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Abstract

Clustering and organizing molecular sequences is one of the central tasks in Bioinformatics. It is a
common first step in, for example, phylogenomic analysis. For some tasks, a large gene family needs to
be partitioned into more manageable subfamilies. In particular, Bayesian phylogenetic analysis can be
very expensive. There is a need for easy and natural means of breaking up a gene family, with moderate
computational requirements, to enable careful analysis of subfamilies with computationally expensive
tools. We devised and implemented a method that infer and reconcile gene trees to species trees and
identifies putative orthogroups as subfamilies. To achieve reasonable speed, approximate ML phylogenies
are inferred using the FastTree method and combined with a subfamily-centered bootstrapping procedure
to ensure robustness. Using the new method, very large clusters of sequences are now easier to manage in
pipelines containing computationally expensive steps. The implementation of PhyloGenClust is available
at a public repository, https://github.com/malagori/PhyloGenClust, under the GNU General Public
License version 3.

Introduction

Organizing sequence data is a recurring task in Bioinformatics, originating from the early days of sequencing.
There are various reasons and objectives for this activity and the different needs have given rise to a
multitude of approaches. If protein structure is the main focus, one may want to collect proteins (or
protein domains) that share a common protein structure, according to some criteria, into a common group
(SCOP [1], CATH [2]). One strategy is to rely on sequence conservation: recurring significant similarity of
subsequences implies importance, hence collection of such subsequences is a way of charting the space
of functional sequences (Pfam [3], ProDom [4], InterPro [5], etc). Another strategy is to collect groups
of potentially orthologous sequences, relying on the principle that orthology implies similar function
(COG [6] , KOG [7], Tribe-MCL [8], Inparanoid [9], OMA [10], etc). There are other approaches that
focus on sequences from fully sequenced genomes (HoverGen [11] [12], INVHOGEN [13], HOGENOM [14],
and GreenPhylDB [15]), while some investigate the protein space in general to search for clusters of
related proteins (Systers [16], ProtoMap [17]). These groups of sequences are known under many different
names, among which we have noted “clusters”, “clusters of orthologous groups”, “orthologous groups”,
“orthogroups”. The term we will use is family.
A common problem with these databases is that the actual concept of what is collected is quite unclear.
The definitions of family (or synonyms) are often operational, i.e., described as the result of a certain
sequence of steps. While convenient, such definitions are unfortunate in that the actual family concept
becomes difficult to understand and interpret. Family databases such as ProtoMap, ProClust [18], and
Inparanoid are defined in terms of sequence similarity. It is however difficult to formulate objective and
reasonable rules for what constitutes a family. Many attempts have been made with different thresholds for
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Figure 1. A gene tree (thin tree) reconciled to its species tree (fat yellow tree), and the inferred gene
families from Definition 1. ABC and BC are the internal vertices of species tree, while {b1, c1},
{b2, b3, c2}, and {a, b1, b2, b3, c1, c2} is the family set induced on the gene tree’s leaves by cutting the
gene tree at ABC and BC.

alignment similarity and constraints on alignment length, but such approaches tend to be quite arbitrary
and a single choice is most often considered undesirable. The solution has been to either work with
different types of hierarchical clustering to avoid choosing a single threshold of similarity, e.g. ProtoMap
and Systers, or to work with methods based on phylogeny inference.
Phylogeny-based methods identify clades of interest and create families based on them. These methods
include BranchClust [19], GreenphylDB, Panther [20] , HOGENOM, HoverGen, Ensembl [21], PhyloFacts
[22], PhIGs [23], eggNOG [24], OMA [10] and PhylomeDB [25]. The main methodological differences are
found in the different approaches used for initial clustering of sequences (for example using Blast-hits or
hidden Markov models) and how the actual phylogenetic clustering of genes or proteins into families is
performed.
An advantage with a phylogeny-based approach is that it enables precise definitions of a family. Duret
et. al [11] suggested, for the HOVERGEN database, that “a gene family is a set of genes descending from
a gene in the ancestor of vertebrates.” This is, to our knowledge, the first phylogenetic definition of gene
families, but restricted to vertebrates. Similarly, the TreeFam project defined a gene family as “a group of
genes that descended from a single gene in the ancestor of all animals” [26].
A Fitch-inspired [27] definition of gene families was given by Wapinski, et al [28]: “a set of genes that
descended from a single common ancestral gene”. Rephrasing their formalism, we get the following
definition.

Definition 1 Given a species tree S, a vertex v ∈ V (S), and a gene tree G reconciled to S, a gene family
Fv ⊆ L(G) descends from a single ancestral gene in G reconciled to v where, L(G) is the set of all leaves.

Figure 1 gives an example of how tree reconciliations define families.
The above definition is based on the phylogeny of a given set of sequences where clades are treated as
families. It, along with the gene tree evolution, also considers the species tree evolution and the families
originate from the “cuts” in the species tree.
We have created a tool called PhyloGenClust that takes homologous sequences and a species tree as input
and infers a hierarchy of families using Definition 1. The hierarchy is induced from the nodes in the species
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Figure 2. The PhyloGenClust algorithm.

Input: Aligned sequences A, a species tree S, a bootstrap value K and a parameter β.
Output: Gene families with bootstrap support ≥ β.
L← {}
F ← {}
D ← Compute Bootstrap Replicates of Alignment(A, K)
for all d ∈ D do
G← Estimate Phylogeny(d)
Grc ← Root And Reconcile Gene Tree To Species Tree(G, S)
T ← Cut Reconciled Gene Tree At Nodes In Species Tree(Grc, S)
for all t ∈ T do
L← Record The Leaf Sets Induced By Subtree(t)

end for
end for
F ← Apply Threshold(β, L) {Present leaf sets derived from β % of replicates as families.}

tree, which we argue creates a natural hierarchy of families. We see PhyloGenClust as part of a pipeline
of tools, starting with a coarse sequence clustering [29,30] and ending with a detailed analysis [31–33].
The method has been tested extensively on synthetic and biological datasets (see Results section).

Materials and Methods

In this section, we derive a method for inferring gene families in compliance with the above definition.
The main idea behind our approach is to take multiple bootstraps of a given alignment A, generate
phylogeny G for each bootstrap using a maximum likelihood (ML) method, reconcile G with a given
species tree S, and cut G where it is reconciled to internal vertices of S. The leaf sets induced by each
sub-tree that satisfies certain threshold criteria are recorded into families. The algorithm is carefully
specified in Figure 2.
There are several issues that require careful attention when going from the definition to inference. The first,
and perhaps the most critical, issue is about deriving G. There is a plethora of phylogeny reconstruction
methods available to reconstruct a gene tree G from the input alignment A. Each phylogeny reconstruction
method uses a certain optimal criteria to find the best gene tree topology that explains the evolution of
sequences. However, different evolutionary processes, such as gene duplications, gene losses, and lateral
gene transfer events, and errors in the underlying sequencing technologies make the tree inference problem
difficult. Consequently, it is crucial to take the phylogenetic tree uncertainty into consideration.
Note that we are not as interested in the uncertainty of branches in a tree as we are of the uncertainty in
families inferred from it. Hence, working with a phylogeny containing Bayesian posterior probabilities or
bootstrap support values assigned to edges is actually not sufficient since that would mean dependence
on a single tree. To handle the phylogeny uncertainty, we use a bootstrap approach and generate a ML
tree for each bootstrap dataset. We use seqboot, available in the PHYLIP package [34], and FastTree
(version 2.1.7) [35] for generating multiple bootstraps of a given alignment and ML trees, respectively (see
Supplementary Materials).
Secondly, the problem of finding the true root of a gene tree G is known to be difficult [36]. There are
several rooting schemes suggested in the past, like mid-point rooting and molecular clock rooting, that
assume a constant rate of evolution, a most often unrealistic requirement. The most commonly used
approach for finding the root of a phylogenetic tree is using outgroup sequences. Outgroup analysis is
hard to scale up because it requires the addition of appropriately distant homologs to your data. However,
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rooting problems can be bypassed by using reconciliation rooting [37,38], in which one chooses the root
on G that induces the smallest number of duplications and losses inferred in the most parsimonious
reconciliation of G to S. We use the method implemented in Notung [37,39].
Working with our approach to find gene families, we found that there is, sometimes, a weak phylogenetic
signal in the sequence data that results in a low bootstrap support for a gene family. Consequently, gene
families with low bootstrap support are pruned out from the final predicted set of families, due to the
strong threshold criteria set by our method. To overcome this issue, we tried two different strategies
while applying the threshold to the predicted set of families: Strict and Greedy-Merge. We partition the
family prediction space into three regions: strong, weak, and rejection regions. The strong prediction
region refers to the predicted space where each predicted family has at least 50% bootstrap support value.
Similarly, the weak prediction region includes predicted families with boostrap support ranges between
30% and 50%. Families with bootstrap value below 30% are labelled as rejected families.
In the Strict approach, we consider all the families that belong to the strong prediction region, while
in the Greedy-Merge strategy, we span over the entire prediction space. First, we find families in the
weak prediction region where the phylogenetic signal is low and call them representative families. Each
representative family is then merged with a family in the rejection region such that the target family
(family in the rejection region) has at least 80% of it’s members present in the representative family.
We select the merged families and families from the strong region as the final output for Greedy-Merge
approach.

Results

Analysis of Synthetic Data

We performed extensive tests on synthetic datasets to evaluate our method. A set of 300 protein families
were synthetically generated, with family size ranging from 5 to 68 (average family size is 36). Since, our
method is species-aware, we used a species tree which is a subtree of the species tree presented in [40].
It consists of five Eudicots (Arabidopsis thaliana, Carica papaya, Cucumis sativus, Populus trichocarpa,
Vitis vinifera), two Monocots (Oryza sativa, Sorghum bicolor), and four basal angiosperms (Aristolochia
fimbriata, Liriodendron tulipifera, Nuphar advena, Amborella trichopoda). GenPhyloData [41] was used for
generating gene trees and subsequent branch relaxation, while for sequence generation we used SeqGen [42].
All the parameter settings for generating synthetic datasets are mentioned in the Supplementary Materials.
In order to assess the capacity of our method to correctly infer families that originate from the speciation
events, we generated true families for each input protein family in the synthetic datasets. Since the
evolutionary histories of synthetic gene trees are known, the true families are obtained by cutting the
reconciled gene trees at the speciation events.
We applied our method to the above synthetic datasets. Results are shown in Figures 3, 4, and 5. Figure
3 shows the ROC analysis on synthetic datasets across all protein families with varying thresholds. It can
be observed from the Figure 3 that both the true positive rate (TPR) and false positive rate (FPR) are
higher at the low threshold value i.e., 0.1. Thus, suggesting that we may get more true positive instances
but at the expense of increased false positives. Similarly, for a higher threshold value 1, TPR and FPR
drops relatively. To get a more clear picture of the predictive power, we computed ROC curve for each
cut node of the species tree across all the protein families in synthetic datasets (see Figure 4). We can see
from Figure 4 that the cut nodes {n2, n11} contribute more to the over all accuracy then the other cut
nodes of the species tree. Both Figure 3 and 4 suggests that the number of false positives increases with
the decrease in threshold for each predicted family. Similarly, choosing a higher threshold will decrease
the false positive rate and ultimately reduce the false positives but at the cost of missing high number of
true families.
Figure 5a and Figure 5b shows TPR vs FPR analysis for Strict and Greedy-Merge approaches, respectively.
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Figure 5b shows improvement in the over all true positive rates at each cut nodes, with relatively less
increase in false positive rates, in comparison to Figure 5a. More specifically, there is a significant
improvement in prediction at the cut node n16, that previously contributed almost zero to the overall
prediction curve. Similarly, there is also a significant improvement observed at the cute node n12. From
Figure 5a and Figure 5b, we conclude that Greedy-Merge approach is more robust in finding the true
families, with relatively high false positive rate as compared to Strict approach.
In order to understand the prediction improvements observed using Greedy-Merge approach, we looked
carefully at the species tree to find some evidences there. We have noticed that the branch length on
the edge between node n12 and n16 is very small, that may caused some of the genes to jump around
between different families and hence, missed by the strict approach. In order to explain the uncertainties
at the aforementioned cut nodes, we set up an experiment where we introduced a polytomy by collapsing
the two cut nodes, i.e., n12 and n16, into a new cut node n0. The hypothesis we want to test is that with
the introduction of polytomy node n0 in the species tree, both the Strict and Greedy-Merge approaches
should predict the same set of gene families as with the case of original species tree. We applied our
method on the synthetic datasets using the new species tree (Figure 8) and show the results in the Figure
7. One can observe from the Figure 7 that with the new species tree, having collapsed cut node n0, both
the approaches predicted the same set of families as with the case of original species tree. Thus, our
conclusion is that the Greedy-Merge approach will always outperform the strict approach in scenarios
where there are uncertainties at the internal vertexes of the species tree.

Analysis of Biological Data

In order to evaluate our method on a biological dataset, we considered the Glycoside Hydrolase (GH)
family dataset. Glycoside Hydrolase is a widely distributed group of enzymes present in almost all domains
of life. It is crucial to many research studies that ranges from the development of biofuels like ethanol and
butanol [43], to the understanding of different biological process involved in diseases such as Pneumococcal
disease and Alzheimer’s disease [44,45]. GHs are classified into 133 families based on sequence similarities
and structural predictions. GHs families are continuously updated and maintained in the Carbohydrate
Active enZYmes database (CAZy) (www.cazy.org) [46]. We chose Glycoside Hydrolase (GH) dataset
because it provides a nice classification of GH families that are manually curated and analyzed in many
research studies. We randomly chose four sub-families from the GH family i.e, GH1, GH3, GH5, and
GH16.
The species set we considered for this analysis comprised of four Eudicots (Arabidopsis thaliana, Gossypium
hirsutum, Populus tremuloides, Populus trichocarpa), three Monocots (Oryza sativa, Hordeum vulgare,
Zea mays), and two outgroup species, one from moss (Physcomitrella patens) and one from lycophyte
(Dictyostelium discoideum). A web interface, CAZymes Analysis Toolkit (CAT) [47] was used to extract
all the available protein sequences (a total of 239) for the aforementioned species, against the chosen set
of GH sub-families, from CAZy database [46] (dated: October 13, 2014). We used MAFFT [48] aligner to
align these sequences.
We applied our method to the above biological dataset. Results are formulated in Table 1 and Figure 6.
Table 1 shows results from the Greedy-Merge approach. Each row in Table 1 corresponds to a predicted
family, while columns show cut nodes, accession ids of predicted family members, size of the predicted
family, and corresponding GH family label for each member of the predicted family. It is interesting to
note that each predicted family that resulted from cut nodes in the species tree, are homogeneous, i.e., all
its members belongs to exactly one class, either to GH1, GH3, GH5, or GH16 (see Table 1).
Figure 6 shows histograms of predicted families at each cut node of the species tree. In each histogram,
y-axis refers to the bootstrap support, while x-axis refers to the predicted families (coloured distinctly) at
particular cut node.
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Discussion

In this paper, we formalise the definition of gene family and present a method to infer gene families that
are consistent with the suggested definition (1). The method takes multiple sequence alignment, a species
tree, a user-defined bootstrap value, and a threshold value as an input; as an output, it provides families
with bootstrap support higher or equal to the given threshold value. The method uses ML phylogeny
inference and tree reconciliation analysis to infer families, together with a bootstrap approach to assess
the inferred families uncertainty.
Since, the method uses a tree based approach, it is less likely to suffer from problems due to differential
gene loss and varying rates of evolution, as is the case with similarity-based methods. Our approach is
different from LOFT [49] in a methodological way. We compute ML gene trees instead of distance-based
Neighbour Joining (NJ) trees and use bootstrap approach rather than relying on single NJ-based gene
tree. However, working with ML trees and bootstrap strategy may result in a higher computational cost
on large families. In future, we plan to address this issue by providing a parallel version of the software
that could handle very large families.
Our results on synthetic datasets show that the method performs well in identifying families that results
from speciation events of a given species tree (see Figures 3, 4, and 5). We introduce two approaches
for identifying gene families: Strict and Greedy-Merge. Greedy-Merge seems to be a better strategy that
maximizes the true positives but at the cost of relatively higher false positive rate than Strict approach
(see Figure 5). Furthermore, Results on biological dataset suggests that predicted families are more
coherent and homogeneous in nature, i.e., each member of the predicted family belongs to a same class
(see Table 1). Thus, suggesting that the method can be a useful tool for identifying families that originates
from speciation events of a given species tree. It can be used in bioinformatic pipelines for large scale
automated phylogenomics. Furthermore, it can be used in knowing the distribution of predicted families
over each cut node of a given species trees.

Implementation

We have implemented our algorithm in a software package called PhyloGenClust (for Phylogenetic Clus-
tering of Gene Families). PhyloGenClust is implemented in Python and uses seqboot and FastTree for
generating bootstrap datasets and ML trees, respectively. For the re-rooting and MPR reconciliation of gene
trees with species tree, PhyloGenClust uses the Notung package (tested with version 2.6). The code is avail-
able under the GNU Public Licence (version GPLv3) at https://github.com/malagori/PhyloGenClust.git.
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b) Greedy Merge Approach: TPR vs FPR at each CutNode.
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Figure 5. a) TPR vs FPR analysis on synthetic datasets across all families using Strict approach. b)
TPR vs FPR analysis using Greedy Merge approach.
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b) Greedy Merge Approach: TPR vs FPR at each CutNode.
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Table 1. Biological results

CutNode PredictedFamily Size Labels

n11 BAF28396.1, BAJ86574.1, CBD24750.1 3 GH16, GH16, GH16

n11 BAF28396.1, CBD24750.1 2 GH16, GH16

n11 BAK05001.1, ACL54560.1 2 GH5, GH5

n11 BAJ88993.1, ACR36695.1 2 GH3, GH3

n11 BAJ98866.1, ADB54615.1 2 GH16, GH16

n11 BAK05121.1, CBC20350.1 2 GH5, GH5

n11 BAJ93035.1, CBD30890.1 2 GH3, GH3

n11 BAF25552.1, BAJ89678.1, BAJ85274.1, BAJ89480.1, ACR35092.1 5 GH1, GH1, GH1, GH1, GH1

n11 BAF22416.1, CBD28465.1 2 GH1, GH1

n12 AEE76042.1, AEE76043.1, AEE76044.1, ABK95221.1, BAF22416.1, CBG21202.1, CBD28465.1 7 GH1, GH1, GH1, GH1, GH1, GH1,
GH1

n12 AED90799.1, AED92909.1, AED92910.1, AED92911.1, AAQ17461.1, ADZ16111.1, AEP33574.1,
ABK95015.1, BAJ88993.1, ACR36695.1

10 GH3, GH3, GH3, GH3, GH3, GH3,
GH3, GH3, GH3, GH3

n12 CBD24810.1, ABK92523.1, BAF28396.1, BAJ86574.1, CBD24750.1 5 GH16, GH16, GH16, GH16, GH16

n12 AEE84120.1, AEE31443.1, BAF27328.1, BAJ93263.1, BAK01289.1 5 GH16, GH16, GH16, GH16, GH16

n12 AEE85117.1, AEE85745.1, AEE85746.1, AEE85747.1, AEC06809.1, AED95616.1, AED96914.1,
AED96915.1, AEE34357.1, BAF20371.1

10 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16

n12 AEC09309.1, AEE77976.1, AEC09308.1, ABK95370.1, BAJ97082.1, BAJ93467.1 6 GH16, GH16, GH16, GH16, GH16,
GH16

n12 AEE80382.1, AED92909.1, AED92910.1, AED92911.1, AAQ17461.1, ADZ16111.1, AEP33574.1,
ABK95015.1, BAK05680.1, BAJ88993.1, ACR36695.1

11 GH3, GH3, GH3, GH3, GH3, GH3,
GH3, GH3, GH3, GH3, GH3

n12 AEE85117.1, AEE85745.1, AEE85746.1, AEE85747.1, AEC06809.1, AED95616.1, AED96914.1,
AED96915.1, AEE34357.1, BAF20371.1, BAF23235.1

11 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16

n12 AEE85117.1, AEE85745.1, AEE85746.1, AEE85747.1, AEC06809.1, AED95616.1, AED96914.1,
AED96915.1, AEE34357.1, BAF20371.1, BAF23235.1, BAJ89508.1

12 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16

n12 AEE76042.1, AEE76043.1, AEE76044.1, ABK95221.1, BAF22416.1, BAF29675.1, CBG21202.1,
BAK08154.1, CBD28465.1

9 GH1, GH1, GH1, GH1, GH1, GH1,
GH1, GH1, GH1

n12 AED91563.1, CBD30891.1, CBD30909.1, CBD35286.1 4 GH3, GH3, GH3, GH3

n12 AEE36063.1, BAF28088.1, BAF28089.1, CBD30905.1 4 GH3, GH3, GH3, GH3

n12 AEE84500.1, AEE33889.1, AEE33890.1, AEE33891.1, AEE33892.1, AEE33893.1, BAJ93784.1 7 GH1, GH1, GH1, GH1, GH1, GH1,
GH1

n12 AED96511.1, BAF20302.1 2 GH1, GH1

n12 AEE78230.1, AEE78231.1, AEE78232.1, AEE78235.1, AEE78236.1, AEE78237.1, AEE78238.1,
BAF17615.1

8 GH3, GH3, GH3, GH3, GH3, GH3,
GH3, GH3

n12 AEE28750.1, ABK95902.1, BAF21756.1 3 GH16, GH16, GH16

n12 AEE80386.1, AEE80387.1, AEE84549.1, AEE85397.1, AEE85398.1, AED92313.1, AEE27480.1,
AEE27481.1, AEE27482.1, AEE27483.1, AEE27484.1, AEE32093.1, AEE32094.1, AEE33658.1,
AEE33671.1, AEE33672.1, BAF17241.1, BAF17245.1

18 GH1, GH1, GH1, GH1, GH1, GH1,
GH1, GH1, GH1, GH1, GH1, GH1,
GH1, GH1, GH1, GH1, GH1, GH1

n12 AEE85554.1, BAF19469.1 2 GH16, GH16

n12 AED91435.1, AED91439.1, AED97922.1, BAJ89945.1, BAK08165.1 5 GH3, GH3, GH3, GH3, GH3

n12 AEC06021.1, AED91952.1, CBD24810.1, ABK92523.1, BAF28396.1, BAJ86574.1, CBD24750.1 7 GH16, GH16, GH16, GH16, GH16,
GH16, GH16

n12 AED92909.1, AED92910.1, AED92911.1, AAQ17461.1, ADZ16111.1, AEP33574.1, ABK95015.1,
BAJ88993.1, ACR36695.1

9 GH3, GH3, GH3, GH3, GH3, GH3,
GH3, GH3, GH3

n12 AEE30704.1, BAF26261.1 2 GH1, GH1

n12 AEE77650.1, AED98217.1, AEE74967.1, AEE74968.1, BAK05001.1, ACL54560.1 6 GH5, GH5, GH5, GH5, GH5, GH5

n12 AEE77124.1, AEE77125.1, AED92327.1, AED92434.1, AEE28973.1, BAK00694.1 6 GH5, GH5, GH5, GH5, GH5, GH5

n12 AEE77124.1, BAK00694.1, BAK05121.1, CBC20350.1 4 GH5, GH5, GH5, GH5

n12 AED90411.1, AFX59322.1, BAF27440.1, BAK01294.1 4 GH5, GH5, GH5, GH5

n12 AEE77124.1, AED92434.1, BAK00694.1, BAK05121.1, CBC20350.1 5 GH5, GH5, GH5, GH5, GH5

n12 AEE74404.1, AEE74405.1, BAF28826.1 3 GH1, GH1, GH1

n12 AED95802.1, AEE27453.1, ABK96385.1, BAF28804.1 4 GH3, GH3, GH3, GH3

n12 AEC05508.1, AEE29214.1, ABK92940.1, BAF25013.1, BAK04928.1 5 GH16, GH16, GH16, GH16, GH16

n14 AEC05508.1, AEC09309.1, AEE77976.1, AEE78432.1, AEE78433.1, AEE84120.1, AEE28593.1,
AEE29214.1, AEE31443.1, AEC09308.1, ABK92940.1, ABK95370.1, BAF25013.1, BAF27328.1,
BAJ97082.1, BAJ93263.1, BAJ93467.1, BAK01289.1, BAK04928.1, CAH58715.1

20 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16

n14 AEC05508.1, AEC09309.1, AEE77976.1, AEE84120.1, AEE28593.1, AEE29214.1, AEE31443.1,
AEC09308.1, ABK92940.1, ABK95370.1, BAF25013.1, BAF27328.1, BAJ97082.1, BAK04410.1,
BAJ93263.1, BAJ93467.1, BAK01289.1, BAK04928.1, CAH58715.1

19 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16

n14 AEC05508.1, AEC09309.1, AEE77976.1, AEE84120.1, AEE28593.1, AEE29214.1, AEE31443.1,
AEC09308.1, ABK92940.1, ABK95370.1, BAF25013.1, BAF27328.1, BAJ97082.1, BAJ93263.1,
BAJ93467.1, BAK01289.1, BAK04928.1, CAH58715.1

18 GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16, GH16, GH16,
GH16, GH16, GH16

n2 AED92909.1, AED92910.1, AED92911.1, AAQ17461.1 4 GH3, GH3, GH3, GH3

n2 AEE78432.1, AEE78433.1, AGC54941.1 3 GH16, GH16, GH16

n5 CBD24810.1, ABK92523.1 2 GH16, GH16

n6 AED95802.1, ABK96385.1 2 GH3, GH3

n6 AEC06021.1, AED91952.1, CBD24810.1, ABK92523.1 4 GH16, GH16, GH16, GH16

n6 AEE76807.1, AEE83378.1, ABK93796.1 3 GH16, GH16, GH16

n6 AEC05508.1, AEE29214.1, ABK92940.1 3 GH16, GH16, GH16

n6 AEE82292.1, AEE82293.1, ABK92496.1, ABK92908.1, ABK92915.1, ABK93943.1, ABK94576.1 7 GH16, GH16, GH16, GH16, GH16,
GH16, GH16

n6 AEC09309.1, AEC09308.1, ABK95370.1 3 GH16, GH16, GH16

n6 AED90411.1, AFX59322.1 2 GH5, GH5

n6 ADZ16111.1, AEP33574.1, ABK95015.1 3 GH3, GH3, GH3

n6 AEE76042.1, AEE76043.1, AEE76044.1, ABK95221.1 4 GH1, GH1, GH1, GH1

n6 AEE28750.1, ABK95902.1 2 GH16, GH16

n9 BAF28088.1, BAF28089.1, CBD30905.1 3 GH3, GH3, GH3

n9 BAF25552.1, BAJ89678.1, BAJ85274.1, BAJ89480.1 4 GH1, GH1, GH1, GH1

n9 BAF25013.1, BAK04928.1 2 GH16, GH16

n9 BAF28396.1, BAJ86574.1 2 GH16, GH16

n9 BAF16925.1, BAK07818.1, BAJ97814.1 3 GH5, GH5, GH5

n9 BAF27440.1, BAK01294.1 2 GH5, GH5

n9 BAF29675.1, BAK08154.1 2 GH1, GH1

n9 BAF27328.1, BAJ93263.1 2 GH16, GH16

n9 BAF23233.1, BAJ98320.1, BAK02881.1, BAJ91574.1 4 GH16, GH16, GH16, GH16

n9 BAF20373.1, BAJ89557.1, BAJ89051.1, BAK01413.1 4 GH16, GH16, GH16, GH16

n9 BAF23235.1, BAJ89508.1 2 GH16, GH16

CutNode: shows internal vertices of the species tree.
PredictedFamily: shows the family originated from the corresponding cut node at the species tree.
Size: is the size of the family.
Labels: represents the GH family class for each member of the predicted family.


