, as well as other unknown viruses (8).

The PHA MB (PHAges from metagenomics
binning) tool developed by Johansen et al. (50) is
a framework for binning phage genomes from

assembled metagenome data. The method combines
contig binning with a machine learning—based classifier
that distinguishes viral from non-viral genome bins. This
framework enables large-scale reconstruction of high-
quality viral genomes directly from bulk metagenomes
(50).

An approach optimised for viral assembly is the
overlap-based assembler PenguiN (protEiN-GUlded
nucleotide assembler) developed by Jochheim et al. (49).
This program assembles viral genomes and 16S
ribosomal RNA (rRNA) genes from metagenomic data
to distinguish between strains. Unlike de Bruijn-graph
assembly programmes such as MEGAHIT or SPAdes,
PenguiN relies on read-overlap detection combined with
a Bayesian statistic, which allows it to separate closely
related strains that are often collapsed or fragmented by
graph-based approaches. In test datasets, PenguiN
reconstructed a significantly higher number of complete
and near-complete viral genomes and 16S rRNA
sequences, particularly under conditions of high strain
diversity and low coverage. Although PenguiN is more
computationally demanding than de Bruijn-graph tools
like MEGAHIT or SPAdes, it shows better scalability
than other overlap-based tools such as Haploflow and
SAVAGE (strain-aware virAl gEnome assembly),
which require longer runtime or fail to complete
assemblies on large, strain-rich metagenomic datasets.
Usage of the Linclust linear clustering algorithm reduces
runtime and memory requirements, making PenguiN
practical for large and complex metagenomic datasets,
including those generated by long-read sequencing
platforms such as Nanopore (49).

Plass (protein-level assembler) operates with
protein sequences derived from short-read sequencing
data. It translates reads in all six frames, improving
memory efficiency and making it optimal for complex
metagenomic or metatranscriptomic datasets (104).

Flye is a de novo assembler designed for single-
genome assembly from long sequencing reads. It works
on a repeat graph, where edges represent genomic
segments that may be unique or repetitive, and nodes are
repeated boundaries. Unlike de Bruijn-graph—based
assemblers, which require exact k-mer matches, Flye
uses approximate matches, making it well-suited to long
reads and tolerant of sequencing error (57). MetaFlye is
an extension to Flye that supports metagenomic
assembly of long-read sequencing data. It adds repeat-
graph modifications that enable it to handle an uneven
abundance of species, high levels of repeats in genomes
and large data sets typical of metagenomes. In particular,
metaFlye uses repeat structure and coverage information
to distinguish between different genomes (56).

Another tool for long reads is the de novo genome
assembler Raven. It operates on the OLC approach and
utilises minimisers in combination with MinHash to
effectively detect sequencing read overlaps and generate
an assembly graph for efficient usage of time and
memory (110).
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Bioinformatic tools: genome annotation

The next step involves interpreting the obtained
sequences and searching for genes, protein domains and
virion structure—related elements. Approaches used
include sequence homology-based methods, ab initio
strategies based on statistical methods such as HMMs
and other probabilistic models and hybrid methods.
Gene predictions combine intrinsic sequence features
used in ab initio approaches with extrinsic data derived
from similarity to viral proteins (29). The tools for this
purpose include Prokka, PHANOTATE and
GeneMarks.

Pharokka is an improved version of Prokka (19,
95), combining gene annotation with functional
analysis, and is dedicated to phage analysis. It searches
for transfer RNA, transfer-messenger RNA and CRISPR
in the sequences. It predicts coding sequences based on
two methods: PHANOTATE or Prodigal (pROKaryotic
dynamlc programming genefinding aLgorithm). The
first predicts genes in viral genomes by accounting for
gene packing, start codons and short ORFs, while the
second is designed for rapid prediction in large
metagenomes. Coding sequences are compared to the
PHROGs (protein homologous groups) database based
on phage protein homology, the CARD (comprehensive
antibiotic resistance database) for identifying antibiotic
resistance genes, and the VFDB (virulence factor
database) for detecting virulence factors (19). However,
detection of ARGs and VFs in phage genomes
reconstructed from metagenomes carries an elevated
risk of false positives due to bacterial contamination.

The previously mentioned VIBRANT is a multitool
framework that predicts bacterial and archaeal viruses,
annotates viral functions, identifies genes and
determines genome completeness. It integrates neural
network models with databases such as Pfam (for protein
families), VOGDB (Virus Orthologous Groups
Database) and the Kyoto Encyclopedia of Genes and
Genomes (KEGG) (54). This framework performs well
on novel viruses and diverse metagenomes, achieving
good predictive performance in benchmark tests (41,
127).

As an extension of DRAM (distilled and refined
annotation of metabolism), DRAM-v is a tool designed
for annotating viral genomes, particularly for finding
AMGs (96). It operates on viral contigs, generated from
VirSorter. Prodigal is used for predicting ORFs, and the
resulting amino acid sequences are searched for in
multiple databases and web servers, including KEGG,
Pfam, UniRef90 (clustered sequences from UniProt),
dbCAN (database for carbohydrate-active enzyme
aNnotation) and VOGDB (96).

For identifying the closest reference genomes and
assessing the completeness of viral genomes, CheckV is
a tool widely used. It also detects host contamination,
resulting from integrated proviruses. This pipeline
compares viral sequences with the IMG/VR (integrated
microbial genomes/virus and retrovirus) database (the
largest database with reference isolated DNA of viruses

and computationally identified viral contigs (79) and is
designed to work with single-contig viral genomes. The
tool sets a uniform length threshold and analyses all viral
contigs longer than it. Complete or circular genomes can
be identified based on the presence of direct terminal
repeats and by mapping paired-end sequencing reads.
The pipeline is computationally efficient but is not
recommended for bulk metagenomic datasets (76).

Taxonomic classification

Another element of phagobiome analysis is
determining the family or order to which a given phage
belongs. Further classification is limited, and the
achievable taxonomic resolution depends on genome
completeness. Classification should follow the accepted
nomenclature. A virus can be assigned to an existing
genus with an established classification, or to a new
genus, which requires the formation of a new taxonomic
hierarchy that must be approved by the ICTV (15). The
ICTV virus classification is constantly changing, as new
species are discovered, previously unclassified viruses
are categorised, and some families are redefined and
removed (136).

Virus classification tools are based on the analysis
of viral marker proteins and gene-sharing similarity
networks, using HMMs and machine-learning methods,
as an advanced alternative to simple BLAST-based
comparison for viruses from particular taxa (6, 136).
Alignment-based tools include VPF-Class (viral protein
family classifier) and CAT (contig annotation tool),
network-based tools include vConTACT (viral ConTig
automatic cluster taxonomy) and learning-based tools
comprise PhaGCN (phage graph convolutional network
(GCN)) and PhaGenus (38).

Approaches employing BLAST have several
limitations: poorly characterised viruses may be missing
from the reference database, and phages themselves are
also highly variable and diverse. ProViDE (program for
viral diversity estimation) supports BLAST by assigning
viruses to different taxonomic levels based on matches
to the protein database using virus-specific parameters,
but it cannot overcome the problem of a lack of
representation in databases (35, 89).

GenomeNet provides the ViPTree web server for
creating phage proteomic trees by using genome
similarity computed by tBLASTX (translated nucleotide
cross-comparison version), enabling classification with
reference viruses and their prokaryotic or eukaryotic
hosts. Some advantages of this approach include the
ability to analyse diverse genomes together, reduced
sensitivity to genome rearrangements and the possibility
of performing classification based on entire genomes
rather than fragments. Unfortunately, this means that it
cannot be used for most metagenomic contigs (77).

Artificial intelligence models also achieve satisfactory
results. PhaGenus, developed by Guan et al. (38),
constructs sets of protein clusters from reference
genomes, where each group becomes a >’word’’. When
an unknown sequence is entered, PhaGenus predicts
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ORFs, translates them into proteins and assigns each
protein to one cluster. The transformer model learns
which proteins appear in the phage genome and in what
order. PhaGenus classifies at the genus level. In
benchmark tests on RefSeq phage contigs, it achieved
a higher prediction rate and comparable or higher
classification accuracy than CAT and Kraken2 across
a range of sequence lengths, including short contigs
(2 kb—20 kb) (38).

In a study by Zhu et al. (136), four tools for
taxonomic classification were compared based on data
from Caudoviricetes phages. One of them was
vConTACT v. 2.0, utilising the whole genome for phage
classification by constructing a network and clustering
sequences into a taxon based on genome distance (44).
It proved to be the most effective tool for classifying new
viruses, although its performance decreased on shorter
sequences. Another of the evaluated tools, PhaGCN,
classified phages at the family level, while vConTACT v. 2.0,
CAT and MMsegs2 (many-against-many sequence searching)
categorised viruses to the genus level. On data from the
RefSeq database, MMseqs2 assigned 46% of species
correctly and outperformed CAT which only assigned
28% correctly (72). Among these tools, PhaGCN was
the most accurate, especially for contigs longer than
3,000 base pairs; however, shorter sequences were not
supported by this tool (136).

With a design suited to long sequences, CAT uses
an ORF-based algorithm, allowing classification of
contigs and metagenome assembled genomes (MAGS)
(112). The VPF-Class tool combines taxonomic
classification with host prediction by assigning viral
proteins to viral protein families from large
metagenomic datasets (83). Rather than a taxonomic
classifier, MMseqs2 is a sequence similarity search
engine, which can be incorporated into classification
pipelines. It clusters protein and nucleotide sequences
using a profile database rather than BLAST, providing
faster performance (73).

Newly discovered virus sequences can also be
preliminarily assessed for their closest taxonomic
relationship by comparison with reference genomes
using TaxaBLAST, an application provided by the
ICTV. TaxaBLAST is intended for preliminary
comparisons and does not constitute a formal taxonomic
classification (15).

Functional analysis

Understanding the functions of phage proteins can
have potential applications in phage therapy, but
accurate functional annotation remains a challenge, as
many proteins are hypothetical or classified as having no
known function. Viral genes obtained from sequencing
are analysed for the presence of proteins with structural,
enzymatic and host-modulating functions, including
those related to virulence, antibiotic resistance, or
bactericidal activity (42, 54). Databases used for
functional analyses include Gene Ontology (GO), which
provides information on the molecular function of gene

products, the biological processes they participate in and
their cellular localisation; and KEGG Orthology (KO),
which enables the assignment of genes to metabolic
pathways and reaction networks, describing genome
functions related to metabolism, transport and signalling
(40) It should be noted that these databases are mainly
built on cellular organisms, and a large proportion of
phage proteins lack annotations in GO or KO, limiting
coverage for viral genomes.

Similarity-based methods, artificial intelligence
models and orthology-based approaches are used in
these analyses (43, 54), but their efficiency remains
uncertain for most predicted functions. The tools of
research include VIBRANT (54), eggNOG-
(evolutionary genealogy of genes: non-supervised
orthologous groups) mapper (43), InterProScan (16),
DIAMOND  (double-index alignMent of next-
generation sequencing data) (22) and dbCANZ2 (database
for carbohydrate-active enzyme aNnotation, version 2)
(133).

Methods based on sequence similarity such as
DiamondScore and DiamondBlast rely on the
assumption that similar sequences have similar
functions. This assumption often does not work for
phage proteins, as a significant proportion of them have
no homologues with known functions. Such genes are
commonly referred to as ORFans and are defined as
open reading frames that have no detectable homologues
in sequence databases. Analyses have shown that
approximately 38.4% of phage ORFs have no
homologues in other phages, and approximately 30.1%
have no detectable homologues in either viral or
prokaryotic genomes (129).

DIAMOND is a sequence similarity search tool
used to compare protein sequences against a reference
database such as KEGG (22). The dbCAN2 server
submits metagenomes or proteomes of assembled
viruses for annotation against the CAZyme
(carbohydrate-active enzymes) database. It relies on
HMMs constructed for CAZyme families, as well as
DIAMOND and Hotpep, which search for conserved
peptide motifs from CAZyme families in the database
(133). The RGI (resistance gene identifier) software
predicts antibiotic resistance genes from nucleotide or
protein sequences from metagenomics data, based on
homology and single-nucleotide polymorphism models
from CARD (3).

EggNOG-mapper is based on orthology rather than
homology, on the premise that genes originating from
a single ancestor through vertical divergence have
similar biological functions. Phages often evolve
through mosaic and horizontal gene transfer, making
functional predictions based on orthology less reliable.
The tool compares the sequence to proteins in its
database using HMMs for rare or new species, or
DIAMOND for well-known species, and balances speed
and memory consumption. It then verifies whether the
best-matching protein is indeed an orthologue of the
given sequence. Based on orthology assignment, it
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determines functional annotations described in GO,
KEGG and COG (the clusters of orthologous genes
protein database). In comparative analyses, eggNOG-
mapper proved more accurate than BLAST and
InterProScan on well-characterised model organism
proteomes (43). Its performance on phage proteins can
be inferior because of the underrepresentation of viral
sequences in reference databases.

InterProScan searches protein sequences against
the InterPro database, predicting their function, finding
domains and sites and classifying proteins into the
families to which they belong (16). Many phage proteins
lack recognisable domains in InterPro, which limits the
useability of this tool.

In the study by Guan et al. (37), the authors
presented a new program, GOPhage, dedicated to the
analysis of typical phage proteins, including newly
discovered ones. It uses the ESM2 protein language
model, which creates a vector describing proteins based
on their amino acid sequences, capturing features related
to structure, biochemistry and interaction patterns. The
phage genome is then transcribed into ’’sentences’’,
composed of proteins arranged in a specific order.
A transformer model is trained to analyse the protein
order in the genome and determine their functions based
on relationships between neighbouring proteins. Based
on probability, an assignment is made to one of three
protein types each with a Gene Ontology term:
molecular functions, biological processes or cellular
components. Tests performed on phage proteins and
genomes from the class Caudoviricetes in the National
Center for Biotechnology Information RefSeq database
showed the efficiency of GoPhage in the functional
classification of phage proteins (37).

Host prediction

Host prediction methods use whole-sequence
similarity (alignment-based), sequence composition
(alignment-free), machine learning and CRISPR spacer
and tRNA information (137, 138). Current approaches
predict only with high uncertainty, especially below the
species level. Available tools include homology-based
methods such as PHIST (phage—host interaction search
tool) (138) and Phirbo (phage—host interaction ranking
BLAST output) (137); alignment-free solutions such as
WIsH (who is the host?) (32); CRISPR-based tools like
SpacePHARER (CRISPR Spacer Phage-Host pAiRs
findER) (134) and machine learning approaches such as
VirHostMatcher-Net (115) and PHP (Prokaryotic virus
Host Predictor) (66).

Alignment-based methods use the homology
between viral and host genomic or protein sequences,
which arises from their co-evolution, and their efficiency
depends on the availability of well-represented genomes
in databases. Homology signals can come from
horizontal gene transfer, integrated prophages or shared
metabolic genes, and are detected using tools such as
BLAST (66). Their performance is affected by genome
variability, resulting in high accuracy but low recall.

Methods based on CRISPR- exploit the fact that
some hosts retain fragments from infections in their
genomes. These methods involve matching viral
sequences to spacers encoded in host genomes. These
approaches may not be perfectly accurate because not all
hosts will contain CRISPR spacers corresponding to
viruses present in the analysed sample (138).

Alignment-free prediction methods use statistical
and probability models to compare host-dependent
sequence signatures, including k-mer composition,
codon usage and oligonucleotide frequencies (17).
Several tools have been developed to improve the
performance of homology-based methods, such as
VirHostMatcher-Net, which also integrates multiple
signals (137) and Phirbo (138).

VirHostMatcher-Net integrates CRISPR
information, host—virus, and virus—virus sequence
similarity, including BLAST-derived scores and
network-based associations, and can make predictions
based on short viral contigs or whole genomes. It has
been successfully used to predict crAss-like phages
(115). The other machine-learning implementation,
PHP, uses a Gaussian model that captures the frequency
of k-mer shared between viruses and their hosts,
predicting host likelihood based on probability. It can
analyse complete or fragmentary sequences and
outperformed  VirHostMatcher and WIsH in
benchmarking tests by Lu et al. (66).

SpacePHARER predicts hosts by comparing
proteins encoded by CRISPR spacers with phage
proteins from metagenomic data, using the homology-
based protein software search tool MMsegs2, which
achieved higher sensitivity and faster performance than
BLASTN (134). This approach is limited in applicability
only to hosts of which the genomes contain CRISPRs in
reference databases.

WIsH is an alignment-free tool that predicts a host
using a pre-trained Markov model. It showed good speed
and accuracy on long contigs, but lower accuracy for
short contigs compared to alignment-based methods
(32).

Phirbo extends BLAST by considering not only the
three top host candidates suggested by BLAST, but the
entire ranked list, which it further analyses for sequence
matching. In a benchmark test against BLAST and
WIsH, Phirbo achieved the highest accuracy among the
tree tools across different taxonomic levels, including
the genus, family and species. However, its overall
performance was lower at the species level, than genus
and family (137).

In a publication by Zielezinski et al. (138), the
authors introduced PHIST, a host-prediction method
based on k-mers, and compared it with Phirbo,
BLASTN, WIsH, PILER-CR (a CRISPR repeat—finding
tool based on pile construction) and SpacePHARER.
PHIST was proven to be faster and more accurate than
the others.

In recent years, artificial intelligence models
dedicated to viral discovery and host prediction have
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emerged, such as HostG. HostG uses a GCN in which
viruses and hosts are represented as nodes, and edges
encode similarity relationships between them. Edges are
created based on the similarity of proteins between
viruses or the similarity of DNA sequences between
viruses and hosts. Each node in the graph has a feature
vector generated by a CNN based on the raw sequence,
enabling the extraction of sequence patterns. Graph
convolutional networks predict hosts by propagating
information from nodes with known hosts to
unannotated viral nodes. An additional feature of the
model is the ability to set a threshold for predictions to
filter out low-confidence assignments. HostG and the
other classifiers VirHostMatcher-net, WIsH, PHP,
HoPhage (host of phage), RaFAH (random forest
assignment of hosts), vVHULK (viral host unveiLing Kkit)
and VPF-Class, were evaluated relatively on simulated
and real data. Shang and Sun, the evaluators (98),
indicated that HostG outperformed all other tested tools.

The validity of combining machine learning models
with other methods in host prediction is further
supported by the development of hybrid programs, such
as CoMPHI (composite model for phage—host
interaction). This hybrid creates multiple feature
encodings from viral and host nucleotide and protein
sequences and incorporates alignment-based scores into
an ML model to improve predictions (17). Despite that,
it does not solve the fundamental problem of host
prediction failure when the host is not represented in the
genome reference database.

Statistical analysis

Statistical analyses can be used to distinguish between
different phage types, for example, by identifying core
phages present across most populations versus those
occurring only in individual organisms, as well as to study
age-related changes in the phageome (42).

The data pertaining to phageomes are often sparse
and high-dimensional, containing many zeros arising
from rare taxa, information gaps due to undersampling,
or compositional effects. This structure creates
a challenge for differential abundance methods and
requires the use of logarithmic or other transformations
to account for excess zeros when identifying taxa that
differ between groups (63).

In phage and virus analyses, viral contigs are
typically grouped into vOTUSs or viral clusters, similarly
to how MAGSs are grouped, to assess diversity and
abundance in samples. Phage data are compositional in
nature, and before performing statistical analyses, it is
recommended to apply logarithmic transformations such
as centred, additive or isometric log-ratio. Total-sum
scaling is a method used to normalise and correct
differences in sequencing depth in a sample (93, 113).

Principal Component Analysis (PCA) or Principal
Coordinate Analysis (PCoA) is used to reduce the size
of dimensions. Applying PCA allows the identification
of taxa that contribute more significantly to the variation
appearing among samples (10).

Viral community differences can also be measured
using alpha- and beta-diversity indices. Alpha diversity
quantifies variation within individual samples and
captures abundance-based diversity of viral contig
clusters using Shannon and Simpson indices. Beta
diversity measures variation between samples using
distance metrics such as Bray-Curtis. Read counts need
to be normalised by contig length and sequencing depth,
because contig clusters in the virome sample vary in
length and completeness (90).

The analysis of similarities statistical test compares
the similarity between and within groups based on the
distance matrices, and permutational multivariate
analysis of variance (PERMANOVA) is a permutation
test that is used for comparing groups of microbial
communities. A major limitation of PERMANOVA is
its sensitivity to differences in within-group dispersion,
which are often mistaken for differences in centroids
(55). Analysis of compositions of microbiomes is
a differential abundance test that uses logarithmic
transformation to identify taxa that differ between
groups, but its performance can be affected by sparsity
and compositional bias and requires additional data
transformation (70). Visualisation methods such as
dendrograms and heat-maps help illustrate similarity
and differences between groups (33).

For metavirome analyses, methods like ENVirT
(a method for estimating the richness of novel viral
mixtures) have been developed to estimate viral
abundance and average genome length, using the
distribution to fit a virus population model. The ENVirT
algorithm provides the estimation without dependence
on reference databases, making it suitable for poorly
described viruses. Compared with the PHACCS (phage
communities from contig spectrum) and CatchAll
methods, it achieved more accurate results (47).

Visualisation of results

The achieved results can be visualised using plots
that show the taxonomic composition and functional
diversity of samples (6, 33, 102, 120).

The R programming language, together with
a broad collection of packages, is one of the most used
environments for data visualisation and statistical
analysis. The ggplot2 package allows users to choose
different graph types, such as ternary plots with ggtern,
network graphs with ggraphand trees and cladograms
with ggtree (120). Currently, there are many libraries
facilitating data visualisation and processing, diversity
analysis, statistical analyses, biomarker discovery,
network and correlation creation, functional analyses
and modelling in machine learning (120). Another
programming language often used for data visualisation,
preprocessing and statistical analysis is Python, which
offers libraries such as Matplotlib, Seaborn, SciPy,
scikit-learn, and pandas (51).



A. Miastowska et al./] Vet Res/70 (2026)

Analysis and tool limitations

Despite the availability of numerous tools and
environments, fully end-to-end systems dedicated to
phageome research are still limited. Integrated platforms
such as PhaBOX (a toolbox for phage analysis and
characterisation) (97) or geNomad (23) cover selected
aspects of analysis, while having their limitations. Many
studies, therefore, still require combining a variety of
separate, more suited tools into custom workflows. The
increasing amount of new data poses challenges in terms
of memory usage and longer processing time. As a result,
there is a growing demand for a more comprehensive and
compact platform that offers a broader range of steps in
phageome analyses, while optimising computational
requirements. Table 2 summarises the main limitations of
current viral bioinformatics methods and highlights
directions for future development.

In recent years, dedicated web servers capable of
performing comprehensive analysis have been developed.
PhaBOX, recently updated to PhaBOX2 (a pipeline that
combines modules with varying levels of accuracy and
inherent limitations) is implemented in R and Python and
integrates the functionality of several different tools: PhaMer
for phage contig identification, PhaGCN for taxonomic
classification, CHERRY (computational metHod for
accuratE pRediction of virus-prokaRotic interactions using
a graph encoder-decoder model for host prediction, and
PhaTYP for determination of phage lifestyle type (lytic or
lysogenic). It also renders a visualisation of the obtained
results. Phage identification and its life cycle prediction
are based on a linguistic model in which a transformer
learns sequence patterns. For classification and host
prediction, a graph based on DNA and proteins is used,
along with a GCN for characterised and undescribed
features. CHERRY is a newer form of HostG. Both end-
to-end analyses and the execution of only selected steps
are possible in PhaBOX (97). In a study by Hu et al. (42),
this tool was used to identify, classify and functionally
annotate the pig gut phageome from metagenomic data,
including host prediction, lifecycle determination and
detection of ARGs.

The literature lacks direct comparisons of the
performance of PhaBOX with those of other tools, as
few tools are as advanced as PhaBOX. Tests of its
individual modules separately show varying results. In
a benchmark PhaGenus evaluation, PhaGCN showed
limited usefulness, as it is restricted to family-level
classification and does not support taxonomic assignment
at the genus level (136). HostG, an earlier version of
the CHERRY module, demonstrated high effectiveness
in phage host prediction (98). In tests conducted by its
author, PhaMer performed well in the identification of
novel viruses (99). Overall, the performance of PhaBOX
modules is generally strong; however, there are some
limitations, as illustrated by PhaGCN, which highlights
that PhaBOX may not be suitable for every analytical
problem.

There is also a second, similarly advanced tool,
geNomad, created by Camargo et al. (23). This program
is used for the identification of viral and plasmid
genomes in nucleotide sequences, as well as for
taxonomic classification and gene functional annotation.
In addition, geNomad can detect proviruses integrated
into host genomes based on a conditional random field
model. It operates on sets of protein markers and
classification models based on neural networks,
allowing mobile genetic elements to be distinguished.
For classification, geNomad uses a hybrid approach,
including alignment-free and gene-based models (23).

The usefulness of functional analysis tools for
phages is reduced significantly by the presence of ORFs.
As new genomes are sequenced, the number of ORFans
tends to increase (129). Metagenome studies indicate
that 40-90% of viral sequences cannot be assigned to
any function or even matched to known viral sequences.
Uncharacterised viral genes are referred to as ‘viral dark
matter’. Even in reference databases, a significant
proportion of proteins are labelled as hypothetical or
unknown. Furthermore, host assignment for new phages
is often based on statistical methods such as CRISPR
spacer matching, rather than experimental validation.
The genetic variability and rapid evolution of viruses,
together with incomplete reference databases, highlight
the limitations of functional annotation methods (58).

Sources of uncertainty in phagobiome analyses
may arise at the very beginning of analyses and increase
at subsequent stages. At the sample preparation stage,
multiple displacement amplification, used to increase
viral DNA prior to sequencing, tends to introduce
systematic error by increasing the amplification of small
circular single-stranded DNA virus genomes and under-
representing sequences with extremely high guanine-
cytosine content (81). Similarly, differences between the
outcomes of metagenomic sequencing of virus-like
particle—enriched faecal samples and of bulk sequencing
showed only partial coverage of the detected genomes.
Virus-like particle methods may artificially increase the
representation of certain viruses because of structural
differences in the cell walls of bacterial hosts, leading to
a shift in results toward viruses with low prevalence, low
abundance or those infecting Gram-positive hosts (62).

During the assembly of genomes from metagenomic
data, uneven sequencing coverage and high genomic
diversity of viral populations lead to contig fragmentation.
The degree of fragmentation is strongly dependent on
the genome’s length and the sequencing coverage
distribution.

Assembly can result in numerous short contigs with
varying coverage, reducing the accuracy of genome
assignment (34).

Computational host prediction methods are
constrained by fragmented viral assemblies and limited
reference host datasets, which makes predicting the actual
hosts of newly discovered viruses unreliable (108).
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Table 2. Summary of limitations and development direction for virome analysis

Analysis stage

Limitation

Development directions

Viral DNA identification

Genome assembly

Genome annotation

Taxonomic
classification

Functional analysis

Host prediction

Statistical analysis

Limited representation of poorly characterised viruses in reference
databases can lead to low sensitivity to novel and highly divergent
viruses in similarity-based approaches

Uneven coverage and population variability in viral and
metagenomic datasets (de novo assembly); assembly of genomes
with terminal repeats often results in fragmented assemblies; strain-
level reconstruction remains challenging

Prone to false positives due to bacterial contamination; machine-
learning-based annotations depend on the quality and
representativeness of training datasets

Lack of universal viral markers; resolution depends on genome
completeness; genomic diversity and rearrangements limit
classification accuracy; classification based on entire genomes is
not applicable in bulk metagenomes

Large proportion of phage proteins remain hypothetical or
uncharacterised; large numbers of ORFans and ‘viral dark matter;
rapid evolution and incomplete reference databases give uncertain
results

High uncertainty, especially below the species level; affected by
genome variability and database bias; CRISPR-based methods
limited by the absence of CRISPRs in host and reference databases;
high false-positive rate

Data sparsity and multidimensionality with excess zeros due to rare

Expansion of virus reference databases; deep
learning models trained on wider datasets

Hybrid assemblers (short and long reads); using
approximate rather than exact k-mer alignment

Integration of records from multiple databases
for  cross-validation; improvement  of
contamination detection

Standardised virus taxonomy; graph, trees and
network-based classification

Expansion  of  virus-specific  functional
databases; improvement of protein family
clustering; integration of machine learning-
based structural prediction

Development of hybrid approaches combining
multiple signals (CRISPR, sequence similarity,

taxa; undersampling; compositional effects

Multianalysis

Individual modules may perform worse than specialised tools; less
flexibility and transparency; heavy memory usage

k-mer  composition and  network-based
inference)

Development of statistical methods specific for
virome

Design of modular pipelines enabling tool
substitution,  benchmarking and  further
optimisation

CRISPR — clustered, regularly interspaced short palindromic repeats
Conclusion

Phage studies involve a multistep analysis that
requires  different  approaches, making  the
characterisation of phagobiomes challenging. Creating
and properly handling metavirome datasets is crucial for
the identification of putative novel viral lineages or
vOTUs and known phages in samples. However, in bulk
metagenomes, a major challenge is the low proportion
of viral sequences, which requires reliable methods for
efficiently analysing the phage component of the
microbiome. The choice of the most appropriate tool
follows the type of data (e.g. the environmental origin of
the sample and the sequence divergence), their quality
(e.g. the presence of prophages and host contamination),
and their size (e.g. contig length, sequencing depth and
viral genome completeness). The choice must also
consider the purpose of the analysis (e.g. phage
identification, functional characterisation or host
prediction) and the available computational resources
(e.g. RAM size and number of processor threads). The
conclusion is therefore that there is no single optimal
process that would be suitable for all virus data, although
several of the presented tools show better performance
than others and demonstrate potential for phage studies
in their present form and for development in the future.
Despite the assorted nature of the tools required through
the steps of multi-stage analysis for phagobiome
characterisation, in most cases, tools using ML methods
and hybrid solutions were proved to be the most
effective. These approaches generally provide higher
accuracy and sensitivity, while also reducing
computational times. Their performance, however,

depends on the quality and representativeness of the
training data, and the inherent uncertainty of
metagenomic viral data means that the results should be
interpreted with caution.
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