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Introduction  

In the main text, we compared the performance of four different methods in isolating the 
internal climate variability (ICV) in the historical runs of CMIP5 ensemble of climate 
models (Taylor et al. 2012) and CESM LENS large-ensemble simulations (Kay et al. 
2015). Three of these methods are based on subtraction of the scaled multi-model 
ensemble means (MMEM) from individual model simulations; we refer to these methods 
as MMEM1, MMEM2, and MMEM3 methods. The fourth method utilizes smoothed 
ensemble means of individual models to estimate the forced signals and ICV in these 
models. We found that KC2017 method outperforms MMEM-based methods, which are 
associated with large phase and amplitude errors of their estimated ICV. Here we provide 
supplemental illustrations in further support of our main-text conclusions. In particular, 
section S1 describes examples of ICV estimates in the CESM LENS simulations, and 
section S2 — estimates of the ICV in two models from the “good” and “neutral” group in 
terms of the consistency between MMEM-based and KC2017-based ICV. Section S3 
describes supplemental figures with regards to the patterns of ICV simulated by CMIP5 
models. Finally, section S4 contains a description of the publicly available webpage with 
all the data files, MATLAB scripts and post-production materials used in this paper. 

                                                
1Corresponding author address: Dept. of Mathematical Sciences, Atmospheric Science 
Group, University of Wisconsin-Milwaukee, P. O. Box 413, Milwaukee, WI 53201. E-
mail: kravtsov@uwm.edu. 
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S1. Example of estimated ICV in CESM LENS simulations 

Figure S1 shows (low-pass filtered) ICV estimates in the historical runs 1–5 of 
the CESM LENS ensemble. For this model, the single-factor MMEM1 method is 
reasonably close to the true forced signal, as estimated by taking the grand ensemble-
mean across all of this model’s 40 historical simulations, but KC2017 method still 
provides a better match (Figs. 1b,d,f of the main text). As an arbitrary example of 
differences between the MMEM1 and KC2017 estimates, let's consider the AMO 
variability. The shape and magnitude of the ICV time series obtained by MMEM1 or 
KC2017 methods is generally consistent with the shape and magnitude of the true ICV. 
Closer inspection, however, reveals two types of differences. For example, the realization 
visualized by the purple line is characterized by an interdecadal oscillation with local 
maxima in the beginning and end of the century, and a minimum in the middle. On top of 
this dominant signal, the MMEM1-based estimate has a substantial downward long-term 
trend, which is different from a slightly positive trend apparent in the true ICV, as well as 
in its KC2017-based estimate. Another type of the difference can be seen in the time 
series visualized by the green line. The true and KC2017-based ICV both exhibit a 
maximum near year 1960 and a minimum near year 2000, whereas the MMEM1 
estimate’s maxima and minima occur in years 1945 and 1975, respectively. These phase 
differences arise due to MMEM1-based forced signal being still slightly off the true 
forced signal of the CESM model. The performance of the MMEM2 and MMEM3 
methods for this model is much worse, especially for PMO and NMO indices, with the 
corresponding ICV estimates being substantially contaminated by the differences 
between the estimated and true forced signals, and thus characterized by spurious 
correlation among individual ensemble members.  

Note that additional figures analogous to Fig. S1, but for all of the other CESM 
LENS simulations are available from supplemental manuscript website (see section S3). 

 

S2. Examples of estimated ICV in CMIP5 models 

We now consider estimated ICV time series for the models from the ‘good’ and 
‘neutral’ groups defined in terms of the consistency between MMEM-based and 
KC2017-based forced signal estimates (see Table 1 of the main text); an example of the 
model from the ‘poor’ group (GFDL CM3) was already presented in the main text. 
According to Table 1 of the main text, the GISS-E2-Rp1 model is characterized by the 
best match between its MMEM-based and KC2017-based forced signals; this is indeed 
confirmed by comparing the MMEM1-based and KC2017-based time series in Fig. S2, 
although some subtle phase and amplitude differences between the two ICV estimates do 
exist. MMEM2 and MMEM3 methods perform worse than MMEM1 method, but 
generally also provide consistent estimates of the ICV variability in this model.  

CCSM4 model consistently belongs to the ‘neutral’ group, as determined by all 
MMEM-based methods and for all climate indices considered (so its raw consistency 
index in Table 1 is exactly 0). There is some similarity between the ICV time series of 
this model estimated by the MMEM-based and KC2017 methods, with MMEM2 method 

10.1175/JCLI-D-17-0438.s1 Kravtsov 



 3 

doing slightly better than MMEM1 and MMEM3 methods, but the phase and amplitude 
differences between MMEM-based methods and KC2017 are striking, and the spurious 
correlation between MMEM-based ICV estimates of individual CCSM4 runs is 
immediately apparent. Hence, the ‘neutral’ models are in fact also characterized by 
drastic mismatches between their forced (and internal) variability estimated using 
MMEM-based and KC2017 methods.  

Finally, we note that additional figures analogous to Figs. S2 and S3, but for all of 
the other CMIP5 models considered here are also available from the supplemental 
manuscript website (see section S4). 

 

S3. Spatial patterns of CMIP5 simulated ICV 

 Section 5 of the main text discusses differences in the patterns of the ICV 
variability isolated using MMEM1 and KC2017 methods and finds substantial 
mismatches between these two patterns in individual model simulations. Figures S4 and 
S5 here are analogous to Fig. 4 of the main text (which visualizes the results for AMO 
index), but show the patterns associated with the 40-yr low-pass filtered PMO and NMO 
variability. These figures corroborate the conclusions of the main text. Figure S6 
illustrates the convergence of the ICV patterns for raw (unfiltered) data, using the 
example of AMO variability. The patterns for the raw data are insensitive to the method 
of forced signal subtraction, since these raw correlations are dominated by those between 
the high-frequency components of the simulated ICV and are thus blind to the low-
frequency variability in general, this including the estimated (low-frequency) forced 
signals. Analogs of Figs. 4, 5, S4–S6 for all of CMIP5 models and indices considered 
here are also available from the supplemental manuscript website (see section S4). 

 

S4. Data sources and scripts 

The data used in this paper, MATLAB scripts used to produce all of the figures, 
all images and other post-production materials, including the manuscript files, are 
publicly available from the following link. This link points to the publicly available data 
folder K2017_COMMENT, which contains individual sub-folders with self-explanatory 
names: DOC_AND_PDF (post-production materials, including the manuscript and final 
figures), M_FILES (MATLAB scripts), MAT_FILES (MATLAB data files), and 
TIFF_FILES (images produced by MATLAB scripts). The main folder and each of the 
subfolders have README files that summarize and describe their contents. 
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Figure S1: Examples of the 40-yr low-pass filtered internal climate variability (ICV) in 
the CESM LENS simulations 1–5, as estimated using the MMEM and KC2017 
methods, for AMO (left), PMO (middle) and NMO (right) indices. The bottom 
row shows the estimates of the ICV based on the subtraction of grand ensemble 
mean from individual LENS simulations (these estimates are close to the true 
ICV). See panel captions for details. 
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Figure S2: Examples of the 40-yr low-pass filtered ICV estimates in the historical 
simulations of the GISS-E2-Rp1 model, which is characterized by the best match 
between ICV inferred using MMEM and KC2017 methods according to the Table 
1 of the main text. Shown are the results for AMO (left), PMO (middle) and 
NMO (right) indices, and the four estimation methods (MMEM1–3, KC2017), as 
well as for five random PI control-run snippets. See panel captions for details. 
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Figure S3: The same as in Fig. S2, but for the simulations of CCSM4 model, which falls 
in the middle category in terms of consistency between the MMEM-based and 
KC2017-based ICV estimates according to Table 1 of the main text. 
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Figure S4: Patterns (correlation maps) of ICV associated with the 40-yr low-pass filtered 
PMO index in GFDL CM3 historical simulations. All patterns shown are 
ensemble averages of the correlation maps obtained in the five individual 
twentieth century runs of this model. (a, b) The patterns derived using MMEM1 
method; (c, d) the patterns derived using KC2017 method. Left panels (“raw 
data”): correlation maps computed using raw simulated SSTs; right panels 
(“detrended data”): correlation maps computed using SST anomalies formed by 
subtracting, at each grid point, the rescaled MMEM of SST at this grid point for 
MMEM1 method (b), and 5-yr low-pass filtered SMEM computed over the five 
available GFDL CM3 historical simulations for SMEM method (d). 
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Figure S5: The same as in Fig. S4, but for the NMO variability. 
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Figure S6: The same as in Fig. 4 of the main text (as well as Figs. S4 and S5), but for the 
unfiltered AMO index. 
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