") Check for updates

Plant Pathology (2020) 69, 17-27 Doi: 10.1111/ppa.13111

Projecting the suitability of global and local habitats for
myrtle rust (Austropuccinia psidii) using model consensus

H. A. Narouei-Khandan® @, S. P. Worner®, S. L. H. Vilianen®, A. H. C. van Bruggen®
and E. E. Jones®

aBjo-Protection Research Centre, Lincoln University, PO Box 85084; ®Department of Pest-management and Conservation, Faculty of
Agriculture and Life Sciences, Lincoln University, PO Box 85084, °The New Zealand Institute for Plant & Food Research Limited, Private
Bag 4704, Christchurch 8140, New Zealand: and “Department of Plant Pathology and Emerging Pathogens Institute, University of Florida,
Gainesville, FL 32611-0680, USA

Myrtle rust (caused by Austropuccinia psidii) affects more than 500 known host species in the Myrtaceae family. Three
different modelling approaches (CLIMEX, MaxEnt and Multi-Model Framework) were used to project the habitat suit-
ability for myrtle rust at both global and local scales. Current data on the global occurrence of myrtle rust were col-
lected from online literature and expert solicitation. Long-term averages of climate data (1960-1990) were sourced
from WorldClim and CliMond websites. Recent reports of myrtle rust in New Zealand were used for validation of
model outputs but not in model training and testing. The model outputs were combined into a consensus model to
identify localities projected to be suitable for myrtle rust according to two or three models (hotspots). In addition to
the locations where the pathogen is currently present, all models successfully projected independent occurrence data in
New Zealand suitable for establishment of the pathogen. Climate suitability for the pathogen was primarily related to
temperature followed by rainfall in MaxEnt and the CLIMEX model. The results confirmed the optimum temperature
range of this pathogen in the literature (15-25 °C). Additional analysis of the precipitation variables indicated that
excessive rain (more than 2000 mm in warmest quarter of the year) combined with high temperatures (>30 °C) con-
strain pathogen establishment. The results of the current study can be useful for countries such as New Zealand, China,
South Africa and Singapore where the pathogen has not fully spread or established.

Keywords: Austropuccinia psidii, guava rust, model consensus, myrtle rust, species distribution models

et al., 2016; Pegg et al., 2017). For example, after repeated
and severe infections by A. psidii, brown malletwood trees
(Rhodamnia  rubescens) and native guava trees

Introduction

Myrtle rust, also known as eucalyptus rust, *6hi’a rust and
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guava rust, is an important plant disease affecting more
than 500 known host species in the Myrtaceae family (Ber-
thon et al., 2018; Yong et al., 2019). The taxonomic posi-
tion of the causal agent has been unclear until a recent
study based on phylogenetic analyses revealed that the
fungus belongs to a new genus, Austropuccinia psidii,
within the family Sphaerophragmiaceae (Pucciniales;
Beenken, 2017). Austropuccinia psidii can infect stems,
leaves and fruit of its hosts, especially on young, actively
growing eucalypts (Coutinho et al., 1998; Pegg et al.,
2017). The infection may cause twisting or bending of the
leaves and leaf drop (Coutinho et al., 1998; Pegg et al.,
2017). The impact of myrtle rust on native Myrtaceae in
Australia can be very serious, resulting in infected shoots
and crowns and ultimately leading to tree death (Carnegie
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(Rhodomyrtus psidioides) were killed in less than four
years and the population of the native guava declined
more that 50% in less than five years (Carnegie et al.,
2016; Pegg et al., 2017). Similar impacts have been
reported on nioi (Eugenia koolauensis), an endangered
species in Hawaii (Loope, 2010). Impacts on different
Myrtaceae species vary greatly from resistant to highly
susceptible reactions, even within species, and similarly,
A. psidii biotypes from different hosts and locations vary
greatly in their ability to infect different host plants (Mar-
latt & Kimbrough, 1979; Berthon ez al., 2018).

The first serious outbreak of myrtle rust was reported
from nurseries in Brazil in 1973 where it affected non-
native (more susceptible) Eucalyptus species (Ferreira,
1981). Later the pathogen was reported from other parts
of Latin America. The disease appeared in Florida in
1977 (Marlatt & Kimbrough, 1979) and in Hawaii in
2005 (Uchida & Loope, 2009). Thereafter, the pathogen
quickly spread into other countries (Fig. 1) such as Aus-
tralia in 2010 (Carnegie et al., 2010) and New Caledonia
and South Africa in 2013 (Roux et al., 2013; Soewarto
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A Myrtle rust presence data

Figure 1 Current global distribution of myrtle rust caused by Austropuccinia psidii. The New Zealand presence points shown here were used as
independent data to validate the output of the models developed in this study. [Colour figure can be viewed at wileyonlinelibrary.com].

et al., 2018). More recently myrtle rust was reported
from Singapore (du Plessis et al., 2017) and New Zeal-
and where it has not yet fully spread throughout the
country (www.mpi.govt.nz; accessed 25 April 2019).

Based on the wide host range and damage history of
this pathogen in other regions of the world, myrtle rust
is considered a serious risk to indigenous plants in the
Myrtaceae family and to biodiversity in New Zealand
(Kriticos & Leriche, 2008; Ramsfield et al., 2010; Ste-
wart et al., 2017). Myrtle rust can potentially affect four
main industries in New Zealand including nurseries
growing myrtaceous plants, producers of manuka honey
and growers of feijoa and eucalypts (Clark, 2011). The
rust could also alter the composition of New Zealand
indigenous forest systems (Ramsfield et al., 2010). In
addition to economic and ecological values, the native
species of the Myrtaceae family in New Zealand have
significant sociocultural and spiritual significance. How-
ever, it is not known to what extent the climate in New
Zealand is suitable for further spread of myrtle rust or
how susceptible New Zealand myrtaceous species will be
in different locations (www.mpi.govt.nz, accessed 2
December 2017).

Because of the potential impact of myrtle rust and its
rapid spread into new areas, several spatial models have
been developed to predict further spread. Booth et al.
(2000) used simple climatic mapping programs to identify
high risk areas for myrtle rust in tropical ecoregions of the
Americas and in Australia. While their model generally
performed well, it did not predict southern parts of
Queensland in Australia and Paraguay in South America
as suitable, despite the fact that the presence of the rust is
well documented in these areas. A more detailed climate-
based model, named RISK, was developed based on cli-
mate data across Australia and relationships of tempera-
ture and relative humidity with disease development under
controlled conditions (Booth & Jovanovic, 2012).
Although, this model performed well for Australia, it did

not predict Tasmania, where myrtle rust was reported in
2015, as suitable (Tobias et al., 2015). Alvares et al.
(2017) developed a spatial regression model predicting
myrtle rust in Brazil from calculated night temperatures
and leaf wetness durations. Their model predicted a large
area in central and northwest Brazil as highly suitable in
most months of the year although only few reports of the
rust are available from these regions to date. Elith ef al.
(2013) and Berthon et al. (2018) carried out another bio-
climatic analysis of the risk of myrtle rust establishment in
Australia using the MaxEnt model. Similarly, Stewart
et al. (2017) used the MaxEnt model to project the global
distribution of myrtle rust. Kriticos et al. (2008, 2013a)
used CLIMEX Compare Locations and CLIMEX Match
Regions to project the suitability of New Zealand for the
establishment of myrtle rust. In addition, the NAPPFAST
model was used to project the potential global distribution
of myrtle rust, including Australia and New Zealand,
using 10 years of climate data (Magarey et al., 2007). This
model, which was based on early occurrences of myrtle
rust (up to 2017), predicted extremely low probability of
myrtle rust establishment in New Zealand and southern
areas of New South Wales in Australia. These studies
relied on single models and, although some of these mod-
els predicted the distribution of myrtle rust quite well, they
were sometimes contradictory for some regions. A direct
comparison of the performance of different models for the
same region has not been carried out thus far.

It is critical to obtain a consensus model for the risk of
myrtle rust establishment in New Zealand so that counter-
measures could be designed to limit further spread. There-
fore, the objectives of this study were to: (i) model the
potential distribution of myrtle rust worldwide using dif-
ferent modelling approaches, with a focus on New Zeal-
and; (ii) identify climatic variables important for the
potential establishment of myrtle rust; (iii) compare the
predictions of the likelihood of myrtle rust establishment
by different models; and (iv) identify hotspots with a high
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probability of establishment of myrtle rust according to a
consensus model.

To address these objectives several species distribution
models (SDMs) were used. In these models, the current
distribution of the target species is related to historical
environmental data to project the potential distribution.
One of these models (CLIMEX) is considered semimech-
anistic, while two other modelling platforms used in this
study (MaxEnt and Multi-Model Framework or MMF)
are correlative models. They have been used in different
studies to evaluate and project the potential distribution
of various invasive organisms into new areas (Booth
et al., 2000; Kriticos et al., 2013a; Narouei-Khandan
et al., 2016, 2017; Shimwela er al., 2016).

Materials and methods

Data for occurrence of myrtle rust

The current geographical distribution of myrtle rust was gathered
from a range of published studies (Graga et al., 2011; Elith et al.,
2013; Stewart et al., 2017) and specialists (see Acknowledge-
ments). GOOGLE EARTH v. 5.1.35 and ArcGIS v. 10.2 were used to
extract the presence location coordinates from some published
studies. A total of 380 points were initially collected, which were
reduced to 160 points after removing duplicate points. This refine-
ment of presence data was done based on the resolution of the cli-
mate data to avoid environmental bias due to possible spatially
autocorrelated presence points (Brown et al., 2017; Fig. 1;
Table S1). Unlike previous researchers, the presence data were not
grouped according to different strains or genotypes/biotypes of the
rust (Elith et al., 2013; Stewart et al., 2017). This was because, so
far, there is no evidence that these strains have different environ-
mental requirements. To investigate the possibility of dependence
of A. psidii on geographic location, a principal component analysis
on environmental similarity of the presence data was performed.

Environmental data

Historic climate data, including 19 bioclimatic variables, were
acquired from WorldClim (www.worldclim.org) and CliMond
(www.climond.org) for use in correlative models and CLIMEX,
respectively. These variables were derived from long-term
(1960-1990) monthly temperature and rain data that have
widely been used in similar studies and provide 19 variables at
global scale (Hijmans et al., 2005); they are assumed to reflect
the climate suitability for the growth and development of differ-
ent organisms including plant pathogens (Elith et al., 2013; Nar-
ouei-Khandan et al., 2016; Brown et al., 2017). The WorldClim
dataset is one of few sources that also provide the same vari-
ables for future climate projections based on global climate
models. This would be very beneficial if one is aiming to investi-
gate and compare the effect of climate change on the species of
interest. The resolution of both the WorldClim and CliMond
data used in this study was 10 arc minutes (c. 18.6 km).

Species distribution models

CLIMEX
CLIMEX is considered a semimechanistic model, with moderate
complexity, that estimates the potential geographical
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distribution of a species and its response to climate based on
long-term climate data (Sutherst et al., 2007; Khandan et al.,
2013; Kriticos et al., 2013a). The process involves matching the
species distribution and climate pattern using a calibration
method rather than a statistical fitting process. Environmental
needs of myrtle rust such as temperature (Elith et al., 2013) and
stress parameters were used in CLIMEX v. 4. The temperature
parameter values of Kriticos et al. (2013a) were used as a start-
ing point to calibrate potential pathogen growth. Stress indices
that describe cold stress (CS), heat stress (HS), dry stress (DS),
and combination of hot-dry (Kriticos et al., 2013a) were used to
investigate the species response to unfavourable conditions. In
addition to parameters used by Kriticos et al. (2013a), hot-wet
stress parameters were also applied.

Calibration of the CLIMEX model resulted in the final param-
eters described in Table 1, with an upper temperature threshold
(DV3) of 30 °C. The upper temperature threshold (DV;) was
adjusted to allow for the persistence of the pathogen in South
American localities such as Quebracho and Tres Bocas in Uru-
guay, Paraguay and Espago Doeste in Brazil. The cold stress
temperature threshold (TTCS) was set at 4 °C, which meant
that the lower temperature threshold (DVy =10 °C) did not
constrain myrtle rust development. Soil moisture parameters
were set to allow distribution of the pathogen in Maui, Hawaii
and Santa Catarina and Espirito Santo in Brazil. Application of
the dry-stress parameters resulted in the exclusion of the high-
lands around Petrolina, Brazil, northern Paraguay and southern
Bolivia where the disease is not reported. The hot-wet stress
parameters were also set to avoid over-prediction in hot and
wet areas such as the Amazon region, some parts of central
Africa and some parts of Florida. These adjustments resulted in
unsuitability of parts of these areas for establishment of the
pathogen. Detailed information about parameter fitting in the
CLIMEX model can be found in Sutherst et al. (2007).

MaxEnt

MaxEnt is a correlative presence-only or presence-background
model and has been claimed to outperform most of the existing
correlative modelling approaches (Elith er al., 2006; Merow
et al., 2013). This model compares presence points against

Table 1 Parameter values used in developing CLIMEX model for
myrtle rust.

Index Parameter Value Unit
DVg Lower temperature threshold 10 °C

DV, Lower optimum temperature 15 °C

DV, Upper optimum temperature 25 °C

DV3 Upper temperature threshold 30 °C

SMo Lower soil moisture threshold 0.5 —

SM; Lower optimum soil moisture 1 —

SMo Upper optimum soil moisture 1.5 —

SM3 Upper soil moisture threshold 2 —
TTCS Cold stress temperature threshold 4 °C
THCS Cold stress temperature rate —0.005 Week ™!
DTCS Cold stress degree-day threshold 15 °C
TTHS Heat stress temperature threshold 35 °C
THHS Heat stress temperature rate 0.002 Week ™
SMDS Dry stress threshold 0.2 Week ™!
HDS Dry stress rate —0.015  Week™’
TTHD Hot-dry temperature threshold (0-50) 35 —
TTHW Hot-wet temperature threshold (0-50) 33 °C
PHW Hot-wet stress rate 0.04 Week ™
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background sites, which are the locations where the presence or
absence of the species is unknown. SDMtooLBox v. 2 (Brown
et al., 2017) was used to deal with sampling bias and to remove
highly correlated variables after Pearson correlation tests. In
addition, the random forest option in MMF was used to choose
the most important variables among those that were not highly
correlated. Because the number of presence locations comprised
a large sample, linear, quadratic and hinge features were used to
allow more complexity in the model. Additionally, response
curves were produced to investigate the response of the patho-
gen to environmental factors and their effect on MaxEnt projec-
tion. Seventy-five percent of data were used to train/fit the
model and 25% were set aside to test the model. If the extent of
the background around the presence points is too large it can
potentially result in failure of the model to predict the suitability
of uncolonized locations that might be climatically suitable for
the species (Brown et al., 2017). To avoid this issue, the back-
ground optimization method suggested by Senay ez al. (2013)
was used for both MaxEnt and MMF. Thus, circles with a
radius of 400 km around the presence points were found to be
the most appropriate background extent (data not shown).

Multi-Model Framework (MMF)

The MMF models data of presence/absence of species using nine
different species distribution models: linear discriminant analysis
(LDA), quadratic discriminant analysis (QDA), logistic regres-
sion (LOG), naive Bayes (NB), classification and regression trees
(CART), conditional trees (CTREE), K-nearest neighbour
(KNN), support vector machines (SVM) and artificial neural net-
works (NNET) (Worner et al., 2010). In MMTF, a set of artificial
absence points (pseudo-absences) are generated using one-class
support vector machines (OCSVMs). Based on all the presence
data, 100 ensemble models were fitted that proved to have the
lowest prediction errors for absence of the pathogen. In this
way, pseudo-absence points were generated that had a zero-
probability of environmental suitability among all 100 ensemble
models. This process resulted in many possible absence points,
which were then clustered using K-mean clustering based on
environmental similarity. From these clusters, the locations clos-
est to the cluster centroid were selected as (pseudo-) absence
points. The same bioclimatic variables selected by random forest
for the MaxEnt model were also used in MMF.

Model validation

As stated earlier, the MaxEnt model was validated with 25%
(randomly distributed) of the total dataset. Model validation in
MMEF was carried out by cross-validation (10-fold) and boot-
strapping. Based on 10 different performance criteria (Table S2)
calculated through bootstrapping and cross-validation, the mod-
els were ranked and the best model was selected accordingly
(Table S2). The performance criteria were: accuracy, precision,
recall (sensitivity), F-score, kappa index, specificity, true skill
statistic (TSS), uncertainty, x.32, and area under curve (AUC).
Further visual validation of all three models was carried out
using the recent occurrence data of myrtle rust in New Zealand
(New Zealand Ministry for Primary Industries, www.mpi.govt.
nz; accessed 25 April 2019).

Model consensus

To identify the areas (or ‘hotspots’) that were projected as suit-
able for establishment of myrtle rust by all three modelling
approaches, the output maps of CLIMEX, MaxEnt and MMF

were converted into binary maps in ARcMar v. 10.2. To pro-
duce binary maps, the threshold of 10 percentile presence in the
training data, occurrence threshold of 0.5 and an Ecoclimatic
Index (EI) threshold of >1 were used for MaxEnt, MMF and
CLIMEX, respectively (Jarnevich & Reynolds, 2011; Narouei-
Khandan, 2014).

The performance of the consensus model was assessed by cal-
culating the true positives and false negatives, estimating the
sensitivity. Other performance data would not be possible to
calculate as the consensus model is a combination of the individ-
ual models and independent absences/pseudo-absences are not
available. A z-score test was performed between sensitivity val-
ues provided by the consensus model and the component models
to investigate if the sensitivity of the consensus model was sig-
nificantly better than those of the individual models.

Principal component analysis

To visualize the degree of similarity among the climates of glo-
bal regions where myrtle rust occurs and New Zealand, princi-
pal component analysis (PCA) was performed on the 19
bioclimatic variables mentioned earlier. The bioclimatic data of
the presence points were extracted in ARCGIS v. 10.2 and the
data were transferred to R v. 3.4.3 where the priNcOMP com-
mand was used to perform PCA analysis. The results (principal
component 1 and 2) were transferred back and plotted in Arc-
GIS v. 10.2.

Results

Model performance, effect of environmental variables
and potential distribution

Model performance

The CLIMEX model resulted in a very good fit to the
current global distribution of myrtle rust. The calibrated
model predicted areas as highly suitable (EI > 26) that
included locations where myrtle rust had been observed,
with the exception of two points, one in Argentina and
one in California, that were projected as being marginal
for the establishment of the disease. The MaxEnt model
gave an AUC of 0.74, which indicated a good model
(better than a random model). In MMF, based on 10
performance criteria achieved by cross-validation and
bootstrapping, the support vector machine (SVM)
showed the best score, with an AUC of 0.95; therefore,
MMEF was ranked and selected as the best model
(Table S2). All three models successfully predicted myrtle
rust occurrences in New Zealand.

Environmental variables

The Pearson correlation test and random forest were used
to remove highly correlated variables and to select the best
candidate variables for both MaxEnt and MMF. This pro-
cess resulted in the selection of 10 variables comprising:
annual mean temperature (cbio01), mean of monthly tem-
perature (max. temp. minus min. temp.) (cbio02), maxi-
mum temperature of the warmest month (cbio05),
minimum temperature of the coldest month (cbio06),
annual temperature range (cbio07), mean temperature of
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the wettest month (cbio08), mean temperature of the driest
quarter (cbio09), precipitation of the wettest month
(cbio13), precipitation of the driest month (cbio14) and pre-
cipitation of the warmest quarter (cbio18). Analysis of vari-
able contributions showed that temperature had the highest
impact on myrtle rust distribution with the combination of
annual temperature range (bio_7) and annual mean temper-
ature (bio_1) contributing more than 66% to the prediction
by the MaxEnt model (Table 2). The response curve of
annual mean temperature (bio_1) suggested that the proba-
bility of the presence of myrtle rust started to decrease
above 25 °C (Fig. 2a). In addition, the response curve of
precipitation in the warmest quarter (cbio18) showed that
establishment of the pathogen decreased when precipitation
of the warmest quarter exceeded 1800 mm (Fig. 2b). This
confirmed the relevance of the hot-wet stress parameter
used in the CLIMEX model (Table 1).

Potential distribution
All three models projected large areas in South America,
Africa, East Asia, the Caribbean and southern USA as
highly suitable for establishment of myrtle rust (Fig. 3a,b,
¢). However, there were apparent differences among the
models in their projection, particularly in Europe and
southern China. Europe was not projected suitable by
SVM while there were suitable areas projected by CLI-
MEX and MaxEnt in the Balkans (Fig. 3a,b). Southern
China was predicted as suitable by CLIMEX and MaxEnt
(Fig. 3a,b) while SVM only projected the coastal area in
the south as suitable (Fig. 3c). In South America, the pro-
jection of CLIMEX and MMF was in accordance with
the current distribution of myrtle rust while the MaxEnt
projection was generally low for South America with the
exception of coastal eastern and southern areas in Brazil
and Uruguay, which were projected to be highly suitable.
In Australia, all models projected coastal areas in east-
ern Australia as suitable, which matched the current dis-
tribution of the pathogen (Berthon et al., 2018). In
addition, small areas in western Australia and western
China were projected as highly suitable by all three mod-
els where there are no reports of the pathogen vyet

Table 2 Average contribution (out of 5000 iterations) of environmental
variables to the prediction of the global distribution of myrtle rust
caused by Austropuccinia psidii using MaxEnt.

Variable Contribution (%)

bio_7  Annual temperature range (bio_5-bio_6) 34.3

bio_1 Annual mean temperature 19.4

bio_14  Precipitation of driest month 13.6

bio_9 Mean temperature of driest quarter 135

bio_18 Precipitation of warmest quarter 55

bio_5 Maximum temperature of warmest month 52

bio_6 Minimum temperature of coldest month 3.6

bio_2  Mean diurnal range (mean of monthly 2.3
(max. temp.—min. temp.))

bio_13 Precipitation seasonality (coefficient of 1.5
variation)

bio_8 Mean temperature of wettest quarter 1.0
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(Fig. 3a,b,c). The projection of all three models for New
Zealand indicated that the Northland and Auckland areas
in North Island (except the central highlands) were highly
suitable for myrtle rust establishment. In addition, the
rest of the North Island and small areas of the South
Island around Nelson, Blenheim and Christchurch were
projected as suitable by MaxEnt and CLIMEX (Fig. 3a,b,
¢). Compared to the Kriticos et al. (2013a) model, in the
current CLIMEX model, the largest increases in EI values
(up to 73 units) occurred in the North Island of New
Zealand and in some areas in southern China. The most
dramatic decreases in EI values (up to 53 units) were
observed in South America, Central Africa, South-east
Asia and the east coast of Australia. The model changes
made some areas in South America and South-east Asia
unsuitable or less suitable for myrtle rust (Figs S1 & S2).

Similarly, the differences between the predictions made
by the MaxEnt model of Stewart ef al. (2017) and the
current MaxEnt model is apparent in areas of South
America, China, South-east Asia, Australia and New
Zealand (mostly in North Island).

Model consensus

The consensus model had an improved sensitivity (lower
false negative rate) compared to its component models
(Table 3). The results of the z-score test between the con-
sensus model and the individual models indicated that
the sensitivity of the consensus model was statistically
significantly better than that of the SVM model, but it
was not better than those of the CLIMEX and MaxEnt
models (Table 3).

The consensus model highlighted the hotspots, or in
other words the areas where at least two models pro-
jected climate suitability (Fig. 4). The total area of hot-
spots predicted by the consensus model was significantly
smaller than the areas predicted as suitable by each indi-
vidual model (Table S3). Almost all current presence
data (156 out of 160) were located within hotspots pro-
jected as suitable by at least two models (Fig. 4). Areas
where all three models agreed on suitability included
Florida, the Caribbean, southern Brazil, southern Para-
guay and Bolivia, eastern coastal areas in South Africa,
eastern Madagascar, and eastern coastal areas in Aus-
tralia, Papua New Guinea, southern China, southern
Vietnam and Laos, Vanuatu and New Caledonia
(Fig. 4). Other parts of the world were projected as being
unsuitable or suitable by one or two models only.

In New Zealand, the models predicted that the most
suitable areas for myrtle rust were in Northland, Auck-
land region and Waikato. All three models agreed on
areas with suitable climates for establishment of myrtle
rust. The whole of the North Island (except the central
highlands) and the northern part of the South Island
were predicted suitable by at least two models (Fig. 4).

Principal component analysis

The results of PCA showed that some of the myrtle rust
presence points lie close to or within the New Zealand
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Figure 2 The probability of the establishment of myrtle rust in response to annual mean temperature (a) and precipitation of the warmest quarter
(b), according to the model produced by MaxEnt. [Colour figure can be viewed at wileyonlinelibrary.com].

climate data space, which implies a close similarity in cli-
mate of global locations of myrtle rust and some areas in
New Zealand (Fig. 5).

Discussion

Several prediction models are already available for myr-
tle rust, but all of them rely on a single modelling
approach (Magarey et al., 2007; Kriticos & Leriche,
2008; Elith et al., 2013; Kriticos et al., 2013a; Alvares
et al., 2017; Stewart et al., 2017; Berthon et al., 2018).
These individual models are associated with different sets
of uncertainties in the predictions. The present study is
the first to address the potential global and local estab-
lishment of myrtle rust using three different modelling
methods (semimechanistic, presence-only and presence—
(pseudo-) absence models). In addition, the modelling
outcomes have been combined in a consensus model to
account for uncertainties involved in individual models
(Araujo et al., 2005; Araujo & New, 2007).

All three models provided a good fit to the current dis-
tribution of myrtle rust worldwide. In addition, all three
models successfully projected current areas of occurrence
in New Zealand as suitable although these data were not
used in the modelling process. There was a high degree of
agreement among the models on the suitability of areas
such as the eastern coastal parts of South Africa, Australia,
the Caribbean and eastern coastal areas in Brazil. Never-
theless, MMF projected somewhat larger areas as suitable
(in Brazil, China, central Africa and eastern Australia)
than CLIMEX and MaxEnt. While MMF projected highly
suitable areas in central and northwest Brazil, there are
only a few reports of rust from these regions so far
(Alvares et al., 2017). This might be due to a lack of host
plants or extensive surveys because the area is not easily
accessible. For New Zealand, there was a good level of
agreement among all three models, particularly in North-
land and the Auckland region on the North Island. Both
CLIMEX and MaxEnt projected most of the North Island
as highly suitable (except central highlands) whereas the
MMF (SVM model) projection was confined to coastal

areas of the North Island, which is in agreement with
recent reports of myrtle rust in New Zealand (www.mpi.
govt.nz; accessed 25 April 2019).

The important role of temperature for myrtle rust estab-
lishment was highlighted by both CLIMEX and MaxEnt.
In CLIMEX, none of the stress parameters used in calibra-
tion of the model had any effect on the projected establish-
ment of myrtle rust in New Zealand and the model
suggested that temperature has most effect on pathogen
establishment in Northland where rain is not a limiting
factor. The use of stress parameters in CLIMEX is one of
the model’s advantages as this allows characterization of
areas with unfavourable conditions for species growth and
establishment. For example, while all three models agreed
that northern Mexico and southern California had unsuit-
able habitat, CLIMEX showed that the dry stress was the
main limiting factor in those areas. The ability to identify
specific limiting factors is not an option available in other
models such as MaxEnt and MMF. In addition, CLIMEX
was able to produce growth index charts for selected loca-
tions. For example, for Northland in New Zealand, CLI-
MEX indicated that the pathogen growth index was lower
from May to early November than at other times of the
year due to lower temperatures (Fig. 6).

The response curves produced by MaxEnt also pro-
vided useful information about the environmental factors
that affect establishment of the pathogen. Both CLIMEX
and MaxEnt indicated that the optimum temperature for
establishment of myrtle rust is around 25 °C. When the
temperature exceeded 25 °C, the probability of occur-
rence started to decrease, which was in agreement with
available information on the temperature requirements
of this pathogen (Dianese et al., 1984; Tessmann et al.,
2001). Additionally, the response curve of precipitation
in the warmest quarter implied that excessive precipita-
tion combined with high temperature decreased the prob-
ability of myrtle rust establishment. The negative effect
of rain on establishment of myrtle rust was mentioned in
previous studies, which suggested excessive rain would
wash out the urediniospores (Dianese et al., 1984; Elith
et al., 2013; Zauza et al., 2015).
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Figure 3 Potential suitability of the climate for myrtle rust at a global and New Zealand scale projected by the models developed using (a) CLIMEX,
(b) MaxEnt, (c) support vector machine (SVM, the highest performing model in the multi-model framework). [Colour figure can be viewed at
wileyonlinelibrary.com].

The PCA showed that climate data of present locations patterns and groupings (for example, according to poten-
of myrtle rust in Australia, Uruguay, Hawaii, Brazil and tial genotype differences) among presence data in envi-
Japan are very similar to those of New Zealand, confirm- ronmental space. More studies on the biology of myrtle
ing the likelihood of pathogen establishment in large rust are needed to investigate whether different strains
parts of New Zealand. The PCA did not show specific have specific environmental responses. Modelling a
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Table 3 Comparison of accuracy measures of the consensus model and individual MaxEnt, CLIMEX and support vector machine (SVM) models for

the projection of suitability for myrtle rust.

Model Total (presence of myrtle rust) True positive (TP) False negative (FN) Sensitivity (TPR)® False negative rate (FNR)?
Consensus 160 156 (two models) 4 0.975 0.0250
MaxEnt 148 12 0.925 0.0750
CLIMEX 149 11 0.931 0.0688
SVM 139 21 0.868 0.1313

3TPR = TPATP + FN).
°FNR = FNAFN + TP).

[_] Not Suitable
[ Predicted suitable by one model

[] Predicted suitable by two models
B Predicted suitable by three models.

Figure 4 Consensus model showing the hotspot areas, which two or three models both predicted as suitable for establishment of myrtle rust.

[Colour figure can be viewed at wileyonlinelibrary.com].
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spots). The climate data were obtained from the WorldClim website (www.worldclim.org). [Colour figure can be viewed at wileyonlinelibrary.com].

species distribution based on presumed genotype/strain
differences might be misleading as one may actually end
up modelling host plant rather than pathogen distribu-
tion.

Hotspots with a high probability of establishment of
myrtle rust were identified in the consensus model.
The hotspot areas were mainly located in the

Caribbean, Central and South America, eastern coastal
areas in Africa and Australia, as well as South-east
Asia. These hotspot areas largely reflected the current
presence data.

Similar to the present findings, the model of Booth
et al. (2000) projected that coastal areas of northern New
South Wales and Queensland in Australia would be
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Figure 6 Weekly growth index of myrtle rust and climate variables around Auckland, New Zealand, produced by the CLIMEX model. [Colour figure

can be viewed at wileyonlinelibrary.com].

suitable for establishment of myrtle rust. These regions,
which have been affected by myrtle rust since 2010, were
also projected as suitable by CLIMEX, MaxEnt and
MMF in the current study. NAPPFAST (Magarey et al.,
2007) projected low suitability for the North Island of
New Zealand and higher suitability for Central Otago on
South Island, which is in contrast with the findings of the
current and other existing models (Kriticos et al., 2013a).
Because the pathogen favours mild to warm tempera-
tures, it might be expected that warmer parts of New
Zealand would be more suitable for myrtle rust. Temper-
ature parameter values, coarser resolution of climate
data, fewer occurrence data and shorter data time-frame
(10 year) used in NAPPFAST may have contributed to its
improbable projection for New Zealand (Kriticos et al.,
2008). The model projections in the current study were in
accordance with studies by Kriticos et al. (2008, 2013a)
that predicted that most of the North Island is suitable
for myrtle rust establishment using CLIMEX. While the
CLIMEX parameter values used in the present study were
similar to those used by Kriticos et al. (2013a), hot-wet
stress parameters were also successfully integrated in CLI-
MEX, which were not used by Kriticos et al. (2013a).
This integration of hot-wet stress parameters resulted in
avoiding over-prediction in most parts of the Amazon
and some parts of central Africa without compromising
the projection for Florida. The role of hot-wet stress,
caused by excessive rain and high temperatures, was con-
firmed by MaxEnt. Similar to the current findings, the
Kriticos et al. (2013a) model, which combined the model
results with distribution of the myrtle rust hosts in Aus-
tralia, identified temperate temperature and moisture as
the main factors in establishment of myrtle rust.

Using MaxEnt for their global distribution study, Ste-
wart et al. (2017) projected lower probabilities for south-
ern China, central Amazon, central Africa and East Asia
than the model output presented here, probably because
they used fewer presence data in those regions. More-
over, their presence data were not rarefied and the multi-
collinearity among predictor variables was not accounted

Plant Pathology (2020) 69, 17-27

for, which could have affected model output (Miller,
2012). In addition to prediction of the general occur-
rence of myrtle rust, Stewart et al. (2017) and Berthon
et al. (2018) developed models for different pathogen
biotypes. While distinct biotypes of A. psidii that vary in
virulence have been distinguished (Silva ez al., 2014; Ste-
wart et al., 2017), there is no evidence that these strains
respond differently to environmental conditions.
Prediction models, particularly species distribution
models (SDMs), could be valuable tools in risk assess-
ment of serious biosecurity species (Aratjo et al., 2005;
Kriticos et al., 2013b). To properly interpret the results
of SDMs, the uncertainties involved should be consid-
ered. The particular SDM used may actually contribute
most to the uncertainty of the model output (Thibaud
et al., 2014; Watling et al., 2015). However, there are
other sources of uncertainty such as species presence data
and their rarefaction and potential autocorrelations that
can affect model prediction. There are also general limi-
tations associated with each of the SDMs. For example,
the parameter fitting process in the CLIMEX model is
subjective; one may develop similar projection maps with
various combinations of different growth and stress
indices or different projection maps with similar climate
data. Although the same climate data were used in the
CLIMEX model by Kriticos et al. (2013a) and the CLI-
MEX model in the current study, differences in projected
suitability of some areas between these studies can be
attributed to the increased number of presence data used
in the current model calibration. Kriticos et al. (2013a)
used around 60 points at the global scale compared to
the 160 points in the current model. Another source of
uncertainty in the CLIMEX model output is the visual
validation that is commonly used because CLIMEX
models lack a standard statistical validation method.
Other modelling methods have their own limitations.
MaxEnt has been criticized for its poor transferability to
new regions (Townsend Peterson et al., 2007; Merow
et al., 2013). Other settings in MaxEnt such as feature
selection, sample bias, spatial autocorrelation, and
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background data extent, which can affect the model pro-
jection, have been discussed by Merow et al. (2013).
Also, the presence—pseudo-absence models used in MMF
do not provide information such as the importance of
selected variables or response curves (Worner et al.,
2010; Narouei-Khandan, 2014).

Despite these caveats of individual models, the consen-
sus model presented here, composed of three different
types of models as recommended by Aradjo & New
(2007), minimized the uncertainties and resulted in predic-
tions that reflected the observed occurrences and the pre-
dictions from previous models. The consensus model had
the highest sensitivity and lowest false negative rate, with
156 out of 160 presence points lying within areas pre-
dicted as suitable. While consensus resulted in improved
sensitivity compared to the component models, this
improvement was not statistically significant. Models with
high sensitivity generally minimize false negatives (omis-
sion error, under-prediction), but may result in increased
false positives (commission error, over-prediction). How-
ever, minimizing false negatives is more important than
false positives in the case of biosecurity threats from inva-
sive species and models with low omission error should be
preferred (Ward, 2006; Webber e al., 2011). Although
over-prediction may potentially result in increased biose-
curity measures or management strategies where they are
not needed, this issue can be managed by prioritizing high
risk areas based on prior knowledge of species biology.

In conclusion, the most accurate projection of myrtle
rust is attained by combining the output of several mod-
els and using good quality input data. It is difficult to
fully control this disease in natural habitats because the
pathogen mostly spreads by wind (Zauza et al., 2015),
but major efforts to limit its spread are warranted con-
sidering the potential economic, ecological and sociocul-
tural impact of myrtle rust in New Zealand.
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Additional Supporting Information may be found in the online version of
this article at the publisher’s web-site.

Table S1. The geographic coordinates of locations of myrtle rust, of
which the most recent (New Zealand data) were used to validate model
outputs.

Table S2. The accuracy measures achieved by bootstrapping (a) and
cross-validation (b) in the Multi-Model Framework developed for myrtle
rust. Acronyms for models are: QDA, quadratic discriminant analysis;
NB, naive Bayes; LDA, linear discriminant analysis; LOG, logistic regres-
sion; CART, classification and regression tree; CTREE, conditional tree;
KNN, K-nearest neighbor; SVM, support vector machine; and NNET,
neural network.

Table S3. The areas predicted as suitable for myrtle rust by the consensus
model and component models. The average area of each pixel
~18.6 x 18.6 km.

Figure S1. Comparison of changes in value of the ecoclimatic index (EI)
of the CLIMEX model developed in the current study and the CLIMEX
model developed by Kriticos et al. (2013a). The warm colours show the
most extreme increase in EI values of the current model compared to
Kriticos et al. (2013a) and the cold colours show the most extreme
decrease in EI values compared to Kriticos et al. (2013a).

Figure S2. A comparison between predictions of areas suitable for myrtle
rust made by the Kriticos et al. (2013a) CLIMEX model (top) and the
CLIMEX model developed in the current study (below).
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