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ABSTRACT
Decadal climate variability is usually regarded as an internal variability in the climate system. However, using
the coupled simulations from phase 5 of the Coupled Model Intercomparison Project (CMIP5), it is demonstrated that the external radiative forcing plays an important role in modulating decadal variability of the global
mean surface air temperature (SAT). In historical runs, the standard deviations of the global mean SAT exhibit
robust increases relative to preindustrial runs, indicating that external forcing acts on decadal variability of the
global mean SAT through enhancing amplitude and modulating phase. By comparing model results using
different external forcing agents, it is found that the natural forcing agent has the strongest impact on the
decadal time scale. Every type of simulation (i.e., the preindustrial, historical, natural forcing, and anthropogenic forcing runs) from almost all the CMIP5 models exhibits a high correlation between the net shortwave
(SW) radiative flux at the top of the atmosphere (TOA) and the global mean SAT with a 13-month lag.
However, after taking the multimodel ensemble mean for the TOA SW radiative flux and the SAT, respectively,
the correlations from the external forcing runs are much higher than those from preindustrial runs. This is
because that the decadal SAT anomalies from multiple models cancel each other out in the preindustrial runs
without external forcing but generally follow decadal evolution of the external forcing with a 13-month lag. The
most significant regional responses to external forcing are found in the tropical Indian and Pacific Oceans,
although with different physical mechanisms for the natural and greenhouse gas forcing agents.

1. Introduction
Both atmospheric and oceanic circulations exhibit
prominent fluctuations on decadal and multidecadal
time scales. Despite rising concentrations of atmospheric
greenhouse gases (GHGs), the global mean surface air
temperature (SAT) has remained flat for the past 16 years
(i.e., the recent warming hiatus; Easterling and Wehner
2009). This observation challenges the prevailing view
that anthropogenic forcing leads to global warming. An
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interpretation regarding the hiatus is the combined effects of internally generated decadal variability [e.g., the
negative phase of the interdecadal Pacific oscillation
(IPO) or the Atlantic multidecadal oscillation (AMO)]
and warming from increasing GHGs (Meehl et al. 2011,
2013; Kosaka and Xie 2013; Tung and Zhou 2013;
England et al. 2014; McGregor et al. 2014; Song et al.
2014). The recent warming hiatus might also be due to
the negative radiative forcing trends from both volcanic
aerosols (Santer et al. 2014, 2015) and the low solar
minimum (Hansen et al. 2011). Therefore, both internal
variability and external forcing should be considered in
near-term climate predictions (Meehl and Teng 2012,
2014; Guemas et al. 2013).
The causes and mechanisms of low-frequency climate
variability are not fully understood. Many previous
studies have suggested that the interaction among subcomponents of the climate system is the main cause of
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the decadal variability of surface temperature (e.g.,
large-scale ocean–atmosphere feedbacks). The IPO for
the whole Pacific basin sea surface temperature (SST)
(Power et al. 1999) or the Pacific decadal oscillation
(PDO) for the North Pacific part of the IPO (Mantua
et al. 1997) has been described as an internally generated
decadal ENSO-like pattern or as a low-frequency aspect
of ENSO (Jin 1997) resulting from the air–sea interaction
of the climate system. The North Atlantic Oscillation
(NAO) could cause the multidecadal variability of SAT
in the Northern Hemisphere (Delworth et al. 1993;
Visbeck et al. 1998; Delworth and Greatbatch 2000; Eden
and Jung 2001; Li et al. 2013).
Most previous research has concentrated on investigating the intrinsic factors in the ocean–atmosphere
system on the decadal time scale. However, natural and
anthropogenic forcing factors also have the potential to
influence the decadal variability of SAT. Observational
and model-based studies have indicated that natural
forcing (e.g., large low-latitude volcanic eruptions and
solar insolation changes) could modulate the phases of
the Atlantic multidecadal variability and North Pacific
decadal variability (Shindell et al. 2001; Otterå et al.
2010; Ineson et al. 2011; Wang et al. 2012). The mid1970s climate shift (Trenberth and Hurrell 1994) has
been associated with the increasing GHG concentrations and also an internally generated transition of the
IPO (Meehl et al. 2009; Meehl and Arblaster 2011).
Identifying the relative roles of internal variability and external forcing in driving decadal variability is therefore a key
issue. The coupled simulations (including the preindustrial,
historical, and natural- and anthropogenic-forcing runs)
from phase 5 of the Coupled Model Intercomparison
Project (CMIP5) provide the basic data for answering
this question.
When analyzing numerical experiments such as the
CMIP and the Atmospheric Model Intercomparison
Project (AMIP) simulations, the multimodel ensemble
mean (MEM) approach has been widely applied. One
MEM approach is used before conducting other statistical analyses, aiming to separate the forced climate
variability from internal variability (Lambert and Boer
2001; Gillett et al. 2002), and as such is termed the beforehand multimodel ensemble mean (BMEM) in this
study. Another MEM approach is to first use other statistical analyses for each model individually and then
average the results from all the models: this measure is
referred to as the afterward multimodel ensemble mean
(AMEM) and has been widely used to evaluate the
performance of CMIP models in predicting ENSO intensities (Kim and Yu 2012; Bellenger et al. 2014;
Langenbrunner and Neelin 2013). More details of these
two approaches are described in section 2. Differing
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from most of previous analyses, it is the first study to
compare these two MEM approaches and aims to identify
the relative roles of internally generated and externally
forced climate variability on a decadal time scale. Meanwhile, through comparing four groups of CMIP5 simulations, the influences of different external forcing agents on
decadal variability of SAT can be detected. Not only
focusing on the recent warming hiatus, we also make a
comprehensive analysis for the all hiatus decades in the
twentieth century to present the general mechanism of
decadal variability of SAT. The data, models, and
methods used in this paper are presented in section 2. The
enhanced SAT decadal variability induced by external
forcing and significant lead–lag correlations are analyzed
in section 3. The contributions of SST in different ocean
basins to global mean SAT are also included in section 3.
Finally, conclusions and a discussion are presented in
section 4.

2. Methods
a. CMIP5 model datasets
We analyzed four groups of simulations in the CMIP5
archives (see Table 1). (i) PiControl simulations (labeled
CTL; 39 models) were long-time runs with preindustrial
(1850) forcings that did not change from year to year;
these simulations provided information on internal climate variability. (ii) Historical simulations (i.e., all forcing; 21 models) were forced by both natural (e.g., solar
irradiation variations and volcanic aerosols) and anthropogenic forcings (e.g., well-mixed greenhouse
gases, ozone, and anthropogenic aerosols). (iii) The
historicalGHG simulations (i.e., GHG forcing; 16 models)
were the same as the historical simulations except that
they were only forced by well-mixed GHG changes.
Finally, (iv) the historicalNat simulations (i.e., natural
forcing; 16 models) were the same as the historicalGHG
simulations except that they were forced by natural
variations only. For consistency, when comparing the
CTL runs to the others, the first 156 years of each model’s
CTL run were used. For the forcing of the historical experiments, the major external forcings—solar, greenhouse
gas, and land use—are standardized based on the most
recent observational databases; the exception is volcanic
forcing, for which there is no recommended treatment
(Driscoll et al. 2012; Flato et al. 2014). For volcanic forcing, CMIP5 models typically employ one of two prescribed volcanic aerosol datasets: that of Sato et al. (1993)
or Ammann et al. (2003). Only one ensemble member of
every model was used. This study focused on the decadal
variability of oceanic and atmospheric variables; thus, a 7–
20-yr bandpass filter was applied as preprocessing for the
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TABLE 1. CMIP5 models for four groups of simulations adopted in this analysis (Yes indicates experiments included). (Expansions of
model name acronyms are available online at http://www.ametsoc.org/PubsAcronymList.)
Model

PiControl

ACCESS1.0
ACCESS1.3
BCC_CSM1.1
BCC_CSM1.1(m)
BNU-ESM
CanESM2
CCSM4
CESM1(BGC)
CESM1(CAM5)
CESM1(FASTCHEM)
CESM1(WACCM)
CMCC-CM
CNRM-CM5
CNRM-CM5.2
CSIRO Mk3.6.0
FGOALS-s2
FIO-ESM
GFDL CM3
GFDL-ESM2G
GFDL-ESM2M
GISS-E2-H
GISS-E2-H-CC
GISS-E2-R
GISS-E2-R-CC
HadCM3
HadGEM2-CC
HadGEM2-ES
INM CM4.0
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC-ESM
MIROC-ESM-CHEM
MIROC5
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
MRI-CGCM3
NorESM1-M
NorESM1-ME
Total

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes

Historical

HistoricalNat

HistoricalGHG

Yes

Yes

Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes

Yes

Yes

Yes
Yes

Yes

Yes

Yes
Yes
Yes
Yes

Yes

Yes

Yes
Yes

Yes
Yes

Yes

Yes

Yes

Yes
Yes
Yes

Yes

Yes

Yes

Yes

Yes

Yes
Yes

Yes
Yes

Yes
Yes

Yes
Yes

Yes
Yes

Yes
Yes

21

16

16

Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
39

original model output. A Student’s t test with the effective sample sizes (Bretherton et al. 1999) was used.

b. Multimodel ensemble mean approaches
When analyzing the numerical experiments using
multimodel ensembles such as the CMIP and AMIP
simulations, there are some commonly used statistical
approaches such as MEM, variance analysis, regression
analysis, etc. When the MEM approach is used together
with the latter two approaches, one may choose to calculate MEM before or after regression and variance
analyses. In this study two different MEM approaches
were used, and they have different implications as shown

Yes

below. One approach is to calculate the variance or
correlation for each model individually and then average the all models’ variances or correlations together
afterward, referred to as AMEM. AMEM is determined
by the formula
n

å f (Xi ) ,

(1)

i51

where Xi represents the variables for the ith model, f(Xi)
is a function representing a specific statistical method
(e.g., standard deviation and variances in Figs. 1 and 2
and lead–lag correlation in Figs. 4 and 6), where n is the
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mean SAT are stochastic in all models. After the MEM,
the time series of the global mean SAT has a very weak
oscillation and the BMEM standard deviation (STD) is
0.018C. However, because of the internal climate variability, the AMEM STD is relatively large (0.048C). In
the all-forcing run, the time evolution of the global mean
SAT in all models shows certain consistencies, indicating
that the global mean SAT from multiple members varies
in phase. The BMEM time series has an obvious decadal
change; the BMEM STD is about 0.0398C. These results
indicate significant modulation of decadal variability is
imposed by external forcing. The AMEM STD in the allforcing run is about 0.0598C, demonstrating the combined
influences of external forcing and internal variability.

c. Cases selected for composite analysis

FIG. 1. The graphic explanation for the two MEM approaches
(AMEM and BMEM). The time series of the global mean SAT in
CTL and all-forcing runs in 21 CMIP5 models (blue line). The
black lines show MEM results. The AMEM and BMEM standard
deviation (STDs; 8C) are labeled.

number of models, and the overbar indicates the mean of
multiple models. The AMEM contains some variability
due to external forcing agents and internally generated
processes in the climate system. Another approach is to
calculate the MEM of a variable beforehand and then
calculate the variances or correlations of the MEM; this
approach is BMEM. BMEM is formulated as
0

n

1

f @ å Xi A .

(2)

i51

For BMEM, by averaging over many members of CMIP
models, where each is started from different initial
conditions, forced climate change can be separated from
the model’s internal variability, which theoretically
separates only the effect of external forcing.
To better understand what the BMEM and AMEM
approaches represent, the time series of global mean
SAT in both CTL and all-forcing runs are displayed in
Fig. 1. In the CTL run, the time evolutions of the global

We calculated 10-yr moving linear trends of the original
global mean with no bandpass filter for SAT from 1850 to
2005 for each model in the all-forcing runs and then
assigned the decades with top three strongest (weakest)
linear trends as the accelerated warming (hiatus) decades,
which were all greater (less) than 0.38C decade21
(20.158C decade21) (Meehl et al. 2011, 2013; Song et al.
2014). Note that there was no overlap among any decade
for each model. Based on the cases in each model, we
first calculated the multicase mean of each model, and
then took the composite mean of each model to obtain
the MEM. This ensured a uniform weighting of each
model’s contribution to the MEM. To construct the geographical distribution of the MEM, the models’ results
were regridded to a 18 3 18 grid (bilinear interpolation).

3. Results
a. Enhanced decadal variability
The AMEM STDs of global mean SAT for unforced
and forced simulations are shown in Fig. 2a. For allforcing runs, the STDs show a significant increase relative
to those in CTL runs, at the 95% confidence level. The
STDs increase from 0.0368 6 0.0138C in CTL runs to
0.0578 6 0.0128C in all-forcing runs. Furthermore, natural
forcing contributes most to the enhanced amplitude
among all forcing agents, while the STDs in the GHG
forcing runs do not exhibit any significant difference to
those in the CTL runs. Figure 2b shows the ratio of the
variance of global mean SAT using the BMEM approach
to that using the AMEM approach for the four groups of
simulations with different external forcings. As explained
in section 2, the AMEM approach presents the combined
variations resulting from external climate forcing agents
and internally generated processes, while the BMEM
approach mainly highlights the externally forced signals.
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FIG. 2. (a) The AMEM STD of the net radiative fluxes at the top
of the atmosphere (W m22), the global mean SAT (8C), and the
eastern equatorial Pacific (EEP) SST (8C) and tropical Indian
Ocean (TIO) SST (8C) for the CTL (gray; 39 models), all-forcing
(blue; 21 models), GHG-forcing (red; 16 models), and naturalforcing (green; 16 models) runs, respectively. Error bars represent
the intermodel standard deviation. (b) As in (a), but for the ratio of
variances between BMEM and AMEM in the four simulations.

Hence, the ratios in the four groups of simulations are all
less than 1. In the CTL run, the BMEM variance can only
explain 1% of the AMEM variance, indicating strong
cancellation of temperature anomalies (i.e., different decadal phases) from the different coupled models. Under
the almost consistently observed external forcing in the
twentieth century, however, the decadal temperature
anomalies only partially cancel each other out in these
simulations. In all-forcing runs the ratio of variances
from BMEM to AMEM is about 0.38, much larger than
that in CTL runs. Furthermore, in natural-forcing runs
the ratio is about 0.51, indicating that the natural forcing
contributes approximately 50% of total variance in this
simulation. In other words, the decadal changes in SAT
are independent of each other in the CTL runs without
external forcing, but they exhibit considerable consistency among other simulations with external forcing,
especially the natural forcing. This implies that the SAT
decadal variability to some extent follows the decadal
changes of external forcing. These results suggest that the
external forcing, especially natural forcing, can induce the
enhanced decadal variability of global mean SAT through
enhancing amplitude (Fig. 2a) and modulating phase
(Fig. 2b). These results are supported by many previous
studies of strong tropical volcanic eruptions; such events
lead to changes in atmospheric and oceanic circulations
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and modulate climate variations on scales ranging from
interannual to decadal (Otterå et al. 2010; Wang et al.
2012; Zanchettin et al. 2012; Ohba et al. 2013; Cui et al.
2014), which then influence SAT. Further analysis confirms that this enhanced variability does not depend on the
different sample sizes in the four simulations. Data from 16
CMIP5 models that contain four simulations together (see
Table 1) also exhibit the significantly enhanced decadal
variability of SAT (Fig. S1 in the supplemental material),
similar to the above results. Furthermore, each model of
the 16 CMIP5 models also shows the consistently enhanced amplitude induced by all external forcings, especially by natural forcing (Fig. 3a).
Figure 4 further reveals the geographic distribution of
the ratios of the AMEM variances from all-forcing runs
to those from CTL runs. Increased decadal variances exist
mainly in the tropics. In particular, the tropical Indian
Ocean (TIO; 208S–208N, 408–1108E) stands out as the
region with the more significant variations than the eastern equatorial Pacific (EEP; 208S–208N, 1708E–808W)
(Figs. 2 and 4; see also Fig. S1). As shown in Fig. 2a, the
increased SST STD for the regional mean TIO is more
significant than that for the EEP in all-forcing runs.
Similar characteristics also appear in the natural-forcing
runs. The ratio of TIO SST variances between BMEM
and AMEM in the natural-forcing runs is also very high,
at around 0.4, but the ratio for EEP SST is relatively weak
(Fig. 2b). The time series of regionally averaged TIO SST
and EEP SST in both the CTL and all-forcing runs clearly
exhibit modulations caused by external forcing, with enhanced amplitudes and a relatively consistent decadal
phase for TIO SST, albeit less so for EEP SST (Fig. S2 in
the supplemental material). The amplitudes changes for
TIO SST and EEP SST are also verified by the 16 CMIP5
models that conduct all four groups of simulations
(Figs. 3b and 3c; see also Fig. S1).

b. The relationship between SAT and radiative flux at
the top of the atmosphere
To detect the influence of external radiative forcing
on the global mean SAT, we examine the decadal variations of global radiative forcing in four groups of simulations. Because of a lack of direct radiative forcing
information for each model, we use the net radiation at
the top of the atmosphere (TOA) (Fig. 2a) as the radiative forcing affecting the climate system. As shown in
Fig. 2a, the decadal variations of radiative forcing in the
four groups of simulations show changes consistent with
those of the global mean SAT; this indicates that these
forcings may directly drive the global mean SAT. In
particular, compared with the variations in the CTL run,
the radiative forcings from both the all- and naturalforcing runs have significantly increased variances, but
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FIG. 3. (a) The STD (8C) of global mean SAT in CTL (gray), all-forcing (blue), natural-forcing
(red), and GHG-forcing (green) run for each model in 16 CMIP5 models that contain four simulations together (see Table 1), respectively. (b) As in (a), but for TIO SST. (c) As in (a), but for
EEP SST. The maximum magnitudes (AMEM STD 1 one intermodel STD) for 16 models from
the CTL run are indicated by the horizontal dashed lines. Detailed values (error bars) for four
simulations in 16 models can be found in Fig. S1 of the supplementary information.

the variance of radiative forcing in the GHG-forcing run
hardly increases. It is noteworthy that although the STD of
the CTL and GHG-forcing runs are similar, the decadal
variations of radiative forcing have different causes. In the
CTL runs, there is no external radiative forcing but the net
shortwave (SW) and longwave (LW) radiative fluxes at the
TOA still exhibit considerable decadal variability resulting
from internal climate feedbacks, such as cloud–radiation
feedback. However, variations in the GHG-forcing runs
combine the effects of external GHG forcing and internal
climate feedbacks.

To further understand the relationship between external radiative forcing and the global mean SAT on a
decadal time scale, the lead–lag correlations between
global mean TOA net SW radiative flux and SAT are
shown in Fig. 5. In the CTL runs, the AMEM correlations between TOA net SW radiative flux and global
mean SAT have maximum correlation coefficients at
about 0.5 6 0.2 with a lag of approximately 13 months
(TOA net SW radiative flux leading SAT). This significantly positive lag correlation should be related to the
cloud–radiation feedbacks in the climate system. An
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FIG. 4. The AMEM ratios of the SST variance in all-forcing run
to those in CTL run. The stippling indicates 17 or more models that
agree on increased amplitude. Black boxes present the regions of
the EEP and TIO. Because of the large differences and disagreements among CMIP5 models in simulating high-latitude variability, in this figure only the ratios between 608S and 608N are
displayed.

anomalous SST cooling leads to a decrease in cloud
fraction and thus an increase in net SW radiation at TOA,
which in turn warms the surface and subsurface temperatures with a lag of about several months. Under the
external forcing, the lag correlations for the AMEM approach became stronger (0.74 6 0.13 in all-forcing runs,
0.81 6 0.09 in natural-forcing runs, and 0.61 6 0.22 in
GHG-forcing runs), indicating the stronger response of

SAT to the radiative flux at the TOA. The BMEM correlations that mainly highlight the forced climate changes
are extremely weak in the CTL runs because of the offsets
among random internal climate anomalies. Consequently,
the lag correlation shows a significant reduction relative
to AMEM in CTL runs. On the other hand, in all-forcing
runs, the forced climate change has a significantly increased lag correlation (0.96 for a 13-month lag) in contrast
to that in AMEM. A high correlation is maintained in
natural-forcing runs (0.97 for a 13-month lag), and correlation weakens slightly but remains significant in GHGforcing runs (0.74 for a 17-month lag). All these results
indicate that under the modulation of external forcing, the
interactions between global mean SAT and TOA net SW
flux become stronger. The comparisons for the two MEM
correlations in the unforced and forced simulations mentioned above once again confirm the significant impact on
decadal variability of SAT by external forcing. Comparing
the lag correlation coefficients for different external forcing agents, the natural-forcing agent has the largest impact
on the decadal time scale.
The warming hiatus, ongoing since 1998 (Easterling
and Wehner 2009), has been extensively investigated
and there is significant debate about its possible causes
(Solomon et al. 2010; Kaufmann et al. 2011; Meehl et al.
2011, 2013; Kosaka and Xie 2013; Tung and Zhou 2013;
England et al. 2014; McGregor et al. 2014; Song et al.
2014). Using CCSM4 in a representative concentration

FIG. 5. The lead–lag correlations between the TOA net SW radiative fluxes and global mean
SAT in the (a) CTL, (b) all-forcing, (c) natural-forcing, and (d) GHG-forcing runs. The black
(red) lines are for AMEM (BMEM) correlations. The shading represents one standard deviation of the intermodel correlations. Negative (positive) values on the x axis indicate the
years that TOA net SW fluxes lead (lag) SAT.
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FIG. 6. (a) Composite TOA net SW radiative flux linear trends in all-forcing runs during hiatus (blue bars) and
accelerated (red bars) warming decades with a lag of 13 months (TOA net SW flux leading SAT). (b) As in (a), but for
TOA net flux. (c),(d) As in (a),(b), but for the simultaneous decadal means. The first bars are for AMEM result in
each panel. Error bars represent one STD of the intermodel results.

pathway 4.5 (RCP4.5) simulation, Meehl et al. (2013,
hereafter MH13) showed that there was no significant
difference in the energy imbalance at the TOA during
the hiatus and accelerated warming decades. These results are somewhat different from our findings (Fig. 5).
Given the close correlation between TOA net radiative
fluxes and the full-depth ocean heat content (OHC)
trend on the decadal time scale, but the weak relationship with SAT/SST trend (Palmer et al. 2011; Song et al.
2014), oceanic dynamic processes may play important
roles in modulating the SST changes. To demonstrate
these dynamic modulation processes, based on the significant lag correlations described above, we composited
TOA net SW radiative flux linear trends for all-forcing
runs during the hiatus and accelerated warming decades
(see section 2 for the detailed case selections). When net
SW radiative flux leads by 13 months, the linear trend for
net SW radiative flux at the TOA shows the consistent
change with the global mean SAT trend for every model
(Fig. 6a). During hiatus decades, there are significant
negative linear trends in TOA net SW flux in all models

except HadGEM2-ES. The TOA net SW trend for
AMEM is 20.94 6 0.38 W m22 decade21. However, during the accelerated warming decades, significant and positive linear trends for TOA net SW radiative flux occur in
all models except for FGOALS-s2. The AMEM trend is
0.67 6 0.34 W m22 decade21. There are significant differences between the hiatus and accelerated warming decades
at the 99% confidence level. The TOA net fluxes have
similar features to the TOA net SW flux, with a relatively
weaker trend (Fig. 6b). This once again indicates the significant lead–lag correlation between TOA flux and SAT.
To further compare against MH13’s results, the same
composites were calculated using simultaneous decadal
means of the TOA flux during the hiatus and accelerated
warming decades (Figs. 6c,d). During hiatus decades, an
almost consistently negative decadal mean for TOA net
SW flux is found for each model. Not only that, but the
decadal means for TOA net flux also show consistent
changes with the global mean SAT in each model, indicating simultaneous correlation between TOA flux and
SAT. In the present study, both for the decadal linear
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trend and decadal mean, the CCSM4 model has significant differences in the energy imbalance at the TOA
during the hiatus and accelerated warming decades as
for the AMEM results, different from the results of
MH13. One possible explanation for this is that MH13
examine the RCP4.5 simulations with continually increased GHGs; these produce more significant radiative
forcings than those in the historical simulations. Another reason is could be our use of multimodel results,
allowing for a more thorough comparison. However, in
contrast to this simultaneous correlation, there is a closer
relationship when TOA net SW flux leads SAT by about
13 months. An alternative explanation is that incoming
TOA SW radiation heats the sea surface first, thereby
changing the surface wind and inducing anomalous air–sea
interactions and oceanic circulations. These dynamical
processes modulate the SST and attain the new equilibrium state at a lag of approximately 13 months. In contrast,
MH13 only highlighted the SST transient responses to
radiative forcings. To conclude, when considering dynamic
adjustment processes, there is a significantly delayed response of the SST to radiative fluxes at the TOA.
Based on the significant lag correlations, the geographic distributions of the SST’s delayed response to
the global mean net SW radiative fluxes at the TOA are
not uniform (Fig. 7). The AMEM correlations for both
unforced and forced simulations have significantly positive correlations over the tropics. These positive correlations are weaker in CTL runs than in external
forcing simulations. These also indicate that the external
forcing has the potential to modulate the decadal variability of the surface temperature. Furthermore, different simulations have different geographic distributions
of correlations. The correlation coefficients are much
stronger in all-forcing runs and natural-forcing runs than
that in CTL runs, with the most significant regions at the
equatorial western Pacific and the Indian Ocean. But in
CTL and GHG-forcing runs, the correlations are significantly positive with an IPO-like pattern in the Pacific.
In contrast to the AMEM correlations, the BMEM, which
only highlights the contributions of external forcings,
shows more significantly positive correlations in the three
external forcing simulations, and less significant correlations in the CTL run (Fig. 7). These results once again
indicate a significant modulation in decadal variability
induced by external forcing; thus, the response of the
surface temperature to TOA net SW radiative flux is more
consistent.
Both AMEM and BMEM patterns in all-forcing runs,
especially in natural-forcing runs, indicate that the TIO
SST has a stronger response to TOA net SW radiative
forcing than EEP SST. For this reason, Figs. 2–4 show
that forced decadal climate variability has a more robust
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enhancement in TIO SST than that in EEP SST, and this
characteristic could extend to the upper 50 m of the
ocean (Fig. 8a). However, from around 0 to 700 m below
the ocean’s surface, a robust increase in OHC decadal
variances occurs in the midlatitude Pacific Ocean, and the
variances in TIO are roughly equivalent to those in the
EEP (Fig. 8b). These features may be associated with
the Indian Ocean’s shallower thermocline. A shallow
thermocline and mixed layer are more sensitive to atmospheric changes induced by anomalous radiative fluxes and
stronger coupling between the subsurface and SST: these
lead to strong SST anomalies (Duvel et al. 2004; Vialard
et al. 2009a,b). This explains why TIO SST is more sensitive to TOA net SW flux than EEP SST.
However, in GHG-forcing runs, both the AMEM and
BMEM correlations have their most significant correlations in the Pacific, with a positive IPO-like pattern. This
IPO-like response to global warming in the tropical Pacific has already been confirmed by many previous studies
(Knutson and Manabe 1995; Meehl and Washington 1996;
Yu and Boer 2002; Meehl et al. 2009; Xie et al. 2010; Luo
et al. 2015). Progress in determining the physical mechanism has been made, though it is not yet certain. Suggested causes include greater evaporative cooling over the
warm pool than the cold tongue (Knutson and Manabe
1995), strong surface latent heat flux exchange in the
tropics (Liu et al. 2005), and a wind–evaporation–SST
feedback mechanism (Xie et al. 2010).
Comparing the global SAT BMEM responses to the
natural-forcing runs with those of the GHG-forcing runs
(Fig. 7), the tropical responses are significant relative to
those of the middle-to-high latitudes, mainly characterized in GHG-forcing run. However, there are global nearuniform responses in the natural-forcing runs: we suggest
that two processes may combine to cause this effect. One is
the direct heating from radiative forcing, such as solar radiative changes and decreased incoming radiative fluxes
due to volcanic eruptions, which affect the SST changes
in tropics. Second, volcanic aerosols can also heat the
tropical stratosphere, thus impacting stratospheric dynamical processes and inducing changes in the polar vortex: these contribute to the SAT changes in high latitudes
(Stenchikov et al. 2006; Driscoll et al. 2012; Wang et al.
2012). Both processes contribute the global-basin responses of SAT to natural forcings.
However, although both natural forcing and GHG
forcings affect the tropics, the spatial responses in the
tropical Pacific have different features (Fig. 7). In the
natural-forcing run, the tropical Pacific zonal SST gradient increases with a La Niña–like pattern and anomalous east wind stress when the warming is due to
increased natural radiation. But as a result of increased
greenhouse gas in GHG-forcing run, the tropical Pacific
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FIG. 7. (top) The geographic distributions for the AMEM correlation coefficients between global mean TOA net
SW radiative flux and SAT (shading) and wind stress (vector), with a lag of 13 months (TOA net SW flux leading
SAT) in the CTL, all-forcing, natural-forcing, and GHG-forcing runs, respectively. (bottom) As at (top), but for the
BMEM correlation coefficients with a lag of 19 months in CTL, a lag of 13 months in all-forcing run and naturalforcing run, and a lag of 17 months in GHG-forcing run. Green boxes indicate the EEP and TIO regions.
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FIG. 8. (a) As in Fig. 4, but for OHC in the upper 50 m of the
ocean. The stippling indicates 15 or more models that agree on
increased amplitude. (b) As in Fig. 4, but for OHC in the upper
700 m of the ocean. The stippling indicates 14 or more models that
agree on increased amplitude. Black boxes in (a) indicate the EEP
and TIO regions.

SST gradient decreases with an El Niño–like pattern and
west wind anomalies. These different SST gradients
produce different climate responses such as global precipitation (Liu et al. 2013). Using paleo-proxy evidence
and model simulations, Liu et al. (2013) showed that, for
the same global SAT increase, the global precipitation
change due to natural forcing is more than that resulting
from GHG forcing. These differences are consistent with
the atmospheric static stability, which depends on the
type of heating. Tropospheric cooling is less with increased GHG concentrations, because of the additional
radiation-absorbing species in the troposphere, than that
with increased solar heating, which is concentrated at
Earth’s surface.

c. Contributions from EEP and TIO SST to global
mean SAT
The warming SST in the tropics can contribute to the
global SAT through air–sea interaction and ocean dynamics (Alexander et al. 2002; Luo et al. 2012). The scatter
diagram in Fig. 9 shows that during the hiatus decades in
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all-forcing runs, both TIO SST and EEP SST trends
show significantly linear correlations with global mean
SAT trends, with correlation coefficients of 0.68 and
0.59, respectively. Kosaka and Xie (2013) had to prescribe the observed SST in the EEP in order to get the
hiatus and deduce the prominent role for EEP. But our
study shows that TIO SST also has a significant correlation with global mean SAT. This suggests that not only
the EEP SST but also the TIO SST plays an important
role in impacting the global mean SAT during hiatus
decades. Given the close relationship between the Indian
and Pacific Oceans, when considering the recent cooling
of the EEP SST described by Kosaka and Xie (2013), it
remains possible that through the teleconnection (Latif
and Barnett 1995; Lau 1997; Alexander et al. 2002) in
coupled models the EEP SST can also induce the changes
in TIO SST, and thus the important contributions from
TIO SST to global SAT may have been implicit in their
results. Therefore, distinguishing the relative roles of EEP
SST and TIO SST in influencing global SAT requires further study. In addition, given the different spatial responses
to the external radiative changes (GHG forcing and natural
forcing; Fig. 7), their roles under different forcing agents
also need further investigation.
In the Pacific, the IPO for the basinwide pattern is the
most important decadal variation and is a key component for the prediction of future climate change. The
IPO is typically defined as the second empirical orthogonal function (EOF) of low-pass filtered SST in the
Pacific (e.g., Parker et al. 2007). In the present study,
after the bandpass filter, the first EOF of the Pacific SST
is for the IPO (e.g., Meehl et al. 2009). Using this method,
an almost consistent IPO pattern appears in all four types
of simulation, with a broad area of positive values in the
tropical Pacific and along the west coasts of North and
South America, and negative values in the northwest
and southwest Pacific (Fig. S3 in the supplemental material). We define the IPO index as the SST anomaly
difference between the eastern tropical Pacific (108S–68N,
1108–1608W) and the North Pacific (308–458N, 1458W–1808).
The IPO index is well correlated with the IPO defined
by the EOF method (Dong et al. 2014). Using the IPO
index, rather than regionally averaged EEP SST, we
identify the contribution of the Pacific SST to global
SAT in different external radiative forcing agents. The
lead–lag correlations between the IPO index and global
mean SAT are shown in Fig. 10. For the AMEM, both
unforced and forced simulations show significant positive
correlation between the IPO index and the global mean
SAT. This relationship depends on the internal variability
(Fig. 10a). However, for the BMEM, this only represents
the external forcing results: the correlations show different features in natural-forcing and GHG-forcing
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FIG. 9. Scatter diagram of the decadal linear trends of the global mean SAT vs the decadal
linear trends of the regional mean SST in the (a) TIO and (b) EEP in hiatus decades for allforcing runs. The straight line is the best fit to the global mean SAT trends and TIO (EEP) SST
trends, and has a correlation coefficient of 0.68 (0.59).

simulations. In GHG-forcing runs, consistent with the
inherent modulations, the IPO index shows the most
significant correlation with global mean SAT (Fig. 10d).
But in the natural-forcing run, a weak correlation

appears with a lag of about 2.6 yr, when the global mean
SAT leads IPO index (Fig. 10c). It is because the lag
influences natural forcing that the AMEM correlation in
natural-forcing runs is lower than that in GHG-forcing
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FIG. 10. As in Fig. 5, but for the correlations between the IPO index and global mean SAT.

runs. Therefore, under the GHG forcing, the correlation
between IPO index and global mean SAT becomes
closer. But it is less significant under the natural forcing.
The same approach is applied to discuss the contribution of TIO SST to global mean SAT. The lead–lag
correlations between regionally averaged TIO SST and
global mean SAT are shown in Fig. 11. Different from
the Pacific, the TIO SST and global mean SAT in BMEM
and AMEM show significant simultaneous positive correlations. These indicate that both the inherent climate
variability (Fig. 11a) and the various external forcing
agents (Figs. 11b–d) induce a close relationship between
the TIO SST and SAT. Combing the results of Figs. 7
and 9–11, we conclude that the natural forcing (volcanic
eruption and solar radiative forcings) leads to global SAT
and TIO SST changes, which then result in IPO anomalies two years later. We further conclude that the GHG
forcing first induces tropical SST anomalies (e.g., TIO
SST and EEP SST), which forces the opposite SST signal
appearing in the subtropical Pacific via teleconnection
(Latif and Barnett 1995; Lau 1997; Alexander et al. 2002),
thus generating an IPO pattern in the Pacific. These then
contribute to the simultaneous changes of global SAT.

4. Conclusions and discussion
The present study of the latest CMIP5 simulations assesses the impacts of various external radiative forcing
agents on the decadal variability of SAT. The MEM approach is applied before and after conducting variance
and regression analysis, respectively termed BMEM and

AMEM. By comparing these two approaches, our study
makes the possible quantitative comparisons of the SAT
decadal changes in the CTL, all-forcing, natural-forcing,
and GHG-forcing runs. We demonstrate that external
forcing, especially natural forcing, can act on the decadal
variability of the global mean SAT through enhancing
its amplitude and modulating its phase. Furthermore, the
enhanced variances are more significant in tropics because
of the stronger air–sea interaction, which strengthens
temperature anomalies induced by the external forcing.
The relationship between external forcing and global
SAT show that there is a significant 13-month-delayed
response of the SAT to TOA net SW fluxes in all four
groups of simulations, but with different spatial distributions of the global SAT responses to radiative forcing.
In the GHG-forcing run, the most significant responses
are concentrated in the tropics and generate an IPO-like
pattern via teleconnection in the Pacific. In natural-forcing
runs, there are global near-uniform responses, which may
be the combined results of direct heating of the tropical
SST by radiative forcing and changes in the stratospheric
dynamical process induced by volcanic aerosols. In addition, comparing the SST responses in the tropics, more
significant signals appear in the TIO SST than in the
EEP. These features may be associated with the shallower ocean thermocline in the Indian Ocean than in the
tropical Pacific.
Finally, we analyze the relative roles of EEP SST and
TIO SST with regard to global SAT under different
forcing agents. We find that not only the EEP SST
(Kosaka and Xie 2013) but also the TIO SST impacts the
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FIG. 11. As in Fig. 5, but for the correlations between the regionally averaged TIO SST and
global mean SAT.

global mean SAT during hiatus decades. Furthermore,
these have different physical mechanisms under the
different external forcing agents. Natural forcing first
leads to global SAT and TIO SST changes, which then
result in the IPO anomalies two years later. GHG
forcing instead first induces TIO SST and IPO anomalies, which then contribute to simultaneous changes of
global SAT.
When considering oceanic dynamic adjustment processes, there is a significant 13-month-delayed response
of the SST to TOA net SW fluxes. The 13-month lag
approximately agrees with the study of White et al.
(1997), where global mean SST had a maximum correlation with reconstructed solar irradiance for a lags of 1–2 yr
on the decadal time scale, and these signals were confined
to the upper 100 m or so of the ocean. As suggested by
White et al. (1997), these time lags can be explained by
the radiative balance between changing solar irradiances
and LW outgoing radiative anomalies. The changes in
surface and upper ocean temperatures take about 1–2 yr
before the ocean LW outgoing radiation is rebalanced
with solar irradiance anomalies. Another possible mechanism is that peak solar irradiance can lead to stratospheric heating, and then poleward and downward
displacements in wind anomalies in the stratosphere and
troposphere (Haigh 1996). Furthermore, in the 1–2 yr
following tropical volcanic eruptions, significant changes of
surface temperature have occurred (Santer et al. 2001;
D’Arrigo et al. 2009). These observations can partly support
the lag–lead correlations in the CMIP5 models and may be

helpful in understanding the corresponding physical
mechanisms. Given the primary roles of tropical air–sea
interactions in climate system, SST anomalies in tropics
are more easily amplified than those in the extratropics,
and then the former can force the decadal variability of
global SAT (Lau 1997; Alexander et al. 2002). These may
provide an explanation for the consistent lag months
between TOA SW fluxes and SAT as shown in Fig. 5.
The most recent studies (Meehl and Teng 2012, 2014;
Guemas et al. 2013) have shown that the initialized decadal hindcasts produced a more realistic early 2000s
hiatus than uninitialized climate projection experiments. Using a global climate model that factored in the
observed EEP SST, Kosaka and Xie (2013) offered an
explanation for the recent hiatus. However, none of the
recent literature has directly addressed the questions of
whether the EEP SST anomalies or initial climate conditions came from external forcing or internal variability.
Meehl et al. (2009) showed that increased GHG concentrations could produce a positive phase of the IPO, as
in the mid-1970s climate shift. However, our studies have
shown the significant modulations of external forcing,
especially natural forcing, that may contribute to the
warming hiatus. The possible causes of the recent global
warming hiatus include a slowdown in TOA radiate
forcing due to a low solar minimum (Hansen et al. 2011),
changes in stratospheric water vapor (Solomon et al.
2010), volcanic aerosols (Santer et al. 2014, 2015), and
anthropogenic aerosols (Kaufmann et al. 2011; Estrada
et al. 2013). Almost all CMIP5 historical simulations
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have overestimated global warming over the past 20 years
(Fyfe et al. 2013a,b; Santer et al. 2014). But through updating the external forcings (including volcanic aerosols,
solar irradiances, and human-made aerosols) and adjusting
internal variability (e.g., ENSO), the recent hiatus in CMIP5
models and observations has been almost completely reconciled (Schmidt et al. 2014). Therefore, in combination
with these present studies, external forcing cannot be ignored when discussing the decadal variability of SAT.
Identifying its roles will provide an opportunity to narrow
the uncertainty in climate predictions of the coming decades.
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