
Prioritizing the Selection of CMIP6 Model Ensemble
Members for DownscalingProjections of CONUS
Temperature and Precipitation
Julia M. Longmate  (  jmlongmate@berkeley.edu )

University of California Berkeley https://orcid.org/0000-0003-2058-5969
Mark D. Risser 

Lawrence Berkeley Laboratory: E O Lawrence Berkeley National Laboratory
Daniel R. Feldman 

Lawrence Berkeley Laboratory: E O Lawrence Berkeley National Laboratory

Research Article

Keywords: Initial condition ensemble, Shared socioeconomic pathways, Taylor Diagrams, Inter-model
variability

Posted Date: March 22nd, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1428854/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1428854/v1
mailto:jmlongmate@berkeley.edu
https://orcid.org/0000-0003-2058-5969
https://doi.org/10.21203/rs.3.rs-1428854/v1
https://creativecommons.org/licenses/by/4.0/


Noname manuscript No.
(will be inserted by the editor)

Prioritizing the Selection of CMIP6 Model Ensemble Members for Downscaling

Projections of CONUS Temperature and Precipitation

Julia M. Longmate · Mark D. Risser · Daniel R. Feldman

Received: date / Accepted: date

Abstract Given the mismatch between the large volume of data archived for the sixth phase of the Coupled1

Model Intercomparison Project (CMIP6) and limited personnel and computational resources, only a small2

fraction of the CMIP6 archive can be downscaled. In this work, we develop an approach to robustly sam-3

ple projected hydroclimate states in CMIP6 for downscaling to test whether the selection of a single initial4

condition (IC) ensemble member from each CMIP6 model is sufficient to span the range of models over the5

conterminous United States (CONUS) and CONUS sub-regions. We calculate the pattern-centered root mean6

square difference of IC ensemble members relative to multi-model ensemble averages for shared socioeco-7

nomic pathway (SSP) projections over 30-year time periods and compare the ratio of inter-model to intra-8

model variability for this metric. Regardless of SSP, inter-model variability is much greater than intra-model9

variability at both the scales of the CONUS as a whole and CONUS sub-regions, indicating that selecting a10

single IC ensemble member per model is sufficient to sample the range of projected hydroclimate states in11

the 21st Century. Regionally-resolved Taylor diagrams identify where more IC ensemble member downscal-12

ing efforts should be focused. Our results suggest that, with parsimonious sampling, the cost of downscaling13

temperature and precipitation fields over the CONUS for CMIP6 may have increased only marginally over14

previous CMIP activities in spite of greatly increased data volumes.15

Keywords Initial condition ensemble · Shared socioeconomic pathways · Taylor Diagrams · Inter-model16

variability17

1 Introduction18

The simulations that comprise the Coupled Model Intercomparison Project version 6 (CMIP6) multi-model19

ensemble (Eyring et al., 2016) serve, among other purposes, to establish a plausible set of historical and future20

projections of the Earth system for a wide range of emissions scenarios (O’Neill et al., 2016). The utility of21

these projections for local planning in the 21st Century faces challenges, however, because each Earth System22

Model (ESM) in CMIP6 first focuses on ensuring model skill at planetary to continental spatial scales and23

interannual to centennial time scales through loose constraints, such as top-of-atmosphere energy balance and a24

large-scale circulation of the atmosphere and ocean, supported by theory (Mauritsen et al., 2012; Schmidt et al.,25

2017). The coarse resolution of each ESM (∼ 100 km) either under-resolves or simply does not resolve the26

processes that contribute to local impacts. ESM skill is achieved through physical and parameterized process27
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modeling at large spatial scales and long time-scales instead of at small time and short spatial scales (Clark28

et al., 2015) , even though the only the latter scales are relevant to infrastructure and operations planning.29

As a result, while ESMs physically model climatic conditions that are without an historical analogue, they30

are blunt tools for developing projections at the spatial scales of interest for developing local infrastructure and31

operations plans. The mismatch between ESMs and local needs is highlighted by the existence of model biases32

relative to the historical observational record at regional and local levels, which may be large enough to pre-33

clude a model’s adoption, even indirectly, by a user for planning purposes (Wang et al., 2014; Kim et al., 2020;34

Srivastava et al., 2020; Pierce et al., 2021a). For a wide range of applications that require localized information,35

the mismatch between the CMIP6 models and both process representation and the spatial resolution needs of36

the user necessitates downscaling solutions. There are a wide range of downscaling techniques ranging from37

statistical methods (Wood et al., 2004; Abatzoglou and Brown, 2012; Stoner et al., 2013; Pierce et al., 2014)38

to hybrid methods (Gutmann et al., 2014) to fully dynamical methods that contain explicit and parameterized39

representations of atmospheric and surface physical processes (e.g., Giorgi and Gutowski, 2015). These meth-40

ods construct local projections from coarse GCM outputs at scales relevant to local-level infrastructure and41

operations planning (e.g., Wood et al., 2004; Stoner et al., 2013; Pierce et al., 2014; Giorgi and Gutowski,42

2015; Gutmann et al., 2016).43

While there are many variables that are potentially of interest to local infrastructure and operations plan-44

ning, we focus here on the daily surface air temperature and precipitation in the Conterminous United States45

(CONUS). These variables are central to local planning and management (e.g., Moss et al., 2017) and there46

are established workflows for analyzing these variables for climate assessments performed by a wide range47

of United States federal agencies (e.g., Melillo and Yohe, 2014; USGCRP, 2021). However, even if the focus48

is limited to precipitation and temperature, the CMIP6 archive represents an extremely large volume of data,49

including dozens of separate contributions from different modeling centers as well as different ensemble mem-50

bers of each model produced through changing initial conditions (IC; e.g., Murphy et al., 2004; Deser et al.,51

2012; Kay et al., 2015; Deser et al., 2020) or perturbed physical parameterizations (e.g., Murphy et al., 2004;52

Rostron et al., 2020). IC ensembles are particularly useful for assessing a given model’s internal variability,53

especially in the context of adaptation decision-making (Mankin et al., 2020). In light of the volume of data54

available in the CMIP6 archive, the question becomes: how can one adopt a judicious and parsimonious ap-55

proach to downscaling CMIP6 which is suitable across the broad range of hydroclimates represented in the56

CONUS?57

As a practical matter, there are significant personnel and computational costs to downscaling; the expenses58

incurred for dynamical downscaling solutions are well-known (Giorgi and Gutowski, 2015) but are also non-59

negligible even for statistical downscaling. In spite of efforts to homogenize model input for subsequent anal-60

ysis, there remain idiosyncrasies in each contributing model (Pierce et al., 2021b). A significant amount of61

preparation is required for each model to account for, in addition to these, differences in grid scales, vertical62

coordinate convention, completeness of variables being reported and calendaring systems. For example, the63

UKESM1 model has a 360-day year (Sellar et al., 2019), unlike other models, which must be accounted for in64

statistically-downscaling an ensemble. Additionally, mismatches in number of ensemble members per model65

could over- or under-weight a given model. The idiosyncracies of CMIP models have not diminished, and are66

unlikely to diminish, over time, so the costs of downscaling must be addressed.67

As of this writing, 57 CMIP6 models that have reported results to the Earth System Grid Federation (Cin-68

quini et al., 2014) fulfill these requirements. Together, these constitute ∼ 1770 total simulations for which69

downscaled solutions could be developed. However, it is highly impractical to develop downscaling solutions70

for the complete set of CMIP6 simulations, and there is limited guidance in the scientific literature for navigat-71

ing a multi-model ensemble of ESMs where some models contribute multiple ensemble members (McSweeney72
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et al., 2012). Additionally, the implications of intra-model uncertainty on the corresponding uncertainty of73

downscaled hydroclimate projections have been under-investigated.74

One major previous effort to downscale the CMIP5 archive in North America, the Localized Constructed75

Analogs (LOCA), used a convention whereby a single IC ensemble member was chosen to produce one down-76

scaled climate model per emissions scenario (Brekke et al., 2013). This assumed that IC ensemble members77

of a given model were all similar enough to each other that this sampling approach would not underestimate78

changes in the distributions of temperature and precipitation that were produced by model internal variability,79

as characterized by the range of IC ensemble members. The sufficiency of selecting a single ensemble mem-80

ber for developing downscaled solutions that do not underestimate the impact of model internal variability on81

hydroclimate projections has not yet been established. Here, we seek to understand how best to sample such82

a large and heterogeneous archive, and whether that sampling should expend resources to include different IC83

ensemble members or should favor a greater range of models.84

In this paper, we compare the variability between models (inter-model variability) to the variability within85

each model (intra-model variability), and specifically ask: does a random sampling of ensemble members86

provide an unbiased sample of the multi-model ensemble, even if this yields only a single ensemble member87

from a given model? In answering this question, our objective is not to rank model and ensemble performance88

but rather to determine an optimal approach to sampling the archive for a wide range of subsequent analyses89

of hydroclimate fields while remaining agnostic to measures of skill. Specifically, we do not consider mean90

biases or metrics of model performance, but instead focus on the higher-order differences between models91

and between ensemble members. We discuss the magnitude of the ratio of inter- to intra-model variability92

across future projections, variables, and CONUS sub-regions. This work builds on the results of Mankin et al.93

(2020) by exploring the navigation of the CMIP6 multi-model ensemble with multiple downscaled solutions.94

The distinction in this paper is that for the purposes of downscaling the CMIP6 multi-model ensemble, a95

parsimonious approach must be taken to sample the archive.96

This paper is organized as follows: first, in Section 2 we present an overview of the CMIP6 archive,97

our use of Taylor diagrams and their dispositivity for concisely summarizing multi-model ensembles, and98

our methodology for quantifying the relative differences between inter- and intra-model variability among99

the multi-model ensemble. We present the results of our analysis in Section 3 and conclude with a set of100

recommendations for prioritizing downscaling routines in Section 4.101

2 Data and methods102

2.1 Overview of the CMIP6 Archive103

As of February 28, 2022, the CMIP6 archive on the Earth System Grid Federation contains contributions from104

44 modeling centers and 113 models. While the CMIP6 archive continues to grow as additional outputs and105

ensemble members are added, 61 models have historical model outputs and 49 have future projections for106

the variables precipitation rate (pr), minimum daily temperature (tasmin), and maximum daily temperature107

(tasmax); see Tables 1 and 2. Throughout this work we focus on IC ensemble members, which are distinct108

realizations of each model with comparable initialization, physics, and forcing variants and are meant to cap-109

ture both the climate change and internal variability in ESMs (e.g., Murphy et al., 2004; Deser et al., 2012;110

Kay et al., 2015; Deser et al., 2020). Of these, only IC ensemble member historical simulations and future111

projections added to the archive prior to October 1, 2021 which had complete (or near-complete, with a ±12112

month margin of error) monthly time series spanning a given 30-year time period are in our analysis.113

We chose to look at a three specific shared socioeconomic pathways (SSPs), namely SSP245, SSP370, and114

SSP585, since these span a wide range of end-of-century radiative forcings across all of the scenarios and are115
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Table 1: Number of CMIP6 historical initial condition (IC) ensemble members that fulfill our restriction criteria

in the CMIP6 archive for daily precipitation rate (pr), maximum daily temperature (tasmax), and minimum

daily temperature (tasmin).

# of IC ensemble members # of IC ensemble members

Model pr tasmax tasmin Model pr tasmax tasmin

ACCESS-CM2 3 3 2 ACCESS-ESM1-5 40 40 28

AWI-CM-1-1-MR 5 4 4 AWI-ESM-1-1-LR 0 1 1

BCC-CSM2-MR 3 3 3 BCC-ESM1 3 3 3

CAMS-CSM1-0 2 0 0 CanESM5 25 25 24

CAS-ESM2-0 4 4 3 CESM2 11 0 0

CESM2-FV2 3 0 0 CESM2-WACCM 3 0 0

CESM2-WACCM-FV2 3 0 0 CIESM 3 3 3

CMCC-CM2-HR4 1 0 0 CMCC-CM2-SR5 1 0 0

CMCC-ESM2 1 1 0 E3SM-1-0 5 0 0

E3SM-1-1 1 0 0 E3SM-1-1-ECA 1 0 0

EC-Earth3 70 73 66 EC-Earth3-AerChem 2 2 2

EC-Earth3-CC 1 1 0 EC-Earth3-Veg 9 9 8

EC-Earth3-Veg-LR 3 3 3 FGOALS-f3-L 3 0 0

FGOALS-g3 6 6 3 FIO-ESM-2-0 3 3 3

GFDL-ESM4 3 3 1 GISS-E2-1-G 12 12 12

GISS-E2-1-G-CC 1 1 1 GISS-E2-1-H 10 10 10

GISS-E2-2-H 5 5 0 ICON-ESM-LR 5 0 0

INM-CM4-8 1 1 1 INM-CM5-0 2 2 1

IPSL-CM5A2-INCA 1 0 0 IPSL-CM6A-LR 32 32 32

IPSL-CM6A-LR-INCA 1 1 0 KACE-1-0-G 3 0 0

KIOST-ESM 1 0 0 MCM-UA-1-0 1 0 0

MIROC6 49 50 50 MPI-ESM-1-2-HAM 3 3 3

MPI-ESM1-2-HR 10 10 9 MPI-ESM1-2-LR 10 10 10

MRI-ESM2-0 10 10 9 NESM3 5 5 5

NorCPM1 15 0 0 NorESM2-LM 3 0 0

NorESM2-MM 2 0 0 SAM0-UNICON 1 1 1

TaiESM1 2 0 0

Total realizations: 403 340 301

broadly relevant to investigations of societal impacts due to changing temperature and precipitation patterns116

(Wu et al., 2022). These three SSPs are among the scenarios for which the archive contains the most model-117

ensembles (O’Neill et al., 2021), and the divergent boundary conditions of the scenarios lead to substantial118

differences in end-of-century hydroclimate (Hawkins and Sutton, 2009). On average, a total of ∼ 200 IC en-119

semble members from 38 models met our analysis requirements per scenario. The set of models and ensemble120

members with historical simulations for the 30-year period of 1980-2010 (the period of time for which we can121

maximize the number of IC ensemble members included, and which overlaps with the time frame of available122

historical observation data, see Section 2.2) is larger, and contains ∼ 350 total ensemble members across 53123

models, averaging to 8 ensemble members per model, with a maximum of 72 ensemble members produced by124

a single model.125

2.2 Observational data product126

While most of our explorations evaluate variability around a multi-model average, for reference we also utilize127

the Livneh et al. (2015a,b) gridded hydrometeorological observational dataset (henceforth L15) for comparison128

with historical simulations. L15 contains daily precipitation, minimum daily temperature, and maximum daily129

temperature on a 1/16� or ∼ 6km high-resolution grid beginning in 1950. The L15 data product is largely an130

extension of Livneh et al. (2013) (henceforth L13) to a larger domain (North America versus CONUS) and131

L15 extends to 2013 (as opposed to 2011 in L13). The L15 product is used here due to its wide utilization,132

such as training data for the LOCA statistical downscaling method (Pierce et al., 2014).133
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Table 2: Number of CMIP6 shared socioeconomic pathway (SSP) projection ensemble members for SSP245,

SSP370, and SSP585 that fulfill our restriction criteria in the CMIP6 archive for daily precipitation rate (pr),

maximum daily temperature (tasmax), and minimum daily temperature (tasmin).

Precip. Max. Temp. Min. Temp.

Model SSP245 SSP370 SSP585 SSP245 SSP370 SSP585 SSP245 SSP370 SSP585

ACCESS-CM2 3 3 2 3 3 3 2 2 3

ACCESS-ESM1-5 19 30 0 30 30 10 24 27 6

AWI-CM-1-1-MR 1 5 1 1 5 1 1 5 1

BCC-CSM2-MR 1 1 1 1 1 1 1 1 1

BCC-ESM1 0 3 0 0 2 0 0 2 0

CAMS-CSM1-0 2 2 2 0 0 0 0 0 0

CanESM5 25 25 25 25 25 25 25 25 24

CAS-ESM2-0 0 2 0 2 2 2 2 2 2

CESM2 3 3 3 3 3 3 3 3 1

CESM2-WACCM 5 3 5 4 0 4 4 0 4

CIESM 1 0 0 1 0 1 1 0 1

CMCC-CM2-SR5 1 1 1 0 0 0 0 0 0

CMCC-ESM2 0 1 0 1 1 1 0 1 0

E3SM-1-1 10 0 0 0 0 0 0 0 0

EC-Earth3 50 57 53 72 57 58 66 5 45

EC-Earth3-AerChem 0 2 0 0 2 0 0 0 0

EC-Earth3-CC 0 0 0 1 0 1 0 0 0

EC-Earth3-Veg 6 6 6 8 6 8 7 6 5

EC-Earth3-Veg-LR 3 3 3 3 3 3 3 3 3

FGOALS-f3-L 1 1 1 0 0 0 0 0 0

FGOALS-g3 4 5 4 4 5 4 4 5 4

FIO-ESM-2-0 3 0 3 3 0 3 3 0 3

GFDL-ESM4 3 1 1 3 1 1 2 1 1

IITM-ESM 1 1 1 0 0 0 0 0 0

INM-CM4-8 1 1 1 1 1 1 1 0 1

INM-CM5-0 1 5 1 1 5 1 1 5 1

IPSL-CM5A2-INCA 0 1 0 0 0 0 0 0 0

IPSL-CM6A-LR 11 11 6 11 11 6 7 10 0

KACE-1-0-G 3 3 3 0 0 0 0 0 0

MIROC6 37 3 50 50 3 50 43 3 40

MPI-ESM-1-2-HAM 0 3 0 0 3 0 0 1 0

MPI-ESM1-2-HR 2 10 2 2 10 2 2 10 1

MPI-ESM1-2-LR 10 9 10 10 10 10 10 10 10

MRI-ESM2-0 1 5 0 5 5 4 5 5 3

NESM3 2 0 2 2 0 2 2 0 2

NorESM2-LM 0 3 0 0 0 0 0 0 0

NorESM2-MM 0 1 0 0 0 0 0 0 0

TaiESM1 1 1 1 0 0 0 0 0 0

Total: 211 211 188 247 194 205 219 132 162

2.3 Methods134

2.3.1 Regridding model output135

Because our analysis of the multi-model ensemble generally must occur on a common grid, we conservatively136

remap (Jones, 1999) all future projections to the coarsest model resolution in the archive, with roughly 250 km137

grid cells. Historical simulations however can be compared against the L15 product at the resolutions at which138

models provide them, as the resolution of L15 is much higher than model output and can be remapped to each139

individual model resolution.140

2.3.2 Summarizing model climatologies141

We calculated 30-year averages of monthly data in 30-year moving windows across 2015-2100 for the fu-142

ture projections, and in 30-year windows across 1900-2015 for historical simulations. This length of time is143
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standard for climate normal calculations (World Meteorological Organization, 1989, 2007) because it is a suf-144

ficiently long period of time over which to average out annual to multi-decadal fluctuations (Arguez and Vose,145

2011). Individual ensemble members are compared with a multi-model ensemble average, weighted inversely146

by the number of ensemble members per each model in order to give models equal weight regardless of the147

number of IC ensemble members per model. (We also explored the use of unweighted averages and found148

negligible differences in our results; see Appendix A.) In addition to annual averages, we constructed three-149

month seasonal averages, focusing on December/January/February (DJF) for precipitation and daily minimum150

temperature and June/July/August (JJA) for daily maximum temperature.151

Historical simulations, compared against both the historical record using the L15 product and the multi-152

model ensemble mean, are also analyzed to compare and contrast with the analysis of future projections. The153

similarities between historical analysis relative to L15 and the analysis relative to the multi-model ensemble154

mean give confidence that our approach of comparing conservatively remapped future projections to the multi-155

model ensemble mean produces a reasonable measure of the range of the multi-model ensemble, rather than156

producing a measure of biases in the multi-model ensemble.157

2.3.3 Regional focus158

We look at three separate partitions of the CONUS: (1) all of CONUS, (2) the seven regions defined in the159

4th National Climate Assessment (NCA4; Reidmiller et al., 2017), and (3) three custom regions, “West”,160

“Central”, and “East.” At the coarsest resolution used, the smaller NCA4 regions contain very few grid cells161

(∼10 in the Northeast). The three custom regions are thus useful for examining different sub-CONUS regional162

differences while ensuring that each region has a sufficient number of grid cells to minimize small sample163

problems when calculating regional statistics. The three regions are defined as follows: the West region is164

everything west of 104�W, East is everything east of 95�W, and the Central region lies between 104�W and165

95�W. The division of regions at these parallels preserves some rough boundaries in the regional climatology166

of CONUS (Regonda et al., 2016) while ensuring regions are both larger and more similar in size. Regional167

Taylor diagrams (see Section 2.3.4) make use of the NCA4 regions in order to bring regional climatology168

information to bear on their interpretation, while regional variability ratios (see Section 2.3.5) are calculated169

across these three larger regions in order to avoid small geospatial sample sizes.170

2.3.4 Taylor diagrams171

Taylor diagrams (Taylor, 2001) are useful visualizations of the performance of multiple model outputs rel-172

ative to a reference dataset, most often from observations, and use this comparison to provide quantitative173

performance metrics for each model. In this analysis, since we do not focus on traditional metrics of model174

performance such as mean bias, Taylor diagrams are well-suited to succinctly capture the higher-order statistics175

of the multiple models and their ensemble members across a range of CMIP6 experiments. When examining176

future projections, however, we have no corresponding observations, so a different reference data set must be177

adopted. The reference dataset that we use for Taylor diagrams of future projections is the multi-model ensem-178

ble mean across all models and ensembles, weighting models (rather than ensembles) equally. This approach179

emphasizes differences between models and ensemble members.180

The mean-centered statistics of a Taylor diagram (Taylor, 2001) are designed to concisely summarize the181

degree of correspondence between two fields or “patterns,” here comparing each ensemble member with the182

reference data set (either the multi-model ensemble average or the L15 product). The statistics of interest183

are the standard deviation of each ensemble member {σij : i = 1, . . . , N ; j = 1, . . . , ni} (where N is the184

total number of models and ni is the number of ensemble members for model i) and the reference data set185
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σr as well as the correlation coefficient between each ensemble member and the reference data set, denoted186

{ρij : i = 1, . . . , N ; j = 1, . . . , ni}. Both quantities are calculated across all grid cells in the region of interest.187

These statistics can be further aggregated into the centered pattern root mean square (RMS) difference D for188

each ensemble member, denoted {Dij : i = 1, . . . , N ; j = 1, . . . , ni}, which can be written in terms of the189

standard deviations and correlation coefficient as190

Dij =
q

σ
2

ij + σ2
r − 2σijσrρij . (1)

Note that Dij approaches zero as the two fields or patterns become more alike. Furthermore, it should be191

noted that the RMS differences do not account for overall mean differences in the two fields. In the following,192

RMS differences generically refer to a specific variable (precipitation or temperature) in a specific time period193

(historical or one of the future scenarios) for a specific region (CONUS or one of the subregions).194

The Taylor diagram visualizes these three statistics (centered pattern RMS difference, standard deviation,195

and correlation coefficient) in a single plot. The reference data set used is either the multi-model ensemble196

average or the L15 product. The model-ensemble average is normalized and ensemble members are normalized197

by the model-ensemble average.198

2.3.5 Quantifying inter- and intra-model variability and their ratio199

While Taylor diagrams are helpful for visualizing a large amount of information about IC ensemble behavior200

between models and within models, the units of distance between points are not uniform or easily interpretable201

(Gleckler et al., 2008). Even when restricting our scope to monthly climatologies over CONUS and its sub-202

regions, the amount of information in the CMIP6 multi-model ensemble across different variables, scenarios,203

spatial extents, and time periods is too large to summarize concisely. It is necessary to distill down the mean-204

centered statistics of a Taylor diagram into a single value to describe differences in inter- and intra- model205

variability.206

In order to assess whether a random selection of model ensemble members will produce an unbiased207

sample of the multi-model ensemble for downscaling temperature and precipitation in a particular region, we208

can use a standard statistical approach of random effects modeling that quantifies the magnitude of between-209

group variability relative to the within-group variability (Gelman, 2005). In this case, “group” refers to a210

climate model, with the ensemble members comprising the items in each group; the quantity of interest is211

the centered RMS differences and its variability across and within models. The standard setup specifies that212

the ensemble members from each model represent a random sample of all possible IC ensembles, where each213

model has a model-specific mean centered RMS difference, say Di, and some variance τ2 that does not depend214

on the model, which will indicate the “within-model” variability. For convenience, a Gaussian distribution is215

often assumed, wherein216

Dij
iid
∼ N(Di, τ

2), i = 1, . . . , N ; j = 1, . . . , ni, (2)

where N(a, b) denotes a Normal distribution with mean a and variance b and “
iid
∼” denotes “independent and217

identically distributed as.” The model-specific mean centered RMS difference values are furthermore assumed218

to arise from a super-population of all possible models that have an overall (across-model, or between-model)219

mean D and variance ω
2, again following a Gaussian distribution220

Di
iid
∼ N(D,ω2), i = 1, . . . , N. (3)

In general this framework is robust to the specific random effects distribution in Eq. 3 (McCulloch and221

Neuhaus, 2011); we further explored other distributions for Eqs. 2 and 3 (e.g., log-Normal) and found no222

difference in our results.223
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The quantity of interest is then the ratio of the between-model variability to the within-model variability,224

quantified in terms of the standard deviations ω and τ , denoted225

R =
ω

τ
, (4)

which we henceforth refer to as the “variability ratio,” or “R.” When R > 1 (i.e., the between-model variability226

is larger than the within-model variability), we can safely conclude that a random sampling of IC ensemble227

members will generally produce an unbiased sample of the multi-model ensemble. However, if R < 1, this228

indicates that the variability within the various models is larger than the differences between models and one229

must carefully choose ensemble members in order to sample the multi-model ensemble. Using the assumptions230

specified by Eqs. 2 and 3, standard statistical software can be used to yield maximum likelihood estimates of231

the ratio of variances in Eq. 4 and the Delta method can be used to quantify uncertainty in this ratio (for more232

information, see Appendix D).233

3 Results234

3.1 Case study: SSP370 end-of-century235

Using Taylor diagrams, we compared between- and within-model ensemble behavior across different shared236

socioeconomic pathway scenarios (SSP245, SSP370, and SSP585) and regions (all of CONUS and each of237

the seven different NCA4 regions) for the 30-year end-of-century period spanning 2070-2100. To illustrate238

the information contained in the large number of analyses that we performed, we selected the SSP370 end-239

of-century projections as a case study since it represents a mid-range forcing scenario among the SSPs. We240

use the corresponding Taylor diagrams to investigate CONUS-wide and regional patterns of variability, and241

to demonstrate the relationship between Taylor diagrams and variability ratios. Corresponding plots for the242

other SSP scenarios are included in Appendices B and C; while the average global mean temperature (GMT)243

reached by the end of century differs between these scenarios, the end-of-century Taylor diagrams for a given244

variable, region, season and weighting are similar across scenarios.245

CONUS-wide Taylor diagrams for precipitation rate, minimum temperature, and maximum temperature246

are shown in Figure 1. For each variable, the ensemble members of each model have very small RMS dif-247

ferences (generally < 0.5 units) and relative standard deviations close to one, indicating a high degree of248

correspondence between each ensemble member and the model-ensemble average. The ensemble members249

have a slight tendency towards under-dispersion (i.e., relative standard deviations less than one) for seasonal250

precipitation and minimum temperature, and over-dispersion (i.e., relative standard deviations greater than251

one) for annual estimates and seasonal maximum temperature. This behavior is more prominent for precipita-252

tion as precipitation has much larger natural variability than surface temperature, which is reflected in small253

RMS differences for minimum temperature and relatively larger RMS differences for precipitation.254

These Taylor diagrams also provide a useful demonstration of how the variability ratio (R, shown in Figure255

1 in the subtitle of each panel) quantifies the between- to within-model variability in Taylor diagram statistics.256

The variability ratio is particularly useful in this case where there are a very large number of models and257

ensemble members and it is difficult to quickly compare the relative magnitude of between- to within-model258

variability by eye. Across the board, R is at least 5, which tells us that the difference between models is roughly259

five times larger than the differences in the ensemble members of an individual model. Visually, large values260

of R like we see here reflect the general behavior of the TD statistics: the ensemble members of a specific261

model are clustered together such that across models these clusters are separated from one another. For this262

case study, R for annual precipitation is smallest and R for maximum temperature is the largest (though the263
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(a) Annual CONUS-wide Taylor diagrams

(b) Seasonal CONUS-wide Taylor diagrams

Fig. 1: Taylor diagrams for CONUS-wide 30-year averages of daily precipitation (left), maximum temperature

(middle), and minimum temperature (right) from the 2070-2100 period of SSP370. Here, the reference data

set is the multi-model ensemble average, and the points shown represent individual ensemble members. Each

model is shown with a different color. Panel (a) shows annual estimates and panel (b) shows seasonal estimates.

magnitude of the confidence intervals on these ratios renders them all similar.) Across all regions and variables,264

with large and small RMS differences, individual ensemble members of the same model tend to cluster close265

to each other around a model-specific “mean;” R characterizes the distinctiveness of this grouping relative266

to the clustering of all ensembles. For annual CONUS-wide estimates, R is smaller for precipitation than for267

surface temperature despite a wider range of RMS differences among all ensembles. Note that R characterizes268

the ratio of between- to within-model differences and remains agnostic to the absolute magnitude of RMS269

differences.270

Moving from a CONUS-wide assessment to a regional focus, in Figures 2 and 3 we now show Taylor271

diagrams for annual and seasonal summaries, respectively, for each variable in each of the seven climate272

regions (in the CONUS) used by NCA4. Differences in ensemble distribution across Taylor diagrams between273

regions are in some cases quite large. As in the CONUS-wide Taylor diagrams, ensemble members in regional274

Taylor diagrams tend to be clustered around model-specific “means,” but, as expected, the similarity between275

individual ensemble members and the model-ensemble average varies more at the regional scale than when276

considering all of CONUS. Furthermore, these differences between ensemble members relative to the model-277

ensemble average are generally larger. For the NCA4 regions, precipitation shows largest variability, which is278

consistent with previous findings that regional variability of precipitation in climate model ensembles grows279

at smaller spatial scales (Rasmussen et al., 2012; Nguyen et al., 2018). There is one slight peculiarity in the280

Taylor diagrams, most noticeable for precipitation in the Northwest, wherein models and ensemble members281

tend have similar pattern correlations but a wider range of relative standard deviations (i.e., the Taylor diagram282

spread for a given model is predominantly clustered around a single radial value). For Northwest precipitation,283

this seems to be attributable to large topographic features in this region (the Cascade mountain range) which284
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(a) Annual precipitation

(b) Annual maximum temperature

(c) Annual minimum temperature

Fig. 2: Regional Taylor diagrams for the 30-year annual average of SSP370 over 2070-2010, split across the

seven NCA4 regions, for precipitation (panel a.), maximum temperature (panel b.), and minimum temperature

(panel c.). The variability ratio R for each variable/region is shown in the strip text. As in Figure 1, the reference

data set is the multi-model ensemble average; points shown represent individual ensemble members with each

model is shown using a different color.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. 3: Regional Taylor diagrams for the 30-year seasonal average of SSP370 over 2070-2010, split across

the seven NCA4 regions, for wintertime precipitation (panel a.), summertime maximum temperature (panel

b.), and wintertime minimum temperature (panel c.). The variability ratio R for each variable/region is shown

in the strip text. As in Figure 1, the reference data set is the multi-model ensemble average; points shown

represent individual ensemble members with each model is shown using a different color.
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constrain the spatial pattern of precipitation across models, as well as to overall greater values for precipitation285

in this region.286

In this case study, regional precipitation and seasonal daily maximum temperature overall exhibit the most287

distinct ensemble-model clustering patterns between regions, in that the appearance of the Taylor diagram dif-288

fers greatly between regions. Regional minimum temperature estimates are however clustered tightly near the289

reference point (i.e., a RMS difference of zero and relative standard deviation of one), indicating a high degree290

of similarity between all models and ensemble members across all regions. Regional maximum temperature291

estimates similarly tend to cluster near the reference point, although there is greater variation in the Northwest292

and Southern Great Plains than in other regions. These comparisons show qualitatively that along these met-293

ric dimensions, the differences between models and ensemble members tend to be larger when summarized294

regionally than when averaged across all of CONUS, and differ greatly between regions.295

Regional variability ratios are generally smaller for annual calculations than seasonal. We expect to ob-296

serve smaller variability ratios for Taylor diagrams in which we observe large differences between ensemble297

members but not distinct differences between ensemble members based on their model. We do for example298

see this in the differences between Northern Great Plains and Northwest annual precipitation, in Figure 2;299

ensembles of a given model in Northwest are more distinctly clustered around a model-specific mean and sep-300

arated from different models, indicating higher between-model variability, and, as we observe, likely a higher301

R than Northern Great Plains, which has less distinct separation between ensembles by model. For variables302

and regions in which all ensembles are highly similar to the multi-model ensemble average, values of R still303

range between ∼ 4 − 14, as we observe in the difference between the low R in the Midwest compared with304

the relatively high R for the Southwest in annual maximum temperature in Figure 2.305

3.2 Variability ratios across variable, SSP, and regions306

To distill the large amount of information summarized by Taylor diagrams across variables, regions, pro-307

jections, and time period, we calculated CONUS-wide and regional variability ratios R for moving window308

30-year averages across the SSP projections from 2015-2100. Figure 4 shows best estimates of R along with a309

95% confidence interval, plotted as a function of the average global mean temperature (GMT) anomaly during310

each 30-year period for each SSP (where the anomalies are calculated relative to the pre-industrial period).311

For reference, the variability ratio for the historical simulations and its 95% confidence interval is shown at312

the minimum mean GMT, relative both to L15 historical observations as well as the multi-model ensemble313

average across historical simulation ensembles. As discussed in Section 2.3.3, to avoid the small sample size314

problems of the 7 NCA4 regions when comparing coarsely-regridded models, we calculate these statistics and315

compare across three larger custom subregions.316

Most notably, all estimates of CONUS-wide and regional variability ratios R are larger than one, indicat-317

ing that the inter-model variability is larger than intra-model variability, and distinct realizations of a given318

model are more similar to each other than to realizations of a different model. This remains true even when319

considering the uncertainty (i.e., the confidence intervals for R). CONUS-wide, R ranges between five and320

ten, indicating that the inter-model variability over these estimates is approximately 5-10 times greater than321

the intra-model variability. In other words, the differences between ensemble members of the same model are322

much more similar than the typical behavior of an arbitrary ensemble member of a different model.323

In these regional assessments, estimates of R do approach 1, particularly over 30-year time periods in324

future scenarios corresponding to higher mean GMT, and particularly for precipitation in the Central and East325

regions, and as well as minimum temperature in the East region. Larger estimates of R are generally observed326

in the western regions. Notably R for minimum temperature in the West is quite large, between-model variance327

is ∼ 13 times larger than within-model variance in the West, though all ensemble members plotted in Taylor328
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Fig. 4: The variability ratio of between-model to within-model standard deviations across rolling 30-year

windows from 2015 to 2100, plotted versus the average change in global mean temperature during that 30-

year period for shared socioeconomic pathway (SSP) 245 (red), 370 (green), and 585 (blue). Panel A shows

CONUS-wide variability ratios for precipitation (top), maximum temperature (center), and minimum temper-

ature (bottom), while panel B shows regional variability ratios across three regions (West, Central, and East)

for the same three variables. The corresponding variability ratio for the historical simulations (1980-2010) is

shown with a black error bar, and a reference line at R = 1 is shown in all panels.

diagrams for minimum temperature in Figures 2 and 3 are clustered quite close to the model-ensemble average.329

While we might expect the relative magnitude of between-model variability and within-model variability to330

change under different levels of warming, the ratio does not exhibit any clear relationship with global mean331

temperature. Even towards the end of the century for SSP585, the CONUS-wide R remains larger than one332

across all three variables. Our observation that between-model variability is consistently greater than within-333

model variability across variables and scenarios holds as scenarios project into the future.334

Historical variability ratios constructed from the 30-year period at the end of the historical simulations335

(1985-2015, shown as black points, Figure 4) are similar to those estimated for each SSP in the 30-year336

period at the beginning of the future projections (2015-2045). Confidence intervals are also similar, if slightly337

narrower. While there are differences between analyzing the historical simulations and future projections (in338

particular that the historical simulations have more models and ensembles, and have a historical record against339

which they can be compared), all historical R estimates for the end of the historical period lie within the340

confidence intervals of R estimates at the beginning of the SSPs. This indicates that there are likely sufficient341

models and ensembles for the estimation of R to be robust to the inclusion or exclusion of individual models342

or ensembles.343

In summary, while we might expect R to decrease with increasing global mean surface temperature anoma-344

lies due to differences in model ensemble fields arising from model internal variability being amplified with345

increased radiative forcing, we find that this effect remains small even with a high emissions scenario at the346

end of the 21st Century.347
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4 Discussion348

The increased interest in the scientific community in Earth system modeling, along with the increased interest349

amongst a wide-range of end-users in projects derived from earth system modeling, has led to rapid growth in350

CMIP modeled output. The size of the CMIP3 project was roughly 36 terabytes (TB), while the size of CMIP5351

was roughly 1.8 petabytes (PB), and the CMIP6 archive is expected to be roughly 40 PB in size. At the same352

time, contributions from an increasing number of modeling centers containing multiple ensemble members353

and multiple experiments present a practical challenge to comprehensive efforts to downscale such a large354

and growing set of simulations. In this work we have shown through a set of analyses that survey the CMIP6355

multi-model ensemble that efficient sampling of the ensemble for the purposes of subsequent downscaling356

and analysis is more tractable than the exponential growth of CMIP ensembles would suggest. This sampling357

can support assessments of model skill and weighting, and allow for parsimony in the production of a set of358

downscaling solutions that captures the range of how the ensemble of ESMs parameterize atmospheric and359

surface processes that impact temperature and precipitation.360

This is all-the-more important in the face of greatly-increasing numbers of ensemble members per model,361

especially since there are significant personnel, computational, and storage costs to downscaling each ensemble362

member for each model. Previous downscaling activities have operated under the untested assumption that a363

single ensemble member per model would be sufficient to sample the ensemble. We have tested this assumption364

by developing a variability ratio metric R to quantify between-to-within-model variability for temperature and365

precipitation and find R > 1 across the CONUS and also over CONUS sub-regions over the historical record366

and through the 21st Century, irrespective of emissions scenario. This finding indicates that the assumption of367

downscaling a single IC ensemble member is tenable.368

There are several caveats to this analysis, however. First, this analysis looked only at IC ensemble members369

of temperature and precipitation over the CONUS. A similar analysis of other variables, in other regions,370

and/or perturbed-physics ensemble members (PPEs) may produce different results. Second, we have focused371

on 30-year averages of monthly climatologies because of the widespread use of climate normals, but analysis372

over longer or shorter periods could impact our conclusions. Third, we have compared models generating373

projections at different grid scales and we conservatively remap all models to the scale of the coarsest model.374

While remapping is necessary for intercomparisons, it also constrains the spatial resolution of any model to375

that of the coarsest model. We expect conservative remapping to have a small smoothing effect on models376

being remapped to similar but slightly coarser grid scales. Finally, we want to reiterate the separation between377

the analysis here and analyses of model skill and weight that often accompany the processing of downscaled378

solutions.379

In spite of these caveats, the findings of this analysis clearly support the use of one, or at most a small380

number of, IC ensemble members for downscaling temperature and precipitation in the 21st Century. Our381

method provides a framework for analyzing multiple models and ensemble members across a broad region,382

and is applicable to endeavors such as the 5th National Climate Assessment (NCA5). Additionally, it points383

to the sub-linear growth, to date, in personnel, computational, and storage costs for downscaling multi-model384

ensembles, which have grown by more than an order of magnitude in each successive CMIP phase. Such sub-385

linear scaling is critically important for the long-term sustainability of downscaling solution development in386

future CMIP activities. The question of parsimony for developing downscaling solutions is not likely to be387

made moot by increased computational or personnel resources: models and ensemble members, to date, have388

been growing in number and complexity with each phase of CMIP, which has tended to increase the poten-389

tial computational and personnel resources required to develop downscaling solutions. Downscaling solutions390

remain specialized and have not been designed to scale with increased model and ensemble number. Our391

findings show that current approaches can reasonably support downscaling solution development for CMIP6,392
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and if similar approaches to historical and scenario-based experiments are adopted for CMIP7 and beyond, the393

downscaling solutions that currently exist will continue to be able to provide the additional information needed394

to link coarse-resolution climate change effects as described by ESMs with the fine-scale change projections395

necessary to develop climate-risk-informed plans and operations at the local level.396
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A Additional future projections: SSP370 Taylor diagrams, unweighted564

(a) CONUS annual, 2070-2100

(b) CONUS seasonal, 2070-2100

Fig. A.1: 30-year CONUS-wide averages of daily precipitation (left), maximum temperature (middle), and

minimum temperature (right) from the 2070-2100 period of SSP370. The reference dataset here is the un-

weighted multi-model ensemble average, so that ensembles are given equivalent weight rather than mod-

els. 30-year averages of daily precipitation (left), maximum temperature(middle), and minimum temperature

(right) from the 2070-2100 period of SSP370. Each model is shown with a different color. Panel (a) shows

annual estimates and panel (b) shows seasonal estimates.
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(a) Annual precipitation

(b) Annual maximum temperature

(c) Annual minimum temperature

Fig. A.2: Taylor diagrams for regional (NCA4 regions) 30-year annual average of SSP370 over 2070-2010,

compared against the unweighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. A.3: Regional Taylor diagrams for the 30-year seasonal average of SSP370 over 2070-2010, compared

against the unweighted multi-model ensemble average.
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B Additional future projections: SSP245 Taylor diagrams565

(a) CONUS annual, 2070-2100

(b) CONUS seasonal, 2070-2100

Fig. B.1: Taylor diagrams for CONUS-wide 30-year averages from the 2070-2100 period of SSP245, compared

against the weighted multi-model ensemble average.

(a) CONUS annual, 1985-2015

(b) CONUS seasonal, 1985-2015

Fig. B.2: Taylor diagrams for CONUS-wide 30-year averages from the 2070-2100 period of SSP245, compared

against the unweighted multi-model ensemble average.
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(a) Annual precipitation

(b) Annual maximum temperature

(c) Annual minimum temperature

Fig. B.3: Regional Taylor diagrams for the 30-year annual average of SSP245 over 2070-2010, compared

against the weighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. B.4: Regional Taylor diagrams for the 30-year seasonal average of SSP245 over 2070-2010, compared

against the weighted multi-model ensemble average.
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(a) Annual precipitation

(b) Annual maximum temperature

(c) Annual minimum temperature

Fig. B.5: Regional Taylor diagrams for the 30-year annual average of SSP245 over 2070-2010, compared

against the unweighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. B.6: Regional Taylor diagrams for the 30-year seasonal average of SSP245 over 2070-2010, compared

against the unweighted multi-model ensemble average.
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C Additional future projections: SSP585 Taylor diagrams566

(a) CONUS annual, 2070-2100

(b) CONUS seasonal, 2070-2100

Fig. C.1: Taylor diagrams for CONUS-wide 30-year averages from the 2070-2100 period of SSP585, compared

against the weighted multi-model ensemble average.

(a) CONUS annual, 2070-2100

(b) CONUS seasonal, 2070-2100

Fig. C.2: Taylor diagrams for CONUS-wide 30-year averages from the 2070-2100 period of SSP585, compared

against the unweighted multi-model ensemble average.
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(a) Annual precipitation

(b) Annual maximum temperature

(c) Annual minimum temperature

Fig. C.3: Regional Taylor diagrams for the 30-year annual average of SSP585 over 2070-2010, compared

against the weighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. C.4: Regional Taylor diagrams for the 30-year seasonal average of SSP585 over 2070-2010, compared

against the weighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. C.5: Regional Taylor diagrams for the 30-year annual average of SSP585 over 2070-2010, compared

against the unweighted multi-model ensemble average.
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(a) Wintertime precipitation

(b) Summertime maximum temperature

(c) Wintertime minimum temperature

Fig. C.6: Regional Taylor diagrams for the 30-year seasonal average of SSP585 over 2070-2010, compared

against the unweighted multi-model ensemble average.
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D Quantifying uncertainty in the ratio of between- to within- model variability567

While standard statistical software can provide maximum likelihood estimates of the between-model standard deviation ω and within-568

model standard deviation τ , and hence their ratio R = ω/τ , one can use the Delta method to quantify uncertainty in this ratio. Here, our569

goal is to construct a confidence interval for the R = ω/τ . In addition to maximum likelihood estimates of the variances, denoted bω and570

bτ , the nlme package for R (include citation) provides an approximate covariance matrix for the log standard deviations, i.e.,571

X = logω, Y = log τ ;

we then use these quantities to get at the uncertainty of the quantity of interest using the Delta method. Since the ratio of variances must572

be positive and a confidence interval should (1) not include negative values and (2) likely not be symmetric about the best estimate, we573

first construct our confidence interval on the log scale and then exponentiate the end points. The quantity we want the uncertainty of is the574

log of the ratio of the variances575

log
ω

τ
= logω � log τ ;

in terms of X = logω and Y = log τ , this can be written as576

f(X,Y ) = X � Y.

Denote bΣ = the approximate covariance matrix of the log standard deviations (obtained from the nlme package). The Delta method says577

that the estimated variance of f(X,Y ) is578

cVarf(X,Y ) = rf(X,Y )> · bΣ ·rf(X,Y ),

where579

rf(X,Y ) =


∂

∂X
f(X,Y )

∂

∂Y
f(X,Y )

�
=


1
�1

�
.

A 95% confidence interval for f(X,Y ) is then580

(Lf , Uf ) =

✓
f( bX, bY )� 1.96

q
cVarf(X,Y ), f( bX, bY ) + 1.96

q
cVarf(X,Y )

◆

and a corresponding confidence interval for exp{f(X,Y )} = exp{2 logω � 2 log τ} = ω
2

τ2
is581

�
exp{Lf}, exp{Uf}

�
.


