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Abstract

Motivation: Microbial communities drive matter and energy transformations integral to global biogeochemical
cycles, yet many taxonomic groups facilitating these processes remain poorly represented in biological sequence
databases. Due to this missing information, taxonomic assignment of sequences from environmental genomes
remains inaccurate.

Results: We present the Tree-based Sensitive and Accurate Phylogenetic Profiler (TreeSAPP) software for functional-
ly and taxonomically classifying genes, reactions and pathways from genomes of cultivated and uncultivated
microorganisms using reference packages representing coding sequences mediating multiple globally relevant
biogeochemical cycles. TreeSAPP uses linear regression of evolutionary distance on taxonomic rank to improve
classifications, assigning both closely related and divergent query sequences at the appropriate taxonomic
rank. TreeSAPP is able to provide quantitative functional and taxonomic classifications for both assembled and
unassembled sequences and files supporting interactive tree of life visualizations.

Availability and implementation: TreeSAPP was developed in Python 3 as an open-source Python package and is
available on GitHub at https://github.com/hallamlab/TreeSAPP.

Contact: shallam@mail.ubc.ca

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

We live in a world dominated by prokaryotic (archaea and bacteria)
microorganisms. The collective properties of this unseen majority
have an enormous impact on the world, driving matter and energy
transformations through networks of metabolite exchange (Canfield
et al., 2010; Falkowski et al., 2008; Hurwitz and Sullivan, 2013).
Over geological time, these interactions have fundamentally trans-
formed the surface chemistry of the earth and continue to shape
elemental fluxes between atmospheric, terrestrial and aquatic com-
partments of the biosphere. A versatile set of functional genes that
evolved early in the history of life are responsible for driving biogeo-
chemical processes through largely defined metabolic pathways
(Falkowski et al., 2008). Genes encoding diagnostic steps in these

pathways (e.g. functional anchors) can be assembled into a phylo-
genetic framework that provides information on the distribution,
abundance and taxonomic origin of environmental sequences.
However, charting the diversity and distribution patterns of func-
tional and taxonomic anchor genes is limited by our inability to
quantitatively resolve microbial communities within a standard
taxonomic hierarchy.

Despite a plethora of published software (Boyd et al., 2018;
Buchfink et al., 2015; Darling et al., 2014), taxonomic assignment
remains an unsolved problem (Peabody et al., 2015). Many factors
must be considered when interpreting taxonomic profiles but per-
haps the most vexing are legacy misclassifications in biological
sequence databases, which are particularly difficult to predict and
fix (Kozlov et al., 2016; Merchant et al., 2014; Nasko et al., 2018).
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The potential for misclassification is exacerbated by the recent inclu-
sion of composite metagenome-assembled genomes (MAGs) in such
databases (Shaiber and Eren, 2019). Moreover, despite enormous
progress in high-throughput cultivation (Cross et al., 2019; Nichols
et al., 2010) the majority of microorganisms from natural and engi-
neered environments remain to be isolated in a laboratory setting
(Rappé and Giovannoni, 2003; Solden et al., 2016; Steen et al.,
2019). This ‘cultivation gap’ poses a formidable issue for taxonomic
assignment as many sequences derived from the environment are
distantly related to representatives in sequence databases that under-
pin taxonomic classification software. Single-cell amplified genomes
(SAGs) have the potential to bridge the gap by linking individual,
environmental genotypes to specific taxonomic labels (Rinke et al.,
2013). However, their utility in annotation pipelines has yet to be
realized.

Common methods for taxonomic classification include pairwise
sequence alignment (Altschul et al., 1990; Buchfink et al., 2015),
k-mer matching (Kim et al., 2016; Ondov et al., 2016) and phylo-
genetic placement (Barbera et al., 2019; Berger and Stamatakis,
2011; Matsen et al., 2010; Stark et al., 2010). These methods rely
on indexed files from either custom, curated sequence datasets or
massive repositories. Distance between query and reference sequen-
ces can be estimated using sequence similarity, evolutionary distance
or derivatives thereof. Current taxonomic assignment methods do
not factor these measures into classification, instead using either a
lowest common ancestor (LCA), best-hit or ensemble approach to
yield a single taxonomic label (Hanson et al., 2016; Huson et al.,
2007; Konwar et al., 2013). This frequently leads to over-
classification in the presence of unrepresented taxa. Phylogenetic
placement methods are well-equipped to handle gene-centric assign-
ment because the branch length distances between query and related
reference sequences serve as a coordinate system when estimating
taxonomic relationships (Ciccarelli et al., 2006). Applications that
calibrate taxonomic rank thresholds to a phylogeny’s branch lengths
have been developed (Parks et al., 2018; Wu et al., 2013). As part of
the Genome Taxonomy Database (GTDB), nodes in reference phy-
logenies are calibrated by their relative evolutionary distance (RED)
values (Chaumeil et al., 2019). However, the GTDB toolkit is not
intended for gene-centric taxonomic assignment but for classifying
genomes by placing concatenated single-copy marker genes sequen-
ces into pre-computed reference trees. Alternatively GraftM can use
pplacer for phylogenetic placement of query sequences into gene
trees but stops short of using evolutionary distance to correct for
over-classification and annotates query sequences using one refer-
ence package at a time (Boyd et al., 2018).

Here, we present the Tree-based Sensitive and Accurate
Phylogenetic Profiler (TreeSAPP), a gene-centric functional and
taxonomic classification tool able to classify proteins and assembled
or unassembled nucleotide sequences. Fragments per Kilobase per
Million reads values can be calculated and used in all outputs for
genomic or transcriptomic data with short-read sequences in
FASTQ format. By using RAxML’s evolutionary placement algo-
rithm (EPA), TreeSAPP leverages the evolutionary distance to refer-
ence sequences (EDR), a sum of the distal and pendant lengths as
well as the mean length from the placement edge to all descendent
leaf tips, correlated with taxonomic rank to recommend optimal
taxonomic ranks for more accurate classifications. Structural and
metabolic feature information can be annotated in the interactive
tree of life (iTOL) and exported to allow for improved functional
annotation of query sequences (Letunic and Bork, 2016). In addition
to a classification table, placement outputs are compatible with
iTOL for easy creation of publication-quality figures (Fig. 1).

2 Materials and methods

TreeSAPP was developed in Python 3. It uses the Environment for
Tree Exploration Python package for many tree manipulation opera-
tions (Huerta-Cepas et al., 2016b). The multiprocessing Python
package is used to run executable processes in parallel unless it is
more efficient to use the software’s native parallelization capabil-
ities. BioPython is used for downloading lineage information from

Entrez’s taxonomy database for each reference sequence when build-
ing new reference packages (Cock et al., 2009). Sequences for the
reference packages described in this manuscript were primarily
downloaded from the FunGene repository as this resource provides
curated sequences for many of the functional anchor genes involved
in major biogeochemical cycles (Fish et al., 2013) (Supplementary
Table S1). Additionally, to provide the most comprehensive refer-
ence trees, newly published sequences that were not included
in FunGene 9.6 were included from GenBank and the Joint Genome
Institute’s Integrated Microbial Genomes and Microbiomes
(IMG/M) (Borrel et al., 2019; Hua et al., 2019; McKay et al., 2019;
Seitz et al., 2019; Wang et al., 2019). All benchmarking was
performed on a server with a 20 physical core (40 virtual) Intel
Xeon CPU (E5-2650 v3), 264 GB of RAM and a 5 TB HDD.
The operating system was Red Hat Enterprise Linux Server release
7.5 (Maipo).

2.1 Building reference packages with TreeSAPP create
TreeSAPP’s classification workflow requires a multiple sequence
alignment (MSA), profile hidden Markov model (HMM), taxonom-
ic lineages and phylogenetic tree for all reference sequences
(Supplementary Fig. S1). Together these files constitute a reference
package, built using treesapp create, and allow for rapid query se-
quence filtering, phylogenetic placement and taxonomic classifica-
tion. Construction began with removing truncated sequences using
either a provided HMM or a database’s filter prior to downloading.
An empirically determined threshold of 60% profile HMM coverage

Fig. 1. The workflow of the current study. Sequences for building reference packages

were sourced from the NCBI and FunGene databases. Sequences were downloaded

from EggNOG for validating reference packages and benchmarking TreeSAPP

against GraftM. IMG/M metagenomes were used to explore the global diversity

of Mcr
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was required of candidate reference sequences to balance inclusivity
and profile quality. NCBI taxonomic lineages were then down-
loaded for each candidate reference sequence with a valid accession.
Lineage information of unaccessioned sequences can be provided via
either a table or the FASTA file using a custom header format.
Optional taxonomy-based filtering was performed (e.g. to remove
viral or eukaryotic sequences). This set can then be clustered using
USEARCH at a specified proportional similarity (Edgar, 2010).
Non-homologous (i.e. outlier or mis-annotated) sequences were
identified by OD-Seq and removed (Jehl et al., 2015). These auto-
matically curated sequences were used to generate the reference
MSA with MAFFT’s -‘auto’ algorithm (Katoh and Standley, 2013).
The resulting MSA was used by HMMER’s ‘hmmbuild’ module to
build a new profile HMM (Eddy, 1998). Before tree construction,
the MSA was optionally trimmed using BMGE with the least con-
served matrix, BLOSUM30 for proteins or PAM100 otherwise, to
decrease the runtime required for phylogeny inference by removing
non-conserved positions (Criscuolo and Gribaldo, 2010).

By default, RAxML is used for phylogenetic inference, automat-
ically using the optimal substitution model (invoked with the -
PROTGAMMAAUTO flag) and the minimum number of boot-
straps necessary (using -‘autoMR’) (Pattengale et al., 2010;
Stamatakis, 2006). Yet, in light of cursory taxonomic classification
performance results indicating little difference between RAxML and
FastTree (Supplementary Fig. S6) with a drastic difference in com-
pute time, FastTree is available as well (Price et al., 2010). In this
case, a bootstrapped tree will not be generated and the LG amino
acid substitution model is used unless the user specifies differently
(Le and Gascuel, 2008). To assign taxonomy at the most appropri-
ate rank given a placement’s distance, a linear correlation of taxo-
nomic rank with EDR is estimated for each reference package.
Briefly, all sequences from a taxonomic group were removed from
the reference tree before clustered sequences from the initial input
FASTA file were mapped back to the tree using EPA. The placement
distances were calculated and recorded before the next iteration
involving a different taxon until all possible taxa have been exhaust-
ively placed. Outliers are then removed from these data and rarefied
to improve normality across the ranks before a linear model is fit.

2.2 Testing classification performance with TreeSAPP

evaluate
TreeSAPP’s classification performance was evaluated using clade ex-
clusion analysis (described below) and the binary classification met-
ric, Matthews’ correlation coefficient (MCC) (Matthews, 1975
(Supplementary Equation S1). TreeSAPP was compared to GraftM
and DIAMOND, as implemented in GraftM, using 15 taxonomic
and 12 functional anchor reference packages (Supplementary Table
S1). Functional anchor reference packages were only used during
clade exclusion analysis as their representation in the MCC test data
(EggNOG) was too limited and potentially a source of bias. To con-
sistently compare between methods, all performance analyses relied
on the NCBI’s taxonomic hierarchy for determining each sequence’s
optimal taxonomic assignment: the highest resolution taxonomic
classification with respect to the taxonomic composition of the ref-
erence package (i.e. the LCA between the query and most closely
related reference). Under these conditions, ‘taxonomic distance’ is
defined as the number of ranks separating the LCA of the optimal
taxonomic assignment and the taxon assigned by the software
(Supplementary Fig. S4). Given there are eight conventional taxo-
nomic ranks used in the classification of Bacteria and Archaea, the
maximum taxonomic distance is eight while a perfect classification
has a taxonomic distance of zero.

Classification performance was measured utilizing 15 universal
single-copy taxonomic anchor genes and the EggNOG database
(v4.5.1) (Supplementary Table S1), with reference sequences from
Bacteria and Archaea but excluding Eukaryotes to simplify the hier-
archy. In addition to RecA, RadA and RpoB, nearly ubiquitous
taxonomic anchor genes used by the GTDB were identified as being
present in at least 90% of Archaea and Bacteria (Parks et al., 2018).
Out of this set, 12 were selected that also had entries in the PFam

database and were therefore easily accessed. Sequences that were ei-
ther not in the PFam database or did not have an obvious corre-
sponding orthologous group in EggNOG were omitted. For each
taxonomic distance between zero and eight, sequence classifications
matching their EggNOG annotations within the taxonomic distance
threshold were counted as true positives. Sequences that were classi-
fied as taxa outside of the threshold or as the wrong gene were
counted as false positives. EggNOG sequences that were ortholo-
gous to any of the 12 reference packages but were not classified
counted as false negatives while all remaining sequences were true
negatives. Classification performance was determined using MCC
due to its ability to report reasonable values even with very different
class sizes (Boughorbel et al., 2017).

Taxonomic classification accuracy was estimated by clade exclu-
sion analysis using functional anchor reference packages for dissimi-
latory sulphite reductase alpha and beta subunits (DsrAB), methyl
coenzyme-M reductase alpha, beta and gamma subunits (McrA,
McrB and McrG), periplasmic nitrate reductase (NapA),
NO-forming nitrite reductase (NirK and NirS), nitrogenase molyb-
denum–iron protein alpha chain(NifD), nitric oxide reductase
subunit B (NorB), nitrite oxidoreductase subunits A and B (NxrA
and NxrB) and a combined particulate methane monooxygenase
and ammonia monooxygenase (PmoA/AmoA). Clade exclusion ana-
lysis measures classification performance in scenarios where the
query sequences lack a close relative in the reference set, as is typical
during taxonomic classification of metagenomes (Peabody et al.,
2015) (Supplementary Fig. S3). The analysis required reference
sequences with taxonomic lineages completely resolved to the rank
evaluated. Sequences not resolved to the rank being evaluated (e.g.
Archaea; Euryarchaeota; environmental samples for Class) were
removed as their specific taxonomic relationship to other reference
sequences was unknown. For each taxonomic rank tested, represen-
tative sequences were selected for each taxon (an arbitrary max-
imum of five so as to not introduce lineage-specific bias into the
final estimate) and sequences belonging to that taxon were removed
from the reference package. These representative sequences were
then classified and compared to their optimal taxonomic assign-
ment. Distances from their optimal taxonomic assignments were
tabulated and reference sequences were returned to the reference
package before the next taxon was tested. Only taxa that shared a
common ancestor at the rank tested with one or more remaining ref-
erence sequences were evaluated. For example, evaluating the ability
to classify at the rank of Class using sequences belonging to the
order Methanosarcinales would require the reference package to
contain other members of the parent taxonomic class
Methanomicrobia that are not Methanosarcinales, such as
Methanomicrobiales. This allows the software to optimally classify
the sequences as Methanomicrobia.

2.3 Classifying query sequences with TreeSAPP assign
TreeSAPP begins by predicting open reading frames (ORFs) using
Prodigal v2.6.3 if the inputs are nucleotide sequences, otherwise this
step is skipped (Supplementary Fig. S2) (Hyatt et al., 2010).
Resulting ORFs are conceptually translated into proteins that are
then aligned to curated reference sequences using hmmalign, within
the HMMER v3.1 package (Eddy, 1998). Homologous sequences
are then extracted and mapped onto the reference MSA with hmma-
lign. Optionally, alignments are trimmed using BMGE to remove
non-conserved positions from the alignment file and reduce compu-
tation time (Criscuolo and Gribaldo, 2010). BMGE uses the
BLOSUM30 substitution matrix for protein sequences, as recom-
mended by Tan et al. (2015). RAxML-EPA places the query sequen-
ces in the reference tree by finding the optimal phylogeny likelihood
with the sequence inserted (Berger and Stamatakis, 2011). Query se-
quence placements are filtered by evolutionary distance and likeli-
hood weight ratio prior to predicting taxonomy at the linear-model
recommended rank. The complete set of ORF sequences predicted
by Prodigal (both nucleotide and amino acid forms), a FASTA file
containing only the classified ORFs and a classification table with
taxonomy and abundance information are included as outputs.
JPlace files, containing reference tree placement coordinates for all
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queries classified, are additionally provided for each reference pack-
age. Along with colour and style information files made for a specif-
ic phylogeny, these placements may be visualized in iTOL (Letunic
and Bork, 2019).

3 Results

Many taxonomic assignment software methods are evaluated by a
mock community of known, but severely limited diversity. So while
these analyses are useful, their inherent oversimplification prohibits
their performance estimates from being extensible to natural and
engineered microbial communities. This is especially perplexing for
gene-centric annotation software, where the total diversity of query
sequences is reduced compared to whole-genome binning and profil-
ing tools. Efforts are being made to provide well-designed mock
communities for metagenome analysis, including taxonomic assign-
ment, though they are still limited in their diversity (Sczyrba et al.,
2017). Therefore, we decided to compare the taxonomic classifica-
tion performance of TreeSAPP to GraftM and DIAMOND using the
large, but still well curated, EggNOG database (v4.5) (Huerta-
Cepas et al., 2016a) comprised of 2031 organisms for universal
taxonomic anchor genes. Additionally, we used treesapp evaluate to
simulate reference packages that do not represent taxa from Species
to Class-level sequence divergence to determine how each tool clas-
sifies well and poorly represented query sequences. Finally,
TreeSAPP was used to profile all metagenome-derived proteins in
the IMG/M database.

3.1 Performance
Classification and runtime performance of TreeSAPP were bench-
marked against GraftM with the default hmmsearch search strategy
and pplacer placement method as well as DIAMOND-mode as a
proxy for an alignment-based search and classification strategy
(Boyd et al., 2018; Buchfink et al., 2015). Classifying the EggNOG
database (version 4.5.0) (Huerta-Cepas et al., 2016a) with 12 single-
copy taxonomic anchors revealed TreeSAPP’s overall classification
performance was, with little exception, preferable to that of either a
pairwise alignment strategy or GraftM (Fig. 2 and Supplementary
Table S2). This is due in large part to TreeSAPP’s evolutionary
distance-based filtering thresholds that favourably remove false pos-
itives without increasing false negatives, thereby increasing preci-
sion; GraftM and DIAMOND accrued over 3000 more false

positives than TreeSAPP. Notably, this performance was achieved
only using RAxML version 8.2.12 as we found pendant length dis-
tances were estimated accurately beginning with this version. Based
on the performance of TreeSAPP using alignment trimming but
assigning taxonomy to queries only by LCA (TreeSAPP-BMGE-
Raw), adjusting a query’s assigned taxonomic rank by its EDR is
worthwhile. However, relative to DIAMOND and GraftM,
TreeSAPP’s recall was not as strong, mostly stemming from the ini-
tial HMM search, missing 1775 EggNOG sequences versus 561 and
789 for GraftM and DIAMOND at the most relaxed taxonomic
rank distance allowed, respectively (Supplementary Fig. S5 and
Table S2). The vast majority of false negatives were accounted for
by Eukaryotic sequences and this is sensible given the reference
packages were built using only sequences from Bacteria and
Archaea. Only 7.1% of unclassified sequences were bacterial or
archaeal in origin. Still, 5420 Eukaryotic sequences were correctly
classified suggesting TreeSAPP is able to accurately identify very dis-
tantly related homologous sequences. False negatives were unevenly
distributed across the tested reference packages with over 60% from
just 3 (minimum ¼1 from Ribosomal S3Ae family, maximum ¼653
from Ribosomal protein L1p/L10e family, median ¼23).

Clade exclusion analysis was used to dually determine the accur-
acy of these methods using functional anchors with less congruent
phylogenetic and taxonomic relations as compared to the ribosomal
proteins, and how these methods perform when databases lack ref-
erence sequences that are closely related to query sequences. Query
sequences were downloaded from FunGene version 9.6 and clus-
tered at 99% similarity with USEARCH (Edgar, 2010). EggNOG
was not used in this case as its taxonomic breadth of 2031 organ-
isms, many of which do not contain any of the functional markers,
was deemed inadequate for reference package construction. Using
treesapp evaluate, iterative clade exclusion analyses were performed
for every testable taxon and each reference package was independ-
ently analysed. Classification performance was variable, but not
considerably so, across the reference packages tested. McrA tended
to yield the best assignments while PmoA/AmoA and DsrAB consist-
ently performed poorly. GraftM and TreeSAPP both perform much
better than DIAMOND when classifying divergent sequences
(Class-, Order- and Family-level relations to closest relative in refer-
ence set) but comparable when query sequences were similar to the
reference set (Fig. 3). Most of TreeSAPP’s classifications were <2
taxonomic ranks away from the optimal assignment on average, re-
gardless of sequence divergence, and sequences were classified with
approximately equivalent accuracy across taxonomic ranks. Since
false negatives were unavailable for this analysis the F1 score, the
harmonic mean of precision and recall, was used to compare across
all reference packages (Supplementary Fig. S7). The difference in
each of the methods’ ability to handle distantly related sequences is
emphasized in these values. All did comparably well when

Fig. 2. Classification performance of TreeSAPP, GraftM and DIAMOND as eval-

uated by the MCC. TreeSAPP was run both with (TreeSAPP-BMGE) and without

MSA trimming using BMGE. TreeSAPP-BMGE-Raw represents the classification

performance of TreeSAPP with BMGE but without the linear-model-based rank rec-

ommendation. Distance from optimal rank is the accepted taxonomic distance in

order for a classified sequence to be considered a true positive. Sequences that failed

to meet the distance from optimal rank were included in the MCC calculation as

false positives

Fig. 3. Average taxonomic distance across all taxa evaluated for 12 functional

anchors. Colours correspond to the taxonomic rank evaluated by clade exclusion

analysis and serve as a proxy for sequence divergence. Dashes along the y-axis show

the distribution of points on a single plane. P_amoA is a reference package with

sequences containing both PmoA and AmoA
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classifying queries closely related to reference sequences (F1 scores
between 0.71 and 0.92) but varied significantly for distantly related
queries (between 0.04 and 0.8).

Clade exclusion analysis was used again to confirm the results
observed by classifying the taxonomic anchor genes in EggNOG.
The mean distances and F1 scores were consistent with the function-
al anchor genes, with a few reference packages performing poorly
(Supplementary Figs S8 and S9). This could not be completed for
DIAMOND and GraftM as one of its dependencies for building ref-
erence packages, Taxtastic (https://github.com/fhcrc/taxtastic),
would frequently timeout.

Classification and JPlace files can be used for purposes beyond
taxonomic and functional profiling; TreeSAPP can also discover
genes, reactions and pathways associated with organismal genomes,
SAGs or MAGs. To evaluate this aspect of the TreeSAPP pipeline,
we developed a use case for McrA, because this reference package
performed the best during benchmarking. The mcrA gene along
with mcrB and mcrG encode the holoenzyme mediating the terminal
step in biological methane production, though it is also capable of
binding and activating methane in the anaerobic oxidation of me-
thane and more recently may be used in the oxidation of short-chain
alkanes (Laso-Pérez et al., 2016). The McrA phylogeny has been
shown to be fairly congruent with both small subunit ribosomal
RNA (SSU or 16S rRNA) gene and concatenated marker gene phy-
logenies, with limited recorded instances of lateral gene transfer,
and is therefore more likely to perform well as a taxonomic anchor
(Evans et al., 2019; Springer et al., 1995). Moreover, methane-
metabolism pathway information has been provided for each known
clade and expected to be conserved, making accurate metabolic
inferences directly from phylogenetic placement possible (Evans
et al., 2019).

3.2 Global McrA survey
TreeSAPP was used to find and classify all McrABG sequences from
the Joint Genome Institute’s IMG/M database image from January
10, 2017. There were 7.715�109 (�1.2 TB) of putative amino acid
sequences included in this analysis and 14 919 McrA, 11 825 McrB
and 8609 McrG sequences were taxonomically classified. A total of
816 metagenomes were found to contain at least 1 of the 3 Mcr sub-
units. Sequences shorter than 84 AA, corresponding to the first
quantile of length-sorted sequences, were removed to mitigate incor-
rect classifications leaving 11 256 McrA. About 58% (6533) of the
McrA sequences were classified at the rank of Genus or Species and
only 3.6% were classified as Archaea (Supplementary Fig. S10).
Methanomicrobia and Methanobacteria were the most sampled
classes with 5505 and 1572, respectively. Methanoculleus,
Methanobrevibacter, Methanobacterium and Methanoregula were
the most common genera accounting for 2891 sequences. Of all the
McrA sequences classified 4251 sequences were resolved to at least
Phylum (to reduce the chance they were false positives) and no fur-
ther than Family. Even though 2764 of these were classified to the
NCBI’s Phylum rank as either ‘environmental samples’ or ‘metage-
nomes’, they can still be considered novel with respect to cultured
archaea. These novel sequences were from 432 metagenomes, pri-
marily represented by wetland and hydrothermal vent communities.
Strikingly, 89% of the 806 McrA sequences from hydrothermal vent
metagenomes were considered novel. While the number of uniquely
novel sequences was not determined, updating the reference tree
after clustering all sequences at 97% similarity added 412 leaves, an
increase of 180%.

Additionally, the McrA tree was annotated with methane-
metabolism pathway information for each known clade (Borrel
et al., 2014, 2019; Evans et al., 2019; Whitman et al., 2006)
(Supplementary Fig. S11) and this was used to provide metabolic
labels for an additional 10 839 sequences. A metabolic label was not
assigned to sequences placed at a node where descendants possess
multiple metabolic labels. CO2-dependent hydrogenotrophy was the
most common metabolism by a large margin and methylotrophy
was the least common. There were no signs of mutual exclusion
among metabolisms or between metabolisms and broad ecosystem
categories but some trends were identified for specific ecosystem

sub-types. Hydrothermal vents, oil seeps, thermal springs and an
asphaltene lake harboured relatively abundant McrA associated
with short-chain alkane-oxidizing and anaerobic methanotrophic
Archaea. Only thermal springs also hosted an abundant methano-
genic population. McrA associated with CH3-dependent hydrogeno-
trophic methanogenesis were most prevalent in digestive systems
and other environments rich in organic matter. The most aceticlastic
McrA were found in soil and freshwater environments as well as an-
aerobic digesters.

Together, using TreeSAPP’s phylogenetically derived taxonomic
classifications, these metagenomic data indicate that there are plenty
of novel methanogenic and short-chain alkane-oxidizing Archaeal
lineages that remain to be described.

4 Discussion

TreeSAPP is a functional and taxonomic annotation software that
uses phylogenetic placement for accurate classifications. It is readily
able to classify sequences derived from organismal genomes, envir-
onmental genomes (SAGs, MAGs) and metagenomes—even those
that are distantly related to reference genomes present in contempor-
ary databases. Moreover, it capitalizes on the phylogenetic frame-
work to transitively assign taxonomic and functional feature
information. In cases of complex evolutionary histories, internaliz-
ing these features in the reference package, by annotating clades,
ensures that distantly related genes are not mis-annotated, thereby
reducing false discovery. TreeSAPP was designed to integrate with
iTOL as well as biological sequence databases so sequences can be
easily linked to their respective taxonomic lineages. We are looking
to expand support for databases beyond EggNOG and Entrez so
users can more easily create reference packages. Moreover, to keep
reference packages as current as possible, query sequences that meet
profile HMM proportion thresholds and are deemed sufficiently di-
vergent from current reference sequences are used to readily rebuild
reference MSA, profile HMM and tree using treesapp update. We
do not plan to regularly update all reference packages centrally.
Rather, in their current state, these are meant to be used as mutable
objects that users can update as required to suit their unique efforts
(Fig. 4).

4.1 Performance
Classification performance analyses indicate that TreeSAPP was bet-
ter at both identifying and assigning taxonomy to query protein
sequences than DIAMOND and GraftM, especially when query
sequences were novel with respect to the reference sequences. The
MCC values generated using EggNOG showed TreeSAPP’s taxo-
nomic classifications were better than both GraftM and
DIAMOND, though this was only achieved with taxonomic rank
recommendation from linear models. Even still, it is important to
point out that the pairwise alignment performance of DIAMOND
shown here is not extensible to pairwise alignment in general be-
cause databases tend to be more comprehensive than reference pack-
ages used in this study. Unfortunately, we were unable to compare
our classification results to those of the critical assessment of meta-
genome interpretation project since their performance summaries
were based on classifications of DNA sequences (Sczyrba et al.,
2017). A recent meta-analysis of taxonomic classification tools by
Ye et al. (2019), though not directly comparable, produced F1
scores similar to our analyses for DIAMOND at the Genus and
Species ranks (ranging from 0.1 to 0.4, Supplementary Fig. S7) indi-
cating that both GraftM and TreeSAPP would outperform their
tested ‘DNA-to-protein’ classifiers (tools that classify DNA sequen-
ces using protein databases).

Through these analyses, we also found classification precision to
vary by reference package. All classifiers struggled to accurately as-
sign taxonomy with the DsrAB reference package [included reduc-
tive and oxidative forms of DsrA and DsrB, and validated with
sequences from Müller et al. (2015)]. DsrAB is a composite refer-
ence package containing the homologous subunits DsrA and DsrB,
anaerobic sulphite reductase subunit C and a nitrite and sulphite
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reductase clade of Euryarchaeota. Including homologous but func-
tionally diverse genes in a single phylogeny can safeguard from erro-
neous functional attributions by performing a second classification
with additional tree decoration information, as implemented in tree-
sapp layer, but may result in less accurate taxonomic assignments
(Supplementary Methods). More research into building reference
packages for complex gene families is needed.

4.2 Application
TreeSAPP was used to classify all metagenome-derived McrABG
subunits in IMG/M. It identified several thousand novel sequences
(i.e. not represented by either a Genus or Species) with respect to
our contemporary, metabolically annotated reference McrA tree.
Specifically, Gulf of California hydrothermal vent samples con-
tained diverse methanotrophic and short-chain alkane-oxidizing
Archaea, of which nearly 90% do not have a Genus-level representa-
tive. We also estimated the relative abundance of McrA associated
with known methanogenic and alkanotrophic metabolisms, identify-
ing CO2-dependent hydrogenotrophy as vastly more common than
any other on a per-ORF basis. This use case illustrates the power of
TreeSAPP in identifying new lineages and resolving quantitative
functional differences between locations. This rich dataset is ripe for
further diversity and correlation-based analyses to inform future
sequencing and cultivation efforts.

4.3 Future development
In the process of developing and testing TreeSAPP several potential
areas of improvement were recognized. TreeSAPP is slower and
requires more RAM than GraftM (Supplementary Fig. S13) for a
number of reasons. Intermediate files are written so runs can be
restarted from checkpoints at the cost of more time spent perform-
ing I/O operations. TreeSAPP uses Prodigal for ORF prediction and
conceptual translation (Hyatt et al., 2010), while GraftM employs
the simple and significantly faster OrfM (Woodcroft et al., 2016).
TreeSAPP uses one HMM for both search and profile multiple align-
ments. This is less sensitive than GraftM’s search-specific HMM
where sequences were taxonomically deduplicated before building
(data not shown). Adopting this strategy could be beneficial if it

does not increase the false positive rate. Finally, RAxML’s EPA is
used for phylogenetic placement, instead of the faster pplacer. While
neither tool scales particularly well on a single compute node
(Supplementary Fig. S14) future versions of TreeSAPP will see
marked improvements in sequential and parallel computing effi-
ciency by adopting the faster RAxML-NG and EPA-NG (Barbera
et al., 2019; Kozlov et al., 2019).

Several developments in phylogenetic placement have been pub-
lished recently that may lead to further improvements in efficiency
and accuracy (Barbera et al., 2019; Czech et al., 2019). Among them
is hierarchical phylogenetic placement, which involves placing query
sequences onto a taxonomically broad and sparse backbone tree with
subsequent placement onto high-resolution phylogenies based on the
backbone edge position. This method has the potential to increase
phylogenetic placement precision while reducing computational
requirements (Czech et al., 2019). Moreover, new phylogenetically
informed Bacterial and Archaeal taxonomic hierarchies are being
introduced (Parks et al., 2018). Leveraging a principled taxonomic
framework based on phylogenetic relationships will likely improve
the taxonomic classifications of all phylogenetic methods.

Modelling the relationship between taxonomic rank and EDR for
rank recommendation benefits taxonomic classification performance
(Fig. 2). It is most beneficial when classifying distantly related query
sequences that map to either a leaf’s edge or a sparse clade resulting in
a shallow (Species or Genus) LCA. However, generating the EDR
data for training is currently a slow, iterative process. Moreover, a re-
liable model is not created if there is insufficient taxonomic redun-
dancy within reference sequences (i.e. a single Order is representing a
Class, so removing that Order removes the entire Class and next clos-
est ancestor is at Phylum). Using distances directly from the tree, as
was used in the GTDB-Tk (Chaumeil et al., 2019) with RED, would
accelerate this process and benefit consistency.

5 Conclusion

We have developed a functional and taxonomic annotation soft-
ware, TreeSAPP, with improved classification performance based on
regression of evolutionary distances and taxonomic ranks to recom-
mend more accurate taxonomic assignments. TreeSAPP is able to

A
B

C

Fig. 4. Phylogenetic and metabolic analysis of IMG metagenome-derived McrA sequences. (A) All predicted metagenome-derived McrA sequences (14 919) from IMG/M (as

of January 10, 2017) were classified using TreeSAPP and visualized in iTOL. The tree shown here contains 228 reference McrA sequences including most newly described line-

ages from the “divergent McrA” clade hypothesized to be involved in oxidizing higher alkanes. A version of the tree with leaf labels is available as Supplementary Figure S12.

(B) Proportion of sequences assigned at each taxonomic rank. (C) Putative methanogenesis and methanotrophic metabolisms supported in each ecosystem category as inferred

by their placement on the reference McrA tree. Sequences that mapped deeply and converge across multiple annotated metabolisms were omitted
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provide quantitative functional and taxonomic information for both
assembled and unassembled sequences, classification tables and files
supporting interactive iTOL visualizations. Using TreeSAPP, we
explored the global distribution of McrA and recovered many new
sequences associated with methane metabolizing archaea. With an
expanded set of reference packages under development TreeSAPP
will support community-driven taxonomic assignment and metabol-
ic reconstruction on a truly global scale.
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