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Abstract 10 

Human activities might have accelerated declines of population abundance, but this acceleration 
remains underexplored. Using 1033 North American Breeding Bird Survey routes, we analyze 
abundance change and its acceleration for 261 bird species, 54 avian families, and 10 habitats from 
1987 to 2021. We show an average continent-wide decline of abundance of all birds per local route, 
with hotspots of decline in southern and warm parts of North America, and hotspots of accelerating 15 
decline in the Mid-Atlantic, Midwest, and California, matching patterns of agricultural intensity. 
Overall, 122 species (47%) exhibit significant declines, of which 63 also show acceleration of this 
decline, and 67 show declining per-capita growth rate, raising concerns for a large part of North 
American bird populations. These findings suggest that bird abundance decline is mostly 
accelerating, with spatial patterns of this acceleration indicating that agricultural intensity may be a 20 
driver of this trend. 

Main text 
Human activities such as land-use change, agricultural intensification, overexploitation, and pollution have 
significantly impacted ecosystems over the past centuries [IPBES (1)]. Temporal changes in local 
population abundances are closely monitored indicators of this impact (2), and have shown an overall 25 
abundance decline across taxa (1, 3). The past century, however, has seen not only the increase but also an 
acceleration in the increase of human activities, sometimes termed the Great Acceleration (4–6), and a 
likely acceleration of global vertebrate extinction rates (7–9). We should thus expect a corresponding 
acceleration in population declines. In essence, while the first-order derivative of population abundance 
over time for many species appears to be a decline, the second-order derivative (i.e. acceleration or 30 
deceleration of this change) has so far only been used to detect year-specific shifts in population 
trajectories (10–12).  

While examining temporal changes in population abundance is valuable, understanding how these changes 
evolve over time, particularly in terms of their acceleration, offers deeper ecological insights. Here, the 
change in abundance over time (Δ𝑁𝑁, eq. S14) reflects the net increase or decline in the number of 35 
individuals throughout a time series (i.e. linear trend of abundance over time), and the yearly growth rate 
(𝑔𝑔, eq. S11) represents the average difference in absolute abundance from one year to the next. These 
differences are ecologically significant, as absolute bird numbers are linked to ecosystem services (13).  
Crucially, change in this growth rate (Δ𝑔𝑔, eq. S15) represents acceleration or deceleration in abundance 
change (Fig. 1). For instance, a negative Δ𝑔𝑔 for a population already in decline (i.e. with negative Δ𝑁𝑁) 40 
indicates an acceleration of the decline (Fig. 1). This second-order derivative remains largely unexplored 
in large-scale studies of biodiversity trends. Finally, an ecologically fundamental metric is the yearly per 
capita growth rate (𝑟𝑟, eq. S12), along with its change through time (Δ𝑟𝑟, eq. S16), which captures how 



individual contributions to population growth shift over time. Although Δ𝑔𝑔 and Δ𝑟𝑟 are related, they 
capture different ecological information: Δ𝑔𝑔 reflects the magnitude of the acceleration in absolute 45 
numbers of birds and it thus reflects the shifting contribution of bird populations to ecosystems. In 
contrast, Δ𝑟𝑟 is directly linked to underlying demographic processes of per-capita recruitment and loss, and 
it also provides a relative measure of acceleration comparable among populations of varying sizes.  

Here, we provide a comprehensive assessment of temporal changes in local population abundances of 261 
bird species across North America from 1987 to 2021, focusing on acceleration and deceleration. Using 50 
1,033 routes of the North American Breeding Bird Survey (BBS, (16)), a long-term, annual, and 
standardized monitoring program, and advances in N-mixture population models (14, 15), paired with full 
Bayesian inference, we demonstrate widespread bird abundance declines across North America, and 
pinpoint regions, taxa, and habitats where abundance declines accelerate or decelerate; we then show 
coincidence of the acceleration hotspots with environmental and anthropogenic variables. The time period 55 
of 1987 to 2021, though longer (17) or shorter (18–20) than in other studies on bird abundance changes in 
the US, balances long temporal coverage with broad spatial representation.  

Nation-wide decline in abundance. The average change in total bird abundance per route (Δ𝑁𝑁, eq. S14) 
is a significant decline of Δ𝑁𝑁 = −8.94 individuals (95% Credible Interval (𝐶𝐶𝐶𝐶) = [−10.01,−7.88], 
histogram in Fig. 2A), representing an average loss of 304 birds (out of an average abundance of 2,034 in 60 
1987, i.e. 15%) per route from 1987 to 2021. The trends we uncover align with the reported decline of bird 
abundance across North America (17, 18, 20) and mirror trends in some European bird species (21–27). Of 
the 1,033 routes analyzed here, only 17% (172) experienced a significant increase in total bird abundance, 
while 70% (718) experienced a significant decrease (Fig. 2A, Figs. S1 and S2A). Using a spatial smoother 
to show average regional trends not obscured by local variation, we found only 7 routes located in regions 65 
with increasing abundance (dotted black circle Fig. 2B) and that bird abundances in Florida, Texas, 
Louisiana, and Arizona underwent the most pronounced average declines per route. 

Regional hotspots of accelerating abundance decline. The average change of 𝑔𝑔 per route is a significant 
decline with Δ𝑔𝑔 = −0.25 (𝐶𝐶𝐶𝐶 = [−0.35,−0.16], histogram Fig. 2C), indicating that the yearly change in 
abundance (i.e. growth rate 𝑔𝑔) decreased over time (Fig. 2, C and D, Fig. S1, B and D, and Figs. S2A and 70 
S3A). That is, on average, routes experienced a significant acceleration of bird abundance decline. Among 
the 718 routes with significantly declining abundance, 163 routes exhibited a significant negative Δ𝑔𝑔 and 
146 a significant positive Δ𝑔𝑔 (raw, not smoothed estimates, Fig. 2C). 

Because the great majority of the spatially smoothed Δ𝑁𝑁 is negative (Fig. 2, B and D, outside the black 
dotted circle), the smoothed map of Δ𝑔𝑔 can be interpreted as average regional acceleration (Δ𝑔𝑔 <  0) and 75 
deceleration (Δ𝑔𝑔 >  0) of the abundance decline (Fig. 2D, outside the black dotted circle, Fig. S1D). Parts 
of the Mid-Atlantic region of the US (Delaware, Maryland, and New Jersey), the Midwest (especially 
Indiana, Ohio, Kentucky, Illinois, Wisconsin, and Michigan), and California had negative smoothed Δ𝑔𝑔, 
indicating an acceleration of the decline in abundance (i.e., each year more birds are lost than in the 
previous year). In these regions, the gap between the number of lost and recruited individuals widens each 80 
year, raising concerns about the future of these bird populations. In contrast, the Yukon, Saskatchewan, 
Alberta, New Mexico, Alaska, Atlantic Canada (New Brunswick, Prince Edward Island, and Nova Scotia) 
Arizona, Montana, parts of New England (Massachusetts, Maine, New Hampshire, Vermont), 
Washington, Colorado, Oregon, South Carolina, and parts of Georgia and Northern Florida showed a 
positive smoothened Δ𝑔𝑔, that is a deceleration (i.e. slowdown) of the abundance decline. All raw spatial 85 
patterns of per capita growth rate change Δ𝑟𝑟 were highly correlated with Δ𝑔𝑔 (Spearman’s correlation =
0.97, Fig. S4), but in contrast to the significant Δ𝑔𝑔, the average Δ𝑟𝑟 at the continental scale was negative 
but with 95% CI overlapping zero (Figs. S3B, and S5). We suggest that this apparent discrepancy is 
because the mean Δ𝑟𝑟 normalizes absolute change by abundance, allowing weak negative per capita trends 
to cause acceleration in total population decline. 90 



Linking patterns of change to environment. We also investigated how raw and smoothed patterns of 
Δ𝑁𝑁, Δ𝑔𝑔, and Δ𝑟𝑟 correlate with environmental conditions. Changes in bird abundance have been previously 
linked to specific climates, habitats, land uses, and their temporal change. For instance, grassland and 
farmland species have been declining in both Europe and the US (18, 21–27), while forest dwellers and 
species associated with warm climates have either remained stable or increased in some regions of Europe 95 
(26–28). Among the important processes previously linked to bird population dynamics are agricultural 
intensification (21, 23, 26, 29, 30) and changes in land-use (21, 22). Here, we amassed 20 predictors 
representing either static patterns of climate, habitats, and human impact, or their temporal change, in 
North America, selected 12 of them to minimize collinearity (Fig. 3, Figs. S4 and S6, Table S1), and 
linked them to the raw and smoothed geographic patterns of Δ𝑁𝑁, Δ𝑔𝑔 and Δ𝑟𝑟 using tree-based machine 100 
learning algorithms (Random Forest, Boosted Regression Tree, and XGBoost).  

The first striking finding is that warm and warming regions coincide with areas of abundance decline (Δ𝑁𝑁, 
Fig. 3, A and C, Figs. S7, and S8). This pattern is consistent with the evidence that bird populations are 
shifting their distributions northward as they track cooler conditions (31). Increases in temperatures have 
been shown to increase the risk of bird species’ extinction due to a lack of species adaptability to rapidly 105 
changing climatic conditions (32), and consistent temperature-related responses have been documented 
across both Europe and North America (33). Our results further support this by showing that areas 
experiencing greater warming (Fig. 3C) also exhibit stronger abundance declines, suggesting that rising 
temperatures may be a driver of recent bird population losses. 

The second major finding is that the hotspots of negative Δ𝑔𝑔 (and Δ𝑟𝑟), i.e. the acceleration of the decline 110 
(Figs. 2D and S5B), coincide with areas of high-intensity agriculture, namely areas with high fertilizer use, 
high pesticide use, or large areas of croplands (26) (Fig. 3, B and D, Figs. S7, and S8). These three 
variables are strongly correlated (Fig. S4); thus, we cannot separate their independent effects, and we 
interpret them collectively as indicators of agricultural intensity. The coincidence between agricultural 
intensity and acceleration of bird abundance decline is concerning, especially given the increases in North 115 
American agricultural production, farm size, and mild increases in cropland area during the past 40 years 
(34).  

We also found an interaction between agricultural intensity (i.e. pesticide use, fertilizer use and/or 
cropland area) and temperature change in their effect on Δ𝑔𝑔 (Fig. S9): the negative effect of agricultural 
intensity on Δ𝑔𝑔 is stronger in areas with more pronounced temperature increase. Indeed, agricultural 120 
landscapes are known to warm more than natural areas due to reduced vegetation cover and altered surface 
properties (35, 36), which may amplify climate-driven stress on birds (37). Another possible explanation is 
that intense agricultural practices, through pesticide use and mechanical disturbance, interact with 
temperature change, further reducing food and habitat availability. Also, the non-linear effects of 
temperature on Δ𝑔𝑔 (Fig. 3D) indicate that the strongest acceleration of decline occurs around intermediate 125 
mean temperatures (ca. 10°C), where bird populations are densest and human activities are most 
pronounced. 

Clearly, the predictors for the acceleration differ from those driving the decline in abundance (Δ𝑁𝑁) (Fig. 3, 
A and C, vs. B and D). This suggests that focusing only on the magnitude of the decline may 
underestimate the impact of agriculture on bird populations, as intense agriculture use can accelerate the 130 
abundance decline that may be primarily driven by climate. On the other hand, temperature change is the 
second most important variable explaining Δ𝑁𝑁, Δ𝑔𝑔 and Δ𝑟𝑟. The fact that we found similar relationships for 
changes in per capita growth rate (Δ𝑟𝑟, Fig. S10) suggests that agricultural intensity also affects not just 
total numbers, but also the increasing difference between individual survival and recruitment. Given the 
advances in the estimation of survival and recruitment from abundance time series (14, 15, 38), this is an 135 
opportunity for future research.  



To our knowledge, this is the first large-scale study that has linked the acceleration of abundance change 
to the environment. Our findings suggest that such dynamics could represent a critical, yet unexplored, 
dimension of ecological responses: one that may yield valuable insights if applied to temporal dynamics of 
metrics such as species richness or turnover. Nonetheless, we also caution that this is a correlative post-140 
hoc analysis, and that majority of geographic variation in Δ𝑁𝑁, Δ𝑔𝑔, and Δ𝑟𝑟 still remains to be explained. 
More robust causal analyses, such as quasi-causal analytical designs (26, 39) or experiments (40, 41) can 
help disentangle how agricultural practices impact abundance dynamics.  

Per-species, per-family, and per-habitat analyses. In addition to the geographic variation in total Δ𝑁𝑁, 
Δ𝑔𝑔, and Δ𝑟𝑟 of all birds per route, we also assessed these metrics across all routes, and at different levels of 145 
taxonomic aggregation: species, family, and species’ preferred habitat (42). Across 261 species, 84 species 
(32%) showed a significant positive Δ𝑁𝑁, of which the majority (67 species) had a significant decelerating 
increase (Fig. 4A). This is expected, as a sustained accelerating increase in abundance is rapidly physically 
limited and therefore rare (4, 43, 44). In contrast, the most common trend was a significant decline, 
observed in 122 species (47%), with more than half of these (63 species, 53%) experiencing a significant 150 
acceleration of the decline (Fig. 4A). This indicates that most of the declining species, and a quarter of all 
the species analyzed, are undergoing a significant accelerating decline. Additionally, 21 families (39%) 
show a significant negative Δ𝑁𝑁 (vs. 14 positive), of which 10 experienced a significant acceleration of this 
decline (Fig. 4B). This indicates that most of the declining families are also experiencing an acceleration 
of the decline, showing that the pattern is not driven by a few taxonomic groups with shared traits or 155 
evolutionary histories, but is instead widespread across families. At the per capita level, while the number 
of species with negative Δ𝑟𝑟 (67 species, Fig. S11B) was comparable to the number with negative Δ𝑔𝑔, only 
7 species showed positive Δ𝑟𝑟. This indicates that, for most species undergoing declines in total abundance, 
the difference between per-capita recruitment and loss is widening. In contrast, species with positive Δ𝑁𝑁 
showed only significant negative Δ𝑟𝑟, consistent with expectations under logistic growth as populations 160 
approach carrying capacity (Fig. S11B). 

Out of 10 habitats considered here, only forests showed a significant positive Δ𝑁𝑁, with a decelerating 
increase (Fig. 4C). Even though this increase seemingly contradicts the well-known decline in forest 
populations in the US (17, 18, 20), our classification is based on species’ preferred habitats rather than 
biogeographic regions, as commonly used in previous studies. Consequently, our results of abundance 165 
decline across the contiguous US are consistent with those earlier findings, while the observed increase in 
forest specialists aligns with other analyses using similar habitat-based classifications in the US (45) and 
in Europe (26, 28). Conversely, 4 habitats exhibited significant decline in abundance, with the strongest 
declines observed for towns, grasslands, marshes, and open woodlands (Fig. 4C, Fig. S12). Also, 2 of 
these habitats, namely marshes and open woodlands, showed an accelerating decline. These habitats are 170 
significantly impacted by human activities (46–48), suggesting a link between the acceleration of the 
decline and anthropogenic pressures such as agricultural intensification and habitat degradation. At the per 
capita level (Δ𝑟𝑟), patterns across families and preferred habitats were consistent with those observed for 
Δ𝑔𝑔 (Fig. S11, C and D). 

Conclusion. Using one of the most comprehensive and standardized bird time series datasets in the world, 175 
coupled with a state-of-the-art dynamic N-mixture Bayesian model, we examined the abundance dynamics 
and acceleration for 261 species over 35 years at a continental scale. While the hotspots of abundance 
decline coincide with warm and warming climates, the hotspots of accelerated decline coincide with 
agricultural intensity. These findings highlight the importance of monitoring not only ecological changes 
but also the second derivative of ecological variables over time. Incorporating acceleration of metrics into 180 
conservation assessments could uncover signals of decline that would remain hidden when focusing solely 
on abundance trends. Our approach could be applied to other taxa and biodiversity metrics, such as 
occupancy, species richness, or turnover, to test for similar acceleration patterns. Finally, our results are 



concerning, particularly considering accelerating growth in human activities across various sectors such as 
economy, agriculture, or transportation (4–6, 49–52). 185 
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Figures 

 

Fig. 1 | Illustration of acceleration and deceleration of abundance change. Here, Δ𝑁𝑁 denotes 
abundance change, and Δ𝑔𝑔 (change in yearly growth rate) its acceleration or deceleration. The case where 430 
Δ𝑔𝑔 =  0 represents a constant rate of change, that is, no acceleration or deceleration in Δ𝑁𝑁 (i.e. linear 
trend). 



 

Fig. 2 | Temporal change of abundance and growth rate. (A and B) Total changes in bird abundance 
per route from 1987 to 2021 (Δ𝑁𝑁), and (C and D) temporal change of growth rate (Δ𝑔𝑔), after correcting 435 
for imperfect detection. Maps in panels (B and D) are estimates from the dynamic N-mixture models, 
smoothed using a spatial GAM (total var. explained 𝑅𝑅2 are 7.62% and 16.5% respectively); non-smoothed 
values are in panels (A and C). Smoothed and non-smoothed panels share the same fixed color scale. 
Since abundance is decreasing across most of North America, the red regions in panel (D) are regional 
hotspots of acceleration of bird abundance decline. Dashed circles in (B and D) mark the only region with 440 
positive values of the smoothed Δ𝑁𝑁. Inset plots in bottom left show the raw (i.e. not spatially smoothed) 
changes in abundance and growth rate with the average trend in blue dashed line; y-axes in (C) are signed 
square root transformed. The histograms show the posterior distributions of the average slope; red vertical 
lines are means and dashed blue lines are 95% credible intervals. 



 445 

Fig. 3 | Variable importances (A and B) and partial dependence plots (C and D) from best 
performing tree-based models explaining changes in spatially smoothed abundance change 𝚫𝚫𝑵𝑵 and 
growth rate change 𝚫𝚫𝒈𝒈. (A and B) Variable importance scores scaled to 𝑅𝑅2 from XGBoost for Δ𝑁𝑁 (total 
var. explained 𝑅𝑅2 = 82.9%), and for Δ𝑔𝑔 (total var. explained 𝑅𝑅2 = 75.2%). (C and D) Partial dependence 
plots ordered from most to least important predictors, for Δ𝑁𝑁 and Δ𝑔𝑔, respectively. Note here that more 450 
negative values of Δ𝑔𝑔 indicate accelerated declines in abundance.  



 

Fig. 4 | Acceleration and deceleration of bird abundance change aggregated across species, families, 
and habitats. Each point represents Δ𝑁𝑁 and Δ𝑔𝑔 calculated by aggregating all individuals at the level of 
(A) a species, (B) a family, and (C) a habitat. Error bars show the 95% credible intervals (CI), and grey 455 
points indicate non-significant acceleration or deceleration (i.e. 95% CI overlaps 0 on either axis). Colors 
follow Fig. 1’s scheme (red = accelerating decrease; orange = decelerating decrease; blue = decelerating 
increase; green = accelerating increase). The number (n) of significant points in each quadrant is noted. 
Axes are pseudo log-transformed for better visual separation.
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Materials and Methods 
Data. To investigate patterns of population dynamics of birds in North America, we used the 
North American Breeding Bird Survey (16) (hereafter BBS), an ongoing bird monitoring initiative 
launched in 1966. Spanning more than 50 years, the BBS comprises 39.2 km-long routes 
scattered across the contiguous United States and Canada, each divided into 50 census points at 5 
approximately 800 m intervals. From its inception with about 500 routes in 1966, the BBS has 
grown to encompass 5,581 routes by 2021. At the time of our data download on September 5, 
2022, the data contained 6,946,871 records of species abundances compiled by 10,316 volunteers 
for 746 species and spanning over 50 years. The BBS data also contains meteorological data, 
date, hour, and spatial coordinates. 10 

Routes with long time-series (e.g. from 1969 to 2021) were spatially sparse. To balance long 
temporal extent with robust spatial coverage, we focused our analysis on the 1987-2021 period 
and selected routes with no more than 15 years of missing data. This timeframe, although longer 
than (17) and shorter than (18–20), balances long temporal coverage with broad spatial 
representation.  15 

For each species, we extracted the preferred habitat from the eBird/Cornell online database (42). 
These were: Towns, Grasslands, Shorelines, Scrubs, Deserts, Rivers and Streams, Marshes, Open 
Woodlands, Forests, Lakes and Ponds, Oceans, and Tundra. Species with missing habitat data (23 
in total) were excluded. In the end, we performed our analysis using 1,033 routes from 1987 to 
2021 (i.e. 35 years), with 1,623,394 occurrences of 564 species. 20 

Dynamic N-mixture model. We modelled the abundance of each of the 564 bird species across 
each route and year from 1987 to 2021 using a dynamic N-mixture model (14), hereafter the DM 
model (Dail & Madsen, 2011). It is a generalization of the N-mixture model by Royle (54) that 
assumes open populations (i.e. metapopulations can experience births, immigrations, deaths, or 
emigrations) and that has been successfully applied to data similar to the BBS (14, 15). While the 25 
DM model can accommodate repeated counts, we did not use them primarily for computational 
feasibility (15).  

Important features of the model are that (i) it can account for imperfect detectability of 
individuals and was shown to be very robust at predicting abundance and growth rate (13, 14, 37, 
55, Fig. S14), (ii) it can estimate recruitment and survival rates merely from abundance counts. 30 
The latter may seem counterintuitive to some, and we refer those readers to (14) and (15) for 
details on how this works. However, while the model tends to overestimate survival and 
underestimate recruitment, it has nonetheless demonstrated superior performance compared to 
alternative approaches for estimating abundance from single-count data (15, 38, 55). Note that the 
DM model assumes that all birds around a point are equally detectable, irrespectively of the 35 
distance from the observer (unlike (56–58)). This may lead to underestimation of abundance. 
However, since this assumption is constant over years, and thanks to the standardized sampling 
BBS protocol, the model should provide reliable inference about the relative abundance over time 
(15), in line with the goals of this study. 

The exact definition of the model is as follows: For a species 𝑗𝑗 and a route i, the abundance at 40 
time 𝑡𝑡 + 1 (i.e. 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡+1) is the sum of surviving individuals (𝑆𝑆𝑗𝑗,𝑖𝑖,𝑡𝑡+1) from the previous year and 
newly recruited individuals (𝑅𝑅𝑗𝑗,𝑖𝑖,𝑡𝑡+1): 



𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡+1 = 𝑆𝑆𝑗𝑗,𝑖𝑖,𝑡𝑡+1 + 𝑅𝑅𝑗𝑗,𝑖𝑖,𝑡𝑡+1 eq. S1 

Survival and recruitment are modeled separately. The number of surviving individuals 𝑆𝑆𝑗𝑗,𝑖𝑖,𝑡𝑡+1, is 
assumed to follow a Binomial distribution:  45 

𝑆𝑆𝑗𝑗,𝑖𝑖,𝑡𝑡+1 ∼ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡 ,𝜙𝜙𝑗𝑗,𝑖𝑖,𝑡𝑡) eq. S2 

Where 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡 is the abundance of species 𝑗𝑗 at route 𝑖𝑖 and time 𝑡𝑡, and ϕ𝑗𝑗,𝑖𝑖,𝑡𝑡 is the probability that an 
individual survives from 𝑡𝑡 to 𝑡𝑡 + 1.  

Similarly, recruitment 𝑅𝑅𝑗𝑗,𝑖𝑖,𝑡𝑡+1, follows a Poisson distribution: 

𝑅𝑅𝑗𝑗,𝑖𝑖,𝑡𝑡+1 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝛾𝛾𝑗𝑗,𝑖𝑖,𝑡𝑡) eq. S3 50 

where γj,i,t is the expected number of recruited individuals. The abundance at time 1 (𝑁𝑁𝑗𝑗,𝑖𝑖,1) is: 

𝑁𝑁𝑗𝑗,𝑖𝑖,1 ∼ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃(𝜆𝜆𝑗𝑗,𝑖𝑖,1), eq. S4 

where λ𝑗𝑗,𝑖𝑖,1 is the mean abundance of the species 𝑗𝑗 at route 𝑖𝑖 at time 1.  

To correct for imperfect detection, the observed count (C𝑗𝑗,𝑖𝑖,𝑡𝑡) is modelled as a Binomial random 
variable, conditional on the true abundance (𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡):  55 

C𝑗𝑗,𝑖𝑖,𝑡𝑡 ∼ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵�𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡 ,𝑝𝑝𝑗𝑗,𝑖𝑖,𝑡𝑡� eq. S5 

Here, 𝑝𝑝j,i,t is the species-specific probability of detecting an individual. The detection probability 
is modelled on the logit scale:  

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�𝑝𝑝𝑗𝑗,𝑖𝑖,𝑡𝑡� = 𝛼𝛼 + 𝒙𝒙𝑗𝑗,𝑖𝑖,𝑡𝑡
⊺ 𝒃𝒃, eq. S6 

where α is the intercept, 𝒙𝒙⊺ is the transpose of a vector of covariates, and 𝒃𝒃 is a vector of 60 
regression coefficients. The covariates 𝒙𝒙 include: the exact time of the day of the census (in 
decimal hours), and weather data, i.e. wind condition (ordinal variable with 9 levels ranging from 
< 2 km.h-1 to 74 km.h-1), sky condition (factor with 7 levels: clear sky, partly cloudy, cloudy, fog, 
drizzle, snow, and shower), and average temperature during the census (in ℃). Missing values for 
the time of the day and temperature were imputed following Kéry and Royle (2015), by sampling 65 
from a normal distribution: 

𝑥𝑥𝑖𝑖,𝑡𝑡 ∼ 𝑁𝑁(𝜇𝜇,𝜎𝜎) eq. S7 

where  𝜇𝜇 and σ are means and variance of observed data for the respective covariate. An 
implementation of the model in JAGS programming language (59) is in the Zenodo repository 
(53). 70 

Following Kéry and Royle (2020) implementation, 𝜆𝜆, 𝛾𝛾, and 𝜙𝜙 were modelled as an intercept (𝛼𝛼) 
as follows:  

log�𝜆𝜆𝑖𝑖,1� = 𝛼𝛼. 𝜆𝜆  eq. S8 

log�𝛾𝛾𝑖𝑖,𝑡𝑡� = 𝛼𝛼. 𝛾𝛾 eq. S9 

logit�𝜙𝜙𝑖𝑖,𝑡𝑡� = 𝛼𝛼.𝜙𝜙 eq. S10 75 



Here 𝛼𝛼. 𝜆𝜆, 𝛼𝛼. 𝛾𝛾, and 𝛼𝛼.𝜙𝜙 come from wide Normal prior distributions 𝑁𝑁(0,100), with 100 being 
the variance of the normal distribution.  

Model fitting. For each j-th species, we fitted the DM model in a Bayesian framework using 
MCMC sampler JAGS (Plummer, 2003; https://mcmc-jags.sourceforge.io/), interfaced through 
the package jagsUI (60) in R ver. 4.2.1 (61). For all the parameters, we used normal distributions 80 
with 0 mean and variance of 100 (Appendix B). The settings for the MCMC algorithm were: 3 
chains, 200,000 iterations per chain, 75,000 burn-in, a thinning rate of 100, and 1,000 iterations in 
the adaptative phase. The entire fitting procedure for all 564 species (1 core per MCMC chain, 3 
chains per species) required approximately 2 days on 1,692 cores of the Ohio Supercomputer 
Center (https://www.osc.edu/), each core operating at 2.5 GHz.  85 

Convergence diagnostics. We assessed the convergence of the DM models for each species by 
computing the 𝑅𝑅� (Rhat, Gelman & Rubin, 1992) for all of the parameters of the model. Following 
standard practice (Gelman & Rubin, 1992), we only retained the most reliable models with all 
parameters 𝑅𝑅� ≤ 1.1, which led to a final set of 261 species for further analysis (Fig. S13). The 
reduction from the initial 564 species reflects the complexity of the DM model, which can lead to 90 
the unidentifiability of certain parameters in some models, especially for rare species with limited 
presence and low abundance. We also visually inspected the estimated and predicted abundance 
(Fig. S14). 

Demographic rates. From the output of the DM model and for each j-th species at i-th site and t-
th year (starting from 1988), we derived the yearly growth rate 𝑔𝑔𝑗𝑗,𝑖𝑖,𝑡𝑡+1:  95 

𝑔𝑔𝑗𝑗,𝑖𝑖,𝑡𝑡+1 = 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡+1−𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡

∆𝑡𝑡
= 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡+1 − 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡 eq. S11 

where ∆𝑡𝑡 is the time between 𝑡𝑡 and  𝑡𝑡 + 1; in our case ∆𝑡𝑡 = 1 year. 

We also calculated the intrinsic yearly per capita growth rate 𝑟𝑟𝑗𝑗,𝑖𝑖,𝑡𝑡+1: 

𝑟𝑟𝑗𝑗,𝑖𝑖,𝑡𝑡+1 = 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡+1−𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡

𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡
= 𝑔𝑔𝑗𝑗,𝑖𝑖,𝑡𝑡+1

𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡
  eq. S12 

Per route, per species, per family and per habitat analyses. We assessed all metrics at different 100 
levels of taxonomic aggregation. First, for each route, we aggregated the number of individuals of 
all the species together and assessed aggregated abundance and growth rate. Conversely, for each 
species, family or preferred habitat, we aggregated those metrics over all the routes. In other 
words, these were not mapped geographically as in the spatial analysis, but the numbers were 
aggregated for each grouping (species, family, habitat) over all 1,033 routes included in our 105 
analysis. 

In the DM model, each value of 𝑁𝑁𝑗𝑗,𝑖𝑖,𝑡𝑡, for each species 𝑗𝑗, site 𝑖𝑖, and time 𝑡𝑡 is estimated with a 
posterior distribution. To propagate the uncertainty of these estimates to the higher levels of 
aggregations (namely route, family and preferred habitat), we sampled each of those posterior 
distributions 500 times. For each sample, we aggregated those values per route, species, family or 110 
preferred habitat. This gave us a new posterior distribution of 𝑁𝑁, with a mean (𝑦𝑦𝑗𝑗,𝑡𝑡) and standard 
deviation (𝑠𝑠𝑑𝑑𝑗𝑗,𝑡𝑡) at the desired level of aggregation. We performed the same propagation of 
uncertainty for the rates 𝑔𝑔, across all the levels of aggregation. Because these values are derived 
from posterior distributions, the reported means and credible intervals are not restricted to 

https://www.osc.edu/


integers even though the underlying counts are discrete. Retaining these values without rounding 115 
avoids potential rounding artifacts. 

Temporal change with Bayesian mixed models. We assessed the temporal change of the 
estimated 𝑁𝑁, 𝑔𝑔 and 𝑟𝑟 for the different levels of aggregation while propagating the uncertainty of 
these estimates from the posteriors of the DM model, using mixed models. We used a random 
varying slope and intercept for each route, species, family or preferred habitat (𝑗𝑗): 120 

𝑦𝑦𝑗𝑗,𝑡𝑡 = Δ𝑦𝑦𝑗𝑗 × 𝑡𝑡 + β0𝑗𝑗 + ϵ𝑗𝑗,𝑡𝑡 eq. S13 

By substituting 𝑁𝑁𝑗𝑗,𝑡𝑡 into 𝑦𝑦𝑗𝑗,𝑡𝑡, we get the abundance change (∆𝑁𝑁𝑗𝑗): 

∆𝑁𝑁𝑗𝑗 =
𝑁𝑁𝑗𝑗,𝑡𝑡− β0𝑗𝑗−ϵ𝑗𝑗,𝑡𝑡

𝑡𝑡
 eq. S14 

It measures the linear trend of abundance over the whole time series. This is a simplification; we 
are aware that trends of abundance are often non-linear (e.g. Fig. S12A). The reason for 125 
measuring the linear trend is to see if there is an overall decline or increase. Systematic deviations 
from this linear trend (acceleration or deceleration) are then captured by the Δ𝑔𝑔 and  Δ𝑟𝑟 below. 
Alternatively, abundance change can be estimated as a slope of a generalized linear model of 𝑁𝑁𝑡𝑡 
against 𝑡𝑡, with Poisson errors and log link. However, since this gives similar hotspots of decline 
as the linear model (53), and since eq. S14 is interpretable in numbers of individual birds, we 130 
prefer eq. S14. 

By substituting 𝑔𝑔𝑗𝑗,𝑡𝑡 into 𝑦𝑦𝑗𝑗,𝑡𝑡, we get the growth rate change (∆𝑔𝑔𝑗𝑗): 

∆𝑔𝑔𝑗𝑗 =
𝑔𝑔𝑗𝑗,𝑡𝑡− β0𝑗𝑗−ϵ𝑗𝑗,𝑡𝑡

𝑡𝑡
 eq. S15 

It measures the acceleration or deceleration of the yearly growth rate. 

By substituting 𝑟𝑟𝑗𝑗,𝑡𝑡 into 𝑦𝑦𝑗𝑗,𝑡𝑡, we get the per capita growth rate change (∆𝑟𝑟𝑗𝑗): 135 

∆𝑟𝑟𝑗𝑗 =
𝑟𝑟𝑗𝑗,𝑡𝑡− β0𝑗𝑗−ϵ𝑗𝑗,𝑡𝑡

𝑡𝑡
 eq. S16 

Note that β0𝑗𝑗 and ϵ𝑗𝑗,𝑡𝑡 are not the same for eqs. 14-16, they are estimated independently for each 
metric; we use the same notation for convenience.  

We obtained each 𝑦𝑦𝑗𝑗,𝑡𝑡 as the mean of the posterior distribution (see previous paragraph) estimated 
by the DM model, Δ𝑦𝑦𝑗𝑗 and β0𝑗𝑗 are the random slopes and intercepts, 𝑗𝑗 is the index of the level of 140 
aggregation (e.g. 𝑗𝑗-th route) and 𝑡𝑡 the year in the time series. The error term ϵ𝑗𝑗,𝑡𝑡 comes from a 
normal distribution  

ϵ𝑗𝑗,𝑡𝑡 ∼ 𝑁𝑁�0, s𝑑𝑑𝑗𝑗,𝑡𝑡�, eq. S17 

where 𝑠𝑠𝑑𝑑𝑗𝑗,𝑡𝑡 is the standard deviation of the posterior distribution of 𝑦𝑦𝑗𝑗,𝑡𝑡 estimated in the DM 
model (see previous paragraph). This way, the per-species uncertainty of all the 𝑦𝑦 metrics 145 
(estimated in the DM model) is propagated to the mixed effect model of temporal change, an 
approach used in meta analyses (63). Finally, the random slopes Δ𝑦𝑦𝑗𝑗 and intercepts β0𝑗𝑗 come from 
normal distributions: 



𝛥𝛥𝑦𝑦𝑗𝑗 ∼ 𝑁𝑁�𝑀𝑀𝛥𝛥𝛥𝛥, 𝑆𝑆𝐷𝐷𝛥𝛥𝛥𝛥� eq. S18 

𝛽𝛽0𝑗𝑗 ∼ 𝑁𝑁�𝑀𝑀𝛽𝛽0 , 𝑆𝑆𝐷𝐷𝛽𝛽0� eq. S19 150 

The posterior distributions of 𝑀𝑀𝛥𝛥𝛥𝛥 and 𝑀𝑀β0represent the grand means of the change and describe 
the overall temporal change across all js. 

We provided uninformative priors for both 𝑀𝑀 and 𝑆𝑆𝑆𝑆 as follows:  

𝑀𝑀 ∼ 𝑁𝑁(0, 10100) eq. S20 

𝑆𝑆𝑆𝑆 ~ 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈(0, 100) eq. S21 155 

Spatial smoothing. For the spatial analysis, mapping the above-mentioned temporal changes 
(Δ𝑁𝑁, Δ𝑔𝑔, Δ𝑟𝑟) may reveal a substantial local variation among individual routes, which could 
obscure average trends across larger regions. To detect these regional anomalies, we smoothed the 
variation of the rates using spatial generalized additive models (GAM) using the R package mgcv 
(64): 160 

Δ𝑦𝑦𝑗𝑗 = s�𝐿𝐿𝐿𝐿𝑛𝑛𝑗𝑗 , 𝐿𝐿𝐿𝐿𝑡𝑡𝑗𝑗�, eq. S22 

with Δ𝑦𝑦𝑗𝑗 the temporal change of the metric considered at route 𝑗𝑗, 𝐿𝐿𝐿𝐿𝐿𝐿 and 𝐿𝐿𝐿𝐿𝐿𝐿 the longitude and 
latitude of the route 𝑗𝑗, and 𝑠𝑠() indicating that longitude and latitude are treated as interacting 
covariates in the spline function of the smoother. For the spline function, we used a gaussian 
process as a smooth class (argument “bs” of the 𝑠𝑠() function in mgcv) with 100 basis functions 165 

(approximately 1
10

𝑡𝑡ℎ
 of the number of routes). 

Linking patterns of change to environment. To interpret the patterns of acceleration, we 
performed a post-hoc analysis of coincidence between hotspots of Δ𝑁𝑁, Δ𝑔𝑔 (Fig. 2), and Δ𝑟𝑟 (Fig. 
S5) with several environmental and human-related variables. We obtained rasterized data on land 
cover, cropland area and its temporal change, fertilizer usage, vegetation greenness and its 170 
change, net primary productivity, climate, temperature change, human footprint and its temporal 
change, human population density, and elevation (Table S1). We aggregated some of these rasters 
to a coarser resolution (mostly those which originally came at a 30 sec resolution) to better 
represent regional means, since the smoothened demographic rates also represent regional means. 
The original and coarsened resolutions are listed in Table S1. The aggregation function was either 175 
sum (for areas of land cover classes and cropland area) or arithmetic mean (for the rest of 
variables).  

We also downloaded shapefiles of pesticide use from USGS NAWQA (65, 66) from 1992 to 2018 
at the county level over the contiguous US. We selected the 182 compounds that were reported 
consistently for all years from 1992 to 2018. Following (67), we computed:  180 

pesticide use = 𝑙𝑙𝑙𝑙𝑙𝑙 �∑ kg of pesticide
county area

� eq. S23 

We then averaged pesticide use (eq. S23) over the entire time period from 1992 to 2018 for every 
county and obtained the average pesticide use per square meter (Fig. S6). We also assessed the 



change in pesticide use per county from a linear regression between pesticide use (eq. S23) and 
time from 1992 to 2018 (Fig. S6, Table S1).       185 

We then overlaid the BBS routes over each coarsened raster or county shapefile (for pesticides) 
and calculated the mean value of all pixels overlapping each route. We plotted all bivariate 
relationships between the environmental variables and Δ𝑁𝑁, Δ𝑔𝑔, and Δ𝑟𝑟 (both raw and 
smoothened) across the 1,033 BBS routes, together with their Spearman correlations (Fig. S4). 

To link the environmental variables to Δ𝑁𝑁, Δ𝑔𝑔, and Δ𝑟𝑟 we performed Random Forest (68), 190 
Boosted Regression Trees (69), and Extreme Gradient Boosting (70), using the ranger package 
(71), gbm package (72), and xgboost package (73). We used repeated k-folds cross-validation (3 
repetitions of 10 folds cross-validation) to select the best performing algorithm of these three. In 
all algorithms, the response variable was either the raw or spatially smoothed Δ𝑁𝑁, Δ𝑔𝑔, or Δ𝑟𝑟 per 
route. Hyperparameters were selected following best practices (e.g. 1

3
 of predictors for each split 195 

in the Random Forest, very low learning rate for XGBoost for more robust model, etc.). As 
predictors we used the variables from Table S1.  

We dealt with variable collinearity in the following way: if there were two or more predictors 
with Spearman correlation exceeding 0.5 (Fig. S4), we only chose one of them for the random 
forest analyses, ending up with 12 predictors. If a variable was found to be important in the 200 
selected tree-based algorithm, we interpreted its effect as also potentially attributable to the other 
discarded variables that were correlated with the important variable. We evaluated variable 
importance by computing the mean decrease in accuracy while permuting the out-of-bag (OOB) 
data for each tree in the forest. The most important variable was given an importance of 100, and 
the other variables were given a percentage of that maximum value. Then, for each variable 𝑘𝑘, we 205 
computed a relative contribution to the explained variance (𝑅𝑅2) of the cross-validation test sets as 
follows:  

Importance𝑘𝑘 to 𝑅𝑅2 = Importance𝑘𝑘 × 𝑅𝑅2

∑Importance
 eq. S24 

The resulting variable importance rankings and their respective partial dependence plots are in 
Figs. 3, S7, S8 and S10. 210 

  



 
Fig. S1 | Values of growth rate change (Δ𝑔𝑔) filtered by positive abundance change Δ𝑁𝑁 (A and C) 
or negative Δ𝑁𝑁 (B and D) for the raw output of the models (A and B), and the spatially smoothed 
values (C and D). In essence, the left column (A and C) shows maps of the accelerated and 215 
decelerated abundance increase, while the right column (B and D) shows the acceleration and 
deceleration of the decline. Inset plots show the shape of Δ𝑁𝑁 according to the values of Δ𝑔𝑔. The 
information on these maps has been summarized in Fig. 2B and D by adding the black dotted 
circles to indicate regions with positive Δ𝑁𝑁.     

 220 

 

  



 

Fig. S2 | Per route values of (A and B) change in abundance (Δ𝑁𝑁) vs. change in growth rate (Δ𝑔𝑔), 
(C and D) change in abundance (Δ𝑁𝑁) vs. change in per capita growth rate (Δ𝑔𝑔), and (E and F) 225 
change in growth rate (Δ𝑔𝑔) vs. change in per capita growth rate (Δ𝑟𝑟). Left column (A, C, and E) 
are the outputs of the model, and right column (B, D, and F) are the spatially smoothed data. 
Error bars in (A, C, and E) show the 95% Credible Interval of the MCMC propagated uncertainty. 
Red dotted lines show the average values of Δ𝑁𝑁, Δ𝑔𝑔, or Δ𝑟𝑟. See Fig. 1 for color scheme details.  
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Fig. S3 | Average temporal change in (A) growth rate 𝑔𝑔, and (B) per capita growth rate 𝑟𝑟, at the 
route level (blue line) with 95% credible interval (grey polygons) based on the parameters 
inferred from the spatial mixed models (eqs. S15 and S16).  



 

Fig. S4 | Correlations between the environmental and human-related variables, and Δ𝑁𝑁, Δ𝑔𝑔, Δ𝑟𝑟 235 
(raw outputs and spatially smoothed with a GAM). Numbers in the upper right triangle are 
Spearman correlation coefficients, with larger values in larger letters. For explanation of variable 
names and details see Table S1. 
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Fig. S5 | Temporal change of per capita growth rate (Δ𝑟𝑟) for (A) raw outputs and (B) spatially 
smoothed. Both panels share the same fixed color scale. Dashed circles in (B) mark the only 
region with positive values of the smoothed Δ𝑁𝑁. Inset plots in bottom left show the raw (i.e. not 245 
spatially smoothed) trends in per capita growth rates; y-axes in (A) have been signed square root 
transformed, with the average trend in blue dashed line. The histograms show the posterior 
distributions of the average slope; red vertical lines are means and dashed blue lines are 95% 
credible intervals. 
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Fig. S6 | Maps of environmental and human-related variables used in the post-hoc analysis. 255 
Details on each are in Table S1. 

  



 

Fig. S7 | Variable importance scores (A and B) and partial dependence plots (C and D) from best 
performing tree-based models explaining changes in non-smoothed abundance Δ𝑁𝑁 and growth 260 
rate Δ𝑔𝑔. (A and B). Variable importance scores scaled to 𝑅𝑅2 from XGBoost for Δ𝑁𝑁 (total var. 
explained 𝑅𝑅2 = 2.6%), and for Δ𝑔𝑔 (total var. explained 𝑅𝑅2 = 9.0%). (C and D) Partial dependence 
plots ordered from most to least important, for Δ𝑁𝑁 and Δ𝑔𝑔, respectively. Note here that more 
negative values of Δ𝑔𝑔 indicate accelerated declines in abundance. Predictor variable details are 
provided in Table S1. To avoid multicollinearity, only a subset of the variables listed in Table S1 265 
was used in the final models (see Methods for details). Importantly, the main explaining variable 
for both Δ𝑁𝑁 and Δ𝑔𝑔 are the same as for the smoothed values (Fig.3). 
 
 



 270 

Fig. S8 | Variable importance scores (A and B) and partial dependence plots (C and D) explaining 
changes in smoothed Δ𝑁𝑁 and Δ𝑔𝑔, where the “fertilizer use” covariate has been replaced by 
“cropland area (2003)”. (A and B) Variable importance scores scaled to 𝑅𝑅2 from XGBoost for Δ𝑁𝑁 
(total var. explained 𝑅𝑅2 = 83%), and for Δ𝑔𝑔 (total var. explained 𝑅𝑅2 = 73%). (C and D) Partial 
dependence plots ordered from most to least important, for Δ𝑁𝑁 and Δ𝑔𝑔, respectively. Note here 275 
that more negative values of Δ𝑔𝑔 indicate accelerated declines in abundance. The results are 
consistent with the models with “fertilizer use”, corroborating that agriculture is a major driver of 
accelerating decline of bird abundance.  
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Fig. S9 | Partial dependence plots showing the interaction of both fertilizer use and temperature 
change on (A) Δ𝑁𝑁 and (B) Δ𝑔𝑔.  
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Fig. S10 | Variable importance scores (A) and partial dependence plots (B) explaining smoothed 
changes in per capita growth rate Δ𝑟𝑟. (A) Variable importance scores scaled to 𝑅𝑅2 from Random 
Forest (total var. explained 𝑅𝑅2 = 73%) for Δ𝑟𝑟. (B) Partial dependence plots ordered from most to 
least important for Δ𝑟𝑟.  
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Fig. S11 | Acceleration and deceleration of per-capita growth rate, aggregated across 
species, families, and habitats. (A) Here, Δ𝑁𝑁 denotes abundance change, and Δ𝑟𝑟 denotes change 
in yearly per capita growth rate. Importantly, Δ𝑟𝑟 represents the acceleration or deceleration of 
changes in log abundance. Zero Δ𝑟𝑟 is either exponential growth (when Δ𝑁𝑁 >  0) or exponential 
decay (when Δ𝑁𝑁 <  0), i.e. constant per-capita growth rate over time. Thus, a population with 300 
accelerating increase of abundance (Δ𝑔𝑔 >  0) can still have constant per-capita growth rate 
(Δ𝑟𝑟 =  0).  Each point represents Δ𝑁𝑁 and Δ𝑟𝑟 calculated by aggregating all individuals at the level 
of (B) a species, (C) a family, and (D) a habitat. Error bars show the 95% credible intervals (CI), 
and grey points indicate non-significant acceleration or deceleration (i.e. 95% CI overlaps 0 on 
either axis). 305 



 
Fig. S12 | Temporal changes in (A) abundance 𝑁𝑁, (B) yearly growth rate 𝑔𝑔, and (C) yearly per 
capita growth rate 𝑟𝑟 for different habitat types. The grey areas show the propagated 95% credible 
interval of the MCMC chains. The number of species (n) in each habitat is noted.     

 310 



Fig. S13 | Convergence diagnostics of the dynamic N-mixture model. Panels show distributions 
of the 𝑅𝑅� values (i.e. potential scale reduction) for the 261 selected species for each of the 8 
parameters included in the dynamic 𝑁𝑁-mixture models. The parameters are: gamma = 
recruitment, lambda = abundance at time 1, p = detection probability, phi = survival probability, 315 
sky = sky condition during the survey, temp = temperature during the survey, time = time of the 
day of the survey, wind = wind condition during the survey. The 261 species were selected as all 
parameters 𝑅𝑅� ≤ 1.1.  
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Fig. S14 | Summary of the per species model for 2 selected example species: American Crow (top 
row) and Wood Thrush (bottom row). (A) Posterior distribution summary of the DM model’s 
parameters. (B) Predicted abundance and (C) observed abundance time series. The green time 325 
series is the one with the highest average estimated 𝑁𝑁, blue line is the time series with the lowest 
average abundance, orange line is a third-degree polynomial fitted through all of the time series 
in the plot. (D) Observed vs. predicted abundance. (E) Total (i.e. summed over all BBS routes) 
predicted abundance (solid line) and total observed abundance (dashed line). These plots for all 
the original 564 species are available in the linked repository at 330 
https://zenodo.org/doi/10.5281/zenodo.18085017).   

https://zenodo.org/doi/10.5281/zenodo.18085017


Table S1 | Details of variables used in the post-hoc correlative analysis of patterns of change and acceleration. We downloaded each 
variable as a spatial raster in its original resolution and aggregated it to the coarsened resolution. The aggregation function was either 
sum (for areas of land cover classes and cropland area) or mean (for the rest of variables). When the original and analyzed resolution 
are identical in the table, no aggregation was done. We then overlaid each BBS route over the coarsened raster, and we calculated the 335 
mean value of all pixels overlapping the route. 

Abbreviation Variable  Unit of the 
coarsened 
variable, as used 
in the analysis 

Coarsened 
resolution 
(original 
resolution in 
brackets), 
which is the 
length of pixel 
side 

Function used 
to coarsen 
(aggregate) the 
original raster 
resolution 

Ref. Available from 

grass, shrubs, 
trees, built, 
wetland, water  

Area of land cover classes (in 2020), 
square root transformed 

Sqrt ( % of the 
class area in a 5 
min square) 

5 min (30 sec)  sum (74) “geodata” package in R 

NPP Mean MODIS-derived Net Primary 
Productivity (MOD17A3 product, 
2000-2015) 

(kg of carbon 
per m2 
per year) * 
10000 

5 km (500 m) mean (75) https://lpdaac.usgs.gov/products/mod17a3h
gfv061/ 
(downloaded by Petr Keil in 2019) 

temp Mean annual temperature (1970-2000) °C 5 min (30 sec) mean (76) 
 

www.worldclim.org 

precip Mean annual precipitation (1970-
2000) 

mm 5 min (30 sec) mean (76) 
 

www.worldclim.org 

elevat Mean elevation above sea level m 5 min (30 sec) mean (77) “geodata” package in R or 
https://srtm.csi.cgiar.org 

temp87to21 Trend of mean annual temperature 
between 1987 and 2021 (GHCNv4 
dataset, smoothing radius 250 km), 
from local linear regression 

Difference in °C 
between 1987 
and 2021 

2° (2°) NA (78, 
79) 
 

https://data.giss.nasa.gov/gistemp/maps/ 
 

Nfertilizer Nitrogen fertilizer use (1994-2001) kg/ha 0.5° (0.5°) NA (80)  https://search.earthdata.nasa.gov/, collection 
“Global Fertilizer and Manure, Version 1: 
Nitrogen Fertilizer Application” 

crops03 Cropland area in 2003, square root 
transformed  

sqrt( % of  
croplands in the 
5 min square) 

5 min (30 sec) sum (34) “geodata” package in R or 
https://glad.umd.edu/dataset/croplands  

crops03to19 Difference of square root of cropland 
area between 2003 and 2019 

difference in 
sqrt(% of 
croplands in the 
5 min square) 

5 min (30 sec) calculated 
from already 
coarsened 
rasters 

(34) “geodata” package in R or 
https://glad.umd.edu/dataset/croplands  

https://lpdaac.usgs.gov/products/mod17a3hgfv061/
https://lpdaac.usgs.gov/products/mod17a3hgfv061/
http://www.worldclim.org/
http://www.worldclim.org/
https://srtm.csi.cgiar.org/
https://data.giss.nasa.gov/gistemp/maps/
https://search.earthdata.nasa.gov/
https://glad.umd.edu/dataset/croplands
https://glad.umd.edu/dataset/croplands


NDVI82to12 Trend in growing season normalized 
difference vegetation index (NDVI) 
between 1982 and 2012 

Slope of NDVI 
vs year 
regression 
(Theil-Sen 
method) 

0.08° (0.08°) NA (81) https://search.earthdata.nasa.gov, collection 
“Long-Term Arctic Growing Season NDVI 
Trends from GIMMS 3g, 1982-2012” 

footprint93 Human footprint index in 1993 
(HFI1993) 

Combined index 
on a scale 
between 0 (low 
human pressure) 
and 50 (high 
human pressure) 

5 min (30 sec) mean (82) “geodata” package in R or 
https://datadryad.org/stash/dataset/doi:10.50
61/dryad.052q5 

footprint93to09 Difference of human footprint index 
between 1993 and 2009, HFI2009-
HFI1993 

Difference 
between two 
values of the 
footprint index 
(see above) 

5 min (30 sec) calculated 
from already 
coarsened 
rasters 

(82) “geodata” package in R or 
https://datadryad.org/stash/dataset/doi:10.50
61/dryad.052q5 

pop2000 Human population density in 2000, 
log10(x+1) transformed 

log10(number of 
individuals+1) 

2.5 min (2.5 
min) 

NA (83) https://cmr.earthdata.nasa.gov/search/conce
pts/C1597158029-SEDAC.html 

mean_pesticide Total amount of 182 pesticide 
compounds per square meter (eq. 
S23), averaged over the years between 
1992 and 2018 

log(kg of 
pesticide/ 
county m2) 

County area 
(county area) 

NA (65, 
66) 

https://water.usgs.gov/nawqa/pnsp/usage/ma
ps/index.php  

pesticide_change Trend of pesticide use from a linear 
regression of pesticide use by year, 
between 1992 and 2018 

Slope of 
mean_pesticide 
vs year 
regression 

County area 
(county area) 

NA (65, 
66) 

https://water.usgs.gov/nawqa/pnsp/usage/ma
ps/index.php 

 
 

 

https://search.earthdata.nasa.gov/
https://datadryad.org/stash/dataset/doi:10.5061/dryad.052q5
https://datadryad.org/stash/dataset/doi:10.5061/dryad.052q5
https://datadryad.org/stash/dataset/doi:10.5061/dryad.052q5
https://datadryad.org/stash/dataset/doi:10.5061/dryad.052q5
https://cmr.earthdata.nasa.gov/search/concepts/C1597158029-SEDAC.html
https://cmr.earthdata.nasa.gov/search/concepts/C1597158029-SEDAC.html
https://water.usgs.gov/nawqa/pnsp/usage/maps/index.php
https://water.usgs.gov/nawqa/pnsp/usage/maps/index.php
https://water.usgs.gov/nawqa/pnsp/usage/maps/index.php
https://water.usgs.gov/nawqa/pnsp/usage/maps/index.php
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