Sunny with a chance of nutria
modeling invasive species habitat with data from an eradication program
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US distribution data: nas.er.usgs.gov
- International distribution data: USGS, IUCN
Map by: Vanessa Tobias & Louanne McMartiap vector data: Andy South (2017). rnaturalearth: World Map Data from Natural Earth. Version 07F0: Merced, Stanislaus, & San Joaquin Counties have roughly 8,000 grid cells
° all together.
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Thank you!

Thavks for sharing
your data with us!
Let’s talk soow
about results and
next steps.

- The wmodeling
team
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-~ A few lessons we’ve learned from R =
using eradication data for habitat captureDetails <~ read.cvsi Distribution at t=1 W |

"NutriaCaptureDetails 201912.csv")

modeling: )

plot(mercedBorder) {3\(‘0\W\6 jGOV
Communication is key! We’re building trust plotinewcellerced, add=TRUE) s \/\0\\0\*0‘\:‘
as We” as models and maps. hydroDist <- habitatDataSHydroDist .. W\Od‘e”

elevation <- habitatDataSElevation R .
wetland <- habitatDataSWetland Distribution at t=2 - -

Update

# Fit the model \/m\ﬁH’ﬁ"'
There is a steep learning curve to working fit <— jags.parallel(data=jags.data, ..- model with

model.file="forecast_nutria.bug",

with data that someone else collected for a parameters.to save=jags.params, n.chains=10, e new datal
n.iter=100000, n.burnin=80000, n.thin=10,

different purpose than yours. n.cluster=10) BE

We need to think through the sampling
frame and use fewer negative cells to train
the next generation of habitat models.
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