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Abstract. Decadal variation in the behaviour of the El Nifio Southern Oscillation (ENSO) affects our ability to predict ENSO
and to identify its response to climate change. With the aim to better characterise and understand the causes of this decadal
modulation of ENSO, we vary the terms of a recharge oscillator model (ROM). We then analyse the resulting decadal variations
in Bjerknes index (a measure of growth rate, influencing amplitude) and Wyrtki index (a measure of phase speed, influencing
periodicity). These indices are compared across output from ROMs of varying nonlinearity, as well as observations, and output
from CMIP models. We find that a linear ROM with stochastic noise forcing explains over 75% of decadal modulation in both
observations and a full CMIP model. This creates a null hypothesis against which to compare additional processes to explain
ENSO decadal modulation, and highlights the impacts of high-frequency atmospheric noise forcing on ENSO behaviour. Con-
sidering our findings that empirically fitted nonlinearities do little to alter ROM representation of ENSO decadal modulation,
and full CMIP models exhibit the same timescale of ENSO predictability as a ROM, we suggest that the primary driver of
ENSO decadal modulation in Bjerknes index and Wyrtki index is stochastic atmospheric forcing on sub-monthly timescales.
Plain language summary. The El Nifio Southern Oscillation (ENSO) is characterised by a pattern of warmer or cooler
ocean temperatures in the tropical Pacific Ocean, which impacts rain and other weather around the world. Something that
has intrigued scientists about ENSO is the way that it seems to behave differently in different decades. For example, during
1990-1999 ENSO events grew more strongly, and switched more slowly between the opposite phases of El Nifio and La Nifia.
In contrast, during 2000-2009 ENSO events were smaller in magnitude and appeared to switch phase faster. In this study we
ask what might have caused these decadal changes. We consider a simple linear model (recharge oscillator model) of ENSO
with white noise forcing, and find that this is enough to explain more than three quarters of the differences between ENSO
behaviour in different decades. Therefore, random weather that changes from month to month (the *white noise forcing’) in

the Pacific has more impact than previously suggested for these long decadal timescales.

1 Introduction

In recent decades, ENSO has exhibited changes in many characteristics, including amplitude, periodicity, longitude of peak

SST anomaly, and predictability (McPhaden, 2012; Barnston et al., 2012; Fang et al., 2019; Pascolini-Campbell et al., 2015;
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Hu et al., 2020; Weisheimer et al., 2022). Furthermore, changes have also been observed in ENSO dynamics (Capotondi and
Sardeshmukh, 2017; Kim and An, 2020; Crespo et al., 2022). These ENSO changes are a combination of a possible response to
climate change and unforced decadal variability (Newman et al., 2011; Borlace et al., 2013; Wittenberg et al., 2014; Dieppois
et al., 2021). To distinguish between climate change induced changes in ENSO and it’s decadal variability, and thereby interpret
observed changes to inform future predictions, it is critical to first understand ENSO decadal variability. This work focuses
on the causes of changes in ENSO linear behaviour on decadal timescales. Specifically, we focus on decadal modulation of
the defining features of ENSO’s oscillation — growth rate and phase speed — as quantified by the Bjerknes and Wyrtki indices
respectively (Jin et al., 2006; Lu et al., 2018; Jin et al., 2020; Vialard et al., 2025). This will hereafter be referred to as decadal
modulation of ENSO.

The many facets of ENSO decadal variability are interlinked. Decadal changes in ENSO amplitude are associated with
changes in the: tropical Pacific mean state (Burgman et al., 2008; Imada and Kimoto, 2009; Choi et al., 2012), longitude of
largest amplitude SST anomaly (Choi et al., 2012; Schlér et al., 2024), and ENSO predictability (McPhaden, 2012; Zheng et al.,
2016; Fang et al., 2019). Likewise, decadal changes in ENSO, as quantified by amplitude or predictability, can be attributed to
changes in ENSO dynamics, such as ENSO growth rate and the thermocline feedback (Zheng et al., 2016; Fang et al., 2019;
Kim and Kug, 2022). Decadal changes in ENSO’s predictability can also be linked to changes in its dynamical feedbacks.
The relationships between all facets of ENSO decadal changes suggest either that they are all controlled by a single driver, or
that tightly coupled feedbacks exist between the different aspects of decadal variability. In either case, the strong relationships
suggest that identifying causes of one aspect of ENSO decadal variability is nonetheless relevant for many aspects of ENSO
decadal variability.

Theories for the origins of decadal variations in ENSO behaviour typically fall under one of three categories: (1) nonlinear
dynamics within the equatorial Pacific, (2) additional variables within the equatorial Pacific, or (3) forcing/oscillations external
to the equatorial Pacific. Suggestions of the first type highlight that a nonlinear or chaotic system can produce different linear
dynamics for different epochs (e.g. Timmermann and Jin, 2002). Of the second type, the most common theory is a key role
for changes in the tropical Pacific mean state. According to both model experiments and theoretical arguments, changes in the
tropical Pacific mean state modify ENSO asymmetry and amplitude (Sun and Okumura, 2020; Atwood et al., 2017). However,
these mean state changes are not caused by ENSO itself and must instead be externally driven because the ENSO response to
any mean state change in the tropical Pacific acts to reduce that mean state change (Atwood et al., 2017). External drivers of
ENSO decadal changes may include temperature anomalies in other ocean regions, such as the Pacific Decadal Oscillation or
Atlantic multi-decadal oscillation (Feng and Tung, 2020; Gong et al., 2020), or temperature-compensated salinity anomalies
in the extratropical Pacific (Zeller et al., 2021). For a more detailed description of the various theories for ENSO decadal
variability, see Fedorov et al. (2020), Capotondi et al. (2023), and references therein.

To distinguish between different potential causes of ENSO decadal modulations, we compare the ENSO behaviour in ob-
servations or a coupled climate model with a conceptual model, where specific dynamics can be included or excluded. The
conceptual model of ENSO we use is the recharge oscillator model (ROM): an oscillation arising from feedbacks between

sea surface temperature (SST) anomalies and thermocline depth anomalies, and forced by atmospheric white noise (Jin, 1997,
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Timmermann et al., 2018; Vialard et al., 2025). Most aspects of ENSO behaviour can be represented within this conceptual
framework. For example, ENSO phase locking and the spring predictability barrier can be reproduced with the addition of
a seasonally varying growth rate (Levine and McPhaden, 2015; Chen and Jin, 2020, 2021). A positive skewness in ENSO
SST index can be achieved via the inclusion of either state-dependent noise forcing (Jin et al., 2007; Levine et al., 2016) or
a nonlinear growth-rate of SST anomalies (Dommenget and Al-Ansari, 2023). Recent work with multiple deterministic and
stochastic nonlinear terms captures the asymmetry of ENSO SST index and the asymmetry of phase transitions between EI
Nifos and La Nifas (Han et al., 2026). Longitudinal variability in the location of the ENSO anomaly peak (i.e. Central Pacific
vs Eastern Pacific El Nifios) can be accounted for by changing the SST variable to measure longitudinal shifts (Thual and De-
witte, 2023), or with two SST variables representing different regions of the equatorial Pacific (Chen et al., 2022). The ROM
model of ENSO has also been expanded to include bi-directional coupling with SST variables representing climate modes in
other basins (Jansen et al., 2009; Zhao et al., 2024), raising ENSO forecast skill to be comparable with forecasts from machine
learning models or full coupled GCMs (Zhao et al., 2024). Therefore the ROM offers a good representation of ENSO, and a
good framework from which to investigate ENSO decadal variability.

We empirically estimate ROM parameters from both observations and model output. Primarily, the linear parameters from
individual decades can be used to quantify decadal modulation of ENSO behaviour, using the Bjerknes and Wyrtki indices.
Secondly, we create long-term runs of parameter-fitted ROMs with varying levels of nonlinearity, and likewise quantify ENSO
decadal behaviour in the ROM output. This comparison enables us to identify the contributions of linear and nonlinear feed-
backs represented in a ROM to ENSO decadal modulation in observations and CMIP models. Then, additional lines of evi-
dence, from the power spectrum and perfect model predictability of a ROM versus a coupled climate model, are also used to

constrain the origins of ENSO decadal variability.

2 Data and Methods
2.1 Data

We evaluate ENSO behaviour both in the observational record and in multiple CMIP-class models. The advantages and dis-
advantages of each dataset are as follows: ENSO dynamics are more realistically represented in observations than in CMIP
models. Conversely, the CMIP models provide a larger sample size that enables a more thorough statistical analysis than his-
torical observations. To minimise the effect of any individual models bias on our conclusions, we repeat our analysis across
multiple models. Three models are chosen to represent a spread of ENSO asymmetry, which has been linked to how models
represent ENSO decadal variability (Kohyama et al., 2017) and cover the CMIP model spread (ACCESS-ESM1-5 is negatively
skewed, CanESMS5 positively skewed and CESM1-CAMS strongly positively skewed to the same extend as observations; de-
tails in Appendix A and Figure Al).

In the main text, we use the following data sources:

— ORASS (observational reanalysis; Copernicus Climate Change Service, 2021)
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— ACCESS-ESM1.5 (CMIP6 model; Ziehn et al., 2020)
— CanESM5 (CMIP6 model; Swart et al., 2019; Sospedra-Alfonso et al., 2021)

— CESM1-CAMS (CMIPS model; Kay et al., 2015; Yeager et al., 2018)

Additional datasets are shown in the Appendix, with results from additional models supporting the same conclusions as our
three chosen models (Compare Figures 3, 4, 5 with Figures D2, D5, D6).

The observations consist of a 40 year record from 1984-2024. This range extends from the first year where there was a
physical mooring present in the tropical Pacific (McPhaden, 1993), at which time the ORASS reanalysis shows a step-change in
thermocline depth (Figure D1), through four complete decades of observed ENSO decadal modulation. The three CMIP models
are large ensembles: repetitions of the same model run differing only in initial condition, with 25-50 ensemble members. We
use the historical runs from 10 years after initialisation (i.e. 1860 or 1930) through to the last decade of the historical forcing
period (2000 or 2010 for CMIP5 or CMIP6 respectively). Both observations and model output are quadratically detrended.
This leads to several thousand (2,800 — 5,600) years of output for each model. We also use decadal prediction ensembles from

these models (details in Section 2.5).
2.2 Recharge Oscillator Model (ROM)

The ROM represents ENSO as two variables: eastern equatorial Pacific SST (7") and equatorial Pacific thermocline depth (h)
(Vialard et al., 2025) (Figure 1). The time-evolution of these variables is controlled by both their values and white noise added

to account for the influence of stochastic atmospheric behaviour:

dT
T Rr i Fiht ot (1)
%Z—Eh—FQT—‘rO‘hfh. (1b)

The parameters R, e, Fy, Fy are constants, and 7, &), are Gaussian white noise with variance of 1, modulated by constants
orandoyp, which represent standard deviations of noise forcing. Together, these two equations define the oscillatory behaviour
of ENSO.

We define 7' as the average SST in the NINO34 region. We define h as the average 20 degree isotherm depth across the
entire equatorial Pacific (120-280°E), between 5°S-5°N. Both T" and h are monthly-averaged anomalies. While the use of other
regions or variables has been proposed to calculate either 7" or & (e.g Izumo et al., 2019; Dommenget et al., 2023; Priya and
Dommenget, 2025), the choice of region does not alter our primary result (compare Figures 3 and D2 with Figures D3, D4).
A common aim of variable choices in these previous studies is to minimise the correlation between 7" and h at lag 0, which
does not apply to our analysis of Bjerknes and Wyrtki indices (see Appendix B). We note that some later sections of this work
do explore the impact of different regions for the 7" or h variables of the ROM, and in these instances, the departure from the
main methods of the paper is specified.

We estimate the ROM parameters R, ¢, F, F» with a multivariate linear regression (Figure 1a, b). For this linear regression,

and for later integration of the ROM, we define the tendencies of 7" and h (% and %) as the difference between two sequential
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monthly averages. In other words, these quantities represent the change from the month of 7" and A to the next month (Details
and justification in Appendix C). We note that the monthly timestep definition of tendency differs from previous work defining
these tendencies as a continuous derivative (e.g. Vijayeta and Dommenget, 2018). Nonetheless, we retain conventional notation
of differential equation for consistency with existing literature. The standard deviation of white noise forcing (o, o) is
estimated as the standard deviation of the residual to one-month forecasts from the fitted model.

In order to explore how nonlinearities in ENSO contribute to decadal modulation of ENSO behaviour, we consider two
additional ROMs that incorporate nonlinear ENSO behaviour. We run these nonlinear ROMs, alongside the linear ROM, to
compare the output with observations and CMIP model output. There are many suggestions of how to incorporate ENSO
nonlinearity in a ROM (e.g. Takahashi et al., 2019; Kim and An, 2020; Dommenget and Al-Ansari, 2023; Vialard et al.,
2025; Han et al., 2026). The specific representation of nonlinearity is important, because an incorrect choice of nonlinear term
can misrepresent the behaviour of the system (Weeks and Tziperman, 2025). Instead of systematically evaluating all possible
nonlinear models, we consider two models at the opposite ends of the spectrum: a simple quadratic nonlinear model and generic
nonlinear model, which can capture any type or magnitude of nonlinearity. The quadratic nonlinear model adds one term to the

linear ROM, so that the temperature tendency is quadratically dependent on temperature (as per Vialard et al., 2025):

dTr
T RT + Fyh +bT% 4 orér, (2a)
dh
E:_Eh_F2T+O-h§h~ (21’))

This ROM is fitted with a multivariate linear regression as in the linear ROM.

The generic nonlinear ROM is designed to capture the nonlinearity present in large ensembles of CMIP model output,
without prior assumptions about the form of these nonlinearities. This differs from the quadratic ROM, where the nonlinearity
is specifically represented as a quadratic relationship between % and T'. We composite model output into bins of 0.5 standard
deviations in 7" and h, and average the tendencies (%) in each bin. This produces a 2D field of empirically estimated tendencies
for any combination of 7" and h, which is the generic nonlinear ROM (grey arrows, Figure 1b). In equation format, this generic

nonlinear ROM is:

dT
a = RT(T, h) + O'T§T, (3a)
dh
T R (T, h) + onén, (3b)

where Ry (T, h), Ry (T, h) are tables of empirically estimated 7" and h tendencies for a gridded phase space.

Because each bin’s tendency is estimated independently, no functional form is imposed on the nonlinearity. The difference
when compared to the quadratic ROM can be seen by comparing the grey and red arrows in Figure 1b. Averaging over a large
ensemble allows the deterministic aspect of ENSO behaviour to be separated from the stochastic. Bins that have minimal model
output (fewer than 5 data points) are replaced with the linear ROM’s tendency from the centre of that bin when integrating the

ROM. Stochastic noise forcing is included in this ROM, in the same way as in the linear and quadratic ROMs.
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Figure 1. Schematic of how the ROM condenses the complex time-evolution of ENSO to a combination of a deterministic response to the
monthly-averages of 7" and h and stochastic noise forcing. Panels a,b) show the tendency of a linear ROM (black arrows) and a quadratic
ROM (red arrows). In grey, the timeseries of ENSO that was used to fit the ROM: observations (panel a) or the binned average tendency of a
large ensemble (CESM1-CAMS, panel b). Conceptually, integrating the ROM consists of a deterministic and stochastic component (panel c).
An example integration is given in panel d, using the linear ROM from panel a (shown in background with grey arrows). The deterministic
component (purple arrows) and stochastic component (dashed lines or shaded purple for final arrow) together contribute to the trajectory of

modelled ENSO, moving from one black dot to the next.
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2.3 Producing ROM timeseries

We numerically integrate these three ROMs (linear, quadratic and generic) to produce output for comparison with observations
and CMIP models. The ROM consists of both deterministic and stochastic processes, and so to produce a ROM timeseries we
model both of these (Figure 1c, d). The deterministic component produces a damped oscillation. The stochastic component,
representing faster-timescale processes, leads to deviations from this predictable oscillation.

To produce simulated ROM runs, we calculate the monthly tendency of 7" and h from the ROM, add that to the current 7" and
h, and then add a single instance of white Gaussian noise (details in Appendix C). We then repeat this process for the additional
months of each simulation. To compare with CMIP large ensembles, ROM timeseries were created for 100 ensemble members
with a run length of 3720 months, for which the first 120 months were discarded to remove dependence on initialisation. This

produces 30,000 years of ROM output per run.
2.4 Analysis

Parameter estimates from the empirically fitted linear ROM underpin the indices we use to understand ENSO behaviour: the
Bjerknes index and Wyrtki index (Jin et al., 2006; Lu et al., 2018; Jin et al., 2020; Vialard et al., 2025). The Bjerknes index
represents the rate at which an anomaly in the ENSO system (i.e., both T and h) grows or decays over time, while the Wyrtki
index represents the rate at which an anomaly in the ENSO system changes phase (moves between anomalies of 7" and h, and

consequently between positive and negative 7). These indices can be calculated with the following formulae:

R—¢
2

1
Wyrtki index = VAF Fy — (R+¢)? (4b)

Bjerknes index = (4a)

which are equivalent to the real and imaginary components of the eigenvalues of Equation 1.
By comparing the Bjerknes and Wyrtki indices from the observations or full GCMs with both linear and nonlinear ROMs,

we can apportion decadal variation in ENSO linear dynamics to the processes represented in these different models.
2.5 Initialised ensembles to estimate predictability

This initial analysis leads us to ask what processes are residuals to ROM fits, and are represented in the ROM as noise. To
identify the timescale of these processes, we quantify perfect model predictability in CMIP models and compare it to perfect
model predictability in a ROM. Perfect model predictability is the inherent predictability of a model forecasting itself, and can
be used to measure predictability limits from internal variability unaffected by model biases. For this purpose, we primarily use
existing simulations from the Decadal Climate Prediction Project (DCPP) CMIP collection, which consist of 58+ initialisations
with 10+ ensemble members, run for 10 years each (Boer et al., 2016). Models in the main text from this collection (CanESMS5,
CESM1-CAMYS) are initialised in November.
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We also ran a new initialised ensemble of ACCESS-ESM1-5 with pre-industrial forcing (Ziehn et al., 2020), designed to
estimate predictability from initialisation without the confounding influence of external forcing. The model was initialised from
20 initial conditions, from January every 5 years during a pre-industrial control run. These were perturbed with a magnitude of
10~* perturbation to atmospheric temperature for 10 ensemble members, and each was run for 6 years, still with pre-industrial
forcing. We compare each initialised ensemble with a ROM run with the same format — the same number of ensemble members

and initialisations — and repeat this process 100 times for a bootstrapped spread of expected perfect model predictability.

3 Results
3.1 ENSO decadal modulation

Changes in ENSO behaviour are visible in the observed timeseries of NINO34 SST anomalies (Figure 2a). For example, the
decade 2000-2009 (black outline in Figure 2a) was characterised by a smaller ENSO amplitude and shorter ENSO period,
leading to poor ENSO predictability (Barnston et al., 2012; McPhaden, 2012; Liibbecke and McPhaden, 2014). This decadal
modulation of ENSO may be quantified using the Bjerknes and Wyrtki indices (ENSO growth rate and phase speed respec-
tively; see Figures 2b,c). In the aforementioned decade 2000-2009, the smaller amplitude of ENSO events is reflected in the
more negative Bjerknes index (faster decay of ENSO anomalies) and the shorter ENSO period is reflected in the the larger
Wyrtki index (faster phase changes) over this period (see square marker in Figures 2b,c).

To establish a baseline decadal modulation from stochastic forcing, we fit a linear ROM to observations, and run it for 3000
decades. We calculate the Bjerknes and Wyrtki indices in each decade of ROM output (Figure 3)a,b. The resulting spread of
decades from the linear ROM indicates the spread in decadal modulation we would expect from stochastic forcing, with no
underlying change in parameters. This spread encompasses the four sequential decades from observations (compare vertical
lines with black outline in Figure 3a,b; p>0.05). In other words, the observed decadal modulation is not statistically different
from a linear ROM with white noise forcing, although the linear ROM has no change in the underlying parameters. Therefore,
the behaviour of 7" and h during the observational record does not support the argument that decadal ENSO modulation is
caused by any terms omitted from the linear ROM.

By construction, the linear ROM’s dynamical parameters remain constant across all decades of model output. The only
difference between decades is the white noise forcing. Therefore, the spread in estimated Bjerknes and Wyrtki indices of the
linear ROM must originate from this noise, not from changes in the underlying dynamics. The fact that this spread aligns with
observations suggests that a process modelled as noise can be responsible for the observed variability in the Bjerknes and
Wyrtki indices. We illustrate this with a hypothetical decade. Suppose, in this decade, the white noise added to 7" by chance
correlates strongly with 7" itself. When we estimate the parameter R (which links 7" and %) from this decade’s timeseries of T’
and h, the estimation procedure captures a combination of the true dynamical relationship and the correlated noise and thereby
produces an inflated value of RR. This also produces a larger estimate of Bjerknes index, even though the ROM’s true underlying
Bjerknes index hasn’t changed. Meanwhile, the same correlated noise directly amplifies ENSO by growing anomalies when

they are already large, producing a higher decadal amplitude. More generally, this implies that a link between an emergent
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Figure 2. Observed decadal variability in ENSO. a) Timeseries of observed NINO34 (7") and thermocline depth (h) anomaly. b) Bjerknes
index in a 10yr sliding window (green), and ENSO amplitude as estimated by the standard deviation of 7" in a 10yr sliding window. These
two metrics are correlated (r=0.80) ¢) Wyrtki index of ENSO periodicity in a 10yr sliding window. The 2000s (2000-2009 inclusive) are

outlined in black in a and marked with a square in b and c.
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Figure 3. Spread of decadal behaviour in ENSO, in observations (a-b, vertical lines) and CMIP-class models (c-f, coloured distribution) as
compared to a recharge oscillator model (ROM) with linear parameters (solid line), quadratic parameters (dashed line), or a generic nonlinear
approach (dotted line). All distributions are calculated using kernel density estimation. The observations are not statistically different from
either ROM (Kolmogorov—Smirnov test, p>0.05), even if the extreme 2000-2009 decade (dashed vertical line) is included in the statistical
test as a Sth sample. The CMIP model distributions also show substantial overlap with ROM distributions, although the large sample size

means they are statistically different (details in Table 1).

characteristic (e.g. amplitude) and an estimated dynamical term (e.g. Bjerknes index) may not be enough to argue causality,
even if there exists a physically logical argument why that dynamical term should affect the emergent characteristic.

We repeat the same analysis with the larger sample size offered by large ensembles of CMIP class models. Figures 3c-
f compare decadal modulation from the full CMIP model (coloured distribution) with the linear ROM fitted to that large
ensemble (solid black line). Most (77-93%) of the decadal modulation in the large ensemble is explained by the combination

of white noise forcing and the linear ROM (Table 1). The addition of quadratic terms (dashed line in Figure 3) or a generic

10
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overlap in Bjerknes Index overlap in Wyrtki Index
Model linear quadratic  generic nonlinear | linear quadratic — generic nonlinear
ACCESS-ESM1-5 | 0.88  0.88 0.90 093 093 0.89
CanESMS5 089  0.87 0.90 089 088 0.88
CESM1-CAMS5 089 086 0.91 082 0385 0.80
CESM2 079  0.78 0.85 084 0.84 0.84
IPSL-CM6A-LR 077  0.77 0.81 089 091 0.87
MIROC6 0.91 0.85 0.91 090 091 0.90

Table 1. Fractional overlap between CMIP large ensemble distribution of Wyrtki/Bjerknes index and ROM fitted to that large ensemble. Bold
indicates where a there is a significant difference between the distributions (Kolmogorov—Smirnov test p<0.05). The difference between the
distributions is almost universally statistically significant with these sample sizes, but >75% of the distribution is nonetheless captured by

the ROM.

nonlinear ROM (dotted line in Figure 3) does not change how well the ROM captures decadal modulation of ENSO. We
conclude that, in both climate models and observations, the majority of decadal modulation of ENSO is aligned with that
produced by white noise forcing in a linear ROM.

These results are consistent with the Han et al. (under review), who found that the variation in ROM parameters seen in
observations is consistent with that produced by a ROM without external forcing. Han et al. (under review) show that the
magnitude of these variations from white noise forcing obfuscate any trends or climate change signal. Our results build on and
strengthen their conclusions using large ensembles, by showing that most of the internal variability in CMIP model output is
also captured by a linear ROM with white noise forcing. Conversely, Capotondi and Sardeshmukh (2017) argue that there are
other processes in addition to noise that have impacted observed linear dynamics in the tropical Pacific on decadal timescales.
They find statistically significant changes in the linear dynamics of the tropical Pacific between the two decades before 1977
or after 1978. This result is supported by Crespo et al. (2022) in a ROM framework. The differences between these results and
our results could be due to the use of earlier time periods that we removed in our study due to limited observations. They could
also be explained by the inclusion of dynamics in the broader Pacific region in the Capotondi and Sardeshmukh (2017) study.
Alternatively, the decadal differences not due to noise found in previous work could be the smaller magnitude differences we
find in the CMIP model analysis between the ROM and the full distribution (Figure 3c-f; overlap of more the three quarters is

most, but not all of the distribution).
3.2 ENSO power spectrum

Changes in the mean state of the tropical Pacific are often causally linked to changes in ENSO dynamics (Atwood et al., 2017,
Fedorov et al., 2020; Capotondi et al., 2023). Within that framework, we might expect decadal or longer variance in ENSO
power spectrum to be linked to decadal modulation of ENSO parameters. Therefore, we quantify the ENSO power spectrum

of the different ROMs. Incidentally, this also allows us to investigate how the different ROMs we consider exhibit variance
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on different timescales. Both the ROMs and CMIP models show a qualitatively similar power spectrums, with a peak on
interannual timescales (Figure 4, top row). However, the frequency of this peak differs between each ROM and CMIP model,
and the power on decadal timescales is weaker in each ROM than the CMIP model.

The addition of nonlinearities to the ROM does little to change the power spectrum, consistent with minimal impact from
nonlinearities on the decadal modulation in Figure 3. In contrast, changes in how T and h are estimated change the power
spectrum much more substantially. For example, a ROM using NINO34 for T" and equatorial Pacific thermocline depth for h
underestimates ENSO decadal variance. However, replacing i with west Pacific thermocline depth (120°-205° E) results in an
overestimation of decadal variance. This shows that differences in ENSO power spectrum between a ROM and CMIP model
appear to be primarily driven by the choice of variables used to fit the ROM, rather than a fundamental problem with the ROM’s
representation of ENSO dynamics, linear or nonlinear.

Decadal power of ENSO is influenced by the location of the & and 7" variables. Changing the h variable to represent only
the western Pacific (120°-205° E) dramatically increases the power of 7" on decadal timescales (Figure 4, red dashed line, top
row, labelled h = h,,). This indicates that & in these two regions (the whole equatorial Pacific or western Pacific) interacts
differently with 7" to produce different ENSO behaviour, confirming the results of Izumo et al. (2019) who show that different
regions of the Pacific capture different recharge processes and oscillations on different timescales. The regional influence on
the power spectrum is additionally highlighted by the result that more western regions of T" (e.g. NINO4) show higher power on
decadal timescales than more eastern regions (e.g. NINO3) in both ROMs and CMIP models. Therefore, different regions of T’
and & have different linear feedbacks with each other, which produce a different power spectrum when simulated individually.

The differences between feedbacks in different regions is reinforced by the power spectrum peak of NINO3, NINO34 and
NINO4. Although the power of these three indices in a CMIP model all peak at the same frequency, the linear ROM fitted
to these different regions of 7" demonstrate an ENSO peak at different frequencies (Figure 4, bottom row). In a full CMIP
model, various T regions are highly correlated and show the same ENSO events. This is unsurprising, because these regions
are adjacent and affected by the same basin-wide wind patterns of El Nifio and La Nifia. On the other hand, the ROMs fitted
to these different regions show different peaks in the power spectrum, which indicates that different spatial regions of T
contribute different dynamics to the ENSO system (Ren and Wang, 2023), just like the different regions of A (Izumo et al.,
2019). In combination with our earlier observation that nonlinear terms do very little to change the shape of ENSO power
spectrum, this suggests that differing feedbacks in different regions of the equatorial Pacific contribute more to the shape of

ENSO power spectrum than nonlinear feedbacks between the two variables 7" and h.
3.3 ENSO timescales of predictability

In Figures 2, 3 and Table 1, we found that the processes modelled as noise in a ROM account for more than three quarters
of decadal modulation of ENSO behaviour. We further explore the processes omitted from the ROM that could explain the
residual differences, with the aim of focussing future research efforts. We quantify ENSO predictability as "perfect model"
predictability: the skill of a model (ROM or CMIP) predicting itself, because the way that the ENSO predictability curve decays

over time indicates the relative influence of short or long-timescale processes. Figure 5 shows perfect model predictability of
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Figure 4. Power spectrum of ENSO, as represented by full CMIP models and ROMs. a,b,c) NINO34, with CMIP models in black and various
ROMs in colour. d,e,f) CMIP models in faded solid line, and ROMs in dashed line, for different regions of T. We average power spectra from

each individual ensemble member in a model. The power spectrum is calculated with Welch’s method, with 50 years per segment.

several CMIP models (black lines), which we compare to the perfect-model predictability of a ROM fitted to each CMIP
model (purple shading). We use the same experimental setup as the decadal prediction hindcasts from CMIP models (i.e.,
match the number of initialisations and ensemble members to that specific set of decadal hindcasts), but we repeat the same
set of ROM runs 100 times with different stochastic forcing, to give a 95% confidence interval. We also apply the same
treatment to uninitialised CMIP large ensembles, to estimate predictability purely from CMIP forcings (e.g., greenhouse gas
response, volcanoes; pale blue shading), as the baseline to which we would expect the initialised CMIP models to reach when
initialisation provides no further predictability.

In general, the full CMIP model predictabilities (black line) fall within the 95% confidence interval estimated by the ROM
(purple shading), until the ROM predictability decays below the predictability of the large ensemble (pale blue shading). At
this point, the initialised CMIP model transitions to the same predictability as the uninitialised large ensemble, maintaining
some predictability from shared external forcing. However, on interannual to decadal timescales, the ROM demonstrates the
same perfect model predictability as an initialised forecast from a CMIP model. The only exception to this is a spike in pre-
dictability at 12 months in CanESMS5, which likely originates from a strong seasonal cycle in ENSO predictability (i.e. spring
predictability barrier, which is known to vary between models (Tian et al., 2019); the ensemble is initialised in November).
We would not expect the ROM to capture this seasonal cycle, so it does not affect our main results. Overall, we conclude

that processes relevant to ENSO predictability in a CMIP model are of the same timescale as the processes in the ROM (i.e.
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Figure 5. Perfect model predictability of ENSO, as quantified by anomaly correlation coefficient (ACC). Purple range shows perfect model
predictability of a ROM fitted to a) ACCESS-ESM1-5, b) CanESMS5, or c) CESM1-CAMS. Black line indicates the perfect model pre-
dictability the full CMIP model. CanESM5 and CESM1-CAMS were initialised from observations in November each year. A linear trend
has been removed to account for some of the climate change forcing, however the predictability of the uninitialised large ensemble for the
same time period is added in blue (after detrending) to indicate approximate expected effect of the residual signal. ACCESS-ESM1-5 was
run with pre-industrial conditions and initialised from a pre-industrial control run, in January each year, so is expected to have no linear trend

or uninitialised predictability.

feedbacks evaluated on a monthly timescale leading to an interannual oscillation), which further implies that CMIP models do

not contain decadal timescale processes with a predictable influence on ENSO.

4 Discussion

To better understand the processes contributing to ENSO decadal variability, this paper investigates the decadal behaviour of a
recharge oscillator model (ROM) of ENSO. We find that the decadal modulation of ENSO in a linear ROM forced by stochastic
noise is consistent with the decadal modulation of the observational or CMIP-modelled data to which this ROM was fitted.
From this result we draw two conclusions. Firstly, we conclude that atmospheric noise forcing is a key part of ENSO decadal

modulation, because the stochastic noise is the only difference between decades in the linear ROM. Secondly, we argue that
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dynamical terms omitted from the linear ROM (e.g. nonlinear terms) are not fundamental to ENSO decadal modulation. Both
points are expanded in the following paragraphs. Furthermore, we infer that this atmospheric noise forcing can substantially
affect estimates of ENSO dynamical terms on decadal timescales, as we see with the Wyrtki and Bjerknes indices here. Some
examples of such decadal changes would include the changes in amplitude, period, predictability, and lead/lag relationship
between 7" and h seen after 2000. Therefore, we argue that caution is necessary when considering changes in ENSO behaviour
and attributing these behavioural changes to changes in dynamics rather than stochastic atmospheric noise.

We have shown that stochastic noise forcing is sufficient to reproduce the most of ENSO decadal modulation seen in both
observations and CMIP models (Figure 3). This implies that processes typically treated as noise can be responsible for decadal
changes in ENSO behaviour. In other words, the stochastic contribution to ENSO monthly evolution continues to be impor-
tant for much longer, decadal, timescales. These processes are not purely high-frequency, but rather processes with a fast
decorrelation timescale, including westerly wind events (Capotondi et al., 2018). Understanding these processes is critical for
understanding ENSO decadal modulation.

Although a linear ROM with stochastic noise forcing captures most of the expected distribution of ENSO decadal modula-
tion, there remains some difference between the distributions of ENSO decadal modulation in a CMIP model and in a ROM
fitted to that CMIP model. Specifically, the ROM overestimates the spread of the Bjerknes index and slightly underestimates
the spread of Wyrtki frequency (Figure 3). We recommend future work to understand the origin of these remaining differences
in distribution, which we argue likely originate from process of the same short timescale as ROM dynamics or stochastic forc-
ing, because of how we find the ROM represents other aspects of ENSO behaviour on decadal timescales. For example, we
find that fully coupled climate models do not show longer timescales of predictability than a ROM (Figure 5), implying that no
longer-timescale processes contribute any predictability to a CMIP-modelled ENSO system. Likewise, the variance on decadal
timescales of ENSO in CMIP-class models can be replicated in a stochastic linear ROM when considering uncertainty in the
location of thermocline feedback (Figure 4), suggesting that no missing dynamics are needed to represent decadal variance in
ENSO. We therefore recommend future work to understand the role of sub-monthly forcing of ENSO and sub-monthly ENSO
dynamics.

We further argue that these missing short-timescale processes are more likely to be from other state variables such as
temperature in other regions in the equatorial or off-equatorial Pacific than from nonlinear processes with the 7" and h we
use here. We find that empirically fitted nonlinearities do not change a ROM’s representation of ENSO decadal variability
when compared to a linear ROM. Neither the spread of ENSO behaviour in different decades (Figure 3) nor ENSO variance
on decadal timescales (Figure 4) are substantially altered by nonlinearities, even if nonlinearities are key to ENSO behaviour
as a whole (Han et al., 2026). Our study quantifies ENSO decadal modulation specifically of ENSO linear dynamics, and
establishes that this is not strongly affected by nonlinearities.

Furthermore, we find that changing the region used to define variables in a ROM affects decadal variance more than including
nonlinearities in the ROM (Figure 4). Likewise, while all three NINO indices peak at the same frequency in a full GCM, a ROM
fitted to more western indices (e.g. NINO4) has a lower-frequency peak than a ROM fitted to more eastern indices (e.g. NINO3)

(Figure 4). These results suggest that the feedbacks between different regions of the equatorial Pacific make distinct dynamical
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contributions to ENSO, which combine to shape the ENSO oscillation. Indices representing ENSO as a longitudinal variation
in the background zonal gradient rather than regional averages of SST or thermocline depth (e.g. Williams and Patricola, 2018;
Thual and Dewitte, 2023) may therefore better represent ENSO’s power spectrum and decadal modulation. More broadly,
further research is warranted into the combined role of different Pacific regions — and potentially remote basins — in setting
ENSO behaviour across a range of timescales.

Many dynamical processes are omitted from the linear ROM we use in this study. While it is a limitation of this model
that it fails to capture the phenomena that depend on these missing processes, we demonstrate that they are not required
to reproduce realistic magnitude of decadal modulation of ENSO. For example, the ROM parameters we use do not vary
seasonally and are therefore unable to represent ENSO phase locking or a spring predictability barrier. Likewise, the choice of
only a single fixed-region SST index limits our ability to represent longitudinal variability in ENSO behaviour. Furthermore,
NINO34 variance on decadal timescales from the ROMs does not align with the GCMs to which the ROMs were fitted (Figure
4), and therefore decadal changes in the tropical Pacific mean state are not accurately represented. Despite these limitations,
the ROMs presented in this study reproduce over three quarters of the spread of ENSO decadal modulation in CMIP models,
originating from stochastic noise forcing. Given that, as argued in the introduction, both ENSO growth rate and many other
characteristics of ENSO decadal variation are linked to amplitude changes, the decadal modulation of these characteristics may
also be attributable to stochastic noise forcing.

We recognise that biases in CMIP-class models and missing small-scale dynamics may limit the utility of these models for
exploring ENSO decadal variability. To minimise the impacts of model-specific biases, we use three separate CMIP models
(and an additional four in the appendix), while noting that these models may share common biases. For example, a double-
ITCZ bias is present across most of the CMIP5 and CMIP6 ensemble of models (Ren and Zhou, 2024), and many CMIP5
models underestimate pacific SST variance on decadal timescales (Henley et al., 2017). Given that our statistical analysis relies
upon large ensemble runs from these CMIP models, because of the short observational record available, these results should
be interpreted with caution. If CMIP models under-represent the range of ENSO decadal behaviour modulation, the ROM may

accurately reproduce the decadal variability when applied to CMIP, while still underestimating real-world decadal variability.

5 Conclusions

We have shown that decadal modulation of ENSO dynamics primarily originates from fast-timescale processes that can be
represented by white noise forcing. Our results highlight that to understand ENSO decadal modulation we require a better
understanding these fast-timescale processes. We find that the choice of region used to define the variables that represent
ENSO in a linear ROM exerts a stronger control on modelled behaviour of ENSO than the addition of nonlinearities to the
ROM, highlighting that understanding how variable choice shapes ENSO dynamics is a priority for future research. Overall, we
suggest that our original question "What drives decadal changes in ENSO dynamics?" should be reframed as "What drives the
processes we model as stochastic noise forcing of ENSO?" and that future research in this direction is vital for understanding

ENSO decadal modulation.
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Code and data availability. The large ensemble data used in this work is described in Maher et al. (2025) and available from https://rda.ucar.
edu/datasets/d651039/ (details https://www.cesm.ucar.edu/community-projects/mmlea/v2). Additional DCPP data is available on the CMIP6
ESGF archive. ORASS observational reanalysis data is from Copernicus Climate Change Service (2021)

The code used for analysis is available at https://github.com/jemmajeffree/rom_decadal, and will be moved to zenodo following paper
acceptance. Processed data used in the analysis (7" and & from large ensemble runs, and 7" from initialised ensembles) is also available here.
The following open-source python packages were key to this analysis: matplotlib (Hunter, 2007), numpy (Harris et al., 2020), scipy (Virtanen
et al., 2020), xarray (Hoyer and Hamman, 2017)

Appendix A: CMIP model choices

We use all models with a large ensemble (>10 members) with sea surface temperature and 20° isotherm depth available as
part of Mabher et al. (2025), and with a contribution to the Decadal Climate Prediction Project (DCPP) available on gadi (NCI
Australia) or glade (NSF NCAR HPC) compute systems. While other modelling groups have potentially run these simulations
and have additional data, these models show very similar results. These model runs have between 17 (EC-Earth3) and 50
(CESM2; using only the CMIP6 half of the large ensemble) ensemble members with data available to calculate both 7" and h

throughout the historical simulation, allowing for a large statistical sample size.

Model name Large ensemble  Initialised ensemble Reference
size size initialisation
ACCESS-ESM1-5 40 10 January 1st (Ziehn et al., 2020)
CanESMS5 25 40 December 31st  (Swart et al., 2019; Sospedra-Alfonso et al., 2021)
CESM1-CAMS 39 40 November 1st (Kay et al., 2015; Yeager et al., 2018)
CESM2 50 20 November 1st (Rodgers et al., 2021; Yeager et al., 2022)
IPSL-CM6A-LR 32 10 December 31st  (Boucher et al., 2020; Swingedouw et al., 2026)
EC-Earth3 17 10 November (Wyser et al., 2021; Bilbao et al., 2021; Doscher et al., 2022)
MIROC6 46 10 November 1st (Tatebe et al., 2019; Kataoka et al., 2020)

Table A1. Models and associated ensemble sizes for the data used in this study

We select three CMIP models for the main text to represent a spread of ENSO asymmetry, as calculated using skewness
(Figure A1). The models we use are ACCESS-ESM1-5, CanESMS5, and CESM1-CAMS. All three models could feasibly have
produced the asymmetry seen in the observational record (though, in the case of ACCESS-ESM1-5, this is on the edge of what
is found in the large ensemble), but they have very different mean skewness across the entire large ensemble. ACCESS-ESM 1-
5 has a negative skewness, CESM1-CAMS has a positive skewness centred on what is seen in observations, and CanESMS5 is

in between.
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Figure A1l. Skewness of a 40 year period of each ensemble member, chosen to align with the 40 years of observational record used. For
comparison, the Planton metric calculation of skewness (Planton et al., 2021) is marked with a cross, and illustrates that the first ensemble

member is not necessarily representative of the entire ensemble.

Appendix B: Effect of correlation on Bjerknes and Wyrtki indices

In some situations, using variables for the ROM where 7" and h are correlated limits the conclusions that can be drawn from
analysis (as argued by Izumo et al., 2019; Dommenget et al., 2023). For analysis through the Bjerknes and Wyrtki indices,
as in this work, this constraint does not apply. These indices are the real and imaginary component of the eigenvalues of the
linear propagation matrix, thus they are unaffected if one variable is a linear combination of its “true" self and the other. This
is a general property of eigenvalues, but is also proven below.

Suppose we start with a ROM of the following form (ommitting noise for simplicity):

T
T pr i R, (Bla)
dt
dh
o= —eh — F,T. (B1b)

The characteristic equation of the propagation matrix is given by:

M4 ANe—R)+FFy—eR=0. (B2)
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The real and imaginary components of the solutions to this equation (the eigenvalue of the propagation matrix) give the
Bjerknes and Wyrtki indices as follows:
R—¢

5
Wiyrtki index = Jm(\) = %\/4F1F2 —(R+¢)2, (B3b)

Bjerknes index = Re(\) =

(B3a)

Consider instead, for instance, we define a new thermocline variable, h,,, which is a linear combination of the original i
and 7. This can be expressed as h,, = ah + ST for any «, 8 € R. The estimated ROM formulation with this new thermocline

variable will have the following form:

dT B Fy

— =(R—— )T+ —h,, B4

dt (R o} ) + o} (Bda)

dh _ (BF B2F

af<775>hn+<ﬂR+Bs—aF27 - ). (B4b)

The characteristic equation for eigenvalues A is then given by
F F F ’F

(R—@—A)(@—E—A)—i(ﬁRws—aFQ—ﬁ L =o. (BS)
o o ! o

This simplifies to

M4 ANe—R)+FF,—eR=0. (B6)

which is equivalent to the characteristic equation in system (B2), and will give the same eigenvalues and Bjerknes/Wyrtki
indices.
Therefore, if one of the T" or h variables contains a linear component of the other, this has no impact on the calculation of

the Bjerknes and Wyrtki indices, so orthogonality of chosen observational indices does not impact our methodology.

Appendix C: Fitting and integration of ROM

The T" and h we use are monthly averages, rather than instantaneous snapshots. Conceptually, we argue that using these monthly
averages to calculate an instantaneous derivative, for the purposes of either fitting or integrating the ROM, does not align with
the temporal resolution of data being used. Integrating with a smaller timestep than monthly, or estimating the derivative with a
centred difference method, would assume the tendencies are instantaneous. In our use-case, we interpret the tendencies defined
by the ROM are as the difference between one month and the next, rather than tan instantaneous derivative as per an ODE in
its purest sense. This interpretation is consistent across both the fitting and integration process.

We integrate the ROM with a Euler-Maruyama method with a one-month timestep. In other words, we calculate the tendency
of T" and h from these variables in any given month, and add this tendency to the values of those variables. We then add
independent instances of Gaussian noise to each of 7" and h. This integration approach is paired with the way we fit the
ROM, using a least-squares linear regression to estimate the four ROM parameters and then using the standard deviation of the

residuals to calculate the amplitude of noise.
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Figure D1. Equatorial averaged thermocline depth in ORASS demonstrates a step change around 1984, when the first mooring was present

in the equatorial Pacific (McPhaden, 1993). We use ORASS data from after 1984.

The single-step integration and single-step solve are together much faster and produce a more numerically stable esti-
mate of parameters than using a more complex method, such as a Runge-Kutta solver with a timestep that adjusts (e.g.
scipy.integrate.solve_ivp default), but which isn’t inherently differentiable and therefore necessitates an itera-
tive optimisation (e.g. scipy.minimize). When using this iterative solver necessitated by a complex integration method,
we found large differences in Bjerknes and Wyrtki indices from small variations in input data. Conversely, the least squares
optimisation of the simpler integration method (Euler-Maruayama with one-month timestep, or difference between months)
does not have this problem. When paired together, fitting and integrating the ROM both with a one-month timestep means that
fitting to an integrated timeseries produces the same parameters used to produce that timeseries within a reasonable error. This
is an advantage over integrating with a daily timestep from parameters fitted to monthly differences (empirically verified, but

this problem was also highlighted by Weeks and Tziperman (2025)).

Appendix D: Additional figures
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Figure D2. As per Fig 3, but repeated for other models. The majority of the EC-Earth3 Wyrtki index discrepancy appears to be from a

changing periodicity under climate change (not shown).
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Figure D3. As per Fig 3, but using NINO3 instead of NINO34.
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Figure D4. As per Fig 3, but using west pacific thermocline depth (%§0°-205° E) instead of whole equatorial Pacific thermocline depth for
h. EC-Earth is missing a quadratic ROM because this became unstable.
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Figure D5. As per Fig 4, but repeated for other models
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Figure D6. As per Fig 5, but repeated for other models. These models have fewer ensemble members (20, 10, 10, 10 for panels a,b,c,d) and

show more variation, but still don’t show longer timescales of predictability than the ROM.
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