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1. Preface 

Welcome to the world of Large Ensembles! This document serves two purposes. One is to 

introduce the reader to the concept of “Large Ensembles” and why they are crucial for 

understanding the observed climate record, evaluating climate models, and providing society with 

information on the risks of future climate change due to human activities. The second is as a user’s 

manual for the “Climate Variability Diagnostics Package for Large Ensembles”, an automated 

analysis tool and data repository that facilitates exploration of modes of climate variability and 

change in model large ensembles and observations. We hope that these resources promote new 

discoveries by students, educators and researchers alike.  We welcome your feedback on this 

document and the analysis package itself, including suggestions for additional variables, metrics 

and graphical displays.  

 

2. Introduction 

The climate system is highly variable on all space and time scales. Apart from external 

influences associated with natural (e.g., volcanic eruptions and orbital cycles that impact 

insolation) and anthropogenic (e.g., greenhouse gases and sulfate/biomass burning aerosols) 

factors, this variability stems from processes intrinsic to the climate system. For example, non-

linear dynamics of the atmosphere spontaneously generates day-to-day weather events such as 

storms and atmospheric rivers, as well as longer-lived (week-to-week and month-to-month) 

changes in jet-stream level winds and associated storm activity around the world. Non-linear 

processes also operate in the ocean and give rise to slower (year-to-year and decade-to-decade) 

variations that influence the atmosphere and climate. Finally, non-linear interactions between the 

atmosphere and ocean produce climate fluctuations on seasonal and interannual time scales, 
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including the well-known El Niño – Southern Oscillation (ENSO) phenomenon. The chaotic non-

linear nature of the climate system means that predictability of such intrinsic fluctuations is limited. 

Internally-generated weather and climate variations co-exist with externally-driven 

influences on the climate system, whether natural or human-caused. Indeed, their prevalence 

obscures identification of anthropogenic contributions to observed climate anomalies, and 

necessitates probabilistic projections of future climate change. Intrinsic weather and climate 

fluctuations may, in turn, be influenced by external forcing. For example, there is evidence that 

volcanic eruptions may trigger weak ENSO events and that rising greenhouse gases may increase 

the volatility of precipitation, exacerbating drought and flood extremes.  

A major challenge for climate researchers is to construct numerical models of the Earth’s 

climate system that include realistic representations of both internally-generated and externally-

driven sources of climate variability and change. Evaluation of such models is of key importance 

and presents its own set of challenges, including those related to computational and data storage 

requirements as well as limitations imposed by the instrumental record. Automated tools have been 

developed to facilitate climate model assessment such as “ESMValTool” (Eyring et al., 2016), 

which is comprised of a collection of analysis packages developed at various climate modeling 

centers around the world. One of the component packages of ESMValTool is the National Center 

for Atmospheric Research (NCAR) “Climate Variability Diagnostics Package” (Phillips et al., 

2014) upon which the “Climate Variability Diagnostics Package for Large Ensembles” is based. 

 

3. The Importance of Large Ensembles  

A new thrust in climate modeling is to run a large number of simulations with the same 

model and the same radiative forcing protocol but varying the initial conditions, sometimes by 
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extremely small amounts on the order of the model’s numerical round-off error (e.g., 10
-14

 K for 

atmospheric temperature). The differences in initial conditions serve to create ensemble spread 

once the memory of the initial state is lost, typically within a month for the atmosphere and a few 

years to a decade for the ocean. The resulting ensemble spread is thus solely due to unpredictable 

internally-generated climate variability (aka, the “butterfly effect” in chaos theory). Because the 

temporal sequences of internal variability differ across the simulations once the memory of the 

initial conditions is lost, one can average the members (“members” will be used synonymously 

with “simulations”) together to estimate the forced response at each time step, although a sufficient 

ensemble size is needed to do so accurately (Milinski et al., 2020).  It is important to note that each 

simulation in the ensemble contains a common forced response superimposed upon a different 

sequence of internal variability. 

Such “initial-condition Large Ensembles” (LEs) have proven to be enormously useful for 

separating internal variability and forced climate change on regional and decadal scales (e.g., 

Deser et al., 2012; Kay et al., 2015; Maher et al., 2019; Deser et al. 2020; Lehner et al., 2020). 

They have also been used to assess externally-forced changes in the characteristics of internal 

variability, including extreme events for which large sample sizes are crucial. Additionally, they 

have served as methodological testbeds for evaluating approaches to detection and attribution of 

anthropogenic climate change in the (single) observational record (e.g., Deser et al., 2016; Barnes 

et al., 2019; Sippel et al., 2019; Santer et al. 2019; Bonfils et al., 2019; Wills et al., 2020). Until 

the advent of LEs, it was problematic to identify the sources of model differences in the Coupled 

Model Intercomparison Project (CMIP) archives due to the limited number of simulations 

(generally 1-3) for each model (i.e., structural uncertainty was confounded with uncertainty due to 

internal variability) (see for example Deser et al., 2012 and Lehner et al., 2020).  
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Just as in a model LE, the sequence of internal variability in the real world could have 

unfolded differently. That is, the observational record traces only one of many possible climate 

histories that could have happened under the same external forcing (i.e., volcanoes, solar and 

orbital cycles, and anthropogenic emissions).  For example, El Niño and La Niña events could 

have occurred in a different set of years, or interannual fluctuations of the “North Atlantic 

Oscillation” could have occurred with an alternate chronology. This concept is sometimes referred 

to as the “Theory of Parallel Climate Realizations” (Tel et al., 2019) or the notion of “Contingency” 

(Gould, 1989). The implications of this concept are enormous. For one, it means that a single 

model simulation of the historical period need not match the observed record, even if the model is 

“perfect” in its representation of statistical characteristics of the real world’s climate. However, 

the statistical characteristics of the model’s internal variability must match those of the real world, 

taking into account the limited sampling in the observational record due to the limited ensemble 

size (one) and limited duration and spatial coverage of the measurements. Observational 

uncertainty due to instrument error, data inhomogeneities, and application of optimal interpolation 

and reanalysis methods must also be taken into account (see the Climate Data Guide 

https://climatedataguide.ucar.edu/ for expert guidance on observational uncertainty).  Further, the 

spread across a model LE must encompass the observational record (subject to the above 

observational uncertainties) for the model to be credible, provided there are enough members to 

adequately span the range of possible sequences of internal variability. However, this is not a 

sufficient criterion, since a model with unrealistically large internal variability may encompass the 

observational record for the wrong reason [see Deser et al. (2017b) for an expanded discussion of 

this point with application to ENSO teleconnections]. These considerations emphasize the 

importance of evaluating both the amplitudes and patterns of internal variability in models. 

https://climatedataguide.ucar.edu/
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4. The CVDP 

The NCAR “Climate Variability Diagnostics Package” (CVDP) is an analysis tool that 

documents the major modes of climate variability as well as long-term trends and other metrics in 

models and observations based on a variety of fields including sea surface temperature, surface air 

temperature, sea level pressure, precipitation and sea ice concentration 

(http://www.cesm.ucar.edu/working_groups/CVC/cvdp/). As an analysis tool, it can be used to 

explore a wide range of topics related to unforced and forced climate variability and change. It can 

also help with formulating hypotheses, serve as a tool for model evaluation, and generally facilitate 

curiosity-driven scientific inquiry. A recent application of the CVDP to the CMIP 3, 5 and 6 

archives highlighted general improvements in the simulation of the major modes of climate 

variability across the three generations of CMIP models (Fasullo et al., 2020). The CVDP has 

served the community as both a research and teaching resource. 

One way that the CVDP facilitates model inter-comparison and observational uncertainty 

is by displaying graphical information from all models and observational data sets on a single page. 

In addition to graphical output (in png format), the CVDP produces netcdf files for each diagnostic 

and saves both the png and netcdf files to a web-based data repository for later access and 

subsequent analysis. The CVDP is coded with the open source “NCAR Command Language 

(NCL)”, but the user does not need to know NCL to apply it or to make use of its output. All 

calculations performed in the CVDP are fully documented with references to the literature in the 

“Methodology” link. To apply the CVDP, the user specifies a suite of observational data sets and 

model simulations in the “Input Namelist”.  Multiple observational data sets can be specified for 

the same quantity (for example, sea surface temperature), and multiple time periods can also be 

http://www.cesm.ucar.edu/working_groups/CVC/cvdp/
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specified if desired (even for the same data set). In this way, the sensitivity of the results to the 

choice of observational data set and time period can be investigated. The user can also choose to 

pre-process the model and observational data before applying the CVDP. For example, the user 

may wish to detrend or low-pass filter the data before supplying them to the CVDP. 

 

5. The CVDP for Large Ensembles  

To take advantage of the unique information provided by LEs, we have developed a new 

version of the CVDP called the “CVDP-LE”. This resource includes the same diagnostics as the 

original CVDP, but computes and displays the information in ways that are specifically tailored to 

LEs. For example, the ensemble-mean (an estimate of the forced response) and the ensemble 

spread due to internal variability are computed and displayed separately. Like its predecessor, the 

CVDP-LE operates on a user-specified set of model simulations and observational datasets, and 

saves the output (.png graphical displays and netcdf data files) to a data repository for later access 

and further analysis. Unique to the CVDP-LE is the ability to view the output from two 

perspectives: “Individual Member” and “Ensemble Summary”. The former is analogous to the 

format used in the CVDP; the latter is specific to the CVDP-LE.  

The rest of this document is organized as follows. Section 5a provides an overview of how 

the diagnostics in the CVDP-LE are arranged. Section 5b presents a short discussion of how to 

deal with observational uncertainty. Section 5c provides guidance on how to interpret the 

information shown in the “Ensemble Summary” view, including spatial patterns, timeseries and 

derived quantities, and summary metrics tables and graphics. Section 5d gives a brief description 

of the “Individual Member” view. Section 6 “Tips for applying the CVDP-LE” includes some 

principles for “best practices” in LE analysis including caveats and potential pitfalls, along with 
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ideas for novel ways to pre-process the input data for added insights. Instructions on how to 

download the CVDP-LE code and run the package may be found at 

http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/. 

 

5a. Organization of diagnostics 

The diagnostics computed in the CVDP-LE are organized in a similar way to those in the 

CVDP.  They begin with general quantities (climatological averages, interannual standard 

deviations, and linear trends; defined below) displayed in the form of global maps for each variable 

and season.  The variable names are abbreviated following CMIP convention as follows: SST for 

sea surface temperature, TAS for 2m Air Temperature, PSL for barometric sea level pressure, and 

SIC for sea ice concentration.  The seasons are 3-month averages for: December-February (DJF), 

January-March (JFM), March-May (MAM), June-August (JJA), July-September (JAS). Annual 

means (January-December averages) are also shown.  Next are the major modes of coupled (ocean-

atmosphere) climate variability:  El Nino – Southern Oscillation (ENSO), Atlantic Multidecadal 

Variability (AMV),  Pacific Decadal Variability (PDV),  and the Atlantic Multidecadal 

Overturning Circulation (AMOC).  These are followed by the dominant modes (8 in total) of large-

scale atmospheric circulation variability.  The final set of diagnostics is devoted to time series, 

including globally-averaged quantities, regional indices and a variety of sea ice extent measures.  

All of the diagnostics are defined in detail below, along with a description of the various metrics 

used to characterize the modes of variability.  

 

General Quantities  

a) Climatological averages: averages over the time period specified by the user.  

http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/
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b) Interannual standard deviations: temporal standard deviations based on linearly detrended data 

during the time period specified by the user.  

c) Linear trends: linear least-squares best-fit trends over the time period specific by the user. 

 

Coupled Modes of Variability  

a) ENSO 

The CVDP-LE provides an extensive set of diagnostics on ENSO given its central 

importance to the global climate system. These diagnostics are grouped into two categories: spatial 

patterns and temporal characteristics. The spatial patterns are based on compositing all El Niño 

events and all La Niña events using a +1 and -1 standard deviation threshold of the linearly 

detrended December Nino3.4 SST Index (SST anomalies averaged over the region 5N-5S, 170W-

120W) to define events, respectively, following previous studies (e.g., Deser et al., 2010). Global 

maps of linearly detrended SST, TAS, PSL and PR anomalies based on composite El Niño events, 

composite La Niña events, and their difference are shown for each season, along with Hovmöller 

diagrams of the space-time composite evolution of equatorial Pacific SST anomalies (averaged 

between 3N-3S) for the El Niño and La Niña composites. The seasons are labeled relative to 

December of the year used to define events (denoted year 0). Thus, JJA0 and SON0 correspond to 

year 0, and DJF1 and MAM1 correspond to year +1.  Metrics of the temporal characteristics, based 

on the detrended monthly Nino3.4 SST Index, include standard deviations by month, power 

spectra (in variance preserving format), Morlet wavelets (Torrence and Compo, 1998), lag-

autocorrelation curves, and time-evolving standard deviations based on running 30-year windows.  

The raw (i.e., un-detrended) Nino3.4 SST Index timeseries are also provided for context (note that 

all of the other ENSO metrics are based on linearly detrended data).   
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b) AMV 

The AMV Index is defined as monthly SST anomalies averaged over the North Atlantic 

region [0-60N, 80W-0W] minus the global mean [60N-60S] following Trenberth and Shea (2006).  

Both unfiltered and low-pass filtered (based on 10-year running means) versions of the AMV 

Index timeseries are provided, along with the power spectrum (in variance preserving format) of 

the unfiltered timeseries.  Global regression maps of monthly SST, TAS and PR anomalies onto 

the AMV Index timeseries are also provided for the unfiltered (“Regr”) and low-pass filtered 

(“Regr LP”) versions of the data.  

 

c) PDV 

The PDV Index is defined as the standardized principal component (PC) timeseries 

associated with the leading Empirical Orthogonal Function (EOF) of area-weighted monthly SST 

anomalies over the North Pacific region [20-70N, 110E-100W] minus the global mean [60N-60S] 

following Mantua et al. (1997).  The diagnostics provided for PDV are the same as those for AMV 

above. 

 

d) Alternate definitions of AMV and PDV  

The rationale for subtracting the global mean SST in the definitions of the AMV and PDV 

indices is to reduce any potential influence of external radiative forcing such as GHG. However, 

if the pattern associated with global warming projects strongly onto the patterns associated with 

AMV and PDV, then this subtraction will be inadequate for its intended purpose. For this reason, 

we have included alternative indices of AMV and PDV (termed AMV’ and PDV’) which isolate 
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the internal component of these modes by subtracting the ensemble-mean value from each 

ensemble member at each time step for a given model LE (Deser et al., in preparation). This 

subtraction is performed for the Index timeseries and all of the fields used in the regression 

analyses. 

 

e) AMOC  

The Atlantic Meridional Overturning Circulation (AMOC) Index is defined as the 

standardized PC timeseries associated with the leading EOF of area-weighted annual mean oceanic 

meridional mass transport (Sv) in the Atlantic sector from 33°S to 90°N over the depth range 0 – 

6km following Danabasoglu et al. (2012).  This Index is then low-pass filtered with a 15-point 

Lanczos filter.  Both the timeseries and power spectrum (in variance preserving format) of the low-

pass filtered AMOC Index are displayed.  The spatial patterns of oceanic meridional mass transport 

(Sv) associated with AMOC are shown as a function of latitude and depth for the climatological 

mean, interannual standard deviation, and regression patterns onto the AMOC Index. In addition, 

global regression maps (at zero lag) of annual low-pass filtered SST and TAS (in degrees Celsius) 

anomalies associated with a one standard deviation departure of the AMOC Index are displayed. 

Finally, lead/lag correlation curves from -15 years to +15 years between the low-pass filtered 

AMOC and AMV timeseries are shown.   

 

Atmospheric Modes of Variability  

The following modes of large-scale atmospheric circulation variability are included based 

on their regional importance; all are defined using monthly area-weighted PSL anomalies 

(departures from the long term means for each month): 
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• Southern Oscillation (SO): Difference between the Indian Ocean/Western Pacific 

[70-170E] and the Central/Eastern Pacific [160W-60W] averaged over the latitude 

band 30S-0 (see Trenberth and Caron, 2000).   

• Northern Annular Mode (NAM): leading EOF north of 20N (Thompson et al., 

2000) 

• North Atlantic Oscillation (NAO): leading EOF in the region [20-80N, 90W-40E] 

following Hurrell and Deser (2009) 

• Southern Annular Mode (SAM): leading EOF south of 20S (Thompson et al., 2000) 

• Pacific - North American Pattern (PNA): leading EOF in the region [20-85N, 120E-

120W] 

• North Pacific Oscillation (NPO): second EOF in the region [20-85N, 120E-120W] 

• Pacific – South American Pattern Mode 1 (PSA1): second EOF south of 20S (Mo 

and Higgins, 1998)  

• Pacific – South American Pattern Mode 2 (PSA2): third EOF south of 20S (Mo and 

Higgins, 1998)  

For the EOF-based modes, the Index timeseries are the associated PCs.  All Index timeseries are 

standardized (i.e., divided by their standard deviations).  The spatial patterns of the modes are 

displayed as hemispheric (global in the case of the SO) PSL regression maps upon the standardized 

Index timeseries.  The modes are computed separately for each season and the annual mean. Unlike 

SST, the externally-forced component of these PSL-based modes is generally small compared to 

the internally-generated component in models (e.g., Deser et al., 2012), and hence for simplicity 

we have chosen to not detrend the data before computing them.  Note, however, that the user can 
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detrend the PSL data (or, alternatively, subtract the ensemble-mean PSL values from each 

ensemble member at each time step) before applying the CVDP if this is a concern.   

 

Timeseries 

a) Global: Area-weighted global averages of SST, TAS and PR anomalies for each season and the 

annual mean.  Land-only PR is also included, as many observational data sets before the satellite-

era are land-only.   

 

b) Regional: Area-weighted monthly SST anomaly timeseries as follows (see the cited references 

for information on their climatic significance).  

• Tropical North Atlantic (5N-23N, 15-60W, Enfield et al. 1999) 

• Tropical South Atlantic (0-20S, 30W-10E, Enfield et al. 1999)  

• Atlantic Meridional Mode (Doi et al., 2009) 

• Atlantic Niño (3N-3S, 20W-0E; Zebiak, 1993) 

• North Atlantic SST (0-60N, 80W-0W) 

• Tropical Indian Ocean (15S-15N, 40-110E) 

• Indian Ocean Dipole [10S-10N, 50-70E] minus [0-10S, 90-110E] (Saji et al., 1999) 

• Niño1+2 (0-10S, 80-90W; Rasmusson and Carpenter, 1982) 

• Niño3 (5N-5S, 120-170W; Rasmusson and Carpenter, 1982)  

• Niño4 (5N-5S, 160E-150W; Rasmusson and Carpenter, 1982),  

• North Pacific Meridional Mode (Chiang and Vimont, 2004; Amaya 2020),  

• South Pacific Meridional Mode (Zhang et al., 2014; Amaya 2020),  

• Southern Ocean (50-70S, 0-360E)  
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The North Pacific PSL Index (NPI; Trenberth and Hurrell, 1994) is also included.  This Index is 

defined as the area-weighted PSL anomaly averaged over the region [30-65N, 160E-140W] and 

averaged over the months December-March.  

 

c) Sea ice extent: Monthly, seasonal and annual averages of sea ice extent in the Northern and 

Southern Hemispheres (NH and SH, respectively).  Sea ice extent is defined as the area of ocean 

with at least 15% sea ice.  Monthly anomalies and the monthly climatology of sea ice extent are 

also included. 

 

5b. Treatment of Observational Uncertainty 

It is up to the user to decide which observational data sets to use for evaluating the model 

LEs. A list of commonly used observational products is provided in the CVDP 

(http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/observations.html), along with links to 

their sources and information on strengths, limitations and applicability from the Climate Data 

Guide.  If multiple observational datasets are specified for a given variable (for example, SST) to 

assess observational uncertainty, the first one in the “Input Namelist” is the one used for model 

evaluation in the CVDP-LE. Thus, it is good practice to provide a dataset that you consider your 

“best guess” as the first one in the list. However, you can simply re-run the CVDP-LE with a 

different observational product listed first to assess sensitivities to observational uncertainty. 

Further, for each diagnostic, the “Individual Member” view contains results for all of the 

observational data sets specified by the user in a single graphic, providing a direct comparison and 

facilitating assessment of observational uncertainty. Finally, the “Metrics Graphics” and “Metrics 

Individual Tables” (described in Section 5c) includes comparisons of all the different observational 

http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/observations.html
https://climatedataguide.ucar.edu/
https://climatedataguide.ucar.edu/
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products for 11 key metrics of climate variability, providing context for model performance with 

respect to observational uncertainty.  

 

5c. “Ensemble Summary” View 

As mentioned above, the output from the CVDP-LE can be viewed from two perspectives: 

“Individual Member” and “Ensemble Summary”. The former presents the diagnostics for each 

model simulation individually (analogous to the information provided by the original CVDP) and 

does not leverage the unique information inherent to LEs. In contrast, the latter provides 

information on the ensemble-mean and ensemble-spread of each model LE, in addition to a ranking 

of observations relative to the model’s ensemble spread. These metrics are provided for each 

diagnostic (i.e., climatological averages, interannual standard deviations, linear trends, modes of 

variability, and timeseries).  The metrics for a particular diagnostic quantity in all model LEs are 

displayed graphically on a single page, facilitating model inter-comparison and performance. 

Below, we provide some examples of diagnostics from the “Ensemble Summary” view and explain 

how to interpret the information provided. Our examples are drawn from an application of the 

CVDP-LE to the “Multi-Model Large Ensemble Archive” (MMLEA; Deser et al., 2020) over the 

time period 1950-2018; the complete set of CVDP-LE diagnostics from this comparison are 

available at http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/. 

The MMLEA is a collection of data from 7 CMIP5-class model LEs assembled by the US CLIVAR 

Working Group on Large Ensembles (https://usclivar.org/working-groups/large-ensemble-

working-group). This archive and the potential insights that it affords are described in Deser et al. 

(2020). 

 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/
https://usclivar.org/working-groups/large-ensemble-working-group
https://usclivar.org/working-groups/large-ensemble-working-group
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Interpreting Spatial Patterns  

Here, we discuss how to make use of the spatial information provided for each diagnostic 

in the “Ensemble Summary” view of the CVDP-LE.  For illustration purposes, we use the example 

of the DJF NAO during 1950-2018, see: http://webext.cgd.ucar.edu/Multi-Case/CVDP-

LE_repository/MMLEA_1950-2018/nao_pattern_djf.summary.png.   For convenience, this plot is 

reproduced in Fig. 1 at the end of this document.  The left-hand column of maps shows the spatial 

pattern of the NAO for each of the 7 model LEs arranged in the order in which they were specified 

in the “Input Namelist” (alphabetical in this case). The title above each map identifies the model 

by name and the number of ensemble members used in the analysis; this information is color-

coded by model for added visibility (the same color-coding is used in the “Individual Member” 

maps, where it is particularly useful for distinguishing the different models). The subtitle at the top 

left of each map identifies the period of record analyzed. For example, the map at the top left of 

Fig. 1 shows the NAO pattern simulated in the CCCma LE using 40 members during 1950-2018.  

As discussed previously, the NAO is computed as the leading EOF of area-weighted DJF 

PSL anomalies over the North Atlantic/European domain (20 - 80°N, 90°W - 40°E) following 

Hurrell and Deser (2009). The map displays the linear regression of DJF PSL anomalies at each 

grid box north of 20°N onto the standardized principal component (PC) timeseries, providing a 

hemispheric view of the expression of the regional NAO.  The “ensemble summary” view of the 

NAO pattern is obtained by performing a separate EOF (and regression) calculation for each 

ensemble member and then averaging the resulting regression maps over all available ensemble 

members.  Note that the individual regression maps are viewable from the “Individual Member” 

link: http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/nao_pattern_djf.indmem.png. 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_pattern_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_pattern_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_pattern_djf.indmem.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_pattern_djf.indmem.png
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The percent variance explained (PVE) by the NAO over its native (EOF) domain is given 

in the subtitle at the top right of the regression map: the first, second and third values indicate the 

10th, 50th and 90th percentile values across the ensemble, respectively.  For example, in CCCma 

these values are: 42%, 48% and 53%.  [Throughout the CVDP-LE, we shall use the 10th - 90th 

percentile range as a measure of statistical likelihood for a given model LE distribution.] A 

graphical summary of the distribution of PVE values across the entire ensemble appears above the 

numerical values of PVE: each vertical bar denotes a different ensemble member, and the 10th, 

50th and 90th percentile values are identified with taller bars. The observed PVE value is marked 

by a gray vertical bar.  For example, the spread of PVE values across the CCCma LE indicates that 

even with nearly 70 years of data, there is a roughly 10% uncertainty range on the PVE by the 

NAO due to the finite record length. This fact is important to consider when comparing the model 

LE to the observational record, which by definition provides only one value (for a particular 

observational data set). This one observational value is also subject to the same type of temporal 

sampling uncertainty as the model (i.e., the observed value could have been different in a “parallel 

world” under an alternate temporal sequence of internal variability), but without a longer record, 

this uncertainty is difficult to quantify. In this example, the observed NAO based on the 

ERA20C_ERAI data set during 1950-2018 (shown in the second column of Fig. 1) has a PVE of 

47%, which lies at the upper end of the distribution of values from the CCCma LE.  

The 10th - 90th percentile range of PVE values across a LE shows some model dependence, 

with a lower range for SMHI-KNMI (34-45%) and a higher range for CCCma (42-53%). Note that 

these two models have different numbers of ensemble members: 16 for SMHI-KNMI and 40 for 

CCCma. For this reason, it is advantageous to use percentiles rather than absolute (i.e., 

minimum/maximum) values to define the range of PVE (and other metrics) across each LE for 
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more robust model inter-comparison; however, the effects of ensemble size differences should still 

be considered in any model inter-comparison, for example by subsampling the members from the 

model with the largest ensemble size to match the number of members from the model with the 

smallest ensemble size. Such exercises can also be performed with the output datasets generated 

and stored in the CVDP-LE data repository.  

The maps in the second column of each row show the NAO regression map based on the 

first observational PSL data set provided by the user. Like the model LEs, the title and subtitles 

provide the name of the data set, period of record and PVE. It is clear that all models have a 

recognizable NAO pattern, with opposite sign between high latitudes and the Atlantic and Pacific 

midlatitude centers-of-action. However, the relative amplitudes over the Atlantic and Pacific show 

considerable model dependence: for example, CCCma and NCAR (CESM1) show comparable 

amplitudes in these two regions, while MPI and CSIRO show larger magnitudes in the North 

Atlantic compared to the North Pacific. Note, however, that individual ensemble members may 

differ substantially from their ensemble averages. To quantify the degree of resemblance between 

the simulated and observed NAO regression maps, a pattern correlation (r) is computed between 

the observed NAO regression map and the ensemble average of the simulated NAO regression 

maps (e.g., maps in columns 1 and 2) over the domain shown.  This r value is displayed at the 

upper right of each model panel, just below the range of PVE values.  For example, CCCma shows 

an average r = 0.89, while MPI shows an average r = 0.97.  The r values for each individual 

ensemble member may be found in the Individual Member view of the CVDP-LE.  

The maps in the third column of Fig. 1 show the difference between the ensemble-mean of 

the model LE and observations (as indicated in the panel title). The maps in the fourth column of 

Fig. 1 show the percentile rank of the observed value relative to the spread of values across the 
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members of the model LE. For example, for CCCma (top row), the NAO regression values in the 

vicinity of the Aleutian Islands exceed observations in every single member of the model ensemble 

(i.e., the observed rank < 0%: dark blue shading). Conversely, every single ensemble member of 

the CCCma LE shows NAO regression values in the central North Atlantic that are lower than 

observations (observed rank > 100%: dark green shading). Observed ranks <10% and >90% 

highlight a likely bias in the model’s simulation of the observed NAO, taking into account 

sampling fluctuations due to the finite period of analysis. White areas on the observed percentile 

rank maps indicate regions where the observed value lies within 20-80% of the model LE values, 

indicating the model is likely to be realistic. 

As a summary metric of the observed percentile rank map, the percentage of the map area 

with a rank between 10-90% is indicated in the upper right corner (for CCCma, this value is 36%). 

This summary metric is a useful guide to the overall fidelity of the simulated NAO pattern, taking 

into account all of the ensemble members. It can be used to quickly compare the overall 

performance of each model LE’s depiction of the NAO. For example, for the set of model LEs in 

this comparison, GFDL-CM3 has the largest areal percentage of values within 10-90% (67%) and 

CCCma has the smallest (36%). 

 The information described in the example above is provided for every spatial pattern shown 

in the Ensemble Summary view of the CVDP-LE, including climatological averages, standard 

deviations, trends, and modes of variability.  Note that for the ENSO spatial composites, the pattern 

correlations are displayed at the lower right of each model panel.  In the case of the SST/TAS/PSL 

ENSO spatial composites, the pattern correlations are displayed for all 3 variables, separated by a 

forward slash.  For example, the r values of the DJF+1 El Nino – La Nina composite in the CCCma 

LE are 0.83/0.46/0.78 for SST/TAS/PSL, respectively (note that TAS is land-only).  The number 
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of El Nino (EN) and La Nina (LN) events that go into each spatial composite (and hovmuller 

composite) are displayed at the upper right of each panel (given as an average per ensemble 

member and as a total over all ensemble members).   

 

Interpreting timeseries and derived quantities 

Next, we discuss how to make use of the temporal information provided in the “Ensemble 

Summary” view of the CVDP-LE, including timeseries and derived quantities such as power 

spectra, wavelets and lag-autocorrelations. We use two examples from the 1950-2018 MMLEA  

comparison to illustrate the salient information provided in the timeseries displays: annual global-

mean surface air temperature anomalies (GMST) and the DJF NAO Index (see Figs. 2 and 3, 

respectively and the following urls: http://webext.cgd.ucar.edu/Multi-Case/CVDP-

LE_repository/MMLEA_1950-2018/tas_global_avg_ann.summary.png and 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/nao_timeseries_djf.summary.png). 

The panels in all timeseries displays are arranged in the same order as the spatial maps 

described above, i.e. alphabetically by model name. The panel titles identify the model and number 

of ensemble members used in the analysis, with the same color-coding convention as for the spatial 

maps. The dark blue curve shows the model’s ensemble mean timeseries, and the dark (light) blue 

shading around this curves depicts the 25th-75th (10th-90th) percentile spread across the ensemble 

members. The thick gray curve, repeated in each panel, shows the observed timeseries. The 

observational dataset, period of record and linear trend value are identified at the top of the page 

in gray font. The trio of values separated by forward slashes in the upper right corner of each panel 

denotes the 10th, 50th and 90th percentile values of the linear trends across the model LE.  The 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/tas_global_avg_ann.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/tas_global_avg_ann.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.summary.png
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number in the lower left of each model panel shows the percentage of time that the observed value 

lies within the 10th-90th percentile range of the model LE values. Note that the y-axis range may 

differ between the individual panels: this was done to ensure that the model timeseries are clearly 

visible. However, to facilitate visual comparison across the models, the bottom right panel shows 

the ensemble-mean timeseries from all the model LEs, color-coded for clarity, along with the 

observed timeseries in gray. 

The information shown in the timeseries display can be used to address the following 

questions: 1) how does the observed timeseries compare with the externally-forced component 

(estimated by the ensemble-mean) in any given model LE?; 2) to what extent does the ensemble 

spread of any given model LE encompass the observed timeseries?; 3) how does the observed 

trend compare with the forced trend and ensemble spread of trends in any given model LE?; and 

4) how do the forced timeseries and distribution of trends compare across different model LEs? 

The answer to 1) can be used to make a model-informed assessment of the relative contribution of 

external forcing to the observed timeseries, which contains both unforced (internal) and forced 

components. The answer to 2) can be used to assess whether the model has a realistic statistical 

distribution of the combined effects of internal variability and forced climate change in the 

timeseries. The answer to 3) can be used to make a model-informed assessment of the relative 

contributions of external forcing and internal variability to the observed trend, and to address the 

realism of the model’s statistical distribution of trends under different permutations of internal 

variability. Finally, the answer to 4) provides a quantitative comparison of models’ forced 

responses and trends for the timeseries considered.  

To be more concrete about how to interpret the information shown in the timeseries 

displays, we begin by discussing the example of GMST (Fig. 2) followed by the NAO (Fig. 3). Of 
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all the models, CCCma shows the largest ensemble-mean (i.e., externally-forced) GMST warming 

trend during 1950-2018 (1.51 C per 69 years), and CSIRO the smallest (0.72 C per 69 years). 

There is a > 90% likelihood that CCCma’s GMST trend is unrealistically large, as seen by the fact 

that the observed trend value (0.90 C per 69 years) lies well below the 10th percentile of trend 

values (1.43 C per 69 years) across the individual CCCma members. [The “Individual Member” 

view of the CVDP-LE can be used to obtain the full range of trend values across the model’s 

ensemble.] Note that conclusions regarding likely model biases in GMST trends (and trends in 

other quantities) must also take into account whether the model’s variability about the trend has a 

realistic amplitude (in analogy with the previous discussion on the rank of the observed NAO 

spatial pattern with respect to the model LE ensemble spread). All the other models, including 

CSIRO, encompass the observed trend value within their 10th-to-90th percentile ensemble spreads. 

Further, there is a > 90% likelihood that CCCma does not realistically represent the combined 

effects of external forcing and internal variability on GMST after 2006 since the observations lie 

outside of the model’s distribution. Indeed, the 10th-to-90th percentile ensemble spread in CCCma 

encompasses the observed GMST value only 45% of the time during 1950-2018, indicating a likely 

model bias, and cautioning against using this model for quantitative attribution of forced vs. 

internal components of observed GMST change during the past 69 years. Other models perform 

better in their simulated GMST timeseries. For example, MPI shows that 87% of the time, 

observations lie within its 10th-to-90th percentile ensemble spread of GMST values, followed 

closely by GFDL-ESM2M at 83% and NCAR and CSIRO at 80% each. Not surprisingly, the 

models that perform well in the temporal percentage metric also tend to perform well in their trend 

simulation. 
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Having established which models have a credible simulation of the GMST timeseries (i.e., 

encompassing the observations a high percentage of the time) and GMST trends (i.e., 

encompassing the observed value within their 10th-to-90th percentile distributions), we can then 

use them to attribute the observed GMST trends, in particular the partitioning into forced and 

internal components. Using MPI as an example, one would conclude that most of the observed 

GMST trend (0.91 C per 69 years) is forced (ensemble mean GMST trend = 0.98 C per 69 years), 

and that internal variability cooled the earth by 0.07 C during 1950-2018, assuming the forced and 

internal contributions can be summed up linearly. Quantitatively similar values are found based 

on GFDL-ESM2M and NCAR. Note that one would not want to use CCCma or GFDL-CM3 for 

this attribution calculation, since both modes fail to produce a realistic simulation of GMST 

according to the metrics cited. Indeed, the GMST timeseries from these two models are clearly 

different from those of the other models and the observations (see the comparison panel in the 

lower right panel of Fig. 2).  

The DJF NAO Index provides a contrasting example to GMST in terms of the relative 

contributions of forced vs. internal components in the model LEs (Fig. 3 and 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/nao_timeseries_djf.summary.png). Unlike GMST, the models exhibit negligible trends in 

their ensemble-mean (i.e., forced) DJF NAO timeseries (blue curves) compared to the range of 

trends across each model LE (triad of numbers in the upper right of each panel). For example, 

CCCma shows a 10th-to-90th percentile range of trends between -0.61 per 69 years and +0.41 per 

69 years, with a median value of -0.09 per 69 years (note the PC-based NAO Index is unitless). In 

other words, the forced component of the DJF NAO trend in CCCma is not significantly different 

from zero at the 10% confidence level. Indeed, none of the models in the MMLEA show a 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.summary.png
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significant forced DJF NAO trend during 1950-2018. The observed DJF NAO trend during 1950-

2018 (1.11 per 69 years based on ERA20C updated with ERAI) is substantially larger than the 90th 

percentile trend in any model LE (GFDL-CM3 has the highest 90th percentile trend at 0.72 per 69 

years, which is considerably smaller than the observed trend). This suggests that these models are 

likely deficient in their DJF NAO trend amplitudes during 1950-2018, and thus cannot be used to 

interpret the relative contributions of forced response vs. internal variability in this case. A similar 

conclusion was reached by Simpson et al. (2018) for a slightly different measure of the NAO in 

late winter, and more generally, studies have suggested that models may underestimate the low-

frequency (decadal and longer) variability of the winter NAO (Kravtsov 2017; Wang et al., 2017). 

[One could assess the low-frequency variability of the NAO (and other indices) directly in the 

CVDP-LE by first low-pass filtering the data and then applying the CVDP-LE.]   

Scanning the full range of ensemble members (http://webext.cgd.ucar.edu/Multi-

Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.indmem.png), one finds 

that there is one ensemble member of one model (SMHI-KNMI) that simulates a realistic DJF 

NAO trend (1.07 per 69 years), especially if observational uncertainty is taken into account (the 

trend based on CERA20C is 1.06 per 69 years). Thus, according to the 16-member SMHI-KNMI 

LE, the probability of simulating a trend of the observed magnitude, based on modeled 

representation of forced response and internal variability, would be small (one chance in 16, or 

6%), but not impossible. Unlike the NAO trend component, most of the models show realistic 

amplitudes of interannual variability of the NAO, as can be seen by the fact that the observed NAO 

timeseries (gray curve) resides within the 10th-to-90th percentile envelope (light blue shading) of 

each model LE a large fraction of the time (ranging from 68% in SMHI-KNMI to 84% in MPI).   

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.indmem.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nao_timeseries_djf.indmem.png
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Next, we discuss how to interpret quantities derived from the timeseries such as power 

spectra, wavelets and lag-autocorrelations provided in the “Ensemble Summary” portion of the 

CVDP-LE. Power spectra are computed for the monthly ENSO, AMV and PDV timeseries based 

on linearly detrended data. We chose not to include spectra of the atmospheric mode timeseries 

since they generally follow a “white noise” process and are therefore less useful; however, they 

are available in the CVDP.  

To illustrate the information provided in the “Ensemble Summary” power spectrum plots, 

we use the example of the Niño3.4 SST Index from the 1950-2018 MMLEA comparison, see: 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/nino34.powspec.summary.png (Fig. 4).  All spectra are shown in variance-preserving form 

(i.e., linear in both frequency and power). The spectra are computed using the Fast Fourier 

Transform method and smoothing N adjacent spectral estimates, where N = 7T/100 and T is the 

length of the timeseries in years. The panels are arranged in the same way as those in the timeseries 

display. The x-axis is labeled in units of both frequency (cycles per month; bottom axis) and period 

(years; top axis) for ease of interpretation. The y-axis is labeled in units of power (degrees C2 / 

cycles per month). Note that the y-axis of each panel may differ between models to accommodate 

their different ENSO amplitudes. However, just as for the timeseries plots, the ensemble-mean 

spectra from all model LEs are superimposed in the lower right panel for easy comparison. In each 

panel, the grey curve shows the observed power spectrum (in this case, based on ERSSTv5 1950-

2018 as indicated in the plot subtitle), the thick blue curve shows the average of the spectra from 

each of the model’s ensemble members, and the dark and light blue shading show the 10th-to-90th 

percentile and 25th-to-75th percentile ranges, respectively, across the ensemble. Note that the 

ensemble-mean of the spectra should not be interpreted in the same way as the ensemble-mean of 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nino34.powspec.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nino34.powspec.summary.png
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the GMST timeseries discussed above. In the timeseries case, the ensemble-mean denotes the 

forced response. In the power spectrum case, the ensemble mean denotes the average of the spectra 

of all the individual members, not the spectrum of the ensemble-mean Nino3.4 SST timeseries.  

Taking the 40-member CCCma LE (top left panel) as our example, we see that the observed 

Niño3.4 SST power spectrum lies within the model’s ensemble spread at (nearly) all frequencies, 

indicating that the model simulates realistic amplitude and frequency characteristics of Niño3.4  

SST variability. The maximum power in the CCCma Niño3.4 SST index occurs at periods between 

about 2.5 – 7 years (averaged across the 40 ensemble members; blue curve), similar to observations  

although with a slight overestimation in the 2.5 – 3 year band.  There is considerable spread in the 

power spectrum across the individual ensemble members, ranging from about 10 degrees C2 for 

the 10th percentile to about 35 degrees C2 for the 90th percentile in the 2.5 – 7 year band. Note 

that the blue shading only gives the range of power at each frequency band, but does not show 

whether the shape of the spectrum varies across the individual members (this information can be 

obtained from the analogous power spectrum plots in the “Individual Members” portion of the 

CVDP-LE).  The other models show varying degrees of fidelity in their Niño3.4 SST power 

spectra: many overestimate the observed amplitude (most notably, GFDL-ESM2M by a factor of 

3 on average). SMHI_KNMI in an outlier in this regard, underestimating the peak ENSO power 

by approximately a factor of 5.  

The Niño3.4 SST power spectrum may be misleading if the model does not correctly 

simulate the spatial pattern of ENSO. The user can consult the SST standard deviation maps or the 

ENSO composite maps to determine whether the model has a realistic geographical distribution of 

interannual SST variability in the tropical Pacific. A case in point is the CSIRO model, which 

simulates a maximum in DJF (the peak season for ENSO) SST variance over the far western 
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equatorial Pacific, at odds with the eastern Pacific maximum in observations 

(http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/sst_spatialstddev_djf.summary.png). This is also evident in the ENSO composite maps for 

DJF, see: http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/nino34.spatialcomp.summary.djf1.png. Thus, the apparently realistic Niño3.4 SST power 

spectrum in CSIRO belies an erroneous spatial pattern for ENSO. Conversely, SMHI_KNMI 

exhibits a realistic spatial configuration of SST variance but strongly underestimates its amplitude. 

The comparison of the ensemble-mean spectra from each model (lower right panel) highlights the 

wide range of maximum amplitudes, and to a lesser extent, frequency bands associated with 

dominant spectral peak. In this example, GFDL-ESM2M exhibits the greatest Niño3.4 SST power 

(about 85 degrees C2 / cycles per month) and SMHI_KNMI the least (about 5 degrees C2 / cycles 

per month), with CCCma showing the most realistic peak values (about degrees 23 C2 / cycles per 

month). The maximum power is shifted to slightly higher frequencies than observed in CCCma 

and GFDL-CM3, while it is shifted to lower frequencies in MPI. Given that these ensemble-mean 

spectra are based on averaging a large number of members, their statistical characteristics are likely 

to be robust. 

Interpretation of the additional quantities derived from the monthly Niño3.4 SST anomaly 

timeseries (i.e., standard deviations as a function of month, time-evolving standard deviations 

based on 30-year running windows, wavelets and lag-autocorrelation curves) follow the same 

principles as outlined above for the power spectrum.   

 

Interpreting Metrics Tables and Graphics 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/sst_spatialstddev_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/sst_spatialstddev_djf.summary.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nino34.spatialcomp.summary.djf1.png
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/nino34.spatialcomp.summary.djf1.png
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The CVDP-LE provides a synthesis of model performance based pattern correlations and 

rms errors for 11 key spatial metrics of climate variability, subjectively but judiciously chosen, as 

well as an overall benchmark of model performance for all 11 metrics combined. This information 

is provided in both tabular format and graphical display, as well as output files in ascii and netcdf 

format. The 11 spatial metrics span a range of oceanic and atmospheric modes of variability, 

including ENSO, AMV, PDV, atmospheric modes, and standard deviations. Four metrics are used 

for ENSO, reflecting its overall importance to global climate variability: El Niño minus La Niña 

global composite maps of TAS and PSL during the peak season (DJF), and composites of 

equatorial Pacific SST anomalies as a function of time and longitude for El Niño and La Niña 

separately (in view of their observed asymmetric duration). AMV and PDV are represented by 

global SST regression maps onto their respective index time series (10-year low-pass filtered 

AMV’ and unfiltered PDV’).  Atmospheric modes are represented by NH (north of 20N) PSL 

regression maps for the NAO (JFM), PNA (DJF) and SAM (DJF).  Standard deviations are based 

on global maps of annual SST and PR.  

Here we provide a brief look at the graphical metrics display of pattern correlations, see: 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/metrics.ensemble.pc.html (Fig. 5). Pattern correlations provide a convenient way to 

summarize the degree of spatial similarity between two maps, for example the observed and 

simulated NAO maps discussed earlier. To compute the pattern correlation coefficient (denoted 

‘r’), the fields are first normalized by their spatial standard deviation, the areal-mean value is then 

subtracted from each grid box, and these residual values are then weighted by the square-root of 

area; then, just as in temporal correlation, the normalized weighted residual values for each field 

are multiplied together at each grid box, the product is summed over all grid boxes, and this sum 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.ensemble.pc.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.ensemble.pc.html


 30 

is then divided by the number of grid boxes and the square-root is taken. The resulting r value 

ranges between -1 and 1, where 1 denotes a perfect match between the spatial variations in each 

field, -1 also denotes a perfect match but the fields have opposite sign, and 0 indicates there is no 

resemblance between the two fields. In the CVDP-LE, the r values for each metric are computed 

between each individual ensemble member and the first observational data set specified by the 

user. Each panel shows a different metric, with the models listed along the y-axis and the pattern 

correlations along the x-axis; note the different x-axis ranges for each metric. Each r value is 

marked with a thin vertical bar, color-coded by model. The “fuzzy” taller vertical bars show the 

10th, average and 90th percentile values for each model LE and metric, providing a quick visual 

summary of how the distributions across the different model LEs compare. The top row of bars (in 

gray) shows the pattern correlations between the first observational data set and any additional 

observational data sets specified in the “Namelist” (in this example, 3 additional observational data 

sets for each variable were specified): their spread provides an indication of observational 

uncertainty (either to the choice of data set or time period).  

The r values for a given metric show a wide range across the members of each model LE, 

attesting to the effect of finite sampling of internal variability in any given simulation. For the 

example of the NAO, CSIRO shows the widest range of r values (0.63-0.90) and SMHI-KNMI 

the narrowest range (0.90-0.96). These numerical values can also be obtained from the color-coded 

“Individual Metrics” Table: http://webext.cgd.ucar.edu/Multi-Case/CVDP-

LE_repository/MMLEA_1950-2018/metrics.table_0.html and Table 1.  Note that these ranges 

may be affected by the different sample sizes in the two models: 16 for SMHI-KNMI and 30 for 

CSIRO. For this reason, as mentioned earlier, it is helpful to compare the 10th percentile, 50th and 

90th percentile values instead of the absolute ranges. For CSIRO, these values are 0.68, 0.80 and 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_0.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_0.html


 31 

0.85, respectively; and for SMHI-KNMI they are 0.90, 0.93 and 0.96, respectively (see the 

numerical values in the color-coded “Ensemble Metrics” Table: http://webext.cgd.ucar.edu/Multi-

Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_0E.html) and Table 2. The 

observational uncertainty is small, with all r values exceeding 0.96. This highlights that a single 

ensemble member from a given model is not sufficient to assess the fidelity of the simulated NAO 

pattern, even when based on nearly 70 years of record. Relatedly, these results also show that the 

single estimate of the NAO pattern from the 1950-2018 observational record may also be subject 

to sampling fluctuations (i.e., the “true” NAO pattern, obtained from a hypothetically infinite 

timeseries, may look slightly different from the pattern estimated from the last 69 years).  For 

further reading on this point, see Deser et al. (2017a) and Deser et al. (2017b) for the NAO and 

ENSO teleconnection patterns, respectively.  

To complement the pattern correlation metrics, the CVDP-LE also provides rms errors 

(rmse) for the simulated patterns with respect to observations, in both graphical form 

(http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/metrics.ensemble.rms.html) and tabular form (Ensemble Summary Table: 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-

2018/metrics.table_14E.html; and Individual Metrics Table: http://webext.cgd.ucar.edu/Multi-

Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_14.html and Tables 3 and 4). The 

calculation of rmse is similar to that for r values, except that the values are not normalized and the 

difference between the model and observed value at each grid point is used in place of the product. 

The rmse thus provides a summary of the relative amplitudes of the observed and simulated 

patterns. Note the smaller the rmse, the “better” the model. For the NAO example, the upper end 

of the range of rmse values is greatest for CCCma and CSIRO. Thus, it is clear that a lower r value 

http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_0E.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_0E.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.ensemble.rms.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.ensemble.rms.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_14E.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_14E.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_14.html
http://webext.cgd.ucar.edu/Multi-Case/CVDP-LE_repository/MMLEA_1950-2018/metrics.table_14.html
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does not necessarily correspond to a higher rmse, since the r values are generally substantially 

higher for CCCma than CSIRO.  This highlights the importance of considering both pattern 

correlation and rms error in model performance.  

 The CVDP-LE provides an overall benchmark of model performance or “Mean Score”, 

computed by taking the average of the 11 r values (after applying a Fischer z-transform) and the 

11 rmse values (after normalizing each by the spatial rms of the observed pattern to account for 

the different units of each variable). The results, shown in the lower right panel of the metrics 

graphical display and in the right-hand column of the metrics Tables, provide a quick summary of 

model performance and model inter-comparison. For the 1950-2018 MMLEA, the Mean Score r 

value provides an effective way to discriminate among the 7 model LEs: SMHI-KNMI and CSIRO 

clearly fall at the lower range of model performance (10th-to-90th percentile ranges of 0.62 - 0.70 

and 0.70 - 0.75, respectively) while the remaining 5 models are all clustered in the range 0.77 – 

0.84).  The Mean Score rmse shows somewhat less inter-model variation, and the models that 

score well in their r value do not necessarily score well in rmse and vice versa (compare Tables 2 

and 4). We emphasize that this “Mean Score” of model performance is heavily weighted toward 

ENSO, and that there may be interdependencies amongst the 11 metrics used.  

A novel feature of the metrics Tables is the ability to sort the values in a particular column 

by selecting the appropriate link above the Table. For example, if the user wants to rank the models 

according to their simulation of the NAO pattern, they would select the “NAO” link. The NAO 

column would be outlined by a thick black rectangle to indicate that the ranking is performed for 

that quantity. The models can also be sorted alphabetically and by Mean Score; the default 

arrangement (“Namelist (default)”) is the order in which the models are listed in the input files. 

For the MMLEA example, sorting the Pattern Correlation Ensemble Metrics Table by Mean Score 
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ranks the 90th percentile of GFDL-CM3 at the top of the list (Mean Score r value of 0.84) and the 

10th percentile of SMHI_KNMI at the bottom (Mean Score r value of 0.63). Considering only the 

average values of the Mean Scores for each model, GFDL-CM3 is still ranked at the top (r value 

of 0.83) and SMHI_KNMI at the bottom (r value of 0.67). Sorting the rmse Ensemble Metrics 

Table by Mean Score ranks the 10th percentile of SMHI_KNMI at the top of the list (value of 

0.59) and the 90th percentile of GFDL-ESM2M at the bottom (value of 0.94).  

 

5d. “Individual Members” View 

The “Individual Members” view provides access to the full set of CVDP-LE diagnostics 

and metrics for all the individual members of each model LE as well as for each observational data 

set. Like the “Ensemble Summary” view, this information is displayed graphically on a single 

page, providing a comprehensive view of member-to-member variations within a given model and 

between models, as well as between the different observational data sets and/or time periods. The 

information is also provided in netcdf format for later use. The spatial patterns for the individual 

ensemble members may be viewed “as is” (“Indiv” link) or as differences from the first 

observational data set specified by the user (“Bias” link). Metrics Tables are also provided for the 

individual ensemble members and observational data sets, and can be sorted according to model 

(“Namelist (default)”), metric and Mean Score.  

 

6.  Best practices and tips for applying the CVDP-LE  

It is up to the user to decide what set of model LE simulations and observational data sets 

to input to the CVDP-LE. The user may be interested in comparing a particular set of model LEs 

and observational data sets for the same time period (as in the MMLEA example above), or they 
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may wish to specify different time periods for a particular model LE to assess changes in modes 

of variability over time, or more generally, the sensitivity of the results to the period of record 

analyzed. Alternatively, the user may wish to compare different subsets of ensemble members 

from a particular model LE or multiple LEs, or to compare different temporally-filtered versions 

of the same data sets to investigate sensitivities to time scale. The user may also decide to apply 

the CVDP-LE to multiple control simulations from different models, or to different versions or 

physical hierarchies of the same model. Another application may be to divide a long control 

simulation into segments to create an “ensemble” of shorter analysis periods.  

If the purpose is to isolate the internally-generated component of variability and trends, the 

ensemble-mean of the model LE can be subtracted from each individual member at each time step 

and grid box before applying the package. The user may also be interested in examining possible 

forced changes in internal variability (amplitude and spatial pattern), in which case present-day 

and future time periods from the same collection of model LEs can be combined in a single CVDP-

LE application. The user may also decide to omit observational data for comparison, and instead 

use a particular model (either a single simulation, LE ensemble-mean or multi-model ensemble-

mean) as the reference against which other models are compared.  

Alternatively, to test the accuracy of a particular methodology that might be applied to the 

observational record for “detection and attribution” purposes, for example optimal fingerprinting 

(Hegerl et al., 1997), dynamical adjustment (Guo et al., 2018) or pattern recognition (Sippel et al., 

2019; Wills et al., 2020), the user could use specify each of the LE member in turn as a different 

“observational” data set and compare their results to the true forced response (given by the LE 

ensemble mean). The ideas listed above are just some of the ways that the CVDP-LE might be 

utilized; users will undoubtedly come up with their own creative applications. 
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In all CVDP-LE model evaluations, the user needs to be aware of observational 

uncertainties related to instrument error, measurement techniques and inhomogeneities, spatial and 

temporal coverage, treatment of missing data, and possible application of optimal interpolation or 

data assimilation methods. In particular, possible mismatches in spatial and/or temporal coverage 

between observations and models must be considered for proper comparison and interpretation. A 

useful resource on observational data sets is the Climate Data Guide, which provides expert-user 

guidance and information on the strengths, limitations and applicability of nearly 200 data sets. 

The user should also take into account whether the analysis period is long enough to provide 

adequate statistics on the various modes of variability. For example, longer records will be needed 

to robustly assess modes of decadal variability compared to modes of interannual variability. 

Similarly, if the user specifies different time periods for different observational data sets and/or 

models, direct comparison of some metrics may no longer be meaningful, for example trends. 

Also, when future time periods from model simulations are analyzed, comparison to observations 

may in some cases be problematic to interpret.  

For added utility, we have created a set of CVDP-LE comparisons and accompanying data 

repositories accessible from the CVDP-LE webpage 

(http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/data-repository.html). These include 

the MMLEA, and CMIP6 models with at least 10 ensemble members, for three time periods: 1950-

2018, 2019-2100, and 1950-2100. We welcome user feedback on any aspect of the CVDP-LE via 

the CVDP-LE support page (http://www.cesm.ucar.edu/working_groups/CVC/cvdp-

le/support.html), including suggestions for additional metrics and diagnostics to include in the 

package as well as for other comparisons to add to the data repository. We also welcome your 

comments on this document. 

https://climatedataguide.ucar.edu/
http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/data-repository.html
http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/support.html
http://www.cesm.ucar.edu/working_groups/CVC/cvdp-le/support.html
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9.  Figures and Tables  

All figures and tables are taken from http://webext.cgd.ucar.edu/Multi-Case/CVDP-

LE/MMLEA_1950-2018/ . 
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