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strong spatial variability, highlighting the importance of a global perspective. While
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functional diversity of freshwater fish across the world, considering three comple-

spatially explicit projections of geographical ranges for 11,425 riverine fish species as
affected by changes in streamflow and water temperature extremes at four warming
levels (1.5°C, 2.0°C, 3.2°C and 4.5°C). To estimate functional diversity, we consid-
ered the following four continuous, morphological and physiological traits: relative
head length, relative body depth, trophic level and relative growth rate. Together,
these traits cover five ecological functions. We treated missing trait values in two
different ways: we either removed species with missing trait values or imputed them.
Depending on the warming level, 6%-25% of the locations globally face a complete
loss of functional diversity when assuming no dispersal (6%-17% when assuming
maximal dispersal), with hotspots in the Amazon and Parana River basins. The three
facets of functional diversity do not always follow the same pattern. Sometimes,
functional richness is not yet affected despite species loss, while functional even-
ness and divergence are already reducing. Other times, functional richness reduces,
while functional evenness and/or divergence increase instead. The contrasting pat-
terns of the three facets of functional diversity show their complementarity among
each other and their added value compared to species richness. With increasing cli-
mate change, impacts on freshwater communities accelerate, making early mitiga-

tion critically important.
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1 | INTRODUCTION

Within an era of massive biodiversity loss, freshwater ecosys-
tems are especially threatened (Collen et al., 2014; WWF, 2016).
Freshwater ecosystems occupy less than 2% of the surface
(>3% are lakes, ponds and impoundments according to Downing
et al., 2006, but almost half of the lakes are saline according to
Shiklomanov, 1993) and about 0.01% of the water volume on the
Earth (Shiklomanov, 1993), but comprise about 9.5% of all known
animal species (Balian et al., 2008) and a similar number of, for ex-
ample, ray-finned fish species (Actinopterygii) as in marine envi-
ronments (Vega & Wiens, 2012). However, vertebrate populations
declined much faster in freshwater than in terrestrial or marine en-
vironments (WWF, 2016), and freshwater vertebrates face a higher
extinction risk than their terrestrial equivalents (Collen et al., 2014).

These declines are, among others, related to climate change,
which has profound impacts on freshwater ecosystems. It warms
the water and alters the flow pattern (Barbarossa et al., 2021).
Besides such direct effects, it can also amplify other stressors, such
as species invasions (Rahel & Olden, 2008) or harmful cyanobacte-
rial blooms in water affected by eutrophication (Visser et al., 2016).
Even at the level of climate change up to now, there is evidence that
23 of 31 freshwater ecological processes (74%) at different levels
of biological organisation, from genes to the ecosystem, have been
affected by climate change (Scheffers et al., 2016). For example, or-
ganisms are shrinking in body size, species shift their ranges, popula-
tions change in abundance and communities change in composition,
resulting in new species interactions. This can also affect human
societies, for example, through reduced fishery yields and novel dis-
ease vectors (Scheffers et al., 2016). Fish play important functional
roles within their communities as predators, mediators of nutrient
fluxes and some also as ecosystem engineers (Villéger et al., 2017).

Responses of freshwater fish species to climate change vary over
geographical areas, which highlights the importance of providing a
global perspective. This was shown most markedly by Barbarossa
et al. (2021), who investigated the effects of climate extremes
on the species richness of freshwater fish globally at a grid level.
Species richness is a commonly measured feature of biodiversity,
but functional diversity is a better predictor of ecosystem function-
ing because the diversity of traits links more strongly to ecosystem
functioning than does the number of species (Ahmed et al., 2019;
Gagic et al., 2015).

The only study known to the authors that has already examined
the effects of climate change on functional diversity at a global scale
was conducted by Manjarrés-Hernandez et al. (2021). However, for
functional diversity, they only presented boxplots with the variabil-
ity across river basins, that is, without showing any spatial patterns,
and only analysed functional richness. Functional richness alone
cannot capture the different facets of functional diversity (Scherer
et al., 2020; Villéger et al., 2008). Moreover, they have only used
categorical traits to estimate functional richness, and these do not
capture the variation between species as well as continuous traits
(Scherer et al., 2020). Their range of climate scenarios is also limited

compared to that used by Barbarossa et al. (2021). Therefore, there
is a demand to further explore the impacts of climate change on
freshwater fish functional diversity.

This study aims to comprehensively assess the climate change
threats to the functional diversity of freshwater fish across the
world. We built on spatially explicit projections of geographical
ranges under two dispersal assumptions for 11,425 riverine fish spe-
cies as affected by changes in streamflow and water temperature
extremes following four warming levels between 1.5°C and 4.5°C
from Barbarossa et al. (2021). The two dispersal assumptions—either
no dispersal beyond the historical geographical range or maximal dis-
persal within the same drainage basins and freshwater ecoregions—
are expected to provide upper and lower estimates of functional
diversity loss. Overall changes, including losses and gains, are more
difficult to anticipate and could also be stronger under maximal dis-
persal because both species losses and gains can cause changes. We
use continuous traits to estimate three complementary functional
diversity metrics—functional richness, evenness and divergence.

2 | MATERIALS AND METHODS
2.1 | Functional diversity metrics

Different computation methods exist to describe each of the facets
of functional diversity. Ahmed et al. (2019) evaluated various func-
tional diversity metrics and recommended the three metrics devel-
oped by Villéger et al. (2008), covering the three facets investigated
here: functional richness, evenness and divergence. Functional
richness describes the volume of functional space filled by the
(fish) species in a community, while functional evenness and diver-
gence describe how evenly and distant from the centre of gravity
the species are distributed within that space (Villéger et al., 2008).
Functional evenness and divergence are constrained between 0 and
1, whereas functional richness represents an absolute volume and,
thus, has no upper limit (Villéger et al., 2008).

Functional diversity metrics were computed using the function
dbFD_parallel (Kim, 2018), which implemented the three metrics by
Villéger et al. (2008). Kim (2018) adjusted the original dbFD function
from the ‘FD’ package (Laliberté & Legendre, 2010) to reduce the
computation time for large datasets. For this study, we adjusted the
dbFD_parallel function further to reduce the computation time of
the functional evenness component. The computation of functional
evenness requires a minimal spanning tree. This process was opti-
mised by replacing the mst function from the ‘ape’ package (Paradis
& Schliep, 2019) with the spantree function from the ‘vegan’ package
(Oksanen et al., 2020).

Input data to compute the functional diversity metrics were
twofold: (1) trait data for the freshwater fish species (section 2.2)
and (2) presence-absence data per species per geographical loca-
tion on a world grid for different climate scenarios (section 2.4).
Ideally, abundance data would be used instead of presence-
absence data. However, species abundance was unknown, and
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the functional diversity metrics are also suitable for presence-
absence data (Villéger et al., 2008). Before the functional diversity
metrics computation, the trait data (all continuous values) were
standardised to a mean of O and unit variance. Additionally, for the
presence-absence data of each climate scenario, a hypothetical
geographical location was added where each species was present.
This ensured that, during the functional diversity computations
for each scenario, the same list of species was considered and,
thereby, the functional diversity metrics were comparable across

the scenarios.

2.2 | Traitdata

The selection of fish traits was based on their (1) relevance to
and broad joint coverage of ecological functions and ideally also
trait categories, (2) availability in the FishBase database (Froese
& Pauly, 2021) and (3) complementarity through a weak correla-
tion among them, similar to the selection of plant traits by Scherer
et al. (2020).

The relevance of commonly used traits to ecological function-
ing was analysed through a literature review. The fish traits were
related to five ecological functions: food acquisition, locomotion,
nutrient processing, reproduction and predator-prey interactions
(also known as survival) (Villéger et al., 2017). Additionally, they were
classified into four trait categories: morphology, life history, physiol-
ogy and behaviour (Martini et al., 2021). A trait within a specific trait
category can relate to multiple ecological functions.

Forty-two traits were selected and extracted from FishBase
(Table S1.1) by using the R package ‘rfishbase’ (Boettiger et al., 2012).
Where multiple observations were available per fish species, the val-
ues were aggregated through the arithmetic mean for continuous
traits and the mode for categorical traits. The trait set was reduced
by excluding traits with 70% or more missing values (except for food
type with 72% missing values to evaluate the correlation with the
trophic level later on). This resulted in 16 traits (Table S1.2). We also
analysed the co-occurrence of missing trait values across species
by multivariate statistics to lower the number of affected species
(Figures S1.1 and S1.2).

Functional diversity estimates depend, among others, on the trait
selection. We intentionally selected only continuous traits. The in-
clusion of categorical traits could potentially have lowered the num-
ber of missing trait values (e.g., the categorical body shape contains
fewer missing values than the continuous relative body depth we se-
lected) or allowed for the consideration of additional trait categories
(the categorical reproduction mode is a life history trait, while we
only considered morphological and physiological traits). Categorical
traits also avoid issues with inconsistent measurement methods, as
categorical traits are unitless, which might make them more reliable
and comparable (Ladds et al., 2018). However, several functional
diversity metrics, including the ones used here, were designed for
continuous traits. Although there are some workarounds to make
them applicable to categorical traits, such procedures can lead to

S i ey

information loss or the meaning of the metrics changes. Therefore,
Schleuter et al. (2010) advise against using categorical traits.

Based on optimal coverage across ecological functions and trait
categories, our final selection of traits consisted of the following
four: relative head length, relative body depth, trophic level and rela-
tive growth rate, making it a balanced coverage of two morphological
and two physiological traits. These traits covered all five ecological
functions (Table S1.2). The relative head length and trophic level
covered food acquisition (Da Silva et al., 2019; Pease et al., 2012,
2015; Wiedmann et al., 2014). The body depth represented loco-
motion (Buisson et al., 2013; Frimpong & Angermeier, 2009; Pease
et al., 2012, 2015). The relative body depth and trophic level cov-
ered nutrient processing (Villéger et al., 2017). The relative growth
rate and trophic level represented reproduction (Frimpong &
Angermeier, 2009). Finally, the trophic level (Wiedmann et al., 2014)
and relative head length (Da Silva et al., 2019; Ford & Roberts, 2020)
covered predator-prey interactions. The four selected traits con-
tained about 37% of missing values, and in most cases, such miss-
ing values occurred with the same species (Figure $1.2). Spearman's
rank correlation coefficients ranged from -0.19 to 0.35 (Figures 51.3
and S1.4).

To detect potentially erroneous trait values, the four selected
traits were checked for their natural bounds and outliers. This was
done for the original data extracted from FishBase before aggre-
gating traits in the case of multiple observations per species. One
negative value indicated an erroneous value and was removed
(Table S2.3). Possible outliers were identified by applying the inter-
quartile method (Salgado et al., 2016) (Figure S2.6). Outliers that
were found either seemed accurate according to the original refer-
ences linked in FishBase or could not be verified due to a lack of
references. Thus, outliers were neither excluded nor replaced.

The computation of functional diversity metrics was based on
two different fish trait datasets (Scherer et al., 2023): (1) removing
species with one or more missing trait values and (2) imputing miss-
ing trait values across fish species. Removing species with missing
trait values resulted in a trait dataset for 3792 fish species.

Three imputation methods were examined: phylogenetic im-
putation, Multiple Imputation by Chained Equations (MICE) and
imputations with random forest algorithms (missForest). These
methods were used before to handle missing trait values (Johnson
etal.,, 2021; Penone et al., 2014; Taugourdeau et al., 2014). The phy-
logenetic imputation is a trait evolution analysis that requires a phy-
logenetic tree. It was conducted by using the R package ‘Rphylopars’
(Goolsby et al., 2017) and data from the Fish Tree of Life (Rabosky
et al., 2018) through the R package ‘fishtree’ (Chang et al., 2019).
Matching fish species from the phylogenetic tree with those used
in this study would disregard about 55% of the species. Although a
stochastically resolved phylogenetic tree would lead to much fewer
unmatched species, Rabosky (2015) generally advises against their
use in analyses involving traits. Therefore, phylogenetic imputation
was excluded. For MICE, the predictive mean matching method
was applied. With this method, data were imputed by matching ob-
served values between traits (Johnson et al., 2021). MissForest is a
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nonparametric imputation method that uses trained random forest
predictions (Penone et al., 2014) (see Appendix S2 for further details
on the imputation methods). The most accurate imputation method
was selected by fivefold cross-validation with three performance in-
dicators: the normalised root mean square error (NRMSE), per cent
bias (PBIAS) and coefficient of determination (R?). Given that two
out of three indicators (NRMSE and R?) suggested that the missFor-
est imputation performed better (Table $2.4), this method was cho-

sen to impute missing trait values across species.

2.3 | Species' geographical ranges

The geographical ranges of 11,425 riverine fish species were ob-
tained from Barbarossa et al. (2021), who compiled them from
multiple data sources. Most of them are from the IUCN Red List of
Threatened Species database (IUCN, 2018). Others are from the
Amazonfish dataset (Jézéquel et al., 2020) or Barbarossaetal. (2020),
who delineated them based on point occurrence records, following
a similar approach as used for the IUCN database. The dataset cov-
ers partially or entirely lotic fish species (living in flowing water) but
excludes entirely lentic species (living in standing water). Moreover,
it includes both native and exotic species.

2.4 | Climate scenarios

The climate scenarios were based on spatial data at a resolution
of 5 arcminutes (~10 kilometres at the equator) from Barbarossa
et al. (2021), who considered the five global climate models (GCMs)
included in the Inter-Sectoral Impact Model Intercomparison Project
(ISI-MIP) (Warszawski et al., 2014): HadGEM2-ES from the Met-
Office Hadley Centre, IPSL-CM5A-LR from the Institute Pierre
Simon Laplace Climate Modelling Centre, MIROC-ESM-CHEM from
a Japanese consortium (University of Tokyo, NIES and JAMSTEC),
GFDL-ESM2M from the Geophysical Fluid Dynamics Laboratory
and NorESM1-M from a consortium of Norwegian universities and
institutes. The historical scenario represented the period 1976 to
2005. For future scenarios, the five GCMs were combined with four
Representative Concentration Pathways (RCPs) (RCP 2.6, 4.5, 6.0
and 8.5) that represent trajectories of greenhouse gas emissions to-
wards a certain radiative forcing in 2100. The future scenarios repre-
sented four warming levels—1.5°C, 2.0°C, 3.2°C and 4.5°C—relative
to the pre-industrial reference period 1850-1900. The warming lev-
els were reached at different points in time for each GCM-RCP com-
bination and sometimes only outside of the modelling period until
2100. This resulted in 42 future scenarios.

Based on these scenarios, Barbarossa et al. (2021) defined five
climate extremes: the maximum and minimum weekly water tem-
perature, maximum and minimum weekly streamflow and the num-
ber of zero-flow weeks. For each climate extreme, species-specific
thresholds were defined and estimated from each species' geo-
graphical range for a historical scenario (Barbarossa et al., 2021). For

each future scenario and each grid cell, it was evaluated whether a
climate extreme exceeded the threshold of a fish species within its
(potentially extended) geographical range. Exceeding one or more
climate extreme thresholds implied that the respective fish species
was assumed to become absent at that location. As in Barbarossa
et al. (2021), we made two dispersal assumptions. First, ‘no disper-
sal’ of fish species occurs, where species cannot move beyond the
geographical range they occupy in the historical scenario. Second,
‘maximal dispersal’ occurs, where fish species can move beyond
their historical geographical range within a surrounding region de-
lineated by the intersection of the physical boundary represented by
the drainage basins and ecological conditions represented by fresh-
water ecoregions. Under this assumption, the geographical ranges
in the historical situation were also adjusted to account for disper-
sal (Barbarossa et al., 2021). To get from 42 scenarios to aggregated
scenarios for the historical situation and the four warming levels,
presence-absence estimates of fish species were aggregated using
its median value within a grid cell. After aggregation for each species
individually, all fish species were combined in one presence-absence
matrix per aggregated scenario, containing the locations on a world

grid and the fish species.

2.5 | Functional diversity loss calculation

Functional diversity loss (subscript loss) was assessed for each func-
tional diversity metric (FD) by comparing the functional diversity
under environmental pressure to the reference situation (Scherer
et al.,, 2020), here the different warming levels (subscript warming)
and the historical scenario (subscript historical):

FD.

warming
FDjoss =1 — FD
historical

A loss of 1 indicates a complete loss of functional diversity for
a specific metric, whereas O indicates no loss. The range between
0 and 1 indicates a partial loss. For functional evenness and diver-
gence and, in general, under maximal dispersal, it is also possible to
achieve gains instead of losses, implying negative loss values. For
functional richness, the assumption of no dispersal prevents any
gains. The spatial data on functional diversity and its loss are avail-
able from Scherer et al. (2023).

3 | RESULTS

Climate change threatens all three aspects of fish functional diver-
sity at all warming levels (Figure 1). At some locations, there were
small gains in functional evenness and divergence (represented by
negative losses), especially under maximal dispersal. Functional rich-
ness could only stay constant or reduce when assuming no dispersal,
but there were also never gains in functional richness when assum-

ing maximal dispersal. Overall, losses of functional richness are

85UB01 T SUOWIWIOD SATE81D 3(dedtdde a1 Aq peuienob aJe ol YO ‘8sN JO S9InJ 10} A%iq 1T 8UlUQ A8]IA UO (SUOIPUOD-PUR-SWLIBYW0D A8 |1 Aked|1|Bul JUo//Sdny) SUONIPUOD pue SWB | 8U1 88S *[£202/2T/02] Uo Ariqiauliuo Ae|im ‘Uepie 10 AIsAIIN AQ £229T GoB/TTTT 0T/I0p/w0o A8 1M Aselqpuljuo//sdiy wolj pepeojumod ‘€T ‘€202 ‘98vZS9ET



SCHERER ET AL.

FIGURE 1 Loss of functional richness
(a), evenness (b) and divergence (c)
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(no dispersal)

higher than for evenness and divergence (Figures $3.25-30). Losses
are higher when weighing them by the grid-cell areas, as losses are
generally higher at lower latitudes where the grid-cell areas are
larger (Figure $4.40).

Using the dataset with imputed trait values as opposed to the
dataset where species with missing trait values had been removed
results in slightly lower losses (Figure 1). The dataset with fewer spe-
cies (i.e., without imputation) lacks grid cells especially in high lati-
tudes where the functional diversity losses are smaller (Figure S3.7).
Removing these locations in the imputed dataset, however, results
in losses that more closely resemble those based on the imputed
dataset with all locations than those based on the dataset with
fewer species, especially for functional evenness and divergence
(Figures S4.38 and S4.39). Hence, the consideration of fewer spe-
cies has a larger influence than fewer locations. This suggests that
any lost species has a larger proportional effect in a dataset with
fewer species or that the species that had to be removed were gen-
erally less sensitive to climate threats. Functional richness is clearly
influenced by both factors. Overall, it shows that the imputation of

Imputed traits
(max dispersal)

Remov. species
(no dispersal)

Remov. species
(max dispersal)

missing trait values was important to cover both more species and
locations and, thus, produce a more representative projection of
functional diversity impacts.

Assuming maximal dispersal rather than no dispersal, losses can
sometimes be higher at lower warming levels, given that the histor-
ical diversity is also assumed to be higher and more species can get
lost. However, latest at a warming level of 3.2°C, climate change ad-
aptation through dispersal reduces functional diversity loss across
all metrics (Figure 1).

Functional diversity loss generally accelerates with increasing
warming levels (steeper lines in Figure 2). In fact, it slows down a
bit between 1.5°C and 2.0°C, especially when assuming maximal
dispersal, but accelerates afterwards, especially when assuming no
dispersal. The losses are faster for functional richness, but the accel-
eration is stronger for functional evenness and divergence.

Different functional diversity components can respond differ-
ently to climate change. At some locations, functional richness still
remains intact, while functional evenness and divergence decrease.

At other locations, functional richness reduces, while functional
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Metric FIGURE 2 Average functional diversity
. =+ Divergence loss by warming level.
— - Evenness
— Richness
Dataset

Imputed traits
(no dispersal)
Imputed traits
(max dispersal)
Remov. species
(no dispersal)
Remov. species
(max dispersal)

Warming level (°C)

(a)1.5°C

(b) 2.0°C

No change No FRic loss Gain by two

Full loss

Gain by one

Loss by all

FIGURE 3 Functional diversity change categories at warming levels of 1.5°C (a), 2.0°C (b), 3.2°C (c) and 4.5°C (d), assuming no dispersal.
In the underlying fish trait data, missing trait values were imputed. No change: no species get lost, and thus functional diversity does

not change; no FRic loss: functional richness remains constant but functional evenness and divergence decrease; gain by two: functional
evenness and divergence increase and functional richness decreases; gain by one: functional evenness or divergence increases and the other
two decrease; loss by all: all functional diversity components decrease; full loss: all species and thus the entire functional diversity get lost.
The original data at a 5-arcmin resolution (~10km at the equator) are displayed here with a World Robinson projection. Light grey denotes no
data areas (insufficient species occurring to estimate functional diversity or no data available). See Figures $3.25, $3.27 and S3.29 for maps
of the change in the individual functional diversity components, Figure S3.34 for functional change categories aggregated to the river basin

level, and Figure $3.32 for maximal dispersal.

evenness, divergence, or both increase (Figure 3). The latter is es-
pecially common under maximal dispersal (Figure $4.42). Such di-
vergent responses can occur almost anywhere around the world.
However, it is more likely that no functional diversity change occurs
in high northern latitudes (Figure $4.40) like polar freshwaters and
temperate coastal rivers (Figure S4.45). It should be noted that any
gains in some of the functional diversity components might only be
temporary and transition to losses later on, such as at some loca-
tions in the Amazon River basin (Figure 3, Figures 53.32, S4.40 and
S54.41).

The largest continuous area affected by a complete loss of
functional diversity at higher warming levels is in the adjacent
Amazon and Parana River basins in South America. Other large

river basins where complete loss at a warming level of 4.5°C is
the most frequent change category across grid cells when assum-
ing no dispersal are the Mississippi and Nelson Rivers in North
America, the Danube River in Europe, the Ob, Indus and the Tigris-
Euphrates Rivers in Asia, the Niger and Orange Rivers in Africa,
and the Murray Darling River in Australia (Figure $S3.34). Xeric
freshwaters and endorheic (closed) basins like the Sahara and the
Arabian Peninsula are especially affected but often data-poor
(Figure 3, Figure 54.45).

While 6% of grid cells face a complete loss of functional diversity
at a warming level of 1.5°C, this share increases to almost 25% at
4.5°C, assuming no dispersal (Figure 4; 17%, assuming maximal dis-
persal, Figure S4.42). At 4.5°C, another 7% (10%) face partial losses
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FIGURE 4 Functional diversity change categories across different warming levels (a) and biogeographic realms at warming levels of 1.5°C
(b), 2.0°C (c), 3.2°C (d) and 4.5°C (e), assuming no dispersal. In the underlying fish trait data, missing trait values were imputed. No change: no
species get lost, and thus functional diversity does not change; no FRic loss: functional richness remains constant but functional evenness
and divergence decrease; gain by two: functional evenness and divergence increase and functional richness decreases; gain by one:
functional evenness or divergence increases and the other two decrease; loss by all: all functional diversity components decrease; full loss:
all species and thus the entire functional diversity get lost. See Figure S4.43 for the functional diversity change categories across different
warming levels and fish trait datasets, and Figures $S4.42 and S4.44 for maximal dispersal.

in all three functional diversity components, almost 36% (57%) show
diverging patterns with gains in one or two functional diversity
components or losses in functional evenness and divergence but no
change in functional richness, and the remaining about 33% (17%)
remain unaffected by climate change. Across biogeographic realms,
Oceania is the least affected at all warming levels (Figure 4). Only
a negligible amount of grid cells face complete loss at the highest
warming level, and it contains the highest share of grid cells with
gains in one or two functional diversity components. This is simi-
lar to the picture for oceanic islands as a major habitat type, which
characterises Oceania (Figure S4.45). Australasia contains the high-
est share of grid cells with complete loss at lower warming levels. At
higher warming levels, however, the Neotropics, where the Amazon
and Parana Rivers are located, show the highest complete losses
when assuming no dispersal, while Australasia stays highest when
assuming maximal dispersal.

Functional change is moderately to very strongly positively
correlated with species loss (Figure 5; it can be very weak for in-
dividual data points of functional evenness and divergence when
assuming maximal dispersal, Figure $4.47), that is, the more species
get lost, the more likely it is that functional diversity decreases as
well. This applies to all three aspects of functional diversity, but the
relationship is stronger for a change in functional richness than for

evenness and divergence, although the correlation of the latter two
increases with warming. Functional richness is also very strongly
correlated with species richness, whereas functional evenness and
divergence show a very weak or weak and negative correlation
with species richness (Figure $4.48), demonstrating their comple-
mentarity. A very weak or weak and negative correlation between
species richness and functional change further indicates that a
higher species richness makes it less likely for functional diversity
loss to occur.

Although all functional change categories can occur across a
wide range of historical species richness, we observe no functional
richness loss or a gain in one or two functional diversity components
rather at locations with higher historical species richness (Figure 6),
even when species richness declines. Moreover, at the lowest warm-
ing levels, a complete loss tends to occur at locations with low spe-
cies richness. In contrast, at the highest warming level, locations
with complete loss exhibit the highest average historical species
richness when assuming no dispersal (the average historical species
richness of locations with complete loss also increases with warm-
ing when assuming maximal dispersal, but locations with gains keep
the highest species richness, Figure S4.49). It demonstrates that high
species richness only provides a temporary buffer against climate
change threats.
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FIGURE 6 Average historical species richness across functional diversity change categories at warming levels of 1.5°C (a), 2.0°C (b), 3.2°C
(c) and 4.5°C (d), assuming no dispersal. In the underlying fish trait data, missing trait values were imputed. No change: no species get lost,
and thus functional diversity does not change; no FRic loss: functional richness remains constant but functional evenness and divergence
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entire functional diversity get lost. See Figure S4.49 for maximal dispersal.

4 | DISCUSSION

Assessments of functional diversity changes provide complemen-
tary information to species losses. Although functional richness is
strongly correlated with species richness, which was already as-
sessed in global climate change scenarios by Barbarossa et al. (2021),
these two facets of biodiversity do not change consistently eve-
rywhere. In 6%-12% of grid cells apart from those with either no
or complete biodiversity loss, no functional richness loss occurs
despite species loss. Furthermore, functional evenness and diver-
gence are only weakly and negatively correlated with species rich-
ness, and even their relative changes are only moderately correlated
with relative species losses when assuming no dispersal and weakly

correlated when assuming maximal dispersal. Thus, assessing func-
tional diversity changes provides new insights.

Consideration of functional diversity is more complex and data-
intensive than species richness. In addition to spatially explicit in-
formation on species, it requires species-specific information on
functional traits. Such traits are not available for all species, implying
that either species need to be removed or missing trait values im-
puted. We have done both and found significant differences in the
assessments with both datasets. An assessment with fewer species
and, thus, fewer locations considered leads to an overestimation of
functional diversity loss. Although imputation entails uncertainties,
we believe that the gains in the number of species and the spatial
coverage are more important.
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The spatial patterns differ among the three facets of functional
diversity and their responses to climate change. For example, at
some locations, functional richness is not yet affected despite spe-
cies loss, while functional evenness and divergence start decreasing.
At other locations, it might even happen that some facets are los-
ing, while others are gaining (evenness and/or divergence). Alahuhta
et al. (2018) confirmed through their literature review that climate
change could have multiple and contrasting effects on functional di-
versity across different facets (and species groups). These contrasts
demonstrate the complementarity and the importance of consider-
ing more than one facet of functional diversity. It also seems remark-
able that, at the lower warming levels (1.5°C and 2.0°C), the majority
of locations (>60%) do not yet face functional diversity change when
assuming no dispersal, although this share reduces to about a third
when assuming maximal dispersal.

The contrasting patterns in biodiversity change depend on the
type of species that get lost. For example, only the species with
the most extreme trait values determine functional richness, and
it is independent of the abundance of species with such extreme
trait values (Villéger et al., 2008). So, if the species that get lost
and reduce species richness are species with less extreme trait
values or species that are functionally redundant to others with
the same extreme trait values, it does not affect functional rich-
ness. Functional evenness and divergence seem to be especially
good predictors of ecosystem functions provided by animals. High
functional evenness and divergence suggest functional comple-
mentarity, making the relationship with ecosystem functioning
mostly positive, although it can sometimes also be negative (Gagic
et al., 2015). Functional evenness can increase when some of the
species that are functionally most similar to other species get lost,
leading to less functional overlap and a more even distribution
across the functional space of the remaining species. Functional
divergence can increase when the species that get lost are more
generalist species close to the centre of gravity of the functional
space, making the remaining specialist species with more extreme
trait values relatively more abundant (Hitt & Chambers, 2014;
Villéger et al., 2010). Gains in functional evenness and divergence
may also be a side effect of a lower functional richness because
this reduction restricts the functional space available to functional
evenness and divergence (Hitt & Chambers, 2014).

Even under maximal dispersal, functional richness never in-
creased under climate change in our scenarios. This finding is con-
sistent with the finding by Barbarossa et al. (2021), on whose study
we built, that species richness does not increase compared to the
historical baseline. Although the geographical ranges of some spe-
cies, especially warm-water species, are expected to expand (Comte
et al., 2013), this may not be sufficient to lead to a net increase in
species richness, as the ranges of other species, especially cold-
water species, are expected to contract. However, others projected
increases in freshwater fish species richness under climate change in
some parts of the world (Markovic et al., 2014). Even if species rich-
ness increased, functional richness would not necessarily increase

as well, but it could also increase proportionally more than species

S i ey

richness (Toussaint et al., 2018). The change in functional richness
depends on the functional similarity of the newcomers versus the
loss in functional richness due to the species losses.

The Amazon River basin is one of the most strongly impacted
by climate change and stands out for its large area of complete fish
functional diversity loss at the higher warming levels. The Amazon
rainforest might similarly face massive dieback by the end of this
century as induced by deforestation and climate change. Empirical
evidence already shows a pronounced loss of forest resilience, sug-
gesting a transition towards critical thresholds (Boulton et al., 2022).
In the case of freshwater ecosystems, the Amazon River basin sees
relatively strong reductions in minimum and maximum weekly flow
and increases in the number of zero-flow weeks and minimum
and maximum weekly water temperature (Figure S5 in Barbarossa
et al., 2021). According to our results, the high species richness
of the Amazon River basin can only provide a buffer against such
changes in climate extremes up to a certain level and then cannot
withstand them any longer.

Toussaint et al. (2016) also examined the functional diversity of
freshwater fish at the global scale, though they only considered func-
tional richness as the only facet of functional diversity and only at
the broad level of biogeographic realms. Instead of assessing specific
threats to functional diversity like climate change, they assessed the
functional vulnerability to species loss, which they defined as the
share of functional diversity that is supported by threatened species.
They found the largest functional richness in the neotropical realm,
similar to our findings with a hotspot especially in the Amazon River
basin (Figure $3.34). They also found that functional richness is neg-
atively but not significantly correlated with functional vulnerability.
This is consistent with our findings that species richness (strongly
correlated with functional richness) is only very weakly and nega-
tively correlated with functional richness loss. In contrast, they also
did not find an association between the number of threatened spe-
cies and functional vulnerability, whereas we found a moderate pos-
itive correlation between species loss and functional richness loss.

Su et al. (2021) investigated changes in functional richness
globally at the river basin scale between roughly pre-industrial and
current times. They related the changes to four environmental and
four anthropogenic variables, none of which is anthropogenic cli-
mate change as assessed here. They found that functional richness
in most basins increased, including the Amazon River basin. Basins
with losses in functional richness are especially found in Siberia, like
the Lena River, but not in western Siberia, like the Ob River. Their ob-
servations contrast the spatial patterns modelled in our assessment,
where high northern latitudes like Siberia are generally little affected
by climate change threats, but the Ob River is among the major rivers
projected to lose more than 50% of functional richness at a warming
level of 4.5°C when assuming no dispersal (Figure S3.36; functional
richness loss in the Ob River is lower when assuming maximal disper-
sal but still higher than in most other parts of Siberia, Figure $3.37).

The magnitude of functional diversity loss depends on the dis-
persal assumption. We assumed either no dispersal of fish species,
that is, each fish species is confined to its current geographical
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range, or maximal dispersal within a fish species' current water-
shed and freshwater ecoregion. Like Barbarossa et al. (2021), we
generally found lower threat levels for freshwater fish species
when assuming maximal instead of no dispersal (with some ex-
ceptions at lower warming levels). Both dispersal assumptions are
likely to be unrealistic, and the truth lies somewhere between the
two. Freshwater fish species have been shown to shift their ranges
in response to climate change, yet their pace is likely to be too
slow to keep up with climate change, and they are constrained by
the upstream-downstream structure of the river basins as well as
potential physical barriers like dams (Comte & Grenouillet, 2013).
River fragmentation due to dams is likely to increase considerably
in the future (Barbarossa et al., 2020) due to a global boom in hy-
dropower (Zarfl et al., 2015), especially in megadiverse tropical
rivers (Winemiller et al., 2016), which further limits dispersal. In
contrast, dispersal might also occur across river basins and go be-
yond what we considered maximal dispersal in the case of human-
assisted intentional and unintentional translocation of species
(Bernery et al., 2022; Su et al., 2021). While generally presenting
results for both dispersal assumptions, it is not always convenient,
and we then focus on the no-dispersal assumption to follow a pre-
cautionary principle (Brysse et al., 2013). For future research, we
recommend considering partial-dispersal scenarios, which, how-
ever, increase the data and computational requirements (Bateman
et al., 2013).

The accelerating climate change impacts make early mitigation
even more important. Any climate change impacts we can already
observe nowadays will be less than the magnitude of the impacts
in the future. Moreover, it is more difficult to predict what we can
expect from the future. The acceleration also implies that limiting cli-
mate change makes an even bigger difference because future func-
tional diversity losses will be larger than expected under a simple
linear extrapolation.

The projections of functional diversity loss under climate change
can help make conservation planning more effective. Only by con-
sidering ongoing and future threats in conservation planning, bio-
diversity persistence can be safeguarded (Reside et al., 2018).
Designing conservation actions with a view into the future may be
suboptimal in the short run but will pay off in the long run (Scherer
et al., 2017). However, it requires further research on how to define
conservation priorities under trade-offs between different facets of
functional diversity.

It would be beneficial to conduct similar studies for other taxa
and ecosystem types. For example, Odonata (dragonflies and dam-
selflies) have been suggested as an indicator taxon for the impacts
of climate change that could serve as a proxy for wider biodiversity,
among others, because they respond to climate change strongly in
multiple ways (Hassall, 2015). However, invertebrates like Odonata
receive less attention in research than vertebrates like fish, and data
availability is poorer. Besides freshwater ecosystems, such assess-
ments could also be extended to terrestrial and marine ecosystems.
Trisos et al. (2020) performed a similar analysis for terrestrial and
marine ecosystems as Barbarossa et al. (2021) did for freshwater

ecosystems, simulating the exceedance of climate niche limits. As
we built on the results from Barbarossa et al. (2021), one could sim-
ilarly build on the results from Trisos et al. (2020) to estimate the
impacts of climate change on the functional diversity of terrestrial
and marine ecosystems.

5 | CONCLUSIONS

Climate change poses severe threats to freshwater fish com-
munities and their functional diversity. This study assessed the
functional diversity change of freshwater fish caused by climate
change due to changes in streamflow and water temperature
extremes at four global warming levels (1.5°C, 2.0°C, 3.2°C and
4.5°C). Losses accelerate towards higher warming levels. Globally,
6%-25% of the locations face a complete loss of functional di-
versity when assuming no dispersal (and 6%-17% when assuming
maximal dispersal). An additional 3%-7% (6%-10%) face a partial
loss in functional diversity in all three investigated facets: func-
tional richness, evenness and divergence. The adjacent Amazon
and Parana River basins stand out as hotspots of functional di-
versity loss. The three facets of functional diversity do not always
follow the same pattern. Sometimes, functional richness is not yet
affected despite species loss, while functional evenness and di-
vergence start decreasing. At other locations, functional richness
decreases, while functional evenness and/or divergence increase.
This contrasting pattern shows the complementarity of functional
diversity and its three facets compared to species richness, which
is most commonly assessed. Considering future threats through
the projections of functional diversity loss under climate change,
as done here, can help make conservation planning more effective

and protect biodiversity persistence.
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