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Abstract: Climate change threatens river ecosystems by altering the seasonal streamflow 

patterns to which aquatic species have adapted, including keystone species like Chinook salmon 

in western North America. Chinook salmon display diverse life-history adaptations to local 15 

hydrologic regimes, contributing to their past resilience but leaving locally adapted populations 

vulnerable to changing conditions. Here we show that moderate climate change will cause 

extreme hydrologic changes across western North America: August streamflow could halve in 

one quarter of the streams we studied by 2100, and one third will probably experience a 500-year 

return period drought by 2035. Concurrently, increasing agricultural water demand will conflict 20 

with ecological needs. Variation in Chinook migration timing across streams and populations 

poses diverse local challenges but also illustrates possible adaptations and species-level 

resilience. 

  



This is a non-peer reviewed preprint submitted to EarthArXiv and is currently under review. 

2 

 

Main Text:  

River ecosystems are under threat globally as streamflow regimes change and species struggle to 

adapt to conditions very different from those under which they evolved (1–5). Globally, many 

streamflow regimes have already been pushed far outside pre-industrial conditions (6–8) and 

future changes are expected to be severe (7, 9, 10). Aquatic species are sensitive to alterations in 5 

the magnitude, timing, frequency, duration, and rate of change of flows, as well as changes in 

temperature, nutrients, and water chemistry (11). Of particular concern are high-elevation and 

polar regions, which are warming faster than the average (12, 13) with severe consequences on 

the hydrologic cycle and the socioecological systems these regions support (2, 7, 14, 15). 

Changes in average conditions have received much attention but extreme climate events can pose 10 

severe and immediate threats to river biodiversity (16). 

While climate change is a global challenge, societal and ecological impacts are felt locally, vary 

significantly in space, and require local analyses and solutions (17–19). Regional analyses of 

climate impacts on hydrology usually lack the local specificity in physical and ecological data 

required for local-scale prediction and management. We solve this shortcoming by combining 15 

global climate change projections with locally tuned statistical hydrologic models and local 

ecological data across hundreds of sites. We apply this approach to the North American habitat 

range of Chinook salmon, a predominantly mountainous region that reveals the diverse 

hydrologic changes and tradeoffs between ecological and societal needs that are likely to afflict 

global regions dependent on the world’s water towers (20).  20 

Chinook salmon are a cultural, economic, and ecological keystone species that faces mounting 

pressures due to human impacts, including changing freshwater conditions during their spawning 

migration (21–25). Indeed, profound changes to streamflow have been widely predicted and 

increasingly observed across western North America (26–30). Chinook salmon have developed a 

rich diversity of life histories of life histories and life history timings in response to diverse 25 

hydrologic regimes throughout their range (31). This combined hydrologic and biological 

diversity controls the exposure of each population to climate and other anthropogenic pressures, 

and as a result some populations continue to thrive while most are in decline and some have been 

extirpated (32–35). However, the impact of climate change on spawning migrations throughout 

the range is largely unknown because previous studies have focused on small geographic 30 

domains (36–38) or ignored variation in migration timing between streams and regions (24, 30, 

39–41).  

We project future streamflow changes at 399 gauged near-natural streams in river basins that 

support Chinook salmon and explicitly link projections to Chinook salmon presence and run 

timings at each location. We develop highly skilled statistical hydrologic models for each gauge, 35 

including the effects of glacier loss, and project monthly streamflow for each gauge to the year 

2100 using a weighted ensemble of 47 CMIP6 models. For a subset of gauges we also project 

water temperatures, accounting for the effects of streamflow. We present hydrologic projections 

for all 399 watersheds across the range, which we divide into 10 regions (see methods and Figure 

S7). We link these projections to local Chinook salmon migration timing for the 258 streams 40 

accessible to Chinook, and all of these results are available in the interactive supplement at 

https://sruzzante.shinyapps.io/streamflow_projections/, which also includes spawning timing, 

spawner abundance data, and conservation status where available. Here we illustrate stream-

scale methods and results with four ‘sentinel’ streams chosen to represent the diverse hydrology, 

life histories, and climate-related threats to Chinook salmon populations. The Kenai River 45 

(Alaska) is a northern coastal stream with a snowmelt-glacier regime, and two Chinook salmon 

https://sruzzante.shinyapps.io/streamflow_projections/
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runs (early and late) (43). The North Thompson River (British Columbia) is a mid-latitude, 

interior snowmelt-glacier dominated stream, with both spring and summer runs; these fish are 

stream-type, meaning juveniles spend more than a year in freshwater before migrating to the 

ocean (44). The North Fork Stillaguamish River (Washington) is a coastal mid-latitude rainfall-

dominated stream that supports summer-run Chinook salmon with a primarily ocean-type life 5 

history, meaning juveniles migrate to the ocean a few months after hatching (45). Deer Creek is a 

southern rainfall-dominated stream that supports spring, fall, and late fall runs (46). 

We quantify impacts on aquatic ecosystems using environmental flow methods, as well as on 

Chinook salmon specifically by examining how streamflow changes in the sentinel streams could 

threaten diverse aspects of Chinook salmon freshwater life stages. Reduced streamflow during 10 

upriver migration can make migration barriers impassable, such as riffles, waterfalls, and 

artificial structures (46, 47). Low streamflow also reduces usable spawning and rearing habitat, 

limiting productivity (23). Chinook salmon are a cold-water species, and drier streams have the 

potential to get hotter; heat stress, migration blockage, and mass mortality events have been 

observed during riverine heat waves (21, 48). Increases in streamflow can also prevent salmon 15 

migration, since high water velocities increase the energetic demands of swimming or introduce 

velocity barriers (49, 50). Other impacts, including scouring of redds during high flow events, 

have also been observed (51). 

Environmental flows can be in direct conflict with human water uses. Many populations of 

Chinook salmon have migration timing that runs through July and August, when river levels are 20 

generally low and irrigation water demand peaks. Agricultural operations divert a substantial 

fraction of summer streamflow from Chinook salmon streams in many parts of their range, and 

conflicts over this dwindling resource have already been seen (52–54). In California, water right 

curtailment regulations are explicitly tied to the presence of Chinook salmon and other aquatic 

species, and in British Columbia water rights have been curtailed 11 times since 2016 to protect 25 

fish populations (Table S4), leading to as-yet uncalculated economic losses and protests by 

affected farmers. 

Widespread decreases to average late-summer streamflow 

Late summer water availability will decrease in almost all streams south of Alaska. Below 60⁰ 

latitude 94% of streams will see a decrease in median August streamflow, with an average 30 

reduction of 39% by the end of the century under a moderate emissions scenario (Fig. 1A and B). 

Projected flow decreases are greatest at mid-latitudes (eg. 47% and 63% in the North Thompson 

and Stillaguamish Rivers, Fig.  1C). Decreases are more moderate farther south (eg. 19% in Deer 

Creek), because changes in summer air temperature are predicted to be more modest (Fig. S9), 

July and August precipitation is expected to increase slightly (Fig. S8), and streamflow in this 35 

region does not respond as strongly to air temperature (Fig. S10). The lower sensitivity of 

streamflow to air temperature is likely because of the mediterranean climate in California, 

wherein most precipitation falls in the winter, and evaporative demand in the summer already far 

exceeds moisture availability; summer evapotranspiration in these catchments is thus more 

water-limited than energy-limited so increases in temperature do not lead to large increases in 40 

evapotranspiration (55, 56). In the north, glacier retreat and increases in evapotranspiration may 

be offset by increases in precipitation. In the Kenai River, for example, glacier runoff historically 

provided about 27% of August streamflow, an amount which is projected to halve by the end of 

the century. However, increased precipitation could compensate for this loss, and August 

streamflow is projected to increase slightly by 3%. 45 
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There is good agreement among the climate models about the direction of change, but some 

uncertainty about the magnitude. In 90% of the 276 streams that are expected to see a decrease in 

August flow of greater than 20%, all of the 47 climate models predict a decrease (medium 

emissions scenario, end-of-century). Overall, there is at least 90% agreement on the direction of 

change in 83% of the catchments. However, there is uncertainty about the magnitude of change: 5 

regarding catchments where August flows are projected to decrease, on average 80% of models 

predict a change within ± 13% of the median decrease. For catchments with projected increases 

the uncertainty is higher: the 10th percentile of projected changes is, on average, 35% lower than 

the median, and the 90th percentile is 70% higher. 

Competition between ecological flows and agricultural uses will probably intensify in the four 10 

southern regions, as increased agricultural water demand puts additional pressure on dwindling 

streamflow. Peak agricultural water demand usually occurs in July and August, when the largest 

decreases in streamflow are projected. In California and the Columbia Basin, challenges are 

likely to be basin-wide: 14% and 10% of land is agricultural, respectively, and we project 

increases to the climate moisture deficit (a proxy for irrigation water demand) of 7-8% in August 15 

(Fig. S15). In the Pacific Northwest Coast, Salish Sea, and Fraser Basins, agriculture is less 

extensive (2.7%, 2.7%, and 1.1% of land, respectively) but localized effects on individual 

watersheds will still be important. August climate moisture deficit will increase by 16% in the 

Salish Sea region, while the Pacific Northwest Coast and Fraser Basins will see increases of 6% 

and 7% under a medium emissions scenario. In each of the five northern regions agriculture 20 

occupies less than 0.3% of land, but water-intensive industrial activities such as mining are 

putting pressure on water resources and salmon habitats (57–59).  

Disappearing glacier runoff 

Glacier runoff will not buffer against streamflow declines for very much longer in the vast 

majority of rivers. As glacier melt rates accelerate, summer glacier runoff increases to a 25 

maximum – ‘peak  water’ (15) – after which runoff declines because of reductions in glacier 

storage. Of the 183 catchments in our dataset with >0.01% glacier cover, 164 have already 

reached peak water and all but two will reach peak water by 2050 (Fig. S16). This includes the 

North Thompson River, where glaciers occupy just 1.8% of the catchment area but over the 20th 

century provided about 10% of August streamflow. However, glaciers in the North Thompson 30 

watershed have been retreating for decades and will probably be more than 95% gone by the end 

of the century.  

Outside of southern Alaska and the Transboundary region, glacier runoff in most glaciated 

catchments will be reduced to less than one quarter of its historical mean (1901-2000) August 

levels before 2070. These declines will have serious consequences for streamflow and water 35 

temperature, as glacier runoff has historically contributed large volumes of cold water to summer 

streamflow. 

Comparison to previous models 

The regression models developed here perform better than all previously published models at 

predicting historical year-to-year changes in summer streamflow for the study area. Figures S3-40 

S6 compare performance of our regression model to 17 models with publicly available 

simulation outputs, based on the Nash-Sutcliffe Efficiency (NSE) of log-transformed streamflow 

(Figs. S3 and S4) and Kling-Gupta Efficiency (KGE) of inverse-transformed streamflow (Figs 

S5 and S6). The comparison models include operational models such as the National Water 

Model (60) and the global Long Short-Term Memory model developed by Nearing et al. (61), as 45 
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well as state-of the-art research-grade process based, hybrid, and machine learning models (see 

Table S1). Three of the comparison models have also been used for climate change projection. 

The regression performance for year-round flows is exceeded only by the Long Short-Term 

Memory model developed by Kratzert et al. (62), while the regression models are better than all 

comparison models at predicting changes in August flows.  5 

The decreases in August streamflow projected here are similar on average to previous regional 

studies in the Fraser (29), and Columbia (28, 63) basins, but there are some differences in spatial 

patterns. Our projections for California show more extreme decreases in August flow than 

predicted previously (64). See supplementary text and Figs. S23-S26 for more details. 

The modelling approach used here also accurately represents the direction of historical changes 10 

in streamflow. When forced with climate model data, the regression models accurately predict 

the direction of trends in August streamflow 90% of the time (Fig. S11). However, observed 

trends over 1951-2024 are about twice as large as these simulated trends, because the observed 

changes in temperature and precipitation have outpaced the changes predicted by the climate 

models. When forced with observed climate data, the observed and modelled trends match very 15 

closely (Fig. S12). 

Extreme droughts are likely in the next 10 years 

Extreme droughts are likely to occur soon in many streams, particularly in the middle latitudes of 

the Chinook salmon range (Figs. 2A and 2B). 67% of streams we studied in the Salish Sea region 

will probably experience (>50% probability) an August streamflow drought with a 500-year 20 

return period within 10 years (medium emissions scenario, SSP 2-4.5). For example, in the 

Stillaguamish River, we estimate the probability of a 500-year drought in the next decade to be 

93%. The return levels are calculated using the Unprecedented Simulated Extreme Ensemble 

approach (65) with 61800 simulated years of data for the years 1901-2000. Over the next 10 

years, 23% of ensemble simulations for the Stillaguamish predict streamflow below this 25 

threshold each year, for a cumulative probability of 93% (Figure 2C). From the Columbia Basin 

all the way to the BC North Coast region the median probability of a 500-year drought ranges 

from 34% to 67%. In the North Thompson River, the probability is 75%. Probabilities are lower 

in California and in the north (23% in Deer Creek and 0.8% in the Kenai River). Throughout the 

full range, 32% (126/399) of streams have a greater than 50% probability of experiencing a 500-30 

year drought within 10 years and 253 will probably experience a 100-year drought (Figure S17). 

At this short time scale the probabilities are relatively insensitive to the emissions scenario. 500-

year droughts will probably occur in 114/399 streams in a low-emissions scenario (SSP 1-2.6), 

and 147/399 streams in a high-emissions scenario SSP 5-8.5).   

Range-wide threats to environmental flows 35 

The projected changes will have profound impacts on river ecosystems throughout the range, as 

can be seen by applying environmental flow needs thresholds by three methods. First, 

streamflow will be outside of the sustainability boundaries prescribed by Richter’s presumptive 

standard (a change of less than 20% relative to historical flows – see methods for more details) 

(66) for six or more months of the year in 373 of 399 streams under a medium emissions 40 

scenario by the end of the century (Fig. S18). Even under the lowest emissions scenario (SSP 1-

1.9, consistent with 1.4 ⁰C of warming), 234 of 399 streams will exceed this sustainability 

boundary for at least half the year.  
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Future streamflow will be far outside the historical envelope of variability unless stringent 

emissions targets are met. We follow the Planetary Boundaries framework (6) and evaluate if the 

boundary will be permanently transgressed by 2090 (i.e., the boundary is transgressed by 2090 

and values do not return to normal by the end of the century – see methods). Using this 

definition, we estimate that boundaries will be permanently transgressed in at least one month of 5 

the year in 362 streams, and in at least six months of the year in 14 streams under the medium 

emissions scenario (Fig. S19). While the highest emissions scenario would see 199 streams with 

permanent transgressions for more than half the year, the lowest emissions scenario would see 

none. Thus, we predict that limiting global warming to 1.5 °C or 2 °C would avoid permanent 

transgressions of planetary boundaries for most streams and most months. 10 

Lastly, there will be an increase in violations  of the Tennant minimum flow threshold (10% of 

the mean annual discharge) (67). Some streams in the range experience flows below this 

threshold even under historical conditions (see Fig. 3C), but the number of streams where 

median monthly flows in the summer (June-September) drop below the Tennant threshold is 

expected to grow from 44 (20th century) to 81 (end of 21st century, medium emissions scenario) 15 

(Fig. S20). Thirteen of these new violations are in the Salish Sea basin and eleven are in the 

Columbia Basin. These high-level environmental flows methods portend dire impacts on aquatic 

ecosystems, including Chinook. However, the impacts will differ due to diverse life histories and 

geomorphic conditions within rivers, and local planning requires more locally relevant analyses. 

Diverse impacts on Chinook salmon 20 

Migrating and spawning Chinook salmon will see lower streamflow in almost all streams. Figure 

3 shows changes in monthly flows during migration for the 258 gauge locations accessible to 

Chinook salmon. Panel A shows the interannual distribution of monthly streamflow for the 

historical and end-of-century periods for the four sentinel rivers. Panel B illustrates, for the North 

Fork Stillaguamish, how this information can be summarized into a ‘hydrograph change plot’, 25 

and panel C shows these plots for each of the 258 streams. In 66 of the 74 streams where 

Chinook salmon migrate during the lowest flows of the year, these flows are projected to decline. 

In some streams lower streamflow can expose physical migration barriers, but some 

populations have adapted to avoid migration during critical low flow months. In Deer Creek 

summer flows in the lower watershed are too low for Chinook salmon passage, and consequently 30 

three distinct runs of Chinook salmon have developed. Spring-run Chinook salmon (a threatened 

population) quickly pass through the lower watershed from March to May (68) and then hold in 

colder pools in the upper watershed, while fall-run and late fall-run fish enter after mid-October, 

when autumn rains swell the river.  

We predict that the summer low-flow period during which the lower reaches of Deer Creek are 35 

impassable will lengthen, and spring-run Chinook salmon will need to enter the upper watershed 

earlier and spend more time holding. While the shift in migration timing may be feasible, the 

prolonged holding period in the upper watershed, where water temperatures will increase, may 

harm reproductive success (48). 

Moreover, extreme dry years are possible in the near future and may harm long-term adaptive 40 

capacity: There is a small but non-negligible (17%) probability of April flows in Deer Creek 

falling below the critical flow for Chinook salmon passage within the next decade (see 

supplementary text). If this occurs most of the spawning population could be prevented from 

reaching spawning grounds in the upper watershed, reducing the total abundance of the stream’s 

spawning population and their life history and genetic diversity. For example, recent work from 45 



This is a non-peer reviewed preprint submitted to EarthArXiv and is currently under review. 

7 

 

other California rivers has documented how low flow events such as this can contract spatial and 

temporal diversity of migrating salmon (69). 

In other streams the forecasted flow decreases will limit usable spawning and rearing habitat. 

In the North Fork Stillaguamish River, for example, median September flows will be reduced 

from a historic average of 16.3 m3s-1 to only 8.0 m3s-1, which could reduce usable spawning 5 

habitat for summer-run Chinook salmon by 94% (70). Notably, spawning grounds in the 

Stillaguamish are already considered degraded due to human modifications to the landscape. 

This and other pressures have caused Stillaguamish Chinook salmon abundance to decline to 

only 7% of historical levels (45), with the spring-run population thought to be extinct (71). 

Nonetheless, extensive river restoration efforts, informed by climate change projections and 10 

supported by the Stillaguamish Tribe and the Stillaguamish Watershed Council, offer some hope 

for a more resilient future (72).   

In some rivers, the combination of increased air temperature and reduced streamflow will lead to 

stressful or lethal water temperatures. Drier rivers have the potential to get hotter because the 

ratio of volume to contact area (with the substrate and the air) is smaller, so more heat is 15 

absorbed per unit volume. We quantified the sensitivity of water temperatures to air temperature 

and streamflow in 47 of our streams, including the North Thompson River (SI text and Figs. S21 

and S22). We found that in the North Thompson River water temperature increases by 0.5 °C for 

each degree of air temperature, and by 2.3 °C for a halving of streamflow. Under a medium 

emissions scenario, we predict that 30-year mean August water temperatures could increase from 20 

14.1 °C during the 20th century to 18.3 °C by late-21st century due to the dual impacts of 

increases in air temperatures and decreases in streamflow. 

These hotter temperatures may endanger the migration, spawning, and juvenile rearing of spring 

and summer-run populations, both of which are listed as endangered by the Committee on the 

Status of Endangered Wildlife in Canada (73, 74). Spring-run Chinook salmon begin arriving at 25 

the North Thompson River in late July, while summer-run fish migrate from mid-August to mid-

September. Given significant year-to-year variability in temperature, it is likely that hot years 

could see August water temperatures exceeding 22 ⁰C, temperatures that have been documented 

as being lethal in some Chinook salmon populations (27). Spawning, which occurs from mid-

August for spring-run fish and early September for the summer run, requires colder 30 

temperatures, optimally below about 12 °C to 15 °C (27, 75). The exposure of these populations 

to temperatures significantly above this range prior to or during spawning will likely reduce 

productivity by damaging gametes and increasing egg mortality (75). Lastly, the North 

Thompson populations are stream-type Chinook salmon, meaning that they rear for more than a 

year in freshwater. Juveniles are thus exposed to the hottest period of the summer, and 35 

temperatures in almost all years will likely exceed the optimum for juvenile rearing, documented 

as being 14.8 °C at natural feeding regimes (75). Cold-water refuges, often resulting from 

groundwater influx, snowmelt, or glacier runoff, may mitigate the impacts of increases in 

average water temperature (76), but as winter snow accumulation declines, glaciers disappear, 

and groundwater warms, these refuges may shrink and provide less respite (77, 78). The 40 

expected rise in water temperature varies significantly between streams (see supplementary text) 

leading to unique challenges for each population. 

Large increases in streamflow, which are predicted in some northern streams, may impair adult 

migration if water velocities exceed Chinook salmon swimming abilities. However, mean water 

velocity scales sublinearly with discharge in natural streams (79), so increases in water velocity 45 

will be less dramatic than increases in streamflow. In the Kenai River, for example, the projected 
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13% increase in median July flows corresponds to an 8% increase in water velocity (based on 

field observations taken by the United States Geological Survey at the gauge site – see 

supplementary materials). Water velocity in the Kenai River is currently not thought to 

substantially impede Chinook salmon migration (80), and the projected increases are unlikely to 

cause major problems for Kenai Chinook salmon, which have a relatively short-distance 5 

freshwater migration. However, velocities may cause problems in other northern streams, 

especially in the upper Yukon basin where the migration distance is extremely long and 

energetically demanding (81, 82). We project increases to streamflow in many upper Yukon 

basin streams during the Chinook salmon migration but data on water velocity in this region is 

lacking and a general survey of velocity barriers has not been conducted. We expect that high 10 

water velocities could block access to some spawning grounds, in some years, under moderate 

climate change. This problem could be compounded by declines in Chinook salmon body sizes, 

since smaller fish are weaker swimmers (83). 

Conclusions 

Climate change threatens aquatic ecosystems and biodiversity by altering freshwater flows and 15 

temperatures. For the first time, we have produced hydrologic projections for streams across the 

range of Chinook salmon in North America, including the effects of changing climate and 

declines in glacier runoff, and linked these projections with environmental flow metrics, Chinook 

salmon life-history timing, and agricultural water demand.  The threats are profound, severe, and 

immediate. Unless emissions are rapidly reduced soon, by the end of the century August flows 20 

will decrease by more than 50% in one quarter of the studied streams and environmental flow 

transgressions will occur in all regions. 500-year return period droughts are more likely than not 

to occur in one third of streams over the next decade, and these extreme events could profoundly 

impact aquatic biodiversity (16). At the same time, agricultural and other water demands are 

likely to increase, setting the stage for ongoing and future water conflicts.  25 

There are hundreds of locally adapted Chinook salmon populations across the diverse landscapes 

of western North America, and this diversity in life histories will control the exposure of each 

population to oncoming hydrologic changes and other anthropogenic pressures in each 

watershed. Prior to this study, this life-history and hydrologic diversity has posed a challenge for 

evaluating the climate vulnerability of the species across its range (24, 84–86). Our results reveal 30 

that each population faces a unique constellation of challenges, as seen in the interactive 

supplement. The steepest declines in streamflow and most extreme droughts are likely to occur 

in the middle of the range and will overlap with increasing demand for water to grow food. 

These challenges will be most acute in the heavily agricultural Columbia Basin and around the 

densely populated Salish Sea, where agricultural water demand could increase by 8% and 16%, 35 

respectively. The results presented here, which represent a bottom-up approach built from local 

hydrologic models and local information about Chinook salmon migration timing, begin to 

illustrate how the constellation of challenges varies across rivers to inform climate mitigation 

and adaptation efforts. 

At the local scale, authorities may consider several courses of action to mitigate climate impacts 40 

on aquatic species. First, existing anthropogenic stressors can be reduced to lessen cumulative 

impacts (87, 88); for example, climate change assessments can be used to target locations for 

habitat restoration that will provide suitable habitat in a warmer climate (27, 37).  In the 

Stillaguamish River, the Stillaguamish Tribe and the Washington Department of Fisheries and 

Wildlife are restoring floodplain and estuarine habitats to provide rearing habitat for salmon and 45 

dissipate winter floods, which are projected to increase in magnitude with climate warming (89). 
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In other watersheds flow management can be employed to protect environmental flows. In Deer 

Creek, for example, water rights curtailments are explicitly linked to the presence of Chinook 

salmon and steelhead trout (90). Fisheries can be an additional responsive management lever and 

be reduced or closed to try to avoid overharvesting salmon in years with poor returns or 

forecasted poor survival during their migrations. For example, commercial fisheries for sockeye 5 

salmon in the Fraser River of BC are adaptively managed for climate change, with fisheries 

being reduced when the river is predicted to be so hot that the combination of heat stress and 

encounters with fishing gear could reduce sockeye spawner abundance below target escapement 

levels (91).  

Range-wide, the hydrologic and water temperature changes projected here are setting in motion a 10 

major reorganization of salmon populations. The existing remarkable population diversity of 

Chinook salmon life-histories are an outcome of local adaptations to historic flow and 

temperatures regimes and other habitat factors (31, 92). Salmon will be increasingly exposed to 

flow and temperature regimes to which they are not locally adapted. Some historic salmon rivers 

and habitats may cease to support Chinook salmon, yet climate change will also open up new 15 

habitats (57, 93, 94). A key question is: will salmon adapt to these oncoming changes? Under 

strong selective pressures such as shifts in flow and temperature regimes, salmon could rapidly 

evolve different life-history timings (95). In addition, dispersal and gene flow among watersheds 

could be a key process for adaptation, as evidenced by impressive rates of colonization of 

habitats following barrier removal (96). Human interventions can also support the natural 20 

adaptive capacity of species. For Chinook salmon such interventions can include hatchery 

programs, transplanting stocks from rivers with strong runs to rivers with depleted natural 

populations, assisted migration across natural or anthropogenic barriers, and genetic engineering 

(97). These strategies entail risks that are difficult to quantify and could cause more harm than 

good, but are increasingly advocated and employed (98–100). Regardless, the oncoming 25 

reorganization of freshwater flows will challenge the adaptive capacity of Chinook salmon and 

other species in these watersheds. 

All efforts at conservation and mitigation will entail some cost and compromise between the 

natural world and human needs, including agricultural, fisheries, hydropower, mining, forestry, 

and other industrial sectors. The social-ecological challenges arising from these compromises 30 

over the next 75 years in western North America will demand locally relevant and community-

led climate mitigation. The locally tuned projections and ecological information we have 

presented can help support such efforts. 
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Fig. 1. Projected changes to August streamflow. (A) Changes in August streamflow by the end 

of the century (median of 2070-2099 compared to the median for 1901-2000) under moderate 

emissions (SSP 2-4.5). (B) Boxplots of data in A summarized across streams within each of the 

10 regions. (C) Observed, simulated, and projected streamflow for the sentinel rivers. The 5 

CMIP6 projections are for the moderate emissions scenario (SSP 2-4.5, corresponding to an 

average global temperature rise of 3⁰C). 
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Fig. 2. Probability of 500-year August droughts.  (A) Cumulative probability of 500-year 

droughts occurring between 2026-2035. Note that the baseline probability under a stationary 

climate would be ~2%. (B) Boxplots of data in A summarized across streams in each region. (C) 

Annual probability of a 500-year August drought for the sentinel rivers. The inset text refers to 5 

the medium emissions scenario but results are similar across scenarios. 
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Fig. 3. Predicted changes to monthly flows during Chinook salmon migration.  (A) 

Historical and future interannual distribution of monthly flows, in addition to Chinook salmon 

migration and spawning timing for the four sentinel rivers. (B) ‘Hydrograph change plot’ for the 

North Fork Stillaguamish River with the historical smoothed average annual hydrograph, 5 

coloured to show projected changes during Chinook salmon migration. (C) Hydrograph change 

plots for the 258 gauge locations accessible to Chinook salmon, grouped by region. 
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Materials and Methods 

Statistical Hydrologic Models 

We develop regression-based models of monthly flows for each catchment, similar to those 

developed in earlier work to simulate historical changes in summer minimum flows (26) but 

including process-based glacier runoff predictions. Diagrams showing the data flow for glacier 

runoff model and the regression model fitting and use for projection are provides in Figures S1 

and S2. 

We use as the predictand the logarithm of non-glacial streamflow: 

log(𝑄 − 𝑄𝑔𝑙𝑎𝑐𝑖𝑒𝑟 𝑚𝑒𝑙𝑡 + 𝜉) = 𝑎 ∗ 𝑇1 + 𝑏 ∗ 𝑇2 + ⋯ + 𝛼 ∗ 𝑃1 + 𝛽 ∗ 𝑃2 + ⋯ 𝜀 

𝑄 is the observed monthly streamflow, 𝑄𝑔𝑙𝑎𝑐𝑖𝑒𝑟 𝑚𝑒𝑙𝑡 is the estimated glacier runoff (section 

M2). For some catchments, the difference 𝑄 − 𝑄𝑔𝑙𝑎𝑐𝑖𝑒𝑟 𝑚𝑒𝑙𝑡 is negative for some years and 

months. In these catchments we add 𝜉, a small value to ensure that the argument of the logarithm 

is positive. 𝜉 is chosen to make the minimum value of the argument of the logarithm 0.05 mm/d. 

The predictors 𝑇1, 𝑇2  … and 𝑃1, 𝑃2 … are the catchment-average air temperature and 

precipitation over various rolling windows. We use as candidates 1, 2, 3, 4, 6, 8, and 12 month 

rolling windows, up to and including the month that is being predicted. We select the most 

appropriate predictors for each catchment and each month using all-subsets regression, limited to 

a maximum of 6 predictor variables for computational efficiency, and including at least one 

precipitation variable. This results in 6349 candidate regression models. 

For each fold, we hold out one fifth of the training data as a validation data set, train all 

candidate regression models on the remaining data, and evaluate the Kling-Gupta Efficiency 

(101) of the square-root transformed flow on the held-out validation data. We repeat the 5-fold 

cross-validation ten times and select the candidate regression model with the best average 

performance across all 50 folds. 

 

Process-based glacier runoff model 

188 of the catchments analyzed here have some glacier cover, from a combined 18,428 

glaciers from the Randoph Glacier Inventory (102). To calculate 𝑄𝑔𝑙𝑎𝑐𝑖𝑒𝑟 𝑚𝑒𝑙𝑡 we use a 

temperature-index model combined with modeled glacier areas: 

𝑄𝑔𝑙𝑎𝑐𝑖𝑒𝑟 𝑚𝑒𝑙𝑡 = 𝐴 × 𝑃𝐷𝐷 × 𝑚𝑓 

𝐴 is the glacier area, 𝑃𝐷𝐷 is the positive degree days, and 𝑚𝑓 is the melt factor. This model is 

show schematically in Fig. S1. 

The glacier melt is calculated for each glacier, and then the total glacier runoff contribution to 

streamflow is calculated by summing the glacier melt from all glaciers within each watershed. 

For glaciers that lie partially outside of a watershed, the contribution is scaled by the fraction of 

the glacier area that is within the watershed. 

 

Calculation of PDD 

𝑃𝐷𝐷 is calculated from gridded air temperature data. It is defined as the cumulative 

temperature above the melting point of 0°C over a given period (103). To calculate the 𝑃𝐷𝐷 

from monthly temperature, distributional assumptions must be made about the sub-monthly 

temperature variation. While a Gaussian distribution with a fixed standard deviation is often 

assumed, near a temperature of 0°C the diurnal range (and hence the standard deviation) is 

usually suppressed, particularly on glaciers and ice sheets, because of the latent heat of melting 
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and freezing (103). However, no globally-applicable formula for standard deviation as a function 

of monthly temperature has been developed.  

We approximate this relationship using gridded daily temperature. For 500 randomly 

selected latitude/longitude points within the glaciers studied here, we extract daily maximum and 

minimum temperature from 1991 to 2020. We then reconstruct hourly temperatures using the 

chillR package (104) and calculate the mean monthly temperature and monthly standard 

deviation. We fit a locally estimated scatterplot smoothing (LOESS) function and call this 

function 𝑠𝑑(𝜇). 

We then extract the mean monthly temperature for each glacier and adjust the temperature 

using a temperature lapse rate of 6.5°C/km and the glacier hypsometry in 50-m elevation bands. 

For each elevation band we calculate the PDD assuming a Gaussian distribution with a standard 

deviation defined by the function 𝑠𝑑(𝜇). Glacier hypsometry is not dynamically updated as 

glaciers recede.  

 

Calculation of 𝑚𝑓 

For each of the 18,428 glaciers we calibrate a melt factor 𝑚𝑓 using the Open Global Glacier 

Model (105), 2-km gridded temperature and precipitation data, and geodetic mass balance 

observations from January 2000 – January 2020 (106). We set the precipitation factor to 1, the 

temperature bias to 0, and the melting temperature to 0⁰C. We limit the melt factor to the range 

0.5-17 kg m-2 day-1 K-1. Dynamic changes in the melt factor are not considered.  

 

Quantile Mapping 

We quantile map climate model projections of monthly 2-m air temperature and 

precipitation using as a reference observation-based gridded monthly climate data from 1950-

2014. For catchment-average temperature and precipitation, we use the Multivariate Bias 

Correction algorithm (MBCn) (107). For air temperature on glaciers, we use the computationally 

more efficient Quantile Delta Mapping (QDM) (108). In all cases, we apply the bias correction 

using 30-year and 3-month sliding windows, replacing the central 10 years and the central month 

(109). For example, the projected data for July from 2050-2059 are bias corrected using (i) 

historical observed data from June-August, 1950-2014, (ii) historical simulated data from 1950-

2014, June-August, and (iii) future projected data from 2040-2069, June-August. 

To avoid artificially suppressing the internal climatic variability, we bias-correct each 

ensemble member with a different variant from the same climate model where possible (110). 

This was not possible for seven of the 47 CMIP6 models, which had only one ensemble variant 

available for download. 

 

Ensemble Averaging and Weighting 

There is a recognized bias towards ‘hot’ models in the CMIP6 ensemble: the distribution of 

Equilibrium Climate Sensitivity (ECS) of the models does not match the assessed distribution of 

ECS from multiple lines of evidence (111, 112). This means a simple average of all CMIP6 

models will overestimate the warming associated with a particular Shared Socioeconomic 

Pathway (SSP). Following Cannon (113), to calculate ensemble mean (median) projections we 

first average all variants within each model and then take the weighted mean (median) of all 

models, with weights chosen such that the weighted distribution of model ECS matches the 

assessed ECS distribution (112). 
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Model performance comparison 

We evaluate the performance of these models using two performance metrics commonly 

used to assess low-flow performance: the Nash-Sutcliffe Efficiency of log-transformed flows: 

NSE(log(Q)),  and the Kling-Gupta Efficiency of inverse-transformed flows: KGE(1/Q) (114, 

115). We calculate these performance metrics for the full time series of monthly flows and also 

individually for August, in order to evaluate the ability of the models to simulate interannual 

variability distinctly from the seasonality of each catchment (116). 

We compare the performance of our models to 17 published models that contain 

simulations for some of the same catchments. These models are listed in Table S1. The daily 

streamflow simulations from each model were summarized to mean monthly values before 

calculating performance metrics. 

Unless otherwise specified, we evaluate all models on a common evaluation period of 

October 1989-September 1999 because this evaluation period was used for many of the 

comparison models. For the purpose of performance evaluation and comparison, we retrained all 

of our models excluding these years. Eight of the comparison models also held out these years of 

data for evaluation or did not use them for calibration. Two models were trained to predict 

streamflow in ungauged basins, and we used the ‘test’ data for these models. The other models 

were tested on data seen in calibration or a mix of data seen and not seen during calibration. 

For the North America-wide FUSE simulations performed by Thébault (117), 78 model 

configurations are provided. For each catchment and evaluation metric, we choose the model that 

maximizes performance in the calibration period.  

For the CONUS-wide FUSE simulations performed by Thébault (118) we choose the low-

flow optimized simulations (optimized with KGE(1/Q)). Again, 78 model configurations are 

provided, and again for each catchment and evaluation metric we choose the model that 

maximizes performance in the calibration period. These FUSE simulations were calibrated to the 

period 1989-1998, and evaluated on the period 1999-2009, so we retrained our regression models 

excluding the years 1999-2009 to enable a like-for-like comparison. 

The two FUSE simulations performed by Thébault (117, 118) are at a slight comparative 

advantage over the regression models, because the model structure is chosen to maximize each 

evaluation metric, whereas the regression model structure is chosen to maximize the KGE(√Q) 

for each month. 

Hamlet et al. (28) recommend bias-correcting their streamflow predictions to match 

observations. For this model, we bias correct the simulations for the test period (October 1989-

September 1999) using Quantile Delta Mapping (108, 119), using all other years of data as the 

calibration period.  

 

Peak Water 

We evaluate when each watershed has reached or will reach ‘peak water’ (15) using the 

time series of August glacier runoff. We use the multi-model weighted mean runoff for each, and 

smooth it with a 5-year moving average. We then find the year of maximum runoff for the time 

series from 2000-2100, for SSP 2-4.5. We evaluate whether peak water has already occurred 

(≤2025) or will occur sometime in the future. 

 

Agricultural water demand 

We calculate Hargreave’s climatic moisture deficit (CMD) on a monthly basis using 

downscaled and bias-corrected climate normal data for North America at 1 km resolution (120). 
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CMD is a proxy for agricultural water demand and is the difference between potential 

evapotranspiration and precipitation. We use the same formulas that were used to calculate CMD 

on an annual basis (121). We calculated this variable on the same 1 km grid for the normal 

period of 1991-2020 and for the end of century (2071-2100) under SSP 2-4.5. For each of the 10 

regions, we then summed the total CMD over all cropped land, as defined in the North American 

Land Cover dataset (122). We then calculate the change in CMD between the end-of-century and 

the normal period.  

 

500-year Drought Analysis 

 

We estimate return levels for August streamflow for return periods of 100 and 500 years 

using the UNSEEN methodology (123). The 100 and 500-year levels are estimated as the August 

flows that are exceeded in 99% and 99.8% of years across all of the historical simulations from 

1901 to 2000 combined (a total of 61,600 simulated years). The exceedance of these levels is 

then evaluated for the projection period (2015 onwards). For each year i, we calculate the 

probability 𝑝𝑖 as number of ensemble members with flows below the return level. To calculate 

the cumulative probability 𝑝𝑐𝑢𝑚 over a period of 10 years (2026-2035) we calculate: 

𝑝𝑐𝑢𝑚 = 1 − ∏ (1 − 𝑝𝑖)

2035

𝑖=2026

 

An important assumption in this analysis is that the elements of the variable (August 

streamflow) are independent and identically distributed (i.i.d.). This assumption may not be met 

for these data for at least two reasons. First, the simulations originating from different climate 

models may not be identically distributed (although the bias correction ensures the distributions 

are similar). Second, the simulations for consecutive years from the same simulation may not be 

independent. We therefore consider two other approaches for estimating the return levels and the 

probabilities. 

First, to evaluate whether different distributions originating from different climate models 

affect the estimated probabilities, we calculate the return levels separately for each climate 

model. For this analysis we select only the 18 models that have at least 10 variants available for 

the historical period (i.e. 1000 years of data). We then compare the projection from each model 

to its respective return level before averaging across models. 

Second, we used a block minima approach to evaluate whether dependence between 

consecutive years affects the estimated probabilities. We calculated the minimum August 

streamflow for each decade and ensemble member in the historical simulations calculated the 

500-year return period as the flow that is exceed in 98% of decadal minima. Then we calculated 

the 10-year cumulative probability as the number of ensemble members with a minimum August 

flow below this level over the period 2026-2035. 

We also compare the return levels estimated using the UNSEEN methodology to those 

estimated by fitting a generalized extreme value (GEV) function to (a) the historical observed 

streamflow data and (b) the historical simulations based on observed climate data. Due to large 

uncertainties in the observed climate data prior to 1950 we use the period 1951-2000 for this 

analysis. 
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Environmental flows thresholds 

We evaluate transgressions of environmental flows using three methods: Richter’s 

presumptive standard (66), the planetary boundaries framework (124), and the Tennant method 

(67). 

Presumptive Standard 

The presumptive standard was intended to provide conservative limits on human alterations to 

streamflow conditions, and is based on deviations from historical mean flows for each day of the 

year. The standard states that alterations beyond 20% are likely to result in “moderate or major 

changes to major changes in natural structure and ecosystem functions” (66). The standard has 

also been applied to monthly flows (125), as we do here. For each catchment, ensemble member, 

and scenario, we evaluate the number of months during which the projected change in 

streamflow between the end-of-century (2070-2099) and the 20th century (1901-2000) is greater 

than 20%. For each catchment, we first average across all variants within each climate model and 

then take the weighted average across all models.  

 

Planetary Boundaries Framework 

The planetary boundary for freshwater is defined using the 5th and 95th percentiles of historical 

streamflow (124). We emulate this approach here. For each catchment, month, climate model, 

ensemble member, and scenario, we calculate the 5th and 95th streamflow percentiles of the 

historical period (1901-2000). We define a ‘deviation’ when the 10-year rolling mean flow for a 

month is lower than the 5th or higher than the 95th percentile of historical flows for that month.  

We consider the boundary to have been permanently transgressed if a deviation occurs by 2090 

and the rolling mean does not return to within the 5th-95th percentile range by the end of the 

century. We evaluate the number of months with permanent transgressions and then take the 

mean across all realizations for each climate model and then the weighted mean across all 

climate models. 

 

Tennant method 

The Tennant method is widely applied across North America. It stipulates that a minimum flow 

of 10% of the long-term mean annual discharge (LTMAD) must be maintained to “sustain short-

term survival habitat for most aquatic life forms” (67). We first calculate the LTMAD based on 

the simulations for 1901-2000, using observed climate data. For each catchment, ensemble 

member, scenario, and year, we identify transgressions when the minimum summer (June – 

September) flow is less than 10% LTMAD. We then calculate the fraction of years with 

transgressions for the historical (1901-2000) and future (2070-2099) periods. We average the 

number of transgressions first across all variants within each climate model and then take the 

weighted average across all models.  

 

Water Temperature Projections 

As an illustration of the value of stream-specific hydrologic projections, we also use the 

streamflow projections to predict changes in stream temperature. We use a simple model based 

on empirical streamflow sensitivities to air temperature and streamflow, similar to previous 

studies (126, 127): 

𝑊 = 𝛼 𝑇 + 𝛽 log(𝑄) + 𝜖 

Where W is the water temperature, T is the air temperature, Q is streamflow, 𝜖 is an error 

term, and 𝛼 and 𝛽 are coefficients fit by multiple linear regression. We fit this regression model 
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to historical water temperature data from the two hottest months of the year (usually July and 

August). We then project water temperature using the projected air temperature and streamflow.  

We compare our projected water temperature increases to projections of water temperature 

in British Columbia (85) and western United States (127). We calculated the historical and 

projected averages to match the time periods used in those studies: for British Columbia the 

historical period is 1981-2000 and the future period is 2081-2100, and for western United State 

the historical period is 1993-2011 and the future period is 2080-2089. For British Columbia we 

compare our projections for SSP 2-4.5 to projections for RCP 4.5. For western United States, 

results are reported for CMIP3 scenario A1B, which represents approximately 6 W/m2 of 

additional radiative forcing by 2100. We therefore compare these projections to the average of 

our projections for SSP 2-4.5 and SSP 3-7.0, which represent additional forcings of 4.5 W/m2 

and 7.0 W/m2, respectively. 

 

Streamflow data 

We use data from the United States Geological Survey (USGS) and the Water Survey of 

Canada (WSC) downloaded between December 2024 and July 2025. We filtered stations based 

on the following criteria: 

- Within the habitat range of Pacific Salmon, ie., Pacific drainages from California to 

Alaska. We also include northern Alaska as salmon may be driven northward as 

temperatures warm and all five species of Pacific salmon have recently been observed to 

spawn in Arctic rivers (94, 128). 

- At least 20 years of data from May to September, with no missing days. 

- At least one full year of year-round streamflow observations, with no missing days 

- A time series not ending prior to 2000.  

 

We include only near-natural streams. In Canada, we included only basins in the 2020 

version of the Reference Hydrometric Basin Network, or those that appeared in the 1999 version 

but were dropped because monitoring was discontinued (129). In the United States, we included 

basins from the GAGES-II dataset (130).  

In Alaska there are relatively few basins considered to be of ‘reference quality’ by GAGES-

II. However, GAGES-II was published in 2011, so we examined 33 gauged basins that were not 

evaluated in GAGES-II (neither determined to be reference quality nor non-reference quality). 

These basins were mostly established recently and did not have a long enough time series in 

2011 to warrant evaluation. We evaluated whether these basins are near-natural using similar 

methods to GAGES-II:  (i) we examined annual Water Data Reports (available at 

https://rconnect.usgs.gov/water-year-summary/) for evidence of regulation or anthropogenic 

land/water use) and (ii) we visualized basin polygons in QGIS (131) along with global mining 

area polygons (132), dam locations (133), OpenStreetMap, and ESRI topo. We determined 21 of 

these basins to be of reference quality, or ‘near-natural’. These screening results are shown in 

Table S2. 

Lastly, we removed some stations that have high levels of water use. In British Columbia 

we relied on water use estimates prepared by (26). In the contiguous United States we relied on 

water use estimates from (130). In Yukon and Alaska we assumed water use to be negligible 

relative to streamflow. We removed basins where the mean annual water use (m3s-1) was greater 

than 10% of the minimum observed flow from June to September in any individual year. 

 

https://rconnect.usgs.gov/water-year-summary/
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Historical climate data 

We use historical gridded monthly temperature and precipitation data from 1900 to 2023 

(134). These data are provided at 2 km spatial resolution and are interpolated from weather 

station data using the ANUSPLIN algorithm. We calculated the monthly mean temperature as 

the average of monthly mean daily maximum and minimum temperatures. 

In previous work we found that this dataset outperformed other available datasets in terms 

of temporal consistency (26). However, data quality is poorer prior to 1950, when significantly 

fewer weather stations were operational. Data quality is also poorer in the far north and in remote 

coastal watersheds, where the weather station network is sparser. 

 

Water Temperature Data 

We compiled stream water temperature data from the Water Survey of Canada and the 

United State Geological Survey. Where data was hourly we first summarized it to the daily scale, 

discarding any days with more than 4 hours of data missing. We then summarized it to the 

monthly scale, discarding months with more than 6 days missing. Lastly, we discarded gauges 

with fewer than 20 valid monthly water temperature measurements from July and August.    

 

Climate projection data 

We use all models from the Sixth-generation Coupled Model Intercomparison Project 

(CMIP6) that were available for download as of May 2025. We required that each model report 

monthly precipitation and mean temperature, and report results for the historical experiment and 

the three primary scenarios (SSP 1-2.6, ‘Sustainability’, SSP 2-4.5, ‘Middle of the Road’, and 

SSP 5-8.5 ‘Fossil-fueled Development’). We also included scenarios SSP 1-1.9 (consistent with 

the Paris Climate Agreement warming goal of 1.5⁰C above pre-industrial conditions) and SSP 3-

7.0 (‘Regional Rivalry’). 

In total 379 model runs across 47 models satisfied our criteria. An additional 289 model 

runs, across 29 of the models, were available for the historical experiment only. These were 

added for the purpose of calculating historical return levels in the UNSEEN methodology (500-

year drought analysis). These models are listed in Table S2 along with their equilibrium climate 

sensitivity. 

 

Historical glacier extent data 

There are 18,428 glaciers within the basins studied here, based on the global compilation of 

glacier polygons from the Randolph Glacier Inventory (RGI) V6 (102). The RGI provides the 

glacier area for a reference year, which is usually close to the year 2000. However, for our 

analysis we need time series of annual glacier area for the historical and future periods. There is 

considerable uncertainty about historical glacier states, especially for regions like western North 

America where historical glaciological observations are sparse, and model-based reconstructions 

of glacier states are subject to large uncertainties (135). 

Malles and Marzeion (136) developed gridded model-based reconstructions of glacier mass 

and area from 1901 to 2018, based on ten climate datasets. We used the reconstruction based on 

CRU TS 4.03 (137) which was found to perform best over the full time period (136). We 

extracted a time series of relative area for each glacier within our study basins from the Randolph 

Glacier Inventory (RGI) V6 (102). This time series was then scaled to match the glacier area for 

the reference year in the RGI. We extended the time series from for the years 2019 to 2023 using 

a linear extrapolation of the recession rate for 2015 to 2018. The data have large uncertainties, 



 

 

9 

 

especially for the first half of the 20th century, for which glaciological observations are largely 

unavailable to constrain the estimates. 

We evaluated the suitability of two other historical glacier extent databases for this study. 

Bevington and Menounos (138) developed time series of glacier extents from 1984 to 2020 from 

satellite imagery. However, this dataset covers western Canada and a limited temporal range, and 

we found the time series contained unrealistic annual advances and retreats, possibly due to 

misidentification of snow cover on land or debris cover on glaciers, or due to cloud cover in the 

satellite imagery for some year. These annual fluctuations would lead to unrealistic predictions 

of glacier runoff, which would introduce errors into the regression models. 

Dussaillant et al. (139) used geostatistical modelling to estimate annual mass changes for 

every glacier on earth from satellite and airborne altimetry data as well as in-situ glaciological 

observations. In western North America this time series begins in 1946 and extends to 2024. We 

tried adding these annual mass changes to the estimated glacier mass at the reference year for 

each glacier (140)  to develop a time series of glacier mass. However, for parts of the range 

where glaciers advanced from the 1950s to the 1980s, this strategy led to negative mass at the 

beginning of the time series for many (mostly small) glaciers. In other places this method led to 

negative mass in recent years, even for glaciers that are still visible on satellite imagery. This 

indicates that either the reference year mass (1) is underestimated or the rate of change (139) is 

overestimated. We concluded that these data were not suitable for our analysis. 

 

Projected glacier extent data 

For the future period we rely on the projections developed by Rounce et al. (141), which 

provide glacier area from 2000 to 2100 using 10 CMIP6 models under four emissions scenarios. 

The projections are provided for each glacier. To improve consistency between the historical and 

future glacier extent data, we also scale the projections such that the glacier area at the reference 

year matches the reference area in the RGI. 

 

Chinook life history timing data 

We collected Chinook upstream migration and spawning timing data for each gauge 

location. These data were sourced from academic publications, grey literature, publicly available 

datasets, and in a few cases sport fishing reports.  

In British Columbia and Yukon, we relied mostly on the NuSEDS database (44), which 

provides start and end dates of stream arrival and spawning for each year in which counts or 

surveys were taken. We defined the migration period as beginning on the the mean start date of 

stream arrival (STREAM_ARRIVAL_DT_FROM) and ending on the mean peak spawn date 

(PEAK_SPAWN_DT_FROM). We defined the spawning period as beginning on the mean start 

date of spawning (START_SPAWN_DT_FROM) and ending on the mean end date of spawning 

(END_SPAWN_DT_FROM). We also relied on (142) where stream-specific migration or timing 

data were unavailable from NuSEDS.  

In Alaska and parts of Yukon, daily fish count data are available from (43, 143). For each 

year of data, we found the date on which 2.5% and 97.5% of fish had passed, and then calculated 

the median of all years. Spawning timing data were generally not available for Alaskan streams.  

In CONUS, we mostly relied on Chinook life stage timing tables compiled by various 

publications (144–146). However, in Deer Creek and Mill Creek (California), fish count data 

were available (68), and we used the same strategy as for Alaskan streams. 
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All life stage timing data and references are available in supplementary data 1, as well as in 

the catchment summary sheets linked in the interactive supplementary material: 

https://sruzzante.shinyapps.io/streamflow_projections/. 

 

Delineation of ten salmon-producing regions 

We defined ten salmon-producing regions based on natural hydrologic divides, management 

regions used by various jurisdictions within the range, similarity in hydrology and life history 

traits, and a previous effort to define ‘Salmon Ecoregions’ (42). We desired about ten regions, 

each with at least 5 stream gauging stations. The regions are shown in Fig. 9, and are defined as 

follows: 

California: Pacific-draining basins in California, south of and including the Smith River. 

PNW Coast: Outer coastal drainages in Washington, Oregon and Vancouver Island: on the 

mainland north of the Smith River, and south of and including the Quillayute River, and on 

Vancouver Island from the Gordon River clockwise to the Nimpkish River (not including those 

rivers). 

Columbia Basin: All streams that drain through the Columbia mainstem at Skamokawa.  

Fraser Basin: All streams that drain through the Fraser River bifurcation into the South and 

North arms at New Westminster.  

Salish Sea: Pacific drainages on the mainland from north of the Quillayute River on the 

Olympic peninsula (Washington) to the Southgate River (British Columbia), excluding the 

Fraser River, and streams on Vancouver Island from the Nimpkish River clockwise to the 

Gordon River (inclusive). 

BC North Coast: mainland pacific drainages north of the Southgate River (non-inclusive) to 

the Nass River (inclusive), as well as Haida Gwaii. 

Transboundary region: Pacific drainages from the Nass River (non-inclusive) to Sea Otter 

Creek (inclusive). 

S Alaska: Coastal drainages from north of Sea Otter Creek to the Yukon River. 

Yukon River: All streams that drain through the Yukon River mainstem at Pilot Station. 

N Alaska: All Pacific and Arctic drainages north of the Yukon River, up to but excluding 

the Mackenzie River.  

  

https://sruzzante.shinyapps.io/streamflow_projections/
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Supplementary Text 

 

Models outperform all previous models 

Figures S3-S6 show empirical cumulative distributions of performance metrics for the 

regression models developed in this study and for fifteen other published hydrologic models. 

Distributions further to the right indicate better performance. Based NSE(log(Q)) (Fig S3) the 

regression models outperform all models except the long short-term memory model (LSTM) 

developed by Kratzert et al., (62). Based on the KGE(1/Q) (Fig S5), the regression model 

outperforms all comparison models.  

The regression models are also better than all other models at predicting interannual 

variability in August flows, which is a main objective of this paper. The performance 

improvement is substantial, whether evaluated using the NSE(log(Q)) (Figure S4) or the 

KGE(1/Q) (Figure S6). These performance improvements in both simulating year-round flows 

and in simulating interannual variability in late-summer flows specifically indicate that the 

models presented here may result in more robust estimates of responses to climate change. 

The only model that rivals the regression models in performance is the LSTM developed by 

Kratzert et al. (62). However, LSTMs have known issues in extrapolating to unseen climate 

conditions that are not easily overcome (147–149). In contrast, the regression models used here 

have simple but physically realistic and stable extrapolation behavior (26) and incorporate a 

process-based glacier model. 

 

Robustness of 500-year drought probabilities  

We compare the 500-year drought probabilities calculated using two alternative methods 

designed to test the i.i.d. assumption. Figure S27 shows the comparison to probabilities 

calculated using return levels calculated for each model independently, while Fig. S28 shows the 

comparison when a decadal block minima approach is used. 

Calculating return levels for each model independently results in overall slightly higher 

probabilities, while the block minima approach reduces the highest probabilities somewhat. 

Under our standard approach, for SSP 2-4.5, 126 streams have a >50% probability of 

experiencing a 500-year drought within 10 years, while calculating return levels for each model 

independently for each model gives an estimate of 155 streams and using a block minima 

approach gives an estimate of 102 streams. 

The 500-year return levels calculated using the UNSEEN methodology also agree 

reasonably well with return levels estimated by fitting generalized extreme value (GEV) 

functions. We consider the estimates to agree if the UNSEEN-estimated return level lies within 

the 95% confidence interval of a GEV function fit to historical data. For the GEV fit to historical 

simulated streamflow data there is 86% agreement across all 399 catchments. For the GEV fit to 

historical observed data there is 78% agreement across 127 catchments with at least 40 years of 

observed streamflow data between 1951-2000. In cases of disagreement, the UNSEEN-estimated 

return level is more extreme (smaller) than the return level estimated using historical simulated 

data (always) and historical observed data (75% of the time). Evaluating future projections 

against UNSEEN-estimated return levels is thus both robust and conservative.  

 

Agricultural water demand 

We predict mostly modest increases in agricultural water demand over the five southern 

regions (Fig. S15). Projected percentage increases are greatest for the Salish Sea. However, in 
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terms of total volume, the increase will probably be most noticeable in the California and the 

Columbia Basin.   

In the Columbia Basin, where 10% of land is cropped, August agricultural water demand is 

estimated at 4000 m3s-1 for the historical period (1991-2020), projected to increase by 8% under 

SSP 2-4.5 by the end of the century. Over this same period, August streamflow at the mouth of 

the Columbia averaged 4500 m3s-1, and across all study sites in the Columbia basin we project a 

median decrease in August streamflow of 29%.  

It is important to note that not all of the agricultural water demand is satisfied, and probably 

will not be in the future. Approximately 64% of agricultural land in the Columbia Basin is not 

irrigated. On non-irrigated land an increase in agricultural water demand would more likely 

result in reduced productivity than increased water use. Previous authors have estimated August 

irrigation water demand in the Columbia Basin to be about 1000 m3s-1 (150).  

Our estimates also do not account for accelerated crop development in a warmer climate, 

leading to a reduction in time to maturity, increased water use efficiency under higher carbon 

dioxide concentrations, or earlier planting dates. Accounting for these factors, late-season 

irrigation water demand could actually decrease on average throughout the Columbia Basin, 

although many watersheds will still see increases (151). 

 

Historical simulations match streamflow declines 

Many of the streams in this regions have seen significant trends in streamflow since 1950 

(26, 152–154). We thus evaluate the ability of the regression models to simulate observed trends 

in streamflow when forced with temperature and precipitation from the historical runs of the 

climate models. Figure S11 shows this analysis. We compare the observed trend (Thiel-Sen 

slope) in August streamflow to the modelled trend for all gauges with at least 50 years of 

observed streamflow data between 1951 and 2024 (229 gauges).  

There is adequate agreement between the observed streamflow trends and the trends 

simulated using the regression models forced with climate model data. The direction of the trend 

(positive or negative) is accurately predicted 90% of the time. However, the magnitude of the 

simulated trends is generally smaller than observed trends. The linear best fit line on Figure S11 

has a slope of 0.55, indicating that observed changes are about twice as large as simulated 

changes. 

The error (underestimation) derives mostly from the climate models. When forced with 

observed climate data the regression models correctly predict the trend direction 97% of the time 

and the simulated trend magnitudes lie very close to the observed trend magnitudes (Fig. S12). In 

addition, Fig. S13 shows that the magnitude of both wetting and drying trends in precipitation 

throughout the range has been underpredicted by the CMIP6 multi-model ensemble. In 

particular, strong drying trends in the summer near the middle of the range have been 

underpredicted. Figure S14 shows that most of the range has warmed faster than predicted by the 

CMIP6 ensemble: in particular, warming trends are underpredicted in the middle of the range for 

the summer and in the north for the winter. 

If the strong trends in the observed climate data are a result of climate change then the 

climate models would be expected to have captured these changes. The underestimation of the 

trends would thus suggest that projected changes are also underestimated. However, this is 

highly uncertain as the trends in the observed climate data could also be affected by cyclical 

phenomena such as the Pacific Decadal Oscillation and the El Niño Southern Oscillation, or by 
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errors in the observed data deriving from changes in measurement techniques or weather station 

density. 

 

Comparison to previous projections 

We compare our projections to four other studies which projected streamflow changes for 

California (64), the Pacific Northwest (28, 155), and the Fraser Basin (29, 156).  

In California, we compare our projections to projections prepared by the California Water 

Commission using a Variable Infiltration Capacity (VIC) model (64). The VIC projections are 

provided at the HUC-8 watershed level, for a combination of RCP 4.5 and RCP 8.5 scenarios, 

comparing historical (1991-2010) to future (2056-2085) condition. We compare our projections 

of the relative change in August streamflow to the same metric for HUC-8 watershed that covers 

each of the Californian gauges in our study. We calculate the change over the same historical and 

future periods, for a combination of SSP 2-4.5 and SSP 5-8.5. 

We project much larger changes than the California Water Commission (64), as seen in Fig. 

S26. Our projections show decreases in August streamflow of up to 62%, while the VIC model 

projects changes no larger than 18%. Our projections show larger decreases in 14 of 17 

locations. 

Hamlet et al. (28) used a distributed Variable Infiltration Capacity (VIC) model over the 

Columbia Basin and the Washington and Oregon coasts, and provide simulations at 557 discrete 

locations, 37 of which are gauges used in our study. They simulated historical streamflow over 

the period 1915-2006, and use a ‘hybrid delta’ downscaling technique to adjust CMIP3 

projections for the period 2070-2099. They produced projections for scenarios B1 and A1B. We 

compare the B1 scenario from Hamlet et al. to our projections for SSP 2-4.5 because the B1 

scenario corresponds to 4.2 W/m2 of additional radiative forcing by the end of the century, which 

is a close match to SSP 2-4.5 (4.5 W/m2).  

We project similar overall reductions in August streamflow than Hamlet et al., as shown in 

Figure S24. Our projections are more extreme in 24 of 37 sites, and the median change is slightly 

larger (-42% vs -36%).  

Also in the Pacific Northwest, Mizukami et al. (63) produced projections using the 

Structure for Unifying Multiple Modeling Alternatives (SUMMA), for SSP 2-4.5, SSP 3-7.0, and 

SSP 5-8.5. Mizukami et al. provide projections for 414 discrete locations, 57 of which are 

gauges used in our study. For this comparison, we recalculated the change factors using a 

historical period of 1955-2014 for both our models and for the SUMMA simulations. We also 

only include the 5 climate models included by Mizukami et al.  Both models show decreases in 

August flow at almost all locations (56/57 locations in the regression models, 54/57 locations in 

the SUMMA model; Fig. S25). Overall, our projections show larger decreases at 34/57 locations 

under SSP 2-4.5 and 38/57 locations under SSP 5-8.5. Under SSP 2-4.5 the median change in 

SUMMA is -27% and -41% in our projections. 

Schnorbus (29, 156) used a VIC model with a glacier module (VIC-GL) to project 

streamflow for the Fraser Basin, for RCPs 4.5 and 8.5. We compare these simulations to our 

projections for SSPs 2-4.5 and 5-8.5. The VIC-GL model includes projections from six CMIP5 

climate models, so for the sake of like-for-like comparison, for the regression model we include 

only the CMIP6 models that are successors to those six models: ACCESS-1.0 → ACCESS CM2, 

CCSM4 → CESM2, CNRM-CM5 → CNRM-CM6-1, CanESM2 → CanESM5, MPI-ESM-LR 

→ MPI-ESM1-2-LR, and HadGEM2-ES → HadGEM3-GC31-LL. The regression models agree 

with the VIC-GL model that almost all locations will see decreases in August flow (43/44 
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locations in the regression models, 44/44 locations in the VIC-GL model ; Fig S23). The VIC-

GL model predicts larger decreases in 31/44 locations, and predicts a median decrease of -53% 

compared to 40% in the regression models. 

 

Temperature Projections 

To illustrate the value of site-specific hydrologic projections for projecting other 

environmental variables, we present projections of water temperature change at 47 gauge 

locations in Figure S21. Under the medium emissions scenario water temperatures are predicted 

to change by between 0.5⁰C and 5⁰C by the end of the century. Water temperatures in the PNW 

Coast, Fraser Basin, and Salish Sea are projected to increase most significantly, along with three 

streams in the Columbia Basin.  

These projections are based on simple empirical sensitivities to air temperature and 

streamflow and as such are subject to substantial uncertainty. Process-based stream temperature 

models would likely produce larger estimates of warming rates, particularly if they explicitly 

model the effects of snow cover, glacier loss, and groundwater warming (78).  

In Figure S22 these projections are compared to 28 locations in the western United States 

also projected by (127) and 10 locations in British Columbia also projected by (85). The median 

projected warming is similar in both cases: in the western United States we project a median 

warming of 2.1⁰C vs 2.4⁰C by (127), and in British Columbia we project a median increase of 

2.8⁰C vs 3.2⁰C by (85). However, we predict a much wider range of temperature changes than 

these regional models, suggesting that individual stream sites may warm significantly faster or 

slower than the regional average.  

The variation in response among individual stream sites emphasizes the value of site-based 

hydrologic projections. Existing stream temperature projections for British Columbia (85) do not 

account for relationships with streamflow, while in the United States regional average observed 

streamflow was used to fit the models, and regional average streamflow projections from (28) 

were used in the projection step (127). Isaak et al. (127) recognize that creating a regional model 

in this way ‘obscure[s] site-level variation in warming rates’. While it is not possible to conduct 

detailed site-specific investigations of every stream reach in western North America, the 

variation shown here can help set expectations about the uncertainty of regional warming rates. 

 

Deer Creek migration barriers 

In Deer Creek, an instream flow evaluation found that on April 29,  2014, water depths at a 

critical riffle in the lower watershed were below the minimum passage depth requirement for 

Chinook (0.9 ft) (46). On this date, flow at the upstream near-natural gauge (USGS 11383500) 

was 4 m3s-1. We use this value as the critical flow. However, there are multiple diversions 

downstream of the gauge that can reduce flow in the stream. 

We evaluated the probability of flows falling below this threshold in the same way as for 

the 500-year drought estimation. In April (the peak of the spring migration) we predict a 17% 

probability of flows falling below 4 m3s-1 within the next 10 years. In May, the tail end of the 

spring migration, we estimate this probability to be 94%.  

 

North Fork Stillaguamish Spawning Habitat 

Embrey developed spawning habitat-flow relationships using the instream flow incremental 

methodology for various spawning sites in the Stillaguamish basin (70). The site closest to gauge 

12167000 (NF Stillaguamish River near Arlington, WA) is labelled ‘North Fork Stillaguamish 
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River at Wiersma Bar’ by Embrey. At this site, Chinook salmon spawning area was estimated to 

be maximized by a flow of 33 m3s-1 (Table 7 in (70)). We used linear interpolations of the data in 

(70) to determine the usable spawning habitat for historical flows and for projected future 

conditions. 

At historical median August flows of 13.0 m3s1, 19% of maximum usable spawning habitat 

would be available, but at future (end-of-century, SSP 2-4.5) conditions, only 2% would remain 

available. For September, the peak spawning month for summer Chinook salmon, historical 

conditions would make 48% of usable spawning habitat available, while future conditions would 

leave only 2.8% available, a reduction of 94%. 

 

Kenai River water velocity 

Mean channel velocity measurements were taken from USGS data for gauge 15266300 

(Kenai R at Soldotna AK). These are plotted against discharge in Fig S31. Data appear to follow 

a power law scaling of velocity with the square root of discharge. We fit a regression line 

(R2=0.95) to the data points with discharge greater than 200 m3s-1, to capture the relationship for 

higher flows. 

Based on this regression, we calculate median July water velocities of 1.6 m/s for the 

historical period and 1.72 m/s for the future period, an increase of 8%. The median July 

discharge is projected to increase from 379 m3s-1 to 429 m3s-1. During July-August 2013, when 

Chinook salmon were observed migrating in the Kenai River (80), the average water velocity is 

estimated at 1.75 m/s. We therefore do not expect future increases in water velocity to be 

particularly challenging for Chinook salmon in this river. 
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Fig. S1.  

Glacier runoff model diagram for historical simulation. The runoff is the product of melt factor 

(mf), positive degree days (PDD) and glacier area (A). For the CMIP6 projections, the monthly 

temperature time series (third figure within PDD calculation) is replaced by the bias-corrected 

temperature from each CMIP6 model, and the area is taken from the projections by Rounce et al. 

(141). 
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Fig. S2.  

Data flow diagram for the streamflow projection models presented in this study. First, the 

regression models are fit to non-glacial streamflow. Next, CMIP6 T and P are bias-corrected. 

Third, glacier runoff is projected using bias-corrected CMIP6 T and glacier area projections from 

(141). Lastly, the bias-corrected T and P are fed to the fitted regression model to calculate non-

glacial discharge, and then glacier runoff is added to calculate projected streamflow.  
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Fig. S3.  

Performance comparison against 17 other models (model names are in strip text), based on the 

NSE of the log-transformed monthly flows for all months of the year. Higher values (further to 

the right) indicate better performance. 



 

 

19 

 

  

Fig. S4.  

Performance comparison against 17 other models (model names are in strip text), based on the 

NSE of the log-transformed monthly flows for August. Higher values (further to the right) 

indicate better performance.  
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Fig. S5.  

Performance comparison against 17 other models (model names are in strip text), based on the 

KGE of inverse-transformed monthly flows for all months of the year. Higher values (further to 

the right) indicate better performance. 
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Fig. S6. 

Performance comparison against 17 other models (model names are in strip text), based on the 

KGE of inverse-transformed monthly flows for August. Higher values (further to the right) 

indicate better performance.  
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Fig. S7.  

The 10 salmon-producing regions used in this study. The river network is based on data from 

(157). 
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Fig. S8.  

Projected change in precipitation by month for each of the 399 catchments, under SSP 2-4.5 at 

the end of the century (2070-2099). The values are the weighted median of all climate models.  
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Fig. S9.  

Projected increase in air temperature by month for each of the 399 catchments, under SSP 2-4.5 

at the end of the century (2070-2099).  The values are the weighted median of all climate 

models.  
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Fig. S10.  

Streamflow sensitivity to air temperature. The x axis represents the change in streamflow 

associated with 1°C increase in average temperature. July and August streamflow in the Salish 

Sea, Fraser Basin, BC North Coast, and Columbia Basin regions is particularly sensitive to 

increasing temperatures.   
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Fig. S11.  

Comparison of GCM-forced and observed historical trends in August streamflow. The trends are 

the Thiel-Sen slope of observed streamflow (x-axis) and simulated streamflow by forcing the 

regression models with climate model (GCM) outputs. The data represent 229 catchments with at 

least 50 years of data from 1951-2024. The simulations correctly predict the direction of change 

90% of the time but underestimate the magnitude. The linear best fit line (grey) is constrained to 

pass through (0,0) and has a slope of 0.55.  
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Fig. S12.  

Comparison of observation-forced simulated and observed historical trends in August 

streamflow. The trends are the Thiel-Sen slope of observed streamflow (x-axis) and simulated 

streamflow by forcing the regression models with observed climate data. The data represent 229 

catchments with at least 50 years of data from 1951-2024. The simulations correctly predict the 

direction of change 99% of the time but underestimate the magnitude. The linear best fit line 

(grey) is constrained to pass through (0,0) and has a slope of 0.87.  
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Fig. S13.  

Comparison of observed and CMIP6 trends in precipitation over the historical period (1950-

2023), for each of four seasons: summer (JJA), autumn (SON), winter (DJF), and spring (MAM). 

(A) Observed and CMIP6 trends, as well as the difference, in % per decade. (B) scatterplots of 

CMIP6 trends vs observed trends for each season. Both positive and negative trends are 

underpredicted by the CMIP6 models, with positive (wetting) trends in the north being 

underpredicted and negative (drying) trends in the south being underpredicted in the summer, 

autumn, and winter. Strong positive trends in the upper Columbia and Fraser basins are 

underpredicted in the autumn, winter, and spring. 
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Fig. S14.  

Comparison of observed and CMIP6 trends in temperature over the historical period (1950-

2023), for each of four seasons: summer (JJA), autumn (SON), winter (DJF), and spring (MAM). 

(A) Observed and CMIP6 trends, as well as the difference, in ⁰C per decade. (B) scatterplots of 

CMIP6 trends vs observed trends for each season. Most of the strong positive (warming) trends 

are underpredicted: in the summer throughout the middle of the range, in the winter in the 

northern half of the range, and in the spring throughout most of the range. Warming trends in the 

autumn are overpredicted in most of the range. 
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Fig. S15.  

Total climatic moisture deficit over cropland for each region, for the historical normal period 

(1991-2020) and for the end-of-century under three CMIP6 scenarios. Note differences in y-axes. 

The Transboundary and North Alaska regions had no land classified as cropland. 
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Fig. S16.  

Peak water has been passed in most watersheds. The August glacier runoff, normalized by its 

20th-century mean, is shown for each of the 183 watersheds with >0.01% glacier cover. The 

projection period corresponds to SSP 2-4.5.  
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Fig. S17.  

Probability of 100-year August droughts.  (A) Cumulative probability of 100-year droughts 

occurring between 2026-2035. The baseline probability under a stationary climate would be 

~9.6%. (B) Boxplots of data in A summarized across streams in each region. (C) Annual 

probability of a 100-year August drought for the sentinel rivers.  
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Fig. S18.  

Number of months with transgressions of the presumptive standard for the end-of-century (2070-

2099) under five emissions scenarios. (A) maps of the 399 catchments, number of months 

exceeding the presumptive standard. (B) Boxplots for each region and scenario.  
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Fig. S19.  

Number of months with permanent transgressions of the planetary by 2090 under five emissions 

scenarios. (A) maps of the 399 catchments, number of months exceeding the planetary boundary. 

(B) Boxplots for each region and scenario.  
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Fig. S20.  

Historical and future transgression of the Tennant flow threshold (10% of the long-term mean 

annual discharge) for the historical (1901-2000) and future (2070-2099, SSP 2-4.5) periods. 

Transgressions are predicted to become more frequent in the five southern regions.  
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Fig. S21.  

Projected increase in water temperature at 47 stream gauges that also had long water temperature 

records. (A) Map of temperature rise at 47 gauges. (B) Boxplots of temperature rise by region. 
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Fig. S22.  

Comparison of projected water temperature rise by the end of the century to two published 

studies. (A) Comparison to (85) for ten stream gauges in British Columbia. (B) Comparison to 

(127) for 28 stream gauges in the western United States.  
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Fig. S23.  

Comparison of projected streamflow changes by the end of the century to VIC-GL simulations 

for the Fraser Basin by Schnorbus (29, 156). 
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Fig. S24.  

Comparison of projected streamflow changes by the end of the century to VIC simulations for 

the Columbia Basin and coastal Washington and Oregon by Hamlet et al. (28). 
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Fig. S25.  

Comparison of projected streamflow changes by the end of the century to SUMMA simulations 

for the Columbia Basin and coastal Washington and Oregon by Mizukami (63). 
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Fig. S26.  

Comparison of projected streamflow changes by the end of the century to VIC-GL simulations 

for California by the California Water Commission (64). 
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Fig. S27.  

Robustness of 500-year drought predictions to calculating return levels for each model 

independently. The return levels were calculated separately for each model with at least ten 

ensemble members for the historical period (y-axis). This approach results in slightly higher 

probabilities than the approach presented in the main text. 
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Fig. S28.  

Robustness of 500-year drought predictions to using a 10-year block minima approach. The 2nd 

percentile of the decadal minimum mean August streamflow for 6180 decades of historical 

simulations is used to calculate the 500-year return level, and the probability is calculated as the 

number of ensembles members with at least one year below this return level for the from 2026-

2035. The block minima approach results in slightly lower probabilities than the approach 

presented in the main text. 
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Fig. S29.  

Historical and future monthly hydrographs, along with change ratio. Hydrographs are coloured  

pink when Chinook salmon are migrating.  
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Fig. S30.  

Projected change in median flows during salmon migration, by latitude. The color indicates 

the percentage change from historical (1901-2000) conditions for the end of the century (2070—

2099) under SSP 2-4.5. Lines are coloured when Chinook salmon are migrating in the vicinity of 

the stream gauge. 
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Fig. S31.  

Kenai River velocity-discharge relationship. The mean channel velocity is plotted against the 

square root of discharge.  
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Table S1.  

Models for Performance Comparison. Listed are 17 models against which we benchmarked our 

regression models. Under Model Location, CONUS is the Contiguous United States. The 

Number of Shared Catchments is the count of catchments modelled in the comparison model that 

we also modelled in this study; the performance comparison is only on these catchments. The 

Evaluation Data Partition indicates whether the published simulation data, which we use for the 

performance comparison, are from years excluded in model training (temporal holdout), gauges 

excluded in model training (spatial holdout), gauges and years included in model 

training/calibration, or a mix. 

Model  Source Model Location # Shared 

Catchments 

Evaluation Data 

Partition 

LSTM (Kratzert et 

al, 2024) 

(62) CONUS 70 Temporal holdout 

mHm (Mizukami et 

al, 2019) 

(155, 

158) 

CONUS 62 Temporal holdout 

SAC-SMA 

(Newman et al., 

2017) 

(158, 

159) 

CONUS 86 Temporal holdout 

FUSE (Addor) (158) CONUS 74 Temporal holdout 

HBV (Seibert et al., 

2018) 

(158, 

160) 

CONUS 86 Temporal holdout 

VIC (Newman et 

al., 2017) 

(158, 

159) 

CONUS 86 Temporal holdout 

FUSE (Thébault, 

2026a) 

(117) Canada and USA 

(excluding Alaska) 

182 Temporal holdout 

FUSE (Thébault, 

2026b) 

(118) CONUS 60 Temporal holdout 

δHBV (Song et al., 

2025) 

(161) CONUS 125 Mixed 

LSTM (Nearing et 

al., 2024) 

(61) Global 119 Spatial Holdout 

GloFAS (Nearing et 

al., 2024) 

(61) Global 119 Mixed 

National Water 

Model (Cosgrove et 

al., 2024) 

(60) CONUS 149 Temporal holdout 

National 

Hydrologic Model 

(Regan et al., 2019) 

(162) CONUS 149 Calibration (in-sample) 

Grid-LSTM (Yang 

et al., 2025) 

(163) Global 147 Spatial holdout 

VIC-GL 

(Schnorbus, 2018) 

(29, 

156) 

Peace, Fraser, and 

Columbia basins 

44 Calibration (in-sample) 
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VIC (Hamlet et al., 

2013) 

(28) Columbia Basin 

and coastal 

Washington and 

Oregon 

34 Calibration (in-sample) 

+ bias correction of 

streamflow 

SUMMA 

(Mizukami et al., 

2026) 

(63) Columbia Basin 

and coastal 

Washington and 

Oregon 

52 Mixed 
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Table S2.  

Alaska basin screening. The 33 gauged basins in this table were not evaluation by  (130). We 

screened these basins to determine whether they were reference quality (Ref), ie. free from 

regulation, mining, urban land use, and agricultural land use. Annual data reports can be 

accessed from the USGS at https://rconnect.usgs.gov/water-year-summary/.  

Gauge 

ID 

CLASS Annual 

data 

report 

referenced 

Screening Comments 

15008000 Ref 2013 “Records are fair” 

15024800 Ref 2013 Stikine River is free-flowing  

15040000 Non-ref 
 

Dams on Dororthy Lake and Bart Lake:  

15052500 Ref 2013 Located within Tongass National Forest Special Interest Area 

15052800 Ref 2012 “Records are poor” 

15100000 Ref 2013 “Records are fair” 

15129000 Ref 2012 “Records are poor” 

15219000 Ref 
 

Located within a "Chugach National Forest Research Natural 

Area" 

15225997 Non-ref 
 

Solomon Lake Dam 

15238648 Non-ref 2013 “Water is diverted, 300 ft. upstream from gage, into Bradley 

River drainage since July 29, 1990” 

15238990 Non-ref 2013 “Flow diverted from Upper Nuka River into Upper Bradley 

River drainage since July 29, 1990.” 

15239001 Non-ref 
 

Bradley Lake Dam 

15239070 Non-ref 2013 “Intermittent regulation during construction at the Bradley 

River dam site began in November 1986. Flow has been 

regulated since the reservoir began filling April 26, 1991” 

15243900 Ref 2009 Upstream of water diversions into Kenai Lake; “EXTREMES 

OUTSIDE PERIOD OF RECORD.--Glacier-dammed lake 

outburst flood about August 31, 1967, 55,000 ft³/s from rating 

curve extended above  

27,000 ft³/s, gage-height 42.60 ft from floodmarks, site and 

datum then in use.” 

15274600 Non-ref 
 

Urban watershed 

15281000 Ref 2013 “Maximum discharge, 355,000 ft³/s, July 26, 1961, gage-height 

24.30 ft., site then in use, caused by release of stored water 

(Lake George) behind Knik Glacier” 

15292400 Ref 2013 Golden Zone Mine is quite far upstream and seems unlikely to 

substantially affect streamflow 

15295700 Non-ref 
 

Terror Lake Dam 

15300500 Ref 
 

No dams or mines 

15304000 Ref 2013 "It is the longest free flowing river in the United States." - 

Wikipedia 

https://rconnect.usgs.gov/water-year-summary/
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15320100 Ref 2013 “Records Poor; Prior to June 19, 1997, recording gage was at a 

site 700 

ft downstream at a different datum” 

15348000 Ref 2013 “Records fair;  Prior to October 16, 1912 at site 6.8 mi 

downstream at different datum” 

15453500 Ref 2013 Minimal flow regulation on the Yukon River 

15485500 Non-ref 2013 Part of river flows through Salchaket Slough and is ungauged 

15493700 Non-ref 2011 3.1 mi downstream from Moose Creek Dam 

15514000 Non-ref 2013 “Regulation during high-flow periods began July 9, 1981 at 

Moose Creek Dam 31.8 mi upstream” 

15515500 Non-ref 2013 “Records are fair”; two mines in basin and Chena River is 

regulated 

15564900 Ref 
 

No dams or mines 

15565447 Ref 2013 Minimal flow regulation on the Yukon River 

15744500 Ref 2012 “Records are fair” 

15798700 Ref 
 

Small (2.9 sq miles) basin near Utqiagvik 

15875000 Ref 2013 “Records fair” 

15896000 Ref 2013 “Records fair” 
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Table S3.  

CMIP6 Models used. ECS is equilibrium climate sensitivity (the average global temperature 

change for a doubling of atmospheric carbon dioxide). TCR the transient climate response (the 

average global temperature change per teratonne of carbon emitted). The weights are derived 

using the method proposed by (113) to match the assessed distribution of ECS (112). 

 

Model  # variants 

(historical 

and 

future) 

# variants 

(only 

historical) 

ECS 

(⁰C) 

TCR 

(⁰C 

TtC-

1) 

Weight Model 

Reference 

ECS & TCR 

Reference 

ACCESS-

CM2 

10 0 4.66 1.96 0.006 (164) (111) 

ACCESS-

ESM1-5 

40 0 3.88 1.97 0.055 (165) (111) 

AWI-CM-1-

1-MR 

1 4 3.16 2.03 0.035 (166) (111) 

AWI-ESM-1-

REcoM 

1 0 3.6 NA 0.029 (167) (168) 

BCC-CSM2-

MR 

1 2 3.02 1.55 0.035 (169) (111)  

CAMS-

CSM1-0 

2 1 2.29 1.73 0.031 (170) (111) 

CAS-ESM2-0 2 0 3.4 NA 0.055 (171)  (171) 

CESM2 3 8 5.15 2 0.007 (172) (111) 

CESM2-

WACCM 

1 2 4.68 1.91 0.005 (172) (111) 

CIESM 1 2 5.63 2.25 0.004 (173) (111) 

CMCC-CM2-

SR5 

1 10 3.56 2.14 0.032 (174)  (111) 

CMCC-

ESM2 

1 0 3.58 1.92 0.034 (175)  (111) 

CNRM-CM6-

1 

6 23 4.9 2.22 0.004 (176) (111) 

CNRM-CM6-

1-HR 

1 0 4.34 2.46 0.012 (176) (111) 

CNRM-

ESM2-1 

5 10 4.79 1.83 0.005 (177) (111) 

CanESM5 50 15 5.64 2.71 0.004 (178) (111) 

CanESM5-1 2 0 5.64 2.71 0.003 (179) Assumed 

equal to 

CanESM5 

CanESM5-

CanOE 

3 0 5.64 2.71 0.004 (180) (111) 

EC-Earth3 57 17 4.26 2.3 0.029 (181) (111) 
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EC-Earth3-

Veg 

7 0 4.33 2.66 0.011 (181) (111) 

EC-Earth3-

Veg-LR 

3 0 4.33 2.66 0.014 (181) Assumed 

equal to EC-

Earth3-Veg 

FGOALS-f3-

L 

1 2 3 1.94 0.033 (182)  (111) 

FGOALS-g3 4 2 2.87 1.5 0.05 (183) (111) 

FIO-ESM-2-0 3 0 4.27 2.22 0.013 (184) (185) 

GFDL-ESM4 1 2 2.65 1.63 0.026 (186) (111) 

GISS-E2-1-G 14 31 2.64 1.8 0.027 (187) (111) 

GISS-E2-1-H 10 15 3.12 1.87 0.028 (187) (111) 

GISS-E2-2-G 5 0 2.43 1.71 0.032 (188) (111) 

HadGEM3-

GC31-LL 

1 54 5.55 2.49 0.004 (189) (111) 

IITM-ESM 1 0 2.37 1.66 0.034 (190) (111) 

INM-CM4-8 1 0 1.83 1.3 0.003 (191) (111) 

INM-CM5-0 1 9 1.92 1.41 0.004 (192) (111) 

IPSL-CM6A-

LR 

6 27 4.7 2.35 0.006 (193) (111) 

KACE-1-0-G 3 0 4.75 2.04 0.005 (194) (111) 

KIOST-ESM 1 0 3.36 NA 0.038 (195) (111) 

MCM-UA-1-

0 

1 1 3.76 1.9 0.035 (196) (111) 

MIROC-

ES2H 

1 0 2.6 NA 0.024 (197) (111) 

MIROC-

ES2L 

10 21 2.66 1.49 0.023 (197) (111) 

MIROC6 50 0 2.6 1.55 0.024 (198) (111) 

MPI-ESM1-

2-HR 

2 8 2.98 1.64 0.044 (199) (111) 

MPI-ESM1-

2-LR 

50 1 3.02 1.82 0.032 (199) (111) 

MRI-ESM2-0 5 1 3.13 1.67 0.032 (200) (111) 

NESM3 2 3 4.72 2.72 0.005 (201) (111) 

NorESM2-

LM 

1 2 2.56 1.49 0.022 (202) (111) 

NorESM2-

MM 

1 1 2.49 1.22 0.022 (202) (111) 

TaiESM1 1 1 4.36 2.27 0.009 (203) (111) 

UKESM1-0-

LL 

5 14 5.36 2.77 0.007 (204) (111) 
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Table S4.  

Water license curtailments by ministerial order, 2016-2025. Orders can be viewed at 

https://www.bclaws.gov.bc.ca/civix/content/mo/?xsl=/templates/browse.xsl  

Year Ministerial 

Order # 

Watershed Critical flow 

threshold 

(L/s) 

Species 

2025 287/2025 Besette 

Creek 

1000 Chinook 

salmon 

2025 286/2025 Salmon 

River 

1270 Chinook 

salmon 

2023 241/2023 Tsolum 

River 

215 Steelhead trout 

2023 238/2023 Salmon 

River 

1270 Chinook 

salmon 

2023 249/2023 Koksilah 

River 

180 Steelhead trout 

2023 239/2023 Bessette 

River 

1000 Chinook 

salmon 

2021 335/2021 West Kettle 

River 

670 Rainbow trout 

2021 327/2021 Bessette 

River 

826 Chinook 

salmon 

2021 328/2021 Salmon 

River 

1270 Chinook 

salmon 

2021 324/2021 Koksilah 

River 

180 Coho salmon, 

steelhead and 

resident trout 

2019 280/2019 Koksilah 

River 

180 Steelhead and 

resident trout 

 

  

https://www.bclaws.gov.bc.ca/civix/content/mo/?xsl=/templates/browse.xsl
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Interactive map S1. (separate file) 

https://sruzzante.shinyapps.io/streamflow_projections/  

Interactive visualization of projections for all streams, as well as links to summary documents 

and data for each stream. 

 

https://sruzzante.shinyapps.io/streamflow_projections/

