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Human virome, including those of bacteria (bacteriophages) have received an increasing attention recently, owing to the rapid developments in human microbiome research and the awareness of the far-reaching influence of microbiomes on health and disease. Nevertheless, human viromes are still underrepresented in literature making viruses a virtually untapped resource of diversity, functional and physiological information. Here we present the human virome protein cluster database as an effort to improve functional annotation and characterization of human viromes. The database was built out of hundreds of virome datasets from six different body sites. We also show the utility of this database through its use for the characterization of three bronchoalveolar lavage (BAL) viromes from one healthy control in addition to one moderate and one severe chronic obstructive pulmonary disease (COPD) patients. The use of the database allowed for a better functional annotation, which were otherwise poorly characterized when limited to annotation using sequences from full-length viral genomes. In addition, our BAL samples gave a first insight into viral communities of COPD patients and confirm a state of dysbiosis for viruses that increases with disease progression. Moreover, they shed light on the potential role of phages in the horizontal gene transfer of bacterial virulence factors, a phenomenon that highlights a possible contribution of phages to etiopathology.

Keywords: viral metagenomics, human virome, lung virome, protein cluster, bronchoalveolar lavage, chronic obstructive pulmonary disease

INTRODUCTION

The human virome is comprised of all viruses found on or in humans, including eukaryotic and prokaryotic viruses (Wylie et al., 2012). The term virome is also used to refer to viral metagenomes, which are the overall collection of genetic material isolated from viral like particles (VLPs) in a given environment (Haynes and Rohwer, 2011). Recently, the human microbiome field has witnessed a big revolution following the unprecedented advances in sequencing technologies (Rescigno, 2017). Yet, the human virome research is still lacking behind when compared to studies addressing the prokaryotic component of the human microbiome (Zou et al., 2016). It is not surprising to know that out of 920 million dollar fund for microbiome research in the United States between 2012 and 2014, only 3% was used for studying viral communities (Stulberg et al., 2016). In light of these limited virome studies, it is generally believed that bacteriophages constitute the major fraction of the human virome (Haynes and Rohwer, 2011). In addition to their role in controlling the population dynamics of their hosts, bacteriophages can support their hosts with new phenotypes through horizontal gene transfer. These roles can potentially influence human health through modifying the structure of the bacterial community or imparting novel pathogenicity attributes to their hosts (Haynes and Rohwer, 2011; Wylie et al., 2012). Therefore, the abundance and diversity of detected bacteriophages differ considerably between health and disease (Willner et al., 2009). Indeed, many studies indicated that changes in the abundance of bacterial species or imbalance of their dynamic equilibrium is linked to several human disorders (Ley et al., 2006; Hilty et al., 2010; Huffnagle, 2010). Contribution of phages to this shift may be due to their potential involvement in influencing the microbial composition by altering the ratio of symbionts to pathobionts (Mills et al., 2013). Bacteriophages may affect human health as they influence bacterial population structures or virulence (Waldor and Mekalanos, 1996). Thus phages may be important effectors and indicators of human health and disease (Wylie et al., 2012). Similarly, eukaryotic viruses are detected in both healthy and diseased subjects, despite being thought of as always pathogenic. The presence of these eukaryotic viruses, especially in healthy or asymptomatic subjects is suggested to be (i) transient due to environmental influence, (ii) a low grade infection controlled by the immune system, or (iii) some sort of commensalism (Okamoto, 2009; Willner et al., 2009; Haynes and Rohwer, 2011).

Estimates of the total number of viruses in and on the human body depend on the method of calculation. Based on the normal virus to host ratio of 10:1 usually detected in the environment, the overall number of viruses would be estimated to be 1015 viruses. In contrast, based on the experimentally detected viral counts in different body tissues, the number of viruses in the human body is likely to be around 3 × 1012 (Haynes and Rohwer, 2011). However, this number is probably an underestimation because direct counts were mostly determined using epifluorescence microscopy, which typically only considers double-stranded DNA viruses (Hennes and Suttle, 1995). Concerning diversity, it is projected that viral diversity in the human body is way lower than that in the environment. Haynes and Rohwer (2011) estimated that the number of viral genotypes in a healthy human should be a round 1,500, while in one kilogram of marine sediment, they suggest that viral genotypes should be not less than 10,000 and probably up to one million.

Despite growing interest in recent years, studying viromes remains a challenging endeavor due to several reasons, including the scarcity of viral genomic material (compared to microbial and human nucleic acid fraction) due to the small genome sizes of viruses and their low abundance in some cases (Wylie et al., 2012). In a microbial community only 2–5% of the total DNA is generally of viral origin (Reyes et al., 2010; Minot et al., 2011). Additionally, no conserved gene regions applicable for all viral types have been identified so far. Moreover, many viruses have not been characterized yet and are not included in viral databases (Woolhouse et al., 2008). These facts impede straightforward contig assemblages as well as functional annotation of viral genomes and metagenomes.

In this study, we present the human virome protein cluster (HVPC) database as an effort to improve functional annotation and characterization of human viromes. The database was built out of hundreds of virome datasets from six different body sites. We also show the utility of this database through its use for the characterization of three bronchoalveolar lavage (BAL) viromes from one healthy control in addition to one moderate and one severe chronic obstructive pulmonary disease (COPD) patients. In fact, lung viromes are generally poorly studied with only few reports from cystic fibrosis (CF) patients (Willner et al., 2009, 2012) or lung transplant recipients (Young et al., 2015; Abbas et al., 2017). To our knowledge, there are no previous studies on COPD viromes. Indeed, the use of the database not only did it allow for a better functional annotation, but also improved diversity analysis of the BAL viromes.

MATERIALS AND METHODS

Dadabase Construction

Publicly Available Metagenomic Sequences

We downloaded a total of 245 virome sequences (Supplementary Table S1): 181 from The National Center for Biotechnology Information (NCBI) sequence read archive (SRA1) and 64 from the Metagenomic Analysis Server (MG-RAST2) (Meyer et al., 2008). Viromes were from gut (fecal), lung, mouth, oropharynx, skin and urine. Selected viromes were mostly from healthy individuals except in the case of lung viromes, which were from transplanted lungs or HIV-positive patients (Young et al., 2015).

Sequence Quality Control

TagCleaner v0.12 (Schmieder et al., 2010) was used to predict and trim tag and/or adapter sequences. In the case of paired-end Illumina sequences, AdapterRemoval v2.1.7 (Lindgreen, 2012) was used, instead. PRINSEQ-lite v0.20.4 (Schmieder and Edwards, 2011b) was used for quality filtering with following parameters: “-trim_qual_left 15 -trim_qual_right 15 -trim_qual_type mean -trim_qual_window 2 -lc_threshold 50 -lc_method entropy -derep 12345 -noniupac -ns_max_n 2 -min_qual_mean 20 -min_len 50 -max_len 800.” Reads with an average Phred score of less than 20 were filtered out. Viromes were decontaminated from human-related sequences using DeconSeq v0.4.3 (Schmieder and Edwards, 2011a) and human reference genome GRCh38 with default parameters. Deconseq was also used to remove reported spiked viral sequences e.g., PhiX174.

Sequence Assembly, ORF Calling and Clustering

Sequences were assembled using Newbler v2.9 (Roche) with default parameters. For Illumina sequences, we used MEGAHIT v1.0.3 (Li et al., 2015) with meta-sensitive preset mode and minimum contig length of 180. Open reading frames (ORFs) were predicted from both contigs and reads using Prodigal v2.6.3 (Hyatt et al., 2010) in its metagenomics mode. Predicted proteins were then filtered to keep only non-redundant sequences of at least 60 amino acids length. ORFs from publicly available sequences were then clustered using CD-HIT v4.6 (Li et al., 2001) with 60% identity, 80% coverage and the following parameters: “-g 1 -n 4 -d 0” to give rise to the HVPC database.

HVPC Database Functional Annotation

Representative ORFs from each cluster were annotated using four different methods: (i) hmmsearch against hmm models from the Prokaryotic Virus Orthologous Groups (pVOG, downloaded on March 28, 2017) (Grazziotin et al., 2017) with a threshold of 1 × 10-3 e-value and a bit-score of 50, (ii) hmmsearch versus Pfam30.0 release (Finn et al., 2014) (downloaded on December 28, 2016) with an e-value of 1 × 10-3 and a bit-score of 50; gene ontology was inferred based on the best hit Pfam accession through mapping to pfam2go (http://geneontology.org/external2go/pfam2go, version date: November 26, 2016, downloaded on: January 9, 2017) (Mitchell et al., 2015), (iii) comparison against FIGfams protein families (Meyer et al., 2009) through the FIGfams Server using svr_assign_using_figfams command line service from the SEED Servers (Aziz et al., 2012) with default parameters; SEED subsystems and categories were determined using svr_roles_to_subsys command line service from the SEED severs (Aziz et al., 2012) and (iv) BLASTp (Altschul et al., 1990) versus the non-redundant protein database from NCBI (nr, ftp://ftp.ncbi.nlm.nih.gov/blast/db/, downloaded on April 18, 2017) with an e-value of no more than 1 × 10-3 and a bit-score of at least 50.

Experimental Methods

Bronchoalveolar Lavage (BAL) Samples Ethics Statement and Approval of the Institutional Review Board

The emphysema versus airway disease (EvA) study is an EU-funded project (# 200506) under the Seventh Framework Program (FP7). During visit one, candidates willing to participate have the opportunity to discuss all aspects and informed consent is obtained in line with the Declaration of Helsinki and based on approval by the local ethics committees and those samples analyzed by this manuscript were covered by ethics approval 08/H0402/19 (the NHS National Research Ethics Service, Nottingham, United Kingdom).

Sampling

The recruitment of patients and non-COPD controls was undertaken over a 3-year period (February 2009 to March 2012) for clinical examinations, computed tomography and lung function analysis. For assessing the viral composition in the lungs of patients and a non-COPD control, only the samples resulting from a BAL were used. The lavage was performed in the upper left lobe with a total volume of 150 ml sterile, pyrogen-free 37°C saline (Ziegler-Heitbrock et al., 2012).

DNA Extraction for Viral Metagenomics Sequencing

Four ml of each BAL sample was filtered [0.22 μm pore size (Millex-GP, Merck-Millipore, Billerica, MA, United States)] and DNase I (Roche, Switzerland)-treated in order to exclude contamination with prokaryotic or eukaryotic cell mass and DNA. DNA extraction was conducted afterward as described by Henn et al. (2010). A 16S rRNA PCR was done to check on the purity of viral samples and confirm freedom from bacterial contamination (universal primers Ba27 forward (5′-AGA GTT TGA TCM TGG CTC AG-3′) and Ba907 reverse (5′-CCG TCA ATT CMT TTR AGT TT-3′) (Lane, 1991). The following cycling conditions were used: 94°C for 5 min, (30 s at 94°C, 30 s at 52°C, 1 min at 70°C) × 29 cycles and 5 min at 70°C.

Amplification Step

As 454 pyrosequencing requires 3–5 μg of DNA for library preparation, but the average yield per sample was around 20 ng, an amplification step was required. We carried out the linker amplification method as described by Duhaime et al. (2012). In short, the extracted DNA was sheared into 500 bp fragments (Covaris E220, Woburn, MA, United States), end-repaired (End-It DNA End-Repair Kit, Epicentre Madison, WI, United States) and oligonucleotide linkers were ligated (Fast-Link DNA Ligations Kit, Epicentre). After a size selection (520–650 bp) using Pippin Prep (Sage Science, Beverly, MA, United States), a small-scale Polymerase chain reaction (PCR) titration with barcoded phos-A-PCR primer (5′-p-CCACACAGATCACGAAGCATAC) was performed to determine the optimal cycle number resulting in a high molecular weight DNA product accompanied by a low heteroduplex formation. 25 μl PfuUltra II Hotstart PCR Master Mix (Agilent, Santa Clara, CA, United States), 2 μl 10 μM barcoded primer, 20 μl nuclease-free water and 3 μl DNA template. A PCR cycler (Eppendorf) was used to run the following program: 2 min at 95°C (0.5 min at 95°C, 1 min at 60°C, 1.5 min at 72°C) × 17, 20, 23, 26, 28 cycles, 10 min at 72°C. After a large scale PCR, the quantity of the amplified DNA was determined using Quant-iT PicoGreen dsDNA Assay Kit (Invitrogen, Carlsbad, CA, United States). For a quality assessment 1–2 μl were run in a 1.2% agarose gel in 1x TAE as well as on a DNA 7500 Bioanalyzer Chip (Agilent). In total 23 lavage fluid samples from COPD patients and controls were provided from the EvA consortium, three field good enough DNA for viral metagenomic sequencing and were sequenced in the follow step.

Sequencing Technique 454

The preparation of the samples for 454 pyrosequencing with the GS FLX+ Instrument (Roche, Basel, Switzerland) followed the provided manuals. Only one of four lanes was used for the BAL samples with all samples barcoded and pooled equally.

Bioinformatic Analyses of the BAL Samples

Sequence Quality Filtering and Assembly

Both quality filtering and assembly of sequences were done the same way they were done for the publicly available metagenomic sequences (Please refer to the section Database Construction).

Functional Annotation and Cross-Comparison of BAL Samples

A BLAST database was created from the representative ORFs of all clusters of the HVPC database. BAL ORFs were functionally annotated through alignment to the HVPC blast database using BLASTp (Altschul et al., 1990) with a threshold e-value of 1 × 10-3 and a bit-score of at least 50. For comparison, BAL ORFs were also aligned to protein coding sequences from all RefSeq and non-RefSeq complete viral genomes downloaded from NCBI (https://www.ncbi.nlm.nih.gov/ on May 10, 2017) as described by Grazziotin et al. (2017). The alignment was done using BLASTp (Altschul et al., 1990) with an e-value of not more than 1 × 10-3 and a bit-score of at least 50. For functional annotation, if the best hit is a hypothetical protein or of unknown function, the next hit was used as long as it fulfills the threshold criteria.

The three BAL viromes were also compared in a reference-independent manner using crAss (Dutilh et al., 2012). All high quality reads from the three samples were cross assembled using Newbler v2.9 (Roche) and used as an input for crAss.

Taxonomic Assignment of BAL Samples

A protein blast database was created from protein coding sequences of all RefSeq and non-RefSeq complete viral genomes downloaded from NCBI (https://www.ncbi.nlm.nih.gov/ on May 10, 2017) as described by Grazziotin et al. (2017). Only DNA viruses were selected by asserting that the “molecule type” feature in the genbank record of each genome is equal to DNA. Protein coding sequences from BAL samples were aligned to the created blast database using a threshold e-value of not more than 1 × 10-3 and a bit-score of at least 50. Taxonomy ids of best hits were mapped to NCBI taxonomy (downloaded from ftp://ftp.ncbi.nih.gov/pub/taxonomy on June 11, 2017) to obtain the full lineage.

Functional and Taxonomic Diversity Analysis of BAL Samples

Irrespective of annotation, alignment of BAL samples to the HVPC blast database was used as a measure of functional diversity in a sample. HVPC hit counts were prepared, then diversity indices and rarefaction plots were generated in R v3.4.0 (R Core Team, 2017) using vegan package v.2.4-4 (Oksanen et al., 2017). Taxonomy rarefaction analysis was similarly performed.

Virome-Borne Virulence Factors

A protein BLAST database was created from sequences downloaded from the core Virulence Factor Database (VFDB3) created by the MOH Key Laboratory of Systems Biology of Pathogens, Institute of Pathogen Biology, the Chinese Academy of Medical Sciences & Peking Union Medical College. This database includes sequences from experimentally verified virulence factors from 74 different genera of bacterial pathogens. All high quality reads from BAL samples were compared to this database using BLASTx (e-value ≤ 0.001, % identity ≥ 75%, alignment length ≥ 25 amino acids) to look for potential virulence factors harbored by each BAL virome. Random subsampling (sample size: 2000 reads) was performed 10,000 times; each time looking for and counting VFDB hits for each virome. One-way analysis of variance (ANOVA) was performed followed by Dunnett’s post hoc test to assess statistical significant difference between the means of virulence factor abundance among all BAL sample pairs.

RESULTS

The HVPC Database

Description

We built the HVPC from 244 human virome datasets from 13 previously published studies in addition to one unpublished lung virome from NCBI’s SRA (Supplementary Table S1). In total, we used more than 86 million high quality sequence reads, constituting more than 12 terabases (Supplementary Table S2). Sequence reads were assembled separately and ORFs predicted from both contigs and reads. A total of 6,134,902 non-redundant ORFs (>60 amino acids in length) were called. These ORFs were clustered giving rise to 390,917 clusters of two or more members, in addition to 535,902 singletons (8.7% of ORFs). As for cluster size, which refers to the number of ORFs per cluster, most of the HVPC clusters (∼65%) are of two to five members (Figure 1). Clusters with members of 6–10, 11–20 and 21–50 represent 15, 10, and 7% of clusters, respectively. Only 4% of clusters have more than 50 members. The largest HVPC cluster has 72,340 ORFs.
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FIGURE 1. Histogram showing the number of clusters of the HVPC per cluster size.



Analysis of the origin of ORFs included in each cluster showed that ORFs from the same body site tend to cluster together (Figure 2). Clusters made solely out of ORFs from the same body site represent 93% of clusters (361,622 clusters). For most body sites, the number of clusters made exclusively from ORFs of a given body site compared to the total number of clusters containing at least one ORF from this site showed a trend of at least 70%. Only ORFs obtained from lung samples clustered differently with only 50% of lung-containing clusters made exclusively of lung ORFs. The rest of lung-containing clusters were mainly made together with fecal (17%), oral (14%) or both oral and fecal ORFs (11%).
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FIGURE 2. ORFs from the same body site cluster together. (A) Venn diagram showing the distribution of HVPC clusters between body sites. (B) Bar chart showing, for each body site, the percent of clusters made out of ORFs from this site alone compared to the total number of clusters containing at least one ORF from the same site.



Functional Annotation

We used four different databases, nr, Pfam, FIGfams (SEED server) and pVOG, for the functional annotation of HVPC clusters. Notably, a different set of clusters with varying degrees of overlap could be annotated (Figure 3). Expectedly, the use of nr allowed the annotation of the highest number of clusters (460,270 clusters equivalent to 49.7%), followed by Pfam and FIGfams, with similar number of clusters annotated (196,316 (21.2%) and 194,936 (21.0%) clusters, respectively), and finally pVOG with only 49,767 (5.4%) clusters annotated. The overall number of clusters annotated with at least one database is 469,101 (50.6%) clusters.


[image: image]

FIGURE 3. CPU time required for each of the four different methods used for functional annotation of the HVPC database. CPU, central processing unit; pVOG, prokaryotic virus orthologous groups; nr, NCBI’s non-redundant protein database. All jobs were done over a High Performance Computer Cluster (HPCC) in Helmholtz Center Munich using Grid Engine (2011.11) for job distribution. The HPCC is made up of 21 computing nodes: 19 nodes, each with 24 cores (Intel® Xeon® CPU X5690 @ 3.47GHz) and another two nodes, each with 32 cores (Intel® Xeon® CPU E5-2667 v2 @ 3.30GHz).



Noticeably, there is a great difference in the central processing unit (CPU) time required to accomplish each of the annotation jobs (Figure 3). CPU time ranged from as low as 1,157 s in the case of FIGfams to 1.88 × 109 s for nr; that is more than six orders of magnitude higher. Hmmsearch based annotation in the case of Pfam and pVOG required 45,605 and 28,203 s of CPU time, respectively, which is in the range of one order of magnitude higher than FIGfams and five orders of magnitude lower than nr.

For the top ten clusters, in terms of cluster size, eight could be annotated by at least one annotation method while only two could not be annotated using the selected parameters (Table 1). Interestingly, the largest cluster was annotated as beta-lactamase, while the rest were structural proteins (e.g., phage tail), DNA-related proteins (e.g., primase or helicase), beta-galactosidase or proteins of poorly defined function of certain viruses (e.g., Torque Teno Virus or crAssphage).

TABLE 1. Annotation of the top ten HVPC clusters.
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BAL Samples

Functional Annotation

As an application for the use of HVPC, we aligned ORFs called from three BAL samples collected from one healthy individual and two COPD patients (moderate and severe) to the HVPC database for functional annotation. On average, 64% of BAL sequences could be aligned to HVPC and almost all of them could be functionally annotated (Table 2). In contrast, around 9% of sequences could be aligned to protein-coding sequences from RefSeq and non-RefSeq full genome DNA viruses in NCBI. Strikingly, only 10% of these sequences could be functionally annotated because most proteins were hypothetical or of unknown function. Remarkably, annotation and classification of ORFs into SEED categories allowed the clustering of healthy and moderate COPD BAL samples together (Figure 4). The most abundant SEED categories observed in the three samples were carbohydrate metabolism, amino acids and derivatives, protein metabolism and virulence. Regardless of the annotation, the healthy control and the moderate COPD samples showed higher similarity in terms of the number of shared HVPC clusters (Supplementary Figure S1). Likewise, comparative analysis of the three viromes in a reference-independent way, using crAss, showed that the healthy control and the moderate COPD samples had more similarity to one another. Generally, the cross-assembly was made out of 1,111 contigs (Figure 5). Only 32 contigs were shared between the three BAL samples (dots lying in the middle of the triangle plot). Contigs shared only between pairs of samples (represented by dots lying on the edges between each pair in the triangular plot) were as follows: 198 contigs shared between the healthy control and the moderate COPD, 68 shared between the healthy control and the severe COPD and only 18 shared between the moderate COPD and the severe COPD. The remaining contigs (represented by dots at the triangle vertices) were unique for each sample: 559 contigs for the healthy control, 229 for the moderate COPD and 15 for the severe COPD.

TABLE 2. Comparison of functional annotation using HVPC versus RefSeq and non-RefSeq DNA viruses.
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FIGURE 4. Dendrogram showing the clustering of the three BAL samples based on the abundance of identified SEED categories. COPD, chronic obstructive pulmonary disease. The figure was generated in R v3.4.0 (R Core Team, 2017) using heatmap3 v1.1.1 (Zhao et al., 2015).
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FIGURE 5. Triagonal plot showing, for each cross-assembled contig, the percentage of contributing reads from each of the three BAL samples. Each contig is represented by a small blue circle. The plot was generated in R v3.4.0 (R Core Team, 2017) using ggtern v2.2.1 (Hamilton, 2017).



Taxonomic Classification

Approximately 90% of sequences in the three BAL samples could not be assigned to any known viral lineage. For identified sequences, the most abundant viral family was Myoviridae followed by Siphoviridae, Phycodnaviridae and Podoviridae (Figure 6). The remaining viral families had abundances of less than or equal to 0.05%. Both prokaryotic and eukaryotic DNA viruses could be identified. Concerning prokaryotic viruses, the abundance of phages was variable between samples, yet Bacillus virus G was the most abundant among all samples (Supplementary Figure S2). Interestingly, few archaeal viruses e.g., Halovirus HGTV-1 and Natrialba phage PhiCh1) could also be detected. Of note, the abundance of certain phages whose hosts are common in COPD was found to be generally higher in COPD samples compared to the healthy control (Table 3). The abundance of eukaryotic viruses was also variable (Supplementary Figure S3) with Megavirus chilensis being the most abundant in the healthy control and the moderate COPD samples, while for the severe COPD sample, the most abundant eukaryotic virus was Paramecium bursaria Chlorella virus A1. Again, the abundance profiles of common eukaryotic and prokaryotic viruses allowed the clustering of healthy control and moderate COPD samples together (Supplementary Figures S2, S3). Noteworthy, some viral species (67 for moderate COPD and 24 for severe COPD) could be found only in COPD samples and not in the healthy control (Supplementary Table S3). This flexible virome showed higher richness for the moderate COPD compared to the COPD sample.
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FIGURE 6. Abundance of viral families identified in BAL samples. Families with abundances less than 0.01% in all samples were removed.



TABLE 3. Abundance of selected phages whose hosts are commonly found in COPD.
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Diversity

Diversity was assessed on both the functional and the taxonomic levels. Functional diversity was determined in an annotation-independent way, based on the number of different HVPC clusters to which BAL sequences could be assigned in each sample, irrespective whether a cluster could be functionally annotated or not. None of the samples reached rarefaction (Supplementary Figure S4), but generally it can be observed that functional diversity is highest in the healthy control sample and lowest in the severe COPD (Table 4). The same can be noticed for taxonomic diversity, where samples could not reach rarefaction as well (Supplementary Figure S5), nevertheless diversity was highest in the case of the healthy control sample, followed by the moderate COPD and the severe COPD samples, respectively (Table 4).

TABLE 4. Functional and taxonomic diversity of the three BAL samples.
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Virome-Borne Virulence Factors

We evaluated the possibility that the studied viromes could harbor potential bacterial virulence factors. For this purpose, BAL sequences were aligned to polypeptides in the core VFDB. Expectedly, the severe COPD virome sample had the highest relative abundance of bacterial virulence factors followed by the moderate and the severe COPD samples, respectively (Figure 7). Comparison of the means of relative abundances after 10,000 rounds of random subsampling showed statistical significance through ANOVA (p-value < 0.0001). Besides, all sets of pairs showed statistically significant difference from each other (p-value < 0.0001). In all samples, the most represented virulence factors had resemblance to those of Pseudomonas aeruginosa e.g., components of xcp, type IV, and type VI secretion systems, pyoverdin and components of alginate biosynthesis and O-acetylation (for biofilm formation) (Supplementary Table S4).
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FIGURE 7. Relative abundance of virulence factors in each of the three BAL viromes. ∗∗∗∗ denote statistical significant difference with a p-value of less than 0.0001.



DISCUSSION

In this study, we built a protein cluster database, the HVPC, from 244 human virome datasets with the aim of providing the scientific community with a new resource that could help attain a better functional annotation of human viromes. Actually, the use of protein clusters with a similar purpose was first done on the microbiome level in the Global Ocean Sampling (GOS) study (Rusch et al., 2007). Later, the same concept was adopted for several environmental virome datasets e.g., the Pacific Ocean Virome (POV) (Hurwitz and Sullivan, 2013), the Tara Oceans Virome (TOV) (Brum et al., 2015) and the Earth Virome (Paez-Espino et al., 2016). Yet, to our knowledge, this is the first time this concept is employed for human viromes. The HVPC was built from the viromes of six body sites. Interestingly, the core human virome, that is the virome shared between all body sites, was minimal. In only nine clusters out of 390,917 (0.002%), sequences from the six different sites were represented (Figure 2A). Functional annotation of these protein clusters showed that they generally contribute to core functions e.g., DNA metabolism, transcription, translation and protein folding (Supplementary Table S5). In contrast, most of the HVPC clusters were made out of sequences from a single site and the number of clusters with ORFs from more than one site was marginal. This habitat-dependent composition was similarly reported for the human microbiome (The Human Microbiome Project Consortium, 2012; Chu et al., 2017), where both the structure and function of microbiota were site-specific. In contrast, ORFs originating from lung samples had a different clustering pattern in which approximately half of the clusters containing lung ORFs did include ORFs from other body sites, especially gut and mouth. This observation could be explained by hypothesizing that the lung virome follows a similar pattern to that of the lung microbiome. Indeed, the oral microbiome is believed to be the main source for the bacterial community in the lungs (Dickson and Huffnagle, 2015). Similarly, it is expected to find some of the microbial communities shared between the gut and the lungs since (i) ingested microbes have the ability to access both sites and (ii) microbes from the gut can enter the respiratory tract through aspiration (Budden et al., 2017).

For annotation of the protein clusters, we chose to implement four different methods to obtain as much information about these clusters as possible and we leave it to the users of the database to select the method they find most suitable or integrate information from all methods. Each method gave a different set of annotations. Although they do intersect, each method still annotated some clusters that could not be annotated by the others. The most comprehensive annotation was obtained by nr probably because of its huge size (120,095,048 sequences as of April 18, 2017). However, this huge size combined with the use of BLAST for alignment led to the slowest performance. Following nr, Pfam and FIGfams gave more or less similar level of annotation, but FIGfams was much faster presumably because (i) although FIGfams annotation was submitted from the Helmholtz Center Munich HPCC, the process actually ran on the SEED server that is obviously more powerful and (ii) FIGfams annotation relies on a BLAST voting procedure that was shown to be faster and independent on the number of queried families when compared to HMM-based search (Meyer et al., 2009). The lowest level of annotation was obtained using the pVOG, possibly because these orthologous groups were generated from prokaryotic viruses only (Grazziotin et al., 2017), while the HVPC is expected to contain proteins from eukaryotic viruses as well.

Of note, the largest HVPC cluster was annotated as beta-lactamase. This finding highlights the role of viromes in the spread of antibiotic resistance through horizontal gene transfer. Indeed, beta-lactamases as well as other resistance genes were previously detected in the human gut virome (Minot et al., 2011) and in CF patients sputum viromes (Fancello et al., 2011). Nevertheless, it has recently been claimed that the number of antibiotic resistance genes detected in viromes is overestimated and that experimental evidence fails to confirm that the detected genes can confer resistance (Enault et al., 2017). Another enzyme, beta-galactosidase, was also detected among the top ten clusters. This enzyme is usually used by bacteria to ferment lactose, but one can easily find some examples for beta-galactosidases in bacteriophages (e.g., NCBI accessions YP_009006046 and YP_007003234.1 in Klebsiella phage F19 and Lactobacillus phage LF1). This probably means that during viral infection, virus-derived copies of this enzyme are expressed in order to enhance bacterial fitness. This phenomenon was previously shown for photosynthesis genes in marine phages (Lindell et al., 2005). In order to demonstrate the usefulness of the HVPC, we used it for the functional annotation of three BAL samples, one from each of a healthy control, a moderate and a severe COPD patients. We could show that the use of the HVPC allowed a seventy-fold increase in the annotation level compared to the case when only limited to information from full genome DNA viruses. Even in the absence of annotation information from the clusters, alignment to the HVPC can still be informative, as they can give an indication about the diversity of the aligned samples. For the BAL samples, although they did not reach rarefaction, all diversity indices inferred from alignment to the HVPC point to a diversity that is highest in the healthy control sample and is reduced in the COPD samples according to case severity. This pattern coincides with that obtained from the taxonomic diversity analysis. Indeed, this disease-linked dysbiosis is common for the normal microbiota in many diseases (Belizário and Napolitano, 2015). The diversity of the lung virome was similarly reported to be greatly reduced in the highly diseased lobes of an explanted lung from a late-stage CF patient (Willner et al., 2012). Besides, by utilizing the HVPC, we could show that the healthy control and moderate COPD viromes were more similar to each other than to the severe COPD virome. This similarity was shown in both annotation-dependent and independent ways. Specifically, annotations for each virome grouped into SEED categories allowed the clustering of the healthy control and moderate COPD viromes together. In addition, the number of HVPC hit clusters shared between the healthy control and moderate COPD viromes again showed higher similarity. This pattern was confirmed by cross-assembly in a reference-independent way and by taxonomy results, which allowed the clustering of the healthy and moderate COPD pair together, based on shared prokaryotic and eukaryotic viruses.

On the taxonomic level, the majority of virome sequences usually fail to be assigned taxonomy (Willner et al., 2009; Hurwitz and Sullivan, 2013), and BAL viromes in this study were not an exception. Nevertheless, information content from known sequences might still allow better understanding of COPD disease progression. Actually, it seems that there is a core lung virome that shows different dynamics with progressive disease severity. Indeed, it was previously shown that the respiratory tract possesses a core virome for both prokaryotic and eukaryotic viruses (Willner et al., 2009). Some of the core eukaryotic viruses reported by Willner and colleagues in this CF virome study (Willner et al., 2009) have been detected in our studied BAL viromes e.g., Acanthamoeba polyphaga mimivirus, Ectocarpus siliculosus virus 1 and Paramecium bursaria Chlorella virus. These eukaryotic viruses generally belong to Phycodnaviridae and Mimiviridae, which usually infect marine or freshwater algae (Wilson et al., 2009) and amoeba (Aherfi et al., 2016), respectively. This observation could support the proposed environmental influence on the lung virome (Willner et al., 2009). Indeed, a mimivirus was previously isolated from a pneumonia patient (Saadi et al., 2013). This virus showed sequence similarity to Megavirus chilensis, which is the most abundant eukaryotic virus in the healthy control and the moderate COPD samples. The isolation of this virus from a pneumonia patient does not necessarily mean pathogenicity and any claim of pathogenicity still warrants further study. In contrast, the prokaryotic viruses in the CF study (Willner et al., 2009) showed no similarity to those identified in our BAL samples. This disagreement could be attributed in part to the differences in databases, especially for the prokaryotic viruses, because authors used a custom database of only 510 phage genomes. Another explanation could be environmental differences as evidently, the inhaled air influences the composition of lung viromes and microbiomes (Willner et al., 2009; Li et al., 2017). On the other hand, COPD samples contained some viruses that were not shared with the healthy control. This flexible virome had higher species richness in the moderate COPD, an observation that confirms the progressive dysbiosis that accompanies disease development. In fact, some viruses that are directly associated with COPD and its exacerbation e.g., human alphaherpesvirus 1 (also known as herpes simplex virus 1) (McManus et al., 2009) or whose hosts are commonly isolated from COPD patients e.g., Bordetella, Moraxella, Pseudomonas Stenotrophomonas and Streptococcus (Murphy, 2008; Brooke, 2012; King et al., 2013; Hashemi et al., 2015) have been found to be of higher abundance or exclusively present in COPD samples (Table 3).

Further analysis showed that BAL viromes could harbor potential bacterial virulence factors. The abundance of these factors increases with increasing COPD disease severity (Figure 7). Truly, phages, which constitute the major fraction of most viromes, do play a crucial role in the horizontal gene transfer of bacterial genes. Actually, the expression and dissemination of many bacterial toxins and virulence factors rely on phages [reviewed in (Penadés et al., 2015)].

CONCLUSION

In conclusion, we have built a HVPC that could be a useful resource for better annotation and characterization of human viromes. To our knowledge, this is the first database exclusively focusing on human viromes. The database proved useful in the functional annotation of our BAL virome samples, which are otherwise poorly characterized when limited to annotation using sequences from full-length viral genomes. In addition, our BAL samples gave a first insight into viral communities of COPD patients and confirm a state of dysbiosis for viruses that increases with disease progression. Moreover, they shed light on the potential role of phages in the horizontal gene transfer of bacterial virulence factors, a phenomenon that highlights a possible contribution of phages to etiopathology.

DATA AVAILABILITY

The HVPC and related functional annotations are available through the following link: https://osf.io/gs4zf/ (doi: 10.17605/OSF.IO/GS4ZF).

AUTHOR CONTRIBUTIONS

LD, AE, JF, and CG conceived the idea for the manuscript. AE, JF, and DS performed the experiment and analyzed the data. AE, JF, and LD wrote the manuscript.

FUNDING

This study was supported by the Emmy Noether program to LD by the German Research Foundation (DFG; DE2360/1-1), as well as the Environmental Health Project ‘Understanding the role of the lung microbiome for human health and disease’ by the Helmholtz Centre Munich. It was also supported by a Georg Foster Postdoctoral Fellowship to AE by the Alexander von Humboldt Foundation.

ACKNOWLEDGMENTS

We thank the “Viruses in Nature and Health” group members for comments on the manuscript and logistical support. We acknowledge the collaborators in the Environmental Health Project and the EvA study (EU-funded project, # 200506) for providing samples. The EvA consortium consists of partners Loems Ziegler-Heitbrock and Marion Heiss-Neumann at Munich; Christopher E. Brightling and Sumit Gupta at Leicester; Deepak Subramanian and David Parr at Coventry; Umme Kolsum and Dave Singh at Manchester; Adam Nowinski and Dorota Gorecka at Warsaw; Jens Hohlfeld, Tobias Welte and Antje Prasse, Hannover; Andreas Rembert Koczulla and Timm Greulich at Marburg; Joachim Müller-Quernheim at Freiburg; Mariarita Stendardo and Piera Boschetto at Ferrara; Ivo Glynne Gut at Barcelona; Anne Boland and Jean-Francois Deleuze at Paris; Imre Barta and Balazs Dome at Budapest.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2018.01110/full#supplementary-material

FIGURE S1 | Venn diagram showing the number of shared HVPC clusters between the three BAL samples.

FIGURE S2 | Heat map showing the relative abundance of 36 prokaryotic viruses shared between the three BAL samples.

FIGURE S3 | Heat map showing the relative abundance of 15 eukaryotic viruses shared between the three BAL samples.

FIGURE S4 | Rarefaction curves showing the number of Human Virome Protein Cluster (HVPC) hits versus sample size based on random subsampling and a step size of 50 sequences.

FIGURE S5 | Rarefaction curves showing the number of species versus sample size based on random subsampling and a step size of 50 sequences.

TABLE S1 | Metadata of downloaded virome datasets.

TABLE S2 | Basic statistics of downloaded metageomes before and after quality control.

TABLE S3 | The flexible virome of COPD samples.

TABLE S4 | Blast results for BAL sequences vs the core Viruelence Factors Database.

TABLE S5 | Functional annotation of the representative ORFs of the core human virome clusters.

FOOTNOTES

1 https://www.ncbi.nlm.nih.gov/sra

2 http://metagenomics.anl.gov/

3 http://www.mgc.ac.cn/VFs/download.htm

REFERENCES

Abbas, A. A., Diamond, J. M., Chehoud, C., Chang, B., Kotzin, J. J., Young, J. C., et al. (2017). The perioperative lung transplant virome: torque teno viruses are elevated in donor lungs and show divergent dynamics in primary graft dysfunction. Am. J. Transplant. 17, 1313–1324. doi: 10.1111/ajt.14076

Aherfi, S., Colson, P., La Scola, B., and Raoult, D. (2016). Giant viruses of amoebas: an update. Front. Microbiol. 7:349. doi: 10.3389/fmicb.2016.00349

Altschul, S. F., Gish, W., Miller, W., Myers, E. W., and Lipman, D. J. (1990). Basic local alignment search tool. J. Mol. Biol. 215, 403–410. doi: 10.1016/S0022-2836(05)80360-2

Aziz, R. K., Devoid, S., Disz, T., Edwards, R. A., Henry, C. S., Olsen, G. J., et al. (2012). SEED servers: high-performance access to the SEED genomes, annotations, and metabolic models. PLoS One 7:e48053. doi: 10.1371/journal.pone.0048053

Belizário, J. E., and Napolitano, M. (2015). Human microbiomes and their roles in dysbiosis, common diseases, and novel therapeutic approaches. Front. Microbiol. 6:1050. doi: 10.3389/fmicb.2015.01050

Brooke, J. S. (2012). Stenotrophomonas maltophilia: an emerging global opportunistic pathogen. Clin. Microbiol. Rev. 25, 2–41. doi: 10.1128/CMR.00019-11

Brum, J. R., Ignacio-Espinoza, J. C., Roux, S., Doulcier, G., Acinas, S. G., Alberti, A., et al. (2015). Patterns and ecological drivers of ocean viral communities. Science 348:1261498. doi: 10.1126/science.1261498

Budden, K. F., Gellatly, S. L., Wood, D. L. A., Cooper, M. A., Morrison, M., Hugenholtz, P., et al. (2017). Emerging pathogenic links between microbiota and the gut-lung axis. Nat. Rev. Microbiol. 15, 55–63. doi: 10.1038/nrmicro.2016.142

Chu, D. M., Ma, J., Prince, A. L., Antony, K. M., Seferovic, M. D., and Aagaard, K. M. (2017). Maturation of the infant microbiome community structure and function across multiple body sites and in relation to mode of delivery. Nat. Med. 23, 314–326. doi: 10.1038/nm.4272

Dickson, R. P., and Huffnagle, G. B. (2015). The lung microbiome: new principles for respiratory bacteriology in health and disease. PLoS Pathog. 11:e1004923. doi: 10.1371/journal.ppat.1004923

Duhaime, M. B., Deng, L., Poulos, B. T., and Sullivan, M. B. (2012). Towards quantitative metagenomics of wild viruses and other ultra-low concentration DNA samples: a rigorous assessment and optimization of the linker amplification method. Environ. Microbiol. 14, 2526–2537. doi: 10.1111/j.1462-2920.2012.02791.x

Dutilh, B. E., Schmieder, R., Nulton, J., Felts, B., Salamon, P., Edwards, R. A., et al. (2012). Reference-independent comparative metagenomics using cross-assembly: crAss. Bioinformatics 28, 3225–3231. doi: 10.1093/bioinformatics/bts613

Enault, F., Briet, A., Bouteille, L., Roux, S., Sullivan, M. B., and Petit, M.-A. (2017). Phages rarely encode antibiotic resistance genes: a cautionary tale for virome analyses. ISME J. 11, 237–247. doi: 10.1038/ismej.2016.90

Fancello, L., Desnues, C., Raoult, D., and Rolain, J. M. (2011). Bacteriophages and diffusion of genes encoding antimicrobial resistance in cystic fibrosis sputum microbiota. J. Antimicrob. Chemother. 66, 2448–2454. doi: 10.1093/jac/dkr315

Finn, R. D., Bateman, A., Clements, J., Coggill, P., Eberhardt, R. Y., Eddy, S. R., et al. (2014). Pfam: the protein families database. Nucleic Acids Res. 42, D222–D230. doi: 10.1093/nar/gkt1223

Grazziotin, A. L., Koonin, E. V., and Kristensen, D. M. (2017). Prokaryotic virus orthologous groups (pVOGs): a resource for comparative genomics and protein family annotation. Nucleic Acids Res. 45, D491–D498. doi: 10.1093/nar/gkw975

Hamilton, N. (2017). Ggtern: An Extension to ‘ggplot2’, for the Creation of Ternary Diagrams [Online]. Available at: https://CRAN.R-project.org/package=ggtern

Hashemi, S. H., Nadi, E., Hajilooi, M., Seif-Rabiei, M.-A., and Samaei, A. (2015). High seroprevalence of Bordetella pertussis in patients with chronic obstructive pulmonary disease: a case-control study. Tanaffos 14, 172–176.

Haynes, M., and Rohwer, F. (2011). “The human virome,” in Metagenomics of the Human Body, ed. K. E. Nelson (New York, NY: Springer).

Henn, M. R., Sullivan, M. B., Stange-Thomann, N., Osburne, M. S., Berlin, A. M., Kelly, L., et al. (2010). Analysis of high-throughput sequencing and annotation strategies for phage genomes. PLoS One 5:e9083. doi: 10.1371/journal.pone.0009083

Hennes, K. P., and Suttle, C. A. (1995). Direct counts of viruses in natural waters and laboratory cultures by epifluorescence microscopy. Limnol. Oceanogr. 40, 1050–1055. doi: 10.4319/lo.1995.40.6.1050

Hilty, M., Burke, C., Pedro, H., Cardenas, P., Bush, A., Bossley, C., et al. (2010). Disordered microbial communities in asthmatic airways. PLoS One 5:e8578. doi: 10.1371/journal.pone.0008578

Huffnagle, G. B. (2010). The microbiota and allergies/asthma. PLoS Pathog. 6:e1000549. doi: 10.1371/journal.ppat.1000549

Hurwitz, B. L., and Sullivan, M. B. (2013). The Pacific ocean virome (POV): a marine viral metagenomic dataset and associated protein clusters for quantitative viral ecology. PLoS One 8:e57355. doi: 10.1371/journal.pone.0057355

Hyatt, D., Chen, G.-L., Locascio, P. F., Land, M. L., Larimer, F. W., and Hauser, L. J. (2010). Prodigal: prokaryotic gene recognition and translation initiation site identification. BMC Bioinformatics 11:119. doi: 10.1186/1471-2105-11-119

King, P. T., Macdonald, M., and Bardin, P. G. (2013). Bacteria in COPD; their potential role and treatment. Transl. Respir. Med. 1:13. doi: 10.1186/2213-0802-1-13

Lane, D. J. (1991). “16S/23S rRNA sequencing,” in Nucleic Acid Techniques in Bacterial Systematics, eds E. Stackebrandt and M. Goodfellow (New York, NY: John Wiley and Sons).

Ley, R. E., Turnbaugh, P. J., Klein, S., and Gordon, J. I. (2006). Microbial ecology: human gut microbes associated with obesity. Nature 444, 1022–1023. doi: 10.1038/4441022a

Li, D., Liu, C.-M., Luo, R., Sadakane, K., and Lam, T.-W. (2015). MEGAHIT: an ultra-fast single-node solution for large and complex metagenomics assembly via succinct de Bruijn graph. Bioinformatics 31, 1674–1676. doi: 10.1093/bioinformatics/btv033

Li, N., He, F., Liao, B., Zhou, Y., Li, B., and Ran, P. (2017). Exposure to ambient particulate matter alters the microbial composition and induces immune changes in rat lung. Respir. Res. 18:143. doi: 10.1186/s12931-017-0626-6

Li, W., Jaroszewski, L., and Godzik, A. (2001). Clustering of highly homologous sequences to reduce the size of large protein databases. Bioinformatics 17, 282–283. doi: 10.1093/bioinformatics/17.3.282

Lindell, D., Jaffe, J. D., Johnson, Z. I., Church, G. M., and Chisholm, S. W. (2005). Photosynthesis genes in marine viruses yield proteins during host infection. Nature 438, 86–89. doi: 10.1038/nature04111

Lindgreen, S. (2012). AdapterRemoval: easy cleaning of next-generation sequencing reads. BMC Res. Notes 5:337. doi: 10.1186/1756-0500-5-337

McManus, T., Marley, A., Baxter, N., Christie, S., O’neill, H., Elborn, J., et al. (2009). Herpes simplex virus and mortality in COPD. D13. Am. J. Respir. Crit. Care Med. 179:A5348. doi: 10.1164/ajrccm-conference.2009.179.1_MeetingAbstracts.A5348

Meyer, F., Overbeek, R., and Rodriguez, A. (2009). FIGfams: yet another set of protein families. Nucleic Acids Res. 37, 6643–6654. doi: 10.1093/nar/gkp698

Meyer, F., Paarmann, D., D’souza, M., Olson, R., Glass, E., Kubal, M., et al. (2008). The metagenomics Rast server – a public resource for the automatic phylogenetic and functional analysis of metagenomes. BMC Bioinformatics 9:386. doi: 10.1186/1471-2105-9-386

Mills, S., Shanahan, F., Stanton, C., Hill, C., Coffey, A., and Ross, R. P. (2013). Movers and shakers: influence of bacteriophages in shaping the mammalian gut microbiota. Gut Microbes 4, 4–16. doi: 10.4161/gmic.22371

Minot, S., Sinha, R., Chen, J., Li, H., Keilbaugh, S. A., Wu, G. D., et al. (2011). The human gut virome: inter-individual variation and dynamic response to diet. Genome Res. 21, 1616–1625. doi: 10.1101/gr.122705.111

Mitchell, A., Chang, H.-Y., Daugherty, L., Fraser, M., Hunter, S., Lopez, R., et al. (2015). The InterPro protein families database: the classification resource after 15 years. Nucleic Acids Res. 43, D213–D221. doi: 10.1093/nar/gku1243

Murphy, T. F. (2008). The many faces of Pseudomonas aeruginosa in chronic obstructive pulmonary disease. Clin. Infect. Dis. 47, 1534–1536. doi: 10.1086/593187

Okamoto, H. (2009). History of discoveries and pathogenicity of TT viruses. Curr. Top. Microbiol. Immunol. 331, 1–20. doi: 10.1007/978-3-540-70972-5_1

Oksanen, J., Blanchet, F. G., Friendly, M., Kindt, R., Legendre, P., Mcglinn, D., et al. (2017). Vegan: Community Ecology Package [Online]. Available: https://CRAN.R-project.org/package=vegan

Paez-Espino, D., Eloe-Fadrosh, E. A., Pavlopoulos, G. A., Thomas, A. D., Huntemann, M., Mikhailova, N., et al. (2016). Uncovering Earth’s virome. Nature 536, 425–430. doi: 10.1038/nature19094

Penadés, J. R., Chen, J., Quiles-Puchalt, N., Carpena, N., and Novick, R. P. (2015). Bacteriophage-mediated spread of bacterial virulence genes. Curr. Opin. Microbiol. 23, 171–178. doi: 10.1016/j.mib.2014.11.019

 R Core Team (2017). R: A Language and Environment for Statistical Computing [Online]. Vienna: R Foundation for Statistical Computing.

Rescigno, M. (2017). The microbiota revolution: Excitement and caution. Eur. J. Immunol. 47, 1406–1413. doi: 10.1002/eji.201646576

Reyes, A., Haynes, M., Hanson, N., Angly, F. E., Heath, A. C., Rohwer, F., et al. (2010). Viruses in the faecal microbiota of monozygotic twins and their mothers. Nature 466, 334–338. doi: 10.1038/nature09199

Rusch, D. B., Halpern, A. L., Sutton, G., Heidelberg, K. B., Williamson, S., Yooseph, S., et al. (2007). The sorcerer Ii Global ocean sampling expedition: northwest Atlantic through eastern tropical Pacific. PLoS Biol. 5:e77. doi: 10.1371/journal.pbio.0050077

Saadi, H., Pagnier, I., Colson, P., Cherif, J. K., Beji, M., Boughalmi, M., et al. (2013). First Isolation of Mimivirus in a patient with pneumonia. Clin. Infect. Dis. 57:e127-34. doi: 10.1093/cid/cit354

Schmieder, R., and Edwards, R. (2011a). Fast identification and removal of sequence contamination from genomic and metagenomic datasets. PLoS One 6:e17288. doi: 10.1371/journal.pone.0017288

Schmieder, R., and Edwards, R. (2011b). Quality control and preprocessing of metagenomic datasets. Bioinformatics 27, 863–864. doi: 10.1093/bioinformatics/btr026

Schmieder, R., Lim, Y. W., Rohwer, F., and Edwards, R. (2010). TagCleaner: Identification and removal of tag sequences from genomic and metagenomic datasets. BMC Bioinformatics 11:341. doi: 10.1186/1471-2105-11-341

Stulberg, E., Fravel, D., Proctor, L. M., Murray, D. M., Lotempio, J., Chrisey, L., et al. (2016). An assessment of US microbiome research. Nat. Microbiol. 1:15015. doi: 10.1038/nmicrobiol.2015.15

 The Human Microbiome Project Consortium (2012). Structure, function and diversity of the healthy human microbiome. Nature 486, 207–214. doi: 10.1038/nature11234

Waldor, M. K., and Mekalanos, J. J. (1996). Lysogenic conversion by a filamentous phage encoding cholera toxin. Science 272, 1910–1914. doi: 10.1126/science.272.5270.1910

Willner, D., Furlan, M., Haynes, M., Schmieder, R., Angly, F. E., Silva, J., et al. (2009). Metagenomic analysis of respiratory tract DNA viral communities in cystic fibrosis and non-cystic fibrosis individuals. PLoS one 4:e7370. doi: 10.1371/journal.pone.0007370

Willner, D., Haynes, M. R., Furlan, M., Hanson, N., Kirby, B., Lim, Y. W., et al. (2012). Case studies of the spatial heterogeneity of DNA viruses in the cystic fibrosis lung. Am. J. Respir. Cell Mol. Biol. 46, 127–131. doi: 10.1165/rcmb.2011-0253OC

Wilson, W. H., Van Etten, J. L., and Allen, M. J. (2009). The phycodnaviridae: the story of how tiny giants rule the world. Curr. Top. Microbiol. Immunol. 328, 1–42. doi: 10.1007/978-3-540-68618-7_1

Woolhouse, M. E. J., Howey, R., Gaunt, E., Reilly, L., Chase-Topping, M., and Savill, N. (2008). Temporal trends in the discovery of human viruses. Proc. R. Soc. B Biol. Sci. 275, 2111–2115. doi: 10.1098/rspb.2008.0294

Wylie, K. M., Weinstock, G. M., and Storch, G. A. (2012). Emerging view of the human virome. Transl. Res. 160, 283–290. doi: 10.1016/j.trsl.2012.03.006

Young, J. C., Chehoud, C., Bittinger, K., Bailey, A., Diamond, J. M., Cantu, E., et al. (2015). Viral metagenomics reveal blooms of anelloviruses in the respiratory tract of lung transplant recipients. Am. J. Transplant. 15, 200–209. doi: 10.1111/ajt.13031

Zhao, S., Guo, Y., Sheng, Q., and Shyr, Y. (2015). Heatmap3: An Improved Heatmap Package [Online]. Available at: https://CRAN.R-project.org/package=heatmap3

Ziegler-Heitbrock, L., Frankenberger, M., Heimbeck, I., Burggraf, D., Wjst, M., Haussinger, K., et al. (2012). The EvA study: aims and strategy. Eur. Respir. J. 40, 823–829. doi: 10.1183/09031936.00142811

Zou, S., Caler, L., Colombini-Hatch, S., Glynn, S., and Srinivas, P. (2016). Research on the human virome: where are we and what is next. Microbiome 4:32. doi: 10.1186/s40168-016-0177-y

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2018 Elbehery, Feichtmayer, Singh, Griebler and Deng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/cross.jpg
3,

i





OPS/images/cover.jpg
, frontiers
in Microbiology

The Human Virome Protein
Cluster Database (HVPC): A
Human Viral Metagenomic
Database for Diversity and
Function Annotation





OPS/images/fmicb-09-01110-t002.jpg
Dataset

Healthy
control
Moderate
COPD
Severe
COPD

#Sequences #Sequences

aligned to
HVPC
27669 18425
8956 5546
2522 1619

% aligned

66.6%

61.9%

64.2%

Functionally
annotated

18212

5541

1604

%
annotated

65.8%

61.9%

63.6%

#Sequences alignedto % aligned
RefSeq and non-RefSeq

DNA viruses
2941 10.6%
719 8.0%
226 9.0%

Functionally
annotated

318

61

21

%
annotated

1.1%

0.7%

0.8%





OPS/images/fmicb-09-01110-t003.jpg
Virus* Healthy
control
Bordetella phages nd
Human alphaherpesvirus 1 nd
Moraxella phages 0.15%
Pseudomonas phages 0.29%
Stenotrophomonas phages 0.02%
Streptococcus phages 0.15%

*All virus infecting the same host. nd, not detected.

Moderate
COPD

0.07%
nd
0.12%
0.40%
0.08%
0.39%

Severe
COPD

0.04%
0.04%
0.32%
0.36%
0.08%
0.40%





OPS/images/fmicb-09-01110-t004.jpg
Sample

Healthy control
Moderate COPD
Severe COPD

Shannon

5.48
5.00
4.42

Taxonomic diversity

Inverse

simpson Fisher’s o
97.23 230.32
84.29 131.02
52.12 103.81

Species
richness

604.00
245.00
120.00

Shannon

8.94
7.96
6.94

Functional diversity

Inverse

simpson Fisher’s o

5206.20 9180.23

2255.32 3879.90
871.69 1893.53

Species
richness

10107.00

3444.00
1170.00





OPS/images/fmicb-09-01110-t001.jpg
SEED SEED

Cluster nr Pfam FIGfams pVOG GO subsystem category
1 MULTISPECIES: Beta- Beta- - - Virulence, -
class A lactamase lactamase Resistance
broad-spectrum (EC35.2.6) to antibiotics
beta-lactamase and toxic
TEM-116 compounds
[Bacteria]
2 27442 ORF1 [Torque TT viral orf 1 = - . = =
teno virus]
3 21304  ORF1 [Torque TT viral orf 1 = - - - -
teno virus]
4 12799 orf00052, partial - - - - - -
[uncultured
crAssphage]
5 12425 putative helicase = . Bbp29; D5-like protein; DNA - - -
[Lactococcus primase; DNA primase/helicase;
phage 1706] DNA primase/polymerase; P4 family
phage/plasmid primase; gp108;
gp109; gp11; gp34; gpa9; gp6o;
gp68; gp69; gp70; gp71; gp72;
gp74; gp81; gp86; gp8a; gp89;
gp90; gp92; gp94; gp9a; helicase;
hypothetical protein; orf40; phage
associated primase; phage
associated primase/P4 family
phage/plasmid primase;
phage-associated primase/P4 family
phage/plasmid primase; primase;
primase/polymerase; putative DNA
primase; putative DNA-polymerase
or DNA-primase; putative P4 family
primase; putative predicted product;
putative primase; putative
primase/helicase protein
6 11731 - - - - - - -
7 9611 ORF1 [Torque TT viral orf 1 - - - - -
teno virus]
8 8814 - - - - - - -
9 7169 beta- - - - - - -
galactosidase
alpha-peptide
[unidentified
cloning vector]
10 6489 phage tail protein - - DNA-binding domain protein; HTH - - -
[[Clostridium] DNA binding domain protein; gp106;
symbiosum] hypothetical protein; structural

protein

nr, NCBI's non-redundant protein database; pVOG, prokaryotic virus orthologous groups; GO, gene ontology; TT, Torque Teno Virus. *Cluster size refers to the number
of ORFs in each cluster.
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