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The Pacific decadal oscillation (PDO)—the leading pattern of climate variability driving
changes over the North Pacific and surrounding continents—is now thought to be
generated by processes internal to the climate system'2. According to this paradigm,

the characteristic, irregular oscillations of the PDO arise from a collection of
mechanisms involving ocean and atmosphere interactions in the North and tropical
Pacific®®. Recent variations in the coupled ocean-atmosphere system, such as the
2015 EINifio, ought to have shifted the PDO into its positive phase®. Yet, the PDO has
beenlockedin aconsistent downward trend for more than three decades, remanding
nearby regions to a steady set of climate impacts. Here we show that the main
multidecadal variationsin the PDO index during the twentieth century, including

the ongoing, decades-long negative trend, were largely driven by human emissions

of aerosols and greenhouse gases rather than internal processes. This anthropogenic
influence was previously undetected because the current generation of climate models
systematically underestimate the amplitude of forced climate variability. A new
attribution technique that statistically corrects for this error suggests that observed
PDO impacts—including the ongoing multidecadal droughtin the western United
States—can be largely attributed to human activity through externally forced changes
inthe PDO. These resultsindicate that we need to rethink the attribution and projection
of multidecadal changes in regional climate.

The Pacific decadal oscillation (PDO)—the leading mode of North
Pacific sea-surface temperature (SST) variability"*—is not oscillating.
The ongoing, stubbornly persistent, cold phase of the PDO is associ-
ated with striking long-term trends in climate, including the rate of
global warming’ and drought in the western United States®. The lead-
ing conceptual models suggest that the PDO varies in response to an
accumulation of processes internal to the climate system, including
random atmospheric circulation variability, local ocean dynamics,
and coupled tropical variability®>. Statistical and dynamical models
that simulate these processes predicted that the massive 2015 EINifio
would finally reverse the sign of the obstinately persistent PDO®. Yet,
the PDO and its associated impacts remain unchanged.

An alternative explanation for the PDO is that it reflects a North
Pacific ocean-atmosphere response to external radiative forcings.
However, the conventional understanding of the PDO does notinclude
external radiative forcing. Recent review studies and the latest com-
prehensive report from the Intergovernmental Panel on Climate
Change express ‘high confidence’ that multidecadal North Pacific
climate variability is internally generated®’. New research shows that
large changesin the emissions of aerosols and greenhouse gases may
explainrecent multidecadal variationsin North Atlanticand European
climate® 3, although this view is somewhat controversial**. A develop-
ing line of research hints that similar processes may be at play in the

North Pacific®%, but this work cannot fully explain the persistence of
the ongoing negative phase of the PDO or why models underestimate
levels of PDO variance®>*?,

Here we isolate anthropogenic influences on multidecadal North
Pacific climate variability using an exceptionally large ensemble of
climate model simulations. We characterize climate variability in the
North Pacific using the first principal component of North Pacific
annual average SST anomalies as a PDO index?. We calculate these
anomalies by removing the annual cycle and subtracting the global
mean temperature?. This definition, which avoids the constraint that
the PDO must be orthogonal to global temperature rise?, is widely used
in recent mechanistic and impact studies of the PDO*%, and we wish
to bring PDO impacts to the forefront. We calculate the PDO index in
each of the 572 simulations in the multimodel ensemble, all of which
areforced by acombination of all the main sources of external forcing,
including greenhouse gas and aerosol emissions, volcanic eruptions
and solar variability (Extended Data Table 1). Averaging the historical
PDOindices simulated by all ensemble members cancels out uncorre-
lated, naturally generated variationsin climate, showing the externally
forced influence common to all simulations. We further isolate indi-
vidual sources of external forcing by considering three single-forcing
large ensembles, each of which includes changes in only one forcing
agentatatime (Extended Data Table 1). The bulk of our analysis focuses
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Fig.1|External forcing explains the timing and pattern of the PDO.

a, The observed PDO index from HadISST* with ENSO linearly removed

(black) compared with the ensemble mean PDO index from the all-forcings
simulations®**? (dark blue) and the normalized ensemble mean PDO index
fromthe all-forcings simulations (light blue). We normalize the forced PDO
index by setting the standard deviation (o) to 1to maintain consistency with the
traditional definition of the PDO index' and toillustrate the timing of the shifts
inbothindices; theamplitudes of each timeseries arelisted in Extended Data
Table 2band discussed in the text. The R*value at the bottom left is the square
of the correlation between the observed (ENSO removed) and ensemble mean

onthe1950-2014 period common to all simulations, although we con-
sider the full length of simulations dating back to 1850 when possi-
ble.Oninterannual timescales, the PDO index s, in part, driven by the
EINifno-Southern Oscillation (ENSO), a prominent source of naturally
generated variability>**. As noted above, ensemble averaging removes
the influence of the internal component of ENSO on the PDO index in
models**?, We linearly remove variability associated with the Nifio 3.4
index from the observed PDO index toisolate the sources of multidec-
adal variability that are the focus of this study (Methods). Although this
approach slightly alters the interannual timing of the observed PDO
index, it has limited effect on the multidecadal shifts in theindex that we
areseekingto explain (Extended Data Fig. 1). Finally, we use a low-pass
filter on both the observed and simulated PDO indices to isolate vari-
ability with periods longer than 10 years (Methods).

A new, forced component of the PDO

We find that changesin external forcing explainkey recent multidecadal
shifts in observed North Pacific climate. Between 1950 and 2014, we
estimate that the externally forced PDO index explains 53% of observed
multidecadal PDO index variance (R*) and reproduces major PDO
transitions in the 1970s and 1990s to within a few years, even without
accounting for tropical Pacific variability (Fig. 1a). External forcing
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PDOindices. b, Regression of observed SST from HadISST* (colours; °C per
unitofthe PDO index) and sea-level pressure from NCEP twentieth-century
reanalysis® (contours; hPa per unit of the PDO index) on the observed PDO
index. The KOE regionisoutlined in the solid black rectangle. ¢, Regression
of ensemble mean SST (colours) and sea-level pressure (contours) on the
normalized, ensemble mean PDO index from the all-forcing simulations (see
text for details). Inband ¢, SLP regressions are contoured every 0.5 hPa;
negative values arein purple and the zero contourisinblack (thereareno
positive values).

explains 46% of PDO index variancein astricter, alternative definition
of the PDO index, in which North Pacific regional temperatures are
subtracted (rather than global mean temperatures) to ensure that
our conclusions are not an artefact of a known relationship between
Pacific climate variability and global mean temperatures® (Extended
DataFig.2a). Likewise, external forcing explains 48% of the detrended,
decadal SST variancein the crucial Kuroshio-Oyashio Extension (KOE)
region, demonstrating that our results are not an artefact of the tradi-
tional approach to isolating PDO variability with empirical orthogo-
nal functions (Extended Data Fig. 3a). The reported levels of variance
explained for the traditional PDO index, the PDO index with North
Pacific SSTs removed and the KOE SST index are statistically signifi-
cantly different from zero at the 4%, 6% and 4% levels, respectively, using
anon-parametric statistical test that accounts for serial correlation
inlow-pass filtered timeseries (Methods and Extended Data Fig. 2d).
The above statistical tests do not account for the possibility that
internal variability in observations happens to align with the ensemble
mean, thereby amplifying the reported correlation coefficients by
chance. We find this possibility to be unlikely. The model-estimated,
forced PDO index explains more variance in the observed PDO index
than more than 99% of the model-generated realizations of internal
variability (568 out of 572; Fig. 2a). Thatis,inmodels, thereis less than a
1% chance (4 out 572 realizations) thatinternal variability alone explains
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Fig.2| Therole offorcinginthe PDOis statistically robust.a, Comparison
ofthe correlation coefficient between theinternally generated PDO indices
inindividual ensemble members*?*2and observations from HadISST*!

(blue histogram) with the correlation coefficient of the ensemble mean and
observation (black line). The empirical 90% confidence level (two-tailed) for
thedistribution of correlationsisshownasalightgreyline.b,Asina, butfor the
PDOindex from eachindividual ensemble member, whichincludes internally
generated and externally forced variability. ¢, Asinaand b, but for bootstrapped
100-member ensemble means that show different estimates of the externally
forcedresponse.d, Thelevel of PDO variance explained by external forcing, as
afunctionofensemble size. For each ensemble size, werandomly select members
fromthe fullensemble, average and correlate with observations to calculate
the mean explained variance (dot) and the 95% confidence interval (cloud).

the correlation between the ensemble mean and observations (Fig.2a).
Likewise, the model-estimated, forced PDO index explains more vari-
ance in the observed PDO index than in 98% of the individual model
simulations (560 out of 572; Fig. 2b). That is, in models, there is a 2%
chance (12 out of 572 realizations) that internal variability aligns with
external forcing to increase the apparent share of forced variance in
the PDO (Fig. 2b). Conversely, external forcing can consistently explain
thelarge correlation we report above (Fig. 2¢).

Signal-to-noise error in the North Pacific

Our approach was able to isolate this unexpectedly large influence of
external forcing on the PDO because of the extremely large number of
model simulations that have recently become available. We estimate
that more than 70 individual ensemble members are required toisolate
the forced component of the PDO; that is, 70 members are needed to
reach acorrelation with observations thatis not significantly different
(atthe 95%level) from the estimate from the full ensemble (Fig.2d and
Extended DataFig. 4). These extraordinarily large datasets are needed
because models underestimate the amplitude of the forced component

Wealso test the null hypothesis that the correlationis zero at the 90%
confidencelevel by an empirical significance test thataccounts for
autocorrelation (grey dashed line; Methods). We can produce a conservative
estimate of the ensemble size required to isolate the forced PDO by intersecting
the bottom of the confidence interval at 500 members with the mean variance
explained. e, The contribution of external forcing to the PDO as a function of
time. Error bars are calculated by bootstrapping new ensemble means (with
replacement) to test our isolation of the forced response (Methods). We test
the null hypothesis that the correlationillustrated by the third bar (1950-2014)
iszerousingan empirical test that accounts for autocorrelation. The 90%
confidenceintervalis plottedinthe grey dashed line.f, Level of explained
variance in the ensemble subdivided by key traits (Extended Data Table1).
Again, the 90% confidence intervalis plottedin the grey dashed line.

ofthe PDO. In observations, external forcing accounts for 53% of total
multidecadal PDO amplitude, whereasin models, external forcing only
accounts for 7% of total multidecadal PDO amplitude (Methods). This
errorisalsoapparentinthe KOE SST index, for which external forcing
accounts for 48% of observed multidecadal variance and 7% of simu-
lated multidecadal variance. Put succinctly, in models, the ratio of the
externally forced signal to internally generated noise in the multidec-
adalPDOis muchlower thaninobservations. Consequently, the much
too large internally generated noise overwhelms the forced PDO and
KOE SST signals in the individual simulations of historical climate. This
signal-to-noise error is also apparent in simulations of North Atlantic
climate variability, indicating that this error may affect low-frequency
modes of climate variability throughout the extratropical Northern
Hemisphere, and potentially globally'*%,

Human-forced trendsin the PDO index

The contribution of external forcing to the PDO grows as external
forcing intensifies throughout the twentieth century. Before the
mid-twentieth century, PDO variability in models seems to be largely

Nature | www.nature.com | 3



Article

a b c
4 - 4 - 4 -
2 2 b
x x x ’j n
[0} () [0 !
¢ g g | ,NWQ\M Ay
I 0 o ! ' M
a a u a { '\
a a a A ]
=2+ -2
— L L L _4 L L L L L L
1960 1980 2000 1960 1980 2000 1960 1980 2000
Year Year Year
d
[ PDO (1950-1989)
_ A [ PDO (1990-2014)
% I PDO (1950-2014)
S 50k - _
0] —
(]
C
8
I
>
é 25 |
©
o
x -
L
\ 0 ]
| |
9
(,}(\C) \,o&* ,o&* \,o@
\s\ok 090 \2\0 \)(b

Fig.3|Forcing from anthropogenic aerosols and greenhouse gases explain
thetimingofrecenttrendsinthe PDOindex.a-c, Theforced PDOindex
fromthe aerosol-only simulations (a), greenhouse gas-only simulations (b) and
the natural forcing-only simulations®* (c) compared with the PDO index from
annual average (thin black line) and low-pass filtered observations (thick black
line; HadISST*'). The original amplitude PDO index from each single-forcing
ensembleisshown as the thingrey line.d, The amount of observed PDO variance

internally generated by the climate system (Fig. 2e). Between 1870 and
1950, external forcing explains less than 1% of multidecadal PDO variance
(Fig. 2e). However, after the mid-twentieth century, as changes in forcing
increase, sotoo does the role of external forcingin the PDO (Fig.2b and
Extended DataFig.5). Likewise, the variance of the forced component
increases after the mid-twentieth century for both the PDO index and
the KOE SST index (Extended Data Table 2a). The variance of internal KOE
temperature variability in models does not change between 1870 and
2014, asin the North Atlantic®, suggesting that signal and noise may be
additive in climate models (Extended Data Table 2b). Previous studies
may have underestimated this newfound role of forcing in the PDO for
tworeasons: (1) they could only use small ensembles; and (2) they may
have convolved the relatively unforced first half of the twentieth century
withtheintensifying forcing of the second half of the twentieth century.
Forexample, in anaverage 40-member ensemble run from 1920 to 2005
(asinref. 3), external forcing explains only 5% of multidecadal PDO vari-
ance. To detect the role of forcing in the modern PDO, we must use an
exceptionally large ensemble and focus on the late twentieth century
(thatis, after 1950), when changes in forcing were larger.

The size and breadth of this ensemble allow us to demonstrate the
robustness of this new, larger role for external forcing inthe PDO. First,
we find that both single-model ensembles (CESM2 and MPI) that meet
the criterion of 70 members to sufficiently isolate the forced PDO
(Fig. 2d) have a statistically significant forced component (Extended
DataFig.5). Althoughitislikely that there are inter-model differencesin
the amplitude of the forced response, the signal-to-noise error makes it
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explained by the ensemble mean of each of the four suites of simulations for
1950-1989,1990-2014 and 1950-2014 (bars) and their 90% confidence interval
calculatedbybootstrapasinFig.2d. This statistical test accounts for uncertainty
inthe forced response. Astatistical test that compares these correlations with
that whichwould have been produced frominternal variability is presented in
Extended Data Table 3. Note that the correlation between the forced PDO in the
GHG-only ensemble and observations between1950 and 1989 is negative.

difficult to make definitive statements about single-model ensembles
withlessthan 70 members. Instead, we group models by their common
attributes and create large enough ensembles to isolate the impact
of these features on the forced PDO. We find that the contribution of
forcing to the PDO is reasonably robust to (1) model generation, that
is, CMIP5 or CMIP6; (2) the implementation of aerosol emissions; and
(3) the complexity of cloud-aerosolinteractions (Fig. 2f and Extended
Data Table 3). That is, both the anthropogenic influence on the PDO
and the signal-to-noise error in the forced response are robust across
models despite their diverse representations of physical processes
(Extended Data Table 3). Together, these sensitivity analyses show that
the substantial role for external forcing in the timing of the PDO index
isnot an artefact of a single model, numerical approach or physical
process, such as the implementation of aerosol indirect effects.
Models show that the observed timing of multidecadal shifts in the
PDO index is influenced by a combination of anthropogenic aerosols
and greenhouse gases. Between 1950 and the mid-1980s, rapidly rising
concentrations of industrial aerosols* coincide with a positive trend in
the PDO index (Fig. 1a and Extended Data Table 3). When forced with
onlyindustrial aerosols, models also simulate a positive PDO trend over
that period (Fig.3a,d and Extended Data Table 3). Inthe late 1980s, the
observed positive PDO trend reverses in association with stagnating
aerosol emissions and the predominance of greenhouse gas warming®
(Figs.laand 3a,b and Extended Data Table 3). The observed negative
trendin the PDO after the mid-1980sis captured in the all-forcing runs
and is even stronger when models are forced with only greenhouse
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Fig.4|Thesignal-to-noise paradoxinthe PDOis associated with weak
Aleutian Low variability. a, The ratio of forced SST variance from models
tototal observed SST variance inmodels. b, Time series of the forced PDO
(from Fig.1a) along with the strength of the forced Aleutian Low (as described
by the North Pacific Index; Methods). ¢, The regression of forced sea-level

pressureonanindex of forced SST in the KOE region (Fig. 1b), which indicates

52-62

gases, which drive anegative trendin the PDO (Fig. 3b,d and Extended
Data Table 3). We note that the short length of this subsection of the
record limitsits statistical significance (Extended Data Table 3). How-
ever, these trends have continued and intensified to the present day,
consistent with our argument. We suggest that stagnating industrial
aerosol concentrations paired with rising greenhouse gas concentra-
tions halted the rise in the PDO index in the mid-1980s and produced
the negative trend in the PDO index that continues into the present.
Both anthropogenic aerosols and greenhouse gases can force changes
inthe PDO, whereas small changes in natural forcings—that is, from
solar cycles and volcanic eruptions—explain only a small part of the
temporal evolution of the PDO over our study period (R* =1%; Fig. 3¢,d).

Potential mechanisms for the forced PDO

Inaddition to explaining key observed shiftsinthe PDO, the forced PDO
indexisassociated withan SST patternin models that bears key resem-
blancestoboth the observed PDO patternand theinternally generated
PDO patterninmodels. Inthe PDO positive phase, the observed and sim-
ulated SST patterns both show cooler-than-normal ocean temperatures
over the western and central North Pacific, surrounded by ahorseshoe
of relatively warmer surface waters along the North American coast
(Fig.1b,cand Extended DataFig. 6). Similar to the real world, the positive
phase of the forced PDO in modelsis associated with a deepening of pres-
sure near the Aleutian Low, the semi-permanent low-pressure system
controlling surface winds over the North Pacific (Fig. 1c, contours). If
the PDOindex were purely internally generated, this pattern would not
appearintheregressiononthe ensemble meanbecauseit would cancel
outacross many ensemble members. The general features of the forced
PDO pattern are robust across model generations, individual model

thestrength of the association between the forced atmospheric response and
the forced SST changes. d, The regression of observed sea-level pressure onthe
index of observed SSTin the KOE region, which indicates the strength of the
association between the observed atmospheric response and the observed
SST changes (HadISST®).

ensembles and how models represent complex physical processes
(Extended Data Figs. 6-8). Yet, the multi-model mean and most indi-
vidual ensembles exhibit a key deficiency: the horseshoe-shaped pat-
tern of warming along the coast of North Americainthe positive phase
of the PDO seems to be weaker in models than observations (Fig. 1b,c
and Extended Data Figs. 6-8). This deficiency seems to be related to
the ability of the models to generate the full PDO pattern, not just its
externally forced component (Extended Data Fig. 6).

The discrepancy between the spatial patterns in observations and
the ensemble mean may provide a clue asto why the forced PDOis too
weak inmodels. The horseshoe-shaped pattern of temperature anoma-
liesis characteristic of the well-established simultaneousrelationship
between the Aleutian Low and North Pacific SSTs in observations®. In
models, we find that the forced, multidecadal PDO index s highly corre-
lated with forced variations in the strength of the forced, multidecadal
Aleutian Low (R*=0.7;Fig.4b and Methods). Thisindicates that either
variations in the Aleutian Low drive changes in the PDO SST pattern®or
SST variations, particularly in the KOE region, candrive changesin the
overlying Aleutian Low** Either of these potential responses could
be excited by hemispheric warming or cooling, including contem-
poraneous forced North Atlantic climate variability® or over nearby
continents®~,

Any of these pathways would rely on an amplifying feedback over
the KOE region, in which oceanic thermal advection by wind-driven
ocean currents reinforces SST variability®®. We find that the strength of
therelationship between the Aleutian Low and SSTs is much weakerin
models (average ensemble member1.5 hPa °Cand forced component
0.9 hPa °C™; Fig. 4c) thanin observations (5 hPa °C™; Fig. 4d), which we
quantify by regressing sea-level pressure variations on SST variationsin
the KOE region. This suggests thatin models, perturbations fail to excite

Nature | www.nature.com | 5
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Fig.5|Thelong-term meteorological droughtin the western United States
isattributable to human emissions of aerosols and greenhouse gases by
theirinfluenceonthe PDO. a, The PDOindices from observations from
HadISST® (black), the all-forcings large ensemble®*? (ensemble mean in the
bluelineand the 2ocensemble spread in the blue shading), and the corrected
ensemble (ensemble meaninthe orangelineand the2oensemble spreadinthe
orange shading).b, Spectraofthe PDOindices from observations (black),
theall-forcings ensemble (ensemble meanintheblueline and the 2censemble
spreadintheblueshading) and the corrected ensemble (ensemble meanin
theorangelineand the 2censemble spread inthe orange shading). c-e, Maps of
water year (October to September) precipitation trends between1983 and 2012
inobservations from GPCP®, in which the ENSO-related pattern of precipitation

aresponse in the Aleutian Low with the same vigour as that in the real
world. This mismatch might occur because of either poor simulation
of the direct influence of forcing on the atmosphere or an underesti-
mated positive feedback involving KOE SSTs*. In either case, these
underestimated mechanisms could help explain the underestimated
amplitude and persistence of the forced PDO in models.
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Western US precip. trend (% change per 30 years)

hasbeenremoved (c), theall-forcings ensemble (d) and the corrected ensemble (e).
f,Decadal mean precipitation changes in the western United States (31°-42°N,
125°-100° W) from observations, in which ENSO has been removed (grey bars)
andthetimeseries of the forced precipitation changes from the all-forcings large
ensemble (light blue) and the corrected ensemble (light orange). The best-fit
linear trend s plotted for observations (black), the all-forcings ensemble mean
(blue) and the corrected ensemble mean (orange). g, Precipitation trends in

the western United States from observations (black circle), the all-forcings
ensemble mean (blue triangle), the corrected ensemble mean (orange triangle)
and probability density functions of the trends fromindividual all-forcing
ensemble simulations (blue curve) and the corrected ensemble (orange curve).

Impacts of the forced PDO negative trend

The failure of climate models to simulate the full amplitude of the
forced PDO has clouded our view of the recent history of global and
regional climate. In the early 2000s, a hiatus in global warming was
largely attributed to a naturally generated PDO-like pattern of cooling
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in the Pacific Ocean’. However, we have shown that forcing excites
this pattern on multidecadal timescales, but itsinfluence is underesti-
mated by climate models. Mitigating the signal-to-noise error in climate
models will amplify the forced PDO so that they will better account for
global mean temperatures at the beginning of the twenty-first cen-
tury. Furthermore, by mitigating this error in models, we may also
rectify knownbiases in the simulation of externally forced trend inthe
tropical Pacific*®. Although here we demonstrate that forcing excites
the PDO pattern inisolation from the tropics, climate variability in
these tworegionsisintertwined®. Overall, climate models incorrectly
simulate a forced El Nifio-like trend in the tropical Pacific over the
past few decades*, which is at odds with the neutral or La Nifia-like
trend in observations and theory*®*%, This erroneous trend seems to
be uniquely within the tropics®. We show that the ongoing negative
trend in the extratropical PDO, including the associated cooling that
extendsinto the easterntropical Pacific, is underestimated by models.
If the signal-to-noise error were to be corrected in models, it follows
that the cooling simulated by models in the eastern tropical Pacific
could be enhanced through the extratropical influence of the forced
PDO to be broughtinto better agreement with observations.

The meteorological droughtinthe western United States is currently
thought to beinternally generated by anatural, albeit unlucky, combi-
nation of variations in the climate system. This idea prevails because
climate models do not explain the magnitude of the observed precipi-
tation decline®. However, it is established that the PDO is associated
with precipitation in the western United States**. Thus, our findings

Correlation coefficient

Correlation coefficient

members (blue cloud). d-f, Comparison of the correlation coefficientbetween
theinternally generated PDO indicesinindividual ensemble members and
observations (blue histogram) with the correlation coefficient of the ensemble
mean and observation (black verticalline). The empirical 90% confidence level
(two-tailed) for the distribution of correlationsisshown as alight grey vertical
line.

that models underestimate the forced response of the PDO suggest
that the meteorological drought has a large anthropogenic compo-
nent. We correct for this error by setting the signal-to-noise ratio in
models equal to our estimate of that in observations® (Methods).
We retain random interannual variability in each ensemble member
but reduce its amplitude and increase the amplitude of the forced
PDO and associated impacts (Fig. 5a,b). After this correction for the
signal-to-noise error, we find amuch larger precipitation deficitin the
western United States than the original ensemble (-12.6% compared
with-2.1% of climatology per 30 years), bringing them close to obser-
vations (-13.3%; Fig. 5c-e). Negative precipitation trends as large as
observed are commonplacein the statistically corrected ensemble but
wererare inthe original ensemble (47% of simulations compared with
12%). Correcting for the signal-to-noise error in climate models attrib-
utes nearly all of the observed long-term precipitation decline over the
past few decades to anthropogenic forcing, through the forced PDO. In
additiontothe forced PDO, thereisalso arole forinternally generated
tropical Pacific SST variability in setting the precipitation rates over the
western United States***. A complete analysis of the role of forcing in
the meteorological drought would have to account for uncertainty in
the magnitude of the signal-to-noise error in PDO impacts, how the
signal-to-noise error changes in response to different combinations
of forcing agents and the possibility that observed internal variability
confounds our estimate of the observed, forced signal. We find the
last of these sources of uncertainty unlikely to influence our results
(Methods).
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Although our results emphasize the newfound role for external
forcing in the PDO and its impacts, internal variability is an impor-
tant contributor, especially on interannual and shorter timescales.
For example, internal variations in ENSO influence the PDO on inter-
annual timescales®® and, therefore, accurate ENSO predictions can
add skill to near-term PDO predictions. Model errors in the tropi-
cal Pacific or elsewhere may deleteriously influence our results on
the PDO and its impacts, as in any study reliant on models. Because
our estimate of the magnitude of the forced PDO is based on corre-
lations, underestimating the internal component of the PDO* is an
error that does not affect our results (Methods). A subset of models
with arealisticinternally generated PDO produce aforced PDO that is
well-correlated with observations but still exhibit the signal-to-noise
error, as in the full ensemble (Fig. 6). Thus, our estimates of the
role of external forcing in the PDO stand up to knowable forms of
uncertainty but are still bound by the limitations of any modelling
study.

Forced PDO portends future drought

Overall, we find that humanactivity is akey contributor to multi-decadal
trends in the PDO since the 1950s. Aerosol emissions influenced the
positive trend in the PDO from the 1950s to 1980s. The abatement of
industrial aerosol emissions paired with exponentially rising green-
house gas emissions are influencing the ongoing negative trend in the
PDO. This history of external forcing can thus explain a statistically
significant portion of multidecadal PDO impacts over the past seven
decades, including the ongoing drought in the western United States,
asshown here. Therole of external forcingsin the PDO was obscured by
anunrealistically low signal-to-noise ratio in climate models, which we
can expose only because we now have an extraordinarily large ensemble
of climate model simulations. We suggest that the small amplitude of
theforced PDOis related to an underestimated Aleutian Low response
to external forcing in models. By identifying this error in the North
Pacific, we have added to the results for the North Atlantic", showing
that the signal-to-noise error is a pervasive problem across the extra-
tropics in the Northern Hemisphere. Resolving the signal-to-noise
error, therefore, offers the prospect of improvements in predictive
skill for regional climate in climate models based on the projections of
external forcing. At the very least, it would allow equivalent skill with
far smaller ensembles.

Model improvements, such as increasing spatial resolution, may
help mitigate the signal-to-noise error*®*’ by improving the simulation
of both oceanic*®** and atmosphere-ocean feedbacks**°. Of course,
model development is expensive and time-consuming. Although we
await improvements in models, reinterpretation of the existing cat-
alogue of climate model output holds the potential to improve our
understanding and ability to project regional climate changes. For
example, because of the signal-to-noise error in climate models, the
prevailing view has been that the ongoing historical western United
States meteorological drought is a natural variation associated with
the oscillating internal PDO. Thus, it is expected to abate when the
PDO reverses sign. In our reinterpretation of model output, we pro-
ject that so long as ongoing anthropogenic forcing trends continue,
the PDO will remain persistent in its negative state, driving continued
precipitation deficits in the western United States. The difference is
highly consequential.

Online content
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Methods

Models

We study an extremely large collection of climate model simulations
from the past two generations of model development®* * (Extended
Data Table 1). This collection is composed of simulations from 13
individual climate models. We choose models that have at least 20
publicly available simulations each. All simulations are forced with
the best estimates of observed external forcing for the full length
of each run. The climate trajectory in each simulation is composed
of aunique sequence of internally generated variability not neces-
sarily correlated with the observed variability, plus an externally
forced response common to all simulations. The forced response
includes both anthropogenic global warming and regional climate
changes and is isolated by averaging changes in a given climate vari-
able, such as SST, across many simulations®®. We consider the time
period common to all members, 1950-2014. Note that for CMIP5
models, 2006-2014 is forced with scenario forcing, not observations.
We also consider single-forcing runs from DAMIP®* (Extended Data
Table 1). As mentioned in the main text, each of these runs is forced
with one time-varying source of external forcing (industrial aerosols,
greenhouse gases or natural sources), whereas the others remain
constant.

Observations

We compare the simulations used in this study to the PDO index as
calculated by the National Oceanic and Atmospheric Administration
(NOAA) National Centers for Environmental Information, using the
Extended Reconstructed Sea Surface Temperature v.5 of NOAAY. To
check for robustness, we recalculate the PDO index from the gridded
Hadley Centre Sea Ice and Sea Surface Temperature (HadISST) data-
set’. Both indices are highly similar; we use the HadISST PDO index
for display. This SST dataset is also used for the observed temperature
maps presented herein. To consider the pattern and strength of the
atmospheric circulation over the North Pacific, we use NCEP/NCAR
Twentieth Century Reanalysis v.2c (ref. 63). For estimates of south-
western US precipitation, we use a 1° x 1° configuration of the Global
Precipitation Climatology Project v.2018 (GPCP) gridded monthly
precipitation product covering the years 1901-2014 (ref. 65).

Indices

Ineachindividual simulation, we first calculate monthly SST anomalies
relative to the climatological seasonal cycle. We next calculate the
PDO index as the first EOF of North Pacific (20°-80° N) monthly SST
anomalies, after subtracting the global mean SST anomaly from each
monthat each grid point®. We choose this index because of its historical
and ongoing value in forecasting climate impacts"*%, Furthermore, by
removing global mean SST, we show that the relationship between forc-
ingand the PDO is more than the obvious GHG-induced warming trend.
Analternative definition of the PDO index that removes North Pacific
average SSTsinstead of global average SST yields qualitatively similar
results for the metrics we put forward in the main text and Extended
DataFig. 2. To calculate the forced component of the PDO index in
models, we average each of theseindividual PDO indices together. We
follow the convention that the PDO is positive when there is warming
along the coast of North America paired with cooling off the coast of
Japan®. The Kuroshio-Oyashio Extension Index is calculated as the
linearly detrended, area-weighted average SST between 25°-35° N
and 150°-180° E (ref. 5). The North Pacific Index, ameasure of Aleutian
Low strengthis calculated as the area-weighted average sea-level pres-
sure between 35°-65° Nand 160° E-140° W (ref. 69). The precipitation
index of the western United States is the water-year average (October
to September), area-weighted average total precipitation between
31°-42° Nand 125°-110° W, over land (following ref. 43). ENSO is sum-
marized using the Nifio 3.4 Index, the area-weighted average monthly

SST anomalies in the tropical Pacific (5° S-5° N, 170° W-120° W). The
forced component of each of these indices is calculated as the average
across all simulations of the individual indices. The externally forced
temperature, pressure and precipitation maps are calculated by first
finding the ensemble mean field and then calculating any appropriate
regression. In this construction of the ensemble mean, each ensem-
ble member, not each model, is weighted equally. All time series are
low-pass filtered using a 100-point Lanczos filter with a 1/10 year
half-power frequency, unless otherwise noted. Endpoints are pad-
ded with the mean of the timeseries. Other approaches, including
padding with zeros, repeating endpoints and removing endpoints,
were all tested and did not affect our results. For the observed PDO
index, we remove the ENSO signal using linear regression. This sim-
ple method probably does not fully remove the influence of ENSO on
the PDO*.

Statistical significance

Throughout this study, we test several complementary null hypotheses

toensure robustness and transparency inour results. These tests seek

to account for the limited number of degrees of freedom afforded by
short time series with high autocorrelations:

1. Testingthe null hypothesis that the Pearson correlation coefficient
is equal to zero: each of the time series presented in this work has
strongautocorrelation. To account for this, we useacommonly used
empirical statistical test’. This test creates surrogate ensemble
mean PDO time series by re-shuffling the phases of its periodogram.
Eachsurrogate timeseries, therefore, has the same autocorrelation
structure as the original time series. We correlate the surrogate time
series with the observed time series and repeat the process 10,000
times to create a distribution. We calculate a P-value by comparing
the original correlation to this distribution.

2. Testingthe null hypothesisthat the correlation betweenthe ensem-
ble meanand observations is a chance result of internal variability:
this test is a corollary to the null hypothesis that the correlation
coefficient is zero but tests the correlation against realizations of
internal variability generated by the models rather than statistically
generated realizations. This approach allows our test to account for
the differences in the temporal structure of internal variability, as
estimated by the model. Toisolate internal variability, we remove the
ensemble mean PDO from the PDO index in each individual mem-
ber (as in Fig. 2a). We then correlate the observed time series with
eachmodel-generated realization of internal variability to create a
distribution. We calculate the significance level by comparing the
original correlation to this distribution.

3. Testing the null hypothesis that the forced correlation is a result of
the chance alignment between the forced response of the model and
internal variability: here we correlate the PDO index with the PDO
index from each individual ensemble member to create a distribu-
tion. We calculate the significance level by comparing the original
correlation to this distribution.

4. Testing the null hypothesis that the ensemble mean is effectively
isolating the forced response: here, we randomly resample indi-
vidual model runs (with replacement) 10,000 times to construct new
100-member ensembles. We then create 10,000 new ensemble mean
PDO indices and correlate each of them with observations to cre-
ateadistribution. We use this distribution to construct confidence
intervals. Using this approach, we find that the average ensemble
mean PDO index froma 572-member ensemble produces a correla-
tion of 0.71(95% confidence interval: 0.66-0.76) with observations.
Likewise, we find that the average ensemble mean KOE SST index
from a 572-member ensemble produces a correlation of 0.57 (95%
confidenceinterval: 0.51-0.62) with observations. The meanvalues
areslightly different from the fullensemble values presented in the
text because we resample with replacement. In Fig. 2d, we extend
thisapproach to test different ensemble sizes.



Inthis study, eachassertation s typically subject to several of these
tests, as appropriate.

Estimating the signal-to-total variance ratios inmodels and
observations

We are interested in isolating the role of forcing in observations but
areonly privy to onerealization of the climate of Earth. The (unknow-
able) true forced response O(t), is a component of the observed
timeseries:

0(t) = Op() + O\(t)

where O\(t) is the (unknowable) internally generated variability in the
observed time series. We estimate the forced response by aregression
on the ensemble mean EM(¢) of model runs

O () = BEM(8) +€

Thefraction of observed variance explained by this regression model
is
R.2 = G—Fz = ﬂ
‘os o5
where oy is the (unknowable) forced variance, o is the total observed
variance and o3, is the variance of the model ensemble mean.

Unlike observations, in large ensembles, we know the ratio of
forced-to-total variability, Rjz. We estimate it as the variance of the
ensemble mean, o3, divided by the average of the total variance in
each ensemble member, o

2
R2= Ogm
J T L2

Og

There are other ways to estimate this fraction of model variance
thatisforced; forexample, we could find R;as the average correlation
ofeach of theensemble members with the ensemble mean. As ensem-
ble sizejincreases, the various estimates converge asymptotically,
and with our sample size of 572, the differences are negligible (R < 0.01).
As we discuss in the text and show in Extended Data Table 3, our esti-
mate of the observed forced variance ratio, R?, is much larger than
theratio that we estimate from our large ensemble, RJ-Z. It follows that
the (estimated) observed signal-to-noise ratio, R,-Z/(l - R,-Z) iseven
larger compared with the model signal-to-noise ratio, R?/(1 - R}). The
mismatch between these two ratios is known as the signal-to-noise
paradox®?%,

Novel attribution technique that accounts for the signal-to-
noise error in climate models

To estimate the impacts of the forced PDO, we statistically correct for
this signal-to-noise errorinmodels. We do so by rescaling the variance
ofthe multidecadal, forced PDO and its impacts in each simulation so
that the signal-to-total ratio of the PDOindexis the same asthatin the
observations. As in most applications of imperfect models to nature,
we have already corrected for the mean state by using anomalies and
correcting for overall amplitude error by rescaling using observed vari-
ance. We use this rescaled model output to better understand forced
PDOimpacts, forinstance, precipitationin the western United States.
We label thisimpact variable X; it is the sum of acomponent X thatis
aresponseto the forced PDO and an unforced component X,.,. We find
Xppo by linearly regressing Xon the PDO index. X, is then the residual
X - Xevpo- We separate this resultant field, X, into low-frequency X,
and high-frequency components X, by low-pass filtering the time
series at each grid point. We then rescale both the forced component
related to the PDO and the remaining low-frequency component so

that the signal-to-noise ratio in the model matches that estimated for
the observations; that s,

2 2
X'= Rsz % Xeppo + % X Xip+ Xup
\ Ri \ l_Ri

Note that the higher-frequency variance (residual after low-pass
filtering) remains atits originalamplitude and that the total LP variance
is unchanged. The assumption that total variance remains constant
affects the width of the resultant distributions, but not our ensemble
meanresults. Weretain the model-generated high-frequency variance
to ensure the strongest possible tests of our results.

There are multiple potential sources of uncertainty in our estimate
ofthe signal-to-noise ratio used for thisrecalibration. A testable source
ofuncertainty is the possibility thatinternal variability in observations
aligns with the ensemble mean to artificially inflate our estimate of the
observed signal-to-noise ratio. For our estimate of the signal-to-noise
ratio in observations (R%/(1- R?), 0.53/(1 - 0.53) =1.13) to be so wrong
astobethesameasinmodels (0.07/(1- 0.07) = 0.08), the correlation
between the ensemble mean and internal variability must exceed 0.62.
This occurs in 1 out of our 572 ensemble members. This potentially
thorny ensemble member simulates a 3.48% per 30 years increase in
precipitationbetween 1983 and 2012 (relative toa13.3% decreasein pre-
cipitationinobservations).So, evenif we accept the small chance that
internal variability has confounded our understanding of the forced
PDO—in this one extreme example present in the large ensemble—it
does not explain the observed drought nor detract from our argument
that the drought will continue to be forced moving forward.
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were provided by the Met Office (United Kingdom) and are available
athttps://www.metoffice.gov.uk/hadobs/hadisst/. This study used the
MATLAB Mapping Toolbox to construct maps, including the Coastlines
dataset™.
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Extended DataFig.1|Thelimited effect of ENSO removal onthe observed PDOindex. Observed PDO index timeseries (from NOAA) withand without
linearly-removing ENSO for unfiltered (annual average) and low-pass (LP) filtered data.
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PDO (GMSST Removed) 0.43 (6%) 0.73 (4%)
PDO (North Pacific Removed) 0.36 (8%) 0.69 (6%)
KOE SST Index 0.34 (9%) 0.68 (4%)

Extended DataFig.2|The forced component of the PDOisrelatively
insensitive to the PDO index definition. The PDO indexin all panelsis defined
asthe1*'principal component of North Pacific sea-surface temperatures after
removing North Pacificaverage SSTs (Methods). a, The observed PDO index
(black) compared with the ensemble mean PDO index from the all-forcings
simulations (dark blue) and the normalized ensemble mean PDO index from
theall-forcings simulations (light blue). We normalize the forced PDO index
strictly toillustrate the timing of the shiftsin bothindices; the amplitudes of
eachtimeseriesarelistedin Extended Data Table 2 and discussed in-text.

b, Regression of observed SST (colours) and sea-level pressure (contours; hPa
perunitofthe PDO index) on the observed PDO index. We draw contours every
-0.5hPainpurple; thezero contourisinblack. The KOE regionis outlined
insolid black. c, Regression of forced SST (colours) and sea-level pressure
(contours) onthe normalized, forced PDO index. d, Correlation coefficients
andtheirsignificance levels for the three PDO definitions in the main text. Asin
the maintext, the KOESST indexis detrended. Significance levels are calculated
empirically via phase re-shuffling (Methods).
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Extended DataFig.3| Therole of external forcingis similarinaN. Pacific

sea-surface temperatureindex. Anindexoflinearly detrended, spatial-average
sea-surface temperaturesin the Kuroshio-Oyashio Extension region of the North
Pacificis calculated (31°-36°N, 140° - 165° E; black outline) and regressed on
SSTsinobservations and models, which shows that the forced signal described
in-textisnotanartifact of the method we use to calculate thePDOindex.a, The
detrended, observed KOE sea-surface temperatureindex (black) compared and

the detrended ensemble mean KOE SST index (dark blue) and the normalized,
detrended, ensemble mean KOE SST index from the all-forcings simulations
(light blue). We normalize the forced KOE index strictly toillustrate the timing
oftheshiftsinbothindices; the amplitudes of each timeseries arelisted in
Extended Data Table 2 and discussed in-text. b, Regression of observed SST
(colours) onthe observed, detrended, KOE index. ¢, Regression of forced SST
(colours) onthe normalized, detrended, forced KOE index.
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Extended DataFig.4 | Thereisameaningful forced componentinthe PDO
inmostsingle-model large ensembles. All panels: for each ensemble size, in
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notits square, explained variance (as in Fig. 2d), because some values are
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Extended DataFig. 5| Asforcingintensifies, the role of forcinginthe PDO Table 1) implying that these bars may not be directly comparable to each other,
growslarger. a,b, External forcing explains more PDO variance after 1950 on especially for those models with fewer simulations. Please note that the “all
both (a) interannual and (b) multidecadal timescales. Please note we only plot models” value varies slightly from the text because we calculate the first
bars where model output allows; not allmodels were initialized in or before principal component of North Pacific SST earlier than1950 in those models
1870 (see Extended Data Table 1). Also, the number of simulationsineach thatallow. The black dots correspond to the empirical 90% confidence level, as

single-model ensemble varies (listed below model name and in Extended Data calculated via phase re-shuffling (Methods).
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Extended DataFig. 6| The model-generated internal and forced PDO We then average these regression patterns across the full multi-model

patterns appear similar to observations and each other. a, Regression of ensemble with eachmember weighted equally. ¢, Regression of ensemble
observed SST onthe observed PDO index. b, The average regression pattern of mean SST onthe normalized, ensemble mean PDO index from the all-forcings
theinternal PDO SST patternacross all ensemble members. In eachensemble simulations.

member, we calculate the regression of SST on the PDO index at each grid point.
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Extended DataFig.7 | The explanatory power of the forced PDO is not spread from the all-forcings simulations (blue cloud). Right panels: regression

sensitive to model configuration. Left panels: the observed PDO index of ensemble mean SST (colours) on the normalized, ensemble mean PDO index.
(black) compared with the ensemble mean PDO index from the all-forcings The number of membersineachensembleislistedin parentheses nexttothe
simulations (dark blue), the normalized ensemble mean PDO index from the description.

all-forcings simulations (light blue), and the two standard deviation ensemble
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Extended Data Table 1| Components of the multi-model large ensemble

All-forcings

CMIP5 Ensembles Atmospheric resolution # of members (270) Start year Emissions vs. concentrations Fully-interactive
NCAR-CESM1 1deg 40 1920 Emissions Yes
GFDL-CM3 2deg 20 1920 Emissions Yes
GFDL-ESM2M 2deg 30 1950 Concentration No
CCCma-canESM2 2.8deg 50 1950 Concentration Yes
CSIRO-Mk3 1.9deg 30 1850 Emissions Yes
MPI-ESM-LR 1.9deg 100 1850 Emissions No

CMIP6 Ensembles Atmospheric resolution # of members (302) Start year Emissions vs. concentrations Fully-interactive
NCAR-CESM2 1deg 100 1850 Emissions Yes
GFDL-SPEAR 0.5deg 30 1921 Emissions Yes
IPSL-CM6A-LR ~2deg 32 1850 Concentration Yes
MIROC6 ~2deg 50 1850 Emissions Yes
canESM5 ~2deg 50 1850 Emissions Yes
ACCESS-ESM1.5 ~1.5deg 40 1850 Emissions Yes

Single-forcing

Model Aerosol-only (75) GHG-only (82) Natural-only (129)
canESM5 30 50 50
CNRM-CM6 10 9 10
GISS-E2_1_G 15 10 20
IPSL CM6A LR 10 10 8

Additional details on the climate models studied®*%2¢*%¢, Classifications for cloud-aerosol interactions are constructed following®.



Article

Extended Data Table 2 | Decomposition of North Pacific SST variance

a b
Forced Variance Forced Internal Total variance
1870-1949 15650-2014 Variance Variance (Forced plus
" Internal)
PDO Index (Unfiltered 0.02 0.04
( ) KOE SST Index

PDO Index (LP) 0.02 0.04 (Unfiltered)

KOE SST Index . 04 1870 - 1949 0.01 0.36 0.37

(Unfiltered) - - 1950 - 2014 0.14 0.36 0.50
1870 - 2014 0.08 0.38 0.46

KOE SST Index (LP) 0.01 0.13 KOE SST Index
(LP)
1870 - 1949 0.01 0.18 0.19
1950 - 2014 0.13 0.18 0.31 _
1870 - 2014 0.07 0.21 0.28

a, Ensemble mean variance for the PDO index and detrended KOE SST index from the suite of models that were initialized in 1850 (see Extended Data Table 1). Values are reported for both the
annual average indices and the low-pass filtered (LP) indices. b, Forced, internal, and total variance in the unfiltered and low-pass filtered (LP) KOE SST index, spliced by time period. The internal
variance is calculated by subtracting the ensemble mean KOE SST index from each individual ensemble member’s detrended KOE SST index, as in the main text.



Extended Data Table 3 | The signal-to-noise error in response to external forcing

All-Forcings
Name # members R2 (1950 — R2 (1990 — R2 (1950 — S:T PDO S:TKOESST S:TNPI
1989) 2014) 2014)
All 572 0.43 (0.01) 0.35 (0.14) 0.53 (0.02) 0.19 0.27 0.09
CMIP5 270 0.51 (0.01) 0.35 (0.14) 0.59 (0.01) 0.15 0.20 0.09
CMIP6 302 0.28 (0.03) 0.36 (0.14) 0.44 (0.05) 0.25 0.34 0.11
Emissions 460 0.37 (0.02) 0.44 (0.12) 0.50 (0.02) 0.21 0.28 0.11
Concentrations 112 0.57 (0.01) 0.03 0.33 (0.07) 0.17 0.23 0.13
(0.35)
Interactive 442 0.35 (0.02) 0.31(0.15) 0.46 (0.04) 0.20 0.29 0.09
Not interactive 130 0.31 (0.04) 0.58 (0.08) 0.50 (0.01) 0.22 0.27 0.12
Single-Forcing
Name Total number of R2 (1950 — R2 (1990 — R2 (1950 — S:T PDO S:T PDO S:T PDO
members 1989) 2014) 2014) (1950-1989) (1990 -2014) (1950 -
2014)
Aerosol-only 75 0.58 (<0.01) 0.16 0.04 (0.40) 0.02 0.01 0.02
(0.22)
GHG-only 82 0.60 (<0.01) 0.57 0.09 (0.31) 0.17 0.19 0.45
(0.10)
Natural only 129 0.38 0.00 0.01 (0.38) 0.02 0.01 0.02
(0.03) (0.52)

The timing and amplitude of the forced PDO for all-forcings ensembles of varying model designs and for the single-forcing ensembles (see Extended Data Table 1). The R? columns report the
square of the correlation between the ensemble mean and observed PDO indices for the time period indicated along with its significance level. The significance level is calculated empirically
asin Fig. 1a, via phase reshuffling of the ensemble mean in frequency space’. For the R? columns, significance testing was applied to the correlation. Please note that the correlation coefficient
between the GHG-only ensemble mean and observations is negative. The signal-to-total ratios estimated in the three right-most columns are calculated as the ratio of forced-to-total variance.
The “signal-to-noise paradox”, described in Methods, emerges when there is a mismatch between the R? values and the signal-to-total ratios. Signal-to-total ratios are reported for the PDO index,
KOE SST index, and the North Pacific Index (NPI) for the all-forcings ensembles and for the listed time periods for the single-forcing ensembles.
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