
SWIM Topic Meeting: Evaluating Epidemic Forecasts
Heidelberg, 21 April 2026



Housekeeping and acknowledgements

- Wifi: eduroam
- Coffee break: 14:20-15:20, Common Room (5th floor)
- Pictures: We will take a group picture + pictures of talks and intend to put 

them on the workshop website. Let us know in case you don’t want to appear.
- Dinner: we reserved a table at Uuuhmami (19:00). Please note: each participant (or 

their institution) need to cover their own bill. Who wants to join?
- Thanks to:

- IWR / Uni Heidelberg for hosting us, especially Julian Heidecke and Joacim Rocklöv.
- Sponsors:



- Annual workshops (every December) cover all aspects of statistical and dynamic 
modelling of infectious diseases.

- Topic meetings are focused events with one specific topic.

The SWIM Workshop Series

          Karlsruhe 2024:                                                      Heidelberg 2025:  



Upcoming events

10 June 2026, Freiburg: Topic Meeting Mathematical Modelling of Antimicrobial Resistance.

                             Gwen Knight (LSHTM)        Laura Temime (CNAM)

9 December 2026, Karlsruhe: Annual Workshop.

                              Anne Cori (Imperial)      Christian Althaus (Bern)



Predictive epidemic modelling
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Forecast Hubs



- Can forecasts be trusted to be reliable?
- Are available forecast models better than simple heuristics?
- Which models worked best?
- Did forecasts improve decision making?

Why evaluate forecasts?



- Good probabilistic forecasts unite two properties:
- Calibration: outcomes behave roughly as if they were coming from the predictive 

distributions.
- Sharpness: forecasts are informative.

- Calibration can be assessed e.g., by checking prediction interval 
coverage.

- Proper scoring rules assess both simultaneously and are 
constructed such that honest forecasting is encouraged.

Statistical basics



- The log score is the predictive log-likelihood,

logS(F, y) = f(y),

with f the predictive density or probability mass function.

- The continuous ranked probability score,

is a probabilistic generalization of the absolute error. WIS is a 
quantile/interval-based approximation.

Common proper scoring rules



- In many ways, ID forecasting resembles forecasting in weather, economics etc.
- Some particularities include:

Statistical challenges*

- Strong variation of target variables: average 
scores may be dominated by performance 
during high season.

- Lack of clear reference standards 
(“climatologies”)

- Limited number of forecast / observation pairs: 
comparisons often have low power.

- Data revisions: it may be unclear which truth 
values to use for evaluation.

- Opportunistic data collection: data may have 
gaps and reporting artifacts.

* This is the part where we plug our own stuff.
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Applied challenges

- Applied challenges in the evaluation of epidemic forecasts include:
- Counterfactuals: forecasts are often meant to 

inform decisions which aim to change future 
trajectories.

- Overall complexity: biology, behaviour, reporting 
etc, all need to be predicted correctly

- Quantification of utility:
- The costs of forecast errors are often 

asymmetric and hard to quantify exactly.
- Public health experts often feel that 

statistical performance measures only partly 
reflect the utility of forecasts.
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Agenda


