
1.  Introduction
The El Niño Southern Oscillation (ENSO) is the dominant mode of interannual climate variability and predicting 
its occurrence and evolution has been the focus of climate forecasts for nearly four decades (e.g., Latif et al., 1998; 
Zebiak & Cane, 1987). Seasonal ENSO forecasts based on global coupled models exhibit skill at lead times of 
6–12  months (Barnston et  al.,  2012; Becker et  al.,  2022; Kirtman et  al.,  2014). Outside the tropical Pacific, 
climate predictability can also result from local air-sea interaction (e.g., Saji et al., 1999; Xie et al., 2002) and 
ocean dynamics (e.g., Alexander & Deser, 1995) in addition to ENSO teleconnections (Alexander et al., 2002; 
Trenberth et al., 1998).

Multi-year climate predictability, however, has only been examined by a few studies using coupled general circu-
lation models (CGCM; DiNezio et al., 2017; Ham et al., 2019; Luo et al., 2008; Sharmila et al., 2022; Weisheimer 
et al., 2022; Wu et al., 2021; Yeager et al., 2022). In this study, multi-year forecasts are regarded as forecasts at 
leads of 1–3 years to distinguish them from decadal predictions (e.g., Yeager et al., 2022). Theory suggests that 
ENSO may be predictable 2 years in advance (e.g., Neelin et al., 1998). Luo et al. (2008) first demonstrated skill-
ful forecasts of ENSO events at leads of 2 years over the years 1982–2004. The duration of ENSO events is asym-
metrical because some La Niña events last for two continuous years (Okumura & Deser, 2010). Wu et al. (2019) 
further showed that one out of three (two) El Niño (La Niña) events persist for two consecutive years. DiNezio 
et al. (2017) found that the second peak of 2-year La Niña events are predictable at lead time of 2 years using 
the Decadal Prediction Large Ensemble (DPLE; Yeager et al., 2018 and Text S1 in Supporting Information S1) 
conducted by Community Earth System Model, version 1 (CESM1). Ham et al. (2019) demonstrated that ENSO 
hindcast skill at 18-month lead using a machine learning method. Wu et al. (2021) further showed that multi-year 
El Niño and La Niña events are well captured by a set of hindcast experiments at leads of 13 and 25 months, 

Abstract  The multi-year predictability of global sea surface temperature (SST) is examined by applying a 
model-analog method to four control simulations to make forecasts at leads of 1–36 months over 1961–2015. 
The forecasts are found to have skill for annual mean SST at Year 2 (i.e., leads of 13–24 months) or even 
Year 3 (i.e., leads of 25–36 months) in the tropical Pacific, the North and South Pacific, the southwest Indian 
Ocean, and the northwestern tropical Atlantic. The seasonality in forecast skill suggests that July is the best 
time to initialize multi-year forecasts. The evolution of forecast skill for tropical Pacific SSTs indicates that the 
predictability of some El Niño Southern Oscillation events is nearly the same at leads of 6 and 18 or 24 months. 
Further, these El Niño and La Niña events can be predicted at leads of up to 24 and 30 months, respectively.

Plain Language Summary  Past studies showed that some La Niña events occur in two consecutive 
years, and the tropical Pacific sea surface temperature (SST) anomalies in the second year of these events can 
be predicted 2-years ahead. Here, we examine El Niño Southern Oscillation prediction skill out to 3 years 
regardless of its initial state. In addition, we evaluate multi-year forecast skill of global SSTs, which may 
be independent from El Niño and La Niña events. Forecasts are made using a analog method applied to 
pre-existing model simulations, which has been proven to be useful in making climate forecasts. Forecast skill 
is evaluated by performing retrospective forecasts of historical observations over 1961–2015 at lead times of 
1–36 months. The forecasts are found to be skillful for predicting the evolution of some El Niño and La Niña 
events at lead months of 24 and 30 months, respectively. Furthermore, SSTs in the southwest Indian Ocean, the 
North and South Pacific, and the northwest tropical Atlantic are predictable two or even 3 years ahead. In this 
study, the effects of anthropogenic climate change on SST are also considered, and the inclusion of the effect 
greatly improves forecast skill in many ocean basins, but not in the central and eastern tropical Pacific.

DING AND ALEXANDER

© 2023. The Authors. This article has 
been contributed to by U.S. Government 
employees and their work is in the public 
domain in the USA.
This is an open access article under 
the terms of the Creative Commons 
Attribution-NonCommercial-NoDerivs 
License, which permits use and 
distribution in any medium, provided the 
original work is properly cited, the use is 
non-commercial and no modifications or 
adaptations are made.

Multi-Year Predictability of Global Sea Surface Temperature 
Using Model-Analogs
Hui Ding1,2   and Michael A. Alexander2 

1CIRES, University of Colorado, Boulder, CO, USA, 2NOAA Physical Sciences Laboratory, Boulder, CO, USA

Key Points:
•	 �Sea surface temperature anomalies 

are predictable in El Niño Southern 
Oscillation (ENSO) regions at leads of 
two or even 3 years

•	 �The maximum forecast lead time 
of ENSO events is obtained when 
forecasts are initialized in July

•	 �Some, including single-year, ENSO 
events are predictable at leads of up 
to 30 and 24 months for the cold and 
warm phases, respectively

Supporting Information:
Supporting Information may be found in 
the online version of this article.

Correspondence to:
H. Ding,
hui.ding@noaa.gov

Citation:
Ding, H., & Alexander, M. A. 
(2023). Multi-year predictability of 
global sea surface temperature using 
model-analogs. Geophysical Research 
Letters, 50, e2023GL104097. https://doi.
org/10.1029/2023GL104097

Received 12 APR 2023
Accepted 5 SEP 2023

10.1029/2023GL104097
RESEARCH LETTER

1 of 10

http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
https://orcid.org/0000-0001-9293-6778
https://orcid.org/0000-0001-9646-6427
https://doi.org/10.1029/2023GL104097
https://doi.org/10.1029/2023GL104097
https://doi.org/10.1029/2023GL104097
https://doi.org/10.1029/2023GL104097
https://doi.org/10.1029/2023GL104097


Geophysical Research Letters

DING AND ALEXANDER

10.1029/2023GL104097

2 of 10

respectively. Weisheimer et al. (2022) found that ENSO hindcast skill is much higher since 1960s than the previ-
ous four decades. However, these studies often only focus on ENSO, leaving multi-year predictability in other 
ocean basins largely unexplored (Yeager et al., 2022).

In this study, we examine the overall multi-year sea surface temperature (SST) predictability by applying the 
model-analog method (Ding et  al.,  2018; hereafter D18) to four NMME control simulations (e.g., Kirtman 
et al., 2014; Table S1 in Supporting Information S1) to make global SST hindcasts at leads of 1–36 months. The 
model-analog method finds a set of states from a long uninitialized control CGCM simulation by matching their 
sea surface height (SSH) and SST anomalies to observed global SSH and SST anomalies (SSTA). The matched 
states are called model-analogs by D18, and their subsequent evolutions in the control simulation provides an 
ensemble of forecasts. The method reproduces and occasionally exceeds traditional data assimilation-initialized 
forecast skill when being applied to the same CGCMs (D18). We also evaluate the impact of the external green-
house gas-forced trends on the overall forecast skill following Ding et al. (2019; hereafter D19), but using a larger 
domain and examining longer lead times.

2.  Data and Methods
2.1.  Model-Analog Technique

We choose analogs at each month t over the years 1961–2015 by calculating a root-mean-square (RMS) distance 
between the target state and each library state, where the target state is defined as the observed state at the initial-
ization time, and the library state is obtained from a CGCM control simulation (D18). SST and SSH anomalies 
between 60°S and 60°N are used to compute the RMS distance to define analogs (for details see D18). Distances 
are then ranked in ascending order, and the K states closest to the target state are chosen as the model-analog 
ensemble members. In this study, we set K = 15 for each model in Table S1 of Supporting Information S1 unless 
otherwise stated. The subsequent model evolution of this ensemble is the model-analog forecast ensemble.

2.2.  Model and Observational Data Sets

The library data sets consist of monthly mean data from control simulations conducted using four different 
models (listed in Table S1 of Supporting Information  S1), which have demonstrated seasonal forecast skill 
from traditional assimilation-initialized hindcasts (D18). Model-analog hindcasts based on these models exhibit 
comparable SST forecast skill as initialized hindcasts using the same models, which compelled us to examine 
their multi-year predictability. For each simulation, monthly anomalies are calculated by subtracting its own 
monthly climatology determined using the full length of data (Table S1 in Supporting Information S1). Addition-
ally, the CESM1 large ensemble (CESM-LE; Text S3 in Supporting Information S1) provide an additional library 
for model-analog forecasts, which are compared against the DPLE (Yeager et al., 2018).

SSTs from the monthly mean Hadley Sea Ice and Sea Surface Temperature v1.1 data set (HadISST; Rayner 
et al., 2003) and SSHs from the ECMWF Ocean Reanalysis System 4 data set (Balmaseda et al., 2013) were 
used to determine initial observed states over the years 1960–2015, a common period for the data sets. Observed 
anomalies were calculated by removing the monthly mean 1960–2015 climatology. All model and observed data 
were interpolated onto a common 2° longitude by 2° latitude grid.

2.3.  Accounting for Externally-Forced Trends

The observed SSH and SST anomalies include both externally-forced (greenhouse gas, aerosols, and other radi-
ative forcing) components and internal climate variability (e.g., Solomon et al., 2011). However, fixed-climate 
control simulations (e.g., with preindustrial or late twentieth century forcings) retain only the model's internal 
climate variability. Therefore, the model-analog technique predicts the internal climate anomaly. Following D19, 
the time-evolving multi-model ensemble mean of 45 historical and RCP4.5 CMIP5 simulations was adopted to 
estimate the externally-forced component, which was then used to remove the trend component from the observed 
SSH and SST anomalies. Readers can refer to Text S4 in Supporting Information S1 and D19 for more details.

3.  Results
We first assess the skill of the multi-model ensemble-mean model-analog hindcasts alone, without the projected 
externally-forced component. The ensemble-mean hindcast skill for annual mean SST at leads of 13–24 months 
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(i.e., Yr2 hindcast skill), as measured by anomaly correlation coefficient (ACC) is shown in Figure 1a. The hind-
casts are skillful in the central and eastern equatorial Pacific, with correlations ranging between 0.3 and 0.4. This 
suggests at least 2-year predictability of ENSO events, consistent with previous studies (e.g., Wu et al., 2021). 
The relatively low ACC skill of 0.3–0.4 is for forecasts initialized from all months while forecast skill strongly 
depends on seasonality (see below). In addition, the ACC skill of 0.3–0.4 is also noted in the southwest Indian 
Ocean, the North and South Pacific (Figure 1a). At Yr3 (Figure 1b), ACC values ≥0.3 occur in the southwest 
Indian Ocean. The hindcast skill for SSH at Yr2 and Yr3 (Figure S1 in Supporting Information S1) closely 
resemble that for SST. In particular, the ACC skill for SSH reaches ∼0.5 in the Southwest Indian Ocean between 
20° and 10°S. These results indicate that the model-analog method still generates skillful forecasts for SST when 
it is defined using the global ocean compared to previous studies based only on the tropical Indo-Pacific sector 
(D18; D19).

We now evaluate how external forcing (i.e., greenhouse gas, aerosols or volcanic aerosols) impacts multi-
year hindcast skill by including the externally-forced trend component, obtained from the CMIP5 histori-
cal run multi-model ensemble mean (see the supplementary material), in Figures  1c and  1d. Including the 
externally-forced component, as shown by comparing the upper and lower rows in Figure 1, greatly improves 
model-analog SST forecast skill over the tropical Indian Ocean, the western tropical Pacific, South Pacific and 
large areas in the North Atlantic (AC of 0.6–0.8), but not within the ENSO region. The inclusion of the effect of 
greenhouse gas forcing also increases forecast skill for SSH in large areas in the extratropical Indian and Pacific 
Oceans and nearly the entire Atlantic Ocean (Figure S1 in Supporting Information S1).

We also compare the skill of model-analog hindcasts to those calculated from the DPLE. Figure S2 in Supporting 
Information S1 shows the hindcast skill at leads of Yr1, Yr2, and Yr3 from the DPLE and the CESM-LE based 
model-analog ensemble-mean hindcasts with and without external forcing. The DPLE and the model-analog 
hindcasts are initialized from November and October, respectively, for a fair comparison. The model-analog hind-
casts alone (right column) reproduce or even slightly exceed the DPLE forecast skill for the tropical Pacific SST 
for the three leads, but the addition of external forcing (middle column) enables the model-analog hindcasts to 
better match the DPLE forecast skill in the Indian Ocean, the South and North Pacific, and the tropical and North 
Atlantic. This is consistent with the impact of greenhouse gas forcing on forecast skill in Figure 1. In the northern 

Figure 1.  Skill of “Year 2” and “Year 3” hindcasts verified against observations, 1961–2015. Skill is measured by the local anomaly correlation between annual mean 
hindcast and observed sea surface temperature anomalies, determined for (a) “Year 2” (Months 13–24) and (b) “Year 3” (Months 25–36). (c and d) Same as (a) and 
(b) but for hindcasts with the CMIP5-projected response to external radiative forcing considered. The red boxes in (a) indicates the regions for defining the five indices 
shown in Figure 2. Dots indicate where the anomaly correlation coefficient is significant at 95% confidence, obtained by considering the effective degrees of freedom in 
a Student's t-test.
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North Atlantic, model-analog forecast skill is much lower than the DPLE skill in Yr2 and Yr3, suggesting that 
model-analog predictions based on just SST and SSH may not fully represent variability driven by the Atlantic 
meridional overturning circulation, as well as other processes (Yeager, 2020).

From now on we will focus on predictability without including the effects of greenhouse gas forcing. Since 
hindcasts are initialized from each month, we can evaluate how forecast skill depends on the forecast lead and 
initial state for monthly SSTA in five regions (Figure 2) in which the initialized forecast skill at Yr2 is rela-
tively high (Figure  1a). The SSTA averaged over the Nino3.4 region is well forecasted (ACC ≥0.6) at lead 
times of 1–12 months, consistent with the current operational forecast skill (Becker et al., 2022; Weisheimer 
et al., 2022; Yeager et al., 2022) and previous model-analog hindcast skill (D19). In addition, the forecast skill 
for the Nino3.4 SSTA displays the well-documented spring predictability barrier (e.g., McPhaden, 2003). At lead 
times of 13–18 months, ACC ≥0.5 is noted for forecasts initialized in July-December, suggesting that ENSO is 
predictable at leads beyond 1 year. Here, it is regarded as potential useful forecast skill when the ACC equals or 

Figure 2.  Anomaly correlation coefficient (ACC) skill of 3-month running mean multi-model ensemble mean hindcasts over the years 1961–2015. Shown is skill for 
the SSTA indices: (a) Nino3.4 (170°–120° W, 5°S–5° N), (b) PDO, defined by projecting sea surface temperature onto the first empirical orthogonal function mode 
in the North Pacific (20°–65°N, 120°E−90°W), (c) South Pacific Ocean Dipole ((165°E−170°W, 20°–48°S)—(140°–100°W, 44°–65°S); Guan et al., 2014), (d) SW 
Indian Ocean (50°−65°E, 8°–18°S), and (e) North Tropical Atlantic (79°–20°W, 10°–20°N), as a function of forecast lead (abscissa) and initial month (ordinate). For 
example, the skill for hindcasts initialized in August at a lead of 18 months is verified by the observed SSTA averaged in Jan/Feb/Mar 1 year and half later. Hatching 
indicates that ACC is significant at the 95% confidence. Purple lines indicate forecasts of December.
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exceeds 0.5 (Yeager et al., 2022). It also suggests that on average, ENSO events can be predicted by forecasts 
initialized from the previous summer (e.g., JJA) at a lead time of 18 months, several months longer than in previ-
ous studies that initialized forecasts in November (e.g., Weisheimer et al., 2022). Lou et al. (2023) also noted 
the seasonality of ENSO multi-year forecast skill by applying the model-analog method to CMIP6 simulations. 
The seasonality of PDO forecast skill closely resembles that of the Nino3.4 SSTA, although the PDO forecast 
skill is much lower. The maximum ACC skill for the PDO in the second year occurs 2-months later than that for 
ENSO, consistent with a portion of the PDO being driven by ENSO (e.g., Newman et al., 2003) via the atmos-
phere bridge (Alexander et al., 2002). Likewise, the South Pacific Dipole displays a similar pattern of ACC skill 
as those of ENSO and the PDO. The ACC skill of the South Pacific Dipole is about 0.4 (0.30) at lead times of 
12–24 (25–30) months when initialized in August. The SSTA in the Southwest Indian Ocean displays potential 
predictability during years 2 and 3, which may result from remote ENSO forcing and local air-sea interaction (Xie 
et al., 2002). The pattern of seasonality indicates that the multi-year skill mainly comes from SSTA being verified 
in July-September. For example, SSTA forecasts initialized in Jan-Mar that verify in July-September at lead of 
30 months have ACC values of 0.3–0.4. There is also some predictability at longer lead times (13–24 months) in 
the northern tropical Atlantic. For example, ACC values reach 0.4 at a lead time of about 20 months when hind-
casts are initialized from July, indicating that the skill comes from predicting SSTA in boreal spring. Short-term 
forecast skill is also greatest for predictions of SSTA in spring. These results are consistent with studies (e.g., 
Enfield & Mayer, 1997) that found that SST variability in the northern tropical Atlantic is strongly affected by 
ENSO in spring and summer. In addition, the Atlantic Meridional Mode may also contribute to climate predicta-
bility beyond 1 year (Amaya et al., 2017; Chang et al., 1997).

We now examine the evolution of ENSO predictability over the past 55 years (Figure 3). The hindcast skill is 
measured based on the pattern correlation of hindcasts and observed anomalies within the ENSO region for 
the multi-model model-analog ensemble mean. This skill metric has been employed in previous studies (e.g., 
Newman & Sardeshmukh,  2017), since the SSTA pattern is an important metric for ENSO (e.g., Capotondi 
et al., 2015). The evolution of Month 6 hindcast skill is shown in black curve (Figure 3). Consistent with D19, 
there is a close correspondence between the modulation of 6-month lead hindcast skill curve and ENSO activity 
(Figure 3). This suggests that higher (lower) hindcast skill is coincident with stronger (weaker) ENSO activity and 
that there is no obvious trend in the Month 6 hindcast skill over the entire period, also noted by previous studies 
(e.g., Kumar et al., 2015; D19).

We examine the evolution of 2-year predictability for ENSO by comparing pattern correlation hindcast skill at 
lead times of 12, 18, and 24 months with that at 6 months (Figure 3). For clarity, only correlations greater than 
0.4 are shown for the longer lead times while the entire evolution is shown in Figure S3 of Supporting Infor-
mation S1. Like the 6-month forecasts, the hindcast skill at the longer lead times also depend on the level of 
ENSO activity. For some ENSO events, the pattern correlation hindcast skill is very high (0.7–0.8) at both short 
(6-month) and longer leads of 18 and even 24 months. Here, we define the ensemble mean hindcasts as skillful 
when the pattern correlation equals or exceeds 0.75 in the seasonal mean of December and the next January and 
February. The events that are successfully predicted at long leads are 1965/66 (18), 1972/73 (24), 1982/83 (18), 
1986/87 (24), 1991/92 (18), 1997/98 (18), 2002/03 (24), 2009/10 (24) El Niño events and the 1984/85 (24), 
1988/89 (18), 1998/99 (18), 1999/2000 (24) La Niña events, where the numbers in parentheses indicate the lead 
time in which the pattern correlation ≥0.75. The list includes 1-year ENSO events, for example, the 2009/2010 
El Niño and 1988/89 La Niña events, in addition to 2-year ENSO events, for example, the 1986/87 El Niño and 
1999/2000 La Niña events.

The multi-model ensemble mean forecasts of the 1999/2000 La Niña and 2009/2010 El Niño events are shown 
in Figure 4, for lead times of 6, 12, 18, 24, 30, and 36 months. The ensemble mean hindcast initialized in Jan 
1997 underestimates the amplitude of the 1997/98 El Niño, although many individual ensemble members reach 
or even exceed ∼2.5°C, the observed SSTA. The 1999/2000 La Niña event is successfully predicted by forecasts 
initialized in July 1997 at a lead time of 30 months, although the forecasts underestimate the observed magnitude. 
However, the observed Nino3.4 SSTA is within the spread of the forecast members, which is also the case at 
other lead times. The multi-model ensemble mean forecast reproduces the evolution of Nino3.4 SSTA from the 
initial state in July 1997 to January 2000, including the 1997/98 El Niño and the following 2-year La Niña event. 
However, the ensemble mean forecast does not reproduce the seasonal weakening and subsequent strengthening 
of negative SSTA in 1999. That the forecast lead time of nearly 30 months is obtained through initializing hind-
casts from the developing phase of the previous El Niño event is consistent with Figure 2, and extends the lead 
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time of forecasts by 4 months relative to the forecasts by DiNezio et al. (2017) and Wu et al. (2021), who initial-
ized forecasts near the peak of this El Niño event. Furthermore, the forecasts indicate that a La Niña event may 
occur with an ensemble mean SSTA of −0.5℃ during the winter of 1999/2000 when the forecasts are initialized 
in January 1997 with a lead time of 36 months, although there is a large spread among the ensemble members. 
Surprisingly, the 12-month ensemble mean forecast failed to predict this La Niña event. For the 2009/2010 El 
Niño, the ensemble mean forecast reproduces the event with a SSTA of 1℃ when initialized from January 2008 
with a lead time of 24 month. For this La Niña event, the observed Nino3.4 SSTA is also within the spread of fore-
cast members at the six lead times. The evolution of the forecasts of El Niño events (1972/73, 1986/87, 1987/88, 
2002/03) and combined El Niño - La Niña events (1972/73, 1982/83, and 2015/16) are shown in Figures S4–S10 
in Supporting Information S1. The hindcasts of these events exhibit various level of skill.

4.  Conclusion and Discussion
In this study, we have examined the multi-year predictability of global SST, using a model-analog method (D18) 
applied to four pre-existing control simulations to initialize retrospective forecasts at leads of 1–36 months during 
1961–2015. A difference is that initial observed SST and SSH anomalies are detrended prior to matching them to 
corresponding anomalies calculated from the control simulations, in the global oceans to define analogs, while 
in D18 and D19 these anomalies are matched only in the tropical Indo-Pacific. The analysis of the hindcasts 

Figure 3.  Evolution of model-analog ensemble-mean hindcast skill in the tropical Pacific El Niño Southern Oscillation 
region at lead times of 6, 12, 18, and 24 months. The measure of skill is the pattern correlation between the ensemble 
mean hindcasts and the corresponding observed 3-month running mean SSTA within the region bounded by 20°S–20°N, 
170°E−70° W. For clarity, a 5-month running mean has been applied to the skill time series, and values below 0.4 are not 
shown for the three longer leads. The light red (blue) shaded epochs indicate periods of >1 standard deviation warm (<−1 
standard deviation cold) Nino3.4 SSTA.
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Figure 4.  The model-analog hindcasts of SSTA in Nino3.4 domain at lead times of 6, 12, 18, 24, 30, and 36 months. The observation and multi-model ensemble mean 
forecasts are shown with thick black and red lines, respectively, while the thin yellow lines are ensemble members. All hindcasts verify against DJF 1999/2000 (left) or 
DJF 2009/2010 (right).
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suggests predictability for SST in the equatorial Pacific, the North and South Pacific, the southwest Indian Ocean 
and northern tropical Atlantic at Year 2 (Months 13–24) and even at Year 3 (Months 25–36) in the southwest 
Indian Ocean. The predictability outside the tropical Pacific, may arise in part from ENSO's remote impact on 
other ocean basins via the atmospheric bridge (e.g., Alexander et al., 2002). The hindcast skill in those regions 
are strongly modulated by the season. In particular, the seasonality of ENSO forecast skill indicates that the ACC 
skill still reaches a value of 0.5 at 18-month lead when hindcasts are initialized from July, suggesting that it is 
the best initial time to initialize multi-year forecasts; they are often initialized from November in other recent 
studies (e.g., Weisheimer et al., 2022). Following D19, the effect of the externally-forced trends on forecast skill 
is examined (see Text S5 in Supporting Information S1).

The pattern correlation between observed and forecasted SST anomalies in the tropical Pacific, indicates that 
some ENSO events can be predicted at leads of 18 months or even longer. These events also include both 1-year 
ENSO and 2-year El Niño events besides 2-year La Niña events (Wu et al., 2021). Our results indicate that El Niño 
events are also predicated at leads of 18 and even 24 months, longer than the 13-month predictability for El Niño 
events noted by Wu et al. (2021). For example, the 2009/10 El Niño event is reproduced by forecasts initialized in 
January 2008 at 24-month lead, and the pattern correlation for SSTA in the seasonal mean of December 2009 to 
February 2010 in the ENSO region reaches 0.88. Surprisingly, the 1999/2000 La Niña event was well predicted 
by the multi-model ensemble mean hindcasts initialized in July 1997 at a lead time of 30 months. The dynamics 
for these events warrant further examination and may help to better understand their extended predictability.

There is a close correspondence between ENSO activity and tropical Pacific SST forecast skill at long leads (i.e., 
18 and 24 months), as noted for seasonal forecasts by D19. This suggests that high forecast skill tends to occur 
when the signal-to-noise ratio is relatively large, in particular during La Niña events (not shown). It is noted that 
the signal-to-noise ratio coincides largely with the ensemble mean hindcasts. This is because the inter-member 
forecast spread varies around a value, which approximately equals 1.0, rather than displaying large interannual 
variations (not shown), so that the skill is due to the ENSO signal, which increases with ENSO's amplitude, rather 
than the noise.

Scientific issues that are important to address for model-analog predictions include: the influence of a model's 
ability to simulate multi-year La Niña (Okumura & Deser, 2010) and El Niño (Wu et al., 2019) events, the statis-
tical characteristics of higher-frequency phenomena such as westerly wind bursts (e.g., McPhaden, 1999) and 
interactions between basins on forecast skill (Alexander et al., 2022; Keenlyside et al., 2013). The model-analogs 
likely do not adequately include westerly wind bursts and high frequency forcing (“atmospheric noise”) in 
general, which may have been especially important in El Niño-La Niña's evolution during 1997–1999.

Data Availability Statement
HadISST and ORA-S4 data are available at https://www.metoffice.gov.uk/hadobs/hadisst/ and https://www.
cen.uni-hamburg.de/en/icdc/data/ocean/easy-init-ocean/ecmwf-ocean-reanalysis-system-4-oras4.html, respec-
tively. The hindcasts and data from the four control runs are available at https://downloads.psl.noaa.gov/
Projects/FAIR_paper_data/20230407_01/ and https://data1.gfdl.noaa.gov. The CESM-LE data are available at 
https://www.earthsystemgrid.org/dataset/ucar.cgd.ccsm4.cesmLE.html. The CMIP5 data output is available at 
https://esgf-node.llnl.gov/search/cmip5/.
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