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Climate warming drives thermal shocks 
and accelerated freshwater habitat 
fragmentation
 

Hong Wang (王泓)    1,2, Junguo Liu (刘俊国)    1,3,4  , Joseph Holden    2, 
Penghan Chen (陈鹏翰)1, Valerio Barbarossa    5,6 & Megan Klaar    2

Climate change is exposing freshwater fish to warmer temperatures, causing 
widespread range contraction and population declines. However, how 
climate-driven disruptions will affect freshwater fish persistence under 
future thermal extremes remains poorly understood. Here, using weekly 
water temperature data (1976–2099), we assess the vulnerability of 9,809 
freshwater species to short- and long-term thermal extremes and show that 
gradual warming can trigger abrupt thermal exposure. Tropical regions 
experience a high proportion of species at risk, whereas non-tropical 
regions face severe thermal extremes. We introduce the concept of thermal 
fragmentation exposure to understand how heterogeneous warming 
fragments freshwater habitat, thereby amplifying local extinction risks. 
Around 63% of riverine fish will experience more persistent thermal barriers 
under a high-emissions scenario, with thermal fragmentation accelerating 
over time. These findings underscore the urgent need for targeted 
conservation strategies to safeguard freshwater fish biodiversity.

Anthropogenic climate change is exacerbating extreme thermal events, 
exposing freshwater fish to dangerous temperatures1–3. These extreme 
events can be both short-term, with high exposure intensity within a 
single year, and long-term, through prolonged exposure over multi-
ple years1,3,4. While fish may buffer some threats, the accumulation of 
‘ecological debt’5—especially from consecutive, high-intensity thermal 
events—remains a major concern6. Episodes of extremely hot tempera-
tures have already increased, resulting in widespread mortalities in 
many fish species7–9. Such events are likely to pose a considerable threat 
to biodiversity in the coming decades10. Evaluating the impacts of both 
short-term and long-term extreme thermal events on biodiversity is, 
therefore, an urgent conservation priority in the face of rapid anthro-
pogenic climate change9,10.

As temperatures gradually rise, the proportion of species exposed 
to extreme thermal events will increase1,10. A gradual increase in thermal 

exposure allows more time for species to adapt through dispersal 
or evolutionary processes, and provides greater opportunities to 
implement conservation interventions and adaptation strategies 
before the adverse effects of thermal exposure become severe11,12. In 
contrast, a rapid increase in exposure risk could overwhelm ecologi-
cal and evolutionary buffering mechanisms, reducing species’ ability 
to cope with changing conditions11,12. Therefore, understanding the 
temporal dynamics of exposure is crucial11–13. Recent continental and 
global studies have provided assessments of climate change impacts 
on freshwater fish1,2. However, they often lack a temporal perspective, 
typically presenting the number and locations of species at risk based 
on static snapshots under different warming scenarios. By analysing 
the temporal profile of accumulative exposure, we can determine 
whether the impacts of long-term extreme events propagate gradually 
or abruptly, and identify the critical time points for intervention12,13.
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thermal intensity affects 6% (3%) of tropical regions, while 27% (17%) 
of non-tropical regions are impacted (Fig. 1c–f).

Regions with high species richness face distinct threats. South-
ern Europe and eastern North America will experience high thermal 
intensity under both RCP2.6 and RCP4.5 (Fig. 1c,e). Under RCP8.5, 
rising emissions substantially increase thermal exposure magnitude 
in their southern regions, leading to both high exposure magnitude 
and intensity (Fig. 1a). In contrast, tropical regions with high species 
richness, such as the Amazon, Congo and Southeast Asia, are primarily 
threatened by high thermal exposure magnitude, except for down-
stream areas of the Amazon, Mekong and Chao Phraya rivers (Fig. 1a).

The magnitude of thermal exposure is greatest in the tropics 
(Fig. 1), where narrow historical climate variability and thermal gradi-
ents suggest that many species are already close to their upper thermal 
limits across much of their geographic range12. In contrast, lower expo-
sure magnitudes in higher latitudes reflect greater warming tolerance 
(Fig. 1), indicating a greater thermal safety margin to adapt to rising 
water temperatures21,22. Thermal exposure intensity poses a more nota-
ble threat to species at higher latitudes. While only a small proportion 
of species in these regions exceed their species-specific thresholds, this 
can lead to devastating consequences when an extreme thermal event 
occurs. Previous research has shown that one extreme thermal event 
can have catastrophic impacts on Pacific salmon and white sturgeon 
in Alaska7 and British Columbia3,23.

The most striking feature of exposure for local assemblages is its 
abruptness (Fig. 2). Projected thermal exposure will not occur gradu-
ally. Instead, increasing thermal exposure magnitudes are character-
ized by periods of relative stability punctuated by sudden increase, 
where large numbers of species in assemblages are exposed in a nar-
row time window. Under RCP8.5, mean abruptness is 64%, meaning 
that nearly two-thirds of ultimately exposed species become newly 
exposed within the decade of maximum exposure, with high values 
concentrated in the Amazon, southeastern North America and the 
Indian subcontinent (Fig. 2a). The proportion of fish assemblages expe-
riencing abrupt thermal exposure was reduced by half with each step 
down in emission scenario, while mean abruptness slightly increased 
(70% under RCP4.5 and 75% under RCP2.6; Fig. 2b,c). These patterns 
of abruptness suggest that even gradual climate warming results in 
near synchronous thermal exposure in an assemblage, regardless 
of scenarios.

Under higher-emission scenarios, the decade of maximum expo-
sure occurs later in the century but involves a sharper increase in the 
number of exposed species (Fig. 2). Under RCP8.5, threatened assem-
blages emerge widely after 2060, when new exposure increases rapidly 
across many regions (Fig. 2a,d). Although the timing of abruptness 
occurs later under a higher-emission scenario (Fig. 2d,f ), this does 
not imply that high emissions delay the onset of abruptness. Instead, 
the lag between peak emissions and the emergence of abrupt thermal 
exposure underscores the urgent need for early and effective mitiga-
tion measures to prevent high-magnitude abruptness. Together, the 
magnitude, abruptness and timing of exposure describe the temporal 
evolution of the accumulating number of co-occurring species exposed 
to thermal conditions exceeding their species-specific thresholds. 
This does not necessarily mean direct local extinction, as species’ 
fundamental niche limits are often broader than their realized niche 
limits, providing buffering against immediate local extinction12. Nev-
ertheless, these dynamics reveal distinct spatial patterns and critical 
timings when the risk of local extinction, while not inevitable, could 
abruptly escalate, indicating that species persistence in the wild is 
severely compromised12.

TFE at the species level
To capture climate-induced risks arising from spatially heterogene-
ous thermal regimes and warming across river networks, we propose 
the TFE concept at the species level. We extracted the river network 

Freshwater ecosystems are particularly vulnerable to climate 
warming as most aquatic organisms are ectothermic and confined 
to dendritic networks, where dispersal is limited to rivers1,14. As water 
temperature increases unevenly across different river reaches under 
climate change, freshwater fish with specific physiological thermal 
tolerances may find their once-continuous thermal habitats frag-
mented into isolated patches. Such thermal barriers restrict species 
dispersal15,16, feeding17,18, reproduction15,19 and the ability to escape 
thermal stress20. Despite its importance, methods for quantifying frag-
mentation caused by thermal barriers within hydrological networks 
remain underdeveloped.

Here we distinguish between two types of extreme thermal events. 
Short-term extreme thermal events are defined as any period during 
which average weekly water temperatures exceed a species-specific 
threshold for at least three consecutive weeks (Methods). This thresh-
old represents the mean of the highest weekly temperatures experi-
enced by the species across its geographical range during a historical 
baseline period (1976–2005) (Extended Data Fig. 1). Long-term extreme 
thermal events refer to the consecutive occurrence of short-term 
extreme events for 5 or more years (Methods). To evaluate the impacts 
of short-term extreme thermal events, we assess their intensity 
(Extended Data Fig. 1), while for long-term extreme thermal events, 
we use magnitude, abruptness and timing, providing a cumulative 
view of thermal stress for species over time (Extended Data Fig. 2). Here 
magnitude refers to the maximum cumulative percentage of species in 
an assemblage (that is, species in ~100 km2 grid cells) under long-term 
thermal exposure. Abruptness measures how concentrated this expo-
sure is in time, calculated as the percentage of newly exposed species 
occurring in the decade of maximum exposure, scaled by magnitude. 
Timing is defined as the midpoint of that decade.

We introduce the concept of thermal fragmentation exposure 
(TFE), the climate-driven disruption of thermal habitat continuity 
across river networks, to represent a substantial yet underappreciated 
risk caused by thermal barriers through heterogeneous warming at 
the species level for freshwater fish biodiversity. TFE is defined using 
the intensity of short-term extreme thermal events in river reaches, 
with more intense exposure indicating more severe thermal barriers. 
High-intensity events may function as thermal blocks, directly hinder-
ing population dispersal or migration in search of suitable thermal 
conditions (Methods). Collectively, our framework reveals global 
patterns of assemblage- and species-level exposure to future thermal 
extremes in freshwater ecosystems.

Assemblage-level spatiotemporal dynamics of 
thermal exposure
Under a high-emissions scenario (Representative Concentration Path-
way (RCP) 8.5), 63% of global fish assemblages are projected to have 
at least one species exposed to prolonged unprecedented extreme 
temperatures (beyond a species-specific threshold for 5 consecu-
tive years) before 2100, compared with 38% under a median emission 
scenario (RCP4.5) and 25% under a low-emissions scenario (RCP2.6) 
(Fig. 1). Thermal exposure magnitude and intensity exhibit distinct 
spatial patterns (Fig. 1). High exposure magnitude (>50%) with low 
thermal intensity (<50%) is concentrated in the tropics, while high 
thermal intensity with low exposure magnitude is mostly observed at 
higher latitudes. Specifically, under RCP8.5, 46% of fish assemblages in 
tropical areas will have over half of their species exposed to prolonged 
unprecedented temperatures by 2100, compared to 16% in non-tropical 
areas (Fig. 1a,b). In contrast, high exposure intensity is more of a threat 
to non-tropical areas, with 54% of fish assemblages affected, compared 
to 30% in the tropics in the 2090s (Fig. 1a,b). This pattern of higher 
exposure magnitude in tropical regions and higher exposure intensity 
in non-tropical regions holds under RCP4.5 (and RCP2.6) (Fig. 1c–f). 
In tropical regions, 17% (9%) of areas experience high exposure mag-
nitude, compared to 5% (2%) in non-tropical regions. In contrast, high 
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and flow direction for 9,809 species, extending beyond their current 
geographic ranges to include all hydrologically connected grid cells. 
Our results show that climate-driven changes in TFE (∆TFE) vary among 
species and across emission scenarios, time periods and climate zones 
(Fig. 3 and Extended Data Fig. 3). While the threshold of habitat frag-
mentation above which imperilled species’ survival remains uncertain, 
20% is considered to indicate a high risk (Methods). Under RCP2.6, the 
proportion of species with high ∆TFE (>20%) increases from 5% in the 
2020s to 13% in the 2050s, followed by a slight decrease to 12% by the 
2080s (Fig. 3d). In contrast, under RCP8.5, the proportion of species 
with high ∆TFE rises from 7% in the 2020s to 40% in the 2050s, then 
drastically increases to 81% by the 2080s (Fig. 3d). Notably, without 
constrained emissions, the proportion of species at high risk of ∆TFE 
in the mid-century (2050s) under RCP8.5 would already exceed the pro-
portion of species at risk (36%) projected for the 2080s under RCP4.5. 
The global summaries of ∆TFE highlight that RCP2.6 will delay the 
most-at-risk species (∆TFE > 20%) under TFE by 68 years compared to 
RCP8.5, providing an adaptation window for 72% of species (Fig. 3e). 
∆TFE patterns also differ among climate zones (Extended Data Fig. 3). 
Tropical species show consistently lower proportions of high ∆TFE, 
likely because their generally higher species-specific thresholds 
reduce the intensity of short-term thermal extremes and occurrence 
of thermal blocks; by contrast, temperate- and cold-region species 
show higher ΔTFE, reflecting their greater sensitivity to high-intensity 
short-term extremes. Species in arid regions also face substantial risk 
from high-intensity short-term thermal extremes, despite their rela-
tively high species-specific thresholds.

Across all emission scenarios we found that >20% of spe-
cies will experience over half of their TFE increase outside their 
current geographic ranges between 2005 and 2040 (Fig. 3f and 

Extended Data Fig. 4). This highlights the critical role of rivers beyond 
present ranges in maintaining thermal connectivity during the early 
stages of climate change. During this period, most within-habitat 
river segments have suitable thermal conditions, continuing to pro-
vide a thermal connectivity function for species and contributing 
less to the initial TFE increase. However, in later decades, as tempera-
tures exceed species-specific thresholds, direct habitat loss within 
species’ geographic ranges will become the dominant driver of  
TFE increase.

Previous analyses of the biodiversity crisis under climate change 
focused on the total geographic range of species exposed to tempera-
tures above species-specific thresholds, emphasizing the risks of global 
extinction11. However, local extinctions often provide an early warning, 
offering an opportunity for preventative conservation. While some 
studies have quantified species loss at the assemblage level to assess 
local extinction risk1,12, TFE provides a complementary perspective 
designed for freshwater fish at a species level by explicitly incorpo-
rating the climate risk caused by heterogenous thermal regimes and 
warming in dendric river networks. This metric reflects the limited 
ability of populations to access suitable thermal refugia and indicates 
reduced species persistence due to limited dispersal and disrupted 
genetic connectivity (Fig. 3).

We classified TFE trends under RCP2.6, RCP4.5 and RCP8.5 into 
no-trend and trend-based types according to their temporal shapes 
(Fig. 4). These classes were then used to summarize dominant TFE 
responses across species and scenarios (Fig. 5). TFE change patterns 
differ considerably among species under RCP2.6—40% of species expe-
rience stable TFE patterns (23% stable constant, 17% stable concave), 
whereas 34% exhibit a linear increase, 14% an abrupt increase and 12% 
a decelerating increase trajectory. Under RCP4.5, the proportion of 
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Fig. 1 | Spatial patterns of freshwater fish assemblages’ thermal exposure 
magnitude and intensity due to extreme thermal events by 2099. a–f, Bivariate 
maps (a,c,e) and latitudinal distributions (b,d,f) showing the exposure intensity 
scaled to blocking probability (x axes of insets, %), indicating the severity of 
short-term thermal extremes, and exposure magnitude as the proportion 
of species exposed as a percentage of local species richness (y axes of insets, 
%) across high- (a,b, RCP8.5), intermediate- (c,d, RCP4.5) and low-emissions 
(e,f, RCP2.6) scenarios. The circles in each inset indicate the proportion of 

assemblages (species in ~100 km2 grid cells) within each bivariate bin. The boxed 
regions in a are those where there is a concentration of high species richness per 
grid cell. Latitudinal curves were generated by quantifying the mean of grid cells 
for exposure magnitude and exposure intensity in each 5-arcminute latitudinal 
band with valid values (in b, d and f). The maps show median estimates from five 
climate models. White areas denote no data areas (no species occurring or no 
data available), and light grey regions indicate thermal refugia, where no species 
experience thermal exposure by 2099.
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species experiencing increasing trends rises sharply. Notably, 67% of 
species are projected to follow a linear-increase trajectory, and 18% 
experience an abrupt increase. Only 1% of species remain in a stable 
constant trajectory under RCP4.5. Under RCP8.5, 63% of species shift 
to an accelerating-increase trajectory, and 65% of species experiencing 
a linear increase under RCP4.5 transition to an accelerating-increase 
trajectory under RCP8.5, highlighting the non-linear effect of warm-
ing on thermal fragmentation. Additionally, 12% of species retain a 
decelerating-increase trajectory, while abrupt-increase patterns persist 
in 6% of species under RCP8.5, with 56% of these transitioning from a 
linear-increase trajectory under RCP4.5.

Under RCP2.6, warming plateaus by the middle of the century, 
resulting in a shorter duration of temperature increases compared 
to higher-emission scenarios. Consequently, thermal exposure 
remains relatively stable, with no significant trends, as only grid 
cells near species-specific thresholds will experience exposure. The 
intensity remains insufficient to create thermal blocks but gradually 
increases the thermal cost of movement through river reaches. Under 
RCP4.5 and RCP8.5, global temperatures increase throughout the 
century, driving high-magnitude TFE that continues to accumulate 
for many decades.

Although trajectory classification revealed broad trend tran-
sitions, we emphasize the importance of TFE fluctuations, since 
optimal temperatures between short-term extreme thermal events 
create ‘windows of opportunity’ for species to recover. We observed 
that the temporal autocorrelation of TFE increased with emissions 
(Extended Data Fig. 5). The skewness of temporal autocorrelation 
distribution shifted from 0.03 to −0.61, transitioning to left-skewed as 
emission increases. This shift indicates more species will experience 
persistently increasing TFE with less temporal variability, suggesting 
the erosion of temporal refugia and the prevention of temporal rescue 
effects for species, ultimately increasing extinction risk24,25.

Vulnerability assessment
Here we assess, at the global scale, the threat of future short-term 
and long-term extreme thermal events for 9,809 freshwater lotic fish 
species. We find that tropical species face greater thermal exposure 
risks from long-term thermal stress, while non-tropical species are 
more vulnerable to short-term thermal exposure with high inten-
sity. Tropical freshwater species often have narrow thermal safety 
margins, such that even modest warming can cause mortality21,22. 
For instance, widespread fish mortality was recorded during the 
2023 Amazon Basin heatwave–drought event, where elevated tem-
peratures and associated hypoxia led to tens of thousands of fish 
fatalities, including Hypophthalmus edentatus26–28. The projected 
long duration and high frequency of short-term extreme events 
(Supplementary Figs. 1 and 2 and Supplementary Text 1), along with 
the high magnitude and abruptness of long-term thermal exposure 
(Figs. 1 and 2a–c), pose a major threat to tropical fish assemblages. In 
contrast, climatic vulnerability in non-tropical regions is primarily 
driven by the intensity of short-term extreme thermal events (Fig. 1 
and Supplementary Fig. 3). These findings highlight the importance 
of considering climatic variability and temporally dynamic perspec-
tives in conservation-relevant assessments.

Consistent with findings from terrestrial and marine ecosys-
tems, a linear rate of warming does not result in a gradual increase 
in cumulative species exposure at the assemblage level11–13. Instead, 
we observe a pervasive pattern of abruptness, suggesting ecological 
disruptions driven by long-term extreme events are more likely to 
occur suddenly with future warming, particularly under RCP8.5. While 
the magnitude of exposure is lower in RCP4.5 and RCP2.6, abruptness 
still occurs in certain regions such as the Amazon and southeastern 
North America. This pattern arises because species with overlapping 
geographic range often share similar realized thermal limits, regard-
less of warming rate12.
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Early warning management system
Previous studies have largely emphasized physical barriers, such as 
dams, that fragment fish habitats29,30. Here we introduce a new perspec-
tive by quantifying climate-driven fragmentation for freshwater fish 
in dendric river networks. Our findings of species-level TFE reveals a 
dominant trend shift from no change to a linear increase, ultimately 
accelerating as emissions rise. Fewer species are projected to experi-
ence TFE fluctuations under higher emission rates. The reduction in 
fluctuations suggests a decline in protective temporal refugia, limit-
ing species’ ability to recover from thermal stress24,25. Consequently, 
populations may face heightened extinction risks due to prolonged 
and high TFE driven by climate change. Nonetheless, physical barriers 
such as dams and reservoirs can also influence thermal connectivity 
by altering flow regimes and water temperatures31–33. These effects 

could either amplify or dampen TFE, depending on flow regulation. The 
FutureStreams dataset used here incorporates reservoir effects, partly 
accounting for temperature modifications caused by flow regulation34. 
Improved reservoir management could be a future tool for managing 
risks from abrupt changes in TFE in some locations33.

To enhance understanding of the climate risks to species and 
inform conservation strategies, concepts such as climate connec-
tivity and climate velocity were previously developed35–40. Climate 
connectivity, which incorporates landscape structure and climate 
conditions to identify pathways to facilitate species movement in 
response to shifting climate, has been extensively studied in terrestrial 
and marine ecosystems35–37. Similarly, climate velocity relies solely on 
environmental and climate data to indicate the direction and speed 
that species need to move to track their current climate niche38–40. 
However, warming can create thermal barriers that disrupt species’ 
dispersal by increasing metabolic costs or altering their orientation5 
(Supplementary Table 2). These thermal barriers may slow or even 
prevent species from tracking shifting isotherms5. Species-level TFE 
fills this gap by integrating climate data, river network structure and 
species-specific physiological tolerance to assess climate vulnerability 
for freshwater fish.

We do not account for acclimation capacity within or across gen-
erations, evolutionary adaptation or species-specific dispersal ability, 
though these processes play a crucial role in determining species’ 
resilience to climate change41–43. Instead, we focus on the spatial and 
temporal dynamics of thermal exposure risk, which ultimately shape 
species’ acclimatization, adaptations and dispersals processes. We 
acknowledge that species-specific thresholds derived from long-term 
average maximum weekly water temperatures within species’ realized 
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Fig. 3 | Comparison of TFE among species across different periods and 
scenarios. a–c, Distribution of the change in mean TFE (∆TFE) for fish species 
every 5 years from 2010 to 2099, with colours transitioning from grey to yellow, 
under low- (a, RCP2.6), intermediate- (b, RCP4.5) and high-emissions (c, RCP8.5) 
scenarios compared with the historical period (1976–2005). The probability 
density of ∆TFE distribution is log transformed. d, Pie charts illustrating the 
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(2010–2039), 2050s (2040–2069) and 2080s (2070–2099) under RCP2.6, RCP4.5 
and RCP8.5 (from inner to outer circle). e, Time evolution of the proportion  
of species at high risk (∆TFE > 20%) due to TFE. f, Time series showing TFE  
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thermal niches may underestimate their actual critical thermal limits, 
especially for small-ranged species (Extended Data Fig. 6). However, 
using realized niche limits provides a precautionary approach that is 
widely applied for estimating species exposure to climate change1,11–13. 
Likewise, applying a single dispersal kernel globally introduces 
species-level and basin-specific uncertainties, representing a neutral 
approximation rather than a mechanistic movement model. Because 
dispersal abilities vary widely among species, this approach may over-
estimate TFE for diadromous or highly migratory taxa, and underesti-
mate TFE for extremely sedentary, headwater-restricted species. The 
global TFE framework should, therefore, be regarded as a first-step 
screening and prioritization tool, rather than as a definitive risk assess-
ment, until validated with additional regional and species-specific 
data (Supplementary Text 2 and 3). Nevertheless, species-level TFE 
trajectories reveal a previously unexamined dimension of vulnerabil-
ity—that is, whether a species can withstand the increasing thermal 
exposure arising from heterogeneous thermal regimes and warming 
due to more frequent thermal extremes across the river network. In 
addition, our analyses focus on how warming shifts thermal barriers 
that affect the thermal connectivity of the extent of occurrence (EOO) 
where species are currently known to occur (Supplementary Text 2 and 
Extended Data Figs. 7 and 8). Although some species may experience 
reduced TFE under future warming by shifting their ranges to track suit-
able climates, such range shifts are not modelled here. Nevertheless, 
mapping thermal barriers with TFE values provides additional spatial 
context to inform future assessments of potential range expansion and 
recolonization under climate change.

Our analysis serves as an early warning system, identifying the 
magnitude, patterns and timing of suitable habitat loss under future 
thermal extremes, and demonstrating how warming can fragment 
thermal habitats. Future efforts should focus on TFE estimates at high 
temporal resolution and at regional to local river-reach scales, while 
incorporating species- and even population-specific dispersal. Our 
findings provide valuable perspectives for targeted monitoring and 
conservation efforts at both assemblage and species levels, offering 
key insights for future freshwater conservation strategies.
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Methods
Species distribution data
We used the International Union for Conservation of Nature (IUCN) 
Red List of Threatened Species database, which provides EOO data 
for 11,552 extant fish species44. We complemented IUCN EOO data by 
compiling point occurrence records from a combination of datasets 
(Supplementary Table 1). We followed the same procedure as IUCN—
that is, we merged sub-basin units of the HydroBASINS datasets at 
level 8 containing one or more point occurrence records of the spe-
cies45. We included species with at least 10-point occurrence records 
available in the complementary dataset29. Our analysis focuses on 
lotic species (that is, those that are found in flowing water bodies). 
Thus, we excluded lentic species that occur exclusively in stagnant 
water bodies29. Species are lotic if they were associated with habitats 
containing at least one of the terms ‘river’, ‘stream’, ‘creek’, ‘canal’ or 
‘channel’29. We excluded species if their EOO areas were less than 103 km2 
(~10 grid cells). Synonyms were collected from FishBase, IUCN and 
ref. 46, with accepted species names validated in FishBase. Our final 
dataset included 9,809 species. We compared species coverage derived 
from the integrated point-occurrence dataset with the freshwater 
fish database in ref. 46, compiled at the biogeographic realm scale. 
This comparison indicates broadly representative global coverage, 
although species richness in northern Asia remains underestimated 
(Extended Data Fig. 9).

Water temperature data
We used the global water temperature database, FutureStream, which 
provides weekly water temperature data at a 5-arcminute spatial reso-
lution generated using global hydrological and water temperature 
models (PCR-GLOBWB, DynWat)34. These models are driven by climate 
data from five general circulation models (GFDL-ESM2M, HadGEM2-ES, 
IPSL-CM5A-LR, MIROC-ESM-CHEM and NorESM1-M), each forced by 
four RCP emissions scenarios (RCP2.6, RCP4.5, RCP6.0 and RCP8.5) 
as part of the Coupled Model Intercomparison Project Phase 534. We 
used a global river network at 5-arcminute spatial resolution, upscaled 
from the MERIT-Hydro dataset, to provide topological information 
for grid cells, along with additional hydrologic attributes such as river 
length47. We chose the MERIT-Hydro (1/12°) river network over the 
PCR-GLOBWB river-routing network for the analysis because, although 
both are at the same spatial resolution, MERIT-Hydro is derived from 
a high-accuracy, hydrologically corrected digital elevation model, 
ensuring more realistic flow paths and river connectivity. This level of 
topographic detail is critical for accurately capturing species’ habi-
tat structure and dispersal pathways. In contrast, the PCR-GLOBWB 
routing network is optimized for hydrological modelling and may 
oversimplify river topologies and length, making it less suitable for 
species-level ecological analyses such as TFE. Nonetheless, we note 
that the choice of drainage network had a minimal impact on TFE, as 
TFE quantifies species-level climate-induced spatial heterogeneity 
of warming, rather than pinpointing the exact location of individual 
suboptimal temperature pixels (Extended Data Fig. 10).

We used high-resolution (1 km) August stream-temperature data 
for the 1:100,000-scale National Hydrography Dataset Plus, provided 
by the NorWeST project48. Historical mean August water tempera-
tures spanning 1993–2015 were used to establish the relationship 
between temperature differences and distance for defining TFE. We 
selected this regional monthly temperature dataset because it is the 
only high-resolution water temperature dataset available at the ~1 km 
river-reach scale, which allows for a more accurate representation of 
stream network topology and thermal heterogeneity.

Species-specific thresholds for extreme water temperature
We used maximum weekly water temperatures to represent one side 
of species-realized niche limits. Previous research has suggested that 
increases in maximum water temperature constitute a larger threat 

to freshwater fish than changes in minimum water temperature or 
extreme flow conditions under climate change1. To assess climate 
change threats to freshwater fish, we focused on maximum rather than 
mean thermal conditions, as extreme temperatures are more decisive 
drivers of local extinctions and potential range contractions1,49.

We quantified species-specific thresholds for maximum weekly 
water temperature based on the extant distribution of water tem-
peratures within species EOOs, similar to previous studies1,10,12. The 
long-term averaged species-specific weekly maximum temperature 
threshold was estimated in two steps1. First, we estimated the annual 
maximum weekly water temperature during 1976–2005 and calcu-
lated the mean of the 30-year time-series data for each grid cell. 
We then overlaid the species’ EOOs with the long-term averaged 
weekly maximum temperature and considered the 97.5th percen-
tile of the mean annual maximum weekly water temperature within 
the species’ EOOs as the species-specific thresholds. We used the 
percentiles rather than absolute maximum values to reduce the 
influence of uncertainties and outliers in the threshold definition1. 
To remain more conservative and resistant to outliers in our esti-
mates of species-specific thresholds, we used the 97.5th percentile 
instead of the more commonly used 95th or 99th percentile to define 
extreme events. A comparison between our species-specific thresh-
olds and the critical thermal maxima reported in ref. 22 suggests 
both under- and overestimations, but overall reasonable agreement 
(mean bias = 9%; Pearson’s r = 0.52; Extended Data Fig. 6). Further 
comparisons with species-specific thresholds defined at the 95th 
and 99th percentiles are provided in Supplementary Text 4 and 
Supplementary Figs. 4 and 5.

Definition of thermal exposure characteristics
We describe thermal exposure characteristics from four perspectives: 
thermal exposure intensity, magnitude, abruptness and timing. First, 
we defined an extreme thermal event as a period during which a species 
is exposed to temperatures above its species-specific threshold for 
at least three consecutive weeks (Extended Data Fig. 1). Although the 
three-week period is arbitrary, studies on a limited set of species sug-
gest that even single-day extreme thermal events can have substantial 
biological impacts10. Here a three-week duration is chosen to avoid 
classifying short, transient temperature spikes as ecologically mean-
ingful extremes, as many freshwater fish can buffer short-term expo-
sure through behavioural or physiological acclimation50,51. Moreover, 
because our species-specific thresholds represent the 97.5th percentile 
of weekly temperatures within each species’ current ranges, reflecting 
upper realized thermal conditions rather than acute physiological 
limits (Extended Data Fig. 6), a multi-week exceedance better captures 
chronic deviations from each species’ present-day thermal niche. Nev-
ertheless, we also repeated all analyses using 2-, 4- and 6-week duration 
thresholds, and the overall spatial and statistical patterns remained 
consistent (Supplementary Figs. 6–8). Since multiple extreme thermal 
events can occur within a single calendar year, we defined the annual 
thermal exposure intensity as the maximum temperature observed 
across all extreme thermal events within the year. The intensity of each 
extreme thermal event was calculated as the mean of the temperature 
differences between the species-specific threshold and the weekly 
water temperatures exceeding that threshold (Extended Data Fig. 1). 
To complement the short-term effects of extreme thermal exposure, 
we also quantified the duration and frequency of short-term extreme 
events. For each species and grid cell, we calculated the annual total 
number of weeks above the species-specific threshold (duration) in 
extreme thermal events and the number of extreme thermal events per 
year (frequency) (Supplementary Figs. 1 and 2). Together with intensity, 
these metrics reflect the overall severity of short-term thermal stress 
experienced by species (Supplementary Fig. 3).

To reflect the long-term effects of extreme water temperatures, 
we introduce the concept of long-term extreme thermal events. If a 
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species experiences at least one short-term extreme thermal event in 
each year of a 5-year window, we consider the species to be exposed 
to unprecedented temperatures for a long period. The median of the 
5-year exposure period is then taken as the time at which a long-term 
extreme thermal event occurs. This running-window is applied con-
secutively across all 5-year periods during 2006–2099. For species 
that breed annually or near-annually, 5 years represents a considerable 
number of breeding seasons at temperatures beyond which these 
species have never been recorded12. This definition does not assume 
that extreme thermal events coincide with or fully span the breeding 
season in all species or years, but instead captures chronic, multi-year 
thermal pressure acting across generations.

Thermal exposure magnitude, abruptness and timing are all calcu-
lated based on long-term extreme thermal events (Extended Data Fig. 2). 
We calculate the cumulative percentage of species in the assemblage 
that have experienced lasting extreme thermal events over the course 
of the twenty-first century. In our framework, once a species experi-
ences a long-term extreme thermal exposure event, it is counted as 
exposed for all subsequent years within that assemblage. First, thermal 
exposure magnitude is defined as the maximum of the cumulative 
percentage of species in the assemblage under long-term thermal 
exposure. Second, the abruptness of exposure for an assemblage was 
calculated as the percentage of newly exposed species that occur in 
the decade of maximum exposure relative to the exposure magnitude. 
Third, we identified the exposure abruptness timing as the midpoint 
in the decade of maximum exposure. Abruptness and timing were 
calculated only for assemblages in which five or more species were 
exposed, to avoid idiosyncrasies due to small sample sizes12,52. Species 
not exposed before the end of the twenty-first century were excluded 
from this calculation.

Definition of TFE
We introduce the concept of temperature distance (Lj,i,s, in kilometres) 
to represent the thermal cost for species s when travelling through 
river reach i within river segment j. A river reach is defined relative to 
the spatial resolution of the underlying water temperature dataset, 
representing the smallest unit to which a water temperature attribute is 
assigned. A river segment represents a dendritic network composed of 
a cluster of connected river reaches. The core idea behind temperature 
distance is to reflect the thermal cost species may encounter when mov-
ing through a river network under rising temperatures. Our assumption 
is that reaches where temperatures exceed species-specific thresholds 
function as thermal barriers and impose thermal costs, with higher 
exceedance corresponding to higher thermal cost. Previous analysis 
focusing on landscape climate connectivity has directly established a 
linear relationship between thermal cost and temperature difference 
by setting temperature distance weight as a constant37,53. Here we 
used the space-for-time method to establish a relationship between 
temperature distance (Lj,i,s) and temperature difference along time 
(Lj,i,s, in °C) (Supplementary Text 5):

L j,i,s = f (ΔTtime) (1)

To reflect the thermal cost for each species, ∆Ttime is defined as 
the temperature difference between future scenarios (Tsc;j,i,s) and 
species-specific threshold (Tthreshold;s), which represents thermal expo-
sure intensity as defined in thermal exposure characteristics:

ΔTtime = Tsc;j,i,s − Tthreshold;s (Tsc;j,i,s > Tthreshold;s) ;

ΔTtime = 0 (Tsc;j,i,s ≤ Tthreshold;s)
(2)

where Tsc;j,i,s is the temperature of river reach i within river segment j 
under future scenarios connected with the habitat of species s. Under 
the assumption of space-for-time, temporal thermal gradients (ΔTtime) 
are represented by the spatial thermal gradients, expressed as the 

absolute temperature differences (∆T) between river reaches i and m 
within the same river segment j (noted as Tij  and Tmj):

ΔT = |Tij − Tmj |∼ ΔTtime (3)

To present the relationship between temperature difference (ΔT) 
and river-reach distance between river reaches i and m within the river 
segment j (Di,mj ), we used August stream-temperature data from the 
NorWeST project, which provides water temperature data at the 
river-reach scale with 1 km resolution. Di,mj  are computed as the cumu-
lative river-reach length summed along the flow path (watercourse 
distances), using the geometric properties of the National Hydrogra-
phy Dataset Plus network adopted by the NorWeST project. This 
high-resolution, regional vector-based river network allowed us to 
calibrate the parameters a and b:

ΔT = a(Di,mj )
b

(4)

The median ∆T between reaches i and m within segment j, along 
with their river-reach distance (Di,mj ), was fitted using a non-linear power 
function. The resulting exponents were a = 0.85 and b = 0.24. The 
representativeness of the ΔT–D relationship and parameters uncer-
tainty and sensitivity are discussed in Supplementary Text 6 
(Supplementary Figs. 9–14).

Based on the space-for-time method, the temperature distance 
Lj,i,s can be interpreted from river-reach distance Di,mj , and ΔTtime is 
represented as a thermal cost expressed in distance units (Lj,i,s). Due to 
the convex shape of the fitted function, temperature distance responds 
less sensitively to early-stage warming compared to later periods, 
making this approach more conservative than previous analyses37,53.

An empirical dispersal kernel k (L) defined as a probability density 
function was adopted to explain the probability of successful dispersal 
over a given distance54:

k (L) = C p

πu(1 + L2

u
)
p+1 (5)

K (L ≥ x) = ∫
inf

x
k (L) (6)

Here L represents the temperature distance (Lj,i,s) in kilometres, k is the 
empirical dispersal kernel and p = 0.18 and u = 550 are movement 
parameters provided in ref. 54 and validated using comprehensive 
empirical data on species distributions in the Mississippi River basin55. 
The parameters in the dispersal kernel have also been applied in regions 
such as the Indian Peninsula, where species distribution data are insuf-
ficient for independent calibration54. We further discuss the sensitivity 
of this parameter set and its ecological interpretation in Supplementary 
Text 7 and 8 (Supplementary Figs. 15–18) (C = 320.57 is determined 
numerically such that K (x ≥ 0) = 1).

Note that the K (L) does not vanish, even for long distance. There-
fore, a threshold B0 is considered to represent thermal block—that is, 
interactions of populations from the species are completely blocked 
when the probability is lower than B0. In this study, we set B0 = 0.1 as the 
thermal block threshold to incorporate abrupt changes:

B j,i,s = K j,i,s;Bj,i,s = 0 (Kj,i,s < B0) (7)

where Kj,i,s is the probability of species s going through the tempera-
ture distance Lj,i,s, and Bj,i,s is the truncation of Kj,i,s after considering B0. 
Blocking probability is defined as 1 − Bj,i,s, representing the intensity of 
thermal exposure on a scale from 0 to 1. The sensitivity of B0 is discussed 
in Supplementary Text 9 (Supplementary Figs. 19 and 20).
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For each species s, TFE is developed based on ref. 1, by multiplying 
Bj,i,s as a weight factor:

TFE = 1 −
∑N
i=1(∑

M
j=1Bj,i,sd j,i,s)

2

∑n
i=1 (∑

m
j=1d j,i,s)

2 (8)

where n and N are numbers of river segments within the geographic 
range of species s; m and M are numbers of river reach within the seg-
ment i for species s and dj,i,s is the length of river reach.

Partitioning the causes of TFE change
The factors driving changes in TFE can be grouped into four catego-
ries based on whether suboptimal temperatures occur in the historical 
or future period, and whether the affected reaches lie inside or out-
side a species’ EOO (Extended Data Fig. 4). First, we identified river 
reaches that already exhibited suboptimal temperatures during the 
historical period, representing habitats that are naturally thermally 
isolated. Second, we considered river reaches that will be suboptimal 
due to climate-driven temperature changes. Third, we distinguished 
suboptimal conditions occurring within a species’ geographic range 
(‘in EOO’). Finally, we accounted for suboptimal temperatures in 
reaches located outside of a species’ range but connecting habitat 
patches (‘out EOO’).

To isolate the contribution of climate change to TFE (∆TFE), we 
calculate the difference between TFE during 2006–2099 and the mean 
TFE from 1976 to 2005. We define ∆TFE > 20% as indicative of high risk, 
as nearly 96% of species are projected to experience mean ΔTFE values 
during 2006–2035 below this level relative to the historical baseline 
(1976–2005) under the RCP2.6 scenario. To quantify the extra effect of 
TFE occurring in river reaches outside of EOO but connecting habitat 
patches (TFEout), we assume these reaches are always optimal and 
calculate the TFE based on this assumption (TFEin). The difference 
between TFE and TFEin is then used to estimate TFEout. We do not 
instead assume that reaches inside the EOO are always optimal to 
calculate TFEout, because reaches within the EOO are inherently the 
priority for conservation.

Our approach highlights the significance of managing river-reach 
temperatures outside species’ current ranges, particularly during early 
periods of warming when temperatures within EOOs may still be suit-
able. Three representative species with potamodromous, resident and 
anadromous life-history strategies were selected to map their EOOs 
and illustrate how warming shifts thermal blocks that affect TFE and 
TFEin values (Extended Data Figs. 7 and 8 and Supplementary Text 2).

TFE trajectory classification
We adopted the classification framework proposed in ref. 56. Both 
linear and non-linear models were fitted to compare the resulting 
classifications of TFE trajectories. Four statistical models were applied 
to each time series. Linear models were categorized into two types: 
‘linear’ (a1 ≠ 0, a2 = 0) for those with a significant trend (p values < 
0.05), and ‘no-trend’ (a1 = a2 = 0) for those without a significant trend. 
For non-linear modelling, we used a second-order polynomial model 
(a2 ≠ 0) to capture the non-linear shape of the trajectory over time56–58, 
and a step model to identify ‘abrupt’ changes. All classification codes 
are provided in ref. 56.

According to the trajectory shape, the function f followed one of 
the following forms:

f (t) = a2t2 + a1t + a0 + ε (t) (9)

f (t) = a0 + β0I (t > e) + ε (t) (10)

where a0, a1, a2 and β0 are coefficients of the models and e is the thresh-
old parameter, with I(t > e) = 1 when t > e and 0 otherwise.

We adjusted the interval size parameter (δ ∈ [0,1]) governing direc-
tional classification from the default value of 0.5 to 0.3 for quadratic 
trajectories. This modification requires consistent slope signs within 
the midpoint (Xm ± 15% of the series length, rather than ±25% previ-
ously) to classify trends as ‘increase’ or ‘decrease’; otherwise, trends 
are classified as ‘stable’. The original value of 0.5 for δ was designed to 
minimize the false detection of trends by using half of the time series to 
decide the change direction58. However, this also requires trajectories 
to change quickly at the early stage, which could lead to the misclas-
sification to ‘stable concave’ when the trajectory includes a prolonged 
stable period followed by a later, more pronounced increase—a pat-
tern commonly seen in the TFE pattern under RCP8.5. By reducing the 
interval size to 0.3, the method becomes more sensitive to delayed 
accelerations and improves the detection of these characteristic TFE 
patterns. Meanwhile, it ensures that the trajectory direction remains 
constant for at least 65% of the total timespan, which we consider suf-
ficient to capture its main direction.

Temporal autocorrelation
The temporal autocorrelation of TFE was quantified by calculating 
the spectral exponent. We performed spectral analysis using peri-
odograms derived from fast Fourier transforms to assess the power 
associated with each frequency in the detrended TFE24,25. The spectral 
exponent was calculated as the slope of the linear regression between 
the log-transformed power and the log-transformed frequency. A more 
negative slope indicates stronger temporal autocorrelation, meaning 
that the time series is primarily influenced by low-frequency variations.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
Species’ geographical ranges are available from the websites listed 
in Supplementary Table 1. The critical thermal maximum data used 
for comparison with species-specific thresholds are available via fig-
share at https://figshare.com/s/eca5d4c047e8c87172db?file=7618726 
(ref. 22). The FutureStream model results are available from https://
public.yoda.uu.nl/geo/UU01/T7TVTQ.html (ref. 34). The global river 
network and the consistent hydro-geomorphology parameters are 
available via Zenodo at https://doi.org/10.5281/zenodo.6482906  
(ref. 47). The high-resolution (1 km) August stream-temperature data 
from the NorWeST project are available at https://research.fs.usda.
gov/rmrs/projects/norwest#modeled-summer-stream-temperatures 
(ref. 48).

Code availability
TFE trajectory classification code is available via GitHub at https://
github.com/matpelissie/abrupt_shifts_ecological_timeseries_clas-
sification (ref. 56). The code that was used to calculate TFE is available 
on CodeOcean at https://codeocean.com/capsule/9950681/tree.
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Extended Data Fig. 1 | Definition of metrics used for quantifying extreme 
thermal events within one calendar year. A thermal event (marked as  and 

) is defined as when the average weekly water temperature (blue dotted line) 
is above the species-specific threshold (dashed black line) for more than three 

consecutive weeks (yellow region). Intensity of a thermal event is defined as 
the mean temperatures of weeks above the species-specific threshold (I1 and 
I2). Annual thermal exposure intensity is defined as the maximum temperature 
observed across all extreme thermal events within the year.
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Extended Data Fig. 2 | Horizon profile and indicators (magnitude, abruptness, 
and timing) quantifying the long-term thermal exposure. Magnitude is 
defined as maximum of the cumulative percentage of species in the assemblage 
under long-term thermal exposure. Abruptness is defined as the percentage of 

newly exposed species that occur in the decade of maximum exposure, scaled  
by the magnitude. Timing is calculated as the midpoint in the decade of 
maximum exposure.
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Extended Data Fig. 3 | Climate-zone stratification of species experiencing 
high thermal fragmentation exposure. Pie charts show the proportion of 
species experiencing high TFE caused by climate change (∆TFE > 20%) during 
the 2020 s (2010–2039), 2050 s (2040–2069), and 2080 s (2070–2099). 
Columns represent the five major Köppen–Geiger climate zones59 based on the 

historical classification (1991–2020): arid, tropical, temperate, cold, and tundra. 
Concentric rings represent climate scenarios, from the inner to outer rings: 
RCP2.6, RCP4.5, RCP8.5. The numbers of species in each climate zone are 634 in 
arid, 6,501 in tropical, 2,214 in temperate, 408 in cold, and 52 in tundra regions.
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Extended Data Fig. 4 | Conceptual diagrams illustrating the causes of TFE 
change. In this example, the species-specific threshold is assumed as 22 °C. 
Under the historical scenario, a thermal barrier located outside the species’ 
extent of occurrence (EOO) already imposes thermal fragmentation exposure 
(TFE). With future warming, an additional reach within the species’ EOO exceeds 

the threshold, creating a new internal thermal barrier. The labels on the right 
summarize the four categories of factors driving changes in TFE, defined by 
whether suboptimal temperatures occur in the historical (Hist) or future period 
(Clim) and whether the affected reaches lie inside (In EOO) or outside a species’ 
EOO (Out EOO).

http://www.nature.com/natureclimatechange
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Extended Data Fig. 5 | Distribution of temporal autocorrelations of TFE under low (RCP2.6), intermediate (RCP4.5), and high (RCP8.5) emission scenarios. 
Temporal autocorrelations are quantified via the spectral exponent, with more negative values indicating greater autocorrelation.
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Extended Data Fig. 6 | Validation of range-based species-specific thermal 
thresholds against critical thermal maxima. Range-based species-specific 
thresholds were defined as the 97.5th percentile of weekly water temperature 
and compared against critical thermal maxima (CTmax) compiled by ref. 22, 
including laboratory-based, collection-derived, and imputed estimates for 

1,799 freshwater fish species. The error bars represent standard deviations 
from five climate models, and the dots show the median values. Colors indicate 
CTmax data sources. Mean bias, Pearson correlation coefficients and two-sided 
unadjusted p-values are shown for all species combined and separately by 
species’ extents of occurrence (EOO) area category.

http://www.nature.com/natureclimatechange
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Extended Data Fig. 7 | Global distributions of three representative freshwater 
fish species. Extent of occurrences are shown in red for Brycon orbignyanus 
(a), Noturus stigmosus (b), and Salvelinus leucomaenis (c), representing 

potamodromous, resident, and anadromous life-history strategies, respectively. 
Species distributions are shown at the global scale and overlaid with 
RiverATLAS60 river reaches with discharge greater than 10 m3 s−1.

http://www.nature.com/natureclimatechange
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Extended Data Fig. 8 | See next page for caption.

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-026-02731-9

Extended Data Fig. 8 | Projected thermal blocks for three representative 
freshwater fish species. Projected distributions of thermal blocks are shown 
for Brycon orbignyanus (a and b), Noturus stigmosus (c and d), and Salvelinus 
leucomaenis (e and f) in two selected years under the NorESM1-M model with 
projected TFE and TFEin values labeled. Species extent of occurrences (EOOs) 

are shown in grey and overlaid with thermal blocks (blocking probability > 0.9, 
red crosses) and rivers with discharge greater than 10 m3 s−1 from RiverATLAS60. 
The boxed region in panel b highlights thermal blocks outside the EOO of Brycon 
orbignyanus that nevertheless disrupt thermal connectivity among suitable 
habitats, explaining the difference between TFE and TFEin in 2058.

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-026-02731-9

Extended Data Fig. 9 | Comparison of riverine freshwater fish species 
distributions. (a) Species distributions derived from the point-occurrence 
datasets compiled in this study to complement the IUCN data. (b) Riverine 

freshwater species richness from ref. 46. (c) Ratio of species numbers between 
panels b and a (species count in b divided by that in a). All species occurrences are 
aggregated at the drainage-basin scale as defined by ref. 46.
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Extended Data Fig. 10 | Sensitivity of TFE to river network data. Distributions 
of Pearson correlation coefficients are shown between detrended TFE from each 
of the five general circulation models (GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-
LR, MIROC-ESM-CHEM and NorESM1-M) and the multi-model ensemble median 

under RCP8.5. Correlations were calculated separately using river networks 
from MERIT-Hydro and PCR-GLOBWB. For the PCR-GLOBWB-based TFE, river 
length was derived directly from grid cell dimensions, with flow direction used to 
determine whether the zonal, meridional, or diagonal length was assigned.

http://www.nature.com/natureclimatechange
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