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Hybridization is widespread across eukaryotes (Taylor and
Larson, 2019) and is especially prominent in plants
(Mallet, 2005; Yakimowski and Rieseberg, 2014; Mallet
et al.,, 2016). Hybridization, followed by backcrossing, leads to
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Abstract

Premise: Hybridization and introgression are pervasive evolutionary forces that have
played fundamental roles in shaping the diversity of wild and domesticated plants. Four-
taxon tests for introgression provide a reliable framework for detecting signatures of
ancient introgression from genomic data, which have played an important role in
revealing the reticulate nature of plant evolution; however, there is emerging evidence that
a cryptic process known as ghost lineage introgression has the potential to dramatically
skew interpretations of four-taxon introgression statistics, particularly our ability to
determine the lineages involved in introgression. This ambiguity limits our ability to
resolve the mechanisms and functional implications of introgression because it means we
can determine neither the donor nor the recipient of introgressed alleles with confidence.
Methods: Here, we develop ghostbuster, a statistical test designed to detect ghost
lineage introgression in genomic data based on patterns of sequence divergence. We
employ coalescent simulations to test our method and ascertain the conditions under
which it accurately identifies ingroup versus ghost lineage introgression. Finally,
to demonstrate the utility of ghostbuster, we apply it to a previously identified
introgression event in the plant family Brassicaceae.

Results: Our simulations reveal that ghostbuster accurately distinguishes ghost
lineage introgression from ingroup introgression across a range of introgression
scenarios, with errors arising only when divergence events are closely spaced or when
ancestral population sizes are unbalanced. Our analysis of empirical plant data
reveals that the previously identified introgression likely constitutes ghost lineage
introgression and, thus, was previously misinterpreted.

Discussion: Our analyses of simulated and empirical data demonstrate that
ghostbuster will be a helpful tool in resolving reticulate evolution in plants and other
taxa. We demonstrate the biological insights that ghostbuster provides by presenting
an updated model of ghost lineage introgression in Brassicaceae, impacting our
understanding of the molecular evolution of crop and model species in this important
plant lineage. Ghostbuster code is freely available at: https://github.com/
EvanForsythe/Ghost_introgression.
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introgression of alleles between divergent species or popula-
tions, a phenomenon that has been well-documented in
plants (Rieseberg and Soltis, 1991; Rieseberg, 2006; Suarez-
Gonzalez et al, 2016; Forsythe et al., 2020a) and animals
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(Dasmahapatra et al, 2012), including humans (Green
et al., 2010; Prifer et al.,, 2014; Kuhlwilm et al.,, 2016). Studies
of hybridization and introgression have been particularity
insightful in disentangling unresolved phylogenetic relation-
ships in plants (Beilstein et al., 2006, 2008; Oyama et al., 2008;
Huang et al.,, 2015; Forsythe et al., 2020a) and uncovering the
signatures of adaptive introgression in plant genomes (Hufford
et al, 2013; Wang et al, 2023). Advances in genome
sequencing technology have led to the development of statis-
tical approaches to detecting patterns of historical introgres-
sion in extant species (Green et al., 2010; Durand et al., 2011;
Martin et al, 2015; Pease and Hahn, 2015; Hahn and
Hibbins, 2019; Hibbins and Hahn, 2022). Many of the most
widely used statistics employ a four-taxon sampling approach
to detect an abundance of derived alleles shared by non-sister
species by detecting imbalanced site pattern or gene tree
topology counts (Green et al, 2010; Durand et al, 2011;
Martin et al, 2015; Martin and Jiggins, 2017; Zheng and
Janke, 2018; Dagilis et al., 2021). Four-taxon statistics have
been used to identify foundational cases of adaptive intro-
gression (Dasmahapatra et al., 2012), extensive introgression
impacting large portions of the genome (Fontaine et al., 2015;
Forsythe et al., 2020a), and introgression events with profound
significance to human health and medicine (Priifer
et al, 2014). Given the impact of introgression on the
molecular evolution of important taxa, it is paramount to fully
resolve a detailed understanding of these introgression events.
One of the most fundamental details regarding an intro-
gression event is to resolve the lineages that exchanged alleles
during historical gene flow (Hibbins and Hahn, 2019, 2022;
Forsythe et al., 2020b). Four-taxon tests are designed to reveal
introgression events between two alternative pairs of non-sister
taxa within the ingroup clade of the test species (Durand
et al,, 2011; Tricou et al.,, 2022b). These two alternative intro-
gression scenarios are distinguished by the sign (positive versus
negative) of the test statistic. Once the two species involved in
an introgression event have been identified with a four-taxon
test, auxiliary tests (Hibbins and Hahn, 2019, 2022; Forsythe
et al., 2020b), which make use of sequence divergence infor-
mation, can be applied to resolve the directionality of intro-
gression (i.e., the donor and recipient lineage). Furthermore,
modified four-taxon tests have also been developed to identify
the specific genomic regions (Martin et al., 2015; Martin and
Jiggins, 2017) that were introgressed between species, revealing
the genomic and functional impacts of introgression.
Combining four-taxon site-pattern tests and divergence-
based tests holds potential to resolve introgression events
within sampled ingroup species; however, there is a growing
body of evidence that suggests that interpretation of these tests
is dramatically impacted by cryptic introgression stemming
from unsampled or extinct lineages that diverged prior to the
divergence of the sampled ingroup species (Durand et al., 2011;
Hibbins and Hahn, 2022; Tricou et al.,, 2022a, 2022b; Tiley
et al, 2023; Pang and Zhang, 2024). Introgression from these
so-called “ghost lineages” can skew allele patterns and gene tree
topologies in a manner that exactly mimics the signature of
ingroup introgression produced by four-taxon tests (Tricou

et al, 2022b). This caveat is especially problematic because
the implication of a misidentified ghost lineage introgression
event means that neither the donor lineage nor the recipient
lineage is correctly inferred (Tricou et al, 2022a; Pang and
Zhang, 2024). Considering that the vast majority of species that
have existed on Earth are either extinct or undescribed (Mora
et al, 2011) and that fossil and archaic DNA evidence has
demonstrated gene flow between now-extinct species (Slon
et al, 2018), it is likely that at least some of the previously
identified introgression events detected with four-taxon tests
have been misinterpreted.

Given the potential for misinterpretation of introgression
results, tools to help differentiate between ingroup and ghost
lineage introgression are of value. Recent work has thoroughly
investigated the utility of existing heuristic methods (i.e.,
methods that use topology counts and genome-wide sum-
mary statistics) in accurately identifying ingroup versus ghost
lineage introgression, revealing that heuristic methods per-
form poorly in their ability to correctly identify ghost lineage
introgression (Pang and Zhang, 2024). In contrast, this study
also demonstrated that a model-based approach, Bayesian
Phylogenetics and Phylogeography (BPP) (Yang, 2015; Flouri
et al.,, 2020; Jiao et al, 2021), was able to accurately detect
ghost lineage introgression. This study highlighted the utility
of full likelihood demographic methods, which make use of
both topology and sequence divergence information in
sequence data (Hibbins and Hahn, 2022), in accurately
identifying modes of introgression. Based on these promising
results, BPP is likely to become a valuable addition to intro-
gression analysis workflows. However, the authors also note
that such methods are computationally expensive compared
to analogous heuristic-based methods, presenting a challenge
in analyzing large genomic datasets (Pang and Zhang, 2024).
Given this limitation, a heuristic method that explicitly tests
for ingroup versus ghost lineage introgression would be a
valuable addition to analytical workflows.

Here, we present ghostbuster, a novel statistical test to
distinguish ingroup from ghost lineage introgression in
four-taxon genomic data. Ghostbuster provides an efficient
heuristic approach to using sequence divergence summary
statistics to test introgression hypotheses. We define the
expected divergence profiles under ingroup versus ghost
lineage introgression and perform multispecies coalescent
simulations to test the performance and accuracy of
ghostbuster under different introgression scenarios. Finally,
we apply ghostbuster to a previously described introgression
event in the plant family Brassicaceae and present a revised
model for introgression in the group.

METHODS

Defining sequence divergence expectations
under ingroup and ghost lineage introgression

Widely used four-taxon tests for introgression rely on the
topology of gene trees or corresponding site patterns to
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indicate the presence of introgression. However, ingroup
and ghost lineage introgression can lead to identical
topologies and site patterns (Tricou et al., 2022a, 2022b),
meaning these pieces of evidence cannot differentiate
between alternative introgression scenarios. We reasoned
that the divergence profiles of introgressed and non-
introgressed loci could help resolve the species involved in
introgression events. To outline our expectations for in-
trogressed gene trees, we defined time points corresponding
to introgression events (Tig) and speciation events (T, Tp,
Tg, and T,) in a four-taxon (not including a ghost lineage)
introgression scenario (Figure 1A). Phylogenetic estimates
of the relative timing of divergence events are obtainable by
calculating sequence divergence (i.e., node depth) between
pairs of taxa on gene trees (Figure 1). Gene trees that were
not introgressed are expected to display the “species
topology” and will inherently contain a node representing
the divergence of P1 and P2; the node depth of this node
(Ki,) should always correspond to T, (Figure 1A). On the
other hand, gene trees that underwent introgression will
display the “introgressed topology” and, as such, will
inherently contain a node representing the divergence of P2
and P3 with node depth K,; (Figure 1B, C). Importantly,
unlike Kj,, K,; will differ depending on whether intro-
gression is ingroup (K,3=Tig) (Figure 1B) versus ghost
lineage (K33 = Tp) introgression (Figure 1C).

To detect the sequence divergence profile of introgres-
sion events, we propose a simple heuristic, the AK statistic:

AK = Kjp — K3 (1)

Under ingroup introgression, we expect AK to be pos-
itive, such that:

AK =T, - T (2)

Under ghost lineage introgression, we expect AK to be
negative, such that:

A T, B

T,
T i
Ghost P
lineage T
int. N

o G P1 P2 P3 (@] G

FIGURE 1

AK = T, - T; 3)

Our AK statistic provides a measurable readout of the
divergence profile of introgression events that are detected
with four-taxon statistics.

Implementation of the ghostbuster test

We developed ghostbuster as a Python tool that requires a
minimal set of dependencies and computational power.
Ghostbuster is designed to analyze the same data used for
four-taxon introgression tests (Green et al., 2010; Durand
et al,, 2011) and is intended for use only after a significant
signature of introgression has already been detected.
Ghostbuster requires FASTA input files with DNA
sequences for single-copy genes/loci/windows spanning the
genome. Each file must contain a sequence from at least
four species (P1, P2, P3, and an outgroup) (Figure 1) used in
upstream four-taxon tests. Sequences from extra species are
pruned from files prior to multisequence alignment.

For each input file, the following steps are performed:
multiple sequence alignment with MAFFT (Katoh and
Standley, 2013), maximum likelihood inference with
IQ-TREE (Nguyen et al,, 2015), which employs ModelFinder
(Kalyaanamoorthy et al, 2017), and finally, topology and
branch length analyses using Biopython (Chapman and
Chang, 2000) tools (Figure 2). Each tree is rooted by the user-
specified outgroup, and branch lengths (measured in sub-
stitution per site) are calculated from each gene tree after
topology is assessed. A divergence value for each node is
obtained by summing the branch lengths of the two external
branches subtending the node.

Ghostbuster assumes that the user-specified species tree
topology is (((P1,P2)P3)O) and calculates node depth
Ki, from gene trees exhibiting this topology. Gene trees
with the topology (((P2,P3)P1)O) are used to calculate K;3.
Gene trees with the topology (((P1,P3)P2)O) are presumed

C

P1 P2 P3 o G P1 P2 P3

Expected sequence divergence under ingroup versus ghost lineage introgression models. (A) Species tree (black branches) with possible

introgression events (green and purple arrows) and tree depth times for speciation and introgression events (dotted lines). P1, P2, P3, G, and O refer to
ingroup, ghost, and outgroup populations, respectively. The Kj, node indicates the node of interest on gene trees that exhibit the species topology

((P1,P2),P3). (B, C) Gene trees resulting from ingroup (B) and ghost lineage (C) introgression. The K3 node indicates the node of interest on gene trees that
exhibit the introgression topology ((P2,P3),P1), displayed in both introgression scenarios. AK symbols and arrows indicate the expected difference between
K, and K3 when comparing introgressed genes to non-introgressed genes. T variables refer to timepoints at which introgression (T;s) and speciation events

(Ta Tp> T, and T,) occur.
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FIGURE 2
EvanForsythe/Ghost_introgression).

to originate from incomplete lineage sorting (ILS) (see
Discussion) and are not used by ghostbuster. AK is calcu-
lated by subtracting the average from all K,; values from the
average from all K, values (see Equation 1). To assess the
significance of the AK, ghostbuster performs a bootstrap
replication permutation test with 100 replicates. For each
bootstrap replicate, gene trees are randomly sampled (with
replacement) and Kj, and K,; are estimated for the sample
to produce a resampling distribution of AK. Similar to the
approach used by Forsythe et al. (2020b), a two-sided z-test
is performed to assess whether the distribution significantly
differs from zero.

DNA sequence simulations of ingroup and
ghost lineage introgression scenarios

To test ghostbuster performance, we developed simulations
using tskit (Kelleher et al, 2016; Wong et al, 2024) and
msprime (Baumdicker et al, 2022) multispecies coalescent
simulation software packages. We implemented simulations
using the script Data_simulations.py, available with ghostbuster
(https://github.com/EvanForsythe/Ghost_introgression). Speci-
ation events were simulated via the add_mass_migration()
command with the proportion argument set to 1.0. In a
reverse-time (coalescent) perspective, these events are akin to
two populations merging; however, when considered from
a forward-time direction, they are akin to a speciation
event. Introgression events were simulated with the

Gene tree inference

IQ-TREE

Topology and branch length analysis

Biopython

Distribution analysis

Seaborn violin plots

Permutation test and statistics

Seaborn kernel density plots

Analytical workflow showing the major steps of the ghostbuster test, implemented as a Python tool (available at https://github.com/

add_mass_migration() command with the proportion argu-
ment set to 0.2, simulating (in forward-time) an introgression
event in which 20% of alleles are introgressed. Introgression
was simulated as either “ghost” or “true” by setting the “des-
tination” (i.e., the source in forward-time) of migration. In all
cases, we simulate the presence of a ghost lineage, but we never
include the resulting sequence from this ghost taxon in
downstream  analyses, thus effectively mimicking an
“unknown” ghost lineage.

Our default time points (in generations) were set to the
following: Tic = 40,000, T, = 80,000, T = 120,000, T = 160,000,
and T, =200,000 (Figure 3). For parameter scan analyses, we
multiplied all time points or the Tig time point by a branch
length scaling factor (SF) (Figure 4). Our default effective
population size used in simulations was N, = 10,000 (diploid
individuals). N, parameter scans multiplied N, in P3 by a scaling
factor to achieve larger or smaller populations. Additional
parameters used during sequence simulations were: sequence
length = 10,000,000 bp, mutation rate = 0.0000001 (mutations
per base pair per generation), and recombination rate =
0.000000001 (recombination events per base pair per genera-
tion). These parameters were held constant for the simulations
in this study.

The output of the above simulations is a “full chromo-
some” alignment comprising numerous introgressed and
non-introgressed haplotype blocks. From this full chromo-
some alignment, we achieved single-gene FASTA files for
input into ghostbuster by splitting the full chromosome
alignment into 1000 non-overlapping windows, which were
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FIGURE 3 Applying the ghostbuster test to simulated data. Ghostbuster output on a simulated “ingroup” introgression dataset, in which introgression
was simulated from P3 to P2 (A, B), or a simulated “ghost lineage” introgression, in which introgression was simulated from a ghost lineage into P1 (C, D).
(A, C) The distribution of node depths obtained from gene trees with the speciation topology or the introgression topology. (B, D) AK distribution from 100
bootstrap resampling replicates. Both distributions significantly (P « 0.01) differ from zero, indicating significant signatures of ingroup (B) and ghost lineage
(D) introgression.
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FIGURE 4 Testing the robustness of the ghostbuster method under simulated introgression scenarios. (A-C) AK measurements from ghostbuster runs
on datasets with simulated ingroup (purple points) and ghost lineage (green points) introgression. Positive and negative AK measurements from the
ghostbuster test indicate ingroup and ghost lineage introgression, respectively. (A) Parameter scan of varying branch length scaling factor values used to
scale the simulated timing of all divergence and reticulation events proportionally. Larger numbers equate to larger tree heights on simulated trees. (B)
Parameter scan of introgression scenarios in which introgression time is changed while all other time points are held constant. Larger values indicate
introgression (T1g) occurring at deeper time points approaching the timing of the speciation event (T,). (C) Parameter scan of the effective population size
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used to infer window trees (hereafter referred to as “gene
trees”) in downstream ghostbuster analyses.

Testing for ghost lineage introgression in
empirical plant genomic data

To test ghostbuster on an empirical dataset, we used
genomic data from a previous study that identified intro-
gression between model species in the Brassicaceae family
(Forsythe et al, 2020a). We obtained coding sequence
(CDS) alignments for single-copy genes used in the prior
study and applied the ghostbuster test to a representative
species from each clade using the species tree topology
shown in Figure 5. Analyses were performed on a Linux
server equipped with dual AMD EPYC 7713 processors
(Advanced Micro Devices, Santa Clara, California, USA)
using four parallel threads. Analyses were repeated on a
Macintosh laptop (Apple M1 Pro chip; Apple, Cupertino,
California, USA), yielding similar runtimes and results.

RESULTS

Testing ghostbuster performance on simulated
genomes

To test our ghostbuster approach, we simulated DNA
sequence evolution for populations described in Figure 1A.
Ingroup introgression was achieved by simulated gene flow
from P3 to P2. Ghost lineage introgression was achieved by
simulating gene flow from the ghost lineage (G) into PI.
This approach mimics ghost lineage introgression because
all downstream analyses omit the ghost population, only
making use of O, P1, P2, and P3 in divergence analyses
(see Methods). To demonstrate the output of ghostbuster,
we applied the test to genomes simulated to have undergone
ingroup introgression (Figure 3A, B) and ghost lineage

introgression (Figure 3C, D) at our default time points (see
Methods). Our results show that simulated ingroup intro-
gression leads to a higher K, distribution compared to the
K,; distribution (Figure 3A). This divergence profile
resulted in a AK distribution significantly (P < 0.001) greater
than zero (Figure 3B), consistent with our theoretical ex-
pectations for ingroup introgression. When we simulated
ghost lineage introgression, we observed the opposite
pattern for K;, and K,; distributions (Figure 3C), resulting
in a significantly negative (P<0.001) AK distribution
(Figure 3D), again consistent with our expectations. These
results provide a proof-of-principle for the effectiveness of
our ghostbuster test.

To evaluate robustness of the ghostbuster test, we per-
formed parameter scans, in which we altered the timing of
simulated speciation and introgression events. First, to ex-
plore the effect of overall tree height on ghostbuster results,
we employed a branch length SF and multiplied all time
points by this number to achieve simulated genomes with
overall larger (branch length SF>1) or smaller (branch
length SF < 1) levels of divergence (Figure 4A). We found
that increased tree height provided increased resolution for
the ghostbuster test. The effect size of AK grew increasingly
positive (ingroup introgression) or negative (ghost lineage
introgression) as branch length SF increased. We simulated
five replicate genomes for each branch length SF value, and
ghostbuster significantly inferred the correct mode of
introgression with 100% accuracy for all branch length
SF>0.7 runs. When applied to simulated ghost lineage
introgression, ghostbuster inferred the correct mode for all
replicates and SF values, with the exception of a single
insignificant result for one replicate at branch length SF =
0.2. In contrast, ghostbuster accuracy suffered when applied
to simulated ingroup introgression on branch length SF <
0.7 runs, as evidenced by many cases of erroneous AK es-
timates below zero at low branch length SF values. In some
cases, these erroneous results were statistically significant,
indicating that ghostbuster is prone to error under rapid
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FIGURE 5 Testing for ghost lineage introgression in a previously identified introgression event in Brassicaceae. (A) Species relationships among test
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result in the previously observed ((P2,P3),P1) topology gene trees. P1, P2, P3, G, and O refer to ingroup, ghost, and outgroup populations, respectively. (B)
The distribution of node depths obtained from gene trees with the speciation topology (left) or the introgression topology (right). (C) AK distribution from

100 bootstrap resampling replicates.
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speciation scenarios, when divergence events occur in close
succession.

To test the effect of the relative timing of speciation and
introgression events, we also performed a parameter scan in
which we varied only the timing of introgression (Tig),
while leaving all other time points constant. For these
simulations, increasing T brings it closer to T,
(Figure 4B). For ghost lineage introgression simulations, we
found that AK values are unaffected by Tig. This is con-
sistent with our theoretical expectations because AK is
affected only by T, and Tp in ghost lineage introgression
scenarios (Equation 3), which are unchanged in this anal-
ysis. In contrast, ingroup AK are heavily impacted by Tig,
with increasing rates of insignificant and significantly er-
roneous results at high Tig values. This result again high-
lights that ghostbuster accuracy suffers when divergence
and introgression occur in short order. These divergence
time parameter scans show that ghostbuster is a reliable test
under most divergence scenarios but lacks resolution under
rapid speciation (see Discussion).

Finally, to test whether unbalanced donor and recipient
population sizes influence divergence patterns, we performed a
parameter scan in which we varied N, in the P3 population.
We applied a P3 N, SF, which altered the N, of the P3 pop-
ulation, while retaining the default value (10,000 individuals)
for all other simulated populations. We found that increasing
the N, of P3 relative to other populations decreased the ability
of the AK statistic to correctly infer ingroup introgression
(Figure 4C). Increasing the P3 N, by a factor of 1.6 or greater
led to some replicates yielding insignificant or significantly
incorrect results for ingroup introgression. Meanwhile,
ghostbuster performance on ghost introgression events was
unaffected, which is unsurprising given that P3 is neither a
recipient nor donor in ghost introgression scenarios. Overall,
our parameter scan of N, demonstrates that ghostbuster is
sensitive to differences in population size across lineages (see
Discussion).

Applying ghostbuster to resolve introgression
in Brassicaceae

With an understanding of ghostbuster performance on
simulated data, we applied the ghostbuster test to a previ-
ously described introgression event in the plant family
Brassicaceae (Forsythe et al., 2020a). We used the most
frequent gene tree topology as our species topology
(Figure 5A). In the previous study, significant four-taxon
test results were interpreted as evidence of ingroup intro-
gression (Figure 5A; purple arrow); however, the authors
also discussed the possibility of a cryptic ghost lineage
introgression event (Figure 5A; green arrow) but lacked a
statistical framework for testing these alternative hypothe-
ses. To resolve this ambiguity, we applied ghostbuster to the
same data. We observed a significantly negative (P < 0.001)
AK distribution, indicating that this previously described
introgression event is likely a case of ghost lineage

introgression (see Discussion). These results highlight the
utility of ghostbuster in resolving introgression results,
providing a new basis for interpreting four-taxon tests for
introgression.

DISCUSSION

A fast heuristic that explicitly tests for ghost
lineage introgression

Our ghostbuster analysis of Brassicaceae alignments took
22 minutes to complete using four parallel threads for the
phylogenetic inference steps. This runtime using only
modest computational resources means that ghostbuster
can accomplish real-life analyses using computing resources
present in most modern base-model laptops. This efficiency
is derived from the heuristic nature of comparing average
node depths rather than traversing joint distributions of
gene tree topologies and coalescence times. The most
computationally intensive step of the ghostbuster workflow
is the maximum likelihood gene tree inference step, which
we achieve with IQ-TREE. As part of gene tree and branch
length inference, we employ IQ-TREE's “-m TEST” options
to identify the best model of evolution for phylogenetic
inference. Given that there is a model-based phylogenetic
inference step, it could be argued that ghostbuster is not
strictly a heuristic method. However, the overall efficiency
for the test and the incorporation of summary statistics
make ghostbuster best aligned with site-pattern and gene
tree topology-based methods that have been characterized
as heuristic-based methods (Pang and Zhang, 2024). In any
case, ghostbuster shows promise as a fast and accurate test
that can be routinely applied to the same four-taxon data-
sets that are widely used to indicate the presence of an
introgression event.

Reduced phylogenetic resolution amid rapid
speciation and unbalanced population sizes

Our simulation analyses sought to explore coalescence times
and population size parameters to understand the limits of
ghostbuster performance (Figure 4). Parameter scans of
divergence time revealed the ghostbuster test does not
perform well under scenarios in which only a small amount
of time separates the speciation event (T,) from the intro-
gression event (T1g) (Figure 4A, B). Lack of phylogenetic
resolution in these scenarios is not entirely surprising, given
that the process of ILS is known to introduce alternative
gene tree topologies with skewed coalescence times
(Hibbins and Hahn, 2022). Multispecies coalescent simu-
lations inherently model the process of ILS (i.e., deep coa-
lescence), the extent of which is directly related to time
between events (Hudson, 2002). Consistent with the idea
that ILS introduces noise to ghostbuster, the simulations
that produced erroneous or insignificant ghostbuster results
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were also the simulations that produced the most gene trees
with a topology in which P1 and P3 are sister (data not
shown), which likely result from ILS.

Moreover, in addition to introducing a third gene tree
topology on four-taxon trees, ILS is also expected to shift
coalescence times, resulting in gene trees with deeper node
depths. This impact affects gene trees displaying all three
possible topologies, meaning that the genome-wide distribu-
tion of node depths across gene trees will be a mixed distri-
bution of ILS trees and non-ILS trees. Consistent with this
expectation, we observe a bimodal K3 distribution in our
simulated ingroup introgression example (Figure 3A). Despite
ILS adding noise, the introgression signal (lower peak) vastly
outweighed the ILS signal (higher peak), leading to a signifi-
cant and accurate ghostbuster result. While cases in which ILS
is more prominent should be interpreted with caution, we do
not anticipate it posing a major barrier in the practical
application of ghostbuster. This is because the conditions that
would render ghostbuster ineffective are also likely to under-
mine upstream four-taxon introgression tests, making them
less likely to produce a significant signature of introgression in
the first place. As a result, a ghostbuster analysis would not be
warranted under those conditions.

In addition to divergence time, the effective population
size used in coalescent simulations is also expected to influence
divergence profiles. Because time to coalescence scales with
population size (Kingman, 1982), larger populations are ex-
pected to exhibit deeper coalescence and elevated divergence
times. This phenomenon has the potential to impact AK es-
timates, particularly when the donor population (P3 in our
ingroup introgression scenarios) is larger than the recipient
population (P2). To explore this effect, we varied P3 N, and
observed a consistent decline in ghostbuster performance
when P3 approached three times the size of other populations
in our simulated dataset (Figure 4C). Sensitivity to this effect
will likely depend on additional parameters, such as T, Tig,
and mutation rate. Taken together, our results highlight the
importance of considering both divergence timing and pop-
ulation size when interpreting AK. Additionally, ghostbuster
users should consider the possibility of confounding demo-
graphic factors such as ancestral population structure
(Eriksson and Manica, 2012), continuous migration events,
multiple counteracting reticulation events (Than et al., 2008),
or gene flow from a deeply diverged lineage (Tricou
et al., 2022a). Nevertheless, ghostbuster will serve as a valuable
tool for disentangling complex introgression hypotheses, par-
ticularly when introgression signals are strong and con-
founding effects like ILS and unbalanced population sizes are
limited or predictable.

An updated model of introgression in
Brassicaceae

We previously interpreted four-taxon results in Brassicaceae
as an indication of ingroup introgression (Forsythe
et al, 2020a). However, our ghostbuster analysis indicates

that this introgression event is likely introgression from an
unknown ghost lineage (Figure 5), indicating a novel alter-
native model for introgression in this important group of
model and crop plants. We initially hypothesized the pres-
ence of this introgression event based on evidence of phy-
logenetic incongruence between nuclear and chloroplast gene
trees (Beilstein et al., 2006, 2008), and subsequent genome-
wide phylogenomic analysis revealed incongruence among
nuclear genes, with ~88% of nuclear genes displaying a major
topology and ~8% of nuclear genes displaying a minor
topology (Forsythe et al., 2020a). The most parsimonious
interpretation of these highly unbalanced ratios is that the
major topology represents the true species branching order
and the minor topology represents introgressed genes.
However, based on conflicting divergence values in our prior
study, we explored an alternative hypothesis in which the
minor topology represents the species branching order, while
the major topology is the result of extensive introgression,
affecting ~88% of nuclear genes. This interpretation was
based on a similar pattern and interpretation of introgression
in mosquitos (Fontaine et al., 2015). However, a later study
reinterpreted the mosquito introgression data considering
ghost lineage introgression and found that underlying as-
sumptions about branch lengths do not hold true (Tricou
et al,, 2022a). Consistent with this, our updated model sug-
gests that the minor topology is indeed the result of ghost
lineage introgression. However, it should be noted that the
ghostbuster framework developed here requires the user to
define the species relationships a priori and does not ex-
plicitly test between different species trees, meaning it cannot
be used to rule out the possibility of extensive introgression
impacting most of the genome. Despite this, the growing
understanding of ghost lineage introgression and its
impacts on branch lengths favors our updated model as the
most plausible scenario.

Our previous study of introgression in Brassicaceae
found evidence of cytonuclear selection acting during
introgression (Forsythe et al., 2020a). Based on previous
interpretations (under the assumption of ingroup intro-
gression), the recipient of this introgression was pre-
sumed to be Clade C, which includes the emerging
biofuel crop Camelina sativa (L.) Crantz. Our updated
model of ghost lineage introgression suggests that,
instead, the recipient of introgression is Clade B, repre-
sented by Boechera stricta Al-Shehbaz, a genetic model
used to study the genetics of asexual reproduction
in plants (Schranz et al., 2006). It should be noted that
our new model does not invalidate the prior findings
related to cytonuclear selection, but it does change
our understanding of the lineage in which this selection
acted, which is an important component of resolving an
introgression event. This updated interpretation of
introgression highlights the biological insights gained
from testing for ghost lineage introgression. Moreover,
this new model, combined with the relative abundance of
genomic resources available in the Brassicaceae family,
creates an exciting opportunity to search for close
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relatives/descendants of the putative donor ghost lineage
among extant Brassicaceae species.

Finally, given that we observed inconclusive and erro-
neous results in some scenarios in our simulated data
(Figure 4), it is important to ask whether Brassicaceae
introgression falls in the range of divergence times and
population size for which ghostbuster performance is robust.
Our default simulated Tp, T, and Tig are 120, 80, and 40
thousand generations, respectively, which would correspond
to introgression and speciation events in the Pleistocene
epoch for annual plants. In contrast, divergence events in our
Brassicaceae dataset date to deeper time points correspond-
ing to the Miocene epoch 13 to 9 million years ago (Beilstein
et al,, 2010; Huang et al., 2015). Consistent with this, com-
parisons of the node depth values in our simulated (Figure 3)
versus empirical (Figure 5) data show that the node depths in
the Brassicaceae analysis (Figure 5B, C) fall on the high end
of the spectrum of simulation scenarios we tested, where
ghostbuster performance was more robust. Moreover, the
shapes of the node depth distributions do not appear to
be bimodal. Both observations suggest that our empirical
analysis was not meaningfully impacted by ILS, which is an
encouraging sign that our ghostbuster results for the Bras-
sicaceae data are reliable.

Our simulations of unbalanced population size showed
that ingroup introgression can mimic ghost lineage intro-
gression when P3 is larger than other populations
(Figure 4C); in our Brassicaceae dataset, this would be the
case if the Arabidopsis lineage showed signs of an ex-
ceptionally large population. This does not appear to be the
case, as there is evidence that the ancestral Arabidopsis
population is instead smaller than the ancestral Capsella
lineage (Foxe et al., 2009; Durvasula et al., 2017). Therefore,
based on these estimates, we do not see evidence that
population size imbalance has skewed our empirical
analyses. Taken together, our work adds important theo-
retical and methodological advancement to a growing body
of work that seeks to resolve the fine details of introgression
events identified via tractable four-taxon tests.
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