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S1 - MCMC parameters and priors 

Simulation studies 1 and 2 

MCMC parameters 

Iteration: 60.000 

Burn-in: 12.000 

Thin: 15 

Chains: 4 

Range for species parameter generation 

𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ~ 𝑈(0,1) and 𝜑0

𝐷𝑆𝑜𝑝𝑒𝑛 = 𝑙𝑜𝑔𝑖𝑡(𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅

) 

𝜑0
𝐷𝑆̅̅ ̅̅ ̅~ 𝑈(0,1) and 𝜑0

𝐷𝑆 = 𝑙𝑜𝑔𝑖𝑡(𝜑0
𝐷𝑆̅̅ ̅̅ ̅) 

𝜎0̅̅ ̅~ 𝑈(50,200) and 𝜎0 = 𝑙𝑜𝑔𝑖𝑡(𝜎0̅̅ ̅) 

𝛾 ~ 𝑈(−2,2) 

𝛼 ~ 𝑈(−2,2) 

𝛽 ~ 𝑈(−2,2) 

𝜎𝜀𝑎𝑏𝑢𝑛𝑑  ~ 𝑈(0.1,1) 

𝜎𝜀𝑑𝑒𝑡  ~ 𝑈(0.1,1) 

 

Specific for the simulation study 2: 

Number of structured sites (with temporal replicates) ∼ 𝑈(50,3000), rounded to the first 

decimal. 

Ratio of semi-structured lists and structured sites ∼ 𝑈(1,6) 

 

MCMC Priors 

𝛽̅0 ~ 𝑈(0,10) and 𝛽0 = log(𝛽̅0) 



𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ~ 𝑈(0,1) and 𝜑0

𝐷𝑆𝑜𝑝𝑒𝑛
= 𝑙𝑜𝑔𝑖𝑡(𝜑0

𝐷𝑆𝑜𝑝𝑒𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅
) 

𝜑0
𝐷𝑆̅̅ ̅̅ ̅~ 𝑈(0,1) and 𝜑0

𝐷𝑆 = 𝑙𝑜𝑔𝑖𝑡(𝜑0
𝐷𝑆̅̅ ̅̅ ̅) 

𝜎0̅̅ ̅~ 𝑈(0,500) and 𝜎0 = 𝑙𝑜𝑔𝑖𝑡(𝜎0̅̅ ̅) 

𝛼~ 𝑁(0,10) 

𝛾~ 𝑁(0,10) 

𝛽 ~ 𝑁(0,10)  

𝜎𝜀𝑎𝑏𝑢𝑛𝑑  ~ 𝑈(0.01,2) 

𝜎𝜀𝑑𝑒𝑡  ~ 𝑈(0.01,2) 

 

Case study 

MCMC parameters 

Iteration: 350.000 

Burn-in: 175.000 

Thin: 35 

Chains: 4 

Priors 

Abundance 

𝛽0~ 𝑁(0,10) 

𝜏𝛽0
~ 𝐺𝑎𝑚𝑚𝑎(1,1) 

𝜀𝑖
𝑎𝑏𝑢𝑛𝑑~ 𝑁(0, 𝜏𝛽0

), with i corresponding to sites  

𝛽1→6~𝑁(0,10) 

 

Suitability 

𝜌̅0 ~ 𝑈(0,1) and 𝜌0 = logit(𝜌̅0) 



𝛿~𝑁(0,10) 

𝛿1→𝑒
𝑐𝑎𝑡 ~𝑁(0,10), with e corresponding to the number of ecoregions 

 

Availability 

𝜑̅0 ~ 𝑈(0,1) and 𝜑0 = logit(𝜑̅0) 

𝛾1→4~𝑁(0,10) 

𝛾𝑐𝑎𝑡~𝑁(0,10) 

𝜇𝜂𝑜
~𝑁(0, 𝜏𝑎𝑣𝑎𝑖𝑙), with o corresponding to observers 

𝜂𝑖
𝑎𝑣𝑎𝑖𝑙~𝑁(𝜇𝜂𝑜

, 𝜏𝑜
𝑎𝑣𝑎𝑖𝑙) 

𝜀𝑖
𝑎𝑣𝑎𝑖𝑙~𝑁(0, 𝜏1

𝑎𝑣𝑎𝑖𝑙) 

𝜀𝑖,𝑗
𝑎𝑣𝑎𝑖𝑙~𝑁(𝜀𝑖

𝑎𝑣𝑎𝑖𝑙, 𝜏2
𝑎𝑣𝑎𝑖𝑙) 

𝜏𝑜
𝑎𝑣𝑎𝑖𝑙, 𝜏1

𝑎𝑣𝑎𝑖𝑙 and 𝜏2
𝑎𝑣𝑎𝑖𝑙~ 𝐺𝑎𝑚𝑚𝑎(1,1) 

 

Detectability 

𝜎̅0 ~ 𝑈(0.1,500) and 𝜎0 = log(𝜎̅0) 

𝛼~𝑁(0,10) 

𝛼1→4
𝑐𝑎𝑡 ~𝑁(0,10) 

𝜇𝜂𝑜
~𝑁(0, 𝜏𝑑𝑒𝑡) 

𝜂𝑖
𝑑𝑒𝑡~𝑁(𝜇𝜂𝑜

, 𝜏𝑜
𝑑𝑒𝑡) 

𝜀𝑖
𝑑𝑒𝑡~𝑁(0, 𝜏1

𝑑𝑒𝑡) 

𝜀𝑖,𝑗
𝑑𝑒𝑡~𝑁(𝜀𝑖

𝑑𝑒𝑡 , 𝜏2
𝑑𝑒𝑡) 

𝜏𝑜
𝑑𝑒𝑡, 𝜏1

𝑑𝑒𝑡 and 𝜏2
𝑑𝑒𝑡~ 𝐺𝑎𝑚𝑚𝑎(1,1) 

  



S2 - Semi-structured dataset spatial filter 

 

Fig. S2.1: Example of the spatial filter in Bourgogne-Franche-Comte region for the Blackbird 

(Turdus merula). 

 

Observation data collected by birders across the breeding season spanning from March 

1st to June 31th. For mountainous regions, a slight shift later in the season is considered (late 

March to late July). 

We first apply a filter over collected lists to target species phenology (available in 

reproducibility shared data). Spatial filters are specifics of the semi-structured dataset (EPOC). 

We first select all EPOC lists over 2 kilometres distances of structured dataset (EPOC-ODF) 

sites. From this first selection, we subsampled EPOC lists spaced by at least 2 kilometres, the 

resolution of EPOC-ODF sampling design (Appendix S1, Nabias et al., 2024). 

Taking the example of the blackbird, prior to spatial filtering, we had 10,670 EPOC lists 

and 211 EPOC-ODF sites and ended up with 1,385 EPOC lists and 211 EPOC-ODF sites, a 

reduction of 87% of EPOC usable data. 

References: 

Nabias, J. et al. Reassessment of French breeding bird population sizes using citizen science and accounting for 

species detectability. (2024). 

  



S3 – Model convergence analysis for the simulation studies 

For simulation studies 1 and 2, we had, respectively, 861 and 844 converging models. As we 

tested different randomly selected combinations of parameters, we intended to test if model non 

convergence was more prone to appear at certain values of specified parameters. We considered 

that converging model as model with 𝑅̂ value lesser than 1.1. We calibrated a binomial model 

with the model status (converging or not converging) as the response variable. We included 

simulated values of all tested parameters as fixed effects. 

For the simulation study 2, we calibrated a multinomial model to assess 4 cases for each 

simulated scenarios: (i) only the HDS model converged; (ii) only the IDS model converged; 

(iii) both models converged and (iv) none model converged. We used the same fixed effect as 

the binomial model, but we also included an interaction between the number of given their 

types, i.e. structured or semi-structured. 

Odd ratios of the binomial model (Fig S3.1) showed that simulation study 1 model 

convergences were positively correlated to 𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

, 𝜑0
𝐷𝑆, 𝜎𝜀𝑎𝑏𝑢𝑛𝑑 and 𝜎𝜀𝑑𝑒𝑡. Results for the 

simulation study 2 showed that 4 out of 10 generated parameters had a significant effect over 

model convergences. The IDS and HDS models were more prone to converge with higher value 

of 𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

, 𝜑0
𝐷𝑆, 𝜎0 and 𝜎𝜀𝑑𝑒𝑡 (Fig S3.2). While low values of species availability (𝜑0

𝐷𝑆𝑜𝑝𝑒𝑛
, 

𝜑0
𝐷𝑆) and species detectability (𝜎0) can lower the number of collected data between and during 

surveys thus hindering MCMC convergence capabilities. 



 

Fig. S3.1: Estimated parameters odd ratios and their confidence intervals. Parameters with 

significant effect over simulation 1 model convergence are depicted in blue (p-value ≥ 0.05). 



 
Fig. S3.2: Marginal effect plots of significant parameters affecting model convergence in 

simulation study 2. Additional marginal plots for all parameters are available in provided data. 

  



S4 - Simulations identifiability: Complementary figures 

Simulation 1: Coefficients identifiability 

 

Fig S4.1: Simulation 1 identifiability plot for availability (𝛾), detectability (𝛼) coefficients, 

standard deviation of site abundance residuals errors (𝜎𝜀𝑎𝑏𝑢𝑛𝑑) and site-visit level detectability 



(𝜎𝜀𝑑𝑒𝑡) for structured (DSopen) and semi-structured (DS) datasets. Coefficient of correlation 

(R²) values between generated and estimated parameters are depicted in top left corners 

Simulation 2: Identifiability 

 

Fig S4.2: Identifiability plot for the simulation study 2 for 𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛, 𝜑0

𝐷𝑆, 𝜎0 and 𝛽0 with their 

associated linear regression (dotted red line) R² values. Results from the model using only 

structured data (HDS) are shown in the first row, while results for the model using both 

structured and semi-structured data (IDS) are shown in the second row. Accurate parameter 

identification is represented by a dotted blue line. The 𝛽0 parameter is depicted as a histogram 

of estimated values, as we didn’t vary it across simulation. 

 

 
Fig S4.3: Simulation 2 identifiability plot for habitat (𝛽), availability (𝛾) and detectability (𝛼) 

coefficients and their associated R² values. 

 



 

Fig S4.4: Simulation 2 identifiability plot for standard deviation of residuals errors of site-visit 

level detectability (𝜎𝜀𝑑𝑒𝑡) for the structured (DSopen) and semi-structured (DS) schemes 

 

 

Fig S4.5: Simulation 2 identifiability plot for of site abundance residuals errors (𝜎𝜀𝑎𝑏𝑢𝑛𝑑) for 

the structured (DSopen) and semi-structured (DS) schemes  



S5 – Case study: Additional marginal effect plots 

 

Fig S5.1: Marginal effect plots of CRI widths of estimated parameters and their associated CIs, 

in regards to the model (IDS in blue and HDS in red) and French regions (Nor: Normandie; 

NvA: Nouvelle-Aquitaine and BFC: Bourgogne-Franche-Comté). Results for parameters 

associated with suitability, availability and detectability. In each row, coefficients are depicted 

to the left of the vertical black line, while intercepts are represented on the right, for species 

detectability we depicted the intercept (𝜎0) as well as its associated categorial effects (𝛼2→4
𝑐𝑎𝑡 ). 

Significant gaps of averaged mean estimated parameters between models are highlighted with 

an asterisk. 

  



S6 – Effect of the number of temporal replicates 

In this supplementary study, we used the same parameters (species and sampling related) as the 

simulation study 2, but decreased the number of temporal replicates to three. As the number of 

temporal replicates used in the simulation study and collected by observers in the case study is 

higher than most structured schemes commonly used. 

The main objective of this study is to calibrate a similar linear model as the one used in the 

simulation study 2 (see Material and methods of the main manuscript) over a dataset comprised 

of both converging models while implementing an interaction between the fixed effect and 

categorical covariates splitting IDS model with nine temporal replicates (used in the main 

manuscript) and IDS model with three temporal replicates. We included this interaction term 

over all fixed effect as we hypothesized that the number of temporal replicates is linked to the 

total number of information gathered by the sampling schemes. As such, credible intervals 

(CRI) estimated by the IDS with three temporal replicates should be wider (i.e. greater 

uncertainty over estimated parameters) than the IDS with nine temporal replicates. 

Out of the 1000 generated datasets consisting of three temporal replicates for the structured 

scheme, we had 788 converging models with the HDS formulation and 849 converging model 

with the IDS formulation. Comparing these results to the ones from the main manuscript, we 

see a clear decrease in the number of converging model (892: HDS; 930: IDS) mainly due to 

difference in the quantity of temporal replicates. We based our bootstrap on 629 converging 

model for the HDS and IDS formulations over both cases of temporal replicates. Confidence 

intervals of figure S6.1 were computed from 100 linear models based on resamples of 200 

converging models. 

Overall, the number of temporal replicates considered (three or nine) had a significant effect on 

CRI reduction across all parameters of interests (Fig S6.1), gradients of species availability-

detectability (Fig S6.2) and generated sampling scenarios (Fig S6.3). CRI reduction was 

particularly considerable parameters associated with the availability process (𝛾 and 𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

; 

Fig S6.1). Comparing CRI reduction in the highlighted case (grey-ribbons in Fig S6.2 and Fig 

S6.3) of a highly available and detectable species (𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

 = 0.95 and 𝜎0 = 200m) with a 

sampling scenario of 100 structured sites with six times the amount of semi-structured sites 

(without temporal replicates), we found that data integration applied to a structured scheme 

with three temporal replicates produced greater CRI reductions than when used in a scheme 

with nine temporal replicates. However, it remained less accurate than an HDS model calibrated 

using a scheme with nine temporal replicates. 



 

Fig S6.1: Marginal effect plot of CRI reduction across parameters of interests and the number 

of temporal replicates considered in generated structured datasets. Average CRI and their 

associated bootstrapped confidence intervals (CIs), depicted by vertical density plots, over 

simulated parameters. 



 

Fig S6.2: CRI average responses and CIs over simulated species availability (𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

) and 

detectability (𝜎0) continuums on natural scales. Species availability averaged across multiple 

classes (0.05,0.25,0.5,0.75 and 0.95 detection probability) are depicted by colour-graded lines. 

HDS and IDS formulation results are depicted by columns, while the number of temporal 

replicates considered in simulated structured datasets (three or nine) are depicted by row. For 

visual comparison between the HDS and the IDS estimates accuracy, we plotted CRI responses, 

grey ribbons, depicting the case of simulated species with high mean detectability (𝜎0 = 200m) 

and high probability of being available (𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

 = 0.95) surveyed over 100 sites with temporal 

replicates and six times the number of added semi-structured sites (c), depicted with vertical 

lines. Lower and upper bounds of the rectangles correspond to minimal and maximal estimated 

CRI width values. 



 

Fig S6.3: CRI average responses and CIs over multiple data collection cases. Ratio of semi-

structured data (without temporal replicates) averaged over three classes (1,3 and 6) are 

depicted by colour-graded lines. HDS and IDS formulation results are depicted by columns, 

while the number of temporal replicates considered in simulated structured datasets (three or 

nine) are depicted by row. For visual comparison between the HDS and the IDS estimates 

accuracy, we plotted CRI responses, grey ribbons, depicting the case of simulated species with 

high mean detectability (𝜎0 = 200m) and high probability of being available (𝜑0
𝐷𝑆𝑜𝑝𝑒𝑛

 = 0.95) 

surveyed over 100 sites with temporal replicates and six times the number of added semi-

structured sites (c), depicted with vertical lines. Lower and upper bounds of the rectangles 

correspond to minimal and maximal estimated CRI width values. 


