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Supplementary Material 1: List of studies that apply SDMs to the top
20 quarantine pests in Europe.

Full references with their corresponding DOls are in the reference list at the end. In modelling
algorithms, when there was only one or two models used, we specified which ones. Ensemble
models include any combination of at least 3 models into a single prediction. Some of the
publications were not accessible to us. In those cases, we extracted the information from the
abstract whenever possible, and the missing values were marked as “Inaccessible” in the table

below.
Species Modelling Performance Source of the presence Reference
algorithms index data
Agrilus anxius Maxent AUC GBIF + field data Flg et al., 2015
Gory, 1841
Agrilus planipennis Maxent AUC GBIF + field data Flg et al., 2015
Fairmaire, 1888
Agrilus planipennis Maxent AUC & GBIF + Scientific articles + | Dang et al., 2021
Fairmaire, 1888 Omission rate | field data
Agrilus planipennis Maxent AUC GBIF + Emerald Ash Borer | Meshkova et al., 2023
Fairmaire, 1888 Informative Network +
Scientific articles
Anoplophora chinensis Maxent AUC Cannot Access L. Zhang et al., 2025
Forster, 1771
Anoplophora chinensis Maxent AUC GBIF + iNaturalist + Alramadan et al., 2025
Forster, 1771 Scientific articles
Anoplophora chinensis Climex None CABI + Scientific articles Geetal, 2014
Forster, 1771
Anoplophora chinensis Maxent, AUC CABI + field data + Zhou et al., 2022
Forster, 1771 Climex and Scientific articles
Ensemble
model
(Maxent +
Climex)
Anoplophora chinensis Maxent AUC, TSS, GBIF + Scientific articles Zhou et al., 2023
Forster, 1771 Kappa &
Mobility-
oriented
parity
Aromia bungii Ensemble AUC, TSS, GBIF + iNaturalist Ruzzier et al., 2025
Faldermann, 1835 model (GAM | Kappa, Boyce
index




+ GBM + RF +

Maxent)
Aromia bungii Maxent AUC GBIF + iNaturalist + field L. Zhang et al., 2024
Faldermann, 1835 data + Scientific articles
+grey literature
Candidatus liberibacter | Maxent AUC, TSS, Articles + GBIF + official Godefroid, 2023
africanus Boyce index reports
Candidatus liberibacter | Climex None GBIF + Scientific articles + | Aidoo, Souza, da Silva,
africanus EPPO + CABI Santana Junior, Picanco,
Kyerematen, et al., 2022
Candidatus liberibacter | Maxent AUC GBIF + official reports + Benhadi-Marin et al., 2022
africanus EPPO
Candidatus liberibacter | Climex None GBIF + Scientific articles + | Souza et al., 2024
africanus EPPO + CABI
Candidatus liberibacter | Ensemble None CABI + EPPO + field data Ajene, Khamis, van Asch,
africanus model Pietersen, Rasowo, et al.,
2020
Candidatus liberibacter | Ensemble AUC Online databases + Shimwela et al., 2016
africanus model Scientific articles + expert
communication
Candidatus liberibacter | Maxent AUC GBIF + scientific literature | Espinosa-Zaragoza et al.,
africanus + natural museum dataset | 2021
Candidatus liberibacter | Maxent AUC Field data Aidoo et al., 2019
africanus
Candidatus liberibacter | Maxent AUC GBIF Benhadi-Marin et al., 2020
africanus
Candidatus liberibacter | Maxent AUC GBIF + CABI + EPPO + Aidoo, Souza, da Silva,
africanus Scientific articles Santana Junior, Picanco,
Osei-Owusu, et al., 2022
Candidatus liberibacter | Climex None GBIF + Scientific articles Souza et al., 2023
asiaticus
Candidatus liberibacter | Maxent AUC GBIF + EPPO + Scientific R. Wang, Yang, et al., 2020
asiaticus articles
Candidatus liberibacter | Maxent AUC GBIF + EPPO + Scientific R. Wang et al., 2019
asiaticus articles
Candidatus liberibacter | Maxent AUC Field data + official data You et al., 2024

asiaticus




Candidatus liberibacter | Maxent AUC GBIF + CABI + EPPO + Aidoo et al., 2023
asiaticus Scientific articles
Candidatus liberibacter | Maxent AUC Field data Alonso-Hernandez et al.,
asiaticus 2024
Candidatus liberibacter | Ensemble AUC Inaccessible Narouei-Khandan et al.,
asiaticus model 2016
Candidatus liberibacter | Maxent AUC Field data Ajene, Khamis, van Asch,
asiaticus Pietersen, Seid, et al., 2020
Candidatus liberibacter | Maxent AUC GBIF + field data + Aidoo, Souza, da Silva,
asiaticus Scientific articles Santana Jr, Picanco,
Kyerematen, et al., 2022
Xylella fastidiosa Ensemble AUC & TSS Scientific Scientific articles | Godefroid et al., 2019
model + grey literature
Xylella fastidiosa Maxent AUC & Boyce | Field data Cruaud et al., 2018
index
Xylella fastidiosa Maxent AUC & TSS Official dataset Bosso, Di Febbraro, et al.,
2016
Xylella fastidiosa Maxent AUC & TSS Official dataset Bosso, Russo, et al., 2016
Xylella fastidiosa GAM AUC & TSS Official dataset Godefroid et al., 2022
Xylella fastidiosa Maxent AUC & GBIF + Scientific articles Rossi & Rasplus, 2023
Continuous
Boyce index
Xylella fastidiosa Maxent AUC Official dataset Romero Fernandez, 2020
Phyllosticta citricarpa Climex None Expert communication + Paul et al., 2005
official dataset
Phyllosticta citricarpa Climex None Field data + reports Yonow et al., 2013
Anoplophora Ensemble AUC, TSS, GBIF + iNaturalist + field Ding et al., 2025
glabripennis model Kappa, data + CABI + GISD +
(biomod2) & | Schoener’s D | Scientific articles + grey
Maxent index, Jaccard | literature

index,
Sgrensen-




Dice similarity

coefficient
Anoplophora Climex None GBIF + CABI + EPPO + Zhou et al., 2021
glabripennis Scientific articles
Anoplophora Maxent AUC GBIF + Scientific articles + | Q.C. Zhang et al., 2022
glabripennis news reports + quarantine
websites
Anoplophora GARP Chi-square Field data Peterson et al., 2004
glabripennis test
Anoplophora Maxent AUC & Boyce | Field data Shatz et al., 2016
glabripennis
Anoplophora Maxent AUC + TSS GBIF + iNaturalist + L. Zhang et al., 2024
glabripennis Scientific articles + field
data
Anoplophora Climex None Plant Host Official Dataset | Shim et al., 2020
glabripennis
Anoplophora Ensemble AUC, AlCc & GBIF + CABI + Scientific Byeon et al., 2021
glabripennis model Omission rate | articles
(Maxent +
Climex)
Anoplophora Mahalanobis | Boyce index Field data Shatz et al., 2013
glabripennis Typicality
Anoplophora Climex None Scienfic Scientific articles Macleod et al., 2002
glabripennis
Anthonomus eugenii Maxent AUC GBIF + CABI + Official Q. Lietal., 2025
dataset + iNaturalist +
BoldSystems + Scientific
articles
Anthonomus eugenii Ensemble AUC & TSS GBIF + BoldSystems + P. Wang et al., 2025
model (GAM, Scientific articles
GBM, GLM,
RF &
Maxent)
Popillia japonica Ensemble AUC & TSS iNaturalist Della Rocca & Milanesi,
Newman, 1838 model 2022b
Popillia japonica Climex None GBIF + EPPO + CERIS + Kistner-Thomas, 2019
Newman, 1838 Scientific articles
Popillia japonica INLA AUC & TSS iNaturalist Della Rocca & Milanesi,

Newman, 1838

2022a




Popillia japonica Climex, AUC GBIF + iNaturalist + Zhu et al., 2023
Newman, 1838 Maxent & Scientific articles
Ensemble
(Climex +
Maxent)
Popillia japonica Climex None Inaccessible Allsopp, 1996
Newman, 1838
Popillia japonica Maxent AUC, GBIF + Scientific articles Zhu et al., 2017
Newman, 1838 Omission
rates
Popillia japonica Random AUC, Citizen science platforms + | Borner et al., 2023
Newman, 1838 Forests Sensitivity, field data
Continuous
Boyce index
Bactrocera dorsalis Climex None Field data + museum De Villiers et al., 2016
Hendel database + Scientific
articles
Bactrocera dorsalis Climex None EPPO + Scientific articles Stephens et al., 2007
Hendel
Bactrocera dorsalis Maxent AUC GBIF + CABI + Scientific Dong et al., 2022
Hendel articles
Bactrocera dorsalis Maxent AUC Field data Magagula et al., 2015
Hendel
Bactrocera dorsalis Climex None Inaccessible Wang, JunWei et al., 2010
Hendel
Bactrocera dorsalis Maxent, AUC + TSS GBIF + Scientific articles Ullah, Zhang, Gul, Hafeez,
Hendel Climex and Desneux, & Qin, 2023
Ensemble
(Maxent +
Climex)
Bactrocera dorsalis Climex None Inaccessible Hou, 2005
Hendel
Bactrocera dorsalis Maxent AUC + TSS Scientific articles + Expert | Hill & Terblanche, 2014
Hendel communication
Bactrocera dorsalis Maxent + AUC + Kappa | GBIF + CABI + Scientific Xia etal,, 2024
Hendel Bioclim + articles
Domain +
Garp
(separate)
Bactrocera dorsalis Maxent AUC GBIF + Scientific articles A. Wang et al., 2022

Hendel




Bactrocera dorsalis Climex None Unclear data origin, likely | Kim et al., 2020
Hendel field data or scientific
articles

Bactrocera dorsalis Climex None CABI Sridhar et al., 2014
Hendel
Bactrocera dorsalis Maxent AUC GBIF + CABI + Scientific Qin et al., 2019
Hendel articles
Bactrocera zonata ILCYM - None Unclear Choudhary et al., 2021

Insect Life

cycle
Bactrocera zonata Climex AUC Articles + CABI + EPPO Ni et al., 2012
Bactrocera zonata Maxent AUC GBIF + CABI + Scientific Zingore et al., 2020

articles

Bactrocera zonata Climex, AUC GBIF + EPPO + Scientific Ullah, Zhang, Gul, Hafeez,

Maxent & articles Desneux, Qin, et al., 2023

Ensemble

(Climax +

Maxent)
Bactrocera zonata Maxent AUC Field data Mahmoud et al., 2020
Rhagoletis pomonella Climex None EPPO + Scientific articles Gengetal., 2011
Walsh, 1867
Rhagoletis pomonella Maxent and | AUC, GBIF + Scientific articles Kumar et al., 2016
Walsh, 1867 Climex Omission

rates, AlCc

Rhagoletis pomonella Maxent & AUC GBIF + Scientific articles Godefroid et al., 2015
Walsh, 1867 BRT
Dendrolimus sibiricus Climex None Scientific articles Moykkynen, Timo &
Chetverikov, 1908 Pukkala, Timo, 2014
Spodoptera frugiperda Maxent AUC GBIF Znidarsic et al., 2024
Spodoptera frugiperda Climex None GBIF + iNaturalist + ASCAN | Weinberg et al., 2022
Spodoptera frugiperda Maxent AUC GBIF + CABI + Scientific Jiang et al., 2022

articles + grey literature




Spodoptera frugiperda Maxent AUC GBIF + CABI + Scientific R. Wang, Jiang, et al., 2020
articles
Spodoptera frugiperda Maxent AUC GBIF + CPC + Scientific J. Fanet al., 2020
articles
Spodoptera frugiperda Maxent AUC GBIF + CPC Baloch et al., 2020
Spodoptera frugiperda Maxent TSS GBIF + Scientific articles Liu et al., 2020
Spodoptera frugiperda Ensemble AUC & TSS GBIF + CABI + Scientific H. Zhao et al., 2023
model articles + official dataset
Spodoptera frugiperda Maxent AUC, TSS, GBIF + field data S. Fan et al., 2020
Kappa
Spodoptera frugiperda Maxent AUC GBIF + CABI + Scientific Zacarias, 2020
articles
Spodoptera frugiperda Climex None GBIF + Plantwise + Ramirez-Cabral et al., 2017
Scientific articles
Spodoptera frugiperda Ensemble AUC & TSS GBIF + CABI + Scientific Early et al., 2018
model articles + expert
communication
Spodoptera frugiperda Maxent AUC GBIF Karuppannasamy et al.,
2024
Spodoptera frugiperda Maxent AUC GBIF + CABI + field data + | Barkessa et al., 2024
Scientific articles
Spodoptera frugiperda Maxent AUC GBIF + FAO Abdel-Rahman et al., 2023
Spodoptera frugiperda Maxent AUC Field data Cokola et al., 2020
Thaumatotibia Maxent AUC GBIF + CABI + EPPO X. Lietal., 2022
leucotreta Meyrick
Thaumatotibia Ensemble Kappa, GBIF + CABI + EPPO X. Lietal., 2023
leucotreta Meyrick model AUC, TSS,
Correlation

coefficients
and Correct
Classificaiton
R




Bactericera cockerelli Maxent AUC, GBIF + EPPO + report Wan et al., 2020
Sulc, 1909 Bayesian

information

criterion,

Omission rate
Bactericera cockerelli Climex None GBIF, EPPO, CABI, Suwandharathne et al.,
Sulc, 1909 Scientific articles 2023
Bursaphelenchus GARP None Official dataset Y.-H. Chen, 2009
xylophilus
Bursaphelenchus Maxent AUC Official dataset Ouyang et al., 2022
xylophilus
Bursaphelenchus Maxent AUC GBIF + CABI + Official Xiao et al.,, 2024
xylophilus websites + Articles
Bursaphelenchus Maxent Inaccessible Inaccessible J. Zhao et al., 2023
xylophilus
Bursaphelenchus Maxent AUC Field data + Articles + Gao, Liu, Li, et al., 2023
xylophilus Official dataset
Bursaphelenchus Maxent AUC GBIF + Articles + CABI + Gao, Liu, Zhao, et al., 2023
xylophilus Official dataset
Bursaphelenchus Maxent AUC Field data H. Li et al., 2022
xylophilus
Bursaphelenchus Maxent AUC Scientific Articles Hirata et al., 2017
xylophilus
Bursaphelenchus Maxent & AUC Official dataset L. Chen et al., 2024
xylophilus Climex
Bursaphelenchus Maxent AUC GBIF, official dataset Tang et al., 2021
xylophilus
Bursaphelenchus Maxent AUC Official dataset J. Wang et al., 2023
xylophilus
Bursaphelenchus Maxent AUC EPPO + Articles + Grey Estay et al., 2014
xylophilus literature
Bursaphelenchus Maxent AUC Official websites + Grey Ikegami & Jenkins, 2018
xylophilus literature + Scientific

articles




References

Abdel-Rahman, E. M., Kimathi, E., Mudereri, B. T., Tonnang, H. E. Z., Mongare, R., Niassy, S., &
Subramanian, S. (2023). Computational biogeographic distribution of the fall armyworm (Spodoptera
frugiperda JE Smith) moth in eastern Africa. Heliyon, 9(6), e16144.
https://doi.org/10.1016/j.heliyon.2023.e16144

Aidoo, O. F., Souza, P. G. C., da Silva, R. S., Santana Jr, P. A,, Picanco, M. C., Kyerematen, R., Sétamou,
M., Ekesi, S., & Borgemeister, C. (2022). Climate-induced range shifts of invasive species (Diaphorina
citri Kuwayama). Pest Management Science, 78(6), 2534-2549. https://doi.org/10.1002/ps.6886

Aidoo, O. F., Souza, P. G. C,, da Silva, R. S., Santana Junior, P. A., Picanco, M. C., Kyerematen, R.,
Setamou, M., Ekesi, S., & Borgemeister, C. (2022). Predicting the potential global distribution of an
invasive alien pest Trioza erytreae (Del Guercio) (Hemiptera: Triozidae). Scientific Reports, 12(1),
20312. https://doi.org/10.1038/s41598-022-23213-w

Aidoo, O. F., Souza, P. G. C,, Silva, R. S., Junior, P. A. S., Picanco, M. C., Heve, W. K., Duker, R. Q.,
Ablormeti, F. K., Setamou, M., & Borgemeister, C. (2023). Modeling climate change impacts on
potential global distribution of Tamarixia radiata Waterston (Hymenoptera: Eulophidae). Science of
the Total Environment, 864, 160962. https://doi.org/10.1016/j.scitotenv.2022.160962

Aidoo, O. F., Souza, P. G, da Silva, R. S., Santana Junior, P. A, Picanco, M. C., Osei-Owusu, J.,
Setamou, M., Ekesi, S., & Borgemeister, C. (2022). A machine learning algorithm-based approach
(MaxEnt) for predicting invasive potential of Trioza erytreae on a global scale. Ecological Informatics,
71,101792. https://doi.org/10.1016/j.ecoinf.2022.101792

Aidoo, O. F., Tanga, C. M., Mohamed, S. A., Rasowo, B. A., Khamis, F. M., Rwomushana, I., Kimani, J.,
Agyakwa, A. K., Daisy, S., Setamou, M., Ekesi, S., & Borgemeister, C. (2019). Distribution, degree of
damage and risk of spread of Trioza erytreae (Hemiptera: Triozidae) in Kenya. Journal of Applied
Entomology, 143(8), 822—833. https://doi.org/10.1111/jen.12668

Ajene, I. J., Khamis, F. M., van Asch, B., Pietersen, G., Seid, N., Rwomushana, I., Ombura, F. L. O.,
Momanyi, G., Finyange, P., Rasowo, B. A., Tanga, C. M., Mohammed, S., & Ekesi, S. (2020).
Distribution of Candidatus Liberibacter species in Eastern Africa, and the First Report of Candidatus
Liberibacter asiaticus in Kenya. Scientific Reports, 10(1), 3919. https://doi.org/10.1038/s41598-020-
60712-0

Ajene, I. J., Khamis, F., van Asch, B., Pietersen, G., Rasowo, B. A., Ekesi, S., & Mohammed, S. (2020).
Habitat suitability and distribution potential of Liberibacter species ("Candidatus Liberibacter
asiaticus " and"Candidatus Liberibacter africanus ") associated with citrus greening disease. Diversity
and Distributions, 26(5), 575-588. https://doi.org/10.1111/ddi.13051

Allsopp, P. G. (1996). Japanese beetle, Popillia japonica Newman (Coleoptera: Scarabaeidae): Rate of
movement and potential distribution of an immigrant species. Coleopterists Bulletin, 50(1), 81-95.

Alonso-Hernandez, N., Granados-Echegoyen, C., Perez-Pacheco, R., Hinojosa-Garro, D., Anaya-
Hernandez, A., Loera-Alvarado, E., Gomez-Dominguez, N. S., Landero-Valenzuela, N., Javier Aguado-
Rodriguez, G., Rodriguez-Pagaza, Y., Sanchez-Rebolledo, F., & Diego-Nava, F. (2024). lllustrating the
current geographic distribution of Diaphorina citri (Hemiptera: Psyllidae) in Campeche, Mexico: a
maximum entropy modeling approach. Florida Entomologist, 107(1), 20240032.
https://doi.org/10.1515/flaent-2024-0032

10



Alramadan, Y., Mamay, M., & Farooq, S. (2025). Increased spread risk of citrus long-horned beetle
[Anoplophora chinensis (Coleoptera: Cerambycidae)] under climate change in Tirkiye: Implications
for management. Crop Protection, 190, 101751. https://doi.org/10.1016/j.cropro.2024.107090

Baloch, M. N., Fan, J., Haseeb, M., & Zhang, R. (2020). Mapping Potential Distribution of Spodoptera
frugiperda (Lepidoptera: Noctuidae) in Central Asia. Insects, 11(3), 172.
https://doi.org/10.3390/insects11030172

Barkessa, M. K., Degaga, E. G., Duressa, T. F., Muleta, M. G., Amenta, M. W., & Gurmu, A. K. (2024).
Factors influencing the current and future distribution of the fall armyworm, Spodoptera frugiperda
(Lepidoptera: Noctuidae), in Ethiopia. Agricultural and Forest Entomology.
https://doi.org/10.1111/afe.12671

Benhadi-Marin, J., Fereres, A., & Alberto Pereira, J. (2022). Potential areas of spread of Trioza
erytreae over mainland Portugal and Spain. Journal of Pest Science, 95(1), 67—78.
https://doi.org/10.1007/s10340-021-01440-w

Benhadi-Marin, J., Fereres, A., & Pereira, J. A. (2020). A model to predict the expansion of Trioza
erytreae throughout the Iberian Peninsula using a pest risk analysis approach. Insects, 11(9), 576.
https://doi.org/10.3390/insects11090576

Borner, L., Martinetti, D., & Poggi, S. (2023). A new chapter of the Japanese beetle invasion saga:
Predicting suitability from long-invaded areas to inform surveillance strategies in Europe.
Entomologia Generalis, 43(5), 951-960. https://doi.org/10.1127/entomologia/2023/2073

Bosso, L., Di Febbraro, M., Cristinzio, G., Zoina, A., & Russo, D. (2016). Shedding light on the effects of
climate change on the potential distribution of Xylella fastidiosa in the Mediterranean basin.
Biological Invasions, 18(6), 1759—1768. https://doi.org/10.1007/s10530-016-1118-1

Bosso, L., Russo, D., Di Febbraro, M., Cristinzio, G., & Zoina, A. (2016). Potential distribution of Xylella
fastidiosa in Italy: A maximum entropy model. Phytopathologia Mediterranea, 55(1), 62—72.
https://doi.org/10.14601/Phytopathol_Mediterr-16429

Byeon, D., Kim, S.-H., Jung, J.-M., Jung, S., Kim, K.-H., & Lee, W.-H. (2021). Climate-based ensemble
modelling to evaluate the global distribution of Anoplophora glabripennis (Motschulsky). Agricultural
and Forest Entomology, 23(4), 569-583. https://doi.org/10.1111/afe.12462

Chen, L., Lu, W., Lamont, B. B,, Liu, Y., Wei, P., Xue, W., Xiong, Z.,, Tang, L., Wang, Y., Wang, P., & Yan,
Z.(2024). Modeling the distribution of pine wilt disease in China using the ensemble models MaxEnt
and CLIMEX. Ecology and Evolution, 14(9), e70277. https://doi.org/10.1002/ece3.70277

Chen, Y.-H. (2009). Using ecological niche modelling to predict geographical expansion of an invasive
species Bursaphelenchus xylophilus in Asia. Russian Journal of Nematology, 17(1), 1-9.

Choudhary, J. S., Mali, S. S., Naaz, N., Malik, S., Das, B., Singh, A. K., Rao, M. S., & Bhatt, B. P. (2021).
Spatio and temporal variations in population abundance and distribution of peach fruit fly,
Bactrocera zonata (Saunders) during future climate change scenarios based on temperature driven
phenology model. Climate Risk Management, 32, 100277.
https://doi.org/10.1016/j.crm.2021.100277

Cokola, M. C., Mugumaarhahama, Y., Noel, G., Bisimwa, E. B., Bugeme, D. M., Chuma, G. B., Ndeko,
A. B., & Francis, F. (2020). Bioclimatic zonation and potential distribution of Spodoptera frugiperda

11



(Lepidoptera: Noctuidae) in South Kivu Province, DR Congo. Bmc Ecology, 20(1), 66.
https://doi.org/10.1186/512898-020-00335-1

Cruaud, A., Gonzalez, A.-A., Godefroid, M., Nidelet, S., Streito, J.-C., Thuillier, J.-M., Rossi, J.-P.,
Santoni, S., & Rasplus, J.-Y. (2018). Using insects to detect, monitor and predict the distribution of
Xylella fastidiosa: A case study in Corsica. Scientific Reports, 8, 15628.
https://doi.org/10.1038/s41598-018-33957-z

Dang, Y.-Q., Zhang, Y.-L., Wang, X.-Y., Xin, B., Quinn, N. F., & Duan, J. J. (2021). Retrospective analysis
of factors affecting the distribution of an invasive wood-boring insect using native range data: The
importance of host plants. Journal of Pest Science, 94(3), 981-990. https://doi.org/10.1007/s10340-
020-01308-5

De Villiers, M., Hattingh, V., Kriticos, D. J., Brunel, S., Vayssieres, J.-F., Sinzogan, A., Billah, M. K.,
Mohamed, S. A., Mwatawala, M., Abdelgader, H., Salah, F. E. E., & De Meyer, M. (2016). The
potential distribution of Bactrocera dorsalis: Considering phenology and irrigation patterns. Bulletin
of Entomological Research, 106(1), 19-33. https://doi.org/10.1017/S0007485315000693

Della Rocca, F., & Milanesi, P. (2022a). The New Dominator of the World: Modeling the Global
Distribution of the Japanese Beetle under Land Use and Climate Change Scenarios. Land, 11(4), 567.
https://doi.org/10.3390/land11040567

Della Rocca, F., & Milanesi, P. (2022b). The Spread of the Japanese Beetle in a European Human-
Dominated Landscape: High Anthropization Favors Colonization of Popillia japonica. Diversity-Basel,
14(8), 658. https://doi.org/10.3390/d14080658

Ding, W., Li, H., Wen, C., & Wen, J. (2025). The ecological niche of two invasive species, Asian
Longhorned Beetle and its host Russian Olive, has been affected by invasion and climate change.
Entomologia Generalis. https://doi.org/10.1127/entomologia/2024/2907

Dong, Z., He, Y., Ren, Y., Wang, G., & Chu, D. (2022). Seasonal and Year-Round Distributions of
Bactrocera dorsalis (Hendel) and Its Risk to Temperate Fruits under Climate Change. Insects, 13(6),
550. https://doi.org/10.3390/insects13060550

Early, R., Gonzalez-Moreno, P., Murphy, S. T., & Day, R. (2018). Forecasting the global extent of
invasion of the cereal pest Spodoptera frugiperda, the fall armyworm. Neobiota, 40, 25-50.
https://doi.org/10.3897/neobiota.40.28165

Espinosa-Zaragoza, S., Perez-De la O, N. B., Francisco Aguirre-Medina, J., & Lopez-Martinez, V. (2021).
Does the African Citrus psyllid, Trioza erytreae (Del Guercio) (Hemiptera: Triozidae), Represent a
Phytosanitary Threat to the Citrus Industry in Mexico? Insects, 12(5), 450.
https://doi.org/10.3390/insects12050450

Estay, S. A, Labra, F. A, Sepulveda, R. D., & Bacigalupe, L. D. (2014). Evaluating Habitat Suitability for
the Establishment of Monochamus spp. Through Climate-Based Niche Modeling. PLOS ONE, 9(7),
€102592. https://doi.org/10.1371/journal.pone.0102592

Fan, J.,, Wu, P, Tian, T., Ren, Q., Haseeb, M., & Zhang, R. (2020). Potential Distribution and Niche
Differentiation ofSpodoptera frugiperdain Africa. Insects, 11(6), 383.
https://doi.org/10.3390/insects11060383

12



Fan, S., Chen, C., Zhao, Q., Wei, J., & Zhang, H. (2020). Identifying Potentially Climatic Suitability Areas
for Arma custos (Hemiptera: Pentatomidae) in China under Climate Change. Insects, 11(10), 674.
https://doi.org/10.3390/insects11100674

Flg, D., Krokene, P., & @kland, B. (2015). Invasion potential of Agrilus planipennis and other Agrilus
beetles in Europe: Import pathways of deciduous wood chips and MaxEnt analyses of potential
distribution areas. EPPO Bulletin, 45(2), 259-268. https://doi.org/10.1111/epp.12223

Gao, R,, Liu, L., Li, R,, Fan, S., Dong, J., & Zhao, L. (2023). Predicting potential distributions of
Monochamus saltuarius, a novel insect vector of pine wilt disease in China. Frontiers in Forests and
Global Change, 6, 1243996. https://doi.org/10.3389/ffgc.2023.1243996

Gao, R,, Liu, L., Zhao, L., & Cui, S. (2023). Potentially Suitable Geographical Area for Monochamous
alternatus under Current and Future Climatic Scenarios Based on Optimized MaxEnt Model. Insects,
14(2), 182. https://doi.org/10.3390/insects14020182

Ge, X., Zong, S., He, S, Liu, Y., & Kong, X. (2014). Areas of China predicted to have a suitable climate
for Anoplophora chinensis under a climate-warming scenario. Entomologia Experimentalis Et
Applicata, 153(3), 256—265. https://doi.org/10.1111/eea.12247

Geng, J., Li, Z.-H., Rajotte, E. G., Wan, F.-H., Lu, X.-Y., & Wang, Z.-L. (2011). Potential geographical
distribution of Rhagoletis pomonella (Diptera: Tephritidae) in China. Insect Science, 18(5), 575-582.
https://doi.org/10.1111/j.1744-7917.2010.01402.x

Godefroid, M. (2023). Species distribution models predicting climate suitability for the psyllid Trioza
erytreae, vector of citrus greening disease. Crop Protection, 168, 106228.
https://doi.org/10.1016/j.cropro.2023.106228

Godefroid, M., Cruaud, A., Rossi, J.-P., & Rasplus, J.-Y. (2015). Assessing the Risk of Invasion by
Tephritid Fruit Flies: Intraspecific Divergence Matters. Plos One, 10(8), €0135209.
https://doi.org/10.1371/journal.pone.0135209

Godefroid, M., Cruaud, A., Streito, J.-C., Rasplus, J.-Y., & Rossi, J.-P. (2019). Xylella fastidiosa: Climate
suitability of European continent. Scientific Reports, 9, 8844. https://doi.org/10.1038/s41598-019-
45365-y

Godefroid, M., Cruaud, A., Streito, J.-C., Rasplus, J.-Y., & Rossi, J.-P. (2022). Forecasting future range
shifts of Xylella fastidiosa under climate change. Plant Pathology, 71(9), 1839-1848.
https://doi.org/10.1111/ppa.13637

Hill, M. P., & Terblanche, J. S. (2014). Niche Overlap of Congeneric Invaders Supports a Single-Species
Hypothesis and Provides Insight into Future Invasion Risk: Implications for Global Management of the
Bactrocera dorsalis Complex. PLOS ONE, 9(2), e90121.
https://doi.org/10.1371/journal.pone.0090121

Hirata, A., Nakamura, K., Nakao, K., Kominami, Y., Tanaka, N., Ohashi, H., Takano, K. T., Takeuchi, W.,
& Matsui, T. (2017). Potential distribution of pine wilt disease under future climate change scenarios.
PLOS ONE, 12(8), e0182837. https://doi.org/10.1371/journal.pone.0182837

Hou, B.-H. (2005). Potential distributions of the fruit fly Bactrocera dorsalis (Diptera:Tephritidae) in
China as predicted by CLIMEX. Acta Ecologica Sinica, 25, 1569-1574.

Ikegami, M., & Jenkins, T. A. R. (2018). Estimate global risks of a forest disease under current and
future climates using species distribution model and simple thermal model Pine Wilt disease as a

13



model case. Forest Ecology and Management, 409, 343—-352.
https://doi.org/10.1016/j.foreco.2017.11.005

liang, C., Zhang, X., Xie, W., Wang, R., Feng, C., Ma, L,, Li, Q., Yang, Q., & Wang, H. (2022). Predicting
the potential distribution of the fall armyworm Spodoptera frugiperda (JE Smith) under climate
change in China. Global Ecology and Conservation, 33, €01994.
https://doi.org/10.1016/j.gecco.2021.e01994

Karuppannasamy, A., Azrag, A. G. A., Vellingiri, G., Kennedy, J. S., Ganapati, P. S., Subramanian, S., &
Venkatasamy, B. (2024). Forecasting the future of Fall armyworm Spodoptera frugiperda (). E. Smith)
(Lepidoptera: Noctuidae) in India using ecological niche model. International Journal of
Biometeorology, 68(9), 1871-1884. https://doi.org/10.1007/s00484-024-02715-4

Kim, S. B., Park, J.-)., & Kim, D.-S. (2020). CLIMEX simulated predictions of the potential distribution
of Bactrocera dorsalis (Hendel) (Diptera: Tephritidae) considering the northern boundary: With
special emphasis on Jeju, Korea. Journal of Asia-Pacific Entomology, 23(3), 797—-808.
https://doi.org/10.1016/j.aspen.2020.07.006

Kistner-Thomas, E. J. (2019). The Potential Global Distribution and Voltinism of the Japanese Beetle
(Coleoptera: Scarabaeidae) Under Current and Future Climates. Journal of Insect Science, 19(2), 16.
https://doi.org/10.1093/jisesa/iez023

Kumar, S., Yee, W. L., & Neven, L. G. (2016). Mapping Global Potential Risk of Establishment of
Rhagoletis pomonella (Diptera: Tephritidae) Using MaxEnt and CLIMEX Niche Models. Journal of
Economic Entomology, 109(5), 2043-2053. https://doi.org/10.1093/jee/tow166

Li, H., Xing, L., Liu, X., Pu, Y., Yang, Y., & Fu, Y. (2022). Potential Impact of Climate Change on the
Distribution of the Pinewood Nematode Bursaphelenchus xylophilus in Chongqing, China. Pakistan
Journal of Zoology, 54(2), 809—-816. https://doi.org/10.17582/journal.pjz/20190912070900

Li, Q., Mao, J., Wang, W,, Liu, R., Xie, Q., Su, S., Wang, Z., Song, Y., Hong, Y., & Cai, P. (2025).
Projecting Current and Future Habitat Suitability of the Pepper Weevil, Anthonomus eugenii Cano,
1894 (Coleoptera: Curculionidae), in China: Implications for the Pepper Industry. Insects, 16(2), 227.
https://doi.org/10.3390/insects16020227

Li, X., Emery, R. N., Coupland, G. T., Ren, Y., & McKirdy, S. J. (2022). Evaluation of the Likelihood of
Establishing False Codling Moth (Thaumatotibia leucotreta) in Australia via the International Cut
Flower Market. Insects, 13(10), 883. https://doi.org/10.3390/insects13100883

Li, X., Emery, R. N., Coupland, G. T., Ren, Yonglin, & McKirdy, Simon J. (2023). A Comparison of
Multiple Species Distribution Models and the Ensemble Model Technique for Ecological Niche
Analysis: An Australian Biosecurity Case Study Using False Codling Moth as an Exemplar Species.
SSRN. https://doi.org/10.2139/ssrn.4664172

Liu, T., Wang, J., Hu, X., & Feng, J. (2020). Land-use change drives present and future distributions of
Fall armyworm, Spodoptera frugiperda (JE Smith) (Lepidoptera: Noctuidae). Science of the Total
Environment, 706, 135872. https://doi.org/10.1016/].scitotenv.2019.135872

Macleod, A., Evans, H. F., & Baker, R. H. A. (2002). An analysis of pest risk from an Asian longhorn
beetle (Anoplophora glabripennis) to hardwood trees in the European community. Crop Protection,
21(8), 635-645. https://doi.org/10.1016/50261-2194(02)00016-9

14



Magagula, C. N., Cugala, D. C., Monadjem, A., & Dlamini, W. M. (2015). Predicted regional and
national distribution of Bactrocera dorsalis (syn. B. Invadens) (Diptera: Tephritidae) in southern Africa
and implications for its management. African Entomology, 23(2), 427-437.
https://doi.org/10.4001/003.023.0220

Mahmoud, M. E. E., Mohamed, S. A,, Ndlela, S., Azrag, A. G. A, Khamis, F. M., Bashir, M. A. E., &
Ekesi, S. (2020). Distribution, relative abundance, and level of infestation of the invasive peach fruit
flyBactrocera zonata(Saunders) (Diptera: Tephritidae) and its associated natural enemies in Sudan.
Phytoparasitica, 48(4), 589-605. https://doi.org/10.1007/s12600-020-00829-0

Meshkova, V., Borysenko, O., Kucheryavenko, T., Skrylnyk, Y., Davydenko, K., & Holusa, J. (2023).
Invasion potential of Agrilus planipennis and other Agrilus beetles in Europe: Import pathways of
deciduous wood chips and MaxEnt analyses of potential distribution areas*. Forests, 14(4), 736.
https://doi.org/10.3390/f14040736

Moykkynen, Timo & Pukkala, Timo. (2014). Modelling of the spread of a potential invasive pest, the
Siberian moth (Dendrolimus sibiricus) in Europe. Forest Ecosystems, 1.
https://doi.org/10.1186/s40663-014-0010-7

Narouei-Khandan, H. A., Halbert, S. E., Worner, S. P., & van Bruggen, A. H. C. (2016). Global climate
suitability of citrus huanglongbing and its vector, the Asian citrus psyllid, using two correlative
species distribution modeling approaches, with emphasis on the USA. European Journal of Plant
Pathology, 144(3), 655—670. https://doi.org/10.1007/s10658-015-0804-7

Ni, W. L., Li, Z. H., Chen, H.J., Wan, F. H., Qu, W. W., Zhang, Z., & Kriticos, D. J. (2012). Including
climate change in pest risk assessment: The peach fruit fly, Bactrocera zonata (Diptera: Tephritidae).
Bulletin of Entomological Research, 102(2), 173—183. https://doi.org/10.1017/50007485311000538

Ouyang, X., Chen, A., Li, Y., Han, X., & Lin, H. (2022). Predicting the Potential Distribution of Pine Wilt
Disease in China under Climate Change. Insects, 13(12), 1147.
https://doi.org/10.3390/insects13121147

Paul, I., van Jaarsveld, A. S., Korsten, L., & Hattingh, V. (2005). The potential global geographical
distribution of Citrus Black Spot caused by Guignardia citricarpa (Kiely): Likelihood of disease
establishment in the European Union. Crop Protection, 24(4), 297-308.
https://doi.org/10.1016/j.cropro.2004.08.003

Peterson, A. T., Scachetti-Pereira, R., & Hargrove, W. W. (2004). Potential geographic distribution of
Anoplophora glabripennis (Coleoptera: Cerambycidae) in North America. American Midland
Naturalist, 151(1), 170-178. https://doi.org/10.1674/0003-0031(2004)151[0170:PGDOAG]2.0.CO;2

Qin, Y., Wang, C., Zhao, Z., Pan, X., & Li, Z. (2019). Climate change impacts on the global potential
geographical distribution of the agricultural invasive pest, Bactrocera dorsalis (Hendel) (Diptera:
Tephritidae). Climatic Change, 155(2), 145-156. https://doi.org/10.1007/s10584-019-02460-3

Ramirez-Cabral, N. Y. Z., Kumar, L., & Shabani, F. (2017). Future climate scenarios project a decrease
in the risk of fall armyworm outbreaks. Journal of Agricultural Science, 155(8), 1219-1238.
https://doi.org/10.1017/50021859617000314

Romero Fernandez, M. G. (2020). ANALYSIS OF POTENTIAL DISTRIBUTION OF Xylella fastidiosa subsp.
Multiplex ST-6 AND Philaenus spumarius IN THE SOUTH OF THE IBERIAN PENINSULA. THE
ECOLOGICAL MODEL OF NICHE MAXENT. Geofocus-revista Internacional De Ciencia Y Tecnologia De
La Informacion Geografica, 25, 77-102. https://doi.org/10.21138/GF.664

15



Rossi, J.-P., & Rasplus, J.-Y. (2023). Climate change and the potential distribution of the glassy-winged
sharpshooter (Homalodisca vitripennis), an insect vector of Xylella fastidiosa. Science of the Total
Environment, 860, 160375. https://doi.org/10.1016/j.scitotenv.2022.160375

Ruzzier, E., Lee, S., Tirozzi, P., Orioli, V., Di Giulio, A., Dondina, O., & Bani, L. (2025). The role of host
plants, land cover and bioclimate in predicting the invasiveness of Aromia bungii on a global scale.
Scientific Reports, 15(1), 2353. https://doi.org/10.1038/s41598-025-86616-5

Shatz, A. J., Rogan, J., Sangermano, F., Miller, J., & Elmes, A. (2016). Modeling the risk of spread and
establishment for Asian longhorned beetle (Anoplophora glabripennis) in Massachusetts from 2008-
20009. Geocarto International, 31(8), 813—831. https://doi.org/10.1080/10106049.2015.1086901

Shatz, A. J., Rogan, J., Sangermano, F., Ogneva-Himmelberger, Y., & Chen, H. (2013). Characterizing
the potential distribution of the invasive Asian longhorned beetle (Anoplophora glabripennis) in
Worcester County, Massachusetts. Applied Geography, 45, 259-268.
https://doi.org/10.1016/j.apgeog.2013.10.002

Shim, J.-Y., Jung, J.-M., Byeon, D., Jung, S., & Lee, W.-H. (2020). Evaluation of the spatial distribution
of Anoplophora glabripennis (Motschulsky) (Coleoptera: Cerambycidae) in South Korea combining
climate and host plant distribution. Journal of Asia-Pacific Entomology, 23(3), 646—652.
https://doi.org/10.1016/j.aspen.2020.05.013

Shimwela, M. M., Narouei-Khandan, H. A., Halbert, S. E., Keremane, M. L., Minsavage, G. V.,
Timilsina, S., Massawe, D. P., Jones, J. B., & van Bruggen, A. H. C. (2016). First occurrence of
Diaphorina citri in East Africa, characterization of the Ca. Liberibacter species causing huanglongbing
(HLB) in Tanzania, and potential further spread of D. citri and HLB in Africa and Europe. European
Journal of Plant Pathology, 146(2), 349-368.

Souza, P. G. C,, Aidoo, O. F., Aradjo, F. H. V., da Silva, R. S., Junior, P. A. S., Farnezi, P. K. B., Picanco,
M. C., Sétamou, M., Ekesi, S., & Borgemeister, C. (2024). Modelling the potential distribution of the
Asian citrus psyllid Diaphorina citri (Hemiptera: Liviidae) using CLIMEX. International Journal of
Tropical Insect Science, 44(2), 771-787. https://doi.org/10.1007/s42690-024-01191-y

Souza, P. G. C,, Aidoo, O. F. F., Farnezi, P. K. B., Heve, W. K. K., Junior, P. A. S., Picanco, M. C. C,,
Ninsin, K. D. D., Ablormeti, F. K. K., Shah, M. A,, Siddiqui, S. A., & Silva, R. S. S. (2023). Tamarixia
radiata global distribution to current and future climate using the climate change experiment
(CLIMEX) model. Scientific Reports, 13(1), 1823. https://doi.org/10.1038/s41598-023-29064-3

Sridhar, V., Verghese, A., Vinesh, L. S., Jayashankar, M., & Jayanthi, P. D. K. (2014). CLIMEX simulated
predictions of Oriental fruit fly, Bactrocera dorsalis (Hendel) (Diptera: Tephritidae) geographical
distribution under climate change situations in India. Current Science, 106(12), 1702-1710.

Stephens, A. E. A, Kriticos, D. J., & Leriche, A. (2007). The current and future potential geographical
distribution of the oriental fruit fly, Bactrocera dorsalis (Diptera:Tephritidae). Bulletin of
Entomological Research, 97(4), 369-378. https://doi.org/10.1017/50007485307005044

Suwandharathne, N. I., Holwell, G. I., & Avila, G. A. (2023). Current and future potential geographical
distribution of Bactericera cockerelli: An invasive pest of increasing global importance. Austral
Entomology, 62(4), 488-502. https://doi.org/10.1111/aen.12664

Tang, X., Yuan, Y., Li, X., & Zhang, J. (2021). Maximum Entropy Modeling to Predict the Impact of
Climate Change on Pine Wilt Disease in China. Frontiers in Plant Science, 12, 652500.
https://doi.org/10.3389/fpls.2021.652500

16



Ullah, F., Zhang, Y., Gul, H., Hafeez, M., Desneux, N., & Qin, Y. (2023). Potential economic impact of
Bactrocera dorsalis on Chinese citrus based on simulated geographical distribution with MaxEnt and
CLIMEX models. Entomologia Generalis, 43(4), 821-830.
https://doi.org/10.1127/entomologia/2023/1826

Ullah, F., Zhang, Y., Gul, H., Hafeez, M., Desneux, N., Qin, Y., & Li, Z. (2023). Estimation of the
potential geographical distribution of invasive peach fruit fly under climate change by integrated
ecological niche models. CABI Agriculture & Bioscience, 4(1), 46. https://doi.org/10.1186/s43170-
023-00187-x

Wan, J., Wang, R., Ren, Y., & McKirdy, S. (2020). Potential Distribution and the Risks of Bactericera
cockerelli and Its Associated Plant Pathogen Candidatus Liberibacter Solanacearum for Global Potato
Production. Insects, 11(5), 298. https://doi.org/10.3390/insects11050298

Wang, A, Peng, S., Lian, Y., Yang, X, Jia, J,, Li, J.,, Yang, S., Zheng, R., & Zhou, S. (2022). Distribution
and interaction of the suitable areas of Beauveria bassiana and Bactrocera dorsalis (Hendel).
Frontiers in Ecology and Evolution, 10, 990747. https://doi.org/10.3389/fevo.2022.990747

Wang, J., Deng, J., Yan, W., & Zheng, Y. (2023). Habitat Suitability of Pine Wilt Disease in Northeast
China under Climate Change Scenario. Forests, 14(8), 1687. https://doi.org/10.3390/f14081687

Wang, JunWei, Ci, R., Yu, Daolian, Zhang, JunHua, Wen, Yi, Li, ZhiHong, & Chen, HongJun. (2010).
Potential geographic distribution of Bactrocera dorsalis Hendel in Tibet. Southwest China Journal of
Agricultural Sciences, 23(4), 1116—-1120.

Wang, P., Yang, M., Zhao, H., Wei, D., Zhang, G., Jiang, H., Zhang, C., Xian, X., Huang, H., & Zhang, Y.
(2025). Global Potential Geographic Distribution of Anthonomus eugenii Under Climate Change: A
Comprehensive Analysis Based on an Ensemble Modeling Approach. Neotropical Entomology, 54(1),
25. https://doi.org/10.1007/s13744-024-01242-6

Wang, R, liang, C., Guo, X., Chen, D, You, C., Zhang, Y., Wang, M., & Li, Q. (2020). Potential
distribution of Spodoptera frugiperda (JE Smith) in China and the major factors influencing
distribution. Global Ecology and Conservation, 21, e00865.
https://doi.org/10.1016/j.gecco.2019.e00865

Wang, R,, Yang, H., Luo, W., Wang, M., Lu, X., Huang, T., Zhao, J., & Li, Q. (2019). Predicting the
potential distribution of the Asian citrus psyllid, Diaphorina citri (Kuwayama), in China using the
MaxEnt model. PeerJ, 7, €7323. https://doi.org/10.7717/peerj.7323

Wang, R,, Yang, H., Wang, M., Zhang, Z., Huang, T., Wen, G., & Li, Q. (2020). Predictions of potential
geographical distribution of Diaphorina citri (Kuwayama) in China under climate change scenarios.
Scientific Reports, 10(1), 9202. https://doi.org/10.1038/s41598-020-66274-5

Weinberg, J., Ota, N., Goergen, G., Fagbohoun, J. R., Tepa-Yotto, G. T., & Kriticos, D. J. (2022).
Spodoptera eridania: Current and emerging crop threats from another invasive, pesticide-resistant
moth. Entomologia Generalis, 42(5), 701-712. https://doi.org/10.1127/entomologia/2022/1397

Xia, Y., Zhao, J., Ding, J., Xu, K., Zhou, X., Xiang, M., Xue, H., Wang, H., Wang, R., & Yang, Y. (2024).
Geographical distribution of two major quarantine fruit flies (Bactrocera minax Enderlein and
Bactrocera dorsalis Hendel) in Sichuan Basin based on four SDMs. PeerJ, 12, e16745.
https://doi.org/10.7717/peerj.16745

17



Xiao, Y., Guo, Q., Xie, N., Yuan, G., Liao, M., Gui, Q., & Ding, G. (2024). Predicting the global potential
distribution of Bursaphelenchus xylophilus using an ecological niche model: Expansion trend and the
main driving factors. Bmc Ecology and Evolution, 24(1), 48. https://doi.org/10.1186/s12862-024-
02234-1

Yonow, T., Hattingh, V., & de Villiers, M. (2013). CLIMEX modelling of the potential global distribution
of the citrus black spot disease caused by Guignardia citricarpa and the risk posed to Europe. Crop
Protection, 44, 18-28. https://doi.org/10.1016/j.cropro.2012.10.006

You, P., Zhou, J., Bilal, A. M., Bao, M., Yang, J., Fang, S, Li, X., & Yi, L. (2024). Potential habitat
suitability of Candidatus Liberibacter asiaticus and genetic diversity of its prophages across China.
Microbiology Spectrum, 12(11). https://doi.org/10.1128/spectrum.00633-24

Zacarias, D. A. (2020). Global bioclimatic suitability for the fall armyworm, Spodoptera frugiperda
(Lepidoptera: Noctuidae), and potential co-occurrence with major host crops under climate change
scenarios. Climatic Change, 161(4), 555-566. https://doi.org/10.1007/s10584-020-02722-5

Zhang, L., Wang, P., Xie, G., & Wang, W. (2024). Impacts of Climate Change Conditions on the
Potential Distribution of Anoplophora glabripennis and Its Host Plants, Salix babylonica and Salix
matsudana, in China. Ecology and Evolution, 14(12), e70692. https://doi.org/10.1002/ece3.70692

Zhang, L., Wang, P., Xie, G., & Wang, W. (2025). Impact of climate change on the distribution of the
citrus longhorned beetle Anoplophora chinensis (Coleoptera: Cerambycidae) and its host plants,
Castanea mollissima and Castanea seguinii: a predictive analysis using optimized MaxEnt models.
Journal of Economic Entomology. https://doi.org/10.1093/jee/toae308

Zhang, Q.-C., Wang, J.-G., & Lei, Y.-H. (2022). Predicting Distribution of the Asian Longhorned Beetle,
Anoplophora glabripennis (Coleoptera: Cerambycidae) and Its Natural Enemies in China. Insects,
13(8), 687. https://doi.org/10.3390/insects13080687

Zhao, H., Xian, X., Yang, N., Zhang, Y., Liu, H., Wan, F., Guo, J., & Liu, W. (2023). Insights from the
biogeographic approach for biocontrol of invasive alien pests: Estimating the ecological niche overlap
of three egg parasitoids against Spodoptera frugiperda in China. Science of the Total Environment,
862, 160785. https://doi.org/10.1016/].scitotenv.2022.160785

Zhao, J., Zou, X., Yuan, F., Luo, Y., & Shi, J. (2023). Predicting the current and future distribution of
Monochamus carolinensis (Coleoptera: Cerambycidae) based on the maximum entropy model. Pest
Management Science, 79(12), 5393-5404. https://doi.org/10.1002/ps.7753

Zhou, Y., Ge, X, Liu, J., Zou, Y., Guo, S., Wang, T., & Zong, S. (2022). Climate change effects on the
global distribution and range shifts of citrus longhorned beetle Anoplophora chinensis. Journal of
Applied Entomology, 146(5), 473—-485. https://doi.org/10.1111/jen.12996

Zhou, Y., Ge, X., Zou, Y., Guo, S., Wang, T., & Zong, S. (2021). Prediction of the potential global
distribution of the Asian longhorned beetle Anoplophora glabripennis (Coleoptera: Cerambycidae)
under climate change. Agricultural and Forest Entomology, 23(4), 557-568.
https://doi.org/10.1111/afe.12461

Zhou, Y., Tao, J., Yang, J., Zong, S., & Ge, X. (2023). Niche shifts and range expansions after invasions
of two major pests: The Asian longhorned beetle and the citrus longhorned beetle. Pest
Management Science, 79(9), 3149—-3158. https://doi.org/10.1002/ps.7490

18



Zhu, G, Li, H., & Zhao, L. (2017). Incorporating anthropogenic variables into ecological niche
modeling to predict areas of invasion of Popillia japonica. Journal of Pest Science, 90(1), 151-160.
https://doi.org/10.1007/s10340-016-0780-5

Zhu, G., Oeller, L. C., Wojahn, R., Acosta, C., Milnes, J. M., & Crowder, D. W. (2023). Potential
distribution and spread of Japanese beetle in Washington State. Journal of Economic Entomology,
116(4), 1458-1463. https://doi.org/10.1093/jee/toad116

Zingore, K. M., Sithole, G., Abdel-Rahman, E. M., Mohamed, S. A., Ekesi, S., Tanga, C. M., &
Mahmoud, M. E. E. (2020). Global risk of invasion by Bactrocera zonata: Implications on horticultural
crop production under changing climatic conditions. PLOS ONE, 15(12), e0243047.
https://doi.org/10.1371/journal.pone.0243047

Znidarsic, Z., Pogacar, T., Trdan, S., & Curk, M. (2024). Spodoptera frugiperda (JE Smith) (Lepidoptera:
Noctuidae): Risks for Slovenian agriculture and feasibility of conducting pre-emptive risk assessment
for some of its natural enemies. Biological Control, 197, 105601.
https://doi.org/10.1016/j.biocontrol.2024.105601

19



Supplementary Material 2: Details on Data, Model, Assessment, and
Prediction following the ODMAP protocol recommended in Zurell et
al., (2020) for SDMs.

Overview

We used an ensemble modelling approach applied to presence-only data, largely adapted from
Valavi et al., (2022), using the 5 modelling methods and settings that were identified in that
study as performing the best when combined. Scripts had already been adapted by Meynard et
al., (2023) to use the most up-to-date packages, particularly since rgdal has been abandoned.
Environmental layers were downloaded from Chelsa (Karger et al., 2017) and up-scaled to a
coarser resolution 20 times that of the original, which corresponds to 10 min resolution
(roughly 18 km at the equator). Scripts applied here are therefore a re-adaptation from this last
publication, and can be found in the archive: https://tinyurl.com/yc29szae.

Authorship

Authors: Pedro Nunes, Nicolas Sauvion, Virginie Ravigne, Christine N. Meynard

e Contact email: pedrocatelanunes@hotmail.com or christine.meynard@inrae.fr

e Title: Effects of modelling choices on invasive species risk assessment using species
distribution models: lessons from the psyllid vectors of Citrus Huanglongbing

e DOI:
Model objective

e Model objective: Forecast and transfer

e Target output: Potential habitat suitability for invasive species introduction
Taxon

e (i) Huanglongbing disease, (ii) insect psyllid vectors, and (iii) insect parasitoid of the
vectors

Location
e Global
Scale of Analysis
e Spatial extent (Long/Lat): Longitude 90° E - 90° W, Latitude 90° S - 90° N
e Spatial resolution: 10 min resolution (approximately 18 km resolution)
e Temporal extent: Period of climate normals (1981-2010)
e Temporal resolution: three decades

e Boundary: Natural
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Biodiversity data

e Observation type: field survey, literature search, citizen science and standardized
monitoring

e Response data type: Presence-only
Type of Predictors

e Predictor types: Climatic Variables (BioClim), extracted from Chelsa V2.1 released in
24-05-2021 (Karger et al., 2017).

Conceptual model / Hypotheses

e Different key choices in SDM modelling can have different and relevant impacts in
early risk assessments, not only in terms of performance, but also in terms of
identification of areas at risk and management recommendations. We focus on choices
that can be improved in early risk assessments to identify the lower-effort / higher gain
strategies: improving occurrence data quality, native versus native and invaded
calibration range, single modelling algorithm (MaxEnt) versus ensemble modelling,
variable selection and background versus pseudo-absence points. Secondly, we
compared standard statistical metrics based on whole-range performance (AUC, TSS,
Boyce), with a statistics that focuses on the confirmed occurrences in the invaded range
(invasion false negative rate = iIFNR). Finally, we used a index of range overlap (Jaccard
index) to evaluate whether small and large differences in the performance statistics are
reflected in large differences in the predicted areas at risk.

Assumptions

e We used classic SDM strategies, therefore the same assumptions apply: that the
occurrences used as input are correct and represent the range of environmental
conditions that the species can occupy; that there is niche conservatism across the full
range.

SDM Algorithms

e Algorithms: SDMs were fitted using five different algorithms, as recommended in
(\Valavi et al., 2022): MaxEnt, generalised additive models (GAM), LASSO, boosted
regression trees (BRT), and random forests (RF).

e Model complexity: varied depending on the algorithm, but settings correspond to those
recommended in (Valavi et al., 2022).

e Ensemble modelling: we combined the five SDMs to ensemble SDM predictions, using
the average.

Workflow

e We ran the 7 different SDM modelling strategies (REF, DEF, OCC, NAT, BACK,
AUTO, MAX, see Table S2.1 below), each with a different combination of modelling
choices regarding data quality, model calibration range, background or pseudo-absence
points handling, variable selection, and modelling algorithms.
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e \We performed 5 cross validations for each modelling strategy, repeating the SDMs
using geographical data partitioning using the package blockCV (Valavi et al., 2019).
Software
e Software: QGIS, R, Packages: Stars, Terra
e Data availability: all data needed to run the scripts is available in an archive
https://tinyurl.com/yc29szae
e Code availability: all scripts needed to replicate the modelling are available in the same
archive as the data https://tinyurl.com/yc29szae
Data

Biodiversity data

Taxon names: Liberibacter africanus, Trioza erytreae, Tamarixia dryi, Psyllaephagus
pulvinatus, Liberibacter asiaticus, Liberibacter americanus, Diaphorina citri,
Tamarixia radiata, Diaphorencyrtus aligarhensis.

Taxonomic reference system: for Diaphorina citri: Kuwayama, 1908; and for Trioza
erytreae: Del Guercio, 1918.

Full references:

Kuwayama Sh. 1908 - Die Psylliden Japans. I. Transactions of the Sapporo Natural
History Society 2: 149-189.

Del Guercio G. 1918 - Note ed osservazioni di entomologia agraria. Il cecidio delle
foglie del limone ed il suo cecidozoo in Eritrea. Agricultura Coloniale 1918: 167-169.

Ecological level: Species

Data source: Species occurrence data extracted from GBIF, INaturalist, EPPO, scientific
literature, public official monitoring reports or data repositories and from contact with
experts. Detailed information in Supplementary Material S3.

Scaling & Sample size: The occurrence dataset was up-scaled to match the spatial
resolution of the environmental layers (10 min resolution). For each grid cell, the species
was recorded as present if one or more occurrence points were recorded inside the cell.
Two different occurrence datasets were used (Supplementary Material S3) to illustrate
modelling choices regarding data extraction and cleaning. After up-scaling, this results
in the following number of occurrences: (1) basic GBIF dataset - 241 total occurrences,
with 177 occurrences for D. citri and 64 occurrences for T. erytreae; (2) high-quality
dataset - 1198 total occurrences (843 for D. citri & 355 for T. erytreae).

Mask: Antarctica and the oceans were removed from our projections; the rest of the
globe is included.

Absence data collection: no absence data was collected.
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Pseudo-absence and background data: 10,000 background data points were first
randomly placed within a 1,000 km buffer around occurrence points (this means that
the extent of the background also varied, for example if we limited occurrence to native-
only versus native + invaded) at the resolution of the environmental layers (i.e. there
cannot be two background points in the same grid cell). All modelling strategies using
background data used this random sample (Table S2.1), which is intended to represent
the long-term (multiple generation) accessible area (Barve et al., 2011). For modelling
strategies using pseudo-absences, we eliminated from the background points those that
were too close (< 100km) from confirmed presences. This was intended to represent
population dispersal distances, therefore eliminating from the potential background
sampling the areas that are deemed within reach from confirmed occurrences. Pseudo-
absences were therefore background points located more than 100 km from any
recorded occurrence, but within a 1,000 km radius.

Errors and biases: details on data compilation and cleaning can be found in
Supplementary Material S3. The basic GBIF dataset has all the classic biases described
for broadly available occurrence data (Zizka et al., 2020). In the high-quality dataset we
dedicated a significant effort to eliminate incorrect occurrences (placed in areas where
local psyllid experts had no knowledge of its introduction for example, or where a
photographic record showed a misidentification), and to add records in areas that are
already well-known because of the economic damages caused by HLB.

Data partitioning

Selection of training data: we adopted a fivefold spatial cross-validation approach to
measure model predictive performance. The species distribution range was divided into
10 x10 spatial blocks using the “blockCV” R package (Valavi et al., 2019). We assigned
the 100 blocks to five folds via 50 iterations for a balanced fold assignment.

Training data: in a spatial five-fold cross-validation, one spatial block is left out for
validation, while the other four are used for training. There were five blocks, each used
in turn as training or validation.

Validation data: see explanation above.
Test data: we did not have an independent test dataset.

Statistics: for model performance, we used different complementary model performance
metrics based on all occurrences (native and invaded range, depending on what was
used in the calibration): AUC, TSS, Boyce, Kappa, sensitivity, specificity, false
negative rate, invasive false negative rate. Additionally, we calculated the Jaccard index
(Jaccard, 1908) comparing the projected range for each modelling strategy to a reference
modelling strategy.

Environmental data/Predictor variables

Predictor variables: Climatic data (1980-2010): biol - Average Annual Mean
Temperature; bio2 - Average Mean Diurnal Range (Mean of monthly (max temp - min
temp)); bio3 = Average Isothermality; bio4 = Average Temperature Seasonality; bio5
= Max Temperature of Warmest Month; bio6 = Average Min Temperature of Coldest
Month; bio7 = Average Temperature Annual Range; bio8 = Average Mean Temperature

23



of Wettest Quarter; bio9 = Average Mean Temperature of Driest Quarter; biol0 =
Average Mean Temperature of Warmest Quarter; bioll = Average Mean Temperature
of Coldest Quarter; biol2 = Average Annual Precipitation; biol3 = Average
Precipitation of Wettest Month; biol4 = Average Precipitation of Driest Month; biol5
= Average Precipitation Seasonality (Coefficient of Variation); biol6 = Average
Precipitation of Wettest Quarter; biol7 = Average Precipitation of Driest Quarter; biol8
= Precipitation of Warmest Quarter; bio19 = Precipitation of Coldest Quarter; GDDO =
Growing degree days at 0°C; GDD5 = Growing degree days at 5°C; GDD10 = Growing
degree days at 10°C; NPP = Net Primary Productivity

e Data sources: data was extracted from Chelsa Climate (Karger et al., 2017), available
at: https://chelsa-climate.org/downloads

e Spatial resolution: The original data was at 30 arc seconds resolution (1km? at the
equator), but was up-scaled to a resolution 20 times coarser (10 min resolution, roughly
18 km at the equator).

e Extent of raw data: -180, -90, 180, 84

e Coordinate reference system: EPSG:4326 - WGS 84

e Temporal extent: Period of climate data (1981-2010)

e Temporal resolution: Single time period, 30 years averaged

e Data processing: We up-scaled by 20 the raw environmental data (30 arc seconds) to
match the model’s resolution (10 min resolution). For the upscaling process, we
calculated the mean value of the cells using a resampling. Oceans and Antarctica were
removed using the continents boundary vector map “countriesHigh” from the R package
rworldxtra (http://www.naturalearthdata.com/downloads/10m-cultural-vectors/)

Model:

Table S2.1: Types of models that we compared. The first two model types are opposite
alternatives: (1) The simple default model (DEF), represents the easiest and simplest options
that are often used in early risk assessments; (2) The reference model (REF), represents the
higher standard model; models (3) to (7) use the same calibration details as in the reference
model, except for the one characteristic that is highlighted: (3) use of the low quality input
occurrence dataset (OCC), (4) native-only occurrences during calibration (NAT); (5) use of
background points instead of pseudo-absences (BACK); (6) use of automated variable selection
instead of pre-determined variables (AUTO); (7) and use of MaxEnt alone instead of ensemble
modelling (MAX). All modelling details can be found in the methods section and scripts.

Model Type Modelling Strategies

(1) Default (DEF) Standard cleaning of publicly available dataset (GBIF only),
only native occurrences used for calibration, use of default
background points, automated variable selection, Maxent-only
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(2) Reference (REF)

High quality dataset (thorough cleaning and consultation with
taxonomic experts), all available occurrences are used in
calibration (native + invaded), use of pseudo-absences, Pre-
selected variables, ensemble modelling following Valavi et al
2022

calibration area (NAT)

(3) Basic Occurrence | Standard cleaning of publicly available dataset (GBIF

dataset (OCC) only), all available occurrences used, use of pseudo-absences,
Pre-selected variables, ensemble modelling

4) Native only | High quality dataset, native-only occurrences used, use of

pseudo-absences,Pre-selected variables, ensemble modelling

(5) Background points
(BACK)

High quality dataset, all available occurrences used, use of
background points, Pre-selected variables, ensemble
modelling

(6) Automated Variable
Selection (AUTO)

High quality dataset, all available occurrences used, use of
background points, automated variable selection, ensemble
modelling

(7) Maxent only (MAX)

High quality dataset, all available occurrences used, use of

background points, Pre-selected variables, Maxent-only

<Quantification of Novelty>
Model
Predetermined Variables

We started with the list of variables presented in “environmental predictors” above. However,
all modelling strategies, except the one with automated variable selection (AUTO), used a
subset of predetermined biologically relevant predictor variables identified by (i) scanning the
literature for the bioclimatic variables most associated with the studied species (Aidoo, Souza,
da Silva, Santana Jr, et al., 2022; Aidoo, Souza, da Silva, Santana Junior, et al., 2022; Godefroid,
2023), and (i) including at least one variable representing the average, seasonality, and
extremes (e.g., in the coldest quarter, in the driest quarter) of both temperature and precipitation.

Based on these criteria, we selected the following variables: Temperature Seasonality (Bio4),
Minimum Temperature of Coldest Month (Bio6), Mean Temperature of Wettest Quarter (Bio8),
Mean Temperature of Warmest Quarter (Biol0), Precipitation of Driest Month (Biol4),
Precipitation Seasonality (Biol5), Precipitation of Warmest Quarter (Bio18), and Precipitation
of Coldest Quarter (Biol19). Pairwise correlations among these variables were assessed within
the calibration range of each modeling strategy (REF, OCC, NAT). For both species, Bio4 was
removed due to high correlation with (-0.89 and -0.78 respectively for D. citri and T. erytreae)
(Spearman r > 0.7) (Supplementary Material S4).

For the AUTO modelling strategy, the “data snooping” procedure (Dormann et al., 2013) was
applied to GAM, following Meynard et al., (2017). This approach identifies the most
informative predictors from the full set of environmental variables, reducing potential biases in
model calibration (Supplementary Material S4).
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Model settings

Relative data weight was calculated for each data point, to take into account the uneven number
of occurrences and absence points. The weight values (weight_col) were calculated so that the
sum of each class would be the same, bringing the weight of presences and pseudo-
absences/background data to 50% for each category (Barbet-Massin et al., 2012; Valavi et al.,
2022). The other settings follow in general Valavi et al., (2022), with a few exceptions. Most
notably, we limited the complexity of GAM models using a maximum number of knots for each
smooth term of k = 4; and we changed the background / pseudo-absence strategy, as explained
in the different alternative modelling strategies. Below are details for each modelling algorithm,

1. GAM (Generalized Additive Model)
Library: mgcv
Function: gam

Formula: occ ~ s(bio6, k=4) + s(biol9, k=4) + s(bio8, k=4) + s(biol4, k=4) + s(biol5, k=4) +
s(bio18, k=4) + s(bio10, k=4)

Family: binomial

Weights: data[[weight_col]]; 50% weight for all occurrences
2. BRT (Boosted Regression Trees)

Package: gbm

Function: gbm.step()

Predictors: Environmental variables (e.g. "bio6", "bio19", "bio8", "biol14", "biol5", "biol8",
"bio10")

Response Variable: Occurrences
Family: "bernoulli"
Site Weights: data[[weight_col]]; 50% weight for all occurrences
Tree Complexity: 5
Learning Rate: 0.001
Number of Trees: 50
Cross-validation Folds: 4
Maximum Trees: 10,000
3. LASSO (Least Absolute Shrinkage and Selection Operator)

Quadratic Transformation Applied to Predictors

26



Function: cv.glmnet()

Response Variable: Occurrence

Family: "binomial”

Alpha: 1 (LASSO penalty)

Weights: data[[weight_col]]; 50% weight for all occurrences
Standardization: TRUE

Predictor Matrix: sparse.model.matrix(~. -1)

4. Random Forest
Formula: occ ~ bio6 + bio19 + bio8 + biol4 + biol5 + biol8 + biol0
Number of Trees (ntree): 1000
Sampling Strategy:
Presence (occ == 1) and Background (occ == 0) balanced
sampsize = ¢("0" = prNum, "1" = prNum)

Sampling Replacement: TRUE

5. Maxent
Library: dismo
Function: maxent()

Predictors: Environmental variables (e.g. "bio6", "bio19", "bio8", "biol4", "biol5", "biol8",
"bio10")

Presence Weights: ifelse(data$occ == 1, 100, maxent_weight)
Cross-validation Folds: k =5

Train-Test Splitting Based on Folds

Evaluation Function: evaluate()

Prediction Applied to Raster Stack<Model settings (extrapolation)

6. Final Ensemble Model
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Mean of Predictions from all 5 models:

Model estimates
<Coefficients>
Model selection - model averaging - ensembles

Model selection: Ensemble of models using the average of predicted probabilities for all 5
modelling algorithms.

Analysis and Correction of non-independence
No autocorrelation analysis. MESS was carried out, not presented here.
Threshold selection

For threshold value (when needed to calculate TSS and other statistics), the optimal.thresholds()
function from the PresenceAbsence R package was used to determine the presence-absence
classification threshold. The method that maximizes sensitivity plus specificity was applied.

For mapping in figure 6, we also used quantiles based on the confirmed occurrences along the
the reference model’s output predicted values. For example, the lower 5% quantile contains 5%
of the occurrences in the lowest predicted values. This lower 5% quantile therefore contains
occurrences that are in rather marginal habitats for the species. This allowed defining the
following risk categories based on other quantiles: 0-5% - no risk; 5-25% low risk; 25-50%
medium risk; 50-75% high risk; 75-100% very high risk (Figure 6 in the manuscript). As seen
in this figure, the optimal threshold defined above follows a similar distribution that the 5%
quantile threshold, although some differences can be seen in specific areas.

Assessment
Performance statistics

For accessing the model’s performance we used the following statistics: AUC, TSS, Kappa,
Sensitivity, Specificity, BOYCE index, False Negative rate (FNR), Invasive False Negative rate
and Jaccard index (Table S2.2). Many of these follow exactly the same pattern, so we only
present results for AUC, TSS and Boyce in the main text, along with FNR in the invasion range,
and Jaccard.

Table S2.2: Description and range of the different performance metrics.

Metric Description Range Key Use Case
AUC Measures overall |0-1 Model evaluation
discrimination ability independent of a
threshold
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in binary
classification.

TSS Balances sensitivity | -1to 1 Optimizing threshold
& specificity selection
Kappa Accounts for chance | -1to 1 Evaluating
agreement. classification
reliability.
Sensitivity Measures ability to |0-1 Important in
detect presence. conservation
(avoiding false
negatives).
Specificity Measures ability to |0-1 Avoiding false
detect absence. positives  in  risk
assessments.
Boyce Index Presence-only model | -1to 1 SDM model
validation. evaluation for
presence-only data.
False Negative Rate | Proportion of missed | 0-1 Avoiding
(FNR) presences. underestimation  of
species distribution.
Invasive False | FNR  specific to|0-1 Avoiding
Negative Rate | invasive species. underestimation
(IFNR) species invasive
ability
Jaccard Index Measures agreement |0 -1 Comparing predicted

distributions between
different model
outputs

Plausibility check

Response shapes: Check plausibility of the relations of the ecological variables, in comparison

with field knowledge, experts and the bibliography.

Expert judgement: Resulting maps observation

Prediction

Prediction output

Raw predictions in the range of probabilities (0-1); reclassified as 0 or 1 if presence-absence

predictions required.

Uncertainty quantification




See different modelling strategies explored in Table S2.1.
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Supplementary Material 3: Occurrence Points, Data Retrieval and

Cleaning

Here we wanted to compare a basic occurrence dataset, quickly compiled and cleaned using
standard procedures, with a more invested dataset complemented through an in-depth search
and consultation with global and local psyllid experts. We also took advantage of a few well-
known highly specific interactions to compile this dataset. Since both species of interest
transmit very specific variants of HLB and have obligate parasites species which are themselves
highly specific, we also used occurrence data for the HLB variants and the parasitoids, as strong
indicators of the presence of one or the other psyllid species (see below).

Two occurrence datasets of the insect vectors were compiled: (1) the basic occurrence dataset;
(2) and a high-quality dataset. For both datasets, the occurrence records of the two insect vectors
of the HLB disease worldwide, were searched. This included the three known bacteria strains
responsible for the HLB disease (Candidatus L. africanus, Candidatus L. asiaticus and
Candidatus L. americanus), the two known associated vector species (T. erytreae and D. citri),
and four predominant and specialized parasitoid species: Tamarixia dryi, (Urbaneja-Bernat et
al., 2019), and Psyllaephagus pulvinatus (Pérez-Rodriguez et al., 2019), parasitoids of T.
erytreae; Tamarixia radiata (Hoddle & Pandey, 2014) and Diaphorencyrtus aligarhensis
(Bistline-East et al., 2015), parasitoids of D. citri. For each vector species, the corresponding
presence records of associated bacteria strain or parasitoid species were merged together into a
single dataset of the vector species occurrence.

For the basic occurrence dataset, we downloaded the occurrences, using only the public dataset
GBIF: the Global Biodiversity Information Facility, (2024) (Available from
http://www.gbif.org, accessed on 18 January of 2024). A total of 3,459 records were extracted
(750 for T. erytreae and 2,709 for D. citri).

This preliminary dataset was cleaned using standard procedures by eliminating occurrences
with obvious geographic coordinates errors (e.g. reported high degree of uncertainty, mismatch
of coordinates and reported region, coordinates calculated from the region’s centroid,
coordinates located in the sea), and eliminating duplicates. The occurrence data was then up-
scaled by aggregating occurrence records inside the same grid cells at the same resolution than
the environmental layers used during the modelling (10 min resolution, ~18 km), which reduced
the data to a total of 241 occurrences (64 for T. erytreae and 177 for D. citri) (Fig.S3.1).

For the high-quality dataset, occurrence records were extracted from the following publicly
available datasets: GBIF: the Global Biodiversity Information Facility (2024) (Available from
http://www.gbif.org, accessed on  18/01/2024); iNaturalist  (Available  from
https://www.inaturalist.org/, accessed on 18/01/2024); EPPO Global Database (Available from
https://gd.eppo.int/, accessed on 18/01/2024); The Commonwealth Agricultural Bureau
International (Available from https://www.cabi.org/, accessed on 18/01/2024In addition, we
used monitoring data from the websites of the Province of Galicia (available from
https://mediorural.xunta.gal/es/temas/agricultura/sanidad-vegetal/organismos-nocivos-de-

cuarentena, accessed 18/01/2024); the Portuguese Directorate General of Food and Veterinary
Medicine (available from https://www.dgav.pt/plantas/conteudo/sanidade-vegetal/inspecao-
fitossanitaria/informacao-fitossanitaria/trioza-erytreae/, , accessed on  18/01/2024).
Additionally, we performed extensive and detailed bibliographic research to find occurrence
records from all types of scientific literature and official reports on a global scale. For the
literature search, we used Google, Web of Science, Google Scholar and Scielo, and we included
texts in English, Spanish, Portuguese and French. Additionally, we contacted various
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researchers for additional help in data retrieval and validation, including authors of previous
papers where their own dataset included records we could not verify. We also contacted several
local experts in South America, where there were few publications that included precise
occurrence records, despite the fact that HLB is well known to occur in the region.

This dataset also underwent an intensive data cleaning process. This included removing records
with no coordinates, points with high precision error (over 10km) and records with coordinates
extracted from a country’s centroid. Records with no coordinates, but with a specified location,
were not removed if the location (e.g city) was small enough to maintain the required precision
(less than 10km radius). For these cases, the centroids of the location were used. In addition, all
points were checked for coordinate placement errors using QGIS by plotting them on a world
map, with expert assistance. The reference of each record was traced back to its original source,
to verify the reliability of every record. Finally, duplicate occurrence points were removed.
Errors found included country’s centroids as occurrence points, such as for T. erytreae in the
center of Spain and for D. citri in Madagascar. Other errors included a misidentification found
for a D. citri record in Cyprus, T. erytreae records in South Africa mistakenly introduced as D.
citri, and nonsensical records such as D. citri in the Chilean altiplano.

After cleaning, we had a total of 7,125 records (4,362 for T. erytreae and 2,763 for D. citri). To
match the large scale used in our models, the occurrence data was upscaled by aggregating
occurrence records within the same cells of the model (20x20), which reduced to total
occurrence points to 1,198 points (355 for T. erytreae and 843 for D. citri) (Fig.S3.1).

Note that the occurrence dataset, which includes the two vector species and HLB global
occurrences, is available in the archive https://tinyurl.com/yc29szae, including the accession
numbers, DOIs or other source links for each record.
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Figure S3.1 — Graphical representation of the occurrence data extraction and cleaning process
of the two datasets for the two vector species.
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Supplementary Material 4: Description of predictors used in the
different modelling strategies for both species.

Only those selected in one of the modelling efforts are included in this table.

Variable Species Environmental Variables Used
Selection
Bi06 - Min Temperature of Coldest Month (°C);
Pre- Both Bio8 - Mean Temperature of Wettest Quarter (°C);
determined Bio10 - Mean Temperature of Warmest Quarter (°C);
predictors Bio14 - Precipitation of Driest Month (°C);
Bio15 - Precipitation Seasonality (%);
Bi018 - Precipitation of Warmest Quarter (mm);
Bi019 - Precipitation of Coldest Quarter (mm)
Biol - Annual Mean Temperature;
Automated | Trioza erytreae | Bio2 - Mean Diurnal Range (°C);
Variable Bio4 - Temperature Seasonality (°C);
Selection Bio5 - Max Temperature of Warmest Month (°C);
Bioll - Mean Temperature of Coldest Quarter (°C);
(AUTO) Bio13 - Precipitation of Wettest Month (mm);

Biol4 - Precipitation of Driest Month (mm);
Biol5 - Precipitation Seasonality (%);

Bi018 - Precipitation of Warmest Quarter (mm);
Bi019 - Precipitation of Coldest Quarter (mm)

Diaphorina
citri

Biol - Annual Mean Temperature (°C);

Bio2 - Mean Diurnal Range (°C);

Bio5 - Max Temperature of Warmest Month (°C);
Bioll - Mean Temperature of Coldest Quarter (°C);
Bio15 - Precipitation Seasonality (%);

Bio16 - Precipitation of Wettest Quarter (mm);
Biol7 - Precipitation of Driest Quarter (mm);
Bi018 - Precipitation of Warmest Quarter (mm);
Bi019 - Precipitation of Coldest Quarter (mm)
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