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Abstract.—After collecting large datasets for phylogenomics studies, researchers must decide which genes or samples to
include when reconstructing a species tree. Incomplete or unreliable datasets make the empiricist’s decision more diffi‑
cult. Researchers rely on ad hoc strategies to maximize sampling while ensuring sufficient data for accurate inferences.
An algorithm called PickMe formalizes the sample selection process, assuming that the samples evolved under the tree
Multispecies Coalescent Model. We propose a Bayesian framework for selecting samples for species tree analysis. Given
a collection of gene trees, we compute a posterior probability for each quartet, describing the likelihood that the species
tree displays this topology. From this, we assign individual samples reliability scores computed as the average of a scaled
version of the posterior probabilities. PickMe uses these weights to recommend which samples to include in a species tree
analysis. Analysis of simulated data showed that including the samples suggested by PickMe produced species trees closer
to the true species trees than both unfiltered datasets and datasets with ad hoc gene occupancy cut‑offs applied. To further
illustrate the efficacy of this tool, we apply PickMe to gene trees generated from target capture data from milkweeds. PickMe
indicates that more samples could have reliably been included in a previous milkweed phylogenomic analysis than the
researchers analyzed without access to a formal methodology for sample selection. Using simulated and empirical data, we
also compare PickMe to existing sample selection methods. Inclusion of PickMe will enhance phylogenomics data analysis
pipelines by providing a formal structure for sample selection [Asclepias, Apocynaceae, Bayes factor, gene tree, milkweed,
phylogenomics, sample selection.]

Accurate phylogenomic analyses rely on careful selec‑
tion of genes and samples, but this can be challenging
in the face of missing data and gene tree estimation
error. Empowered by advances in DNA sequencing
technologies, phylogenomics researchers have access
to large amounts of nuclear gene data generated from
whole genome sequences, transcriptomes, or targeted
sequencing (Bravo et al., 2019; Lemmon and Lemmon,
2013; McKain et al., 2018). Incorporating a higher num‑
ber of genes into a phylogenomic analysis can in‑
crease phylogenetic accuracy; however, systematists of‑
ten need larger numbers of samples or sampling of spe‑
cific taxa to address their questions (Rokas and Carroll,
2005). In practice, the number of genes included in phy‑
logenomics studies and total dataset size has increased
more quickly than sampling more taxa or individuals
per taxon (Bravo et al., 2019). Systematists must choose
which genes and samples to include in a phylogenomic
analysis because current methods generate datasets
with missing data. Missing data in the form of incom‑
plete taxon or character sampling and their impacts on
the accuracy of gene tree and species tree inference have

long concerned systematists. Investigations into this
issue have yielded contradictory results (Hovmöller
et al., 2013; Molloy and Warnow, 2018; Roure et al., 2013;
Sayyari et al., 2017a; Wiens and Morrill, 2011). Errors
estimating gene trees hinder accurate species tree infer‑
ence; however, the magnitude of the effect differs based
on the specific inference method (Mirarab and Warnow,
2015; Molloy and Warnow, 2018; Sayyari et al., 2017a).

Given the impact of missing data, gene tree estima‑
tion error, and other issues affecting phylogenetic anal‑
yses on species tree inference, systematists use various
strategies to select genes and filter data before analyz‑
ing the final dataset. Selection and filtering may happen
before data collection, postsequence assembly, multi‑
ple sequence alignment, or gene tree inference. Many
researchers prefer to sequence or analyze only puta‑
tively single‑copy genes to avoid orthology‑paralogy
conflation during data analysis (e.g., de La Harpe et al.,
2019; Hime et al., 2021; Li et al., 2021; One Thousand
Plant Transcriptomes Initative, 2021; Weitemier et al.,
2014; Wielstra et al., 2019). Others sequence gene fam‑
ilies and incorporate them into phylogenetic analyses
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after careful consideration of orthology (e.g. Laumer
et al., 2019; Li et al., 2020; Moore et al., 2018; Smith
et al., 2022b; Tice et al., 2021); the choice often de‑
pends on data type: target capture sequences versus
transcriptomes versus whole genome sequences. After
sequence assembly, gene inclusion may depend on the
molecular evolution characteristics or phylogenetic in‑
formativeness of each gene (e.g. Courcelle et al., 2019;
Duchêne et al., 2021; Fernández et al., 2016; Herrando‑
Moraira et al., 2018; Hosner et al., 2016; Klopfstein et al.,
2017; Laumer et al., 2019; Leite et al., 2021; Meikle‑
john et al., 2016; Mongiardino Koch, 2021). Often genes
are included or excluded based on sample occupancy
or aligned matrix column occupancy (e.g. Fernández
et al., 2016; Kong et al., 2021; Ontano et al., 2021; Parks
et al., 2018a,b). Furthermore, removing fragmentary
sequences from alignments, rather than whole genes,
before phylogenetic analysis improves gene trees and
species trees (Hime et al., 2021; Hosner et al., 2016; Say‑
yari et al., 2017a). The use of minimum sample occu‑
pancy as a criterion for gene inclusion is widespread in
animal phylogenomics studies based on ultraconserved
element (UCE) targeted sequence data (e.g., Branstetter
et al., 2017; Leite et al., 2021; Price et al., 2022; Romigu‑
ier et al., 2022). Minimum sample occupancy is often
set at 75% based on suggested PHYLUCE (Faircloth,
2015) settings (https://phyluce.readthedocs.io/en/latest/
tutorial‑one.html#final‑data‑matrices). After gene tree
inference, outlier genes may be detected and discarded
(Comte et al., 2023; de Vienne et al., 2012), or gene trees
with low bootstrap support for many nodes may be
excluded from species tree inference using summary
methods (e.g. Boutte et al., 2019; Mongiardino Koch,
2021; Parks et al., 2018a). ”Rogue” or ”wildcard” sam‑
ples whose inclusion reduces the resolution of and sup‑
port for splits in gene trees may be identified and re‑
moved (Aberer et al., 2012; Goloboff and Szumik, 2015,
and e.g. Foley et al., 2019; Laumer et al., 2019; Li et al.,
2021; Salichos and Rokas, 2013). Alternatively, samples
identified as outliers by various criteria including dif‑
fering positions among gene trees or unusually long
branch lengths may be removed from individual gene
trees (Comte et al., 2023; de Vienne et al., 2012; Mai
and Mirarab, 2018, and e.g. Hime et al., 2021; Li et al.,
2021). After species tree inference, rogue taxa whose
position varies across different analyses are occasion‑
ally removed (e.g. One Thousand Plant Transcriptomes
Initative, 2019).

Authors of phylogenomics papers rarely describe
how they select individual samples for analysis, except
when identifying and removing rogue or outlier sam‑
ples. A percentage of the species sampled in a higher
taxonomic group is often referenced as part of a sam‑
pling strategy for a phylogenomic study, given that ob‑
taining tissue of all species may be infeasible. A few
studies list the subjective ad hoc strategy used to deter‑
mine which sequenced samples to include. For example,
Bagley et al. (2020) explicitly stated that they removed
samples with data for fewer than 50% of the 546 loci

included in their study. Streicher et al. (2015) explored
the effects of including low gene occupancy samples
by constructing three datasets that included fewer sam‑
ples as required gene occupancy increased (all samples,
> 2000 UCEs present, > 3000 UCEs present), which
were used to create datasets with various minimum
sample occupancy criteria. Using multivariate cluster‑
ing, Gates et al. (2018) developed a method to assess
phylogenetic signal for filtering samples from the set of
all sequenced individuals for gene and species tree in‑
ference. Smith et al. (2022a) identified and filtered sam‑
ples with higher amounts of missing data and lower
contributions to phylogenetic informativeness that con‑
tributed to discordance among trees. Because of their
occasional explicit description and intuitive logic, we
posit that ad hoc minimum gene occupancy cut‑offs are
often employed in empirical studies but rarely included
in the methods sections of manuscripts.

Given that increased sampling improves phyloge‑
netic accuracy (Zwickl and Hillis, 2002), to enable max‑
imum sampling for phylogenomics studies, we intro‑
duce PickMe. This algorithm recommends which sam‑
ples to include in a species tree analysis. Using PickMe
formalizes the sample selection process, replacing ad
hoc methodologies requiring the sample to be included
in a fixed or minimum percentage of the gene trees.
PickMe is grounded in the hypothesis that the genes

evolved under the tree Multispecies Coalescent Model.
This model, recently reviewed in Mirarab et al. (2021),
captures the discordance between gene and species
trees resulting from incomplete lineage sorting. Like
many popular algorithms for reconstructing species
trees (Chifman and Kubatko, 2014; Mirarab et al., 2014;
Zhang et al., 2018), PickMe is built on the principle that
the distribution of 4 sample subtrees, known as quartets,
across gene trees is well‑behaved under the tree Multi‑
species Coalescent Model. Under the tree Multispecies
Coalescent Model, quartets displayed by the majority of
gene trees consistently estimate the species tree (Allman
et al., 2011). Quartets have also played an important role
in the analysis of reconstructed species trees (e.g. Larget
et al., 2010; Minh et al., 2020; Pease et al., 2018; Sayyari
and Mirarab, 2016).

Rather than using quartet data to build species trees,
PickMe assesses which individual samples can be reli‑
ably included in the analysis. To make this assessment,
we introduce a Bayesian weight function that assigns
a weight to each quartet topology based on the like‑
lihood that the topology appears on the species tree.
Each sample is assigned a score by averaging the co‑
alescent weighted quartets across all quartets contain‑
ing the individual sample. Then, samples are recom‑
mended for inclusion (or exclusion) in a species tree
analysis based on these scores. While coalescent models
have been extended to account for hybridization along
a network (Degnan, 2018), PickMe does not account for
hybridization or introgression.

This study introduces a novel sample selection al‑
gorithm PickMe. We ground PickMe in a Bayesian
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framework and explore its effectiveness in simulation
studies. We apply PickMe to 2 single‑copy nuclear gene
target capture datasets from flowering plants, reveal‑
ing that more samples can reliably be included in phy‑
logenomic analyses compared with previous studies,
highlighting the value of this methodology in phyloge‑
nomic reconstruction pipelines. Furthermore, we com‑
pare PickMe with existing sample selection methods
using simulated and empirical data.

MATERIALS AND METHODS
Species tree reconstructions play a crucial role in un‑

derstanding evolutionary relationships and patterns. In
this context, the software PickMe has been developed
to enhance the accuracy and efficiency of species tree
reconstructions. The software employs a 3‑component
process to achieve this goal. First, quartets are scored
based on the likelihood of being displayed on a species
tree. Subsequently, the average scores associated with
quartets containing an individual sample are computed.
This average is then interpreted within the framework
of Bayesian statistics, providing a robust foundation for
selecting samples in the species tree analysis.

In Section 2.1, we develop the mathematical and sta‑
tistical framework behind PickMe. In Section 2.1, we ap‑
ply PickMe to 2 datasets (Asclepias and Iochroma) as well
as conduct a simulation study on the impact of using
PickMe in the presence of fragmentary sequences.

Mathematical Foundation of PickMe
Coalescent weighted quartets We assume that individ‑
ual genes evolve under the tree Multispecies Coales‑
cent Model as mathematically formalized in Degnan
and Rosenberg (2009). Under this model, the species
tree’s branch lengths (representing coalescent time) and
widths (representing population size) determine the
probability distribution of gene trees.

We denote Q𝑚 as the set of all 4‑taxon samples on
a set of samples [𝑚] = {1, 2, ⋯ , 𝑚}. For each 4‑taxon
sample, there are three possible unrooted binary tree
topologies. We refer to these trees as quartets and de‑
note the set of all such quartetsQ𝑚. Thus, it follows that
|Q𝑚| = 3|Q𝑚| = 3(𝑚

4). We use q to denote a generic
collection of 4‑taxon samples and q to refer to a quartet.

Under the coalescent model, the quartet tree that oc‑
curs with the highest probability matches the topol‑
ogy displayed on the species tree (Allman et al., 2011).
Thus, the quartet with the highest probability is called
the dominant quartet. In PickMe, we suppress the model
condition that the 2 alternative topologies occur with
the same probability, a choice we justify in Supple‑
mental Material A1 which explores the implications of
alternative statistical assumptions.

Given that we only have a finite sample of estimated
gene trees, we introduce a weight assigned to each
quartet topology, which estimates the probability that

this quartet is dominant. This weight depends on the
number of gene trees where a 4‑taxon sample is ob‑
served and the number of these resolved as a particular
quartet.

Given a binary species tree under the Multispecies
Coalescent Model, let 𝑝 be the probability that a gene
tree displays a particular quartet. The weight is the pos‑
terior probability that the quartet is dominant (𝑝 > 1

3 ),
with a Uniform(0,1) prior distribution on the probability
𝑝, given that the quartet appears on 𝑘 out of all 𝑛 esti‑
mated gene trees modeled as a Binomial distribution.
The probability 𝑝 is a model parameter, while 𝑛 and 𝑘
are quantities observed from the estimated gene trees.
Note that 𝑛 may be smaller than the number of gene
trees whose leaves contain q if there are nonbinary gene
trees.

Given a quartet q which occurs on 𝑘 estimated gene
trees and whose associated 4‑taxon subset q restricts
to a binary quartet on 𝑛 estimated gene trees, we de‑
fine the coalescent weight of q as the Bayesian posterior
probability the quartet is dominant. More specifically

𝑤(q) =
∫1

1
3

𝑝𝑘(1 − 𝑝)𝑛−𝑘 𝑑𝑝

∫1
0 𝑝𝑘(1 − 𝑝)𝑛−𝑘 𝑑𝑝

.

As 𝑤(q) is a function of 𝑛 and 𝑘, we alternatively use
𝑤(𝑛, 𝑘) = 𝑤(q) when referencing the general properties
of 𝑤.

We note that Sayyari and Mirarab (2016) defined a
similar measure using a multivariate distribution of the
three quartets. Our approach focuses on a single quar‑
tet at a time, thus relying on a binomial distribution for
the likelihood (rather than a multinomial distribution),
and yields a Beta posterior distribution to calculate the
probability that the given quartet is dominant.

The following theorem demonstrates that coales‑
cent weights measure confidence that quartet topology
matches the species tree.

Theorem 0.1 (proof in Supplemental Material A2). The
coalescent weight function 𝑤(𝑛, 𝑘) has the following
properties:

1. For a fixed 𝑛 if 𝑘1 > 𝑘2, then 𝑤(𝑛, 𝑘1) > 𝑤(𝑛, 𝑘2).
2. For a fixed 𝑘 if 𝑛1 > 𝑛2, then 𝑤(𝑛1, 𝑘) < 𝑤(𝑛2, 𝑘) .

3. 𝑤(𝑛, 𝑘) =
⎧{
⎨{⎩

< 0.5 if 𝑘
𝑛 < 1

3 .
> 0.5 if 𝑘

𝑛 > 1
3 .

4. lim
𝜆→∞

𝑤(𝜆𝑛, 𝜆𝑘) =
⎧{{
⎨{{⎩

0 if 𝑘
𝑛 < 1

3 .
0.5, if 𝑘

𝑛 = 1
3 .

1 if 𝑘
𝑛 > 1

3 .

From coalescent weighted quartets to sample reliability scores
The quartet weight 𝑤(q) gives confidence that a partic‑
ular quartet matches a quartet in the species tree. If this
weight is near 1, we are confident the quartet topology
aligns with the true topology of the species tree. Simi‑
larly, if the score is close to 0, we are confident that this
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quartet does not match the topology of the species tree.
In both cases, we have evidence helpful for placing the
four samples in q on the species tree. To make this pre‑
cise, we define the quartet reliability 𝑟(q) = 2|𝑤(q) − 1

2 |
which rescales the quartet weight so that higher values
indicate more confidence in our understanding of the
resolution of a particular quartet on the species tree.

For every sample 𝑥, we compute the average reliabil‑
ity score over all quartets containing 𝑥. For a collection
of quartets, Q, let Q(𝑥) denote the set of quartets that
contain the sample 𝑥 as a leaf. We can then define the

sample reliability by 𝑅(𝑥) =

∑
q∈Q(𝑥)

𝑟(q)

|Q(𝑥)| .

Statistical interpretation of sample reliability scores In the
context of Bayesian Statistics, the Bayes Factor (BF) com‑
pares 𝐻1, the hypothesis that the given quartet is domi‑
nant, to 𝐻2, the hypothesis that the given quartet is not
dominant. If 𝐵𝐹 > 1, there is evidence in favor of the
hypothesis of a dominant quartet (𝐻1).

For an individual quartet, coalescent weight is related
to the BF (Kass and Raftery, 1995) quartet by the for‑
mula 𝐵𝐹 = 𝑤(𝑛,𝑘)

1−𝑤(𝑛,𝑘) , from which it follows that 𝑤(𝑛, 𝑘) =
𝐵𝐹

1+𝐵𝐹 .

Theorem 0.2 (proof in Supplemental Material A3). For
quartet reliability scores 𝑟(q) > 𝜅−1

𝜅+1 , the BF associated
to q is either greater than 𝜅 or less than 1

𝜅 .

We define the BF associated with a sample to be the
maximum of {𝑅(𝑥)+1

𝑅(𝑥)−1 , 𝑅(𝑥)−1
𝑅(𝑥)+1}. It follows that the data

associated with an individual sample can be considered
reliable at a BF threshold of 𝜅 if 𝑅(𝑥) exceeds 𝜅−1

𝜅+1 . Se‑
lecting a threshold value for the BF cutoff is similar to
choosing an 𝛼 cutoff to test for significance in a hypothe‑
sis test. Traditional cutoff values for BF analysis include
3, 10, 30, or 100 (Kass and Raftery, 1995). We recom‑
mend including samples in a species tree reconstruction
if the associated BF exceeds the 𝜅 = 10 threshold based
on the results of our simulation study in Supplemental
Material A4.

PickMe algorithm details The software PickMe should be
used early in a phylogenomic analysis pipeline to help

identify the appropriate samples to consider in a species
tree analysis. The input for PickMe is a collection of esti‑
mated gene trees computed using all potential samples.
As PickMe only uses the estimated gene tree topologies,
researchers may use their methodology of choice in the
initial gene tree estimation. However, bootstrap trees
should not be included in the input as they may skew
quartet reliability scores by overcounting the number of
observed gene trees (bootstrap values themselves will
be ignored by the software).
PickMe outputs a list of samples based on how their

associated BFs compare with the standard cutoff thresh‑
olds in Bayesian Statistics; categories we denote very bad,
bad, good, very good, and exceptional samples. Table 1 pro‑
vides the relationship between the PickMe classification
and the associated BF. We recommend including any
good, very good, or exceptional samples in the analysis
and excluding any labeled bad or very bad.
PickMe uses estimated gene trees to compute each

sample’s reliability score. However, sample reliability
scores are dependent. In particular, low‑scoring sam‑
ples will reduce the Associated BFs for samples that
frequently occur on the same gene trees. We iteratively
remove the lowest‑scoring samples and recalculate the
associated BFs to address the intersample dependency.
We repeat until all remaining samples have an associ‑
ated BF of at least one hundred. The PickMe is summa‑
rized in Algorithm 1.

Based on the recommendations in the output of
PickMe, we suggest that researchers run their entire
species tree estimation pipeline starting from sequence
data using only the suggested samples. As PickMe is

Algorithm 1. PickMe

Result: List of samples classified according to Table 1
Calculate set of samples: 𝑋;
while X is nonempty do

Compute coalescent quartet weights for 𝑄𝑠(𝑋);
Compute sample reliability of each sample in 𝑋;
if 𝑟 > .9802 then

Output all samples in X as Exceptional ;
else

Choose sample with smallest reliability score ;
Output samples with classification type;
Remove sample from 𝑋;

end
end

TABLE 1. PickMe Categories. We classify samples based on their associated BF. We recommend samples classified as Good, Very Good, or
Exceptional be included in a species tree analysis.

𝑅(𝑥) range BF range classification

0 ≤ 𝑅(𝑥) < 0.5 1
3 < 𝐵𝐹 < 3 Very Bad

0.5 ≤ 𝑅(𝑥) < 0.8182 1
10 < 𝐵𝐹 < 1

3 or 3 < 𝐵𝐹 < 10 Bad
0.8182 ≤ 𝑅(𝑥) < 0.9355 1

30 < 𝐵𝐹 < 1
10 or 10 < 𝐵𝐹 < 30 Good

0.9355 ≤ 𝑅(𝑥) < 0.9802 1
100 < 𝐵𝐹 < 1

30 or 30 < 𝐵𝐹 < 100 Very Good
0.9802 ≤ 𝑅(𝑥) 𝐵𝐹 < 1

100 or 100 < 𝐵𝐹 Exceptional
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based on the Multispecies Coalescent Model, it has
broad applicability in phylogenomic studies regardless
of the approach employed for species tree inference.
The PickMe‑identified samples may be analyzed by di‑
rect inference of the species tree (e.g., RAxML (Sta‑
matakis, 2014), *Beast (Heled and Drummond, 2009),
StarBEAST2 (Ogilvie et al., 2017), and SVDQuartets
(Chifman and Kubatko, 2014)) or by indirect inference
of the species tree using gene trees (e.g., ASTRAL, (Mi‑
rarab et al., 2014)).

Relationship between PickMe local posterior probabilities
The sample reliability scores implemented in PickMe
are closely connected to the local posterior probabili‑
ties (LPPs) defined in Sayyari and Mirarab (2016) and
implemented in ASTRAL versions 4.1 and above. Us‑
ing slightly different model assumptions, both pieces of
software compute a Bayesian posterior probability for
each quartet topology. The driving distinction is that
LPP assigns scores to the edges of an unrooted tree, and
PickMe assigns scores to individual samples.

The LPP and PickMe scores measure support for dif‑
ferent features of a species tree as demonstrated. LPP
values are typically displayed as labels for nodes of in‑
ternal vertices in rooted trees. In Fig. 1, one might be
tempted to see the LPP score of 0.582 as an indicator
of low support for identifying samples 𝐶 and 𝐷 as sis‑
ters. However, The LPP value 0.582 reflects support for
the partition {𝐶}, {𝐷}|{𝐴, 𝐵}, {𝐸, 𝐹, 𝐺}. Given the short
branch length between the most recent common ances‑
tor of {A,B}, and the most recent common ancestor of
{𝐴, 𝐵, 𝐶, 𝐷}, it seems more likely that the low LPP value
measures uncertainty in assessing the divergence times
between most recent common ancestor of {𝐴, 𝐵} and
most recent common ancestor of {𝐴, 𝐵, 𝐶, 𝐷}. Low LPP

support shows a problem with the particular cluster‑
ing, which need not necessarily be related to the support
for the labeled branching. Fortunately, a high LPP value
does support the branching associated with the labeled
node. Therefore, while LPP and PickMe have similar
fundamental principles, selecting only well‑supported
samples identified by PickMe does not guarantee high
LPP support values on the reconstructed tree.

Analysis of PickMe using Real and Simulated Datasets
Impact on species tree reconstruction using PickMe in‑
stead of gene occupancy‑based sample selection Traditional
species tree simulation studies assume all samples orig‑
inate from a single true species tree. Thus, all samples
should be considered reasonable. A nuanced simulation
study on the impact of PickMe on Species Tree analysis
would require a robust model of error along the species
tree pipeline. We restrict our analysis to errors caused
by the presence of fragmentary gene sequences.

Sayyari et al. (2017a) demonstrated that fragmentary
gene sequences negatively impact species tree recon‑
struction. As a result, they proposed a filtering model
for each gene in the analysis on which they removed all
sites present in fewer than a fixed percentage of samples
and all samples with data for fewer than a fixed per‑
centage of the sites. They found the best performance
removing sites with greater than 90% gaps and all sam‑
ples with data for fewer than 33% of the remaining sites.
We note the distinction that their method filters samples
for individual gene trees, while PickMe is designed to
remove samples for the entire species tree analysis.

To compare PickMe with the practice of occupancy‑
based sample selection, we used the fragmented se‑
quence data from 10 of their 50 species trees (Sayyari

FIGURE 1. Sample tree The LPP value may be misleading when plotted above the node rather than the corresponding edge.
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FIGURE 2. Distribution of sample occupancy rates. This is a plot of the density function of the distribution under which the sample occu‑
pancy rate is drawn. It is intended to mirror the distribution of occupancy rates in biological datasets where most samples have data for most
of the genes.

et al., 2017b). Each species tree had 101 samples, in‑
cluding 1 outgroup. We examined a set of 500 gener‑
ated gene trees and associated fragmented sequences
for each species tree. For each of the 10 species trees, we
ran 100 trials.

Given that samples in empirical datasets generally do
not have full gene occupancy, each sample was assigned
an expected occupancy rate. The outgroup was assigned
an expected occupancy rate based on a uniform sam‑
ple on the interval (0.95, 1). The other 100 samples were
assigned an expected occupancy rate based on a draw
from the distribution shown in Figure 2, which is in‑
tended to mirror the distribution of occupancy rates
in biological datasets. To construct this distribution,
we drew occupancy rates from the beta distribution
𝐵(20, 1.19). Only draws in the interval [.8, 1] were used
and were then linearly rescaled to the interval [0, 1].
Finally, each sample was removed individually from
the 500 gene trees if a draw from the uniform random
distribution on [0, 1] exceeded its expected occupancy
rate.

We used RAxML‑NG version 1.2.0 with default pa‑
rameters to estimate gene trees for these fragmented se‑
quences with missing samples (Kozlov et al., 2019). We
then ran PickMe on the RAxML‑estimated gene trees.
For each trial, we dropped all samples identified as
Bad or worse by PickMe from the gene sequence data,
reran RAxML on the reduced set of sequences, and re‑
estimated the species tree using ASTRAL version 5.7.8
using default parameters (Zhang et al., 2018). Following

Sayyari et al. (2017a), we did not realign the sequences
after pruning.

For comparison, we removed all samples with gene
occupancy rates less than 25%, 50%, and 75%. We ran
RAxML‑NG version 1.2.0 with default parameters on
the reduced set of sequences and the full sequences and
estimated the species tree using ASTRAL version 5.7.8.

We computed the Normalized Robinson Foulds dis‑
tances between the true and estimated species tree using
the TreeDist package version 2.6.3 in R (Smith, 2020). An
ideal filtering method should have a low species tree
estimation error without dropping a large number of
samples.

Milkweed (Asclepias) dataset We obtained targeted se‑
quence data for 763 putatively single‑copy nuclear loci
for samples of 59 North American milkweed species,
3 African outgroup species, Asclepias physocarpa, Ascle‑
pias fruticosa, and Asclepias fornicata, and 1 additional
outgroup, Pergularia daemia using the target enrichment
baits of Weitemier et al. (2014) (Supplemental Mate‑
rial A5). Data for 32 of these samples and orthologs
from the genome sequence of Asclepias syriaca (Weit‑
emier et al., 2019) were included in the analyses of
Boutte et al. (2019), and nuclear sequence data for the
additional 30 samples were generated using the DNA
sequencing and assembly methods described therein.
Boutte et al. (2019) had excluded the 30 newly analyzed
samples based on an ad hoc minimum gene recovery
criterion of 600 genes (79%) with the goal of high gene
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occupancy for all samples for species tree analyses. For
the analyses conducted here, we masked assembled se‑
quences with Ns for very low read depth (≤ 2 reads) and
at heterozygous sites (i.e., intra‑individual SNPs). For
each gene, we aligned masked sequences using Mafft
version 7.245 with default parameters (Katoh and Stan‑
dley, 2013), and removed sequences with less than 50%
of the total alignment length (i.e. Type II missing data;
Hosner et al., 2016) to reduce gene tree error following
Sayyari et al. (2017a) and Mirarab (2019).

For further analysis, we selected a subset of 703 genes,
which had been identified by Boutte et al. (2019) as pro‑
ducing the best‑resolved milkweed phylogenies based
on bootstrap support across the gene trees. For the com‑
plete dataset of 63 species, we first estimated the 703
gene trees using Neighbor‑Joining (NJ) on uncorrected
and corrected distances using the ape package (Paradis
and Schliep, 2018) in R v. 3.5.1 (R Core Team, 2013).
To determine whether the gene tree inference method
affected the sample selection results, we also used the
GTR+Gamma model in RAxML v. 8.2.12; (Stamatakis,
2014) to estimate the initial gene trees. Using these 3 sets
of estimated gene trees, we identified the samples to be
included in species tree analyses using PickMe. If PickMe
indicated a sample should be excluded for any gene tree
set, we excluded it from the downstream analyses. For
the set of samples identified as reliable by PickMe, we
realigned the sequences and then removed small align‑
ments (<100 bp) following Boutte et al. (2019). We then
used IQ‑Tree v. 1.5.4 (Chernomor et al., 2016; Nguyen
et al., 2014) to select the best model of molecular evolu‑
tion for the retained alignments and inferred the gene
tree for each locus using the same parameters as Boutte
et al. (2019). Using ASTRAL‑II v. 4.10.12 (Mirarab and
Warnow, 2015) with default parameters, we inferred a
species tree and calculated LPP support (Sayyari and
Mirarab, 2016). We calculated gene concordance factors
using the method of Minh et al. (2020), implemented in
IQ‑Tree v. 2.1.2 (Chernomor et al., 2016; Nguyen et al.,
2014). For comparison, we repeated the gene and species
tree analyses done for the subset of PickMe reliable
samples for the full dataset using identical methods.

Comparison of sample selection methods on Iochroma data
The sample selection method PickMe plays a similar
function to the method for filtering of target capture
sequenced individuals proposed in Gates et al. (2018),
hereafter referred to as the Individual Filtering Method.
Both algorithms seek to screen for potentially problem‑
atic samples in species tree reconstruction. In the Indi‑
vidual Filtering Method, a matrix of features is com‑
puted for all individuals. Then, principal component
analysis and machine learning clustering algorithms
separate the Good from the Bad samples.

We input the 293 gene trees provided by D. Gates into
PickMe and compared the suitability classification with
those in the published results. In their machine learning
cluster analysis, Gates et al. (2018) excluded 4 samples

used as outgroups when applying the Individual Filter‑
ing Method, though they did appear in the gene trees.
Therefore, in our comparison, we assumed that such
outgroups were considered good enough for inclusion
in their analysis.

RESULTS
Results of simulation measuring the impact of using PickMe
versus gene‑occupancy‑based selection methods, when esti‑
mating species trees The accuracy of the resulting species
tree and the number of samples PickMe selected for
inclusion varied across the model species trees (Fig. 3).

Use of PickMe yielded the highest species tree estima‑
tion accuracy across all 1000 trials compared with occu‑
pancy cutoffs of 0%, 25%, 50%, or 75% and minimized
the number of samples excluded if not all samples were
included (Fig. 4). The mean outcomes of this experiment
are provided in Table 2.

Analysis of Milkweed Phylogeny Constructed using
PickMe‑Recommended Samples

Sequenced milkweed samples were variable in se‑
quencing depth, target enrichment success (percentage
of reads on target), gene recovery (at least some se‑
quence assembled for target genes), and final gene oc‑
cupancy (nonfragmentary sequences included in ma‑
trices used for gene tree inference) (Supplemental Ma‑
terial A5). Among the 30 newly sequenced samples,
the three species with the fewest genes recovered (2–
4 genes) were removed from all alignments because
all of the assembled sequences were fragmentary, and
the remaining 27 samples were present on between 3
(0.4%) and 311 (44.2%) gene trees. PickMe indicated that
10 of them (gene recovery 199–588 genes/final gene oc‑
cupancy 64–311) and all samples previously included
by Boutte et al. (2019) were suitable for inclusion for
species tree inference (Table 3). In general, the unsuit‑
able samples had lower gene recovery and final gene
occupancy than suitable samples (Supplemental Mate‑
rial A5). Higher gene recovery did not always translate
to higher gene occupancy due to the fragmentary na‑
ture of the assembled gene sequences for some samples.
Even when only final gene occupancy was considered,
not all samples with higher gene numbers were suitable:
A. schaffneri that was present on 76 (11%) gene trees was
not suitable for inclusion when ML and NJ trees based
on corrected distances were used for species tree infer‑
ence, while Asclepias nivea that was present on 64 (9%)
gene trees was.Asclepias fruticosawas present on only 24
(3%) gene trees and yet was able to be included based on
ML and uncorrected distance NJ gene trees. The method
of gene tree inference only affected which species were
selected by PickMe for 2 samples (A. schaffneri andA. fru‑
ticosa), and relative confidence in inclusion (e.g., Very
Good vs. Exceptional) varied for a few other samples
(Table 3).
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FIGURE 3. Species tree reconstruction results after sample selection usingPickMe. a) Box plot of the normalized Robinson–Foulds distance
between the true species tree and the estimated tree after excluding poor‑quality samples in 100 trials across 10 species trees. b) Box plot of the
number of samples excluded by PickMe in these trials. Species tree numbering follows Sayyari et al. (2017b).
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FIGURE 4. Number of samples excluded vs. species tree accuracy by exclusion method. For each of the 1000 trials, we plot the Normal‑
ized Robinson–Foulds distance between the true and estimated species tree vs. the number of samples excluded by each method. Normalized
Robinson–Foulds scores range between 0, (perfect match), to 1 no‑matching splits. There were 101 samples prior to exclusion.

The inferred species trees for the samples included
using the ad hoc gene recovery cut‑off sample set and
the set of suitable samples identified using PickMe
were overall highly similar in topology (Fig. 5).
The only difference was the branching order of A.
erosa and A. curtissii when the newly added A. feayi

resolved as sister to A. curtissii. When all samples, both
PickMe suitable and unsuitable were included in the
analysis, the placement of unsuitable samples was eval‑
uated based on which major clade (see Fig. 5), a sample
was expected to be a member of based on the recov‑
ery of the same major clades in the published milkweed
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TABLE 2. Species tree estimation error and number of samples included by filtering strategy. The decrease in Normalized Robinson–
Foulds error using PickMe is significant at the 𝑃 < 0.05 level compared with all occupancy rates. The number of excluded samples is
significantly fewer than those using occupancy thresholds of 25% and above and more universally including all samples.

Filtering Strategy Mean NRF error Mean samples excluded

PickMe .048 1.0
no filtering .051 0
Exclude if gene occupancy rate < 25% 0.344 3.9
Exclude if gene occupancy rate < 50% 0.160 14.8
Exclude if gene occupancy rate < 75% 0.065 42.9

TABLE 3. Milkweed PickMe classification and gene occupancy Classifications computed using gene trees estimated with RAxML. + and
∧ indicate that the sample was classified one category higher when using uncorrected distance or corrected distance Neighbor Joining, respec‑
tively. − and ∨ indicate that the sample was classified one category lower when using uncorrected distance or corrected distance Neighbor
Joining, respectively.

Very Bad Bad Good Very Good Exceptional
Sample Gene Sample Gene Sample Gene Sample Gene Sample Gene

occ. occ. occ. occ. occ.

A. pumila 0.00 A. engelmanniana−∨ 0.01 A. fruticosa∨ 0.03 A. cutleri 0.32 A. angustifolia− 0.26
A. subverticillata 0.00 A. purpurascens−∨ 0.01 A. nivea 0.09 A. pringlei 0.45 Pergularia daemia∨ 0.44
A. aff. glaucescens 0.01 A. contrayerba 0.03 A. notha 0.14 A. solanoana 0.67 A. fornicata∨ 0.66
A. jaliscana 0.01 A. lynchiana 0.03 A. speciosa 0.21 A. erosa−∨ 0.97 A. perennis 0.67
A. subaphylla 0.01 A. viridiflora 0.03 A. variegata 0.22 A. curtissii 0.99 A.otarioides∨ 0.71
A. michauxii+ 0.02 A. alticola 0.04 A. rubra 0.27 A. puberula 0.99 A. quinquedentata− 0.77

Asclepias sp. 0.04 A. feayi 0.36 A. stenophylla 0.99 A. syriaca− 0.89
A. nummularia 0.07 A. fournieri+ 0.38 A. euphorbiifolia−∨ 1.00 A. mexicana 0.92
A. latifolia 0.08 A. viridis 0.62 A. amplexicaulis+∧ 1.00 A. longifolia 0.96
A. schaffneri+ 0.11 A. atroviolacea+ 0.68 A. nyctaginifolia 0.96

A. scaposa 1.00 A. albicans− 0.97
A. oenotheroides 0.98
A. subulata− 0.98
A. linaria 0.99
A. quadrifolia 0.99
A. tuberosa−∨ 0.99
A. virletii 0.99
A. aff. standleyi 1.00
A. arenaria 1.00
A. coulteri 1.00
A. elata 1.00
A. emoryi 1.00
A. hirtella 1.00
A. physocarpa 1.00

plastome phylogeny Fishbein et al. (2018) and the pub‑
lished nuclear species tree with more limited sampling
Boutte et al. (2019). Only 4 of the 17 unsuitable samples
were placed outside of their expected major clade (see
Supplemental Material A6). Further exploration of the
raw data for these four samples (not shown) revealed
that two libraries showed evidence of contamination (A.
pumila and A. subaphylla), and one sample, now labeled
Asclepias sp., was misplaced due to a lab error. There was
no detectable issue with the A. schaffneri library or data.

PickMe Recommends More Iochroma Samples than the
Individual Filtering Method

While the Individual Filtering Method recommended
excluding 19 of the 50 Iochroma samples, all 50 sam‑
ples met the inclusion criteria of PickMe. PickMe iden‑
tified 14 Good, 10 Very Good, and 26 Exceptional sam‑
ples. Figure 6 shows a general congruence with the

analysis of Gates et al. (2018) regarding which sam‑
ples are better candidates than the others for a species
tree analysis. Supplementary Material A7 contains a
detailed comparison of the classification results.

DISCUSSION

PickMe Outperforms Both Ad Hoc Gene Occupancy
Cut‑Offs for Sample Selection and Inclusion of All Samples

Using PickMe enabled the inclusion of more sam‑
ples than pruning samples at the 25%, 50%, or 75%
gene occupancy cut‑offs while returning more accurate
species tree reconstructions. Thus, using this software
may empower researchers to analyze more comprehen‑
sive datasets than the most commonly used ad hoc oc‑
cupancy cutoffs without significantly impacting recon‑
struction accuracy. While our simulation study’s error
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FIGURE 5. ASTRAL species trees for North American milkweeds (Asclepias). The tree on the left shows the topology for samples with
gene recovery of at least 600 genes. The tree on the right shows the topology with all samples determined to be suitable for inclusion by PickMe
across all three sets of gene trees (ML, uncorrected, and corrected distance NJ). Numbers near the nodes are LPPs/gene concordance factors.
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model is not robust enough to offer definitive advice
to practitioners, the results suggest that one should be
especially wary about using arbitrary but relatively
small gene occupancy cutoffs of 25%, and 50%. In these
cases, we found a severe drop in the accuracy of the es‑
timated species trees, in addition to a reduction in the
number of samples included. Using the high occupancy
threshold of 75%, roughly 43 out of 101 samples were
excluded while the species tree accuracy was slightly
worse than including all samples.

Using PickMe showed a modest but statistically sig‑
nificant improvement in the accuracy of Species Tree re‑
construction when measured by normalized Robinson‑
Foulds distance to the true species tree compared with
the inclusion of all samples. However, this may un‑
derestimate the practical value of PickMe. In practice,
fragmentary sequences may harm the alignment pro‑
cess; thus, we recommend rerunning the entire species
tree pipeline on the datasets with any samples removed.
This simulation does not capture any alignment‑driven
improvements in gene‑tree estimation.

Furthermore, biologists may exclude low‑occupancy
samples using the intuition that low‑occupancy is as‑
sociated with low‑coverage or low‑quality. This is not
modeled in the simulated data as it is difficult to con‑
struct a formal model for low‑quality data. However,
the 𝜅 value simulation indicates that there would be an
enhanced benefit of using PickMe instead of including
all samples if there were more potent sources of error in
the gene tree data. In particular, including all samples

would not reject any completely random samples. Thus,
in practice, PickMe may provide a greater improvement
over the no filtering method than we found in Table 2.
In general, our findings support the assessment of Mol‑
loy and Warnow that ”the impact of data filtering is
fundamentally a question of data quality versus data
quantity” Molloy and Warnow (2018).

Implications for the Phylogeny of Asclepias
The analysis conducted by Boutte et al. (2019) was

the first to investigate the phylogenomic relationships
of Asclepias based on data from hundreds of low‑copy
nuclear genes and indicated that the composition of and
relationships among the 4 major clades (Sonoran Desert,
Incarnatae, Highland Mexican, Temperate North Amer‑
ican) in the nuclear and previously published plastome
phylogenies were largely congruent (Fishbein et al.,
2011, 2018). Using PickMe, Boutte et al. (2019) would
have included 9 additional Asclepias samples and out‑
group P. daemia, which had been sequenced with the
intention of including them in the initial analysis, but
that were later excluded using an ad hoc gene recovery
cutoff of 600 genes. In addition to the highly confident
placement of the newly added species in the species
tree, the expanded sampling resulted in increased sup‑
port for the positions of some, but not all, species. Gene
concordance factors nearly universally decreased, as ex‑
pected, with the addition of samples that are not well
represented on gene trees (Minh et al., 2020).

666 SYSTEMATIC BIOLOGY VOL. 74



Inclusion of the new samples identified by PickMe
increased support for the placement of several species
that were unstable in the study of Boutte et al. (2019)
with different permutations of the analysis. The place‑
ments of A. atroviolacea and A. aff. puberula were espe‑
cially problematic in the initial analysis because they
were alternately resolved as part of the Highland Mex‑
ican clade or as sister to the Temperate North Ameri‑
can clade. Although the placement of these two species
in the Highland Mexican clade agreed with published
plastome data (Fishbein et al., 2018), the monophyly of
the Highland Mexican clade was not as strongly sup‑
ported by the nuclear analysis (LPP 0.87) as it was in
the plastome phylogeny (100% bootstrap support). Af‑
ter the inclusion of the additional samples identified by
PickMe, LPP support for the placement of A. atrovio‑
lacea sister to A. aff. puberula plus A. euphorbiifolia within
the Highland Mexican clade increased (LPP 0.89–0.95).
However, support for the monophyly of the Highland
Mexican clade decreased (LPP 0.87–0.79), even with the
newly included A. fournieri and A. notha confidently
placed within it. Furthermore, the new results increased
support for other conflicting relationships between the
nuclear and plastome topologies that were not unstable
in the previous analyses. For example, support for the
inclusion ofA. scaposa in the Temperate North American
clade increased (LPP 0.86–0.95), while in the plastome
tree, it is not part of, nor closely related to, this clade.

Most of the least well‑supported relationships in the
species tree occurred in the Temperate North Ameri‑
can clade. Adding 3 new species to the common milk‑
weed subclade of the Temperate North American clade
(See Fig. 5) generally decreased low support even fur‑
ther. Notable exceptions were the increase in support for
the sister relationship of A. stenophylla and A. tuberosa,
which is another conflict with the plastome data, where
A. stenophylla is not closely related to A. tuberosa nor
to any other species in this subclade. Likewise, A. syr‑
iaca and A. speciosa are not closely related in the plas‑
tome tree, whereas nuclear data indicate that they are
well‑supported sister species. The latter relationship is
supported by numerous morphological similarities and
their frequent hybridization (Adams et al., 1987; Fish‑
bein, 2021). Compared with the Boutte et al. (2019)
study, adding the new lower gene occupancy species
increased our knowledge of species‑level relationships
in the genus based on nuclear data. It highlighted the
difficulty in resolving the species relationships among
the most closely related species within the major milk‑
weed clades that, in some cases, are capable of hybridiz‑
ing (e.g., the common milkweed clade), and which will
likely be further complicated with additional sampling
of species. It also further underscored the strong incon‑
gruence concerning the species relationships within the
4 major clades when nuclear and plastome phylogenies
are compared.

The inclusion of samples identified by PickMe as un‑
suitable for comparison yielded results that led to fur‑
ther decreases in support values and placements that

were largely in accordance with what might be pre‑
dicted based on the presumed major clades supported
in previous analyses (Boutte et al., 2019; Fishbein et al.,
2018). However, given that the true milkweed species
tree is unknown, it is impossible to discuss how in‑
cluding the unsuitable samples affected species rela‑
tionships within those major clades. LPP support values
for the Highland Mexican clade (excludingA. schaffneri)
and the core Temperate North American Clade (i.e., ex‑
cludingA. lynchiana andA. aff. glaucescens) were slightly
decreased (LPP 0.79–0.78 and 1–0.94, respectively) and
were likely affected by the conflicting signal present
in the 2 oddly‑placed samples that were later found
to be potentially contaminated. This analysis demon‑
strated that PickMe successfully identified the poten‑
tially contaminated samples as unsuitable and which
should have been excluded from the final data anal‑
ysis. In terms of topology, the only major departure
from the expected major clade was the placement of
A. schaffneri, which was strongly supported as part of
the Temperate North American clade rather than the
Highland Mexican clade. Whether this was due solely
to the inclusion of a Bad sample in the analysis will
need to be assessed after obtaining data suitable for in‑
clusion in a species tree analysis. Likewise, how rela‑
tionships among species within the major clades were
affected by including Bad samples that generally fell in
the expected major clade will need to be reassessed after
further nuclear data collection.

Examining LPP Scores through the Lens of PickMe
Through 4 examples drawn from the reconstructed

Milkweed tree, we highlight the value of a nuanced
approach to interpreting LPP scores.
Example 1: In the Milkweed analysis, PickMe classifies
the sample A. angustifolia as Exceptional despite a gene
occupancy rate of only 26%. The edge leading to A. an‑
gustifolia has LPP = 1, and all adjacent edges continue to
have maximal support. Given the relationship between
LPP values and the PickMe classification, we expect that
Exceptional taxa will nearly always be placed in regions
of the tree with high LPP support.
Example 2: Asclepias speciosa was classified by PickMe as
Good and had 22% gene occupancy. The node‑forward
reading of the LPP values on the reconstructed tree
would indicate the placement of A. speciosa was bet‑
ter supported than that of A. variegata (LPP = 1 vs.
LPP = 0.92). However, the LPP value of 1 describes
the quartet of the form {A. syriaca},{A. speciosa}|{A. var‑
iegata},{remaining samples}. This shows strong support
not only for the placement of A. speciosa as sister to A.
syriaca but also for A. variegata as being sister to the A.
syriaca−A. speciosa clade.

The LPP value of 0.92 on the node to A. variegata
must therefore be reassessed. It is the support for the
quartet {A. variegata}, {A. syriaca,A. speciosa}|{A. amplex‑
icaulis,{remaining samples}. In this context, the LPP
support of 0.92 is strong given that there was only
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a 0.83 support for the {A. amplexicaulis},{A. syriaca,A.
speciosa}|{A. quadrifolia},{remaining samples} quartet.
This suggests that the score of 0.92 may be a remnant
of the previously observed difficulty in resolving the
relationships among A. syriaca, A. amplexicaulis, and A.
quadrifolia.
Example 3: Asclepias nivea was classified by PickMe as
Good while being present on only 9% of gene trees.
However, this taxon is placed with LPP = 1, retaining
LPP = 1 values around all surrounding edges. In this
case, the gene occupancy rate drives the lower PickMe
classification. For instance, numerous four taxa subsets
including A. nivea occur on fewer than 10 gene trees.
The coalescent quartet scores in these cases can range
wildly, even among dominant quartets. In one case, the
dominant quartet occurred on 3 out of 7 gene trees, re‑
sulting in a reliability score of 0.479, considered Very
Bad by PickMe. However, in another case, the dominant
quartet was displayed by all 6 gene trees, leading to a re‑
liability score of 0.999 that by itself would be considered
Exceptional. Thus, with few genes, it may be difficult to
have strong support for a dominant quartet whose prob‑
ability under the coalescent is around 1

3 . In the case of
A. nivea, the rating of Good reflected the limited infor‑
mation about specific quartets rather than sample mis‑
placement. In conclusion, despite the low coverage A.
nivea is well supported in the tree.
Example 4: Asclepias rubra was classified by PickMe as
Good while having 27% gene occupancy. Despite oc‑
curring on 3 times as many gene trees as A. nivea,
its coalescent score, while Good, was lower than its
well‑placed counterpart. The low LPP values on the
edges neighboring A. rubra, and the relatively low co‑
alescent score, given the occupancy rate, may, at first
glance, indicate that this sample should have been ex‑
cluded from the analysis. However, more carefully an‑
alyzing the coalescent quartet scores reveals a different
story.

The coalescent quartet weights for A. rubra consists
largely of very highly supported quartets. Here, over
65% of the quartets that included A. rubra had a quar‑
tet reliability score of over 0.95, while fewer than 1.4%
had a reliability score below 0.05. The majority of low‑
reliability quartets containingA. rubra also included one
member of the sister clade {A. hirtella, A. longifolia}, one
member from the common milkweed clade (see Fig. 5),
and one of the remaining samples. The low scores reflect
the uncertainty regarding the branching order among
A. rubra, the most recent common ancestor of A. hirtella,
A. longifolia, and the most recent common ancestor of
the common milkweed clade. However, a review of the
quartets shows that the branching order in the species
tree is most prevalent. Given this short internal branch,
the coalescent model would require many gene trees to
resolve the branching order confidently. We conclude
that PickMe has correctly determined that there is suf‑
ficient evidence to include A. rubra in the species tree
analysis.

The value of Good samples: The addition of a Good
sample is likely to impact LPP in subtle ways. A very
narrow range of observations can lead an individual
quartet to have a reliability score in the Good range.
For example, with 100 gene trees, only dominant quar‑
tets that are displayed on exactly 40, 41, or 42 out of
the 100 gene trees would have a reliability score in that
range. Given that the coalescent taxon score is an aver‑
age across all quartets containing the sample, it seems
that the only way a taxon could be classified as Good is
if it had a large number of very well‑supported quar‑
tets and a much smaller number of very poorly sup‑
ported quartets. Thus, a Good sample is likely to be
well placed on the tree, but an examination of the low‑
est scoring quartets containing that sample may reveal
uncertainties in the species tree.

Comparison of PickMe with the Individual Filtering
Method

PickMe recommended including all of the Iochroma
samples, while the Individual Filtering Method of Gates
et al. (2018) recommended only around 60% of samples.
The discrepancy reflects the methodological differences
and the nature of the dataset rather than a dramatic
conflict in findings. The Individual Filtering Method
separates data into two distinct classes, with those in‑
cluded better suited for species tree analysis than those
excluded. In an extreme example, given a uniformly
exceptional (or terrible) dataset, the Individual Filter‑
ing Method would divide those into two groups. Alter‑
natively, PickMe uses fixed, predetermined thresholds
rather than localized clustering. Given that the Indi‑
vidual Filtering Method included all Iochroma samples
PickMe identified as Exceptional, our methodology gen‑
erally supports their classification but allows the inclu‑
sion of a larger proportion of the data in the species tree
analysis with high confidence. Furthermore, the lowest
gene occupancy in the Iochroma data was high (70%),
suggesting that lower occupancy samples may have
been excluded before their analysis. If so, we expect an
increase in the overlap between the two methods’ clas‑
sifications if more of the lower occupancy samples were
included. Both approaches highlight the importance of
having an objective, rather than ad‑hoc, methodology
for this component of a phylogenomic analysis pipeline.

Limitations of the PickMe Sample Selection Procedure
There are several limitations of the sample selection

procedure that users should be aware of. The weight
formula in PickMe does not require the nondominant
quartets to occur with the same frequency. As a result,
the algorithm may recommend samples that are hybrids
under the Multispecies Coalescent Model. Thus, PickMe
should not be used as a test for hybridization. Addition‑
ally, PickMe is designed for input including only a single
individual per species. Future software versions could
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be extended to allow multiple individuals per species,
although it may be difficult to determine when there is
sufficient support across a collection of individuals to
justify analyzing the species itself in the final analysis.
Analysis of the sample selection problem would also
benefit from a biologically meaningful error model that
systematically generates both good and bad samples for
further simulation studies.

Conclusions
Given the impacts of missing data on phylogenetic

inference, systematists seeking to limit missing data
in their phylogenomic studies have applied numer‑
ous data filtering strategies, including excluding sam‑
ples with low gene occupancy. The PickMe proce‑
dure presented here provides an objective, repeatable,
and easy‑to‑implement process by which samples with
data from multiple genes can be selected for inclu‑
sion in phylogenomic datasets. Researchers can confi‑
dently increase sampling, thus reducing the costs of
additional data generation and increasing the utility
of the phylogenies produced for downstream applica‑
tions that benefit from more complete sampling, such
as ancestral state reconstruction and biogeographical
analysis.
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