
Getting ready for the workshop
Workshop materials: 
https://github.com/OlssonF/Forecast-evaluation-EFI25

If you want to code along:

1. Download/fork/clone code
2. Install the packages 

https://github.com/OlssonF/Forecast-evaluation-EFI25


A practical starter to 
Forecast Evaluation and 

Synthesis
Ecological Forecasting Initiative

May 2025

Freya Olsson, Caleb Robbins, Quinn Thomas



Overview and Goals
Introduction

- Forecast evaluation
- Evaluation metrics
- Forecast catalogues

So, you made a 
forecast of future 

ecological conditions - 
now what? 

https://xkcd.com/2370

R code demonstration

- Visualising evaluation 
metrics 

- Summarising performance 
- Comparing forecast 

performance



Evaluation within the forecast cycle

Thomas et al., 2024 Dietze et al., 2018

Moore et al., 2022

Petchey et al., 2015



Using forecast evaluation to inform model 
development and synthesise knowledge

What can we learn from the error?

Bias, spread, probability place on observation, 
confidence interval reliability

Iterative forecast model 
improvement - the 
forecasting cycle!

Patterns of forecast 
performance across:
● Space
● Time
● Model 



Jacobs, B., Tobi, H., & Hengeveld, G. M. (2024). Linking error measures to model questions. Ecological Modelling, 487(July 2023), 110562. 
https://doi.org/10.1016/j.ecolmodel.2023.110562 
Parker, W. S. (2020). Model Evaluation: An Adequacy-for-Purpose View. Philosophy of Science, 87(3), 457–477. https://doi.org/10.1086/708691
Smith, L. A., Suckling, E. B., Thompson, E. L., Maynard, T., & Du, H. (2015). Towards improving the framework for probabilistic forecast evaluation. 
Climatic Change, 132(1), 31–45. https://doi.org/10.1007/s10584-015-1430-2 
Simonis, J. L., White, E. P., & Ernest, S. K. M. (2021). Evaluating probabilistic ecological forecasts. Ecology, 102(8), 1–8. 
https://doi.org/10.1002/ecy.3431

Fit-for-purpose forecast evaluation
1. Dependent on context and use
2. Many conversations on forecast evaluation from 

philosophical to statistical 
a. Lots to be learned from other fields!

3. Our experiences from a large scale synthesis effort as part 
of the NEON Forecasting Challenge

https://doi.org/10.1016/j.ecolmodel.2023.110562
https://doi.org/10.1086/708691
https://doi.org/10.1007/s10584-015-1430-2
https://doi.org/10.1002/ecy.3431


NEON Forecasting 
Challenge

● The NEON Challenge has > 5 million 
forecast-observation pairs! 

● 5 themes, 10 variables - 
communities, populations, 
phenology, ecosystem fluxes and 
states (terrestrial and aquatic)

Learn more!

Thomas et al. (2023). The NEON 
Ecological Forecasting Challenge. 
Front. Ecol. Environ., 21(3), 112–113. 

neon4cast.org



The catalog is open-source
★ Raw forecasts
★ Observations 

(targets)
★ Evaluated 

forecasts 
(scores)
○ Observation
○ Forecast stats
○ Performance 

metrics

We will use this in 
part 2 of the 
workshop!



Some forecast definitions
A forecast is a prediction of future conditions with specified uncertainty

Forecasts can be produced iteratively (multiple times) - this might be 
producing a forecast for the same time point multiple times or shifting the 
window of the forecast.



Some forecast definitions
Reference date, start date, or issuance date = date of forecast 
generation. For a genuine forecast that would be today!

Horizon, lead time = time into the future of the forecast, difference 
between reference date and forecasted date!

A forecast made on January 1st for January 2nd would 
have a horizon of 1 day!

reference date
datetime



The basis to evaluation is the comparison
of a forecast-observation pair

Can only occur once observations are available

Following this example, we could evaluate the 
forecast at t+3 when 3 timesteps have passed

Introduction to forecast evaluation



Evaluating mean predictions
How close is the mean 
to the observation?

Error and bias

Multiple metrics

Evaluate accuracy

More accurate Less accurate 



Evaluating prediction spread
How wide is the distribution?

Quantified by standard 
deviation or other measures of 
spread

Evaluates forecast precision

More precise Less precise



Distributional or 
probabilistic 
forecast evaluation
Evaluating the precision 
and accuracy of the 
forecast

bias

spread

🤩 🤨

🤨 😓

High 
accuracy

High 
precision

Low 
accuracy

Low 
precision



Continuous rank probability score (CRPS)
● Lower CRPS is better
● Same unit as the observation
● Considers the distribution of the forecasts as a whole
● Generalisation of mean absolute error for 

probabilistic predictions

Observation CDF

Forecast CDF

Convert the probability density 
function into a cumulative 
distribution function

Change in 
accuracy

Change in 
precision



Observation = 8

Continuous rank probability score

Same CRPS when 
you are not quite as 

accurate but a bit 
more precise!



Other probabilistic evaluation metric
Also calculated as part of the NEON Challenge evaluation:

- Logarithmic (log) score = Probability that the forecast places on the 
observed outcome 

- Forecast summaries (mean, median, 90 and 95% confidence 
intervals)

Simonis, J. L., White, E. P., & Ernest, S. K. M. (2021). Evaluating probabilistic ecological forecasts. Ecology, 
102(8), 1–8. https://doi.org/10.1002/ecy.3431

Jolliffe, I. T., & Stephenson, D. B. (2012). Forecast verification: a practitioner’s guide in atmospheric science. 
(Ian T. Jolliffe & D. B. Stephenson, Eds.) (2nd ed.). Oxford: Wiley Blackwell.

Gneiting, T., & Raftery, A. E. (2007). Strictly proper scoring rules, prediction, and estimation. Journal of the 
American Statistical Association, 102(477), 359–378. https://doi.org/10.1198/016214506000001437 

https://doi.org/10.1002/ecy.3431
https://doi.org/10.1198/016214506000001437


Calibration of the confidence intervals 
important for forecast performance

Seen that forecasts do when the 
spread is low but there are also 
conditions under which low spread 
could be bad for forecasts - when 
they are inaccurate



Reliability of the confidence intervals

Reliability of confidence or predictive intervals

Also sometimes referred to as calibration

Well calibrated CI,
Reliable forecast

Poorly calibrated CI,
Overconfident forecast

Poorly calibrated CI,
Underconfident forecast

Plots show a forecast with 
90% predictive intervals 

(plus observation points). 

90% of observations 
fall within the 90% CI

Only 40% of observations 
fall within the 90% CI

100 % of observations 
fall within the 90% cI



Using forecast evaluation to inform model 
development and synthesise knowledge

What can we learn from the error?

Bias, spread, probability place on observation, 
confidence interval reliability

Iterative forecast model 
improvement - the 
forecasting cycle!

Patterns of forecast 
performance across:
● Space
● Time
● Model 



Not enough to just generate a single forecast
Why?

➔ Evaluating multiple forecasts 
- patterns in performance 

➔ Comparing with forecasts 
generated by other models

How?

➔ Existing forecast catalogues
➔ Generating multiple forecasts - 

building a catalogue

As with field 
ecology, a single 

sample does not a 
pattern make!

= ?



Evaluating multiple 
forecasts
Do we see patterns? (in CRPS, bias, 
variance, reliability…)

- Across horizon
- Across time



Evaluating multiple forecasts - skill scores
● Are we doing better than a baseline?

● Is this “complex” model performing 
better than a naive model?

● Useful in forecast model development Metricforecast - Metricnull

Metricopt - Metricnull

Metricforecast- Metricnull

Metricnull

Metricforecast
 1 -

● Common baselines include 
climatology (day-of-year) and 
persistence (same as yesterday)

● Use the same metrics (RMSE, MAE, CRPS 
etc.)



Questions and 
comments?

Part 2 materials: 
https://github.com/OlssonF/For
ecast-evaluation-EFI25

If you want to code along:

1. Download/fork/clone code
2. Install the packages 

https://github.com/OlssonF/Forecast-evaluation-EFI25
https://github.com/OlssonF/Forecast-evaluation-EFI25
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