
1 
 

 

Scale-dependent shifts in demographic and environmental control of temporal β-1 

diversity 2 

 3 

Cristina M. Jacobi1 & Tadeu Siqueira1,2 4 

 5 

1 Departamento de Biodiversidade, Instituto de Biociências, Universidade Estadual Paulista 6 

(UNESP), Rio Claro, SP, Brasil 7 

2 School of Biological Sciences, University of Canterbury, Private Bag 4800, Christchurch 8 

8140, New Zealand, ORCID: 0000-0001-5069-290 9 

 10 

Corresponding author: Tadeu Siqueira (tadeu.siqueira@unesp.br) 11 

 12 

Author Contributions: CMJ and TS contributed equally to study conception and design.  13 

CMJ led data aquisition. CMJ and TS contributed equally to analysis and interpretation of 14 

results. CMJ wrote the first draft with substantial input from TS. 15 

  16 



2 
 

 

Abstract 17 

Aim: We investigated whether the relative influence of demographic stochasticity and 18 

environmental forcing on compositional dynamics shifts across scales. 19 

Location: Riverine fish communities sampled across 39 regions in three biogeographic 20 

realms. 21 

Time period: 1981–2019. 22 

Major taxa studied: Freshwater fish. 23 

Methods: We first used simulations without environmental selection to assess whether 24 

temporal β-diversity metrics capture demographic variability independent of community 25 

sizes. We then analyzed 468 fish community time series, modeling local temporal β-diversity 26 

and regional temporal changes in spatial β-diversity as functions of community size, its 27 

temporal variability, species richness, rarity, and environmental variation and synchrony. 28 

Results: Simulations showed that a rank-change metric was not intrinsically biased by 29 

community size. Empirical analyses revealed scale dependence in the processes shaping 30 

compositional temporal variability. Locally, smaller median community size and higher 31 

abundance fluctuations increased temporal β-diversity, consistent with stronger demographic 32 

stochasticity in small communities. Temperature seasonality emerged as the strongest 33 

climatic correlate of local temporal β-diversity, with more seasonal environments exhibiting 34 

greater inter-annual compositional change. Mean annual temperature and species richness 35 

also showed positive effects. In contratst, internal community properties did not predict 36 

regional dynamics. Instead, spatial synchrony of precipitation was the main predictor. More 37 

synchronized environments exhibited lower temporal variability in among-site dissimilarity, 38 

consistent with Moran-type environmental forcing constraining spatial β-diversity. 39 

Main conclusions: Our findings reveal a scale-dependent shift in the processes shaping 40 

compositional dynamics, with demographic stochasticity and and climatic regime jointly 41 
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structuring local compositional dynamics, whereas environmental synchrony dominating 42 

regional variability. These findings link demographic and environmental perspectives, 43 

clarifying how biodiversity change propagates across scales under declining populations and 44 

increasingly variable climates. 45 

 46 

Keywords: demographic stochasticity, ecological drift, community size, compositional 47 

variability, spatial scale, spatial synchrony, metacommunities 48 
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Introduction 50 

Ecosystems show decreasing temporal variability when analyzed across broader 51 

spatial scales, higher organizational levels, or more complex trophic structures (Wang et al. 52 

2019, Kéfi et al. 2019, Hammond et al. 2020, Rezende et al. 2021, Siqueira et al. 2024). This 53 

scaling pattern has been associated with multiple sources, including statistical averaging 54 

(Doak et al. 1998) as well as deterministic mechanisms such as compensatory species 55 

dynamics (Gonzalez and Loreau 2009), mobile predators (McCann et al. 2005) and spatially 56 

synchronized environmental effects (Steiner et al. 2013). Stochastic processes, particularly 57 

demographic stochasticity, are also expected to influence variability, especially where local 58 

population sizes are small (Lande et al. 2003). Yet we lack a clear understanding of how 59 

random demographic events at the individual and population level cascade into turnover in 60 

species composition through time, and how the relative influence of demographic and 61 

environmental processes reorganizes across spatial scales. This gap persists despite the 62 

growing recognition of stochastic processes in ecosystems (Vellend 2016, Leibold and Chase 63 

2018) and the increasing need to understand biodiversity temporal dynamics under global 64 

change (Shimadzu et al. 2015, Magurran et al. 2019, Tatsumi et al. 2021, Dornelas et al. 65 

2023).  66 

Demographic stochasticity is chance variation in individual fates (births, deaths) 67 

whose relative influence increases as population size declines (Reed and Hobbs 2004, 68 

Melbourne and Hastings 2008). At the population level, these random events produce drift-69 

like temporal trajectories (Lande 1993). When such dynamics occurs independently among 70 

localities it generates asynchronous population dynamics that, when scaled up, can result in 71 

relatively large within-site compositional turnover through time (high temporal β-diversity) 72 

and also in high among-site dissimilarity in snapshot surveys (Siqueira et al. 2020, Jacobi and 73 

Siqueira 2023). Thus, compositional turnover metrics summarize the community-level 74 
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expression of these dynamics, providing a scalable, indirect signal of demographic drift 75 

rather than directly estimating species-level variance. 76 

Environmental stochasticity (i.e., temporal variation in abiotic or biotic conditions) 77 

differs qualitatively from demographic noise because it can affect many individuals 78 

simultaneously (Lande et al. 2003). These processes leave different empirical signatures. 79 

Whereas demographic stochasticity generates uncorrelated, site-specific random walks in 80 

abundance (Melbourne and Hastings 2008), environmental stochasticity can produce 81 

synchronized temporal responses across sites if the driver is spatially correlated (Bjørnstad et 82 

al. 1999). So, interpreting static and temporal diversity patterns requires explicit attention to 83 

spatial scale and correlation structure. Beyond interannual variability, long-term climatic 84 

regimes (e.g., mean temperature, precipitation, and seasonality) constrain species pools, life-85 

history strategies, and dispersal capacities, thereby shaping baseline community composition 86 

and turnover potential across regions (Tonkin et al. 2017, Khaliq et al. 2024). Although such 87 

regimes provide the broader environmental template within which stochastic fluctuations 88 

operate, our focus here is on interannual variability and spatial synchrony as proximate 89 

drivers of temporal compositional change. 90 

These contrasting dynamics are expected to influence temporal changes in spatial β-91 

diversity (Tatsumi et al. 2021). Asynchronous, drift-like turnover can maintain or amplify 92 

spatial β-diversity over time, whereas synchronized environmental factors tends to 93 

homogenize communities across sites. Both processes can also increase local extinction risk 94 

when populations are small (Lande et al. 2003), and the spatial pattern of extinctions 95 

determines whether communities differentiate or homogenize through time (Olden et al. 96 

2004). The balance between drift, environmental selection, and dispersal ultimately 97 

determines how local population fluctuations scale up to regional compositional change, even 98 
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though dispersal and spatial averaging may mitigate these effects (Arim et al. 2023, Suzuki 99 

and Economo 2024).  100 

Disentangling these mechanisms in observational data is difficult because unmeasured 101 

or noisy environmental drivers can mimic demographic signals. Empirical studies therefore 102 

rely on indirect, pattern-based approaches rather than explicit variance partitioning, reflecting 103 

the limits of observational time series. For example, previous work has used community size 104 

(e.g., total number of individuals; Orrock & Watling, 2010) and area (Liu et al. 2018) as 105 

proxies for susceptibility to demographic noise, comparing observed patterns to null 106 

simulations, and applying dynamic models that partition demographic and environmental 107 

stochasticity (Cohen et al. 2013, Nakadai 2021, Knape et al. 2023). Thus, in observational 108 

studies community size is treated as a composite, indirect proxy for susceptibility to 109 

demographic variance, rather than as a direct measure of demographic stochasticity per se. 110 

For example, if smaller communities exhibit higher compositional variability or weaker 111 

environmental relationships, this suggests demographic noise plays a role, while 112 

acknowledging that temporal β-diversity may also reflect species-specific environmental 113 

responses, transient colonization–extinction dynamics, and observation error (Gilbert and 114 

Levine 2017, Siqueira et al. 2020). Recent research supported this strategy by showing that 115 

while the strength of environmental filtering increased with community size, spatial β-116 

diversity in fish communities decreased (Jacobi and Siqueira 2023). However, large-scale 117 

empirical tests that simultaneously evaluate local and regional compositional variability 118 

across nested spatial extents and interpret these patterns against explicit stochastic baselines 119 

remain rare. This limitation hampers our ability to rigorously distinguish demographic 120 

scaling from environmentally structured spatial dynamics. 121 

Considering this framing and the widespread population declines that potentially 122 

increase vulnerability to demographic noise (McCallum 2015, He et al. 2019, Almond et al. 123 
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2020), we investigated how the relative influence of demographic stochasticity and 124 

environmental variability on compositional dynamics (temporal β-diversity and temporal 125 

changes in spatial β-diversity) shifts across spatial scales. At the local scale, where population 126 

sizes are finite and demographic noise is expected to be strongest, we predicted that (1) 127 

abundance-based temporal β-diversity should increase as mean community size decreases, 128 

reflecting greater susceptibility to drift-like fluctuations. In contrast, at broader spatial scales, 129 

we predicted that (2) spatially synchronized environmental variation would better explain 130 

temporal changes in spatial β-diversity, consistent with environmental forcing increasingly 131 

shaping regional compositional dynamics once local demographic fluctuations are aggregated 132 

across sites. Also, because our response variables quantify inter-annual changes in 133 

composition, we emphasized environmental dimensions that vary among years and 134 

synchronize across sites, while treating longer-term climatic regimes as contextual constraints 135 

rather than direct drivers of temporal turnover. 136 

To test these expectations, we first used simulations to validate whether β-diversity 137 

metrics reliably captured demographic variability under neutral-like dynamics that excluded 138 

environmental heterogeneity and niche differentiation, thereby establishing a demographic 139 

baseline for metric behaviour. We then analyzed 468 fish-community time series (1981–140 

2019; 39 regions), modeling local and regional compositional variability against community 141 

size, environmental drivers, and species richness. By combining simulation and large-scale 142 

empirical analyses, we evaluated whether observed scaling relationships align with stochastic 143 

baseline expectations or instead indicate additional environmentally structured regional 144 

dynamics. 145 

 146 

Material and methods 147 

Data 148 
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We ran our empirical analyses using data from three databases. From the RivFishTIME 149 

(Comte et al. 2021), we obtained time series count data of riverine fish around the globe. 150 

TerraClimate (Abatzoglou et al. 2018) provided high-resolution monthly and WorldClim 151 

(Fick and Hijmans 2017) provided annual mean and seasonality data for environmental 152 

variables, from which we extracted time series data for precipitation, maximum air 153 

temperature, and minimum air temperature (which is a good proxy for water temperature 154 

(Stefan and Preud’homme 1993).  155 

We defined a metacommunity as the set of sites within basin delineations 156 

(HydroBASINS level 7) (Lehner and Grill 2013) and assigned a Strahler stream order for 157 

each sampled site using information from the HydroRIVERS network (Lehner and Grill 158 

2013). We then selected metacommunities that met the following criteria: (1) comprised at 159 

least five communities in first to third-order streams, (2) were sampled at least four times in 160 

different years, and (3) had at least five species. When dealing with metacommunity data 161 

comprising multiple sampling events per year, we selected the sampling date with the highest 162 

number of sampled sites to maximize the sample size. We selected these thresholds 163 

pragmatically to balance spatial replication (minimum number of communities), temporal 164 

replication (minimum number of years), and sufficient community complexity for reliable 165 

estimation of β-diversity metrics. These steps resulted in 468 communities distributed within 166 

39 metacommunities, sampled from 1981 to 2019, located in the Australasia (12), Nearctic 167 

(12), and Palearctic (15) biogeographical realms (see Appendix S1: Figure S1). These 168 

metacommunities were composed on average of 12 communities (standard deviation = 9) 169 

sampled, on average, 11 times in the time-series (standard deviation = 5) with an average 170 

temporal extent of 14 years (standard deviation = 5). All data selection and manipulation 171 

were performed in R v. 4.2.1 (www.r-project.org) using the packages ncdf4 (Pierce 2023), 172 

mapview (Appelhans et al. 2023) raster (Hijmans et al. 2023), sf (Pebesma 2018, Pebesma 173 
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and Bivand 2023), sp (Pebesma and Bivand 2005, Bivand et al. 2013), and tidyverse 174 

(Wickham et al. 2019). 175 

 176 

Metrics of community size and species richness 177 

We quantified local community size as the median number of individuals over time, 178 

representing the central tendency of population vulnerability to demographic stochasticity; 179 

that is, smaller values indicated communities where demographic stochasticity was more 180 

likely to occur. At the regional scale, we calculated metacommunity size as the median of 181 

these local medians over time. In addition to these measures of central tendency, we also 182 

included the temporal coefficient of variation (CV) in community size as a predictor of 183 

compositional variability at both local and regional scales.  184 

Additionally, we calculated the proportion of species in the lowest abundance 185 

category (PL), which represents the share of relatively rare species in the regional species 186 

pool, following (Xiao et al. 2025). For each site we defined PL as the proportion of species 187 

whose mean abundance over the time series (for that specific site) fell in the lowest 188 

abundance bin of the observed species–abundance distribution, and we computed an 189 

analogous PL for each region. PL at the local scale was calculated by considering the whole 190 

set of samples within a community through time (the whole time series for each community) 191 

as the species pool. For regional PL, we calculated PL at the metacommunity level (the whole 192 

metacommunity was the species pool) for each time step and then used the median of these 193 

values for each metacommunity. For our regional models, we also included the temporal 194 

coefficient of variation (CV) of PL to account for fluctuations in the relative share of rare 195 

species through time. We included PL as an additional predictor at both local and regional 196 

scales because the share of relatively rare species may modulate susceptibility to 197 

demographic drift and to environment-driven losses, and thus influence temporal β-diversity. 198 
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To represent local species richness, we estimated the median asymptotic richness of 199 

each community over time. At the regional scale, we estimated gamma diversity as the 200 

median asymptotic richness of each metacommunity over time. Asymptotic richness was 201 

estimated with the iNEXT package (Hsieh et al. 2022), which combines extrapolation and 202 

interpolation techniques. 203 

 204 

Environmental predictors of temporal variability in species composition 205 

Environmental predictors of temporal variability in species composition included the 206 

coefficient of variation (CV) of maximum (CV tmax) and minimum (CV tmin) temperature 207 

and of precipitation (CV ppt). These metrics were measured by dividing the standard 208 

deviation of temperature and precipitation values at each site over time by the mean of these 209 

values.  210 

We measured environmental synchrony within metacommunities by calculating the 211 

correlation of each environmental variable between communities over time (synchrony of 212 

maximum temperature = syn tmax, synchrony of minimum temperature = syn tmin, 213 

synchrony of precipitation = syn ppt). A high correlation or environmental synchrony would 214 

indicate that the environmental conditions being analyzed changed similarly across sites, 215 

while a low synchrony indicates that environmental conditions vary more independently 216 

across sites. Our focus on interannual variability and spatial synchrony reflects our interest in 217 

temporal drivers of compositional change, rather than in mean climatic conditions or 218 

seasonality per se. 219 

Finally, we also investigated if sample size (number of samples collected) and time 220 

series length (temporal extent of sampling) at both community and metacommunity levels, 221 

and metacommunity spatial extent could counfound the estimated relationships. We 222 

measured the spatial extent of each metacommunity by calculating the mean Euclidean 223 
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distance between the central point of each metacommunity and its constituent communities. 224 

The mean distance between communities provides a measure of the overall spatial extent of 225 

the region encompassed by the metacommunity. We used the geosphere package (Hijmans 226 

2022) to perform these calculations.  227 

 228 

Metrics of temporal variability in species composition 229 

A major challenge involved in relating community size to metrics of spatial and 230 

temporal variability in species composition is that they can be mathematically related to each 231 

other regardless of the underlying assembly process (Beck et al. 2013, Chase and Knight 232 

2013, Barwell et al. 2015, Cao et al. 2021b). Thus, to select appropriate metrics of temporal 233 

variability that could be modeled against community size, we first simulated 234 

metacommunities without environmental heterogeneity and niche differentiation, such that 235 

species were ecologically equivalent and community dynamics were governed solely by 236 

stochastic birth–death processes and dispersal, according to the following steps.  237 

Riverine networks were simulated using the mcbrnet R package (Terui and Pomeranz 238 

2023). We first simulated random branching networks using the function brnet, which were 239 

then used in the mcsim function to simulate metacommunity dynamics. Since we were 240 

interested in simulating metacommunities without niche differentiation, we simulated species 241 

with similar niches along a spatially homogeneous environment by setting species to share 242 

identical niche optima (niche_optim = 0) and removing environmental heterogeneity (sd_env 243 

= 0; spatial_env_cor = FALSE). Carrying capacity was similar within communities in a given 244 

metacommunity but varied randomly among metacommunities (ranging from 50 to 150 245 

individuals) and was specified at the patch level, such that all species within a community 246 

were regulated by a shared total carrying capacity. We manipulated random mortality 247 

intensity and carrying capacity to approximate metacommunity sizes observed in the 248 
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empirical datasets. We assigned the same dispersal probability to all species in each 249 

simulation but conducted multiple simulations with different probabilities (high: 1, 250 

intermediate: 0.5, low: 0.1) to assess their impact on the relationship between a metric of 251 

temporal variability and community size. Dispersal probability represented the likelihood that 252 

locally produced offspring emigrated to a connected patch within the branching network, 253 

with movement constrained by network connectivity. 254 

Each simulation included 39 metacommunities, matching the empirical dataset. These 255 

metacommunities contained 5 to 30 communities and 5 to 48 species, reflecting the observed 256 

numbers in the empirical data. We ran each simulation for a total of 1000 time steps. After 257 

that, we selected species composition in ten time-steps (100, 200, 300, 400, 500, 600, 700, 258 

800, 900, and 1000) as our temporal samples to measure the temporal variability at both local 259 

(within each community) and regional (among communities) scales using different metrics: 260 

(i) temporal variability in species composition at the local and regional scales, employing the 261 

metric proposed by Lamy et al., (2021) and implemented in the ltmc package (Sokol and 262 

Lamy 2022) and (ii) temporal beta diversity, measured as the median of species rank changes 263 

(Avolio et al. 2019) within each community over time, using the RAC_change function in the 264 

codyn package (Hallett et al. 2016), and (iii) temporal variation in spatial turnover within 265 

metacommunities, via the RAC_difference function in the codyn package (Hallett et al. 266 

2016). The median difference in species rank among communities within metacommunities 267 

was calculated at each time step.  268 

Finally, we regressed all these metrics of temporal variability against median 269 

community size over time and compared the outcomes. Because these simulations excluded 270 

environmental heterogeneity and niche differentiation, any relationship between community 271 

size and compositional metrics arises solely from intrinsic stochastic demographic processes 272 

operating under neutral assumptions, without additional environmental forcing or sampling 273 
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effects (as full simulated community states were analysed without subsampling). This neutral 274 

baseline therefore allows us to assess whether observed size dependence in candidate β-275 

diversity metrics reflects demographic scaling inherent to stochastic population dynamics or 276 

additional mathematical coupling with abundance distributions independent of demographic 277 

scaling. Metrics that show strong size dependence under these neutral conditions may 278 

conflate demographic scaling with statistical properties of abundance distributions, whereas 279 

metrics that remain insensitive to size provide a more conservative basis for interpreting 280 

empirical patterns.  281 

 282 

Linear models 283 

Modelling temporal β-diversity 284 

The response variable selected to represent temporal variability in species 285 

composition, rank change (see results), represents values bounded between 0 and 1. To meet 286 

model assumptions of homoscedasticity and normality of residuals for Gaussian models, rank 287 

change was transformed using a logit transformation with a small offset (1e-6) to avoid zeros. 288 

Predictor variables were standardized (mean = 0, SD = 1) to improve model convergence and 289 

facilitate interpretation of effect sizes. We assessed multicollinearity among all predictors 290 

using variance inflation factors (VIF), and all values were below 2, indicating no cause for 291 

concern. We also tested for and found no significant correlation between rank change and 292 

two potential confounding variables, time series length and number of samples per time 293 

point. As we had no a priori hypotheses for these variables, they were excluded from the final 294 

models to aid interpretation and avoid overfitting. 295 

We evaluated a series of increasingly complex linear models to explain temporal 296 

variability in local species composition (logit–transformed rank change). First, we fitted a 297 

beta regression including our standardized predictors: median community size, its temporal 298 
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coefficient of variation (CV), the proportion of species in the lowest abundance category 299 

(PL), estimated richness, and the CV of minimum temperature, maximum temperature, and 300 

precipitation. Next, we added a random intercept for metacommunity identity to account for 301 

non‐independence among sites, and then introduced a dispersion submodel so that residual 302 

variance could vary as a function of community size, CV of community size, and PL. 303 

Likelihood‐ratio tests and AIC comparisons showed that both the random effect and the 304 

heteroskedasticity component improved model fit (Appendix S1: Table S1). 305 

Because our response is bounded between 0 and 1, we then refitted this full structure 306 

under both beta and Gaussian families. Although AIC favored the beta formulation, graphical 307 

and statistical diagnostics of residuals from the beta model (using DHARMa simulated-308 

residual tests) revealed major issues with dispersion and quantile deviations. In contrast, the 309 

same diagnostics showed that the Gaussian location–scale model more closely met 310 

underlying assumptions, with a uniform QQ-plot and no dispersion issues. Furthermore, a 311 

check for out-of-bounds predictions from the Gaussian model found that none of the 312 

predictions fell outside the [0,1] interval. Based on these checks, we selected the Gaussian 313 

location–scale model for all subsequent inference.  314 

To account for the possibility that long-term climatic regimes provide the ecological 315 

context within which inter-annual variability and demographic processes operate, we 316 

systematically incorporated additional climate variables into this base model. We sequentially 317 

added mean annual temperature, annual precipitation, temperature seasonality, precipitation 318 

seasonality, and temperature annual range, each time checking variance inflation factors 319 

(VIF) to avoid multicollinearity. Candidate models were compared using AIC, and the best-320 

supported model included mean annual temperature and temperature seasonality alongside 321 

the original predictors, while retaining the random basin intercept and dispersion subformula 322 

(Appendix S1: Table S2). 323 
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Spatial autocorrelation in model residuals was initially strong (Moran's I = 0.192, p < 324 

0.001). To address this, we incorporated spatial polynomials of latitude and longitude, 325 

including second‑order terms and their interaction. This substantially reduced residual spatial 326 

autocorrelation (Moran's I = 0.045, p = 0.003) and improved model fit (ΔAIC = –26.1). We 327 

also tested nesting basins within freshwater ecoregions, but this additional random effect did 328 

not improve model fit (ΔAIC = +2.0) and was therefore not retained. The final model thus 329 

includes basin‑level random intercepts, spatial polynomials, and the heteroskedastic 330 

dispersion subformula. 331 

We estimated model explanatory power using marginal and conditional R² values 332 

derived from the location component of the Gaussian GLMM, which included fixed effects 333 

and a random intercept for metacommunity identity. These R² values quantify the proportion 334 

of variance explained by the fixed effects alone (marginal R²) and by both fixed and random 335 

effects combined (conditional R²), but do not account for variation explained by the 336 

dispersion (variance) model.  337 

 338 

Modelling temporal changes in spatial β-diversity 339 

To analyze temporal changes in spatial β-diversity, we followed a similar model-340 

building and selection procedure as we did for temporal β-diversity. The response variable, 341 

the coefficient of variation in species ranks across sites within a metacommunity (CV_rank), 342 

is also a proportional measure bounded between 0 and 1. Consequently, it was logit-343 

transformed with a small offset (1e-6) to avoid zeros, and all predictor variables were 344 

standardized (mean = 0, SD = 1). We again tested for correlations with time series length and 345 

number of samples per time point. Because we found none, we excluded these variables from 346 

subsequent models as they were not part of our core hypotheses. 347 
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We then assessed multicollinearity among our candidate predictors. Variance inflation 348 

factors (VIF) identified high collinearity among the temperature and precipitation synchrony 349 

metrics. We retained only synchrony in precipitation, which is most biologically relevant for 350 

our study systems, resulting in all VIF values below acceptable thresholds. Similarly, mean 351 

annual temperature, temperature seasonality, and temperature annual range exhibited high 352 

VIF values (>5) and were therefore excluded from the candidate set to avoid 353 

multicollinearity. 354 

We then evaluated a series of models. First, we fitted a beta regression with a logit 355 

link including all standardized predictors. Unlike the model for temporal β-diversity, the 356 

addition of a dispersion submodel (allowing residual variance to vary as a function of 357 

metacommunity community size, median proportion of rare species, synchrony in 358 

precipitation, and regional CV of community size) did not improve model fit (LRT: χ² = 7.94, 359 

df = 4, p = 0.094). We therefore proceeded with the simpler homoscedastic beta regression. 360 

We compared this beta GLM to a Gaussian GLM with an identity link. In contrast to 361 

our model for temporal β-diversity, AIC favored the beta model (ΔAIC = 10.2; Appendix 362 

S1). Diagnostic checks using DHARMa revealed no issues with dispersion, uniformity, or 363 

outliers for the beta model, confirming that it met all necessary assumptions. A check for out-364 

of-bounds predictions confirmed that none of the predictions fell outside the [0,1] interval.  365 

We tested the inclusion of mean annual precipitation and precipitation seasonality as 366 

additional fixed effects in the beta regression framework. Neither variable improved model fit 367 

(ΔAIC = +2.55, p = 0.48), and both were non-significant predictors of spatial β-diversity 368 

variability. We also examined whether accounting for broad‑scale spatial structure or 369 

ecoregion identity was necessary. A test for residual spatial autocorrelation was non-370 

significant (Moran's I = –0.106, p = 0.39), and the addition of a random intercept for 371 

freshwater ecoregion did not improve model fit (ΔAIC = +2.00). 372 
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Based on these results, we selected the homoscedastic beta regression for all 373 

subsequent inference. A full summary of the model selection procedure, including AIC 374 

values for all compared models, is provided in Appendix S1: Table S1. 375 

All model fitting was conducted in glmmTMB (Brooks et al. 2017), residuals were 376 

checked with DHARMa (Hartig 2024), and p‑values for fixed effects were obtained from 377 

Type II Wald χ² tests in the car package (Fox and Weisberg 2019). All analyses were 378 

conducted in R version 4.2.1 (R Core Team, 2022). 379 

 380 

Results 381 

Metrics of temporal variability in simulated metacommunities  382 

Our simulations indicated that most metrics of temporal variability in species 383 

composition had a relationship with community size. The LTMC metric (temporal turnover 384 

within communities) exhibited a consistent negative relationship with community size at the 385 

local scale and, at the regional scale, showed a negative relationship in some simulations, 386 

whereas in others no such pattern was observed (see Appendix S1: Table S2). However, 387 

when a relationship was present at the regional scale, it exhibited high explanatory power. 388 

The species rank difference metric was positively related to community size in most 389 

simulations at the regional scale; however, the explanatory power of the models (R2) was 390 

consistently low across all simulation scenarios (mean R2 = 0.03; see Appendix S1: Table 391 

S2). The species rank change metric (temporal variability in rank abundance curves) was the 392 

only metric that was consistently not related to community size at the local scale (see 393 

Appendix S1: Table S2). 394 

Thus, because the rank-abundance metrics showed no consistent size dependence 395 

under neutral-like dynamics, we used them to analyze the empirical data. More specifically, 396 

to represent temporal variability in species composition for each community (temporal β-397 
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diversity within communities), we used the species-rank change metric. To represent 398 

temporal changes in spatial β-diversity within metacommunities, we used the coefficient of 399 

variation of rank differences across years.  400 

 401 

Relationships in the empirical dataset 402 

Temporal β-diversity 403 

The final Gaussian location-scale mixed model (family: Gaussian, link: identity) 404 

explained 29.8% of the variance in temporal β-diversity (conditional R² = 0.298; marginal R² 405 

= 0.294). Temporal β-diversity was influenced by both community properties and climatic 406 

regimes (Table 1). 407 

In the conditional (mean) component of the model, median community size was 408 

negatively related to compositional variability (β = -0.004, SE = 0.002; Wald χ² = 5.15, df = 409 

1, p = 0.0023; Figure 1a), while temporal variability in community size (CV) was positively 410 

related (β = 0.012, SE = 0.002; Wald χ² = 25.25, df = 1, p = 5.02e-07; Figure 1b). Local 411 

species richness was also positively related to temporal β-diversity (β = 0.014, SE = 0.003; 412 

Wald χ² = 18.40, df = 1, p = 1.79e-05; Figure 1c). The proportion of species in the lowest 413 

abundance category (PL) was not a main predictor of temporal β-diversity. Both mean annual 414 

temperature (β = 0.045, SE = 0.018; Wald χ² = 6.19, p = 0.013) and temperature seasonality 415 

(β = 0.070, SE = 0.009; Wald χ² = 52.80, p = 3.69e-13) were strong positive predictors, with 416 

temperature seasonality showing the largest effect among all covariates (Table 1). 417 

The dispersion component of the model revealed that residual variance declined with 418 

increasing community size (β = -0.665, SE = 0.079; z = -8.45, p = 2e-16), temporal 419 

variability in community size (β = -0.245, SE = 0.070; z = -3.51, p = 0.0004), and the 420 

proportion of species in the lowest abundance category (β = -0.334, SE = 0.063; z = -5.33, p 421 

= 1.19e-07). 422 
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 423 

Temporal changes in spatial β-diversity 424 

The beta regression model (family: beta, link: logit) explained 31% of the variance in 425 

temporal variability of spatial β-diversity (Ferrari's R² = 0.311). Variability was primarily 426 

influenced by environmental synchrony and only marginally by community properties (Table 427 

2). Spatial synchrony in precipitation was negatively related to variability in spatial β-428 

diversity (β = -0.153, SE = 0.073; Wald χ² = 4.42, df = 1, p = 0.036), indicating that 429 

metacommunities in regions with more synchronized precipitation conditions across sites 430 

exhibited more stable spatial structure over time. 431 

The coefficient of variation in community size showed a positive, marginal 432 

relationship with temporal variability in spatial β-diversity (β = 0.138, SE = 0.076; Wald χ² = 433 

3.29, df = 1, p = 0.069). Community size, gamma diversity, the proportion of rare species, its 434 

variability, and mean distance among sites had no effect on temporal variability in spatial β-435 

diversity (Table 2). 436 

 437 

Discussion  438 

Our research indicates that demographic stochasticity scales up to structure temporal 439 

β-diversity, with environmental factors becoming progressively dominant at broader spatial 440 

scales. At the local scale, temporal β-diversity was higher in communities with smaller 441 

populations, greater fluctuations in total community abundance and higher species richness. 442 

Climatic regime variables, particularly temperature seasonality, were positively associated 443 

with local temporal β-diversity, indicating that inter-annual compositional dynamics unfold 444 

within broader environmental contexts (Qian et al. 2009, Keil et al. 2012). At the regional 445 

scale, temporal variability in spatial β-diversity was primarily associated with the spatial 446 

synchrony of precipitation, with more synchronized environments exhibiting lower regional 447 
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compositional variability. Together, these findings indicate that the interplay between 448 

demographic stochasticity and environmental selection determines the degree and 449 

predictability of compositional change across spatial scales, reflecting a mechanistic rather 450 

than statistical transition in dominant drivers.  451 

Our finding that temporal β-diversity is higher in small and more variable (in size) 452 

communities highlights how demographic stochasticity can scale up to shape community 453 

dynamics. We emphasize that community size functions here as an indirect proxy for 454 

susceptibility to demographic variance, integrating species with different abundances, life 455 

histories, and sensitivities to environmental variation, and potentially also observation error. 456 

But there is no doubt that when mean abundance is low, each birth or death event represents a 457 

larger proportional change in population size, amplifying random fluctuations that 458 

accumulate through time and increasing the probability of local extinction (Lande, 1993). 459 

High temporal variance in community size may further weaken deterministic fitness 460 

differences, promoting rank reshuffling (Orrock and Watling 2010, Gilbert and Levine 2017, 461 

Legault et al. 2019) and extinction-recolonization dynamics, increasing compositional 462 

unpredictability (Leibold and Chase 2018, Tabi et al. 2024). The dispersion component of our 463 

model reinforces this interpretation, as residual variance declined strongly with increasing 464 

mean community size, consistent with the inverse scaling of demographic stochasticity with 465 

population size.   466 

Beyond demographic influences, the climatic context serves as a macroecological 467 

template for communities. Temperature seasonality was the strongest climatic correlate of 468 

temporal β-diversity, with higher intra-annual thermal variability associated with greater 469 

inter-annual compositional change; mean annual temperature also showed a positive 470 

relationship. Riverine communities embedded in more seasonal environments may 471 

experience stronger life-history filtering (Hernández-Carrasco et al. 2025). Conversely, in 472 
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warmer climates, communities may be more subject to stochastic assembly processes, as 473 

higher temperatures accelerate metabolic rates and generation times, leading to smaller 474 

population sizes and greater demographic stochasticity (Saito et al. 2021a, 2021b), thereby 475 

amplifying intra- and inter-annual compositional variability (Coffman and de la Rosa 1998, 476 

Siqueira et al. 2008, Hernández-Carrasco et al. 2025). Thus, in systems where seasonal 477 

filtering produces communities of species with narrow environmental tolerances, inter-annual 478 

climatic deviations may trigger disproportionately large compositional responses, potentially 479 

amplifying the intrinsic variability already associated with warmer temperatures. Species 480 

richness was also positively correlated with temporal β-diversity, consistent with more 481 

diverse communities having a wider pool of colonists and alternative trait combinations that 482 

increase the number of potential community states (Leibold and Chase 2018, Saito et al. 483 

2021b, Arim et al. 2023). However, because rank_change captures relative reordering across 484 

the full species pool, its sensitivity varies with richness (Hallett et al. 2016). In species-poor 485 

communities, a single species replacement generates larger rank shifts than equivalent 486 

turnover in richer communities. The positive richness–β-diversity relationship may therefore 487 

partly reflect differences in metric sensitivity across the restricted, temperate-biased diversity 488 

gradient in our dataset (Cao et al. 2021a, Hernández-Carrasco et al. 2026), rather than solely 489 

greater ecological dynamism in species-rich systems.  490 

Rather than explicitly partitioning demographic and environmental variance as in 491 

parametric population-dynamic frameworks (e.g., Sæther et al. 2013), we infer their relative 492 

influence using scale-explicit compositional metrics. Our simulation baseline supports this 493 

inference. Under purely stochastic dynamics without environmental structure, the 494 

rank_change metric showed no systematic relationship with community size across scales. 495 

This indicates that the observed scaling pattern is unlikely to arise from metric artefacts alone 496 

and is consistent with a contribution of demographic stochasticity to local compositional 497 
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variability. Because rank shifts are nonlinearly related to abundance fluctuations, however, 498 

small changes near rank boundaries can generate disproportionate changes in ordering. The 499 

rank_change metric therefore captures relative compositional reorganization rather than 500 

direct estimates of demographic variance, and abundance-based parametric models would 501 

complement this approach by explicitly decomposing these components. Crucially, the 502 

empirical patterns diverge from the simulated stochastic baseline in an ecologically 503 

informative way. Instead of the scale-invariant relationship predicted by the simulations, we 504 

observed a strong negative relationship locally and little to none regionally, which is 505 

consistent with local demographic susceptibility but regional environmental forcing. 506 

Shifting from local to regional scale, a fundamentally different mechanism emerged. 507 

In river networks, spatially synchronized precipitation can induce correlated hydrological 508 

responses across catchments – a Moran-type effect (Ranta et al. 1997, Liebhold et al. 2004) 509 

extended to community composition – reducing opportunities for asynchronous species 510 

turnover and limiting spatial reorganization of communities through time. Consistent with 511 

this, we found a negative relationship between precipitation synchrony and temporal 512 

variability in spatial β-diversity. When environmental forcing is synchronized across sites, 513 

compensatory turnover is reduced, dampening regional compositional variability (Lamy et al. 514 

2021). Unlike its strong local influence, the absence of a community-size effect at the 515 

regional scale is consistent with stochastic fluctuations being attenuated through spatial 516 

aggregation at regional scales rather than disappearing (Barbosa et al. 2025). The influence of 517 

precipitation synchrony is likely further mediated by dendritic network architecture. Because 518 

river networks are organized dendritically, hydrological pulses are integrated and propagated 519 

more extensively through well-connected mainstems than through isolated headwater streams 520 

(Campbell Grant et al. 2007), a process that amplifies spatial synchrony in both 521 

environmental conditions and community composition across the network (Ruhi et al. 2018). 522 
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Also, in dendritic networks, the dispersal of aquatic organisms can be mostly restricted to 523 

branching, directional pathways (Fagan 2002), creating a system where network position 524 

dictates connectivity (Siqueira et al. 2014, Terui et al. 2018). Explicitly incorporating 525 

network position into future analyses would allow a more mechanistic decomposition of 526 

environmental and dispersal-mediated components of temporal variations in spatial β-527 

diversity. Although landscape features such as vegetation cover may further mediate 528 

hydrological, thermal, and compositional responses (Dala-Corte et al. 2020, Schneck et al. 529 

2022, Collyer et al. 2023), resolving those interactions would require temporally explicit 530 

land-use data beyond the scope of this analysis. 531 

Several caveats warrant consideration. First, community size is an indirect proxy for 532 

demographic susceptibility and does not measure per-capita demographic variance directly. 533 

Second, fish counts may be affected by imperfect detection that varies with abundance or 534 

habitat. Third, our environmental predictors are annual summaries (TerraClimate) and may 535 

miss ecologically important extremes or intra-annual hydrological dynamics (e.g., floods, 536 

droughts) that drive turnover in riverine systems. Fourth, requiring ≥4 temporal replicates 537 

produced a dataset strongly biased toward temperate regions, which constrains not only 538 

sample coverage but the interpretation of our climatic findings. The relationships involving 539 

temperature seasonality and mean annual temperature should therefore be understood as 540 

applying primarily to more seasonal riverine systems. Ecological processes structuring β-541 

diversity differ across latitudinal gradients, and tropical systems, which are often 542 

characterized by distinct hydrological dynamics and higher diversity (Phillips et al. 2017, 543 

Shumilova et al. 2019), may exhibit markedly different climate–composition relationships. 544 

Expanding long-term monitoring in tropical regions is essential to evaluate generality. 545 

Understanding these scale-dependent processes is essential in a time of widespread 546 

population declines (McCallum 2015, Leuenberger et al. 2025). Because demographic 547 
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stochasticity shapes population dynamics (Otto and Whitlock 1997, Whitlock 2004, Willi et 548 

al. 2006), its effects scale up to communities. We identify a shift from demographic to 549 

environmental forcing with increasing scale. At the local scale, demographic stochasticity 550 

and climatic regime jointly structure compositional variability, whereas at the regional scale, 551 

environmental factors predominate. By linking spatial scale to demographic and 552 

environmental control, our study integrates population and community theory (Lande 1993, 553 

Vindenes and Engen 2017, Leibold and Chase 2018) and provides a framework for 554 

interpreting temporal β-diversity under environmental change. Future work combining long-555 

term standardized time series with parametric community models could directly estimate 556 

demographic and environmental variance components, complementing the comparative, 557 

scale-explicit approach adopted here. 558 
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 840 

Table 1. Summary of fixed effects from the Gaussian location-scale GLMM modeling 841 

temporal β-diversity (rank change). The model includes ecological predictors related to local 842 

community size, environmental variability, and species richness. PL = proportion of species 843 

in the lowest abundance category. All predictors were standardized prior to model fitting. All 844 

Wald chi-square tests were performed with 1 degree of freedom. Spatial variables included to 845 

account for spatial autocorrelation in the resilduals are not shown; all were associated with P-846 

values > 0.05, except for the second order polynomial of latitude.  847 

 848 

Predictor Estimate Std. Error Wald χ² p-value 

Conditional Model (Mean)     

(Intercept) 0.227 0.053 – 2e-16 

Local community size –0.004 0.002 5.15 0.023 

CV of community size 0.012 0.002 25.25 5.024e-07 

PL 0.003 0.003 1.18 0.276 

Annual mean temperature 0.045 0.018 6.19 0.013 

Temperature seasonality 0.070 0.009 52.80 3.690e-13 

Species richness 0.014 0.003 18.40 1.791e-05 

 849 

  850 
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 851 

Table 2. Summary of fixed effects from the beta regression used to model temporal 852 

variability in spatial β-diversity. The model includes ecological predictors related to 853 

community size, environmental variability, and species richness. PL = proportion of species 854 

in the lowest abundance category. All predictors were standardized prior to model fitting. All 855 

Wald chi-square tests were performed with 1 degree of freedom. 856 

 857 

Predictor Estimate Std. Error Wald χ² p-value 

Intercept –2.468 0.072 – 2e-16 

Metacommunity size –0.032 0.091 0.12 0.7250 

Median PL 0.010 0.108 0.01 0.9278 

CV of PL 0.183 0.113 2.61 0.1059 

Spatial extent 0.041 0.070 0.34 0.5620 

Precipitation synchrony –0.153 0.073 4.42 0.0356 

CV of metacommunity size 0.138 0.076 3.29 0.0699 

Gamma diversity 0.028 0.111 0.06 0.8020 

 858 

  859 
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 860 

[double column] 861 

Figure 1. Partial effects of main predictors (p < 0.05) on predicted temporal variability in 862 

species composition (rank change) from the best-fitting Gaussian GLMM. (a) Local 863 

community size, (b) coefficient of variation of community size, (c) estimated species 864 

richness, (d) annual mean temperature, and (e) temperature seasonality. Shaded areas 865 

represent 95% confidence intervals. All predictors were scaled (mean = 0, SD = 1) prior to 866 

model fitting. 867 
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Table S1. Model selection for the analysis of temporal variability. Top: Local-scale 

analysis of temporal β-diversity (rank change). Bottom: Regional-scale analysis of 

temporal variability in spatial β-diversity (CV_rank). All models were fitted using 

maximum likelihood. ΔAICc represents the difference in AICc relative to the best model 

within each response variable group. AICc weights (AICcWt) indicate the probability that 

a given model is the best among the candidate set. The final selected models for each 

response are highlighted in bold. 

Model Description K AICc ΔAICc AICcWt logLik 

Temporal β-diversity 
(local scale) 

      

fit1_gauss Fixed effects only 
(Gaussian) 9 –1201.36 174.27 0.00 609.87 

fit2_gauss + Random intercept 
(hybas_id) 10 –1206.99 168.63 0.00 613.74 

fit3_gauss + Dispersion 
submodel 13 –1299.12 76.50 0.00 662.96 

fit3_beta Beta distribution (full 
structure) 13 –1375.63 0.00 1.00 701.21 

temp + Annual mean 
temperature 14 –1303.05 72.58 0.00 665.99 

precip + Annual 
precipitation 14 –1297.86 77.77 0.00 663.39 

with_seasonality 
+ Temp. seasonality 
+ Precip. 
seasonality 

15 –1303.32 72.31 0.00 667.19 

temp_range + Temperature 
annual range 14 –1302.38 73.25 0.00 665.65 

precip_full + Annual precip. + 
Precip. seasonality 15 –1298.94 76.68 0.00 665.00 

fit7 
+ Annual mean 
temp. + Temp. 
seasonality 

12 –1316.45 59.17 0.00 670.57 
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Model Description K AICc ΔAICc AICcWt logLik 

fit8 + Annual precip. + 
Precip. seasonality 12 –1301.87 73.76 0.00 663.28 

fit9 + Annual precip. + 
Temp. seasonality 12 –1297.57 78.06 0.00 661.13 

fit10 + Temp. seasonality 
only 11 –1299.25 76.38 0.00 660.92 

best_model_spatial + Spatial random 
effect (site_id) 13 –1355.63 20.00 0.00 691.22 

best_model_spatial_p
oly 

+ Spatial 
polynomials 
(long², lat², 
long:lat) 

17 –1343.87 31.76 0.00 689.61 

best_model_spatial_po
ly2 

+ Nested random 
effect 
(feow_id/hybas_id) 

18 –1341.70 33.92 0.00 689.61 

Spatial β-diversity 
(regional scale) 

      

fit1.r Fixed effects only 
(Beta, selected) 9 –138.44 0.00 0.81 81.33 

fit1_1.r + Random intercept 
(feow_id) 10 –134.79 3.65 0.13 81.33 

fit3.r + Annual precip. + 
Precip. seasonality 11 –132.32 6.12 0.04 82.05 

fit2.r + Dispersion 
submodel 13 –130.03 8.41 0.01 85.29 

fit_gauss.r1 
Gaussian 
distribution (fixed 
effects only) 

9 –128.24 10.20 0.00 76.22 

fit4.r 
+ Annual precip. + 
Precip. seasonality 
+ feow_id RE 

12 –128.10 10.34 0.00 82.05 

fit_gauss.r2 
Gaussian + 
dispersion 
submodel 

13 –121.53 16.91 0.00 81.05 
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Notes: All continuous predictors were standardized prior to model fitting. Gaussian 

models use identity link; Beta models use logit link. Dispersion submodels allow residual 

variance to vary as a function of selected predictors. Spatial polynomials include 

second-order terms for longitude and latitude and their interaction. ΔAICc and AICc 

weights are calculated relative to the best model within each response category. For 

temporal β-diversity, the beta model (fit3_beta) has the lowest AICc and receives 100% 

of the AICc weight, but the Gaussian location-scale model with spatial polynomials 

(best_model_spatial_poly) was selected for inference based on superior residual 

diagnostics and no out-of-bounds predictions. For spatial β-diversity, the beta model 

without random effects or dispersion submodel (fit1.r) receives 81% of the AICc weight 

and was selected as the final model.  
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Table S2. Statistics obtained in the process-based simulation model by relating the 

metrics of temporal variability in species composition with the median community size. 

Simulations were conducted using different seeds and dispersal rates. The p-value 

represents the significance of each relationship, and the explanatory power was 

measured by R2.  

Temporal variability 
metric set.seed Dispersal Slope p-value R2 Adjusted 

R2 
LTMC local  1234 0.1 -1.2E-04 0.0055 0.1901 0.1683 
LTMC regional 1234 0.1 -6.4E-06 0.0985 0.0721 0.0470 
Rank change 1234 0.1 1.0E-06 0.8411 6.3E-05 -0.0015 
Rank difference 1234 0.1 1.1E-05 0.0017 0.0252 0.0227 
LTMC local  1234 0.5 -3.8E-05 0.0132 0.1549 0.1321 
LTMC regional 1234 0.5 -1.2E-06 0.6211 0.0067 -0.0202 
Rank change 1234 0.5 8.6E-06 0.0364 0.0069 0.0053 
Rank difference 1234 0.5 4.2E-06 0.301 0.0028 0.0002 
LTMC local  1234 1 -3.7E-05 0.0108 0.1632 0.1406 
LTMC regional 1234 1 -2.3E-06 0.405 0.0188 -0.0077 
Rank change 1234 1 5.0E-07 0.9071 2.2E-05 -0.0016 
Rank difference 1234 1 1.2E-05 0.0091 0.0174 0.0149 
LTMC local  111 0.1 -1.3E-04 0.0001 0.328 0.3098 
LTMC regional 111 0.1 -9.0E-06 0.0021 0.2274 0.2065 
Rank change 111 0.1 -2.3E-07 0.9565 4.8E-06 -0.0016 
Rank difference 111 0.1 1.4E-05 1.5E-06 0.0580 0.0556 
LTMC local  111 0.5 -4.6E-05 0.0003 0.3016 0.2827 
LTMC regional 111 0.5 -6.7E-06 0.0060 0.1868 0.1648 
Rank change 111 0.5 6.3E-06 0.1187 0.0039 0.0023 
Rank difference 111 0.5 2.1E-05 2.1E-08 0.0778 0.0754 
LTMC local  111 1 -4.3E-05 0.0003 0.3063 0.2875 
LTMC regional 111 1 -5.5E-06 0.0255 0.1278 0.1042 
Rank change 111 1 -4.8E-07 0.9029 2.4E-05 -0.0016 
Rank difference 111 1 1.7E-05 1.4E-05 0.0476 0.0451 
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Supplementary Figures 

Figure S1. Geographic distribution of the 39 metacommunities selected in our study, 

located in Australasia (12), Nearctic (12), and Palearctic (15) biogeographical realms. 
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Figure S2. Raw data on temporal variability in species composition (rank change) 

plotted against (a) local median community size, (b) coefficient of variation (CV) of local 

community size, (c) estimated species richness, (d) mean annual temperature, and (e) 

temperature seasonality for individual metacommunities (colors). Colored lines 

represent basin-specific linear trends and are included as exploratory visual aids only; 

they are not components of the fitted model. The black line and grey ribbon represent 

the overall marginal relationship and its 95% confidence interval across all basins, and 

are also provided as exploratory visual aids only; they do not represent the conditional 

effects estimated by the final mixed model presented in the main text. All predictor 

variables were standardized prior to analysis. 

 


