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ABSTRACT

As modern phylogenomics datasets become increasingly large, it is useful to develop recom-
mendations for how to subsample datasets for best species tree inference. Here we apply a
new measure of phylogenetic information content that estimates the reduction in tree space
occupied by a posterior sample of inferred trees relative to a prior sample in order to assess
the effects of gene tree parameters on species tree estimation. We find that, consistent with
earlier studies, when data are informative, more data result in better species tree inference.
However, when data are uninformative, subsampling a dataset to include only the most in-
formative loci may produce a better species tree sample. We perform analyses on a variety

of simulated and empirical datasets.

Keywords: Bayesian, phylogenetics, information
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INTRODUCTION

The current phylogenomics era is characterized by an abundance of genomic data along
with the realization that topologically different phylogenies underlie different parts of the
genome. One common source of incongruence among gene trees is incomplete lineage sorting
(ILS), characterized by deep coalescences in gene trees (Maddison, 1997). The multispecies
coalescent (MSC) model (Rannala and Yang, 2003) accommodates ILS, but Bayesian imple-
mentations are limited in the amount of data they can handle with a practical amount of
computing resources. It is therefore useful to develop recommendations for how to subsample

loci in phylogenomics data sets.

Measures to assess phylogenetic information content have been developed (Steel et al., 1993,
1995; Lyons-Weiler et al., 1996; Goldman, 1998; Massingham and Goldman, 2000; Shpak
and Churchill, 2000; Xia et al., 2003; Xia, 2009; Geuten et al., 2007; Townsend, 2007; Shi
et al., 2008; Fischer and Steel, 2009; Lemey et al., 2009; San Mauro et al., 2009; Tippery
et al, 2012; Lewis et al., 2016; Townsend et al., 2012; Brown, 2014; Duchéne et al., 2022),
but these measures have so far been applied to gene trees, not species trees (e.g. Prum
et al., 2015). Additionally, these measures only take into account discrete tree topologies,
not continuous parameters such as branch lengths. Because gene trees are often nuisance
parameters required to estimate a species tree, it makes sense to assess how information
about species trees is affected by various model parameters, providing insight into how to
subsample loci for best species tree samples. Previous studies (Heled and Drummond, 2010;
Corl and Ellegren, 2013) found that increasing the number of loci in a species tree analysis
tends to improve resolution and accuracy of the species tree on both simulated and empirical
data. However, these studies did not consider informativeness of the data in the analyses.

Lanier et al. (2014) found high variation loci may produce a better species tree inference than
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low variation loci for a Bayesian framework. Lanier et al. (2014) used variation as a proxy
for information content and did not estimate information content directly. This approach is
problematic if high variation loci have low information content due to saturation (multiple
substitutions per site) or low variation loci have high information content if sequences are
long. Here, we estimate information content to assess whether including only the most
informative loci in an analysis improves computational efficiency without sacrificing species

tree accuracy.

We use a new method to calculate phylogenetic information content (/) that is described
fully in Milkey and Lewis (2026). This method estimates the reduction in tree space occupied
by a posterior sample of inferred trees relative to a prior sample. A large reduction in tree

space corresponds to high information content.

Our method requires two samples of phylogenetic trees, one from the posterior and one
from the prior. We estimate the mean tree (Miller, Owen, and Provan, 2015) from both the
posterior and prior samples and calculate the geodesic distance (Owen and Provan, 2010)
between the mean tree and each sampled tree in the BHV space defined by Billera et al.
(2001). From these distances, we calculate the radius of a hypersphere that just includes the
95% set of sampled trees closest to the mean tree. Information content is defined as:

I — (—RP”';% _ R”"“) % 100, (1)
prior

where R,,s; and R, are the radii for the posterior and prior samples, respectively.

Geodesic tree distances are functions of both branch lengths and topologies, so this mea-
sure of information content accounts for both tree characteristics. If the radius around the

posterior mean tree is much smaller than the radius around the scaled prior mean tree, infor-



0101

0102

0103

0104

0105

0106

0107

0108

0109

0110

0111

0112

0113

0114

0115

0116

0117

0118

0119

0120

0121

0122

0123

0124

0125

mation content will approach 100%. If the radius around the posterior mean tree is equal to
the radius around the scaled prior mean tree, information content will be 0%. This method

may be applied to samples of gene trees or species trees.

We expect trees sampled under the prior to be much longer than trees sampled under the pos-
terior because sequence data generally contain abundant information about branch lengths.
To focus on topological information content and to prevent information about tree length
from dominating, we scale the prior mean tree (Tj) so it has the same total length as the
posterior mean tree (T). This scaling does not imply that only topological information is
measured; correlations among edge lengths affect I even if all trees have the same overall

tree length.

We use this measure of information content to assess the effect of different gene tree parame-
ters on information about and accuracy of species trees using a variety of simulated datasets

and one empirical dataset.

MATERIALS AND METHODS

We simulated all data sets and performed all Bayesian analyses using the program SMC,
available at https://github.com/amilkey1/SMC, which samples from the MSC model using
a sequential Monte Carlo approach (Milkey et al., 2025). Both the mean tree and tree
distances were calculated in this paper using the open-source software op, available from

https://github.com/plewis/op.
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EXPERIMENT 1: SITES PER LOCUS

At every point in a 10 by 10 grid, data were simulated under a Jukes-Cantor (Jukes and
Cantor, 1969) model for 10 loci, 5 species, and 2 sampled individuals per species for a total
of 100 simulated datasets. The 10 grid rows corresponded to evenly-spaced values of T', the
species tree height, from 0.0 to 0.1. The 10 grid columns corresponded to evenly-spaced
values of 0/2, from 0.0 to 0.1. 6 was fixed across all species within a species tree. Smaller
values of T and larger values of 0/2 yield greater expected deep coalescences, and thus those

areas of the grid present a greater challenge to species tree methods.

We repeated the simulations 4 times for a total of 400 datasets, varying the number of sites
per locus for each set of 100 datasets. For the first, second, and third sets, we simulated
datasets with 10, 100, and 1000 sites per locus, respectively. For the fourth set of analyses,
we conditioned species trees on the true gene trees (effectively an infinite number of sites per
locus). We sampled species trees using the SMC program. See supplementary information
for details about program settings. We calculated species tree information content (I) and
inaccuracy. Here we measure inaccuracy as the average BHV distance between the sampled
trees and the true tree. A smaller distance means the two trees are closer to one another in
tree space, so a smaller BHV distance to the true tree indicates higher accuracy. We report
inaccuracy as BHV distances between sampled trees and true tree but discuss these results
in terms of accuracy rather than inaccuracy (i.e. lower BHV distance = higher accuracy).
We expected species tree information and accuracy to increase with increasing per-locus

sequence length.
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EXPERIMENT 2: NUMBER OF LOCI

We repeated the simulation conditions in experiment 1 but this time performed all analyses
using the true gene trees as data. We simulated a different number of loci for each of 6 sets
of 100 datasets (10, 20, 30, 40, 50, or 100 loci). We sampled species trees using the SMC
program. See supplementary information for details about program settings. We calculated
species tree information content (/) and inaccuracy (BHV distances from sampled trees to
true tree). We expected species tree information and accuracy to increase with an increasing

number of loci (given no gene tree estimation error).

EXPERIMENT 3: AMONG-LOCUS RATE VARIATION

We simulated 25 datasets under a Jukes-Cantor (Jukes and Cantor, 1969) model with fixed
T = 0.1, fixed § = 0.1, 100 loci, 5 species, 2 sampled individuals per species, and 1000
sites per locus. We divided loci into 9 groups, each with a different normalized relative
rate, ranging from 0.0001 to 3.3. We sampled gene trees under the true model from both
the prior and posterior using RevBayes v1.3.2 (Hohna et al., 2016) software. We calculated
information content in each gene tree sample and conducted species tree analyses using only
the most informative loci as determined by various cutoff points. To calculate gene tree
information content, we applied our method to the gene tree samples. We expected locus
informativeness to decrease at very low and very high rates. We calculated species tree
information content (I) and inaccuracy (BHV average distances from sampled trees to true
tree). We expected species tree information and accuracy to increase as more informative

loci were used.
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APPLICATION: EMPIRICAL DATASET

We assessed information content on an empirical dataset of teleost fishes (Near and Kim,
2021) with 22 species, 16 loci, 71 sampled taxa, and 12545 base pairs. We sampled gene trees
under a GTR (Tavare and Miura, 1986) + I + G model from both the prior and posterior
using RevBayes v.1.3.2 (Hohna et al., 2016) software. We calculated information content in
each gene tree sample and conducted species tree analyses using only the most informative
loci as determined by various cutoff points. Species tree analyses were performed in the SMC
program using an HKY (Hasegawa et al., 1985) + I + G model (the SMC program does not
currently implement a GTR model). Proportion of invariable sites, gamma shape parameter,
and empirical base frequencies were estimated in PAUP* (Swofford, 2003). See supplemen-
tary information for details about priors and program settings. Because the maximum locus
information content was roughly 51%, we chose cutoff points of 0% information (all 16 loci
included in species tree analysis), 10% (only loci with >10% information included in species
tree analysis), 20%, 30%, 40%, and 50%. We did not use a cutoff above 50% because this
would have removed all loci from the analysis. For computational efficiency, we estimated
a prior mean tree for the first locus and used this as the prior mean tree for all loci. We
calculated species tree information content (/) but because this is an empirical dataset we

were not able to calculate species tree accuracy.
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RESuULTS

EXPERIMENT 1: AMOUNT OF SEQUENCE DATA

Information about species trees and accuracy of species trees generally increased with in-
creasing per-locus sequence length (Fig. 1), with the most dramatic improvement from 10
sites to 100 sites. Information content for the 10-, 100-, 1000-, and infinite-site analyses was
on average 60.6%, 76.7%, 86.5%, and 93.3%, respectively. Inaccuracy for the analyses was
on average 0.056, 0.034, 0.022, and 0.007, respectively. Information and accuracy tended
to decrease with an increase in the proportion of deep coalescences (Fig. 1). Even with an

infinite number of sites per locus, perfect accuracy is not expected with only 10 loci.

EXPERIMENT 2: NUMBER OF LOCI

Information about species trees and accuracy of species trees generally increased with an
increasing number of loci (Fig. 2). Information content for the 10-, 20-, 30-, 40-, 50-,
and 100-locus analyses was on average 96.6%, 98.5%, 99.1%, 99.4%, 99.5%, and 99.8%,
respectively. Inaccuracy for the analyses was on average 0.0064, 0.0038, 0.0028, 0.0025,
0.0024, and 0.0020, respectively.

Information content and accuracy were both lowest for the 1-locus datasets (Fig. 2). In-
formation and accuracy tended to decrease with an increase in the proportion of deep coa-
lescences (Fig. 2). While information content and accuracy were highest for the 100-locus
datasets, there were only very marginal improvements over these measures on the 30-, 40-,

and 50-locus datasets.
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Figure 1: Experiment 1 results (10 loci, 5 species, 2 sequences sampled for each species).
Analyses performed with varying amounts of sequence data simulated. a) 10 sites per locus.
b) 100 sites per locus. c¢) 1000 sites per locus. d) Infinite number of sites (species trees
conditioned on true gene trees). Colors indicate proportion of all coalescences that are deep
across all gene trees. Axes represent information content (topology and branch lengths),
inaccuracy (BHV distances), and ratio of species tree height to average coalescence time.

EXPERIMENT 3: AMONG LOCUS RATE VARIATION

Locus information content peaked at 92.8% at the relative rate of 2.0 but was very high for

all relative rates between 1.0 and 3.3 (Fig. 3a). Locus information content was very low
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Figure 2: Experiment 2 results (5 species, 2 sequences sampled each species, infinite number
of sites each locus). Analyses performed with varying numbers of loci simulated. a) 10 loci.
b) 20 loci. ¢) 30 loci. d) 40 loci. e) 50 loci. f) 100 loci. For all analyses, species trees were
conditioned on true gene trees. Colors indicate proportion of all coalescences that are deep
across all gene trees. Axes represent information content (topology and branch lengths),
inaccuracy (BHV distances), and ratio of species tree height to average coalescence time.

at low rates of evolution (just 0.7% information at relative rate of 0.0001, 8.1% information

at relative rate of 0.001, 42.8% information at relative rate of 0.01, and 78% information

at relative rate of 0.1). High rate sites may have lower information due to the noise of

substitutional saturation, though we did not choose relative rates high enough to see a
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reduction in information at high rates. Low rate sites have lower information due to a
paucity of variable sites. This experiment illustrates that high rate loci are more informative
than low rate loci. That is, it is better to have more variable sites than to simply have no

variation at all.

Species tree accuracy was highest (BHV distance 0.058) at a locus information cutoff of 70%
(i.e. a locus must have at least 70% information to be included), despite this cutoff leaving
fewer loci available for analyses than cutoff values 0% through 60% (Fig. 3b). Species
tree accuracy was lowest (BHV distance 0.080) when the locus-specific cutoff was 10% (all
but the least informative loci included in the analysis). While there was a slight decrease
in species tree accuracy at the 80% and 90% locus cutoffs, in general, species tree accuracy
increased with an increase in the locus-specific information cutoff. Information about species
trees was highest (87.5%) when the locus-specific information cutoff was high (80%) and
lowest (72.8%) when the locus-specific information cutoff was 0% (all loci included in the
analysis). Information about species trees increased consistently with an increase in locus-

specific information cutoff with the exception of slight drops at the 50% and 90% cutoffs.

EMPIRICAL DATASET

Average information content across all 16 loci was 31.69%. The lowest locus information
content was 6.83% (locus 12), and the highest locus information content was 51.4% (locus 2).
Our cutoff values therefore ranged from 0% information (no loci removed) to 50% information

(15 loci removed) (Fig. 4b).

Species tree information content decreased slightly from the 0% locus information cutoff to

the 10% locus information cutoff and then increased through the 30% information cutoff.

12
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Figure 3: Experiment 3 results (7" = 0.1, # = 0.1, 100 loci, 5 species, and 2 sampled sequences
each species). a) Locus information content vs locus rate. b) Average sampled species tree
inaccuracy vs locus information cutoff. ¢) Average information about species trees vs locus
information cutoff.

Species tree information content dropped to its lowest at the 50% information cutoff (Fig.
4a). The 50% cutoff analyses only included 1 locus, and the 40% information cutoff analyses

only included 6 loci, compared to 10 or more loci for the other analyses.
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DI1SCUSSION

How much data is needed to accurately resolve a phylogeny is a common question in phy-
logenetics. Increasing the number of loci from a few loci to a large number of loci may
not improve a species tree in practice or may make the inference worse. Furthermore, large
datasets run into computational limits, which has made downsampling a common strategy
for Bayesian phylogenetic analyses. This raises questions about how much information data
actually contain about species trees and how to best subsample loci for an informative species

tree sample, which we addressed here.

Experiments 1 and 2 demonstrate that, when data are informative, adding more data to an
analysis (more sequences or more loci) results in a better species tree inference. However,
experiment 2 showed there may be little benefit to continuing to add more data to an

analysis when a good species tree sample has already been achieved. While experiment 2

14
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was conducted with the best quality data possible (true gene trees as data), which is not
realistic for empirical data, the very minor increase in species tree accuracy from 30 loci to
100 loci demonstrated there was no practical value to adding more data to this analysis.
It is worth keeping in mind that, while the multispecies coalescent model is statistically
consistent (Allman et al., 2011; Mirarab, Nakhleh, and Warnow, 2021) and should therefore
see increased species tree accuracy with more data if no parts of the model are violated, very
slight improvements in species tree inference with more data may not be worth the extra
computational resources needed to run the model with the extra data. We therefore suggest
focusing on using the most informative loci, as determined by a comparison of posterior and

prior gene tree samples.

Experiment 3 demonstrates that, when loci are uninformative, including more loci may ac-
tually reduce the accuracy of the species tree. We found that slow-evolving loci in particular
had lowest levels of information due to few substitutions, and the resulting species trees were
more accurate when these loci were removed from the analysis. This contradicts existing
ideas that more loci always improve the species tree inference (Heled and Drummond, 2010;
Corl and Ellegren, 2013). We also found that information about and accuracy of species
trees generally increased as we increased the gene tree information cutoff and jumped to its
highest levels when the least informative loci were excluded. These results suggest it may
be important to consider locus information content when deciding which loci to include in a

species tree analysis.

While our empirical analysis was less decisive than the simulation studies, it similarly showed
that removing the least informative loci tended to increase information about the species
tree. This analysis also demonstrated the pitfalls of removing too many loci. We found a

slight decrease in species tree information when we only included the 6 most informative loci

15
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(gene tree information cutoff greater than 40%) as opposed to the 10 most informative loci
(gene tree information cutoff greater than 30%), which indicates 6 loci may not be enough
for a good species tree inference in this case. We found a large decrease in species tree
information when we only included the single most informative locus (gene tree information

cutoff greater than 50%); a single gene tree is rarely sufficient for good species tree inference.

The inference program used for analyses (Milkey et al., 2025) involves estimating gene trees
in order to estimate the species tree, as do many other species tree programs, such as
StarBEAST3 (Douglas et al., 2014) and ASTRAL (Mirarab and Warnow, 2015). We did
not assess information content under methods that integrate out gene trees, such as SNAPP
(Bryant et al., 2012) and SVDQuartets (Chifman and Kubatko, 2014). For particularly low-
information loci (e.g. slow-evolving or short loci), methods that bypass gene tree estimation
by effectively accounting for all possible gene trees may be useful as they are better able to

take advantage of all the information in the data.

RECOMMENDATIONS

For species tree methods that involve gene tree estimation (e.g. Milkey et al., 2025; Douglas
et al., 2014; Mirarab and Warnow, 2015), we recommend assessing locus information content

and removing loci with very low information.

This appears to contradict the assertion in Lanier et al. (2014) that a biological justification
should be used as a guide to excluding loci, not a lack of information; however, Lanier et
al. (2014) did not measure information content, instead using substitution rate as a proxy.
In contrast, we directly measured information content and used a diversity of simulations

to demonstrate that species tree inference generally improves with the exclusion of low-
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information loci.

In addition, if locus sequence length is consistently very short, it may be difficult to estimate
gene trees accurately (as we showed in experiment 1). In this case, we recommend considering
a site-based method (e.g. Chifman and Kubatko, 2014) that does not estimate gene trees
(Molloy and Warnow, 2018). We urge readers to carefully consider informativeness of data
when conducting an analysis and to not assume that more data will necessarily result in a

better species tree inference.
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