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Large ensembles of regional climate simulations were generated from the 

weather@home distributed volunteer computing project over the western US domain. 

Weather@home uses the U.K. Met Office Hadley Centre’s regional climate model 

HadRM3P (~0.22°) nested within the atmospheric global model HadAM3P (1.875 

longitude° by 1.25 latitude°). Simulations from HadRM3P were evaluated against 

observational datasets, and were found to be able to faithfully reproduce various 

properties of the recent past climate of the western US. In an effort to explore local 



 

 

anthropogenically forced climate responses, especially precipitation response, over the 

complex terrain, western US climate was simulated for the recent past (1986-2014) and 

future (2031-2059).  The large initial-condition ensemble of regional climate 

simulations provides detailed information of precipitation changes at local grid point 

level, with high signal-to-noise ratio, while results from the host global climate model 

are analyzed for synoptic-scale mechanisms driving the regional changes. Both winter 

and summer precipitation changes have a large dynamic origin. Winter precipitation 

changes are associated with a southeastward extension of the Aleutian low-pressure 

center and strengthening and eastward expansion of the upper subtropical jet stream. 

Summer precipitation changes are associated with a high-pressure anomaly centered 

over the northwest at the 500-hPa level, contributing to drying in the northwest, and 

the wetting in the southwest is associated with stronger increase in water vapor. The 

pattern of circulation change associated with changes in extreme (wet) monthly 

precipitation is similar to that for changes in mean monthly precipitation, but the 

changes are more intense. The changes of extreme precipitation vary spatially, with the 

least relative increase in Western Oregon-Washington, and the most relative increase 

in the Great Basin. Precipitation increase more on the leeward side of the Cascade 

Range than on the windward side, and this difference across mountain barrier is present 

in changes of both seasonal mean and extreme precipitation, suggesting common 

physical drivers.  These large ensembles also present unique datasets to thoroughly 

assess the impact of internal variability on climate projections from a high-resolution 

regional model. We quantify the magnitude of changes forced by increasing 

greenhouse gas concentrations relative to internal variability and find that simulations 



 

 

spanning 10 to 30 years (the timespans used in the majority of published studies of 

regional climate modeling) often lead to unfounded confidence in results because of 

low grid-point level signal-to-noise ratios that furthermore vary considerably by season, 

variable and location.  We offer a rule of thumb for determining the minimum adequate 

ensemble size Nmin to detect a response to anthropogenic forcing in different climate 

variables, and a minimum adequate ensemble size 𝑁min(△𝑥)  required for detecting 

spatial heterogeneity of such responses. Our results underscore the problem that 

increasing model resolution without increasing ensemble size does not necessarily 

advance the understanding of regional and local climate response to anthropogenic 

forcing. To summarize, the combination of high resolution over the complex terrain of 

western US and large numbers of simulations allow us to explore the effects of local 

and regional climate change in a way not otherwise possible.  

 

  



 

 

 

 

 

 

 

 

 

 

 

©Copyright by Sihan Li 

March 15, 2017 

All Rights Reserved



 

 

Large Ensembles of Regional Climate Simulations over the Western United States 

 

 

by 

Sihan Li 

A DISSERTATION 

 

submitted to 

 

Oregon State University 

 

in partial fulfillment of 

the requirements for the 

degree of 

 

 

Doctor of Philosophy 

 

 

Presented March 15, 2017 

Commencement June 2017 



 

 

Doctor of Philosophy dissertation of Sihan Li presented on March 15, 2017 

 

 

 

APPROVED: 

 

 

Major Professor, representing Ocean, Earth, and Atmospheric Sciences 

 

 

Dean of the college of  Earth, Ocean, and Atmospheric Sciences 

 

 

Dean of the Graduate School 

 

I understand that my dissertation will become part of the permanent collection of 

Oregon State University libraries. My signature below authorizes release of my 

dissertation to any reader upon request. 

 

 

Sihan Li, Author 



 

 

ACKNOWLEDGEMENTS 

 

First, I would like to express my sincere gratitude to my major advisor Prof. Mote for 

recruiting me here, and for the continuous support throughout my Ph.D. study, for his 

motivation and patience. His guidance helped me throughout my research and writing 

of this dissertation. And his support and encouragement has helped me become a more 

positive person. I am so very grateful for having him as my mentor not only in research 

but also in life.  

 

And my sincere thanks and gratitude goes to Prof. Rupp. His help and guidance has 

been crucial in my Ph.D. studies. He has always been supportive, encouraging and 

helps me to reach my potential. I feel extremely lucky to be able to sit and work side 

by side with him for the past few years; his rigorous way of doing research had really 

influenced me tremendously and I have learned so much.  

 

I would also like to thank Prof. Wettstein, for his insightful comments, in-depth 

discussions, and also for the hard questions which incented me to think deeper and from 

broader perspectives, and of course his encouragements; and Prof. Shell and Prof. 

Wickham who are always being there for me to offer their immense knowledge 

whenever I need their guidance. Without their support, this dissertation would not be 

possible. 

 



 

 

I thank each and every member of OCCRI. Thank you all for welcoming and embracing 

me and for the kindness you have shown after I got here. You are my family here, and 

no matter where I go from here and where I end up in life, I will always remember that.  

 

I want to thank the entire team of weather@home, and the thousands of volunteers who 

supplied computing power to generate simulations used in this dissertation.  

 

Last but not least, I would like to thank my family, my sister in particular, for 

supporting my decisions in pursuing what I want; and Yue, for your support, 

understanding, patience and love throughout this process. 

 

  



 

 

CONTRIBUTION OF AUTHORS 

 

Chapter2 (First Manuscript): Dr. Mote and Dr. Allen envisioned the experiment. Dr. 

Mote and Dr. Rupp were involved with the design and writing of the Chapter2. And 

Dr. Mera and Dean Vickers carried out some initial analysis of the dataset. 

 

Chapter3 (Second Manuscript): Dr. Mote and Dr. Rupp envisioned the experiment. Dr. 

Rupp and Sihan Li set up the experiment and Sarah Sparrow assisted in generating the 

model simulations used in Chapter3. Dr. Rupp, Dr. Mote and Dr. Wettstein helped with 

interpretation of the results and were involved with designing and writing of Chapter3. 

 

Chapter4 (Third Manuscript): Dr. Mote and Dr. Rupp envisioned the experiment. Dr. 

Rupp and Sihan Li set up the model simulations. Dr. Rupp, Dr. Mote and Dr. Wettstein 

helped with interpretation of the results and were involved with designing and writing 

of Chapter4. And Dr. Otto was involved with writing of Chapter4. 



 

 

 

TABLE OF CONTENTS 

Page 

Chapter 1. General Introduction ................................................................................... 1 

Chapter 2. Evaluation of a regional climate modeling effort for the western United 

States using a superensemble from weather@home ..................................................... 6 

Abstract ................................................................................................................... 7 

1. Introduction ......................................................................................................... 8 

2. Datasets and Simulations .................................................................................. 13 

2.1 Data ............................................................................................................ 13 

2.2 Simulations ................................................................................................. 15 

3. Climatological mean statistics .......................................................................... 18 

4. ENSO teleconnections ...................................................................................... 22 

5. Assessment of added value from a superensemble ........................................... 25 

6. Conclusions and Further Discussions ............................................................... 29 

References ............................................................................................................. 33 

Tables and Figures ................................................................................................ 37 

Supplementary Information .................................................................................. 53 

Chapter 3. Projecting changes of mean and extreme precipitation into mid-21st century 

across the western US using large ensemble regional modeling ................................ 61 

Abstract ................................................................................................................. 63 

1. Introduction ....................................................................................................... 64 

2. Data and Method ............................................................................................... 68 

3. Changes in Season Mean Precipitation ............................................................. 72 



 

 

 

TABLE OF CONTENTS (Continued) 

Page 

3.1. Spatial Patterns of Changes in Seasonal Mean ............................................... 72 

3.2 Mechanisms for Changes in Seasonal Mean ................................................... 74 

4. Changes in Extreme Precipitation ..................................................................... 78 

4.1 One Month Extremes ................................................................................... 78 

4.2 Daily Extremes ............................................................................................ 80 

5. Conclusions and Discussion ............................................................................. 82 

References ............................................................................................................. 88 

Figures and Tables ................................................................................................ 93 

Supplementary Information ................................................................................ 106 

Chapter 4. Correctly interpreting regional climate model projections ..................... 124 

Abstract ............................................................................................................... 125 

1. Introduction ..................................................................................................... 125 

2. Range of possible futures ................................................................................ 129 

3. Signal-to-Noise Ratio...................................................................................... 130 

4. Minimum ensemble size requirements ........................................................... 132 

5. Detectability of meso-scale spatial variability of signals ............................... 134 

6. Discussion and Future work............................................................................ 135 

References ........................................................................................................... 137 

7. Methods........................................................................................................... 139 

7.1 Simulations ............................................................................................... 139 

7.2 Signal and noise ......................................................................................... 140 



 

 

 

TABLE OF CONTENTS (Continued) 

Page 

7.3 Minimum ensemble size 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 ...................... 141 

7.4 𝑵𝐦𝐢𝐧(△ 𝒙)required to detect meso-scale spatial patterns of signals ............ 141 

Figures and Tables .............................................................................................. 143 

Supplementary Information ................................................................................ 150 

Chapter 5. General Conclusion ................................................................................. 167 

Bibliography ............................................................................................................. 170 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

LIST OF FIGURES 

Figure                                                                                                                       Page 

Figure 2.1. Approximate domain and elevation (m) of terrain used in this research. 40 

 

Figure 2.2. Seasonal mean temperature (°C) in 1979 -2009 for DJF (left column), MAM 

(middle column), and JJA (right column) from HadRM3P (first row), PRISM (second 

row), NARR (third row), and the bias (HadRM3P minus NARR, fourth row). ......... 41 

 

Figure 2.3. Seasonal mean monthly net downward solar radiation (W m-2) in 1979-2009 

for DJF (left column), MAM (middle column), and JJA (right column) from HadRM3P 

(first row), NARR (second row), and the bias (HadRM3P minus NARR, third row).42 

 

Figure 2.4. The 50-year average (1960-2009) temperatures (°C) from HadRM3P and 

the Historical Climatology Network (HCN) for 147 HCN observing stations in a 5-state 

region (Oregon, Idaho, Washington, California and Nevada). ................................... 43 

 

Figure 2.5. Seasonal mean precipitation (mm per month) in 1979-2009 for DJF (left 

column), MAM (middle column), and JJA (right column) from HadRM3P (first row), 

PRISM (second row), NARR (third row), and the bias in % (HadRM3P minus NARR, 

fourth row). ................................................................................................................. 44 

 

Figure 2.6. Simulated and observed DJF temperature (a), JJA temperature (b), DJF 

precipitation (c), and JJA precipitation (d) along a West-East transect at 47.75 °N. . 45 

 

Figure 2.7. Seasonal mean monthly diurnal temperature range (DTR, °C) in 1979-2009 

DJF (left column), MAM (middle column), and JJA (right column) from HadRM3P 

(first row), NARR (second row), and the bias (HadRM3P minus NARR, third row).46 

 

Figure 2.8. Seasonal mean monthly minimum temperature (Tmin1, °C) in 1979-2009 

DJF (left column), and seasonal mean monthly maximum temperature (Tmax1, °C) in 

1979-2009 JJA (right column) from HadRM3P (first row), NARR (second row), and 

the bias (HadRM3P minus NARR, third row). ........................................................... 47 

 

Figure 2.9. El Niño years seasonal (DJF) mean precipitation anomaly (%) from 

HadRM3P and other observational datasets. .............................................................. 48 

 

Figure 2.10. Same as Fig. 9, but for mean surface temperature anomaly (°C). .......... 49 

 

 

 

 

 



 

 

 

LIST OF FIGURES (Continued) 

Figure                                                                                                                       Page 

Figure 2.11. Taylor diagram showing normalized standard deviations (radius) and 

correlation coefficients (angle) for annual average temperature (tavg, triangle), 

precipitation rate (precip, circle) from weather@home (black), with each data point 

representing one of 50 ensemble members, averaged over 21 years (Dec 1979 through 

Nov 1999). .................................................................................................................. 50 

 

Figure 2.12. The distribution of the deviation, or error, in the ensemble statistic from 

the ‘population’ statistic with increasing ensemble size ............................................. 51 

 

Figure 2.13. Simulated DJF precipitation along the same West-East transect as in 

Figure 6, from Parameter combination 1 (default), 2(drier) and 3(wetter). ................ 52 
 

Figure 3.1. Domain of HadRM3P with surface elevation shown in km. Bold black lines 

bound the four sub-domains........................................................................................ 97 

 

Figure 3.2. Relative change in ensemble mean (100 ensemble members per year) 

seasonal mean precipitation (%). ................................................................................ 98 

 

Figure 3.3. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean (100 ensemble members per year) seasonal precipitation (mm/month). .......... 99 

 

Figure 3.4. Change in ensemble mean (using 100 ensemble members per year) seasonal 

mean moisture transport, shaded by the change in convergence of moisture transport in 

mm/day. .................................................................................................................... 100 

 

Figure 3.5. Change in ensemble mean (100 ensemble members per year) winter 

seasonal mean sea level pressure (Pa) and 10-m wind (𝑚𝑠 − 1). ........................... 101 

 

Figure 3.6. Wet season (Oct-Mar) sea level pressure (in Pa) and 10-m wind anomalies 

associated with the top 1% wettest months in the subdomains ................................ 102 

 

Figure 3.7. Wet season (Oct-Mar) daily precipitation intensity (mm/day) distribution 

for percentiles higher than 99th ................................................................................ 103 

 

Figure 3.8. Wet season (Oct-Mar) daily precipitation frequency distribution as a 

function of daily precipitation intensity (mm/day). .................................................. 104 

 

Figure 3.9. Change in wet season (Oct-Mar) daily precipitation frequency as a function 

of daily precipitation intensity (mm/day) ................................................................. 105 
 



 

 

 

LIST OF FIGURES (Continued) 

Figure                                                                                                                       Page 

Figure 4.1. Projected changes (%) in March-April-May (MAM) seasonal precipitation.

................................................................................................................................... 145 

 

Figure 4.2. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean seasonal precipitation (mm/month) ................................................................. 146 

 

Figure 4.3. Minimum ensemble sizes 𝐍𝐦𝐢𝐧 required to achieve SNR of 1 for changes 

in a selection of atmospheric variables in different seasons.. ................................... 147 

 

Figure 4.4. Comparison of 𝐍𝐦𝐢𝐧  required to achieve SNR of 1 for different 

atmospheric variables in different seasons at (a) Mount Rainier and Death Valley (b).

................................................................................................................................... 148 

 

Figure 4.5. Nmin required to detect meso-scale spatial patterns of signals. a , density 

distribution of Nmin to detect Δx(signal)/noise of 1 .............................................. 148 
 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

LIST OF TABLES 

Table                    Page 

Table 2.1. Perturbed parameters in the new perturbed physics experiment used in this 

analysis. ....................................................................................................................... 37 

 

Table 2.2. The 31-year average (1979-2009) seasonal temperature (°C) from the 

Hadley Centre Regional Model with improved physics parameterizations (HadRM3P) 

standard physics experiment (SP). .............................................................................. 37 

 

Table 2.3. The 31-year average (1979-2009) seasonal precipitation (mm per month) 

from Hadley Centre Regional Model with improved physics parameterizations 

(HadRM3P) standard physics experiment (SP) .......................................................... 38 

 

Table 2.4.  RCM-GCM combinations from NARCCAP used in this paper. .............. 38 

 

Table 3.1. Change in wet season (Oct-Mar) monthly mean and one month extreme (top 

1% wettest months), daily mean and daily extreme (top 1% wettest days) precipitation, 

and changes in 1 in 10-yr event magnitude, 1 in 20-yr event magnitude and in 1 in 50-

yr event magnitude in different subdomains. .............................................................. 96 

 

Table 4.1. 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 for a selection of atmospheric variables. 

𝑁𝑚𝑖𝑛 is the averaged result of all land points between 31°N and 49°N and west of 

108°W.. ..................................................................................................................... 149 
 

  



1 

 

 

Chapter 1. General Introduction 

The western US has wide range of climates over a relatively small area of the 

planet due to large topographic relief, and interactions between synoptic and mesoscale 

atmospheric circulation patterns and topography. However, fine-scale features climatic 

features such as rain shadows, windstorms, and snow-albedo feedback, are not 

represented well in global climate models (GCMs) due to the models’ coarse spatial 

resolutions (typically 100-300km). Regional climate models (RCMs) that have finer 

spatial resolutions, improved representation of topography and land surface 

heterogeneity better resolve and represent mesoscale processes and fine-scale features 

that are important to regional climate and climate responses under anthropogenic 

warming over the western US [e.g., Salathé et al., 2008, 2010; Leung and Qian, 2009; 

Dulière et al., 2011, Rupp et al., 2016]. For high-impact, low probability extremes (e.g., 

floods and droughts) increasing spatial resolution has been shown to be especially 

beneficial. Many previous studies [e.g., Bacmeister et al., 2014; Kopparla et al., 2015; 

Rauscher et al., 2015; Torma et al., 2015] all have demonstrated improvement of model 

performance in high resolution experiments, especially over regions where topographic 

effects are playing a role, such as in the western US.  

However, RCMs add to the already large computational demand of climate 

modeling, thus most RCM studies have only used a small number of simulations (5 or 

less). The disadvantages of using a small number of simulations is that separating 

robust and meaningful local climate forced response to external forcing from the 

background of internal variability is hampered; any single model simulation contains 

internal variability superimposed on forced response, therefore uncertainty may be high 
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and furthermore, poorly quantified. Uncertainty due to internal variability is one of 

three major sources of uncertainty in future climate projections [Hawkin and Sutton, 

2009]; the other two being emission-scenario (i.e. the external forcing) uncertainty and 

model-sourced uncertainty (different models, and different physics parameterizations 

within a model). It is critical to quantify the uncertainty due to internal variability, 

because the signal of anthropogenic forced climate response is emerging from the 

background variations of natural and internal variability. At local and region scales, 

internal variability may mask the signal of forced climate change, sometimes for many 

decades to come [Hawkin and Sutton, 2009; Deser et al., 2012]. 

 The effects of internal variability can be assessed using large initial condition 

(I.C.) ensemble of simulations from a single model, where individual ensemble 

members only differ in their initial conditions [Deser et al., 2012]. Averaging over 

large I.C. ensembles of climate change simulations reduces noise and increases the 

confidence in the estimates of a model’s forced response. In statistical terms, it is a 

simple matter of reducing the standard error of an estimate by increasing the size of the 

sample. The particulars of internal variability have been investigated using large 

ensembles of projections from GCMs [e.g., Deser et al., 2012, 2014; Wettstein and 

Deser, 2014; Kay et al., 2015; Thackeray et al., 2016], but no published research has 

thoroughly assessed the impacts of internal variability on climate projections from a 

high-resolution RCM.  

Another challenge in modeling regional climate is the dependence of model 

simulations on physical parameterizations. Processes that occur at scales finer than the 

resolution of the climate model are parameterized, which could introduce uncertainty 
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into the modeling process when there is a range of parameter values that are physically 

plausible. Large “perturbed physics” ensembles are a means of exploring the effect of 

parameter uncertainty and identifying model variants that potentially perform better 

than the standard version of parameter settings. 

Our western US regional modeling framework, part of the ‘weather@home’ 

project [Massey et al., 2015], is a citizen-science project that uses spare computing time 

on volunteers’ personal computers to run the UK Met Office Hadley Centre’s regional 

climate model HadRM3P, nested in the atmospheric general circulation climate model 

HadAM3P, driven with prescribed sea surface temperatures (SSTs) and sea ice 

concentrations (SIC). The main objective of our western US weather@home project is 

to simulate the past and future of regional climate with a unique combination of 

relatively high spatial resolution and a super-ensemble of simulations, to better quantify 

uncertainty due to internal variability and physics parameterizations, and to 

characterize forced changes in weather extremes with more statistical robustness.  

This dissertation presents results from large ensembles of global and regional 

simulations generated through the western US weather@home project. The main goal 

of this dissertation is 1) examine the ability of HadRM3P to reproduce various 

properties of the recent past climate in the western US；2) present projections of future 

climate over the western US and investigate the physical mechanisms driving the 

simulated regional changes; 3) provide robust estimates of changes in extremes; 4) 

explore the effects of internal variability at local grid point level, and provide a rule of 

thumb for estimating an adequate minimum ensemble size requirements to achieve an 

acceptable signal-to-noise ratio for forced changes in a suite of atmospheric variables; 



4 

 

 

5) demonstrate that by exploring different parameter combinations, we can improve the 

performance of the regional model over the standard version. 
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Abstract 

 Simulations from a regional climate model (RCM) as part of a superensemble 

experiment were compared with observations of surface meteorological variables over 

the western United States (US). The RCM is the Hadley Centre Regional Model with 

improved physics parameterizations (HadRM3P) run at 25-km resolution and nested 

within the Hadley Centre Atmospheric General Circulation Model (HadAM3P). 

Overall, the means of seasonal temperature were well represented in the simulations: 

95% of grid points were within 2.7°C, 2.4°C, and 3.6°C of observations in winter, 

spring, and summer, respectively. The model was too warm over most of the domain 

in summer except central California and southern Nevada. HadRM3P produced more 

extreme temperatures than observed. The overall magnitude and spatial pattern of 

precipitation were well characterized, though HadRM3P exaggerated the orographic 

enhancement along the coastal mountains, Cascades and Sierras. HadRM3P produced 

warm-dry Northwest, cool-wet Southwest US patterns associated with El Niño. 

However, there were notable differences including the locations of the transition from 

warm (dry) to cool (wet) in the anomaly fields when compared with observations, 

though there was disagreement among observations. HadRM3P simulated the observed 

spatial pattern of mean annual temperature more faithfully than any of the RCM/GCM 

pairings in the North American Regional Climate Change Assessment Program 

(NARCCAP). Errors in mean annual precipitation from HadRM3P fell within the range 

of errors of the NARCCAP models. Lastly, this paper provided examples of the size of 

an ensemble required to detect changes at local level and demonstrated the effect of 

parameter perturbation on regional precipitation. 
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1. Introduction 

Though global climate models (GCM) are important tools for investigating 

climate variability and change on large scales, their coarse spatial resolution to date 

(typically 100-300 km) inhibits their ability to represent the interactions of synoptic-

scale weather systems with local terrain and mesoscale processes.  These interactions 

not only determine the mesoscale detail of climate patterns and variability but may also 

profoundly influence the magnitude of variability and the response to forced change at, 

and above, the mesoscale. Given current technology, the standard approach to 

incorporating mesoscale meteorology over a region is to nest a higher resolution 

climate model (known as regional climate model, or RCM), within a GCM. RCMs, 

with their increased resolution of local terrain, are able to represent finescale features 

such as land-sea breeze, rain shadows and windstorms (Leung et al. 2003a, b). 

The western United States (US) is an excellent test bed for investigating climate 

patterns emerging from interactions between atmospheric circulation and terrain 

because of the strong topographic gradients and wide range of climate zones over a 

relatively small area of the planet. In fact, the first use of a nested RCM was focused 

on the western US (Dickinson et al. 1989). Since then there have been numerous studies 

simulating climate in the western US using RCMs (e.g., Duffy et al. 2006; Salathé et 

al. 2008, 2010; Zhang et al. 2009; Dulière et al. 2011). Duffy et al. (2006) used four 

RCM/GCM combinations, run at 36- to 60-km spatial resolution, to simulate present 

and future climates to examine the inter-model variability of the response to increased 

atmospheric greenhouse gases (GHGs). Salathé et al. (2008) nested one 15-km 

resolution RCM in a GCM to examine mesoscale feedbacks and localized responses to 
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increased GHGs. By performing two regional climate simulations using one RCM 

driven by two different GCMs, Salathé et al. (2010) showed that mesoscale simulations 

produced regional changes substantially different from the GCMs or statistical 

downscaling.  

In addition to the limitations associated with spatial resolution, modeling 

studies are subject to challenges associated with small sample sizes. Most studies using 

RCMs, and also many using GCMs, have performed a single simulation, which forms 

the basis for comparison with observations or for comparisons between simulations 

with differing forcings and/or boundary conditions. The disadvantage of using a single 

simulation is that it certainly undersamples the space of possible climate states, and 

while some uncertainty can be reduced by averaging over time, e.g. 30 years, even such 

averages can be substantially different between simulations whose only difference is a 

small perturbation to initial conditions (e.g., Deser et al. 2014). This problem is even 

more acute when comparing extremes. Adequately large ensembles of simulations are 

needed for determining the statistical properties of the model more accurately. For 

example, a 40-member ensemble generated with the National Center for Atmospheric 

Research (NCAR) Community Climate System Model, version3 (CCSM3) has been 

used by many studies to investigate uncertainty due to internal variability, signal-to-

noise ratio1, minimum ensemble size required to detect a forced signal, and time of 

emergence of the forced signals (Deser et al. 2012a,b; Oshima et al. 2012; Kang et al. 

                                                 

1 Defined here as delta mean divided by uncertainty 
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2013; Hu and Deser 2013; Wettstein and Deser 2014; Wallace et al. 2014). These 

studies imply that even 40 members are sometimes insufficient to separate signal from 

noise, depending on the signal being sought, the domain, and time of the emergence of 

the forced signal. Several coordinated ensemble modeling experiments have been 

conducted to better quantify uncertainty on a regional level, such as the “Prediction of 

Regional scenarios and Uncertainties for Defining EuropeaN Climate Change risks and 

Efforts” (PRUDENCE; Christensen et al 2007). Also, the North American Regional 

Climate Change Assessment Project (NARCCAP; 50-km resolution) (Mearns et al. 

2009, 2012) was implemented to explore the separate and combined uncertainties in 

regional climate change simulations that result from the use of different atmosphere-

ocean general circulation models (AOGCMs) to provide boundary conditions for 

different RCMs.  

A third challenge to modeling regional climate concerns the dependence of the 

model simulation on physical parameterizations. Processes that occur at scales finer 

than the resolution of the climate model are necessarily left unresolved. These 

processes must be simulated using empirical representations of their aggregated 

behavior at resolved scales as functions of the resolved-scale variables such as 

temperature, humidity, wind, and pressure. While observational studies are usually 

used to set values for parameters, parameterizations could still introduce uncertainty 

into the modeling process when there is a range of parameter values that are physically 

possible. The uncertainties in the values of the parameters lead to errors in the simulated 

climate and uncertainty in the response to forcing. 
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We designed a study to address three challenges: 1) achieving relatively high 

spatial resolution to reproduce important features of climate in the western US, 2) 

accounting for the internal variations associated with initial conditions, and 3) 

accounting for variations in simulated climate associated with parameter choices. To 

address the first challenge, we nested the Hadley Centre Regional Model with improved 

physics parameterizations (HadRM3P; Jones et al. 2004) at 25-km resolution within 

the Hadley Centre Atmospheric General Circulation Model (HadAM3P), which is a 

higher-resolution (1.875°×1.25°) version of the atmospheric component of the 

atmosphere-ocean coupled general circulation model, HadCM3 (Gordon et al. 2000). 

To address the second and third challenges, we generated a ‘superensemble’ of 

simulations (a total of over 130,000 model years) for the historical time period of 1960-

2009 using the HadISST v1.1 data set (Rayner et al. 2003) to specify the SSTs and sea 

ice fractions for each month. The overall experiment, some initial results, and the 

strengths and weaknesses of our approach in comparison with other studies are 

discussed in Mote et al. (2015), with further details of the modeling given in Massey et 

al. (2014).  

In the first phase of this project, two studies (Zhang et al. 2009; Dulière et al. 

2011) used the HadRM3P at 25-km resolution over the western US, just as in this paper. 

They compared HadRM3P driven by reanalysis data with station data and with 

simulations using the Weather Research and Forecasting (WRF) model at 12- and 36-

km resolution for the period 2003-2007; these simulations were run in-house. 

Simulations for surface temperature in HadRM3P were about as skillful as for WRF at 

both resolutions; while for precipitation, the 12-km WRF simulation was better than 
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the 36-km WRF and 25-km HadRM3P. The next paper (Mote et al. 2015) described 

the superensemble but did not thoroughly evaluate the model, a task left to this paper. 

As discussed in more detail by Massey et al. (2014), our experiment is one of 

six regions of the globe using the weather@home system to simulate regional climate. 

Weather@home uses the climateprediction.net volunteer computing network (Allen 

1999) to generate large ensembles of HadRM3P driven by HadAM3P. To generate the 

superensemble, we varied initial conditions and parameter values as described in 

section 2.2 below. 

The primary purpose of this paper is to compare the climate as simulated by the 

superensemble against the observed climate over the western US. We note that errors 

in the RCM results may be due to problems in the RCM itself, or reflect errors in the 

lateral boundary conditions supplied by the GCM. Thus our analysis of simulated 

historical climate is not only evaluating the RCM alone, but rather the coupled 

RCM/GCM model.  We evaluate, primarily, the RCM’s skill in reproducing spatial 

details of the regional climate. Moreover, given the importance of teleconnections 

between El Niño Southern Oscillation (ENSO) and seasonal climate over the western 

US (e.g. Ropelewski and Halpert 1986; Wallace et al. 1992; Gershunov 1998; Cayan 

et al. 1999), we also evaluate how well HadRM3P/HadAM3P reproduces the regional 

teleconnections to ENSO. Our evaluation is mainly focused on temperature and 

precipitation. Net downward solar radiation is also examined here, mainly as 

diagnostics for understanding errors in temperature.   

We describe the regional simulations and datasets used in this study in section 

2. Section 3 examines climatological statistics such as seasonal mean states, spatial 
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correlation, and temperature/precipitation-topography relationships, while Section 4 

discusses simulated ENSO teleconnections in the western US. An assessment of added 

value from a high-resolution superensemble is provided in section 5, and conclusions 

are given in section 6. 

 

2. Datasets and Simulations 

2.1 Data 

We compared simulations to six datasets of observed, or observation-based, 

meteorological variables. The first dataset was monthly mean temperature from the 

Historical Climatology Network monthly data Version 2 (HCN; Menne et al. 2009). 

The fully adjusted temperature series were used for stations in Oregon, Idaho, 

Washington, California and Nevada. Stations that moved or have joined records were 

excluded, leaving a total of 147 stations. The HCN temperature data were compared 

with the closest model grid point from the regional model. Differences in elevation are 

expected to influence the temperature comparisons because elevations of stations may 

be as much as 500m above or below the elevation of the model grid cell, so we applied 

an elevation adjustment to the simulated temperature for this comparison. We used 

simple linear regression to estimate how much of the differences in temperature could 

be explained by the differences in elevation alone. We regressed the errors (calculated 

as simulated minus observed temperature) against the differences in elevation of the 

grid cells and the stations. The predictions from the linear regression were then 
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subtracted from the simulated temperature to achieve the elevation-adjusted 

temperatures. 

The second dataset, providing monthly mean maximum, minimum and average 

temperature, precipitation rate and net downward solar radiation was the 32-km 

resolution National Centers for Environmental Predictions (NCEP) North American 

Regional Reanalysis (NARR; Mesinger et al. 2006). NARR begins in 1979, thus does 

not span our regional model simulations, which begin in 1960. When comparing 

temperature from NARR with HadRM3P, we used a standard lapse rate of 4.5°C/km 

for the Cascades and Sierras, and 6.5°C/km elsewhere, to account for differences in 

elevation between the datasets.  

The third dataset consisted of monthly means of near-surface daily maximum, 

minimum temperature and precipitation rate from The Parameter-elevation 

Regressions on Independent Slopes Model, 2.5′×2.5" (PRISM, Daly et al. 2008).  

The fourth dataset, providing the monthly gridded (0.5° × 0.5°) 

maximum/minimum temperature and precipitation rate, was from Climate Research 

Unit (CRU) TS v.3.10 (Harris et al. 2014).  

The fifth dataset was the Climate Prediction Center (CPC) 0.25° × 0.25° Daily 

US Unified Gauge-Based Analysis of Precipitation (CPC US Unified Precipitation 

data provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web 

site at http://www.esrl.noaa.gov/psd/).  

The sixth dataset was Global Precipitation Climatology Centre (GPCC) 0.5° × 

0.5° monthly precipitation dataset calculated from global station data (GPCC 

http://www.esrl.noaa.gov/psd/
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Precipitation data provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, 

from their Web site at http://www.esrl.noaa.gov/psd/). 

NARR datasets are reanalysis products, which are model simulations, and 

contain features of both the constraining observations and the underlying model. Thus, 

NARR itself may produce a pattern of precipitation that is different from observations 

and therefore may not be a fair test for another model; consequently, in this paper, we 

used PRISM, CRU, CPC and GPCC precipitation as supplementary data sources 

against which to compare our simulations. 

 We also examined simulations from 11 RCM/GCM combinations (Table 4) 

from NARCCAP (Mearns et al. 2007, updated 2014). The historical simulations span 

the years 1969 to 1999.  

All gridded datasets were regridded to a common 0.25° x 0.25° grid using 

bilinear interpolation. 

2.2 Simulations 

The HadRM3P domain covers the western US, a portion of Canada, and 

northwestern Pacific Ocean. This analysis, however, focused on the western US west 

of 110º longitude (see Fig. 1), largely because one of the primary observational datasets 

we used covers the US only.  Details of the model configuration can be found in Massey 

et al. (2014), though with the western US region replacing the European region. Briefly, 

HadAM3P runs first for one full model day, providing the lateral boundary conditions 

to HadRM3P, which also runs for one full model day; there is no feedback from 

HadRM3P to HadAM3P.  HadRM3P defines a four-point buffer zone (100 km) around 

the perimeter of the region, which we exclude from our analysis. The main variables 

http://www.esrl.noaa.gov/psd/
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comprising the lateral boundary conditions are relaxed across the buffer zone to values 

temporally interpolated from 6-hourly output from HadAM3P.  

Each simulation is for a single year, but simulations can be connected to make 

a longer time series. Initially, a pool of one-year “workunits” are created at 5-year 

intervals, each with the same starting conditions of the state of the model after nine 

years (1-12-1960 to 11-30-1968) of integration under observed climate forcing. These 

workunits are distributed to client computers, and the results from the integration are 

returned, along with the final state of the model. This final state is then incorporated 

into a new workunit describing the next year of the climate scenario, using this final 

state as the starting condition. This process is repeated for the subsequent integrations, 

enabling strings of several-year runs to be built from the single year runs (Massey et al. 

2014).  

Two experiments were run for the years 1960-2009: 1) a perturbed initial 

conditions experiment with standard, or default, model parameters (standard physics, 

SP), and 2) a perturbed physics experiment (PP). In the SP experiment, the initial 

condition perturbation is drawn from a large set of possible perturbations defined as 

deltas in potential temperature and are calculated as a fully 3D field by first taking 348 

next-day differences from a 1-year-long integration of the GCM, with a scaling 

function applied in the vertical to ensure that there is no perturbation at the top of the 

atmosphere, and then five global scaling factors are applied to the perturbations to 

generate a set of 1740 initial condition perturbations (for details see Massey et al. 2014). 

In the results of the SP experiment presented below (section 3 through 5, and first half 

of section 6), 20 to 500 runs per year, each with a unique set of initial condition, were 
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used for the years 1979-1998, depending on availability, and 500 runs were used per 

year for 1999-2009.  

The motivation behind the PP experiment is that there may be many variants of 

the climate model that are as good if not “better” than the standard version and their 

response to a given climate forcing may be different from the standard version. Our 

ultimate goal (beyond scope of this paper) is to cast a wide net and explore parameter 

space to find regions of parameter space where the model performs well and to assess 

the implications for climate response to changes in GHGs. 

In the historical PP experiment, the perturbations of 12 parameters appear to 

have been conservative and did not notably alter the probability distributions of 

regional temperature and precipitation. Therefore, we ran a subsequent PP experiment 

where we isolated and perturbed only three parameters (listed in Table 1) while keeping 

the rest of the parameters at their respective default value. The three parameters were 

chosen because they were shown by previous studies to have bearing on the vertical 

moisture profile and energy balance. Findings of previous studies (Stainforth et al. 2005; 

Sanderson and Piani 2007; Knight et al. 2007; Sanderson et al. 2008a,b) suggested the 

dominant influence of entrainment coefficient (ENTCOEF) in establishing different 

relative humidity profiles that lead to different climate sensitivities. Other 

investigations (Grabowski 2000; Wu 2001; Sanderson and Piani 2007; Sanderson et al. 

2008a,b) indicated that a low ice fall speed (VF1) would lead to a warm, moist, cloudy 

atmospheric profile with less precipitation. Sanderson et al. (2009) showed that the 

accretion constant (CT) affects water vapor, cloud, and lapse rate feedbacks. In this 

study, the range of parameter values was increased over the previous PP experiment 
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based on previous studies (e.g., Stainforth et al. 2005; Sanderson et al. 2008a,b) done 

on the predecessor ensemble of weather@home; and Latin hypercube sampling was 

used to create 200 distinct parameter sets, with the same 15 initial condition 

perturbations applied to each parameter set. Results from the 3000 runs were used to 

identify parameter combinations that lead to warmer and drier, or cooler and wetter 

conditions. Then a new set of runs was sent out with three parameter sets - P1, P2 and 

P3, P1 being the default setting, P2 and P3 corresponding to warmer and drier, and 

cooler and wetter conditions respectively. 1000 initial condition perturbations were 

applied to each parameter set. By the time of this manuscript, an ensemble of 110 

simulations for each parameter set had been completed for year 2011; some initial 

results of this PP experiment were presented here.  

 

3. Climatological mean statistics 

To establish how well the regional climate simulations reproduce the observed 

climate of the western US, first we compared seasonal mean simulations to gridded 

observations averaged for the period Dec. 1979 through Nov. 2009, in a similar manner 

to Leung et al. (2003a; b). We attempt, through averaging over a period of 31 years, to 

reduce the internal atmospheric variability about the mean state, so that differences 

between the simulations and gridded observations are primarily the result of model 

deficiencies and differences in grid resolutions.  We separated our analysis into winter 

(December-January-February; DJF), spring (March-April-May; MAM), and summer 

(June-July-August; JJA).  For brevity we omit autumn, although we have analyzed 
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autumn results as well; adding panels for autumn would overcrowd the figures without 

adding substantially meaningful information, and besides, few impacts of climate 

change are connected with changes in autumn. 

The spatial patterns of seasonal average temperature (tavg) for HadRM3P were 

very similar to those of PRISM and NARR (Fig. 2). Overall, temperature was well 

represented in the simulations: the influences of the major geographical features like 

mountain ranges were evident, and the seasonal cycle was reproduced. The simulated 

spatial patterns during winter and spring season were very close to the observed, except 

in winter the cold bias was almost everywhere, while the spring simulated temperature 

showed warm bias of ~1°C along western Washington, Oregon and California, with 

the rest of the domain showing cold bias. During summer season, HadRM3P was 

warmer than observations over most of the western US domain except central 

California and southern Nevada, and the warm bias was larger than in winter and spring. 

95% of grid points were within 2.7°C, 2.4°C, and 3.6°C of NARR in winter, spring, 

and summer, respectively. 

To investigate the possible reasons for the temperature biases, we compared the 

seasonal mean monthly net downward solar radiation at the surface from HadRM3P 

simulations and NARR (Fig. 3). Overall, the spatial pattern and seasonal cycle were 

well represented in the simulations. Negative biases in net downward solar radiation 

were present in all seasons, which ruled out solar radiation as the reason for the warm 

bias in summer. The biases were largest in spring season and were mainly associated 

with mountain ranges such as the Cascades, Sierra, and the Rockies, where large 

snowpacks are present, and biases may be related to the snow-albedo feedback 
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represented in the model. The specific mechanisms behind these biases still need 

further investigation. 

For average temperature, good agreement was found with HCN station data. 

Regression of the model tavg on HCN tavg yielded a slope of 0.97 and an r-squared 

value of 0.76 (Fig. 4). Most of the scatter in the relationship can be explained by the 

difference in elevation between the 25-km model resolution and the actual elevation of 

the station; after removing the influence of elevation, the regression slope and r-squared 

value were improved to 1.01 and 0.89 respectively. 

The magnitude of precipitation and its spatial pattern were characterized 

reasonably well by the regional simulations for all seasons (Fig. 5). During winter, the 

simulation showed a distinct spatial pattern that was strongly influenced by topography, 

just as in PRISM. The two precipitation bands along the West Coast corresponded to 

orographic precipitation associated with the coastal mountain ranges and, a little inland, 

the Cascades and the Sierra Nevada Mountains. Further inland, precipitation decreased 

in the basins and the intermountain zone, and increased again as the prevailing westerly 

flow encounters the Rockies. With its coarser resolution, NARR precipitation showed 

less detailed change with respect to terrain. The HadRM3P simulated precipitation 

exaggerated the orographic enhancement across the coastal mountains and Cascades 

and Sierra Nevada relative to both NARR and PRISM.  

 Seasonal region-wide model biases for mean temperature and precipitation and 

correlation coefficients between observed and simulated time-averaged spatial fields 

were presented in Tables 2 and 3. The spatial correlation between HadRM3P and 

NARR was higher for temperature than for precipitation in all seasons. For temperature, 
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the spatial correlations were all above 0.95, with winter and spring season being as high 

as 0.98. The regional simulations showed cold bias in winter and spring, and warm bias 

in summer and fall. The magnitude of summer bias was about 2 to 3 times the 

magnitude in other seasons. The spatial correlations for precipitation were above 0.7 

for all seasons.  

To further illustrate the influence of topography on simulated and observed 

temperature and precipitation, we examined winter and summer temperature and 

precipitation cross-sections along 47.75 °N (across the Olympics, North Cascades and 

Rockies) as in Salathé et al. (2010). Temperature gradients from HadRM3P along the 

transect were consistent with the observations (Fig. 6), though summer temperatures 

were too warm, echoing Fig. 2. Precipitation on the mountain ranges, including the 

westward shifts in the precipitation peak relative to the crest, and the rapid drop in the 

lee (i.e. the rain shadow effect) were simulated realistically. However, HadRM3P 

exaggerated the orographic enhancement across the coastal mountains and Cascades 

relative to the observed. This pattern was seen in other transects (e.g. Sierras; shown in 

Figure S1).  

Comparing the seasonal mean diurnal temperature range (DTR) simulated by 

HadRM3P with NARR, we found the spatial pattern and seasonal cycle were relatively 

well represented in the simulations (Fig. 7). The model produced larger DTR in all 

three seasons, and the largest DTR in spring, which suggests that the model produced 

less cloud cover than NARR. This larger DTR occurred because when there is less 

cloud cover, there is more incoming solar radiation reaching the surface during the day 

(more heating) and more longwave radiation escaping during nighttime (more cooling), 
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producing a larger diurnal temperature range. A more complete diagnosis is beyond the 

scope of this paper, though this points to a need for further research.  

Because of the interest in extreme weather events, we also compared observed 

and simulated winter minimum temperature (Tmin1, formed by averaging the coldest 

day for each of the three winter months) and summer maximum temperature (Tmax1, 

average of the hottest day for each of the summer months) (Fig. 8). The spatial patterns 

of Tmin1 and Tmax1 simulated by HadRM3P resembled those of NARR. However, 

HadRM3P produced more extreme temperatures than NARR: simulated winter season 

Tmin1 is much colder than observations with the 10th percentile showing a cold bias of 

-10°C; simulated summer season Tmax1 is warmer than observations with the 90th 

percentile showing a warm bias of +6.40°C. It is worth noting here that tavg (Fig. 2) 

also showed cold bias in winter and warm bias in summer, therefore some of the bias 

in Tmin1 and Tmax1 simply reflected the bias in the mean. When the bias in the mean 

was removed, the magnitude of the bias was reduced in both winter Tmin1 and summer 

Tmax1 (shown in Figure S2), while the spatial patterns of biases stayed the same in 

general.   

 

4. ENSO teleconnections 

The dependence on ENSO of winter season precipitation and temperature 

anomaly patterns in the western United States has been well studied (e.g., Ropelewski 

and Halpert 1986; Wallace et al. 1992; Gershunov 1998; Cayan et al. 1999). Here we 
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evaluated HadRM3P’s ability to simulate ENSO teleconnections as one measure of 

how well the climate model simulates climate variability.  

In order to test the ability of the regional model to simulate ENSO 

teleconnections, we presented the western US winter season anomalies in temperature 

and precipitation associated with warm ENSO (El Niño) events during the 31-year 

period of 1979-2009 from HadRM3P simulations and from various observational 

datasets (Figs. 9 and 10). The Niño3.4 index (an average of sea surface temperature in 

the region bounded by 120°W – 170°W and 5°S – 5°N) derived from the HadISST1 

global sea surface temperature dataset (Rayner et al. 2003) was used to identify warm 

and cold ENSO events. Events were defined as 5 consecutive months (NDJFM) at or 

above 1 °C anomaly for warm phase and at or below -1 °C for cold phase. Six warm 

events (1983, 1987, 1992, 1995, 1998 and 2003) were identified and used in the 

following composite analysis. The climate anomalies were computed as the deviation 

of 3-month (December through February) means for the warm ENSO years from the 

31-year averages. As can be seen in Figs. 9 and 10, warm ENSO was characterized by 

warmer, drier conditions in the Northwest US and cooler, wetter conditions in the 

Southwest US in HadRM3P simulations. The spatial patterns of the HadRM3P 

simulated and observed ENSO anomalies were not identical. For precipitation, the 

correlations between HadRM3P simulated anomaly pattern and NARR, PRISM, CRU, 

CPC, GPCC are 0.85, 0.83, 0.82, 0.75 and 0.81 respectively; while for temperature, the 

correlations between HadRM3P simulated and NARR, PRISM, CRU are 0.68, 0.69, 

and 0.76 respectively. For both temperature and precipitation, the transition of the sign 

of the anomalies occurred through southern California, Nevada and Utah in the 
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HadRM3P simulations, while the location of the transition was not in complete 

agreement among observational datasets. For the different observational datasets, the 

transition of the sign of the precipitation anomalies occurred roughly all along 

northeastern California, central Nevada and southern Utah, while in the northern states 

the agreement was less strong than the south. Observations showed wetter anomalies 

along the west coast and much drier anomalies in northern Montana in warm ENSO 

events. It is worth noting that in the results presented here, for each observation record, 

we had 6 examples of atmospheric response to El Niño forcing, but 6 times ~ 500 

examples (depending on availability) from HadRM3P. Therefore, relative to the 

observed teleconnections, internal variability was reduced by averaging in the modeled 

ensemble, and this could account for some of the discrepancies between HadRM3P 

simulations and the observed. To verify this, we applied a t-test at the 5% level to 

determine the statistical significance of the composites. Areas where the anomalies 

were statistically significant were shown in Figures S3 and S4. For each observation 

record, with a small sample size, the El Niño pattern was significant over a very small 

part of the domain – a very conservative view would only compare models to 

observations at those points that are statistically significant, although a more lenient 

view would consider the whole pattern even though in some places the anomalies can’t 

be differentiated from random noise. To explore the sensitivity of our comparison to 

sample size, we lowered the criteria to select ENSO events to at or above (at or below) 

+ 0.5 °C (- 0.5 °C) for warm (cold) phase, and expanded the period of record to 1960-

2009, which increased the number of warm ENSO events to 16. NARR begins in 1979, 

so we excluded NARR in the following analysis. The result of changing the selection 
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criteria was that the areas where the observed anomalies are statistically significant 

only decreased (Figures S5 and S6). One possible explanation for this is that winter 

temperature/precipitation in the western US are affected by many factors other than 

ENSO; the influence of ENSO on temperature/precipitation should be more detectable 

during strong ENSO episodes than weak ones. When averaging strong and weak ENSO 

events together, the intensity of the impacts is less strong and the random noise is more 

evident, than when looking at strong ENSO events alone. Based on the analysis done 

here, ENSO teleconnections are a weak metric for evaluating model performance, as 

noted also by Rupp et al. (2013).  

 

5. Assessment of added value from a superensemble 

We compared our results from weather@home to NARCCAP, a multi-model 

ensemble study covering the US, to demonstrate how our superensemble can augment 

studies like NARCCAP.  For the western US, normalized standard deviations and 

correlation coefficients for 21-year annual average (December 1979 through November 

1999) spatial fields of temperature (tavg) and precipitation rate (precip) from 50 per 

year weather@home ensemble members, and for 21-year annual averages over 1979-

1999 from 11 NARCCAP RCM/GCM simulations were shown in a Taylor diagram in 

Fig. 11.  The reference field for the normalization and the correlation was NARR 1979-

1999. We only compared the time period for which all three datasets overlapped. 

Normalized standard deviation was calculated as the spatial standard deviation of a 

simulation divided by the spatial standard deviation of NARR. Note that a perfect 

simulation would have both a normalized standard deviation and a correlation equal to 
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unity. The skill in simulated temperature was better in the 25-km resolution HadRM3P 

than in the 50-km resolution NARCCAP models, with correlation for HadRM3P 

typically >0.98 and normalized standard deviation all clustered close to unity. However, 

HadRM3P did not show better skill in precipitation simulation than NARCCAP. It is 

worth pointing out that the coupled HadRM3/HadCM3 (HRM3/HadCM3 in 

NARCCAP convention) demonstrated similar skills in simulating temperature (filled 

triangle) and precipitation (filled circle) as HadRM3P/HadAM3P, even though 

HadAM3P is an atmosphere-only model and SSTs are specified, whereas HadCM3 is 

a coupled ocean-atmosphere model.  This similarity between HadRM3P/HadAM3P 

and HadRM3/HadCM3 suggests the dynamical coupling between ocean and 

atmosphere in NARCCAP did not explain most of the difference between 

HadRM3P/HadAM3P and the various NARCCAP RCM/GCM pairings, but that the 

differences were due mainly to the atmospheric dynamics.  

Looking at the 50 ensemble members from weather@home, even though each 

ensemble member was already averaged over 21 years, there was still notable spread 

for precipitation. This result highlights the need to run a number of simulations starting 

from different initial conditions with a given climate model to get to the ‘true’ behavior 

of the model. Because any single model simulation contains internally generated 

variability (noise) and externally forced signal. Only by averaging ensemble members 

starting from different initial states, while subjecting the model to the same external 

forcing can the random sequence of interval variability be reduced enough to reveal the 

‘true’ model behavior, as pointed out also by Deser et al. (2014). 
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The real power of large ensembles lies in the potential to simulate extreme 

events, as pointed out by Massey et al. (2014). To demonstrate this, we calculated the 

frequency distribution of errors with increasing ensemble size for the following 

statistics: JJA mean temperature, DJF mean precipitation, JJA 98th percentile 

temperature and DJF 2nd percentile precipitation for one year over Los Angeles (Fig. 

12). This analysis began with 2106 ensemble members taken from HadRM3P for the 

year 2008 averaged over a 1°× 1° box using Los Angeles as the center point. From the 

population of 2106 values, 10,000 random samples of ensemble size N, with 

replacement, were taken and the statistic (mean or percentile) was calculated for each 

ensemble.  In Fig. 12, the box (inner quartiles) and whiskers (5 and 95 percentile) 

summarized the frequency distribution of the statistic for each N. This figure 

demonstrated the power of creating multiple realizations of 1 year’s worth of ‘weather’ 

to narrow the confidence limits about an estimation by the model. Fig. 12a showed that 

to be within ±1°C of the ‘true’ summer mean temperature at the given level of 

confidence (within 5 and 95 percentile), we needed at least 16 ensemble members; for 

±0.5°C, 64 ensemble members. Fig. 12b showed that 16 ensemble members would get 

us within -60% to +80% of the ‘true’ winter precipitation for LA, while it would take 

64 to be within ±50%.   

For the mean, multiple years in a time series can, to some degree, substitute for 

multiple ensemble members for a single year. The advantage of the large ensemble is 

clearer when analyzing the tails of the distribution. For example, for the summer 98th 

percentile temperature (Fig. 12c), 128 ensemble members were required to have an 

error within a range of ±0.5°C at the given confidence level. For the winter 2nd 
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percentile precipitation (Fig. 12d), more than 128 ensemble members were needed for 

an error range of ±100%. Running large numbers of simulations of possible weather 

under the same external forcing affords us the opportunity to simulate impact-relevant 

extreme events and to obtain statistics on extreme weather. 

So far, we have focused our analysis on the Standard Physics (SP) ensemble. 

Our Perturbed Physics (PP) experiment affords us the opportunity to explore parameter 

uncertainties and the effect of different parameter perturbations. As shown in section 

4, HadRM3P SP simulations exaggerated the orographic enhancement across the 

coastal mountains and Cascades and Sierra Nevada compared with observations. Here 

we examine whether certain parts of the parameter space leads to better model 

performance in simulating orographic enhancement, and whether there are certain 

physical processes that could be parameterized better to give a more realistic simulation. 

To explore this possibility, in Fig.13 we showed the winter season precipitation from 

parameter sets P1, P2, and P3 along 47.75 °N transect, same as in Fig. 6. Each transect 

in Fig. 13 was the averaged results of 110 different initial condition perturbations, so 

the internal variability had been minimized, and the differences should be mainly due 

to different parameter values. There was a clear distinction between the precipitation 

produced by P1, P2, and P3, especially across the coastal mountains and Cascades; 

results for all three parameter sets were very similar east of the Cascades. The default 

P1 lay in between the drier P2 and the wetter P3, as expected. These results underscore 

the effects of different parameter perturbations on regional precipitation and the large 

variation of precipitation values produced by different parameter perturbation 

combinations suggests that there are certain perturbations that will produce a model 
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variant that simulates the orographic enhancement more realistically than the standard 

version. A thorough discussion of parameter combinations and relevant physical 

processes involved is beyond the scope of this paper and will be explored in a 

subsequent paper; we have presented these results as an example of the strength of 

being able to generate supersensembles. 

 

 6. Conclusions and Further Discussions 

This paper evaluated properties of the climate of the western US as simulated 

by a regional climate model in the weather@home system.  The regional simulations 

reproduced many climate features that are important in the western US and added more 

detail at the regional scales. The spatial patterns of temperature and precipitation in the 

western US were much more accurately represented in the regional simulations than in 

the global simulations.  

Overall, temperature was well represented in the simulations and the influences 

of the major geographical features were reproduced. 95% of grid points were within 

2.7°C, 2.4°C, and 3.6°C of NARR for the means in winter, spring, and summer, 

respectively. There was a pervasive summer warm bias over the western US except 

central California and southern Nevada. Though we ruled out bias in solar radiation as 

a possible cause, further investigation of model physics, particularly cloud-related 

parameterizations, is warranted. For extreme temperature, in most places, winter 

extremes of Tmin1 were somewhat lower than observed and summer Tmax1 were 

higher than observed. This should be taken into consideration if and when this model 
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is used to make projections of future changes in extreme weather events at the local 

scale described here. Future work could explore whether parameter perturbations could 

improve the simulation of extremes.  

The overall magnitude of precipitation and its geographical features were 

reasonably well characterized by the regional simulations for all seasons, though 

simulated precipitation exaggerated the orographic enhancement across the coastal 

mountains and Cascades and Sierra Nevada compared with observations. The 

importance of topographic control on regional climate conditions was illustrated 

through the examination of temperature/precipitation-topography relationships. 

Analyses of temperature/precipitation and topography along an east-west transect 

showed significant impacts of surface terrain on spatial pattern of precipitation. Rain 

shadow effects were captured well along the coast, Cascades, and Sierra Nevada 

Ranges: the transects of precipitation showed many features of the observed transect, 

including the location of peak precipitation west of the crest, and a rapid drop by a 

factor of 5 or more in the lee.  

The HadRM3P simulations produced warm-dry Northwest and cool-wet 

Southwest US patterns associated with warm ENSO.  However, there were also notable 

differences including the locations of the transition of the response from warm (dry) to 

cool (wet) in the anomaly fields, with the transition of anomaly signs extending further 

south in California and Nevada than what was seen in the observations. However, the 

sample size of the observational records was too limited to conclude that the placement 

of the zero line in HadRM3P was significantly different from observed. 
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In this paper we showed how our superensemble augments other regional 

ensemble modeling studies through a comparison with NARCCAP. We also 

demonstrated the power of a superensemble by showing how as more ensemble 

members were included in the analysis, the signal-to-noise ratio improved sufficiently 

to not only estimate the means but more importantly, the extremes, with high precision. 

Historically, the strength of regional model simulations - spatial resolution high enough 

to resolve key features like rain shadows - was offset by their key weakness, namely 

only one or a few runs, too few to determine whether differences between runs were 

meaningful or just statistical noise (see O’Brien et al. 2011). This experiment allows 

us to run simulations at a high enough resolution to resolve key regional features, and 

to run multiple ensemble members to provide robust assessments of physically 

meaningful forced signal as opposed to internally generated variability. Our 

experimental results can supplement studies like NARCCAP by providing 

superensemble results for western North America, allowing more complete 

characterization of natural variability, exploration of the effect of different 

parameterizations, and better analysis of extreme events. Discussions about uncertainty 

due to internally generated variability have come to the fore in the past few years, and 

global models, for example CCSM3, have been used in many studies (Deser et al. 

2012a, b; Oshima et al. 2012; Kang et al. 2013; Hu and Deser 2013; Wettstein and 

Deser 2014; Wallace et al. 2014) to investigate uncertainty due to internal variability 

on a large scale. Our experiment provides the opportunity to investigate uncertainty 

due to internal variability on a fine-scaled regional level. We also demonstrated that by 

exploring different parameter combinations, we could produce model variants that do 
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better than the standard version, which could lead to optimal regional performance. 

Through the control of initial condition perturbations and the sampling of model 

variants in the parameter space (though not in model structure space), we can utilize 

this large ensemble to better understand two of the major sources of uncertainty: initial 

condition and model response, within the models used here, specifically for this region. 

 

Acknowledgments. Support for this work was provided by Microsoft Corp., the US 

Bureau of Land Management, the California Energy Commission, the US Geological 

Survey, and the US Department of Agriculture National Institute for Food and 

Agriculture. Funding this work was provided to Sihan Li through a Department of the 

Interior Northwest Climate Science Center graduate fellowship. We thank Darrin Sharp 

for his help with IT and our colleagues of the weather@home team that helped to 

generate the simulations. All regional climate simulations outputs used in this study 

were performed by volunteers’ computers from all around the world. Therefore, we are 

grateful to all volunteers for their computer time invested while participating in the 

computing process. We also wish to thank the North American Regional Climate 

Change Assessment Program (NARCCAP) for providing the data used in this paper. 

 

 

 

 

 

 



33 

 

 

References 

Allen, Myles. "Do-it-yourself climate prediction." Nature 401.6754 (1999): 642-642. 

Cayan, Daniel R., Kelly T. Redmond, and Laurence G. Riddle. "ENSO and hydrologic 

extremes in the western United States." Journal of Climate 12.9 (1999): 2881-2893. 

 

Christensen, Jens Hesselbjerg, and Ole Bøssing Christensen. "A summary of the 

PRUDENCE model projections of changes in European climate by the end of this 

century." Climatic change 81 (2007): 7-30. 

 

Daly, Christopher, et al. "Physiographically sensitive mapping of climatological 

temperature and precipitation across the conterminous United States." International 

journal of climatology 28.15 (2008): 2031-2064. 

 

Deser, Clara, et al. "Communication of the role of natural variability in future North 

American climate." Nature Climate Change 2.11 (2012): 775-779. 

 

Deser, Clara, et al. "Uncertainty in climate change projections: the role of internal 

variability." Climate Dynamics 38.3-4 (2012): 527-546. 

 

Deser, Clara, et al. "Projecting North American climate over the next 50 years: 

Uncertainty due to internal variability." Journal of Climate 27.6 (2014): 2271-2296. 

 

Dickinson, Robert E., et al. "A regional climate model for the western United 

States." Climatic change 15.3 (1989): 383-422. 

 

Duffy, P. B., et al. "Simulations of present and future climates in the western United 

States with four nested regional climate models." Journal of Climate 19.6 (2006): 873-

895. 

 

Dulière, Valérie, Yongxin Zhang, and Eric P. Salathé Jr. "Extreme precipitation and 

temperature over the US Pacific Northwest: A comparison between observations, 

reanalysis data, and regional models." Journal of Climate 24.7 (2011): 1950-1964. 

 

Gershunov, Alexander. "ENSO influence on intraseasonal extreme rainfall and 

temperature frequencies in the contiguous United States: Implications for long-range 

predictability." Journal of Climate 11.12 (1998): 3192-3203. 

 

Gordon, Chris, et al. "The simulation of SST, sea ice extents and ocean heat transports 

in a version of the Hadley Centre coupled model without flux adjustments." Climate 

dynamics 16.2-3 (2000): 147-168. 

 

Grabowski, Wojciech W. "Cloud microphysics and the tropical climate: Cloud-

resolving model perspective." Journal of climate 13.13 (2000): 2306-2322. 



34 

 

 

Harris, I. P. D. J., et al. "Updated high‐resolution grids of monthly climatic 

observations–the CRU TS3. 10 Dataset." International Journal of Climatology 34.3 

(2014): 623-642. 

 

Hu, Aixue, and Clara Deser. "Uncertainty in future regional sea level rise due to internal 

climate variability." Geophysical Research Letters 40.11 (2013): 2768-2772. 

 

Jones, R. G., et al. "Generating high resolution climate change scenarios using 

PRECIS." Met Office Hadley Centre, Exeter, UK 35 (2004). 

 

Kang, Sarah M., Clara Deser, and Lorenzo M. Polvani. "Uncertainty in climate change 

projections of the Hadley circulation: the role of internal variability." Journal of 

Climate 26.19 (2013): 7541-7554. 

 

Knight, Christopher G., et al. "Association of parameter, software, and hardware 

variation with large-scale behavior across 57,000 climate models." Proceedings of the 

National Academy of Sciences 104.30 (2007): 12259-12264. 

 

Leung, L. Ruby, Yun Qian, and Xindi Bian. "Hydroclimate of the western United States 

based on observations and regional climate simulation of 1981–2000. Part I: Seasonal 

statistics." Journal of Climate 16.12 (2003): 1892-1911. 

 

Leung, L. Ruby, et al. "Hydroclimate of the western United States based on 

observations and regional climate simulation of 1981–2000. Part II: mesoscale ENSO 

anomalies." Journal of Climate 16.12 (2003): 1912-1928. 

 

Massey, N., et al. "weather@ home—development and validation of a very large 

ensemble modelling system for probabilistic event attribution." Quarterly Journal of 

the Royal Meteorological Society 141.690 (2015): 1528-1545. 

 

Mearns, L. O., et al. "The North American regional climate change assessment program 

dataset." National Center for Atmospheric Research Earth System Grid data portal, 

Boulder, CO (2007). 

 

Mearns, Linda O., et al. "A regional climate change assessment program for North 

America." Eos 90.36 (2009): 311. 

 

Mearns, Linda O., et al. "The North American regional climate change assessment 

program: overview of phase I results." Bulletin of the American Meteorological 

Society 93.9 (2012): 1337-1362. 

 

Menne, Matthew J., Claude N. Williams Jr, and Russell S. Vose. "The US Historical 

Climatology Network monthly temperature data, version 2." Bulletin of the American 

Meteorological Society 90.7 (2009): 993-1007. 



35 

 

 

Mesinger, Fedor, et al. "North American regional reanalysis." Bulletin of the American 

Meteorological Society 87.3 (2006): 343-360. 

 

Mote, Philip W., et al. "Superensemble regional climate modeling for the western 

United States." Bulletin of the American Meteorological Society 97.2 (2016): 203-215. 

 

O’Brien, Travis A., Lisa C. Sloan, and Mark A. Snyder. "Can ensembles of regional 

climate model simulations improve results from sensitivity studies?." Climate 

dynamics 37.5-6 (2011): 1111-1118. 

 

Oshima, Kazuhiro, Youichi Tanimoto, and X. I. E. Shang-Ping. "Regional patterns of 

wintertime SLP change over the North Pacific and their uncertainty in CMIP3 multi-

model projections." Journal of the Meteorological Society of Japan. Ser. II 90 (2012): 

385-396. 

 

Rayner, N. A., et al. "Global analyses of sea surface temperature, sea ice, and night 

marine air temperature since the late nineteenth century." Journal of Geophysical 

Research: Atmospheres 108.D14 (2003). 

 

Ropelewski, Chester F., and Michael S. Halpert. "North American precipitation and 

temperature patterns associated with the El Niño/Southern Oscillation 

(ENSO)." Monthly Weather Review 114.12 (1986): 2352-2362. 

 

Rupp, David E., et al. "Evaluation of CMIP5 20th century climate simulations for the 

Pacific Northwest USA." Journal of Geophysical Research: Atmospheres 118.19 

(2013). 

 

Salathé Jr, Eric P., et al. "A high-resolution climate model for the US Pacific Northwest: 

mesoscale feedbacks and local responses to climate change." Journal of Climate 21.21 

(2008): 5708-5726. 

 

Salathé, Eric P., et al. "Regional climate model projections for the State of 

Washington." Climatic Change 102.1 (2010): 51-75. 

 

Sanderson, Benjamin M., et al. "Towards constraining climate sensitivity by linear 

analysis of feedback patterns in thousands of perturbed-physics GCM 

simulations." Climate Dynamics 30.2-3 (2008): 175-190. 

 

Sanderson, Benjamin M., et al. "Constraints on model response to greenhouse gas 

forcing and the role of subgrid-scale processes." Journal of Climate 21.11 (2008): 

2384-2400. 

 

Sanderson, Benjamin M., et al. "Towards constraining climate sensitivity by linear 

analysis of feedback patterns in thousands of perturbed-physics GCM 

simulations." Climate Dynamics 30.2-3 (2008): 175-190. 



36 

 

 

Sanderson, Benjamin M., Karen M. Shell, and William Ingram. "Climate feedbacks 

determined using radiative kernels in a multi-thousand member ensemble of 

AOGCMs." Climate dynamics 35.7-8 (2010): 1219-1236. 

 

Stainforth, David A., et al. "Uncertainty in predictions of the climate response to rising 

levels of greenhouse gases." Nature 433.7024 (2005): 403-406. 

 

Taylor, Karl E. "Summarizing multiple aspects of model performance in a single 

diagram." Journal of Geophysical Research: Atmospheres 106.D7 (2001): 7183-7192. 

 

Wallace, John M., Catherine Smith, and Christopher S. Bretherton. "Singular value 

decomposition of wintertime sea surface temperature and 500-mb height 

anomalies." Journal of climate 5.6 (1992): 561-576. 

 

Wallace, J. M., C. Deser, B. V. Smoliak, and A. S. Philips, (2014): Attribution of 

climate change in the presence of internal variability. Climate Change: Multidecadal 

and Beyond, C. P. Chang et al., Eds., Asia-Pacific Weather and Climate Series, Vol. 6, 

World Scientific, in press. 

 

Wettstein, Justin J., and Clara Deser. "Internal variability in projections of twenty-first-

century Arctic sea ice loss: Role of the large-scale atmospheric circulation." Journal of 

Climate 27.2 (2014): 527-550. 

 

Wu, Xiaoqing. "Effects of ice microphysics on tropical radiative–convective–oceanic 

quasi-equilibrium states." Journal of the atmospheric sciences 59.11 (2002): 1885-

1897. 

 

Zhang, Yongxin, et al. "Evaluation of WRF and HadRM mesoscale climate simulations 

over the US Pacific Northwest." Journal of Climate 22.20 (2009): 5511-5526. 

 

 

 

 

 

 



37 

 

 

Tables and Figures  

Table 2.1. Perturbed parameters in the new perturbed physics experiment used in this 

analysis. The upper and lower bounds for the values of the parameters were specified 

from expert solicitation. 

 

Parameters Description/Process 

Affected 

Lower/Upper Bound 

ENTCOEF 

(Entrainment coefficient) 

Scales rate of mixing 

between environmental 

(clear) air and convective 

plume (cloud) 

[0.6, 9] 

CT 

(Accretion constant) 

How quickly cloud 

droplets convert to rain 

[0.5, 4] × 10-4 

VF1 

(Ice fall speed) 

Ice fall speed through 

clouds - important for the 

development of 

 clouds and determining 

type (rain, sleet, hail, 

snow) and amount of 

precipitation 

[0.5, 2] 

 

 

Table 2.2. The 31-year average (1979-2009) seasonal temperature (°C) from the 

Hadley Centre Regional Model with improved physics parameterizations (HadRM3P) 

standard physics experiment (SP), from the national Centers for Environmental 

Predictions (NCEP) North American Regional Reanalysis (NARR), the bias (model 

minus observed) and spatial correlation r over the western US. 

 

 

Season HadRM3P NARR Bias r 

DJF 

MAM 

JJA 

SON 

0.20 

8.03 

21.96 

11.48 

1.16 

9.08 

20.26 

11.18 

-0.96 

-1.04 

1.70 

0.30 

0.98 

0.98 

0.96 

0.99 
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Table 2.3. The 31-year average (1979-2009) seasonal precipitation (mm per month) 

from Hadley Centre Regional Model with improved physics parameterizations 

(HadRM3P) standard physics experiment (SP), from the national Centers for 

Environmental Predictions (NCEP) North American Regional Reanalysis (NARR), the 

bias (model minus observed) and spatial correlation r over the western US. 

 

Season Model NARR Bias r 

DJF 

MAM 

JJA 

SON 

81.4 

58.3 

17.2 

48.5 

66.8 

45.7 

21.7 

41.8 

14.6 

12.6 

-4.4 

6.7 

0.82 

0.74 

0.75 

0.83 

 

Table 2.4.  RCM-GCM combinations from NARCCAP used in this paper. 

 

RCM Driving GCM 

Canadian Regional Climate 

Model (CRCM) 

Community Climate System 

Model (CCSM) 

Canadian Regional Climate 

Model (CRCM) 

Third Generation Couple Model 

(CGCM3)  

Experimental Climate Prediction 

Center Regional Spectral Model 

(ECP2) 

Geophysical Fluid Dynamics 

Laboratory GCM (GFDL)  

Hadley Regional Model 3 

(HRM3) 

Geophysical Fluid Dynamics 

Laboratory GCM (GFDL) 

Hadley Regional Model 3 

(HRM3) 

Hadley Centre Coupled Model 

Version 3 (HadCM3) 

Mesoscale Model ISU Version 

(MM5I) 

Community Climate System 

Model (CCSM) 

Mesoscale Model ISU Version 

(MM5I) 

Hadley Centre Coupled Model 

Version 3 (HadCM3) 

UC Santa Cruz Regional Climate 

Model (RCM3) 

Third Generation Couple Model 

(CGCM3) 

UC Santa Cruz Regional Climate 

Model (RCM3) 

Geophysical Fluid Dynamics 

Laboratory GCM (GFDL) 

Weather Research and 

Forecasting Model (WRFG) 

Community Climate System 

Model (CCSM) 

Weather Research and 

Forecasting Model (WRFG) 

Third Generation Couple Model 

(CGCM3) 
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Figure captions 

Figure 2.1. Approximate domain and elevation (m) of terrain used in this research. 

 

Figure 2.2. Seasonal mean temperature (°C) in 1979 -2009 for DJF (left column), 

MAM (middle column), and JJA (right column) from HadRM3P (first row), PRISM 

(second row), NARR (third row), and the bias (HadRM3P minus NARR, fourth row). 

 

Figure 2.3. Seasonal mean monthly net downward solar radiation (W m-2) in 1979-

2009 for DJF (left column), MAM (middle column), and JJA (right column) from 

HadRM3P (first row), NARR (second row), and the bias (HadRM3P minus NARR, 

third row). 

 

Figure 2.4. The 50-year average (1960-2009) temperatures (°C) from HadRM3P and 

the Historical Climatology Network (HCN) for 147 HCN observing stations in a 5-state 

region (Oregon, Idaho, Washington, California and Nevada). Each dot denotes a 

different HCN station. The open black circles show the original HadRM3P vs. HCN 

temperature, and the solid black line is the corresponding linear regression. The filled 

red circles show the elevation-adjusted HadRM3P vs. HCN temperature, and the solid 

red line is the corresponding linear regression. The 1:1 line is shown in blue. 

 

Figure 2.5. Seasonal mean precipitation (mm per month) in 1979-2009 for DJF (left 

column), MAM (middle column), and JJA (right column) from HadRM3P (first row), 

PRISM (second row), NARR (third row), and the bias in % (HadRM3P minus NARR, 

fourth row). 

 

Figure 2.6. Simulated and observed DJF temperature (a), JJA temperature (b), DJF 

precipitation (c), and JJA precipitation (d) along a West-East transect at 47.75 °N.  

 

Figure 2.7. Seasonal mean monthly diurnal temperature range (DTR, °C) in 1979-2009 

DJF (left column), MAM (middle column), and JJA (right column) from HadRM3P 

(first row), NARR (second row), and the bias (HadRM3P minus NARR, third row). 

 

Figure 2.8. Seasonal mean monthly minimum temperature (Tmin1, °C) in 1979-2009 

DJF (left column), and seasonal mean monthly maximum temperature (Tmax1, °C) in 

1979-2009 JJA (right column) from HadRM3P (first row), NARR (second row), and 

the bias (HadRM3P minus NARR, third row). 

 

Figure 2.9. El Niño years seasonal (DJF) mean precipitation anomaly (%) from 

HadRM3P and other observational datasets. The number in the lower left corner in each 

panel is the spatial correlation of that dataset with HadRM3P. 

 

Figure 2.10. Same as Fig. 9, but for mean surface temperature anomaly (°C). 

 

Figure 2.11. Taylor diagram showing normalized standard deviations (radius) and 
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correlation coefficients (angle) for annual average temperature (tavg, triangle), 

precipitation rate (precip, circle) from weather@home (black), with each data point 

representing one of 50 ensemble members, averaged over 21 years (Dec 1979 through 

Nov 1999).  Also shown are the same variables from 11 simulations from NARCCAP 

for the same time period (red).  The solid red symbols correspond to the 

HadRM3/HadCM3 combination used in NARCCAP. The reference field for the 

normalization and the correlation is the National Centers for Environmental Predictions 

(NCEP) North American Regional Reanalysis (NARR).  

 

Figure 2.12. The distribution of the deviation, or error, in the ensemble statistic from 

the ‘population’ statistic with increasing ensemble size for (a) JJA mean temperature,  

(b) DJF mean precipitation, (c) JJA 98th percentile temperature, and (d) DJF 2nd 

percentile precipitation from the HadRM3P for one year (December 2008 through 

November 2009) for Los Angeles. 

 

Figure 2.13. Simulated DJF precipitation along the same West-East transect as in 

Figure 6, from Parameter combination 1 (default), 2(drier) and 3(wetter).  

 

 

Figure 2.1. Approximate domain and elevation (m) of terrain used in this research. 
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Figure 2.2. Seasonal mean temperature (°C) in 1979 -2009 for DJF (left column), 

MAM (middle column), and JJA (right column) from HadRM3P (first row), PRISM 

(second row), NARR (third row), and the bias (HadRM3P minus NARR, fourth row). 
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Figure 2.3. Seasonal mean monthly net downward solar radiation (W m-2) in 1979-

2009 for DJF (left column), MAM (middle column), and JJA (right column) from 

HadRM3P (first row), NARR (second row), and the bias (HadRM3P minus NARR, 

third row). 
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Figure 2.4. The 50-year average (1960-2009) temperatures (°C) from HadRM3P and 

the Historical Climatology Network (HCN) for 147 HCN observing stations in a 5-state 

region (Oregon, Idaho, Washington, California and Nevada). Each dot denotes a 

different HCN station. The open black circles show the original HadRM3P vs. HCN 

temperature, and the solid black line is the corresponding linear regression. The filled 

red circles show the elevation-adjusted HadRM3P vs. HCN temperature, and the solid 

red line is the corresponding linear regression. The 1:1 line is shown in blue. 



44 

 

 

 

Figure 2.5. Seasonal mean precipitation (mm per month) in 1979-2009 for DJF (left 

column), MAM (middle column), and JJA (right column) from HadRM3P (first row), 

PRISM (second row), NARR (third row), and the bias in % (HadRM3P minus NARR, 

fourth row). 
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Figure 2.6. Simulated and observed DJF temperature (a), JJA temperature (b), DJF 

precipitation (c), and JJA precipitation (d) along a West-East transect at 47.75 °N.  
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Figure 2.7. Seasonal mean monthly diurnal temperature range (DTR, °C) in 1979-2009 

DJF (left column), MAM (middle column), and JJA (right column) from HadRM3P 

(first row), NARR (second row), and the bias (HadRM3P minus NARR, third row). 
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Figure 2.8. Seasonal mean monthly minimum temperature (Tmin1, °C) in 1979-2009 

DJF (left column), and seasonal mean monthly maximum temperature (Tmax1, °C) in 

1979-2009 JJA (right column) from HadRM3P (first row), NARR (second row), and 

the bias (HadRM3P minus NARR, third row). 
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Figure 2.9. El Niño years seasonal (DJF) mean precipitation anomaly (%) from 

HadRM3P and other observational datasets. The number in the lower left corner in each 

panel is the spatial correlation of that dataset with HadRM3P. 
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Figure 2.10. Same as Fig. 9, but for mean surface temperature anomaly (°C). 
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Figure 2.11. Taylor diagram showing normalized standard deviations (radius) and 

correlation coefficients (angle) for annual average temperature (tavg, triangle), 

precipitation rate (precip, circle) from weather@home (black), with each data point 

representing one of 50 ensemble members, averaged over 21 years (Dec 1979 through 

Nov 1999).  Also shown are the same variables from 11 simulations from NARCCAP 

for the same time period (red).  The solid red symbols correspond to the 

HadRM3/HadCM3 combination used in NARCCAP. The reference field for the 

normalization and the correlation is the National Centers for Environmental Predictions 

(NCEP) North American Regional Reanalysis (NARR).  
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Figure 2.12. The distribution of the deviation, or error, in the ensemble statistic from 

the ‘population’ statistic with increasing ensemble size for (a) JJA mean temperature, 

(b) DJF mean precipitation, (c) JJA 98th percentile temperature, and (d) DJF 2nd 

percentile precipitation from the HadRM3P for one year (December 2008 through 

November 2009) for Los Angeles. 
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Figure 2.13. Simulated DJF precipitation along the same West-East transect as in 

Figure 6, from Parameter combination 1 (default), 2(drier) and 3(wetter).  
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Supplementary Information 

This file contains information that supports the body of manuscript in the form of 4 

tables and 6 figures. 

Table S1. Spatial correlation between HadRM3P and different reference datasets for 

precipitation anomaly (%) in La Niña years. 5 cold ENSO events (1985, 1989, 1999, 

2000 and 2008) were identified and used in this analysis. 

Table S2. Same as Table S1, for temperature anomaly (°C). 

Table S3. Statistics for precipitation from NCRCAAP model combinations shown in 

Fig.10. 

Table S4. Same as Table S4, but for temperature. 

Figure S1. Simulated and observed (a) DJF temperature, (b) JJA temperature, (c) DJF 

precipitation, and (d) JJA precipitation along a West-East transect at 36 °N. 

Figure S2. HadRM3P biases relative to NARR in (a) winter season Tmin1; (b) residual 

biases after taking out the biases of winter tavg from (a); (c) percentage of the residual 

biases relative to the original biases of winter Tmin1; (d) biases in summer season 

Tmax1; (e) residual biases after taking out the biases of summer tavg from (d); (f) 

percentage of the residual biases relative to the original biases of summer Tmax1. 

Figure S3. El Niño years seasonal (DJF) mean precipitation anomaly (%) from 

HadRM3P and other observational datasets (same as in Fig. 9). Areas where anomalies 

are statistically significant at the 5% level based on a t-test are shown. 

Figure S4. Same as Fig. S3, but for mean surface temperature anomaly (°C). 

Figure S5. Same as Fig. S3, but for all 16 warm events.  

Figure S6. Same as Fig. S5, but for mean surface temperature anomaly (°C). 
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Table S1. Spatial correlation between HadRM3P and different reference datasets for 

precipitation anomaly (%) in La Niña years. 5 cold ENSO events (1985, 1989, 1999, 

2000 and 2008) were identified and used in this analysis. 

 

 HadRM3P-

NARR 

HadRM3P-

PRISM 

HadRM3P-

CRU 

HadRM3P-

CPC 

HadRM3P-

GPCC 

La Niña 0.53 0.59 0.48 0.56 0.48 

 

 

Table S2. Same as Table S1, for temperature anomaly (°C). 

 

 HadRM3P-

NARR 

HadRM3P-

PRISM 

HadRM3P-CRU 

La Niña 0.11 0.41 0.20 

 

 

Table S3. Statistics for precipitation from NCRCAAP model combinations shown in 

Fig.10. 

 

RCM_GCM Correlation Normalized Spatial 

Standard Deviation 

CRCM_CCSM 0.90 0.90 

CRCM_CGCM3 0.91 0.99 

ECP2_GFDL 0.85 0.93 

HRM3_GFDL 0.80 0.95 

HRM3_HadCM3 0.83 1.17 

MM5I_CCSM 0.87 1.22 

MM5I_HadCM3 0.87 1.03 

RCM3_CGCM3 0.86 1.24 

RCM3_GFDL 0.82 0.91 

WRFG_CCSM 0.89 1.25 

WRFG_CGCM3 0.91 1.19 
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Table S4. Same as Table S4, but for temperature. 

 

RCM_GCM Correlation Normalized Spatial 

Standard Deviation 

CRCM_CCSM 0.93 1.33 

CRCM_CGCM3 0.91 1.35 

ECP2_GFDL 0.88 1.22 

HRM3_GFDL 0.96 1.16 

HRM3_HadCM3 0.98 1.00 

MM5I_CCSM 0.94 1.18 

MM5I_HadCM3 0.93 1.23 

RCM3_CGCM3 0.92 1.15 

RCM3_GFDL 0.90 1.26 

WRFG_CCSM 0.95 1.22 

WRFG_CGCM3 0.95 1.09 

 

 

Figure S1. Simulated and observed (a) DJF temperature, (b) JJA temperature, (c) DJF 

precipitation, and (d) JJA precipitation along a West-East transect at 36 °N. 
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Figure S2. HadRM3P biases relative to NARR in (a) winter season Tmin1; (b) residual 

biases after taking out the biases of winter tavg from (a); (c) percentage of the residual 

biases relative to the original biases of winter Tmin1; (d) biases in summer season 

Tmax1; (e) residual biases after taking out the biases of summer tavg from (d); (f) 

percentage of the residual biases relative to the original biases of summer Tmax1. 
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Figure S3. El Niño years seasonal (DJF) mean precipitation anomaly (%) from 

HadRM3P and other observational datasets (same as in Fig. 9). Areas where anomalies 

are statistically significant at the 5% level based on a t-test are shown. 
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Figure S4. Same as Fig. S3, but for mean surface temperature anomaly (°C). 
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Figure S5. Same as Fig. S3, but for all 16 warm events.  
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Figure S6. Same as Fig. S5, but for mean surface temperature anomaly (°C). 
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Key Points 

• Large ensemble of regional climate simulations provides information of 

changes at local scale, with well-quantified signal-to-noise ratio. 

• Mean and extreme precipitation increase relatively more on the leeward side of 

the Cascade Range than on the windward side.  

• The large ensemble provides robust estimates of changes in precipitation 

extremes, even for very extreme events (20-yr, 50-yr events). 
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Abstract  

Western United States climate was simulated for the recent past (1986-2014) 

and future (2031-2059) using a 25-km horizontal resolution regional climate model 

(HadRM3P) nested in a global atmospheric model (HadAM3P).  The large initial-

condition ensemble of regional climate simulations provides detailed information of 

precipitation changes at local grid point level, with high signal-to-noise ratio, while 

results from the host global climate model are analyzed for synoptic-scale mechanisms 

driving the regional changes. Both winter and summer precipitation changes have a 

large dynamic origin. Winter precipitation changes are associated with a southeastward 

extension of the Aleutian low-pressure center and strengthening and eastward 

expansion of the upper subtropical jet stream. Summer precipitation changes are 

associated with a high-pressure anomaly centered over the northwest at the 500-hPa 

level, contributing to drying in the northwest, and the wetting in the southwest is 

associated with stronger increase in water vapor. The pattern of circulation change 

associated with changes in extreme (wet) monthly precipitation is similar to that for 

changes in mean monthly precipitation, but the changes are more intense. The changes 

of extreme precipitation vary spatially, with the least relative increase in Western 

Oregon-Washington, and the most relative increase in the Great Basin. Precipitation 

increase more on the leeward side of the Cascade Range than on the windward side, 

and this difference across mountain barrier is present in changes of both seasonal mean 

and extreme precipitation, suggesting common physical drivers. 
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1. Introduction 

Anthropogenically forced changes in precipitation are of great interest due to 

their potential impacts: flooding hazards, landslides, droughts, agricultural losses, crisis 

in water resource management and infrastructure, etc. Human and natural systems are 

water sensitive. Future projections of precipitation are important, because adaptation 

and mitigation efforts rely on projections to provide some insights on what to plan for. 

There have been many studies focusing on predicting how precipitation will change in 

the future, including large coordinated modeling effects such as the Coupled Model 

Intercomparison Projects (CMIP3 and CMIP5) [e.g., Meehl et al. 2007; Taylor et al., 

2013]. Yet, models don’t always agree, in magnitude and even sign of change, on 

regional scales, such as over the western US. Changes of precipitation in the western 

US is strongly influenced by possible changes in multiple processes, including 

stationary waves, jet streams, and storm tracks etc., besides the thermodynamic 

arguments of water vapor increases following Clausius-Clapeyron relation [Held and 

Soden, 2006] under warming. The large inter model differences in projections of 

dynamical responses to global warming are largely responsible for the uncertain 

projections of precipitation changes over western US [e.g., Seager and Vecchi, 2010; 
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Seager et al., 2014; Neelin et al., 2013; Gao et al., 2014; Chang et al., 2015; Choi et al., 

2015; Langenbrunner et al., 2015]. 

One reason the differences in dynamical responses are the causes of inter model 

differences of precipitation projection is that, dynamical changes are less certain than 

thermodynamical changes, i.e. higher level of internal variability [e.g., Deser et al., 

2012; Hu and Deser, 2013; Deser et al., 2014; Wettstein and Deser, 2014; Sheperd, 

2014]. Internal variability is present because the climate system is chaotic due to its 

nonlinear internal dynamics and its behavior exhibits long term fluctuations 

characteristic of a random stochastic process, such that even if subject to small initial 

condition (I.C.) perturbations, the system will end up on a different trajectory [Deser et 

al., 2012]. Any single model projection contains internally variability and externally 

forced response. The role and magnitude of internal variability can be accessed using 

large initial condition ensemble of simulations from a particular model, where 

individual members only differ in their initial conditions [Deser et al., 2012]. By 

averaging across ensemble members, internal variability can be reduced to provide a 

more robust estimate of a model’s response to external forcing. For precipitation, 

internal variability can be dominant, especially on regional scales [Hawkins and Sutton, 

2011; Deser et al., 2012]. Given the large internal variability associated with 

precipitation and dynamical changes, large ensembles are needed not only to 

characterize the changes in precipitation, but also to identify large-scale dynamical 

mechanisms driving the regional changes. 

Although GCMs have been relied upon extensively for projecting precipitation 

changes, because of their coarse spatial resolutions, they poorly simulate topographic 
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and land surface influences on precipitation over complex terrain, such as that in the 

western US [e.g. Dulière et al., 2011]. By using regional climate models (RCMs) that 

have higher spatial resolution, representation of orography and land surface’s effects 

on precipitation is improved [e.g., Salathé et al., 2008, 2010; Leung and Qian, 2009]. 

For high impact, low probability precipitation extremes, increasing spatial resolution 

has been shown to be especially beneficial. Kopparla et al. [2013] showed improved 

simulation of extreme precipitation in a high-resolution (~0.25°) atmosphere model 

compared with those of the same model at lower resolution (~ 1° and 2°), especially in 

high percentiles (>95th) of daily precipitation over the United States. There have been 

many other studies on the effects of increasing horizontal resolutions on precipitation 

[e.g., Bacmeister et al., 2014; Rauscher et al., 2015; Torma et al., 2015; Lucas-Picher 

et al., 2016; Fantini et al., 2016; Shields et al., 2016]; all have demonstrated 

improvement of model performance in high-resolution experiments, especially over 

regions of highly varying topography. Significant progress has also been made towards 

increasing model resolution to the convection-permitting level, for example, 4-km grid 

spacing using Water Research and Forecast model [e.g., Rasmussen et al., 2014; Prein 

et al., 2016; Liu et al., 2016] and 1.5-km grid spacing using the UK Met Office Unified 

Model [Chan et al., 2014; Kendon et al., 2014]. Convection-permitting models can in 

principle, better resolving local storm dynamics and convective precipitation extremes.  

These studies use small number of realizations for extreme events (20-yr, 50-yr 

and 100-yr etc.). Future projections of extremes based on small numbers of realizations 

are not statistically robust, because patterns of simulated change can be dominated by 

just a few storms. To increase sample size, some studies [e.g., Sugiyama et al., 2010] 
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have constructed daily precipitation distributions that combine both time and space 

dimensions. Although it is essential to increase sample size, this method complicates 

interpretation, because results from combining both space and time are neither 

representative of the whole domain nor a single grid point. Given the current lack of 

large data sample sizes, statistical analysis of precipitation extremes in a changing 

climate has frequently been done using the generalized extreme value (GEV) theory 

[e.g., Kharin and Zwiers, 2005; Dominguez et al., 2012; Wehner 2013], or peak over 

threshold approach that fits a theoretical distribution to the data above a certain 

threshold on the upper tail of the distribution [e.g., Katz, 2010]. There is uncertainty in 

the fit of statistical model [e.g., Wehner 2010], and in the theoretical distribution too. 

Another much less used approach is to generate large ensembles. By resolving many 

more extreme events than actually occur in the real world over the period of interest, 

large ensembles of RCM simulations improve confidence in quantifying extreme 

statistics. 

The main goals of this study are to a) provide detailed and robust (i.e. high 

signal-to-noise ratio) spatial patterns of changes in seasonal mean precipitation; b) 

identify from the host GCM, the synoptic-scale mechanisms driving the regional and 

local changes; and c) estimate changes in precipitation extremes directly from large 

ensembles as opposed to typical extreme value statistical approaches. 
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2. Data and Method 

Simulations used in this study came from the weather@home distributed 

volunteer computing project for generating large ensembles of regional climate 

simulations.  weather@home used the U.K. Met Office Hadley Centre’s regional 

climate model HadRM3P (0.22º0.22º, ~25 km) nested within the atmospheric global 

model HadAM3P (1.875º1.25º).  The details about the western US domain in 

weather@home and the evaluation of HadAM3P/HadRM3P were given in Mote et al. 

[2016], Li et al. [2015], Rupp et al. [2016], and Rupp and Li [2016]. Readers are 

referred to Rupp et al. [2016] for details about the simulations used. For brevity, only 

a summary is provided here. Simulations covered a historical period (1986 - 2014) and 

a future period (2031 - 2059).  Atmospheric forgings for each 29-year period were 

consistent with the Coupled Model Intercomparison Project Phase 5 (CMIP5) 

“historical” and Representative Concentration Pathway (RCP) 4.5 experiments 

[Meinshausen et al., 2011], respectively. HadAM3P-HadRM3P is an atmospheric only 

model, so SSTs and sea ice fractions (under RCP4.5 derived from simulations using 

the global earth system model CESM-CAM5) were prescribed as boundary conditions. 

Each simulation is one year long, beginning December 1. For any given year, 100 

ensemble members were generated with identical boundary conditions and external 

forcings, with each run starting from a different initial condition (I.C.). The large I.C. 

ensembles were generated by perturbing the 3-D global potential temperature field of 

the global model at the beginning of each year (see Massey et al., 2015).   

The ensemble mean circulation patterns on different pressure levels, and the 

moisture transport proxy (as defined in the appendix), were compared with results from 
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North American Regional Reanalysis (NARR; NARR data provided by the 

NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, downloaded from at 

http://www.esrl.noaa.gov/psd/) and we found consistent spatial distributions and 

magnitudes between HadAM3P and NARR (not shown here). Monthly precipitation 

from the 4-km resolution PRISM dataset [Daly et al., 2008] was used to assess the 

fidelity of the simulated distribution of extreme precipitation months throughout the 

historical period. To assess the fidelity of HadRM3P in simulating daily precipitation, 

results from the historical simulated daily precipitation intensity and dry day frequency 

were compared to gridded daily precipitation from the 1/24° PRISM dataset [Di Luzio 

et al., 2008]. PRISM data were regridded to the HadRM3P grid.  

To provide region-specific summaries of changes in mean and extreme 

precipitation, and to gain insights on the orographic influence of the major mountain 

ranges on large scale changes under warming, we selected 4 subdomains (shown in Fig. 

1): Oregon and Washington west of, and including the Cascade Range divide (Western 

OR-WA); California west of the Sierra Nevada divide and the Cascade Range divide 

(Western CA); the Columbia Plateau; and the Great Basin. Based on assessment of 

historical monthly precipitation from PRISM (Fig. S11), these subdomains show 

similar behavior: the wet half of precipitation records fall in October through Match 

(the wet season). We repeated the analysis for other subdomains, Oregon and 

Washington east of Cascade Range (Eastern OR-WA), California east of the Cascades 

and Sierra Nevada (Eastern CA), the results for Eastern OR-WA were qualitatively 

similar to Columbia Plateau, and results for Eastern CA were similar to Great Basin, 

so are not presented here.  
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For the change in seasonal mean analysis, precipitation and other diagnostic 

variables investigated for this study were averaged over all 100-ensemble members per 

year and over 29 years for each grid point. Change was calculated by taking the 

difference between the historical and future ensemble mean seasonal mean values. To 

determine the signal-to-noise ratio (SNR) of projected changes in seasonal mean 

precipitation that can be achieved using a I.C. ensemble of N = 100 members per year, 

we bootstrapped 1,000 times, randomly selecting an ensemble size of 100 per year, and 

averaged over 29 years per period for each model grid point, then took the difference 

between future and historical period. Signal is defined as the sample mean, and noise 

is defined as the 5%-95% percentile range of the 1,000 bootstrapped samples.  Signal-

to-noise ratio is defined as the absolute value of signal divided by noise. We use SNR > 

1 to as a criterion to determine whether a signal is statistically significant.   

For the wet season one-month extreme analysis, where one-month extreme is 

defined as the 99th percentile bin, i.e., the top 1 % rainiest months, we ranked the wet 

season monthly precipitation in each region for the historical period and the RCP4.5 

period respectively. In each region, 29 years of simulations, 100 ensemble members 

per year, 6 months in the wet season, totaling in 17,400 data points were used for each 

scenario. The monthly values exceeding the 99th percentile threshold -174 data points- 

from each scenario were selected. This selection method is driven by the question: in 

the future, after accounting for changes in the mean, how the upper tail of the 

distribution will change. The corresponding sea level pressure and 10-m winds (we also 

looked at higher level winds, though results are not shown here) were composited to 

investigate the driving mechanisms for change in one-month extreme. 
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For the daily precipitation analysis, we excluded the first three days of each 

simulation year to allow the atmosphere to adjust to the perturbation of the initial 

condition. A threshold of 0.1 mm/day was used to define a dry day, as done in previous 

studies [e.g., Sun et al., 2007; Chou et al., 2012]. The total precipitation amount 

accumulated from daily precipitation intensity less than 0.1 mm/day was very small 

(less than 1% of the total in each subdomain), so it did not affect the results of this 

study. In each subdomain, precipitation distributions were summarized in two manners: 

1) data was binned by precipitation intensity with bin width equal = 0.1 after log-

transformation for historical and RCP4.5 respectively; 2) data was ranked for the two 

period respectively, and the 99th percentile, 1 in 10-yr event, 1 in 20-year event and 1 

in 50-yr event in each subdomain were investigated. With the large ensemble size, there 

are 5,133 precipitation days (177 in Oct-Mar with first three simulation days thrown 

out, times 29 years, times 100 ensemble members per year, times 1%) within the 99th 

percentile bin. There is no need for statistical fitting of extreme value distribution; the 

1 in 10-yr event corresponds to the amount of daily precipitation exceeded with 

probability 1/1,770 (177 in Oct-Mar with first three simulation days thrown out, times 

10 years), 1 in 20-yr corresponds to 1/3,540, and 1 in 50-yr corresponds to 1/8,850, in 

each period respectively. 

Given extreme events may be assigned some characteristic areal extent, it 

makes sense to perform 20-yr, 50-yr returned values analysis more appropriately, by 

identify subdomains that are the roughly sizes of impacted areas or footprints of intense 

storms and construct PDF/CDF distributions on the regional average of those 

subdomains. Parker and Abatzoglou [2016] showed a spatial coherence of extreme 
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precipitation events of ~ 120km in the northwest, although this coherence relationship 

comes with significant heterogeneity. We acknowledge that the sizes of subdomains 

used in this study for extreme events are larger than the suggested ~120km, and that 

this was a compromise of trying to cover most of the western US in our analysis and 

efficiently summarize the statistics. 

 

3. Changes in Season Mean Precipitation  

3.1. Spatial Patterns of Changes in Seasonal Mean  

Spatial patterns of changes in seasonal mean precipitation simulated by 

HadRM3P have been presented in Rupp et al. [2016, Fig. 13], but are shown here (Fig.2) 

to remind readers and to provide context for the following discussions. Changes 

simulated by the regional model tracks the changes simulated by HadAM3P (Fig. S1), 

but with more spatially resolved changes associated with topography, e.g., mountain 

ranges and coastlines. The projected relative change in precipitation for winter 

(December through February, DJF), spring (March through May, MAM), and fall 

(September through November, SON) all show a north-south dipole pattern of 

increases at higher latitudes and decreases at lower latitudes. Summer (June through 

August, JJA) changes have a dipole pattern reversed from the other three seasons, with 

drying in the Northwest and northern California, wetting in southern California and the 

Southwest interior. A notable feature of these patterns is that the relative changes on 

the east side of the Cascades and northern Sierras are larger than on west side in every 

season but summer; the Columbia Plateau particularly stands out as being projected to 

have relatively larger increases in winter, spring and fall compared with the rest of the 
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domain. However, the relative changes should be considered together with the absolute 

changes (shown in Fig. 3 vertical axes) to put these spatial patterns of changes in a 

more physical perspective. For regions such as Columbia Plateau, the larger relative 

increases do not amount to larger absolute increases because the historical precipitation 

is not that high in that region. Results in Fig. 2 show that spatial patterns of changes 

vary seasonally, and exhibit strong spatial heterogeneity at scales as small as the local 

grid point level. These results have important implications for water resource 

management and adaptation, suggesting that water resource managers must plan for a 

range of future hydrological conditions that span broad geographical regions, within 

which the local precipitation responses vary significantly. 

Large ensembles can provide robust estimates of local response, i.e. high SNR. 

Here we highlight how SNR varies across the western US in Fig. 3. (See Supplementary 

Movie.1 for a thorough 3-D view). We use SNR > 1 as a criterion to determine whether 

a change signal is statistically significant. Even with 100 ensemble members per year, 

in each season there are still a large number of grid points with a SNR < 1, which means 

the change would not be reliably detectable from the background internal variability. 

In winter, almost all the grid points in the northwest have SNR > 1. In the southwest, 

grid points on east side of the Sierra Nevada in southern California, southern Nevada, 

and Arizona have SNR < 1. In spring, the more robust pattern is the drying in the 

southwest on the east side of the Sierra Nevada, and the wetting in the northwest east 

of Cascade Mountain ranges and west of the Rocky Mountains. In summer, the most 

robust pattern is the drying in the Northwest followed by the wetting in northern 
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Nevada and Utah. In fall, the most robust pattern is the wetting in the northwest 

westward of the Rocky Mountains.  

The SNR shown in Fig. 3 varies with geographic region of interest, season and 

the magnitude of the signal. These results highlight how high and varying internal 

variability is for precipitation, relative to anthropogenically forced response, especially 

in a complex terrain like the western US.  

3.2 Mechanisms for Changes in Seasonal Mean  

Spatial patterns of seasonal mean changes simulated by the regional model 

(Figs. 2 and 3) show similar broad scale features as those simulated by the global model 

(Fig. S1), which suggests the regional results, albeit with more spatially resolved 

features associated with topography, are driven by the large-scale changes. The broad 

features of precipitation changes may be related to dynamical changes associated with 

changes in the mean circulation, transient storms, etc., or thermodynamical changes 

associated with increases in atmospheric water vapor with increasing temperatures. 

Specific humidity increases in every season in the studied domain (Fig. S3), so this 

factor is acting to strengthen the historical precipitation pattern into the future. However, 

the available moisture for a certain region in the future is also dependent upon moisture 

transport into/out of that region, which is strongly tied to circulation changes. To 

determine how the regional precipitation change patterns are affected by the local and 

upstream mean circulation changes, we examine broad scale circulation changes from 

HadAM3P ensemble over the domain of 20° N-60° N, 150° W-90° W. Changes in 

moisture convergence/divergence, sea level pressure, and circulations on different 
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vertical levels are examined to provide insights on their potential roles in changing 

precipitation.  

The simulated change of moisture transport from the historical to the future is 

not simply an intensification of the historical pattern (Fig. S9). With more water vapor 

in the atmosphere under a warmer climate, a simple intensification would only happen 

if atmospheric circulation remains the same in the future. However, the difference 

between the spatial patterns of change and the historical patterns indicate atmospheric 

circulation does change in the future, either acting to amplify or dampen the effect of 

increased atmospheric water vapor, causing the patterns of moisture transport to change 

as we see in Fig. 4. 

In boreal winter, the Aleutian low-pressure system over the northeastern Pacific 

extends southeast-ward (Fig. 5a). The stronger southwesterly flow on the southeast 

flank of the Aleutian low leads to enhanced moisture convergence to the coast 

northwest and northern California (Fig. 4a). On the 200-hPa level (Fig. 4b), we use 30 

and 40 m s-1 contours to represent the region of strong jet streams. From the historical 

to the future, there is an eastward extension of the jet, with the zonal velocity increasing 

by over 5 m s-1 over the core, indicating a strengthening of the jet steam. The 

strengthening and eastward expansion of the upper subtropical jet may direct more 

storms and moisture toward the west coast. The circulation changes combined with 

increased moisture lead to increased moisture convergence onto the Northwest and 

northern and central California (Fig 4a), resulting in winter precipitation increase over 

the northwest and western California. Anthropogenically forced changes of the 

subtropical jet have been characterized as altitudinal upward and poleward shifts 
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[Lorenz and DeWeaver, 2007] due to the increase in tropopause height and changes in 

baroclinic instability [Yin, 2005; Frierson et al., 2007]. However, our results do not 

show an apparent latitudinal shift in the jet location based on the upper level wind 

changes. Our results agree with previous studies [e.g., Neelin et al., 2013; Gao et al., 

2014] using multi-model results from CMIP5, which attributed winter precipitation 

increases to the eastward extension of the strong subtropical jet steering storm tracks 

toward the west coast.  

During summer, there is an enhanced ridge extending from higher latitudes to 

the Pacific Northwest on the 500-hPa level (Fig. 4c), which is also present on the 200-

hPa level (Fig. 4d). This change toward high-pressure anomaly contributes to the 

drying over the Pacific Northwest, while the relatively stronger increase in humidity 

centered over the southern bounder between Nevada and California contributes to 

increase in precipitation in the southwest. Changes in spring show drying in the 

southwest, consistent with CMIP5 multi-model simulations presented by Gao et al. 

[2014]. While they attributed the drying in the southwest to the stronger and expanded 

Pacific subtropical high pressure, our results do not seem to be clearly dynamically 

driven.  

It is interesting to note that there is more relative increase in precipitation on 

the east side of the Cascade Range compared with the west (Fig. 2 a, b and d), reflecting 

the topographic influence on large scale changes. The differential changes on the 

windward and leeward side of the Cascade Ranges suggest change toward decreased 

orographic enhancement.  It has been argued [e.g. Gao et al., 2012 and the references 

therein] that the increased static stability under warming [Frierson et al., 2006, 2007] 
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would generally increase mountain blocking and allow more moisture to converge on 

the windward side of the mountains. However, the strength of orographic enhancement 

is also controlled by the lower tropospheric wind normal to the mountain barrier [Luce 

et al., 2013 and the references therein]. The modeled change in 10-m (Fig. S5) and 850-

hPa (Fig. S6) zonal winds (normal to the nearly N-S oriented mountain barrier in the 

northwest) show some decrease over the northwest, especially in winter. However, the 

weakening of the westerly is not strong throughout the northwest, and the large change 

appears to be in the meridional direction. Changing toward more along mountain 

barrier flow is not conducive to orographic uplift. Also the slowing down of the zonal 

airflow could potentially lead to air flowing around the mountain through passages (e.g. 

the Columbia River Gorge), and deposit more moisture on the east side of the mountain 

barriers. However, close examination of changes in monthly winds simulated by the 

regional model (results not shown here) does not clearly support this hypothesis. It 

would be more appropriate to investigate wind on daily or sub-daily timescale, also to 

examine changes in vertical motion, and moreover, even if more moisture are carried 

over to the east side, changes in precipitation are also closely tied to changes in possible 

triggering mechanism (e.g., vertical updraft). The complexity of this issue is beyond 

the scope of this paper and requires more modeling efforts. 
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4. Changes in Extreme Precipitation 

4.1 One Month Extremes 

In terms of impacts, it is often extreme precipitation events that have the most 

severe and costly consequences on different aspects of human lives and ecological 

systems, e.g., flooding, soil erosions, and landslides. Thus one key question to ask in 

climate predictions is, in the future, after accounting for changes in the mean, how the 

upper tail of the distribution will change? An equally important second question is, will 

the physical pathways leading to extremes fundamentally change in the future? To 

answer these questions in a more region-specific way, first we look at the changes in 

wet season one-month extreme precipitation, and compare them to changes in the mean 

in each subdomains defined in Fig. 1, results shown in Table 1.  

In the wet season, the one-month extremes increase relatively more than the 

mean in every region, though to various degrees, indicating that changes in the mean 

do not fully explain changes in the extreme. The two southwest subdomains increase 

relatively more than the two northwest subdomains; while the one-month extreme 

precipitation increases are relatively smaller in subdomains west of the Cascade Range 

and Sierra Nevada than those on the eastside, which is also seen in changes in the 

seasonal mean. The estimated 95% confidence intervals are also shown in Table 1. All 

changes are statistically significant (see Table 1), i.e. SNR > 1 (SNR is defined as 

absolute value of change divided by width the confidence interval, same as in section 

3).  

To gain insight in the physical mechanisms driving changes in the one-month 

extreme, we look at the sea level pressure and 10-m wind anomalies (Fig.6). The one-
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month extremes in Western OR-WA under both historical scenario (Fig. 6a) and 

RCP4.5 scenario (Fig. 6b) are associated with a low-pressure anomaly over the Gulf of 

Alaska, and anomalous southwesterly flow on the southeast flank of the low pressure 

anomaly, which results in more moisture convergence into Western OR-WA (results 

not shown). The one-month extremes in Western CA under both historical scenario 

(Fig. 6d and RCP4.5 scenario (Fig. 6c) are also associated with low-pressure anomaly 

and anomalous southwesterly flow. Compared with one-month extremes in Western 

OR-WA, the pressure anomaly centers associated with Western CA extreme 

precipitation are more equator ward, and the anomalous flows have a stronger southerly 

component. Taking the difference between the anomaly in the future and the anomaly 

in the historical, i.e. taking out the changes in the mean, the mechanisms driving the 

changes in the one-month extremes can be revealed (Fig. 6c and f). Two interesting 

features emerge from looking at Fig. 6c and f together. First, the intensification of one-

month extreme in the future is associated with a change toward more southerly flow, 

bringing in more warm, moist air from the extratropics. Second, even though the 

intensification of one-month extremes in both Western CA and Western OR-WA are 

associated with deepening of the low-pressure anomaly, the center of deepening is 

further west for Western OR-WA, which contributes to change toward more easterly 

flow off the coast of OR-WA, resulting in least increase in one-month extreme 

precipitation (relative to the change in the mean) of all the subdomains examined here 

(Table 1). In Western OR-WA, the 5.8% increase in extreme precipitation is just 

slightly higher than the increase in the mean of 5.7%. The difference between the future 

anomaly and the historical anomaly for Columbia Plateau and Great Basin are shown 
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in in Fig. 6 (g), and (h). The results for Columbia Plateau are similar to those for 

Western OR-WA, and the results for Great Basin is more similar to those of Western 

CA. Thus the results could be summarized as: the intensification of one-month extreme 

in all the subdomains examined here is associated with more southerly flow form the 

extratropics in the future. The circulation patterns on 850-hPa are qualitatively similar 

so are not presented here. 

4.2 Daily Extremes 

Now we turn to the high end of daily extremes, which have tremendous 

economical and socioeconomic impacts though floods, infrastructure damages, and 

even threats to human lives. Fig. 7 shows the intensity for the 99th percentile bin. 

Precipitation intensity increases in every subdomain at the 99th percentile. The changes 

in intensity are summarized in Table 1, with relative increase ranging from 5.3% in 

Western OR-WA to 10.8% in Great Basin. With the large ensemble size, there are 

5,133 precipitation days within the 99th percentile bin, so the results presented here are 

not dominated by just a few very intense storms. The magnitudes of 1 in 10-yr, 1 in 20-

yr and 1 in 50-yr events are also increasing in every subdomain, with the least increase 

in Western OR-WA and the most increase in Great Basin (Table 1). The estimated 95% 

confidence intervals on various extremes are also shown in Table 1, the width of 

confidence interval increases (i.e. SNR decreases) as rarity of events increases. 

However, with the large I.C. ensemble, even for 1 in 50-yr events, every subdomain 

still could achieve SNR > 1 (SNR is defined as the absolute value of change divided 

by width of the confidence interval, same as in previous sections), which means change 

would still be reliably detectable from internal variability. 
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So far we have only discussed changes in intensity of extreme precipitation, 

now we turn to changes in the entire distribution. Here we briefly evaluate the wet 

season daily precipitation intensity vs. frequency simulated by HadRM3P against 

PRISM. The simulated frequency distributions agree relatively well with PRISM (Fig. 

8), especially for Western OR-WA (Fig. 8a), and Western CA (Fig. 8b), where 

HadRM3P and PRISM both peak near the same intensity (10 mm/day), and are in 

agreement for most precipitation rates. HadRM3P simulations have a longer tail, which 

is to be expected, given that large ensembles of climate realizations include many more 

extreme events than actually occur in the real world over the same period. In the 

Columbia Plateau (Fig. 8c) and Great Basin (Fig. 8d), HadRM3P simulated a frequency 

peak at around 3 mm/day, whereas, PRISM peaks at around 2 mm/day; at lighter 

frequency rates, between 0.1 mm/day and 2 mm/day, PRISM has a slightly higher 

frequency, while above 2 mm/day, HadRM3P has a slightly higher frequency.  

Fig. 9 presents change in frequency distribution in each region: heavy 

precipitation intensities tend to become more frequent, while light precipitation 

intensities become less frequent, same as on monthly scale (Fig. S14). This tendency 

of changes in precipitation frequency has also been found over other regions [e.g., Sun 

et al., 2007].   

We also evaluated the dry day frequency simulated by HadRM3P against 

PRISM (results shown in Table S1), and found no systematic bias in the studied 

subdomains. Under RCP4.5 scenario, simulated dry day frequency slightly increases in 

every region, with the least increase in Western OR-WA (0.42%) and the most increase 

in Great Basin (1.06%).  



82 

 

 

It is worth noting that very extreme precipitation events are rare and episodic. 

One of the reasons that the returned value change maps generated using single to a few 

simulations are spatially noisy [e.g., Dominguez et al., 2012; Wehner, 2013], is because 

small statistical samples are used to estimate probability of rare events. Large 

ensembles of simulations (such as those used in this study) include many more extreme 

events than actually occur in the real world over the same period of interest, thus are 

suited for generating statistics for extreme events without statistical fitting or assuming 

any theoretical pdf. Of course the real world is essentially a single realization, so it is 

important to view ensemble results in a probabilistic rather than deterministic sense.  

 

5. Conclusions and Discussion 

This paper presents projected changes of mean and extreme precipitation from 

an RCM-GCM pair, into mid-21st century across western US using large I.C. ensembles 

of climate simulations. We rely on the high-resolution RCM to provide detailed and 

robust information of local changes, which is strongly affected by the complex 

topography and land surface within western US; and results from the host GCM to 

understand physical mechanisms at large scale driving the local changes. The large I.C. 

ensembles achieve high signal-to-noise ratio for not only changes in seasonal mean, 

but also extremes (e.g., 20-yr, 50-yr events). The main results and some additional 

discussions are summarized below. 

The spatial patterns of changes in seasonal mean precipitation exhibit strong 

spatial heterogeneity. The projected spatial patterns of change can be explained by 
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large-scale circulation changes. The projected changes from the regional model show 

significant local details when compared with projected changes from the global model, 

and this is essential for providing guidance for region-specific mitigation and 

adaptation, which require qualitative predictions of change on fine regional and local 

scales.  

Internal variability is an important source of uncertainty in climate projections, 

especially for precipitation on fine local scale. The large I.C. ensemble (100 ensemble 

members per year) provides high SNR in the detection of spatially varying 

anthropogenic precipitation response, amidst the background internal variability. Even 

with 100 ensemble members per year, in each season, there is still significant amount 

of grid points with SNR < 1, which means the change would not be reliably detectable 

from background internal variability. SNR is strongly dependent upon season, 

geographic location of interest and the magnitude of signal. The SNR results presented 

here have significant implications in terms of using regional climate model projections 

to guide adaptation and mitigation decisions. Extra caution should be taken when 

interpreting spatial patterns of change produced by one to a few number of simulations, 

because the patterns or even sign of change could be masked by internal variability. 

More detailed analysis and discussions about internal variability, SNR and minimum 

adequate ensemble size requirements are presented in another study (Chapter 4). 

Examinations of the ensemble mean results from the host GCM (HadAM3P) 

reveal that both winter and summer precipitation changes have a large dynamical origin. 

Winter precipitation changes are associated with deepening of the Aleutian low-

pressure center and strengthening and eastward expansion of the upper subtropical 
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Pacific jet; while summer precipitation changes are associated with changes toward a 

high anomalies pressure centered over the Northwest at higher level, contributing to 

drying in the Pacific Northwest. Taking the ensemble mean helps to isolate the 

anthropogenically forced large-scale climate response from effects of internal 

variability, so we are confident that the physical pathways we have identified here are 

robust climate responses in HadAM3P to the external forcings applied.  However, we 

stress that the changes of precipitation presented here are conditional upon the 

particular patterns of SSTs and sea ice applied in this experiment. Additional 

simulations with different SSTs and sea ice under alternate future emission scenario 

are needed to gauge the sensitivity of the results to different ocean boundary conditions 

and different emission scenarios. Even though the results presented here are based on 

a single model and one particular set of SST and sea ice, some large scale features are 

found to be consistent with studies using multi-model ensembles from CMIP5 under 

RCP8.5, e.g., deepening of sea level pressure over north Pacific in winter [Choi et al., 

2015]; slowing down of lower-tropospheric zonal winds [Luce et al., 2013]; and 

strengthening and eastward expansion of upper subtropical jet [Neelin et al., 2013; Gao 

et al., 2014].  

Our results show that the intensity of one-month extreme precipitation is 

increasing in all the studied subdomains, although to various degrees. The 

intensification of one-month extremes in the northwest subdomains is weaker 

compared with those in the southwest, and relatively stronger on the east side of the 

Cascade Range compared with the west side. For each subdomain, the intensification 

is associated with the deepening of sea level pressure in the northeastern Pacific off the 
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coast of Alaska and a change toward more southerly flow bringing in more warm moist 

air from the subtropics.   

Changes in extreme daily precipitation (99th percentile, 1 in 10-yr, 1 in 20-yr 

and 1-50yr events) also exhibit similar geographical characteristics: the intensifications 

in the northwest are weaker than those in the southwest, and are stronger on the east 

side of the Cascade Range than the west side. The stronger increases on the east side 

of the mountain barrier are present in changes of seasonal mean, one-month extreme 

and daily extremes, which suggests there are common underlying physical drivers 

besides increasing water vapor content; while other processes strongly affect 

precipitation, e.g. moisture pathways through the complex terrain, moist adiabatic lapse 

rate, vertical updraft, small scale dynamics, and clouds etc., more modeling efforts 

beyond the current experiment are needed to further explore these. Furthermore, while 

we only looked at daily extreme precipitation, we recognize that accumulations over a 

day or longer are probably more relevant for flooding, and changes in multi-day 

precipitation extremes should be also be investigated. 

Lastly, we comment on the confidence intervals/SNRs of precipitation extremes 

generated from the large I.C. ensemble. The large ensembles provide robust estimates, 

i.e. high SNR, of changes in extremes, even very extreme events (20-yr, 50-yr events) 

can achieve SNR > 1. While in our study the extremes are calculated directly from the 

corresponding higher percentiles in the large ensembles, one recent study [Fix et al., 

2016] investigating changes in precipitation extremes using smaller I.C. ensembles (a 

30-member and a 15-member of Community Earth System Model) fitted GEV models 

with their ensembles. Wehner [2010, 2013] showed that uncertainty from statistical 
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models would be better quantified with more data. So it will be of great interest to 

explore: is statistical fitting still valuable to do or is merely calculating from the higher 

percentiles, as done in this study, enough in the large ensemble. By any means, the 

large I.C. ensemble of relatively high-resolution regional model efforts offers promise 

towards more realistic characterization of changes in low probability precipitation 

extremes events. 
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Appendix 

Vertically integrated moisture transport convergence is equivalent to net hydroclimate 

budget (P-E) in the long-term mean [Seager et al., 2007]. Thus, precipitation can be 

quantified as: 

                                     𝑃 = 𝐸 − ∇ ∙ ∫ 𝑞
𝑝𝑠

0
𝑼𝑑𝑝                                                

(1) 



87 

 

 

Where 𝑃  is precipitation, 𝐸  is evaporation, 𝑞  is humidity, U is vector wind, 𝑝  is 

pressure, with 𝑝𝑠 being its surface value. Using (1) as a guide, also considering that 

interaction of moisture transport with the local topography would provide a triggering 

mechanisms for precipitation through uplift of the air masses, we looked at changes in 

moisture transport to help understand changes in precipitation. Because moisture and 

wind vectors were not saved on all atmospheric layers from these simulations, we used 

a moisture transport proxy defined as the product of column integrated precipitable 

water and 850-hP wind as done in Hagos et al., [2015]. In a series of studies, Seager et 

al. [2007, 2013] and Seager and Vecchi [2010] further partitioned moisture transport 

into mean flow convergence, mean flow advection, transient eddy convergence and 

surface property terms. However, we did not have the necessary daily variables to do 

this partitioning. We caution that moisture convergence calculated using this proxy 

does not match P – E exactly (see Fig. 4 and Fig. S2 for comparison between moisture 

transport change and P-E change), but does provide a means for investigating the 

contribution of moisture transport to changes in precipitation on a broad scale. The 

actual column-integrated moisture transport and the proxy from NARR are compared 

in Fig. S10, and they show correlations > 0.96 in both zonal and meridional components.  
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Figures and Tables 

Table 3.1. Change in wet season (Oct-Mar) monthly mean and one month extreme (top 

1% wettest months), daily mean and daily extreme (top 1% wettest days) precipitation, 

and changes in 1 in 10-yr event magnitude, 1 in 20-yr event magnitude and in 1 in 50-

yr event magnitude in different subdomains from historical (1986-2014) to RCP4.5 

(2031-2059) scenario. The 5th-95th confidence intervals (calculated from bootstrapping 

1,000 times) are shown in parenthesis. 

Figure 3.1. Domain of HadRM3P with surface elevation shown in km. Bold black lines 

bound the four sub-domains discussed in the text: 1) Oregon and Washington west of, 

and including, the Cascade Range divide (Western OR-WA), 2) Columbia Plateau, 3) 

Western California (Western CA), and 4) Great Basin. 

Figure 3.2. Relative change in ensemble mean (100 ensemble members per year) 

seasonal mean precipitation (%) from historical (1986-2014) scenario to RCP4.5 

(2031-2059) scenario in a) winter (December-January-February), b) spring (March-

April-May), c) summer (June-July-August), and d) fall (September-October-

November), simulated by HadRM3P. Bold magenta contours highlight the zero change 

isolines. 

Figure 3.3. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean (100 ensemble members per year) seasonal precipitation (mm/month) from 

historical (1986-2014) to RCP4.5 (2031-2059) scenario in a) winter (December-

January-February), b) spring (March-April-May), c) summer (June-July-August), and 

d) fall (September-October-November). The values are calculated by bootstrapping 

1,000 times, assuming an ensemble size of N = 100 per year. SNR is displayed on a log 
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scale, with cool colors represent SNR > 1, and warm colors represent SNR < 1, and z-

axis represents the signal (mm/month).  

Figure 3.4. Change in ensemble mean (using 100 ensemble members per year) 

seasonal mean moisture transport, shaded by the change in convergence of moisture 

transport in mm/day from historical (1986-2014) to RCP4.5 (2031-2059) scenario in a) 

winter (December-January-February), b) spring (March-April-May), c) summer (June-

July-August), and d) fall (September-October-November). 

Figure 3.5. Change in ensemble mean (100 ensemble members per year) winter 

seasonal mean sea level pressure (Pa) and 10-m wind (𝑚𝑠−1) in a); change in winter 

seasonal mean 200-hPa wind (𝑚𝑠−1 ), shaded by change in 200-hPa zonal wind 

(𝑚𝑠−1), and the blue/green contours represent the 30/40 𝑚𝑠−1 zonal wind, with solid 

lines representing historical (1986-2014) and the dashed lines representing RCP4.5 

(2031-2059) scenario in b); change in summer seasonal mean 500-hPa geopotential 

height (m) and wind (𝑚𝑠−1) ; d) same as b), but for change in summer season.  

Figure 3.6. Wet season (Oct-Mar) sea level pressure (in Pa) and 10-m wind anomalies 

associated with the top 1% wettest months in the subdomains (indicated by bold 

magenta lines) Western OR-WA and Western CA for historical (1986-2014) scenario 

in a) and d); for RCP4.5 (2031-2059) scenario in b) and d); the change from historical 

to RCP4.5 in c) and f); and the change from historical to RCP4.5 for the subdomains 

Columbia Plateau and Great Basin are shown in g) and h) respectively. 

Figure 3.7. Wet season (Oct-Mar) daily precipitation intensity (mm/day) distribution 

for percentiles higher than 99th in a) Western OR-WA, b) Western CA, c) Columbia 

Plateau, and d) Great Basin as indicated in Fig. 1. The black lines represent historical 
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(1986-2014) scenario and the red lines represent RCP4.5 (2031-2059) scenario. The 

black dot-dash lines represent the 1 in 10-yr, 1 in 20-yr and 1 in 50-yr event for each 

respective region. 

Figure 3.8. Wet season (Oct-Mar) daily precipitation frequency distribution as a 

function of daily precipitation intensity (mm/day) in a) Western OR-WA, b) Western 

CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. HadRM3P 

historical (1986-2014) is shown in solid black lines, RCP4.5 (2031-2059) is shown in 

solid red lines, and RPSIM (1986-2014) is shown in solid red lines. 

Figure 3.9. Change in wet season (Oct-Mar) daily precipitation frequency as a function 

of daily precipitation intensity (mm/day) from historical (1986-2014) scenario to 

RCP4.5 (2031-2059) scenario simulated by HadRM3P in a) Western OR-WA, b) 

Western CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. 
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Table 3.1. Change in wet season (Oct-Mar) monthly mean and one month extreme (top 

1% wettest months), daily mean and daily extreme (top 1% wettest days) precipitation, 

and changes in 1 in 10-yr event magnitude, 1 in 20-yr event magnitude and in 1 in 50-

yr event magnitude in different subdomains from historical (1986-2014) to RCP4.5 

(2031-2059) scenario. The 5th-95th confidence intervals (calculated from bootstrapping 

1,000 times) are shown in parenthesis. 

Statistics Subdomains 

Western OR-

WA 

Western CA Columbia 

Plateau 

Great Basin 

Monthly mean 

precipitation 

(%) 

5.7 

(4.9, 6.6) 

7.5 

(6.1, 8.9) 

9.9 

(9.0, 10.9) 

8.7 

(7.7, 9.6) 

One month 

extreme 

precipitation 

(%) 

5.8 

(3.9, 7.7) 

14.1 

(10.3, 17.9) 

11.2 

(9.0, 13.5) 

17.0 

(14.3, 19.8) 

Daily mean 

precipitation 

(%) 

6.5 

(6.0 6.9) 

10.4 

(9.7, 11.0) 

11.6 

(11.1, 12.1) 

10.8 

(10.4, 11.2) 

Daily extreme 

precipitation 

(%) 

5.3 

(4.6, 6.0) 

11.8 

(10.8, 12.7) 

10.1 

(9.2, 11.1) 

15.8 

(14.9, 16.8) 

1 in 10-yr 

event (%) 

3.6 

(2.2, 5.2) 

12.5 

(10.1, 14.8) 

7.6 

(5.4, 9.7) 

16.2 

(13.9, 18.1) 

1 in 20-yr 

event (%) 

4.4 

(2.2, 6.1) 

14.7 

(11.1, 17.7) 

8.1 

(6.0, 10.5) 

14.0 

(11.4, 17.0) 

1 in 50-yr 

event (%) 

6.6 

(3.7, 9.6) 

12.0 

(8.3, 16.0) 

10.4 

(6.1, 13.7) 

15.1 

(8.7, 19.7) 
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Figure 3.1. Domain of HadRM3P with surface elevation shown in km. Bold black lines 

bound the four sub-domains discussed in the text: 1) Oregon and Washington west of, 

and including, the Cascade Range divide (Western OR-WA), 2) Columbia Plateau, 3) 

Western California (Western CA), and 4) Great Basin. 
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Figure 3.2. Relative change in ensemble mean (100 ensemble members per year) 

seasonal mean precipitation (%) from historical (1986-2014) scenario to RCP4.5 

(2031-2059) scenario in a) winter (December-January-February), b) spring (March-

April-May), c) summer (June-July-August), and d) fall (September-October-

November), simulated by HadRM3P. Bold magenta contours highlight the zero change 

isolines. 
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Figure 3.3. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean (100 ensemble members per year) seasonal precipitation (mm/month) from 

historical (1986-2014) to RCP4.5 (2031-2059) scenario in a) winter (December-

January-February), b) spring (March-April-May), c) summer (June-July-August), and 

d) fall (September-October-November). The values are calculated by bootstrapping 

1,000 times, assuming an ensemble size of N = 100 per year. SNR is displayed on a log 

scale, with cool colors represent SNR > 1, and warm colors represent SNR < 1, and z-

axis represents the signal (mm/month).  
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Figure 3.4. Change in ensemble mean (using 100 ensemble members per year) 

seasonal mean moisture transport, shaded by the change in convergence of moisture 

transport in mm/day from historical (1986-2014) to RCP4.5 (2031-2059) scenario in a) 

winter (December-January-February), b) spring (March-April-May), c) summer (June-

July-August), and d) fall (September-October-November). 
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Figure 3.5. Change in ensemble mean (100 ensemble members per year) winter 

seasonal mean sea level pressure (Pa) and 10-m wind (𝑚𝑠−1) in a); change in winter 

seasonal mean 200-hPa wind (𝑚𝑠−1 ), shaded by change in 200-hPa zonal wind 

(𝑚𝑠−1), and the blue/green contours represent the 30/40 𝑚𝑠−1 zonal wind, with solid 

lines representing historical (1986-2014) and the dashed lines representing RCP4.5 

(2031-2059) scenario in b); change in summer seasonal mean 500-hPa geopotential 

height (m) and wind (𝑚𝑠−1) ; d) same as b), but for change in summer season.  
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Figure 3.6. Wet season (Oct-Mar) sea level pressure (in Pa) and 10-m wind anomalies 

associated with the top 1% wettest months in the subdomains (indicated by bold 

magenta lines) Western OR-WA and Western CA for historical (1986-2014) scenario 

in a) and d); for RCP4.5 (2031-2059) scenario in b) and d); the change from historical 

to RCP4.5 in c) and f); and the change from historical to RCP4.5 for the subdomains 

Columbia Plateau and Great Basin are shown in g) and h) respectively. 
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Figure 3.7. Wet season (Oct-Mar) daily precipitation intensity (mm/day) distribution 

for percentiles higher than 99th in a) Western OR-WA, b) Western CA, c) Columbia 

Plateau, and d) Great Basin as indicated in Fig. 1. The black lines represent historical 

(1986-2014) scenario and the red lines represent RCP4.5 (2031-2059) scenario. The 

black dot-dash lines represent the 1 in 10-yr, 1 in 20-yr and 1 in 50-yr event for each 

respective region. 
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Figure 3.8. Wet season (Oct-Mar) daily precipitation frequency distribution as a 

function of daily precipitation intensity (mm/day) in a) Western OR-WA, b) Western 

CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. HadRM3P 

historical (1986-2014) is shown in solid black lines, RCP4.5 (2031-2059) is shown in 

solid red lines, and RPSIM (1986-2014) is shown in solid red lines. 
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Figure 3.9. Change in wet season (Oct-Mar) daily precipitation frequency as a function 

of daily precipitation intensity (mm/day) from historical (1986-2014) scenario to 

RCP4.5 (2031-2059) scenario simulated by HadRM3P in a) Western OR-WA, b) 

Western CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. 
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Figure S1. Change in ensemble mean (100 ensemble members per year) seasonal mean 

precipitation (mm/day) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. Bold 

magenta contours highlight the zero change isolines.  

Figure S2. Change in ensemble mean (100 ensemble members per year) seasonal mean 

precipitation – evaporation from historical (1986-2014) scenario to RCP4.5 (2031-

2059) scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 

Bold magenta contours highlight the zero change isolines.  

Figure S3. Change in ensemble mean (100 ensemble members per year) seasonal mean 

specific humidity (%) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. Bold 

black contours highlight the 0, 5, 10, 15, 20, and 25% isolines.  

Figure S4. Change in ensemble mean (100 ensemble members per year) seasonal mean 

sea level pressure (Pa) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 

Figure S5. Change in ensemble mean (100 ensemble members per year) seasonal mean 

10-m wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) scenario 

in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P，shaded by 

change in zonal wind (m/s). 

Figure S6. Change in ensemble mean (100 ensemble members per year) seasonal mean 

850-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P, shaded 

by change in zonal wind (m/s). 
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Figure S7. Change in ensemble mean (100 ensemble members per year) seasonal mean 

500-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 

Figure S8. Change in ensemble mean (100 ensemble members per year) seasonal mean 

200-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 

Figure S9. Ensemble mean (100 ensemble members per year) seasonal mean moisture 

transport from historical (1986-2014) scenario in a) winter, b) spring, c) summer, and 

d) fall, simulated by HadAM3P, shaded by moisture convergence in mm/day. 

Figure S10. Moisture transport vs. moisture transport proxy (as defined in the appendix) 

for winter in a) and b), and summer in c) and d), calculated from NARR. The 

correlations between winter moisture transport and the proxy are 0.969 and 0.967 for 

zonal and meridional component respectively. In summer, the correlation is 0.963 for 

both zonal and meridional components. 

Figure S11. Distribution of the upper 50th percentile precipitation months for 1986-

2014 from PRISM for each subdomain indicated in Fig. 1. 

Figure S12. Wet season (Oct-Mar) monthly precipitation (mm/month) intensity 

distribution for percentiles higher than 99th in a) Western OR-WA, b) Western CA, c) 

Columbia Plateau, and d) Great Basin as indicated in Fig. 1. The black lines represent 

historical (1986-2014) scenario and the red lines represent RCP4.5 (2031-2059) 

scenario.  

Figure S13. Wet season (Oct-Mar) monthly precipitation frequency distribution as a 

function of monthly precipitation intensity in a) Western OR-WA, b) Western CA, c) 
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Columbia Plateau, and d) Great Basin as indicated in Fig. 1. HadRM3P historical 

(1986-2014) is shown in solid black lines, and RCP4.5 (2031-2059) is shown in solid 

red lines. 

Figure S14. Change in wet season (Oct-Mar) monthly precipitation frequency as a 

function of monthly precipitation intensity from historical (1986-2014) scenario to 

RCP4.5 (2031-2059) scenario simulated by HadRM3P in a) Western OR-WA, b) 

Western CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. 

 

Table S1. Wet season (Oct-Mar) dry day frequency (%)simulated by HadRM3P under 

historical (1986-2014) and RCP4.5 (2031-2059) scenarios, compared with PRISM 

(1986-2014). 

 

Dry day 

threshold 

<0.1mm/day 

Subdomains 

Western OR-WA Columbia 

Plateau 

Western CA Great Basin 

PRISM 10.88 23.54 38.96 25.39 

HadRM3P 

Historical 

17.34 26.16 38.11 23.74 

HadRM3P 

RCP4.5 

17.76 26.87 39.14 24.80 

 



110 

 

 

 

Figure S1. Change in ensemble mean (100 ensemble members per year) seasonal mean 

precipitation (mm/day) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. Bold 

magenta contours highlight the zero change isolines.  
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Figure S2. Change in ensemble mean (100 ensemble members per year) seasonal mean 

precipitation – evaporation from historical (1986-2014) scenario to RCP4.5 (2031-

2059) scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 

Bold magenta contours highlight the zero change isolines.  
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Figure S3. Change in ensemble mean (100 ensemble members per year) seasonal mean 

specific humidity (%) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. Bold 

black contours highlight the 0, 5, 10, 15, 20, and 25% isolines.  
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Figure S4. Change in ensemble mean (100 ensemble members per year) seasonal mean 

sea level pressure (Pa) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 
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Figure S5. Change in ensemble mean (100 ensemble members per year) seasonal mean 

10-m wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) scenario 

in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P, shaded by 

change in zonal wind (m/s).  
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Figure S6. Change in ensemble mean (100 ensemble members per year) seasonal mean 

850-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P, shaded 

by change in zonal wind (m/s). 
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Figure S7. Change in ensemble mean (100 ensemble members per year) seasonal mean 

500-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 
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Figure S8. Change in ensemble mean (100 ensemble members per year) seasonal mean 

200-hPa wind (m/s) from historical (1986-2014) scenario to RCP4.5 (2031-2059) 

scenario in a) winter, b) spring, c) summer, and d) fall, simulated by HadAM3P. 
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Figure S9. Ensemble mean (100 ensemble members per year) seasonal mean moisture 

transport from historical (1986-2014) scenario in a) winter, b) spring, c) summer, and 

d) fall, simulated by HadAM3P, shaded by moisture convergence in mm/day. 
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Figure S10. Moisture transport vs. moisture transport proxy (as defined in the appendix) 

for winter in a) and b), and summer in c) and d), calculated from NARR. The 

correlations between winter moisture transport and the proxy are 0.969 and 0.967 for 

zonal and meridional component respectively. In summer, the correlation is 0.963 for 

both zonal and meridional components. 
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Figure S11. Distribution of the upper 50th percentile precipitation months for 1986-

2014 from PRISM for each subdomain indicated in Fig. 1. 

 

 



121 

 

 

 

Figure S12. Wet season (Oct-Mar) monthly precipitation (mm/month) intensity 

distribution for percentiles higher than 99th in a) Western OR-WA, b) Western CA, c) 

Columbia Plateau, and d) Great Basin as indicated in Fig. 1. The black lines represent 

historical (1986-2014) scenario and the red lines represent RCP4.5 (2031-2059) 

scenario.  
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Figure S13. Wet season (Oct-Mar) monthly precipitation frequency distribution as a 

function of monthly precipitation intensity in a) Western OR-WA, b) Western CA, c) 

Columbia Plateau, and d) Great Basin as indicated in Fig. 1. HadRM3P historical 

(1986-2014) is shown in solid black lines, and RCP4.5 (2031-2059) is shown in solid 

red lines. 
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Figure S14. Change in wet season (Oct-Mar) monthly precipitation frequency as a 

function of monthly precipitation intensity from historical (1986-2014) scenario to 

RCP4.5 (2031-2059) scenario simulated by HadRM3P in a) Western OR-WA, b) 

Western CA, c) Columbia Plateau, and d) Great Basin as indicated in Fig. 1. 
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Abstract 

Scientists and planners are seeking projections of climate at increasingly finer 

scales in order to understand and adapt to climate change.  However, larger internal 

variability often comes hand-in-hand with finer resolution, yet no published research 

has thoroughly assessed the impact of internal variability on climate projections from 

a high-resolution regional model. Here we quantify the magnitude of changes forced 

by increasing greenhouse gas concentrations relative to internal variability in large 

initial-condition ensembles of regional climate simulations. We find that simulations 

spanning 10 to 30 years (the timespans used in the majority of published studies of 

regional climate modeling) often lead to unfounded confidence in results because of 

low grid-point level signal-to-noise ratios that furthermore vary considerably by season, 

variable and location.  We offer a rule of thumb for determining the minimum adequate 

ensemble size Nmin to detect a response to anthropogenic forcing in different climate 

variables, and a minimum adequate ensemble size 𝑁min(△𝑥)  required for detecting 

spatial heterogeneity of such responses. Our results underscore the problem that 

increasing model resolution without increasing ensemble size does not necessarily 

advance the understanding of regional and local climate response to anthropogenic 

forcing.  

 

1. Introduction 

Uncertainty in simulated future climate can be separated into three major 

sources1: Emissions-scenario uncertainty; uncertainty due to internal variability of the 
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climate system; and model-sourced uncertainty (from using different models, and 

different physics parameterizations). Out of the three, uncertainty in future climate 

change projection due to internal variability is intrinsic to the climate system2, 3 and is 

unlikely to be reduced as climate models improve or as projections of greenhouse-gas 

concentrations become more accurate. It is important to address the uncertainty due to 

internal variability, because the signal of anthropogenic climate change is emerging 

from the background of natural and internal variability. At regional and local scales, 

internal variability may mask the signal of anthropogenic climate change, sometimes 

for many decades to come1, 4, 5. Quantifying the ratio of the signal to the ‘noise’ of 

internal variability is essential for detection and attribution and for informing policy 

and planning efforts.  

One approach to providing quantitative estimates of the role and relative 

magnitude of internal variability is using an ensemble of simulations generated by the 

same model started from randomized initial conditions but subject to the same external 

forcings2, 5, 6. Observations and very long control runs have also been used to estimate 

internal variability, but they both have shortcomings. Often times, the observational 

record is relatively short and thus provides limited insights into internal variability on 

decadal and longer timescales. While long control simulations provide long records for 

estimating internal variability, internal variability may not be stationary in time and 

may change in response to anthropogenic forcing. Averaging over ensembles of climate 

change simulations with a single model reduces noise and increases the confidence in 

the estimate the magnitude of that model’s forced response.  In statistical terms, it is a 
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simple matter of reducing the standard error of an estimate by increasing the size of the 

sample.  

The particular role of internal variability has been investigated using large 

ensembles of projections from global general circulation models. A 40-member 

ensemble of climate change simulations conducted with the National Center for 

Atmospheric Research (NCAR) Community Climate System Model, version33, 5, 6 

(CCSM3, 2.8° latitude by 2.8° longitude resolution for the atmosphere, land, and 

cryosphere and 1° latitude by 1° longitude for the ocean model), the more recent 40-

member Community Earth System Model Large-Ensemble (CESM-LE, 1° latitude by 

1° longitude resolution)7 and a 50-member Canadian Earth System Model-Large 

Ensemble (CanESM-LE, 2.8° latitude by 2.8° longitude resolution)8 have been used 

widely to study various aspects of internal variability uncertainty and its structure, 

including signal-to-noise ratio (SNR) analysis, minimum ensemble size requirements, 

time of emergence of the anthropogenically forced signals in temperature, precipitation 

and sea level pressure3, 5, 6,9, and uncertainty in magnitudes of regional sea level rise10, 

11, Arctic sea ice loss12, Hadley circulation13, atmospheric river fequency14, North 

Atlantic Oscillation15, and Northern Hemisphere spring snow cover8.  Although these 

studies have effectively demonstrated the statistical and dynamical importance of 

considering internal variability using global models, planners are most interested in 

climate change on far smaller scales than those that can be simulated well with most 

global models; hence, regional models are increasingly used for decision-relevant 

science.   
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The benefits of increasing model resolution include the improved physical 

realism that result from directly representing both the local surface energy budget and 

the interactions of topography, and land surface with the large-scale circulation. For 

example, changes in large-scale circulation could lead to changes in precipitation, 

which may alter snowpack, soil moisture, and change in the surface energy budget, 

which in turn could affect surface temperature.  Such complicated feedbacks can only 

be adequately represented in high-resolution regional models.  A rapidly growing 

community of regional modelers is turning out increasingly detailed regionally specific 

projections of future climate16-22. However, the tradeoff of finer resolution is that 

separating robust forced changes from unforced internal variability becomes that much 

more challenging – and in particular, patterns of change that appear from regional 

model simulations seem tantalizingly realistic but, as shown below, are often 

mistakenly interpreted as signal when they are really just visually appealing noise. We 

need a combination of fine resolution and large initial condition ensemble to get at 

robust estimates of regional climate response to anthropogenic forcing. 

This study explores the structure of internal variability in regional climate 

model projections. We quantify anthropogenically forced change and compare it to 

internal variability in a large initial-condition ensemble of regional climate model 

simulations generated by weather@home23,24, a citizen science computing platform.  

We use simulations of the western United States climate for the recent past (1985-2014) 

and future (2030-2059) from a 25-km horizontal resolution regional climate model 

(HadRM3P) nested within a global atmospheric general circulation model (HadAM3P) 

under a moderate emission scenario (RCP4.5). Initial condition perturbations are 

mailto:weather@home
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implemented in the global model and sea surface temperature (SST) and sea ice 

fractions (SICE) are prescribed boundary conditions (see Methods for details of model 

simulations). We quantify grid-point level SNR not just for temperature and 

precipitation responses, but for other variables (surface short and long wave radiative 

flux, latent and sensible heat flux, tropospheric lapse rate, sea level pressure, surface 

10-m winds, and 850-hPa winds) as well. These additional variables provide important 

insights into the physical mechanisms governing anthropogenic change and internal 

variability at local and regional scales. We offer a rule of thumb for determining a 

minimum adequate ensemble size Nmin for different climate variables.  We also offer a 

rule of thumb for a minimum adequate ensemble size 𝑁min(△𝑥) required for detecting 

spatial patterns of signals. 

 

2. Range of possible futures 

We first illustrate the importance of considering SNR using projected spring 

(March-April-May) precipitation, a quantity that is significant both ecologically and 

economically; we also examined projected changes in winter and summer as in many 

previous studies (ref. 1, 3, 4, 5, 6 etc.). When averaged over all ensemble members, the 

spring precipitation shows slight increases over much of western US and decreases in 

the southwest (Fig. 1a). From the full 125-member ensemble used to produce this 

average pattern, we select one of our numerous possibilities to illustrate what might 

happen in a typical RCM study with just one simulation. Selecting just one, depending 

on which one, could lead to a strikingly different outcome (Figs. 1b and 1c). Such 

different outcomes – having potentially opposite implications - result from internal 
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variability despite the fact that they came from the same model and were subject to 

identical external forgings. It is worth noting that all the initial condition perturbations 

were implemented at the global model level, thus the effects of internal variability as 

shown in Fig. 1 incorporated large-scale, meso- and local-scale variability, and are the 

manifestations of interactions between large scale internal variability and the complex 

regional landscapes (topography, soil, vegetation, and snowpack, etc.) That the signal 

could be partially or wholly masked by internal variability demonstrates the need to 

run large ensembles to reduce the effect of internal variability in order to provide robust 

assessments of the anthropogenic forced response showed in Fig. 1a.  

 

3. Signal-to-Noise Ratio 

Both signal and noise vary in space, and together can result in complex spatial 

patterns of SNR.  We use spring and fall (September-October-November) precipitation 

responses to demonstrate some key points. (A complete 3-D view of SNR in all seasons 

is provided in Supplementary mov. 1, and spatial distributions of SNR for other 

atmospheric variables are shown in Supplementary Figs. 1-7). A few important points 

emerge from Fig. 2. First, there is a high level of uncertainty due to internal variability 

in spring and fall precipitation response. For N = 1, no grid points have SNR > 1 for 

spring and fall, whereas for winter and summer, a small portion of the domain has 

SNR>1  (see Supplementary Table. 1). Second, it can take a large ensemble to provide 

a robust estimate of signal (i.e. high SNR). With an ensemble size of N =1, no model 

grid points have SNR larger than 1. In contrast, with an ensemble size of N = 125, the 

percentages of grid points with SNR larger than 1 are 80%, 65%, 63%, and 56% for 
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winter, spring, summer and fall precipitation response respectively (see Supplementary 

Table 1 for statistics of other atmospheric variables). In general, SNR increases 

following  (see Methods). Third, since SNR is the ratio of signal and noise, SNR 

is always low where the projected changes are small (regardless of ensemble size) and 

can also be low where the noise is quite high. For example, in Seattle (Supplementary 

Fig. 8b), the signal of change is stronger and noise is accordingly reduced with 

increasing ensemble size, making the signal more readily detectable; whereas in Los 

Angeles, the signal of change is weak, so even though noise is much better 

characterized in a large ensemble, SNR remains very small. 

These results have significant implications for modelers and decision makers 

for better planning regional climate model experiments and allocating still very limited 

computation resources. The value of decision-making based on future projections 

depends, to a large extent, on the SNR of the prediction, i.e., whether the predicted 

change moves outside the range of natural and internal variability, which generally 

cannot be well quantified with just one or a few simulations. These results emphasize 

how important it is (a) to know the spatial distribution of SNR, and (b) to identify places 

with the potential to increase SNR, and thereby the value of predictions, by running 

larger ensemble sizes. We ran an ensemble size of N=125, but where Nmin is showing 

to be exceeding 1,000, it could be that the signal is lower or the noise is much higher 

than could be estimated from our ensemble.  

 

N
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4. Minimum ensemble size requirements 

We now turn to the question of what minimum adequate ensemble size (Nmin, 

see Methods) is required to detect a forced response. There is no simple answer to this 

question since both signal and noise vary significantly seasonally, in space, and by 

variable (Figs. 3 and 4). As examples, we show the spatial distribution of Nmin for spring 

temperature and precipitation responses (Fig. 3a and 3b), and summer sensible heat 

flux and lapse rate responses (Fig. 3c and 3d). Only 1 ensemble member is needed to 

detect a significant mean temperature response everywhere in the studied domain. 

Much larger ensemble sizes are needed to detect a significant response in spring 

precipitation, summer sensible heat flux and summer lapse rate (Fig. 3b, 3c, and 3d).  

Moreover, there is little spatial coherence in Nmin among these variables. The regions 

of transition from positive to negative responses show the lowest SNR and highest Nmin; 

in these locations Nmin becomes effectively unbounded.  

To further illustrate how Nmin varies seasonally and by locations, we compare 

Mount Rainier in the Washington Cascades with Death Valley in southeastern 

California (Fig. 4). Fall is the season that requires the highest Nmin to detect a significant 

response at Mount Rainier, whereas spring is the season of highest Nmin at Death Valley. 

We find no clear systematic pattern of Nmin among seasons and variables, at these two 

locations, except that the temperature response requires only one ensemble member to 

be detected.  

Table 1 provides statistics (geometric and arithmetic averages) of Nmin for a 

selection of variables by season for all land points between 31°N and 49°N and west of 

108°W. Variables in the table are ordered by the average geometric Nmin of the four 
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seasons 𝑁𝑚𝑖𝑛𝐴𝑛𝑛 .  We propose this statistic as a rule of thumb for estimating a 

minimum adequate ensemble size for climate change projections where changes in 

regional season means are of interest. 

Although the regional geometric mean Nmin masks substantial spatial variability 

over the complex landscape, the comparison of the mean Nmin among variables is 

revealing as it clearly shows that the responses in certain variables are easier to detect 

than others. The order suggests that thermodynamic responses are easier to detect than 

dynamic responses, as reported in previous studies (e.g., ref. 5), except sea level 

pressure and lapse rate. Some of the rankings of Nmin are perhaps surprising considering 

energetic variables sometimes appear toward the bottom of the list with high Nmin 

values (e.g., projections of radiative fluxes) whereas more seemingly dynamic 

quantities (e.g., SLP and lapse rate) have lower Nmin values. Tables 1 suggests the 

projection of various quantities is more nuanced than a simple categorization of 

variables as either ‘thermodynamic’ or ‘dynamic’. For example, the projection of sea 

level pressure is highly dependent on surface temperature projections according to the 

hypsometric equation and the lapse rate, although associated with stability and 

convection, is also controlled by the large-scale atmospheric energy budget. 

Conversely, longwave and shortwave fluxes are influenced by changes in horizontal 

and vertical circulation that influence clouds, water vapor, and surface albedo.  

Although it helps to think about thermodynamic and dynamic processes separately, in 

reality, there is no clean separation between these. The interplay between thermal and 

dynamical processes is complicated even more by the complex topography, and can 

only be correctly explored in relatively high-resolution regional models.  
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5. Detectability of meso-scale spatial variability of signals 

Previous results have demonstrated that climate responses to anthropogenic 

forcing are expected to exhibit spatial heterogeneity, especially over the complex 

terrain of the western United States16, 24, 25, 26. One of the main reasons to use a regional 

model is to represent smaller-scale (O(100 km) or less) processes that might produce 

meaningful small-scale spatial variations, such as those associated with windward and 

leeward side precipitation in a mountain range. The scientific challenge is to distinguish 

meaningful patterns of change from meaningless patterns. To detect such spatial 

gradients of projected changes would therefore be more challenging and require a 

larger ensemble size. For example, SNR of 1 for temperature means we can statistically 

detect warming from cooling. But to get beyond just detecting sign changes, i.e., to 

detect meaningful spatial heterogeneity, we need 𝑆𝑁𝑅𝛥𝑥   > 1, where 𝑆𝑁𝑅𝛥𝑥  is the 

relative magnitude of spatial gradient of signals compared with that of noise (see 

Methods). Again, we use a subset from the field investigated for this study (listed in 

Table 1) in various seasons to illustrate some key points.  

For both winter temperature and precipitation changes, variations in responses 

separated by 25 kilometers (neighboring grid points) are smaller on average, and 

require a larger ensemble size for detection, than variations over larger distances (e.g. 

100 km, or 4 grid points) (Figs. 5a and 5b). To detect the variations between 

neighboring points, ensemble sizes of ~100 and ~300 are needed for 25% of the grid 

points to meet the criterion 𝑆𝑁𝑅𝛥𝑥 >1, for winter seasonal mean temperature and 

precipitation responses, respectively. However, if one is interested in detecting the 

variability of signals over a larger distance, e.g. windward and leeward of the Cascades 
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(which is roughly 4 grid cells in the regional model), an ensemble size of ~50 (Fig. 5a) 

would be sufficient for winter seasonal mean temperature, and ~100 for precipitation 

(Fig. 5b). Rupp et al. (2016, ref. 26) found ensemble size of approximately 100 

sufficient for comparing variations in seasonal mean temperature responses at the grid 

cell scale along three latitudinal transects through the western US. Ultimately the 

optimal choice of SNR, 𝑆𝑁𝑅𝛥𝑥,𝑁𝑚𝑖𝑛 and 𝑁min(△𝑥)depends on the confidence level one 

is willing to accept for a certain objective. We use 𝑆𝑁𝑅𝛥𝑥 of 1 here as threshold to 

demonstrate 𝑁min(△𝑥)is substantially higher to detect fine scale spatial heterogeneity 

(𝑆𝑁𝑅𝛥𝑥) than to simply detect the sign of response (SNR). 

  

6. Discussion and Future work  

It is worth noting that the results shown here are from an atmospheric global 

circulation model (AGCM) with prescribed (but varying from year-to-year) SSTs and 

SICE boundary conditions (BC) and are conditional on the applied anthropogenic 

forcing. The effect of air-sea interaction is incorporated, insofar as the pattern and 

magnitude of the prescribed future SSTs and SICE changes in a one-way setup 

influencing the atmospheric model. The absence of coupling with a fully interactive 

ocean has been demonstrated to cause a reduction in natural climate variability (ref 27 

and the references therein), and can fundamentally alter the sense of the interactions28, 

so the magnitude of noise generated from a coupled model experiment is likely to be 

even stronger and perhaps even qualitatively different from the results shown here 

would suggest. It has been shown27 that the discrepancy due to the absence of two-way 
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coupling is comparable to the magnitude of decadal variability. We stress that the large 

initial condition ensemble we used in this study represents an excellent way to compare 

the forced response in comparison with internal variability in regional climate model 

simulations, especially for investigating how the complex surface landscape influences 

and modulates large-scale internal variability; but only in the context of a single AGCM 

driven by prescribed ocean BC produced by a single coupled model. We are able to 

report rather effectively on forced response versus internal variability in this ensemble, 

but we recognize that there are also uncertainties among models, in emissions scenarios, 

and in macro BC forcing29, and the potential for AGCM experiments performed in this 

way to bias or miss some of the overall signal as well as the overall noise. In short, our 

analysis and conclusions can to effectively characterize some general features to SNR 

and Nmin, but the assessment is not meant to be comprehensive. Lastly we want to stress 

that the we are not recommending Nmin  presented here unconditionally. Whether or not 

it is worthwhile to run a really large ensemble (in some case N > 1,000 as shown in this 

study) to achieve statistical significance ultimately rests on the computational price one 

is willing to pay, for a given level of statistical significance one is willing to accept, for 

a particular question of interest. 

While we only looked at seasonal mean responses in this study, it has been 

suggested4, 30 that predictions of higher order statistics (e.g., extremes), which are often 

more important in terms of climate impacts, may have greater confidence than the 

seasonal means discussed here. In a future paper, we will extend the work shown here 

to higher order statistics. 
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7. Methods 

7.1 Simulations 

Simulations came from the weather@home distributed volunteer computing 

project for generating large ensembles of regional climate simulations.  weather@home 

used the U.K. Met Office Hadley Centre’s regional climate model HadRM3P 

(0.22º×0.22º, ~25 km) nested within the atmospheric global model HadAM3P 

(1.875º×1.25º).  The details about the western US domain in weather@home and the 

evaluation of HadAM3P/HadRM3P were given in Ref. 24 and Ref. 31 and Ref. 32 

Rupp et al. (2016, ref. 26) described the experiment used to generate the simulations 

analyzed in this study in detail.  For brevity, only a summary is provided here. 
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Simulations covered a historical period (1986 - 2014) and a future period (2031 - 2059).  

Atmospheric forgings and boundary conditions (i.e. sea surface temperature (SST) and 

sea ice fraction) for each 29-year period were consistent with the Coupled Model 

Intercomparison Project Phase 5 (CMIP5) “historical” and Representative 

Concentration Pathway (RCP) 4.5 experiments33, respectively.  Because HadAM3P-

HadRM3P was an atmospheric only model, prescribed SSTs and sea ice fraction under 

RCP4.5 were derived from simulations using the global earth system model CESM-

CAM5. Each simulation is one year long, and for any given year, 125 ensemble 

members were generated with identical surface boundary conditions and external 

forgings, with each run starting from a different initial state of global potential 

temperature field, i.e., the initial condition perturbations were implemented at the 

global model level. Therefore, the differences between ensemble members arose only 

due to atmospheric internal variability. The modeled domain was shown in Rupp et al. 

(2016, ref. 26) Fig. 1. 

7.2 Signal and noise 

For each ensemble size (N = 1, 5, 10, 20, 50, 100 and 125), we bootstrapped 

1,000 times, randomly selecting an ensemble size of N per year, and averaged over 29 

years per period for each model grid point, then took the difference between future and 

historical period. Signal is defined as the averaged result of 1,000 bootstrapped samples, 

and noise is defined as the 5%-95% percentile range of the 1,000 bootstrapped samples.  

Signal-to-noise ratio is defined as the absolute value of signal divided by noise. We use 

SNR > 1 to as a criterion to determine whether a change signal is statistically significant.  
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7.3 Minimum ensemble size 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 

Previous studies34, 35 have shown that, for independent and identically 

distributed variables (or those that approximate this condition), noise tends to decrease 

following ~ 1/√𝑁 , where N is the number of simulation years (in our case, N is 

ensemble size). Based on the definition of signal and noise above, SNR would increase 

following ~ √𝑁 . For each grid point, to get the minimum ensemble size 𝑁𝑚𝑖𝑛  to 

achieve SNR of 1, we inverted the following equation: 

√𝑁𝑚𝑖𝑛×𝑆𝑁𝑅𝑁=1 = 1 

Where 𝑆𝑁𝑅𝑁=1 is the SNR calculated from ensemble size of N = 1 per year.  

7.4 𝑵𝐦𝐢𝐧(△𝒙)required to detect meso-scale spatial patterns of signals 

To estimate the potential to detect the spatial heterogeneity of signals, we 

calculated 𝛥𝑥(𝑠𝑖𝑔𝑛𝑎𝑙)/𝑛𝑜𝑖𝑠𝑒  from ensemble size of N = 1, where signal is the 

seasonal mean response of a certain variable, 𝛥𝑥 represents the difference in the signal 

between two points separated by a horizontal distance X. Noise is the maximum noise 

of all the grid points within a 𝛥𝑋 distance. The differences were calculated along both 

latitude and longitude directions and the results were pooled together. And we use 

𝛥𝑥(𝑠𝑖𝑔𝑛𝑎𝑙)/𝑛𝑜𝑖𝑠𝑒  (𝑆𝑁𝑅𝛥𝑥 for short) > 1 as a criterion for statistical significance. 

Because noise tends to decrease following ~ 1/√𝑁 (see previous section), 𝑆𝑁𝑅𝛥𝑥 will 

increase following ~ √𝑁 . For each grid point, to get the minimum ensemble size 

𝑁min(△𝑥)to achieve 𝑆𝑁𝑅𝛥𝑥 of 1, we inverted the following equation: 

√𝑁min(△𝑥)×(𝑆𝑁𝑅𝛥𝑥)𝑁=1 = 1 
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Where (𝑆𝑁𝑅𝛥𝑥)𝑁=1 is the 𝑆𝑁𝑅𝛥𝑥 calculated from ensemble size of N = 1 per 

year. 
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Figures and Tables 

Figure 4.1. Projected changes (%) in March-April-May (MAM) seasonal precipitation 

from historical (1986-2014) to RCP4.5 scenario (2031-2059). a, Values are averaged 

over 125 ensemble members per year and over all 29 years per period for each model 

grid point. b, Values are calculated from selecting 1 ensemble member per year and 

averaged over 29 years per period for each model grid point. c, Same as in b, but for a 

different selected 1 ensemble member per year. 

Figure 4.2. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean seasonal precipitation (mm/month) from historical (1986-2014) to RCP4.5 

(2031-2058) scenario. a, Change in spring (March-April-May) seasonal mean, and 

values are calculated by bootstrapping 1,000 times, assuming an ensemble size of N = 

1 per year. SNR is displayed on a 10-based log scale, with cool colors represent SNR > 

1, and warm colors represent SNR < 1, and z-axis represents the signal. b, Same as in 

a, but for fall (August-September-October). c, Same as in a, but values are calculated 
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assuming an ensemble size of N = 125 per year. d, Same as in b, but values are 

calculated assuming an ensemble size of N = 125 per year. 

Figure 4.3. Minimum ensemble sizes 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 for changes 

in a selection of atmospheric variables in different seasons. a, 𝑵𝒎𝒊𝒏  for change in 

spring (March-April-May) seasonal mean temperature (°C). b, 𝑁𝑚𝑖𝑛  for change in 

spring seasonal mean precipitation (mm/month). c, 𝑁𝑚𝑖𝑛 for change in summer (June-

July-August) seasonal mean sensible heat flux (W m-2). d, 𝑁𝑚𝑖𝑛 for change in winter 

seasonal mean latent heat flux (W m-2).  

Figure 4.4. Comparison of 𝑵𝒎𝒊𝒏  required to achieve SNR of 1 for different 

atmospheric variables in different seasons at (a) Mount Rainier and Death Valley (b). 

Figure 4.5. 𝑁𝑚𝑖𝑛 required to detect meso-scale spatial patterns of signals. a , density 

distribution of 𝑁𝑚𝑖𝑛 to detect 𝛥𝑥(𝑠𝑖𝑔𝑛𝑎𝑙)/𝑛𝑜𝑖𝑠𝑒 of 1, where signal is the change in 

winter (December-January-February) seasonal mean temperature (°C/month), 𝛥𝑥 

represents the difference in the signal between two points separated by a horizontal 

distance X. Noise is the maximum noise of all the grid points within a 𝛥𝑋 distance. The 

differences were calculated along both latitude and longitude directions and the results 

were pooled together. b, Same as in a, but for change in winter (December-January-

February) seasonal mean precipitation (mm/month). All the land points between 31 °N 

and 49 °N and west of 108°W are shown here. In each case, the 𝑁𝑚𝑖𝑛 corresponding 

the 25th percentile is highlighted in grey. 

Table. 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 for a selection of atmospheric variables. 

𝑁𝑚𝑖𝑛 is the averaged result of all land points between 31°N and 49°N and west of 

108°W. The first value in the parenthesis is geometric mean, and the second one is 
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arithmetic mean. 𝑁𝑚𝑖𝑛 is rounded up to the nearest integer. are ordered by the average 

geometric Nmin of the four seasons 𝑁𝑚𝑖𝑛𝐴𝑛𝑛, and 𝑁𝑚𝑖𝑛𝐴𝑛𝑛 is also rounded up to the 

nearest integer. And for the 850-hPa winds, all the points with a historical ensemble 

mean, annual 850-hPa geopotential height lower the regional model terrain are masked 

out. 

 

 

Figure 4.1. Projected changes (%) in March-April-May (MAM) seasonal precipitation 

from historical (1986-2014) to RCP4.5 scenario (2031-2059). a, Values are averaged 

over 125 ensemble members per year and over all 29 years per period for each model 

grid point. b, Values are calculated from selecting 1 ensemble member per year and 

averaged over 29 years per period for each model grid point. c, Same as in b, but for a 

different selected 1 ensemble member per year. 
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Figure 4.2. Spatial distribution of signal-to-noise ratio (SNR) for change in ensemble 

mean seasonal precipitation (mm/month) from historical (1986-2014) to RCP4.5 

(2031-2058) scenario. a, Change in spring (March-April-May) seasonal mean, and 

values are calculated by bootstrapping 1,000 times, assuming an ensemble size of N = 

1 per year. SNR is displayed on a 10-based log scale, with cool colors represent SNR > 

1, and warm colors represent SNR < 1, and z-axis represents the signal. b, Same as in 

a, but for fall (August-September-October). c, Same as in a, but values are calculated 

assuming an ensemble size of N = 125 per year. d, Same as in b, but values are 

calculated assuming an ensemble size of N = 125 per year. 
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Figure 4.3. Minimum ensemble sizes 𝐍𝐦𝐢𝐧 required to achieve SNR of 1 for changes 

in a selection of atmospheric variables in different seasons. a, 𝐍𝐦𝐢𝐧 for change in spring 

(March-April-May) seasonal mean temperature (°C). b, Nmin  for change in spring 

seasonal mean precipitation (mm/month). c, Nmin for change in summer (June-July-

August) seasonal mean sensible heat flux (W m-2). d, Nmin  for change in winter 

seasonal mean latent heat flux (W m-2).  
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Figure 4.4. Comparison of 𝐍𝐦𝐢𝐧  required to achieve SNR of 1 for different 

atmospheric variables in different seasons at (a) Mount Rainier and Death Valley (b). 

 

 

 

Figure 4.5. Nmin required to detect meso-scale spatial patterns of signals. a , density 

distribution of Nmin  to detect Δx(signal)/noise of 1, where signal is the change in 

winter (December-January-February) seasonal mean temperature (°C/month), Δx 

represents the difference in the signal between two points separated by a horizontal 

distance X. Noise is the maximum noise of all the grid points within a ΔX distance. The 

differences were calculated along both latitude and longitude directions and the results 

were pooled together. b, Same as in a, but for change in winter (December-January-

February) seasonal mean precipitation (mm/month). All the land points between 31 °N 

and 49 °N and west of 108°W are shown here. In each case, the Nmin corresponding 

the 25th percentile is highlighted in grey. 
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Table 4.1. 𝑵𝒎𝒊𝒏 required to achieve SNR of 1 for a selection of atmospheric variables. 

𝑁𝑚𝑖𝑛 is the averaged result of all land points between 31°N and 49°N and west of 

108°W. The first value in the parenthesis is geometric mean, and the second one is 

arithmetic mean. 𝑁𝑚𝑖𝑛 is rounded up to the nearest integer. The rankings are ordered 

by the average geometric Nmin of the four seasons - 𝑁𝑚𝑖𝑛𝐴𝑛𝑛 , and 𝑁𝑚𝑖𝑛𝐴𝑛𝑛  is also 

rounded up to the nearest integer. And for the 850-hPa winds, all the points with a 

historical ensemble mean, annual 850-hPa geopotential height lower the regional 

model terrain are masked out. 

 

 Winter Spring Summer Fall 𝑁𝑚𝑖𝑛𝐴𝑛𝑛 Ranking 

Temperature [1, 1] [1, 1] [1, 1] [1, 1] 1 1 

Precipitation [18, > 

1e3] 

[112, > 

1e3] 

[93, > 

1e3] 

[123, > 

1e3] 

87 11 

Surface 

pressure 

[3, 3] [2, 2] [4, > 

1e3] 

[3, 4] 3 2 

10-m zonal 

wind 

[127, > 

1e3] 

[216, > 

1e3] 

[35, > 

1e3] 

[89, > 

1e3] 

117 12 

10-m 

meridional 

wind 

[43, > 

1e3] 

[197, > 

1e3] 

[16, > 

1e3] 

[45, > 

1e3] 

76(75.25) 9 

850-hPa 

zonal wind 

[242, > 

1e3] 

[328, > 

1e3] 

[28, > 

1e3] 

[71, > 

1e3] 

168 13 

850-hPa 

meridional 

wind 

[30, > 

1e3] 

[209, > 

1e3] 

[19, > 

1e3] 

[45, > 

1e3] 

76(75.75) 10 

Lapse rate [7, > 

1e3] 

[30, >1e3] [50, > 

1e3] 

[10, 

395] 

27 3 

Latent heat 

flux 

[9, > 

1e3] 

[22, >1e3] [78, > 

1e3] 

[119, > 

1e3] 

57 8 

Sensible heat 

flux 

[21, > 

1e3] 

[25, > 1e3] [30, > 

1e3] 

[119, > 

1e3] 

49 5 

Net 

downward 

longwave 

flux 

[19, > 

1e3] 

[75, > 1e3] [15, > 

1e3] 

[106, > 

1e3] 

54 7 

Net 

downward 

shortwave 

flux 

[21, > 

1e3] 

[43, > 1e3] [11, > 

1e3] 

[71, > 

1e3] 

37 4 

Total 

downward 

shortwave 

flux 

[6, > 

1e3] 

[151, > 

1e3] 

[11, > 

1e3] 

[40, > 

1e3] 

52 6 
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Supplementary Information 

Supplementary Figure 1. Minimum ensemble sizes 𝑁𝑚𝑖𝑛 required to achieve SNR of 

1 for change in temperature. a, 𝑁𝑚𝑖𝑛 for change in winter seasonal mean temperature 

(°C). b, Same as in a, but for spring. c, Same as in a, but for summer. d, Same as in a, 

but for fall. 

Supplementary Figure 2. Same as in Supplementary Fig. 1, but for precipitation 

(mm/month). 

Supplementary Figure 3. Same as in Supplementary Fig. 1, but for sea level pressure 

(Pa). 

Supplementary Figure 4. Same as in Supplementary Fig. 1, but for lapse rate (°C/km). 

Supplementary Figure 5. Same as in Supplementary Fig. 1, but for latent heat flux 

(W m -2). 

Supplementary Figure 6. Same as in Supplementary Fig. 1, but for sensible heat flux 

(W m -2). 

Supplementary Figure 7. Same as in Supplementary Fig. 1, but for net downward 

longwave flux (W m -2). 

Supplementary Figure 8. Same as in Supplementary Fig. 1, but for net downward 

shortwave flux (W m -2). 

Supplementary Figure 9. Same as in Supplementary Fig. 1, but for total downward 

shortwave flux (W m -2). 

Supplementary Figure 10. Same as in Supplementary Fig. 1, but for 10-m zonal wind 

(m/s). 
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Supplementary Figure 11. Same as in Supplementary Fig. 1, but for 10-m meridional 

wind (m/s). 

Supplementary Figure 12. Same as in Supplementary Fig. 1, but for 850-hPa zonal 

wind (m/s). All the points with a historical ensemble mean (125 ensemble members per 

year), annual 850-hPa geopotential height lower the regional model terrain are masked 

out. 

Supplementary Figure 13. Same as in Supplementary Fig. 1, but for 850-hPa 

meridional wind (m/s). All the points with a historical ensemble mean (125 ensemble 

members per year), annual 850-hPa geopotential height lower the regional model 

terrain are masked out. 

Supplementary Figure 14. SNR for different ensemble sizes and signal vs. noise at 

different locations. a, SNR for change in winter (December-January-February) 

seasonal mean precipitation (mm/month), assuming an ensemble size of N = 1, 5, 10, 

20, 50, 100  and 125 per year. Seattle, Los Angeles, Bozeman and Salt Lake City are 

highlighted as diamonds. b, absolute signal (mm/month) vs. noise (mm/month) for 

change in winter (December-January-February) seasonal mean precipitation 

(mm/month), assuming an ensemble size of N = 1, 10, and 100 per year at Seattle, Los 

Angeles, Bozeman and Salt Lake City. 

Table 1. Percentage (%) of land grid points between 31°N and 49°N and west of 108°W 

with a signal-to-noise ratio (SNR) bigger than 1 for different ensemble sizes (N = 1, 5, 

10, 20, 50, 100, 125) for seasonal mean changes from historical (1986-2014) to RCP4.5 

(2031-2058) scenario for different atmospheric variables. The numbers in the 

parenthesis represents the percentage in winter, spring, summer and fall respectively. 
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And for the 850-hPa winds, all the points with a historical ensemble mean (125 

ensemble members per year), annual 850-hPa geopotential height lower the regional 

model terrain are masked out.  

 

Supplementary Figure 1. Minimum ensemble sizes 𝑁𝑚𝑖𝑛 required to achieve SNR of 

1 for change in temperature per °C in global annual temperature. a, 𝑁𝑚𝑖𝑛 for change in 

winter seasonal mean temperature (°C). b, Same as in a, but for spring. c, Same as in a, 

but for summer. d, Same as in a, but for fall. 
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Supplementary Figure 2. Same as in Supplementary Fig. 1, but for precipitation 

(mm/month). 
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Supplementary Figure 3. Same as in Supplementary Fig. 1, but for sea level pressure 

(Pa). 
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Supplementary Figure 4. Same as in Supplementary Fig. 1, but for lapse rate (°C/km). 
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Supplementary Figure 5. Same as in Supplementary Fig. 1, but for latent heat flux 

(W m -2). 
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Supplementary Figure 6. Same as in Supplementary Fig. 1, but for sensible heat flux 

(W m -2). 



158 

 

 

 

Supplementary Figure 7. Same as in Supplementary Fig. 1, but for net downward 

longwave flux (W m -2). 
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Supplementary Figure 8. Same as in Supplementary Fig. 1, but for net downward 

shortwave flux (W m -2). 
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Supplementary Figure 9. Same as in Supplementary Fig. 1, but for total downward 

shortwave flux (W m -2). 



161 

 

 

 

Supplementary Figure 10. Same as in Supplementary Fig. 1, but for 10-m zonal wind 

(m/s). 
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Supplementary Figure 11. Same as in Supplementary Fig. 1, but for 10-m meridional 

wind (m/s). 
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Supplementary Figure 12. Same as in Supplementary Fig. 1, but for 850-hPa zonal 

wind (m/s). All the points with a historical ensemble mean (125 ensemble members per 

year), annual 850-hPa geopotential height lower the regional model terrain are masked 

out. 
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Supplementary Figure 13. Same as in Supplementary Fig. 1, but for 850-hPa 

meridional wind (m/s). All the points with a historical ensemble mean (125 ensemble 

members per year), annual 850-hPa geopotential height lower the regional model 

terrain are masked out. 
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Supplementary Figure 14. SNR for different ensemble sizes and signal vs. noise at 

different locations. a, SNR for change in winter (December-January-February) 

seasonal mean precipitation (mm/month), assuming an ensemble size of N = 1, 5, 10, 

20, 50, 100  and 125 per year. Seattle, Los Angeles, Bozeman and Salt Lake City are 

highlighted as diamonds. b, absolute signal (mm/month) vs. noise (mm/month) for 

change in winter (December-January-February) seasonal mean precipitation 

(mm/month), assuming an ensemble size of N = 1, 10, and 100 per year at Seattle, Los 

Angeles, Bozeman and Salt Lake City. 

 

Supplementary Table 1. Percentage (%) of land grid points between 31°N and 49°N 

and west of 108°W with a signal-to-noise ratio (SNR) bigger than 1 for different 

ensemble sizes (N = 1, 5, 10, 20, 50, 100, 125) for seasonal mean changes from 

historical (1986-2014) to RCP4.5 (2031-2058) scenario for different atmospheric 

variables. The numbers in the parenthesis represents the percentage in winter, spring, 

summer and fall respectively. And for the 850-hPa winds, all the points with a historical 

ensemble mean (125 ensemble members per year), annual 850-hPa geopotential height 

lower the regional model terrain are masked out. 

 

 

 

 N = 1 N = 5 N = 10 N = 20 N = 50 N = 100 N = 125 

Temperature 

(SNR > 10) 

[0.0, 

0.0, 

0.0, 

0.0] 

[0.0, 

0.0, 

0.03, 

0.0] 

[0, 

0.03, 

1.07, 0] 

[39.35, 

3.87, 

78.68, 

35.08] 

[100.0, 

99.53, 

99.98, 

99.98] 

[100.0, 

100.0, 

100.0, 

100.0] 

[100.0, 

100.0, 

100.0, 

100.0] 

Precipitation [1.45, 

0.0, 

0.03, 

0.0] 

[36.80, 

0.03, 

0.92, 

0.35] 

[52.61, 

1.67, 

14.76, 

5.19] 

[61.50, 

13.81, 

26.92, 

16.80] 

[71.51, 

42.80, 

46.02, 

35.23] 

[77.88, 

60.32, 

59.63, 

52.04] 

[80.27, 

64.77, 

63.17, 

56.18] 
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Supplementary Table 1. (Continued) 

Sea level 

pressure 

[8.79, 

39.63, 

24.07, 

0.03] 

[100.0, 

99.88, 

65.99, 

89.69] 

[100.0, 

100.0, 

81.77, 

97.93] 

[100.0, 

100.0, 

87.79, 

100.0] 

[100.0, 

100.0, 

92.83, 

100.0] 

[100.0, 

100.0, 

94.78, 

100.0] 

[100.0, 

100.0, 

95.23, 

100.0] 

10-m zonal 

wind 

[0.03, 

0.05, 

0.12, 

0.0] 

[1.75, 

2.60, 

9.04, 

1.85] 

[8.06, 

5.94, 

9.06, 

7.92] 

[18.33, 

12.81, 

51.59, 

25.77] 

[38.48, 

29.14, 

68.74, 

45.67] 

[53.31, 

40.90, 

77.95, 

61.95] 

[58.38, 

46.29, 

80.22, 

65.52] 

10-m 

meridional 

wind 

[0.0, 

0.0, 

0.05, 

0.0] 

[2.07, 

2.02, 

33.28, 

5.29] 

[18.75, 

6.79, 

33.51, 

18.33] 

[44.74, 

14.78, 

66.62, 

37.00] 

[65.34, 

28.04, 

78.73, 

64.19] 

[76.05, 

42.77, 

84.74, 

74.88] 

[78.33, 

47.67, 

85.94, 

77.60] 

850-hPa 

zonal wind 

[0.0, 

0.0, 

0.32, 

0.0] 

[0.37, 

0.37, 

12.33, 

2.93] 

[6.87, 

2.43, 

12.19, 

9.30] 

[15.99, 

7.65, 

52.84, 

29.97] 

[30.02, 

21.54, 

71.45, 

51.74] 

[43.40, 

33.46, 

81.21, 

66.68] 

[45.92, 

38.45, 

83.87, 

69.52] 

850-hPa 

meridional 

wind 

[0.0, 

0.0, 

0.05, 

0.0] 

[15.35, 

0.0, 

23.65, 

11.14] 

[37.72, 

1.19, 

23.92, 

26.54] 

[53.80, 

14.30, 

63.20, 

42.30] 

[70.62, 

26.63, 

77.64, 

65.95] 

[80.02, 

37.63, 

83.73, 

76.76] 

[81.53, 

42.58, 

84.83, 

79.65] 

Lapse rate [0.30, 

0.0, 

0.0, 

0.0] 

[57.78, 

8.41, 

11.39, 

41.15] 

[76.80, 

32.38, 

30.09, 

57.43] 

[88.61, 

55.33, 

44.99, 

75.21] 

[92.76, 

74.78, 

57.95, 

89.44] 

[93.86, 

81.22, 

66.49, 

93.63] 

[94.18, 

82.95, 

69.96, 

94.88] 

Latent heat 

flux 

[13.86, 

2.85, 

0.07, 

0.0] 

[48.41, 

22.35, 

11.21, 

1.15] 

[59.60, 

38.20, 

22.72, 

5.54] 

[71.64, 

57.43, 

32.71, 

15.71] 

[83.40, 

73.93, 

47.79, 

36.85] 

[88.99, 

81.97, 

59.58, 

54.76] 

[90.16, 

83.57, 

63.07, 

59.48] 

Sensible 

heat flux 

[1.72, 

4.69, 

0.17, 

0.0] 

[30.26, 

20.77, 

18.35, 

1.82] 

[47.24, 

34.13, 

33.76, 

8.04] 

[61.10, 

51.84, 

50.36, 

21.65] 

[74.26, 

70.94, 

67.52, 

42.92] 

[81.70, 

80.12, 

76.83, 

55.66] 

[83.42, 

82.62, 

80.45, 

60.03] 

Total 

downward 

shortwave 

flux 

[23.97, 

0.0, 

0.45, 

0.0] 

[60.47, 

0.47, 

45.49, 

5.69] 

[69.99, 

5.32, 

61.90, 

18.03] 

[78.18, 

17.08, 

73.18, 

45.14] 

[86.79, 

38.80, 

84.22, 

68.02] 

[91.14, 

51.69, 

88.46, 

77.55] 

[92.08, 

55.61, 

89.84, 

80.17] 

Net 

downward 

short-wave 

flux 

[0.82, 

0.12, 

0.40, 

0.0] 

[26.72, 

12.33, 

46.07, 

5.67] 

[42.50, 

23.57, 

63.00, 

16.65] 

[59.23, 

38.88, 

73.11, 

33.91] 

[73.08, 

59.33, 

83.55, 

53.51] 

[82.50, 

71.51, 

88.41, 

63.45] 

[83.55, 

74.36, 

89.74, 

66.12] 

Net 

downward 

long-wave 

flux 

[2.75, 

0.03, 

0.27, 

0.0] 

[33.36, 

3.10, 

30.66, 

0.87] 

[47.84, 

11.71, 

53.46, 

6.74] 

[59.95, 

28.99, 

72.36, 

22.75] 

[72.81, 

53.36, 

83.12, 

41.85] 

[80.00, 

65.89, 

88.44, 

57.40] 

[82.47, 

69.14, 

89.66, 

62.42] 
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Chapter 5. General Conclusion 

Results from large ensembles of climate simulations generated by the western 

US weather@home were presented in this dissertation. The unique combination of 

relatively high spatial resolution of the complex terrain, and the large size of the 

ensembles, allow us to explore the effects of local and regional climate change with 

fine details, to quantify different sources of uncertainty, and to improve confidence in 

quantifying extreme statistics. . Main findings and further discussions are summarized 

below. 

Chapter 2 examined the ability of HadRM3P to reproduce many climate 

features that are important in the western US (e.g., seasonal cycles and geographical 

distributions of temperature and precipitation), and HadRM3P added detailed 

information at the regional scales (e.g., land-sea contrast, and rain shadow effect). 

Moreover, some initial perturbed physics experiment results demonstrated the effects 

of different physical parameterizations, providing proof-of-concept that mesoscale 

model performance could be improved with judicious selections of parameter sets. A 

more detailed and carefully designed new perturbed physics experiment is underway 

to explore more parameter combinations (both more physics parameters and larger 

ranges of parameter values) to increase our understanding of the sensitivity to 

parameters and in search of better model parameterization. 

We have completed a set of future simulations into mid 21st century under a 

moderate greenhouse gas emissions scenario, and the projections of changes in mean 

and extreme precipitation are presented in Chapter 3. One particular interesting finding 

is that precipitation increases more on the leeward side of the Cascade Range than on 
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the windward size, and this difference across mountain barrier is present and noticeable 

in changes of both seasonal mean and extreme precipitation, suggesting common 

physical drivers, which will be of great interest to explore with some additional 

modeling efforts. Also, though the projections presented are conditional upon the 

particular SSTs and sea ice fraction applied in this experiment, some large scale 

features of projected changes are consistent with studies using multi-model ensembles 

from CMIP5, e.g. deepening of sea level pressure over North Pacific in winter [Choi et 

al., 2015]; slowing down of lower-tropospheric zonal winds in the northwest US [Luce 

et al., 2013]; and strengthening and eastward expansion of upper subtropical jet [Neelin 

et al., 2013; Gao et al., 2014].  

Results in Chapters 2-4 demonstrated that the large ensemble improved 

estimates of signal-to-noise ratio, in both means and statistics of extremes. Chapter 4 

in particular, focused on comparing forced response with internal variability in regional 

climate simulations. Results from Chapter 4 showed that grid point level signal to noise 

ratios vary considerably by season, variable and location; to detect statistically 

significant forced response requires a large ensemble size (Nmin), and Nmin varies across 

atmospheric variables. Our results underscore the problem that increasing model 

resolution without increasing ensemble size does not necessarily advance our 

understanding of regional and local climate response to anthropogenic forcing. The 

Nmin showed in Chapter 4 confirmed that the changes in precipitation and physical 

pathways discussed in Chapter 3 were robust climate responses in the model to the 

external forcings applied, not just statistical noise.  
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 Our experiment provides unique datasets to explore the effects of internal 

variability, signal-to-noise ratio and minimum adequate ensemble size at the grid point 

scale, especially for investigating how the complex surface landscape influences and 

modulates large-scale internal variability. However, this assessment is not meant to be 

comprehensive, and we recognize that there are also uncertainties among models, in 

emissions scenarios, and in large-scale boundary condition forcings. We only looked 

at seasonal mean responses in Chapter 4; internal variability, signal-to-noise ratio and 

minimum adequate ensemble size associated with higher order statistics (extremes) 

remains to be explored.  

The results presented in this dissertation augment other regional climate 

modeling efforts in the western US (e.g. NARCCAP, CORDEX) by providing large 

ensembles of simulations, to better characterize effects of internal variability at local 

scale and to provide robust statistics in low probability extreme events. This experiment 

combines high spatial resolution, to resolve key topographic features, and large 

ensembles of simulations, to provide robust assessment of regional forced responses as 

opposed to internally generated variability, and to explore different parameter 

perturbations, making it a great resource to explore the effects of local and regional 

climate change over western US.  
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