communications
biology

ARTICLE () ook o s
https://doi.org/10.1038/s42003-022-03447-0

Spotted lanternfly predicted to establish in
California by 2033 without preventative
management

Chris Jones® 1™, Megan M. Skrip 1 Benjamin J. Seliger1, Shannon Jones!, Tewodros Wakie?, Yu Takeuchi® 3,

Vaclav Petras® !, Anna Petrasova® ' & Ross K. l\/\eentemeyer1'4

Models that are both spatially and temporally dynamic are needed to forecast where and
when non-native pests and pathogens are likely to spread, to provide advance information for
natural resource managers. The potential US range of the invasive spotted lanternfly (SLF,
Lycorma delicatula) has been modeled, but until now, when it could reach the West Coast's
multi-billion-dollar fruit industry has been unknown. We used process-based modeling to
forecast the spread of SLF assuming no treatments to control populations occur. We found
that SLF has a low probability of first reaching the grape-producing counties of California by
2027 and a high probability by 2033. Our study demonstrates the importance of spatio-
temporal modeling for predicting the spread of invasive species to serve as an early alert for
growers and other decision makers to prepare for impending risks of SLF invasion. It also
provides a baseline for comparing future control options.
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distribution of invasive species, based on climatic condi-

tions in their native range and similar conditions in an
introduced range!-3. However, these models are not temporally
dynamic and typically do not integrate information about species’
biology#, and therefore they cannot predict the timing of arrival
or simulate how a species may disperse to new areas, like process-
based models can®®. Models that are both spatially and tempo-
rally dynamic are needed to forecast where and when the spread
of non-native pests and pathogens is likely to occur, to provide
advance information for natural resource managers who are
trying to proactively minimize ecological and economic impacts.

In the United States, an invasive pest of high management
concern is the spotted lanternfly (SLF, Lycorma delicatula), a
planthopper native to Asia that can kill plants directly by feeding
on phloem and indirectly by facilitating the growth of a light-
blocking leaf mold’. SLF was first detected in Pennsylvania in
2014 and has since spread to eleven surrounding states. The
species feeds in high densities on a wide range of commercially
valuable plants, including fruit trees, hops (Humulus sp.), and
grapes (Vitis sp.)®?, and poses a threat to the vineyard-based
economies of the western US. Using niche modeling, researchers
have identified the grape-growing regions of California and
Washington as highly suitable, climatically, for SLF invasion!.
When SLF might be expected to reach the region, however,
remains unknown.

US grape production is valued at ~$6.5 billion (accounting for
36% of the annual production value of all non-citrus fruit grown
in the US), with more than one million acres in grape
production!®. California alone produces 82% of the US grape
cropl0. Federal and state agencies tasked to protect US agri-
cultural and forestry products from pests like SLF have many
potential control options to consider, from eradication and con-
tainment to a slow-the-spread management regime. To prepare
control plans, resource managers must be able to predict how SLF
would spread if left uncontrolled and when it would likely reach
vulnerable areas. Essentially, they must be able to answer the
question: if all efforts to contain or eradicate SLF in the eastern
US were stopped, when would the species reach the western US?

We used process-based modeling to address this question,
simulating the spatial and temporal dynamics of SLF spread in
the US and forecasting the timing of its arrival across the country.
Specifically, we used a model called PoPS, Pest or Pathogen
Spread!l, to predict the spread of SLF at yearly time steps from its
current introduced range in the Mid-Atlantic US over the next
thirty years, forecasting where and when the pest would establish
assuming no control to limit its spread. This simulation will
provide a baseline for decision-makers to compare with other
simulations that test different management strategies.

We compared our predictions to a map of potential SLF dis-
tribution generated through niche modeling!. We also used
county-level economic data for grapes and eight other com-
modities to identify, by year, the financial risk of SLF invasion in
the US.

N iche models are useful for estimating the potential future

Results

Model outputs and crop hosts. We predict that SLF has a low
probability of first reaching the grape-producing counties of
California by 2027 and a high probability in some California
counties by 2033 (Fig. 1 and Supplementary Movies 1 [Graphics
Interchange Format (GIF) image of mean county-level prob-
ability] and 2 [GIF of max county-level probability]). SLF will
likely spread through the grape-producing region of the state by
2034, placing over 1 billion acres of grape vineyards at risk
(Fig. 2). In addition to grapes (Vitis sp.), many other crops are
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Fig. 1 Spread probability over time using the mean of all raster cells in a
county. By 2027 there is a low probability of SLF infestation in California,
and by 2033 the first county in California has a high probability of SLF
occurrence.
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Fig. 2 Crops at risk from SLF and total value. a-i Probability of SLF establishment over time for major crops. j The economic value of each crop. All acreage
and economic data are from the USDA National Agricultural Statistics Service 2017 census'©.

considered at risk from SLF infestation, including almonds
(Prunus subgenus Amygdalus sp.), apples (Malus sp.), walnuts
(Juglans sp.), cherries (Prunus subgenus Cerasus sp.), hops
(Humulus sp.), peaches (Prunus subgenus Amygdalus sp.), plums
(Prunus subgenus Prunus sp.), and apricots (Prunus subgenus
Prunus sp.; Figs. 2 and 3) that are included in the National
Agricultural Statistics Service 5-year census®!2. For the top grape-
producing counties in California, we plotted the probability of
SLF arrival over time (Fig. 4).

Model comparison to previous MaxEnt suitability. Running our
model until 2050, we found that our results generally agreed with
those produced by the MaxEnt model of Wakie et al.l; Fig. 5.
Both models agreed that SLF would be unlikely in 47.3% of pixels
nationwide; they also agreed that SLF would have some prob-
ability of occurring in 32.4% of pixels nationwide (see legend in
Fig. 5 for details). In 15.6% of pixels nationwide, the MaxEnt

model predicted SLF presence, but PoPS did not; of these pixels,
72.6% (11.3% of total pixels) were classified by Wakie et al.l as
low risk, 22.0% (3.4% of total pixels) as medium risk, and 5.4%
(0.8% of total pixels) as high risk. In 4.7% of pixels nationwide,
PoPS predicted SLF presence, but the MaxEnt model did not; of
these pixels, 41.6% (2.0% of total pixels) were classified by PoPS
as low risk, 44.3% (2.1% of total pixels) as medium risk, and
14.1% (0.7% of total pixels) as high risk.

Discussion

Niche modeling (often with MaxEnt) is a very common technique
used to examine the potential range of an introduced
species>>1314, but it has limited utility for management planning,
because it cannot predict the likely timing of species establish-
ment. Temporal estimates of pest or pathogen spread are cur-
rently rare (except see refs. 3611.15) even though predicting the
timing of pest or pathogen arrival is essential for management
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Fig. 3 Crop production for top at-risk commodities. USDA county-level production data in acres for crops from the National Agricultural Statistics Service
Census 2017 by county (a) grapes, b almonds, ¢ apples, d walnuts, e cherries, f hops, g peaches, h plums, i apricots'©.
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Fig. 4 Probability of SLF establishment in grape-growing counties. a Mean probability of SLF establishment over time (average of all pixel probabilities in
the county), based on PoPS output, in the three grape-producing California counties with production >100,000 acres, plus Sonoma and Napa Counties,
which produce high-value wine grapes. Asymptotes do not reach 100% probability, because some pixels in each county are unsuitable for SLF and have a
0% probability of establishment; asymptotes are reached when all suitable pixels in a county are predicted to be infested by SLF. Dotted lines represent
standard deviation across runs. b Grape acreage under production based on the USDA National Agricultural Statistics Service 2017 census'©, highlighting

the eight counties with the most grape production.
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Fig. 5 MaxEnt and PoPS model comparison. Comparison of SLF risk predicted by the MaxEnt model of Wakie et al. versus PoPS output for the year 2050.
The percentage of total land area in each risk category is provided in parentheses in the legend.

planning. Here we show that spatial-temporal modeling can
produce similar spatial predictions to niche modeling, with the
important added value of identifying the year at which a pest is
likely to reach a particular location and possibly impact eco-
nomically valuable commodities. Our analysis of SLF spread in
the contiguous US highlights the large acreage of at-risk com-
modities that are likely to be infested if SLF were allowed to

spread uncontrolled, providing a reasonable baseline to compare
to different management scenarios and guidance for identifying
locations for early surveillance.

If SLF spread were unmitigated, we expect the pest to establish
across much of the US by 2037. The main pathway to the West
Coast is accidental human-mediated transport, given that SLF
lays its eggs on shipping material, stone, railroad cars, and even
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Fig. 6 Model structure for spotted lanternfly (SLF, Lycorma delicatula). Unused modules in the PoPS model are gray in the equation. a The number of
pests that disperse from a single host under optimal environmental conditions (5) is modified by the number of currently infested hosts (/) and
environmental conditions in a location (i) at a particular time (t); environmental conditions include seasonality (X) and temperature (T) (see
supplementary Fig. 3 for details on temperature). Dispersal is a function of gamma (y), which is the probability of short-distance dispersal (alpha-1, &) or
long-distance via the rail network (N (dmin, dmax)). For the natural-distance Cauchy kernel, the direction is selected using 0-359 with O representing North.
For the network kernel, the direction along the rail is selected randomly, and then travel continues in that direction until the drawn distance is reached.
Once SLF has landed in a new location, its establishment depends on environmental conditions (X, T) and the availability of suitable hosts (number of
susceptible hosts [S] divided by total number of potential hosts [N]). b We used a custom host map for tree of heaven (Ailanthus altissima) to determine
the locations of susceptible hosts. The number of newly infested hosts (y) is predicted for each cell across the contiguous US.

vehicles’. Railroads present a high-risk pathway for long-distance
SLF dispersal”!17, and so our analysis simulated accidental
transport along these rail networks, a modification of our original
PoPS model.

By knowing the timing of arrival of a potentially damaging
insect such as SLF, decision-makers can identify places to enact
surveillance and information campaigns (particularly around rail
hubs) and growers can begin to compare alternative management
scenarios and prepare the necessary precautions to prevent local
pest populations from damaging valuable crops. We are working
with multiple state Departments of Agriculture and the US
Department of Agriculture’s Animal and Plant Health Inspection
Service (USDA APHIS) to run custom scenarios in PoPS for
individual states; these tailored modeling efforts account for state-
specific management budgets and strategies so that managers can
compare the potential effectiveness of different treatment strate-
gies that are realistic for them.

Although the potential impacts of SLF on many hosts are largely
unknown, grape vineyards can be completely lost when impacted
by both heavy feeding by SLF and low winter temperatures. Esti-
mates of when and where SLF will arrive can be used to prioritize
removal of tree of heaven (Ailanthus altissima), SLF’s presumed
primary host. For example, in the next 10 years, removing tree of
heaven near vineyards in the eastern US (Fig. 3) might be prior-
itized, followed by removal near vineyards in California just before
the pest is expected to reach the state. Such management action
would likely adjust the probability estimates we forecasted (Fig. 2),
by reducing the acreage of commodities in high-probability areas

(Fig. 3). If the tree of heaven removal is successful at slowing
spread, SLF arrival probabilities in Fig. 2 would be shifted to the
right, i.e., later in time; if removal prevented SLF from arriving to
specific counties, these probabilities in Fig. 2 would also be shifted
down, i.e., lower probabilities at all time steps.

Methods

Model structure. We used the PoPS (Pest or Pathogen Spread) Forecasting
System!! version 2.0.0 to simulate the spread of SLF and calibrated the model (Fig. 6)
using Approximate Bayesian Computation (ABC) with sequential Markov chain and
a multivariate normal perturbation kernel!®19. We simulated the reproduction and
dispersal of SLF groups (at the grid cell level) rather than individuals, as exact
measures of SLF populations are not the goal of surveys conducted by USDA and
state departments of agriculture. Reproduction was simulated as a Poisson process
with mean f that is modified by local conditions. For example, if we have 5 SLF
groups in a cell, a 8 value of 2.2, and a temperature coefficient of 0.7, our modified
value becomes 1.54 and we draw five numbers from a Poisson distribution with a A
value of 1.54. 8 and dispersal parameters were calibrated to fit the observed patterns
of spread. For this application of PoPS, we replaced the long-distance kernel (a2)
with a network dispersal kernel based on railroads, along which SLF and tree of
heaven are commonly observed’. For each SLF group dispersing, if a railroad is in
the grid cell with SLF, we used a Bernoulli distribution with mean of y (probability of
natural dispersal) to determine if an SLF group dispersed via the natural Cauchy
kernel with scale («) or along the rail network. This network dispersal kernel
accounts for dispersal along railways if SLF is present in a cell containing a rail line.
The network dispersal kernel added three new parameters to the PoPS model: a
network file that contained the nodes and edges, minimum distance that each railcar
travels, and the maximum distance that each railcar travels. Unlike typical network
models, which simulate transport simply between nodes, our approach allows for
SLF to disembark a railcar at any point along an edge, more closely mimicking their
actual behavior. This network therefore captures the main pathway of SLF long-
distance dispersal, i.e., along railways.
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Spotted lanternfly model calibration. We used 2015-2019 data (over 300,000
total observations including both positive and negative surveys) provided by the
USDA APHIS and the state Departments of Agriculture of Pennsylvania, New
Jersey, Delaware, Maryland, Virginia, and West Virginia to calibrate model para-
meters (B, &1, ¥, dmin» dmax)- The calibration process starts by drawing a set of

parameters from a uniform distribution. Simulated results for each model run are
then compared to observed data within the year they were collected, and accuracy,
precision, recall, and specificity are calculated for the simulation period. If each of
these statistics is above 65% the parameter set is kept. This process repeats until
10,000 parameter sets are kept; then, the next generation of the ABC process
begins: the mean of each accuracy statistic becomes the new accuracy threshold,
and parameters are drawn from a multivariate normal distribution based on the
means and covariance matrix of the first 10,000 kept parameters. This process
repeats for a total of seven generations. Compared to the 2020 and 2021 obser-
vation data (over 100,000 total observations including both positive and negative
surveys), the model performed well, with an accuracy of 84.4%, precision of 79.7%,
recall of 91.55%, and specificity of 77.6%. In contrast, a model run using PoPS’
previous long-distance kernel (a2) instead of the network dispersal kernel had an
accuracy of 76.5%, precision of 68.1%, recall of 92.68%, and specificity of 57.2%.

We applied the calibrated parameters and their uncertainties (Fig. 7) to forecast
the future spread of SLF, using the status of the infestation as of January 1, 2020 as
a starting point and data for temperature and the distribution of SLF’s presumed
primary host (tree of heaven, Ailanthus altissima) for the contiguous US at a spatial
resolution of 5km.

Weather data. Overwinter survival of SLF egg masses, and therefore spread, is
sensitive to temperature (see ref. 2). To run a spread model in PoPS, all raw
temperature values are first converted to indices ranging 0-1 to describe their
impact on a species’ ability to survive and reproduce. We converted daily Daymet20
temperature into a monthly coefficient ranging 0-1 (Supplementary Fig. 1) and
then rescaled from 1 to 5 km by averaging 1-km pixel values. We used weather data
1980-2019 and randomly drew from those historical data to simulate future
weather conditions in our simulations, to account for uncertainty in future weather
conditions.

Tree of heaven distribution mapping. SLF is known to feed on >70 species of
mainly woody plants’, but tree of heaven is commonly viewed as necessary, or at
least highly important, for SLF spread. Young nymphs are host generalists, but
older nymphs and adults strongly prefer tree of heaven (in Korea?!; in Pennsyl-
vania, US?2), and experiments in captivity?> and in situ’ have shown that adult
survivorship is higher on the tree of heaven and grapevine than other host plants,
likely due to the presence and proportion of sugar compounds important for SLF
survival?3. Secondary compounds found in tree of heaven also make adult SLF
more unpalatable to avian predators?4, and researchers have hypothesized that
these protective compounds may be passed on to eggs2!. For these reasons, tree of
heaven is widely considered the primary host for SLF and linked to SLF spread!-25.

We, therefore, used tree of heaven as the host in our spread forecast. We
estimated the geographic range of tree of heaven using the Maximum Entropy
(MaxEnt) model?027. We chose to use niche modeling because tree of heaven has
been in the US for over 200 years and is well past the early stage of invasion at
which niche models perform poorly; instead, tree of heaven is well into the
intermediate to equilibrium stage of invasion, when niche models perform well?8.
We obtained 19,282 presences for tree of heaven in the US from BIEN2%30 and
EDDmaps?! and selected the most important variables from an initial MaxEnt
model of all 19 WorldClim bioclimatic variables32. Our final climate variables were
mean annual temperature, precipitation of the coldest quarter, and precipitation of
the driest quarter. Given that tree of heaven is non-native and invasive in the US,
prefers open and disturbed habitat, and is commonly found along roadsides and in
urban landscapes®3, we also included distance to major roads and railroads as an
additional variable in our model, to account for the presence of disturbed habitat as
well as approximate urbanization and anthropogenic degradation. For each 1-km
cell in the extent, we calculated distance to the nearest road and nearest railroad
using the US Census Bureau’s TIGER data set of primary roads and railroads4. We
used our final MaxEnt model to generate the probability of the presence of tree of
heaven for each 1-km cell, then reset all cells with a probability <0.2 to a value of 0
to minimize overprediction of the tree of heaven locations (because cells <0.2
contained less than 1% of the presences used to build the model). We rescaled the
remaining probability values 0-1. We used 10% of the tree of heaven presence data
to validate the model, which performed well: 95% of the validation data set
locations had a probability of presence greater than 65%. We then rescaled the
1-km MaxEnt output to 5km using the mean value of our 1-km cells, in order to
reduce computational time.

Forecasting spotted lanternfly. We used the Daymet temperature data and dis-
tribution of tree of heaven to simulate SLF spread with PoPS, assuming no further
efforts to contain or eradicate either tree of heaven or SLF. We ran the spread
simulation 10,000 times from 2020 to 2050 for the contiguous US. After running all
10,000 iterations, we created a probability of occurrence for each cell for each year
by dividing the number of simulations in which a cell was simulated as being
infested in that year by 10,000 (the total number of simulations). This gave us a
probability of occurrence per year. We downscaled our probability of occurrence
per year from 5 km to 1 km and set the probability to 0 in 1-km pixels with no tree
of heaven occurrence.

COMMUNICATIONS BIOLOGY | (2022)5:558 | https://doi.org/10.1038/s42003-022-03447-0 | www.nature.com/commsbio 7


www.nature.com/commsbio
www.nature.com/commsbio

ARTICLE

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-022-03447-0

Data for mapping and comparison. We compared our probability of occurrence
map in 2050 to the SLF suitability map created by Wakie et al.! using niche modeling
to see how well the two modeling approaches would agree if SLF were allowed to
spread unmanaged (Fig. 5). Wakie et al.! categorized pixels below 8.359% as unsui-
table, between 8.359% and 26.89% as low risk, between 26.89% and 51.99% as
medium risk, and above 51.99% as high risk. To facilitate comparison, we used this
same schema to categorize pixels as low, medium, or high probability of spread.

We converted the yearly raster probability maps to county-level probabilities in
order to examine the yearly risk to crops in counties. We performed this
conversion using two methods: (1) the highest probability of occurrence in the
county (Supplementary Movie 2) and (2) the mean probability of occurrence in the
county (Fig. 1 and Supplementary Movie 1). The first method provides a simple,
non-statistical estimate of the probability of SLF presence by assigning the county
the value of the highest cell-level probability; the second accounts for all of the
probabilities of the cells in the county and typically results in a higher county-level
probability. We used USDA county-level production datal® for grapes, almonds,
apples, walnuts, cherries, hops, peaches, plums, and apricots to determine the
amount of production at risk each year (Fig. 2).

Reporting summary. Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

The SLF occurrence data that support the findings of this study are owned by USDA
APHIS and made available to us through a cooperative agreement and are protected by
confidential agreements with property owners, so cannot be made publicly available.
These data can be obtained from USDA APHIS if the researcher obtains a cooperative
agreement with USDA APHIS that allows them access to these data. The other data we
used are publicly available and can be downloaded from iNaturalist, EDDMaps, DayMet,
BIEN, and the US Census Bureau.

Code availability

We used the R version of PoPS$ (https://github.com/ncsu-landscape-dynamics/rpops) and
specifically version 2.0 (https://zenodo.org/record/5781384) which includes the network
kernel that allowed for simulating the movement of spotted lanternfly along rail lines.
This repository uses renv which allows the exact versions of each package used for this
analysis to be installed.

Received: 20 April 2021; Accepted: 4 May 2022;
Published online: 08 June 2022

References

1. Wakie, T. T., Neven, L. G., Yee, W. L. & Lu, Z. The establishment risk of
Lycorma delicatula (Hemiptera: Fulgoridae) in the United States and gobally.
J. Econ. Entomol. 113, 306-314 (2020).

2. Namgung, H., Kim, M.-],, Baek, S., Lee, J.-H. & Kim, H. Predicting potential
current distribution of Lycorma delicatula (Hemiptera: Fulgoridae) using
MaxEnt model in South Korea. J. Asia-Pac. Entomol. 23, 291-297 (2020).

3. Jung, J.-M,, Jung, S., Byeon, D. & Lee, W.-H. Model-based prediction of
potential distribution of the invasive insect pest, spotted lanternfly Lycorma
delicatula (Hemiptera: Fulgoridae), by using CLIMEX. J. Asia-Pac. Biodivers.
10, 532-538 (2017).

4. Hao, T., Elith, J., Guillera-Arroita, G. & Lahoz-Monfort, J. J. A review of
evidence about use and performance of species distribution modelling
ensembles like BIOMOD. Divers. Distrib. 25, 839-852 (2019).

5. Meentemeyer, R. K. et al. Epidemiological modeling of invasion in
heterogeneous landscapes: spread of sudden oak death in California (1990-
2030). Ecosphere 2, art17 (2011).

6. Fitzpatrick, M. C. et al. Modeling range dynamics in heterogeneous
landscapes: invasion of the hemlock woolly adelgid in eastern North America.
Ecol. Appl. 22, 472-486 (2012).

7. Urban, J. M. Perspective: shedding light on spotted lanternfly impacts in the
USA. Pest. Manag. Sci. 76, 10-17 (2020).

8. Barringer, L. & Ciafré, C. M. Worldwide feeding host plants of spotted
lanternfly, with significant additions from North America. Environ. Entomol.
49, 999-1011 (2020).

9. Avanesyan, A. & Lamp, W. O. Use of molecular gut content analysis to
decipher the range of food plants of the invasive spotted lanternfly, Lycorma
delicatula. Insects 11, 215 (2020).

10. USDA National Agricultural Statistics Service, 2017 Census of Agriculture.
Complete data available at www.nass.usda.gov/AgCensus. Accessed 2021.

12.

13.

14.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Jones, C. et al. Iteratively forecasting invasions with PoPS and a little help
from our friends. Front. Ecol. Environ. 19, 411-418 (2021).

USDA APHIS|Spotted Lanternfly. 2021. https://www.aphis.usda.gov/aphis/
resources/pests-diseases/hungry-pests/the-threat/spotted-lanternfly/spotted-
lanternfly.

Srivastava, V., Lafond, V. & Griess, V. C. Species distribution models (SDM):
applications, benefits and challenges in invasive species management. CAB
Rev. 14, 1-13 (2019).

Raxworthy, C. J., Ingram, C. M., Rabibisoa, N. & Pearson, R. G. Applications
of ecological niche modeling for species delimitation: a review and empirical
evaluation using day Geckos (Phelsuma) from Madagascar. Syst. Biol. 56,
907-923 (2007).

Cunniffe, N. J., Cobb, R. C,, Meentemeyer, R. K,, Rizzo, D. M. & Gilligan, C. A.
Modeling when, where, and how to manage a forest epidemic, motivated by
sudden oak death in California. Proc. Natl Acad. Sci. USA 113, 201602153
(2016).

Cook, R. T., Ward, S. F., Liebhold, A. M. & Fei, S. Spatial dynamics of spotted
lanternfly, Lycorma delicatula, invasion of the Northeastern United States.
NeoBiota 70, 23-42 (2021).

Brown, B. Spotted lanternflies have infested the region and researchers are
hard at work trying to control their spread. Grid Magazine 2020 https://www.
gridphilly.com/blog-home/2020/9/4/spotted-lanternflies-have-infested-philly.
Filippi, S., Barnes, C. P., Cornebise, J. & Stumpf, M. P. H. On optimality of
kernels for approximate Bayesian computation using sequential Monte Carlo.
Stat. Appl. Genet. Mol. Biol. 12, 87-107 (2013).

Minter, A. & Retkute, R. Approximate Bayesian computation for infectious
disease modelling. Epidemics 29, 100368 (2019).

Thornton, M. M. et al. Daymet: Daily Surface Weather Data on a 1-km Grid
for North America, Version 4. ORNL DAAC, Oak Ridge, Tennessee, USA.
https://doi.org/10.3334/ORNLDAAC/1840 (2020).

Kim, J. G, Lee, E.-H., Seo, Y.-M. & Kim, N.-Y. Cyclic behavior of Lycorma
delicatula (Insecta: Hemiptera: Fulgoridae) on host plants. J. Insect Behav. 24,
423-435 (2011).

Pugh, C. V., Johnson, C. B., Toolan, M. & Setliff, G. Suitability of Twenty
North America Tree Species as Secondary Hosts of the Invasive Spotted
Lanternfly, Lycorma delicatula (White) (Hemiptera: Fulgoridae)

(ESA, 2016).

Lee, H. & Ghosh, S. K. Performance of information criteria for spatial models.
J. Stat. Comput. Simul. 79, 93-106 (2009).

Song, S., Kim, S., Kwon, S. W, Lee, S.-I. & Jablonski, P. G. Defense
sequestration associated with narrowing of diet and ontogenetic change to
aposematic colours in the spotted lanternfly. Sci. Rep. 8, 16831 (2018).
Dara, S. K., Barringer, L. & Arthurs, S. P. Lycorma delicatula (Hemiptera:
Fulgoridae): a new invasive pest in the United States. J. Integr. Pest. Manag. 6,
20 (2015).

Phillips, S., Dudik, M. & Schapire, R. A maximum entropy approach to species
distribution modeling. In Proceedings of the Twenty-first International
Conference on Machine Learning-Association for Computing Machinery,
Brodley, C. 655-662 (2004).

Phillips, S. J., Anderson, R. P. & Schapire, R. E. Maximum entropy modeling
of species geographic distributions. Ecol. Model. 190, 231-259 (2006).
Viclavik, T. & Meentemeyer, R. K. Equilibrium or not? Modelling potential
distribution of invasive species in different stages of invasion. Divers. Distrib.
18, 73-83 (2012).

Enquist, B. J., Condit, R,, Peet, R. K., Schildhauer, M. & Thiers, B. M.
Cyberinfrastructure for an integrated botanical information network to
investigate the ecological impacts of global climate change on plant
biodiversity. https://peerj.com/preprints/2615 (2016).

Maitner, B. S. et al. The BIEN r package: A tool to access the Botanical
Information and Ecology Network (BIEN) Database. Methods Ecol Evol. 9
373379 (2018).

Bargeron, C. T., Swearingen, J., Douce, G. K., Moorhead, D. J. & Rawlins, K. A.
EDDMAPS: a collaborative, easy-to-use, early detection and distribution
mapping system. In Proceedings. 21st US Department of Agriculture
Interagency Research Forum on Invasive Species 2010; 2010 January 12-15;
Annapolis, MD. Gen. Tech. Rep. NRS-P-75 (eds. McManus, K. A. &
Gottschalk, K. W.) 68 (US Department of Agriculture, Forest Service,
Northern Research Station, 2011).

Fick, S. E. & Hijmans, R. J. WorldClim 2: new 1-km spatial resolution climate
surfaces for global land areas. International Journal of Climatology 37, 4302-4315
https://rmets.onlinelibrary.wiley.com/doi/full/10.1002/joc.5086%casa_token=_
uE1z65UoBsAAAAA %3 AwjorCzR4FzvCl]Jp_brNMbYKIOR-fHLx9wxthHoA0cO_
P45bL{SVHRnQb8xKLvOc844pQuonz]IDRQ (2017).

Kowarik, I. & Sdumel, L. Biological flora of central Europe: Ailanthus altissima
(Mill.) Swingle. Perspect. Plant. Ecol. Evol. Syst. 8, 207-237 (2007).

US Census. 2019. “TIGER/Line Shapefiles.” Accessed on September 6, 2019.
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-
file.html.

8 COMMUNICATIONS BIOLOGY | (2022)5:558 | https://doi.org/10.1038/s42003-022-03447-0 | www.nature.com/commsbio


https://github.com/ncsu-landscape-dynamics/rpops
https://zenodo.org/record/5781384
https://www.nass.usda.gov/AgCensus
https://www.aphis.usda.gov/aphis/resources/pests-diseases/hungry-pests/the-threat/spotted-lanternfly/spotted-lanternfly
https://www.aphis.usda.gov/aphis/resources/pests-diseases/hungry-pests/the-threat/spotted-lanternfly/spotted-lanternfly
https://www.aphis.usda.gov/aphis/resources/pests-diseases/hungry-pests/the-threat/spotted-lanternfly/spotted-lanternfly
https://www.gridphilly.com/blog-home/2020/9/4/spotted-lanternflies-have-infested-philly
https://www.gridphilly.com/blog-home/2020/9/4/spotted-lanternflies-have-infested-philly
https://doi.org/10.3334/ORNLDAAC/1840
https://peerj.com/preprints/2615
https://rmets.onlinelibrary.wiley.com/doi/full/10.1002/joc.5086?casa_token=_uE1z65UoBsAAAAA%3Awj0rCzR4FzvCIJJp_brNMbYkI9R-fHLx9wxthHoA0c0_P45bLfSvHRnQb8xKLvOc844pQuonzJIDRQ
https://rmets.onlinelibrary.wiley.com/doi/full/10.1002/joc.5086?casa_token=_uE1z65UoBsAAAAA%3Awj0rCzR4FzvCIJJp_brNMbYkI9R-fHLx9wxthHoA0c0_P45bLfSvHRnQb8xKLvOc844pQuonzJIDRQ
https://rmets.onlinelibrary.wiley.com/doi/full/10.1002/joc.5086?casa_token=_uE1z65UoBsAAAAA%3Awj0rCzR4FzvCIJJp_brNMbYkI9R-fHLx9wxthHoA0c0_P45bLfSvHRnQb8xKLvOc844pQuonzJIDRQ
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-file.html
https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-line-file.html
www.nature.com/commsbio

COMMUNICATIONS BIOLOGY | https://doi.org/10.1038/s42003-022-03447-0

ARTICLE

Acknowledgements

This material was made possible, in part, by Cooperative Agreements from the United
States Department of Agriculture’s Animal and Plant Health Inspection Service (APHIS).
It may not necessarily express APHIS” views. This work was partially funded by the
National Science Foundation as part of the joint NSF-NIH Ecology and Evolution of
Infectious Diseases Program (grant no. 2015-67013-23818). This project is supported by
Google Cloud and NVIDIA. We would also like to thank all of the excellent open-source
developers and packages that make this work possible, specifically the R community.

Author contributions

C.M.]. developed the model, ran simulations and analysis, and co-drafted and edited the
manuscript. M.M.S. co-drafted and edited the manuscript. B.J.S created the host map,
drafted methods for the host map, and edited the manuscript. S.K.J. conducted crop risk
analysis, created visuals, and edited the manuscript. T.W. shared MaxEnt SLF data and
comparison to the current model and edited the manuscript. Y.T. co-developed the study
and edited the manuscript. V.P. co-developed the network dispersal kernel and edited the
manuscript. A.P. co-developed the network dispersal kernel, processed the railroad data,
and edited the manuscript. RK.M. co-developed the study and edited the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/542003-022-03447-0.

Correspondence and requests for materials should be addressed to Chris Jones.

Peer review information Communications Biology thanks the anonymous reviewers for
their contribution to the peer review of this work. Primary Handling Editors: Nicolas
Desneux and Caitlin Karniski. Peer reviewer reports are available.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
B

Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2022

COMMUNICATIONS BIOLOGY | (2022)5:558 | https://doi.org/10.1038/s42003-022-03447-0 | www.nature.com/commsbio 9


https://doi.org/10.1038/s42003-022-03447-0
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/commsbio
www.nature.com/commsbio

	Spotted lanternfly predicted to establish in California by 2033 without preventative management
	Results
	Model outputs and crop hosts
	Model comparison to previous MaxEnt suitability

	Discussion
	Methods
	Model structure
	Spotted lanternfly model calibration
	Weather data
	Tree of heaven distribution mapping
	Forecasting spotted lanternfly
	Data for mapping and comparison

	Reporting summary
	Data availability
	References
	Code availability
	References
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




