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Global Overview And Major Challenges Of Host Prediction Methods For Uncultivated Phages

Clément Coclet1, Simon Roux1*

1 DOE Joint Genome Institute, Berkeley, CA, USA
* Correspondence to: sroux@lbl.gov

Highlights

 Global phage diversity is now primarily explored through cultivation-independent metagenomics
 Metagenome-derived phages are typically linked to their host(s) via in silico predictions
 Multiple alignment-dependent and alignment-free methods for host predictions have been proposed
 Recent integrative approaches combining several methods into a single prediction seem most promising
 Eventually, complementary in silico predictions and in vitro assays will enable the reconstruction of 

entire phage-host networks

Abstract
Bacterial  communities play critical  roles across all  of  Earth’s biomes,  affecting human health  and global

ecosystem functioning. They do so under strong constraints exerted by viruses, i.e., bacteriophages or “phages”.
Phages can reshape bacterial communities’ structure, influence long-term evolution of bacterial populations, and
alter  host  cell  metabolism  during  infection.  Metagenomics  approaches,  i.e.,  shotgun  sequencing  of
environmental  DNA or  RNA, recently enabled  large-scale exploration of  phage genomic diversity,  yielding
several millions of phage genomes now to be further analyzed and characterized. One major challenge however
is  the  lack  of  direct  host  information  for  these  phages.  Several  methods  and tools  have  been  proposed to
bioinformatically  predict  the  potential  host(s)  of  uncultivated  phages  based  only  on  genome  sequence
information. Here we review these different approaches and highlight their distinct strengths and limitations. We
also  outline  complementary  experimental  assays  which  are  being  proposed  to  validate  and  refine  these
bioinformatic predictions.

10

15

20

25

30

mailto:sroux@lbl.gov


Introduction
Most bacterial cells can be infected by bacteriophages (“phages”), that constitute the overwhelming majority

of the global virosphere. Laboratory cultivation of a virus-host pair was until recently the primary approach used
to  explore  viral  diversity  and  establish  viral  taxonomy,  and  it  remains  the  only  way  to  comprehensively
characterize a virus infection cycle and molecular interactions with its host cell [1,2]. However, culturing phages
can be experimentally challenging, especially since phages may require specific conditions to grow [3], most
bacteria have not yet been cultured leading to a limitation in host availability [4], and some phages, e.g. the ones
establishing a lysogenic (i.e., latent) infection cycle, may be challenging to observe and detect [5,6]. 

Recent development in next generation sequencing (NGS) techniques has uncoupled virus discovery from
virus isolation. With the advent of metagenomics, genetic material from microbes and viruses can be sequenced
directly from a sample regardless of cultivability, which tremendously accelerated the discovery of novel viruses
[7–10]. Metagenomic studies revealed that environmental phage sequences were frequently unrelated to isolate
genomes, highlighting the huge diversity of the virosphere, while also providing unprecedented insights into the
potential roles, dynamics, and host interactions of these uncultivated phages [11–13]. These analyses come with
a fundamental disadvantage however: while cultured viruses are inherently associated to one of their host(s), i.e.,
the one on which the virus was isolated from, this is not the case for phages identified only from a sequence
assembled from a metagenome. Hence, the vast majority of metagenome-derived phages are not associated to a
specific host, and “who infects whom?” remains largely unknown [10,13].

In the absence of well-established high-throughput experimental methods to establish phage-host associations
for uncultivated phages, researchers have to rely on bioinformatic predictions to associate metagenome-derived
phages with their  potential  host(s).  These predictions are typically  based on molecular  signals  (features)  of
coevolution and/or arms race between phages and their host(s), including exact matches to reference viral or host
genomes, matches to host-encoded CRISPR spacers, and sequence composition analyses. Most of these tools
however  are  challenged  by  the  uneven  representation  of  host  (i.e.,  bacterial)  diversity  in  public  genome
databases, the fact uncultivated phage genomes are often fragmented and partial, and the nuances of phage-host
relationships which can not always be easily translated as a binary “infect” vs “does not infect” framework.
Here, we review the range of computational approaches currently available for sequence-based prediction of
phage-host pairs, and highlight some recent developments in complementary experimental methods.

Host-phage prediction approaches by bioinformatics tools

Bioinformatic tools for host-phage predictions require as input a phage genome and, for some approaches, a
set of candidate host genomes. Some methods based on co-abundance of phages and their hosts also require a set
of metagenomes, often from a time series, from which phage and host coverage can be tracked and correlated
[14,15]. Correlation results can be however challenging to interpret and sometimes misleading, especially in
complex communities for which phage-host correlation patterns vary with sample frequency and across infection
types and dynamics [16,17]. In this review, we focus instead on methods based only on the phage genome
sequence and, if required, candidate host genomes.

I. Alignment-dependent approaches

Prediction methods based on sequence alignment can be broadly classified in two main categories: the ones
based on nucleotide  similarity  between a  query virus  and host  genomes,  and  the ones  based  on  similarity
between a query virus and known marker genes, i.e., genes encoded exclusively by viruses infecting a  specific
host taxon (Figure 1, Table 1).

I.1 Approaches based on nucleotide similarity to host genomes
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RefSeq  genomes  of  Bacteria  and  Archaea  are  typically  used  as  the  host  reference  database  to  identify
nucleotide sequence similarity between the input virus and candidate hosts. These regions of sequence similarity
can correspond to integrated proviruses,  host-encoded CRISPR spacers,  auxiliary metabolic  genes (AMGs),
and/or shared tRNAs, which reflect different arms race and/or co-evolution processes [17] (Table 1). Large (i.e.,
several kilobases or more) regions of sequence similarity typically result from the integration of a prophage
closely related to the query phage in the host genome. This prophage may be still intact or partially degraded
[18]. Short regions of sequence similarity resulting from genes horizontally transferred (e.g., AMGs) or insertion
sites (e.g. tRNAs) are also typically associated with past successful infections and adaptation of phages to their
bacterial  host  [19].  Conversely,  similarity between the query phage and a  bacterial  CRISPR spacer  reflects
instead a successful defense of this bacteria against a closely related phage: in this case the specific bacteria is
likely able to resist to this phage, and the high level of sequence similarity between phage genomes and CRISPR
spacer stems from the ongoing  arms race between phages and hosts [20].

 Blastn  (nucleotide-nucleotide)  and  blastx  (nucleotide-protein)  searches  [21]  are  most  frequently  used  to
identify regions of sequence similarity, with predicted host(s) identified from hits above defined cutoffs on e-
value, bit score, match length, and/or number of mismatches. Importantly, robust identification of short matches
such as CRISPR spacers or tRNA require either the use of custom sequence similarity search strategies [22], or
some adjustments to the blast search including using the blastn-short task, turning off the dust filtering, and
applying stringent filtering criteria allowing only up to one or two mismatches across the whole sequence [17].
When  using  stringent  criteria,  alignment-dependent  predictions  often  display  a  high  accuracy,  i.e.,  high
percentage of  correct  phage-host  pairs,  but  a  low recall,  i.e.,  low percentage  of  phage-host  pairs  predicted
compared to  the  total  number  of  input  phages [17].  The resolution (i.e.,  taxonomic rank)  of  the  final  host
prediction depends on the type and score of the matche(s), while the prediction accuracy can be even improved
by considering multiple hits for each query, e.g. through a “lowest common ancestor” approach applied to a
defined number of best-scoring matches [17,22,23]. 

In addition to prokaryotic genomes from the RefSeq database, it can be beneficial to complement the host
reference  database  with  genomes  from  uncultivated  microbes,  obtained  via  single-cell  sorting  (SAGs)  or
metagenome assembly and binning (MAGs) [24]. SAGs are generated from microbial cells individually sorted,
amplified, and sequenced [25]. These genomes can thus be used for both host prediction and viral discovery, as
viral genomes can be assembled de novo as part of a SAG generated from an infected cell [26–29]. However,
most  SAGs are incomplete,  fragmented,  and because of the amplification step,  can also be prone to cross-
contamination which should always be considered when leveraging these genomes for host  prediction [26].
Meanwhile, MAGs are genomes composed of one or more metagenomic contigs, grouped together based on
sequence composition and/or gene content features suggesting these contigs belong to the same genome [24]. As
for SAGs, contamination, i.e., unrelated contigs being wrongly gathered in the same MAG, is a potential issue
when using these genomes for host prediction, especially when contigs are mostly or entirely viral, in which case
their  grouping  in  a  MAG is  frequently  erroneous.  Global  analysis  across  biomes  and  taxa  suggested  that
considering only contigs with no viral region predicted or a viral region representing < 2/3rd of the contig length
for host prediction, strongly limited the prediction errors linked to MAG contamination [30]. When properly
curated and filtered however, both SAGs and MAGs can be very helpful for host prediction as they increase the
diversity of the host reference database and can be derived from the same ecosystem, sampling location, or even
sample as the query virus, i.e., they are more likely to represent (one of the) the “true” host(s) [30–32].

I.2 Approaches based on viral marker genes

In contrast to methods leveraging sequence similarity between virus and candidate host genomes, another
group of tools relies instead on a comparison between a query phage and a set of pre-defined phage marker
genes (Table 1). In Viral Host UnveiLing Kit (vHULK), phage predicted protein sequences are affiliated to the
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Prokaryotic Virus Orthologous Group (pVOGs) database [33], and the pVOG list of reach query genome is used
as input  for two deep neural  networks which provide a prediction of host  species and genus,  along with a
measure  for  prediction  confidence  (i.e.,  entropy value)  [34].  VPF-Class  compared  phage predicted  proteins
against a subset of Viral Protein Families (VPFs, [35]) and derive host prediction and confidence scores from the
list of VPFs detected on each query genome, first at the host domain level and then to the family and genus
levels, based on the distribution of these VPFs in reference phage genomes [36]. Finally, in the tool Random
Forest Assignment of Hosts (RaFAH), predicted proteins are compared to a custom database of HMM profiles
obtained from isolated phages and uncultivated phages with a high-confidence host prediction. The list of HMM
profiles identified for each query virus is then used as input to a Random Forest Classifier which provides a
prediction score (between 0 and 1) for each possible host from phylum to genus [37].

Overall, marker-gene-based approaches display a high accuracy and, on the test sets used in their respective
benchmarks,  medium to high recall  (Table  1).  These  estimations  are  however  biased by  the  relatively  low
number of “entirely distinct” phages available in reference databases: even when attempting to control for this
database bias, the training and test sets used to evaluate these tools are often more similar to each other than
newly  assembled  phages  from  environmental  metagenomes  would  be  to  reference  phage  genomes.  The
performance of these approaches will thus likely be lower (especially in terms of recall) when processing real
datasets with entirely novel phages. On the other hand, the performance of these tools should increase in the
future as more phages from diverse hosts and environments are added to the genome databases.

II. Alignment-free approaches

The second major group of phage-host prediction method does not rely on sequence or profile alignment, but
instead establishes  putative  phage-host  pairs  based on  sequence composition  feature(s)  of  the  whole  phage
genome or of phage predicted proteins (Figure 1). Similarities in sequence composition between phage and host
genomes  are  primarily  due  to  adaptation  of  the  phage  genome  to  the  host  replication,  transcription,  and
translation machinery [38]. Overall, these methods have the potential to provide host prediction for a broader
diversity of phages as they do not strictly require the presence of a closely related phage or host in the databases,
however they tend to display a lower accuracy than alignment-based approaches (Table 1).

II.1 Sequence composition features used for alignment-free host prediction

The most common sequence composition feature used for host prediction is the comparison of overall k-mer
(DNA sequences of length k) composition of the query genome against a reference database. While HostPhinder
predicts phage-host interactions by comparing 16-mers composition between query phage and known phage
genome sequences [39], most tools instead compare k-mer frequencies between the query phage and a host
reference genome database, based on the assumption that virus and host genomes often display similar sequence
composition bias and k-mer frequencies patterns (Table 1).  Prokaryotic virus host Predictor (PHP) [40] and
VirHostMatcher (VHM) [41] respectively compare 4-mer and 6-mer frequency vectors between the query phage
and a database of reference host genomes. “Who Is the Host?” (WIsH) do a similar k-mer-based comparison, by
training a homogeneous Markov model of order 8 on each host genome, and computing the likelihood of a query
contig under each of the trained Markov models [42]. This Markov model approach was developed to better
handle short phage contigs, for which estimated k-mer frequencies become very noisy. Finally, ILMF-VH uses a
“hybrid” approach in which the query phage is compared via a 6-mer distance to a database of known phages,
which are themselves connected to a host taxon network built from host-host 6-mer distances and similarity in
“interaction profiles”, i.e., similarity in the list of phages associated with each host [43].

As an alternative to nucleotide k-mer frequencies, other alignment-free host prediction methods have been
proposed based on the properties of predicted protein sequences in phage and host genomes (Table 1). These
features typically include the frequency of each amino-acid in the predicted protein sequences, the abundance of
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selected chemical elements in the proteins (e.g., Carbon, Hydrogen, Nitrogen, Oxygen, and/or Sulfur) and the
molecular weight of the protein. While markedly different from nucleotide k-mer frequencies evaluated from
whole genomes, these protein sequence features similarly enable host prediction without requiring a sequence
alignment step [44–46].

II.2 The “prediction engines”: from features to host prediction

Alignment-free measure of similarity between genomes, either between two virus genomes or between a virus
and a host genome, are fast to compute and have the potential to identify similarity in genome composition even
in  the  absence  of  clearly  detectable  regions  of  sequence  similarity.  The  results  obtained  can  however  be
challenging to interpret. Specifically, once a set of similarity values or scores is obtained for a given query phage
against a database of host genomes, the next critical step is to aggregate these in a single host prediction and
evaluate its confidence.

The first tools leveraging alignment-free methods, including HostPhinder and VHM, both proposed empirical
cutoffs to filter the results obtained [39,41]. VHM benchmarks also suggested that results were improved when
considering a consensus approach, e.g., of the 30 most similar hosts [41]. WIsH computes a p-value for each
phage-host pair based on the Gaussian null distribution pre-computed for each host from a diverse set of phages,
while also observing that a consensus approach of the most similar hosts improved overall accuracy [42].

In contrast,  the  most  recent  tools  leverage advances  in  machine learning  to  identify  reliable  predictions,
including  Gaussian  models  [40],  neighborhood  regularized  logistic  matrix  factorization  [43],  and  deep
convolution neural network [45]. A critical and challenging aspect of these techniques is the establishment of
robust and balanced training and test sets which should ideally represent a diverse range of viruses, hosts, and
virus-host interactions, to avoid over-estimating the performance of these tools, i.e. to prevent overfitting. While
automated methods such as  K-means clustering of  positive  and negative pairs  have been proposed to  help
balance the training and test sets, these are still ultimately strongly dependent and biased by the limited number
and diversity of phage-host pairs currently available in databases.

II.3 Performance of sequence composition-based host prediction tools

Overall,  alignment-free tools  tend to  offer  a higher recall  but  lower  precision than alignment-based tools
(Table 1). Across the different tools, accuracy values of 30%-70% have been reported [17,40–43,45] but there is
currently no systematic benchmark of these different tools on a common set of genomes as was done in ref. [17]
for  alignment-based  approaches,  so  that  a  direct  comparison  of  these  tools’ performance  is  challenging  to
establish. When processing uncultivated viral genomes from various datasets and ecosystems, alignment-based
and alignment-free approaches typically provided host predictions for distinct sets of viruses, with alignment-
free tools often displaying a higher recall, i.e. larger number of predictions [31,32,47]. This is consistent with the
expectation that alignment-free tools are able to detect overall similarity in genome composition between two
genomes  without  alignable  regions,  with the  potential  to  predict  hosts  for  entirely  novel  phages  (Table  1).
Finally, as for alignment-based approach, the use of uncultivated microbial genomes (SAGs and/or MAGs) in
the host reference database helped increase the number of host predictions obtained [31].

III. Integrative approaches

Since the different methods available for predicting phage-host interactions each display specific challenges
and limitations, new tools have been developed that integrate multiple approaches to maximize both the recall
and accuracy of phage-host prediction. Specifically,  VirHostMatcher-Net [48] and PHISDetector (for Phage-
Host  Interaction Signals)  [49]  integrate  multiple  alignment-free  and alignment-based features  and score  the
overall probability of individual phage-host pairs using machine-learning models. Both tools integrate features
based on: (i) the alignment-free sequence similarity between phage and host based on k-mer frequencies; (ii) the
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existence  of  shared  CRISPR spacers  between phage  and host;  and  (iii)  alignment-based  sequence  matches
between phage and host. VirHostMatcher-Net, a two-layer network prediction framework, also leverages virus-
virus  and  host-host  similarities,  while  PHISDetector  integrates  additional  features  from  putative  prophage
regions in bacterial genomes and protein-protein interactions. Both tools reported increased recall and accuracy
compared to single-approach predictions, and such integrative approaches thus appear to be a promising way to
improve  host  prediction  by  combining  methods  with  distinct  strengths  and  limitations  (Table  1)  [48,49].
Nevertheless, these integrative approaches are still very new and will need to be further evaluated across a broad
range of phages, hosts, and ecosystems, to better understand their potential pitfalls.

IV. Example case of host prediction result and interpretation

In 2014, Dutilh et al. identified a new phage genome called crAssphage (for Cross-Assembly phage), from a
combined assembly of human fecal microbiome metagenomes [8]. Using large-scale read mapping, this phage
was found to be highly abundant and ubiquitous in human gut microbiomes, and further metagenome analyses
revealed that crAssphage was one representative of a relatively broad crAss-like family that can reach high
abundance in diverse habitats, both animal-associated and environmental [50,51]. In the absence of a cultivated
representative, crAss-like phages had to be linked to putative host(s) via in silico prediction.

Using alignment-based methods, bacteria from the Bacteroidetes phylum, in particular within the Bacteroides,
Prevotella, and Porphyromonas genera, were consistently identified as the most likely hosts of crAss-like phages
[8,50,52]. Specifically, several genes encoded by crAss-like phages could be tentatively linked to  Bacteroidetes,
including a DNA primase which appears to be monophyletic in the crAss-like family and forms a strongly
supported  clade  with  the  primases  of  Bacteroidetes,  as  well  as  predicted  proteins  including  a  “BACON”
(Bacteroidetes-associated carbohydrate-binding) domain [50,52]. Meanwhile, matches to CRISPR spacers also
pointed towards Bacteroidetes hosts.  The original description of the crAssphage genome identified 2 hits to
CRISPR spacers in a  Prevotella and a  Bacteroides  genome, however the alignments included several  (≥ 3)
mismatches so that these CRISPR matches by themselves do not provide a high-confidence host prediction [8].
A high-confidence prediction could be obtained for another crAss-like phage however, based on a perfect match
to a CRISPR spacer in a Porphyromonas genome [50]. Finally, a co-occurrence analysis based on read mapping
also suggested that crAssphage infected host(s) in the Bacteroidetes phylum [8]. 

Several alignment-free methods have also been applied to the crAssphage genome, but without providing a
confident and consistent host prediction. Using VHM with a focused set of 360 Human Microbiome Project
(HMP) host genomes found in the human gut, the most similar strain to crAssphage was a member of the genus
Coprobacillus in the bacterial phylum Firmicutes [41]. Conversely, WIsH did predict Bacteroidetes hosts for
several crAss-like phages [52]. However in both cases, these predictions were obtained with low confidence
scores, indicating that they remain uncertain.

Taken individually,  most  of  these results  do not  provide a robust  and high-confidence host  prediction by
themselves. However, by comparing and integrating the results of multiple independent approaches, crAss-like
phages can be confidently linked to several genera within the  Bacteroidetes  phylum. This host prediction was
further confirmed by the first two cultivated representatives of the crAss-like family, which were isolated on
Bacteroidetes hosts, specifically in the Bacteroides genus [53,54]. Hence, while the exact host(s) of the original
crAssphage is still not determined, this example illustrates how integrating multiple in silico host predictions can
help in identifying the most likely host(s) of entirely novel phages known only from metagenome assemblies.

V. Experimental approaches to predict phage-host relationships

As a complement to bioinformatic predictions, different experimental approaches have been developed and
used for linking novel phages to their host(s). The most sensitive tools to identify which phage infects which
bacterium are  spot  and  plaque  assays,  in  which  cultures  of  potential  hosts  are  challenged  by  phages,  and
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infections are identified based on host cell clearing [2]. These are however usually limited in throughput and
biased towards high-virulence phages, since low-virulence or lysogenic phages may not kill enough host cells to
be readily detected. Complementarily, new methods are available to quickly identify from a complex community
which phages can bind to and potentially infect a cultivated microbial host. These include viral tagging (VT),
which relies on Fluorescence-activated Cell Sorting (FACS) to sort microbial cells to which fluorescently labeled
viral particles have bound [55,56], and AdsorpSeq, which leverages the differential migration rates of phage
particles  bound  to  host  receptors  compared  to  free  phage  particles  in  agarose  gel  electrophoresis  [57].
Importantly, in both cases, the approach detects successful binding between virus particle and host cell but does
not guarantee that a full infection cycle occurred or would even be possible.

Alternatively,  cultivation-independent in  vitro  assays  have  been  developed  that  typically  rely  on  the  co-
detection of a host and a viral marker in a host cell, either from fluorescent markers or by physically linking the
two markers. Among fluorescent-based methods, PhageFISH, an epifluorescence microscopy-based method, is
able to detect both replicating and encapsidated (intracellular and extracellular) phage DNA [58]. Microfluidic
digital multiplex PCR [59] and droplet digital PCR (ddPCR) [60] have also been used to co-localize host and
viral marker genes. In these approaches, environmental microbial cells are loaded onto a digital PCR array panel
or encapsulated in microdroplets such that the majority of chambers/droplets are either empty or contained a
single bacterium, and a PCR with fluorescent reporters is used to assess the co-occurrence of a viral marker gene
and a host marker gene. The main limitation of these approaches however resides in the probe design, which
need to be specific to enable reliable identification viruses and hosts, and is not amenable to large and/or diverse
groups.

Finally, new methods have been recently developed that attempt to co-localize viral and host genomes (or
marker  genes)  using  physical  linkage  instead  of  fluorescence.  For  instance,  emulsion  paired  isolation-
concatenation PCR (epicPCR) proposes to first encapsulate individual cells into microdroplets, then perform a
fusion PCR step which joins a viral marker gene and a host marker gene. Fused amplicons, each originating
from a single droplet, can then be sequenced to identify the specific virus and host that were co-localized.  This
method was recently used to link uncultivated phages to their host  in a tidal estuary environment [61]. Although
the lack of a universal  viral  marker gene remains an issue for epicPCR, PCR primers can be designed for
common viral genes that typically target a broader diversity than fluorescent probes [62]. Alternatively viral and
host DNA can also be linked via high-throughput chromosomal confirmation capture (Hi-C) [63,64]. A single
Hi-C assay  typically  produces  millions  of  ‘contacts’,  where  each  contact  reflects  two sequence  fragments,
including potentially phage and host fragments from an ongoing infection. Recently, Ignacio-Espinoza et al. [65]
further proposed the XRM-Seq (Ribosome cross-linking and sequencing) method, an adapted Hi-C method to
ligate host’s rRNA to viral transcripts, allowing to directly link viral gene expression to specific hosts. For all co-
localization methods however, the virus-host pairs reflect the presence of the phage in its host cell, but cannot
confirm active infections or differentiate between lytic or lysogenic infections.

Conclusions

We  are  only  starting  to  explore  the  immense  diversity  of  viruses,  especially  bacteriophages,  in  nature.
Emerging computational and experimental approaches improving our ability to link viruses and hosts without the
need to cultivate all possible virus-host pairs will undoubtedly contribute to a better understanding of global viral
ecology. With the growing number of computational approaches available, combining multiple host prediction
tools appears to be a reliable strategy to optimize recall  and accuracy of phage-host pair detection [48,49].
Critically,  large-scale  data  sets  of  verified virus-host  links  are  necessary for  a  more holistic  and predictive
evaluation of virus-host interactions in nature. Meanwhile, conceptual models describing virus-host relationships
will also need to be enriched based on experimental studies of host range and virion production to better reflect
the broad range of existing virus-host dynamics. Specifically, phage-host linking methods will need to move
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from qualitative (“who infects whom”) to quantitative (“which proportion of a host population is infected by
whom”) to better understand viral roles and impacts on natural communities [19].

In parallel to host-phage prediction approaches, tools aiming at inferring the specific host of novel eukaryotic
viruses are also being developed and refined.  Host Taxon Predictor (HTP) [66] and VIrus Deep learning HOst
Prediction (VIDHOP) [67] are  tools  based on simple sequence features  (nucleotide k-mer  frequencies)  that
perform host  prediction at  the ~ domain level  (i.e.,  eukaryote vs prokaryote) or  at  the species level  within
specific eukaryotic groups (e.g., animals). However, these methods are limited in the number of different hosts
they can predict and mainly focus on in human virus species or disease-related viruses. There is currently a lack
of tools that can predict hosts of viruses infecting unicellular eukaryotes (amoebas, protozoans, and microalgae)
or of giant viruses, which are now more readily assembled and detected from environmental sequencing datasets
[9].  Ultimately,  our ability to identify putative hosts of  uncultivated viruses infecting bacteria,  archaea,  and
eukaryotic hosts is critical to robustly analyze increasingly complex environmental sequencing datasets and to
design targeted virus isolation assays.
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Figures & Tables

Method
category

Tool Date Reference database used Features Main Strengths / Advantages Main Challenges / Limitations

Alignment-
dependent

Blastn [21] NA
Host genomes, genes, and

CRISPR spacers
CRISPR spacers, AMG,

tRNA High specificity, up to the strain level
[17,22,30]. 

Potential to identify host(s) of phages
unrelated to a phage reference genome.

Strong dependency on host genome database, often
leading to a low recall. This can be partially alleviated
by using uncultivated microbial genomes (SAGs and

MAGs) from relevant samples/ecosystems.
For CRISPR spacer matches, can only be applied to

hosts which encode a CRISPR system, which
proportion vary by environment [68]

SpacePHARER
[22] 

2020 Host CRISPR spacers CRISPR spacers

RaFAH [37] 2020
Phage marker genes / HMM

profiles
Custom HMM profiles

High accuracy for phages related to known
references, does not depend on a host

reference database.

Only applicable to phages sharing at least 1 marker gene
with a known phage reference.

vHULK [34] 2020
Phage marker genes / HMM

profiles
Protein families
(pVOGs) [33]

VPF-Class [36] 2021
Phage marker genes / HMM

profiles
Protein families (VPF)

[36]

Alignment-free 

HostPhinder
[39]

2016 Phage genomes
Nucleotide 16-mer

frequencies Independent of gene prediction and host
reference database.

Only applicable to phages similar to at least 1 phage
reference genome

ILMF-VH [43] 2019 Phage genomes
Nucleotide 6-mer

frequencies
VirHostMatcher

[41] 
2017 Host genomes

Nucleotide 6-mer
frequencies

Independent of gene prediction and phage
reference database, i.e. able to identify hosts
for entirely novel phages without any related

reference.
Typically high recall, especially when the

host database includes uncultivated microbes
(SAGs / MAGs) from relevant

samples/ecosystems.

High rate of false-positives compared to other methods,
often requires additional statistical test and/or consensus

approaches to post-process the results. 
For “Boeckaerts’s method”, the approach was only

tested on phages infecting E. coli, S. enterica, and C.
difficile.

WIsH [42] 2017 Host genomes
Nucleotide 8-mer

frequencies

PHP [40] 2020 Host genomes
Nucleotide 4-mer

frequencies

PredPhi [45] 2020 Host proteomes
Properties of protein

sequences
Leite’s methods

[44]
2018 Host proteomes

Properties of protein
sequences

Boeckaerts’s
method [46]

2021 Subset of host proteome (RBP)
Receptor-binding

proteins

Integrative

PHISDetector
[49]

2020 Phage and Host genomes Multiple features
Improved accuracy and sensitivity by

considering and integrating multiple signals.

Integrative approaches are still relatively new and need
to be further evaluated. 

Integrative methods may also require a longer compute
time since they need results from several individual

prediction approaches.
VirHostMatcher

Net [48]
2020 Host genomes Multiple features

Table 1. Overview of bioinformatic tools and approaches used for phage-host relationship predictions.
Because there are no systematic benchmark of these different tools on a single set of diverse phage genomes, a
direct and quantitative comparison of the tools performance is challenging to establish. Hence, we opted to
outline “qualitative” broad strengths and limitations of each tool category, to help users identify which tool(s)
may be most appropriate for their research question.
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Figure 1.  Overall  timeline  of  bioinformatic  and experimental  approaches used to identify  phage-host
pairs. Key advances or new approaches for both in vitro (blue) and in silico (green) predictions are indicated,
and correspond to the following references [17,29,38,39,41,48,55,58,59,61,64,69–71].
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