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Abstract: Viruses are ubiquitous across all kingdoms of cellular life, posing a significant
threat to human health, and analyzing viral communities is challenging due to their genetic
diversity and lack of a single, universally conserved marker gene. To address this challenge,
we developed the AliMarko pipeline, a tool designed to streamline virus identification in
metagenomic data. Our pipeline uses a dual approach, combining mapping reads with
reference genomes and a de novo assembly-based approach involving an HMM-based
homology search and phylogenetic analysis, to enable comprehensive detection of viral
sequences, including low-coverage and divergent sequences. We applied our pipeline to
total RNA sequencing of bat feces and identified a range of viruses, quickly validating
viral sequences and assessing their phylogenetic relationships. We hope that the AliMarko
pipeline will be a useful resource for the scientific community, facilitating the interpretation
of viral communities and advancing our understanding of viral diversity and its impact on
human health.

Keywords: virus discovery; phylogenetic analysis; virome; automated pipeline

1. Introduction
Viruses are inherently complex and challenging objects of study due to their genetic

heterogeneity and the absence of a single, universal single-copy genes that could serve as a
marker for their identification and classification (similar to the 16S ribosomal RNA gene in
bacteria) [1]. Instead, they feature various hallmark genes that permit the identification
of particular known viral families [2,3]. The amplification of hallmark genes poses a
significant challenge, primarily due to their high sequence divergence and large number
of hallmark genes. These limitations promote the use of metagenomic approaches for
analyzing viral communities, which enable researchers to overcome the constraints of gene
amplification [4].

Metagenomic analysis of viral communities is further complicated by the low abun-
dance of viral sequences, making them more susceptible to contamination and increasing
the risk of false-positive results. Contamination in viral metagenomics, such as sequences
from reagents and library preparation kits, can distort research outcomes and lead to
false associations with diseases [5]. For example, contaminating Acanthocystis turfacea
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chlorella virus 1 [6] and Xenotropic murine leukemia virus [7] sequences in human samples
caused the misassociation of them with alterations in cognitive function and chronic fatigue
syndrome, respectively [8,9]. For instance, Asplund et al., 2019, revealed an association
between a wide range of viral sequences and reagents used in library preparation [10].
Other work reports contaminations coming from RNA purification kits [11].

Several widely used utilities are available for detecting viral sequences in
metagenomes [12]. A commonly employed approach involves local sequence alignment
against a reference database using the BLAST [13] tool to identify viral sequences or uti-
lizing BLAST-based tools such as VirusSeeker [14]. Another widely used method is the
mapping of short sequences to viral genomes, with BWA [15] and Bowtie2 [16] being
two popular tools. BWA/Bowtie2 are good choices for detecting viral sequences, offering
high sensitivity and fast processing times, but they are reference-dependent and may not
detect novel viruses. Additionally, Hidden Markov Models (HMMs) are used to recognize
viral protein sequences, with HMMer3 being the most widely used instrument for this
approach [17]. HMMer3 is a powerful tool that can detect novel or divergent viruses, but
it requires careful model selection to avoid false positives. A similar method involves the
use of Position-Specific Scoring Matrices (PSSMs), which enable efficient computational
searches for ungapped matches [18]. An alternative approach to detect viral sequences
involves analyzing the k-mer (short sub-sequences of fixed length) spectrum. Kraken2 is a
prominent tool that implements this approach [19], offering fast and efficient processing
times and reference-independent detection, but it may be less sensitive than BWA/Bowtie2
or HMMer3.

Some tools use a combination of methods to leverage the advantages of different
approaches. VirSorter2 uses a combination of HMM and common features analysis (like
GC content and gene density) [20]. VirFinder uses a combination of k-mers and SVM and
returns the likelihood of being a viral sequence [21]. VirID is a comprehensive analysis tool
that performs RNA virus detection and characterization through contig assembly, homology
search, and phylogenetic analysis, returning taxonomic information on identified viral
contigs [22].

In recent years, several tools have been developed for identifying virus sequences
using recurrent or convolutional neural networks, such as ViBE [23] and DeepVirFInder [24].
These models can be computationally intensive, which may limit their applicability.

To summarize, a number of tools have already been developed for the automatic
identification of viral sequences. However, the identification of virus sequences is a complex
process, and the ambiguity in setting appropriate thresholds can pose significant challenges
for practicing biologists and epidemiologists. Researchers often find themselves needing to
verify the findings of automated tools to ensure the reliability of the results. Our approach
focuses on providing a solution that helps researchers confidently assess and validate the
outputs of automated systems and filter false-positive findings.

In the field of virus metagenomics, bats are recognized as an important reservoir
for a broad spectrum of viruses, encompassing Lyssaviridae, Filoviridae, Paramyxoviridae,
and other families [25]. Their characteristics, such as long lifespan, social behavior, and
wide geographic distribution, make them a natural hub for this diverse range of viruses.
Metagenomic sequencing has enabled researchers to explore the viral diversity of bats,
revealing a vast number of unknown viruses [26]. The study of bat viruses is crucial for
early detection and monitoring of potential health threats.

2. Materials and Methods
The AliMarko pipeline consists of preprocessing, reference-based mapping, de novo

assembly, and phylogenetic analysis steps to identify viral sequences in metagenomic data.
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2.1. Read Filtration

Kraken2 is used to deplete reads of cellular organisms in order to lower false-positive
viral identifications. We built a custom database that includes the “UniVec_Core”, “ar-
chaea”, “bacteria”, “fungi”, “human”, “plant”, and “protozoa” libraries, and it is available
as part of AliMarko. Kraken2 is launched with a confidence parameter set to default
0.7 and the parameter “--unclassified-out” to write unclassified reads to fastq files for
further analysis.

Reads deduplication is performed with fastp [27]. Reads with quality scores less than
15 are excluded using samtools view.

2.2. Read Mapping and Analysis

Read mapping is performed with BWA-MEM [28]. Mappings with a quality score
of less than 20 and match percentage with a heuristic threshold of 63% of matching are
eliminated. The coverage width and mean mapping quality of each reference genome are
calculated using samtools.

Mapping visualization is performed with BamSnap [29]. We modified the source
code of BamSnap to allow it to visualize full sequences. Modified version is available at:
https://github.com/NJJeus/bamsnap (accessed on 2 June 2023).

2.3. HMM Analysis

De novo assembly is performed using SPAdes [30] with the -meta option or
MEGAHIT [31]. HMM analysis is conducted using the pyHMMer library [32] and Vi-
ral Minion DB HMM [33,34] on six-frame translated nucleotide sequences.

For each HMM, a threshold score was determined as follows. All non-viral proteins
(negative set) were selected from the Swiss-Prot database [35]. The hmmscan tool was then
run on this set, and the highest score obtained was chosen as the threshold for further use.
When performing analysis, only HMM matches with a score greater than the threshold are
further considered. Regions of the contig that match the HMM profile are visualized using
custom Python code.

Each contig matched by the HMM model with a score above the threshold undergoes
a homology search using blastn against the utilized reference sequence database or another
chosen one. The best result is output in an HTML report.

2.4. Phylogenetic Analysis

The phylogenetic analysis is conducted as follows: a region identified using HMM
is extracted from the contig. Additionally, sequences from reference genomes are ana-
lyzed using the same HMM, and the identified regions are extracted. All these extracted
regions are then added to a FASTA file. Multiple sequence alignment is performed using
MAFFT [36]. A phylogenetic tree is constructed with FastTree [37], which infers approxi-
mately maximum-likelihood phylogenetic trees. FastTree provides local support values
based on the Shimodaira-Hasegawa test to estimate the reliability of each split in the tree,
which is depicted in a tree visualization. Trees are rooted using middle-point rooting via
the BioPython Phylo library.

2.5. Task Management

The pipeline is written in Snakemake, a modern workflow management system that
allows for simultaneous analysis of multiple samples, manages the use of multiple threads,
and facilitates the installation of all required libraries.

https://github.com/NJJeus/bamsnap
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2.6. Materials

We tested our pipeline on total NGS RNA sequencing of fecal samples from 26 bats
captured in the Zvenigorodsky District of the Moscow Region [38]. RNA was extracted from
the bat fecal samples using the QIAamp Viral RNA Mini Kit (Qiagen, Hilden, Germany).
The extracted RNA was used for reverse transcription with Reverta-L reagents (AmpliSens,
Moscow, Russia), and second-strand cDNA was synthesized using the NEBNext Ultra II
Non-Directional RNA Second Strand Module (New England Biolabs, Ipswich, MA, USA,
E6111L). Sequencing was performed on the Illumina MiSeq system to generate 250 bp
paired-end reads. The data are available in SRA database by accessions SRR15540905,
SRR15540904, SRR15534018, SRR15533116, SRR15533060, SRR15526222, SRR15525307,
SRR15524477, SRR15524163, SRR15524530, SRR15508152, SRR15508267, SRR15508011.

To demonstrate the functionality of our computational pipeline, we created a small,
simulated dataset. This dataset contains short reads emulating Illumina HS25 sequencing,
generated using the art_illumina simulator (v2.5.8) with parameters -ss HS25 -p -l 150 [39].
The reference genomes used for simulation included a selection of bacterial species, the
human genome, and the genomes of two viruses: Xanthomonas phage phiXv2 and Min-
iopterus bat Coronavirus 1 (Table S1). Additionally, we incorporated sequences identified
as belonging to the Murine leukemia virus, which were derived from bat sequencing data
as an example of contamination.

To evaluate the accuracy and specificity of AliMarko, we created simulated metagenome
samples. Using human nasopharyngeal swab sample SRR12183113 as a base, we esti-
mated organism abundances with Kraken2, removed viral sequences, and re-generated a
virus-free artificial sample using InSilicoSeq v2.0.1 [40] with parameters—model novaseq
and—store_mutations. At the phylum level, the most abundant bacterial phyla were
Bacteroidota, Bacillota, Actinomycetota, and Pseudomonadota.

For viral simulations, we used a reference containing 8 species from the families Coron-
aviridae, Parvoviridae, Flaviviridae, Chaseviridae, Zobellviridae, Picobirnaviridae, and Phenuiviri-
dae (Table S1. Sheet 2). Using the art_illumina simulator with the parameters mentioned
above, we conducted five simulations with mutation rates for SNPs (0.01 to 0.17) and
insertions (0.001 to 0.017), yielding mutated sequences with 79.05% to 98.72% identity
to the original reference. For each mutation level, paired-end reads were simulated at
10× coverage and five datasets with varying genome coverage (from 250 to 2250 reads)
were generated through subsampling. To standardize comparisons, reference genomes
with >10% coverage width (AliMarko’s threshold) were used for read counting, and contigs
with HMM hits above model-specific thresholds were analyzed.

For comparison with AliMarko, we utilized Kraken2 version 2.1.3 with the core_nt
database (29 September 2024) and the plusPF database (14 May 2022).

AliMarko is available on GitHub https://github.com/NJJeus/AliMarko, accessed on
7 February 2025.

3. Results
3.1. Pipeline Overview

AliMarko processes FASTQ files by performing quality filtering and removing cellular
reads. Following these preprocessing steps, two main types of analyses are conducted:
(1) mapping to reference genomes and (2) de novo assembly of contigs followed by HMM
analysis and phylogenetic analysis. The pipeline generates a comprehensive HTML report,
featuring statistics and visualizations of the results for each module (Figure 1).

https://github.com/NJJeus/AliMarko
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Metadata Resource (VMR) from the International Committee on Taxonomy of Viruses 
(ICTV) [41] as our database. VMR provides a universal taxonomic scheme of viruses, as 
well as access to current taxonomy, information about host organisms, and representative 
genomes, which we utilize as our metadata table. 
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We also provide information regarding the potential contaminant nature of a finding. 
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allowing experts to explore specific sample reports for detailed insights. 

  

Figure 1. The schematic representation of the AliMarko pipeline. Two main types of analysis are
performed: read mapping to reference genomes and HMM analysis of assembled contigs followed by
phylogenetic analysis.

As a preliminary step, depletion of reads from cellular organisms is achieved using
Kraken2 with a custom database (see Materials and Methods). This step is performed to
reduce false positives, which can arise from nonspecific read mappings.

The next step is mapping to a database of reference genomes, which involves corre-
sponding mapping results with a taxonomy metadata table and generating visualizations
of the mapping. For this purpose, we use the reference genomes included in the Virus
Metadata Resource (VMR) from the International Committee on Taxonomy of Viruses
(ICTV) [41] as our database. VMR provides a universal taxonomic scheme of viruses, as
well as access to current taxonomy, information about host organisms, and representative
genomes, which we utilize as our metadata table.

The visualization of read mapping to reference genomes helps assess coverage width,
uniformity of coverage depth, and single nucleotide substitutions density. This is especially
useful if the virus in the sample is similar to those present in the genomic database.

We also provide information regarding the potential contaminant nature of a finding.
For this, we use the information provided by (Asplund et al., 2019) [10]. If a genome in the
mapping results exhibits high similarity to a laboratory-component-associated sequence,
it is flagged in red and accompanied by a tooltip providing information about potential
contaminant nature of the sequence.

In parallel to the mapping module, the HMM module is applied, which includes
contig assembly and protein homology searching using HMM profiles. Each HMM profile
has a predefined threshold to reduce false-positive results (see Materials and Methods).
The HMM module aids experts in result interpretation by visualizing HMM matches and
displaying a phylogenetic tree of the amino acid sequences matched by the HMM, including
the matched contig sequences and corresponding reference sequences.

The pipeline conducts batch analysis and generates a comprehensive HTML report,
allowing experts to explore specific sample reports for detailed insights.
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3.2. AliMarko Reports
3.2.1. One Sample Report

The HTML report provides tabular and graphical representations of the analysis
results (Figure 2, S2 HTML).
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Figure 2. Screenshot of the AliMarko report for a sample. In the HTML report, the content of
Figure B is located below the content of Figure A. (A)—the report contains, from bottom to top, a
comprehensive table with the results of the mapping module (Mapping General Results), followed
by the results of the HMM module (General HMM Results). These are followed by mapping
details, which include several tabs for different assigned hosts. Upon opening the virus tab, a table
displaying the mapping parameters and visualization is presented. If there is information on potential
contamination for the reference genome, its name is highlighted in red. (B)—details for the HMM
module. Each contig has its own tab, providing information on HMM hits on the contig, accompanied
by a visualization of the hits. For each contig, the best blastn hit is provided following the contig data.
For each hit, a phylogenetic tree is constructed based on amino acid sequences. In the tree, reference
sequences are color-coded based on taxonomic classification.

At the top of the report, a table is displayed, which summarizes the results of the
mapping module (Figure 2A). This table provides an overview of the mapping statistics
with each row corresponding to a specific viral species. The table includes information
such as the width and mean depth of coverage on the viral genome, host details, and the
taxonomic classification of the virus. The viruses are arranged in descending order of
coverage width.

Next, a second table is presented, which summarizes the results of the HMM module
(Figure 2A). Each row in this table corresponds to a single HMM hit. The table includes
details about each HMM hit, with each row containing the HMM name, associated meta-
information, the contig name where the hit was found, and the hit score, including the raw
score and the score normalized by the threshold score.

Following the tabular results, the report presents visualizations of the mapping results
(Figure 2B). These visualizations are organized by the associated host. Each virus has a
separate expandable frame that, when opened, displays a table with detailed mapping
parameters for each segment of the virus. The table includes information such as the
width and depth of coverage, as well as the number of identified SNPs. Below the table, a
visualization of the mapping data is presented, offering a graphical representation of the
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read distribution across the genome and the localization of SNPs. For multi-segmented
virus genomes, results are displayed for each segment in a row.

Below the mapping module details, the report presents the results of the HMM module
in a tabular format (Figure 2B). Each contig is represented by a separate expandable frame,
which, when opened, reveals a table summarizing the HMM hits against the contig. The
table provides details such as the obtained score, meta-information on the HMM, and
the normalized score. A visualization of HMM hits is provided for each contig, with hits
represented as arrows that indicate the region and direction of translation. The color of the
arrows corresponds to the score assigned to the hit.

Next, there are phylogenetic tree visualizations for each HMM hit. These trees are
constructed by aligning the hit’s amino acid sequence with translated reference nucleotide
sequences that were also identified by this HMM. By default, the reference sequences are
color-coded according to their genus classification.

3.2.2. Multisample Report

The pipeline offers a multisample analysis, enabling the simultaneous processing of
multiple FASTQ files to provide a comprehensive overview of the entire dataset, which is
useful for biodiversity analysis.

The multisample HTML report provides a summary of the alignment results to the ref-
erence database and HMM-based data scanning (Figure 3A,B). For a more detailed analysis
of specific results, researchers can access the HTML report dedicated to a particular sample.
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Figure 3. Screenshots of the multisample report of AliMarko. (A)—a heatmap illustrating coverages
across all samples and most represented reference genomes offers a comprehensive view of the
findings. Additionally, a scrollable table provides detailed coverage information, with color intensity
emphasizing signal levels for clarity. (B)—the HMM module’s findings are detailed, featuring a
heatmap displaying normalized scores and a corresponding results table.

3.3. Applying the Pipeline to RNA Metagenomic Data

AliMarko was applied to RNA metagenomic data from bat fecal samples collected in
the Moscow District, Russia, in 2015 (see Materials and Methods) [38].

Over 25 distinct viruses from animals, plants, and bacteria were identified in the
dataset (Table S2). Of these, 7 were mammalian viruses, including representatives from the
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Alphacoronavirus, Dependoparvovirus, Betacoronavirus, Mastadenovirus, Sapovirus, Orthopico-
birnavirus, and Alphapolyomavirus genera. Notably, we identified contigs of insect viruses
belonging to the Iflaviridae and Alphatetraviridae families, which exhibited lengths compa-
rable to those of their respective full genomes. Notably, we found a complete genome of
Alphacoronavirus in run SRR15525307. Furthermore, multiple fragments of Alphacoronavirus
and Betacoronavirus were identified in several samples.

A Caliciviridae genome was detected in run SRR15534018 (Figure 4A). Using AliMarko,
we identified Caliciviridae sequences, predicted the encoded proteins, and performed pre-
liminary phylogenetic analysis on two coding sequences. This analysis revealed that the
detected genome is from a virus that belongs to the Sapovirus family, but it does not clus-
ter closely with reference genomes (Figure 4B). The genome’s length is similar to that
of typical Caliciviridae genomes, and it also possesses a poly-A tail, which suggests it is
likely a complete genome [42]. The detection of a complete Sapovirus genome is notable, as
Sapoviruses are known to cause acute gastroenteritis in humans, highlighting the potential
for transmission of these viruses between hosts [43].
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HMM matches the Sapovirus contig. The matches are colored by their score. Several models matched
the contig. (B)—the phylogenetic tree of contig of a presumably Sapovirus origin (see (B)). Sequences
in the tree are colored with their taxonomic group.
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Using AliMarko, we identified contigs of an Orthopicobirnavirus, a genus associated
with gastroenteritis in humans. Two contigs were detected, one containing RNA-dependent
RNA polymerase sequences (“polymerase contig”) and the other containing capsid se-
quences (“capsid contig”), both of which are phylogenetically close to the Picobirnaviridae
family. Notably, phylogenetic analysis with AliMarko revealed that the contig containing
the polymerase gene shows high similarity to known sequences, whereas the contig with
the capsid gene exhibits low similarity.

Using a mapping module, we identified sequences in all samples that were mapped
to the Moloney murine leukemia virus (Retroviridae family). The mapping pattern and
single-nucleotide substitutions were identical across all samples, suggesting that the source
of these sequences is likely a contaminant. Indeed, a previous study (Asplund et al., 2019)
has indicated that Nextera kits can serve as a source of these sequences [10].

3.4. Comparison of HMM vs. Mapping for Viral Detection

In our study, we assessed the diversity of results from two methods. By utilizing our
standard databases, we identified unique families. Notably, we processed the results to
represent each family once, even if multiple contigs or genome references of a family were
involved. Specifically, we focused on families present in both the MINION DB [32,33] and
ICTV VMR databases. Comparing the outcomes revealed that the HMM module with
MINION DB detected a greater number of families compared to the mapping module
with the ICTV VMR genome collection (Figure 5). Additionally, a significant number
of alignment-identified families were also detected by the HMM module. In general,
the HMM module finds two times more families than the mapping module (2.4 for the
dataset considered).
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Figure 5. Comparison of viral families detected by the HMM module with MINION DB and the
mapping module with ICTV VMR genomes collection. The barplot shows the number of unique viral
families identified by each method, with the HMM module detecting a greater number of families
than the mapping module.

3.5. Applying the Pipeline to Diverse Set of Metagenomic Data

Our evaluation of AliMarko and Kraken2 across diverse environmental and host-
associated samples—including sandflies (Phlebotomus chinensis), constructed wetland
rhizospheres, and freshwater ecosystems—revealed distinct differences in viral detection
capacity. By integrating results from AliMarko’s HMM and Mapping modules, the tool
identified 3–18 unique viruses per sample (Figure S1), surpassing Kraken2 (PlusF database),
which detected 0–5 unique viruses, with minimal overlap between the two methods
(0–3 shared hits per sample). For instance, in samples such as SRR14877739 and
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SRR21705849, AliMarko detected 6–11 viral sequences where Kraken2 reported none,
underscoring its enhanced ability to uncover viral diversity in complex metagenomes
(Table S2).

3.6. Validation and Performance Evaluation of AliMarko on Simulated Viral Metagenomes

To assess AliMarko’s performance, we simulated viral metagenomes using a human
nasopharyngeal swab sample with manually excluded viral sequences and added sequences
generated from reference genomes from eight viral families (see Methods). We generated
25 samples with varying mutation rates (SNPs: 0.01–0.17; insertions: 0.001–0.017 yield-
ing 79.05% to 98.72% nucleotide identity to the original reference) and abundance levels
(250–2250 reads yielding mean coverage depth from 0.41 to 3.68). For classification purposes,
the reads and contigs from the original sample were labeled as non-viral, while the added
viral sequences were labeled as viral. AliMarko’s Mapping Module (raw reads) and HMM
Module (contigs) were compared to Kraken2 (core_nt database) on reads and assemblies.

Both tools demonstrated high specificity (>0.99). Kraken2’s sensitivity dropped to
zero at moderate mutation rates (88% identity for reads and 93% for contigs). In contrast,
AliMarko retained sensitivity even at the highest mutation levels (79% identity), detecting
6.5–8.1% of viral reads and contigs in larger samples (Figure 6). However, AliMarko’s
sensitivity declined in small, highly mutated samples. Kraken2 performed better than
AliMarko in detecting contigs under minimal mutation conditions.
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Heatmaps illustrate the number of viral reads and contigs detected by AliMarko (A,C) and Kraken2
(B,D) under different mutation rates and abundance levels. The bottom-left cells (labeled as 0
coverage and 0% identity) represent a simulated virus-free nasopharyngeal swab sample.
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Overall, AliMarko had a higher positive predictive value (PPV), though it decreased
at extreme mutation levels, while the negative predictive value (NPV) remained stable at
around 0.99 for both tools.

In summary, AliMarko is better suited for detecting highly divergent viruses,
whereas Kraken2 excels in low-mutation scenarios. Both tools provide high accuracy in
negative predictions.

4. Discussion
Viruses constitute a diverse group of biological entities, and the absence of universal

single-copy genes in viruses presents a significant challenge for identifying viral sequences
in metagenomic samples [1]. The low abundance of viruses in samples often results in
limited concentrations of viral nucleic acids, hindering the assembly of de novo genomes
for many viruses [44]. To overcome this challenge, researchers rely on more sensitive and
sophisticated methodologies, including preamplification techniques and advanced bioinfor-
matic tools, to enhance viral detection and characterization in metagenomic studies [45,46].
The sequence similarity between viruses and cellular organisms can lead to false-positive
virus identifications [47]. This requires researchers to be cautious when interpreting their
results and verifying their validity.

Given the complexity of identifying viral sequences, a pipeline that efficiently pro-
cesses large datasets while performing essential steps to estimate the confidence of individ-
ual findings has been beneficial. AliMarko provides visualization and interpretable results,
enabling experts to assess the reliability of findings and distinguish them from potential
false positives.

AliMarko employs two complementary modules: reference-based mapping and de
novo assembly followed by HMM-based homology analysis.

The mapping module performs aligning reads to reference sequences from the ICTV
VMR database and is capable of detecting viral sequences even when the read coverage is
too low to assemble contigs. Assessing the uniformity of coverage and the composition
of single-nucleotide variants can help researchers evaluate mapping confidence. Uneven
coverage may stem from non-specific mapping or contamination from other organisms.
Additionally, identical single nucleotide variant patterns across multiple samples may
indicate contamination.

During the analysis of a real dataset, we observed that Murine Leukemia Virus se-
quences were present in all samples, exhibiting non-uniform coverage across the genome
(each sample had a distinct genomic region covered, with a consistent pattern of nucleotide
substitutions). Asplund et al. [10] found that Murine Leukemia Virus sequences in their
dataset were likely derived from the Nextera kit. Similarly, this suggests that the Murine
Leukemia Virus sequences in our dataset may also be derived from this kit. To avoid false
virus identifications, we incorporated the table of potential contaminants provided by As-
plund et al. into our pipeline. As a result, users are warned about potentially contaminated
findings, which are highlighted in red.

In a module complementary to the mapping, the HMM Analysis Module performs
read assembly into contigs, amino acid translation, and subsequent analysis using HMM.
This module is effective in identifying viral sequences assembled into contigs of several
hundred bases and more. Furthermore, phylogenetic analysis enables fast interpretation
of the result’s reliability and relationships with reference sequences. The structure of the
phylogenetic tree can confirm the viral nature of the match and identify the phylogenetically
closest reference in the database. A consistent tree structure that aligns with current
taxonomy, with the contig’s leaf fitting well within a specific clade, supports a reliable
conclusion. Conversely, weak phylogenetic signals, conflicting tree topology, or long branch
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lengths may indicate a false positive or the discovery of a novel viral representative. The
HMM Analysis Module provides phylogenetic analysis of individual proteins, allowing for
consideration of potential differences in mutation accumulation rates between different
proteins and providing a more nuanced understanding of the evolutionary relationships
between known viral strains and the virus sequence presented in the sample.

The future development of this module will focus on integrating automatic topology
reliability determination and contig classification to specific clades, enhancing the pipeline’s
capabilities in viral sequence analysis. It is important to note that since trees are constructed
using genome fragments, their topology may deviate from the accepted taxonomy.

Among existing tools, VirID is the closest to AliMarko in terms of functionality. Both
tools perform phylogenetic analysis and filtering of false positives and contaminants,
indicating a shared commitment to accuracy and reliability. However, AliMarko employs a
dual approach to viral sequence identification, combining contig assembly with mapping to
reference genomes, which enables it to detect low-abundant viral sequences. Additionally,
AliMarko has a broader scope than VirID, as it detects all types of viruses, whereas VirID is
limited to Orthornavirae kingdom.

AliMarko is designed for Linux servers and requires only basic Linux knowledge and
a Conda environment or Docker to run. The tool utilizes a set of reference genomes and
HMM profiles, which can be customized as needed, allowing for flexibility in its analysis.

We applied our pipeline to metagenomic RNA sequencing data from bat fecal samples.
Bat metagenomic data are characterized by a high abundance of viruses, with numerous
unknown viruses identified through sequencing. Our analysis with AliMarko enabled
the detection of over 25 distinct viruses, including seven mammalian viruses from dif-
ferent genera. Notably, we successfully identified the complete genome of a Sapovirus
representative. This genus is known to cause acute gastroenteritis in humans.

AliMarko detected more unique viruses than Kraken2 across various environmental
and host-associated samples, identifying 3–18 viruses per sample compared to Kraken2’s
0–5. AliMarko remained effective even at high mutation rates (79% identity), whereas
Kraken2’s sensitivity dropped to zero at moderate mutation levels (88% identity for reads
and 93% for contigs), although it performed better in low-mutation scenarios (≥98%
identity). Both tools showed high specificity (>0.99), with AliMarko being better for
detecting diverse viruses and Kraken2 excelling in low-mutation cases, while both provided
reliable negative results.

Future developments of our pipeline will involve the incorporation of a database
of non-viral sequences that are likely to be misidentified as viral (e.g., topoisomerase
sequences). This will enable the detection of false mappings to viral sequences and fa-
cilitate the rooting of phylogenetic trees. Additionally, we plan to establish a web server
hosting AliMarko, providing a user-friendly interface for researchers to access and utilize
our pipeline.

We believe that AliMarko will enable researchers to uncover viral sequences in metage-
nomic datasets, including both common viruses and those that are novel or unrepresented
in existing databases.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/v17030355/s1, Table S1. Genome references for simulated sample. HTML S1.
An example of AliMarko sample report on a simulated sample. Table S2. Metagenomic Analysis Results.
Figure S1. Taxa Detection in Different Environments.
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4. Simmonds, P.; Adams, M.J.; Benkő, M.; Breitbart, M.; Brister, J.R.; Carstens, E.B.; Davison, A.J.; Delwart, E.; Gorbalenya, A.E.;

Harrach, B.; et al. Consensus statement: Virus taxonomy in the age of metagenomics. Nat. Rev. Microbiol. 2017, 15, 161–168.
[CrossRef]

5. Jurasz, H.; Pawłowski, T.; Perlejewski, K. Contamination Issue in Viral Metagenomics: Problems, Solutions, and Clinical
Perspectives. Front. Microbiol. 2021, 12, 745076. [CrossRef]

6. Yolken, R.H.; Jones-Brando, L.; Dunigan, D.D.; Kannan, G.; Dickerson, F.; Severance, E.; Sabunciyan, S.; Talbot, C.C., Jr.;
Prandovszky, E.; Gurnon, J.R.; et al. Chlorovirus ATCV-1 is part of the human oropharyngeal virome and is associated with
changes in cognitive functions in humans and mice. Proc. Natl. Acad. Sci. USA 2014, 111, 16106–16111. [CrossRef]

7. Lombardi, V.C.; Ruscetti, F.W.; Gupta, J.D.; Pfost, M.A.; Hagen, K.S.; Peterson, D.L.; Ruscetti, S.K.; Bagni, R.K.; Petrow-Sadowski,
C.; Gold, B.; et al. Detection of an Infectious Retrovirus, XMRV, in Blood Cells of Patients with Chronic Fatigue Syndrome. Science
2009, 326, 585–589. [CrossRef]

8. Kjartansdóttir, K.R.; Friis-Nielsen, J.; Asplund, M.; Mollerup, S.; Mourier, T.; Jensen, R.H.; Hansen, T.A.; Rey-Iglesia, A.; Richter,
S.R.; Alquezar-Planas, D.E.; et al. Traces of ATCV-1 associated with laboratory component contamination. Proc. Natl. Acad. Sci.
USA 2015, 112, E925–E926. [CrossRef]

9. Delviks-Frankenberry, K.; Cingöz, O.; Coffin, J.M.; Pathak, V.K. Recombinant origin, contamination, and de-discovery of XMRV.
Curr. Opin. Virol. 2012, 2, 499–507. [CrossRef]

10. Asplund, M.; Kjartansdóttir, K.R.; Mollerup, S.; Vinner, L.; Fridholm, H.; Herrera, J.A.R.; Friis-Nielsen, J.; Hansen, T.; Jensen, R.;
Nielsen, I.; et al. Contaminating viral sequences in high-throughput sequencing viromics: A linkage study of 700 sequencing
libraries. Clin. Microbiol. Infect. 2019, 25, 1277–1285. [CrossRef]

11. Duan, J.; Keeler, E.; McFarland, A.; Scott, P.; Collman, R.G.; Bushman, F.D. The virome of the kitome: Small circular virus-like
genomes in laboratory reagents. Microbiol. Resour. Announc. 2024, 13, e0126123. [CrossRef] [PubMed]

12. Privitera, G.F.; Alaimo, S.; Ferro, A.; Pulvirenti, A. Virus finding tools: Current solutions and limitations. Briefings Bioinform. 2022,
23, bbac235. [CrossRef] [PubMed]

13. Altschul, S.; Gish, W.; Miller, W.; Myers, E.; Lipman, D. Basic Local Alignment Search Tool. J. Mol. Biol. 1990, 215, 403–410.
[CrossRef] [PubMed]

14. Zhao, G.; Wu, G.; Lim, E.S.; Droit, L.; Krishnamurthy, S.; Barouch, D.H.; Virgin, H.W.; Wang, D. VirusSeeker, a computational
pipeline for virus discovery and virome composition analysis. Virology 2017, 503, 21–30. [CrossRef]

15. Li, H. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. arXiv 2013, arXiv:1303.3997.
16. Langmead, B.; Salzberg, S.L. Fast gapped-read alignment with Bowtie 2. Nat. Methods 2012, 9, 357–359. [CrossRef]
17. Mistry, J.; Finn, R.D.; Eddy, S.R.; Bateman, A.; Punta, M. Challenges in homology search: HMMER3 and convergent evolution of

coiled-coil regions. Nucleic Acids Res. 2013, 41, e121. [CrossRef]
18. Babaian, A.; Edgar, R. Ribovirus classification by a polymerase barcode sequence. PeerJ 2022, 10, e14055. [CrossRef]
19. Wood, D.E.; Lu, J.; Langmead, B. Improved metagenomic analysis with Kraken 2. Genome Biol. 2019, 20, 257. [CrossRef]

https://doi.org/10.1371/journal.pbio.3001922
https://www.ncbi.nlm.nih.gov/pubmed/36780432
https://doi.org/10.1128/MMBR.00061-19
https://www.ncbi.nlm.nih.gov/pubmed/32132243
https://doi.org/10.1038/s41579-019-0205-6
https://www.ncbi.nlm.nih.gov/pubmed/31142823
https://doi.org/10.1038/nrmicro.2016.177
https://doi.org/10.3389/fmicb.2021.745076
https://doi.org/10.1073/pnas.1418895111
https://doi.org/10.1126/science.1179052
https://doi.org/10.1073/pnas.1423756112
https://doi.org/10.1016/j.coviro.2012.06.009
https://doi.org/10.1016/j.cmi.2019.04.028
https://doi.org/10.1128/mra.01261-23
https://www.ncbi.nlm.nih.gov/pubmed/38591883
https://doi.org/10.1093/bib/bbac235
https://www.ncbi.nlm.nih.gov/pubmed/35753694
https://doi.org/10.1016/S0022-2836(05)80360-2
https://www.ncbi.nlm.nih.gov/pubmed/2231712
https://doi.org/10.1016/j.virol.2017.01.005
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/nar/gkt263
https://doi.org/10.7717/peerj.14055
https://doi.org/10.1186/s13059-019-1891-0


Viruses 2025, 17, 355 14 of 15

20. Guo, J.; Bolduc, B.; Zayed, A.A.; Varsani, A.; Dominguez-Huerta, G.; Delmont, T.O.; Pratama, A.A.; Gazitúa, M.C.; Vik, D.;
Sullivan, M.B.; et al. VirSorter2: A multi-classifier, expert-guided approach to detect diverse DNA and RNA viruses. Microbiome
2021, 9, 37. [CrossRef]

21. Ren, J.; Ahlgren, N.A.; Lu, Y.Y.; Fuhrman, J.A.; Sun, F. VirFinder: A novel k-mer based tool for identifying viral sequences from
assembled metagenomic data. Microbiome 2017, 5, 69. [CrossRef] [PubMed]

22. Yang, Z.; Shan, Y.; Liu, X.; Chen, G.; Pan, Y.; Gou, Q.; Zou, J.; Chang, Z.; Zeng, Q.; Yang, C.; et al. VirID: Beyond virus
discovery—An integrated platform for comprehensive RNA virus characterization. bioRxiv 2024. Available online: https:
//www.biorxiv.org/content/early/2024/07/09/2024.07.05.602175 (accessed on 7 February 2024).

23. Gwak, H.-J.; Rho, M. ViBE: A hierarchical BERT model to identify eukaryotic viruses using metagenome sequencing data. Brief.
Bioinform. 2022, 23, bbac204. [CrossRef] [PubMed]

24. Ren, J.; Song, K.; Deng, C.; Ahlgren, N.A.; Fuhrman, J.A.; Li, Y.; Xie, X.; Poplin, R.; Sun, F. Identifying viruses from metagenomic
data using deep learning. Quant. Biol. 2020, 8, 64–77. [CrossRef] [PubMed]

25. Kohl, C.; Kurth, A. European Bats as Carriers of Viruses with Zoonotic Potential. Viruses 2014, 6, 3110–3128. [CrossRef]
26. Letko, M.; Seifert, S.N.; Olival, K.J.; Plowright, R.K.; Munster, V.J. Bat-borne virus diversity, spillover and emergence. Nat. Rev.

Microbiol. 2020, 18, 461–471. [CrossRef]
27. Chen, S.; Zhou, Y.; Chen, Y.; Gu, J. fastp: An ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 2018, 34, i884–i890. [CrossRef]
28. Li, H.; Durbin, R. Fast and accurate short read alignment with Burrows-Wheeler transform. Bioinformatics 2009, 25, 1754–1760.

[CrossRef]
29. Kwon, M.; Lee, S.; Berselli, M.; Chu, C.; Park, P.J. BamSnap: A lightweight viewer for sequencing reads in BAM files. Bioinformatics

2021, 37, 263–264. [CrossRef]
30. Bankevich, A.; Nurk, S.; Antipov, D.; Gurevich, A.A.; Dvorkin, M.; Kulikov, A.S.; Lesin, V.M.; Nikolenko, S.I.; Pham, S.; Prjibelski,

A.D.; et al. SPAdes: A New Genome Assembly Algorithm and Its Applications to Single-Cell Sequencing. J. Comput. Biol. 2012,
19, 455–477. [CrossRef]

31. Li, D.; Liu, C.-M.; Luo, R.; Sadakane, K.; Lam, T.-W. MEGAHIT: An ultra-fast single-node solution for large and complex
metagenomics assembly via succinct de Bruijn graph. Bioinformatics 2015, 31, 1674–1676. [CrossRef] [PubMed]

32. Larralde, M.; Zeller, G. PyHMMER: A Python library binding to HMMER for efficient sequence analysis. Bioinformatics 2023,
39, btad214. [CrossRef] [PubMed]

33. Viral Minion DB: A Database of Viral Profile HMMs. Icb.usp.br. 2020. Available online: http://www.bioinfovir.icb.usp.br/
minion_db/ (accessed on 11 September 2024).

34. Oliveira, L.S.; Gruber, A. Rational Design of Profile Hidden Markov Models for Viral Classification and Discovery; Exon Publications
eBooks: Brisbane, Australia, 2021; pp. 151–170.

35. Boeckmann, B.; Bairoch, A.; Apweiler, R.; Blatter, M.C.; Estreicher, A.; Gasteiger, E.; Martin, M.J.; Michoud, K.; O’Donovan, C.;
Phan, I.; et al. The SWISS-PROT protein knowledgebase and its supplement TrEMBL in 2003. Nucleic Acids Res. 2003, 31, 365.
[CrossRef] [PubMed]

36. Katoh, K.; Misawa, K.; Kuma, K.; Miyata, T. MAFFT: A Novel Method for Rapid Multiple Sequence Alignment Based on Fast
Fourier Transform. Nucleic Acids Res. 2002, 30, 3059–3066. [CrossRef]

37. Price, M.N.; Dehal, P.S.; Arkin, A.P. FastTree 2–Approximately Maximum-Likelihood Trees for Large Alignments. PLoS ONE 2010,
5, e9490. [CrossRef]

38. Speranskaya, A.S.; Artiushin, I.V.; Samoilov, A.E.; Korneenko, E.V.; Khabudaev, K.V.; Ilina, E.N.; Yusefovich, A.P.; Safonova, M.V.;
Dolgova, A.S.; Gladkikh, A.S.; et al. Identification and Genetic Characterization of MERS-Related Coronavirus Isolated from
Nathusius’ Pipistrelle (Pipistrellus nathusii) near Zvenigorod (Moscow Region, Russia). Int. J. Environ. Res. Public Health 2023,
20, 3702. [CrossRef]

39. Huang, W.; Li, L.; Myers, J.R.; Marth, G.T. ART: A next-generation sequencing read simulator. Bioinformatics 2011, 28, 593–594.
[CrossRef]

40. Gourlé, H.; Karlsson-Lindsjö, O.; Hayer, J.; Bongcam-Rudloff, E. Simulating Illumina metagenomic data with InSilicoSeq.
Bioinformatics 2019, 35, 521–522. [CrossRef]

41. Lefkowitz, E.J.; Dempsey, D.M.; Hendrickson, R.C.; Orton, R.J.; Siddell, S.G.; Smith, D.B. Virus taxonomy: The database of the
International Committee on Taxonomy of Viruses (ICTV). Nucleic Acids Res. 2017, 46, D708–D717. [CrossRef]

42. Vinjé, J.; Estes, M.K.; Esteves, P.; Green, K.Y.; Katayama, K.; Knowles, N.J.; L’homme, Y.; Martella, V.; Vennema, H.; White, P.A.;
et al. ICTV Virus Taxonomy Profile: Caliciviridae. J. Gen. Virol. 2019, 100, 1469–1470. [CrossRef]

43. Barry, A.F.; Durães-Carvalho, R.; Oliveira-Filho, E.F.; Alfieri, A.A.; Van der Poel, W.H.M. High-resolution phylogeny providing
insights towards the epidemiology, zoonotic aspects and taxonomy of sapoviruses. Infect. Genet. Evol. 2017, 56, 8–13. [CrossRef]
[PubMed]

https://doi.org/10.1186/s40168-020-00990-y
https://doi.org/10.1186/s40168-017-0283-5
https://www.ncbi.nlm.nih.gov/pubmed/28683828
https://www.biorxiv.org/content/early/2024/07/09/2024.07.05.602175
https://www.biorxiv.org/content/early/2024/07/09/2024.07.05.602175
https://doi.org/10.1093/bib/bbac204
https://www.ncbi.nlm.nih.gov/pubmed/35667011
https://doi.org/10.1007/s40484-019-0187-4
https://www.ncbi.nlm.nih.gov/pubmed/34084563
https://doi.org/10.3390/v6083110
https://doi.org/10.1038/s41579-020-0394-z
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/bioinformatics/btp324
https://doi.org/10.1093/bioinformatics/btaa1101
https://doi.org/10.1089/cmb.2012.0021
https://doi.org/10.1093/bioinformatics/btv033
https://www.ncbi.nlm.nih.gov/pubmed/25609793
https://doi.org/10.1093/bioinformatics/btad214
https://www.ncbi.nlm.nih.gov/pubmed/37074928
http://www.bioinfovir.icb.usp.br/minion_db/
http://www.bioinfovir.icb.usp.br/minion_db/
https://doi.org/10.1093/nar/gkg095
https://www.ncbi.nlm.nih.gov/pubmed/12520024
https://doi.org/10.1093/nar/gkf436
https://doi.org/10.1371/journal.pone.0009490
https://doi.org/10.3390/ijerph20043702
https://doi.org/10.1093/bioinformatics/btr708
https://doi.org/10.1093/bioinformatics/bty630
https://doi.org/10.1093/nar/gkx932
https://doi.org/10.1099/jgv.0.001332
https://doi.org/10.1016/j.meegid.2017.09.024
https://www.ncbi.nlm.nih.gov/pubmed/28951203


Viruses 2025, 17, 355 15 of 15

44. Pereira-Marques, J.; Hout, A.; Ferreira, R.M.; Weber, M.; Pinto-Ribeiro, I.; van Doorn, L.J.; Knetsch, C.W.; Figueiredo, C. Impact of
Host DNA and Sequencing Depth on the Taxonomic Resolution of Whole Metagenome Sequencing for Microbiome Analysis.
Front. Microbiol. 2019, 10, 1277. [CrossRef] [PubMed]

45. Fernandez-Cassi, X.; Kohn, T. Comparison of Three Viral Nucleic Acid Preamplification Pipelines for Sewage Viral Metagenomics.
Food Environ. Virol. 2024, 16, 1–22. [CrossRef] [PubMed]

46. Cobbin, J.C.; Charon, J.; Harvey, E.; Holmes, E.C.; Mahar, J.E. Current challenges to virus discovery by meta-transcriptomics.
Curr. Opin. Virol. 2021, 51, 48–55. [CrossRef]

47. Salter, S.J.; Cox, M.J.; Turek, E.M.; Calus, S.T.; Cookson, W.O.; Moffatt, M.F.; Turner, P.; Parkhill, J.; Loman, N.J.; Walker, A.W.
Reagent and laboratory contamination can critically impact sequence-based microbiome analyses. BMC Biol. 2014, 12, 87.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3389/fmicb.2019.01277
https://www.ncbi.nlm.nih.gov/pubmed/31244801
https://doi.org/10.1007/s12560-024-09594-3
https://www.ncbi.nlm.nih.gov/pubmed/38647859
https://doi.org/10.1016/j.coviro.2021.09.007
https://doi.org/10.1186/s12915-014-0087-z

	Introduction 
	Materials and Methods 
	Read Filtration 
	Read Mapping and Analysis 
	HMM Analysis 
	Phylogenetic Analysis 
	Task Management 
	Materials 

	Results 
	Pipeline Overview 
	AliMarko Reports 
	One Sample Report 
	Multisample Report 

	Applying the Pipeline to RNA Metagenomic Data 
	Comparison of HMM vs. Mapping for Viral Detection 
	Applying the Pipeline to Diverse Set of Metagenomic Data 
	Validation and Performance Evaluation of AliMarko on Simulated Viral Metagenomes 

	Discussion 
	References

