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Abstract
An accurate inference of orthologs is essential in many research fields such as comparative genomics,
molecular evolution, and genome annotation. Existing methods for genome-scale orthology inference are
mostly based on all-versus-all similarity searches that scale quadratically with the number of species. This
limits their application to the increasing number of available large-scale datasets.
Here, we present Hieranoid, a new orthology inference method using a hierarchical approach. Hieranoid
performs pairwise orthology analysis using InParanoid at each node in a guide tree as it progresses from its
leaves to the root. This concept reduces the total runtime complexity from a quadratic to a linear function of the
number of species. The tree hierarchy provides a natural structure in multi-species ortholog groups, and the
aggregation of multiple sequences allows for multiple alignment similarity searching techniques, which can
yield more accurate ortholog groups.
Using the recently published orthobench benchmark, Hieranoid showed the overall best performance. Our
progressive approach presents a new way to infer orthologs that combines efficient graph-based methodology
with aspects of compute-intensive tree-based methods. The linear scaling with the number of species is a
major advantage for large-scale applications and makes Hieranoid well suited to cope with vast amounts of
sequenced genomes in the future.
Hieranoid is an open source and can be downloaded at Hieranoid.sbc.su.se.
© 2013 Elsevier Ltd. All rights reserved.

Introduction
The increasing availability of fully sequenced
genomes provides a wealth of evolutionary
information. 1 This information is brought to full light
by studies ranging from, for example, the annotation
of newly sequenced genomes 2 to comparative/
functional genomics 3 and phylogenomics. 4 All
these studies require the correct identification of
homologs. If a pair of homologous proteins diverged
as a result of a speciation event, we call them
orthologs. If a homolog pair originated from a
duplication event within the same species, then we
call them paralogs. 5 The latter category can be
further divided in relation to a given speciation event:
inparalogs that arose from a duplication after the
speciation event and outparalogs that arose from a

duplication before the speciation. 6,7 The definition of
orthology is purely evolutionarily and does not, by
itself, include any implications about conserved
function. However, the assumption that two orthologs are more likely to be functionally conserved than
two outparalogs is commonly used.
Today's approaches for inferring orthology relationships can be roughly divided into graph-based
and tree-based methods. Given a set of proteins
from the species of interest, graph-based methods
start with a similarity search using tools such as
BLAST 8 and use bit score or E-value as a proxy for
the evolutionary distance between protein pairs.
From the distances between all protein pairs
between complete proteomes, graph-based
methods build ortholog groups using a variety of
clustering criteria: best reciprocal hits (e.g., OMA, 9
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OrthoInspector, 10 InParanoid 11), best triangular hit
(e.g., COG, 12 eggNOG 13), or Markov clustering
(OrthoMCL 14). In contrast, tree-based approaches
use reconstructed protein family trees to infer
orthologs. The inference is performed by a tree
reconciliation or mapping of the protein tree to the
corresponding species tree, 15,16 which gives a
labeling of the internal nodes of the protein trees
as either speciation or duplication events. 17 From
this labeling, orthology and paralogy relationships
are inferred†.
Both approaches have advantages and disadvantages. Tree-based approaches are perhaps a more
intuitive way of assigning orthology and make use of
a multiple sequence alignment, which is normally
more reliable than pairwise alignments. Another
advantage is that tree-based methods produce
hierarchical ortholog groups in the form of trees.
There are graph-based methods that provide hierarchical groups, 9,13,18 but they are the product of a
postprocessing step rather than the results of a
hierarchical inference algorithm. Unfortunately, the
application of tree-based methods is limited by their
high computational complexity and reliance on
correct multiple sequence alignments and protein
trees, 19,20 which makes them unsuitable for large
(numbers of) protein families. Graph-based methods
are computationally less demanding and easier to
automate, and implementations handling large sets
of sequences already exist. However, they are not
hierarchical and group proteins from different species into single flat group, which is not a natural
representation. Furthermore, they have at least N 2
computational complexity, which although much
better than most tree-building methods, still poses
a problem for hundreds of species.
Recent benchmarks have compared different
orthology inference methods (see A 21–24). In general, graph-based methods yielded lower error rates
than tree-based methods. The most recent of such
benchmarks is orthobench. 21 It is the most comprehensive reference-tree-based benchmark and the
only one available for download. In this benchmark,
graph-based methods produced fewer orthology
relationships than tree-based but produced a lower
number of falsely assigned orthology relationships.
The popular InParanoid method that performed
among the best in most recent benchmarks 22–24
was not used in the orthobench benchmark evaluation as they included only methods that produce
multi-species ortholog groups. A multiple-species
version of InParanoid called MultiParanoid exists, 25
but it is not hierarchical and only suited to groups of
equally distant species.
We identify the following areas in need of
improvement:
1. Scalability: Reducing the computational complexity of similarity searches;

2. Accuracy: More reliable orthology inference
from multiple alignments; and
3. Multi-species InParanoid: Extending the InParanoid algorithm to infer hierarchical multispecies ortholog groups.
To meet these needs, we here present Hieranoid,
a new method that infers orthologs between multiple
species by progressively applying the pairwise
InParanoid method. 11 The progressive idea takes
its cue from the “progressive alignment” approach. 26
Orthology relationships are inferred at the nodes of a
bifurcating guide tree, the species tree. Using a
hierarchical progressive approach, Hieranoid combines the advantages of graph-based methods in
that it is computationally less expensive and of treebased methods in that it produces tree-structured
hierarchical groups.
This progressive approach results in a linear
computational complexity and exploits valuable
evolutionary information contained in the guide
tree. Results on the orthobench benchmark show
that Hieranoid yields lower total levels of false and
missing orthology assignments than other methods.
The reduced computational complexity makes Hieranoid attractive for the analysis of very large
datasets, which is timely given that thousands of
genomes are currently being sequenced.

Results
We have adopted the concept of progressive
sequence alignment to infer hierarchical ortholog
groups along a guide tree. In order to assess the
capability of our new method Hieranoid, we examined its performance in two different scenarios,
comparing it to InParanoid and to other orthology
inference methods. The default mode of Hieranoid is
to use consensus sequences; if not specified, this is
the mode used. We focused on answering the
following questions:
1 How much do inferred orthology relationships
from Hieranoid overlap with those from InParanoid? (Overlap dataset)
2 What is the runtime complexity of Hieranoid
compared to InParanoid? (Runtime dataset)
3 What is the accuracy of Hieranoid compared to
other orthology inference methods? (orthobench benchmark)
Comparison to InParanoid
Although Hieranoid uses the InParanoid method
for inferring orthologs, the two methods differ in
which underlying similarity search tools they use by
default and the fact that Hieranoid performs a
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Homo sapiens
Pan troglodytes
Mus musculus
Xenopus tropicalis
Drosophila melanogaster
Anopheles gambiae
Caenorhabditis elegans
Nematostella vectensis
Saccharomyces cerevisiae
Arabidopsis thaliana

progressive analysis. To see how much these two
factors influence orthology inference, we used the 10
species overlap dataset.‡ A comparison between
the InParanoid and Hieranoid results is shown in
Fig. 1. The species are ordered by their evolutionary
distance to human. For each human versus other
species comparison, we counted the fraction of
matching pairwise orthology assignments between
Hieranoid and InParanoid relative to the union of all
their orthology assignments. This percentage is
depicted as white and black parts, respectively, of
the pie charts at every leaf of the tree.
The overlap for human–chimpanzee orthologs is
99.7% and that for human–mouse is 99.5%. For
distantly related yeast and thale cress, the overlap is
74.2% and 74.2%, respectively. The human–chimpanzee comparison results in nearly identical
groups. This is because the Hieranoid and InPar-

Fig. 1. Comparison of ortholog
inferences from InParanoid and
Hieranoid consensus. The pie
charts along the guide tree represent the agreement of inferred
orthologs for human versus other
species comparisons. The whiter
the pie charts, the larger this agreement. The tree shown in the picture
was used as the guide tree for the
Hieranoid analysis.

anoid are identical for a pairwise comparison given
that the two species are sister taxa in the Hieranoid
guide tree. The small difference is due to the use of
USEARCH instead of BLAST and comes with at
large decrease in runtime. For all other comparisons,
most of the difference can be explained by the way
Hieranoid and InParanoid infer orthologs. While
InParanoid compares distant species directly, Hieranoid does so indirectly via the ancestral pseudospecies inferred at the internal nodes of the guide tree.
Runtime complexity of Hieranoid and InParanoid
One of the biggest advantages of Hieranoid is that
it scales linearly in computational complexity with the
number of species, in contrast to other methods that
perform all-versus-all searches and scale quadratically (Fig. 2). To test this in practice, we bench-

Fig. 2. Hieranoid versus InParanoid runtime comparison. Runtimes
for Hieranoid consensus and InParanoid plotted for 2–20 input species,
using the most diverse species for
subsets. An exponential trendline
and a linear trendline were fitted to
the data for InParanoid and Hieranoid, respectively. While the runtime is similar for a small number of
species, it increases linearly for
Hieranoid but quadratically for
InParanoid. As Hieranoid uses a
guide tree, it performs n − 1 pairwise
comparisons, with n being the number of species. In contrast, InParanoid performs n(n − 1)/2 comparisons. The larger the
number of input species becomes, the more of a problem this will be for quadratically scaling methods like InParanoid.
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marked the runtime of Hieranoid and InParanoid—
as a representative of methods using all-versus-all
similarity searches—on the runtime dataset. We
used varying numbers of input species to see how
the increase in runtime is related to an increase in
input size.
Performance comparison with other orthology
inference methods
Taking orthobench as the reference benchmark,
we compared Hieranoid to six other ortholog
databases§. As orthology is a property of protein
pairs, 5 we based our performance evaluation on
protein pairs.
Our main interest is to see how well the methods
correctly infer orthologous relationships and detect
missing orthologs. We used the following counting
scheme:
1. For each true pair in an orthobench group, we
count how often this pair has not been inferred
by one of the methods (false negative), given
that both sequences were included in the input
data of the database.
2. For each ortholog group in a database, we
count how often a protein pair is inferred as
being orthologous, but is not orthologous in the
benchmark dataset (false positive), given that
both sequences are in included in the orthobench input data.
Furthermore, we were interested to see the effects
of different approaches within the Hieranoid method,
that is, using profiles instead of consensus sequences and including an outgroup species. To this
end, we included four versions of Hieranoid.
Figure 3 shows percentages of false positive and
negative orthology assignments for each of the

tested methods. The methods' general performance
is in line with what was reported in the orthobench
benchmark paper. There is one group of methods
with a low level of false negatives but a high level of
false positives (OrthoMCL, TreeFam) and another
group with the reverse trend (Hieranoid, InParanoid,
OMA, OrthoDB). eggNOG had about equal levels of
both types of errors. As the authors have noted, this
benchmark dataset is focusing on orthology relationships that are difficult to infer. This leads to a poor
performance of all tools.
Looking at our tool Hieranoid, it misses more
orthology relationships than eggNOG, OrthoMCL,
and TreeFam and makes more false positives than
OMA. However, as can be seen from the stacked
error bars in Fig. 3, Hieranoid shows the overall
lowest error rate.
Hieranoid with profile versus consensus sequences
In contrast to consensus sequences, where a
multiple alignment is represented as a single
sequence, profile HMMs (hidden Markov model)
capture an alignment's whole evolutionary information. This should have an advantage in cases where
the underlying alignments are diverse, as in the case
of Hieranoid. This is supported by our results.
Hieranoid shows a slightly better performance
when using profile HMM searches as compared to
consensus sequences. The fact that the difference
between the two is relatively small can be explained
by the use of a relatively small and taxonomically
narrow dataset (only metazoans).
Hieranoid using outgroup species or not
When Hieranoid infers orthologs, it builds ortholog
groups from reciprocally best hits. If, however, one of
those two hits has a better hit in an outgroup species,

Fig. 3. Results from the orthobench benchmark. The percentages of the two types of errors [FP, false positives (gray);
FN, false negatives (white)] are presented as stacked bars for the different orthology databases. The lower the stacks, the
better the method.
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this ortholog group will be discarded. This allows us
to detect gene losses in one of the two species.
Although it increases the runtime (additional similarity searches for species A-C and B-C), it drastically
reduces the number of false positive assignments in
the benchmark (see Fig. 3). The level of false
negatives is also increased but to a lesser extent,
giving a lower overall error rate.
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tween the two is likely to become bigger when
looking at a higher number of or more diverse
species. The use of an outgroup species, however,
is independent of the number of used species. Our
orthobench results show that its use leads to more
accurate ortholog inferences.
3. Multi-species InParanoid: Extending the InParanoid algorithm to infer multi-species ortholog
groups

Discussion
We have adapted the concept of progressive
sequence alignment to the area of orthology inference. Our new method Hieranoid performs pairwise
orthology inferences using the well-established
InParanoid method along a guide tree. We addressed
the following three shortcomings mentioned in
Introduction and provided reasonable solutions:
1. Scalability: Reducing the computational complexity of similarity searches
The use of a guide tree allows Hieranoid to
perform a significantly smaller number of comparisons/inference steps compared to previous
methods. Instead of the usual all-versus-all similarity
searches that require n(n − 1)/2 proteome comparisons, Hieranoid just uses n − 1 comparisons that is
equal to the number of inner nodes in the guide tree.
Our test using the runtime dataset confirmed this in
an experimental setup.
2. Accuracy: More fine-grained orthology inference by building hierarchical groups
In contrast to most other graph-based methods,
Hieranoid infers hierarchical ortholog groups. The
advantage of hierarchical groups over non-hierarchical or flat groups is—besides the information that
all proteins from different species are orthologs—
that they include evolutionary information as to
which proteins are more closely related to each
other. Hierarchical groups can be seen as trees with
inparalogs represented as multifurcations. They are
a more accurate representation of how a group of
orthologs evolved. While orthologs evolved from a
common ancestor to leaves of a species tree,
Hieranoid takes this tree and performs an analysis
in the opposite direction, from the leaves to the root.
Our results on the recently published orthobench
benchmark show that this idea shows improved
accuracy in ortholog inference. Given that the
orthobench benchmark consists of orthology relationships that are hard to infer, all tested methods
have problems inferring them. Our tool Hieranoid
performs best in this benchmark. The use of profiles
over consensus sequences leads to slightly more
accurate results. The difference in accuracy be-

The Hieranoid algorithm progresses iteratively
along the guide tree. Applying the InParanoid
algorithm to an initial species–species comparison
results in pairwise ortholog groups. Moving along the
guide tree toward the root, these groups will be
expanded every time additional orthologs in another
single species or pseudospecies can be found. This
way, we extend the previously reported good
performance of InParanoid to infer multiple-species
ortholog groups. A previous multi-species framework
for InParanoid called MultiParanoid 25 has the
drawback that it does not aggregate the ortholog
groups hierarchically and, therefore, only gives
reasonable groups for species that are approximately equally distant from each other.
The Hieranoid approach assumes that the actual
gene histories are reasonably approximated by the
used species tree. This is a reasonable assumption
for multicellular eukaryotes, where lateral gene
transfer events are essentially non-existent. However, this is not the case for prokaryotes and some
unicellular eukaryotes. As a consequence, the
improved accuracy observed for Hieranoid is likely
to be more pronounced for eukaryotic species.
InParanoid, and therefore also Hieranoid, computes the orthology graph from whole-length protein
alignment and, by default, requires a minimum length
overlap of 50%. This means that orthologs with
extensive domain rearrangements may be missed.
Future plans include the use of domain information
for improved treatment of domain orthology.
Further advantages are the modular implementation of Hieranoid and its availability as an open
source tool.∥ We developed Hieranoid in a modular
way so that one can easily replace all components of
the system, for example, using another similarity
search tool or changing the orthology inference
algorithm. This way, Hieranoid can function as a
framework for future developments of orthology
inference tools.
Non-comparability of bit scores from different
similarity search tools
When Hieranoid predicts orthologs for the inner
node HMW (picture 1), it has to do a profile–profile
(HM–HM), profile–sequence (HM–W and W–HM),
and sequence–sequence (W–W) searches. The
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naive idea to simply mix profile–profile searches for
HM–HM with profile–sequence searches for HM–W
and W–HM and sequence–sequence searches for
W–W fails, as different tools for each of the
comparisons report scores that are different and
therefore not directly comparable (unpublished
data). To guarantee that scores returned by all
similarity searches for a given inner node are
comparable, we decided to implement both an
accurate search based on HMM comparisons and
a faster search using consensus sequences.
Profile–profile comparisons
The heart of our new algorithm is the use of profile
HMMs to extend the pairwise InParanoid to a multispecies version. We tested different methods for
doing profile–profile comparisons (e.g., Refs. 27 and
28). Most methods were discarded because their
computational complexity was too high. This left us
with HHSearch and HHBlits, an extended HHSearch
version that manifests its strength when it comes to
large databases of HMMs. However, both of these
are too slow to handle the volumes of HMM
searching in Hieranoid. Therefore, we use BLAST
of consensus sequences as a prefilter for HMM–
HMM comparisons, which effectively leaves us with
very small HMM libraries. For those small libraries,

HHBlits is actually slower due to the overhead to
build indices for fast searching of the HMM library,
making HHSearch our choice of HMM–HMM alignment tool.
Why is Hieranoid more accurate than InParanoid?
Both Hieranoid and InParanoid use the alignment
bit score as a proxy for evolutionary distance. This is
a reasonably accurate proxy for the comparison of
closely related species, but for distantly related
species, the bit score is less accurate. For instance,
when inferring orthology relationships between
human and yeast, InParanoid uses the bit score of
human and yeast proteins as their evolutionary
distance. In contrast, Hieranoid uses the bit score
of a yeast protein and a protein present in the last
common metazoan ancestor as their evolutionary
distance (see Fig. 4). Using intermediate ancestral
sequences for scoring distant proteins likely better
estimates the true evolutionary distance and can
partly explain why Hieranoid is more accurate than
InParanoid.
As a final remark, our benchmark results show that
our tree-guided graph-based approach overall outperforms other methods that are classical graphbased or tree-based methods. Some methods have a
lower false positive rate and some have a lower false

Hieranoid: hierarchical orthology prediction
Workflow

Guide Tree

1. Inparanoid comparison (seq. vs seq.)
Nodes: Human - Mouse
Yeast - Plant

HM

HMW

Human

2. Build profiles (P) or consensus (C)

Mouse

Nodes: Human - Mouse
Yeast - Plant
3. Inparanoid comparison (P/C vs. seq)
Node: Human+Mouse - Worm
4. Build profiles (P) or consensus (C)

Worm

HMWYP

Node: Human+Mouse+Worm

YP

Yeast
5. Inparanoid comparison (P/C vs. P/C)
Node:
(Human+Mouse+Worm) - (Yeast+Plant)

Plant

6. Output: hierarchical ortholog groups

Fig. 4. Example tree and workflow of Hieranoid analysis. The guide tree has five species [human (H), mouse (M), worm
(W), yeast (Y), and plant (P)] and four inner nodes (HM, HMW, YP, and HMWYP). Traversing the tree from the leaves
to the root gives the order in which Hieranoid infers orthologs. Each tree node is colored as the corresponding step in
the workflow.
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negative rate than Hieranoid, at the expense of a
much higher error rate of the other type. Our “hybrid”
tree/graph method strikes a better compromise
between these two types of errors. This suggests
that there might be scope to improve other graphbased tools as well using a species guide tree.

Materials and Methods
The progressive alignment approach has been used
extensively for building multiple sequence 26 and gene
order alignments. 29 This approach divides the computationally complex problem of aligning multiple sequences
into a set of pairwise alignment problems. The sequence of
pairwise comparisons is given by a guide tree that
connects leaf sequences progressively until the root
node. It starts at the leaves with sequence-to-sequence
alignments and switches to sequence-to-profile and
profile-to-profile alignments for aligning groups of sequences as it approaches the root of the tree.
We have adopted this popular and efficient approach to
the problem of orthology inference between multiple
species. The pairwise alignment step was replaced by a
pairwise orthology inference step using the InParanoid
algorithm. The order of comparisons is given by a userprovided guide tree, which should represent the known
species tree.
Sequences and a tree as input
As input, our method requires a set of proteome
sequences from the species under study in either
FASTA or SeqXML 30 format and a guide tree connecting
the species. This tree either can be derived from, for
example, the NCBI (National Center for Biotechnology
Information) taxonomy 31 or can be user defined. The guide
tree should be in Newick format, with leaves labeled with
the same string as the proteome file names.
Progressive orthology inference strategy
The order of pairwise comparisons is determined by a
given guide tree. This tree is traversed from the leaves to
the root with the leaves being the species under study and
inner nodes being hypothetical ancestors or pseudospecies. Each such inner node represents the results of the
pairwise orthology inference of the two daughter nodes,
that is, a set of inferred ortholog groups. The possible
pairwise comparisons are as follows:
1. a pair of species,
2. a species and a pseudospecies, or
3. two pseudospecies.
To clarify how Hieranoid works, we provide an example
in Fig. 4.
Hieranoid performs the following pairwise comparisons:
1. inner node HM → orthology inference: human–mouse
2. inner node YP → orthology inference: yeast–plant

Hieranoid Orthology Inference

3. inner node HMW → orthology inference: HM–worm
4. inner node HMWYP → orthology inference: HMW–YP
The Hieranoid analysis finishes once orthologs between
pseudospecies HMW and YP have been inferred for the
root node HMWYP. Hieranoid outputs the results as
hierarchical multiple-species ortholog groups. These are
stored in Newick tree format, but we are using the branch
length field to store the inparalog score. However, the
branch lengths do not reflect evolutionary distance but
instead the confidence of being an inparalog. The groups
can be viewed using a tree viewer (e.g., FigTree¶)
We will now take a closer look at how orthologs are
inferred at each inner node.
Each pairwise orthology inference consists of the
following two parts:
1. building an initial set of homologs using similarity
search
2. the actual orthology inference
While the second step is the same for all types of inner
nodes, they differ in how the initial set of homologs is
calculated.
Building an initial set of homologs
The process of building an initial set of homologs is
adapted from InParanoid. First, InParanoid performs a set
of all-versus-all BLAST searches to estimate the evolutionary distance between all pairs of proteins of the two
species (“human-mouse” and “mouse-human”) and within
each species (“human-human” and ”mouse-mouse”). The
latter is required to infer inparalogs based on the
assumption that the distance between inparalogs within
each species should be smaller than that between
orthologs in different species, within an ortholog group.
InParanoid uses the BLAST bit score as a proxy for
evolutionary distance. The most recent version of
InParanoid 11 introduced a more stringent set of filters for
fragmentary matches during the sequence comparison
step and adaptations to reduce false positives matches
due to low complexity regions. 32 These postprocessing
filters applied to the similarity search results lead to highquality orthologs with very few false positives.
Hieranoid also uses bit scores as an evolutionary proxy
and the set of postprocessing filters. However, it may
replace the underlying similarity search tool depending on
the type of comparison. The types that can occur at the
inner nodes of the guide tree during the Hieranoid analysis
are as follows: a comparison of species versus species
(sequence versus sequence), species versus pseudospecies (sequence versus profile), and pseudospecies
versus pseudospecies (profile versus profile).
Species versus species
For the similarity search between two species, that is,
two sets of sequences from “human-mouse” or “yeastplant”, Hieranoid performs a regular InParanoid comparison but by default replaces BLAST by the less timeconsuming USEARCH method. 33 USEARCH has been
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shown to be orders of magnitudes faster than BLAST with
equal sensitivity. The output is a list of ortholog groups that
satisfy the default InParanoid conditions.
Species versus pseudospecies and pseudospecies
versus pseudospecies
The next step is the inference of orthologs between the
pseudospecies HM and worm (W). The pseudospecies
HM is the total set of inferred ortholog groups between
human and mouse, plus all orphan genes from H and M. In
this case, the similarity search of HM against worm
estimates the similarity between an ortholog group, that
is, a group of sequences (HM), and single sequences (W).
It involves the following comparisons: HM–W, W–HM,
HM–HM, and W–W.
Hieranoid offers two approaches that differ in speed and
accuracy: One is based on consensus sequences and the
other one is based on profile HMMs.

Orthology inference
Once an initial set of putative homologs is built,
Hieranoid infers orthologs and inparalogs using the
existing InParanoid algorithm. The clustering step of the
orthology inference is independent of the method for inner
node comparison, as both the consensus and the profile
HMMs approaches result in a list of pairwise protein
distances. The basic idea of the orthology inference in
InParanoid is that proteins that are each other's best
reciprocal hits form the seeds ortholog clusters. For
example, protein H1 from human has the reciprocally
highest bit score to protein M1 from mouse. H1 and M1 will
be the seed orthologs of an ortholog group. Inparalog
sequences are added if their distance to the seed ortholog
from the same species is shorter than to the seed ortholog in
the other species. If there is a protein H2 with a higher bit score
to H1 than to M1, then H2 will be added as an inparalog to
ortholog group H1M1 (see Ref. 11 for more details).

Consensus sequences

InParanoid comparison and orthobench benchmark

Instead of using the whole sequence information, a
consensus sequence is calculated for each ortholog
group. Here, the consensus is the sequence of residues
with the highest occurrence frequency for each column in
the ortholog group alignment. In case that the occurrence frequency is equal for different residues, one
residue is selected at random in the current implementation. The benefit of using a consensus sequence is that
sequence–sequence comparisons using USEARCH can
be used. This results in immensely reduced computational complexity of the similarity search as compared to
the profile-based search. A drawback is that, by selecting
a single residue for each column, potentially valuable
evolutionary information is lost. This might lead to a
higher number of false negatives in the similarity
search, which is aggravated for bigger and less similar
ortholog groups.

We compiled two different datasets called the overlap
dataset and the runtime dataset to compare Hieranoid with
InParanoid in terms of agreement of inferred orthology
relationship and runtime over varying sizes of input
species. Additionally, we used the recently published
orthobench benchmark dataset 21 to compare Hieranoid
with other orthology inference methods.

Profile HMMs
The most accurate way to compare two ortholog groups
is to use profiles built from the alignments of ortholog
groups and use a profile–profile search for each of the
four proteome comparisons. Such profile HMMs use a
position-specific system to capture information about the
frequency of nucleotides or amino acids at each column in
a multiple sequence alignment. 8,34 Using these alignments, Hieranoid builds HMMs using hmmbuild with
default parameters from the HMMER package 35 and
HHSearch 36 to perform profile–profile searches. Note
that, due to the modular implementation of Hieranoid,
alternative methods can be easily plugged in. As efficient
implementations are lacking, the use of profile–profile
comparison methods is limited to datasets with small
numbers of sequences. Hieranoid reduces the number of
required profile–profile searches by performing an initial
sequence–sequence search using consensus sequences
to get a list of potential hits. A second search then is a
profile–profile search between the query and the top hits.
As profile–profile searching is only used to find the best
cross-species match, we found it sufficient to search the
top 10 hits.

Overlap dataset
The overlap dataset consists of 10 species from version
5 (2011_04) of the Reference Proteome Project 37 with a
taxonomic distribution ranging from Homo sapiens to
Saccharomyces cerevisiae. The corresponding species
tree was extracted from the NCBI taxonomy and used as
the guide tree for the Hieranoid analysis. Both Hieranoid
and InParanoid were run with default settings. For
Hieranoid, we used the consensus sequence option.
Pre-computed results were downloaded from the InParanoid Website a. Hieranoid was run on a two-quadcore
Intel Harpertown 2.66-GHz central processing unit with 8GB random access memory.
Runtime dataset
We extended the 10 species dataset to 20 species by
selecting a set of additional species with a similar taxonomic
distribution. We kept the program settings unchanged. To
allow a fair comparison, we run both Hieranoid and
InParanoid using USEARCH on a single core of the same
hardware as above on even subsets between 2 and 20
species. Runtime was measured as total user time.
Orthobench benchmark
The orthobench dataset consists of 70 manually curated
protein families from 12 metazoan species (see Ref. 21 for
the full list of species). The families were selected to represent
a wide spectrum of biological complexity and to serve as
good examples of potential error sources for orthology
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inference tools. The families differ in size, rate of evolution,
alignment quality, and domain architecture complexity. The
authors compared their in-house tool eggNOG to four other
methods (OrthoDB, 18 OMA, 9 OrthoMCL, 14 and TreeFam 38).
For the Hieranoid analysis, we downloaded the proteomes of the 12 species from Ensembl v60 39 and used
the corresponding NCBI taxonomy tree as a guide tree.
We downloaded the most recent orthology inferences
and corresponding input data from the other databases
(eggNOG: meNOGs, version 2.0; OMA: May 2011;
OrthoDB: version 4; TreeFam: release 7.0; OrthoMCL:
version 5; InParanoid: version 7). We mapped all transcript
or protein IDs used by the orthology inference methods to
the corresponding protein of the orthobench dataset using
a mapping file provided by. 21 IDs that could not be mapped
to proteins in the orthobench dataset were not counted as
false positives in order to allow a fair comparison.
Likewise, proteins in orthobench not mappable to the
input data of a database were not counted as false
negatives if absent from an orthobench group.
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