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ABSTRACT

The relationship between climate models’ internal variability and their response to external forcings is
investigated. Frequency-dependent regressions are performed between the outgoing top-of-atmosphere
(TOA) energy fluxes and the global-mean surface temperature in the preindustrial control simulations of the
CMIPS archive. Two distinct regimes are found. At subdecadal frequencies the surface temperature and the
outgoing shortwave flux are in quadrature, while the outgoing longwave flux is linearly related to temperature
and acts as a negative feedback on temperature perturbations. On longer time scales the outgoing shortwave
and longwave fluxes are both linearly related to temperature, with the longwave continuing to act as a neg-
ative feedback and the shortwave acting as a positive feedback on temperature variability. In addition to the
different phase relationships, the two regimes can also be seen in estimates of the coherence and of the
frequency-dependent regression coefficients. The frequency-dependent regression coefficients for the total
cloudy-sky flux on time scales of 2.5 to 3 years are found to be strongly (r> > 0.6) related to the models’
equilibrium climate sensitivities (ECSs), suggesting a potential “emergent constraint” for Earth’s ECS.
However, O(100) years of data are required for this relationship to become robust. A simple model for Earth’s
surface temperature variability and its relationship to the TOA fluxes is used to provide a physical in-
terpretation of these results.

1. Introduction Np(t) + N(t) = F(t) — B T(t) — B, T,(t), 2)

The energy balance for Earth’s response to a radiative
perturbation can be approximately written as

N(t)=F(1) - BT (), 1)

where we have assumed that the forced components and
the internal variability components can be added line-
arly. In this study we investigate the relationship be-
tween B and f; in a subset of the models participating

where N is the net top-of-atmosphere (TOA) radiative
flux, F is the radiative perturbation, B is a radiative re-
storing coefficient (also commonly referred to as the
climate feedback parameter), 7 is the global-mean sur-
face temperature anomaly, and ¢ is time. Separating into
forced components (subscript F) and components of
internal variability (subscript I) gives
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in the phase 5 of the Climate Model Intercomparison
Project (CMIP5). We also investigate whether B, is re-
lated to the models’ equilibrium climate sensitivity
(ECS), the temperature change for a doubling of CO,:
ECS = Fyco,/Br. In relating the internal variability of
the models to their responses to external forcings, our
study can be thought of as a heuristic application of the
fluctuation—dissipation theorem, which has been used
in a number of climate contexts recently (e.g., Gritsun
and Branstator 2007; Ring and Plumb 2008; Cooper and
Haynes 2011; Lutsko et al. 2015).

The two Bs are not assumed equal. In particular, B, is
likely to be a function of frequency, as the relationship
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between N; and 7 changes on different time scales.
Moreover, B, is not necessarily a feedback parameter.
On some time scales N; and 77 may be linearly related,
with temperature anomalies damping N; anomalies, but
on other time scales 7; anomalies and N; anomalies may
not be linearly related. For instance, temperature anom-
alies could force radiative anomalies at a particular fre-
quency i, so that dN;j(w;)/dt =« Ti(w;), in which case
B;(w1) is a complex number. Hence we simply define S,
as the coefficient relating N; anomalies and 7; anoma-
lies at a given frequency.

Because of the frequency dependence of 8;, we can-
not estimate it by performing linear regression of the
time series of N; versus the time series of 7}, and instead
must work in the frequency domain. The aim is to find
a particular range of frequencies in which the estimates
of B, are correlated with estimates of 8, and ECS (we
assume that B is independent of frequency); such a
relationship could exist even if B, is not a feedback pa-
rameter at these frequencies.

If this frequency range does exist then it would con-
stitute an ““‘emergent constraint’” on Earth’s sensitivity,
particularly if B; is proportional to B and/or ECS at
high frequencies. An emergent constraint is a correla-
tion across climate models between a potentially ob-
servable variable and the models’ responses to an
external forcing. A well-known example is the strong
relationship between the seasonal cycle in surface al-
bedo over Northern Hemisphere land and the response
of surface albedo over Northern Hemisphere land to in-
creased greenhouse gas concentrations (Hall and Qu
2006). Here, Earth’s B; could potentially be estimated
from satellite observations of 7"and N, and so Earth’s B,
and ECS could be constrained.

Another benefit of such a relationship is that it implies
that understanding the physics that controls models’
variability on the relevant time scales gives insight
into the processes that determine models’ responses
to externally imposed forcings. This would provide an
alternative approach to studying these processes, com-
plementing the more commonly used approach of ana-
lyzing perturbation experiments.

This is not the first study to analyze the radiation
budget of unperturbed simulations of coupled climate
models. A number of studies have focused on ‘‘hiatus”
periods, motivated by the recent 15-yr period in which
there was an apparent slowdown of global-mean surface
temperature increase (e.g., Brown et al. 2014; Xie et al.
2016). A key finding, which agrees with some of the
results below, is that there is a phase difference between
the internally generated variability of TOA fluxes and
the variability of global-mean surface temperature (Xie
et al. 2016; Brown et al. 2017).
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Other studies have attempted to use models’ internal
variability and also the variability in observations to
estimate the magnitude of the different feedbacks that
make up Br (Br = Brprank T Brwy + -..). A particular
focus has been the cloud feedback. Dessler (2010) esti-
mated this feedback from a combination of reanalysis
data and data from the Clouds and the Earth’s Radiant
Energy System (CERES) experiment for the period
2000-10, during which surface temperature variations
were mainly driven by El Nifio—Southern Oscillation
(ENSO). This produced a positive estimate of the cloud
feedback, although the spread was large and encom-
passed the spread in model cloud feedbacks. It was also
found that the cloud feedbacks derived from models’
interannual variability are different from the models’
long-term cloud feedbacks and this difference was later
attributed to different spatial patterns of cloud changes
(Dessler 2013). Building on this work, Zhou et al. (2015)
compared interannual cloud feedbacks in unforced
simulations from the CMIP5 archive with the forced
cloud feedbacks in 4XCQO, simulations and found that
the interannual feedbacks can explain over 50% of
the variance in the forced feedbacks. Interestingly, the
spread in the interannual feedbacks is larger than the
spread in the forced feedbacks, and again the uncertainty
in the estimate of the cloud feedback from CERES spans
the range of both sets of feedbacks. Colman and Hanson
(2017) found an even better correlation when comparing
interannual cloud feedbacks with forced cloud feedbacks
in RCP8.5 simulations.

Besides the cloud feedback, Dessler and Wong (2009)
estimated the water vapor feedback during ENSO
events in models and reanalysis data and found that
models generally underestimate this feedback, although
there is large uncertainty in the reanalysis estimate.
Dalton and Shell (2013) analyzed the unforced Planck
feedback, water vapor feedback, and surface albedo
feedback in unforced simulations from the CMIP3 ar-
chive and found that these were sensitive to the time
scale considered, although the estimated values were in
rough agreement with the feedbacks in forced experi-
ments. Finally, in addition to the cloud feedback,
Colman and Hanson (2017) also found good correla-
tions between the unforced lapse-rate feedback on in-
terannual time scales, the unforced water vapor
feedback on decadal time scales, and the unforced sur-
face albedo feedback on interannual time scales and the
forced versions of these feedbacks.

These promising results suggest that there is some
relation between 3; and B;. However, these studies have
generally focused on models’ behavior on specific time
scales (seasonal, interannual, decadal, etc.) to estimate
the magnitude of the feedbacks. In contrast, we work in
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TABLE 1. B, ECS, and TCR estimates used in this study and data sources. Here G13 denotes Geoffroy et al. (2013) and F13 denotes
Forster et al. (2013). The By g and Bgy estimates come from Geoffroy et al. (2013) and the TCR, By g cs » Bsw.cs » and Bcr estimates come
from Forster et al. (2013). CS denotes clear-sky fluxes and CF denotes cloud fluxes. (Expansions of acronyms are available online at http:/

www.ametsoc.org/PubsAcronymList.)

By (F13)/(G13) ECS (F13)(G13) TCR  Bopx Bow Botrcs Bow,cs Ber
Model (Wm2K™) (K) (K) (Wm?K?') (Wm?K') (Wm?K") (Wm?K?" (Wm?K?

BCC-CSM1.1 —1.14/-1.28 2.82/2.9 1.7 -1.69 0.42 -1.91 0.83 -0.07
BNU-ESM n.a./—0.92 n.a./3.9 n.a. -1.57 0.65 n.a. n.a. n.a
CanESM2 —1.04/—-1.06 3.69/3.9 24 -1.42 0.37 —1.88 0.71 0.13
CNRM-CM5 —-1.14/-1.12 3.25/3.2 2.1 -1.62 0.50 -1.73 0.78 -0.20
CSIRO-MK3.6.0 0.63/—0.68 4.08/5.1 1.8 -1.97 1.29 -1.70 0.84 0.23
FGOALS-s2 -0.92/-0.87 4.17/4.5 2.4 —-1.34 0.47 —1.46 1.02 —0.48
GFDL-CM3 —0.7/n.a. 3.97/n.a. 2.0 n.a. n.a. —1.94 0.70 0.48
GFDL-ESM2G —1.29/n.a. 2.39/n.a. 1.1 n.a. n.a. —1.65 0.61 -0.26
GFDL-ESM2M —1.38/-1.38 2.44/2.5 1.3 -1.37 —0.01 —1.63 0.58 -0.33
GISS-ESM-LR —-1.79/-2.03 2.11/2.25 1.5 —1.48 -0.55 —1.66 0.36 —0.48
HADGEM2-ES  —0.64/—-0.61 4.59/5.5 2.5 -1.56 0.96 —1.66 0.65 0.37
INM-CM4 —1.43/—-1.56 2.08/1.9 1.3 -2.12 0.55 —-1.98 0.67 -0.12
IPSL-CM5A-LR  —0.75/-0.79 4.13/4.25 -2.0 1.92 1.13 -1.99 0.53 0.7
MIROCS5 —1.52/—-1.58 2.72/12.8 1.5 -1.93 0.35 -1.85 0.84 -0.51
MPI-ESM-LR -1.13/-1.21 3.63/3.9 2.0 -1.67 0.46 -1.79 0.71 —0.04
MRI-CGCM3 -1.25/-1.31 2.60/2.7 1.6 -2.24 0.93 -1.99 0.83 -0.09
NCAR-CCSM4 —-1.23/-1.4 2.89/3.0 1.8 —-1.94 0.54 -1.95 0.87 -0.16
NorESM1-M -1.11/-1.15 2.80/3.25 1.4 -1.82 0.67 —1.86 0.86 -0.11

the frequency domain in order to search for the time
scale at which there is the strongest relationship between
B; and Br. We also do not expect 8; and B to have the
same magnitude; we are just interested in determining
whether their variations are correlated across models.
Finally, we have focused more on correlating 8; with the
total forced feedback, B, (and also with the ECS), rather
than with the individual feedbacks that make up B,
although the individual feedbacks are discussed briefly
in section 4. In this sense, our study is similar to the re-
cent paper by Cox et al. (2018), although they focused on
the variability of surface temperature about long-term
historical warming whereas we have studied unforced
simulations.

By working in frequency space we can also investigate
how the relationships between surface temperature and
the TOA fluxes change on different time scales. This
provides insight into the time scales and processes that
govern models’ internal variability. It is also a step to-
ward understanding how models respond to forcings
with different frequencies (e.g., MacMynowski et al.
2011), which is a useful way of probing the dynamics that
govern models’ responses to time-varying forces, and
provides context for extrapolating from short-lived cli-
mate perturbations, such as volcanic eruptions, to more
sustained perturbations, such as increases in greenhouse
gas concentrations (Merlis et al. 2014).

The data and methods used in this study are described
in the next section. The regression results are presented

in section 3 and then the estimates of 8, are compared
with B and ECS estimates in section 4. A conceptual
model for the unforced variability of surface tempera-
ture and TOA fluxes is described and compared to data
from the CMIPS archive in section 5. This model
provides a physical interpretation for the results of the
previous sections. We end with conclusions.

2. Data and methods

The 18 models used in this study are listed in Table 1.
Estimates of the models’ B and ECS values have been
published previously by Forster et al. (2013) and
Geoffroy et al. (2013), except for the GFDL-CM3 and
GFDL-ESM2G models, whose sensitivities were only
estimated by Forster et al. (2013), and the BNU-ESM
model, whose sensitivities were only estimated by
Geoffroy et al. (2013). Both studies estimated the 8 and
ECS values from the 4XCO, experiments in the CMIP5
archive, but Forster et al. (2013) used the Gregory et al.
(2004) method to estimate the values, whereas Geoffroy
et al. (2013) estimated values as part of their iterative
fitting of an energy balance model. The two sets of es-
timates are highly correlated, with an r*> value of ap-
proximately 0.95. We refer to the Forster et al. (2013)
estimates as the B, ; and ECS, values and the Geoffroy
et al. (2013) estimates as the Bz, and ECS, values. We
have also assessed the correlation between our estimates
of B; and estimates of the models’ transient climate
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responses (TCRs; the response after 70 years to in-
creasing CO, concentrations by 1% yr~') from Forster
et al. (2013) and with estimates of some of the individual
feedbacks making up B (see Table 1).

Data were taken from the preindustrial control (“pi-
control”’) experiments in the CMIP5 archive. For each
model 500 simulation years were used in the analysis
(for some models more than 500 years are available, in
which case only the first 500 years were retained). The
variables used in the analysis were the surface air tem-
perature, the TOA outgoing longwave radiation, the
TOA outgoing shortwave radiation, the TOA outgoing
clear-sky longwave radiation, and the TOA outgoing
clear-sky shortwave radiation. The incoming solar ra-
diation was assumed to be fixed. Cloud fluxes were
computed as the total flux minus the clear-sky flux.
Global and annual means were taken and then the linear
trends were subtracted from the time series to remove
model drift (although note that some models have
nonlinear drift). All the calculations have been repeated
using deseasonalized, detrended monthly time series
and the results are very similar, although the intermodel
spread is somewhat larger. Throughout this paper fluxes
are positive when they are out of the TOA.

The spectra of the model variables were estimated
using Thomson’s multitaper method (Percival and
Walden 1993), which is similar to the more commonly
used periodogram method for estimating spectral den-
sity. In the periodogram method, rectangular windows
are applied to the data, the power of each filtered signal
is calculated, and the resulting estimates are then aver-
aged together to produce the final estimate of the spec-
tral density. The multitaper method uses a set of optimal
windows (tapers), derived from the discrete prolate
spheroid sequences, instead of rectangular windows,
producing an improved estimate of the spectral density.
The number of windows is a free parameter: using more
windows reduces the variance of the estimate, but it also
produces more spectral leakage. We have found eight
windows to produce good estimates for our data, but re-
turn to this point in section 4a.

Frequency-dependent regression coefficients, or
“transfer functions” (MacMartin and Tziperman 2014),
can be calculated as

()= iwa“’)) 3

where w is frequency, Prr is the power spectrum of
global-mean surface temperature for a particular model,
and Crr is the cross-spectrum of surface temperature
with a particular TOA flux R. However, since 7 is complex
we consider its amplitude (a) and phase (¢) separately:
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a(w) =55 (4)
C.p(w
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Note that a =0 and we will refer to values of a as ““am-
plitudes” as a shorthand for ““amplitudes of the transfer
functions.” Also, Prr is always real and positive-definite
so it is not necessary to take its absolute value in Eq. (4a).
The phase is always between —180° and 180°, with a phase
of —180° being the same as a phase of 180°, and we take
positive phase to mean that the surface temperature leads
the TOA flux. To make our figures more legible, we have
added 360° to any phase value below —90°. This mini-
mizes jumps between phases at adjacent frequencies
of —179° and 179°, for instance.

If ¢(w)=0° then a(w) = B;(w) and an increase in T
corresponds to an increase in R, while if ¢(w) = 180°
then a(w) = —B;(w) and an increase in T results in a
decrease in R. In these two cases 3; can be interpreted
as a feedback coefficient. If ¢(w) = £90° then one vari-
able is proportional to the derivative of the other, with
the sign of the relationship ambiguous. For instance,
dR/dt = —T and dT/dt = R will both produce a phase
of +90°. Physical reasoning must be used to differentiate
between these two scenarios, with a = w ™! and w in these
two cases, respectively.

If the phase is not equal to 0°, £90°, or 180° then 7 and
R both have components that are linearly related (and so
have a phase of 0° or +180°) and components that are in
quadrature (and so have a phase of =90°).

The robustness of the relationships between surface
temperature and the TOA fluxes was assessed using the
squared coherence:

|Crp (@)

2 = — s
Cohig (w) P (0)Prg (@)’

®)

This is similar to a cross-correlation coefficient in fre-
quency and varies between 0 (7 and R are completely
uncorrelated at a given frequency) and 1 (7 and R are
perfectly correlated at a given frequency).

3. Regression results
a. Global-mean regressions

The coherence, phase, and amplitudes for surface
temperature and the outgoing longwave flux, the outgoing
shortwave flux, and the total outgoing TOA flux of the 18
models are shown in Fig. 1. There is significant intermodel
spread for all of these quantities but a number of features
are still noticeable. Most prominently, there is a difference
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FIG. 1. (top) The (left) squared coherence between global-mean surface temperature and the outgoing longwave flux, (middle) outgoing
shortwave flux, and (right) total TOA flux for the CMIP5 models listed in Table 1. The individual models are in gray and the ensemble
medians are shown by the thick black lines. Also shown are (middle) the phase relationships between surface temperature and the fluxes
and (bottom) the amplitudes. Positive phase means that surface temperature leads the TOA flux, although if two variables are +90° out of
phase then either one variable forces the other or one variable damps the other. For instance, the phase will be +90°if T'= —dSW/dt or if
dT/dt = SW. By definition, a = 0 regardless of the sign of the relationship between two variables.

between the models’ behavior on subdecadal (“‘short™)
time scales and on longer time scales. This is most clear in
the shortwave, which in the median transitions from being
about +100° out of phase with the surface temperature at
short time scales to almost 180° out of phase on longer
time scales. Similarly, there is a local maximum in the
coherence at about 1/5 yr~! frequency, then a dip at about
1/10 yr~! frequency, after which the coherence increases
again on longer time scales. The maximum value of a is at
1/2.5 yr ! and then a decreases until it is roughly constant
for decadal and longer time scales. There is a large spread
in the amplitudes at high frequencies.

The longwave is more coherent with surface temper-
ature than the shortwave at all frequencies, but it has the
same pattern: there is a maximum at about 1/5 yr~! and
then the coherence is large for variability on time scales

longer than decadal. The longwave is approximately in
phase with the surface temperature at all frequencies,
although at high frequencies the phase does increase to
about +15° in the ensemble median. The values of a for
the longwave are similar to the shortwave values, but
they are slightly larger at low frequencies and there is
generally less intermodel spread.

These phase relationships indicate that the longwave
flux mostly acts as a negative feedback on temperature
variability at all time scales. The shortwave flux acts as
a positive feedback on temperature variability at long
time scales (hence the ~180° phase at low frequencies),
whereas on short time scales the ~90° phase difference
implies that the shortwave flux either forces surface tem-
perature variations or else is damped by surface temper-
ature variations. As was found by Xie et al. (2016) and
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FIG. 2. (top) The ensemble-median squared-coherence between the surface temperature and the
outgoing clear-sky (blue bars) and cloudy-sky (orange bars) fluxes at 1/2.5 yr ! (dark bars) and 1/25 yr !
(light bars) frequency. The error bars show plus/minus one standard deviation. Also shown are (middle)
the phase relationships at these frequencies and (bottom) the amplitudes. Positive phase means that
surface temperature leads the TOA flux and, by definition, a = 0 regardless of the sign of the relationship

between two variables.

Brown et al. (2017), lag regressions reveal that the short-
wave leads surface temperature in the models (not shown),
which suggests that the shortwave flux is forcing surface
temperature variability on short time scales. This re-
lationship is discussed in more detail in section 5, however.

The coherence of the total outgoing TOA flux and the
surface temperature also has a maximum at 1/5 yr~* but
then decreases and stays roughly constant at 0.3 for
variability on time scales between 10 and 50 years, be-
fore decreasing again. The coherence at high frequen-
cies is intermediate between the shortwave and longwave
coherences. The phase also lies between the shortwave
and longwave values, and transitions from about +60° at
high frequencies to about +90° on longer time scales,
although the intermodel spread is large. The value of
apeaks at 1/2.5 yr ' and then decreases monotonically as
the frequency decreases.

The low coherence and small amplitudes for the total
outgoing flux at low frequencies are the result of a near
cancellation between the longwave and shortwave fluxes.
These have similar values of a at these frequencies and are
almost 180° out of phase with each other, implying that the
fluxes are of opposing sign. This results in the total out-
going TOA flux having little variability on long time scales,
reflecting the fact that GCMs have a net TOA imbalance
close to zero on long time scales. The models do have low-
frequency surface temperature variability, however, and so
the coherence between the total TOA flux and the surface
temperature is weak on long time scales.

b. Breakdown into clear-sky and cloud components

To further understand the relationships between the
surface temperature and the TOA fluxes, Fig. 2 compares
the clear-sky and cloud components of the fluxes. Values
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are only shown for frequencies of 1/2.5 yr~! and 1/25 yr*
to aid exposition, but the results are qualitatively in-
sensitive to the choice of frequencies.

The relationship between the all-sky longwave
flux and the surface temperature is dominated by the
clear-sky component of the flux. This is highly coher-
ent with surface temperature at both frequencies,
approaching 1 at lower frequencies, and is also almost
exactly in phase with the surface temperature. At low
frequencies the value of a for the clear-sky longwave is
roughly 1.8 Wm 2K ™!, which is very similar to the
clear-sky longwave feedback estimates by Andrews
et al. (2012) and by Forster et al. (2013) (i.e., on long
time scales |B;csorr| =~ |Br.csorr|), and there is little
intermodel spread. The cloud component of the long-
wave flux has low (<0.2) coherence with surface tem-
perature at high frequencies but is more coherent at
low frequencies. At high frequencies it is about +90°
out of phase with surface temperature, although there
is alarge model spread, and the amplitude is always less
than1 Wm>K™".

The shortwave flux is more complicated. At high
frequencies the clear-sky and cloud components are
similarly coherent with surface temperature, and the
clear-sky flux is approximately 180° out of phase with
surface temperature while the cloudy-sky flux is in
quadrature with surface temperature. The clear-sky
value of a is about 0.7 Wm ?K ™! and the cloudy-sky
value is about 22 Wm 2K !, In Fig. 1 the total shortwave
flux is roughly in quadrature with surface temperature
and has a value of a close to 2 Wm K™ ! at high fre-
quencies, which suggests that the cloud component mostly
determines the shortwave variability at high frequencies.
At low frequencies the clear-sky shortwave flux is much
more coherent with the surface temperature than the
cloudy-sky flux and also has a significantly larger value of
a, and so it mostly determines the shortwave variability at
low frequencies.

Finally, the clear-sky and cloud components contrib-
ute approximately equally to the relationship between
the total TOA flux and the surface temperature. At both
frequencies, the clear-sky and cloud components have
similar coherences with surface temperature, and the
amplitudes also have roughly the same magnitude.
The cloud component is roughly in quadrature with the
surface temperature at both frequencies, while the clear-
sky flux has a small positive phase. The center-right
panel of Fig. 1 shows that the total TOA flux is 45°-60°
out of phase with surface temperature at almost all
frequencies, which is intermediate between the phase of
the total clear-sky flux and the total cloud flux. This is
further evidence that both components contribute
roughly equally to the total TOA flux variability.
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¢. Breakdown into tropical and extratropical
components

Figure 3 repeats Fig. 2 but now compares the tropical
and extratropical variability. That is, the regression
analysis is repeated using only the tropical mean tem-
perature (30°S-30°N) and using only the extratropical
mean temperature (everywhere else), but still using
global-mean TOA fluxes.

There is a transition from the tropical temperatures
being more closely related with TOA fluxes on short
time scales to the extratropical temperatures being
more closely related on long time scales. For instance,
the tropical temperatures are generally more coherent
with the TOA fluxes on short time scales and the
extratropical temperatures are more coherent on lon-
ger time scales (although for the OLR the tropical and
extratropical coherences are roughly equal at 2.5 yr ).
The values of a are also much larger for the tropical
temperature variability at high frequencies than for the
extratropical temperature variability. Interestingly, the
amplitudes have roughly the same values for both
the tropical temperatures and the extratropical tem-
peratures at low frequencies; we have not investigated
why this is the case.

The shortwave flux is +90° to +100° out of phase with
the tropical surface temperature and +160° to 180°
out of phase with the extratropical temperature. The
previous section showed that at high frequencies
shortwave flux variability is dominated by its cloudy
component, which is about +90° out of phase with the
global-mean surface temperature, whereas at low fre-
quencies shortwave flux variability is dominated by its
clear-sky component, which is about 180° out of phase
with global-mean surface temperature. Putting all this
together, we conclude that at high frequencies the
variability of the shortwave flux is mostly determined
by the relationship between clouds and tropical surface
temperatures, while at low frequencies the shortwave
flux variability is mostly determined by the relationship
between extratropical temperatures and the clear-sky
shortwave flux. This suggests that changes in sea ice and
snow cover largely determine shortwave variability on
long time scales.

In contrast, the longwave flux is always dominated
by its clear-sky component (previous section), and
at high frequencies its variability is mostly driven by
tropical temperatures, while at low frequencies its
variability is driven by extratropical temperatures.
The total TOA flux also transitions from being more
related to tropical temperatures at high frequencies to
being more related to extratropical temperatures at
low frequencies.
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FIG. 3. Asin Fig. 2, but for the relationships between the TOA fluxes and tropical mean temperatures
(red bars) and extratropical mean temperatures (blue bars). Positive phase means that surface temper-
ature leads the TOA flux; by definition, a =0 regardless of the sign of the relationship between two

variables.

4. Comparing with sensitivity estimates
a. ECS and By estimates

Figure 4 shows 72 values for correlations across the
CMIP5 models between the amplitudes at each fre-
quency, a(w), for the various TOA flux components and
the two sets of B and ECS estimates, as well as with the
set of TCR estimates. The values of a for the total
cloudy-sky flux are most strongly related to the ECS and
Br estimates, particularly at time scales of slightly more
than 2.5 years. The amplitudes of the cloudy shortwave
flux are also well correlated with the sensitivity esti-
mates, but less than the amplitudes of the total cloudy-
sky flux. This implies that adding the cloudy longwave
flux improves the relationship, although because of the
relatively small sample size this better correlation may
not be physical. The correlations are slightly better with
the By, and ECS; estimates than with the 85 ; and ECS,
estimates, and none of the amplitudes is strongly related

to the TCR estimates. We believe that this is because the
intermodel spread in TCR is due to variations in the rate
of energy exchange between the deep ocean and the
mixed layer, in addition to variations in .

Scatterplots of the amplitudes for the total cloudy-sky
flux, averaged over the 1/2.5 yr ' to 1/3 yr ! frequency
band, versus the B, (left panel) and ECS, (right panel)
estimates are shown in Fig. 5. There is a strong re-
lationship with both quantities, as the amplitudes ex-
plain roughly 60% of the variance in the models’
sensitivities. The amplitudes are negatively correlated
with the B, values and positively correlated with the
ECS values: models with larger total cloudy-sky flux
amplitudes on these time scales have larger ECS values.
The physical interpretation of this relationship is dis-
cussed in section 3.

We have used bootstrapping to assess the likelihood
of such a strong correlation appearing between two
randomly distributed variables over a frequency band of
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FIG. 4. Shown are r? values for correlations between the amplitudes and the two sets of 3 estimates, the two sets of ECS estimates, and
the TCR estimates. Here CS denotes clear-sky fluxes and CF denotes cloud fluxes. The bottom-right panel shows the r? values for
correlations between the sensitivity estimates and the regression coefficients from regressions between the annual-mean surface tem-

perature and the annual-mean TOA fluxes.

this size. To do this, the total cloudy-sky flux amplitudes
were randomly shuffled across the models for each fre-
quency between 1/2.5 yr ! to 1/3 yr !, then the new am-
plitudes across this frequency band were averaged for
each model and 7? values were calculated for the corre-
lations between the new set of averaged amplitudes and
the estimates of B, ,. Repeating this procedure one mil-
lion times indicates a 0.04% probability of the 7> value
being greater than or equal to 0.6 by chance alone.

We have also performed linear regressions between
the annual-mean TOA fluxes and the annual-mean
surface temperatures (i.e., not in frequency space). We
refer to these as the “‘annual-mean” regressions and the
bottom right panel of Fig. 4 shows the r* values for
correlations between the annual-mean regression co-
efficients and the sensitivity estimates. There are rea-
sonable correlations between the sensitivity estimates
and the regression coefficients for the surface tempera-
ture and the total TOA flux and the regression co-
efficients for the surface temperature and the total
cloudy-sky flux, with the r?> values generally around
0.3. There is a particularly strong correlation between
the B estimates and the coefficients for the total TOA

flux, with an 2 value of about 0.5; however, much of this
is due to the GISS-ESM-LR model, which is an outlier.
If this point is removed the r* drops to ~0.35.

The much lower correlations between the annual-mean
regression coefficients and the sensitivity estimates
compared with the frequency-dependent regression co-
efficient on time scales of 2.5-3 years further demon-
strates the usefulness of working in frequency space, as
we have identified the time scales on which the re-
lationship between 77 and N gives the most information
about the models’ sensitivities to external forcings.

b. Toward an observational constraint

That the best correlations are on time scales of 2.5 to 3
years suggests that it may be possible to use these results
to develop an observational constraint for Earth’s ECS.
For instance, the satellite era comprises about 30 years’
worth of data, although the longest continuous record of
Earth’s TOA fluxes (from CERES) only includes
16 years of data.

To assess how accurately the total cloud value of
a could be estimated with 30 years’ worth of perfect
observations, the spectral calculations were repeated
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FIG. 5. (left) A scatterplot of the amplitudes for the total cloud flux averaged between 1/3 and 1/2.5 yr™! vs the
Br, estimates. The line shows a linear-least squares fit and the 7? value and slope are in the top-right corner. (right)

An analogous plot for the ECS, estimates.

using every 30-yr segment of the 500 years of simulation
from each model. Figure 6 shows probability density
functions of the resulting r? values and slopes for linear
regressions between the new cloud amplitudes and the
Br, and ECS, estimates. From this it can be seen that
including fewer years in the calculations degrades the
relationship, with the mean 7> values and the mean
slopes less than half those when all the data are used.

It is possible that the filtering used when estimating
the spectra overly damps the variance across models
when shorter datasets are used (see third paragraph of
section 2) and so the calculations were repeated using
four spectral windows, rather than eight. This marginally
improves the r? values, but produces significantly better
estimates of the slopes (solid black lines in the bottom
row of Fig. 6). So with 30 years’ worth of data we would
still expect to explain only 25%-30% of the intermodel
spread in B8 and ECS. This improves if longer segments
are used: with 50 years’ worth of data the mean r? values
are above 0.35, and with 100 years’ worth of data the
mean r? values approach 0.5.

The time scale of 2.5 years is roughly the same as that
of the ENSO cycle, suggesting that the total cloud re-
gression coefficients could be estimated from just a few
large ENSO events. To test this, the regression co-
efficients for the total cloudy-sky flux were estimated
from the largest ENSO events in the models, with the
definition of “large” events ranging from the single
largest event to the five largest events. However, no
robust relationships were found between these and the
sensitivity estimates. This agrees with previous studies

showing that accurately estimating the ENSO spectrum
requires O(100) years of data (e.g., Wittenberg 2009;
Stevenson et al. 2010). Since our method relies on esti-
mating spectra on ENSO time scales, it is not surprising
that we need a similar amount of data to produce robust
relationships. Other methods of estimating Earth’s
sensitivity from its internal variability that do not rely on
accurately estimating the spectra of surface temperature
and the TOA fluxes may converge more quickly (Zhou
et al. 2015; Cox et al. 2018).

c¢. Individual feedbacks

Although our focus is on the relationship between 3,
and B, we have also compared our results with the in-
dividual feedbacks making up B: in addition to their B
estimates, Geoffroy et al. (2013) provide estimates of
the total longwave and shortwave feedbacks in forced
simulations, while Forster et al. (2013) provide estimates
of the clear-sky longwave and clear-sky shortwave
feedbacks and the total cloud radiative forcing (CRF;
Soden et al. 2004).

The left panel of Fig. 7 shows the median amplitudes
as a function of frequency for these different compo-
nents as well as the two standard deviation ranges of the
absolute values of the estimates of the corresponding
forced feedbacks (arrows to left of panel; note that the
CREF can be positive or negative). At high frequencies
the amplitudes are generally larger than the forced
feedbacks, except for the clear-sky shortwave, which is
close to its forced value on subdecadal time scales. On
longer time scales the clear-sky longwave and total

Unauthenticated | Downloaded 06/01/22 02:50 PM UTC



1 JuLy 2018

Amplitudes vs g,
mean 8 windows = 0.236 :

mean 4 windows = 0.240

mean 8 windows = -0.758

1.6 mean 4 windows = -1.187

-2.0

-15 -1.0

Slope

-0.5 0.0 0.5

LUTSKO AND TAKAHASHI

5061

Amplitudes vs ECS,
mean 8 windows = 0.246

mean 4 windows = 0.282

mean 8 windows = 0.283 Wm~2 / K
mean 4 windows = 0.465 Wm~2 / K

0.4 0.8
Slope [Wm™2 /K]

FIG. 6. (top left) The probability density functions (PDFs) of r* values for correlations between the B, estimates and the amplitudes for
the total cloud flux averaged between 1/3 and 1/2.5 yr ™!, with the latter calculated using every 30-yr segment in the 500 years of simulation
for each model. The red bars show the PDFs when eight spectral windows are used to estimate the spectra while the black lines show the
estimates when four windows are used. The dashed vertical black line marks the ? value when the calculations are performed with all
500 years of data. Other panels are similar, but for (top right) the ECS, estimates, (bottom left) the slopes of the correlations between the
B, estimates and the amplitudes, and (bottom right) the slopes of the correlations between the ECS, estimates and the amplitudes.

longwave amplitudes are close to the absolute values of
the corresponding forced feedbacks but the shortwave
and clear-sky shortwave amplitudes are much larger
than their corresponding forced feedbacks, suggesting
that changes in snow cover and sea ice feed back more
strongly on internally generated temperature variations
than on forced temperature perturbations. The total
cloud amplitude peaks at about 1/2.5 yr ! frequency and
then decreases on longer time scales, and there is large
spread in the CREF, so it is unclear whether the two have
similar values.

The right panel of Fig. 7 shows the r? values for cor-
relations across models between the amplitudes and the
forced feedbacks. The strongest relationship (2 > 0.6) is
for the relationship between the CRF and the amplitude
of the total cloudy-sky flux at about 1/2.6 yr~*. This is
expected from our earlier results (Fig. 4): clouds are
responsible for much of the spread in models’ 8 and
ECS and so if the value of a for the total cloudy-sky flux

at this time scale is correlated with 8, we would expect it
to also be correlated with the total CRF. There are also
reasonable correlations (r* of about 0.4) between the
amplitudes and the forced feedbacks for the total
shortwave flux, both clear-sky fluxes, and the CRF on
time scales of 10 to 20 years. These time scales are long
enough that the variability is independent of ENSO
variations and there is also relatively high coherence
between the fluxes and the surface temperature, but the
amplitude estimates also have less sampling error than
the estimates at lower frequencies.

5. Interpretation with a conceptual model

a. Fitting the power spectrum of global-mean surface
temperature

To develop a conceptual model for the relationship
between surface temperature and the TOA fluxes we
begin by fitting the power spectrum of global-mean
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the amplitudes of the feedbacks and the estimates of the forced feedbacks.

surface temperature. A natural starting point is the
stochastic linear feedback model of Hasselmann (1976)
for the temperature variability of the mixed layer (see
also Wu and North 2002; Cox et al. 2018):

aT
C—:BT+7],

dt ©

where T is the mixed-layer temperature, ¢ is the heat
capacity of the mixed layer, B is a feedback coefficient,
and 7 is a white noise term. The equation for the power
spectrum of this model is given in the appendix.

To fit this system to the ensemble median power
spectrum of T the Metropolis version of the Markov chain
Monte Carlo (MCMC) method was used to estimate the
parameters (Robert and Casella 2004). This is a Bayesian
technique for estimating the parameters (6) of a model
for a dataset x, in which a prior probability distribution for
the parameters [P(6)] and the data x are combined to
generate a Markov chain that has the posterior distribu-
tion [P(6]x)] as its equilibrium distribution.

Gaussian priors were assumed and, because of the
lack of a priori information, the means of the prior dis-
tributions were estimated by eye and for each variable
the standard deviation was taken to be 10% of the mean.
The value of ¢ strongly influences the results of the
calculation and the mean of its prior distribution was
taken to be 30 Wm 2K~ ' yr !, which corresponds to a
mixed layer depth of about 250 m. This is somewhat
deeper than the values used in previous box model fits to
coupled model simulations (e.g., Wu and North 2002;
Held et al. 2010; Murphy and Forster 2010) but was
found to produce a better fit to the spectra. The final

parameter values from the MCMC simulations are listed
in the second column of Table 2.

The model produces a good fit to the ensemble-median
power spectrum at low frequencies (<1/20 yr™; Fig. 8),
but the power is underestimated at high frequencies. To
address this, an ENSO term was added to the right-hand
side of Eq. (6):

c%=,8T+n+yENSO, @)
where vy is a constant of proportionality with units of
W m? and ENSO is a nondimensional ENSO index. The
ENSO index was modeled by white noise filtered using a
third-order Butterworth filter to only retain power be-
tween 1/8 yr~ ! and 1/2.2 yr', and is shown in the left
panel of Fig. 9. This form was again estimated by eye;
individual models tend to have a stronger ENSO peak but
because we are comparing with the ensemble median the
peak is spread out over a broad range of frequencies. The
equation for the power spectrum of this system is also
given in the appendix and the parameters were again
estimated with the MCMC algorithm. The dashed red line
in Fig. 8 shows that this additional term results in a much
better fit to the power spectrum.

b. Modeling the relationship between temperature
and the TOA fluxes

The energy balance of the mixed layer can be
written as

dT
—=-N-§
cdt ’
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TABLE 2. Parameters estimated by the MCMC algorithm in section 5.

Hasselmann (1976) model

Model with ENSO term

Constant Bgw Frequency-dependent Bgy

c(Wm?2K!yrt) 29.8
B(Wm?2K™) -11
(W m?) 0.049
y(Wm?) n.a.
Borr(Wm2K™) n.a.
Bsw(Wm?2K1) n.a.
Bs(Wm2K™) n.a.
oo r(Wm™) n.a.
oZw(Wm?) n.a.
a2(Wm?) n.a.
Yor(Wm?) n.a.
Ysw(Wm?) n.a.
vs(Wm?) n.a.

31.2 34.6 38.9

—1.05 n.a. n.a.
0.049 n.a. n.a.
0.91 n.a. n.a.
n.a. —-1.80 -1.91
n.a. 0.79 0.82
n.a. -0.05 -0.07
n.a. 0.01 0.02
n.a. 0.02 0.04
n.a. 0.05 0.06
n.a. 0.0003 0.006
n.a. 0.06 0.09
n.a. 0.62 0.62

where N is the net TOA energy flux and S is the energy
flux from the deep ocean into the mixed layer. Assuming
that the incoming solar radiation is fixed, then N is the
sum of the outgoing longwave and outgoing shortwave
radiation (OLR and SW, respectively):

¢ _ _(OLR +sW)—s.

i ®)

Comparing with Eq. (7), each term on the right-hand
side of Eq. (8) can be modeled as the sum of a term that
is linearly proportional to 7, a white-noise term and a
term proportional to ENSO:

OLR(?) = =B T (1) = Mo g (1) — Yo rkENSO(2),  (9a)
SW(t) = =By T(1) — Mgy (1) — 75, ENSO(?), (9b)
S(1) = ~BsT (1) = my(t) = y;ENSO(1). (%)

Based on the regression analysis in section 3, we in-
terpret the equations for the longwave and shortwave
fluxes as follows. The B terms are the clear-sky feedbacks,
representing a combination of the Planck feedback, the
longwave water vapor feedback, and the lapse-rate feed-
back for the longwave and a combination of the ice-
albedo feedback and the shortwave water vapor feedback
for the shortwave. As was shown in section 3b, for both
fluxes the clear-sky component dominates the variability
on long time scales, when the fluxes act as linear feedbacks
on temperature variability.

The ENSO terms represent the effects of ENSO-
induced changes in cloud radiation on global-mean
surface temperature. The regression analysis showed
that tropical clouds dominate the shortwave variability
at high frequencies (Fig. 3), when they appear to force
temperature variability, and we assume that tropical
clouds also play a minor role in the longwave variability
at these frequencies. However, although we have not
demonstrated it here, we believe that tropical clouds are

actually responding to local sea surface temperature
(SST) perturbations during ENSO events. Observa-
tional and modeling studies have shown that clouds re-
spond quickly to SST perturbations in the tropical
Pacific, whereas the global-mean temperature response
to these perturbations lags by several months (Klein
et al. 1999; Lau and Nath 2001; Zhou et al. 2017;
Andrews and Webb 2018). So, from a global-mean
perspective, clouds, and hence the SW flux, appear to
force surface temperature variability on ENSO time
scales when in fact they are responding to warming/
cooling of the tropical Pacific and then amplifying the
global-mean surface temperature response to the
ENSO events.

The S term combines the transfer of heat from the
deep ocean to the mixed layer, in the first two terms,
with the reorganization of heat between the subsurface
and the surface in the tropical Pacific and between
the tropical Pacific and the mixed layer over the rest of
the world during ENSO events in the third term. The

—107?
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FIG. 8. Ensemble median power spectrum of global-mean sur-
face temperature 7 in black. The blue line shows the MCMC-
derived fit using the Hasselmann (1976) model and the dashed red
line shows the MCMC-derived fit using the modified model with
the ENSO term.
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equations for the resulting spectra are given in the
appendix.

The MCMC algorithm was again used to fit the spectra
of the fluxes, testing against the coherence between 7 and
the OLR. Similar estimates were obtained using the co-
herence between T and SW. There are 10 free parameters
in this system; however, several constraints can be placed
on their values. When possible, the means of the prior
distributions required by the MCMC algorithm were taken
from the results of the spectral calculations in section 3.
The results of the previous section also constrain the pa-
rameters, as we sought to keep B g + Bsw + Bs ~ B, for
instance. However, it was found that a slightly deeper ef-
fective mixed-layer depth (closer to 300 m) produced the
best fits to the spectra. For each variable the standard
deviation was taken to be 10% of the mean. The final
parameter values from the MCMC simulations are listed
in the fourth column of Table 2.

The phase relations, coherence, and amplitudes pro-
duced by the final parameter settings are shown by the
blue lines in Fig. 10. The conceptual model does a rea-
sonable job of reproducing these, with the phase re-
lationships particularly well captured. However, the SW
coherence is significantly overestimated at almost all
frequencies. This can be improved by making Bgy fre-
quency dependent, so that it only acts on long time
scales. We do not have a rigorous justification for this
modification, but this could represent the large thermal
inertia of the high-latitude oceans that are responsible
for the sea ice variations that drive the ice-albedo
feedback. We have modeled Bgy as decaying to zero
on frequencies higher than 1/15 yr~!, using a second-
order Butterworth filter (right panel of Fig. 9). As the
dashed red lines in Fig. 10 show, this successfully reduces
the coherence between the SW and 7, while maintaining

the qualitative agreement in the other quantities. The
new parameters estimated by the MCMC algorithm are
similar to the constant By case and are listed in the fifth
column of Table 2.

As an aside, taking the forcing to be the ensemble-
mean value from Forster et al. (2013) (—3.44 Wm ™ ?),
the constant Bgy version of the conceptual model has an
ECS of 3.3 K, which is approximately the ensemble-
mean ECS of the CMIPS5 models used in this study
(Forster et al. 2013; Geoffroy et al. 2013). The
frequency-dependent Bgy version of the model has a
slightly smaller ECS of 3.1 K.

c. Discussion

Both formulations of the conceptual model are able to
reproduce the transition of the shortwave from being
roughly in quadrature with surface temperature at high
frequencies to being 180° out of phase at low frequencies.
As can be seen from the final parameter values in Table
2, this is because in both formulations the linear feed-
back coefficient for the shortwave is relatively small and
so the ENSO term dominates the shortwave variability
at high frequencies. In contrast, the longwave has a
much larger feedback coefficient and so it always acts
primarily as a negative feedback on temperature vari-
ability, although the ENSO term does result in a small
positive phase difference at high frequencies, as was
seen in the regressions.

We emphasize, however, that our model is intended to
be qualitative, and the final parameter values should not
be taken as being physically accurate. Furthermore, our
use of a frequency-dependent form for Bgy is specula-
tive, and is mostly an ad hoc correction for the model’s
overestimation of the coherence between SW and T at
high frequencies, which does not affect the values of a or
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FI1G. 10. (left) The (top) ensemble-median coherence, (middle) phase, and (bottom) a for OLR and 7 in black
compared with the results of the conceptual model in blue (constant Bgy) and red (frequency-dependent Bgy ).

(right) As at left, but for SW.

of the phase relation between these variables. This
frequency dependence could reflect a frequency
dependence of sea ice variability due to the thermal
inertia of the high-latitude oceans, but we have not at-
tempted to demonstrate that here.

Finally, although they are important for determining
the relationship between temperature variability and the
radiative fluxes, both ygy and yq; g are much smaller than .
This agrees with the finding of Chiang and Sobel (2002)
that the global warming associated with El Nifio is
mostly mediated by surface energy fluxes, rather than
TOA fluxes. The values in Table 2 also suggest that the
deep ocean does not feed back strongly onto temperature
variations (B is small compared to By g and Bgy ), Which
reflects the fact that ocean heat uptake is dominated by
the formation of deep North Atlantic and Antarctic bot-
tom waters. As a result, Eq. (8) can be approximated as

dT

; ~(Borr + Bsw)T + vsENSO + 7,

e (10)

where 7 is the sum of the noise terms.

6. Conclusions

In this study we have investigated whether the internal
variability of a subset of the coupled climate models

participating in CMIPS5 can give insight into the models’
sensitivity to external forcings. We have done this by
comparing f;, the coefficient relating the N, anomalies
and 77 anomalies at a given frequency, with 8, the ra-
diative restoring coefficient of forced temperature per-
turbations, and ECS, the models’ equilibrium climate
sensitivity, across the models. By necessity, this has in-
volved working in the frequency domain and so we have
also studied the spectral relationships between the TOA
fluxes and global-mean surface temperature.

The longwave flux and the surface temperature are
generally highly coherent and in phase with each other,
as the longwave primarily acts as a negative feedback on
surface temperature variability. The relationship be-
tween the longwave and the surface temperature is
dominated by the clear-sky component of the longwave,
with the tropical flux mostly determining the high-
frequency variability and the extratropical flux mostly
determining the low-frequency variability. On decadal
and longer time scales the ensemble-median magnitude
of B;csoLr is about 1.8 Wm ?K™!, which agrees with
the magnitudes of the estimates of the forced clear-sky
longwave feedback by Andrews et al. (2012) and Forster
et al. (2013).

The shortwave flux behaves differently at high
(shorter than decadal) and low frequencies. At high
frequencies it is roughly 90° out of phase with the surface
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temperature and its variability is mostly determined by
tropical clouds. This suggests that the shortwave flux
forces temperature variability at these frequencies, al-
though we believe that the shortwave variability on
these time scales is actually due to tropical clouds re-
sponding to warming or cooling of the tropical Pacific
during ENSO events. These cloud responses amplify the
global-mean surface temperature response to these
ENSO events, which lags by several months, and so the
shortwave flux appears to force the surface temperature
when in fact its variability is due to ENSO-induced
changes in cloud cover. Future work is needed to verify
this interpretation.

At lower frequencies the shortwave and the surface
temperature are more coherent and are 180° out of
phase, so that the shortwave acts as a positive feedback
on surface temperature variability. The shortwave var-
iability on these time scales is mostly determined by the
extratropical clear-sky flux, which likely represents sea
ice and snow cover variability. The amplitude of the
shortwave flux is larger at high frequencies and asymp-
totes to a value of about 1.6 Wm *K ™' at low fre-
quencies. At these frequencies the longwave flux and the
shortwave flux nearly cancel and so the total TOA flux
has little power, a consequence of the models having
zero net flux at TOA when averaged over a few decades.
Athigher frequencies the behavior of the total TOA flux
is generally between that of the longwave and the
shortwave.

We have found that the total cloud flux amplitudes
on time scales of about 2.5 years are well correlated
with the B and ECS estimates, and can explain up to
60% of the variance across models. This is similar to
the correlations between the interannual cloud feed-
back and the forced cloud feedback found by Zhou
et al. (2015) and by Colman and Hanson (2017), al-
though the latter study compared feedbacks derived
from RCP8.5 simulations, rather than abrupt 4XCO,
simulations. We emphasize, however, that we have
directly compared the feedbacks with the total feed-
back By and the models’ ECS, rather than with the
individual components of B,. Another difference is
that both studies used the kernel method to estimate
the forced cloud feedback (Soden et al. 2008), whereas
the estimates of the forced feedbacks used here were
obtained using the Gregory et al. (2004) method [the
Forster et al. (2013) estimates] and as part of the iter-
ative fitting of a two-box energy balance model [the
Geoffroy et al. (2013) estimates].

Figure 5 demonstrates that models with larger total
cloudy-sky flux amplitudes generally have larger ECS
values. We have suggested that the total cloudy-sky flux
amplitudes (which are dominated by the shortwave
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component) represent the ability of ENSO-induced
cloud changes to amplify ENSO-induced surface tem-
perature variations via the tropical atmospheric bridge
mechanism described by Klein et al. (1999). From this
perspective, the relationship between the amplitudes
and the ECS estimates indicates that models in which
clouds amplify ENSO-induced surface temperature
changes more strongly are also more sensitive to
external forcings.

Studying cloud variability on ENSO time scales can
thus tell us about Earth’s climate sensitivity, even
though the patterns of SST variations differ from the
forced patterns. A number of recent studies have shown
that cloud feedbacks are highly sensitive to the pattern
of surface temperature change (Andrews et al. 2015;
Zhou et al. 2017; Andrews and Webb 2018), in particular
whether the warming is focused in regions of mean as-
cent or in regions of mean subsidence (or in the extra-
tropics). On interannual to decadal time scales, temperature
variability in the preindustrial control simulations is
dominated in the tropics by warming/cooling of the
central and eastern equatorial Pacific and off the west
coast of South America (Fig. 11). Warming of these
regions also dominates models’ tropical responses to
CO, perturbations on intermediate and longer time
scales, that is, a decade or so after the perturbation is
initially applied [e.g., Fig. 7 of Held et al. (2010), center-
left panel of Fig. 5 of Andrews et al. (2015), and sup-
plementary Fig. 6 of Proistosescu and Huybers (2017)],
which is further suggestive of a link between cloud
variability on ENSO time scales and cloud changes in
forced experiments.

We have also found that long datasets are required to
accurately estimate $3; (Fig. 6). When 30 years are used
in the calculations the average r*> values between the
amplitudes and the sensitivity estimates are only 0.25-0.3.
Moreover, the slope of the relationship is typically un-
derestimated, although we have shown that the slope
can be improved by using fewer windows to estimate the
spectra. Another difficulty with using observations is
that the forced component must be removed, whereas
here we have used unforced simulations.

We conclude that there is a meaningful relationship
between B; and the sensitivity of CMIP5 models, al-
though the models suggest that this relationship is of
limited observational use at present, as longer time
series of TOA fluxes are required to accurately con-
strain the relevant 3; values. A caveat to this is that our
results depend on the accuracy and diversity of the
models” ENSO simulations. AMIP simulations, in
which sea surface temperatures are prescribed and so
could more realistically mimic Earth’s ENSO vari-
ability, might provide a more realistic assessment of
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FIG. 11. Lag regressions of deseasonalized and detrended surface temperature regressed and global-mean surface
temperature that is bandpass filtered to only retain power at frequencies between 1/2 yr ™! and 1/8 yr ™!, from the
preindustrial control simulations for six of the CMIP5 models used in this study. Global-mean surface temperatures
lag by 6 months, corresponding to a 90° phase lag on time scales of 2.5 yr.

the relationship between B; and climate sensitivity.
Nevertheless, our results also point to a novel way of
studying the processes determining the intermodel
spread of equilibrium climate sensitivity. Previous studies
have investigated the relationship between clouds and
ENSO (e.g., Klein et al. 1999; Chiang and Sobel 2002; Sun
et al. 2006; Lloyd et al. 2012; Radel et al. 2016), and the
ability of ENSO-induced cloud cover changes to amplify
ENSO-induced surface temperature variations is worth
continued study.
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APPENDIX

Equations for the Spectra

The power spectrum of temperature in the Hasselmann
(1976) model is

0.2

1T p (A1

where w is frequency and o is the power of the white noise.
This is modified by the addition of the ENSO term to

o’ + y*P,
s S

with Ppnso being the power of the ENSO spectrum
(shown in the left panel of Fig. 9).

In the model described in section 5b 7 can be written
in frequency space as

Oorr T Ysw T Y)ENSO + 41 p + figyy + 7

T= ,
lwc, = Borr ~ Bsw ~ Bs

. (A3)
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where circumflexes indicate Fourier transforms. Writing
D =iwc — Borr — Bsw — Bs, the power spectrum of T is
then

Pp(w) =(TT%)

2
_ (Yorr + Ysw T ¥s) Penso T oLr + 05w + 035
(DD '

(A4)

The equation for the OLR can be written as

__p (Ysw + v5)ENSO + 7y, + 7g
OLR D

(g t Yorr ENSO)(iwc — By, — By)
D 9

OLR

and hence its spectrum is

_ Bk 2 > 2
Porg = (DD¥) [(Ysw + ¥5) Penso + Tsw + 0]

O%)LR + V%LRP ENSO
(DD*)

[wzcz - (Bsw + Bs)z] .
(AS)

Analogously for SW,

_ Biw 2 2 2
Py = (DD¥) [(Yorr T ¥5) Penso T ToLr T 0]

0st + 7§WPEN50

<DD*> [wzcz - (BOLR + Bs)z] .

(A6)

Finally, the cross-spectra are given by

Corrr = <OLRT*> = ~BorrFr(@)
0 or * Yorr (Yorr + Ysw + €5)Penso
D ’
(A7a)
Cswr = (SWT*) = ~BswPr(®)
_ 3w T YswYorr + Ysw + €)Pexso
D= ’
(A7b)
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