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[11 Ensemble predictions are performed using the LDEOS5 model for the period from 1856
to 2003 based on a well developed El Nino—Southern Oscillation (ENSO) ensemble
system. Information-based and ensemble-based potential predictability measures of ENSO
are explored using ensemble predictions and the recently developed framework of
predictability. Relationships of these potential predictability measures and actual
predictability measures are investigated on multiple time scales from interannual to
decadal. Results show that among three information-based potential predictability
measures, relative entropy (RE) is better than predictive information (PI) and predictive
power (PP) in quantifying correlation-based prediction skill, whereas PI and PP are better
indicators in estimating mean square error (MSE)-based prediction skill. The primary
reason for these relationships is analyzed and the control factors of the potential
predictability measures are identified. It is found that RE is dominated by the signal
component, but the dispersion component has a comparable contribution during weak

ENSO periods.
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1. Introduction

[2] Predictability is the extent to which events can be pre-
dicted [e.g., DelSole, 2004]. Generally, there are two types
of predictability measures: one consists of actual measures
that make use of observations, and the other consists of
potential predictability measures that do not make use of
observations. The actual predictability quantifies the predic-
tion accuracy of models against observations, measured
using either deterministic or probabilistic scores, whereas the
potential predictability addresses the quantification of pre-
dictable components, often referred to as the ideal skill or the
upper limit of skill. A common strategy in potential pre-
dictability study is to assume model to be perfect, under
which the impact of initial uncertainty or stochastic (chaotic)
noise, which is intrinsic to the system itself, can be explored.
For example, Goswami and Shukla [1991] studied the poten-
tial predictability of ENSO by exploring the initial perturbation
growth in the ZC model [Zebiak and Cane, 1987] in such
a manner. An arbitrary model integration is usually used as
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the “observation” to measure the skill of another integration
which has a subtly different initial condition generated by
optimal perturbation. The skill of the perfect model is then
used to gain insights into the potential predictability. Tradi-
tionally there are two methods for constructing optimal initial
perturbations: singular vector analysis (SV) or breeding vector
analysis (BV). Both methods have been widely used to study
ENSO predictability and produce ensemble predictions [e.g.,
Chen et al., 1997; Xue et al., 1997a, 1997b; Fan et al., 2000;
Tang et al., 2006; Cheng et al., 2010a; Toth and Kalnay, 1993,
Cai et al., 2003; Tang and Deng, 2010a, 2010b)].

[3] Studies of potential predictability often use ensemble
predictions, which assemble the evolutions of initial pertur-
bations (errors). If the ensemble size were large enough, the
forecast probability density function (pdf) could be esti-
mated and the prediction uncertainty could be precisely
measured. However, a very large ensemble size is presently
not practical due to its vast computational expenses. Instead,
several useful statistic metrics are developed to measure the
potential predictability, including signal characterized by
ensemble mean (EM), noise represented by ensemble spread
(ES) and the ratio of signal over noise [e.g., Buizza and
Palmer, 1998; Moore and Kleeman, 1998; Scherrer et al.,
2004]. A large ES generally suggests a relatively low pre-
dictability in ensemble weather forecasts. However, these
ensemble potential measures have often met with challenges
and limitations in quantifying ENSO and climate prediction
skill [e.g., Kumar et al., 2000; Tang et al., 2005, 2007,
2008a, 2008b]. For example, using 20 year retrospective
predictions of two hybrid ENSO models, Tang et al. [2008b]
found that ES is not a good predictor in quantifying climate
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prediction skill in comparison with the ensemble mean
square (EM2). An important task in predictability study is to
quantitatively estimate actual skill by potential predictability
measures, by which the degree of confidence to be placed in
an individual forecast can be assessed [Moore and Kleeman,
1998; Tang et al., 2008a].

[4] Recently, new ideas from information theory have
been applied to ENSO and seasonal climate predictability
[e.g., DelSole and Tippett, 2007]. Several information-
based potential measures have been used to qualify the
potential predictability, such as relative entropy (RE), pre-
dictive information (PI), predictive power (PP), and mutual
information (MI) [Schneider and Griffies, 1999; Kleeman,
2002, 2008; Tippett et al., 2004; Tang et al., 2005, 2008a;
DelSole, 2004, 2005; DelSole and Tippett, 2007, 2008].
Like the ensemble-based potential prediction skill metrics,
information-based skill metrics also have the property that
they are measures of predictability without the use of obser-
vations in the framework of perfect model assumption.
Information-based measures have several important charac-
teristics. First, for a normally distributed, stationary, Markov
process, predictability declines monotonically with the
length of the forecast [Kleeman, 2002; DelSole, 2004; Tang
et al., 2008a]. Second, at a given lead time, the averaged
RE and PI over a long time period should be identical, equal
to MI [DelSole and Tippett, 2007], which indicates the
overall prediction skill of a forecast system. Tang et al
[2008a] first examined these characteristics of information-
based potential predictability measures for ENSO retrospec-
tive predictions using two realistic hybrid models. Their
results show that the aforementioned characteristics of
information-based measures generally held well in their
ENSO models. However, their study was limited to the
18 year period from 1981 to 1998, which covers only a few
ENSO cycles, thus basically precluding statistically robust
conclusions. In addition, it has been recognized that the
ENSO variability and its prediction skill have striking
decadal/interdecadal variations [e.g., Zhang et al., 1997,
Kleeman et al., 1999; An and Wang, 2000; Chen et al., 2004,
Tang et al., 2008c; An, 2004, 2009]. One might be able to
shed light on the mechanism of such decadal/interdecadal
variability by exploring the decadal/interdecadal variations
of potential predictability. Obviously, the previous analysis
based on an 18 year period is unable to achieve this goal.

[5] Chen et al. [2004] used KAPLAN sea surface tem-
perature anomaly (SSTA) reanalysis data [Kaplan et al.,
1998] and the latest version of the ZC model (LDEOS
hereafter) to perform a 148 year hindcast experiment for the
period of 1856-2003, with the SSTA being the only data
used for model initialization. Tang et al. [2008c] further
analyzed the interdecadal variation in ENSO prediction skill
from 1881 to 2000 using multiple models. These retrospec-
tive ENSO predictions allowed us to achieve a robust and
stable estimate of ENSO potential predictability, and to
investigate the decadal/interdecadal variation of the pre-
dictability. Here we explore both information-based and
ensemble-based potential predictability measures for ENSO
using long-term retrospective ensemble predictions from
1856 to 2003 with the LDEOS model. Relationships
between actual prediction skill measures and potential pre-
dictability measures on various time scales from years to
decades are investigated. Some theoretical properties of the
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information-based predictability measures are examined
using the 148 year LDEOS ensemble predictions. With such
a long-term retrospective ensemble forecast, new findings
and understanding in ENSO predictability can be expected.

[6] This paper is structured as follows: Section 2 briefly
describes the LDEO5 model and the method of ensemble
construction. Section 3 gives the definitions of the actual
skill measures, the ensemble-based potential predictability
measures, and the information-based potential predictability
measures. Section 4 examines the information-based poten-
tial predictability measures using the 148 year retrospective
ensemble prediction, in comparisons with previous findings
of Tang et al. [2008a]. Section 5 discusses the relationship
between information-based potential predictability measures
and actual prediction skill on different time scales, followed
by a summary in section 6.

2. Prediction Model and Ensemble Scheme

2.1. The LDEOS Model

[71 The model used in this study is the ZC model [Zebiak
and Cane, 1987], which has been widely applied to ENSO
simulation and prediction. LDEOS is the latest version of the
ZC model [Chen et al., 2004]. The atmosphere dynamics
follows Gill [1980] using steady state, linear shallow-water
equations, with the circulation forced by a heating anomaly
which depends on SSTA and moisture convergence. The
ocean dynamics uses a reduced-gravity model, with ocean
currents generated by surface winds. An oceanic mixed layer
is included to account for the three-dimensional thermody-
namic processes that control SSTA. The model domain
covers the tropical Pacific Ocean (124°E-80°W; 28.75°S-
28.75°N), with a time step of 10 days. The model grid for
ocean dynamics is 2° longitude x 0.5° latitude, while that
for SST physics and the atmospheric model is 5.625° lon-
gitude x 2° latitude.

[8] The observational SSTA data set used in this study for
model initialization is from the reconstructed analysis of
Kaplan et al. [1998] for the period from January 1856 to
December 2003. We solely rely on SSTA because it is the
only oceanic data available for initializing long-term retro-
spective predictions over 100 years [e.g., Chen et al., 2004;
Tang et al., 2008a]. Note that in the coupled initialization
procedure of the LDEO forecast system, assimilating SSTA
data is not simply putting a constraint on the ocean model at
the surface; the SSTA data translate to surface wind field and
subsurface ocean memory. There are two model output sta-
tistics (MOS) schemes to correct systematic model biases in
LDEQS, one for SSTA and the other for thermocline depth
and wind field. These bias correction schemes are interac-
tive, in the sense that corrections are calculated at each time
step from projections of predetermined error modes, thus
affecting the coupling cycle of the model [Chen et al., 2000,
2004]. The implementation of these schemes makes the
mode behavior more realistic and largely eliminates the
incompatibility between the model and observations.

2.2. The Strategy of Ensemble Construction

[9] The strategy of ensemble construction in this study
aims at two major sources of uncertainties in ENSO pre-
diction: the errors in initial conditions and the external sto-
chastic atmospheric noise during the forecast period [e.g.,
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Moore and Kleeman, 1998]. Thus, a joint perturbation,
composed of the leading singular vector of SST (SV1_sst)
perturbation of the initial conditions and the leading sto-
chastic optimal perturbation of winds (SO1 wind) during
the whole forecast period, was applied to construct ensemble
predictions. The SV1_sst and SO1_wind represent the opti-
mal growth of perturbation due to uncertainties in initial
SSTA and atmospheric transients, respectively. They were
obtained by perturbing the tangent linear model (TLM) of
the LDEOS model as outlined in our previous work [Cheng
etal.,2010a, 2010b]. It was found that this joint perturbation
is able to provide reliable and skillful ENSO probabilistic
forecasts for the LDEOS model, as validated by the reli-
ability term and the resolution term of the Brier score (BS).
The details of the ensemble construction by this joint per-
turbation and resultant probabilistic prediction are given by
Cheng et al. [2010b].

[10] The model was initialized by assimilating SSTA
every month for the 18562003 period [Chen et al., 2004].
Thus a total of 148 years % 12 months/year (=1776) forecast
initial conditions were obtained. From each initial time, an
ensemble forecast was performed with an ensemble size (M)
of 100 and a lead time of 24 months. Therefore, a total of
1776 x 100 x 24 (4262400) forecasts are available for our
predictability analyses.

3. Prediction Skill Metrics

3.1. Metrics of Ensemble Mean Prediction Skill

[11] Correlation-based skill and MSE-based skill are used
to measure deterministic prediction skill. The overall skill of
ensemble mean predictions over the 148 years is measured
by anomaly correlation (R) and root mean square error
(RMSE) [e.g., Scherrer et al., 2004]. To evaluate the skill of
an individual prediction, the mean square error of individual
prediction (MSEIP) and anomaly correlation of individual
prediction (CIP) are estimated for all lead times up to
24 months, as defined by Moore and Kleeman [1998] and
Tang et al. [2008a, 2008Db]

| M=100 [ 1 z:ia ( )2
MSEIP(i) = — — TP(i,t,m) — T°(i,t) (1)
100 — 24 —
2% )
| M=100 21 [Tz (lvﬁm)Tza(’J)]
CIP(i) = — = 2
(@) 100 Z =24 =24 @

m=1

> (TG, t,m))* > (T 1)

where T is the index of NINO3.4 SSTA (averaged over 5°N
to 5°S, 170°W to 120°W), ¢ is the lead time of the prediction
from 1 to 24 months, M is the ensemble size (100 here), 77 is
the predicted NINO3.4 SSTA, and 7° is the observed
counterpart. Subscript i denotes the initial time of prediction
@i=1, ..., N), and N is the number of samples used over
148 years in this study. A total of 148 x 12 (N = 1776)
forecasts, initialized from January 1856 to December 2003,
were started at each month and carried on for 24 months
using the LDEOS model. The seasonal cycle was always
removed from forecasts and observations prior to measuring
prediction skill.
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3.2. Ensemble-Based Measures of Potential
Predictability

[12] Ensemble mean (EM or p,), ensemble spread (ES or
0,), and ensemble ratio (ER or ),) are common ensemble-
based measures of potential predictability that do not make
use of observations. They are defined as

TP(i,t,m) 3)

m=1

o0(0.1) = J > (B emem i) @

M(i 1) = [Z2C ()

where y,, 0, and ), are functions of initial time i and lead
time ¢. T is again the index of Nifio3.4 SSTA, and the sub-
scripts p denotes predictions (forecasts). Note that instead of
using EM, the square of ensemble mean, denoted by EM2 or
uﬁ, is used as a potential skill measure in this study since it is
a better indicator of the magnitude of ENSO signal as sug-
gested by Tang et al. [2008a].

3.3. Information-Based Measures of Potential
Predictability

[13] We now give a review of information-based measures
of potential predictability. Further details can be found in
relevant literature [e.g., DelSole, 2004; DelSole and Tippett,
2007; Kleeman, 2002; Tang et al., 2008a]. In general, the
information-based potential predictability is a measure of the
difference between two probability distributions: the forecast
distribution p(v|©) and climatological distribution g(v), with

p(v]©) = / (v | Dpli | ©)di (6)

where conditional probability p(4|B) denotes the probability
of A event when B event has happened, and i, ©, and v
denotes the initial state, the corresponding observation, and
the forecast respectively. Equation (6) means that the fore-
cast distribution p(v|©) can be theoretically obtained by the
initial analysis probability p(i|©) and the transition proba-
bility p(v|i) of a perfect model system [DelSole and Tippett,
2007]. If the variable v has no additional predictive infor-
mation from climatology, the forecast and climatological
distributions will be identical, i.e., p(v|©®) = g(v).

[14] The variance 02 of the model climatological distri-
bution g(v) was obtained from 100 ensemble members over
the 148 years in this study, and aé for 12 calendar months
was estimated respectively.

[15] Entropy is a measure of dispersion level (e.g.,
uncertainty). The entropy of a continuous distribution p(x)
is defined as

1) == [ p) 0 plos 7)
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where the integral is understood to be a multiple integral
over the domain of x. Larger entropy is associated with
smaller probability and larger uncertainty.

[16] A natural measure of predictability is the predictive
information (PI), defined as the difference between the
entropy of the climatological and forecast distributions

PI=H(v)—H(v|9) (8)

Considering (7), then
PI—- / 4(v) Infg(v)]dv + / p(v]©)Inp(v | O)dv.  (9)

[17] The first term on the right hand side of equation (9)
denotes the entropy of the prior distribution g(v) (climato-
logical distribution), measuring the uncertainty of a prior
time when no extra information is provided from observa-
tion or model, whereas the second term represents the
entropy of the posterior distribution p(v|©) (forecast distri-
bution), measuring the uncertainty after the observation and
associated prediction becomes available. Thus a large PI
indicates that the posterior uncertainty will decrease because
of useful information being provided by a prediction (e.g.,
the larger p(v|©) the smaller uncertainty); that is, the pre-
diction is to be more reliable in a “perfect model” context.

[18] Another potential predictability measure, predictive
power (PP), is defined by Schneider and Griffies [1999]
based on PI, which has the same interpretation as PI, i.e.,
smaller PP corresponds to a more uncertain prediction, and
vice versa

PP =1 exp(~PI). (10)
[19] An alternative measure of the difference between two
distributions is relative entropy (RE)

RE = /p(v ) h(%)dv

where ¢ denotes the climatological distribution and p is that
for the prediction.

[20] In the case where the pdfs are Gaussian distributions,
which is a good approximation in many practical cases
(including ENSO prediction), the relative entropy may be
calculated exactly in terms of the predictive and climato-
logical variances, and the difference between their means.
The resulting analytical expression for the relative entropy
RE is given by Kleeman [2002] and Tang et al. [2008a]

d 2
RE = % { In |:d: E:}Z’;} + trace (aﬁai)

+ (up - uq) o <up - uq) - ”}

where ¢ and p are the climatological and predictive covari-
ance matrices respectively; det is the determinant operator
and ¢ is the trace operator; 11, and 1, are the climatological
and predictive mean state vectors of the system, and # is the
number of degree of freedom; RE is composed of two
components: (1) a reduction in climatological uncertainty by

(11)

(12)
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the prediction (the first two terms plus the last term on the
right-hand side of (12)) and (2) a difference in the predictive
and climatological means (the third term on the rhs of (12)).
These components can be interpreted respectively as the
dispersion and signal components of the utility of a predic-
tion [Kleeman, 2002]. A large value of RE indicates that
more information that is different from the climatological
distribution is being supplied by the prediction, which could
be interpreted as making it more reliable [Tang et al., 2008a].

[21] For a Gaussian distribution, a univariate state vector
with a climatological mean of zero, the covariance matrices
are scalar variances in equation (12). RE, PI, and PP can be
simplified as [DelSole, 2004]

1 o2 o2 2 1o
RE = |In| -2 +_12,_1+u_,2, =PI+ |2+ -
2 o o, o, 2

P

Signal

2 1/2
PP=1- (—12’) .
U‘I

[22] A key difference between relative entropy (RE) and
predictive information (PI) is that RE vanishes if and only
if the forecast and climatological distributions are identical
(i.e., same mean and spread), while PI is zero as long as the
two distributions have the same spread. Remarkably, pre-
dictive information and relative entropy are invariant with
respect to linear transformations of the state.

[23] The averaged RE and PI (RE and PI) over all pre-
dictions (initial conditions) are identical to MI, as mentioned
before. For seasonal climate prediction, the total variance
(i.e., climate variance) can be decomposed into signal (S)
variance and noise (N) variance, if the signal and noise are
assumed to be independent with each other [e.g., Kumar and
Hoerling, 1998; Shukla et al., 2000], namely,

Dispersion

Var(T) = Var(S) + Var(N) (16)

where

with X;; being the jth member of the ensemble prediction
starting from the ith initial condition, K the ensemble size
and M the total number of initial conditions (predictions);

— 1 K = M —
and Xl' = EZ:])("J’X = MZ:]XI
J= =
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Table 1. Summary of Prediction Skill Measures Used in This
Study?®

Actual Skill Measure

Potential Skill Measure R(?) RMSE(r) CIP(})) MSEIP(i)
Ensemble-based measure EM2(, £) ES(@,f) ER(,©) -
Information-based measure ~ RE(7, 7) PI(, ) PP(i, ) MI(?)

*Prediction skill measures are functions of either lead time (¢), initial
time (7), or both.

[24] Without the loss of generality, the climatological
mean is assumed to be zero, and thus (16) can be expressed

by
(17)

’qu ‘

+

Sl
ESIN S}
Fol

where the overbar denotes the expectation over all predic-
tions (initial conditions). Equations (14) and (17) can easily
verify the property of MI, for example,

1 up+a—02

M1:E:P7+2

7\ = PI. (18)

2
Jq

[2s] Using (17), the information-based potential predict-
ability measures MI, (RE or PI) and PP can be rewritten as a
function of the mean signal and noise, or their ratio A,

| o2 1 2
M —RE =Pl =t 2e) = i1+ 22
2 0.127 2 U;z;

:§1n<1 + Tf,) (19)

— 1/2 1/2
o2 1
PP=1-|—"*_| =1- | . (o0
o2+ 112 1+ )\12,

[26] For Gaussian variables, MI follows a theoretical
relationship with the actual correlation skill R as below
[DelSole, 2004],

My =—05In(1 - R?) (21)
where the correlation skill R is also related to the square of
signal-to-noise ratio or ensemble ratio >\ as proved by

Kleeman and Moore [1997]

—. (22)
L+ N

[27] Equations (16)—(22) build the connections between
information-based potential predictability and ensemble-
based potential predictability: all the averaged information-
based potential predictability measures are equivalent to the
ensemble-based potential measure /\Iz,. The theoretical cor-
relation skill R also is related to ensemble ratio as indicated
in equation (22). On the other hand, the RMSE skill should
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have a good relationship with the ensemble spread in a
perfect ensemble prediction system. Because Ap includes the
signal variance (EM2) and the noise variance (ES), both
fundamental to the potential predictability. Thus, in the fol-
lowing sections we mainly explore the features and varia-
tions of EM2 and ES, in particular their relationship to the
actual forecast skill.

[28] The actual forecast skills and the potential predict-
ability measures used in this study are summarized in
Table 1. R, RMSE, CIP, and MSEIP are actual forecast skill
measures because they depend on observations whereas
EM2, ES, ER, RE, PI, PP, and MI are potential predictability
skill measures that do not involve observational data.

4. Characteristics of Potential Predictability
Measures

4.1. The Characteristics of RE, PI, and PP

[29] We first explore the properties of the information-
based potential predictability measures through the long-
term ENSO ensemble forecast with the LDEOS model.
Figure 1 shows RE, PI, and PP in the Nino3.4 region, as a
function of lead time and initial condition, for the time period
from 1970 to 2003 (Note: the analysis for the entire period
of 1856-2003 has been performed, but only plotted the
period of 1970-2003 in Figure 1 for a clearer presentation).
Several features here are similar to those presented by Tang
et al. [2008a], where hindcasts from the period of 1981—
1998 were obtained with two hybrid ENSO models. These
common features are as follows: (1) Large RE peaks are
related to strong ENSOs. For example, strong El Nifios that
occurred in 1972/73, 1982/83, and 1997/98, and La Nifias in
1974/75, 1988/89, and 1999/2000 all have corresponding
peaks in the RE plot (Figure 1a); on the other hand, it is
difficult to connect ENSO variability with PP since large PP
occurred frequently in Figure lc. (2) RE declines signifi-
cantly as the lead time of prediction increases, whereas PP
displays relatively smooth variations with the lead time and
initial conditions. However, one feature is different from
that of Tang et al. [2008a]. In Figure 1b, PI shows a similar
low frequency variability as RE, but similar high frequency
variability as PP, as compared to Tang et al. [2008a] The
dlfference is due to the climatological variance o7. In this
study oq has an annual cycle which is more reasonable than
the fixed value in previous work, but similar results can be
obtained if the annual cycle is not considered in 0. Mathe-
matically, if we consider aq as a fixed value, PI and PP in
equatlons (13) and (15) depend only on the noise variance

p, and RE depends on both crp and signal variance ,u In

that case, the high frequency features of PI and PP are
obviously determined only by the noise variance, and the
low frequency variability features of RE thus is dominated
by signal variance. In this study, although both signal and
noise variances are involved in all the formulas of the
information-based predictability measures, the high fre-
quency features of PI (at short lead times) and PP suggest
that PI and PP still depend more on the noise variance than
the signal variance; and the low frequency variations of RE
depends more on the signal variance. Thus, the finding of
Tang et al. [2008a] is still valid: RE is a better indicator of
ENSO variability than PI and PP.
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(a) Relative entropy (RE)

Lead (months)

(b) Predictive information (PI)

Lead (months)

1980 1985

c) Predictive power (PP)

Lead (months)

AW

1990 1995 2000

Figure 1. (a) Relative entropy (RE), (b) predictive information (PI), and predictive power (PP) of
Nifo-3.4 SSTA index as a function of initial time and lead time (months), from January 1970 to

December 2003 for the LDEOS5 model.

4.2. The Characteristics of EM2, ES, and ER

[30] Shown in Figure 2 are the temporal variations of EM,
ES, and ER, as a function of initial condition and lead time.
As can be seen in this figure, EM2 presents some features
similar to RE but fails to characterize the predictability of
some ENSO events such as La Nifias in 1974/1975 and
1999/2000. ER has a low resolution, especially for leads
greater than 5 months, making it less informative in char-
acterizing potential predictability associated with ENSO
events. On the other hand, the ensemble spread (ES) displays
strong high frequency noise that enshrouds signal compo-
nents significantly. Another feature in Figure 2b is that large
and small ES slopes occur annually, indicating a strong
seasonal variability of ES. Along each slope, ESs start from
different initial time (i) and vary with different lead time ().
However, ESs actually correspond to the same verification
time [the time at the end of the forecast or the target time (v),
ie., v =i + f]. The target-dependence of ES has been
reported by Karspeck et al. [2006] when they studied

variations of ES with the ZC model (LDEO4). They sug-
gested that the seasonal variability of ES is consistent with
the seasonal cycle in ENSO signals; ES can be better pre-
sented as a function of the calendar month at the target
month of the forecast (regardless of the lead time) than as a
function of the initialization month.

[31] An inverse relationship between ES and ENSO sig-
nals has been reported in some previous studies, which was
explained by the delayed oscillator mechanism [e.g., Cai
et al., 2003; Zhou et al., 2008; Cheng et al., 2010a], i.e., a
large (small) error growth occurs with weak (strong) signals
at the initial time. To further demonstrate this, we binned ES
according to the value of Nino3.4 index at initial times in
Figure 3a. An inverse ES — signal relationship can be
observed for lead times up to 18 months, which is consistent
with previous studies. However, if ES is grouped by SSTA
index at the target time, the opposite appears as displayed in
Figure 3b, i.e., ES increases with the magnitude of Nino3.4
index. Figure 3 suggests that not only the SSTA at the initial
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(a) Ensemble mean square (EM2)

Lead (months)

1980

Lead (months)

1985

(c) Ensembile ratio (ER)

Lead (months)

1980

1985

1995 2000

1990

1995 2000

Figure 2. Same as Figure 1 but for the ensemble-based potential predictability measures: (a) ensemble
mean square (EM2), (b) ensemble spread (ES), and (c) ensemble ratio (ER).

time, but also that at the target time, have significant impacts
on the potential predictability measure ES.

4.3. Characteristics of Mutual Information

[32] According to information theory, equation (18), the
averaged value of RE and PI over a long time period should
be close to each other, approaching an overall potential
predictability measure called the mutual information (MI).
MI as a function of lead time is an indicator of the overall
predictability of the target variable in a forecast model. This
property is well represented in the present ensemble pre-
dictions of the LDEOS model. In Figure 4a, two sets of Mls
that were computed from the averaged RE and PI respec-
tively indeed have same values at any given lead time, which
is in agreement with equation (18). In addition, MIs decrease
smoothly as lead time increases, holding the monotonical
property perfectly as they asymptotically approach the mini-
mum value. At lead times of 12 months and longer, MIs vary
very smoothly, suggesting that ENSO predictability quickly

approaches the minimum at lead times around 12 months and
it stays at that level for longer leads in the LDEOS model.
[33] Figures 4c and 4d show strong relationships between
MI and the actual prediction skill (anomaly correlation skill R
and RMSE skill). Large MIs are related to small RMSEs but
high correlation skill, and vice versa. The monotonical pro-
perty of MI and its good relations with actual prediction skills
indicate that MI is a good indicator of overall predictability.
[34] To examine equation (21) for the LDEOS model, the
MI obtained from the averaged RE and PI are compared
with the estimated MI from actual R. As seen in Figure 4b,
except for the three largest MIs (corresponding to lead times
of 1-3 months), the estimated MIs are very close to the Mls
from the averaged RE and PI. The scattered points are
distributed along the “perfect” diagonal line for lead times of
4-24 months. A comparison of the LDEOS5 model with
the hybrid models by Tang et al. [2008a] reveals that the
LDEOS5 model provides a much better validation for the
theoretical relationship in equation (21). The largest three
MI points are related to the high correlation skills of short
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Figure 3. (a) Ensemble spread (°C) as a function of NINO3.4 SSTA index at lead times of 6, 9...,
24 month, respectively. ES is binned by SSTA at the initial time. (b) Same as Figure 3a but at the target

time.

lead times (1-3 months), at which the ensemble spread may
have not yet fully developed, leading to a large RE/PI. This
can be further demonstrated in a “perfect” model scenario, in
which the observation is replaced by a randomly selected
ensemble member that removes the impact of model bias.
Figure 5b presents the MI in this scenario, showing a perfect
relationship between MI and correlation skill as indicated by
the diagonal line. Comparison between Figures 4 and 5
indicates that there are still some imperfections in using the
LDEOS5 model to study potential predictability measures,
but such imperfections are not very significant. In the fol-
lowing sections, we will use the perfect model scenario to
study the potential predictability. Thus the “actual” predic-
tion skill noted below always means the skill using perfect
model scenario unless otherwise indicated.

5. Relationship of Potential Predictability
Measure and Actual Forecast Skill

[35] In the proceeding sections, we have examined some
important features and properties of information-based
measures as well as their capability in characterizing the
“overall” actual forecast skill. Here we examine the “indi-
vidual” relationship of potential predictability measures and

actual forecast skill (CIP and MSEIP). The identified rela-
tionships may not only contribute to the theory of ENSO
predictability, but also provide a practical utility in estimat-
ing the confidence that we can place in future predictions
using the same ENSO forecast model.

[36] Theoretically, a close relation between CIP and RE or
EM2 can be expected according to a qualitative analysis as
follows. If the observation O is the sum of a predictable
signal 11, and a small unpredictable part &, O = 1, + ), then
the best forecast is for (i, that is close to ensemble mean EM
for a reliable forecast system, and the expected squared
correlation CIP* between O and Hp 1S

<Ow,>>  <(m, e, >

CIP* = = —
<S> <O ><pk> <O0E>

(23)

RE is decomposed into the signal component (SC) and the
dispersion component (DC) according to equation (14)

1
RE=8C+DC~= -

—r 24
2 <0 > (24)
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Figure 4. (a) Variation of MI calculated by averaged RE and PI over all initial conditions as functions
of lead times. (b) MI from averaged RE and PI against the estimated MI from correlation skill using
equation (21). (¢) Averaged RE and PI versus RMSE skill. (d) Averaged RE and PP versus correlation skill.

[37] From equations (23) and (24), CIP and RE is expec-
ted to show a close relationship when the dispersion com-
ponent DC is smaller than the signal component SC (If DC is
a constant, the conclusion still holds). Note that 02 in DC is
also partly related to ulz,. To compare the contributions of SC
and DC in RE, Figure 6 shows the temporal variations of
RE, SC, and DC over the 148 years. A 2 year running mean
was applied to the data to filter out high-frequency varia-
tions. Decadal/interdecadal variability can be seen in time
series of RE and SC while DC shows very weak variability
after applying the 2 year running mean. During the higher
SC periods (i.e., the end of 19th century and the end of the
20th century), the signal component SC is much larger than
the dispersion term DC; whereas during the weaker SC
period (i.e., 1910-1940), DC and SC have comparable
contributions to RE. Therefore, the variations of the phase
and the amplitude of RE are mainly determined by the signal
component SC, but DC is important when ENSO signals are
weak. This may explain why in Figures 1 and 2 RE works
for weaker ENSO events but EM2 does not, due to ignored
contribution of DC in the latter.

[38] The significant contribution of ENSO signal to ENSO
predictability is in agreement with many recent ENSO pre-
dictability studies [e.g., Kirtman and Schopf, 1998; Tang
et al., 2008a; Cheng et al., 2010a], that is, stronger ENSOs
have a higher predictability. The fundamental reason for
decadal/interdecadal ENSO predictability are still not very
clear, but the strength of ENSO signal is a key factor [e.g.,
Tang et al., 2008a; Cheng et al., 2010a].

5.1. Relationship on the Decadal/Interdecadal Time
Scale

[39] To explore the decadal/interdecadal relationships, we
extract low-frequency components (>10 years) using a fast
Fourier transform (FFT) filter. Shown in Figures 7a—7c are
the decadal/interdecadal variations of the low-frequency
components of averaged RE (or PI, PP) over all leads of
24 months, along with the correlation skill CIP. In-phase
relationships can be seen between RE (or PI, PP) and CIP,
with positive correlation coefficient of 0.77/0.56/0.54,
respectively, which are statistically significant at the 99%
confidence level. When REs were relatively large during the
late 19th and the late 20th centuries, the correlation skill CIP
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Figure 6. Temporal variations of relative entropy (red solid), the signal component (SC; blue solid) and
the dispersion component (DC; blue dashed) of RE (a 2 year running mean is applied).
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low-pass FFT filter is applied).

was also high; when REs were small during the time period
of 1910-1955, CIP was also low. Compared with PI and PP,
RE has the closest in-phase relationship with the correlation
skill CIP. On the other hand, Figures 7d—7f depicts an
inverse relationship of RE (or PI, PP) with MSEIP on the
decadal/interdecadal time scales. PI and PP have a closer
relationship with MSEIP skill than RE, because they are
more related to noise variance than signal variance as dis-
cussed in Section 4.1. Therefore, Figure 7 indicates that on
the decadal/interdecadal time scales, RE has a better in-phase
relationship with the correlation skill CIP than PI and PP,
while PI and PP have better relationships with the MSEIP
skill measure than RE. Similarly, EM2 and ER have closer
relations to CIP than to MSEIP as compared to ES, as shown
in Figure 8, because they both are dominated by the signal
component inherent to correlation-based skills. Also, there
are similar relationships between ensemble-based potential
predictability measures and the actual forecast skills at the
interannual time scale (not shown).

5.2. Relationship on All Time Scales

[40] On all time scales from seasonal to decadal, scatter-
plots of the information-based measures (RE, PI, and PP)
and the actual deterministic measures (CIP and MSEIP) are

given in Figure 9 using all original samples without filtering.
Again, among three information-based measures, RE has the
best relationship with CIP with a highly significant correla-
tion coefficient of 0.55. A comparison of these results with
that of Tang et al. [2008a] reveals that the LDEOS5 model
offers a higher correlation coefficient between CIP and RE.
In addition, there are still some uncertain relationships in
Figure 9a, which are consistent with the “triangular rela-
tionship” found in previous studies [e.g., Tang et al., 2005,
2008a]. In other words, when RE is large, the correlation
prediction skill is certainly high; but when RE is small, the
RE-CIP relationship exhibits more uncertainties. Figure 9d
shows a similar triangular relationship between MSEIP and
RE: MSEIP is small when RE is large, whereas MSEIP is
uncertain when RE is small. Generally, RE has a weak
relationship with MSEIP because the signal in RE can bias
the close relation between noise and MSE. On the other
hand, there is an inverse relationship between MSEIP and PI
or PP in Figure 9¢ (or PP in Figure 9f) with a correlation
coefficient of —0.33 (—0.38), which is much better than the
RE-MSEIP relationship over all time scales.

[41] As expected, the ensemble-based predictability mea-
sures EM2 and ER, as shown in Figure 10, also have better
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Figure 8. Same as Figure 7 but for ensemble-based predictability measures.

relations with CIP than ES, while ES has a better relation
with MSEIP than others.

6. Discussion and Summary

[42] One important task of ENSO predictability studies is
to seek good potential predictability measures, by which the
uncertainty of individual prediction skill can be estimated
without involving observations. In this study, newly devel-
oped information-based potential measures (RE, PI, and PP)
and classic ensemble-based potential measures (EM2, ES)
were explored based on their capability in quantifying the
actual prediction skill (CIP and MSEIP) using long-term
ensemble predictions of the LDEOS5 model. Emphasis was
placed on establishing stable and robust relationships
between potential predictability and actual prediction skill at
various time scales, which offer a practical means of esti-
mating the confidence level of individual predictions. The
decadal/interdecadal relationship between potential predict-
ability and actual predictability has not been addressed in
previous studies of ENSO predictability due to the lack of
sufficiently long retrospective predictions.

[43] The ensemble in this study was produced by using the
optimal initial perturbation of SV1_SST and the perturbation
of the stochastic optimal wind field during the forecast
period. It was found that other ensemble construction

methods such as using either the SV1_SSTA or the realistic
stochastic wind did not offer reliable ensemble predictions
with the LDEOS model [Cheng et al, 2010b]. From the
analysis of the 148 year ensemble predictions, a good in-phase
relationship was found between the relative entropy RE and
the correlation skill CIP across the time scales from seasonal
to decadal/interdecadal.

[44] The mutual information MI is a good measure for the
overall forecast skill (correlation R and RMSE). The signal
component in ENSO predictions is much stronger than the
dispersion component (noise), and thus the predictability is
often dominated by ENSO signal strength. The good rela-
tionship between RE and CIP is due to the fact that they both
emphasize the signal component. It is particularly true for
ENSO where RE is determined mainly by SC. The disper-
sion component DC, though insignificant when signals are
strong, can play a comparable role to SC in the predictability
of weak ENSO episodes. On the other hand, the SC in RE
biases its relationship to MSEIP, which may be the reason
why the relationships of these measures are often weaker
than PI and PP, and why PP/PI better than RE in measuring
MSE-based skill for all time scales and for individual fore-
casts. For a practical predictability evaluation, all of the
information measures (RE and PI/PP) should be explored
because they characterize actual prediction skill from dif-
ferent aspects.
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(f) PP.

[45] Because SC and DC are two important factors that
determine predictability measures, it is reasonable to divide
all those measures in Table 1 into two groups: (1) signal
factor (EM2, ER, RE, CIP) and (2) ensemble spread (ES, PI,
PP, MSEIP). High correlation coefficients can be found
between any two measures within each group. The better
potential predictability measures associated with the indi-
vidual correlation skill are RE, EM2, and ER which are
dominated by signal variance or SC, while the best potential
predictability measure related to MSEIP is ES due to the
contribution of noise variance or DC.

[46] One interesting result of this study is that ES highly
depends on initial time and target time, which is consistent
with the previous finding using the LDEO4 model. ES has a
very strong annual cycle, most likely associated with the
background SSTA. ES is often large when SSTA has large
variance during the target time of boreal winter and autumn,
while it is small during the target time of boreal spring and
summer. This is consistent with our previous results from
SV analysis by Cheng et al. [2010a], where the error growth
rate has similar target-season-dependent feature, i.e., large
error growth rate occurs during target months in boreal

autumn and winter, and small error growth rate occurs for
target times in spring and summer. ES and error growth rate
are closely related to each other. In a perfect model, ES
should be close to RMSE skill. Thus, ES has relatively poor
relation to the correlation skill but has the best relation to
RMSE skill.

[47] Cautions should be borne in mind. The results and
findings presented here are based on the LEDOS5 model and
the chosen metrics of skill, and thus they might be model
and/or metric dependent. For example, we have explored
ENSO predictability using CIP and MSEIP to measure pre-
diction skill in this study. Even though the chosen metrics
have been widely used in the field of predictability study,
they may not be able to completely characterize all proper-
ties of predictability. These concerns need to be further
addressed through more comprehensive analyses. Never-
theless, this work is the first exploration of information-
based potential predictability of ENSO over the past one and
half centuries, which not only provides insights into ENSO
predictability, but also offers a practical means to estimate
the confidence level for individual forecasts.
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