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Abstract A linear analysis is applied to a multi-thousand

member ‘‘perturbed physics‘‘ GCM ensemble to identify

the dominant physical processes responsible for variation

in climate sensitivity across the ensemble. Model simula-

tions are provided by the distributed computing project,

climate prediction.net . A principal component analysis of

model radiative response reveals two dominant indepen-

dent feedback processes, each largely controlled by a single

parameter change. The leading EOF was well correlated

with the value of the entrainment coefficient—a parameter

in the model’s atmospheric convection scheme. Reducing

this parameter increases high vertical level moisture

causing an enhanced clear sky greenhouse effect both in

the control simulation and in the response to greenhouse

gas forcing. This effect is compensated by an increase in

reflected solar radiation from low level cloud upon

warming. A set of ‘secondary’ cloud formation parameters

partly modulate the degree of shortwave compensation

from low cloud formation. The second EOF was correlated

with the scaling of ice fall speed in clouds which affects the

extent of cloud cover in the control simulation. The most

prominent feature in the EOF was an increase in longwave

cloud forcing. The two leading EOFs account for 70% of

the ensemble variance in k—the global feedback parame-

ter. Linear predictors of feedback strength from model

climatology are applied to observational datasets to esti-

mate real world values of the overall climate feedback

parameter. The predictors are found using correlations

across the ensemble. Differences between predictions are

largely due to the differences in observational estimates for

top of atmosphere shortwave fluxes. Our validation does

not rule out all the strong tropical convective feedbacks

leading to a large climate sensitivity.

1 Introduction

General circulation models (GCMs) of the atmosphere

have long been used to make estimates of the future of the

Earth’s climate (Manabe and Wetherald 1975). A limiting

factor in the reliability of such predictions is the need for

parametrisation of processes occurring at scales smaller

than those resolved by the model, leading to uncertainties

in how to relate such processes to large scale prognostic

variables (Reilly et al. 2001). To be useful to policy makers

and strategists of adaptation and mitigation, these para-

metric uncertainties must be incorporated in uncertainty in

predictions of future climate (Allen and Stainforth 2002).

It is reasonable to expect that perturbed physics

ensembles (PPE), that is ensembles of GCM simulations

that differ in the value of one or more model parameters,

can best highlight uncertainties in predictions due to these

parameter settings. Recent developments in computing

power and distributed computing techniques have made

this a possibility (Allen et al. 2000).
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Murphy et al. (2004) presented the results from a PPE

experiment based upon the Hadley Centre atmospheric

model, HadAM3. They assumed a linear relationship could

be derived between a selection of model diagnostics and

the perturbed parameters. This relationship was derived by

performing single perturbation experiments, and interpo-

lating the resulting climatology for linear combinations of

those parameters.

They used a Monte Carlo approach of generating ran-

dom combinations of parameters with linear relationships

to predict the CPI (Climate Prediction Index—a measure of

the error in each output field when compared to observa-

tions) of each of these models. The local minimum error in

the vicinity of each random model was then found by

perturbation analysis, by considering the model fields to be

a linear function of those parameters (i.e. these models

were never run, but their climatology and sensitivity were

linearly estimated).

Each of the models in the ensemble was then run both

with pre-industrial CO2 levels, and again with double those

levels to gauge the equilibrium response of global-mean

surface temperature to CO2 doubling (climate sensitivity,

or S). By weighting each model by its likelihood given the

observations, a likelihood distribution for S was produced.

However, Frame et al. (2005) highlighted the fact that the

shape of any PDF produced by ensemble weighting is

ultimately dependent on the sampling strategy and the prior

probability distribution of models, and ideally predictions

should not depend on the distribution of model S within the

ensemble.

1.1 The climateprediction.net project

The dataset used for this work is the first climatepredic-

tion.net ensemble of perturbed GCMs. Stainforth et al.

(2005) presented the early results from the project. They

found models with a large range of S in the ensemble, and

concluded that there was no simple relationship between

any measure of model likelihood and S.

The climateprediction.net ensemble has been used in

two publications which attempt to make objective predic-

tions of climate sensitivity: Piani et al. (2005) regressed S

against observable modes of climate variability across

climateprediction.net ensemble members to construct a

linear estimator which was then used to produce a PDF of S

from observations. Knutti et al. (2005) attempted to con-

strain S by finding a relationship between S and the sea-

sonal cycle of surface temperature in different regions of

the model.

Knutti et al. (2005) related the quantities using an arti-

ficial neural network (ANN), which is trained using

ensemble data and allows for nonlinear relationships. Once

trained, the ANN was used to find the S predicted given a

set of data taken from observations (on the assumption that

the model relationship would hold for reality also). They

assume that the response of a region to the change in

seasonal insolation is related to the response of that region

to a greenhouse gas forcing. While this is possibly the case

for surface albedo feedback (Hall and Qu 2006), the sea-

sonal cycle in tropical and Southern Hemisphere regions

showed little or no relationship to S . Thus it is unlikely that

any variation in S due to tropical feedbacks can be captured

by such a technique. Lindzen et al. (1995) found that, at

least in their model, the seasonal cycle cannot be used as a

surrogate for climate change.

Both methods attempt to be independent of the sampling

strategy because the ensemble is used only to train the

predictor, the prior in both cases is placed on the ob-

servable variability. The shape of the PDF itself is deter-

mined only by the error associated with the predictor and

the observations themselves. In practise, independence of

the prior distribution of S is almost impossible to achieve

because it may influence the fitted relationship between

observables and the predicted quantity.

Neither of these publications, however, attempt to ex-

plain the mechanisms which lead to the variation of S in the

ensemble or how the predictors relate to feedback pro-

cesses. Hence, we attempt to find a method of separating

and quantifying independent feedback mechanisms, and to

determine how they relate to overall climate sensitivity.

We seek to find also which parameter perturbations are

responsible for the major feedbacks, and which observa-

tions are relevant for determining their likely amplitude in

the real world.

The climateprediction.net project is introduced in

Sect. 2.1, while in 2.2, the method used to determine local

feedbacks is discussed. Section 2.3 examines the process of

isolating independent global feedback processes via prin-

cipal component analysis. Section 2.4 looks at the regres-

sion techniques employed to seek out relationships

between feedbacks, model parameters and model clima-

tology.

Section 3 shows the results of the principal component

analysis, with the ensemble mean response followed by the

perturbations to that response which we see in the leading

EOFs. The physical implications of each mode are then

discussed; how they relate to the control climatology and

how they each relate to perturbed model parameters.

Section 3.3 discusses how observations would project

onto each of the modes, and how these projections relate to

the predicted range of S. Section 3.4 shows how the anal-

ysis may be extended by assuming local linearity in a small

region of the ensemble where the values of the leading

EOFs do not dominate the response, thus establishing how

altering the degree of shortwave forcing modulates the

overall feedback strength.
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2 Methodology

2.1 The climateprediction.net ensemble

The climateprediction.net ensemble of climate models

uses a distributed computing architecture (Stainforth

et al. 2002) to allow the use of idle processing time of

PCs belonging to interested members of the public. In

the subset of results used in this work, each participant

runs a version of the Hadley Centre HADSM3 climate

model, which is an atmospheric model (HADAM3)

coupled to a flux corrected, single layer thermodynamic

ocean (Pope et al. 2000). The model has a resolution of

3.75� · 2.5�, with 19 vertical levels ranging from 1,000

to 10 mb.

Each model is allocated a set of model parameters, each

of which can assume one of two or three values—one of

which is the default value in HADSM3. The values were

selected by expert solicitation to represent the limits of

current uncertainty (Murphy et al. 2004). A list of the

parameters perturbed for the subset of models considered

for this paper is given in Table 1. Initial condition

ensembles are models with identical parameter settings, but

with a slightly altered initial temperature field.

Each experiment consists of three 15-year stages: the

first ‘‘calibration’’ stage fixes sea surface temperatures to

observed values. The heat flux convergence field required

to balance the model ocean’s energy budget is determined.

This can then be applied as an adjustment at the ocean

surface, thus representing ocean heat transports which the

thermodynamic slab ocean does not reproduce. The con-

vergence field is applied in the following stages, ‘‘control‘‘

and ‘‘double-CO2’’, where the sea-surface temperatures can

otherwise vary freely.

In most cases, this method will successfully prevent a

drift of global-mean temperatures during the control stage.

In a few cases, a runaway interaction occurs between the

thermodynamic ocean and extensive cloud cover in the

mid-Pacific region (Stainforth et al. 2005). Such a feed-

back is dependent on the unphysical inability of the ther-

modynamic ocean to transport heat, and so this small

minority of drifting runs is removed, leaving 6,096 viable

experiments. In addition, initial condition ensembles are

averaged, leaving N = 5,698 models for analysis.

The climate sensitivity (S) is the equilibrium response of

global mean temperature to a doubling of carbon dioxide.

For each model, S is calculated using the data from the

control and double-CO2 simulations, using the exponential

fitting algorithm of Stainforth et al. (2005). The analysis

presented here also uses 15 years of seasonal data from the

double-CO2 stage for different geographical regions.

The limited bandwidth available to the public partici-

pants in the project restricts the amount of data which may

be retrieved for each model. Thus, time series data is

limited to geographical means of regions similar to those

defined in Giorgi and Francisco (2000). The regions are

primarily land-based (although, due to the regions being

rectangular, there is some ocean area included near coast-

lines). There are also four additional zonally averaged re-

gions, representing means over each hemisphere, and over

the southern and northern ‘‘extratropics‘‘. The total number

of regions used, R is 25.

2.2 Regional feedback analysis

A methodology was developed to determine the physical

processes responsible for variations in surface temperature

response to the doubling of concentrations of CO2. To

Table 1 Definition of

perturbed parameters as used in

the subset of

climateprediction.net

experiments used in this

analysis

Parameters marked * and ** are

perturbed together

Perturbation label Description Sample size

CW_ SEA * Threshold for precipitable water over sea 3

CW_ LAND * Threshold for precipitable water over land 3

ENTCOEF Entrainment coefficient 3

RHCRIT Critical relative humidity 3

CT Accretion constant 3

EACF Empirically adjusted cloud fraction 2

VF1 Ice fall speed 3

DTHETA Initial condition ensemble generator 10

ALPHAM Albedo at melting point of ice 3

DTICE Temperature range of ice albedo variation 3

I_ CNV_ ICE_ LW ** Type of convective cloud ice crystal used in LW radiation 3

I_ CNV_ ICE_ SW ** Type of convective cloud ice crystal used in SW radiation 3

I_ ST_ ICE_ LW ** Type of stratiform cloud ice crystal used in LW radiation 3

I_ ST_ ICE_ SW ** Type of stratiform cloud ice crystal used in LW radiation 3

ICE_ SIZE Ice crystal size in radiation 3

B. M. Sanderson et al.: Towards constraining climate sensitivity by linear analysis of feedback 177

123



categorise the regional response of the climate system, we

examine how upward radiative fluxes at the top of the

model atmosphere respond to the rising surface tempera-

ture (feedback response).

The feedback response, in a given region, is defined as

the rate of change of a given component of upward radi-

ative flux at the top of the model atmosphere as a function

of the local mean surface temperature (Fig. 1).

This value is calculated for four radiation variables as

output from the model: longwave and shortwave clear-sky

flux, and longwave and shortwave cloud radiative forcing

(CRF). The clear sky radiative fluxes are calculated by a

repeat run of the model’s radiative transfer code in each

timestep, ignoring the effect of clouds. The CRF is calcu-

lated by subtracting the clear-sky value from the total flux

in both shortwave and longwave cases.

The data used is taken from the third stage of each

model simulation, in which the CO2 concentrations are

doubled at the start of the run, leading to an increase in

surface temperatures throughout the 15-year simulation.

An ordinary least-squares, linear fit of upward flux as a

function of annual mean surface temperature is made for

each radiative type (longwave and shortwave values for

clear-sky and cloud radiative forcing), and the four feed-

back amplitudes are defined as the gradients of these lines,

as illustrated in Fig. 1. We do not test for the significance

of fit, effectively taking the best estimate for the radiative

response to warming in each model. Although this means

there is sampling ‘noise’ in the determination of the gra-

dients, this is justifiable because only correlated variance is

identified by the EOF analysis used later—and on the

assumption that the sampling error can be modelled as

white noise, it will not affect the leading modes identified.

We verify this by adding varying amplitudes of additional

white noise to the gradients at this stage and ensuring that

the leading modes of the following analysis are robust.

Later, we show in Fig. 3 that the leading modes considered

in the analysis are well defined and separated from later

modes which might be attributable to sampling noise.

The process is repeated for each model in the ensemble

and once evaluated, the data are weighted according to the

area occupied by each region. The hemispheric regions

overlap the land-based regions already defined. To avoid

double counting; we replace the hemispheric regions with

linearly calculated ocean only regions which do not overlap

the already defined regions.

The feedback response of each model is now described

by a vector, length 4R, comprising the clear-sky and cloud

feedback values for shortwave and longwave in each re-

gion. Before finding the empirical orthogonal functions

(EOFs) from the dataset, the vectors are assembled into a

matrix, dimensions 4R · N, where N is the number of

ensemble members. The anomaly matrix is obtained by

subtracting the ensemble mean vector from each row.

2.3 EOF analysis

The first of two EOF Analyses is now carried out in order

to identify the leading patterns of feedback response. The

input for this EOF analysis consists of the radiative flux

anomaly matrix described in Sect. 2.2, and the resulting

EOFs are henceforth referred to as ‘feedback EOFs’. To

perform this analysis separately on the different variables is

possible, but the results are less well defined because

important information about changes in cloud amounts and

height can only be identified by using changes in different

radiative fluxes simultaneously (Webb et al. 2006).

The set of EOFs is truncated where the sampling error in

the eigenvalues is comparable to the spacing between

neighbouring eigenvalues, as described in North et al.

(1982). They describe a rule of thumb for identifying sig-

nificant modes:

dL

La
\r � 2

N

� �1=2

; ð1Þ

where N is the number of independent simulations, La is the

eigenvalue in question, and dL is the spacing between
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Fig. 1 An example illustrating the process of determining the

regional feedback amplitude for each of four radiative fluxes at the

top of the model atmosphere measured against surface temperature.

Each point represents one annual mean from a fifteen year simulation,

where the CO2 concentrations are doubled at year 0. In each case, the

feedback amplitude is taken as the gradient of the ordinary least

square regression line
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adjacent eigenvalues. If dL/(r La) approaches unity then the

modes are at risk of degeneracy and so drawing direct

physical conclusions becomes more complex. Thus, with

5698 models, a lower limit for r is 1.9%.

2.4 Regression techniques

Observations in the climate system tend to scale linearly

with feedback amplitudes rather than S (as shown in Piani

et al. 2005). Thus, we choose to predict the inverse of

climate sensitivity, which is the global feedback parameter

(k), rather than S itself. The regression model tests for a

linear relationship between the identified feedback EOFs

and global feedback parameter, k.

Throughout this section, if a value is ‘‘standardised‘‘,

then the ensemble mean of that value is subtracted and the

anomaly is normalised by the ensemble standard deviation.

We adopt the notation that the EOF analysis produces a set

of EOFs, E, a set of principal components, P and eigen-

values L. The ‘feedback’ EOFs are shown by superscript

‘F’ and the ‘climatology’ EOFs by superscript ‘C’.

To determine the importance of each feedback EOF in

describing the overall variability of S , we can perform a

multilinear regression of the standardised feedback

parameter, k against the standardised feedback EOFs

across the ensemble so that we can predict k as:

ki ¼
XK

j¼1

PF
ijaj þ noise; ð2Þ

where ki is the standardised global feedback parameter of

the ith model in the ensemble, and Pij
F is the standardised

principal component of the jth feedback EOF in the ith

ensemble member. Thus, aj is the correlation coefficient,

indicating the significance of feedback EOF j in explaining

the variance in k.

Given that the feedback EOFs are orthogonal by con-

struction, the standard regression formula gives a simpli-

fied least squares solution for aj:

aj ¼
XN

i¼1

PF
ijki: ð3Þ

The fraction of the total variance of k represented by the

truncated set of EOFs is now given by:

XK

j¼1

a2
j : ð4Þ

In the same way as we regress each EOF against k, we can

also regress each EOF against each perturbed model

parameter (Table 1), in order to determine which parameter

settings in the perturbed physics ensemble are most sig-

nificant in explaining the variation in each EOF.

A simple linear regression model is used to relate model

parameter values to feedback amplitudes. The value pil

represents the standardised parameter value for each

parameter, l. We can now regress against the principal

component of the jth EOF:

PF
ij ¼

XP

l¼1

pilblj þ noise; ð5Þ

where P = 10 is the total number of parameters. We can

solve for blj as before:

blj ¼
XN

i¼1

PF
if pil: ð6Þ

2.5 Projection of observations onto feedbacks

Once the major modes of feedback response have been

identified, we seek to find predictors of this response which

may be applied to observational data. This requires infor-

mation from the control climate of each model simulation.

To simplify the regression, we produce a second set of

‘climatology’ EOFs from the control state of the models.

To describe each model’s climate, we select a subset of

model output data representing the model’s control climate

state. The variables are again taken from the regional

output data employed earlier, but this time excluding the

oceanic regions. While it is necessary to include ocean

regions to describe the feedback responses that sum to give

the global feedback parameter, we do not use ocean data in

the climatology EOFs. The control stage is already relaxed

to observed sea surface temperatures, making it difficult to

properly verify these regions against observations.

We have elected to keep ocean quantities in the mea-

sures of feedback processes themselves as these are not

directly compared to observations. To exclude them would

lead to an incomplete description of the components of the

global feedback parameter.

The result is a RV lines by N columns matrix where V is

the number of variables, R is the number of regions and N

is the number of models in the ensemble. The variables

used in the second stage are listed in Table 2.

In order to make the climatology EOFs, we adapt the

methodology of Piani et al. (2005), where each ensemble

member is projected onto independent modes of variability,

allowing the climate state to be represented by the principal

components of those modes.

A normalised anomaly matrix is then obtained by sub-

tracting the mean of each climate field from each ensemble

member, and normalising by the standard deviation across
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65 segments of 15-year periods of the field in a 500-year

control simulation of HadCM3. Thus each field is norma-

lised by an estimate of natural variability. Each element is

area weighted as before. The results of the analysis are not

strongly dependent upon the choice of model used to

estimate the normalisation because only the standard

deviation of the model fields is considered and not the

absolute values, thus it was found that scaling fields by the

interannual variability of the ERA-40 reanalysis did not

produce noticeably different results. The HadCM3 control

was used because variation over a large number of inde-

pendent 15-year means was the appropriate normalisation

for the 15-year control simulations.

The RV · N climate state anomaly matrix is subjected

to an EOF analysis, creating the set of climatology EOFs

with principal components PC
ik. The set is truncated to the

leading K modes where 95% of the variance in the

ensemble is included.

We now follow Piani et al. (2005), by performing a

linear regression to relate the principal components of the

climatology EOFs PC
ik to the principal components of each

feedback EOF PF
ij:

PF
ij ¼

Xne

k¼1

PC
ikckj þ noise; ð7Þ

where ckj is the regression coefficient. By multiplying the

coefficients, ckj, by the climatology EOFs, EC
kr, we can

now produce a single predictor, EC
jr, for each feedback

EOF, showing which observations scale with feedback

EOF j:

EC
jr ¼

XK

k¼1

ckjE
C
kr; ð8Þ

where r is one of the R regions. The scalar product of EC
jr

with the standardised observations (treated identically to

ensemble members) is the likely real-world value of the

feedback principal component, j:

PF
ðobsÞj ¼

XR

r¼1

EC
jror; ð9Þ

where or are the standardised observations in region r and

P(obs)j
F is the predicted ‘real-world’ principal component

of the jth feedback EOF.

Uncertainty in the projection of P(obs)j
F is considered

from two sources: the projection process itself and natural

variability in the source climatology. We estimate the

error in the projection process by measuring the mean

error in the projection of each feedback EOF within the

ensemble:

rprojðPF
j Þ

2 ¼ 1

N � 1

XN

i¼1

PF
ij �

Xne

k¼1

PC
ikckj

 !2

ð10Þ

The uncertainty in P(obs)j
F due to natural variability can be

estimated from the 500-year HadCM3 control simulation.

We predict the likely value for feedback EOF PF
j using

Eq. 9 in each of 64 periods (where each period is a 15-year

mean). The variance of this projection, rnat(P
F

j)
2 is an

indication of natural variability (as estimated by HadCM3).

In practice, rnat < < rproj.

3 Results

3.1 Ensemble mean response

A geographical plot of the ensemble mean feedback re-

sponse to warming is shown in Fig. 2. The plot shows the

average change in net downward radiative flux per unit

surface warming. Thus a more positive response corre-

sponds to a more sensitive system (in surface temperature).

The ensemble mean may hide a great deal of variety, but

serves as a reference point for the rest of the analysis.

The longwave clearsky response to warming is a com-

bination of the surface response described by the Planck

function, with a reduction due to water vapour feedback.

Hence the clear-sky longwave flux increases almost

everywhere on warming, creating a negative feedback. The

exception is tropical ocean regions, where we infer that the

large surface heat capacity together with large humidity

increases create a weak positive clear-sky feedback. The

Table 2 Climatological fields measured for comparison to observa-

tional datasets

Climate Variable Dataset(s) used

Climate fields chosen for analysis

Surface Temperature (TAS) ERA40 / NCEP

Seasonal Cycle in TAS (JJA - DJF) ERA40 / NCEP

SW upward radiation at TOA ERA40 / NCEP / ERBE*

LW upward radiation at TOA ERA40 / NCEP / ERBE*

LW clearsky upward radiation at TOA ERA40 / NCEP / ERBE*

SW clearsky upward radiation at TOA ERA40 / NCEP / ERBE*

Total Precipitation ERA40 / NCEP

Latent heat Flux at surface ERA40 / NCEP

Omega at 500mb ERA40 / NCEP

Yearly means over all available data are taken in the land regions

defined in Giorgi and Fransisco (2000), plus four zonally averaged

regions—northern and southern hemispheres and northern and

southern extratropics

* ERBE data is used in regions where it is available. Missing data is

taken from the respective reanalysis dataset

180 B. M. Sanderson et al.: Towards constraining climate sensitivity by linear analysis of feedback

123



ensemble mean shows little longwave CRF response to the

rising surface temperatures.

In the shortwave cloudy component, the sign of response

differs between tropical and high latitude regions. Over the

Tropics, there is a reduction in sunlight reflected by clouds

on warming while over the extratropics, especially over

northern hemisphere landmasses, we see an increase. Such

an effect was observed in the GISS model by Tselioudis

et al. (1998), as well as observational studies—Dai et al.

(1997) shows an observed increase in cloud cover over the

former USSR while Hahn et al. (1996) shows decreases in

China, South America and Africa as observed in Fig. 2.

In higher latitudes, the increase in cloud cover is gen-

erally attributed to increases in vertical cloud extent and

cloud water with increased relative humidity. On the other

hand, in warmer latitudes, an increase in precipitation

efficiency (Lau and Wu 2003) and cloud-top entrainment

act to decrease the cloud water content and cloud extent on

warming.

Although no information on cloud height is output in the

regional data, the lack of any compensating increase in

outgoing longwave radiation suggests a decrease in low-

level tropical cloud. Such an effect was suggested for re-

gions of subsistence by Bajuk and Leovy (1998), but Bony

and Dufresne (2005) highlighted the inconsistency among

climate models in the sensitivity of marine boundary layer

cloud to warming.

The shortwave clear-sky component is positive over

landmasses due to the retreat of snow and ice covered areas

on warming, increasing the net shortwave radiation ab-

sorbed at the surface. This effect is most dominant over the

Northern Hemisphere landmasses.

3.2 EOF analysis

The process of taking the matrix of regional radiative re-

sponses for all ensemble members and performing an EOF

analysis is explained in Sect. 2.2. The spacing of eigen-

values indicates whether modes may be considered inde-

pendent and non-degenerate (see Eq. 1). Figure 3 shows

the two leading modes are well separated and non-degen-

erate. Interpreting degenerate modes is more troublesome,

as sampling noise can cause various linear combinations to

be extracted (see North et al. 1982). Thus for the purposes

of this work, we concentrate on the two dominant modes.

To determine the proportion of total variance in global

feedback parameter described by these two modes, we use

Eq. 4. The first mode accounts for just over sixty percent of

the variance in global feedback parameter, while the sec-

ond accounts for twenty percent. Throughout the rest of the

−5 0 5

d(LWcld)/dT d(LWcs)/dT

d(SWcld)/dT

Net Surface radiative response to warming (Wm
−2

K
−1

)

−ve feedback (cooling)                           +ve feedback (warming)

d(SWcs)/dT

Fig. 2 A plot of the ensemble-

mean feedback response to

warming on an equal area map

shown for each area used in the

analysis. Blue represents

negative feedbacks, where net

downward radiation at the top of

atmosphere decreases as the

surface temperature rises.

Positive feedbacks are shown in

red, where the net downward

flux increases with rising

temperatures. Non-overlapping

regions (primarily ocean) are

linearly calculated over each

latitude band
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work, we adopt the sign convention that feedback EOFs

scale inversely with k—thus a positive value of a feedback

EOF in a given model results in a positive feedback, giving

a higher value of S than the ensemble mean.

To understand the implications and physical significance

of the first mode, we examine how its amplitude relates to

the original model parameter perturbations. Using the lin-

ear model as described in Eq. 5, we can determine which

model parameters are dominant in determining the ampli-

tude of this EOF in the ensemble.

The normalised regression coefficients, shown in

Fig. 4b, show that the amplitude of this mode is to a large

degree determined by a single parameter perturbation, that

of the ‘entrainment coefficient’, accounting for 85% of the

variance. The correlation is strongly negative, implying

that a reduction in the value of the coefficient leads to a

positive amplitude of EOF 1 and a more sensitive model.

The entrainment coefficient is a parameter in the model

convection scheme (Gregory and Rowntree 1990). The

model simulates a statistical ensemble of plumes inside

each convectively unstable grid cell. On each model layer,

a proportion of rising air is allowed to mix with sur-

rounding environmental air and vice-versa, representing

the process of turbulent entrainment of air into convection

and detrainment of air out of convection. The rate at which

these processes occur in the model is proportional to the

entrainment coefficient. Hence, in models with a reduced

value of this coefficient, buoyant columns are less diluted

as they rise. This in turn preserves the buoyancy of the

convecting air in the column, and allows it to reach higher

altitudes.

The implications of perturbing the entrainment coeffi-

cient are shown by examining the results of a ‘‘single-

parameter‘‘ run, where the only parameter change made

from the base model is to reduce the entrainment coeffi-

cient. Single-perturbation experiments show that the ‘‘low’’

perturbation produces a significantly altered tropical rela-

tive humidity distribution (Fig. 5); the middle troposphere

is drier while the upper troposphere/lower stratosphere

(UTLS) region is more moist.

The mode itself can be represented graphically, as per-

turbations on the ensemble mean response, shown in

Fig. 2. We present EOF 1 in Fig. 4a; it shows a perturba-

tion to the longwave clear sky response in most land re-

gions such that less LW radiation is able to escape on

warming with some longwave cloud radiative forcing in a

similar pattern.

We see a compensating increase in the tropical short-

wave CRF response—strongest in regions of mean ascent

(e.g. Amazon Basin, Southeast Asia). Meanwhile, over

Northern Hemisphere landmasses, there is a reduction in

shortwave forcing on warming. Section 3.4 shows how the

degree of compensation is altered by low cloud formation

parameters in the perturbed physics ensemble.

The longwave CRF response to warming is only weakly

anti-correlated to the shortwave CRF response, suggesting

that different processes may be responsible. The general

global trend shows a positive feedback, implying more

longwave cloud forcing on warming. However, exceptions

occur in Western Africa, Northern Europe and North

America where longwave CRF decreases on warming.

The mean control climate (relative to the climatepre-

diction.net mean) associated with this feedback is shown

by examining the climate state vector, EC
1r (Eq. 8). Like

the EOFs themselves, this vector may be plotted geo-

graphically to show regions where observational fields in

the control simulation are positively or negatively corre-

lated with the feedback EOF (see Fig. 6a).

The land-based climatology associated with positive

values of feedback EOF 1 shows models tend to be warmer

over northern hemisphere landmasses and cooler in the

tropics. The dominating feature of the climate is a sub-

stantially reduced low cloud cover (as implied by the

shortwave component of the CRF). However, this reduc-

tion in low cloud has very little effect on the longwave

energy budget.

The climatology shows an enhanced clear-sky green-

house effect, which is attributable to the increased high

level moisture shown in Fig. 5. The regions showing an

enhanced LWCS feedback in the feedback pattern correlate

well with those regions showing an enhanced greenhouse

effect in the control—with strong effect over the Asian

landmass. It is likely that this moisture allows the forma-

tion of more high cloud, which also has a large effect on
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Fig. 3 A plot of the eigenvalues of the feedback EOFs resulting from

the principal component analysis of feedback patterns in the

climateprediction.net ensemble. Central lines indicate eigenvalues,

the sampling error lines are calculated by Eq. 1
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the longwave energy budget. This is shown in Fig. 6 by an

increased cloudy greenhouse effect. This is especially

visible in regions showing enhanced uplift (SE Asia,

Australasia).

The second EOF is shown in Fig. 7a. In contrast to the

first pattern, the effect of this EOF is almost entirely re-

stricted to changes in cloud response. Also, whereas the

first EOF affected mainly the tropics—the second shows a

consistent response over all landmasses, with little to no

effect over the oceans. A positive value of the pattern

suggests a model which produces more cloud on warming.

This is shown in Fig. 7a by the increased cloud based

reduction of outgoing longwave radiation, coupled with an

increase in reflected sunlight on warming. This is domi-

nantly a land based effect, which is notably strongest in the

northern hemisphere.

The results of a regression onto the model parameters

are shown in Fig. 7b which reveals a single parameter, the

‘ice fall speed’, dominates the amplitude of the second

feedback EOF in the ensemble, accounting for 70% of the
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−ve feedback (cooling)                           +ve feedback (warming)

d(SWcs)/dT

−1 −0.5 0 0.5 1

Albedo at Melting point

Accretion Constant

Precipitation Threshold

Albedo Temperature range

Entrainment coefficient

Cloud ice type

Ice size

Ice fall speed

Empirically Adjusted Cloud Fraction

Critical Relative Humidity

Feedback Pattern  1

Sum Squares: 0.8652

Regression Coefficient

(a)

(b)

Fig. 4 a Geographical plot of

feedback EOF 1 showing

patterns of regional radiative

feedback anomalies in the

ensemble. Sign convention is

such that surface regions in red
receive more radiation (than the

ensemble mean) on warming,

causing positive feedback. b A

graphical representation of the

regression parameters from a

multilinear regression, where

the predictors are normalised

model parameters and the

predictand is the amplitude of

feedback EOF 1. Thus,

parameters with a positive

coefficient are positively

correlated with the feedback

EOF 1
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variance. The ice fall speed is a microphysical parameter in

the model cloud scheme (based on Smith 1990 and updated

by Gregory and Morris 1996). The parameter scales the

speed at which ice particles may fall in clouds. A larger ice

fall speed leads to larger particle sizes and increased pre-

cipitation. The climatological impact of changing ice par-

ticle size and fall speed parametrisation in radiative

convective models has been studied by Wu (2001) and

Grabowski (2000). Both these papers found that a model

with a low ice fall speed would produce a warm, cloudy,

moist lower troposphere with less precipitation.

Figure 6b shows the climatology EOF which scales with

feedback EOF 2 (see Sect. 2). The figure shows that the

feedback amplitude is correlated with an increased green-

house effect due to both clouds and water vapour, com-

pensated by increased shortwave cloud forcing. This is

consistent with a globally cloudier, more moist world with

lower precipitation than the ensemble mean, as suggested

by Wu (2001) and Grabowski (2000). There is also a large

decrease in latent heat flux at the surface, which we infer

follows on from the reduction in surface insolation.

In summary, a positive value for the second feedback

EOF produces more layer cloud and humidity aloft which

both produce enhanced longwave forcing on warming. The

increased layer cloud also causes a compensating short-

wave forcing. All of these effects occur globally over land.

3.3 Observational projections

Section 2.5 describes how the amplitude of each feedback

may be estimated using data from observational and

reanalysis datasets. The reanalysis datasets used are ERA-

40 and NCEP, but we have also created two extra hybrid

datasets which combine ERA-40/NCEP climatology with

ERBE estimated top of atmosphere radiative fluxes.

In each case, we predict the amplitudes of feedback

EOFs 1 and 2 following the methodology described in

Sect. 2.5, assuming the observations can be treated as a

member of the climateprediction.net ensemble. The results

are shown in Fig. 8, which shows climate sensitivity (S) as

a function of feedback EOFs 1 and 2. The projections of

reanalysis data onto this space are shown in the same plot.

The ensemble is divided into two clusters, separated in

the feedback EOF 1 dimension. The larger left-hand cluster

represents the models with the entrainment coefficient set

to a high or standard setting, while the smaller cluster

represents the low entrainment simulations. We can see

from Fig. 8 that the observations partly project onto a re-

gion between the two clusters that has not been sampled in

the ensemble.

The two modes account for 70% of the ensemble vari-

ance in k, with all of the high S simulations (that is,

S > 7 K) lying in the quadrant where both feedback EOFs

are positive. However, not all simulations in this quadrant

have S > 7 K (see Sect. 3.4).

The projection from the ERA-40 and NCEP reanalyses

both project into the larger cloud of the ensemble, consistent

with the standard value of the entrainment coefficient. The

hybrid datasets using ERBE fluxes (in available regions) are

both shifted towards the low entrainment cloud.

Examining the projection coefficients (ejr, not shown)

shows the discrepancy between ERBE and the reanalysis

projections is largely due to differences in shortwave top of

atmosphere fluxes. Weare (1997) noted that the reflected

shortwave radiation from the NCEP reanalysis was gen-

erally some 20–30 Wm–2 greater than in ERBE. This was

attributed to overly reflective clouds in the NCEP model.

Allan et al. (2001) found that shortwave flux in ERA-40

also tends to exceed ERBE by approximately 20 Wm–2 in

the tropics. They found this was again mainly due to overly

reflective clouds, coupled with some excessive low

cloudiness in free-ocean subsidence regions.

An examination of the climatology EOF associated with

feedback 1 (Fig. 6a) shows the dominant feature in the

predictor for feedback EOF 1 is a decreased reflected

shortwave flux. Hence, the lower shortwave flux estimated

by ERBE produces an increased predicted value for

feedback EOF 1. Reflected flux is a complex function of

cloud type and distribution, and the available data for

climateprediction.net is limited—however, values of the
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Fig. 5 A difference plot between a single-perturbation model with a

low entrainment coefficient compared to an unperturbed control for

zonal mean relative humidity. Regions shown in blue have a higher

relative humidity in the low entrainment simulation
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entrainment coefficient slightly below that used in Had-

AM3 cannot be excluded on the basis of this analysis—but

the cloud associated with the ‘low’ value used in cli-

mateprediction.net is inconsistent with the projections.

3.4 Sub-ensemble analysis

As noted before, Fig. 8 shows that all the simulations of

very high sensitivity (S > 7 K) lie in the quadrant with

positive values of Feedback EOF 1 and 2—with low ice

fall speed and low entrainment. However, not all simula-

tions in this quadrant are sensitive. To investigate the

variation of S in this region, we isolate a small portion of

the ensemble by limiting the values of EOF 1 and 2, as

illustrated by the dotted rectangle in Fig. 8. The choice of

rectangle is essentially arbitrary, and could be applied

anywhere within the ensemble. The rectangle used was

chosen to include the highest sensitivities in the ensemble

and the area was kept small enough to ensure that variance

in S within the rectangle was dominated by a feedback EOF

uncorrelated with those already discussed.

The values of S in the region range from 3 to 12� K.

Hence, clearly there are processes other than those repre-

sented by feedback EOFs 1 and 2 which account for the

variation. By repeating the EOF analysis of feedback re-

sponse in this subset (see Sect. 3), we can extract a leading

non-degenerate mode (hereafter EOF S1). In this region,

EOF S1 accounts for 82% of the variance in k. The results

are not highly sensitive to small changes in the size and

shape of this rectangle, and the leading feedback patterns

and associated parameters remain robust.

The geographical pattern of feedbacks associated with

feedback EOF S1 is shown in Fig. 9a. A positive value of the

pattern shows an increase in reflected shortwave radiation on

warming with limited longwave compensation and little

clearsky greenhouse effect. Hence, increasing the value of

feedback EOF S1 decreases the negative shortwave feed-

back more than it increases the positive longwave feedback

(suggesting a low cloud process where cloud temperatures

are similar to the surface). Altering the degree of compen-

sation between these effects produces the observed range of

climate sensitivity in the rectangle shown in Fig. 8.

Surface Temperature Clearsky inv. GH effect Cloudy inv. GH effect Reflected SW

Seasonal cycle (TAS) Vertical Velocity Total Precipitation

Standard Deviations of natural variablity from cpdn mean

Latent Heat Flux

−4 −2 0 2 4

Surface Temperature Clearsky inv. GH effect Cloudy inv. GH effect Reflected SW

Seasonal cycle (TAS) Vertical Velocity Total Precipitation

Standard Deviations of natural variablity from cpdn mean

Latent Heat Flux

−4 −2 0 2 4

(a)

(b)

Fig. 6 a A geographical plot of

the climate state vector

(anomaly from ensemble mean)

which best scales with the (first,

second) feedback EOF. Regions

shown in red (blue) show

positive (negative) correlation

with feedback EOF 1. Clearsky

inverse GH effect is the LWCS

flux at the top of the atmosphere

divided by the surface LW flux.

Cloudy inverse GH effect is the

longwave cloud radiative

forcing divided by upward

surface flux, ‘Reflected SW’ is

the upward shortwave flux,

‘Seasonal Cycle (TAS)’ is (JJA-

DJF) surface temperature,

‘Vertical Velocity’ is the

vertical pressure velocity on the

500 mb pressure level (updraft -

ve) and ‘Latent Heat Flux’ is at

the surface. b Same as in a, but

for feedback EOF 2
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We can again regress the amplitude of EOF S1 onto

the model parameters as described in Sect. 2.4, to deter-

mine which parameters cause this modulation of SW

feedback (we exclude the entrainment coefficient from the

regression because it does not vary in the region con-

sidered). The results are shown in Fig. 9b. This time, we

observe no single parameter is responsible for the

amplitude of the pattern. However, the most significant

parameters are involved in determining the overall cloud

cover:

• Critical relative humidity (+ve): the grid-box-mean

relative humidity at which cloud is first formed. An

increase will reduce the cloud coverage for a given

relative humidity by decreasing the width of the

specific humidity distribution about the grid box mean

(Smith et al. 1997).

• Accretion constant (+ve): an increase in the accretion

constant allows more cloud droplets to be ‘swept away’

by falling rain, reducing the overall cloud coverage

(Smith et al. 1998).
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Precipitation Threshold

Albedo Temperature range
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Sum Squares: 0.55987

Regression Coefficient
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Fig. 7 a, b As Fig. 4, for

feedback EOF 2
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• Empirically adjusted cloud fraction (-ve): the empiri-

cally adjusted cloud fraction scales the cloud coverage

for given atmospheric conditions, thus a decrease will

produce a decrease in cloud cover. The value itself

refers to the large-scale cloud coverage when the

specific humidity in the grid-cell is equal to the

saturation value, and defaults to 0.5 (Smith et al. 1998).

• Cloud water threshold for precipitation (-ve): the

minimum cloud vapour density for the onset of rain

(the threshold is smoothed to be a continuous likelihood

function). If decreased, clouds will precipitate more

easily and cloud coverage will decrease. The model has

different values over land and sea because fewer

condensation nuclei are available over ocean re-

gions—but these values are perturbed together (Table 1

and Smith et al. 1998).

• Cloud ice type: the ensemble uses two sets of param-

eterisations for cloud ice, which result in altered

expressions for the extinction depth, single scatter

albedo and scattering direction (described as functions

of cloud water content and effective and effective ice

particle size). The scheme is based upon Slingo (1989),

where the parameterisations are fully defined (Ingram

1990).

In Sect. 3.2, we found that the low entrainment

parameter setting associated with feedback EOF 1 pro-

duced both large positive longwave feedbacks from high

cloud and moisture buildup, partly compensated by short-

wave forcing from low cloud buildup. Hence, by decreas-

ing the low cloud coverage in these models, we decrease

the amplitude of the shortwave compensation. Thus, the

clearsky longwave effect due to increased high level cloud

and water vapour aloft dominates and the highest values of

S are observed.

If we follow the methodology of Piani et al. (2005), we

can predict k from each of the observational datasets shown

in Fig. 8. Figure 10 shows likelihood functions for k given

climatological data from each of the four datasets. These

are created using the methodology of 24, but instead of

predicting the feedback principal components (Pij
F), we

predict the overall feedback parameter k.

The bounds on S resulting from the projections are listed

in Table 3. The projections using ERBE fluxes are shifted

to noticeably higher sensitivities, thanks to the higher

projected value of feedback EOF 1—as shown in Fig. 8

and discussed earlier. For comparison, Piani et al. (2005)

found limits of 2.2 and 6.8 K—but included a measure of

systematic model errors, which were not considered in this

analysis. It is also recognised that these projections are

limited by the linear nature of the analysis which may not

be able to capture processes such as those described in

Sect. 3.4, which only apply in some parts of the ensemble.

Thus, these constraints are provided to illustrate the origins

of differences in projections using different datasets,

rather than getting the best possible constraint on climate

sensitivity.

4 Conclusions

Variation in the response to greenhouse-gas forcing in the

climateprediction.net ensemble of climate models is lar-

gely dominated by two global feedback mechanisms. The

first is associated with the ‘entrainment coefficient’, a

parameter in the model’s convection scheme. A reduction

in this parameter results in a moistened upper troposphere

in the Tropics, and introduces the potential for convective

feedbacks with increasing surface temperature.

On warming, increased relative humidity aloft causes

an exaggerated clearsky greenhouse effect. The feedback

also shows a cloudy component, with a positive longwave

cloud forcing in the regions of increased humidity. Both

of these effects are to be expected from the enhanced

clear sky and cloudy sky greenhouse effect shown in the
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Fig. 8 A plot of the amplitude of rotated feedback EOF 2 as a

function of feedback EOF 1. Each point represents a model in the

climateprediction.net ensemble, and is coloured according to its value

of S . The ellipses represent projections of reanalysis data onto the

space defined by the two EOFs, their size represents the uncertainty in

the projection process from control climate state to feedback

amplitude (which is the significant source of error). The yellow
ellipse is a projection of the unperturbed HadAM3 model. The

contour lines are gradients of a smoothed function of climate

sensitivity in the space. The dashed rectangle represents the region

sampled for EOF S1. Black points show the estimated feedback

values for members of the AMIP ensemble—the error ellipses for the

AMIP projections are not shown for reasons of clarity
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control simulations of models with a low entrainment

setting. Previous papers (Rodwell and Palmer 2007) have

suggested that the models with a low entrainment coef-

ficient are unrealistic. Our projections also suggest that

models exhibiting a very strong feedback of this type are

unlikely given the observations. However, there is some

discrepancy between predictions, which are largely

dependent on the value of up-going shortwave flux in the

observations; ERBE estimates of shortwave flux are

noticeably lower than ERA-40 or NCEP resulting in

predictions of a stronger feedback and higher climate

sensitivities when using ERBE data. Given this uncer-

tainty, there remains a possibility that positive feedbacks

of this type may be stronger than when estimated using

the unperturbed HadAM3 model.

The second independent feedback process is associated

primarily with the ‘Ice Fall Speed’ parameter, a reduction

of which leads to globally increased cloud coverage and

humidity. Such models show a decreased longwave re-

sponse to surface warming, again with some shortwave

compensation due to globally increased cloud cover.

Again, the observational projections suggest that models in
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Fig. 9 As Fig. 4, for the first

subset feedback EOF, S1. This

part of the linear analysis

examines only the subset of

models shown in the dashed
rectangle of Fig. 8. The

entrainment coefficient is

excluded from the regression

because it does not vary over the

subset of models selected
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the ensemble showing a very strong feedback of this type

are unlikely.

For models where both of the feedback EOFs were

strongly positive, there is still some variation in climate

sensitivity. A second EOF analysis on this subset of

ensemble models reveals a set of ‘secondary’ cloud for-

mation parameters which was found to control the extent of

shortwave compensation associated with both of the pri-

mary feedbacks. Large values of climate sensitivity could

be achieved by combining low entrainment with parame-

ters set to reduce low cloud formation. The observational

projections do not fall within this region of potential very

high climate sensitivity.

With this approach we demonstrate how to approach

some of the non-linear aspects of the ensemble with a

purely linear analysis. The very large number of simula-

tions available allows for a sequence of analyses: the

primary EOF analysis establishes different regimes within

the ensemble. Then, by repeating the analysis on smaller

subsets of similar models, we have determined additional

variation which may not scale across the entire ensemble

and thus would not be discovered by a single EOF

analysis.

The ‘real-world’ likelihood of these processes is a

complex issue. In Sect. 3.3—we make the assumption that

valid predictors from the ensemble may be applied directly

to observations, and find that very strong positive value is

unlikely for either of the main feedback EOFs. In reality,

the error in such predictions is likely to be larger than

indicated because of systematic model error. This occurs

because we do not know the validity of the predictors when

applied to other models (or observations). Thus, we cannot

categorically exclude the possibility of strong feedbacks of

this type in the real world leading to very high climate

sensitivities. Such issues could be tackled in further work

by using multi-model perturbed ensembles, where predic-

tors would be more independent of underlying model

structure.
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Fig. 10 Likelihood distributions estimated for real world value of the

global feedback parameter, k using method of Sect. 2.4. The plot

follows the convention and methodology of Piani et al. (2005); the

horizontal axis represents the predicted value of k for each

climateprediction.net model, calculated from regressing against each

model’s control climatology. The vertical axis shows the feedback

parameter estimated from the simulation, thus the vertical spread of

the distribution of models shows the total error in predicting k from

model climatology in the ensemble. The distributions on the lower

axis show the projection of observational datasets onto k, predicted in

the same fashion. The width of the lower distribution is due only to

interannual natural variability in the observational datasets. The

vertical distributions add the full prediction error to each observa-

tional prediction to produce a final likelihood distribution for k from

each dataset. Black circles indicate the projected k for the AMIP

ensemble, where the true response is estimated from that of the

respective coupled model (as no double CO2 experiments are

available for AMIP)
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resulting from the projections shown in Fig. 10
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ERA40 / ERBE 2.87 4.13 7.32

All values for sensitivity are given in K, and are obtained by inverting

the global feedback parameter
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