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ABSTRACT: This study introduces and evaluates a seasonally varying, cyclostationary linear

inverse model (CSLIM) for forecasting tropical Pacific variability, especially variations in the El

Niño / Southern Oscillation (ENSO) phenomenon. The CSLIM is a stochastic-dynamical model

that incorporates seasonality into the deterministic dynamics and the noise forcing, leading to more

realistic representation of ENSO’s seasonal growth and decay, and its seasonal variance. Evaluation

against a stationary Linear Inverse Model (LIM) shows the CSLIM’s seasonal dynamics lead to

improved deterministic forecasts of ENSO events especially beyond about a 4-mo lead time. By

better simulating seasonal ENSO variance, the CSLIM reduces event forecast bias and improves

probabilistic classification of El Niño and La Niña events. Comparison between the CSLIM and the

International Research Institute (IRI) forecast archive demonstrates that the CSLIM provides a 1–2

month extension in lead-time skill over the LIM and IRI-archived statistical forecasts. Notably, the

CSLIM outperforms existing statistical forecasts in predicting through the “spring predictability

barrier” and achieves predictive skill comparable to complex physics-based global climate models

for lead times under one year. Despite this high performance, the model is highly efficient–capable

of generating multi-thousand member ensembles in seconds–making it a useful tool for research

and real-time operational forecasting.
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SIGNIFICANCE STATEMENT: By incorporating seasonality into dynamics and noise forcing,26

an empirical model of tropical Pacific climate variability exhibits improved skill for both determin-27

istic and probabilistic forecasts of the El Niño / Southern Oscillation phenomenon. The model—the28

UW-PSL CSLIM (Cyclostationary Linear Inverse Model)—shows similar skill to complex physics-29

based global climate models. The improved forecast skill equates to a 1-2 mo increase in lead30

time over traditional statistical methods. The UW-PSL CSLIM is simple to implement and highly31

efficient, making it a useful tool for both research and operational forecast communities.32

1. Introduction33

The El Niño / Southern Oscillation (ENSO) phenomenon is the dominant source of sub-seasonal34

to interannual predictability in the climate system (Rasmusson and Carpenter 1982; Wallace et al.35

1998; Chen and Wallace 2015). ENSO variability arises due to coupled interactions between36

the atmosphere, surface ocean, and equatorial thermocline (see Neelin et al. 1998; Battisti et al.37

2019, for reviews). These interactions–especially those associated with linear equatorial ocean38

wave theory and related fluctuations in equatorial warm water volume (Cane and Sarachik 1977;39

Kessler 1990)–imply about a 9-mo time scale from initiation to decay of individual ENSO events,40

and hence the potential for subseasonal to seasonal prediction. Initial efforts at predicting ENSO41

began in the 1980’s (Inoue and O’Brien 1984; Cane et al. 1986; Barnett et al. 1988; Xu and Storch42

1990) and now include a wide range of models, from simple statistical models based on ENSO43

theory to full physics-based global climate models (GCMs) that assimilate current observations44

(Barnston et al. 1999; Kirtman et al. 2014). The International Research Institute for Climate and45

Society (IRI) maintains real-time and archived ENSO forecasts from a wide range of statistical and46

physics-based GCM forecasts (IRI 2025), including the forecasts that are the focus of this paper,47

for use in operational ENSO prediction by the NOAA Climate Prediction Center (CPC).48

El Niño and La Niña events exhibit notable seasonality with events tending to peak toward the49

end of the calendar year (Carranza 1891; Carrillo 1893; Rasmusson and Carpenter 1982; Larkin50

and Harrison 2002). This “phase locking” is driven in part by seasonal variation in the physical51

processes responsible for ENSO event growth (e.g. Battisti 1988; Tziperman et al. 1997; Stein52

et al. 2014; Shin et al. 2021), including seasonality in surface winds (which affect both ocean-to-53

atmosphere coupling and atmosphere-to-ocean coupling), surface ocean currents, and thermocline54
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/ SST feedbacks (Hirst 1986; Battisti 1988; Picaut et al. 1997; Tziperman et al. 1997; Zelle et al.55

2004; Dewitte et al. 2013; Battisti et al. 2019). These physical processes lead to large ENSO56

growth during the late boreal summer and early boreal fall and rapid ENSO decay during the57

boreal winter (Stein et al. 2010; Levine and McPhaden 2015; Liu et al. 2019; Shin et al. 2021;58

Vimont et al. 2022). Additionally, seasonality in external (i.e. processes external to the essential59

low-frequency ENSO dynamics) forcing, such as the Pacific Meridional Mode, Madden-Julian60

Oscillation, westerly wind bursts, and/or heat flux variations, can lead to seasonality in excitation61

of ENSO variability (Vimont et al. 2003a,b; Chiang and Vimont 2004; Zhang and Dong 2004;62

Levine and McPhaden 2015; L’Heureux et al. 2020). Such forcings typically have a much shorter63

time scale than ENSO itself, and therefore can often be treated as random forcing or “noise” in64

ENSO models (Hasselmann 1976; Penland 1996; Thomas et al. 2018). Combined, the seasonality65

of external forcing and the seasonality of ENSO growth rates contribute to a spring predictability66

barrier for ENSO events (Torrence and Webster 1998; Liu et al. 2019), which manifests as a drop67

of prediction skill as forecasts are initialized earlier in boreal Spring.68

While numerous GCMs predict ENSO variability with varying degrees of skill, the fidelity of69

ENSO prediction is still limited by model biases, representation of key physical processes that70

generate or excite ENSO variability, and the chaotic nature of weather and climate variability71

that will drive a forecast away from nature’s trajectory (see L’Heureux et al. 2020, for a review)72

for a review]. One way to circumvent the effect of model bias is to allow nature to determine73

the mean state and effect of physical processes, through the use of inverse methods to estimate74

the deterministic dynamics and statistical properties of external forcing. Linear inverse modeling75

(LIM) is one method for estimating this dynamical system, and has been shown to produce realistic76

ENSO variability and predictability (Penland and Magorian 1993; Penland and Matrosova 1994;77

Penland 1996). Indeed, Newman and Sardeshmukh (2017) showed similar skill between the North78

American Multi Model Ensemble (NMME) and a LIM for forecasting tropical Pacific SST. Still,79

the LIM is limited by its assumed structure which does not include seasonality in the dynamics80

or forcing, nonlinear processes, or other processes that may contribute to non-Gaussian evolution81

of the forecast trajectory. Recent research has relaxed these limitations, expanding the range of82

dynamical models estimated by inverse methods by adding seasonal dynamics (a cyclostationary83

linear inverse model, or CSLIM; Shin et al. 2021; Vimont et al. 2022), state dependent noise84
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(Martinez-Villalobos et al. 2018; Martinez-Villalobos et al. 2019), and non-gaussian transforms85

(Martinez-Villalobos et al. 2025).86

Inspired by the improved representation of ENSO variability by the CSLIM documented in Shin87

et al. (2021), an operational version of the CSLIM used in Vimont et al. (2022)–the UW-PSL88

CSLIM–was developed that now contributes to the IRI ENSO forcast archive. The intent of this89

study is to document updated methodology for that model, and illustrate how seasonal dynamics90

in the CSLIM improve deterministic and probabilistic ENSO forecasts. The model is described in91

Section 2, and an illustrative forecast is presented in Section 3. Section 4 compares the deterministic92

and probabilistic seasonal CSLIM forecasts to those made with a non-seasonal LIM and to the93

IRI forecast archive, and results are summarized and discussed in Section 5. The model code is94

provided online for research or operational communities.95

2. Methods96

The CSLIM construction follows the methodology described in Shin et al. (2021) and Vimont97

et al. (2022). The methodology and construction of a real-time CSLIM is reviewed here; additional98

evaluation is presented in those studies. Code (in MATLAB) for calculating the CSLIM and LIM99

is provided in the online supplementary material.100

The CSLIM is constructed under the assumption that instabilities arising from nonlinearities are101

relatively rapidly decorrelating and therefore, on the time scale of the averaging period (1 mo),102

nonlinear dynamics can be represented as the sum of a predictable linearly parameterizable portion103

plus an unpredictable random residual, both of which are seasonally varying (see Hasselmann104

1976; Penland 1996). Under this assumption, dynamics of the tropical ocean / atmosphere system105

can be approximated using a multivariate linear model that varies with the seasonal cycle:106

𝑑x(𝑡)
𝑑𝑡

= B(𝑡)x(𝑡) +S(𝑡)η(𝑡). (1)

In (1), x(𝑡) is the time varying system state, 𝑡 represents the 12-mo cyclical progression through the107

calendar year, B(𝑡) is the seasonally-varying dynamical system matrix (the linear approximation to108

the system’s linear and nonlinear dynamics), S(𝑡) is a seasonally varying matrix of noise forcing109

structures, and η is a multivariate vector of unit-variance, uncorrelated Gaussian random numbers.110
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The CSLIM approximates the cyclical dependency in (1) via discretizing into twelve separate111

monthly B𝑖’s and S𝑖’s, which are estimated from historical observations of x(𝑡) through its co-112

variance structures. The solution to the homogeneous equation (1) over a time period of one113

month (assuming constant B𝑖 over one month) yields the discrete propagator G𝑖 = exp (Bi) where114

𝑖 = 1,2, ...,12; that is, G1 propagates the system state from January to February and so forth until115

G12, which propagates forward from December to January. Each month’s propagator is estimated116

via:117

G𝑖 = C𝑖 (𝜏 = 1)C−1
𝑖 (𝜏 = 0) (2)

where C𝑖 (𝜏 = 1) is the one-month lagged covariance matrix of x during month 𝑖+1 with x during118

month 𝑖, and C𝑖 (𝜏 = 0) is the zero-lag covariance matrix of x during month 𝑖. To partially reduce119

the increased sampling variability given the 12-fold reduction in data used to estimate the various120

propagators (compared to a non-seasonal, or “stationary”, LIM) a three-month centered running121

mean is applied to the covariance matrices before calculating each G𝑖, and hence B𝑖 as B𝑖 = ln (G𝑖).122

The seasonally varying noise covariance matrix is calculated from each B𝑖 as a residual from the123

time-varying fluctuation-dissipation relation (Penland and Matrosova 1994). Here, we introduce124

a new method of calculating the noise covariance matrix that improves simulated ENSO statistics125

relative to the method described in Shin et al. (2021) (see Appendix). The fluctuation-dissipation126

relationship implies that:127

𝑑C𝑖

𝑑𝑡
= B𝑖C𝑖 +C𝑖B𝑇

𝑖 +Q𝑖 (3)

where each C𝑖 is a zero-lag covariance matrix for month 𝑖, and Q𝑖 is the noise covariance matrix128

for month 𝑖 multiplied by 𝑑𝑡. The noise covariance matrix is calculated as a residual using:129

Q𝑖 =
C𝑖+1 −C𝑖

Δ𝑡
−B𝑖

(
C𝑖 +C𝑖+1

2

)
−
(
C𝑖 +C𝑖+1

2

)
B𝑇
𝑖 (4)

Once calculated, each month’s Q𝑖 is decomposed via Q𝑖 = S𝑖S
𝑇
𝑖 𝑑𝑡 where S𝑖 contains seasonally130

varying spatial structures of noise forcing that are used in ensemble forecasts, described below.131

Prior to calculating each S𝑖 each of the twelve calculated noise covariance matrices Q𝑖 is transformed132

into its nearest symmetric positive semidefinite matrix (Higham 1988) to remove an occasional133

spurious negative eigenvalue that results from the approximation in (4).134
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For comparison, we also compute a stationary LIM, where a single B𝑆𝑇 is calculated as B𝑆𝑇 =135

ln (G3𝑚𝑜)/3, with G3𝑚𝑜 calculated as in (2) except using a three-month lagged covariance matrix136

and no seasonality. The noise covariance matrix, Q𝑆𝑇 , is calculated from (3) assuming stationary137

statistics (i.e. the left hand tendency term is set to zero). The resulting Q𝑆𝑇 has no negative138

eigenvalues (this is not guaranteed), so Q𝑆𝑇 is used to directly calculate S𝑆𝑇 .139

A forecast over lead time 𝜏 can be made from an initial month in two ways. First, the solution to140

the homogeneous version of (1) can be constructed via successive left multiplication of propagators141

from the initial month 𝑖 through 𝑖+ 𝜏:142

x(𝑡 + 𝜏) = G𝑖+𝜏−1 · · ·G1G12 · · ·G𝑖x(𝑡) (5)

where the subscript on G is taken modulo 12 (i.e. G13 = G1, etc.). In the case of the CSLIM each143

month’s propagator is calculated using (2); for the LIM there is no seasonality in the propagators144

and hence G𝑆𝑇 (𝜏) = exp (B𝑆𝑇𝜏) propagates an initial state at time 𝑖 forward to 𝑖+ 𝜏. For each case145

the resulting forecast follows the purely deterministic trajectory of the system (there is no stochastic146

forcing) and as such is the most likely solution (Penland and Matrosova 1994).147

A second forecast method involves discretizing (1) and iterating the result forward using the148

seasonally varying (or stationary in the case of the LIM) stochastic forcing structures in S𝑖 via the149

two-step method outlined in Penland and Matrosova (1994). An initial state y(𝑡 = 0) (this is the150

monthly mean state for the initialization time) is iterated forward with a three-hour time step (Δ𝑡)151

via:152

y(𝑡 +Δ𝑡) = (I+BΔ𝑡)y(𝑡) +
√
Δ𝑡Sη (6)

x(𝑡 +Δ𝑡/2) = (y(𝑡 +Δ𝑡) +y(𝑡)) /2 (7)

where B or S is the monthly (or stationary) estimate for the CSLIM (or LIM). The resulting153

𝑥𝑖+1 is archived after each month of integration. An ensemble of model forecasts is made using154

different random samples for η and quantiles of the resulting ensemble are used to characterize the155

probabilistic forecast spread.156

The LIM and CSLIM described here use a state variable comprised of principal components157

(PCs; z below) of sea surface temperature (SST) and sea surface height (SSH) anomalies. These158
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two variables characterize the current surface state (SST) and subsurface thermocline variability159

(parameterized using SSH) that are known to be important for ENSO dynamics. The state vector160

is composed as:161

x(𝑡) =
[
z𝑆𝑆𝑇𝑖=1:11(𝑡)/𝜎𝑆𝑆𝑇 z𝑆𝑆𝐻

𝑖=1:5(𝑡)/𝜎𝑆𝑆𝐻

]
, (8)

which includes the first 11 PCs (82% variance explained) of SST over the region 30◦S - 30◦N,162

100◦E - 75◦W from the ERSSTv5 dataset (Huang et al. 2017), and the first 5 PCs (63% variance163

explained) of SSH over the region 25◦S - 25◦N, 100◦E - 75◦W from the ECMWF ORAS5 reanalysis164

(Zuo et al. 2019). The PCs of SST and SSH in the state vector x(𝑡) are scaled by the square root165

of the total variance in their respective datasets (𝜎𝑆𝑆𝑇 and 𝜎𝑆𝑆𝐻). Prior to computing the PCs,166

SSH is interpolated from the ORAS5 grid (approximately 0.25◦ by 0.25◦ resolution) to a 1◦ by167

1◦ resolution using triangulation-based linear interpolation1. The annual cycle was removed from168

both data sets via subtracting the mean of each calendar month and the data are weighted by the169

square root of the cosine of latitude (so that spatial covariances are effectively area-weighted). Data170

are not detrended. A single set of PCs and empirical orthogonal functions (EOFs) is calculated171

separately for SST and SSH so that the non-seasonally-varying EOFs define a seasonally invariant172

coordinate system for the seasonally-varying state vector (PCs). The EOFs / PCs, CSLIM, and173

LIM are all calculated using data from 1958-2022.174

A real-time forecast is made via the following steps. First, the most recent month’s SST from175

the ERSSTv5 data set and SSH from the ORAS5 dataset are downloaded, with the SSH data176

are regridded as described above. [The ORAS5 data is available via the Copernicus data server177

(ORAS5 2026) by the 15th of each month, which limits forecast timing.] Then, for both SST178

and SSH, the initial month’s 1958-2022 climatology is subtracted from the data, the data are179

weighted by the square-root of the cosine of latitude, and the weighted data are projected onto180

the empirical orthogonal functions (EOFs) to obtain an initial condition in EOF / PC space. A181

deterministic forecast is constructed via (5) and a 1,000-member ensemble is constructed via (7)182

from which forecast quantiles are calculated. Finally, the Niño 3.4 index (N34; SST averaged183

over the region 120◦W - 170◦W, 5◦S - 5◦N) is computed from each ensemble member, with an184

additional seasonally varying (or constant in the case of the LIM) random time series included185

to account for the unresolved N34 variance from PCs that are not included in the original state186

1Spatial interpolation was completed using MATLAB’s “griddata” function.
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vector. To produce forecasts earlier in the month initial SSH conditions are also derived as monthly187

means of the daily sea level anomaly from the Global Ocean Gridded L4 Sea Surface Heights And188

Derived Variables Nrt data set (CMEMS data; CMEMS 2023).189

The forecast N34 index is provided to the International Research Institute for Climate and Society190

(IRI) by reconstructing SST in physical space from the forecast state and SST EOFs, and averaging191

over the N34 region. Because the model is trained around the 1958-2022 climatology, forecasts192

are adjusted to the current climate normal period (1991-2020) by adding the difference between193

the 1958-2022 and 1991-2020 seasonal climatology of the respective index. For this paper, all194

anomalies are shown around the model climatology (1958-2022).195

3. Example Forecast: April, 2023196

In this section an example real-time forecast for April, 2023 is presented to illustrate important201

differences between non-seasonal (LIM) and seasonal (CSLIM) methodologies. The N34 forecast202

is shown in Fig. 1 and includes the deterministic forecast using the ORAS5 SSH initial state (black203

line) and the CMEMS SSH initial state (red dashed line). The probabilistic forecast is illustrated204

by the spread (shading) and median (which converges to the deterministic forecast as the ensemble205

size increases) from a 1,000 member ensemble. Both the LIM and CSLIM project the moderate to206

strong warm ENSO event that developed and evolved over the following year. The spatial evolution207

of the forecast is depicted for the LIM in the left columns of Fig. 2 and CSLIM in Fig. 3. Both208

show the development of a positive ENSO (El Niño) event in late 2023, followed by its eventual209

decay through mid-2024.210

A closer analysis of the developing ENSO event in Figs. 1-3 reveals important differences between218

the LIM and CSLIM’s forecast of ENSO’s seasonal evolution. Although the LIM forecast N34219

index peaks in September (a 5mo forecast), the CSLIM N34 forecast continues to grow through220

November (a 7mo forecast; Fig. 1). The CSLIM also predicts a faster decay (in 𝑜𝐶𝑚𝑜𝑛−1) of221

the El Niño event from December through March after the event peaks. The forecast spread also222

exhibits seasonality that affects the probabilistic forecasts. Fig. 1 shows that in the short term, the223

CSLIM produces less spread than the LIM due to weaker noise forcing during boreal summer; by224

late 2024 the noise is more saturated and exhibits the expected larger spread in the late calendar225

year compared to, say, boreal spring. The CSLIM’s reduced short-term spread and larger forecast226
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Fig. 1. Forecast N34 index initialized in April, 2023 from the (a) LIM and (b) CSLIM. The black line indicates

the median (equal to the deterministic) forecast, grey shading indicates the forecast probability distribution from

a 1000-member ensemble, the green line indicates the actual N34 index, and remaining lines are described in the

text.

197

198

199

200

N34 amplitude indicates a higher confidence forecast in December, 2023 than that of the LIM.227

Indeed, the CSLIM predicts a 3-fold increase in the excedence probability (36%) of a 2.18𝑜C N34228

index (the value ultimately observed) in December 2023, than does the LIM (12%). Overall, the229

CSLIM’s deterministic forecast tracks the actual N34 evolution (green line in Fig. 1) more closely230

than the LIM forecast.231

Why does growth differ between the LIM and CSLIM? The LIM and CSLIM can be decomposed232

into a set of independent but non-orthogonal empirical dynamical “modes” via eigenanalysis or233

Floquet analysis (see SI section S1), respectively (the eigenvectors of the LIM and Floquet modes234

of the CSLIM are analogous, but differ in that the Floquet modes are seasonally-varying; see235

Vimont et al. 2022). Each mode has an associated eigenvalue (Floquet multiplier), the real and236

imaginary components of which determine the mode’s damping rate and period; all modes are237

damped as determined by negative real components of the eigenvalues. Growth is still possible238
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Fig. 2. Forecast SST (shading) and SSH (contour 5cm), initialized in April, 2023 using the LIM. For SSH,

solid contours denote positive values, negative contours denote negative values, and the zero contour is omitted.

Left column: full state vector. Middle column: forecast using only the LIM “ENSO modes” (see text). Right

column: forecast using all modes except the ENSO modes. Each row denotes a different final date. Total L2

amplitude 𝛾 is labeled in each panel.

211

212

213

214

215

in the stationary LIM via two mechanisms (Penland and Sardeshmukh 1995): (i) each mode can239

experience temporary growth as it rotates through its complex phase space, and (ii) the system240

state can grow through modal interference (recall, the modes are not orthogonal). For the latter,241

two non-orthogonal modes with different damping time scales that destructively interfere at the242

initial time can generate growth of the full system state as one mode rapidly decays, allowing the243

other mode to “emerge” (Farrell and Ioannou 1996; Henderson et al. 2020). In addition to these244

11



Fig. 3. As in Fig. 2, except forecast SST (shading) and SSH (contour 5cm) using the CSLIM. Also, the middle

column is forecast using only the CSLIM “ENSO mode” (see text).

216

217

two growth processes, the CSLIM can also experience temporary growth due to (iii) seasonally245

varying growth rates of the Floquet modes (see SI section S1).246

The way that the CSLIM and LIM represent seasonal growth is an essential difference between247

the two models with important implications for predictability. The contrast between the different248

growth mechanisms is evident in the modal decomposition of the forecast N34 index in Fig. 1 and249

system state in Figs. 2-3 (for the spatial maps growth is determined by comparing the L2-amplitude250

𝛾 at a given time to that of the initial system state). First, we note that both the LIM and CSLIM251

include a pair of modes with an approximate 3-year period, but the LIM also contains a pair of252

modes with a 2-year period (twice the cyclostationary period) that can result from the attempt to253
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represent seasonality using a non-seasonal model (see Thompson and Battisti 2000). Fig. 1a shows254

that the 3-yr mode experiences some growth from April through August as it rotates through its255

complex phase (blue dash-dot line in Fig. 1a). Additional growth of the N34 index occurs as the 2-256

yr mode—which initially reduces the N34 amplitude—rapidly decays from April through October;257

combined, the 3-yr mode and rapid decay of the 2-yr mode’s destructive interference produce258

the LIM’s seasonal growth from April to October. The lead-time for this seasonal growth in the259

LIM, though, is limited by the 4-mo damping time scale of the 2-yr mode. In contrast, the 3-yr260

Floquet mode from the CSLIM includes temporary unstable growth from August through October261

(SI Section S1) which leads to more ENSO growth during late boreal summer and an ENSO event262

that peaks later in the calendar year, consistent with historical El Niño events. This seasonally263

varying growth rate is intrinsic to the Floquet mode so can continue to influence the system264

trajectory indefinitely, in contrast to the LIM. This seasonally varying growth also contributes to265

more realistic decay of an ENSO event, evident in the spatial evolution of the LIM and CSLIM266

forecast in Figs. 2 and 3.267

While most of the forecast N34 index growth from April 2023 comes from the 2- and 3-yr268

mode(s), the remaining modes are also important for signals outside the Niño3.4 region. Spatial269

maps of the full forecast, the contribution of the 3-yr (plus 2-yr for the LIM), and that of remaining270

modes are shown for the LIM in Fig. 2 and CSLIM in Fig. 3. The CSLIM produces more growth271

through the end of the calendar year than the LIM and total growth peaks much later than the LIM;272

these features are present in the 3-yr mode(s) as well. Both the LIM and CSLIM spatial maps show273

that growth of SST in the Niño3.4 region is dominated by the 3-yr (plus 2-yr) modes, although non-274

normal interference by the remaining modes (including a trend mode) yields substantial growth275

throughout the domain, especially outside of the N34 region. While we do not further address those276

anomalies here, the simulated variance outside of the Niño3.4 region is an important distinction277

between the LIM or CSLIM and other index-based statistical prediction methods.278

4. Forecast Evaluation279

a. Cross-Validated Deterministic Forecasts280

We evaluate the role of seasonality in N34 forecasts by comparing cross-validated predictions285

between the LIM and CSLIM. The cross-validation was performed by removing a five year chunk286
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of verification data (e.g. 1963-1967), removing a 2yr “buffer” on both sides of the verification data287

(e.g. 1961-1962 and 1968-1969), and training a LIM or CSLIM on the remaining 56yr of data. For288

the first and last five year chunk (1958-1962 or 2018-2022), only one two-year buffer (1963-1964289

or 2016-2017, respectively) is removed and the models are trained on the remaining 58yr of data.290

The resulting model is used to forecast the five removed verification years. The seasonal correlation291

between the cross-validated (homogeneous) forecast and the observed N34 index is shown in Fig. 4292

with the initialization month indicated on the y-axis and the verification month on the x-axis; i.e.293

the forecast correlation from a given month evolves along the horizontal and the correlation for a294

given month is depicted along the vertical in Fig. 4. The CSLIM and LIM forecasts are compared295

against a climatology forecast (𝜌 = 0) using a standard T-test. The CSLIM and LIM forecasts296

are highly correlated, so the statistical significance of the difference in the forecast correlation297

is evaluated using the Steiger (1980) method as outlined in Siegert et al. (2017). The T-tests298

assume independent years and are evaluated using a one-tailed (a priori assumption that the model299

with more parameters is more skillful) 95% confidence level. To compare the CSLIM and LIM300

forecasts, the difference in correlation (Fig. 4b minus 4a) is shown in Fig. 4c.301

While the overall patterns of LIM (Fig. 4a) and CSLIM forecast skill (Fig. 4a, b) are similar,302

there are substantial CSLIM improvements that are tied to the seasonal cycle. First, we note that303

both the LIM and CSLIM exhibit comparable skill through the first four forecast months (Fig. 4c)304

consistent with the interpretation of the 2-yr mode as an attempt by the LIM to represent ENSO305

seasonality (recall that the damping time scale of the 2-yr mode is 4mo). Both models show306

the well-known spring predictability barrier where forecast correlation increases rapidly as initial307

months progress from February–June (vertical gradient around July-January verification months),308

and forecast correlations drop rapidly as verification months progress from March through June309

(horizontal gradient from March–June for all initial months). In general, the CSLIM shows310

increased forecast correlation for lead times between 6-12mo, especially for verification during311

boreal winter (months between December and March) and summer (June through September).312

These improvements lead to a 1-2mo increase in lead-time for CSLIM forecasts of mature ENSO313

events: for example, a 9mo forecast of the January N34 index initialized in April by the LIM has314

comparable correlation skill to an 11mo forecast initialized in February by the CSLIM. Conversely,315

the CSLIM has similar or even a little worse skill than the LIM for forecasts initialized in spring that316
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Fig. 4. Cross-validated N34 forecast correlation as a function of initial month (y-axis) and verification month

(x-axis), for the (a) LIM, (b) CSLIM, and (c) the difference in correlation coefficients. Forecast lead times

are labeled as diagonal lines. Dotted lines indicate regions where the (a) LIM forecast correlation, (b) CSLIM

forecast correlation, and (c) their difference, is statistically significant (see text).

281

282

283

284

verify during early boreal summer (e.g., February-May forecasts of June-August N34), although317

these differences are not significant.318

The forecast correlation is informative, but is influenced by seasonality in the variance of the322

N34 index itself. The root mean square error (RMSE) of the LIM or CSLIM N34 forecast is323
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Fig. 5. Cross-validated root-mean-squared N34 forecast error (RMSE) as a function of initial month (y-axis)

and verification month (x-axis), for the (a) LIM, (b) CSLIM, and (c) the difference in RMSE. Forecast lead times

are labeled as diagonal lines.

319

320

321

calculated and the difference in RMSE between the CSLIM and LIM forecasts is plotted in Fig. 5.324

In general, the CSLIM shows lower RMSE than the LIM for lead times between 2-12mo. The325

greatest reduction in RMSE from the LIM to CSLIM occurs for forecasts that are (i) initialized326

in June or July and end in January (just following the typical peak of an ENSO event), and (ii)327

for forecasts initialized in November and December (peak of an ENSO event) that verify in the328

following May.329

The reduced RMSE in the CSLIM is illustrated by comparing how the CSLIM and LIM simulate330

the growth and decay of a typical ENSO event. We composite the observed and forecast N34 index331

evolution around years where the magnitude of the November N34 index is greater or less than 1◦C332

(see SI2 for years), and plot the result in Fig. 6. So, Fig. 6a and c show forecasts initialized in June333

when a positive (Fig. 6a) or negative (Fig. 6c) event actually occurs during the following December.334

The unstable growth of the ENSO mode in the CSLIM from August through October produces335

more growth than the stationary LIM, resulting in a larger amplitude ENSO event. Similarly, when336

forecasts are initialized during the peak of an ENSO event (Fig. 6b and d) the CSLIM produces337

more realistic decay of the event due to lower monthly growth rates than the stationary LIM from338

January through April (SI section S1). The seasonality in growth rates thus reduces error in both339

cases, and explains the improved correlation for forecast verification times in boreal winter in340

Fig. 4.341
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Fig. 6. Composite observed and forecast N34 index when an (a and b) El Niño and (c and d) La Niña event

actually occurs in November. (a and c) June initial conditions depict the forecast evolution of the evolving event,

while (b and d) November initial conditions depict the decay of an existing event. The observed N34 index

is shown in black (with grey shading indicating the 95% range of expected N34 evolution based on a normal

distribution), red indicates the median LIM forecast, and blue indicates the median CSLIM forecast.

342

343

344

345

346

.

An asymmetry is evident between the evolution of ENSO events in Fig. 6 where observed El347

Niño events tend to have larger amplitude than La Niña events. While La Niña events are well348

predicted by the CSLIM, El Niño events tend to be underpredicted. This asymmetry may be due to349

nonlinearity that is not captured by the CSLIM or due to unresolved noise forcing that occurs after350

initialization in June (the latter would affect the choice of composite years as the composites are351

based on the November N34 index). We repeated the analysis in Fig. 6 by compositing around June352

initial states that project onto the CSLIM optimal so that the subsequent noise forcing would not353

influence the choice of composite years and hence should not contribute to the composites. The354

resulting asymmetry was considerably reduced, though still present. This suggests a small role for355

nonlinearity or state-dependent noise in improving the forecast amplitude of El Niño events.356
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b. Comparison between CSLIM and IRI Forecasts, 2002-2025357

Here, we compare CSLIM forecasts to ENSO forecasts archived at the International Research358

Institute (IRI) over the time period 2002-2025. We caution, though, that decadal variability in359

ENSO forecast skill may limit the ability to extrapolate comparisons outside of a given time period360

(Kirtman and Schopf 1998; Weisheimer et al. 2022; Lou et al. 2023).361

The IRI archives 3mo-averaged N34 forecasts (i.e. DJF, JFM, etc.) from 2002-present for 51367

different modeling efforts; only 22 have at least 10yr of forecasts extending to 6mo lead time, and368

these are used herein (see SI section S2). Further, these models are separated by model type:369

statistical models (STAT) and physics-based models (PHYS)2. To ensure a fair comparison we370

trained the CSLIM on data from 1958-2001 so that forecasts–initialized with data from January,371

2002 through December, 2024–are independent of the training period, and average the CSLIM372

forecasts over the same 3mo time periods. We calculate the correlation and RMSE between each373

model forecast and the actual seasonal N34 index, then average the correlation or RMSE over all374

PHYS or STAT models (Fig. 7).375

The CSLIM generally produces increased forecast correlation (Fig. 7b, c) and reduced RMSE376

(Fig. 7e, f) than the individual IRI archived model forecasts. This is most noticeable for forecasts377

initialized between June and December and verifying before the following May. Indeed, for378

forecasts initialized during any month between July and September and verifying during DJF or379

JFM, the CSLIM exhibits lower RMSE than any of the 22 IRI-archived forecasts evaluated herein380

or the stationary LIM. The CSLIM also shows considerable improvement in forecast correlation381

and RMSE than the STAT models for forecasts issued from January through April, suggesting an382

improvement in prediction through the spring predictability barrier. In general, the CSLIM tracks383

the PHYS model ensemble more closely than the STAT model ensemble; indeed, at a 6mo lag the384

CSLIM forecast is more highly correlated with the ensemble mean of the PHYS models (𝑟2 = 0.72)385

than that of the STAT models (𝑟 = 0.63).386

Several factors may contribute to why CSLIM exhibits greater correlation and reduced RMSE387

than IRI-archived models, including the integration of seasonality, heat content information (SSH),388

model biases, and stochastic processes (see also Newman et al., 2017). Because seasonality and389

heat content do not contribute to many of the statistical (STAT) methodologies–especially for early390

2Physics based models are referred to as dynamical models at IRI. As the LIM and CSLIM are also dynamical models, we use the term
“physics-based models” here.
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Fig. 7. N34 forecast (a) correlation and (d) RMSE for the CSLIM. Also shown are the (b) CSLIM - IRI

PHYS correlation differences, the (c) CSLIM - IRI STAT correlation difference, (e) CSLIM - IRI PHYS RMSE

difference, and (f) CSLIM - IRI STAT RMSE difference. Forecast lead times are labeled as diagonal lines.

Dotted lines in (b, c, e, and f) indicate lead times when the CSLIM’s correlation or RMSE falls in the top 25%

of compared models. All initial conditions are from the 2002-2024 time period.
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363

364

365

366

models–STAT forecasts can struggle with event onset (Ehsan et al., 2024). This is consistent with391

CSLIM’s superior skill relative to STAT models and the stationary LIM for winter and spring392

initializations that evolve through the ENSO growth season in late boreal summer (SI section S1).393

In nature, nonlinearity contributes to ENSO evolution and predictability by modulating the slowly394

evolving deterministic ENSO trajectory and driving fast instabilities. While the CSLIM utilizes395

a linear approximation of the underlying nonlinear dynamics while omitting explicit nonlinear396

terms, it exhibits comparable predictive skill to the ensemble mean of the PHYS models. This397
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parity suggests that slow nonlinearities are either of secondary importance to ENSO’s deterministic398

evolution or are poorly simulated by current PHYS models. Furthermore, while the PHYS models399

may explicitly simulate fast-growing instabilities (e.g., westerly wind bursts), CSLIM parameterizes400

them as stochastic noise forcing. Although initializing and explicitly simulating these chaotic401

features provides PHYS models with a conceptual advantage, it is short-lived as the instabilities402

rapidly diverge from the true state. This rapid divergence, combined with computational constraints403

that limit individual PHYS models’ ensemble sizes, ultimately restricts individual model skill.404

Conversely, the deterministic CSLIM effectively functions as an infinite ensemble that closely405

tracks the PHYS ensemble mean.406

c. Probabilistic Forecasts407

Probabilistic forecasts are made via iterating the LIM or CSLIM forward 1,000 times using (7)417

beginning from the initial state for each month over the time period 1958-2021. [As opposed418

to the deterministic skill assessment above, the following results were not cross-validated.] A419

3-mo running mean was applied to the resulting N34 index, and the resulting ensemble was420

used to evaluate the forecast probability of a La Niña (N34 < −0.5𝑜C; climatological probability421

29%), neutral (−0.5𝑜C < N34 < 0.5𝑜C; climatological probability 46%), or El Niño (N34 >422

0.5𝑜C; climatological probability 26%) state, where the 0.5𝑜C threshold follows the standard CPC423

definition. For each starting month, a categorical forecast (El Niño, neutral, or La Niña) is based424

on which of these three states has the largest forecast probability. Each categorical forecast is425

evaluated using a 2-by-2 contingency table (see Wilks 2019, e.g.), which in Fig. 8 is illustrated426

graphically in a Performance Diagram (Roebber 2009).427

Before describing results, we note that Fig. 8 is more easily interpreted with reference to the430

seasonal standard deviation of the actual 3-mo running mean N34 index and the standard deviation431

of the 6-mo forecast N34 index, shown in Fig. 9. Both the observed N34 index and CSLIM432

6mo-forecast N34 index exhibit maximum seasonal standard deviation during the late calendar433

year (November / December) and a minimum during boreal spring and early summer. In contrast,434

the LIM 6mo-forecast exhibits relatively constant variance with a slight peak during boreal spring435

(March / April). Note that any seasonality in the LIM standard deviation is a result of seasonal436
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Fig. 8. Performance Diagram for 6mo event forecasts from the LIM (red) and CSLIM (blue) for (a) La Niña,

(b) neutral, and (c) El Niño events. Red and blue numbers indicate the center month of the season being forecast;

e.g. 11 indicates a forecast that verifies in October, November, or December (any of those months). For each

panel the probability of detection (event is forecast when it actually occurs) is plotted against the success ratio

(event occurs when it is forecast; this is equal to 1 minus the false alarm rate). Diagonal dotted lines indicate

the bias (ratio of forecast rate to observed rate of occurrence, so values > 1 indicate overprediction and values <

1 indicate underprediction). Curved lines depict the threat score (ratio of the number of correct event forecasts

relative to the number of times the event was forecast and / or observed). See Wilks (2019) and Roebber (2009)

for further explanation.
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414
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variability in the observed initial conditions as the LIM has no seasonal dynamics or noise forcing.437

This seasonal variance plays a critical role in probabilistic forecasts.438

The seasonality of ENSO, with variance peaking at the end of the calendar year, explains the439

behavior of the probabilistic CSLIM and LIM forecasts during the late calendar year [October440

through December (OND), depicted by the number 11 in Fig. 8]. For example, if a model441

underpredicts variance in OND (which the LIM does; Fig. 9) then the forecast PDF will be too442

narrow, leading to under-prediction of extreme events (El Niño’s and La Niña’s) and over-prediction443

of neutral events. The CSLIM predicts more realistic variance in OND than the LIM (Fig. 9) so is444

more likely to forecast an El Niño or La Niña event (see also Fig. 6) at that time. This leads to a445
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Fig. 9. Seasonal standard deviation of the 3-mo running mean N34 index from observations (black), and from

the 1000-member 6mo forecast ensemble for the LIM (red) and CSLIM (blue).

428

429

.

bias closer to unity (Bias = number of forecast events divided by the number of observed events,446

so unity is unbiased) for the CSLIM, and an excessive low bias (not enough events are forecast)447

for the LIM, for late calendar year El Niño and La Niña events. This corresponds to the CSLIM448

having a higher probability of detection (number of correct forecasts divided by number of actual449

events) and threat score (number of correct forecasts divided by the number of times the event was450

forecast or observed) for late calendar year El Niño or La Niña events than the LIM. For the same451

reason, the LIM exhibits a high bias (near 2) for neutral events while CSLIM is closer to unity (bias452

around 1.4); this corresponds to a slightly lower false alarm rate for the CSLIM for neutral events.453

These discrepancies are more pronounced for higher ENSO thresholds (e.g. ±1𝑜C; not shown).454

The opposite effect tends to be true in the late boreal Spring [April through June (AMJ), illustrated455

by the number 5 in Fig. 8] when the LIM tends to overpredict the N34 variance (Fig. 9). The456

excessive variance in the LIM in AMJ corresponds to a higher false alarm rate for El Niño events457

(lower success ratio) in AMJ compared to the CSLIM. In contrast, the CSLIM tends to underpredict458

La Niña and El Niño events during AMJ (bias less than unity in Fig. 8a, c). Overall, the improved459

seasonality of froecast variance leads to improved probabilistic forecasts of ENSO events.460
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5. Conclusions461

A cyclostationary (seasonal) linear inverse model (CSLIM) was constructed for making real-time462

forecasts of tropical Pacific SST and SSH variability, following Shin et al. (2021) and Vimont et al.463

(2022). The CSLIM includes seasonality in the dynamical operator, which improves both the464

growth of ENSO events through late boreal summer and early boreal fall, and the subsequent decay465

of an event through boreal winter. CSLIM hindcasts were evaluated against the observed Niño466

3.4 index and compared to similar hindcasts using a non-seasonal LIM and to IRI-archived N34467

forecasts from a suite of physics-based or statistical models. The CSLIM exhibits improved skill468

in correlation and amplitude when compared to a non-seasonal LIM and the ensemble mean of the469

IRI statistical models. The CSLIM hindcast skill is more closely aligned with the IRI physics-based470

models for lead times less than 1yr.471

Seasonal dynamics influences tropical Pacific ENSO forecasts through the seasonally varying472

deterministic trajectory and the seasonal variability of forecast spread (which influences proba-473

bilistic forecasts). Seasonal growth rates in the CSLIM allow more realistic (compared to the LIM)474

deterministic growth of ENSO events through late boreal Summer and early Fall, resulting in more475

realistic timing and amplitude of ENSO events by the end of the calendar year. Similarly, seasonal476

decay rates in the CSLIM allow events to decay more rapidly than in the LIM through the boreal477

winter, improving forecast skill in the months following an El Niño or La Niña event. Compared478

to the LIM, the seasonal deterministic trajectory in the CSLIM leads to improved correlation and479

reduced mean square error between forecast and observed N34 indices. Overall, improved skill480

in the CSLIM implies a 1-2mo increase in lead time over the non-seasonal LIM, and improved481

forecasts through the spring predictability barrier.482

Probabilistic forecasts using the CSLIM also show improved N34 forecast skill over the non-483

seasonal LIM due to seasonal growth rates and seasonality in noise forcing. The CSLIM produces484

higher probability of large ENSO events during late boreal fall when ENSO tends to peak. This485

translates to an increased probability of detection for El Niño or La Niña events at that time; this486

effect is pronounced for large or very-large El Niño events. Seasonal variation in the CSLIM also487

leads to reduced forecast spread by late boreal spring, generally resulting in improved probabilistic488

forecasts of neutral events at that time.489
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The CSLIM represents a major advance in ENSO forecasting by including seasonality into a490

linear inverse modeling framework to improve both deterministic and probabilistic ENSO forecasts.491

The CSLIM achieves similar predictive skill as complex physics-based global climate models for492

lead times under one year and extends lead-time skill by 1–2 months over statistical and stationary493

methods. Because the CSLIM can produce thousands of ensemble members in a few seconds, it494

provides an accessible alternative to far more computationally intensive operational climate model495

forecasts. As such, the CSLIM provides an accessible benchmark for assessing deterministic and496

probabilistic tropical Pacific forecast skill (e.g. Wang et al. 2026). In support of this, code for497

deriving the CSLIM is provided herein, while the resulting real-time N34 time series and spatial498

SST and SSH forecasts are continuously updated for the scientific and operational communities499

through the NOAA PSL website and the IRI forecast plume500
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APPENDIX512

Calculation of Noise Covariance Matrix513

The noise covariance matrix calculation is based on discretizing (3), the fluctuation dissipation514

relation for a linear cyclostationary model (Penland and Matrosova 1994; Shin et al. 2021). In Shin515

et al. (2021), the derivative in (3) is estimated using a centered difference:516

Q𝑖 =
C𝑖+1 −C𝑖−1

2Δ𝑡
−B𝑖C𝑖 −C𝑖B𝑇

𝑖 (A1)

where C𝑖 is the zero-lag covariance matrix for calendar month 𝑖 and the remaining terms are the517

same as defined in the text. When estimating G𝑖 and hence B𝑖 using a one month lag in (2), a518

half-month phase lag is introduced between those quantities and (i) the centered derivative in (A1)519

and (ii) the covariance matrix C𝑖. To correct for this, we estimate the time derivative using forward520

differencing to phase-shift the derivative to align with B𝑖. The zero-lag covariance matrices on the521

right hand side are also phase shifted by averaging two months’ covariance matrices together. The522

resulting noise covariance matrix is computed as a residual:523

Q𝑖 =
C𝑖+1 −C𝑖

Δ𝑡
−B𝑖

(
C𝑖 +C𝑖+1

2

)
−
(
C𝑖 +C𝑖+1

2

)
B𝑇
𝑖 (A2)
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Table A1. Number of negative eigenvalues in Q𝑖 when calculated using (A1; Qold
𝑖 ) vs (A2; Qnew

𝑖 ).

Month J F M A M J J A S O N D

Qold
𝑖 2 3 3 2 2 3 2 3 2 3 2 2

Qnew
𝑖 1 0 0 0 0 0 0 0 0 0 1 1

The resulting noise covariance matrix is phase shifted to be consistent with the calculation of the524

dynamical system matrix Bi. Note that the LIM is stationary so no lag need be accounted for in525

(3), so (3) is used to directly calculate Q𝑆𝑇 .526

The noise covariance matrix calculated using (A2) generally improves the estimated noise covari-527

ance matrices and resulting seasonal cycle of N34 variance. Table A1 shows that the Q𝑖 calculated528

using (A2) have fewer negative eigenvalues than (A1). To test how the noise covariance matrix529

affects simulated N34 variance we integrate (7) forward for 5,100 yr removing the first 100yr for530

spin-up, using either (A1) or (A2) for computing the noise covariance matrix, and using either a531

24-hr or 3-hr time step. The resulting seasonal N34 variance is plotted in Fig. A1, and shows that532

(A2) improves the simulated seasonal N34 variance. We further tested simulations using a 24hr vs.533

3hr time step, and found the shorter time step improved the simulated variance (Fig. A1, dashed534

lines).535

Fig. A1. Seasonal cycle of N34 variance (◦𝐶2) from CSLIM simulations using the monthly noise covariance

matrices calculated from (A1), (Qold
𝑖 , orange lines); and from (A2), (Qnew

𝑖 , blue lines). Integrations are performed

with time steps of Δ𝑡 = 24ℎ𝑟 (dashed lines with triangle markers) and Δ𝑡 = 3ℎ𝑟 (solid lines with circle markers).

Observed N34 variance shown in black.

536

537

538

539

.
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