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Appendix 1 
Distribution of sampling sites and associated number of time series. 

 
Figure A1. Distribution of sampling sites over Sweden. The colour scale indicates the amount of 

time series (which also corresponds to the number of species) in each site with red colours pointing 

to sites displaying a large number of time series.   
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Appendix 2 
Correlation between environmental variables. 

 
Figure A2. Correlogram displaying Pearson’s correlation coefficients computed between 16 
variables describing environmental conditions at sampling sites from 1996 to 2017 during the 
preceding breeding season (i.e. from April in year t to July in year t) and the preceding winter (i.e. 
from December in year t-1 to February in year t). The coefficients were averaged over all study site. 
Blue colors indicate positive values while red colors point to negative values. The size of the circles 
indicate the strength of the correlation. Variable abbreviations’ can be read as follows: µ denotes 
monthly means, whereas σ represents monthly standard deviation. Four main weather indices were 
considered here: total rainfall (denoted rain), daily mean temperature (denoted tmean), daily 
minimum temperature (denoted tmin) and daily maximum temperature (denoted tmin). As an 
example, 𝜇"#$%&

'($$)*&+ represents the mean of the daily mean temperature during the preceding 
breeding season. Variables showing correlation coefficients higher than 0.6 were discarded. The 
variables conserved and used within models are 𝜇(%*&,*&"$(, 𝜇(%*&

'($$)*&+, 𝜎"#$%&,*&"$(, 𝜇"#*&,*&"$(, 𝜇"#$%&
'($$)*&+ and 

𝜎"#$%&
'($$)*&+.  
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Appendix 3 
Additional information and computation of the four measures of model’s forecast performance 

 

The absolute scaled error (ASE) and the squared error (SE) have been widely used to assess 

models’ predictive performance. The performance is evaluated by comparing point observations to 

point predictions (e.g. the median of the posterior distribution of the predicted mean) and thus 

represent a point forecast measure of model’s performance. In contrast, the continuous rank 

probability score (CRPS) and the prediction interval score (PIS) account for the uncertainty in the 

prediction and therefore represent a probabilistic measure of model’s forecast performance. 

The ASE is a standardized measure that allows comparison of predictive performance across 

datasets with different scales of variation and is not influenced by the time series mean or the 

standard deviation (Ward et al. 2014). For a given species (s) and time series (i) the absolute scaled 

error (ASE) for the prediction at time t (i.e. 𝜆/,1,"2  which is the mean of the negative binomial 

distribution) is computed as: 

𝐴𝑆𝐸/,*," =
|𝑌/,*," − 𝜆/,1,"2 |

1
𝑁 − 1∑ |𝑌/,*,= − 𝑌/,*,=>?|@

=AB

 

where Ys,i,t is the observed value at time t (from 1 to 5) after the end of the training data (i.e. after 

year 2012) and N is the number of observations in a training period. The absolute error (i.e. the 

numerator) is scaled by the mean absolute error, within the training data, of a one step ahead 

prediction using the last observed value. The ASE was computed for each combination of model, 

species, sites and year using the median of the posterior distribution of forecasted values. From 

these values we obtained the MASE by averaging ASE values differently depending on what aspect 

of predictive performance we focused on. In Fig. 1, there was an additional step since we focused 

on the difference relative to the single_intercept model. This was done to better highlight the 

differences between the different models as well as the variation across the different species within 

each model. To do this, we first computed species-wise estimates of forecast performance for all 

models as: 

𝑀𝐴𝑆𝐸/.. =
1

𝑁E ∗ 𝑁"/
G𝐴𝑆𝐸/,*," 

where dots indicate over which indices ASE has been averaged (here it is over i and t), while 𝑁"/ 

represents the number of time series for species s, and Nf  the number of forecasts. From these 

values, we then computed the difference relative to the single_intercept model as: 

∆𝑀𝐴𝑆𝐸/.. = 𝑙𝑜𝑔L𝑀𝐴𝑆𝐸/..
MNO − 𝑙𝑜𝑔L𝑀𝐴𝑆𝐸/..

/*&+P$_*&"$(R$S"O 
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where Mx point to model x. This difference was computed for all models, including the 

single_intercept model, thus implying that this model has a value of zero in Fig. 1. MASE… was then 

computed as: 

𝑀𝐴𝑆𝐸… =
1
𝑁/
G∆𝑀𝐴𝑆𝐸/.. 

where Ns stands for the number of species. The corresponding standard errors that were used to 

draw 95% confidence intervals in Fig. 1 were computed using ∆𝑀𝐴𝑆𝐸/.. as: 

𝑆𝐸(𝑀𝐴𝑆𝐸...) =
𝜎MWXY...
Z𝑁/

 

where 𝜎MWXY… represents the standard deviation and was computed as: 

𝜎MWXY... = [∑ (∆𝑀𝐴𝑆𝐸/.. − 𝑀𝐴𝑆𝐸…)B
@\
/

𝑁/ − 1
 

Below we give formulas to calculate the three other measures of model’s performance for a 

given species, time series and year to forecast along with averaged values and standard errors as 

shown in Fig. 1 and Fig. A4. The same logic applies for Fig. 2, 3 as well as Fig. A5–A9 except with 

respect to the step where differences are computed relative to the single_intercept model. To obtain 

the equivalent of Fig. 1 without differences, one can directly compute MASE… as: 

𝑀𝐴𝑆𝐸… =
1

𝑁E ∗ ∑ 𝑁"/
@\
/

G𝐴𝑆𝐸/,*," 

whereas 𝜎MWXY...can be obtained as: 

𝜎MWXY... =

[∑ (∆𝑀𝐴𝑆𝐸/.. − 𝑀𝐴𝑆𝐸…)B
@\
/

𝑁/ − 1

Z𝑁/
 

 

For the SE, we have: 

𝑆𝐸/,*," = |𝑌/,*," − 𝜆/,1,"2 |B 

𝑅𝑀𝑆𝐸/.. = [
1

𝑁E ∗ 𝑁"/
G𝑆𝐸/,*," 

∆𝑅𝑀𝑆𝐸/.. = 𝑙𝑜𝑔L𝑅𝑀𝑆𝐸/..
MNO − 𝑙𝑜𝑔L𝑅𝑀𝑆𝐸/..

/*&+P$_*&"$(R$S"O 

𝑅𝑀𝑆𝐸… =
1
𝑁/
G∆𝑅𝑀𝑆𝐸/.. 

𝑆𝐸(𝑅𝑀𝑆𝐸...) =

[∑ |∆𝑅𝑀𝑆𝐸/.. − 𝑅𝑀𝑆𝐸…|B
@\
/

𝑁/ − 1

Z𝑁/
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The CRPS is defined as: 

𝐶𝑅𝑃𝑆/,*," = ` a𝐹(𝑦) − 𝟙L𝑦 − 𝑌/,*,"Oe
B
𝑑𝑦

gh

>h
 

where F represents the cumulative distribution function (cdf) of 𝑌/,1,"2   (i.e. posterior distribution of 

the predicted counts for species s, site i and year t) such that F(y)=P[𝑌/,1,"2 ≤y]. The 𝟙 is the Heaviside 

function and takes value 1 if L𝑦 − 𝑌/,*,"O ≥ 0 and 0 otherwise. To compute the CRPS we replaced 

the cdf of the predictive distribution, F, in the formula for CRPS with the empirical distribution 

function obtained from the posterior sample of the predictions. The integral in the expression then 

simplifies to a finite sum. Having computed the CRPS for each species, site and year, we computed 

averaged values and standard errors as: 

𝐶𝑅𝑃𝑆/.. =
1

𝑁E ∗ 𝑁"/
G𝐶𝑅𝑃𝑆/,*," 

∆𝐶𝑅𝑃𝑆/.. = 𝑙𝑜𝑔L𝐶𝑅𝑃𝑆/..
MNO − 𝑙𝑜𝑔L𝐶𝑅𝑃𝑆/..

/*&+P$_*&"$(R$S"O 

𝐶𝑅𝑃𝑆… =
1
𝑁/
G∆𝐶𝑅𝑃𝑆/.. 

𝑆𝐸(𝐶𝑅𝑃𝑆…) =

[∑ |∆𝐶𝑅𝑃𝑆/.. − 𝐶𝑅𝑃𝑆…|B
@\
/

𝑁/ − 1

Z𝑁/
 

 

The PIS is defined by: 

𝑃𝐼𝑆/,*," = 𝑢 − 𝑙 +
2
𝛼 L𝑙 − 𝑌/,*,"O𝟙p𝑌/,*," < 𝑙r +

2
𝛼 L𝑌/,*," − 𝑢O𝟙p𝑌/,*," > 𝑢r 

where u and l are the upper and lower quantiles of 𝑌/,1,"2  at the level α=0.05. Quantiles can be 

computed in different ways and we here followed the recommendation by Hyndman and Fan (1996) 

which is to use the  median-unbiased estimator (type 8 of the quantile function in R). As for the 

CRPS, 𝟙 is the Heaviside function and takes value 1 if 𝑌/,*," < 𝑙 or if 𝑌/,*," > 𝑢. The rationale behind 

PIS is that it rewards forecast intervals that are narrow while penalizing intervals that miss the 

observed value by an amount proportional to the distance from the interval. Averaged values and 

standard errors for Fig. 1 were calculated as: 

𝑃𝐼𝑆/.. =
1

𝑁E ∗ 𝑁"/
G𝑃𝐼𝑆/,*," 

∆𝑃𝐼𝑆/.. = 𝑙𝑜𝑔L𝑃𝐼𝑆/..
MNO − 𝑙𝑜𝑔L𝑃𝐼𝑆/..

/*&+P$_*&"$(R$S"O 

𝑃𝐼𝑆… =
1
𝑁/
G∆𝑃𝐼𝑆/.. 
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𝑆𝐸(𝑃𝐼𝑆…) =

[∑ |∆𝑃𝐼𝑆/.. − 𝑃𝐼𝑆…|B
@\
/

𝑁/ − 1

Z𝑁/
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Appendix 4 
Additional results 

 
Figure A3. Average Bayesian p-values and associated 95% confidence intervals of the three 

different models (intercept, trend and SS) fitted either with a single-site (orange) or a multi-site 

(green) approach and including (white area) or not including (grey shaded area) climatic covariates. 

The small shaded dots represent the Bayesian p-values for the different species. Values close to 0.5 

(dashed horizontal line) indicate a good model fit whereas departures from this value either toward 

0 or 1 indicate a lower fit. 
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Figure A4. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the trend model fitted with a single-site approach. The red points 

are the predicted counts for each year to forecast (vertical bars represent 95% HPD intervals) while 

the dark blue line is the predicted mean of the negative binomial (the lightblue shaded area is the 

associated 95% HPS interval). 
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Figure A5. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the state-space model fitted with a single-site approach. The red 

points are the predicted counts for each year to forecast (vertical bars represent 95% HPD intervals) 

while the dark blue line is the predicted mean of the negative binomial (the lightblue shaded area is 

the associated 95% HPS interval). 
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Figure A6. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the intercept model fitted with a single-site approach. The red 

points are the predicted counts for each year to forecast (vertical bars represent 95% HPD intervals) 

while the dark blue line is the predicted mean of the negative binomial (the lightblue shaded area is 

the associated 95% HPS interval). 
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Figure A7. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the trend model fitted with a single-site approach and including 

climatic covariates. The red points are the predicted counts for each year to forecast (vertical bars 

represent 95% HPD intervals) while the dark blue line is the predicted mean of the negative 

binomial (the lightblue shaded area is the associated 95% HPS interval). 
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Figure A8. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the state-space model fitted with a single-site approach and 

including climatic covariates. The red points are the predicted counts for each year to forecast 

(vertical bars represent 95% HPD intervals) while the dark blue line is the predicted mean of the 

negative binomial (the lightblue shaded area is the associated 95% HPS interval). 
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Figure A9. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the intercept model fitted with a single-site approach and 

including climatic covariates. The red points are the predicted counts for each year to forecast 

(vertical bars represent 95% HPD intervals) while the dark blue line is the predicted mean of the 

negative binomial (the lightblue shaded area is the associated 95% HPS interval). 
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Figure A10. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the trend model fitted with a hierarchical muli-site approach. The 

red points are the predicted counts for each year to forecast (vertical bars represent 95% HPD 

intervals) while the dark blue line is the predicted mean of the negative binomial (the lightblue 

shaded area is the associated 95% HPS interval). 
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Figure A11. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model is the state-space model fitted with a hierarchical multi-site approach. The red points are the 

predicted counts for each year to forecast (vertical bars represent 95% HPD intervals) while the 

dark blue line is the predicted mean of the negative binomial (the lightblue shaded area is the 

associated 95% HPS interval). 
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Figure A12. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the intercept model fitted with a hierarchical multi-site approach. 

The red points are the predicted counts for each year to forecast (vertical bars represent 95% HPD 

intervals) while the dark blue line is the predicted mean of the negative binomial (the lightblue 

shaded area is the associated 95% HPS interval). 
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Figure A13. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the trend model fitted with a hierarchical multi-site approach and 

including climatic covariates. The red points are the predicted counts for each year to forecast 

(vertical bars represent 95% HPD intervals) while the dark blue line is the predicted mean of the 

negative binomial (the lightblue shaded area is the associated 95% HPS interval). 

  



18 
 

 
Figure A14. Predictions obtained from the 12 models for the years 2013 to 2017 for a selected time 

series and associated measures of forecast performance (PIS and MASE). In this example, the best 

model, according to the MASE, is the state-space model fitted with a hierarchical multi-site 

approach and including climatic covariates. The red points are the predicted counts for each year to 

forecast (vertical bars represent 95% HPD intervals) while the dark blue line is the predicted mean 

of the negative binomial (the lightblue shaded area is the associated 95% HPS interval). 
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Figure A15. Models’ forecast performance averaged over sites, species and years (log-scale) for the 

CRPS (left panels) and the RMSE (right panels). For further details see the legend of Fig. 1 in the 

main text. 

 

 

 
Figure A16. Change in the forecast performance (log-scale) of the different models depending on 

the forecast horizon (1 to 5 years into the future) for the CRPS (left panels) and the RMSE (right 

panels). For further details see the legend of Fig. 2 in the main text.
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Figure A17. Models’ forecast performance (log scale) as measured with the PIS for all 84 

bird species. For further details see the legend of Fig. 3 in the main text.
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Figure A18. Models’ forecast performance (log scale) as measured with the MASE for all 84 

bird species. For further details see the legend of Fig. 3 in the main text.  
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Figure A19. Models’ forecast performance (log scale) as measured with the CRPS for all 84 

bird species. For further details see the legend of Fig. 3 in the main text.  
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Figure A20. Models’ forecast performance (log scale) as measured with the RMSE for all 84 

bird species. For further details see the legend of Fig. 3 in the main text.  
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Figure A21. Variation in models’ forecast performance (log-scale) as measured with the PIS 

and averaged over species, sites and years (PIS…) depending on (a) the average of observed 

populations counts, (b) the variability (measured as the standard deviation) of observed 

population counts, (c) the number of zeroes and (d) the number of missing values within each 

time series. For graphical purposes, we overlaid a smooth linear component estimated from 

generalized linear additive models to highlight the relationship between models’ forecast 

performance and both the mean and the variability of population counts.   
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Figure A22. Same figure as Fig. A10 but with models’ forecast performance measured with 

the MASE.  
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Figure A23. Same figure as Fig. A10 but with models’ forecast performance measured with 

the CRPS.  
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Figure A24. Same figure as Fig. A10 but with models’ forecast performance measured with 

the RMSE. 


