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Key Points:

« A simple regression model was developed to represent the delayed response of global
mean surface temperature to ENSO

+ The model associates a 1°C December Nino-3.4 anomaly with global mean tem-
perature increases of 0.03°C in summer and 0.11°C in late winter

« Initialized climate forecasts show similar ENSO-temperature links and provide

additional value prior to the ENSO peak
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Abstract
Here we examined how the June-May trajectory of global mean surface temperature (GMST)
can be anticipated from recent GMST evolution and upcoming boreal winter Nifio-3.4
values. Principal component analysis and dimension reduction of the data led to a sim-
ple, interpretable model in which the June-May monthly GMST trajectory is conditioned
on two quantities: the average GMST of the prior 12 months and the upcoming Decem-
ber value of Nino-3.4. Including ENSO improves performance relative to persistence base-
lines that do not include ENSO, especially during the time of the year when atmospheric
bridge mechanisms are active. The model associates a December Nino-3.4 anomaly of

1°C with a GMST increase of about 0.03°C during June-August followed by a peak in-
crease of about 0.11°C in the following February. Initialized climate forecasts show broadly

similar ENSO-GMST relationships and provide additional skill prior to the ENSO peak.

Plain Language Summary

Global mean surface temperature (GMST) is changing due to anthropogenic and
natural forcing, as well as natural variability, with El Nifio-Southern Oscillation (ENSO)
being the dominant component of natural variability. In this study, we examined how
the June-to-May evolution of global mean temperature can be anticipated from two pieces
of information available near the beginning of June: the recent GMST level and the ex-
pected state of ENSO over the same June-to-May period. In a regression framework, a
December Nino-3.4 anomaly of 1°C is preceded by a GMST increase of about 0.03°C dur-
ing June-August and followed by an increase of about 0.11°C in February. Initialized
climate forecasts showed similar links between ENSO and global mean temperature and

add more information before the ENSO peak.

1 Introduction

Global mean surface temperature (GMST) is trending upward due to human-caused
increases in greenhouse gases. Superimposed on this upward trend are short-term GMST
variations in response to natural forcing (e.g., volcanoes) and internal variability. ENSO
is the dominant component of internal variability on seasonal timescales, and its influ-
ence on GMST is well established (e.g., Angell, 1981; Trenberth et al., 2002). During warm
ENSO conditions (El Nifio), GMST tends to be elevated relative to the long-term trend,

while during cool ENSO conditions (La Nina), the opposite tends to occur. The increase
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in GMST from a strong El Nifio can be substantial. For instance, Lean and Rind (2008)
attributed about 0.23°C of GMST warming to the 1997 “super” El Nino. More recently,
the World Meteorological Organization noted “The most recent El Nifio, in 2023-24, was
one of the five strongest on record and it played a role in the record global temperatures

we saw in 2024” (Raghuraman et al., 2024; World Meteorological Organization, 2026).

Tippett and Becker (2024) found that long-lead forecasts of monthly GMST from
the North American Multimodel Ensemble (NMME; Becker et al., 2022; Kirtman et al.,
2014) were more skillful than a simple linear trend, depending on the targeted calendar
month and lead time. The useful skill (i.e., better than the linear trend) of forecasts tar-
geting May—August was limited to lead times of only a month or two, while forecasts tar-
geting boreal winter months had useful skill as far as 12 months ahead. The dependence
of GMST forecast skill on target month and lead time is reminiscent of the ENSO spring
predictability barrier. Consistent with that interpretation, when ENSO was removed from
NMME forecasts of GMST, most of their useful skill was removed as well, evidence that

ENSO was a primary source of skill (Tippett & Becker, 2024).

However, even from an observational perspective, the timing and amplitude of the
ENSO influence on monthly GMST remain poorly quantified. For example, given the
evolution of an ENSO event, there is no clear quantitative description of the associated
month-by-month evolution of GMST. One reason for this gap is that previous GMST—
ENSO studies (e.g., Trenberth et al., 2002) have often pooled all months together in their
analysis, which obscures the seasonal structure of both ENSO and its influence on GMST.
Another reason is that the goal of many studies was to remove ENSO-related variabil-
ity from GMST in order to better isolate trends and responses to external forcing (Angell,
2000; Lean & Rind, 2008; Foster & Rahmstorf, 2011). For that purpose, they focused
on the lag at which the ENSO-GMST correlation is strongest, leaving open the broader

question of how ENSO influences the month-by-month evolution of GMST.

This inability to translate ENSO information into GMST responses limits the util-
ity of operational ENSO predictions that are produced monthly by meteorological and
climate forecast centers around the world. In early 2026, forecasts of a strong El Nino
have led to speculation that it could boost GMST by about 0.2°C (e.g., Keith-Lucas, 2026).

While this estimate appears plausible, exactly how a given forecast of ENSO conditions



75

76

7

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

translates into an expected GMST anomaly is less clear, both in terms of timing and am-

plitude.

Here, we address this gap by deriving a simple and interpretable regression model
that outputs GMST evolution at monthly resolution over a June-May 12-month period,
given a forecast of ENSO conditions over the same period. The June-May period was
chosen because it approximates the typical ENSO development and decay cycle and be-
cause ENSO forecasts initialized after boreal spring have useful skill through the follow-
ing winter (e.g., L’Heureux et al., 2020). We derived the regression model using observed
ENSO evolution, analogous to the perfect-prog framework in weather output statistics
(Glahn & Lowry, 1972; W. H. Klein et al., 1959). We then used initialized climate fore-
casts in two ways. First, we used forecast ENSO information as input to the regression
model, allowing us to assess the effect of replacing observed ENSO evolution with fore-
cast ENSO evolution. Second, we used initialized climate forecasts as a dynamical com-
parison. This comparison allows us to assess whether the ENSO-GMST relationships
in the forecasts resemble those inferred from observations, and whether direct initialized

forecasts of GMST provide additional predictive information beyond the regression model.

Data sources and methods are described in Section 2. Section 3 develops the re-
gression model, evaluates its performance, and compares it with initialized climate fore-

casts. A summary and discussion are given in Section 4.

2 Data and Methods

We used monthly data from June 1979 through May 2025, comprising 46 June-May
ENSO years. Global mean surface temperature (GMST) was computed as the area-weighted
global mean of gridded surface temperature from NOAA GlobalTemp v6.1.0 (Huang et
al., 2022). NOAA GlobalTemp uses the current WMO climatological standard normals
period, 1991-2020, as the reference period for temperature anomalies. Its 1850-1900 mean
is —0.77°C, and this value was subtracted to form the preindustrial anomalies shown in
the figures. The Nino-3.4 index was computed from ERSSTv5 (Huang et al., 2017) as
the area-weighted sea surface temperature over 5°S—5°N, 170°W-120°W. Anomalies are
relative to the 1991-2020 base period. We also made limited use of the relative Nino-

3.4 index (L’Heureux et al., 2024).
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Forecasts of monthly GMST and the Nino 3.4 index were taken from the North Amer-

ican Multi-Model Ensemble (NMME) database (Kirtman et al., 2014; Becker et al., 2022).
We used 1 June initialized forecasts from the seven models currently producing real-time
forecasts: RSMAS-CCSM4, RSMAS-CESM1, CanESM5, GEM5.2-NEMO, GFDL-SPEAR,
NASA-GEOSS2S, and NCEP-CFSv2. Start dates cover 1 June 1991-1 June 2025. Most
forecasts extend 12 months beyond their start date; NASA-GEOSS2S and NCEP-CFSv2
extend nine and ten months, respectively. The multi-model mean was computed by av-
eraging the ensemble means from each model, and the multi-model ensemble consists of

all ensemble members from all models.

Principal component analysis (PCA) was applied to monthly anomalies of Nifio-
3.4 and GMST arranged as 12 x 46 matrices, with rows corresponding to months and
columns to June-May years. Double-centered PCA was applied to the same matrices af-
ter also removing June-May means (column averages). We used the convention that prin-
cipal components (PCs) have unit variance and empirical orthogonal functions (EOF's)
carry physical units (DelSole & Tippett, 2022). Reconstructions were formed as prod-

ucts of EOFs and PCs, with removed means added back.

Coefficient of determination (R?), root-mean-square error (RMSE), and mean-squared-
error skill score (MSESS) were used as summary measures of regression model perfor-
mance. Statistical significance of differences in RMSE was assessed using the Wilcoxon
signed-rank and sign tests applied to paired squared errors. Because the RMSE values
were computed using the same GMST data, RMSE values for different models are not
independent, and an F-test for equality of variances is inappropriate (DelSole & Tip-

pett, 2014).

3 Results

We used a regression framework to quantify the dependence of GMST evolution
on ENSO, with ENSO represented by the Nino-3.4 index. We represented evolution us-
ing 12-month June-May sequences (trajectories) of GMST and Nifio-3.4 values. We ac-
counted for the GMST trend in an autoregressive manner by conditioning on prior val-
ues of GMST rather than including explicit time trends or radiative forcing. This ap-

proach is appropriate here because the primary goal is to quantify the dependence of GMST



135 on ENSO, in contrast to studies that focus on trend estimation or the separation of forced

136 and internal variability. This formulation can be expressed as the vector equation:
GMSTjun GMST jun Nino-3.4yun
GMSTJul GMSTJul Niﬁ0—3.43u1

13 : (y+1) = A : (y) + Bi2 : (y+1), (1)
GMSTApr GMSTApr Niﬁo—3.4Apr
GMSTMay GMSTMay NiﬁO—3.4May

138 where y indexes June-May years, and the 12x12 coefficient matrices A5 and Bys rep-

130 resent, respectively, the dependence of a GMST trajectory on its prior values and on the

140 contemporaneous Nino-3.4 trajectory. In addition to quantifying the dependence of GMST

141 on ENSO, this model can be used in a predictive manner to anticipate GMST evolution
142 given a forecast Nino-3.4 trajectory.

143 The regression model in (1) is high-dimensional with 24 predictors and 12 predic-
144 tands. The matrices A2 and B together contain 288 coefficients. To avoid overfitting,

15 facilitate interpretation, and reduce the complexity of the model, we applied PCA to the

146 two datasets. PCA is an unsupervised and systematic dimension-reduction method that
147 optimizes explained variance and, as used here, ignores relationships between predictors
148 and predictands. Previous work found that 12-month Nifio-3.4 trajectories are well ap-
149 proximated by one or two PCs, both in observations and in seasonal forecasts (Bunge

150 & Clarke, 2009; Tippett & L’Heureux, 2020). Consistent with those results, we found

151 that approximately 95% of the variability of June-May Nifno-3.4 segments is explained

152 by the first two PCs (Fig. 1la). Moreover, the same is true of GMST—approximately 95%
153 of the variability of a June-May GMST trajectory is explained by the first two PCs (Fig.
154 1b).

155 Although PCA need not yield physically meaningful or readily explainable com-

156 ponents, the leading PCs of GMST and Nino-3.4 trajectories admit relatively clear in-

157 terpretations. EOF1 of Nino-3.4 peaks in December, reflecting the seasonal phase lock-
158 ing of ENSO (Fig. 1a). EOF2 of Nino-3.4 is a dipole in time centered on December. The
150 dipole structure is related to the mathematical requirement that EOF2 be orthogonal

160 to EOF1 and serves to represent shifts of the Nino-3.4 peak away from December. EOF1
161 of GMST is nearly uniform across months (Fig. 1b), while PC1 of GMST shows a clear
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upward trend (Fig. 1d). PC1 of GMST represents the approximately uniform (across cal-
endar months) upward trend of GMST. EOF2 of GMST is negative and roughly uniform
over the June-November period until it rises in December and peaks in January and Febru-
ary, while PC2 shows no visible trend. The asymmetry of the dipole structure of EOF2
suggests that it represents the delayed post-peak response of GMST to ENSO via the
atmospheric bridge (Alexander et al., 2002; S. A. Klein et al., 1999). Reconstructions

of Nino-3.4 and GMST show that 2 EOFs are adequate to capture interannual variabil-

ity (R? values of about 95%; Fig. le, f), although more unresolved subannual variabil-

ity is visible in the GMST time series than in the Nino-3.4 time series because much of

the GMST variance is associated with its long-term trend.

The PCA analysis motivates replacing (1) with the four-PC model:

GMSTPCl GMSTPCl Niﬁ0—3.4p01
(y+1)=Aspc (y) + Barc (y+1), (2
GMSTPCQ GMSTP02 Niﬁ0—3.4p02
where the 2 x 2 matrices A4 pc and By.pc represent, respectively, the dependence of

the first two PCs of GMST on their prior values and on the contemporaneous values of

PC1 and PC2 of Nino-3.4. The number of coefficients is now reduced from 288 to eight.

We next examined the simultaneous and lagged correlations of the first two PCs
of Nino-3.4 and GMST. The strongest simultaneous correlation is the 0.61 correlation
between N34-PC1 and GMST-PC2, which supports our hypothesis that GMST-EOF2
represents the delayed GMST response to ENSO (Fig. 2a). The other simultaneous cor-
relations are weak (R? < 4%). The strongest lagged relation between PCs is the 0.92
correlation between GMST-PC1(y) and GMST-PC1(y + 1) which reflects the upward
trend in GMST-PC1 and the resulting strong year-to-year persistence (Fig. 2b). In con-
trast, the lag-1 autocorrelation of GMST-PC2 is small and negative (r = —0.18), con-
sistent with the interpretation of GMST-PC2 as an ENSO response with little persis-
tence from one year to the next. The source of the correlation between N34-PC2(y) and
N34-PCl1(y + 1) is less clear, though it is visually evident in the PC time series (Fig.
1c). It might reflect imperfect alignment of the June-May year with the ENSO life cy-
cle. The correlation between N34-PC2(y) and GMST-PC2(y+1) (r = 0.37) is explained
almost entirely by the pathway N34-PC2(y) — N34-PCl(y + 1) — GMST-PC2(y +
1). After accounting for N34-PC1(y + 1), the partial correlation between N34-PC2(y)
and GMST-PC2(y + 1) is only 0.04.
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Figure 2. (a) Simultaneous and (b) one-year lag correlations between the first two PCs of

Nifio-3.4 and global mean surface temperature (GMST). Panel (c) shows the fit of GMST time

series by the four-PC model, the two-PC model, and the simplified model (see text for model

details). Dots show the start of June-May segments. The RMSE and R? of the models are shown

in the legend.
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The correlation analysis above suggests that little is lost by using only two PCs as

predictors: GMST-PC1(y) and N34-PC1(y 4+ 1). The two-PC model is:

GMSTpc
(y+1) = Az pe {GMSTPCJ (4) + Bapc [Niﬁo-3.4p01] W+1). ()
GMSTpco

where the 2 x 1 matrices A pc and Bsy_pc represent, respectively, the dependence of
the first two PCs of GMST on the prior value of PC1 of GMST and on the contempo-
raneous value of PC1 of Nino-3.4. The number of coefficients is reduced from eight to
four. The fit obtained with these two predictors is nearly identical to that obtained with
four predictors (Fig. 2¢), consistent with only the coefficients of GMST-PC1(y) and N34-
PC1(y+1) being large and statistically significant in the four-predictor model (Table

S1) and their having nearly the same values in the two-predictor model (Table S2).

While the two-PC predictor model is effective and parsimonious, further simpli-
fications can improve interpretability. In particular, the predictors GMST-PC1(y) and
N34-PC1(y+1) are defined by the PCA itself and depend on the specific data used. Re-
placing the predictor PCs with quantities that closely approximate them, but whose cal-
culation is more transparent, would yield a more explainable model. Because N34-PC1
is highly correlated (r > 0.98) with the December Nino-3.4 value (Fig. 3a), we replaced
N34-PC1 with December Nifio-3.4. This close correspondence follows from the structure
of the leading EOFs: EOF1 peaks in December, while EOF2 is close to zero in Decem-
ber. We replaced GMST-PC1 with the June-May mean GMST, which we refer to as the
GMST level. The GMST level is highly correlated with GMST-PC1 (r > 0.99; Fig. 3a)
because GMST-EOF1 is nearly uniform across months. This replacement suggests an
alternative decomposition of GMST in which the first component is simply the level (June—
May mean), and the second component captures as much as possible of the remaining
variance. We implemented this idea by decomposing each June-May GMST trajectory
into its June-May level and departures from that level, and then applying PCA to the
departures. Because this decomposition removes both monthly means and June-May means,
we call it double-centered PCA. Although double-centered PCA is not variance-optimal,
the loss is small: the variance explained by the first two modes decreases from 94.8% to
94.3% (Fig. S1). The leading EOF from the double-centered decomposition is similar to
GMST-EOF2 (Fig. 3a), and the corresponding PC is also similar to GMST-PC2, with
correlation 0.993 (Fig. 3b).

—10—



224 These replacements (N34-PC1 replaced by December Nino-3.4 and GMST-PCI re-

25 placed by level) give the simplified model:

GrNISTlevel
(y+1) = A |GMSTiever | () + B |Nifio-3.4pec | (¥ + 1), (4)
GMSTpc-pct
227 where the 2x1 matrices A and B represent, respectively, the dependence of the GMST
28 level and its first DC-PC on the prior value of the GMST level and on the contempo-
229 raneous December value of Nino-3.4 (regression summary in Table S3). The performance

230 of the simplified model is nearly identical to that of the two-PC predictor model (Fig.
231 30)

23 An attractive feature of the simplified model is that, once the recent GMST level

233 is specified, the shape of the predicted GMST response is fixed and only its amplitude

234 changes with the December Nino-3.4 value. Figure 3d shows the implied June-May GMST
235 response per +1°C of December Nino-3.4. The response is about 0.03°C during June—

236 August, rises sharply beginning in December, and peaks at about 0.11°C in February.

237 The same analysis using relative Nifio-3.4 gives a similar GMST response (Fig. 3d), in-

238 dicating that the result is not sensitive to the choice of ENSO index. The slightly weaker
239 response obtained with relative Nifio-3.4 reflects its larger December variance during this
240 period—about 8% greater than that of the traditional Nifio-3.4 index—rather than a weaker
241 correlations with GMST residuals (Fig. S2; Table S4). The simplified model allows state-
212 ments of the form: “given the recent 12-month average of GMST and the expected De-

203 cember Nifo-3.4 value, the June-May GMST trajectory is expected to be ...”. As an

204 illustration, a June 2025-March 2026 GMST level of 1.27°C and an assumed December

25 2026 Nino-3.4 value of 4+2.0°C give a predicted February 2027 peak near 1.5°C above prein-

26 dustrial.

2a7 Having derived the simplified regression model, we next address three important
208 questions: How much is gained by accounting for ENSO? How much does performance
249 change when forecast rather than observed December Nino-3.4 is used? How does the
250 simplified regression model compare with initialized climate forecasts of GMST? This

251 comparison helps determine whether the simplified statistical model captures informa-
252 tion already represented in dynamical forecasts, or whether the dynamical forecasts pro-
253 vide additional predictive information. To address the first question, we considered two
254 persistence-only benchmarks: one based on the preceding June-May mean GMST and

255 one based on the preceding May GMST value. To address the second and third ques-

—11-
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Figure 3. Comparison of (a) PC1 of Nifio-3.4 with December Nino-3.4 and comparison of (b)
GMST PCs with GMST level and double-centered PC1. Panel (c) shows the fit of GMST time
series by the simplified model (see text for details). Panel (g) shows a 2026-27 illustration for
December 2026 Nino-3.4 of 2.0°C. Panel (h) shows the implied June-May GMST response per

+1°C of December Nino-3.4 and relative Nino-3.4.
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tions, we used NMME multimodel-mean forecasts of December Nino-3.4 and monthly

GMST.

To compare the simplified regression model with the NMME forecasts, we looked
at trends and the relation in the models of December Nino-3.4 with GMST level and GMST
DC-PC1. The NMME models broadly reproduce the observed ENSO-GMST relation-
ships, although with notable model differences (Fig. S3; Table S5). Several models have
GMST trends that are significantly larger than observed as noted previously (DelSole
et al., 2025; Swart et al., 2019; Tippett & Becker, 2024), and CCSM4 has a substantially
weaker correlation between December Nino-3.4 and GMST-DC-PC1 than is present in
observations. For the correlation between GMST level and December Nino-3.4, CanESM5
and GEM5.2-NEMO are stronger than observed (Fig. S3). These two models also have
the most positive December Nino-3.4 trends (Table S5). CCSM4 is weaker than observed,
while the remaining models are close to observations. For the relation between GMST-
DC-PC1 and December Nino-3.4, CCSM4 is again much weaker than observed (r = 0.22
compared with r = 0.63). The remaining model correlations are slightly weaker than

observed, with the exception of NCEP-CFSv2.

We next assess performance relative to the persistence-only benchmarks. Both the
simplified regression model and the NMME forecasts outperform the prior June-May
mean benchmark in every month, as measured by RMSE (Fig. 4a). The May-value bench-
mark is more competitive early in the June-May year, particularly in June and July. Com-
pared with this benchmark, both the simplified model and the NMME forecasts have lower
RMSE from August through May. For the simplified regression model, there is little dif-
ference between using observed December Nino-3.4 and using forecast December Nino-

3.4, and the RMSE differences are not statistically significant (Table S6). The NMME
forecasts of GMST have lower RMSE than the simplified model for target months through
December, and similar RMSE for later target months. The largest NMME advantage
occurs in October, which is the only month for which the difference between the NMME
GMST forecast and the simplified model using forecast December Nifno-3.4 is statisti-
cally significant (Table S6). We computed MSESS using the prior June-May GMST av-
erage as the reference forecast (Fig. 4b). The resulting scores show that the simplified
model improves most on persistence after December, consistent with the delayed GMST
response to ENSO. In contrast, the NMME GMST forecasts show their largest advan-

tage over persistence before December, especially in September and October.
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289 Representative years illustrate these differences (Figs. 4c-h). In cool ENSO years,

200 the simplified model captures the winter cooling and spring rebound but with reduced
201 amplitude, as expected from regression shrinkage. In warm ENSO years, it captures de-
200 layed warming, while the NMME forecasts are often closer to the observed level, espe-

203 cially in 2015-16 and 2023-24. The 2023-24 case remains exceptional because the sharp

204 September warming is underestimated by both approaches.
205 4 Summary and discussion
296 Here we developed a simple and interpretable regression model that quantifies the

207 relationship between ENSO and global mean surface temperature (GMST). The model

208 allows the June-May evolution of monthly GMST to be anticipated based on informa-
299 tion that is available near the beginning of June. We began with a high-dimensional for-
300 mulation and applied a sequence of systematic, physically motivated simplifications to
301 obtain a model with two predictors. The resulting predictors—recent GMST level and
302 expected December Nino-3.4 value—serve to model the persistence of GMST and its de-

303 layed response to ENSO. Principal component analysis (PCA) of 12-month June-May
304 trajectories of GMST and Nino-3.4 was especially useful because the first two PCs of GMST
305 and Nino-3.4 explain more than 95% of the variance of June-May trajectories. The ef-

306 ficiency of PCA in explaining GMST evolution might be expected because a substan-

307 tial fraction of GMST variance is associated with the long-term trend. The result is more
308 striking for Nino-3.4 evolution, since a common view is that each ENSO event has its

309 own distinct temporal structure.

310 The structure of the leading EOFs suggested further simplifications to improve in-

a1 terpretability. Since the leading EOF of GMST is nearly uniform across months, it was
312 replaced by the June-May average of GMST. The leading Nifio-3.4 EOF represents the
313 typical temporal evolution of ENSO and peaks in December, so the corresponding PC
314 was replaced by the December value of Nino-3.4. These changes simplified the predic-
315 tors with little loss of accuracy. According to the model, an expected December Nino-

316 3.4 anomaly of 1°C is associated with a GMST increase of about 0.03°C during June—

317 August and a peak increase of about 0.11°C in the following February.
318 Although the ENSO contribution to GMST is modest, including ENSO improves
319 prediction relative to persistence-only benchmarks. The simplified model reduces RMSE
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Figure 4. (a) Root-mean squared error (RMSE) of the persistence baselines, the simplified
model (using observed and forecast December Nifio-3.4), and NMME forecasts of June-May
global mean surface temperature (GMST) for the period 1991-2024. (b) Mean-squared error
skill score (MSESS) of the simplified model and NMME forecasts relative to the prior June-May
GMST level persistence baseline. Observed June-May GMST, simple model fits, and NMME
GMST forecasts for (c) 2007-08, (d) 2009-10, (e) 2010-11, (f) 2015-16, (g) 2020-21, and (h)

2023-24.
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relative to the prior June-May mean benchmark in every month and relative to the prior
May benchmark from August through May. The MSESS results show that this improve-
ment is largest after December, consistent with the delayed GMST response to ENSO.
Replacing observed December Nino-3.4 with forecast December Nifo-3.4 produces lit-
tle change in RMSE. By contrast, direct NMME forecasts of GMST show their largest

advantage earlier in the June-May year, especially before December.

A broader implication is that ENSO information is most useful for GMST predic-
tion when the forecast target is aligned with the ENSO life cycle. Calendar-year and annual-
to-decadal forecast systems are valuable, but their initialization and verification windows
are not optimized for taking advantage of post-spring-barrier ENSO predictability to an-
ticipate June-May GMST evolution (Hermanson et al., 2022; World Meteorological Or-
ganization, 2025; Dunstone et al., 2024; Folland et al., 2025). Initialized seasonal fore-
cast systems, because they are run monthly, are better positioned to exploit the ENSO
signal as it emerges and becomes reliable, although they still have known trend and ensemble-
calibration errors (L’Heureux et al., 2022; Tippett & Becker, 2024). Despite these lim-
itations, the NMME multimodel mean provided a useful benchmark here and added skill
relative to the simplified regression model during the early part of the June-May fore-

cast year.
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Open Research Section

NOAAGIlobalTemp version 6.1 data used here are from https://www.ncei.noaa
.gov/data/noaa-global-surface-temperature/v6.1/access/gridded/NOAAGlobalTemp
_v6.1.0_gridded _s185001_e202603_c20260406T114628.nc. The data and URL are up-
dated every month. NOAA Extended Reconstructed SST V5 (ERSSTv5) data are pro-
vided by the NOAA PSL, Boulder, Colorado, USA, from their website at https://downloads
.psl.noaa.gov/Datasets/noaa.ersst.v5/sst.mnmean.nc. Monthly values of the rel-
ative Nino-3.4 index are available from https://www.cpc.ncep.noaa.gov/data/indices/
Rnino34.ascii.txt. NMME data are available from the IRI Data Library https://

iridl.ldeo.columbia.edu/SOURCES/.Models/.NMME/.
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residuals (level removed) by month.

Month (Jun-May year)

December Nino-3.4 and relative December Nino-3.4 correlations with DC GMST
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The first double-centered EOF of GMST in seven NMME models and observa-

tions. The text box shows the correlation of the model’s Nino-3.4 with the model’s PCs. The

observed values are in brackets for comparison.




GMST-PC1(t + 1)

GMST-PC2(t + 1)

const 0.073* -0.023
(0.043) (0.116)
GMST-PC1(t)  0.998%*** -0.128
(0.046) (0.125)
GMST-PC2(t)  -0.041 0.172
(0.043) (0.117)
N34-PC1(t+1)  0.281%** 0.598%**
(0.043) (0.117)
N34-PC2(t+1) -0.068 0.135
(0.043) (0.117)
R-squared 0.924 0.448
R-squared Adj. 0.916 0.393
N 45 45

Standard errors in parentheses. * p < .1, ** p < .05, *** p < .01

Table S1.

Regression results for the four-PC model

GMST-PCL(t + 1)

GMST-PC2(t + 1)

const 0.074 -0.027
(0.044) (0.119)

GMST-PC1(t)  0.999*** -0.137
(0.047) (0.127)

N34-PC1(t+1)  0.281%** 0.596%**
(0.044) (0.119)

R-squared 0.918 0.396

R-squared Adj. 0.914 0.368

N 45 45

Standard errors in parentheses. * p < .1, ** p < .05, *** p < .01

Table S2. Regression results for the two-PC model



GMST mean(t +1) DC-PC1(t+1)

const 0.022* -0.016
(0.013) (0.118)

GMST mean(t) 1.003%** -0.057
(0.047) (0.444)

Dec N34(t+1)  0.066%** 0.525%%
(0.011) (0.100)

R-squared 0.917 0.402

R-squared Adj. 0.913 0.374

N 45 45

Standard errors in parentheses. * p < .1, ** p < .05, *** p < .01

Table S3. Regression results for the simplified model.

GMST mean(t +1) DC-PC1(t+1)

const 0.022 -0.015
(0.013) (0.119)

GMST mean(t) 1.046%** 0.331
(0.052) (0.461)

Dec rN34(t+1)  0.061%** 0.519%**
(0.011) (0.100)

R-squared 0.906 0.397

R-squared Adj. 0.902 0.368

N 45 45

Standard errors in parentheses. * p < .1, ** p < .05, *** p < .01

Table S4. Regression results for the simplified model using relative Nifio-3.4.



Model

GMST level
(°C decade™1)

Dec N3_4
(°C decade™1)

COLA-RSMAS-CCSM4 025 [0.19, 0.28]  -0.09 [-0.54, 0.38]
COLA-RSMAS-CESM1  0.35 [0.31, 0.38]  0.09 [-0.43, 0.64]
CanESM5 0.30 [0.25, 0.33]  0.19 [-0.04, 0.46]
GEMS5.2-NEMO 0.23 [0.19, 0.28]  0.20 [-0.16, 0.61]
GFDL-SPEAR 0.32 [0.28, 0.36]  0.06 [-0.30, 0.45]
NASA-GEOSS2S 0.26 [0.21, 0.31]  -0.28 [-0.81, 0.31]
NCEP-CFSv2 0.27 [0.23, 0.31]  -0.13 [-0.66, 0.37]
Observations 0.24 [0.20, 0.28] -0.06 [-0.47, 0.38]
Table S5.

Trends for June starts over the period 1991-2025. The 95% confidence intervals are

computed by block bootstrap sampling over start years.

Jun Jul  Aug Sep Oct  Nov Dec Jan Feb  Mar Apr  May
Simplified + obs N3 4 vs. Simplified + NMME N3 4
Wilcoxon  0.837 0.723 0.792 0.995 0.876 0.815 0.500 0.234 0.387 0.567 0.829 0.986
Sign test  0.885 0.804 0.939 0.995 0.696 0.568 0.568 0.568 0.696 0.696 0.696 0.939
Simplified + NMME N3 4 vs. NMME GMST
Wilcoxon 0.045 0.255 0.626 0.171 <0.001 0.107 0.176 0.336 0.480 0.289 0.289 0.745
Sign test  0.304 0.568 0.432 0.196 0.001 0.568 0.304 0.568 0.696 0.432 0.196 0.804

Table S6. Statistical significance of RMSE differences.



