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Capsule

The 2023-2024 El Nifio was partially responsible for the widespread marine heatwaves of 2023
and 2024.

Abstract

The El Nifio-Southern Oscillation (ENSO) is a dominant driver of seasonal-interannual climate
variability and has been linked to record-setting extremes such as marine heatwaves (MHWs).
However, quantifying the effects of ENSO on MHW characteristics remains a challenge due to
data limitations. Here, we use an ensemble of tropical Pacific “Pacemaker” simulations with a
fully-coupled Earth System Model as a testbed for assessing the skill of four empirical methods
aimed at isolating ENSO’s contribution to monthly SST anomalies including MHW extremes. We
then apply the most skillful method to the observational record to determine ENSO’s impact on
the spatial coverage, intensity and duration of MHWs since 1960 (after removing the background
warming trend). We find that the El Nifio of 2023-2024 contributed to about half of the global

coverage of record-setting MHWs, with the tropical Indian and tropical Atlantic Oceans being
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most clearly impacted. Our results shed light on the critical role ENSO plays in driving the most

severe MHW conditions in the historical record.

1. Introduction

Through its far-reaching teleconnections, the El Nifio-Southern Oscillation (ENSO) phenomenon
influences sea surface temperature (SST) variability well beyond the equatorial Pacific, making it
among the most important drivers of warm water extremes or marine heatwaves (MHWs) (Oliver
et al., 2018). MHWs can have severe ecological and socioeconomic impacts, hence the study of
their drivers is of critical importance for climate resilience and adaptation. ENSO’s relationship
with MHWs was put into sharp focus in 2023 and early 2024, as record-breaking ocean
temperatures were observed around the globe in conjunction with a strong El Nifio event (Huang
et al., 2024; Jiang et al., 2024, 2025; Johnson et al., 2024), leading many to draw a causal link
between the phenomena.

One way to quantify this possible link is to statistically remove the ENSO signal from the
2023-2024 SST anomalies (SSTAs), and then recompute MHW characteristics. Many approaches
for removing the ENSO signal from climate data have been proposed over the years, for example
through linear regression on an ENSO index (Chiang & Vimont, 2004; Robock & Mao, 1995;
Santer et al., 2001) or empirical eigenmodes related to ENSO (Compo & Sardeshmukh, 2010;
Huang et al., 2024; Kelly & Jones, 1996), constructing a stochastic climate model for SST
tendencies that explicitly resolves ENSO forcing (Gunnarson et al., 2024), and using a Linear
Inverse Model (LIM) to filter out ENSO’s dynamical evolution (Solomon & Newman 2011).
However, there has yet to be a systematic comparison of the efficacy of these methods.

In this study we used an ensemble of Community Earth System Model version 2 (CESM2)
Tropical Pacific Pacemaker simulations to judge how well each of the four methods above removes
the “true” ENSO signal from the simulated SSTAs. We then applied the most skillful of these
methods to the observational record to estimate the influence of ENSO on record-breaking MHWs
since 1960, with a particular emphasis on the strong El Nifio event of 2023-2024. As this work
focuses on internal climate variability and its relationship to ENSO, we looked at MHW:s defined

after removing the anthropogenic warming trend.

2. Data and Methods
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(a) Tropical Pacific Pacemaker simulations and observational datasets
To evaluate the efficacy of different ENSO-removal methods, we used the CESM2 Tropical
Pacific Pacemaker (CESM2-TPACE) experiments. CESM2-TPACE is based on CESM2
(Danabasoglu et al., 2020), and consists of 10 ensemble members from 1880 to 2019 at ~1°
horizontal resolution, each with slightly different initial conditions and forced with historical
radiative forcing from 1880-2014 and SSP3-7.0 from 2015-2019. In addition, each member’s
equatorial Pacific SSTAs were nudged to observations using the Extended Reconstructed Sea
Surface Temperature Version 5 dataset (ERSSTvS; Huang et al., 2017), while the rest of the globe
evolved freely (the outline of the nudging region is shown in Appendix Figs. Al and A2). As a
result, outside of the nudging region, SSTA variability in the CESM2-TPACE ensemble mean (T')
can be considered the “true” influence of observed tropical Pacific SSTA variability on global
climate (as simulated by the model), plus the influence of the external radiative forcing common
to each member (see also Deser et al., 2017). To isolate the contribution from ENSO, we further
remove the radiatively-forced component by subtracting the ensemble mean of the CESM2 Large
Ensemble (CESM2-LE; Rodgers et al., 2021) at each location and time, using the 50 members that
were driven by the same radiative forcing as used in CESM2-TPACE (i.e., the members that used
the CMIP6 biomass burning protocol).

Timeseries of “ENSO-free” SSTAs in each member of CESM2-TPACE at each location
and time can then be calculated as:

T'er =T —(T'), 1

where 7" is the total SSTA and 7’rr represents simulated the “ENSO-free” SSTA that is
independent of both ENSO’s influence and external radiative forcing following the procedures
outlined above. The variable 7zr, in particular, is a useful baseline by which to compare each
ENSO-removal technique. Specifically, we apply each ENSO-removal method to T’, generating
several estimates of 7 gr that can be used to quantitatively assess the efficacy of each method.
However, (T') contains a non-zero residual from non-ENSO internal variability due to the small
ensemble size (Rowell et al.,, 1995), which we corrected for (see the Appendix for more
information). Fig. 1 shows an example of T’ and (T") for a single location in CESM2-TPACE.

We emphasize that the pacemaker experiment was used only to test the different methods.
CESM2 exhibits realistic ENSO teleconnections, even with its own internally-generated (and

somewhat biased) ENSO dynamics (Capotondi et al., 2020), hence we consider CESM2-TPACE
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to offer a realistic testbed for our methods. For the results presented in Section 3, the methods were
applied to observational data, and thus do not carry over any model biases present in CESM2-

TPACE.

Nino3.4
SST Anomaly (K)

Indian Ocean
SST Anomaly (K)

1980 19I85 19190 19I95 20IOO 20I05 20I10 20I15 2020
Year

Fig. 1 ENSO and Indian Ocean SSTA time series in the CESM2 Tropical Pacific Pacemaker
experiment. (a) The ensemble-mean Nifo3.4 SST index (black curve; note that all ensemble
members have nearly identical ENSO indices by design). Red and blue shading indicate El Nifio
and La Nifa events, respectively (events are defined based on when the Nifio3.4 index exceeds
one or is less than minus one standard deviation, respectively). (b) SSTA timeseries at 30°S, 80°E
in the Indian Ocean, selected as an illustrative example of a location that is highly correlated with
the Nifi03.4 index. Individual ensemble members (T') are shown in grey, and the ensemble mean
((T"y) in black. The red curve indicates the seasonal 90th-percentile threshold used to calculate
marine heatwaves.

In our evaluation of observed MHW conditions, we use the Hadley Center Global Sea Ice
and Sea Surface Temperature v1.1 dataset of monthly-mean SST at 1° spatial resolution (HadISST;
Rayner et al., 2003) from January 1960 to November 2024. Monthly anomalies were calculated
by removing the climatology for each month separately and then removing the background trend
by subtracting the least damped eigenmode using a Linear Inverse Model (LIM) analysis (see Xu
et al., 2022). We did not analyze grid points which had missing SST data (e.g., from sea ice
coverage). We also used sea level pressure data from the ECMWF Reanalysis v5 (ERAS; Hersbach

et al., 2020), with anomalies calculated by subtracting the monthly climatology and a linear trend.

4
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(b) Methods for removing the influence of ENSO
A brief summary of each of the four methods is provided below; details may be found in the

Appendix.

(i) Linear Regression on the Nifio3.4 SST index

The simplest (and most widely used) method for removing ENSO is to assume that SSTAs consist
of a component driven by internal variability independent of ENSO and a component which is a
linear function of the ENSO state, in this case given by the Nifio3.4 SST index (the average SSTAs
over 5°N-5°S, 170°W-120°W; Barnston et al., 1997). The ENSO component of SSTAs is found
via linear regression onto the Nifio3.4 SST index. Because of the large thermal inertia of the ocean
mixed layer, the peak correlation between SSTAs and Nifio3.4 usually occurs when Nifo3.4 leads
by a few months (e.g., Alexander et al., 2002). Thus, we evaluated the regression method at two

different leads: 0 and 3 months.

(ii) EOF Removal

The second method is a more general version of the first method, employing Principal
Component (PC) timeseries associated with the leading Empirical Orthogonal Function (EOF)
spatial patterns of global SSTAs in place of the single Nifio3.4 SST index (Huang et al., 2024;
Kelly & Jones, 1996). We evaluated the optimal number of EOFs/PCs to remove based on the

metrics outlined in Section 2c.

(iii) Tendency Regression
The third method uses an extension of the original stochastic climate model developed by

Hasselmann, (1976):

dri(t)
dc

AT'(t) + BN(t) + &(b), 2

where 4 is a feedback (damping) coefficient, § is an ENSO teleconnection coefficient, N(?) is an

ENSO index (in this case Nifio3.4), and &(?) is stochastic (white noise) forcing. Similar models
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have been successfully used to assess the remote influence of ENSO on modes of SST variability
such as the Pacific Decadal Oscillation (Newman et al., 2003, 2016; Schneider & Cornuelle,
2005) and Indian Ocean Dipole (Stuecker et al., 2017; S. Zhao et al., 2019) as well as on North
Pacific SST variability in general (Gunnarson et al., 2024; Park et al., 2006). Both 4 and f have
seasonally-modulated values, allowing Eq. 2 to represent dynamics such as the ENSO
combination modes (Stuecker et al., 2013). To construct SST anomalies without the influence of
ENSO, Eq. 2 is fit to the data at each grid point via multiple linear regression and then integrated

forward in time without the ENSO teleconnection term.

(iv) LIM Filter

The fourth method uses a Linear Inverse Model (LIM) to construct an optimal perturbation filter
following Solomon & Newman (2012). The LIM assumes the SST dynamics can be represented
as a linear system forced by stochastic forcing (Penland & Sardeshmukh, 1995),

dx
E =Lx + f , 3
where x is the state vector of the system (i.e., SSTAs at different times and locations in this study),

L is the dynamical operator matrix describing the dynamical features of the evolution of x, and ¢

is the stochastic forcing vector. For a given initial state x(t), the most likely state X at time ¢+7 is

X(t + 1) =exp exp (LT) x(2). 4

The LIM methodology objectively determines the “optimal initial condition” that evolves into a
final specified condition (e.g., mature ENSO). L is generally non-normal, with orthogonal
eigenvectors (Penland & Matrosova, 2006), allowing transient anomaly amplification through
constructive eigenmode interference before anomalies eventually decay. The “optimal initial
condition” is the condition that maximize the state vector amplification (Penland & Sardeshmukh,
1995). Following Solomon & Newman (2012), we use LIM to remove the ENSO signal from
SSTAs by filtering out the variability that evolves from the optimal initial condition of a mature

ENSO event through the next mature ENSO event.
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(c) Evaluation Metrics

We used two metrics to assess how well each method performed at removing the influence of
ENSO from the SSTA field: 1) the lagged correlation with Nifio3.4 index with the ENSO-removed
SSTAs; and 2) comparison of the variance of the ENSO-removed SSTA field with that of the
“ENSO-free” SSTAs from the pacemaker experiment (see Eq. 1). A perfect method would show
zero correlation with Nifio3.4 at all lags and would have the same variance as the ENSO-free

SSTAs.

(d) MHW definitions

MHWSs can be defined in several ways, particularly in regard to fixed versus shifting baselines
(Amaya et al., 2023; Smith et al., 2025). As our study is concerned with ENSO’s influence on
internal climate variability and not the mean state change, we use a shifting baseline (i.e., by
subtracting the pattern of mean state change; see Section 2a). In this study, we define a MHW as
any month which exceeds the 90"-percentile of SSTAs for that calendar month in a given grid cell.
We compute the MHW thresholds using the full SSTAs (i.e., before removing the influence of
ENSO).

MHW duration is defined as the number of consecutive months in a grid cell that
experience MHW conditions (note that this definition is different than for daily data). Because of
the limited observational time span, we smooth the data spatially by computing the mean and
extremes (97.5"-percentile) of the MHW durations in 5°x5° bins. MHW intensity is calculated by
summing the SSTAs of MHWs in a grid cell and then dividing by the total number of months in
the dataset (expressed in units of °C-weeks/year, analogous to degree heating weeks). As this is an

integrated value which is less noisy than the duration statistics, spatial binning is unnecessary.

3. Results

(a) ENSO'’s fingerprint

Of the four methods to remove ENSO’s influence on SSTAs outlined in Section 2b, the SST
Tendency Regression and LIM Filter performed the best and showed comparable skill (see the
discussion in the Appendix). Because the Tendency Regression method is much simpler to
implement and was slightly better at removing the influence of ENSO compared to the LIM Filter

method, we present results based on that approach in the main text; however, very similar results
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were found using LIM Filter (Supplementary Figs. S1-S3). The Linear Regression method (with a
3-month lead) removed the Nifio3.4 correlation reasonably well but had variance well in excess of
the “true” ENSO-free variance. The EOF Removal method (with two or three EOFs removed)
reproduced the ENSO-free variance the best out of all of the methods, but was worse at removing
the Nifio3.4 correlation than the Tendency Regression or LIM Filter methods.

Based on these results, we applied the Tendency Regression method to observed SSTAs to
quantify the impact of ENSO on MHWs over the historical record (since 1960) as well as the
influence of the most recent El Nifio on the record-breaking MHWs observed in 2023 and early
2024.

Although the Tendency Regression method is an empirical statistical approach for
quantifying ENSO’s remote influence on SSTA, its results are in good correspondence with
previous literature on the dynamics of ENSO teleconnections. In particular, the spatial pattern of
ENSO-induced SSTA forcing obtained with the Tendency Method (Fig. 2) is similar to that found
in previous studies (e.g., Alexander et al., 2002; Lau & Nath, 1994, 1996) with (during El Nifio) a
“horseshoe” pattern of cooling in the North and South Pacific, warming in the Indian Ocean, and
warming in the subtropical North and South Atlantic with cooling poleward. Atmospheric
circulation anomalies correlated with ENSO overlie these warming and cooling patterns: the so-
called “atmospheric bridge” linking extratropical SSTs with the equatorial Pacific via atmospheric
Rossby waves. For example, in the North Pacific a dipole pattern with cooling in the center of the
basin and warming along the west coast of North America is associated with a deepening of the
Aleutian Low. As established by previous studies, the cold and dry air advected along the western
side of this atmospheric circulation anomaly cools the ocean during El Nifio, with warm and humid
air advected along the eastern side of the circulation anomaly, leading to ocean warming
(Alexander et al., 2002). Similar teleconnection patterns are present in the South Pacific and North
and South Atlantic. In the equatorial Indian and Atlantic oceans, modulations of the Walker
circulation link SSTAs to ENSO (see Taschetto et al., 2020 for a review of ENSO atmospheric

teleconnections).
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Fig. 2. ENSO teleconnection strength in the HadISST observational dataset using the Tendency
Regression method. The teleconnection strength (color shading; K/month) is the annual average
of the teleconnection coefficient f multiplied by the standard deviation of the Nifio3.4 Index, which
represents a typical value for the remote forcing during an El Nifio event. As discussed in the
Appendix, the Tendency Regression method cannot reproduce ENSO itself, thus the
teleconnection strength in the equatorial Pacific is not physically meaningful. The contours show
the regression of ERAS sea level pressure on the Nifio3.4 index, with dashed contours representing
negative values, a contour interval of 30 Pa/K, and a thicker line at 0 Pa/K.

(b) Impact of ENSO on observed MHW duration and intensity

The influence of ENSO on observed MHW duration (mean and extreme) and intensity during
1960-2024 is shown in Fig. 3. ENSO acts to increase MHW duration and intensity almost
everywhere, in agreement with previous work (Oliver et al., 2018). The largest increases in both
duration and intensity due to ENSO, excepting the equatorial Pacific itself, occur in regions
strongly influenced by ENSO teleconnections, in particular the tropical Indian and Atlantic sectors,
and a horseshoe-like pattern in the North and South Pacific. On average over the global oceans
between 60°S and 60°N (excluding the equatorial Pacific: 20°S-15°N, 160°E-70°W), ENSO
increases the mean MHW duration by 9.2% and increases the extreme (97.5"-percentile) MHW
duration by 23.9%. In areas of strong ENSO influence, the increase in mean MHW duration can
be over 50% and the 97.5"-percentile duration can increase by over 100%. The latter is reflective
of ENSO’s influence on very persistent, but rare, MHWs (see Supplementary Fig. S4). The global
average MHW intensity is 2.27 °C-weeks/year without ENSO and 2.78 °C-weeks/year with
ENSO, an increase of 22.5%, although in areas of high teleconnection strength in the Pacific and

Indian oceans, the increase in intensity can exceed 100%.
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Fig. 3. ENSO’s influence on the mean and extreme (97.5" percentile) durations of MHWSs and the
mean intensity of MHWs during 1960-2024 based on the HadISST data set. (Top row) Observed;
(Middle row) After removing the influence of ENSO using the Tendency Regression method; and
(Bottom row) Their difference (e.g., ENSO influence, shown as a percentage of the ENSO-
removed value). Duration is calculated using 5°x5° bins. MHW intensity is the sum of the MHW
SSTAs divided by the number of years in the data in a given grid cell (°C-weeks/year). Note the
different color bar ranges in the difference panels.

(c) Impact of ENSO on observed MHW spatial coverage

The area of the global oceans covered by MHWs at any given time is also greatly affected by
ENSO. By defining MHWs using a 90®-percentile threshold, we expect ~10% of the oceans to
experience a MHW at any given time due to random chance. However, our results indicate that El
Nifio tends to greatly increase observed MHW spatial coverage beyond the equatorial Pacific (Fig.
4). To quantify this effect, we define A,»s and A7z as the areal percentage of the global ocean (60°S-
60°N, excluding the equatorial Pacific) with MHW conditions before and after removing ENSO

(using the Tendency Regression method), respectively. We also define a “signal-to-noise ratio” as

SNR = Zobs~1R 5

ATR

The SNR represents the contribution from ENSO to the global MHW area relative to the

contribution from unrelated internal variability.

10
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Fig. 4. ENSO's influence on the spatial coverage of MHWs based on the HadISST dataset. (a)
Nino3.4 index. El Nifio events are shaded red and La Nina events are shaded blue). (b) Areal
percentage of the global ocean (60°S-60°N, excluding the equatorial Pacific: 20°S-15°N, 160°E-
70°W) with MHW conditions before (4oss; black curve) and after removing ENSO using the
Tendency Regression method (A7zr; green curve). (¢) Aoss - Arr. (d) The ENSO “signal-to-noise”
ratio (SNR). (e) Probability density function of A.ss (grey) and A7z (green). The February 2024
MHW A4, and A7z values are indicated by the dotted gray and dashed green lines, respectively.

During El Nifio events, Aqbs spikes, with peak values between 21% - 27% (24.6% in
February 2024; Fig. 4b, black curve). These spikes are greatly reduced or non-existent for A7z (Fig.
4b, green curve), as confirmed by the difference Aops - A7z (Fig. 4c). The maximum MHW area
coverage typically lags the peak of an El Nifio event by several months, likely due to the effect of
the ocean integrating the atmospheric forcing from the ENSO teleconnection. La Nifia events do
not appear to significantly affect MHW coverage, possibly due to their lesser amplitude compared
to El Nifio events. In other words, only El Nifio creates a large enough signal to clearly emerge
from the background noise of the climate system for this particular measure of global MHWs (note
that La Nina can induce MHWs on a regional scale; e.g., Feng et al. (2013)).

The SNR also peaks during El Nifio, although it reveals that some spikes in global MHW
coverage appear to be due to a confluence of the effects of ENSO and random internal variability
(Fig.4d). For example, the 1987-1988 El Nifio had maximum SNRs of 1.0, indicating that the

MHW coverage due directly to the El Nifio was comparable in magnitude to that caused by other

11
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forms of internal variability. In contrast, the 2015-2016 El Nifio had the highest observed SNR of
2.2, thus about 2/3™ of the total MHW area was caused directly by the El Nifio.

The 2023-2024 El Nifio had a maximum SNR of 1.1 (in December 2023), with an SNR of
1.0 at the peak of the MHW coverage in February 2024 and an average of 0.7 between January
and May 2024. This suggests that internal variability unrelated to ENSO was roughly as important
in generating the extensive global MHW coverage during that event as the El Niflo was.
Nevertheless, a histogram of MHW spatial coverage (Fig. 4e) shows that the maximum spatial
coverage of MHWs in 2023-2024 was beyond that caused by internal variability alone. Thus, the
widespread nature of MHWs in February 2024 could not have occurred without El Nifio’s

influence.

(d) Impact of the 2023-2024 EI Nifio

Fig. 5 shows the spatial structure and evolution of the 2023-2024 EI Nifio and its effect on global
MHWSs (Supplementary Fig. S5 shows the same information for historical El Nifio events). The
influence of ENSO (recall Fig. 2) can be gleaned by the difference between the observed SSTAs
and those computed via our Tendency Regression method. In the Indian Ocean, the El Nifo
warmed the eastern half of the basin, leading to a positive-phase Indian Ocean Dipole (I0D) event
in the fall and winter of 2023, which then transitioned to basin-wide warming in early 2024. This
sequence and its relationship with ENSO is consistent with previous studies (Klein et al., 1999;
Saji et al., 1999; Stuecker et al., 2017). With ENSO’s influence removed, the IOD pattern was

considerably diminished, and MHWs remained only in the southern Indian Ocean.
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Fig. 5. Evolution of the 2023-2024 El Nifio and associated MHWs. (Left column) observed SSTAs
from HadISST with MHWs outlined and hatched in black. (Middle column) SSTAs and MHWs
without the influence of ENSO calculated using the Tendency Regression method. (Right column)
Difference between observed and ENSO-removed SSTAs and MHW. Areas where ENSO’s
influence caused MHWs are outlined and hatched in red; areas where ENSO suppressed MHW s
are outlined in hatched in blue.

The El Nifo’s role in the North Pacific was to suppress MHWs in the central part of the
basin (in November and December 2023), and enhance them along the west coast of North
America, a result of the positive phase of the Pacific Decadal Oscillation, which is strongly linked
to ENSO (e.g., Newman et al., 2016; Schneider & Cornuelle, 2005). MHWs were enhanced in the
South Pacific, likely a result of the Pacific-South American modes of atmospheric variability,
which carry ENSO’s influence to the South Pacific (Mo, 2000; Mo & Higgins, 1998).

In the Atlantic Ocean, a considerable portion of the MHW coverage during 2023-2024

appears to have originated from internal variability unrelated to ENSO, as evidenced by the
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sizeable MHW area that remains after ENSO’s influence is removed, particularly in the South
Atlantic after February 2024 (Fig. 5, middle column). Nevertheless, the El Nifio did lead to MHWs
in the tropical Atlantic as well as MHWs in the subtropical North and South Atlantic (Fig. 5, right
column). Warming in the tropical and subtropical North Atlantic has been linked to El Nifio (e.g.,
Alexander & Scott, 2002; Huang, 2004) as has warming in the subtropical South Atlantic
(Rodrigues et al., 2011, 2015). Thus 2023-2024 MHWs in the Atlantic, which covered a large part

of the basin, originated from a confluence of ENSO and unrelated internal climate variability.

4. Conclusions

In this study we compared several empirical methods for removing the influence of ENSO from
global SSTAs using a “perfect model” approach, and then applied the most skillful method to
observed MHWs during 1960-2024 after removing the background warming trend. Using the
CESM2-TPACE experiments as a testbed, we concluded that the Tendency Regression and LIM
Filter methods are the most skillful at removing the influence of ENSO based on two metrics. The
Tendency Regression method is somewhat more flexible, simple to implement, and does not
require large-scale spatial data, which may be useful when additional climate modes or physical
processes are of interest or for situations when the data is sparse (e.g., paleoclimate studies).

Using the Tendency Regression method to remove the influence of ENSO from
observational SST data, we found that ENSO acts to increase the mean MHW duration by 9.2%
and the MHW intensity by 22.5%. The spatial coverage of MHWs spikes during El Nifio events,
typically reaching an area of between 21% to 27% of the global ocean outside the equatorial Pacific
compared to 10% or less during non-El Nifio years. By removing the influence of ENSO, we
confirmed that these spikes indeed are caused by El Nifio events. About half of the MHW spatial
coverage in 2023-2024 was caused by the concurrent El Nifio. Indeed, we find that the widespread
nature of MHWs in February 2024 could not have occurred without El Nifio’s influence.

The evolving spatial pattern of MHWSs during the 2023-2024 El Nifio follows closely
previously studied global ENSO teleconnections. During 2023-2024, MHW s in much of the Indian
Ocean were found to be attributable to the influence of El Niflo, as was the suppression and
enhancement of MHWs in the North Pacific and enhancement of MHWs in the South Pacific. The
Atlantic MHWSs, which covered a large part of the basin, were caused by a confluence of ENSO’s

remote influence and unrelated internal variability.
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Our results highlight the importance of ENSO in driving marine heatwaves worldwide.
However, there is little agreement across climate models on how ENSO has and will respond to
anthropogenic forcing (Maher et al., 2023). Thus, to understand how MHWs will change as the

world warms, accurate modeling of ENSO dynamics is crucial.
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Appendix
Our methods for removing the influence of ENSO as well as our metrics for evaluating their
efficacy are outlined briefly in the main text (Section 2b-c). Here we present a detailed overview

and discussion of these methods.

1. Linear Regression

The simplest (and thus most widely used) method to remove the ENSO signal from SSTAs is to
assume that the anomaly can be separated into a component driven solely by internal variability
that is linearly independent of ENSO and a component which is a linear function of the ENSO

state:
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T'(t) =T 1g(t) + rN(t — 1), Al

where 7" is the total SSTA at a given location (as in Eq. 1), 7",z is the SSTA resulting from internal
variability that is linearly independent of equatorial Pacific SST variability, » is a regression
coefficient, Nis an ENSO index (e.g., Nifio3.4) and 1 is a time lag in months. We tested this method
for ENSO leads of =0 months and 7=3 months. To remove the ENSO signal,  is computed at

each grid point via linear regression and Eq. Al is solved for 77;z.

2. EOF Removal
Empirical Orthogonal Functions (EOFs) are widely used in climate science to identify leading
modes of variability. For example, the leading EOF of equatorial Pacific SSTAs is usually
identified as Eastern Pacific (EP) El Nifio and the second EOF as Central Pacific (CP) El Nifo
(e.g., Timmermann et al., 2018). By subtracting the leading EOFs from the SSTAs, the influence
of ENSO can be removed (Huang et al., 2024; Kelly & Jones, 1996).

In our analysis, we compute the first 50 global SSTA EOFs and corresponding Principal
Component (PC) time series. We then subtracted the first N EOFs from the original data:

! r 1
T'gor(x,y,t) =T (X, y,t) — WZﬁﬂ EOF,(x,y)PCy,(t), A2

where 7T ror is the ENSO-free SSTA, w(y) is the area weighting used to compute the EOFs (the
cosine of the latitude y), EOF, and PC, are the n'" Empirical Orthogonal Function and Principal
Component, respectively. We tested a range of N when evaluating this method (N=1 to N=4).
Supplementary Fig. S6 shows the first four leading EOF spatial patterns for one member of the

Pacemaker ensemble.

3. Tendency Regression
The Tendency Regression method describes a model of ENSO’s remote influence on SSTAs that
is constructed by adding an ENSO teleconnection term to the original local linear stochastic

climate model developed by Hasselmann, (1976):
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O = aT'(1) + BN (D) + E(0), A3
where 4 is a feedback (damping) coefficient, £ is an ENSO teleconnection coefficient, and &(?) is
stochastic (white noise) forcing. Physically, the right-hand-side of Eq. A3 represents three
processes: feedback (damping) by air-sea heat fluxes and oceanic processes (Frankignoul, 1985),
forcing by the air-sea heat fluxes that result from ENSO-excited atmospheric planetary waves (i.e.,
“atmospheric bridge”; Lau & Nath, 1996); and stochastic forcing by air-sea heat fluxes and
anomalous Ekman advection of the mean SST gradient (Larson et al., 2018). Similar models have
been successfully used to assess the remote influence of ENSO on modes of SST variability such
as the Pacific Decadal Oscillation (Newman et al., 2003, 2016; Schneider & Cornuelle, 2005) and
Indian Ocean Dipole (Stuecker et al., 2017; S. Zhao et al., 2019) as well as on North Pacific SST
variability in general (Gunnarson et al., 2024; Park et al., 2006).

Taking into account seasonal modulations, the feedback and ENSO teleconnection

coefficients are defined as

A=A + Aisin(wyt) + A,cos(w,t), A4
B = By + fisin(w,t) + Brcos(w,t), A5

where w, is the angular frequency of the annual cycle (2n/12 months™) and 1, A2, f1, and /5>
determine the amplitude and phase of the seasonal modulation of the teleconnection around the
constants 4o and fo (De Elvira & Lemke, 1982; Nicholls, 1984; Stuecker et al., 2017).

To remove the ENSO signal, Eq. A3 is fitted to the SSTAs at each location using multiple
linear regression. d7/dt is then computed using forward finite differencing. The residual from the

regression is ¢. Then a new SSTA time series is integrated without the ENSO teleconnection term:
T'rr(k +1) = T'rg + [AM)T ' r (k) + §(K)]A¢, A6
where 7'rr is the SSTA forced only by stochastic noise, & is the time index, m is the month index

(kmodulo 12) and At is the time step (1 month). The integration is initialized with the SSTA at the

start of the time period of the data (see Gunnarson et al. (2024) for further discussion). The spatial
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pattern of the first EOF of ¢ resembles ENSO and its teleconnections, albeit with a white-noise PC
time series, thus we remove the first EOF of ¢ before integrating Eq. A6.

The advantage of the Tendency Regression method over the simple regression method is
that it more faithfully represents the physical processes that generate SSTAs. The persistence of
SSTAs forced by ENSO is directly modeled, eliminating the need for the lagged ENSO regression
in the simple regression method above. A limitation of this method is that it cannot remove remote
ENSO forcing that lags the ENSO time series, e.g. oceanic planetary waves excited by ENSO
(Sprintall et al., 2020). Additionally, it does not model the reemergence of SSTAs forced by ENSO
due to the seasonally-varying mixed layer depth in the extratropics (Alexander & Deser, 1995;
Newman et al., 2016). It also cannot replicate ENSO itself, but if one is interested in SSTAs outside

the equatorial Pacific, this is not a concern.

4) Linear Inverse Model

The LIM is used to describe the SSTAs system in the form of (Penland and Sardeshmukh,
1995):
dx
— =Lx+¢, AT
dt
where x is the state vector of the system (i.e., SSTAs at different times and locations), L is the
dynamical operator matrix describing the dynamical features of the evolution of x, and ¢ is the

stochastic forcing matrix. L can be calculated as

L =t n[C(T)C(0)71], A8

where C(0) and C(7) are the covariance matrix of vector x at lag-0 and lag-t, respectively.

The dimensionality of x is typically reduced via EOF analysis. We used the first 40 global
SSTA EOFs. The state vector x(t) then consists of the first 40 PCs, which explains 70.2% of the
total global CESM2-TPACE SSTA variance.

The LIM methodology allows an objective determination of optimal initial condition that

evolve into the final specified events (e.g., a mature ENSO event). Using the L2 norm (or
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Euclidean norm), this amplification factor y(7) is quantified as the ratio of the state vector's

magnitude at time 7 to its magnitude at the initial time:

x@Tx@® _ x0)T6T(@6®x(0)
x(0)Tx(0) x(0)Tx(0)

A9

y2(o) =

The optimal initial condition (x(t) = ¢;(7)) can then be identified as the first right
eigenvector of GT(7)G (1), with y(7) the corresponding eigenvalue. The final condition after 7,
months evolved from ¢, derived by T = 7, can be expressed as: x(t + 7,) = G(t.)P1(T.).

For the pacemaker experiment, ¥ (7) is the highest at 7, = 6 to 9 months, which is realized
by the evolution of observed ENSO events of both signs (Penland and Magorian, 1993; Penland
and Sardeshmukh, 1995; Newman et al. 2011a; Newman et al. 2011b; Solomon and Newman
2011). Therefore, to apply LIM analysis for filtering out the evolving ENSO phenomenon, it is
necessary to remove both the optimal initial condition and its resulting evolution.

Following Solomon and Newman (2011), we used a LIM to remove ENSO’s influence on
SSTAs by constructing a filter specifically removing only variability that actually evolves from
the optimal initial condition through a mature ENSO event. The filter is constructed in the
following steps: (1) the projection on ¢, (7,) at time t = t; is determined and its subsequent linear

evolution over the time interval t = [t;, t;,,, ] removed. (2) the projection on ¢, (.) of the residual

anomaly at time t = t;,, is determined and the process is repeated. Specifically:

Fort = 0:a(0) = ¢,(z.) - x(0) A10

R(0) = x(0) — a(0)G(0)¢, () All
Fort=1:a(1) = ¢,(t,) - (x(1) — a(0)G (1), (7,) Al2
R(1) = x(1) — a(0)G (D¢, (ze) — a(1)G(0)¢py () Al3

Fort =n:a(n) = ¢1(z,) (x(n) - ¥, a(n — DGy (z,) Al4
R(n) = x(n) — XiLo a(n — 1)G(D) by (z) Als

where a is the projection of ¢, (7,) on the SSTA at that point in the iteration and the summations

arc over 7.
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We remove the evolution of a projection on ¢ (t, = 3) over 7; = 25 months in our filter.
The use of 7, = 3 months follows Solomon and Newman (2011); we also tried 7, = 3 from 4-8

months, but the evolution is quite similar and filtering it yields similar results.

5. Evaluation Metrics

To quantify how well each method removes the ENSO signal from SSTAs, we employed two
metrics. The first is the correlation between 7"’x at each grid point and the Nifio3.4 index at several
lags (SSTA lagging Nifio3.4), where the subscript X represents the different estimates of 7 rr
generated using the methods described above. Note that it is critical that a method remove the
ENSO correlation across a range of lags. For example, removing the 0-month-lag ENSO regression
by definition eliminates the simultaneous correlation with Nifio3.4, but may fail to remove the
ENSO signal at other lags.

While a method that completely removes the ENSO signal would have negligible
correlation at all lags, a successful method must also remove the ENSO signal while
simultaneously leaving the internal variability unrelated to ENSO unaffected. As an extreme but
illustrative example, if we were to remove the first 50 EOFs, the resulting SSTAs would have near-
zero correlation with Nifo3.4 and the method would be excellent as judged by our first metric.
However, because those 50 EOFs contain much of the explained variance, the SSTAs themselves
would be near zero and thus give little information about variability unrelated to ENSO. Therefore,
our second metric compares the variance of 7’y to the variance of 77gr. To a first order, SSTA
variance controls the MHW threshold, which is often calculated as the 90™ percentile of SSTAs at
a given location and time of year (Oliver et al., 2021). Thus, having the correct “ENSO-free”
variance is highly important to “ENSO-free” MHW statistics.

We must also compensate for the small ensemble size of the CESM2-TPACE. At each time
step there will be an error in calculating the “true” or population ensemble mean in Eq. 1 (i.e.,
(T')) which is normally distributed with a mean of zero and variance 6°/T’]/Nens, where Nens is the
ensemble size (e.g., Leith, 1973). In effect, some of the non-ENSO internal variability is
inadvertently incorporated into the ensemble mean because of the finite sample size. Due to the
relatively small ensemble size of CESM2-TPACE (N.,s=10), this error can be non-negligible,
particularly in areas of high SST variability.

20



567
568
569
570
571

572

573
574
575
576
577
578
579
580
581
582
583
584
585
586
587

588
589

590
591
592
593
594
595
596
597

This error also affects our variance comparison metric, since 7'pm is inflated by an
additional component of 6°/T’]/Nens compared with the case where the true population mean was
used instead of the sample mean (Matsumura et al., 2010; Rowell et al., 1995). To account for this
error, we subtracted the excess variance to compute an estimate of the true ENSO-free variance:

O'Z[T,]

Al6

OfrueT'er] = 0%[T'gp] — Noms

To test the significance of the Nifio3.4 correlation, we then use the method of Ebisuzaki
(1997). We generated 500 synthetic ENSO indices that have Fourier coefficients of the same
modulus as the original ENSO index, but with randomized phases at each frequency. Thus, the
synthetic ENSO indices have the same spectral and autocorrelation characteristics as the original
index, but are independent. At each grid point, for each ensemble member, we computed the
correlation between 7 zr and all 100 synthetic ENSO indices to build up a probability density
function for the absolute value of the correlation. The 95 percentile of this probability density
function is the threshold over which a correlation between the ENSO-removed SSTAs and the real
ENSO index is considered to be statistically significant.

To test the significance of the difference in variance, we employ the F-test while
accounting for temporal autocorrelation of the data when estimating the effective degrees of
freedom (Preisendorfer et al., 1981). Because the effective degrees of freedom for the pacemaker
ensemble are on the order of 10°-10%, virtually all differences in variance shown in Fig. A2 are

significant at the 95"-percentile level.

6. Evaluating different ENSO-removal methods

Fig. A1 shows the correlation of the ENSO-free SSTAs calculated by each method as a function
of lag (SST lagging Nifio3.4). The Linear Regression (with a Nifio3.4 lead of three months)
performs well at zero lag, but its efficacy declines as the lag increases (the correlation at three
months lag is zero by construction). At 12 months lag, it is hardly better than if ENSO’s influence
had not been removed at all. The EOF Removal method has some areas of significant correlation
at all lags. Note that as more EOFs are removed, the correlation at all lags decreases (see
Supplementary Fig. S7). However, as we will discuss, removing more EOFs begins to remove

variability unrelated to ENSO, limiting the utility of this method. The Tendency Regression
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performs excellently at zero through six months lag, but its performance declines to a level similar
to the EOF method at lags of nine and 12 months. The LIM Filter method is worse than the

Tendency Regression method at lags zero to six months, but is the best of all methods at nine and

12 months.
T' CESM2-TPACE Linear Regression EOF Removal Tendency .
Regression LIM Filter

(No ENSO Removal) (3-mo. Lead) (First Two Removed)

E 180° 120°W 60°' 180° 120°W 60°W 0°E 120°E 180° 120°W 60°W

Correlation with Nifio3.4

-0.5 -0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4 0.5

Fig. Al. Correlation between 7~ (i.e., total SSTAs) and the ensemble mean Nifio3.4 in CESM2-
TPACE (first column). Correlation between 7’x (i.e., “ENSO-free” SSTAs) from each of our
ENSO-removal methods and the ensemble mean Nifo3.4 in CESM2-TPACE (second through fifth
columns). Each row depicts different lags (SST lagging Nifio3.4). The pacemaker nudging region
is outlined and hatched. Areas with correlations significant above the 95™-percentile are stippled.

Fig. A2 shows the difference between the ENSO-free SSTA variance calculated using
CESM2-TPACE and the variance of the SSTAs resulting from our methods. The Linear
Regression method retains a considerable amount of variance associated with ENSO, particularly
in the Pacific and Indian Oceans. The EOF Removal method’s performance depends on how many
EOFs are removed. If only the first EOF is removed, the variance is greater than the true ENSO-
free variance, similar to the Linear Regression method. If the first two or more EOFs are removed,
the variance in the North Pacific is progressively underestimated. This is to be expected if the

higher-mode EOFs represent internal variability unrelated to ENSO. The Tendency Regression
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and LIM Filter methods have variance greater than the “ENSO-free” variance, although to a much

lesser degree than the Linear Regression method.

T' CESM2-TPACE Linear Regression Linear Regression
_ (No ENSO Removal) ) )

N/ /777>
= S iz

“ o -
60°E  120°E  180° 120°W 60°W 0°  60°E 120°E 180° 120°W 60°W 0°  60°E 120°E 180° 120°W 60°W
Variance Difference (K?)

—025 -020 -0.15 -0.10 -0.05 0.0 005 010 015 020  0.25

Fig. A2. Difference between the variance of 7’y and 7 'zr. The top left panel compares the variance
of T’ from the CESM2-TPACE to T’zr, representing the case where the ENSO signal is not
removed. Red shading here indicates where ENSO most strongly influences SSTA variance. In all
other panels, areas where too little ENSO variance is removed are shown in red shades; areas
where too much SST variance is removed are shown in blue shades. White indicates that the
method produces a result that matches the ENSO-free SSTA variance. Virtually all differences in
variance are significant at the 95™-percentile level, thus significance is not shown here. The
pacemaker nudging region is outlined and hatched.

Except for the EOF Removal method (with two or more EOFs removed), all other methods
overestimate the variance in the central North Pacific, which implies that these methods do not
fully remove the ENSO teleconnection in that basin. The corresponding teleconnection pattern in
the South Pacific is also apparent, although the difference in variance is less than in the North
Pacific. These methods also overestimate the variance in the Kuroshio-Oyashio Extension region.
That some of greatest differences occur in areas of high internal variability (e.g., western boundary
currents) suggests that our compensation for the variance inflation, which is proportional to SST

variance (Eq. A16) was not entirely sufficient to remove the error due to the small ensemble size

and that our methods may indeed perform better than Fig. A2 shows.
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Fig. A3. Area-weighted absolute value mean (from 60°S-60°N, excluding the pacemaker nudging
region) of the Nifio3.4 correlations in Fig. Al (top) and the variance differences between the
variance resulting from each method and the “ENSO-free” variance in Fig A2 (bottom). The
correlation metric is shown for several lags, with the mean in grey.

Fig. A3 condenses the results from Fig. Al and A2 by taking the area-weighted mean of
the absolute value of the lagged correlation and variance difference over 60°S-60°N and excluding
the pacemaker nudging region. Averaged over all months, the Tendency Regression method is the
best at removing the Nifio3.4 correlation, followed closely by the LIM Filter method. For the
variance difference metric, the EOF removal method has the best performance if two or three EOFs
are removed. From Fig. A2, removing two EOFs overestimates the ENSO-free variance; removing
three EOFs underestimates it. The Tendency Regression method is the second-best method at
matching the ENSO-free variance, followed by the LIM Filter method. The Linear Regression
method is better than the EOF method at removing the Nifo3.4 correlation, but the worst at
reproducing the correct ENSO-free variance.

On the basis of these two metrics, we consider the Tendency Regression method to be the

best overall. The LIM Filter method has only slightly worse performance. The primary difference
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between these two methods is that the Tendency Regression removes the Nifio3.4 correlation better
at smaller lags, and the LIM Filter method removes that correlation better at longer lags.

The Tendency Regression method also has a few practical advantages. It is simple to
implement, requiring little judgement beyond selecting an appropriate ENSO index. In contrast,
the EOF method requires some subjective judgement when selecting how many EOFs to remove.
As more EOFs are removed, the Nifio3.4 correlation decreases, but more internal variability
unrelated to ENSO is inadvertently removed. Our results suggest that the first two EOFs was the
best compromise between these conflicting trends, however, different climate models may have
different ENSO behavior and teleconnection (e.g., Maher et al., 2023) and thus different global
EOFs, making it difficult to know whether two EOFs are sufficient in other contexts. The LIM
Filter method is somewhat more complex than the Tendency Regression method and requires the
selection of multiple parameters.

The Tendency Regression method also may be easily modified to include other forcing
terms into Eq. A3 to investigate the influence of additional climate modes and physical processes
on SST variability and MHWs. Because it is fit at each grid point individually, the Tendency
Regression method can work with just two time series: an SSTA time series at a given location
and an ENSO index. This may be important for applications where the data is sparse (e.g., SST
data before about 1960 or paleoclimate proxy data).
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