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Abstract 

The scale at which diversity is observed shapes the patterns we find. While spatial scale is 

known to influence biodiversity patterns, the effects of temporal scale, namely the average 

duration of sampling (known as temporal span), have been mostly overlooked. Here, we 

investigate how temporal span affects species richness patterns, their environmental drivers, 

and species richness hotspots. We used species richness data from several large bird 

datasets from Czechia, with over 7000 observations, a spatial grain ranging from 0.03 to 100 

km2, and a temporal span ranging from 1 to 36 years (1985-2017). Using Random Forests, 

we modelled species richness as a response to temporal span, while also including area, 

geographic location, time, and environmental and land-cover predictors. We found that the 

temporal span is consistently among the most important predictors of bird species richness. 

Moreover, temporal span interacts with key environmental conditions, particularly 

precipitation and water bodies, modulating their effects on species richness and revealing 

processes that differ from those traditionally attributed solely to spatial grain. We also found 

that using different time spans can shift the predicted locations of biodiversity hotspots. Our 

results provide empirical evidence that temporal span should be included in studies about 

biodiversity and conservation planning, given the urgent challenges arising from ongoing 

biodiversity change and the complexity of its drivers. 

Keywords: accumulation curves, time exposure, scaling, species-area, species-energy, 

machine learning 
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Introduction  

Ecologists are interested in where biodiversity is, how it changes over time, and what drives 

it. For the simplest and most widely-used metric of biodiversity – species richness –  well-

established patterns include its latitudinal and altitudinal gradients (Ricklefs 2004, Lomolino 

et al. 2017). In parallel, climate, productivity, and habitat type have been identified as key 

environmental predictors of species richness (Field et al. 2009). Yet, biodiversity patterns 

and the effect of the environment on these patterns are strongly dependent on the spatial 

grain (i.e., the average area where species are recorded) (Rahbek 2005, Field et al. 2009, 

Belmaker and Jetz 2011). The most fundamental form of this grain dependence is the 

species-area relationship (SAR), i.e., the increase in the number of species with increasing 

area (Storch 2016). SAR emerges through sampling effects (Gooriah and Chase 2020), 

extinction and colonization (dispersal) dynamics (MacArthur and Wilson 1967), and 

environmental heterogeneity (Williams 1943). These mechanisms also explain the grain-

dependence of spatial diversity patterns, specifically through geographic variation in species 

turnover, or beta diversity (Keil and Chase 2019). Accordingly, scale dependence has 

become a central topic of biodiversity research (Storch et al. 2007), and many recent 

analyses explicitly account for spatial grain to better capture the complexity of diversity 

patterns (Field et al. 2009, Belmaker and Jetz 2011, Keil and Chase 2019, Craven et al. 

2020).  

The species-time relationship (STR), which describes how the species observed at a given 

site accumulate over time (Preston 1960, Adler and Lauenroth 2003). When time is the 

measure of sampling effort in STR, it is often defined as the discovery curve or collector’s 

curve (Colwell and Coddington 1994). This is a special case of the general concept of 

species accumulation curves (Gotelli and Colwell 2001), which describe how species 

richness increases as a function of the sampling effort. Furthermore, the effects of time and 

space on diversity can be integrated into the species-time-area relationship (STAR; Adler & 

Laurenoth 2003, Adler et al. 2005), which captures how the parameters of a SAR can shift 

over time (Adler & Laurenoth 2003, Adler et al. 2005). As a result, the spatial scale-

dependency of biodiversity should be affected strongly by the temporal span of observations, 

and thus accounting for the temporal span may also help explain why some studies 

sometimes reach conflicting and often counterintuitive conclusions about biodiversity 
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patterns. Many results described as “context dependent” (Catford et al. 2022, Spake et al. 

2023) in ecology could partly reflect differences in temporal span. For instance, studies on 

the relationship between biodiversity and ecosystem functioning often report high variability 

across sites (Ricklefs 2004), which may partially arise from variation in this relationship over 

time (Guerrero-Ramírez et al. 2017). By explicitly accounting for the temporal span when 

modeling biodiversity, we anticipate uncovering novel drivers of species diversity patterns. 

Despite its potential importance, the effects of temporal span on diversity patterns and their 

environmental drivers have received little attention (but see White 2004, White et al. 2006, 

2018, Erős and Schmera 2010, Swenson et al. 2013). Here, we provide a comprehensive 

empirical assessment of the effect of temporal span on patterns and drivers of species 

richness, using a dataset of long-term bird observations from Czechia of over 30 years at 

spatial scales ranging from 0.03 to 100 km2. Specifically, we (1) assess the relative 

importance of time span versus area and environmental drivers across different spatial 

scales and data types; (2) quantify the empirical STAR curves resulting from our models; (3) 

evaluate how time span modulates species-environment relationships; and (4) investigate 

how variation of time span affects the detection of hotspots of species richness predicted 

from the species-environment relationships.  

Methods 

We quantified the number of bird species (species richness) across Czechia using three 

complementary data sources that span multiple spatial grains and time spans. We modeled 

species richness as a function of area, time span, and a suite of environmental variables, 

including climate, land cover, vegetation productivity, and protected area surface, using the 

Random Forest algorithm. We then examined the relative importance of temporal span and 

environmental predictors and assessed how time span modulates the effects of other 

predictors. We then predicted species richness using three different time spans. 

Bird data 

We used three sources of data on Czech bird species richness (Figure 1a):  

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 9, 2026. ; https://doi.org/10.64898/2026.02.09.704769doi: bioRxiv preprint 

https://doi.org/10.64898/2026.02.09.704769
http://creativecommons.org/licenses/by-nd/4.0/


5 
 

Standardized coarse grid atlases (Atlases). First, we used three gridded breeding bird 

atlases (Šťastný et al. 1997, 2006, 2021) that include surveys conducted over three time 

periods: 1985-1989, 2001-2003, and 2014-2017. These atlases cover the entirety of Czechia 

with a spatial resolution of approximately 10 x 10 km² (Fig. 1), with around 630 cells 

surveyed repeatedly in each period. 

Standardized local surveys (JPSP). The second dataset that we used is the Common Bird 

Monitoring Program (Jednotný program sčítání ptáků, hereafter JPSP) (Reif et al. 2013), 

which spans from 1982 to 2020. This dataset consisted of 300 sampling transects (JPSP 

Trs), each containing 20 points (JPSP Pts) with a diameter of approximately 0.03 km2 and 

separated by 300-500 m. The transects are randomly distributed across Czechia and were 

consistently sampled each year using a fixed methodology (see Reif et al. 2013 for more 

details). For the rest of our analyses, JPSP points and transects were analyzed separately. 

Heterogeneous inventories (SPARSE). The third dataset was the SPARSE database 

(Tschernosterová et al. 2023), an open database that compiles information on bird species 

composition and richness from 1890 to 2018 with areas ranging from 0.002 to 95 km2 , for 

348 heterogeneous geographic units (i.e., polygons, transects, and points) in Czechia that 

uses different sampling methods. SPARSE collects data from published local inventories, 

reserve surveys, and fauna lists. SPARSE geographic sampling units are distributed across 

Czechia, and cover different types of habitats (Fig.1). 

We used the area of each geographic unit (i.e., point, transect, polygon, or grid cell) in km2 

as a predictor in all models. 

Survey and time span definitions 

Each geographic unit in the three datasets was surveyed during one or more years. We 

define a survey as an uninterrupted period of consecutive years where we have data on 

species richness for each year. When there were multiple sampling events within one year 

(e.g., in May and then in July), we pooled them so that they represent one year. Years with 

no data on species richness break the continuity of a survey, separating it into two or more 

distinct surveys. For example, at a given geographic unit, there can be a 3-year survey 

conducted in 1987-1989 and a 5-year survey in 1991-1994. Each survey has its own species 
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richness, and these surveys are then the fundamental observations in all our analyses. We 

define the time span of a survey as the number of consecutive years in the survey, i.e., its 

duration in years.  

Species richness of surveys  

For the SPARSE and JPSP datasets, we selected geographic units with data from 1985 

onwards (Fig. 1d & e) to ensure temporal overlap across all datasets. For each survey in 

each geographic unit, species richness was estimated as the number of unique species 

recorded. This gave us a total of 6445 surveys with a median time span of 6 years per 

survey (mean± SD = 7.2 ± 6.3 years, range = 1–36 years). 

The Atlases dataset has three editions covering 5, 3, and 4 years, respectively; i.e., each 

grid cell has three surveys. This would give us a maximum time span of 5 years, which is 

much less than in the JPSP dataset. To generate time spans comparable to those in the 

SPARSE and JPSP datasets, we merged some of the atlas surveys even though they 

include time gaps while avoiding spatial pseudoreplication (i.e., the same cell appearing in 

multiple time spans). We addressed both problems by randomly assigning the 628 grid cells 

of each atlas into six non-overlapping groups (~100 cells each; no cell shared across 

groups), each corresponding to a unique combination of atlases and sampling periods: (1) 

atlas 1 only (1985-1989, 5-year span), (2) atlas 2 only (2001-2003, 3-year span), (3) atlas 3 

only (2014-2017, 4-year span), (4) atlas 1 and 2 combined ( 8-year span), (5) atlas 2 and 3 

combined (7-year span), and (6) the three atlases combined (12-year span) (See 

Supplementary Fig. 3). The species richness for each cell was calculated by aggregating all 

unique species recorded during the time span covered by the atlases or the combination of 

atlases assigned to a given cell.  
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Figure 1. (a) Three data sets of bird occurrences across Czechia and their observed time-

species richness relationships, time spans (b) and area-species (c) richness relationships 

(fitted with quadratic regression); (d) histogram indicating the number of sampling events per 

time span, and (e) the sampling events per year (as the start year). Maps show species 

richness for each data set at different periods: SPARSE, from 1980 to 2018; JPSP, from 

2000 to 2010; and for Atlases, the species richness of each cell was calculated by 

randomizing the three different versions and their combinations (see Methods). Individual 

plots of the species-area and species-time relationships can be found in Supplementary Fig. 

1 and Supplementary Fig. 2, respectively. 

 

Environmental predictor variables 

The environmental predictors used in our models were selected based on the results of 

previous biogeographical studies linking the diversity of Czech birds with the environment 

(Storch et al. 2003, 2023, Moudrý and Šímová 2013, Prajzlerová et al. 2024).  

Climatic predictors. We extracted data on mean annual temperature, minimum temperature, 

maximum temperature (°C), and precipitation (mm) at 1 km2 resolution from CHELSA 

(Karger et al. 2021) for each sampling unit. For each year a unit was surveyed, we 
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calculated annual averages of the corresponding variables and then computed overall 

means across the total period sampled for each unit. 

Land cover. We extracted land cover data from CORINE at a 100 x 100 m resolution for the 

years 1990, 2000, 2006, 2012, and 2018 (European Union’s Copernicus Land Monitoring 

Service information 1990, 2000, 2006, 2012, 2018). We used the level 1 of landcover 

classes which includes: 1) artificial surfaces, 2) agricultural areas, 3) forests and seminatural 

areas, 4) wetlands, and 5) water bodies. For each geographic unit, we overlaid the CORINE 

rasters and calculated the total area (in km²) occupied by each land cover class within its 

boundaries. Since CORINE 1990 recorded information from around 1985 onward, we used 

this version to represent land cover between 1985 and 1990.  

NDVI. We used Google EarthEngine (Gorelick et al. 2017) to extract the Normalized 

Difference Vegetation Index (NDVI) at a 250 x 250 m resolution from MODIS (Didan et al. 

2015), for June and July, which corresponds to the peak of the growing season. NDVI data 

are available from the year 2000 onward. Pixels were first masked by the quality layer of the 

MODIS dataset to minimize possible effects of cloud ice or values flagged as unreliable. 

Overlapping MODIS images were reduced to a single layer by creating a median-pixel 

composite. Then, we calculated the median NDVI during the time period in each geographic 

unit.  

Protected areas. We also obtained data on the total surface area of protected areas (in km²)  

within each geographic unit. Specifically, we extracted the area of small-scale protected sites 

and large-scale landscape protected areas, as provided by the Nature Conservation Agency 

of the Czech Republic (Nature Conservation Agency of the Czech Republic 2025). For each 

sampling unit, we summed the areas of these two types of protected sites to calculate the 

total protected area. 

Random forest models 

We fitted a Random Forest model (Breiman 2001) for each of the four data sets (Atlases, 

SPARSE, and JPSP points, and JPSP transects), with a total of 628, 172, 5,974, and 299 

observations, respectively. Additionally, we fitted a model for all the data sets together. The 

response variable was species richness per geographic unit and sampling period. The 
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predictor variables were the time span of the survey per sampling unit, the first year of the 

sampling period (i.e., start year), the area of the sampling units (in km2), the centroid latitude 

and longitude, and all the environmental variables described above. We included the latitude 

and longitude as predictors to account for spatial autocorrelation (following Viana et al., 

2022), and the start year in a similar way to account for temporal autocorrelation. By doing 

so, this modeling framework accounts for spatio-temporal heterogeneity and also facilitates 

the integration of multiple data sources (Keil and Chase 2022). 

To reduce multicollinearity in our models, we first estimated the correlation between all pairs 

of predictors. Then, we ran a Random Forest including all predictor variables for each 

dataset and extracted the variable importance scores. We examined all pairs of predictors 

with a Pearson coefficient higher than 0.6 and retained the variable with the highest 

importance scores. We then re-fitted our models without the excluded variables (see 

Supplementary Table 1 for details on each model’s final predictors). Each model was tuned 

by adjusting the number of trees from 500 to 3000, the minimum number of samples 

required per split from 2 to 5, and from 5 to 26 candidate predictors per split using 72 

possible combinations in the hyperparameter grid. Model validation was performed using two 

complementary approaches: ten-fold cross-validation assessed predictive accuracy by 

repeatedly partitioning the dataset into ten subsets, training the model on nine subsets, and 

evaluating performance on the remaining subset, thus providing mean and standard error 

estimates for each predictive metric across all folds. Additionally, out-of-bag validation was 

used to obtain an internal estimate of model accuracy, based on predictions made for each 

observation using only the subset of trees that excluded it during training. This approach 

provided an unbiased estimate of the coefficient of determination without requiring a 

separate validation set. We chose random cross rather than block cross-validation (Roberts 

et al. 2017) because our goal was to model species richness along the most continuous 

spatial and temporal gradients possible, and enforcing blocks on coordinates would have 

prevented the algorithm from learning those gradients effectively. 

Variable importance scores for the final models were estimated using permutation and 

adjusted for the R² of each model. For an i-th predictor, the formula is:  

𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑𝑖𝑧𝑒𝑑 𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒௜ =
ூ௠௣௢௥௧௔௡௖௘೔ ×ோమ

∑ಿ
ೕసభ ூ௠௣௢௥௧௔௡௖௘ೕ

, 
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Where i and j index individual predictors, Importancei is the permutation importance value of 

the i-th predictor, N is the total number of predictors, and R² is the coefficient of 

determination of the model. This approach ensures that the importance values are scaled 

relative to the model's explanatory power, providing more intuitive comparisons across 

models. We also quantified variable interactions for each model using hstats version 1.2.1 

(Mayer 2024), computing pairwise interaction strengths (H² statistics) and overall interaction 

contributions. All models were adjusted and implemented using a tidymodels workflow (Kuhn 

and Wickham 2020), utilizing the R packages tidymodels version 1.2.0 (Kuhn et al. 2022), 

ranger version 0.16.0 (Wright and Ziegler 2017), and vip version 0.4.1 (Greenwell and 

Boehmke 2020). 

We used partial dependence plots (PDPs) to visualize how key predictors affect bird species 

richness in our random forest models using the R package hstats (Mayer 2024). PDPs 

estimate the marginal effect of a predictor by varying it across its range. For each value x of 

a focal predictor i, predictions are made across the entire dataset by substituting x for the 

original observed values of predictor i in every observation, while keeping all other predictors 

at their original observed values. The resulting predictions are then averaged, allowing the 

visualization of the influence of the focal predictor. We generated PDPs for each model, 

showing how the effects of the predictors change across different time spans. With this 

approach, we show the direct, time-span-dependent effects of each environmental variable 

on species richness.  

Varying sampling effort 

Species richness tends to vary with varying sampling effort during a survey, which may 

affect our conclusions. We do not expect this to affect analyses using the JPSP dataset, as 

the sampling effort was standardized. We have no information about the sampling effort for 

the SPARSE dataset, and thus make the assumption that it is captured by the duration and 

area of a survey, but this also implies that results based solely on the SPARSE data should 

be interpreted with some caution.  

The Atlases dataset has a standard survey protocol, but the effort (i.e., number of observers 

per cell and number of their visits) can still vary. To assess model sensitivity to this variation, 

we incorporated sampling effort as a predictor for this dataset using the Frescalo algorithm 
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(Hill 2012). This method allows the estimation of recorder effort based on species’ local 

frequency patterns in spatially contiguous neighborhoods, a condition met only by the 

Atlases dataset. For this dataset, effort estimates were calculated separately for each 

sampling period and averaged across the grouped combinations. Because incorporating the 

effort as a predictor did not alter the patterns observed in our Atlases model, we present the 

result only as a value importance plot in Supplementary Fig. 5. 

Predictions from random forests over different time spans 

To examine how different time spans affect predictions of a macroecological model of 

species richness, we predicted bird species richness across Czechia using the JPSP points 

dataset for three time spans: 1-year, 5-year, and 15-year sampling windows. These time 

spans were selected because they approximate common temporal spans used in 

biodiversity monitoring schemes (e.g., annual, short‑term, and long‑term programmes) and 

are well represented in our datasets (Fig. 1). We selected this JPSP points-based model 

because the spatial and temporal distribution of the sampling points was more spatially 

homogeneous than in the other datasets. Predictions were generated over a set of artificial 

12.6 km² circular points (equivalent to ~2 km radius), spaced 10 km apart between cell 

centers, and covering the entire country.  We chose the values for the year 2010 for other 

covariates (land use and climatic predictors) because this year was the median sampling 

year in the JPSP dataset (sampling period: 1985–2020). For the 1-year time span, we used 

only data from 2010 for all predictor variables. For the 5-year and 15-year time spans, we 

used variable values for 2010 and from 2008-2012 and 2003-2017, respectively, extracting 

or averaging predictor values across the corresponding years around the central reference 

year. For each time span, we then identified richness hotspots and coldspots as the 10% of 

grid cells with, respectively, the highest and lowest predicted species richness values. 

Results 

Model performance 

All models identified time span, and area as the most important variables explaining variation 

in bird species richness, although their relative ranking varied across datasets (Fig. 2a). On 
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average, these three variables accounted for 20-60% of the total importance, independently 

of the dataset used. Among climatic variables, precipitation was generally the most 

important, except in the Atlases model, where minimum temperature dominated, while 

among land-cover variables, water bodies showed the highest importance across nearly all 

models. Pairwise interaction estimates (H²) indicated that time span and area showed strong 

interactions with other predictors, whereas their direct interaction with each other was 

comparatively weak (Fig. 2b, Supplementary Fig. 6). Model performance was high (i.e., 

cross-validation and out-of-bag), with R² values ranging from 0.44 (Atlases) to 0.95 (All 

datasets) (Supplementary Table 2, Supplementary Fig. 4).  

 

Figure 2. a) Relative importance of predictors in random forest models explaining variation 

in species richness across Czechia. Bars represent the relative importance of each variable 

(see methods). (b) Pairwise contributions to explained variance (H2) for the most influential 

two-way interactions in each model (see supplementary Fig. 6 for all interactions). The 

panels correspond to random forest models fitted separately for each dataset (i.e., Atlases, 

SPARSE, and JPSP), and the last panel represents the model that uses all the data 
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together. Green bars correspond to the Time span, grey bars represent the Area, and light 

blue bars represent all remaining variables/interaction terms. 

Species time-area relationship (STAR) 

Across all models, both area and time span showed positive effects on species richness, 

and their interaction revealed a consistent STAR pattern: larger areas and longer time spans 

were associated with higher species richness. The curves indicate that the combined effects 

of space and time are multiplicative rather than additive, with longer time spans increasing 

richness across all area sizes, and short time spans showing the steepest species–area 

gains at small spatial grains (Fig. 3). 

 

 

Figure 3. Partial dependence plots of the relationship between species richness and area 

across different time spans. All variables were plotted on a logarithmic scale, but 

untransformed values were shown as labels to improve interpretability.  
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Drivers of species richness 

Our models revealed that precipitation and water bodies are the key environmental 

predictors of bird species richness, both in terms of variable importance and interactions with 

time and area. In the case of mean annual precipitation, species richness decreased, with 

steeper slopes around 600 mm y-1 (Fig. 4). Furthermore, the presence of water bodies and 

their size positively influenced species richness in all of our models, with steeper slopes in 

areas with smaller water bodies, which tended to stabilize at around 0.7 km² in most models 

(Fig. 5). The interaction effects of time span with these predictors on species richness was 

positive, with curves of longer time spans consistently related to higher species richness 

than shorter time spans, regardless of the increase in area of water bodies or precipitation 

amount (Figs. 4 and 5).  

 

 

Figure 4. Partial dependence plots of the relationship between species richness and 

precipitation (i.e., the most important climatic predictor for these four models, see figure 2) 

across different time spans. Each panel corresponds to a different random forest model fitted 
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on a different dataset. In the case of the plot titled “All”, this corresponds to the model that 

includes all data sets (Sparse, JPSP, and Atlases). 

 

 

 

Figure 5. Partial dependence plots of the relationship between species richness and the size 

of water bodies within the sampling unit across different time spans (in years; a-d). In e, this 

corresponds to the Random Forest model that includes all data sets (Sparse, JPSP, and 

Atlases). 

 

Predicted hotspots of bird diversity 
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The predictions made for three time spans showed notable variations in modeled bird 

species richness (Fig. 6). On one hand, the predicted species richness for one-year and five-

year time spans was relatively similar, but the hotspots of species richness (i.e., the 10% of 

the points with the highest species richness) shifted to different regions when different time 

spans were used. Specifically, these hotspots shifted from being concentrated near the 

borders of Czechia when estimated over shorter time spans, to being more concentrated in 

central Czechia when estimated over longer time spans. Conversely, coldspots (i.e., the 

10% of the points with the lowest species richness) tended to be clustered in the center and 

south of Czechia, and gradually shifted towards border regions over longer time spans. 

 

Figure 6. Predicted bird species richness in Czechia, based on the Random Forest model of 

JPSP points using three different time spans: 1 year (A, B, C), 5 years (D, F, G), and 15 

years (G, H, I). Orange circles represent the hotspots of species richness (i.e., 10% of the 

points with the highest bird species richness) and purple circles represent the coldspots of 

species richness (i.e., 10% of the points with the lowest bird species richness). 
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The inclusion of the sampling effort in the Atlases model did not substantially change our 

results, and the time span consistently remained the most important variable (supp. Fig. 5), 

supporting the robustness of our conclusions.  

Discussion 

We found that that time span was consistently ranked among the most important predictors 

of bird species richness. Furthermore, in datasets with the widest range of time spans and 

area, it also had important interactions with area and key environmental predictors such as 

precipitation and water bodies. Although this may reflect the well-known link between 

sampling effort (duration in minutes or hours) and observed diversity (Gotelli & Colwell 

2001), our results expand this concept to much longer time frames from years to decades, 

revealing significant annual turnover in bird assemblages. Furthermore, the effect of time 

span on other drivers of species richness highlights the need to explicitly account for time 

span when evaluating and predicting species richness patterns.  

Joint effects of time span and area 

We found a strong positive association between area and species richness (Fig. 3), 

consistent with the classic species-area relationship (Preston 1960, Adler and Lauenroth 

2003, Adler et al. 2005), where larger areas support higher species diversity due to the 

increased availability of resources and habitat heterogeneity. In addition, for the datasets 

with the widest range of values of both area and time span (i.e., the SPARSE dataset and all 

datasets combined), area also had a pairwise interaction with time span (Fig. 2b, Fig. 3b, d). 

This combined pattern (Fig. 3) shows that temporal grain systematically increases species 

richness across the full range of spatial scales and regulates the steepness of the STAR at 

short time spans. Previous studies (Rahbek 2005, Field et al. 2009, Belmaker and Jetz 

2011, Keil and Chase 2019) have established that spatial scale is critically important in 

biodiversity, and we confirm that temporal span acts as a complementary axis that 

modulates the influence of area on species richness. These findings mirror those found by 

Adler et al. (2005), where grassland plant communities exhibited steeper SAR slopes in 

short-term surveys compared to long-term surveys.  

Effect of environment and its interaction with the time span 
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Precipitation and area of water bodies were the best environmental predictors of bird species 

richness across most of our models, in line with previous studies on the drivers of bird 

species richness in Czechia (Storch et al. 2003, Dvořáková et al. 2023). Precipitation 

showed a slightly negative relationship with species richness, likely due to colder conditions 

at higher, wetter sites, a pattern also observed in the country for plant species richness 

(Pyšek et al. 2002). Conversely, the presence of water bodies had a positive effect on 

richness, implying that these habitats promote specialists and contribute to greater avian 

biodiversity across both urban and natural ecosystems (Chamberlain et al. 2007, Xie et al. 

2022, Cerda-Peña and Rau 2023, Dvořáková et al. 2023, Aubrechtová et al. 2024). Even 

small water bodies significantly increased species richness, consistent with saturation in the 

use of vegetated littoral zones rather than the entire aquatic surface (Pšeničková and Horák 

2022, Gábor et al. 2023).  

Importantly, in datasets with the widest range of time span values (i.e., SPARSE, all 

datasets combined), these predictors had an interaction effect with time span, (i.e., time 

span steepened their relationships with species richness) (Figs. 4b, 4d, 5a), and this was 

particularly obvious in the effect of precipitation. Specifically, longer time spans were 

consistently associated with higher species richness than shorter time spans, regardless of 

precipitation amount or water body area  (Figs. 4, 5). These interactive effects between the 

time span and both precipitation and water bodies on species accumulation likely arise 

because longer time spans can capture the responses of species to climatic and habitat 

fluctuations, as well as episodic or rare occurrences over time, that short time spans tend to 

miss. 

Shifting predicted hotspots 

We found that the predicted spatial patterns of bird species richness varied significantly 

when different time spans were used. As expected, average species richness increased with 

the length of the time span. While we did not detect marked differences in species richness 

between one-year and five-year time spans (Fig. 6a, d), we found a striking increase in 

species richness at time spans of 15 years (Fig. 6e). In addition, the spatial patterns of 

species richness across Czechia shifted as the timespan increased, suggesting that time 

could affect diversity in different ways than area.  

.CC-BY-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 9, 2026. ; https://doi.org/10.64898/2026.02.09.704769doi: bioRxiv preprint 

https://doi.org/10.64898/2026.02.09.704769
http://creativecommons.org/licenses/by-nd/4.0/


19 
 

Our predictions using a 1-year time span showed that hotspots were concentrated along the 

west and east borders of Czechia, especially in the southwest, where wetlands and ponds 

are abundant and provide heterogeneous habitats that can contribute to enhancing species 

richness. Using a 5-year time span, new hotspots emerged in the southeast, particularly in 

lowland wet forests, which are known as some of the most biologically diverse regions in 

Czechia, especially for insects (Miklín et al. 2017). This shift in the location of hotspots may 

suggest that species richness in water bodies accumulates rapidly, whereas forest 

communities tend to build up more gradually and may also be harder to detect than those 

using open water. In contrast, 15-year time span predictions (Fig. 6h) showed hotspots 

shifting to central lowland agricultural areas, which previously had been classified as 

coldspots when using predictions with 1-year timespans (Fig. 6c). This may indicate the 

presence of species that are rare, specialists, or more difficult to detect, possibly due to the 

higher fragmentation and heterogeneity of the landscape resulting from human impacts 

(Austen et al. 2001, Devictor et al. 2008, Harrison et al. 2019). The intensively farmed 

agricultural lands associated with these locations may indicate a reduced capacity for these 

areas to support diverse bird communities in the short term (Dvořáková et al. 2022). Yet, 

after 15 years, these same regions become bird diversity hotspots, as also documented 

previously in Europe (Anderle et al. 2023, Edo et al. 2023). This pattern could also be 

explained by the more favorable climatic conditions and landscape connectivity of lowland 

sites, which may facilitate species accumulation over time compared to the harsher, more 

isolated conditions of highland forests (Fig. 6i). 

Implications for monitoring and conservation 

Our findings have practical implications for biodiversity research and conservation. When 

comparing diversity across sites, it is crucial to standardize the sampling duration, just as it is 

frequently done for spatial grain; when this is not feasible, we suggest recording the time 

span and including it as a covariate in statistical models to control for temporal effects and 

improve ecological inferences.  

We have also demonstrated that longer sampling periods not only detect higher species 

richness but also different biodiversity hotspots compared to shorter sampling periods, 

suggesting that short-term surveys may underestimate diversity and overlook critical 
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conservation areas. This is particularly crucial in the context of climate change, which is 

rapidly altering habitats, migration patterns, and species distributions (Huntley et al. 2006, 

Chen et al. 2011, Bateman et al. 2016). Effective conservation strategies should therefore 

prioritize extensive, long-term biodiversity surveys and explicitly consider monitoring duration 

when identifying priority areas, detecting vulnerable or elusive species, and adapting 

management actions to ongoing environmental changes. 

Conclusion 

We demonstrated that time is not just a background feature of sampling; it is a fundamental 

axis of biodiversity. Just as spatial scale has long been recognized as central to ecological 

theory (Wiens 2000, Sandel 2015), temporal scale emerges as a key dimension that 

modulates both the magnitude and the spatial configuration of species richness and its 

hotspots. Short-term surveys can mask long-term diversity trends and prioritize conservation 

areas that may not be high in species richness. Conversely, long-term observations reveal 

ecological processes that determine the accumulation of diversity over time. Thus, 

biodiversity can only be studied comprehensively at multiple temporal grains simultaneously, 

i.e., by using the species-time relationship, or even better, the species-time-area 

relationship. Integrating time span as a fundamental dimension alongside spatial grain 

enhances the comparability of biodiversity patterns across studies, strengthens 

macroecological inference, and supports the development of conservation strategies in the 

context of ongoing global change. 

Data availability 

The atlases data are not yet freely available and were provided for this study by K. Šťastný 

and V. Bejček. The JPSP data were provided for this study by J. Reif, Z. Vermouzek, Petr 

Voříšek, K. Šťastný, V. Bejček, and J. Janda. 
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Supplementary information 

Table S1. Summary of the final predictors used in each Random Forest model after 
checking for collinearity (see Methods section). The “x” indicates the predictors included in 
each final model. All models included as predictors time span, start year, area, latitude, and 
longitude. *Land principally occupied by agriculture with significant areas of natural 
vegetation. 

Predictor Atlases Sparse JPSP_pts JPSP_trs All 

Precipitation  x x x x 

Temperature min x     

Temperature max      

Mean Temperature      

Median ndvi x x x x x 

Broad-leaved forest x x x x x 

Complex cultivation patterns x  x x x 

Construction sites x x x x x 

Coniferous forest x  x   

Continuous urban fabric x x x x  

Discontinuous urban fabric x   x  

Green urban areas  x x x x 

Agricultural land* x  x x  

Mixed forest x  x x  

Moors and heathland x x x x x 

Natural grasslands x  x x x 

Pastures x x x x  

Transitional woodland shrub x x x x x 

Water bodies x x x x x 

Water courses x x x x x 

Protected area x x x x x 
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Table S2. Summary of Random Forest regression performance metrics for bird species 

richness in Czechia, assessed using two validation methods: 10-fold cross-validation (CV) 

and out-of-bag (OOB) estimates. For cross-validation, the coefficient of determination (R²), 

root mean squared error (RMSE), and mean absolute error (MAE) were calculated using the 

fit_resamples() function in the Tidymodels R package, reporting the mean and standard error 

across test folds. OOB metrics—OOB R² and OOB mean squared error (OOB MSE)—were 

obtained from the ranger engine, reflecting model performance based on predictions for 

observations excluded from each tree during training. 

Model R² RMSE MAE OOB R² OOB MSE 

All 0.928 ± 
0.004 

7.581 ± 
0.192 

4.741 ± 
0.076 

0.931 
 

55.25 

JPSP Points 0.861 ± 
0.004 

4.730 ± 
0.061 

3.376 ± 
0.052 

0.867 21.32 

JPSP 
Transects 

0.557 ± 
0.038 

13.791 ± 
0.901  

9.979 ± 
0.718 

0.514 190.14 

Atlases 0.503 ± 
0.321 

14.142 ± 
0.487 

11.185 ± 
0.321 

0.503 198.29 

SPARSE 0.685 ± 
0.046 

16.738 ± 
2.861 

10.59 ± 
1.561 

0.586 341.42 
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Supplementary Figure 1. Species richness-area relationship for each data set used in this 

study. 

 

Supplementary Figure 2. Species richness-time relationship for each data set used in this 

study. 
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Supplementary Figure 3. The atlases dataset mapped to show the different time-spans of 

the six groups of cells: 3= Atlas II (2001-2003), 4= Atlas III (2014-2017), 5= Atlas I (1985-

1989), 7= Atlas II+ Atlas III, 8= Atlas I + Atlas II, 12= Atlas I +  Atlas II+ Atlas III. 
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Supplementary Figure 4. Observed versus predicted species richness values for the test 

set of all the Random Forest models. Each point represents a test observation; the dashed 

diagonal line indicates the perfect 1:1 match between observed and predicted richness.  
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Supplementary Figure 5. Variable importance plot incorporating the sampling effort into our 

Atlases model.  The sampling effort (orange bar) was calculated using the Frescalo 

algorithm.  
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Supplementary Figure 6. Overall and pairwise interactions calculated using HSTAT. Panel 

a) reports the proportion of prediction variability explained by interactions on a predictor. 

Panel b) reports the proportion of joint effect variability of features coming from their pairwise 

interaction. 
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