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Abstract

The dynamics of North Pacific decadal variability (NPDV) are explored in 10 coupled
climate models used in the Intergovernmental Panel on Climate Change Fourth Assessment
Report (IPCC) for both the 20th century climate and under a greenhouse warming scenario.
We examine the two dominant oceanic modes of NPDV, the Pacific Decadal Oscillation (PDO)
and the North Pacific Gyre Oscillation (NPGO), along with their respective atmospheric
forcing patterns associated with variability of the Aleutian Low (AL) and the North Pacific
Oscillation (NPO).

We find that the decadal modes of ocean/atmosphere variability (e.g. PDO/AL, NPGO/
NPO) are spatially consistent with modern observations in most models and show no change
during climate change. The frequency content of the PDO and NPGO also show no significant
change in future climate, however most climate models do not adequately reproduce the
observed temporal variability in the 20th century, with some failing to capture the low
frequency nature of the PDO and the broad frequency band of the NPGO. In the 20th
century, we also find that while the dynamics of the model’s PDO are consistent with forcing
by the AL variability, the NPGO of the models is not always driven by atmospheric
variability associated with NPO as suggested from modern observations. Further analysis
also reveals that the NPDV of the IPCC models is mostly independent of the tropics and does
not exhibit the observed relationships between the North Pacific modes (e.g. PDO/AL, NPGO/
NPO) and the El Nifio-Southern Oscillation (ENSO). In contrast with modern observations,
the PDO of most models appears as a mode independent of ENSO during the 20th century
and the Seasonal Footprinting Mechanism (SFM), whereby the midlatitude NPGO/NPO
winter expression leads the tropical ENSO peak in fall, is not captured in the IPCC models,
except for the GFDL 2.1 and MIROC-HIRES. These inconsistencies between observed and
modeled climate variability of the IPCC models need careful consideration in the context of

ensemble approaches to decadal predictions of the North Pacific.



1.Introduction

North Pacific decadal variability (NPDV) is a key component for predictability
studies of both regional-scale and global climate change. Early studies like that by
Namias (1969) identified “climatic regimes” linked to changes in North Pacific sea
surface temperature (SST) induced by shifts in atmospheric sea level pressure (SLP)
patterns in both the winter and summer. Subsequent studies by Namias (1972) and
Davis (1976) explored the predictability aspect of these large-scale patterns of
variability in the North Pacific in both the atmosphere and also the ocean, the latter
of which retains more memory and can thus induce multidecadal wvariability.
Remaining dormant through the 1980s, the emergence of the El Nifio-Southern
Oscillation (ENSO) phenomenon in the climate literature in the 1990s reinvigorated
interest in NPDV and its predictability (e.g., Trenberth 1990; Graham 1994;
Trenberth and Hurrell 1994; Zhang et al. 1997). Studies linked changes in the
North Pacific to wintertime weather pattern changes across North America (e.g.,
Latif and Barnett 1996) and also to changes in marine ecosystems (e.g., Mantua et
al. 1997; Yasuda et al. 1999; McGowan et al. 2003). Links between the North Pacific
and the tropical Pacific (e.g., Vimont et al. 2001; Alexander et al. 2002; Anderson
2003; Deser et al. 2004; Yu et al. 2007) and on more global scales (e.g., Garreaud and
Battisti 1999) emphasized the importance of understanding NPDV in light of
growing concern of global climate change.

Two patterns of climate variability in the North Pacific generally characterize
NPDV. The leading empirical orthogonal function (EOF) of North Pacific SST
anomalies (SSTa), the Pacific Decadal Oscillation (PDO; Mantua et al. 1997), stands
out as the most studied pattern of climate variability in North Pacific climate

variability literature. This positive phase of the PDO is characterized by negative



SSTa in the central North Pacific encircled by warm SSTa along the North American
coastline. The pattern has been linked to atmospheric variability in the Aleutian
Low (AL) and associated with downstream changes in North American wintertime
weather (e.g., Latif and Barnett 1996), However, the PDO fails to explain the
decadal variations in several key coastal and biological variables like salinity and
nutrients in portions of the California Current system (Di Lorenzo et al. 2008) and
Gulf of Alaska (Di Lorenzo et al., 2009a).

This apparent deficiency is filled with the recently identified North Pacific
Gyre Oscillation (NPGO), defined as the second leading mode of northeast Pacific
sea surface height (SSH) anomalies (Di Lorenzo et al. 2008). The NPGO physically
represents changes in the strength of the subtropical and subpolar gyres in the
North Pacific and modulates the strength of the North Pacific Current. The NPGO
has also been linked to the so-called Victoria Mode (Bond et al. 2003), the second
leading pattern of variability in North Pacific SSTa as well as being connected to
Pacific wide SST (Di Lorenzo et al. 2008). More recently, Ceballos et al. (2009) also
linked the NPGO to changes in strength of the Kuroshio-Oyashio Extension (KOE)
current, therefore showing that NPGO variability extends from the eastern to the
western boundaries of the North Pacific. Furthermore, the similarity between the
pattern of the regression of the NPGO index onto global SSTa and that of the ENSO
precursor pattern (i.e., the “seasonal footprinting mechanism”; Vimont et al. 2001,
2003; Di Lorenzo et al. 2009b) propels the NPGO onto a stage of global weather and
climate change patterns (compare Fig. 4b (with opposite sign) of Di Lorenzo et al.
(2008) with Fig. 4a of Vimont et al. (2003)).

Predictability of the PDO and NPGO, and projected changes in these patterns

under greenhouse warming are unresolved questions in climate dynamics. The



potential predictability of the PDO has been studied extensively but remains elusive
mainly because of the debate over which the PDO is indeed an independent mode of
variability in the Pacific or the superposition of several other modes (Schneider and
Cornuelle 2005). The NPGO is quite new, and studies into its dynamics and
predictability are still in the early stages. The atmospheric forcing patterns for
these patterns, nonetheless, are known: wvariability in the AL explains much of the
PDO variability, while changes in the North Pacific Oscillation (NPO; e.g., Walker
and Bliss 1932; Rogers 1981; Linkin and Nigam 2008) force the NPGO (Chhak et al.
2009). Given this information, investigating how these patterns are projected to
change can be done through analyzing output from coupled global general
circulation models (GCMs).

Several studies have examined decadal variability in the Pacific Ocean in
coupled GCMs and diagnosed future changes in Pacific climate. Many of these
studies, however, have focused on changes in amplitude and frequency of ENSO and
some effects on teleconnection patterns (e.g., Meehl et al. 2006; Merryfield 2006; Yeh
and Kirtman 2007). Overland and Wang (2007), by contrast, examined changes in
the PDO under future warming scenarios in 10 coupled GCMs used in the
International Panel on Climate Change (IPCC) Fourth Assessment Report (AR4).
The statistically-focused study found the ensemble mean projected uniform warming
of the entire North Pacific basin with no change in the mean spatial pattern of the
PDO. However, not much is offered in terms of changes in frequency of the PDO,
other changes in NPDV associated with the NPGO, or an evaluation of dynamics of
the models to assess these changes in the context of global climate.

Our study attempts to address these missing aspects as a way of presenting a

more complete evaluation of the ability of the models to capture patterns of



variability in the North Pacific. Furthermore, the study bridges examination of
regional climate variability in the North Pacific with a more complete picture of
global climate change throughout the Pacific basin. This broadening of the analysis
incorporates the body of literature about the importance of tropical Pacific climate
variability in understanding and even predicting North Pacific climate variability
(e.g., Deser et al. 2004; Alexander et al. 2008; Di Lorenzo et al. 2008, 2009). To do
so, this study uses both statistical techniques as well as highlighting simple
atmosphere/ocean dynamical links to offer a more complete picture of NPDV in the
models.

This study offers no definitive conclusions on the future state of the North
Pacific. Indeed, the models offer mixed results when it comes to projecting future
North Pacific climate change. Instead, this study aims to demonstrate that the use
of multiple screening tests must be employed to better assess which models can be
trusted. Naturally, the subsequent goal then is to examine those models and employ
what they get right into other coupled models used for future climate projection.

We use three distinct screening tests to illustrate the various concerns that
must be addressed in studying North Pacific climate change. After presenting the
datasets and techniques used (Section 2), section 3 presents the results of a pure
statistical analysis of the patterns of North Pacific climate variability in the models
in both space and frequency-space. This method is similar to that employed in other
studies and will, in ways, parallel Overland and Wang (2007) but for including
assessment of the NPGO. Section 4 then explores the use of a forced dynamics test
through the use of s simple autoregressive model of order-1 (AR-1 model). This
screening test will check which models correctly integrate the atmospheric forcing

patterns associated with each pattern. Then, the statistics of the tropical Pacific



and North Pacific variables are assessed simultaneously in section 5 to determine if
observed links between tropical Pacific and North Pacific climate variability are
captured by the models. This last screening test takes advantage of the several
studies already cited concerning the importance of tropical Pacific oceanic and
atmospheric circulation in generating variability in the North Pacific. A synthesis of

the results along with avenues for future work follow.

2. Data and Methods
a. Model output

The model output used in this study originates from 10 of the 24 coupled
climate models used in the IPCC AR4. Table 1 displays the names of the models
chosen for this study. These models are the same as those examined by Overland
and Wang (2007) and hence have been screened for their representation of the PDO.
The model output is available for download and procession via FTP or OPeNDAP
from the Program for Climate Model Diagnosis and Intercomparison (PCMDI) at the
Lawrence Livermore National Laboratory!. In this study, we use the 20C3M
scenario (i.e., greenhouse gas concentrations increase as observed throughout the

20th century) for the 20th century climate simulation and the SRESA1B scenario
(i.e., atmospheric carbon dioxide (CO2) levels increase to 720 parts per million (ppm)
by 2100 and are stabilized at that level thereafter) to represent the future climate
(IPCC 2007). For both scenarios and all models, the output from Run 1 is used.

SLP and SST are the two main variables used to characterize the patterns of

North Pacific climate variability in this study. While the major patterns of North

! More information on the program is available at http://www-pcmdillnl.gov/.
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Pacific variability are defined based on oceanic-only variables (SST for the PDO and
SSH for the NPGO), inclusion of SLP enables us to test the links between the two
variables in the models as seen in nature. The SLP and SST output are monthly-
mean, with anomalies (hereafter denoted as SLPa for SLP anomalies and SSTa for
SST anomalies) calculated by removing the seasonal cycle from the raw data. The
anomalies are also detrended to eliminate spurious relations because of trends and
smoothed with a three-month temporal filter.

The spatial resolution of the models varies between models and also within
the same model for atmospheric and oceanic variables. A 3° x 3° latitude/longitude
grid is designed for each model individually for each variable. This coarser grid
accommodates otherwise computationally expensive numerical calculations on the
finer resolution without sacrificing the large scale features of the dominant climate
patterns. For analyses in the North Pacific, the spatial domain is defined as 20°N -
70°N in latitude and from 80°E to 65°W in longitude. For analyses involving the
tropical Pacific, the spatial domain is extended latitudinally south to 40°S.

Temporally, output from model years 1900-1999 represents 20th century
climate, while the future climate statistics are assessed using output from the model
years 2001-2100%2. With 100 years of monthly-mean output for each time period, the

sample size is large enough for significance testing on our statistical computations.

b. Observations
In conjunction with the IPCC model output, observational SLP and SST data

are used to validate the screening methods used and for comparison with the model

2 The time span for the models in each scenario are different. Some models include the year 2000 in the 20C3M
scenario, while others include the year 2000 in the SRESA1B scenario. For that reason, we have excluded the year
2000 from the analysis.



output. SLP data are taken from the National Centers for Environmental
Prediction / National Center for Atmospheric Research (NCEP/NCAR) Reanalysis
Project (Kistler et al. 2001), while SST is taken from the National Oceanic and
Atmospheric Administration (NOAA) Extended Reconstruction SST dataset (NOAA
ER SSTs) (Smith and Reynolds 2003). Both datasets contain monthly-mean values
from 1950 - 2006 and are natively gridded onto a 2.5° x 2.5° latitude/longitude grid
globally. The spatial resolution is degraded to a 3° x 3° grid to coincide with the
same grid spacing (though not the same grid) used for the IPCC model output
analyses. Anomalies are computed the same way as with the model output, with the

same temporal filter and detrending applied.

c. Statistical techniques

The primary statistical technique used to isolate patterns of climate
variability in the Pacific is combined EOF (hereafter cEOF) analysis on the SLPa
and SSTa fields. Traditional EOF analysis aims to break a large dataset with many
state vectors, represented by a data matrix A, into a smaller set of state vectors that
explains a large fraction of the variability in the original dataset. With cEOF
analysis, two or more variables are placed into A, which is subsequently decomposed
using singular value decomposition (SVD; e.g., Bretherton et al. 1992). Hence, the
resulting matrices depict shared patterns of variability among the several variables.
In many ways, cEOF analysis is identical to maximum covariance analysis (MCA),
except in MCA the covariance matrix between the two variables is decomposed,
while here the input matrix contains the anomalies themselves The advantage thus

for cEOF analysis over MCA exists for large datasets, where computing and then



decomposing the covariance matrix increases computation time. Interpretation of
the emerging patterns of variability between the two methods is the same.

Both SLPa and SSTa over the North Pacific are used to construct data matrix
A. Because the two fields have different variances and different magnitudes, each
field is normalized separately before applying SVD. The SLPa field is first
normalized by the standard deviation at each latitude to account for the greater
variance in SLP in the extratropics versus the subtropics and tropics. Then, both
fields are standardized by the mean standard deviation in the respective field before
SVD analysis is performed. Only the first two patterns of climate covariability are
retained and explored in this paper, as these two modes exhibit physical meaning as
well as pass the significance test of North et al. (1982).

While cEOF analysis assists in isolating the spatial structure of patterns of
covariability between SSTa and SLPa in the Pacific Ocean basin, frequency of these
patterns is another important characteristic, particularly for assessing changes in
future warming scenarios. To explore the temporal variability of the patterns of
covariability, spectral analysis is used to break down the patterns into frequency
space. All power spectra are normalized so that the area under the individual
spectrum is unity. This normalization allows for direct comparison of the frequency
content among models and the observations and also between the 20C3M and
SRESA1B results. Significant differences (p < 0.05) in power spectra between the
20C3M and SRESA1B scenarios in the models are calculated using the F-test for
differences in variances.

Significance testing for correlations in time and space is done through a
Monte Carlo-like approach. Two-thousand red-noise time series with the same lag-1

correlation coefficient of each series are simulated, and the probability density

10



function (PDF) of the cross-correlation between those simulated series is computed.
The 95% and 99% significance levels are found by computing the area under the
PDF and comparing those values to the cross-correlation between our two time

series to accept or reject the null hypothesis.

3. Statistical evaluation of the PDO and NPGO in the models

The first step in our study is to conduct a similar statistical analysis to
Overland and Wang (2007) but to extend it to include evaluation of the NPGO.
Figure 1 shows the spatial representation of the first two patterns of variability in
North Pacific SSTa for both the observations (Fig. 1la and b) and the ensemble
average (i.e., the average of the patterns seen in each individual model). In the
observations, the canonical PDO pattern emerges in the leading pattern (Fig. la),
with cold central North Pacific SSTa encircled by warm anomalies to the east. The
second leading pattern (Fig. 1b) displays a northeast-southwest oriented tripole,
previously referred to as the Victoria Mode (Bond et al. 2003). As will be shown in
this next section, the SSTa pattern seen in Fig. 1b is also the pattern that emerges
when the NPGO index is regressed onto Pacific SSTa (Di Lorenzo et al. 2008) and is
the oceanic expression of the NPO (Chhak et al. 2009; Di Lorenzo et al. 2009). For
the purposes of this paper, we will refer to this second leading pattern of variability
as the NPGO. The ensemble mean pattern for the two leading patterns of SSTa
(Figs. 1c and 1d) are highly similar to their observational counterparts. Fopr the
leading mode, the spatial correlation between the ensemble mean and the
observational pattern is 0.88; for the second leading pattern, the correlation is 0.66.

Both correlations are significant at the 99% significance level. One major difference

11



exists for the second leading pattern, where the magnitude of the SSTa anomalies is
more than halved in the positive SSTa portion of the ensemble-mean pattern versus
the observations (compare Figs. 1b and 1d).

To evaluate whether the models capture the low frequency variability of these
two leading patterns, Figure 3 shows the results of power spectrum analysis for the
PDO (Fig. 3a) and NPGO (Fig. 3b) indices for the 20C3M scenario of the models,
their ensemble-mean, and the observations. These indices are defined as the first
and second PC time series of the EOF patterns portrayed in Fig. 1. Fig. 3a
replicates the findings of Overland and Wang (2007) - all models exhibit power in
the decadal (10- to 20-year) band, although to varying degrees. The Canadian
models and GFDL 2.0 have the strongest power in the decadal periods, while the
GFDL 2.1 model is weaker in magnitude in those bands. By contrast, the MIROC-
HIRES actually has a peak in its power spectrum in the 3-5 year band.

For the NPGO index (Fig. 3b), the results are less coherent. The observed
spectrum of the NPGO index shows highest power at the low frequencies (periods
greater than 15 years) with a secondary maximum in the interannual band (3-5
years), consistent with the original findings by Di Lorenzo et al. (2008). The models,
however, generally only capture one of these two maxima in their spectra. For
example, the MIROC-HIRES and CGCM3.1 T47 show maximum power at low
frequencies but no substantial peak in the 3-5 year band. The GFDL 2.1, by
contrast, simulates well the interannual frequency of the NPGO index but not the
decadal variability. The MIUB-ECHO-G model performs the worst - it exhibits
hardly any substantial power at any frequency for the NPGO index.

Figs. 3¢ and 3d illustrate the differences between the 20C3M and SRESA1B

power spectra of the indices from the models and their ensemble-mean. The
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differences in the normalized spectra are such that positive (negative) differences
indicate higher (lower) power at those frequencies is seen in the SRESA1B scenario
versus the 20C3M scenario. Only those differences that exceed the 95% significance
level are shown. For the PDO index (Fig. 3c), there are mixed signals. For example,
the GFDL 2.1 projects a strong shift towards lower frequencies, while the GFDL 2.0
and CGCM3.1 T63 predict shifts toward higher frequencies. The ensemble-mean
index has almost no significant changes except for weakening at the highest
frequencies. The changes in the frequency of the NPGO index (Fig. 3d) have
somewhat more coherency - most models predict a reddening of the power spectrum
and a weakening of the higher frequency component of the NPGO index. The only
model that contradicts this consensus is the HADCM3, which offers the opposite
conclusion - the future projections shift the power spectrum away from low
frequencies to high frequencies.

Overall, the results of the statistical evaluation illustrate that while these
models generally reproduce the variability associated with the PDO well spatially
and temporally, they fail to capture the characteristics of the NPGO in frequency
space despite significant spatial correlation. Hence, two different statistical
screening methods for the same patterns of climate variability yield slightly
different conclusions as to the ability of the model to simulate them. The mixed
results dictate that further evaluation of the models must be conducted to

understand more fully how these models capture NPDV,

4. Evaluating the PDO and NPGO using forced dynamics
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The results in the last section indicate that a statistical evaluation alone of
the models is but one way for evaluation of NPDV in coupled climate models.
Furthermore, this method yields mixed results among different models, indicating
that more stringent tests are required for NPDV evaluation. This section explores a
more dynamical evaluation of the models through examining how the models
integrate the atmospheric forcing patterns associated with the PDO and the NPGO.
Establishment of these forcing patterns are first shown with a ¢cEOF analysis of
North Pacific SLPa/SSTa and are then evaluated using a simple AR-1 model as done

in Chhak et al. (2009).

a. Evaluating coupled patterns of variability in the North Pacific ocean and
atmosphere

Figure 3 displays the two leading patterns of covariability between North
Pacific SLPa and SSTa in observations. Together, the first two patterns explain 27%
of the covariability in SLPa and SSTa in the North Pacific. The first pattern is
dominated by a broad area of negative SLPa in the central and eastern portion of
the North Pacific basin (Fig. 3a). This loading center coincides with the
approximate climatological center of the AL. The corresponding SSTa pattern (Fig.
3b) resembles the canonical positive phase of the PDO pattern as seen in Fig. 1la.
Because of the distinguishing features in this pattern, this pattern is named the AL/
PDO pattern in this study.

The second leading pattern of covariability of North Pacific SLPa/SSTa (Fig.
3c and 3d) displays aspects of the NPO and the NPGO. The SLPa pattern shows a
distinct dipole in SLPa, with centers of opposing sign over the Aleutian Islands and

just north of Hawaii. This dipole fundamentally represents the NPO (Walker and

14



Bliss 1932; Rogers 1981; Linkin and Nigam 2008). The SSTa pattern (Fig. 3d) shows
cold anomalies stretching from the southwestern North Pacific towards the
northeast, surrounded by warm anomalies stretching from the Kamchatka
Peninsula southeastward toward North America and around to Hawaii. The pattern
is highly similar to the second EOF pattern shown in Fig. 1b. Hence, this second
covariability pattern in SLPa/SSTa will be referred to as the NPO/NPGO pattern?.

When performing the same cEOF analysis on model output fields, we find
generally good agreement with the observations. Figure 4 shows the ensemble-mean
of the first two patterns of covariability from the 10 IPCC models. For the AL/PDO
pattern (Figs. 4a and b), the ensemble-mean pattern resembles that of the
observations (Figs 3a and 3b) with two subtle differences: (1) the representation of
the AL is oriented more zonally than that in Fig. 3a; and (2) the magnitude of the
SSTa in Fig. 4b is less than that from the observations. For the NPO/NPGO pattern
(Figs. 4c and 4d), the northern node for the NPO is stronger and shifted poleward in
the ensemble-mean versus the observations (cf. Figs. 3c and 4c). Larger differences
in the SSTa field exist for this NPO/NPGO pattern, where the ensemble-mean SSTa
pattern shows a less distinct tripole than the observations, as well as a lack in the
positive SSTa signature from the North Pacific into the subtropics (cf. Figs. 3d and
3d).

Looking at each model individually (Table 2), for cEOF-1, all of the IPCC
models have highly significant (p < 0.01) spatial correlations with the observations
in both the SLPa and SSTa fields. For cEOF-2, the spatial correlations remain high

for the SLPa field, but for the SSTa field, several models (e.g., CGCM3.1 T47 and

3 References in this paper to the NPGO will be done in context of the SSTa field. Consequently, the NPGO index
mentioned in this paper refers to the temporal evolution of the second leading pattern of North Pacific SSTa.
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MIROC-HIRES) explain less variance compared to the SSTa patterns in cEOF-1,
albeit the correlations are still highly significant.

Little if any difference in the structure of the patterns of covariability is
observed when the analysis is done with the same variables from the SRESA1B
scenario (not shown). Spatial correlations remain high and significant for all
patterns. Hence, these 10 models do not forecast substantial changes in the spatial

structure of either the covariability patterns.

b. Reconstructing the PDO and NPGO index using an AR-1 model

Following Chhak et al. (2009), a simple AR-1 model is employed to quantify
the ability of reconstructing the oceanic patterns of climate variability via their
corresponding atmospheric forcing patterns. The study successfully illustrate that a
significant fraction of the variance in the PDO index can be explained using
variability in the AL as the atmospheric forcing in an AR-1 model, while the NPGO
index could be reproduced through an AR-1 model using the NPO index as the
driver. This simple AR-1 model for reconstructing the PDO and NPGO indices can
be written as

dPDOreC _ PD Orec (t )

= + AL(t)+ (¢
dt Trpo ( ) ( )
(1)
dNPGO,, _ NPGO,, (1) + NPO(1)+ (1)
dt Tnrco
(2)

where 7,,, =5 months (Schneider and Cornuelle 2005) and 7,,,, =10 months (Chhak

et al. 2009) are the e-folding time scales for the PDO and NPGO indices,
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respectively, AL(t) and NPO(t) are the monthly-mean time series describing
variability in the AL and NPO indices, respectively, e(t) represents white noise, and
subscript “rec” indicates that the indices are the reconstructed versions of the
original indices. AL(t) and NPO(t) are calculated by projecting the detrended and
temporally filtered monthly-mean SLPa output onto the SLPa patterns obtained
from the cEOF analysis for that model, followed by standardizing the indices. A
simple forward time step scheme is used in the discretization for this model.

Figures 5 and 6 show the reconstructed PDO (Fig. 5) and NPGO (Fig. 6)
indices using (1) and (2) for observations and the model output from the 20C3M
scenario. The black curves in Fig. 5 (Fig. 6) represent the standardized first
(second) PC time series of North Pacific SSTa, while the gray lines show the
reconstructed PDO (NPGO) index from the AR-1 model. For the observations, the
AR-1 model successfully captures a significant fraction of the variance in the two
indices (~46% for the PDO index and ~35% for the NPGO index; Figs. 5a and 6a),
validating our approach in this screening method. When we look at the results from
the models, all but one model (the MIUB-ECHO-G) significantly reconstruct the
PDO index using the AR-1 model (Fig. 5b), with correlations between the
reconstructed and actual PDO indices ranging from r = 0.29 for the MIUB-ECHO-G
model to r = 0.90 for the MRI-CGCM2.3.2.

For the NPGO index (Fig. 6b), less reproducibility exists. Three models fail to
significantly reconstruct the NPGO index when using the AR-1 model: the MIROC-
HIRES, the MIUB-ECHO-G, and the CCSM3.0. For these models, the two time
series appear to coincide well up to about 1940, after which the time series diverge,
particularly during high-amplitude events. Furthermore, for the MIUB-ECHO-G

and CCSM3.0 models, the actual NPGO index from the model (black lines) shows

17



high-frequency events, while the reconstructed indices for those models (gray lines)
exhibit low frequency variability, adding to the low correlations between the two.
The GFDL 2.1 model performs the best in reconstructing its NPGO index, capturing
nearly 50% of the variance (r = 0.69), and together with its high correlation for the
PDO reconstruction (r = 0.80) makes it the model that performs overall the best in

this screening exercise.

c¢. Comparing the reconstructed PDO and NPGO indices in frequency space

Besides the correlation between the reconstructed and actual PDO and NPGO
indices in the models, capturing the frequency of these modes in the reconstructed
indices is also an important dynamical consideration. Figure 7 is the same as
Figure 3 except for the PDOyec (Fig. 7a) and NPGOyec (Fig. 7b) and their frequency
differences in the future scenario vs. the 20th century (Figs. 7c and 7d). For the
observations (Figs. 7a and 7b, top rows), the frequencies of the two patterns remain
intact - low frequencies dominate for the PDOyec time series, while the NPGOye. time
series retains the broad range of frequencies from interannual variability to multi-
decadal frequency, with the low frequency power increasing in magnitude for the
NPGOye. time series. The retainment of the frequency bands for both patterns offers
credence to this screening test.

For the models, the consistency between Figs. 2a-b and Figs. 7a-b is lacking.
In general the power spectra of the PDOy.. (Fig. 7a) time series exhibit broader
bands in frequency space than the actual PDO (Fig. 2a). This broadening also
weakens the signal at the lower frequencies for models that had a strong signal

there earlier (e.g., the GFDL 2.0 and both CGCM models). Interestingly, the GFDL
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2.1 model, which had little if any signal of the PDO in Fig. 2a now shows a peak in
power in the interannual time band for the PDOyec time series (Fig. 7a).

For the NPGOye time series (Fig. 7b), the models also generally enhance
power at the lower frequencies but still adequately capture the broad range of
frequencies characteristic of the NPGO. One notable exception is the GFDL 2.1,
which has power focused on the interannual time scale for the NPGOye time series.
Differences between the 20C3M and SRESA1B scenarios remain mixed for both time
series, as was observed with the original indices (Figs. 7c and 7d). Hence, no new

insight into predicted changes in these patterns is realized under this analysis.

5. The relationship between NPDV and ENSO in the models

Thus far results have shown that applying more stringent tests on evaluation
of NPDV in coupled climate models narrows the field of models that perform well
and those that do not. One additional evaluation test an be employed - evaluation of
how the models handle the link between tropical Pacific decadal variability and
NPDV. This link is important because a significant fraction of variability in NPDV
can be explained from tropical Pacific oceanic and atmospheric variability (e.g.,
Deser et al. 2004; Alexander et al. 2008; Di Lorenzo et al. 2008).

Statistical evidence for the links between the tropical Pacific and the North
Pacific is shown via the leading two patterns of cEOF analysis of observed Pacific
SLPa/SSTa from 40°S to 70°N (Figure 8). The leading pattern of covariability shows
the canonical ENSO horseshoe pattern in the tropical Pacific and the PDO signature
in the North Pacific (Fig. 8b). The atmospheric patterns associated with these

patterns (the AL in the North Pacific and the Walker circulation in the tropics) are

19



also clearly depicted (Fig. 8a). Hence, the first leading pattern of covariability
depicts both ENSO and also its remote effect on the PDO via changes in the strength
of the AL. Indeed, the PC time series of this pattern is significantly correlated (p <
0.01) with both the NINO 3.4 index (r = 0.90) and the PDO index (r = 0.58; also in
Table 3).

For the second leading pattern, the SLPa field shows the prominent NPO
pattern in the North Pacific with a similar feature in the South Pacific (Fig. 8c).
The SSTa pattern (Fig. 8d) resembles that in Fig. 4d in the North Pacific sector. In
the tropics, positive SSTa extend from North America through Hawaii and
terminates in the central tropical Pacific, flanked on either side by negative
anomalies. This pattern in the tropical Pacific is similar to the ENSO precursor
pattern shown by Anderson (2003), Vimont et al. (2003), and Di Lorenzo et al.
(2009). The PC time series for this second leading pattern is significantly correlated
(p < 0.01) with the NPGO index (r = 0.46) and has a significant correlation with the
PC-1 time series of the cEOF analysis when lagged by 10 months (Di Lorenzo et al.

2009; see also Fig. 10a).

a. Evaluating the ENSO and AL/PDO connection in the models

Evaluation of the contemporary relationship between ENSO and the AL/PDO
pattern in the coupled models is shown in Table 3. All correlations shown for the
models are for the 20C3M output. For discussion, the PC time series from the cEOF
analysis of Pacific SLPa/SSTa from 40°S to 70°N will be referred to as PC-1rropics and
PC-21vopics. Columns 2 and 3 show the relationship between the model PC-11yopics, the
model NINO 3.4 index (i.e., the average SSTa in the region 5°S - 5°N, 170°W -

120°W) and the model PDO index. The significant correlation coefficients between
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the NINO 3.4 index and PC-1tropics indicate that the leading pattern of covariability
of SLPa/SSTa indeed captures ENSO behavior. However, the correlation between
the PDO index and PC-1tropics 1s less consistent and, in fact, absent in many of the
models. Looking at the third column of Table 3, only 6 of the 10 models show
significant relationships between PC-1mwopics and the PDO index. More striking,
however, 1s the strong correlations which exist between the PDO index and
PC-2mropics (Table 3, fourth column). Five models show strong (r > 0.80) and
significant correlations between these two indices, contrary to what is observed in
nature. Two models (CGCM3.1 (T47) and HADCMS3) do have significant correlations
between the PDO index and both PC-ltropics and PC-21ropics, though correlation
coefficients are smaller associated with PC-2tropics. Nevertheless, this conclusion is
clear - there is a clear and distinct split between variability in ENSO and the PDO
in most of the coupled models analyzed, which is contrary to observations. In other
words, shared variability between and mechanisms linking the tropical and
extratropical North Pacific are not represented as they are in observations, affecting
how the models will ultimately treat NPDV. Only 2 models (GFDL2.1 and MIROC-
HIRES) exhibit behavior similar to that in observations - i.e., coupling the highest
fraction of variance explained between the PDO and the tropics with variability in
ENSO.

To see how ENSO behavior in the models might be related to the ENSO and
AL/PDO relationship, Figure 9 displays the power spectra for the observed NINO
3.4 index from 1950-2006 and the NINO 3.4 index from the 20C3M scenario of each
model. The observations show the well-known peak in the 3-7 year period for the
NINO 3.4 index. Only two models, however, replicate the strong power at these

frequencies: the GFDL 2.1 and the HADCM3. By contrast, two models (CCSM3.0
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and MIUB-ECHO-G) and the ensemble-mean show strong biannual variability for
their NINO 3.4 index. The remainder of the models have either diffuse power over a
broad range of frequencies (e.g., GFDL 2.0 and MIROC-MEDRES) or no substantial
peaks (CGCM3.1 T47). When comparing the ENSO behavior directly to the
statistics presented in Table 3, note that GFDL 2.1 model is also one of the two best
performers in capturing the relationship between the PDO and PC-11vopics. Moreover,
those models with the biannual oscillation in the ENSO phenomenon (the CCSM3.0
and MIUB-ECHO-G) are also the models with the lowest correlation between

PC'lTropics and the PDO.

b. Existence of the ENSO precursor pattern - Links to the NPO/NPGO pattern

To check the lead/lag relationship inherent in the seasonal footprinting
mechanism, we conduct a simple lag correlation analysis of two indices. The first
index, the PC-2 time series of North Pacific SLPa/SSTa covariability (i.e., the time
series associated with the patterns like those in Fig. 3¢ and 3d), is used to represent
NPO/NPGO variability; i.e., the NPO/NPGO index. For tropical Pacific variability,
PC-1mropics 1s chosen. Figure 10 presents the results of the lag correlation analysis.
Positive (negative) lags indicate that the NPO/NPGO index leads (lags) PC-1tropics.
The lag correlation plot for the observations nicely illustrates a peak in lag
correlation at lag -10 months, (r = 0.49) consistent with the findings in Vimont et al.
(2003). There is also a nice antisymmetric feature in the lag correlation plot, with a
weaker albeit still significant negative correlation at about +12 months (Fig. 10a).
The difference in magnitude is important - the larger absolute correlation must exist
at negative lags to be consistent with the seasonal footprinting mechanism

paradigm.
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Very few models, however, reproduce this “peak-trough” pattern about lag 0
as nicely as the observations. The best representation of this pattern comes from
the GFDL 2.1 and MRI-CGCMZ2.3.2 models, both with highly significant (p < 0.01)
correlations at about the right time lag (-7 months and -9 months, respectively).
Those models earlier classified as having a biannual ENSO signal (see Fig. 9) also
show oscillatory behavior in their lag correlation plots (namely, MIUB-ECHO-G and
CCSM3.0). Both the MIROC-HIRES and MIROC-MEDRES have very poor
representation of the seasonal footprinting mechanism metric, with peak
correlations at the wrong lag and no clear “peak-trough” pattern.

Hence, when expanding the evaluation of NPDV to include links to the
tropical Pacific, two key points are discovered: (1) there is a clear separation in
ENSO variability and PDO variability present in many of the models analyzed, even
in models which were top performers in earlier North Pacific-centric tests; and (2)
the ENSO precursor signature, connected to the NPO/NPGO pattern, is present
satisfactorily in only 2 models. Future studies of coupled models for North Pacific
climate variability must therefore expand evaluation into the tropical Pacific for

better understanding and more stringent testing of those patterns.

6. Discussion and Conclusions

Characterizing North Pacific climate variability in coupled climate models
and understanding their predictions under future climate change are critical
research questions in climate science today. The impacts of patterns of variability in
the region, namely the PDO and NPGO, have profound impacts on sensible weather
downstream via teleconnections and impacts biological and ocean properties

important to coastal ecosystems in the North Pacific. Previous studies have looked
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at characterizing changes in the North Pacific or in the ENSO phenomenon in these
models in isolation from each other. However, recent climate dynamics studies such
as those of Deser et al. (2004), Newman (2007), Yu et al. (2007), and Alexander et al.
(2008) point to the importance of looking to the tropical Pacific Ocean to understand
and predict North Pacific patterns of climate variability. This study embraces this
perspective and by doing so offers a broader examination of the accuracy and
problems associated with representation of the PDO and NPGO in selected coupled
GCMs.

The findings of this study are summarized in the following five points:

« Focusing only on the North Pacific variables yields spatially-similar leading
patterns of variability between the models and observations, but the
frequency of those patterns do not agree among the models. Particularly for
the PDO, the models readily capture the definitive pattern in SSTa and the
associated atmospheric forcing pattern (the AL) in the SLPa field (Fig. 4a
and 4b and Table 2). Most of the models also capture the multi-decadal time
scales of the PDO index (Fig. 2a). However, simulations of the NPGO
pattern by the models are less consistent with observations, albeit still
significantly correlated in space (Fig. 4c and 4d and Table 2). The SSTa
pattern may pass the spatial significance test (Table 2), but its structure is
very different than that seen in the observations. This structural difference
is also accompanied by a stronger (i.e., higher in magnitude) northern pole
and a weaker southern pole of the NPO in the ensemble mean versus the
observations (Fig. 4d). Furthermore, the models are unable to reproduce the

broad frequency bands of the NPGO index seen in nature (Fig. 2b). Hence,
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while confidence in the statistics of the PDO in the selected IPCC models is

high, it is substantially lower for the NPGO.

A simple AR-1 model testing the dynamics of the PDO and NPGO further
narrows the field of well-performing models. The PDO index is well
reproduced when temporal variability in the AL is used as forcing (Fig. 5),
but reconstructing the NPGO index using the NPO index is more
challenging (Fig. 6). Since the AR-1 model is the same in both instances but
for the forcing used, we conclude that the variability of the NPO in the
models is problematic. As noted earlier, the magnitude and placement of the
loading centers for the NPO 1is different in the ensemble-mean pattern
versus the observations. Among models, this difference is especially more
accentuated (not shown). The southern node of the NPO (i.e., the one near
Hawaii) is especially important for the ENSO precursor pattern (e.g.,
Anderson 2003). Hence, there is a need to verify that coupled GCMs
accurately depict the NPO structure in order to recover the NPGO climate

pattern.

There is no consensus on future changes in the PDO and NPGO,
complicating predictability of North Pacific climate change. We can
confidently conclude, though, that the spatial representations of the PDO
and NPGO do not change within the same model between the 20C3M and
SRESA1B runs (correlations not shown). The frequencies of the PDO and
NPGO, however, are more problematic to diagnose. The ensemble mean of

the models predicts little change in the PDO and an overall reddening of the
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NPGO spectrum (Fig. 2d). The GFDL 2.1, a well-performing model based on
the screening tests conducted in this study, also predicts a reddening of the
NPGO spectrum in the future. However, its prediction of reddening of the
PDO pattern does not agree with the ensemble mean (Fig. 3c). Attempts at
characterizing why these models behave so differently is beyond the scope of

this study but certainly warrants future research.

Several models exhibit a marked split between the ENSO phenomenon and
the PDO in their statistics, presenting an additional point of concern for
diagnosing North Pacific climate variability in the models. Characterizing
North Pacific climate variability and potential changes in those patterns
requires us to look beyond regional dynamics and look more globally. By
examining the statistics in SLPa/SSTa coupling in the North Pacific and
tropical Pacific, we discovered that all but two models do not accurately
simulate the significant link between ENSO and the PDO as seen in the
observations. In fact, in those models, PDO variability is represented with
PC-21vopics which is nearly completely independent of ENSO (Table 3). This
link also carries to examination of ENSO frequency in the models (Fig. 9) -
those models with interannual ENSO frequency are the ones which capture
the ENSO and AL/PDO connection the best. This lack of coherency between
the two signals marks a fundamental dynamical flaw in the models. In
nature, tropical SSTs are strongly related to SLP in the North Pacific (Deser
et al. 2004), and this connection results in a significant portion of the
forcing for the PDO. With the ENSO/PDO modal split seen in the models,

more skepticism exists in interpreting future changes in the North Pacific.
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« The lagged relationship the NPO/NPGO pattern and ENSO exists for those
models which have an accurate frequency of ENSO. The GFDL 2.1 reliably
captures the “peak-trough” pattern in the lag correlation plot between the
ENSO and NPGO indices tested with a peak correlation of 0.54 at lag -7
months, very similar to the observations (Fig. 10). The MRI-CGCM2.3.2 and
GFDL 2.0 also perform well in this test. The lag correlation plots also show
how the biannual ENSO behavior in ENSO in the MIUB-ECHO-G and
CCSM3.0 contaminates the lead/lag relationship between ENSO and the
NPO/NPGO. Other models have poor if any representation of the ENSO

precursor pattern.

Based on the summary above, this study finds that the GFDL 2.1 is the best
model out of the 10 models tested for accurately depicting the patterns of North
Pacific climate variability. This model succeeds in the following ways: (1) it
captures the spatial signatures of the leading two patterns of climate variability in
the North Pacific (Table 2); (2) it successfully reproduces the PDO and NPGO indices
using the associated atmospheric forcing patterns in a simple AR-1 model (Figs. 5
and 6); (3) it contains the significant connection between the ENSO and the AL/PDO
pattern as seen in observations (Table 3); (4) it has an accurate representation of the
frequency of ENSO (Fig. 9); and (5) it accurately depicts the lead/lag relationship
between ENSO and the NPGO. The model is deficient, however, in reproducing the
actual frequencies of the PDO and NPGO (Fig. 2). The frequencies of these patterns
are strongly confined to interannual frequencies only in the model. This frequency

is suspiciously close to that of ENSO in the model and hence could be because of
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enhanced ENSO influence in the North Pacific. More work will be needed to
examine this hypothesis in the model.

This study does not offer definitive evidence of what changes are expected in
North Pacific climate variability. The lack of consensus, in fact, mirrors parallel
studies for changes in ENSO behavior conducted by van Oldenborgh et al. (2005),
Guilyardi (2006), and Merryfield (2006) - those studies found mixed signals among
models with only few significant signals in ENSO behavior in the future. Instead,
like those studies, our study provides a roadmap of how future research should
diagnose North Pacific climate variability in coupled GCMs. Testing the integrity of
the statistical definitions of the North Pacific climate patterns alone is insufficient;
there must be a more rigorous dynamical test employed to improve evaluations and
confidence in the results of the models. As seen in sections 3 and 4, models that
have spatially significant patterns incorrectly integrate the atmospheric forcing of
the different patterns. Hence, we suggest using a similar approach like the forced
dynamics one to gain more insight into the patterns of North Pacific climate
variability in the models. Such tests apply more stringent criteria on assessing the
representation of North Pacific climate patterns in the models. Moreover, this study
underscores the need for better ENSO representation (both in frequency and space)
in coupled GCMs. Those studies interested in the regional variability of the North
Pacific must therefore first diagnose the tropical Pacific dynamics of the model in
order to make any prediction on North Pacific patterns of variability. The evidence
of links between the tropical and North Pacific atmospheric and oceanic variability
is already present in the climate literature, and future studies must exploit those

links as done here for accurate assessments.
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TABLE 1. List of IPCC models from the AR4 analyzed in this study.

Originating Group, Country

Model Name

Canadian Centre for Climate Modeling and Analysis, Canada

CGCMB3.1 (T47)

Canadian Centre for Climate Modeling and Analysis, Canada

CGCM3.1 (T63)

NOAA Geophysical Fluid Dynamics Laboratory, United States of America

GFDL2.0

NOAA Geophysical Fluid Dynamics Laboratory, United States of America

GFDL2.1

Center for Climate System Research, Japan

MIROC-HIRES

Center for Climate System Research, Japan

MIROC-MEDRES

Meteorological Institute of the University of Bonn & Meteorological Research
Institute of KMA, Germany/Korea

MIUB-ECHO-G

Meteorological Research Institute, Japan

MRI-CGCM2.3.2

National Center for Atmospheric Research, United States of America

CCSM3.0

Hadley Centre for Climate Prediction and Reseatch / Met Office, United Kingdom

HADCM3
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TABLE 2. Spatial correlation of the first two patterns of covariability of SLPa and SSTa in
the North Pacific in the observations with their counterparts in the IPCC model output fields
from the modern (20th century) runs. Correlations that exceed the 95% (99%) significance
level are denoted with a single (double) asterisk.

¢EOF 1 ¢EOF 2

Model Name SLPa SSTa SLPa SSTa
CGCM3.1 (T47) 0.72%* 0.67*+* 0.70%* 0.34*
CGCM3.1 (T63) 0.83** 0.83** 0.65%* 0.51%*
GFDI.2.0 0.90** 0.53** 0.77** 0.56**
GFDI.2.1 0.93** 0.67*+* 0.94x* 0.74x*
MIROC-HIRES 0.69** 0.71%* 0.57* 0.42%*
MIROC-MEDRES 0.72%* 0.69* 0.67*+* 0.54**
MIUB-ECHO-G 0.88** 0.74x* 0.85%* 0.72%*
MRI-CGCM2.3.2 0.83** 0.87** 0.92%* 0.63**
NCAR-CCSM3.0 0.90** 0.75%* 0.80** 0.77**
HADCM3 0.85%* 0.76%* 0.82%* 0.54*

34



TABLE 3. Cross correlations between four tropical and North Pacific indices for the IPCC
models and observations (last row). “PC-1” and “PC-2” refer to the first and second PC time
series of the cEOF analysis of North Pacific and tropical Pacific SLPa/SSTa, respectively,
“PDO” the PDO index, and “NINO” the NINO 3.4 index. Correlations that exceed the 95%
(99%) significance level are indicated by a single (double) asterisk.

Model / r r r
Data (PC-1, (PC-1, (PC-2,
NINO) PDO) PDO)
CGCM3.1 0.48%** 0.45%* 0.33**
(T47)
CGCM3.1 0.65%* 0.31 0.86**
(T63)
GFDL2.0 0.81** 0.33 0.89%*
GFDL2.1 0.92%* 0.45* 0.14
MIROC- 0.28** 0.63** 0.16
HIRES
MIROC- 0.43%* 0.48%* 0.80**
MEDRES
MIUB- 0.89%** 0.08 0.16
ECHO-G
MRI- 0.87** 0.45%* 0.85**
CGCM2.3.2
CCSM3.0 0.91** 0.23 0.94**
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Model /

Data (PC-1, (PC-1, (PC-2,

NINO) PDO) PDO)

HADCM3 0.84%* 0.53%* 0.25%
Observations 0.90** 0.58** 0.04
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