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The relation between the environment and human activity has been the subject of many empirical studies. Complexities such as which indicators related to human activity best represent biodiversity, or time lags between socio-economic activities and biodiversity, remain unclear. This paper tackles these issues based on statistical analysis of the relationship between human activity and biodiversity at the country level in Europe. We used well-adapted statistical models to explain variations in two state indicators, two pressure indicators, and one response indicator representing biodiversity. We focused on (i) the relative efficiency of the various indicators of human activity (notably human population density, human appropriation of net primary productivity, and gross domestic product per area) in predicting the biodiversity indicators, and (ii) possible time lags between metrics representing human activity and biodiversity. Results indicate that gross domestic product per area and human population density best predict the indicators for the biodiversity state, whereas human population density best predicts the indicators of biodiversity pressure. Although the indicators for biodiversity pressure best related to present-day human activity metrics, biodiversity state reveals a time lag of approximately one century. Results suggest that drivers (human population density, density of economic activity) and pressures (land sealing) should serve as primary foci for biodiversity policies. Because of the long time lags (~ one century) between these drivers and the state of biodiversity, policies regarding biodiversity should integrate a long-term view.

Introduction

The Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES) assessment on the state of biodiversity and ecosystems in the European region, published in 2018, reported that trends remain negative overall, with potential consequences for the economy and society [START_REF] Ipbes | Summary for policymakers of the regional assessment report on biodiversity and ecosystem services for Europe and Central Asia of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services[END_REF]. The IPBES reached the same conclusion one year later at the global scale [START_REF] Ipbes | Summary for policymakers of the global assessment report on biodiversity and ecosystem services of the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services[END_REF]. These negative trends related to five direct drivers of biodiversity change (or pressures). They are, in descending order of impact: [START_REF] Chamberlain | Changes in the abundance of farmland birds in relation to the timing of agricultural intensification in England and Wales[END_REF] changes in land and sea use; (2) direct exploitation of organisms; (3) climate change; (4) pollution and (5) invasive alien species. Yet, the underlying societal causes of these pressures were related to indirect drivers of change, notably to governance issues, technological innovation and demographic and economic factors. Economic activity may impact biodiversity through different mechanisms. Pollution may cause various types of harm to indigenous species. Human presence and/or travel can disturb animal activity and, consequently, interfere with ecosystem processes. Encroachment of land due to urbanization and infrastructure can reduce the size of habitats to a critical level or fragment them, rendering metapopulations less viable. In the long term, the encroachment of land can also impoverish the gene pool through isolation, leading to population extinction. Which mechanisms are the most important in explaining the decline in biodiversity is not obvious.

Studying which variable representing human activity correlates most to biodiversity, however, can help identify the appropriate types of corrective actions to target.

In this research, we therefore sought to identify the socio-economic variables that best correlate to variables indicating current levels of biodiversity at the country scale, and the time lags between the two sets of variables. We chose to examine the country scale, as have many previous studies (e.g., [START_REF] Hoffmann | Social and environmental influences on endangered species: a crossnational study[END_REF]Konickova et al., 2006;Clause and York, 2008;[START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF]Gosselin & Callois, 2018), because some of the data for analysis are more readily available at this scale-for example, proportion of threatened and extinct species and gross domestic product. Additionally, the national scale is still the most relevant for many policies concerning biodiversity and socio-economic issues. More precisely, we addressed the following questions: (i) What are the kinetics of the impact of human activity on biodiversity? Following [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF], in hypothesizing time-lag effects between indicators of human activity and those of biodiversity, we posited that past values of socioeconomic variables would better explain current variations in biodiversity state indicators .

(ii) Which models involving indicators of human activity best explain the values of biodiversity indicators? We hypothesized that simpler, un-transformed or merely log-transformed, models would be at least as efficient as more complex socioeconomic models.

(iii) What variables representing human activity best explain the variations in the biodiversity indicators-for example, those depending on their proximal link with biodiversity or more general variables of human activity? We hypothesized that the human appropriation of net primary production or the proportion of sealed area, which are potentially more directly related to biodiversity, would better explain the variations of biodiversity indicators than, for example, human population density, especially for the indicators of biodiversity state.

The literature relating the state of biodiversity to socio-economic drivers and pressures is now well developed. Findings indicate that drivers such as Gross Domestic Product (GDP) per capita (GDPc; [START_REF] Clausen | Global biodiversity decline of marine and freshwater fish: A cross-national analysis of economic, demographic, and ecological influences[END_REF], human population density (HPD; [START_REF] Brown | Species imperilment and spatial patterns of development in the United States[END_REF][START_REF] Mckee | Human Population Density and Growth Validated as Extinction Threats to Mammal and Bird Species[END_REF][START_REF] Driscoll | A biodiversity-crisis hierarchy to evaluate and refine conservation indicators[END_REF], the spread of transportation infrastructure [START_REF] Konvicka | Butterfly extinctions in European states: Do socioeconomic conditions matter more than physical geography?[END_REF] or income inequality [START_REF] Mikkelson | Economic inequality predicts biodiversity loss[END_REF][START_REF] Holland | A cross-national analysis of how economic inequality predicts biodiversity loss[END_REF] correlate with various measures of biodiversity.

Focusing on the link between human population density (HPD) and biodiversity, [START_REF] Luck | A review of the relationships between human population density and biodiversity[END_REF] reviewed the published empirical literature through a meta-analysis. The author concluded that, despite the geographic and taxonomic skew in the published literature, a positive correlation is apparent between HPD and various biodiversity metricsmainly related to species richness. That is, the level of biodiversity is greater in densely populated zones. This correlation, however, may be due to the relation between HPD and these biodiversity metrics on the one hand, and other parameters such as ecosystem productivity or energy availability on the other. Some evidence was also apparent of negative relationships between HPD and other biodiversity metrics related to species extinction, but it was weak [START_REF] Luck | A review of the relationships between human population density and biodiversity[END_REF].

In analyzing how three variables related to economic growth (GDPc, HPD and a metric related to land use intensity-human appropriation of net primary productivity (HANPP)) are related to the proportion of threatened species in European countries, [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF] proposed an explanation for the weak evidence reported by [START_REF] Luck | A review of the relationships between human population density and biodiversity[END_REF]. That is, the relationship between current economic and biodiversity variables could be weak because the metrics of biodiversity respond to economic variables with a time lag. [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF] proposed that the relationship would become much stronger if the metrics of biodiversity were related to past economic variables. This proposal echoes the well-known notion of extinction debt in ecology [START_REF] Tilman | Habitat destruction and the extinction debt[END_REF][START_REF] Kuussaari | Extinction debt: a challenge for biodiversity conservation[END_REF], as well as the pioneer ecological studies that identified time lags in the relationship between habitat quantity and configuration and biodiversity [START_REF] Chamberlain | Changes in the abundance of farmland birds in relation to the timing of agricultural intensification in England and Wales[END_REF][START_REF] Lindborg | Historical landscape connectivity affects present plant species diversity[END_REF][START_REF] Menéndez | Species richness changes lag behind climate change[END_REF][START_REF] Metzger | Time-lag in biological responses to landscape changes in a highly dynamic Atlantic forest region[END_REF]. Most of the latter studies were centered on habitat. Yet, the drivers of variations in past habitat could have even greater time lags for affecting biodiversity [START_REF] Essl | Historical legacies accumulate to shape future biodiversity in an era of rapid global change[END_REF], since the time lags between the initial driver and the habitat pressure should add up to the time lags between habitat and biodiversity.

Even though this reasoning provided a new line of analysis, [START_REF] Gosselin | Reevaluating Europe's other debt with improved statistical tools[END_REF] questioned this conclusion on the basis of inadequate statistical tools. When more accurate statistical tools were used to take into account data pseudo-replication and over-dispersion, the significant relationships mostly disappeared, or at least became much less significant. Gosselin and Callois (2018) analyzed the data of [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF] together with data on extinct species, biodiversity pressure indicators (land sealing) and response indicators (the proportion of protected areas) in Europe and related them to diverse socio-economic drivers. They found a positive impact on the proportion of threatened and extinct species due to the density of "human activity" (either measured as human population density or as the gross domestic product per unit area of land, GDPa, and especially their logarithm transforms). These results

were based on relationships between current socio-economic variables and current biodiversity indicators. Yet, one of the biodiversity indicators used in this study represented past events (the proportion of extinct species), and two indicators related to the accumulation of past decisions (proportion of sealed area and proportion of reserves). Also, for a fourth indicator (proportion of threatened species), past values of socio-economic variables likely predict states of biodiversity better than current values due to time lag effects (cf. supra).

Identifying these time lags is a pressing question, according to the International Science-Policy Platform on Biodiversity and Ecosystem Services (e.g. IPBES, 2018). Furthermore, Gosselin and Callois (2018) did not incorporate human appropriation of net primary production (HANPP), another metric used by [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF]. Yet, this metric is an integrated socio-ecological indicator of land-use intensity [START_REF] Haberl | Human appropriation of net primary production, stocks and flows of carbon, and biodiversity[END_REF], which is closely related to population density [START_REF] Krausmann | What determines geographical patterns of the global human appropriation of net primary production[END_REF]. As such, HANPP has potential to more proximally explain the impact of human activity on biodiversity, and may therefore better explain its variations [START_REF] Haberl | Human appropriation of net primary production as an environmental indicator: Implications for sustainable development[END_REF][START_REF] Haberl | Human appropriation of net primary production and species diversity in agricultural landscapes[END_REF][START_REF] Vačkář | Human transformation of ecosystems: Comparing protected and unprotected areas with natural baselines[END_REF]. Finally, Gosselin and Callois (2018) did not include simpler models with the two core human activity variables (HPD and GDPa), which might better explain variations in biodiversity indicators than more complicated models.

Material and methods

Biodiversity indicators

This 

Socio-economic variables

We considered the economic variables in the study as potential drivers of the five Pressure-State-Response (PSR) indicators described above. This approach agrees with the notion of indirect drivers defined by the IPBES (https://www.ipbes.net/models-drivers-biodiversityecosystem-change). We focused attention on two classical indicators of human activity: gross domestic product (GDP) and human population density (HPD). We tested GDP per area (GDPa) as well as GDP per capita (GDPc) because Gosselin and Callois (2018) found that the density of economic activity (GDPa) had a stronger relationship with biodiversity indicators than economic development per capita (GDPc). We also included the variable built by [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF] to estimate human land use intensity: human appropriation of net primary production (HANPP), which is another measure of the spatial density of human activity likely closest to the indicators for PSR biodiversity. Table SM1 provides the list of socio-economic variables from years 1900[START_REF] Gdpc | Gross Domestic Product per inhabitant in 1950 (unit: 100,000[END_REF]and 2000, found in Dullinger et al. (2013)).

This study considered a list of 22 countries. These countries are the same as those in [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF]: Austria, Belgium, Bulgaria, the Czech Republic, Denmark, Finland, France, Germany, Greece, Hungary, Italy, the Netherlands, Norway, Poland, Portugal, the Republic of Ireland, Romania, Slovakia, Spain, Sweden, Switzerland and the United Kingdom.

Statistical models and hypotheses

Following [START_REF] Brown | Species imperilment and spatial patterns of development in the United States[END_REF] and Gosselin and Callois (2018), the strategy in this study was based on the estimation and comparison of several simple statistical models.

We did not mix different metrics into a single, global metric, nor did we estimate a single statistical, multiple regression model that would have included all the variables. We thus avoided technical and interpretative problems of correlations between variables. We followed a three-step strategy to identify the best socio-economic variables in terms of predictive power and analyze their relationships with biodiversity indicators.

First, we addressed the first hypothesis by estimating and comparing the first seven models described in Table 1 (Null, Economic, Log Economic, Kuznets, Log Kuznets, Area Kuznets and Log Area Kuznets) among the three different periods (1900, 1950 and 2000). The 2000 versions of these models are very close to the corresponding models in Gosselin and Callois (2018). These models were among the best for which historic data were available.

Economic refers to models including both GDPc and HPD, two of the main indirect drivers of change according to the IPBES (2019). The Kuznets models included different versions of GDP, as well as its square, to account for quadratic relationships with GDP and to allow for possible bell-shaped relationships with GDP, a shape known as the Environmental Kuznets

Curve [START_REF] Selden | Environmental quality and development: Is there a kuznets curve for air pollution emissions[END_REF]. Except for the null model, each model incorporated two socio-economic variables related to a specific theme. We chose to limit the number of variables in the models since we only had a limited number of countries in the data set ( 22countries) for this study. Therefore, we included at most two socio-economic variables per model, following the n/10 guideline of Harrell (2001, p. 61) 1900, 1950 and 2000 data. This procedure determined, first, whether the relationships could be reduced to such simple univariate models, and second, included less over-parametrized models. We also considered HANPP and Log HANPP models at the different time periods (cf.

Table 1). We expected these two last models to reveal more proximal causes of variations in the indicators, especially for the two State Indicators. For these two indicators, we also included hierarchical versions of the univariate explanatory models described above. We then added a taxonomic random effect on the slope, thus estimating the mean slope across taxonomic groups as well as the standard variation across taxonomic groups of this slope.

This procedure yielded models with a number of parameters similar to the models in the first step. This process allowed the relationship to vary across taxonomic groups instead of being fixed to a mean response as in the previous models.

In 

Statistical methods

We paid careful attention to the potential over-dispersion of data as well as to the inclusion of random country effects, following [START_REF] Gosselin | Reevaluating Europe's other debt with improved statistical tools[END_REF]. We therefore introduced a random country effect into the models involving repeated values per country. We assumed this effect to follow a Gaussian distribution with a zero mean and an estimated standard deviation, This approach allowed inclusion of indeterminacy between country-level explanatory variables and other, unknown, country-level determinants. We used this random country effect, for example, for the two State indicators, which provided proportions of Extinct and Threatened species for different taxonomic groups within each country. For the proportion of extinct or threatened species, we used a logit link function and a beta-binomial distribution to model the number of extinct and threatened species as a proportion of the number of native species and native minus extinct species, respectively. Each taxonomic group had separate estimated intercept and extra-binomial variation fixed parameters. For the proportion of protected areas and the percentage of sealed area and its increment, we used the zero-inflated beta distribution. This distribution is a direct sub-product of the zero-inflated cumulative beta distribution, proposed to analyze plant cover class data [START_REF] Herpigny | Analyzing plant cover class data quantitatively: customized cumulative zero-inflated beta distributions show promising results[END_REF]. For sealed areas, we fitted a separate model for area and increment (SEAL and iSEAL) and therefore did not include a random country effect in the corresponding models. We framed the models within a Bayesian setting. For the proportion of protected areas, each category of protected area had separate estimated intercept and variance fixed parameters, but the parameter for zero inflation was the same for the different categories.

We used the Stan program embedded in R 3.3.2 through the rstan library (Stan Development

Team 2015) to estimate the models described above. The priors of the hyper-parameters were mostly non-informative, except for the proportion of extinct species that required an upper bound at exp(10) for dispersion levels in order to obtain converging results. All the explanatory variables were centered and scaled to ensure a residual standard deviation of the variable around one while keeping clear control over the level of scaling.

The models were compared in terms of predictive capacity with the leave-one-out Information Criterion (LOOIC; [START_REF] Vehtari | Practical Bayesian model evaluation using leaveone-out cross-validation and WAIC[END_REF]. For State and Response indicators, we used the marginal version of the LOOIC (Gosselin and[START_REF] Gosselin | Corrigendum to "Relationships between human activity and biodiversity in Europe at the national scale: Spatial density of human activity as a core driver of biodiversity erosion[END_REF].

We investigated the estimators of the socio-economic parameters with an eye toward the statistical significance and magnitude of the relationships. For statistical significance, we used Bayesian quantiles based on beta random draws [START_REF] Gosselin | A New Calibrated Bayesian Internal Goodness-of-Fit Method: Sampled Posterior p-values as Simple and General p-values that Allow Double Use of the Data[END_REF]. This paper includes only those cases with a p-value below 5%. To judge the magnitude of Odds-ratios, we analyzed the effect of an increase of one standard deviation at the linear combination level (on the log of odds ratios) for each socio-economic variable, according to guidelines adapted from [START_REF] Daniels | Etiologic research in pediatric epidemiology[END_REF] (see Table 5 legend for more details). These ratios are adapted to the framework for magnitude analysis proposed in ecology (e.g., [START_REF] Camp | A statistical test to show negligible trend: Comment[END_REF][START_REF] Barbier | Improving biodiversity indicators of sustainable forest management: tree genus abundance rather than tree genus richness and dominance for understory vegetation in French lowland oak hornbeam forests[END_REF].

Finally, to gauge the adequacy of the statistical models in relation to the data, we used sampled posterior goodness-of-fit p-values [START_REF] Gosselin | A New Calibrated Bayesian Internal Goodness-of-Fit Method: Sampled Posterior p-values as Simple and General p-values that Allow Double Use of the Data[END_REF]. These values are based on normalized quantile residuals [START_REF] Dunn | Randomized quantile residuals[END_REF], with discrepancy functions similar to [START_REF] Herpigny | Analyzing plant cover class data quantitatively: customized cumulative zero-inflated beta distributions show promising results[END_REF] and [START_REF] Godeau | The importance of being random! Taking full account of random effects in nonlinear sigmoid hierarchical Bayesian models reveals the relationship between deadwood and the species richness of saproxylic beetles[END_REF]. We first diagnosed the distributions of the residuals or the random effects by using their mean, variance, skewness and kurtosis as discrepancy functions. Then, to diagnose potentially ill-modelled relationships for the mean or variance, we used discrepancy functions based on correlations with Hoeffding's D statistic [START_REF] Harrell | Regression Modeling Strategies, With Applications to Linear Models, Logistic Regression, and Survival Analysis[END_REF]. These functions determined the links between (i) the residuals and the fitted values, (ii) the residuals and each of the explanatory variables, and (iii) the square of the residuals and the fitted values. Hoeffding's D statistic can detect correlations that include linear and non-linear relationships, and increasing or decreasing as well as non-increasing and non-decreasing relationships. Finally, we used two discrepancy functions to diagnose any spatial autocorrelation of country random effects (if they were included in the model) or residuals (if random effects were not included). We fitted a generalized least squares (gls)

model with an exponentially decaying spatial autocorrelation [START_REF] Pinheiro | Mixed-effects models in S and S-PLUS[END_REF]on country random effects or residuals (functions corExp and gls in the nlme library with a nugget), then considered the range and nugget of the gls model as the two final discrepancy functions. These p-values allowed, in sum, diagnosis of the adequacy of the probability distributions used, the adequate specification of the non-linear relationship between explanatory variables and data, the correct specification of variance, the absence of additional spatial autocorrelation and, in cases where the model included country random effects, the adequacy of the probability distribution of the random effect. Given usage of around ten discrepancy functions per model, we only investigated cases with p-values below 0.005.

These p-values were applied to the best model associated with each biodiversity variable.

Results

Overall, with Proportion of Protected Areas as a dependent variable, none of the main socio-economic models had better predictive capacity than the Null model (Table 2). For the proportion of Extinct species, the 1900-data versions of the Log Area Kuznets, Area Kuznets, Economic and Log Economic (Table 1) models involving different combinations of three measures of human activity clearly yielded the models with the best predictive capacity (Table 2). The human activities were gross domestic product per area (GDPa), gross domestic product per capita (GDPc) and human population density (HPD). A logical ranking was also apparent over time, with 1950 models being better than 2000 models and worse than 1900 models. For Threatened species, a similar result emerged, except that the Economic model had worse predictive capacity than the other socio-economic models. The 1950 and 2000 models were somewhat closer to 1900 models than for Extinct species. Yet, we observed the same ranking, with 1900 yielding better models than either 1950 or 2000 (Table 2). For the share of sealed land (SEAL) and its dynamic (iSEAL), the analysis produced the reverse result, since 2000 models with economic variables were best (Table 2). The 1950 models were close to the best models for both SEAL and iSEAL, though the order of ranking was 2000,1950,1900.

Comparing these socio-economic models with simpler, univariate explanatory models (Tables 3 &4), we found that the univariate model with Log GDPa in 1900 was best, both for Extinct and Threatened species. For Threatened species only, the log of human population density (Log HPD) in 1900 was close to this best model. For SEAL and iSEAL, HPD in 2000 (log-transformed for SEAL but not for iSEAL) was the best univariate variable, even yielding the best model for SEAL (Table SM3). Both for state and pressure indicators, the indicator of human appropriation of primary production (HANPP; [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF] did not provide models with better predictive capacity than the best univariate or multivariate models (Tables 3 &4). When restricting to the relationship of present socio-economic driver variables to the two State biodiversity indicators and comparing them with the relationship between SEAL and these same indicators, we found that SEAL had better predictive properties for the proportion of Extinct species, and was close to the best models for the proportion of Threatened species (Table SM5).

Graphical representations of the relationships also indicated a better link with 1900 than 2000 economic variables for Extinct and Threatened species and the reverse for SEAL and iSEAL (Figure 1). Considering the associated estimators (Table 5), results were overall less obvious with only slight differences either in estimator significance (p-value) or in the mean estimated effect of adding 1 standard deviation to the variable (first column). The only strong difference in terms of magnitude was with iSEAL. The models fitted the study data adequately since we did not detect any discrepancy between the data and the best models at a significance level fixed at p<0.005.

Discussion

The finding of no relationship between socio-economic variables with the Response indicator (i.e. the proportion of protected areas in European countries; Table 2) contrasts with previous literature. In a summary of results, [START_REF] Luck | A review of the relationships between human population density and biodiversity[END_REF] reported a negative relationship between human population density (HPD) and protected areas. The metrics considered for protected areas, however, varied from area proportion to absolute area, which was not the case in the present study, as only area proportion was used. The absence of a statistical relationship may be the outcome of conflicting mechanisms. On the one hand, economic activity and population density raise pressures for land sealing .On the other hand, they may also trigger social demand for protected areas as a reaction to the consequences of land sealing.

Second, the importance of 2000 economic drivers in explaining the Pressure indicators (Tables 2 and5) suggests their closer relationship to the current level of human population density or activity than to those in 1900. This finding was contrary to our expectations for SEAL, which we expected would integrate the cumulative effects of land sealing over many generations and therefore more relevant to economic variables representing the past. Yet, the study of urbanization during the 20 th century shows that the link between human activity and land encroachment operates quite quickly. For example, in post-World War II industrial countries, land use changed radically within a time span of a few decades., [START_REF] Colsaet | What drives land take and urban land expansion? A systematic review[END_REF] reported that the most indisputable causal factors were income and population growth. This is consistent with our results (Tables 3, 5 andSM3), which show the foremost contribution of current population density on land sealing indicators.

The better explanatory power of the 1900 socio-economic variables and particularly the Kuznets-like models for the current proportion of extinct species should not come as a surprise. Current extinctions reflect past eventsalthough on a relatively unknown time scale -, which themselves are related to past pressures. We therefore expected close relationships between the proportion of extinctions and socio-economic values in 1900 or 1950. It was a priori unclear, however, whether 1900 or 1950 variables would serve as better predictors. The results, with 1900 models clearly having better predictive capacity than 1950 models (Table 2), suggest, apparently for the first time, that the causes of current extinction levels are rooted further in the past. The results echo those of [START_REF] Konvicka | Butterfly extinctions in European states: Do socioeconomic conditions matter more than physical geography?[END_REF], however, who found a correlation between butterfly extinctions and railway densities that was interpretable as an indicator of early industrialization.

The similar trends for the proportion of threatened species-i.e. models involving 1900 values of socio-economic variables better predicted the current proportion of threatened species than those involving 2000 values-were more surprising. These results follow the global message of [START_REF] Dullinger | Europe's other debt crisis caused by the long legacy of future extinctions[END_REF], but for more adequate statistical models and different variables (gross domestic product per capita (GDPc) and gross domestic product per area (GDPa) in Dullinger at al., 2013 and this study, respectively). We therefore confirm the trend for a long-term effect of socio-economic development on the state of biodiversity, and a time lag in the relationship. Results from this study, however, do not allow precise estimate of the length of this time lag nor explanations for this phenomenon, although the time lag is apparently shorter for Threatened than for Extinct species. These empirical results are in line with the concept of extinction debt proposed by [START_REF] Tilman | Habitat destruction and the extinction debt[END_REF], substantiated by e.g. [START_REF] Vellend | Gross Domestic Product per inhabitant in 2000 (unit: 100,000 International Geary-Khamis dollar) Eco & Kuznets Untransformed[END_REF] and reviewed by [START_REF] Kuussaari | Extinction debt: a challenge for biodiversity conservation[END_REF]. Findings of macro-level relationships in this study suggest that the relationship between economic drivers and biodiversity erosion may reflect such extinction debt.

Results of this study also confirm Gosselin and Callois (2018), in that the two State indicators of biodiversity are mostly related with models that include either Human Population Densities (HPD) or Gross Domestic Product per area (GDPa) (Table 3).. The results also confirm the conclusions of Gosselin and Callois (2018)on the interest of these metrics as biodiversity-driver indicators, though with a logarithm transformation and a time lag of approximately one century. The results are also consistent with previous findings where HPD was significantly associated to the proportion of Threatened or Extinct species or related quantities [START_REF] Hoffmann | Social and environmental influences on endangered species: a crossnational study[END_REF][START_REF] Mcpherson | Environmental Kuznets curve: Threatened species and spatial effects[END_REF][START_REF] Luck | A review of the relationships between human population density and biodiversity[END_REF]and, to some extent, Pandit and Laband, 2007[START_REF] Mckee | Human Population Density and Growth Validated as Extinction Threats to Mammal and Bird Species[END_REF]. They also echo [START_REF] Mckee | Behavioral mediators of the human population effect on global biodiversity losses[END_REF] on the identification of GDPa rather than mere GDP as a robust variable significantly related with the number of Threatened species. These previous studies, however, did not use HPD or GDPa in 1900 but rather more recent values of HPD or GDPa. In terms of magnitude, starting with proportions of extinct species and threatened species of 3.00% and 30.0% respectively, doubling GDPa in 1900 in the study models would increase these proportions to 4.15% (±0.26%) and 33.5% (±1.1%), respectively (based on estimates in Table 5). We therefore consider these effects very significant and of intermediate strength.

These results lead to a main conclusion that Log GDPa in 1900 is an accurate driver (Table SM5). This conclusion is consistent with the considerable body of work on the impact of land encroachment and urbanization on biodiversity. [START_REF] Louwagie | Impact of land take and soil sealing on biodiversity[END_REF] showed how the process of land sealing reduces biodiversity at different levels. Given our previous results, we conjecture that past land sealing might be an even better Pressure indicator than past GDPa for current proportions of Extinct and Threatened species. This conjecture also agrees with [START_REF] Konvicka | Butterfly extinctions in European states: Do socioeconomic conditions matter more than physical geography?[END_REF], who reported that the density of railway lines was the best socioeconomic predictor of past butterfly extinctions in European states. In contrast, the density of highways was not as strongly and consistently related to past butterfly extinctions. The authors interpret this result as an indication that "butterfly losses are attributable to persistent patterns of economic history rather than to the recent situation"

Generalizing the results of this study to broader indicators of biodiversity yields conclusions even more pessimistic than previously reported at global levels (e.g., [START_REF] Butchart | Global biodiversity: Indicators of recent declines[END_REF][START_REF] Tittensor | A mid-term analysis of progress toward international biodiversity targets[END_REF]. Since the processes that reflect in the Pressure indicators (and Driver indicators in our case) are still continuing to increase, and given the time-lag between these processes and the State of biodiversity, one should not expect the State indicators to improve before many decades, if the relationships remain unchanged. This analysis using indicators reveals that biodiversity, like climate change, apparently has a strong temporal inertia in its interactions with its drivers, which highlights the urgent need for protective measures.

Patterns of biodiversity loss are obviously more complex than reflected in the simple statistical models used in this paper. Yet, based on goodness-of-fit p-values, the lack of departures from the data indicates that the models are not too simple for the data at hand. In fact, they might be too complex, especially for the two pressure indicators, as revealed by the analyses of the number of parameters estimated relative to the amount of data used (see Statistical Models and Hypotheses section). The results for the two pressure indicators should be taken with care, as they may stem from over-fitted models [START_REF] Harrell | Regression Modeling Strategies, With Applications to Linear Models, Logistic Regression, and Survival Analysis[END_REF]. Additional analyses, for example with extended data sets with more countries or at smaller spatial scales, with diachronic data sets (e.g. [START_REF] Mckee | Human Population Density and Growth Validated as Extinction Threats to Mammal and Bird Species[END_REF], or using a more integrated framework ,such as structural equation modelling, would be useful.

Policy implications

Although results from this study may suggest that current policy measures may only have effects on biodiversity after decades at best, these results nevertheless provide policymakers with precious knowledge. Understanding how these systems have long time lags should help policymakers better assess the actions they take. They may integrate in their monitoring evaluations of biodiversity policies, for example, the notion that a policy may have no noticeable effect on extinction or threatened species metrics in the short term. One or two decades may not suffice. As results from this study confirm that human population density and especially GDP per area driver biodiversity, and that land sealing may be an important pressure to consider, biodiversity preservation should infuse all economic activity, and not be restricted to local actions such as protected areas.

Conclusion

In conclusion, the analysis presented above enable clear answers to the research questions posed in this paper. First, even at a coarse (country) scale and with a small sample, a clear lagged relationship is apparent between the State of biodiversity and the gross domestic product per area (GDPa). This finding is consistent with the first hypothesis. Considering the different results for Extinct and Threatened species, the typical time lag is apparently about one century, though the time lag between Drivers (human presence and economic activity)

and Pressure (land encroachment) appears much shorter.

Second, in accordance with the second hypothesis, simple models with human population density and GDPa improved modelling predictive capacity for three pressure and state indicators out of four. These results confirm the intuition that human activity as a whole impacts biodiversity, and that more complex models do not necessarily add substantial predictive power.

Third, the variables representing human activity that best explain variations in biodiversity were Log GDPa in 1900 for the two State indicators, and Log HPD in 2000 for the two Pressure indicators. In contrast with our expectations, including human appropriation of primary productivity did not improve the predictive capacity of the models over these more indirect measures of human activity. In line with our hypothesis, the above results further suggest that the causality between past human activity and the current state of biodiversity may be mediated by human pressure on the land through land encroachment.

These results suggest that human population density, density of economic activity, and land sealing should serve as primary foci for environmental policies. Because of the short-term view often common for policymaking, such findings steer toward the preservation of natural lands as high priority toward effective mitigation of the loss of biodiversity. Future additional analyses with diachronic data at much finer spatial levels would refine further the estimation of time lags to help guide such policies. Only the models pertaining to the same target variable (models in the same column) are comparable. See Tables 1 andSM1 for the content of the models. For the first three columns, the marginal version of the LOOIC is used.
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Table 5. Analysis of the estimators of the best socio-economic variables at different dates for the four Biodiversity indicators that are sensitive to these variables. For magnitude analyses (last column), the results of the analyses of adding one standard variable of the best variate on odds ratios were conclusive if 95% of the odds ratio effects were in the interval   (denoted as +++ and qualified as a strongly positive effect) (as in e.g. [START_REF] Daniels | Etiologic research in pediatric epidemiology[END_REF]. Estimators are given for the best univariate model (first) and then for the other models with the same variable but at different dates. GDPa refers to Gross Domestic Product per area, HPD to Human Population Density (log-transformed if an "l" is added at the beginning of the name of the variable). For Extinct species, the best model is the hierarchical model, from which we consider the mean effect across the nine taxonomic groups; estimators by Taxon are provided in Table SM4. GDPa .1900HPD.1900HPD.1950HPD.2000GDPa.1950GDPa.2000HANPP.2000HANPP.1900HANPP.1950GDPc.2000GDPc.1900 GDPc.1950 

  indicator for the two State indicators, and Log HPD in 2000 for the two Pressure indicators. Additionally, SEAL could represent a relevant present pressure indicator for the two State indicators, since it provided relationships with either equivalent (for Threatened species) or better (for Extinct species) predictive quality than the other socio-economic variables in 2000
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 1 Figure 1. Graphical summary of the relationships between the best variable in 1900 (left) and

  Figure SM1. Variable clustering for the explanatory variables used in the paper. The correlation metric

  

  

  study sought to relate relevant indicators of biodiversity throughout Europe to economic variables at various dates. We chose indicators that fit the Driving forces, Pressure, State, Response indicator) and[START_REF] Essl | Native, alien, endemic, threatened, and extinct species diversity in European countries[END_REF] (two State indicators). We did not consider trees as a separate taxonomic group because, at least for some countries, trees were incorporated into evaluations of vascular plants. Our analyses therefore already accounted for them in the vascular plant taxonomic group.

	Data for this study came from the European Environmental Agency (two Pressure indicators),
	Eurostat (
	Impact, Response (DPSIR) framework, in line with Butchart et al. (2010). Even though we
	did not estimate the DPSIR framework explicitly, we chose five biodiversity indicators
	positioned in the DPSIR diagram (http://www.eea.europa.eu/publications/TEC25), for which
	data are readily available at national level, as follows (cf. Table SM2 for summary statistics):
	i. Two Pressure indicators related to land sealing: percent of surface area in the country
	sealed in 2009 (denoted as SEAL) and annual increase in sealing between 2006 and
	2009 expressed as a percentage (denoted as iSEAL);
	ii. Two indicators of the State and dynamics of Biodiversity: the proportion of extinct
	and of threatened species in each country for nine different taxonomic groups
	(vascular plants, bryophytes, mammals, birds, freshwater fishes, reptiles, amphibians,
	dragonflies and grasshoppers);
	iii. One Response indicator, referring here to societal response (as defined in the DPSIR
	framework): the percentage of terrestrial area in each country corresponding to
	protected areas (combining four different types of protected areas as defined by the
	International Union for Conservation of Nature).

  (12 hyper-parameters compared to a maximum of 8.8 according to Harrell's rule), and much more overparametrized for pressure indicators (5 hyperparameters compared to 2.2 according to Harrell's rule). Our general hypotheses were that explanatory models with 1900 or 1950 data would better explain the Proportion of Extinct species, the Proportion of Sealed areas and the Proportion of Threatened species, since we expected a rather strong time lag for the effects on Biodiversity, similar to the reasoning inDullinger et al. (2013).In the second step, we compared the best model for each indicator from the first step with simplified univariate explanatory models, HPD, Log HPD, GDPa and Log GDPa, for

on the relationship between sample size n and number of estimated hyperparameters. The resulting models were slightly over-parametrized for state indicators (with 21 hyper-parameters estimated compared to a maximum of 19.8 according to Harrell's rule). They were somewhat more over-parametrized for response indicators

  the final step related to the third hypothesis, and only for the two State indicators of biodiversity, we compared the best model involving present explanatory variables from the first two steps with a model including the current proportion of sealed area (SEAL). This procedure determined whether SEAL could serve as a more proximal indicator of the current biodiversity state.Figure SM1 in the Supplementary Materials section (see also Supplementary Materials in Dullinger et al., 2013 for associated graphics) displays the correlations between explanatory variables. We found mildly strong correlations among the group of GDPc variables at different dates, and stronger correlations among HANPP variables and among the group formed by GDPa and HPD variables. The latter two groups had squared Pearson correlations of at least 0.7. These correlations prevented us from formulating models including both GDPa and HPD, or the same variable at different dates.

Table 2 .

 2 Statistical comparison of the socio-economic main models considered at either 1900, 1950 and 2000 (rows) to predict different biodiversity indicators (columns). Difference in Leave-one-out Information Criterion (LOOIC) values with the LOOIC of the best model fitted for the different explanatory models (by column). The lower the LOOIC, the better the model. The best model is underlined and models with a LOOIC relatively close to the best model-i.e. within six units of the best modelare in bold (as suggested in Millar, 2009).
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