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Introduction

Predictive modelling using machine learning has become very popular for spatial mapping of the environment. Models are often applied to make
predictions far beyond sampling locations where new geographic locations might considerably differ from the training data in their environmental
properties. However, areas in the predictor space without support of training data are problematic. Since the model has no knowledge about
these environments, predictions have to be considered highly uncertain. Estimating the area to which a prediction model can be reliably

applied is required.
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Case Study: AOA of prediction model Case Study II: Estimating the AOA for spatially clustered data

based on simulated data

b Dissimilarity index with Predictions for the AOA Predictions for the AOA
: clustered training data (high spatial CV error applies) (low random CV error applies)

Figure 4: Bioclimatic variables used as predictors (a) as well as a simulated response Figure 6: Example of the case study using spatially clustered training data. Locations
variable (following the methodology of Leroy et al., 2016) and simulated training data (b). outside the AOA in a and b are shown in pink
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Figure 5: The simulated response (a), predictions made by Random forest (b), for RMSE prediction (AOA) RMSE prediction (outside AOA)

comparison the standard deviations of predictions made by 500 trees (c), the true prediction
error (d), the newly suggested dissimilarity index (e) and the predictions for the AOA, where
areas outside the AOA are shown in pink (f)

Figure 7. Comparison between cross-validation RMSE and the prediction error within (a) and outside (b) of
the AOA based on ~1000 simulations. Red dot represents the results for the presented case study.

Discussions & Conclusions Further Information
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Knowledge on the AOA is important when predictions are used as a baseline for decision https.//github.com/HannaMeyer/AGA CaseStudy

making or subsequent environmental modelling to avoid error propagation
* Paper describing the methodology: Meyer&Pebesma (to be

* We suggest that the AOA should be provided alongside the predictions, and complementary submitted shortly): “Predicting into unknown space Estimating
to validation measures the area of applicability of spatial prediction models
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