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Summary

Bacteria live in almost any imaginable environment, from the most extreme envi-

ronments (e.g. in hydrothermal vents) to the bovine and human gastrointestinal

tract. By adapting to such diverse environments, they have developed a large

arsenal of enzymes involved in a wide variety of biochemical reactions. While

some such enzymes support our digestion or can be used for the optimization

of biotechnological processes, others may be harmful – e.g. mediating the roles

of bacteria in human diseases. Thus, understanding the functional potential of

bacteria holds promises for biotechnology and for addressing important questions

in the treatment of bacterial infections. This is especially true, as more and more

pathogens develop resistances to available antimicrobial drugs, causing deaths

and large economic costs.

Due to advances in high-throughput DNA sequencing, the number of sequenced

bacterial genomes is growing rapidly. For many of these, their functional or

pathogenic potential is not known. Making use of these data sets requires so-

phisticated interpretation techniques that leverage existing genome annotations,

including methods to systematically deduce bacterial genotype-phenotype asso-

ciations, which can then be used to determine the phenotypic potential of newly

sequenced genomes. In this thesis I describe three such approaches that use ma-

chine learning techniques for relating bacterial phenotypes to their genotypes,

with applications in infection research and biotechnology.

First, we were interested in learning the genetic determinants of bacterial plant

biomass degradation. Enzymes encoded in the genomes of plant biomass degrad-

ing bacteria can be used in the biotechnological conversion of plant material into

biofuels, which could eventually replace climate-damaging fossil fuels. We used

an L1-regularized L2-penalized support vector machine to learn an accurate phe-

notype classifier based on the profiles of protein families from the genomes of

a large and manually curated set of plant biomass degraders. Based on feature

selection from the obtained phenotype model, we identified protein families of

enzymes known by physiological and biochemical tests to be implicated in the

degradation of various components of plant biomass, as well as uncharacterized

protein families, which represent targets for biochemical characterization.



Second, we developed Traitar, a multi-trait prediction software. The traits avail-

able for classification in Traitar cover many aspects of the bacterial metabolism,

such as use of various substrates as carbon and energy sources, oxygen require-

ment, morphology, antibiotic susceptibility, proteolysis and other enzymatic ac-

tivities. Traitar provides two prediction modes: one based on the profiles of protein

families and one also incorporating the evolutionary history of protein families.

The phenotype classifiers provided by Traitar were trained and rigorously evalu-

ated on phenotypes and genomes from 572 species of 8 phyla. Traitar only requires

features that can be computed directly from the genome sequences and is appli-

cable to the rapidly increasing number of genomes recovered from single cells,

isolates, and metagenomes

Last, we learned the determinants of multi-drug resistance of Pseudmonas aerug-

inosa by employing a logistic regression classifier. Here, we used expression and

mutational profiles from a large set of clinical isolates. We could accurately pre-

dict the resistance to five different antibiotics and identified known resistance

markers, as well as uncharacterized proteins that might provide further insights

into the resistance acquisition mechanisms.

In summary, the methods presented in this thesis allow to study the phenotypic

potential of bacteria based on their genomes. Uncovering the genotype-phenotype

associations for biotechnologically important traits may aid in the discovery of

novel enzymes that can be employed in industrial processes. Similarly, biomark-

ers of antibiotic resistance could improve the selection of antibiotics in patient

therapy.



Zusammenfassung

Bakterien besiedeln alle vorstellbaren Lebensräume. Solche, in denen sehr ex-

treme Umweltbedingungen vorherrschen (z.B. in heißen Thermalquellen) genauso

wie im Verdauungstrakt von Rindern und Menschen. Indem sich Bakterien an

solche Lebensräumen angepasst haben, haben sie im Laufe der Evolution ein Arse-

nal von Enzymen hervorgebracht, das in verschiedensten Stoffwechselwegen zum

Einsatz kommt. Manche solcher Enzyme fördern sogar unsere Verdauung oder

können zur Optimierung von biotechnologischen Prozessen eingesetzt werden.

Andere Enzyme dagegen haben eine schädliche Wirkung, z.B. Virulenzfaktoren

von Krankheitserregern. Das Verständnis des funktioniellen Potentials solcher

Bakterien ermöglicht es, Fragestellungen in der Biotechnologie und in der In-

fektionsforschung zu adressieren. Das ist besonders wichtig, da mehr und mehr

pathogene Organismen Antibiotikaresistenzen entwickeln, die zu Todesfällen und

hohen ökonomische Kosten führen.

Die Fortschritte bei Hochdurchsatz-Sequenziertechnologien haben zu einem rapi-

den Anstieg der Anzahl der sequenzierten bakteriellen Genome geführt. Für

viele diese Genome, ist das funktionelle oder pathogene Potential noch nicht

bekannt. Um einen Nutzen aus diesen großen Datenmengen zu ziehen, bedarf

es ausgeklügelter Techniken zur Datenauswertung, die die bereits existierenden

Genomannotationen gezielt ausnutzen können. Dazu gehören auch Ansätze, die

systematisch Genotyp und Phänotyp von Bakterien in Beziehung setzen, die dann

auch eingesetzt werden können, um das phänotypische Potential von neu sequen-

zierten Bakterien zu bestimmmen.

In einem ersten Ansatz haben wir die genetischen Ursprünge des bakteriellen

Pflanzen-Biomasseabbaus untersucht. Enzyme, die in den Genomen solcher bak-

terieller Biomasse-Abbauer codiert sind, können in der biotechnologischen Umset-

zung von Pflanzenmaterial in Biotreibstoff eingesetzt werden, der langfristig kon-

ventionelle klimaschädliche fossile Treibstoffe ersetzen könnte. Hierzu haben wir

ein L1-regularisiertes L2-penalisiertes Stützvektor-Verfahren eingesetzt, um einen

akuraten Phänotyp-Klassifikator basierend auf den Proteinfamilien-Profilen der

Genome eines großen und kuratierten Datensatzes von Pflanzen-Biomasseabbauern

zu entwickeln. Auf Basis dieses Klassifikators konnten wir mittels Methoden zur



Merkmalsidentifizierung Enzym-Proteinfamilien finden. Teils solche, die schon

durch physiologische und biochemische Tests mit dem Abbau von pflanzlicher

Biomasse in Verbindung gebracht wurden, andererseits aber auch uncharakter-

isierte Proteinfamilien, die aussichtsreiche Kandidaten für die tiefergehende bio-

chemische Charakterisierung darstellen.

Zweitens haben wir Traitar entwickelt, ein Programm, um gleichzeitig viele Phäno-

typen anhand von einem Genom vorherzusagen. Die Phänotypen, die mit Traitar

klassifiziert werden können, decken viele Aspekte des bakteriellen Metabolismus

ab, wie zum Beispiel die Nutzung von verschiedensten Substraten als Kohlenstoff-

und Energiequelle, dem Sauerstoffbedarf, Morphologie, Antibiotikaresistenzen,

Proteolyse und weitere Enzymaktivitäten. Traitar bietet zwei verschiedene Vorher-

sagemodi: Einer basierend auf Profilen von Proteinfamilien und ein weiterer,

der auch die evolutionäre Geschichte der Proteinfamilien berücksichtigt. Traitar

wurde zuerst trainiert und anschließend gründlich auf Phänotypen und Genomen

von 572 Spezies aus 8 Phyla evaluiert. Ferner benötigt Traitar zur Vorhersage nur

Merkmale, die direkt aus den Genomsequenzen berechnet werden können, und ist

dabei für die rapide ansteigende Anzahl von Genomen einsetzbar, egal, ob diese

aus einzelnen Zellen, Isolaten oder Metagenomen stammen.

Zuletzt haben wir die genetischen Faktoren von Antibiotikaresistenzen in Pseu-

domonas aeruginosa mit Hilfe von logistischer Regression untersucht. Hierzu

haben wir Expressions- und Mutationsprofile einer großen Anzahl von Isolaten

verwendet. Wir konnten die Resistenzen gegen fünf Antibiotika akurat vorher-

sagen und haben dabei bekannte Resistenzmarker aber auch uncharakterisierte

Proteine identifiziert, die weitere Einblicke in die Resistenzmechanismen der un-

terschiedlichen Antibiotika gewähren könnten.

Zusammenfassend erlauben die hier präsentierten Methoden, das phänotypis-

che Potential von Bakterien basierend auf ihrem Genom zu studieren. Indem

die Genotyp-Phänotyp-Assoziationen für biotechnologisch wichtige Phänotypen

aufgedeckt werden, könnten in Zukunft neue Enzyme mit Einsatzmöglichkeiten

in industriellen Prozessen gefunden werden. Genauso haben die Biomarker, die

für die Antibiotikaresistenzen gefunden wurden das Potential, die Therapie und

Diagnostik von multiresistenten Keimen wie P. aeruginosa zu verbessern.
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Freunde. Die Liste derer, die ich gerne erwähnen würde ist zu lang, aber ich
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CHAPTER 1

Introduction

1.1 Bacteria, their traits, and their potential

“I took a little white matter, which is as thick as if it were batter. I then most

always saw, with great wonder, that in the said matter there were many very little

living animalcules, very prettily a-moving.”1. This is how Antoni van Leeuwen-

hoek – using a technically advanced microscope – probably as the first human

being observed bacteria. He made this discovery more than 350 years ago, and

200 years ahead of time before the pioneering work of Louis Pasteur and Robert

Koch in microbiology. Today we know that we live in a microbial world. Bacteria

are ubiquitous and important for biotechnology and human health. They have

evolved traits, such as cold resistance or the ability to utilize inorganic mate-

rial as energy source, to survive in the most extreme environments, e.g. in the

drainage of acid coal mines, hydrothermal vents in the deep sea, or the permafrost

around the arctic. (Figure 1.1). In general microbes are described, characterized

and distinguished by their traits as in Bergey’s Manual of Systematic Bacteri-

1Letter written to the Royal Society on September 17 1683 by Antoni Leeuwenhoek
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Figure 1.1: Extreme environments inhabited by microbial communities. Acid mine
drainage (left; public domain) (Hardesty n.d.), hydrothermal vent (top right; pub-
lic domain) (U.S. National Oceanic and Atmospheric Administration 2004), per-
mafrost soil (bottom right; public domain) (NASA n.d.).

ology (Goodfellow et al. 2012). A trait or phenotype (used interchangeable in

this thesis) can vary in complexity. For example, it can refer to the degradation

of a specific substrate or the activity of an enzyme inferred in a lab assay, the

respiratory mode of an organism, the reaction to Gram staining or antibiotic resis-

tances. Traits, such as antibiotic resistance, are also driving factors for microbial

community composition (J. L. Martinez 2008). Antibiotic treatment shapes a mi-

crobial community by killing off antibiotic susceptible bacteria, whereas resistant

bacteria survive the treatment (Sommer et al. 2011).

Bacteria in human health Bacteria have also adapted to human environ-

ments, e.g. in the human gut they account for two kilograms of biomass (Gevers
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et al. 2012). By fermentation of dietary fibers into short chain fatty acids, they

support intestinal digestion (Andoh et al. 2003). The microbiota in obese mice has

an elevated functional potential for collecting energy from the nutrition compared

to lean mice (Turnbaugh et al. 2006). The human microbiome – the entirety of

the microbial genomes of human-associated microbes – has been called our second

genome (Grice et al. 2012). Large scale initiatives like the Human Microbiome

Project were initiated to study the genomic composition of the complete healthy

human microbiota, whereas the MetaHit project focused on the intestinal micro-

biota (Gevers et al. 2012; Qin et al. 2010).

Changes in the human gut microbiota have also been associated with different

disorders, such as diabetes (Everard et al. 2013) and irritable bowel syndrome

(IBD) (Kostic et al. 2014). For instance, the decrease of certain bacteria and an

overall reduced bacterial diversity has been linked to IBD (Manichanh et al. 2006).

Some human-associated bacteria may cause serious health problems for people

with a compromised immune system. Anti bacterial drugs – so called antibiotics

– are available for treatment of bacterial infections, but the occurrence of multi-

drug resistant strains has become a global problem and causes many deaths yearly

(Wright 2012).

Bacteria in Biotechnology Microbial community members with varying traits

can help in waste water treatment, bioremediation of soils and promotion of plant

growth (Narihiro et al. 2007; Olapade et al. 2015; Bai et al. 2015); plant biomass

degrading bacteria influence the ability to process the recalcitrant plant material

in the cow rumen microbiota (Hess et al. 2011); the dominant bacterial strain in

the Tammar wallaby foregut microbiome is associated with lower methane emis-

sions produced by the wallabies compared to ruminants (P. B. Pope, Smith, et

al. 2011). Bacterial enzymes already drive the production of over 500 industrial

products and there is a high demand for novel enzymes since biotechnological

processes are often more sustainable and economic than their chemical counter-

parts (Adrio et al. 2014). Bacteria in microbial communities with traits related

to such biotechnological processes have a large potential to serve as a reservoir of

such enzymes.
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From genomes to traits Inferring genotype-phenotype relationships for bac-

terial traits may contribute to understanding the functional roles of bacterial

community members and provide insights into medically and biotechnologically

relevant processes, such as the mechanisms of antibiotic resistances or microbial

cellulose degradation. Thus, methods are required to suggests bacterial strains

with relevant phenotypes from microbial communities and to identify protein fam-

ilies encoded in their genomes that can be linked to relevant traits or metabolic

capabilities.

1.2 Microbial genome sequencing

DNA sequencing has revolutionized biology since the invention of the chain ter-

mination method by Sanger in 1975 (Sanger et al. 1975). Since the mid-2000s,

high-throughput next generation sequencing (NGS) methods have led to an ex-

ponential increase of the sequenced DNA – although at the cost of shorter read

lengths. In contrast, recently developed long-read sequencing platforms deliver

reads with sizes of several kilobases and can also span repetitive genomic regions,

but have high error rates and lower throughput (Goodwin et al. 2016; Laehne-

mann et al. 2016).

Genotyping methods based on microbial genome sequencing have the potential

to replace phenotypic tests with faster and cheaper genotyping methods. For

example, in a recent study, Quick et al. applied a phylogenetic placement method

using MinION long-read real-time sequencing for profiling a Salmonella strain

from a hospitalized patient. Within 2 h, they found that this strain belonged to

the main outbreak in the hospital (Quick et al. 2015). Each year, thousands of

microbial genome sequences are deposited in public databases (Land et al. 2015).

This large number of available genomes paves the way to systematically associate

microbial genotypes with phenotypes.
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1.3 Next generation sequencing for unculturable

bacteria

In 1985, Staley and Konopka made the observation – later on termed “the Great

Plate Count Anomaly” – that the size of microbial populations estimated by

dilution plating and microscopy differed significantly from another (Staley et al.

1985). Today, we know that this is because many bacteria do not grow under

available culturing conditions. Hugenholtz et al. estimated that as little as 1%

of bacteria can be cultured. Bacteria are usually isolated by selectively growing

them in a culture medium – a prerequisite for most diagnostic tests, for example

to determine the cause of an infection (Hugenholtz et al. 1998).

1.3.1 Metagenomics

NGS methods gave rise to a new research direction in microbial community analy-

sis called metagenomics. I will explain this approach in more detail in this section

as the first two methods described in this thesis mainly target metagenomic data.

Metagenomics avoids the culturing step by directly sequencing DNA from an en-

vironmental sample, with the ultimate goal to reconstruct full genomes from the

metagenomic sequencing data. A metagenomic experiment requires a series of

experimental, as well as bioinformatics analysis steps (Figure 1.2). In contrast

to standard genome sequencing, the sequenced DNA fragments are not derived

from a clonal culture, but from hundreds or thousands of differentially abundant

bacterial strains – creating a complicated puzzle to be solved.

Assembly As a first step, metagenome reads are often merged to reconstruct

the original DNA sequences, which is also known as assembly. Metagenomic de

novo assembly methods usually do not recover complete genomes but rather as-

semble reads into longer contiguous sequences (contigs), that are used in down-

stream analyses. Strain variation and non-uniform coverage make it a highly

complex problem, which requires substantial computing power (A. Howe et al.

2015). Howe et al. proposed a pre-filtering approach for metagenomes from com-

plex communities such as soil, which after assembly gave similar results compared
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Figure 1.2: Overview of microbial community analysis via metagenome sequenc-
ing: samples from an environment are taken (A); bacterial cells are isolated (B);
cells are lysed and DNA is extracted (C); DNA is amplified and sequence library
is prepared (D); environmental DNA is sequenced (E) Sequence assembly, genome
reconstruction and other bioinformatics downstream analyses (F) (from Wooley
and Godzik (Wooley et al. 2010)); Creative Commons Attribution license .

to assembling the unfiltered metagenome, requiring less computing power (A. C.

Howe et al. 2014). State-of-the-art assembling methods for short-reads from NGS

commonly employ de Bruijn graphs to solve the assembly problem. A de Bruijn

graph represents overlaps between oligomers of a given length – also called k-mers,

which are derived from the sequence reads (A. Howe et al. 2015). IDBA-UD is

a metagenomic assembler that attempts to partition the de Bruijn graph into

isolated components for each species and tries to resolve strain variation within

these components (Peng et al. 2011). Ray Meta was developed to scale to very

large data sets by distributing the computations across many processors with

moderate memory usage (Boisvert, Raymond, et al. 2012). Recently, the assem-

bly of synthetic long read data sets of complex soil microbial communities was
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shown to significantly improve the metagenomic assembly quality (Bankevich

and Pevzner 2016). Synthetic long reads, which are derived from barcoded short

reads, represent an alternative to short-read NGS, as well as to the error-prone

and low-throughput true long-read sequencing platforms. Since in general, the

quality of genome or metagenome assemblies can differ considerable across dif-

ferent method, QUAST and metaQUAST were developed to compare different

assemblies of genomes or metagenomes with each other (Gurevich et al. 2013;

Mikheenko et al. 2015).

Genome recovery The assembled metagenomic contigs are subjected to re-

covery of genomes from metagenomes (GFMs), also known as binning (Dröge

et al. 2012). Differential read coverage and k-mer usage have proven to be the

most successful features for genomic deconvolution and inferring the taxonomic

origin of the contigs (Alneberg et al. 2014; Cleary et al. 2015; Gregor et al. 2016;

Imelfort et al. 2014; Kang et al. 2015; Nielsen et al. 2014). Methods for genome

recovery have been applied to large metagenomic data sets, delivering hundreds

of draft genomes with different degrees of completeness and quality (Brown et al.

2015; Hess et al. 2011). Clade-specific marker genes can provide an estimate of

the completeness of such genome recoveries (Parks et al. 2015).

For each bioinformatic analysis step of a metagenome, an increasing number

of tools are available – many evaluated on different data sets and each with

unique strengths and weaknesses. This leaves the user with the difficult task to

select the most appropriate choice for the analysis. To address this shortcoming,

the Critical Assessment of Metagenome Interpretation (CAMI) challenge was

initiated to provide an objective and comprehensive comparison of metagenomic

software 2.

1.3.2 Single-cell genome sequencing

The sequencing of genomes derived from single bacterial cells represents another

culture-independent technique to recover genomes – also from less abundant taxa

in microbial communities. After isolation of single cells, the ϕ29 polymerase – a

2http://www.cami-challenge.org/
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bacterial phage DNA polymerase that is very sensitive and has low error rates –

is employed to amplify the single-copy DNA using multiple displacement ampli-

fication (Gawad et al. 2016). Algorithms developed for the assembly of single-cell

genomes take the non-uniform coverage of single-cell sequencing data into ac-

count, in contrast to assemblers for multi-cell genome assembly (Boisvert, Lavi-

olette, et al. 2010; Bankevich, Nurk, et al. 2012). MeCorS leverages the uniform

coverage of metagenomic data for error correction of single-cell sequencing as-

semblies in regions of low coverage, given a metagenome is available from the

same environment as the sequenced single cells (Bremges et al. 2016). Large-scale

single-cell sequencing studies have led to several hundreds of recovered single-cell

draft genomes (Lasken et al. 2014; Rinke et al. 2013).

1.4 Protein function prediction

The protein-encoding genes derived in sequence data set derived from single-cells

and microbial communities represent a large reservoir of functionally uncharac-

terized proteins – potentially, many with functions relevant for biotechnology and

clinical applications. The functional annotation of such proteins is the fundamen-

tal step to understand and determine their functional roles and the metabolic

capabilities of microbial community members. However, only a small fraction of

the proteins in public databases have a functional annotation and much less were

experimentally characterized (Jaroszewski et al. 2009). As a first step, targets for

functional annotation need to be identified. To this end, specialized software such

as Prodigal and FragGeneScan can detect protein-coding sequences in prokaryotic

genomic sequences. Whereas Prodigal works on assembled sequences (Hyatt et al.

2010), FragGeneScan has been optimized to find genes in short error-prone reads

common in metagenomes (Rho et al. 2010). A popular strategy is to functionally

annotate coding sequences encoding proteins of unknown function by searching

for characterized proteins that have a similar structure or sequence (homologous

proteins)(D. Lee et al. 2007), for instance using the famous Basic Local Alignment

Tool (BLAST) (Altschul et al. 1990).
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1.4.1 Guilt by association

Homology transfer of function is not without its caveats. Gene duplication is the

process by which a region of DNA containing one or several genes gets duplicated.

One copy of a gene is often rendered dysfunctional in the course of subsequent

evolution or undergoes neo-functionalization, while retaining a similar sequence

or structure; the other copy keeps the original functional role (Roth et al. 2007).

Orthology refers to a group of proteins, which descended from a single gene of the

last common ancestor. An orthologous group of proteins is a better indicator of

functional conservation than than sequence homology alone (Sonnhammer et al.

2002). The annotation of proteins with the help of information from the genomic

context is known as guilt by association (Aravind 2000). For instance, clusters

of Orthologous Genes (COGs) can be constructed using all-against-all sequence

comparisons with BLAST across bacterial genomes (Tatusov et al. 2001). Such a

cluster must contain at least three proteins that are more similar to each other

than to any other protein from the same genomes. eggNOG is the unsupervised

extension of COG, which does not require manual curation (Huerta-Cepas et al.

2016).

COGs or other groups of functionally related protein sequences can be represented

by a multiple sequence alignment (MSA) that carries information about insertions

and deletions at specific positions of the alignment. Profile hidden Markov mod-

els (HMM) have been developed to model a MSA (Eddy 1998). A protein can be

annotated against a database of pre-built profile HMMs with BLAST-like accu-

racy and speed. For instance, the protein family database (Pfam) contains more

than 15000 profile HMMs derived from protein sequences from all domains of

life (Finn, Coggill, et al. 2016), but there are also more specific databases like

dbCAN, which contains only families of carbohydrate active enzymes (Yin et al.

2012).

Another example of assigning function based on guilt by association is to detect

gene fusion events. Sets of genes that appear separate in one genome frequently

appear joined together in a second genome. Evolution suggests that there is a

selective pressure for these events to happen, and indeed fused genes are likely to

be functionally associated (Enright et al. 1999).
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Association by co-occurence Protein families that have a similar phyloge-

netic distribution across genomes from many organisms tend to be involved in

a similar biological process (Kensche et al. 2008). Clustering methods that op-

erate on co-occurence patterns can be used to detect functional modules – sets

of functionally coupled proteins (Yamada et al. 2006; Konietzny, Dietz, et al.

2011). A functional module can represent a pathway, which is a set of biochem-

ical reaction steps or a protein complex like the flagellum, the bacterial motor

complex. Examples of databases of curated functional modules, such as pathways,

include the Kyoto Encyclopedia of Genes and Genomes (KEGG) and MetaCyc

(Caspi et al. 2016; Kanehisa et al. 2015). However, approaches that only take the

co-occurence patterns of the proteins into account and ignore the phylogenetic

relationships between the organisms may recover false positive functional links

between these proteins. Other methods explicitly make use of a phylogenetic tree,

which represents the evolutionary history of the analyzed genomes (Barker et al.

2005; Cohen, Ashkenazy, et al. 2013).

Association by phenotype Bacterial genome-wide association studies

(GWAS) attempt to link genetic features (like single nucleotide polymorphisms or

protein families) across bacterial genomes from strains with a common phenotype

of interest (Y. Liu et al. 2006; P. E. Chen et al. 2015; Dutilh et al. 2013). Machine

learning methods can be employed to learn a statistical model of a phenotype,

by exploiting co-occurrence patterns of phenotype and protein families to find a

new group of protein families that are predictive of a trait. (Khaledi et al. 2016;

MacDonald et al. 2010; Lingner et al. 2010). Such genotype-phenotype models

may also be re-used to identify bacterial strains that encode these phenotypes of

interest from newly sequenced metagenomic, single-cell or isolate genomes. But,

so far, only few genotype-phenotype models for biotechnologically or medically

relevant traits have been established.

1.4.2 From proteins to bacterial metabolism

Metabolic reconstruction aims at reconstructing the bacterial metabolism based

on the individual enzymes found in a given genome. These methods model the



1.5 Supervised learning for genotype-phenotype inference 11

bacterial cell as a network of pipes through which substrates and products flow.

However, these models are time-consuming to construct and require a high quality

functional annotation, which is only available for model organisms (Durot et al.

2009). Metabolic reconstruction has also been attempted for metagenomic data

but not for single genome recovered from metagenomes. For instance, Abubucker

et al. developed HUMAnN, to determine the functional potential of microbial

community metagenomes, and used it to identify pathways enriched in the human

microbiome at specific body sites (Abubucker et al. 2012). Liu and Pop developed

MetaPath, which also aims at identifying differentially abundant pathways across

metagenomes (B. Liu et al. 2011). Methods that can provide insights into the

metabolism of non-model organisms from genome-level information, are needed

to complement such metabolic reconstruction approaches.

1.5 Supervised learning for genotype-pheno-

type inference

A central idea of this thesis was to use supervised machine learning methods to

infer links between a target phenotype and genetic features. A feature represents a

single measurement, for example the expression level of a specific gene. Supervised

learning, also known as classification, derives some rules between input features

and a target class, whereas unsupervised methods look for some structure inherent

to the input data i.e. clusters. Classification methods can be further divided into

linear and non-linear models. Linear methods separate the input samples by a

linear decision boundary, but, in contrast to non-linear methods, they cannot take

interactions between features into account. However, they provide a direct way to

interpret the contributions of the individual features to the classification. This is

particularly important in biological settings, where high-throughput assays can

probe hundreds of thousands of features at the same. In addition, the analysis

of such high-dimensional data sets is challenging, because classifier can easily be

overfitted. An overfitted classifier has a good fit with the sample data but a poor

fit for unseen samples. Methods, which only select a few input features as relevant

for the classification often have superior generalization performance (Hastie et al.

2009).
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Figure 1.3: Maximum margin hyperplanes for classification: H1 does not sepa-
rate the two point clouds. H2 does, but H3 is the separating hyperplane with the
largest margin (Creative Commons Attribution-Share Alike 3.0 Unported) (Wein-
berg 2012).

Support vector machines We heavily relied on support vector machines

(SVM) in our studies. SVMs are geometric classifiers. They are trained by finding

a hyperplane that separates the phenotype-positive and phenotype-negative class

with the largest possible margin. The margin is defined by the distance between

the closest point of the positive and the negative class to the hyperplane (Figure

1.3). To accomodate cases where the problem is not linearly separable, the soft-

margin SVM allows samples of the positive class to lie on the other side of the

margin, i.e. it seeks a trade-off between a large margin and placing a small num-

ber of samples on the wrong side of the margin (Boser et al. 1992). In particular,

we used a L1-regularized L2-loss SVM, which is a linear SVM. L1 regulariza-

tion allows to shrink the number of non-zero weights given to individual features,

enabling sparse models (Fan et al. 2008).

Logistic regression We further made use of the logistic regression classifica-

tion method in our genotype-phenotype association studies. Logistic regression

is also a linear classifier, but, in contrast to SVMs, it is a probabilistic classifier

and models the posterior probabilities of the phenotype-positive and phenotype-

negative classes as linear functions. In practice logistic regression has similar gen-
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eralization performance as the SVM and will always find the optimal hyperplane

in the linear separable case. Samples classified with a logistic regression classifier

will receive an actual probability to belong to the positive or negative class, which

provides a degree of certainty about the classification decision (Hastie et al. 2009).

In contrast, SVM output would need first to be transformed into a probability

distribution over the two classes using, e.g. Platt’s scaling (Platt 1999). Again,

we used a L1-regularized version of the classifier to obtain sparse models (Fan

et al. 2008).

1.6 Outline

This thesis is a cumulative work consisting of a series of scientific articles I co-

authored during my PhD project. In Chapter 1, I place the individual contri-

butions of this dissertation into a larger context. Chapter 2 provides my per-

sonal bibliography including the articles presented in this thesis as well as further

publications I co-authored, with a short description of my individual contribu-

tions. Chapter 3 describes a method for finding the genetic determinants of plant

biomass degradation, published as a peer-reviewed article at the journal Biotech-

nology for Biofuels. Chapter 4 presents a method for multi-trait prediction from

microbial genomes, published as a pre-print, which is at the time of writing this

thesis under review. Both articles are identical to the published versions, but were

typeset to allow a uniform appearance. The orginal versions of the articles are

also provided in the appendix. Chapter 5 describes an approach to predicting

antibiotic resistance of Pseudmonas aeruginosa and is currently in preparation

for publishing. I conclude with a short synopsis of this dissertation.

The genomic components of plant biomass degradation Microbial plant

biomass degradation is a phenotype of considerable biotechnological interest.

Bacteria efficiently break down complex plant carbohydrates into simpler sug-

ars by enzymes encoded in their genomes. These enzymes can be employed

in biotechnological conversion of plant material into biofuels, which have lower

greenhouse emissions than climate-damaging fossil fuels (Rubin 2008). We used

a L1-regularized L2-penalized SVM to learn the plant biomass degradation phe-
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notype based on the profiles of protein families of a large and manually curated

set of plant biomass degraders (Chapter 3). From the classifier, using feature se-

lection, we could identify Pfam and CAZy families known to be implicated with

plant biomass degradation, but also uncharacterized protein families that repre-

sent potential new carbohydrate-active enzymes (CAZyme). We also employed

our genomic model of lignocellulose degradation for assessing the degradative

capabilities encoded in the draft genomes of uncultured bacteria from a cow ru-

men metagenome (Hess et al. 2011). Our model identified Bacteroidetes-affiliated

phylotypes to be involved in plant biomass degradation, which was supported by

biochemical analysis of enzymatically active CAZymes (Naas et al. 2014).

In a complementary approach, we identified functional modules associated with

plant biomass degradation, using latent Dirichlet allocation (Konietzny, P. B.

Pope, et al. 2014). Each of five modules detected in this way contained protein

families related to the degradation of different components of plant material such

as cellulose, hemicellulose and pectin, but also covered the building blocks of

the cellulosome – a multi-enzyme complex produced by many plant biomass de-

grading microbes. Using these modules, we could identify a considerable number

of previously characterized plant biomass degradation associated operons – ge-

nomic units, that typically contain proteins with related functions – in genomes of

known lignocellulose degraders. Importantly, we also detected many uncharacter-

ized gene clusters that contain both known CAZy families, as well as hypothetical

proteins. Several of such clusters have become targets for on-going biochemical

characterization studies in the lab of our collaborator Phillipp B. Pope at the

Norwegian University of Life Sciences.

Traitar, the microbial trait analyzer Since our approach to determine the

genetic determinants of an individual phenotypes proved to be very accurate for

the plant biomass degradation phenotype, we decided to devise a fully automated

method for multi-trait prediction that only requires as input a microbial genome

sequence (Chapter 4). Previous studies have attempted to predict phenotypes

from the phyletic patterns of protein families, but only for a limited number of

phenotypes (Feldbauer et al. 2015; Kastenmuller et al. 2009; Konietzny, P. B.

Pope, et al. 2014; Kastenmuller et al. 2009; Clark et al. 2007; Lingner et al. 2010;
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Weimann, Trukhina, et al. 2013). PICA – originally developed by Beiko et al. and

extended by Feldbauer et al. – currently is the only available software for microbial

genotype-phenotype inference, but it requires as input microbial genomes with

a pre-computed annotation of COGs and only supports the prediction of eleven

traits. In comparison, 67 traits are currently available in Traitar (Feldbauer et al.

2015; MacDonald et al. 2010). As before, we used regularized SVMs as phenotype

classifiers, but Traitar also includes a new prediction mode that provides classi-

fiers trained by incorporating a statistical model of protein family evolution. Our

software was trained and rigorously evaluated on phenotype data from a manually

curated database, as well as on a large data set compiled from a microbiological

encyclopedia (Goodfellow et al. 2012; Berger 2005). Traitar can reliably predict

a total of 67 phenotypes, including 60 entirely novel ones. Additionally, the phe-

notype classifiers in Traitar represent a large resource of candidate links between

protein families and phenotypes, and Traitar also suggests associations between

phenotypes and protein families for newly sequenced genomes.

Antibiotic resistance prediction in Pseudomonas aeruignosa Multi-

drug resistance of human pathogens causes many deaths worldwide (Wright 2012).

Pseudomonas aeruginosa is a particularly dangerous bacterium, due to high levels

of virulence and natural antibiotic resistance (Rumbaugh 2014). In our study, we

systematically associated genomic features of several hundred clinical isolates of

P. aeruginosa with resistance to five commonly administered antibiotics (Chap-

ter 5). Notably, and different from the approaches presented before, the clinical

isolates stem from the same bacterial species and not from a diverse set of taxa.

We trained logistic regression classifiers on the transcriptional and mutational

profiles derived from RNAseq data. Both, mutational and transcriptional profiles

allowed to train classifiers with high accuracies. Using these classifiers, we discov-

ered known resistance markers and several uncharacterized proteins, which are

currently experimentally characterized in the lab of our collaborator and might

provide further insights into the resistance mechanisms. Our approach showed

that genotype-phenotype association studies could soon reveal the genetic mark-

ers required to establish cheap and rapid antibiotic resistance profiling for treating

P. aeruginosa infections.
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3.1 Abstract

3.1.1 Background

Understanding the biological mechanisms used by microorganisms for plant bio-

mass degradation is of considerable biotechnological interest. Despite of the grow-

ing number of sequenced (meta)genomes of plant biomass-degrading microbes,

there is currently no technique for the systematic determination of the genomic

components of this process from these data.

3.1.2 Results

We describe a computational method for the discovery of the protein domains and

CAZy families involved in microbial plant biomass degradation. Our method fur-

thermore accurately predicts the capability to degrade plant biomass for microbial

species from their genome sequences. Application to a large, manually curated

data set of microbial degraders and non-degraders identified gene families of en-

zymes known by physiological and biochemical tests to be implicated in cellulose

degradation, such as GH5 and GH6. Additionally, genes of enzymes that degrade

other plant polysaccharides, such as hemicellulose, pectins and oligosaccharides,

were found, as well as gene families which have not previously been related to

the process. For draft genomes reconstructed from a cow rumen metagenome

our method predicted Bacteroidetes-affiliated species and a relative to a known

plant biomass degrader to be plant biomass degraders. This was supported by

the presence of genes encoding enzymatically active glycoside hydrolases in these

genomes.

3.1.3 Conclusions

Our results show the potential of the method for generating novel insights into

microbial plant biomass degradation from (meta-)genome data, where there is an

increasing production of genome assemblages for uncultured microbes.
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3.2 Background

Lignocellulosic biomass is the primary component of all plants and one of the

most abundant organic compounds on earth. It is a renewable, geographically

distributed and a source of sugars, which can subsequently be converted into bio-

fuels with low greenhouse gas emissions, such as ethanol. Chemically, it primarily

consists of cellulose, hemicellulose and lignin. Saccharification – the process of

degrading lignocellulose into the individual component sugars – is of considerable

biotechnological interest. Several mechanical and chemical procedures for saccha-

rification have been established; however, all are relatively expensive, slow and

inefficient (Rubin 2008). An alternative approach is realized in nature by various

microorganisms, which use enzyme-driven lignocellulose degradation to generate

sugars as sources of carbon and energy. The search for novel enzymes allowing an

efficient breakdown of plant biomass has therefore attracted considerable interest

(Kaylen et al. 2000; J. Lee 1997; Mitchell 1998; Wheals et al. 1999). In particu-

lar, the discovery of novel cellulases for saccharification is considered crucial in

this context (Himmel et al. 2007). However, the complexity of the underlying

biological mechanisms and the lack of robust enzymes that can be economically

produced in larger quantities currently still prevent industrial application.

For some lignocellulose-degrading species, carbohydrate-active enzymes (CAZy-

mes) and protein domains implicated in lignocellulose degradation are well known.

Many of these have been recognized by physiological and biochemical tests as be-

ing relevant for the biochemical process of cellulose degradation itself, such as

the enzymes of the glycoside hydrolase (GH) families GH6 and GH9 and the

endoglucanase-containing family GH5. Two well-studied paradigms are currently

known for microbial cellulose degradation: The ‘free-enzyme system’ is realized

in most aerobic microbes and entails secretion of a set of cellulases to the outside

of the cell. In anaerobic microorganisms large multi-enzyme complexes, known

as cellulosomes, are assembled on the cell surface and catalyze degradation. In

both cases, the complete hydrolysis of cellulose requires endoglucanases (GH5

and GH9), which are believed to target non-crystalline regions, and exo-acting cel-

lobiohydrolases, which attack crystalline structures from either the reducing (GH7

and GH48) or non-reducing (GH6) end of the beta-glucan chain. However, in the
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genomes of some plant biomass-degrading species, homologs of such enzymes

have not been found. Recent genome analyses of the lignocellulose-degrading mi-

croorganisms, such as the aerobe Cytophaga hutchinsonii (Xie et al. 2007), the

anaerobe Fibrobacter succinogenes (Brumm, Mead, et al. 2010; Morrison et al.

2009) and the extreme thermophile anaerobe Dictyoglomus turgidum (Brumm,

Hermanson, et al. 2010) have revealed only GH5 and GH9 endoglucanases. Genes

encoding exo-acting cellobiohydrolases (GH6 and GH48) and cellulosome struc-

tures (dockerins and cohesins) are absent.

Metagenomics offers the possibility of studying the genetic material of difficult-

to-culture (i.e. uncultured) species within microbial communities with the ca-

pability to degrade plant biomass. Recent metagenome studies of the gut mi-

crobiomes of the wood-degrading higher termites (Nasutitermes), the Australian

Tammar wallaby (Macropus eugenii) (P. Pope et al. 2010; Warnecke et al. 2007)

and two studies of the cow rumen metagenome (Brulc et al. 2009; Hess et al.

2011) have revealed new insights into the mechanisms of cellulose degradation in

uncultured organisms and microbial communities. Microbial communities of dif-

ferent herbivores have been shown to be dominated by lineages affiliated to the

Bacteroidetes and Firmicutes, of which different Bacteroidetes lineages exhibited

endoglucanse activity (P. Pope et al. 2010; P. B. Pope, Mackenzie, et al. 2012).

Notably, exo-acting families and cellulosomal structures have a low representation

or are entirely absent from gut metagenomes sequenced to date. Thus, current

knowledge about genes and pathways involved in plant biomass degradation in

different species, particularly uncultured microbial ones, is still incomplete.

We describe a method for the de novo discovery of protein domains and CAZy

families associated with microbial plant biomass degradation from genome and

metagenome sequences. It uses protein domain and gene family annotations as

input and identifies those domains or gene families, which in concert are most

distinctive for the lignocellulose degraders. Among the gene and protein domains

identified with our method were known key genes of plant biomass degradation.

Additionally, it identified several novel protein domains and gene families as being

relevant for the process. These might represent novel leads towards elucidating

the mechanisms of plant biomass degradation for the currently less well under-

stood microbial species. Our method furthermore can be used to identify plant
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biomass-degrading species from the genomes of cultured or uncultured microbes.

Application to draft genomes assembled from the metagenome of a switchgrass-

adherent microbial community in cow rumen predicted genomes from several

Bacteroidales lineages which encode active glycoside hydrolases and a relative to

a known plant biomass degrader to represent lignocellulose degraders.

In technical terms, our method selects the most informative features from an en-

semble of L1-regularized L2-loss linear Support Vector Machine (SVM) classifiers,

trained to distinguish genomes of cellulose-degrading species from non-degrading

species based on protein family content. Protein domain annotations are avail-

able in public databases and new protein sequences can be rapidly annotated with

Hidden Markov Models (HMMs) or – somewhat slower - with BLAST searches of

one protein versus the NCBI-nr database (Sayers et al. 2012). Co-occurrence of

protein families in the biomass-degrading fraction of samples and an absence of

these families within the non-degrading fraction allows the classifier to link these

proteins to biomass degradation without requiring sequence homology to known

proteins involved in lignocellulose degradation. Classification with SVMs has been

previously used successfully for phenotype prediction from genetic variations in

genomic data. In Beerenwinkel et al. (Beerenwinkel et al. 2003), support vector

regression models were used for predicting phenotypic drug resistance from geno-

types. SVM classification was used by Yosef et al. (Yosef et al. 2010) for predicting

plasma lipid levels in baboons based on single nucleotide polymorphism data. In

Someya et al. (Someya et al. 2010), SVMs were used to predict carbohydrate-

binding proteins from amino acid sequences. The SVM (Boser et al. 1992; Cortes

et al. 1995) is a discriminative learning method that infers, in a supervised fash-

ion, the relationship between input features (such as the distribution of conserved

gene clusters or single nucleotide polymorphisms across a set of sequence sam-

ples) and a target variable, such as a certain phenotype, from labeled training

data. The inferred function is subsequently used to predict the value of this target

variable for new data points. This type of method makes no a priori assumptions

about the problem domain. SVMs can be applied to datasets with millions of in-

put features and have good generalization abilities, in that models inferred from

small amounts of training data show good predictive accuracy on novel data. The

use of models that include an L1-regularization term favors solutions in which
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few features are required for accurate prediction. There are several reasons why

sparseness is desirable: the high dimensionality of many real datasets results in

great challenges for processing. Many features in these datasets are usually non-

informative or noisy, and a sparse classifier can lead to a faster prediction. In

some applications, like ours, a small set of relevant features is desirable because

it allows direct interpretation of the results.

3.3 Results

We trained an ensemble of SVM classifiers to distinguish between plant biomass-

degrading and non-degrading microorganisms based on either Pfam domain or

CAZY gene family annotations (see Methods section for the training and evalua-

tion of the SVM classification ensemble). We used a manually curated data set of

104 microbial (meta-)genome sequence samples for this purpose, which included

19 genomes and 3 metagenomes of lignocellulose degraders and 82 genomes of non-

degraders (Figure 3.1, Figure 3.2, Additional file 1: Table S1). Fungi are known

to use several enzymes for plant biomass degradation for which the corresponding

genes are not found in prokaryotic genomes and vice versa, while other genes are

shared by prokaryotic and eukaryotic degraders. To investigate similarities and

differences detectable with our method, we included the genome of lignocellulose

degrading fungus Postia placenta into our analysis. After training, we identified

the most distinctive protein domains and CAZy families of plant biomass de-

graders from the resulting models. We compared these protein domains and gene

families with known plant biomass degradation genes. We furthermore applied

our method to identify plant biomass degraders among 15 draft genomes from

the metagenome of a microbial community adherent to switch grass in cow rumen.

3.3.1 Distinctive Pfam domains of microbial plant

biomass degraders

For the training of a classifier which distinguishes between plant biomass-

degrading and non-degrading microorganisms we used Pfam annotations of 101

microbial genomes and two metagenomes. This included metagenomes of mi-
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Table 3.1: Shown are species which were misclassified with the eSVMCAZY B and
the eSVMbPFAM classifiers. Contrary to previous beliefs (Ivanova et al. 2011), recent
literature indicates in agreement with our predictions that T. curvata is a non-
degrader. Furthermore, recent evidence supports that A. mirum is a lignocellulose
degrader, which has not been previously described (Anderson et al. 2012).

eSVMbPFAM eSVMCAZY B

False
negatives

Postia placenta Mad-698-R Thermonospora curvata DSM 43183
Xylanimonas cellulosilytica DSM 15894
Thermomonospora curvata DSM 43183

False
positives

Actinosynnema mirum 101 Actinosynnema mirum 101
Arthrobacter aurescens TC1
Thermotoga lettingae TMO

crobial communities from the gut of a wood-degrading higher termite and from

the foregut of the Australian Tammar Wallaby as examples for plant biomass-

degrading communities. Furthermore, 19 genomes of microbial lignocellulose de-

graders were included – of the phyla Firmicutes (7 isolate genome sequences),

Actinobacteria (5), Proteobacteria (3), Bacteroidetes (1), Fibrobacteres (1), Dic-

tyoglomi (1) and Basidiomycota (1). Eighty-two microbial genomes annotated

to not possess the capability to degrade lignocellulose were used as examples of

non-lignocellulose-degrading microbial species (Additional file 1: Table S1).

We assessed the value of information about the presence or absence of protein do-

mains for distinguishing lignocellulose degraders from non-degraders. With the re-

spective classifier, eSVMbPFAM, each microbial (meta-)genome sequence was rep-

resented by a feature vector with the features indicating the presence or absence

of Pfam domains (see methods). The nested cross-validation macro-accuracy of

eSVMbPFAM in distinguishing plant biomass-degrading from non-degrading mi-

croorganisms was 0.91. This corresponds to 94% (97 of 103) of the (meta-)genome

sequences being classified correctly. Only three of the 21 cellulose-degrading sam-

ples and three of the non-degraders were misclassified (Table 3.1). Among these

were four Actinobacteria and one genome affiliated with the Basidiomycota and

Theromotogae each.

We identified the Pfam domains with the greatest importance for assignment to

the lignocellulose-degrading class by eSVMbPFAM (Figure 3.1; see Methods for

the feature selection algorithm). Among these are several protein domains known
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to be relevant for plant biomass degradation. One of them is the GH5 family,

which is present in all of the plant biomass-degrading samples. Almost all ac-

tivities determined within this family are relevant to plant biomass degradation.

Because of its functional diversity, a subfamily classification of the GH5 family

was recently proposed (Aspeborg et al. 2012). The carbohydrate-binding modules

CBM 6 and CBM 4 9 were also selected. Both families are Type B carbohydrate-

binding modules (CBMs), which exhibit a wide range of specificities, recognizing

single glycan chains comprising hemicellulose (xylans, mannans, galactans and

glucans of mixed linkages) and/or non-crystalline cellulose (Boraston et al. 2004).

Type A CBMs (e.g. CBM2 and CBM3), which are more commonly associated

with binding to insoluble, highly crystalline cellulose, were not identified as rele-

vant by eSVMbPFAM. Furthermore, numerous enzymes that degrade non-cellulosic

plant structural polysaccharides were identified, including those that attack the

backbone and side chains of hemicellulosic polysaccharides. Examples include the

GH10 xylanases and GH26 mannanases. Additionally, enzymes that generally dis-

play specificity for oligosaccharides were selected, including GH39 β-xylosidases

and GH3 enzymes.

We subsequently trained a classifier - eSVMfPFAM - with a weighted represen-

tation of Pfam domain frequencies for the same data set. The macro-accuracy

of eSVMfPFAM.was 0.84; lower than that of the eSVMbPFAM; with nine misclas-

sified samples (4 Actinobacteria, 2 Bacteroidetes, 1 Basidiomycota, 1 Thermo-

togae phyla and the Tammar Wallaby metagenome). Again, we determined the

most relevant protein domains for identifying a plant biomass-degrading sequence

sample from the models by feature selection. Among the most important protein

families were, as before, GH5, GH10 and GH88 (PF07221: N-acylglucosamine

2-epimerase) (Figure 3.1).

GH6, GH67 and CE4 acetyl xylan esterases (“accessory enzymes” that contribute

towards complete hydrolysis of xylan) were only relevant for prediction with the

eSVMfPFAM classifier. Additionally, both models specified protein domains not

commonly associated with plant biomass degradation as being relevant for assign-

ment, such as the lipoproteins DUF4352 and PF00877 (NlpC/P60 family) and

binding domains PF10509 (galactose-binding signature domain) and PF03793

(PASTA domain) (Figure 3.1).
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Figure 3.1: Frequencies of the selected Pfam families in the individual genomes
and metagenomes. The data for each entry are rescaled by the total number of Pfam
domains annotated to the microbial genome or metagenome. The color scale from
grey to black indicates domain families that are present in low to high amounts, re-
spectively. White indicates absent protein domains. The signs “+” and “-” indicate
whether a protein domain was chosen in the respective experiment.



3.3 Results 29

3.3.2 Distinctive CAZy families of microbial plant

biomass degraders

We searched for distinctive CAZy families of microbial plant biomass de-

graders with our method. CAZy families include glycoside hydrolases (GH),

carbohydrate-binding modules (CBM), glycosyltransferases (GT), polysaccharide

lyases (PL) and carbohydrate esterases (CE). The annotations from the CAZy

database comprised 64 genomes of non-lignocellulose-degrading species and 16

genomes of lignocellulose-degraders. There were no CAZy annotations available

for the remaining genomes. In addition, we included the metagenomes of the gut

microbiomes of the Tammar wallaby (TW), the wood-degrading higher termite

and of the cow rumen microbiome (Additional file 1: Table S1). We evaluated

the value of information about the presence or absence of CAZy domains, or of

their relative frequencies for identification of lignocellulose-degrading microbial

(meta-)genomes in the following experiments:

1. By training of the classifiers eSVMCAZY A (presence/absence) and

eSVMCAZY a (counts), based on genome annotations with all CAZy fam-

ilies.

2. By training of the classifiers eSVMCAZY B (presence/absence) and

eSVMCAZY b (counts), based on the annotations of the genomes and the

TW sample with all CAZy families, except for the GT family members,

which were not annotated for the TW sample.

3. By training of the classifiers eSVMCAZY C (presence/absence) and

eSVMCAZY c (counts) with the entire data set based on GH family and

CBM annotations, as these were the only ones available for the three

metagenomes.

The macro-accuracy of these classifiers ranged from 0.87 to 0.96, similar to the

Pfam-domain-based models (Table 3.2). Notably, almost exclusively Actinobac-

teria were misclassified by the eSVMCAZY classifiers, except for the Firmicute

Caldicellulosiruptor saccharolyticus. The best classification results were obtained

with the presence-absence information for all CAZy families except for the GT
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Table 3.2: L1-regularized SVMs were trained with Pfam domain or CAZY family
(meta-)genome annotations. Capital letters denote classifiers trained based on the
presence or absence of CAZy families and small letters indicate classifiers trained
based on the relative abundances of CAZy families in annotations. Abbreviations
“A”, “a”,” B”, “b”, “C”, “c” denote the following: Classifiers “A“,“a“ were trained
with annotations of all CAZy families for 16 microbial genomes; Classifiers “B“,“b“
were trained with annotations for all CAZy families, except for the GT family
members (which were not annotated for the Tammar Wallaby metagenome), for 16
genomes and the TW metagenome of plant biomass degraders; Classifiers “C“,“c“
were trained with annotations for the GH families and CBMs for the 16 micro-
bial genomes and three metagenomes of plant biomass degraders, as only these
were annotated for the metagenomes. All CAZy-based classifiers were trained with
available annotations for 64 genomes of non-biomass degraders. The Pfam-based
classifiers were trained with 21 (meta-)genomes of biomass-degraders and 82 mi-
crobial genomes of non-degraders. For more details on the experimental set-up and
the evaluation measures shown see the Methods section on performance evaluation.

Presence/ab-
sence of
Pfam do-
mains

Weighted
Pfam do-
main repre-
sentation

Presence/absence
CAZy family
representation

Weighted CAZy
family represen-
tation

A B C a b c

nCV macro-accuracy 0.91 0.84 0.90 0.96 0.94 0.91 0.93 0.87
nCV recall 0.86 0.73 0.81 0.94 0.90 0.88 0.88 0.79
nCV true negative rate 0.96 0.96 0.98 0.98 0.98 0.95 0.98 0.95

families of the microbial genomes and the TW sample. In this setting only two

species (Thermomonospora curvata and Actinosynnema mirum) were misclassi-

fied. These species remained misclassified with all six classifiers.

Using feature selection, we determined the CAZy families from the six eSVMCAZy

classifiers that are most relevant for identifying microbial cellulose-degraders.

Many of these GH families and CBMs are present in all (meta-)genomes (Figure

3.2).

This analysis identified further gene families known to be relevant for plant

biomass degradation. Among them are cellulase-containing families (GH5, GH6,

GH12, GH44, GH74), hemicellulase-containing families (GH10, GH11, GH26,

GH55, GH81, GH115), families with known oligosaccharide/side-chain-degrading

activities (GH43, GH65, GH67, GH95) and several CBMs (CBM3, -4, -6, -9, -10,

-16, -22, -56). Several of these (GH6, GH11, GH44, GH67, GH74, CBM4, CBM6,

CBM9) were consistently identified by at least half of the six classifiers as distinc-

tive for plant biomass degraders. These might be considered signature genes of
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Figure 3.2: Frequencies of selected glycoside hydrolase (GH) families and carbo-
hydrate binding modules (CBMs) in the (meta-) genome sequences. The data for
each entry are rescaled by the total number of GH and CBM domains annotated
to the microbial genome or metagenome. The coloring from black to grey indicates
domains that are present in high to low amounts, respectively. White indicates
absent domain families (“A”, “a”, “B”, “b”, “C”, “c” as described in Table 3.2).
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the plant biomass-degrading microorganisms we analyzed. Additionally, several

GT, PL and CE domains were identified as relevant (eSVMCAZY A: PL1, PL11

and CE5, “eSVMCAZY B: CE5; eSVMCAZY a: GT39, PL1 and CE2, eSVMCAZY b:

none). These CAZy families, as well as GH115 and CBM56, are not included in

Figure 3.2, as they are not annotated for all sequences.

3.3.3 Identification of plant biomass degraders from a cow

rumen metagenome

We used our method to predict the plant biomass-degrading capabilities for 15

draft genomes of uncultured microbes reconstructed from the metagenome of

a microbial community adherent to switchgrass in cow rumen (Hess et al. 2011)

(see Methods for the classification with an ensemble of SVM classifiers). The draft

genomes represent genomes with more than 50% of the sequence reconstructed

by taxonomic binning of the metagenome sample. The microbial community ad-

herent to switchgrass is likely to be enriched with plant biomass degraders, as it

was found to differ from the rumen fluid community in its taxonomic composi-

tion and degradation of switch grass after incubation in cow rumen had occurred.

For identification of plant biomass-degrading microbes, we classified each draft

genome individually with the eSVMbPFAM and eSVMCAZY B models, which had

the highest macro-accuracy based on Pfam domain or CAZy family annotations,

respectively. The eSVMbPFAM classifier assigned seven of the draft genomes to

plant biomass degraders (Table 3.4). One of these, genome APb, was found by

16S rRNA analysis to be related to the fibrolytic species Butyrivibrio fibrisol-

vens. Four others (AC2a, AGa, AJ and AH ) are of the order of Bacteroidales,

and include all but one draft genomes affiliated to the Bacteroidales. The 6th

and 7th predicted degrader, represented by genome AIa and AWa, belong to the

Clostridiales, like genome APb. The eSVMCAZY B classifier also assigned five of

these genomes to the plant biomass degraders. Additionally it classified genome

AH as plant biomass-degrading, while being ambiguous in the assignment of

AFa (Table 3.4). To validate these predictions, we searched the draft genomes for

genes encoding 51 enzymatically active glycoside hydrolases characterized from

the same rumen dataset (for the results of these experiments see Figure 3 in Hess
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et al. (Hess et al. 2011). Genomes AGa, AC2a, AJ and AIa were all linked to

different enzymes of varying specificities (Table 3.4). AC2a was linked to cellu-

lose degradation, specifically to a carboxymethyl cellulose (CMC)-degrading GH5

endoglucanase as well as GH9 enzyme capable of degrading insoluble cellulosic

substrates such as Avicel®. AIa demonstrated capabilities towards xylan and

soluble cellulosic substrates with affiliations to four GH10 xylanases. Both AGa

and AJ demonstrated broader substrate versatility and were linked to enzymes

with capabilities towards cellulosic substrates CMC and Avicel® (GH5, GH9

and GH26), hemicellulosic substrates lichenan (β-1,3, β-1,4 β-glucan) and xy-

lan (GH5, GH9 and GH10), as well as the natural feedstocks miscanthus and

switchgrass (GH5 and GH9). Importantly, no carbohydrate-active enzymes were

affiliated to draft genomes that were predicted to not possess plant biomass-

degrading capabilities (Table 3.4). Overall, assignments were largely consistent

between the two classifiers and supporting evidence for the capability to degrade

plant biomass was found for five of the predicted degraders.
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Table 3.4: Genome reconstructions from the metagenome of a microbial community adherent to switchgrass in the cow
rumen were obtained by taxonomic binning of assembled sequences in the original study. Symbols depict the prediction
outcome of a voting committee of the 5 eSVMCAZY B and the eSVMbPFAM classifiers with the best macro-accuracy (see
text for the description of the classifiers). ++: genome classified as plant biomass degrader by all classifiers; +: genome
classified as plant biomass degrader by 4 out of 5 classifiers; 0: ambiguous prediction; -: genome classified as not plant
biomass degrader by 4 out of 5 classifiers; --: genome classified as not plant biomass degrader by all classifiers. For every
draft genome, the presence of genes encoding glycoside hydrolases with verified enzymatic activity for different substrates
in this study (Hess et al. 2011) is indicated. The genome and substrate names correspond to those of Figure 3 and Table
S6 of the study.
Hydrolytic activity detected on:
(CMC) 1% (w/v) carboxymethyl cellulose agar.
(XYL) 1% (w/v) Xylan.
(SWG) 1% (w/v) IL-Switchgrass.
(MIS) 1% (w/v) IL-Miscanthus.
(AVI) 1% (w/v) IL-Avicel.
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3.3.4 Timing experiments

Our method uses annotations with Pfam domains or CAZy families as input.

Generating these by similarity-searches with profile HMMs rather than with

BLAST provides a better scalability for next-generation sequencing data sets.

HMM databases such as dbCAN contain a representation of entire protein fam-

ilies rather than of individual gene family members, which largely decreases the

number of entries one has to compare against. For example, searching the ORFs

of the Fibrobacter succinogenes genome (Suen et al. 2011) for similarities to

CAZy families with the dbCAN HMM models took 23 seconds on an Intel®

Xeon® 1.6 GHz CPU. In comparison, searching for similarities to CAZy fami-

lies by BLASTing the same set of ORFs against all sequences with CAZy fam-

ily annotation of the NCBI non-redundant protein database (downloaded from

ftp://ftp.ncbi.nih.gov/blast/db/FASTA on April 19th 2011) on the same machine

required approximately 1 hour and 55 minutes, a difference of two orders of magni-

tude. Because of their better scalability and also because they are well-established

for identifying protein domains or gene families (Haft et al. 2001; Punta et al.

2012; Schultz et al. 2000), we recommend the use of HMM-based similarities and

annotations as input to our method.

3.4 Discussion

We investigated the value of information about the presence-or-absence of CAZy

families and Pfam protein domains, as well as information about their relative

abundances, for the identification of lignocellulose degraders. Classifiers trained

with CAZy family or Pfam domain annotations allowed an accurate identifi-

cation of plant biomass degraders and determined similar domains and CAZy

families as being most distinctive. Many of these are recognized by physiological

and biochemical tests as being relevant for the biochemical process of cellulose

degradation itself, such as GH6, members of the GH5 family and to a lesser ex-

tent GH44 and GH74. In contrast to widely accepted paradigms for microbial

cellulose degradation, recent genome analysis of cellulolytic bacteria has iden-

tified examples (i.e. Fibrobacter) where there is an absence of genes encoding
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exo-acting cellobiohydrolases (GH6 and GH48) and cellulosome structures (Wil-

son 2009). In addition, these exo-acting families and cellulosomal structures have

had a low representation or are entirely absent from sequenced gut metagenomes.

Our method also finds the exo-acting cellobiohydrolases GH7 and GH48 to be

less important. GH7 represents fungal enzymes, so its absence makes sense; how-

ever, the lower importance assigned to GH48 is interesting. The role of GH48

is believed to be of high importance, although recent research has raised ques-

tions. Olson et al. (Olson et al. 2010) have found that a complete solubilization of

crystalline cellulose can occur in Clostridium thermocellum without the expres-

sion of GH48, albeit at significantly lower rates. Furthermore, genome analysis of

cellulose-degrading microbes Cellvibrio japonicus (DeBoy et al. 2008) and Sac-

charophagus degradans (Taylor et al. 2006) have determined the presence of only

non-reducing end enzymes (GH6) and an absence of a reducing end cellobiohy-

drolase (GH48), suggesting that the latter are not essential for all cellulolytic

enzyme systems.

While we have focused on cellulose degradation, our method has also identi-

fied enzymes that degrade other plant polysaccharides as being relevant, such

as hemicellulose (GH10, GH11, GH12, GH26, GH55, GH81, CE4), pectins (PL1,

GH88 and GH43), oligosaccharides (GH3, GH30, GH39, GH43, GH65, GH95) and

the side-chains attached to noncellulosic polysaccharides (GH67, GH88, GH106).

This was expected, since many cellulose-degrading microbes produce a repertoire

of different glycoside hydrolases, lyases and esterases (see, for example, (DeBoy

et al. 2008; Taylor et al. 2006)) that target the numerous linkages that are present

within different plant polysaccharides, which often exist in tight cross-linked forms

within the plant cell wall. The results from our method add further weight to

this. The observation of numerous CBMs being relevant in the CAZy analysis

also agrees with previous findings that many different CBM–GH combinations

are possible in bacteria. Moreover, recent reports have demonstrated that the

targeting actions of CBMs have strong proximity effects within cell wall struc-

tures, i.e. CBMs directed to a cell wall polysaccharide (e.g. cellulose) other than

the target substrate of their appended glycoside hydrolase (e.g. xylanase) can

promote enzyme action against the target substrate (e.g. xylan) within the cell

wall (Hervé et al. 2010). This provides explanations as to why cellulose-directed
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CBMs are appended to many non-cellulase cell wall hydrolases.

Several Pfam domains of unknown function (DUFs) or protein domains which

have not previously been associated with cellulose degradation are predicted as

being relevant. These include transferases (PF01704) and several putative lipopro-

teins (DUF4352), some of which have predicted binding properties (NlpC/P60

family: PF00877, PASTA domain: PF03793). The functions of these domains in

relation to cellulose degradation are not known, but possibilities include bind-

ing to cellulose, binding to other components of the cellulolytic machinery or

interaction with the cell surface.

Another result of our study are the classifiers for identifying microbial lignocellu-

lose-degraders from genomes of cultured and uncultured microbial species recon-

structed from metagenomes. Classification of draft genomes reconstructed from

switchgrass-adherent microbes from cow rumen with the most accurate classifiers

predicted six or seven of these to represent plant biomass-degrading microbes,

including a close relative to the fibrolytic species Butyrivibrio fibrisolvens. Cross-

referencing of all draft genomes against a catalogue of enzymatically active glyco-

side hydrolases provided a degree of method validation and was in majority agree-

ment with our predictions. Four genomes (AGa, AC2a, AJ and AIa) predicted

positive were linked to cellulolytic and/or hemicellulolytic enzymes, and impor-

tantly no genomes that were predicted negative were linked to carbohydrate-

active enzymes from that catalogue of enzymatically active enzymes. Also, no

connections to carbohydrate-active enzymes from that catalogue were observed

for the three genomes (AFa,AH and AWa) where ambiguous predictions were

made. As both draft genomes as well as the catalogue of carbohydrate active en-

zymes in cow rumen are incomplete, in addition to our training data not covering

all plant-biomass-degrading taxa, such ambiguous assignments might be better

resolvable with more information in the future.

We trained a previous version of our classifier with the genome of Methanosarcina

barkeri fusaro incorrectly labeled as a plant biomass degrader, according to infor-

mation provided by IMG. In cross-validation experiments, our method correctly

assigned M. barkeri to be a non-plant biomass-degrading species. We labeled

Thermonospora curvata as a plant biomass degrader and Actinosynnema mirum

as non-degrader according to information from the literature (see Additional file
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1: Table S1). Both were misassigned by all classifiers in the cross-validation ex-

periments. However, in a recent work by Anderson et al. (Anderson et al. 2012) it

was shown that in cellulose activity assays A. mirum could degrade various cel-

lulose substrates. In the same study, T. curvata did not show cellulolytic activity

against any of these substrates, contrary to previous beliefs (Ivanova et al. 2011).

The authors found out that the cellulolytic T. curvata strain was in fact a T. fusca

strain. Thus, our method could correctly assign both strains despite of the incor-

rect phenotypic labeling. The genome of Postia placenta, the only fungal plant

biomass degrader of our data set was misassigned in the Pfam-based SVM anal-

yses. Fungi possess cellulases not found in prokaryotic species (Duan et al. 2010)

and might employ a different mechanism for plant biomass degradation (Lynd

et al. 2002; Wilson 2009). Indeed, in our data set, Postia placenta is annotated

with the cellulase-containing GH5 family and xylanase GH10, but the hemicel-

lulase family GH26 does not occur. Furthermore, the (hemi-)cellulose binding

CBM domains CBM6 and CBM 4 9, which were identified as being relevant for

assignment to lignocellulose degraders with the eSVMbPFAM classifier, are absent.

All of the latter ones, GH26, CBM6 and especially CBM4 and CBM9, occur very

rarely in eukaryotic genome annotations, according to the CAZy database.

3.5 Conclusions

We have developed a computational technique for the identification of Pfam pro-

tein domains and CAZy families that are distinctive for microbial plant biomass

degradation from (meta-)genome sequences and for predicting whether a (draft)

genome of cultured or uncultured microorganisms encodes a plant biomass-degra-

ding organism. Our method is based on feature selection from an ensemble of lin-

ear L1-regularized SVMs. It is sufficiently accurate to detect errors in phenotype

assignments of microbial genomes. However, some microbial species remained

misclassified in our analysis, which indicates that further distinctive genes and

pathways for plant biomass degradation are currently poorly represented in the

data and could therefore not be identified.

To identify a lignocellulose degrader from the currently available data, the pres-

ence of a few domains, many of which are already known, is sufficient. The iden-
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tification of several protein domains which have so far not been associated with

microbial plant biomass degradation in the Pfam-based SVM analyses as being

relevant may warrant further scrutiny. A difficulty in our study was to generate

a sufficiently large and correctly annotated dataset to reach reliable conclusions.

This means that the results could probably be further improved in the future,

as more sequences and information on plant biomass degraders become avail-

able. The method will probably also be suitable for identifying relevant gene and

protein families of other phenotypes.

The prediction and subsequent validation of three Bacteroidales genomes to rep-

resent cellulose-degrading species demonstrates the value of our technique for the

identification of plant biomass degraders from draft genomes from complex micro-

bial communities, where there is an increasing production of genome assemblages

for uncultured microbes. These to our knowledge represent the first cellulolytic

Bacteroidetes-affiliated lineages described from herbivore gut environments. This

finding has the potential to influence future cellulolytic activity investigations

within rumen microbiomes, which has for the greater part been attributed to the

metabolic capabilities of species affiliated to the bacterial phyla Firmicutes and

Fibrobacteres.

3.5.1 Methods

Annotation

We annotated all protein coding sequences of microbial genomes and

metagenomes with Pfam protein domains (Pfam-A 26.0) and Carbohydrate-

Active Enzymes (CAZymes) (Cantarel et al. 2009; Lynd et al. 2002; Punta et

al. 2012; Wilson 2009). The CAZy database contains information on families of

structurally related catalytic modules and carbohydrate binding modules (CBMs)

or (functional) domains of enzymes that degrade, modify or create glycosidic

bonds. HMMs for the Pfam domains were downloaded from the Pfam database.

Microbial and metagenomic protein sequences were retrieved from IMG 3.4 and

IMG/M 3.3 (Markowitz, I. M. Chen, et al. 2012; Markowitz, Ivanova, et al. 2008).

HMMER 3 (Finn, Clements, et al. 2011) with gathering thresholds was used to

annotate the samples with Pfam domains. Each Pfam family has a manually de-
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fined gathering threshold for the bit score that was set in such a way that there

were no false-positives detected. For annotation of protein sequences with CAZy

families, the available annotations from the database were used. For annotations

not available in the database, HMMs for the CAZy families were downloaded

from dbCAN (http://csbl.bmb.uga.edu/dbcan) (Yin et al. 2012). To be consid-

ered a valid annotation, matches to Pfam and dbCAN protein domain HMMs

in the protein sequences were required to be supported by an e-value of at least

1e-02 and a bit score of at least 25. Additionally, we excluded matches to dbCAN

HMMs with an alignment longer than 100 bp that did not exceed an e-value of

1e-04. Multiple matches of one and the same protein sequence against a single

Pfam or dbCAN HMM exceeding the thresholds were counted as one annotation.

3.5.2 Phenotype annotation of lignocellulose-degrading

and non-degrading microbes

We defined genomes and metagenomes as originating from either lignocellulose-

degrading or non-lignocellulose-degrading microbial species based on informa-

tion provided by IMG/M and in the literature. For every microbial genome and

metagenome, we downloaded the genome publication and further available ar-

ticles (Additional file 1: Table S1). We did not consider genomes for which no

publications were available. For cellulose-degrading species annotated in IMG,

we verified these assignments based on these publications. We used text search to

identify the keywords ”cellulose”, ”cellulase”, ”carbon source”, ”plant cell wall”

or ”polysaccharide” in the publications for non-cellulose-degrading species. We

subsequently read all articles that contained these keywords in detail to classify

the respective organism as either cellulose-degrading or non-degrading. Genomes

that could not be unambiguously classified in this manner were excluded from

our study.
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3.5.3 Classification with an ensemble of support vector

machine classifiers

The SVM is a supervised learning method that can be used for data classification

(Boser et al. 1992; Cortes et al. 1995). Here, we use an L1-regularized L2-loss

SVM, which solves the following optimization problem for a set of instance-label

pairs (x⃗i, yi), x⃗i ∈ Rn, yi ∈ {−1,+1}, i = 1, . . . , l:

min
w⃗

∥w⃗∥1 + C
l∑

i=1

(max(0, 1− yiw⃗
T x⃗i))

2,

where C ≥ 0 is a penalty parameter. This choice of the classifier and regular-

ization term results in sparse models, where non-zero components of the weight

vector w⃗ are important for discrimination between the classes (Yaun et al. 2010).

SVM classification was performed using the LIBLINEAR package (Fan et al.

2008). The components of x⃗i are either binary valued and represent the presence

or absence of protein domains, or continuous-valued and represent the frequency

of a particular protein domain or gene family relative to the total number of anno-

tations. All features were normalized by dividing by the sum of all vector entries

and subsequently scaled, such that the value of each feature was within the range

[0,1]. The label +1 was assigned to genomes and metagenomes of plant biomass-

degrading microorganisms, the label -1 to all sequences from non-degrading ones.

Classification of the draft genomes assembled from the fiber-adherent microbial

community from cow rumen was performed with a voting committee of multi-

ple models with different settings for the penalty parameter C that performed

comparably well. A majority vote of the 5 most accurate models was used here

obtained in a single cross-validation run with different settings of the penalty

parameter C.

3.5.4 Performance evaluation

The assignment accuracy of a classifier was determined with a standard nested

cross-validation (nCV) setup (Ruschhaupt et al. 2004). In nCV, an outer cross-

validation loop is organized according to the leave-one-out principle: In each step,
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one data point is left out. In an inner loop, the optimal parameters for the model

(here, the penalty parameter C ) are sought, in a second cross-validation exper-

iment with the remaining data points. For determination of the best setting for

the penalty parameter C, values for C = 10x, x = -3.0, -2.5, -2.25, . . . , 0 were

tried. Values of the parameter C larger than 1 were not tested extensively, as

we found that they resulted in models with similar accuracies. This is in agree-

ment with the Liblinear tutorial in the appendix of (Fan et al. 2008) which states

that once the parameter C exceeds a certain value, the obtained models have

a similar accuracy. The SVM with the penalty parameter setting yielding the

best assignment accuracy was used to predict the class membership of the left

out data point. The class membership predictions for all data points were used

to determine the assignment accuracy of the classifier, based on their agreement

with the correct assignments. For this purpose, the result of each leave-one-out

experiment was classified as either a true positive (TP – correctly predicted lig-

nocellulose degraders), true negative (TN – correctly predicted non-degraders),

false positive (FP – non-degraders predicted to be degraders) or a false negative

assignment (FN – degraders predicted to be non-degraders). The recall of the pos-

itive class and the true negative rate of the classifier were calculated according

to the following equations:

Recall =
TP

TP + FN

True negative rate =
TN

TN + FP

The average of the recall and the true negative rate, the macro-accuracy, was

used as the assignment accuracy to assess the overall performance:

MACC =
Recall + True negative rate

2

Subsequently, we identified the settings for the penalty parameter C with the

best macro-accuracy by leave-one-out cross-validation. The parameter settings

resulting in the most accurate models were used to each train a separate model

on the entire data set. Prediction of the five best models were combined to form a

voting committee and used for the classification of novel sequence samples such as
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the partial genome reconstructions from the cow rumen metagenome of switch-

grass adherent microbes (see Additional file 2: Table S2 for an evaluation and

meta-parameter settings of these ensembles of classifiers).

3.5.5 Feature selection

An SVM model can be represented by a sparse weight vector w⃗. The positive

and negative components of w⃗, the ‘feature weights’, specify the relative impor-

tance of the protein domains or CAZy families for discrimination between plant

biomass-degrading and non-plant biomass-degrading microorganisms. To deter-

mine the most distinctive features for the positive class (that is, the lignocellulose

degraders), we selected all features that received a positive weight in weight vec-

tors of the majority of the five most accurate models. This ensemble of models

was also used for classification of the cow rumen draft genomes of uncultured

microbes (see Classification with a SVM).

3.6 Supplementary material

The supplementary material can be found in the original version of the paper in

the appendix and online at https://doi.org/10.1186/1754-6834-6-24.

https://doi.org/10.1186/1754-6834-6-24
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4.1 Abstract

The number of sequenced genomes is growing exponentially, profoundly shifting the

bottleneck from data generation to genome interpretation. Traits are often used to

characterize and distinguish bacteria, and are likely a driving factor in microbial com-

munity composition, yet little is known about the traits of most microbes. We de-

scribe Traitar, the microbial trait analyzer, which is a fully automated software pack-

age for deriving phenotypes from the genome sequence. Traitar provides phenotype

classifiers to predict 67 traits related to the use of various substrates as carbon and

energy sources, oxygen requirement, morphology, antibiotic susceptibility, proteoly-

sis and enzymatic activities. Furthermore, it suggests protein families associated with

the presence of particular phenotypes. Our method uses L1-regularized L2-loss sup-

port vector machines for phenotype assignments based on phyletic patterns of protein

families and their evolutionary histories across a diverse set of microbial species. We

demonstrate reliable phenotype assignment for Traitar to bacterial genomes from 572

species of 8 phyla, also based on incomplete single-cell genomes and simulated draft

genomes. We also showcase its application in metagenomics by verifying and comple-

menting a manual metabolic reconstruction of two novel Clostridiales species based

on draft genomes recovered from commercial biogas reactors. Traitar is available at

https://github.com/hzi-bifo/traitar.

4.2 Introduction

Microbes are often characterized and distinguished by their traits, for instance, in

Bergey’s Manual of Systematic Bacteriology (Goodfellow et al. 2012). A trait or phe-

notype can vary in complexity; for example, it can refer to the degradation of a specific

substrate or the activity of an enzyme inferred in a lab assay, the respiratory mode of an

organism, the reaction to Gram staining or antibiotic resistances. Traits are also likely

driving factor for microbial community composition (Martiny et al. 2015). Microbial

community members with varying metabolic capabilities can aid in waste water treat-

ment, bioremediation of soils and promotion of plant growth (Bai et al., 2015; Narihiro

and Sekiguchi, 2007; Olapade and Ronk, 2015); in the cow rumen microbiota, bacterial

cellulose degraders influence the ability to process plant biomass material (Hess et al.

https://github.com/hzi-bifo/traitar
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2011). In the Tammar wallaby foregut microbiome, the dominant bacterial species is

implicated in the lower methane emissions produced by wallaby compared to ruminants

(P. Pope et al. 2010).

In addition to the exponential growth of available sequenced microbial genome isolates,

metagenome and single cell genome sequencing further contributes to the increasing

number of available genomes. For the recovery of genomes from metagenomes (GFMs),

computational methods based on e.g. differential read coverage and k -mer usage were

developed (Alneberg et al. 2014; Cleary et al. 2015; Gregor et al. 2016; Imelfort et al.

2014; Kang et al. 2015; Nielsen et al. 2014). In addition, single-cell genomics provides

another culture-independent analysis technique and also allows, although often frag-

mented, genome recovery for less abundant taxa in microbial communities (Lasken et

al. 2014; Rinke et al. 2013). Together, these developments profoundly shift the analyt-

ical bottleneck from data generation to interpretation.

The genotype–phenotype relationships for some microbial traits have been well stud-

ied. For instance, bacterial motility is attributed to the proteins of the flagellar appa-

ratus (Macnab 2003). We have recently shown that delineating such relationships from

microbial genomes and accompanying phenotype information with statistical learning

methods enables the accurate prediction of the plant biomass degradation phenotype

and the de novo discovery of both known and novel protein families that are relevant

for the realization of the plant biomass degradation phenotype (Konietzny, P. B. Pope,

et al. 2014; Weimann, Trukhina, et al. 2013). However, a fully automated software

framework for prediction of a broad range of traits from only the genome sequence is

currently missing. Additionally, horizontal gene transfer, a common phenomenon across

bacterial genomes, has not been utilized to improve trait prediction so far. Traits with

their causative genes may be transferred from one bacterium to the other (Ochman

et al. 2000; Pal et al. 2005) (e.g. for antibiotic resistances (J. L. Martinez 2008)) and

the vertically transferred part of a bacterial genome might be unrelated to the traits

under investigation (Barker et al. 2005; Harvey et al. 1991; Martiny et al. 2015).

Here we present Traitar, the microbial trait analyzer: an easy-to-use, fully automated

software framework for the accurate prediction of currently 67 phenotypes directly from

the genome sequence (Figure 4.1).

We used phenotype data from the microbiology section of the Global Infectious Disease

and Epidemiology Network (GIDEON) – a resource dedicated to the diagnosis, treat-

ment and teaching of infectious diseases and microbiology (Berger 2005) – for training

phenotype classification models on the protein family annotation of a large number
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Figure 4.1: Traitar can be used to phenotype microbial community members based
on genomes recovered from single-cell sequencing or (metagenomic) environmental
shotgun sequencing data or of microbial isolates. Traitar provides classification
models based on protein family annotation for a wide variety of different phenotypes
related to the use of various substrates as source of carbon and energy for growth,
oxygen requirement, morphology, antibiotic susceptibility and enzymatic activity.

of sequenced genomes of microbial isolates (predominantly bacterial pathogens). We

investigated the effect of incorporating ancestral protein family gain and losses into the

model inference on classification performance, to allow consideration of horizontal gene

transfer events in inference of phenotype-related protein families and phenotype clas-

sification. We rigorously tested the performance of our software in cross-validation ex-

periments, on further test data sets and for different taxonomic ranks. To test Traitar’s

applicability beyond the bacteria represented in GIDEON, we subsequently applied it

to several hundred bacteria described in Bergey’s systematic bacteriology (Goodfellow

et al. 2012). We used Traitar to phenotype bacterial single amplified genomes (SAGs)

and simulated incomplete genomes to investigate its potential for phenotyping microbial

samples with incomplete genome sequences. We characterized two novel Clostridiales

species of a biogas reactor community with Traitar, based on their genomes recovered
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with metagenomics. This verified and complemented a manual metabolic reconstruc-

tion. As Traitar furthermore suggests protein families associated with the presence of

a particular phenotype, we discuss the protein families Traitar identified for several

phenotypes, namely for ‘Motility’, ‘Nitrate to nitrite’ conversion and ‘L-arabinose’ fer-

mentation.

Traitar is implemented in Python 2.7. It is freely available under the open-source

GPL 3.0 license at https://github.com/hzi-bifo/traitar and as a Docker con-

tainer at https://hub.docker.com/r/aweimann/traitar. A Traitar web service can

be accessed at https://research.bifo.helmholtz-hzi.de/traitar.

4.3 Results

4.3.1 The Traitar software

We begin with a description of the Traitar software and phenotype classifiers. Traitar

predicts the presence or absence of a phenotype, i.e. assigns a phenotype label, for 67

microbial traits to every input sequence sample (Table 4.1, Supplementary Table 1). For

each of these traits, Traitar furthermore suggests candidate protein families associated

with its realization, which can be subject of experimental follow-up studies.

For phenotype prediction, Traitar uses one of two different classification models. We

trained the first classifier – the phypat classifier – on the protein and phenotype presence

& absence labels from 234 bacterial species (Methods – Phenotype models). The second

classifier – the phypat+PGL classifier – was trained using the same data and addition-

ally information on evolutionary protein family and phenotype gains and losses. The

latter were determined using maximum likelihood inference of their ancestral character

states on the species phylogeny (Methods – Ancestral protein family and phenotype

gains and losses).

The input to Traitar is either a nucleotide sequence FASTA file for every sample, which

is run through gene prediction software, or a protein sequence FASTA file. Traitar then

annotates the proteins with protein families. Subsequently, it predicts the presence or

absence of each of the 67 traits for every input sequence. Note that Traitar doesn’t

require a phylogenetic tree for the input samples.

Finally, it associates the predicted phenotypes with the protein families that contributed

to these predictions (Figure 4.2). A parallel execution of Traitar is supported by GNU

parallel (Tange, 2011). The Traitar annotation procedure and the training of the phe-

https://github.com/hzi-bifo/traitar
https://hub.docker.com/r/aweimann/traitar
https://research.bifo.helmholtz-hzi.de/traitar
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notype models are described in more detail below (Methods – Traitar software).

Table 4.1: The 67 traits available in Traitar for phenotyping. We grouped each of
these phenotypes into a microbiological or biochemical category.

Phenotype(a) Category(b)

Alkaline phosphatase Enzyme

Beta hemolysis

Coagulase production

Lipase

Nitrate to nitrite

Nitrite to gas

Pyrrolidonyl-beta-naphthylamide

DNase

Bile-susceptible Growth

Colistin-Polymyxin susceptible

Growth at 42°C

Growth in 6.5% NaCl

Growth in KCN

Growth on MacConkey agar

Growth on ordinary blood agar

Mucate utilization

Arginine dihydrolase Growth: Amino Acid

Indole

Lysine decarboxylase

Ornithine decarboxylase

Acetate utilization Growth:Carboxylic Acid

Citrate

Malonate

Tartrate utilization

Gas from glucose Growth:Glucose

Glucose fermenter

Glucose oxidizer

Methyl red
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Voges Proskauer

Cellobiose Growth:Sugar

D-Mannitol

D-Mannose

D-Sorbitol

D-Xylose

Esculin hydrolysis

Glycerol

Lactose

L-Arabinose

L-Rhamnose

Maltose

Melibiose

myo-Inositol

ONPG (beta galactosidase)(d)

Raffinose

Salicin

Starch hydrolysis

Sucrose

Trehalose

Urea hydrolysis

Bacillus or coccobacillus Morphology

Coccus

Coccus - clusters or groups predominate

Coccus - pairs or chains predominate

Gram negative

Gram positive

Motile

Spore formation

Yellow pigment

Aerobe Oxygen

Anaerobe

Capnophilic
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Facultative

Catalase Oxygen:Enzyme

Oxidase

Hydrogen sulfide Product

Casein hydrolysis Proteolysis

Gelatin hydrolysis

(a) GIDEON phenotypes with at least 10 presence and 10 absence labels

(b) Phenotypes assigned to microbiological / biochemical categories

(c) ONPG: o-Nitrophenyl-β-D-galatopyranosid

Figure 4.2: Work flow of Traitar. Input to the software can be genome sequene
samples in nucleotide or amino acid FASTA format. Traitar predicts phenotypes
based on pre-computed classification models and provides graphical and tabular
output. In the case of nucleotide input, the protein families that are important for
the phenotype predictions will be further mapped to the predicted protein-coding
genes.

4.3.2 Evaluation

We evaluated the two Traitar classifiers using ten-fold nested cross-validation on 234

bacterial species found in GIDEON (GIDEON I). The determined macro-accuracy (the

accuracy balanced over all phenotypes) for the 67 GIDEON phenotypes was 82.6% for

the phypat classifier and 85.5% for the phypat+PGL classifier; the accuracy (frac-

tion of correct assignments averaged over all tested samples) for phypat was 88.1%,

in comparison to 89.8% for phypat+PGL (Methods – Evaluation metrics; Table 4.2).

Notably, Traitar classified 53 phenotypes with more than 80% macro-accuracy and
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Table 4.2: We evaluated the Traitar phypat and phypat+PGL phenotype clas-
sifiers and a consensus vote of both classifiers for 234 bacteria described in the
Global Infectious Disease and Epidemiology Online Network (GIDEON) in a 10-
fold nested cross-validation using different evaluation measures (Methods – Evalua-
tion). Subsequently, we tested another 42 bacteria from GIDEON and 296 bacteria
described in Bergey’s manual of systematic bacteriology for an independent per-
formance assessment of the two classifiers. We only report the overall accuracy for
the evaluation of the classifiers on the data from Bergey’s, as insufficient phenotype
labels (less than 5 with a negative and positive label, respectively) were available
for several phenotypes, to enable a comparable macro-accuracy calculation to the
other data sets (Supplementary Table 1).

Data set
Classifier

Macro- Accu- Recall Recall
(# bacteria) accuracy racy Phenotype+ Phenotype-

phypat 82.6 88.1 86.1 91.4
GIDEON I (234) phypat+PGL 85.5 89.8 87.8 90.9

consensus 83.0 88.8 82.2 95.4

Phypat 85.3 87.5 84.9 90.2
GIDEON II (42) phypat+PGL 86.7 87.9 86.3 89.7

consensus 85.7 87.2 80.8 93.7

phypat NA 72.9 74.6 71.2
Bergey’s (296) phypat+PGL NA 72.4 74 70.8

consensus NA 72.9 66.6 79.2

26 phenotypes with at least 90% macro-accuracy with one of the two classifiers (Fig-

ure 4.2, Supplementary Table 2). Phenotypes that could be predicted with very high

confidence included the outcome of a ‘Methyl red’ test, ‘Spore formation’, oxygen re-

quirement (i.e. ‘Anaerobe’ and ‘Aerobe’), ‘Growth on MacConkey agar’ or ‘Catalase’.

Some phenotypes proved to be difficult to predict (60-70% macro-accuracy), which in-

cluded ‘DNAse’, ‘myo-Inositol’ or ‘Yellow pigment’ and ‘Tartrate utilization’, regardless

of which classifier was used. This might be caused by the relatively small number (<20)

of positive (phenotype present) examples that were available.

For an independent assessment of Traitar’s classification performance we next tested

Traitar on 42 bacterial species that had phenotype information available in GIDEON

(GIDEON II), but were not used for learning the phenotype models (The Traitar soft-

ware – Annotation). For calculation of the macro-accuracy, we considered only phe-

notypes represented by at least five phenotype-positive and five phenotype-negative

bacteria. On these data, Traitar predicted the phenotypes with a macro-accuracy of
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Figure 4.3: Macro-accuracy for each phenotype for the Traitar phypat and phy-
pat+PGL phenotype classifiers determined in nested cross-validation on 234 bac-
terial species described in the Global Infectious Disease and Epidemiology Online
Network (Methods – Evaluation metrics, Table 4.1, Supplementary Table 1).
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85.3% with the phypat classifier and 86.7% with the phypat+PGL classifier, and ac-

curacies of 87.5% and 87.9%, respectively (Table 4.2). To investigate the performance

of Traitar for bacterial genomes from a different data source, we next determined from

two volumes of Bergey’s Manual of Systematic Bacteriology, namly ‘The Proteobacte-

ria’ and ‘The Firmicutes’, the phenotypes of further sequenced bacteria that were not in

our GIDEON I and II data sets (Supplementary Table 1, 4). In total, we thus identified

phenotypes for another 296 sequenced bacterial species (The Traitar software – Anno-

tation). Also for these bacteria, Traitar performed well but was less reliable than before,

with accuracies for the phypat classifier of 72.9% and 72.1% for the phypat+PGL clas-

sifier (Table 4.2). This is likely due to the taxonomic differences of bacteria listed in

GIDEON and Bergey’s and also because most of the bacteria in Bergey’s have only

draft genomes available for phenotyping.

When combining the predictions of the phypat and phypat+PGL classifiers into a con-

sensus vote, Traitar assigns phenotypes more reliably, while predicting less phenotype

labels compared to the individuals classifiers (Table 2). Depending on the use case,

Traitar can be used with performance characterized by different trade-offs between the

recall of the phenotype-positive and the phenotype-negative classes.

4.3.3 Performance per taxon at different ranks of the tax-

onomy

We investigated the performance of Traitar across the part of the bacterial tree of life

represented in our data set. For this purpose, we evaluated the nested cross-validation

performance of the phypat and phypat+PGL classifiers at different ranks of the NCBI

taxonomy. For a given GIDEON taxon, we pooled all bacterial species that are descen-

dants of this taxon. Figure 4.4 shows the accuracy estimates projected on the NCBI

taxonomy from the domain level down to individual families. Notably, the accuracy

of the phypat+PGL (phypat) classifier for the phyla covered by at least five bacterial

species showed low variance and was high across all phyla, ranging from 84% (81%) for

Actinobacteria over 90% (89%) for Bacteroidetes, 89% (90%) for Proteobacteria, 91%

(90%) for Firmicutes to 91% (86%) for Tenericutes.
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Bacteria

Proteobacteria

Betaproteobacteria

Burkholderiales

Burkholderiaceae

Alcaligenaceae

Comamonadaceae

Neisseriaceae

Gammaproteobacteria

Pasteurellaceae

Enterobacteriaceae

Moraxellaceae

Campylobacterales

Helicobacteraceae

Campylobacteraceae

Brucellaceae

Firmicutes

Bacilli

Lactobacillales

Streptococcaceae

Lactobacillaceae

Bacillales

Paenibacillaceae

Bacillaceae

Clostridiales

Peptostreptococcaceae

Clostridiales Family XI. Incertae Sedis

Veillonellaceae

Bacteroidetes

Flavobacteriaceae

Porphyromonadaceae

Actinobacteria

Actinobacteridae

Actinomycetales

Actinomycetaceae

Micrococcaceae

Nocardiaceae

Bifidobacteriaceae

Coriobacteriaceae

Mycoplasmataceae

Leptotrichiaceae

Accuracy

75%80%85%90%95%100%

Figure 4.4: Classification accuracy for each taxon at different ranks of the NCBI
taxonomy. For better visualization of names for the internal nodes, the taxon names
are displayed on branches leading to the respective taxon node in the tree. The
nested cross-validation accuracy obtained with Traitar for 234 bacterial species
described in the Global Infectious Disease and Epidemiology Online Network was
projected onto the NCBI taxonomy down to the family level. Colored circles at the
tree nodes depict the performance of the phypat+PGL classifier (left-hand circles)
and the phypat classifier (right-hand circles). The size of the circles reflects the
number of species per taxon.
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4.3.4 Phenotyping incomplete genomes

GFMs or SAGs are often incomplete and thus we analyzed the effect of missing genome

assembly parts onto the performance of Traitar. Rinke et al. used a single-cell sequenc-

ing approach to analyze poorly characterized parts of the bacterial and archaeal tree

of life, the so-called ‘microbial dark matter’ (Rinke et al. 2013). They pooled 20 SAGs

from the candidate phylum Cloacimonetes, formerly known as WWE1, to generate

joint – more complete – genome assemblies that had at least a genome-wide average

nucleotide identity of 97% and belonged to a single 16S-based operational taxonomic

unit, namely Cloacamonas acidaminovorans (Pelletier et al., 2008).

According to our predictions based on the joint assembly of the single-cell genomes, C.

acidaminovorans is Gram-negative and is adapted to an anaerobic lifestyle, which agrees

with the description by Rinke et al. (Figure 4.5). Traitar further predicted ‘Arginine

dihydrolase’ activity, which is in line with the characterization of the species as an

amino acid degrader (Rinke et al. 2013). Remarkably, the prediction of a bacil-

lus or coco-bacillus shape agrees with the results of Limam et al. (Limam et al. 2014),

who used a WWE1-specific probe and characterized the samples with fluorescence

in situ hybridization. They furthermore report that members of the Cloacimonetes

candidate phylum are implicated in anaerobic digestion of cellulose, primarily in early

hydrolysis, which is in line with the very limited carbohydrate degradation spectrum

found by Traitar.

Subsequently, we compared the predicted phenotypes for the SAGs to the predictions

for the joint assembly. The phypat classifier recalled more of the phenotype predictions

of the joint assembly based on the SAGs than the phypat+PGL classifier. However,

the phypat+PGL classifier made fewer false positive predictions (Figure 4.6 a).

In the next experiment, we inferred phenotypes based on simulated GFMs, by sub-

sampling from the coding sequences of each of the 42 bacterial genomes (GIDEON II).

Starting with the complete set of coding sequences we randomly deleted genes from

the genomes. For the obtained draft genomes with different degrees of completeness,

we re-ran the Traitar classification and computed the accuracy measures, as before.

We observed that the average fraction of phenotypes identified (macro-recall for the

positive class) of the phypat+PGL classifier dropped more quickly with more missing

coding sequences than that of the phypat classifier (Figure 4.6 b). However, at the same

time, the recall of the negative class of the phypat+PGL classifier improved with a de-

creasing number of coding sequences, meaning that fewer but more reliable predictions

were made.
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Figure 4.5: Single-cell phenotyping with Traitar. We used 20 genome assemblies
with varying degrees of completeness from single cells of the Cloacimonetes candi-
date phylum and a joint assembly for phenotyping with Traitar. Shown is a heatmap
of assembly samples vs. phenotypes, which is the standard visualization for pheno-
type predictions in Traitar. The origin of the phenotype’s prediction (Traitar phy-
pat and/or Traitar phypat+PGL classifier) determines the color of the heatmap
entries. The sample labels have their genome completeness estimates as suffixes.
The colors of the dendrogram indicate similar phenotype distributions across sam-
ples, as determined by a hierarchical clustering with SciPy1.
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Overall, the tradeoffs in the recall of the phenotype-positive and the phenotype-negative

classes of the two classifiers resulted in a similar overall macro-accuracy across the range

of tested genome completeness.

Figure 4.6: Phenotyping simulated draft genomes and single cell genomes. In (a)
we used 20 genome assemblies with varying degrees of completeness from single
cells of the Cloacimonetes candidate phylum and a joint assembly for phenotyping
with the Traitar phypat and the Traitar phypat+PGL classifiers. Shown is the
performance of the phenotype prediction vs. the genome completeness of the single
cells with respect to the joint assembly. In (b) we simulated draft genomes based
on an independent test set of 42 microbial (pan)genomes. The coding sequences
of these genomes were down-sampled (10 replications per sampling point) and
the resulting simulated draft genomes were used for phenotyping with the Traitar
phypat and the Traitar phypat+PGL classifiers. We plotted various performance
estimates (mean center values and and s.d. error bars shown) against the protein
content completeness.

Thus, depending on the intended usage, a particular classifier can be chosen: we expect

that the reliable predictions inferred with the phypat+PGL classifier and the more

abundant, but less reliable predictions made with the phypat classifier will complement

one another in different use cases for partial genomes recovered from metagenomic data.

By analyzing the protein families with assigned weights and the bias terms of the two

classifiers, we found the phypat+PGL classifier to base its predictions primarily on the
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presence of protein families that were typical for the phenotypes. In contrast, the phypat

classifier also took typically absent protein families from phenotype-positive genomes

into account in its decision. More technically, the positive weights in models of the

phypat classifier are balanced out by negative weights, whereas for the phypat+PGL

classifier, they are balanced out by the bias term. By down-weighting the bias term for

the phypat+PGL classifier by the protein content completeness, we could show that

the accuracy of the phypat classifier could be increased over that of the phypat+PGL,

regardless of the protein content completeness (data not shown). However, this requires

knowledge of the protein content completeness for each genomic sample, which could

be indirectly estimated using methods such as checkM (Parks et al. 2015).

4.3.5 Traitar as a resource for gene target discovery

In addition to phenotype assignment, Traitar suggests the protein families relevant for

the assignment of a phenotype (Methods – Majority feature selection, Table 4.3). We

exemplarily demonstrate this capability here for three phenotypes that are already well-

studied, namely ‘Motile’, ‘Nitrate to nitrite’ conversion and ‘L-arabinose’ metabolism.

These phenotypes represent one each from the phenotype categories morphology, en-

zymatic activity and growth on sugar.

In general, we observed that the protein families important for classification can be seen

to be gained and lost jointly with the respective phenotypes within the microbial phy-

logeny (Figure 4.7). Among the selected Pfam families that are important for classifying

the motility phenotype were proteins of the flagellar apparatus and chemotaxis-related

proteins (Table 4.3). Motility allows bacteria to colonize their preferred environmen-

tal niches. Genetically, it is mainly attributed to the flagellum, which is a molecular

motor, and is closely related to chemotaxis, a process that lets bacteria sense chem-

icals in their surroundings. Motility also plays a role in bacterial pathogenicity, as it

enables bacteria to establish and maintain an infection. For example, pathogens can

use flagella to adhere to their host and they have been reported to be less virulent if

they lack flagella (Josenhans et al. 2002). Of 48 flagellar proteins described in (R. Liu

et al. 2007), four proteins (FliS, MotB, FlgD and FliJ) were sufficient for accurate clas-

sification of the motility phenotype and were selected by our classifier, as well as FlaE,

which was not included in this collection. FliS (PF02561) is a known export chaperone

that inhibits early polymerization of the flagellar filament FliC in the cytosol (Lam

et al. 2010). MotB (PF13677), part of the membrane proton-channel complex, acts as
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the stator of the bacterial flagellar motor (Hosking et al. 2006). Traitar also identified

further protein families related to chemotaxis, such as CZB (PF13682), a family of

chemoreceptor zinc-binding domains found in many bacterial signal transduction pro-

teins involved in chemotaxis and motility (Draper et al. 2011), and the P2 response

regulator-binding domain (PF07194). The latter is connected to the chemotaxis kinase

CheA and is thought to enhance the phosphorylation signal of the signaling complex

(Dutta et al. 1999).

Nitrogen reduction in nitrate to nitrite conversion is an important step of the nitrogen

cycle and has a major impact on agriculture and public health. Two types of nitrate

reductases are found in bacteria: the membrane-bound Nar and the periplasmic Nap

nitrate reductase (Moreno-Vivian et al. 1999), which we found both to be relevant

for the classification of the phenotype: we identified all subunits of the Nar complex

as being relevant for the ‘Nitrate to nitrite’ conversion phenotype (i.e. the gamma and

delta subunit (PF02665, PF02613)), as well as Fer4 11 (PF13247), which is in the iron–

sulfur center of the beta subunit of Nar. The delta subunit is involved in the assembly

of the Nar complex and is essential for its stability, but probably is not directly part of

it (Pantel et al. 1998). Traitar also identified the Molybdopterin oxido-

N569

N589
-

N637

N643

N644

N646
Bacteroides thetaiotaomicron

Bacteroides vulgatus
-

Bacteroides fragilis
- - -

N650
- - - -

Prevotella intermedia
- -

Prevotella denticola
- -

N639
-

N640
-

Odoribacter splanchnicus
- -

N642
- - -

Porphyromonas gingivalis
-

Porphyromonas asaccharolytica
-

Parabacteroides distasonis
- - +

Capnocytophaga ochracea
- - - - - -

Fibrobacter succinogenes
- - - - - - -

Phenotype loss

Phenotype absent

Phenotype present

Figure 4.7: Phenotype gain and loss dynamics match protein family dynamics. We
show the phenotype–protein family gain and loss dynamics for families identified as
important by Traitar for the L-arabinose phenotype. Signed colored circles along
the tree branches depict protein family gains (+) or losses (-). Taxon nodes are
colored according to their inferred (ancestral) phenotype state.

reductase Fe4S4 domain (PF04879), which is bound to the alpha subunit of the nitrate



4.3 Results 63

reductase complex (Pantel et al. 1998). Traitor furthermore suggested NapB (PF03892)

as relevant, which is a subunit of the periplasmic Nap protein and NapD (PF03927),

which is an uncharacterized protein implicated in forming Nap (Moreno-Vivian et al.

1999).

Table 4.3: The most relevant Pfam families for classification of three important
phenotypes: ‘Nitrate to Nitrite’, ‘Motility’ and ‘L-Arabinose’. We ranked the Pfam
families with positive weights in the Traitar SVM classifiers by the correlation of the
Pfam families with the respective phenotype labels across 234 bacteria described
in the Global Infectious Disease and Epidemiology Online Network. Shown are the
10 highest ranking Pfam families along with their descriptions and a description of
their phenotype-related function, where we found one.

Accession Phenotype Pfam description Remarks

PF13677 Motile Membrane MotB of proton-channel

complex MotA/MotB

Flagellar protein

PF03963 Motile Flagellar hook capping protein

N-terminal region

Flagellar protein

PF02561 Motile Flagellar protein FliS Flagellar protein

PF02050 Motile Flagellar FliJ protein Flagellar protein

PF07559 Motile Flagellar basal body protein FlaE Flagellar protein

PF13682 Motile Chemoreceptor zinc-binding domain Chemotaxis-related

PF03350 Motile Uncharacterized protein family, UPF0114

PF05226 Motile CHASE2 domain Chemotaxis-related

PF07194 Motile P2 response regulator binding domain Chemotaxis-related

PF04982 Motile HPP family

PF03927 Nitrate to nitrite NapD protein Involved in Nar formation

PF13247 Nitrate to nitrite 4Fe-4S dicluster domain Iron-sulfur cluster center

of the beta subunit of Nar

PF03892 Nitrate to nitrite Nitrate reductase

cytochrome c-type subunit (NapB)

Periplasmic Nap subunit

PF02613 Nitrate to nitrite Nitrate reductase delta subunit Nap subunit

PF01127 Nitrate to nitrite Succinate dehydrogenase/Fumarate reductase

transmembrane subunit

PF01292 Nitrate to nitrite Prokaryotic cytochrome b561

PF03459 Nitrate to nitrite TOBE domain

PF03824 Nitrate to nitrite High-affinity nickel transport protein

PF04879 Nitrate to nitrite Molybdopterin oxidoreductase Fe4S4 domain Bound to the

alpha subunit of Nar

PF02665 Nitrate to nitrite Nitrate reductase gamma subunit Nar subunit

PF11762 L-Arabinose L-arabinose isomerase C-terminal domain Catalyzes first reaction

in L-arabinose metabolism

PF04295 L-Arabinose D-galactarate dehydratase /

Altronate hydrolase, C terminus

PF13802 L-Arabinose Galactose mutarotase-like

PF11941 L-Arabinose Domain of unknown function (DUF3459)

PF14310 L-Arabinose Fibronectin type III-like domain
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PF06964 L-Arabinose Alpha-L-arabinofuranosidase

C-terminus

Acts on L-arabinose

side chains in pectins

PF01963 L-Arabinose TraB family

PF01614 L-Arabinose Bacterial transcriptional regulator

PF06276 L-Arabinose Ferric iron reductase FhuF-like transporter

PF04230 L-Arabinose Polysaccharide pyruvyl transferase

L-arabinose is major constituent of plant polysaccharides, which is located, for in-

stance, in pectin side chains and is an important microbial carbon source (D. Mar-

tinez et al. 2008). Traitar identified the L-arabinose isomerase C -terminal domain

(PF11762), which catalyzes the first step in L-arabinose metabolism – the conver-

sion of L-arabinose into L-ribulose (Sa-Nogueira et al. 1997), as being important for

realizing the L-arabinose metabolism. It furthermore suggested the C -terminal domain

of Alpha-L-arabinofuranosidase (PF06964), which cleaves nonreducing terminal alpha-

L-arabinofuranosidic linkages in L-arabinose-containing polysaccharides (Gilead et al.

1995) and is also part of the well-studied L-arabinose operon in Escherichia coli (Sa-

Nogueira et al. 1997).

4.3.6 Phenotyping biogas reactor population genomes

We used Traitar to phenotype two novel Clostridiales species (unClos 1, unFirm 1)

based on their genomic information reconstructed from metagenome samples. These

were taken from a commercial biogas reactor operating with municipal waste (Frank et

al. 2015). The genomes of unClos 1 and unFirm 1 were estimated to be 91% complete

and 60% complete based on contigs ≥ 5 kb, respectively. Traitar predicted unClos 1

to utilize a broader spectrum of carbohydrates than unFirm 1 (Table 4.4). We cross-

referenced our predictions with a metabolic reconstruction conducted by Frank et al.

(under review; supplementary material). We considered all phenotype predictions that

Traitar inferred with either the phypat or the phypat+PGL classifier. The manual re-

construction and predictions inferred with Traitar agreed to a great extent (Table 4.4).

Traitar recalled 87.5% (6/7) of the phenotypes inferred via the metabolic reconstruc-

tion and also agreed to 81.8% (9/11) on the absent phenotypes. Notable exceptions

were that Traitar only found a weak signal for ‘D-xylose’ utilization. A weak signal

means that only a minority of the classifiers in the voting committee assigned these

samples to the phenotype-positive class (Methods – Phenotype models). However, the

metabolic reconstruction was also inconclusive with respect to xylose fermentation. Fur-

thermore, Traitar only found a weak signal for ‘Glucose fermentation’ for unFirm 1.
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Whilst genomic analysis of unFirm 1 revealed the Embden–Meyerhof–Parnas (EMP)

pathway, which would suggest glucose fermentation, gene-centric and metaproteomic

analysis of this phylotype indicated that the EMP pathway was probably employed in

an anabolic direction (gluconeogenesis); therefore unFirm 1 is also unlikely to ferment

D-Mannose. This suggests that unFirm 1 is unlikely to ferment sugars and instead me-

tabolizes acetate (also predicted by Traitar, Table 4) via a syntrophic interaction with

hydrogen-utilizing methanogens.

Traitar predicted further phenotypes for both species that were not targeted by the

manual reconstruction. One of these predictions was an anaerobic lifestyle, which is

likely to be accurate, as the genomes were isolated from an anaerobic bioreactor envi-

ronment. It also predicted them to be Gram-positive, which is probably correct, as the

Gram-positive sortase protein family can be found in both genomes.

This is a Gram-positive biomarker (Paterson et al. 2004). Furthermore, all Firmicutes

known so far are Gram-positive (Goodfellow et al. 2012). Additionally, Traitar assigned

‘Motile’ and ‘Spore formation’ to unFirm 1, based on the presence of several flagellar

proteins (e.g. FliM, MotB, FliS and FliJ) and the sporulation proteins CoatF and

YunB.

4.4 Discussion

We have developed Traitar, a software framework for predicting phenotypes from the

protein family profiles of bacterial genomes. Traitar provides a quick and fully auto-

mated way of assigning 67 different phenotypes to bacteria based on the protein family

content of their genomes.

Microbial trait prediction from phyletic patterns has been proposed in previous stud-

ies for a limited number of phenotypes (Feldbauer et al. 2015; Kastenmuller et al.

2009; Konietzny, P. B. Pope, et al. 2014; Lingner et al. 2010; MacDonald et al. 2010;

Weimann, Trukhina, et al. 2013). To our knowledge, the only currently available soft-

ware for microbial genotype-phenotype inference is PICA, which is based on learning

associations of clusters of orthologous genes (Tatusov et al. 2001) with traits (Feld-

bauer et al. 2015; MacDonald et al. 2010). Recently, PICA was extended by Feldbauer

et al. for predicting eleven traits overall, optimized for large datasets and tested on

incomplete genomes (Feldbauer et al. 2015; MacDonald et al. 2010). Traitar allows

prediction of 67 phenotypes, including 60 entirely novel ones. It furthermore includes



66 CHAPTER 4. FROM GENOMES TO PHENOTYPES

Table 4.4: Phenotype predictions for two novel Clostridiales species with genomes
reconstructed from a commercial biogas reactor metagenome. Traitar output (yes,
no, weak) was cross-referenced with phenotypes manually reconstructed based on
Kyoto Encyclopedia of Genes and Genomes orthology annotation (Frank et al. sub-
mitted; supplementary material), which are primarily the fermentation phenotypes
of various sugars. We considered all phenotype predictions that Traitar inferred
with either the phypat or the phypat+PGL classifier. A weak prediction means
that only a minority of the classifiers in the Traitar voting committee assigned this
sample to the phenotype-positive class (Traitar phenotype). Table entries colored
in red show a difference between the prediction and the reconstruction, whereas
green denotes an overlap; yellow is inconclusive.

unClos 1 unFirm 1

Glucose yes weak
Acetate utilization no yes
Mannitol yes no
Starch
hydrolysis

no no

Xylose weak no
L-Arabinose yes no
Capnophilic yes no
Sucrose yes no
D-Mannose yes no
Maltose yes no
Arginine
dihydrolase

no yes

different prediction modes, one based on phyletic patterns, one additionally including

a statistical model of protein family evolution for its predictions. Traitar also suggest

associations between phenotypes and protein families. For three traits, we showed that

several of these associations are to known key families of establishment of a particu-

lar trait, and that furthermore candidate families were suggested, that might serve as

targets for experimental studies. Some of the phenotypes annotated in GIDEON are

specific for the human habitat (such as ‘coagulase production’ or ‘growth on ordinary

blood agar’) and the genetic underpinnings learned by Traitar could be interesting to

study for infection disease research.

In cross-validation experiments with phenotype data from the GIDEON database, we

showed that the Traitar phypat classifier has high accuracy in phenotyping bacterial
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samples. Considering ancestral protein family gains and losses in the classification,

which is implemented in the Traitar phypat+PGL classifier, improves the accuracy

compared to prediction from phyletic patterns only, both for individual phenotypes

and overall. Barker et al. were first to note the phylogenetic dependence of genomic

samples and how this can lead to biased conclusions (Barker et al. 2005). MacDonald

et al. selected protein families based on correlations with a phenotype and corrected

for the taxonomy (MacDonald et al. 2010). Here we accounted for the evolutionary

history of the phenotype and the protein families in the classifier training itself to auto-

matically improve phenotype assignment. We additionally demonstrated the reliability

of the performance estimates by phenotyping, with a similar accuracy, an indepen-

dent test dataset with bacteria described in GIDEON, which we did not use in the

cross-validation. Traitar also reliably phenotyped a large and heterogenic collection of

bacteria that we extracted from Bergey’s Manual of Systematic Bacteriology – mostly

with only draft genomes available. We didn’t observe any bias towards specific taxa in

GIDEON, but some of the phenotypes might be realized with different protein fam-

ilies in taxa that are less well represented indicated by the around 15% - 20% less

reliable phenotyping results for bacteria described in Bergey’s manual of systematic

bacteriology. We expect that the accuracy of the phenotype classification models al-

ready available in Traitar will further improve the more data will become available and

can be incorporated into its training.

We found that Traitar can provide reliable insights into the metabolic capabilities of

microbial community members even from partial genomes, which are very common for

genomes recovered from single cells or metagenomes. One obvious limitation being for

incomplete genomes, the absence of a phenotype prediction may be due to the absence

of the relevant protein families from the input genomes. The analysis of both the SAGs

and simulated genomes led us to the same conclusions: the phypat classifier is more

suitable for exploratory analysis, as it assigned more phenotypes to incomplete genomes,

at the price of more false positive predictions. In contrast, the phypat+PGL classifier

assigned fewer phenotypes, but also made fewer false assignments. At the moment,

genotype–phenotype inference with Traitar only takes into account the presence and

absence of protein families of the bacteria analyzed. This information can be readily

computed from the genomic and metagenomic data. Future research could focus also on

integration of other ‘omics’ data to allow even more accurate phenotype assignments.

Additionally, expert knowledge of the biochemical pathways that are used in manual

metabolic reconstructions, for example, could be integrated as prior knowledge into the
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model in future studies.

For the phenotyping of novel microbial species, generating a detailed (manual)

metabolic reconstruction such as the one by Frank et al. (submitted; supplementary

material) is time-intensive. Furthermore, such reconstructions are usually focused on

specific pathways and are dependent on the research question. This is not an option for

studies with 10–50+ genomes, which are becoming more and more common in micro-

biology (Brown et al. 2015; Hess et al. 2011; MacDonald et al. 2010; Rinke et al. 2013).

Traitar thus is likely to be particularly helpful for multi-genome studies. It furthermore

may pick up on things outside of the original research focus and could serve as a seed

or a first-pass method for a detailed metabolic reconstruction in future studies.

4.5 Methods

4.5.1 The Traitar software

In this section we first describe the Traitar annotation procedure. We proceed with

the genome and phenotype data used for the training of Traitar phenotype models;

afterwards we explain the training and illustrate how we considered ancestral protein

family gains and losses in the models. Finally, we specify the requirements for running

the Traitar software.

Annotation

In the case of nucleotide DNA sequence input, Traitar uses Prodigal (Hyatt et al. 2010)

for gene prediction prior to Pfam family annotation. The amino acid sequences are then

annotated in Traitar with protein families (Pfams) from the Pfam database (version

27.0) (Finn, Bateman, et al. 2014) using the hmmsearch command of HMMER 3.0

(Finn, Clements, et al. 2011).

Each Pfam family has a hand-curated threshold for the bit score, which is set in such

a way that no false positive is included (Punta et al. 2012). A fixed threshold of 25 is

then applied to the bit score (the log-odds score) and all Pfam domain hits with an

E-value above 10-2 are discarded. The resulting Pfam family counts (phyletic patterns)

are turned into presence or absence values, as we found this representation to yield a

favorable classification performance (Weimann, Trukhina, et al. 2013).
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Genome and phenotype data

We obtained our phenotype data from the GIDEON database (Berger 2005). In

GIDEON a bacterium is labeled either as phenotype-positive, -negative or strain-

specific. In the latter case we discarded this phenotype label. The GIDEON traits

can be grouped into the categories the use of various substrates as source of carbon

and energy for growth, oxygen requirement, morphology, antibiotic susceptibility and

enzymatic activity (Table 4.1, Supplementary Table 1). We only considered phenotypes

that were available in GIDEON for at least 20 bacteria, with a minimum of 10 bacteria

annotated as positive (phenotype presence) for a given phenotype and 10 as negative

(phenotype absence) to enable a robust and reliable analysis of the respective pheno-

types. Furthermore, to be included in the analysis, we required each bacterial sample

to have:

a) at least one annotated phenotype,

b) at least one sequenced strain,

c) a representative in the sTOL.

In total, we extracted 234 species-level bacterial samples with 67 phenotypes with

sufficient total, positive and negative labels from GIDEON (GIDEON I). GIDEON

associates these bacteria with 9305 individual phenotype labels, 2971 being positive

and 6334 negative (Supplementary Table 1, 3). GIDEON species that had at least one

sequenced strain available but were not part of the sTOL tree were set aside for a later

independent assessment of the classification accuracy. In total, this additional dataset

comprised further 42 unique species with 58 corresponding sequenced bacterial strains

(GIDEON II, Supplementary Table 1, 4). We obtained 1836 additional phenotype labels

for these bacteria, consisting of 574 positive and 1262 negative ones. We searched the

Firmicutes and Proteobacteria volumes of Bergey’s systematic bacteriology specifically

for further bacteria not represented so far in the GIDEON data sets (Goodfellow et al.

2012). In total, we obtained phenotype data from Bergey’s for 206 Firmicutes and 90

Proteobacteria with a total of 1152 positive labels and 1376 negative labels (Supple-

mentary Table 1, 5). As in GIDEON, in Bergey’s the phenotype information is usually

given on the species level.

We downloaded the coding sequences of all complete bacterial genomes that were avail-

able via the NCBI FTP server under ftp://ftp.ncbi.nlm.nih.gov/genomes/ as of

ftp://ftp.ncbi.nlm.nih.gov/genomes/
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11 May 2014 and genomes from the PATRIC data base as of September 2015 (Wat-

tam et al., 2014). These were annotated with Traitar. For bacteria with more than one

sequenced strain available, we chose the union of the Pfam family annotation of the

single genomes to represent the pangenome Pfam family annotation, as in (Y. Liu et al.

2006).

Phenotype models

We represented each phenotype from the set of GIDEON phenotypes across all genomes

as a vector yp, and solved a binary classification problem using the matrix of Pfam

phyletic patterns XP across all genomes as input features and yp as the binary tar-

get variable (Supplementary Figure 1). For classification, we relied on support vector

machines (SVMs), which are a well-established machine learning method (Boser et al.

1992). Specifically, we used a linear L1-regularized L2-loss SVM for classification as

implemented in the LIBLINEAR library (Fan et al. 2008). For many datasets, linear

SVMs achieve comparable accuracy to SVMs with a non-linear kernel but allow faster

training. The weight vector of the separating hyperplane provides a direct link to the

Pfam families that are relevant for the classification. L1-regularization enables fea-

ture selection, which is useful when applied to highly correlated and high-dimensional

datasets, as used in this study (Zou et al. 2005). We used the interface to LIBLINEAR

implemented in scikit-learn (Pedregosa et al. 2011). For classification of unseen data

points – genomes without available phenotype labels supplied by the user – Traitar

uses a voting committee of five SVMs with the best single cross-validation accuracy

(Methods – Nested cross-validation). Traitar then assigns each unseen data point to

the majority class (phenotype presence or absence class) of the voting committee.

Ancestral protein family and phenotype gains and losses

We constructed an extended classification problem by including ancestral protein family

gains and losses, as well as the ancestral phenotype gains and losses in our analysis, as

implemented in GLOOME (Cohen and Pupko 2011). Barker et al. report that common

methods for inferring functional links between genes, that do not take the phylogeny into

account, suffer from high rates of false positives (Barker et al. 2005). Here, we jointly

derived the classification models from the observable phyletic patterns and phenotype

labels, and from phylogenetically unbiased ancestral protein family and phenotype gains

and losses, that we inferred via a maximum likelihood approach from the observable
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phyletic patterns on a phylogenetic tree, showing the relationships among the samples.

(Supplementary Figure 1). Ancestral character state evolution in GLOOME is modeled

via a continuous-time Markov process with exponential waiting times. The gain and

loss rates are sampled from two independent gamma distributions (Cohen and Pupko,

2010).

GLOOME needs a binary phylogenetic tree with branch lengths as input. The taxonomy

of the National Center for Biointechnology Information (NCBI) and other taxonomies

are not suitable, because they provide no branch length information. We used the se-

quenced tree of life (sTOL) (Fang et al. 2013), which is bifurcating and was inferred

with a maximum likelihood approach based on unbiased sampling of structural pro-

tein domains from whole genomes of all sequenced organisms (Gough et al., 2001). We

employed GLOOME with standard settings to infer posterior probabilities for the phe-

notype and Pfam family gains and losses from the Pfam phyletic patterns of all NCBI

bacteria represented in the sTOL and the GIDEON phenotypes. Each GIDEON pheno-

type p is available for a varying number of bacteria. Therefore, for each phenotype, we

pruned the sTOL to those bacteria that were both present in the NCBI database and

had a label for the respective phenotype in GIDEON. The posterior probabilities of an-

cestral Pfam gains and losses were then mapped onto this GIDEON phenotype-specific

tree (Gps-sTOL, Supplementary Figure 2).

Let B be the set of all branches in the sTOL and P be the set of all Pfam families. We

then denote the posterior probability gij of an event a for a Pfam family pf to be a gain

event on branch b in the sTOL computed with GLOOME as:

gij = P (a = gain|i = b, j = pf) ∀ i ∈ B, ∀ j ∈ P,

and the posterior probability of a to be a loss event for a Pfam family p on branch b

as:

lij = P (a = loss|i = b, j = pf) ∀ i ∈ B, ∀ j ∈ P.

We established a mapping f : B′ → B between the branches of the sTOL B and the

set of branches B′ of the Gps-sTOL (Supplementary Figure 2). This was achieved by

traversing the tree from the leaves to the root.

There are two different scenarios for a branch b′ in B′ to map to the branches in B:

a) Branch b′ in the Gps-sTOL derives from a single branch b in the sTOL: f (b′) =

{b}. The posterior probability of a Pfam gain inferred in the Gps-sTOL on branch



72 CHAPTER 4. FROM GENOMES TO PHENOTYPES

b′ consequently is the same as that on branch b in the sTOL

gb′j = gbj∀ jϵP .

b) Branch b′ in the Gps-sTOL derives from m branches b1, . . . , bm in the sTOL:

f (b′) = {b1, . . . , bm} (Supplementary figure 2). In this case, we iteratively cal-

culated the posterior probabilities for at least one Pfam gain g′ on branch b′

from the posterior probabilities for a gain g′ b1j from the posterior probabilities

g1, . . . , gmof a gain on branches b1, . . . , bm with the help of h:

h1 = g b1j

hn+1 = (1− hn) · g bn+1j

g′ b1j = hm ∀j ∈ P.

Inferring the Gps-sTOL Pfam posterior loss probabilities l′ij from the sTOL posterior

Pfam loss probabilities is analogous to deriving the gain probabilities. The posterior

probability for a phenotype p to be gained g′ip or lost l′ip can be directly defined for the

Gps-sTOL in the same way as for the Pfam probabilities.

For classification, we did not distinguish between phenotype or Pfam gains or losses,

assuming that the same set of protein families gained with a phenotype will also be lost

with the phenotype. This assumption simplified the classification problem. Specifically,

we proceeded in the following way:

1. We computed the joint probability xij of a Pfam family gain or loss on branch b′ and

the joint probability yj of a phenotype gain or loss on branch b′:

xij = g
′
ijl

′
ij +

(
1− g

′
ij

)
· l′ ij +

(
1− l

′
ij

)
· g′

ij ∀ i ∈ B
′
, ∀ j ∈ P

= g
′
ij +

(
1− g

′
ij

)
· l′ ij

yi = g
′
ip +

(
1− g′ip

)
· l

′
ip ∀ i ∈ B

′
.

2. Let xi be a vector representing the probabilities xij for all Pfam families j ∈ P on

branch bi. We discarded any samples (xi,yi ) that had a probability for a phenotype

gain or loss yi above the reporting threshold of GLOOME but below a threshold t. We

set the threshold t to 0.5.

This defines the matrix X and the vector y as:

(X, y) = {(xi, yi, ) |yi = 0 ∨ yi ≥ t, i ∈ B′} .
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By this means, we avoided presenting the classifier with samples corresponding to

uncertain phenotype gain or loss events and used only confident labels in the subsequent

classifier training instead.

3. We inferred discrete phenotype labels y
′
by applying this threshold t to the joint

probability yi for a phenotype gain or loss to set up a well-defined classification problem

with a binary target variable. Whenever the probability for a phenotype to be gained or

lost on a specific branch was larger than t, the event was considered to have happened:

y′ =

{
1, if yi ≥ t

0, otherwise
∀i ∈ B′.

4. Finally, we formulated a joint binary classification problem for each target phenotype

yp and the corresponding gain and loss events y
′
, the phyletic patterns XP, and the

Pfam gain and loss events X, which we solved again with a linear L1-regularized L2-loss

SVM. We applied this procedure for all GIDEON phenotypes under investigation.

Software Requirements

Traitar can be run on a standard laptop with Linux/Unix. The runtime (wallclock time)

for annotating and phenotyping a typical microbial genome with 3 Mbp is 9 minutes

(3 min/Mbp) on an Intel(R) Core(TM) i5-2410M dual core processor with 2.30 GHz,

requiring only a few megabytes of memory.

4.5.2 Cross-validation

We employed cross-validation to assess the performance of the classifiers individually

for each phenotype. For a given phenotype, we divided the bacterial samples that were

annotated with that phenotype into ten folds. Each fold was selected once for testing the

model, which was trained on the remaining folds. The optimal regularization parameter

C needed to be determined independently in each step of the cross-validation; therefore,

we employed a further inner cross-validation using the following range of values for the

parameter C : 10−3, 10−2 ·0.7, 10−2 ·0.5, 10−2 ·0.2, 10−2 ·0.1, . . . , 1. In other words, for

each fold kept out for testing in the outer cross-validation, we determined the value of

the parameter C that gave the best accuracy in an additional tenfold cross-validation

on the remaining folds. This value was then used to train the SVM model in the current

outer cross-validation step. Whenever we proceeded to a new cross-validation fold, we

re-computed the ancestral character state reconstruction of the phenotype with only the
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training samples included (Ancestral protein family and phenotype gains and losses).

This procedure is known as nested cross-validation (Ruschhaupt et al. 2004).

The bacterial samples in the training folds imply a Gps-sTOL in each step of the inner

and outer cross-validation without the samples in the test fold. We used the same

procedure as before to map the Pfam gains and losses inferred previously on the Gps-

sTOL onto the tree defined by the current cross-validation training folds. Importantly,

the test error is only estimated on the observed phenotype labels rather than on the

inferred phenotype gains and losses.

4.5.3 Evaluation metrics

We used evaluation metrics from multi-label classification theory for performance eval-

uation (Manning et al. 2008). We determined the performance for the individual

phenotype-positive and the phenotype-negative classes based on the confusion ma-

trix of true positive (TP), true negative (TN ), false negative (FN ) and false positive

(FP) samples from their binary classification equivalents by averaging over all n phe-

notypes. We utilized two different accuracy measures for assessing multi-class classi-

fication performance (i.e. the accuracy pooled over all classification decisions and the

macro-accuracy). Macro-accuracy represents an average over the accuracy of the indi-

vidual binary classification problems and we computed this from the macro-recall of

the phenotype-positive and the phenotype-negative classes as follows:

Macro−recallPos =

(∑n
i=1

TPi
TPi+FNi

)
n

Macro−recallNeg =

(∑n
i=1

TNi
FPi+TNi

)
n

Macro−accuracy =
(Macro−recallPos +Macro−recallNeg)

2
.

However, if there are only few available labels for some phenotypes, the variance of the

macro-accuracy will be high and this measure cannot be reliably computed anymore;

it cannot be computed at all if no labels are available. The accuracy only assesses

the overall classification performance without consideration of the information about

specific phenotypes. Large classes dominate small classes (Manning et al. 2008)
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RecallPos =

∑n
i=1TPi∑n

i=1TPi +
∑n

i=1 FNi

RecallNeg =

∑n
i=1TNi∑n

i=1TNi +
∑n

i=1 FPi

Accuracy =
(RecallPos +RecallNeg)

2
.

4.5.4 Majority feature selection

The weights in linear SVMs can directly be linked to features that are relevant for

the classification. We identified the most important protein families used as features

from the voting committee of SVMs consisting of the five most accurate models, which

were also used for classifying new samples. If the majority, which is at least three

predictors, included a positive value for a given protein family, we added this feature

to the list of important features. We further ranked these protein families features by

their correlation with the phenotype using Pearson’s correlation coefficient.
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5.1 Introduction

Multi-drug resistant bacterial pathogens increasingly threaten public health. They

cause many deaths and impose a huge economic burden on the health care sector

(ECDC 2009). At the same time the pharmaceutical industry approves less and less

novel antibiotics and those brought to the market often involve only minor modification

to the original drugs. Pseudomonas aeruginosa is a particularly prevalent pathogen re-

sponsible for 8% of all hospital acquired infections (Sievert et al. 2013). It is found in

diverse natural and human habitats and is particularly dangerous for patients suffer-

ing from cystic fibrosis, burn wounds or neutropenia. The pathogen grows persistent

biofilms for example in the lung of cystic fibrosis patients, which makes it even harder

to eradicate (Costerton 2001).

The large genome and an even larger assessory genome of P. aeruginosa provide the

genetic basis of this adaptability (Stover et al. 2000). The pathogenicity of P. aeruginosa

is due to various virulence factors such as toxins, proteases and hemolysins. Many

secretions systems and degradative enzymes confer a high natural resistance to many

antibiotics (Rumbaugh 2014). Furthermore, the rates of resistance of P. aeruginosa to

various antibiotic is increasing at an alarming rate (Hirsch et al. 2010).

Antibiotics used in the treatment of P. aeruginosa infections include quinolones, β-

lactams and aminoglycosides (Meletis et al. 2013). The pathogen realizes different

resistance mechanisms against β-lactam antibiotics such as by active efflux, altered

outer-membrance permeability or β-lactamase activity including by acquired secondary

β-lactamases. Carbapenem-resistant P. aeruginosa already accounted for 18% of all

reported cases (ECDC 2009). Quinolone resistance is mainly mediated by target muta-

tions, whereas aminoglycosides like gentamicin are mainly inactivated by degradative

enzymes (Pechère et al. 1999). (Magiorakos et al. 2012). The polymyxin colistin was

already discovered more than 60 years ago. Due to its nephrotoxic effects it was soon

after replaced with less toxic drugs. Recently, it has been re-evaluated for treatment of

multi-drug resistant P. aeruginosa infections, as it often represents the only promising

option to combat the pathogen (Michalopoulos et al. 2005).

Quick and cheap genome sequencing of bacterial genomes is about to replace many

expensive phenotypic microbiological assays in clinical diagnostics, for instance for the

identification of bacterial pathogens. Genome sequencing is also being evaluated for

determining phenotypic properties such as virulence or antibiotic resistance. (Didelot

et al. 2012). Lieberman et al. monitored the evolution of Burkholderia dolosa, a highly
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drug resistant pathogen found in cystic fibrosis infections, over an extended time pe-

riod. By genome sequencing they observed parallel adaptive evolution and identified

known and novel genes implicated in pathogenesis. (Lieberman et al. 2011). Bradley

et al. developed Mykrobe predictor, a highly accurate antibiotic resistance profiling

tool – comparable to gold-standard phenotypic assays – for Staphylococcus aureus and

Mycobacterium tuberculosis, which assesses known genetic resistance markers (Bradley

et al. 2015). To quantify the phenotypic effect of mutations, for example for antibiotic

resistance genes, one can also take the gene expression level into account. However, tran-

scriptome sequencing has so far been largely neglected (Palmer et al. 2013). Khaledia

et al. identified markers of antibiotic resistance in P.aeruginosa from the transcrip-

tional and mutational profiles, as determined by RNAseq of 135 clinical P. aeruginosa

isolates with transcriptome-wide association. Furthermore they explored the potential

of machine learning methods to determine global patterns of antibiotic resistance to

ciprofloxacin(Khaledi et al. 2016). In this study we also employed machine learning

methods to find global sequence variation and gene expression patterns that provide an

accurate prediction of resistance to antibiotics of four commonly used drug classes - flu-

oroquinolones (ciprofloxacin), β-lactams (meropenem and ceftazidim), aminoglycosides

(tobramycin) and polymyxins (colistin).

5.2 Results

Antibiotic resistance statistics Determination of the minimum inhibitory con-

centrations (MIC) of 467 P. aeruginosa isolates indicated that over 74% of the isolates

were resistant against meropenem. More than 58% of the strains exhibited resistance to

ciprofloxacin and ceftazidim. Only tobramycin resistance was less widely distributed,

with only 33% resistant isolates, as well as colistin resistance, which was observed

for only 5% of the samples. We discarded intermediate resistant isolates in subsequent

analysis steps (Table 5.1). Multi-drug resistant isolates represent a large fraction of our

data set (Figure 5.1). The resistance profiles of 79 isolates indicated that only the last-

resort drug colistin represented a promising treatment option. Alarmingly, five strains

out of a total of 20 colistin resistant strains showed resistance to all five antibiotics

tested.

Antibiotic resistance prediction with logistic regression Large-scale ge-

nomic studies probe thousands or hundreds of thousands of genetic loci in parallel across
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Table 5.1: Antibiotic resistance frequency across 467 P. aeruginosa clinical iso-
lates as determined by the minimal inhibitory concentration (MIC) [µg/ml]. We
determined antibiotic resistance to five antibiotics as defined by a MIC threshold
according to the Clinical & Laboratory Standards Institute guidelines. For each
antibiotic, there is a MIC that is regarded as intermediate resistant. We also report
the number of intermediate resistant samples and the MIC thresholds used.

#isolates Cipro-
floxacin

Tobra-
mycin

Colis-
tin

Cefta-
zidim

Mero-
penem

susceptible 163 301 369 162 111
resistant 258 152 20 229 319

intermediate resistant 46 14 78 76 37
MIC [µg/ml] resistant ≥ 4 8 8 32 16

MIC [µg/ml] susceptible ≤ 1 4 2 8 4

a small number of samples. Genetic association studies that are typically employed to

link genotype and phenotype are limited to finding single markers (P. E. Chen et al.

2015). Machine learning methods can identify groups of co-occuring genetic markers.

Here, we employed a logistic regression classifier that scales to large-scale data sets and

provides regularization to identify the most relevant genotype-phenotype associations.

We trained a classifier to predict resistance or susceptibility to five antibiotics on the

transcriptional as well as on single nucleotide polymorphism (SNP) profiles both ob-

tained from RNAseq data. For evaluation of the classifiers, we used the macro accuracy

(MACC) and the area under the receiver operating curve (AUC), which we estimated in

a five-fold nested cross-validation. The MACC provides a single trade-off between true

positive rate and false negative rate, whereas the AUC integrates all possible trade-offs

(Material & Methods). Note that due to the limited scope of the project the focus is

on presenting the classification performance, and we only provide selected insights into

the genetic markers found.

Overall, we obtained very reliable classification results (Figure 5.2). For ciprofloxacin

resistance prediction based on SNP profiles, we achieved a MACC of 87.8% and an AUC

of 93.5%. The gyrA T83I mutation represented the most important marker, which

is well-known to be associated with ciprofloxacin resistance (Yonezawa et al. 1995).

Remarkably, we could obtain accurate prediction (MACC 76.1% / AUC 85.6%) using

classifier trained on the expression profiles as well, although no expression markers have

been associated with ciprofloxacin resistance, which is in line with the results obtained

by Khaledi et al. (Khaledi et al. 2016).
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Despite the fact that tobramycin resistance is mainly mediated by antibiotic resistance

genes acquired by horizontal gene transfer (Poole 2005), we obtained highly accurate

classification results for this drug as well, both using expression as well as SNP profiles

for classifier training. Among the expression markers relevant for tobraymcin resistance

prediction, we found amrB, which is the RND multi-drug efflux transporter (Westbrock-

Wadman et al. 1999), as well as many uncharacterized genes. Interestingly, we found

several SNPs in the amrB gene to contribute to the prediction as well. However, it is

possible that these are an artifact of the SNP inference based on the RNAseq data, as

SNPs in genes highly expressed in the tobramycin resistant isolates such as amrB might

have remained undetected in the susceptible samples, due to low expression counts.

We further report a reliable prediction of meropenem (MACC 81.4%, AUC 92.2%) and

ceftazidim (MACC 76.7%, AUC 83.3%), but solely based on gene expression profiles.

We found that the over expression of mexB and oprM, which both encode parts of the

well-characterized MexAB-OprM efflux system, are among the most important markers

for meropenem resistance. Underexpression of oprD, which encodes a porin that confers

passage of meropenem into the bacterial cell is also among the most important epxres-

sion markers (Meletis et al. 2013). We identified ampC as the most important biomarker

for resistance to ceftazidim, which encodes a β-lactamase with known degradative ac-

tivity against ceftazidim (Meletis et al. 2013).

Last, we learned a classifier for predicting colistin resistance. We obtained moderately

accurate classification results when using expression (76.7% MACC) or SNPs (66.3%

MACC). Interestingly, we observed a rather unreliable prediction of the colistin re-

sistance class vs. a very reliable assignment to the susceptible class. Additionally, we

obtained a high AUC of 87.3% based on the SNP profiles and 95.1% based on the

expression data, which is the highest value obtained for any of the resistance classifiers.

This indicates that we can set-up a highly reliable diagnostic test using an approri-

ate trade-off between the true positive and false negative rate. The overexpression of

pmrB, part of the two-component signal transduction system PmrAB and known to

modulate resistance to colistin, as well as overexpression of genes in close proximity to

pmrB, were found to be most relevant for the classification (Moskowitz et al. 2004).

Interesting, we also found SNPs within this operon contributing to prediction of colistin

resistance based on the mutational profiles. As for tobramycin resistance this might be

due to low expression counts of these genes in the colistin susceptible group.

Additionally, we found several genes to be relevant for the prediction of antibiotic

resistance with no known association with resistance. For instance gbuA seems to play
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an important role in meropenem resistance and is currently being characterized in the

lab of our collaborator Susanne Häußler at the Helmholtz Centre for Infection Research.

5.3 Discussion

The global increase of resistance to various antibiotics poses a serious thread to health

care institutions and the economy. There is an imminent need for accurate determina-

tion of drug resistances for clinical isolates, to advise the physician to administer the

most effective drug and minimize the spread of resistant strains. Currently, antibiotic

susceptibility and resistance screening used in clinical practise requires to isolate and

culture a bacterial pathogen, which can take several days. Furthermore, a recent study

conducted in Spanish hospitals indicated that the determination of antibiotic resistance

in clinical practise exhibited low accuracy and high variability across hospitals (Juan

et al. 2013). However, determination of molecular markers of antibiotic resistance could

lead to cheaper and quicker diagnostics. We have demonstrated in a large-scale study

that the transcriptional and mutational profiles of P. aeruginosa allow an accurate

prediction of antibiotic resistance.

The recent advances in microbial genomics could improve or even replace standard

diagnostic microbiology (Reuter et al. 2013). Khaledi et al. showed the potential of

machine learning methods for predicting antibiotic resistance to ciprofloxacin based on

135 isolates. Here, we show that a machine learning apporach is suitable for a wider

range of antibiotics using a much larger data set of 467 samples. The logistic regression

classifiers employed detected many genes with known links to antibiotic resistance, but

follow-up studies are required to investigate the role of uncharacterized genes, which

could provide insights into the antibiotic resistance mechanism.

It is crucial to avoid recommending an antibiotic for treatment, although the pathogen

is resistant to the prescribed drug. It is less worse to miss a treatment option and instead

recommend to adminster a alternative antibiotic for treatment. Thus, in future research,

it will be important to optimize the classifier for prediction of the susceptibility class.

Integrating data’omics such as the transcriptional and mutational profile may further

improve prediction quality. Additionally, whole genome sequencing could aid in a more

reliable unbiased detection of mutational sites implicated in resistance, since it does

not depend on the level of expression of certain genes.

Importantly, genome-wide transcriptome and complete genome sequencing seem suit-

able to detect biomarkers of anitbiotic resistance or susceptibility, but also time-
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consuming. However, quicker and cheaper targeted approaches such as PCR-based

methods to detect the presence of individual genes, or MassARRY to screen for in-

dividual SNPs may be employed to speed up diagnostics, once the biomarkers are

identified (Gabriel et al. 2009).

Finally, the framework we have developed is not limited to antibiotic resistance but is

applicable to reveal other clinically relevant genotype-phenotype assoications such as

pathogenicity. Our results suggest that antibiotic resistance profiling could soon identify

molecular markers that accurately distinguish resistant and non-resistant isolates thus

providing a cheaper and quicker approach compared to current practise in clinical

resistance diagnostics.

5.4 Materials and Methods

Strain collection and antibiotic resistance profiles The clinical isolates in-

cluded in this study were provided by different hospitals or institutions across Germany

and other European countries and sampled from diverse infection sites. The antibiotic

resistance profiles for five antibiotics were determined by agar dilution in at least two

duplicates. Briefly, cultures were grown in 96-well plates for 4 h at 37 °C in an orbital

shaker and adjusted to an OD600 = 0.08−0.1(1−2 ·108 cells/ml). After serial dilutions

to 2 − 4 · 106 cells/ml, finally 5 µl of the adjusted bacterial suspensions were spotted

on cation-adjusted Müller-Hinton agar plates containing different concentrations of the

antibiotic. After incubation at 37 °C overnight, the minimal inhibitory concentrations

(MICs) were determined. The classification of antibiotic resistance and susceptibility

was done according to CLSI (Clinical and Laboratory Standards Institute) guidelines.

RNA sequencing The clinical isolates were cultured in lysogeny broth until

OD600 = 2 at 37 °C in an orbital shaker before cells were harvested with RNAprotect

Bacteria Reagent (Qiagen). The extraction of RNA, sequencing library construction,

cDNA sequencing and data analysis was performed according to Krüger et al.

(Krueger et al. 2016). For logistic regression classification based on gene expression,

the logarithmized read counts per gene obtained by mapping to the Pseudomonas

aeruginosa UCBPP-PA14 reference genome were used. In addition, the read counts

were standardized, by removing the mean of each feature and dividing by the standard

deviation. The SNP calling was performed using SAMtools (Li et al. 2009). SNPs in

coding regions that were covered by at least three reads and had a score of at least

50 were used as binary genotype information, with 1 marking the presence and 0 the
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absence of a SNP in an isolate. In cases where the read coverage was not sufficient, an

NA was displayed and set to absent for classification.

Logistic regression classification A binary classification was learned for each

antibiotic. Antibiotic sensitive and susceptible samples were assigned to two separate

target classes and encoded in a binary target variable. Logistic regression classifiers

were trained independently on the logarithmized transcript counts and the binary SNP

profiles using the LIBLINEAR library (Fan et al. 2008). Specifically we used a L1-

regularized L2-penalized logistic regression classifier, which enables feature selection

via regularization. We identified the most important genes from an ensemble of the five

most accurate logistic regression classifiers, as determined in a five-fold cross-validation

for different values of the hyperparameter C, which controls the degree of regularization.

If the majority, which is at least three predictors, included a positive value or a negative

value for a given protein family, we added this feature to the list of important features.

Classification evaluation The performance of each classifier was evaluated using

nested five-fold cross-validation. The isolates were divided in five cross-validation folds.

Each fold was once selected for testing the classifier, whereas the other folds were used

to train the classifier. The parameter C was optimized in a further inner cross-validation

step (Ruschhaupt et al. 2004). Macro-accuracy (MACC) and area under curve (AUC)

were used as performance measures to evaluate the classifiers. The macro-accuracy

is the average of the recall of the susceptible and the sensitive class (Manning et al.

2008). The AUC is the area under the receiver operating characteristic (ROC) curve.

The ROC curve is computed for logistic regression models by varying the probability

threshold that is required for a samples to be assigned to the resistant class each time

recomputing the recall of the susceptible and the sensitive class (Fawcett 2006).
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Figure 5.1: Cross-resistance of P. aeruiginosa isolates to five different antibiotics.
Overlapping shapes represent regions of cross-resistances. The numbers in the in-
tersections denote the number of resistant isolates. Intermediate resistant isolates
were discarded for this analysis.
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Figure 5.2: We trained a logistic regression classifier on RNAseq data of 467 P.
aeruginosa isolates to predict resistance to five different antibiotics. In five-fold
nested cross-validation we estimated the macro accuracy (MACC) shown in a)
and the area under the curve (AUC) show in b) based on expression and single
nucleotide polymorphism profiles.



CHAPTER 6

Synopsis

The number of sequenced microbial genomes rapidly grows, creating a need for sophis-

ticated method for genome interpreation to tackle problems in health and infection

research. In my PhD project, I have developed three methods to link bacterial geno-

types to phenotypes, each with a different focus. I first devised a classifier to predict

the genomic components of microbial plant biomass degradation from the genomes of

a set of diverse bacterial plant biomass degraders and non-degraders. Subsequently, I

developed a software package providing a fully automated prediction of many traits,

only requiring as input microbial genomes. Last, I used a large data set of clinical iso-

lates of P. aeruignosa to reveal the genetic determinants of antibiotic resistance from

transcriptional and mutational profiles.

The sparsity of available phenotype data represents a bottleneck for deriving further

genotype-phenotype models (Dutilh et al. 2013). The costs for phenotype assays do not

decrease at a similar speed as sequencing costs do. Together with my colleage Sebastian

Konietzny, we have manully curated a set of plant biomass degrader and non-degraders

from the biomedical literature. Furthermore, I extracted a large dataset of phenotypes

from Bergey’s systematic bacteriology and GIDEON (Berger 2005; Goodfellow et al.

2012). This exemplifies that existing resources like curated phenotype databases, as
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well as the biomedical literature seem promising to provide the training data for learn-

ing additional genotype-phenotype associations. In the future, one could apply more

advanced text mining approaches like natural lanuage processing to more efficiently

and systematic search the microbiological literature.

Another avenue for future research could be to integrate expert knowledge of the bio-

chemical pathways that are used in manual metabolic reconstructions as prior knowl-

edge into the model for learning of the phenotype models. We have shown that an-

tibiotic resistance can be predicted from mutational, as well as transcription profiles.

Integrating different ”data’omics“ such as genomics and transcriptomics, may improve

the prediction of phenotypes by joint inference on these data types (Franzosa et al.

2015). Finally, multi-label learning could be used to exploit dependencies across dif-

ferent phenotypes such as cross-resistance of different antibiotics (Zhang et al. 2014).

Revealing the genetic components and predicting clinically relevant phenotypes such

as drug resistance could, in the future, lead to more effective treatments and provide

insights into pathogenesis. Uncovering the genotype-phenotype associations of biotech-

nologically important traits may deepen the understanding of microbial metabolism and

reveal novel enzymes to be used in industrial processes. This thesis provides methods

and results that could guide researchers on their path towards these goals.
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16S component of the 30S small subunit of prokarotic ribosomes.

AUC area under the curve.

C. acidaminovorans Cloacamonas acidaminovorans.

CAZyme Carbohydrate-active enzyme.

CBM carbohydrate binding module.

CE carbohydrate esterase.

CMC carboxymethyl cellulose.

contig contiguous sequence.

DNA desoxynucleic acid.

FN false negative.

FP false positive.

GFM genome from metagenome.
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GH glycoside hydrolase.

GIDEON Global Infectious Disease and Epidemiology Network.

Gps-sTOL GIDEON phenotype-specific tree.

GT glycoside transferase.

GWAS genome-wide association study.

HMM hidden Markov model.

KEGG Kyoto Encyclopedia of Genes and Genomes.

MACC macro-accuracy.

MIC minium inhibitory concentration.

NCBI national center of biotechtechnology information.

NCBI-nr NCBI non-redundant database.

nCV nested cross-validation.

NGS Next-generation sequencing.

P. aeruignosa Pseudomonas aeruginosa.

phypat phyletic pattern classifier.

phypat+PGL phyletic pattern and protein gain and loss classifier.

PL polysaccharide lyase.

RNA ribonucleic acid.

RNAseq RNA sequencing.

ROC receiver operating characteristic.

SAG single amplified genome.

SNP short nucleotide polymorphism.
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sTOL sequenced tree of life.

SVM support vector machine.

TN true negative.

TP true positive.

WGS whole genome sequencing.



92 Glossary



References

Abubucker, S., N. Segata, J. Goll, A. M. Schubert, J. Izard, B. L. Cantarel, B.

Rodriguez-Mueller, J. Zucker, M. Thiagarajan, B. Henrissat, O. White, S. T.

Kelley, B. Methe, P. D. Schloss, D. Gevers, M. Mitreva, and C. Huttenhower

(2012). “Metabolic reconstruction for metagenomic data and its application

to the human microbiome”. PLoS Computational Biology 8.6. doi: 10.1371/

journal.pcbi.1002358 (cit. on p. 11).

Adrio, J. L. and A. L. Demain (2014). “Microbial enzymes: tools for biotechnolog-

ical processes”. Biomolecules 4.1, pp. 117–139. doi: 10.3390/biom4010117

(cit. on p. 3).

Alneberg, J., B. S. Bjarnason, I. de Bruijn, M. Schirmer, J. Quick, U. Z. Ijaz,

L. Lahti, N. J. Loman, A. F. Andersson, and C. Quince (2014). “Binning

metagenomic contigs by coverage and composition”. Nature Methods 11.11,

pp. 1144–1146. doi: 10.1038/nmeth.3103 (cit. on pp. 7, 48).

Altschul, S. F., W. Gish, W. Miller, E. W. Myers, and D. J. Lipman (1990). “Basic

local alignment search tool”. Journal of Molecular Biology 215.3, pp. 403–410.

doi: 10.1016/S0022-2836(05)80360-2 (cit. on p. 8).

Anderson, I., B. Abt, A. Lykidis, H. P. Klenk, N. Kyrpides, and N. Ivanova

(2012). “Genomics of aerobic cellulose utilization systems in actinobacteria”.

http://dx.doi.org/10.1371/journal.pcbi.1002358
http://dx.doi.org/10.1371/journal.pcbi.1002358
http://dx.doi.org/10.3390/biom4010117
http://dx.doi.org/10.1038/nmeth.3103
http://dx.doi.org/10.1016/S0022-2836(05)80360-2


94 REFERENCES

PLoS One 7.6, e39331. doi: 10.1371/journal.pone.0039331 (cit. on pp. 26,

38).

Andoh, A., T. Tsujikawa, and Y. Fujiyama (2003). “Role of dietary fiber and

short-chain fatty acids in the colon”. Current Pharmaceutical Design 9.4,

pp. 347–358 (cit. on p. 3).

Aravind, L. (2000). “Guilt by association: contextual information in genome anal-

ysis”. Genome Research 10.8, pp. 1074–1077 (cit. on p. 9).

Aspeborg, H., P. M. Coutinho, Y. Wang, H. Brumer, and B. Henrissat (2012).

“Evolution, substrate specificity and subfamily classification of glycoside hy-

drolase family 5 (GH5)”. BMC Evolutionary Biology 12, p. 186. doi: 10.

1186/1471-2148-12-186 (cit. on p. 27).

Bai, Y., D. B. Müller, G. Srinivas, R. Garrido-Oter, E. Potthoff, M. Rott, N. Dom-

browski, P. C. Münch, S. Spaepen, M. Remus-Emsermann, B. Hüttel, A. C.
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T. Gouliouris, S. R. Harris, N. M. Brown, M. T. G. Holden, M. Quail, J.

Parkhill, G. P. Smith, S. D. Bentley, and S. J. Peacock (2013). “Rapid bac-

terial whole-genome sequencing to enhance diagnostic and public health mi-

crobiology”. JAMA Internal Medicine 173.15, pp. 1397–1404. doi: 10.1001/

jamainternmed.2013.7734 (cit. on p. 82).

Rho, M., H. Tang, and Y. Ye (2010). “FragGeneScan: predicting genes in short

and error-prone reads”. Nucleic Acids Research 38.20, e191–e191. doi: 10.

1093/nar/gkq747 (cit. on p. 8).

Rinke, C., P. Schwientek, A. Sczyrba, N. Ivanova, I. J. Anderson, J. F. Cheng,

A. Darling, S. Malfatti, B. K. Swan, E. A. Gies, J. A. Dodsworth, B. P.

Hedlund, G. Tsiamis, S. M. Sievert, W. T. Liu, J. A. Eisen, S. J. Hallam,

N. C. Kyrpides, R. Stepanauskas, E. M. Rubin, P. Hugenholtz, and T. Woyke

(2013). “Insights into the phylogeny and coding potential of microbial dark

matter”. Nature 499.7459, pp. 431–7. doi: 10.1038/nature12352 (cit. on

pp. 8, 48, 58, 68).

Roth, C., S. Rastogi, L. Arvestad, K. Dittmar, S. Light, D. Ekman, and D. A.

Liberles (2007). “Evolution after gene duplication: models, mechanisms, se-

quences, systems, and organisms”. Journal of Experimental Zoology. Part B,

Molecular and Developmental Evolution 308.1, pp. 58–73. doi: 10.1002/jez.

b.21124 (cit. on p. 9).

Rubin, E. M. (2008). “Genomics of cellulosic biofuels”. Nature 454.7206, pp. 841–

5. doi: 10.1038/nature07190 (cit. on pp. 13, 22).

Rumbaugh, K. P. (2014). “Genomic complexity and plasticity ensure Pseu-

domonas success”. FEMS Microbiology Letters 356.2, pp. 141–143. doi: 10.

1111/1574-6968.12517 (cit. on pp. 15, 78).

Ruschhaupt, M., W. Huber, A. Poustka, and U. Mansmann (2004). “A com-

pendium to ensure computational reproducibility in high-dimensional classi-

fication tasks”. Statistical Applications in Genetics and Molecular Biology 3,

Article37. doi: 10.2202/1544-6115.1078 (cit. on pp. 41, 74, 84).

Sanger, F. and A. R. Coulson (1975). “A rapid method for determining sequences

in DNA by primed synthesis with DNA polymerase”. Journal of Molecular

Biology 94.3, pp. 441–448 (cit. on p. 4).

http://dx.doi.org/10.1001/jamainternmed.2013.7734
http://dx.doi.org/10.1001/jamainternmed.2013.7734
http://dx.doi.org/10.1093/nar/gkq747
http://dx.doi.org/10.1093/nar/gkq747
http://dx.doi.org/10.1038/nature12352
http://dx.doi.org/10.1002/jez.b.21124
http://dx.doi.org/10.1002/jez.b.21124
http://dx.doi.org/10.1038/nature07190
http://dx.doi.org/10.1111/1574-6968.12517
http://dx.doi.org/10.1111/1574-6968.12517
http://dx.doi.org/10.2202/1544-6115.1078


REFERENCES 113

Sayers, E. W., T. Barrett, D. A. Benson, E. Bolton, S. H. Bryant, K. Canese, V.

Chetvernin, D. M. Church, M. Dicuccio, S. Federhen, M. Feolo, I. M. Finger-

man, L. Y. Geer, W. Helmberg, Y. Kapustin, S. Krasnov, D. Landsman, D. J.

Lipman, Z. Lu, T. L. Madden, T. Madej, D. R. Maglott, A. Marchler-Bauer,

V. Miller, I. Karsch-Mizrachi, J. Ostell, A. Panchenko, L. Phan, K. D. Pruitt,

G. D. Schuler, E. Sequeira, S. T. Sherry, M. Shumway, K. Sirotkin, D. Slotta,

A. Souvorov, G. Starchenko, T. A. Tatusova, L. Wagner, Y. Wang, W. J.

Wilbur, E. Yaschenko, and J. Ye (2012). “Database resources of the National

Center for Biotechnology Information”. Nucleic Acids Research 40.Database

issue, pp. D13–25. doi: 10.1093/nar/gkr1184 (cit. on p. 24).

Schultz, J., R. R. Copley, T. Doerks, C. P. Ponting, and P. Bork (2000). “SMART:

a web-based tool for the study of genetically mobile domains”. Nucleic Acids

Research 28.1, pp. 231–4 (cit. on p. 35).

Sievert, D. M., P. Ricks, J. R. Edwards, A. Schneider, J. Patel, A. Srinivasan,

A. Kallen, B. Limbago, S. Fridkin, and National Healthcare Safety Network

(NHSN) Team and Participating NHSN Facilities (2013). “Antimicrobial-

resistant pathogens associated with healthcare-associated infections: summary

of data reported to the National Healthcare Safety Network at the Centers for

Disease Control and Prevention, 2009-2010”. Infection Control and Hospital

Epidemiology 34.1, pp. 1–14. doi: 10.1086/668770 (cit. on p. 78).

Someya, S., M. Kakuta, M. Morita, K. Sumikoshi, W. Cao, Z. Ge, O. Hirose, S.

Nakamura, T. Terada, and K. Shimizu (2010). “Prediction of carbohydrate-

binding proteins from sequences using support vector machines”. Advances

Bioinformatics. doi: 10.1155/2010/289301 (cit. on p. 24).

Sommer, M. O. A. and G. Dantas (2011). “Antibiotics and the resistant micro-

biome”. Current Opinion in Microbiology 14.5, pp. 556–563. doi: 10.1016/

j.mib.2011.07.005 (cit. on p. 2).

Sonnhammer, E. L. L. and E. V. Koonin (2002). “Orthology, paralogy and pro-

posed classification for paralog subtypes”. Trends in Genetics 18.12, pp. 619–

620 (cit. on p. 9).

Staley, J. T. and a. A. Konopka (1985). “Measurement of in Situ Activities of

Nonphotosynthetic Microorganisms in Aquatic and Terrestrial Habitats”. An-

http://dx.doi.org/10.1093/nar/gkr1184
http://dx.doi.org/10.1086/668770
http://dx.doi.org/10.1155/2010/289301
http://dx.doi.org/10.1016/j.mib.2011.07.005
http://dx.doi.org/10.1016/j.mib.2011.07.005


114 REFERENCES

nual Review of Microbiology 39.1, pp. 321–346. doi: 10.1146/annurev.mi.

39.100185.001541 (cit. on p. 5).

Stover, C. K., X. Q. Pham, A. L. Erwin, S. D. Mizoguchi, P. Warrener, M. J.

Hickey, F. S. L. Brinkman, W. O. Hufnagle, D. J. Kowalik, M. Lagrou, R. L.

Garber, L. Goltry, E. Tolentino, S. Westbrock-Wadman, Y. Yuan, L. L. Brody,

S. N. Coulter, K. R. Folger, A. Kas, K. Larbig, R. Lim, K. Smith, D. Spencer,

G. K.-S. Wong, Z. Wu, I. T. Paulsen, J. Reizer, M. H. Saier, R. E. W. Hancock,

S. Lory, and M. V. Olson (2000). “Complete genome sequence of Pseudomonas

aeruginosa PAO1, an opportunistic pathogen”. Nature 406.6799, pp. 959–964.

doi: 10.1038/35023079 (cit. on p. 78).

Suen, G., P. J. Weimer, D. M. Stevenson, F. O. Aylward, J. Boyum, J. Deneke,

C. Drinkwater, N. N. Ivanova, N. Mikhailova, O. Chertkov, L. A. Goodwin,

C. R. Currie, D. Mead, and P. J. Brumm (2011). “The complete genome

sequence of Fibrobacter succinogenes S85 reveals a cellulolytic and metabolic

specialist”. PLoS ONE 6.4, e18814. doi: 10.1371/journal.pone.0018814

(cit. on p. 35).

Tatusov, R. L., D. A. Natale, I. V. Garkavtsev, T. A. Tatusova, U. T.

Shankavaram, B. S. Rao, B. Kiryutin, M. Y. Galperin, N. D. Fedorova, and

E. V. Koonin (2001). “The COG database: new developments in phyloge-

netic classification of proteins from complete genomes”. Nucleic Acids Re-

search 29.1, pp. 22–8. doi: 10.1093/nar/29.1.22 (cit. on pp. 9, 65).

Taylor, L., B. Henrissat, P. Coutinho, N. Ekborg, S. Hutcheson, and R. Weiner

(2006). “Complete cellulase system in the marine bacterium Saccharophagus

degradans strain 2-40T.” Journal of Bacteriology 188.11, pp. 3849–3861 (cit.

on p. 36).

Turnbaugh, P. J., R. E. Ley, M. A. Mahowald, V. Magrini, E. R. Mardis, and

J. I. Gordon (2006). “An obesity-associated gut microbiome with increased

capacity for energy harvest”. Nature 444.7122, pp. 1027–131. doi: 10.1038/

nature05414 (cit. on p. 3).

U.S. National Oceanic and Atmospheric Administration (2004). White flocculent

mats in and around the extremely gassy, high-temperature (100°C, 212°F)

white smokers at Champagne Vent. url: http://oceanexplorer.noaa.gov/

http://dx.doi.org/10.1146/annurev.mi.39.100185.001541
http://dx.doi.org/10.1146/annurev.mi.39.100185.001541
http://dx.doi.org/10.1038/35023079
http://dx.doi.org/10.1371/journal.pone.0018814
http://dx.doi.org/10.1093/nar/29.1.22
http://dx.doi.org/10.1038/nature05414
http://dx.doi.org/10.1038/nature05414
http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg
http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg
http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg


REFERENCES 115

explorations/04fire/logs/hirez/champagne_vent_hirez.jpg (visited

on 08/25/2016) (cit. on p. 2).

Warnecke, F., P. Luginbuhl, N. Ivanova, M. Ghassemian, T. H. Richardson, J. T.

Stege, M. Cayouette, A. C. McHardy, G. Djordjevic, N. Aboushadi, R. Sorek,

S. G. Tringe, M. Podar, H. G. Martin, V. Kunin, D. Dalevi, J. Madejska,

E. Kirton, D. Platt, E. Szeto, A. Salamov, K. Barry, N. Mikhailova, N. C.

Kyrpides, E. G. Matson, E. A. Ottesen, X. Zhang, M. Hernandez, C. Murillo,

L. G. Acosta, I. Rigoutsos, G. Tamayo, B. D. Green, C. Chang, E. M. Rubin,

E. J. Mathur, D. E. Robertson, P. Hugenholtz, and J. R. Leadbetter (2007).

“Metagenomic and functional analysis of hindgut microbiota of a wood-feeding

higher termite”. Nature 450.7169, pp. 560–5. doi: 10.1038/nature06269 (cit.

on p. 23).

Weimann, A., Y. Trukhina, P. B. Pope, S. G. Konietzny, and A. C. McHardy

(2013). “De novo prediction of the genomic components and capabilities for

microbial plant biomass degradation from (meta-)genomes”. Biotechnology for

Biofuels 6.24. doi: 10.1186/1754-6834-6-24 (cit. on pp. 15, 17, 48, 65, 68).

Weimann, A., K. Mooren, J. Frank, P. B. Pope, A. Bremges, and A. C. McHardy

(2016a). “From Genomes to Phenotypes: Traitar, the Microbial Trait Ana-

lyzer”. mSystems 1.6. Ed. by N. Segata. doi: 10.1128/mSystems.00101-16

(cit. on pp. 17, 46).

— (2016b). “From genomes to phenotypes: Traitar, the microbial trait analyzer”.

bioRxiv, p. 043315. doi: 10.1101/043315 (cit. on p. 17).

Weinberg, Z. (2012). SVM separating hyperplanes. url: https : / / commons .

wikimedia.org/wiki/File:Svm_separating_hyperplanes_(SVG).svg

(visited on 08/25/2016) (cit. on p. 12).

Westbrock-Wadman, S., D. R. Sherman, M. J. Hickey, S. N. Coulter, Y. Q.

Zhu, P. Warrener, L. Y. Nguyen, R. M. Shawar, K. R. Folger, and C. K.

Stover (1999). “Characterization of a Pseudomonas aeruginosa efflux pump

contributing to aminoglycoside impermeability”. Antimicrobial Agents and

Chemotherapy 43.12, pp. 2975–2983 (cit. on p. 81).

Wheals, A., L. Basso, D. Alves, and H. Amorim (1999). “Fuel ethanol after 25

years.” TIBTECH 17, pp. 482–487 (cit. on p. 22).

http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg
http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg
http://oceanexplorer.noaa.gov/explorations/04fire/logs/hirez/champagne_vent_hirez.jpg
http://dx.doi.org/10.1038/nature06269
http://dx.doi.org/10.1186/1754-6834-6-24
http://dx.doi.org/10.1128/mSystems.00101-16
http://dx.doi.org/10.1101/043315
https://commons.wikimedia.org/wiki/File:Svm_separating_hyperplanes_(SVG).svg
https://commons.wikimedia.org/wiki/File:Svm_separating_hyperplanes_(SVG).svg


116 REFERENCES

Wilson, D. B. (2009). “Evidence for a novel mechanism of microbial cellulose

degradation”. Cellulose 16.4, pp. 723–727. doi: 10.1007/s10570-009-9326-

9 (cit. on pp. 36, 38, 39).

Wooley, J. C., A. Godzik, and I. Friedberg (2010). “A Primer on Metagenomics”.

PLOS Computational Biology 6.2, e1000667. doi: 10.1371/journal.pcbi.

1000667 (cit. on p. 6).

Wright, G. D. (2012). “Antibiotics: a new hope”. Chemistry & Biology 19.1,

pp. 3–10. doi: 10.1016/j.chembiol.2011.10.019 (cit. on pp. 3, 15).

Xie, G., D. C. Bruce, J. F. Challacombe, O. Chertkov, J. C. Detter, P. Gilna, C. S.

Han, S. Lucas, M. Misra, G. L. Myers, P. Richardson, R. Tapia, N. Thayer,

L. S. Thompson, T. S. Brettin, B. Henrissat, D. B. Wilson, and M. J. McBride

(2007). “Genome Sequence of the Cellulolytic Gliding Bacterium Cytophaga

hutchinsonii”. Applied and Environmental Microbiology 73.11, pp. 3536–3546.

doi: 10.1128/aem.00225-07 (cit. on p. 23).

Yamada, T., M. Kanehisa, and S. Goto (2006). “Extraction of phylogenetic net-

work modules from the metabolic network”. BMC Bioinformatics 7, p. 130.

doi: 10.1186/1471-2105-7-130 (cit. on p. 10).

Yaun, G.-X., K.-W. Chang, C.-J. Hsieh, and C.-J. Lin (2010). “A Comparison of

Optimization methods for Large-scale L1-regularized Linear Classification”.

Journal of Machine Learning Research 11, pp. 3183–3234 (cit. on p. 41).

Yin, Y., X. Mao, J. Yang, X. Chen, F. Mao, and Y. Xu (2012). “dbCAN: a

web resource for automated carbohydrate-active enzyme annotation”. Nucleic

Acids Research doi:10.1093/nar/gks479. doi: 10.1093/nar/GKS479 (cit. on

pp. 9, 40).

Yonezawa, M., M. Takahata, N. Matsubara, Y. Watanabe, and H. Narita

(1995). “DNA gyrase gyrA mutations in quinolone-resistant clinical isolates

of Pseudomonas aeruginosa.” Antimicrobial Agents and Chemotherapy 39.9,

pp. 1970–1972 (cit. on p. 80).

Yosef, N., J. Gramm, Q.-F. Wang, W. Noble, R. Karp, and R. Sharan (2010).

“Prediction of phenotype information from genotype data.” Communications

in information and systems 10.2, pp. 99–114 (cit. on p. 24).

http://dx.doi.org/10.1007/s10570-009-9326-9
http://dx.doi.org/10.1007/s10570-009-9326-9
http://dx.doi.org/10.1371/journal.pcbi.1000667
http://dx.doi.org/10.1371/journal.pcbi.1000667
http://dx.doi.org/10.1016/j.chembiol.2011.10.019
http://dx.doi.org/10.1128/aem.00225-07
http://dx.doi.org/10.1186/1471-2105-7-130
http://dx.doi.org/10.1093/nar/GKS479


REFERENCES 117

Zhang, M. L. and Z. H. Zhou (2014). “A Review on Multi-Label Learning Al-

gorithms”. IEEE Transactions on Knowledge and Data Engineering 26.8,

pp. 1819–1837. doi: 10.1109/TKDE.2013.39 (cit. on p. 88).

Zou, H. and T. Hastie (2005). “Regularization and variable selection via the

elastic net”. Journal of the Royal Statistical Society: Series A 67.2, pp. 301–

320 (cit. on p. 70).

http://dx.doi.org/10.1109/TKDE.2013.39


118 REFERENCES



APPENDIX A

Journal versions of the published articles



120 CHAPTER A. JOURNAL VERSIONS OF THE PUBLISHED
ARTICLES



RESEARCH Open Access

De novo prediction of the genomic components
and capabilities for microbial plant biomass
degradation from (meta-)genomes
Aaron Weimann1,3†, Yulia Trukhina1,3†, Phillip B Pope2, Sebastian GA Konietzny1,3 and Alice C McHardy1,3*

Abstract

Background: Understanding the biological mechanisms used by microorganisms for plant biomass degradation is
of considerable biotechnological interest. Despite of the growing number of sequenced (meta)genomes of plant
biomass-degrading microbes, there is currently no technique for the systematic determination of the genomic
components of this process from these data.

Results: We describe a computational method for the discovery of the protein domains and CAZy families involved
in microbial plant biomass degradation. Our method furthermore accurately predicts the capability to degrade
plant biomass for microbial species from their genome sequences. Application to a large, manually curated data set
of microbial degraders and non-degraders identified gene families of enzymes known by physiological and
biochemical tests to be implicated in cellulose degradation, such as GH5 and GH6. Additionally, genes of enzymes
that degrade other plant polysaccharides, such as hemicellulose, pectins and oligosaccharides, were found, as well
as gene families which have not previously been related to the process. For draft genomes reconstructed from a
cow rumen metagenome our method predicted Bacteroidetes-affiliated species and a relative to a known plant
biomass degrader to be plant biomass degraders. This was supported by the presence of genes encoding
enzymatically active glycoside hydrolases in these genomes.

Conclusions: Our results show the potential of the method for generating novel insights into microbial plant
biomass degradation from (meta-)genome data, where there is an increasing production of genome assemblages
for uncultured microbes.

Background
Lignocellulosic biomass is the primary component of all

plants and one of the most abundant organic compounds

on earth. It is a renewable, geographically distributed and

a source of sugars, which can subsequently be converted

into biofuels with low greenhouse gas emissions, such as

ethanol. Chemically, it primarily consists of cellulose,

hemicellulose and lignin. Saccharification - the process

of degrading lignocellulose into the individual component

sugars - is of considerable biotechnological interest.

Several mechanical and chemical procedures for saccha-

rification have been established; however, all are relatively

expensive, slow and inefficient [1]. An alternative approach

is realized in nature by various microorganisms, which

use enzyme-driven lignocellulose degradation to generate

sugars as sources of carbon and energy. The search for

novel enzymes allowing an efficient breakdown of plant

biomass has therefore attracted considerable interest

[2-5]. In particular, the discovery of novel cellulases for

saccharification is considered crucial in this context [6].

However, the complexity of the underlying biological

mechanisms and the lack of robust enzymes that can be

economically produced in larger quantities currently still

prevent industrial application.

For some lignocellulose-degrading species, carbohydrate-

active enzymes (CAZymes) and protein domains implicated

in lignocellulose degradation are well known. Many of
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these have been recognized by physiological and biochem-

ical tests as being relevant for the biochemical process of

cellulose degradation itself, such as the enzymes of the

glycoside hydrolase (GH) families GH6 and GH9 and the

endoglucanase-containing family GH5. Two well-studied

paradigms are currently known for microbial cellulose

degradation: The ‘free-enzyme system’ is realized in most

aerobic microbes and entails secretion of a set of cellulases

to the outside of the cell. In anaerobic microorganisms

large multi-enzyme complexes, known as cellulosomes, are

assembled on the cell surface and catalyze degradation. In

both cases, the complete hydrolysis of cellulose requires

endoglucanases (GH5 and GH9), which are believed

to target non-crystalline regions, and exo-acting

cellobiohydrolases, which attack crystalline structures

from either the reducing (GH7 and GH48) or non-

reducing (GH6) end of the beta-glucan chain. However,

in the genomes of some plant biomass-degrading spe-

cies, homologs of such enzymes have not been found.

Recent genome analyses of the lignocellulose-degrading

microorganisms, such as the aerobe Cytophaga hutchinsonii

[7], the anaerobe Fibrobacter succinogenes [8,9] and the

extreme thermophile anaerobe Dictyoglomus turgidum [10]

have revealed only GH5 and GH9 endoglucanases. Genes

encoding exo-acting cellobiohydrolases (GH6 and GH48)

and cellulosome structures (dockerins and cohesins) are

absent.

Metagenomics offers the possibility of studying the

genetic material of difficult-to-culture (i.e. uncultured)

species within microbial communities with the capability

to degrade plant biomass. Recent metagenome studies of

the gut microbiomes of the wood-degrading higher

termites (Nasutitermes), the Australian Tammar wallaby

(Macropus eugenii) [11,12] and two studies of the cow

rumen metagenome [13,14] have revealed new insights

into the mechanisms of cellulose degradation in uncul-

tured organisms and microbial communities. Microbial

communities of different herbivores have been shown to

be dominated by lineages affiliated to the Bacteroidetes

and Firmicutes, of which different Bacteroidetes lineages

exhibited endoglucanse activity [11,15]. Notably, exo-

acting families and cellulosomal structures have a low rep-

resentation or are entirely absent from gut metagenomes

sequenced to date. Thus, current knowledge about genes

and pathways involved in plant biomass degradation in

different species, particularly uncultured microbial ones, is

still incomplete.

We describe a method for the de novo discovery of

protein domains and CAZy families associated with mi-

crobial plant biomass degradation from genome and

metagenome sequences. It uses protein domain and gene

family annotations as input and identifies those domains

or gene families, which in concert are most distinctive

for the lignocellulose degraders. Among the gene and

protein domains identified with our method were known

key genes of plant biomass degradation. Additionally, it

identified several novel protein domains and gene fam-

ilies as being relevant for the process. These might rep-

resent novel leads towards elucidating the mechanisms

of plant biomass degradation for the currently less well

understood microbial species. Our method furthermore

can be used to identify plant biomass-degrading species

from the genomes of cultured or uncultured microbes.

Application to draft genomes assembled from the

metagenome of a switchgrass-adherent microbial com-

munity in cow rumen predicted genomes from several

Bacteroidales lineages which encode active glycoside

hydrolases and a relative to a known plant biomass de-

grader to represent lignocellulose degraders.

In technical terms, our method selects the most infor-

mative features from an ensemble of L1-regularized

L2-loss linear Support Vector Machine (SVM) classifiers,

trained to distinguish genomes of cellulose-degrading

species from non-degrading species based on protein

family content. Protein domain annotations are available

in public databases and new protein sequences can be

rapidly annotated with Hidden Markov Models (HMMs)

or - somewhat slower - with BLAST searches of one pro-

tein versus the NCBI-nr database [16]. Co-occurrence of

protein families in the biomass-degrading fraction of

samples and an absence of these families within the

non-degrading fraction allows the classifier to link these

proteins to biomass degradation without requiring

sequence homology to known proteins involved in

lignocellulose degradation. Classification with SVMs has

been previously used successfully for phenotype predic-

tion from genetic variations in genomic data. In

Beerenwinkel et al. [17], support vector regression

models were used for predicting phenotypic drug resist-

ance from genotypes. SVM classification was used by

Yosef et al. [18] for predicting plasma lipid levels in

baboons based on single nucleotide polymorphism data.

In Someya et al. [19], SVMs were used to predict

carbohydrate-binding proteins from amino acid sequences.

The SVM [20,21] is a discriminative learning method that

infers, in a supervised fashion, the relationship between

input features (such as the distribution of conserved gene

clusters or single nucleotide polymorphisms across a set of

sequence samples) and a target variable, such as a certain

phenotype, from labeled training data. The inferred func-

tion is subsequently used to predict the value of this target

variable for new data points. This type of method makes no

a priori assumptions about the problem domain. SVMs can

be applied to datasets with millions of input features and

have good generalization abilities, in that models inferred

from small amounts of training data show good predictive

accuracy on novel data. The use of models that include an

L1-regularization term favors solutions in which few
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features are required for accurate prediction. There are

several reasons why sparseness is desirable: the high

dimensionality of many real datasets results in great

challenges for processing. Many features in these datasets

are usually non-informative or noisy, and a sparse classi-

fier can lead to a faster prediction. In some applications,

like ours, a small set of relevant features is desirable be-

cause it allows direct interpretation of the results.

Results
We trained an ensemble of SVM classifiers to distinguish

between plant biomass-degrading and non-degrading

microorganisms based on either Pfam domain or CAZY

gene family annotations (see Methods section for the

training and evaluation of the SVM classification ensem-

ble). We used a manually curated data set of 104 microbial

(meta-)genome sequence samples for this purpose, which

included 19 genomes and 3 metagenomes of lignocellu-

lose degraders and 82 genomes of non-degraders (Figure 1,

Figure 2, Additional file 1: Table S1). Fungi are known to

use several enzymes for plant biomass degradation for

which the corresponding genes are not found in prokary-

otic genomes and vice versa, while other genes are shared

by prokaryotic and eukaryotic degraders. To investigate

similarities and differences detectable with our method,

we included the genome of lignocellulose degrading

fungus Postia placenta into our analysis. After training,

we identified the most distinctive protein domains and

CAZy families of plant biomass degraders from the

resulting models. We compared these protein domains

and gene families with known plant biomass degradation

genes. We furthermore applied our method to identify

plant biomass degraders among 15 draft genomes from

the metagenome of a microbial community adherent to

switch grass in cow rumen.

Distinctive Pfam domains of microbial plant biomass

degraders

For the training of a classifier which distinguishes

between plant biomass-degrading and non-degrading

microorganisms we used Pfam annotations of 101 mi-

crobial genomes and two metagenomes. This included

metagenomes of microbial communities from the gut of a

wood-degrading higher termite and from the foregut of

the Australian Tammar Wallaby as examples for plant

biomass-degrading communities. Furthermore, 19 genomes

of microbial lignocellulose degraders were included -

of the phyla Firmicutes (7 isolate genome sequences),

Actinobacteria (5), Proteobacteria (3), Bacteroidetes (1),

Fibrobacteres (1), Dictyoglomi (1) and Basidiomycota (1).

Eighty-two microbial genomes annotated to not possess

the capability to degrade lignocellulose were used as

examples of non-lignocellulose-degrading microbial spe-

cies (Additional file 1: Table S1).

We assessed the value of information about the pre-

sence or absence of protein domains for distinguishing

lignocellulose degraders from non-degraders. With the

respective classifier, eSVMbPFAM, each microbial (meta-)

genome sequence was represented by a feature vector

with the features indicating the presence or absence of

Pfam domains (see Methods). The nested cross-validation

macro-accuracy of eSVMbPFAM in distinguishing plant

biomass-degrading from non-degrading microorganisms

was 0.91. This corresponds to 94% (97 of 103) of the

(meta-)genome sequences being classified correctly. Only

three of the 21 cellulose-degrading samples and three of

the non-degraders were misclassified (Table 1, Table 2).

Among these were four Actinobacteria and one genome

affiliated with the Basidiomycota and Theromotogae each.

We identified the Pfam domains with the greatest im-

portance for assignment to the lignocellulose-degrading

class by eSVMbPFAM (Figure 1; see Methods for the feature

selection algorithm). Among these are several protein

domains known to be relevant for plant biomass degrad-

ation. One of them is the GH5 family, which is present in

all of the plant biomass-degrading samples. Almost all

activities determined within this family are relevant to

plant biomass degradation. Because of its functional diver-

sity, a subfamily classification of the GH5 family was re-

cently proposed [24]. The carbohydrate-binding modules

CBM_6 and CBM_4_9 were also selected. Both families

are Type B carbohydrate-binding modules (CBMs), which

exhibit a wide range of specificities, recognizing single

glycan chains comprising hemicellulose (xylans, mannans,

galactans and glucans of mixed linkages) and/or non-

crystalline cellulose [25]. Type A CBMs (e.g. CBM2 and

CBM3), which are more commonly associated with bind-

ing to insoluble, highly crystalline cellulose, were not iden-

tified as relevant by eSVMbPFAM. Furthermore, numerous

enzymes that degrade non-cellulosic plant structural

polysaccharides were identified, including those that

attack the backbone and side chains of hemicellulosic

polysaccharides. Examples include the GH10 xylanases

and GH26 mannanases. Additionally, enzymes that

generally display specificity for oligosaccharides were

selected, including GH39 β-xylosidases and GH3

enzymes.

We subsequently trained a classifier - eSVMfPFAM - with

a weighted representation of Pfam domain frequencies for

the same data set. The macro-accuracy of eSVMfPFAM was

0.84 (Table 2); lower than that of the eSVMbPFAM;

with nine misclassified samples (4 Actinobacteria, 2

Bacteroidetes, 1 Basidiomycota, 1 Thermotogae phyla and

the Tammar Wallaby metagenome). Again, we determined

the most relevant protein domains for identifying a plant

biomass-degrading sequence sample from the models by
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feature selection. Among the most important protein fam-

ilies were, as before, GH5, GH10 and GH88 (PF07221: N-

acylglucosamine 2-epimerase) (Figure 1). GH6, GH67 and

CE4 acetyl xylan esterases (“accessory enzymes” that con-

tribute towards complete hydrolysis of xylan) were only

relevant for prediction with the eSVMfPFAM classifier.

Additionally, both models specified protein domains not

commonly associated with plant biomass degradation as

being relevant for assignment, such as the lipoproteins

DUF4352 and PF00877 (NlpC/P60 family) and binding

domains PF10509 (galactose-binding signature domain)

and PF03793 (PASTA domain) (Figure 1).
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Figure 1 Frequencies of the selected Pfam families in the individual genomes and metagenomes. The data for each entry are rescaled by
the total number of Pfam domains annotated to the microbial genome or metagenome. The color scale from grey to black indicates domain
families that are present in low to high amounts, respectively. White indicates absent protein domains. The signs “+” and “-” indicate whether a
protein domain was chosen in the respective experiment.
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Figure 2 Frequencies of selected glycoside hydrolase (GH) families and carbohydrate binding modules (CBMs) in the (meta-) genome

sequences. The data for each entry are rescaled by the total number of GH and CBM domains annotated to the microbial genome or
metagenome. The coloring from black to grey indicates domains that are present in high to low amounts, respectively. White indicates absent
domain families (“A”, “a”, “B”, “b”, “C”, “c” as described in Table 1).
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Distinctive CAZy families of microbial plant biomass

degraders

We searched for distinctive CAZy families of microbial

plant biomass degraders with our method. CAZy fam-

ilies include glycoside hydrolases (GH), carbohydrate-

binding modules (CBM), glycosyltransferases (GT),

polysaccharide lyases (PL) and carbohydrate esterases

(CE). The annotations from the CAZy database

comprised 64 genomes of non-lignocellulose-degrading

species and 16 genomes of lignocellulose-degraders.

There were no CAZy annotations available for the

remaining genomes. In addition, we included the

metagenomes of the gut microbiomes of the Tammar

wallaby (TW), the wood-degrading higher termite and

of the cow rumen microbiome (Additional file 1: Table

S1). We evaluated the value of information about the

presence or absence of CAZy domains, or of their rela-

tive frequencies for identification of lignocellulose-

degrading microbial (meta-)genomes in the following

experiments:

1) By training of the classifiers eSVMCAZY_A (presence/

absence) and eSVMCAZY_a (counts), based on

genome annotations with all CAZy families.

2) By training of the classifiers eSVMCAZY_B (presence/

absence) and eSVMCAZY_b (counts), based on the

annotations of the genomes and the TW sample with

all CAZy families, except for the GT family

members, which were not annotated for the TW

sample.

3) By training of the classifiers eSVMCAZY_C (presence/

absence) and eSVMCAZY_c (counts) with the entire

data set based on GH family and CBM annotations,

as these were the only ones available for the three

metagenomes.

The macro-accuracy of these classifiers ranged from

0.87 to 0.96, similar to the Pfam-domain-based models

(Table 2). Notably, almost exclusively Actinobacteria

were misclassified by the eSVMCAZY classifiers, except

for the Firmicute Caldicellulosiruptor saccharolyticus.

The best classification results were obtained with the

presence-absence information for all CAZy families ex-

cept for the GT families of the microbial genomes and

the TW sample. In this setting (eSVMCAZY_B) only two

species (Thermomonospora curvata and Actinosynnema

mirum) were misclassified (Table 1). These species

remained misclassified with all six classifiers.

Using feature selection, we determined the CAZy fam-

ilies from the six eSVMCAZy classifiers that are most rele-

vant for identifying microbial cellulose-degraders. Many of

these GH families and CBMs are present in all (meta-)

genomes (Figure 2). This analysis identified further gene

families known to be relevant for plant biomass degrad-

ation. Among them are cellulase-containing families

(GH5, GH6, GH12, GH44, GH74), hemicellulase-

containing families (GH10, GH11, GH26, GH55, GH81,

GH115), families with known oligosaccharide/side-chain-

degrading activities (GH43, GH65, GH67, GH95) and

several CBMs (CBM3, -4, -6, -9, -10, -16, -22, -56). Several

of these (GH6, GH11, GH44, GH67, GH74, CBM4,

CBM6, CBM9) were consistently identified by at least half

of the six classifiers as distinctive for plant biomass

degraders. These might be considered signature genes of

the plant biomass-degrading microorganisms we analyzed.

Additionally, several GT, PL and CE domains were identi-

fied as relevant (eSVMCAZY_A: PL1, PL11 and CE5,

“eSVMCAZY_B: CE5; eSVMCAZY_a: GT39, PL1 and CE2,

eSVMCAZY_b: none). These CAZy families, as well as

GH115 and CBM56, are not included in Figure 2, as they

are not annotated for all sequences.

Identification of plant biomass degraders from a cow

rumen metagenome

We used our method to predict the plant biomass-

degrading capabilities for 15 draft genomes of uncul-

tured microbes reconstructed from the metagenome of a

microbial community adherent to switchgrass in cow

rumen [14] (see Methods for the classification with an

ensemble of SVM classifiers). The draft genomes repre-

sent genomes with more than 50% of the sequence

reconstructed by taxonomic binning of the metagenome

Table 1 Misclassified species in the SVM analyses

eSVMbPFAM eSVMCAZY_B

False negatives Postia placenta Mad-698-R Thermomonospora curvata DSM 43183

Xylanimonas cellulosilytica DSM 15894

Thermomonospora curvata DSM 43183

False positives Actinosynnema mirum 101 Actinosynnema mirum 101

Arthrobacter aurescens TC1

Thermotoga lettingae TMO

Shown are species which were misclassified with the eSVMCAZY_B and the eSVMbPFAM classifiers. Contrary to previous beliefs [22], recent literature indicates in

agreement with our predictions that T. curvata is a non-degrader. Furthermore, recent evidence supports that A. mirum is a lignocellulose degrader, which has not

been previously described [23].
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sample. The microbial community adherent to switch-

grass is likely to be enriched with plant biomass

degraders, as it was found to differ from the rumen fluid

community in its taxonomic composition and degrad-

ation of switch grass after incubation in cow rumen had

occurred. For identification of plant biomass-degrading

microbes, we classified each draft genome individually

with the eSVMbPFAM and eSVMCAZY_B models, which had

the highest macro-accuracy based on Pfam domain or

CAZy family annotations, respectively. The eSVMbPFAM

classifier assigned seven of the draft genomes to plant bio-

mass degraders (Table 3). One of these, genome APb, was

found by 16S rRNA analysis to be related to the fibrolytic

species Butyrivibrio fibrisolvens. Four others (AC2a, AGa,

AJ and AH) are of the order of Bacteroidales, and include

all but one draft genomes affiliated to the Bacteroidales.

The 6th and 7th predicted degrader, represented by gen-

ome AIa and AWa, belong to the Clostridiales, like

genome APb. The eSVMCAZY_B classifier also assigned five

of these genomes to the plant biomass degraders. Add-

itionally it classified genome AH as plant biomass-

degrading, while being ambiguous in the assignment of

AFa (Table 3). To validate these predictions, we searched

the draft genomes for genes encoding 51 enzymatically

active glycoside hydrolases characterized from the same

rumen dataset (for the results of these experiments see

Figure three in Hess et al. [14]). Genomes AGa, AC2a, AJ

and AIa were all linked to different enzymes of varying

specificities (Table 3). AC2a was linked to cellulose deg-

radation, specifically to a carboxymethyl cellulose (CMC)-

degrading GH5 endoglucanase as well as GH9 enzyme

capable of degrading insoluble cellulosic substrates such

as AvicelW. AIa demonstrated capabilities towards xylan

and soluble cellulosic substrates with affiliations to four

GH10 xylanases. Both AGa and AJ demonstrated

broader substrate versatility and were linked to enzymes

with capabilities towards cellulosic substrates CMC and

AvicelW (GH5, GH9 and GH26), hemicellulosic

substrates lichenan (β-1,3, β-1,4 β-glucan) and xylan

(GH5, GH9 and GH10), as well as the natural feedstocks

miscanthus and switchgrass (GH5 and GH9). Import-

antly, no carbohydrate-active enzymes were affiliated

to draft genomes that were predicted to not possess

plant biomass-degrading capabilities (Table 3). Overall,

assignments were largely consistent between the two

classifiers and supporting evidence for the capability to

degrade plant biomass was found for five of the

predicted degraders.

Timing experiments

Our method uses annotations with Pfam domains or

CAZy families as input. Generating these by similarity-

searches with profile HMMs rather than with BLAST

provides a better scalability for next-generation sequen-

cing data sets. HMM databases such as dbCAN contain

a representation of entire protein families rather than of

individual gene family members, which largely decreases

the number of entries one has to compare against.

For example, searching the ORFs of the Fibrobacter

succinogenes genome [26] for similarities to CAZy

families with the dbCAN HMM models took 23 seconds

on an IntelW XeonW 1.6 GHz CPU. In comparison,

searching for similarities to CAZy families by BLASTing

the same set of ORFs against all sequences with CAZy

family annotation of the NCBI non-redundant protein

database (downloaded from http://csbl.bmb.uga.edu/

dbCAN/ on April 19th 2011) on the same machine

required approximately 1 hour and 55 minutes, a differ-

ence of two orders of magnitude. Because of their better

scalability and also because they are well-established for

identifying protein domains or gene families [27-29], we

recommend the use of HMM-based similarities and

annotations as input to our method.

Discussion
We investigated the value of information about the

presence-or-absence of CAZy families and Pfam protein

domains, as well as information about their relative

abundances, for the identification of lignocellulose

degraders. Classifiers trained with CAZy family or Pfam

Table 2 Accuracy of classifying microbes as lignocellulose-degraders or non-degraders

Presence/absence
of Pfam
domains

Weighted Pfam
domain

representation

Presence/absence CAZy
family representation

Weighted CAZy
family representation

A B C a b c

nCV macro-accuracy 0.91 0.84 0.90 0.96 0.94 0.91 0.93 0.87

nCV recall 0.86 0.73 0.81 0.94 0.90 0.88 0.88 0.79

nCV true negative rate 0.96 0.96 0.98 0.98 0.98 0.95 0.98 0.95

L1-regularized SVMs were trained with Pfam domain or CAZY family (meta-)genome annotations. Capital letters denote classifiers trained based on the presence

or absence of CAZy families and small letters indicate classifiers trained based on the relative abundances of CAZy families in annotations. Abbreviations “A”, “a”,”

B”, “b”, “C”, “c” denote the following: Classifiers “A“,“a“ were trained with annotations of all CAZy families for 16 microbial genomes; Classifiers “B“,“b“ were trained

with annotations for all CAZy families, except for the GT family members (which were not annotated for the Tammar Wallaby metagenome), for 16 genomes and

the TW metagenome of plant biomass degraders; Classifiers “C“,“c“ were trained with annotations for the GH families and CBMs for the 16 microbial genomes and

three metagenomes of plant biomass degraders, as only these were annotated for the metagenomes. All CAZy-based classifiers were trained with available

annotations for 64 genomes of non-biomass degraders. The Pfam-based classifiers were trained with 21 (meta-)genomes of biomass-degraders and 82 microbial

genomes of non-degraders. For more details on the experimental set-up and the evaluation measures shown see the Methods section on performance evaluation.
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domain annotations allowed an accurate identification

of plant biomass degraders and determined similar

domains and CAZy families as being most distinctive.

Many of these are recognized by physiological and

biochemical tests as being relevant for the biochemical

process of cellulose degradation itself, such as GH6,

members of the GH5 family and to a lesser extent GH44

and GH74. In contrast to widely accepted paradigms for

microbial cellulose degradation, recent genome analysis

of cellulolytic bacteria has identified examples (i.e.

Fibrobacter) where there is an absence of genes encoding

exo-acting cellobiohydrolases (GH6 and GH48) and

cellulosome structures [30]. In addition, these exo-acting

families and cellulosomal structures have had a low rep-

resentation or are entirely absent from sequenced gut

metagenomes. Our method also finds the exo-acting

cellobiohydrolases GH7 and GH48 to be less important.

GH7 represents fungal enzymes, so its absence makes

sense; however, the lower importance assigned to GH48

is interesting. The role of GH48 is believed to be of high

importance, although recent research has raised

questions. Olson et al. [31] have found that a complete

solubilization of crystalline cellulose can occur in

Clostridium thermocellum without the expression

of GH48, albeit at significantly lower rates. Further-

more, genome analysis of cellulose-degrading microbes

Cellvibrio japonicus [32] and Saccharophagus degradans

[33] have determined the presence of only non-reducing

end enzymes (GH6) and an absence of a reducing end

cellobiohydrolase (GH48), suggesting that the latter are

not essential for all cellulolytic enzyme systems.

While we have focused on cellulose degradation, our

method has also identified enzymes that degrade other

plant polysaccharides as being relevant, such as hemicellu-

lose (GH10, GH11, GH12, GH26, GH55, GH81, CE4),

pectins (PL1, GH88 and GH43), oligosaccharides (GH3,

GH30, GH39, GH43, GH65, GH95) and the side-chains

attached to noncellulosic polysaccharides (GH67, GH88,

GH106). This was expected, since many cellulose-

degrading microbes produce a repertoire of different glyco-

side hydrolases, lyases and esterases (see, for example,

[32,33]) that target the numerous linkages that are present

within different plant polysaccharides, which often exist in

tight cross-linked forms within the plant cell wall. The

results from our method add further weight to this. The

observation of numerous CBMs being relevant in the

CAZy analysis also agrees with previous findings that many

different CBM-GH combinations are possible in bacteria.

Moreover, recent reports have demonstrated that the

targeting actions of CBMs have strong proximity effects

within cell wall structures, i.e. CBMs directed to a cell wall

polysaccharide (e.g. cellulose) other than the target sub-

strate of their appended glycoside hydrolase (e.g. xylanase)

can promote enzyme action against the target substrate

(e.g. xylan) within the cell wall [34]. This provides

explanations as to why cellulose-directed CBMs are

appended to many non-cellulase cell wall hydrolases.

Several Pfam domains of unknown function (DUFs) or

protein domains which have not previously been associated

with cellulose degradation are predicted as being relevant.

These include transferases (PF01704) and several putative

lipoproteins (DUF4352), some of which have predicted

binding properties (NlpC/P60 family: PF00877, PASTA do-

main: PF03793). The functions of these domains in relation

to cellulose degradation are not known, but possibilities in-

clude binding to cellulose, binding to other components of

the cellulolytic machinery or interaction with the cell

surface.

Another result of our study are the classifiers for

identifying microbial lignocellulose-degraders from ge-

nomes of cultured and uncultured microbial species

reconstructed from metagenomes. Classification of draft

genomes reconstructed from switchgrass-adherent mi-

crobes from cow rumen with the most accurate clas-

sifiers predicted six or seven of these to represent

plant biomass-degrading microbes, including a close

relative to the fibrolytic species Butyrivibrio fibrisolvens.

Cross-referencing of all draft genomes against a catalogue

of enzymatically active glycoside hydrolases provided a

degree of method validation and was in majority agree-

ment with our predictions. Four genomes (AGa, AC2a, AJ

and AIa) predicted positive were linked to cellulolytic

and/or hemicellulolytic enzymes, and importantly no

genomes that were predicted negative were linked to

carbohydrate-active enzymes from that catalogue of

enzymatically active enzymes. Also, no connections to

carbohydrate-active enzymes from that catalogue were

observed for the three genomes (AFa,AH and AWa)

where ambiguous predictions were made. As both draft

genomes as well as the catalogue of carbohydrate active

enzymes in cow rumen are incomplete, in addition to our

training data not covering all plant-biomass-degrading

taxa, such ambiguous assignments might be better resolv-

able with more information in the future.

We trained a previous version of our classifier with the

genome of Methanosarcina barkeri fusaro incorrectly

labeled as a plant biomass degrader, according to informa-

tion provided by IMG. In cross-validation experiments, our

method correctly assigned M. barkeri to be a non-plant

biomass-degrading species. We labeled Thermonospora

curvata as a plant biomass degrader and Actinosynnema

mirum as non-degrader according to information from the

literature (see Additional file 1: Table S1). Both were

misassigned by all classifiers in the cross-validation

experiments. However, in a recent work by Anderson et al.

[23] it was shown that in cellulose activity assays A. mirum

could degrade various cellulose substrates. In the same

study, T. curvata did not show cellulolytic activity against
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any of these substrates, contrary to previous beliefs [22].

The authors found out that the cellulolytic T. curvata strain

was in fact a T. fusca strain. Thus, our method could

correctly assign both strains despite of the incorrect pheno-

typic labeling. The genome of Postia placenta, the only

fungal plant biomass degrader of our data set was

misassigned in the Pfam-based SVM analyses. Fungi pos-

sess cellulases not found in prokaryotic species [35] and

might employ a different mechanism for plant biomass

degradation [36,37]. Indeed, in our data set, Postia placenta

is annotated with the cellulase-containing GH5 family and

xylanase GH10, but the hemicellulase family GH26 does

not occur. Furthermore, the (hemi-)cellulose binding CBM

domains CBM6 and CBM_4_9, which were identified as

being relevant for assignment to lignocellulose degraders

with the eSVMbPFAM classifier, are absent. All of the latter

ones, GH26, CBM6 and especially CBM4 and CBM9, occur

very rarely in eukaryotic genome annotations, according to

the CAZy database.

Conclusions
We have developed a computational technique for the

identification of Pfam protein domains and CAZy families

that are distinctive for microbial plant biomass degra-

dation from (meta-)genome sequences and for predicting

whether a (draft) genome of cultured or uncultured

microorganisms encodes a plant biomass-degrading or-

ganism. Our method is based on feature selection from an

ensemble of linear L1-regularized SVMs. It is sufficiently

accurate to detect errors in phenotype assignments of

microbial genomes. However, some microbial species

remained misclassified in our analysis, which indicates

that further distinctive genes and pathways for plant

biomass degradation are currently poorly represented in

the data and could therefore not be identified.

To identify a lignocellulose degrader from the currently

available data, the presence of a few domains, many of

which are already known, is sufficient. The identification

of several protein domains which have so far not been

associated with microbial plant biomass degradation in

the Pfam-based SVM analyses as being relevant may

warrant further scrutiny. A difficulty in our study was to

generate a sufficiently large and correctly annotated

dataset to reach reliable conclusions. This means that the

results could probably be further improved in the future,

as more sequences and information on plant biomass

degraders become available. The method will probably

also be suitable for identifying relevant gene and protein

families of other phenotypes.

The prediction and subsequent validation of three

Bacteroidales genomes to represent cellulose-degrading

species demonstrates the value of our technique for the

identification of plant biomass degraders from draft

genomes from complex microbial communities, where

there is an increasing production of genome assemblages

for uncultured microbes. These to our knowledge repre-

sent the first cellulolytic Bacteroidetes-affiliated lineages

described from herbivore gut environments. This finding

has the potential to influence future cellulolytic activity

investigations within rumen microbiomes, which has for

the greater part been attributed to the metabolic capabil-

ities of species affiliated to the bacterial phyla Firmicutes

and Fibrobacteres.

Methods
Annotation

We annotated all protein coding sequences of microbial

genomes and metagenomes with Pfam protein do-

mains (Pfam-A 26.0) and Carbohydrate-Active Enzymes

(CAZymes) [28,38]. The CAZy database contains infor-

mation on families of structurally related catalytic

modules and carbohydrate binding modules (CBMs) or

(functional) domains of enzymes that degrade, modify or

create glycosidic bonds. HMMs for the Pfam domains

were downloaded from the Pfam database. Microbial

and metagenomic protein sequences were retrieved from

IMG 3.4 and IMG/M 3.3 [39,40]. HMMER 3 [41] with

gathering thresholds was used to annotate the samples

with Pfam domains. Each Pfam family has a manually

defined gathering threshold for the bit score that was set

in such a way that there were no false-positives detected.

For annotation of protein sequences with CAZy families,

the available annotations from the database were used.

For annotations not available in the database, HMMs for

the CAZy families were downloaded from dbCAN

(http://csbl.bmb.uga.edu/dbcan) [42]. To be considered a

valid annotation, matches to Pfam and dbCAN protein

domain HMMs in the protein sequences were required

to be supported by an e-value of at least 1e-02 and a bit

score of at least 25. Additionally, we excluded matches

to dbCAN HMMs with an alignment longer than 100 bp

that did not exceed an e-value of 1e-04. Multiple

matches of one and the same protein sequence against a

single Pfam or dbCAN HMM exceeding the thresholds

were counted as one annotation.

Phenotype annotation of lignocellulose-degrading and

non-degrading microbes

We defined genomes and metagenomes as originating

from either lignocellulose-degrading or non-lignocellulose-

degrading microbial species based on information provided

by IMG/M and in the literature. For every microbial

genome and metagenome, we downloaded the genome

publication and further available articles (Additional file 1:

Table S1). We did not consider genomes for which no

publications were available. For cellulose-degrading spe-

cies annotated in IMG, we verified these assignments

based on these publications. We used text search to
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identify the keywords “cellulose”, “cellulase”, “carbon

source”, “plant cell wall” or “polysaccharide” in the

publications for non-cellulose-degrading species. We

subsequently read all articles that contained these

keywords in detail to classify the respective organism as

either cellulose-degrading or non-degrading. Genomes

that could not be unambiguously classified in this manner

were excluded from our study.

Classification with an ensemble of support vector

machine classifiers

The SVM is a supervised learning method that can be

used for data classification [20,21]. Here, we use an L1-

regularized L2-loss SVM, which solves the following

optimization problem for a set of instance-label pairs
→xi; yið Þ, →xi∈R

n, yi ∈ { -1, + 1}, i = 1, . . ., l:

min
→w

jj→w jj1
þC
Xl

i¼1

ðmaxð0; 1� yi
→w

T→xiÞÞ
2
; ð1Þ

where C ≥ 0 is a penalty parameter. This choice of the

classifier and regularization term results in sparse

models, where non-zero components of the weight vec-

tor →w are important for discrimination between the

classes [43]. SVM classification was performed using the

LIBLINEAR package [44]. The components of →xi are

either binary valued and represent the presence or ab-

sence of protein domains, or continuous-valued and rep-

resent the frequency of a particular protein domain or

gene family relative to the total number of annotations.

All features were normalized by dividing by the sum of

all vector entries and subsequently scaled, such that the

value of each feature was within the range [0,1]. The

label +1 was assigned to genomes and metagenomes of

plant biomass-degrading microorganisms, the label -1 to

all sequences from non-degrading ones. Classification of

the draft genomes assembled from the fiber-adherent

microbial community from cow rumen was performed

with a voting committee of multiple models with differ-

ent settings for the penalty parameter C that performed

comparably well. A majority vote of the 5 most accurate

models was used here obtained in a single cross-

validation run with different settings of the penalty

parameter C.

Performance evaluation

The assignment accuracy of a classifier was determined

with a standard nested cross-validation (nCV) setup

[45]. In nCV, an outer cross-validation loop is organized

according to the leave-one-out principle: In each step,

one data point is left out. In an inner loop, the optimal

parameters for the model (here, the penalty parameter

C) are sought, in a second cross-validation experiment

with the remaining data points. For determination of the

best setting for the penalty parameter C, values for C =

10x, x = -3.0, -2.5, -2.25, . . ., 0 were tried. Values of the

parameter C larger than 1 were not tested extensively, as

we found that they resulted in models with similar ac-

curacies. This is in agreement with the Liblinear tutorial

in the appendix of [44] which states that once the par-

ameter C exceeds a certain value, the obtained models

have a similar accuracy. The SVM with the penalty par-

ameter setting yielding the best assignment accuracy was

used to predict the class membership of the left out data

point. The class membership predictions for all data

points were used to determine the assignment accuracy

of the classifier, based on their agreement with the

correct assignments. For this purpose, the result of each

leave-one-out experiment was classified as either a true

positive (TP - correctly predicted lignocellulose degraders),

true negative (TN - correctly predicted non-degraders),

false positive (FP - non-degraders predicted to be

degraders) or a false negative assignment (FN - degraders

predicted to be non-degraders). The recall of the positive

class and the true negative rate of the classifier were

calculated according to the following equations:

Recall ¼
TP

TP þ FN
ð2Þ

True negative rate ¼
TN

TN þ FP
ð3Þ

The average of the recall and the true negative rate,

the macro-accuracy, was used as the assignment accur-

acy to assess the overall performance:

MACC ¼
Recall þ True negative rate

2
ð4Þ

Subsequently, we identified the settings for the penalty

parameter C with the best macro-accuracy by leave-one

-out cross-validation. The parameter settings resulting in

the most accurate models were used to each train a sep-

arate model on the entire data set. Prediction of the five

best models were combined to form a voting committee

and used for the classification of novel sequence samples

such as the partial genome reconstructions from the

cow rumen metagenome of switch-grass adherent

microbes (see Additional file 2: Table S2 for an evalu-

ation and meta-parameter settings of these ensembles of

classifiers).

Feature selection

An SVM model can be represented by a sparse weight

vector →w . The positive and negative components of
→w , the ‘feature weights’, specify the relative importance

of the protein domains or CAZy families for discrimin-

ation between plant biomass-degrading and non-plant
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biomass-degrading microorganisms. To determine the

most distinctive features for the positive class (that is,

the lignocellulose degraders), we selected all features

that received a positive weight in weight vectors of the

majority of the five most accurate models. This ensemble

of models was also used for classification of the cow rumen

draft genomes of uncultured microbes (see Classification

with a SVM).

Additional files

Additional file 1: Table S1. Isolate strains and metagenome samples
used in this study. The signs “+” and “-” indicate availability of CAZy or
Pfam annotation data. The symbol * marks strains for which we provide
another reference than the genome publication characterizing the
metabolic capacities of the respective strain.

Additional file 2: Table S2: Evaluation and meta-parameter settings of
the ensembles of classifiers. The ensembles were used for feature
selection and phenotype classification of the (draft) genomes and
metagenomes. The macro-accuracy for each model for a discrete set of
values for the parameter C was calculated in cross-validation experiments.
The five best models were selected based on macro-accuracy. The mean
of the exponentially transformed parameter C and the mean macro-
accuracy for these five models are shown for all trained classifiers. For
details on the different ensemble classifiers, see the Results section in the
manuscript.
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Supplementary Table S1.  Isolate strains and metagenome samples used in this study. The 

sigŶs ͞+͟ aŶd ͞-͟ iŶdiĐate availaďility of CAZy or Pfaŵ aŶŶotatioŶ data.  The syŵďol * marks 

strains for which we provide another reference than the genome publication characterizing the 

metabolic capacities of the respective strain. 
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microbiome (tammar wallaby) 

+ – + + Pope et al 2010) [1] 

2 Cow rumen microbiome – – – + Brulc et al 2009 [2] 

3 Termite gut microbiome + – – + Warnecke et al 2007 [3] 
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e
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o
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1 Acidothermus cellulolyticus 

11B 

+ + Barabote et al 2009 [4]  

2 Anaerocellum thermophilum Z-

1320, DSM 6725 

+ + Kataeva et al 2009 [5] 

3 Bryantella formatexigens I-52, 

DSM 14469 

+ – Wolin et al 2003 [6] 

4 Caldicellulosiruptor 

saccharolyticus DSM 8903 

+ + Rainey et al 1994* [7] 

5 Cellulomonas flavigena 134, 

DSM 20109 

+ + Abt et al 2010 [8] 

6 Cellvibrio japonicus Ueda 107 + + DeBoy et al 2008 [9] 
7 Clostridium cellulolyticum H10 + + Petitdemange et al 1984* [10] 
8 Clostridium phytofermentans 

ISDg 

+ + Warnick et al 2002* [11] 

9 Clostridium thermocellum 

ATCC 27405 

+ + Feinberg et al 2011 [12]  

10 Cytophaga hutchinsonii ATCC 

33406 

+ + Xie et al 2007 [13] 

11 Dictyoglomus turgidum DSM 

6724 

+ + Brumm et al 2011  

[14] 
12 Fibrobacter succinogenes 

succinogenes S85 

+ + Bae et al 1993* [15] 

13 Postia placenta Mad-698-R + – Martinez et al 2009 [16] 
14 Ruminococcus flavefaciens FD-

1 

+ – Berg Miller et al 2009  

[17] 
15 Saccharophagus degradans 2-

40 

+ + Fraiberg et al 2010  

[18] 



16 Teredinibacter turnerae T7901 + + Yang et al 2009  

[19] 
17 Thermobifida fusca YX + + Lykidis et al 2007  

[20] 
18 Thermomonospora curvata 

DSM 43183 

+ + Chertkov et al 2011  

[21] 
19 Xylanimonas cellulosilytica 

XIL07, DSM 15894 

+ + Foster et al 2010  

[22] 
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1 Acetobacter pasteurianus IFO 

3283-01 

+ + Azuma et al 2009 [23] 

2 Acidimicrobium ferrooxidans 

DSM 10331 

+ + Clum et al 2009 [24] 

3 Acidithiobacillus ferrooxidans 

ATCC 23270 

+ + Valdés et al 2008 [25] 

4 Actinosynnema mirum DSM 

43827 

+ + Land et al 2009 [26] 

5 Agrobacterium tumefaciens 

C58 (Cereon) 

+ + Wood et al 2001 [27] 

6 Alcanivorax borkumensis SK2 + + Schneiker et al 2006 [28] 

7 Alkalilimnicola ehrlichei MLHE-

1 

+ + Hoeft et al 2007* [29]* 

8 Alkaliphilus metalliredigens 

QYMF 

+ + Fu et al 2009)* [30] 

9 Archaeoglobus fulgidus DSM 

4304 

+ - Klenk et al 1997 [31] 

10 Arthrobacter aurescens TC1 + + Mongodin et al 2006 [32] 

11 Azoarcus sp. BH72 + + Krause et al 2006 [33] 

12 Azorhizobium caulinodans ORS 

571 

+ + Liu et al 2011 [34] 

13 Azotobacter vinelandii DJ, 

ATCC BAA-1303 

+ + Setubal et al 2009 [35] 

14 Beijerinckia indica indica ATCC 

9039 

+ + Tamas et al 2010 [36] 

15 Candidatus amoebophilus 

asiaticus 5a2 

+ + Schmitz-Esser et al 2010 [37] 

16 Chloroflexus aurantiacus J-10-

fl 

+ + Tang et al 2011 [38] 

17 Chromobacterium violaceum 

ATCC 12472 

+ + Brazilian National Genome 

Project Consortium 2003 [39] 

18 Comamonas testosteroni KF-1 + - Ma et al 2009 [40] 

19 Cupriavidus taiwanensis + - Amadou et al 2008 [41] 

20 Cyanothece sp. ATCC 51142 + + Welsh et al 2008  [42] 

21 Dehalococcoides ethenogenes 

195 

+ + Seshadri et al 2005 [43] 

22 Desulfatibacillum alkenivorans 

AK-01 

+ + Callaghan et al 2012 [44] 

23 Desulfitobacterium hafniense 

DCB-2 

+ + Shinoda et al 2006) [45] 



24 Desulfohalobium retbaense 

DSM 5692 

+ + Spring et al 2010 [46] 

25 Desulfomicrobium baculatum 

DSM 4028 

+ + Copeland et al 2009 [47] 

26 Desulfotalea psychrophila 

LSv54 

+ + Rabus et al 2004 [48] 

27 Desulfotomaculum reducens 

MI-1 

+ + Junier et al 2010 [49] 

28 Diaphorobacter sp. TPSYc + + Byrne-Bailey et al 2010 [50] 

29 Frankia alni ACN14a + + Normand et al 2007  

[51] 

30 Geobacter bemidjiensis Bem + + Aklujkar et al 2010  

[52] 

31 Hyperthermus butylicus DSM 

5456 

+ - Brügger et al 2007 [53] 

32 Klebsiella pneumoniae 342 + + Yi et al 2010 [54] 

33 Lactobacillus salivarius 

salivarius UCC118 

+ + Jimenez et al 2010 [55] 

34 Magnetococcus sp. MC-1 + + Schübbe et al 2009 [56] 

35 Marinobacter aquaeolei VT8 + + Singer et al 2011*  [57] 

36 Mesorhizobium loti 

MAFF303099 

+ + Kaneko et al 2000 [58] 

37 Metallosphaera sedula DSM 

5348 

+ - Auernik et al 2008 [59] 

38 Methanobrevibacter smithii 

ATCC 35061 

+ - Hansen et al 2011 [60] 

39 Methanocaldococcus fervens 

AG86 

+ - Galperin and Cochrane 2009 

[61] 

40 Methanococcoides burtonii 

DSM 6242 

+ - Saunders et al 2003 [62] 

41 Methanocorpusculum 

labreanum Z 

+ - Anderson et al 2009 [63] 

42 Methanoculleus marisnigri JR1 + - Anderson et al 2009 [63] 

43 Methanopyrus kandleri AV19 + - Slesarev et al 2002 [64] 

44 Methanosarcina acetivorans 

C2A 

+ - Galagan et al 2002 [65] 

45 Methanosphaera stadtmanae 

DSM 3091 

+ - Fricke et al 2006 [66] 

46 Methylibium petroleiphilum 

PM1 

+ + Kane et al 2007 [67] 

47 Methylocella silvestris BL2 + + Chen et al 2010 [68] 

48 Nautilia profundicola Am-H + + Campbell et al 2009 [69] 

49 Nitrobacter hamburgensis X14 + + Starkenburg et al 2008 [70] 

50 Nitrosococcus oceani ATCC 

19707 

+ + Klotz et al 2006 [71] 

51 Nitrosomonas europaea ATCC 

19718 

+ + Chain et al 2003 [72] 

52 Nitrosopumilus maritimus 

SCM1 

+ - Walker et al 2010 [73] 



53 Nitrosospira multiformis ATCC 

25196 

+ + Norton et al 2008 [74] 

54 Nostoc punctiforme PCC 73102 + + Meeks et al 2001 [75] 

55 Paracoccus denitrificans 

PD1222 

+ + Siddavattam et al 2011 [76] 

56 Parvibaculum lavamentivorans 

DS-1 

+ + Schleheck et al 2007 [77] 

57 Pelotomaculum 

thermopropionicum SI 

+ + Kosaka et al 2008 [78] 

58 Persephonella marina EX-H1 + + Reysenbach et al 2009 [79] 

59 Polaromonas 

naphthalenivorans CJ2 

+ + Yagi et al 2009  [80] 

60 Pseudomonas mendocina ymp + + Guo et al 2011 [81] 

61 Pyrobaculum aerophilum IM2 + - Fitz-Gibbon et al 2002 [82] 

62 Pyrococcus abyssi GE5 + - (Cohen et al 2003 [83] 

63 Rhizobium etli CFN 42 + + Fauvart et al 2011 [84] 

64 Rhodobacter sphaeroides 

KD131 

+ + Porter et al 2011 [85] 

65 Rhodococcus sp. RHA1 + + Takeda et al 2010 [86] 

66 Rhodoferax ferrireducens T118 + + Risso et al 2009 [87] 

67 Rhodospirillum rubrum ATCC 

11170 

+ + Munk et al 2011 [88] 

68 Sinorhizobium medicae 

WSM419 

+ + Reeve et al 2010 [89] 

69 Slackia heliotrinireducens DSM 

20476 

+ + Pukall et al 2009 [90] 

70 Streptococcus thermophilus 

LMD-9 

+ + Sun et al 2011 [91] 

71 Sulfolobus acidocaldarius DSM 

639 

+ - Chen et al 2005 [92] 

72 Sulfurospirillum deleyianum 

DSM 6946 

+ + Sikorski et al 2010 [93] 

73 Synechococcus elongatus PCC 

7942 

+ + Holtman et al 2005 [94] 

74 Synechococcus sp. CC9605 + + Jenkins et al 2006)* [95] 

75 Syntrophomonas wolfei wolfei 

Goettingen 

+ + Sieber et al 2010 [96] 

76 Syntrophus aciditrophicus SB + + McInerney et al 2007 [97] 

77 Thermotoga lettingae TMO + + Zhaxybayeva et al 2009 [98] 

78 Thioalkalivibrio sp. HL-EbGR7 + + Muyzer et al 2011 [99] 

79 Thiobacillus denitrificans ATCC 

25259 

+ + Beller et al 2006 [100] 

80 Thiomicrospira crunogena XCL-

2 

+ + Scott et al 2006 [101] 

81 Thiomicrospira denitrificans 

ATCC 33889 

+ + Sievert et al 2008 [102] 

82 Zymomonas mobilis mobilis 

ZM4 

+ - Pappas et al 2011 [103] 
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Supplementary Table S2. Evaluation and meta-parameter settings of the ensembles 

of classifiers used for feature selection and phenotype classification of (draft) genomes. 

The macro-accuracy for each model for a discrete set of values for the parameter C was 

calculated in cross-validation experiments. The five best models were selected based on 

macro-accuracy. The mean exponentially transformed parameter C and the mean macro-

accuracy for these five models are shown for all trained classifiers. For details on the 

different ensemble classifiers, see the result section in the manuscript. 

 

 

Mean 

parameter 
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Mean 

macro-

Accuracy 

eSVMbPFAM 10
-1.7 

0.93 

eSVMfPFAM 10
-1.5

 0.87 

eSVMCAZY_A 10
-1.0

 0.95 

eSVMCAZY_B 10
-1.9
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-1.9

 0.94 

eSVMCAZY_a 10
-1.1
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eSVMCAZY_b 10
-1.6
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eSVMCAZY_c 10
-1.8

 0.92 
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Abstract 

The number of sequenced genomes is growing exponentially, profoundly shifting the 

bottleneck from data generation to genome interpretation. Traits are often used to 

characterize and distinguish bacteria, and are likely a driving factor in microbial 

community composition, yet little is known about the traits of most microbes. We 5 

describe Traitar, the microbial trait analyzer, which is a fully automated software 

package for deriving phenotypes from the genome sequence. Traitar provides 

phenotype classifiers to predict 67 traits related to the use of various substrates as 

carbon and energy sources, oxygen requirement, morphology, antibiotic 

susceptibility, proteolysis and enzymatic activities. Furthermore, it suggests protein 10 

families associated with the presence of particular phenotypes. Our method uses L1-

regularized L2-loss support vector machines for phenotype assignments based on 

phyletic patterns of protein families and their evolutionary histories across a diverse 

set of microbial species. We demonstrate reliable phenotype assignment for Traitar 

to bacterial genomes from 572 species of 8 phyla, also based on incomplete single-15 

cell genomes and simulated draft genomes. We also showcase its application in 

metagenomics by verifying and complementing a manual metabolic reconstruction of 

two novel Clostridiales species based on draft genomes recovered from commercial 

biogas reactors. Traitar is available at https://github.com/hzi-bifo/traitar. 

  20 
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Introduction 

Microbes are often characterized and distinguished by their traits, for instance, in 

Bergey’s Manual of Systematic Bacteriology (Goodfellow et al., 2012). A trait or 

phenotype can vary in complexity; for example, it can refer to the degradation of a 

specific substrate or the activity of an enzyme inferred in a lab assay, the respiratory 5 

mode of an organism, the reaction to Gram staining or antibiotic resistances. Traits 

are also likely driving factor for microbial community composition (Martiny et al., 

2015). Microbial community members with varying metabolic capabilities can aid in 

waste water treatment, bioremediation of soils and promotion of plant growth (Bai et 

al., 2015; Narihiro and Sekiguchi, 2007; Olapade and Ronk, 2015); in the cow rumen 10 

microbiota, bacterial cellulose degraders influence the ability to process plant 

biomass material (Hess et al., 2011). In the Tammar wallaby foregut microbiome, the 

dominant bacterial species is implicated in the lower methane emissions produced by 

wallaby compared to ruminants (Pope et al., 2011). 

In addition to the exponential growth of available sequenced microbial genome 15 

isolates, metagenome and single cell genome sequencing further contributes to the 

increasing number of available genomes. For the recovery of genomes from 

metagenomes (GFMs), computational methods based on e.g. differential read 

coverage and k-mer usage were developed (Alneberg et al., 2014; Cleary et al., 

2015; Gregor et al., 2016; Imelfort et al., 2014; Kang et al., 2015; Nielsen et al., 20 

2014), which allow to recover genomes without the need to obtain microbial isolates 

in pure cultures (Brown et al., 2015; Hess et al., 2011). In addition, single-cell 

genomics provides another culture-independent analysis technique and also allows, 

although often fragmented, genome recovery for less abundant taxa in microbial 

communities (Lasken and McLean, 2014; Rinke et al., 2013). Together, these 25 



 

4 

 

developments profoundly shift the analytical bottleneck from data generation to 

interpretation.  

The genotype–phenotype relationships for some microbial traits have been well 

studied. For instance, bacterial motility is attributed to the proteins of the flagellar 

apparatus (Macnab, 2003). We have recently shown that delineating such 5 

relationships from microbial genomes and accompanying phenotype information with 

statistical learning methods enables the accurate prediction of the plant biomass 

degradation phenotype and the de novo discovery of both known and novel protein 

families that are relevant for the realization of the plant biomass degradation 

phenotype (Konietzny et al., 2014; Weimann et al., 2013). However, a fully 10 

automated software framework for prediction of a broad range of traits from only the 

genome sequence is currently missing. Additionally, horizontal gene transfer, a 

common phenomenon across bacterial genomes, has not been utilized to improve 

trait prediction so far. Traits with their causative genes may be transferred from one 

bacterium to the other (Ochman et al., 2000; Pal et al., 2005) (e.g. for antibiotic 15 

resistances (Martinez, 2008)) and the vertically transferred part of a bacterial genome 

might be unrelated to the traits under investigation (Barker and Pagel, 2005; Harvey 

and Pagel, 1991; Martiny et al., 2015).  

Here we present Traitar, the microbial trait analyzer: an easy-to-use, fully automated 

software framework for the accurate prediction of currently 67 phenotypes directly 20 

from the genome sequence (Figure 1).  
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Figure 1: Traitar can be used to phenotype microbial community members based on 
genomes recovered from single-cell sequencing or (metagenomic) environmental 
shotgun sequencing data or of microbial isolates. Traitar provides classification 
models based on protein family annotation for a wide variety of different phenotypes 
related to the use of various substrates as source of carbon and energy for growth, 
oxygen requirement, morphology, antibiotic susceptibility and enzymatic activity. 

We used phenotype data from the microbiology section of the Global Infectious 

Disease and Epidemiology Network (GIDEON) – a resource dedicated to the 

diagnosis, treatment and teaching of infectious diseases and microbiology (Berger, 

2005) – for training phenotype classification models on the protein family annotation 

of a large number of sequenced genomes of microbial isolates (predominantly 5 

bacterial pathogens).  We investigated the effect of incorporating ancestral protein 

family gain and losses into the model inference on classification performance, to 

allow consideration of horizontal gene transfer events in inference of phenotype-

related protein families and phenotype classification. We rigorously tested the 

performance of our software in cross-validation experiments, on further test data sets 10 

and for different taxonomic ranks. To test Traitar’s applicability beyond the bacteria 
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represented in GIDEON, we subsequently applied it to several hundred bacteria 

described in Bergey’s systematic bacteriology (Goodfellow et al., 2012). We used 

Traitar to phenotype bacterial single amplified genomes (SAGs) and simulated 

incomplete genomes to investigate its potential for phenotyping microbial samples 

with incomplete genome sequences. We characterized two novel Clostridiales 5 

species of a biogas reactor community with Traitar, based on their genomes 

recovered with metagenomics. This verified and complemented a manual metabolic 

reconstruction. As Traitar furthermore suggests protein families associated with the 

presence of a particular phenotype, we discuss the protein families Traitar identified 

for several phenotypes, namely for ‘Motility’, ‘Nitrate to nitrite’ conversion and ‘L-10 

arabinose’ fermentation.  

Traitar is implemented in Python 2.7. It is freely available under the open-source GPL 

3.0 license at https://github.com/hzi-bifo/traitar and as a Docker container at 

https://hub.docker.com/r/aweimann/traitar.  A Traitar web service can be accessed at 

https://research.bifo.helmholtz-hzi.de/traitar. 15 

Results 

The Traitar software 

We begin with a description of the Traitar software and phenotype classifiers. Traitar 

predicts the presence or absence of a phenotype, i.e. assigns a phenotype label, for 

67 microbial traits to every input sequence sample (Table 1, Supplementary Table 1). 20 

For each of these traits, Traitar furthermore suggests candidate protein families 

associated with its realization, which can be subject of experimental follow-up 

studies.  
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For phenotype prediction, Traitar uses one of two different classification models. We 

trained the first classifier – the phypat classifier – on the protein and phenotype 

presence & absence labels from 234 bacterial species (Methods – Phenotype 

models). The second classifier – the phypat+PGL classifier – was trained using the 

same data and additionally information on evolutionary protein family and phenotype 5 

gains and losses. The latter were determined using maximum likelihood inference of 

their ancestral character states on the species phylogeny (Methods – Ancestral 

protein family and phenotype gains and losses).  

The input to Traitar is either a nucleotide sequence FASTA file for every sample, 

which is run through gene prediction software, or a protein sequence FASTA file. 10 

Traitar then annotates the proteins with protein families. Subsequently, it predicts the 

presence or absence of each of the 67 traits for every input sequence. Note that 

Traitar doesn’t require a phylogenetic tree for the input samples.  

 Finally, it associates the predicted phenotypes with the protein families that 

contributed to these predictions (Figure 2). A parallel execution of Traitar is supported 15 

by GNU parallel (Tange, 2011). The Traitar annotation procedure and the training of 

the phenotype models are described in more detail below (Methods – Traitar 

software).  

Table 1: The 67 traits available in Traitar for phenotyping. We grouped each of 
these phenotypes into a microbiological or biochemical category. 

Phenotype(a) Category(b) 

Alkaline phosphatase 

Enzyme 

Beta hemolysis 

Coagulase production 

Lipase 

Nitrate to nitrite 

Nitrite to gas 

Pyrrolidonyl-beta-naphthylamide 
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Bile-susceptible 

Growth 

Colistin-Polymyxin susceptible 

DNase 

Growth at 42°C 

Growth in 6.5% NaCl 

Growth in KCN 

Growth on MacConkey agar 

Growth on ordinary blood agar 

Mucate utilization 

Arginine dihydrolase 

Growth: Amino Acid 
Indole 

Lysine decarboxylase 

Ornithine decarboxylase 

Acetate utilization 

Growth:Carboxylic Acid 
Citrate 

Malonate 

Tartrate utilization 

Gas from glucose 

Growth:Glucose 

Glucose fermenter 

Glucose oxidizer 

Methyl red 

Voges Proskauer 

Cellobiose 

Growth:Sugar 

D-Mannitol 

D-Mannose 

D-Sorbitol 

D-Xylose 

Esculin hydrolysis 

Glycerol 

Lactose 

L-Arabinose 

L-Rhamnose 

Maltose 

Melibiose 

myo-Inositol 

ONPG (beta galactosidase)(d) 

Raffinose 

Salicin 

Starch hydrolysis 

Sucrose 

Trehalose 

Urea hydrolysis 

Bacillus or coccobacillus 

Morphology 
Coccus 

Coccus - clusters or groups predominate 

Coccus - pairs or chains predominate 
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Gram negative 

Gram positive 

Motile 

Spore formation 

Yellow pigment 

Aerobe 

Oxygen 
Anaerobe 

Capnophilic 

Facultative 

Catalase 
Oxygen:Enzyme 

Oxidase 

Hydrogen sulfide Product 

Casein hydrolysis 
Proteolysis 

Gelatin hydrolysis 

(a) GIDEON phenotypes with at least 10 presence and 10 absence 
labels 

(b) Phenotypes assigned to microbiological / biochemical categories 

(c) ONPG: o-Nitrophenyl-β-D-galatopyranosid 
 

 

  
Figure 2: Work flow of Traitar. Input to the software can be genome sequene 
samples in nucleotide or amino acid FASTA format. Traitar predicts phenotypes 
based on pre-computed classification models and provides graphical and tabular 
output. In the case of nucleotide input, the protein families that are important for the 
phenotype predictions will be further mapped to the predicted protein-coding genes. 

 

Evaluation 

We evaluated the two Traitar classifiers using ten-fold nested cross-validation on 234 

bacterial species found in GIDEON (GIDEON I). The determined macro-accuracy 5 

(the accuracy balanced over all phenotypes) for the 67 GIDEON phenotypes was 

82.6% for the phypat classifier and 85.5% for the phypat+PGL classifier; the 

accuracy (fraction of correct assignments averaged over all tested samples) for 
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phypat was 88.1%, in comparison to 89.8% for phypat+PGL (Methods – Evaluation 

metrics; Table 2). Notably, Traitar classified 53 phenotypes with more than 80% 

macro-accuracy and 26 phenotypes with at least 90% macro-accuracy with one of 

the two classifiers (Figure 3, Supplementary Table 2). Phenotypes that could be 

predicted with very high confidence included the outcome of a ‘Methyl red’ test, 5 

‘Spore formation’, oxygen requirement (i.e. ‘Anaerobe’ and ‘Aerobe’), ‘Growth on 

MacConkey agar’ or ‘Catalase’. Some phenotypes proved to be difficult to predict 

(60-70% macro-accuracy), which included ‘DNAse’, ‘myo-Inositol’ or ‘Yellow pigment’ 

and ‘Tartrate utilization’, regardless of which classifier was used. This might be 

caused by the relatively small number (<20) of positive (phenotype present) 10 

examples that were available. 

Table 2:  We evaluated the Traitar phypat and phypat+PGL phenotype classifiers 

and a consensus vote of both classifiers for 234 bacteria described in the Global 

Infectious Disease and Epidemiology Online Network (GIDEON) in a 10-fold nested 

cross-validation using different evaluation measures (Methods – Evaluation). 

Subsequently, we tested another 42 bacteria from GIDEON and 296 bacteria 

described in Bergey’s manual of systematic bacteriology for an independent 

performance assessment of the two classifiers. 

Data set  
(# bacteria) Classifier 

Macro-
accuracy Accuracy 

Recall 
Phenotype+   

Recall 
Phenotype- 

  phypat 82.6 88.1 86.1 91.4 

GIDEON I (234) phypat+PGL 85.5 89.8 87.8 90.9 

  consensus 83.0 88.8 82.2 95.4 

  Phypat 85.3 87.5 84.9 90.2 

GIDEON II (42) phypat+PGL 86.7 87.9 86.3 89.7 

  consensus 85.7 87.2 80.8 93.7 

  phypat NA
1
 72.9 74.6 71.2 

Bergey's (296) phypat+PGL NA
1
 72.4 74 70.8 

  consensus NA
1
 72.9 66.6 79.2 

1 We only report the overall accuracy, as insufficient phenotype labels (less than 5 with a negative and 
positive label, respectively) were available for several phenotypes, to enable a comparable macro-accuracy 
calculation to the other data sets (Supplementary Table 1). 

 



 

11 

 

 

Figure 3: Macro-accuracy for each phenotype for the Traitar phypat 
and phypat+PGL phenotype classifiers determined in nested cross-
validation on 234 bacterial species described in the Global Infectious 
Disease and Epidemiology Online Network (Methods – Evaluation 
metrics, Table 1, Supplementary Table 1). 
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For an independent assessment of Traitar’s classification performance we next 

tested Traitar on 42 bacterial species that had phenotype information available in 

GIDEON (GIDEON II), but were not used for learning the phenotype models (The 

Traitar software – Annotation). For calculation of the macro-accuracy, we considered 

only phenotypes represented by at least five phenotype-positive and five phenotype-5 

negative bacteria. On these data, Traitar predicted the phenotypes with a macro-

accuracy of 85.3% with the phypat classifier and 86.7% with the phypat+PGL 

classifier, and accuracies of 87.5% and 87.9%, respectively (Table 2). To investigate 

the performance of Traitar for bacterial genomes from a different data source, we 

next determined from two volumes of Bergey’s Manual of Systematic Bacteriology, 10 

namly ‘The Proteobacteria’ and ‘The Firmicutes’, the phenotypes of further 

sequenced bacteria that were not in our GIDEON I and II data sets (Supplementary 

Table 1, 4). In total, we thus identified phenotypes for another 296 sequenced 

bacterial species (The Traitar software – Annotation). Also for these bacteria, Traitar 

performed well but was less reliable than before, with accuracies for the phypat 15 

classifier of 72.9% and 72.1% for the phypat+PGL classifier (Table 2).  This is likely 

due to the taxonomic differences of bacteria listed in GIDEON and Bergey’s and also 

because most of the bacteria in Bergey’s have only draft genomes available for 

phenotyping.   

When combining the predictions of the phypat and phypat+PGL classifiers into a 20 

consensus vote, Traitar assigns phenotypes more reliably, while predicting less 

phenotype labels compared to the individuals classifiers (Table 2). Depending on the 

use case, Traitar can be used with performance characterized by different trade-offs 

between the recall of the phenotype-positive and the phenotype-negative classes. 

  25 
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Performance per taxon at different ranks of the taxonomy 

 

Figure 4: Classification accuracy for each taxon at different ranks of the NCBI 
taxonomy. For better visualization of names for the internal nodes, the taxon names 
are displayed on branches leading to the respective taxon node in the tree. The 
nested cross-validation accuracy obtained with Traitar for 234 bacterial species 
described in the Global Infectious Disease and Epidemiology Online Network was 
projected onto the NCBI taxonomy down to the family level. Colored circles at the 
tree nodes depict the performance of the phypat+PGL classifier (left-hand circles) 
and the phypat classifier (right-hand circles). The size of the circles reflects the 
number of species per taxon. 



 

14 

 

We investigated the performance of Traitar across the part of the bacterial tree of life 

represented in our data set. For this purpose, we evaluated the nested cross-

validation performance of the phypat and phypat+PGL classifiers at different ranks of 

the NCBI taxonomy. For a given GIDEON taxon, we pooled all bacterial species that 

are descendants of this taxon. Figure 4 shows the accuracy estimates projected on 5 

the NCBI taxonomy from the domain level down to individual families. Notably, the 

accuracy of the phypat+PGL (phypat) classifier for the phyla covered by at least five 

bacterial species showed low variance and was high across all phyla, ranging from 

84% (81%) for Actinobacteria over 90% (89%) for Bacteroidetes, 89% (90%) for 

Proteobacteria, 91% (90%) for Firmicutes to 91% (86%) for Tenericutes.  10 

 

Phenotyping incomplete genomes  

GFMs or SAGs are often incomplete and thus we analyzed the effect of missing 

genome assembly parts onto the performance of Traitar. Rinke et al. used a single-

cell sequencing approach to analyze poorly characterized parts of the bacterial and 15 

archaeal tree of life, the so-called ‘microbial dark matter’ (Rinke et al., 2013). They 

pooled 20 SAGs from the candidate phylum Cloacimonetes, formerly known as 

WWE1, to generate joint – more complete – genome assemblies that had at least a 

genome-wide average nucleotide identity of 97% and belonged to a single 16S-

based operational taxonomic unit, namely Cloacamonas acidaminovorans (Pelletier 20 

et al., 2008).  

According to our predictions based on the joint assembly of the single-cell genomes, 

C. acidaminovorans is Gram-negative and is adapted to an anaerobic lifestyle, which 

agrees with the description by Rinke et al. (Figure 5). Traitar further predicted 

‘Arginine dihydrolase’ activity, which is in line with the characterization of the species 25 

as an amino acid degrader (Rinke et al., 2013). Remarkably, the prediction of a bacil- 



 

15 

 

Figure 5: Single-cell phenotyping with Traitar. We used 20 genome assemblies with 
varying degrees of completeness from single cells of the Cloacimonetes candidate 
phylum and a joint assembly for phenotyping with Traitar. Shown is a heatmap of 
assembly samples vs. phenotypes, which is the standard visualization for phenotype 
predictions in Traitar. The origin of the phenotype’s prediction (Traitar phypat and/or 
Traitar phypat+PGL classifier) determines the color of the heatmap entries. The 
sample labels have their genome completeness estimates as suffixes. The colors of 
the dendrogram indicate similar phenotype distributions across samples, as 
determined by a hierarchical clustering with SciPy1. 

 

 

                                                 
1
 http://docs.scipy.org/doc/scipy/reference/cluster.hierarchy.html 
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lus or coco-bacillus shape agrees with the results of Limam et al. (Limam et al., 

2014), who used a WWE1-specific probe and characterized the samples with 

fluorescence in situ hybridization. They furthermore report that members of the 

Cloacimonetes candidate phylum are implicated in anaerobic digestion of cellulose, 

primarily in early hydrolysis, which is in line with the very limited carbohydrate 5 

degradation spectrum found by Traitar. 

Subsequently, we compared the predicted phenotypes for the SAGs to the 

predictions for the joint assembly. The phypat classifier recalled more of the 

phenotype predictions of the joint assembly based on the SAGs than the 

phypat+PGL classifier. However, the phypat+PGL classifier made fewer false positive 10 

predictions (Figure 6 a). 

In the next experiment, we inferred phenotypes based on simulated GFMs, by 

subsampling from the coding sequences of each of the 42 bacterial genomes 

(GIDEON II). Starting with the complete set of coding sequences we randomly 

deleted genes from the genomes. For the obtained draft genomes with different 15 

degrees of completeness, we re-ran the Traitar classification and computed the 

accuracy measures, as before. We observed that the average fraction of phenotypes 

identified (macro-recall for the positive class) of the phypat+PGL classifier dropped 

more quickly with more missing coding sequences than that of the phypat classifier 

(Figure 6 b). However, at the same time, the recall of the negative class of the 20 

phypat+PGL classifier improved with a decreasing number of coding sequences, 

meaning that fewer but more reliable predictions were made.  

Overall, the tradeoffs in the recall of the phenotype-positive and the phenotype-

negative classes of the two classifiers resulted in a similar overall macro-accuracy 

across the range of tested genome completeness.  25 
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Figure 6: Phenotyping simulated draft genomes and single cell genomes. In (a) we 
used 20 genome assemblies with varying degrees of completeness from single cells 
of the Cloacimonetes candidate phylum and a joint assembly for phenotyping with the 
Traitar phypat and the Traitar phypat+PGL classifiers. Shown is the performance of 
the phenotype prediction vs. the genome completeness of the single cells with 
respect to the joint assembly. In (b) we simulated draft genomes based on an 
independent test set of 42 microbial (pan)genomes. The coding sequences of these 
genomes were down-sampled (10 replications per sampling point) and the resulting 
simulated draft genomes were used for phenotyping with the Traitar phypat and the 
Traitar phypat+PGL classifiers. We plotted various performance estimates (mean 
center values and and s.d. error bars shown) against the protein content 
completeness. 

Thus, depending on the intended usage, a particular classifier can be chosen: we 

expect that the reliable predictions inferred with the phypat+PGL classifier and the 

more abundant, but less reliable predictions made with the phypat classifier will 

complement one another in different use cases for partial genomes recovered from 

metagenomic data. 5 

By analyzing the protein families with assigned weights and the bias terms of the two 

classifiers, we found the phypat+PGL classifier to base its predictions primarily on the 

presence of protein families that were typical for the phenotypes. In contrast, the 
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phypat classifier also took typically absent protein families from phenotype-positive 

genomes into account in its decision. More technically, the positive weights in models 

of the phypat classifier are balanced out by negative weights, whereas for the 

phypat+PGL classifier, they are balanced out by the bias term. By down-weighting 

the bias term for the phypat+PGL classifier by the protein content completeness, we 5 

could show that the accuracy of the phypat classifier could be increased over that of 

the phypat+PGL, regardless of the protein content completeness (data not shown). 

However, this requires knowledge of the protein content completeness for each 

genomic sample, which could be indirectly estimated using methods such as checkM 

(Parks et al., 2015). 10 

Traitar as a resource for gene target discovery 

In addition to phenotype assignment, Traitar suggests the protein families relevant for 

the assignment of a phenotype (Methods – Majority feature selection, Table 3). We 

exemplarily demonstrate this capability here for three phenotypes that are already 

well-studied, namely ‘Motile’, ‘Nitrate to nitrite’ conversion and ‘L-arabinose’ 15 

metabolism.  These phenotypes represent one each from the phenotype categories 

morphology, enzymatic activity and growth on sugar. 

In general, we observed that the protein families important for classification can be 

seen to be gained and lost jointly with the respective phenotypes within the microbial 

phylogeny. Among the selected Pfam families that are important for classifying the 20 

motility phenotype were proteins of the flagellar apparatus and chemotaxis-related 

proteins (Table 3). Motility allows bacteria to colonize their preferred environmental 

niches. Genetically, it is mainly attributed to the flagellum, which is a molecular motor, 

and is closely related to chemotaxis, a process that lets bacteria sense chemicals in 

their surroundings. Motility also plays a role in bacterial pathogenicity, as it enables 25 
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bacteria to establish and maintain an infection. For example, pathogens can use 

flagella to adhere to their host and they have been reported to be less virulent if they 

lack flagella (Josenhans and Suerbaum, 2002). Of 48 flagellar proteins described in 

(Liu and Ochman, 2007), four proteins (FliS, MotB, FlgD and FliJ) were sufficient for 

accurate classification of the motility phenotype and were selected by our classifier, 5 

as well as FlaE, which was not included in this collection. FliS (PF02561) is a known 

export chaperone that inhibits early polymerization of the flagellar filament FliC in the 

cytosol (Lam et al., 2010). MotB (PF13677), part of the membrane proton-channel 

complex, acts as the stator of the bacterial flagellar motor (Hosking et al., 2006). 

Traitar also identified further protein families related to chemotaxis, such as CZB 10 

(PF13682), a family of chemoreceptor zinc-binding domains found in many bacterial 

signal transduction proteins involved in chemotaxis and motility (Draper et al., 2011), 

and the P2 response regulator-binding domain (PF07194). The latter is connected to 

the chemotaxis kinase CheA and is thought to enhance the phosphorylation signal of 

the signaling complex (Dutta et al., 1999).  15 

Nitrogen reduction in nitrate to nitrite conversion is an important step of the nitrogen 

cycle and has a major impact on agriculture and public health. Two types of nitrate 

reductases are found in bacteria: the membrane-bound Nar and the periplasmic Nap 

nitrate reductase (Moreno-Vivian et al., 1999), which we found both to be relevant for 

the classification of the phenotype: we identified all subunits of the Nar complex as 20 

being relevant for the ‘Nitrate to nitrite’ conversion phenotype (i.e. the gamma and 

delta subunit (PF02665, PF02613)), as well as Fer4_11 (PF13247), which is in the 

iron–sulfur center of the beta subunit of Nar. The delta subunit is involved in the 

assembly of the Nar complex and is essential for its stability, but probably is not 

directly part of it (Pantel et al., 1998). Traitar also identified the Molybdopterin oxido- 25 
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Figure 7: Phenotype gain and loss dynamics match protein family dynamics. We 
show the phenotype–protein family gain and loss dynamics for families identified as 
important by Traitar for the L-arabinose phenotype. Signed colored circles along the 
tree branches depict protein family gains (+) or losses (-). Taxon nodes are colored 
according to their inferred (ancestral) phenotype state. 

 

reductase Fe4S4 domain (PF04879), which is bound to the alpha subunit of the 

nitrate reductase complex (Pantel et al., 1998). Traitor furthermore suggested NapB 

(PF03892) as relevant, which is a subunit of the periplasmic Nap protein and NapD 

(PF03927), which is an uncharacterized protein implicated in forming Nap (Moreno-5 

Vivian et al., 1999). 

Table 3: The most relevant Pfam families for classification of three important 
phenotypes: ‘Nitrate to Nitrite’, ‘Motility’ and ‘L-Arabinose’. We ranked the Pfam 
families with positive weights in the Traitar SVM classifiers by the correlation of the 
Pfam families with the respective phenotype labels across 234 bacteria described in 
the Global Infectious Disease and Epidemiology Online Network. Shown are the 10 
highest ranking Pfam families along with their descriptions and a description of their 
phenotype-related function, where we found one.   

Accession Phenotype Pfam description Remarks 

PF13677 Motile Membrane MotB of proton-channel 
complex MotA/MotB 

Flagellar protein 

PF03963 Motile Flagellar hook capping protein 
N-terminal region 

Flagellar protein 

PF02561 Motile Flagellar protein FliS Flagellar protein 

PF02050 Motile Flagellar FliJ protein Flagellar protein 

PF07559 Motile Flagellar basal body protein FlaE Flagellar protein 

PF13682 Motile Chemoreceptor zinc-binding domain Chemotaxis-related 

PF03350 Motile Uncharacterized protein family, 
UPF0114 
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PF05226 Motile CHASE2 domain Chemotaxis-related 

PF07194 Motile P2 response regulator binding domain Chemotaxis-related 

PF04982 Motile HPP family  

PF03927 Nitrate to nitrite NapD protein Involved in Nar formation 

PF13247 Nitrate to nitrite 4Fe-4S dicluster domain Iron-sulfur cluster center of  the 
beta subunit of Nar 

PF03892 Nitrate to nitrite Nitrate reductase cytochrome c-type 
subunit (NapB) 

Periplasmic Nap subunit 

PF02613 Nitrate to nitrite Nitrate reductase delta subunit Nap subunit 

PF01127 Nitrate to nitrite Succinate dehydrogenase/Fumarate 
reductase transmembrane subunit 

 

PF01292 Nitrate to nitrite Prokaryotic cytochrome b561  

PF03459 Nitrate to nitrite TOBE domain  

PF03824 Nitrate to nitrite High-affinity nickel transport protein  

PF04879 Nitrate to nitrite Molybdopterin oxidoreductase Fe4S4 
domain 

Bound to the alpha subunit of Nar 

PF02665 Nitrate to nitrite Nitrate reductase gamma subunit Nar subunit 

PF11762 L-Arabinose L-arabinose isomerase C-terminal 
domain 

Catalyzes first reaction in L-
arabinose metabolism 

PF04295 L-Arabinose D-galactarate dehydratase / Altronate 
hydrolase, C terminus 

 

PF13802 L-Arabinose Galactose mutarotase-like  

PF11941 L-Arabinose Domain of unknown function 
(DUF3459) 

 

PF14310 L-Arabinose Fibronectin type III-like domain  

PF06964 L-Arabinose Alpha-L-arabinofuranosidase  
C-terminus 

Acts on L-arabinose side chains in 
pectins 

PF01963 L-Arabinose TraB family  

PF01614 L-Arabinose Bacterial transcriptional regulator  

PF06276 L-Arabinose Ferric iron reductase FhuF-like 
transporter 

 

PF04230 L-Arabinose Polysaccharide pyruvyl transferase   

 
 

L-arabinose is major constituent of plant polysaccharides, which is located, for 

instance, in pectin side chains and is an important microbial carbon source (Martinez 

et al., 2008). Traitar identified the L-arabinose isomerase C-terminal domain 

(PF11762), which catalyzes the first step in L-arabinose metabolism – the conversion 

of L-arabinose into L-ribulose (Sa-Nogueira et al., 1997), as being important for 5 

realizing the L-arabinose metabolism. It furthermore suggested the C-terminal 

domain of Alpha-L-arabinofuranosidase (PF06964), which cleaves nonreducing 

terminal alpha-L-arabinofuranosidic linkages in L-arabinose-containing 

polysaccharides (Gilead and Shoham, 1995) and is also part of the well-studied L-

arabinose operon in Escherichia coli (Sa-Nogueira et al., 1997).  10 
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Phenotyping biogas reactor population genomes 

We used Traitar to phenotype two novel Clostridiales species (unClos_1, unFirm_1) 

based on their genomic information reconstructed from metagenome samples. These 

were taken from a commercial biogas reactor operating with municipal waste (Frank 

et al., 2015). The genomes of unClos_1 and unFirm_1 were estimated to be 91% 5 

complete and 60% complete based on contigs ≥5 kb, respectively. Traitar predicted 

unClos_1 to utilize a broader spectrum of carbohydrates than unFirm_1 (Table 4). 

We cross-referenced our predictions with a metabolic reconstruction conducted by 

Frank et al. (under review; supplementary material). We considered all phenotype 

predictions that Traitar inferred with either the phypat or the phypat+PGL classifier. 10 

The manual reconstruction and predictions inferred with Traitar agreed to a great 

extent (Table 4). Traitar recalled 87.5% (6/7) of the phenotypes inferred via the 

metabolic reconstruction and also agreed to 81.8% (9/11) on the absent phenotypes. 

Notable exceptions were that Traitar only found a weak signal for ‘D-xylose’ 

utilization. A weak signal means that only a minority of the classifiers in the voting 15 

committee assigned these samples to the phenotype-positive class (Methods – 

Phenotype models). However, the metabolic reconstruction was also inconclusive 

with respect to xylose fermentation. Furthermore, Traitar only found a weak signal for 

‘Glucose fermentation’ for unFirm_1. Whilst genomic analysis of unFirm_1 revealed 

the Embden–Meyerhof–Parnas (EMP) pathway, which would suggest glucose 20 

fermentation, gene-centric and metaproteomic analysis of this phylotype indicated 

that the EMP pathway was probably employed in an anabolic direction 

(gluconeogenesis); therefore unFirm_1 is also unlikely to ferment D-Mannose. This 

suggests that unFirm_1 is unlikely to ferment sugars and instead metabolizes acetate 

(also predicted by Traitar, Table 4) via a syntrophic interaction with hydrogen-utilizing 25 

methanogens.  
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Traitar predicted further phenotypes for both species that were not targeted by the 

manual reconstruction. One of these predictions was an anaerobic lifestyle, which is 

likely to be accurate, as the genomes were isolated from an anaerobic bioreactor 

environment. It also predicted them to be Gram-positive, which is probably correct, as 

the Gram-positive sortase protein family can be found in both genomes. 5 

Table 4 Phenotype predictions for two novel Clostridiales species with genomes 
reconstructed from a commercial biogas reactor metagenome. Traitar output (yes, 
no, weak) was cross-referenced with phenotypes manually reconstructed based on 
Kyoto Encyclopedia of Genes and Genomes orthology annotation (Frank et al. 
submitted; supplementary material), which are primarily the fermentation phenotypes 
of various sugars. We considered all phenotype predictions that Traitar inferred with 
either the phypat or the phypat+PGL classifier. A weak prediction means that only a 
minority of the classifiers in the Traitar voting committee assigned this sample to the 
phenotype-positive class (Traitar phenotype). Table entries colored in red show a 
difference between the prediction and the reconstruction, whereas green denotes an 
overlap; yellow is inconclusive.   

  unClos_1 unFirm_1 

Glucose yes weak 

Acetate 
utilization 

no yes 

Mannitol yes no 

Starch 
 hydrolysis 

no no 

Xylose weak no 

L-Arabinose yes no 

Capnophilic yes no 

Sucrose yes no 

D-Mannose yes no 

Maltose yes no 

Arginine 
 dihydrolase 

no yes 
 

 

This is a Gram-positive biomarker (Paterson and Mitchell, 2004). Furthermore, all 

Firmicutes known so far are Gram-positive (Goodfellow et al., 2012). Additionally, 

Traitar assigned ‘Motile’ and ‘Spore formation’ to unFirm_1, based on the presence of 

several flagellar proteins (e.g. FliM, MotB, FliS and FliJ) and the sporulation proteins 10 

CoatF and YunB. 
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Discussion 

We have developed Traitar, a software framework for predicting phenotypes from the 

protein family profiles of bacterial genomes. Traitar provides a quick and fully 

automated way of assigning 67 different phenotypes to bacteria based on the protein 

family content of their genomes.  5 

Microbial trait prediction from phyletic patterns has been proposed in previous studies 

for a limited number of phenotypes (Feldbauer et al., 2015; Kastenmuller et al., 2009; 

Konietzny et al., 2014; Lingner et al., 2010; MacDonald and Beiko, 2010; Weimann et 

al., 2013). To our knowledge, the only currently available software for microbial 

genotype-phenotype inference is PICA, which is based on learning associations of 10 

clusters of orthologous genes (Tatusov et al., 2001) with traits (MacDonald and 

Beiko, 2010). Recently, PICA was extended by Feldbauer et al. for predicting eleven 

traits overall, optimized for large datasets and tested on incomplete genomes 

(Feldbauer et al., 2015). Traitar allows prediction of 67 phenotypes, including 60 

entirely novel ones. It furthermore includes different prediction modes, one based on 15 

phyletic patterns, one additionally including a statistical model of protein family 

evolution for its predictions. Traitar also suggest associations between phenotypes 

and protein families. For three traits, we showed that several of these associations 

are to known key families of establishment of a particular trait, and that furthermore 

candidate families were suggested, that might serve as targets for experimental 20 

studies. Some of the phenotypes annotated in GIDEON are specific for the human 

habitat (such as ‘coagulase production’ or ‘growth on ordinary blood agar’) and the 

genetic underpinnings learned by Traitar could be interesting to study for infection 

disease research. 

  25 
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In cross-validation experiments with phenotype data from the GIDEON database, we 

showed that the Traitar phypat classifier has high accuracy in phenotyping bacterial 

samples. Considering ancestral protein family gains and losses in the classification, 

which is implemented in the Traitar phypat+PGL classifier, improves the accuracy 

compared to prediction from phyletic patterns only, both for individual phenotypes 5 

and overall. Barker et al. were first to note the phylogenetic dependence of genomic 

samples and how this can lead to biased conclusions (Barker and Pagel, 2005). 

MacDonald et al. selected protein families based on correlations with a phenotype 

and corrected for the taxonomy (MacDonald and Beiko, 2010). Here we accounted 

for the evolutionary history of the phenotype and the protein families in the classifier 10 

training itself to automatically improve phenotype assignment. We additionally 

demonstrated the reliability of the performance estimates by phenotyping, with a 

similar accuracy, an independent test dataset with bacteria described in GIDEON, 

which we did not use in the cross-validation. Traitar also reliably phenotyped a large 

and heterogenic collection of bacteria that we extracted from Bergey’s Manual of 15 

Systematic Bacteriology – mostly with only draft genomes available. We didn’t 

observe any bias towards specific taxa in GIDEON, but some of the phenotypes 

might be realized with different protein families in taxa that are less well represented 

indicated by the around 15% - 20% less reliable phenotyping results for bacteria 

described in Bergey’s manual of systematic bacteriology. We expect that the 20 

accuracy of the phenotype classification models already available in Traitar will 

further improve the more data will become available and can be incorporated into its 

training. 

We found that Traitar can provide reliable insights into the metabolic capabilities of 

microbial community members even from partial genomes, which are very common 25 
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for genomes recovered from single cells or metagenomes. One obvious limitation 

being for incomplete genomes, the absence of a phenotype prediction may be due to 

the absence of the relevant protein families from the input genomes.  The analysis of 

both the SAGs and simulated genomes led us to the same conclusions: the phypat 

classifier is more suitable for exploratory analysis, as it assigned more phenotypes to 5 

incomplete genomes, at the price of more false positive predictions. In contrast, the 

phypat+PGL classifier assigned fewer phenotypes, but also made fewer false 

assignments. At the moment, genotype–phenotype inference with Traitar only takes 

into account the presence and absence of protein families of the bacteria analyzed. 

This information can be readily computed from the genomic and metagenomic data. 10 

Future research could focus also on integration of other ‘omics’ data to allow even 

more accurate phenotype assignments. Additionally, expert knowledge of the 

biochemical pathways that are used in manual metabolic reconstructions, for 

example, could be integrated as prior knowledge into the model in future studies.  

For the phenotyping of novel microbial species, generating a detailed (manual) 15 

metabolic reconstruction such as the one by Frank et al. (submitted; supplementary 

material) is time-intensive. Furthermore, such reconstructions are usually focused on 

specific pathways and are dependent on the research question. This is not an option 

for studies with 10–50+ genomes, which are becoming more and more common in 

microbiology (Brown et al., 2015; Hess et al., 2011; Rinke et al., 2013). Traitar thus is 20 

likely to be particularly helpful for multi-genome studies. It furthermore may pick up 

on things outside of the original research focus and could serve as a seed or a first-

pass method for a detailed metabolic reconstruction in future studies. 
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Methods 

The Traitar software 

In this section we first describe the Traitar annotation procedure. We proceed with 

the genome and phenotype data used for the training of Traitar phenotype models; 

afterwards we explain the training and illustrate how we considered ancestral protein 5 

family gains and losses in the models. Finally, we specify the requirements for 

running the Traitar software. 

Annotation 

In the case of nucleotide DNA sequence input, Traitar uses Prodigal (Hyatt et al., 

2010) for gene prediction prior to Pfam family annotation. The amino acid sequences 10 

are then annotated in Traitar with protein families (Pfams) from the Pfam database 

(version 27.0) (Finn et al., 2014) using the hmmsearch command of HMMER 3.0 

(Finn et al., 2011).  

Each Pfam family has a hand-curated threshold for the bit score, which is set in such 

a way that no false positive is included (Punta et al., 2012). A fixed threshold of 25 is 15 

then applied to the bit score (the log-odds score) and all Pfam domain hits with an E-

value above 10-2 are discarded. The resulting Pfam family counts (phyletic patterns) 

are turned  into presence or absence values, as we found this representation to yield 

a favorable classification performance (Weimann et al., 2013).  

Genome and phenotype data 20 

We obtained our phenotype data from the GIDEON database (Berger, 2005). In 

GIDEON a bacterium is labeled either as phenotype-positive, -negative or strain-

specific. In the latter case we discarded this phenotype label. The GIDEON traits can 

be grouped into the categories the use of various substrates as source of carbon and 

energy for growth, oxygen requirement, morphology, antibiotic susceptibility and 25 



 

28 

 

enzymatic activity (Table 1, Supplementary Table 1). We only considered phenotypes 

that were available in GIDEON for at least 20 bacteria, with a minimum of 10 bacteria 

annotated as positive (phenotype presence) for a given phenotype and 10 as 

negative (phenotype absence) to enable a robust and reliable analysis of the 

respective phenotypes. Furthermore, to be included in the analysis, we required each 5 

bacterial sample to have: 

a)  at least one annotated phenotype, 

b)  at least one sequenced strain, 

c) a representative in the sTOL.  

In total, we extracted 234 species-level bacterial samples with 67 phenotypes with 10 

sufficient total, positive and negative labels from GIDEON (GIDEON I). GIDEON 

associates these bacteria with 9305 individual phenotype labels, 2971 being positive 

and 6334 negative (Supplementary Table 1, 3). GIDEON species that had at least 

one sequenced strain available but were not part of the sTOL tree were set aside for 

a later independent assessment of the classification accuracy. In total, this additional 15 

dataset comprised further 42 unique species with 58 corresponding sequenced 

bacterial strains (GIDEON II, Supplementary Table 1, 4). We obtained 1836 

additional phenotype labels for these bacteria, consisting of 574 positive and 1262 

negative ones. We searched the Firmicutes and Proteobacteria volumes of Bergey’s 

systematic bacteriology specifically for further bacteria not represented so far in the 20 

GIDEON data sets (Goodfellow et al., 2012). In total, we obtained phenotype data 

from Bergey’s for 206 Firmicutes and 90 Proteobacteria with a total of 1152 positive 

labels and 1376 negative labels (Supplementary Table 1, 5). As in GIDEON, in 

Bergey’s the phenotype information is usually given on the species level. 
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We downloaded the coding sequences of all complete bacterial genomes that were 

available via the NCBI FTP server under ftp://ftp.ncbi.nlm.nih.gov/genomes/ as of 11 

May 2014 and genomes from the PATRIC data base as of September 2015 (Wattam 

et al., 2014). These were annotated with Traitar. For bacteria with more than one 

sequenced strain available, we chose the union of the Pfam family annotation of the 5 

single genomes to represent the pangenome Pfam family annotation, as in (Liu et al., 

2006).  

Phenotype models 

We represented each phenotype from the set of GIDEON phenotypes across all 

genomes as a vector yp, and solved a binary classification problem using the matrix 10 

of Pfam phyletic patterns XP across all genomes as input features and yp as the 

binary target variable (Supplementary Figure 1). For classification, we relied on 

support vector machines (SVMs), which are a well-established machine learning 

method (Boser et al., 1992). Specifically, we used a linear L1-regularized L2-loss 

SVM for classification as implemented in the LIBLINEAR library (Fan et al., 2008). 15 

For many datasets, linear SVMs achieve comparable accuracy to SVMs with a non-

linear kernel but allow faster training. The weight vector of the separating hyperplane 

provides a direct link to the Pfam families that are relevant for the classification. L1-

regularization enables feature selection, which is useful when applied to highly 

correlated and high-dimensional datasets, as used in this study (Zou and Hastie, 20 

2005). We used the interface to LIBLINEAR implemented in scikit-learn (Pedregosa 

et al., 2011). For classification of unseen data points – genomes without available 

phenotype labels supplied by the user – Traitar uses a voting committee of five SVMs 

with the best single cross-validation accuracy (Methods – Nested cross-validation). 

Traitar then assigns each unseen data point to the majority class (phenotype 25 

presence or absence class) of the voting committee.   
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Ancestral protein family and phenotype gains and losses 

We constructed an extended classification problem by including ancestral protein 

family gains and losses, as well as the ancestral phenotype gains and losses in our 

analysis, as implemented in GLOOME (Cohen and Pupko, 2011). Barker et al. report 

that common methods for inferring functional links between genes, that do not take 5 

the phylogeny into account, suffer from high rates of false positives (Barker and 

Pagel, 2005). Here, we jointly derived the classification models from the observable 

phyletic patterns and phenotype labels, and from phylogenetically unbiased ancestral 

protein family and phenotype gains and losses, that we inferred via a maximum 

likelihood approach from the observable phyletic patterns on a phylogenetic tree, 10 

showing the relationships among the samples. (Supplementary Figure 1). Ancestral 

character state evolution in GLOOME is modeled via a continuous-time Markov 

process with exponential waiting times. The gain and loss rates are sampled from 

two independent gamma distributions (Cohen and Pupko, 2010).  

GLOOME needs a binary phylogenetic tree with branch lengths as input. The 15 

taxonomy of the National Center for Biointechnology Information (NCBI) and other 

taxonomies are not suitable, because they provide no branch length information. We 

used the sequenced tree of life (sTOL) (Fang et al., 2013), which is bifurcating and 

was inferred with a maximum likelihood approach based on unbiased sampling of 

structural protein domains from whole genomes of all sequenced organisms (Gough 20 

et al., 2001). We employed GLOOME with standard settings to infer posterior 

probabilities for the phenotype and Pfam family gains and losses from the Pfam 

phyletic patterns of all NCBI bacteria represented in the sTOL and the GIDEON 

phenotypes. Each GIDEON phenotype   is available for a varying number of 

bacteria. Therefore, for each phenotype, we pruned the sTOL to those bacteria that 25 
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were both present in the NCBI database and had a label for the respective phenotype 

in GIDEON. The posterior probabilities of ancestral Pfam gains and losses were then 

mapped onto this GIDEON phenotype-specific tree (Gps-sTOL, Supplementary 

Figure 2).  

Let B be the set of all branches in the sTOL and P be the set of all Pfam families. We 5 

then denote the posterior probability     of an event   for a Pfam family    to be a 

gain event on branch   in the sTOL computed with GLOOME as:  

     ሺ               ሻ              , 

and the posterior probability of   to be a loss event for a Pfam family   on branch   

as: 10 

     ሺ               ሻ               . 

We established a mapping        between the branches of the sTOL   and the 

set of branches    of the Gps-sTOL (Supplementary Figure 2). This was achieved by 

traversing the tree from the leaves to the root.  

 15 

There are two different scenarios for a branch    in    to map to the branches in B: 

a) Branch    in the Gps-sTOL derives from a single branch b in the sTOL:  ሺ  ሻ  { }. The posterior probability of a Pfam gain inferred in the Gps-sTOL 

on branch    consequently is the same as that on branch   in the sTOL  

              . 20 

b) Branch    in the Gps-sTOL derives from m branches         in the sTOL: 
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 ሺ  ሻ  {       } (Supplementary figure 2). In this case, we iteratively 

calculated the posterior probabilities for at least one Pfam gain    on branch    
from the posterior probabilities for a gain        from the posterior probabilities        of a gain on branches          with the help of h: 

             ሺ    ሻ                         

Inferring the Gps-sTOL Pfam posterior loss probabilities      from the sTOL posterior 5 

Pfam loss probabilities is analogous to deriving the gain probabilities. The posterior 

probability for a phenotype   to be gained      or lost      can be directly defined for 

the Gps-sTOL in the same way as for the Pfam probabilities. 

For classification, we did not distinguish between phenotype or Pfam gains or losses, 

assuming that the same set of protein families gained with a phenotype will also be 10 

lost with the phenotype. This assumption simplified the classification problem. 

Specifically, we proceeded in the following way: 

1. We computed the joint probability     of a Pfam family gain or loss on branch    
and the joint probability    of a phenotype gain or loss on branch   : 
  15 

             ቀ      ቁ        (      )                           ቀ      ቁ        

        (       )                   
2. Let    be a vector representing the probabilities      for all Pfam families       on 
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branch bi. We discarded any samples ሺ      ) that had a probability for a phenotype 

gain or loss     above the reporting threshold of GLOOME but below a threshold  . 
We set the threshold t to 0.5.  

This defines the matrix X and the vector y as: 

ሺ   ሻ   ሺ      ሻ                    , 5 

By this means, we avoided presenting the classifier with samples corresponding to 

uncertain phenotype gain or loss events and used only confident labels in the 

subsequent classifier training instead.  

3. We inferred discrete phenotype labels    by applying this threshold   to the joint 

probability    for a phenotype gain or loss to set up a well-defined classification 10 

problem with a binary target variable. Whenever the probability for a phenotype to be 

gained or lost on a specific branch was larger than  , the event was considered to 

have happened: 

   {    if       ,         otherwise       . 
4. Finally, we formulated a joint binary classification problem for each target 15 

phenotype    and the corresponding gain and loss events      the phyletic patterns   , and the Pfam gain and loss events  , which we solved again with a linear L1-

regularized L2-loss SVM. We applied this procedure for all GIDEON phenotypes 

under investigation. 

Software Requirements 20 

Traitar can be run on a standard laptop with Linux/Unix. The runtime (wallclock time) 

for annotating and phenotyping a typical microbial genome with 3 Mbp is 9 minutes (3 
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min/Mbp) on an Intel(R) Core(TM) i5-2410M dual core processor with 2.30 GHz, 

requiring only a few megabytes of memory. 

Cross-validation 

We employed cross-validation to assess the performance of the classifiers 

individually for each phenotype. For a given phenotype, we divided the bacterial 5 

samples that were annotated with that phenotype into ten folds. Each fold was 

selected once for testing the model, which was trained on the remaining folds. The 

optimal regularization parameter C needed to be determined independently in each 

step of the cross-validation; therefore, we employed a further inner cross-validation 

using the following range of values for the parameter C:                        10         ,             . In other words, for each fold kept out for testing in the outer 

cross-validation, we determined the value of the parameter C that gave the best 

accuracy in an additional tenfold cross-validation on the remaining folds. This value 

was then used to train the SVM model in the current outer cross-validation step. 

Whenever we proceeded to a new cross-validation fold, we re-computed the 15 

ancestral character state reconstruction of the phenotype with only the training 

samples included (Ancestral protein family and phenotype gains and losses). This 

procedure is known as nested cross-validation (Ruschhaupt et al., 2004).  

The bacterial samples in the training folds imply a Gps-sTOL in each step of the inner 

and outer cross-validation without the samples in the test fold. We used the same 20 

procedure as before to map the Pfam gains and losses inferred previously on the 

Gps-sTOL onto the tree defined by the current cross-validation training folds. 

Importantly, the test error is only estimated on the observed phenotype labels rather 

than on the inferred phenotype gains and losses. 
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Evaluation metrics 

We used evaluation metrics from multi-label classification theory for performance 

evaluation (Manning et al., 2008). We determined the performance for the individual 

phenotype-positive and the phenotype-negative classes based on the confusion 

matrix of true positive (TP), true negative (TN), false negative (FN) and false positive 5 

(FP) samples from their binary classification equivalents by averaging over all   

phenotypes. We utilized two different accuracy measures for assessing multi-class 

classification performance (i.e. the accuracy pooled over all classification decisions 

and the macro-accuracy). Macro-accuracy represents an average over the accuracy 

of the individual binary classification problems and we computed this from the macro-10 

recall of the phenotype-positive and the phenotype-negative classes as follows:  

                 (∑           
 

   )  ⁄  

                 (∑           
 

   )  ⁄  

     -         (     -               -         )  ⁄ . 

 

However, if there are only few available labels for some phenotypes, the variance of 

the macro-accuracy will be high and this measure cannot be reliably computed 15 

anymore; it cannot be computed at all if no labels are available. The accuracy only 

assesses the overall classification performance without consideration of the 

information about specific phenotypes. Large classes dominate small classes 

(Manning et al., 2008). 
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           ∑        ∑         ∑         

           ∑        ∑         ∑         

         (                   )  ⁄  

Majority feature selection 

The weights in linear SVMs can directly be linked to features that are relevant for the 

classification. We identified the most important protein families used as features from 

the voting committee of SVMs consisting of the five most accurate models, which 

were also used for classifying new samples. If the majority, which is at least three 5 

predictors, included a positive value for a given protein family, we added this feature 

to the list of important features. We further ranked these protein families features by 

their correlation with the phenotype using Pearson’s correlation coefficient. 
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Strain(a) Species(b) NCBI taxonomy id(d)

[Bacteroides] pectinophilus ATCC 43243 [Bacteroides] pectinophilus 483218.5

[Clostridium] mangenotii LM2 [Clostridium] mangenotii 1392497.3

[Clostridium] mangenotii TR [Clostridium] mangenotii 1408823.3

[Eubacterium] cylindroides ATCC 27803 Faecalitalea cylindroides 649755.3

[Eubacterium] cylindroides T2-87 Faecalitalea cylindroides 717960.3

Abiotrophia defectiva ATCC 49176 Abiotrophia defectiva 592010.4

Acetobacterium woodii DSM 1030 Acetobacterium woodii 931626.3

Acidithiobacillus caldus ATCC 51756 Acidithiobacillus caldus 637389.3

Acidithiobacillus caldus SM-1 Acidithiobacillus caldus 990288.8

Acidithiobacillus ferrooxidans ATCC 23270 Acidithiobacillus ferrooxidans 243159.4

Acidithiobacillus ferrooxidans ATCC 53993 Acidithiobacillus ferrooxidans 380394.4

Acidithiobacillus thiooxidans Acidithiobacillus thiooxidans 930.4

Acidithiobacillus thiooxidans A01 Acidithiobacillus thiooxidans 1432062.4

Acidithiobacillus thiooxidans ATCC 19377 Acidithiobacillus thiooxidans 637390.5

Aerococcus viridans ATCC 11563 Aerococcus viridans 655812.3

Aerococcus viridans LL1 Aerococcus viridans 1175629.3

Alkalibacillus haloalkaliphilus C5 Alkalibacillus haloalkaliphilus 1193119.3

Alkaliphilus transvaalensis ATCC 700919 Alkaliphilus transvaalensis 1408422.3

Amphibacillus xylanus NBRC 15112 Amphibacillus xylanus 698758.3

Anaerococcus hydrogenalis ACS-025-V-Sch4 Anaerococcus hydrogenalis 879306.3

Anaerococcus hydrogenalis DSM 7454 Anaerococcus hydrogenalis 561177.4

Anaerococcus lactolyticus ATCC 51172 Anaerococcus lactolyticus 525254.4

Anaerococcus lactolyticus S7-1-13 Anaerococcus lactolyticus 1284686.3

Anaerococcus tetradius ATCC 35098 Anaerococcus tetradius 525255.3

Anaerococcus vaginalis ATCC 51170 Anaerococcus vaginalis 655811.4

Anaerostipes hadrus DSM 3319 Anaerostipes hadrus 649757.3

Anaerotruncus colihominis DSM 17241 Anaerotruncus colihominis 445972.6

Aneurinibacillus aneurinilyticus ATCC 12856 Aneurinibacillus aneurinilyticus 649747.3

Aneurinibacillus terranovensis DSM 18919 Aneurinibacillus terranovensis 1121002.4

Anoxybacillus ayderensis AB04 Anoxybacillus ayderensis 265546.4

Anoxybacillus flavithermus Anoxybacillus flavithermus 33934.3

Anoxybacillus flavithermus AK1 Anoxybacillus flavithermus 1297581.3

Anoxybacillus flavithermus NBRC 109594 Anoxybacillus flavithermus 1315967.3

Anoxybacillus flavithermus TNO-09.006 Anoxybacillus flavithermus 1267580.3

Anoxybacillus flavithermus WK1 Anoxybacillus flavithermus 491915.6

Anoxybacillus gonensis G2 Anoxybacillus gonensis 198467.4

Anoxybacillus kamchatkensis G10 Anoxybacillus kamchatkensis 1212546.3

Anoxybacillus tepidamans PS2 Anoxybacillus tepidamans 1382358.3

Azotobacter chroococcum NCIMB 8003 Azotobacter chroococcum 1328314.4

Azotobacter vinelandii CA Azotobacter vinelandii 1283330.3

Azotobacter vinelandii CA6 Azotobacter vinelandii 1283331.3

Azotobacter vinelandii DJ Azotobacter vinelandii 322710.5

Bacillus alcalophilus ATCC 27647 Bacillus alcalophilus 1218173.3

Bacillus halodurans C-125 Bacillus halodurans 272558.8

Bacillus methanolicus MGA3 Bacillus methanolicus 796606.3

Bacillus mycoides ATCC 6462 Bacillus mycoides 1405.1

Bacillus mycoides DSM 2048 Bacillus mycoides 526997.3

Supplementary Table S5 Mapping of bacterial strains to  296 

species described in Bergey's Manual of Systematic Bacteriology



Bacillus mycoides Rock1-4 Bacillus mycoides 526998.3

Bacillus mycoides Rock3-17 Bacillus mycoides 526999.3

Bacillus pseudofirmus OF4 Bacillus pseudofirmus 398511.4

Bacillus pseudomycoides DSM 12442 Bacillus pseudomycoides 527000.3

Bacillus selenitireducens MLS10 [Bacillus] selenitireducens 439292.5

Bacillus thermoamylovorans Bacillus thermoamylovorans 35841.3

Bacillus weihenstephanensis Bacillus weihenstephanensis 86662.6

Bacillus weihenstephanensis FSL H7-687 Bacillus weihenstephanensis 1227358.4

Bacillus weihenstephanensis FSL R5-860 Bacillus weihenstephanensis 1227359.4

Bacillus weihenstephanensis KBAB4 Bacillus weihenstephanensis 315730.11

Bacillus weihenstephanensis NBRC 101238 = DSM 11821 Bacillus weihenstephanensis 1220585.4

Blautia hansenii DSM 20583 Blautia hansenii 537007.6

Blautia producta ATCC 27340 Blautia producta 1121114.4

Blautia producta ER3 Blautia producta 33035.4

Blautia schinkii DSM 10518 Blautia schinkii 1410649.3

Brevibacillus agri 5-2 Brevibacillus agri 1444307.3

Brevibacillus agri BAB-2500 Brevibacillus agri 1246477.3

Brevibacillus borstelensis 3096-7 Brevibacillus borstelensis 1444309.3

Brevibacillus borstelensis AK1 Brevibacillus borstelensis 1300222.3

Brevibacillus borstelensis cifa_chp40 Brevibacillus borstelensis 1429889.3

Brevibacillus borstelensis LChuR05 Brevibacillus borstelensis 45462.4

Brevibacillus laterosporus Brevibacillus laterosporus 1465.13

Brevibacillus laterosporus DSM 25 Brevibacillus laterosporus 1121121.3

Brevibacillus laterosporus GI-9 Brevibacillus laterosporus 1118154.3

Brevibacillus laterosporus LMG 15441 Brevibacillus laterosporus 1042163.3

Brevibacillus laterosporus PE36 Brevibacillus laterosporus 1399144.3

Brevibacillus thermoruber 423 Brevibacillus thermoruber 1346613.3

Brevibacillus thermoruber PM1 Brevibacillus thermoruber 1382302.3

Bulleidia extructa W1219 Bulleidia extructa 679192.3

Buttiauxella agrestis Buttiauxella agrestis 82977.3

Buttiauxella agrestis ATCC 33320 Buttiauxella agrestis 1006004.4

Butyrivibrio fibrisolvens 16/4 Butyrivibrio fibrisolvens 657324.3

Butyrivibrio fibrisolvens AB2020 Butyrivibrio fibrisolvens 1280697.3

Butyrivibrio fibrisolvens FE2007 Butyrivibrio fibrisolvens 1280700.3

Butyrivibrio fibrisolvens MD2001 Butyrivibrio fibrisolvens 1280703.3

Butyrivibrio fibrisolvens ND3005 Butyrivibrio fibrisolvens 1280696.3

Butyrivibrio fibrisolvens WTE3004 Butyrivibrio fibrisolvens 1280699.3

Butyrivibrio fibrisolvens YRB2005 Butyrivibrio fibrisolvens 1280687.3

Caldibacillus debilis DSM 16016 Caldibacillus debilis 1121917.3

Cardiobacterium hominis ATCC 15826 Cardiobacterium hominis 638300.3

Carnobacterium maltaromaticum ATCC 35586 Carnobacterium maltaromaticum 1087479.3

Carnobacterium maltaromaticum LMA28 Carnobacterium maltaromaticum 1234679.3

Chromohalobacter israelensis 6768 Chromohalobacter israelensis 141390.3

Chromohalobacter salexigens DSM 3043 Chromohalobacter salexigens 290398.11

Citrobacter amalonaticus Citrobacter amalonaticus 35703.8

Citrobacter braakii GTA-CB04 Citrobacter braakii 57706.1

Citrobacter farmeri GTC 1319 Citrobacter farmeri 1114922.3

Citrobacter freundii 4_7_47CFAA Citrobacter freundii 742730.3

Citrobacter freundii ATCC 8090 = MTCC 1658 Citrobacter freundii 1006003.3

Citrobacter freundii CFNIH1 Citrobacter freundii 1333848.3



Citrobacter freundii GTC 09479 Citrobacter freundii 1288347.3

Citrobacter freundii GTC 09629 Citrobacter freundii 1297584.3

Citrobacter freundii MGH 56 Citrobacter freundii 1439318.3

Citrobacter freundii NBRC 12681 Citrobacter freundii 1114920.3

Citrobacter freundii RLS1 Citrobacter freundii 1454056.3

Citrobacter freundii str. ballerup 7851/39 Citrobacter freundii 670484.3

Citrobacter freundii UCI 31 Citrobacter freundii 1400136.3

Citrobacter freundii UCI 32 Citrobacter freundii 1400137.3

Citrobacter sedlakii NBRC 105722 Citrobacter sedlakii 1218086.3

Citrobacter werkmanii NBRC 105721 Citrobacter werkmanii 1114921.3

Citrobacter youngae ATCC 29220 Citrobacter youngae 500640.5

Clostridium acidurici 9a Gottschalkia acidurici 1128398.3

Clostridium cellulosi CS-4-4 [Clostridium] cellulosi 1367212.3

Clostridium leptum DSM 753 [Clostridium] leptum 428125.8

Clostridium methylpentosum DSM 5476 [Clostridium] methylpentosum 537013.3

Clostridium orbiscindens 1_3_50AFAA Flavonifractor plautii 742738.3

Clostridium sporosphaeroides DSM 1294 [Clostridium] sporosphaeroides 1121334.3

Clostridium sticklandii DSM 519 [Clostridium] sticklandii 499177.3

Clostridium thermocellum AD2 Ruminiclostridium thermocellum 1138384.3

Clostridium thermocellum ATCC 27405 Ruminiclostridium thermocellum 203119.11

Clostridium thermocellum BC1 Ruminiclostridium thermocellum 1349417.3

Clostridium thermocellum DSM 1313 Ruminiclostridium thermocellum 637887.3

Clostridium thermocellum DSM 2360 Ruminiclostridium thermocellum 572545.3

Clostridium thermocellum JW20 Ruminiclostridium thermocellum 492476.4

Clostridium thermocellum YS Ruminiclostridium thermocellum 1094188.3

Colwellia psychrerythraea 34H Colwellia psychrerythraea 167879.5

Colwellia psychrerythraea GAB14E Colwellia psychrerythraea 28229.3

Desulfitobacterium dehalogenans ATCC 51507 Desulfitobacterium dehalogenans 756499.4

Desulfitobacterium hafniense DCB-2 Desulfitobacterium hafniense 272564.6

Desulfitobacterium hafniense DP7 Desulfitobacterium hafniense 537010.4

Desulfitobacterium hafniense PCP-1 Desulfitobacterium hafniense 1090321.3

Desulfitobacterium hafniense TCP-A Desulfitobacterium hafniense 872024.4

Desulfitobacterium hafniense Y51 Desulfitobacterium hafniense 138119.41

Desulfitobacterium metallireducens DSM 15288 Desulfitobacterium metallireducens 871968.4

Dickeya chrysanthemi M074 Dickeya chrysanthemi 556.28

Dickeya chrysanthemi NCPPB 3533 Dickeya chrysanthemi 1224148.3

Dickeya chrysanthemi NCPPB 402 Dickeya chrysanthemi 1223569.3

Dickeya chrysanthemi NCPPB 516 Dickeya chrysanthemi 1223571.3

Dolosigranulum pigrum ATCC 51524 Dolosigranulum pigrum 883103.3

Dorea formicigenerans 4_6_53AFAA Dorea formicigenerans 742765.5

Dorea formicigenerans ATCC 27755 Dorea formicigenerans 411461.4

Dorea longicatena AGR2136 Dorea longicatena 1280698.3

Dorea longicatena DSM 13814 Dorea longicatena 411462.6

Enterobacter cancerogenus ATCC 35316 Enterobacter cancerogenus 500639.8

Enterobacter cancerogenus M004 Enterobacter cancerogenus 69218.3

Enterobacter cloacae ATCC 13047 Enterobacter cloacae 550.124

Enterobacter cloacae BIDMC 66 Enterobacter cloacae 1439324.3

Enterobacter cloacae BIDMC 67 Enterobacter cloacae 1439325.3

Enterobacter cloacae BIDMC 8 Enterobacter cloacae 1329846.6

Enterobacter cloacae BWH 31 Enterobacter cloacae 1329845.3



Enterobacter cloacae BWH 43 Enterobacter cloacae 1439328.3

Enterobacter cloacae CHS 79 Enterobacter cloacae 1439326.3

Enterobacter cloacae EC_38VIM1 Enterobacter cloacae 1334630.3

Enterobacter cloacae ECNIH2 Enterobacter cloacae 1333850.3

Enterobacter cloacae ECNIH3 Enterobacter cloacae 1333851.3

Enterobacter cloacae ECR091 Enterobacter cloacae 1333849.3

Enterobacter cloacae EcWSU1 Enterobacter cloacae 1045856.3

Enterobacter cloacae IIT-BT 08 Enterobacter cloacae 1070842.3

Enterobacter cloacae ISC8 Enterobacter cloacae 1432556.3

Enterobacter cloacae JD6301 Enterobacter cloacae 1399774.3

Enterobacter cloacae JD8715 Enterobacter cloacae 1399775.3

Enterobacter cloacae MGH 53 Enterobacter cloacae 1439329.3

Enterobacter cloacae MGH 54 Enterobacter cloacae 1439330.3

Enterobacter cloacae MR2 Enterobacter cloacae 1312879.3

Enterobacter cloacae MRSN 11489 Enterobacter cloacae 1410032.3

Enterobacter cloacae P101 Enterobacter cloacae 1354030.3

Enterobacter cloacae S611 Enterobacter cloacae 1399146.3

Enterobacter cloacae str. Hanford Enterobacter cloacae 1340854.3

Enterobacter cloacae subsp. cloacae 08XA1 Enterobacter cloacae 1203195.3

Enterobacter cloacae subsp. cloacae ATCC 13047 Enterobacter cloacae 716541.4

Enterobacter cloacae subsp. cloacae ENHKU01 Enterobacter cloacae 1211025.3

Enterobacter cloacae subsp. cloacae GS1 Enterobacter cloacae 1177927.3

Enterobacter cloacae subsp. cloacae NCTC 9394 Enterobacter cloacae 718254.4

Enterobacter cloacae subsp. cloacae SY-70 Enterobacter cloacae 1449089.4

Enterobacter cloacae subsp. dissolvens SDM Enterobacter cloacae 1104326.3

Enterobacter cloacae UCI 23 Enterobacter cloacae 1400146.3

Enterobacter cloacae UCI 24 Enterobacter cloacae 1400147.3

Enterobacter cloacae UCI 29 Enterobacter cloacae 1400148.3

Enterobacter cloacae UCI 30 Enterobacter cloacae 1400149.3

Enterobacter cloacae UCI 35 Enterobacter cloacae 1400150.3

Enterobacter cloacae UCI 36 Enterobacter cloacae 1400151.3

Enterobacter cloacae UCI 39 Enterobacter cloacae 1400152.3

Enterobacter cloacae UCI 49 Enterobacter cloacae 1400154.3

Enterobacter cloacae UCI 50 Enterobacter cloacae 1400155.3

Enterobacter cloacae UCICRE 11 Enterobacter cloacae 1329855.3

Enterobacter cloacae UCICRE 12 Enterobacter cloacae 1329856.3

Enterobacter cloacae UCICRE 3 Enterobacter cloacae 1329852.3

Enterobacter cloacae UCICRE 5 Enterobacter cloacae 1329853.3

Enterobacter cloacae UCICRE 9 Enterobacter cloacae 1329854.3

Erwinia amylovora 01SFR-BO Erwinia amylovora 1255306.3

Erwinia amylovora ACW56400 Erwinia amylovora 1027397.3

Erwinia amylovora ATCC 49946 Erwinia amylovora 716540.3

Erwinia amylovora CFBP 1232 Erwinia amylovora 1255307.3

Erwinia amylovora CFBP 2585 Erwinia amylovora 1255305.3

Erwinia amylovora CFBP1430 Erwinia amylovora 665029.3

Erwinia amylovora Ea266 Erwinia amylovora 1255304.3

Erwinia amylovora Ea356 Erwinia amylovora 1255303.3

Erwinia amylovora Ea644 Erwinia amylovora 1255309.3

Erwinia amylovora MR1 Erwinia amylovora 1255310.3

Erwinia amylovora NBRC 12687 Erwinia amylovora 1219359.3



Erwinia amylovora UPN527 Erwinia amylovora 1255308.3

Erwinia billingiae Eb661 Erwinia billingiae 634500.5

Erwinia mallotivora Erwinia mallotivora 69222.5

Erwinia tracheiphila PSU-1 Erwinia tracheiphila 1044999.3

Erysipelothrix rhusiopathiae ATCC 19414 Erysipelothrix rhusiopathiae 525280.3

Erysipelothrix rhusiopathiae SY1027 Erysipelothrix rhusiopathiae 1313290.3

Escherichia hermannii NBRC 105704 Escherichia hermannii 1115512.3

Escherichia vulneris NBRC 102420 Escherichia vulneris 1115515.3

Eubacterium acidaminophilum DSM 3953 Eubacterium acidaminophilum 1286171.3

Eubacterium biforme DSM 3989 Holdemanella biformis 518637.5

Eubacterium brachy ATCC 33089 Eubacterium brachy 1321814.3

Eubacterium desmolans ATCC 43058 Eubacterium desmolans 1408437.3

Eubacterium dolichum DSM 3991 [Eubacterium] dolichum 428127.7

Eubacterium hallii DSM 3353 [Eubacterium] hallii 411469.3

Eubacterium infirmum F0142 [Eubacterium] infirmum 883109.3

Eubacterium nodatum ATCC 33099 [Eubacterium] nodatum 1161902.3

Eubacterium plexicaudatum ASF492 Eubacterium plexicaudatum 1235802.3

Eubacterium ramulus ATCC 29099 Eubacterium ramulus 1256908.3

Eubacterium saphenum ATCC 49989 Eubacterium saphenum 592031.3

Eubacterium siraeum 70/3 [Eubacterium] siraeum 657319.3

Eubacterium siraeum DSM 15702 [Eubacterium] siraeum 428128.7

Eubacterium siraeum V10Sc8a [Eubacterium] siraeum 717961.3

Eubacterium sulci ATCC 35585 [Eubacterium] sulci 888727.3

Eubacterium ventriosum ATCC 27560 Eubacterium ventriosum 411463.4

Eubacterium xylanophilum ATCC 35991 Eubacterium xylanophilum 1336241.3

Exiguobacterium acetylicum DSM 20416 Exiguobacterium acetylicum 1397697.3

Exiguobacterium antarcticum B7 Exiguobacterium antarcticum 1087448.3

Exiguobacterium antarcticum DSM 14480 Exiguobacterium antarcticum 1397700.3

Exiguobacterium aurantiacum DSM 6208 Exiguobacterium aurantiacum 1397694.4

Facklamia hominis ACS-120-V-Sch10 Facklamia hominis 883110.3

Facklamia hominis CCUG 36813 Facklamia hominis 883111.3

Facklamia ignava CCUG 37419 Facklamia ignava 883112.3

Facklamia languida CCUG 37842 Facklamia languida 883113.3

Facklamia sourekii ATCC 700629 Facklamia sourekii 1408438.3

Faecalibacterium cf. prausnitzii KLE1255 Faecalibacterium prausnitzii 748224.3

Faecalibacterium prausnitzii A2-165 Faecalibacterium prausnitzii 411483.3

Faecalibacterium prausnitzii L2-6 Faecalibacterium prausnitzii 718252.3

Faecalibacterium prausnitzii M21/2 Faecalibacterium prausnitzii 411485.1

Faecalibacterium prausnitzii SL3/3 Faecalibacterium prausnitzii 657322.3

Flavonifractor plautii ATCC 29863 Flavonifractor plautii 411475.3

Gallibacterium anatis 10672-6 Gallibacterium anatis 1396515.3

Gallibacterium anatis 12656/12 Gallibacterium anatis 1195244.3

Gallibacterium anatis 23T10 Gallibacterium anatis 750.1

Gallibacterium anatis 4895 Gallibacterium anatis 1396510.3

Gallibacterium anatis 7990 Gallibacterium anatis 1396511.3

Gallibacterium anatis CCM5995 Gallibacterium anatis 1396513.3

Gallibacterium anatis DSM 16844 = F 149 Gallibacterium anatis 1121910.3

Gallibacterium anatis IPDH697-78 Gallibacterium anatis 1396514.3

Gallibacterium anatis str. Avicor Gallibacterium anatis 1396512.3

Gallibacterium anatis UMN179 Gallibacterium anatis 1005058.3



Gemella bergeriae ATCC 700627 Gemella bergeri 1321820.3

Gemella cuniculi DSM 15828 Gemella cuniculi 1121914.3

Gemella haemolysans ATCC 10379 Gemella haemolysans 546270.5

Gemella haemolysans M341 Gemella haemolysans 562981.3

Gemella sanguinis ATCC 700632 Gemella sanguinis 1408440.3

Gemella sanguinis M325 Gemella sanguinis 562983.3

Geobacillus caldoxylosilyticus CIC9 Geobacillus caldoxylosilyticus 1234664.3

Geobacillus caldoxylosilyticus NBRC 107762 Geobacillus caldoxylosilyticus 1220594.3

Geobacillus kaustophilus GBlys Geobacillus kaustophilus 1337888.4

Geobacillus kaustophilus HTA426 Geobacillus kaustophilus 235909.7

Geobacillus kaustophilus NBRC 102445 Geobacillus kaustophilus 1220595.3

Geobacillus stearothermophilus ATCC 7953 Geobacillus stearothermophilus 937593.4

Geobacillus subterraneus PSS2 Geobacillus subterraneus 1382357.3

Geobacillus thermocatenulatus GS-1 Geobacillus thermocatenulatus 1444308.3

Geobacillus thermodenitrificans DSM 465 Geobacillus thermodenitrificans 1413215.3

Geobacillus thermodenitrificans NG80-2 Geobacillus thermodenitrificans 420246.7

Geobacillus thermoglucosidans TNO-09.020 Geobacillus thermoglucosidasius 1136178.3

Geobacillus thermoglucosidasius C56-YS93 Geobacillus thermoglucosidasius 634956.3

Geobacillus thermoglucosidasius NBRC 107763 Geobacillus thermoglucosidasius 1223501.3

Geobacillus thermoleovorans B23 Geobacillus thermoleovorans 1406857.3

Geobacillus thermoleovorans CCB_US3_UF5 Geobacillus thermoleovorans 1111068.3

Geobacillus vulcani PSS1 Geobacillus vulcani 1382315.3

Gracilibacillus boraciitolerans JCM 21714 Gracilibacillus boraciitolerans 1298598.3

Granulicatella adiacens ATCC 49175 Granulicatella adiacens 638301.3

Granulicatella elegans ATCC 700633 Granulicatella elegans 626369.3

Halobacillus halophilus DSM 2266 Halobacillus halophilus 866895.3

Halorhodospira halochloris str. A Halorhodospira halochloris 1354791.3

Halorhodospira halophila SL1 Halorhodospira halophila 349124.8

Halothermothrix orenii H 168 Halothermothrix orenii 373903.5

Halothiobacillus neapolitanus c2 Halothiobacillus neapolitanus 555778.5

Holdemania filiformis DSM 12042 Holdemania filiformis 545696.5

Hydrogenovibrio marinus Hydrogenovibrio marinus 28885.3

Hydrogenovibrio marinus DSM 11271 Hydrogenovibrio marinus 1123513.3

Jeotgalibacillus campisalis SF-57 Jeotgalibacillus campisalis 220754.4

Jeotgalicoccus psychrophilus DSM 19085 Jeotgalicoccus psychrophilus 1122129.3

Kyrpidia tusciae DSM 2912 Kyrpidia tusciae 562970.4

Lachnoanaerobaculum saburreum DSM 3986 Lachnoanaerobaculum saburreum 887325.3

Lachnoanaerobaculum saburreum F0468 Lachnoanaerobaculum saburreum 1095750.3

Lelliottia amnigena CHS 78 Lelliottia amnigena 1439331.3

Leuconostoc argentinum KCTC 3773 Leuconostoc lactis 886872.3

Leuconostoc carnosum JB16 Leuconostoc carnosum 1229758.3

Leuconostoc carnosum KCTC 3525 Leuconostoc carnosum 1046593.3

Leuconostoc fallax KCTC 3537 Leuconostoc fallax 907931.3

Leuconostoc lactis Leuconostoc lactis 1246.4

Leuconostoc lactis KCTC 3528 = DSM 20202 Leuconostoc lactis 935294.3

Leuconostoc pseudomesenteroides 1159 Leuconostoc pseudomesenteroides 1339246.3

Leuconostoc pseudomesenteroides 4882 Leuconostoc pseudomesenteroides 1154757.4

Leuconostoc pseudomesenteroides KCTC 3652 Leuconostoc pseudomesenteroides 935295.4

Leuconostoc pseudomesenteroides PS12 Leuconostoc pseudomesenteroides 1339247.3

Listeria grayi DSM 20601 Listeria grayi 525367.9



Listeria grayi FSL F6-1183 Listeria grayi 1265827.4

Listeria ivanovii FSL F6-596 Listeria ivanovii 702454.3

Listeria ivanovii subsp. ivanovii PAM 55 Listeria ivanovii 1638.4

Listeria ivanovii subsp. ivanovii WSLC 3010 Listeria ivanovii 202751.3

Listeria ivanovii subsp. londoniensis WSLC 30167 Listeria ivanovii 202752.6

Listeria ivanovii WSLC3009 Listeria ivanovii 1457190.3

Lonsdalea quercina subsp. quercina Lonsdalea quercina 1082705.1

Luteimonas mephitis DSM 12574 Luteimonas mephitis 1122183.3

Lysinibacillus fusiformis Lysinibacillus fusiformis 28031.4

Lysinibacillus fusiformis H1k Lysinibacillus fusiformis 1416755.3

Lysinibacillus fusiformis ZB2 Lysinibacillus fusiformis 1231627.3

Lysinibacillus fusiformis ZC1 Lysinibacillus fusiformis 714961.3

Lysinibacillus odysseyi 34hs-1 = NBRC 100172 Lysinibacillus odysseyi 1220589.3

Lysobacter antibioticus Lysobacter antibioticus 84531.4

Lysobacter antibioticus HS124 Lysobacter antibioticus 1286308.3

Macrococcus caseolyticus JCSC5402 Macrococcus caseolyticus 458233.11

Mannheimia granulomatis DSM 19156 Mannheimia granulomatis 1122190.3

Mannheimia haemolytica D153 Mannheimia haemolytica 1261126.6

Mannheimia haemolytica D171 Mannheimia haemolytica 1311759.4

Mannheimia haemolytica D174 Mannheimia haemolytica 1311760.4

Mannheimia haemolytica D193 Mannheimia haemolytica 1329904.3

Mannheimia haemolytica D35 Mannheimia haemolytica 1329905.3

Mannheimia haemolytica D38 Mannheimia haemolytica 1329906.3

Mannheimia haemolytica M42548 Mannheimia haemolytica 1316932.3

Mannheimia haemolytica MhBrain2012 Mannheimia haemolytica 1329902.3

Mannheimia haemolytica MhSwine2000 Mannheimia haemolytica 1329903.3

Mannheimia haemolytica PHL213 Mannheimia haemolytica 272629.3

Mannheimia haemolytica serotype 6 str. H23 Mannheimia haemolytica 1261125.3

Mannheimia haemolytica serotype A1/A6 str. PKL10 Mannheimia haemolytica 1450449.3

Mannheimia haemolytica serotype A2 str. BOVINE Mannheimia haemolytica 669262.3

Mannheimia haemolytica serotype A2 str. OVINE Mannheimia haemolytica 669261.3

Mannheimia haemolytica USDA-ARS-USMARC-183 Mannheimia haemolytica 1249531.3

Mannheimia haemolytica USDA-ARS-USMARC-185 Mannheimia haemolytica 1249526.3

Mannheimia haemolytica USMARC_2286 Mannheimia haemolytica 1366053.4

Mannheimia varigena USDA-ARS-USMARC-1261 Mannheimia varigena 1432056.3

Mannheimia varigena USDA-ARS-USMARC-1296 Mannheimia varigena 1433287.3

Mannheimia varigena USDA-ARS-USMARC-1312 Mannheimia varigena 1434214.3

Mannheimia varigena USDA-ARS-USMARC-1388 Mannheimia varigena 1434215.3

Marinococcus halotolerans DSM 16375 Marinococcus halotolerans 1122203.4

Marinomonas mediterranea MMB-1 Marinomonas mediterranea 717774.3

Megasphaera elsdenii 24-50 Megasphaera elsdenii 907.5

Megasphaera elsdenii DSM 20460 Megasphaera elsdenii 907.4

Megasphaera elsdenii T81 Megasphaera elsdenii 1410663.3

Methylobacter luteus IMV-B-3098 Methylobacter luteus 1095552.3

Methylobacter marinus A45 Methylobacter marinus 674036.3

Methylobacter whittenburyi Methylobacter whittenburyi 39770.3

Methylococcus capsulatus str. Bath Methylococcus capsulatus 243233.7

Methylococcus capsulatus str. Texas = ATCC 19069 Methylococcus capsulatus 1224744.3

Methylomicrobium agile Methylomicrobium agile 39774.3

Methylomicrobium album BG8 Methylomicrobium album 686340.3



Methylomonas methanica MC09 Methylomonas methanica 857087.3

Mitsuokella jalaludinii DSM 13811 Mitsuokella jalaludinii 1410665.3

Mitsuokella multacida DSM 20544 Mitsuokella multacida 500635.8

Moorella thermoacetica ATCC 39073 Moorella thermoacetica 264732.11

Moorella thermoacetica Y72 Moorella thermoacetica 1325331.3

Oenococcus kitaharae DSM 17330 Oenococcus kitaharae 1045004.4

Oenococcus oeni ATCC BAA-1163 Oenococcus oeni 379360.3

Oenococcus oeni AWRIB202 Oenococcus oeni 1160703.3

Oenococcus oeni AWRIB304 Oenococcus oeni 1160702.3

Oenococcus oeni AWRIB318 Oenococcus oeni 1167631.3

Oenococcus oeni AWRIB418 Oenococcus oeni 1206769.3

Oenococcus oeni AWRIB419 Oenococcus oeni 1206770.3

Oenococcus oeni AWRIB422 Oenococcus oeni 1206771.3

Oenococcus oeni AWRIB429 Oenococcus oeni 655225.3

Oenococcus oeni AWRIB548 Oenococcus oeni 1206772.3

Oenococcus oeni AWRIB553 Oenococcus oeni 1206773.3

Oenococcus oeni AWRIB568 Oenococcus oeni 1206774.3

Oenococcus oeni AWRIB576 Oenococcus oeni 1206775.3

Oenococcus oeni DSM 20252 = AWRIB129 Oenococcus oeni 1122618.3

Oenococcus oeni PSU-1 Oenococcus oeni 203123.7

Oenococcus oeni X2L Oenococcus oeni 1335618.3

Orenia marismortui DSM 5156 Orenia marismortui 926561.3

Paenibacillus panacisoli DSM 21345 Paenibacillus panacisoli 1122922.3

Paenibacillus pasadenensis DSM 19293 Paenibacillus pasadenensis 1122923.3

Paenibacillus peoriae KCTC 3763 Paenibacillus peoriae 1087481.3

Paenibacillus popilliae ATCC 14706 Paenibacillus popilliae 1212764.3

Paenibacillus sanguinis 2301083 = DSM 16941 Paenibacillus sanguinis 1122925.3

Paenibacillus stellifer DSM 14472 Paenibacillus stellifer 169760.4

Paenibacillus terrae HPL-003 Paenibacillus terrae 985665.3

Paenibacillus wynnii DSM 18334 Paenibacillus wynnii 268407.5

Parvimonas micra A293 Parvimonas micra 1408286.3

Parvimonas micra ATCC 33270 Parvimonas micra 411465.1

Parvimonas micra KCOM 1535; ChDC B708 Parvimonas micra 33033.4

Pasteurella dagmatis ATCC 43325 Pasteurella dagmatis 667128.3

Pectobacterium carotovorum M022 Pectobacterium carotovorum 554.6

Pectobacterium carotovorum subsp. brasiliense Pectobacterium carotovorum 180957.1

Pectobacterium carotovorum subsp. brasiliensis PBR1692 Pectobacterium carotovorum 558269.5

Pectobacterium carotovorum subsp. carotovorum Pectobacterium carotovorum 555.14

Pectobacterium carotovorum subsp. carotovorum PC1 Pectobacterium carotovorum 561230.3

Pectobacterium carotovorum subsp. carotovorum PCC21 Pectobacterium carotovorum 1218933.3

Pectobacterium carotovorum subsp. odoriferum Pectobacterium carotovorum 78398.4

Pediococcus acidilactici 7_4 Pediococcus acidilactici 563194.3

Pediococcus acidilactici AGR20 Pediococcus acidilactici 1384067.3

Pediococcus acidilactici D3 Pediococcus acidilactici 1306952.3

Pediococcus acidilactici DSM 20284 Pediococcus acidilactici 862514.3

Pediococcus acidilactici MA18/5M Pediococcus acidilactici 1080365.4

Pediococcus claussenii ATCC BAA-344 Pediococcus claussenii 701521.8

Peptoniphilus harei ACS-146-V-Sch2b Peptoniphilus harei 908338.3

Peptoniphilus indolicus ATCC 29427 Peptoniphilus indolicus 997350.3

Peptoniphilus lacrimalis 315-B Peptoniphilus lacrimalis 596330.3



Peptoniphilus lacrimalis DNF00528 Peptoniphilus lacrimalis 1401070.3

Peptoniphilus lacrimalis DSM 7455 Peptoniphilus lacrimalis 1122949.3

Peptostreptococcus anaerobius 653-L Peptostreptococcus anaerobius 596329.3

Peptostreptococcus anaerobius VPI 4330 Peptostreptococcus anaerobius 1035196.3

Photobacterium angustum S14 Photobacterium angustum 314292.23

Photobacterium leiognathi lrivu.4.1 Photobacterium leiognathi 1248232.3

Photobacterium leiognathi subsp. mandapamensis svers.1.1. Photobacterium leiognathi 1001530.3

Photobacterium phosphoreum ANT220 Photobacterium phosphoreum 1454202.3

Photobacterium profundum 3TCK Photobacterium profundum 314280.5

Photobacterium profundum SS9 Photobacterium profundum 298386.8

Planococcus antarcticus DSM 14505 Planococcus antarcticus 1185653.3

Pluralibacter gergoviae FB2 Pluralibacter gergoviae 61647.1

Pontibacillus chungwhensis BH030062 Pontibacillus chungwhensis 1385513.3

Pontibacillus marinus BH030004 = DSM 16465 Pontibacillus marinus 1385511.3

Proteus penneri ATCC 35198 Proteus penneri 471881.3

Providencia alcalifaciens 205/92 Providencia alcalifaciens 1256988.3

Providencia alcalifaciens Ban1 Providencia alcalifaciens 663916.4

Providencia alcalifaciens Dmel2 Providencia alcalifaciens 1141661.3

Providencia alcalifaciens DSM 30120 Providencia alcalifaciens 520999.6

Providencia alcalifaciens F90-2004 Providencia alcalifaciens 1256987.3

Providencia alcalifaciens PAL-1 Providencia alcalifaciens 1256991.3

Providencia alcalifaciens PAL-2 Providencia alcalifaciens 1256992.3

Providencia alcalifaciens PAL-3 Providencia alcalifaciens 1256993.3

Providencia alcalifaciens R90-1475 Providencia alcalifaciens 1256989.3

Providencia alcalifaciens RIMD 1656011 Providencia alcalifaciens 1256990.3

Providencia rettgeri CCBH11880 Providencia rettgeri 587.17

Providencia rettgeri Dmel1 Providencia rettgeri 1141663.3

Providencia rettgeri DSM 1131 Providencia rettgeri 521000.6

Providencia rustigianii DSM 4541 Providencia rustigianii 500637.6

Pseudoalteromonas citrea Pseudoalteromonas citrea 43655.3

Pseudoalteromonas citrea NCIMB 1889 Pseudoalteromonas citrea 1117314.3

Pseudoalteromonas luteoviolacea 2ta16 Pseudoalteromonas luteoviolacea 1353533.3

Pseudoalteromonas luteoviolacea B = ATCC 29581 Pseudoalteromonas luteoviolacea 1268239.3

Pseudoalteromonas luteoviolacea HI1 Pseudoalteromonas luteoviolacea 43657.9

Pseudoalteromonas piscicida ATCC 15057 Pseudoalteromonas piscicida 1279016.3

Pseudoalteromonas piscicida JCM 20779 Pseudoalteromonas piscicida 1117317.3

Pseudoalteromonas rubra ATCC 29570 Pseudoalteromonas rubra 1117318.14

Pseudobacteroides cellulosolvens ATCC 35603 = DSM 2933 Pseudobacteroides cellulosolvens 398512.4

Pseudobutyrivibrio ruminis AD2017 Pseudobutyrivibrio ruminis 1280694.3

Pseudobutyrivibrio ruminis CF1b Pseudobutyrivibrio ruminis 1280688.3

Pseudobutyrivibrio ruminis HUN009 Pseudobutyrivibrio ruminis 1458469.3

Pseudoflavonifractor capillosus ATCC 29799 Pseudoflavonifractor capillosus 411467.6

Pseudomonas agarici NCPPB 2289 Pseudomonas agarici 690598.6

Pseudomonas alcaligenes MRY13-0052 Pseudomonas alcaligenes 1405803.3

Pseudomonas alcaligenes NBRC 14159 Pseudomonas alcaligenes 1215092.3

Pseudomonas alcaligenes OT 69 Pseudomonas alcaligenes 1333854.3

Pseudomonas cichorii JBC1 Pseudomonas cichorii 1441629.3

Pseudomonas corrugata CFBP 5454 Pseudomonas corrugata 1316927.4

Pseudomonas luteola XLDN4-9 Pseudomonas luteola 1207076.3

Pseudomonas oryzihabitans NBRC 102199 Pseudomonas oryzihabitans 1215113.3



Pseudomonas pseudoalcaligenes AD6 Pseudomonas pseudoalcaligenes 1453503.3

Pseudomonas pseudoalcaligenes CECT 5344 Pseudomonas pseudoalcaligenes 1182590.4

Pseudomonas pseudoalcaligenes KF707 Pseudomonas pseudoalcaligenes 1149133.6

Pseudomonas tolaasii 6264 Pseudomonas tolaasii 1161101.3

Pseudomonas tolaasii NCPPB 2192 Pseudomonas tolaasii 564423.7

Pseudomonas tolaasii PMS117 Pseudomonas tolaasii 1030145.6

Psychromonas arctica DSM 14288 Psychromonas arctica 1123036.3

Ruminococcus albus 7 Ruminococcus albus 697329.1

Ruminococcus albus 8 Ruminococcus albus 246199.4

Ruminococcus albus AD2013 Ruminococcus albus 1384065.3

Ruminococcus albus SY3 Ruminococcus albus 1341156.4

Ruminococcus bromii L2-63 Ruminococcus bromii 657321.5

Ruminococcus callidus ATCC 27760 Ruminococcus callidus 411473.3

Ruminococcus flavefaciens 007c Ruminococcus flavefaciens 1341157.4

Ruminococcus flavefaciens 17 Ruminococcus flavefaciens 1030842.4

Ruminococcus flavefaciens AE3010 Ruminococcus flavefaciens 1384066.3

Ruminococcus flavefaciens ATCC 19208 Ruminococcus flavefaciens 1336236.3

Ruminococcus flavefaciens FD-1 Ruminococcus flavefaciens 641112.4

Ruminococcus flavefaciens MA2007 Ruminococcus flavefaciens 1410670.3

Ruminococcus flavefaciens MC2020 Ruminococcus flavefaciens 1410671.3

Ruminococcus flavefaciens ND2009 Ruminococcus flavefaciens 1410672.3

Ruminococcus gnavus AGR2154 [Ruminococcus] gnavus 1384063.4

Ruminococcus gnavus ATCC 29149 [Ruminococcus] gnavus 411470.6

Ruminococcus gnavus CC55_001C [Ruminococcus] gnavus 1073375.3

Ruminococcus lactaris ATCC 29176 Ruminococcus lactaris 471875.6

Ruminococcus lactaris CC59_002D Ruminococcus lactaris 1073376.3

Ruminococcus obeum A2-162 [Ruminococcus] obeum 657314.3

Ruminococcus obeum ATCC 29174 [Ruminococcus] obeum 411459.7

Ruminococcus torques ATCC 27756 [Ruminococcus] torques 411460.6

Ruminococcus torques L2-14 [Ruminococcus] torques 657313.3

Selenomonas artemidis DSM 19719 Selenomonas artemidis 1123249.3

Selenomonas artemidis F0399 Selenomonas artemidis 749551.3

Selenomonas flueggei ATCC 43531 Selenomonas flueggei 638302.3

Selenomonas infelix ATCC 43532 Selenomonas infelix 679201.3

Selenomonas noxia ATCC 43541 Selenomonas noxia 585503.3

Selenomonas noxia F0398 Selenomonas noxia 702437.3

Selenomonas ruminantium AB3002 Selenomonas ruminantium 1392502.3

Selenomonas ruminantium AC2024 Selenomonas ruminantium 1392501.3

Selenomonas ruminantium subsp. ruminantium ATCC 12561 Selenomonas ruminantium 1280706.4

Serratia fonticola AU-AP2C Serratia fonticola 1332071.4

Serratia fonticola AU-P3(3) Serratia fonticola 1332070.3

Serratia fonticola LMG 7882 Serratia fonticola 1378072.3

Serratia fonticola RB-25 [PRJNA232952] Serratia fonticola 1441930.3

Serratia fonticola UTAD54 Serratia fonticola 1379259.4

Shewanella algae JCM 21037 Shewanella algae 1236544.3

Shewanella amazonensis SB2B Shewanella amazonensis 326297.1

Shewanella baltica BA175 Shewanella baltica 693974.3

Shewanella baltica OS117 Shewanella baltica 693970.3

Shewanella baltica OS155 Shewanella baltica 325240.15

Shewanella baltica OS183 Shewanella baltica 693971.4



Shewanella baltica OS185 Shewanella baltica 402882.13

Shewanella baltica OS195 Shewanella baltica 399599.8

Shewanella baltica OS223 Shewanella baltica 407976.7

Shewanella baltica OS625 Shewanella baltica 693972.3

Shewanella baltica OS678 Shewanella baltica 693973.6

Shewanella colwelliana ATCC 39565 Shewanella colwelliana 1336240.3

Shewanella frigidimarina NCIMB 400 Shewanella frigidimarina 318167.14

Shewanella putrefaciens 200 Shewanella putrefaciens 399804.5

Shewanella putrefaciens CN-32 Shewanella putrefaciens 319224.16

Shewanella putrefaciens HRCR-6 Shewanella putrefaciens 1305841.3

Shewanella putrefaciens JCM 20190 Shewanella putrefaciens 1236543.3

Shewanella woodyi ATCC 51908 Shewanella woodyi 392500.6

Shimwellia blattae DSM 4481 = NBRC 105725 Shimwellia blattae 630626.3

Shuttleworthia satelles DSM 14600 Shuttleworthia satelles 626523.3

Solibacillus silvestris StLB046 Solibacillus silvestris 1002809.3

Solobacterium moorei DSM 22971 Solobacterium moorei 1123263.3

Solobacterium moorei F0204 Solobacterium moorei 706433.3

Sporolactobacillus inulinus CASD Sporolactobacillus inulinus 1069536.3

Sporolactobacillus laevolacticus DSM 442 Sporolactobacillus laevolacticus 1395513.3

Sporolactobacillus terrae DSM 11697 Sporolactobacillus terrae 1444306.3

Sporolactobacillus terrae HKM-1 Sporolactobacillus terrae 1449983.3

Sporomusa ovata DSM 2662 Sporomusa ovata 1123288.3

Staphylococcus arlettae CVD059 Staphylococcus arlettae 1212545.3

Staphylococcus caprae C87 Staphylococcus capitis 435838.3

Staphylococcus chromogenes MU 970 Staphylococcus chromogenes 1220551.3

Staphylococcus delphini 8086 Staphylococcus delphini 1141105.7

Staphylococcus epidermidis M23864:W1 Staphylococcus caprae 525378.3

Staphylococcus hyicus ATCC 11249 Staphylococcus hyicus 1284.6

Staphylococcus intermedius NCTC 11048 Staphylococcus intermedius 1141106.7

Streptococcus anginosus 1_2_62CV Streptococcus anginosus 742820.3

Streptococcus anginosus 1505 Streptococcus anginosus 1163301.3

Streptococcus anginosus C1051 Streptococcus anginosus 862970.3

Streptococcus anginosus C238 Streptococcus anginosus 862971.3

Streptococcus anginosus DORA_7 Streptococcus anginosus 1403946.3

Streptococcus anginosus F0211 Streptococcus anginosus 706437.3

Streptococcus anginosus SA1 Streptococcus anginosus 1328.12

Streptococcus anginosus SK1138 Streptococcus anginosus 1161422.3

Streptococcus anginosus SK52 = DSM 20563 Streptococcus anginosus 1000570.3

Streptococcus anginosus subsp. whileyi CCUG 39159 Streptococcus anginosus 1095729.3

Streptococcus anginosus subsp. whileyi MAS624 Streptococcus anginosus 1353243.3

Streptococcus anginosus T5 Streptococcus anginosus 1163302.3

Streptococcus bovis ATCC 700338 Streptococcus equinus 864569.5

Streptococcus bovis B315 Streptococcus equinus 1280690.3

Streptococcus bovis SN033 Streptococcus equinus 1280704.3

Streptococcus canis FSL Z3-227 Streptococcus canis 482234.3

Streptococcus criceti HS-6 Streptococcus criceti 873449.3

Streptococcus devriesei DSM 19639 Streptococcus devriesei 1123300.3

Streptococcus didelphis DSM 15616 Streptococcus didelphis 1123301.3

Streptococcus entericus DSM 14446 Streptococcus entericus 1123302.3

Streptococcus equinus Streptococcus equinus 1335.4



Streptococcus equinus 2B Streptococcus equinus 1410675.5

Streptococcus equinus ATCC 33317 Streptococcus equinus 1210006.5

Streptococcus equinus ATCC 9812 Streptococcus equinus 525379.3

Streptococcus equinus JB1 Streptococcus equinus 1294274.5

Streptococcus ferus DSM 20646 Streptococcus ferus 1123303.3

Streptococcus hyovaginalis DSM 12219 Streptococcus hyovaginalis 1123305.3

Streptococcus infantis ATCC 700779 Streptococcus infantis 889204.3

Streptococcus infantis SK1076 Streptococcus infantis 1005705.3

Streptococcus infantis SK1302 Streptococcus infantis 871237.3

Streptococcus infantis SK970 Streptococcus infantis 1035189.4

Streptococcus infantis X Streptococcus infantis 997830.4

Streptococcus iniae Streptococcus iniae 1346.13

Streptococcus iniae 9117 Streptococcus iniae 386894.6

Streptococcus iniae IUSA1 Streptococcus iniae 1273539.3

Streptococcus iniae KCTC 11634BP Streptococcus iniae 1260129.3

Streptococcus iniae SF1 Streptococcus iniae 1318633.3

Streptococcus lutetiensis 033 Streptococcus lutetiensis 1076934.5

Streptococcus macacae NCTC 11558 Streptococcus macacae 764298.3

Streptococcus minor DSM 17118 Streptococcus minor 1123309.3

Streptococcus mutans 11A1 Streptococcus mutans 857155.3

Streptococcus mutans 11SSST2 Streptococcus mutans 857147.3

Streptococcus mutans 11VS1 Streptococcus mutans 857143.3

Streptococcus mutans 14D Streptococcus mutans 857113.3

Streptococcus mutans 15JP3 Streptococcus mutans 857152.3

Streptococcus mutans 15VF2 Streptococcus mutans 857145.3

Streptococcus mutans 1ID3 Streptococcus mutans 857154.3

Streptococcus mutans 1SM1 Streptococcus mutans 857151.3

Streptococcus mutans 21 Streptococcus mutans 857112.3

Streptococcus mutans 24 Streptococcus mutans 857107.3

Streptococcus mutans 2ST1 Streptococcus mutans 857148.3

Streptococcus mutans 2VS1 Streptococcus mutans 857144.3

Streptococcus mutans 3SN1 Streptococcus mutans 857149.3

Streptococcus mutans 4SM1 Streptococcus mutans 857150.3

Streptococcus mutans 4VF1 Streptococcus mutans 857146.3

Streptococcus mutans 5DC8 Streptococcus mutans 1257037.3

Streptococcus mutans 5SM3 Streptococcus mutans 857142.3

Streptococcus mutans 66-2A Streptococcus mutans 857111.3

Streptococcus mutans 8ID3 Streptococcus mutans 857153.3

Streptococcus mutans A19 Streptococcus mutans 857136.3

Streptococcus mutans A9 Streptococcus mutans 857139.3

Streptococcus mutans AC4446 Streptococcus mutans 1257040.3

Streptococcus mutans ATCC 25175 Streptococcus mutans 1257041.3

Streptococcus mutans B Streptococcus mutans 857110.3

Streptococcus mutans B04Sm5 Streptococcus mutans 1225197.3

Streptococcus mutans B05Sm11 Streptococcus mutans 1225187.3

Streptococcus mutans B06Sm2 Streptococcus mutans 1225199.3

Streptococcus mutans B07Sm2 Streptococcus mutans 1225192.3

Streptococcus mutans B082SM-A Streptococcus mutans 1225198.3

Streptococcus mutans B084SM-A Streptococcus mutans 1225190.3

Streptococcus mutans B09Sm1 Streptococcus mutans 1225193.3



Streptococcus mutans B102SM-B Streptococcus mutans 1225195.3

Streptococcus mutans B107SM-B Streptococcus mutans 1225191.3

Streptococcus mutans B111SM-A Streptococcus mutans 1225203.3

Streptococcus mutans B112SM-A Streptococcus mutans 1225196.3

Streptococcus mutans B114SM-A Streptococcus mutans 1225204.3

Streptococcus mutans B115SM-A Streptococcus mutans 1225205.3

Streptococcus mutans B12Sm1 Streptococcus mutans 1225189.3

Streptococcus mutans B13Sm1 Streptococcus mutans 1225188.3

Streptococcus mutans B23Sm1 Streptococcus mutans 1225202.3

Streptococcus mutans B24Sm2 Streptococcus mutans 1225194.3

Streptococcus mutans B85SM-B Streptococcus mutans 1225200.3

Streptococcus mutans B88SM-A Streptococcus mutans 1225201.3

Streptococcus mutans DSM 20523 Streptococcus mutans 1123310.3

Streptococcus mutans G123 Streptococcus mutans 857134.3

Streptococcus mutans GS-5 Streptococcus mutans 1198676.3

Streptococcus mutans KK21 Streptococcus mutans 1257038.3

Streptococcus mutans KK23 Streptococcus mutans 1257039.3

Streptococcus mutans M21 Streptococcus mutans 857133.3

Streptococcus mutans M230 Streptococcus mutans 857100.3

Streptococcus mutans M2A Streptococcus mutans 857126.3

Streptococcus mutans N29 Streptococcus mutans 857138.3

Streptococcus mutans N3209 Streptococcus mutans 857125.3

Streptococcus mutans N34 Streptococcus mutans 857131.3

Streptococcus mutans N66 Streptococcus mutans 857124.3

Streptococcus mutans NCTC 11060 Streptococcus mutans 1257042.3

Streptococcus mutans NFSM1 Streptococcus mutans 857130.3

Streptococcus mutans NFSM2 Streptococcus mutans 857141.3

Streptococcus mutans NLML1 Streptococcus mutans 857114.3

Streptococcus mutans NLML4 Streptococcus mutans 857129.3

Streptococcus mutans NLML5 Streptococcus mutans 857128.3

Streptococcus mutans NLML8 Streptococcus mutans 857115.3

Streptococcus mutans NLML9 Streptococcus mutans 857127.3

Streptococcus mutans NMT4863 Streptococcus mutans 857137.3

Streptococcus mutans NN2025 Streptococcus mutans 511691.3

Streptococcus mutans NV1996 Streptococcus mutans 857123.3

Streptococcus mutans NVAB Streptococcus mutans 857140.4

Streptococcus mutans OMZ175 Streptococcus mutans 857099.3

Streptococcus mutans PKUSS-HG01 Streptococcus mutans 1403829.3

Streptococcus mutans PKUSS-LG01 Streptococcus mutans 1404260.3

Streptococcus mutans R221 Streptococcus mutans 857101.3

Streptococcus mutans S1B Streptococcus mutans 857105.3

Streptococcus mutans SA38 Streptococcus mutans 857104.3

Streptococcus mutans SA41 Streptococcus mutans 857103.3

Streptococcus mutans SF1 Streptococcus mutans 857121.3

Streptococcus mutans SF12 Streptococcus mutans 857102.3

Streptococcus mutans SF14 Streptococcus mutans 857120.3

Streptococcus mutans SM1 Streptococcus mutans 857108.3

Streptococcus mutans SM4 Streptococcus mutans 857109.4

Streptococcus mutans SM6 Streptococcus mutans 857119.3

Streptococcus mutans ST1 Streptococcus mutans 857118.3



Streptococcus mutans ST6 Streptococcus mutans 857117.3

Streptococcus mutans str. B16 P Sm1 Streptococcus mutans 1225186.3

Streptococcus mutans T4 Streptococcus mutans 857132.3

Streptococcus mutans TCI-101 Streptococcus mutans 1074113.3

Streptococcus mutans TCI-109 Streptococcus mutans 1074114.3

Streptococcus mutans TCI-11 Streptococcus mutans 1074095.3

Streptococcus mutans TCI-110 Streptococcus mutans 1074115.3

Streptococcus mutans TCI-116 Streptococcus mutans 1074116.3

Streptococcus mutans TCI-120 Streptococcus mutans 1074118.3

Streptococcus mutans TCI-123 Streptococcus mutans 1074119.3

Streptococcus mutans TCI-125 Streptococcus mutans 1074120.3

Streptococcus mutans TCI-138 Streptococcus mutans 1074121.3

Streptococcus mutans TCI-143 Streptococcus mutans 1074122.3

Streptococcus mutans TCI-145 Streptococcus mutans 1074123.3

Streptococcus mutans TCI-146 Streptococcus mutans 1074124.3

Streptococcus mutans TCI-148 Streptococcus mutans 1074125.3

Streptococcus mutans TCI-149 Streptococcus mutans 1074126.3

Streptococcus mutans TCI-151 Streptococcus mutans 1074127.3

Streptococcus mutans TCI-152 Streptococcus mutans 1074128.3

Streptococcus mutans TCI-153 Streptococcus mutans 1074129.3

Streptococcus mutans TCI-154 Streptococcus mutans 1074130.3

Streptococcus mutans TCI-162 Streptococcus mutans 1074134.3

Streptococcus mutans TCI-163 Streptococcus mutans 1074135.3

Streptococcus mutans TCI-164 Streptococcus mutans 1074136.3

Streptococcus mutans TCI-169 Streptococcus mutans 1074137.3

Streptococcus mutans TCI-170 Streptococcus mutans 1074138.3

Streptococcus mutans TCI-173 Streptococcus mutans 1074140.3

Streptococcus mutans TCI-176 Streptococcus mutans 1074143.3

Streptococcus mutans TCI-177 Streptococcus mutans 1074144.3

Streptococcus mutans TCI-179 Streptococcus mutans 1074146.3

Streptococcus mutans TCI-187 Streptococcus mutans 1074148.3

Streptococcus mutans TCI-191 Streptococcus mutans 1074149.3

Streptococcus mutans TCI-196 Streptococcus mutans 1074151.3

Streptococcus mutans TCI-201 Streptococcus mutans 1074153.3

Streptococcus mutans TCI-202 Streptococcus mutans 1074154.3

Streptococcus mutans TCI-204 Streptococcus mutans 1074155.3

Streptococcus mutans TCI-210 Streptococcus mutans 1074156.3

Streptococcus mutans TCI-212 Streptococcus mutans 1074157.3

Streptococcus mutans TCI-218 Streptococcus mutans 1074159.3

Streptococcus mutans TCI-219 Streptococcus mutans 1074160.3

Streptococcus mutans TCI-220 Streptococcus mutans 1074161.3

Streptococcus mutans TCI-222 Streptococcus mutans 1074162.3

Streptococcus mutans TCI-223 Streptococcus mutans 1074163.3

Streptococcus mutans TCI-224 Streptococcus mutans 1074164.3

Streptococcus mutans TCI-227 Streptococcus mutans 1074165.3

Streptococcus mutans TCI-228 Streptococcus mutans 1074166.3

Streptococcus mutans TCI-234 Streptococcus mutans 1074167.3

Streptococcus mutans TCI-239 Streptococcus mutans 1074168.3

Streptococcus mutans TCI-242 Streptococcus mutans 1074169.3

Streptococcus mutans TCI-243 Streptococcus mutans 1074170.3



Streptococcus mutans TCI-244 Streptococcus mutans 1074171.3

Streptococcus mutans TCI-249 Streptococcus mutans 1074173.3

Streptococcus mutans TCI-256 Streptococcus mutans 1074175.3

Streptococcus mutans TCI-260 Streptococcus mutans 1074176.3

Streptococcus mutans TCI-264 Streptococcus mutans 1074177.3

Streptococcus mutans TCI-267 Streptococcus mutans 1074178.3

Streptococcus mutans TCI-268 Streptococcus mutans 1074179.3

Streptococcus mutans TCI-278 Streptococcus mutans 1074180.3

Streptococcus mutans TCI-279 Streptococcus mutans 1074181.3

Streptococcus mutans TCI-280 Streptococcus mutans 1074182.3

Streptococcus mutans TCI-289 Streptococcus mutans 1074183.3

Streptococcus mutans TCI-292 Streptococcus mutans 1074184.3

Streptococcus mutans TCI-294 Streptococcus mutans 1074185.3

Streptococcus mutans TCI-298 Streptococcus mutans 1074186.3

Streptococcus mutans TCI-30 Streptococcus mutans 1074190.3

Streptococcus mutans TCI-399 Streptococcus mutans 1074092.3

Streptococcus mutans TCI-400 Streptococcus mutans 1074093.3

Streptococcus mutans TCI-51 Streptococcus mutans 1074100.3

Streptococcus mutans TCI-62 Streptococcus mutans 1074101.3

Streptococcus mutans TCI-70 Streptococcus mutans 1074102.3

Streptococcus mutans TCI-75 Streptococcus mutans 1074104.3

Streptococcus mutans TCI-78 Streptococcus mutans 1074105.3

Streptococcus mutans TCI-82 Streptococcus mutans 1074106.3

Streptococcus mutans TCI-85 Streptococcus mutans 1074107.3

Streptococcus mutans TCI-86 Streptococcus mutans 1074108.3

Streptococcus mutans TCI-92 Streptococcus mutans 1074109.3

Streptococcus mutans TCI-96 Streptococcus mutans 1074111.3

Streptococcus mutans TCI-99 Streptococcus mutans 1074112.3

Streptococcus mutans U138 Streptococcus mutans 857135.3

Streptococcus mutans U2A Streptococcus mutans 857116.3

Streptococcus mutans U2B Streptococcus mutans 857106.3

Streptococcus mutans UA159 Streptococcus mutans 210007.7

Streptococcus mutans UA159-FR Streptococcus mutans 1437447.3

Streptococcus mutans W6 Streptococcus mutans 857122.3

Streptococcus oligofermentans AS 1.3089 Streptococcus oligofermentans 1302863.3

Streptococcus orisratti DSM 15617 Streptococcus orisratti 1123311.3

Streptococcus ovis DSM 16829 Streptococcus ovis 1123312.3

Streptococcus parasanguinis ATCC 15912 Streptococcus parasanguinis 760570.3

Streptococcus parasanguinis ATCC 903 Streptococcus parasanguinis 888048.3

Streptococcus parasanguinis CC87K Streptococcus parasanguinis 1073372.3

Streptococcus parasanguinis F0405 Streptococcus parasanguinis 905067.3

Streptococcus parasanguinis F0449 Streptococcus parasanguinis 1095733.3

Streptococcus parasanguinis FW213 Streptococcus parasanguinis 1114965.3

Streptococcus parasanguinis SK236 Streptococcus parasanguinis 1035185.3

Streptococcus parauberis Streptococcus parauberis 1348.3

Streptococcus parauberis KCTC 11537 Streptococcus parauberis 936154.3

Streptococcus parauberis KCTC 11980BP Streptococcus parauberis 1260132.3

Streptococcus parauberis KRS-02083 Streptococcus parauberis 1207545.3

Streptococcus parauberis KRS-02109 Streptococcus parauberis 1207544.3

Streptococcus parauberis NCFD 2020 Streptococcus parauberis 873447.3



Streptococcus phocae C-4 Streptococcus phocae 1000562.3

Streptococcus porcinus str. Jelinkova 176 Streptococcus porcinus 873448.3

Streptococcus ratti FA-1 = DSM 20564 Streptococcus ratti 699248.3

Streptococcus sanguinis ATCC 29667 Streptococcus sanguinis 997356.4

Streptococcus sanguinis CC94A Streptococcus sanguinis 1073373.3

Streptococcus sanguinis SK1 Streptococcus sanguinis 888807.3

Streptococcus sanguinis SK1056 Streptococcus sanguinis 888820.3

Streptococcus sanguinis SK1057 Streptococcus sanguinis 888821.3

Streptococcus sanguinis SK1058 Streptococcus sanguinis 888822.3

Streptococcus sanguinis SK1059 Streptococcus sanguinis 888823.3

Streptococcus sanguinis SK1087 Streptococcus sanguinis 888824.3

Streptococcus sanguinis SK115 Streptococcus sanguinis 888810.3

Streptococcus sanguinis SK150 Streptococcus sanguinis 888811.3

Streptococcus sanguinis SK160 Streptococcus sanguinis 888812.3

Streptococcus sanguinis SK330 Streptococcus sanguinis 888813.3

Streptococcus sanguinis SK340 Streptococcus sanguinis 888814.4

Streptococcus sanguinis SK353 Streptococcus sanguinis 888815.3

Streptococcus sanguinis SK355 Streptococcus sanguinis 888816.3

Streptococcus sanguinis SK36 Streptococcus sanguinis 388919.9

Streptococcus sanguinis SK405 Streptococcus sanguinis 888817.3

Streptococcus sanguinis SK408 Streptococcus sanguinis 888818.3

Streptococcus sanguinis SK49 Streptococcus sanguinis 888808.3

Streptococcus sanguinis SK678 Streptococcus sanguinis 888819.3

Streptococcus sanguinis SK72 Streptococcus sanguinis 888809.3

Streptococcus sanguinis VMC66 Streptococcus sanguinis 888825.3

Streptococcus sinensis HKU4 Streptococcus sinensis 176090.4

Streptococcus sobrinus DSM 20742 Streptococcus sobrinus 1123317.3

Streptococcus sobrinus TCI-107 Streptococcus sobrinus 1074066.3

Streptococcus sobrinus TCI-118 Streptococcus sobrinus 1074117.3

Streptococcus sobrinus TCI-119 Streptococcus sobrinus 1074067.3

Streptococcus sobrinus TCI-121 Streptococcus sobrinus 1074068.3

Streptococcus sobrinus TCI-124 Streptococcus sobrinus 1074069.3

Streptococcus sobrinus TCI-13 Streptococcus sobrinus 1074053.3

Streptococcus sobrinus TCI-157 Streptococcus sobrinus 1074132.3

Streptococcus sobrinus TCI-16 Streptococcus sobrinus 1074054.3

Streptococcus sobrinus TCI-160 Streptococcus sobrinus 1074133.3

Streptococcus sobrinus TCI-172 Streptococcus sobrinus 1074139.3

Streptococcus sobrinus TCI-175 Streptococcus sobrinus 1074142.3

Streptococcus sobrinus TCI-194 Streptococcus sobrinus 1074150.3

Streptococcus sobrinus TCI-2 Streptococcus sobrinus 1074094.3

Streptococcus sobrinus TCI-200 Streptococcus sobrinus 1074152.3

Streptococcus sobrinus TCI-215 Streptococcus sobrinus 1074158.3

Streptococcus sobrinus TCI-28 Streptococcus sobrinus 1074055.3

Streptococcus sobrinus TCI-336 Streptococcus sobrinus 1074189.3

Streptococcus sobrinus TCI-342 Streptococcus sobrinus 1074070.3

Streptococcus sobrinus TCI-345 Streptococcus sobrinus 1074071.4

Streptococcus sobrinus TCI-348 Streptococcus sobrinus 1074072.3

Streptococcus sobrinus TCI-349 Streptococcus sobrinus 1074073.3

Streptococcus sobrinus TCI-352 Streptococcus sobrinus 1074074.3

Streptococcus sobrinus TCI-355 Streptococcus sobrinus 1074076.3



Streptococcus sobrinus TCI-357 Streptococcus sobrinus 1074077.3

Streptococcus sobrinus TCI-363 Streptococcus sobrinus 1074078.3

Streptococcus sobrinus TCI-366 Streptococcus sobrinus 1074079.3

Streptococcus sobrinus TCI-367 Streptococcus sobrinus 1074080.3

Streptococcus sobrinus TCI-373 Streptococcus sobrinus 1074081.3

Streptococcus sobrinus TCI-374 Streptococcus sobrinus 1074082.3

Streptococcus sobrinus TCI-376 Streptococcus sobrinus 1074083.3

Streptococcus sobrinus TCI-377 Streptococcus sobrinus 1074084.3

Streptococcus sobrinus TCI-381 Streptococcus sobrinus 1074085.3

Streptococcus sobrinus TCI-384 Streptococcus sobrinus 1074086.3

Streptococcus sobrinus TCI-392 Streptococcus sobrinus 1074088.3

Streptococcus sobrinus TCI-395 Streptococcus sobrinus 1074089.3

Streptococcus sobrinus TCI-396 Streptococcus sobrinus 1074090.3

Streptococcus sobrinus TCI-50 Streptococcus sobrinus 1074056.3

Streptococcus sobrinus TCI-53 Streptococcus sobrinus 1074057.3

Streptococcus sobrinus TCI-54 Streptococcus sobrinus 1074058.3

Streptococcus sobrinus TCI-56 Streptococcus sobrinus 1074059.3

Streptococcus sobrinus TCI-61 Streptococcus sobrinus 1074060.3

Streptococcus sobrinus TCI-77 Streptococcus sobrinus 1074061.3

Streptococcus sobrinus TCI-79 Streptococcus sobrinus 1074062.3

Streptococcus sobrinus TCI-80 Streptococcus sobrinus 1074063.3

Streptococcus sobrinus TCI-89 Streptococcus sobrinus 1074064.3

Streptococcus sobrinus TCI-9 Streptococcus sobrinus 1074052.3

Streptococcus sobrinus TCI-98 Streptococcus sobrinus 1074065.3

Streptococcus sobrinus W1703 Streptococcus sobrinus 1227275.3

Streptococcus suis 05HAS68 Streptococcus suis 672190.3

Streptococcus suis 05ZYH33 Streptococcus suis 391295.8

Streptococcus suis 07SC3 Streptococcus suis 1214149.3

Streptococcus suis 10581 Streptococcus suis 1214158.3

Streptococcus suis 11538 Streptococcus suis 1214180.3

Streptococcus suis 11611 Streptococcus suis 1214148.3

Streptococcus suis 12814 Streptococcus suis 1214156.3

Streptococcus suis 13730 Streptococcus suis 1214159.3

Streptococcus suis 14636 Streptococcus suis 1214183.3

Streptococcus suis 14A Streptococcus suis 1214167.3

Streptococcus suis 161_00P5 Streptococcus suis 1214150.3

Streptococcus suis 22083 Streptococcus suis 1214184.3

Streptococcus suis 2524 Streptococcus suis 1214181.3

Streptococcus suis 2651 Streptococcus suis 1214154.3

Streptococcus suis 2726 Streptococcus suis 1214161.3

Streptococcus suis 4417 Streptococcus suis 1214155.3

Streptococcus suis 4961 Streptococcus suis 1214176.3

Streptococcus suis 6407 Streptococcus suis 1214179.3

Streptococcus suis 8074 Streptococcus suis 1214182.3

Streptococcus suis 86-5192 Streptococcus suis 1214166.3

Streptococcus suis 8830 Streptococcus suis 1214157.3

Streptococcus suis 89/1591 Streptococcus suis 286604.5

Streptococcus suis 89-1591 Streptococcus suis 1214151.3

Streptococcus suis 89-2479 Streptococcus suis 1214169.3

Streptococcus suis 89-3576-3 Streptococcus suis 1214171.3



Streptococcus suis 89-4109-1 Streptococcus suis 1214172.3

Streptococcus suis 89-5259 Streptococcus suis 1214173.3

Streptococcus suis 92-1191 Streptococcus suis 1214175.3

Streptococcus suis 92-1400 Streptococcus suis 1214177.3

Streptococcus suis 92-4172 Streptococcus suis 1214178.3

Streptococcus suis 93A Streptococcus suis 1214162.3

Streptococcus suis 98HAH33 Streptococcus suis 391296.8

Streptococcus suis A7 Streptococcus suis 993512.3

Streptococcus suis BM407 Streptococcus suis 568814.3

Streptococcus suis D12 Streptococcus suis 1004952.3

Streptococcus suis D9 Streptococcus suis 1005042.3

Streptococcus suis EA1832.92 Streptococcus suis 1321372.3

Streptococcus suis GZ1 Streptococcus suis 423211.3

Streptococcus suis JS14 Streptococcus suis 945704.3

Streptococcus suis NT77 Streptococcus suis 1214163.3

Streptococcus suis P1/7 Streptococcus suis 218494.6

Streptococcus suis R61 Streptococcus suis 996306.3

Streptococcus suis R735 Streptococcus suis 1214165.3

Streptococcus suis RC1 Streptococcus suis 1214152.3

Streptococcus suis S15 Streptococcus suis 1214160.3

Streptococcus suis S19 Streptococcus suis 1214164.3

Streptococcus suis S22 Streptococcus suis 1214168.3

Streptococcus suis S24 Streptococcus suis 1214170.3

Streptococcus suis S28 Streptococcus suis 1214174.3

Streptococcus suis S428 Streptococcus suis 1214153.3

Streptococcus suis S735 Streptococcus suis 1184252.3

Streptococcus suis SC070731 Streptococcus suis 1246365.4

Streptococcus suis SC84 Streptococcus suis 568813.3

Streptococcus suis SS12 Streptococcus suis 1005041.3

Streptococcus suis ST1 Streptococcus suis 1004951.3

Streptococcus suis ST3 Streptococcus suis 1007064.3

Streptococcus suis T15 Streptococcus suis 1340847.3

Streptococcus suis TL13 Streptococcus suis 1276647.3

Streptococcus suis YB51 Streptococcus suis 1380773.3

Streptococcus suis YS1 Streptococcus suis 1214185.3

Streptococcus suis YS10-2 Streptococcus suis 1214186.3

Streptococcus suis YS12 Streptococcus suis 1214187.3

Streptococcus suis YS14 Streptococcus suis 1214188.3

Streptococcus suis YS16 Streptococcus suis 1214189.3

Streptococcus suis YS17-2 Streptococcus suis 1214190.3

Streptococcus suis YS19-3 Streptococcus suis 1214191.3

Streptococcus suis YS21 Streptococcus suis 1214192.3

Streptococcus suis YS23-2 Streptococcus suis 1214193.3

Streptococcus suis YS24 Streptococcus suis 1214194.3

Streptococcus suis YS27-2 Streptococcus suis 1214195.3

Streptococcus suis YS3 Streptococcus suis 1214196.3

Streptococcus suis YS31 Streptococcus suis 1214197.3

Streptococcus suis YS34 Streptococcus suis 1214198.3

Streptococcus suis YS35 Streptococcus suis 1214199.3

Streptococcus suis YS39 Streptococcus suis 1214200.3



Streptococcus suis YS4 Streptococcus suis 1214201.3

Streptococcus suis YS43 Streptococcus suis 1214202.3

Streptococcus suis YS44 Streptococcus suis 1214203.3

Streptococcus suis YS46 Streptococcus suis 1214204.3

Streptococcus suis YS49 Streptococcus suis 1214205.3

Streptococcus suis YS50 Streptococcus suis 1214206.3

Streptococcus suis YS53 Streptococcus suis 1214207.3

Streptococcus suis YS54-2 Streptococcus suis 1214208.3

Streptococcus suis YS56 Streptococcus suis 1214209.3

Streptococcus suis YS57 Streptococcus suis 1214210.3

Streptococcus suis YS59 Streptococcus suis 1214211.3

Streptococcus suis YS6 Streptococcus suis 1214212.3

Streptococcus suis YS64 Streptococcus suis 1214213.3

Streptococcus suis YS66 Streptococcus suis 1214214.3

Streptococcus suis YS67 Streptococcus suis 1214215.3

Streptococcus suis YS7 Streptococcus suis 1214216.3

Streptococcus suis YS72 Streptococcus suis 1214217.3

Streptococcus suis YS74 Streptococcus suis 1214218.3

Streptococcus suis YS77 Streptococcus suis 1214219.3

Streptococcus thermophilus ASCC 1275 Streptococcus thermophilus 1408178.4

Streptococcus thermophilus CNCM I-1630 Streptococcus thermophilus 1042404.3

Streptococcus thermophilus CNRZ1066 Streptococcus thermophilus 299768.6

Streptococcus thermophilus DGCC7710 Streptococcus thermophilus 1268061.3

Streptococcus thermophilus JIM 8232 Streptococcus thermophilus 1051074.3

Streptococcus thermophilus LMD-9 Streptococcus thermophilus 322159.8

Streptococcus thermophilus LMG 18311 Streptococcus thermophilus 264199.4

Streptococcus thermophilus MN-ZLW-002 Streptococcus thermophilus 1187956.3

Streptococcus thermophilus MTCC 5460 Streptococcus thermophilus 1073569.3

Streptococcus thermophilus MTCC 5461 Streptococcus thermophilus 1073570.5

Streptococcus thermophilus ND03 Streptococcus thermophilus 767463.3

Streptococcus thoraltensis DSM 12221 Streptococcus thoraltensis 1123318.3

Streptococcus urinalis 2285-97 Streptococcus urinalis 764291.3

Streptococcus urinalis FB127-CNA-2 Streptococcus urinalis 883168.3

Syntrophothermus lipocalidus DSM 12680 Syntrophothermus lipocalidus 643648.3

Tetragenococcus muriaticus 3MR10-3 Tetragenococcus muriaticus 1302648.3

Tetragenococcus muriaticus DSM 15685 Tetragenococcus muriaticus 1123359.3

Tetragenococcus muriaticus PMC-11-5 Tetragenococcus muriaticus 1302649.3

Thiomicrospira chilensis DSM 12352 Thiomicrospira chilensis 1123515.3

Thiomicrospira crunogena XCL-2 Thiomicrospira crunogena 317025.9

Thiomicrospira kuenenii DSM 12350 Thiomicrospira kuenenii 1168067.3

Thiomicrospira pelophila DSM 1534 Thiomicrospira pelophila 1123517.3

Virgibacillus halodenitrificans Virgibacillus halodenitrificans 1482.4

Virgibacillus halodenitrificans 1806 Virgibacillus halodenitrificans 1196028.3

Weissella cibaria KACC 11862 Weissella cibaria 911104.3

Weissella confusa LBAE C39-2 Weissella confusa 1127131.3

Weissella halotolerans DSM 20190 Weissella halotolerans 1123500.3

Weissella hellenica Weissella hellenica 46256.5

Weissella koreensis KACC 15510 Weissella koreensis 1045854.4

Weissella koreensis KCTC 3621 Weissella koreensis 1123721.3

Weissella paramesenteroides ATCC 33313 Weissella paramesenteroides 585506.3



Xanthomonas albilineans Xanthomonas albilineans 29447.3

Xanthomonas campestris JX Xanthomonas campestris 1182783.3

Xanthomonas campestris LMCP11 Xanthomonas campestris 339.49

Xanthomonas campestris pv. arecae NCPPB 2649 Xanthomonas campestris 487849.3

Xanthomonas campestris pv. campestris str. 8004 Xanthomonas campestris 314565.5

Xanthomonas campestris pv. campestris str. ATCC 33913 Xanthomonas campestris 190485.4

Xanthomonas campestris pv. campestris str. B100 Xanthomonas campestris 509169.4

Xanthomonas campestris pv. campestris str. Xca5 Xanthomonas campestris 1211707.3

Xanthomonas campestris pv. cannabis NCPPB 2877 Xanthomonas campestris 92824.15

Xanthomonas campestris pv. musacearum 'Kenyan' Xanthomonas campestris 1075759.3

Xanthomonas campestris pv. musacearum NCPPB 2005 Xanthomonas campestris 1094183.3

Xanthomonas campestris pv. musacearum NCPPB 4379 Xanthomonas campestris 1094184.3

Xanthomonas campestris pv. musacearum NCPPB 4380 Xanthomonas campestris 1094185.3

Xanthomonas campestris pv. musacearum NCPPB 4381 Xanthomonas campestris 559737.3

Xanthomonas campestris pv. musacearum NCPPB 4384 Xanthomonas campestris 1094186.4

Xanthomonas campestris pv. musacearum NCPPB 4392 Xanthomonas campestris 1184263.3

Xanthomonas campestris pv. musacearum NCPPB 4394 Xanthomonas campestris 1094187.3

Xanthomonas campestris pv. raphani 756C Xanthomonas campestris 990315.4

Xanthomonas campestris pv. viticola LMG 965 Xanthomonas campestris 487899.3

Xanthomonas fragariae LMG 25863 Xanthomonas fragariae 1131451.6

Xanthomonas oryzae ATCC 35933 Xanthomonas oryzae 1313303.3

Xanthomonas oryzae pv. oryzae KACC 10331 Xanthomonas oryzae 291331.8

Xanthomonas oryzae pv. oryzae MAFF 311018 Xanthomonas oryzae 342109.8

Xanthomonas oryzae pv. oryzae NAI8 Xanthomonas oryzae 1423889.3

Xanthomonas oryzae pv. oryzae PXO99A Xanthomonas oryzae 360094.4

Xanthomonas oryzae pv. oryzicola BLS256 Xanthomonas oryzae 383407.3

Xanthomonas oryzae pv. oryzicola MAI10 Xanthomonas oryzae 1423890.3

Xanthomonas oryzae X11-5A Xanthomonas oryzae 1009853.4

Xanthomonas oryzae X8-1A Xanthomonas oryzae 1009854.4

Xenorhabdus bovienii SS-2004 Xenorhabdus bovienii 406818.4

Xenorhabdus nematophila C2-3 Xenorhabdus nematophila 628.3

Xenorhabdus nematophila F1 Xenorhabdus nematophila 1306162.3

Xylella fastidiosa 32 Xylella fastidiosa 1214121.5

Xylella fastidiosa 6c Xylella fastidiosa 1211847.5

Xylella fastidiosa 9a5c Xylella fastidiosa 160492.11

Xylella fastidiosa ATCC 35879 Xylella fastidiosa 2371.35

Xylella fastidiosa Dixon Xylella fastidiosa 155919.4

Xylella fastidiosa EB92.1 Xylella fastidiosa 945689.3

Xylella fastidiosa M12 Xylella fastidiosa 405440.5

Xylella fastidiosa M23 Xylella fastidiosa 405441.5

Xylella fastidiosa MUL0034 Xylella fastidiosa 1401256.4

Xylella fastidiosa Mul-MD Xylella fastidiosa 1403344.3

Xylella fastidiosa PLS229 Xylella fastidiosa 1444770.3

Xylella fastidiosa subsp. fastidiosa GB514 Xylella fastidiosa 788929.3

Xylella fastidiosa subsp. multiplex ATCC 35871 Xylella fastidiosa 1267006.3

Xylella fastidiosa subsp. multiplex str. Red Oak 1 Xylella fastidiosa 1343737.3

Xylella fastidiosa subsp. sandyi Ann-1 Xylella fastidiosa 155920.4

Xylella fastidiosa Temecula1 Xylella fastidiosa 183190.5

(a) Strain designation

(b) Species name



(c) NCBI taxonomy strain id
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