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Abstract. Accurate initialization of ocean states is essential for skillful prediction of Earth
system variability across seasonal-to-decadal timescales. In this study, we evaluate the impact
of anewly developed four-dimensional ensemble variational (4DEnVar)-based weakly coupled
ocean data assimilation (WCODA) system within the DOE Energy Exascale Earth System
Model version 2 (E3SMv2) on global and regional climate variability. By assimilating monthly
ocean temperature and salinity from the EN4.2.1 reanalysis into the fully coupled model, we
demonstrate substantial improvements in simulating both interannual and decadal climate
variability. Compared to the free-running coupled simulation, the assimilation experiment
exhibits markedly enhanced interannual correlations with observations for global mean surface
air temperature and precipitation anomalies. The temporal variability of key climate modes,
including ENSO, the Indian Ocean Dipole, and multidecadal variability in the Pacific and
Atlantic Oceans, also shows markedly improved phase agreement with observations. Regional
evaluation over the contiguous United States further shows enhanced skill in simulating winter
surface air temperature and precipitation, particularly in the northern and southern regions,
respectively, linked to improved ENSO simulation. These findings underscore the critical role
of coupled forecasts in the data assimilation cycle for propagating observational information
across Earth system components. By assimilating ocean reanalysis within the fully coupled
framework, the WCODA system enables cross-component information exchange among the
ocean, atmosphere, and land, thereby generating physically consistent initial conditions. These
improvements contribute to more accurate simulations of Earth system variability across
multiple timescales and lay the foundation for providing realistic initial conditions for seasonal-

to-decadal prediction applications.



34

35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62

1. Introduction

Accurately representing climate variability across multiple timescales remains a major
challenge in climate modeling and prediction. The initial conditions of the climate system,
including the ocean, atmosphere, and land surface, play a crucial role in determining the
accuracy and reliability of climate predictions (Boer et al., 2016; Taylor et al., 2012). Among
these components, the ocean exhibits the longest memory and exerts a dominant influence on
climate variability through its interactions with the atmosphere and other components (Wang,
2019). Therefore, improving the initialization of ocean states is widely recognized as a key
approach for enhancing the skill of climate predictions (Meehl et al., 2021; Zhu et al., 2017).

Data assimilation methods have been developed to integrate observational data into
coupled models, thereby generating realistic initial conditions and enhancing predictive skill.
Traditionally, ocean data assimilation has been conducted in an uncoupled framework, where
ocean observations are assimilated into a standalone ocean model forced by prescribed
atmospheric forcing (Carton and Giese, 2008). The resulting ocean analyses are then combined
with independently derived analyses from other uncoupled components (e.g., atmosphere and
land) to construct the initial conditions for coupled models. However, because each component
is initialized independently, this uncoupled approach often results in dynamical inconsistencies
across multiple components, which can trigger initialization shocks that degrade coupled model
forecasts (Mulholland et al., 2015; Zhang, 2011). To address these limitations, recent studies
have increasingly used coupled data assimilation (CDA) (Wu et al., 2018; Zhang et al., 2012).

CDA has emerged as an advanced framework for performing ocean data assimilation
directly within the coupled model. CDA methods are generally categorized into weakly
coupled data assimilation (WCDA) and strongly coupled data assimilation (SCDA). In WCDA,
ocean observations or reanalysis products are assimilated separately into the ocean component
during the analysis step, but the coupled model is utilized in the forecast step to transfer ocean
observational information to other components through multi-component interactions (Browne
etal., 2019). The fundamental distinction between WCDA and uncoupled data assimilation lies
in whether a coupled model is employed in the forecast step to generate the background forecast.

In WCDA, the background forecast is produced through coupled model integration, while
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observations or reanalysis products are assimilated independently within each individual
component. In contrast, uncoupled data assimilation utilizes standalone component models for
both the forecast and analysis stages (Shi et al., 2024a; Zhang et al., 2020). Unlike uncoupled
approaches, CDA produces more dynamically balanced and self-consistent initial conditions,
thereby enhancing forecast skill (Feng et al., 2018; Shi et al., 2022). However, WCDA neglects
cross-component background error covariances during the analysis step, which limits its ability
to explicitly correct coupled state errors (Tang et al., 2021). In contrast, SCDA leverages these
covariances to facilitate cross-domain information propagation, allowing observational data in
one component to instantaneously update the state variables of other components (Penny et al.,
2019; Lin and Pu, 2020). By treating the coupled system as a unified entity, SCDA typically
offers superior assimilation performance over WCDA (Han et al., 2013; Sluka et al., 2016; Lin
and Pu, 2019). However, the practical implementation of SCDA faces considerable challenges,
primarily owing to the difficulty of estimating cross-component background error covariances.
Therefore, WCDA remains more widely adopted in current systems (Zhou et al., 2024).

The Energy Exascale Earth System Model (E3SM) is a state-of-the-art Earth system model
developed by the U.S. Department of Energy to advance the understanding of Earth system
variability and change (Leung et al., 2020). Recently, Shi et al. (2025) developed a new weakly
coupled ocean data assimilation (WCODA) system utilizing the four-dimensional ensemble
variational (4DEnVar) method. This 4DEnVar-based WCODA system is intended to provide
realistic initial conditions for developing seasonal-to-decadal (S2D) hindcast experiments
using the E3SM model. The primary objective of this study is to evaluate the strengths and
limitations of this newly developed WCODA system and to document its capability in
capturing global and regional climate variability for the broader modeling community, with
particular emphasis on large-scale climate modes and their remote impacts that are essential
for generating realistic initial conditions for S2D hindcast experiments. Specifically, this
evaluation focuses on four key aspects: (1) surface air temperature and precipitation anomalies
over ocean, land, and global domains; (2) major tropical variability, including the Indian Ocean
Dipole (IOD) and El Nifio-Southern Oscillation (ENSO); (3) decadal-to-multidecadal

variability, such as the Pacific Decadal Oscillation (PDO), Interdecadal Pacific Oscillation
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(IPO), and Atlantic Multidecadal Oscillation (AMO); and (4) regional climate variability over
the contiguous United States.

The paper is structured as follows. Section 2 describes the E3SMv2 model, datasets, and
experimental design. Section 3 presents the results from analyzing major modes of climate

variability. Finally, the conclusions and discussion are provided in Section 4.

2. Model, data and experimental design

2.1 Model description

E3SMv2 is a fully coupled Earth system model that includes the atmospheric, ocean, sea
ice, land and river transport components. The atmospheric component (EAMv2) is based on a
spectral-element dynamical core with 72 vertical levels and is configured on a cubed-sphere
grid with approximately 110 km horizontal resolution (Golaz et al., 2022). The ocean
component (MPAS-O) employs an unstructured Voronoi mesh with horizontal spacing of ~60
km in the midlatitudes and ~30 km near the equator and poles, and includes 60 vertical layers
using a z-star coordinate (Reckinger et al., 2015). The sea ice component (MPAS-SI) shares
the same horizontal mesh with MPAS-O and provides detailed representations of sea ice
thermodynamics and dynamics (Turner et al., 2022). The land component (ELMv2) simulates
land surface energy and water fluxes, biophysical processes, and soil hydrological processes
(Golaz et al., 2019). The river transport component (MOSARTV2) represents streamflow
routing across river basins (Li et al., 2013). These five components are dynamically coupled
through the CPL7 coupler, which facilitates the exchange of momentum, heat, and mass fluxes
among model components (Craig et al., 2012). The detailed description and assessment of

E3SMv2 can be found in Golaz et al. (2022).

2.2 Data assimilation scheme

The 4DEnVar method employed in the WCODA system is based on the dimension-reduced
projection four-dimensional variational (DRP-4DVar) algorithm (Wang et al., 2010). In DRP-
4DVar, the ensemble-based approach is used to replace the adjoint model traditionally required

in standard 4D Var, thereby significantly reducing computational cost. The DRP-4D Var method
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determines the optimal state in the ensemble subspace by fitting observational data to model-
generated ensemble samples within a four-dimensional assimilation window (Liu et al., 2011;
Shi et al., 2021). Unlike nudging methods, which typically apply empirical relaxation terms to
the model's prognostic equations, the DRP-4DVar scheme obtains the optimal analysis by
minimizing the cost function of 4DVar. Specifically, observational information is assimilated
along the trajectory of the model solution within the assimilation window, ensuring that the
optimal analysis is dynamically consistent with the model physics (He et al., 2017). To mitigate
ensemble collapse, the DRP-4DVar algorithm employs an inflation technique that introduces a
zero initial condition perturbation sample to reconstruct the ensemble projection space as a
full-rank matrix (Wang et al., 2010). Due to its flexibility and efficiency, the DRP-4DVar
method has been widely applied in diverse numerical models to improve the initialization of
ocean, land, and atmospheric states (He et al., 2020; Shi et al., 2024b; Zhu et al., 2022).

In this study, monthly mean ocean temperature and salinity from the EN4.2.1 reanalysis
(Good et al., 2013) are assimilated into the ocean component of the fully coupled E3SMv2
model within a one-month assimilation window. The observational uncertainty of the EN4.2.1
reanalysis is represented through the observation error covariance matrix, which is statistically
derived from the variance of ocean temperature and salinity data. The spatiotemporal density
of observations within the EN4.2.1 product modulates the assimilation impact. Regions with
dense observational coverage are expected to exhibit more pronounced improvements, whereas
in data-sparse areas such as the Indian Ocean, the assimilation constraint is relatively weaker.
Each monthly assimilation cycle consists of the analysis and forecast stages. First, the fully
coupled E3SMv2 model is run forward for one month using the background initial conditions
to generate model-derived monthly means of ocean temperature and salinity. In the analysis
stage, the differences between these model outputs and the EN4.2.1 reanalysis are calculated
to form the observational innovation. The DRP-4DVar scheme then applies this innovation to
compute the optimal initial conditions for the ocean component at the beginning of the
assimilation cycle. During the following forecast stage, the fully coupled model is rewound to
the start of the month and re-integrated for the same month using the optimized ocean state and

the background fields from other components. Through this coupled forecast, ocean
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observational information is dynamically propagated to influence the state variables of other
components (e.g., atmosphere and land) through multi-component interactions. Thus, while
assimilation is confined to the ocean, employing the fully coupled E3SMv2 model in the
forecast stage enables the transfer of assimilated ocean information to other Earth system
components, classifying this system as a WCDA framework (Zhang et al., 2020). Further

technical details of the assimilation system are described in Shi et al. (2025).

2.3 Numerical experiments

Two numerical experiments are conducted to assess the impact of the WCODA system on
climate variability: a control experiment (CTRL) and an assimilation experiment (ASSIM).
Both experiments are initialized from the same initial condition on January 1, 1950, which is
derived from a fully spun-up long-term integration of E3SMv2 (Golaz et al., 2022). Following
initialization, the CTRL experiment is integrated freely without re-initialization or further
modifications to the model state from 1950 to 2021 under observed historical external forcings.
This experiment serves as the reference simulation for evaluating the influence of the
assimilation system. Both CTRL and ASSIM experiments are forced with the same historical
external forcings prescribed by the CMIP6 protocol (Eyring et al., 2016). The E3SMv2 model
had already reached a stable quasi-equilibrium state through a long spin-up and historical
integration (Golaz et al., 2022).

The ASSIM experiment assimilates monthly mean ocean temperature and salinity from the
EN4.2.1 reanalysis into all 60 layers of the ocean component in the fully coupled E3SMv2
model from 1950 to 2021 using a one-month assimilation window. At the beginning of each
month, monthly mean ocean temperature and salinity from the EN4.2.1 reanalysis are
assimilated to update the ocean initial conditions, after which the fully coupled model is
integrated freely until the end of the month. During this forecast period, the assimilated ocean
information is dynamically propagated to other components through multi-component
interactions. Unlike the sea surface temperature (SST) relaxation approach used in pacemaker
experiments to isolate the ocean influence on climate variability (e.g., Kosaka and Xie, 2016),

our assimilation system is implemented to generate initial conditions for hindcast experiments
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by incorporating full-depth ocean temperature and salinity reanalysis to constrain the complete
three-dimensional ocean state. This approach preserves vertical dynamical consistency and
retains the subsurface ocean memory necessary for capturing decadal-to-multidecadal
variability. For example, Morioka et al. (2018) demonstrated that skillful prediction of decadal
variability in the South Atlantic requires the assimilation of subsurface ocean temperature and
salinity, as SST-only assimilation fails to accurately represent zonal heat transport. However,
the Arctic Ocean is excluded from the assimilation domain due to sparse observational
coverage and the current absence of a coupled ice-ocean assimilation scheme. Much of the
Arctic Ocean is characterized by pervasive year-round sea ice cover. Without simultaneously
updating sea ice variables, assimilating ocean temperature and salinity alone could introduce
physical inconsistencies at the ice-ocean interface. Addressing this technical limitation remains

a high priority for future system development.

2.4 Evaluation datasets

Three types of monthly reanalysis datasets are used for evaluation: 1) ERAS reanalysis
data, including surface air temperature, 850 hPa winds, and 500 hPa geopotential height. ERAS
incorporates a wide range of satellite and in situ observations to produce high-quality global
atmospheric fields (Hersbach et al., 2020). 2) Global Precipitation Climatology Project (GPCP)
monthly precipitation data. This dataset provides reliable global precipitation estimates based
on satellite microwave, infrared measurements, and surface rain gauge data (Adler et al., 2003).
3) Hadley Centre Sea Ice and Sea Surface Temperature (HadISST) data. HadISST provides
monthly SST analyses derived from a combination of in situ measurements and satellite-based
retrievals (Rayner et al., 2003). Since the HadISST dataset and the assimilated EN4.2.1
reanalysis partially share a common pool of underlying in situ ocean observations, HadISST
does not serve as a fully independent validation dataset. Nevertheless, the improved agreement
with HadISST still demonstrates the effectiveness of the assimilation system in constraining

the ocean states.

3. Results
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3.1 Surface air temperature and precipitation

The temporal evolution of both non-detrended and linearly detrended annual mean surface
air temperature anomalies over the ocean, land, and global domains is shown in Fig. 1. The
non-detrended time series (Figs. la-c) highlight the long-term warming trend, while the
detrended series (Figs. 1d-f) isolate interannual variability by removing the linear trend from
each domain-averaged time series. In both cases, ASSIM better captures the observed
interannual surface air temperature variability compared to CTRL across all domains. For the
non-detrended global annual mean surface air temperature, the correlation of ASSIM with
observations is 0.92, slightly higher than the value of 0.85 reported by Douville et al. (2015) in
their tropical Pacific pacemaker experiment. After linear detrending, the correlation coefficient
between ASSIM and observations reaches 0.47 over the ocean, much higher than that of CTRL
(0.09). Over land and global domains, the correlation coefficients for ASSIM are 0.44 and 0.49,
respectively, again exceeding those of CTRL (land/global: 0.26/0.18). All three detrended
correlations from ASSIM pass the 95% confidence level, indicating statistically significant
improvements in simulating interannual surface temperature variability. The improvement is
most pronounced over the ocean, where the assimilated ocean state exerts a direct influence on
near-surface atmospheric conditions. Notably, the improved correlations over land suggest that
the benefits of ocean data assimilation extend beyond oceanic regions, reflecting its broader
influence on global surface temperature variability. However, compared with pacemaker
experiments in which SST is directly nudged within the tropical Pacific, the relatively weaker
atmospheric response to certain ENSO events in ASSIM may be related to the competing
influence of global ocean constraints beyond the tropical Pacific, as well as the smoothing
effect introduced by the monthly assimilation window.

Figure 2 displays the spatial distribution of climatological mean differences in surface air
temperature. Compared to observations, CTRL exhibits widespread cold biases over the
tropical and subtropical oceans, as well as notable warm biases at high latitudes. In contrast,
these biases are significantly reduced in ASSIM, particularly over the North Pacific, North
Atlantic, and the midlatitude Southern Ocean. Specifically, the cold bias in the North Pacific

decreases from -1.81 °C in CTRL to -0.76 °C in ASSIM, and from -3.23 °C to -1.09 °C in the
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North Atlantic. The warm bias over the midlatitude Southern Ocean is notably reduced from
1.07 °C in CTRL to 0.13 °C in ASSIM. Improvements are also evident over land regions, such
as eastern China, northern Eurasia, northern Africa, and parts of North America. The spatial
pattern of reduced surface air temperature bias closely aligns with the reduction in SST bias
reported by Shi et al. (2025), highlighting the strong coupling between the ocean surface and
the atmosphere. However, the current assimilation experiment does not explicitly isolate the
respective contributions of SST and subsurface ocean states. Future SST-only assimilation
experiments would be needed to disentangle their individual effects on surface air temperature.
The climatological warm biases over the Arctic Ocean appear slightly enhanced in ASSIM
compared with CTRL. Since the Arctic Ocean state is not directly constrained by assimilation,
it may respond indirectly to remote adjustments introduced elsewhere, potentially leading to a
redistribution of temperature biases. Despite this localized degradation, the assimilation
maintains the overall stability of the coupled system. As shown in Fig. Al, key global mean
diagnostics, including top-of-atmosphere net energy flux, surface air temperature, ocean
temperature and salinity, remain stable throughout the ASSIM integration.

The interannual variability of linearly detrended precipitation anomalies over the ocean,
land, and global domains is illustrated in Fig. 3. Compared to CTRL, ASSIM shows markedly
improved agreement with observed interannual precipitation variability across all three
domains. Over the ocean, the correlation with observations increases from 0.11 in CTRL to
0.52 in ASSIM, while over land it improves from 0.27 to 0.60. At the global scale, the
correlation rises from 0.04 in CTRL to 0.55 in ASSIM. All three correlations from ASSIM are
statistically significant at the 95% confidence level. These results suggest that assimilating
observed ocean states enhances the simulation of interannual precipitation variability over both
ocean and land, with the latter improvement possibly related to atmospheric circulation and
moisture transport.

Figure 4 shows the spatial distribution of climatological mean precipitation and associated
model biases. In the observation (Fig. 4a), major precipitation maxima are located along the
Intertropical Convergence Zone (ITCZ) in the equatorial Pacific, the South Pacific

Convergence Zone (SPCZ) extending northwest—southeast from the western Pacific, and the

10
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tropical Indian Ocean. A dry zone is also evident along the west coast of South America.
Compared to observations, CTRL overestimates precipitation over the central Pacific and the
southern equatorial Atlantic, while significantly underestimating rainfall over the tropical
eastern Indian Ocean and the northern equatorial Atlantic (Figs. 4b & d). In contrast, these
biases are substantially reduced in ASSIM (Figs. 4c & e). Precipitation in the tropical eastern
Indian Ocean is enhanced, resulting in better agreement with observations. Moreover, in the
tropical Atlantic, the dry bias over the northern equatorial Atlantic is reduced from -1.27
mm/day in CTRL to -0.34 mm/day in ASSIM, while the wet bias over the southern equatorial
Atlantic decreases from 1.81 mm/day to 0.62 mm/day. These reductions in systematic biases
bring the climatological precipitation in ASSIM into better agreement with observations, with
residual differences over some regions, particularly the tropical Pacific, no longer reaching
statistical significance. The improvement in tropical precipitation is closely linked to changes
in the large-scale meridional circulation. As illustrated in Fig. A2, CTRL exhibits an
anomalously strong ascending branch of the Hadley circulation in the northern tropics, which
sustains a pronounced wet bias over the tropical Pacific. In contrast, this anomalous ascent is
effectively suppressed in ASSIM, contributing to a more realistic precipitation distribution

across the tropical and subtropical regions.

3.2 ENSO

ENSO is the dominant mode of interannual climate variability in the tropics and exerts
profound impacts on global atmospheric circulation (Chiang and Sobel, 2002). ENSO
variability is commonly monitored by the Nifio 3.4 index, defined as the SST anomalies
averaged over the equatorial central Pacific (5°S-5°N, 120°W-170°W) (Trenberth and
Stepaniak, 2001). To evaluate the representation of ENSO variability, we analyze the time
evolutions of the monthly and winter Nifio 3.4 index (Fig. 5). As expected, CTRL exhibits very
weak correlations with observations, with correlation coefficients of only 0.02 for the monthly
and 0.07 for the winter Nifio 3.4 index, indicating poor phase agreement with the observed
Nifio 3.4 index. Compared with CTRL, ASSIM exhibits markedly improved phase agreement
with the observed ENSO variability. The temporal evolution of the Nifio 3.4 index in ASSIM

11



295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

closely matches the observation, with correlations increasing to 0.87 for the monthly and 0.95
for the winter index. These results demonstrate that ocean data assimilation provides an
effective constraint on tropical Pacific SST variability.

Figure 6 further evaluates ENSO characteristics through the power spectra and seasonal
cycle of the monthly Niflo 3.4 index. The observed spectrum exhibits a pronounced peak in the
3-5 year band, consistent with typical ENSO periodicities (Fig. 6a). This spectral feature is
reasonably well reproduced in ASSIM (Fig. 6b). By comparison, CTRL underestimates the
variance in this band and produces an unrealistically amplified peak at 2-3 years (Fig. 6c).
Beyond its frequency characteristics, ENSO also exhibits a strong seasonal cycle. The observed
Nifio 3.4 index shows minimum variance in April and peak amplitude in December, reflecting
the well-known phase-locking behavior of ENSO (Fig. 6d). ASSIM captures this seasonal
cycle well, although the minimum occurs one month later (Fig. 6¢). In contrast, CTRL exhibits
a flatter seasonal cycle with markedly weaker variance during the winter peak, and its seasonal
minimum is delayed by two months (Fig. 6f).

To further assess the representation of ENSO-related atmospheric variability, we examine
the Southern Oscillation Index (SOI), which reflects the east—west seesaw pattern in sea level
pressure (SLP) between the western and eastern tropical Pacific. The SOI is commonly defined
as the normalized difference in SLP anomalies between Tahiti and Darwin, and serves as the
atmospheric counterpart to the Nifio 3.4 index (Hanley et al., 2003). Figure 7 presents the
temporal evolution of the monthly and winter SOI from the observation, ASSIM, and CTRL.
The observed SOI exhibits pronounced interannual fluctuations associated with ENSO phases.
Consistent with its poor simulation of the Nifio 3.4 index, CTRL fails to capture the observed
SOI variability, with correlations of -0.02 for the monthly and -0.04 for the winter index. In
contrast, ASSIM reproduces the SOI variability more realistically, with correlations increasing
to 0.40 for the monthly and 0.62 for the winter index. These results indicate that assimilating
ocean reanalysis not only constrains SST but also enhances the phase agreement of ENSO-

related atmospheric variability with observations in coupled models.

3.310D
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The Indian Ocean Dipole (IOD) is a prominent mode of interannual variability in the
tropical Indian Ocean that strongly influences surrounding climate systems (Saji et al., 2006).
It typically begins to develop in boreal summer and reaches its peak during autumn. A widely
used metric for quantifying IOD variability is the Dipole Mode Index (DMI), defined as the
difference in SST anomalies between the western (S0°E—70°E, 10°S—10°N) and eastern (90°E—
110°E, 0°-10°S) equatorial Indian Ocean (Saji et al., 1999). The temporal evolution of the
autumn DMI is further shown in Fig. 8. The observed DMI exhibits pronounced interannual
variations associated with alternating positive and negative IOD phases. The CTRL simulation
substantially overestimates the IOD amplitude and shows a weak correlation of -0.11 with
observations. Such overestimation is the common bias in coupled climate models, as noted in
previous studies (Ju et al., 2025). In contrast, ASSIM shows notable improvements in both the
amplitude and temporal variability of the DMI, with the correlation increasing to 0.56 and
exceeding the 95% confidence level. These results highlight the effectiveness of ocean data
assimilation in improving the temporal agreement of IOD variability with observations.
Nevertheless, the lower DMI correlation in ASSIM relative to Nifo3.4 is partly attributable to
known limitations of the assimilated EN4.2.1 dataset in the Indian Ocean. As noted by Good
et al. (2013), the EN4.2.1 reanalysis exhibits regional deficiencies in this basin due to the
limited availability of near-surface observations that meet quality-control standards, thereby

limiting the assimilation effectiveness in the Indian Ocean.

3.4 PDO, IPO, AMO

The Pacific Decadal Oscillation (PDO) is the leading mode of decadal SST variability in
the North Pacific, characterized by basin-scale SST anomalies that typically persist for one to
two decades. The PDO index is derived as the leading empirical orthogonal function (EOF)
mode of detrended SST anomalies over the North Pacific (20°-70°N, 110°E-100°W) (Mantua
et al., 1997). The EOF analysis is performed separately for the observations and each model
experiment. Prior to the EOF calculation, all observational datasets and model outputs are
interpolated onto a common horizontal grid and linear trends are removed at each grid point.

Figure 9 illustrates both the temporal evolution and spatial pattern of the annual PDO index

13
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from 1965 to 2016. The observed PDO index displays a canonical sequence of phase transitions:
a cool phase before the late 1970s, a persistent warm phase extending into the late 1990s, and
a return to negative values thereafter (Fig. 9a). These decadal transitions are reasonably
captured by ASSIM, yielding a temporal correlation of 0.67 with observations (Fig. 9b). In
contrast, CTRL fails to reproduce the observed phase transitions, with a much lower correlation
of 0.19 (Fig. 9¢). Besides the temporal evolution, the spatial structure of the PDO index is also
analyzed. The observed pattern exhibits a horseshoe-shaped structure with cold anomalies in
the central North Pacific and warm anomalies along the western coast of North America (Fig.
9d). This spatial pattern is well reproduced in ASSIM, with a spatial correlation of 0.90 (Fig.
9e¢). However, the PDO pattern from CTRL exhibits a distorted structure, and its spatial
correlation decreases to 0.68 (Fig. 9f). These improvements in both the temporal evolution and
spatial structure of the PDO underscore the potential of the assimilation system to enable more
skillful decadal climate predictions by providing improved initial states.

Beyond the North Pacific, another major mode of decadal variability affecting the entire
Pacific basin is the Interdecadal Pacific Oscillation (IPO). Similar to the PDO, the IPO index
is obtained from the leading EOF mode of detrended SST anomalies, but computed over the
whole Pacific (50°S—50°N, 100°E-70°W) (Doblas-Reyes et al., 2013). The annual evolution
of the IPO index is shown in Fig. 10, indicating the basin-wide coherence of Pacific decadal
variability. The observed IPO index undergoes distinct decadal shifts, including a negative
phase prior to the late 1970s, a prolonged positive phase extending through the 1980s and 1990s,
and a return to negative values in the early 2000s. These phase transitions are closely
reproduced by ASSIM, which achieves a high temporal correlation of 0.80 with observations.
On the other hand, CTRL fails to track the decadal evolution of the observed IPO and shows a
much weaker correlation of 0.20. These results indicate that ocean data assimilation serves as
an effective pathway for constraining Pacific-basin SST variability and enhancing the phase
alignment of the observed Pacific SST variability on decadal timescales.

In addition to the Pacific, the North Atlantic also exhibits notable low-frequency SST
variability characterized by the Atlantic Multidecadal Oscillation (AMO). The AMO index is

computed as the linearly detrended SST anomalies averaged over the North Atlantic (0—60°N,
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0—80°W) (Trenberth and Shea, 2006). Figure 11 presents the temporal evolution of the annual
AMO index from 1965 to 2016. The observed AMO index shows a pronounced negative phase
in the 1970s and 1980s, followed by a persistent positive phase beginning in the mid-1990s.
These phase transitions are more accurately reproduced in ASSIM than in CTRL, particularly
the timing and amplitude of the warm shift after the mid-1990s. The temporal correlation with
observations is 0.71 in ASSIM, much higher than 0.17 in CTRL. This improved phase
agreement of AMO variability in ASSIM reinforces its potential for better predicting related

climate impacts over the North Atlantic and adjacent regions.

3.5 U.S. T2m and Precipitation

Building on the improved representation of tropical SST variability through ocean data
assimilation, we extend our analysis to assess its impact on regional climate over land. Given
the well-established influence of ENSO on U.S. winter climate variability (Ropelewski and
Halpert, 1986; Higgins et al., 2000), we evaluate model performance in simulating interannual
temperature and precipitation variability over the contiguous U.S. during boreal winter (Figs.
12 & 13). For winter surface air temperature (Fig. 12), ASSIM exhibits widespread increases
in temporal correlation with observations across large portions of the northern and western U.S.,
particularly over the Intermountain West and Great Lakes regions. In these areas, correlation
improvements commonly exceed 0.3 and locally surpass 0.4. Consistent with the correlation
patterns, RMSE reductions in ASSIM are also evident across the northern and central U.S.,
with maximum decreases up to 0.6 °C over the central Great Plains.

In contrast to temperature, improvements in winter precipitation simulations are more
localized but remain pronounced across the southern U.S. (Fig. 13). Compared with CTRL,
ASSIM shows higher correlations with observed precipitation over the Southwest, southern
Great Plains, and Southeast. In particular, significant enhancements are evident in parts of
California, Texas, and Alabama, where correlation increases exceed 0.4 and locally approach
0.5. These correlation improvements are accompanied by consistent reductions in RMSE
across similar regions. Notably, the largest RMSE reductions, exceeding 0.45 mm/day, are

found over coastal California. The spatial coherence of these improvements suggests that
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incorporating realistic ocean states can better capture U.S. winter precipitation variability.

To further investigate the mechanisms underlying the improved simulation of U.S. winter
climate, we examine the regression of surface air temperature and precipitation onto the Nifio
3.4 index during boreal winter (Fig. 14). Boreal winter is the focus of this analysis because
ENSO teleconnections to North America are strongest and most coherent during winter, while
ENSO-related impacts in other seasons are generally weaker and less spatially coherent over
the U.S. (Ropelewski and Halpert, 1986; Higgins et al., 2000). The Nifo 3.4 index is calculated
separately from its corresponding dataset, and all regressions are performed using simultaneous
winter averages. The observed patterns reveal that ENSO exerts a pronounced influence on
U.S. winter climate through large-scale atmospheric responses. During El Nifio events, positive
geopotential height anomalies dominate the northern part of the continent, which may suppress
the southward intrusion of cold air masses. This circulation pattern could lead to anomalous
warming across the northern U.S., producing significant positive correlations with ENSO in
these regions (Fig. 14a). Meanwhile, strengthened subtropical westerlies enhance moisture
transport into the southern U.S., favoring increased precipitation and yielding strong positive
correlations with ENSO across the southern tier of the country (Fig. 14d).

These ENSO-related spatial structures are well reproduced in ASSIM (Figs. 14b & e). In
particular, the regression patterns of temperature and precipitation in ASSIM closely resemble
those in the observations, especially across the northern and southern U.S., respectively. The
spatial pattern correlation between ASSIM and observations is 0.86 for surface air temperature,
much higher than that of CTRL (0.35). For precipitation, the spatial correlation increases from
0.67 in CTRL to 0.72 in ASSIM. Furthermore, the regions with robust ENSO-related signals
in ASSIM largely overlap with areas showing improved correlation and reduced RMSE in Figs.
12 and 13. The stippled regions in these figures denote statistically significant differences at
the 95% confidence level. Specifically, for winter surface air temperature, statistically
significant increases in correlation and concurrent reductions in RMSE are primarily found in
parts of Arizona and lowa (Fig. 12), while for winter precipitation, such improvements are
mainly located over parts of California and Alabama (Fig. 13). To account for the potential

delayed impact of ENSO, a one-month lagged regression analysis is also presented in Fig. A3.
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The resulting lagged patterns are highly consistent with the simultaneous winter regression
results (Fig. 14), reinforcing the linkage between ENSO variability and U.S. winter climate
anomalies. These results demonstrate that the improved phase alignment of ENSO variability

enhances the simulation of U.S. winter surface air temperature and precipitation.

4 Conclusions

Accurate representation of climate variability across multiple timescales is essential for
enhancing the reliability of Earth system predictions. One key factor influencing climate
variability is the ocean state due to its long memory and strong coupling with the atmosphere.
While ocean data assimilation has proven effective in improving ocean state estimates, many
existing systems remain uncoupled and thus have limited ability to support coupled forecasts
due to imbalances across multiple components (Mulholland et al., 2015; Zhang et al., 2011).
To address this limitation, a new 4DEnVar-based WCODA system has been implemented
within the E3SM model to provide realistic initial conditions for S2D hindcast experiments.
Despite this progress, the specific impact of this WCODA system on the simulation of multi-
scale climate variability requires further evaluation. This study aims to thoroughly document
the capabilities and limitations of this WCODA system in simulating global and regional
climate variability, and to demonstrate its potential for improving initialization quality and
predictive skill in coupled Earth system models.

Our results show that the WCODA system significantly improves the phase agreement of
both interannual and decadal climate variability with observations. Beyond phase alignment,
minor but noteworthy improvements are also found in representing the modes of variability, as
indicated by the improved Nifo3.4 spectrum, PDO EOF pattern, and ENSO teleconnection
response over the contiguous U.S. Significant enhancements are achieved in capturing
interannual variability and reducing model biases of surface air temperature and precipitation
over land and ocean domains. Notably, the temporal evolution of major climate modes,
including ENSO, 10D, PDO, IPO, and AMO, is markedly improved. Besides better capturing
the temporal evolution of various modes, assimilating ocean temperature and salinity also

improves the power spectra and seasonal cycle of ENSO and the spatial pattern of PDO.
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Furthermore, regional evaluations over the contiguous U.S. reveal increased skill in
reproducing the observed interannual variability of winter surface air temperature in the
northern U.S. and precipitation in the southern regions, respectively. The improved simulation
of U.S. winter temperature and precipitation is closely associated with better-simulated ENSO
variability, as supported by spatially coherent regression patterns between Nifio 3.4 and U.S.
winter climate. These findings demonstrate the capability of the WCODA system to deliver
more skillful simulations of Earth system variability through improved ocean initial states and
cross-component information exchange. It is worth noting that these improvements primarily
reflect enhanced phase alignment of internal variability with observations, and the use of
monthly assimilation increments may introduce localized nonconservative effects.

Despite these promising results, several limitations remain and offer opportunities for
future development. The current assimilation system does not incorporate atmospheric or sea
ice observations, which may limit its ability to fully constrain the coupled model states. While
our results demonstrate that assimilating ocean reanalysis provides a sufficient constraint to
improve the phase alignment of key climate modes, incorporating additional observational
constraints from the atmosphere and sea ice may further enhance the representation of coupled
climate variability and associated regional impacts. It should be noted that the improved
temporal correlations primarily reflect enhanced phase alignment of the model's internal
variability with observations, rather than intrinsic changes in modes of variability, and the
assimilation increments may locally affect energy and mass budgets. Furthermore, as a weakly
coupled system, the current WCODA framework does not explicitly account for cross-
component background error covariances during the analysis step. Transitioning toward a
SCDA framework would further improve the physical consistency and accuracy of the
generated initial conditions.

Looking ahead, the WCODA system provides a promising foundation for improving the
initialization of large-ensemble S2D hindcast experiments. Given that the assimilation of
subsurface ocean temperature and salinity is essential for skillful decadal prediction (Morioka
et al., 2018; Chikamoto et al., 2019), future efforts could explore systematic comparisons with

SST-based pacemaker experiments to elucidate the distinct roles of surface and subsurface

18



498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526

ocean constraints. Such comparisons would provide valuable insights into the mechanisms
governing decadal predictability and inform the design of more effective initialization
strategies. Ultimately, these advances will contribute to the development of more reliable

seamless climate prediction systems with broad implications for climate services and society.

Code and data availability. The E3SMv2 source code is freely available under an open-source
license and can be accessed via Zenodo at https://zenodo.org/records/16652680. The ERAS
reanalysis datasets are accessible from the Copernicus Climate Change Service through the
Climate Data Store portal: https://cds.climate.copernicus.eu/datasets/reanalysis-eraS-single-
levels-monthly-means?tab=download (Hersbach et al., 2020). Monthly GPCP precipitation
data can be obtained from https://psl.noaa.gov/data/gridded/data.gpcp.html (Adler et al., 2003).
HadISST sea surface temperature data are available at
https://www.metoffice.gov.uk/hadobs/hadisst (Rayner et al., 2003) and EN4.2.1 ocean
temperature and salinity data can be accessed from https://www.metoffice.gov.uk/hadobs/en4
(Good et al, 2013). Model outputs are available on Zenodo at
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Figure 1. Time series of non-detrended (left column) and linearly detrended (right column)
annual mean surface air temperature anomalies (units: °C) over (a, d) ocean, (b, €) land, and (c,
f) global domains from 1965 to 2016. Black line: observation; blue line: CTRL; red line:
ASSIM. Temperature anomalies are computed by removing both the climatological mean and
long-term trend. For the detrended series, a linear trend is removed from the domain-averaged
time series. The correlation coefficients of CTRL and ASSIM with the observation are also

shown. The asterisk denotes statistically significant correlation at the 95% confidence level.
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Figure 2. Spatial patterns of climatological mean differences in surface air temperature
(units: °C) between model simulations and observations for the period 1965-2016. Panel (a)
shows the difference between CTRL and observation, and panel (b) shows the difference
between ASSIM and observation. Dotted areas denote regions where the differences are

statistically significant at the 95% confidence level.
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Figure 3. Time series of linearly detrended annual mean precipitation anomalies (units:
mm day ') over (a) ocean, (b) land, and (c) global domains from 1980 to 2016. Black line:
observation; blue line: CTRL; red line: ASSIM. Precipitation anomalies are computed by
removing both the climatological mean and long-term trend. For the detrended series, a linear
trend is removed from the domain-averaged time series. The correlation coefficients of CTRL
and ASSIM with the observation are also shown. The asterisk denotes statistically significant

correlation at the 95% confidence level.
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Figure 4. Spatial patterns of (a—c) climatological mean precipitation (units: mm day ') and (d,
e) precipitation differences for the period 1980-2016. Panels (a—c) show precipitation
climatology from observation, CTRL, and ASSIM, respectively. Panels (d, e) represent
precipitation differences between model simulations and observations: (d) CTRL minus
observation and (e) ASSIM minus observation. Dotted areas indicate regions where the

differences are statistically significant at the 95% confidence level.
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Figure 5. Time series of the (a) monthly and (b) winter Nifio 3.4 index from 1965 to 2016 for
the observation (black line), ASSIM (red line), and CTRL (blue line). The correlation
coefficients with the observation for ASSIM and CTRL are also shown in parentheses. The

asterisk indicates that the correlation is statistically significant at the 95% confidence level.
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Figure 6. Power spectra (a—c) and seasonal cycle of the standard deviation (d—f) of the monthly
Nifio 3.4 index from the observation (left column), ASSIM (middle column), and CTRL (right
column) for the period 1965-2016. The theoretical Markov "red noise" spectrum is shown as
a solid green line, with the 5% and 95% confidence bounds indicated by dashed blue and red

lines, respectively.
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Figure 7. Time series of the (a—c) monthly and (d) winter Southern Oscillation Index (SOI)
from 1965 to 2016 for the observation (black line), ASSIM (red line), and CTRL (blue line).
Panels (a—c) show individual monthly time series from OBS, ASSIM, and CTRL, respectively,
while panel (d) shows the winter SOI averaged over December—February (DJF). The
correlation coefficients with the observation in ASSIM and CTRL are also indicated in
parentheses. The asterisk indicates that the correlation is statistically significant at the 95%

confidence level.
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Figure 8. Time series of the autumn (September—November) Dipole Mode Index (DMI) from
1965 to 2016 for (a) the observation, (b) ASSIM, and (c) CTRL. The correlation coefficients
of ASSIM and CTRL with the observed DMI are also shown in the upper-right corner. The

asterisk indicates that the correlation is statistically significant at the 95% confidence level.
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Figure 9. Time series and spatial patterns of the Pacific Decadal Oscillation (PDO) index from
1965 to 2016 for (a, d) the observation, (b, ¢) ASSIM, and (c, f) CTRL. The black lines in
panels (a—c) denote the 10-year running mean of the annual PDO index. The numbers at the
top right of (b) and (c) indicate the temporal correlations of ASSIM and CTRL with
observations. The asterisk indicates that the temporal correlation is statistically significant at
the 95% confidence level. The percentage of variance explained by EOF1 is shown at the top
right of (d—f), and the numbers at the top center of (e) and (f) indicate the spatial correlations
with the observed pattern. The EOF analysis is performed separately for the observations and
model outputs after interpolating both onto a common horizontal grid and removing linear

trends at each grid point.
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Figure 10. Time series of the Interdecadal Pacific Oscillation (IPO) index from 1965 to 2016
for (a) the observation, (b) ASSIM, and (c) CTRL. The black line in each panel denotes the 10-
year running mean of the annual IPO index. The numbers at the top right of (b) and (c) indicate
the temporal correlations of ASSIM and CTRL with observations. The asterisk indicates that
the temporal correlation is statistically significant at the 95% confidence level. The IPO index
is derived from EOF analysis after interpolating both the observations and model outputs onto

a common horizontal grid and removing linear trends at each grid point.
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Figure 11. Time series of the Atlantic Multidecadal Oscillation (AMO) index from 1965 to
2016 for (a) the observation, (b) ASSIM, and (c) CTRL. The black line denotes the 10-year
running mean. The numbers at the top right of (b) and (c) indicate the temporal correlations of
ASSIM and CTRL with observations. The asterisk indicates that the correlation is statistically
significant at the 95% confidence level. The AMO index is calculated by subtracting the global
mean SST anomalies (60°S—60°N) from the North Atlantic SST anomalies (0—-60°N, 0-80°W).
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836  Figure 12. Spatial patterns of the differences in (a) correlation coefficients and (b) root-mean-
837  square errors (RMSE; °C) of detrended winter surface air temperature anomalies between
838  ASSIM and CTRL with observations from 1980 to 2016 over the contiguous U.S. Dotted areas

839 indicate regions where the differences are statistically significant at the 95% confidence level.
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841  Figure 13. Similar to Fig. 12 but for detrended winter precipitation. Dotted areas denote

842  regions where the differences pass the 95% confidence level.
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843

844  Figure 14. Regression patterns of winter surface air temperature (left column; shaded) and
845  precipitation (right column; shaded), 500hPa geopotential height (contours), and 850hPa winds
846  (vectors) on the standardized winter Nifio 3.4 index for (a, d) the observation, (b, ) ASSIM,
847 and (c, f) CTRL. In each panel, the Nifio 3.4 index is calculated separately from its
848  corresponding dataset and all regressions are based on simultaneous winter (DJF) averages.
849  Dotted areas indicate regions where the regressions are statistically significant at the 95%

850  confidence level.
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Appendix A: Supporting Information
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Figure A1. Time series of (a) global mean top-of-atmosphere (TOA) net energy flux (W m2),
(b) global mean surface air temperature (°C), (c) global mean ocean temperature averaged over
the upper 1000 m (°C), and (d) global mean ocean salinity averaged over the upper 1000 m

(psu). The blue and red lines denote the CTRL and ASSIM experiments, respectively.
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Figure A2. Zonal-mean meridional streamfunction differences (units: 10!° kg s!) between
model simulations and observations averaged over the period 1980-2016. Panel (a) shows the
difference between CTRL and observations, and panel (b) shows the difference between
ASSIM and observations. The vertical axis represents pressure levels (hPa), and the horizontal

axis denotes latitude.
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Figure A3. Lagged regression patterns of monthly winter (DJF) surface air temperature (left;
shaded), precipitation (right; shaded), 500hPa geopotential height (contours), and 850hPa
winds (vectors) onto the preceding month's (NDJ) standardized Nifio 3.4 index for (a, d) the
observation, (b, €) ASSIM, and (c, f) CTRL. Specifically, monthly atmospheric variables from
December to February (DJF) are regressed onto the standardized monthly Nifio 3.4 index from
November to January (NDJ), corresponding to a one-month lead time. The Nifio 3.4 index is
calculated separately from each corresponding dataset. Dotted areas denote statistical

significance at the 95% confidence level.
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