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Abstract Attribution and prediction of global and regional warming requires a better understanding of
the magnitude and spatial characteristics of internal global mean surface air temperature (GMST)
variability. We examine interdecadal GMST variability in Coupled Modeling Intercomparison Projects,
Phases 3, 5, and 6 (CMIP3, CMIP5, and CMIP6) preindustrial control (piControl), last millennium, and
historical simulations and in observational data. We find that several CMIP6 simulations show more GMST
interdecadal variability than the previous generations of model simulations. Nonetheless, we find that
100‐year trends in CMIP6 piControl simulations never exceed the maximum observed warming trend.
Furthermore, interdecadal GMST variability in the unforced piControl simulations is associated with
regional variability in the high latitudes and the east Pacific, whereas interdecadal GMST variability in
instrumental data and in historical simulations with external forcing is more globally coherent and is
associated with variability in tropical deep convective regions.

Plain Language Summary Ongoing and future global and regional warming will progress as a
combination of internal climate variability and forced climate change. Understanding the magnitude and
spatial patterns associated with internal climate variability is an important aspect of being able to predict
when, where, and how climate change will be felt around the globe. Here, we show that the latest climate
model simulations, which will be used in the Intergovernmental Panel on Climate Change (IPCC)
Assessment Report 6 (AR6), simulate a large range in magnitudes of internal global mean temperature
variability. Although there are large unforced global temperature trends in some models, we find that even
the most variable models never generate unforced global temperature trends equal to the recently
observed global warming trends forced by greenhouse gas emissions. We examine the regions associated
with internal climate variability and forced climate change in climate model simulations and find that only
forced simulations show a pattern of warming consistent with instrumental data.

1. Introduction

Future global and regional temperature variability will manifest itself as a combination of unforced internal
variability and externally forced changes (e.g., warming from greenhouse gases, short‐lived cooling follow-
ing volcanic eruptions). Understanding themagnitude and physical mechanisms that drive internal variabil-
ity is critical for advancing knowledge about how future patterns of global warming will develop. If internal
climate variability is weak relative to global warming, then future climate change on regional and global
scales may manifest itself as a relatively smooth warming trend. By contrast, if internal decadal variability
is large relative to externally forced variability, then warming hiatus decades could follow rapid warming
(e.g., Dai et al., 2015; Shuman, 2012; Trenberth & Fasullo, 2013).

Correctly simulating the magnitude of internal, natural variability in preindustrial control (piControl) simu-
lations is important for climate change detection and attribution efforts (e.g., Bindoff et al., 2013; Santer
et al., 1995; Stott et al., 2010), for projections of climate change impacts, and for decadal prediction efforts
(Hu & Deser, 2013; Meehl et al., 2009; Screen et al., 2014). Additionally, understanding the relative contribu-
tions of internal and externally forced climate changes to local climate variations (e.g., Goosse et al., 2005) is
critical for studying how and when climate change “signals” emerge from the “noise” of internal variability
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(e.g., Deser et al., 2012; Deser et al., 2014; Hawkins & Sutton, 2012; PAGES2k Consortium, 2019).
Interdecadal variability in particular is important for understanding the degree to which the observed warm-
ing trend is attributable to increased greenhouse gas concentrations (e.g., Stouffer et al., 1994) and how to
interpret estimates of future climate sensitivity drawn from observations of the Earth's energy budget
(Dessler et al., 2018; Marvel et al., 2018; Otto et al., 2013). Interdecadal global mean surface temperature
(GMST) variability is also correlated with long‐term climate sensitivity in both forced (Cox et al., 2018)
and unforced (Nijsse et al., 2019) model simulations.

Climate model simulations and instrumental‐based data tend to agree that most GMST variability on subde-
cadal timescales is associated with the El Niño Southern Oscillation (e.g., Brown et al., 2015). Yet, there is
less agreement among climate models and observations in terms of the magnitude and spatial patterns asso-
ciated with interdecadal GMST variability (Brown et al., 2015, 2017; Parsons & Hakim, 2019), with both
instrumental (Laepple & Huybers, 2014a) and paleoclimate (Dee et al., 2017; Laepple & Huybers, 2014b;
Parsons et al., 2017) evidence suggesting that climate models may underestimate local, low‐frequency cli-
mate variability. Here we characterize the magnitude and spatial patterns of interdecadal GMST variability
in the new generation of Coupled Model Intercomparison Project, Phase 6 (CMIP6) models and compare
these results to instrumental‐based data and simulations from Coupled Model Intercomparison Project,
Phase 3 and Phase 5 (CMIP3 and CMIP5) models.

2. Data and Methods
2.1. Surface Temperature Data

We examine local and global mean annual mean surface air temperature variability in CMIP3 (Meehl
et al., 2007), CMIP5 (Taylor et al., 2012), and CMIP6 (Eyring et al., 2016) simulations. We use the atmo-
spheric skin surface temperature (TS) variable from the last 330 years from 15 CMIP3 piControl simulations
and the last 400 years from 30 CMIP5 and 39 CMIP6 piControl simulations (Table S1). Although 39 CMIP6
models had at least 400 years of piControl simulation data at the time of analysis, more piControl simula-
tions are expected to be released. We have replicated our analysis on the 2‐m surface air temperature
(TAS) variable, and the magnitudes of TS and TAS variability are nearly identical at interdecadal timescales
(see also, Manabe & Stouffer, 1996). We compare piControl GMST variability to variability from 10 CMIP5
past1000 (last millennium) simulations, which are driven by preindustrial forcing of the last millennium
reconstructed from the paleoclimate record (Schmidt et al., 2011). We also compare piControl simulations
to GMST variability reconstructed from paleoclimate proxy records (PAGES2k, 2019). The proxy‐based
GMSTs are generated using eight reconstruction methods (methods and references in PAGES2k, 2019).
For each iteration (N = 1,000) of eight reconstruction methods, we calculate the standard deviation of
GMST, then show the full range of these 8,000 estimates of interdecadal variability. We limit our analysis
of the last millennium to the time period 1450–1849 Common Era (CE) to include a similar time series
length used in the piControl calculations and to maximize proxy record availability, which tends to decrease
earlier in time (e.g., Anderson et al., 2019).

We also examine interdecadal GMST variability in five instrumental‐based data sources: National
Aeronautics Space Administration (NASA) Goddard Institute of Space Studies (GISS) surface temperature
analysis (GISTEMP; Hansen et al., 2010), the Berkeley Earth surface temperatures (BE; Rohde et al., 2013),
the 20th century reanalysis v3 surface temperatures (20CRv3, Slivinski et al., 2019), the Hadley Centre
Climate Research Unit global temperature data set v4 (HadCRUT4; Morice et al., 2012), and the National
Oceanic and Atmospheric Administration (NOAA) Global Temperatures v5 (NOAAGlobalTempv5; Smith
et al., 2008). We compare variability from instrumental‐based data and the piControl simulations to variabil-
ity from the CMIP6 historical (1880–2015 CE), the CMIP5 historical (1880–2005 CE), and CMIP3 historical
(1900–1999 CE) simulations. The historical simulations are forced by observed concentrations of atmo-
spheric greenhouse gases and aerosols, among other time‐varying external forcings (Eyring et al., 2016;
Taylor et al., 2012). Althoughmany CMIP historical experiments started in 1850, here we use the time period
after 1880 to maximize overlap with the instrumental data sets.

2.2. Calculating Global Mean Temperature Variability

In all piControl and past1000 simulations, we remove the linear TS trend from each grid point before calcu-
lating GMST to remove the long‐term “drift” or spin‐up trends from model output (e.g., Gupta et al., 2013).
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Table S1 lists GMST trends for each CMIP6 piControl simulation before local trend removal. We also remove
the linear trend (1450–1850 CE) from each paleoclimate‐based GMST time series. Although linear trend
removal is used to remove spin‐up model “drift” in the past1000 simulations, this procedure could also
remove millennial trends from external forcing (e.g., Kaufman et al., 2009; Stevenson et al., 2019). To quan-
tify the magnitude of interdecadal variability in GMST time series, we use a third‐order, 25‐year low‐pass,
Butterworth filter (Butterworth, 1930) to smooth all GMST, then calculate the standard deviation of the
low‐pass filtered GMST time series. Throughout the text, when we refer to “interdecadal” variability, we
are referring to variability beyond 25‐year timescales (>25 years, including interdecadal to centennial time-
scales), but results are not particularly sensitive to the choice of low‐pass filter cutoff (e.g., 10‐, 20‐, or
25‐year filter).

2.3. Calculating Coherence of Global Mean and Local Temperature Variability

We investigate the geographic regions associated with GMST variability (e.g., Brown et al., 2016; Manabe &
Stouffer, 1996; Mann & Park, 1993; Stouffer et al., 2000) using a multitaper spectral coherence approach
(Mann & Park, 1993; Parsons & Hakim, 2019; Thomson, 1982) in CMIP3, CMIP5, and CMIP6 piControl
simulations and CMIP6 historical simulations (1915–2014 CE; Table S1), and gridded instrumental‐based
surface temperature data (GISTEMP, BE, 20CRv3 1915–2014 CE). In the instrumental‐based data and the
CMIP6 historical simulations, we do not remove the linear trends from local TS prior to conducting coher-
ence calculations in order to examine the differences in the patterns of coherence between forced and
unforced variability.

We use the coherence and phase of local TS time series and GMST in time‐frequency space to test where
local variability shows a significant lead‐lag relationship with global variability. At a given frequency f,
coherency estimates C(f) range between 0 and 1 with increasing values when the local and global time series
covary at a given frequency. We also use the phase between the local and global mean variability to test the
lead‐lag relationship between these time series. Regions in coherency maps are stippled where two criteria
are met: (i) local versus global coherency exceeds a noise threshold at the 95% confidence level and (ii) the
phase relationship between local and GMST shows that local variability either leads GMST variability (i.e.,
phase between −90° and 0°) or local variability lags GMST by up to a year. Coherency calculated on rando-
mized time series shows that interdecadal coherence must exceed 0.46 to surpass the 95% noise threshold in
time series 400 years in length, and interdecadal coherencemust exceed 0.52 to surpass the 95% noise thresh-
old in time series 100 years in length. Although coherence is calculated at multiple frequency ranges, here
we use the average coherency and phase at interdecadal (f < 0.04 year−1, e.g., >25 years) timescales.
Coherence results are not particularly sensitive to our choice of frequency cutoff (e.g., 10, 20, or 25 years),
but we find that results are most stable beyond 20‐year timescales. CMIP and instrumental data are
regridded to a ~2° × 2° grid before coherence is calculated.

2.4. Trends in Global Mean Surface Temperatures in Model and Instrumental Data

Given the wide range of internal GMST variability in the CMIP6 simulations (Figure 1), we test if the mag-
nitude of internal piControl GMST variability exceeds the recent forced GMST trends. We compare
GMST trends in the 400 years from the CMIP6 piControl simulations to trends from the GISTEMP (1880–
2018 CE), BE (1880–2018 CE), 20CRv3 (1880–2015 CE), HadCRUT4 (1880–2018 CE), and
NOAAGlobalTempv5 (1880–2018 CE). Although several of these data sets include pre‐1880 data, we focus
our analysis on the time period post‐1880 to use similar time periods for all data sets. We use a 100‐year slid-
ing window to calculate GMST trends in the CMIP6 and instrumental‐based data and show the distributions
of these trends. We have tested the sensitivity of our results to the width of this trend window and find that
the maximum observed trends tend to exceed maximum CMIP6 piControl trends at window widths greater
than 30 years (Figure S1).

3. Results
3.1. Magnitude of Interdecadal Variability and Trends

The standard deviation of interdecadal GMST variability in some CMIP6 models (e.g., EC‐Earth3,
BCC‐CSM2‐MR, CNRM‐CM6‐1) is 0.14 to 0.23 °C, or about three to six times larger than the GMST interde-
cadal variability in the “least variable” models (e.g., CESM‐FV2, SAM0‐UNICON, CAMS‐CSM1), which
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show interdecadal variability of ~0.04 °C to 0.05 °C (Figure 1). Although several models simulate unforced
GMST interdecadal variability greater than 0.10 °C, most models show less variability, with a median
value of 0.07 °C. We contextualize this range of CMIP6 variability using CMIP3 and CMIP5 piControl
simulations, transiently forced CMIP5 and CMIP6 simulations, the instrumental record, and
paleoclimate‐based reconstructions of GMST (Figure 2a). The distributions of CMIP5 and CMIP6 GMST
variability are similar, but several CMIP6 piControl simulations show more GMST variability than
previous generations of model simulations. Furthermore, the most variable CMIP6 models show more

Figure 1. Time series of global mean surface air temperature (GMST) anomalies in 39 Coupled Model Intercomparison Project, Phase 6 (CMIP6) preindustrial
control (piControl) simulations and the observation‐based NASA GISTEMP data set. Blue lines show unfiltered, annual mean GMST, and red lines show
25‐year low‐pass filtered GMST (section 2.2). Anomalies are with respect to the long‐term mean GMST in CMIP6 simulations and the 1951–1980 CE mean in the
GISTEMP data. Red numbers in lower left of each panel show standard deviations of interdecadal GMST.
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GMST variability than paleoclimate‐based GMST reconstructions and CMIP5 last millennium simulations
(1450–1849 CE; Figure 2a).

When CMIP6 models are forced with observed greenhouse gases and aerosols of the industrial era
(post‐1880 CE), they are able to simulate interdecadal variability that is similar to the instrumentally
observed magnitude of forced GMST variability (Figures 2a and 2b). Furthermore, there is little to no rela-
tionship among the magnitude of piControl interdecadal GMST variability and the magnitude of interdeca-
dal variability in the historical simulations (Figure 2b), indicating that forcing in historical simulations has a
larger influence on GMST variability than the internal variability of the model.

The CMIP6 models showing the most interdecadal GMST variability appear to simulate internal GMST
trends that could approach the recent forced warming observed in the industrial era (Figure 1). We compare
centennial GMST trends from CMIP6 piControl to GMST trends from the instrumental‐based data
post‐1880 CE (e.g., Manabe & Stouffer, 1996). In the CMIP6 models that simulate the most interdecadal
variability (left violin plots in Figure 2c), isolated GMST trends approach the recently observed warming
trends. However, most models tend to show no piControl trends that even approach recent warming
(Figure 2c). Out of 11,700 overlapping centuries from the CMIP6 piControl simulations analyzed here,
3.3% of simulated 100‐year trends in these simulations exceed the minimum observed 100‐year trend
(0.35 °C/100 years, 1880–1979 CE in GISTEMP), 0.5% of simulated trends exceed the observed median

Figure 2. Violin plots showing the distribution of standard deviations of interdecadal global mean surface air temperatures (GMST) (a), scatter plot showing
relationship between piControl and historical simulation GMST variability (b), and violin plots showing 100‐year running GMST trends (c). In (b), blue dots
show CMIP5, green dots show CMIP6, and horizontal, grey lines show instrumental‐based estimates of GMST interdecadal variability. Dots in violin plots mark
values used to make violin plots, which show the probability density of the data at different values and are smoothed by a kernel density estimator. Note in (a) that
the spread in climate model results represents uncertainty in model physics related to internal variability, whereas the spread in instrumental‐based results shows
sampling uncertainty, observational uncertainty, and uncertainty in the interpolation methodology.
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GMST trend (0.69 °C/100 years, ~1899–1998 CE), and no simulated piControl 100‐year trends equal or
exceed the maximum observed global warming trend of the last 100 years (1.0 °C/100 years, 1919–
2018 CE in GISTEMP). These results are not particularly sensitive to trend window width; the maximum
observed warming trends consistently exceed almost all CMIP6 piControl trends at window widths
greater than 30 years (Figure S1).

3.2. Geographic Regions Associated With Interdecadal Variability

Simulating a realistic magnitude of GMST variability across a range of timescales is an important target for
climate models (e.g., Zhu et al., 2019). However, it is also important to simulate the appropriate mechanisms
and geographic regions associated with this GMST variability. We examine the geographic distribution of
interdecadal GMST variability using a spectral coherence method (section 2.3). In the CMIP6 piControl
simulations showing the most interdecadal GMST variance (top row, Figure 3), GMST is most coherent with
high‐latitude temperature variability. By contrast, in models that simulate less interdecadal variability,
GMST is most coherent with the eastern and central tropical Pacific as well as regions associated with the
Pacific Decadal Oscillation (PDO) or Interdecadal Pacific Oscillation (IPO) (e.g., Deser et al., 2010). These
“lower variability” models also tend to show weaker local coherence with GMST at interdecadal timescales
(middle, bottom rows, Figure 3).

Although no CMIP6 piControl simulations show internal GMST trends that exceed observed GMST trends
1919–2018, some CMIP6 piControl simulations show GMST trends that approach or equal the observed
trends in the 19th and 20th centuries (Figure 2). Here, we investigate if unforced, internal variability is as
globally coherent as recent global warming. The maps in Figure 4 show the mean coherence of GMST inter-
decadal variability from the CMIP3/5/6 piControl simulations (Figures S2–S4 show results for individual

Figure 3. Spectral coherence C(f) of local temperature and global mean surface air temperature (GMST) at interdecadal (f < 0.04 year−1) timescales in the last
400 years of nine Coupled Model Intercomparison Project, Phase 6 (CMIP6) preindustrial control (piControl) simulations. Stippling denotes local geographic
regions where the global versus local relationship exceeds the noise threshold and local variability leads global variability at interdecadal timescales (section 2.3).
Note that these panels show a subselection of CMIP6 models, including the three most, three median, and three least variable models as measured by standard
deviation of GMST. Figure S2 shows coherence from all 39 CMIP6 piControl simulations.
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models across model generations), 37 CMIP6 historical simulations (1915–2014 CE; Figure S5 shows results
from individual CMIP6 historical simulations), and the instrumental‐based data (1915–2014 CE).

We find that themagnitude of GMST interdecadal coherence with local variability in the control simulations
is, on average, about half the magnitude of GMST coherence in the forced CMIP6 historical runs and in the
instrumental‐based data. CMIP6 piControl and historical simulations both show elevated coherence of

Figure 4. Spectral coherence as in Figure 2 (left) and zonal mean coherence (right) from Coupled Model
Intercomparison Project, Phases 3, 5, and 6 (CMIP3, CMIP5, CMIP6) preindustrial control (piControl) simulations
(top three rows), CMIP6 historical simulations (second from bottom), and instrumental‐based data (GISTEMP, BE,
20CRv3, bottom). Vertical dashed line in zonal mean panels (right) show spectral coherence 95% noise threshold.
Instrumental zonal mean plots do not show data poleward of 65° due to a lack of data. Dashed and solid gray contours
outline regions of upward and, respectively, downward vertical motion (ω) at 500mb in the last 30 years of the CMIP6
historical simulations (second row from bottom) and the 20th century reanalysis (bottom row).
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GMST and local temperatures north of ~60°N, with a maximum in the high‐latitude Arctic. However, the
zonal mean coherence plots (Figure 4, right) show that for piControl variability, most of the low latitudes
and Southern Hemisphere do not cross the 95% noise threshold for the coherence calculations in the multi-
model mean. By contrast, the CMIP6 historical simulations and instrumental‐based data show interdecadal
GMST coherence that consistently exceeds the noise threshold across most of the tropics and into the mid-
latitudes, with coherence maxima near the equator and poles in the multimodel mean. Therefore, although
certain CMIP6 piControl simulations may show what appears to be “global” temperature trends that
approach the instrumentally observed trends of the early 20th century, this internal variability is not as glob-
ally coherent as the externally forced global warming trends simulated by these CMIP6 models or observed
in the instrumental‐based data.

The spatial patterns of coherence with GMST also show striking differences between unforced and forced
simulations. In the ensemble mean of control simulations, GMST is most coherent with variability over
the Arctic, North Atlantic, extratropical Pacific (PDO region), and regions associated with atmospheric tele-
connections from the tropical Pacific. Historical simulations also show significant coherence between Arctic
temperatures and global temperatures. However, forced simulations show the highest coherence between
GMST and low‐latitude regions of ascent and deep convection in the atmosphere, such as the Indo‐Pacific
Warm Pool and the Inter‐Tropical and South Pacific Convergence Zones (ITCZ, SPCZ). Forced CMIP5 last
millennium simulations also show geographically similar increases in coherence in the tropics relative to the
control runs (Figure S7). The coherence from the instrumental record is more consistent with this forced
(historical, last millennium) coherence pattern in models, with strong coherence in the Indo‐Pacific
Warm Pool and tropical Atlantic, and a notable lack of coherence with the extratropical North Pacific and
North Atlantic and with the central and eastern Pacific ITCZ region (Figure 4).

The CMIP6 coherence patterns in both unforced (Figure 3) and forced (Figure 4) simulations are consistent
across CMIP generations; forced simulations show the strongest interdecadal coherence in the tropics, and
unforced simulations show coherence in the IPO region or at high latitudes. Indeed, piControl simulations
from individual models show qualitatively similar spatial coherence patterns across model generations (e.g.,
GFDL CM2.0, CM3, ESM 4; BCC‐CSM1‐1, BCC‐CSM2‐MR; CNRM‐CM5, CNRM‐CM6‐1; CanESM2,
CanESM5), although a few models show distinct coherence patterns (e.g., GISS‐E2‐H, GISS‐E2‐1‐H). Most
CMIP6 piControl simulations (>60%, or >23/39) agree that the Arctic and North Atlantic show a significant
relationship with GMST variability at interdecadal timescales (stippling in last panel in Figure S2). However,
agreement across models should be interpreted with caution because these CMIP6 piControl simulations
include several similar models from the same modeling groups, and models from different groups are not
necessarily independent from one another (e.g., Knutti et al., 2013).

To understand the spatial pattern of temperature coherence with interdecadal GMST variability in the
CMIP5/6 historical and piControl simulations, we compare the standard deviations of local interdecadal
TS variability in these simulations (Figure S8). CMIP5 and CMIP6 piControl simulations show the most
internal interdecadal TS variability over high latitudes and the least internal interdecadal variability over
the tropics. Although forcing in historical simulations causes the largest increases in interdecadal TS varia-
bility over high latitudes, the largest relative (percent) increase in forced interdecadal variability occurs over
regions of deep convection, where background TS variability in the piControl simulations is near zero
(Figure S8). Therefore, almost all of the interdecadal variability in these regions of deep convection is forced
in historical and last millennium simulations.

4. Discussion and Conclusions

Here we examine the magnitudes of interdecadal GMST variability and the geographic regions associated
with this variability in CMIP3, CMIP5, and CMIP6 simulations. Many of the most variable CMIP6 models
(e.g., BCC‐CSM2‐MR, CNRM‐ESM 2‐1, GFDL‐ESM 4) are updated versions of some of the most variable
CMIP5 models, and several of the least variable CMIP6 models (e.g., FGOALS‐g3, MIROC‐ES2L) similarly
are updated versions of some of the least variable CMIP5 models. Figures S2–S4 show the magnitudes of
interdecadal variability in CMIP piControl simulations, as well as the geographic regions associated with
this variability across model generations. Although most CMIP6 models show interdecadal variability simi-
lar to previous generations of models, several CMIP6 models (e.g., EC‐Earth3, BCC‐CSM2‐MR, CNRM‐ESM
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2‐1, EC‐Earth3‐Veg, CNRM‐CM6‐1) simulate more internal interdecadal GMST variability than any of the
CMIP5 piControl simulations, the transiently forced CMIP5 last millennium simulations, or paleoclimate
reconstructions of GMST of the last millennium (linear trends removed 1450–1850 CE), suggesting that sev-
eral CMIP6 models may simulate unrealistically high internal interdecadal variability (Figure 2). It is also
important to note that the magnitude of GMST interdecadal variability can vary substantially (~5–24%) from
century to century in CMIP6 piControl simulations (Figure S6). Nonetheless, when CMIP6 models are
forced with observed transient forcing from the industrial era (“historical” simulations), they generate inter-
decadal variability similar to the instrumental‐based data (Figures 2a and 2b).

Although the magnitude of internal interdecadal GMST variability in the CMIP6 piControl simulations may
approach observed warming trends in the late 19th and early 20th centuries (Figures 1 and 2c), the spatial
patterns associated with this variability are quite different in the forced and unforced climate system. We
examine the geographic regions associated with interdecadal GMST variability in the piControl simulations,
historical simulations, and instrumental‐based data. Most CMIP piControl simulations show the strongest
local coherence with GMST interdecadal variability over high‐latitude regions (Figures 3 and 4; Figures
S2–S4). By contrast, forced interdecadal variability (e.g., warming from greenhouse gases post‐1900 CE)
tends to show high coherence across the tropics (Figure S5). Indeed, when we compare coherence in the
CMIP5/6 historical simulations to coherence in the piControl simulations from these models, we find large
increases in coherence over most of the globe, with the exception of the Southern Ocean, northeastern
Pacific, and extratropical North Atlantic (Figure S7). Similarly, transient forcing of the last millennium
850–1850 CE (e.g., short‐lived cooling from volcanic eruptions) shows large increases in coherence over
the tropics (Figure S7; Parsons & Hakim, 2019).

The interdecadal GMST coherence pattern in simulations with external forcing (i.e., historical and last mil-
lennium) shows a strong fingerprint of external forcing, marked by high coherence in regions of deep con-
vection (Figure 4). This pattern is generally not present in unforced simulations, with CMIP5/6 piControl
simulations showing minimal internal variability over regions of deep convection (Figure S8). This finger-
print of forced interdecadal coherence could present a useful avenue for further analysis of forced and
unforced variability in the climate system. The lack of internal variability in regions of deep convection
may be due to the fact that surface warming in these regions leads to very strong radiative damping
(Dong et al., 2019; Zhou et al., 2017), and the magnitude of variability is inversely proportional to the
strength of radiative damping (e.g., Roe, 2009). These results suggest that sustained interdecadal tempera-
ture anomalies in these regions of deep convection lead to large changes in Earth's energy budget, which
can only be supported by a sustained external forcing. However, over the ITCZ in the eastern tropical
Pacific, models forced with greenhouse gases indicate that local TS variability should be coherent with global
temperatures and, by extension, with west Pacific temperatures, but this pattern is not found in the
instrumental‐based data. This instrumental‐model mismatch is likely related to the inability of models to
reproduce changes in the east‐west tropical Pacific temperature gradients (e.g., Coats & Karnauskas, 2017).

In summary, CMIP6 piControl simulations show a wide range of magnitudes of interdecadal GMST varia-
bility. Nonetheless, even the most variable CMIP6 piControl simulations never show century‐length
GMST trends that exceed observed warming trends. Furthermore, the geographic coherence of forced global
mean variability is distinct from the geographic coherence of unforced variability. In order to determine if
the large magnitude of interdecadal GMST variability in some CMIP6 models is realistic, future works
should examine the mechanisms of this variability and the causes of the spread in its magnitude across
CMIP5/6 piControl simulations.
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