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Abstract
Background

The complete characterization of a microbiome is critical in elucidating the complex ecology of the microbial composition within
healthy and diseased animals. Many microbiome studies characterize only the bacterial component, for which there are several
well-developed sequencing methods, bioinformatics tools and databases available. The lack of comprehensive bioinformatics
work�ows and databases have limited efforts to characterize the other components existing in a microbiome. BiomeSeq is a tool
for the analysis of the complete animal microbiome using metagenomic sequencing data. With its comprehensive work�ow
and customizable parameters and microbial databases, BiomeSeq can rapidly quantify the viral, fungal, bacteriophage and
bacterial components of a sample and produce informative tables for analysis.

Results

Simulated datasets were constructed, which contained known abundances of microbial sequences, and several performance
metrics were analyzed, including correlation of predicted abundance with known abundance, root mean square error and rate of
speed. BiomeSeq demonstrated high precision (average of 99.52%) and sensitivity (average of 93.01%). BiomeSeq was employed
in detecting and quantifying the respiratory microbiome of a commercial poultry broiler �ock throughout its grow-out cycle from
hatching to processing and successfully processed 780 million reads. For each microbial species detected, BiomeSeq calculated
the normalized abundance, percent relative abundance, and coverage as well as the diversity for each sample. Rate of speed for
each step in the pipeline, precision and accuracy were calculated to examine BiomeSeq’s performance using in silico sequencing
datasets. When compared to bacterial results generated by the commonly used 16S rRNA sequencing method, BiomeSeq detected
the same most abundant bacteria, including Gallibacterium, Corynebacterium and Staphylococcus, as well as several additional
species.

Conclusions

BiomeSeq provides for the detection and quanti�cation of the microbiome from next-generation metagenomic sequencing data.
This tool is implemented into a user-friendly container that requires one command and generates a table containing taxonomical
information for each microbe detected. It also determines normalized abundance, percent relative abundance, genome coverage
and sample diversity calculations for each sample.

Introduction
Speci�c and unique animal microbiomes contribute to the biological function of various locations on the body including the
intestinal tract, skin, vaginal tract, oral cavity, and respiratory tract [1]. Disturbances of these environments by colonization of a
new bacteria, eukaryotic virus, or fungi can lead to competition, invasion and replacement. Under appropriate conditions this may
result in disease. Advancements in next-generation sequencing technology enable investigations into individual components of the
microbiome, thereby gaining insight into the dynamic interactions taking place [2]. Identi�cation of microbial communities within
these environments can aid in elucidating the role they play in both healthy and diseased animals.

Recent studies attempting to characterize the microbiomes of animals have focused primarily on their bacterial composition, as
there are well established methodological approaches to sequence and analyze this component [3–8]. The 16S rRNA gene is
commonly used to identify and compare the bacterial genera present in a given sample. Accessible bacterial databases, such as
Greengenes [9] and Silva [10], in addition to well-developed bioinformatics work�ows, are available to facilitate these analyses
[11–13]. Internal Transcribed Spacer, or ITS, is a widely used fungal genetic marker gene. Similar to 16S rRNA, accessible fungi
databases [14] and bioinformatics work�ows for fungal analysis exist [12] .

Characterizing the viral component of the microbiome presents unique di�culties. Unlike the ribosomal genes of bacteria and
fungi, viruses are heterogeneous in their genetic content and therefore do not have a conserved genomic region that can be
sequenced and employed for taxonomic classi�cation using the same approaches utilized for bacteria [15]. Metagenomic shotgun
sequencing does not utilize gene-speci�c PCR ampli�cation. As a result, this approach is not limited to detecting one speci�c
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kingdom and has enough sensitivity to detect at the species taxonomic level. Using this approach, additional components of a
microbiome can be identi�ed. Many studies attempting to characterize microorganisms using metagenomic sequencing data rely
on adapting a sequence-similarity independent assembly approach and computationally exhaustive BLAST-like database
searches. This can be attributed to the limited comprehensive microbial databases that exist. Thus, this approach provides
taxonomic classi�cation of samples, but lacks the ability to accurately quantify abundance and diversity. Furthermore, many of
the available computational tools require the user to possess extensive command-line knowledge and computational resources to
successfully install and run the programs and their dependencies on the command line.

Herein, we present BiomeSeq, a tool for the analysis of complete animal microbiomes from metagenomic sequencing data.
BiomeSeq addresses the constraints of current computational tools by providing a comprehensive work�ow and corresponding
microbial databases that accurately identify and quantify each major component of the microbiome. The work�ow includes
quality �ltering and host decontamination, sequence-similarity dependent alignment to microbial reference genome databases and
quanti�cation of microbial abundance and sample diversity. BiomeSeq also analyzes the eukaryotic viral, fungal, bacteriophage
and bacterial components using the same sequencing data to produce a complete analysis of the microbiome without requiring
additional sequencing of the 16S rRNA or ITS genes. Utilizing shotgun metagenomic data to analyze the bacterial and fungal
components can increase taxonomic resolution, permit the analysis of complete genomes instead of a conserved genomic region,
and allows for a comparison of bacteria and fungi to the viral and bacteriophage components [16]. BiomeSeq was evaluated using
simulated datasets designed to mimic complex microbial communities and performed with exceptional accuracy and precision.
BiomeSeq was also employed to characterize the respiratory microbiome of a healthy broiler �ock. The results obtained using
BiomeSeq were compared to a 16S rRNA approach and BiomeSeq was able to identify 533 unique bacterial genera compared to
24 detected by 16S rRNA. In addition to characterizing all of the microbial components from the same sample, BiomeSeq is also
able to discriminate at a higher taxonomic resolution. BiomeSeq is available as an open-source and user-friendly container. This
versatility allows BiomeSeq to be accessible to users with varied degrees of command-line knowledge and computational
resources. While BiomeSeq has been developed and evaluated on avian species, it can be used to characterize microbiomes of a
variety of species.

Results

Design and Development of BiomeSeq
BiomeSeq was designed to identify microbial communities utilizing next-generation sequencing �les in single- and paired-end
format. Figure 1 shows an overview of the BiomeSeq work�ow. In summary, the work�ow begins with a quality and
decontamination step where all adapter sequences, short reads and low-quality reads are �rst extracted from the sequencing �les
provided by the user. The trimmed reads are then aligned to a host reference genome speci�ed by the user. Host DNA is extracted
from the �le to increase analytical e�ciency and mapping accuracy [17]. The remaining reads are then aligned to BiomeSeq’s
eukaryotic viral, fungal, bacterial and bacteriophage genome databases containing sequences obtained from the NCBI RefSeq
database. These databases are publicly available [18]. One feature that makes BiomeSeq more versatile is that it accepts custom
databases provided by the user. Several additional customizable parameters can be speci�ed by the user including: the host
reference genome, mapping quality threshold, and output �les (i.e. alignment �les). Table 1 includes all software and parameters
used by BiomeSEq. Following the alignment of the decontaminated reads to the microbial databases, BiomeSeq then calculates
normalized abundance, percent relative abundance and genome coverage for each eukaryotic virus, bacteria, bacteriophage and
fungi detected. It also calculates diversity of each component in the sample. BiomeSeq generates a table consisting of the NCBI
RefSeq accession number, microbe name, taxonomy, number of mapped reads of the detected microbes and all calculations. For
each sample processed by BiomeSeq, four tables are generated consisting of the results generated for each of the four
components. In Table 2 an example of an output table for the viral component can be viewed. Similar tables are generated for
bacteria, bacteriophage and fungal data. In addition to the tables, alignment �les in BAM format are also generated. The BiomeSeq
work�ow and associated databases were implemented into a software package and a container. BiomeSeq is currently available
as an open-source and user-friendly resource on Docker Hub. The self-contained environment simpli�es installation and execution
by eliminating the need for downloading and installing the BiomeSeq program, databases and all dependent software.
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Furthermore, the BiomeSeq container allows the same customizable parameters and accepts custom databases provided by the
user.

Table 1
Software tools and parameters used by BiomeSeq

Process Tool Name Parameters

Quality Trimming Trim Galore default

Host

Decontamination

BWA -x -S

Samtools view -bS

Microbial Database Alignment Bowtie 2 -x -S

Samtools view -bSq [user input]

Table 2
Example table generated by BiomeSeq of the viral component of a commercial poultry �ock at Week 6.

Ref Seq
Number

Name Taxonomy Genome
Size

Number
Mapped

Norm.
Abundance

Relative
Abundance

Genome

Coverage

Sample

Diversity

NC002229 Gallid
Alphaherpesvirus
2

Double
Stranded;
Enveloped;
Herpesviridae;
Mardivirus

177874 1 27 0.004% 0 0.534

NC002577 Gallid
Alphaherpesvirus
3

Double
Stranded;
Enveloped;
Herpesviridae;
Mardivirus

164270 1 30 0.004% 0  

NC015396 Avian Gyrovirus Single
Stranded;
Non-
Enveloped;
Circoviridae;
Gyrovirus

2383 72 147166 22.493% 3.05  

NC001720 Fowl
Aviadenovirus

Double
Stranded;
Non-
Enveloped;
Adenoviridae;
Aviadenovirus

43804 4560 507049 77.498% 10.51  

Validation of BiomeSeq
BiomeSeq’s performance was evaluated using simulated datasets consisting of known microorganisms and their corresponding
abundances. Four simulated datasets were created to closely mimic the complex community structure of an avian respiratory
microbiome. Each dataset was generated using genome sequences from 20 microorganisms that have been experimentally
detected in the respiratory tract of poultry broilers (Table S1). The Gallus gallus red jungle fowl from one sequence was used to
represent the host environment. The four simulated datasets contained an average of 24,523,032 total raw reads (Table S2) and
were processed using BiomeSEq. The reads were �rst trimmed for quality and decontaminated of host DNA. Table S2 shows the
number of reads that were extracted during each of these steps in the processing. An average of 24,522,253 remained after quality
trimming of all adapter sequences, sequences less than 100 base pairs in length and sequences with a quality Phred score under
30 (Table S2). An average of 5,158,715 remained following decontamination of chicken genomic sequences. The remaining reads
were then aligned to four microbial databases including bacteriophage, bacteria, fungi and avian derived virus genomes with a
mapping quality threshold of 2 (available at: ref 18). One major feature of BiomeSeq that makes it so versatile, is its ability to
accept custom databases provided by the user. To evaluate this feature, an avian-speci�c viral database was constructed to



Page 5/23

replace BiomeSeq’s default viral database (Table S5). An average of 90.8% of the reads were aligned to microbial genome
sequences (Table S2). From the number of mapped reads, BiomeSeq then calculates the normalized abundance, relative
abundance, genome coverage and diversity of the sample and generates a table for each of the four microbiome components.
From the information provided by the BiomeSeq tables, several metrics were used to evaluate BiomeSeq’s overall performance
including correlation with known abundance, sensitivity, precision, rate of speed and root mean square error.

A total of twenty microbial genomes were included in the four simulated datasets and BiomeSeq was able to successfully identify
each microbial element. The average percent relative abundance of each element generated by BiomeSeq was compared to the
known abundances. Figure 2 shows both the known and predicted percent relative abundance of one of the simulated datasets. Of
the known abundances in the simulated datasets, the most abundant fungi is Aspergillus oryzae with an average normalized
abundance of 73.34%; the most abundant bacteria is Escherichia coli (10.87%); the most abundant eukaryotic virus is Gallid
Herpesvirus 2 (1.06%); and the most abundant bacteriophage is Enterobacteriophage T4 (0.33%). The most abundant fungi
detected by BiomeSeq is also Aspergillus oryzae with an average normalized abundance of 78.03%; the most abundant bacteria is
also Escherichia coli (7.36%); the most abundant eukaryotic virus is Gallid Herpesvirus 1 (0.27%); and the most abundant
bacteriophage is also Enterobacteriophage T4 (0.09%). Pearson correlation coe�cients between predicted and known abundances
were calculated at the species level. Abundances of species determined by BiomeSeq were highly correlated with known
abundances demonstrating an average correlation coe�cient of r = 0.997 for all four datasets.

The precision and sensitivity of BiomeSeq was evaluated using the same four synthetic datasets. True positives, true negatives,
false positives, sensitivity and precision were calculated for each microbial component (Table S3). Overall, 4,659,277 true
positives, 22,397 false positives, and 350,271 false negatives were observed. Sensitivity describes the number of reads correctly
aligned to the appropriate genome divided by the total number of sequences in the sample. Precision is the number of reads that
were aligned to the appropriate genome divided by the total number of reads mapped to any genome. Using default parameters,
BiomeSeq demonstrated exceptional accuracy, with 99.52% precision of and 93.01% sensitivity (Table S3).

The rate of speed during each step of BiomeSeq was calculated for the four simulated datasets (Fig. 3; Table S4). The speed of
BiomeSeq is contingent upon the number of computational cores, the amount of available computational memory and the size of
the dataset and host reference genome. The four simulated datasets were processed on a server with 98 GB RAM and 4 CPU cores.
The quality step, in which adapter sequences, reads less than 100 base pairs in length and low quality reads are trimmed from the
input sequencing �le, was measured at an average speed of 79,977 (± 9,204) reads per second (Fig. 3; Table S4). The
decontamination step had an average speed of 6,327 (± 473) reads per second (Fig. 3; Table S4). During this step, the host
reference genome is indexed; the larger the host genome is the longer this step will take. The Gallus gallus genome (Annotation
Release 104), used in this evaluation, is about 1.2 billion base pairs in length [19]. After the genome is indexed, the trimmed reads
are aligned to the host reference genome and reads that map are removed from the �le. Alignment of reads to microbial databases
was measured at an average speed of 2,421 (± 174) reads per second (Fig. 3; Table S4). During this step, the reads remaining after
decontamination, an average of 5,158,715 for the four simulated datasets, are aligned to a total of 7,227 microbial genomes with
various sizes. Finally, the quanti�cation step, in which the normalized relative abundance, percent relative abundance, genome
coverage and diversity is calculated from the reads that aligned to the microbial sequences, had an average speed of 183,264 (± 
31,244) reads per second (Fig. 3; Table S4).

Root mean square error (RMSE) measures the amount of error between the known abundances of each species and the
abundances determined by BiomeSeq (Fig. 4). A small RMSE value indicates that the abundance determined by BiomeSeq is close
to the known abundances in the simulated dataset. RMSE was calculated for each eukaryotic virus, bacteria, bacteriophage and
fungi species (Fig. 4). An RMSE of < 4.70 was exhibited for all species and 17 of the 20 species exhibited an RMSE value of < 0.24.
These results further indicate that BiomeSeq can accurately determine microbial abundance at the species taxonomic level.

A Longitudinal Study of the Microbial Ecology of a Healthy Broiler Flock
BiomeSeq was employed to detect and quantify eukaryotic viruses, bacteria, bacteriophage, and fungi in a healthy commercial
broiler �ock during the grow-out cycle from hatching to processing. Samples were collected from the respiratory tract of a healthy
broiler �ock weekly as the �ock aged (Day 1 – Day 49). DNA and RNA were isolated and sequenced using an Illumina NGS
platform. A total of 780 million reads were generated and successfully processed using BiomeSEq. These reads were sequentially
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trimmed for quality, decontaminated of host DNA and aligned to each microbial genome database. The default viral genome
database provided by BiomeSeq was replaced by a custom database containing avian-derived viral sequences (Table S5). For
each microorganism identi�ed, BiomeSeq calculated normalized abundance, percent relative abundance, genome coverage and
sample diversity. The taxonomic and quantitative data generated by BiomeSeq was visually represented using a variety of
available tools.

In total, BiomeSeq aligned 5,163 reads to avian DNA viruses and 71,936 reads to avian RNA viral sequences. A total of 9 viral
species, representing 8 genera and 8 families, were identi�ed from the avian respiratory tract during the grow-out period. Figure 5
shows a heatmap of percent normalized viral abundance at each time point during the grow-out cycle. A total of 469,937 reads
were aligned to the bacterial genome database. This included 533 unique bacterial species, of which 45 had a calculated relative
abundance greater than 0.5%. The 45 most abundant species detected were from 4 phyla, 7 classes, 13 orders, 26 families and 45
genera. This data is represented in a phylogenetic tree generated using the Phytools package in R (Fig. 6) [20]. A total of 504,682
reads aligned to the bacteriophage genome database. A total of 30 unique bacteriophage species from 2 orders, 5 families, and 9
genera were identi�ed. This data is represented in a Venn diagram of the common and unique bacteriophage species detected at
Week 0, Week 3 and Week 7, generated using the VennDiagram package in R (Fig. 7) [21]. A total of 1,964 reads aligned to the
fungal genome database. Sixty-one unique fungal species were identi�ed from 2 phyla, 9 classes, 20 orders, 37 families and 50
genera. This data is represented in a fungal network generated with Cytoscape in which the nodes are grouped according to class
and the diameter of the inner nodes corresponds to the frequency of which that particular microbial species was detected during
the grow-out cycle of the �ock (Fig. 8) [22].

BiomeSeq detects the major components of a microbiome and provides the information necessary for a complete view of the
microbial community’s structure. To provide an example of how the taxonomic and quantitative information produced by
BiomeSeq can be visually represented, a microbial network was generated using Cytoscape from a sample taken from a
commercial broiler �ock at 7 weeks of age (Fig. 9) [22]. This network contains all of the fungi, eukaryotic viruses, bacteria and
bacteriophage detected by BiomeSeq, with each node diameter corresponding to percent relative abundance of the particular
species detected.

A Comparison of BiomeSeq bacterial results to 16S rRNA Results
As previously discussed, 16S rRNA sequencing methods are commonly used to analyze the bacterial component of microbiome
samples. To compare BiomeSeq to this method, the next generation sequencing data generated from a healthy broiler �ock at
week 7 was compared to 16S rRNA results. Using the same sample, metagenomic DNA Seq data and 16S rRNA data was
generated. The DNA Seq data was analyzed using BiomeSeq and the16S rRNA data was analyzed using Mothur and Silva.
Generally, the same bacteria were identi�ed using both methods, although with different abundancies (Fig. 10; Table S6).
BiomeSeq analysis determined that Gallibacterium anatis was the most abundant bacterial species (29%), followed by
Staphylococcus haemolyticus (28%) and Corynebacterium falsenii (18%; Fig. 10B). The 16S rRNA approach determined
Gallibacterium was the most abundant genra (39%), followed by Corynebacterium (23%), Lactobacillales (16%) and
Staphylococcus (10%; Fig. 10A). BiomeSeq has greater taxonomic sensitivity and is able to identify bacteria at the species level,
whereas 16S rRNA is restricted to detection at the genera level. Furthermore, BiomeSeq detected 533 unique bacteria in this
sample, while 16S rRNA identi�ed 24 genera (data not shown).

Discussion
The complete characterization of a microbiome is critical in elucidating the complex ecology of the microbial composition within
healthy and diseased animals. The advancement of next generation sequencing methodologies has given rise to an increase in
studies attempting to examine the microbial communities existing in a variety of animals. Readily accessible and cost-effective
sequencing methodologies as well as a number of user-friendly bioinformatics analysis software and databases for 16S rRNA
sequencing data provide the standard culture-independent approach for bacterial analysis [9–13]. Although 16S rRNA has
provided insight into one component of the microbiome, it is limited to detecting one speci�c kingdom, lacks the sensitivity to
discriminate between species and cannot be used for novel microbial discovery. Metagenomic shotgun sequencing does not use
gene-speci�c PCR ampli�cation and is therefore not restricted by primers that target speci�c gene sequences. As a result, it is not
limited to detecting one speci�c kingdom and has the sensitivity to detect at the species taxonomic level. BiomeSeq is a novel
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computational tool designed to characterize the complete microbiome from metagenomic sequencing data. With its
comprehensive work�ow and microbial reference databases, this tool can rapidly identify the eukaryotic viral, fungal,
bacteriophage and bacterial components of a sample and provide an accurate quanti�cation of abundance, genome coverage and
diversity.

BiomeSeq consists of three primary steps: i) quality trimming and decontamination of host DNA; ii) alignment to four microbial
reference databases; and iii) quanti�cation of abundance, genome coverage and diversity (Fig. 1). BiomeSeq utilizes a sequence-
similarity dependent approach with comprehensive microbial databases to provide taxonomic classi�cation and quantitate
abundance and diversity. This tool provides an accurate representation of abundance by considering the variability in microbial
genome length and host genome length in these calculations. Comprehensive eukaryotic viral, bacterial, fungal and bacteriophage
databases were constructed using complete and representative genomes obtained from the NCBI Reference Sequence Database
and contained 5,693, 3,623, 1,281 and 2,212 genomes, respectively. These databases are publicly available [18]. A sequence-
similarity dependent approach allows for accurate quanti�cation; however, it is often limited by the completeness of the database
used. To address this, BiomeSeq databases are updated biannually to include recently deposited microorganism sequences.
Furthermore, BiomeSeq accepts custom microbial databases provided by users, thus studies are not limited to utilizing only the
default databases. BiomeSeq was designed for the identi�cation of known microorganisms, however the sequencing data
accepted by this tool can also be used for de novo microbial discovery. Many computational tools require extensive command-line
knowledge and computational resources to process sequencing samples. In an attempt to increase user accessibility, the
BiomeSeq software package is implemented into an open-source and user-friendly container on DockerHub. Containers, such as
this, allow the user to download and install BiomeSeq, both work�ow and all databases, and dependent software on any operating
system using one simple command. Furthermore, the user can process their sample with any custom parameters, using one line of
code.

BiomeSeq’s performance was evaluated using several metrics including correlation with known abundance, sensitivity, precision,
rate of speed and root mean square error. Four simulated datasets containing known abundances of 20 microbial sequences were
employed for this evaluation (Table S1). BiomeSeq was successful in identifying each of the 20 microorgansims, and the
abundance calculations at the species taxonomic level determined by BiomeSeq were highly correlated with the known
abundances of these species in the datasets (r = 0.997). Utilizing the default quality threshold of BiomeSeq, high precision and
sensitivity were demonstrated with an average of 99.52% and 93.01%, respectively (Table S3). Rate of speed was calculated for
each dataset at each step in the BiomeSeq work�ow; including quality trimming, decontamination of host DNA, alignment to the
four microbial databases, and quanti�cation of relative abundance. Overall, an average total rate of speed of 271,584 (± 34,912)
reads per second was observed (Fig. 3; Table S4). However, this metric is highly dependent on computational resources, as well as
the size of the host reference genome and the size of the sequencing �le. An RMSE of less than 0.24 was demonstrated for 17 of
the species in the simulated datasets, further demonstrating that the abundance determined by BiomeSeq at the species
taxonomic level corresponds to the known values (Fig. 4). Overall, BiomeSeq performed with exceptional speed, accuracy and
sensitivity.

Biomeseq was employed to detect and quantify the respiratory microbiome of a healthy commercial poultry broiler �ock at weekly
intervals from hatching to processing. For each component of the respiratory microbiome of this �ock, abundance was calculated
and population shifts were examined at each time point. A total of 11 eukaryotic viral species, 45 bacterial species, 31
bacteriophage species, and 61 fungal species were identi�ed in this �ock. The taxonomic and quantitative tables generated by
BiomeSeq can be input into several programs to create visual representations of the data. Heatmaps, phylogenetic trees, Venn
diagrams, and microbial networks are examples of visualizations that can be easily generated to assist interpretation of the results
(Figs. 5–9).

The commercial broiler �ock utilized in this study was vaccinated in ovo with a live Marek’s disease virus vaccine (SB-1) and a live
recombinant herpesvirus of turkeys (HVT) vaccine expressing Newcastle disease virus genes. The presence of herpesviruses and
coronaviruses in the respiratory tract is consistent with vaccination with these two live vaccines, coupled with the expected
presence of these avian viruses in the environment. The presence of the Myoviridae family of bacteriophage correlated with the
presence of Gallibacterium, an abundant commensal avian bacterial species (data not shown). Interactions between
bacteriophage and bacteria are known to have a signi�cant impact on host health (24). Basidiomycota was highly abundant in
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this �ock, however further studies are needed to determine the relevance of this fungal species in the respiratory tract of avian
species. The bacterial diversity of the �ock was complex at the time of processing, containing signi�cant amounts of
Pasteurellaceae, Corynebacteriaceae, Staphylococcaceae and Enterobacteriaceae.

Using one sample from this study, bacterial results generated by BiomeSeq were compared to results generated by 16S rRNA
sequencing methods. The most abundant bacteria species were commonly? identi�ed using both methods (Fig. 11; Table S6).
However, BiomeSeq identi�ed 533 unique bacterial species, 45 with a relative abundance of greater than 0.5%, while 16S rRNA
detected only 24 genera. Furthermore, BiomeSeq has greater taxonomic sensitivity and is able to identify bacteria at the species
level, whereas 16S rRNA sequence analysis is restricted to detection at the genera level. Moreover, 16S rRNA sequencing
methodology can only be employed for taxonomic classi�cation of the bacterial component, leaving the identity of the remaining
components of the microbiome unknown. BiomeSeq is able to characterize all major components of a microbiome with high
taxonomic sensitivity and it accurately quanti�es abundance. Moreover, unlike 16S rRNA sequencing data, metagenomic shotgun
sequencing data processed by BiomeSeq can be further used in sequence-independent approaches for de novo microbial
discovery.

Conclusions
BiomeSeq was developed for the analysis of complete animal microbiomes using metagenomic sequencing data. With its
comprehensive work�ow, customizable parameters and associated microbial databases, BiomeSeq can rapidly identify the major
components of a microbiome from a biological sample and determine normalized abundance, percent relative abundance,
genome coverage and sample diversity. While many existing tools focus on characterizing one microorganism, BiomeSeq provides
a complete view of microbial ecology and diversity in a sample. The performance of this tool was evaluated using both simulated
and clinical datasets and accurate and precise abundance estimates were demonstrated. BiomeSeq is available as an open-source
and user-friendly container, allowing users to easily download, install and use the program with a few simple commands. The
versatility of BiomeSeq, such as customizable parameters and accepting custom databases, allow this tool to facilitate a variety
of unique investigations.

Methods
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ARTICLE Epigenetics & Genomics BiomeSeq: A Tool for the Characterization of Animal Microbiomes from Metagenomic Data Kelly
A. Mulholland, Calvin L. Keeler Abstract Background The complete characterization of a microbiome is critical in elucidating the
complex ecology of the microbial composition within healthy and diseased animals. Many microbiome studies characterize only
the bacterial component, for which there are several well-developed sequencing methods, bioinformatics tools and databases
available. The lack of comprehensive bioinformatics work�ows and databases have limited efforts to characterize the other
components existing in a microbiome. BiomeSeq is a tool for the analysis of the complete animal microbiome using metagenomic
sequencing data. With its comprehensive work�ow and customizable parameters and microbial databases, BiomeSeq can rapidly
quantify the viral, fungal, bacteriophage and bacterial components of a sample and produce informative tables for analysis.
Results Simulated datasets were constructed, which contained known abundances of microbial sequences, and several
performance metrics were analyzed, including correlation of predicted abundance with known abundance, root mean square error
and rate of speed. BiomeSeq demonstrated high precision (average of 99.52%) and sensitivity (average of 93.01%). BiomeSeq was
employed in detecting and quantifying the respiratory microbiome of a commercial poultry broiler �ock throughout its grow-out
cycle from hatching to processing and successfully processed 780 million reads. For each microbial species detected, BiomeSeq
calculated the normalized abundance, percent relative abundance, and coverage as well as the diversity for each sample. Rate of
speed for each step in the pipeline, precision and accuracy were calculated to examine BiomeSeq’s performance using in silico
sequencing datasets. When compared to bacterial results generated by the commonly used 16S rRNA sequencing method,
BiomeSeq detected the same most abundant bacteria, including Gallibacterium, Corynebacterium and Staphylococcus, as well as
several additional species. Conclusions BiomeSeq provides for the detection and quanti�cation of the microbiome from next-
generation metagenomic sequencing data. This tool is implemented into a user-friendly container that requires one command and



Page 9/23

generates a table containing taxonomical information for each microbe detected. It also determines normalized abundance,
percent relative abundance, genome coverage and sample diversity calculations for each sample. KEYWORDS microbiome,
bacteria, BiomeSeq, microbial sequences, silico, metagenomic sequencing data Fulltext source File 736aaa7a-8585-4f74-b34a-
9ebd636dbb2a_-1_enriched.html User ACDC Connector Updated at September 7 2021, 2:59:11 AM GMT+5:30 Edit Fulltext
Introduction Results Discussion Conclusions Methods

BiomeSeq is currently available as an open-access and user-friendly tool on Docker Hub. As the docker container is self-contained,
it simpli�es installation and execution by eliminating the need for downloading and installing dependent software and requires
only one command. BiomeSeq is customizable and allows the user to adjust parameters similar to a command-line tool. Table 1
includes all software and parameters used in BiomeSeq.

BiomeSeq accepts both single- and paired-end reads in fastq format generated by DNA Seq or RNA Seq methods. Along with the
fastq �le, the user may customize a number of parameters including: the host genome that the sample was derived from, custom
databases provided by the user, mapping quality threshold and output �le types. Figure 1 shows an overview of the BiomeSeq
work�ow, which consists of three primary steps: i) quality trimming and decontamination of host DNA; ii) alignment to four
microbial reference databases; and iii) quanti�cation of abundance, genome coverage and diversity. BiomeSeq generates a table
consisting of NCBI RefSeq accession number, microbe name, taxonomic information, number of mapped reads, normalized
abundance, percent relative abundance, genome coverage for each eukaryotic virus, bacteria, bacteriophage and fungi detected, as
well as the alpha diversity of the sample. Table 2 is an example of an output table generated for a eukaryotic virus anlaysis.
Similar tables are produced for bacteria, bacteriophage and fungal data. In addition to the tables, the option to output alignment
�les in BAM format is also available. Visualizations of these results can be easily generated using several different packages in R.

Quality Trimming and Host Decontamination
The BiomeSeq work�ow begins with a quality trimming step in which individual fastq sequence �les are analyzed for per-base
sequence quality, per-sequence quality, sequence length distribution and duplicate sequences (Fig. 1). Reads with a quality phred
score below 30, reads under 100 base pairs in length and adapter sequences are removed from the �le. This step is conducted
using Trim-Galore [23]. The next step in the work�ow decontaminates the �le of host DNA. In this step, the trimmed reads are
aligned to the user-speci�ed host reference genome using BWA, and only reads that do not align to the host genome are extracted
and analyzed further (Fig. 1) [24].

Microbial Database Alignment
The trimmed and decontaminated sequencing reads are aligned to a eukaryotic viral genome database, a bacterial database, a
fungal database and a bacteriophage database using the Bowtie 2 alignment algorithm (Fig. 1) [25]. The mapping quality
threshold default is 20, however this parameter may be customized by the user. The eukaryotic viral genome database currently
includes 5,693 complete and representative viral sequences obtained from the National Center for Biotechnology Information
(NCBI) Reference Sequence Database [26]. Bacterial, fungal and bacteriophage databases were constructed using a similar
approach and contain 3,623, 1,281 and 2,212 genomes, respectively [26]. Each microbial database and corresponding aligner
index �les are publicly available [18]. Each of the four microbial databases are continuously updated to include novel and recently
discovered sequences. These databases are the default option for BiomeSEq. However, as an additional feature, BiomeSeq also
accepts custom microbial databases provided by the user, as was demonstrated in this study.

Quanti�cation and Output
A sequence similarity-dependent approach for detecting microorganisms contributes to the rapid detection of known viruses while
also allowing for the quanti�cation of biodiversity, which similarity-independent approaches lack [27, 28]. To calculate microbial
abundance, BiomeSeq uses an adaptation to the equation presented by Moustafa and colleagues in 2017 to quantify viral
abundance [29]:
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Percent relative abundance is quanti�ed using the following equation:

Genome coverage is approximated using the following equation:

Alpha diversity for each sample is calculated using the Shannon Diversity Index, a commonly used equation for calculating
species diversity in a microbiome as it accounts for both species abundance and evenness within the sample [30, 31].

Performance Metrics
Simulated data was utilized to assess several metrics of BiomeSeq’s performance capabilities including correlation with known
abundance, sensitivity, precision, rate of speed and root mean square error. Four datasets were generated to closely mimic the
complexity of data obtained from real microbiomes consisting of bacteria, eukaryotic viruses, bacteriophage and fungi genomes
as well as host DNA sequences. The datasets contain sequences from 20 microorganisms commonly found in the respiratory
microbiome of broiler chickens, including 10 eukaryotic viruses, 4 bacteriophage, 5 bacteria and 1 fungi (Table S1). We included
one chicken sequence to represent the host environment (NC_006088.5). ART was used to simulate reads generated using next-
generation sequencing technology [32]. Single-end reads with a length of 100, fold coverage of 10X and masking cutoff frequency
of 1 in 100 were simulated based on an error and quality pro�le of the HiSeq 2500 Illumina sequencing platform. The number of
reads simulated ranged from 24,522,223 to 24,523,708, with an average read count of 24,523,065.

The four simulated datasets were processed using BiomeSeq with the following parameters: -g chicken.fasta -d avian_virus -q 20.
One major feature of BiomeSeq is its ability to accept custom databases provided by the user. To evaluate this feature, an avian-
speci�c viral database was constructed to replace BiomeSeq’s default viral database (Table S5). The avian DNA viral genomes
include 48 viral elements from 9 unique families and the avian RNA viral genomes include 63 viral elements from 13 families. The
avian DNA and RNA viral database is arranged by the classi�cation of their viral structure and genome organization. DNA viruses
are organized hierarchically by whether the virus is double- or single-stranded and whether the virus is enveloped or non-enveloped.
RNA viruses are organized hierarchically by whether the virus is double- or single-stranded, negative or positive sense, segmented
or non-segmented and whether the virus is enveloped or non-enveloped. This database is publicly available [18]. Abundance was
calculated on the species level and several metrics were assessed based on the calculations determined by BiomeSeq including
correlation with known abundances which was calculated using Pearson’s correlation coe�cient. Rate of speed was calculated as
the number of reads per second at each step of the BiomeSeq process on a server with 98 GB RAM and 4 CPU cores. Sensitivity
and precision were calculated based on the following equations:
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True positives are the number of reads that BiomeSeq aligned to the genomes in the databases; false positives are the number of
reads that were aligned to genomes not included in the databases; and false negatives are the number of reads that were not
aligned. Root mean square error was calculated to compare the abundance calculations of BiomeSeq to the known abundance
using the following equation:

A Longitudinal Study of the Microbial Ecology of a Healthy Broiler Flock
Tracheal swabs were collected at hatching and at weekly intervals through processing at day 49 (8 samples) from an antibiotic-
free commercial broiler �ock. Both DNA and RNA were isolated and sequencing was performed for each of the eight time points
using the Illumina HiSeq platform producing 1 X 100 single-end reads. Each of the resulting 16 samples were processed using
BiomeSeq with the following parameters: -g chicken -d avian_virus -q 40. The previously described avian viral reference database
was utilized in this study (Table S5). Normalized abundance, relative abundance, genome coverage and sample diversity was
calculated for each of the microbial components. Visual representations of the results generated by BiomeSeq were generated
using several R packages, including heatmaps, phylogenetic trees, Venn diagrams and microbial networks [20–22].

Comparison of BiomeSeq Bacterial Results to 16S rRNA Results
For comparison of BiomeSeq results to bacterial results generated using 16S rRNA sequencing methodology, the V4 hypervariable
region of the bacterial 16S rRNA gene was extracted and ampli�ed using PCR with primers 515F (‘5- GTGCCAGCMGCCGCGGTAA-
3’) and 806R (‘5-GGACTACHVGGGTWTCTAAT-3’), as previously described [7, 33]. The amplicons were sequenced at the University
of Minnesota Genomics Center (Minneapolis, MN) using an Illumina MiSeq 600 cycle v3 kit. Each sample was assessed for quality
and assembled into contigs using PEAR’s default parameters, with the modi�cation that the quality score threshold was set to 30.
Samples were further �ltered and analyzed using mothur version 1.35.1 [13] and MiSeq SOP [34]. OTUs were generated using 97%
sequence similarity. Mothur’s implementation of the SILVA database (v123) was used for classi�cation of OTUs, and relative
abundance was calculated. The results generated using 16S rRNA sequencing methodology were compared to results generated
by BiomeSeq.
Preview BiomeSeq is currently available as an open-access and user-friendly tool on Docker Hub. As the docker container is self-
contained, it simpli�es installation and execution by eliminating the need for downloading and installing dependent software and
requires only one command. BiomeSeq is customizable and allows the user to adjust parameters similar to a command-line tool.
Table 1 includes all software and parameters used in BiomeSeq. BiomeSeq accepts both single- and paired-end reads in fastq
format generated by DNA Seq or RNA Seq methods. Along with the fastq �le, the user may customize a number of parameters
including: the host genome that the sample was derived from, custom databases provided by the user, mapping quality threshold
and output �le types. Figure 1 shows an overview of the BiomeSeq work�ow, which consists of three primary steps: i) quality
trimming and decontamination of host DNA; ii) alignment to four microbial reference databases; and iii) quanti�cation of
abundance, genome coverage and diversity. BiomeSeq generates a table consisting of NCBI RefSeq accession number, microbe
name, taxonomic information, number of mapped reads, normalized abundance, percent relative abundance, genome coverage for
each eukaryotic virus, bacteria, bacteriophage and fungi detected, as well as the alpha diversity of the sample. Table 2 is an
example of an output table generated for a eukaryotic virus anlaysis. Similar tables are produced for bacteria, bacteriophage and
fungal data. In addition to the tables, the option to output alignment �les in BAM format is also available. Visualizations of these
results can be easily generated using several different packages in R. Quality Trimming and Host Decontamination The BiomeSeq
work�ow begins with a quality trimming step in which individual fastq sequence �les are analyzed for per-base sequence quality,
per-sequence quality, sequence length distribution and duplicate sequences (Fig. 1). Reads with a quality phred score below 30,
reads under 100 base pairs in length and adapter sequences are removed from the �le. This step is conducted using Trim-Galore
[23]. The next step in the work�ow decontaminates the �le of host DNA. In this step, the trimmed reads are aligned to the user-
speci�ed host reference genome using BWA, and only reads that do not align to the host genome are extracted and analyzed
further (Fig. 1) [24]. Microbial Database Alignment The trimmed and decontaminated sequencing reads are aligned to a eukaryotic
viral genome database, a bacterial database, a fungal database and a bacteriophage database using the Bowtie 2 alignment
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algorithm (Fig. 1) [25]. The mapping quality threshold default is 20, however this parameter may be customized by the user. The
eukaryotic viral genome database currently includes 5,693 complete and representative viral sequences obtained from the National
Center for Biotechnology Information (NCBI) Reference Sequence Database [26]. Bacterial, fungal and bacteriophage databases
were constructed using a similar approach and contain 3,623, 1,281 and 2,212 genomes, respectively [26]. Each microbial
database and corresponding aligner index �les are publicly available [18]. Each of the four microbial databases are continuously
updated to include novel and recently discovered sequences. These databases are the default option for BiomeSEq. However, as
an additional feature, BiomeSeq also accepts custom microbial databases provided by the user, as was demonstrated in this
study. Quanti�cation and Output A sequence similarity-dependent approach for detecting microorganisms contributes to the rapid
detection of known viruses while also allowing for the quanti�cation of biodiversity, which similarity-independent approaches lack
[27, 28]. To calculate microbial abundance, BiomeSeq uses an adaptation to the equation presented by Moustafa and colleagues
in 2017 to quantify viral abundance [29]: Percent relative abundance is quanti�ed using the following equation: Genome coverage
is approximated using the following equation: Alpha diversity for each sample is calculated using the Shannon Diversity Index, a
commonly used equation for calculating species diversity in a microbiome as it accounts for both species abundance and
evenness within the sample 30, 31. Performance Metrics Simulated data was utilized to assess several metrics of BiomeSeq’s
performance capabilities including correlation with known abundance, sensitivity, precision, rate of speed and root mean square
error. Four datasets were generated to closely mimic the complexity of data obtained from real microbiomes consisting of bacteria,
eukaryotic viruses, bacteriophage and fungi genomes as well as host DNA sequences. The datasets contain sequences from 20
microorganisms commonly found in the respiratory microbiome of broiler chickens, including 10 eukaryotic viruses, 4
bacteriophage, 5 bacteria and 1 fungi (Table S1). We included one chicken sequence to represent the host environment
(NC_006088.5). ART was used to simulate reads generated using next-generation sequencing technology 32 . Single-end reads
with a length of 100, fold coverage of 10X and masking cutoff frequency of 1 in 100 were simulated based on an error and quality
pro�le of the HiSeq 2500 Illumina sequencing platform. The number of reads simulated ranged from 24,522,223 to 24,523,708,
with an average read count of 24,523,065. The four simulated datasets were processed using BiomeSeq with the following
parameters: -g chicken.fasta -d avian_virus -q 20. One major feature of BiomeSeq is its ability to accept custom databases
provided by the user. To evaluate this feature, an avian-speci�c viral database was constructed to replace BiomeSeq’s default viral
database (Table S5). The avian DNA viral genomes include 48 viral elements from 9 unique families and the avian RNA viral
genomes include 63 viral elements from 13 families. The avian DNA and RNA viral database is arranged by the classi�cation of
their viral structure and genome organization. DNA viruses are organized hierarchically by whether the virus is double- or single-
stranded and whether the virus is enveloped or non-enveloped. RNA viruses are organized hierarchically by whether the virus is
double- or single-stranded, negative or positive sense, segmented or non-segmented and whether the virus is enveloped or non-
enveloped. This database is publicly available 18 . Abundance was calculated on the species level and several metrics were
assessed based on the calculations determined by BiomeSeq including correlation with known abundances which was calculated
using Pearson’s correlation coe�cient. Rate of speed was calculated as the number of reads per second at each step of the
BiomeSeq process on a server with 98 GB RAM and 4 CPU cores. Sensitivity and precision were calculated based on the following
equations: True positives are the number of reads that BiomeSeq aligned to the genomes in the databases; false positives are the
number of reads that were aligned to genomes not included in the databases; and false negatives are the number of reads that
were not aligned. Root mean square error was calculated to compare the abundance calculations of BiomeSeq to the known
abundance using the following equation: A Longitudinal Study of the Microbial Ecology of a Healthy Broiler Flock Tracheal swabs
were collected at hatching and at weekly intervals through processing at day 49 (8 samples) from an antibiotic-free commercial
broiler �ock. Both DNA and RNA were isolated and sequencing was performed for each of the eight time points using the Illumina
HiSeq platform producing 1 X 100 single-end reads. Each of the resulting 16 samples were processed using BiomeSeq with the
following parameters: -g chicken -d avian_virus -q 40. The previously described avian viral reference database was utilized in this
study (Table S5). Normalized abundance, relative abundance, genome coverage and sample diversity was calculated for each of
the microbial components. Visual representations of the results generated by BiomeSeq were generated using several R packages,
including heatmaps, phylogenetic trees, Venn diagrams and microbial networks 20– 22. Comparison of BiomeSeq Bacterial
Results to 16S rRNA Results For comparison of BiomeSeq results to bacterial results generated using 16S rRNA sequencing
methodology, the V4 hypervariable region of the bacterial 16S rRNA gene was extracted and ampli�ed using PCR with primers
515F (‘5- GTGCCAGCMGCCGCGGTAA-3’) and 806R (‘5-GGACTACHVGGGTWTCTAAT-3’), as previously described 7, 33. The
amplicons were sequenced at the University of Minnesota Genomics Center (Minneapolis, MN) using an Illumina MiSeq 600 cycle
v3 kit. Each sample was assessed for quality and assembled into contigs using PEAR’s default parameters, with the modi�cation
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that the quality score threshold was set to 30. Samples were further �ltered and analyzed using mothur version 1.35.1 13 and
MiSeq SOP 34 . OTUs were generated using 97% sequence similarity. Mothur’s implementation of the SILVA database (v123) was
used for classi�cation of OTUs, and relative abundance was calculated. The results generated using 16S rRNA sequencing
methodology were compared to results generated by BiomeSeq. Abbreviations Declarations References Unsectioned Paragraphs
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Figures

Figure 1

BiomeSeq Work�ow
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Figure 2

Percent relative abundance of microorganisms detected by BiomeSeq and known values from one simulated dataset.

Figure 3
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Average rate of speed at different steps in BiomeSeq processing for four simulated datasets. a) Adapter sequences, reads shorter
than 100 base pairs in length and reads with a quality Phred score of less than 30 from the sequencing �le. b) Host reference
genome is indexed, and reads are aligned to the host reference genome to extract host DNA. c) Reads are aligned to four microbial
databases including eukaryotic viruses, fungi, bacteria and bacteriophage. d) Normalized abundance, percent relative abundance,
genome coverage and diversity are calculated from the reads that align to microbial sequences.

Figure 4

Root Mean Square Error between known abundances and abundances determined by BiomeSeq



Page 19/23

Figure 5

Heatmap of percent normalized relative abundance of viruses detected in a commercial poultry �ock from hatching to processing.
Color corresponds to the range of relative abundance of each family from 0 to 100%. Green: 0-1%; yellow: 1-25%; orange: 25-75%;
and red: 75-100%. The sum of each column, or week, is 100%.

Figure 6
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Phylogenetic tree of bacterial species detected in a commercial poultry �ock. Branches extend from phylum to species. Nodes
indicate detected species and diameter indicates average abundance.

Figure 7

Venn Diagram of the detected bacteriophage species in a commercial poultry �ock at Week 0, Week 1 and Week 7.
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Figure 8

Fungal network of species detected in a commercial poultry �ock. Outer nodes represent order level, while inner nodes represent
species. The diameter of the inner nodes correlate to species frequency, or the number of weeks the species was detected.
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Figure 9

Microbial network of the top 10 most abundant eukaryotic viruses, fungi, bacteria and bacteriophage in a commercial poultry �ock
at time of processing. Node diameter indicates the percent relative abundance.
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Figure 10

Bacteria detected in a healthy poultry broiler �ock using A) 16S rRNA and B) BiomeSeq
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