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Abstract. It has been shown that lag-covariance based sta- 4. that because of this it is possible to have a selection of
tistical measures, suggested by the Fluctuation Dissipation  models in which the climate sensitivity is inversely re-
Theorem (FDT), may allow estimation of climate sensitiv- lated to the decorrelation time scale, as is true for the
ity in a climate model. Recentl$chwartz(2007) has used IPCC models.
measures of the decay of autocorrelation in a global surface
temperature time series to estimate the real world climate
sensitivity. Here we use a simple climate model, and analy-
sis of archived coupled climate model output from the IPCC1 Introduction
ARA4 runs, for which the climate sensitivity is known, to test
the utility of this approach. Our analysis of these archivedAn accurate determination of the earth’s climate sensitivity,
model output data show that estimates of climate sensitivthe expected mean surface temperature response to a dou-
ity derived from century-long time scales typically grossly bling of carbon dioxide concentration, has been the outstand-
underestimate the models’ true climate sensitivity. We anaing problem in climate dynamics for the last several decades.
lyze the behavior of the simple model with adjustable heatLeith (1979 andBell (1980 introduced the idea that the cli-
capacity in two surface layers, subject to various stochastidnate sensitivity of the earth or of a general circulation model
forcings and for various climate sensitivities, modulated by (GCM) could be predicted using the Fluctuation Dissipation
albedo and water vapor feedbacks. We use our simple cliTheorem (FDT) Callen and Greeril952). The FDT states
mate model to demonstrate: that for systems near equilibrium, the rate at which anomalies
dissipate is related to the sensitivity of the system to a finite
1. that a much longer time series would be required to ac-change in forcingBell (1980 andCionni et al.(2004 were
curately diagnose the earth’s climate sensitivity than isable to show that global climate sensitivity could in fact be
presently available predicted to useful accuracy for a simplified climate model
and for a highly complex chemical GCM, respectively, using
2. that for shorter time series there is a systematic bias tomeasures based on the FBdtitsun and Branstatq2007)
wards underpredicting climate sensitivity, showed that the complex patterns of a GCM response to spa-
tially isolated heating could be predicted using the FDT, and
3. that the addition of a second heat reservoir weaklynoted that long time series-(L00 years) were required for
coupled to the first greatly reduces the decorrelationaccurate diagnosis of the response matrix. In addition, they
timescale of short temperature time series produced byresent a clear justification for the applicability of the FDT
the model, aggravating the tendency to underestimatéo models of the atmospheric flow, and thus potentially to the
climate sensitivity, and real climate systemLangen and Alexee(2005 used the
FDT to predict the zonal mean response of a GCM to cli-
mate forcing, using 500 years of model output d&tarth et
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the FDT to climate models. Great hopes have been stakedstimate of climate sensitivity by the lag-correlation method.
on the use of the FDT to diagnose sensitivity using satelliteThese errors are due both to the inadequate length of the time
infrared radiance dat&pody et al. 1998. series involved, and to the assumption of a single heat capac-
In all of these discussions, two aspects of the potential uséty for the climate system.
of the FDT for climate sensitivity diagnoses have been ne-
glected. First, there has been no explicit discussion of thel.1 Fluctuation dissipation and climate sensitivity
use of the FDT in the case where the heat capacity of the
system is uncertain. Second, there has been no thorough if0 gain an intuitive understanding of the use of lag-
vestigation of how the length of the time series needed for argorrelation techniques to estimate climate sensitivity, the
accurate diagnosis of climate sensitivity depends on the pareader should imagine the climate system as a linear oscil-
rameters (climate sensitivity, heat capacity, number of indedator. By observing unforced oscillations of the temperature,
pendent variables) of the system. In this paper, we investigatwe hope to estimate the response of the climate system to
the practical usefulness of the FDT for the purpose of diag-2 step change in climate forcing. We assume that the un-
nosing climate sensitivity. To do so, we use an extremelyforced fluctuations, though in reality driven by internal insta-
simple climate model that is nevertheless includes paramebilities, can be treated as though they were driven by random
ters controlling climate sensitivity, heat capacity and internalfluctuations of the forcing. The system tends to return to its
heat transports. equilibrium temperature because of the dominant blackbody
Recently, Schwartz (2007 has used analysis of lag- feedback, whereby an increase in temperature leads to an in-
autocorrelation of the global mean surface temperature timgrease in outgoing radiation, and thus a return to equilibrium.
series for the last 150 years, along with analysis of ocearln a system with large climate sensitivity, a small fluctuation
heat storage over the last 50 years, to simultaneously calcun the climate state leads to feedbacks that tend to reduce
late the earth’s effective heat capacity and climate sensitivthe response of outgoing radiation to the climate perturba-
ity. Schwartz(2007) diagnosed a value of the climate sensi- tion and slow the return of the system to equilibrium. On
tivity (0.3 KW~—1m?) that was quite low compared to other the other hand, in a system with small climate sensitivity, the
estimates of climate sensitivity (6 KW-1m?). Schwartz ~ same fluctuation in climate state causes feedbacks that tend
argued that the discrepancy was due to the models’ overto hasten the return to equilibrium. Thus a time series of
estimate of the climate system’s decorrelation time scale, arsurface temperature ought to show larger lag-autocorrelation
guing that while his results showed a decorrelation time scaldn the system with larger climate sensitivity, and smaller lag-
of about 5 years, climate models typically required someautocorrelation in the system with smaller climate sensitivity.
30 years to fully adjust to a step change in climate forc- There are a number of reasons to suspect that this relation-
ing. We will show that actual climate model time series typ- ship might not be so simple in the real world. The relative
ically show decorrelation time scales similar to that found importance of external and internal drivers of global temper-
by Schwartz(2007 for observed global average surface air ature is different at different time scales, and it is reason-
temperature. Thus, application of Schwartz’s technique toable to suppose that feedbacks might therefore act differently
climate model output results in a substantial underestimatet different time scales. For instance, interannual variations
of the climate models’ climate sensitivity. We will use a sim- of global mean surface temperature in the real climate sys-
ple heuristic climate model to show how a model with a rela-tem are largely driven by internal oscillations of the system
tively long adjustment time may nevertheless exhibit a short(e.g. ENSO), where the mean temperature change is a small
decorrelation time-scale. residual of large and nearly compensating patterns of heat-
Foster et al(2008, Knultti et al. (2008, Scafetta(2008, ing and cooling. In this case it is clear that any geographic
and Schwartz(2008 also address the claims &chwartz ~ dependence in the strength of climate feedbacks might make
(2007). Knutti et al. (2009 compares predicted and real- the global feedback have a different relationship to the global
ized climate sensitivity in the AR4 GCM runs, whieafetta  temperature for these internally forced variations than for ex-
(2008 andFoster et al(2008 use simplified a climate model ternally forced climate change (e.g. by a secular trend in car-
to simulate the ability of the FDT to estimate climate sen- bon dioxide concentration).
sitivity. They also concluded that the method ®¢hwartz These concerns suggest that the FDT should be applied
(2007 would systematically underestimate climate sensitiv-to the climate system using a large state vector, containing
ity. The analysis of the impact of multiple heat capacities many climate relevant variables. Inddegmnikov and Grit-
presented here is unique to this study. sun(2005 andMajda et al.(2005 have shown that the FDT
In Sect. 2 we review the use of lag-correlation analysis toapplies well to the fully non-linear systems represented by
estimate climate sensitivity. In Sect. 3, we apflghwartz  climate models, anGritsun and Branstatg2007) have con-
(2007’s method to the IPCC AR4 model runs, to test the firmed that the response of a GCM to a spatially constrained
method on modeled climate systems whose climate sensielimate forcing can be predicted in detail using the FDT on
tivity is known. In Sects. 4 and 5 we introduce our simple a large state vector (approximately 1800 variables). Never-
climate model and apply it to explain the systematic under-theless, in this work we focus on the ability of the FDT to
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diagnose climate sensitivity using a single global tempera-years, and looking for a tendency of the value of the decorre-

ture variable so that we can focus on the data requirementkation time scale to asymptote to a fixed value ascreased.

for this diagnosis, and especially on the role of an unknownHe combined this estimate with a separate estimate of global

heat capacity as an obstacle to accurate diagnosis. heat capacity to produce his estimate of climate sensitivity.
We now formalize our treatment of the relationship be- Cionni et al.(2004 employed a method inspired by the

tween the lag-correlation and climate sensitivity for a purely FDT, where instead of calculating the integral of the lag co-

linear system. Our discussion follows that®énland and variance matrix of the system they calculated the integral

Sardeshmuki@1995 (a more general treatment, resulting in of the lag covariance of the systetand the forcing :

the same formula for predicting climate system response to . B

forcmg_ from th_e Iag covariance matrix of the syst_em vari- _ g 1= / Rye (T)d7, (5)

ables, is given irGritsun and BranstatpP007). Consider a

linear system forced by white noisg)(and a fixed forcing  \yhere B is an estimate of the best-fitting linear operator

f: B, whose accurracy is limited by the finite length of the time

dx seriesx, and where
dt =

A change inf from fp to f1 will result in a change in the
long-term mean value af of (X1—X0)=—B~1(f1—fo)~ L.
Thus we call-B the sensitivity matrix. —B can be deter-
mined by observation of the lag-covariances of the system

Rxg(r)=/o x(t+r)§(t)7dt//o EMEM dt. (6)

71, the upper limit of integration in Ecp is the lag beyond
which no significant correlation is observed. One way to
thoose a value for this variable is to integrate Bdor a

as follows: sufficiently larger; thatBestreaches a maximum, and then
B=-InC, (r)C(0)L, ?) bgglns to degr.egsé:lonnl et al.(2004 acgurately gstlmated
T climate sensitivity based on a 10 year time series of model

output data from a GCM run with fixed sea surface temper-
ature and known forcings. In their study, diagnosis of effec-
tive heat capacity was not needed because only the small land
surface heat capacity contributed to the decorrelation time. In

whereC,, (1)=<x(t+7)x! (1)>, andt is an arbitrary time
lag. By taking the exponent of both sides of BPgand then
integrating over all time lags, one obtains

o0 B Y c co-1 3 the real world the task becomes more difficult, due to short
/c.) exp(rB)dt __/0 5 (T)CO0)dr () time series and a lack of accurate forcing information.
or
1 0o 1 2 Application to IPCC AR4 model output
_B 1= / C.x(1)C(0) *dr, 4)
0

Here we apply the tools described above to test the abil-
which is a form of the FDT. Note that no use is made in this ity of analysis based on lag-correlation of temperature time-
estimate of the white noise forcing, and that the sensitivity ~ series, combined with estimation of global heat capacity by
is given in units of time: it is the time scale of the equiv- the methods oSchwart2007) to predict climate sensitivity
alent restoring force of the systenritsun and Branstator in the IPCC AR4 model runs. Figuf@ shows the autocorre-
(2007, following Dymnikov and Gritsur(2005 andMajda lation of the detrended global mean surface air temperature
et al. (2005, have shown that the same result (i.e. that theas function of lag (in years) for 18 coupled model simula-
equilibrium response of the system to a sustained small pertions of the 20th century (the “20c3m” runs). The curve for
turbation can be calculated using the integrated lag covarithe GISS global mean surface air temperattfansen et al.
ance of the unperturbed system) can be obtained for non1996 is shown in light blue, and is the same curve shown in
linear systems as long as their probability density functionsSchwartz(2007), Fig. 2c. Note the good agreement between
are approximately gaussian. In any practical application ofthe GISS curve and the IPCC model curves. Fidirshows
the FDT to climate sensitivity diagnosis, we must be able tothe decorrelation time scale,% Inr(z) for the same global
write the controlling equations of the climate system so thatmean surface air temperature time series. Again, the light
the climate forcing appears on the right hand side in units ofblue curve showing the GISS observations falls well within
Kelvins per unit time.This requires independent knowledge the range of the IPCC model lag autocorrelation curves. The
of the heat capacity of the climate system. variability of the decorrelation time scale as a function of
One can use either Eq8.or 4 to obtainB. Schwartz  lag for each model, and for the observed data are due to a
(2007 used a scalar equivalent to Ef}. to estimate the combination of random error associated with the relatively
decorrelation time scale for the time series of global meanshort time series involved, and deviations from linearity of
temperature,—% Inr(z), wherer(7) is the autocorrelation of the models. In the absence of much longer runs for each
x at lagz, by plotting its value versus for lags of up to 20 model, we cannot distinguish the role of each. We obtain our
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Fig. 1. (a) Lag autocorrelation of global mean temperatures from wyrm=2) plotted versus global mean surface air temperature
the GISS surface air temperature record (light blue), and from theanomaly. IPCC Models output data are shown in black as in Fig. 1,
IPCC AR4 20th Century runs (blackb) De-correlation timescale  wijth the GISS temperature ahevitus et al(2005 heat storage fig-

t/In(r(r))) for the time global mean time series, and the same yres taken by digitizing Fig. 4 dbchwartz(2007), shown in light
color-coding. blue.

best estimate of the model decorrelation time scale by findingt"d & standard deviation of 81 Wyrhk—,

the lag for which the autocorrelation is less than zero, and av- With these two quantities calculated, we can now, follow-
eraging the decorrelation time scale either over all lags up tg"d Schwart22007), make an estimate of the equilibrium cli-
the lag with zero correlation, or over the three years prior toMat€ sensitivity, and see how well it predicts the actual model
that lag, whichever is greater. Using this method, the averag&€nSsitivity. One difficulty with this procedure concerns the
decorrelation time scale for the models is 8.3 yr, with a stan-definition of climate sensitivity. Since the theory underlying
dard deviation of 4.5yr, and a range of 2.8-18.5yr. Thus,th‘? use of the decorrelation tlmg scale to prec_ilct climate sen-
Schwartz(2007's estimate of 5yr falls in the range of the sitivity assumes small perturbations to the climate state, the
model decorrelation time scales. estimate ought to work best for a small climate forcing per-
turbation, such that state-dependent feedbacks are function-

fective heat capacity using two methods: by regressing thdhd near thg unperturped initial state. However, for reasons
of practical interest, climate models are generally run for fi-

global heat storage against the global temperature, and by. . A .
taking the ratio of the trends of heat storage and temperaturexIte periods using f|n|te.forC|r.19. For the'II.DQC AR4 coupled
odel runs, we can define climate sensitivity as either:

Heat storage is obtained by integrating the global downward"
flux of heat at the atmosphere’s lower boundary, which isthe 1. the full response of global mean surface air temperature
sum of the latent and sensible heat fluxes, and the net down-  to a doubling of carbon dioxide, where the doubling oc-

ward long and shortwave fluxes. Scatter plots of annual and  curs over a period of 150 years, and the models are then

global mean heat storage anomaly versus annual and global  run for an additional 100 years allowing an approximate
mean temperature anomaly are shown in Bjgpffset from equilibration,

zero mean for clarity. The light blue points refer the observed

ocean heat storage, and were taken by digitizing the lower 2. as the transient response of global mean surface air tem-
right panel of Fig. 4 inSchwartz(2007). That figure plots perature during a 1 percent per year increase of carbon
GISS surface temperatures against ocean heat storage from dioxide, or

the surface to 3000 m from the Levitus data de\itus et

al.,, 2009, scaled upwards to account for the heat capacity
of land. As has been pointed out Pprest et al(2006), it

is apparent that the slope of the dependence of heat storage
on surface temperature (shown in light blue) for the observed
data is small (12 W yr m?) compared to the range of values  In Fig. 3, we show that these sensitivities are related
found for the models. The average slope for the model datdut different. Here, transient sensitivity of the models (in
is 90 WyrntT2K~1, with a minimum of 10Wyrm?2K-1,  K/100yr) derived from a linear fit to the trend of global

Following Schwartz(2007) we calculate the models’ ef-

3. asthe transient response of global mean surface air tem-
perature to one of several particular emission scenarios
in which a range of greenhouse gases increase mono-
tonically over the course of the model runs.
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Fig. 4. (a)Scatter plot of heat capacity (in units of meters of sea wa-
ter) calculated for the IPCC AR4 twentieth century (20c3m) model
mean surface air temperature for the first 50 years of runsuns by direct correlation of heat storage and temperature versus
with carbon dioxide increasing 1%Vt is compared with  heat capacity calculated by the ratio of the trends of heat storage and
climate sensitivity derived from the temperature differencetemperature over the 20th centufy) Heat capacity from the mean
for the years 2000 to 2100 in the “SRESalb” climate forc- Of the two methods used in (a) versus decorrelation time seale.
ing scenario. Among the nineteen models with output forCIlmate sensitivity derived from the mean difference of the first and

both experiments stored in the PCMDI archive, the corre-
lation coefficient of these two measures of climate sensi
tivity is 0.57, indicating that important aspects of the cli-

ing the procedure oSchwartz(2007) with the equilibrium
climate response of the models in the 1%Yforcing sce-

with broadly similar results (not shown).

by the heat capacity of 1 frof sea water. Having estab-

www.atmos-chem-phys.net/9/813/2009/

last ten years of the AR4 runs forced with a 1 percent per year in-

crease in CQversus decorrelation time scalé) Climate sensitiv-
ity predicted by the method of Schwartz (2007) from the IPCC AR4

- i - 20th century runs, versus actual climate sensitivity derived from the
mate system (whether the effective climate forcing due t0; percent per year to doubling of G@uns. Schwartz's (2007) esti-

the imposed changes in greenhouse gas forcing, the climat@ate of climate sensitivity is indicated with the light blue line.
feedbacks or the effective heat capacities of different com-

ponents of the climate system) respond differently to these

two forcing scenarios. In the following discussion we will runs with 1 percent per year increases Ofm@ 4(:),
present results comparing the climate sensitivity derived usthe correlation is very weak and=£—0.05). Finally we
compare this “true” climate model climate sensitivity with
the estimate of climate sensitivity calculated by dividing the
nario. The reader should note however, that similar compardecorrelation timescale by the effective heat global heat ca-
isons have been done with the SRESalb-derived sensitivitiepacity in the 20th century runs, as calculated Sshwartz
(2007. We find that the estimate of climate sensitivity
In Fig. 4a, we confirm that the estimates of global effective made by Schwartz (0.30 K W m?) fall squarely within the
heat capacity derived from regression of global heat storaggange of climate sensitivity derived from the IPCC AR4
against global heat temperature in the 20c3m model runs argodels (mean=0.22 KW m?, min=9.9x10~4KW~1m?,
reasonably well correlatedt£0.70) with the estimates de- max=18 KW~1m2. When the estimated climate sensitivity
rived from the ratio of the trends of the two numbers. Heatis compared with the actual climate sensitivity derived from
capacity is shown in units of equivalent mixed layer depththe equilibrated 1% per year increasing £@ns (Fig.4d),
(m), calculated by dividing the heat storage per unit areathe relationship is, again, weak=£0.27).
These results show thedntraSchwart22007), the decor-
lished this, we proceed using the average of the two methodgelation time scale of the global mean temperature time se-
Figure4b shows the relationship between the decorrelationries is not in conflict with the range of model estimates, but
time scale and the effective global heat capacity. Contrary tdhat the global effective heat capacity is overestimated by the
the prediction of a linear, single heat reservoir theory of cli- great majority of the IPCC AR4 models. Since climate sensi-
mate dynamics, the relationship is weak, and anticorrelatedivity is predicted to be equal to the decorrelation time scale
(r=-0.48): models with large decorrelation time scales tenddivided by the ocean heat uptake, excessive heat uptake com-
to have small heat storage. When we compare decorrelatiohined with a realistic decorrelation timescale should lead the
time with model sensitivity derived from the mean differ- models tounderestimateclimate sensitivity. However, the
ence between the first and last yen years of the IPCC AR4act that the models themselves do not obey this relationship
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(i.e. the ratio of decorrelation time scale over effective heatconstant that controls its magnitude. The solar constant can
capacity is poorly correlated with model climate sensitivity) also be forced with red noise:

is a strong argument against the use of a single-variable ver-
sion of the FDT to estimate the earth’s climate sensitivity. In § = So+csAs, (12)
the next two sections we use a very simple model of the cli-wherec; is a constant controlling the magnitude of the forc-
mate system to explore why the theory might fail for climate ing. A, andA are generated using:

system models, and for the real climate system.
Xiy1=Bxi +r (13)

1
3 Model description A= [x - 2(1——;6)] V1- 82 (14)

For simplicity and ease of integration, we make use of awherer is a random variable with a flat distribution over
global mean climate model with a single atmospheric layerthe range [0 1], is the parameter that determines the au-
and purely radiative interactions between the surface and théocorrelation of the red-noise forcing, and the scaling is per-
atmosphere. The features needed include rapid integratiofiprmed afterx has been calculated for as many time steps
an ability to simulate arbitrary climate sensitivity, and sim- as necessary. The autocorrelation of the resulting tempera-
ulation of both radiative and dynamical energy fluxes. Theture time series will depend somewhat on the autocorrelation
model includes two ocean mixed layers (upper and lower)of the forcing, however, we hold the autocorrelation of the
with an adjustable linear coupling, to simulate heat stor-forcing fixed at 0.6 for a lag of one year for all the simula-
age in the ocean, a single atmospheric layer to account fotions discussed here, so that the autocorrelation of the mod-
greenhouse warming, and gray-body radiation. Feedbackeled temperature variations changes only due to changes in
include a temperature-dependent atmospheric infrared emidieat capacity, climate sensitivity, and the coupling of the two
sivity (intended to represent the water vapor feedback), and &eat reservoirs. The applicability of the FDT to this model is
temperature-dependent surface albedo (intended to represeti¢monstrated below.
ice-albedo and low cloud feedbacks). The model is forced Solving Egs.7-9 for equilibrium conditions, with feed-
with modified red noise applied to either the solar variability backs and stochastic forcing assumed to be zero yields
or the infrared emissivity. =
The thermodynamic equations for the lower and uppery _ \4/50[1— @+ 5 3o —1—esa)] (15)

mixed layers and the atmosphere are: o(1-9%)
1 Sol+a—esa

dT;2 T =\‘/—T,4 Q01f e ese 1
Coo— = = —y(I, = Ty2) 7 Ta=y3ht e (16)

T 1 4 4 Figure 5a shows the equilibrium climate sensitivity of
Cs dt __V(T‘“Z_T“)JrZS(l_ES)(l_a)_UTS teoly 8 he surface temperature with respect to a change in the

dr, 1 1 4oyt 9 solar constantSy from 1360WnT2 to 1370Wnr2 for
Cargm = 2655+ @) + €0y — 201, (®  a range of feedback parameter settings. For this simple

model there is no ambiguity about “equilibrium”, since the

| ved | d7 thei tive t model can be run until energy balance is achieved to within
ower mixed layers/; and7;2 are their respective tempera- 0.01 W m 2. Depending on the values of the parameter set-

tures,Cq andT_a are the he_at C?‘Pac'ty and temperature of thetings, the climate sensitivity for this forcing varies from 0.04
atmospherey is the coupling time constant between the up- to 1.6 KW~1m2, where the surface temperature has been di-

per and Iower mixed layers; is the golar constanés is the vided by the change in solar forcing adjusted for albedo and
solar absorption of the atmosphesés the surface albede, geometryAS (1—a)

. _ . . . _ i) 4 .

is the Stefan-Boltzmann constant, anis the infrared emis Figure5b shows that as the feedback parameters increase,

S'V_::[z of tth © atrrt:os_phere: - d th ; Ibed the time required for the temperature to reach 90% of its
€ atmospheric emissivity an € surface albedo areequilibrium value also increases. Figuse confirms that,

subject to linear feedbacks on atmospheric and surface temﬁS predicted by the FDT, the inverse log of the lag autocorre-

perature, respectively: lation (—1/Inr(1yr)) increases with increasing climate sen-
€ =e0+ fe(Ty — Te) + ccAe (10)  sitvity. The autocorrelations are calculated for runs of 1600
. years, with an ocean heat capacity equivalent to a mixed
@ =a0+ falls = Ta) (11) layer depth of 25m. All three of these variables — the ad-
whereeg and g are the basic state emissivity and surface justment time scale, the climate sensitivity, and the inverse
albedo, respectively, and7, are the basic state atmosphere log lag-autocorrelation — are correlated with one another with
and surface temperatures, respectively, Andnd f,, are the  r=0.98. However, as shown in Figd, the ratio of the ad-
feedback parametersi, is a red-noise forcing, ang, isa  justment time to the climate sensitivity is not constant, but

whereC; andC; are the heat capacities of the upper and
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Ratlo of Sensmwty to Adlustment Time Scale (K J'm?) X 107 cases: a single 25m ocean mixed layer (blue), a single 1000 m

f x 1000

ocean mixed layer (green) and a 25 m ocean mixed layer coupled to
1000 m deeper mixed layer (redh) Response of the same model,
with the same color-coded configurations, to random fluctuations in
the solar forcing.
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Fig. 5. (a) Equilibrium climate sensitivity of the simple climate Set t0fe=0.002K™* and f,=0.002K™*. Three settings for
model for a range of values of the feedback paramefgemnd f, . heat capacity are compared: a single ocean mixed layer 25 m
(b) Adjustment timescale (time to 90% of response) for the samedeep, a single layer 1000 m deep, and an upper layer of 25m
feedbacks(c) —1/ In r(1yr) for the model surface temperature time coupled to a lower layer of 2000 m, with a coupling constant
series.(d) Ratio of climate sensitivity to adjustment time scale. of 50Wm2K-1s1, Note that the adjustment time scale
of the coupled case is identical to that of the 1000 m mixed
layer case, except that there is an initial rapid approach to
increases with increasing emissivity feedback, indicating aequilibrium in the time scale of the upper 25 m layer before
feedback-dependent bias in the relationship between the clithe coupling between the layers acts to move the heat to the
mate sensitivity and the adjustment timescale. This bias isower layer. In Fig.6b, the solar constant varies randomly
due to the fact that the emissivity feedback parameter act¢or the same parameter settings. The rapid oscillations of the
on T,, rather than orffy. For a lag-autocorrelation based coupled case indicates that the shallow upper mixed layer
methodology to accurately predict the climate sensitivity, thecontrols the time scale of the response. This behavior sug-
fluctuations of both7,, and 7, would have to be observed. gests that a diagnostic method based on decorrelation time
Nevertheless, for a modest range of possible climate sensicale will have trouble distinguishing between a system with
tivities (e.g. over a factor of 3), the ratio of the climate sensi- low heat capacity on short time scales and one with low heat
tivity to the adjustment time varies only by about 20%. The capacity on all time scales.
more serious obstacles to the use of lag-autocorrelations to pyrsuing this thread of argument, we now appthwartz
predict sensitivity arise from the possibility of multiple heat (2007's methodology to much longer synthetic time series,
reservoirs, as we discuss in the next section. in order to test its ability to extract the model's true dynam-
ics from finite time series. Figuré shows the lag autocor-
relationr (At) for two model parameter settings. Figute
4 Simple model results and sensitivity experiments shows results for a single 25 m mixed layer. Figdbeshows
results for a 25 m mixed upper layer, and a 1000 m mixed
We now turn to the results of a series of experiments dedower layer. In each case, the model was run for 10 000 years,
signed to show how statistics like those usedSmhwartz  forced by white noise solar variability, and the time series
(2007 can give misleading results about climate sensitivity. of annual mearfy; was calculated. Red curves shewAr)
Figure 6 shows the simple model’s response to changes ircalculated separately for 100 100-year chunks of data. The
the solar constant. In Figa, the solar constant is increased black curve shows(Ar) calculated for the full 10 000 year
by step change of 10Wn$. The feedback parameters are record. These results demonstrate two key points.
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Fig. 7. (a) Lag autocorrelation for a ten thousand-year run of the Fig. 8. (a) Response of the simple climate model to an instanta-
simple model with a 25 m ocean mixed layer (black) and for a hun-neous increase in the model solar constant for two different cases,

dred hundred-year subsamples of the same run (feyiis for (a), one with low climate sensitivity and a single 1000 m ocean mixed
for run with a 25 m ocean mixed layer coupled with a 1000 m lower layer, and one with high climate sensitivity and a 25m mixed layer
mixed layer. coupled to a 333 m deep mixed layé€h) Lag autocorrelations of
the surface temperature of the same two models, for 100 100-year
runs each.

First, the uncertainty with which one can establish the
value of the autocorrelation of a given 100 year time series )
is not the relevant uncertainty for the calculation of climate Fig- 7b where the lag autocorrelation curve based on 10000
sensitivity. It is clear from panel Figa that a single curve of ~ Years of data exceeds 95% of the curves based on 100 year
autocorrelation versus lag derived from a 100 year time serie§€gments out to 30 years lag.
can give only a poor estimate of the true curve. For instance, Finally we demonstrate how our simple model with a fast
while the autocorrelation curve derived from the 10 000 yearsurface heat reservoir coupled to a large deep heat reservoir
time series crosses zero at 10 years lag, the mean of the 1@@n fool the method of Schwartz (2007) into falsely rank-
year autocorrelation curves’ zero crossing is 8.4 years, withing the climate sensitivities of the model run for various pa-
a standard deviation of 5.7 years. Even for a model with arameter choices. In Fid, results in black are for parame-
single heat capacity, analysis of the lag-autocorrelation ofter choices that give high climate sensitivitg, & f.=0.002,
hundred year temperature time series results in both a larggensitivity: 0.4 K W1 m?) and relatively weak coupling be-
negative bias in estimating the true decorrelation time scaldween the two mixed layerg = 1 x 18I m-2K~1
(—At/In(r(z), averaged over lags from 8 to 12years), and (25 M), C;2=1.3x10° Im2K~1(333m), y = 5Wm~2
large variance of the decorrelation time scale of randomly seK ™). Results in red are for parameter choices that
lected hundred year segments. Thus, our simple model rugive low climate sensitivity f,=f.=-0.01, Sensitiv-
with a single heat capacity, and with parameters yielding reaity:  0.1KW~!m?) and a single deep mixed layer
decorrelation time scales ranging from 5yr up to 25yr, pro-(Cs=1.3x10°IJm 2K~1(333m), y=0Wm—2K~1).
duces 100year segments within a standard deviation of the Panela shows the response of each model to a step change
mean that have decorrelation time scales of 5yr or less. Irin climate forcing. The high sensitivity, weakly coupled
particular, for a 25yr decorrelation time scale, the expectednodel jumps up rapidly, but after the temperature difference
mean decorrelation time scale of a randomly selected 100 ybetween the upper and lower mixed layers increases, the flux
segment is 15 yr, with a standard deviation of 10 yr. Thus, theof heat from the upper to the lower layer slows the temper-
fact that the observed temperature time series of the last 50 yaiture rise until equilibrium is reached. The low sensitivity,
of global temperature exhibits a decorrelation time scale ofsingle mixed layer model approaches equilibrium at the same
5yr (Schwartz 2007, means only that the true value could constant e-folding rate. Parteshows the lag autocorrelation
be anywhere from 3yr to 25yr, and have the observed valueurves for 100 100-year segments of model output forced by
within a single standard deviation of the expected value.  noise. The lag autocorrelation curves show higher autocorre-

Second, when the model has more than a single heat resdition for the low climate sensitivity model, just the opposite
voir, autocorrelations based on a hundred year sample caof the result predicted b$chwartz(2007), even though the
substantially underestimate both the true decorrelation timeclimate sensitivities vary by a factor of 4. Thus, the low heat
scale and the adjustment timescale. This is clear from panetapacity of the surface layer, which would quite irrelevant to
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