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Abstract Climate models exhibit known systematic errors in their representation of the El Nifio-Southern
Oscillation (ENSO). In this study, we show that such simulation errors are largely present in tropical seasonal
prediction, even for short lead times. Regressing monthly forecast errors from 11 different operational models
upon the observed ENSO state, we find that predicted ENSO-related sea surface temperature anomalies

(of either sign) for winter/spring are significantly extended or shifted to the west and are also too persistent
during the ENSO decay phase, both common climate model errors. There are also corresponding precipitation
forecast errors, most notably a robust westward shift of the ENSO-related precipitation dipole that may impact
predictions of extratropical teleconnections. These ENSO-related errors develop within days after initialization
regardless of month, including significant errors appearing in anomalous surface trade winds, and saturate so
rapidly that they primarily depend upon the seasonal cycle rather than lead time.

Plain Language Summary El Nifio-Southern Oscillation (ENSO; the slowly varying sea surface
temperature [SST] anomalies in the tropical Pacific) has an important influence on global climate and can
provide a valuable source of skill for seasonal tropical and extratropical forecasts. However, models contain
biases in their simulation of ENSO-related SSTs, including extending the SST anomalies associated with ENSO
events too far to the west in the tropical Pacific. We find that these errors develop within days of the forecast
start time, are much more closely tied to the seasonal cycle than forecast lead time (the length of time after the
forecast start date), and they seem to develop first in the atmosphere before subsequently influencing SST and
precipitation errors. As precipitation in the tropics is closely tied to SSTs, these SST errors result in a westward
shift of tropical precipitation relative to observations, which has important implications for tropical and
extratropical seasonal forecast skill through driving errors in remote atmospheric waves.

1. Introduction

El Nifio-Southern Oscillation (ENSO) is a key driver of seasonal climate across the globe, making it a primary
focus for numerical modeling centers. However, most climate model simulations exhibit systematic ENSO errors
(Bellenger et al., 2014), including a tendency to extend ENSO equatorial Pacific sea surface temperature (SST)
anomalies (of either sign) too far westward, with a related westward shift in anomalous precipitation, and ENSO
events that generally decay too slowly during late winter and spring following their peak in the eastern equatorial
Pacific. Most models also have mean biases in their tropical Pacific SSTs, such as a “cold tongue bias” where
eastern equatorial Pacific climatological SSTs are colder than observed (Li & Xie, 2014), as well as errors in the
trend of the equatorial zonal SST gradient (Lee et al., 2022; Seager et al., 2019, 2022). These simulation errors
have existed for many model generations, at least as early as CMIP3 (Joseph & Nigam, 2006) and continuing
through CMIP6 (Capotondi et al., 2020; R. Chen et al., 2020; H.-C. Chen et al., 2021; Deser et al., 2018).

Similar models are also used by operational centers to make seasonal climate predictions, raising the possibility
that these model errors also impact forecast skill. For example, while many seasonal forecast models show high
skill predicting ENSO variations in the central Pacific (e.g., within the Nifio3.4 region, L’Heureux et al., 2020),
their skill for the remainder of the tropical Pacific is lower, especially in the western tropical Pacific (Imada
et al., 2015; Newman & Sardeshmukh, 2017; Wu et al., 2022; Zhang et al., 2017). Model predictions also have
errors in their temporal evolution of ENSO events, for example, during springtime, when models overpredict
Nifio3.4 SST tendencies (Tippett et al., 2020), as well as tropical Pacific SST trend errors similar to those found in
climate models (L’Heureux et al., 2022). Such ENSO forecast errors will likely impact extratropical model skill,
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through inducing errors in Rossby wave propagation (see e.g., Figure A4 of Deser et al., 2018), so understanding
them could lead to improvements in subseasonal-to-seasonal prediction.

In this study, we investigate systematic ENSO forecast errors in eleven state-of-the-art operational prediction
models, to diagnose how their development might relate to erroneous climate model ENSO states. We identify
ENSO-related tropical forecast errors by regressing them against the observed Nifio3.4 index, characterizing their
spatial structure and temporal evolution as a function of both forecast lead and seasonal cycle. The remainder
of the paper is arranged as follows. Section 2 introduces details of the models and our analysis methods. Our
results, presented in Section 3, reveal that the error develops very rapidly and is strongly tied to the seasonal cycle,
suggesting that climate model errors have a pronounced impact on seasonal forecasts. Some further implications
are discussed in Section 4.

2. Data and Methods

We use multi-decade hindcasts from 11 different operational seasonal forecast models (Batté et al., 2021; Delworth
et al., 2020; Frohlich et al., 2021; Gualdi et al., 2020; Hirahara et al., 2023; Johnson et al., 2019; Lin et al., 2020;
MacLachlan et al., 2015; Molod et al., 2020; Saha et al., 2014—see Table S1 in Supporting Information S1 for
a detailed list). These models use either first-of-the-month initializations or lagged ensembles, although we find
the results largely insensitive to initialization method. We focus on hindcasts made prior to and during the peak
of ENSO, initialized in months ranging from July—February. We use monthly mean SST, precipitation and 10 m
zonal wind from all models and daily means (averaged to pentad values) of these variables for models for which
data was available to us (SEAS5, GCFS2.1, CanCM41i, and SPS3.5). Ensemble means are used since our focus is
on systematic ENSO errors.

Hindcasts are verified against the ECMWEF fifth generation reanalysis (ERAS, Hersbach et al., 2020). Hindcasts
are first bias-corrected by removing the lead-dependent seasonally-varying mean bias for each model (Figure
S1 in Supporting Information S1 shows an example of DJF SST biases for October initialization hindcasts).
Multi-model ensemble means (hereafter MMM) are computed by averaging ensemble means from multiple
models; for example, MMM forecast error variance is computed by determining the forecast error variance for
each model's hindcast data set, then computing the mean of the hindcast variances. Analysis of individual models
uses all available years, while MMM quantities use the common years (1994-2016), but results are essentially
unchanged regardless.

Free-running climate model ENSO errors (i.e., those within long climate model simulations) are often determined
by comparing model and observed regression patterns based on their respective Nifio indices. To instead diagnose
errors in model predictions of observed ENSO states, and to allow for clean comparison of these errors across
forecast models, we define the “ENSO-related” error at each gridpoint from the regression of forecast errors (i.e.,
forecast minus verification) against the observed (i.e., verification) Nifio3.4 indices obtained from area-averaging
the ERAS SST anomaly within the region bounded by 170°W-120°W, 5°N-5°S (Barnston et al., 1997):

Forecast error = yf — Yobs = M N34 obs + € (1)

where y{ is the forecast variable at lead time 7, y, is the observed variable at the same verification time, m"® is the
regression coefficient (the “ENSO-related error”), N, , . is the observed Nifio3.4 index and € is the regression
error. Note that this is the same as taking the difference of the regression coefficients calculated by regressing the
forecast and observed anomalies on the observed Nifio3.4 index (mf and m,,):

yi =m{ N3 obs + €r )
Yobs = Mobs N34,0bs + €obs (3)
m’ = mg — Mops )

Our main points are unchanged if ENSO is defined using either the Nifio3 or Nifio4 indices, or by regressing
against the Nifio3.4 index of the initialization, rather than verification.

To determine if the regressions are unduly influenced by individual ENSO events, given the limited length of
hindcasts (between 23 and 36 years), we conduct a Monte Carlo test where 1,000 artificial time series are created
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Figure 1. Shading shows the December—January—February MMM percentage of error variance explained by the observed
Nifio3.4 index for (a) sea surface temperature (SST) and (b) precipitation. Gray contours show the variance of the model error
in each variable (contours at [0.2, 0.4, 0.6, ... K?] for SST and [4, 8, 12, ... mm? d~2] for precipitation).

by randomly selecting the relevant number of years from each hindcast set, with replacement. For example, with
the 36 year hindcast period of SEASS, this yields 1,000 time series of 36 years. Regressions are computed from
each time series to create a distribution of regression coefficients, and then the actual regression coefficient is
labeled significant if it falls above or below the 97.5th or 2.5th percentile of this distribution, respectively.

3. Results
3.1. Monthly Mean ENSO-Related Errors

To first illustrate ENSO's importance to tropical forecast error, Figure 1 shows the MMM forecast error variance
for DJF-seasonal mean hindcasts initialized in October, for SST and precipitation. Shading shows the percentage
of error variance explained by the observed Nifio3.4 index, calculated by correlating the model error (model
minus observations) with the observed Nifio3.4 index, squaring it, then multiplying by 100. ENSO explains
between 10% and 20% or more of the SST forecast error variance in the equatorial strip spanning the Pacific
Ocean. In the western equatorial Pacific, where hindcast error variance is relatively high, ENSO explains almost
half of the error variance (and greater than 70% for some models; Figure S2 in Supporting Information S1),
even though forecast error variance also includes loss of predictability due to initial condition uncertainty (e.g.,
Newman & Sardeshmukh, 2017) and potentially other sources of systematic error.

Precipitation error variance has a maximum in the western tropical Pacific, with high values extending across the
tropical Pacific north of the equator. ENSO explains slightly less error variance for precipitation than SST, with
more spatial heterogeneity, but its impact still exceeds 40% in the western tropical Pacific (Figure S3 in Support-
ing Information S1 shows individual models). Overall, ENSO is strongly linked to both SST and precipitation
errors throughout the tropical Pacific, particularly in the western equatorial Pacific, as well as to errors in remote
ENSO-impacted regions including Peru and sub-Saharan Africa.

ENSO-related SST errors across the 11 models for October-initialized DJF seasonal mean hindcasts share
substantial commonalities that can be characterized in a few ways; four representative examples are shown in
Figure 2 (all 11 models are shown in Figure S4 in Supporting Information S1), but the features shown in the
MMM of these four (Figure 2e) are also seen in the 11-models MMM (Figure 2f). Virtually all models show
some positive west Pacific error, indicative of a westward extension of the predicted (same sign) SST anomaly.
(Note that positive regression values mean the error is in the same direction as the ENSO phase; i.e., errors are
shaded for the El Nifio phase, so for La Nifia the sign is reversed.) Seven models have significant positive errors
in the eastern tropical Pacific (e.g., CanCM4i, GEM5-NEMO, Figures 2b and 2c), consistent with model simula-
tions that overestimate ENSO amplitude, which may also be related to seasonal cycle errors. Some models (e.g.,
SPEAR, GCFS2.1, CFSv2, Figure 2d and Figure S4 in Supporting Information S1) have negative errors in the
central-eastern Pacific, corresponding to underpredicted ENSO amplitudes there. Depending upon the precise
longitudinal positioning of this error and the positive western Pacific error, the predicted ENSO SST anomaly is
either shifted (rather than extended) westward or weakened. In the Indian Ocean, where El Nifio typically drives
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Figure 2. December—January—February El Nifilo—Southern Oscillation (ENSO)-related sea surface temperature error for forecasts initialized in October for (a—d) four
representative seasonal forecast models, (¢) the multi-model mean of these four models and (f) the multi-model mean of all 11 models. Stippling indicates significance
based on 1000 Monte Carlo samples (see Section 2). Maps for all individual models are in Figure S4 in Supporting Information S1. Boxes on (f) are used in subsequent

analysis.

a basin-wide warming during winter/spring (e.g., Alexander et al., 2002), the ENSO-related SST error bears a
resemblance to the positive phase of the Indian Ocean Dipole (10D, Saji et al., 1999), which is characterized by
warmer SSTs in the western Indian Ocean and cooler SSTs in the eastern Indian Ocean, possibly due to ENSO's
westward shift.

BEVERLEY ET AL.

4of11



A .
NI Geophysical Research Letters 10.1029/2022GL.102249

ADVANCING EARTH
AND SPACE SCIENCE

1o GEM5-NEMO precip I/“

_.|f)MMI\\A/I(:;|\lImodeIS)\S'B% <
MMM (@1l models)| ¢ .

o N e
. R - . e e .
. e N R,
155 - ﬁ = (/,«“q\ R .
SN
308 r = T - .
0 60E 120E 180

—-2.50 —-2.00 -1.50 -1.00 -0.50 —-0.25 0.25 0.50
Precipitation (mmday~1K=1)

Figure 3. December—January—February El Nifio—Southern Oscillation (ENSO)-related precipitation error for forecasts initialized in October for (a—d) four
representative seasonal forecast models, (¢) the multi-model mean of these four models and (f) the multi-model mean of all 11 models. Stippling indicates significance
based on 1000 Monte Carlo samples (see Section 2). Maps for all individual models are in Figure S5 in Supporting Information S1. Boxes on (f) are used in subsequent
analysis.

The ENSO-related precipitation hindcast error patterns are more consistent across models (Figure 3 and Figure
S5 in Supporting Information S1), generally showing a dipole structure with positive (negative) values in the
western (central) tropical Pacific, indicating a westward shift of the typical ENSO precipitation anomaly that is
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evident in the MMMs (Figures 3e and 3f). This westward shift (occurring for ENSO anomalies of either sign)
might impact extratropical seasonal forecast skill through inducing errors in Rossby wave propagation.

Although ENSO-related errors are particularly notable in the tropical Pacific, the erroneous westward shift of
precipitation could correspond to a shift in the Walker circulation leading to errors in other tropical regions.
Significant ENSO-related precipitation errors over Africa, consistent across the models, are the reverse of the
canonical El Nifio response (negative precipitation anomalies over southern Africa/positive anomalies over east-
ern equatorial Africa). Most models also show negative ENSO-related precipitation error over the Indian Ocean
and consistent signals over parts of South America and the tropical Atlantic.

Similar error patterns are also obtained by instead determining warm-minus-cold composite errors based on
Nifio3.4. Moreover, comparing these to warm-plus-cold composite errors shows that the ENSO-related errors
are mostly symmetric (equal and opposite) for ENSO phase (Figures S6 and S7 in Supporting Information S1).
This linear relationship is also seen by plotting Nifio3.4 against the hindcast errors within both the west and east
Pacific (boxes on Figures 2f and 3f; Figure S8 in Supporting Information S1).

We next show how the ENSO-related errors for SST and precipitation vary primarily by verification month,
with a weaker dependence upon lead time. In Figures 4a—4d, ENSO-related errors for the west and east Pacific
boxes are shown as a function of forecast lead time (colors), with each symbol indicating a different initialization
month. The variability of ENSO-related errors across individual models is shown with the gray dots.

For SST (Figures 4a and 4b), the ENSO-related error in the west Pacific peaks around September/October and
January/February (soon after the typical ENSO event peak—though some individual models peak in April),
while the east Pacific error peaks in April, consistent with model-simulated ENSO events decaying too slowly in
spring. Note that while there is a relatively large spread for the individual models, the late winter/spring behavior
of the east Pacific SST error is qualitatively consistent across virtually all the models. Also, while seasonality
impacts both the regression and Nifio3.4 amplitudes, the Nifio3.4 index explains roughly 20%—40% of the SST
error variance in the West Pacific and 20%-30% in the East Pacific every month (Figure S9 in Supporting
Information S1).

The seasonal dependence of the ENSO-related precipitation errors (Figures 4c and 4d) is even more apparent,
with MMM errors peaking in February—April. Note that both regions move together through winter, so that the
ENSO-related error in the precipitation dipole (i.e., the westward shift of predicted anomalous precipitation in
Figure 3) intensifies through February. Variance explained is slightly lower than for SST, but still 10%-20%
in the West Pacific and 20%-30% in the East Pacific, declining toward the spring (Figure S9 in Supporting
Information S1).

Also noteworthy is that the ENSO-related error magnitude depends primarily on verification month, although
there is some intensification with lead time (Figures 4a—4d), particularly for east Pacific SST and west Pacific
precipitation, where the ENSO-related error has similar amplitude for a range of lead times for a given verifi-
cation month; conversely, simulations with the same lead time but different verification month have relatively
large range. For example, the western Pacific ENSO-related precipitation error for 1-month lead (red symbols
on Figure 4c) varies between 0 and 1.25 mm d~! K~!. This is similar to the results of Barnston et al. (2019), who
showed that NMME skill for the Nifio3.4 index is lower for certain “target months” than others.

More generally, the patterns of ENSO-related error are more dependent upon verification month than lead time.
For example, the pattern of the ENSO-related error for hindcasts verifying in February is very similar whether
the hindcasts are initialized in October or December. This is also true for hindcasts verifying in other months. In
contrast, error patterns of hindcasts initialized in different months but with the same lead time are quite dissimilar.
While this is evident from visual inspection of the individual ENSO-related error patterns for SST and precip-
itation (Figures S10 and S11 in Supporting Information S1), we quantify it by computing pattern correlations
between all error patterns (for different verification months and leads, for SST and precipitation) and a specified
verification base month at O-month lead. The average of these pattern correlations for four different base months
(November—February), shown in Figures 4e and 4f, shows a pronounced maximum along the diagonal from
lower-left to upper-right, indicating that the patterns of ENSO-related error for the same verification month are
similar for any lead time. In contrast, error patterns for hindcasts with similar lead times but different verification
months are less similar, indicated by the smaller correlation values in the columns/rows of Figures 4e and 4f.
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Figure 4. MMM El Nifio—Southern Oscillation (ENSO)-related error for (a, b) sea surface temperature (SST) and (c, d) precipitation averaged over (a, c¢) the West
Pacific and (b, d) the East Pacific regions shown in Figures 2f and 3f; note these are slightly different for SST and precipitation. Different colors represent different
lead times (Month 0 being the first month of the hindcast); different symbols represent different initialization months. Gray dots indicate individual model simulations.
(e) and (f) show the pattern correlations for tropical ENSO-related SST and precipitation errors averaged for four different base months as a function of lead time and

initialization (see text).
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However, correlation values off the diagonal do not decrease as readily for SST as they do for precipitation, as the
spatial patterns of ENSO-related SST error show some dependence upon lead time.

3.2. Pentad-Averaged ENSO-Related Errors

We now examine how the ENSO-related errors evolve on a sub-monthly timescale. Figure 5 shows Hovmoller
diagrams of the evolution of pentad-averaged ENSO-related error for SEASS5 hindcasts (October—January initial-
izations), for SST (contours), precipitation (shading) and 10 m zonal wind (vectors—non-significant vectors are
gray), averaged between 5°N and 5°S for longitudes extending from the Maritime Continent to South America.
Results for other forecast models are in Figures S12-S14 in Supporting Information S1; these have differences in
detail consistent with the results discussed earlier, but all share the same basic elements: a rapid initial develop-
ment of ENSO-related errors and a strong seasonal modulation of those errors.

For all four SEASS initializations, statistically significant ENSO-related errors develop within the first hindcast
pentad (i.e., Days 1-5 mean), generally starting with errors in SST and 10 m zonal wind in the western-central
equatorial Pacific which persist in sign, if not always amplitude, throughout the hindcast. The positive west
Pacific SST error amplifies more rapidly in the October initializations in SEASS and SPS3.5, but is similar across
all initializations for GCFS2.1 and CanCM4i (Figure S15 in Supporting Information S1). The positive western
tropical Pacific wind error corresponds to an easterly error for an El Nifio event, implying a too-weak west-
erly wind anomaly and correspondingly weakened Bjerknes feedback, consistent with the positive west Pacific
ENSO-related SST error. Westerly errors over the Maritime Continent result in an area of anomalous convergence
leading to significant positive ENSO-related precipitation error over the western tropical Pacific. In addition,
during late spring the positive ENSO-related SST error in the east Pacific intensifies before rapidly changing
sign in mid-May (also seen in other models; Figures S12—-S14 in Supporting Information S1). This is consistent
with models overpredicting the springtime Nifio3.4 SST tendency (or “excessive momentum’) found by Tippett
et al. (2020), suggesting that ENSO climate model error may be responsible for their result.

Error seasonality is also apparent when comparing these four initializations. For example, the positive eastern
Pacific ENSO-related SST error takes nearly 4 months to develop from the October initialization, yet is visible
only a few weeks after the January initialization. The significant western Pacific ENSO-related precipitation error
first appears around March for all four initialization times and peaks at almost the same late-April date, along with
the easterly 10 m wind error near the dateline. This is also true for west Pacific ENSO-related SST error for the
other three models (Figure S15 in Supporting Information S1). This further emphasizes the dependence of the
ENSO-related error on the seasonal cycle, more than on lead time.

4. Summary and Conclusions

Although ENSO is a key source of tropical and extratropical seasonal forecast skill, large systematic errors in its
prediction remain, including a westward extension/shift of ENSO anomalies toward the western tropical Pacific
and a too-slow decay of ENSO events, both of which were identified in the bias-corrected hindcasts in this study.
These forecast errors develop rapidly, evolving to primarily depend upon the seasonal cycle, rather than lead time,
after only about 1-2 months. This result is consistent with the view that the ENSO forecast anomalies transition
quickly from nature's attractor to the climate model attractor and consequently the ENSO-related forecast error
approaches the free-running climate model error (see Section 2). Both ENSO forecasts and their errors in initial-
ized seasonal forecast systems may then be largely understood through investigation of the uninitialized model
space (e.g., Ding et al., 2018).

While it is difficult to draw firm conclusions about the origin of these errors, some of our results suggest they
occur first in the near-surface winds, which subsequently influence SST errors. This is slightly more obvious for
GCFS2.1 and SPS3.5 (Figures S12 and S14 in Supporting Information S1), and when using daily rather than
pentad averages (not shown). Note also that the initial development of the ENSO-related error occurs within days
after forecast initialization, while the model and observed mean states are still reasonably close. Initialization
shock could also be a contributing factor. To examine these questions further may require analysis of 6-hourly
forecast data from more frequently issued hindcasts than used here.

ENSO has strong extratropical teleconnections via Rossby wave excitation driven by anomalous tropical diver-
gence (Sardeshmukh & Hoskins, 1988), so the systematic error in ENSO precipitation anomalies should be
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Figure 5. Hovmoller diagrams showing the evolution of pentad-averaged El Nifio—Southern Oscillation (ENSO)-related error for SEAS5 October—January initializations for sea surface temperature

(SST) (contours), precipitation (shading) and 10 m zonal wind (vectors) averaged between 5°N and 5°S. For precipitation, only significant values are plotted. Significant wind vectors are shown in black.

Significance for SST is shown by the gray hatching. SST contours are every 0.2 K K~!, including contours for —0.1 and 0.1 K K~! (blue for negative, red for positive). Areas shaded gray are before the

beginning or after the end of the hindcasts.
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expected to impact extratropical seasonal forecast skill, although errors in the propagation pathway (e.g., the
upper-level jet) can also contribute (Garfinkel et al., 2022; Williams et al., 2023). Complicating matters further
is that ENSO's observed impact on the extratropics has a multivariate spatiotemporal dependence (e.g., Zhao
et al., 2021), partly due to ENSO diversity (Capotondi et al., 2020), which also may not be entirely constrained
by the limited observational record (e.g., Deser et al., 2018). Evaluating and diagnosing how ENSO's systematic
errors impact extratropical skill will be the topic of a follow-up study.
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