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Abstract
The Asian citrus psyllid (ACP) Diaphorina citri Kuwayama (Hempitera: Liviidae) is a destructive, invasive
species which poses a serious threat to the citrus industry worldwide. The psyllid vectors the phloem-
limited bacteria “Candidatus Liberibacter americanus” and “Candidatus Liberibacter asiaticus”, causal
agents of the incurable citrus greening disease or huanglongbing (HLB). It is essential to understand
which regions and areas are suitable for colonization by ACP to formulate appropriate policy and
preventive measures. Considering its biology and ecology, we used a machine learning algorithm based
on MaxEnt (Maximum Entropy) principle, to predict ACP’s potential global distribution using bioclimatic
variables and elevation. The model predictions are consistent with the known distribution of ACP and
also highlight the potential occurrence outside its current ecological range, i.e. primarily in Africa, Asia,
and the Americas. The most important abiotic variables driving ACP’s global distribution were annual
mean temperature, seasonality of temperature, and annual precipitation. Our �ndings highlight the need
for international collaboration in slowing the spread of invasive pests like D. citri.

Highlights
• We modeled and mapped the potential global distribution of Diaphorina citri.

• MaxEnt model consisted of bioclimatic variables and elevation.

• Annual mean temperature, seasonality of temperature, and annual precipitation were the most
signi�cant environmental variables.

• The model predicts suitable areas in Africa, Australia, Asia, and the Americas.

• There model predicts expansion of suitable areas from SSP1-2.6 to SSP5-8.5, and either marginal
contraction or expansion from 2040 to 2060 time periods.  

1. Introduction
Invasive species (IS) introduced outside their native range through human activities are increasing
worldwide at unprecedented rates (van Kleunen et al. 2020; Saul et al. 2017). If not effectively handled, IS
can pose a serious threat to the global economy and biodiversity. Global trade and transportation have
opened up new entry pathways for IS such as farm machinery and escapes or introductions. The
introduction, establishment and spread of IS in new habitats are often associated with irreversible
ecological changes, and serious consequences for agriculture and food security (Linders et al. 2019).
Frequently, crop production is under the combined threats from IS and climate change, both of which are
affecting biodiversity and ecosystem functioning (García et al. 2018; Sala et al. 2000). The total cost of
IS to agriculture is estimated at $3.66 billion/year in Africa (Eschen et al. 2021), $120 billion/year in the
USA (Fish and Wildlife Service U.S. 2012), 13.6 billion/year in Australia (Hoffmann and Broadhurst 2016),
and $14.45 billion/year in China (Xu et al. 2006).
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The invasive Asian citrus psyllid (ACP) Diaphorina citri Kuwayama (Hemiptera: Psyllidae), is one of the
economically most important pests of citrus worldwide. It vectors the phloem-limited bacteria
“Candidatus Liberibacter americanus” (Clam) and “Candidatus Liberibacter asiaticus” (CLas), causal
agents of the incurable citrus greening or huanglongbing (HLB) disease, which has been associated with
huge economic losses to citrus wherever it occurs (Bové 2006). Although the rate of CLas and CLam
transmission by ACP individuals is usually low, HLB can quickly spread through citrus groves (Hall et al.
2013). This often leads to an expansion of the geographic distribution of the disease, rendering many
citrus fruits unmarketable. In California, economic losses associated with a lack of HLB management
regime are estimated annually at $2.7 billion, and even under an aggressive disease management regime
at $2.2 billion per year (Durborow 2012). Attempts by citrus growers, researchers, and regulatory o�cers
to eradicate HLB in citrus groves have focused on the ACP vector, which involves intensive applications
of insecticides (Hall et al. 2013). Yet, this strategy is expensive, unsustainable, ineffective and is a threat
to human and environmental health. Insecticide resistance in �eld populations of ACP has been reported
in Florida (Chen and Stelinski 2017), Punjab (Naeem et al. 2016), and Guangdong (Tian et al. 2018). The
scienti�c community is working hard to develop ecological friendly solutions to HLB, though it could be
years before they are fully implemented (Hall et al. 2013), highlighting the importance of proper policy
formulation and prevention measures against the disease.

ACP is listed as an A1 quarantine pest by European and Mediterranean Plant Protection Organization,
Caribbean Plant Protection Commission and Organismo Internacional Regional de Sanidad Agropecuaria
(CABI 2020). The putative center of geographical origin of the psyllid is Asia (Mead 1977), but it has
spread to almost all citrus-growing regions of the world, causing economic havoc for citrus growers. In
the Americas, it was �rst reported in Brazil around the 1940s (Costa Lima 1942). In East Africa, ACP was
�rst reported in Tanzania in 2016 (Shimwela et al. 2016), and more recently also in Nigeria, West Africa
(Oke et al. 2020). Thus to date, ACP is present in all leading citrus-producing countries in the world, i.e.
China, Brazil, Mexico, India, and the USA (FAOSTAT 2019).

In order to mitigate or even avoid the ecological and socio-economic impacts caused by ACP invasions, a
thorough understanding of the habitat suitability for the vector is fundamental for appropriate risk
assessment and decision making. Biological invasion prevention is far less expensive than post-entry
control (Mack et al. 2000). Hence, a detailed understanding of a species’ geographical and biological
distribution is essential for conservation planning and forecasting (Lawler et al. 2011).

Climate change has a signi�cant impact on the distribution of species, causing either the expansion or
contraction of suitable habitats (Ajene et al. 2020). Anthropogenic activities are increasing the amounts
of pollutants in the atmosphere, particularly atmospheric CO2 and tropospheric O3, which play important
roles in ecosystem functioning (Couture and Lindroth 2013). These global changes are expected to
impact the ecological range of crop pests (Das et al. 2011). For instance, increased CO2 levels in leaves
can lead to an increase in simple sugars and a decrease in nitrogen content, leading to higher damage by
insect herbivores (Gely et al. 2020).
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The recent introductions of ACP into West and East Africa (Oke et al. 2020; Shimwela et al. 2016), as well
as to other citrus-growing regions in the world, has highlighted the need for forecasting potential new
areas of habitat suitability of this pest to enable monitoring and surveillance of such potential routes of
invasion. Previous studies have successfully used species distribution models (SDMs) to predict the
potential distribution of agricultural pests (Rank et al. 2020; Santana et al. 2019). The method computes
the degree of similarity between the environmental conditions at a particular site and the conditions at
locations where a species is known to exist (Hijmans and Elith 2013). SDMs are classi�ed into two types:
correlative models such as Maximum Entropy (MaxEnt), Genetic Algorithm for Rule Set Production, and
Ecological Niche Factor Analysis, and process-based distribution models like CLIMEX (Srivastava et al.
2019). MaxEnt is a machine learning algorithm that is useful for makings predictions or inferences from
few data points (Rank et al. 2020). It can be used to �nd correlations between the occurrence of species
and background data points from geographical environmental variables to produce estimates about
potential regions for a species to occur (Rank et al. 2020; Phillips et al. 2006). It enables researchers to
investigate the implications of climate change on areas that are suitable for future spread and has
provided signi�cant insights into prospective colonization behavior (Santana Jr et al. 2019).

In order to prevent the detrimental consequences of global warming on insect pests, researchers must get
a deeper understanding of particular species' responses as well as the complex ecological systems that
underpin these systems (Lehmann et al. 2020). Although information on the in�uence of climate change
on pests of horticulture crops has expanded signi�cantly, information on the impact of climate change on
the global distribution of ACP, essential for future mitigation measures, are often inadequate. Hence we
utilized MaxEnt to assess the response of ACP to climate change to develop information for quarantine
measures and emphasize the need for policy implementation.

2. Materials And Methods

2.1 Occurrence datasets
Occurrence data for ACP were collected in Kenya and Tanzania using yellow sticky traps, visual
observations of eggs, nymphs, adults, and symptomatic leaves between October 2015 and April 2018.
The information gathered consisted of georeferenced coordinate points with the latitude and longitude of
locations where ACP presence had been con�rmed. This was complemented by additional global
distribution data from the literature (Aidoo et al. 2021; Abreu et al. 2020; Ajene et al. 2020; Oke et al. 2020;
Wulff et al. 2020; Fuentes et al. 2018; Halbert and Núñez 2004; Cornejo and Chica 2014; Boykin et al.
2012; Teck et al. 2011; Davis et al. 2005) and from the databases of the Global Biodiversity Information
Facility (GBIF – https://www.gbif.org). A total of 386 data points were obtained (Table S1), and Fig. 1
illustrates the current distribution of ACP in Africa, the Americas, and Asia.

We applied spatial �ltering using spThin, an R package that reduces spatial autocorrelation (Aiello-
Lammens et al. 2015). The degree of the spatial association present in the datasets is known as spatial
autocorrelation, and it can prevent the points used for testing from being separated. After this �ltering
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process, all 286 remaining points of occurrence were at least 10 km apart (Boria et al. 2014). This
distance ensures that each cell has only a single point of occurrence. The data were then transformed
into MaxEnt-compatible formats.

2.2 Environmental data layers
Initially, we considered 20 variables as potential predictors for estimating ACP habitat suitability. Nineteen
(19) standard WorldClim Bioclimatic variables and one elevation data derived from the Shuttle Radar
Topographical Mission (SRTM) (Farr and Kobrick 2000) were used. These datasets were obtained from
the WorldClim version 2.1, released on January 2020 (https://www.worldclim.org/). The data layers
employed had a 2.5 min spatial resolution (about 5 km), which was suitable for supporting climatic
variables on a global scale because they covered all global land surfaces. High spatial resolution climate
data are often necessary for ecological and modeling studies (Ramos et al. 2019). WorldClim projects
current climatic conditions based on observations gathered from different weather stations between
1970 and 2000; the point datasets are interpolated using a thin plate smoothing spline algorithm to
create a seamless raster dataset (Hijmans et al. 2005).
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Table 1
Nineteen environmental variables used for the model with code and units.
The variables that were used in the �nal model as predictor variables are

highlighted in bold
Code Environmental variable Unit

Bio_1 Annual average temperature °C

Bio_2 Average variation of day time temperature °C

Bio3 Isothermality °C

Bio_4 Seasonality of temperature (SD x 100) SD × 100

Bio_5 Highest temperature of the hottest month °C

Bio_6 Lowest temperature of the coldest month °C

Bio_7 Annual temperature variation °C

Bio_8 Average temperature of the rainy quarter months °C

Bio_9 Average temperature of the driest quarter months °C

Bio_10 Average temperature of the hottest quarter months °C

Bio_11 Average temperature of the coldest quarter months °C

Bio_12 Annual precipitation mm

Bio_13 Precipitation of the rainiest month mm

Bio_14 Precipitation of the driest month mm

Bio_15 Precipitation seasonality CV

Bio_16 Precipitation of the rainiest quarter months mm

Bi0_17 Precipitation of the driest quarter months mm

Bio_18 Precipitation of the hottest quarter months mm

Bio_19 Precipitation of the coldest quarter months mm

20 Elevation m

We used the SDM toolbox 2.4 (Brown et al. 2017) in the ArcGIS software (version 10.8.1) to remove
variables with high correlation (r≥|0.70|), and only one variable from a group with correlation was
included based on Pearson’s correlation coe�cient (Rank et al. 2020; Kumar et al. 2014).

2.3 The future projections of suitable areas for Diaphorina
citri
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Our study focuses on two predictions under two different scenarios (SSP1-2.6 and SSP5-8.5) of the
upcoming 2021 Intergovernmental Panel on Climate Change (IPCC) sixth assessment report (AR6). The
SSP1-2.6 represents a scenario that assumes climate protection measures are being taken. However, the
SSP5-8.5 scenario represents the upper boundary of the range of scenarios described in the literature
(Riahi, et al. 2016). The Global Climate Model (GCM) we employed was the Model for Interdisciplinary
Research on Climate (MIROC-6). The model was developed as a result of a collaboration among the
Atmosphere and Ocean Research Institute (The University of Tokyo), the National Institute for
Environmental Studies, and the Japan Agency for Marine-Earth Science and Technology (Japan). It is a
newly developed climate model, with updates to its physical parameterizations in all sub-modules
(Tatebe et al. 2019).

2.3 Development and model validation
The global distributions of ACP were obtained from the model based on the MaxEnt version 3.4.4 (Steven
et al. 2021), which is best suited to the current study, for it has been based on the presence-only data and
background points of the organism under consideration (Phillips et al. 2006; Kumar et al. 2009). MaxEnt
generates a suitability index of the species ranging from 0 (for unsuitable) to 1 (for optimum suitability)
per grid cell. Our model for ACP was based on adjusting to the MaxEnt default settings combining
different feature classes (FC), and the regularization multiplier (RM) to �nd the best setting for the
species (Kumar et al. 2014). To adjust the number of parameters, and, hence, the model's complexity, we
selected the linear (L), quadratic (Q), product (P), threshold (T), and hinge (H) sets of MaxEnt FC with RM
(Table 3) (Elith et al. 2011). As this is a global ecological niche modeling, we tested two RM values, i.e.,
1.0 and 2.0. We chose these values because models are very restricted when the RM is < 1, which is
inadequate for global predictions. An RM value > 1 generates models with a broader potential distribution
(Phillips et al. 2006).

To eliminate extrapolations from the environmental range, we used the MaxEnt ‘fade by-clamping’
(Owens et al. 2013). The predictive contribution of variables was estimated using the Jackknife
technique; thus, we assessed the importance of each variable. Response curves were generated in
MaxEnt, and we chose only the environmental variables that represented strong relationships between the
probabilities of the presence for the species with each environmental predictor. All the response curves
were evaluated in terms of providing powerful biological logic. This indicates that the probability of the
presence of a species does not display many ups and downs as the environmental variables increases,
which is not expected to occur with living organisms.

To validate the models, we selected the criteria of test sensitivities of 0% and 10% training Omission
Rates (OR) (Kumar et al. 2014) and the AUCcv (area under the receiver operating characteristic [ROC]
curve) (Peterson et al. 2008). To calculate the AUCcv and OR, 10-fold cross-validation was run in MaxEnt.
An AUCcv value of 0.5, indicates that model predictions are no better than random; values < 0.5 are less
than random; values between 0.5 and 0.7 indicate poor performance; values between 0.7 and 0.9 indicate
moderate performance, and values > 0.9 indicate high performance (Peterson et al., 2011). In the case of
the OR, its value determines whether the model omitted the existence of locations where the target
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species occurs. The expected value at 0% OR is 0, and at 10% it is 0.10; models show poor performance
when value deviates from expected ORs (Boria et al. 2014). The model ranking was based on 10%
training OR, 0% training OR, and AUCcv in this order, respectively (Kumar et al. 2014). ArcGIS 10.8
software was used to extract the MaxEnt outputs to project areas suitable for ACP. The Maximum Test
Sensitivity Plus Speci�city (MTSPS) threshold, considered simple and effective and at least as good as
other more complicated approaches (Ramos et al. 2019), was chosen to extract from the predictive model
four suitability classes for ACP (unsuitable: 0-MTSPS; low: MTSPS-0.5; medium: 0.5–0.7 and high: 0.7–
1.0).

3 Results

3.1 Modeling performance
All the performance statistics of the ACP MaxEnt models are provided in Table 2. The average AUCcv
values ranged from 0.931 to 0.948. These models displayed low test ORs with values varying from
0.0035 to 0.0139 at a 0% training OR and from 0.1050 to 0.1887 at 10%. The best model comprised six
environmental variables with Linear, Quadratic, Product (LQP) features and RM equal to 2. Based on the
tenfold cross-validation, this model exceeded a random distribution, had an AUC value of 0.931, and low
ORs.

Table 2
Summary of the performance statistics of the Diaphorina citri MaxEnt models. The best model is

highlighted in bold.
Model
rank

Variables MaxEnt
settings

Test
AUCcv

OR

    Features RM   0% 10%

1 bio1,bio2,bio4, bio12, bio15,
elevation

LQP 2 0.931 0.0035 0.1050

2 Same as above LQPTH 2 0.947 0.0036 0.1298

3 Same as above LQPT 2 0.947 0.0069 0.1475

4 Same as above LQPT 1 0.945 0.0070 0.1887

5 Same as above LQP 1 0.933 0.0070 0.1157

6 Same as above LQPTH 1 0.948 0.0139 0.1504

Note: Variable full names (see Table 1). L, Q, P, T and H are linear, quadratic, product, threshold and
hinge features, respectively. RM is the regularization multiplier. OR is the test omission rate. Test
AUCcv is the MaxEnt 10-fold cross-validation Area Under the ROC curve.

3.2 Contribution of environmental variables
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The Jackknife test was used to identify the environmental variables that most in�uenced the ACP
distribution. The test of the importance of variables showed that annual mean temperature (bio1) was
the most useful information by itself than bio2, bio4, bio12, bio15, elevation. The variable that most
decreased the gain when omitted was seasonality of temperature (bio4), which, therefore, seems to have
the greatest amount of information that is not present in the other variables (Fig. 2). Values shown are
averages over replicated runs.

3.3 Response of variables to the suitability
The probability of occurrence of ACP has an average annual temperature of around 20 ºC (Fig. 3a) and
annual precipitation about 2,000 mm (Fig. 3b). Values mean variation in daytime temperature that differs
from 10 ºC also re�ects a decrease in the probability of ACP occurrence. The greater this variation, the
lower the probability of the species' presence (Fig. 3c). The probability of the presence of ACP was higher
in areas with low altitudinal gradients (Fig. 3d).

Annual mean temperature (Bio1; ºC), seasonality of temperature (SD × 100) (bio4), and Annual
precipitation (bio12; mm) were the environmental variables that contributed more than 90% to the pest
distribution (Tables 3). Therefore, to the observed occurrences, ACP occurs in areas with a mean annual
temperature of 21.67º C and a mean annual precipitation range of 77-5076 mm with a mean of 1,411.69
mm.
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Table 3
Environmental variables considered in the Diaphorina citri niche models and mean percentage

contribution of environmental variables in the distribution model; values were averaged over ten repeated
runs. General statistics were calculated using all occurrences (n = 166). (Min. = minimum, Max. =

maximum, Avg. = Average and SD = standard deviation).
Variable Percentage

contribution
Permutation
importance

Min. Max. Mean. SD

Annual mean
temperature (Bio1; ºC)

56.4 67.1 14.59 28.78 21.67 3.27

Seasonality of
temperature (SD × 100)
(bio4)

19.3 10.8 31.55 876.87 459.59 251.28

Annual precipitation
(bio12; mm)

17.7 13 77 5076 1411.69 660.73

Mean variation of
daytime temperature
(bio2; °C)

4.4 3.1 5.31 18.84 9.10 2.61

Precipitation seasonality
(CV) (bio15)

2 5.2 14.63 154.99 65.10 25.51

Elevation (m)(bio20) 0.1 0.8 0 2,221 338.77 403.52

Precipitation of the
driest quarter months

- - - - - -

Isothermality - - - - - -

Precipitation of the
coldest quarter months

- - - - - -

Highest temperature of
the hottest month

- - - - - -

Lowest temperature of
the coldest month

- - - - - -

Annual temperature
variation

- - - - - -

Average temperature of
the rainy quarter months

- - - - - -

Average temperature of
the driest quarter
months

- - - - - -

Average temperature of
the hottest quarter
months

- - - - - -
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Variable Percentage
contribution

Permutation
importance

Min. Max. Mean. SD

Average temperature of
the coldest quarter
months

- - - - - -

Precipitation of the
hottest quarter months

- - - - - -

Precipitation of the
rainiest month

- - - - - -

Precipitation of the
driest month

- - - - - -

Precipitation of the
rainiest quarter months

- - - - - -

3.4 Global Predicted areas at risk of distribution of
Diaphorina citri spread
The model predictions are in agreement with the known occurrence records of ACP (Fig. 4A and B). Yet,
the adjusted model in MaxEnt for ACP habitat suitability exceeded the current distribution of the pest. The
model identi�ed low habitat suitability in regions including parts of Ghana, Côte D’Ivoire, and Democratic
Republic of Congo (DRC) in Africa; China and India in Asia; Brazil, Paraguay, Bolivia, Argentina in South
America; USA and Mexico in North America; Papua New Guinea and Australia in Oceania. The areas
identi�ed to have medium suitability for ACP include some regions of Brazil, Paraguay, Bolivia, Argentina,
the United States of America, Ghana, Burma, Bangladesh, Bhutan, and China. The regions identi�ed with
high habitat suitability include parts of Southeast Asia.

3.5 Predicted areas at risk of Diaphorina citri spread for 2040 and 2060 under the SSP1-2.6 scenario

Under the low scenario (SSP1-2.6), our model predicts expansion of habitat suitability of ACP, with
regions that are presently suitable for ACP will become highly suitable in the future (Figs. 5A and B).
These regions include some parts of the USA, Brazil and Southeast Asia. Areas that will be marginally
affected by the future predictions from 2040 to 2060 under the SSP1-2.6 includes Ghana, Brazil and
China. These areas are forecasted to experience either slight expansion or contraction of suitable areas.
In Australia, there will be a marginal expansion of habitats with low suitability. However, areas in Asia
with presently high habitat suitability will continue to be highly suitable from 2040 to 2060.

3.6 Predicted areas at risk of Diaphorina citri spread for 2040 and 2060 under the SSP5-8.5 scenario

Under the extreme socio-economic pathways (SSP5-8.5) from 2040 to 2060 (Figs. 6A and B), the model
predicts expansion of habitat suitability of ACP from the low scenario, with parts of Brazil becoming
highly suitable for the pest. In addition, parts of Brazil that were suitable under the low scenario will have
medium habitat suitability. In Africa, areas in Ghana and Côte D’Ivoire with presently low suitability are
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forecasted to become medium suitability for ACP in the future. Some areas that are presently unsuitable
in North Africa are predicted to have a low suitability for ACP in the years to come. In Asia, there will be a
marginal expansion of areas with high suitability. Present areas with low suitability in Australia are
forecasted to expand inwards to cover almost half of the country from 2040 to 2060.

3.7 Impacts of climate change on potential distribution Diaphorina citri in the world's three largest citrus-
producing regions.

The suitability classes for ACP and their projections in the SSP1-2.6 and SSP5-8.5 scenarios for the
world's three largest citrus-producing regions, i.e., Brazil, China, and the USA, show that more areas in
Brazil, China, and the USA will experience an expansion of habitat suitability across the different periods
(Figs. 7 and 8).

4 Discussion
In the present study, we used SDM to establish the global distribution of ACP under different climate
change scenarios. Although there are existing information on the distribution of ACP from Brazil,
Australia, Mexico, China, the USA and Africa (Oke et al. 2020; Wang et al. 2020, 2019; Rwomushana et al.
2017; Shimwela et al. 2016; Narouei-Khandan et al. 2016; Torres-Pacheco et al. 2013; Costa et al. 2010),
most of these studies focused on small-scale ranges. Hence, there is a paucity of data examining the
possible geographic spread of the pest on larger scales and modeling future niches under climate change
scenarios. In addition, most of the studies only used bioclimatic variables whereas we used in addition
elevation. Our model predictions were consistent with the current occurrence areas of ACP, including
Nigeria (Oke et al. 2020), Kenya and La Réunion (Wang et al. 2021; Aidoo et al. 2021; Aidoo et al. 2020;
Ajene et al. 2020; Narouei-Khandan et al. 2016), Malaysia (Sule et al. 2014), Mexico (Fuentes et al. 2018),
China (Wang et al. 2020, 2019), Uganda, Tanzania and Ethiopia (Rwomushana et al. 2017), and the USA
(Sétamou and Bartels 2015). Our study provides updated and detailed maps of the occurrence and
potential global distribution of ACP under climate change. These predictions are essential for policy
formulation and quarantine measures because they will put areas that have not reported the pest on
regular surveillance and monitoring to prevent a possible invasion. We also show environmental variables
that in�uence the global distribution of ACP and how climate change in�uences the spread of the pest. In
addition, our �ndings are highly relevant for the successful management of invasive species.

Although previous studies have modelled the potential distribution of ACP under climate change using
MaxEnt (Wang et al. 2019; Narouei-Khandan et al. 2016) and CLIMEX (Wang et al. 2020), these works
focused on a speci�c geographical area, i.e., China and the USA, whereas our research aimed at global
distribution modelling. MaxEnt is a machine learning algorithm that uses presence and background
points for the prediction of areas suitable for a pest (Sillero & Barbosa 2021). MaxEnt models are
distinguished from other models because of their high accuracy in predicting the possible spread of
species (Merow et al. 2013). Furthermore, even with few occurrence records, they can provide maximum
outputs. The projected suitable areas of our MaxEnt model are consistent with ACP occurrence records,
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re�ected by the high AUC value, implying a close association between the model and the biology and
ecology of the pest.

Previous studies have used bioclimatic variables for modelling the distribution of ACP in China (Wang et
al. 2019). Here, we used one topographical and �ve climatic variables in the �nal model for prediction of
ACP suitable areas. The environmental variables that contributed most to our predictions were annual
mean of temperature, followed by seasonality of temperature, annual precipitation, and mean variation of
daytime temperature. This suggests that thermal much more than rainfall conditions play a critical role in
the spread of ACP which would explain why low winter temperatures have such a detrimental effect on
the survival and reproduction of ACP, hence affecting the geographical spread and potential ACP
dispersal to new areas (Hall et al. 2013). Also, the peak of D. citri activity appears to occur in the spring
and summer months, when temperatures are warmer and citrus �ushing is at its maximum (Martini et al.
2016). During the colder winter months, ACP activity is signi�cantly decreased and movement is
constrained, providing an opportunity to target populations with dormant winter sprays (Qureshi and
Stansly 2010). As a result, the environmental variables we chose to study are crucially governing the
biology of the pest.

Our model predicts Portugal as a suitable habitat for ACP. With the African citrus psyllid Trioza erytreae
Del Guercio (Hempitera: Triozidae) already present in Portugal (Cocuzza et al., 2016), this suggests that
the combined effects of the two vectors of HLB could pose a serious threat to the local citrus industry.
The impact of climate change on ACP’s distribution across the major citrus growing regions in the world
require urgent attention on the development of sustainable management strategies. For instance, the
economic losses associated with HLB in Florida and California alone are estimated at $1 to
$2.7 billion/year (Farnsworth et al. 2014; Durborow 2012).

Invasive species reacts to climate change such as rising temperatures and variations in precipitation
(Kariyawasam et al. 2021), as shown in the current study. In addition, climate variables are known to
impact both native and invasive species' presence, absence, distribution, reproductive success, and
survival (Finch et al. 2021). As a result of the limited environmental conditions suitable for ACP, long-term
climate change possibly will have a considerable impact on the spread of the pest. Hence the urgent need
to develop now effective control and preventive measures to curb the present and future spread of ACP.
Identifying potential areas at risk of ACP invasion and detecting invasion patterns in the future are critical
components of climate-smart pest management plans (Heeb et al. 2019). We have predicted and mapped
worldwide areas at risk of ACP spread, which may be useful for plant protection and regulatory o�cers. In
addition, our model has established a global approach for future studies at the local level. Moreover, the
�ndings from our study will be valuable for future surveying and monitoring activities, as well as the
development of surveillance and monitoring plans to safeguard local citrus industries.

Models for assessing suitable areas of a speci�c insect pest can be developed using the maximum
entropy principle, and/ or bioclimatic and topographical data. In the present study, we successfully
predict the occurrence and future global distribution of ACP. We used global models with a spatial
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resolution of 5 km2, and identi�ed present regions at risk as well as regions that could be invaded by ACP
in the future under two different climate change scenarios. These predictions exceeded the current
distribution of ACP, with highly suitable areas in Southeast Asia, Brazil, and the USA. Our �ndings can be
used by decision-makers and quarantine authorities in accelerating present and future pest control efforts
for ACP.
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Figure 1

Current global Distribution of Diaphorina citri.



Page 23/29

Figure 2

The relative importance of environmental variables based on the Jackknife test of regularized training
gain (a) and AUCCV (b) in the Diaphorina citri model.
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Figure 3

Response curves of the best predictors of Diaphorina citri occurrence: (a) Annual mean temperature
(bio1), (b) annual precipitation (bio12), (c) mean variation of day time temperature (bio2) and (d)
elevation. Red curves represent the average response and blue margins are ±1 SD computed over 10
replicates.
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Figure 4

(A), Global Known Distribution and areas suitable to Diaphorina citri and (B) class of suitability under
current climatic conditions using the MaxEnt model.
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Figure 5

Class of suitability under scenario SSP1-2.6 on 2040 (A) and 2060 (B) using the MaxEnt model.
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Figure 6

Class of suitability under scenario SSP5-8.5 on 2040 (A) and 2060 (B) using the MaxEnt model.
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Figure 7

Suitability class for Diaphorina citri and its projections in the SSP1-2.6 scenario for the world's three
largest citrus-producing regions. The areas presented are Brazil, China, and the USA. White are unsuitable
areas, green low suitability, yellow medium suitability and red high suitability areas.
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Figure 8

Suitability class for Diaphorina citri and its projections in the SSP5-8.5 scenario for the world's three
largest citrus-producing regions. The areas presented are Brazil, China, and the USA. White are unsuitable
areas, green low suitability, yellow medium suitability and red high suitability areas.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

GraphicalAbstractjps.png

Supplementary�le.xlsx

https://assets.researchsquare.com/files/rs-862117/v1/54c48eee5a96729f780734b0.png
https://assets.researchsquare.com/files/rs-862117/v1/79aded10725a871f82f6b094.xlsx

