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ABSTRACT

In this study, the predictability of the Pacific–North American (PNA) pattern is evaluated on time scales

from days to months using state-of-the-art dynamical multiple-model ensembles including the Canadian

Historical Forecast Project (HFP2) ensemble, theDevelopment of a EuropeanMultimodel Ensemble System

for Seasonal-to-Interannual Prediction (DEMETER) ensemble, and the Ensemble-Based Predictions of

Climate Changes and their Impacts (ENSEMBLES). Some interesting findings in this study include (i)

multiple-model ensemble (MME) skill was better than most of the individual models; (ii) both actual pre-

diction skill and potential predictability increased as the averaging time scale increased from days to months;

(iii) there is no significant difference in actual skill between coupled and uncoupled models, in contrast with

the potential predictability where coupled models performed better than uncoupled models; (iv) relative

entropy (REA) is an effective measure in characterizing the potential predictability of individual prediction,

whereas the mutual information (MI) is a reliable indicator of overall prediction skill; and (v) compared with

conventional potential predictability measures of the signal-to-noise ratio, the MI-based measures charac-

terized more potential predictability when the ensemble spread varied over initial conditions.

Further analysis found that the signal component dominated the dispersion component in REA for PNA po-

tential predictability fromdays to seasons.Also, the PNApredictability is highly related to the signal of the tropical

sea surface temperature (SST), and SST–PNA correlation patterns resemble the typical ENSO structure, sug-

gesting that ENSO is themain source of PNA seasonal predictability. The predictable component analysis (PrCA)

of atmospheric variability further confirmed the above conclusion; that is, PNA is one of the most predictable

patterns in the climate variability over theNorthernHemisphere, which originatesmainly from theENSO forcing.

1. Introduction

The Pacific–North American (PNA) pattern is one of

the most prominent modes of low-frequency climate

variability in the Northern Hemisphere during winter

(e.g., Wallace and Gutzler 1981; Woodhouse 1997). It

significantly affects the weather and climate anomalies

over North America. For example, during the PNA

positive phase, above-normal temperatures can be wit-

nessed in the westernUnited States. In its negative phase,

dry and warm conditions are detected in the eastern

United States while relatively dry and cold conditions

may be experienced in the west (Yarnal and Diaz 1986;

Leathers et al. 1991). It has been argued that, in the mid-

latitude region, the seasonal climate prediction skill is

mainly determined by the prediction skill of the PNA

and the North Atlantic Oscillation (NAO), another im-

portant mode in mid to high latitudes (e.g., Hurrell 1995;

Hurrell et al. 2003;Doblas-Reyes et al. 2003; Vitart 2004).

Past studies on PNA predictability covered several

different aspects using models and observations, in-

cluding model skill evaluation and analysis of the sources

of predictability. While it has been well reported that

PNA predictability, onmonthly to seasonal time scales,

is mainly from slowly varying external forcing, [e.g., the

El Ni~no–Southern Oscillation (ENSO) forcing] (e.g.,

Horel and Wallace 1981; Hoskins and Karoly 1981;

Simmons 1982; Sardeshmukh and Hoskins 1988; Kumar
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et al. 1996; Straus and Shukla 1997; Shukla et al. 2000),

some other works also suggested that a considerable part of

PNA predictability comes from the internal dynamics of

the midlatitude atmosphere inherent to atmospheric in-

stabilities (baroclinic nature in the extratropics) and non-

linear interactions between large-scale and synoptic-scale

atmospheric process (e.g., Lau 1981; Wallace and Black-

mon 1983; Chervin 1986; Palmer 1993; Straus and Shukla

2002).

In the field of statistical predictability of seasonal cli-

mate, it has been challenging to detect the predictability

source from internal variability, which often is treated as

stochastic forcing comparedwith large-scale slow-varying

signals. Recently, information-based potential predict-

ability measures were applied to study statistical pre-

dictability, providing a convenient way to explore the

relative role of internal and external forcing to predict-

ability. For example, Abramov et al. (2005) found, using

a highly simplified model, that the ensemble spread as-

sociated with the internal dynamics is the main contrib-

utor to the PNA potential predictability. On the other

hand, Kleeman (2008) demonstrated in another simpli-

fied model that the variation in midlatitude atmospheric

predictability with respect to initial conditions is mainly

determined by an ensemble signal related to external

forcing. Thus, the source of PNA predictability is still an

open question. A reasonable answer may be expected by

exploring the relative contributions of external forcing

and internal dynamics to the PNApotential predictability

at different time scales using realistic atmospheric or cli-

mate models, which seems absent in the literature.

Another issue in the past studies of PNA predict-

ability is the lack of a comprehensive evaluation of ac-

tual and potential predictability with time averaging.

Usually the PNA predictability was evaluated using

either actual skill (Renwick and Wallace 1995; Lin and

Derome 1996; Nakaegawa and Kanamitsu 2006) or po-

tential predictability (e.g., Barnett et al. 1997; Phelps

et al. 2004; Abramov et al. 2005) separately, mainly at

monthly to seasonal scales.1 Very few studies have fo-

cused on the evaluation of the PNA predictability at

various time scales from days to months, in particular

for potential predictability. One exception is the work of

Johansson (2007) where he investigated the actual cor-

relation skill of PNA and NAO from daily to seasonal

time scale using five years of winter predictions by the

NCEP Climate Forecast System from 2001 to 2005. The

PNA actual and potential predictability study at an in-

tegral framework at various time scales is absent in the

literature. These gaps will be main focuses of this study.

In this study, the PNA predictability will be systemati-

cally explored from days to months using actual and po-

tential predictability measures. The purpose of this study

is to comprehensively analyze the PNA predictability and

its variation at different time scales, using long-term en-

semble predictions from multiple global coupled and

uncoupled climate models, where the coupled models

mean coupled atmospheric and oceanic general circula-

tion models, also called a one-tier forecast in the seasonal

prediction community, whereas the uncoupled models

mean the atmospheric circulation models driven by per-

sistent boundary (ocean) forcing, that is, a two-tier forecast.

This allows us to derive statistically robust, general, and

realistic conclusions. To achieve these, the analysis is done

using ensemble predictions of 500-mb geopotential height

from multiple-model ensembles including the Canadian

Centre for Climate Modelling and Analysis (CCCma)

Historical Forecast Project (HFP2) product of four dif-

ferent global models, the ECMWF DEMETER product

from five global coupled models, and the European

Centre forMedium-RangeWeather Forecasts (ECMWF)

Ensemble-Based Predictions of Climate Changes and

their Impacts (ENSEMBLES) product from three global

coupledmodels. Themultiple-model ensemble (MME), or

superensemble, of each product was used in this study. It

has been argued that MME is usually better than a single

model ensemble (SME) since uncertainties associated

with the different model frameworks can offset each

other and can be relieved by large size of ensemble

members (e.g., Krishnamurti et al. 1999, 2000; Palmer

et al. 2004; Yan and Tang 2013).

This study is organized as follows. In section 2, a brief

description of the ensemble prediction products and anal-

ysis data is presented. Section 3 discusses different mea-

sures of prediction skill and predictability. Results and

discussion for actual skill and potential predictability at

various time scales are presented in sections 4 and 5 re-

spectively. Section 6 explores the predictability in coupled

and uncoupled models, and the temporal variations

in PNA predictability and its source are presented in

section 7. Predictable component analysis is presented in

section 8, and we end with a broad discussion and con-

clusions in section 9.

2. Ensemble prediction products and observed data

Three ensemble prediction datasets were used in this

study including HFP2, Development of a European

1For a clarification, we define the potential predictability used in

this study as the prediction skill of a ‘‘perfect’’ forecast system

(model), which does not make use of observation to measure

whereas the actual prediction skill is the prediction skill evaluated

using the observation. The predictability, used as a general ex-

pression, means both the potential predictability and actual pre-

diction skill in this study.
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Multimodel Ensemble System for Seasonal-to-Interannual

Prediction (DEMETER), and ENSEMBLES stream 2.

HFP2 is a collaborative project among some Canadian

universities and government laboratories, whose objec-

tive is to test the extent to which the potential pre-

dictability of mean seasonal conditions could be achieved

(Kharin et al. 2009; Derome et al. 2001). This product

includes an ensemble of four global atmospheric models,

the second- and third-generation atmospheric general

circulation models (AGCM2 and AGCM3) (McFarlane

et al. 1992), a reduced resolution version ofmedium-range

weather forecast global spectral model (SEF) (Ritchie

1991), and the Global Environmental Multiscale (GEM)

model. Each model produces an ensemble of 10 parallel

integrations of four-month duration for the period of

1969–2003 from the beginning of each month. The in-

tegrations are initialized from the National Centers for

Environmental Prediction (NCEP)–National Center for

Atmospheric Research (NCAR) reanalysis (Kalnay et al.

1996) lagged at 12-h intervals prior to the initial time of

prediction (ITF). That is, the first member is initialized

12h before the ITF, the second member is initialized 24h

prior to the ITF etc., and the 10th member is initialized

5 days prior to the ITF. The oceanic forcing used in the

atmospheric prediction is from the persistent prediction of

the global sea surface temperature anomaly (SSTA),

namely, that the SSTA of the initial month of the pre-

diction was persisted during the entire prediction period,

superimposed onto the climatological SST of the target

month of prediction.

DEMETER includes seven state-of-the-art global

coupled ocean–atmosphere models that produce

a 6-month forecast starting from 1 February, 1 May,

1 August, and 1 November of each year, over a common

period 1980–2001 (Palmer et al. 2004). Four SST per-

turbations are added to and subtracted from initial

conditions of the hindcast to represent the uncertainty

in the SST. These SST perturbations are based on two

quasi-independent SST analyses. Each hindcast has

been integrated for six months and comprises an

ensemble of nine members. Two models from INVG

and Max Planck Institute (MPI), which have very poor

skill over the PNA region, were excluded in this study.

Thus, the multimodel of DEMETER is formed by

merging five models having 45 ensemble members.

The ENSEMBLES seasonal forecasts used in this

study are from its stream 2 experiment. In this experi-

ment, five globally coupled general circulation models

were run, including the ECMWF, the Leibniz Institute of

Marine Sciences at Kiel University (IFM-GEOMAR),

M�et�eo-France (MF), the Met Office (UKMO), and

the Euro-Mediterranean Centre for Climate Change in

Bologna (CMCC)-Istituto Nazionale di Geofisica e

Vulcanologia (INGV) models. Each ensemble com-

prises nine runs initialized with different sets of ocean

reanalysis generated from wind stress and SST pertur-

bations. For each year, 7-month-long seasonal forecasts

starting on the first day of February, May, August, and

November have been initialized, covering the 46 years

from 1960 to 2005 (Weisheimer et al. 2009). The Novem-

ber initial condition is extended to a 14-month duration of

forecast except for CMCC-INGV. Among five models,

IFM-GEOMAR and CMCC-INGV were not used owing

to their relatively poor performance than the othermodels.

The current study focuses on the 500-mb geopotential

height ensemble prediction for the common 21-yr period

from 1980 to 2001. The hindcasts are initialized, re-

spectively, on 1 February, 1 May, 1 August, and 1 No-

vember, and last four months. For validation purpose,

the NCEP–NCAR reanalysis dataset (Kalnay et al.

1996), at horizontal resolution of 2.58 3 2.58, was used.
Originally the PNA was defined by the four-point

teleconnection patterns (Wallace and Gutzler 1981).

However, the classic definition seems insufficient in

describing the large-scale spatial–temporal structure of

PNA patterns; thus, many researchers prefer to use the

leading modes of principal component analysis (PCA)

of the Northern Hemisphere 500-mb geopotential

height anomalies to define the PNA, such as Thompson

and Wallace (1998, 2000). In this study we follow this

strategy, that is, applying for the rotated PCA onto the

observed (NCEP) monthly mean 500-mb geopotential

height anomalies over the domain between the equator

and 87.58N, from 1950 to 2000, to define the PNA. The

definition is the same as one that has been operationally

used in the National Oceanic and Atmospheric Ad-

ministration (NOAA) Climate Prediction Center (Chen

and Van den Dool 2003).

Shown in Fig. 1 are the first two modes of the PCA,

clearly indicating that they well characterize the North

Atlantic Oscillation (NAO) and PNA structure, re-

spectively. The PNA pattern derived frommonthly data

(mode 2) is very similar to those from the data at other

time scales such asweekly or daily data (Johansson 2007);

thus for simplicity we use the monthly PNA pattern for

all time scales in this study. The predicted PNA index

is obtained by projecting the ensemble prediction of

500-mb geopotential height anomalies on the PNA

pattern for all time scales from a day to a month.

3. Measures of prediction skill and predictability

a. Actual measures of predictability

In general, there are two groups of predictability mea-

sures: one is actualmeasures thatmake use of observations
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and the other one is potential predictability measures

that do not make use of observations. The actual skill of

ensemble-mean prediction over 22 years is measured

by anomaly correlation (r) and rms error (RMSE),

defined as

r(t)5
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in which T is the index of interest, t is the lead time of

prediction (varies with time scale), superscript p is the

predicted index, and o is the observed counterpart. The

mp is the mean of the forecasts, mo is the mean of ob-

servations, and N is the number of initial conditions.

RMSE indicates the mean ‘‘distance’’ between

forecasts and observations over the verification time

period. It usually increases with lead time and asymp-

totically approaches a ‘‘saturation’’ value. The satura-

tion value is equivalent to the mean difference between

two randomly chosen fields from the system (e.g.,

DelSole 2004).

b. Potential predictability measures

The measures of potential predictability include

traditional metrics such as signal-to-noise ratio (SNR),

ensemble mean, ensemble spread, and information-based

metrics. As it is straightforward to calculate the ensemble

mean and ensemble spread from ensemble predictions,

here only information-based potential predictability mea-

sures will be introduced. The idea behind the information-

based measures is to use the difference between two

entropies, climatological entropy and predictive entropy,

to quantitatively measure extra information that the

prediction brings, as expressed by relative entropy (RE).

The average of RE over all initial conditions is called

mutual information (MI), quantifying the overall pre-

dictability of dynamic systems.

1) RELATIVE ENTROPY

Relative entropy, or Kullback–Leibler divergence, is

a measure used to calculate the difference between two

entropies (uncertainties), such as the difference between

climatological entropy and the predictive entropy, as

used in this study. If q(v) denotes the climatological

distribution for a random variable v and p(v j o) denotes
for forecast given the initial or boundary condition of

‘‘o’’, then for a continuous set of states a relative entropy

(REA) is defined as

REA[

ð
P(v j o) ln

�
P(v j o)
q(v)

�
dv . (3)

FIG. 1. NAO and PNA patterns obtained using rotated EOF

analysis of 500-mb monthly NCEP geopotential height data.

Contour interval is 10m with negative contours dashed. Dark

(light) shading indicates values ,10m (.10m).
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Also, q(v) is interpreted as prior distribution (climato-

logical distribution), and P(vjo) is described as posterior

distribution (forecast distribution). For a Gaussian PDF

approximation, REA can be calculated exactly in terms

of predictive and climatological variances and a differ-

ence between their means. In that case, the expression

for relative entropy is given by (Kleeman 2002)

REA 5
1

2

(
ln

"
det(s2

q)

det(s2
p)

#
1 tr[(s2

p)(s
22
q )]2 n

1 (mp 2mq)(s2
q)

21(mp 2mq)

)
. (4)

Here, sq and sp are the climatological and ensemble

variances, respectively, while mp and mq are the ensem-

ble and climatological mean of the system, and n is the

number of degrees of freedom. As shown in (4), REA is

composed of two components: (i) a reduction in clima-

tological uncertainty by the prediction [first three terms of

(4), also called the dispersion component] and (ii) a dif-

ference in the predictive and climatological means [last

term of (4), which is also called the signal component].

These components are interpreted as components of

utility of prediction (Kleeman 2002). A large value of

REA indicates that more information that is different

from the climatological distribution is being provided

by the prediction, which can be interpreted to be more

reliable.

Another measure is mutual information (MI), defined

as the average of REA, over all initial conditions (e.g.,

DelSole 2004; Yang et al. 2012). Interestingly, there is

a theoretical relationship between MI-based anomaly

correlation skill (ACMI hereafter) and the conventional

signal-to-total variance ratio (STR)-based counterpart

(ACp hereafter) if the prediction and climatological

PDFs are Gaussian, as (Yang et al. 2012; Cheng et al.

2011) (also see the appendix)

ACp #ACMI . (5)

The equality holds in (5)when ensemble variance is not

a function of initial conditions; otherwise, the ACMI

measures more predictability than ACp. This is because

the ACp measures a linear relationship between predic-

tion (ensemble mean) and ‘‘observation’’ (an ensemble

member), which underestimates the true potential pre-

dictability that is statistically defined as the coherence

between prediction and initial (boundary) conditions. On

the other hand, ACMI measures the statistical depen-

dence, both linear and nonlinear, between prediction and

observation (Yang et al. 2012; Tang et al. 2013, manu-

script submitted to J. Climate).

2) PREDICTABLE COMPONENT ANALYSIS

Predictable component analysis (PrCA) is analogous

to the traditional principal component analysis (PCA),

which decomposes the total variance into different

structures (eigenvectors), whereas PrCA decomposes

the total predictability into various patterns that explain

different contributions to the total predictability. PrCA

is especially useful if predictability is dominated by a few

patterns, which allows us to focus on a few predictable

structures instead of various structures that are not

predictable.

In practice, the PrCA analysis is performed in a state

space of truncated PCA modes so that the covariance

matrix that is used to solve eigenvalue equation is

full rank. This problem arises because, practically, the

number of grid points should be much larger than

the number of total samples in climate studies. We used

the first 30 PCA modes for truncation in this study. A

detailed discussion on PrCA algorithm can be referred

to DelSole and Tippett (2007) and Tang et al. (2013,

manuscript submitted to J. Climate).

4. Model verification andmultiple-model ensemble
approach

a. Properties of ensemble systems

As a starting point, the ensemble spread and the rms

error of the ensemble mean prediction (ensemble RMSE

hereafter) are examined for all of the individual models

and the multiple-model ensemble (MME). Ensemble

spread and the ensemble RMSE are considered to be the

most basic quantities used to evaluate an ensemble pre-

diction system. The former, to some extent, diagnoses the

sensitivity of model error growth to initial uncertainty,

whereas the latter directly measures the accuracy of the

ensemble mean prediction against observations. The

forecast error growth from initial uncertainty would sat-

urate after some time owing to the nonlinear nature of the

atmospheric system, which, on average, is about two

weeks on daily time scales (Lorenz 1969). One of the

motivations behind the ensemble forecasting is to esti-

mate the forecast uncertainty using ensemble-derived

variables such as ensemble spread, an often used quan-

titative in weather forecast. Stensrud et al. (1999) argued

that forecasts with larger ensemble spread are probably

less certain than forecasts with smaller ensemble spread.

This is based on the assumption of a perfect model, which

is usually made for potential predictability study. Under

this assumption, one arbitrary realization of the forecast

distribution is used as the hypothetical observation in-

stead of real observation. Under this scenario, the actual

observation is statistically indistinguishable frommembers
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of the forecast ensemble, and the ensemble spread is

equivalent to the RMSE (Begntsson et al. 2008; Cheng

et al. 2011). Thus, for daily time scales, the upper limit of

weather predictability defined by Lorenz (1969) depends

on the saturation of the RMSE that in turn is determined

by mean climatology variance (Shukla and Kinter 2006).

The variations of the ensemble spread and ensemble

RMSE for all individual models and the MME of each

ensemble product, as a function of lead time, for the

daily time scale are shown in Fig. 2. The climatology

variance obtained using observations during the period

1980–2001 is also presented as a reference. Among four

uncoupled models of HFP2, the Global Environmental

Multiscale Model (GEM), the third-generation General

Circulation Model (GCM3), and second-generation

General Circulation Model (GCM2) have sufficient

spread at initial lead times as their ensemble spread and

ensemble RMSE lie close to each other for most of the

lead times. For SEF, ensemble spread is far from the

ensemble RMSE, suggesting large biases in SEF as found

FIG. 2. RMSE and ensemble spread as a function of lead time over daily time scale, for different models and their

MME. Here, the ENSEMBLES models are shown with ‘‘_E’’; DEMETERmodels with ‘‘_D.’’ Centre Europ�een de

Recherche et de Formation Avanc�ee en Calcul Scientifique (CERFACS) and Laboratoire d’Oc�eanographie Dy-

namique et de Climatologie (LODYC) are DEMETER models.
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in Kharin et al. (2009). Regarding coupled models, only

ECMWF fromENSEMBLES has ensemble spread close

to ensemble RMSE. In all the other coupled models, ei-

ther from ENSEMBLES or DEMETER, the ensemble

spread is considerably smaller than the ensemble RMSE

at shorter lead times. This is probably due to the in-

sufficient initial perturbation (Bengtsson et al. 2008). A

typical behavior in many current ensemble forecast sys-

tems is the underestimation of the ensemble spread since

many possible sources of model-related uncertainty, such

as parameter uncertainty, are often not well considered

(Jolliffe and Stephenson 2003).

TheMME ofHFP2 (MME_H hereafter), DEMETER

(MME_D hereafter), and ENSEMBLES (MME_E

hereafter) apparently has a better relationship of en-

semble RMSE–ensemble spread than individual models.

The central argument for the MME superiority over the

singlemodel ensemble has two points: 1) the former takes

a holistic consideration of uncertainties from both the

initial conditions and the model uncertainties (e.g.,

Palmer and Shukla 2000; Palmer et al. 2004) and 2) lack of

understanding of atmospheric behavior could possibly be

offset by different assumptions of the model framework.

Thus, most of the analyses in this study focus on MME,

except that individual models are required for the pur-

pose of skill validation.

b. PNA actual skill at different time scales

In this section, the actual prediction skill of individual

models at different time scales will be evaluated. The

bootstrap method is used to perform the statistical sig-

nificance test of correlation skill, instead of the Student’s

t test that requires the effective number of degrees of

freedom, a difficult quantity to estimate for a sample

with a temporal average. The bootstrap experiment was

designed as follows: 1) given the leading time of pre-

diction, the observation and prediction are paired based

on the same target time of prediction, that is, constructing

the sample of observation–prediction pair for the entire

period 1980–2001; 2) randomly choosing 95% of the

samples of the prediction–observation pair, and calcu-

lating their correlation coefficient; and 3) repeating

2) 1000 times to obtain 1000 correlation coefficients,

whose standard deviation is used as a threshold value at

a given confidence level (i.e., the error bar in the figures).

The skill in predicting the PNA index as a function of

lead time is shown in Fig. 3 for different models at dif-

ferent time scales: persistence skill is also provided as

a reference. As can be seen in this figure, most of the

models performed better than persistence, with modest

improvement at the weekly time scale, compared to the

mean of daily correlation coefficients. The increase in

skill is significant at the biweekly time scale, compared

to the mean of daily values (e.g., first lead time at the

biweekly time scale is compared with mean of daily

correlation coefficients from 1 to 14 days, and so on (also

see discussion of Fig. 5). For the monthly time scale, the

correlation skill at lead time of 1 (month) ranges from

0.46 to 0.65 among all models, which is meaningfully

higher than themean correlation skill of daily prediction

over the first 30 days (Fig. 3g). Most monthly predictions

have significant correlation beyond one season. These

results are consistent with a widely recognized concept

that predictability can be enhanced by taking the spatial

or temporal average (e.g., Lorenz 1969; Van den Dool

and Saha 1990). This is because large-scale variability

does not change rapidly and the growth of initial errors

is relatively slow for low-frequency components.

Figure 3 shows that most of the models have RMSE

smaller than persistence at all lead times, over multiple

time scales. The model prediction skill is considered to

be useful only if it is better than climatology prediction;

thus, the bottom limit of predictability occurs when the

RMSE approaches the climatological spread (Kimoto

et al. 1991). As can be seen in Fig. 3b, most of themodels

on daily time scales reached this limit around day 12. If

we define correlation less than 0.2, a statistically signif-

icant criteria value at 95% confidence level from the

bootstrap experiment, as the limit of predictability,

a notable point is that the predictability limit in terms of

RMSE is reduced as compared with the corresponding

limit using correlation. This difference might be attrib-

uted to the significance level used for the correlation

skill, that is, 95%. By changing the level to 99% for

correlation, the RMSE and correlation have the almost

equivalent predictability limit. For a weekly time scale,

the predictability limit remained comparable to the

daily time scale limit (Fig. 3d) whereas improvement

was substantial at the biweekly time scale, where the

predictability limit increased to 4–6 weeks (Fig. 3f). The

impact of slowly varying boundary forcing was prom-

inent at monthly time scales, as the skill in terms of

RMSE lingered until two months (Fig. 3h).

The prediction skill for the MME of the three en-

semble products, HFP2,DEMETER, andENSEMBLES,

is shown in Fig. 4. The overall features of MME skill can

be stated as follows: all MMEs beat persistence skill at

almost all lead times over all time scales, demonstrating

the advantage of multiple models since some individual

models performed worse than persistence at longer lead

times, as shown in Fig. 3. Using bootstrap experiments,

the prediction skill of the MME was found to be sig-

nificant for the first 20 days at daily scale, 3–4 weeks for

weekly time scale, 1–2 months for biweekly, and 3

months for monthly scale, indicating that the forecast

skill increased with increasing time average.
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The increase in predictability with time scales can be

further demonstrated by comparing correlation co-

efficients of two different scales at an equivalent lead

time. For example, in Fig. 5, the average correlation

coefficients of daily scale over day 1–7 (or day 8–14) are

compared with the correlation skill at the 1-lead time (or

2-lead times) of weekly scale. It can be observed that the

weekly skill is always larger than, or at least equivalent

to, the value of the weekly average (the average of daily

skill over 7 days) weekly scale. For biweekly scale, the

enhancement in prediction skill is substantial even for

1-lead time (e.g., the correlation coefficient was over

0.73–0.8 for all three MMEs) as compared to the mean

of corresponding daily values of the first 14 days (the

correlation coefficient was 0.73 for MME_H, 0.8 for

MME_D, and 0.8 for MME_E). A similar approach is

applied to compare monthly time-scale correlation

at different lead times, with mean of daily correlation

coefficients. The enhancement in correlation skill

continued at the monthly time scale where the

FIG. 3. Correlation and RMSE as a function of lead time for different time scales and models. Persistence skill and

climatological spread is also shown for each time scale. Models are identified by color and symbols in the legend.

15 NOVEMBER 2013 YOUNAS AND TANG 9097



correlation was significant for lead times up to three

months.

The RMSE skill of the MME is presented in Figs.

4b,d,f,h over different time scales. Compared with in-

dividual models, the RMSE of the MME reached error

saturation (i.e., RMSE 5 climatological spread) at lon-

ger lead times. Similar to the correlation skill, theRMSE

skill reflects the increase in predictability with time av-

erage, as indicated by the lead time at which error

growth saturation is reached. For example, the time

limit of predictability, in terms of the error growth sat-

uration, increased from 14 days for the daily scale to 2

months for the monthly scale.

Thus, the actual prediction skill from the three en-

semble products show that the skill increases with time

averaging. Tribbia and Baumhefner (1988) argued that

time averaging impacts predictability in two ways. First,

it reduces the phase decorrelation rates and alleviates

high-frequency noise (noise variance), which improves

predictability; and second, time averaging reduces the

FIG. 4. As in Fig. 3, but using only MME_H, MME_D and MME_E. Vertical error bars are the sample standard

deviation calculated using the bootstrap experiment at each lead time.
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climatological variance (e.g., total variance), which op-

poses the greater predictability trend. Thus, a net effect

of time averaging is the competition between both

contributions to predictability. Following Tribbia and

Baumhefner (1988), the decrease in climatological vari-

ance and the variation of decorrelation with time aver-

aging are estimated and compared with the correlation

skill at different time scales (cf. Fig. 6). Here, only

MME_H is randomly selected for comparison owing to

the similarity of prediction skill of these models. The

impact of time averaging is clearly observable in Fig. 6.

For example, weekly, biweekly, and monthly time-scale

forecasts are more predictable than daily forecast skill in

Fig. 6a, whereas the decrease in climatological variance

and autocorrelation (persistence) increase with time

average as shown in Figs. 6b and 6c, respectively. A

comparison among Figs. 6a–c reveals that the increase in

the length of decorrelation (persistence skill) overweighs

the decrease in climatological variance so that the former

dominates the predictability. Thus, the increase in pre-

dictability with averaging time scale, even in the presence

of a decrease in climatology variance, is due to two rea-

sons: (i) the averaging lessens the noise, making the signal

at initial conditions less dissipated, and (ii) the role of

slowly varying boundary forcing becomesmore andmore

influential with time average.

5. PNA potential predictability

a. MI-based predictability

Figure 7 shows ACMI and ACp for ENSEMBLES and

HFP2 for different time scales. Two obvious features

can be observed in this figure. First, the coupled model

ENSEMBLES has significantly better skill than the

uncoupled model HFP2 at multiple time scales, in con-

trast with the comparison of actual skills (Fig. 4). Sec-

ond, theACMI is always larger thanACP, as indicated by

FIG. 5. Correlation coefficients of different MME over different time scales. Daily correlation

values are averagedoveroneweek (weekly_avg), 2weeks (bi-weekly_avg), andmonth (monthly_avg)

to compare with corresponding weekly, biweekly, and monthly time scale correlation.
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(5), suggesting that the conventional predictability mea-

sure of signal-to-noise ratio (SNR) underestimates the

potential predictability. These two features will be dis-

cussed further after we examine the variation in poten-

tial predictability with the averaging time scale, where

ENSEBLES and ACMI as the target of analysis are used

owing to their better representation thanHFP2 andACP.

Similar to actual skill, the potential predictability of

the PNA pattern also increased with the time scale, as

shown in Fig. 7. The improvement in potential pre-

dictability over weekly time scale, (Fig. 7c) is significant

compared to daily time scale (Fig. 7a). The enhance-

ment in predictability persisted at the biweekly time

scale (Fig. 7e) and monthly time scale (Fig. 7g), where

the potential predictability is meaningful for all four

months. Table 1 shows the maximum lead time that re-

mains at a correlation skill of 0.5 for all time scales.2 The

table shows that ACMI remained significant until 40 days

for MME_E and 28 days for MME_H at the daily time

scale. In contrast with actual skill, the improvement in

skill is also quite substantial even at weekly time scales

(16 weeks for MME_E and 5 weeks for MME_H).

b. Comparison between MI and SNR

We also explored predictability using the SNR, where

signal and noise are estimated using Rowell’s scheme

(Rowell 1998). The results show that the predictability

by SNR has features similar to those byMI; namely, that

the SNR increased with time averaging.

Figure 7 shows the ACMI and ACp as a function of

lead time over different time scales. Themost prominent

features here are that the skill decreases with lead time

and the ACMI is higher than ACp. The former is in rea-

sonable agreement with the general conclusion that pre-

dictability declines with lead time in chaotic or stochastic

dynamical systems whereas the latter is consistent with

the theoretical in (5) as mentioned above. As shown in

Fig. 7, at daily time scale, both ACMI and ACpwere close

to each other for the first few lead times (Figs. 7a,b),

suggesting that the ensemble variance does not differ

much from one forecast to the other for these lead times.

FIG. 6. (a) Anomaly correlation for MME_H over different time scales as a function of lead time, the daily cor-

relation for first 20 days only. (b) Climatological variance of averaging time using observation (asterisks) and

MME_H (open diamonds), and (c) persistence correlation at different time scales. The legend for (a),(c) is shown at

the bottom.

2 The correlation value 0.5 is partially arbitrarily set, but is often

used as a threshold of useful prediction skill in the seasonal pre-

diction community.
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For subsequent lead times, ACMI was significantly larger

than ACp, simply because the ensemble variance was no

longer approximately constant after sufficient develop-

ment with lead times. The same phenomena can be ob-

served at weekly and biweekly time scale. Over monthly

time scale, even at 1-month lead time, ACMI was better

than ACp (Figs. 7g,h).

The comparison of actual and potential skill using

MME_E and MME_H at different time scales is shown

in Fig. 8. Here, potential skill is measured using ACMI. It

can be observed that the potential prediction skill is

higher than actual skill. Table 1 also shows the skill limit

for both actual and potential predictability. It is clear

that the potential predictability limit is quite large

compared to actual skill at multiple time scales for both

MME_H and MME_E. It is not surprising since the

potential predictability represents an upper limit of

prediction skill that a perfect model can achieve. That

FIG. 7. Comparison of ACMI with ACp over different time scales for MME_H and MME_E.
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the potential predictability is higher than actual skill

suggests that there may be a lot of room to improve

present prediction skill of PNA.

It should be emphasized here that the potential pre-

dictabilitymay be smaller than the actual skill if themodel

is imperfect in estimating noise variance. For example,

Batt�e and D�equ�e (2011) found that, if the ensemble is

overdispersive and ensemble variance is overestimated,

the potential predictability could be underestimated

compared with the actual skill. On the other hand, if

model error only exists in the ensemble mean (signal) as

random error, the potential predictability is greater than

the actual skill, as proven by Sardeshmukh et al. (2000).

Overall, there are three kinds of errors impacting atmo-

spheric predictability: nonlinear chaos, model random

error, and model systematic error. The difference be-

tween actual and potential predictability is due to in-

clusion of these three factors in estimating the actual skill.

Another possible reason for the difference between

actual and potential skill shown in Fig. 8 is due to the

error of Gaussian assumption used in calculating poten-

tial predictability. To examine this, we estimated the

probability distribution function (PDF) for all lead times

and all time scales for HFP2 and ECMWF. The results

show that the Gaussian assumption is always approxi-

mately held for any case. Shown in Fig. 9 are the PDFs of

different randomly chosen lead times for the weekly time

scale. Figure 9 also shows that there is no essential dif-

ference of Gaussian approximation between coupled and

uncoupled models, indicating that the difference of po-

tential skill between coupled and uncoupledmodels is not

due to their disparity in assuming a Gaussian approxi-

mation. We will go back this issue in next subsection.

6. Predictability of coupled and uncoupled models

It is intriguing to explore the difference in pre-

dictability between coupled and uncoupled models.

First, the difference of their actual prediction skill is

examined. Using a bootstrap test, it is found that their

difference in actual skill, shown in Fig. 4, is not statisti-

cally significant as indicated by the sampling error bars

exceeding these differences. This is consistent with the

findings of Johansson (2007), where he mentioned that

coupling is not relevant in enhancing the prediction skill

of PNA.

Figure 10 compares the difference of the potential

predictability ACMI between coupled model (MME_E)

and uncoupled model (MME_H) for different time av-

eraging. Again, the bootstrapmethod is used to estimate

the extent of uncertainty owing to sampling error, as

shown by the bars in this figure. A significant difference

beyond the sampling uncertainty is witnessed in poten-

tial skill between MME_E and MME_H for all time

scales, as shown in this figure, in contrast with actual skill

results. Thus, one compelling question is why coupling

does not lead to a better PNAprediction skill although it

has higher potential predictability? To shed light on this

issue, the prediction skill of SSTA (708S–708N) is cal-

culated fromMME_H andMME_E at themonthly time

scale. The SSTA prediction is provided by the persistent

scheme for uncoupled models (MME_H) and the oce-

anic component of the coupled models (MME_E).

Figure 11 shows that the MME_E SST prediction skill is

better than MME_H (persistence) in many areas, es-

pecially in the tropics and over North America (PNA

index). With the increase in lead time, MME_E has

higher skill for SSTA prediction than MME_H. Thus,

the reason that coupled models do not lead to better

PNA prediction than uncoupled models is probably

because of the bias of atmospheric models, which can

cause the coupling to be inconsistent with the observa-

tion, resulting in the skill in coupled model to not nec-

essarily be better than that of the uncoupledmodel. One

may understand the prediction of the MME_E and

MME_H as two atmospheric model runs: one forced

with persistent SST and the other forced with coupled

model SST. The coupled model SST is better than the

persistent SST (uncoupled model). If the atmospheric

model was perfect, the atmosphere model would have

more realistic forcing (prediction) while forced by the

coupled model SST. However if the atmospheric model

has bias, this conclusionmay not hold. It should be noted

that the coupled model SST beating the persistent SST

prediction (uncoupled model) does not conflict with the

above argument since the SST prediction forced by the

biased atmospheremay still be better than the persistent

SST prediction.

7. Temporal variation in PNA predictability and its
source

In the last section, the overall potential predictability is

discussed using mutual information. In this section, the

emphasis will be put on the temporal (e.g., interannual or

TABLE 1. Actual and potential prediction skill (ACMI) over

different time scales using MME_H and MME_E (the correlation

value 0.5 is chosen as the threshold for significance).

Time scale

ACMI_

MME_H

ACMI_

MME_E

Actual_skill_

MME_H

Actual_skill_

MME_E

Daily 28 40 11 15

Weekly 5 16 2 2

Biweekly 8 8 1 1

Monthly 4 4 1 1
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decadal) variation in potential predictability and its

source. Shown in Fig. 12 is the averaged REA over the

effective lead times for all individual predictions by

ENSEMBLES.Here, the effective lead time is equivalent

to the maximum lead time beyond which the prediction

skill is not significant and is determined by bootstrap

experiment. A striking feature in Fig. 12 is that there are

temporal variations in potential predictability of PNA in

terms of REA, where large REA are mainly located in

fewer predictions, such as 1982–83 and 1997–98 (strong

ENSO events). For most of the other predictions, REA is

small or exhibits small variations with initial time. Next,

wewill examinewhat determined these variations inREA

at different time scales.

As described in section 3, REA is the sum of dispersion

and signal components [cf. (4)]. The variations in both

signal and dispersion components for MME_E over

different time scales are shown in Fig. 13 for the period

FIG. 8. Actual and potential skill for MME_H and MME_E; vertical error bars are the sample standard deviation

calculated using the bootstrap experiment (see context).
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1980–2001. As can be seen in Fig. 13, the signal compo-

nent is large in the predictions for 1980–85 and 1995–2001.

In between, the signal is low (1985–95). The variation

feature might be related to variation in the tropical Pacific

SST forcing. For example, the two periods with large signal

components have the strongest El Ni~no events (1982/83

and 1997/98). To explore the relationship between SST

forcing and the potential predictability, lead–lag temporal

correlation betweenPNA index andSSTA is calculated for

each grid at monthly time scale over the region 308N–308S,
1508E–908W using the periods of high signal component,

that is, 1980–85 and 1996–2001, as shown in Fig. 14.

Figures 14a,c,e,g show the pattern correlation be-

tween the PNA index and predicted SST (ensemble

mean prediction of SST) for ENSEMBLES. It can be

observed that significant correlation mainly appears in

the tropical central eastern Pacific (ENSO region). The

correlation patterns resemble a typical ENSO pattern,

implying that the ENSO is a major source of PNA po-

tential predictability. This result also favors the notion

that the role of tropical SST forcing is to amplify at-

mospheric variability, such as the PNA, by impacting its

signal (ensemble mean) (e.g., when forcing is high, the

PNA signal is strong and the prediction skill is high, and

FIG. 9. The PDF of prediction for different randomly chosen lead times for the weekly time scale in the ECMWF and HFP2 models: the

observed PDF for weekly time scale is also shown as reference at the top.
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vice versa). In particular, maximum correlation is found

when SST leads by two and three months (Figs. 14e,g)

(e.g., 0.6–0.8 in ENSO region, significant at the 95%

confidence level). A high correlation is also found when

the PNA observed index is lagged-correlated with ob-

served SSTA by 2–3 months (not shown). The lagged

correlation of 2–3 months of ENSO and PNA has also

been reported by Munoz et al. (2010). A similar corre-

lation pattern is also obtained for MME_H where the

persistence prediction of SSTA was correlated with

PNA index as shown in Figs. 14b,d,f,h.

8. Predictable component analysis

In preceding sections, we discussed the PNA pre-

dictability at various time scales and its possible sources

related to ENSO forcing. In these analyses the PNA

index, defined by the time series of the leading PCA

mode, has been used. This simplifies the analysis and

easily captures the main feature of PNA predictability.

However, such a one-dimensional index may not well

characterize some features of the multiple space of at-

mospheric circulation, especially the atmospheric re-

sponse to SST forcing. Thus, in this section, we will

explore the predictability of atmospheric variability

over the Northern Hemisphere, especially the position

and role of the PNA predictability in the total pre-

dictability of atmospheric variability.

To achieve the above goal, we performed the pre-

dictable component analysis (PrCA) using monthly

anomaly data of 500-mb geopotential height ofMME_E

and MME_H over the Northern Hemisphere for each

lead time of prediction. As discussed in section 3b(2), we

obtained multiple PrCA modes for each lead time of

prediction-like multiple modes in PCA. In this study, we

only consider the modes that can characterize the PNA.

Shown in Figs. 15 and 16 are the PNA-like modes of

PrCA using MME_E and MME_H at different lead

months, chosen from the first four modes, as higher

modes have very small and negligible contribution to-

ward total predictability. As can be seen in these figures,

the PNA-like pattern usually appears as the secondmode

in the PrCA except as the first mode in the prediction of

lead time of 1month forMME_E.3 This indicates that the

PNA is one of themost predictable structures among low-

frequency atmospheric variability. It should be noted that

FIG. 10. ACMI as function of lead time over different time scales forMME_E andMME_H is

presented: vertical error bars are the sample standard deviation calculated using bootstrap

experiment (see context).

3A further examination found that most first modes of the PrCA

characterize a NAO-like pattern, which we will not discuss here.
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the first pattern in PrCA, unlike PCA analysis, does not

necessarily explain the most variability, as shown within

parentheses above each panel of Figs. 15 and 16. This is

justified because the PrCA seeks optimalmodes based on

predictability rather than on explained variance (vari-

ability).

To gain further insight into the source of PNA pre-

dictability, we projected the time series of PrCA pat-

terns in Figs. 15 and 16 onto the observed SSTA of the

tropical Pacific region. Shown in Fig. 17 are the pro-

jected patterns, which resemble the warm phase of

ENSO. Figure 17 builds a direct bridge between the

predictable components of PNA with ENSO, namely

that the most predictable component of PNA is mainly

due to the tropical SST forcing.

9. Discussion and conclusions

In this study, the PNA predictability has been ex-

plored using actual and potential predictability mea-

sures for individual and a multiple-model ensemble of

three ensemble prediction datasets, HFP2, DEMETER,

FIG. 11. Monthly correlation skill of SST using (left) persistence and (right) MME_E at different lead months.
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and ENSEMBLES stream 2. The first one is an ensem-

ble of uncoupled models, whereas the latter two are the

products of fully coupled models. The primary purpose

of this study is to examine the efficacy of time averaging

with regard to extracting a predictable signal from day-

to-day weather fluctuations. The emphasis was put on

actual skill and potential predictability over different

time scales from days to seasons and the intercomparison

of different scales and different models. The actual skill

measures include correlation and RMSE, and the po-

tential skill measures include signal to noise ratio and

information-based metrics.

The comparison of MME skill with individual models

in terms of actual skill is first evaluated. It was found that

the MME prediction skill was better than most of the

individual models. As a result, theMME is used to study

PNA predictability. A comprehensive analysis reveals

that, on the daily time scale, the PNApredictability limit

is around 20 days. A modest improvement can be ob-

served on the weekly time scale. The effect of time av-

eraging was more pronounced at the biweekly time

scale, and persevered in the monthly time scale to

3 months. Overall, predictability is seen to benefit with

time averaging. The phase decorrelation rate decreased

with time averaging, which resulted in an increase in

predictability, but a reduction in climatological vari-

ability with the time average, on the other hand, re-

stricted further improvements of time averaging to

predictability. Thus, the predictability of filtered fields is

a trade-off between these two factors.

For the first time, the PNA potential predictability is

evaluated at multiple time scales. The relative entropy

(REA) and MI-based anomaly correlation (ACMI)

served the purpose of measuring potential skill at mul-

tiple time scales using MME_H and MME_E. These

measures were found to be consistent with the notion

FIG. 12. Averaged relative entropy as a function of initial time is shown at different time scales

for MME_E.
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that model prediction skill and predictability generally

decreased with lead time (monotonicity). A practical

comparison between the mutual-information-based

ACMI with SNR-based ACp with averaging time affirm

their theoretical relationship [cf. (5)] that former can

measure more potential predictability than the latter.

One advantage of using ACMI is that it can measure the

statistical dependence, linear or nonlinear, between

ensemble mean and an ensemble member (hypothetical

observation), whereas ACp measures only linear de-

pendence. When the prediction and climatological dis-

tribution are Gaussian and ensemble spread is invariant

with forecast, the two measures are equivalent.

The REA is an effective measure in distinguishing the

individual forecasts from each other where some fore-

casts aremore predictable than others (it is not explicitly

confirmed in this study but using REA as measure po-

tential predictability the large REA corresponds to more

prediction skill than lowREA). It has been observed that

RE can detect the signals related to SST forcing in terms

of its inherent association with signal component, whereas

other information-basedmetrics are lacking this property.

This property of REA makes it more preferable to be

used, as compared to other potential predictability mea-

sures. In this study, this association has been reconfirmed

for the PNA region, irrespective of time scale of interest,

by observing temporal variabilities in REA and signal

component. The high amplitude of the signal component

in some particular initial conditions, especially at monthly

to seasonal time scale, was related to SST anomalies in the

tropical Pacific (ENSO) region.

Comparison of predictability between coupled and

uncoupled models reveals that the potential pre-

dictability of the PNA index measured using coupled

models is larger than for uncoupled models, at multiple

scales, in contrast with the actual skills, which show no

significant difference between coupled and uncoupled

models. To shed light on a possible reason, the SSTA

prediction skill is evaluated for coupled and uncoupled

models on monthly time scale at different lead times. A

FIG. 13. Variations in averaged (left) signal and (right) dispersion components as a function of

initial time for MME_E over different time scales.
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FIG. 14. Spatial pattern correlation between (left) predicted ENSEMBLES SST and PNA forMME_E at different

time lags (based on selected initial conditions in which signal component was high), SST leading and PNA lagging

behind; (right) as for predicted, but using observed SST and PNA of MME_H.
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persistent SSTA is used for uncoupled models, whereas

a predicted SSTA from coupled models is analyzed. It

was found that the SST prediction skill in coupled

models is much better, even at a lead time of four

months, especially in the tropical and PNA regions.

Thus, atmospheric bias is the most probable reason

responsible for weakening, or offsetting, the advantage

of a coupled model in predicting PNA.

The source of PNA potential predictability from the

monthly to seasonal time scale has also been investigated

in this study. It is well known that variations in the North

Pacific region are teleconnected with variations in the

FIG. 15. PrCA patterns at different lead months forMME_E andMME_H that capture the PNA-related variability. For each pattern, the

variance explained based on total predictability is shown (within parentheses) at the top.
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tropical SST forcing (Horel and Wallace 1981; Hoskins

and Karoly 1981; Simmons 1982; Sardeshmukh and

Hoskins 1988; Straus and Shukla 1997, 2002). Thus,

emphasis was placed on the role of ENSO in PNA

predictability, which was explored using lead–lag cor-

relation between the PNA index and the SST signal. It

was found that the tropical SST forcing impacts the PNA

potential predictability mainly by changing the amplitude

of the ensemble mean. The SSTA–PNA correlation pat-

terns in the models resemble the typical ENSO pattern,

suggesting that the ENSO is the main source of PNA

seasonal predictability. Their maximum correlation oc-

curred at a lag of 2–3months, which is consistent with some

past studies.

FIG. 16. As in Fig. 15, but using MME_H.
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FIG. 17. As in Fig. 14, but for the projection of the PrCA patterns on observed SST.
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PrCA analysis explores the PNA predictability and its

source in the data space with temporal and spatial var-

iation. It was found that the PNA is one of two most

predictable patterns among low-frequency atmospheric

variability. Its main source of predictability is attributed

to the tropical SSTA forcing, that is, ENSO.
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APPENDIX

Relationship between ACMI and ACp

If the prediction and climatological PDFs areGaussian,

the mutual information (MI) can be written as (e.g., Yang

et al. 2012; Tang et al. 2013, manuscript submitted to

J. Climate)

MI5
1

2
(lns2

q2 hlns2
pi)$

1

2
(lns2

q 2 lnhs2
pi)
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pi
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52
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2
ln(12 STR) (A1)

in which

STR5s2
p/s

2
q , (A2)

where s2
q and s2

p have the same meaning as in (4). The

inequality in (A1) is due to the fact that arithmetic mean

is larger than or equal to the geometric mean. A detailed

derivation can be found in Yang et al. (2012). The STR

can be interpreted as the perfect correlation skill ACp

that is defined by the correlation between ensemble

mean and a random ensemble member (e.g., Tang et al.

2013, manuscript submitted to J. Climate):

ACp 5 sqrt(STR). (A3)

Using (A3), (A1) can be rewritten as

MI$2
1

2
ln(12AC2

p) . (A4)

Namely,

ACp # sqrt(12 e22MI) . (A5)

The MI-based correlation ACMI is defined by (e.g.,

Delsole 2004; Yang et al. 2012)

ACMI[
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
12 e22MI

p
. (A6)

Thus, we can have the relationship between ACMI and

ACp as expressed by (5).
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