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ABSTRACT

Human pressures are reshaping freshwater biodiversity worldwide, yet the generality of biotic
homogenization and the contexts in which differentiation instead emerges remain unresolved.
These contrasting responses reflect decreases or increases in spatial B-diversity, respectively, as
local assemblages within a region become more similar or more distinct in community
composition. We conducted a global meta-analysis of 495 reference—impact contrasts to assess
the direction and context dependence of freshwater B-diversity change across major biological
groups and taxonomic, functional, and phylogenetic facets. We evaluated variation among impact
types, study designs, and data types, as well as associations with five broad-scale factors: latitude,
spatial extent, geographic distance, climatic heterogeneity, and temporal window. Overall,
impacted assemblages had higher B-diversity than reference assemblages, indicating biotic
differentiation across taxonomic and functional facets. Among impact categories, only land-use
change showed a clear directional response, indicating differentiation. Across study designs,
spatially interspersed and spatiotemporal comparisons also indicated differentiation, whereas
spatially segregated comparisons showed no consistent direction. Global differentiation was
observed despite broad variation in the five broad-scale factors, none of which showed detectable
associations with B-diversity change. Presence—absence and quantitative data yielded opposite
responses: occurrence-based differentiation and quantitative homogenization. Excluding the
most-represented biological groups (fish and invertebrates) also reversed the pooled response
from differentiation to homogenization. These findings further challenge the long-standing
expectation that human impacts generally promote biotic homogenization, while highlighting that
the inferred direction of freshwater B-diversity change depends on ecological context, taxonomic
representation, and the type of data considered. Whether assemblages homogenize or differentiate
may reflect the extent to which human pressures override local ecological differences, producing
similar impacted states, or interact with local and historical contexts, generating distinct
outcomes. Recognizing both ecological and methodological sources of context dependence is
essential for understanding freshwater biodiversity reorganization under global change.
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1| Introduction

Earth’s biodiversity is inevitably changing under the Anthropocene. When ecosystems
are altered by human activities, local communities may undergo substantial
reorganization, while their regional consequences are reflected in changes in -
diversity—the compositional variation among local assemblages (Whittaker 1960).
Assemblages may therefore become increasingly similar or increasingly dissimilar from
one another, resulting in biotic homogenization or differentiation, respectively (Taylor
2004). To understand the effects of human activities on biodiversity and inform
conservation strategies, ecologists have increasingly sought to determine which
trajectory biodiversity is following (Socolar et al. 2016). But this endeavor has proved
challenging. The classical view predicts that human activities should promote
homogenization by favoring a relatively small set of widespread “winners” while many
species decline or are extirpated, termed “losers” (McKinney and Lockwood 1999).
However, temporal syntheses have revealed an approximate balance between
homogenization and differentiation across ecosystems (Blowes et al. 2024). Moreover, a
recent global synthesis based on reference—impact comparisons found an overall
tendency toward differentiation under human pressures (Keck et al. 2025). These
findings highlight the idiosyncratic nature of biodiversity change, emphasizing the need
to identify the conditions underlying variation around general patterns (Dornelas et al.
2023). Greater emphasis on context-dependent responses will therefore be necessary to
understand why biodiversity changes in different directions and to guide more targeted
conservation actions.

Biodiversity is inherently multifaceted; it can be measured not only by which species
are present, but also by the ecological roles they play and their evolutionary
relationships (Naeem et al. 2016). Because these facets capture complementary
dimensions of community reorganization, the facet considered may influence the
inferred direction of B-diversity change. Taxonomic B-diversity has been central to
broad-scale syntheses, revealing whether local assemblages are becoming more or less
similar in species composition (Blowes et al. 2024). Functional and phylogenetic 3-
diversity extend this perspective by revealing whether changes in species composition
are accompanied by corresponding shifts in trait composition and evolutionary lineages.
For example, freshwater assemblages may undergo taxonomic homogenization while
simultaneously differentiating in functional (Campbell and Mandrak 2020) or
phylogenetic composition (Jiang et al. 2019). Such contrasting responses highlight the
importance of integrating multiple facets to capture dimensions of community
reorganization that species identities alone may not reveal, with potential implications
for understanding the consequences of biodiversity change for ecosystem functioning
(Srivastava et al. 2012; Gross et al. 2017; Mori et al. 2018).

Many macroecological factors may shape p-diversity patterns. For instance, 3-diversity
can increase with spatial extent as larger regions encompass greater distances among
sites (Soininen et al. 2018), while environmental heterogeneity can further increase
compositional variation through differences in environmental filtering among localities
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(Heino et al. 2015a). Latitudinal patterns may influence both B-diversity and its
responses to human pressures, with lower B-diversity and greater biotic homogenization
reported at higher latitudes (Soininen et al. 2018; Shen et al. 2026). Such natural
variations should therefore be considered when evaluating anthropogenic effects,
particularly given the strong scale dependence of B-diversity (Barton et al. 2013).
Among these factors, geographic distance is particularly relevant because compositional
similarity generally declines as environmental differences and dispersal limitation
increase among more distant assemblages (‘distance-decay relationship’; Nekola and
White 1999).

The distance dependence becomes particularly relevant in impact assessments, where
reference and impacted assemblages may be distributed in different spatial
configurations. Comparisons involving spatially separated sets of sites may therefore be
influenced by distance-decay, potentially confounding natural spatial variation with
responses to human pressures. Such spatial separation can challenge the comparability
of reference and impacted assemblages, highlighting the value of before—after control-
impact (BACI) designs, which account for baseline differences when assessing impact-
related change, but remain comparatively uncommon (Keck et al. 2025). Temporal
assessments offer a complementary perspective by tracking changes in spatial 3-
diversity within the same region through time (Heino et al. 2024). Such approaches
have long been considered particularly informative for detecting biotic homogenization
(Rahel 2002; Olden and Rooney 2006). Study design and the spatial configuration of
reference and impacted assemblages may therefore influence the inferred direction of 3-
diversity change under human pressures.

Freshwater ecosystems support high levels of biodiversity while facing multiple and
widespread pressures associated with global environmental change (Sayer et al. 2025).
Understanding how these pressures alter freshwater B-diversity is particularly
challenging because community organization reflects complex interactions among
environmental conditions, connectivity, flow regime, and dispersal processes, whose
relative importance varies across ecosystem types, spatial scales, and organism groups
(Heino et al. 2015b; Rolls et al. 2016; Lansac-Toha et al. 2021; Rolls et al. 2023b).
Evidence from freshwaters increasingly indicates that -diversity change does not
follow a consistent direction under human pressures, with homogenization and
differentiation reported in response to land-use change, biological invasions,
eutrophication, and hydrological alteration (Petsch et al. 2021, 2022; Rolls et al. 2021;
Jiang et al. 2024; Ferreira et al. 2026; Shen et al. 2026). Yet, the extent to which these
contrasting responses depend on ecological and methodological contexts remains poorly
understood. To our knowledge, these sources of context dependence have not yet been
jointly examined in a global meta-analysis focused on freshwater -diversity change.
The key question is therefore not whether freshwater assemblages homogenize or
differentiate under human impacts, but rather: in which contexts does each trajectory
emerge?



125
126
127
128
129
130
131
132
133
134
135
136
137
138

139

140

141

142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159

160
161
162
163
164
165

Here, we provide a global synthesis of B-diversity responses to human impacts in
freshwater ecosystems. We compiled reference—impact comparisons across multiple
biological groups and B-diversity facets to test whether impacted assemblages tend
towards regional biotic homogenization or differentiation. Given the contrasting
responses increasingly reported in the literature, we expected B-diversity change to be
context-dependent rather than consistently directional. To examine this context
dependence, we assessed how responses varied across impact categories, biological
groups, B-diversity facets, and study designs, while also investigating the potential
influence of spatial, geographic, environmental, and temporal factors. Because
occurrence and quantitative data capture different aspects of community reorganization,
we further examined whether data type influenced the inferred direction of B-diversity change.
By integrating these ecological and methodological dimensions, we aim to assess the
generality of biotic homogenization in freshwaters and identify the conditions under
which human impacts may instead promote regional differentiation.

2 | Methods
2.1 | Literature Search and Data Extraction

We conducted an extensive literature search in the Web of Science and Scopus
databases, completed in May 2026, using the following keywords: ("beta divers*" OR
"beta-divers*" OR "B-divers*" OR "B divers*" OR "community dissimilar*" OR
"spatial dissimilar*" OR "temporal dissimilar*" OR "compositional dissimilar**) AND
("taxonomic"” OR "functional™ OR "phylogenetic") AND (freshwater OR river* OR
lake* OR stream™ OR reservoir* OR "inland water*") AND (impact* OR disturb* OR
"human activit*" OR "anthropogenic activit*" OR deforest* OR pollut* OR impound*
OR "climate chang*" OR inva* OR connectivity OR nonnative OR non-native OR
fragment* OR dam* OR tourism OR "biotic homogen*" OR homogen* OR "biotic
heterogen*" OR heterogen* OR "biotic differentiation™ OR differentiation OR "land
us*" OR "land cover" OR warm* OR exotic OR "environmental chang*"). This initial
search returned 1,849 peer-reviewed articles published in English (PRISMA flow
diagram; Figure S1). After removing duplicates (n = 672), 1,177 articles remained for
title and abstract screening. At this stage, we retained studies that, based on their title
and abstract, appeared to assess freshwater biological communities or community-level
ecological diversity and reported, or were likely to report, community-level data on
major freshwater groups, such as fish, invertebrates, zooplankton, macrophytes, algae,
or phytoplankton. This screening retained 520 articles for full-text assessment.

During full-text screening, we selected articles that reported extractable spatial f3-
diversity estimates for at least one pB-diversity facet (taxonomic, functional, or
phylogenetic) and assessed anthropogenic impacts through clearly defined comparisons
between groups of reference and impacted sites (hereafter reference—impact contrasts).
Reference sites represented non- or less-impacted conditions, whereas impacted sites
represented impacted or more-impacted conditions. For articles reporting more than two
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impact levels, only non-impacted or less-impacted groups of sites were classified as
reference, whereas intermediate-impact levels were classified as impacted in the
reference—impact contrasts.

Eligible articles had to evaluate spatial B-diversity using one of three study designs,
which we classified according to the spatial and temporal arrangement of reference and
impacted conditions. Drawing on the distinction between spatial interspersion and
segregation of treatments in ecological experimental design (Hurlbert 1984), spatial
comparisons were classified as either (i) interspersed, when reference and impacted sites
occurred within the same sampled region and the areas covered by the two conditions
overlapped, or (ii) segregated, when they occupied distinct, non-overlapping sampled
areas. Segregated configurations included comparisons between different basins or
watersheds; separate rivers, streams, or tributaries; and distinct reaches or areas within
the same river. Both interspersed and segregated configurations were classified based on
the descriptions, maps, and coordinates available in each article. For the subset of
segregated configurations with sufficient geospatial data, the classification was
additionally cross-checked by confirming non-overlap between the reference and
impacted sampling areas delineated during spatial-extent estimation (see “Sensitivity
analyses”). Moreover, comparisons were classified as (iii) spatiotemporal when spatial
B-diversity was evaluated between different time points within the same sampled
region, including classical before—after designs. Studies spanning an explicit temporal
increase in impact intensity were also classified as spatiotemporal. In these cases, we
retrieved data from the earliest and latest time points. After full-text screening, 66
articles met our inclusion criteria. Two articles analysed the same underlying fish
assemblage dataset but assessed different B-diversity facets (Campbell and Mandrak
2019, 2020). We therefore retained estimates from both articles while treating them as a
single source, yielding 65 independent article-level datasets.

The included articles yielded 103 study cases, which were used as the sampling units
rather than articles to avoid combining distinct B-diversity estimates obtained for
different biological groups, impact types, sampled regions, or sampling periods. Thus, a
study case was defined as a set of B-diversity estimates reported within an article for a
unique combination of these categories. Separate study cases were created only when -
diversity estimates for different combinations were reported independently. For
example, an article investigating two biological groups under one impact type yielded
two study cases, one for each group. An article investigating only one biological group
under two different impact types also yielded two study cases, one for each impact type.
Similarly, when an article investigated one biological group under one impact type but
reported B-diversity estimates separately for different seasons, each season was treated
as a separate study case. The 103 study cases comprised 327 observations, including
146 reference and 181 impacted observations. Each observation represented a reference
or impacted group of sites. Study cases could contribute one or more reference or
impacted observations, therefore yielding one or several reference—impact contrasts.
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For each observation, we extracted all available dissimilarity-based estimates of spatial
B-diversity from the text, tables, or figures. When B-diversity estimates were available
only in figures, numerical data were retrieved using the digitize package in R (Poisot
2011). For boxplots, means were approximated from the median and lower and upper
quartiles, and standard deviations were estimated when sample size (number of sites)
was available (Wan et al. 2014). Extracted p-diversity estimates were mostly derived
from presence—absence data, but some were based on quantitative data, including
abundance, biomass, cover, and relative read abundance derived from metabarcoding.
When an article reported B-diversity calculated from both presence-absence and
quantitative data, we extracted both estimates. f-diversity was quantified using a range
of indices that varied among facets. Taxonomic B-diversity was most commonly
measured using Sgrensen, Jaccard, and Bray—Curtis dissimilarities, but also Whittaker
B-diversity and its standardized form (Harrison et al. 1992). When studies reported the
unstandardized multiplicative Whittaker measure, calculated as B8, = y/&, values were
standardized between 0 and 1 as (B,, — 1)/(N — 1), where y is regional species
richness, & is mean local species richness, and N is the number of sampling sites
(Harrison et al. 1992). We also extracted taxonomic data using Simpson dissimilarity,
calculated as 1 — Simpson similarity, and Euclidean dissimilarity when abundance data
were Hellinger-transformed. Functional B-diversity included Sgrensen, Jaccard, Bray—
Curtis, and Simpson dissimilarities, as well as trait-based measures derived from Gower
distances, community-weighted means, convex hulls, functional spaces, and mean
pairwise functional distances. Phylogenetic B-diversity was quantified using
phylogenetic adaptations of the Jaccard and Sgrensen indices.

2.1.1 | Classification of Human Impacts

The selected articles assessed a wide range of anthropogenic pressures. To enable
comparisons among studies, we assigned each study case to one of five broad impact
categories based on the pressure directly evaluated in the original study: (i) hydrological
alteration, (ii) land use, (iii) pollution and nutrient enrichment, (iv) invasion, and (v)
multiple impacts. Because one article contributed study cases to two impact categories
(Simdes et al. 2020), article counts across categories were not mutually exclusive.
Hydrological alteration (14 articles) encompassed pressures that disrupted hydrological
connectivity or modified freshwater flow regimes. This category included damming (11
articles), with comparisons involving reservoir, upstream, and downstream
assemblages, and the anthropogenic lateral disconnection of rivers and floodplain lakes
by hydraulic engineering structures, such as levees, dykes, and sluice gates (3 articles).
Land-use impacts (19 articles) encompassed agriculture, mining, forest loss or logging,
and urbanization. Agricultural comparisons included sites dominated by cropland,
arable fields, farms, pasture, or intensively managed grassland, generally contrasted
with forested or less intensively managed sites. Urban comparisons generally used rural
sites as reference conditions. Pollution and nutrient enrichment (9 articles) included
changes in water chemistry or trophic state associated with eutrophication, phosphorus
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enrichment, salinization, and organic or nutrient inputs, including those originating from
intensive aquaculture. This category frequently included pressure gradients, such as
comparisons among oligotrophic, mesotrophic, eutrophic, and hypereutrophic
conditions, or across increasing phosphorus concentrations or salinity levels.
Intermediate conditions were classified as impacted, following the reference—impact
framework described above. Invasion (8 articles), the least-represented category,
included studies assessing community changes associated with the introduction or
establishment of non-native species. Finally, multiple impacts (16 articles) included
studies in which impacted conditions were exposed to two or more co-occurring
anthropogenic pressures whose individual effects could not be separated.

2.2 | Effect Size Calculation

The log response ratio (INRR) was calculated for each reference—impact contrast as the
natural logarithm of the ratio between the B-diversity estimates for the impacted and
reference observations:
impacted

InRR = log (W)
An InRR of zero indicates no differences (S impacted = 5 reference), while positive
values (S impacted > S reference) indicate biotic differentiation, and negative values (8
impacted < 8 reference) correspond to biotic homogenization. Within each study case,
every reference observation was paired with every impacted observation; no pairings
were made across study cases. Within each observation pair, reference and impacted -
diversity estimates were matched by facet. Each facet-specific pairing constituted one
reference—impact contrast and yielded one InRR estimate. Thus, an observation pair
could yield multiple contrasts when estimates were available for more than one -
diversity facet. Figure 1 illustrates these pairing rules across the three study designs.
The number of InNRR estimates per study case ranged from 1 to 81, resulting in 495
estimates overall.

2.3 | Bootstrap Resampling Procedure

Because sampling variances could not be calculated for all effect sizes, inverse-variance
weighting could not be applied to the full dataset (A = 65, SC = 103, InRR = 495;
number of articles, study cases, and InRR estimates, respectively). We therefore used a
bootstrap resampling procedure suitable for unweighted meta-analytic data (Crouzeilles
et al. 2016, 2017; but see the complementary variance-weighted meta-analytical
approach below). Across 10,000 iterations, one INRR estimate was randomly sampled
from each study case, and the mean InRR was recalculated. This generated a
bootstrapped distribution of mean effect sizes, from which 95% confidence intervals
were obtained using the 2.5th and 97.5th percentiles. Effects were considered
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statistically significant when their confidence intervals did not cross zero. By sampling
one InRR estimate per study case in each iteration, this procedure prevented study cases
with more estimates—whether resulting from multiple reference—impact contrasts,
multiple biodiversity facets, or both—from contributing disproportionately to the global
estimate. At the same time, repeated resampling allowed all available B-diversity facets
within a study case to contribute across iterations. The bootstrap applied to the complete
dataset therefore provided an integrative estimate of B-diversity change across the
taxonomic, functional, and phylogenetic evidence available in our dataset, while
preserving the representation of each facet in the available evidence.

The bootstrap was subsequently applied separately to impact type, study design,
biological group, and biodiversity facet. For impact type, study design, and biological
group, the sampled InRR could represent any available B-diversity facet within the focal
category, thereby retaining the multifaceted nature of the global analysis. For the
biodiversity facet moderator, separate bootstrap analyses were conducted for each facet,
and only InRR estimates belonging to the focal facet were eligible for resampling. This
allowed us to assess whether the direction emerging from the integrative analysis was
consistent across individual biodiversity facets. To avoid interpreting poorly represented
moderator levels, we restricted substantive interpretation to levels represented by at
least 10 articles. Because each article contributed at least one study case and each study
case contained at least one reference—impact contrast, this threshold also ensured a
minimum of 10 study cases and 10 InRR estimates per interpreted level. Levels below
this threshold were reported for completeness but not further interpreted.

We assessed the robustness of our results and potential publication bias using a leave-
one-out bootstrap resampling approach. We sequentially excluded one study case at a
time and re-ran the bootstrap analysis (10,000 iterations each time) on the remaining
dataset. This allowed us to evaluate whether the global mean InRR and its confidence
interval were sensitive to the exclusion of any particular study case. Stable mean InRR
estimates across iterations indicate that the global pattern is not driven by a single
influential study case and that publication bias is unlikely to substantially affect our
results. For each removal, we also calculated the change in mean InRR as the difference
between the leave-one-out bootstrap mean and the full-data bootstrap mean. Negative
values therefore indicate study cases whose removal reduced the global mean, whereas
positive values indicate study cases whose removal increased the global mean.

2.4 | Meta-Analytical Approach

We also fitted variance-weighted meta-regressions to assess whether the direction of our
main inference was retained in the subset of data with available standard deviations and
sample sizes (A = 39, SC = 45, InRR = 196). For this subset, we calculated the sampling
variance of each log response ratio as:

SD%impacted SD?%reference

" nimpacted B2

H
reference

¢ nreference 2
impacted
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where SD, n, and 8 are standard deviation, sample size, and mean p-diversity values for
impacted and reference groups, respectively. We first fitted an intercept-only model to
estimate the global mean InRR. We then fitted separate models for biodiversity facet,
impact type, study design, and biological group, using models without an intercept to
estimate the mean InRR for each moderator level. All models included study cases as a
random effect and were fitted using restricted maximum likelihood.

We also assessed the influence of error that publication bias might produce in our meta-
analytical approach. We used a funnel plot, which provides a graphical assessment of
potentially missing effect sizes. In the absence of publication bias, plotting effect sizes
against their standard errors is expected to produce an approximately symmetrical
distribution around the overall effect estimate. Funnel-plot asymmetry was formally
assessed using Egger’s regression method, in which InRR estimates were regressed
against their standard error while accounting for the non-independence of estimates
within study cases (Egger et al. 1997; Nakagawa et al. 2022).

Variance-weighted meta-regressions, the funnel plot, and Egger’s regression were
conducted in R using the metafor package (Viechtbauer 2010). Cluster-robust inference
for the Egger’s regression, accounting for the non-independence of effect sizes within
study cases, was obtained using clubSandwich (Pustejovsky and Tipton 2018).

2.5 | Sensitivity Analyses
2.5.1 | Data Extraction

We extracted geographic information to estimate the spatial extent and central
coordinate of each sampled region. Coordinates were extracted from the main text or
tables when available or using the digitize package in R (Poisot 2011) to extract specific
coordinates from available maps. If sampling sites could not be distinguished in the
map, the sampled region was outlined using the outermost visible peripheral sites. For
sampled regions without reported coordinates but with clearly identifiable geographic
boundaries, we outlined the region in Google Earth and extracted these coordinates.

Spatial extent and the central coordinate of each sampled region were estimated from
the available geographic coordinates. When the spatial configuration of sampling sites
allowed an area to be delineated, coordinates were projected to a global equal-area
coordinate reference system (EPSG:6933), spatial extent was calculated as the convex-
hull area in km?, and the central coordinate was defined as the polygon centroid. This
area-based approach was also applied to riverine systems whenever their spatial
configuration allowed a polygon to be delineated. For riverine systems with sampling
sites distributed predominantly along a longitudinal axis, spatial extent was instead
calculated as the cumulative length of the sampled reach in km, and the central
coordinate was defined as the midpoint along this length. Area- and length-based
extents were treated as distinct spatial descriptors and were not combined into a
common extent measure. Reported spatial-extent values were used only when the article
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explicitly stated that they referred to the sampled region rather than to the basin,
catchment, or another broader spatial boundary. We compiled 116 sampled regions and
retrieved geographic coordinates for 113 of them (Figure 2). Spatially interspersed and
spatiotemporal study designs each contributed a single sampled region per study case,
whereas spatially segregated designs could contribute multiple sampled regions. Spatial
extent was characterized for 84 sampled regions representing 71 study cases. Of these,
69 regions (59 study cases) had area-based extents ranging from 2.85 to 4,513.28 kmz,
whereas 15 regions (12 study cases) had length-based extents ranging from 18 to 939
km.

Geographic distance (km) was calculated for each reference—impacted contrast from
spatially segregated study designs for which the central coordinates of both sampled
regions were available. Distance was calculated as the great-circle distance between the
paired central coordinates using the Haversine method. Because the calculation relied
only on central coordinates, sampled regions with either area-based or length-based
extents could be included. Thus, regions with area-based extents were represented by
their polygon centroids, whereas riverine regions with length-based extents were
represented by the midpoint of the sampled reach. Geographic distances ranged from
6.62 to approximately 3,387 km.

We also extracted eight bioclimatic variables from the WorldClim 2 database at a
spatial resolution of 30 arc-seconds (Fick and Hijmans 2017) to quantify spatial climatic
heterogeneity within each study case, used as a proxy for broader environmental
heterogeneity. To standardize the spatial unit used for environmental extraction across
study cases, area-based spatial-extent estimates (km?), whether calculated as convex-
hull areas or obtained directly from the original articles, were converted to the radii of

equal-area circlesas r = \/A_/n where A is the area-based spatial extent. The resulting
radii were then used to construct circular buffers around the corresponding central
coordinates. This procedure avoided combining known polygon geometries with
unknown spatial shapes represented only by reported area values. Because representing
length-based extents would require selecting an arbitrary buffer width, environmental
extraction was restricted to study cases with area-based extents.

We then retrieved annual mean temperature (Biol), temperature seasonality (Bio4),
maximum temperature of warmest month (Bio5), minimum temperature of coldest
month (Bio6), annual precipitation (Biol12), precipitation seasonality (Bio15),
precipitation of wettest quarter (Bio16), and precipitation of driest quarter (Bio17). To
estimate climatic heterogeneity, we performed a single PCA on a pooled pixel-by-
variable matrix containing all WorldClim pixels extracted across study-case buffers,
with pixels as rows and the eight bioclimatic variables as columns (Figure S2).
Variables were centered and scaled to unit variance, and we retained the principal
components that collectively explained at least 90% of the total variance. For each study
case, climatic heterogeneity was quantified as the mean Euclidean distance of its pixels
to their centroid in the retained multivariate environmental space.

10
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Finally, we calculated the temporal window (years) for spatiotemporal study designs as
the time elapsed between the reference and impacted sampling time points. When
reference and impacted times were reported as time intervals, we first calculated the
midpoint of each interval and then estimated the temporal window as the difference
between the reference and impacted midpoints.

All spatial buffers and coordinate transformations were performed using the sf package
in R (Pebesma 2018), geographic distances were calculated using the Haversine method
implemented in geosphere (Hijmans 2022), and WorldClim 2 climatic data at 30-arc
second resolution (Fick and Hijmans 2017) were handled and extracted using terra
(Hijmans 2023).

2.5.2 | Data Analysis

To evaluate whether freshwater B-diversity change was sensitive to dataset composition
and potential sources of variation, we organized the sensitivity analyses into two blocks.
The first block assessed dataset composition. Thus, we repeated the bootstrap procedure
for separate subsets of presence-absence data (A =55, SC = 83, InRR =431) and
quantitative data (A = 13, SC = 22, InRR = 76), as well as for a subset excluding the
most-represented biological groups (A = 20, SC = 30, InRR = 248), which were fish and
invertebrates. These analyses tested whether the global mean effect was retained after
changing the composition of the dataset. The second block assessed whether INRR
varied with five broad-scale factors: spatial extent, geographic distance, absolute
latitude, climatic heterogeneity, and temporal window. These continuous variables were
evaluated using separate linear mixed-effects models, with study cases included as
random effects to account for non-independence among multiple INRR estimates
derived from the same study case. All models were fitted in R using the Ime4 package
(Bates et al. 2015). As expected, spatial extent and climatic heterogeneity were strongly
correlated (r = 0.686, p < 0.001; Figure S3), but both analyses were retained because
they capture related yet non-equivalent aspects of spatial scale and were evaluated as
complementary sensitivity tests.

Sensitivity analyses involving these broad-scale factors were restricted to study cases
for which the corresponding information could be obtained; therefore, sample size and
study composition varied among analyses. Spatial extent was analyzed using only
spatially interspersed and spatiotemporal study cases with area-based extent estimates
expressed in km2 (A = 35, SC = 50, InRR = 121). Geographic distance was analyzed
only for spatially segregated study designs, using the distance calculated between paired
reference and impacted sampled regions (A = 12, SC = 21, InRR = 245). Absolute
latitude was analyzed for all study cases with available coordinates (A = 65, SC = 100,
INRR = 492). For spatially segregated study designs, latitude was calculated as the
absolute value of the mean latitude of the reference—impacted contrasts. When
coordinates were available for only one of the paired reference or impacted sampled
regions, we used the available coordinate to represent the pair. Climatic heterogeneity
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was analyzed using the same subset as the spatial-extent analysis. However, two study
cases were excluded because inaccurate coordinates shifted their convex hulls into the
sea (A =33, SC =48, InRR = 116), which would have substantially distorted the
estimated environmental conditions extracted from the transformed buffer radius. The
temporal window was analyzed only for spatiotemporal study designs with time-interval
information available (A = 21, SC = 37, InRR = 54).

3| Results

Across 495 reference—impact contrasts worldwide, freshwater ecosystems revealed a
global signal of biotic differentiation under human-impacted conditions. The bootstrap
resampling procedure produced consistently positive estimates, indicating higher -
diversity in impacted sampled regions (mean InRR = 0.089, 95% CI = 0.048 to 0.133;
Figure 3). A complementary meta-analytic model based on the subset of data with
available variance estimates (196 reference—impact contrasts) was directionally
consistent with the bootstrap result, yielding a positive but marginally significant
outcome (estimate = 0.130, 95% CI =-0.013 to 0.273, p = 0.074; Table S1).

This positive InRR pattern was retained across several moderator categories. It was
observed for both taxonomic (mean InRR = 0.085, 95% CI = 0.070 to 0.098) and
functional facets (mean INRR = 0.116, 95% CI = 0.092 to 0.140), as well as for land-use
impacts (mean INRR = 0.171, 95% CI = 0.048 to 0.294) (Figure 3). The same pattern
was also found in spatially interspersed (mean INRR = 0.129, 95% CI =0.074 to 0.182)
and spatiotemporal study designs (mean InRR = 0.068, 95% CI = 0.015 to 0.135), and
among the best-represented biological groups, fish (mean INRR = 0.115, 95% CI =
0.058 to 0.183) and invertebrates (mean INRR = 0.224, 95% CI = 0.129 to 0.320)
(Figure 3). Other moderator categories either showed no clear directional change
(Figure 3) or did not meet the minimum sample sizes for robust interpretation in terms
of articles, study cases, or InRR estimates (Figure S4). Moderator-specific meta-analytic
models yielded broadly positive estimates, consistent with the bootstrap results, but
statistical support was limited to functional B-diversity among well-sampled categories
(estimate = 0.197, 95% CI = 0.054 to 0.340, p = 0.007; Table S1).

3.1 | Sensitivity Analyses

We assessed whether the global differentiation signal was retained when restricting the
dataset to presence-absence data (Figure 4). The positive mean INRR remained in this
subset (mean INRR = 0.139, 95% CI = 0.080 to 0.192), supporting the robustness of the
overall differentiation pattern. For comparison, the smaller quantitative-data subset
showed a contrasting negative pattern (mean InRR =-0.087, 95% CI =-0.127 to -
0.045), indicating a tendency toward biotic homogenization. Excluding fish and
invertebrates revealed a negative mean INRR among the remaining biological groups
(mean InRR =-0.096, 95% CI =-0.137 to -0.057), indicating that the overall
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differentiation signal was sensitive to the assemblage composition of the dataset.
Finally, despite broad variation in spatial extent, climatic heterogeneity, latitude,
geographic distance in spatially segregated comparisons, and temporal window in
spatiotemporal comparisons, none of these factors showed a detectable association with
B-diversity change (Table S2).

3.2 | Publication Bias

The leave-one-out bootstrap of the full dataset showed that the global differentiation
signal was robust to the removal of individual study cases. Mean InRR estimates
remained positive and generally close to the full-data bootstrap mean across removals
(Figure S5). Changes in estimates indicated that most study cases had little influence on
the overall mean, although a few removals reduced mean InRR more strongly,
suggesting that these study cases contributed to the magnitude, but not to the direction,
of the global differentiation pattern (Figure S6). The funnel plot of the meta-analytical
approach showed slight visual asymmetry (Figure S7), but this pattern was not
statistically supported (Egger’s test; p = 0.824, df = 6.24).

4 | Discussion

Our meta-analyses revealed a global trend towards biotic differentiation of freshwater
ecosystems associated with human activities. Across the available reference—impact
comparisons worldwide, B-diversity was generally higher under impact than reference
conditions, with differentiation observed across taxonomic and functional facets.
Among impact categories, land-use change was the only one showing a clear directional
response, also indicating differentiation. We also show that the inferred direction of B-
diversity change depends on how reference and impacted regions are compared, as
spatially segregated comparisons had no consistent directional change. Importantly, the
overall pattern emerged despite variation in the broad-scale spatial, climatic, latitudinal,
and temporal variables evaluated. However, the direction of change varied with data
type: differentiation was retained for presence—absence data, whereas quantitative data
revealed biotic homogenization. The overall response was also sensitive to the
taxonomic representation of the available evidence, with homogenization emerging after
the most represented groups were removed. This overall differentiation aligns with
recent evidence of global-scale differentiation (Keck et al. 2025). By integrating
multiple B-diversity facets while explicitly evaluating ecological and methodological
sources of variation, our synthesis contributes to understanding the context-dependent
nature of biodiversity change and the contrasting directions of B-diversity responses
reported worldwide (Blowes et al. 2024; Petsch et al. 2022; Rolls et al. 2023a).

The differentiation pattern contrasts with the expectation that human pressures favour
dominant and generalist species across localities, thereby promoting regional
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homogenization (McKinney and Lockwood 1999; Rahel 2002). However, local
simplification and regional differentiation are not mutually exclusive. Differentiation
may arise when a-diversity declines more rapidly than y-diversity, as can occur when
species losses are unevenly distributed among localities (Blowes et al. 2024). Such
uneven local responses may, in turn, emerge through different ecological processes.
Contrasting local environmental conditions may promote differentiation by imposing
distinct environmental filters in freshwaters (Blrgés et al. 2026), while reduced
connectivity may limit dispersal and recolonization (Jiang et al. 2021). Stochastic
processes such as ecological drift may also contribute to divergent community
reorganization, as their relative importance increases when disturbances reduce local
population sizes (McFadden et al. 2023). Together, these processes may allow
communities to follow distinct compositional trajectories, ultimately promoting regional
differentiation.

Taxonomic and functional facets both revealed differentiation, indicating that the
overall pattern was evident in both species identities and trait composition. In turn,
phylogenetic responses could not be interpreted with the same confidence because this
facet remained poorly represented in the available evidence. Previous studies
encompassing different freshwater groups and impacted conditions have reported either
no detectable change across facets (Lindholm et al. 2020a, 2020b; Wojciechowski et al.
2017) or divergent responses among them (Ferreira et al. 2026; Gianuca et al. 2018).
Our cross-group synthesis instead showed that taxonomic and functional facets both
tended towards differentiation, consistent with similar patterns reported for freshwater
groups (Jiang et al. 2024). Together, the matching directional responses of taxonomic
and functional B-diversity suggest that community reorganization under human impacts
extends beyond species identities to the ecological attributes they represent, with
potential implications for ecosystem functioning.

Based on the available evidence, land use was the only impact category showing a clear
differentiation signal. Because land-use change encompasses different pressures and
intensities within the same sampled region (Petsch et al. 2021), variation within this
category may contribute to the emergence of differentiation. Agricultural activities can
alter nutrient and contaminant inputs (Elliott et al. 2024), urbanization can modify
hydrological and water-quality conditions (Gal et al. 2019), and mining can introduce
metal contamination into river systems (Macklin et al. 2023). Indeed, broader evidence
has shown that freshwater biodiversity responds differently across land-use types (Shen
et al. 2026). More generally, even highly stressed freshwater systems may experience
spatially heterogeneous pressures and environmental filtering, allowing community
responses to diverge and B-diversity to increase (Cortés-Guzman et al. 2026). By
contrast, multiple impacts and hydrological alteration showed no clear direction. For
multiple impacts, this may partly reflect variable interactions among stressors, including
antagonistic effects (Jackson et al. 2016). In turn, the lack of a clear direction for
hydrological alteration—which was represented mainly by damming in our dataset—
may reflect the spatially and temporally dependent effects of impoundment, which can
promote either differentiation or homogenization as assemblages reorganize (Ferreira et
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al. 2026). Together, these results show that B-diversity responses depend on the nature
and combination of human pressures. Distinguishing specific impact types may
therefore help identify when human pressures promote compositional convergence or
divergence among localities and inform context-specific conservation planning.

Spatially interspersed and spatiotemporal comparisons indicated differentiation,
whereas spatially segregated comparisons showed no consistent directional change.
This contrast suggests that the consistency of B-diversity responses may depend on how
reference and impacted assemblages are compared. Moreover, the differentiation pattern
observed in spatially interspersed and spatiotemporal comparisons emerged despite
variation in spatial extent and climatic heterogeneity, while absolute latitude showed no
detectable association with 3-diversity change across all designs. In spatially
interspersed comparisons, differentiation occurred among impacted localities within the
same broad regional setting as reference localities, where species pools may overlap.
However, local environmental differences may constrain establishment, while
hydrological connectivity may still limit dispersal among these localities. Freshwater
connectivity is particularly complex because dendritic drainage networks and natural or
anthropogenic barriers constrain dispersal pathways in running waters, whereas lakes
and ponds form spatially discrete habitats with varying degrees of connectivity (Heino
et al. 2015b). Connectivity is further shaped by flow regime, which influences both the
degree and timing of hydrological connections while also modifying environmental
conditions (Rolls et al. 2016). Together, these features may influence the set of potential
colonists and the sequence of species arrivals and losses, producing site-specific
assembly histories. Consequently, differences in assembly history may contribute to
distinct species compositions even among nearby assemblages (Chase 2003). Human
pressures may interact with these pre-existing ecological and historical differences,
allowing communities to follow distinct compositional trajectories and contributing to
differentiation within interspersed designs. In segregated comparisons, reference and
impacted assemblages occupy distinct spatial settings and may differ more substantially
in local environmental conditions, assembly histories, and regional species pools. These
differences may contribute to the absence of a consistent directional response, rather
than indicating that B-diversity is unresponsive to human pressures.

Within spatiotemporal comparisons, elapsed time between reference and impacted
conditions showed no detectable association with B-diversity change, suggesting that
time alone was not a consistent predictor of the observed responses. Although temporal
comparisons have long been considered particularly informative for detecting biotic
homogenization (Rahel 2002; Olden 2006), previous syntheses have revealed
heterogeneous trajectories of spatial B-diversity across temporal scales, including
decadal to centennial records (Blowes et al. 2024). The ecological context and historical
contingency discussed above may help explain this lack of a consistent temporal
relationship. As environmental conditions, hydrological connectivity, and additional
disturbances vary through time, local assemblages with distinct ecological histories may
follow different compositional trajectories. Consequently, similar temporal windows
may encompass substantially different ecological changes, while longer intervals may
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not necessarily produce greater compositional divergence or convergence among
localities. Thus, elapsed time alone may be a poor proxy for the ecological changes
occurring between reference and impacted conditions.

The inferred direction of B-diversity change was sensitive to data type. Presence—
absence data indicated differentiation, whereas quantitative data indicated
homogenization, showing that the inferred direction of B-diversity change may depend
on the type of measure being considered. Occurrence- and abundance-based approaches
can lead to different, and even opposite, inferences about biotic homogenization or
differentiation (Buonaiuto et al. 2025), including in freshwater assemblages under
human pressures (Shen et al. 2026). One possible explanation for this contrast builds on
the concept of ecological “winners” and “losers” (McKinney and Lockwood 1999).
Widespread species may become more abundant across localities, promoting
quantitative homogenization, while different species may be gained or lost across
localities, promoting occurrence-based differentiation. However, this interpretation
remains hypothetical, and the contrast between data types should still be treated
cautiously because quantitative data were available from only 13 articles and
encompassed different descriptors. These articles nevertheless spanned multiple
biological groups, reducing the likelihood that the contrast was driven solely by
biological-group representation. Nevertheless, quantitative measures capture partly
distinct aspects of community structure, and their responses may depend on differences
in species dominance and abundance distributions among assemblages. Thus, the
contrasting responses may reflect differences between occurrence- and abundance-based
patterns of community reorganization, although heterogeneity among quantitative
measures and the more limited evidence base warrant caution in interpreting this
contrast.

A further caveat concerns limitations in the representation and availability of the
compiled evidence. Fish and invertebrates were the most represented biological groups
and both showed differentiation; accordingly, their exclusion shifted the pooled
response toward homogenization. This sensitivity indicates that the global tendency
toward differentiation should not be interpreted as equally supported across freshwater
taxa. However, because the remaining evidence was based on substantially fewer study
cases, this shift should not be interpreted as a general contrast between fish and
invertebrates and the other groups. Moreover, other potentially important sources of
variation could not be explicitly evaluated. In particular, a-diversity was not
consistently available, preventing us from assessing whether regional differentiation
was associated with uneven changes in local diversity, while variation in sampling grain
may have influenced the magnitude of compositional differences detected among
localities. Also, analyses of macroecological variables were necessarily restricted to
subsets of the complete dataset according to data availability. Together, these
limitations indicate that some sources of variation remain unresolved, while the broader
differentiation pattern remains supported by the available evidence. Broader taxonomic
representation and more consistently reported local and spatial information will be
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necessary to better resolve the contexts under which freshwater assemblages undergo
biotic homogenization or differentiation.

5| Conclusion

Human impacts in freshwaters should not be expected to inherently promote biotic
homogenization. Our synthesis instead indicated overall differentiation, with responses
varying across impact types, study designs, data types, and taxonomic representation.
Also, no detectable relationships were found with the broad-scale spatial,
environmental, and temporal gradients evaluated. Occurrence-based estimates indicated
differentiation, whereas quantitative estimates indicated homogenization, and the pooled
response shifted toward homogenization when fish and invertebrates were excluded.
Together, these results show that the inferred B-diversity responses depend on both the
component of community structure measured and the taxonomic composition of the
available evidence. In particular, the contrast between occurrence-based and
quantitative estimates is consistent with impacted regions retaining distinct species
identities while becoming more similar in relative abundance, potentially through the
increasing dominance of widespread taxa. More broadly, we argue that the observed
direction likely reflects the balance between processes that drive assemblages toward a
common impacted state and those that maintain or amplify local ecological and
historical differences or increase the influence of stochastic assembly. The
predominance of differentiation across the full dataset suggests that the latter processes
prevailed on average, although not uniformly across assemblages or components of
community structure. This balance may be especially sensitive to context in freshwaters,
where connectivity constraints and flow regimes jointly shape dispersal opportunities
and local environmental conditions. Identifying when similar human pressures override
ecological context and when they instead interact with it to generate contrasting
responses may therefore be key to predicting whether freshwater communities within a
region converge toward a common impacted state or diverge toward distinct ones.
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FIGURE 1 | Schematic examples of the pairing rules used to generate reference—impact
contrasts. Each pairing between a reference and an impacted observation generated one
contrast for each biodiversity facet available. In spatially interspersed designs, reference
and impacted sites occurred within the same sampled region, generating one contrast
when one reference group, one impacted group, and one facet were available (a), or two
contrasts when the reference group was compared with two impacted groups, including
an intermediate-impact group (b). In spatially segregated designs, reference and impacted
groups occurred in separate sampled regions. One spatial pairing with two available facets
generated two contrasts (c), whereas all four pairings between two reference and two
impacted groups, each with two facets, generated eight contrasts (d). In spatiotemporal
designs, pairings were restricted to the two temporal endpoints—the reference condition
at the initial time point and the impacted condition at the final time point. When three
facets were available, this single temporal pairing generated three contrasts (e).
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120 TABLE S1 | Results of random-effects meta-analytic models for the global effect and
121 moderator levels. Estimates are log response ratios (INRR), with positive and negative
122 values indicating biotic differentiation and homogenization, respectively. SE = standard
123 error; Cl = 95% confidence interval; RH = residual heterogeneity (Q for the global model,
124  and QE for moderator-specific models). Asterisks indicate p < 0.05 for categories within

125  moderators.

Moderator Estimate SE zvalue pvalue Cllower Clupper RH—  pvalue
Global 0.1305 0.0732 1.7828 0.0746 -0.0130 0.2739 3294.40 <0.0001
Facet 3230.10 <0.0001
Functional 0.1974 0.0732 2.6974 0.0070* 0.0540 0.3408

Phylogenetic -0.1343 0.0785 -1.7098 0.0873 -0.2882 0.0197

Taxonomic 0.1178 0.0726 1.6216 0.1049 -0.0246 0.2602

Impact 3032.01 <0.0001
Hydrological alteration 0.1187 0.1656 0.7168 0.4735 -0.2058 0.4432

Invasion 0.6286 0.2824 2.2257 0.0260* 0.0751 1.1821

Land use 0.1714 0.1217 14086 0.1590 -0.0671 0.4098

Multiple 0.0284 0.1261 0.2253 0.8217 -0.2188 0.2756

Pollution/nutrients -0.1235 0.3424 -0.3609 0.7182 -0.7945 0.5475

Design 3209.90 <0.0001
Spatiotemporal 0.1033 0.1308 0.7900 0.4295 -0.1530 0.3186

Spatially segregated 0.2258 0.1491 15144 0.1299 -0.0664 0.5181

Spatially interspersed  0.0955 0.1139 0.8385 0.4018 -0.1277 0.3186

Group 3157.31 < 0.0001
Algae -0.1103 0.3617 -0.3050 0.7604 -0.8193 0.5986

Fish 0.1091 0.1342 0.8130 0.4162 -0.1540 0.3722

Invertebrates 0.1787 0.1046 1.7081 0.0876 -0.0263 0.3837

Macrophyte 0.1649 05106 0.3230 0.7467 -0.8359 1.1657

Phytoplankton -0.0172 0.3783 -0.0455 0.9637 -0.7587 0.7243

Zooplankton 0.0076 0.5103 0.0149 0.9881 -0.9925 1.0077
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128 TABLE S2 | Results of linear mixed-effects models testing potential confounding
129  variables associated with B-diversity change. Estimates represent the slope of each
130  predictor on log response ratios (InNRR), with positive and negative values indicating
131  increasing and decreasing INRR, respectively. Study cases were included as a random
132 intercept in all models. SE = standard error; df = degrees of freedom; N = number of
133 unique predictor values represented in each model. Multiple INRR observations may share
134  the same predictor value.

Fixed-effect Estimate SE df t value p value N
Absolute latitude  -0.0026 0.0032 96.4194 -0.804 0.423 110
Spatial extent -0.0225 0.0195 41.4934 -1.153 0.255 47
Distance 0.0017 0.0510 189 0.035 0.972 39
Clim. heterogeneity -0.0104 0.051 39.9404 -0.204 0.8391 45
Temporal window  0.0014 0.0024 26.6064 0.602 0.552 20
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