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Abstract

Global concerns are many for the invasive impacts of Phytophthora pathogens
on native vegetation, agriculture, nurseries, and urban parks and gardens. We
compiled a database of 32 traits on 204 species of Phytophthora including data
on each species’ taxonomy (clade and subclade), historical knowledge
(years since first described), impacted ecosystems, microenvironments
inhabited, dispersal mode, physiology, and morphology. Drawing from approx-
imately 11,394 unique host, pathogen, and country plant disease records from
GenBank and other sources, we calculated potential invasiveness of 103 better
studied species from cluster relationships. We used the species data to create a
Bayesian network model predicting the degree and probability of invasiveness
of individual Phytophthora species. Model calibration testing resulted in <1%
error rate in classifying invasiveness categories of well-known species. We
applied the model to predict the potential invasiveness of 101 other species
with unknown invasiveness dynamics. The model can also be used to predict
the invasive risk of other poorly studied and newly identified Phytophthora
species, and the general modeling approach can be used for other pests and
pathogens, to advise land and resource managers to thwart potential invasions
before they occur or intensify.
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causing dieback of Proteaceae in Australia and
South Africa (Cahill et al.,, 2008; Nagel et al., 2013);

The global community is concerned about the continued
and new introductions and impacts of Phytophthora
pathogens responsible for numerous serious plant dis-
eases in native vegetation. Examples include the patho-
gen P. ramorum causing sudden oak death in coast live
oak (Quercus agrifolia) and tanoak (Notholithocarpus
densiflorus) in western United States (Meentemeyer
et al., 2011; Rizzo & Garbelotto, 2003); Phytophthora spp.

P. agathidicida causing dieback of ancient kauri trees
(Agathis australis) of great cultural value in northern
New Zealand (Bradshaw et al., 2020); and many more
(e.g., Fernandez-Habas et al., 2019; Ruffner et al., 2019).
These pathogens are irreversibly changing the ecosystems
they impact. Phytophthora pathogens within plant pro-
duction systems also cause considerable economic losses,
and the cost of managing these diseases is integrated into
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these production systems (Panth et al., 2020). Some of the
most severe economic impacts of Phytophthora diseases
are late blight of potato (Cooke et al., 2011), black pod
disease of cacao (Acebo-Guerrero et al., 2012), root rot in
avocado (Ramirez-Gil et al., 2017), root rot in soybean
(Dorrance, 2018), root and basal rot of capsicum (Granke
et al., 2012), and root, collar, and fruit rot of citrus
(Graham & Feichtenberger, 2015).

In their natural environment, Phytophthora species
provide a range of functions including supporting nutri-
ent decomposition and coexistence of plant species
(Hansen, 2015; Laliberté et al., 2015; Marano et al., 2015).
Many Phytophthora species can be characterized as
synanthropic, where individual species may be described
from a particular location or region but can disperse
more widely because of associations with human activi-
ties such as being carried with plants or soil attached to
machinery or on boot treads into otherwise virgin
environments.

Of central concern is determining their degree of
potential harm to native vegetation and plant production
systems, prompting surveys (e.g., Burgess, White, et al.,
2017; Parke et al., 2020), which, unfortunately, are gener-
ally instituted only after a Phytophthora disease becomes
established and evident. Land managers need a means of
predicting the potential degree of invasiveness in new
environments and locations before introductions and
impacts. Hence, the current study addresses this need to
determine the biosecurity risk of Phytophthora species
based on their ecology, taxonomy, morphology, physiol-
ogy, and traits associated with their known host range
distribution and ecosystem occurrence. We aimed to
develop and provide a tool that biologists and land man-
agers could use to determine the potential risk of inva-
siveness of Phytophthora species in new locations.

Analyses of invasiveness and biosecurity risk of
Phytophthora species have mainly focused on estimating
the potential range of species that are known to have
high impacts (Burgess, Scott, et al, 2017; Ireland
et al., 2013; Schoebel et al., 2014; Tsykun et al., 2022).
However, many new significant diseases are caused by
Phytophthora species that are either new to science or
have a negligible impact until they are found to be caus-
ing major damage.

Gaydos et al. (2019) assessed the value of participa-
tory epidemiological modeling of potential pathogen
effects and control strategies for treating sudden oak
death. Several studies have identified specific traits deter-
mining species distributions, such as the effects of topog-
raphy on dispersal of P. cinnamomi (Cardillo et al., 2018),
density of host plants, tree diversity, and pathogen load
on the occurrence of P. ramorum (Cobb et al., 2012;
Dillon & Meentemeyer, 2019), dispersal of P. ramorum

by rainwater and hiker’s boots (Davidson et al., 2005),
and influence of climate on blight from P. infestans
(Garrett et al., 2009).

Fewer studies still have addressed global distribu-
tions. Barwell et al. (2021) used Phytophthora species
attributes such as host range, habitat physiological and
morphological traits of the individual species, and phylo-
genetic generalized linear mixed models to predict the
number of countries reached, latitudinal limits, and host
range. By comparing known to predicted values from the
models, several newly described species were predicted to
have higher impacts than currently observed. The analy-
sis of Scott et al. (2019) is most relevant to the current
work; they compiled a global database of Phytophthora
occurrences, estimated global species richness, and
predicted invasion and infection potential based on spe-
cies biogeography and host range. The limitation of their
study was that many countries, especially in the develop-
ing world, have few records and thus lower than expected
species numbers. Thus, while they used a database to cre-
ate a tool for comparing species present in two countries,
the absence of a Phytophthora species in one country
may reflect a lack of reporting rather than a genuine
absence.

The more than 200 species of Phytophthora included
in this study vary considerably in attributes and environ-
ments occupied. Many species are not well known,
imparting greater uncertainty about their performance in
novel environments and locations. Given this high vari-
ability and uncertainty, the modeling framework we
chose had to be capable of using the best information
available on better known species for predicting and test-
ing their invasiveness, applying that foundation to predic-
tions of poorer known species, and providing a basis for
improving model predictions with new data. Thus, we
selected an approach based on Bayesian statistics, specifi-
cally Bayesian networks (BNs), which uses the strength
of evidence of prior information—in this case, data on
the better known species—and explicitly denotes vari-
ability and uncertainty in the form of probabilities.

METHODS
Phytophthora disease records

Publicly available records of plant diseases involving
Phytophthora species were collated to establish a global
database of Phytophthora diseases. Reports of formally
and provisionally described species for which host genus
or species information was available were included until
March 2022. Reports were sourced from plant disease
databases and large collections including:
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1. United States Department of Agriculture (USDA),
global fungal database (Farr & Rossman, 2022) using
the R package (rusda—Krah, 2016, n = 8497 reports),

2. Centre for  Agriculture and  Bioscience
International (CABI),

3. The New Zealand Forest Research (Scion) forest health
database (collected through correspondence = 1504
records),

4. Landcare Research, New Zealand fungi database
(collected through correspondence = 1559 records),

5. Australia Phytophthora disease records (sourced from
Burgess et al., 2021 = 7629 records), and

6. NCBI GenBank records (Supporting Data 1; see
details below = 12,957 records).

Additional plant disease records not available in the
above databases were manually downloaded (470 records).
All plant disease records including published disease
records, international databases, and GenBank accessions
are included in Burgess and Scott (2023).

Molecular records

All internal transcribed spacer (ITS) sequence data from
Phytophthora were downloaded from GenBank (https://
www.ncbi.nlm.nih.gov/, accessed on 22 March 2022)
using the search terms Phytophthora [organism]| AND
internal transcribed spacer [any field]. Additionally, a
blast search was conducted for a representative isolate of
each described Phytophthora species to capture any addi-
tional sequences. This dataset consists of approximately
17,000 accessions. All data were uploaded into Geneious
Prime 2019.2.3 (https://www.geneious.com/) and a
data-cleaning process followed (for full explanation, see
Burgess & Scott, 2023). Species identities were confirmed
by comparison to sequences of type isolates available
from IDPhy (https://idtools.org/id/phytophthora/) (Abad
et al., 2023).

Data cleaning

All records were checked for spelling errors and inconsis-
tencies. Host plant taxonomic synonymies were resolved
relevant to “The Plant List” (www.theplantlist.org)
and “World Flora Online” (http://www.worldfloraonline.
org/) and updated to current naming conventions using
the R packages taxonstand (Cayuela et al., 2021) and
WorldFlora (Kindt, 2021).

Phytophthora species taxonomic synonyms were checked
against phylogenetic trees listed in the website Phytophthora
ID tools (https://idtools.org/id/phytophthora/). Country and

continent names were matched to current designations listed
by the United Nations (https://www.un.org/en/about-us/
member-states). The free software R was used for compiling
and sorting disease records, statistical computations of inva-
siveness, and some graphics (R Core Team, 2022).

Records were included in the analysis only if the
Phytophthora species, date, country, and host details
(up to the genus level) were available. Where plant dis-
ease records had the same Phytophthora species, host
records, country, and year on multiple data sources, only
one disease record was used for the analysis. In total,
11,394 unique records on Phytophthora species, host,
country, and year were used for the analysis, including
the R code used for data cleaning (Burgess & Scott, 2023).

Designation of confidence group

Phytophthora species were designated as belonging to
either a “yes confident” (Y-confident) or a “no confident”
(N-confident) group. The grouping indicates whether we
have confidence in the disease and host reports associated
with each species. The Y-confident group includes species
for which the pathogen taxonomy has been clearly resolved
when the disease reports were made and included species
where molecular phylogeny was clearly defined and the
species has been studied more intensely. The selection was
primarily based on the year of description. Only five species
described after 2013 (P. fragariaefolia, P. nagaii,
P. parvispora, P. chlamydospora, and P. versiformis) were
included in the Y-confident group. Most species described
before 2010 were included; however, species that were com-
monly misnamed (occurring in a species complex or
because of dubious issues with the nomenclature) were
excluded (P. pini, P. citricola, P. megasperma, P. alticola,
P. parsiana, and P. sansomeana).

The N-confident group included species where the path-
ogen taxonomy was not fully resolved when the disease
reports were first made, or if the taxonomy was recently
resolved and there are insufficient data to confirm the dis-
ease reports. Therefore, the N-confident group includes more
newly described species and many species within recently
resolved species complexes. The average number of years
since species description was 41.2 years in the Y-confident
group and 9.4 years in the N-confident group (Burgess &
Scott, 2023). In total, 103 species were identified as belonging
to the Y-confident group and 101 to the N-confident group.

Calculating species invasiveness

An index of Phytophthora species invasiveness was calcu-
lated as described in the study by Scott et al. (2019).
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Phylograms of the Phytophthora species were made using
the Enhanced Heat Map: “Heatmaps2” function with the
R package gplots (Warnes et al., 2022). The phylograms
were made using normalized (center-scaled) indices
including the:

1. number of Phytophthora reports by country (CP;
country);

2. annual new species report rates by country (CRP;
country id. rate);

3. number of Phytophthora reports (HP; host species);
and

4. annual new species report rates (HRP; host id. rate).

The species branch height was determined using the
“get_branches_heights” function of the dendextend pack-
age (Galili, 2015). The branch height for each species was
normalized to range [0,1] using the below formula:

Species branch height —

min(total branch height)
Max(total branch height) — -

min(total branch height)

Normalized score =

A normalized score of 1 denotes high probability of
characteristics lending to pathogenic properties and
invasiveness.

Phytophthora traits

We collated trait data for 204 Phytophthora species, of
which 195 are formally described, and 9 are provisionally
named (Burgess & Scott, 2023). Phylogenetic placement
into clade and subclade is widely accepted and was
assigned as per Yang et al. (2017) and Bourret et al.
(2018). The year refers to the number of years, as of 2022,
since the species was first described, not the date a spe-
cies was first isolated. The morphological and physiologi-
cal variables were extracted from the tabular key
available on IDPhy, where possible, while for newly
described species the information was taken directly from
the species description. If not provided in the manuscript,
the oospore wall index was calculated from the average
measurements of the oospore and the oospore wall as
provided in the description or calculated based on images
provided in the description. Where a temperature range
was provided, the midpoint of the range was used. Traits
can be linked to reproduction (sporangia, oospores, and
chlamydospores), growth (mycelial growth rate and other
cardinal temperature data), or survival (oospore wall
thickness, hyphal swelling, chlamydospores, and temper-
ature range for mycelial growth) (Table 1). Data for

170 species were published in the study by Barwell
et al. (2021).

In addition, disease notes and reports were used to
determine dispersal mode, disease traits (microenviron-
ments infected), and impacted ecosystems. Disease traits
were recovered from disease notes in the U.S. National
Fungus Collections (Farr & Rossman, 2022) and from dis-
ease reports. These disease traits represent variation in
the detectability of different types of disease symptoms.
The disease traits also are ecologically important for inva-
sion if they influence modes of dispersal (e.g., soilborne,
airborne, waterborne) and transmission among hosts
(Table 1), or if species that cause both root and foliar dis-
ease have more diverse mechanisms to overcome host
defenses. Traits included may confer greater success at
one or more stages during the invasion process of arrival
(survival during transport), establishment (impacted eco-
systems and disease caused), and spread (caducous).

BN model development

We modeled invasiveness using BNs that allow inducing
a model structure from empirical data and providing a
basis for testing prediction accuracy and contributions of
individual trait predictors. BNs are structured as a causal
network of variables linked by conditional probabilities,
whereby each variable is represented as a discrete set of
states (categorical, ordinal, cardinal, or continuous
value). Links (also called arcs) between variables (also
called nodes) denote direct influences (first-order Markov
processes). Probability distributions among states propa-
gate through the network as uncertainties, eventually
represented in the response variable(s) as a posterior
probability distribution among the outcome states. BNs
have been used widely in areas of natural resource
modeling (McCann et al., 2006), biocontrol (Meurisse
et al.,, 2021), predictions of presence of rare species
including fungi (Marcot, 2006), and much more. An alter-
native approach is development of species distribution
models (SDMs), such as the SDMs developed by Vaclavik
and Meentemeyer (2009) of P. ramorum invasiveness in
California. However, SDMs require extensive and
spatially explicit data on presence, absence, and other
species’ habitat-selection attributes that would not be
available on most Phytophthora species.

We developed our prediction model based on the suite
of Phytophthora variables discussed above as covariates
(predictors) and the invasiveness index as the response
(prediction) variable (Table 1), using the Bayesian network
modeling program Netica v6.09 (Norsys.com). The overall
BN model development workflow was as follows: import
and discretize the prediction variables (covariates) and the
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TABLE 1 Variables used in the Bayesian network model predicting Phytophthora species invasiveness.

Variable group

Taxonomy

Year

Measurable variables:

physiology

Measurable variables:

morphology

Dispersal

Impacted ecosystems

Microenvironments

Variable name and definition
Phylogenetic clade
Phylogenetic subclade

Years since first described: no. years as of 2022 since
species taxon was first described

Temperature minimum for mycelia growth:
minimum temperature known for growth of
mycelia (C)

Temperature optimal for mycelia growth: optimal
temperature known for growth of mycelia (C)

Temperature maximum for mycelia growth:
maximum temperature known for growth of
mycelia (C)

Temperature range for mycelia growth: overall range
of temperatures for mycelia growth (C)

Growth rate at optimal temperature: growth rate of a
colony on an agar plate at optimal temperature
(mm/day)

Breeding system

Papillate

Oospore wall

Oospore wall thickness
Oospore wall index (ratio)
Oospore base
Chlamydospores
Amphigynous, paragynous
Aplerotic plerotic
Caducous

Sporangiophore

Proliferation

Hyphal swelling

Dispersal mode

Found in natural ecosystems

Found in urban parks, gardens, nurseries
Found in agriculture, perennial crops, forestry
Found in water

Found in agriculture annual crops

Disease of leaves or fruit

Stem canker

Disease or roots

States
Clade codes
Subclade codes

Continuous values

Continuous values

Continuous values

Continuous values

Continuous values

Continuous values

HE = heterothallic, HO = homothallic,
S = (functionally) sterile

P = papillate, SP = semi-papillate,
NP = non-papillate

S, W, O = relates to the oogonia wall: smooth,
wavy ornamented

Continuous values

Continuous values

TB = tapering base, NTB = no tapering base
C = chlamydospore, NC = no chlamydospores
A = amphigynous, P = paragynous, B = both
A = aplerotic, P = plerotic, B = both

C = caducous, NC = non-caducous

UN = unbranched, SS = simple sympodial,
CS = compound sympodial, DM = downy
mildew

P = proliferation, NP = no proliferation

H = hyphal swellings, NH = no hyphal swellings
Aerial, soil; soil; soil, water; water

Found in natural ecosystems

Found in urban parks and gardens or nurseries
Found in agriculture perennial crops or forestry
Found in water

Found in agriculture annual crops

Disease of leaves or fruit

Disease of woody plants with cankers formed in
the stem

Diseases of roots (fine or woody)

Note: Source material includes IPPhy and species description and disease reports. Data for the morphological and physiological variables for 170 of the 204
were published previously (Barwell et al., 2021). There is also an updated tabular key on IDPhy (https://idtools.org/id/phytophthora/).
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response variable into model nodes, each discretized
with exclusive states; induce the causal network structure
from the Y-confident species database (n = 103 spp.);
parameterize the probability tables of all nodes from the
Y-confident species database; test the classification
(calibration) accuracy of the model against the Y-confident
species database; conduct sensitivity analysis to determine
the degree to which the response variable of invasiveness
is sensitive to each covariate; using the sensitivity analysis
results, determine which covariates may contribute little to
model predictions and may be eliminated; eliminate
low-contribution covariates and retest the classification
accuracy of the model against the Y-confident species data-
base; if the final classification accuracy (low error rate) is
satisfactory, accept the final model structure and general-
ize the outer value ranges of the continuous variables; and
then use the final model to predict invasiveness of the
N-confident species set (n = 101 spp.), and explore condi-
tions of selected species. Specific model development steps
were as follows.

First, we imported the Y-confident species database
into Netica, creating individual nodes for each variable.
We retained all categorical values as discrete states and
specified five levels of states for continuous-value vari-
ables. In BN models, for a given case sample size, a
greater number of continuous-value states may increase
precision but decrease the accuracy of representation and
prediction; five levels were a fair balance given the num-
ber of species in the case Y-confident database (n = 103).
We used the Y-confident case file database to discretize
the continuous-value nodes, that is, to determine cutoff
values to have each state represented by an approxi-
mately equal number of cases (species) with some
uncertainty. This step included the invasiveness response
variable, values of which were calculated for each
Y-confident species as noted above.

Next, we inferred the causal network structure from
the species database by implementing the machine learn-
ing Tree Augmented Naive Bayes (TAN) algorithm (Jiang
et al., 2012), which links the invasiveness response vari-
able to the affector variables (covariates) as a predictive
framework. This produces the so-called “naive Bayes”
network structure where a specified output variable,
here, invasiveness, is linked to all possible covariates.
TAN also links covariates to one another if they are sig-
nificantly correlated, which eliminates the need in this
network structure for initially deleting correlated vari-
ables as is commonly done with frequentist multivariate
modeling.

We then induced the values of all prior and conditional
probability tables in the model by incorporating the
Y-confident species database using the expectation maxi-
mization (EM) algorithm (Dlamini, 2011). In particular,

appropriate selection of prior probabilities is an important
step in Bayesian model development (Wesner &
Pomeranz, 2021). EM is a convergent log-likelihood func-
tion that iteratively walks through the data cases and
assigns conditional probability values in the model to best
fit the relations of the response variable to its covariates.
Where combinations of covariate state values were not
present in the species database, Netica specifies uniform
probability distributions denoting complete uncertainty
for those situations, which may or may not occur in actu-
ality. The result at this stage is a fully specified model.

Next, we tested the classification accuracy (error rate)
of the model against the species database, using the
Y-confident species set and its calculated invasiveness
scores. This step amounts to model calibration testing, not
validation against an independent dataset (NRC, 2012).
Because there were too few species cases in the database to
conduct cross-validation model development and testing
(Marcot & Hanea, 2021), we opted for calibration classifi-
cation accuracy testing. In the outcome invasiveness node,
we used the state with the highest, dominant probability
as the model prediction for each species. This testing pro-
vides a so-called confusion table denoting numbers of
cases that were, and were not, correctly predicted as to
their invasiveness score state. Well-calibrated models will
have classification error rates <10% or so. We also calcu-
lated three other complementary measures of model cali-
bration fit (Marcot, 2012): logarithmic loss, values of
which range [0, infinity], with 0 denoting best model per-
formance; quadratic loss, values of which range [0,2], also
with 0 denoting best model performance; and spherical
payoft, values of which range [0,1], with 1 denoting best
model performance.

We then ran a sensitivity analysis on the model to
determine the degree to which the invasiveness response
variable was influenced by each covariate, calculating
sensitivity as percent variance reduction in the response
of the invasiveness score to each covariate (Marcot,
2012). We rank-ordered the results and identified which,
if any, of the covariates contributed negligible sensitivity
effects. We then removed those lowest sensitivity
covariates, contributing <0.3% variance reduction, to
simplify the model, including also removing the variable
phylogenetic clade because it was fully redundant with
variable phylogenetic subclade. Next, we restructured the
model based on the remaining variables, reran the cali-
bration classification accuracy analysis, and compared
those error rates to those from the model with all vari-
ables included. If classification error remained low, we
accepted the amended model as the final and more parsi-
monious structure.

We made two final edits to the revised model. First,
to generalize the model, we expanded the lowermost and
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uppermost values of all continuous-value nodes to
encompass values that could be lower or higher than in
the Y-confident case file dataset. This would not alter the
model’s calibration classification performance or sensitiv-
ity structure. Second, to make the model more under-
standable, we assigned word descriptions to the five
states in the invasiveness outcome node: very low, low,
moderate, high, and very high. Note that when the model
is run on individual species, the expected value of the
invasiveness score is still displayed at the bottom of
that node.

We then ran the final, accepted model, structured and
parameterized as above based on the Y-confident species
set, to calculate invasiveness scores for the N-confident
species. We present those results denoting species that
may carry high potential for invasive dynamics. We then
explored two species case examples to demonstrate
species-specific considerations when using the results of
our modeling tool.

Next steps

We further discuss how the model can be used in
real-world situations to predict the potential invasiveness
of Phytophthora species detected in new locations and
environments, and to identify which covariates may play
key roles in each species’ invasiveness score. We end with
a discussion of how the model can be further refined and
improved by incorporating new sightings and informa-
tion on Phytophthora species, adding to the case files and
updating the model probability parameters incremen-
tally, and testing for updates to the model network struc-
ture, sensu the overall philosophy of Bayesian statistical
analysis by accreting prior knowledge and adding new
observations. The model and the databases used in this
study are posted for general access and utilization.

RESULTS
Phytophthora country and host database

We assigned 14,820 GenBank accessions of ITS data to
known Phytophthora species (Burgess & Scott, 2023).
Country data were available for 12,254 accessions of
known Phytophthora species, and of those, there were
also host data for 6787 sequences (Burgess & Scott, 2023).
We found that 16% of accessions submitted to GenBank
were misnamed (Burgess & Scott, 2023). The most
misnamed species were: P. capsici (many sequences align
to P. tropicalis); P. cryptogea and P. drechsleri (many
sequences align to P. pseudocryptogea or P. kelmanii); and

P. citricola (many sequences align to P. multivora,
P. plurivora or P. pini). When conducting GenBank
searches, users must carefully check species identities
based on the sequences of type isolates available from
IDPhy (Abad et al., 2023). Data have been submitted to
GenBank from 103 countries. The top 10 most common
species are P. nicotianae, P. cinnamomi, P. infestans,
P. plurivora, P. palmivora, P. cactorum, P. capsici,
P. lacustris, P. gonapodyides, and P. pseudocryptogea
(Burgess & Scott, 2023). The top 10 submitting countries
are United States, Italy, India, China, Australia,
Switzerland, Spain, Colombia, South Africa, and Poland
(Burgess & Scott, 2023). In total, 11,394 unique
Phytophthora species, host, country, and year plant disease
records were used to determine the invasiveness of the
Phytophthora, including 5876 unique disease records
sourced from the GenBank records.

Network model structure and calibration
tests

The full, initial BN model constructed from the
Y-confident species set included all 30 covariates and
consisted of 59 links (Table 2). Based on the Y-confident
species set, the values of the branch height invasiveness
index in the outcome node states were partitioned as fol-
lows: very low 0 to <0.008; low 0.008 to <0.016; moderate
0.016 to <0.034; high 0.034 to <0.09; and very high 0.09
to 1. The model calculations of the 103 species in the
Y-confident dataset resulted in 22 species rating very low
invasiveness, 20 rating low, 20 rating moderate, 19 rating
high, and 22 rating very high. This model produced a cal-
ibration classification error rate of about 11%, resulting
from errors of predicted invasiveness score categories for
11 of the 103 species tested (Table 3).

Sensitivity analysis was then used to identify five
covariates—oogonia features, found in roots, prolifera-
tion, oogonia base, and hyphal swelling—that contrib-
uted least (<0.3%) to variance reduction and thus least to

TABLE 2 Attributes of the Bayesian network models
predicting Phytophthora species invasiveness states.

Initial full Final

Network attribute model  model
No. response variable nodes 1 1
No. covariate nodes 30 25
No. links between nodes 59 47
No. probability values in unconditional 1380 2520
(prior) and conditional probability
tables
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TABLE 3 Results of calibration (classification accuracy) tests
of the Bayesian network models predicting Phytophthora species
invasiveness states.

Model-predicted invasiveness state

Calculated
invasiveness Very Very
state low Low Moderate High high

Initial full model

Very low 19 1 1 0 1
Low 0 19 1 0 0
Moderate 1 0 18 1 0
High 0 0 1 17 1
Very high 2 0 0 1 19
Final model
Very low 22 0 0 0 0
Low 0 20 0 0 0
Moderate 0 0 20 0 0
High 0 0 0 19 0
Very high 0 0 1 0 21

Note: Values are the number of species, listing classification accuracy results
of the initial, full model with all 30 covariates, and of the final model with
25 covariates that omitted 5 covariates with low sensitivity scores or
redundant contribution. Comparison of metrics of classification error rates
and scoring rules.

predicting invasiveness scores given the contributions of
all the other covariates (Figure 1). These five covariates,
along with phylogenetic clade, were excised from the net-
work, which was then restructured, reparameterized, and
retested. Traits that contributed the most to model sensi-
tivity (>13% variance reduction) and to predicting inva-
siveness scores included phylogenetic subclade, breeding
system, being found in urban parks, being found in
water, and years since discovered (Figure 1; Appendix S1:
Table S1).

The final, revised model (Figure 2) produced a cali-
bration classification error rate of about 1%, with only
one species (P. chlamydospora) misclassified (predicted
invasiveness score of 0.544, state category is very high,
compared with the calculated invasiveness score of 0.302,
state category is moderate) (Table 4; Appendix S1:
Table S2). The predictions for the 103 Y-confident species
were nearly evenly distributed among the five invasive-
ness state outcome categories (Table 3), with 40 of the
species (38%) ranking high or very high invasiveness.

Other model performance metrics also highlighted
the improved performance of the modified network.
Logarithmic loss and quadratic loss declined by 78%
and 88%, respectively, and spherical payoff increased
by 8%, with all these trends indicating much improved
model performance (Table 3). The initial model with

all 30 covariates included more nodes and links but a
smaller number of probability table values than the
trimmed final model with 24 covariates (Table 2). This
pattern appropriately resulted from the final model,
although having six fewer covariates, also being struc-
tured strictly from the empirical data with some nodes
having a greater number of incoming links, which
numerically increases the size of conditional probability
tables (Marcot, 2012).

Invasiveness predictions for N-confident
species

Lastly, we ran the final model with the set of N-confident
species to predict their invasiveness (Appendix S1:
Table S3). Slightly more species grouped into very low
and moderate invasiveness categories, and fewer in the
low category, than with the Y-confident species, but an
identical 38% of all N-confident species grouped into high
or very high invasiveness states. Most of the model pre-
dictions for the N-confident species set were unambigu-
ous, with strong probability outcomes of specific states,
such as with P. attenuata predicted with 99.9% probabil-
ity of high invasiveness. However, the model predictions
of invasiveness of a few of the N-confident species strad-
dled two or more invasiveness outcome states, although
still with a dominant probability outcome. Examples are
P. chrysanthemi, with the model predicting 52.7% proba-
bility of moderate invasiveness (the dominant outcome)
and 47.3% probability of very low invasiveness, and
P. citricola, with 48.2% moderate (dominant) and 47.7%
very high invasiveness. Such bimodal outcome predic-
tions, suggesting greater uncertainty in invasiveness
response, occurred, however, with only 7 of the
101 N-confident species and resulted from their having
uncommon combinations of covariate values such as for
variables pertaining to measures of morphology or physi-
ology as compared with the Y-confident species set on
which the prediction model and its set of prior and condi-
tional probabilities were constructed.

The invasiveness index was also calculated separately
from the model for each N-confident species, and we
found that the model-predicted values did not align well
with the calculated values for this group (Figure 3). This
is not unexpected. The invasiveness index is generated
based on the number of countries and hosts recorded for a
particular Phytophthora species, and for newly described
species, very little information is available. Thus, it would
be expected that the index would be underestimated as
shown by the number of species with low invasiveness
indices predicted by the Bayesian model to be in the high
invasive categories (Appendix S1: Tables S2 and S3).
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Sensitivity Analysis (Percent Variance Reduction)
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Phylogenetic subclade
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Found in urban parks, etc.
Found in water

Years since discovered

Temp range for mycelia growth

Phylogenetic clade * pr——

Found in agricul perennial crops or forestry
Amphigynous, Paragynous

Growth rate optimal temp for mycelia growth
Aplerotic, Plerotic

Temp max for mycelia growth
Sporangiophore

Temp optimal for mycelia growth
Disease of woody material
Dispersal mode
Found in natural ecosystems
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Temp minimum for mycelia growth
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Chlamydosphores
Oosporewall index
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Papillate
Oogonia features %,
Found in roots %,

Proliferation %,

Oogonia base *
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FIGURE 1

Results of sensitivity analysis of the full model of predicting invasiveness of Phytophthora species with 30 covariates. An

asterisk indicates a covariate identified as having the least sensitivity effect (lowest sensitivity values) or that is fully redundant with other
variables (phylogenetic clade redundant with phylogenetic subclade) and subsequently removed in the final model. Agricul, agriculture;

Temp, temperature.

Further, for long-described species now known to be part
of species complexes, the country and host records may be
overestimated and could result in a higher than expected
invasiveness index value. However, in the cases examined
here, the invasive categories of the long-described species
were comparable with the invasiveness index except
P. pini, which had a lower invasiveness index than was
predicted; although described in 1925, this species was

until recently considered a synonym for P. citricola and
was only reinstated in 2010.

DISCUSSION

Our modeling approach predicts the potential invasive-
ness of Phytophthora species by use of a broad suite of
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TABLE 4 Results of classification error rates and scoring rules
comparing the initial full Bayesian network model and the final
Bayesian network model.

Metric Initial full model  Final model
Classification error rate 10.68% 0.97%
Logarithmic loss 0.235 0.052
Quadratic loss 0.153 0.019
Spherical payoff 0.915 0.990
x
()]
©
£ Veryhight- g © oy ® 8
)]
7]
[}
S High-  of o 3 s 82 4
=
@
Z Moderate [ X & /‘%”%%” o0 -
T
I
o i o
- Low |- oo o o ® —
0]
2
£
(_3_, Very low & 8 & ¢ 8
©
(@)
| | | | |
6\0\‘\ \/§ Q}@@’ \é\@‘\ \(\\é\
AQ/ @ob AQ}%

Model-Predicted Invasiveness Index

FIGURE 3 Comparison of calculated branch height
invasiveness index values against the model-predicted values for
the N-confident Phytophthora species (see text for definition and
Appendix S1: Tables S2 and S3 for species-specific values).

covariate descriptors organized into seven categories of
taxonomy (clade and subclade), historical knowledge
(years since first described), impacted ecosystems, micro-
environments inhabited, dispersal mode, physiology, and
morphology (Figure 2). The model was parameterized
using the case file of species for which we have high con-
fidence in their attributes and in their known invasive-
ness status. Invasiveness was calculated by measuring the
branch height of a cladogram produced using measures
of the number of host and country, and host and country
identification rate for the different species.

Our novel approach using BN modeling thus is more
comprehensive than other studies more focused on deter-
mining the establishment of selected Phytophthora species
at specific locations or regions (e.g., Herndndez-Lambrafio
et al., 2018; Redondo et al., 2018; Shearer & Crane, 2014)
or studies determining specific determinants or modes of
Phytophthora species dispersal (e.g., Krull et al., 2012;
Martin-Garcia et al., 2015). Also, the BN model can still

provide results in the face of missing or incomplete data by
defaulting to the prior probability distributions for input
variables (as shown in Figure 2) that are based on the over-
all suite of conditions of the Y-confidence species set used
to parameterize the model’s probability structure.

Key traits

The invasiveness index, which was first used by Scott
et al. (2019) and utilized here to train the BN model
parameters for the Y-confident group of species, uses the
rate of spread of a species in countries and on hosts; how-
ever, these records are not necessarily definitive evidence
of disease. Some of the most invasive species are
well-known pathogens, but some water specialists are
also invasive. It is important to know the invasiveness of
these species because they may encounter a new suscepti-
ble host in a new environment, but the data generated
for the N-confident group of species need to be
interpreted with knowledge of the measured traits.

The model was most sensitive to the traits of phyloge-
netic subclade, breeding system, the microenvironment
urban parks, found in water, years since discovered, and
temperature range for mycelial growth. Phylogenetic
subclade was the trait that best predicted invasiveness.
This is not unexpected, as closely related species have a
single common ancestor and share many traits; therefore,
their phylogenetic placement will encompass much that
is shared. Breeding system denotes whether a species is
sterile (does not produce oospores), self-fertile (homo-
thallic), or out-crossing (heterothallic). The BN model
predicts that invasiveness of sterile species is more deter-
mined by other traits; that homothallic species have a
10% probability of very high and 30% of high or very
high invasiveness; and that heterothallic species have a
55% probability of very high and 68% of high or very
high invasiveness. Species in the same phylogenetic
subclade usually have the same breeding system (Abad
et al., 2023).

The number of years since a species has been
described is also a strong predictor. This is expected, as
long-described species tend to cause disease in agricul-
tural commodities and have been reported from field and
tree crops around the globe (Abad et al, 2023).
Conversely, many newly described species have been
found discovered during surveys of natural forests and
may not have had the same opportunities for dispersal
(Burgess et al., 2021). This does not mean, however, that
they could not become significant pathogens if they were
spread to a new environment and encounter naive hosts.
For example, our Bayesian analysis predicts that the
undescribed species Phytophthora sp. awatangi, known
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only from the highlands of Papua New Guinea, has the
potential to be highly invasive. Another example is
P. kelmanii, a species related to the widely distributed
and well-known pathogen, P. cryptogea. P. kelmanii is
also predicted to be highly invasive, and this is supported
by the re-evaluation of GenBank data, which shows this
species can already be found in 21 countries. On this
basis, we retained time since discovery as a key input var-
iable in the model, as it contributes significantly to
explanatory power to predict invasiveness. However, if
the value of this, or any, input variable for a given species
is uncertain or unknown, its value does not have to be
explicitly specified; instead, the generalized, prior proba-
bility distribution of that wvariable, based on the
103 known species used to parameterize the model,
would be used. This would be the best use of the variable
time since discovery for newly discovered species to
retain the overall explanatory power of that information.

The environment in which a species is found also
influenced its invasiveness with detection in urban envi-
ronments, nurseries, perennial crops, and water being
associated with a higher invasiveness. It has previously
been demonstrated that urban environments and botani-
cal gardens act as a bridgehead for Phytophthora inva-
sions, providing a suitable environment for species to
become established and then spread to newly encoun-
tered hosts (Hulbert et al., 2019; Paap et al., 2017). The
number of species established in natural systems is more
limited due to environmental filtering perhaps linked
with healthier soils and more resilient environment (Dale
et al., 2022; Redondo et al., 2018). The temperature range
for mycelial growth and the growth rate at optimal tem-
perature were also important traits influencing tolerance
to temperature extremes and ability to rapidly colonize
suitable substrate. Faster growing species would be able
to colonize a host rapidly and competitively exclude other
species (Sarker et al., 2021). Species with a narrow range
will have a reduced climatic envelope and a restricted
distribution such as species in clade 8b that cause disease
in temperate crops (Barwell et al., 2021).

Some traits were less influential than may have been
predicted. For example, oospores are dormant sexual propa-
gules that persist in soil, in asymptomatic plants, and in
plant debris (for reproduction and survival) (Dorrance,
2018; Gyeltshen et al., 2021). A high oospore wall index
(the thickness of oospore walls relative to oospore volume)
would be expected to improve survival for extreme tempera-
tures and desiccation (survival) and hence survival during
transport, and yet this was not a major predictor of invasive-
ness. The ability to infect the roots of plants was also a poor
predictor of invasiveness; in this case, it may be because it is
such a common trait for most species and as such does not
discriminate among species.

Model predictions as decision-aiding tools

Our ultimate aim in developing this invasiveness predic-
tion model is to serve as a decision-aiding tool for local or
regional managers engaged in trying to anticipate if any,
and which, Phytophthora species might prove to be a crit-
ical pathogen. Our species database and model projec-
tions can help identify potentially impacted ecosystems
and environments, dispersal media, and other environ-
mental and organismic characteristics that may help
focus preventative management activities in advance of
pathogen spread and impact. Presenting outcomes as
probabilities of invasiveness degrees is a way to express
uncertainty of knowledge, which managers can use in
their expression of risk attitude for their risk manage-
ment decision-making.

Further, the database and model can be used to iden-
tify key species or habitat attributes potentially influenc-
ing invasiveness predictions but which are not well
known, to help prioritize activities such as inventory, mon-
itoring, and research to reduce those key uncertainties.
Should establishment and spread already be suspected,
some efficient survey techniques such as environmental
DNA (eDNA) detection can be used (e.g., Hauck
et al., 2021; Khaliq et al., 2018).

Some examples of local control of Phytophthora spe-
cies include management of sudden oak death cited fur-
ther above (also see Cunniffe et al., 2016; Filipe
et al., 2012) and use of microbiota biocontrol agents to
control the impact of P. capsici on agricultural products
(Cucu et al., 2020). Other examples include reducing the
spread of the soil pathogen P. cinnamomi during mining
operations (Colquhoun & Kerp, 2007), its eradication
from mine sites and sensitive ecosystems (Dunstan et al.,
2010, 2020), and the use of phosphite to control its impact
on trees (Crane & Shearer, 2014). Further examples can
be found in the literature. Key to preventing infestations
in the first place is knowing the potential for and mecha-
nisms of, and designing the means to thwart, establish-
ment and spread.

The model is intended to be refined with further
knowledge and findings. To this end, we are providing
access to the database and the model, especially, for man-
agement use, and also to encourage refinement of the
data and updating of the model network and probability
structure as provided by results of new studies.

CONCLUSIONS

We have developed and provided a BN model predicting
the potential degree of invasiveness of Phytophthora spe-
cies. The model is intended to serve as a decision-aiding
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tool to help identify conditions leading to potential
establishment and spread of Phytophthora pathogens,
and to be updated over time with new data and study
findings.
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