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ABSTRACT
Application of random sampling techniques to composite differences between 18 El Niño and 14 La Niña
events observed since 1920 reveals considerable uncertainty in both the pattern and amplitude of the
Northern Hemisphere extratropical winter sea level pressure (SLP) response to ENSO. While the SLP responses over the North Pacific and North America are robust to sampling variability, their magnitudes can
vary by a factor of 2; other regions, such as the Arctic, North Atlantic, and Europe are less robust in their SLP
patterns, amplitudes, and statistical significance. The uncertainties on the observed ENSO composite are
shown to arise mainly from atmospheric internal variability as opposed to ENSO diversity. These observational findings pose considerable challenges for the evaluation of ENSO teleconnections in models. An approach is proposed that incorporates both pattern and amplitude uncertainty in the observational target,
allowing for discrimination between true model biases in the forced ENSO response and apparent model
biases that arise from limited sampling of non-ENSO-related internal variability. Large initial-condition
coupled model ensembles with realistic tropical Pacific sea surface temperature anomaly evolution during
1920–2013 show similar levels of uncertainty in their ENSO teleconnections as found in observations. Because
the set of ENSO events in each of the model composites is the same (and identical to that in observations),
these uncertainties are entirely attributable to sampling fluctuations arising from internal variability, which is
shown to originate from atmospheric processes. The initial-condition model ensembles thus inform the interpretation of the single observed ENSO composite and vice versa.

1. Introduction
The El Niño–Southern Oscillation (ENSO) phenomenon is the leading mode of coupled variability of the
tropical ocean–atmosphere system on interannual time
scales (e.g., Philander 1990; Neelin 2012; and references
therein). During its warm phase (El Niño), sea surface
temperatures (SSTs) in the central and eastern tropical
Pacific increase, the trade winds weaken, and the
equatorial Pacific thermocline flattens. Opposite-signed
changes occur during the cool phase (La Niña), with a
tendency for weaker but longer-lived anomalies compared with those during the warm phase. ENSO events
typically last 1–2 years and repeat irregularly at intervals
of approximately 3–8 years. Driven primarily by coupled
air–sea processes within the tropical Indo-Pacific, the
effects of ENSO are transmitted to the rest of the world
a
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via changes in the large-scale atmospheric circulation,
with ensuing impacts on climate and ecosystems.
Recent progress in understanding, observing, and
modeling ENSO has resulted in skillful dynamical
predictions of this phenomenon up to two seasons in
advance (Barnston et al. 2012; Kirtman et al. 2014;
McPhaden et al. 2015; Stock et al. 2015; Gonzalez and
Goddard 2016; Infanti and Kirtman 2016; Kumar et al.
2016). Similarly, improved understanding of the dynamical processes governing the extratropical atmospheric circulation response to ENSO has provided a
physical basis for seasonal climate prediction over North
America and Eurasia (Ropelewski and Halpert 1987;
Shukla et al. 2000; Tippett et al. 2012; L’Heureux et al.
2015; Scaife et al. 2014; Dunstone et al. 2016). Such
forecasts, although less skillful than those for ENSO itself
because of the presence of inherently unpredictable atmospheric variability (i.e., atmospheric noise), are of
great economic value and benefit to society.
The extratropical Northern Hemisphere atmospheric
circulation response to ENSO includes regional teleconnection patterns over the Pacific–American and
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Atlantic–European sectors, as well as a zonal-mean
component manifest in the position and strength of the
subtropical and midlatitude jet streams (e.g., Horel and
Wallace 1981; Alexander et al. 2002; Seager et al. 2003;
Spencer and Slingo 2003; L’Heureux and Thompson
2006; Lu et al. 2008; and many others). Dynamical understanding of these responses is well advanced, albeit
still incomplete. In particular, zonally asymmetric
ENSO teleconnections can be understood within the
general theoretical framework of poleward-propagating
Rossby waves forced from the tropics by anomalous
upper-tropospheric divergence associated with latent
heat release in deep convection and subsequently
modified by wave–mean flow interactions (Hoskins and
Karoly 1981; Simmons et al. 1983; Held et al. 1989;
Hoskins and Ambrizzi 1993; Sardeshmukh and Hoskins
1988; Trenberth et al. 1998; Garfinkel and Hartmann
2010; and many others). Stratosphere–troposphere
coupling may also play a role in the response over the
North Atlantic–European sector (e.g., Manzini et al.
2006; Garfinkel and Hartmann 2008; Ineson and Scaife
2009; Cagnazzo and Manzini 2009; Nishii et al. 2010;
Richter et al. 2015).
How well do we know the observed atmospheric circulation response to ENSO? It may seem surprising to
ask this question, given the long history of empirical
ENSO research discussed above. However, growing
appreciation of the challenge of isolating the forced response to a given perturbation in the presence of unrelated internal variability prompts a revisiting of this
question (e.g., Deser et al. 2012a; Wallace et al. 2013;
McGraw et al. 2016). Typically, empirical studies apply
compositing or regression analysis to a particular period
of record, almost always ,50 yr, to estimate the observed extratropical atmospheric circulation response to
ENSO (e.g., Horel and Wallace 1981; Trenberth and
Caron 2000; Hoerling et al. 2001; DeWeaver and Nigam
2002; Garfinkel et al. 2013; Frauen et al. 2014). If the
sample size of ENSO events in the period analyzed is
sufficiently large, the noise due to variability that exists in
the absence of ENSO will be minimized, revealing the
forced response. The question then becomes how many
events (or what length of record) are needed to identify the
forced response without significant aliasing of unrelated
variability? Further, the fact that no two El Niño events
(and no two La Niña events) are identical poses additional
challenges for estimating the forced response to ENSO
based on observations (see also Garfinkel et al. 2013).
The longest observational records that exist for determining the atmospheric circulation response to
ENSO are those based on station pressure. Indeed, the
earliest studies of global atmospheric teleconnection
patterns utilized surface pressure measurements at land
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stations (i.e., Exner 2015; Walker 1923). Merchant ships
also collected data on sea level pressure (SLP), providing complementary coverage over the oceans starting
in the mid-nineteenth century (e.g., Woodruff et al.
2008). However, reliable marine data coverage in the
Northern Hemisphere (NH) did not begin until the early
1920s, with some areas of the North Pacific not well
sampled until after World War II (Woodruff et al. 2008;
Trenberth and Paolino 1980; Deser et al. 2010; Raible
et al. 2014) and the Southern Ocean not until at least the
1960s (Fan et al. 2014). Thus, empirical determination of
the observed atmospheric response to ENSO relies on a
record that is, at best, approximately 100 years long. To
what degree this record provides a sufficient sampling of
ENSO events is one of the questions this study will
address.
Atmospheric modeling studies have long known the
importance of large sample sizes to obtain robust statistics on the response to a given forcing. For example,
Sardeshmukh et al. (2000) examined the global atmospheric circulation responses to the 1986/87 El Niño and
1988/89 La Niña events using 180-member ensembles of
simulations with an atmospheric general circulation
model (AGCM). With such large ensembles, it was
possible to obtain detailed information on the remote
response to ENSO, including changes in the probability
of occurrence of extreme events and asymmetries between El Niño and La Niña. In this case, the ensemble
spread was entirely attributable to internal atmospheric
variability. Hoerling and Kumar (1997) used a similar
approach to study the atmospheric response to the seven
strongest El Niño events during 1950–94 based on a
13-member AGCM ensemble. By comparing the ensemble spread for each individual event and for the composite
of all seven events, they concluded that internal atmospheric processes contributed to the majority of the uncertainty in the forced response (given by the seven-event
composite), more so than differences among individual El
Niño events.
While modeling studies have the luxury of large ensemble sizes to identify the forced response in the
presence of noise, observational studies are limited to
a single realization for any given ENSO event or any
particular composite of ENSO events. However, conclusions regarding the uncertainty in the model’s forced
response to ENSO are only valid to the extent that the
model realistically simulates internal variability unrelated to ENSO. Indeed, Scaife et al. (2014) and
Dunstone et al. (2016) suggest that, for the case of the
North Atlantic Oscillation (NAO), models may have
too much atmospheric noise and therefore spuriously
small signal-to-noise ratios and thus may require larger
ensemble sizes for skillful predictions than would be
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needed in the real world. The question of whether
models’ responses to ENSO are subject to realistic levels
of uncertainty arising from atmospheric noise shall be
addressed in this study.
Renewed interest in ENSO diversity (e.g., Capotondi
et al. 2015) has led to a proliferation of studies examining whether different types of events lead to distinct
circulation responses. For example, some studies claim
that El Niño events that maximize in the central Pacific
drive different extratropical responses from those that
peak in the eastern Pacific (e.g., Graf and Zanchettin
2012; Hegyi and Deng 2011; Xie et al. 2012; Feng et al.
2016; Yu et al. 2012, 2015). Others question whether
these findings are statistically robust because of the
limited sample of events in each category (Garfinkel
et al. 2013). Similarly, the issue of whether El Niño and
La Niña produce nonlinear responses in terms of amplitude and pattern remains controversial, with some
studies reporting significant nonlinearities (Hoerling
et al. 1997, 2001) and others finding no significant differences once internal decadal-scale climate variability
is accounted for (DeWeaver and Nigam 2002). We note
that the nonlinear ENSO responses identified in Frauen
et al. (2014) are mainly confined to the tropics and
subtropics, not the middle and high latitudes that are the
subject of this investigation.
Given the limited span of the observational record,
sampling requirements suggested from modeling studies, and ENSO diversity, we revisit the issue of how well
the observed atmospheric circulation response to ENSO
is known and how to evaluate models accordingly. While
this subject is not new (i.e., all of the studies cited above
include estimates of statistical significance on their
ENSO teleconnections), our approach provides a more
integrated perspective by incorporating information on
both pattern and amplitude uncertainty on the observed
ENSO response. We use as long of a record as feasible
within the observational data constraints (1920–2013, a
period that contains 18 El Niño events and 14 La Niña
events by our criteria) and standard random sampling
techniques to construct synthetic ENSO composites,
each of which could have plausibly occurred had a different temporal sequence of natural variability unrelated
to ENSO occurred. These synthetic observationally
based ENSO composites provide important context for,
and uncertainty bounds on, the one composite that actually did occur. Issues related to ENSO diversity and
nonlinearity within these synthetic composites are also
addressed.
In addition to our observational analysis, we analyze a
suite of initial-condition coupled and atmosphere-only
model ensembles with realistic tropical Pacific sea surface temperature anomaly evolution during 1920–2013.

5061

We then construct ENSO composites for each ensemble
member using the same set of events as in our observational analysis. The resulting range of composite
ENSO teleconnections across the individual members
of a given model ensemble provides a direct assessment
of the uncertainties associated with any single composite
sample (i.e., the model’s ensemble spread is the counterpart of the spread across the observationally based
synthetic composites for which there is only one actual
composite sample). That is, each composite within a
given model ensemble represents the model’s true
forced response to ENSO combined with a different
sampling of its (unrelated) internal variability. We then
propose an approach for evaluating the models’ ENSO
teleconnections that incorporates both pattern and
amplitude uncertainty in the observational target, allowing for discrimination between true model biases in
the forced response to ENSO and apparent model biases
that arise from limited sampling of non-ENSO-related
natural variability alone. Our focus is on ENSO teleconnections over the extratropical NH in boreal winter,
defined here as December–February (DJF). A forthcoming companion study will deal with the impacts of
these ENSO teleconnections on surface air temperature
and precipitation over North America.
The rest of this study is organized as follows. The
observational datasets, model simulations, and methodology are described in section 2. Results are presented
in section 3 and summarized and discussed in section 4.

2. Data and methods
a. Observational data
Our primary SLP dataset is the Twentieth Century
Reanalysis (20CR), version 2, (Compo et al. 2011) on a
28 latitude 3 28 longitude grid. The 20CR is an atmospheric reanalysis product that assimilates only surface
pressure reports using an ensemble Kalman filter procedure and observed monthly mean SSTs and sea ice
concentrations as surface boundary conditions, taken
from the Met Office HadISST1.1 (Rayner et al. 2003).
We verify that our results are robust to choice of dataset
by comparing the 20CR results with the ECMWF
reanalysis product, a combination of the ECMWF
twentieth-century reanalysis (ERA-20C; Poli et al.
2016) prior to 1979 and ERA-Interim (Dee et al. 2011)
after 1979. This dataset is provided on a 18 latitude 3
18 longitude grid, and like 20CR assimilates only surface
atmospheric fields (pressure and winds). We also verify
that the results based on 20CR and the ECMWF reanalyses are consistent with those obtained with the
Trenberth and Paolino (1980) SLP dataset. The latter
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is a purely observational dataset with some missing data;
it is provided on a 58 latitude 3 58 longitude grid.

b. Model simulations
We use a hierarchical set of model configurations and
simulations to examine the sensitivity of our results to
the degree of ocean–atmosphere coupling and model
structural uncertainty. These include: (i) tropical Pacific
pacemaker simulations, which make use of fully coupled
climate models but with the historical evolution of
SST anomalies in the eastern tropical Pacific relaxed
toward observations; these yield the global coupled
ocean–atmosphere response to observed ENSO events;
(ii) tropical ocean–global atmosphere (TOGA) simulations, which make use of atmosphere-only models with
the observed historical evolution of SSTs prescribed
throughout the tropics and the observed climatological
seasonal cycle of SSTs prescribed elsewhere; these yield
the atmospheric response in the absence of air–sea
coupling to the tropical-wide ENSO signal; and (iii) an
atmosphere-only control simulation configured by prescribing the climatological seasonal cycle of SSTs globally; this provides an assessment of internal atmospheric
variability, which can confound the forced response to
ENSO. With the exception of (iii), all simulations include the historical (and RCP8.5 after 2005) radiative
forcing protocols of CMIP5 (Taylor et al. 2012). More
detailed information on each type of simulation is
provided below.

1) TROPICAL PACIFIC PACEMAKER COUPLED
MODEL SIMULATIONS

A coordinated set of experiments was performed with
CESM1, GFDL CM2.1, and MIROC5 in which SST
anomalies in the eastern tropical Pacific (108S–108N,
1608–908W, with a linearly tapering buffer zone that extends to 208S and 208N, 1808W to the American coast)
are nudged to those from the NOAA Extended Reconstruction Sea Surface Temperature, version 3,
(ERSSTv3b) dataset. This protocol follows that of
Kosaka and Xie (2013) except for the choice of SST
dataset (they used HadISST1). In this way, the observed
evolution of ENSO is maintained in each simulation (i.e.,
ENSO is the pacemaker), with the rest of the model’s
coupled climate system free to evolve. Note that only the
SST anomalies, not the total SST, are nudged to observations, maintaining the model’s mean state, including
any model biases. Both CESM1 and GFDL CM2.1
performed 10-member ensembles, while MIROC5
conducted a five-member ensemble. Each models’ ensemble members are identical except for an initial atmospheric temperature perturbation introduced on the
first day of the simulation, of a magnitude that is at the
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level of round-off error [10214 8C; see also Kay et al.
(2015) for further explanation]. This small initial perturbation serves to create spread among the individual
members after a few months because of unpredictable
chaotic dynamics of the system (e.g., Lorenz 1963). The
GFDL and MIROC pacemaker runs begin in 1880, while
the CESM ones begin in 1920, and they all end in 2013.
We shall use the CESM1 pacemaker simulations as our
primary model dataset and therefore base all of our analyses on the period 1920–2013. For the purpose of our
study, we consider the pacemaker simulations to be the
most realistic setting for evaluating the models’ response
to ENSO, since observed SST anomalies are prescribed
only in the eastern tropical Pacific, leaving the rest of
the global coupled ocean–atmosphere–land system to
respond.

2) TOGA ATMOSPHERIC MODEL SIMULATIONS
Before the advent of the pacemaker protocol, the
typical approach for studying a model’s response to
ENSO was to prescribe the observed evolution of
tropical SSTs (either confined to the eastern Pacific or
encompassing all ocean basins), and the observed climatological seasonal cycle of SSTs elsewhere, to an atmospheric model coupled to a land surface model [the
so-called TOGA configuration (Lau and Nath 1994)]. A
10-member TOGA ensemble was conducted with the
atmosphere–land model components of CESM1, using
SSTs from ERSSTv4 and the same initial-condition
procedure for generating the individual members as
the CESM1 pacemaker runs. While these simulations
have the advantage of a realistic tropical-wide distribution of SST anomalies during ENSO (and a realistic SST
mean state), they are more idealized in the sense that
they lack two-way ocean–atmosphere coupling. We include them here to examine whether the results based on
the coupled pacemaker simulations hold for these more
traditional AMIP-style experiments. We note that a
slightly different version of the ERSST dataset was used
for the TOGA and pacemaker experiments. Version 4
of this dataset, which was used for the TOGA simulations,
has slightly smaller (;10%) variability in the eastern
equatorial Pacific than version 3b; the two datasets are
highly correlated in time (r . 0.99).

3) ATMOSPHERIC CONTROL SIMULATION
Finally, we make use of a 2600-yr preindustrial (constant 1850 radiative conditions) control simulation
conducted with CESM1’s atmosphere–land model
components using a prescribed repeating seasonal cycle
of SSTs and sea ice conditions taken from the long-term
climatology of a companion 2200-yr preindustrial control
run of the fully coupled CESM1 (see Kay et al. 2015).

13
14
9
11

09/10

1
1
1
—

06/07

—
1
—
—
1
—
—
—

97/98

1
2
—
1

94/95
91/92

1
1
—
3

1
1
4
2

82/83

3
2
—
2
—
2
2
2

72/73
68/69

—
1
—
—
—
1
1
2

65/66
63/64

2
1
2
1
1
1
1
1

57/58

2
—
4
2
1
—
—
—

41/42
40/41
30/31

1
1
—
1

86/87

87/88

1
2
1
—

02/03

2
—
—
—

UQ 18

DESER ET AL.

5063

This lengthy atmosphere-only control simulation provides robust statistics on the variability created solely
by the atmosphere and land. It does not include any
nonseasonal variation in marine surface boundary
conditions, including ENSO-related SST anomalies. As
such, it provides a benchmark for the simulated level of
unpredictable atmospheric circulation variability that
exists in the absence of ENSO.

c. Methods
We compute monthly anomalies by subtracting
the long-term monthly means based on the period
1920–2013 from the corresponding month of each year.
We then form winter (DJF) averages from the monthly
anomalies and linearly detrend the DJF time series. We
evaluate statistical significance using a two-sided Student’s t test as well as a random sampling approach, depending on the null hypothesis being tested (see section 3).
Next, we describe our procedures for constructing the
ENSO composites, including the application of random
sampling techniques.

1) ENSO COMPOSITING
We identify El Niño (EN) and La Niña (LN) events
using a standard approach based on the Niño-3.4 SST
index [SST anomalies averaged over 1208–1708W,
58S–58N (Barnston et al. 1997)]. Here we use ERSSTv3b
to construct the Niño-3.4 index. We first smooth the
monthly Niño-3.4 SST index with a three-point binomial
filter, average it over November–January (NDJ), linearly
detrend the time series, and identify EN (LN) events
when the detrended index exceeds (falls below minus)
one standard deviation (following, e.g., Alexander et al.
2002; Okumura and Deser 2010; Deser et al. 2012b). This
procedure yields 18 EN and 14 LN events during 1920–
2013; these events are listed in Tables 1 and 2. Note that
the Niño-3.4 index is based on NDJ, one month ahead
of the DJF season used for the extratropical SLP composites to accommodate the time scale of the Rossby
wave response to tropical heating [e.g., Alexander et al.
(2002) and references therein]. We form ENSO composites by subtracting the average of the 14 LN events
from the average of the 18 EN events. Similar ENSO
composites are obtained using the Niño-4 SST index (SST
anomalies averaged over 1608E–1508W, 58S–58N) in
place of Niño-3.4 (not shown).

25/26

—
1
2
1
AL10
AL90
AR10
AR90

2) RANDOM SAMPLING

El Niño

TABLE 1. The 18 El Niño events used for the ENSO composites, identified by the years spanning the season November–January (e.g., ‘‘25/26’’ indicates the El Niño event of 1925/26).
Shown are the number of times each event was sampled in the synthetic ENSO composites based on the 10th- and 90th-percentile values of the Aleutian low (AL10 and AL90,
respectively) and Arctic (AR10 and AR90, respectively) SLP indices shown in Fig. 4 (see text for details). The last column (bold font, labeled UQ) shows the number of unique events in
each composite.

1 JULY 2017

Our aim is to evaluate to what degree sampling variability influences our observed ENSO composites of SLP
over the extratropical NH. That is, to what extent can
we interpret the ENSO-composite circulation anomalies
as an accurate representation of nature’s response to
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TABLE 2. As in Table 1, but for 14 La Niña events.
La Niña
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ENSO, given that we only have 18 EN and 14 LN years to
examine? In the model world, we can examine this question directly by running an ensemble of simulations forced
by the observed evolution of ENSO to eliminate (or at
least greatly reduce) the noise from non-ENSO variability.
In the real world, we have no such recourse. If we assume
for the moment that the 18 EN events are exchangeable
and that the 14 LN events are exchangeable (in the sense
that event-to-event differences are unimportant), we can
form synthetic ENSO composites by randomly sampling
with replacement from among the 18 EN events and the

14 LN events, always retaining 18 samples for the former
and 14 samples for the latter (these samples will necessarily omit some events and repeat others). The resulting
‘‘bootstrapped’’ ENSO composites, which always consist
of 18 EN and 14 LN events, albeit nonunique ones, yield
an estimate of the degree to which non-ENSO sampling
variability influences the one ENSO composite we have
actually observed. Of course, this procedure breaks down
to the extent that event-to-event differences are important, or that the number of events is not sufficient to fully
characterize the variability. Both of these issues will be

FIG. 1. Distribution of (a) the number of unique El Niño events, (b) the maximum number of times a single El
Niño event is repeated, (c) the number of unique La Niña events, and (d) the maximum number of times a single La
Niña event is repeated, in the 2000 synthetic ENSO composites based on observations. See text for details.
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FIG. 2. ENSO composites of DJF SLP from each of the 10 CESM1 pacemaker simulations (labeled #01, . . . , #10) and from (bottom
right) 20CR. Each composite is based on the same set of 18 El Niño events minus 14 La Niña events during 1920–2013. Values not
significant at the 5% confidence level based on a two-sided t test are shaded in gray. Contour interval is 2 hPa.

addressed below. We have generated 2000 bootstrapped
samples following this procedure for both the observational record and for each model’s ensemble of simulations individually and combined. Note that the mean of
the 2000 bootstrapped composites based on observations
(or any individual model simulation) is centered on the
actual observed (simulated) ENSO composite. Finally, to
assess whether the 18 EN and 14 LN events sampled
during our period of study are sufficient to accurately
characterize the true distribution of internal variability
unrelated to ENSO, we also estimate non-ENSO-related
internal variability by considering the full 93-yr observational record, in addition to using the atmospheric model
control simulation (which omits ENSO by design).

To give an idea of the sampling characteristics of
ENSO events in our observed bootstrapped composites,
we show the distribution of the number of unique EN
and unique LN events across all 2000 samples, as well as
the distribution of the maximum number of times a
single EN event or a single LN event is repeated (Fig. 1).
The majority of observed bootstrapped composites
consist of 11–12 unique EN events and 9 unique LN
events, or approximately 64% of the total number of
unique events available in the record (18 EN and 14
LN). Similarly, the maximum number of times a single
event is repeated in either the EN or the LN observed
composite is most commonly 3, with ,5% of samples
having more than a maximum of 4 repetitions. Results
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are similar for the model simulations when applying the
random sampling procedure to each one individually
(not shown). When the procedure draws from all
members of a given model ensemble simultaneously, the
sampling of unique events and the maximum number of
repetitions of a given event are much higher and lower,
respectively (not shown).

3. Results
a. Observed and simulated ENSO SLP composites
over the NH
Figure 2 illustrates the diversity of patterns and magnitudes in ENSO composites of extratropical NH SLP
across the 10 CESM1 pacemaker simulations. Similar diversity is apparent in the GFDL and MIROC pacemaker
ensembles (see Figs. A1 and A2) and in the CESM1
TOGA ensemble (see Fig. A3). Recall that each composite is based on the same set of observed ENSO events
(18 EN and 14 LN) so that any differences among ensemble members are due entirely to sampling fluctuations
(i.e., contamination of the ENSO response by internal
variability). Here we evaluate statistical significance (at a
level of 5%) against a null hypothesis of zero response
using a two-sided Student’s t test. All ensemble members
show a significant negative SLP anomaly over the North
Pacific, but the amplitude of this response varies by
approximately a factor of 2 (e.g., member 1 shows maximum amplitude of 12 hPa compared with 6 hPa in member 2). There is also considerable diversity in other aspects
of the composites. For example, about half of the ensemble members show a significant positive SLP anomaly
in the polar region, while the others show no significant
polar response. In addition, the significant negative SLP
anomaly over the North Atlantic varies considerably in
amplitude and location across the runs: in some members,
it is confined to the southwestern portion of the basin,
while in others (notably runs 2 and 6) it extends to the
central and eastern Atlantic, forming a dipole structure
with the polar anomaly of opposite sign reminiscent of
the NAO (Hurrell et al. 2003). Thus, while there is
some commonality to the ENSO composites across the
ensemble members, such as the significant negative
SLP anomalies over the central North Pacific and
southwestern North Atlantic, their amplitudes vary by
approximately a factor of 2; in addition, significant SLP
anomalies over the polar region and central North
Atlantic are evident only in some members. Similar
results are found based on the period since 1950, which
consists of 14 EN and 9 LN events (see Fig. A4).
It is interesting to view the observed (20CR) composite in the context of the diversity of the CESM1
pacemaker simulations (Fig. 2, bottom-right panel). We
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note that nearly identical results to 20CR are obtained
with the ECMWF reanalyses (see Fig. A2) and the
Trenberth and Paolino (1980) dataset (see Fig. A3). The
main features of the observed composite can be identified in the various members of the pacemaker ensemble
(although not necessarily in any individual member,
although numbers 2 and 6 come close), such as the significant negative SLP anomalies over the central North
Pacific and across the Atlantic and the significant positive SLP anomalies near Iceland and the subtropical
western Pacific. However, the amplitude of the latter
feature appears to be larger than that found in any of the
10 CESM1 pacemaker simulations.
The diversity of ENSO composites across the pacemaker ensemble raises the following related questions:
d

d

d

d

How well do we know the observed response to ENSO
given a sample of 18 EN and 14 LN events during
1920–2013? That is, to what extent is the observed
composite subject to aliasing from unrelated variability?
What might the observed composite have looked
like had a different temporal sequence of variability
unrelated to ENSO occurred?
How should one go about evaluating the ENSO
response in models given uncertainty in the observational target?
How realistic is the representation of internal variability unrelated to ENSO in models?

We address these questions below, beginning with
model evaluation and then turning to uncertainty in the
observed ENSO composite.

b. Evaluating CESM1’s response to ENSO
The ensemble mean of the 10 CESM1 pacemaker
composites provides an accurate determination of the
model’s response to ENSO, as it is based on a total of
180 EN events and 140 LN events. Over most of the NH,
this SLP response is significantly different from zero at
the 5% level according to a two-sided Student’s t test:
only those areas with near-zero values remain insignificant (Fig. 3a). This forced SLP response to ENSO consists of negative values over most of the North Pacific
centered southeast of the Aleutian Islands (maximum
amplitude of approximately 9 hPa), a center of positive
values over the Arctic extending into northern Eurasia
(maximum amplitude ;2–3 hPa), negative values of
;1 hPa extending from the Gulf of Mexico and the
southeastern United States across the central North
Atlantic into the Mediterranean, and positive values of
;1 hPa in the western subtropical Pacific, and a positive
center over the Tibetan Plateau region. Compared with
the observed composite (Fig. 3b), the model’s ensemblemean response shows a larger expanse of negative SLP
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FIG. 3. ENSO composites of DJF SLP (hPa) for (a) ensemble-mean of the 10 CESM1 pacemaker simulations, (b) 20CR, and (c) their
difference. Values not significant at the 5% confidence level based on a two-sided t test are shaded in gray. Red contours in (c) indicate
regions where the 20CR lies outside any of the individual simulations. The 5%–95% CIs (hPa) on the SLP ENSO composites for
(d) CESM1 pacemaker simulations, (e) 20CR, and (f) their difference. CIs are based on 2000 bootstrapped samples for both the model and
20CR. Gray shading in (f) indicates regions where the observed value falls within the spread of values from the individual simulations.
(g) As in (d), but for the CAM5 atmospheric control simulation. (h) As in (e), but for 20CR after removing ENSO. See text for details.
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FIG. 4. As in Fig. 2, but for 10 randomly selected bootstrapped ENSO composites based on observations. See text for details.

anomalies over the North Pacific, a weaker and more
spatially confined positive anomaly over the western
subtropical Pacific, a weaker negative anomaly across
the Atlantic, and a larger positive anomaly over the
central Arctic and northern Eurasia.
The differences between the model’s ensemble-mean
ENSO response and the observed ENSO composite are
shown in Fig. 3c. Areas without gray shading indicate
regions where the observed composite has values lower
than the 5th percentile or greater than the 95th percentile
of all 2000 bootstrapped ENSO composites obtained by
randomly sampling from among all 10 pacemaker ensemble members: that is, in these regions there is a less
than 5% chance that a value as low, or as high, as seen in
the observations would be obtained by sampling from the

model distribution. The red contours enclose areas where
the single observational composite lies entirely outside of
any of the 2000 bootstrapped model samples; in other
words, there is a ,1/2000 chance that the observed and
model composites were drawn from the same distribution. By these measures, the southward and westward
expansion of the model’s North Pacific SLP response is
clearly a model bias, as is the strength of the response
over parts of the Middle East and far Southeast Asia; the
weaker response over the Atlantic and stronger response
over parts of northeast Asia and the southeastern United
States are likely model biases.
However, to conclude that the differences noted above
are indeed indicative of model biases, one has to assess
whether the characteristics of the internal variability are
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FIG. 5. Sample bootstrapped ENSO composites of (top) SLP (hPa) and (bottom) SST (8C)
based on observations. The (left) 10th- and (right) 90th-percentile composites based on the
(a) AL SLP index and (b) AR SLP index (index regions outlined in green). SLP values not
significant at the 5% confidence level are shaded in gray.
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FIG. 6. Scatterplots of ENSO composite values of the (a) AL and (b) AR SLP indices (hPa) against the Niño-3.4
SST index (8C) based on 2000 observed bootstrapped samples. Blue and red symbols show the 10th- and
90th-percentile values, respectively, of the AL and AR indices.

the same in the model and the real world. For example,
one might incorrectly determine a bias in the model’s
forced response if the model’s variability is unrealistically
small, or, conversely, one might not detect a bias in the
model’s forced response if the model’s variability is unrealistically large. To address whether the model’s variability is realistic, (and whether the observed ENSO
composite is subject to the same uncertainty one would
infer from the pacemaker ensemble), we examine maps
of the confidence intervals (CIs) on the simulated and
observed ENSO composites (Figs. 3d and 3e, respectively). These CIs are obtained by taking the difference
between the 95th and 5th percentiles of the 2000 bootstrapped ENSO composites at each grid point independently (i.e., the CIs encompass 90% of the bootstrapped
distributions at each grid point). Recall that the spread of
the 2000 bootstrapped ENSO composites represents internal variability not driven by ENSO [Section 2c(2)].
Here, the model’s CI is obtained by randomly sampling
18 EN and 14 LN events from all available ensemble
members, calculating the composite mean difference
between EN and LN, ordering the 2000 composite mean
differences from smallest to largest at each grid point, and
identifying the 5th and 95th percentiles. The spatial distribution and amplitude of the model’s CIs are very
similar to observations, with the largest values (approximately 6–7 hPa) occurring over the Gulf of Alaska, the
Arctic, and the subpolar Atlantic, suggesting that the
observed ENSO composite might be subject to a similar
level of uncertainty as seen in the pacemaker ensemble.
The differences between the simulated and observed
CIs are shown in Fig. 3f. To identify regions where the
model’s variability may differ from that of the real world,
we assess whether the observed CI at each grid point is

greater than the maximum CI or less than the minimum
CI of any of the 10 pacemaker runs individually (the CIs
for the individual pacemaker simulations are shown in
Fig. A5). Regions shaded in gray in Fig. 3f indicate where
the model’s CIs encompass the observed value. The only
substantial region where the model’s CIs lie outside the
observed value is the central North Atlantic; here, the
model exhibits less internal variability (of non-ENSO
origin) than nature (by about 1–2 hPa).
In summary, with the exception of the central North
Atlantic where CESM1 underestimates the uncertainty
on the ENSO SLP composite, the model’s internal variability is in good agreement with observations. Because
of this agreement in internal variability, we are able to
attribute cases where the observed composite lies outside
of the model ensemble to biases in the model’s forced
response. It also suggests that the observed ENSO composite is subject to the same level of uncertainty as one
would infer from the spread among the 10 pacemaker
ENSO composites shown in Fig. 2.
Next we compute the analogous CI from the 2600-yr
atmospheric control simulation to assess the contribution of internal atmospheric variability alone to the CI
on the simulated ENSO composites (Fig. 3g). To do so,
we have randomly selected two groups of years from the
control run: one consisting of 18 winters and the other of
14 winters. We then average the SLP anomaly fields
within each group and take their difference, in a manner analogous to how we formed the ENSO composites.
We repeat this procedure with replacement 2000 times
and use these 2000 random samples to compute the CIs.
By comparing the CI maps from the coupled model’s
pacemaker simulations (Fig. 3d) with those from the
atmosphere-only control run (Fig. 3g), one may conclude
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that internal atmospheric variability accounts for virtually all of the uncertainty in the model’s bootstrapped
ENSO composites. In other words, the reason why the
individual pacemaker runs differ in their ENSO composites of NH SLP is because of atmospheric variability
that is inherently unpredictable on these time scales (e.g.,
from one winter to the next). Put another way, the random superposition of internal atmospheric circulation
anomalies on the forced ENSO response causes the diversity of ENSO SLP composites within the pacemaker
ensemble. The only way to reduce this atmospheric noise
is to sample more ENSO events, which is possible in the
model world by running more ensemble members but of
limited practical application in the real world.
While we cannot isolate the contribution of atmospheric
dynamics to the CIs calculated from the observations, we
can evaluate the contribution of non-ENSO-related SLP
variability. To address this, we have computed analogous CIs by randomly sampling from all 93 DJF seasons
in the 1920–2012 record after linearly regressing out the
Niño-3.4 SST index (Fig. 3h). Similar results are obtained by computing CIs from the 61 ENSO-neutral
years (not shown). It is clear that the CI results based on
the ENSO sample (18 EN events and 14 LN events;
Fig. 3e) are very similar to that based on the ENSO
residual sample (Fig. 3h). While this analysis does not
allow us to definitively conclude that internal atmospheric variability underlies the uncertainty in the
observed ENSO composite, it is certainly highly suggestive given the model-based results. The differences
between the CIs from the atmospheric control simulation (Fig. 3g) and the ENSO-residual observations
(Fig. 3h) are even smaller than those shown in Fig. 3f
(i.e., the difference between the CIs from the pacemaker simulations and the total observations), with a
similar pattern (not shown).

c. Range of ENSO composites using bootstrapped
observations

FIG. 7. Linear contribution of the Niño-3.4 SST index to the 5%–
95% confidence intervals on ENSO composites of DJF SLP based on
2000 observed bootstrapped samples, expressed (a) in units of hectopascals (contour interval 5 1 hPa) and (b) as a percentage of the
total confidence interval shown in Fig. 3e (contour interval 5 5%).
See text for details.

In this section, we address two related questions: 1) how
well do we know the observed ENSO response and
2) what might the observed composite have looked like
had a different sequence of natural variability occurred?
Here we make use of the 2000 bootstrapped ENSO
composites based on observations. Figure 4 shows 10 of
these composites selected at random. In analogy with the
10 pacemaker simulations shown in Fig. 2, these synthetic
observational composites display a range of SLP anomaly
amplitudes and patterns. For example, some include an
NAO-like response, while others exhibit no significant
anomalies over the eastern North Atlantic, and the amplitude of the negative SLP values over the northeastern
Pacific can vary by more than a factor of 2.

5072

JOURNAL OF CLIMATE

VOLUME 30

FIG. 8. Histograms of ENSO composite values of the (a) AL and (b) AR SLP indices (hPa). Gray bars denote
values from the 2000 bootstrapped samples, and red bars indicate actual values. (bottom)–(top) The 20CR,
pacemaker simulations from CESM1 (10 members), GFDL CM2.1 (10 members) and MIROC5 (5 members), and
CAM5 TOGA simulations (10 members). The horizontal blue bar at the top of each histogram indicates the 5%–
95% confidence interval based on 2000 bootstrapped samples.

Next, we sort the 2000 observational bootstrapped
ENSO composites according to their area-weighted
amplitude in two regions: the Aleutian low (AL;
1408W–1808, 408–608N) and the Arctic (AR; poleward of
608N). For illustrative purposes, we display the 10th- and
90th-percentile composite samples based on the AL
sorting in Fig. 5a and those based on the AR sorting
in Fig. 5b. The particular EN and LN events and the
number of times they are sampled for each of the
bootstrapped composites shown in Fig. 5 are listed in
Tables 1 and 2. For now, we note that a minimum of nine
distinct EN events and six distinct LN events make up
each of the composites shown in Fig. 5 and that no single
event is sampled more than four times. Additional discussion of ENSO event sampling in the observed bootstrapped composites is provided below.
Figure 5a (top panels) shows the observed bootstrapped ENSO composites that lie at the 10th and 90th
percentiles based on the AL index. As expected, the
magnitude of the anomalous deepening of the Aleutian
low differs by approximately a factor of 2 (210 hPa for
the 10th and 26 hPa for the 90th) between the two
composites, in keeping with the choice of index region
and the amplitude of the CIs shown previously. In addition, however, there are striking differences in their
spatial patterns outside of the Pacific. In particular, the
10th-percentile composite shows a hemispheric pattern
with significant positive anomalies over the polar region
(maximum values ;6 hPa near Iceland) and significant
negative anomalies stretching across the North Atlantic

(maximum amplitudes ;6 hPa) and extending into Europe; the dipole pattern between the Atlantic and Arctic is
reminiscent of the NAO. In contrast, the 90th-percentile
composite shows very limited areas of significant response beyond the Pacific and western Atlantic. Interestingly, the positive SLP response over the southwestern
North Pacific is larger in the 90th-percentile composite
compared with the 10th-percentile composite, while the
magnitude of the AL response is weaker. The 10th- and
90th-percentile composites based on the AR response
show similarities and differences with their AL counterparts. In particular, the 90th-percentile AR composite
shows a similar hemispheric pattern of significant responses as the 10th-percentile AL composite, but the
amplitudes are weaker over the North Pacific and stronger over the southwestern Pacific. Significant responses in
the 10th-percentile AR composite are mainly confined to
the Pacific.
The diversity of patterns and amplitudes in the
observed bootstrapped ENSO composites shown in
Figs. 5a and 5b is reminiscent of that seen in the
10-member CESM pacemaker ensemble (Fig. 2). Recall
that the pacemaker composites are based on the identical set of 18 EN and 14 LN events, ruling out the
possibility that differences in ENSO sampling give rise
to their diversity. For observations, to the extent that our
random sampling methodology does not introduce additional diversity as a result of differences between
ENSO events, the range of ENSO composites in Figs. 4
and 5 illustrates what nature might have produced
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FIG. 9. The 5%–95% confidence intervals (blue asterisks; hPa)
on ENSO composites of the (a) AL and (b) AR SLP indices as
a function of sample size based on bootstrapping the CESM
pacemaker ensemble. A sample size of two indicates two El Niño
and two La Niña events, and so on. Red line denotes the ensemblemean value of the SLP index (hPa).

given a different sequence of internal variability independent of ENSO. That is, even with a sample of 18 EN and 14
LN events, the amplitude, structure, and relative spatial
emphasis of the winter extratropical NH SLP response to
ENSO are subject to considerable uncertainty.
One way to address to what extent the different sampling of EN and LN events in the observed bootstrapped
composites causes their SLP patterns to diverge is to
compare their tropical SST anomalies (bottom panels of
Figs. 5a,b). The overall patterns and amplitudes of the
equatorial Pacific SST anomalies that comprise the 10thand 90th-percentile composites based on the AL and AR
sorting are very similar, with only small differences in peak
magnitude and structure. Although the Niño-3.4 SST index is slightly larger for the 10th-percentile AL composite
compared with the 90th-percentile one (2.778C vs 2.658C,
respectively), there is a large amount of scatter between
the AL SLP and Niño-3.4 SST indices when considering all
2000 bootstrapped ENSO composite values (Fig. 6a), indicating that the precise values of any particular pair, and
by extension the pair of spatial patterns shown in Fig. 5,
are likely due to random chance. For example, for a given
value of the AL index such as 29 hPa, which is close to the
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value of the 90th-percentile sample (28.7 hPa), there is a
wide range of possible Niño-3.4 SST values (from 2.58 to
3.058C) across the 2000 bootstrapped ENSO composites.
Thus, the difference in Niño-3.4 SST values (0.18C)
between the 10th- and 90th-percentile AL composites
is unlikely to be the cause of the nearly twofold difference
in magnitude of their AL values (24.8 vs 28.7 hPa).
Conversely, for a given value of the Niño-3.4 SST index, say
2.78C, the AL index can range from 212 hPa to 23 hPa,
which exceeds the difference between the 10th- and
90th-percentile AL samples. Similar remarks apply to
the 10th- and 90th-percentile composites based on the
AR SLP index (Fig. 6b). Finally, although there is a weak
linear dependence of the AL index on the Niño-3.4 SST
index across the 2000 bootstrapped ENSO composites
(correlation coefficient 5 0.24), and to a lesser extent of
the AR index on Niño-3.4 (correlation coefficient 5 0.09),
removing this dependency via linear regression analysis
has virtually no effect on the results (not shown), underscoring that differences between the 2000 individual
bootstrapped composites are unlikely to be the result of
sampling slightly different sets of ENSO events.
To extend this analysis to the full NH domain, we show
the contribution to the observed CI that arises from the
linear dependence of the SLP composite values at each
grid box upon the Niño-3.4 composite values across the
2000 bootstrapped samples, expressed in units of hectopascals (Fig. 7a) and as a percentage of the total CI
(Fig. 7b). To obtain this ‘‘ENSO contribution,’’ we first
compute the CIs using the 2000 SLP values of the bootstrapped composites from which the Niño-3.4 SST index
has been linearly removed via regression analysis and then
subtract it from the original CIs. The ENSO contribution
to the CIs is ,0.5 hPa everywhere except the Gulf of
Alaska, where it reaches 1–1.5 hPa (Fig. 7a) or 10%–15%
of the total CI (Fig. 7b). The southeastern United States
also shows maximum values of 10%–15%, and the lowlatitude western Pacific reaches 5%–10% (Fig. 7b). These
results demonstrate that, while there is some effect associated with sampling different sets of EN and LN events in
the observed bootstrapped composites, it does not make a
large contribution to the uncertainty in the SLP ENSO
composites. That is, the diversity of pattern, amplitude,
and relative spatial emphasis among the SLP composite
maps shown in Figs. 4 and 5 is primarily due to (atmospheric) internal variability rather than slightly different
samples of ENSO events. In this context, it is worth recalling that a similar diversity is apparent across the individual members of the pacemaker ensembles for which
the set of ENSO events is identical.
Finally, we address the issue of whether differences
in the character of El Niño events as portrayed by the
east Pacific (EP) and central Pacific (CP) dichotomy
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FIG. 10. Observed (a) El Niño and (b) 21 3 La Niña composites of DJF (top) SLP (contour interval of 2 hPa) and (middle) SST
(contour interval of 18C) based on 18 and 14 events, respectively, during 1920–2013. (c) Sum of El Niño and La Niña composites. Gray
shading in the top row indicates values not significant at the 5% confidence level based on a two-sided t test. Histograms of the 2000
bootstrapped SLP composite values (hPa) for the (d) Aleutian low, (e) Icelandic Low, and (f) Mediterranean region [areas outlined in (c)].
Red and blue bars are for El Niño and 21 3 La Niña, respectively. Dashed vertical lines indicate the 5% and 95% values.

(e.g., Graf and Zanchettin 2012; Yu et al. 2012, 2015)
may affect the uncertainty on our observed ENSO
composite by constructing CIs based on two additional
2000-member sets of bootstrapped composites. These
differ from the original set by restricting the random
sampling of all 18 El Niño events to those that fall in the
EP category (7) and to those that fall in the CP category
(11); nothing is changed for the sampling of La Niña
events. Note that we maintain a total of 18 El Niño
events in these CP and EP bootstrapped composites
for consistency with the original ‘‘all El Niño’’ bootstrapped composites. The CI maps based on the 2000
CP and 2000 EP bootstrapped composites are very
similar in both pattern and amplitude (Fig. A6). The
EP set (Fig. A6b) displays maximum values that are
;15% larger than those in the CP set (Fig. A6a), but
these differences are within the range of what could be
expected by chance, based upon an examination of the
CIs from individual pacemaker simulations that all
have the same ENSO events (Fig. A5). Similar results
are obtained using the east Pacific nonconvecting

(EPN) and east Pacific convecting (EPC) dichotomy of
El Niño events defined by Johnson and Kosaka (2016;
not shown). Taken together, the results shown in Figs. 6
and 7 (see also Fig. A6), reinforce the notion that
ENSO diversity, either in the form of different magnitudes of ENSO events or in the form of different
‘‘flavors’’ of El Niño, does not have an appreciable
effect on our quantification of uncertainty for the observed ENSO SLP composite.

d. Comparison across models
We summarize the amplitudes of AL and AR SLP indices across all 2000 bootstrapped ENSO composites from
observations and models in Fig. 8. Each panel shows the
histograms of the composite SLP anomaly values from the
2000 bootstrapped samples (open bars) as well as the actual values as determined from observations or the individual model ensemble members (red bars). Note that
there is only one actual value for observations, 10 actual
values from each of the CESM1 and GFDL CM2.1
pacemaker and CESM1 TOGA ensembles, and 5 actual
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FIG. A1. ENSO composites of DJF SLP from each of the 10 GFDL CM2.1 pacemaker simulations (labeled #01, . . . , #10) and from
(bottom right) ERA-20C. Each composite is based on the same set of 18 El Niño events minus 14 La Niña events during 1920–2013. Values
not significant at the 5% confidence level based on a two-sided t test are shaded in gray. Contour interval is 2 hPa.

values from the MIROC5 pacemaker ensemble. The associated CI range based on the 2000 bootstrapped samples
is indicated by the horizontal blue bar above each dataset.
We note that, while the observed value must lie in the
middle of its bootstrapped samples by construction, this
need not be the case for the models since their bootstrapped samples were constructed by drawing from
among all ensemble members (although the average of
the individual ensemble members will lie at the peak of
the distribution of the bootstrapped samples for a given
model). As expected based on the results already presented, the observed and CESM1 pacemaker distributions
are very similar in terms of width, mean value, and CI for
both SLP indices, as indicated by the nearly complete

overlap in their CIs. Similar results are found for the
GFDL CM2.1 and MIROC5 pacemaker ensembles and
the CESM1 TOGA ensemble, with the possible exception
of the AR index in MIROC5. This portrayal of the
bootstrapped ENSO composites highlights the need for
large model ensembles, since a single simulation from a
particular model can alter the mean value (and to a lesser
extent the CI) of the distribution just by chance.
To further explore the influence of a limited sample
size on uncertainty in ENSO composites, we resample the
full pacemaker ensemble using prespecified numbers of
EN and LN events. The 5%–95% range of the AL and
AR indices as a function of the number of events used for
the ENSO composite is shown in Fig. 9. With only two
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FIG. A2. ENSO composites of DJF SLP from each of the 5 MIROC5 pacemaker simulations (labeled #01, . . . , #05) and (bottom right)
from observations based on the Trenberth and Paolino (1980) dataset (missing data indicated by red stippling). Each composite is based on
the same set of 18 El Niño events minus 14 La Niña events during 1920–2013. Values not significant at the 5% confidence level based on
a two-sided t test are shaded in gray. Contour interval is 2 hPa.

events of each sign (i.e., two EN and two LN), the CI on
the AL index ranges from 215 to 0 hPa, and thus the
AL response to ENSO (27 hPa) is not distinguishable
from zero (Fig. 9a). With four events of each sign, the
5%–95% range of the bootstrapped samples remains
wide (from 212.5 to 23 hPa) but no longer includes
zero (Fig. 9a). The 5%–95% CI range diminishes
slowly with increasing sample size beyond approximately 10 events of each sign, with values from 29.5
to 25 hPa for a sample size of 24; this sample size is well
beyond that of the 16 in our study period 1920–2013
(Fig. 9a). In contrast, the 5%–95% CI range on the AR
index includes zero even at a sample size of 24, such
that it is more difficult to determine with high confidence that the forced trend is positive (Fig. 9b). The CI
ranges on the AL and AR indices for a sample size of 16

are consistent with the results shown in Fig. 3d, noting
that the region used to define the AR index extends
beyond the area with a significant ensemble-mean response (Fig. 3a).

e. El Niño versus La Niña composites
Up to now, we have focused on the linear component of
ENSO. Here we examine whether there are any appreciable nonlinearities by examining composites of the 18 EN
events and the 14 LN events separately. The observed
composite SLP patterns for EN and LN, shown in Figs. 10a
and 10b, respectively (with the sign inverted for LN for
ease of comparison), are largely similar, with negative
anomalies over the northeast Pacific and across the Atlantic, and positive anomalies over the southwest Pacific
and the Arctic. All aforementioned features differ

1 JULY 2017

DESER ET AL.

5077

FIG. A3. As in Fig. A1, but for the 10 CAM5 TOGA simulations.

significantly from zero at the 5% confidence level, except
for the Arctic anomaly in the EN composite. While the EN
and LN composites show regional differences in amplitude,
they exhibit no significant nonlinearities, as shown by their
sum in Fig. 10c. Notably, the presence of a significant
NAO-like SLP dipole in the (inverted) LN composite,
consisting of positive anomalies in the region around Iceland and negative anomalies over the eastern Atlantic extending into Europe, a feature that is largely absent in the
EN composite, cannot be interpreted as a significant nonlinearity based on the set of events analyzed here (Fig. 10c).
The lack of significant nonlinearity in the observed EN and
LN composites is further confirmed by the substantial
overlap in their regional SLP distributions based on 2000
bootstrapped samples for both EN and LN (Fig. 10, bottom
row). In particular, the bootstrapped SLP composites

averaged over the Aleutian low (Fig. 10d), Icelandic
(Fig. 10e), and Mediterranean (Fig. 10f) regions (areas
outlined in Fig. 10c) exhibit relatively broad distributions
whose 5%–95% CIs overlap. For completeness, we include
maps of the observed tropical SST anomalies in each
composite (Fig. 10, middle row). The (inverted) LN SST
composite shows a slightly weaker maximum value in the
central Pacific, a westward extension toward New Guinea,
and weaker anomalies off South America compared with
EN, as found in previous studies (e.g., Okumura and
Deser 2010).

4. Summary and discussion
Even with nearly 100 years of data comprising 18 El
Niño and 14 La Niña events, we have shown that
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FIG. A4. As in Fig. 2, but for the period 1950–2013.

the observed extratropical NH SLP response to ENSO
in boreal winter (DJF) is subject to considerable uncertainty in pattern and amplitude as a result of sampling fluctuations associated with variability that is
independent of ENSO and likely atmospheric in origin.
Our results are based on composite differences between
the 18 El Niño and 14 La Niña events observed during
the period 1920–2013 and 2000 synthetic composites
obtained by randomly sampling these events in various
combinations and frequencies. The observed SLP composite shows a robust ENSO response over the North
Pacific and North America that is statistically significant
(different from zero) in all 2000 synthetic composites,
but its amplitude is uncertain by approximately a factor
of 2. Other regions, such as the Arctic, North Atlantic,
and Europe, show a larger range of patterns, amplitudes,

and statistical significance across the bootstrapped
samples. Although the synthetic ENSO composites are
based on different combinations of El Niño and La Niña
events, we find that ENSO diversity makes only a minor
contribution to their spread and thus to the uncertainty
in the actual observed ENSO SLP composite. We also
find no significant nonlinearities between the SLP
composites for El Niño and La Niña separately. Our
results pose considerable challenges for the evaluation
of ENSO teleconnections in models. In particular, uncertainty in the pattern and amplitude of the observational target necessitates an approach to model
assessment that considers not only the forced ENSO
response but also the internal variability.
In addition to our observational analysis, we have
investigated ENSO teleconnections in several large
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FIG. A5. The 5%–95% CIs (hPa) on the DJF SLP ENSO composites in each of the 10 CESM1 pacemaker simulations (contour interval 5 2 hPa),
based on 2000 bootstrapped samples for each.

initial-condition ensembles with different models and
configurations of ocean–atmosphere coupling. Each of
these simulations is subject to the observed evolution of
tropical Pacific SST anomalies during 1920–2013. As for
the observations, we formed composite differences between the 18 El Niño events and 14 La Niña events for
each model simulation. The ENSO SLP composites from
the model ensembles show a similar diversity of pattern
and amplitude as that found in the observationally derived synthetic composites. Because each composite
within a given model ensemble is based on the same
observed set of ENSO events (unlike the synthetic composites for observations), their diversity is entirely a result
of sampling fluctuations of unrelated variability, which
we have shown arises primarily from atmospheric

processes. These results are robust across the three coupled model ensembles we have analyzed (CESM1, GFDL
CM2.1, and MIROC5) and between the atmosphere-only
and coupled configurations of CESM1.
Finally, we have demonstrated an approach for evaluating ENSO teleconnections in models that incorporates both pattern and amplitude uncertainty in the
observational target and allows for discrimination between true model biases in the forced response to ENSO
and apparent model biases that arise from limited sampling of internal variability unrelated to ENSO. This
approach has mutual benefits for both observational analyses and model evaluation of ENSO teleconnections. In
particular, the spread across the model ensembles informs the interpretation of the single observed ENSO
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of a southwestward-expanded SLP response over the
North Pacific and a weaker meridional dipole response
over the North Atlantic.
Our statistical approach to the analysis of ENSO teleconnections in models and observations, while illuminating, does not alleviate the need for a more dynamically
oriented investigation. In particular, a dynamical assessment of model biases in Rossby wave excitation by tropical
convection and subsequent propagation characteristics
mediated by eddy–mean flow interactions would serve to
advance physical understanding and predictability of
ENSO-induced circulation anomalies around the globe
and their attendant impacts on surface climate.
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APPENDIX
Additional Model Results
Figures A1–A6 show additional results from the
model simulations as discussed in the main text.
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