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Abstract
When inferring the evolutionary history of species and the genes they contain, the phy-logenetic trees of genes can be different from those of the species and to each other,due to a variety of causes, including incomplete lineage sorting. We often wish to inferthe species tree, but only reconstruct the gene trees from sequences. We then com-bine the gene trees to produce a species tree; methods to do this are known as sum-mary methods, of which ASTRAL is currently among the most popular. ASTRAL hasbeen shown to be accurate in many practical scenarios through extensive simulations.However, these simulations generally assume that the input gene trees are independentof each other (infinite recombination between loci). This is known to be unrealistic, asgenes that are close to each other on the chromosome (or are co-evolving) have de-pendent phylogenies. In this paper, we develop a model for generating dependent genetrees within a species tree, based on the coalescent with recombination. We then usethese trees as input to ASTRAL to reassess its accuracy for dependent gene trees. Ourresults allow us to evaluate the impact of any level of dependence on the accuracy ofASTRAL, both when gene trees are known and estimated from sequences. We find thata fixed amount of dependence reduces the effective sample size by a constant factor. Incurrent phylogenomic datasets, loci are generally sampled at large genomic distances toreduce gene tree dependence, thereby limiting the number of genes available for infer-ence. However, full independence between genes is not required for accurate speciestree estimation, and excluding gene trees may reduce inference accuracy. This creates atrade-off between the number of genes used and the degree of gene tree dependence.We therefore propose a method to identify the minimum genomic separation requiredto maintain satisfactory inference accuracy.
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Introduction
Speciation is an evolutionary process where populations evolve and become distinct species

(Coyne and Orr, 2004). A species tree, or phylogeny (Hillis et al., 1996), depicts the history of
speciation where leaves represent extant species, internal nodes represent speciation events,
and evolutionary distances are represented by branch lengths. Likewise, gene trees depict the
evolutionary history of gene families within the genomes of these species. Species trees and
gene trees play a vital role in the study of gene and genome evolution, and their reconstruction
can give us insight into the history of life on Earth (Darwin, 1859). When species lineages di-
verge through speciation, gene copies within these species also diverge. Therefore, gene trees
can be thought of as evolving within the branches of the species tree. However, in addition to
speciation, various gene-only evolutionary processes can cause gene trees to be distinct from
the species tree; these include gene duplication and loss, horizontal gene transfer (HGT), and in-
complete lineage sorting (ILS; Maddison, 1997). In particular, ILS, where multiple gene lineages
do not coalesce over a series of speciations, is a major cause of discordance between gene and
species trees (see Figure 1 for an example). The standard statistical model for gene trees under
ILS is the multispecies coalescent (MSC) model (Pamilo and Nei, 1988; Rannala and Yang, 2003).
In this model, each species branch represents a separate population in which Kingman’s basic
coalescent (Kingman, 1982) is run in a bottom-up fashion, and lineages at the top of each branch
are used as input to their parent branches.

(a) Population-level view (b) Gene tree view
Figure 1 – An example of incomplete lineage sorting. Circles represent individuals of apopulation, and each row corresponds to a generation. Originally, the population con-tains only individuals with an ancestral allele (open circles), and then a mutation intro-duces a derived allele (filled circles), creating genetic polymorphism. The ancestral alleledoes not descend in species A, leaving only individuals with the derived allele. The poly-morphism persists in the ancestor of species B and C . Subsequently species B retainsonly the derived allele, while species C retains only the ancestral allele. For this genefamily, individuals in population B are more closely related to individuals in population Athan C , leading to topological discordance between the gene and species trees.

Because gene trees can be different from the species tree, we need to utilise multiple gene
families to infer the species tree. A common method used in the past was to concatenate se-
quences from multiple genes to form a supermatrix, and then obtain a species tree by applying
traditional phylogenetic inferencemethods, such as distance-based or maximum-likelihood. This
paradigm implicitly assumes that all genes come from a single gene tree, which (for the reasons
given above) is known not to be true.

More recently, summary methods have been developed, where sequences from different
loci are analysed separately to build gene trees, which are then summarised in some way to
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generate a species tree. Some summary methods only use gene tree topologies, for example,
MP-EST (Liu et al., 2010), NJst (Liu and Yu, 2011), ASTRID (Vachaspati and Warnow, 2015),
DISTIQUE (Sayyari and Mirarab, 2016), ASTRAL (Mirarab et al., 2014b; Mirarab and Warnow,
2015; Zhang et al., 2018) and STAR (Liu et al., 2009), and some use both gene tree topologies
and branch lengths, such as GLASS (Mossel and Roch, 2008) and STEAC (Liu et al., 2009). The
input of these methods are mainly rooted gene trees, but some (such as ASTRAL, NJst, ASTRID,
and DISTIQUE) can take unrooted gene trees as input. A number of other paradigms are also
available, including full-likelihood (Minh et al., 2020; Nguyen et al., 2015; Stamatakis, 2014),
Bayesian (Flouri et al., 2018; Heled and Drummond, 2009; Ogilvie et al., 2017; Rannala and
Yang, 2017), and co-estimation methods (Heled and Drummond, 2009; Liu, 2008; Ogilvie et al.,
2017).

ASTRAL is a popular summary method due to its high accuracy (Ballesteros and Sharma,
2019; Giarla and Esselstyn, 2015) and scalability (Mirarab and Warnow, 2015; Yin et al., 2019).
It has been shown theoretically to give a statistically consistent estimator of the species tree
if input gene trees are sampled under the MSC model (Mirarab et al., 2014b), bounded HGT
models (Davidson et al., 2015), the general DLCoal model (Markin and Eulenstein, 2021), or
the GDL model (Legried et al., 2021; Yan et al., 2022). Furthermore, extensive simulations have
been performed studying its accuracy, showing that ASTRAL is highly accurate under the MSC
model (Mirarab et al., 2014b; Mirarab and Warnow, 2015; Sayyari and Mirarab, 2016; Vachas-
pati and Warnow, 2015), the presence of both HGT and ILS (Davidson et al., 2015), and with
gene filtering when ILS is low to moderate (Molloy and Warnow, 2018). An important practical
consideration is whether the gene trees are known exactly or are estimated from sequences
with some potential error. It is well known that the accuracy of all summary methods, including
ASTRAL, is affected by gene tree estimation error (DeGiorgio and Degnan, 2014; Huang and
Knowles, 2016; Lanier and Knowles, 2015; Molloy and Warnow, 2018; Patel et al., 2013).

Although the accuracy of ASTRAL has been extensively studied in simulations, they were
almost all performed with gene trees that were simulated independently from the model of
choice. In effect, this assumes no recombination within a gene and unlimited recombination
between genes, both of which are known not to be realistic. The former assumption has been
tested (Lanier and Knowles, 2012; Zhu et al., 2022) and found to have relatively little practical
effect on the accuracy of species tree inference. However, these studies explored only a limited
range of simulation scenarios, and more complex cases involving short internal branches, high
substitution rate variation, and deep divergences among taxa remain largely untested.

In this paper, we focus on the latter assumption; in reality, gene trees are dependent because
genes can be located near to each other on the same chromosome, which causes them to have
related histories. Indeed, in the absence of recombination, adjacent genes will have identical
phylogenies. Recombination breaks this dependence when and where it occurs, but because it
occurs at a finite rate, the gene trees of nearby genes are not fully independent. Other causes,
such as functional gene linkage, may also induce dependence between gene trees (Barker and
Pagel, 2005). Thus, by sampling gene trees from an independent model, previous simulations
may have mis-estimated the accuracy of ASTRAL.

This effect was previously studied by Wang and Liu (2016), who found a significant impact
on the accuracy of ASTRAL when gene trees are dependent. However, their methodology at-
tempted to delineate loci from whole genomes using inferred or known breakpoints; this has
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the effect of very strong dependence between neighbouring gene trees, which may not always
occur. Additionally, Conry (2020) found that recombination between exons has little effect on
the accuracy of species tree inference, but from simulations only on four-taxon species trees;
the effect may become more noticeable with larger trees.

The effect of recombination on the evolutionary history of a genome is well-known in pop-
ulation genetics, where the standard statistical model for a single population is the coalescent
with recombination (Hudson, 1983). This produces an evolutionary history that contains both
coalescent and recombination events, known as the ancestral recombination graph (ARG; Grif-
fiths and Marjoram, 1996). The program ms (Hudson, 2002) was an early tool for simulating the
ARG; more recently, msprime (Baumdicker et al., 2022; Kelleher et al., 2016) was developed as
a high-speed, large-scale successor, offering both rapid simulation and efficient data storage.

Phylogenomic data can be produced in many different ways. A common approach is to iden-
tify orthogolous gene families between the species of interest and extract the gene sequences.
This results in full sequences that have some amount of genomic distance between them, as
typically only exons are extracted. The dependence between the genes depends on the amount
of separation; ideally the distance is sufficient to achieve approximately independent genes, but
this is not always checked and the conditions for achieving a sufficient distance are not well
studied. An alternative approach is to analyse the SNPs common to the sequences and sepa-
rate them into loci in some way, often using linkage disequilibrium-based (LD) approaches to
ensure approximately independent loci. As SNPs are evenly distributed among the genome, this
approach discards some data to ensure sufficient separation.

Our aim in this paper is to reassess the accuracy of ASTRAL under conditions when gene
trees are dependent. We generalise the two-locus, 3-taxon model of Slatkin and Pollack (2006),
and derive a probabilistic method for generating dependent gene trees for multiple species and
loci. We then use the generated trees as input to ASTRAL to estimate the species tree. This
allows us to numerically estimate the impact of a number of factors, including the number of
loci, the amount of ILS, recombination rate, and the dependence structure, on the accuracy of
ASTRAL. For real data, we study approaches to ensuring that gene dependence does not affect
the accuracy of species tree inference. We re-analyse an 8-taxon mouse SNP dataset (Liu et
al., 2015), and find that satisfactory accuracy can be achieved by sampling SNPs at distances
much shorter than those suggested by LD-based methods. For datasets produced by extracting
orthologous genes, we devise a method to determine the minimum genomic distance in order to
maintain satisfactory accuracy. The real-life 37-taxonmammalian dataset that we study (Mirarab
et al., 2014b) has genes separated by much larger distances than this minimum, indicating that
current datasets are minimally affected by gene tree dependence.

Methods
Generating dependent gene trees
To generate dependent gene trees within a species tree, we extend the model of Slatkin and Pol-
lack (2006), which considered two loci of haploid individuals in a singleWright-Fisher (panmictic)
population. In that paper, they devised a probabilistic model of two linked loci in three species
based on the coalescent with recombination, using it to calculate the probabilities that the gene
trees in the loci are concordant with the species tree and with each other. Here, we extend the
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model in a natural way to multiple species and loci, but more importantly use it to produce an
algorithm to simulate a gene tree in one locus conditional on a known tree in a linked locus. This
idea was also used in Li et al. (2021) to model so-called ‘linked duplications’. Figure 2 shows an
example of our model (described below).

(a) Population view (within a species tree branch). A re-combination event occurs in the leftmost individual ofgeneration 5, which leads to a divergence of lineages be-tween the two loci, and thus to topological discordancebetween the two gene trees.

(b) Gene view. The black tree canbe considered as a ‘guide tree’which the pink tree can coalesceand uncoalesce with.
Figure 2 – An example of the two-locus model. The black and pink lines represent thegenealogies in the first and second loci respectivelywithin a population (a species branch),and the black tree is considered as the guide tree.

Consider first a single panmictic population. In the absence of recombination, the parents of
all individuals are the same between the loci, and so the genealogies will be the same.Wemodel
this by considering the known genealogy in the first locus as a ‘guide tree’, to which lineages
in the second locus can ‘coalesce’, representing that the lineages belong to the same individual.
If a lineage is coalesced with the guide tree, it must then follow the ancestry of that lineage
if no recombination occurs. Because we observe extant samples of multiple loci in the same
individuals, the lineages in the second locus begin coalesced with the guide tree at the present
time. Thus, in the absence of recombination, the two trees will be identical.

Recombinations occur between the two loci at a rate of R per individual per coalescent unit.
(If there is a genomic distance of d sites between loci, then in population genetics notation,
R = 2Nerd , where 2Ne is the effective population size and r is the recombination rate per site
per generation.) When a recombination occurs, the two loci in an individual have distinct parents
in the preceding generation. We represent this as the lineage in the second locus ‘uncoalescing’
from the guide tree, so that it no longer follows the ancestry of the first locus. However, recom-
bination is an event that happens to a single individual/lineage, so other lineages are unaffected.
Note in particular that coalesced lineages in the second locus cannot uncoalesce from each other,
as this does not represent recombination.

Proceeding backwards in time, uncoalesced lineages in the second locus can either coalesce
with a lineage of the guide tree (whether or not that lineage is already coalesced with a lineage
in the second locus) or with each other. These coalescences occur at rates consistent with the
multispecies coalescent. Thus if there are ku uncoalesced lineages and kg guide tree lineages
in a population at a particular time, the uncoalesced lineages will coalesce with each other at
a rate of (ku

2

) and with a guide tree lineage at a rate of kukg (in coalescent units). The times
of coalescences between two guide tree lineages are specified by the guide tree. As with the
basic coalescent, this process continues until all lineages in the second locus have reached their

Wanting He et al. 5

Peer Community Journal, Vol. 6 (2026), article e25 https://doi.org/10.24072/pcjournal.694

https://doi.org/10.24072/pcjournal.694


most recent common ancestor (MRCA), which is not necessarily the MRCA in the first locus. We
extend this process to multiple species in a standard way.

This allows us to generate a gene tree conditional on another gene tree. To generate multiple
dependent gene trees along a linear genome, we first generate a gene tree under the MSC. Each
gene tree is then used as a guide tree in our model for the subsequent gene tree. For a linear
genome, this reduces to the sequentially Markov coalescent (SMC; McVean and Cardin, 2005),
sampled at constant intervals along the genome. However, our model is more flexible, as it can
also simulate dependent gene trees where there is a non-linear dependence structure between
genes (for example, when dependence is produced by functional rather than proximity relation-
ships). As far as we know, our algorithm is the only one that can achieve this, although we do
not use this functionality in this paper.

We note that there already exist several tools for simulating gene trees under the full coa-
lescent with recombination, such as ms and msprime. We have elected not to use these tools,
as ms is too slow (Chen et al., 2009), while msprime does not currently accept non-ultrametric
species trees, which we have. Although our model lacks the long-range dependence structure
of the full coalescent with recombination, it is faster to simulate, and as described above retains
more flexibility. Nevertheless, we also conduct some simulations on ultrametric trees to deter-
mine that the results from our model do not differ significantly from those produced using gene
trees generated by msprime (see Comparison with msprime).

The describedmodel assumes a constant amount of recombination between loci, which is not
biologically realistic due to varying gene positions and recombination rates along the genome.
We also explore an alternative way of generating dependent gene trees where we generate
independent ‘blocks’ of gene trees, where block boundaries are determined randomly along the
genome. Within each block, we generate trees with a constant recombination rate R as above.

We perform this scenario in two different ways. First, we keep the recombination rate R fixed
and vary the number of independent blocks, while keeping the total number of gene trees fixed.
This also varies the ‘overall’ recombination rate, so to observe the effects for a fixed overall
recombination rate, we use a second scheme in which we vary the recombination rate within
each block while fixing the average value of R

1+R between trees. An intuitive explanation for this
expression is that lineages coalesce at a rate of 1 and uncoalesce with a rate of R ; therefore R

1+Ris approximately the fraction of time that a new tree spends uncoalesced from the guide tree,
and hence quantifies the amount of new information each tree adds to the sample.
Simulations
We explore the performance of ASTRAL using simulations on a 37-taxon mammalian species
tree, which has previously been used to study the accuracy of ASTRAL for independent gene
trees (Mirarab et al., 2014b). The species tree was previously estimated with MP-EST (Liu et
al., 2010) on the biological dataset from Song et al. (2012), containing 447 genes with average
length 3099bp. We re-estimate the branch lengths as specified in Supporting information, while
keeping the same topology. The result is shown in Figure 3.
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Weperform simulations with the same parameter settings as inMirarab et al. (2014b), adding
dependence between the gene trees as specified above. We then use these trees as input to AS-
TRAL to infer a species tree, and evaluate the inference accuracy using the normalised Robinson-
Foulds (RF) distance (Robinson and Foulds, 1981). The RF distance measures the difference be-
tween the true and inferred species trees by counting the number of clades present in one tree
but not the other.

Additionally, we rescale the simulated dependent gene trees into units of substitutions per
site, and then evolve gene sequences along the trees with Pyvolve (Spielman and Wilke, 2015),
under the GTR+Γmodel of site evolution (Tavaré, 1986; Yang, 1994) with parameters estimated
from the biological dataset (see Supporting information for more details). As in Mirarab et al.
(2014b), we use three sequence lengths: 500bp, 1000bp, and a mixture where half of the se-
quences are 500bp and the other half are 1000bp. We then use IQ-TREE (Minh et al., 2020;
Nguyen et al., 2015) to estimate gene trees from these sequences, and use the estimated gene
trees as input to ASTRAL. This allows us to study the effect of gene tree estimation error.

From initial results, we found that accuracy varies the most when the recombination rate R

lies between 0 and 1. Although this range ismuch smaller than the values observed in the dataset
(see Section Estimating minimum genomic distance in a phylogenomic dataset for details), we
nevertheless focus on it, as it captures the regime in which accuracy is most sensitive to changes
in R . When R is equal to 0, all gene trees are identical; as it increases, there is less dependence
between neighbouring gene trees, and when it is infinite, the gene trees are independent.

Figure 3 – The 37-taxonmammalian species tree (with branch lengths in coalescent units)(full species names are given in Table S2 in Supporting information).
It has been shown that ASTRAL performs worse with an increased amount of ILS (Mirarab

et al., 2014b), so we are also interested in the performance of ASTRAL with dependent gene
trees in this case. We multiply the branch lengths of the species tree by 0.2 (denoted by 0.2×),
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which is equivalent to multiplying the effective population size by 5, and repeated the simulation
above. Finally, we also fix the number of gene trees N to be 200, and evaluate the accuracy of
ASTRAL with different amounts of ILS, with branch length multipliers ranging from 0.2× to 5×
as in Mirarab et al. (2014b).

The parameter settings for the simulations are summarised in Table 1. We perform 100 repli-
cates for each parameter setting for true gene trees, and 20 replicates for estimated gene trees
(as gene tree estimation is computationally intensive). In addition, we only use N ≤ 800 gene
trees per dataset for estimated gene trees. The same simulation settings are used when vary-
ing recombination rate along the genome, except that we use 100 replicates and fix the overall
recombination rate (as described above) to be 0.1.

Table 1 – Simulation parameters.
Simulation R N ILS1
Default simulations [0, 1] [100, 3200] 1× branch lengthsIncreased amount of ILS [0, 1] [100, 3200] 0.2× branch lengthsDifferent amounts of ILS [0, 1] 200 [0.2, 5]× branch lengths
1 Multiplying branch lengths of the species tree by α is equivalent to dividing the effec-tive population size by α.

To verify that the our results are not specific to the species tree used, we repeat the above
simulations (for true gene trees only) on a tree of 16 fungi (Butler et al., 2009; Legried et al., 2021;
Markin and Eulenstein, 2021; Rasmussen and Kellis, 2012; Wu et al., 2014), shown in Figure S6
in Supporting information. This fungal tree is ultrametric and has been studied extensively in sim-
ulations aiming to show that the accuracy of ASTRAL is not affected by data with paralogs (Yan
et al., 2022). For this dataset, we vary R from 0 to 0.5 following an initial exploration. Otherwise,
we use the same simulation settings shown in Table 1.

To compare the performance of our model with msprime (Baumdicker et al., 2022; Kelleher et
al., 2016), which is restricted to ultrametric species trees, we also conducted simulations under
msprime on the fungal tree, using the same parameter settings, and compared these results to
those generated from our model. Although the 37-taxon mammalian species tree we study is
not ultrametric, we extend the terminal branches to obtain an ultrametric tree, and compare our
model with msprime.
Comparison with Wang and Liu
Wang and Liu (2016) also studied the effect of gene tree dependence on the accuracy of ASTRAL.
To do so, they generated gene trees (and then sequences) under the (multispecies) coalescent
with recombination with ms (Hudson, 2002). As they also studied the effect of breakpoint infer-
ence on ASTRAL, they compared five cases:

(1) LD1000: Loci of 1000bp were sampled along the sequences at intervals estimated to be
(near-)independent from linkage disequilibrium plots; gene trees were estimated from
the loci with FastTree (Price et al., 2009, 2010).

(2) LD100: As above, but with locus lengths of 100bp.
(3) IBIG (inferred breakpoints, inferred gene trees): Recombination breakpointswere inferred

and used to partition the sequences. Gene trees were then estimated from the partitions
with FastTree.
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(4) TBIG (true breakpoints, inferred gene trees): As above, but known breakpoints (from ms)
were used.

(5) TBTG (true breakpoints, true gene trees): True gene trees (from ms) were used.
Apart from the model difference (which, as shown in Robustness of our results, is not signifi-

cant), the two major differences between our study and the TBIG/TBTG cases of Wang and Liu
(2016) are:

• They use the entire sequences, and partition at every breakpoint; thus their gene trees
are separated by exactly one recombination (and therefore highly dependent).

• They do not explicitly control the number of gene trees, and do not directly compare
with (the same number of) independent gene trees.

By varying the recombination rate between gene trees, we are able to study scenarios of
lesser dependence (such as might occur when we recognise orthologous genes rather than align-
ing and partitioning whole-genome sequences). By controlling the number of gene trees, we are
able to directly compare with independent trees, and thus quantify the effect of gene tree de-
pendence.

Results
Default simulations
For the first simulation, we study the accuracy of ASTRAL in relation to the recombination rate
between gene trees R and the number of input gene trees N . We show the results for both true
and estimated gene trees in Figure 4.

(a) True dependent gene trees (100 replicates) (b) Estimated dependent gene trees (20 replicates)
Figure 4 – The accuracy of ASTRAL vs recombination rate, averaged over a number ofreplicates. Error bars represent standard error.

In Figure 4a, we show the results for true gene trees.When R = 0, all gene trees are identical,
so the inferred species tree is equal to the single gene tree. Thus the accuracy of ASTRAL is unaf-
fected by the number of input gene trees. As R increases, the normalised RF distance decreases
— ASTRAL becomes more accurate with less dependence among gene trees. As R → ∞, the
accuracy converges to the results of Mirarab et al. (2014b) for independent gene trees.

For constant R , ASTRAL becomes more accurate as the number of gene trees N increases,
which is the same as for independent gene trees. It has been shown (Chan et al., 2022) that with
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independent gene trees, the normalised RF distance decreases exponentially with respect to N .
In Figure S8 in Supporting information, we show a log-plot of normalised RF distance against
N . It is inconclusive from this plot if the exponential asymptotic behaviour still holds for finite
recombination rate; potentially it still does, but may take longer to reach the limiting behaviour.

Figure 4b shows the results for estimated gene trees from mixed sequence lengths, with
detailed results for 500bp and 1000bp available in Figure S3 Supporting information. The three
sequence lengths showminimal differences. In Figure 4b, we see that similar patterns hold when
gene trees are estimated from sequences. Overall, the accuracy is slightly lower for estimated
gene trees at all recombination rates, as expected. This indicates that the accuracy of ASTRAL
can be adversely affected simultaneously by both gene tree estimation error and gene tree de-
pendence. However, in the regime under study (R < 1), the effect of gene tree dependence is
much larger than gene tree estimation error.
Increased amount of ILS
We repeat our simulations above with an increased amount of ILS (0.2× branch lengths). We
observe similar patterns as in the Default simulations section, as shown in Figure 5, with results
for 500bp and 1000bp sequence lengths in Figure S4 Supporting information. As before, ASTRAL
becomes more accurate with less dependence and with more gene trees. Overall, the accuracy
is much poorer for increased ILS, as expected.

(a) True dependent gene trees (100 replicates) (b) Estimated dependent gene trees (20 replicates)
Figure 5 – The accuracy of ASTRAL vs recombination rate with increased ILS (0.2×). Errorbars represent standard error.

Different amounts of ILS
We also study the effect of different amounts of ILS on the accuracy of ASTRALwhen gene trees
are dependent. In Figure 6, we fix the number of gene trees to 200 and vary the branch length
multiplier. We observe similar patterns of normalised RF distance with respect to recombination
rate as above. Overall, ASTRAL performs better with less ILS, as observed for independent gene
trees in Mirarab et al. (2014b).
Varying recombination along the genome
We observe the effect of varying recombination along the genome by generating independent
‘blocks’ as described at the end of the Generating dependent gene trees section. We quantify
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(a) True dependent gene trees (100 replicates) (b) Estimated dependent gene trees (20 replicates)
Figure 6 – The accuracy of ASTRAL vs recombination rate with different amounts of ILSfor N = 200. Error bars represent standard error.

the variability of the recombination rate by the proportion of independent gene trees (i.e., the
proportion of gene trees that start a new block, which is the number of blocks divided byN ). The
results for fixed R (and therefore varying overall recombination rate) are shown in Figure S9 in
Supporting information. As expected, we observe that ASTRAL becomes more accurate as the
proportion of independent trees (and thus the overall recombination rate) increases.

In Figure 7 (see also Figure S10 in Supporting information), we fix the overall recombination
rate to be roughly equivalent to the uniform dependence case with R = 0.1. We observe that
as the number of blocks increases, the accuracy of ASTRAL degrades slightly; this effect is more
noticeable for smaller numbers of gene trees. Thus more dependence within smaller blocks (i.e.,
more variation in recombination rate along the genome) is slightly worse than less dependence
within larger blocks. At some point, the recombination rate within blocks becomes 0, and the
trees within each block are forced to be identical; this is equivalent to having a smaller number
of completely independent trees, and results in the lowest accuracy.

Figure 7 – The accuracy of ASTRAL vs the proportion of independent gene trees. Theaccuracy is averaged over 100 replicates, with fixed overall recombination rate. Error barsrepresent standard error.
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Decreasing dependence by thinning trees
ASTRAL is constructed under the assumption that the gene trees are independent, and our re-
sults above show that it is more accurate in this case. It is common practice to ensure that this
is the case by ‘thinning’ the gene trees, i.e., only considering trees that are a certain distance
apart in the genome (Mongiardino Koch, 2021; Patané et al., 2024; Simmons et al., 2016). If this
distance is chosen to be sufficiently large, the resulting trees can be considered to be approxi-
mately independent. On the other hand, thinning the trees in this way will reduce their number,
which will also degrade the performance of ASTRAL.

To study this effect, we simulate 1000 dependent gene trees from the 37-taxon mammalian
species tree for several recombination rates (0.02, 0.1, and 1). We then thin our dataset by sub-
sampling every nth tree, for n ranging from 1 to 50, and use the resulting trees as input into
ASTRAL. This is replicated 1000 times, with the results shown in Figure 8.

Figure 8 – Accuracy of ASTRAL when thinning dependent gene trees for the 37-taxonmammalian species tree over 1000 replicates. Error bars represent standard error.
From this Figure, it is clear that using the full gene tree set (no thinning) is always the most

accurate; accuracy decreases monotonically as the subsampling interval increases. Thus, it is
always preferable to use a larger number of gene trees, even if they are dependent, over a smaller
number of independent gene trees.
Effective sample size
The multiplicative decrease in normalised RF distance due to gene tree dependence varies with
the number of gene trees for fixed recombination rate, so it does not provide an overall measure
of the effect of gene tree dependence. In order to obtain such ameasure, wewish to quantify the
amount of information or statistical power available in a sample with gene tree dependence; in
other words, the effective sample size (ESS ). To determine the ESS , we first calculate the average
normalised RF distance for ASTRAL for a recombination rate R . We then use a binary search to
determine the number of independent gene trees required to produce the same normalised RF
distance.

We can repeat this procedure for any sample size to fit a relationship between actual and ef-
fective sample size for any recombination rate. As an illustrative example, we consider R = 0.1.
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The results are shown in Figure 9, where the relationship between ESS and N appears approxi-
mately linear. Fitting a regression line through the origin yields

ESS = 0.092 × N.

This quantifies the effect of gene tree dependence for this recombination rate, for any sample
size.We further examine how the effective sample size varies with recombination rate. Figure 10
shows that ESS approaches the actual sample size N as the recombination rate increases, as
expected, reflecting a reduction in gene tree dependence.

Figure 9 – The effective sample size of ASTRAL under dependence for R = 0.1.

Figure 10 – Regression coefficient α as a function of recombination rate R . The coeffi-cient α is obtained from the linear relationship ESS = αN .
Robustness of our results
16-taxon fungal species tree. In Figure S11 in Supporting information, we observe similar patterns
to those observed for the 37-taxon mammalian species tree, but with overall higher accuracy.
This indicates that our results are not specific to the mammalian species tree. However, the
numerical results could differ depending on the specific target phylogeny.
Comparison with msprime. Figures S11 and S12 in Supporting information show the accuracy of
ASTRALwith dependent gene trees generated by ourmodel and msprime for the 16-taxon fungal
tree and for the 37-taxon mammalian tree respectively. It can be seen that although msprime
results in a slightly lower accuracy, the results for the two models are in general very similar
(the average absolute difference between the mean normalised RF distance of the two models
is 0.0083 and 0.0098 for the mammlian and fungal trees respectively).
Adjacent genes
To compare our numerical results with Wang and Liu (2016), we use our model on their 9-taxon
mouse species tree, reproduced in Figure S13 in Supporting information. Because they divide the
simulated genome into genes by recognising breakpoints, their genes are separated by a single
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recombination. To calibrate the corresponding recombination rate R , we calculate the average
number of recombinations between consecutive gene trees in ourmodel (from10000 replicates),
and use a binary search so that this average is 1. By repeating this process 20 times, we estimate
an equivalent recombination rate of R = 0.09 (standard error 0.0001) for this tree.

We then fix the number of gene trees to the average produced by ms for the same parameters
as Wang and Liu (2016); for the population recombination rates ρ = 100, 200, 1000 that they
used, this results in 867, 1752, and 8739 gene trees respectively. We then perform simulations
as above for gene trees that are dependent and independent. To estimate the effect of gene tree
estimation error, we also evolve sequences from true gene trees under theHKY85+Γ (Hasegawa
et al., 1985) model with α = 0.8, as in Wang and Liu (2016), and then estimate gene trees with
FastTree (Price et al., 2009, 2010). Due to computational constraints, we run 100 replicates for
inferred gene trees and 1000 replicates for true gene trees.

In Figure 11, we observe that under these parameters, the effect of gene tree dependence
on ASTRAL is large for the smaller recombination rates, and substantially greater than that of
gene tree estimation error. In fact, when the gene trees are independent, the species tree is
inferred without error. This suggests that gene tree dependence can have a pronounced effect
when genes are positioned directly adjacent to each other on the chromosome.

Figure 11 – The accuracy of ASTRAL for the empirical tree of Wang and Liu (2016) forrecombination rate R = 0.09. Error bars represent standard error.
Our results agree with Wang and Liu (2016) in showing a large effect of gene tree depen-

dence. We do note that the numerical accuracies we obtain are slightly different from the equiv-
alent cases in Wang and Liu (2016); apart from the differences between the models themselves,
we also fix the recombination rate, rather than the number of recombinations between gene
trees, and fix the number of gene trees. However, because the genes are taken to be directly
adjacent to each other, this scenario overestimates the amount of dependence in a practical
genomic dataset.

Real data experiments
Estimating minimum genomic distances for a SNP dataset
The accuracy of ASTRAL changes little when the recombination rate R between genes is larger
than 1. With typical human-like parameters of Ne = 104 and r = 10−8, this corresponds to a
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genomic distance of approximately 5Kb between loci. This suggests that when genes are sepa-
rated by at least this distance, the effect of gene tree dependence on ASTRAL will be minimal.
However, studies of the human genome indicate that LD can extend much further, sometimes
even beyond 100 Kb (Abecasis et al., 2001; Collins et al., 1999; Taillon-Miller et al., 2000). It
is common to use an LD-based threshold to extract putatively independent genes; however,
as illustrated in Section Decreasing dependence by thinning trees, removing dependent genes
can potentially lower inference accuracy. It would be preferable to establish a criterion whereby
slightly dependent genes can still be used, as long as inference accuracy is minimally affected.

In order to do this, we re-analysed the biological data fromWang and Liu (2016). Here, SNP
data from housemice (Liu et al., 2015) were analyzed, covering 19 chromosomeswith an average
of 21,085 SNPs per chromosome. For each chromosome, LD decay plots were used to determine
a safe distance between concatenated SNPs, with distances determined to be betwen 1–3Mb.

In order to determine a safe distance using our methodology, we used their inferred species
tree and simulated gene trees under our model, varying both the number of genes (30, 50, 70)
and the recombination rate.We then observed the normalised RF distance between the inferred
and original species tree, comparing it to the distance produced when using independent gene
trees as a baseline.

The recombination rate R between genes is related linearly to genomic distance via popula-
tion size and per-site recombination rate. Because the effective population size Ne varies acrossstudies, we adopt a conservative lower-bound value of 104 (Deinum et al., 2015; Geraldes et al.,
2008; Phifer-Rixey et al., 2020). With a recombination rate per site per generation of r = 10−8,
this gives a relation of d = 5000R .

Figure 12 shows the increase in normalised RF distance from the independent to the depen-
dent case, with the difference approaching zero as d increases. When the difference becomes
negligible, it is safe to use genes that are separated by this distance, since longer distance yields
little gain in accuracy. To account for stochastic variation, we define the threshold as approxi-
mately twice the standard error of the accuracy from independent gene trees (0.05). This results
in different cut-off values across various number of genes, as shown in Table 2. However, all
the genomic distances we identified are orders of magnitude smaller (in kilobases rather than
megabases) than those required under LD-based methods (Wang and Liu, 2016). This suggests
that we can use relatively close loci to achieve a better accuracy for species tree inference.

This also shows a procedure by which we can estimate these ‘safe’ distances; although it is
more complicated than an LD-based calculation and requires a model tree and some estimated
parameters, this allows us to justifiably select loci that are close together without too much
concern about whether they are truly independent.

Table 2 – Cut-off values (Kb) of genomic dis-tance between genes.
Number of genes Minimum distance
30 2.550 3.570 1
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Figure 12 –Decrease of accuracy of ASTRAL from using independent to dependent genetrees vs genomic distance between loci, averaged over 100 replicates. Error bars repre-sent standard error.
Estimating minimum genomic distance in a phylogenomic dataset
Our method can also be applied to datasets where orthologous genes have been identified
and extracted from whole genome sequences. As an illustration, we re-analyse the biological
gene trees from Song et al. (2012) on the 37-taxon mammalian species tree studied above. This
dataset contains 424 effective genes (after 21 genes with mislabelled sequences and 2 outliers
were removed from the original 447-gene dataset (Mirarab et al., 2014b)) with average length
3157bp. We re-estimated the gene trees with IQ-TREE (Minh et al., 2020; Nguyen et al., 2015).

Although the order of genes is not necessarily conserved between species, we located the po-
sition of each gene in the well-studied human genome. The average genomic distance between
genes in this dataset is d = 5,817,377bp, with a corresponding recombination rate between gene
trees of approximately 1163.48 (using Ne = 104, r = 10−8). This is far above the range at which
dependence affects the accuracy of ASTRAL, suggesting that dependence has little effect in this
dataset. To check this, we compute the average pairwise normalised RF distance between gene
trees separated by a fixed number of intervening genes. In Figure 13, we see that genes that are
immediately consecutive in the dataset exhibit a slightly lower RF distance, indicating a small
dependence, but this effect vanishes for genes that are even 2–3 genes apart.

However, this dataset is an older dataset containing only a few hundred genes. More recent
mammalian datasets (e.g., (Allio et al., 2024)) include thousands of genes, which greatly decreases
the genomic distance between them. This decrease could enhance dependence between genes
and potentially affect the accuracy of ASTRAL in species tree inference. By using the method
proposed in Section Estimating minimum genomic distances for a SNP dataset, we can assess
whether the genomic distances between genes are sufficiently large to ensure a minimal effect.

Discussion
In this paper, we developed a model to simulate dependent gene trees within a species tree

under a realistic process of incomplete lineage sorting and recombination. We then reassessed
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Figure 13 – The average normalised RF distance between gene trees that are separatedby a certain number of genes in the Song et al. (2012) dataset. Error bars represent stan-dard error.
the accuracy of ASTRAL for when gene trees are dependent, including both true and estimated
gene trees. Our results show that ASTRAL performs more poorly as the dependence between
gene trees increases, and gene tree estimation error adversely affects the accuracy of ASTRAL
under dependence. Our simulations can quantify this effect for any recombination distance be-
tween genes.

Our findings are particularly relevant as whole-genome sequencing produces more gene
trees for each genome. It is tempting to think that increasing the number of gene trees will
counter the inaccuracy resulting from gene tree dependence. However, the number of genes in
a genome is not unlimited, and furthermore, including more gene trees will lower the genomic
distance between the trees, and thus increase the dependence between them, making the effect
of gene tree dependencemore pronounced. Thus, asmore andmore data is collected, it becomes
more important to consider the effect of gene tree dependence. For the relatively small species
trees that we study here, we can achieve a satisfactory reconstruction accuracy with relatively
few gene trees even when dependence is taken into account, but this will not necessarily always
be the case. For larger trees that are more difficult to reconstruct exactly, the number of gene
trees needed to achieve a satisfactory accuracy may well exceed the actual number of genes
available.

In our re-analysis of real datasets, we find that extracting orthologous genes from whole-
genome sequences tends to produce genes that are sufficiently far apart that dependence has
minimal effect. Conversely, on a SNPdataset, dependence can be significant if loci are taken to be
directly adjacent. While LD-based thresholds are used to ensure independent loci, our findings
indicate that they are too strict: achieving full independence between genes is unnecessary, and
may even reduce accuracy by substantially limiting the number of informative loci available for
analysis. Our results show a way by which we can estimate a safe distance between loci.

Although we have restricted our simulations to ASTRAL as it is currently the most popular
summary method for species tree inference, it is likely that many other summary methods (Han
and Molloy, 2023, 2025; Mahbub et al., 2021; Zhang and Mirarab, 2022a,b; Zhang et al., 2020)
(in particular, methods that attempt to solve the maximum quartet support problem as ASTRAL
does)will be similarly affected by gene tree dependence. Virtually all simulations evaluating these
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methods are performed with independent gene trees, and therefore our results are applicable in
these cases as well.

While our analysis of the SNPs data provides valuable insights into the impact of genomic dis-
tance between loci on the accuracy of ASTRAL, several limitations should be noted.We adopted
a fixed effective population sizeNe to convert recombination rates to genomic distances, but vari-
ation in Ne among species and through time could shift the inferred thresholds. We have used
a conservative value that maximises the inferred ‘safe’ distance. Moreover, our empirical study
focuses on the house mouse, and extrapolation to other species should be made cautiously.

When estimating the the effective sample size for ASTRAL, there is an accumulated error
including the accuracy of different sample sizes, and the matching of sample sizes to a given
accuracy. Future work includes proposing a simpler and more reliable method to estimate the
effective sample size. In addition, estimating the effective sample size for a dataset requires first
estimating the recombination rate between gene trees, which introduces further uncertainty.

Our results suggest that a new species tree inference method to take gene tree dependence
into account should be designed. One possible way is to assign different weights to quartets
according to their patterns of occurrence in the genome. By incorporating the information of
genomic location, this new method could potentially be more accurate in the case of gene tree
dependence. This is the subject of future work.
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Re-estimating branch lengths for the 37-taxon mammalian tree
The terminal branch lengths of the species tree given in Mirarab et al. (2014b) are all 9.0 coa-
lescent units long; this is an artifact of the MP-EST summary method used to estimate it. This
is immaterial for the topologies of the gene trees simulated under the MSC from this species
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tree; however, it has an effect on the branch lengths of these trees, and therefore on sequences
generated from these trees.

To amend this, we re-estimate the branch lengths for the 37-taxon mammalian tree from
the original data of Song et al. (2012), keeping the topology of the tree used in Mirarab et al.
(2014b). We compute a distance matrix of the 447 genes from the gene trees, and use them as
input to ERaBLE (Binet et al., 2016), which also estimates the relative evolutionary rates of the
genes. The resulting tree is then re-rooted on the leaf branch ‘Gal’ by splitting the branch into
two halves so that the length of the branch to ‘Gal’ is the average of the lengths of the paths
from the root to the other leaf nodes.

The branch lengths of the resulting tree are expressed in units of (average number of) substi-
tutions per site. To translate this into coalescent units (in the absence of estimatedmutation rates
and population sizes), we scale the tree by a constant factor so that the average (over all branch
lengths l ) of 1 − e−l is equal to that of the tree in Mirarab et al. (2014b). This can be thought
of as an approximate ‘amount of coalescence’ in the tree. We also need to convert simulated
gene trees back into substitutions per site to evolve sequences along them. This is achieved by
rescaling the branch lengths using the inverse of the same scaling factor. In addition, we sample
a rate inferred by ERaBLE from a randomly selected gene tree and use this rate to further rescale
the branch lengths.

To verify that our gene trees have more realistic topology and branch lengths than the trees
from Mirarab et al. (2014b), we simulated 100 gene trees from the MSC model on our species
tree. We then calculated the pairwise normalised RF distance (Robinson and Foulds, 1981) and
the Kuhner–Felsenstein (KF, aka branch score) distance (Kuhner and Felsenstein, 1994) between
all simulated gene trees, biological gene trees from Song et al. (2012), and simulated gene trees
from Mirarab et al. (2014b). These distances were used to produce a Multidimensional Scaling
(MDS) plot (Figure S1), which shows that our simulated gene trees more closely resemble the
biological trees.

(a) normalised RF distance (b) KF distance
Figure S1 – MDS analysis of simulated gene trees and biological trees. The blue circlesrepresent our species tree.

Parameters for gene evolution
According to Mirarab et al. (2014a), the parameters used for evolving sequences in Section Sim-
ulations, listed below, were estimated from avian data (Jarvis et al., 2015) by the program bppml,
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also from bppsuite (Guéguen et al., 2013). Mirarab et al. (2014b) ran bppml on the subset of
1185 avian genes that included all the taxa.

• Substitution model parameters:
– a=1.062409952497,
– b=0.133307705766,
– c=0.195517800882,
– d=0.223514845018,
– e=0.294405416545,
– theta=0.469075709819,
– theta1=0.558949940165,
– theta2=0.488093447144

• Rate distribution parameters for Gamma:
– n=4,
– alpha=0.370209777709

Supplementary figures

Figure S2 – Abbreviations of species names in the 37-taxon mammalian species tree inFig 3.
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(a) 500bp sequence length (b) 1000bp sequence length
Figure S3 – The accuracy of ASTRAL vs recombination rate for estimated gene trees,averaged over 20 replicates. Error bars represent standard error.

(a) 500bp sequence length (b) 1000bp sequence length
Figure S4 – The accuracy of ASTRAL vs recombination rate with increased ILS (0.2×) forestimated gene trees, averaged over 20 replicates. Error bars represent standard error.

(a) 500bp sequence length (b) 1000bp sequence length
Figure S5 – The accuracy of ASTRAL vs recombination rate with different amount ofILS for estimated gene trees, averaged over 20 replicates. Error bars represent standarderror.

Wanting He et al. 21

Peer Community Journal, Vol. 6 (2026), article e25 https://doi.org/10.24072/pcjournal.694

https://doi.org/10.24072/pcjournal.694


Figure S6 – The 16-taxon fungi species tree with branch lengths in coalescent units.Species names are given in Table S7 in Supporting information.

Figure S7 – Abbreviations of species names in the 16-taxon fungi species tree in FigureS6 in Supporting information.

Figure S8 – The accuracy of ASTRAL (log normalised RF distance) vs the number of genetrees, averaged over 1000 replicates.
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(a) Default (b) Increased ILS (0.2×)

(c) Different ILS for N = 200

Figure S9 – The accuracy of ASTRAL vs the proportion of independent gene trees, aver-aged over 100 replicates, with block-fixed recombination rate of 0.1. Error bars representstandard error.

(a) Increased ILS (b) Different ILS for N = 200

Figure S10 – The accuracy of ASTRAL vs the proportion of independent gene trees, av-eraged over 100 replicates, with fixed overall recombination rate of 0.1. Error bars rep-resent standard error. The default settings are shown in Figure 7.
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(a) Default (b) Default under msprime

(c) Increased ILS (0.2×) (d) Increased ILS (0.2×) under msprime

(e) Different ILS for N = 200 (f) Different ILS for N = 200 under msprime

Figure S11 – The accuracy of ASTRAL vs recombination rate for the 16-taxon fungispecies tree, averaged over 100 replicates. Error bars represent standard error.
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(a) Default (b) Default under msprime

(c) Increased ILS (0.2×) (d) Increased ILS (0.2×) under msprime

(e) Different ILS for N = 200 (f) Different ILS for N = 200 under msprime

Figure S12 – The accuracy of ASTRAL vs recombination rate for the 37-taxonmammalianspecies tree, averaged over 100 replicates. Error bars represent standard error.
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Figure S13 – The 9-taxon mouse species tree from Wang and Liu (2016).
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