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The freshwater resources of the Laurentian Great Lakes basin contribute significantly to the environment and economy of the region. With the impacts of climate change becoming more evident, sustainable management of the freshwater resources of the Laurentian Great Lakes basin is important. This study uses 36 simulations from 6 regional climate models to quantify trends and changes in land-area precipitation and temperature in two future periods (mid-century, 2035–2064 and end-century, 2065–2094) with reference to a baseline period (1951–2005) for two emission scenarios (RCP4.5 and RCP 8.5). Climatic forcings from these 36 simulations are used as input to a calibrated and validated hydrological model to assess changes in land snowpack and actual evapotranspiration, and runoff to lake. Ensemble results show wetter (7 to 15% increase in annual precipitation) and warmer (2.4–5.0°C increase in annual mean temperature) future conditions on GL land areas. Seasonal and monthly changes in precipitation and mean temperature are more sporadic, for instance although precipitation is projected to increase overall, in some scenarios, summer precipitation is expected to decrease. Projected increases in highest one-day precipitation and decreases in number of wet days indicate possible increases in extreme precipitation in future. Minimum temperature is expected to increase in a higher rate than maximum temperature. Ensemble results from the hydrological model show projected decrease in snowpack (29–58%). Similarly, actual evapotranspiration is projected to increase, especially during summer months (up to 0.4 mm/day). Annually, runoff is expected to increase (up to 48% in Superior, 40% in Michigan-Huron, 25% Erie and 28% in Ontario). Seasonal and monthly changes in runoff are more sporadic (e.g., projected decrease up to 17% in Erie subdomain in October). Such contrasting patterns of changes in land hydroclimatology of the GL basin will pose challenges to sustainable management of the water resources of the basin in future.
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INTRODUCTION

The Laurentian Great Lakes (GL) basin (Figure 1) is one of North America's largest water resources systems with an area of approximately 766,000 km2 (USEPA-GoC, 1995; Quinn, 2003). About one-third of the basin area (about 244,200 km2) comprises five interconnected freshwater lakes (Superior, Michigan, Huron, Erie and Ontario), and together they make the largest unfrozen freshwater lake on Earth in terms of surface area (Larson and Schaetzl, 2001). These GLs are large enough to affect the regional climate system (Notaro et al., 2013).
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FIGURE 1. The Laurentian Great Lakes with their respective drainage basin.


The fresh water resources of the GL basin contributes significantly to the environment and economy of the region (ELPC, 2019). More than 30 million people live in the GL basin which includes part of the Canadian province of Ontario and eight United States (U.S.) states; Minnesota, Wisconsin, Illinois, Indiana, Michigan, Ohio, Pennsylvania, and New York. This is about 10 and 30% of the U.S. and Canada's total population, respectively (USEPA, 2021). Many of these people rely on the freshwater resources of the GLs for drinking water, agricultural activities and industrial manufacturing, recreational activities, fisheries, among others (ELPC, 2019). About 20 tribal lands such as Algonkin, Fox, Ho-chunk, Huron, Illinois, Ioway, Iroquois, Kickapoo, Mascounten, Menominee, Miami, Neutral, Nipissing, Ojibwe, Ottawa, Petun, Potawatomi, Santee Dakota, Sauk and Shawnee are also part of the GL basin and the surrounding regions (MPM, 2022). The GLs support several key shoreline wetlands (Mortsch, 1998). Similarly, fisheries in the basin are valued at 7 billion US dollars and recreational activities are estimated to generate about 16 billion US dollars (ELPC, 2019). Hence, sustainable management of the freshwater resources of the GLs is of paramount importance to the people living in the basin (Valiante, 2008).

As a result of the fact that management of the freshwater resources of the GLs is a matter of concern for both Canada and the U.S. (Valiante, 2008), the 1909 Boundary Waters Treaty (BWT) was established with the aim of resolving any water management conflicts between the two states (Whorley, 2020). The International Joint Commission (IJC) was thus established by both governments to make decisions and provide recommendations related to the any projects affecting flows and water levels across the boundary (IJC, 2021). The IJC can issue orders of approval such as Plan 2012 for the regulation of outflow from Lake Superior into Lake Michigan-Huron, and Plan 2014 for the regulation of outflows from Lake Ontario to the St. Lawrence River (IJC, 2021). Through the IJC, coordinated and consistent approaches are being taken to manage the water resources of the GL basin. However, these approaches should also foresee various stressors (e.g., climate change) which are expected to pose a challenge to interests within the GL basin.

Overwhelming evidence suggests that the increase in greenhouse gas concentrations in the atmosphere are unequivocally caused by human activities (IPCC, 2014, 2021). This has led to (a) increase in global surface temperature, (b) increase in frequency and magnitude of extreme precipitation, (c) accelerated glacier retreat, (d) rapid sea level rise, among others. Regional changes in the GL basin could be more extreme than that observed in the global level (IPCC, 2021) and have been driver of various changes in the GL basin (Bartolai et al., 2015). It is thus of paramount importance that an assessment of the impacts of climate change is conducted in the GL basin.

We found about 50 studies that have quantified the impacts of climate change in water resources of the GL basin. The earliest climate change studies in the GL basin used global climate models (GCMs) projections for certain atmospheric CO2 sensitivity experiments such as doubling of the atmospheric CO2 compared to pre-industrial levels to quantify impacts on hydrology (Smith, 1991), net basin supply (NBS) (Cohen, 1986; Croley, 1990), lake level (Marchand et al., 1988; Smith, 1991), lake outflow (Hartmann, 1990), shoreline wetland (Mortsch, 1998) and navigation (Marchand et al., 1988). The NBS is the over-lake precipitation added to the runoff into the lake from its drainage area minus the over-lake evaporation, generally groundwater flow from or into the lake is considered negligible (Fry et al., 2020). During the early years of 21st century, the use of GCM projections with transient climate conditions became more prevalent to quantity the impacts on hydrology (Smith, 1991; Mortsch et al., 2000), ice cover (Lofgren et al., 2002), NBS (Chao, 1999), lake level (Smith, 1991), shoreline community (Schwartz et al., 2004), navigation (Quinn, 2003) and hydroelectric power production (Buttle et al., 2004).

The newer GCMs included earth system feedbacks (e.g., changes in ice sheet, vegetation cover distribution) to project future climate for different Intergovernmental Panel on Climate Change (IPCC) emission scenarios such as the SRES (Special Report on Emissions Scenarios) introduced in the 4th Assessment Report (AR4) (IPCC, 2007) and the RCPs (Representative Concentration Pathways) introduced in the AR5 (IPCC, 2014). Respective Coupled Model Intercomparison Project (CMIP) experiments, the CMIP3 (Meehl et al., 2007) using the SRES and the CMIP5 (Taylor et al., 2011) using the RCPs, provided GCM projections from climatic modeling centers around the world. Some of the climate change studies in the GL basin using IPCC AR4 scenarios quantified impacts on hydrology (Kutzbach et al., 2005; Cherkauer and Sinha, 2010; Rahman et al., 2010), lake level (Angel and Kunkel, 2010; Hayhoe et al., 2010), water quality (Bosch et al., 2014; Hall et al., 2017), ecosystem (Hellmann et al., 2010), infrastructure (Wuebbles et al., 2010) and commercial navigation (Millerd, 2005). Similarly, some of the climate change studies in the GL basin using IPCC AR5 scenarios quantified impacts on hydrology (Wang et al., 2016; Basile et al., 2017; Byun et al., 2019), NBS (Music et al., 2015), lake level (Notaro et al., 2015), fluvial flood risk (Xu et al., 2019), water quality (Cousino et al., 2015; Verma et al., 2015; Wallace et al., 2017) and fisheries industry (Collingsworth et al., 2017).

The impact of GLs on regional climate dynamics is well documented (Notaro et al., 2013). However, the latest GCMs, for example, those participated in the CMIP5 experiments don't explicitly simulate GLs as dynamic lakes (Briley et al., 2021) which may not realistically represent region specific meteorological phenomena such as the lake-effect snowfall (Wright et al., 2013). Therefore, recent studies have used either statistically (Byun et al., 2019) or dynamically (using regional climate models, RCMs) downscaled GCM projections (Notaro et al., 2015; Grady et al., 2021). Furthermore, downscaled projections require bias-correction to remove systematic errors (Cannon, 2018). Downscaled and bias-corrected RCM projections are increasingly being used in the GL basin to quantify impacts on hydrology (Zhang et al., 2018), NBS (Mailhot et al., 2019) and lake level (Mackay and Seglenieks, 2012), among others.

For the North American region encompassing the GL basin, a suite of high resolution downscaled and bias-corrected RCM projections are available through North American component of the Coordinated Regional Downscaling Experiment (Mearns et al., 2017; NA-CORDEX, 2022). It is not a straightforward task to select a set of suitable climate models (Lutz et al., 2016). Cannon (2015) provided guidance on selecting RCMs which can reflect the range of changes in a multi-model ensemble while Lutz et al. (2016) introduced an advanced-envelop based approach. Others argue the use of multi-model ensemble (Crosbie et al., 2011; Acharya et al., 2014) to deal with different sources of uncertainties (e.g., climatic model uncertainty) inherent in RCM projections (Hawkins and Sutton, 2009). Furthermore, the use of a small number of projections in impact analysis may sometimes lead to contrasting results (Smith, 2002). In the GL basin, using projections from 2 GCMs, Lofgren et al. (2002) reported large drops in lake levels when using one GCM input to a hydrological model and moderate increases when using another GCM input. In such cases, inference made through the use of a multi-model ensemble might be more reliable (Krysanova et al., 2018). While using a suite of climate models with different emission scenarios, it is also desirable to estimate the relative contribution of climate model and scenario uncertainty to the total uncertainty in the projected hydrological variable (Lee et al., 2017).

Traditionally, downscaled and bias corrected future projections are used as input to hydrological models to understand the hydrological impacts of climate change (Lofgren et al., 2011). Statistical approaches such as the use of a parametric regular vine copula (VanDeWeghe et al., 2022) are also being advocated as an alternative to the traditional approach. Using the traditional approach, some studies in the GL basin (Lofgren et al., 2011, 2013; Lofgren and Rouhana, 2016; Milly and Dunne, 2017) argued that the use of temperature index (TI) methods such as Thornthwaite (1948) to calculate potential evapotranspiration (PET) in hydrological models creates a hydrological drying bias as TI methods tend to overestimate PET as compared to the methods which respect the surface energy balance. The comparison was based on the PET calculated by hydrological models using input from GCMs to the PET directly simulated by the GCMs. It would be interesting to see if the same holds for bias-corrected downscaled projection from high resolution RCMs. Furthermore, the use of the energy balance approach to estimate PET in a hydrological model is often constrained by the availability of all the incoming and outgoing energy terms in RCM projections. Another issue is that most of the hydrological models are not fully evaluated against all the variables of interest. Assessing the hydrological model performance against a single variable (e.g., streamflow) is more prevalent and it does not guarantee robust simulation of additional variables (e.g., snow water equivalent, SWE; evapotranspiration, ET) (Mai et al., 2021). Similarly, particular to the GL basin, most of the hydrological models don't explicitly consider the impacts of numerous small lakes. The cumulative hydrological impact of these smaller lakes can be substantial in the GL basin (Han et al., 2020).

In this study, we used climatic projections from several RCMs, driven by different GCMs participating in the NA-CORDEX for two IPCC AR5 representative concentration pathways (RCP4.5 and RCP8.5). The RCM projections were bias-corrected using multivariate quantile mapping bias correction technique (Cannon, 2018) using DayMet data (Thornton et al., 2020) as a reference. In total, 36 projections (15 historical, six future for RCP4.5 and 15 future for RCP8.5) at 0.44° (~50 km) spatial resolution were used into a hydrological model. The hydrological model is a coupled model between WATFLOOD (Kouwen, 1988) and RAVEN (Craig et al., 2020) which explicitly considers all lakes with an area more than 5 km2 (Han et al., 2020). Such a coupled model greatly improves the simulation of runoff from the GL basin (Shrestha et al., 2021). Furthermore, the coupled hydrological model is calibrated and validated for daily streamflow, and evaluated against daily SWE and actual ET (Mai et al., 2022). We then quantity the future changes in land hydroclimatic variables such as precipitation, temperature, snow water equivalent (SWE), actual evapotranspiration (AET) and runoff into the lakes.

We presume that quantification of the impacts of climate change on hydroclimatic variables including SWE and AET for the entire GL land basin would be helpful to understand the future hydroclimatic conditions of the GL basin. This may also help to formulate a coordinated effort to address the adverse effects of climate change in the GL basin.



MATERIALS AND METHODS


Hydrological Model Set-Up

Estimation of vertical hydrological fluxes and their horizontal transfer are two basic processes in a hydrological model (Singh, 1995). The later process is also referred as routing. We used the hydrological model WATFLOOD (Kouwen, 1988) to estimate the vertical fluxes as driven by climatic forcings (e.g., precipitation) and a recently developed lake and river routing product (Han et al., 2020), which has been integrated in the RAVEN modeling framework (Craig et al., 2020). The WATFLOOD model is coupled with the lake and river routing product to realize a functional hydrological model of the GL basin.



Watflood Model

WATFLOOD is a physically-based, distributed hydrological model. In WATFLOOD, a basin is divided into uniform grid cells. Several hydrological processes such as snow accumulation and melt, precipitation interception and infiltration, evaporation and transpiration, surface runoff, interflow and baseflow, etc. are considered for water balance calculations (Kouwen, 1986, 1988; Mai et al., 2021). These calculations are made on grouped response unit (GRUs) which aggregates land cover of similar hydrological response characteristics (Kouwen et al., 1993). WATFLOOD is widely used in hydrological modeling and forecasting of several watersheds in the GL basin and beyond (Cranmer et al., 2001; Seglenieks et al., 2004; Kouwen et al., 2005; Bingeman et al., 2006).



The Lake and River Routing Product Integrated in RAVEN

The GL basin is characterized by the presence of numerous small to large lakes. While larger lakes are usually considered in hydrological modeling, smaller lakes are often neglected. Smaller lakes, when present in a high number as in the GL basin, will impact the streamflow simulations (Han et al., 2020). A lake and river routing product with explicit consideration of all lakes with area more than 5 km2 has become available (Han et al., 2020). Recently, the routing product is integrated into RAVEN modeling framework (Craig et al., 2020), thereby allowing it to run in routing-only mode (RAVEN-ro).



Model Inputs

A 3 arc seconds HydroSHEDS digital elevation model (DEM) (Lehner et al., 2008) and a 30 m North American Land Change Monitoring System (NALCMS) (Homer et al., 2017) landuse/landcover map were used to create the land surface database for the WATFLOOD model. Then hourly precipitation and temperature from a 10 km Regional Deterministic Reanalysis System (RDRS) (Gasset et al., 2021) were used as input into the WATFLOOD model at a 10 km spatial resolution. For modeling purposes, we divided the GL basin in five subdomains: Superior (SUP), Huron (HUR), Michigan (MIC), Erie (ERI) and Ontario (ONT). All input data were obtained in the scope of an on-going project, the Great Lakes Runoff Inter-comparison for Great Lakes, GRIP-GL (Mai et al., 2022). The GRIP-GL is a part of Integrated Modeling Program (IMPC) for Canada under Global Water Future (GWF) program. Related information of the project can be found in http://www.civil.uwaterloo.ca/jmai/projects.html.

We coupled WATFLOOD and RAVEN-based lake and river routing product using the so-called loose coupling scheme (Argent, 2004). Hence, the coupling is one directional in which WATFLOOD simulated runoff (surface and interflow) and recharge to lower zone storage (LZS) are stored in separate netCDF files. These netCDF files then serve as inputs to the RAVEN-ro model. The RAVEN-ro is run to simulate the streamflow at selected locations.

In WATFLOOD, we chose the Hargreaves method (Hargreaves and Samani, 1985) to estimate the rate of potential evapotranspiration. In RAVEN-ro, we chose the Gamma unit hydrograph (RAVEN, 2021) for in-catchment routing and non-linear storage approach for base flow estimation. Outflow from lakes/reservoirs are simulated with a broad-crested weir at their outlet.

In large-scale modeling, it is not always possible to include all the basin complexities (De Scheer et al., 2015). Generally, a compromise in representing these complexities has to be made owing to computation time, data availability, among others. In this study, we also made several simplifying assumptions while setting up the model. In the GL basin, there exist several water bodies which are regulated. Depending on the extent of regulation, these water bodies can have significant downstream impact. The RAVEN-based lake and river routing product incorporates all the significant water bodies and the outflow from these water bodies is simulated using the broad-crested weir equation (Han et al., 2020). Best estimates of all related routing parameters (e.g., weir width, Manning's coefficient, etc.) are already provided in the routing product. During the model calibration, we further fine-tuned some of the important parameters such as the weir width (refer Section Calibration and Validation) to reproduce observed streamflow at immediate downstream gauging stations. We are aware that this (controlling outflow using the broad-crested weir equation) may be too simplified for some of the highly regulated reservoirs in the GL basin, and more detailed approaches such as the use of Dynamically Zoned Target Release (DZTR) (Yassin et al., 2019) may be better suited. A further investigation is needed to confirm this. Another important feature of agricultural water management in the GL basin is the provision of tile drains to quickly drain excess soil moisture after spring snowmelt. Owing to the fact that the tile drainage facilitates the drainage soil moisture in excess of field capacity, we increased relevant parameters (e.g., infiltration coefficient) in agricultural areas to mimic the behavior. This is indeed a simplistic approach and more detailed approaches, such the use of the Hooghoudt and Kirkham drainage equations as incorporated in the Soil and Water Assessment Tool (SWAT) (Neitsch et al., 2011) for explicit consideration of the effect of tile drainage in agricultural areas, may be needed. This issue also needs a detailed investigation. Furthermore, some agricultural areas, especially in the Michigan subdomain, are irrigated. Devoid of detail information regarding the irrigation command area, type, frequency, and amount of irrigation, we did not distinguish irrigated and non-irrigated agricultural areas while setting up the model.



Calibration and Validation

While WATFLOOD was run in an hourly timestep, RAVEN-ro was run in a daily timestep to match the timestep of streamflow observations. The coupled model was calibrated against daily streamflow for a 10-year period (2001–2010) at 134 gauging stations across five subdomains of the GL basin. The model was then validated in another time period (2011–2017) at 59 separate gauging stations (Mai et al., 2022). A total of 17 (11 WATFLOOD and 6 RAVEN-ro related, Supplementary Table S1) parameters were considered during model optimization in the OSTRICH platform (Matott, 2017). We chose dynamically dimensioned search (DDS) (Tolson and Shoemaker, 2007) as an optimization algorithm and Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) as an objective function during optimization. The optimization process resulted in a median KGE of 0.63 during calibration and a median KGE of 0.50 during validation (Mai et al., 2022). For illustration purposes, observed and simulated daily streamflow during calibration and validation periods at two selected gauging stations are shown in Supplementary Figure S1.

We also evaluated the model's robustness in simulating two auxiliary variables, snow water equivalent (SWE) and actual evapotranspiration (AET) (Mai et al., 2022). The Canadian historical SWE station data (CanSWE) (Vionnet et al., 2021) at four selected locations (one station at each sub-domain) were used to compare simulated SWE at the grid exactly over the corresponding CanSWE station. Supplementary Figure S2 shows the resultant plots and it is evident that the model is able to represent the dynamics of SWE at selected stations. The calculated KGE values for daily SWE ranged from 0.48 to 0.70. Similarly, Eddy flux measurements for AET at three AMERIFLUX stations, US-UMB (Gough et al., 2021), US-KM1 (Robertson and Chen, 2021) and US-Oho (Chen et al., 2021) and one FLUXNET Canada Research Network station (Fluxnet Canada, 2016) were used to compare model simulations. The resulting plots for the selected stations are shown in Supplementary Figure S3. The calculated KGE values for daily SWE ranged from 0.52 to 0.73. The median KGE values for SWE and AET are fairly comparable to the KGE values for streamflow. Hence, it is evident that model is equally robust to simulate the SWE and AET dynamics.



Future Climate Data

Future climatic data (precipitation, and maximum and minimum temperature) were downloaded from the National Center for Atmospheric Research (NCAR) climate data gateway (Mearns et al., 2017). These data are projections from different RCMs, driven by several GCMs that participated in the North American component of the Coordinated Regional Downscaling Experiment (NA-CORDEX, 2022). In light of the findings of Briley et al. (2021), it is worth mentioning that only two GCMs (GFDL-ESM2M and HadGEM2-ES, Supplementary Table S2A) simulate GLs as dynamic water bodies, as such, their projections can be considered as “credible”. The remaining 4 GCMs (Supplementary Table S2A) have inconsistency in the treatment of GLs and it mainly arose from “competing or lacking spatial coverage between a model's land and ocean component for grid cell”. As for the RCMs (Supplementary Table S2B), two RCMs (CRCM5-UQAM and RCA4) have the FLake model (Mironov et al., 2009) while one RCM (RegCM4) has the lake model of Hostetler et al. (1993). The two remaining RCMs don't have a standard lake model but they are driven by interpolated and lapse-rate corrected nearby sea-surface temperatures (SSTs) at the lower boundary. It should be noted that the future projections from GCM-RCMs which don't have dynamic representation of GLs might not be as “credible” (Briley et al., 2021). Since the RCM projections were bias-corrected using multivariate quantile mapping bias correction technique (Cannon, 2018) using DayMet data (Thornton et al., 2020) as the reference dataset, the systematic errors are addressed. However, this issue needs further investigation. We used all available RCM projections in both historical (1951–2005) and future (2006–2099) periods at 0.44° (~50 km) spatial resolution. A total of 15 RCM-GCM projections were available in the historical period while 6 future projections were available for RCP4.5 and 15 future projections were available for RCP8.5 emission scenario (Table 1).


Table 1. Details of the different RCM projections, as driven by different GCMs, used in this study.
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The finest temporal resolution of the RCM projections is daily (Table 1), while WATFLOOD needed hourly climatic forcings. Therefore, the daily RCM projections needed to be disaggregated into hourly timestep (Requena et al., 2021). Devoid of a well-accepted procedure to perform such temporal disaggregation, we assumed the total daily rainfall volume to occur in five pulses. With a peak pulse occurring at 8 AM (40% weightage) and another four pulses in 6-hour intervals on either side (at 4 AM and 12 PM both having 20% weighting, and at 12 AM and 4 PM both having 10% weighting). As for temperature, we assumed a linear increase and decrease with daily maximum and minimum temperature occurring at 3 PM and 3 AM, respectively.

For the climate change impact analysis, the entire historical period (1951–2005) was taken as a baseline period. As for the future, a 30-year period (2035–2064) was considered as a mid-century period and another 30-year period (2065–2094) was considered as an end century period.

With regards to the use of hydrological models in climate change impact assessment involving a large number of climate models, Krysanova et al. (2018) detailed two “main” approaches. The first approach advocates using a multi-model ensemble disregarding individual climate model's performance. The proponents of this approach consider every participating climate model as “equal” and argue that an unweighted multi-model approach should be followed (Christensen et al., 2010). The proponents of the second approach advocate in assessing performance of climate models and possibly disregarding poor-performing models. Krysanova et al. (2018) argue that while both approaches have merits and demerits and they are useful in the right context, evaluating performance of a hydrological model in historical period may increase confidence in projected results.

In this study, as we used a hydrological model that was calibrated and validated for streamflow, and evaluated for other auxiliary variables of interests (SWE and AET), we aimed at assessing performance of the hydrological model in representing long-term monthly average streamflow in the historical period. For illustration purpose (Supplementary Figure S4), we selected several gauges (one in each sub-domain) which: (a) are non-regulated, (b) are located closer to the draining lake, and (c) showed a good performance (KGE value more than 0.60) in the calibration period, and (d) have median KGE value more than 0.60 for historical RCM runs for long-term average monthly streamflow. Historical RCM runs are obtained using bias-corrected meteorological forcings in the coupled hydrological model. Furthermore, KGE value for each historical RCM run for long-term average monthly streamflow at all calibration gauges were calculated, and median KGE of the gauges in a specific modeling domain is presented in Supplementary Table S3. For comparison purpose, Supplementary Table S3 also shows the median KGE value obtained in the calibration period.

It is evident from the Supplementary Figure S4, Table S3 that the performance of the model slightly degraded in the historical RCM runs as compared to the performance in the calibration period. A lower performance of the model in another period and for historical RCM runs is indeed expected. While a slight drop in median KGE (calculated from individual KGE values of 21 gauging stations) value for each historical RCM run as compared to a median KGE value obtained during calibration period, is observed in HUR, MIC, ERI and ONT subdomains, a significant drop in performance is observed in Superior sub-domain (SUP) for which median KGE value for each historical RCM run is <0.50 while a median KGE value of 0.77 is obtained during calibration period. The historical RCM runs seem to mimic the seasonality of streamflow, especially the timing and magnitude of the spring peak, in the GL domain as evident in the long-term average monthly plots for selected stations. However, discrepancies are evident in Autumn months. This could be related to several factors such as effectiveness of bias-correction in these months, difference in spatial resolution of the climate forcing (~50 km) and model grids (~10 km) and temporal disaggregation (from daily to hourly, as detailed above) of forcing data.

However, it is evident from the plot (Supplementary Figure S4) and table (Supplementary Table S3) that there is not an obvious poor-performing RCM so that it should be disregarded. Hence, we believe that there is no need to disregard a certain RCMs and all the RCMs were considered for impact assessment.



Uncertainty Analysis

Different sources of uncertainties such as climate model uncertainty and scenario uncertainty are inherent in future climate data (Hawkins and Sutton, 2009). To capture the variability in the future projections, different emission scenarios and several GCM-RCM combinations are often used in climate change impact studies. Relative contribution of different sources of uncertainties to the total uncertainty in the projected hydrological variable is often desirable (Lee et al., 2017). In literature, several approaches are evident. Established approach such as Bayesian decomposition (Ohn et al., 2020) may be more comprehensive but is very time intensive as tens of thousands of iterations may be required which may hinder its application in a large scale physically-based hydrological modeling. A simple yet robust method, based on Maximum Entropy (ME) principle was suggested by Gay and Estrada (2010). Lee et al. (2017) made its first application in hydrological modeling to assess relative contribution of different sources of uncertainty in future streamflow projection in a river basin of South Korea. Because of its robustness and time effectiveness, we also used it to quantify relative contribution of emission scenarios (representative concentration pathways) and climate models uncertainties in total uncertainty of projected SWE, AET and runoff (to the lake). We refer Gay and Estrada (2010) and Lee et al. (2017) for further details of the ME theory and its application in hydrological modeling.




RESULTS AND DISCUSSION


Projected Changes in Precipitation

The time series plot of the GL over-land averaged annual precipitation in the historical/baseline period (1951–2005) shows marked variability as indicated by the wide ensemble range (Figure 2). Similar variabilities during a similar historical period were also reported in Do et al. (2020). A Mann-Kendall test (Mann, 1945; Kendall, 1975) shows an increasing trend (p = 0.0003) at 5% significance level. The rate of the increasing trend (0.9 mm/year) is lower than the rate (2.1 mm/year) reported by Bartolai et al. (2015). As for the future periods (mid-century, 2035–2064 and end-century, 2065–2094), a higher variability in annual precipitation is observed for RCP8.5 as compared to RCP4.5, which may be partly due to a higher number of RCM-GCM projections for the RCP8.5 emission scenario. The ensemble mean annual precipitation in both mid- and end-century periods for RCP4.5 shows no trend (p = 0.18, p = 0.35, respectively) at 5% significance level. However, the ensemble mean annual precipitation shows an increasing trend in both mid- and end-century periods for RCP8.5 (p = 0.04, p = 0.03, respectively) at 5% significance level.
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FIGURE 2. Time series of GL over-land annual precipitation in historical (1951–2005) and future (mid-century: 2035–2064 and end-century: 2065–2094) periods for two emission scenarios (RCP4.5 and 8.5).


While GL over-land ensemble mean annual precipitation do not show any trend (except in the end-century period for RCP 8.5), spatial variability in precipitation trend in different parts of the GL basin is evident in Figure 3. For instance, northern parts of the Lake Huron basin show a decreasing trend of about 2.5 mm/year in the mid-century period for RCP4.5. However, the same region shows an increasing trend of about 3 mm/year in the end-century period for RCP4.5. Similarly, a majority of the Lake Superior subdomain shows a decreasing trend (up to 4 mm/year) in the end-century period for RCP4.5 while the same region in the same period but for RCP8.5 shows an increasing trend (up to 4 mm/year). Such marked spatial variability in future precipitation and contrasting trends in different parts of the GL basin certainty pose challenges to water resources planners and managers and may warrant to focus on sub-basin wise adaptation measures rather than the entire GL basin wide measures.


[image: Figure 3]
FIGURE 3. Trend in annual over-land precipitation for RCP4.5 and RCP8.5 scenarios in mid- and end-century periods.


Compared to the baseline annual average precipitation, the projected changes in over-land precipitation can be seen in Figure 4 for both RCP4.5 and RCP8.5 emission scenarios. Besides the spatial variability in future precipitation trends, we observe marked variability in projected annual over-land precipitation amongst the RCM-GCM combinations. For instance, the WRF projections driven by HadGEM2-ES show rather high increases (up to 40%) in future annual precipitation for RCP8.5 scenario while RegCM4 projections driven by MPI-ESM-LR for RCP4.5 seem to indicate decreases for majority of years in both future periods.


[image: Figure 4]
FIGURE 4. Change in annual over-land precipitation with respect to baseline average precipitation for RCP4.5 and RCP8.5 scenarios in mid- and end-century periods.


On average, the GL land basin is expected to be wetter in future (Figure 5), with annual increases in precipitation range between 7 and 15%. The winter, spring and autumn seasons are expected to have substantial increases (up to 25%). The summer season in contrast, is expected to have a slight decrease (up to 1%) for RCP4.5 emission scenario in the end-century period, due to mild decreases (up to 6%) in August precipitation. The summer precipitation for RCP8.5 scenario is expected to have a slight increase in both future periods (up to 4%). The month of April is expected to have the highest increases (up to 33%). In general, RCP8.5 projections show wetter conditions than RCP4.5, and the same holds for the end-century period as compared to the mid-century period (Figure 5). The general trend in subdomain precipitation changes (Supplementary Figure S5) are almost the same as observed for the entire GL basin except in some months. For instance, in September, the future precipitation is expected to increase in the Superior, Huron and Michigan subdomains while it is expected to decrease in the Erie and Ontario subdomains.


[image: Figure 5]
FIGURE 5. Percentage change in monthly, seasonal, and annual over-land precipitation with respect to the baseline average precipitation for RCP4.5 and RCP8.5 scenarios in mid- and end-century periods.


While a similar result—an overall increase in annual, winter, spring and autumn precipitation and variable summer precipitation was also reported in several studies (Smith, 1991; Cherkauer and Sinha, 2010; Hayhoe et al., 2010; Wuebbles et al., 2010; Byun et al., 2019; Bukovsky and Mearns, 2020; Grady et al., 2021), the magnitude of change is evidently different due to differences in emission scenarios, climate models, bias correction techniques, baseline as well as future periods, and region of interest. For example, Bukovsky and Mearns (2020) used the same dataset (NA-CORDEX, 2022) to analyze seasonal and annual precipitation changes in several regions including the GL basin for RCP8.5 and found very similar results with slight differences in the magnitude of change. For RCP8.5, in mid-century (end-century) period, Bukovsky and Mearns (2020) reported a projected increase in ensemble mean annual precipitation of about 8%(17%) while we found the projected increase to be 8%(15%). Despite the difference in baseline period (1971–1999 in their study vs. 1951–2005 in our study), future periods (mid-century: 2041–2068 in their study vs. 2035–2064 in our study, and end-century: 2071–2099 in their study vs. 2065–2094 in our study), region of interest (entire GL basin in their study vs. only land portion of GL basin in our study) and climate models (28 in their study vs. 15 in our study), the results are very similar.

Projected increases in spring precipitation are certainty concerning as the topsoil in these times of the year will generally be at or near saturation level and any extra precipitation will mostly end up as surface runoff. Similarly, projected decreases in precipitation in the summer months is also concerning from a drought point of view. With expected increases in temperature and higher evaporative demand, future decreases in summer precipitation will only worsen the water stress condition of vegetation, especially, agricultural crops grown in summer. Consequently, crop yield could decrease unless water is supplied to the crops by external means (e.g., surface or sub-surface irrigation).

Further causes of concern are evident in Supplementary Figure S6, which shows projected increases in the frequency of precipitation with daily amounts of more than 5, 10, and 20 mm, and in Supplementary Figure S7, which shows projected increases in highest one-day precipitation. As an example, the highest one-day precipitation in the baseline period is 83 mm (range: 80–93 mm) which is projected to be more than 101 mm (range: 95–112 mm) in the end-century period for RCP8.5. The wider range in projected highest one-day precipitation is also concerning. Furthermore, despite the projected wetter conditions in the GL basin, projected decreases in number of wet days and consecutive wet days indicate that the GL basin is expected to receive more intense precipitation in the future. This increase in intensity could be a concern in regard to flash flooding.



Projected Changes in Temperature

The spread in annual mean temperature from different RCM-GCM combinations in both historical and future periods is narrower (Figure 6) than the spread of annual precipitation (Figure 2). Annual mean temperature of GL basin in the historical period shows a significant (p = 4x10−9) increasing trend at 5% significance level. The increasing trend persists in mid-century period for RCP4.5 scenario (p = 7 x 10−3). The annual mean temperature in the end-century period for RCP4.5 scenario seems to stabilize and shows no-trend (p = 0.20). However, the increasing significant trend persists in both mid-century (p = 1 x 10−9) and end-century (p = 1 x 10−10) periods for RCP8.5 scenario. The magnitude of the increasing trend in historical period is 0.02°C/year, which increases to 0.03, 0.07, and 0.06°C/year, in mid-century for the RCP4.5 scenario, in mid-century for RCP8.5 and in end-century for the RCP8.5 scenario, respectively.


[image: Figure 6]
FIGURE 6. Time series of GL basin annual mean temperature in historical (1951–2005) and future (mid-century: 2035–2064 and end-century: 2065–2094) periods for two emission scenarios (RCP4.5 and 8.5).


Spatially, the trend in annual mean temperature is higher for northern parts of the GL basin (e.g., Superior) than in southern parts (e.g., Ontario) (Figure 7). For instance, in the mid-century period and for RCP4.5 emission scenario, the annual mean temperature in Superior subdomain is expected to increase by 0.04°C/year while for the same period and emission scenario, the Ontario subdomain increase is just 0.02°C/year. While looking at the spatial trends in minimum and maximum temperature (Supplementary Figure S8), the rate of increasing trend of minimum temperature in the GL basin is higher than the rate of increasing trend of maximum temperature in both future periods and for both emission scenarios. Similar findings have been reported by Bartolai et al. (2015) and Kling et al. (2003) in the GL basin.


[image: Figure 7]
FIGURE 7. Trend in annual mean temperature of GL basin for RCP4.5 and RCP8.5 scenarios in both mid- and end-century periods.


Relative to the ensemble annual mean temperature in the baseline period, different RCM-GCM projections show a wide range of increases in future annual mean temperature for RCP4.5 and RCP8.5 emission scenarios (Figure 8). In general, future projections for RCP8.5 indicate warmer conditions over the GL basin than for RCP4.5. The same is true for the end-century period as compared to the mid-century period.


[image: Figure 8]
FIGURE 8. Change in annual mean temperature of GL basin with respect to baseline mean temperature for RCP4.5 and RCP8.5 scenarios in both mid- and end-century periods.


On average, annual mean temperature in the GL basin is expected to increase by 2.4 and 2.9°C, respectively, in mid- and end-century period for RCP4.5 scenario. For the RCP8.5 scenario, the increase is about 3.0 and 5.0°C, in the mid- and end-century periods respectively (Figure 9). In one of the earliest climate change impact assessments of the GL basin, Smith (1991) reported an increase of up to 6.4 oC in annual temperature which is higher than our finding for RCP8.5 in end-century period. However, the estimate made by the study was based on 3 GCMs and for a double (as compared to the preindustrial level) CO2 scenario. However, such a scenario is highly unlikely to occur even at the end of the century. A more direct comparison of our results can be made with the findings of Bukovsky and Mearns (2020) due to the common data source (NA-CORDEX, 2022) and region of interest. For RCP8.5, the study reported the annual ensemble mean temperature changes of about 3.1 and 5.0°C, respectively in mid- and end-century period, which are almost identical to our estimates.


[image: Figure 9]
FIGURE 9. Absolute change in monthly, seasonal, and annual mean temperature of GL basin with respect to baseline mean temperature for RCP 4.5 and RCP 8.5 emission scenarios in both mid- and end-century periods.


Relative to other seasons, the winter season is expected to experience the greatest change, with mean temperature increases reaching up to 5.8°C in end-century period for RCP8.5 scenario. The increase in mean temperature during the spring season is generally less. A similar finding—higher seasonal changes being obscured in annual averages was also reported in several studies (Kling et al., 2003; Kunkel et al., 2009; Hayhoe et al., 2010; Wuebbles et al., 2010; Winkler et al., 2012; Bukovsky and Mearns, 2020). Our estimates suggest that the winter season is likely to have the greatest increases (up to 5.8°C) which is in line with the finding of Winkler et al. (2012) who reported increase of 7°C and Bukovsky and Mearns (2020) who reported ensemble increase of about 5.6°C. However, some studies, e.g., (Wuebbles et al., 2010) suggest that the greatest increase is likely to be in summer season (up to 6°C). It is important to note that this study used older scenarios (e.g., A1F1) and downscaled projection from substantially lower number of GCMs (3), and this may have led to the difference. At a monthly timescale, increases up to 6°C are observed in January in the end-century period for the RCP8.5 scenario. Similar increases (up to 5.0°C) are also observed in the summer months.

Resulting from the projected decrease in precipitation in August (Figure 5) and higher evaporative demand driven by elevated temperature, there is a high probability of increased water stress condition in plants, especially in northern parts of GL basin where the projected increase in mean temperature is relatively higher than in southern parts of the GL basin (Supplementary Figure S9). For instance, the mean January temperature in the Superior subdomain is expected to be 6.8°C higher than the baseline condition, while for the same month, the increase in the Erie subbasin is only about 5.3°C. Based on four GCM projections, downscaled for the GL basin (Bartolai et al., 2015), reported similar observations; higher increases in northern parts of the GL compared to the southern parts during winter season. In line with our finding, Hayhoe et al. (2010), based on statistically downscaled future projections from 3 GCMs, also reported a higher increase in winter temperature in northern parts than in southern parts of the US GL basin.

Such increases in temperature are reflected in substantial decreases in the ice day index of the GL basin, which is calculated as the number of days in a year with minimum temperature <0°C (Supplementary Figure S10). In the baseline condition, the ice day index is 76 days which is projected to be decrease by 17 and 21 days in the mid- and end-century periods, respectively for RCP4.5, and by 21 and 36 days in the mid- and end-century periods, respectively for RCP8.5. Based on dynamically downscaled projections from 22 RCMs, Winkler et al. (2012) reported 22 fewer days in a year with minimum temperature <0°C which is within the range (17–36 days) of our estimates. These results indicate that the GL basin will experience reduced frost-free days, accelerated snowmelt and earlier thawing of frozen soil. Furthermore, the proportion of rainfall to total precipitation may also increase which can lead to increased rain-on-snow events, and such events are reported to substantially increase flood risk of the GL basin (Musselman et al., 2018) and similar other regions of the world (Marks et al., 1998; Pomeroy et al., 2016; Sobota et al., 2020).

Conversely, the summer day index, calculated as the number of days in a year with maximum temperature exceeding 25°C, is projected to increase significantly in future. In the baseline period, the summer day index is about 49, which increases to 77 and 86 in the mid- and end-century periods, respectively for RCP4.5, and 85 and 108 in the mid- and end-century periods, respectively for RCP8.5 (Supplementary Figure S10). Such significant increases may lead to heat stress to plants which in turn could negatively affect their growth and yield (Fahad et al., 2017).



Projected Changes in Internal Variables
 
Snowpack

The GL basin is expected to lose a significant portion of its snowpack (expressed as snow water equivalent) in the future (Figure 10), which is mainly due to projected changes in temperature and rain-on-snow events. As evident in the projected change in temperatures, snowpack depletion in the end-century period is expected to be higher than in the mid-century period. Similarly, snowpack depletion for the RCP8.5 scenario is also likely to be higher than for the RCP4.5 scenario. At an annual time scale, snowpack depletion in southern parts of the GL basin will be higher than in northern parts of the GL basin (Figure 10). As the projected increases in annual temperature in all parts of the GL basin are almost uniform (Supplementary Figure S9), the higher snowpack depletion in southern parts of the GL basin is due to the North-South temperature gradient that exists. For any given time period, temperatures in northern parts of the GL basin are relatively lower than in southern parts of the GL basin, consequently the snowpack in the northern parts of the GL basin is generally higher than in the southern parts. The shallower snowpacks in the southern parts of the GL basin are projected to melt earlier, this is in line with the observations made by Musselman et al. (2017) in western North America.


[image: Figure 10]
FIGURE 10. Percentage change in monthly, seasonal, and annual snow water equivalent (SWE) with respect to the baseline value for RCP 4.5 and RCP 8.5 scenarios in both mid- and end-century periods.


In the spring months (e.g., March and April), southern parts of the GL basin (e.g., Erie) are expected to lose almost 100% of its snowpack while northern parts (e.g., Superior) are expected to only retain only about 75% of the snowpack. For the winter season, during the end-century period using the RCP8.5 scenario, the Superior subdomain is expected to lose about 35% of the snowpack which increases to ~55% in Huron, ~60% in Michigan, ~70% in Erie, and ~65% in the Ontario subdomain (Figure 11).


[image: Figure 11]
FIGURE 11. Percentage change in annual mean snow water equivalent (SWE) of GL basin for RCP 4.5 and RCP 8.5 scenarios in both mid- and end-century periods.




Actual Evapotranspiration

Projected increases in temperature of the GL basin will result in overall increase in annual AET (Figure 12). However, in the winter season, despite projected increases in temperature, slight decreases in AET are projected, especially during end-century period for RCP8.5 scenario. While it is evident that projected increases in temperature will increase potential evapotranspiration, the AET depends on several factors such as availability of soil moisture and vegetation type. Substantial projected decreases in snowpack (Figures 10, 11) and projected increases in high intensity rainfall (e.g., highest one-day precipitation, Supplementary Figure S7), would allow for more surface runoff and less infiltration, leading to lowered soil moisture conditions. Lowered soil moisture levels might be causing the decrease in AET in the winter season. Across all GL subdomains, projected increases in the summer AET are the highest, mainly driven by significant projected increases in summer temperature (Figure 9). Furthermore, substantial projected increases in summer day index (Supplementary Figure S10) would also result in projected increases in summer AET. Spring season AET also shows moderate increases across the GL basin. Autumn season AET in Ontario subdomain, unlike that observed in other subdomains, are projected to decrease in both future periods and for both emission scenarios. The overall autumn season AET decreases in the subdomain are mainly driven by projected decreases in AET in September.


[image: Figure 12]
FIGURE 12. Absolute changes in monthly, seasonal, and annual actual evapotranspiration (AET) with respect to the baseline values for RCP 4.5 and RCP 8.5 scenarios in both mid- and end-century periods.


Spatially, the highest of increases (~15%) in annual AET are from water bodies such as man-made lake/reservoirs (Figure 13), this could be expected as AET from water bodies will be at the potential rate (PET). This is unlike the case in other landcover types such as agriculture or forest where AET may be limited by several factors such as availability of moisture in soil. Furthermore, it should be noted that we used Hargreaves method (Hargreaves and Samani, 1985) to estimate the rate of potential evapotranspiration. The use of such a simplified method for the estimation of AET from a dynamic system as the GL is subject to various forms of uncertainties and could reduce the accuracy of hydrological models. As stated in the Introduction section, the use of a hydrological model which utilizes temperature index (TI) methods such as the Hargreaves method in climate change impact studies has been questioned (Lofgren et al., 2011, 2013; Lofgren and Rouhana, 2016; Milly and Dunne, 2017). As such, projected increases (~15%) in annual AET around the Lake Nipigon (Figure 13) can thus be questioned. The use of an energy balance method to calculate PET would be preferred in such a lake (Finch and Calver, 2008), however, all the incoming and outgoing energy terms required to close the energy balance are not the outputs of the RCMs of the NA-CORDEX experiment. Hence, this should be considered as one of the limitations of the study.


[image: Figure 13]
FIGURE 13. Percentage changes in annual mean actual evapotranspiration (AET) of GL basin for RCP 4.5 and RCP 8.5 scenarios both mid- and end-century periods.





Projected Changes in Runoff Into the Lakes

In the context of this study, the term runoff refers to the amount of water entering each lake through the stream network. This is the amount of water that comes from the land area (through overland flow, interflow, and baseflow) into the stream network, which is then routed downstream into the lakes. For operation purposes such as seasonal water level forecasting (Fry et al., 2020) or net basin supply (NBS) calculation (Do et al., 2020), runoff into each GL needs to be converted into equivalent effect on lake level. A ratio of land area to lake area of each GLs, as agreed by Coordinating Committee on Great Lakes basic hydraulic and hydrologic data, is used for this purpose (GLCC, 2021). As Lakes Huron and Michigan are hydrologically connected, runoff from land areas of both lakes (MHG) are aggregated and converted into their equivalent effect on lake level. While it is evident that the “runoff component of the NBS (or the effect of the runoff on lake level)” and the “runoff into the lakes from surrounding land areas” are two different quantities, for simplicity, we are referring the “runoff component of the NBS” as the “runoff” from hereafter.

Annual average runoff for Lakes Superior, Michigan-Huron, Erie and Ontario is projected to increase by 25–48, 18–40, 4–25, and 11–28%, respectively (Figure 14). Higher increases are projected for the RCP8.5 emission scenario and in the end-century period. It should be noted that both future annual precipitation and mean annual temperature (and as a result AET) are expected to increase in all subdomains (Supplementary Figures S5, S9). An equal increase in these factors may result in a net zero change in runoff. However, the overall increase in annual runoff is most likely a result of a greater change in the annual precipitation (Figure 5). On the other hand, accelerated melt of the snowpack can also lead to the overall increase. Amongst the seasons, the increase in runoff is projected to be the highest in the winter. For instance, in Superior subdomain, the winter runoff is expected to increase by 146%, which is significantly higher than the annual projected increase. The same trend is evident in other subdomains. spring season runoff is expected to have moderate increase due to already depleted snowpack, especially in southern subdomains (e.g., Ontario, 6–16%). The same behavior is evident in summer and autumn seasons across all subdomains except for Erie. In the Erie subdomain, runoff is expected to decrease in both future periods for the RCP4.5 emission scenario in summer and autumn. This is due to projected decrease in August and September precipitation in the subdomain (Supplementary Figure S5). At a monthly timescale, in the northern subdomains (e.g., Superior), the highest increases in runoff are observed in March (216%) while in southern subdomains (e.g., Ontario), the highest increases are, as expected, observed earlier (February, 111%). Availability of higher snowpack and higher increases in temperature in the northern subdomains (Figure S9) may have resulted in such significant increases, as compared to the southern subdomains.


[image: Figure 14]
FIGURE 14. Change in monthly, seasonal, and annual runoff with respect to the baseline values for RCP4.5 and RCP8.5 scenarios in both mid- and end-century periods.


Probability exceedance plots of runoff (Supplementary Figure S11) further confirm the projected rise in the runoff and show the severity of changes: high (at 10% exceedance probability), mid (between 10 and 90% exceedance probability) and low (90% exceedance probability), following (USEPA, 2007) classification. In the Superior and Michigan-Huron subdomains, projected increases are evident for almost all exceedance probabilities. For instance, the ensemble mean of high runoff into Lake Superior is projected to increase up to 95 mm (in end-century period for RCP8.5 scenario) which is about 20% increase from its baseline value (80 mm). A similar increment (~30%, in end-century period for RCP8.5 scenario) is observed in runoff into Lake Michigan-Huron. In Lakes Erie and Ontario, projected changes in low runoff are minimal. In these southern subdomains, mid and high runoff are however projected to increase significantly. For instance, median runoff into Lakes Erie and Ontario are projected to increase by ~35 and ~20%, respectively.

Without analyzing the other components (over-lake precipitation and over-lake evaporation) of the net basin supply (NBS), it is impossible to determine whether future lake level will rise or drop. However, from the results of this study, it is quite evident that runoff component of the NBS is projected to increase in future. A recent analysis of the future changes of GL levels (Seglenieks and Temgoua, in review), indicated that under a changing climate more extreme highs and lows would be experienced, as well as a gradual increase in average lake levels. Such fluctuations in lake level may cause flooding and erosion along shoreline communities of the GL basin. Furthermore, key shoreline wetlands may experience detrimental effects of the projected fluctuations in water level of GLs, as also highlighted by Mortsch (1998).



Uncertainty Quantification

As there are 2 emission scenarios (ES) (RCP4.5 and RCP8.5), and 6 common regional climate models (RCM) between them, there were a total of 12 projections, of which 6 simulations and 2 simulations were considered at each stage of ES and RCM, respectively, to estimate their contribution to the total uncertainty. Relative contribution of ES and RCM into total uncertainty in future SWE, AET and runoff estimates are shown in Supplementary Tables S4A–C, respectively. It is quite evident that ES is by far the largest contributor to the total uncertainty. The contribution of ES to the total uncertainty is higher in end-century period as compared in mid-century period. As an example, in mid-century period, 68% of total uncertainty in SWE estimates is due to ES which increases to 85% in end-century period (Supplementary Table S4A). It indicates that the choice of the RCM is not so important, as far as the uncertainty in future projection of SWE is concerned. Rather, future SWE estimates will be highly dependent on the choice of an ES. While a similar trend is also observed for AET and runoff, the choice of RCM is still quite important for these variables as 35% (28%) and 36% (28%) of the total uncertainty is still contributed by RCM in mid-century (end-century) period. The use bias-corrected and high-resolution RCMs to derive future estimates of SWE, AET and runoff, may be one the reasons that the choice of a particular RCM may not constitute a significant source of uncertainty. A similar observation, ES being the largest contributor was also reported by Lee et al. (2017).




SUMMARY AND CONCLUSIONS

Freshwater resources of the Laurentian Great Lakes basin contribute significantly to the environment and economy of Canada and the United States. Sustainable management of the freshwater resources is thus very important. However, several stressors such as climate change will pose serious threats to these water resources in the future. Hence, an assessment of the impacts of climate change on land hydroclimatology is appropriate. This study uses a set of 36 simulations from 6 RCMs in historical (or baseline, 1951–2005) and two future (mid-century, 2035–2064 and end century, 2065–2094) periods, and for two emission scenarios (RCP4.5 and RCP8.5), to quantify trends and changes in land precipitation and temperature. As well as using the RCM projections as input to a calibrated and validated hydrological model, this study also assesses the impacts of climate change on snowpack, actual evapotranspiration and runoff into the lakes.

Results show that the GL land area will experience a wetter and warmer future with projected mean annual precipitation increases up to 15% and projected mean annual temperature increases up to 5°C. Seasonal (up to 25% increase in precipitation and up to 5.8°C increase in mean temperature) and monthly (up to 33% increase in precipitation and up to 6.0°C increase in mean temperature) changes are greater than the annual changes. Some scenarios even show projected decreases (~6% in August during mid-century period for RCP4.5 scenario) in summer precipitation. Projected increases in highest-one day precipitation and projected decreases in both wet days and consecutive wet days indicate occurrence of more future extreme precipitation in the GL basin. Similarly, results show that the GL basin will experience a lower number of ice days and a higher number of summer days in future.

The future snowpack in the GL basin is expected to decrease substantially (up to 76% in Erie subdomain). The highest decreases in snowpack are expected in the spring season, including up to 88% in the Erie subdomain for some scenarios. On the other hand, actual evapotranspiration is projected to increase in future with the highest projected increases in the summer (up to 0.4 mm/day). Results show consistent increases in runoff (up to 48%), with higher increases in the northern lakes (Superior and Michigan-Huron) than in the southern lakes (Erie and Ontario). By contrast, in the autumn season, some scenarios even show projected decreases (up to 16%) in runoff.

Uncertainty analysis showed that the use of different emission scenarios is the largest contributor to the total uncertainty and the choice of a particular RCM is not as important as far as the uncertainty in the future estimates of the snow water equivalent, actual evapotranspiration and runoff (to the lakes) are concerned.

A wetter and warmer future with more extreme precipitation, compounded by a substantial decrease in snowpack and an increase in actual evapotranspiration, will surely pose challenges to water resources managers and planners in the GL basin. Such a challenge due to competing forces in a future hydrological cycle of the GL basin was also corroborated by several other studies including Brown et al. (2011), Carter and Steinschneider (2018) and Gronewold and Rood (2019). Also of note, is that a majority of the most extreme effects are seen under the “business as usual” RCP 8.5 emission scenario particularly at the end of the century. There is of course more uncertainty in these results, as not only are they for many years in the future, but they will be highly dependent on future carbon emissions and thus how society adapts. Thus, these results should be seen as a guide to possible changes in the GL hydroclimate variables, but not as a forecast of the exact future conditions.

Amongst all the other GL basin (and surrounding region) historical climate change studies, it is hard to state whether the results of this study are more robust. We believe that the ensemble results that we obtained with the use of a set of high-resolution bias-corrected RCM forcings to a coupled hydrological model with explicit consideration of smaller lakes, evaluated not only for streamflow but also for other variables of interests (SWE and AET) are relatively reliable. The reader should also be aware of some studies (Lofgren et al., 2011, 2013; Lofgren and Rouhana, 2016; Milly and Dunne, 2017) questioning the use of a hydrological model utilizing temperature index (TI) method, rather than an energy-balance method, to project future changes in PET. The Hargreaves method (Hargreaves and Samani, 1985) is also a TI method that our hydrological model employs to calculate PET. However, the performance of the Hargreaves method as evident in some studies is encouraging. For example, of the four TI methods that Milly and Dunne, (2017) used to estimate the relative changes in future annual PET, the estimates when using the Hargreaves method were closest to the estimates of the energy-only method. Similarly, Xu and Singh (2001) evaluated the performance of seven TI methods in estimating evaporation at two climatological stations in Northwestern Ontario, Canada and recommended the use of the Hargreaves method. However, the use of an energy balance method in hydrological methods to estimate future changes in PET should be preferred if all the incoming and outgoing energy terms become outputs of high-resolution bias-corrected RCMs. Furthermore, this study quantifies the relative contribution of climate model and scenario uncertainties to the total uncertainty in considered hydrological variables which also provides a guidance to new studies.

We presume that better quantification of impacts of climate change on land-hydroclimatic variables will be helpful to understand the future conditions of the GL basin. This may also help formulate a coordinated effort to address the adverse effects of climate change in the basin.
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