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Abstract 1 
 2 
The Great Lakes are the world’s largest freshwater system, and understanding how Great Lakes 3 
precipitation dynamics will be modified by climate change is of critical importance. As the Great 4 
Lakes straddles a semi-arid to humid transitional region, trustworthy precipitation predictions 5 
must be generated by models that can accurately capture both thermodynamical and dynamical 6 
drivers of regional hydroclimatological variability in historical runs. In this study, precipitation 7 
simulations from 12 CMIP6 models, representing the full range of variability in numeric 8 
representation of North American climate, are evaluated for accuracy in capturing historic 9 
seasonal wet, dry, and extreme precipitation anomalies in the Great Lakes region. Based on 10 
historical accuracy, a subset of candidate models is selected. Simple statistical methods  are used 11 
to explore the relationships between cumulative seasonal precipitation anomalies and mid-level 12 
circulation anomalies, both in observations and in historical model runs. Historic observations 13 
suggest that the Pacific North American pattern and North Atlantic subtropical high are 14 
important components of summertime hydroclimatic circulation in the region. The two models 15 
which most accurately characterize a range of precipitation anomalies replicate these 16 
hydroclimatic circulation patterns with the highest fidelity. These two most accurate and 17 
physically plausible models are in consensus in predicting an increasing length of dry spells, and 18 
decreasing duration of wet days, suggesting increased drought risk under climate change. They 19 
diverge between negative and neutral trends in maximum daily precipitation and total 20 
precipitation. Implications for water resources management and statistical downscaling studies 21 
are discussed. 22 
 23 
 24 
 25 
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1. Introduction 36 

The Laurentian Great Lakes contain 21% of the world’s surface freshwater, making them the 37 

largest surface freshwater system on earth. The Great Lakes supply drinking water to 8% of the 38 

United States and 30% of the Canadian population. Nearly 25% of Canadian agricultural 39 

production and 7% of American agricultural production occurs in the Great Lakes watershed. 40 

The Great Lakes surface water system, including the Saint Lawrence River, are essential inland 41 

navigation routes for the shipping industry. Since 1959, over $375 billion in commodities have 42 

traveled through the Great Lakes seaway on transport to or from the United States and Canada 43 

(United States EPA 2025). The management of the Great Lakes system involves international 44 

coordination between the United States and Canada by way of the International Joint 45 

Commission, as well as state and local governments across eight US states and two Canadian 46 

provinces. With so many stakeholders involved, and so much at stake, accurate information 47 

about current and future hydrologic conditions in the Great Lakes basin is essential to the 48 

coordination of successful human enterprise across North America. 49 

 50 

Seager et al. (2010) demonstrate that global warming will modify local hydrologic variability 51 

both thermodynamically and dynamically, and that the fidelity of characterization of both 52 

mechanisms must be considered when evaluating the realism of local hydrologic predictions 53 

under climate change (Seager et al. 2014). Thermodynamically, warmer air temperatures 54 

expected under global warming drive higher saturation vapor pressures. According to the 55 

Clausius-Clapeyron relationship, as average air temperatures increase under climate change, the 56 

maximum mass of water that can be in the atmosphere will increase as well, by about 7% for 57 

every 1˚ C temperature increase (Trenberth 2011; Allan et al. 2020). Temperature-modulated 58 
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increases in saturation vapor pressure will are theoretically associated with both an increase in 59 

precipitation rates (increased in the total mass and intensity of precipitation delivered during 60 

convection) and evaporation rates (an increase in the humidity gradient between moist land 61 

surfaces and warm dry air will increase rates of terrestrial drying). Often called “wet gets wetter, 62 

dry gets drier,” thermodynamic intensification of the hydrologic cycle under global warming is 63 

expected to increase the net moisture supply in humid climates and increase the net aridity in arid 64 

climates (Trenberth 2011; Shaw et al. 2011).  65 

 66 

Dynamically, the spatial distribution of humid and arid climates is determined by stable patterns 67 

in global atmospheric circulation. Atmospheric currents route moisture-enriched air from ocean 68 

basins over terrestrial landmasses, determining the spatial distribution of arid and humid 69 

landscapes at the continental scale (Gimeno et al. 2010). Atmospheric circulation patterns are 70 

complex, scale-dependent functions of earth’s axial rotation, earth’s orbit around the sun, 71 

thermal gradients in the oceans (which are modified by oceanic circulation), thermal gradients 72 

between land-sea interfaces, diabatic heating/cooling associated with internal atmospheric 73 

processes, and local landscape forcings such as land cover, elevation, and the presence of 74 

freshwater bodies. Dynamical shifts in hydroclimatology, that occur when increasing air 75 

temperatures modify large-scale atmospheric circulation patterns by way of modified thermal 76 

and osmotic gradients within oceans and across land masses, are projected to shift the geographic 77 

and seasonal distribution of terrestrial moisture supply. Taken in tandem, thermodynamic and 78 

dynamic shifts in hydroclimatology are expected to shift both the intensity of precipitation and 79 

evapotranspiration, and the space-time distribution of humidity and aridity, across continental 80 

landmasses (Seager et al. 2010, 2014; O’Gorman 2015; Allan et al. 2020).  81 



4 
 

 82 

There is broad consensus on the impact of thermodynamic intensification of the hydrologic cycle 83 

across different earth system models. An increase in temperature increases the moisture holding 84 

capacity of the atmosphere. This moisture availability will result in an increase in the intensity of 85 

precipitation, though the average global precipitation will be constrained by the energy 86 

availability for evaporation and convection (Trenberth 1999; Allen and Ingram 2002). Across all 87 

latitude bands, the extreme precipitation sensitivity to temperature is found to be positive, albeit 88 

with different magnitudes locally (O’Gorman 2015; Pfahl et al. 2017). The increase in intensity, 89 

which suggests that rainfall rates are increasing even if rainfall totals are not, also can be 90 

explained by the difference between thermodynamic increases in atmospheric moisture and a 91 

relatively smaller increase in total precipitation change (Trenberth 2011).  92 

 93 

In contrast, there is substantial variability in how earth system models represent dynamic 94 

hydrological shifts (shifts in lower atmospheric currents), resulting in substantial regional 95 

variability in predictions of hydrologic variables between model projections. As climate 96 

dynamics determine how moisture-enriched air is distributed from the oceans over landmasses, 97 

shifts in circulation patterns can modify hydrologic regimes, particularly in transitional regions 98 

between human and arid climates. Variability in characterization of regional dynamic hydrologic 99 

change dominates the total uncertainty in multi-model ensemble forecasts of precipitation under 100 

climate change, an effect which is particularly apparent in transitional regions (Pfahl et al. 2017; 101 

Paxton et al. 2021; Li et al. 2024). The accuracy of regional precipitation forecasts under 102 

different global warming scenarios is therefore dependent on the physical realism of how these 103 
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global models map regional precipitation anomalies to locally impactful anomalies in global and 104 

regional hydroclimatic circulation.  105 

 106 

The Great Lakes basin spans over 1200 kilometers and straddles four climate regions in two 107 

countries: the Midwestern and Eastern climate regions of the United States, and the Northeastern 108 

Forest and Laurentian Great Lakes climate regions of Canada. The basin also occupies the 109 

transition region between the semi-arid High Plains (average annual precipitation 16-20 inches) 110 

and the humid Northeast (average annual precipitation 60-70 inches) (PRISM Climate Group 111 

2014). The primary moisture sources for the Great Lakes basin vary spatially and seasonally, 112 

with the majority of moisture delivered as precipitation to the basin originating from the subpolar 113 

Pacific Ocean in winter months, and from the subtropical Atlantic and Gulf of Mexico in 114 

summer months (Gimeno et al. 2010; Carter et al. 2021). In the western Great Lakes, winter 115 

precipitation is generally sourced from the northern Pacific by way of polar jet stream (Rodionov 116 

1994a, b; Rodionov and Assel 2000, 2003; Assel et al. 2004; Bai et al. 2012, 2015; Gronewold et 117 

al. 2016; Carter and Steinschneider 2018; Gronewold and Rood 2019; Carter et al. 2021). The 118 

zonal and meridional intensity of the jet stream has strong control over precipitation dynamics in 119 

the region, and dynamics of the jet stream in turn are strongly leveraged by the El Niño Southern 120 

Oscillation, with La Niña events associated with enhanced meridional activity in the jet stream 121 

and strong moist anomalies in the Northern United States and Canada. Under climate change, 122 

both El Niño and La Niña events are expected to increase in frequency and intensity, with an 123 

expected westward migration in La Niña-associated wintertime moist anomalies in the upper 124 

latitudes of North America (Trenberth and Hoar 1997; Diaz et al. 2001; Tsonis et al. 2003; Cai et 125 

al. 2014, 2015; Chen et al. 2017). This may be associated with increased interannual variability 126 
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in wintertime precipitation, with a slight decline in the mean wintertime precipitation, in the 127 

Great Lakes region (McBean and Motiee 2008; Fu and Steinschneider 2019; Kayastha et al. 128 

2022).  129 

 130 

In the eastern Great Lakes, particularly in the warm season, precipitation variability is 131 

additionally impacted by circulation anomalies associated with the North Atlantic Subtropical 132 

High (NASH, also called the Azores High), which is a seasonally intensifying manifestation of 133 

the global Hadley circulation in the Atlantic basin (Li et al. 2011). Longitudinal thermal 134 

gradients associated with warm-season land-sea thermal contrasts in the Eastern and Western 135 

Atlantic basin cause the NASH to migrate westward during spring months, deflecting a current 136 

of moist air from the subtropical Atlantic into the continental interior, where it is convectively 137 

recycled through the eastern upper mid-Latitudes during summer months. Westerly anomalies in 138 

the NASH are associated with moist anomalies in the southeastern US and midwestern US. 139 

Under climate change, thermodynamically enhanced land-sea thermal contrasts are anticipated to 140 

be associated with a westward shift in the NASH at peak expansion, suggesting an increase in 141 

warm season Great Lakes precipitation sourced from the subtropical Atlantic (Li et al. 2011; 142 

Carter et al. 2021; Zhou et al. 2021). 143 

 144 

1.2 Historical and future impacts of climate change on Great Lakes hydroclimatology 145 

On top of seasonal and regional variability in oceanic moisture sources, hydroclimatic dynamics 146 

in the Great Lakes region are additionally complicated by the fact that the Great Lakes act as 147 

both a source and sink for precipitable moisture in the region. Most climate models do not 148 

parameterize lake – atmospheric climate processes, and therefore do not capture the influence of 149 
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lake evaporation on precipitation formation in the region. Most models represent lakes as a static 150 

water body component of land surface or oceans, some of them do not simulate Great Lakes at 151 

all. Even models that simulate lake – atmospheric climate are limited by coarse spatial resolution 152 

relative to scale of over-lake convection/advection (Briley et al. 2021). 153 

 154 

Understanding how Great Lakes precipitation has and will respond to shifts in regional 155 

circulation associated with climate change is challenging given the hydroclimatological 156 

complexity of the region. In the past several decades, the research community has identified 157 

substantial, complex evidence of hydrologic non-stationarity associated with anthropogenic 158 

climate change, as well as human development and lake level management (Carter and 159 

Steinschneider 2018; Fu and Steinschneider 2019; Gronewold et al. 2013). In line with 160 

expectations for thermodynamic hydrologic intensification under global warming, increases in 161 

both evapotranspiration and precipitation have been observed in the recent hydrologic record, 162 

leading to increased variability in lake levels across the Great Lakes (Held and Soden 2006; 163 

Hayhoe et al. 2010; d’Orgeville et al. 2014; Peltier et al. 2018). The main driver of extreme 164 

precipitation in the Great Lakes region is convective moisture convergence (Trenberth 1999). As 165 

the amount of moisture in the atmosphere is expected to increase with temperature, the intensity 166 

of extreme precipitation is also expected to scale with the changes of surface temperature 167 

(Pendergrass et al. 2015; Agard and Emanuel 2017; Chen et al. 2020). However, the mechanisms 168 

behind the mean rainfall response and extreme events response to warming can vary spatially. 169 

For example, current climate models predict an increase in total annual precipitation, but a drier 170 

summer in the Great Lakes region, as meteorological droughts in southwestern USA propagate 171 

eastward, reducing atmospheric moisture available for convective recycling to the Great Lakes 172 
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from the High Plains region (Peltier et al. 2018; Yang et al. 2023). It is unclear whether evidence 173 

for this mechanism exists in historical record. 174 

 175 

Uncertainties in global circulation models emerge from three different sources: internal unforced 176 

variability, model uncertainty, and radiative forcing uncertainty (Lehner et al. 2020). Among 177 

these three sources of uncertainty, model uncertainty mainly stems from structural differences 178 

among model parameterization schemes (Demory et al. 2014; Vannière et al. 2019). One of the 179 

major difficulties in precipitation projection is the coarse resolutions of earth systems models, 180 

which makes it hard to resolve mesoscale precipitation forming processes such as convective 181 

precipitation (Minallah and Steiner 2021a; Ferguglia et al. 2023). Accurate simulation of local 182 

precipitation formation processes, as well as accurate portioning the oceanic and terrestrial 183 

source of moisture that propagate seasonal precipitation anomalies, are also impacted by model 184 

spatial resolution.  185 

 186 

1.3 Objectives  187 

Given notable lack of agreements between numerical models in historical and future 188 

precipitation forecasts for the Great Lakes region, the goal of this analysis is to identify a subset 189 

of CMIP6 contributing model(s) which provide the most realistic depiction of dynamic drivers of 190 

Great Lakes historical precipitation variability for operational use and for selection in regional 191 

downscaling, with a focus on identifying model uncertainty arising from inaccurate 192 

parameterization of core precipitation forming processes in the region and inaccurate 193 

parameterization of regionally influential hydroclimatic dynamics. The suitability of contributing 194 
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models is defined in two ways: prediction accuracy (how accurate are historical precipitation 195 

predictions?) and mechanistic accuracy (how accurately does the model identify anomalies in 196 

regional summertime hydroclimatic circulation that drive precipitation anomalies?). For 197 

evaluating mechanistic accuracy, we focus on summer months (June, July, and August) when 1) 198 

the majority of precipitation is delivered to the region, 2) the majority of precipitation is 199 

delivered by convective recycling, which is poorly parameterized in many models due to grid 200 

scale, and 3) precipitable moisture is sourced from complex circulation patterns integrating 201 

signals from the subtropical Atlantic, ENSO region, and, by teleconnection, the subpolar Pacific, 202 

underscoring the importance of accurate parameterization of hydroclimatic circulation in 203 

precipitation model accuracy. Since earth systems models (ESMs) generally show good 204 

agreement in predicting future circulation anomalies, it follows that models with higher 205 

mechanistic accuracy will likely produce better precipitation predictions under future climate 206 

scenarios.  207 

To evaluate prediction accuracy, five indices of precipitation anomalies are calculated from 208 

historical ESM simulations and compared with observations from the same time period. To 209 

evaluate mechanistic accuracy, we quantify the non-linear correlation between summertime 210 

precipitation anomalies and characteristic anomalies in local summertime hydroclimatic 211 

circulation. The study is concluded with guidance on model selection for regional water 212 

resources managers, as well as advice for the global modeling community on selection of earth 213 

systems model for statistical downscaling, and broadly how to increase fidelity of models in this 214 

critical freshwater region.  215 

2. Methods 216 

2.1 Data 217 
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2.1.1 Observations of precipitation and geopotential height 218 

The CPC Global Unified Gauge Based Analysis of Precipitation dataset, a product of the CPC 219 

Unified Precipitation Project at the NOAA Climate Prediction Center (CPC) was selected for 220 

historical precipitation validation based on availability of daily data and coverage of both Canada 221 

and the contiguous US (minimal border artifacts associated with international discrepancies of 222 

gage network maintenance and processing) (Chen et al. 2008). CPC daily precipitation is 223 

available globally from 1979-present with a grid resolution of 0.50˚ x 0.50˚.  This dataset 224 

incorporates gauge-based analysis with estimates derived from satellite observations to improve 225 

near-global precipitation analysis using Optimal Interpolation objective analysis (Chen et al. 226 

2008). 227 

Historical geopotential height (z) data was obtained from the NCAR/NCEP reanalysis monthly 228 

dataset, which has a resolution 2.5˚ ×2.5˚ and historical coverage from 1948 to 2017 (Kalnay et 229 

al.1996). For each year in the study, summertime anomalies in z were calculated as the mean of 230 

the June, July, and August (JJA) monthly 500 hPa values, and were analyzed over a spatial 231 

extent of  -7.50 S  to 90N in latitude and 182W to 360W in longitude.  232 

2.1.2 CMIP6 model outputs 233 

The latest phase of the Coupled Model Intercomparison Project (CMIP), CMIP6, involves 42 234 

modeling groups from around the world, and produced a wealth of outputs that are being used to 235 

make informed decisions about climate policy and further research in the earth’s climate system 236 

(Eyring et al. 2016). Many models participating in CMIPs share common theoretical or empirical 237 

assumptions, evolve from common code banks, or developed at the same institution(s). These 238 

common model “genealogies’’ represent potential sources of non-independence between models 239 
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that can bias both projections and estimates of uncertainty when working with ensemble means 240 

(Steinschneider et al. 2015). To avoid functional redundancy between models, twelve models 241 

were selected that span the full range of grid resolution, equilibrium climate sensitivity, and 242 

regional transient climate representation among CMIP6 member models (Mahony et al. 2022); 243 

(Wang et al. 2016).  244 

Table 1: CMIP6 candidate model summaries. 245 

Model 
Name 

Institute 

  

Latitude Longitude Names 
Used in 
Paper 

Reference 

ACCESS-
ESM1-5 

Commonwealth 
Scientific & 
Industrial Research 
Organisation 

1.250 1.8750 ACCESS Ziehn et al 
(2019) 

BCC-
CSM2 

Beijing Climate 
Center 

1.250 1.8750 BCC Wu et al (2018) 

CanESM5 Canadian Centre 
for Climate 
Modelling and 
Analysis 

2.7893270 2.81250 CAN_ES
M 

Swart et 
al(2019) 

CNRM-
ESM2-1 

Centre National de 
Recherches 
Météorologiques 

1.4004370 1.406250 CNRM_E
SM 

Seferian(2018) 
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EC-Earth3 EC-Earth 
Consortium (EC-
Earth) 

0.70166920  0.7031250 EC_EAR
TH 

EC-Earth 
Consortium 
(EC-Earth) 
(2019) 

GFDL-
ESM4 

Geophysical Fluid 
Dynamics 
Laboratory/NOAA 

10 1.250 GFDL Krasting et 
al(2018) 

INM-
CM5-0 

Institute of 
Numerical 
Mathematics 

1.50 20 INM Volodin et al 
(2019) 

IPSL-
CM6A-
LR 

Institut Pierre-
Simon Laplace  

1.2676060 2.50 IPSL Boucher et 
al(2018) 

MIROC-
ES2L 

Japan Agency for 
Marine-Earth 
Science and 
Technology 

2.7893270 2.81250 MIROC Hajima et 
al(2019) 

MPI-
ESM-1-2-
HAM 

Max-Planck-
Institute fuer 
Meteorologie 

1.8646770 1.8750 MPI Neubauer et al 
(2019) 

MRI-
ESM2-0 

Meteorological 
Research Institute  

1.11250 1.11250 MRI Youkimoto et 
al(2019) 

 246 

Historic (1850-2014) simulations, forced by observations, are included in CMIP6 runs to allow 247 

tracking of changes in climate against change in external conditions independent from model 248 

error and bias (Eyring et al. 2016). Historical simulations of precipitation for all twelve models 249 
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were accessed to assess overall prediction accuracy. Historic simulations of 500 mBar 250 

geopotential height (z500) anomalies from the five most accurate models were also extracted. 251 

These z500 anomalies are used to assess mechanistic uncertainty when characterizing the 252 

hydroclimatic dynamics in the Great Lakes region. 253 

 254 

CMIP6 has a set of eight different emission scenarios representing different potential futures 255 

called Shared Socioeconomic Pathways (SSP). We evaluate precipitation changes in the Great 256 

Lakes region under two SSPs, SSP3-7.0 and SSP5-8.5, with radiative forcings in these scenario 257 

reach levels of 7.0 Wm-2 and 8.5 Wm-2, respectively, at the end of the 21st century in this 258 

scenario (O’Neill et al. 2016).These two scenarios, which are the highest emission scenarios in 259 

CMIP6, are used to allow for evaluation of significant response signals in the hydrologic cycle.  260 

 261 

2.2 Data processing and analysis 262 

2.2.1 Precipitation indices 263 

Basin wide daily precipitation is extracted for each of the five Great Lakes basins (Lake Huron, 264 

Lake Erie, Lake Michigan, Lake Ontario, Lake Superior) from both the historical CPC and 265 

CMIP6 member datasets. To evaluate percent bias in the CMIP6 models, the mean annual total 266 

precipitation (1979-2014) and mean monthly total precipitation (1979-2014) are compared to the 267 

same values in the CPC dataset. The monthly average precipitation was compared using a 268 

nonparametric Wilcoxon test (α= 0.05) (Rey and Anselin 2010). 269 

 270 

Daily precipitation data for each grid point  of the five Great Lakes were processed into five 271 

precipitation indices to capture dry anomalies (Cumulative Dry Days), moist anomalies 272 
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(Cumulative Wet Days, Total Precipitation) and extreme precipitation anomalies (Extreme 273 

Precipitation Days,  Maximum Daily Precipitation) (Table 2, (Zhang et al. 2011). All the indices 274 

were calculated for the summer season (i.e., June, July, and August), when the majority of 275 

precipitation is delivered to the region and prediction accuracy is lowest (Basile et al. 2017; 276 

Carter et al. 2021; Kunkel et al. 2022; Yang et al. 2024). 277 

 278 

Table 2: List of Precipitation Indices 279 

Index Definition Description Unit 

CDD Cumulative Dry Days Number of consecutive 
days with lower than  
trace amount (0.25 mm) 
of precipitation 

Days 

CWD Cumulative Wet Days Number of consecutive 
days with higher than  
trace amount (0.25 mm) 
of precipitation 

Days 

EPD Extreme Precipitation Days Number of days when 
the amount of daily 
precipitation falls above 
the 90th percentile 

Days 

TP Total Precipitation  Total amount 
precipitation in summer 
months each year 

mm/year 

MDP Maximum Daily Precipitation Maximum amount of 
daily precipitation each 
year in summer months 

mm/day 

 280 
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 281 

2.2.2 Prediction accuracy  282 

Dry (indicated by CDD and TP), moist (indicated by CWD and TP), and extreme (indicated by 283 

MDP and EPD) precipitation anomalies are associated with distinct circulation patterns and 284 

meteorological drivers. To evaluate the performance of CMIP6 model datasets, we evaluate how 285 

well candidate models perform in aggregate in capturing moist, dry, and extreme precipitation 286 

indices using the inter-annual variability skill score (IVSS) (Equation 1,(Srivastava et al. 2020).   287 

 288 

                                            𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑖𝑖 = 1
𝑁𝑁
∑ �

𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑛𝑛,𝑖𝑖 

𝐼𝐼𝐼𝐼𝐼𝐼𝑜𝑜,𝑛𝑛,𝑖𝑖
 −  

𝐼𝐼𝐼𝐼𝐼𝐼𝑜𝑜,𝑛𝑛,𝑖𝑖 

𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑛𝑛,𝑖𝑖
�𝑁𝑁

𝑛𝑛=1 .....................................(Eq. 1) 289 

 290 

Here, IQR is the interquartile range for an index i at location n, between a modeled dataset m and 291 

observed dataset o, where N is the total number of grid points in the dataset. A perfectly 292 

simulated model will have an IVSS value of zero, the larger the IVSS, the poorer the 293 

performance of the model. To compare the relative performance of the model relative to other 294 

CMIP6 models, calculate the normalized interannual variability score (NIVSS, Equation 2, 295 

(Srivastava et al. 2020). 296 

 297 

                                           𝑁𝑁𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑖𝑖 = 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚,𝑖𝑖     − 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶6,𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑚𝑚

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶6,𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑚𝑚
 .......................................(2) 298 

 299 

Here, 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐶𝐶𝐶𝐶𝐼𝐼𝐶𝐶6,𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑚𝑚 is the median IVSS of index i across all twelve candidate CMIP6 300 

models. A negative NIVSS value indicates that the model is performing better than most of the 301 

other models and a positive value indicates decreasing skill. This metric of comparing models 302 

based on NIVSS is known as evaluating the Model Variability Index (MVI). MVI is the median 303 
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across all indices of a models NIVSS values. Models with a MVI value less than zero are 304 

considered the best performing models (Chen et al. 2011; Jiang et al. 2015; Srivastava et al. 305 

2020).  306 

 307 

For calculating performance metrics (NIVSS and MVI, Equations 1 and 2), precipitation indices 308 

were calculated for each grid at original model resolution. For comparison, the observed 309 

precipitation dataset (CPC) was resampled by the nearest neighbor method to each model 310 

resolution (Table 2). 311 

 312 

2.2.3 Dynamic accuracy 313 

Rank correlation between observed and modeled total precipitation (TP) and denoised 314 

geopotential height anomalies is used to identify dominant spatiotemporal circulation patterns 315 

associated with anomalous precipitation in both observed (NCAR/NCEP) and the high-316 

performing models in the CMIP6 dataset (Section 2.2.2). Using the method of Yin (2018), for 317 

each dataset, the minimum number of principal components that explained at least 75% of the 318 

variance in the total dataset are selected, and their loadings are combined and inverted back into 319 

the original dimension to denoise the data. Spearman rank correlation between these gridded 320 

denoised z500 and yearly precipitation anomalies are calculated for each grid cell in the spatial 321 

field of z500.  Correlation coefficients which exclude zero with a 90% confidence interval are 322 

considered significant. The spatial variability in the magnitude of Spearman’s correlation 323 

coefficient helps us to identify atmospheric regions where modelled and observed circulation 324 

anomalies translate to anomalies in Great Lakes precipitation. The modeled and observed spatial 325 

correlation patterns are compared. This information, which indicates fidelity of the model in 326 
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capturing dynamical drivers of hydroclimatic variability in the region (“dynamic accuracy”), is 327 

then used to assist in the interpretation of the fidelity of future precipitation forecasts. 328 

 329 

2.3 Forecasted trends in precipitation indices  330 

Five models are selected based on their historic performance, as indicated by MVI values and 331 

dynamic accuracy, to evaluate future projections of summertime (JJA) precipitation indices. 332 

Significant trends are identified through a Mann-Kendall trend test (α=0.05), and ordinary least 333 

squares regression is used to quantify the magnitude of 21st century trends in historically mean-334 

centered JJA precipitation indices (i.e. with the historical (1974-2014) mean of each precipitation 335 

index for each individual models forced to the y-intercept). This was used to infer the magnitude 336 

of projected 21st century changes in precipitation indices.  337 

 338 

3.  Results 339 

3.1 Historical accuracy 340 

Almost all candidate models show a consistent positive bias in annual total precipitation (TP) 341 

estimates across the Great Lakes basin (Figure 1), a trend that intensifies moving from the 342 

western to eastern reach of the basin (Fig 2a). GFDL shows the strongest overall positive bias, 343 

with 44.22% overestimation of annual TP relative to CPC data, followed by ACCESS (41.03%), 344 

MIP (39.71%), MRI (39.23%), and CAN_ESM (36.91%) and EC_EARTH (35.58%). While TP 345 

is largely overestimated by all the models (Figure 2c), both EPD and CWD show comparatively 346 

little bias (Figure 2b, 2d). In contrast, a strong positive bias in MDP, with a negative variance 347 

bias and strong intermodal agreement, is seen (Figure 2e).  On an annual basis, CDD shows 348 

minimal mean bias, but negative variance bias and strong intermodal agreement (Fig 2a).  349 
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 350 
Figure 1. Annual Total Precipitation (TP) in 12 participating models and CPC dataset 351 

 352 

 353 
Figure 2. Annual CDD, CWD, TP, EPD and MDP by lake basins in 12-model ensemble mean and in CPC 354 

dataset. The solid line inside each box represents the median value, the box area represents the inter-quartile 355 
range; the upper and lower whisker respectively represent the upper and lower 25th percentile. The lake 356 

basins are organized west to east to aid the interpretation 357 
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Based on CPC observations, February is on average the driest month in the Great Lakes Basin, 358 

and June-September has the most TP (Fig 3). Models that show some fidelity in capturing 359 

seasonal trends tend to do so in winter or early spring months (ACCESS, BCC, CNRM, 360 

EC_EARTH, GFDL, INM, MIROC, MPI, MRI). Fewer models capture the observed trend of 361 

precipitation increasing from March to June, stabilizing at this high until August, before 362 

declining from September to December (CNRM, GFDL, MIROC, MPI, MRI).  All models 363 

demonstrate significant positive or negative bias in some monthly precipitation estimates. 364 

Consistent with the bias observed in annual precipitation predictions, a positive or wet bias is 365 

observed in most models during most months, but particularly in the spring months (March, 366 

April, May). In addition to mean bias in monthly precipitation, models show greater interannual 367 

variability in monthly precipitation than CPC data, suggesting an overestimation of monthly 368 

precipitation variance (Fig 3). 369 

 370 
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Figure 3. Average monthly precipitation for 12 CMIP6 models (red) and CPC observations (blue) 371 
with standard error. Stippling indicates no statistically significant difference between observed and 372 

modelled monthly mean precipitation. 373 

The overall model performance across all precipitation indices is integrated into the model 374 

variability index (MVI), which is the median of the interannual variability skill scores (IVSSs) 375 

over all indices for that model (Fig 4, top row). A model with a negative MVI value is 376 

considered to have higher accuracy relative to other models. The normalized interannual 377 

variability skill score (NIVSS), which is an indicator of relative model performance in capturing 378 

a historical precipitation index, is calculated by normalizing the respective IVSS with respect to 379 

the median IVSS over all candidate models. The relatively well performing models across all 380 

precipitation indices, as indicated by negative MVI values, are EC-Earth, MPI, MRI, ACCESS 381 

and MIROC (Fig 4). These five models were used to examine the trends in future precipitation 382 

indices.  383 

 384 
 385 

Figure 4. Portrait diagram of normalized IVSS over the 1979-2014 period. Model MVI is shown in 386 
the top row, which is the median of IVSSs over all indices for that model. 387 
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The higher performing models, EC_Earth and MPI, which had the first and second ranking MVI 388 

respectively, consistently showed good agreement in inter-annual measurements of moist 389 

anomalies (TP, MDP, CWD) and dry anomalies (CDD). Neither model showed relative skill in 390 

capturing historic distributions of EPD. MRI (the third ranking model) had comparable 391 

performance in capturing EPD as EC_Earth and MPI. Like MRI, ACCESS and MIROC (the 392 

fourth and fifth ranking MVI models, respectively) did not perform well relative to other 393 

candidate models in predicting dry anomalies (CDD), but performed well in capturing EPD. 394 

Similarly, several models with less accuracy in predicting moist anomalies (CNRM and 395 

CANESM) were more effective in predicting CDD (Fig 4). 396 

 397 

3.2 Model mechanistic accuracy 398 

Only the top five ranking MVI models were selected for geopotential height analysis: EC_Earth, 399 

MPI, MIR, ACCESS, and MIROC. In the historical observations, we see that TP in the Great 400 

Lakes region is correlated with a z500 anomaly tripole that spans the northeast hemisphere mid-401 

latitude region, with positive (negative) TP associated with a positive (negative) z anomaly over 402 

the Gulf of Alaska, a negative (positive) z anomaly over central/eastern Canada, and a positive 403 

(negative) z anomaly over the Labrador Sea. We also see a significant correlation between 404 

summer Great Lakes TP and the Gulf of Mexico/southeastern United States, with positive 405 

(negative) summertime TP associated with positive (negative) z500 in the region (Fig 5a). 406 

 407 
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 408 
Figure 5. Correlation between denoised z500 mb and Great Lakes summer (JJA) total precipitation (TP). 409 

 410 
The two models which come closest to replicating the midlatitude z500 tripole pattern associated 411 

with increased Great Lakes summer TP are EC_EARTH and MPI, which were also the top two 412 

ranking models based on MVI. Both EC_Earth (Figure 5b) and MPI (Figure 5c) capture a 413 

positive-negative-positive correlation at approximately the same longitude as what is seen 414 

approximately the focal regions of the Pacific North Atlantic oscillation pattern in observations 415 

(Fig 5a). In EC_Earth (Fig 5b), the positive regions of this tripole are shifted about 20° north. In 416 

MPI (Fig 5c), the negative region of the tripole has a locus in approximately the same geographic 417 

location as is captured in observations, but correlations between TP and z500 in this region are 418 

not statistically significant. The only model to capture a significant z500 anomaly in the 419 

subtropical Atlantic region is MPI. Both ACCESS and MRI, the third and fourth ranking models 420 

by MVI, show little to no fidelity to observed correlation between z500 and summertime TP. In 421 

ACCESS, extremely limited statistically significant correlation is observed between modeled TP 422 

and any z500 anomalies in the northeastern hemisphere (Fig 5d). In MRI, modeled TP is broadly 423 

negatively correlated with increased z500 across the northeastern hemisphere, bearing little 424 
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resemblance to the observed patterns (Fig 5e). MIROC, the fifth ranking model for MVI but the 425 

highest-ranking model for CDD, captures a weak mid-latitude tripole linking z500 to modeled 426 

TP, but it is in the wrong phase over North America. MIROC approximately captures the 427 

observed correlation between z500 and TP well over the Labrador Sea (Figure 5f). 428 

 429 

3.3 Future precipitation predictions 430 

Of the top five ranking models by MVI, only the first two ranking (MPI and EC_Earth) had 431 

negative IVSS scores for CDD. These models returned diverging low magnitude, though 432 

statistically significant (at SSP 3-7.0 and SSP5-8.5 for EC_EARTH, and at SSP5-8.5 only for 433 

MPI) trends for future CDD.  EC_Earth predicts an increase in summertime maximum CDD of 434 

between 1.0-1.2 days/year by 2100 (for SSP3-7.0 and SSP5-8.5, respectively). MPI suggests an 435 

increase in summertime maximum CDD of  0.9 days/season by 2100 (for SSP5-8.5 only) (Fig 6). 436 

Statistically significant increases in CDD are projected in MRI and ACCESS as well 437 

(corresponding to 0.7 to 1.2 days/ season by 2100). No significant trends are observed in 438 

MIROC. 439 
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 440 
Figure 6. Historic (1974-2014) modelled and observed CDD, and projected (2015-2100) CDD under SSP3-7.0 441 

and SSP5-8.5, with future OLS trendlines. 442 
 443 

In historical simulations, MRI, MPI, and EC-Earth showed the greatest still in capturing 444 

interannual variability in CWD (Figure 7), yet there is little consensus between these models on 445 

future trends in cumulative wet days. MPI is the only model projecting significant trends in 446 

CWD under both SSP pathways, corresponding a decrease of between 1.7 and 2.4 days in a wet 447 

day sequence by 2100. MIROC predicts a statistically significant increase corresponding to 448 

about 1.2 days per wet sequence per season by 2100 for SSP5-8.5 only; this trend is not 449 

conserved by SSP3-7.0. 450 
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 451 
Figure 7. Historic (1974-2014) modelled and observed CWD, and projected (2015-2100) CWD under SSP3-7.0 452 
and SSP5-8.5, with future OLS trendlines. 453 
 454 

Extreme precipitation days (EPD) is an index of storm duration. MIROC and ACCESS, the two 455 

models which performed best relative to other candidate models amongst the top-five ranking 456 

MVI models in predicting EPD, showed significant negative trends in the 21st century, 457 

corresponding to an decrease in EPD of 0.2 to 0.8 days/season by 2100. EC_Earth and MRI, 458 

which were the top-performing models overall in terms of prediction and mechanistic accuracy, 459 

also indicate weak but contrasting 21st century trends in EPD, corresponding to an decrease in 460 

EPD of 0.3 to 0.7 days/season by 2100. No significant trends in EPD are projected by MRI (Fig 461 

8). 462 
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 463 
Figure 8. Historic (1974-2014) modelled and observed EPD, and projected (2015-2100) EPD under SSP3-7.0 464 
and SSP5-8.5, with future OLS trendlines. 465 
 466 

Maximum daily precipitation (MDP) is an indicator of storm intensity. The models are split in 467 

the direction of future trends. EC_EARTH, MRI (two of the models with lowest NVISS for 468 

MDP) and MIROC all suggest significantly increasing MDP by 2100; under both emission 469 

scenarios for EC_EARTH and MRI, and under SSP5-8.5 only for MIROC. ACCESS, in contrast, 470 

projects a significant negative trend in MDP under both SSPs. MPI, which had the second lowest 471 

NIVSS for historical MDP, projects no trends in MDP under either SSP (Fig 8).  472 
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 473 
Figure 9. Historic (1974-2014) modelled and observed MDP, and projected (2015-2100) MDP under SSP3-7.0 474 
and SSP5-8.5, with future OLS trendlines. 475 
 476 

Models likewise diverge on summertime total precipitation (TP) anomalies, an index of 477 

anomalous atmospheric dynamics. EC_EARTH, ACESS, and MIROC all project decreases in 478 

summertime TP, ranging from 13.7 to 88.0 mm per season by 2100. MPI and MRI project 479 

statistically significant increases in summertime TP, ranging from 23.3-58.2 mm per season by 480 

2100, but for SSP5-8.5 only. No significant trends are seen in summertime TP in these models 481 

under SSP3-7.0 (Fig 9).  482 
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 483 
Figure 10. Historic (1974-2014) modelled and observed TP and projected (2015-2100) TP under SSP3-7.0 and 484 

SSP5-8.5, with future OLS trendlines. 485 
 486 

 4. Discussion 487 

General circulation models participating in CMIP experiments have shown notoriously low 488 

fidelity in capturing hydrometeorological and hydroclimatic variability in the Midwestern and 489 

Northeastern United States (Akinsanola et al. 2020); (Minallah and Steiner 2021b), particularly 490 

during summer months (Peltier et al, 2018). This limits effective planning for water resources 491 

management in the Great Lakes basin, which contains over 25% of global freshwater resources. 492 

This analysis investigates how twelve models capturing a wide range of climate 493 

parameterizations participating in the latest CMIP experiment, CMIP6, perform in capturing 494 

several different indices of summertime extreme dry, moist, and wet precipitation in the Great 495 

Lakes region. By examining the accuracy and precision of models in capturing the historical 496 
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distribution of these precipitation indices (CWD, CDD, EPD, MDP, and TP), the performance of 497 

models in capturing different mechanisms of precipitation delivery are explored. As future 498 

hydroclimatic shifts will be associated with by thermodynamic intensification of the hydrologic 499 

cycle as well as dynamical shifts in integrated vapor transport, we additionally hypothesize that 500 

model hydroclimatic fidelity will be related to its accuracy in capturing relationships between 501 

precipitation anomalies and circulation anomalies in regional hydroclimatic circulation, as 502 

indicated by correlation between geopotential height and seasonal anomalies in total 503 

precipitation.  Uncertainties in CMIP6 model predictions are associated with both internal 504 

variability and model uncertainty. These model uncertainties, which can be observed as biases in 505 

historical simulations and inconsistencies in the relationship between precipitation anomalies in 506 

hydroclimatic circulation anomalies, will likely be conveyed in future projections (John et al. 507 

2022). We thus seek to identify models with the greatest physical realism in capturing the 508 

regional hydroclimatic system to guide our interpretation of diverging predictions of future 509 

hydroclimate scenarios. 510 

 511 

The 5th Assessment Report of Intergovernmental Panel on Climate Change (IPCC) uses two 512 

metrics to identify the fidelity of GCM model performance to external forcings: the Equilibrium 513 

Climate Sensitivity (ECS), which evaluates the models’ long term rebound to climatological 514 

stasis  after an instantaneous doubling of atmospheric CO2, and the Transient Climate Response 515 

(TCR), which evaluates the models’ projected equilibrium response to an incremental increase in 516 

atmospheric CO2 (Tokarska et al. 2020; Nijsse et al. 2020). The five models identified as higher 517 

performing in the Great Lakes region based on IVSS (EC_Earth, MPI, MRI, ACCESS, and 518 
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MIROC) all have ECS and TCR values identified in the range of “likely warming” by the IPCC, 519 

building confidence in our findings.  520 

 521 

Almost all candidate models show a consistent positive bias (17-44% depending on the model) in 522 

annual total precipitation estimates relative to CPC precipitation (Fig 1). The positive bias in 523 

total precipitation grows stronger as we move from west to east across the basin (Fig 2). A 524 

climatological increase in precipitation that is stronger on the eastern range of the Great Lakes 525 

basin could be associated with increased flood risk on the eastern edge of the basin, which 526 

integrates anomalous runoff across all the upper Great Lakes before it is discharge to the Atlantic 527 

by way of the Saint Lawrence Seaway. Individual GCM’s bias towards overestimation of annual 528 

precipitation has been identified in the literature (Li et al. 2014).  529 

 530 

Consistent model biases in climatological precipitation show seasonal patterns as well, with 531 

weak agreement observed between modeled and actual precipitation in fall/winter months for 532 

most models (MRI, ACCESS, MIROC, UKESM, INM, MPI, BCC, Can-ESM, and 533 

CNRM_ESM), and limited to no skill seen in capturing the monthly distribution of precipitation 534 

during the warm season (Fig 3). The relative accuracy of cold season model predictions has been 535 

observed in the literature, and is likely attributable to the fact that winter precipitation anomalies 536 

are strongly leveraged by regional teleconnection patterns, particularly the El Niño Southern 537 

Oscillation (ENSO) and the Pacific North American pattern (PNA). Summertime circulation 538 

anomalies are associated with small scale convective process (Li et al. 2011)  and lesser-539 

characterized, more volatile modes of anomalous large scale circulation, such as dynamics 540 

associated with the propagation and decay of the southwestern ridge under the summertime peak 541 
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of the North Atlantic Subtropical High (W. Li et al. 2011, Zorzetto and Li 2021). As the majority 542 

of precipitation to the Great Lakes basin is delivered during summer months and hydroclimatic 543 

dynamics in the region are most complex during this time, we make the accuracy of warm season 544 

precipitation the primary focus of our study.  545 

 546 

The primary mechanism of precipitation delivery in the summertime in the Great Lakes region is 547 

the convective recycling of moisture sourced from the subtropical Atlantic and, to a lesser extent, 548 

northern Pacific (Gimeno et al. 2010). This Atlantic-sourced moisture travels upward into the 549 

continental interior through convective recycling, following the western ridge of the North 550 

Atlantic subtropical high (NASH) in the southern mid-latitudes, and then travels eastward along 551 

with the Pacific-moisture enriched jet stream in the northern mid-latitudes. Positive anomalies in 552 

meridional integrated vapor transport along the western ridge of the NASH have been related to 553 

increased precipitation intensity in the eastern United States in the last century (Li et al. 2011; 554 

Carter et al. 2021; Zorzetto and Li 2021; Teale and Robinson 2022). The mid-latitude tripole 555 

observed in spatial correlations between geopotential height (z500) and TP in Fig 6 mirrors these 556 

past results, and closely resembles the PNA (Wallace and Gutzler 1981), confirming that a 557 

negative phase of the PNA is associated with increased summertime precipitation in the region 558 

(Andresen et al. 2012; Malloy and Kirtman 2020). In addition, a strong positive relationship is 559 

seen between TP and increased z500 in the region corresponding with the climatological summer 560 

westward position of the NASH confirms that increased NASH intensity is associated with 561 

enhanced integrated vapor transport, and associated increases in convective precipitation, 562 

throughout the central and eastern United States (Fig 6, Wang et al. 2007; Li et al. 2011; Bishop 563 

et al. 2019; Zhou et al. 2021; Zorzetto and Li 2021).  564 
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 565 

Overestimation of wet indices may stem from the “drizzle problem” in general circulation 566 

models, where low frequency, high intensity precipitation is overestimated, but persistent low-567 

intensity precipitation is underestimated (Gibson et al. 2019);(Dai and Trenberth 2004). While 568 

TP is largely overestimated by all models, both EPD and CWD show comparatively little bias 569 

(Fig 2, Fig S9 and Fig S6) suggesting that origin of consistent overestimation in TP in this region 570 

is not associated with inaccuracy in parameterizations related to frequency and duration of 571 

precipitation events, but in rainfall intensity. In addition, our analysis shows strong positive bias 572 

in MDP across the Great Lakes basin, with a negative variance bias and strong inter-model 573 

agreement (Fig 2, S6, S9, and S15).  Convective storms occur on the scale of meters to 574 

kilometers and, as such, are not well parameterized in most CMIP6 models which run on a grid 575 

scale of hundreds of kilometers or greater (Li et al, 2010; (Cristiano and Veldhuis 2017). As 576 

positive moisture anomalies in TP can result from either short duration high intensity storms, or 577 

long duration low intensity storms, our patterns indicate that MDP and CWD  are contributing 578 

less to overestimate of TP than EPD, suggest that “drizzle bias” persists in CMIP6 models in the 579 

region.  580 

 581 

This work that resolution of models may not have as much effect on finding statistical 582 

similarities in precipitation characteristics as it was supposed. Of the selected models, EC_earth 583 

and MPI showed the highest accuracy in capturing historic distributions of MDP (Fig 4). Both of 584 

these models demonstrated correlation patterns between TP anomalies and z500 anomalies in the 585 

subtropical north Atlantic that most nearly match historic observations (Fig 5). ACCESS and 586 

MIROC showed the poorest performance in capturing historical MDP (Fig 4), and likewise 587 
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showed no significant spatial correlation between TP anomalies and z500 anomalies in the 588 

subtropical North Atlantic (Fig 5). This is consistent with under-parameterization of meridional 589 

integrated vapor transport associated with convective recycling of Atlantic-sourced moisture, 590 

which has shown an increasing relationship with precipitation intensity in the eastern United 591 

States in the last century (Teale and Robinson 2022), and further suggests that parameterization 592 

of the relationship between geopotential height anomalies and integrated vapor transport 593 

anomalies throughout the continental interior, as well as more accurate parameterization of the 594 

magnitude and variance of convectively recycled warm season extreme precipitation, are 595 

essential components of capturing current and future climatological precipitation in the Great 596 

Lakes region.  597 

 598 

Evaluating future hydroclimate from the perspective of accurate climate models indicate that we 599 

may expect to see a slightly drier summer in the Great Lakes region, corresponding to an 13.7 to 600 

88.0 mm decrease in summertime TP, which is consistent with results from other studies in 601 

Midwestern and Northeastern US (Zhou, Ruby Leung, and Lu 2022; Richard Peltier et al. 2018; 602 

Akinsanola et al. 2020).  The slight decrease in TP appears to be largely driven by significant 603 

increases in  CDD, corresponding to a 0.9 to 1.2 increase in dry days per longest dry spell per 604 

year. Decrease in storm duration (CWD) and increase in dry periods (CDD), are historically 605 

associated with a strong ridge over the central United States, which weakens the storm track in 606 

the midwestern region and causes blocking in the late summer season (Chen et al, 2022).  Less 607 

frequent or persistent precipitation may also be driven by a dynamic reduction in atmospheric 608 

moisture content in this region in the months of July and August, defined by a eastward shift in 609 

aridity associated with enhanced land-sea thermal contrast in the region (Mailhot et al. 2019; 610 
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Minallah and Steiner 2021). Similar trends are also found in Akinsanola et al. (2020) and Dollan 611 

et al. (2022).  612 

 613 

We see skillful and dynamically precise models diverging in projects of maximum daily 614 

precipitation (MDP), our major indicator of thermodynamic intensification of the climate 615 

indices. We observe that higher spatial resolution models (EC_EARTH at 0.7° resolution, MRI 616 

at 1.1° resolution) predict increases in MDP, whereas our lower resolution models (MPI at 1.9° 617 

resolution,  ACCESS at 1.25° resolution, and MIROC at 2.8° resolution) predict slightly 618 

increasing to neutral to strongly decreasing tends in MDP (Table 2). As convective storms tend 619 

to be shorter in duration and higher in intensity, this trend is consistent with gains in convective 620 

precipitation prediction seen in higher resolution models. Increases in in MDP in humid regions 621 

and increases in CDD in arid regions clearly mirroring the “wet gets wetter”’ characterization of 622 

thermodynamic intensification of the hydrologic cycle under climate change (Li et al. 2021). 623 

Signatures of thermodynamic intensification were also found  in CMIP5 higher emission 624 

scenarios (Shrestha et al. 2022). In particular, observed intermodal disparities in MDP 625 

predictions may indicate differences in model parameterizations of dynamical shifts under 626 

climate change, where slight changes in geopotential height patterns the transitional Great Lakes 627 

region could modify the spatial distribution of integrated vapor transport, and thus modify the 628 

spatial distribution of moisture and energy limited hydroclimatological regimes within the 629 

region. 630 

 631 

As this strong intermodal positive bias in TP appears to be associated with a negative “drizzle 632 

bias,” or overprediction of intense precipitation events at the expense of long-duration low-633 
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intensity events, confidence in future prediction of increased intense precipitation is degraded. 634 

These results contribute information, if not insight, into the debate about the efficacy bias 635 

correction in future precipitation predictions in the Great Lakes region (Ehret et al. 2012). Four 636 

of our five selected models predicted an increase in the dry index (CDD). This signal indicates 637 

consensus on increased risk for meteorological drought in the region. 638 

 639 

5. Conclusion 640 

The goal of this study was to identify which models demonstrate the most physical fidelity in 641 

capturing circulation anomalies related to seasonal and climatological variability in Great Lakes 642 

precipitation. Physically realistic models are most likely to make accurate future predictions, 643 

which is important for policy planning to mitigate the effects of a changing climate in this critical 644 

freshwater region. Relative performance of models against observed precipitation was assessed 645 

using NOAA CPC unified gauge adjusted dataset. Model Variability Index (MVI) was calculated 646 

to compare the distributions of historical and modelled precipitation indices. Models selected on 647 

the basis of MVI values were used to estimate the trends in future precipitation in two different 648 

emission scenarios.   649 

 650 

In terms of large circulation patterns, the highest two performing models both capture a PNA-651 

like pattern seen in observations over in the mid-latitude region, and one (MRI) captures a 652 

relationship between enhanced TP and intensification of the North Atlantic subtropical high, 653 

lending confidence in their predictions. Accurate representation of these hydroclimatic 654 

circulation patterns are associated with greater skill in capturing warm-season distribution of 655 

convectively recycled precipitation in the region. Models chosen based on their overall skill 656 
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score in historic precipitation variability in the Great Lakes region predict a drier summer, where 657 

longer dry spells and shorter duration precipitation are largely balanced out by an increase in 658 

precipitation intensity in those events.  659 

 660 
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