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ABSTRACT 

Increasing water temperatures have been linked to higher fish mortality in lakes and rivers. As 

anthropogenic climate change raises air temperatures, riverine and lakeshore heatwave events are 

expected to increase in intensity and frequency. A gap exists in year-round heatwave projections for a 

connected river-lake system. Using the FutureStreams dataset, we projected heatwave intensity, 

frequency, duration, and onset rates to 2100 in the Great Lakes region using four Representative 

Concentration Pathways (RCP) derived from three General Circulation Models (GCM). We examined 

seasonal differences in heatwave parameter projections, dissolved oxygen predictions, and temperature 

tolerances and preferences for several Great Lakes region fish species to determine the extent to which 

each RCP will affect fisheries. Heatwave occurrences year-round, as well as extreme severity events are 

expected to grow. Heatwave predictions can help prepare climate mitigation and adaptation solutions of 

Great Lakes fisheries. Greatest increases in heatwave intensities are observed during summer. Species 

with lower temperature tolerances are most at risk, especially as the heatwave max temperature and 

duration increases raise oxythermal stress. Under the GCM ensemble mean high emissions scenario (RCP 

8.5), model simulations project summer riverine and lakeshore heatwaves to increase by as much as over 

30 days per decade. Annual mean river temperature anomaly is expected to be an additional 6 degrees at 

the end of the century. The worst-case scenario also limits oxygen saturation to 8 mg L-1 in summer and 

10 mg L-1 in fall. The best-case scenario limits annual mean river temperature anomaly to under 2 

degrees. Further research should evaluate the efficacy of emissions reductions and river habitat restoration 

to understand mechanisms to limit heatwave risk and subsequent ecological mortality. 
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CHAPTER 1  INTRODUCTION 

Rivers serve as a vital source of freshwater, aquatic habitat, and recreational areas. Over the past few 

decades, certain fish populations have decreased due to land use, floods, drought, disease, overfishing, 

and climate change (Brown et al., 1994). The alteration of flow regimes also affects the suitability of river 

habitat to aquatic life leading to population decline (Anderson et al., 2006). In ectotherms, like fish, the 

ambient temperature of the water controls biochemical processes. Temperature affects feeding and 

digestion (Volkoff & Rønnestad, 2020), as well as reproduction (Pankhurst & Munday, 2011). 

Anthropogenic climate change will continue to increase global temperatures (IPCC, 2023), with air 

temperature and solar radiation being the primary drivers of river temperature (Arora et al., 2016) (Boyd, 

2020).  

Global river water temperature warming has been linked to climate change and anthropogenic heat 

emission from power station effluent. From 1981 to 2010, water temperatures in rivers between -30°S to 

30°N have increased at a maximum of 0.05°C per year and high to mid latitudes at 0.002 to 0.01 °C per 

year (Liu et al., 2020). In the eastern United States, the 30-yr mean river temperature increased by 0.4°C  

to 2°C in rivers affected by human heat pollution (Liu et al., 2020). Other global analyses have found an 

increase of 0.062°C per year for the annual daily maxima in the Northern Hemisphere for river 

temperature (Wanders et al., 2019). Previous literature has found droughts and air temperature heatwaves 

to be correlated with degraded river quality including increases in temperature and salinity and decreases 

in dissolved oxygen. Higher latitudes have a median correlation of air to river temperature of 0.9 from 

1980 to 2021, resulting in larger increases in river water temperature during compound drought-heatwave 

events (Graham et al., 2024).  

Heatwave events are significant for aquatic life as they can cause potentially stressful changes in water 

temperature in a short period of time. Rapid changes in temperature, especially increases, reduce 

acclimation time and can result in higher mortality rates in aquatic species (Bevelhimer & Bennett, 2000). 

Some species such as lake sturgeon have greater thermal plasticity and could be an indicator for what 

species will thrive in warmer waters (Dichiera et al., 2024). Heatwaves can also impact drinking water by 

increasing pathogenic bacteria and harmful algae blooms (Xiao et al., 2023). In Lake Ontario, warming 

water temperatures and heatwaves have been associated with statistical extremes in chlorophyll a 

concentrations, which can degrade water quality like dissolved oxygen concentration (Blagrave et al., 

2022). In addition, temperature is the primary driver of dissolved oxygen content in rivers and increasing 

temperatures reduces gas solubility (Zhi et al., 2023). However, in lakes, oxythermal squeeze can occur 

when the hypolimnion is oxygen depleted and the epilimnion temperature results in high temperature 

stress. This pushes aquatic animals into narrow ranges which might not be ideal for eating or cover from 

predation (Barrett et al., 2024). 
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One possible consequence of changing water temperatures is an increase in fishkill events. Fishkills 

can have several different causes including rapid changes in water temperature, pathogens, pH changes, 

low oxygen, and storm events (La & Cooke, 2011), however these parameters are often interrelated. For 

example, increasing river temperature can decrease dissolved oxygen or storm-induced lake mixing can 

reduce epilimnion dissolved oxygen. In the Great Lakes region, increasing air temperature has strong 

relationships with the three primary drivers of lentic fish mortality events: infectious disease, summerkills, 

and winterkills. Both warm- and cold-water fishes experienced mortality at similar temperature deviations 

(Tye et al., 2022), broadening the affected species range. Fish are poikilothermsðtheir body temperature 

is regulated by the ambient temperatureðand behaviorally thermoregulate by seeking out preferred 

temperatures (Hertz et al., 1993). The ability to use a thermal refuge can reduce metabolic costs associated 

with high temperature stress environments (Westhoff et al., 2016). Aquatic organisms must balance 

optimizing thermoregulation, dissolved oxygen, and obtaining food. During summer, if the river and 

adjacent lakeshore experience simultaneous heatwaves, fish can escape to deeper parts of the lake. 

However, the hypolimnion during summer stratification is often oxygen depleted and lower in food 

sources depending on the species. Spawning often occurs in rivers or shallow areas of the lakeshore or 

near islands, limiting the ability for adults to seek refuge and increasing temperature stress in the early life 

stages. Spawning time varies with species but often occurs late summer to fall where temperatures are 

typically the highest. The spatial and temporal extent of heatwaves occurring simultaneously in river and 

lakeshore environments has the chance to threaten vulnerable species. 

Previous studies have looked at historic heatwave events at single river gauges (Tassone et al., 2023) 

and within lakes (Woolway et al., 2021). Tassone et al. (2023) found from 1996 to 2021 a doubling in the 

mean number of heatwave days amongst 70 USGS gage sites across concentrated areas of the continental 

United States (CONUS) and Alaska. The majority of sites studied had non-statistically significant trends 

determined by Mann-Kendall tests. A study of heatwaves in the Great Lakes revealed a two-fold increase 

in the mean spatial extent of lake heatwaves since 1995 (Woolway et al., 2021), which suggests the 

potential for substantial impact on fisheries. While these studies have informed observed heatwave 

conditions in disparate locations, they have not taken a holistic view of watershed scale impacts due to 

heatwave occurrence and projection. For example, the longitudinal extent to which a river is under 

heatwave could be indicative of the distance an aquatic animal would need to travel to escape thermal 

stress. Similarly, heatwave connectivity between riverine and lacustrine environments could impact the 

ability for fish to find refuge by transferring between lake and river regions.  

This study aims to see how climate projections will impact riverine heatwaves and how heatwaves 

progress along a reach and throughout an entire region including downstream nearshore lake regions. This 

research is guided by 3 key questions:  
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(i) How does the frequency and intensity of projected heatwaves change with time, RCP and GCM? 

(ii)  What factors such as latitude are correlated with higher heatwave intensities? 

(iii)  To what extent will a subset of fish species in the Great Lakes region be affected? 

In order to expand our understanding of the effects of climate change on river temperature regimes, we 

examined how the occurrence of riverine and lacustrine heatwaves will change under four RCP scenarios 

including low emissions (RCP 2.6), low-medium emissions (RCP 4.5), medium emissions (RCP 6.0), and 

high emissions (RCP 8.5) scenarios. To carry out this work, we used water temperature projections from 

FutureStreams, a global dataset of projected stream flow and stream temperature (Bosmans et al., 2022). 

The purpose of this study was to compare the output of the General Circulation Models (GCMs) used in 

FutureStreams to determine how a subset of possible scenarios that ranged from wet to dry and warm to 

cold affected heatwave occurrence and intensity in the Great Lakes region. In addition, four 

Representative Concentration Pathways (RCP) were considered to see how increasing carbon emissions 

would be expected to impact heatwave occurrence and intensity. FutureStreams allows for a wide spatial 

extent compared to United States Geological Survey (USGS) stream gages, as the gages in the Great 

Lakes region are limited to rivers below 45°N, and enables the investigation of future heatwave 

occurrence. 
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CHAPTER 2  METHODS 

2.1 Datasets 

The primary dataset used in this study is FutureStreams (Bosmans et al., 2022), a dataset of projected 

streamflow and water temperature on a global scale at a 0.5 arcminute resolution. FutureStreams inputs 

include PCR-GLOBWB, a global hydrologic model that simulates water exchange with the atmosphere, 

soil, and groundwater reservoir (Sutanudjaja et al., 2018). Dynamical Water (DynWat) is a 1-D water 

energy routing model that solves energy and water balance (Wanders et al., 2019). Meteorological input is 

derived from GCM output from the Inter-Sectoral Impact Model Intercomparison Project (ISI-MIP) 

ensemble which originates from five CMIP5 GCMs for four RCPs. This is downscaled to the PCR-

GLOBWB resolution of 0.5° and bias-corrected against the Watch Forcing Dataset (WFD) (Warszawski 

et al., 2014). For this study, we used the GFDL, IPSL, and HadGEM GCMs as examples of a low, 

moderate and high air temperature changes, respectively, based on trends for mean air temperature 

anomaly in the Great Lakes region (Fig. 2.1a). The mean annual water temperature anomaly for the region 

follows the same GCM and RCP trends as air temperature (Fig. 2.1b). FutureStreams provides averaged 

weekly water temperature data from 1976 ï 2099 for each GCM and RCP. Historical simulations run 

from 1976 to 2005 and projected simulations from 2006 to 2099. Earth2Observe (E2O) reanalysis water 

temperature data is provided from 1979 to 2005 and used for historical observation correlation testing. 

 

Figure 2.1 (a) 30-year rolling mean of average annual air temperature anomaly and (b) 30-year 

rolling mean of average annual river water temperature anomaly for each GCM and RCP. 

To evaluate the accuracy of FutureStreams in the Great Lakes region, we used available water 

temperature observations from USGS stream gages and lake surface water temperature from the National 

Oceanic and Atmospheric Administration (NOAA) Great Lakes Surface Environmental Analysis 

(GLSEA). We selected 27 USGS gages (Fig. 2.2), located all below 45°N and less than 0.04° (approx. 

3km) away from the nearest FutureStreams point, that have at least five years of continuous data prior to 

a 

b 
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2005. Mean correlation between USGS stream gage mean water temperature and FutureStreams water 

temperature had a R2 range of 0.75-0.95 (Fig. 2.3a). The GLSEA provides daily satellite-derived lake 

surface temperatures at a 1.3 km resolution from the NOAA Advanced Very High Resolution Radar 

(AVHRR) from 1995 to present (Schwab et al., 1999). Spatial and temporal gaps that result from cloud or 

other atmospheric artifacts are filled using interpolation in space and time in order to provide a seamless, 

serially-complete surface water temperature product. While this means that GLSEA temperatures are not 

always direct measurements, when compared to in-situ buoy measurements of surface temperature they 

have an RMSE < 0.5 oC and are therefore considered a reliable dataset from which to assess 

FutureStreams. Annual mean correlation between GLSEA and the nearest FutureStreams point had a R2 

range of 0.7-0.95. The northern shore of Lake Superior had the lowest correlation values (Fig. 2.3b). Data 

sources are listed in Table 2.1. Seasonal correlations and seasonal water and air temperature anomalies are 

presented in Appendix A.  

 

Figure 2.2 Data source locations of FutureStreams river and lakeshore points, as well as USGS 

gages that overlap with historical simulations. Includes locations of each of the Great Lakes.  
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Figure 2.3 Correlations between (a) mean FutureStreams river and mean average USGS gage 

temperature and (b) mean FutureStreams lakeshore and mean GLSEA lakeshore temperature.  

Table 2.1 Data Sources Summary 

Dataset 
Grid 

Resolution 

Temporal 

Range 
Reference Project Role 

FutureStreams 5 arcminute 
1976-

2100 

Bosmans et al., 

2022 

Provides weekly water 

temperature data 

Great Lakes Surface 

Environmental 

Analysis (GLSEA) 

1.3 km 
1995-

Present 

Schwab et al., 

1999 

Provides daily lake surface 

temperature data 

USGS Stream Gages NA 
1976-

Present 

U.S. Geological 

Survey, 2016 

Provides daily in-stream 

water temperature data 

ISI-MIP 0.5° by 0.5° 
1976-

2100 

(Warszawski et 

al., 2014) 

Provides daily averaged air 

temperature data 
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2.2 Dataset Processing & Heatwave Calculations 

To identify river points, OpenStreetMap was used to identify river latitude and longitude coordinates 

every 10 km along a reach within 40°N to 50°N and -93°W to -74°W (OpenStreetMap, n.d.). The 

historical Earth2Observe reanalysis discharge data was used to determine points with a maximum weekly 

discharge value of greater than 10 m3s-1. To determine the lakeshore coordinates, we used the GLSEA to 

identify a 15 km wide shoreline for each of the lakes. The nearest coordinate for each of the GLSEA 

points was found for FutureStreams. This allowed for correlation testing. 4810 river points and 2743 

lakeshore points from FutureStreams were used in this analysis. Approximately 500 named rivers were 

represented in this study. 

To obtain daily water temperature data from FutureStreams, we linearly interpolated between weekly 

points and applied a 7-day rolling mean. We applied the heatwaveR package (Schlegel & Smit, 2018) to 

determine the baseline climatology and 90th percentile threshold for each day of the year from 1976 to 

2019. This period was used to provide a longer time input for climatology compared to ending in 2005. 

The difference between using a climatology period of 1976 to 2005 or 1976 to 2019 did not make a 

significant impact on results, therefore choosing to start predicting future heatwaves at the beginning of a 

decadal dataset (i.e., 2020) was used. The resultant 90th percentile threshold is then compared to daily 

water temperatures for the entire time series to quantify heatwave intensity and duration. Specifically, we 

define heatwave occurrence as when the daily temperature exceeds the threshold for the day of year for at 

least 5 days. As outlined in Schlegel & Smit (2018), a two-day maximum gap of the 90th percentile 

threshold exceeding the daily temperature is allowed before the ongoing heatwave ends. For each 

heatwave, the maximum intensity is defined as the maximum degrees Celsius above the seasonal 

climatology for the duration of the event. Maximum temperature is the daily temperature value of the 

peak day. Rate onset is the increase in degrees Celsius per day from the heatwave start day to the peak 

day. An example of an annual water temperature time series with a heatwave is shown in Fig. 2.4. The 

baseline climatology and thresholds were applied to projected simulations from 2020 to 2099. Heatwave 

duration, maximum intensity, maximum temperature, rate onset, and severity categorization were 

recorded.  

Severity is classified in four categories: Moderate (I), Strong (II), Severe (III), and Extreme (IV). A 

moderate heatwave occurs when the maximum intensity is less than double the difference from the 

seasonal climatology to the 90th percentile threshold. A strong heatwave is considered as more than 

double the difference, but less than triple. A severe heatwave is less than quadruple the difference, but 

more than triple. An extreme heatwave is more than quadruple the difference. Harmful ecological effects 

can happen at each severity level (Hobday et al., 2018). Moderate events are most likely to affect species 

living at the upper limit of their thermal range. Stronger severities can cause shifts in community 

composition, population and behavioral dynamics, and fatalities. Local extinction is most likely to occur 
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during extreme events (Hobday et al., 2018). Recent studies have classified ecologically impactful events 

as those at the strong severity level (II) or above, with increasing mortality at higher severities. 

 

Figure 2.4 Example of a river water temperature time series with a heatwave. 

To investigate long-term trends in heatwaves, we applied the Theil-Senôs slope method as it is a non-

parametric method less sensitive to outliers than an ordinary least squares model, for example (Sen, 

1968). These trends were calculated from 2020 to 2099 for heatwave duration, maximum intensity, rate 

onset, and max temperature for each lake and river point location with ten data points or greater. Trends 

were analyzed for seasonal (3-month) and annual time scales. To aid in analysis, the values for max 

intensity and max temperature were normalized by dividing by the seasonal climatology value of the peak 

day. This allowed for more accurate seasonal analyses, as max temperatures and intensities can vary 

greatly within one season. To quantify the strength of the trends, we performed a Mann-Kendall test 

(Mann 1945; Kendall 1975) on the Theil-Senôs slopes at locations with more than 10 data points for each 

season. Locations with an absolute value of Mann-Kendall tau greater than 0.1 were retained for analysis. 

The three GCMs used were aggregated by taking the mean of each GCM heatwave parameter and tau 

value for each point (Ahmed et al., 2019). 

We evaluated correlations between heatwave parameters and latitude to determine the seasonal 

differences in heatwave intensity at increasing latitudes. For heatwave maximum intensity and duration, a 

Heatwave 

Simulated Temp > Threshold 

Max Intensity 
ὍὲὸὩὲίὭὸώὝὩάὴ ὅὰὭάὥὸέὰέὫώ  
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30-year rolling mean was applied from 1976 to 2099 annually and for each season. Time-series were 

calculated for each GCM independently and for the mean across GCMs.  

2.3 Fish Stress Analysis 

To gather a basic understanding of the effect of projected heatwaves and water temperatures on river 

and lake ecology, we analyzed the occurrence of temperatures exceeding known fish species upper 

temperature limits. We recorded the timing of when seasonal mean temperatures pass these thresholds as 

certain life stages occur during specific seasons. Fish species selected are (a) lake whitefish due to their 

high commercial yield, (b) brook trout due to popularity in sport fishing for the ñcoasterò brook trout near 

Lake Superior and its classification as a cold-water species, and (c) Chinook salmon for preferring cool 

water and its significance for stream fishing. Table 2.3 summarizes the temperature thresholds for 

spawning and adult populations. The temperatures used are the upper limits to which either limited 

growth or mortality is seen when the threshold is crossed. Along with temperature, oxygen is extremely 

important for the survival of fish. The combined effects of high temperature and low oxygen is called 

oxythermal stress (Magee et al., 2018). We applied an empirical approach that calculates oxygen 

saturation (mg L-1) as a function of water temperature (Eq 2.1) and elevation above sea level (Eq 2.2) 

(Zison, 1978). We used an average elevation of 0.17 km for the Great Lakes region. 10-year rolling means 

were applied to water temperature time series to determine general trends for the spatial timing of 

threshold exceedance. 

 

ὰὲὕȟ ρσωȢσττρρ
Ȣ ᶻ Ȣ ᶻ Ȣ ᶻ Ȣ ᶻ

   (2.1) 

 

ὕ ὕȟ ᶻρ πȢρρτψzὩὰὩὺὯά     (2.2)  
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Table 2.2 Fish Species Temperature Thresholds 

Species Spawning Adult  References 

Lake whitefish 

(Coregonus 

clupeaformis) 

Timing: mid-Oct to Dec 

Temp: 7.8 °C 
21.5 °C 

Reed et al., 2023 

Brook trout 

(Salvelinus 

fontinalis) 

Timing: Fall 

Temp: 11.7 °C 

(Upper median effective temp 

for # of viable eggs spawned per 

female) 

21 °C 

(Thermal 

Ecological Limit) 

(Hokanson et al., 1973) 

(Chadwick et al., 2015) 

 

 

Chinook salmon 

(Oncorhynchus 

tshawytscha) 

Timing: Fall 

Temp: 14.5 °C 

(Literature Synthesis) 

21-22 °C 

(Carter, 2005) 

WDOE (2002) 
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CHAPTER 3  RESULTS 

3.1 Spatial Relationships in Projected Heatwaves 

3.1.1 Duration 

In Figures 3.1 to 3.4, heatwave duration trends are plotted for each season and RCP, aggregated 

by GCMs by averaging. Across GCMs, HadGEM had the highest trends and greatest number of 

points with a Mann-Kendall tau > absolute value of 0.1 (Fig. B.1). GFDL had the lowest number of 

points with a significant trend (Fig B.2). See Appendix B for individual figures of each GCM. Points 

colored white indicate a Mann-Kendall tau < absolute value of 0.1. The number of significant points 

increases under higher RCPs, as well as the highest trends For heatwave duration, June, July, and August 

(JJA) has the highest distribution of trends with over half of lakeshore and river points experiencing 

increases of 30 days decade-1 or more at RCP 8.5 (Fig. 3.2d). Each figure is plotted within the interquartile 

range of the data. In comparison, RCP 2.6 has an extremely small number of significant points across all 

seasons. In March, April, and May (MAM), and JJA there is a pattern of higher latitude river points with 

higher heatwave duration Senôs slopes (Fig. 3.1d, Fig. 3.3d). In SON, high latitude river points are not 

significant at RCP 6.0 and RCP 8.5. Across all seasons, Lake Ontario and Lake Superior (Fig 2.2) have 

the greatest connections with feeding river points having similar to higher duration trends. 

 

Figure 3.1 Heatwave duration trends during spring for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 
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Figure 3.2 Heatwave duration trends during summer for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, 

and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum value 

as the 75th percentile of the entire spatial dataset. 

 

Figure 3.3 Heatwave duration trends during fall for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, and d) 

RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum value as the 

75th percentile of the entire spatial dataset. 
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Figure 3.4 Heatwave duration trends during winter for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, 

and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum value 

as the 75th percentile of the entire spatial dataset. 

3.1.2 Heatwave Maximum Intensity 

The maximum intensities of rivers tend to be higher than lakes across RCPs and seasons. One 

exception is in winter for RCP 6.0 and RCP 8.5, Lake Michigan tends to have higher maximum intensity 

trends. MAM has a limited number of significant points compared to other seasons (Fig. 3.5d). JJA has 

the greatest number of points with significant trends in both RCP 6.0 and 8.5 (Fig. 3.6d). Blocking of 

trend values in Lake Michigan DJF RCP 8.5 is associated with the model configuration over lake points 

and atmospheric forcing resolution. Across all seasons for RCP 8.5, December, January, and February 

(DJF) has the highest 75th percentile of trends with over 0.15 % °C decade-1 (Fig. 3.8). For the same RCP, 

SON and JJA have an upper limit of approximately 0.05 and MAM of 0.06 % °C decade-1. At both RCP 

6.0 and 8.5, there is a similar pattern to spatial duration plots, with high latitude river points having trends 

near the 75th percentile.  
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Figure 3.5 Heatwave max intensity trends during spring for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 

 

Figure 3.6 Heatwave max intensity trends during summer for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 
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Figure 3.7 Heatwave max intensity trends during fall for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, 

and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum value 

as the 75th percentile of the entire spatial dataset. 

 

Figure 3.8 Heatwave max intensity trends during winter for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 
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3.1.3 Heatwave Maximum Temperature 

Heatwave maximum temperature is the peak temperature of the heatwave. JJA and DJF have the 

greatest spatial spread of significant trends (Fig. 3.10, Fig. 3.12), consistent with observed trends in Great 

Lakes summer and winter temperatures (Anderson et al., 2024). RCP 8.5 DJF has northern river points 

and southern Lake Michigan increasing at approximately 0.2 %°C decade-1. In all seasons, RCP 8.5 is an 

intensification of RCP 4.5 and RCP 6.0. MAM RCP 6.0 and 8.5 have occasional negative values that is 

seen typically in RCP 2.6. SON shows very low significance across RCPs for lakeshore points. Lake 

Ontario maintains a moderate level of significance across seasons for RCP 8.5. 

 

Figure 3.9 Heatwave max temperature trends during spring for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 
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Figure 3.10 Heatwave max temperature trends during summer for each RCP. a) RCP 2.6, b) RCP 4.5, c) 

RCP 6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and 

maximum value as the 75th percentile of the entire spatial dataset. 

 

Figure 3.11 Heatwave max temperature trends during fall for each RCP. a) RCP 2.6, b) RCP 4.5, c) RCP 

6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and maximum 

value as the 75th percentile of the entire spatial dataset. 
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Figure 3.12 Heatwave max temperature trends during winter for each RCP. a) RCP 2.6, b) RCP 4.5, c) 

RCP 6.0, and d) RCP 8.5. Colorbar is set with the minimum value equaling the 25th percentile and 

maximum value as the 75th percentile of the entire spatial dataset. 
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3.1.4 Heatwave Rate Onset 

Heatwave rate onset had greater instances of negative trends in RCP 8.5. This is primarily seen in 

MAM (Fig 3.13a) and JJA (Fig 3.13b). In JJA, the northeastern region of rivers has mostly negative 

trends, while in MAM the region both increases and decreases. DJF has consistent positive trends in rate 

onset with the highest areas being Lake Michigan, Lake Erie, and rivers above Lake Ontario. SON has 

low spatial coverage of significant values, barring increasing trends in the southeastern rivers. The 

significant positive trend areas of DJF align with the spatial pattern of increasing winter heatwave 

duration and maximum intensity trends for RCP 8.5. In JJA, rate onset trends are negative where the 

maximum intensity trends were near the increasing 75th percentile. 

 

Figure 3.13 Heatwave rate onset trends during each season for RCP 8.5. a) MAM, b) JJA, c) SON, d) 

DJF. Colorbar is set with the minimum value equaling the 25th percentile and maximum value as the 75th 

percentile of the entire spatial dataset. 

3.2 Temporal Trends in Heatwave Intensity 

Spatially aggregated heatwave parameters are analyzed for each RCP and season to determine 

overall trends and differences between river and lakeshore locations. Summer (JJA) heatwave duration is 

the most sensitive to projected warming levels (Fig. 3.14a, Fig. 3.14b). Lakeshore and river trends have 

the greatest difference between RCPs with the interquartile ranges of RCP 2.6 and 4.5 not overlapping 

with RCP 8.5. In general, the patterns for each season are similar for both rivers and lakes with slight 

variation in the sizes of the interquartile ranges for duration, maximum intensity, and maximum 
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temperature (Fig. 3.14). In winter (DJF), there is no interquartile range disctinction between the different 

RCPs. Summer (JJA) has distinct interquartile ranges between RCP 2.6 and 8.5 for all parameters and 

water body type. For spring (MAM), RCP 2.6 and 8.5 are significantly different for heatwave duration, 

however in fall (SON), RCP 2.6 and 8.5 are significantly different for river and lakeshore duration, 

maximum intensity and maximum temperature.  

 

 

 

Figure 3.14 Boxplots showing the spread of trends for heatwave duration, maximum intensity, and 

maximum temperature for the lakeshore and rivers. 

 

a 
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b 
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The GCM mean for heatwave duration and maximum intensity shows a sharp increase post 2060 for 

RCP 8.5 peaking at over 100 days for duration (Fig. 3.15a) and over 9 °C for maximum intensity at the 

end of the century (Fig. 3.15b). RCP 4.5 and 6.0 track each other until the last decade of the century, with 

RCP 6.0 being slightly higher. RCP 2.6 slightly increases mid-century and returns to approximately 2020 

conditions at the end of the century. The 95% confidence interval of 30-year running mean heatwave 

duration trends increases with higher RCPs, highlighting the uncertainty of the models at the end of the 

century. Broken down by GCM, heatwave durations in HadGEM and IPSL are over 100 days higher at 

the end of the century for RCP 8.5 than GFDL (Fig. C.2a). For maximum intensity, HadGEM and IPSL 

remain above GFDL but there is more spread amongst GCMs, ranging from 7 to 12 °C by 2100 (Fig. 

C.2b). Seasonal trends in maximum intensity show increases throughout the century for higher RCPs. For 

JJA, RCP 8.5 shows close to 12 °C maximum intensity values at 2100 (Fig. C.1b). DJF worst-case 

estimates for maximum intensity are approximately 5 °C (Fig. C.1d). Seasonal differences in duration 

have HadGEM and IPSL projecting steep increasing curves for RCP 8.5 for most of the year (MAM, JJA, 

and SON) (Fig. C.3). DJF has high interannual variability across the time series and lacks the inflection 

points observed in other seasons. For JJA, RCP 6.0 differentiates its path from RCP 4.5 across GCMs 

(Fig. C.3b). 

Annual median values for heatwave duration and maximum intensity are well-correlated for both 

rivers (Fig. 3.16b) and lakes (Fig. 3.16a) for RCP 8.5. The annual summer median (Fig. 3.16c) of RCP 8.5 

for duration and maximum intensity are strongly correlated with a notable inflection point at 153 days of 

duration, as determined by a residual sum of squares analysis, and suggests a fundamental shift in their 

relationship toward the end of the century. The shape of the RCP line also well matches the shape of the 

time series, indicating an increase in duration and max intensity for summer under the RCP 8.5 scenario. 

We summed the number of heatwave events for each severity category across all points and found 

that extreme events increased for both rivers (Fig. 3.17b) and the lakeshore (Fig. 3.17a) under RCP 4.5, 

6.0, and 8.5. RCP 8.5 have the highest increase in extreme events and the greatest decrease in moderate 

events, with strong and severe events only slightly increasing. This suggests a shift in the majority of 

events from being moderate to extreme after 2100. Under RCP 6.0 moderate events only decreased for 

river points and not for lakeshore points. 
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Figure 3.15 30-year rolling mean of the annual 75th percentile for (a) duration and (b) maximum intensity. 

Shaded region represents the 95% confidence interval across years of each RCP.  

 

 

Figure 3.16 Heatwave duration vs. max intensity for (a) annual lakeshore median, (b) annual river median, 

and (c) annual JJA median. 
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Figure 3.17 Number of events categorized by severity and RCP for the (a) lakeshore and (b) rivers. 

3.3 Latitudinal  Relationships 

The relationship between latitude and heatwave parameters varied depending on the variable, RCP, 

and season. The most notable relationship was between latitude and heatwave duration during summer 

(JJA) for RCP 6.0 and RCP 8.5 (Fig 3.18). RCP 6.0 shows a positive linear relationship after 44°N and 

RCP 8.5 has a positive linear relationship across the latitude range. The lack of significant trends for large 

areas resulted in a lesser ability to compare latitudes for maximum intensity, maximum temperature, and 

rate onset.  

 

Figure 3.18 Correlations between latitude and heatwave duration for (a) RCP 6.0 and (b) RCP 8.5 for 

summer (JJA). 

 

 

 

a b 

a b 
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3.4 Heatwave Implications for Fish 

To assess the occurrence of water temperatures crossing fish thermal stress thresholds, adult 

thresholds were assessed in summer (JJA) and spawning thresholds were dependent on species. Spawning 

brook trout and Chinook salmon were evaluated during fall (SON) and lake whitefish in October, 

November, and December (OND). For Lake whitefish, HadGEM RCP 8.5 exceeds the adult fish threshold 

within the first quarter of the century in northern latuitudes and by the end of the century in southern 

latitudes (Fig. 3.19a). Adult Brook trout (Fig. 3.19c) and Chinook salmon (Fig. 3.19b) have a similar 

pattern due to their thresholds being only 0.5 to 1.0 °C different. GFDL and IPSL have similar latitudinal 

relationships, with GFDL having higher occurrences of unexceeded threshold points. Fig. D.2 compares 

across HadGEM RCP scenarios. At higher RCP scenarios, timing of threshold exceedance occurs earlier. 

For Lake whitefish (Fig. 3.20a) and Chinook salmon (Fig. 3.20b), the latitudinal relationship is strong 

with rivers below 44°N crossing thresholds past 2040, compared to rivers above 44°N crossing thresholds 

before 2010. Brook trout have a large majority of points crossing the spawning threshold before 2010 with 

some points located in the southeast exceeding thresholds past 2040 (Fig. 3.20c). 

 

Figure 3.19 Adult fish temperature threshold exceedance based on 10-yr running mean of daily water 

temperatures for each season under HadGEM RCP 8.5. a) Lake whitefish, b) Chinook salmon, and c) 

Brook trout. 
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Figure 3.20 Spawning fish temperature threshold exceedance based on 10-yr running mean of daily water 

temperatures for each season under HadGEM RCP 8.5. a) Lake whitefish, b) Chinook salmon, and c) 

Brook trout. 

Oxygen saturation trends are the reverse of water temperature across GCMs and RCPs (Fig. 3.21). 

The 30-yr running mean for oxygen saturation in JJA (Fig. 3.21b) at the worst-case scenario reaches 

below 8.5 mg/L and below 10 mg/L in SON (Fig. 3.21c). RCP 2.6 shows rebounding oxygen saturation 

values at the end of the century. Past 2060 is the timing of worst-case scenarios passing temperature 

thresholds. In the oxygen saturation trends, that timing corresponds to less than 9 mg/L in JJA and less 

than 10.5 mg/L in SON. It is important to note these are running means for temperature and oxygen, so 

max values for multiple pathways could greatly exceed these thresholds either acutely or chronically.  
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Figure 3.21 30-year running mean of oxygen saturation for each GCM, season, and RCP. a) MAM, b) 

JJA, c) SON, d) DJF. 
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CHAPTER 4  DISCUSSION 

In this study, we investigated trends in heatwave duration, maximum intensity, maximum 

temperature, and rate onset. As expected, trends were highest in RCP 8.5, but in some cases diverged 

significantly from other RCPs. DJF has the largest increasing trends in temperature-based parameters and 

JJA for has the largest trends in heatwave duration. Across heatwave parameters, JJA has the highest 

spatial coverage of large trends (Mann-Kendall tau > absolute value of 0.1). JJA has the greatest 

differences between RCPs, specifically RCP 8.5 from RCP 2.6 and 4.5. RCP 4.5 and 6.0 had similar 

interquartile ranges for several parameters and seasons. Based on Fig (3.14) and Fig C.2, RCP 2.6 has 

little to no effect on river and lakeshore heatwaves, RCP 4.5 and 6.0 have statistically similar moderate 

effects, and RCP 8.5 has the greatest increasing trends for all major heatwave parameters.  

HadGEM and IPSL projected the highest changes in heatwaves. GFDL RCP 8.5 tracked similar paths 

to the low RCPs of HadGEM and IPSL. For example, duration was on the order of a hundred-day 

difference for RCP 8.5 between GFDL and HadGEM/IPSL. This highlights the large uncertainties with 

water temperature projections and GCMs. FutureStreams is also based on the Coupled Model 

Intercomparison Project Phase 5 (CMIP5) (Taylor et al., 2012), which could lead to different outcomes as 

compared to CMIP6 (OôNeill et al., 2016). In CMIP6, future climate scenarios are based on both the 

climate forcing of RCPs and socio-economic conditions from Shared Socioeconomic Pathways (SSP). 

This allows for a comparison between scenarios that include how humans respond through mitigation and 

adaptation (Van Vuuren et al., 2012). The inputs into FutureStreams are (1) historical and GCM-projected 

meteorological input and (2) a global hydrological model (PCR-GLOBWB) and water temperature 

models (DynWat). The hydrological model and water temperature model has historical inputs of water 

withdrawals from irrigation, livestock, industry, and domestic. However, expected human changes in 

withdrawals across adaptation and mitigation scenarios are not included. The Great Lakes region has 

intensive agricultural operations including dairy, livestock, and crops such as corn, soybeans, and wheat. 

The high water demand for growing these products has the possibility to create more water stress in rivers 

during growing seasons. Overall, an updated set of projected water temperatures with the addition of SSPs 

could increase the accuracy of heatwave projections.  

Expanding on uncertainty, there were no specific trends between heatwave intensity and land cover 

classification. We originally expected forested points to have lower median trends for heatwave intensity 

due to the shading effects of trees. However, in order to fully investigate this relationship, either in situ or 

remotely sensed data would be necessary for historical relationships. FutureStreams calculates local 

runoff and uses discharge and meteorological forcing (i.e., air temperature) to determine stream 

temperature. We recommend including land use into a projected stream temperature model based on 

remotely sensed or in situ relationships to determine the cooling effect of vegetation or the warming effect 



 

28 

of urbanization. In the Great Lakes region, a model for determining the effects of vegetation on stream 

temperature in a mixed land use watershed has been developed and could be applied to future stream 

temperature calculations (Qiu et al., 2020). Global meteorological forcings do not include finer scale and 

three-dimensional aspects of urban environments, however, downscaling the urban heat island effect 

could be added to improve water temperature predictions (Park et al., 2021).  

FutureStreams was effective in modeling the 15 km nearshore lake environment, with high 

correlations between the GLSEA and FutureStreams for JJA, MAM, and SON. However, limitations in 

the representation of lake physical processes, particularly for large lakes, means FutureStreams is unlikely 

to resolve accurate lake thermal states under certain conditions. A more representative approach for the 

Great Lakes themselves may be the use of the Great Lakes Atmosphere Regional Model (GLARM), 

which is three-dimensional and realistically resolves the lake surfaces for RCP 4.5 and RCP 8.5 scenarios 

(Xue et al., 2022). However, connectivity between watershed hydrology (e.g., river inputs) and the lakes 

is critical to an accurate portrayal of nearshore temperatures, which is a significant aim of the work 

presented here. Unfortunately, no product exists as of yet that couples hydrologic inputs, lake three-

dimensional physics, and atmospheric processes at sufficient resolution. 

Lakeshore and river connections vary among season, RCP, heatwave parameter, and GCM. In the 

majority of cases, river heatwave trends are higher than the nearby lakeshore. Lake Michigan in instances 

projects higher trends than surrounding river points (Fig B.3). Lake Erie and Lake Ontario tend to be very 

closely related to riverine trends, even when the other lakes are different than their own respective river 

points. Along river reaches, adjacent points generally experience similar trends across parameters. Large 

regions with rivers experiencing more intense heatwave events, as projected in this study, implies that fish 

are likely to have chronic high temperature exposures and limited ability for escape to less stressful 

environments. For example, heatwave durations in JJA are projected to have peak increases of over 5, 20, 

and 30 days per decade for the GCM mean of RCP 4.5, 6.0, and 8.5, respectively. For Chinook salmon, 

mean day to death for a juvenile in 20 °C water was under 14 days (Foott et al., 2004). A combination of 

increasing heatwave duration and max temperature could increase the likelihood of species avoidance or 

mortality. For the 30-yr running means, primarily high RCP pathways crossed the species-specific 

temperature thresholds. Annual means have more interannual variability, with the possibility of years 

experiencing chronic lethal temperatures combined with low oxygen. Under RCP 8.5, the dominant 

heatwave severity type is expected to trend toward extreme at the end of the century, potentially placing 

vulnerable species at high risk of local extinction. Some fish such as lake sturgeon have higher thermal 

plasticity (Dichiera et al., 2024) and other species such as channel catfish (Ictalurus punctatus), which are 

native to medium to large rivers and lakes in the Great Lakes, apart from Lake Superior, can withstand 

temperatures up to 38 °C for brief periods. For lake whitefish, recent efforts have been made to establish 

spawning grounds in the Jordan and Carp Rivers (Michigan) to escape the heat of the lakeshore. Projected 
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stream temperatures can be used to evaluate the long-term success of restoration efforts such as this. 

Although there is a lower spatial spread of significant points, the increasing trends in heatwave rate onset 

represent an added stressor and reduce the acclimation time. Even for warmer water species, a reduction 

in acclimation time to higher temperatures increases the likelihood of mortality (Tye et al., 2022). Despite 

uncertainty, the results presented here can be used to evaluate what species would be most likely to adapt 

or withstand future heatwave events.  

The trends for each RCP show how the level of radiative forcing controls the outcome of future 

heatwave projections. This knowledge can be used as a tool for mitigating the future extent and severity 

of heatwaves by firstly reducing carbon emissions and secondly maintaining supportive ecosystems. 

Nature-based solutions (NBS) include initiatives such as increasing riparian tree cover as shade and 

increasing vegetation in urban environments as a cooler (Shashua-Bar & Hoffman, 2000). Targeting 

pollution that exacerbates poor water quality conditions can ease the stress on aquatic plants and animals. 

For example, native plant buffers along lakeshores and riparian areas can limit excess nutrients from 

agricultural fields, lawns, and urban areas from entering the water. Excess nutrients can further lower 

dissolved oxygen concentrations, which at high temperatures will already be limited due to decreases in 

oxygen saturation. Other examples include improving in-stream habitat such as placing logs in the stream 

channel for shade and cover or restoring streambed substrate to a natural form. Aquatic connectivity 

allows fish to move along a reach to potentially lower temperature areas. Improving stream passages 

through widening culverts and removing or fxing defunct dams at least increases the mobility of fish. 

Although oxygen saturation will be limited in higher temperature scenarios, the use of drop structures to 

increase dissolved oxygen has been found to be successful in use (Wijaya et al., 2021). Even under high 

RCP scenarios, the use of stream restoration efforts could have the potential for mitigating extreme stress. 
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CHAPTER 5  CONCLUSION 

The aim of this study was to evaluate future occurrences and severities of riverine and lakeshore 

heatwaves in the Great Lakes region. Increasing trends in heatwave duration, maximum intensity, 

maximum temperature, and rate onset occur in all seasons, GCMs, and in RCP 4.5, 6.0, and 8.5. Seasonal 

differences highlight that the threat of heatwaves to aquatic organisms is year-round, not just in the 

summer season where most studies have focused, leading to cumulative stress. The greatest impacts are 

seen in the latter half of the 21st century with multiple RCP scenarios passing temperature thresholds for 

multiple species and life stages of fish.  

Data limitations restrict the ability for a robust land use type analysis; however, an investigation of 

historic heatwaves using in situ water temperature or remotely sensed data could help to determine this 

relationship. There was no clear relationship with latitude. In some circumstances higher latitudes had 

more positive trends and in other cases lower trends. This could be dependent on synoptic weather 

conditions and trends. However, in winter, high latitudes do see greater trends in heatwave max 

temperature.  

Each season has increasing trends for each heatwave metric. Winter sees the highest increasing trends 

for max intensity and max temperature. Summer has the highest increasing trends in days of duration per 

decade. The increase in rate onset is similar throughout seasons.  

The trends between river and lakeshore points are similar with especially high connections between 

Lake Ontario, northern Lake Huron, and Lake Erie with their nearby rivers. This suggests that vulnerable 

species may have difficulty escaping periods of thermal stress as refugia decrease under future climate 

projections. In most cases, river points had higher trends than lakeshore points, which can be expected 

since rivers are more susceptible to short term trends in air temperature due to their lower volume and 

thermal inertia. However, this further highlights the need to adequately resolve hydrologic connectivity in 

regard to riverine and lacustrine heatwaves. 

Overall, the heatwave analysis presented here based on projections of future water temperatures 

allows for a novel analysis of the spatial and temporal extent and severity of heatwaves in a river-lake 

watershed environment. This work can be used to inform stream restoration efforts, policy decisions to 

maintain discharge and temperature at certain levels, and species attention efforts.  

 

  



 

31 

REFERENCES 

Ahmed, K., Sachindra, D. A., Shahid, S., Demirel, M. C., & Chung, E.-S. (2019). Selection of multi-

model ensemble of general circulation models for the simulation of precipitation and maximum 

and minimum temperature based on spatial assessment metrics. Hydrology and Earth System 
Sciences, 23(11), 4803ï4824. https://doi.org/10.5194/hess-23-4803-2019 

Anderson, E. J., Tillotson, B., & Stow, C. A. (2024). Indications of a changing winter through the lens of 

lake mixing in Earthôs largest freshwater system. Environmental Research Letters, 19(12), 

124060. https://doi.org/10.1088/1748-9326/ad8ee0 

Anderson, E. P., Freeman, M. C., & Pringle, C. M. (2006). Ecological consequences of hydropower 

development in Central America: Impacts of small dams and water diversion on neotropical 

stream fish assemblages. River Research and Applications, 22(4), 397ï411. 

https://doi.org/10.1002/rra.899 

Arora, R., Tockner, K., & Venohr, M. (2016). Changing river temperatures in northern Germany: Trends 

and drivers of change. Hydrological Processes, 30(17), 3084ï3096. 

https://doi.org/10.1002/hyp.10849 

Barrett, H., Gregory, S., & Armstrong, J. (2024). Evidence of a temperatureïoxygen squeeze within 

floodplain thermal refuge habitats. Freshwater Biology, 69(8), 1118ï1130. 

https://doi.org/10.1111/fwb.14294 

Bevelhimer, M., & Bennett, W. (2000). Assessing cumulative thermal stress in fish during chronic 

intermittent exposure to high temperatures. Environmental Science & Policy, 3, 211ï216. 

https://doi.org/10.1016/S1462-9011(00)00056-3 

Blagrave, K., Moslenko, L., Khan, U. T., Benoit, N., Howell, T., & Sharma, S. (2022). Heatwaves and 

storms contribute to degraded water quality conditions in the nearshore of Lake Ontario. Journal 

of Great Lakes Research, 48(4), 903ï913. https://doi.org/10.1016/j.jglr.2022.04.008 

Bosmans, J., Wanders, N., Bierkens, M. F. P., Huijbregts, M. A. J., Schipper, A. M., & Barbarossa, V. 

(2022). FutureStreams, a global dataset of future streamflow and water temperature. Scientific 

Data, 9(1), 307. https://doi.org/10.1038/s41597-022-01410-6 

Boyd, C. E. (2020). Solar Radiation and Water Temperature. In C. E. Boyd (Ed.), Water Quality: An 

Introduction (pp. 21ï39). Springer International Publishing. https://doi.org/10.1007/978-3-030-

23335-8_2 

Brown, L. R., Moyle, P. B., & Yoshiyama, R. M. (1994). Historical Decline and Current Status of Coho 

Salmon in California. North American Journal of Fisheries Management, 14(2), 237ï261. 

https://doi.org/10.1577/1548-8675(1994)014<0237:HDACSO>2.3.CO;2 

Carter, K. (2005). The Effects of Temperature on Steelhead Trout, Coho Salmon, and Chinook Salmon 

Biology and Function by Life Stage. California Regional Water Quality Control Board. 

Dichiera, A. M., Earhart, M. L., Bugg, W. S., Brauner, C. J., & Schulte, P. M. (2024). Too Hot to Handle: 

A Meta Analytical Review of the Thermal Tolerance and Adaptive Capacity of North American 

Sturgeon. Global Change Biology, 30(11), e17564. https://doi.org/10.1111/gcb.17564 

Foott, J. S., Harmon, R., & Stone, R. (2004). Effect of water temperature on non-specific immune 

function and ceratomyxosis in juvenile Chinook salmon and steelhead from the Klamath River. 

California Fish and Game, 90(2), 71ï84. 

Graham, D. J., Bierkens, M. F. P., & Van Vliet, M. T. H. (2024). Impacts of droughts and heatwaves on 

river water quality worldwide. Journal of Hydrology, 629, 130590. 

https://doi.org/10.1016/j.jhydrol.2023.130590 



 

32 

Hertz, P. E., Huey, R. B., & Stevenson, R. D. (1993). Evaluating Temperature Regulation by Field-Active 

Ectotherms: The Fallacy of the Inappropriate Question. The American Naturalist, 142(5), 796ï

818. https://doi.org/10.1086/285573 

Hobday, A., Oliver, E., Sen Gupta, A., Benthuysen, J., Burrows, M., Donat, M., Holbrook, N., Moore, P., 

Thomsen, M., Wernberg, T., & Smale, D. (2018). Categorizing and Naming Marine Heatwaves. 

Oceanography, 31(2). https://doi.org/10.5670/oceanog.2018.205 

Hokanson, K. E. F., McCormick, J. H., Jones, B. R., & Tucker, J. H. (1973). Thermal Requirements for 

Maturation, Spawning, and Embryo Survival of the Brook Trout, Salvelinus fontinalis. Journal of 

the Fisheries Research Board of Canada, 30(7), 975ï984. https://doi.org/10.1139/f73-158 
 

IPCC, 2023: Climate Change 2023: Synthesis Report. Contribution of Working Groups I, II and III to the 

Sixth Assessment Report of the Intergovernmental Panel on Climate Change [Core Writing Team, 

H. Lee and J. Romero (eds.)]. IPCC, Geneva, Switzerland, 184 pp., doi: 10.59327/IPCC/AR6-

9789291691647. 

Kendall, M.G. 1975. Rank Correlation Methods, 4th edition, Charles Griffin, London. 

La, V. T., & Cooke, S. J. (2011). Advancing the Science and Practice of Fish Kill Investigations. Reviews 

in Fisheries Science, 19(1), 21ï33. https://doi.org/10.1080/10641262.2010.531793 

Liu, S., Xie, Z., Liu, B., Wang, Y., Gao, J., Zeng, Y., Xie, J., Xie, Z., Jia, B., Qin, P., Li, R., Wang, L., & 

Chen, S. (2020). Global river water warming due to climate change and anthropogenic heat 

emission. Global and Planetary Change, 193, 103289. 

https://doi.org/10.1016/j.gloplacha.2020.103289 

Magee, M. R., McIntyre, P. B., & Wu, C. H. (2018). Modeling oxythermal stress for cool-water fishes in 

lakes using a cumulative dosage approach. Canadian Journal of Fisheries and Aquatic Sciences, 

75(8), 1303ï1312. https://doi.org/10.1139/cjfas-2017-0260 

OôNeill, B. C., Tebaldi, C., Van Vuuren, D. P., Eyring, V., Friedlingstein, P., Hurtt, G., Knutti, R., 

Kriegler, E., Lamarque, J.-F., Lowe, J., Meehl, G. A., Moss, R., Riahi, K., & Sanderson, B. M. 

(2016). The Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6. Geoscientific 

Model Development, 9(9), 3461ï3482. https://doi.org/10.5194/gmd-9-3461-2016 
 

OpenStreetMap contributors. (n.d.). OpenStreetMap. Retrieved [2025], from 

https://www.openstreetmap.org 

Pankhurst, N. W., & Munday, P. L. (2011). Effects of climate change on fish reproduction and early life 

history stages. Marine and Freshwater Research, 62(9), 1015ï1026. 

https://doi.org/10.1071/MF10269 

Park, C. Y., Thorne, J. H., Hashimoto, S., Lee, D. K., & Takahashi, K. (2021). Differing spatial patterns 

of the urban heat exposure of elderly populations in two megacities identifies alternate adaptation 

strategies. Science of The Total Environment, 781, 146455. 

https://doi.org/10.1016/j.scitotenv.2021.146455 

Qiu, H., Hamilton, S. K., & Phanikumar, M. S. (2020). Modeling the effects of vegetation on stream 

temperature dynamics in a large, mixed land cover watershed in the Great Lakes region. Journal 

of Hydrology, 581, 124283. https://doi.org/10.1016/j.jhydrol.2019.124283 

Schlegel, R. W., & Smit, A. J. (2018). heatwaveR: A central algorithm for the detection of heatwaves and 

cold-spells. Journal of Open Source Software, 3(27), 821. https://doi.org/10.21105/joss.00821 

Schwab, D. J., Leshkevich, G. A., & Muhr, G. C. (1999). Automated Mapping of Surface Water 
Temperature in the Great Lakes. Journal of Great Lakes Research, 25(3), 468ï481. 

 

Sen, P.K., 1968. Estimates of the regression coefficient based on Kendall's tau. Journal of the American 

statistical association, 63(324), pp.1379-1389. 



 

33 

Shashua-Bar, L., & Hoffman, M. E. (2000). Vegetation as a climatic component in the design of an urban 

street. Energy and Buildings, 31(3), 221ï235. https://doi.org/10.1016/S0378-7788(99)00018-3 

Sutanudjaja, E. H., Van Beek, R., Wanders, N., Wada, Y., Bosmans, J. H. C., Drost, N., Van Der Ent, R. 

J., De Graaf, I. E. M., Hoch, J. M., De Jong, K., Karssenberg, D., López López, P., Peßenteiner, 

S., Schmitz, O., Straatsma, M. W., Vannametee, E., Wisser, D., & Bierkens, M. F. P. (2018). 

PCR-GLOBWB 2: A 5 arcmin global hydrological and water resources model. Geoscientific 
Model Development, 11(6), 2429ï2453. https://doi.org/10.5194/gmd-11-2429-2018 

Tassone, S. J., Besterman, A. F., Buelo, C. D., Ha, D. T., Walter, J. A., & Pace, M. L. (2023). Increasing 

heatwave frequency in streams and rivers of the United States. Limnology and Oceanography 
Letters, 8(2), 295ï304. https://doi.org/10.1002/lol2.10284 

Taylor, K. E., Stouffer, R. J., & Meehl, G. A. (2012). An Overview of CMIP5 and the Experiment Design. 

Bulletin of the American Meteorological Society, 93(4), 485ï498. https://doi.org/10.1175/BAMS-

D-11-00094.1 

Tye, S. P., Siepielski, A. M., Bray, A., Rypel, A. L., Phelps, N. B. D., & Fey, S. B. (2022). Climate 

warming amplifies the frequency of fish mass mortality events across north temperate lakes. 

Limnology and Oceanography Letters, 7(6), 510ï519. https://doi.org/10.1002/lol2.10274 
 

U.S. Geological Survey, 2016, National Water Information System data available on the World Wide 

Web (USGS Water Data for the Nation), accessed [September 3, 2024], at URL 

[http://waterdata.usgs.gov/nwis/]. 

Van Vuuren, D. P., Riahi, K., Moss, R., Edmonds, J., Thomson, A., Nakicenovic, N., Kram, T., Berkhout, 

F., Swart, R., Janetos, A., Rose, S. K., & Arnell, N. (2012). A proposal for a new scenario 

framework to support research and assessment in different climate research communities. Global 

Environmental Change, 22(1), 21ï35. https://doi.org/10.1016/j.gloenvcha.2011.08.002 

Volkoff, H., & Rønnestad, I. (2020). Effects of temperature on feeding and digestive processes in fish. 

Temperature, 7(4), 307ï320. https://doi.org/10.1080/23328940.2020.1765950 

Wanders, N., van Vliet, M. T. H., Wada, Y., Bierkens, M. F. P., & van Beek, L. P. H. (Rens). (2019). 

High-Resolution Global Water Temperature Modeling. Water Resources Research, 55(4), 2760ï

2778. https://doi.org/10.1029/2018WR023250 

Warszawski, L., Frieler, K., Huber, V., Piontek, F., Serdeczny, O., & Schewe, J. (2014). The Inter-

Sectoral Impact Model Intercomparison Project (ISIïMIP): Project framework. Proceedings of 

the National Academy of Sciences, 111(9), 3228ï3232. https://doi.org/10.1073/pnas.1312330110 

Westhoff, J. T., Paukert, C., Ettinger Dietzel, S., Dodd, H., & Siepker, M. (2016). Behavioural 

thermoregulation and bioenergetics of riverine smallmouth bass associated with ambient cold

period thermal refuge. Ecology of Freshwater Fish, 25(1), 72ï85. 

https://doi.org/10.1111/eff.12192 

Wijaya, J., Yudianto, D., & Fitriana, F. (2021). The Use of Drop-Structures to Increase the Dissolved 

Oxygen Level along the Cibarani Channel. Journal of the Civil Engineering Forum, 55ï66. 

https://doi.org/10.22146/jcef.3603 

Woolway, R. I., Anderson, E. J., & Albergel, C. (2021). Rapidly expanding lake heatwaves under climate 

change. Environmental Research Letters, 16(9), 094013. https://doi.org/10.1088/1748-

9326/ac1a3a 

Xiao, X., Fu, J., & Yu, X. (2023). Impacts of Extreme Weather on Microbiological Risks of Drinking 

Water in Coastal Cities: A Review. Current Pollution Reports, 9(2), 259ï271. 

https://doi.org/10.1007/s40726-023-00255-w 

 



 

34 

Xue, P., Ye, X., Pal, J. S., Chu, P. Y., Kayastha, M. B., & Huang, C. (2022). Climate projections over the 

Great Lakes Region: Using two-way coupling of a regional climate model with a 3-D lake model. 

Geoscientific Model Development, 15(11), 4425ï4446. https://doi.org/10.5194/gmd-15-4425-

2022 

Zhi, W., Ouyang, W., Shen, C., & Li, L. (2023). Temperature outweighs light and flow as the 

predominant driver of dissolved oxygen in US rivers. Nature Water, 1(3), 249ï260. 

https://doi.org/10.1038/s44221-023-00038-z 
 

 Zison, S.W., 1978. Rates, constants, and kinetics formulations in surface water quality modeling. 

Environmental Protection Agency, Office of Research and Development, Environmental 

Research Laboratory. 

 

 

  



 

35 

APPENDIX A    SEASONAL TEMPERATURE ANOMALIES AND CORRELATIONS 

 

 

 

 

 

 

 

 

 

Figure A.1 30-yr rolling mean air temperature anomaly for each season. (a) MAM, (b) JJA, (c) SON, (d) 

DJF. 
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Figure A.2 Correlations between mean FutureStreams lakeshore temperature and mean GLSEA lakeshore 

temperature. a) JJA, b) SON, c) DJF, and d) MAM.  
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Figure A.3 Correlations between median FutureStreams river temperature and median USGS river 

temperature. a) JJA, b) SON, c) DJF, and d) MAM. 
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APPENDIX B    ADDITIONAL SPATIAL HEATWAVE MAPS 

 

 

 

 

 

 

 

 

 

 
Figure B.1 Seasonal differences between HadGEM RCP 8.5 for heatwave duration. a) MAM, b) JJA, c) 

SON, d) DJF. 
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Figure B.2 Seasonal differences between GFDL RCP 8.5 for heatwave duration. a) MAM, b) JJA, c) 

SON, d) DJF. 

 

 
Figure B.3 HadGEM RCP 6.0 heatwave max intensity for winter (DJF). 
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APPENDIX C    SEASONAL HEATWAVE PROJECTIONS 

 

 

 

 

 

 

 

 

 

 

Figure C.1 Seasonal breakdown of the 30-yr rolling mean heatwave max intensity 75th percentile 

projections. a) JJA, b) SON, c) DJF, and d) MAM. 
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Figure C.2 Annual 30-year rolling mean of a) duration and b) maximum intensity for each GCM and 

RCP. 

 

 

Figure C.3 Seasonal differences in the 30-yr rolling mean of the projected heatwave duration 75th 

percentile.  a) JJA, b) SON, c) DJF, and d) MAM. 
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Figure C.4 Seasonal differences in the cumulative number of heatwave events categorized by heatwave 

severity for each RCP. a) JJA, b) SON, c) DJF, and d) MAM. 
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APPENDIX D    FISH TEMPERATURE THRESHOLDS 

 

 

 

 

 

 

 

 

 

 

 

Figure D.1 Spawning Lake whitefish temperature threshold exceedance based on 10-yr running mean of 

daily water temperatures for each season under HadGEM. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, and d) 

RCP 8.5. 
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Figure D.2 Spawning Chinook salmon fish temperature threshold exceedance based on 10-yr running 

mean of daily water temperatures for each season under HadGEM. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, 

and d) RCP 8.5. 

 

Figure D.3 Spawning Brook trout fish temperature threshold exceedance based on 10-yr running mean of 

daily water temperatures for each season under HadGEM. a) RCP 2.6, b) RCP 4.5, c) RCP 6.0, and d) 

RCP 8.5. 
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