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Assessing how a machine learning solution will perform on unseen data is crucial.

This involves choosing an evaluation procedure that can make the best use of
available data to reliably estimate the chosen performance metrics.
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When spatio-temporal dependencies are present in the data, the assumptions made 0.05- T
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Out-of-sample (OOS) procedures divide the data into training and testing sets that
respect the underlying order of the data (e.g., in time series the testing set is 0.25- o Jﬁ | I
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INn cross-validation (CV) the data is split several times into training and test sets with estimator

each observation belng part of the test set at least once. Figure 1. Box plots of estimation errors (Err=Est-Gold) incurred by CV and OOS procedures on artificial (top) and

: . . : : . real-world (bottom) data.
Several variants of cross-validation have been proposed for time series. The main

ideas are to keep consecutive observations in the same test set (block CV) and/or
create a "buffer” of observations around the testing set that are not used for training
(as in modified CV and hv-block CV). The same ideas can be applied to spatial data:
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1. Split data into an in-set and an out-set (20% of the most recent observations);

2. Train a regression model (linear model, LM, or random forest, RF) on the in-set and artificial (left) and real-world (right) data.
test it on the out-set calculating NMAE: this is the “gold standard” error (Gold);

3. Apply evaluation procedures to the in-set: the result is the estimated error (Est);

4. Compare the error estimated by each procedure to the “gold standard”.

Figure 2. Bar plots of relative estimation errors (RelErr=|Est-Gold|/Gold) incurred by CV and OOS procedures on
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e 90 artificial datasets of different grid sizes (8x8 and 20x20) and time series length
(150 and 300 time-points), generated by STARMA models;
e 17 variables from 7 real-world data sources including climate, air pollution and Figure 3. Critical difference diagram according to Friedman-Nemenyi test (at 5% confidence level) given the
agronomic data of different sizes and levels of missing data. absolute error incurred by some of the better performing estimation procedures (AbsErr=|Est-Gold|) when using

a linear model (left) and random forest (right).

Estimation procedures

We test holdout (H), Monte Carlo (MC), prequential (P) and cross-validation (CV). Conclusions

e Most often error estimates are reasonably accurate;
e Standard CV underfits and exhibits outliers of severe error underestimation;

Table 1. Cross-validation and prequential fold assignment methods.

Time  Space e Though the best error estimator is not always the same, most top performers
Standard d random tRsR o T 1 block the data in time;
Time-sliced RO an tRsA e |n real-world datasets, spatio-temporal block and time block CV approximate the
Cross-validation | Spatial block random block tAsR e ' . . o
Checkered spatial block all systematic t AsS error better than other methods and avoid being overly optimistic;
Contiguous spatial block contiguous  tAsC e e OOS procedures did not do as well, but they did avoid underestimation of the
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Prequential evaluation Spatio-temporal block block random block tBsR I error in almost all real-world cases.
4 Spatio-temporal checkered block systematic ~ tBsS e Though there is some bias in the experimental design, the results seem to point to
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the temporal dimension being more important to respect during evaluation.

T Time-buffered CV variation included
e Space-buffered CV variation included

T Space-time buffered CV variation included
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