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ABSTRACT

Information in decadal climate prediction arises from a well-initialized ocean state and from the predicted

response to an external forcing. The length of time over which the initial conditions benefit the decadal

forecast depends on the start date of the forecast. We characterize this state-dependent predictability for

decadal forecasts of upper ocean heat content in the Community Earth System Model. We find regionally

dependent initial condition predictability, with extended predictability generally observed in the extratropics.

We also detect state-dependent predictability, with the year of loss of information from the initialization

varying between start dates. The decadal forecasts in the North Atlantic show substantial information from

the initial conditions beyond the 10-yr forecast window, and a high degree of state-dependent predictability.

We find some evidence for state-dependent predictability in the ensemble spread in this region, similar to that

seen in weather and subseasonal-to-seasonal forecasts. For some start dates, an increase of information with

lead time is observed, for which the initialized forecasts predict a growing phase of the Atlantic multidecadal

oscillation. Finally we consider the information in the forecast from the initial conditions relative to the forced

response, and quantify the crossover time scale after which the forcing provides more information. We

demonstrate that the climate change signal projects onto different patterns than the signal from the initial

conditions. This means that even after the crossover time scale has been reached in a basin-averaged sense,

the benefits of initialization can be felt locally on longer time scales.

1. Introduction

Information in long-term climate projections arises

from a good estimate of future greenhouse gas emis-

sions, coupledwith a climatemodel that responds well to

such emissions (IPCC 2014). However on shorter cli-

mate time scales, information can also arise from the

climate model’s initial conditions, in particular from a

well-initialized ocean state. Decadal climate forecasts

capitalize on this potential, predicting the climate sys-

tem on multiannual to decadal time scales when infor-

mation from the initialization is understood to benefit

the prediction (Yeager and Robson 2017; Smith et al.

2019; Kushnir et al. 2019).

Recent years have seen significant progress in the field

of decadal climate forecasting (Merryfield et al. 2020),

with skillful multimodel forecasts possible for a range of

climate phenomena (Smith et al. 2019). In particular,

multimodel ensembles can produce skillful forecasts

of North Atlantic variability (Smith et al. 2020, manu-

script submitted to Nature), including atmospheric

modes of variability such as blocking and the North

Atlantic Oscillation (Athanasiadis et al. 2020). The

World Climate Research Programme has highlighted

the importance of moving toward operational decadal

forecasting through its grand challenge on near-term cli-

mate prediction, although scientific and technical challenges

remain (Kushnir et al. 2019). The coordinated multimodel

Decadal Climate Prediction Project (DCPP), part of phase

6 of the Coupled Model Intercomparison Project (CMIP6),

provides data to enable the community to work toward
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this grand challenge over the coming years (Boer

et al. 2016).

Before assessing the predictive skill of a model com-

pared to observations, it is helpful to assess a model’s

potential predictability. This can be defined as the ability

of a model to predict itself (Boer et al. 2019), or the rate

at which an initialized forecast becomes indistinguish-

able from an uninitialized forecast (Branstator and Teng

2010). Since modern climate models represent the cli-

mate system with considerable fidelity (Flato et al.

2013), potential predictability estimates can provide

some indication of the true predictability of the climate

system. In particular, potential predictability studies can

offer insights as to the source of skill on different time

scales. Decadal predictions are hybrid predictions of the

first and the second kind (Lorenz 1975), concerning both

the initial value problem and the response of the climate

system to an external forcing. At longer lead times, the

influence of the initial condition decays, while the forced

response grows. The relative importance of these two

sources of predictability changes over the course of the

prediction, and a key concern is assessing for how long

the initial conditions benefit the prediction (Collins et al.

2006), and at what point in time the forced response

begins to dominate (Branstator and Teng 2010).

A number of studies have assessed these time scales. For

example, Branstator and Teng (2010) use a long unforced

control simulation and a pair of ensemble experiments,

one with and one without anthropogenic forcing, to esti-

mate these time scales for upper ocean heat content in

different ocean basins, and find that the initial conditions

dominate for approximately seven years. Branstator et al.

(2012) develop statistical methods to estimate the initial

value predictability from long control runs. Branstator and

Teng (2012) apply these techniques to upper ocean heat

content in the CMIP5 ensemble, and find the forced pre-

dictability begins to dominate initial value predictability at

time scales of 6.5 and 8 years in theNorthPacific andNorth

Atlantic basins, respectively. Corti et al. (2015) compare

four different climate models and find that the forced re-

sponse dominates sea surface temperature (SST) predic-

tions for lead times longer than one year, although in some

regions extended initial condition predictability is present.

A limitation of past studies is the reliance on statistical

techniques, or the small number of initial ocean states

considered. However on weather and seasonal fore-

casting time scales, it is known that the predictability of

the coupled atmosphere–ocean system is state depen-

dent (Palmer 2006). It is therefore expected that the

time scales over which the ocean initial conditions

benefit decadal forecasts will also be state dependent.

Furthermore, the rate of ensemble dispersion in shorter-

range forecasts is commonly used as an indicator of the

predictability of the state of the system (e.g., Leutbecher

2010; Weisheimer and Palmer 2014; Christensen et al.

2015). For certain start dates, the ensemble spread in-

creases slowly indicating extended predictability, while

the converse is true for other start dates (Slingo and

Palmer 2011). The presence of state-dependent predict-

ability has not been assessed in decadal forecasts, where

often only the ensemble mean forecast is evaluated.

To robustly address the question of state-dependent

predictability in decadal forecasts, we require a large set of

initialized decadal ensemble predictions combinedwith an

uninitialized control ensemble. In this study, we make use

of the Community Earth SystemModel (CESM) Decadal

Prediction Large Ensemble (DPLE; Yeager et al. 2018),

combined with the uninitialized CESM Large Ensemble

(LENS; Kay et al. 2015). With 62 start dates, the DPLE

samples a wide range of initial states. LENS shares a

codebase with DPLE, so it can be used as a control

dataset. This pair of community datasets provide an un-

precedented opportunity to revisit the question of initial

condition versus forced response in decadal forecasts.

Many previous studies have focused on SST predic-

tions, because oceanic influence on the atmosphere is

almost entirely mediated through SST. However, sub-

surface fields can provide a source of predictability for

SST (Yeager and Robson 2017) and ultimately for at-

mospheric fields, but are less affected by weather noise.

For this reason, we focus our analysis on upper ocean

heat content. Our study focuses on the potential pre-

dictability of decadal forecasts, as a first step toward

assessing forecast skill compared to observations: if the

decadal forecast is indistinguishable from a reference

forecast, there can be no additional skill in the decadal

forecast when compared to observations. Following

Branstator and Teng (2010), we will use relative entropy

to assess potential predictability in terms of the infor-

mation content in the decadal forecast over a reference

forecast. Relative entropy is sensitive to both informa-

tion in the ensemble mean and spread, and so allows

for a direct comparison of the two potential sources of

information in the forecast. In section 2 we outline our

methodology, and in section 3 we consider the limits of

initial value predictability. In sections 4 and 5 we con-

sider the balance between information from the initial

conditions and from the forced response. In section 6 we

discuss our results and highlight the main conclusions.

2. Methods

a. Model data

This study will analyze a pair of existing model data-

sets produced using the NCAR CESM. First, the CESM
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decadal prediction large ensemble (DPLE; Yeager et al.

2018), which consists of 40 ensemble member hindcasts,

each of 122-month duration, initialized every 1 November

between 1954 and 2015 (62 start dates in total). The DPLE

will be compared to the CESM Large Ensemble (LENS;

Kay et al. 2015), which is a 40-member uninitialized set of

hindcasts.

The DPLE and LENS are produced using the same

model and configuration, CESM 1.1, allowing for a clean

comparison between the two datasets. The model in-

cludes fully coupled atmosphere, ocean, sea ice, and land

components, all at a nominal resolution of 18. The his-

torical forcings (pre-2005) and projected forcings (2006

onward) are consistent between DPLE and LENS, and

include greenhouse gases, short-lived gases, aerosols, and

volcanic forcings. The projected forcings are those spec-

ified for CMIP5 representative concentration pathway

(RCP) 8.5. The DPLE dataset is a contribution to the

CMIP6 DCPP (Boer et al. 2016).

The DPLE ocean and sea ice components were initial-

ized fromCESM simulations in which the ocean and sea ice

components of CESMwere forced using an estimate of the

observed atmospheric state and fluxes. Despite the lack of

assimilation of sea ice or ocean observations, this approach

has been shown to reproduce key aspects of the ocean and

ice initial conditions well (Yeager and Danabasoglu 2014;

Yeager et al. 2015;Danabasoglu et al. 2016). In contrast, the

atmosphere and land components ofCESMwere initialized

by selecting initial conditions from a single LENS ensemble

member. These initial conditions contain the externally

forced response, but no further information on atmospheric

or land state. TheDPLEensemble is generated through the

introduction of round-off sized perturbations to the atmo-

spheric initial conditions. All model components were ini-

tialized using a full-field approach.

Wewill focus on forecasts of annually averaged ocean heat

content of the upper 295m (T295) since this is a leading res-

ervoir of ocean memory on decadal time scales. Annual av-

erages are taken from January to December, such that ‘‘lead

year 1’’ corresponds to leadmonths 2–14. Prior to analysis, we

remove any ocean data point that is covered by sea ice at any

point in any of the LENS or DPLE ensemble members.

The full-field initialization puts the DPLE coupled

model ocean in a state far from model climatology. The

ocean adjustment toward the model attractor (e.g., to

reach stable Atlantic meridional overturning circula-

tion) can take hundreds of simulation years. This means

that a drift is present in the DPLE, which is removed

prior to any analysis. The raw DPLE data are corrected

for drift by subtracting the lead time–dependent differ-

ence between the DPLE ensemble mean and the LENS

ensemble mean for each verification year, averaged

across all start years. This is the approach recommended

by the CMIP6 DCPP (Boer et al. 2016). The end result is

that, for each lead time, DPLE and LENS share the same

climatology over the verification window. To illustrate the

method, Fig. 1 shows the lead time–dependent drift be-

tween the DPLE and LENS. In most regions, the DPLE

tends toward the LENS as lead time increases (i.e., a drift

away from observations toward the model attractor).

However, this adjustment need not manifest as a mono-

tonic approach toward the LENS solution. In fact, in some

regions in the North Atlantic (such as around 608N), the

DPLE is observed to drift away from the LENS.

b. Initial value and forced datasets

Following Branstator and Teng (2010), we consider

the information in the DPLE as arising from two sour-

ces, the initial conditions and the forced response, while

the information in LENS arises purely from the forced

response. To unpick the relative contributions from each

source of information, we process the LENS and DPLE

datasets to produce three new datasets.

To separate internal variability from the forced response,

we must first remove the forced signal. There are many

possible approaches to removing this signal. These include

modeling the forced signal as a linear trend at each grid point

(e.g., Sutton and Hodson 2005; Delworth et al. 2017), rep-

resenting the forced climate response using the global mean

(Trenberth and Shea 2006), or regressing local changes on

the global mean to estimate a local forced response: see

Frankignoul et al. (2017) for a succinct review of different

methods. A more sophisticated approach that has become

widely used in recent years (e.g., Qasmi et al. 2020) is the

signal-to-noise maximizing EOF method proposed by Ting

et al. (2009). These approaches are appropriate for removing

the forced signal from an observed record, or from a single

model simulation. However, since we have a large ensemble

of forced simulations available, the natural approach is to

take the mean of that ensemble as the forced signal.

Therefore we first calculate the mean over all LENS

ensemble members as a function of year independently

for every spatial location, and define this to be the local

climate change signal. We subtract this local climate

change signal from each of the LENS ensemblemembers

to leave the climate anomalies, LENS*. This provides an

estimate of CESM climate variability in a hypothetical

unforced climate. For comparison, we also calculate the

evolving unforced DPLE anomalies, DPLE*, which are

calculated by subtracting the local climate change signal

(LENS mean) from DPLE. Comparing the evolving

DPLE* forecast with the (assumed stationary) LENS*

distribution gives an estimate of the information in the

DPLE forecast arising from the initialization. This in-

formation is expected to decay with time, as the chaotic

nature of the Earth-system results in the DPLE* forecast
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tending toward the background probability distribution

function (pdf). We can characterize this decay of informa-

tion by defining the time scale at which information from

the initial conditions is lost (tIC). This is expected to change

regionally and as a function of the initial state. It gives us an

estimate of the time over which the initialization of the

climate model brings added value to the climate forecast.

However, the climate that we live in is changing. We ex-

pect to also see information in decadal forecasts arising from

correctly predicting external climate forcings (Branstator

and Teng 2010). While information from initial conditions

decays with time, information from the forced response is

expected to increase with time. A key question is: At what

lead time can we expect to see the emergence of this forced

response? Furthermore, for how long can we expect infor-

mation from initial conditions to exceed that from correct

specification of the forcing? The associated time scales, the

forcing time scale (tF) and crossover time (tX), respectively,

arealso likely to changeas a functionof regionand start date.

The forcing and crossover time scales will change as a

function of the rate of climatic change. We wish to deter-

mine the crossover time most relevant for today, to assess

the benefit of initializing forecasts to predict the com-

ing decades. We therefore construct a new twenty-first-

century DPLE (DPLE21stC) dataset, where an estimate of

the LENS climate change trend signal from 2016 to 2025 is

added to theDPLE* anomalies. This climate change trend

signal C at a given lead time l is calculated as

C
y,l
5 x

j,y1l
2 x

j,y
, (1)

where the average is calculated across LENS ensemble

members xj and y indicates the reference year for the

signal. The signal is zero at lead time zero by construc-

tion1 and is smoothed by averaging together the signals

for the nine reference years 2012–20.We emphasize that

this same trend signal is added to DPLE* anomalies for

all 62 start dates. The resultant DPLE21stC dataset samples

internal variability between 1954 and 2015, but with a

modern climate change signal superimposed for all start

dates. This allows us to estimate the crossover time scale for

today’s climate while retaining the large sample of start

dates. This is possible because our study focuses on poten-

tial predictability, without verifying against observations.

Figure 2 shows the estimated twenty-first-century climate

change trend signal as a function of lead year. By comparing

the evolution of DPLE21stC forecasts with DPLE* forecasts,

we can quantify the information in the forecast arising from

the external forcing. By comparing DPLE21stC forecasts to

FIG. 1. The lead time–dependent drift in T295 (8C), defined as the lead time–dependent difference between the

DPLE ensemble mean and the LENS ensemble mean, averaged over all start dates. This is subtracted fromDPLE

raw data during the drift correction step.

1 Note that we are not using the LENS ensemble mean to

introduce a climate change signal because the reference datasets,

DPLE* and LENS*, are expressed as anomalies (i.e., have zero

mean). The DPLE21stC dataset also has an initial mean of zero,

where the mean is computed across ensemble members and start

years. Adding a constant offset to all datasets to convert from a

trend signal to absolute signals does not impact the diagnostics.
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theLENS* climatology,we can assess the total potential skill

of decadal forecasts, including both information from the

initial conditions and the forced response. The different

processed DPLE and LENS datasets and the intercompar-

isons of interest are summarized in Fig. 3.

c. Measures of potential predictability

We will assess information in the forecasts following

Branstator and Teng (2010). Relative entropy R is a

measure of the difference between a forecast pdf Pf

and a baseline pdf Pb:

R5

ð
S
P
f
(s) ln

"
P

f
(s)

P
b
(s)

#
ds, (2)

where s represents the system state (e.g., the upper

ocean heat content) and S represents the system state

space (e.g., the possible values taken by the upper ocean

heat content). Relative entropy is often interpreted as

the information contained in the forecast pdf (as mea-

sured in binary bits) compared to the information one

already had in knowing the background probability of

the system. In other words, relative entropy is the

number of bits needed to communicate the forecast pdf

to a friend, if he or she already had knowledge of the

background pdf. The larger the value of R, the more

different the forecast pdf is from the baseline pdf.

Let us assume that the DPLE- and LENS-based ensem-

ble forecasts represent Gaussian distributions.2 Making this

assumption, we can expand Eq. (2):

R5
1

2

0
BBBB@(m

f
2m

b
)T(s2

b)
21
(m

f
2m

b
)|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

R(m)

1 ln

2
4det(s2

b)

det(s2
f )

3
51 trace(s2

f /s
2
b)2 n

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
R(s)

1
CCCCCCA, (3)

where mf and mb are the forecast and baseline ensemble

means respectively, and s2
f and s2

b are the forecast and

baseline homogeneous covariance matrices respectively.

The matrix transpose (T), determinant (det), and trace

FIG. 2. The lead time–dependent climate change trend signal in T295 (8C) between 2016 and 2025, added on to the

DPLE* anomalies to generate the DPLE21stC.

2While the true pdfs underlying the DPLE and LENS predic-

tions are likely non-Gaussian, a very large number of ensemble

members would be required to detect this robustly.
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follow the usual definitions. Note that this equation is

written generally for forecasts of a vector quantity of

length n, but the equation simplifies in the 1D case by

recalling that det(a) 5 trace(a) 5 a for scalar a. The in-

formation from the ensemble mean is represented en-

tirely by the first term, whereas the latter terms depend

only on the ensemble covariances. These are referred to

as the signal and dispersion components (Kleeman 2002),

R(m) and R(s), and correspond to the information in the

forecast arising from the ensemble mean and from the

ensemble spread, respectively. In other words, the larger

the values of R(m) or R(s), the greater the difference

between the forecast and baseline ensemble means or

covariances, respectively.When comparing to theLENS*

distribution, which has zero mean and climatological

variance, a large R(m) indicates a large anomaly signal

in the forecast ensemble mean. In contrast, a large R(s)

indicates a forecast distribution that has significantly

smaller covariance (i.e., is significantly sharper) than the

baseline climatological distribution. A key benefit of the

use of relative entropy is immediately apparent. It allows

us to assess the importance of the ensemble mean and

spread on the same scale, such that the relative benefits of

these two aspects of a probabilistic forecast may be

compared. We collectively call R, R(m), and R(s) ‘‘in-

formation measures.’’

d. Significance testing

We assume that the LENS* ensemble forecast anom-

alies are stationary. In other words, we assume the en-

semble covariance does not change with climate change,

only the ensemblemean.Removing the ocean data points

covered by sea ice ensures this is a good assumption.

Ocean points covered by sea ice in the early part of the

LENS* simulations but open to the atmosphere in later

years due to climate change would be expected to show

enhanced spread at the end of the simulation.

Since we assume stationarity, we no longer distinguish

between ensemble member and year for the LENS*

anomalies when assessing significance. To assess the

FIG. 3. Schematic summarizing the three DPLE- or LENS-based datasets used to assess the information in the

decadal forecast. The arrows indicate the transformations applied to the raw LENS and DPLE data to assess

information arising from (top right) the initial conditions, (bottom left) the forcing, and (bottom right) the relative

contributions of both initial conditions and forced response. The orange ensemble in each panel is treated as the

‘‘forecast’’ whereas the blue ensemble is treated as the ‘‘baseline.’’ The figure numbers included in each subpanel

indicate where the results from each comparison can be found in this paper.
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significance of the different information measures, we

calculate each information measure for two 40-member

ensembles, one for the forecast pdf and one for the

baseline pdf, randomly sampled with replacement from

across all LENS* anomalies. These two ensembles are

not significantly different, being drawn from the same

baseline pdf. This is repeated 62 000 times to give a

distribution for each information measure due to sam-

pling variability. The forecast pdf for a given start year is

said to be significantly different from the baseline pdf if

the information measure is greater than the 95th per-

centile of this distribution.

Averaging the information measures across many start

years reduces the noise in the measure, thereby allowing

the detection of smaller predictable signals. To calculate

the significance of the difference between the forecast

and baseline ensembles averaged across 62 start years, we

calculate the distribution of information measures for

the equivalent LENS* sample, that is, taking the infor-

mation measures previously calculated and averaging

across 62 independent pairs of LENS* samples to give

1000 estimates of this averaged metric. As before, the

forecast ensembles are said to be significantly different

from the baseline ensembles if the information mea-

sure is greater than the 95th percentile of this averaged

distribution.

e. Summary statistics using EOF decomposition

We will consider both spatial maps and statistics

summarized by basin. When summarizing by basin, we

will follow the approach taken by Branstator and Teng

(2010). Seven ocean basins are defined in Fig. 4, such

that spatial locations with similar time scales of vari-

ability are grouped into the same basin (Branstator and

Teng 2010). We introduce short names for each basin in

Table 1. Within each basin, we represent both DPLE- and

LENS-based T295 fields on an empirical orthogonal func-

tion (EOF) basis, where theEOFs are determined from the

LENS* dataset. While it is not possible to calculate Eq. (3)

for the full state vector, as a 40-member ensemble is in-

sufficient to estimate the covariance matrix between every

pair of grid points, using EOFs reduces the dimensionality

of the problem, and enables a single information measure

to be calculated for each basin. This has benefits over

simply considering the average of information metrics

over a basin. EOFs are suitable for representing the prop-

agating signals that provide predictability on decadal time

scales (Teng and Branstator 2011; Yeager et al. 2015).

Furthermore, if the leading EOFs are skillfully predicted

for an ocean basin, then it follows that patterns or gradients

of temperature over that basin have been skillfully pre-

dicted. There is evidence that it is specific, local patterns or

gradients in ocean temperature that lead to predictability

over land, as opposed to basin-averaged quantities (e.g.,

Årthun et al. 2017; Sheen et al. 2017; Ossó et al. 2018;

Simpson et al. 2019).

All forecast and baseline ensembles are projected

onto the leading LENS* EOFs. We choose to retain the

leading 15 LENS* EOFs for each basin. This reduces

the size of dataset while capturing 75%–95% of the

variance in LENS* and 70%–95% of the variance in

DPLE* (see Table 1). The projected explained variance

of the DPLE* data using the LENS* EOFs was calcu-

lated following Bayr and Dommenget (2014). In gen-

eral, the leading few EOFs explain substantially more

variance than the others. For example, in the North

Atlantic region, the first twoEOFs explain almost half of

the variance, with the following four EOFs accounting

for a further 25%.

3. Value of initialization

As indicated in section 2b, the value of initializa-

tion is assessed by comparing the evolving DPLE*

FIG. 4. The seven ocean basins considered and their short names.

White regions are covered by sea ice at some point in either the

LENS or DPLE datasets, and so are discarded.

TABLE 1. The seven ocean basins considered. Variance ex-

plained (ev; %) in T295 for the LENS* dataset using 15 EOFs for

each ocean basin, for data concurrent with the DPLE (1955–2025).

We also show the projected explained variance (pev) for the

DPLE* dataset, i.e., the variance explained in DPLE* using the

leading 15 LENS* EOFs.

Basin Short name ev LENS* pev DPLE*

North Pacific NPC 87.4 86.6

Tropical Pacific TPC 94.3 93.7

South Pacific SPC 79.6 76.5

North Atlantic NAT 86.2 85.1

Tropical Atlantic TAT 91.6 91.0

Southern Ocean SOC 77.9 69.7

Indian Ocean IOC 95.8 94.9
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ensemble forecasts with the stationary LENS* ensem-

ble, as a function of start date, spatial location, and

lead time.

a. Grid point verification of ensemble mean and
spread

Before using the relative entropy information met-

rics to assess the DPLE forecasts, we consider two

more familiar verification measures in grid point space

(i.e., no EOF decomposition was performed). First, we

compute the ensemble mean anomaly (EM), as an in-

dication of the strength of the mean signal in DPLE*.

This is computed for every spatial location, start date,

and lead time. In general, EM will decrease in time, as

the ensemble mean signal in the starting conditions

decays toward the LENS* climatology, which has an

ensemble mean of zero by construction. Second, we

compute the ensemble standard deviation (STD) for

DPLE* for every spatial location, start date, and lead

time. The STD will increase in time, as the ensemble

members diverge from one another to span the refer-

ence climate attractor.

To assess the significance of EM and STD, we calcu-

late EMand STD for 500 forty-member random samples

drawn from the LENS* ensemble across all DPLE start

dates. Once the DPLE* EM drops below the 95th per-

centile of the LENS* EM distribution, we say there is no

longer any significant signal in the ensemble mean at the

95% level. Once the DPLE* STD exceeds the 5th per-

centile of the LENS* STD distribution, we say there is

no longer any significant signal in the ensemble spread at

the 95% level.

Figure 5 shows the fraction of start dates for which

there is a significant signal in the ensemble mean (left

column) and spread (right column) at a lead time of 1, 5,

and 10 years. There is clearly significant information in

the ensemblemean across the wholeAtlantic basin. This

is particularly the case in the North Atlantic north of

408N, where large regions show a significant signal in the

ensemble mean for 80%–100% of start dates even at a

FIG. 5. The number of start years (shown as a fraction out of 62) for which (left) the DPLE* ensemble mean and

(right) the DPLE* ensemble spread show a significant signal compared to LENS*, evaluated for different lead

times: (a),(b) lead year 1, (c),(d) lead year 5, and (e),(f) lead year 10. The color bar in (b) is used for all panels.
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lead time of 10 years. Other regions also show enhanced

potential predictability, particularly the Southern Ocean.

On the other hand, the Pacific and Indian Oceans show

relatively lower potential predictability. The signal in the

ensemble spread is initially considerably higher than the

signal in the ensemblemean. This is to be expected, as the

DPLE ensemble is initialized using round-off errors.

However, this decays more rapidly such that little signal

remains at lead year 10, except in very localized regions.

b. Basinwide information measures

The analysis in section 3a is limited, as it gives no

indication of the relative importance of the signal in

the ensemble mean and in the standard deviation. To

address this we turn to the information measures R,

R(m), and R(s). While section 3a showed substantial

spatial variability in the signal in the ensemble mean

and standard deviation, there was a degree of consis-

tency within the ocean basins outlined in Fig. 4. To

efficiently summarize the information, we choose to

use the EOF decomposition within each basin, as

outlined in section 2e.

Figure 6 shows the information measures R, R(m),

and R(s) between DPLE* and LENS* as a function of

lead time for each ocean basin. The thin gray lines show

the decay of information with lead time for each of the

62 start dates. The solid colored line shows the mean

information across all start dates, while the dashed

colored lines show the 16th and 84th percentiles,3 cal-

culated across the different start dates, to summarize

the distribution.

We observe that the potential predictability due to the

initialization is regionally dependent. The extratropics

generally show higher potential predictability than the

tropics on multiannual to decadal time scales, with

forecasts containing information for longer on average.

We also observe regionally dependent state-dependent

predictability. This is diagnosed by comparing the in-

formation drop-off between different start dates for a

given region for both R(m) and R(s). For example,

FIG. 6. Measures of information content [relative entropy R and its signal R(m) and dispersion R(s) components] as a function of lead

time for the unforcedDPLE* anomalies relative to LENS*. The individual pale gray lines indicate the informationmeasure for each of the

62 individual start dates as a function of lead time. The solid colored line shows the average informationmeasure as a function of lead time,

with the dashed lines indicating the 16th and 84th percentiles of the distribution across the different start dates. The dark gray lines

indicate the 95% significance levels: the dotted line is the significance level for a single start date, whereas the dashed line shows the

significance level for the average over 62 start dates.

3 For normally distributed data, these percentiles correspond to

plus and minus one standard deviation from the mean.
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compared to other regions, the TPC shows larger year-

on-year variations in the initial information in the mean,

and in the information in the spread at longer lead times.

By comparing the second and third rows we can assess

the relative contributions of the ensemble mean and

spread to the total information content,R. Some regions

show comparable levels of initial information in the

spread and the mean (e.g., NPC, TPC). However, the

information in the ensemble spread decreases faster

than in the mean. In addition the 95% significance level

is substantially higher for R(s), because accurately cal-

culating the covariance requires more ensemble mem-

bers than accurately calculating the mean, such that the

metric is more susceptible to sampling variability. At

mid- to long lead times, all the information from ini-

tialization can be attributed to the ensemble mean.

In general, we observe more variation between start

dates for R(m) than for R(s). This indicates there is

substantial flow-dependent information in the ensemble

mean but that there is little flow-dependent spread in the

DPLE ensemble (i.e., variation in the rate of ensemble

dispersion due to the predictability of the initial state).

This is unlike what is observed in ensemble forecasts on

weather and seasonal time scales (Leutbecher 2010;

Christensen et al. 2015; MacLeod et al. 2018). In part,

this could be due to the ensemble initialization meth-

odology used in the DPLE: while the different ensemble

members of weather and seasonal forecasts receive ini-

tial condition perturbations consistent with an estimate

of the state-dependent uncertainty in the initial condi-

tions (Palmer and Zanna 2013), the DPLE ensemble

members are perturbed using state-independent round-off

error. Nevertheless, it is harder to interpret the dispersion of

the ensemble on decadal time scales as providing informa-

tion on state-dependent predictability.

To quantify the value of initialization and the degree of

state-dependent predictability, and to compare these results

between regions, we define the time scale at which infor-

mation from the initial conditions is lost, tIC. This is the first

year for which the informationmeasure falls below the 95%

significance level defined using the reference LENS* cli-

matology. These time scales can be identified in Fig. 6 as the

lead time at which each gray line crosses the dotted line.

Each region shows a distribution of tIC, dependent on the

start date. Table 2 summarizes this information and shows

the mean and standard deviation of tIC as a function of

region for the total information contentR. For some regions

and start dates, significant information is present at a lead

timeof 10 years. For the purposes of calculating the statistics

in this summary table, linear extrapolation is used to esti-

mate the crossover time for these start dates. The equivalent

diagnostics for R(m) and R(s) are shown in Tables S1 and

S2 of the online supplemental material.

The mean value of tIC shown in Table 2 varies sub-

stantially between regions. Several regions have tIC of

approximately 7 years on average, consistent with ear-

lier studies (Branstator and Teng 2010, 2012), although

TPC shows initial value predictability for only 2.4 years.

The standard deviation of tIC characterizes the degree

of dependence of tIC on the initial state of the system.

For most regions, this is substantial, with a standard

deviation of two to three years. The TPC region shows

less variability, and rapidly loses information from the

initial conditions for all start dates. In the case of the

North Atlantic (NAT) region, forecasts initialized from

all but three start dates still show significant R at a lead

time of 10 years. Linear extrapolation suggests the av-

erage value for tIC in this region is over 15 years, with a

high standard deviation of 8 years.

Previous studies have compared the year of loss of

information for different regions, to order them from

most to least predictable (e.g., Branstator and Teng

2010). However, such studies use only a single start date.

For conclusions from such studies to be general, one

region must have consistently higher tIC than another.

To assess this, we consider the joint distribution of tIC
for pairs of regions (Fig. S1). We find that there is gen-

erally little correlation between the year of loss of in-

formation diagnosed for a given start year for different

basins (Fig. S1). Since some pairs of regions have similar

tIC on average, this means that the ordering of regions

frommost to least predictable changes depending on the

start year, with implications for predictability studies

which consider only one start date.

The NAT region stands out as a key region of interest.

First, it shows information beyond the 10-yr window in

both R and R(m). It also shows a very high degree of

state-dependent predictability, particularly for the en-

semble mean, but also to some extent for the ensemble

TABLE 2. Three time scales of interest for the relative entropyR.

The mean time scale is calculated across all 62 start dates, with the

standard deviation shown in parentheses; tIC: the year of loss of

information from the initial conditions; tF: the year of emergence

of information from the forcing; tX: the crossover time, after which

external forcing provides more information than the initialization.

Linear extrapolation is used to estimate time scales longer than

10 years.

Basin tIC tF tX

NPC 5.0 (1.8) 11.3 (2.3) 10.0 (1.0)

TPC 2.4 (0.8) 14.4 (2.7) 11.9 (4.7)

SPC 7.0 (3.5) 8.0 (1.1) 9.1 (1.3)

NAT 15.5 (8.1) 7.2 (0.9) 8.5 (2.1)

TAT 7.7 (2.4) 8.0 (0.9) 8.4 (0.9)

SOC 7.3 (1.9) 8.9 (1.1) 8.4 (1.1)

IOC 4.4 (2.6) 14.7 (2.9) 12.1 (2.5)
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spread. In theNorthAtlantic, the dominant oceanicmode of

variability is the Atlantic multidecadal oscillation (AMO).

This low-frequency variability imprints on the forecasts in

this region, with different start dates including different

phases of the AMO in their initial conditions.

Figure 7 shows information measures for the NAT region

as a function of the year of verification. It is evident that the

information content inDPLE is maximumwhenAMO is at

peak amplitude (e.g., Ting et al. 2009) and that (as already

seen) almost all of the state dependency in the signal comes

from the mean forecasts. It is interesting to note that in this

region we do not always see a decay of information after

initialization: the DPLE is able to predict a growing AMO

phase, even if the T295 initial conditions appear neutral. For

example, consider start dates around 1970 and 1995, for

which R is initially small but then increases with lead time.

This is visible when annual averages are considered (not

shown), but taking further temporal averages as in Fig. 7

FIG. 7. Measures of information for the NAT region as a function of year of verification. The 62 DPLE forecasts are shown as different

colored lines, with the forecast year one indicated by a black circle in each case. The forecasts have been averaged in time, with the three

columns showing the results from predicting 3-, 5- and 7-yr running averages, respectively. The top left panel shows the AMO signal for

reference, as provided by the National Oceanic and Atmospheric Administration’s Physical Sciences Laboratory (Enfield et al. 2001).
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makes the signal clearer. When longer temporal averages

are taken, the information in the forecast is dependent on

verification year not on lead time. In other words, the po-

tential predictability of the low-frequency AMO is depen-

dent only on the state of theAMOat verification. For short

temporal averages, state-dependent variability is not read-

ily detectable in the ensemble spread.However, for the 7-yr

running average, there is an indication of increased infor-

mation in the ensemble spread concurrent with increased

information in the ensemble mean. Increased information

in the ensemble spread indicates that the ensemble has

smaller standard deviation than the climatological pdf (i.e.,

enhanced sharpness) (Gneiting and Raftery 2007). For a

well-calibrated forecast, increased sharpness indicates en-

hanced predictability. TheDPLE therefore indicates higher

predictability for strong positive or negative phases of the

AMO than for the neutral phase. This can be intuitively

understood: a system far from equilibrium will tend to be

drawn back toward its mean state.

4. Value of initialization in a changing world

Having assessed the value of initialization in a sta-

tionary climate in section 3, we turn our attention to

decadal climate prediction in a changing climate, where

information in the forecasts also arises due to predicting

the forced climate response.

To assess the relative importance of information from

the initial conditions and from the forced response, we

consider two further pairs of experiments.We first assess

potential predictability in decadal forecasts arising from

just the forced response. Figure 8 shows the information

measures for the DPLE21stC ensemble compared to

DPLE*. As expected, the information from the forced

response increases with time. The information is entirely

contained in the ensemble mean, as each ensemble

member receives the same large-scale forcing. Even

though every DPLE21stC forecast has the same forced

signal, there is substantial variability in the rate of

growth of information between different start dates. In

other words, for certain states of the climate system we

see a stronger impact of the climate change signal than

for others.

The forcing time scale, tF, is the time scale at which

information due to the forced response emerges. This is

the first year for which the information measure for the

difference between the DPLE21stC and DPLE* ensem-

bles increases above the 95% significance level defined

FIG. 8. As in Fig. 6, but for measures of information content as a function of lead time for the forced DPLE anomalies, DPLE21stC,

compared to unforced DPLE* anomalies. Compared to the baseline, the forecast pdf contains additional information from the forced

response. The dark gray dotted/dashed lines indicate the 95% significance levels as before.
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using the reference LENS* climatology. These time

scales can be identified in Fig. 8 as the lead time at which

each gray line crosses the dotted line. This is shown forR

in Table 2, and for R(m) in Table S1. The emergence of

information is regionally dependent, and occurs no

earlier than a lead time of seven years. For the TPC and

IOC regions, the forecasts from many start dates do not

show significant information from the forced response

even at lead year 10. From Table S1 and Fig. 8, we can

see that the emergence of information in the ensemble

mean occurs earlier, between lead years 3 and 5, with

some variability between regions and start dates.

To assess potential predictability arising from both the

initial conditions and the forced response, we compute the

information measures for DPLE21stC forecasts compared to

LENS*. These are shown in Fig. 9.As expected, information

in theDPLE21stC initially decays, before the external forcing

provides a source of information to the forecast. Combining

both sources of information results in forecasts with signifi-

cant potential predictability for most start dates.

For each start date, we compare the decay of information

from the initial conditions (DPLE* vs LENS*) with the in-

crease of information due to the forced response (DPLE21stC

vs DPLE*). Figure 10 shows the fraction of information

arising from the initialization compared to that arising from

the forcing for R and R(m) for each region. It demonstrates

that the initial conditions provide the dominant source of

information over the duration of the 10-yr forecasts, though

with some regional dependency.

The year for which the forcing first gives more information

than the initial conditions is the crossover time scale tX. This is

thefirst year forwhich the relativeentropycalculatedbetween

DPLE21stC and DPLE* exceeds the relative entropy calcu-

lated betweenDPLE* and LENS*. The average value for tX
is indicated inFig. 10 as theyear forwhich the ensemblemean

line crosses the dotted line. The years for which the 16th and

84th percentile lines cross the dotted line indicate the vari-

ability in tX. Thenumerical values for the crossover time scale

are summarized inTable2 forR, and inTableS1 forR(m).On

average, the crossover time scale for R is between 8 and 12

years depending on region. The crossover time is relatively

late because the initialization also gives information via the

ensemble spread, which the forcing does not impact.

The crossover time scale for information in the en-

semble mean is earlier than for the full information

measure. In fact, we observe this to be remarkably

consistent across different regions, at approximately 6–7

years. This indicates that, when considering ocean basins

as a whole, ocean basins that show more potential pre-

dictability also show a larger response to climate change.

FIG. 9. As in Fig. 6, but for measures of information content as a function of lead time for the forced DPLE anomalies, DPLE21stC,

compared to unforced LENS*. Compared to the baseline, the forecast pdf contains additional information from both the initial conditions

and forced response. The dark gray dotted/dashed lines indicate the 95% significance levels as before.
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5. Local information measures

To further investigate the balance between decay of in-

formation from the initialization and growth of information

from the external forcing, we return to considering grid point

diagnostics.Wecompute each informationmeasureR,R(m),

and R(s) at each grid point as a function of lead time. The

calculation uses the scalar version of Eq. (3). The informa-

tion measures are calculated for DPLE* versus LENS*, to

assess the decay of information from the initial conditions, as

well as forDPLE21stC versusDPLE*, to assess the growth of

information from the forced response. For each case, we

summarize the measures by averaging over start dates.

Figure 11 shows the information at lead years 1 and 10

due to the initialization, compared to the information at

lead year 10 due to the forced response for the NAT

region. It is clear that the information from the forcing

projects onto a different pattern than the information

due to the initial conditions. While in the area average

the information from the initial conditions is overtaken

by that from the forcing by around lead year 8, locally it

can be substantially higher. In fact, in the NAT the

region with the greatest potential predictability from

the initial conditions is also the region that is slowest

to show a forced response. The difference in the spa-

tial patterns impacted by information from the initial

conditions and forced response is observed in other

regions—for global maps, see Fig. S2 in the online

supplemental material.

6. Discussion and conclusions

We have analyzed the potential predictability of up-

per ocean heat content in the CESMDecadal Prediction

Large Ensemble (DPLE) due to the ocean initialization

and the forced response. By using relative entropy as a

metric for the information contained in the DPLE, we

attribute the source of the potential predictability in the

decadal forecast to either the ensemble mean or the

ensemble spread. A key consideration was the extent to

which the DPLE shows state-dependent predictability,

that is, predictability arising in either the ensemblemean

or spread that is dependent on the initial state of the

forecast. This is of particular interest, as state-dependent

predictability is observed in forecasts on weather and

subseasonal-to-seasonal time scales, but has not yet

been considered on decadal time scales. The large

number of start dates in the DPLE (62) makes this

analysis possible.

Assessing the potential predictability of upper ocean

heat content, as opposed to the realizable predictability

from comparison with observations, allows us to sepa-

rate predictability due to the initialization from pre-

dictability due to the forced climate response. We

created a hypothetical dataset of decadal forecasts with

different initial conditions, but where all start dates ex-

perience the forcing relevant for today’s greenhouse gas

emissions. This allowed us to quantify the time scale at

which the forced climate response emerges and the time

scale at which it provides more information than the

initial conditions, where both time scales are relevant for

decadal forecasts made over the coming years.

Predictability due to the initialization was found to be

regionally dependent, with the tropics generally showing

faster rates of decay of information than the extra-

tropics. The entire Atlantic basin showed extended

predictability compared to other basins, with forecasts

from a large fraction of start years containing significant

FIG. 10. The fraction of information in the forecast arising from the initial conditions (blue) or from the external forcing (red) for each

region. The top row shows the results for the total information content, while the bottom row shows the results for ensemble mean only.

The fraction was calculated independently for each start date. The solid black line indicates the mean partitioning; the dashed black lines

are the 16th and 84th percentiles to indicate the variability in the partitioning. The gray dashed line can be used to estimate the ‘‘crossover

time’’ shown in Table 2. All information in the ensemble spread arises from the initialization, so the results for spread are not shown.
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information due to initialization even at lead times of 10

years. We also detected substantial state-dependent

predictability in the DPLE. The year of loss of infor-

mation from the initial conditions showed a standard

deviation across start dates of two to three years, with

some regional dependencies. This highlights the im-

portance of consideringmany start years when analyzing

decadal predictability, as one start year will not neces-

sarily give a representative answer. Considering the

joint distribution of the year of loss of information cal-

culated for different basins confirmed that the choice of

start year can lead to differences in the ordering of re-

gions from most to least predictable.

In general, the year of loss of information for the en-

semble mean varies more across different start years

than the year of loss of information calculated for the

ensemble spread. This indicates the ensemble mean

shows much higher state-dependent predictability than

the ensemble spread. This means it is difficult to inter-

pret the rate of spreading out of the ensemble forecasts

as an indicator of the predictability of forecasts from

that initial state, as is commonplace in weather and

seasonal forecasts.

Our analysis highlights the North Atlantic (NAT) as a

clear region of interest. In the NAT, initialization is a

source of information in the forecasts beyond a 10-yr

lead time for 95% of the start dates considered. This

information is due to the signal in the ensemble mean.

The NAT also shows a very high degree of state-

dependent predictability, largely due to the ensemble

mean. It has long been known that initialized forecasts

for the North Atlantic show high potential predictability

compared to uninitialized forecasts (Griffies and Bryan

1997), and several authors have documented skilful de-

cadal predictions in this region (e.g., Collins et al. 2006;

García-Serrano et al. 2012; Robson et al. 2014). The

FIG. 11. The local information content as measured by the relative entropy R and its signal R(m) and dispersion R(s) components,

focusing on the NorthAtlantic region. Information from the initial conditions diagnosed by comparingDPLE* and LENS* at (a)–(c) lead

year 1 and (d)–(f) lead year 10. (g)–(i) Information from the forcing diagnosed by comparing DPLE21stC and DPLE*, at lead year 10. The

color bar shown for each panel in the top row corresponds to all panels in that column.
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dominant mode of ocean variability in this region is the

Atlantic multidecadal oscillation (AMO), with a period

of approximately 70 years. Different start dates there-

fore include different phases of the AMO in their initial

conditions.

The DPLE forecasts in the NAT region do not always

show a decay of information with increasing lead time.

For certain start years, an increase of information with

lead time indicates that the DPLE can predict a growing

(positive or negative) phase of the AMO. Yeager et al.

(2015) demonstrate that initialized forecasts with CESM

are able to predict realistic ocean heat transport anoma-

lies. During initialization, the correctly specified atmo-

spheric fluxes associated with a positive North Atlantic

Oscillation lead to the formation of North Atlantic deep

water in the initial ocean state. This results in predictable

ocean thermohaline circulation changes in the subpolar

Atlantic that drive ocean heat content changes consistent

with observations (Yeager et al. 2015; Yeager 2020).

Furthermore, Yeager et al. (2015) show that CESM is

able to propagate such preformed deep water anomalies

from the Labrador Sea to the central North Atlantic.

Here the initialized signal re-emerges and provides pre-

dictability to the upper ocean, explaining the observed

increase of information with lead time for T295. While

the information in the decadal forecasts is largely due to

the ensemble mean, there is some evidence for state-

dependent predictability in the ensemble spread in this

region, with enhanced information in the ensemble spread

concurrent with enhanced information in the mean.

This would indicate the potential for the ensemble

spread to be used as a measure of predictability in this

region, and that forecasts for strong positive or nega-

tive phases of the AMO would be identified as ‘‘more

predictable’’ using this measure.

We quantified the fraction of information in the de-

cadal forecasts arising from the initialization and from

the forcing, respectively. We find that the initial condi-

tions dominate the total information in the forecasts out

to lead times of 8–10 years, depending on the region.

This is in line with estimates from previous studies (e.g.,

Branstator and Teng 2010, 2012). However, we also find

substantial variability in this crossover time, with the

crossover time varying by up to four years for different

start dates for some regions. Combining information

from the initialization and the forced response leads to

potential predictability for the entire 10-yr window for

all regions, for all but a small number of start dates.

The crossover time scale is a useful summary statistic,

indicating when the forced response provides more in-

formation than the initial conditions for a given region.

However, it canmask the fact that initialization provides

valuable information to the forecast beyond the crossover

time. We demonstrate that the information from the

initial conditions and the forced response project onto

very different patterns in the ocean. Even at a lead time

of 10 years, the initialization provides information to the

forecasts in regions that are different to those showing

a forced response. Multidecadal simulations would

need to be performed to characterize the true time

scale over which the initialization benefits the forecast.

Nevertheless, our results provide strong motivation for

the initialization of climate models used for climate

projections on longer than decadal time scales.

The relationship between potential predictability and

actual realizable skill is an area of ongoing research

(e.g., Kumar et al. 2014; Eade et al. 2014; Scaife and

Smith 2018; Boer et al. 2019). The presence of potential

predictability (or potential skill) in a model is not an

indicator of realizable skill, and potential skill is not

always an upper bound on actual skill (e.g., Scaife et al.

2014). Nevertheless, if there is no potential predictabil-

ity in a model, then there can be no actual skill because,

in that region on that time scale, initialized forecasts do

not differ from uninitialized forecasts. Potential pre-

dictability studies such as the one presented can there-

fore indicate the limit of useful predictability possible

for a given model, and highlight regions to focus on

when assessing actual skill. While a key strength of our

work is the consideration of potential predictability for

many start dates, a key limitation of is the use of a single

model to draw conclusions. The details of our results are

likely to be model dependent. Future work will seek to

address this limitation.
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