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Abstract Two different methods, one diagnostic and the
other prognostic, are used to investigate the predict-
ability of the coupled atmosphere-ocean system on time
scales of months to decades. The diagnostic approach
analyzes the output of a 200 year coupled model simu-
lation for evidence that the long time scale variability
of annual, pentadal, and decadal means of surface air
temperature are ‘‘potentially predictable”. The prog-
nostic “perfect model” approach analyzes predictability
of the system by calculating the rate of separation of
a small set of coupled model simulations in terms of
monthly and annual means of surface air temperature
over the globe. Both approaches give reasonably co-
herent results. At the shorter of the time scales consid-
ered, there is little predictability over land but some
evidence of predictability over the tropical Pacific, the
Southern Ocean and to some extent the extratropical
northern Pacific. At longer time scales there is some
slight evidence of predictability over certain land areas
and more definite evidence of predictability in the
tropical Pacific and Southern Ocean. A new area of
predictability emerges in the tropical Atlantic. There are
plausible physical mechanisms which may explain these
long time scale areas of predictability. Both approaches
have the potential of shedding light on the long time
scale predictability of the coupled system in more
extensive predictability studies of this kind.

1 Introduction

The CLIVAR science plan calls for study of the pre-
dictability of the coupled system at time scales from
seasonal to decadal and centennial. In the classical def-
inition, ‘“‘predictability”” is an attribute of the physical
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system which measures the short-time scale rate of sep-
aration of initially close states in a deterministic system.
If the difference in these states is identified with error in
the initial conditions of a perfect forecast model, then
the rate of separation from the true evolution is a
measure of the inherent error growth in the system. The
classical result is, ideally, an average over many initial
conditions and appropriate error distributions. At
CLIVAR time scales, classical predictability approaches
must be extended to questions of the predictability of the
statistics of the system.

A looser definition of “‘predictability”” might charac-
terizes predictability studies into; (1) perfect model, (2)
practical, (3) analog, and (4) potential predictability
studies. Perfect model and practical predictability ap-
proaches are prognostic in the sense that they involve
the use of numerical and/or statistical models to make
forecasts in the presence of initial condition and/or
model error. The resulting error growth in perfect or
imperfect models gives information on predictability in
this sense.

Analog and potential predictability approaches are
diagnostic in the sense that observations from the system
are analyzed in order to characterize its predictability. In
the analog approach, the separation rate of observed
states which are initially ““close” is studied where the
initial differences are viewed as errors in initial conditions.

Potential predictability is a rather more statistical and
indirect concept where the argument is that the observed
or modelled variability of some mean quantity is greater
than can be accounted for by sampling error given the
noise in the system. The inference is that this part of the
variability arises from physical processes that are, at
least potentially, predictable.

Some preliminary aspects of the predictability of the
coupled climate system at CLIVAR time scales using
results from the CCCma coupled GCM are discussed
here. Two of the four predictability approaches are used
namely the ‘“‘potential predictability” and perfect
model” approaches. The practical predictability ap-
proach is out of reach at long time scales because of the
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lack of three-dimensional oceanographic observations to
specify initial conditions. The analog approach suffers
from a lack of sufficiently close observed initial states in
both the real and modelled system.

2 Notation

Basic statistical measures are used in the study. Forecasts (however
defined) are denoted as y(t) where 7 is the forecast range. Corre-
sponding observations are denoted as x(t) with the associated cli-
matological value xy. A generalized ensemble averaging operation
over a number of forecasts is indicated by an overbar x = x + x'.
The error (and anomaly error) is

e(t) = ¥(1) —x(1) = (v = x0) — (x —x0) .

The systematic error (the error which is common or systematic
in the forecasts and so survives the ensemble averaging) and the
remaining random error (Boer 1993) are:

e=e+é=(—x)+ 0 -x)
and the random error variance can be written as (Boer 1994)
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Here o, and o, are the standard deviations of the forecasts and
observations and ry, is the correlation between them. Note that
0,(7) may be a function of forecast range if the model gains or loses

variance during the forecast period.
A scaled error variance of the form
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then follows directly. Nominally f =0 at t=0 and f — 1 as
7 — 00. The scaled correlation term p, loosely termed the “pre-
dictability” here, has the opposite behaviour so that, typically,
p=latt=0and p— 0 as T — oo as the forecast and observa-
tions become decorrelated. Note however, that if the forecast and
the observations are anticorrelated at some range, i.e. if r,, <0,
then > 1 and p < 0 indicating that the forecast has greater error
than a climatological forecast.

Finally, a “cumulative average scaled error” and associated
“cumulative scaled predictability” is defined as

@ = [ 1@ =1- 50 ©
0

which gives an averaged representation of the error with forecast
range. This statistic has the virtue of averaging out the fluctuations
of f'(and p) which arise by chance agreement and disagreement of
the forecast and observations at a point during the forecast period
and which might otherwise be interpreted as representing skill.
In effect, the statistic represents a measure of ‘“‘consistent” skill
exhibited to the range .

While error measures such as these are most commonly applied
to instantaneous values of forecast variables in short range nu-
merical weather prediction, they may be equally applied to monthly
and seasonal or even annual, pentadal and decadal mean quanti-
ties, as is done here.

3 Considerations at longer time scales

The CLIVAR implementation plan (CLIVAR 1997) is
currently structured around principal research areas
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involving climatological processes and modes of vari-
ability (e.g. the monsoon, tropical modes, extra-tropical
modes, the thermohaline circulation, and anthropogenic
climate change). Latif (1998) reviews interdecadal vari-
ability in the coupled system in terms of five main modes
or processes. Coupled atmosphere-ocean modes that are
discussed include the tropical Pacific ENSO mode,
a tropical Atlantic dipole, tropical-midlatitude interac-
tions, and midlatitude gyre modes in both the north
Pacific and Atlantic. Latif (1998) also discusses a north
Atlantic midlatitude thermohaline mode as primarily an
ocean only phenomena. If analysis indicates enhanced
predictability in these regions this will suggest possible
long-term forecast skill in the coupled system could be
associated with these modes.

The existence of long time scales in the coupled sys-
tem suggests that the system may possess extended
predictability but this is not necessarily the case. One
possibility is that the ocean simply damps white noise
atmospheric forcing and that the long time scale phe-
nomena in the system are a reflection of this process.
In that case, no additional dynamical and/or physical
processes provide predictive skill at long time scales so
this is taken to represent a lower or least-skill limit of
predictability.

The ENSO phenomena is a classical example of a
coupled atmosphere ocean process which does exhibit
predictability. Here both atmosphere and ocean are in-
volved and they feed back physically upon one another
to induce behaviour which exhibits both classical and
practical predictability. Other coupled processes may
also have long time scales but hurdles to practical pre-
dictability remain. These include: (1) the robustness of
the mechanism, (2) the availability of initial conditions,
and, (3) the “amount” of variability involved. If the
mechanism being investigated is not robust to modest
errors in initial conditions, coupling formulation, model
characteristics, or observational error then there is little
practical forecasting potential. For the coupled system,
the lack of observations in the body of the ocean, to-
gether with the problems of model spin-up, means that
initializing (and to a lesser extent verifying) the forecast
is a major hurdle for practical forecasting. Finally, al-
though mechanisms exhibiting predictability in some
statistical sense may exist in the coupled system, their
practical importance is small if only a small fraction of
the natural variability is involved.

4 Time series aspects

If the long time scale variability of the coupled system
is a consequence of the damping of the weather noise
forcing in the manner discussed by Hasselman (1976)
and Frankignoul and Hasselman (1977), then skillful
forecasting is limited by the damping time scale.

In the simplest representation of this idea, the oceanic
mixed layer temperature is governed by the simple
equation
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or
—=—T+¢

o (4)
where the mixed layer temperature is forced by white
(weather) noise ¢ and is damped about its equilibrium
temperature by feedback processes represented by a
damping time scale 1/y. The resulting spectrum of mixed
layer temperature is

Sr(@) = 8o/ (@ +77)

where o is the frequency. A red spectrum of this kind is
often observed for mixed layer temperatures (Manabe
and Stouffer 1996). In this case, the long period varia-
tions in temperature are due to the damping of the white
noise forcing so are unpredictable beyond the time scale
this implies. This situation represents a minimum skill
level for a forecast.
The first order autoregressive process

X1 = BXi + & (5)

with f =1 —yAr and || < 1 is a discretized version of
Eq. (4). For such a process, the resulting statistical re-
lationships are very simple. The variance of X is related
to the random forcing ¢ as

szag/(l 7:82) )

a natural decay time scale in units of Ar may be defined
as

ta=1/(1—1pl) ,
and the correlation at lag 7 is
H(1) = XeriXo /o2 =

A “‘perfect model” forecast equation for the process (5)
is

Y =pY+&

where the error & has the same statistical properties as &
but is uncorrelated with it.

The rate of separation of two states (or the error of
a persistence forecast) at forecast range 7 is

&(1) = d(x) = (Xre — XK,) = 202(1 = r(2)
=203(1-f7) .

The correlation, error variance, and scaled error vari-
ance for forecasts are respectively

rxy(f) = :821
(1) = (Yoo — Xepo)® = 202(1 — %)
=21

For a simple damped system like Eq. (4) driven with
white noise, these expressions describe the error behav-
iour and predictive skill.

471

5 The coupled model

The coupled model used is the CCCma coupled model
in which the second generation atmospheric GCM2
(McFarlane et al. 1992; Boer et al. 1992) is coupled to a
three dimensional ocean GCM and thermodynamic ice
model. The AGCM has T32L10 resolution while the
OGCM has twice the horizontal resolution at 1.8° x 1.8°
and a vertical resolution of L29. The OGCM is spun-up
from rest before coupling and flux adjustment of heat
and fresh water flux is employed.

A multi-year control simulation (Flato et al. 2000)
and three independent transient climate change simula-
tions (Boer et al. 2000a, b) forced with historical and
projected greenhouse gas and aerosol concentrations,
nominally from 1900 to 2100, are available.

Diagnostic potential predictability analyses use re-
sults from the control simulation. Because of the way the
three independent transient climate change simulations
are initialized they provide a “perfect model” forecast
experiment during the early part of the simulation where
greenhouse gas and aerosol forcing is small.

Griffies and Bryan (1997) report on a predictability
study of the north Atlantic, following the perfect model
approach, and find evidence of predictability on differ-
ent time scales at different depths and for different
variables in this area and Latif and Barnet (1996) in-
vestigate the dynamics and predictability in the north
Pacific based on a coupled model. The investigation here
takes the global view and concentrates on surface air
temperature (SAT) as the primary meteorological vari-
able that closely reflects the evolution of the coupled
atmosphere/ocean system as well as being of direct
practical interest.

6 Potential predictability

Two potential predictability analysis methods are ap-
plied to the surface air temperature of the control sim-
ulation of the coupled model. In both cases the intent is
to show that the null hypothesis of Sect. 4 can be re-
jected. These are purely diagnostic calculations however
and any potential predictability discerned does not
necessarily imply that actual predictive skill is available,
but rather that the long time scale variability that is
observed cannot be accounted for by the simple dam-
ping hypothesis of Eq. (4).

6.1 Autoregressive approach

The autoregressive process Eq. (5) representing a simple
damped system like Eq. (4) implies a certain limited
forecast skill. If, on the other hand, when the data are fit
to the autoregressive process the residual ¢, is not simply
white noise, then something other than the damping
implied by Eq. (4) is operating. This is taken to imply
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that there remains part of the variability that is
tentially” predictable.

The challenge is to test if ¢ is white noise in a suitable
statistical way. This is done by applying the “portm-
anteau” test (von Storch and Zwiers 1999) which pro-
ceeds by fitting the autoregressive process Eq. (5) to the
data and calculating the g-statistic of order &,

k
=W - I)ngs(r)
=1

based on the autocorrelation of the residual ¢ at various
lags.

The test is applied to annual means of the control
simulation surface air temperature at grid-points over
the globe. In order to remove any residual trends in the
control run data, which would be interpreted as poten-
tial predictability, the data is first linearly detrended in
time. The results of this potential predictability analysis
of annual mean SAT are shown in Fig. 1a. Shaded areas
indicate where the null hypothesis is rejected at the 10, 5
and 1% probability levels and hence where it is judged
that there is ““potential predictability’ in this sense.

“po_

6.2 Analysis of variance approach

This approach is used for pentadal and decadal means
where the annual averages that enter the pentadal and
decadal means are available to estimate noise variance.
The statistical idea is that the variable X,z is written as

Xaﬁzﬂ+s1+8aﬁ

where o identifies the particular pentade or decade and f§
the years within that pentade or decade. X,p is repre-
sented as the sum of the grand mean y, some potentially
predictable source of variability s, that affects the
pentadal or decadal means, and the remaining ‘“‘noise”
term &,s which depends on shorter time scales. Nomi-
nally the Variance of the pentadal or decadal mean X, is
0)2—( = o’ + ‘75 and if an estimate of the ratio a—/a
1+ o2 / o; is sufficiently larger than 1 the conclusion is
that ¢? ;é 0 at some level of statistical confidence. In
other words there is a source of variability of the mean
that is not accounted for as the effect of the noise.

The difficulty here is to estimate the noise and this is
done following the approach of Zwiers (1996) where an
estimate of the short time scale noise is obtained from
the component means that enter an average over a
longer period. Here the annual means that enter the
pentadal or decadal means are used. The test statistic is
the F-ratio with (N — 1, (m — 1)N) degrees of freedom
calculated as

S (X, —X) /(N = 1)
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a Annual means

e e B 1

Fig. 1a—¢ Measures of the potential predictability of a annual mean,
b pentadal mean, and ¢ decadal mean surface air temperature in the
coupled model. Shading at 10%, 5%, and 1% significance levels. The
percentages of the area of the globe shaded at the 5% level are 15%,
11%, and 19% respectively

The data is detrended before the statistical calculation is
preformed.

This approach assumes that the part of the serial
correlation of the annual means within pentades or
decades that is associated with the noise is small and
so has little effect on the estimate of the noise variance

The serial correlation of weather noise does not
thG an appreciable affect on the variability of indi-
vidual annual means since only a few days at the
boundaries of the years are appreciably correlated.
Results for potential predictability of pentadal and
decadal means are presented in Fig. 1b, ¢ where
shaded areas again indicate the 10, 5 and 1% signifi-
cance levels.
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6.3 Long-time scale potential predictability
in the coupled system

For annual mean surface air temperatures, as shown in
Fig. 1a: (1) there is, at best, spotty evidence of potential
predictability of the annual mean surface air tempera-
ture over the continents; (2) potential predictability in
the ENSO region is clearly indicated; (3) a second broad
region of potential predictability is indicated in the
southern ocean; and (4) there is a suggestion of an area
of potential predictability in the north Atlantic.

For pentadal mean surface air temperatures, as shown
in Fig. 1b: (1) there is even less suggestion of potential
predictability over the continents; (2) there is evidence
of potential predictability of pentadal means in the
ENSO region indicating that the longer time scale
variability of this process may be predictable; (3) there
is some extension of this apparent area of potential
predictability into extra-tropical latitudes in the north
Pacific; (4) there is some evidence of an area of potential
predictability in the tropical Atlantic; and (5) the strong
region of potential predictability in the southern ocean,
seen for the annual means, has largely disappeared at
this time scale.

For decadal mean surface air temperatures, as shown
in Fig. 1c: (1) rather extensive regions of potential pre-
dictability are apparent including regions in the tropical
Pacific and extending into middle latitudes and partic-
ularly at high middle latitudes; (2) some tropical Atlantic
potential predictability becomes apparent at these time
scales; and (3) high latitude potential predictability is
apparent in the Atlantic in both hemispheres.

While the connection of these areas of potential
predictability with the mechanisms and modes discussed
by Latif (1998) is not direct, the connection to ENSO is
particularly prominent at the various time scales while
the potential predictability of tropical Atlantic and
extra-tropical surface air temperatures appears most
prominently in decadal means.

The potential predictability over the oceanic areas of
the globe suggests the possibility of some long time
scale predictability in the system. The oceanic result
is certainly not matched by similar areas of potential
predictability over land. Over land, the natural vari-
ability is larger than over the ocean and whatever
predictable mechanisms that exist in the coupled system
over the ocean apparently do not propagate their
effects to the land areas with a strong enough signal to
avoid being swamped by the natural variability in this
analysis. This points out once again just how delicate
long-term prediction of SAT over land might be ex-
pected to be.

7 Perfect model predictability in the coupled system

The “‘perfect model” approach to predictability has a
long history in weather forecasting but has not yet been
much used for long time scale studies of predictability in
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the global coupled system. A first and rather restricted
attempt is presented here. The characteristics of the
calculation are as follows:

1. The results are based on three independent simula-
tions of the global coupled model with greenhouse
gas and aerosol forcing appropriate to the turn of the
century;

2. The simulations are initialized with the same three-
dimensional oceanic state but with independent 1
January atmospheric states consistent with the forc-
ing;

3. The analysis is confined (at present) to surface air
temperature and the “‘rate of separation’ of solutions
is taken to give an indication of the error growth rate
for the system.

In any real forecast of the coupled system the initial
ocean state would also contain error so the predict-
ability investigated here is idealized also in this sense.
The longer time scales of the ocean and the rapid
growth of error in the atmosphere gives some justifica-
tion for this approach when investigating the predict-
ability of SAT.

The rate of separation between the ith and jth sim-
ulation for the forecast variable y as a function of the
range t is measured by the squared difference in the
usual way as

() = () — y(1)* |

and the ensemble “‘separation variance” d2, obtained by
averaging the dfj over all simulation pairs, is treated as if
it were an error variance as discussed in Sect. 2. Here the
y(t) are monthly or annual means of SAT.

Because the natural variability of SAT varies greatly
over the globe, a plot of d*> would have large values
in extratropical and smaller values in more tropical
regions. The smaller values in the tropics would not
imply predictive skill however since the variability there
is also low. The scaled quantity

f(0)=d/26> =1 —p(1) , (6)
where ¢? is the variance obtained from the control run,
takes this into account and gives a suitable representa-
tion of the “predictability” p which is simply the
correlation coefficient in the perfect model case. For
presentation purposes, the cumulative scaled pre-
dictability p = 1 — f obtained from Eq. (6) is generally
used.

7.1 Predictability of monthly mean SAT

Figure 2a shows the cumulative predictability p, calcu-
lated for monthly mean SAT, and averaged over the
globe, the open ocean, and the land plus sea-ice.
Figure 2b shows the corresponding fraction of the area
of the globe, open ocean, and land plus sea-ice which
displays a level of predictability for which p > 0.4. The
value for land/ice is comparatively small for the first
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Cumulative scaled predictability
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Fig. 2a,b The average of a the cumulative predictability p of monthly
means of surface air temperature over the globe, the open ocean and
the land plus sea-ice, and b the fraction of the area of these regions
which exhibit predictability as measured by p > 0.4

month and drops rapidly thereafter and this indicates
once again the general lack of extended predictability
over land and sea-ice.

Over the open ocean, however, the separation of the
solutions is considerably less rapid and p, and the cor-
responding fractional area, decrease more slowly indi-
cating possible predictive skill at these time scales.
Necessarily, global measures fall between the open
ocean and land plus sea-ice values. The message is of a
rapid loss of predictability over land and sea-ice and
a somewhat slower decrease over the oceans.

The lack of initial predictability over land/ice is
consistent with the nature of the initialization of the
experiments and the large values of variability found in
SAT over land and sea-ice. The values of ¢° that appear
in the denominator of Eq. (6) are the climatological
values of the variances of monthly mean SAT calculated
separately for each month of the year from the control
simulation. The simple average of these twelve monthly
values is displayed in Fig. 3 which shows the large values
of SAT variance over land and sea-ice.
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Variance of monthly mean temperatures

Fig. 3 The simple average of the variances of the monthly mean
surface air temperature for each month. These variances are calculated
from the 200 year control simulation of the coupled model

If geographically localized coupled modes of the
system are predictable, this should be seen in geo-
graphically localized regions of higher values of p which
contrast with regions where the basic damping mecha-
nism Eq. (4) operates and where p decreases rapidly.
Figure 4 shows the geographical distribution of p for
monthly mean SAT. Areas with p > 0.4,0.6, and 0.8 are
shaded. At early times, predictability is seen to fall off
rapidly over land and over portions of the oceans at
middle latitudes and in some tropical regions. At three
months, predictability is concentrated in: (1) the tropical
Pacific, (2) the extratropical northern Pacific, (3) the
Southern Ocean and (4) certain regions of the north and
south Atlantic. By six months, shrunken regions of
predictability remain primarily in the first three of these
areas.

At even longer times, Fig. 5 shows coherent areas of
modest values of p fading from the El Nino region of the
equatorial Pacific and the near-equatorial Atlantic while
remaining in the southern Pacific.

7.2 Predictability of annual mean SAT

Figures 6, 7 and 8 are similar to figures in Sect. 7.1 but
now for the annual mean SAT. For annual mean SAT,
the average of p over land plus sea-ice is near zero even
for the first annual mean but then increases before
decreasing again indicating that, at these longer time
scales, there may be some predictability over land in-
duced by that over the oceans. Average p over the open
ocean is already quite small at year 1 in Fig. 6a and
decreases subsequently to year 5, recovers slightly and
declines slowly thereafter. The corresponding fractional
areas with p > 0.4 in Fig. 6b show comparatively small
differences at the initial period and all decrease more or
less uniformly thereafter.

Local values of p for annual mean temperatures in
Fig. 7 show patterns reminiscent of those for monthly
mean temperatures in a broad sense but with some in-
teresting differences. By year 3 there is a general decline
in p except for: (1) the tropical Pacific region implying
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p(t) for monthly mean temperature
Month 1
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p(t) for monthly mean temperature
Month 12

]

Fig. 4 The geographical distributions of p for monthly means of
surface air temperature at ranges of /, 3 and 6 months. Shading
boundaries are at p = 0.4, 0.6, and 0.8

predictability associated with the long term variation in
ENSO, (2) very modest predictability in the northern
Pacific, (3) the Southern Ocean and (4) in the tropical
Atlantic. Note however that there are modest regions of
apparent predictability over the land for the annual
means which were absent for the monthly averages. One
implication is that there may be predictable land com-
ponents of the coupled system on long time scales, due
either to local processes or teleconnections with oceanic
mechanisms, which are not present (rather which are
swamped by short term natural variability) at monthly
time scales. The patterns continue to weaken at year 6
and by year 10, most of the predictability is concentrated
in the Southern Ocean with some residual shaded values

Fig. 5 The geographical distributions of p for monthly means of
surface air temperature at ranges of /2, 24 and 36 months. Shading
boundaries are at p = 0.4, 0.6, and 0.8

in the tropical Atlantic and the extratropical northern
Pacific. There is, once again, some faint shading over
small regions of the northern land area. These patterns
continue to weaken at years 20 and 30 with remnants of
predictability found only in the Southern Ocean near
South America.

8 Discussion

The coupled atmosphere-ocean-land-ice system is ex-
pected to exhibit coupled predictability for a richer
range of time scales than for the atmosphere alone,
which has been the focus of most predictability studies.
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Fig. 6a,b The average of a the cumulative predictability of annual
means of surface air temperatures over the globe, the open ocean and
the land plus sea-ice, and b the fraction of the area of these regions
which exhibit predictability as measured by p > 0.4

The CCCma coupled model is used to investigate the
long time scale predictability of surface air temperature
in the coupled atmosphere/ocean/ice system using both
diagnostic “potential predictability” and a prognostic
“perfect model” approach. Both approaches give evi-
dence for long time scale predictability in the tropical
Pacific, the Southern Ocean and to varying degrees in
the tropical Atlantic and the extratropical northern
Pacific. Predictability over land and sea-ice is generally
weak and, if it exists, appears at longer time scales.
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p(t) for annual mean temperature

Year 1

B G I

Fig. 7 The geographical distribution of p for annual means of surface
air temperature at ranges of /, 3 and 6 years. Shading boundaries are at
p=0.4,0.6, and 0.8

Both predictability approaches have their weak-
nesses; the potential predictability approach does not
directly denote actual predictability, and the perfect
model approach may suffer, as its name indirectly im-
plies, from model imperfections as well as from the small
number of members in the ensemble. Nevertheless, the
results are reasonably complementary and this gives
some indication of their robustness. Diagnostic potential
predictability studies of simulation results from of other
models will provide complementary views while a perfect
model predictability study with a suite of coupled
models and a large ensemble of cases would provide new
information on the predictability of the coupled system
at long time scales.
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