
Estimating the Role of Natural 
Variability in Climate Change Using 

Observations
David W J Thompson (CSU) 
Elizabeth A Barnes (CSU) 

Clara Deser (NCAR) 
William E. Foust (CSU) 

Adam S. Phillips (NCAR) 
!
!

results drawing from: 
• Thompson et al. (submitted to Journal of Climate) 
see www.atmos.colostate.edu/~davet

http://www.atmos.colostate.edu/~davet


1.8 2010 2030 2050
Year

D
eg

 C

Surface temperature

Los Angeles

Berlin

See also Deser et al. 2012

Time series of near 
surface 
temperature from 
the NCAR CCSM3 
40-member 
ensemble.

largest trend

smallest trend

Ticks at 1 deg.



Range of trends from all 40 ensemble members during 
October-March.

 

 

K/50 years
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Surface temperature
         Standard deviations of 50-year trends



• What determines the range of trends indicated by 
the large ensemble? 

• Can the range in climate trends be accurately 
estimated from a control simulation? 

• Can the range in the trends be accurately estimated 
from observations?



An analytic expression for the margins of error in 
a Gaussian process.

Consider a time series x(t) with mean zero and linear 
least-squares trend b.  

The confidence interval on the trend in x(t) can be 
expressed as:

3 

same external forcing, but are initiated with slightly different atmospheric initial 

conditions. For example, in 2012, the National Center for Atmospheric Research 

(NCAR) released a 40-member ensemble of climate change simulations run using the 

same coupled atmosphere-ocean-sea ice-land model (the NCAR Community Climate 

System Model 3; CCSM3) and forced with the same external forcing (the SRES A1B 

Scenario) from 2000-2060 1, 15. Since the model and forcing are the same in all ensemble 

members, the differences in climate trends from one ensemble member to the next 

derive entirely from the unforced (i.e., internal) variability in the model. Analyses of the 

spread in the trends in the NCAR 40-member ensemble make clear the pronounced role 

of internal climate variability in projections of regional climate change1, 4.  

 Here we develop an alternative approach for estimating the role of internal 

variability in future climate change based on a simple analytic model and the statistics 

of the unforced climate variability. The model is tested in a large-ensemble of climate 

change simulations, and is applied to the statistics of the observed climate. It is argued 

that the signature of internal variability in future climate change can be simply and 

robustly estimated from observations. 

 

A simple analytic model for the role of internal variability in future 

climate change 

 Consider a time series x(t) with mean zero and a linear least-squares trend b. The 

confidence interval (CI) on the trend in x(t) is expressed as: 

 

 CI = b ± e  

 Where e is the margin of error on the trend.



If the distribution of the deviations in x(t) about its 
linear trend is Gaussian, then the margin of error on 
the trend in x(t) is: 
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where e is the margin of error on the trend. The trend, its confidence interval and its 

margin or error are all expressed in unitsΔx / ntΔt( ) , where nt  is the number of time 

steps and Δt  is the time step. For example, if x(t) corresponds to 50 years of wintertime 

mean temperature data, then nt = 50 , Δt = 1 year , and the temperature trend in x(t) is 

expressed in units degrees Celsius/50 years. 

 If the distribution of the deviations in x(t) about its linear trend (i.e., the residuals 

of the regression) is Gaussian, then the margin of error on the trend in x(t) is: 

 

1) e = tcsb  

 

where tc  is the t-statistic corresponding to the desired confidence interval and  

 

2)  sb =
ntse

(i − i )2

i=1

nt

∑
 

 

is the standard error of the trend. In Eq. 2, i denotes time, se  is the standard error of x(t) 

about its linear trend, and the factor nt  is included so that the standard error is given in 

units Δx / ntΔt( ) . Equations 1 and 2 are widely used to assess the significance of a trend 

in climate science16, 17, 18.  

 Regarding the standard deviation of the time axis: The denominator in Eq. 2 can 

be expanded as: 

 

standard error of the trend.desired confidence  
level
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2. A simple analytic model of the role of internal variability in future 1 

climate trends 2 

 Consider a time series x(t) with mean zero and a linear least-squares trend b. The 3 

confidence interval (CI) on the trend in x(t) is expressed as: 4 

 5 
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After some algebra…
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introduced by persistence in the time series16, 17, 18, 19. In the case of a red-noise process, 

the standard error se can be expressed in terms of the lag-one autocorrelation as: 

 

6) se =σγ (nt ,r1)  

 

where  
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is the scaling factor and r1  is the lag-one autocorrelation of the detrended x(t) time 

series (see Methods and refs. 16, 17, 18, 19) 

  Substituting Eqs. 2, 3, and 6 into Eq. 1 yields the following expression for the 

margin of error on a trend in x(t) in units Δx / ntΔt( ) : 

 

8) e = tc ⋅nt ⋅σ ⋅γ (nt ,r1) ⋅g(nt )   

 

 Equation 8 provides a simple analytic model for the margin of error on a trend in 

a Gaussian red-noise process. It also makes clear that the margin of error is a function of 

three statistics:  

 1) the standard deviation of the internal (unforced) variability, σ ;  

 2) the lag-one autocorrelation of the internal (unforced) variability, r1 ; and 

standard deviation  
of the residualslength of the record 

scaling factor  
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of the time axis
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Thus, the contribution of the time axis to Eq. 2 can be written as: 
2 

 3 

3) g(nt ) ≡
1

(i − i )2
i=1

nt

∑
= 12

nt
3 − nt

 4 

 5 

Note that the units on g(nt )  are 1/ Δt . 6 

 Regarding the standard error of x(t) about its linear trend ( se  in Eq. 2): If the 7 

residuals (the values of x(t) about its linear trend) are not serially correlated (e.g., the 8 

lag-one autocorrelation of the detrended x(t) time series is zero), then se  is equal to the 9 

standard deviation of the detrended x(t) time series: 10 

 11 

4) se =σ  12 

 13 

where 14 

 15 

5) σ ≡ 1
nt − 2

x(i)− bi[ ]2
i=1

nt

∑  . 16 

 17 

In the context of climate change, σ  corresponds to the standard deviation of the 18 

internal (unforced) variability.  19 

 If the detrended x(t) time series is serially correlated, then se  must include a 20 

scaling factor that accounts for the bias in the sample standard deviation introduced by 21 
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The margin of error on a trend in a Gaussian 
process is a function of three statistics:!
!

1) the standard deviation of the internal 
(unforced) variability. 

2) the lag-one autocorrelation of the internal 
(unforced) variability.  

3) the number of time steps in the time series. 



If the residuals are serially uncorrelated and the 
trend is 50 time steps, then:!
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where e95%  is in unitsΔx / ntΔt( )  and we have made the following simplifications: 1) 

g(nt ) ~
12
nt
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 for nt >~ 20 ; 2) the two-tailed 95% t-statistic is ~2 for nt >~ 20  (if the 

sign of the trend is expected a priori then a one-tailed t-statistic is justified); and 3) 

γ ~1  for r1 ~ 0 .  

 Equation 9 holds for any physical process that is roughly Gaussian and is not 

serially correlated including, for example, seasonal-mean surface temperature and 

precipitation at most terrestrial locations. It makes clear the roughly linear relationship 

between the standard deviation of the internal variability and the margins of error on 

climate trends due to the internal variability.  

 In the case where the trend length is 50 time steps, Eq. 9 further reduces to the 

very simple expression: 

 

10) e95% ~σ  (for  nt = 50 and r1 ~ 0 ) 

 

Hence, for any Gaussian physical process that is not serially correlated from one year to 

the next, the 95% margin of error on the 50 year trends is roughly equal to the 

interannual standard deviation. If the interannual standard deviation is 2 degrees 

Celsius, then the two-tailed 95% confidence interval on the 50 year trends in surface 

temperature is roughly ±2  degrees Celsius/50 yrs. 
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50 year trends in Oct-March surface temperature
From Thompson et al. 2015

… testing the analytic model in the NCAR CCSM3 large 
ensemble
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… testing the analytic model in the NCAR CCSM3 large 
ensemble
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From Thompson et al. 2015

… testing the analytic model in the NCAR CCSM3 large 
ensemble
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… applying the analytic model to observations!
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… applying the analytic model to observations!

Observations from CRU
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… applying the analytic model to observations!

Observations from GPCP

Predicted uncertainty in Oct-March precipitation trends
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… applying the analytic model to observations!
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… applying the analytic model to observations!
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2) The time of emergence is shortest in tropics

“Time of emergence” derived from RSS TLS annual-mean data

−90 −60 −30   0  30  60  90
  0

 20

 40

 60

 80

100

Latitude

Ye
ar

s
b=0.1 K/dec

b=0.4 K/dec

“Time of emergence” is defined as time step when trend=e



!
The analytic model provides a zeroth order 
estimate of the uncertainty in future trends in any 
Gaussian process with stationary variance.!
!
e.g., the atmospheric circulation at middle latitudes, 
precipitation averaged over a specific watershed, 
surface temperature averaged over a broad 
agricultural region, stratospheric temperature.!
!



Large-ensembles provide seemingly little 
information on the role of internal variability in 
future climate that can not be inferred from a 
relatively short, unforced climate simulation. !
!
(Multiple ensembles are required to estimate the 
forced response)!



Arguably… the  role of internal variability in 
future climate change is best estimated not from 
a climate model (which inevitably exhibits 
biases), but from the statistics of the observed 
climate.! !
!
(Decadal variability accounts for a relatively small 
fraction of the standard deviation on regional 
scales).

results drawing from: 
• Thompson et al. (submitted to Journal of Climate) 
see www.atmos.colostate.edu/~davet

http://www.atmos.colostate.edu/~davet




Stratospheric Ozone and Climate 

4.13 
!

models generally capture the step-like temperature reduction after episodic warming from major volcanic 
eruptions but the overall cooling trend (−0.29 ± 0.03 K decade-1) from 1979–2005 is slightly less than 
observed (–0.34 ± 0.05 K decade-1). Simulated changes in stratospheric and tropospheric ozone alone lead 
to much larger lower stratospheric temperature trends (–0.20 ± 0.04 K decade-1) than increases in GHGs 
(–0.01 ± 0.03 K decade-1).! Simulations with individual forcings have also been used to examine the 
drivers of temperature trends in the tropical lower stratosphere. Polvani and Solomon (2012) suggested 
that the observed seasonal cycle of tropical lower stratospheric temperature trends correlates well with the 
seasonal cycle of tropical ozone trends, although these appear to be largely driven by trends in the BDC 
(Lamarque and Solomon, 2010; Mclandress et al., 2010) (see Section 4.3.2). !

Such individual forcing simulations may also be used to attribute observed changes in 
stratospheric temperature by regressing observed changes onto the patterns of response simulated by the 
models in an attribution analysis. Gillett et al. (2011) used output from the CCMVal-2 simulations to 
partition observed MSU lower stratospheric temperature trends into components attributable to changes in 
GHGs, ODSs, and natural forcings. They found that both natural forcings and ODSs contributed 
significantly to the observed lower stratospheric cooling over the 1979–2005 period, with the influence of 
ODSs dominating, whereas the influence of greenhouse gas changes was not detectable in the 
observations. In the mid and upper stratosphere, Gillett et al. (2011) could detect the response to 
combined anthropogenic forcing (ODSs + GHGs) and natural forcings in SSU measurements, but the 
GHG and ODS influences were not separately detectable. However, conclusions related to the SSU data 
should be treated as tentative due to the large uncertainties in these observations, as discussed above. The 
attribution of temperature trends using one model was found to be sensitive to the height of the model top 
(Mitchell et al., 2013), though Charlton-Perez et al. (2013) did not find significant differences between 
lower stratospheric temperature trends in high-top and low-top CMIP5 models.!

An important driver of the future evolution of stratospheric temperatures is the relative rate of 
increase of GHGs and stratospheric ozone. Relative to present day, the recovery of the ozone layer will act 
to warm the stratosphere over future decades. Increasing GHGs both cool the stratosphere radiatively and 
induce changes in the stratospheric mean meridional circulation, as discussed in Section 4.3.2. Hence, the 
projected GHG and ozone changes oppose each other and their relative importance in future projections 
varies across scenarios and models (Figure 4-6). Projected temperature changes also vary both regionally 
and with altitude. In the tropics, models simulate a stratospheric cooling trend that is larger at higher 
altitudes (e.g., Oman et al., 2010) as a result of increasing GHGs. They also exhibit tropical cooling (Figure 
4-6) which increases with the magnitude of the GHG forcing. At high latitudes, the future response in the 
lower stratosphere exhibits seasonal structure. For the Southern Hemisphere high latitudes, warming is 
projected in late spring and early summer, and cooling in winter. The Northern Hemisphere high latitudes 
are projected to warm in winter and early spring although the trends are not statistically significant.  

 

!
Figure 4-6. CMIP5 multi-model mean zonal mean lower stratospheric temperature trends (K per decade) 
over the period 2006–2050 under the low emissions scenario, RCP2.6 (left) and the high emissions 
scenario, RCP8.5 (right). Multi-model mean trends significant at the 5% level are stippled. 



Time of emergence / when is a trend significant?!

te
m

pe
ra

tu
re

e!
!
!
!
e

b

set e=bnt and solve for nt  

nt = 12
1/3 tcσ

b
⎛
⎝⎜

⎞
⎠⎟
2/3

for seasonal-mean data !
and nt>~10:

nt
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nt denotes the time step when 95% of the ensemble members  
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trends from individual ensemble members
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the “time of emergence” given by an individual ensemble member does not: 
1) correspond to the time step when the forced signal is significant 
2) account for the uncertainty in the trend due to natural variability

Comparison with the time of emergence


