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Introduction
In the main text, we identified substantial mismatches between the observed and CMIP5
simulated multidecadal climate variability in the course of the 20th century. To do so, we
first utilized CMIP5 ensembles to estimate nonlinear forced trends and residual internal
components of variability in both observations and model simulations, in the space of
five climate indices which, taken together, capture essential aspects of regional and
large-scale climate change in the Northern Hemisphere. We then used M-SSA analysis
to compactly describe the spatiotemporal structure of the model–data differences. Here
we provide technical details and supplemental analyses in further support of our maintext conclusions. In particular, section S1 describes the procedures designed to correct
for variance bias in our estimates of internal variability in CMIP5 historical simulations.
This technique utilizes the perfect-model approach which employs synthetic Monte Carlo
surrogates that combine first-guess CMIP5 based forced-signal estimates with
stochastic representation of internal variability in individual CMIP5 models (section S2).
The appropriately rescaled forced signals resulting from these synthetic CMIP5
ensembles also provide estimates of the forced signal and its uncertainty to be used in
conjunction with the observed climatic time series (section S3); in particular, subtracting
these forced-signal estimates from the raw observed time series defines the internally
generated component of the observed climate variability. Section S4 illustrates
robustness of our M-SSA filtering results (Fig. 1 of the main text) with respect to the
embedding dimension of M-SSA analysis. In section S5, we verify our methodology for
isolating the forced and internal variability using the simulations from the Community
Earth System Model (CESM) Large Ensemble Project (LENS). This section also
contains an analysis of the M-SSA based dominant mode of variability in the CESM
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simulations, and points out key differences between this mode and the observed internal
variability. Section S6 compares temporal content of the variability associated with the
leading M-SSA pair of the observed and CMIP5 simulated climates (Fig. 2 of the main
text), in terms of the Fourier spectra of the corresponding reconstructed components.
Finally, section S7 contains a description of the publicly available webpage with all the
data files, MATLAB scripts and post-production materials used in this paper.
S1. Variance-bias correction for CMIP5 simulated internal variability
Subtracting 5-yr low-pass filtered single-model ensemble mean (SMEM) from
individual model simulations introduces an amplitude bias into the resulting estimates of
residual internal variability (see section 2.2 of the main text), with the estimated internal
variability having a smaller variance compared to the actual internal variability due to
aliasing some of the true internal variance into the estimated forced signal.
To compute and correct for this bias, we generated, following Kravtsov and
Callicutt [2017], 100 synthetic CMIP5 ‘ensembles’ by combining our original estimated
forced signals for each CMIP5 model with realizations of the low-order stochastic model
tuned to match the lagged variance structure of the CMIP5 simulated residual variability
in individual indices (see section S2). We then decomposed the resulting synthetic
ensembles into their own 5-yr low-pass filtered SMEMs (our estimate of the synthetic
forced signal) and their own residual variability (our estimate of the synthetic internal
variability), and compared the estimated and true internal variability in synthetic runs;
note that the true internal variability is known in this case by construction. In particular,
we computed, for each estimated and true time series of synthetic internal variability,
their discrete Fourier transforms and line spectra representing the variances associated
with sine and cosine Fourier predictors at each discrete frequency. We then defined the
frequency-dependent inflation factors for each model as the ratio of the ensemble-mean
line spectra of the true internal variability over all of the synthetic runs of this model to
the corresponding ensemble-mean line spectra of the estimated internal variability (Fig.
S1).
Finally, we returned to the 111 time series of the estimated internal variability in
the original (that is, not synthetic) CMIP5 runs (that is, the differences between the full
time series of individual model simulations and the corresponding 5-yr low-pass filtered
SMEMs), Fourier transformed these residuals for each individual model, multiplied the
resulting Fourier coefficients at each frequency by the square root of the variance
inflation factors for that model from Fig. S1, and transformed the result back to the
physical space.
S2. Stochastic model for CMIP5-simulated internal variability
To produce independent Monte Carlo realizations of internal variability that best
mimic CMIP5-simulated variability for each climate index considered, we worked —
following Kravtsov et al. [2015] — with residual time series 𝝐 obtained by subtracting,
from individual model simulations, their respective 5-yr low-pass filtered SMEMs. Next,
we concatenated the multiple time series of length N=126 years from K runs of each
individual model into a single N×𝐾-yr-long time series and fitted, to this extended time
series, a three-level stochastic model following the multi-level methodology of Kravtsov
et al. [2005, 2010]. The stochastic model had the following form:
𝜖 !!! = 𝑎! 𝜖 ! + 𝑟 ! ,

(S1a)
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𝑟 !!! = 𝑎! 𝜖 ! + 𝑏! 𝑟 ! + 𝑞 ! ,

(S1b)

𝑞 !!! = 𝑎! 𝜖 ! + 𝑏! 𝑟 ! + 𝑐! 𝑞 ! + 𝑑! 𝜉,

(S1c)

where n is the time index, r and q are residual time series for the first (S1a) and second
(S1b) model levels, and the coefficients a, b, c were found sequentially for each model
level, from top to bottom, by multiple linear regression. To produce synthetic realizations
of the internal variability 𝝐, model (S1) was randomly initialized and driven, at the third
model level (S1c), by a Gaussian white noise 𝜉 with amplitude 𝑑! inferred from that of
the actual third-level residual variability unexplained by the linear model in (S1c). The
model (S1) is a slightly extended version of the low-order auto-regressive movingaverage (ARMA) models used by Mann et al. [2016] to generate synthetic Monte Carlo
realizations of internal climate variability.
The 100 synthetic CMIP5 ensembles were finally obtained by generating K
independent samples of stochastic internal variability for each CMIP5 model using (S1),
and then adding this model’s estimated forced response (that is, the 5-yr low-pass
filtered SMEM of the actual CMIP5 simulations). Note that the synthetic ensembles so
constructed mimic the magnitudes and time scales of the internal variability
characterizing individual models, and thus reflect the spread of the internal variability
characteristics among different model members of the CMIP5 ensemble.
S3. Estimates of the forced signals for observations
The 100 synthetic ensembles generated as described in section S2 were also
used to estimate the forced component of the observed climate variability in the five
climate indices considered. To do so, we rescaled each of the 1700 CMIP5 based
forced-signal estimates (from 100 synthetic ensembles for the 17 models) to best match
the raw observed indices using linear regression [Steinman et al., 2015a,b; Frankcombe
et al., 2015; Kravtsov et al., 2015; Kravtsov and Callicutt, 2017]; this procedure is
designed to correct for biases in the climate sensitivity of individual models. We also
computed the estimates of forced signals based on the one-, two- and three-factor
scaling methods introduced by Frankcombe et al. (2015). These methods employ multimodel ensemble mean (MMEM) time series computed over historical simulations that
include all forcings (MMEMALL), greenhouse-gas forcing only (MMEMGHG), as well as
natural forcing only (MMEMNAT); see Table 1 of the main text for the list of model
simulations that went into computation of these MMEMs. The final one-, two-, and threescaling-factor estimates of the forced signal in the observed time series of a climate
index I are computed using multiple linear regression by finding the coefficients 𝛼, 𝛽 and
𝛾 that minimize the distance between I and the scaled MMEMs F defined as follows:
𝐹! = 𝛼! MMEM!"" ,

(S2a)

𝐹! = 𝛽! MMEM!"! + 𝛽! MMEM!"# ,

(S2b)

𝐹! = 𝛾! MMEM!"! + 𝛾! MMEM!"# + 𝛾! MMEM!"# .

(S2c)

In (S2c), MMEMRES is the part of the MMEMALL time series linearly independent of the
MMEMGHG and MMEMNAT predictors; it is also estimated by multiple linear regression.
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The resulting forced signals and their uncertainties are shown in Fig. S2, in terms
of the ensemble-mean and standard deviation over the 1700 rescaled forced-signal
estimates for Kravtsov and Callicutt (2017) [KC2017] method; also shown here are the
one-, two- and three-factor scaling method estimates of the forced signal, as well as raw
observed climate indices. Note that SST based indices exhibit large nonlinear forced
trends, whereas the forced signals in the two SLP indices are essentially non-existent.
All of the indices are characterized by pronounced multidecadal deviations from the
estimated forced signals. These deviations represent our semi-empirical estimates of the
internally generated component of the observed climate variability, which were analyzed
in detail in the main text.
The forced signals obtained by one-, two- and three-factor scaling methods for
AMO (cf. Frankcombe et al., 2015) all have a similar shape and generally lie within the
uncertainty bounds estimated by the Kravtsov and Callicutt (2017) method. Note that this
is not the case for the PMO and NMO indices, for which the two-factor and three-factor
methods identify the forced signal that is very different from the signal based on the onefactor method. This argues that the former methods do not necessarily achieve an
improvement over the one-factor forced-signal estimate based on MMEMALL nonlinear
response, but are instead simply weighed more heavily toward a more monotonic
MMEMGHG signal. These properties illustrate limitations of the two- and three-factor
scaling methods. Note, finally, that for all indices, the one-factor scaling method
(Steinman et al., 2015a,b) and Kravtsov and Callicutt (2017) method provide consistent
estimates of the forced signal.
S4. Results of M-SSA filtering with M=40
Figure S3 is an exact analog of Fig. 1 of the main text, except its right panels
show the standard deviations of the observed and simulated data from which we
subtracted the RCs associated with their respective leading M-SSA pairs using the MSSA embedding dimension M=40, rather than M=20 as in the main text. The results
shown in Figs. 1 and S3 are very similar in that the leading M-SSA pair accounts for a
major fraction of the difference in variance between the observed and simulated internal
variability. The only substantial difference between the M=20 and M=40 cases can be
observed in the behavior of the ALPI index (bottom right panel of either figure), for which
the leading M-SSA pair with M=40 accounts for a somewhat smaller fraction of the total
variance compared to the M=20 case.
S5. Verifying forced vs. internal signal decomposition in CESM LENS ensemble
To further support Kravtsov and Callicutt (2017) methodology, we utilized the
Community Earth System Model (CESM) Large Ensemble Project (LENS) (Kay et al.,
2015), which contains the ensemble of 40 realizations of the twentieth century climate
under historical forcing for years 1925–2005. A large ensemble size of LENS allows one
to obtain a more accurate estimate of the forced climate response — the ensemblemean signal, — whose uncertainty is much reduced compared to that in the individual
CMIP5 models, with typical ensemble sizes of 5–10; these forced signals and the
resulting estimates of the residual internal variability can then be compared with their
counterparts estimated from smaller sub-ensembles of simulations using the present
Kravtsov and Callicutt (2017) method. The LENS project also provides an output from
the corresponding long preindustrial control run simulation of the CESM1 model.
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We first compared the forced signal estimates based on the entire LENS
ensemble (Fig. S4, left) with those estimated using twenty randomly chosen subensembles of 5 simulations from the same model (Fig. S4, right); for the latter, the
forced signals were obtained as 5-yr low-pass filtered sub-ensemble means. As per this
paper’s standard procedure, both sets of forced signal estimates in Fig. S4 were
rescaled using multiple linear regression to best match the corresponding observed time
series. The forced signals estimated from the smaller sub-ensembles of LENS
simulations are smoother than the forced signals directly estimated from the entire LENS
ensemble due to the applied 5-yr low-pass filtering. The standard uncertainty of subensemble estimates of the forced signal is about three times as large as that of the 40member ensemble-mean estimates, as expected (since this standard uncertainty scales
as the square root of the number of realizations in the ensemble). Over most of the time
series, the standard-uncertainty error bars for the two methods overlap, indicating
consistency between the two sets of the forced-signal estimates.
The estimates of magnitude of the simulated internal variability based on the
large ensemble and its small sub-ensembles are consistent too (Fig. S5); both of them
also match well the magnitude of the internal variability in the CESM1 control run. Note
that the variance estimates for small sub-ensemble simulations were bias corrected here
using the procedure described in section S1. The control-run estimates were obtained by
pulling 1000 86-yr-long snippets of the control run simulation starting from random initial
conditions, to match the length of the historical simulations, and computing their variance
using raw and low-pass filtered data. Also included in Fig. S5 are the semi-empirical
estimates of the magnitude of the observed internal variability based on the CESM1
simulations (rather than on the multi-model CMIP5 ensemble). There is, once again, a
pronounced mismatch between the magnitude of the observed vs. simulated variability,
consistent with the main results of this paper.
To further illustrate key differences between the observed and simulated internal
variability, we computed M-SSA spectra and RCs for the CESM1 historical and preindustrial control simulations (Fig. S6). The M-SSA spectra for this model are consistent
with the spectra based on CMIP5 models (Fig. 2 of the main text); in particular, they are
characterized by a substantially smaller variance associated with their leading M-SSA
pair, in comparison with the leading M-SSA pair of observations. The RCs of the
simulated internal variability — shown, for one of the historical CESM1 simulations, in
the bottom row of Fig. S6 — have a bi-decadal dominant time scale, which is much
shorter than a multidecadal time scale of the observed internal variability; these RCs
also have an entirely different phase-lag structure compared to the observed RCs. The
RCs of other CESM1 historical runs, as well as the RCs based on this model’s preindustrial control run, are all similar to the RCs of Fig. S6 in terms of their magnitude and
dominant time scale (not shown). We demonstrate below in section S6 that an
insufficient magnitude and a shorter time scale are also the two main differences
between the observed and simulated internal variability over the entirety of CMIP5
ensemble.
S6. Fourier spectra of the observed and simulated RCs
Here we analyze the temporal content of the reconstructed variability associated
with the leading M-SSA pair of the observed and simulated internal variability (see Fig. 2
of the main text). To do so, we performed the Fourier spectral analysis of the observed
and simulated RCs1+2. In particular, we computed the discrete line spectra of each of
the 111 RCs associated with the CMIP5 simulations, as well as for each of the 1700
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RCs of our estimates of the observed internal variability and plotted their ensemble
mean and 95th percentile in Fig. S7; the M-SSA analysis here used the embedding
dimension M=20. The observed spectra (solid red) are characterized by a pronounced
power at low frequencies unmatched by most of the simulated spectra (95th percentile
shown as the dashed blue line). In particular, the AMO, PMO and NAO indices all have a
range of low frequencies in which their observed ensemble-mean spectrum exceeds the
95th percentile of the simulated spectra. By contrast, while the ensemble-mean spectra
of the observed NMO and ALPI indices are above the corresponding ensemble-mean
simulated spectra at low frequencies, they are below the 95th percentile of the simulated
spectra.
Note that the above results may be somewhat misleading in that both observed
and simulated indices were all normalized to unit variance prior to performing the M-SSA
analysis, so that the spectra shown in Fig. S6 do not represent the actual variance of the
indices considered in their original physical space. Figure S8 is an analog of Fig. S7 in
which the observed and simulated RCs1+2 were transformed back to physical space
prior to computing the spectra. In this case, all of the observed spectra are characterized
by a much larger power at low frequencies, which exceeds the 95th percentile of the
simulated spectra. This analysis demonstrates that the leading variability of CMIP5
models has a much shorter time scale compared to the dominant mode of the observed
variability; the latter has a pronounced multidecadal component.
Figures S9 and S10 are analogous to Figs. S7 and S8, respectively, but use the
RCs based on the M-SSA analysis with the embedding dimension M=40. They
corroborate essentially the same conclusions, with, once again, a slight quantitative
difference in the ALPI results, which indicate a somewhat reduced power in the ALPI
RCs1+2 for M=40 relative to the M=20 case (compare with the discussion in section S4).
S7. 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 K_GRL2017, 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 analyses based on the LENS ensemble are
documented in the LENS_ANALYSES folder. The main folder and each of the
subfolders have README files that summarize and describe their contents.
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Figure S1: Variance inflation factors used to correct for the frequency dependent
amplitude bias in the estimation of CMIP5 simulated internal variability based on
twentieth-century simulations, for each of the indices defined in the panel
captions. These factors were derived by generating synthetic versions of the
CMIP5 simulations with known forced and internal components (see text for
further details).
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Figure S2: Raw observed indices (thin black lines) and their CMIP5-based forced
component estimated using four methods: Kravtsov and Callicutt’s (2017)
method – multi-model ensemble mean (thick black lines) and standard
uncertainty (error bars), as well as Frankcombe et al. (2015) one-, two- and
three-factor scaling methods; see text for details. The index abbreviations are
given in panel captions.
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Figure S3: (see the remaining panels and figure caption on the next page)
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Figure S3 (cont’d): (The same as in Fig. 1 of the main text, but for M-SSA embedding
dimension M=40). Standard deviations (STDs) of the estimated observed (blue) and
CMIP5 simulated historical (red) and control-run (black) internal variability for the five
indices considered; top-to-bottom rows correspond to the results for the AMO, PMO,
NMO, NAO and ALPI indices, respectively. Also included are the estimates of the
observed internal variability based on the one-, two- and three-factor scaling methods of
Frankcombe et al. (2015); see legend. Shading indicates the range in which the observed
internal variability is statistically larger than its historical (light shading only) or control-run
counterparts (dark shading and light shading regions combined) at the 5% level; here,
KC2017 methodology was used to estimate the observed and simulated internal
variability over the historical period. The STDs were computed for raw and boxcar
running-mean low-pass filtered time series using different window sizes of 2×𝐾+1 yr,
𝐾 = 0, 1, … , 30 (shown on the horizontal axis); 𝐾 = 0 corresponds to raw annual data,
𝐾 = 1 — to 3-yr low-pass filtered data and so on. Error bars show the 70% spread of the
th
th
STDs, between 15 and 85 percentiles of the available estimates of internal variability.
The NAO plot also includes the results (black curve) based on an alternative, station
based observed NAO index (https://climatedataguide.ucar.edu /climate-data/ hurrellnorth- atlantic-oscillation-nao-index-station-based). Left column: the results based on the
full annual data; right column: the results based on the anomalies with respect to the
leading M-SSA pair of the corresponding observed or simulated realization of internal
variability (see text for details); the M-SSA embedding dimension M=40. Comments: (i)
The simulated multidecadal variability is much weaker than observed (left column). (ii)
Much of this model–data difference is rationalized by the leading M-SSA pair (right
column).

11

Figure S4: (see the remaining panels and figure caption on the next page)
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Figure S4 (cont’d): Raw observed indices (thin lines) and their estimated forced
components — ensemble mean (thick lines) and uncertainty (error bars) — with
the forced-signal estimates based on the Community Earth System Model
(CESM) Large Ensemble Project (LENS) simulations (Kay et al., 2015). Forced
signals were estimated using Kravtsov and Callicutt (2017) methodology, as (a)
the rescaled (unfiltered) ensemble mean over the 40 historical LENS simulations
(left panels), or (b) — as the rescaled 5-yr low-pass filtered ensemble means for
20 synthetic sub-ensembles of 5 simulations, each randomly drawn from the
parent 40-member LENS ensemble. The index abbreviations are given in panel
captions. Comment: The forced signals based on the entire LENS ensemble and
its 5-member sub-ensembles are consistent.
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Figure S5: (see the remaining panels and figure caption on the next page)
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Figure S5 (cont’d): (This figure is analogous to Fig. 1 of the main text and Fig. S3 (left
panels in both), but shows the results from CESM LENS simulations). Shown are
the standard deviations (STDs) of the estimated observed (blue) and CMIP5 simulated
historical (red) and control-run (black) internal variability for the five indices considered;
top-to-bottom rows correspond to the results for the AMO, PMO, NMO, NAO and ALPI
indices, respectively. Shading indicates the range in which the observed internal
variability is statistically larger than its historical (light shading and dark shading regions
combined) or control-run (light shading only) counterparts at the 5% level; here, KC2017
methodology was used to estimate the observed and simulated internal variability over
the historical period. Left column: the results based on the forced signals derived from the
entirety of the 40- member LENS ensemble (shown in Fig. S4, left panels); right column:
results obtained by utilizing forced signals based on 5-member LENS sub-ensembles
(Fig. S4, right panels). The STDs were computed for raw and boxcar running-mean lowpass filtered time series using different window sizes of 2×𝐾+1 yr, 𝐾 = 0, 1, … , 30 (shown
on the horizontal axis); 𝐾 = 0 corresponds to raw annual data, 𝐾 = 1 — to 3-yr low-pass
th
filtered data and so on. Error bars show the 70% spread of the STDs, between 15 and
th
85 percentiles of the available estimates of internal variability. Comments: (i) Estimates
of internal variability based on the entire LENS ensemble and on its 5-member subensembles are nearly identical. (ii) LENS analysis also indicates a much weaker
magnitude of the estimated observed and simulated multidecadal variability, consistent
with the paper’s main results based on the CMIP5 multi-model ensemble.
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Figure S6: (This figure is analogous to Fig. 2 of the main text, but shows the results from
one of the CESM LENS simulations). The M-SSA analysis of the internal variability in
the AMO–PMO–NMO–NAO–ALPI climate-index network from historical simulations of
the CESM model. Left column: the results of M-SSA analysis using the embedding
dimension of M=20; right column: the same for M=40. Upper row: M-SSA spectra. The
spectra based on the model historical and control simulations — ensemble-mean
variances and their ±1 STD spread — are in red and black, respectively. Bottom row:
Reconstructed components (RCs) corresponding to the leading M-SSA pair of the CESM
historical simulation #37. The NAO and ALPI RCs were multiplied by –1. For the
purposes of better visualization, the RCs corresponding to different indices (channels)
were vertically stacked by adding the constant offsets of +1, +2, +3, and +4 to the RCs
for AMO, –NAO, PMO and NMO indices, respectively. Comments: (i) The CESM M-SSA
spectra are consistent with the spectra of CMIP5 models shown in Fig. 2 of the main text.
(ii) The leading M-SSA pair in CESM simulations has a much smaller magnitude and
shorter dominant time scale compared to those in the observed variability (cf. Fig. 2 of
the main text).
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Figure S7: Fourier spectra of the leading M-SSA pair of the observed (blue) and
simulated internal variability, from historical (red) and preindustrial control runs
(black). Shown are ensemble-mean spectra (solid lines) and the 95th percentile
(dashed lines) over all available estimates of the internal variability, for each of
the five indices considered (see panel captions). The RCs were computed for the
normalized index network, with unit standard deviations for each raw index. MSSA embedding dimension M=20.
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Figure S8: The same as in Fig. S7, but for the RCs rescaled to reflect their actual
standard deviations in the original space of climate indices. M-SSA embedding
dimension M=20.
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Figure S9: The same as in Fig. S7, but for the M-SSA with embedding dimension of
M=40.
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Figure S10: The same as in Fig. S8, but for the results of M-SSA analysis with
embedding dimension of M=40.
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