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Abstract

Upper ocean heat content (OHC) has been widely recognized as a crucial precursor to high-impact climate
variability, especially for that being indispensable to the long-term memory of the ocean. Assessing the
predictability of OHC using state-of-the-art climate models is invaluable for improving and advancing climate
forecasts. Recently developed retrospective forecast experiments, based on a Community Earth System Model
ensemble prediction system, offer a great opportunity to comprehensively explore OHC predictability. Our results
indicate that the skill of actual OHC predictions varies across different oceans and diminishes as the lead time of
prediction extends. The spatial distribution of the actual prediction skill closely resembles the corresponding
persistence skill, indicating that the persistence of OHC serves as the primary predictive signal for its
predictability. The decline in actual prediction skill is more pronounced in the Indian and Atlantic oceans than in
the Pacific Ocean, particularly within tropical regions. Additionally, notable seasonal variations in the actual
prediction skills across different oceans align well with the phase-locking features of OHC variability. The
potential predictability of OHC generally surpasses the actual prediction skill at all lead times, highlighting
significant room for improvement in current OHC predictions, especially for the North Indian Ocean and the
Atlantic Ocean. Achieving such improvements necessitates a collaborative effort to enhance the quality of ocean

observations, develop effective data assimilation methods, and reduce model bias.
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1 Introduction

The predictability of upper ocean heat content (OHC) is a fas-
cinating research area that provides valuable insights into cli-
mate dynamics, including oceanic processes and air-sea coup-
lings (Wu et al., 2015). While atmospheric elements are highly
sensitive to short-term perturbations with limited prediction
skills of less than 1 month (Shukla, 1981), oceanic components
retain long-term memories of air-sea interactions within the cli-
mate system due to thermal inertia (Li et al., 2017; Jian et al.,
2022). As a representative of ocean subsurface processes, OHC
possesses a longer memory and is more predictable than sea sur-
face temperature (SST) (Branstator and Teng, 2010). Thus, OHC
has been perceived as an effective predictor of climate variability,
particularly for longer lead times in climate prediction (Jia and
DelSole, 2011).

OHC variations in specific regions hold crucial information
about climate variability and significant phenomena, such as the
El Nifo-Southern Oscillation (ENSO; Jin, 1997; Ren and Jin, 2013)
and the Indian Ocean Dipole (IOD; Liu et al., 2022a). ENSO,

which comprises alternating warm El Nifio and cool La Nifia
phases, substantially influences ecosystems, agriculture, and
economies worldwide (McPhaden et al., 2006; Cai et al., 2015).
Extensive research has been undertaken to improve the predict-
ability of this critical climate phenomenon by investigating the
relationship between OHC and ENSO (Clarke and van Gorder,
2003; McPhaden, 2003; Ham et al., 2019; Seleznev and Mukhin,
2023). Previous studies have shown that tropical Pacific warm
water volume is closely correlated with ENSO variability, exhibit-
ing a lead time of 6-9 months (Jin, 1997). Consequently, Pacific
OHC has been identified as a potential precursor to ENSO events.
Notably, OHC has demonstrated skillful forecasts for ENSO with
lead times of up to 1 year (Tang et al., 2018; Zhang et al., 2022).
Similarly, the Indian Ocean, with its distinctive characteristics,
represents another region of interest concerning OHC and its im-
pact on climate variability. IOD is a coupled ocean-atmosphere
phenomenon characterized by SST anomalies between the west-
ern and eastern parts of the Indian Ocean (Saji et al., 1999). It has
been suggested that Indian OHC can potentially influence the de-
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velopment and intensity of the IOD (Liu et al., 2022a). Therefore,
it is crucial to understand the predictability of OHC for predict-
ing the occurrence of high-impact climate events.

To improve the predictability of heat content, a comprehens-
ive approach that integrates observational data and advanced
numerical models is required. Improving the quality and resolu-
tion of ocean observations is essential for capturing heat content
variations accurately. Developing and refining numerical models
that simulate the intricate interactions between the atmosphere
and ocean are also crucial for enhancing predictions. Recent ad-
vancements in data assimilation techniques have been prom-
ising in improving the predictability of oceanic variables. Fur-
thermore, assimilating ocean observations into numerical mod-
els can help reduce uncertainties and enhance the accuracy of
OHC predictions. Evaluating the OHC predictability in model
simulations is crucial for further exploring climate variability.

The practical and intrinsic predictabilities are essential for
evaluating predictability (Lorenz, 1965). The former represents
the actual prediction skill and quantifies the accuracy of current
predictions through the numerical model against observations.
The latter is also known as potential predictability, indicating the
upper limit of the prediction skill when the optimal procedure is
used. Ensemble retrospective/hindcast forecasts based on state-
of-the-art coupled models are powerful tools for understanding
predictability. Recently, a long-term retrospective prediction
based on the Community Earth System Model (CESM) was per-
formed (Liu et al., 2022b). It provides a unique opportunity to ex-
plore a wide range of predictability problems regarding the cli-
mate system. In this study, we employed this retrospective en-
semble forecast covering the 1880-2017 period to comprehens-
ively investigate the OHC predictability. The remainder of this
paper is organized as follows. Section 2 presents a detailed de-
scription of the retrospective forecasts and measurement metrics
used. Sections 3 and 4 describe practical and intrinsic predictab-
ility traits, respectively. Finally, we provide a summary and in-
depth discussion of the findings in Section 5.

2 Data and method

In this study, the long-term hindcast retrospective forecasts
from a recently developed ensemble prediction system based on
the CESM (Liu et al., 2022b) are utilized to investigate OHC pre-
dictability in climate model simulations. The retrospective fore-
casts were initialized each January 1st, April 1st, July 1st, and Oc-
tober 1st from 1880 to 2017 by nudging the ocean temperature at
each depth above 500 m and wind at heights below 500 hPa
(Song et al., 2022). The observational ocean temperature and
winds nudging into the model are merged by different datasets.
For the oceanic data, we used the monthly simple ocean data as-
similation version 2.2.4 (SODA 2.2.4; Carton and Giese, 2008) be-
fore 1983 and the global ocean data assimilation system (GODAS;
Behringer and Xue, 2004) datasets after 1983. Moreover, the 6-
hourly ERA-20C reanalysis (Stickler et al., 2014) before 1983 and
the ERA-interim reanalysis (Berrisford et al., 2011) after 1983
were used in nudging the observed atmospheric data into the
model simulations. For any given start month, 20-member en-
semble predictions were generated by the climatically relevant
singular vector (Kleeman et al., 2003). All ensemble retrospective
forecasts were run for 12 months. These ensemble integrations
were produced to manifest the uncertainty in forecasts from the
perturbed initial conditions of subsurface ocean temperature
fields. We used the merged ocean temperatures from the SODA
and GODAS datasets to evaluate the prediction skill of global
OHC in the CESM hindcast retrospective forecasts.

The anomalies were calculated by subtracting the corres-

ponding climatology of the running 20-year window at each lead
month to eliminate the impacts of decadal climate background
and seasonal cycle in the prediction and observations. We used
the standard deviation of the regional averaged OHC anomalies
to represent the phase-locking features of OHC variability.

To estimate the actual prediction skills of the OHC, we em-
ployed the anomaly correlation coefficients (ACCs), which can be
defined as

ACC (1) = N’:‘ = , (D
> [Hw-m o]

where H denotes the OHC variable; fand o represent the en-
semble mean prediction and observations, respectively; i and ¢
are the initial and lead time of the forecast, respectively; N de-
notes the total number of initial conditions (138 years x 4
months). The overbar denotes the averaged value of multiple ini-
tial conditions.

We used information-based metrics to quantify the potential
prediction skills of OHG, i.e., relative entropy (RE). RE measures
the extra information from the predicted distribution over the cli-
matological distribution (Kleeman, 2002), and it is given by

2
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where g?m and 012{ indicate the ensemble variance and climato-
logical variance respectively. B and yu,, denote the ensemble
mean and climatological mean, respectively. The transformation
of RE was used to measure the potential correlation (DelSole,
2004; Tang et al., 2013), which is given by

ACCp = V1 — e—2RE, 3)
which implies ACC, with a maximum value of 1 when the mean
RE for all individual predictions approaches infinity and a min-
imum value of 0 when the mean RE vanishes.

3 Results

3.1 Actual predictability

Figure 1 demonstrates the spatial distribution of the ACC of
OHC for all initial condition months with different lead months.
The ACC skills vary with regions and decrease with increasing
lead time. The skills are larger than 0.5 for a 1-month lead in most
regions all over the globe (Fig. 1a). For a 2-month lead, the skills
degenerate sharply in the tropical Indian and Atlantic oceans
with ACC values smaller than 0.5. As with increasing lead time,
the skill with a value larger than 0.5 appears only in the Pacific
Ocean, which can even exceed 8 months in the tropical western
Pacific Ocean and the southern Pacific Ocean (Fig. 1h). However,
the skill with a value larger than 0.5, vanishes in the Indian and
Atlantic oceans when the lead month exceeds five. This indicates
that the Pacific OHC is more predictable than the Indian and At-
lantic OHCs.

Figure 2 shows the spatial distribution pattern of the persist-
ence skill of OHC, which is similar to that for ACC of CESM pre-
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Fig. 1. Anomaly correlation coefficients of OHC with lead month.
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diction. These overall similarities indicate that the persistence of
OHC significantly contributes to its predictability. The ACC skills
are inferior to the persistence skills in the middle and high latit-
udes for a 1-month lead, especially in the Southern Ocean. We
speculate that two factors may account for this feature. One is the
initial shock, documented for its influence on prediction skills
(Chen, 2010). Another may be due to biases in the climate model
or oceanic assimilation, which requires further examination.
However, the model prediction exhibits clear superiority over
persistence in most regions for lead times longer than 2 months.
In addition, the lead time of the OHC in the tropical southwest-
ern Indian Ocean is up to 5 months, much longer than that with
persistence (Figs 1 and 2). These features indicate that the en-
semble prediction system performs reasonably well in predicting
OHC variability.

The predictability of OHC varies with regions in each ocean
basin. As mentioned above, the Pacific OHC is more predictable
than the Indian and Atlantic OHC. Next, we independently in-
vestigate the ACC skill of the OHC in different ocean areas (Fig.
3). In the Pacific Ocean, the ACC skill of OHC is higher in the
tropics than in the middle and high latitude regions, with the
highest and relatively high skills in the tropical western and east-
ern Pacific, respectively (Fig. 3a). This represents the canonical
ENSO variance, indicating that the ENSO contributes signific-
antly to the high predictability of OHC in the tropical Pacific
Ocean than that in other ocean regions. In addition, its persist-
ence is weaker in the northern Pacific Ocean than in the south-
ern part. This leads to lower ACC skills in the northern Pacific
Ocean than in the southern part. Meanwhile, in the Atlantic
Ocean, the ACC skill is higher in the south than in the north. This
is also related to the difference in persistence between these two
regions, with higher persistence in the southern Atlantic Ocean
than in the southern part (Fig. 3b). Asymmetric ACC with respect
to the equator can be observed in the Indian Ocean, featuring
significantly lower prediction skill in the northern sector than
that in the southern counterpart (Figs 1, 3c). This is principally
because of the relatively lower persistence in the northern Indian
Ocean, which is potentially affected by monsoon systems (Shank-
ar et al., 2002).

Similar to many other atmospheric and oceanic variables (Li
and Ding, 2008, 2013), the ACC skill of the OHC also exhibits
prominent seasonal variations. Figure 4 shows the ACC skill of
the averaged OHC as a function of the target month and lead
time in different ocean areas. Overall, the seasonal variation of
the ACC skill varies with region. In the western and eastern Pa-
cific, the highest ACCs occur in the target month of winter and
spring, regardless of lead months (Figs 4a and b). This is well
consistent with the phase locking of the OHC variability in the
corresponding regions (Figs 5a and b). Meanwhile, in the north-
ern and southern Pacific Ocean, the highest ACCs occur in the
target month of July-October and January-April regardless of
lead months, respectively (Figs 4c and d), which also generally
corresponds to the phase locking of the OHC variability in these
regions (Figs 5¢ and d). In the northern and southern Indian
Ocean, the highest ACCs are also consistent with the highest vari-
ance of the OHC that appears in the target month of winter and
spring (Figs 4e and f, Figs 5e and f). The phase-locking feature re-
sembles that in the Pacific Ocean, indicating a significant correla-
tion between the Pacific and the Indian oceans. In the northern
and southern Atlantic oceans, the seasonal variation of the ACC
is also consistent with the phase-locking feature of the OHC vari-

a. Pacific Ocean
0

0.9

0.8

0.7

ACC

0.6

0.5

0.4

0.3 i " H . i . i . H .
Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sept. Oct. Nov. Dec.
Lead month

b. Indian Ocean

0.2

0.1 i 1 . 1 . L . H . .
Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sept. Oct. Nov. Dec.
Lead month

c. Atlantic Ocean
1.0

0.9

0.8

0.7

ACC

0.6

0.5

0.4

PN I S S SN S S SN S S S
Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sept. Oct. Nov. Dec.
Lead month

Fig. 3. Anomaly correlation coefficients (ACC) for the area-aver-
aged OHC in the Pacific Ocean (a), Indian Ocean (b), and At-
lantic Ocean (c). The “EP”, “WP”, “NP”, “SP”, “SI”, “NI”, “SA” and
“NA” represent the eastern tropical Pacific (10°S-10°N,
170°W-90°W), the western tropical Pacific (10°S-10°N,
120°E-180°), the northeastern subtropical Pacific (20°N-60°N,
180°-120°W), the southern Pacific (20°S-60°S, 180°-90°W), the
southern Indian Ocean (10°S-40°S, 40°E-120°E), the northern In-
dian Ocean (10°N-25°N, 50°E-110°E), the southern Atlantic
Ocean (10°S-60°S, 80°W-0°), and the northern Atlantic Ocean
(10°N-60°N, 60°W-0°), respectively.

ability in the corresponding regions (Figs 4g and h, Figs 5g and
h). The synchronization between the ACC’s seasonal variation
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Fig. 4. Anomaly correlation coefficients (ACC) of the area-averaged OHC with the lead and target months in different oceans. a. The
western tropical Pacific (10°S-10°N, 120°E-180°); b. the eastern Pacific (10°S-10°N, 170°W-90°W); c. the northern Pacific (20°N-60°N,
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and the OHC variability’s phase-locking indicate the OHC signal’s
dominant contribution to the prediction skill.

3.2 Potential predictability

Now that we have assessed the actual ability of the current
model to predict OHC variability, one may wonder if our OHC
prediction approach can be regarded as an approximation to the
intrinsic predictability limit, which can be measured using the
potential predictability metrics. Although the actual prediction
skill measures the performance of the current climate model in
predicting climate (or projecting future climate) variability
against corresponding observations, potential predictability
quantifies the upper limit of the actual skill assuming the model

is perfect, and does not use observations when quantifying it.
Figure 6 illustrates the spatial distribution of the potential correl-
ation of OHC with different lead months. Similar to the ACC skill,
the potential correlation of OHC also varies across regions and
decreases with increasing lead time. However, the decrease of
the potential correlation is significantly slower than that of the
ACC in most regions (Figs 1, 6). As potential predictability refers
to the ideal skill we could achieve, the gap between the potential
predictability and actual prediction skill is often considered as
substantial room for further improvement in current predictions.
Figure 7 shows the difference between the potential correlation
and ACC of OHC with different lead months. We notice that the
potential skill is consistently higher than the actual skill for all
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Fig. 5. Phase-locking features of the area-averaged OHC in different oceans. a. The western tropical Pacific (10°S-10°N, 120°E-180°);
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northern Atlantic Ocean (10°N-60°N, 60°W-0°); h. the southern Atlantic Ocean (10°S-60°S, 80°W-0°).

lead times. Moreover, this gap increases as the lead time extends,
indicating significant room for improvement in the prediction of
OHC, especially for long lead times. The improvement for the At-
lantic Ocean is also more urgent than the Pacific and Indian
oceans, which is regarded as a crucial driver of multiple inter-
basin interactions (Cai et al., 2019). Moreover, the Atlantic OHC
has been proposed to be related to changes in the Atlantic Meri-
dional Overturning Circulation and wind-driven circulation that
transport ocean heat globally (Robson et al., 2012; Jackson et al.,
2016; Piecuch et al., 2017; Bersch, 2002; Josey and Sinha, 2022).

4 Conclusions and discussion

OHC has been consistently recognized as a crucial potential
precursor to high-impact climate events worldwide, making it an
effective predictor of long-term climate variability. Consequently,
the predictability of OHC becomes a key objective in operational
climate forecasts, with significant implications for mitigating cli-

mate disasters. Although the predictability of SST has made
groundbreaking progress in recent decades, our understanding
of OHC predictability remains relatively deficient. Fortunately,
recently developed retrospective forecast experiments, based on
a CESM ensemble prediction system, offer an excellent oppor-
tunity to comprehensively explore OHC predictability. Our res-
ults indicate that the actual prediction skill varies across different
oceans and decreases with increasing lead time. Interestingly, the
spatial distribution of the actual prediction skill closely re-
sembles that of the corresponding prediction skill, suggesting
that the persistence of OHC serves as the primary predictive sig-
nal for its predictability.

The actual prediction skill decreases sharply in the Indian
and Atlantic oceans than in the Pacific Ocean, especially in the
tropics. In the Pacific Ocean, the actual prediction skill is higher
in the tropics than in the middle and high latitudes, with the
highest and relatively high skills observed in the tropical western
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Fig. 7. Difference between the potential correlation and the anomaly correlation coefficients of OHC with lead month.

and eastern Pacific due to the influence of ENSO. In addition, the
higher persistence of OHC in the southern Pacific Ocean contrib-
utes to higher actual prediction skills in this region than in the
northern part. However, the situation in the Indian and Atlantic
oceans differs significantly, with higher actual prediction skills in
the middle and high latitudes than in the tropics. Similarly, the
higher persistence of OHC in the southern Indian Ocean and At-
lantic Ocean also contributes to higher actual prediction skills in
these regions than in their northern part. Moreover, significant
seasonal variations in the actual prediction skills are observed in
different oceans, which agree well with the corresponding phase
locking of the OHC variability. This further indicates that the
OHC signal plays a dominant role in the prediction skill.

The potential predictability of OHC is generally higher than
the actual prediction skill in all lead times, indicating significant
room for improvement in the existing OHC predictions, espe-
cially for the Atlantic Ocean and long lead times. Achieving such
improvement requires a collaborative effort to enhance the qual-
ity of ocean observations, develop effective data assimilation
methods, and minimize model bias. Furthermore, understand-
ing the interdecadal variation of predictability is crucial for com-
prehending the interdecadal variability of high-impact climate
events. A related study addressing this aspect is currently under-
way.
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