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ABSTRACT 
The assessment of wildlife population sizes and their trends is one of the most important research fields in conservation biology, as it is used to identify vulnerability soon enough to implement measures in threatened species, or to set up sustainable harvesting rates in exploited populations. Yet, because field work is expensive, may be difficult in terms of logistics and because some populations of the same species may be monitored by different stakeholders, population status often rely on fragmented and heterogenous information on sub-populations collected through various monitoring programs. In this context, data integration, i.e. the simultaneous analysis of different datasets in a single modelling framework allows to get unbiased and more precise trend estimates than separated analysis that in turn may lead to more adequate management policies. In this study we developed an integrated state-space model to jointly model populations growth rates from individual counts and hunting bags data for three hunted species of mountain Galliformes in Italy. We examined population trends at various spatial scales and disentangled the potential effect of game management plans from biological factors. The integration of counts and bags succeeded in improving growth rate parameter precision and in reducing proxy-specific bias by increasing the sample size and extending data series length. On a 19-year basis, all three species exhibited negative mean growth rates. We did not find strong regional patterns for Rock ptarmigan and Rock partridge, as a likely consequence of prevailing effects of local environmental conditions on population growth rate. Black grouse eastern populations exhibited lower growth rate than western populations. Our paper demonstrates that an integrated model of different index of population size of game species can provide more accurate values than separate analysis, we advocate to consider such an approach for other wildlife monitoring cases for which data is scarce. 
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INTRODUCTION

The assessment of wildlife population sizes and their trends is one of the most important research fields in conservation biology (Soulé 1991, Dobson 2005). Population surveys aim at monitoring the status of populations, an information that is for instance needed to identify declining trends and vulnerability soon enough to implement conservation measures in threatened species, or to set up sustainable harvesting rates in exploited populations (Yoccoz et al. 2001, Lebreton 2005, Nichols and Williams 2006). Yet, because field work is expensive, may be difficult in terms of logistics and because some populations of the same species may be monitored by different stakeholders, population size or trend estimates often rely on fragmented and heterogenous information on sub-populations collected through various monitoring programs (Lindenmayer & Likens 2010, Santika et al. 2017). Making use of complementary information coming from such different sources of data has emerged as a major challenge in population ecology (Besbeas et al. 2002, Miller et al. 2019). In this context, data integration, i.e. the simultaneous analysis of different datasets in a single modelling framework (Plard et al. 2019, Zipkin et al. 2019), allows to get unbiased and more precise trend estimates that in turn may lead to more adequate management policies (Nichols et al. 1995). Data integration has yet been applied to many wildlife research areas, most notably, to threatened species, where information available is often limited and for which it is therefore crucial to take advantage of all available information (Freeman and Crick 2003, Schaub et al. 2007, Véran and Lebreton 2008, Sanderlin et al. 2019). It has also been used in fishery and game species to better define harvest rates (Chee and Wintle 2010, Maunder and Punt 2013).
In game species, the estimation of population trends usually relies on two different proxies, i.e. (i) counts of individuals in sample areas repeated over the years and (ii) records of game bags over years (Rogers 1963, Cattadori et al. 2003, Ferreira et al. 2010). Game bags records have been widely used as means to get population trends since they are usually collected at larger spatial scales and on longer temporal span than counts (Cattadori et al. 2003, Aebischer and Baines 2008, Imperio et al. 2010). Hence, some of the longer-lasting population surveys rely on bag information (Aebischer and Baines 2008) as well as national population trends (Moleón et al. 2013). Moreover, in resource-limited contexts, hunting statistics provide a relatively cheap monitoring system compared to more elaborated individual count schemes (Rist et al. 2010). However, hunting statistics are associated with several sources of noise, namely hunting effort and game management policies, so that they often require some kind of correction that may difficult to define (Christensen 2005, Imperio et al. 2010, Ferreira et al. 2010, Willebrand et al. 2011, Pöysä et al. 2013). On the other hand, observation error in individual counts may be negligible at small spatial scale, given that application of census techniques can be more easily standardized locally, but at larger scale variability in environmental conditions (Sagarin et al. 2006), choice and application of count techniques (Thomas 1996) and observer skills (Sauer et al. 1994) can remarkably affect population trend estimates. When the two sources of information, hunting bags and individual counts, are available, the integration of different observation processes within the same state process may allow minimize discrepancies between trends estimated by the two different datasets, taking advantage of all information available jointly. 
State-space models (SSM) represent a natural approach to deal with observation errors, as they allow to disentangle the real, unobserved demographic processes from the observation process of data collection (Kéry and Schaub 2012, Gimenez et al. 2012, Auger-Méthé et al. 2021). SSM are also very flexible and have been recently applied to a wide range of studies, such as movement ecology (Anderson-Sprecher and Ledolter 1991, Patterson et al. 2008), occupancy (Royle and Kéry 2007) and, chiefly, population dynamics, often based on CMR (Besbeas et al. 2002, King 2012) as well as estimation of population trends (Hefley et al. 2 013, Furrer et al. 2016). Finally, SSM formulation with a Bayesian approach make them particularly suitable to data integration (Zipkin & Saunders 2018).
Three species of Alpine Galliforms (Black grouse Lyrurus tetrix L., hereinafter BG; Alpine Rock ptarmigan Lagopus muta helvetica, PTA; Alpine Rock partridge Alectoris graeca saxatilis Bechstein, PAR) are hunted in Italy. Despite being listed in Annex I, II and IV of the Birds Directive 2009/147/CE and the unfavourable conservation status of their populations (Gustin et al. 2016; 2019), no national survey of these species has been implemented so far. Thus, information on populations trends are based on hunting districts bird counts and bag data, albeit the application of census methods and the game management can differ markedly between districts and provinces (Martinoli et al. 2017). Estimated population sizes are outdated and derive from extrapolations of local data to national scale (Brichetti and Fracasso 2004, Franzetti and Toso 2009) and population trends both at short- and long-term are based on expert knowledge (Nardelli et al. 2015). As a consequence, the conservation status of the three species at national level is considered virtually unknown (BirdLife International 2004, 2015a, 2015b, 2015c, Brichetti and Fracasso 2018). A first attempt to estimate population trends at national scale, gathering all the available data, evidenced that trends based on bags and counts are not consistent, and show species-specific bias (Martinoli et al. 2017). 

In this paper we present an original an efficient approach to jointly analyze counts of individuals and hunting bags into an integrated state-space model, to reduce uncertainty on annual growth rate estimations at various spatial scales, taking advantage of all available information. Using the same datasets of Martinoli et al. (2017) on mountain Galliforms from Italy, our study aimed at i) evaluating population trends of the three species at national, regional and site level, ii) checking if the estimated trends fit the current national Red list classification, iii) testing for an effect of game management policies on the datasets and iv) evaluating the performance of an integrated bags/counts model over single-proxy models.

METHODS

Study area

Data were collected from the whole Italian Alps, which host all BG and PTA national populations and roughly 75% of PAR populations (Trocchi et al. 2016, Brichetti and Fracasso 2018). Southern Tyrol (Bolzano/Bozen province) was excluded from the study due to data unavailability. The smallest geographical entity at which data were available is the game management unit (GMU, average extent of 468±285 km2), which corresponds to hunting districts in Western Alps or an aggregation of them in the Eastern Alps. In order to disentangle the effect of different game management schemes from biological factors on population trends estimates, we grouped GMUs according to two different categorizations. In the first one we grouped GMUs into ecological coherent areas, according to classification of the Alps into geographic sectors identified by Ozenda (1985), which takes into consideration elevation (inner/outer Alps), geology (silicaceous/carbonaceous soils) and geography (west-east gradient) (Figure 1). As for the second categorization, we grouped GMUs according to game management authorities, which may introduce noise through conducting different management policies, count methods and hunting effort. Depending on the GMU, we identified as game management authority the province, a group of provinces or the region, since in Italy hunting and game-bag limitations are entrusted to different administrative levels.

Count and bag data

Populations are surveyed annually by game wardens and/or hunters to estimate breeding success (between August and mid-September according to the species) through dog-assisted counts of all detected individuals (adults and juveniles) (Léonard 1992) with the aim to set a sustainable shooting plan for the upcoming hunting season (October-November). Since hunting management is delegated to local authorities (regions or provinces), counting effort is not standardized at national scale. Counts and game bags datasets were based on 19-year time series from 73 game management units (hereinafter GMUs) covering the whole Italian Alps. Since PAR and PTA hunting is allowed only in few areas, only BG data were available for all units. Given that counts are mandatory in GMUs which allow Galliform hunting, count and bag data were usually available for the same units. Series length are uneven across GMUs due to different data management/storage policies of game management authorities and occasional hunting suspensions. On average, missing data represented 1/3 of the datasets, BG bags being an exception with only 11% missing values. Further details on data characteristics, on field methods applied for data collection and on hunting management can be found in Martinoli et al. (2017).

Statistical analyses - integrated models

State-space models consist of a set of nested models, namely a model for the ecological process that describes the dynamics of the state (here population size, N, at each site g and time t) and a model for the observation process that links the observations (counts or hunting bags, y) to the state (Cressie et al. 2019). This approach allowed us to take into account counting errors or imperfect detectability. State-space models offer the opportunity to deal with the expected large observation error by assuming that, on average, under- and overestimations balance out. For post-breeding count data, this would correct for birds that go unnoticed (usually, lone adults) and double counts (flushed birds that move across different parcels) (Auger-Méthé et al. 2021). It can also adjust for random variations of sampling effort in time, which depend on weather conditions, number of surveyors/dogs, different skills of pointing dogs etc. For bag data, this would correct for failures in setting appropriate harvest rates or for weather conditions (e.g. early snowfalls in autumn) that displace birds from the usual shooting grounds or prevent access to them.

Based on this premises, we modelled counts and bags as independent states, conditional on independent observation processes, sharing the same stochastic population growth rates. We followed the modeling approach described by Furrer et al. (2016) to study rock ptarmigan populations’ trends in Switzerland from counts of males, also applied to model black grouse trends in France (Canonne et al. 2021), adapting it to integrate two sources of data to the specific purpose of our study. 

Usually, the state process model assumes an exponential population growth, where population size of each site g (represented in our case by GMUs) at time t+1 is given by population size at time t, plus the growth rate rg,t. For each of our datasets we built the same state model. 

[image: image1.png]log(NCg,t+1) = log(NCg,t)+ Tyt




and

[image: image2.png]log(Nhg,t+1) = log(Nhg,t)+ Tyt




where Nc and Nh are counted and hunted population sizes. rg,t  in our model is the link that allows the integration between bags and counts datasets, i.e. the shared parameter. Observations (counts and bags) were modelled drafting from a log-normal distribution, allowing both over- and underestimations.
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 represent respectively, count and bag values. Observation errors are assumed to be site-dependent. Census effort is markedly different across GMUs in terms of number and size of sample areas, but within each GMU the effort remained the same. The fact that sites exhibit different sizes has no impact on the results, given that we log-transformed data and we focused on population trends rather than abundances. Similarly, harvest rate did not change significantly over time, albeit changes in game management did occur, accordingly to an increased control on game management policies after the enforcement of the Natura 2000 network, which lead to more conservative harvest quotas in time (Martinoli et al. 2017). 

Posterior probabilities of all model parameters were obtained applying Bayes’ theorem to update the priors using the likelihood. Albeit the magnitude of the growth rates were already known from the previous study, we defined vague priors, except for the initial population size log(Ncg,1) and log(Nhg,1), for which we defined priors fitted to the range of datasets’ values (see Table 1 in Appendix 1).

Models were implemented in JAGS 4.2.0 (Plummer 2003) called from R using the package R2jags (Su and Yajima 2015). JAGS performs parameter estimation through Markov Chain Monte Carlo simulations (MCMC) by sampling the posterior distribution of the parameters. We ran 3 MCMC chains with 100000 iterations, discarding the first 50000 iterations as ‘burn-in’ (Gilks et al. 1996). Thinning was set to 9 for memory issues. Chain convergence was assessed both visually and by checking the Gelman-Rubin Rhat statistic (Rhat <1.1) (Brooks and Gelman 1998).

We also performed a goodness-of-fit test (Gelman et al. 1996, Kéry and Schaub 2012). For each dataset (counts and bags) we computed the ratio of the actual data and the mean of the generated values. [image: image10.png]
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Starting from the base integrated model, we implemented several different models to rg,t, in order to examine population trends at various spatial scales. 
Overall trend. In a first model we calculated a global growth rate μ to estimate a general trend at national scale. 
[image: image16.png]



In this model we postulate the existence of an underlying common trend of all Italian populations and a component of the trend that is GMU specific, coded as εg,t , a normally distributed temporal random effect with a site—specific variance. Thus, εg,t  ~ Normal(0, σglob2g). The aim of this first approach was to provide an overview on the status of the target species in Italy, which is an important information when conservation policies are implemented at national or international scale.

Site-specific trends. In a second model we considered each GMU as an independent population. Relative to the previous model, we calculated a mean growth rate μg as site fixed effect, as
[image: image17.png]9,
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where εg,t  ~ Normal(0, σsite2g)
Regional trends. Third, we looked for regional growth rates. As described before, we considered both a classification of GMUs based on game management authorities and a classification based on biogeographic zones. The aim was to explore whether growth rates calculated on these datasets are correlated to biological factors or to different game management policies. We modelled rg,t as following :
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where μreg  is the mean regional growth rate (biogeographic or management). In order to test for an effect of biological factors and game management policies on mean trends, we compared DIC (Deviance information criterion) values and precision of μreg  values (95% Credible Intervals) calculated by models using the two regional grouping criteria.
Integrated vs classic approach. To test the performance of the integrated model, we applied the site-specific model on both count and bag dataset separately and then we compared precision of μg calculated by the three models to check whether the integrated model did improve precision and reduced bias of the estimation of Alpine Galliform population trends.
RESULTS
Chains convergence was satisfactory in all models for every estimated parameter. Rhat resulted mostly <1.02, with no values passing the 1.1 threshold. For each considered model, the datasets generated using the model estimated parameters fitted the actual datasets with high precision. The goodness-of-fit test showed that the datasets calculated a posteriori from the model estimated parameters [image: image20.png]log(Nzg,;)
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 were largely similar to the actual datasets, with a mean actual-to-generated data ratio always comprised between 0.90 and 1.00, indicating a slight overestimation of the generated data, especially for bag data. 

Sample size affected species’ growth rate parameter precision, despite median values of mean growth rates at different scales were similar (Figure 2). In fact, 95% CI width were smallest for the global growth rate [image: image24.png]


 (sample size: BG, 2736; PAR: 1900; PTA, 1100) and, on average, largest for the site growth rates [image: image26.png]


 (mean sample size per site: BG, 26.1; PAR: 25.8; PTA, 25.8). Intermediate values were recorded for the regional growth rates [image: image28.png]ﬂreg



 (mean sample size per region, biogeographic/authority: BG, 182.4/202.6; PAR: 126.1/157.6; PTA, 106.4/49.0). 

Overall trend

The overall trend model estimated a negative trend at national scale for all three targeted species from 1996 to 2014. The median decrease of BG populations was estimated at less than 1% ([image: image30.png]


 = -0.006), but only a fraction (12.5%) of 95% CI interval was positive (min -0.014, max +0.002). For both PAR and PTA the estimated trend was negative (respectively, PAR,  [image: image32.png]


 = -0.031, CI 95% min -0.048, max -0.013; PTA, [image: image34.png]


 = -0.047, CI 95% min -0.062, max -0.031). The median change of population size over the study period was -11% for BG , -43% for PAR and -58% for PTA.
Site-specific trends

Consistently with the overall trends, all species showed negative growth rates on average at site level in the integrated model (BG: 71% of the sites, n=72; PAR: 70%, n=50; PTA: 80%, n=30). Nevertheless, only in few cases growth rates values were significantly different from 0, i.e 95 CI did not include the 0 (BG: no sites; PAR: 1 site; PTA: 3 sites) (see Figure S1-S3). 
In the integrated model, bags were more subject to observation error than counts, as evidenced by the comparison of [image: image36.png]OcC,
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 (Figure 3). Similarly, highest observation error was detected in PTA and lowest in BG, with PAR showing intermediate values. 

Regional trends

Grouping sites according to game management authorities or biogeographic regions only marginally affected regional growth rate estimations. In fact, both DIC model values and 95% CI intervals were similar (Table 1). Hence, the results of regional-effect models did not support the hypothesis that game management affects population size estimates. Looking at the estimated biogeographic regional trends for BG, a W-E gradient emerges for populations of Central-Eastern outer Alps (regions 4a to 4d), with significantly declining populations in western GMUs and progressively higher growth rates going east (Figure 4a). Higher growth rates are recorded in the inner Alps (9c, 5c), but it must be noted that a positive trend is also recorded in the southernmost biogeographic region (CN_med), characterized by submediterranean habitat elements. PAR populations are declining mostly in the Central-Eastern Alps (4a, 4b,4c, 8, 9c), while stable or increasing populations are located in the Central-Western (5c, 9a, 9b, CN_med) and Eastern Alps (4d) (Figure 4b). On the contrary, less variability between regions was observed for PTA, whose populations are all declining with a median annual growth rate in the range -3.3%/-7.2%, with the Cottian Alps being the only exception (annual growth +0.4%) (Figure 4c).
Integrated vs single-proxy models

Integrating counts and bags within the same model led to a more precise estimation of site mean growth rates [image: image40.png]


, by comparing 95% CI width with the single-proxy models. The integrated model led to reduction in the CI width of [image: image42.png]


 estimates from 0.402 to 0.269, For the three species BG, PAR and PTA, the integrated model was more accurate, respectively, in 65% (n=52), 40% (n=42) and 75% (n=28) of the sites. Since count and bag data were not available for all authorities, this comparison was implemented only for a subset of sites for which both data sources were accessible. In most cases, the integrated model estimated [image: image44.png]


  with intermediate values between growth rates estimated by bags and count models (BG, 87%, n=52; PAR, 74%, n=42; PTA, 75%, n=28) (Figure S1-S3).
Precision of [image: image46.png]


 estimates, both in the integrated and in the single-proxy models, was related to several factors, most notably the sample size (i.e data series lengths), the absolute value of [image: image48.png]


 and the magnitude of counts and bags (Figure 5). CI width declined sharply with an increase in data series length, which spanned from 5 to 20 years across species and proxies. For each site, sample size in the integrated model spanned from 11 to 40 years, which helped the integrated model in estimating growth rates more accurately by using a larger dataset. It must be noted, however, that the relation of sample size and precision of the growth rates estimates is not linear when CI of [image: image50.png]


 estimates from single-proxy and integrated models are pooled. In fact, the integration of two short data series of counts and bags led on average to a less accurate estimate compared to a longer series of a single proxy (Figure 5a). Deviations of the growth rates from 0, either positive or negative, resulted in wider CI. Conversely, growth rates were more precisely estimated when they only marginally deviated from 0 (Figure 5b). Finally, precision was inversely related to the magnitude of counts and bags values, with wider CI associated with smaller values (Figure 5c).

DISCUSSION
In this study we outlined how to obtain a robust integration of two different proxies of population abundance, i.e. individual counts and hunting bags, reducing the uncertainty related to the management of three gamebirds of conservation interests. This was achieved, chiefly by increasing the sample size, which improved the precision of the estimated trends, and through a mutual compensation of proxy-specific bias. According to the results, the conservation statuses of Italian populations as defined by the national red list are confirmed for PAR and PTA, but not for the BG. Our results show that data integration, should be systematically considered when modelling population trends of other taxa that are making use of different techniques as it can lead to a significant improvement of estimation accuracy.
Advantages of integrating counts and bags

One of the goals of our work was to make the best of all available data, especially in terms of reducing uncertainty in population growth rate estimates. Uncertainty is a crucial aspect in ecological modelling (Pradel 2005), especially in wildlife management and conservation context (Nichols et al. 1995, Williams et al. 2002, Regan et al. 2005). According to Williams et al. (2002), several main sources of uncertainty can be identified in wildlife management, among which they mention the application of different monitoring methods to the same target species. This issue is important in the context of the estimation of population trends of Alpine Galliforms in Italy. The analyzed datasets of counts and bags were composed of data series deriving from different counting methods/effort, uneven hunting policies and data storage, which eventually lead to high variability of series length and magnitude. 
All this considered, the integration of the two proxies within the same model was an undeniable advantage in increasing precision and limiting bias of the growth rates estimates. For most sites, growth rates estimated by the integrated model were intermediate between growth rates estimated by count-based and bag-based models. Therefore, the use of state-space models, which intrinsically buffer the sources of noise by accounting for the observation error, combined to the integrated approach, seems effective in reducing bias in growth rate estimates by averaging the information brought by the two proxies. At all spatial levels (global, regional, site) the integration of counts and bags helped limiting very large 95% CI. The global growth rate parameter [image: image52.png]


 was estimated precisely, relying on a considerable amount of data to source information from, while 95% CI width increased remarkably in regional and site models as the sample size decreased. 

Precision of the population growth rate estimates was influenced by two factors: the series length and the magnitude of the values of the modeled proxies. Large credible intervals in single-proxy models were due to short series and/or to small values. In most cases, bag series were longer than count series, as a result of a widespread lack of standardization of census methods and data storage. Conversely, as expected, the magnitude of counts usually far exceeded the magnitude of bags (median value counts/bags: BG, 156.0/18.0; PAR, 87.7/14,5; PTA, 39.2/8.5), leading to more accurate parameter estimation. The observation error in the bag observation model was higher than those of in counts. When sample size was in the range of units, a variation of few individuals had a disproportionate effect on growth rates (i.e. a year-to-year increase of just one individual to a bag size of 2 of the previous year corresponds to a growth rate of +0.33). As a consequence, site growth rates estimates precision was lowest in PTA and highest in BG, where observation error was lower due to longer time-series and higher proxis magnitude.
This study confirms the strength of the integrated models in improving robustness of population growth rates estimates out of limited or poor quality data (see also Schaub et al. 2007, Abadi et al. 2010a). In addition, Bayesian modelling allows to handle a considerable proportion of missing data without imputation, as implemented by mainstream techniques such as TRIM (Pannekoek and van Strien 2001), which assumes a priori similar year-to-year population changes among sites. The single imputation approach may lead to an underestimation of the confidence intervals of the trends, as it does not fully capture the variability of the real data (Onkelinx et al. 2017). We would recommend that the various authorities in charge of wildlife management consider this integrated approach when implementing management strategies, besides the obvious need to improve quality of the primary data, chiefly, by an increase in count methods standardisation.

National and regional trends

The results of our study confirm the Vulnerable (VU) classification assigned by the latest version of the national Red list of birds (Gustin et al. 2019) to PAR and PTA. For these species, if the estimated 19-year growth rates would be applied to 10 years (the reference period for IUCN classification, IUCN 2001), the size of the population decline would meet the criterion A2 (“population size reduction of ≥ 30% over the last 10 years”) for the former (-38%) while the latter would approach to it (-27%). In case of PAR, it must be noted that about 30-50% of the Italian population was not considered in this study, since it occurs in the Apennines and in Sicily (BirdLife International 2015d), where the local subspecies (sspp. A. g. graeca and A. g. whitakeri) have faced a severe reduction in the last decades (Palumbo and Lo Valvo 1999, Rippa et al. 2011, Sorace et al.2013a, 2013b, Trocchi et al. 2016). Conversely, BG has been recently classified as Endangered (EN) at national scale, according to the A4b criterion, which implies an “observed, estimated, inferred, projected or suspected population reduction where the time period must include both the past and the future […]” greater than 50% measured over 10 years, According to the results of this study, BG Italian population only marginally declined (-11%, median estimate in 19 years, -6% if the trend is projected over 10 years only) and thus this reduction would not even meet the IUCN criteria for a ‘Near Threatened’ (NT) classification, despite some declines at regional level (i.e. Central Alps prealpine areas) have taken place. It must be noted that the previous version of the Red List (Peronace et al. 2012) classified the BG as ‘Least Concern’ (LC), which appears consistent with our study.
Examining in depth the trends in different biogeographic areas, populations of inner and Eastern Alps seems to perform better than populations living in the pre-Alpine belt and Western Alps, as a likely effect of marginality and fragmentation of populations. Indeed, the main core of BG distribution on the Alps lies in the inner Alps, where there is a continuum of suitable habitats. In the pre-Alps, populations are instead more fragmented and usually live at lower densities (Brichetti and Fracasso 2004). Although birds populations are less affected by fragmentation than other vertebrates (Crochet 2000), BG is a highly resident and philopatric species (Caizergues and Ellison 2002) with southern populations being more fragmented than northern (Caizergues et al. 2003, Höglund et al. 2007, Sittenthaler et al. 2018). This may affect populations’ viability (Höglund et al. 2007). We speculate that the observed W-E gradient may be explained likewise, given that eastern populations are less fragmented due to the absence of high mountain ridges which could hamper dispersion (Caizergues et al. 2003, Sittenthaler et al. 2018) and they also occur close to the large Austrian population. Less clear regional patterns were observed in PAR and PTA, although Western populations performed better in both species. The opposite pattern was observed in France, where one of the southernmost populations located in the Pyrenees seemed quite stable while another population situated in the Alps presented a strong decline (Canonne et al. 2020). For these species, the effect of local conditions may be stronger than larger scale environmental dynamics, as already observed for other Alpine populations ( Furrer et al. 2016), hence geographical patterns of trends can hardly be identified. 

The effect of different game management on the dataset remains an open question. We could not find strong evidence that management policies diversity affects the trends, although a previous study showed the existence of different game management policies (i.e. hunting pressure), that were apparently causing significantly different population trends between game management authorities (Martinoli et al. 2017). In this second study, we tried to disentangle management from environmental effects, but the inevitable overlap between the two classifications make this disentanglement illusory. The lack of management guidelines in some authorities may also have resulted in high within-authority differences among sites (chiefly, in Lombardy region), preventing the identification of common patterns. On the other hand, the prevailing effect of local conditions over larger scale environmental factors, as abovementioned, could have prevented the identification of regional patterns. 

Applications of the integrated model in the conservation context
As long as there is no specific monitoring scheme to assess the abundance of Alpine Galliforms populations at national level, the process of estimating population dynamics will necessarily rely on heterogeneous data that are routinely collected on the field. This issue is commonplace in wildlife management at large scale, because spatial variation of applied survey methods is often considerable (Pollock et al. 2002, Lauret el al. 2021). As already mentioned, a major advantage of the integrated approach is the possibility to limit uncertainty in parameter estimation by increasing sample size, joining different data sources within the same framework. This model can be applied when different methodologies are involved to get abundance estimates of the same populations at the same temporal frame. For example, gregarious species with commuting behaviour, such as bats, seabirds (cormorants, auks etc.), herons or corvids, are usually surveyed at roosting/breeding sites and foraging areas (see Bibby et al. 2000; Agnelli et al. 2006). In these cases, integrating data could result in more robust trends estimates, given that small or newly established colonies may go undetected and variability in the use of foraging areas for certain species is extremely high depending on food availability and weather conditions (Legagneux et al. 2009). The scope of its application can be widened to direct and indirect count methods, where abundance indices (snow tracks, faeces, feeding signs etc.), obtained from cheap large-scale surveillance surveys, can be coupled with intensive direct targeted monitoring. Each biasing factor that affects data can be independently accounted for in the observation processes, such as detectability (Royle et al. 2005), weather conditions (see for example droppings residence time in faecal pellets counts, Wallmo et al. 1962), sampling effort (Willebrand et al. 2011) or fieldworker skills (Sauer et al. 1994). Hence, the flexibility of state-space models further allows an easy dataset integration without putting many assumptions on their relationship.
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