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Phylogenomic studies using genome-wide datasets are quickly becoming the state of the art for systematics and comparative
studies, but in many cases, they result in strongly supported incongruent results. The extent to which this conflict is real depends
on different sources of error potentially affecting big datasets (assembly, stochastic, and systematic error). Here, we apply a
recently developed methodology (GGI or gene genealogy interrogation) and data curation to new and published datasets with
more than 1000 exons, 500 ultraconserved element (UCE) loci, and transcriptomic sequences that support incongruent hypotheses.
The contentious non-monophyly of the order Characiformes proposed by two studies is shown to be a spurious outcome induced
by sample contamination in the transcriptomic dataset and an ambiguous result due to poor taxonomic sampling in the UCE
dataset. By exploring the effects of number of taxa and loci used for analysis, we show that the power of GGI to discriminate
among competing hypotheses is diminished by limited taxonomic sampling, but not equally sensitive to gene sampling. Taken
together, our results reinforce the notion that merely increasing the number of genetic loci for a few representative taxa is not
a robust strategy to advance phylogenetic knowledge of recalcitrant groups. We leverage the expanded exon capture dataset
generated here for Characiformes (206 species in 23 out of 24 families) to produce a comprehensive phylogeny and a revised
classification of the order.
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Phylogenomic analysis, currently comparing hundreds or thousands of genes for an increasingly large number of non-model
species, has become mainstream to resolve phylogenetic relationships. Large amounts of information contained in the
ever-increasing size of datasets hold the potential to overcome
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stochastic error arising from limited signal in smaller datasets
(Song et al. 2012; Salichos and Rokas 2013; Edwards et al.
2015; Whelan et al. 2015; Simmons et al. 2016; Arcila et al.
2017; Shen et al. 2017; Zhong and Betancur-R. 2017). The
appeal to collect and analyze large amounts of data also has
been driven by new sequencing technologies, increasing confidence among researchers that datasets sporting genome-scale
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information will unambiguously resolve incongruences in molecular phylogenies. But several recent studies show that phylogenomics can lead to strong support for conflicting hypotheses,
indicating that incongruence remains a problem in the era of big
genomic data (e.g., Ryan et al. 2013; Dunn et al. 2014; Pisani
et al. 2015; Whelan et al. 2015; Arcila et al. 2017; Chakrabarty
et al. 2017). Although increasing amounts of information certainly reduce the probability of stochastic error, additional sources
of error specific to big data have been identified, generating
new and unanticipated challenges and pitfalls for phylogenomic
analyses (Philippe et al. 2017).
The development of appropriate inference methods for large
datasets has lagged behind the pace of data production, and many
current methods originally designed to handle smaller datasets
do not scale-up for efficient and consistent analyses in phylogenomics. Conflicting results may stem from model misspecifications leading to systematic biases that are amplified in analyses
of multilocus concatenated datasets, effectively distorting signalto-noise ratios and often revealing high support values for incongruent clades (Philippe et al. 2011; Chiari et al. 2012; Arcila
et al. 2017; Reddy et al. 2017). Complex models and partitioning schemes that may properly account for the complexity and
heterogeneity of large datasets are generally inapplicable due to
unsurmountable computational burden. In most cases, discussions
of contradictory results have focused on the relative merits of few
methodological options, such as comparing concatenated data
analyses versus species–tree inference using the multispecies coalescent (Edwards 2009; Song et al. 2012; Edwards et al. 2015;
Springer and Gatesy 2015). While coalescent-based approaches
that use gene trees as input are theoretically robust to some systematic biases, they rely on accurate gene tree estimation—an
unrealistic assumption in the study of ancient divergences given
the low information content of short coalescent genes or c-genes
(Betancur-R. et al. 2014; Mirarab et al. 2014; Chou et al. 2015;
Roch and Warnow 2015; Simmons et al. 2016). Coestimation of
gene trees and the species tree (e.g., using ∗BEAST, Heled and
Drummond 2010) is robust to this problem but inapplicable to
large datasets.
Additional sources of systematic error have long been
known and attributed to factors such as poor taxonomic sampling
(e.g., Heath et al. 2008; Branstetter et al. 2017) or other dataset
characteristics such as the amount of missing information (e.g.,
Philippe et al. 2004; Wiens and Morrill 2011; Hosner et al.
2016). The appeal of diminishing stochastic error by sequencing
many genes often compromises adequate taxonomic sampling.
Genes or fragments analyzed also need to be orthologous, but
the criteria and procedures used to assign genes to orthologous
groups are highly diverse and inconsistent among studies and
may lead to undetected paralogy (e.g., Hughes et al. 2018). Most
importantly, the interaction of all these factors in nonintuitive
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ways may exacerbate the chance of systematic error (e.g.,
long-branch attraction, nonstationarity), that is, in turn, amplified
by the magnitude and complexity of large datasets.
Phylogenomic analyses also may be plagued by “data errors” (Philippe et al. 2011; Philippe et al. 2017). This source of
error originates as undetected mistakes during the construction
of the datasets due to poorly designed bioinformatic pipelines
that do not routinely apply stringent quality-control steps and because manual curation of the data, such as customarily used in
single-gene or small multigene datasets, can become intractable
(Philippe et al. 2011; Laurin-Lemay et al. 2012). Standard bioinformatic tools adapted to the size and complexity of the genomic
scale are still lacking. Common sources of data error involve
cross-contamination or mislabeling of samples, contamination
with parasitic organisms, and misalignment involving frameshifts
for protein-coding genes due to spurious assemblies or sequencing
and annotation errors.
These potential sources of error can be diminished or
removed, for example, by filtering the original dataset from
“outlier loci” or analyzing only subsets of the most “informative”
or “stationary” loci (Townsend 2007; Dornburg et al. 2014;
Brown and Thomson 2017; Walker et al. 2018). Even so, the
treatment of incongruence may benefit from proposals to use
explicit hypothesis-testing procedures that are appropriate for
phylogenomic datasets. Likelihood-based tests of topologies
in phylogenetics have been very popular for over two decades
(Shimodaira and Hasegawa 1999; Goldman et al. 2000;
Shimodaira and Hasegawa 2001), but the direct application of
such testing procedures to genome-scale datasets is rare or of
limited value due to systematic biases, as discussed above. New
approaches have been proposed recently to quantify phylogenetic
signal and to detect genes or sites that might give rise to incongruence in large multilocus datasets (Salichos and Rokas 2013;
Salichos et al. 2014; Arcila et al. 2017; Brown and Thomson 2017;
Shen et al. 2017; Walker et al. 2018). Among these, Gene Genealogy Interrogation (GGI) applies the well-known approximately
unbiased (AU) test (Shimodaira 2002) in a maximum-likelihood
framework to identify the genealogical history that each gene
supports with highest probability (Arcila et al. 2017; Zhong and
Betancur-R. 2017). The GGI approach extracts the signal from
individual genes by defining a reduced set of topological constraints representing alternative resolutions around the conflicting
node(s). Because many subclades are usually well supported
and uncontroversial, except the ones implied by the incongruent
hypotheses, the topological constraints reduce the universe of
possible solutions to simpler n-taxon statements that can be
statistically compared. The AU test is used to rank alternative
solutions according to their P-values and to reject certain hypotheses in favor of others according to the information contained
in each gene. With this procedure, the distribution of support for
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alternative topologies across the data matrix is explicitly revealed
and may be used directly to identify a top-ranking hypothesis.
GGI also can be used to mitigate the effects of gene tree
estimation error in coalescent analyses. The highest ranking
constrained gene trees from each locus (the “GGI gene trees”)
may be used as input for summary coalescent analyses such as
ASTRAL-II (Mirarab and Warnow 2015) to obtain a “GGI-based
species tree” (Mirarab 2017). Another method similar to GGI
was independently proposed (named GLS or SLS depending
on whether gene- or site-likelihood scores are used) to dissect
the phylogenetic signal in large datasets (Shen et al. 2017). The
two approaches differ mainly in that GGI considers all possible topologies for a specific n-taxon problem, whereas GLS
is based on pairwise comparison between two alternative trees.
Topology testing seems a promising avenue to settle cases with
conflicting results due to gene tree incongruences. In this study,
we demonstrate the power and limitations of GGI and data error
curation to investigate the source of conflict among phylogenomic
analyses using an iconic clade of freshwater fishes that also has
been a model for analysis of Southern Hemisphere biogeographic
patterns (Lundberg 1993; Orti and Meyer 1997; Sanmartin and
Ronquist 2004; Arroyave et al. 2013; Chen et al. 2013).
The order Characiformes or characins (including tetras,
piranhas, and hatchetfishes) has become a contentious clade in
the Tree of Life, providing an attractive model to explore factors
affecting phylogenomic inference. Characiform species are primary freshwater forms, confined to rivers and lakes in Africa and
the Neotropics, with little or no tolerance to salt water. They are
split into two well-characterized and undisputedly monophyletic
suborders: the African Citharinoidei with about 110 species in
two families, and the Characoidei with over 2000 species in 22
families, of which only two are endemic to Africa and the remaining are Neotropical. Extensive morphological evidence (Fink
and Fink 1981; Fink and Fink 1996) unambiguously supports
the monophyly of the order and its phylogenetic placement in
the section Otophysa—the largest radiation of freshwater fishes
including over 10,000 species—among the orders Cypriniformes
(minnows, loaches, and suckers), Gymnotiformes (South American electric fishes), and Siluriformes (catfishes). Molecular
evidence based on a single (Orti and Meyer 1997) or a few DNA
markers (Nakatani et al. 2011; Chen et al. 2013), however, has
failed to support or outright challenged characiform monophyly
and the canonical morphological phylogeny by placing the
two characiform suborders closer to other otophysan groups
(Siluriformes or Gymnotiformes) rather than to each other. Short
internodes connecting the four major otophysan lineages involved
(Citharinoidei, Characoidei, Gymnotiformes, and Siluriformes)
underscore the difficulty in resolving their relationships (Fig. 1).
The molecular data challenging characiform monophyly
have recently escalated to genome-wide proportions due to

publication of four phylogenomic studies addressing otophysan
phylogeny. Two of these (Arcila et al. 2017; Hughes et al. 2018)
have proposed that characoids and citharinoids are sister taxa
supporting a monophyletic order Characiformes (MC hereafter),
whereas the other two (Chakrabarty et al. 2017; Dai et al.
2018; Fig. 1; Table 1) claimed the non-monophyly of the order
(NMC hereafter). The properties of markers examined (exons,
transcriptomes, and ultraconserved elements or UCEs) and the
number of taxa and loci sampled differ substantially among
studies (Table 1). Several alternative analyses applied to these
datasets (concatenation or coalescent based) result in significant
incongruence, clearly revealing high levels of intra-dataset
conflict leading to method-dependent results (e.g., see figure
1 in Arcila et al. 2017). Nonetheless, implementation of GGI
in two of these studies finds an overwhelming number of gene
trees (>70%) supporting the MC hypothesis, in agreement with
GGI-based species tree approaches (Arcila et al. 2017; Hughes
et al. 2018) and the canonical morphological hypothesis.
A remarkable feature of the two phylogenomic studies
proposing the NMC hypothesis is that they support contrasting topologies, with one resolving Siluriformes as the sister
group of Characoidei (Chakrabarty et al. 2017) and the other
placing Gymnotiformes in this position (Dai et al. 2018). Also,
notable is that these studies examined a small number of otophysan taxa (12–28 vs. 32–225 species in the MC studies;
Table 1), and one of them reports a suspiciously shallow divergence between Phenacogrammus and Apteronotus, the sole
representatives of characoids and gymnotiforms examined, respectively (Dai et al. 2018; Fig. 1). Although most time-calibrated
analyses of ray-finned fishes indicate that interordinal divergences
in Otophysa are at least 100 Ma (Near et al. 2012; Betancur-R.
et al. 2013; Chen et al. 2013; Hughes et al. 2018), Dai et al. (2018)
date the split between the African Phenacogrammus (Characiformes) and the South American Apteronotus (Gymnotiformes) at
just 28 Ma.
Here, we use hypothesis-testing procedures to reconcile conflicting results obtained with alternative phylogenomic datasets
that address characiform monophyly. First, we conducted GGI
on the UCE dataset (567 loci) supporting the NMC hypothesis
(Chakrabarty et al. 2017) to quantify the level of conflict among
UCE loci and the evidence for alternative hypotheses. Second,
we address the effects of taxonomic and gene sampling on the
statistical power of GGI by subsampling and by expanding the
original exon-capture dataset of Arcila et al. (2017), with new
data generated for 96 additional characiform species. Third, by
reexamining the raw transcriptomic data, we also test whether the
shallow interordinal divergences inferred by Dai et al. (2018) are
due to contamination of sequence data or taxon misidentification.
Finally, using the most extensive genetic and taxonomic coverage to date, we infer a new phylogeny for Characiformes and
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Arcila et al. (2017) - 1051 exons

Chakrabarty et al. (2017) - 567 UCEs

Cypriniformes (n = 23)

Cypriniformes (n = 4)

Gymnotiformes (n = 13)
Gymnotiformes
(n = 5)

Siluriformes
(n = 79)

Citharinoidei
(n = 5)
Citharinoidei
(n = 14)
Characoidei
(n = 6)
Characoidei
(n = 96)
Siluriformes
(n = 8)
0.03

0.03

Hughes et al. (2018) - 1105 exons

Dai et al. (2018) - 125 exons
Cypriniformes (n = 5)

Cypriniformes (n = 12)
Gymnotiformes
(n = 4)

Siluriformes
(n = 4)

Siluriformes
(n = 9)
Citharinoidei
Distichodus

Citharinoidei
Distichodus

Characoidei
Phenacogrammus

Characoidei
(n = 7)

Gymnotiformes
Apteronotus

0.05

0%

Bootstrap support

0.05

100%

Figure 1. Favored trees inferred by recent phylogenomic analyses of contentious clades of Otophysa. Two studies (Arcila et al. 2017
and Hughes et al. 2018) support the MC hypothesis (monophyletic Characiformes) based on GGI and maximum likelihood (ML) analysis

of the concatenated amino acid sequences (also by other results based on species-tree analyses, see figure 1 of Arcila et al. 2017 and
figure 2 of Hughes et al. 2018). In contrast, Chakrabarty et al. (2017) and Dai et al. (2018) support the NMC hypothesis (non-monophyletic
Characiformes) based on ML and species-tree analyses of DNA sequences (they did not conduct GGI analyses). Note that other nonfavored analyses resolve in some cases incongruent trees (e.g., Arcila et al., 2017). Branch support for Arcila et al. (2017) is based on
concatenated protein subset that includes only genes with at least 200 species (analysis 21). Orange arrow highlights the suspiciously
shallow divergence (short branch lengths) inferred by Dai et al. (2018) between Phenacogrammus (Characiformes) and Apteronotus
(Gymnotiformes). See Table 1 for a summary of phylogenomic dataset properties.
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Summary of dataset properties and hypotheses from phylogenomic studies that favor (MC) or reject (NMC) the monophyly
of Characiformes. A total of 143 exons are common between the dataset marked with the dagger (†) and those marked with the
subscript (§).

Table 1.

Species
sampled
Otophysa

Study

Arcila et al. (2017)
225
Chakrabarty et al. (2017) 28
Hughes et al. (2018)
32
Dai et al. (2018)
12
This study
321
1

Species
sampled
Characiformes

Markers

No. of
Loci

Alignment
length (sites)

Hypothesis
supported

Sister group of
Characoidei

110
11
8
2
206

Exons
UCEs
Exons
Exons
Exons

1051§
567
1105†
125
1051§

279,012
145,897
555,288
152,223
279,775

MC1
NMC2
MC3
NMC4
MC5

Citharinoidei
Siluriformes
Citharinoidei
Gymnotiformes
Citharinoidei

MC obtained with GGI (both DNA and proteins). Supported by additional datasets and analyses: analysis 21—subset with at least 200 species (proteins,

ML), analyses 25 and 26—complete dataset (DNA, STAR, and NJ-ST, respectively), analysis 29—subset with conserved genes (DNA, ASTRAL-II), analysis
36—complete dataset (proteins, ASTRAL-II), analysis 43—subset with at least 200 species (proteins, ASTRAL-II), and analysis 44—subset with genes common
to other studies (proteins, ASTRAL-II).
2

NMC resolved with the UCE dataset using Bayesian and ML (75% complete, with and without morphology) and ASTRAL-II (dataset 50% and 75% complete).

3

MC obtained with ML (proteins) and GGI (both DNA and proteins).

4

NMC obtained using the complete concatenated dataset in BEAST and ML (DNA).

5

MC resolved with GGI (DNA).

briefly discuss some of the implications of this new hypothesis
for biogeographic models and classification.

excluded due to cross-contamination detected by analyses of COI
sequences (barcodes) obtained with the exon-capture probe set.
This quality-control step is routinely used to verify the identity of
tissue samples by BLASTing barcodes against public references.

Methods
TAXONOMIC SAMPLING, EXON CAPTURE AND

PHYLOGENETIC ANALYSES OF THE EXPANDED

SEQUENCING

DATASET

Tissues for 96 species of characoids were obtained from existing
collections, most of which have voucher specimens deposited
in natural history museums (see Table S1 for a list of material
examined). For each sample, genomic DNA was extracted from
fin or muscle tissue using a phenol–chloroform protocol in the
Autogen platform. Library preparation, target enrichment, and
Illumina sequencing (single-end) was outsourced to Rapid Genomics (http://www.rapid-genomics.com) and followed the same
lab protocols and bioinformatic pipelines used in a previous study
to obtain sequence data for 1051 exons (Arcila et al. 2017). All
alignments were visually inspected (and edited) to check for open
reading frames. The 96 species sequenced for this study were combined with a previously published exon-capture dataset (Arcila
et al. 2017) to assemble the largest Otophysan dataset for phylogenomic inference to date. This expanded taxonomic sampling
consists of 321 individuals representing 318 distinct species-level
taxa, of which 206 are characiforms (173 genera), 21 are cypriniforms (21 genera), 13 are gymnotiforms (10 genera), and 78 are
siluriforms (77 genera). The order Characiformes is represented
by 23 (out of 24) families; the only family not sampled here is
the Neotropical and monotypic Tarumaniidae, hypothesized to be
the sister group of Erythrinidae (de Pinna et al. 2017; Arcila et al.
2018). Among the newly sequenced data, two species had to be

Maximum likelihood (ML) analyses were conducted in RAxML
version 8.2 (Stamatakis 2014) for the concatenated datasets and
for each of the 1051 loci to obtain individual genes trees. For the
concatenated dataset, RAxML analyses under the GTRGAMMA
model (partitioned by gene and codon position) were replicated
30 times and the best scoring tree across searches was selected.
Branch support was assessed using the rapid bootstrap algorithm
with 300 replicates; the collection of bootstrapped trees was used
to draw bipartition frequencies onto the optimal tree. Individual
gene trees were inferred using by-codon partitions in RAxML
under the GTRGAMMA model, replicated 30 times to find the
best scoring tree for each locus.
Multispecies coalescent analyses were conducted in
ASTRAL-II version 5.6 (Mirarab and Warnow 2015), using the individual gene trees obtained in RAxML. The
ASTRAL-II analyses were conducted following two strategies
to define gene trees for input (see below). All datasets and sequence information are deposited in the Dryad Digital Repository
(https://datadryad.org//review?doi=doi:10.5061/dryad.vb76b45).

C

GENE GENEALOGY INTERROGATION

The GGI approach was applied to the UCE dataset of Chakrabarty
et al. (2017) as well as to the expanded exon-capture dataset
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UCEs - Chakrabarty et al. (2017)

H0

Outgroup

H 09

Outgroup

Citharinoidei

Gymnotiformes

Characoidei

Citharinoidei

Siluriformes

Characoidei

Gymnotiformes

Siluriformes

0

0

10

1

20

2

30

40

3

50

4

-567 loci
-28 otophysan taxa
-11 characiform taxa

H0

01

02

03

04

05

06

07

08

09

10

11

12

13

14

H0

01

02

03

04

05

08

09

10

11

12

13

14

20

Fink and Fink (1981)
H0

10

Outgroup

Chakrabarty et al. (2017)
H 14

Outgroup

Citharinoidei

Gymnotiformes

Characoidei

Characoidei

Siluriformes

Siluriformes

Gymnotiformes

Citharinoidei

5
0

20
0

H0

01

02

03

04

05

06

07

08

09

10

11

12

13

14

H0

01

02

03

04

05

06

07

08

09

10

11

12

13

14

Fink and Fink (1981)
H0

-1051 loci
-225 otophysan taxa
-110 characiform taxa

250

400

Exons - Arcila et al. (2017)

Outgroup

H 10

Outgroup

Citharinoidei

Siluriformes

Characoidei

Citharinoidei

Siluriformes

Gymnotiformes

50

100

200

150

300

Number of Genes

60

15

100

07

-1105 loci
-32 otophysan taxa
-8 characiform taxa

25

140

Exons - Hughes et al. (2018)

06

01

02

03

04

05

06

07

08

09

10

11

12

13

14

H0

01

02

03

04

05

06

07

08

09

10

11

12

13

14

300

400

600

500

800

-1051 loci
-321 otophysan taxa
-206 characiform taxa

Outgroup

H 01

Outgroup

Citharinoidei

Citharinoidei

Characoidei

Gymnotiformes

Siluriformes

Siluriformes

Gymnotiformes

Characoidei

0

0

100

Nakatani et al. (2011)
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Figure 2.
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Significant GGI Gene Trees

14

Fink and Fink (1981)

Top 2 topologies favored by GGI

Gene Genealogy Interrogation (GGI) applied to four different datasets. Although differential support in favor of a single

tree varies based on different datasets, in all cases the most frequent gene genealogy corresponds to the canonical morphological tree
(H0), which supports the monophyletic characiforms (MC) hypothesis (tree on the left). The trees on the right are the hypotheses ranked
second by GGI test using all GGI gee trees. See Supplementary Table S2 for detailed results on frequencies obtained for H0-H14.

compiled here and also to a set of replicated subsampled exon
datasets (see below). Because GGI analyses were conducted by
two other recent studies (Arcila et al. 2017—original exon capture
study; Hughes et al. 2018), they are simply reported again here
for comparison with the new results (Fig. 2, Table S2). These two
analyses used different sets of loci: Arcila et al. (2017) used target
capture in combination with exon markers designed specifically
for Otophysa, whereas Hughes et al. (2018) compiled exon alignments in silico by mining genome and transcriptome datasets
across the fish diversity. Comparing the datasets of these two
studies, we find that 143 exons are common to both (Table 1).
For all datasets, the GGI analyses tested the relationships among four lineages (Citharinoidei, Characoidei, Gymnotiformes, and Siluriformes) plus an outgroup (Cypriniformes).
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These otophysan lineages are uncontroversial and their monophyly is highly supported by different types of data (Fink and
Fink 1981; Arcila et al. 2017). They are subtended by long internal branches estimated to represent at least 20–65 million years
of evolution, or a conservative estimate of 20–65 coalescent time
units (Arcila et al. 2017). This is an important consideration when
defining lineages to enforce topological constraints for GGI as the
method assumes that these subclades are present in all gene trees.
Rosenberg (2003) estimated under a neutral coalescent model that
the vast majority of genes in a genome (99.999%) require about
eight coalescence time units to achieve monophyly (for either one
species or two sister species). Although it is possible that for some
genes allelic polymorphisms may be maintained by selection for
much longer periods of time resulting in deep coalescences, it
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seems unlikely that those isolated instances would introduce systematic bias into the GGI procedure.
Based on these five lineages, we defined rooted four-taxon
(or unrooted five-taxon) statements for which there are 15 possible
topologies that can be tested using constrained ML searches with
RAxML version 8.2 (Stamatakis 2014). Hence, we constrained
each of the major subclades to be monophyletic and conform to
one of the 15 possible topologies, but imposed no other constraint
with regard to relationships within each clade, nor with respect
to branch lengths or model parameters. Site likelihood scores for
each alternative constrained topology were obtained with RAxML
and a topology test was conducted for each gene by statistically
comparing the scores of the 15 trees via the AU test (Shimodaira
2002) as implemented in CONSEL version 0.1 (Shimodaira and
Hasegawa 2001). Trees were ranked according to the P-values
and visualized using box plots. Two alternative approaches were
applied for scoring the GGI results: (i) one using all rank 1 (best)
gene trees and (ii) another using the set of best gene trees that are
significantly better (P < 0.05) than the alternatives (resulting in
a smaller subset of loci). The two sets of GGI trees selected from
the previous step were used as input for ASTRAL-II version 5.6
(Mirarab and Warnow 2015).
GGI SENSITIVITY ANALYSES

Because the UCE dataset has a considerably smaller size than the
exon datasets (Table 1), we analyzed the effect of taxon and gene
sampling on the power of GGI to discriminate among alternative
topologies. First, we compiled five smaller exon-capture datasets
by subsampling the original data published by Arcila et al. (2017)
to mimic the structure of the UCE dataset of Chakrabarty et al.
(2017). A total of 28 (out of 225) otophysan taxa (including four
cypriniform outgroups and 24 noncypriniform ingroups) and 567
(out of 1051) genes were randomly selected following the number
of lineages sampled per major order/suborder in the UCE study
(four cypriniforms, eight siluriforms, six characoids, five citharinoids, and five gymnotiforms). Species within each lineage were
carefully selected to represent their phylogenetic diversity; hence,
some species are inevitably shared across some data subsets. The
proportion of unique taxa across the five subsets is 80%. Exon
loci were subsampled based on two metrics: (i) taxonomic completeness (exons with sequence data for less than 12 species were
excluded) and (ii) information content (to make the exon data most
similar to the UCE data). The average number of variable sites
per locus in the UCE versus the exon subsets selected is 122.3 and
117.7, respectively. Note, however, that the complete exon dataset
with 225 taxa has an average of 143.6 or 162.0 variable sites per
locus when all (1051) or the 567 loci with maximum variability
were included, respectively. These statistics suggest that (i) as
expected, reducing number of taxa also reduces the information
content of individual loci, and (ii) UCE loci are on average 14.7%

more variable per taxon than exon loci, a factor that we controlled
for in our subsampling.
Second, to assess the sensitivity of GGI-based coalescent
analyses to the number of loci, we conducted a jackknifing approach to randomly sample the top-ranking GGI gene trees from
our expanded exon dataset (with up to 318 species-level taxa, depending on the number of present taxa per gene). The subsampling
was done twice based on (i) the complete set of 1051 top-ranking
genes trees, and (ii) the subset of GGI gene trees that were significantly better than the alternatives (696 gene trees). Subsets
assembled included 5, 10, 20, 30, 100, 200, 300, and 500 gene
trees, with up to five nonoverlapping replicates for each (e.g., the
complete set of genes trees includes two replicates of 500 genes,
but the significantly better set has only one replicate). See details
in Table S3.

REANALYSIS OF THE TRANSCRIPTOMIC DATASET OF
Dai et al. (2018)

We downloaded the raw reads of Apteronotus albifrons (Gymnotiformes) and Phenacogrammus interruptus (Characoidei) from
the Sequence Read Archive (accession numbers SRX2479408
and SRX2479409). The sequence reads were quality trimmed in
Trimmomatic (Bolger et al. 2014) using default parameters, and
assembled separately with Trinity version 2.5.1 (Grabherr et al.
2011). For control purposes, we also examined the transcriptome
of the characoid Astyanax mexicanus, which was sequenced by an
independent study (Pasquier et al. 2016). Mitochondrial barcode
COI sequences were downloaded for each species from GenBank
(KU568756.1 and KU568963.1) and were subsequently queried
against the assembled transcriptomes using BLASTN (Chen et al.
2015).

Results
GGI ANALYSIS OF THE UCE AND EXON DATASETS

Following the original GGI study (Arcila et al. 2017), we constrained each of the four major subclades to be monophyletic
(characoids, citharinoids, siluriforms, and gymnotiforms; Fig.
1). These constraints were justified because stem lineages of
all major otophysan clades span 20–65 coalescent time units
(ctu), confidently meeting the theoretical minima of 8 ctu so that
>99.99% of the gene genealogies in a genome are monophyletic
(Rosenberg 2003). In total, we conducted 8505 constrained ML
searches (15 alternative topologies for each of the 567 UCE loci).
We report results for the two alternative approaches for sampling
GGI trees: (i) the complete dataset including all top-ranked gene
trees (567 GGI UCE trees) and (ii) the subset of top-ranked UCE
gene trees that are significantly better (P < 0.05) than their alternatives (significant-only GGI UCE trees).
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The frequencies of GGI gene trees for each alternative hypothesis in the UCE dataset imply relatively similar levels of
support for at least four competing topologies (Fig. 2, Table
S2). The most frequent gene genealogy (56 gene trees) corresponds to the canonical topology supported by morphology
(MC), although it is followed closely by topology H10 (52 gene
trees), the NMC topology favored by Chakrabarty et al. (2017)
(Fig. 2, Table S1). Significant-only GGI gene trees reveal similar results: four versus three gene trees, respectively (Fig. 2,
Table S2). Therefore, GGI results obtained with the UCE dataset
(Fig. 2) fail to reject with confidence (or overwhelmingly
favor) any of the hypotheses. Similarly, coalescent-based analyses conducted in ASTRAL-II (Mirarab and Warnow 2015)
using the GGI gene trees as input resolved the NMC tree
favored by Chakrabarty et al. (2017) when using as input all
567 GGI gene trees, but the canonical MC tree was obtained
when using as input the 16 significant-only GGI genes trees
(Fig. S1).
In contrast to the UCE dataset, GGI results from the expanded exon dataset compiled for this study (318 otophysan taxa
including 206 characiforms) show overwhelming support for the
MC topology, both when all 1051 GGI gene trees are considered
(i.e., 802 vs. 207 loci for best alternative) or when significant-only
GGI trees are considered (619 vs. 80 loci; Fig 2, Table S2). Interesting differences are noted between the results of this study and
the original one by Arcila et al. (2017). Analyses of the expanded
exon dataset find stronger support in favor of the MC tree, with 802
genes (76% of all genes) versus 459 genes (43%) in the original
study, and identifies in second place a different NMC hypothesis
(H01 ) compared to the original study (H10 ). The second hypothesis
is supported by only 207 genes (a difference of 595 genes or 57%
of all genes) in the expanded dataset, whereas the second hypothesis is supported by 174 genes (a difference of 285 genes or 27%
of all genes) in the original dataset. The GGI-based coalescent
trees obtained with ASTRAL-II support the MC hypothesis
(Fig. S2), in agreement with the result obtained by Arcila
et al. (2017). The ML tree obtained by RAxML on the concatenated dataset for Characiformes taxa only is shown in
Figure 4.
The different results obtained using GGI on the exon and
UCE datasets could be due to marker type, dataset size (i.e., an
order of magnitude more taxa and nearly twice as many loci were
sampled for exons than UCEs; Table 1), or a combination of factors. Although in all datasets the MC gene tree topology under
GGI is the most frequent (Fig. 2), the two cases in which GGI
finds the smallest differential support in favor of the MC tree are
also those with the fewest number of taxa examined (Chakrabarty
et al. 2017; Hughes et al. 2018), suggesting that taxonomic sampling affects the statistical power of GGI to resolve alternative
relationships. Note, however, that GGI gene tree frequencies

8

EVOLUTION 2018

alone should not be equated with phylogenetic resolution, as
there are theoretical conditions under which the most frequent
gene genealogy conflicts with the underlying species tree (i.e.,
the anomaly zone; see Arcila et al. 2017 for discussion). Finally,
consistent with previous studies (e.g., Saitoh et al. 2003; Nakatani
et al. 2011; Chen et al. 2013; Arcila et al. 2017; Chakrabarty
et al. 2017), non-GGI ML and coalescent-based analyses of
the expanded exon dataset continue favoring NMC topologies
(Fig. S4).
TAXONOMIC SAMPLING AND GGI

An ideal approach for teasing apart the effect of marker type (UCE
or exons) and dataset size (number of taxa and genes sampled)
would be to augment the UCE dataset by adding more genes
and more taxa, matching the sampling strategies applied in the
exon-based studies. Although doing this is beyond the scope of
our study, we instead tested the effects of taxonomic sampling
on GGI by subsampling the exon-capture dataset (Arcila et al.
2017). The subsets analyzed have same number of genes (567)
and otophysan taxa (28) examined with UCEs. We assembled
five replicate subsets by including different species (some are
common across subsets) while maintaining the number of genes
constant. The 567 genes (out of 1051 total) were selected to
maximize data for species sampled and to include a comparable
number of informative sites per gene (see Methods for details).
In all five replicates, the GGI analyses resulted in muddled resolution of alternative tree topologies (Fig. 3) in comparison with
full datasets (Fig. 2, Table S2). Contrary to results obtained from
the full exon dataset, an NMC topology (H03 ) is the most frequent tree in subsets 1 and 5 (winning with 102 and 89 GGI trees,
respectively), but the alternative hypotheses H05 wins in replicates 3 and 4 (with 64 and 65 GGI trees, respectively) and ties
for best hypothesis with H10 with 62 GGI trees in replicate 2.
The MC hypothesis (H0 ) never wins, but receives support from
70 GGI trees in replicate 5. In all cases, the winning hypothesis receives support of less than 18% of all loci. The GGI-based
coalescent trees obtained with ASTRAL-II for the five subsets
represent four different NMC hypotheses (Fig. S3), with H05
and H03 also being frequently obtained with all GGI trees and
only significant GGI trees as input. None of the winning NMC
hypotheses corresponds to the preferred tree (H10 ) reported by
Chakrabarty et al (2017).
In summary, these results indicate that limited taxon sampling has a major effect on the statistical power of GGI. Smaller
datasets fail to identify clearly a winning hypothesis while GGI
results based on the expanded dataset provide clear resolution and
increased support for the MC tree. It remains to be seen whether a
more taxonomically rich UCE dataset would provide significant
support in favor of the NMC hypothesis (using GGI and other
methods).
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Figure 3. Testing the power of GGI using reduced subsets of the exon capture dataset generated by Arcila et al. (2017). The subsampling
targeted 5 sets of 28 otophysan taxa (some are shared across subsets; see Methods) and 567 genes, thereby matching the sampling

strategies in the UCE study (Chakrabarty et al. (2017). The relative frequencies of tree topologies supported by the different genes
(compared to those using the complete dataset, as well as the expanded dataset generated here; Fig. 2) suggest that GGI is sensitive to
limited taxon sampling. See Supplementary Table S1 for details on H0-H14 and Supplementary Fig. S3 for results of GGI-based coalescent
analyses using these subsets.
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GENE SAMPLING AND GGI

The effect of varying the number of genes (rather than taxa) on the
topology favored by GGI-based coalescent analyses is reported in
Table S3. The randomly assembled subsets of gene trees (sampled
from the complete set of GGI gene trees) were used as input for
ASTRAL-II. Subsets assembled included 5, 10, 20, 30, 100, 200,
300, and 500 gene trees, with up to five replicates each (see
Methods for details). For 74 out of 76 GGI gene tree subsets
(Table S3), ASTRAL-II supported the MC hypothesis (H0 ). Only
two species trees obtained with two of the smaller subsets (five
and 20 gene trees; Table S3) resolved an NMC tree (H03 ), which
also was the tree favored by ASTRAL-II for the reduced taxon
datasets (Fig. S3). In this particular case, these results suggest
that decreasing the number of genes on a dataset that otherwise
features deep taxonomic coverage has a lesser impact on the GGIbased coalescent results.
CONTAMINATION OF PHENACOGRAMMUS
INTERRUPTUS IN THE TRANSCRIPTOMIC DATASET

To investigate the unexpectedly shallow divergences between
Gymnotiformes and Characoidei in the Dai et al. (2018) study
(Fig. 1), we mapped the raw reads of Apteronotus (their sole
gymnotiform representative) against the assembled transcriptome
of Phenacogrammus (their sole characoid representative). For
control purposes, we also included the transcriptome of another
characoid species, Astyanax mexicanus, in the comparisons.
We also checked for possible instances of cross contamination
by querying mitochondrial barcode COI sequences (downloaded from GenBank) against the assembled transcriptomes.
In the absence of contamination, we expected to find similar mapping rates of Apteronotus reads to both characoid
transcriptomes.
The BLASTN query against the Phenacogrammus transcriptome detected sequences with 100% identity to both COI barcode sequences, whereas the Apteronotus transcriptome only
contained the Apteronotus COI sequence, suggesting that the
Phenacogrammus transcriptome is contaminated with Apteronotus RNA but not the reverse. Furthermore, a contig assembled in
the Phenacogrammus transcriptome (>7000 bp) had 100% identity with the Apteronotus mitochondrial genome when queried
against the NCBI nucleotide database. To further assess the extent of contamination, we quantified the overall alignment rate
and found that 86.7% of the raw reads of Apteronotus map to
the Phenacogrammus transcriptome. By contrast, the proportion
Apteronotus reads mapping against the Astyanax transcriptome
(characoid control) is only 4.4%.
Collectively, these results indicate that the NMC hypothesis
and the shallow divergence between Characoidei and Gymnotiformes (Fig. 1) obtained by Dai et al. (2018) is a spurious result
(“data error”) arising from massive sequence contamination. The
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lack of taxonomic replication within each suborder helped conceal
this specific instance of contamination. The size and complexity
of phylogenomic datasets demand analytical pipelines with stringent quality-control procedures to limit the adverse effects of such
data errors (e.g., Philippe et al. 2017).

Discussion
PHYLOGENOMIC INCONGRUENCE AND HYPOTHESIS
TESTING

Many factors associated with the construction and analysis of phylogenomic datasets are known to have biasing effects that may lead
to conflicting results (Philippe et al. 2011). Most studies, however,
typically focus on one or a few of these (if any) in an attempt to
increase confidence in the results and advance phylogenetic hypotheses. But negative interactions of identifiable and undetected
factors in nonintuitive ways may be amplified by the size and complexity of large datasets, leading to increased reporting of incongruence in the phylogenomic literature. In this study, we address a
recent case of incongruence based on analyses of UCE, transcriptome, and exon datasets for the largest clade of freshwater fishes
(Otophysa).
We emphasize the importance of hypothesis testing and, in
particular, the dissection and characterization of phylogenetic signal contained in large multilocus datasets as a means to determine
any internal conflict in each dataset before comparing results
from wholesale analysis of different datasets. Our rationale is
that systematic biases may override the prevailing signal to produce incongruent results that are not really supported by the different datasets. These systematic biases may take the form of
long-branch attraction due to model misspecification, inadequate
accounting of base composition nonstationarity, or other factors.
By applying a recently developed hypothesis testing procedure
(GGI), we show that the apparent incongruence among results reported by Chakrabarty et al. (2017), Arcila et al. (2017), Hughes
et al. (2018), and the expanded dataset compiled for this study
stems from differences in taxon sampling, rather than quality
(UCE or exons) or quantity of loci (500–1000) analyzed. Furthermore, our simple sensitivity analysis shows that the number
of taxa included in our dataset has a stronger effect than the
number of genes on the power to discriminate among alternative
hypotheses using GGI. These results may highlight potential limitations of hypothesis-testing procedures for datasets with small
numbers of taxa. Although the original studies supported contradictory results, GGI analyses show that the apparent conflict is
spurious. The small dataset (Chakrabarty et al. 2017) simply lacks
sufficient information to discriminate among alternative hypotheses despite producing a strongly supported result when analyzed
with standard concatenation approaches or species-tree methods
such as ASTRAL-II. Furthermore, standard concatenation and
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species–tree methods are susceptible to systematic biases and
gene tree estimation error, respectively (Meredith et al. 2011;
Philippe et al. 2011; Betancur-R. et al. 2014; Springer and Gatesy
2015; Arcila et al. 2017).
In addition to inadequate taxon sampling, another factor that
may limit the power of GGI to discriminate among alternative hypotheses is the ability to define unambiguous and well-supported
clades to design backbone constraints for the AU tests. There is a
compromise between meeting the assumption of long subtending
branches (more than eight coalescent time units) at the base of
these clades and the number of clades that need to be defined
around the node (or nodes) involved in the conflict. If the number of clades that meet this assumption is greater than five (as
applied in this study), the number of alternative topologies may
become prohibitively high to efficiently apply GGI via AU tests.
For five-taxon (or unrooted six-taxon) statements, there are 105
possible topologies, and for six-taxon (or unrooted seven-taxon)
statements, there are 945 that would need to be tested for each
gene tree in the dataset. Therefore, the ability to “dissect” a subset of well supported clades around the node of interest that meet
the monophyly criterion may become another critical limitation
of the GGI approach. For example, this seems to be the case
with the difficulty of resolving controversial branching patterns
proposed by different studies at the base of the neoteleost and
acanthopterygian fish radiations (Near et al. 2012; Betancur-R.
et al. 2013; Grande et al. 2013; Davesne et al. 2016; Nelson et al.
2016; Alfaro et al. 2018). Fortunately, this is not the case for the
apparent incongruence in otophysan relationships or characiform
monophyly.
THE IMPORTANCE OF TAXONOMIC SAMPLING

Our confidence in phylogenetic inference clearly increases with
the size of the datasets analyzed. Large amounts of information reduce the probability of stochastic error in general, but
this study shows that investing resources into maximizing taxonomic sampling may be as relevant as examining genome-scale
datasets. We demonstrate that the power to discriminate among
competing hypotheses with GGI seems to be more contingent on
having a dense taxonomic sample than on the number or type
of genes analyzed. Although filtering for informative loci may
be a promising avenue to gain confidence in resulting phylogenies by increasing measures of support (bootstrap or other),
efforts aimed at including dense taxon coverage are critical when
applying GGI to addressing recalcitrant groups in the Tree of
Life.
Our analysis of smaller subsets of taxa (Fig. 3) shows that
even with the same amount of sequence data (1051 loci in this
case), the ability to discriminate among competing hypotheses
using topology tests on gene trees (GGI) is lost. It seems that,
in spite of retaining taxa for all relevant groups involved in the

controversial topological patterns (orders or suborders of otophysan fishes), the AU tests fail to resolve a predominant branching order. A possible explanation is that, just by pure chance, ML
scores for alternative trees with a low number of tips will likely
be more similar to each other than alternative trees with a large
number of tips. In fact, AU tests should be used with caution
when many of the best trees are nearly equally as good, as one
might overlook the “true tree” by placing too much confidence
in the wrong trees (Shimodaira 2002). This problem will affect
each individual AU test for all loci (either UCEs or exons) that
are short and uninformative or taxonomically undersampled. Our
analyses provide support for the latter. We did not explicitly test
for locus length or information content, although we did match
the information content of UCE and exon loci in the subsampled
datasets. Simulation studies under different conditions of taxon
sampling and locus informativeness would help tease apart their
effects on the power of GGI to discriminate among apparently
conflicting phylogenomic hypotheses.
ADDRESSING DATA ERROR

Although not pervasive, a worrisome trend in the phylogenomic
literature is the relatively high incidence of data error reported
a posteriori of the publication of landmark papers. For example, Philippe et al. (2017) discuss three datasets that addressed
early metazoan evolution and the origin of land plants in which
undetected data errors may have compromised the published results. The errors were carefully uncovered by time-consuming
reanalyses conducted by independent authors (Philippe et al.
2011; Laurin-Lemay et al. 2012). Mirarab and Warnow (2015)
and Springer and Gatesy (2015) characterized fundamental errors
in Song’s et al. (2012) phylogenomic dataset (447 genes) that
compromised their major conclusions about relationships among
eutherian mammals. Additional examples involve the position of
turtles in relation to lepidosaurs and archosaurs proposed by analysis of a large microRNA dataset (Lyson et al. 2012) in which the
implementation of more rigorous criteria for microRNA annotation and orthology assessment has challenged the original results
(Field et al. 2014). Such examples can lead to the publication of
“phylogenomic errata” that attempt to correct the original mistakes (e.g., Song et al. 2015), but ultimately add confusion to the
Tree of Life.
The challenge to develop robust bioinformatic pipelines to
assemble phylogenomic datasets that incorporate quality-control
steps at several levels has not been met in practice. Because visual
inspection of alignments and reading frames is more difficult for a
large dataset with hundreds or thousands of genes, efficient tools
that at least flag potential problems in subsets of the data are desirable. Smaller subsets of flagged alignments may be susceptible
to manual curation, but not complete datasets. Problems with contamination or confused species labels also need to be addressed
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(A) Characiform phylogeny based on the concatenation analysis of 1051 exons. See Supplementary Information for details on
the phylogeny and classification of the group. Star highlights African clades; all other groups are Neotropical. (B) Continued on next page.

Figure 4.

∗

See Supplementary Information for details on the phylogeny and classification of the group. Erythrinoidea also includes Tarumaniidae
(Arcila et al. 2018; see Supplementary Information).
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B

Characoidea

Characidae

Chalceus epakros
Chalceidae
Chilobrycon deuterodon
Brycon pesu
Bryconidae
Henochilus wheatlandii
Bryconops melanurus
Iguanodectidae
Iguanodectes spilurus
Acestrorhynchus microlepis Acestrorhynchinae
Gilbertolus maracaiboensis Roestinae Acestrorhynchidae
Heterocharax macrolepis
Heterocharacinae
Hoplocharax goethei
Gasteropelecus sternicla
Carnegiella marthae
Gasteropelecidae
Thoracocharax stellatus
Engraulisoma taeniatum
Clupeacharacinae
Clupeacharax anchoveoides
Triportheus rotundatus
Triportheinae Triportheidae
Lignobrycon myersi
Agoniatinae
Agoniates halecinus
Amazonspinther dalmata
Spintherobolinae
Paracheirodon axelrodi
Paracheirodon axelrodi
Hyphessobrycon sweglesi
Hyphessobrycon copelandi
Moenkhausia xinguensis
Hasemania sp.
Microschemobrycon casiquiare
Jupiaba meunieri
Poptella compressa
Brachychalcinus orbicularis
Orthospinus franciscensis
Aphyodite grammica
Hemigrammus ulreyi
Bryconella pallidifrons
Pristella maxillaris
Stygichthys typhlops
Coptobrycon bilineatus
Myxiops aphos
Probolodus heterostomus
Deuterodon iguape
Stethaprioninae
Tucanoichthys tucano
Jupiaba polylepis
Erythrocharax altipinnis
Axelrodia riesei
Hyphessobrycon sovichthys
Inpaichthys kerri
Hollandichthys multifasciatus
Rachoviscus crassiceps
Hemigrammus ocellifer
Bario steindachneri
Thayeria obliqua
Rhoadsia cf. altipinna
Grundulus bogotensis
Astyanacinus moorii
Psellogrammus kennedyi
Ctenobrycon hauxwellianus
Oligosarcus brevioris
Astyanax abramoides
Astyanax baileyi
Astyanax jordani
Astyanax mexicanus
Markiana nigripinnis
Tyttocharax madeirae
Xenurobrycon pteropus
Acrobycon ipanquianus
Hemibrycon surinamensis
Mimagoniates rheocharis
Lophiobrycon weitzmani
Glandulocauda melanopleura
Corypoma riisei
Pseudocorynopoma doriae
Lepidocharax burnsi
Planaltina britskii
Stevardiinae
Creagrutus beni
Ceratobranchia obtusirostris
Attonitus ephimeros
Bryconadenos tanaothoros
Knodus smithi
Piabina argentea
Piabarchus analis
Bryconamericus stramineus
Diapoma uruguayensis
Scopaeocharax sp.
Bryconamericus lethostigmus
Bryconamericus leptorhynchus
Roeboexodon guyanensis
Exodontinae
Exodon paradoxus
Tetragonopterinae
Tetragonopterus chalceus
Phenacogaster calverti
Roeboides descalvadensis
Acestrocephalus ginesi
Galeocharax gulo
Characinae
Cynopotamus magdalenae
Roeboides guatemalensis
Priocharax ariel
Prionobrama filigera
Aphyocharax pusiilus
Aphyocharax dentatus
Aphyocharacinae
Phenagoniates macrolepis
Leptagoniates steindachneri
Xenagoniates bondi
Heterocheirodon yatai
Nanocheirodon insignis
Saccoderma melanostigma
Prodontocharax alleni
Kolpotocheirodon theloura
Cheirodontinae
Holoshestes pequira
Aphyocheirodon hemigrammus
Compsura heterura
Serrapinnus calliurus
Odontostilbe sp.
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Figure 4.
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by routinely obtaining barcode sequences (typically the mitochondrial COI fragment) that can be quickly compared against curated
reference datasets. The simple steps used in this study to scrutinize suspicious results published by Dai et al. (2018) and those
used by other authors that reanalyze existing datasets need to be
performed routinely and constitute a set of best practice principles
for phylogenomics.

suborder Citharinoidei, composed of two families endemic to
Africa (Citharinidae and Distichodontidae), as the sister group of
Characoidei, clade including two African families (Alestidae and
Hepsetidae) that are nested within the remaining characiforms,
all of which are Neotropical (Fig. 4). The implications of our
phylogenetic hypothesis for characiform biogeography, however,
need to be elucidated using modern biogeographic methods, a
goal that is beyond the scope of this study.

CHARACIFORM PHYLOGENY

This study leverages unprecedented amounts of evidence from
1051 exons, generated for 206 characiform species (in 23 out of
24 families), to produce the most comprehensive phylogeny of
the order to date (Fig. 4). Our new dataset, along with reanalyses
of available UCE data that challenged the monophyly of the order, provide unambiguous support for a long-standing hypothesis
based on morphology (Fink and Fink 1981) supporting the monophyly of characiforms and their interrelations among otophysan
orders. Our phylogenomic analysis also resolves with confidence
the branching pattern among families—particularly toward the
base of the characiform radiation—that remained elusive in previous studies (Oliveira et al. 2011), clarifying the relationships
among African and Neotropical groups. These results provide a
robust phylogenetic framework with dense taxonomic sampling
for future comparative studies to address the diversification of
characiform fishes. We refer the readership interested in characiform systematics to the Supplementary Information for a revised
classification of this group.
Characiforms are among a few classic biogeographic models
for the study of broad transoceanic distributions (Sanmartin and
Ronquist 2004) because they are primary freshwater forms and
cannot be easily transported across the ocean by rafting, wings,
or other agents. They have been studied in relation to the biogeographic history of the Southern Hemisphere as a prime example
of the vicariance paradigm: disjunct trans-oceanic distributions
are a consequence of the sequential breakup of the southern
supercontinent of Gondwana. Cretaceous breakup of Gondwana
has been proposed as an important mechanism in the diversification of characiform families, but early phylogenies of the
group—despite their inability to confidently resolve relationships
among all families—suggested that African and Neotropical taxa
did not form reciprocally monophyletic groups (Orti and Meyer
1997; Oliveira et al. 2011). These results prompted some authors
to identify problems with the vicariance paradigm and to suggest
that the present biogeographic distribution implies a highly
uneven rate of extinction among African lineages (Lundberg
1993). Chen et al. (2013) found evidence that the diversification
of Characoidei postdated the final fragmentation of Gondwana
and suggested a preeminent role for uncertain postfragmentation
dispersal routes between Africa and South America. Our study
confirms to some extent these early suggestions by placing the

14

EVOLUTION 2018

Conclusions
Phylogenomic data have contributed greatly to resolve the structure of the Tree of Life, but several branches remain poorly resolved or subtending contentious relationships. The increased information and power of large datasets invites new challenges to
properly curate and analyze them. Efficient analytical approaches
that scale-up to large data and, at the same time, accommodate
their complexity and heterogeneity remain to be established. The
example provided in this article illustrates how hypothesis-testing
procedures may be used to reveal the degree of internal conflict
(gene-tree discordance) and to resolve conflicting relationships
with phylogenomic data. Our results highlight the importance of
dense taxon sampling to resolve difficult phylogenetic questions
where a “more genes” approach by itself clearly is not sufficient.
A well-balanced effort to collect genome-wide datasets for many
taxa remains a fundamental step for advancing the field of systematics and, more generally, for unraveling the Tree of Life.
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