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Abstract
Emerging plant pathogens have been increasing exponentially over the last century. 
To address this issue, it is critical to determine whether these pathogens are native 
to ecosystems or have been recently introduced. Understanding the ecological and 
evolutionary processes fostering emergence can help to manage their spread and 
predict epidemics/epiphytotics. Using restriction site-associated DNA sequencing 
data, we studied genetic relationships, pathways of spread and the evolutionary his-
tory of Phellinus noxius, an emerging root-rotting fungus of unknown origin, in east-
ern Asia, Australia and the Pacific Islands. We analysed patterns of genetic variation 
using Bayesian inference, maximum-likelihood phylogeny, population splits and mix-
tures measuring correlations in allele frequencies and genetic drift, and finally applied 
coalescent-based theory using Approximate Bayesian computation (ABC) with super-
vised machine learning. Population structure analyses revealed five genetic groups 
with signatures of complex recent and ancient migration histories. The most probable 
scenario of ancient pathogen spread is movement from an unsampled population to 
Malaysia and the Pacific Islands, with subsequent spread to Taiwan and Australia. 
Furthermore, ABC analyses indicate P. noxius spread occurred thousands of genera-
tions ago, contradicting previous assumptions that this pathogen was recently intro-
duced to multiple geographical regions. Our results suggest that recent emergence of 
P. noxius in eastern Asia, Australia and the Pacific Islands has probably been driven by 
anthropogenic and natural disturbances, such as deforestation, land-use change, se-
vere weather events and/or introduction of exotic plants. This study provides a novel 
example of applying genome-wide allele frequency data to unravel the dynamics of 
pathogen emergence under changing ecosystem conditions.
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1  |  INTRODUC TION

New opportunities for organismal evolution can be created by 
human-induced changes within diverse ecosystems. Early spread of 
pathogens and other ecosystem changes are associated with the mi-
gration of Homo sapiens out of central Africa and subsequent human 
migrations (Cavalli-Sforza & Feldman, 2003). The development of 
agriculture, animal/plant domestication and trade among global re-
gions has provided more opportunities to create anthropogenic en-
vironments that reflect the changing demands of human societies 
(Pingali, 2012; Santini et al., 2018). Land usage for general infrastruc-
ture and food production is increasing at an alarming rate to support 
the rapid growth of human populations. While such drastic adap-
tations of wild ecosystems satisfy human needs in the short term, 
these ecosystem changes often lead to the ecological imbalances 
that are associated with long-term, negative consequences, includ-
ing climate change, epidemics/epiphytotics and severe decreases of 
biodiversity. Over the last few decades, an unprecedented number 
of plant diseases caused by fungi and other pathogens have caused 
severe damage and/or extirpation of native and domesticated spe-
cies, which has also threatened food security worldwide (Corredor-
Moreno & Saunders, 2019; Fisher et al., 2012).

Forests are among the most biologically complex terrestrial 
ecosystems, and also contain numerous and diverse pathosystems 
(Richardson et al., 2005). Within healthy and well-balanced forest 
ecosystems, individual tree species are assumed to live in quasi-
equilibrium with pathogens (Otrosina, 2005; Otrosina and Ferrell, 
1995). However, altering of such equilibria can lead to disease emer-
gence due to multiple causes, including the introduction of invasive 
pathogens (Goss et al., 2011; Hamelin, 2005; Potter & Urquhart, 
2017; Stewart et al., 2018), physical disturbances of forest land that 
result in increased damage via interactions between native patho-
gens and host species (Gilbert & Hubbell, 1996; Hansen & Goheen, 
2000; Rachowicz et al., 2005; Speight & Woodward, 2016), the in-
troduction of exotic plant species (Drenth & Guest, 2016; Speight & 
Woodward, 2016), as well as changes in environmental conditions 
(Ayres & Lombardero, 2000; Mildrexer et al., 2019; Ritokova et al., 
2016; Woods et al., 2016). The underlying causes of plant pathogen 
emergence are not always clear from observations and historical re-
cords alone. Studying patterns of genetic variation and spatiotempo-
ral dynamics in plant pathogen populations can, in turn, shed light on 
the origin of epiphytotics and/or pathogen emergence.

Populations of recently introduced organisms generally exhibit 
decreased genetic variation due to “founder effects” (Clegg et al., 
2002; Nei et al., 1975; Slatkin & Excoffier, 2012). Such populations 
are often represented by a limited number of genetic lineages 
(“founders”) from either the same or different source populations 
(Nichols & Hewitt, 1994; Ray et al., 2003; Slatkin, 1987). In contrast, 
populations of organisms with a long evolutionary history, in gen-
eral, have high levels of genetic variation that accumulated over long 
time periods, and often can establish geographical structure across 
a regional scale (Slatkin, 1987; Wang et al., 2016). Mode of repro-
duction, ongoing and historical gene flow, genetic drift, mutation 

and selection influence the genetic patterns of extant populations. 
Applying different sets of contemporary analytical methods to 
genome-wide allele frequency data allows us to make inferences of 
evolutionary histories and mechanisms driving pathogen emergence 
with a greater confidence. Such methods have been utilized to un-
ravel various evolutionary histories of well-monitored, economically 
important plant and animal pathogens (Dutech et al., 2012; Maside 
et al., 2015; Rosenblum et al., 2013; Silva et al., 2012). However, 
few case studies are available that differentiate between native and 
non-native origin hypotheses of pathogen emergence when histor-
ical and spatiotemporal data for these organisms are scarce (one 
such example is Tracheliastes polycolpus, an emerging ectoparasite of 
freshwater fishes; Rey et al., 2015).

In the present work, we demonstrate the utility of the classi-
cal population genetics, phylogenetic and simulation-based (e.g., 
Approximate Bayesian computation [ABC] with supervised ma-
chine learning) frameworks to unravel the evolutionary history of an 
emerging pathogen for which data on native origin are lacking. We 
specifically focused on the population structure and evolutionary 
history of Phellinus noxius (Corner) G. H. Cunningham, an emerging 
destructive tree pathogen of unknown origin (Ann et al., 1999). P. 
noxius is a fast-growing, diploid basidiomycete with a wide range of 
woody hosts in tropical/subtropical areas, including eastern Asia, 
Oceania, Central America and Africa (Pegler & Waterston, 1968). 
P. noxius causes brown root rot disease of more than 200 woody 
plant species from 59 families with little host specificity (Ann et al., 
2002), including economically important crops, such as breadfruit 
(Artocarpus altilis), mango (Mangifera indica), cacao (Theobroma 
cacao), coffee (Coffea arabica), rubber (Hevea brasiliensis), as well as 
diverse fruit and nut crops (Ann et al., 1999; Bolland, 1984; Brooks, 
2002; Chang, 1995; Ivory, 1996; Nandris et al., 1987a). Brown root 
rot causes tree mortality within one to several years following initial 
infection. Mycelia of the pathogen can survive in dead tree roots 
for more than 10 years, providing inoculum for new infections years 
after the last disease outbreak (Cannon et al., 2022; Chang, 1996). 
The primary dissemination method of P. noxius is via root-to-root 
contact that allows spread from infected roots to healthy roots of 
neighbouring trees, but the fungus is also capable of producing basid-
iospores that can travel longer distances via air (Chung et al., 2015). 
Early observations of P. noxius were reported in Japan (Yasuda, 1916) 
and Taiwan (Sawada, 1928), but it was not recognized as an import-
ant tree pathogen until it was identified in Singapore in 1932 (Corner, 
1932). In the 1980s, outbreaks of P. noxius-caused wood rot were re-
ported in tree plantations of the Northern Mariana Islands, Australia, 
Taiwan, Japan, Hainan Island of China, Vanuatu and West Africa 
(Abe et al., 1995; Ann et al., 2002; Bolland, 1984; Hodges & Tenorio, 
1984; Kobayashi et al., 1991; Nandris et al., 1987a; Neil, 1986; Tai, 
1979). Based on recent timing of its emergence in the Pacific regions, 
it has been hypothesized that P. noxius may have been introduced to 
some areas within the last century (Hodges & Tenorio, 1984). Recent 
P. noxius emergences have also been hypothesized to be induced by 
rapid environmental changes, such as typhoons in the Pacific (Akiba 
et al., 2015), reforestation (Carnegie, 2007) and land-use change 
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(Wairiu, 2017), and through human-mediated movement of plant 
material among islands (Cannon et al., 2022).

Recent studies with molecular markers of P. noxius populations 
reported high levels of genetic diversity and gene flow among popu-
lations in Taiwan (Chung et al., 2015) and Japan (Akiba et al., 2015). 
Phylogenetic and population genetics analyses using protein-coding 
loci revealed three genetic lineages of P. noxius in eastern Asia, 
Australia and the Pacific Islands (Stewart et al., 2020). These find-
ings suggest a complex evolutionary history of P. noxius that has yet 
to be determined. Additionally, the results of bioclimatic modelling 
revealed that P. noxius represents a threat to many tropical/sub-
tropical regions worldwide, including the Hawaiian Islands, south-
eastern USA, eastern Mexico, eastern Central America, parts of 
Africa and Madagascar, with different genetic lineages representing 
distinct threats (Stewart et al., 2020). Herein, using restriction site-
associated DNA sequencing (RADseq) data on 107 P. noxius isolates 
from 15 locations, we address four questions: (i) What is the genetic 
structure of P. noxius populations in regions of eastern Asia, Australia 
and the Pacific Islands? (ii) What are the recent migration patterns 
of P. noxius across the studied regions? (iii) What are the most likely 
historical colonization routes of P. noxius across the studied regions? 
(iv) How old are the populations of P. noxius in eastern Asia, Australia 
and the Pacific Islands? Answering these questions will provide in-
sights into the processes leading to the pathogen's emergence in 
contemporary ecosystems. Specifically, our study illustrates how 
the combination of population genetics, phylogenetics and ABC 
methods can be used to reconstruct evolutionary history, unravel 
original pathways of colonization, and support hypotheses of native 
and/or introduced origins of emerging pathogens, for which histori-
cal and ecological data are limited.

2  |  MATERIAL S AND METHODS

2.1  |  Fungal isolates

A total of 107 Phellinus noxius isolates were collected from 15 loca-
tions: eastern Asia (Hong Kong, Malaysia, Taiwan, Japan [Ogasawara, 
Okinawa, Miyakojima and Taketomi]); Australia; and the Pacific 
Islands (Micronesia [Palau, Yap, Pohnpei and Kosrae], Mariana 
Islands [Guam and Saipan] and American Samoa) (see Table S1 for 
collection locations and isolate details).

2.2  |  DNA extraction, RADseq and 
bioinformatics analyses

Genomic DNA was extracted as described in Stewart et al. (2020). 
RADseq libraries were prepared following Graham et al. (2015) 
with slight modifications. From each sample, 25 ng of DNA was di-
gested using 0.33  mm 1× Cutsmart Buffer (New England Biolabs; 
NEB), 5.0  µl of dH2O, and 0.5  µl of each enzyme: MspI (20 units; 
NEB), BamHI (20 units; NEB), and Cla (10 units; NEB). Samples were 

incubated for 1  h at 37°C for digestion. Subsequently, 0.75  mm 
ATP (NEB), 0.25× Ligase Buffer (NEB) and DNA Ligase (100 units; 
NEB) were added, and samples were incubated at 22°C for 20 min, 
37°C for 10 min, followed by 65°C for 20 min to halt enzyme activ-
ity. Samples were purified with NaCl-PEG diluted 1.2× SpeedBeads 
(Cytiva Malborough) and resuspended with 20 µl of dH2O.

Each library (one isolate per individual) was PCR (polymerase 
chain recation)-amplified in a 25-µl PCR containing 1× HiFi Buffer 
(Kapa Biosystems; Kapa), 0.375  mm dNTPs (Kapa), 0.5 units HiFi 
DNA Polymerase (Kapa), 0.5  mm iTru5 and iTru7 external primers 
(Integrated DNA Technologies; IDT), and 5  µl of internal adapter-
ligated template from each library following Glenn et al. (2019). 
The PCR cycle was as follows: 95°C for 2 min, followed by 12 cy-
cles of 98°C for 20 s, 60°C for 15 s and 72°C for 30 s, then a step 
of 72°C for 5  min, and lastly a hold at 15°C. Libraries were puri-
fied with SpeedBeads, quantified on a Qubit 2.0 Fluorometer (Life 
Technologies) and pooled. The pooled library was sized selected at 
550 (±10%) with a LabChip XT Caliper (PerkinElmer by Macrogen 
and sequenced on an Illumina NEXTSEQ version 2 300-cycle kit 
to obtain paired-end sequences of 101  bp. Sequencing, raw data 
cleaning (adapter removal) and quality control were performed at 
Macrogen.

MspI and BamHI barcodes were removed from demultiplexed 
reads with trimmomatic version 0.39 (Bolger et al., 2014), with param-
eters HEADCROP, SLIDINGWINDOW:5:18 and MINLEN 75 bp. The 
quality of the trimmed sequence reads was assessed using fastqc 
version 0.11.9 (http://www.bioin​forma​tics.babra​ham.ac.uk/proje​
cts/fastq​c/). The process_radtag program from stacks version 2.55 
(Catchen et al., 2011, 2013) was used to ensure cut-sites remained 
intact and perform quality trimming with parameters -r (rescue 
barcodes and RAD-tags), -c (clean data, remove any read with an 
uncalled base) and -q (discard reads with low-quality scores). The 
reads were aligned to a reference genome of isolate P919-02W.7 
(Ibarra Caballero et al., 2020; GCA_010367325.1) using bowtie2 ver-
sion 2.3.2 (Langmead & Salzberg, 2012) with default settings. SAM 
files were sorted and converted to BAM files with samtools version 
1.7 (Li et al., 2009). The stacks gstacks program was used to build a 
catalogue of loci from reference aligned/sorted reads and call single 
nucleotide polymorphisms (SNPs) with default settings. The stacks 
populations program was used to filter and extract SNPs at poly-
morphic loci present in ≥80% of individuals across the whole data 
set. Three data sets were extracted with the populations program: 
full (all SNPs/locus recorded) for estimation of population genetics 
statistics, thinned (single SNP/locus recorded) for analyses of pop-
ulation genetic structure and fixed (a phylip format file containing 
SNPs differentially fixed within and variant among populations) for 
phylogenetic analysis.

2.3  |  Genetic diversity and population structure

Number of private alleles (A), observed heterozygosity (HO), ex-
pected heterozygosity (HE), nucleotide diversity (π), inbreeding 

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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coefficient (FIS) and haplotype diversity (Hap) were calculated for lo-
cations with a minimum of 10 isolates with the populations program 
in stacks using polymorphic (variant) loci in the full data set (Catchen 
et al., 2011, 2013).

To assess genetic structure of populations of P. noxius, three 
independent approaches were implemented. First, relationships 
among sampled isolates were determined by building a maximum-
likelihood phylogenetic tree with iq-tree version 2.0.3 (Nguyen et al., 
2015) using the fixed data set. In this analysis, all loci were treated 
as a single partition, and the best-fit model TVMe+ASC+R4, se-
lected by modelfinder (Kalyaanamoorthy et al., 2017), was used for 
the ascertainment bias correction (+ASC) model (Lewis, 2001). Tree 
branch support was assessed via 1000 ultrafast bootstrap replicates 
(Hoang et al., 2018) with hill-climbing nearest neighbour interchange 
search bootstrap optimization to reduce the risk of overestimating 
branch supports (-bnni) due to severe violations of the model. The 
concatenated tree was visualized with the itol online tool version 
5.7 (itol.embl.de).

Using the thinned data set, isolates were assigned to genetic 
groups using Bayesian inference implemented in structure version 
2.3.4 (Pritchard et al., 2010) with Python utility StrAuto for analysis 
parallelization (Chhatre & Emerson, 2017) using a model with ad-
mixture (settings: 10,000 burn-in period and 100,000 Markov chain 
Monte Carlo iterations). The number of groups (K) varied from 1 to 
12 and this analysis was replicated 10 times. The optimal number 
of K was determined using the methods of Evanno et al. (2005) in 
structure harvester (Earl & vonHoldt, 2012) (Figure S1). Membership 
coefficients at the optimal K across the 10 independent runs were 
averaged with clumpp version 1.1.2 (Jakobsson & Rosenberg, 2007). 
Using the same thinned data set, these data were also subjected to 
principal component analyses (PCAs) within the R package Adegenet 
version 2.1.3 (Jombart, 2008). The significance of population differ-
entiation was assessed with pairwise FST calculations using arlequin 
version 3.5.1.2 (Excoffier & Lischer, 2010).

2.4  |  Demographic analysis

We applied ABC with supervised machine learning implemented 
in DIYABC Random Forest (diyabc-rf) version 1.0 (Collin et al., 
2021) to further investigate the evolutionary history of P. noxius 
in the studied regions. Since ABC framework requires populations 
without continuous gene flow, we chose five nonadmixed, well-
populated locations that represent five genetic groups identified 
in population structure analyses (see Results). These populations 

were American Samoa, Australia, Guam, Malaysia and Taiwan. 
Due to the lack of historical records on the invasion history of P. 
noxius, we incorporated the results of phylogenetic analysis (see 
Results, Figure 1a) as the starting point to construct hypothetical 
evolutionary scenarios for diyabc-rf analyses. Since our phyloge-
netic tree is unrooted, the directionality of the topology cannot be 
determined. Hence, we initially determined relationships among 
some populations that were located within or closer to the con-
tinent (Malaysia and Taiwan, and the next clade in the phyloge-
netic tree: Guam). We performed five sequential diyabc-rf analyses 
(Figure 2) that are described hereafter. For each topology, we used 
an approach implementing the classic invasion scenarios where 
each derived population passed through a bottleneck reflected 
in changes in effective population sizes (Ne, effective popula-
tion sizes of each population; and Nb, effective population sizes 
of bottlenecks for each population). For analysis 1, we designed 
28 scenarios where either of these three populations gave rise to 
(the origin of) the other two populations. Due to the large area 
of potential P. noxius distribution in eastern Asia and the Pacific 
Islands that was not covered in our study (Philippines, Indonesia, 
etc.), we also included scenarios that tested an unsampled (re-
ferred to here as “ghost”) population as the origin, including one 
scenario indicating that all three populations originated from a 
ghost population (Figure S2, Supplementary text 1a). These sce-
narios were analysed individually, as well as combined in groups 
(Collin et al., 2021). For the combined group analysis, scenarios 
were combined into four groups with group 1 consisting of sce-
narios considering the Taiwan population as the origin (scenarios 
11, 12, 17, 19, 25 and 27), group 2 consisting of scenarios consider-
ing the Malaysia population as the origin (scenarios 10, 13, 20, 21, 
23 and 24), group 3 consisting of scenarios considering the Guam 
population as the origin (scenarios 14, 15, 16, 18, 22 and 26) and 
group 4 consisted of scenarios considering a ghost population as 
the origin (scenarios 1, 2, 3, 4, 5, 6, 7, 8, 9 and 28). To improve 
the robustness of the first analysis (see Results), we performed a 
second analysis whereby we constructed nine scenarios with the 
same three populations where a ghost population was considered 
as the origin (Figure S3a, Supplementary text 1b). Again, scenarios 
were analysed individually, as well as in groups, with group 1 con-
sisting of scenarios without admixture (scenarios 1, 2, 4, 5, 7 and 
8) and group 2 consisting of scenarios with admixture (scenarios 
3, 6 and 9). Next, the best-supported topology from analyses 1 
and 2 was used in analysis 3 to infer the probable origin of the 
population from American Samoa (opposite end in the phyloge-
netic tree, Figure 1a). In this analysis, six different scenarios were 

F I G U R E  1  Maximum-likelihood phylogenetic tree (a), structure Bayesian clustering (b) and principal component analysis (PCA) (c) of 
Phellinus noxius populations from 15 locations. (a) Different colours represent samples from different locations reflected in the PCA key 
(c). Branches with ≥95% likelihood support are indicated with black squares. Branch support was calculated with 1000 ultrafast bootstrap 
replicates. (b) structure results from K = 2–5; each vertical bar corresponds to the sample in the phylogenetic tree above structure graphs. 
The height of the bar represents the posterior probability of sample assignment to colour-coded genetic groups. (c) PCA representing 
distinct genetic groups within the studied data set. Each dot indicates one individual. Percentages in parentheses represent the variance 
explained by each principal component (PC). For abbreviations of isolates and locations, see Table S1
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compared reflecting hypotheses that the American Samoa popu-
lation diverged either from a ghost population or from the Guam 
population (Guam is the closest clade to American Samoa among 
Guam, Malaysia and Taiwan in the phylogenetic tree and closest 
population geographically among these three locations; Figure 
S3b, Supplementary text 1c). These scenarios were analysed indi-
vidually, as well as in groups with group 1 consisting of scenarios 
in which the American Samoa population diverged from a ghost 
population (scenarios 1, 2, 3 and 4) and group 2 consisting of sce-
narios in which the American Samoa population diverged from the 
Guam population (scenarios 5 and 6). The best-supported topol-
ogy from analysis 3 was then used to infer the probable origin of 
the Australia population (clade in the phylogenetic tree between 
American Samoa and Guam). Nine demographic scenarios were 
compared in analysis 4, reflecting hypotheses that the Australia 
population diverged either from Guam, American Samoa or a 
ghost population (Figure S3c, Supplementary text 1d). Scenarios 
were analysed individually as well as in groups for group 1 consist-
ing of scenarios whereby the Australia population diverged from 
the Guam population (scenarios 1, 2 and 3), group 2  scenarios 
tested if the Australia population diverged from the American 
Samoa population (scenarios 4 and 5), group 3  scenarios tested 
whether the Australia population was the result of admixture (sce-
narios 6 and 7) and, finally, group 4 scenarios tested whether the 
Australia population diverged from a ghost population (scenarios 8 
and 9). Lastly, in analysis 5, populations from American Samoa and 
Australia were both added to the best-supported topology identi-
fied in analyses 1 and 2 to allow building more flexible models of 
divergence events for American Samoa and Australia populations 
(e.g., relaxing the predefined divergence point of the American 
Samoa population in analysis 3 before adding the Australia popu-
lation in analysis 4). A total of 19 scenarios were compared in these 
analyses (Figure S4, Supplementary text 1e). Again, scenarios 
were analysed individually as well as in groups. Group 1 consisted 
of scenarios testing whether the American Samoa and Australia 
populations originated from the Guam population (scenarios 1, 2, 

F I G U R E  2  Flowchart of Approximate Bayesian computation and Random Forest analyses implemented in diyabc-rf version 1.0. M—
Malaysia, T—Taiwan, G—Guam, AS—American Samoa, Aus—Australia. Ghost – unsampled population. For analyses details, see Figures S2–S4, 
Supplementary text and main text
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posterior probability of scenarios group containing the winning 
scenario (see Methods for details). Mal—Malaysia, Taiw—Taiwan, 
Aus—Australia, AS—American Samoa. For topology building, we 
used an approach implementing the classic invasion scenario where 
each derived population passed through a bottleneck ("founder 
effect"). Ne key represents effective population sizes for each 
population (N) and the effective population sizes of bottlenecks (Nb) 
for each population
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3, 10 and 17), group 2  scenarios tested if the American Samoa 
population originated from the Australia population or vice versa 
(scenarios 4, 5, 11, 12 and 16), group 3 scenarios were conducted 
considering admixture (scenarios 6, 7, 13, 14 and 15) and group 
4 scenarios contained a ghost population (scenarios 8, 9, 18 and 
19).

Prior-scenario checking was performed with PCA representing 
the simulated data set from the training and observed data set as 
described by Collin et al. (2021). According to Collin et al. (2021), 
the observed data set must be reasonably located within the cloud 
of simulated data sets on the PCA plot. In all five analyses, 3000 
training data sets were generated for each tested scenario with uni-
form prior distribution of parameters and divergence times being 
constructed in descending order from t5 > t4 > t3 > t2 > t1 to enforce 
topological congruence. Priors were set to 100–10,000 for effective 
population sizes (N) and 10–10,000 for divergence times of popula-
tions (t). The choice of scenario and estimation of posterior probabil-
ity of the best-supported scenario were performed using a random 
forest algorithm module in diyabc-rf, which produced 1000 trees for 
each of the analyses (Collin et al., 2021). To assess whether the for-
est produced enough trees, error/accuracy metrics were plotted as a 
function of the number of trees in the forest (Collin et al., 2021). The 
choice of scenario and the quality of predictions in diyabc-rf anal-
yses were assessed by the global and local error/accuracy indices, 
simultaneous projection of data sets of the training database, and 
observed data set on the first linear discriminant analysis (LDA) axes, 
as suggested by Collin et al. (2021). Five independent runs were per-
formed for each analysis.

To estimate divergence times among the populations, a training 
data set included 20,000 data sets simulated under scenario 7 of 
analyses 4 and 5 (Figure 3) with axes of a partial least squares (PLS) 
regression analysis. For each t parameter, inferred point estimates 
and computed global and local accuracy indices, which correspond 
to global and local normalized mean absolute error (NMAE) using 
out-of-bag estimators from a sample of 10,000 data sets, were ran-
domly selected in the training set, with the mean and the median as 
the point estimates (Collin et al., 2021). We determined that 20,000 
data sets in the training set were sufficient for parameter estima-
tion by evaluating the stability of the global accuracy indices on 
subsets of 19,000, 18,000 and 17,000 data sets of the training set. 
Additionally, we simulated 100,000 data sets under the same sce-
nario and determined that global accuracy indices remained similar 

(e.g., for parameter t4, global NMAE at 100,000 and 20,000 was 
0.089 and 0.093, respectively). The number of trees in the random 
forest was set to 1000. For each parameter, five independent runs of 
random forest analyses were performed with the same training set.

2.5  |  Admixture and migration

Relationships among sampled populations and possible admixture 
were investigated with treemix version 1.13 (Pickrell & Pritchard, 
2012). The f coefficient was used to identify the information con-
tribution from each migration edge that was added to the tree. Up 
to 20 possible migration edges were tested. The migration edges 
were added to the tree until 99.8% of the variance in ancestry was 
explained by the model. Five independent runs of treemix were con-
ducted. To ensure robustness of modelled migration events, f3 and 
f4  statistics were computed from 15 P. noxius populations using 
threepop and fourpop programs from treemix (Patterson et al., 2012). 
The three- and four-population tests are less-parameterized methods 
to test for treeness (Reich et al., 2009). For the three-population test 
(f3(A;B,C)), significantly negative values of f3 statistics implies that 
population A is admixed. For the four-population test (f4(A,B;C,D)), 
a significantly nonzero value indicates gene flow in the tree (Reich 
et al., 2009). Since some of the populations had small sample sizes 
(e.g., populations of islands of Japan with two isolates compared to 
populations from Australia, American Samoa, Taiwan, Malaysia and 
Guam with >10 isolates), we evaluated whether uneven sample sizes 
could bias estimates of allelic variation between populations in mi-
gration analyses following the approach from Soghigian et al. (2020). 
For this evaluation, we resampled, without replacement, each popu-
lation of P. noxius with two individuals, using the R function dplyr. 
For each resampling, we conducted the f3 and f4 tests as described 
above. We resampled our populations 100 times, ran treemix on each 
resampled data set, summarized the resampled mean estimates of 
the f3 and f4 statistics, and compared them to the results from the 
main treemix analysis.

3  |  RESULTS

Following the initial cleaning, the total length of each locus was 75 bp. 
The cleaned Phellinus noxius data set contained 272,316 genotyped 

Population N A HO HE π FIS Hap

American Samoa 15 4490 0.043 0.044 0.046 0.009 0.462

Australia 19 8438 0.029 0.073 0.076 0.160 0.763

Malaysia 14 7985 0.034 0.078 0.081 0.168 0.829

Taiwan 13 4782 0.034 0.090 0.094 0.201 0.948

Guam 12 618 0.048 0.043 0.046 0.002 0.459

Abbreviations: N, number of isolates; A, number of private alleles; HO, observed heterozygosity; 
HE, expected heterozygosity; π, nucleotide diversity; FIS, inbreeding coefficient; Hap, haplotype 
diversity. For population information, see Table S1.

TA B L E  1  Genetic diversity indices 
of five Phellinus noxius populations with 
sample sizes >10 isolates
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loci, with the final data sets containing 7554 polymorphic loci, after 
filtering. Mean effective coverage per sample was 42.2× (SD = 8.5×, 
min = 11.2×, max = 65.9×). The full, fixed and thinned data sets con-
tained 75,782, 11,600 and 7554 SNPs, respectively.

3.1  |  Genetic diversity of populations

Genetic diversity of P. noxius fluctuated across locations, with 
overall higher diversity (π) in some populations located within 
or closer to the Asian continent (Malaysia, Taiwan and Australia) 
(Table 1). For all polymorphic loci in populations from Australia, 
Malaysia and Taiwan, levels of observed heterozygosity (HO) were 
~1.5–2.5 times lower than levels of expected heterozygosity (HE), 
while having the highest levels of inbreeding coefficient (FIS), sug-
gesting assortative mating and/or the presence of population 
structure (“Wahlund effect”) in these locations. Populations from 
Australia, Malaysia and Taiwan had the highest haplotype diver-
sity (Hap), whereas the population from Guam had the least num-
ber of private alleles (A) (Table 1).

3.2  |  Population structure

Based on the results of phylogenetic analysis, P. noxius iso-
lates from American Samoa formed a well-supported (ultrafast 
bootstrap [UFB]  =  100%) clade distinct from the other isolates 
(Figure 1a). The American Samoa clade was further split into three 
clusters (UFB  =  100% for each) suggesting the presence of ge-
netic structure within the island. Isolates from Australia formed 

two distinct clades (UFB = 100% for each), and isolates from each 
island location within the Mariana Islands and Micronesia (Kosrae, 
Pohnpei, Guam, Saipan, Palau and Yap) also formed distinct clades. 
Two clusters were also identified within the Guam population, 
with one closely related to the Saipan population. Isolates sam-
pled from Yap and Palau showed closer relationships to popula-
tions from Japan and Taiwan, compared to populations from other 
islands of Micronesia. Isolates from the four islands of Japan clus-
tered within the clade containing isolates from Taiwan, suggest-
ing gene flow or shared ancestry among these locations. Isolates 
from the Japanese island of Ogasawara (JapanOg; Japan-1 2 and 
Japan-2 1) formed a distinct cluster within the Taiwan–Japan clade 
(Figure 1a). Finally, isolates from Hong Kong and Malaysia formed 
another distinct clade (UFB = 100%), signalling possible gene flow 
or shared ancestry between these two locations.

Based on the results of the Bayesian clustering analyses, the 
model with two genetic groups (K = 2) produced the highest likeli-
hood score, and the model with five genetic groups (K = 5) had the 
second highest likelihood (Figure 1b; Figure S1). In the K = 2 results, 
P. noxius isolates clustered into generally distinct western and east-
ern genetic groups. Isolates from American Samoa, Australia, Saipan, 
Guam, Pohnpei and Kosrae were assigned to the eastern group with 
almost no admixture, while isolates from Malaysia and Hong Kong 
were clearly assigned to the western group, with only one isolate 
from Hong Kong showing 4% admixture with the eastern group. 
The remaining isolates within this western group were represented 
by one dominant genetic group with varying degrees of admixture. 
Isolates from Yap and Palau showed 83% group assignment to the 
eastern group and 17% group assignment to the western group. 
The western genetic group was dominated by isolates from Japan 

TA B L E  2  Results of diyabc-rf for scenario choice in five sequential analyses detailed in Figures S2–S4

Analysis
Type of 
treatment

Global error 
rate

Local error 
rate

Votes scenario:

Posterior probability

1 2 3 4 5 6 7 8 9 10 11 12 13 14

15 16 17 18 19 20 21 22 23 24 25 26 27 28

1 Groups 0.311 (0.002) 0.19 (0.012) 108 (2.07) 134 (5.03) 41.8 (4.21) 716 (8.9) 0.806 [group 4] (0.013)

Individual 0.498 (0.007) 0.46 (0.004) 60.2 (3.27) 0.2 (0.45) 8.4 (1.52) 34.8 (5.26) 6 (1.87) 422 (14.7) 9.2 (2.95) 0.8 (0.84) 2 (1.41) 19.6 (4.93) 0.4 (0.55) 7.2 (1.30) 10 (2.24) 0.8 (0.45) 0.538 [scen. 6] (0.004)

79.6 (8.79) 2.6 (0.89) 0 (0.00) 2.4 (1.52) 48.6 (7.37) 0.8 (1.10) 3.4 (2.30) 3.4 (2.79) 2 (2.00) 185 (18.70) 7.4 (2.19) 0.2 (0.45) 2.8 (1.10) 80.6 (8.41)

2 Groups 0.174 (0.001) 0.099 (0.027) 302 (12.6) 698 (12.6) 0.901 [group 2] (0.027)

Individual 0.340 (0.001) 0.144 (0.026) 53.4 (8.91) 0.6 (0.55) 9 (2.35) 40 (4.06) 3.2 (0.84) 874 (11.7) 14.4 (3.21) 0.6 (0.89) 4.8 (2.59) 0.876 [scen. 6] (0.032)

3 Groups 0.076 (0.001) 0.038 (0.006) 54.8 (5.81) 945 (5.81) 0.962 [group 2] (0.006)

Individual 0.371 (0.001) 0.092 (0.011) 177 (18.6) 44.4 (7.13) 54.2 (7.89) 23.6 (6.11) 507 (18.71) 194 (10.9) 0.908 [scen. 5] (0.011)

4 Groups 0.156 (0.001) 0.023 (0.003) 409 (16.7) 20.8 (3.49) 569 (16.3) 1 (1.22) 0.977 [group 3] (0.003)

All individual 0.300 (0.001) 0.114 (0.011) 176 (4.44) 4.4 (1.52) 222 (9.45) 15 (5.34) 15.2 (5.4) 151 (9.63) 413 (4.83) 1.6 (0.55) 1.4 (1.14) 0.886 [scen. 7] (0.011)

5 Groups 0.209 (0.001) 0.101 (0.009) 337 (22.9) 48.4 (4.83) 599 (22.4) 16 (4.9) 0.901 [group 3] (0.014)

Individual 0.396 (0.001) 0.221 (0.017) 171 (9.58) 3.4 (2.07) 206 (7.4) 10.2 (3.83) 10.2 (4.02) 171 (7.22) 288 (8.41) 1.4 (1.67) 0.4 (0.55) 3.2 (1.48) 14.4 (2.3) 17.6 (1.14) 4.4 (2.3) 4.8 (3.42) 0.779 [scen. 7] (0.017)

14.6 (4.22) 28 (4.8) 6.6 (1.52) 0.2 (0.45) 46 (5.24)

Note: RF analyses included 3000 simulated data sets per scenario and the number of trees was set to 1000. Global (prior) and local (posterior) 
error rates were estimated using out-of-bag estimators from a sample of 10,000 data randomly chosen in each training set. The values in the table 
are mean values over the five replicates for each of the analyses with standard deviation over the five replicates provided in parentheses for each 
metric. Details about the groups of the scenarios are provided in the Materials and methods.
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Taketomi (JapanT; Japan-364 and Japan-365), Japan Miyakojima 
(JapanM; Japan-110 and Japan-122) and Japan Okinawa (JapanO; 
Japan-135 and Japan-142), with 65%–70% group assignment, while 
isolates from JapanOg were assigned approximately equally to both 
eastern and western groups. Taiwan isolates had ~30% admixture 
with the eastern group. When K was set to 3, isolates from American 
Samoa showed admixture with other eastern populations (Australia 
and Micronesia), populations from all Japanese islands, Taiwan and 
Hong Kong. Isolates from Yap, Palau, Japan and Taiwan, and one 
isolate from Hong Kong showed admixture with all three groups at 
varying levels. When K = 4, isolates from American Samoa formed a 
distinct group with only one individual showing 5% admixture with 
some western populations. Isolates from Australia, Guam, Pohnpei, 
Kosrae and Saipan formed a distinct group with low-level admixture 
with other groups. Isolates from Yap, Palau and JapanOg showed 
admixture with populations from Australia–Micronesia and Japan–
Taiwan. Hong Kong isolates primarily grouped with the Malaysia pop-
ulation, forming a genetic group with signatures of admixture from 
the Taiwan–Japan group. Isolates from Malaysia formed a distinct 
group, with no admixture. With K = 5, isolates from Australia and 
Micronesia were further split into two groups with little admixture, 
except for isolates from Yap and Palau that showed admixture with 
Australia, Micronesia and Japan–Taiwan populations. Approximately 
20% of JapanOg isolates were assigned to the Micronesia group.

First (21.33%) and second (12.38%) principal components in the 
PCA separated the P. noxius isolates into distinct clusters (Figure 1c), 
confirming results from the phylogenetic analysis (Figure 1a) and 
structure groupings (Figure 1b). Pairwise FST showed significant pair-
wise differentiation among the five main genetic groups (pairwise 
FST ranged from 0.26 to 0.63, with all p-values <.0001, Table S2).

3.3  |  Demographic history of P. noxius populations

Prior-scenario checking with PCA indicated that the observed data 
set was located within clouds of simulated data sets. This suggested 
that defined conditions for each of the five analyses were suitable 
for the random forest analyses (Figure S5).

3.3.1  |  Analyses 1 and 2: An unsampled 
(ghost) population gave rise to populations from 
Malaysia and Guam, and the Taiwan population 
was the result of their admixture

In the diyabc-rf analysis 1 that tested 28 hypothetical evolutionary 
scenarios (Figure S2), group 4 (consisting of scenarios considering a 
ghost population as the origin [scenarios 1, 2, 3, 4, 5, 6, 7, 8, 9 and 
28]) and scenario 6 (when all scenarios were considered individu-
ally) were selected as the best fit, based on the classification votes 
and posterior probabilities (Table 2; Figure S2) with a mean posterior 
probability of 0.538 and global and local errors of 0.498 and 0.460, 
respectively. When the scenarios were analysed in groups, posterior 
probability and global/local errors improved, with mean posterior 
probability of 0.806 accompanied by global and local errors of 0.311 
and 0.190, respectively (Table 2). The projections of data sets from 
the training set on the first two LDA axes indicated low power to dis-
criminate among the tested scenarios in the analyses (Figure S6a,b). 
To improve prediction quality, we ran analysis 2 consisting of nine 
hypothetical evolutionary scenarios considering a ghost population 
as the origin (based on the results of grouped analysis 1 in which 
groups with scenarios containing a ghost population as the origin 

TA B L E  2  Results of diyabc-rf for scenario choice in five sequential analyses detailed in Figures S2–S4

Analysis
Type of 
treatment

Global error 
rate

Local error 
rate

Votes scenario:

Posterior probability

1 2 3 4 5 6 7 8 9 10 11 12 13 14

15 16 17 18 19 20 21 22 23 24 25 26 27 28

1 Groups 0.311 (0.002) 0.19 (0.012) 108 (2.07) 134 (5.03) 41.8 (4.21) 716 (8.9) 0.806 [group 4] (0.013)

Individual 0.498 (0.007) 0.46 (0.004) 60.2 (3.27) 0.2 (0.45) 8.4 (1.52) 34.8 (5.26) 6 (1.87) 422 (14.7) 9.2 (2.95) 0.8 (0.84) 2 (1.41) 19.6 (4.93) 0.4 (0.55) 7.2 (1.30) 10 (2.24) 0.8 (0.45) 0.538 [scen. 6] (0.004)

79.6 (8.79) 2.6 (0.89) 0 (0.00) 2.4 (1.52) 48.6 (7.37) 0.8 (1.10) 3.4 (2.30) 3.4 (2.79) 2 (2.00) 185 (18.70) 7.4 (2.19) 0.2 (0.45) 2.8 (1.10) 80.6 (8.41)

2 Groups 0.174 (0.001) 0.099 (0.027) 302 (12.6) 698 (12.6) 0.901 [group 2] (0.027)

Individual 0.340 (0.001) 0.144 (0.026) 53.4 (8.91) 0.6 (0.55) 9 (2.35) 40 (4.06) 3.2 (0.84) 874 (11.7) 14.4 (3.21) 0.6 (0.89) 4.8 (2.59) 0.876 [scen. 6] (0.032)

3 Groups 0.076 (0.001) 0.038 (0.006) 54.8 (5.81) 945 (5.81) 0.962 [group 2] (0.006)

Individual 0.371 (0.001) 0.092 (0.011) 177 (18.6) 44.4 (7.13) 54.2 (7.89) 23.6 (6.11) 507 (18.71) 194 (10.9) 0.908 [scen. 5] (0.011)

4 Groups 0.156 (0.001) 0.023 (0.003) 409 (16.7) 20.8 (3.49) 569 (16.3) 1 (1.22) 0.977 [group 3] (0.003)

All individual 0.300 (0.001) 0.114 (0.011) 176 (4.44) 4.4 (1.52) 222 (9.45) 15 (5.34) 15.2 (5.4) 151 (9.63) 413 (4.83) 1.6 (0.55) 1.4 (1.14) 0.886 [scen. 7] (0.011)

5 Groups 0.209 (0.001) 0.101 (0.009) 337 (22.9) 48.4 (4.83) 599 (22.4) 16 (4.9) 0.901 [group 3] (0.014)

Individual 0.396 (0.001) 0.221 (0.017) 171 (9.58) 3.4 (2.07) 206 (7.4) 10.2 (3.83) 10.2 (4.02) 171 (7.22) 288 (8.41) 1.4 (1.67) 0.4 (0.55) 3.2 (1.48) 14.4 (2.3) 17.6 (1.14) 4.4 (2.3) 4.8 (3.42) 0.779 [scen. 7] (0.017)

14.6 (4.22) 28 (4.8) 6.6 (1.52) 0.2 (0.45) 46 (5.24)

Note: RF analyses included 3000 simulated data sets per scenario and the number of trees was set to 1000. Global (prior) and local (posterior) 
error rates were estimated using out-of-bag estimators from a sample of 10,000 data randomly chosen in each training set. The values in the table 
are mean values over the five replicates for each of the analyses with standard deviation over the five replicates provided in parentheses for each 
metric. Details about the groups of the scenarios are provided in the Materials and methods.
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received the best support). The results of analysis 2, when analys-
ing scenarios individually, indicated that scenario 6 was the best fit 
based on the classification votes and posterior probability (Table 2; 
Figure S3a) with a mean posterior probability of 0.876. The global 
and local errors were 0.340 and 0.144, respectively. When scenarios 
were analysed in groups, group 2 (consisting of scenarios with ad-
mixture [scenarios 3, 6 and 9]) was the best fit with a posterior prob-
ability of 0.901 accompanied by global and local errors of 0.174 and 
0.099, respectively. The projection of data sets from the training set 
on the first two LDA axes indicated substantial power to discrimi-
nate among the tested scenarios (Figure S6c—the observed data set 
was clearly located within the cloud of scenario 6, and Figure S6d—
the observed data set was located within the area of group 2 in the 
density plot).

3.3.2  |  Analysis 3: Population from American 
Samoa originated from the Guam population prior 
to the origin of the Taiwan population

In analysis 3, group 2 (containing scenarios 5 and 6, Figure S3b) and 
scenario 5 (when all scenarios were considered separately) had the 
highest classification votes and posterior probabilities, with mean 
posterior probabilities of 0.962 and 0.908 for group 2 and scenario 
5, respectively (Table 2; Figure S3b). Global and local errors were 
0.076 and 0.038, and 0.371 and 0.092 for grouped and individual 
analyses, respectively (Table 2). The projections of data sets from 
the training set on the first two LDA axes indicated overall sub-
stantial power to discriminate among the tested scenarios, with 
stronger prediction quality for grouped analysis (Figure S6f—the 
observed data set was located within the area of group 2 in the 
density plot) compared to individual analyses (Figure S6e—the ob-
served data set was located within reasonable proximity to clouds 
of scenario 5).

3.3.3  |  Analyses 4 and 5: The population from 
Australia was the result of admixture of the Guam and 
American Samoa populations

In analysis 4, group 3 (containing scenarios 6 and 7) and scenario 
7 (Figure S3c) were chosen as the best fit with posterior prob-
abilities of 0.977 and 0.886, respectively. The global and local 
errors were 0.156 and 0.023, and 0.300 and 0.114 for grouped 
and individual analyses, respectively (Table 2). The projections 
of data sets from the training set on the first two LDA axes in-
dicated overall substantial power to discriminate among tested 
scenarios (Figure S6g—the observed data set located within the 
cloud of scenario 7 when scenarios were analysed individually; 
and Figure S6h—the observed data set located within the cloud 
of group 3 when scenarios were analysed in groups). Finally, in 
analysis 5, group 3 (containing scenarios 6, 7, 13, 14 and 15) and 
scenario 7 (Figure S4) were chosen as the best fit with posterior TA

B
LE

 3
 

Re
su

lts
 fo

r d
iy

a
bc

-r
f e

st
im

at
io

n 
of

 p
op

ul
at

io
n 

di
ve

rg
en

ce
 ti

m
es

 u
nd

er
 s

ce
na

rio
 7

 d
et

ai
le

d 
in

 F
ig

ur
e 

3

Pa
ra

m
et

er
Po

st
er

io
r p

oi
nt

 e
st

im
at

es
 o

f:
G

lo
ba

l (
pr

io
r) 

N
M

A
E 

co
m

pu
te

d 
fr

om
:

Lo
ca

l (
po

st
er

io
r) 

N
M

A
E 

co
m

pu
te

d 
fr

om
:

M
ea

n
M

ed
ia

n
90

%
 C

I
M

ea
n

M
ed

ia
n

M
ea

n
M

ed
ia

n

t2
34

12
.6

26
 (4

0.
77

9)
32

67
.6

80
 (2

8.
61

4)
16

23
.4

00
–5

67
1.

13
2 

(6
4.

97
2–

12
4.

36
8)

0.
21

23
 (0

.0
00

4)
0.

19
56

 (0
.0

03
0)

0.
26

41
 (0

.0
04

4)
0.

23
78

 (0
.0

13
8)

t3
34

87
.7

88
 (5

2.
05

2)
33

17
.3

80
 (6

5.
91

3)
17

78
.3

98
–5

80
3.

46
2 

(4
3.

10
4–

65
.2

43
)

0.
17

52
 (0

.0
00

1)
0.

16
75

 (0
.0

00
8)

0.
21

89
 (0

.0
08

6)
0.

20
81

 (0
.0

11
8)

t4
49

85
.8

48
 (1

8.
36

1)
48

08
.9

80
 (4

4.
76

9)
23

89
.3

90
–7

97
1.

99
0 

(6
6.

64
9–

93
.2

13
)

0.
14

99
 (0

.0
00

1)
0.

14
65

 (0
.0

00
9)

0.
33

28
 (0

.0
08

1)
0.

31
33

 (0
.0

31
4)

t5
75

83
.0

80
 (4

9.
03

9)
76

88
.0

00
 (7

0.
11

06
)

48
71

.0
94

–9
77

2.
20

0 
(1

14
.6

48
–1

9.
44

7)
0.

10
82

 (0
.0

00
0)

0.
10

67
 (0

.0
00

6)
0.

17
77

 (0
.0

07
4)

0.
18

45
 (0

.0
07

5)

N
ot

e:
 R

F 
an

al
ys

is
 in

cl
ud

ed
 2

0,
00

0 
si

m
ul

at
ed

 d
at

a 
se

ts
 a

nd
 th

e 
nu

m
be

r o
f t

re
es

 w
as

 s
et

 to
 1

00
0.

 G
lo

ba
l (

pr
io

r) 
an

d 
lo

ca
l (

po
st

er
io

r) 
er

ro
r r

at
es

 w
er

e 
es

tim
at

ed
 u

si
ng

 o
ut

-o
f-

ba
g 

es
tim

at
or

s 
fr

om
 a

 s
am

pl
e 

of
 1

0,
00

0 
da

ta
 ra

nd
om

ly
 c

ho
se

n 
in

 a
 tr

ai
ni

ng
 s

et
. T

he
 v

al
ue

s 
in

 th
e 

ta
bl

e 
ar

e 
m

ea
n 

va
lu

es
 o

ve
r t

he
 fi

ve
 re

pl
ic

at
es

 fo
r e

ac
h 

of
 th

e 
an

al
ys

es
 w

ith
 s

ta
nd

ar
d 

de
vi

at
io

n 
ov

er
 th

e 
fiv

e 
re

pl
ic

at
es

 p
ro

vi
de

d 
in

 
pa

re
nt

he
se

s 
fo

r e
ac

h 
m

et
ric

. C
I, 

cr
ed

ib
ili

ty
 in

te
rv

al
; N

M
A

E,
 n

or
m

al
iz

ed
 m

ea
n 

ab
so

lu
te

 e
rr

or
.



    |  2023KOZHAR et al.

probabilities of 0.901 and 0.779, respectively. The global and 
local errors were 0.209 and 0.101, and 0.396 and 0.221 for 
grouped and individual analyses, respectively (Table 2). The 
projections of data sets from the training set on the first two 
LDA axes indicated overall substantial power to discriminate 
among tested scenarios (Figure S6i—the observed data set lo-
cated within reasonable proximity to the cloud of scenario 7 
when scenarios were analysed individually; and Figure S6j—the 
observed data set located within the cloud of group 3 when sce-
narios were analysed in groups).

In the random forest analyses, 1000 trees were determined to be 
sufficient to ensure a stable estimation of the global accuracy met-
rics by plotting error/accuracy metrics as a function of the number 
of trees in the forest (Figure S7). Increasing the number of trees to 
2000 did not improve the prediction error (results not shown).

Overall, results from these five sequential demographic analy-
ses and estimation of population divergence times suggested a long 
history of invasion of P. noxius in the studied regions. In particular, 
Malaysia and Guam populations were predicted to have diverged 
from a ghost population 7583 generations ago (confidence interval 
[CI] 4871.094–9772.200). The Guam P. noxius population, in turn, is 
ancestral to the population from American Samoa, which was esti-
mated to have arisen 4985 generations ago (CI 2389.390–7971.990) 
(Table 3, Figures 3 and 5a). The Taiwan population appears to be 
the result of admixture between Malaysia and Guam populations 
that is predicted to have occurred roughly 3487 generations ago (CI 
1778.398–5803.462) (Table 3, Figures 3 and 5a), and the Australia 
population was the result of admixture among American Samoan 
and Guam populations that probably occurred 3412  generations 
ago (CI 1623.400–5671.132) (Table 3, Figures 3 and 5a). According 
to these results, the admixture event leading to the establishment 
of the Taiwan population of P. noxius occurred slightly before the 
admixture event leading to the establishment of the population in 
Australia.

3.4  |  Migration pathways of P. noxius

The maximum = likelihood tree models produced similar topologies 
with and without migration (Figure 4a; Figure S8). The tree model 
allowing for migration clustered geographical populations into a few 
main branches that were consistent with the phylogenetic, struc-
ture and PCA analyses of P. noxius (Figure 4a). The four populations 
from the Japanese islands were grouped together, with Taiwan as a 
sister group. Populations from Malaysia and Hong Kong formed a 
second branch, while the third branch comprised populations from 
Micronesia (except Palau). The Australia and American Samoa popu-
lations formed a fourth branch, with American Samoa having the 
largest genetic drift, suggesting its divergence from the Australia 
population.

The first three migration edges (gene flow events) accounted 
for more than half of the total variance explained by the model 
based on f-statistics (Figure 4b), with the first migration event 
explaining 98.8% of the variance in relatedness among P. noxius 
populations. At migration events (m)  =  8, the model explained 
99.8% of the variance in relatedness among populations, which 
accounted for 85.4% of the total variance explained by the model 
(Figure 4b). This model also generated improved residuals among 
populations (Figure S9). Overall, treemix analyses suggested a com-
plex evolutionary history and migration patterns among P. noxius 
populations from eastern Asia, Australia and the Pacific Islands 
(Figures 4 and 5b), and confirmed several possible admixture 
events detected by structure (Figure 1b). These results indicate 
that the JapanOg population is the result of admixture between 
Japan–Taiwan, Micronesia (Saipan) and American Samoa, with 
20% and 3% of its ancestry coming from Saipan and American 
Samoa, respectively. JapanO traces about 10% of its ancestry to 
populations from Micronesia. treemix indicated that the Hong Kong 

F I G U R E  4  (a) Phylogenetic network inferred by treemix of 
the relationships among Phellinus noxius populations with eight 
migration edges that explain 99.8% of the variance in the model. 
The migration edges are numbered from 1 to 8, reflecting the 
order in which they were added to the model. (b) The f index 
representing the fraction of the variance in the sample covariance 
matrix accounted for by the model covariance matrix as a function 
of the number of modelled migration events. For population 
abbreviations, see Table S1
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population is the result of admixture from Malaysia and Japan–
Taiwan populations, tracing 28% of its ancestry to Japan–Taiwan 
populations. The analysis also inferred migration from Micronesia 
to more southern populations of Australia and American Samoa 
migration weight (w  =  41%), as well as migration in another di-
rection, from Australia–American Samoa to Yap (w = 35%). About 
12% of American Samoa ancestry also traces to the Malaysia–
Hong Kong group; by contrast, the Palau population was placed 
separately from other populations from Micronesia, with ~4% of 
its ancestry tracing to populations from Kosrae and Pohnpei, sug-
gesting the presence of gene flow among islands of Micronesia 
(Figure 4a). The robustness of migration edges inferred by treemix 
was confirmed with the significant Z-scores using f3 and f4 pop-
ulation tests for P. noxius (Table S3). The results of f3 and f4 pop-
ulation tests with a data set where populations were subsampled 
to include only two individuals (and resampled 100 times) yielded 
qualitatively similar conclusions (Table S4), confirming eight ad-
mixture events among populations detected by treemix. It is worth 
noting that a larger sample size in terms of SNPs and individuals 
per population used in the main analyses had higher power based 
on f4 and f3 statistics and Z-scores.

4  |  DISCUSSION

As the human population intrudes into wild ecosystems and glo-
balization increases, rapid declines of biodiversity and numerous 
outbreaks of emerging infectious diseases have been threaten-
ing both plants and animals (Alroy, 2017; Schmeller et al., 2020). 

Characterizing processes leading to pathogen emergence is critical 
to understand pathogen evolution, establish effective management 
strategies and forecast/prevent future epidemics/epiphytotics. In 
this paper, we provide a novel example showing the integrated appli-
cation of population genetics and an ABC model-based framework 
with supervised machine learning to reveal the possible origins of 
an emerging pathogen with limited available data, focusing on a re-
cently emerged tree-root pathogen, Phellinus noxius, in eastern Asia, 
Australia and the Pacific Islands. Our analyses revealed a complex 
colonization history of P. noxius that began over 7000 generations 
ago. We identified five distinct genetic groups of P. noxius from 
Malaysia/Hong Kong, Taiwan/Japan, Micronesia (Guam, Saipan, 
Pohnpei, Palau, Yap and Kosrae), Australia and American Samoa, 
with the signatures of multiple migration events among these loca-
tions. ABC analyses indicated initial spread of P. noxius from a ghost 
population that gave rise to populations in Malaysia and the Pacific 
Islands (Guam and American Samoa), subsequently giving rise to 
populations in Taiwan and Australia. According to the ABC analyses, 
the major spread of P. noxius occurred thousands of generations ago, 
contradicting previous hypotheses that this pathogen had been in-
troduced to many areas within the last century.

4.1  |  Hypothesis of recent introduction, high 
polymorphism and geographically structured 
populations

Over the last several decades, P. noxius has caused extensive dam-
age to diverse tree species in tropical and subtropical regions (Abe 

F I G U R E  5  (a) Invasion routes of Phellinus noxius determined with diyabc-rf analyses. The analyses were performed among populations 
representing five genetic groups identified in this study. Numbers next to the lines represent number of generations. “Ghost” indicates the 
ghost (unsampled) population with unknown location that gave origin to populations from Malaysia and Guam. (b) Migration among P. noxius 
populations sampled from 15 locations detected with treemix. The width of the lines reflects the percentage of ancestry (migration weight) 
in the recipient from the donor population (see Figure 4 and main text). Migration to American Samoa (AS) traces back to the ancestral 
origins in Malaysia and/or Hong Kong, migration to Yap traces back to the ancestral origins in Australia and/or AS, migration to the ancestor 
of Australia and AS traces back to the ancestral origins in Pohnpei and Kosrae, and migration to Hong Kong traces back to the ancestral 
populations sampled from islands of Japan
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et al., 1995; Ann et al., 2002; Bolland, 1984; Hodges & Tenorio, 1984; 
Kobayashi et al., 1991; Nandris et al., 1987a, 1987b; Neil, 1986; Tai, 
1979). Because P. noxius and the disease it causes (brown root rot 
disease) have emerged over recent decades, it was hypothesized 
to have been recently introduced to many areas from an unknown 
centre of origin (Ann et al., 2002; Hodges & Tenorio, 1984; Sahashi 
et al., 2007; Tsai et al., 2017). Recent population genetics studies 
with microsatellites and SNP markers identified highly polymorphic 
P. noxius populations from Japan and Taiwan (Akiba et al., 2015; 
Chung et al., 2015, 2017) that seem to contradict hypotheses of re-
cent introductions of P. noxius to these regions. Similarly, analysed 
populations in this study also had high levels of polymorphisms, with 
haplotype diversities of between 0.459 and 0.948 (Table 1). High 
levels of polymorphisms are usually detected in populations with a 
long evolutionary history and/or that were established from multi-
ple distinct source populations (Guillemaud et al., 2010; Kolbe et al., 
2004). Some populations also exhibit large numbers of private al-
leles (Table 1), suggesting the presence of gene flow barriers among 
these locations. Populations sampled in Guam and American Samoa 
had lower genetic diversity compared to the other three analysed 
populations (Malaysia, Taiwan and Australia). These two islands are 
geographically distant from the Asian continent, and even if these 
populations have long evolutionary histories, geographical isolation 
may have influenced recovery from the “founder effect,” which typi-
cally results in lower genetic diversity. Another plausible explanation 
of lower genetic diversity in these populations could be attributed 
to different frequencies of sexual reproduction occurring in these 
locations compared to the other populations. Additional studies are 
required to assess these factors.

Over time, restricted gene flow facilitates population differ-
entiation (Slatkin, 1987). Five genetically distinct and geographi-
cally distributed groups of P. noxius were identified using Bayesian 
population structure analyses, PCA and phylogenetic analyses 
(Figure 1). Interestingly, populations from American Samoa and 
Malaysia showed almost no admixture with other genetic groups, 
suggesting limited or absent ongoing gene flow, and isolates from 
American Samoa formed the most genetically distinct clade in the 
phylogenetic tree (Figure 1a) and treemix graph (Figure 4a), con-
curring with previous phylogenetic analyses with protein-coding 
loci (Stewart et al., 2020) and reflecting its isolation from other 
populations.

4.2  |  Initial routes and timing of colonization

Implementation of sequential ABC analyses with supervised ma-
chine learning in combination with population structure analyses 
allowed us to reconstruct the most probable evolutionary scenario 
of initial pathogen colonization without prior knowledge about the 
place of origin or historical data on its spread. It is important to note 
that our data set, which was obtained from areas were P. noxius 
was noticeably emerging, covers only a portion of the total geo-
graphical distribution of this pathogen. Collections of P. noxius were 

not obtained from areas within Southeast Asia and Oceania (e.g., 
Singapore, Philippines, Indonesia, Fiji and others) where this patho-
gen probably occurs. With our limited data set, we cannot determine 
the centre of origin of P. noxius, and additional populations from 
other geographical areas could potentially affect the divergence to-
pology of the five populations analysed here. Nevertheless, our data 
set provides meaningful information about the evolutionary history 
of P. noxius, the cause of brown root rot disease, in the regions cov-
ered in our current study. ABC Random Forest (RF) analyses support 
initial spread of P. noxius from a ghost population to Malaysia and the 
Pacific Islands (Guam and American Samoa), with subsequent spread 
to Taiwan and Australia. These findings are partially congruent with 
human settlement on the Pacific Islands (Matisso-Smith, 2015) and/
or the distribution of wind-dispersed species to the Pacific Islands 
(Ito, 1998). ABC RF analyses generated overall low global and local 
error rates, as well as low standard deviations among replicate anal-
yses (Tables 2 and 3), suggesting the accuracy of our inferences. 
Global and local error rates were consistently lower when scenar-
ios were analysed in groups, which is consistent with Collin et al. 
(2021). While analyses 1 and 2 testing the divergence of Malaysia, 
Taiwan and Guam populations, and analyses 3, 4 and 5 testing the 
divergence of American Samoa and Australia populations, differed 
in prediction quality, they produced consistent results on the choice 
of scenario (scenario 6 in analyses 1 and 2, and scenario 7 in analy-
ses 4 and 5). On the parameter estimation (t) stage, ABC RF analy-
ses demonstrated that initial spread of P. noxius probably occurred 
thousands of generations ago, and probably moved to Malaysia and 
Guam more than 7500 generations ago, probably reaching Taiwan 
and Australia more than 3400 generations ago. It was shown previ-
ously that migration can affect the estimation of divergence times 
in coalescent analysis (Gronau et al., 2011). diyabc-rf does not allow 
migration to be incorporated in the model, and hence in a probable 
case of multiple introductions, divergence times of P. noxius popula-
tions may deviate slightly from those estimated with diyabc-rf, as was 
shown with a coalescent model allowing for migration in analyses of 
the demographic history of human populations (Gronau et al., 2011). 
P. noxius, similar to other basidiomycete tree pathogens, can repro-
duce both sexually, via basidiospore dissemination and infection of 
hosts via wounds, and asexually, infecting trees via mycelial spread 
during root-to-root contact. Previous studies have shown that P. 
noxius can also survive in dead roots for at least a decade (Chang, 
1996). Basidiocarps of P. noxius are observed at variable frequen-
cies in different locations (Akiba et al., 2015; Ann, Lee, & Tsai, 1999; 
Chung et al., 2015; Hodges & Tenorio, 1984), and the abundance 
of basidiocarps depends on the environmental conditions (Bolland, 
1984; Chung et al., 2015), similar to other closely related species (Lim 
et al., 2007). Irregular sexual cycles make it impossible to translate 
the number of generations determined with ABC RF into an exact 
number of years since the initial colonization events; however, the 
number of generations can provide an estimate of the relative timing 
of these events. Even if we consider one or several sexual cycles per 
year, P. noxius must have been present in eastern Asia, Australia and 
the Pacific Islands for millennia.
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4.3  |  Complex migration history

We identified eight possible migration events using genome-wide 
allele frequency data and a Gaussian approximation to genetic drift 
(as described in Pickrell & Pritchard, 2012; Figure 4), supporting 
some of the admixture results in the population structure analyses 
(Figure 1b). These results reflect a complex migration history of P. 
noxius within this global region, which is not unusual for a plant 
pathogen (Moller & Stukenbrock, 2017). Even though some popu-
lations in our data set were represented with low sample sizes (e.g., 
islands of Japan and some islands in Micronesia), nonparametric f3 
and f4 tests supported the presence of admixture among locations 
identified by treemix with data sets representing all samples and 
resampling of two individuals per population (Tables S3 and S4). 
Because the relative f3 and f4 statistics from the resampled analy-
sis were slightly lower than those estimated with the full data set, 
it remains possible that some potential migration events may have 
been missed due to underrepresented populations. Nevertheless, 
both analyses produced consistent qualitative results, supporting 
eight migration events detected by treemix. It was suggested that 
treemix performs best with larger sample sizes (Pickrell & Pritchard, 
2012), but our results indicate that, probably due to a relatively 
large number of SNPs, even small sample sizes can detect ad-
mixture that is consistent with the results from the full data set. 
Similar conclusions on the robustness of treemix analysis with small 
population sample sizes were reported previously in demographic 
analysis of yellow fever mosquito, Aedes aegypti (Soghigian et al., 
2020). In population structure analyses, the isolates from islands 
of Japan showed signatures of admixture with Micronesia popula-
tions, and treemix analyses indicated migration events from Saipan 
to JapanOg and from Pohnpei to JapanO. This supports a previ-
ously stated hypothesis of potential northward movement of P. 
noxius from the Mariana Islands to JapanOg by typhoons or other 
factors (Akiba et al., 2015). All other migration events are reported 
for the first time in this study, which can be explained by other 
hypotheses suggesting that in addition to severe weather events, 
such as typhoons, complex migration patterns of P. noxius in the 
region may be the result of human activities, including migration 
and trade among islands (Firth, 2007; Matisso-Smith, 2015), move-
ment of potentially infested wooden material (Hodges & Tenorio, 
1984) and cultural traditions (Cannon et al., 2022). Although each 
of these factors probably plays a role in pathogen spread and may 
be a contributing factor driving emergence in multiple areas within 
last few decades, they do not appear to explain the origin of P. nox-
ius in these diverse regions. Until recently, no sanitary measures 
against P. noxius were implemented (Cannon et al., 2022), so it is 
plausible that further pathogen spread could have coincided with 
movement of equipment, wood, planting stock, etc. Note, how-
ever, that the presence of continuous gene flow violates one of the 
assumptions of the treemix model and can lead to unclear results 
(Pickrell & Pritchard, 2012). Because the possibility of continuous 
gene flow was not evaluated in this study, the treemix migration 

results should be interpreted with a degree of caution. In addi-
tion to treemix results, population structure analyses also detected 
signs of admixture among some genetic groups, suggesting po-
tential movement of genetic material among distinct groups. Such 
movement can have a direct effect on pathogen and disease emer-
gence. For example, the genetic groups of P. noxius determined in 
Stewart et al. (2020) have different suitable climate space, and po-
tential hybridization among these groups may favour their adap-
tation to wider range of climatic/environmental conditions. Also, 
Ibarra Caballero et al. (2020) showed that the P. noxius genome en-
codes a large arsenal of wood-degrading enzymes, and exchange 
and accumulation of such genetic regions among different genetic 
groups could contribute to its virulence and wide host range.

4.4  |  Evolution of emerging pathogens in 
disturbed ecosystems

Though migration has occurred among populations, tree mortality as 
a result of P. noxius infection is strongly associated with plantings of 
diverse trees/shrubs, rather than natural forest ecosystems, suggest-
ing that disturbance can contribute to the emergence of this patho-
gen (Ann et al., 2002; Ann, Lee, & Tsai, 1999; Bolland, 1984; Brooks, 
2002; Chang, 1995; Hodges & Tenorio, 1984). In the Mariana Islands, 
P. noxius-infested stands occur on abandoned agricultural lands on 
the island of Rota, and P. noxius is present in areas devastated during 
WWII on Saipan (Hodges & Tenorio, 1984). Similar to Saipan, large 
forest areas were also destroyed in Malaysia during WWII (Farid 
et al., 2009). In the 1980s, the acreage of forest plantations grew 
rapidly in tropical regions due to the forecasted shortage of timber 
from natural forests (Chong, 1979), and as a result, a high prevalence 
of root diseases was commonly observed in these plantations (Lee, 
1997). Thus, it appears that such severe deforestation and reforesta-
tion activities, along with the introduction of exotic plant species for 
cultivation, have contributed to the emergence of P. noxius in these 
disturbed landscapes during the 20th and 21st centuries.

Physical disturbances of forest land have long been recognized 
as major contributors to forest diseases (Gilbert & Hubbell, 1996; 
Groot et al., 2019). In western North America, a general increase in 
root disease incidence caused by native pathogens, Coniferiporia sul-
phurascens (reported as P. weirii), Armillaria and Heterobasidion spp., 
has been observed as a result of logging and further replacement of 
root disease-tolerant Pinus with root disease-susceptible Douglas-fir 
(Pseudotsuga menziesii) and true fir (Abies) species (Hansen & Goheen, 
2000). These root pathogens often thrive with forest thinning prac-
tices, because of their ability for rapid colonization of root systems 
associated with cut stumps and subsequent spread to neighbouring 
trees. As a root pathogen, P. noxius has a similar life cycle and is capa-
ble of rapid colonization of injured and/or overcrowded trees.

Forest ecosystems in subtropical/tropical regions have under-
gone drastic changes over the last century (Burgess & Wingfield, 
2002; Carnegie, 2007). For example, 95% of Australian forests are 
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dominated by diverse Eucalyptus and Corymbia species, but large 
portions of Australia's forested lands were heavily logged and are 
currently managed as regrowth forests (Carnegie, 2007). Between 
1995 and 1998, hardwood plantations in Australia almost doubled 
(Love et al., 1999; Turnbull, 2000). These disturbances resulted in lo-
calized outbreaks of native pathogens (Burgess & Wingfield, 2002). 
Similar increases in disease incidence have been observed in planta-
tions in Tasmania that were established on sites previously occupied 
by natural forests (Carnegie, 2007). A recent study demonstrated 
that forest disturbances alter the diversity and composition of the 
soil microbiome (Bowd et al., 2021). For example, the diversity of 
saprotrophic fungi was positively associated with the number of fire 
events. Even though this study did not examine the diversity and 
abundance of forest pathogens, we hypothesize that if a facultative 
saprotroph can maintain its pathogenicity (as with P. noxius), physi-
cal disturbances of forest ecosystems may lead to epiphytotic out-
breaks caused by such organisms.

Additionally, severe weather events and/or climate change can 
contribute to forest disease epidemics/epiphytotics. Tropical ty-
phoons regularly cause structural damage to trees on many of the 
Pacific Islands, and these events are thought to contribute to the 
emergence of P. noxius on affected islands within the Pacific region 
(Akiba et al., 2015; Cannon et al., 2022). Strong winds probably 
facilitate spread of P. noxius, the resulting tree wounds provide P. 
noxius with infection portals, and heavy rainfall during typhoon sea-
sons provides a suitable environment for pathogen growth. Similar 
outbreaks have also been associated with severe weather events in 
temperate forests (Hansen & Goheen, 2000).

4.5  |  Conclusions

A growing body of evidence suggests that human impact on eco-
systems plays a major role in the emergence of newly evolved, in-
troduced or native pathogens in both animals and plants (Altizer 
et al., 2013; Drenth & Guest, 2016; Fisher et al., 2012). Emerging 
pathogens are generally characterized by increasing incidence and 
fast growing ecosocial impact. Emerging pathogens constitute a 
major challenge for evolutionary biologists due to the limited avail-
ability of data on their history, prevalence and occurrence, popula-
tion structure, and the processes contributing to their emergence. 
Development of analytical frameworks that help to unravel popula-
tion demographic processes with limited data is a key step toward 
overcoming this challenge. In this paper, we demonstrate the util-
ity of integrating population genetics with statistical and simulation 
tools to determine the spatiotemporal dynamics and evolutionary 
history of an emerging tree pathogen, P. noxius, in eastern Asia, 
Australia and the Pacific Islands. Based on the limited historical 
information and genetic evidence presented here, we hypothesize 
that emergence of P. noxius as a pathogen and the increasing reports 
of brown root rot disease are probably being driven by anthropo-
genic and natural disturbances, such as deforestation, subsequent 
land-use change, severe weather events and climate change, that 

markedly influence the health of forest and horticultural trees. The 
incidence of emerging infectious diseases has been rising over the 
last few decades (Fisher et al., 2012; Jones et al., 2008). Similar pat-
terns of pathogen emergence due to contemporary activities and 
climate change have been reported for other pathogenic fungi, such 
as Ceratocystis montia and Europhium clavigerum associated with 
mountain pine beetle (Dendroctonus ponderosae) causing mortal-
ity of pine trees in temperate North America (Fisher et al., 2012), 
Batrachochytrium dendrobatidis, a cause of worldwide amphibian de-
clines due to chytridiomycosis in the last 20 years (Rosenblum et al., 
2013), and Aspergillus sydowii, one of the drivers of coral extinction 
(Harvell et al., 1999), to name just a few. Rapid changes in the en-
vironment have led to ecological imbalances in diverse ecosystems 
that contribute to outbreaks of infectious diseases in both animals 
and plants. Herein, using genome-wide allele frequency data and 
contemporary analytical methods combined with supervised ma-
chine learning, we provide evidence of a novel case where anthro-
pogenic and/or environmental changes in tropical areas rather than 
recent pathogen introductions have probably led to the emergence 
of the fungal pathogen, P. noxius, that causes brown root rot dis-
ease. Unfortunately, because of its wide range of hosts and suitable 
habitats, P. noxius threatens food security and forest health in tropi-
cal and subtropical regions worldwide. The findings presented here 
provide a foundation for further research investigating the evolu-
tion of emerging pathogens, evaluation of the risks of epiphytotic 
outbreaks due to forest disturbances and climate change, and the 
development of strategies for sustainable management of forest 
ecosystems. With the development and integration of computa-
tional resources in molecular biology, our ability to test complex evo-
lutionary scenarios with limited eco-evolutionary information about 
emerging organisms has significantly improved, making it possible to 
determine parameters associated with pathogen emergences.
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