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ABSTRACT
Metagenomics has become a reliable tool for the analysis of the microbial diversity and the
molecular mechanisms carried out by microbial communities. By the use of next generation
sequencing, metagenomic studies can generate millions of short sequencing reads that are
processed by computational tools. However, with the rapid adoption of metagenomics a large
amount of data has been generated. This situation requires the development of computational tools
and pipelines to manage the data scalability, accessibility, and performance. In this thesis, several
strategies varying from command line, web-based platforms to machine learning have been
developed to address these computational challenges.
Interpretation of specific information from metagenomic data is especially a challenge for
environmental samples as current annotation systems only offer broad classification of microbial
diversity and function. Therefore, I developed MetaStorm, a public web-service that facilitates
customization of computational analysis for metagenomic data. The identification of antibiotic
resistance genes (ARGs) from metagenomic data is carried out by searches against curated
databases producing a high rate of false negatives. Thus, I developed DeepARG, a deep learning
approach that uses the distribution of sequence alignments to predict over 30 antibiotic resistance
categories with a high accuracy.
Curation of ARGs is a labor intensive process where errors can be easily propagated. Thus, I
developed ARGminer, a web platform dedicated to the annotation and inspection of ARGs by
using crowdsourcing.
Effective environmental monitoring tools should ideally capture not only ARGs, but also mobile
genetic elements and indicators of co-selective forces, such as metal resistance genes. Here, I
introduce NanoARG, an online computational resource that takes advantage of the long reads
produced by nanopore sequencing technology to provide insights into mobility, co-selection, and
pathogenicity.
Sequence alignment has been one of the preferred methods for analyzing metagenomic data.
However, it is slow and requires high computing resources. Therefore, I developed MetaMLP, a
machine learning approach that uses a novel representation of protein sequences to perform
classifications over protein functions. The method is accurate, is able to identify a larger number
of hits compared to sequence alignments, and is >50 times faster than sequence alignment
techniques.
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GENERAL AUDIENCE ABSTRACT
Antimicrobial resistance (AMR) is one of the biggest threats to human public health. It has been
estimated that the number of deaths caused by AMR will surpass the ones caused by cancer on
2050. The seriousness of these projections requires urgent actions to understand and control the
spread of AMR. In the last few years, metagenomics has stand out as a reliable tool for the analysis
of the microbial diversity and the AMR. By the use of next generation sequencing, metagenomic
studies can generate millions of short sequencing reads that are processed by computational tools.
However, with the rapid adoption of metagenomics, a large amount of data has been generated.
This situation requires the development of computational tools and pipelines to manage the data
scalability, accessibility, and performance. In this thesis, several strategies varying from command
line, web-based platforms to machine learning have been developed to address these computational
challenges. In particular, by the development of computational pipelines to process metagenomics
data in the cloud and distributed systems, the development of machine learning and deep learning
tools to ease the computational cost of detecting antibiotic resistance genes in metagenomic data,
and the integration of crowdsourcing as a way to curate and validate antibiotic resistance genes.
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CHAPTER 1

INTRODUCTION

The major biological diversity of the planet is composed of microorganisms that continuously
evolve (estimated in 3.8 billion years of evolution) [1]. However, most of those microorganisms
cannot be cultured in the laboratory by standard procedures. Therefore, the development of cultureindependent techniques was needed. Metagenomics has been recognized as a powerful technique
for the discovery of the microbial diversity through different environments [2-6]. This technique
consists of extracting and sequencing DNA material directly from the environment as a set of short
sequence reads with high quality e.g., Illumina technology [7] or long low quality sequence reads
e.g., MinION nanopore sequencing technology [8]. Metagenomics has been applied to many
different environments, such as soil [9], water [10], wastewater [11-13], human gut [14-16], and
extreme environments [17, 18]. However, the analysis of the metagenomics data has several
challenges. First, when short sequences are directly compared to reference databases, it is normally
processed by using a high identity cutoff [19]. This cutoff has the potential to filter out reads that
are indeed real signals [20, 21]. Second, the quality of the reference database plays an essential
role in the data analysis [20, 22-26]. Errors in the database can lead to misleading conclusions.
Third, metagenomic data is often large. The growing data generation (MGRast: 53,439 samples,
EBI-metagenomics: 87,972 samples) requires the development of accurate and fast computational
analysis tools. Finally, third generation sequencing techniques, particularly MinION nanopore
sequencing, offers the opportunity to explore the microbial mechanisms and diversity to the
species resolution. However, its low coverage and high sequencing error rates limit its wide
application.
Antimicrobial resistance currently causes hundreds of thousands of deaths each year globally and
it has been recognized as a serious threat to public health [27, 28]. Antibiotic resistance arises
when bacteria are able to survive antibiotic exposure. The spread of antibiotic resistance genes
(ARGs) occurs by direct contact among different environmental microbiota [29] with horizontal
gene transfer (HGT) as one of the major mechanisms of dissemination [30]. Characterizing the
antibiotic resistance genes (resistome) and their dissemination profile across environments could
lead to the detection of antibiotic resistance genes that potentially affect human health [29].
1.1

Problems

Antimicrobial resistance profiling using metagenomic data is still a growing area with many
research opportunities. In this aspect, we identified five different research challenges that are
explained in detail in this thesis.
•

Customizable metagenomics annotation (Chapter 2, published): With the growing
efforts in the understanding of antimicrobial diversity, the functional role of microbes and
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•

•

•

their contribution in different environments, MetaStorm (Chapter 2) a public web service
pipeline for the analysis of metagenomic data was developed. The novelty of this system
is its ability to perform customized analysis specific to any particular research question.
For instance, researchers interested in antimicrobial resistance would find it useful to
analyze the metagenomics samples using databases specific to antibiotic resistance (e.g.,
CARD, and ARDB). Other systems such as MGRast and EBI-metagenomics do not allow
user customization. This capability proves to be extremely useful as many metagenomic
applications tend to focus on a specific set of genes in the database. In addition, MetaStorm
provides enhanced visualization that allows users to view their analysis results and
download publishable figures and tables.
Improving antibiotic resistance annotation (Chapter 3, published): Identifying ARGs
is usually done through the best hit homology search approach. This method conducts a
sequence homology search and filters out all the sequences that are below certain
thresholds. For instance, MetaStorm and ARGs-OAP [19, 20] use a 80% identity, 1e-5 evalue, and 25aa minimum alignment size, while Li, et al., [31] use a 90% identity, and
Kleinheinz et al., [32] uses 50% identity to identify antibiotic resistance genes in phage
genomes. All these combinations have advantages and disadvantages [21]. For instance, a
high identity cutoff would identify only those sequences that are highly similar to the ARGs
in the reference database. Because of the high microbial diversity of environmental
samples, it is possible to filter out sequences that are not highly similar to the reference
ARG sequences but are indeed ARGs. On the other hand, when using low cutoffs (50%
identity), it is possible to classify a sequence as an ARG when it is not an ARG (e.g., efflux
pump multidrug genes). Therefore, using a simple identity cutoff is not an effective way to
identify ARGs in metagenomic samples. To address this issue, a machine learning method
named deepARG is proposed. The method takes the full distribution of the sequence
alignments over the database to make a decision using deep learning. DeepARG proved to
be effective to filter out both false positives and false negatives through different scenarios
[see Chapter 3].
Curation of antibiotic resistance genes (Chapter 4): One of the most critical aspect of
the antimicrobial resistance analysis using metagenomic data is the quality of the reference
database. Curation of ARGs is a labor-intense task that requires expert knowledge and is
generally performed by individual labs. Therefore, it is not surprising that ARG databases
contain multiple inconsistences. The most up-to-date database is the Comprehensive
Antibiotic Resistance Database (CARD) [22]. However, there is not a clear protocol on
how ARGs should be inspected and annotated. To overcome these limitations, a
crowdsourcing system for the inspection and annotation of ARGs is proposed. The goal of
this project is to build a web-based service where curators (experts and nonexperts) can
perform simple tasks and contribute to the annotation of ARGs.
Annotation of long nanopore reads (Chapter 5): The mechanisms of antibiotic
resistance propagation and dissemination cannot be fully understood by looking at ARGs
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alone [31, 33-36]. Indeed, environmental contamination can trigger mechanisms such as
co-resistance (linkage between ARGs), cross-resistance (single gene conferring resistance
to antibiotics and metals), co-regulation (shared regulatory system conferring resistance to
antibiotics and metals) and co-transfer (dissemination of resistance by mobile genetic
elements). An alternative to discover the mechanisms consists of assembling short
sequence reads into longer contigs. Thus, ARG arrangement and co-occurrence with other
elements can be characterized. However, the high diversity in metagenomic data and the
similarities between related species can introduce various assembly errors (e.g., chimeric
contigs) that adversely affect the inference of co-occurrence of ARGs and other elements
based on the assembled contigs. Fortunately, with the development of the nanopore
technique [37], a third-generation sequencing technology that generates longer reads, it is
possible to inspect the context of the antimicrobial resistance in a much higher resolution
(e.g., species profiling). On the other hand, nanopore sequencing is far from being perfect.
It has a high error rate up to 35% [38]. To overcome these limitations and to provide a
pipeline for a comprehensive analysis of the antimicrobial resistance in metagenomic data,
a pipeline and web service is proposed. The system, named NanoARG, is designed to
analyze nanopore reads using a novel antibiotic resistance annotation method (Chapter 3),
the first release of our antimicrobial database (Chapter 4), and the common practices for
metagenomic annotations (Chapter 2).
Speeding up the metagenomics annotation (Chapter 6): The accelerated production of
sequencing data requires the development of fast and sensitive systems [39]. To date, most
metagenomics analysis is performed by using sequence alignments [40], which, although
effective, are computationally expensive [41]. Here, a computational method to perform
functional annotation of metagenomic samples using any reference database (e.g.,
biological process, antibiotic resistance, metal resistance, or mobile genetic elements) is
proposed. Our approach named MetaMLP (Metagenomics Machine Learning Profile) uses
a simple but effective text classification technique based on text embeddings [42, 43]
particularly popular in Natural Language Processing (NLP). Results show that MetaMLP
is as accurate as DIAMOND, a widely used sequence alignment tool, and it is >50x times
faster. In addition, the comparison of relative abundances computed from DIAMOND and
MetaMLP show a high correlation (>0.9), indicating that MetaMLP produces very similar
results to sequence alignment but much faster.
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1.2

Overall aim

To develop computational tools (command line and web services) that facilitate the data processing,
sharing, and interpretability of microbial metagenomes, promoting the understanding of the roles
of antimicrobial resistance in different contexts.
1.3

Specific aims
1. To build an user friendly system dedicated to the analysis of metagenomics samples that
incorporates current practices and allows user customization (Chapter 1).
2. To build a machine learning system capable of improving the annotation of antibiotic
resistance genes without being sensitive to the percentage of identity (Chapter 2).
3. To build a comprehensive antibiotic resistance database that incorporates crowdsourcing
as a validation strategy (Chapter 3).
4. To quantify the diversity of antibiotic-, metal-resistance, and mobile genetic elements, as
well as their interactions from long nanopore read sequences. In addition, to develop an
online platform to perform and retrieve several metagenomics analysis including: cooccurrence, taxonomy annotation and detection of critically important pathogens (Chapter
4).
5. To develop and implement a computational system for functional annotation of
metagenomes, capable of processing millions of reads in a short period of time (Chapter
5).
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CHAPTER 2

CUSTOMIZABLE METAGENOMICS ANNOTATION

Metagenomics is a trending research area, calling for the need to analyze large quantities of data
generated from next generation DNA sequencing technologies. The need to store, retrieve, analyze,
share, and visualize such data challenges current online computational systems. Interpretation and
annotation of specific information is especially a challenge for metagenomic data sets derived from
environmental samples, because current annotation systems only offer broad classification of
microbial diversity and function. Moreover, existing resources are not configured to readily
address common questions relevant to environmental systems. Here, we developed a new online
user-friendly metagenomic analysis server called MetaStorm (http://bench.cs.vt.edu/MetaStorm/),
which facilitates customization of computational analysis for metagenomic data sets. Users can
upload their own reference databases to tailor the metagenomics annotation to focus on various
taxonomic and functional gene markers of interest. MetaStorm offers two major analysis pipelines:
an assembly-based annotation pipeline and the standard read annotation pipeline used by existing
web servers. These pipelines can be selected individually or together. Overall, MetaStorm provides
enhanced interactive visualization to allow researchers to explore and manipulate taxonomy and
functional annotation at various levels of resolution.
2.1

Introduction

The field of metagenomics has arisen following the advent of next-generation DNA sequencing.
Through new technologies, such as Illumina and pyrosequencing, it is now possible to directly
shot-gun sequence DNA extracted from various environmental samples, without the need for
cloning. Metagenomics is particularly promising for advancing the understanding of the microbial
communities molecular mechanisms residing in natural, human, and engineered environments. To
date, metagenomic data sets have been obtained from different regions of the human body [44-46],
seas and oceans [47-49], lakes and rivers [50-52], wastewater and drinking water treatment
systems [12, 13, 53, 54], soil [3, 55], and air [56, 57]. Unlike single organismal genomic
characterization, metagenomic data sets contain DNA sequences derived from hundreds or even
thousands of microbial species [58, 59]. Thus, a major computational undertaking is to annotate
metagenomic samples in terms of the kinds of microbes (taxonomy) and genes (functional
annotation), particularly those that are present in complex environmental samples.
Various computational resources have been developed for taxonomic and functional annotation of
metagenomics data sets. These resources can be classified into two main categories: 1) Web
services organized as a collection of different computational resources that facilitate the storage,
analysis, and retrieval of metagenomic data (e.g., MG-RAST [60] and EBI-Metagenomics [5]);
and 2) stand-alone programs for various aspects of metagenomic data annotation (e.g., MEGAN
[61], MOCAT [62], QIIME [63], MetaPhlAn [64], MetaHIT [65], and MyTaxa [66]), which have
been commonly incorporated into Web services. Generally, current services (MG-RAST and EBI-
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Metagenomics) annotate metagenomic samples by matching raw sequences against a fixed set of
large reference sequence databases (e.g., UniProtKB [67], and Clusters of Orthologous Groups of
proteins (COG) [68]. This practice has two major limitations. First, there is a lack of user
customization, particularly the inability to select specific sets of genes. Thus, all annotations are
made with respect to the same reference databases, which may not be the most suitable depending
on the hypotheses driving the research. The ability to select and focus on desired sets or subsets
of reference sequences enables testing of domain-specific hypotheses. For instance, conclusions
of studies of antibiotic resistance gene occurrence in the environment (e.g., [69]) can vary
depending on the database selected, i.e., CARD [22], a specialized antibiotic resistance gene
database, versus the full GenBank database. Second, due to short sequence length, the ability to
assemble reads can be critical to identifying genes of interest and avoiding loss of information.
The assembly of raw reads into longer contigs or scaffolds has proved to be more effective for
annotating sequence features such as operons, transcription binding sites, chromosome
organization, and taxonomy [70].
Here, we introduce a new online metagenomic analysis server, MetaStorm, which improves
available web resources, particularly for environmental samples, while maintaining a user-friendly
interface. MetaStorm offers both read matching and assembly-based annotation pipelines, while
also enabling customization of reference databases. This allows users to upload databases
containing curated genes of interest to facilitate functional and taxonomic annotation. MetaStorm
also provides enhanced visualization of annotation results, allowing the user to explore and
manipulate taxonomic and functional annotations at various levels of resolution and to compare
annotation for similarities and differences across multiple data samples using various graphs.

2.2

Materials and Methods

Raw data is submitted to the MetaStorm server via a user-friendly web interface. Submitted data
can remain private or be made public depending on user preference. Users are required to create
an account and a profile. This profile allows them to retrieve, submit, analyze, and compare not
only their own samples but also other public projects. MetaStorm stores the metagenomics samples
and results into user projects which describe the features of the metagenomic experiments. If a
project is made public, the raw and any associated results are free for download.
2.2.1

Required data types

MetaStorm requires the user to upload raw sequences in the widely-used FASTQ format [71]. Any
high-throughput DNA sequencing technology (e.g., amplicon or shotgun sequencing) is accepted.
Provision of detailed metadata associated with the samples from which the DNA sequences were
derived is mandatory during the submission process. Provision of metadata is critical to help users
identify similar studies that are already in the MetaStorm repository for additional sample
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comparisons. Data is organized in a manner that facilitates retrieval. A project may contain several
samples and each sample may be nested with several associated studies within it (e.g., taxonomy
annotation, antibiotic resistance, or any functional annotation using both assembly and read
matching pipelines). All user, sample, and project information is stored in a relational database.
2.2.2

Reference database

Apart from a set of standard databases (e.g., CARD [22], UniProtKB [72], and GREENGENES
[73]) (Table 2.1), MetaStorm also allows users to upload and use their own customized databases
as reference databases. The customizability of reference databases is especially useful when
researchers seek to test a hypothesis by comparison against a very specific set of sequences.
Neither MG-RAST nor the EBI-metagenomics Web service allows for customized reference
databases. In this way, MetaStorm enhances user control by allowing them to select reference
sequences.

Database
UniProtKB
CARD
ACLAME
BACMET
CAZy
SILVA
COG
GREENGENE
S

Source
http://www.uniprot.org/help/uniprotkb
http://arpcard.mcmaster.ca/
http://aclame.ulb.ac.be/
http://bacmet.biomedicine.gu.se/
http://www.cazy.org/
http://www.arb-silva.de/

Type
protein
protein
protein
protein
protein
nucleotide

#IDs
551,705
4,120
122,154
444
281,237
1,756,783

annotation
function
function
function
function
function
taxonomy

http://www.ncbi.nlm.nih.gov/COG/
http://greengenes.lbl.gov/cgi-bin/nphindex.cgi

protein
nucleotide

346,378
1,262,986

function
taxonomy

Table 2.1: Default reference databases provided by the MetaStorm Web service

2.2.3

Web-based submission

Submission of metagenomic data is made by an interactive web interface (Figure 2.1). Users are
first required to log into the MetaStorm web site, select (or create) the project they wish to analyze,
and select the desired method (Assembly/Read matching). Once in the project profile page, users
need to insert sample information (number of samples, name of the samples, conditions,
environment, and library preparation), select reference databases, upload raw FASTQ files, and
finally run the annotation pipeline. To simplify the process of data submission, MetaStorm does
not require external files such as Excel spreadsheets for sample description and provision of
metadata (although this functionality can be easily added in a future update if necessary). This
interactive tool also allows users to remove samples and projects or re-run the samples with
different pipelines, visualizing the results as needed.
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REFERENCE DATABASES

Figure 2.1: Main user interface of MetaStorm. Create a new project allows to submit a project
under the user profile. My Projects grant access to the data management interface that includes:
Upload raw files, add samples, remove samples, visualize individual samples and compare
samples. Customize Reference Database gives access to the form for uploading a customized
reference database. Browse projects allows to find samples by biome and/or location.
Comparison tool allows users to compare samples from different projects. Profile allows users to
modify their personal information and password.

2.2.4

Analysis pipeline

Once stored in the MetaStorm server, raw reads are queued for taxonomic and functional
annotations. MetaStorm incorporates two pipelines, the assembly-based pipeline and the readmatching pipeline (Figure 2.2). Selecting the appropriate pipeline depends of several parameters
including: the design of the experiment, the previous knowledge about the experiment, the research
hypothesis and goals. For instance, if the objective is to characterize the most abundant taxonomy
in the community, the assembly pipeline may suffice [58].

8

User
Defined
Reference
Database

Figure 2.2 Pipelines. Overview of the computational pipelines implemented in the MetaStorm
service for taxonomic and functional annotation.

2.2.4.1 Assembly pipeline
Through the assembly process, metagenomics reads are merged into large contiguous sequences
varying in length from several hundred bases to nearly complete genomes providing much richer
information relative to the raw reads [58, 59]. MetaStorm provides a fully automated assembly
pipeline that allows the user to visualize, compare, and analyze the taxonomy and functional
content of a sample or set of samples by matching and computing the abundance. The pipeline for
assembly and gene finding is similar to the methods reported from the MetaHIT consortium [65]
(mainly the metagenome assembly and gene prediction through scaffolds). This pipeline consists
of the following major procedures:
1. Quality control (QC): reads are trimmed and filtered out by TRIMMOMATIC [74] to
remove low quality sequences from the data set.
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2. Assembly: IDBA-UD [75] is a widely used metagenome assembler that has demonstrated
consistent production of high quality scaffolds [76-78]. IDBA-UD is used to assemble the
QC filtered reads. MetaStorm uses the default parameters.
3. Gene prediction: Once a set of scaffolds are assembled, PRODIGAL [79] (metagenomics
version), a microbial gene finding program, is deployed to predict genes within each
scaffold.
4. Taxonomy annotation: Predicted genes are matched to a reference database using two
alignment tools (BLAST [80] and DIAMOND [40]). Currently included are the following
databases:
a. Two 16S rRNA databases (SILVA [81] and GREENGENES [73]). The 16S rRNA
gene abundance is computed by first selecting the best hit (same definition as in
MG-RAST representative hit [82]) to the scaffold-genes from the reference
database using BLASTN [80] and then computing the number of genes that each
taxa contains (E-Value<1e-10, identity >90%). Note that the taxonomy profile is
computed based on the abundance of predicted genes, not the number of reads.
b. A set of marker genes processed by the MetaPhlAn2 [83] pipeline. This technique
is included because whole genome sequencing samples typically contain very low
16S rRNA sequence content [65, 66, 83].
5. Functional annotation: Predicted genes (translated proteins from PRODIGAL) are matched
to the user selected reference databases using the DIAMOND BLASTP aligner [40] [40].
We use the representative hit strategy with an E-value<1e-10, identity>60% over the entire
length [84], and minimum length of 25aa. The reference sequence databases for functional
annotation depend on user criteria. For instance, a user interested in antibiotic resistance
genes may prefer to run the analysis over the CARD database [22], whereas a project
related to the degradation process may use the CAZy database [85].

2.2.4.2 Read matching pipeline
The read matching pipeline conducts taxonomic and functional annotation of metagenomic data
comparing the raw sequence reads to a reference database. This approach is also called marker
gene analysis [58]. For taxonomy annotation, MetaStorm uses a matching scheme similar to MGRAST and EBI-metagenomic where reads are first trimmed out and quality filtered using
TRIMMOMATIC [74] and then mapped to a 16S rRNA sequence database (SILVA or
GREENGENES). To speed up the read matching process, we use Bowtie2 [86], a fast and sensitive
read matching tool specialized for mapping short reads to reference genomes (--local-sensitive,
identity>90%, best-hit-alignment). It has proven to be particularly efficient for matching marker
gene databases; MetaPhlAn2 [44] using Bowtie2 for read matching produced more accurate results
than its earlier version MetaPhlAn1 [64] that uses BLAST. MetaPhlAn2 [83] which uses a set of
clade specific genes, is also offered by MetaStorm to estimate the taxonomic abundance.
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Functional annotation is made comparing the high quality reads to the reference database using
the DIAMOND BLASTX [40] aligner with the representative hit approach [82] (E-value<1e-10,
identity>90%, and minimum length of 25aa).

2.2.5

Sample normalization and comparison

Sample comparison consists of the analysis of relative abundance through a set of samples,
allowing the user to visualize similarities and differences among samples. One of the critical
aspects of sample comparison is data normalization. MetaStorm implement three different
normalization techniques as follows:
1. Scaling: Normalize the number of matches obtained per sample, with relative abundance
between 0 and 100.
2. RPKM: Normalize the number of matches using the Reads per Kilobase per Million
Mapped Reads of each gene.
3. Relative to 16S rRNAs: We use the normalization concept described in [69], which defines
the relative abundance as the copy of a functional gene per copy of 16S rRNA genes.
Normalizations are calculated differently for both pipelines. For the assembly-based pipeline, all
the computations are made in terms of number of matched genes whereas the read-matching
pipeline normalizes the samples using the number of matched reads.
2.2.6

Visualization of taxonomic abundance

MetaStorm offers interactive visualization, allowing users to see in detail the main features of the
sequence context of each sample. A taxonomic tree encodes relative abundance information of
different lineages in the sample. For example, in Figure 2.3, a user interested in the relative
abundance of various kinds of Proteobacteria will find that the genus Achromobacter is the most
abundant. Unlike other metagenomic tools, such as MG-RAST and EBI-metagenomics, we allow
interactive visualization to improve the user experience. In particular, the tree allows users to keep
track of of various levels of the phylogenetic hierarchy. Also, when the user clicks on any specific
node (taxa), all descendants from that node will be displayed as a pie chart. The overall abundance
of a taxonomy level can also be displayed as a pie chart. Node colors represent relative abundance.
All visualization formats are available for the taxonomic annotation methods.
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Figure 2.3. Taxonomy visualization. Taxonomy levels are shown as pie charts (only Family
and Genus are shown for illustration). The interactive tree allows users to follow the path of the
abundant taxas and the chart displays the selected taxonomy level. The right panel shows the hits
distribution to the open node in the taxonomy tree. In this example, the families under the order
Rhizobiales are shown in the left panel.

2.2.7

Visualization of functional abundance

Functional relative abundance is described by a set of interactive pie charts and bar plots (Fig 4 A)
that relate functional categories with the genes involved in each category. Users can select the
reference database to analyze and all the tables in text format can be downloaded. When analyzing
individual samples, read/gene counts are normalized using a linear scale between 0 to 100.
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Figure 2.4. Functional and sample comparison visualization. (A) Functional annotation is
depicted by a pie chart, where the user can select the database to visualize. (B) Sample
comparison visualization using stacked bars for both taxonomy and function. (C) interactive heat
map visualization where users can click on the branches to zoom over the related functions or
taxas.
2.2.8

Visualization of sample comparison

Visualization techniques employed by MetaStorm include: heat maps, stacked bars, and interactive
trees (taxonomy annotation). As for single sample visualization, the response tree shows relative
abundance for each node (taxa) and also for each taxonomic hierarchical level, allowing a high
level of specificity. This type of interactive visualization features (Fig 4 B and 4 C) is not available
in other visualization tools, such as MG-RAST or EBI-Metagenomics.
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2.3

Data access

Similar to MG-RAST and EBI-Metagenomics, all the information on a project tagged public, such
as raw read files, processed files, description files, and visualization tables, are freely available
through MetaStorm. From the home page, the user can access descriptions of all the recently listed
(public) projects and the reference databases that other users submitted. A search tool is available
for users to identify potential sets of reference sequences that can match their analysis.
MetaStorm’s reference sharing capability aims to support 1) the focus of knowledge based on user
runs and 2) the projected run time for reporting MetaStorm results. Expectedly, small customized
databases will report results faster than full reference databases. A novice user can use this
database for analysis and jump to the specific biological problem, thus saving the computing time.
Moreover, the search tool enables users to find similar existing metagenome samples in MetaStorm
(public ones) and include them for more comprehensive comparison studies. Comparison across
different samples is made feasible by the normalization criteria implemented in MetaStorm.
Finally, all the raw and generated files for the metagenomic analysis can be downloaded in a
variety of formats by clicking on the download button of each section in the visualization page.
2.4

Results and Discussion

Compared to other metagenomic resources, such as MG-RAST and EBI-metagenomics,
MetaStorm extends the analysis and visualization of metagenomic samples by: 1) adding a fully
developed assembly-based annotation pipeline, in addition to the read matching pipeline deployed
by these Web servers; 2) offering a customized analysis where the user can select and upload
reference databases, which enables focus on specific genes of interest as well as inter-project
comparison; and 3) interactive visualization capabilities, including an interactive taxonomic tree,
which permit users to interrogate and compare specific aspects of the sequence data. MetaStorm
includes a wide variety of databases used for metagenomics analysis (section customizable
reference database). Those databases have been used as default by several current metagenomics
resources. While the assembly pipeline implemented by MetaStorm is similar to that of the
MetaHIT pipeline [65], it incorporates a more meaningful relative abundance determination in
which copies are normalized to 16S rRNA gene copies [69] . Normalization enables comparison
across multiple metagenomics data sets, including those generated by external labs, empowering
researchers to address broad. This last feature is particularly promising for the future applicability
of the MetaStorm server.
2.5

Conclusion

MetaStorm is a free and public metagenomics resource that enables a more specific user
customization through various improvements of visualization, data management, and user
interactivity. MetaStorm offers two main metagenomic analysis pipelines: the read matching
pipeline (similar to the current web resources) and the assembly pipeline. MetaStorm, unlike any
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other web resources, incorporates user reference customization, which will help to streamline the
annotation process when a research hypothesis requires specific and customized databases.
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CHAPTER 3

IMPROVING ANTIBIOTIC RESISTANCE
ANNOTATION

Growing concerns about increasing rates of antibiotic resistance call for expanded and
comprehensive global monitoring. Advancing methods for monitoring of environmental media
(e.g., wastewater, agricultural waste, food, and water) is especially needed for identifying potential
resources of novel antibiotic resistance genes (ARGs), hot spots for gene exchange, and as
pathways for the spread of ARGs and human exposure. Next-generation sequence now enables
direct access and profiling of the total metagenomic DNA pool, where ARGs are typically
identified or predicted based on the “best hits” of sequence searches against existing databases.
Unfortunately, this approach produces a high rate of false negatives. To address such limitations,
we propose here a deep learning approach, taking into account a dissimilarity matrix created using
all known categories of ARGs. Two deep learning models, DeepARG-SS and DeepARG-LS, were
constructed for short read sequences and full gene length sequences, respectively. Evaluation of
the deep learning models over 30 antibiotic resistance categories demonstrates that the DeepARG
models can predict ARGs with both high precision (>0.97) and recall (>0.90). The models
displayed an advantage over the typical best hit approach, yielding consistently lower false
negative rates and thus higher overall recall (>0.9). As more data become available for underrepresented ARG categories, the DeepARG models’ performance can be expected to be further
enhanced due to the nature of the underlying neural networks. Our newly developed ARG database,
DeepARG-DB, encompasses ARGs predicted with a high degree of confidence and extensive
manual inspection, greatly expanding current ARG repositories. The deep learning models
developed here offer more accurate antimicrobial resistance annotation relative to current
bioinformatics practice. DeepARG does not require strict cutoffs which enables identification of a
much broader diversity of ARGs. The DeepARG models and database are available as a command
line version and as a Web service at http://bench.cs.vt.edu/deeparg.
3.1

Introduction

Antibiotic resistance is an urgent and growing global public health threat. It is estimated that the
number of deaths due to antibiotic resistance will exceed ten million annually by 2050 [28].
Antibiotic resistance arises when bacteria are able to survive an exposure to antibiotics that would
normally kill them or stop their growth. This process allows for the emergence of ‘superbugs’ that
are extremely difficult to treat. A few examples include methicillin-resistant Staphylococcus
aureus (MRSA), a drug-resistant bacteria associated with several infections [87], multidrugresistant (MDR) Mycobacterium tuberculosis, which is resistant to rifampicin, fluoroquinolone,
and isoniazid [88], and colistin-carbapenem-resistant Escherichia coli, which has gained resistance
to last-resort drugs through the acquisition of the mcr-1 and blaNDM-1 antibiotic resistance genes
(ARGs) [89, 90].
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The advent of high throughput DNA sequencing technology now provides a powerful tool to
profile the full complement of DNA, including ARGs, derived from DNA extracts obtained from
a wide range of environmental compartments. For example, ARGs have now been profiled using
this kind of metagenomic approach in livestock manure, compost, wastewater treatment plants,
soil, water, and other affected environments [91-96], as well as within the human microbiome [29,
97]. Identification of ARGs from such samples is presently based on the computational principle
of comparison of the metagenomic DNA sequences against available online databases. Such
comparison is performed by aligning raw reads or predicted open reading frames (full gene length
sequences) from assembled contigs to the database of choice, using programs such as BLAST [98],
Bowtie [86], or DIAMOND [40], and then predicting or assigning the categories of ARGs present
using a sequence similarity cutoff and sometimes an alignment length requirement [20, 99, 100].

Figure 3.1. Bit score vs. identity distribution, illustrating the relationship between the UNIPROT
genes against the CARD and ARDB genes in terms of the percentage identity, bit score, and evalue. Colors depict the exponent of the e-value.
Existing bioinformatics tools focus on detecting known ARG sequences from within genomic or
metagenomic sequence libraries and thus are biased towards specific ARGs [101]. For instance,
ResFinder [99] and SEAR [102] predict specifically plasmid-borne ARGs, and Mykrobe predictor
[103] is dedicated to 12 types of antimicrobials, while PATRIC [100] is limited to identifying
ARGs encoding resistance to carbapenem, methicillin, and beta lactam antibiotics. Most of these
tools use existing microbial resistance databases along with a “best hit” approach to predict
whether a sequence is truly an ARG. Generally, predictions are restricted to high identity cutoffs,
requiring a best hit with an identity greater than 80% by many programs such as ResFinder [99]
and ARGs-OAP [91, 99, 104]. In some studies the identity cutoff is even higher, as high as 90%
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for determining structure and diversity of ARGs through several resistomes [91] or analyzing the
co-occurrence of environmental ARGs [69].
Although the best hit approach has a low false positive rate, that is, few non-ARGs are predicted
as ARGs [92], the false negative rate can be very high and a large number of actual ARGs are
predicted as non-ARGs [101, 104]. Figure 3.1 shows the distribution of manually-curated potential
ARGs from the Universal Protein Resource (UNIPROT) database [105] against the
Comprehensive Antibiotic Resistance Database (CARD) [106] and the Antibiotic Resistance
Genes Database (ARDB) [107]. All of the gene comparisons indicate significant e-values < 1e-20
with the sequence identity ranging from 20% to 60% and bit scores > 50, which is considered
statistically significant [84]. Thus, high identity cutoffs clearly will remove a considerable number
of genes that in reality are ARGs. For example, the entry O07550 (Yhel), a multidrug ARG
conferring resistance to doxorubicin and mitoxantrone, has an identity of 32.47% with a significant
e-value of 6e-77 to the best hit from the CARD database; the gene POCOZ1 (VraR), conferring
resistance to vancomycin, has an identity of only 23.93% and an e-value 9e-13 to the best hit from
the CARD database. Therefore, more moderate constraints on sequence similarity should be
considered to avoid an unacceptable rate of false negatives. On the other hand, for short
metagenomic sequences (e.g., ~ 25aa or 100bp), a stricter identity constraint of ~80% is
recommended [84, 99] to avoid a high false positive rate. In principle, the best hit approach works
well for detecting known and highly conserved categories of ARGs but may fail to detect novel
ARGs or those with low sequence identity to known ARGs [20, 108].
To address the limitation of current best hit methodologies, a deep learning approach was used to
predict ARGs, taking into account the similarity distribution of sequences in the ARG database,
instead of only the best hit. Deep learning has proven to be the most powerful machine learning
approach to date for many applications, including image processing [109], biomedical signaling
[110], speech recognition [111], and genomic-related problems, such as the identification of
transcription factor binding sites in humans [112, 113]. Particularly in the case of predicting DNA
sequence affinities, the deep learning model surpasses all known binding site prediction
approaches [112]. Here, we develop, train, and evaluate two deep learning models, DeepARG-SS
and DeepARG-LS, to predict ARGs from short reads and full gene length sequences, respectively.
The resulting database, DeepARG-DB, is manually curated and is populated with ARGs predicted
with a high degree of confidence, greatly expanding the repertoire of ARGs currently accessible
for metagenomic analysis of environmental data. DeepARG-DB can be queried either online or
downloaded freely to benefit a wide community of users and to support future development of
antibiotic resistance-related resources.
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3.2
3.2.1

Materials and Methods
Database Merging

The initial collection of ARGs was obtained from three major databases: CARD [106], ARDB
[107], and UNIPROT [105]. For UNIPROT, all genes that contained the Antibiotic Resistance
keyword (KW-0046) were retrieved, together with their metadata descriptions when available. All
identical or duplicate sequences were removed by clustering all the sequences (ARDB + CARD +
UNIPROT) with CD-HIT [114], discarding all except one that had 100% identity and the same
length. The remaining set of sequences comprised a total of 2,290 genes from ARDB (50% of the
original ARDB genes), 2,161 from CARD (49% of the original CARD genes), and 28,108 from
UNIPROT (70% of the original UNIPROT genes). This indicates a high redundancy of sequences
within and among the ARG databases.

3.2.2

ARG Annotation of CARD and ARDB

The ARDB and CARD databases both contain information to aid in the classification of ARGs,
including the antibiotic category to which a gene confers resistance (e.g., macrolides, beta
lactamases, or aminoglycosides) and the antibiotic group to which the gene belongs (e.g., tetA,
sul1, macB, oxa, mir, or dha). Manual inspection revealed that some genes have been assigned to
specific sets of antibiotics instead of antibiotic resistance categories. For instance, carbapenem,
carbenicillin, cefoxitin, ceftazidime, ceftriaxone, and cephalosporin are actually a subset of the
beta lactamases category. Thus, a total of 102 antibiotics that were found in the ARDB and CARD
databases were further consolidated into 30 antibiotic categories.

3.2.3

UNIPROT Gene Annotation

Compared to the ARGs in CARD and ARDB, the UNIPROT genes with antibiotic resistance
keywords are less well curated. Therefore, additional procedures were applied to further annotate
the UNIPROT genes. Specifically, based on the CD-hit [114] clustering results, clusters that
contained only UNIPROT genes were classified into two categories: 1) those without any
annotation were tagged as “unknown” and 2) those with descriptions were text mined to identify
possible association with antibiotic resistance.
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Figure 3.2: Preprocessing and UNIPROT ARGs annotation. Antibiotic resistance genes from
CARD, ARDB, and UNIPROT were merged and clustered to remove duplicates. Then
sequences from UNIPROT are annotated using the matches between the metadata and the names
of antibiotic categories from ARDB and CARD.
UNIPROT’s sequence description contains a variety of features including a description of possible
functions of the protein, the gene name based on HUGO nomenclature [115] for each sequence,
and the evidence indicating whether a sequence has been manually inspected or not. A text mining
approach was used to mine the genes’ descriptive features to identify their antibiotic resistance
associations with the 30 antibiotic categories. The Levenshtein distance [116] was used to measure
the similarities between gene description and antibiotic categories. This text mining approach was
used because the names of the antibiotic resistance categories are not standardized among the
databases and flexibility is needed to identify as many antibiotic associations as possible. For
instance, genes linked to beta lactamases were sometimes tagged as beta-lactam, beta-lactamases,
or beta-lactamase. Thus, text mining using all the alternative words allows comprehensive
identification of antibiotic associations for each gene. Using this strategy, genes from UNIPROT
were tagged either to their antibiotic resistance associations based on their description, or to
“unknown” if no link to any antibiotic was found. Then manual inspection was performed to
remove misleading associations that passed the similarity criteria. The final set of genes and their
tagged antibiotic resistance categories are shown in Figure 3.2. Altogether, 16,360 UNIPROT
genes remained after this refinement procedure.
The text mining procedure enabled the UNIPROT genes to become linked to one or more
categories of antibiotics. However, the text mining procedure is purely based on gene metadata.
Therefore, there was no evidence at the sequence level that the UNIPROT genes were truly
associated with antibiotic resistance. For that reason, the UNIPROT gene’s annotation was further
validated by their sequence identity to the CARD and ARDB databases. DIAMOND, a program
that has similar performance to BLAST [117], but is much faster [40], was used for this purpose.
For simplicity, UNI-gene is used here to denote a UNIPROT-derived gene, and CARD/ARDBARG is used to denote a gene derived from either CARD or ARDB (Figure 3.3). According to the
sequence identity, each UNI-gene was classified into the following categories based on their
potential to confer antibiotic resistance defined as an annotation factor:
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1. High quality ARGs (High): A UNI-gene is tagged with a “High” annotation factor if it has
 90% identity to a CARD/ARDB-ARG over its entire length. This similarity cutoff has
been used in other studies to identify relevant ARGs [97, 118] and is stricter than that used
in the construction of the ARDB database [107].
2. Homologous ARGs (Mid): A UNI-gene is tagged with a “Mid” annotation factor if it has
 50% and ≤ 90% identity and an e-value lower than 1e-10 to a CARD/ARDB-ARG and
also consistent annotation to the CARD/ARDB-ARG.
3. Potential ARGs (Manual Inspection): A UNI-gene is tagged with “Manual inspection” if it
has < 50% identity and an e-value lower than 1e-10 to CARD/ARDB-ARGs and also
consistent annotation to CARD/ARDB-ARGs. This gene is considered a potential ARG
but with insufficient evidence and therefore warrants further analysis for the veracity of its
antibiotic resistance.
4. Discarded ARGs (Low): A UNI-gene is discarded if its annotation differs from the best hit
CARD/ARDB-ARG and the e-value is greater than 1e-10. Note the gene can potentially
still be an ARG, but due to a lack of sufficient evidence, it is removed from current
consideration to ensure ARG annotation quality.

Figure 3.3: Validation of UNIPROT annotations. UNIPROT genes were aligned against the
CARD and ARDB databases. The alignment with the highest bit score was selected for each
UNI-gene (best hit) and a set of filters were applied to determine the UNI-gene annotation factor
(AnnFactor).
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Altogether 16,222 genes were tagged in the categories of “High” and “Mid” annotation factors.
After removing sequences annotated as conferring resistance by single nucleotide polymorphisms
(SNPs), a total of 10,602 UNIPROT, 2,203 CARD and 2,128 ARDB genes remained for
downstream analysis. In total the DeepARG-DB comprises 14,933 genes including the three
databases (CARD, ARDB, and UNIPROT). This database was used for the construction of the
deep learning models.

3.2.4

Deep Learning

Supervised machine learning models are usually divided into characterization, training, and
prediction units. The characterization unit is responsible for the representation of DNA sequences
as numerical values called features. It requires a set of DNA descriptors that are based on global
or local sequence properties. Here the concept of dissimilarity based classification [119] was used,
where sequences were represented and featured by their identity distances to known ARGs. The
CARD and ARDB genes were selected to represent known ARGs, whereas the UNIPROT
(High+Mid) genes were used for training and validation of the models. DeepARG consists of two
models: deepARG-LS, which was developed to classify ARGs based on full gene-length
sequences, and DeepARG-SS, which was developed to identify and classify ARGs from short
sequence reads (see Figure 3.4). The bit score was used as the similarity indicator, because it takes
into account the extent of identity between sequences and, unlike the e-value, is independent of
the database size [84]. The process for computing the dissimilarity representation was carried out
as follows. The UNIPROT genes were aligned to the CARD and ARDB databases [106, 107] using
DIAMOND [40] with very permissive constraints: 10,000 maximum number of hits representing
the total number of reported hits to which a UNIPROT gene is aligned, a 20% minimum identity
(--id 20), and an e-value smaller than 1e-10. The bit score was then normalized to the interval [0,
1] to represent the sequence similarity as a distance. Hence, scores close to 0 represent small
distance or high similarity, and scores around 1 represent distant alignments. Thus, a feature matrix
was built where the rows correspond to the sequence similarity of the UNIPROT genes to the
features (ARDB/CARD genes).
A deep learning model, DeepARG, was subsequently created to annotate metagenomic sequences
to antibiotic resistance categories. One of the main advantages of deep learning over other machine
learning techniques is its ability to discriminate relevant features without the need for human
intervention [120-122]. It has been highlighted for its ability to resolve multiclass classification
problems [112, 123-126]. Here, a deep learning multiclass model was trained by taking into
account the identity distance distribution of a sequence to all known ARGs. This distribution
represents a high level of sequence abstraction propagated through a fully connected network. The
DeepARG model consists of four dense hidden layers of 2000, 1000, 500, and 100 units that
propagate the bit score distribution to dense and abstract features. The input layer consists of 4,333
units that correspond to the ARGs from ARDB and CARD. These features are used during training
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and evaluation. To avoid overfitting, random hidden units were removed from the model at
different rates using the dropout technique [127]. Lastly, the output layer of the deep neural
network consists of 30 units that correspond to the antibiotic resistance categories. The output
layer uses a softMax [128, 129] activation function that computes the probability of the input
sequence against each ARG category. The probability is used to define the ARG category to which
the input sequence belongs. The DeepARG architecture is implemented using the Python Lasagne
[130] module, a high-level wrapper for the widely used Theano [131] deep learning library.
Because deep learning demands intensive computational resources, the training was carried out
using the GPU routines from Theano. However, heavy computation was required only once to
train the deep learning model, and the prediction routines do not require such computational
resources.

Figure 3.4: Classification framework. UNIPROT genes were used for validation and training
whereas the CARD and ARDB databases were used as features. The distance between genes
from UNIPROT to ARGs databases is computed using the sequence alignment bit score.
Alignments are done using DIAMOND with permissive cutoffs allowing a high number of hits
for each UNIPROT gene. This distribution is used to train and validate the deep learning models.

Two strategies have generally been used to identify ARGs from metagenomic data; one predicts
ARGs directly using short reads, while the other uses predicted open reading frames (i.e., full genelength sequences) from assembled contigs to predict ARGs. To allow for both annotation strategies,
two deep learning models, DeepARG-SS and DeepARG-LS, were developed to process short
reads and full gene length sequences, respectively. The DeepARG-SS model was designed
specially to classify short reads generated by NGS technologies such as Illumina. Therefore, ARGs
are split into small sequences to simulate short sequence reads (see Figure 3.4B). DeepARG-LS
was trained using complete ARG sequences and can be used to annotate novel ARG genes (see
Figure 3.4A), for instance, in open reading frames detected in assembled contigs from the MetaHit
consortium [132]. Note that each model was trained and validated separately to ensure high
performance.
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3.3

Results and Discussion

To evaluate the performance of the DeepARG models (DeepARG-SS and DeepARG-LS), five
different experiments were conducted and compared to the best hit approach. The prediction
quality was evaluated by precision, recall, and F1-score metrics defined as,
𝑇𝑃

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃+𝐹𝑃,
𝑇𝑃

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃+𝐹𝑁,
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑟𝑒𝑐𝑎𝑙𝑙

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙,
where TP represents true positives (i.e., an ARG from the class of interest is predicted correctly as
that ARG class), FP false positives (an ARG from a different class is predicted as from the class
of interest), and FN false negatives (an ARG from the class of interest is predicted as a different
ARG category).
Note because the first step of the DeepARG pipeline consists of sequence alignment using
DIAMOND, nonARGs (short reads or full length genes) are filtered out and not considered for
further prediction. Therefore, the alignment stage only passes ARG-like sequences that have evalue<1e-10 and identity>20% to DeepARG for prediction. Thus, the performance reflects the
capability of the DeepARG models in differentiating the 30 antibiotic resistance categories.

3.3.1

Antibiotic Resistance Database

After the databases were merged and duplicates were removed, a total of 2,161, 2,290, and 28,108
genes were collected from the ARDB (50% of full ARDB), CARD (49% of all CARD genes), and
UNIPROT (70% of total ARG-like sequences from UNIPROT) databases, respectively. For
UNIPROT genes, a total of 16,222 genes were annotated using the available gene description.
Following validation through sequence similarity and removing genes conferring resistance due to
SNPs, 10,602 UNIPROT, 2,203 CARD, and 2,128 ARDB ARG-like sequences remained. The
resulting database, DeepARG-DB, comprises 30 antibiotic categories, 2,149 groups, and 14,933
reference sequences (CARD+ARDB+UNIPROT). Over 34% of the genes belong to the beta
lactamase category (5136), followed by 28% to the bacitracin category (4205), 7.4% to the
macrolide-lincosamide-streptogramin (MLS) (1,109), 6.1% to the aminoglycoside (915), 5.8% to
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the polymixin (879) and 5.8% to the multidrug (877) classes (see Figure 3.5A). The categories
where the UNIPROT database made the greatest contribution correspond to beta-lactam, bacitracin,
MLS, and polymyxin. However, not all ARG categories were found in the UNIPROT database,
such as elfamycin, fusidic acid, and puromycin, among others (see Figure 3.5B for details). One
of the limitations of DeepARG-DB is its dependency on the quality of the CARD and ARDB
databases. Thus, to avoid the propagation of errors from the CARD and ARDB, gene categories
and groups were manually inspected and corrected. In particular, the ARGs with conflicting
annotations from ARDB and CARD databases. Because UNIPROT and CARD are continuously
updated, the DeepARG-DB will likewise be updated and versioned accordingly as the trained deep
learning models.

Figure 3.5: A) Distribution of the number of sequences in the 30 antibiotic categories in
DeepARG-DB. B) The relative contribution of ARG categories in the ARDB, CARD, and
UNIPROT databases.
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3.3.2

Prediction of Short Sequence Reads

Figure 3.6: A) Performance comparison of the DeepARG models with the best hit approach
using precision, recall, and F1-score as metrics for the training and testing datasets. The
MEGARes bars corresponds to the performance of DeepARG-LS using the genes from the
MEGARes database. B) Precision and recall of DeepARG models against the best hit approach
for each individual category in the testing dataset. *UNIPROT genes are used for testing and not
all the ARG categories have genes from the UNIPROT database.
To simulate a typical metagenomic library, UNIPROT genes were split into 100 nucleotide long
sequences, with a total of 321,008 reads generated. The DeepARG-SS model was subsequently
trained and tested in a manner in which 70% of the reads were randomly selected for training,
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while the remaining 30% were reserved for validation. An overall precision of 0.97 and a recall of
0.91 were achieved among the 30 antibiotic categories tested (see Figure 3.6A). In comparison,
the best hit approach achieved an overall 0.96 precision and 0.51 recall. Achieving high precision
for the best hit approach is not surprising, as the method relies on high identity constraints and has
been reported to predict a low number of false positives, but a high number of false negatives [104].
We observed that both methods yielded high precision for most of the categories (see Figure 3.6B).
However, both methods performed poorly for the triclosan category, likely because the category
was only represented by four genes in the database.
The DeepARG-SS model performed particularly well for antibiotic resistance categories that were
well-populated, such as beta lactamases, bacitracin, and MLS, but not as well for categories
represented by a small number of ARGs, such as triclosan and aminocoumarin. This result is
expected due to the nature of neural network models. As more data becomes available to train the
models, the better their ultimate performance. In contrast, the best hit approach yielded perfect
prediction for some ARG categories containing a limited number of ARGs, but not for categories
with a large number of ARGs (see Figure 3.6B).
For the multidrug antibiotic resistance category, the DeepARG-SS model had an almost perfect
recall (0.99), implying that only a small number of multidrug reads were classified to other
categories. However, the DeepARG-SS model also had the highest false positive rate compared to
other categories (precision 0.27), implying that many non-multidrug reads were annotated as
multidrug sequences. On the other hand, the best hit approach showed a higher precision (0.44),
but a much lower recall (0.44). The multidrug category contains genes that confer resistance to
multiple antibiotic categories such as macrolides, beta-lactamases, glycopeptides, quinolones, as
well as other antimicrobials such as metals [133, 134]. These genes often share similar sequences,
which makes it challenging for computational methods to determine the true identity of a short
read. Therefore, when reads yield a best prediction probability less than 0.9, DeepARG reports the
top two ARG categories for manual inspection. The low precision seen in both methods suggests
that other non-multidrug categories may contain genes that have high sequence similarity to the
multidrug category. This illustrates that there is still much room for improvement in existing
databases.
Contrary to the multidrug category, the “unknown” antibiotic resistance category has a high
precision of 0.87, but a low recall of 0.42, indicating a high false negative rate. Thus, reads from
the unknown antibiotic resistance category can be mistakenly predicted as another antibiotic
resistance category. This highlights the need to check whether the unknown category actually
contains genes from other ARG categories such as beta-lactam, macrolides, or triclosan, among
others. Comparatively, the best hit approach has the worst performance for the “unknown”
antibiotic category (see Figure 3.6B). In general, the DeepARG-SS model demonstrated
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significant improvement in the false negative rate compared to the best hit approach for nearly all
ARG categories.
3.3.3

Prediction of Long ARG-like Sequences

The DeepARG-LS model was trained and tested using full gene-length sequences. The UNIPROT
validated genes were split into a training set (70% of the data) and a validation set (30% of the
data) with the CARD and ARDB databases were used as features. The DeepARG-LS model shows
similar results, with an overall precision of 0.99 and recall of 0.99 for predicting different
categories of ARGs. Better performance in DeepARG-LS than DeepARG-SS is expected, because
longer sequences contain more information than short reads (Figure 3.6). Particularly DeepARGLS achieved a high precision (𝟎. 𝟗𝟕 ± 𝟎. 𝟎𝟑) and an almost perfect recall (𝟎. 𝟗𝟗 ± 𝟎. 𝟎𝟏) for the
antibiotic categories that were highly represented in the database, such as bacitracin, beta
lactamase, chloramphenicol, and aminoglycoside (See Figure 3.6B). Comparatively, the best hit
approach achieved a perfect precision (𝟏. 𝟎𝟎 ± 𝟎. 𝟎𝟎) but a much lower recall (𝟎. 𝟒𝟖 ± 𝟎. 𝟐) for
these categories. Similar to DeepARG-SS, DeepARG-LS did not perform well for categories with
few genes, such as sulfonamide and mupirocin.
3.3.4

Performance Prediction of Known and Validated ARGs

To further evaluate and validate performance, the DeepARG-LS model was applied to all of the
ARG sequences in the MEGARes database [23]. This database contains manually curated ARGs
from CARD [106], ARG-ANNOT [26], and RESFINDER [99]. ARGs conferring resistance by
mechanisms that result from SNPs are removed in this test. Comparison of the DeepARG-LS
prediction with the database annotation yielded an overall precision and recall of 0.94 and 0.93,
respectively (Figure 3.6A). The DeepARG-LS model achieved an almost perfect precision of
0.99 ± 0.05 and recall of 0.96 ± 0.03 for categories with a large number of genes, such as beta
lactamases, elfamycin, fosfomycin, glycopeptides, MLS, and sulfonamide. However, the model
performed poorly for categories that had a small number of genes. For instance, MEGARes has a
Tunicamycin gene that was assigned by the DeepARG-LS model as quinolone with a probability
of 0.6. Such a low probability 0.6 suggests that the gene has more than one annotation. When the
complete annotation for this gene was manually inspected, it was found that the DeepARG-LS
model predicted the correct label (Tunicamycin) with a 0.3 probability, indicating that for this
particular category more gene sequences are required to train the model. The DeepARG-DB
database has only three Tunicamycin genes, which may explain why this gene was not properly
classified. However, it is worth noting that the thiostrepton category was predicted correctly
despite its lower number of training genes. The multidrug category is one of the most difficult
categories to predict, containing about 200 genes. For the multidrug category, the DeepARG-LS
model yielded a 0.7 precision with a 0.6 recall. This result suggests the need to manually inspect
the genes tagged as multidrug as well as the genes from other categories that were assigned to the
multidrug category. Challenges annotating genes belonging to the multidrug category further
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highlights the broader need to review, compare, and seek consensus among different antibiotic
resistance databases.

3.3.5

Validation through Novel ARGs

To test the ability of the DeepARG-LS model to predict novel ARGs, a set of 76 metallo beta
lactamase genes were obtained from an independent study by Berglund et al. [135]. These novel
genes have been experimentally-validated via a functional metagenomics approach to confer
resistance to carbapenem in E. coli. In the study, a large scale analysis was carried out by screening
thousands of metagenomes and bacterial genomes to a curated set of beta lactamases. Using a
hidden Markov model trained and optimized over a set of beta lactamases, 76 beta lactamase
candidate novel genes were collected. Experimental validation was performed and 18 out of the
21 tested genes were able to hydrolase imipenem. Therefore, these 76 beta lactamase genes are
expected to be mostly true ARGs and provide a unique opportunity to further test and validate the
DeepARG-LS model. Interestingly, out of the 76 novel ARGs, the DeepARG-LS model was able
to predict 65 (85% accuracy assuming all 76 are real ARGs) as the correct antibiotic category of
beta lactamase with a probability greater than 0.99. The remaining nine genes were also predicted
correctly by the DeepARG-LS model but were filtered out because of their low alignment coverage
(i.e., <50%; alignment-length/ARG-length). Important to note is that the DeepARG-LS model was
trained across 30 antibiotic categories and was not optimized to detect any one particular antibiotic
category. Therefore, this result strongly demonstrates the capability of the DeepARG-LS model to
detect novel ARGs. Of course, one possibility for the high accuracy of the DeepARG prediction
is that these 76 genes or their closely related genes were included in training the DeepARG-LS
model. To examine this possibility, the 76 beta lactamase genes were compared against all the
sequences in DeepARG-DB using DIAMOND [40] and the best hit for each gene was extracted.
Figure 3.7A shows that, surprisingly, all of the best hits identified in DeepARG-DB had less than
40% sequence similarity to the 76 beta lactamases, indicating that the high accuracy of the
DeepARG prediction is not due to inclusion of these genes and/or their close related genes in
training the DeepARG-LS model. In fact, Figure 3.7B shows the pairwise identity distribution of
the beta lactamase genes used in training. Most of the beta lactamase genes are very similar to each
other with pairwise identities greater than 90%, and only a small number of them having low
pairwise identity values. Taken together, these analyses show that using a diverse set of beta
lactamase genes for training, the DeepARG-LS model was able to learn the specificities of
distantly related genes and consequently detect them. Thus, the DeepARG-LS model shows
promise for the identification of novel ARGs. In contrast, the common practice of using the best
hit approach with a universal 50% (or higher) identity cutoff [136] will fail to detect all these novel
ARGs. Note that the length requirement imposed by DeepARG can be relaxed and adjusted
depending on the specific research question. For example, if identifying as many potential novel
ARGs as possible is the main focus, one can use a more relaxed length constraint than DeepARG’s
default.
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Figure 3.7: A) Identity distribution of 76 novel beta lactamase genes against the DeepARG
database (DeepARG-DB). Each dot corresponds to the best hit of each novel gene where color
indicates the E-value (<1e-10) and size depicts the alignment coverage (>40%). B) Pairwise
identity distribution of the beta lactamase genes in the DeepARG database.

3.3.6

Validation through an in Silico Spike-in Experiment

For metagenomic data sets derived from real-world samples, ARG reads may account for only a
small fraction of the total reads. Thus, it is important to examine how the DeepARG-SS model
performs in situations where non-target genes are dominant. In order to measure the ability of the
DeepARG-SS model to discriminate and identify a small number of ARG reads among a large
majority of nonARG reads, a negative metagenomic data set was constructed that mimics a spikein metagenomic experiment. First, a set of 6,485,966 reads of 100 bps were extracted from several
eukaryote genomes (Homo sapiens, Mus musculus, and Acanthisitta cholirs) to generate the
majority of nonARG reads (since eukaryote genomes are expected to have few ARG-like
sequences). Second, a positive set of ARG reads was built by screening known ARGs against the
bacterial genomes from the PATRIC database [137]. Only regions with an identity between 70%
to 90% over the entire gene with an e-value below 1e-10 were used, and 10,000 short reads of 100
bps were extracted randomly from these regions to form the small set of ARG reads.
Figure 3.8 shows the prediction result of DeepARG-SS for the 10,000 non-dominant ARG reads.
Only one nonARG read was predicted to be a ARG read with an identity of 78%, while the
remaining nonARG reads were discarded during the sequence alignment step due to failure to meet
the requirement for a minimum of 20% sequence identity to at least one of the 4,333 feature ARGs
imposed by deepARG. Thus, even though the data set contains largely nonARG reads, the
DeepARG-SS model was able to identify and predict the small number of ARG reads with high
sensitivity. For example, using the default prediction probability cutoff of 0.8, the number of true
positives (the ARG reads that were predicted to the correct antibiotic categories) is 9976, while
the number of false negatives (the ARG reads that were predicted to the wrong antibiotic categories)
was 24, yielding a 0.99 (9976/10000) sensitivity. These results show that, first, the alignment step
in DeepARG acts as a filter that can effectively remove nonARG sequences, and second, despite
the weak signal, DeepARG-SS predicts ARG reads correctly and with high sensitivity. Note that,
despite the ARG-like regions having 70% to 90% sequence identities to the known ARGs, the
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extracted reads have a much wider range of sequence identity of 50% to 100% to the ARGs due
to different degrees of sequence conservation and diversity along the entire sequences of the ARGs
(Figure 3.8).

Figure 3.8: Prediction result using the DeepARG-SS model to classify ARGs for the spike-in
data set. Results for nonARG reads (eukaryotic reads) are not shown because DeepARG-SS was
able to remove them during the alignment step using DIAMOND.
In practice, the annotation of short reads is often performed with the best hit approach. For this
strategy, an identity cutoff between 80 and 90% to known ARGs is widely accepted as it has a low
false positive rate [136]. When using the 80% cutoff, the best hit method yielded 4486 false
negatives and 5514 true positives, thus a much lower sensitivity (0.55) than DeepARG. As
expected, the best hit approach with these cutoffs can lead to underestimation or even erroneous
inference of ARG contents in metagenomic data sets. Comparatively, the DeepARG-SS model
aims to identify as many true positives as possible and, at the same time, to minimize the number
of false negatives. To achieve this, the DeepARG-SS model examines the distribution of all the
hits instead of relying on the best hit solely. As a result, the DeepARG-SS model was able to
identify the correct antibiotic category and more importantly, to minimize the misclassification
errors by providing a classification probability for each prediction. Our empirical analysis showed
that this likelihood is an important metric to consider when one uses DeepARG for prediction. For
instance, most of the classifications that have low prediction probabilities (<0.5) are wrong and
correspond to reads commonly found in different ARG categories, whereas only two erroneous
predictions were observed for classification with high probabilities (>0.8). Therefore, a probability
cutoff of 0.8 is recommended when performing the classification. In addition, the DeepARG
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probability is independent of the sequence identity, which means that even with low sequence
identities, the likelihood of obtaining the correct classification can still be high.
Still, it is important to clarify that, despite the low false negative and false positive rate of this
evaluation, the performance of the DeepARG models is dependent on the quality of the training
database. As illustrated in Figure 3.8, there are four incorrect classifications that have > 0.75
probability. These errors are likely generated by erroneous labels in the database. Hence, continued
curation and/or validation of ARGs is crucial for improving the accuracy of ARGs predictions.
Also observed were several incorrect classifications with prediction probability < 0.5. The low
probability for these reads suggests that they are predicted to multiple antibiotic categories. As a
result, the probability is shared among different antibiotic categories. To avoid such errors,
DeepARG uses a 0.8 minimum probability cutoff (as default) that can be modified by users.
DeepARG also enables the adjustment of the identity cutoff used during the alignment stage. These
parameters allow users to produce more or less stringent classification according to their needs.
3.3.7

Validation through PseudoARGs

To further examine the ability of DeepARG to discriminate genes that may contain segments of
ARGs but are not true ARGs (i.e., pseudoARGs), a set of pseudoARGs were created. These genes
were constructed by randomly picking k-mers from different ARG categories as follows: To build
one gene, five k-mers of 50 amino acids long were randomly selected from one specific ARG
category. Then, two 50-mers were randomly selected from ten more ARG categories. Finally, this
process was repeated to build 300 genes with partial ARG content. This false positive data set
mimics the cases where genes from different categories share similarities within their sequences,
e.g., the same domains or motifs. The pseudoARG data set was then classified using the
DeepARG-LS model and the best hit approach. As expected, the best hit approach was not able to
filter out the false positive ARGs and produced a high false positive rate of 57% with the identity
cutoff of 50% (Figure 3.9), while using lower cutoffs would increase the number of false positives
even more. In contrast, using the default classification probability cutoff of 0.8, the DeepARG-LS
model was able to filter out 285 of the 300 pseudoARGs (5% false positive rate). This shows the
superiority of the DeepARG-LS model in distinguishing pseudoARGs over the best hit approach,
further supporting that the DeepARG model learns the uniqueness of the ARG categories through
taking into account the similarities of the target sequence to all the ARG categories.
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Figure 3.9: Distribution of DeepARG classification probability and the best hit identity. Each
point indicates the alignment of each “partial” negative ARG against the DeepARG database.
The horizontal line indicates the default setting for DeepARG predictions, i.e., the predictions
with a probability higher than 0.8 are considered by DeepARG as high-quality classifications.

3.3.8

Limitations of DeepARG and Usage Recommendation

The two DeepARG models, DeepARG-LS and DeepARG-SS, are tailored to different ARG
prediction strategies. For example, it is now a common practice for researchers to collect different
environmental samples, sequence the DNA to obtain metagenomic data, and use the data to address
the question “what kinds of ARGs are present in the samples?”. In this case, with the metagenomic
data, one can simply predict the ARG categories where the reads belong to by using the DeepARGSS model directly to the reads, similar to what was done for the in silico spike-in metagenomic
experiment. This task can be done rapidly as experiments demonstrated that predicting 100 million
short reads required only 50 minutes on a personal MacBook pro with i7 processor and 16Gb of
RAM. As pointed out previously, training the DeepARG model is very time consuming, but is
only done once. Alternatively, one can first assemble the short reads into contigs, obtain open
reading frames (ORFs) using an ORF identification/prediction program for the contigs, and then
run the DeepARG-LS model on the ORFs to predict ARG categories. Comparatively, the latter
strategy can be much slower as it involves sequence assembly, but the prediction might be more
accurate than direct prediction on reads. This is expected as the longer the sequences are, the more
information contained, and therefore the more confidence one has in the ARG prediction. This is
also clear from the results where the DeepARG-LS model performed better than the DeepARGSS model (Figure 3.6). In cases where full gene length sequences are readily obtainable such as
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the 76 novel beta lactamase genes, DeepARG-LS can be deployed to predict the corresponding
ARG categories.
Several points are worthy of discussion. First, the DeepARG models were trained across 30 ARG
categories and are intended to predict which of these categories a gene or short read belongs to. It
is not intended and cannot be used to predict antibiotic resistance that arises from SNPs. Second,
the DeepARG models can only predict whether a gene or read belongs to one of the 30 categories
that are considered by the model. If the gene or read belongs to an entirely new ARG category,
DeepARG will not be able to predict it. In such a case, it is worth noting that prediction
probabilities for the 30 categories are expectedly low and one should treat the predictions with
caution and may discard the prediction if a high quality set of ARG predictions is desired. Third,
the performance of the DeepARG models hinges on the quality of the training database, i.e., the
higher quality the training data, the higher prediction accuracy the model. Detailed analyses of the
prediction results suggest that some of the ARG categories may have annotation errors, especially
the multidrug and “unknown” categories, which in turn adversely affects the prediction of the
models. This highlights the importance of continued and synergistic effort from the research
community in curating and improving ARG nomenclature and annotation databases. Fourth, as
with all in silico prediction, the DeepARG models can be used to get an overview or inference of
the kinds of antibiotic resistance in a collection of sequences; strictly speaking, downstream
experimental validation is required to confirm whether the sequences truly confer resistance.

3.4

Conclusions

Here, a new computational resource for the identification and annotation of ARGs derived from
metagenomic data is developed, trained, and evaluated. The deep learning approach proved to be
more accurate than the widely used best hit approach and is not restricted to strict cutoffs, thus
greatly reducing false negatives and offering a powerful approach for metagenomic profiling of
ARGs in environmental compartments. Further, the DeepARG database developed here greatly
expands the available ARGs individually available in the currently most widely used CARD,
ARDB, and UNIPROT databases, including their existing sequence content and extensive
metadata. DeepARG provides a publicly-available database structured into a simple category and
group hierarchy for each ARG. While DeepARG is not intended to replace CARD or ARDB, in
conjunction with deep learning, it aims to improve ARG annotation by drastically reducing the
false negative rate, while maintaining a similarly high true positive rate associated with the
traditional best hit approach. The performance of DeepARG highly depends on the quality of the
training database. Therefore, the inclusion of new entries based on alignment similarity could
integrate genes that have not been validated to produce antibiotic resistance in vivo. However, this

34

in silico gene integration is useful to expand the diversity of ARGs, as it is shown by the analysis
of novel ARGs where distant genes have been predicted to the correct antibiotic resistance category.
The source code for the DeepARG models can be downloaded from a git repository
(https://bitbucket.org/gusphdproj/deeparg-ss). It consists of a command line program where the
input can be either a FASTA file or a BLAST tabular file. If the input is a FASTA sequence file,
DeepARG will perform the sequence search first and then annotate ARGs. If the input is already
a BLAST tabular file, DeepARG will annotate ARGs directly. An online version of deepARG is
also available where a user can upload a metagenomics raw sequence files (FASTQ format) for
ARG annotation (http://bench.cs.vt.edu/deeparg). Once the data is processed, the user receives an
email with results of annotated ARGs with the absolute abundance of the ARGs and the relative
abundance of ARGs normalized to the 16S rRNA content in the sample as used in [19, 20]. This
normalization is useful to compare the ARG content from different samples. The web service also
allows users to modify the parameters (identity, probability, coverage and E-value) of the
DeepARG analysis. With the command line version, the user also has access to more elaborate
results such as the probabilities of each read or gene belonging to the specific antibiotic resistance
categories. In addition to prediction of antibiotic categories and the associated probabilities, the
DeepARG model reports the entries with multiple classifications. In detail, if a read or complete
gene sequence is classified to an antibiotic category with a probability below 0.9, the top two
classifications will be provided. This would help researchers identify reads or sequences with less
confident predictions, and it is recommended that the detailed output be examined together with
domain knowledge to determine the more likely ARG category. The DeepARG-DB is freely
available under the DeepARG Web site (http://bench.cs.vt.edu/deeparg) as a protein FASTA file,
and it is included in the git repository. Each entry in the database has a complete description that
includes the gene identifier, the database where the gene is coming from, the antibiotic category,
and the antibiotic group. For users interested on a particular set of genes, DeepARG also provides
the steps to create a new deep learning model using the architecture of DeepARG. This architecture
is not restricted to ARGs and can be used to train any set of genes.
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CHAPTER 4

CURATION OF ANTIBIOTIC RESISTANCE GENES

Curation of antibiotic resistance gene (ARG) databases is labor intensive and requires expert
knowledge to manually collect, correct, and annotate individual genes. Consequently, most
existing ARG databases contain only a small number of ARGs (~5k genes) and updates to these
databases tend to be infrequent, commonly requiring years for completion and often containing
inconsistencies. Thus a new approach is needed to achieve a truly comprehensive ARG database
while also maintaining a high level of accuracy. Here we propose a new web-based curation system,
ARGminer, that supports the annotation and inspection of several key attributes of potential ARGs,
including gene name, antibiotic category, resistance mechanism, evidence for mobility, and
occurrence in clinically-important bacterial strains. Here, we employ crowdsourcing as a novel
strategy to overcome limitations of manual curation and expand curation capacity towards
achieving a truly comprehensive and perpetually up-to-date database. Further, machine learning is
employed as a powerful means to validate database curation, drawing from natural language
processing to infer correct and consistent nomenclature for each potential ARG. We develop and
validate the crowdsourcing approach by comparing performances of multiple cohorts of curators
with varying levels of expertise, demonstrating that ARGminer is a time and cost efficient means
of achieving accurate ARG curation. We further demonstrate the reliability of a trust validation
filter for rejecting input generated by spammers. Crowdsourcing was found to be as accurate as
expert annotation, with an accuracy >90% for the annotation of a diverse test set of ARGs. The
ARGminer public search platform and database is available at http://bench.cs.vt.edu/argminer.

4.1

Introduction

Antimicrobial resistance (AMR) has been identified by the World Health Organization (WHO) as
a major global health threat. It is projected that AMR will increase exponentially by 2050, leading
to substantial human morbidity and mortality [138, 139]. Therefore, swift action is required to
enable enhanced monitoring and help tackle the spread of AMR, including: understanding the
mechanisms controlling dissemination of antibiotic resistance genes (ARGs) via environmental
sources and pathways [94, 136, 140], discovering novel ARGs before they are found to be
problematic in the clinic [135], developing new computational strategies for ARG annotation [20,
22, 23, 25, 141], and expansion of current ARG repositories [23, 25].
Metagenomic sequencing has provided a powerful means for accessing the diverse array of ARGs,
or “resistomes,” [142] characteristic of various environments [91, 143-145] and has supported the
discovery of novel ARGs and their interactions [29, 92]. Existing metagenomic approaches are
largely dependent upon predicting antibiotic resistance attributes through sequence similarity
computation, which is subject to major limitations. First, such similarity computations require a
high quality and up-to-date ARG reference and annotation database to enable consistent and
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accurate ARG identification. Second, the scope of such analyses is limited to previously
characterized ARGs, either due to the parameter cutoff stringency employed in the sequence
alignment or to lack of a comprehensive target gene for alignment [20].
To improve the capacity of metagenomic-based approaches to broadly and accurately detect the
full range of ARGs present in a given sample, it is necessary to continuously expand and improve
curation of corresponding databases [25]. However, risk of incorporation of false positives, i.e.,
“ARG-like” genes that do not necessarily induce an AMR phenotype, stands as a major
impediment to expanded curation efforts. Therefore, manual inspection and validation of potential
ARG entries is a critical aspect of ensuring the validity of AMR databases and their application.
Manual curation of ARGs is typically carried out by a few experts associated with research groups
committed to maintaining public databases. This process is complex, tedious, and time-consuming.
For instance, the last update of the Antibiotic Resistance Database (ARDB) was in 2009 [24], and,
therefore, it does not contain newly discovered ARGs, such as blaNDM-1 or mcr-1. The MEGARes
database [23], which was designed to simplify the organization of ARG annotation, has not been
updated since December, 2016. The resqu database, which contains genes for which there is
evidence of having been transferred via Mobile Genetic elements (MGEs), has not been updated
since 2013 [21]. The Comprehensive Antibiotic Resistance Database (CARD) [22] is widely
considered to be the most up-to-date ARG resource. First introduced in 2016, CARD has been
updated more than 21 times, with corresponding changes to the ARG sequences and metadata (e.g.,
antibiotic class, gene name, and mechanism). This acutely illustrates how complex and timeconsuming ARG database curation is, even for domain experts.
Attempts have been made to address limitations of currently available databases, including
introduction of new databases, such as the structured antibiotic resistance database (SARG), which
employed intense manual curation to address issues such as inconsistencies in nomenclature and
elimination of single-nucleotide polymorphisms and housekeeping genes [20]. In our own research
group, we previously introduced DeepARG, a computational approach for predicting of ARGs
using deep learning [25]. Along with the machine learning models, we also released a curated
database named DeepARG-DB. This database employs manual curation, literature review of
ARGs, and annotation of ARGs using sequence alignments. DeepARG-DB was first released in
July, 2017, and most recently updated August, 2018. However, the DeepARG database depends
on annotations from multiple resources, making it sensitive to the propagation of errors from other
databases. This highlights the need for a specialized tool that brings all the ARG information from
different resources to easily integrate new ARGs or to validate the annotations of current ARGs.
To overcome the difficulties in curation and manual validation of an extensive number of ARGs,
a novel approach that breaks down this complex task into simpler and smaller microtasks is
proposed. The core of this approach consists of aggregating a compendium of AMR resources and
deploying a crowdsourcing strategy, which simplifies the ARG information to allow nonexperts,
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i.e., the general public, and domain experts collectively to curate the ARG database. Application
of crowdsourcing in biology, particularly for data curation, is not new and comprises a variety of
areas including: name entity recognition (NER) for drug and diseases [146-148], identification of
medically-relevant terms from patient online posts [149], annotation of diseases described in
PubMed [150], and systematic examination of databases and other resources for drug indications,
biomedical ontologies, and gene-disease interactions [147, 151-153]. Interestingly, in most of the
studies, crowdsourcing has proven to be as effective as expert curation [147, 154].
A major problem that encompasses all ARG resources is the lack of a standardized gene
nomenclature. In particular, the naming of ARGs does not follow the general nomenclature for
naming bacterial genes [155]. For instance, macrolide resistance genes are structured so that the
class is indicated in parenthesis (e.g., ole(B), srm(B), vga(B) or ere(B)) [156]. When compared to
tetracycline genes, this gene nomenclature differs radically, because, in tetracycline genes, the
determinant is placed as a capital letter after the gene name (e.g., tetA, tetB, tetC) [156]. At the
same time, those nomenclatures differ from the gene convention proposed to annotate beta
lactamases genes [157]. Other examples to highlight these differences include the aminoglycoside
gene [158] aadA1 found under different names across the available ARG databases (ANT(3’’)-I,
aadA1-pm, ANT3-DPRIME, and ant3ia). Therefore, the diversity and variation in the ARG
nomenclature and naming conventions complicate and greatly hinder consistent ARG curation.
Here, we introduce ARGminer, an online platform to enhance manual curation of ARGs.
ARGminer enables users to curate and retrieve all the information available from several ARG
resources, including CARD [22], DeepARG-DB [25], ARDB [24], MEGARes [23], UniProt [159],
the
National
Database
of
Antibiotic
Resistant
Organisms
(NDARO)
(https://www.ncbi.nlm.nih.gov/pathogens/antimicrobial-resistance/), the structured antibiotic
resistance (SARG) database [20], ResFinder [99], and the ARGANNOT [26] database. Manual
crowd-source-based curation is enhanced by a machine learning model based on word embeddings
[160, 161], a technique widely used in natural language processing (NLP), to aid in validation and
achieve consistency in ARG nomenclature. On the other hand, mobile genetic elements (MGEs),
such as plasmids, phages, and viruses, play an important role in the dissemination of ARGs [136,
159, 162]. Therefore, ARGminer also interfaces with the PATRIC [137] and Classification of
Mobile Genetic Elements (ACLAME) [159] databases, which provide information on potential
carriage of ARGs by pathogens or MGEs, respectively. The ARGminer platform is designed, built,
and implemented as an open-source project facilitating a collaborative and integrative approach
for the standardization of ARG annotation by the broad community of scientists and citizens
motivated by a common desire to contribute towards combating the spread of AMR. ARGminer
also includes a community blog for users to post questions, share solutions and participate in
discussion regarding antimicrobial resistance with the objective to keep the scientific community
actively engaged in the latest updates and development of ARG databases (see Figure 4.1). All
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data associated with ARGminer, as well as the source code, is freely available under a public
repository at http://bench.cs.vt.edu/argminer.
4.2

Materials and Methods

4.2.1

ARG Database

ARGs were downloaded from the following resources: CARD [22], which contains ARG
information; the ARDB [24] database, which comprises a vast number of homology-predicted
ARGs; DeepARG-DB [25], which integrates ARGs from UniProt [72], CARD, and ARDB;
MEGARes [23] database, which incorporates genes from the ARG-ANNOT [26], ResFinder [99],
the Lahey Clinic beta-lactamase archive [163] available from the National Center for
Biotechnology Information (NCBI), the SARG database [20], and the NDARO database version
2 (https://www.ncbi.nlm.nih.gov/pathogens/antimicrobial-resistance/).

Figure 4.1: ARGminer blog available for users to upload questions, posts, tutorials about
analysis of ARGs or general nomenclature questions.
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To obtain a clean collection of ARGs, the DeepARG-DB database was updated with a more recent
version of the CARD (v 2.0.4) and UniProt databases using their corresponding sequence
identifiers. Discontinued UniProt sequences were removed from DeepARG-DB, whereas the
newly-added ARGs from CARD were incorporated. Also, genes from CARD known to confer
resistance due to single point mutations were removed. All sequences from all databases were
clustered to remove duplicates by using cd-hit and identity cutoff of 100%. The resulting collection
of ARGs was then aligned to all databases using DIAMOND [40] and TBLASTN [164] to extract
the best hit of each ARG along with its corresponding metadata. In this manner, each ARG is
represented by its best hit to each database, upholding consistency in annotation among the ARG
resources. The metadata from the UniProt database is accessed via the UniProt API (Application
Programming Interface), which allows retrieval of up-to-date information for each gene. Therefore,
each ARG is displayed in the user interface as a set of sections containing an ARG’s best hits, its
metadata, and the alignment quality. Scores are shown as bars to enhance readability and curator
interpretation (see Figure 4.2A).

Figure 4.2: Evidence of ARGs in ARGminer platform. A) Antibiotic resistance database hits.
B) Mobile Genetic Elements. C) Evidence the ARG is being carried by a pathogen.

4.2.2

Mobile Genetic Element Curation

The ACLAME database [159] primarily houses genes associated with plasmids, viruses, and
phages and was used to identify ARGs that have potential of being mobilized by MGEs.
DIAMOND [40] was used to compare ARGs to MGEs via sequence alignment (parameters e-
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value < 1e-10). Alignment information, along with MGE metadata, is presented in the interface
for users to make a decision on whether an ARG has enough evidence of being carried by an MGE
or not. This evidence is scored from 0 to 5. A colorimetric ranking scale depicts the degree of
confidence for the information presented in the MGE panel (see Figure 4.2B).
4.2.3

Pathogen Sequence Curation

A total of 98,758 bacterial genomes were downloaded from the PATRIC [137] database. This
database contains information about bacterial pathogenicity, antimicrobial resistance phenotype,
corresponding diseases, and host organisms, information that is particularly valuable to clinicians
seeking to identify pathogens and potential antibiotic resistance traits. For instance, the UniProt
gene entry BAE06009.1 was present in 2,037 bacterial genomes, of which, 1,004 belong to
pathogenic bacteria, 40 are involved in cystic fibrosis disease in humans, and 706 exhibit
intermediate and resistant phenotypes (see Figure 4.2C). The collection of ARGs were then
screened against the genome sequences from PATRIC using DIAMOND [40]. To ensure the
quality of the assignments, all genes with an identity below 90% and an alignment coverage below
90% were discarded. Users are asked to rate the potential pathogenicity of known bacterial hosts
of ARGs based on the evidence provided by PATRIC (frequency of pathogenic genomes, diseases,
antimicrobial phenotype, and hosts).

4.2.4

Annotation microtasks

An annotation task consists of labeling ARGs based on the evidence provided on the web site.
Users are requested to classify an ARG in terms of gene name, antibiotic class, and antibiotic
mechanism. In addition, users are asked to rank the evidence that this ARG sometimes occurs on
MGEs or pathogens. A user-friendly web interface makes it easy to follow the annotation process
(Figure 4.3). Through crowdsourcing and converting the complex annotation tasks into achievable
microtasks, ARGminer advocates mass collaboration from an open community that includes both
experts and the general public to tackle the difficult task of ARG annotation.
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Figure 4.3: Annotation process: First, ARG name, antibiotic class and ARG mechanism are
requested to be filled by curator. Then, workers are requested to check the evidence about MGEs
and pathogens and score their observations. Finally, workers are requested to rate their
confidence and expertise in a scale from 1 to 5.

4.2.5

ARG nomenclature prediction

ARGminer includes a machine learning model based on a word embedding representation for the
prediction of the gene name nomenclature given the text metadata information available from
different databases. To this end, information such as ARG names, antibiotic classes, and other text
data was collected from the CARD database [22]. In total 2,355 ARGs’ metadata and names were
used for training and testing the model. Labels were defined as the shape of the ARG names. For
instance, the label for opmE is xxxX, the label for the tetracycline gene tet(A) is xxx(X), and the
label for the Beta-lactamase gene TEM-21 is XXX-N. X, x and N correspond to a letter (uppercase
or lowercase) and a number, respectively. The nomenclature data set for training and testing was
built as follows:
1. Obtain ARG sequences, names, and metadata from CARD.
2. Align CARD sequences to other databases (deepARG-DB, ARDB, ResFinder,
ARGANNOT, SARG, NDARO) and extract the best hit.
3. Extract corresponding metadata for the best hits.
4. Build the data set.
Once the data set was built, 80% of the entries were randomly selected for training and the
remaining for validation. This process was repeated ten times to check consistency and variability
of the results. FastText, a library for text classification and representation using word embeddings
[42, 43], was used to build the model. Briefly, the model was trained with default parameters along
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an embedding space of 100 dimensions during 100 epochs. Figure 4.4 shows the workflow of the
ARG nomenclature prediction framework.

Figure 4.4: General framework used for building the gene nomenclature dataset and to build the
machine learning predictor using the natural language processing library FastText.
4.2.6

Expert gold standard data set

To assess the accuracy and quality of classifications generated by crowd-sourcing, three domain
experts who are actively engaged in environmental ARG research were asked to annotate a gold
standard set of 35 ARGs by name, antibiotic class, and mechanism. In total, 34 out of the 35 ARG
annotations were in agreement among at least two of the three experts in terms of antibiotic class
and gene name. Note that the gene with UniProt accession number AFU35065.1 was labeled with
a different gene name (Isa, Isa-A, Isa-E) by the three experts and therefore removed from the gold
standard dataset. These 34 ARGs were further considered in downstream analysis.
4.2.7

Crowdsourcing microtasks

Annotations were performed by two groups of curators. One group was recruited via Amazon
Mechanical Turk (MTurk), an online platform that allows access to a broad crowdsourcing
audience to perform Human Intelligent Tasks (HITs). When a curator performs an annotation,
ARGminer prompts a token that curators need to submit to the MTurk web site for validation to
then obtain a monetary reward. Because of the high diversity of MTurk curator backgrounds, the
ARGminer HITs were opened to a broad audience, including domain experts and nonexperts, and
curators were allowed to perform a limited number of annotations (maximum 20). Another group
of curators consisted of students enrolled in a graduate-level microbiology class. Not all of the
students possessed deep antimicrobial resistance domain knowledge, but they all had general
familiarity with microbiology.
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4.2.8

User interface

The ARGminer interface has three main components or sections:
1. Current Annotation: Summarizes current available information for a given ARG. It
consists of the gene name, antibiotic class, database from which the sequence was
extracted, and number of times the gene has been inspected by curators (see Figure 4.5A).
2. Evidence: Corresponds to the metadata available for the ARG as well as the best hit from
the CARD, ARDB, and MEGARes databases. It also provides evidence and information
regarding whether the gene is likely carried by an MGE (the ACLAME database) and
whether the gene is known to be found in pathogen genomes (the PATRIC database, see
Figure 4.5B).
3. Microtask: Refers to the section where a curator enters his or her annotation. The
information in this panel must be consistent with the observations from the evidence. It
consists of three simple steps. First, curators must validate the gene name, antibiotic class,
and mechanism by looking at the Evidence section. Second, curators must rank the MGE
and pathogen evidence. Third, curators must rank their overall annotation by scoring their
expertise (how familiar they are with ARGs) and confidence (how strong the evidence is,
see Figure 4.5C).

Figure 4.5: General overview of the ARG-miner platform. A) Current annotation. This panel
contains the current information available for the ARG entry that requires validation. The
“priority ARGs” option enables to curate ARGs in the database that have conflicting annotations.
B) Evidence. This is the main panel and provides all of the metadata and information extracted
from the different databases and resources. C) Microtasks. This section contains the three
microtasks needed for the ARG curation.
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The web interface provides a training step for new users that is mandatory for AMT curators
(required for getting a monetary reward). The goal of this step is to familiarize the curators with
the platform environment by performing two microtasks. ARGminer also provides a list of
problematic ARGs that have inconsistent annotations. These problematic ARGs are identified by
comparing the annotation of the genes with their best hits from ARDB, CARD, and MEGARes.
All tests performed during validation were completed using these problematic ARGs.
ARGminer also provides an administrative interface to update the ARG database. This interface
comprises a set of figures that show the distribution of different labels as well as the MGE and
pathogenic evidence scores. In this interface, ARGminer administrators are able to accept or reject
the annotations made by the crowd and update the ARG database (see Figure 4.6).

Figure 4.6: Administration page of ARGminer. Once a gene is reviewed by a select number of
workers, administrators of ARGminer can evaluate their annotations and approve or disapprove
the crowd classification.
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4.2.9

Trust validation filter

Because of the unsupervised nature of crowdsourcing, users can provide erroneous feedback or
just ignore the evidence and enter random inputs. Under an uncontrolled scenario, spammers can
even get a monetary reward. More critically, too much random and/or erroneous feedback can
increase the variance in ARG annotations and propagate annotation error. To circumvent this
problem, ARGminer implements a trust-validation filter to evaluate whether the input corresponds
to actual evidence or not. This score is computed in real time, and unless the user provides valid
information, the system will not proceed to the next stage. Figure 4.7 shows an example of a user
providing erroneous input for the antibiotic class field.

Figure 4.7: Trust validation blocks entries with values that are not in the evidence section.
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Figure 4.8: Scoring strategy used for annotation of ARGs. A) Majority voting score obtained
from the total number of workers. B) Expertise and confidence normalized from 0 to 1 scores. C)
Strategy to compute the score for the trust validation filter.
4.2.10 Annotation score
ARGminer scores the curation of ARGs based on the majority voting strategy described by Prill.
et. al., [165] weighted by the trust validation-filter score (V), curator’s confidence (C) and
expertise (E). To describe these values, let us assume we want to score the names of a gene 𝑔𝑖 , that
has been inspected by n crowdsourcing curators who had available a total of 𝐿 different gene
names to choose from. The majority voting strategy, the expertise, the confidence and the trust
validation scores can be arranged in a matrix where columns represent the crowdsourcing workers
and rows represent each label (See Figure 4.8). Thus, to measure the score for each labels, we
need to sum up the row scores and divide them by the total number of workers. The final annotation
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score for the label 𝐿𝑖 is equal to the multiplication of the individual scores ( 𝐴𝑖 = 𝑀𝑖 ∗ 𝐸𝑖 ∗ 𝐶𝑖 ∗
𝑉𝑖 ).
4.3
4.3.1

Results and Discussion
Nomenclature prediction

A machine learning model to assist annotators to identify the correct ARG nomenclature was
embedded into the ARGminer platform to assists curators to determine the gene name
nomenclature. To train the model, 17 different gene name shapes with at least 10 genes were
identified (see Table 4.1). Thereafter, to assess the performance of the nomenclature prediction
module in ARGminer, precision and recall over the validation set were computed. Precision
corresponds to the ratio between the number of correctly predicted gene names over the total
number of genes in the validation data set, while recall is the ratio that corresponds to the number
of correctly predicted gene names over the total number of genes with this name. The model
achieved a high precision of 0.87±0.02 and recall of 0.87±0.02 in the validation set composed of
452 entries that were not used during the training process. Table 4.2 shows examples of predicted
gene names along with their input. For instance, the UniProt entry D3JX00 has been reported by
different resources as aadA2, ant2ia, ANT3-DPRIME, and AadA2, the system recommends the gene
name to have the shape xxxXN with a 63% match.
Nomenclature ARG counts ARG Example
XXX-N

1153 CMY-2

xxxX

338 ileS

XXX-X-N

174 CTX-M-124

XxxXN

102 FosA4

XxxX

86 OqxA

xxxXN

65 dfrB6

xxxXX

53 vanXA

XXX(N')-Xx

37 AAC(6')-Ip

xxx

29 cat

XXXX-N

25 HERA-1

xxxN

24 tet32

XXX-N-N

23 OXY-1-6

XXX(N)-Xx

17 ANT(6)-Ia

xxxx

16 mdtl

Xxx(N)

15 Erm(35)

XXX(N')-XXx

12 AAC(6')-IIa

xxx-N

11 arr-8

Table 4.1: Nomenclature shapes detected in CARD. The table shows shapes that have at least 10
genes.
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Training text

Label

CTX-M beta-lactamase cephalosporin antibiotic inactivation bl2be_ctxm ceftazidime
cephalosporin_i cephalosporin_ii cephalosporin_iii monobactam penicillin betalactams CTX
beta_lactam blaCTX-M-15 beta-lactam blaCTX-M-142 beta-lactam CTX-M-142 class A
extended-spectrum beta-lactamase CTX-M-142

XXX-X-N

xxxXXN
vanY glycopeptide resistance gene cluster glycopeptide antibiotic antibiotic target alteration
vanyg vancomycin Glycopeptides VANYG glycopeptide vanY-B glycopeptide VanXY_C2
vancomycin vanG MULTISPECIES: D-Ala-D-Ala carboxypeptidase VanY-G1
major facilitator superfamily (MFS) antibiotic efflux pump tetracycline tetracycline antibiotic xxx(N)
efflux pump complex or subunit conferring antibiotic resistance antibiotic efflux tetc
tetracycline Tetracyclines TETA tetracycline tet30 tetracycline tet(30) tetracycline tetA
MULTISPECIES: tetracycline efflux MFS transporter Tet(30)

Table 4.2: Examples of entries in the data set for the nomenclature predictor. The training test
consists of merging the information from different databases into a long string whereas the label
corresponds to the gene name shape.

4.3.2

Crowdsourcing curators

To assess the effectiveness of the crowdsourcing approach for ARG annotation, we evaluated three
groups of curators with the following attributes:
1. A set of crowdsourcing curators from MTurk, referred to as AMT-Free. In this scenario,
curators were paid $0.10 for each annotation, with the trust validation filter disabled to
examine the reliability of the general crowd. Therefore, curators could input anything as
feedback without restriction. A total of 100 annotations were requested from MTurk for
this test.
2. A second batch of crowdsourcing curators from MTurk, referred to as AMT-Val. In this
case the trust validation filter was enabled. The main purpose of this experimental group
was to measure the effectiveness of the trust validation filter. In this scenario, a total of 200
annotations were requested from MTurk.
3. A group of users with general microbiological knowledge, with varying levels of
experience in ARG research, referred to as LAB. This group consisted of Masters and
Ph.D. students from a microbiology class at Virginia Tech. They completed this work as
an assignment and did not receive any monetary reward. Here the annotations were
performed with the validation filter on, and each curator was requested to perform 15
annotations (540 microtasks in total). The goal of the LAB scenario was to compare its
performance against the non-expert community of MTurk (AMT-Val, AMT-Free).
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4.3.3

Effectiveness of the trust validation filter

Spammers are curators that intend to obtain monetary reward by submitting invalid information,
which is a major confounder to effective crowdsourcing. In the present study, although the
ARGminer web site provides curators with detailed instructions about how to handle the
annotation process, many of the AMT-Free curators submitted misleading or unrelated feedback.
For the antibiotic category annotation task, curators must choose the antibiotic class to which they
believe the gene belongs from a dropdown menu that contains a list of antibiotic classes. Results
indicated that many AMT-Free curators simply selected the first option on the dropdown menu
(aminoglycosides class), most likely without reading the evidence section of the web page. Thus,
it was observed that most of the antibiotic class annotations under the AMT-Free group were
labeled as aminoglycosides. This is a serious hurdle to accurate database curation and indicates the
need for a real time control that guarantees accuracy of the annotation. In terms of performance,
as expected, the AMT-Free group achieved very low scores for all annotations (Figure 4.2).
However, not all curators were spammers. It was observed that a few curators who performed more
than ten microtasks also responded correctly and consistently to their observations and evidence.
After integration of the trust validation filter, MTurk curators were monitored on their feedback
(AMT-Val group) (see Figure 4.9). As a result, the performance of the AMT-Val curators
improved significantly for all fields (antibiotic class, ARG name, and ARG mechanism) when
compared to the AMT-Free group (P=1e-10 for annotation score distributions). Under the new
restriction, MTurk curators were not allowed to continue with the microtask until their annotation
was valid. Under this test, all nonsense input was eliminated and all annotations from the AMTVal group corresponded to actual ARG evidence prompted by the web site. These results
demonstrate the effectiveness of the trust validation filter for the control of spam annotations. In
addition, it was imperative to test the performance of the MTurk curators against domain
knowledge users. The main goal of this test case was to investigate whether a nonexpert crowd
community (AMT-Free and AMT-Val) can perform a complex task with comparable outcomes
as those of a group of curators with domain-knowledge (LAB). As expected, the LAB curators
achieved a much higher average score (0.146) than the AMT-Free curators (0.06), but, surprisingly,
a rather similar score to the AMT-Val curators was observed (0.114). This demonstrates that
crowdsourcing is indeed a powerful alternative to manual inspection and annotation of ARGs by
domain experts. As expected, MTurk annotations (AMT-Val) were characterized by a higher
variance compared to the LAB group in all annotation fields, but the two distributions were not
significantly different (Kolmogrov-Smirnov test: P > 0.05).
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Figure 4.9: Annotation score of the three crowdsourced use cases (AMT-Free: Amazon MTurk
curators without the true validation filter, AMT-Val: Amazon MTurk curators with the validation
filter enabled and LAB: a group of curators with general microbiology domain knowledge and
some antibiotic resistance knowledge. AMT-Val displayed the highest variance. However, this
distribution was closer to that obtained by the curators with domain knowledge. Scores from the
AMT-Free curators were the lowest among the three scenarios, indicating the ineffectiveness of
the crowdsourcing annotation when the curator’s input was not validated.
4.3.4

Effectiveness of the scoring strategy

To evaluate the quality of the scoring strategy, four genes were selected among the total set of
curated genes and examined in greater detail, as illustrated in Figure 4.10. For instance, the
UniProt entry A0A0D0NPG2 is a bifunctional polymyxin resistance protein, ArnA, involved in
several biological processes including coenzyme binding, UDP-glucuronic acid dehydrogenase
activity, lipid A biosynthetic process, and response to antibiotic. This protein builds up the UDPL-4-formamido-arabinose attached to lipid A complex, which is required to confer resistance
against polymyxin and cationic peptides [166].
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Figure 4.10: Distribution of the antibiotic class annotation by the crowdsourcing curators using
the annotation score. X axis corresponds to the antibiotic resistance categories, where black
labels indicate the categories reported by the curators and the top of each box corresponds to the
ARG identifier.
From the crowdsourcing classification, both peptide and polymyxin antibiotic classes were
identified, where polymyxin was characterized by a slightly higher score (Figure 4.10A). A closer
look at the evidence from the antibiotic resistance databases (CARD, ARDB, and MEGARes)
reveals a consensus of the gene towards the polymyxin antibiotic class. The evidence from the
antibiotic resistance databases strongly suggests that the gene entry A0A127SI91 corresponds to
a bl1-EC beta lactamase gene. Figure 4.10C illustrates different crowd classifications (including
all evaluation scenarios). Note that beta-lactam is the dominant class with the highest annotation
score. However, as a consequence of disabling the trust validation filter, several unrelated
categories were accepted, such as aminoglycoside, MLS, multidrug, nitrofurantoin, polyamine,
polymyxin, and even the word “yes”. One particularly interesting observation is the remarkable
similarity among valid annotations. For instance, in Figure 4.10D, the gene AAC76733.1 was
correctly assigned to multidrug as its best classification and to the “multi-drug resistance” category
as its second best classification. Such small semantic differences are not detected by the trust
validation filter. Therefore, under the validation interface, the administrators of ARGminer have
the ability to validate or reject the annotations if needed. Figure 4.10B shows that most curators
assigned the gene A0A0Q9QYU5 to the beta lactamase category. Note that the suggested name
“beta_lactam” is the highest scored among all choices.
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Figure 4.11: Distribution of the prediction of ARG names. ARG names are represented on the x
axis and the y axis indicates the corresponding annotation score. The top of each box
corresponds to the ARG identifier.
Figure 4.11 shows the crowdsourced score for the ARG name classification. As seen for the
antibiotic category annotation, there are cases where the annotations are semantically highly
similar. For instance, the gene A0A127SI91 was tagged as bl1_ec, bl1-ec, or blaec, all
corresponding to the bla1-EC gene name (Figure 4.11C). Note that all these labels were ranked
higher than the other gene names (macb, baca, ba1) and all the unrelated tags such as “mm-58”,
“15”, “yes”, and “middle”. Also, all unrelated annotations were ranked low by the scoring strategy.
Although identification of the antibiotic category for the gene A0A0Q9QYU5 was straightforward,
the detection of its gene name is challenging, primarily because the metadata of this entry does not
include the gene name and because the identity of its best hit alignments is below 30%. This
indicates that the gene has a potential homology to known ARGs. Two ARG databases (CARD
and MEGARes) show a significant best hit e-value (<1e-22) over the mecB gene. For this example,
50% of the curators annotated the gene as mecB whereas the other 50% annotated it as
ash00_000180. Also, curators yielded a higher confidence for the mecB gene (2.6 average
confidence score) compared to the ash00_000180 (2.3 average confidence score). As a result,
mecB achieved a slightly higher score. To document any uncertainty, ARGminer recommends that
users retain the original label if the evidence is not convincing. For the other examples (Figure
4.11A and 4.11D), the crowd classified the gene names according to the observed evidence.
4.3.5

Annotation analysis

To assess the accuracy of the crowdsourcing annotation, genes that were inspected by fewer than
10 curators were removed from the total pool of classified genes. Then, a total of 35 genes were
identified and manually curated by three domain experts according to antibiotic class and gene
name. It was found that experts achieved an annotation pairwise correlation of 0.96 ± 0.02,
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indicative of an almost perfect classification agreement. Genes that were classified to the same
label by at least two experts were used as the gold standard data set. This benchmark was then
used to measure the performance of the crowdsourcing curators where labels were selected based
on the greatest annotation score.
The crowdsourcing classification of the antibiotic classes was essentially just as accurate as the
expert annotation (94% Positive Predictive Value - PPV). In other words, 33 out of 35 genes
labeled via crowdsourcing matched the expert classification. The genes for which the curators
failed to identify the correct antibiotic class were a quinolone ARG annotated as multidrug
(YP_001693238) and a multidrug gene annotated as quinolone (NP_358469.1). The classification
of the ARG names proved to be a challenging task. Indeed, experts did not fully agree about the
correct name of five ARGs. However, only one of those conflicting genes was assigned a different
classification assigned by all three experts. This gene corresponded to a macrolide gene
(AFU35065.1), which was tagged as Isa, Isa-A, and Isa-E by the three experts. Thus, this gene
entry was removed for the gene name analysis comparison and the final control data set contained
34 genes. When comparing the gene name annotation from the crowdsourcing curators, their
prediction had a 97% PPV. This indicates that only one gene was not correctly classified by the
crowd (J2LT98). By examining the details of this gene in ARGminer, all three ARG databases
agreed that the gene belonged to the SHV group, with markedly high scores. However, CARD
labeled it as the SHV variant 1 (SHV-1), ARDB labeled it as variant 2 (SHV-2), and MEGARes
labeled it as the SHV group, without specification of a variant. An interesting aspect with respect
to this particular ARG is that variants are defined by specific amino acid modifications [167], thus
these genes are highly similar and identifying the correct variant by using sequence alignment is a
particularly difficult task. This aspect has the potential to confuse curators when classifying genes
that are highly similar. Interestingly, by examining the crowd results, curators were able to discard
the SHV variant 2 (99.3% identity), but they were not able to differentiate between the SHV variant
1 and the SHV group (both have the same score). These results suggest that crowdsourcing curators
are able to follow the correct track, even in the face of complex tasks. Interestingly, the gene name
prediction model assigned the gene name nomenclature to XXX-N with a probability of 0.79,
which corresponds to the nomenclature followed to name SHV beta-lactamase genes. Because of
the risk of propagation errors, the updating process of ARGs requires administrator approval for
new database releases in the ARGminer web site. Overall, the crowd exhibited performance
comparable with the experts, but in much less time. These results suggest that crowdsourcing
annotation is a strong alternative to manual classification and validation of ARGs by domain
experts.
4.3.6

Expertise and confidence

ARGminer asks users to rate their own expertise in the analysis of ARGs on a scale of 1 to 5.
Figure 4.12A shows the distribution of the expertise score against the correct or incorrect
annotations for the antibiotic category classification (including all scenarios: AMT-Free, AMT-
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VAL, and LAB). Surprisingly, it is clear that having expert knowledge does not really make a
difference in the quality of the classification. Indeed, because of the open nature of AMT, most of
the curators are not experts and have little knowledge about ARGs. From Figure 6A, it is also
evident that the proportion of correct annotations was higher compared to the incorrect
classifications (the size of the dot indicates the number of annotations). This result suggests that
accurate detection of the correct antibiotic resistance category does not necessarily require domain
expertise. On the other hand, curators were also required to rate their confidence in the annotation.
Figure 4.12B shows that self-rated confidence is a strong predictor of the quality of the annotation.
The distribution of the confidence score indicates that higher confidence correlates with more
accurate results. For instance, 95% of the curators who rated their confidence with 5 stars achieved
correct annotation and only 5% missed. This strongly suggests that the confidence score is a
superior indicator of correct annotation over the expertise score.

Figure 4.12: Expertise and confidence levels of the curators. The size of the points indicates the
number of tasks; the x axis corresponds to the score level and the y label shows the expertise and
confidence parameters. Color depicts correct and incorrect classifications.

4.4

Conclusions

Here we develop, launch, and validate a new web platform, ARGminer, a powerful system that
harnesses the power of crowdsourcing for advancing robust and comprehensive curation of ARGs.
ARGminer enables easy access to key relevant information pertaining to ARGs, including
metadata, evidence of ARGs being carried by pathogens, and the possibility of ARGs being
mobilized by MGEs. Further, it enables a simple, but powerful, tool for the curation of ARGs
designed to provide accurate information represented in a noncomplex way that can be validated
by users without the requirement of domain knowledge. Results demonstrated not only that
crowdsourcing curators yield curations as accurate as experts, but they are also more efficient than
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ARG-domain experts. Thus, ARGminer opens the possibility of a truly comprehensive, accurate,
and perpetually up-to-date publicly available ARG database.
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CHAPTER 5

ANNOTATION OF LONG NANOPORE READS

Direct and indirect selection pressures imposed by antibiotics and co-selective agents and
horizontal gene transfer are fundamental drivers of the evolution and spread of antibiotic
resistance. Therefore, effective environmental monitoring tools should ideally capture not only
antibiotic resistance genes (ARGs), but also mobile genetic elements (MGEs) and indicators of
co-selective forces, such as metal resistance genes (MRGs). A major challenge towards
characterizing the potential human health risk of antibiotic resistance is the difficulty in identifying
ARG-carrying microorganisms, of which human pathogens are arguably of greatest risk.
Historically, short reads produced by next-generation sequencing technologies have hampered
confidence in assemblies for achieving these purposes. Here, we introduce NanoARG, an online
computational resource that takes advantage of the long reads produced by nanopore sequencing
technology. Specifically, long nanopore reads enable identification of ARGs in the context of
relevant neighboring genes, thus providing valuable insight into mobility, co-selection, and
pathogenicity. NanoARG allows users to upload sequence data online and provides various means
to analyze and visualize the data, including quantitative and simultaneous profiling of ARGs,
MRGs, MGEs, and putative pathogens. NanoARG is a Web platform dedicated to the analysis of
ARGs from nanopore sequencing metagenomes and provides context of co-located genes,
including ARGs, MGEs, MRGs, and taxonomic markers. A user-friendly interface allows users
the analysis of long DNA sequences (including assembled contigs), facilitating data processing,
analysis, and visualization. NanoARG is publicly available and freely accessible at
http://bench.cs.vt.edu/nanoARG.
5.1

Introduction

Antimicrobial resistance (AMR) compromises the ability to prevent and treat infectious disease
and represents a highly significant and growing global public health threat [168]. It is currently
estimated that the annual number of deaths worldwide due to antibiotic resistance will top ten
million by 2050 [28]. In response, numerous national and international agencies have called for
expanded monitoring both in the clinic as well as in environmental settings. In particular,
environmental monitoring can provide insight into not only human and agricultural inputs of
antibiotic resistant bacteria and antibiotic resistance genes (ARGs), but also factors contributing
to the evolution and spread of resistant pathogens. For instance, various environmental
compartments, such as wastewater treatment plants, livestock lagoons, and amended soils, can act
as “environmental reactors,” in which resistant bacteria discharged from domestic, hospital,
industrial, and agricultural waste streams have the opportunity to interact with native aquatic and
soil bacteria in the presence of selection pressures to potentially give rise to new resistant forms
[140, 169]. Humans may subsequently be exposed to resistant organisms via consumption of food
crops affected by biological soil amendment or irrigation, as well as through contact with treated
and untreated water used for recreational, hygienic, and potable purposes [29, 170].
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Molecular-based monitoring presents many advantages over culture-based techniques for tracking
antibiotic resistance in the environment. This is particularly true with respect to the potential to
recover rich information regarding the carriage and movement of ARGs within complex microbial
communities. Culture-based techniques are time consuming and only provide information about
one target species at a time, thus potentially overlooking key microbial ecological processes that
contribute to the spread of AMR. Thus, directly targeting ARGs as “contaminants” of concern that
transcend bacterial hosts has gained popularity. In particular, horizontal gene transfer (HGT) [171]
plays a critical role in the rise of new resistant strains and the dissemination of AMR in microbial
ecosystems [172]. Intercellular transfer of ARGs among bacteria is facilitated via mobile genetic
elements (MGEs) including integrons, transposons, or plasmids [173]. Integrons are key genetic
elements of interest as they facilitate capture of multiple ARGs and are often embedded in MGEs,
thus effectively functioning as vehicles for dissemination of multidrug resistance [162]. The
mechanisms involved in HGT include conjugation, transformation, transduction, and homologous
recombination, where DNA is incorporated by transposition, replication, and integration [173].
Multi-drug resistance has emerged as a major clinical challenge. For example, methicillin resistant
Staphylococcus aureus (MRSA) is responsible for major hospital infections, with few options for
treatment, especially when resistant to vancomycin [174]. More recently, New Delhi Metallo beta
lactamase (blaNDM-1) has emerged as a major concern, as it encodes for resistance to powerful
last-resort carbapenem antibiotics and is carried on a highly mobile genetic element associated
with multi-drug resistance that has been detected in several different pathogenic species, including
Escherichia coli, Klebsiella pneumoniae, Providencia rettgeri and Acinetobacter baumannii [175177]. This example emphasizes that, ideally, monitoring technologies should provide a rapid and
robust characterization of ARGs and their likely association with MGEs, multi-drug resistance,
and carriage by pathogen hosts. In this regard, shotgun metagenomic sequencing techniques have
emerged as a promising tool for the characterization of the diverse array of ARGs found in different
environments [30, 169, 178, 179]. In particular, high-throughput next-generation DNA sequencing
technologies, such as the Illumina platform [132] and 454 pyrosequencing [180, 181], have
enabled a new dimension to ARG monitoring in the environment.
While providing unprecedented amounts of sequence information (360,081 metagenomes
processed on MG-RAST [182], a total of 20,120 samples on EBI-metagenomics [5], and 3,038 on
MetaStorm [19]), a major drawback of these technologies is the very short DNA sequence reads
produced, at most a few hundred nucleotides long. Nonetheless, next-generation DNA sequencing
is growing in use as a powerful means of profiling ARG occurrence in various environments.
ARGs can be identified by direct annotation through comparing sequences against available ARG
databases. This enables relative quantitative comparisons, including relative abundance
calculations (e.g., normalization to 16S rRNA genes or total ARGs). Alternatively, short reads
can be assembled into longer contigs for assembly-based annotation, which can improve resolution
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in identifying ARGs and can also provide information about neighboring genes. Both approaches
have limitations. The first can only be used to detect previously-described ARGs that populate
available databases [183] and requires determination of an arbitrary DNA sequence identity cutoff
[20]. This process generally undermines the possibility to identify novel ARGs, although a novel
similarity based method was recently proposed to annotate ARGs with low similarity to existing
database ARGs [25]. Assembly, on the other hand, requires deeper and more costly sequencing
along with greater computational resources [184] and still can produce incorrect contigs and
chimeric assemblies [185]. For these reasons, it is important to be cautious in interpreting results
derived from the assembly of short sequence reads because of the possibility of assembly errors
and the lack of standard means to estimate confidence in assembly accuracy [75, 186, 187]. Also,
the quantitative value of data is lost following assembly.
In 2014, Oxford Nanopore Technologies (ONT) released the MinION nanopore sequencer, which
provides long sequence reads averaging 5kb in length [38] and even upwards of 100kb [188]. A
major disadvantage of nanopore technology, however, is the high error rate, estimated by Jain et
al. (2016) to be below 8% [189]. However, this error rate represents a marked improvement over
an earlier estimated error rate of 38% [190], with a general trend towards reduced error rates with
the help of read correction algorithms [8]. It has been shown that nanopore technology can produce
highly accurate assemblies, in the range of 95% when applied to whole-genome sequencing [191193]. Nanopore sequencing has also been applied for shotgun metagenomics, including
identification of viral pathogens [194], assessment of microbial diversity in extreme
environments [195], and detection of ARGs in various environments [103, 196-200]. To date,
nanopore sequencing has not been applied for the purpose of metagenomic profiling of ARGs in
environmental samples.
Long length nanopore reads offer a unique opportunity to explore the context of ARGs in terms of
co-occurrence and potential for mobility. Unlike de novo assembly of short reads into longer
contigs, while might produce chimeric sequences [201], nanopore sequencing inherently yields
long sequences, thus reducing the potential for chimeras. Therefore, nanopore sequencing has
potential to become a powerful tool for the identification of the coexistence of ARGs, MGEs, and
MRGs. Such an approach could substantially advance environmental monitoring approaches,
providing insight into the potential dissemination of AMR through co-occurrence and co-selection
of ARGs and other relevant genes and genetic elements [69, 97, 118]. The co-occurrence of ARGs
and MGEs also enables tracking of evidence of genetic events of interest, such as HGT [200].
Here, we introduce NanoARG, a user-friendly online platform that enables comprehensive
profiling of ARGs in environmental samples using nanopore sequencing data. In addition to
comprehensive ARG profiling, NanoARG also provides identification of MRGs, MGEs,
taxonomic markers, and sequences with high similarity to known pathogens, along with interactive
visualization of linkages among these various elements on the same DNA strand. To demonstrate
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the potential of NanoARG for environmental ARG profiling, several MinION nanopore
sequencing libraries, including environmental and clinical samples, were analyzed. The Web
service is freely available at http://bench.cs.vt.edu/nanoARG/. It requires a user login and
subscription to upload and process nanopore sequencing data.

5.2
5.2.1

Materials and Methods
Web Service and Pipeline

Figure 5.1 illustrates the NanoARG architecture. The workflow has three major components: 1) a
web interface, where users can upload data and monitor the progress of the analysis (Figure 5.1A);
2) a REpresentational State Transfer (RESTful) application program interface (API), which
monitors and sends the raw MinION nanopore sequencing data to a computing cluster for
processing (Figure 5.1B); and 3) a backend platform for retrieval of results and downstream
analyses (Figure 5.1C), such as taxonomic annotation, gene co-occurrence analysis, human
pathogen-like sequence detection, network analysis, and multiple sample comparisons. The
nanopore reads are screened against databases currently available using different ‘omics tools,
both of which will be updated in the future when an improved version is available. Results are
stored as JavaScript Object Notation (JSON) files. Metadata and user information are encrypted
and stored in a Mongo database. The workflow runs on a large distributed system in the Advanced
Research Computing (ARC) center at Virginia Tech. The cluster is managed by the qsub queuing
system [202].
The Web service provided by NanoARG includes several features to facilitate analysis of
environmentally-derived metagenomic data obtained via nanopore sequencing. Users can submit
data to the NanoARG Web service using a simple graphical user interface (Figure 5. 2A). In the
current version of NanoARG, data submitted to the system is stored privately. To start using the
service, users are required to register an account with their email address, which allows them to
manage and control submitted samples and projects. Users can voluntarily share their projects with
other users by sharing additional email addresses. To create a project, a few parameters, such as
name, description, and biome type (Figure 5. 2B), are required. Inside each project, users can add
new samples, run new analyses, or remove or rerun existing samples (Figure 5. 2C).
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Restful API

Figure 5.1: NanoARG architecture. A) The Frontend is the link between users and the analytical
tools, allowing raw data upload and results visualization. B) A backend RESTful API manages
the data, triggers the analysis, and monitors the status of the analysis. C) The computing cluster
module processes the data and executes ARG, MGE, MRG and taxonomic profiling.
NanoARG provides several types of visualizations to interpret the results and allows users to
download results (e.g., absolute and relative abundances, co-occurrence network associations,
taxonomy annotations, and ARG context patterns) in a tabular format containing the fields required
for tuning the results (E-value, identity percentage, and coverage). These tables can be used for
further processing and statistical analysis. The NanoARG Website was developed using the
Google Angular 5 framework (https://angular.io), the back-end was developed with the Node.js
framework (https://nodejs.org/en/). Finally, the computing pipeline was developed using the Luigi
framework, allowing the monitoring and rescheduling of jobs that failed during execution
(https://github.com/spotify/luigi).
5.2.2

Required Data Types

NanoARG requires users to upload nanopore reads in FASTA format [203], thus requiring that the
users have already preprocessed the raw fast5 files from the nanopore sequencing device. This step
can be done using a base-calling program such as Albacore [204], Metrichor [38], or Nanocall
[205], with a sequence extractor toolkit such as poretools [206]. Barcode recognition and read
sorting by barcodes can be conducted along with base calling. Before submitting data to the
system, users must provide simple metadata consisting of sample name, biome, location, and
comments and can also manually enter details about DNA extraction methodology, if so desired.
Then, following four simple steps (insert metadata, upload files, set up parameters, and execute),
users can submit the data and initiate analysis (Figure 5. 2A).
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5.2.3

Data Processing

Once the data is uploaded to the computing cluster, it is processed by several modules that perform
a set of tasks to obtain annotation profiles for ARGs, MGEs, MRGs, and associated taxa (Figure
5. 3). The status of the analysis can be easily monitored through the user interface (Figure 5. 2C).

Figure 5.2: User Interface. A) Steps and metadata required to upload samples to NanoARG. B)
Projects are organized based on the creation date and visualized as a timeline post. C) List of
samples under a project displaying basic metadata (Biome), the monitor variable (Status) and the
three actions that can be performed by users.
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Figure 5.3: General overview of the NanoARG pipeline. FASTA input reads are processed by
five modules to annotate reads according to ARGs, MRGs, MGEs, other functional genes and
taxonomic affiliation. Annotations are then processed through several stages to achieve the
desired analysis (relative abundance, network analysis, co-occurrence, and putative pathogens).
All analyses are packed into a JavaScript Object Notation (JSON) file that can be easily streamed
using an http request.
5.2.4

Clustering of Local Best Hits for Annotating ARGs, MRGs, and MGEs

Traditionally, the analysis of long sequence reads, such as assembled contigs, is achieved by first
identifying open reading frames (ORFs) within the sequences [19, 144, 207, 208] and then
searching (e.g., by utilizing BLAST) the ORFs against a database for functional annotation. While
nanopore sequences are analogous to long contigs, the high sequencing error rate can limit
detection of ORFs. Therefore, NanoARG deploys DIAMOND [40] to align reads against the
corresponding databases. Then, it clusters all the local best hits into regions, and determines the
annotation of each region using either the best hit approach or the DeepARG prediction [25], as
shown in Figure 5.4. Specifically, DIAMOND [40] is run with permissive parameters (E-value
1e-5, identity 25%, coverage 40%, and --nk 15000), while bedtools [209] is used to cluster the
local best hits in each read into regions. Table 5.1 describes the databases, methods, and
parameters used in nanoARG. The resulting regions/clusters are then annotated for ARGs, MRGs,
and MGEs, as detailed below.
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Module

Database

Method

Parameters

ARGs

deepARG-db

deepARG-LS

--iden 25 --prob 0.5 --cov 0.4

MGEs

NCBI-NR + I-VIP

Diamond

--evalue 1e-5 --iden 25 --nk
15000

Diamond

--evalue 1e-5 --iden 25 --nk
15000

Bacteria, Aarchaea, Viruses,
Taxonomy Human

Centrifuge

default

Pathogens ESKAPE + WHO

Pattern matching to NCBI Taxa
ID

-

MRGs

BacMet

Table 5.1: NanoARG modules, parameters and methods

5.2.5

ARG Module

Following the clustering procedure of the local best hits to identify putative regions of interest
(Figure 5. 4), NanoARG uses the DeepARG-LS model, a novel deep learning approach developed
by Arango-Argoty et al. [25] to detect and quantify ARGs within the regions. A fundamental
advantage of the DeepARG model is its ability to recognize ARG-like sequences without requiring
high sequence identity cutoffs, which is especially useful for nanopore sequences with high
sequencing error rates. The DeepARG-LS model is applied with permissive parameters,
specifically, an identity cutoff of 25%, a coverage of 40%, and a probability of 0.5, to predict that
a region corresponds to an ARG.
Abundance of ARG classes and groups is estimated by the copy number of ARGs. To enable
comparison of ARG abundance across samples, analogous to the approach described by Ma et al.
[207], the copy number of ARGs is normalized to the total gigabase pairs (Gbp) of the sample to
obtain the relative ARG abundances:
𝐶

𝐴𝑖 = 𝐶 𝑖 (1),
𝑔

where 𝐶𝑖 corresponds to the total count of ARG 𝑖 (copies of the ARG) and 𝐶𝑔 corresponds to the
size of the data set in Gbp, that is, 𝐶𝑔 = Γ/𝜇𝑔 , where Γ is the total number of nucleotides in the
library and 𝜇𝑔 = 1 𝑥 109 corresponds to 1 Gbp.
5.2.6

MRG Module

To annotate MRGs, NanoARG queries the BacMet database [210]. Following clustering of the
local best hits to identify putative regions of interest (Figure 5.4), NanoARG identifies and
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categorizes clusters to MRGs according to their best hits. Absolute (copy number) and relative
abundances of MRGs are computed using Equation (1).

Figure 5.4: Annotation pipelines. A) Identification of ARGs: Input nanopore reads are aligned to
the DeepARG database using DIAMOND. Alignments are clustered based on their location and
annotations are performed using the DeepARG-LS model. B) Local Best Hit Approach:
Identification of the functional genes within the nanopore reads. Alignments are clustered based
on their location and the best hit for each cluster is selected. Resulting alignments are filtered out
based on sequence alignment quality.

5.2.7

MGE Database and Annotation Module

MGEs were extracted using the non-redundant database from National Center for Biotechnology
Information (NCBI) by using a keyword search [92]. Thus, genes related to any of the following
keywords — transposase, transposon, integrase, integron, and recombinase — were labeled as
associated MGEs. In addition, a set of integrases and class 1 integrons (IntI1) were added from the
integron-integrase (I-VIP) database [211]. All sequences were clustered using CD-HIT [212] with
an identity of 90%. The resulting MGE database consists of 227,640 genes. Similar to the
annotation strategy adopted for MRGs, nanopore reads are annotated using the MGE database and
relative abundance of MGEs is computed using Equation (1).
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5.2.8

Taxonomic Annotation Module

Nanopore reads are classified according to taxonomic lineage using Centrifuge [213], a fast and
accurate metagenomic classifier that uses the Burrows-Wheeler transform (BWT) and FM-index.
Centrifuge is executed with default parameters (--min-hitlen 25 -f -k 50). Taxonomic relative
abundance is estimated by Centrifuge using an expectation maximization (EM) algorithm similar
to the one used in Cufflinks [214] and Sailfish [215]. This allows the abundance estimation to be
sensitive to genomes that share nearly identical genomic regions. Therefore, each nanopore read
is assigned to a particular taxonomic lineage. In addition, nanopore reads not successfully
processed by Centrifuge are labeled as unknown.

5.2.9

Co-occurrence of ARGs, MGEs, and MRGs

To support users in exploring the co-occurrence of ARGs, MGEs, and MRGs in nanopore data
sets, NanoARG reports all reads that contain at least one ARG, along with its neighboring genes.
This data is presented in a tabular format, where each entry contains the start position, end position,
gene coverage, percent identity, e-value, strand (forward or reverse), and taxon corresponding to
each read. Furthermore, NanoARG provides a gene map that depicts the gene arrangement, which
is useful for visualizing the gene’s co-occurrence and context. Overall co-occurrence patterns are
depicted as a network, where nodes represent genes, node sizes represent the number
of occurrences, edges between nodes represent genes’ co-occurrence, and edge thickness depicts
the number of times the co-occurrence pattern is observed in the data set. Links among nodes are
added according to their co-occurrence among the nanopore reads. The network is rendered using
cytoscape.js [216].
5.2.10 World Health Organization Priority Pathogens
The WHO listed a set of pathogens that are of particular interest with respect to the spread of
antimicrobial resistance [217]. This list consists of three priority tiers, namely, critical, high, and
medium, as described in Table 2. Similarly, the ESKAPE database houses multidrug bacterial
pathogens that are critical to human health [218]. These two resources are employed by NanoARG
to identify the potential presence of critical pathogens in the nanopore sample. Briefly, nanopore
reads are matched against sequences available for critical pathogens by examining the NCBI
taxonomic identifier downloaded from the NCBI taxonomy Website. Note that NanoARG refers
to these hits as “potential” pathogens because the presence of true pathogens cannot be confirmed
without higher resolution methods, such as whole genome sequencing and viability confirmation.
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Type

Species

Antibiotic

Critical

Acinetobacter baumannii

carbapenem

Pseudomonas aeruginosa

carbapenem

Enterobacteriaceae

carbapenem, ESBL-producing

Enterococcus faecium

vancomycin

Staphylococcus aureus

methicillin, vancomycin

Helicobacter pylori

clarithromycin

Campylobacter spp.

fluoroquinolone

Salmonellae

fluoroquinolone

Neisseria gonorrhoeae

cephalosporin, fluoroquinolone

Streptococcus pneumoniae

penicillin

Haemophilus influenzae

ampicillin

Shigella spp.

fluoroquinolone

High

Medium

Table 5.2: Twelve species of pathogenic bacteria prioritized by the World Health Organization
(WHO) as representing substantial antibiotic resistance concern. WHO classification is based on
the three categories according to the impact on human health and need for new antibiotic
treatments.

5.2.11 Application of NanoARG to Nanopore Sequencing Data sets
To demonstrate NanoARG’s capability for profiling ARGs in the context of other relevant genes,
four DNA extracts obtained from the sewage and activated sludge of three different wastewater
treatment plants (WWTPs) were sequenced using the MinION nanopore sequencing platform and
analyzed together with four publicly-available nanopore metagenomic data sets and analyzed using
NanoARG (see Table 5.3).
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Samples

Biome

Sample
labels

Number of
Reads

Reference

Type of Sample

Hong Kong Activated
Sludge

Wastewater

HK_AS

3,307,368 This study

complex microbial
community

Hong Kong Influent

Wastewater

HK_INF

2,724,813 This study

complex microbial
community

Switzerland Influent

Wastewater

CHE_INF

687,835 This study

complex microbial
community

India Activated Sludge

Wastewater

IND_INF

1,925,639 This study

complex microbial
community

Artic Glacier Extreme
Metagenome

Glacier

GEM

Heavily infected Urine

Human
associated

HIU

36,510 Schmidt, 2017

enriched microbial
community

Hospital Fecal Sample

Human
associated

HFS

van der Helm,
67,658 2017

enriched microbial
community

Lettuce Spiked Salmonella Plant surface

complex microbial
344,966 Edwards, 2016 community

LSS

211,806 Hyeon, 2018

enriched microbial
community

Table 5.3: Sample collection, metadata and total number of reads for all validation samples.

5.2.12 Nanopore Sequencing of WWTP Samples
Four WWTP samples (two influent sewage, and two activated sludge) were collected from three
WWTPs located in Hong Kong (HK_INF and HK_AS), Switzerland (CHE_INF), and India
(IND_AS). Samples were preserved, transported, and subjected to DNA extraction using a Fast
DNA SPIN Kit for Soil (MP Biomedicals) as described in Li et al. [219]. DNA was purified with
the Genomic DNA Clean & Concentrator kit (Zymo Research, Irvine, CA) and its concentration
was quantified with the Qubit dsDNA HS Assay Kit (Thermo Fisher Scientific). DNA for each
sample was pooled from triplicate extractions with equal mass. Pooled DNA was further purified
and concentrated to meet the quality and quantity requirement for library preparation. The purity
of DNA was then checked using a NanoPhotometer Pearl (Implen, Westlake Village, CA) via the
two ratios of A260/280 and A230/260. Each DNA sample (1000 ng) was prepared individually for
sequencing using the 1D Native Barcoding Genomic DNA kit (with EXP NBD103 & SQKLSK108; Oxford Nanopore Technology) following the manufacturer’s protocol. Each sample was
sequenced with a R9.4 flow cell for 24-48 hours without local base calling. Sequence reads were
base called using Albacore (v 1.2.4).
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5.3

Results and Discussion

Figure 5.5: Visualization of NanoARG report. A) Absolute abundances (read counts) are shown
as barcharts as well as read length distribution and taxonomic counts. B) Tabular data: Results
are also shown in tables containing all the relevant information for each annotation (e.g., Evalue, coverage, identity, strand (forward, reverse), and taxonomy, and group). C) Nanopore
Read Map: This visualization organizes the gene matches in a linear format showing the cooccurrence patterns for each nanopore read with at least one ARG. D) Co-occurrence Network of
ARGs, MGEs, MRGs: This interactive visualization allows users to drag and drop nodes to
visualize the co-occurrence patterns in the sample.
NanoARG is an online computational resource designed to process long DNA sequences for the
purposes of annotating co-location of ARGs, MGEs, and MRGs, and to identify their taxonomic
hosts. Publication-ready figures and tables derived from these annotations can be directly
produced, thus facilitating various dimensions of environmental monitoring and sample
comparison.
5.3.1

Visualization and Data Download

The NanoARG service provides a range of visualization options; including bar charts (Figure 5.
5A), tables (Figure 5. 5B), gene mapping charts (Figure 5. 5C), and co-occurrence networks
(Figure 5. 5D) that display individual and combined analyses of ARGs, MGEs, and MRGs.
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Results can be downloaded from the tables and configured to include all data, without any filtering.
This enables users to deploy their own filtering criteria and customize analyses.
5.3.2

Effect of Error Correction in the Detection of ARGs

To examine the effect of error correction in the detection of ARGs by NanoARG, HFS sample
nanopore sequences were analyzed with and without error correction. The complete data set
(Library B) was downloaded from the poreFUME repository, including the raw nanopore reads
(HFS-raw) along with the corrected reads after the poreFUME pipeline (HFS-poreFUME). In
addition, the raw nanopore reads were also corrected (HFS-CANU) using the correction module
from the CANU assembler. These three data sets were submitted to the NanoARG pipeline for
annotation.
Figure 5.6A shows that the alignment bit score of all the ARGs is increased after read correction
by both CANU and poreFUME algorithms compared to the raw uncorrected reads. Here “high
coverage” ARGs are those ARGs with ≥10 read hits whereas “low coverage” ARGs have fewer
hits. For the CANU-correct algorithm, the bit scores of “high coverage” ARGs such as CTX-M,
TEM, aadA, aac(6’)-I, and ermB ARGs were significantly improved (Figure 5.6B-D) compared
to the raw reads. Similarly, the bit scores of “low coverage” ARGs, such as CARB, ermF, fosA3,
mel, and tetQ, also showed an improvement after read correction ( Figure 5.6E-G).

Figure 5.6: Comparison of error correction approach applied to a functional metagenomic
sample. Comparison against raw reads and error corrected reads using CANU correct and
poreFUME. P-values were computed between the different distributions using a T-Test. A) Bit
score distribution of all ARG alignments. B-D) Comparison between raw and corrected reads
using CANU correct for ARGs with high depth. E-F) Bit score distribution for raw and corrected
reads for low depth ARGs. G) Venn diagram showing discovered ARGs by raw and corrected
reads by CANU and poreFUME. *Because poreFUME could not run due to library dependency
errors, Figure 6B-G contain the transition of quality distribution when comparing CANU-correct
and the raw reads
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Figure 5.7: Effect of error correction on analysis of an environmental sample (WWTP influent).
A) Bit score distribution for all ARGs detected by NanoARG using the raw and CANU corrected
reads. B) Venn diagram showing the intersection of detected ARGs from raw and corrected
reads. C-D) Examples of the effect of correction in individual ARGs with high number of hits
comparing the raw and corrected reads. E-F) Effect of correction in ARGs with few hits from the
raw and corrected data sets.
Figure 5.6H depicts the intersection of ARG annotation by NanoARG among the three data sets
(HFS-raw, HFS-CANU, and HFS-poreFUME). ARGs with a minimum coverage of 80% and an
identity greater than 30% were used for this comparison. Altogether, 22 unique ARGs were
detected in the HFS-poreFUME data set, 32 in the HFS-raw data set, and 33 in the HFS-CANU
data set. Out of the 22 ARGs detected in HFS-poreFUME, two ARGs (abeS and CARB) were not
identified in the HFS-raw sample. Further examination revealed that these genes were actually
detected in the HFS-raw data set, but were removed after applying the filtering criteria described
above. These two genes were also detected following the error correction step (HFS-CANU);
indeed, all ARGs that were detected in HSF-poreFUME were also identified after applying the
error correction algorithm with CANU. Although there were three uniquely identified ARGs in
the HFS-raw data set (FosC2, LuxR, and emrK) and four uniquely identified ARGs after CANU
correction (CARB, OXY, abeS, and vanH), the results show that there was a transition in the
annotation from raw to corrected reads. Thus, reads were reassigned to other ARGs with higher
alignment and classification scores. For instance, raw reads containing the CTX-M gene were
reassigned to the OXY gene with higher alignment scores in the HFS-CANU data set. The CARB
gene was detected in both HFS-raw and HFS-CANU data sets. However, the coverage of this gene
in the HFS-raw data set was below the 80% cutoff used for the analysis and therefore was removed
from the list, whereas it was successfully detected on the HFS-CANU data set, showing an
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improvement in the alignment coverage. The reads containing the fosC2 gene in the HFS-raw
sample were reassigned to the fosA gene in the HFS-CANU data set with higher alignment bit
scores (73 to 126.3, respectively). Interestingly, the vanH gene was detected exclusively on the
HFS-CANU data set. These results show that the correction step enhances the detection of ARGs
in MinION nanopore sequencing samples.
To validate the read correction approach on a more complex sample than HFS, one WWTP sample
(CHE_INF) subjected to direct shotgun metagenomic sequencing was selected for further
validation of the effect of the error correction algorithm. The metagenomic data set was processed
using CANU correct and submitted along with the raw data sets to NanoARG for annotation.
poreFUME was not performed for this analysis because of dependency errors present during
execution of the pipeline. Figure 5.7A shows the bit score distribution of the ARG alignments for
both raw and corrected reads. Notably, the correction algorithm did not significantly improve
(p=0.22) the overall ARGs bit score of the alignments for this more complex sample. Figure 5.7B
shows the intersection of the detected ARGs for the WWTP sample with and without correction.
Among the majority of ARGs detected by NanoARG in both raw and corrected reads, three were
detected after read correction, but not in the raw reads (OKP-A, bcrA, and otrC). To observe the
effect of coverage depth for each ARG, a closer examination of the individual ARGs did not
indicate enhancement of alignment scores for genes with the greatest number of hits, such as ompR
and mexT (Figure 5.7C-D), or for ARGs with low numbers of hits, such as sul1 and kdpE (Figure
5.7E-F). Because the overlap between the ARGs detected in the raw and corrected reads is greater
than 95% (Figure 5.7B), NanoARG was not further configured to perform error correction and
allows users to decide whether to upload raw reads, corrected reads, or assembled contigs. Users
can find information about error correction and how to perform it using CANU on the NanoARG
website.
To check the effect of time and consistency for the discovery of ARGs in nanopore samples using
NanoARG, several data sets from the LSS sample were analyzed, including comparison of
nanopore- versus Illumina-derived and whole-genome versus shot-gun data sets. Specifically, a
study of lettuce spiked with Salmonella enterica (LSS) consisted of the following data sets: LSSWGS (whole-genome sequencing), LSS-M (shotgun metagenomics), LSS-1.5hN (nanopore
sequencing after 1.5 hours) and LSS-48hN (nanopore sequencing after 48 hours). To facilitate
comparison, the short reads from LSS_WGS and LSS-M were first assembled using spades [187]
with default parameters. Assembled scaffolds were subsequently submitted to NanoARG for
annotation. The MinION nanopore sequencing libraries were first error corrected using CANU
correct algorithm prior to submitting to NanoARG. To evaluate the accuracy of ARG detection,
alignments were compared relative to a threshold identity cut-off greater than 80% and an
alignment coverage greater than 90% from the LSS-WGS sample. A total of 28 ARGs passed these
filtering criteria, and further analyses were benchmarked against these 28 ARGs, assuming a high
level of confidence in their identity. Out of these 28 ARGs, two genes (mdtB and bcr) were not
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detected in the Illumina shotgun metagenomic data set (LSS-M). When comparing the 28 benchmark ARG set against the 1.5h nanopore LSS-1.5hN sample, only four ARGs were detected
(aac(6')-I, mdfA, mdtG, and mdtM) in the nanopore data set. This result suggests that although
nanopore sequencing offers a real-time alternative, the detection of specific ARGs would still
require several hours. Still, when examining the 48h nanopore sample (LSS-15hN), 25 out of the
28 benchmark ARGs were discovered. Interestingly, mdtB, one of the three undiscovered
benchmark ARGs (mdtA, mdtB, and mdtC) from the LSS-48hN was not found by either the
Illumina shotgun metagenomics sample (LSS-M) or the nanopore samples. These three ARGs
were noted to pertain to the same antibiotic resistance mechanism. Overall, this analysis
demonstrates general consistency of detection of ARGs in Illumina and nanopore sequencing
libraries using NanoARG.
5.3.3

Application of NanoARG to Nanopore Sequencing Data

NanoARG provides users with a master table that contains the absolute and relative abundances
of ARGs, MRGs, MGEs, and taxonomy annotations for each sample under a particular project.
Relative abundances are computed as described in Equation 1. Key attributes of this table are
summarized in the following subsections, using eight nanopore sequencing data sets as examples.
5.3.4

ARG Abundance

WWTP samples contained the greatest number of reads (> 687,835), whereas human-derived
samples (HIU, HFS) were comprised of far fewer reads (<67,658) (See Table 5.3 for details).
Figure 5.8 shows relative abundances of ARGs in the eight data sets. HFS contained the highest
relative ARG abundance, likely due to the sample preparation approach that intentionally targeted
genomic content associated with antibiotic resistance [196]. Comparatively, the direct shotgun
metagenomic sequenced environmental samples had much lower ARG relative abundance.
Among the WWTP samples, HK Influent and HK Effluent ranked the greatest in terms of relative
abundance of ARGs.
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Figure 5.8: Total relative abundance of ARGs from the four validation samples, each
representing distinct biomes. WWTP samples are zoomed in to aid discrimination of ARG
content.
In considering specific subcategories of resistance, the HFS sample contained the greatest relative
abundances of beta lactamase, aminoglycoside, tetracycline, trimethoprim, fosfomycin,
streptothricin, quinolone, and MLS antibiotic classes (Figure 5.8). Note that these categories were
also prominent in the WWTP and glacier samples but to a lesser extent than in HIU and the LSS
samples. In addition, although the multidrug category is highly abundant in HIU and LSS, it has
the lowest relative abundance in the HFS sample. Interestingly, although HFS contained the
highest relative abundance of total ARGs, the WWTP samples had the highest diversity of
antibiotic resistance classes measured as the number uniquely identified antibiotic types (Figure
5.8). For instance, sul1 was one of the most prevalent ARGs detected in WWTP samples [220].
However, sul1 was not found in the GEM sample. This is consistent with the sul1 gene being an
anthropogenic (result of human activity) marker of antibiotic resistance [36, 221]. Similarly, GEM
has lower diversity of beta lactamase genes (4 beta lactamase ARGs) than the WWTP
environments (25-237 beta lactamase ARGs). ARGs from acriflavine, triclosan, aminocoumarin,
tetracenomycin, rifampin, and puromycin antibiotic classes were only detected in the WWTP and
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LSS samples. HK_INF and HK_AS indicated the highest relative abundance of ARGs compared
to IND_AS and CHE_INF (Figure 5.9A). Particularly, the HK_AS sample showed a decrease
compared to HK_INF in the abundance of multidrug and aminoglycoside resistance genes but an
increase in the beta-lactamase, MLS, and trimethoprim antibiotic types.

Figure 5.9: Relative abundance of antibiotic resistance classes for all biomes. Each point
corresponds to a particular antibiotic, biome pair. Size and color represent the copy number of
ARGs divided by 1 Gbp on a logarithmic scale.

5.3.5

MGE Abundance

For its MGE reference database, NanoARG curates a collection of genes related to mobility,
including transposases, integrases, recombinases, and integrons, in addition to a curated database
for the class 1 integron intI1 [211]. Transposases are the prominent MGEs across all samples
(Figure 5.9B). Interestingly, the HFS sample shows the lowest relative abundance of MGEs. The
Salmonella-spiked sample along with the heavily infected urine sample, shows a lower MGE
relative abundance compared to the environmental samples (WWTP and glacier). Note that the
glacier sample, GEM, contained the lowest MGE abundance compared to the WWTP samples.
Interestingly, GEM also has the lowest diversity of MGEs (integrases, transposases, and other
MGEs) when compared to other samples. This suggests that there may be a lesser degree of HGT
in relatively pristine environments, such as glaciers, than in heavily anthropogenically-influenced
environments, such as WWTPs. Further, the class 1 integron intI1, which has been proposed as an
indicator of anthropogenic sources of antibiotic resistance [162], is also consistent with this trend.
The integron intI1 was detected in all samples, except in the GEM sample, likely because glaciers
are under less anthropogenic pressure such as antibiotics usage or wastewater discharges. In
addition, intI1 in the HIU sample was ranked to be the highest in relative abundance, which is
expected given the clinical context of this sample.
5.3.6

MRG Abundance

MRG profiles were markedly distinct when comparing trends among samples relative to ARG
profiles. The HFS sample has the lowest number of MRGs, with only merP and merT, part of the
mercury transport mechanism [210] (Figure 5.9C). In contrast, LSS and HIU samples carried the
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highest relative abundance of MRGs. The lack of MRGs in HFS could be the result of the sample
preparation or lack of direct selection pressures relevant to MRGs. Notably, the HFS sample
carried high beta lactamase, aminoglycoside, tetracycline, and MLS abundance, contrasting with
low multidrug relative abundance. WWTP samples showed a different trend compared to MGEs
and ARGs. The CHE_INF sample has the lowest relative abundance of MRGs compared to other
WWTP samples. Although CHE_INF has also the lowest ARG relative abundance, its MRG
abundance was less than half that of any other WWTP sample, suggesting that the
CHE_INF sample had less exposure to heavy metal compounds.
5.3.7

Taxonomy Profile

The HIU sample indicated Escherichia coli as the dominant species, which is expected given that
a strain of MDR E. coli had been spiked into the urine prior to DNA extraction and analysis [197]
(see Figure 5.10D). Similarly, Salmonella enterica was found to be most abundant in the food
sample metagenome (LSS), consistent with known S. enterica contamination of this sample [222].
The results of the HFS sample provide the opportunity to evaluate how the NanoARG taxonomic
profiling performs with distinct approaches of library construction. Specifically, the HFS study
[196] was designed to maximize chances of ARG detection, not to profile taxonomy. Thus, it
makes sense that the nanopore taxonomy profile consists largely of E. coli, the expression host,
and other taxa that likely represent the original source of the transformed ARGs, e.g., Klebsiella
pneumoniae, Serratia marcescens, and Enterococcus faecium (see Figure 5.10B). A surprise with
respect to the species distribution in the WWTP samples was substantial detection of human DNA
(see Figure 5.10E-H). In one of the influent samples, Homo sapiens was the dominant species
(see Figure 5.10F-G). This host DNA is also observed to a lesser extent in the spiked samples
(LSS, HIU). Surprisingly, the HFS sample did not contain detectable human DNA, suggesting that
the technique employed in this study to specifically enrich ARGs during library preparation was
successful for enriching ARGs.
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Figure 5.10: Relative abundance computed as copy of genes per 1Gpb of A) Antibiotic
resistance classes, B) MGEs, C) MRGs.

5.3.8

ARG Neighboring Gene Analysis

Long nanopore sequences allow the inspection of ARG linkage patterns and the context of
neighboring genes. For instance, Figure 5.11 shows that the sulfonamide ARG sul1 appears in
different contexts depending on the WWTP sample and its host. Also sul1 is almost exclusively
co-located together with integrase or recombinase, along with genes that have been found in
plasmids, consistent with the theory that sul1 is an indicator of HGT. sul1 was commonly
observed together with an integrase or recombinase gene, followed by an aminoglycoside (aadA)
gene, a determinant of quaternary ammonium compound resistance gene (qacE), which is also
consistent with prevailing understanding of typical class 1 integron operon architecture [223].
Interestingly, this pattern seems to be modified in E. coli from two of the activated sludge
environments (HK and IND), where the integrase or recombinase and the aadA region is
interrupted by the insertion of a beta lactamase (OXA) gene. This linkage pattern differs from the
one observed in Hydrogenophaga sp. PBC from the CHE influent. This sul1 gene analysis is only
one example of how NanoARG facilitates the inspection of colocation of ARG together with other
genes of interest on the same DNA strand. Users can dig deeper to identify other patterns of interest
and discover signals of ARG dissemination. The full co-occurrence result can be downloaded for
further analysis.
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Figure 5.11: Taxonomic distribution of validation samples representing distinct biomes. A)
Phylum distribution of WWTP samples. B-H) bar plots with the total number of reads classified
at the Species taxonomy level for each validation sample.
Figure 5.12 shows the ARG co-occurrence network for all samples. ARGs are linked if they cooccur within the same read and ARGs that appear only once are not shown. GEM, with a small
number of ARGs belonging to only multidrug and trimethoprim classes, has no ARG cooccurrence (Figure 5.12A). The WWTP samples show a common pattern of co-occurrence
between beta-lactamases and aminoglycoside genes, indicating the high potential of these genes
to be carried simultaneously. The HFS sample was dominated by aminoglycosides and beta
lactamase genes, whereas LSS was dominated by multidrug genes and glycopeptides genes.
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Figure 5.12: ARG patterns and contexts. Different patterns of ARGs for the WWTP samples
(influent and activated sludge). I/R: integrase/recombinase, sul1*: Uncharacterized protein in
sul13’ region. aqcE: Quaternary ammonium compound-resistance protein, Eth*: Putative
ethidium bromide resistance protein.

5.3.9

Critical Bacterial Pathogens

Another important feature of NanoARG is the ability to putatively identify pathogens based on
similarity to available DNA sequences in databases (see Table 5.2) and to assess their association
with ARGs. For instance, DNA sequences corresponding to two of the three pathogens classified
as having “critical importance” by the World Health Organization, Acinetobacter baumannii and
Pseudomonas aeruginosa, were detected in all WWTP samples (see Table 5.4). In contrast, DNA
sequences corresponding to Enterobacteriaceae (carbapenem-resistant pathogen) were only
detected in one WWTP sample (HK_INF). In addition, the HK_INF sample contained DNA
sequences with high similarity to Neisseria gonorrhoeae. Pseudomonas aeruginosa was estimated
to be the most abundant pathogen in the “critical” category across all samples and is particularly
abundant in the IND_AS sample. No pathogen-like DNA sequences were found in the GEM
sample, consistent with our expectation of a relative lack of anthropogenic influence. NanoARG
clearly holds promise as a tool for screening for the potential presence of pathogens pertaining to
various levels of priority. Further, the potential for putative pathogens to carry ARGs, MRGs, and
MGEs can be readily assessed. However, it is important to emphasize that further culture-based
and molecular-based analysis are required as follow up to confirm the presence of viable and
virulent pathogens.
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Pathogen-like sequences CHE_INF IND_INF HK_INF HK_AS GEM
Acinetobacter baumannii 3 (4)

4 (6)

12 (16)

6 (6)

0 (0)

Pseudomonas aeruginosa 7 (6)

58 (74)

12 (13)

7 (11)

0 (0)

Enterobacteriaceae

0 (0)

0 (0)

2 (2)

0 (0)

0 (0)

Enterococcus faecium

0 (0)

0 (0)

0 (0)

1 (1)

0 (0)

Staphylococcus aureus

0 (0)

0 (0)

0 (0)

1 (1)

0 (0)

Helicobacter pylori

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

Campylobacter spp

0 (0)

0 (0)

0 (0)

1 (1)

0 (0)

Salmonellae

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

Neisseria gonorrhoeae

0 (0)

0 (0)

3 (6)

0 (0)

0 (0)

Streptococcus pneumoniae 0 (0)

0 (0)

1 (1)

0 (0)

0 (0)

Haemophilus influenzae

0 (0)

0 (0)

1 (1)

0 (0)

0 (0)

Shigella spp

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

Table 5.4: List of critically-important bacterial pathogens putatively identified in the WWTP
samples. * Notation: Number of reads (number of ARGs).

5.3.10 NanoARG Usage Recommendation
Note that the various analyses provided by NanoARG are not restricted to nanopore sequencing
reads. In fact, NanoARG can be applied to any set of long DNA sequences (>1000bp long). For
instance, sequences from different technologies such as PacBio long-read sequencing or assembled
contigs from short sequencing reads can be directly processed in NanoARG. Depending on
specific research needs, different studies may have different requirements, e.g., some require more
stringent criteria, whereas others less. Thus, to allow for flexibility and customization, NanoARG
provides users results produced by relaxed annotation parameters so that they can filter the results
further to meet their specific needs.

5.4

Conclusions

NanoARG is a public Web service dedicated to the analysis of ARGs from nanopore MinION
metagenomes and is the first, to our knowledge, configured for analysis of environmental samples.
While the platform was specifically developed for the analysis of environmental metagenomes
generated from nanopore sequencing technologies, here we demonstrate that it also has broad
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potential for other types of data sets. As validated here using a combination of publicly-available
and in-house DNA sequence libraries, NanoARG can be used to profile ARGs in any biome while
also providing context of other co-located genes, such as MGEs, MRGs, and taxonomic markers.
NanoARG provides a user-friendly interface for analysis of any set of long DNA sequences
(including assembled contigs), facilitating data processing, analysis, and visualization. Unlike
other services dedicated exclusively to antimicrobial resistance (e.g., WIMPhttps://nanoporetech.com/), NanoARG offers analysis of MRGs and MGEs while also enabling
taxonomic annotation, identification of pathogen-like DNA sequences, and network analysis for
assessing corresponding co-occurrence patterns. Further, integration with deep-learning based
DeepARG facilitates a local strategy for annotating genes from long nanopore reads. Specifically,
implementation of permissive parameters allows high flexibility for the detection of homologous
genes, which helps overcome high error rates characteristic of nanopore sequences.
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CHAPTER 6

SPEEDING UP METAGENOMICS ANNOTATION

A functional profile of metagenomic samples allows the understanding of the role of the microbes
in their environment. Such analysis consists of assigning short sequencing reads to a particular
functional category. Normally, manually curated databases are used for functional assignment
where genes are arranged into different classes. Sequence alignment has been widely used to
profile metagenomic samples against curated databases. However, this method is time consuming
and requires high computing resources. Although several alignment free methods based on k-mer
composition have been developed in recent years, they still require a large amount of memory. In
this paper, MetaMLP (Metagenomics Machine Learning Profiler) a machine learning method that
encodes sequences as numerical vectors (embeddings) and uses a simple one hidden layer neural
network to profile functional categories is proposed. Unlike other methods, MetaMLP enables
partial matching by using a reduced alphabet to build sequence embeddings from full and partial
k-mers. MetaMLP is able to identify a slightly larger number of reads compared to DIAMOND
(one of the fastest sequence alignment method) as well as to perform accurate predictions with
0.99 precision and 0.99 recall. MetaMLP can process 100M reads in around 10 minutes in a laptop
computer, which is 50 times faster than DIAMOND. MetaMLP is free for use, and available at
https://bitbucket.org/gaarangoa/metamlp/src/master/.
6.1

Introduction

The wide and rapid adoption of next generation sequencing techniques (NGS) such as
metagenomics in the analysis of microbial diversity, antibiotic resistance, and other functional
profiling analysis creates a gap between scalability and processing efficiency. In other words, large
amounts of data require the design of computational tools that are both accurate and fast. Sequence
comparison algorithms such as BLAST [224], FASTA [203], HMMER [225], and PSI-BLAST
[226], were created with the aim to find correspondence of the sequence distribution in two or
more sequences. BLAST is to date the most popular and trusted tool for sequence alignment.
However, it is well known that BLAST does not scale well when comparing millions of sequences.
The reason is that BLAST uses a computationally demanding strategy consisting of a seed and
extend algorithm [227]. Although, sequence alignment is considered the gold standard approach
for sequence analysis, there are several cases where this technique can produce dubious results
[228]. For instance, alignment-based methods assume that homologous sequences share a certain
degree of conservation. Although this assumption is considered to be true when analyzing
conserved domains, organisms such as viruses that exhibit a high degree of mutation, challenge
this principle. When analyzing short sequences (e.g., Illumina sequencing reads), a high similarity
does not always guarantee that the read can be assigned to an unique origin gene [136]. In the
opposite case, genes that share less than 30% identity over their full length can potentially belong
to the same gene family and perform the same functions [84].
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DIAMOND [40], BLAT [229], USEARCH [230], and RAPSearch [231] are alternatives to
BLASTX that can run much faster but with some loss of sensitivity. Particularly, the dramatic
speed up of DIAMOND (20,000X) is achieved by using a double indexing strategy, spaced seeds
(longer seeds where not all positions are used) and a reduced alphabet. In detail, DIAMOND
implements a seed and extend algorithm that first indexes both query and reference sequences.
Then, the list of seeds in both the query and reference are linearly traversed to determine all the
matched seeds with their locations. Finally, seeds are extended by using the Smith-Waterman
algorithm [232].
Alignment-free methods have been proposed as an alternative to quantify the sequence similarity
without performing any sequence alignment [39, 228]. These methods do not use the seed and
extend paradigm. Therefore, their computational complexity is often linear in time and only
depends on the query sequence length. In next-generation sequencing, several alignment-free
strategies have been developed for different applications, including transcript quantification
(kallisto [233], sailfish [215], Salmon [234], RNA-Skim [235]), variant calling (ChimeRScope
[236], FastGT [237]), de novo genome assembly (minimap [238], MHAP [239]), and the profiling
of metagenomics taxonomy by using a k-mer matching approach (Kraken [240], Mash [241],
CLARK [242], stringMLST [243]).
The word embedding technique is one of the most successful learning methods applied in natural
language processing (NLP), where a word is encoded in a numerical vector. For instance, the
Word2vec technique [160] uses a shallow two-layer neural network to train and aggregate word
embeddings by using the continuous bag of words (CBOW) approach. Thus, identifying semantic
associations between a target word given its context. The concept of using word vectors for
representing protein or DNA sequences is not new and has been explored before. For instance,
DNA2Vec [244], explores the associations between variable length k-mers to generate an
embedding space that proved to correlate with sequence alignment. Yang, et. al. [245] explores
the performance of word embeddings for classification of protein functions compared with
classical representation techniques. Yang, et. al. demonstrated that k-mer embeddings
outperformed other techniques. However, in both studies, embeddings are learned in an
unsupervised way. This means that the embeddings are learned first and then the classifier is built
by using those embeddings. Here, MetaMLP (Metagenomics Machine Learning Profiler), an
alignment-free method that uses word embeddings to represent target protein databases is proposed
for the functional profiling of metagenomic samples. The strategy behind MetaMLP relies on a
slightly modification of the CBOW model where the “target word” is replaced by the label of the
sequence. Thus, MetaMLP builds a supervised embedding representation by using k-mer and
fragmented k-mers as context words. Therefore, MetaMLP is a novel strategy that uses a
combination of hash indexing, six open reading frame translation, a reduced amino acid alphabet,
and an embedding representation to process metagenomic data. In addition, MetaMLP was built
up on top of the C++ FastText [43] library and is composed of two main stages: MetaMLP-index
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that process protein sequences to build a machine learning model and MetaMLP-classify to
annotate reads from metagenomic DNA sequence libraries.
6.2

Materials and Methods

The overall structure of MetaMLP is shown in Figure 6.1 and consists of two main components:
A) an indexing stage that process protein reference sequences into a word vector representation to
train a classifier and B) a prediction stage that process short sequencing reads and classifies them
into one to the predefined classes from the reference database.

Figure 6.1: Overview of MetaMLP. A) Indexing reference databases where proteins are used to
train the machine learning model. B) Once a model is trained, it will be used later to profile short
sequencing reads to produce a relative abundance profile and the individual predictions for each
read. C) CBOW model used in MetaMLP

6.2.1

Indexing Protein Reference Databases

6.2.1.1 Reference Database Preprocessing
To increase the chances of detecting sequences with mismatches, the reference proteins are first
transformed into their equivalent 10 amino acid alphabet version using the murphy.10 alphabet
representation used in rapsearch (A [KR] [EDNQ] C G H [ILVM] [FYW] P [ST]) [246]. Then, kmers of a fixed length are extracted from each protein sequence. However, to consider all k-mers
within a sequence, a sliding window of one amino acid is used. Thereafter, a ‘sentence’ of k-mers
is extracted by taking from 3 to 5 consecutive k-mers (see Figure 6.1A). At the same time, a table
with unique k-mers is built and stored to later be used for filtering sequences that diverge greatly
from the reference database during the prediction stage.

84

Formally, proteins are strings of amino acids arranged in a particular order. Thus, the protein 𝑃 is
represented by 𝑃 = {𝑝1 , … , 𝑝𝑖 , … , 𝑝𝑁 }, 𝑝𝑖 ∈ {A, K, R, E, D, N, Q, C, G, H, I, L, V, M, F, Y, W, P, S, T}
where each position corresponds to one of the twenty amino acids found in nature , and 𝑁
corresponds to the length of the protein sequence. The protein 𝑃 can be reduced to its simplified
10 amino acids version 𝑅 = {𝑟1 , … , 𝑟𝑁 } where 𝑟𝑖 corresponds to one of the reduced alphabet amino
acids. A k-mer 𝑘𝑖,𝑙 of length 𝑙 is defined as a substring of size 𝑙 within the protein sequence 𝑅 at
the position 𝑖 , such that 𝑘𝑖,𝑙 = 𝑅[𝑖: 𝑖 + 𝑙] = {𝑟𝑖 , 𝑟𝑖+1 , … , 𝑟𝑖+𝑙−1 } , where, 1 ≤ 𝑖 ≤ 𝑁 − 𝑙 + 1 .
Finally, the sentence of k-mers 𝑠𝑖 , starting at the position 𝑖 is defined as 𝑠𝑖 =
{𝑘𝑖,𝑙 , 𝑘𝑖+𝑙,𝑙 , … , 𝑘𝑖+(𝑚−1)∗𝑙,𝑙 } where 𝑚 corresponds to the number of k-mers used to build the
sentence. Therefore, the protein sequence 𝑅 can be represented as a set of sentences 𝕊 =
{𝑠1 , 𝑠2 , … , 𝑠𝑝 , … , 𝑠𝑛−𝑚∗𝑙−1 }, 1 ≤ 𝑝 ≤ 𝑁 − 𝑚 ∗ 𝑙 + 1.
6.2.1.2 Training
MetaMLP uses the FastText [43] implementation of the continuous bag of words (CBOW)
technique to learn the semantic relations between protein sequences and their labels by using the
protein k-mers (see Figure 6.1A). In detail, a protein sequence is represented as a series of k-mer
sentences 𝕊 (analog to sentence of words in text documents), where, each sentence 𝑠 =
{𝑘1 , 𝑘2 , … , 𝑘𝑗 , … , 𝑘𝑚 } is composed of a set of k-mers. The supervised CBOW model learns the
embedding space by looking at the k-mers distribution and the class label. Thus, the first weight
matrix 𝐴 in the classifier comprises the k-mer embeddings 𝑋 = {𝑥1 , … , 𝑥𝑗 , … , 𝑥𝑚 } , where 𝑥𝑗
represents a 𝑟-dimensional vector. Then, these k-mer vectors are averaged into the vector 𝑦 =
1
𝑚

∑𝑚
𝑗=1 𝑥𝑗 , that is supplied to a single hidden layer neural network. Then, it is multiplied by a

sentence embeddings matrix 𝐵 to output the probability distribution over the established classes
by using a softmax layer 𝑓. For a total number of 𝑄 k-mer sentences in the reference dataset, the
classifier minimizes the negative log-likelihood over the reference classes as follows:
Q

1
− ∑ 𝑐𝑞 ∗ log(𝑓(𝐵 ∗ 𝐴 ∗ 𝑋𝑞 ))
Q
𝑞=1

where 𝑋𝑞 corresponds to the k-mer vectors for the 𝑞-th sentence, 𝑐𝑞 is the class label, 𝐴 and 𝐵 are
the matrices and 𝑓 is the softmax function (see Figure 6.1C).
MetaMLP enables the bag of n-grams from FastText to capture partial information from the kmers. These n-grams are subsequences from the k-mers passed along with the full size k-mer
allowing to identify k-mers with partial matching.
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6.2.1.3 Prediction of Short Sequencing Read
MetaMLP is designed to efficiently profile metagenomic samples with millions of reads from short
sequencing libraries against a target reference database. As reads are sequences of nucleotides,
MetaMLP first translates each sequence into six reading frames. Then, for each reading frame a
random k-mer is selected from its sequence and checked against the hash table that was built during
the indexing stage. If a k-mer is found in the hash table, all k-mers are subtracted from the read
and classified using the trained CBOW model. If not, a new random k-mer is selected from the
read at a different position. This process is repeated to a maximum number of tries defined by the
user. If more than one reading frame gets classified, MetaMLP picks up the reading frame with
the highest classification probability (see Figure 6.1B).
Once a full metagenomic data set is processed, MetaMLP counts the number of reads per class
using a minimum probability cutoff defined by the user and reports the absolute abundance table.
Additionally, MetaMLP also reports a fasta file containing the read name along with its
classifications, probabilities and sequence. This file is useful for cases where MetaMLP is used as
a filter to target a particular functional classes.

6.2.2

Databases
Pathway
Amino-acid_biosynthesis
Amino-acid_degradation
Antibiotic_biosynthesis
Aromatic_compound_metabolism
Bacterial_outer_membrane_biogenesis
Carbohydrate_biosynthesis
Carbohydrate_degradation
Carbohydrate_metabolism
Cell_wall_biogenesis
Cofactor_biosynthesis
Isoprenoid_biosynthesis
Lipid_metabolism
Metabolic_intermediate_biosynthesis
Nitrogen_metabolism
Nucleotide-sugar_biosynthesis
One-carbon_metabolism
Porphyrin-containing_compound_metabolism
Protein_modification
Purine_metabolism
Pyrimidine_metabolism
Xenobiotic_degradation

Training Proteins
501
99
82
68
62
79
167
138
190
344
42
177
95
50
42
45
66
46
133
105
41

Validation Genes Reads
126
7148
25
1422
20
1121
17
890
16
901
20
1071
42
2199
35
1903
48
2642
86
5082
10
651
45
2569
24
1379
12
709
10
505
11
588
16
713
12
663
33
1720
26
1397
10
478

Table 6.1: UniProt pathway database with number of proteins used for training, number of genes
used for validation and the simulated number of reads for each pathway category.
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6.2.2.1 Pathway Reference Database
Bacterial protein sequences from the Universal Protein Resource (UniProt) were downloaded.
Then, only proteins that have been manually curated, and contained evidence at the protein level
were used for downstream analysis. In total 20,161 proteins were obtained and 4,105 of those were
annotated to at least one pathway. Lastly, pathways with less than 50 proteins were discarded to
get a total of 3,216 proteins and 21 different pathways (see Table 6.1).
6.2.2.2 Antibiotic Resistance Database
MetaMLP was trained to identify short reads associated to Antibiotic Resistance Genes (ARGs)
from metagenomic short sequencing data. Thus, the DeepARG-DB-v2 database [25] containing a
total of 12,260 sequences distributed through 30 antibiotic categories was downloaded. However,
only antibiotic resistance categories with at least 50 protein sequences were considered for
downstream analysis. Thus, a total of 12,147 proteins and 14 categories were used to train the
MetaMLP model (see Table 6.2).
Antibiotic Class
multidrug
beta-lactam
MLS
tetracycline
fosfomycin
aminoglycoside
glycopeptide
unclassified
bacitracin
polymyxin
fluoroquinolone
phenicol
sulfonamide
diaminopyrimidine

Proteins
4456
2885
1710
557
434
403
346
311
280
245
158
157
125
80

Table 6.2: Antibiotic resistance categories from ARGminer

6.2.2.3 Gene Ontology Reference Database
Protein sequences associated to the biological process response to stress (GO:0006950) were
downloaded from the UniProt website. However, only bacterial curated sequences and biological
processes with at least 100 sequences were considered for downstream analysis (see Table 6.3).
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GO Term
GO:0006935
GO:0006515
GO:0006298
GO:0042742
GO:0046677
GO:0009432
GO:0006814
GO:0051607
GO:0051775
GO:0045454
GO:0009236
GO:0045910
GO:0006281
GO:0006261
GO:0006289
GO:0010038
GO:0009163
GO:0006541
GO:0030091
GO:0034605
GO:0019835
GO:0006355
GO:0019380
GO:0045892
GO:0000724
GO:0000160
GO:0006979
GO:0006310
GO:0043571
GO:0009307
GO:0006284
GO:0006974
GO:0042744
GO:0005975
GO:0006260
GO:0009636
GO:0009405
GO:0006811
GO:0006109

Biological Process
chemotaxis
protein_quality_control_for_misfolded_or_incompletely_synthesized_proteins
mismatch_repair
defense_response_to_bacterium
response_to_antibiotic
SOS_response
sodium_ion_transport
defense_response_to_virus
response_to_redox_state
cell_redox_homeostasis
cobalamin_biosynthetic_process
negative_regulation_of_DNA_recombination
DNA_repair
DNA-dependent_DNA_replication
nucleotide-excision_repair
response_to_metal_ion
nucleoside_biosynthetic_process
glutamine_metabolic_process
protein_repair
cellular_response_to_heat
cytolysis
regulation_of_transcription,_DNA-templated
3-phenylpropionate_catabolic_process
negative_regulation_of_transcription,_DNA-templated
double-strand_break_repair_via_homologous_recombination
phosphorelay_signal_transduction_system
response_to_oxidative_stress
DNA_recombination
maintenance_of_CRISPR_repeat_elements
DNA_restriction-modification_system
base-excision_repair
cellular_response_to_DNA_damage_stimulus
hydrogen_peroxide_catabolic_process
carbohydrate_metabolic_process
DNA_replication
response_to_toxic_substance
pathogenesis
ion_transport
regulation_of_carbohydrate_metabolic_process

Proteins
312
123
1306
136
975
1030
125
149
164
164
505
150
3450
228
1485
123
204
258
186
128
140
360
224
203
296
449
677
1766
101
283
1097
118
371
131
958
149
116
102
214

Table 6.3: Database of response to stress associated categories using Gene Ontology terms.
In addition, the GO database comprises proteins with multiple associated labels. For instance, the
protein sequence Q55002 is associated to response to antibiotic (GO:0046677) and translation
(GO:0006412). Therefore, reads from this protein would be classified to both categories. However,
as MetaMLP uses a softmax layer for prediction, it will distribute the probability between the two
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categories. In an ideal scenario, both classes would have a probability of 0.5. This database was
used to test the ability of MetaMLP to represent sequences associated to multiple labels.
6.2.2.4 True Positive Data set
The pathway database was used to build a true positive database. Because MetaMLP uses amino
acid sequences for training and nucleotide sequences for querying, it was necessary to identify the
corresponding nucleotide sequences for each one of the proteins in the pathways database.
Therefore, UniProt identifiers were cross referenced against the RefSeq database and a list of gene
candidates were found. Then, those candidates were aligned to the protein sequences using
DIAMOND with a 90% identity and a 90% overlap. If multiple alignments were obtained using
this criterion, the best hit was selected as the representative gene sequence for the target protein
sequence. Thus, each entry in the database contained a respective gene sequence. Finally, the
pathway database was randomly splitted into training (80%) and validation (20%). The training
set was used to train the model whereas the validation set was exclusively used to test the method
after the training was done. Therefore, the validation set was never used during the training process.
Note that the training set corresponds to amino acid sequences whereas the validation set consists
of nucleotide sequences. To simulate a library of short sequence reads, sequences that are 100bp
long were randomly selected from each nucleotide sequence from the validation data set. Thus, a
total of 35,751 short reads were generated.
DIAMOND is currently one of the widely used tools for metagenomic analysis. Therefore, to test
the performance of MetaMLP, the best hit approach was used. DIAMOND was run by using a
sequence alignment identity of 80%, whereas MetaMLP was set with a minimum probability of
0.8. Precision, recall and, F1 score were computed to measure the performance of both approaches.
6.2.2.5 False Positive Dataset
To test the ability of MetaMLP to filter out sequences that are not associated to any of the selected
pathways (false positives), a synthetic dataset was constructed by using the same number of reads
from the true positive dataset. However, each nucleotide position on this dataset was randomly
selected. This negative dataset was then ran against MetaMLP and the best hit approach using
DIAMOND with default parameters. Precision, recall and F1 score were computed to measure the
performance of both methods.
6.2.2.6 Time and Memory Profiling
To evaluate the time performance and memory footprint of MetaMLP, a data set of 100k, 1M,
10M and 100M reads were built by randomly selecting reads from a real metagenomic soil sample
of 407,645,066 reads. This sample is under the SRA accession number SRR2901746 and
corresponds to a 250bp long read sample from the Illumina HiSeq 2000 sequencer. Along with
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MetaMLP, DIAMOND was also run with the same data sets. Both methods ran with only one
enabled CPU in the Ubuntu 16.4 Linux distribution.
6.2.2.7 Functional Annotation of Metagenomic Data sets
MetaMLP was used to profile 68 samples from four different environments by using the pathways,
response to stress, and antibiotic resistance databases. The 68 public available metagenomes were
downloaded from the Sequence Read Archive (SRA) from the National Center for Biotechnology
Information (NCBI) spanning four different environments as follows: 10 soil (S), 15 human gut
(HG), 15 freshwater (FW) and 28 wastewater (WW) samples. Results from MetaMLP were
compared against the best hit approach using DIAMOND with an identity of 80%.
For the GO reference database, MetaMLP was run with a permissive 0.5 minimum probability to
retrieve multiple classifications. Relative abundance results were compared against those obtained
using sequence alignment with DIAMOND at an 80% identity cutoff.
6.3
6.3.1

Results and Discussion
Effect of k-mer size

The k-mer size is one of the key parameters for MetaMLP to perform accurate predictions.
Therefore, MetaMLP was evaluated using the true positive dataset with a k-mer size ranging from
3 to 20 amino acids (see Figure 6.2). It was observed that for a large k-mer size, MetaMLP
generates accurate predictions but penalizes the number of predicted reads. For instance, Figure
6.2 shows that for a k-mer size of 𝑘 = 3 MetaMLP is able to predict 99% of the reads, but, with a
very low performance with a 0.7 F1 score. On the other hand, when using a k-mer size of 𝑘 = 20
MetaMLP achieves a 0.99 F1 score. However, it was only able to detect 17% of the total number
of reads. Interestingly, a k-mer size of 𝑘 = 11 it is enough to achieve a 0.99 F1 score with a 29%
of predicted reads. As shown in Figure 6.2, performance of MetaMLP does not improve when
using a k-mer sizes larger than 11. Therefore, a k-mer size of 𝑘 = 11 was set as default for training
the MetaMLP models.

Figure 6.2: Performance of MetaMLP with different k-mer sizes.
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The sequence embedding strategy allows MetaMLP to represent amino acid sequences into
numerical vectors (embedding dimension) by taking into account the distribution of the k-mers in
the protein sequence as well as their labels. Thus, MetaMLP uses the supervised embedding
implementation from FastText to learn these numerical to group proteins based on their labels and
k-mer context. For instance, proteins that belong to Beta-lactamase class are expected to cluster
together and remain distant from members of other classes. Figure 6.3 shows the distribution of
the MetaMLP embeddings in a two-dimensional space generated by using the t-SNE algorithm
[247].

Figure 6.3: MetaMLP embeddings representation in two dimensional space for the pathways,
ARGs and GO response to stress databases.
For targeted databases such as the ARG categories or pathways database, MetaMLP clustered
categories according to their labels with a representative cohesion and separation (silhouette score:
0.56 and 0.62 for pathways and ARGs, respectively ) (See Figure 6.3A-B). Interestingly, in a
complex classification problem represented by the GO database where proteins contain multiple
labels, MetaMLP show a consistent distribution over the clusters and its corresponding categories.
Clusters shown in Figure 6.3C describes the relationship among different biological processes
involved in response to stress. For example, proteins responding to antibiotics are also associated
to other biological process such as response to toxic substances, pathogenesis, defense to virus,
chemotaxis, response to DNA damage, among others. Such associations can be clearly seen from
the embeddings visualization. Therefore, the embedding strategy adopted in MetaMLP is also
suitable for representing reference databases where proteins contains multiple labels.
6.3.2

Detection of True Positive Hits

The pathways database was used to assess the ability of MetaMLP to 1) discriminate between
pathway-like reads and 2) to evaluate the performance of MetaMLP on classifying short sequences
from a particular pathway. To compare the performance of MetaMLP, the best hit approach using
DIAMOND was used. In total, MetaMLP was able to identify 10,433 (29%) pathway-like reads
out of the 35,751 reads with a probability greater than 0.8, whereas, the baseline approach was

91

able to identify 8,695 (24%) reads out of the 35,751 reads. This means MetaMLP was able to
identify 5% more reads than the best hit approach at 80% identity.
Pathway
Amino-acid_biosynthesis
Amino-acid_degradation
Antibiotic_biosynthesis
Aromatic_compound_metabolism
Bacterial_outer_membrane_biogenesis
Carbohydrate_biosynthesis
Carbohydrate_degradation
Carbohydrate_metabolism
Cell_wall_biogenesis
Cofactor_biosynthesis
Isoprenoid_biosynthesis
Lipid_metabolism
Metabolic_intermediate_biosynthesis
Nitrogen_metabolism
Nucleotide-sugar_biosynthesis
One-carbon_metabolism
Porphyrin-containing_compound_metabolism
Protein_modification
Purine_metabolism
Pyrimidine_metabolism
Xenobiotic_degradation
Average

Precision
1
0.94
1
0.78
0
1
1
0.97
1
1
1
1
1
1
1
1
1
1
1
1
1
0.99

Recall
1
1
0.97
1
0
0.98
1
1
1
1
1
1
1
1
1
1
1
1
1
1
0.47
1

F1 Score
1
0.97
0.98
0.87
0
0.99
1
0.99
1
1
1
1
1
1
1
1
1
1
1
1
0.64
1

Table 6.4: Prediction performance of the best hit approach using DIAMOND
Further, both methods were compared on their positive predictions to evaluate their performance
for discriminating reads from a particular pathway. As expected, the sequence alignment approach
at 80% identity performed with a high average precision (0.99) and recall (1.00) (see Table 6.4),
whereas MetaMLP was also close to perfect prediction with 0.99 average precision and 0.99
average recall (see Table 6.5), indicating the potential of k-mer embeddings to represent protein
sequences to profile metagenomes.
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Pathway
Amino-acid_biosynthesis
Amino-acid_degradation
Antibiotic_biosynthesis
Aromatic_compound_metabolism
Bacterial_outer_membrane_biogenesis
Carbohydrate_biosynthesis
Carbohydrate_degradation
Carbohydrate_metabolism
Cell_wall_biogenesis
Cofactor_biosynthesis
Isoprenoid_biosynthesis
Lipid_metabolism
Metabolic_intermediate_biosynthesis
Nitrogen_metabolism
Nucleotide-sugar_biosynthesis
One-carbon_metabolism
Porphyrin-containing_compound_metabolism
Protein_modification
Purine_metabolism
Pyrimidine_metabolism
Xenobiotic_degradation
Average

Precision
0.99
0.97
0.93
0.42
1
0.97
0.99
0.97
0.99
0.99
1
0.98
0.97
1
1
0.99
0.99
1
1
0.99
0.8
0.99

Recall
0.99
0.97
0.82
0.44
0.36
1
0.99
0.97
1
0.99
0.99
1
0.97
1
0.99
0.95
0.97
1
0.99
1
0.46
0.99

F1 Score
0.99
0.97
0.87
0.43
0.53
0.98
0.99
0.97
0.99
0.99
0.99
0.99
0.97
1
1
0.97
0.98
1
0.99
1
0.59
0.99

Table 6.5: Prediction performance of MetaMLP for the pathway database.
It is also worth mentioning that MetaMLP and the best hit approach did not perform well for three
categories (aromatic compound metabolism, bacterial outer membrane biogenesis, and xenobiotic
degradation). Interestingly, the best hit approach was not able to identify any read from bacterial
outer membrane biogenesis when MetaMLP obtained a 1.00 precision but a low 0.13 recall,
indicating a high sensitivity of MetaMLP in discriminating true positives from this category but
failing for false negatives. In terms of relative abundance, the comparison of the read counts
between the best hit approach and MetaMLP was very close with a correlation of 0.988, indicating
that MetaMLP can correctly characterize the composition of the pathways in the simulated data
set (see Figure 6.4).
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Figure 6.4: Correlation between pathway relative abundances computed from results from
MetaMLP (x axis) and DIAMOND (y axis) using the true positive dataset.

6.3.3

Detection of False Positives Hits

The false positive rate is defined as the counts of negative samples predicted as positives. Thus,
MetaMLP was ran against the true negative reads. Then, the false positive rate was computed as
the number of reads predicted as any pathways from the total 35,751 negative reads. As result,
MetaMLP classified only 2 reads out of the 35,751 negative reads indicating a very low false
positive rate (0.005%). As expected, the best hit approach did not produce any relevant alignment,
hence, having a null false positive rate (0%).
6.3.4

Time and Memory Usage of MetaMLP

The main advantage for building up a classifier instead of performing a sequence alignment is the
improvement over the speed for making the annotations. Results have shown that MetaMLP keeps
an almost identical level of sensitivity compared to DIAMOND. However, the strength of
MetaMLP relies on its speed. Table 6.6 shows the speed benchmarking over data sets with
different numbers of reads. Note that MetaMLP is >50 times faster than DIAMOND for all the
sample sizes. MetaMLP produces very similar results in terms of relative abundance using the
ARGs database and pathway database with a correlation of 0.951 and 0.953, respectively (See
Figure 6.5). Note that, in this test, MetaMLP identified 35% more ARG-like reads (253,370)
compared to the number of reads (186,736) detected from DIAMOND. In addition, MetaMLP is
also memory efficient, depending mostly on the size of the reference database. For instance, it
requires a minimum ram memory of 1.0Gb to run the pathways database, 1.2Gb when using the
ARGs database and 2.8Gb when using the GO database. When processing 100M reads, it required
1.7Gb in total with the pathways database whereas DIAMOND required 6.68Gb. The low memory
usage in MetaMLP is a consequence of its classification strategy, where reads are loaded in chunks
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of 10,000 reads for efficient I/O. Therefore, MetaMLP can be run in any personal computer without
the need of using a large cluster with high amount of RAM memory.

Number of Reads
100,000
1,000,000
10,000,000
100,000,000

MetaMLP
9s
27 s
1m
14 m

Diamond
38 s
6m
67 m
714 m

Table 6.6: Time profiling of MetaMLP compared to Diamond over different sample sizes.

Figure 6.5: Correlation between MetaMLP and DIAMOND relative abundance results from the 100
Million dataset obtained from a real soil sample.

6.3.5

Functional Annotation of Different Environments

MetaMLP was run over the 67 real metagenomic samples processing a total of 2,186,933,071 reads.
Of those reads, MetaMLP was able to predict 2,343,026 as ARG-like reads in 710 minutes using
only one CPU, whereas DIAMOND identified 782,639 reads taking a total of 5,256 minutes using
20 CPUs. Thereafter, the average correlation of the abundances between Diamond and MetaMLP
was of 0.84 (0.83 log transformed relative abundance). When tested against the pathways database,
MetaMLP classified 6,920,009 reads whereas DIAMOND identified 6,179,910 reads. In terms of
relative abundances, the average correlation of was of 0.94 (0.83 log transformed relative
abundance).
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6.3.5.1 Observation of MetaMLP Annotations against an extensive Metagenomics Study
An extensive study carried out by Pal et. al. [91] uses over 800 metagenomic samples spanning
several environments with a sequence alignment strategy at a 90% identity cutoff for annotation.
This study (named Pal800 for simplicity) shows that the human gut microbiota is one of the
environments with the highest relative abundance compared to other microbiomes (soil,
wastewater, and freshwater). Concordantly, when MetaMLP was run over the 68 real metagenomic
samples using the GO database, it also profiled the human gut microbiome as the highest relative
abundance for the response to antibiotic process (see Figure 6.6). Note that Pal800 used a curated
ARG database, and, therefore, it did not consider the induction of false positives. However, the
GO database only provides a general overview of the functional composition of those
environments. Therefore, a more detailed analysis was obtained by looking at the results from
MetaMLP using the specialized ARG database. As result, the same trend was observed when
comparing both analyses (MetaMLP, Pal800). For example, the tetracycline category had the
highest relative abundance in the human microbiome, sulfonamide shows the highest relative
abundance in the wastewater environment, the relative abundance of the beta-lactamase class was
higher in the freshwater compared to the wastewater, and both are higher than human gut and soil
environments. Pal800 also performed a composition profile of the mobile genetic elements present
in the microbiomes. It shows that wastewater, freshwater, and soil environments had a higher
relative abundance compared to the human gut. Interestingly, for MetaMLP, the GO response to
stress database conveyed a similar trend in relative abundance for the biological process
“establishment of competence for transformation” (see Transformation Figure 6.6). This term is
associated to genetic transfer between organisms and is described by the GO consortium as the
process where exogenous DNA is acquired by a bacterium. Overall, despite only using 67 real
metagenomes, the functional annotation carried out by MetaMLP described a very similar trending
for relative abundances when compared to the Pal800 study, indicating a real scenario usage of
MetaMLP.
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Figure 6.6: Relative abundance of biological process from the GO response to stress database.

6.4

Conclusions

MetaMLP is an alignment-free method for profiling metagenomic samples to specific target group
of proteins (e.g., ARGs, pathways, GO terms) using a machine learning classifier. It uses sequence
embeddings to represent protein and DNA sequences as numerical vectors and a machine learning
classifier to discriminate between protein functions. Results show that MetaMLP identifies more
reads than the widely used best hit approach (sequence alignment with identity >80%) and has as
good performance as a sequence alignment method. Remarkably, MetaMLP is around 50 times
faster than the DIAMOND aligner, the most widely used sequence alignment tool for metagenomic
data sets. MetaMLP can be trained using any collection of protein sequences (reference database)
and keeps a very low memory footprint for the specialized databases used. Finally, MetaMLP is
open sourced and freely available at https://bitbucket.org/gaarangoa/metamlp/src/master/.
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CHAPTER 7

CONCLUSIONS

In this thesis, several computing tools were developed to address different challenges in the
processing and analysis of metagenomic data. These tools were aimed to help with the
understanding of the role of microbes in their environment, particularly to profile antibiotic
resistance by using a combination of web platforms and standalone tools. The main conclusions
of this thesis are listed below:
1. MetaStorm, a web platform dedicated to the analysis of metagenomic samples has been
proposed and developed. In its current state, MetaStorm has been widely used by the
scientific community around the world. It has processed more than 10TB of raw
sequencing data and has 247 users who have submitted 3,116 samples and customized
reference databases. MetaStorm has been used primary for the analysis of antibiotic
resistance genes as well as for mobile genetic elements, metal resistance genes, cluster of
orthologous proteins, and 16S rRNA databases, making it a valuable resource for the
antibiotic resistance and environmental engineering community.
2. DeepARG, a machine learning approach for profiling ARGs from metagenomic samples,
was proposed as an alternative to the current practices. It was shown that DeepARG
improved significantly the performance of ARG annotation compared to the best hit
approach. By using a machine learning strategy along with sequence alignment scores,
DeepARG is not sensitive to strict identity cutoffs. In addition, an ARG database
(DeepARG-DB) was also released along with the deep learning models. However, as this
database was developed from other ARG resources, it is sensitive to propagation errors,
highlighting the need for developing an strategy for the curation and validation of ARGs.
3. The annotation of ARGs is a time consuming task, which is normally performed by expert
curators. Thus, ARGminer, a web platform, was developed with the aim to incorporate
information from different ARG resources (8 ARGs databases, MGEs, pathogen databases
as well as general databases such as UniProt and PubMed) to decrease the complexity of
manual curation. Additionally, ARGminer was developed as an open source resource with
collaboration as its major strength. Therefore, the annotation of ARGs is open to expert
curators as well as the general community who wants to work on this task. To validate
ARGminer, crowdsourcing was used to recruit curators without specific expertise in ARGs.
With results comparable to that obtained by expert curators, crowdsourcing has shown to
be a powerful alternative for finding the consensus of antibiotic classes as well for
validating ARG names that may vary from databases.
4. NanoARG, a web platform for the annotation of nanopore sequences was designed to
profile long sequences against several databases including ARGs, MGEs, MRGs, and
taxonomy. It has the potential to also process large contigs and full genomes. It integrates
our previously developed deep learning models from DeepARG, which facilitates the
detection of ARGs with low sequence similarity to known ARGs.
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5. Word vectors have proven to be a powerful representation of protein and DNA sequences.
We developed MetaMLP, a machine learning based approach for profiling metagenomic
data sets to a variety of gene functions. Unlike DIAMOND, MetaMLP is an alignment free
technique that represents protein sequences with numerical vectors by using word
embeddings, a widely used approach in natural language processing. MetaMLP proved to
be as sensitive as a sequence alignment approach but much faster (>50 times over 100
million reads), also keeping a high similarity in terms of relative abundance (correlation >
0.9). MetaMLP is the first effort of using the supervised CBOW models for representing
protein sequences. This opens the opportunity for future exploration in this area,
particularly, in the detection of novel genes from metagenomic samples and improvements
on the ways to represent protein sequences.
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