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A B S T R A C T

In recent years, the frequent occurrence of marine heatwaves (MHWs) has affected the ecological environment 
and caused considerable socioeconomic impact. Consequently, MHWs prediction has received increasing 
attention. This study aims to evaluate the short-term (months to interannual timescales) MHWs prediction skill of 
the First Institute of Oceanography-Climate Prediction System version 2.0 (FIO-CPS v2.0) by using three sta
tistical metrics including symmetric extremal dependence index (SEDI), forecast accuracy (FA), and Brier skill 
score (BSS). The results revealed that FIO-CPS v2.0 can better predict MHWs in tropical regions, especially in the 
tropical central and eastern Pacific Ocean, in which the SEDI, FA, and BSS values reached 0.73, 0.92, and 0.27 at 
the 1-month lead time, respectively. However, the MHWs prediction ability of FIO-CPS v2.0 has spring prediction 
barriers owing to the driving factors of ENSO. Moreover, further analysis revealed a definite relationship between 
the ability to predict MHWs and the ability to predict MHWs duration. The prediction skill of FIO-CPS v2.0 
appears to be better for long-duration MHWs than for short-duration MHWs. Under the influence of global 
warming, FIO-CPS v2.0 can reproduce the increase in MHWs duration observed in recent years, and the pre
diction skill of some regions has been relatively high in the last 15 years. This study deepens the understanding of 
the prediction ability of FIO-CPS v2.0, and provides an important reference for the application of short-term 
prediction of MHWs.

1. Introduction

Marine heatwaves (MHWs) are episodes of extreme ocean warming 
that can persist for days, weeks, or months (Hobday et al., 2016). Oc
currences of such events can severely affect the marine ecosystem and 
the development of fisheries (Smale et al., 2019; Smith et al., 2023; 
Kajtar et al., 2024) with consequential socioeconomic impacts (Smith 
et al., 2021). Recently, MHWs have become more common, and the 
global average MHWs durations have increased compared to those in the 
20th century (Oliver et al., 2018). Under the influence of global 
warming, the ocean temperature will continue to rise, and the duration, 
intensity, and area of MHWs will continue to increase (Frölicher et al., 
2018; Oliver et al., 2019; Darmaraki et al., 2019). Increasing anthro
pogenic forcings are important factors of MHWs, for example, 

greenhouse gases lead to longer-lasting, more frequent, and intense 
MHWs (Ren et al., 2024). Therefore, a better understanding of the 
physical mechanisms underlying the occurrence and maintenance of 
MHWs, and improving MHWs prediction are urgently needed (Frölicher 
and Laufkötter, 2018; Hartog et al., 2023).

Short-term climate prediction, which is known as seasonal fore
casting, usually refers to predicting the mean value and variability of 
meteorological or oceanic variables on monthly to interannual time 
scales (Dool, 2006; Song et al., 2021). Traditional short-term climate 
prediction methods include statistical methods and dynamic methods. 
Statistical methods, such as regression analysis (Mudelsee, 2019), ca
nonical correlation analysis (He and Barnston, 1996), and statistical 
state-space models (Chen et al., 2019), typically use historical data to 
discover trends in predictor variables. Dynamic methods are based 
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mainly on numerical models and data assimilation systems, and pre
dictions are made by simulating changes and interactions among 
different climatic spheres. With a deeper understanding of physical 
processes and the development of science and technology, 
dynamic-based short-term climate prediction systems have progressed 
considerably and become the main tool for short-term climate prediction 
(Johnson et al., 2019; Song et al., 2021).

MHWs are closely related to the sea surface temperature (SST). 
Therefore, short-term climatic prediction of MHWs can be considered a 
byproduct of short-term climate prediction of SST (Jacox et al., 2022). 
Many studies have investigated the prediction of MHWs based on 
short-term climate prediction systems (Spillman et al., 2021; Jacox 
et al., 2022; McAdam et al., 2023; de Boisséson and Balmaseda, 2024; 
Ma et al., 2024). The results revealed that MHWs prediction ability ex
hibits notable regional differences, with the best performance in the 
tropical central and eastern Pacific Ocean. Moreover, it has been 
demonstrated that the monthly data output of short-term climate pre
diction systems can meet the needs of MHWs prediction (Jacox et al., 
2022).

The short-term climate prediction system of the First Institute of 
Oceanography–Climate Prediction System version 2.0 (FIO-CPS v2.0) is 
a seasonal prediction system known to perform well in the prediction of 
SST, El Niño–Southern Oscillation (ENSO), and 2-m air temperature 
(Song et al., 2021; Fu et al., 2023); however, its ability to predict MHWs 
remains unclear. This study evaluated the ability of FIO-CPS v2.0 to 
predict MHWs and analyzed the prediction bias, thereby providing a 
basis for further improvement of the prediction ability of the system. 
Section 2 introduces the model, data, and methods used in this study. 
Section 3 analyzes the MHWs prediction ability of FIO-CPS v2.0, with 
assessment results presented in Section 3.1 and a discussion provided in 
Section 3.2. Finally, Section 4 presents the conclusions of this study.

2. Data and methods

2.1. FIO-CPS v2.0

FIO-CPS v2.0 comprises an assimilation module that uses the 
nudging method to assimilate SST data and the climate model named 
FIO-ESM v2.0 (First Institute of Oceanography-Earth System Model 
version 2.0), which features coupled ocean surface waves and considers 
unique physical processes such as wave-induced mixing, Stokes drift, sea 
spray, and diurnal variations in SST (Bao et al., 2020).

For the period 1948–1981, the data assimilated by FIO-CPS v2.0 
comprised the Centennial in situ Observation-Based Estimates of daily 
SST with 1◦ × 1◦ resolution (Hirahara et al., 2014). Since 1982, the daily 
Optimum Interpolation SST (OISST) v2.1 data with 0.25◦ × 0.25◦ res
olution have been assimilated (Banzon et al., 2020).

Each FIO-CPS v2.0 prediction provides results for the subsequent 13 
months and contains 10 ensemble members. This study used global 
monthly prediction SST data for 1991–2024, with a 1.1◦ × (0.27–0.54◦) 
resolution. For convenience of comparison, the data were interpolated 
to the 1◦ × 1◦ resolution.

2.2. OISST v2.1

OISST v2.1 is a dataset released by NOAA, which is based on the 
optimal interpolation method. In this study, OISST v2.1 monthly SST 
data were used to determine the observation results of MHWs. The 
period of 1991–2024 was selected to be the same as that of FIO-CPS 
v2.0, and the data were also interpolated to the 1◦ × 1◦ resolution. 
The URL for downloading the data is as follows: https://psl.noaa.gov/da 
ta/gridded/data.noaa.oisst.v2.highres.html.

2.3. Methods for determining MHWs

To determine the MHWs, this study used the method proposed by 

Hobday et al. (2016), which was adjusted for monthly data (Jacox et al., 
2020). First, SST anomalies were calculated based on the monthly 
climatology for 1991–2024. Second, the MHWs threshold for each 
month was selected based on the 90th percentile of the SST anomaly for 
3 consecutive months. For example, for March, the MHWs threshold is 
the 90th percentile SST anomaly of ten ensemble members from 
February-March-April in 1991–2024. Finally, the SST anomalies were 
compared with their respective thresholds, and the SST anomalies were 
converted into a binary time series of occurrence and nonoccurrence of 
MHWs. Therefore, there are four possible predictions: true positive (TP), 
when MHWs are predicted and do occur; false positive (FP), when 
MHWs are predicted but do not occur; false negative (FN), when MHWs 
are not predicted but do occur; and true negative (TN), when MHWs are 
not predicted and do not occur. Additionally, the prediction probability, 
ranging from 0 to 1, is the proportion of ensemble members predicting a 
MHWs, which is taken as the average of the binary time series (MHWs 
occurrence is 1, MHWs nonoccurrence is 0) from all ensemble members. 
Notably, this method can only predict the occurrence, duration, and 
intensity of MHWs on a scale longer than a month.

2.4. Prediction reference baseline

For the evaluation criteria of prediction ability, we used random 
prediction and persistence prediction as reference baselines.

2.4.1. Random prediction
Random prediction uses statistics and probability theory, in combi

nation with historical data and current observational data, to predict the 
future state of atmospheric and oceanic systems. For an asymptotically 
fair evaluation indicator, the expected value represents the random 
prediction (Gandin and Murphy, 1992): 

MHWsran = f(x1, x2, • • •, xn) (1) 

where MHWsran is the MHWs random prediction, x1, x2, …, xn are the 
different data sources, and f is a variety of statistical and probabilistic 
methods.

2.4.2. Persistence prediction
Persistence prediction uses the situation in the current month as the 

prediction result (Knaff and Landsea, 1997). The duration of MHWs is an 
important factor affecting prediction. Persistence prediction has a clear 
advantage in simulating MHWs with long duration. For example, studies 
have shown that the result of persistence prediction within a 3-month 
lead time is better than that of most prediction strategies (Barnston 
et al., 1994; Latif et al., 1998; Goddard et al., 2001), and some earlier 
studies have used persistence prediction as a reference prediction 
(Mason and Mimmack, 2002; Jacox et al., 2019b): 

MHWsper(i, t) = MHWsobs(i − t) (2) 

where MHWsper is the MHWs persistence prediction, MHWsobs is the 
MHWs observation, t is the lead time from 1 month to 13 months, and i is 
the time series.

2.5. Statistical indicators for prediction skill assessment

This study used the symmetric extremal dependence index (SEDI), 
forecast accuracy (FA), and Brier skill score (BSS) (Brier, 1950; Jacox 
et al., 2022; Sun et al., 2023) to evaluate the accuracy and probability of 
MHWs produced by FIO-CPS v2.0. These three indicators can better 
reflect the assessment of extreme events than traditional indicators.

2.5.1. SEDI
SEDI is an important indicator used to assess the prediction ability of 

extreme climate events, and it has the characteristics of nondegenerate, 
base rate independence, asymptotic fairness, and difficulty hedging 
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(Ferro and Stephenson, 2011). To calculate the SEDI, the hit rate (H) and 
the false alarm rate (F) are first determined, where H is the proportion of 
the predicted MHWs in occurrence (Eq. (3)) and F is the proportion of 
the predicted MHWs in nonoccurrence (Eq. (4)): 

H =
TP

TP + FN
(3) 

F =
FP

FP + TN
(4) 

SEDI =
log(F) − log(H) − log(1 − F) + log(1 − H)

log(F) + log(H) + log(1 − F) + log(1 − H)
(5) 

SEDI can be calculated using H and F (Eq. (5)). The range of SEDI 
values is [− 1, 1]. A value of SEDI that is higher (lower) than 0 indicates 
that the prediction ability is better (lower) than that of random 
prediction.

2.5.2. FA
FA assesses the correct part of the prediction such that the prediction 

ability is presented as a percentage: 

FA =
TP + TN

TP + FP + FN + TN
(6) 

In this study, MHWs were considered events with a 10% probability of 
occurrence, and an expected FA of 0.82. Therefore, a value of FA higher 
(lower) than 0.82 indicates that the prediction ability is better (lower) 
than that of random prediction.

2.5.3. BSS
BSS mainly evaluates the prediction probability. BSS is calculated 

using the Brier score (BrS), which is an estimate of the mean square error 
of the prediction probability: 

BrS =
1
N

∑N

i=1
(fi − οi)

2 (7) 

where fi is the predicted probability of FIO-CPS v2.0 and oi is a binary 
variable of the observational data. BrS is then normalized relative to the 
reference prediction (BrSref). BrSref is the time series mean of prediction 
probability, which is close to 0.1. The BSS can be expressed as follows: 

BSS = 1 −
BrS

BrSref
(8) 

BSS is an assessment indicator based on the prediction probability 
that can explain the difference between the predicted results and 
observed results. BSS is very sensitive to prediction bias, and it can 
capture the effects of prediction bias and uncertainty. The range of the 
BSS is [− ∞, 1]. A BSS value higher (lower) than 0 indicates that the 
prediction ability is better (lower) than that of random prediction.

3. Results and Discussions

3.1. Evaluation of MHWs prediction ability

Fig. 1 shows the spatial distributions of the three evaluation in
dicators. Generally, the MHWs prediction ability of FIO-CPS v2.0 shows 
considerable regional differences, being better in the tropics and poorer 
in the regions of the western boundary currents and the Southern Ocean. 
However, the prediction ability indicated by both the SEDI (Fig. 1a, d, 
and g) and FA (Fig. 1b, e, and h) is better than that indicated by the BSS 
(Fig. 1c, f, and i) because the responses of the indicators to prediction 
bias are different. According to the statistical results, the number of TNs 
is large compared with that of the other three events, resulting in higher 
values of the SEDI and FA. In contrast, TN has a lesser effect on the BSS, 
meaning that the ability of the BSS to indicate the deviation is stronger.

For the tropical central and eastern Pacific Ocean, the SEDI, FA, and 
BSS values at a 1-month lead time reach 0.73, 0.92, and 0.27, respec
tively, and decrease with increasing lead time. For extratropical regions, 
although the SEDI and FA values decrease as the lead time increases, the 
BSS does not diminish with increasing lead time. At the 1-month lead 
time, the areas where the BSS indicates prediction ability that is worse 

Fig. 1. Spatial distribution of indicators for assessing the ability of the FIO-CPS v2.0 to predict MHWs. (a, d, g) Spatial distribution of the SEDI. The gray solid line 
indicates that the MHWs prediction of FIO-CPS v2.0 is comparable to that of random prediction, and the value is 0. (b, e, h) Spatial distribution of the FA. The value of 
the gray solid line is 0.82. (c, f, i) Spatial distribution of the BSS. The value of the gray solid line is 0. (a–c) 1-month lead time, (d–f) 5-month lead time, and (g–i) 9- 
month lead time.
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than that of random prediction are the most common among all lead 
times, and the prediction deviation is the most obvious in western 
boundary currents and Southern Ocean regions. This might be due to the 
large degree of dispersion of the prediction probability at short lead 
times, which leads to a greater BrS and a smaller BSS. However, this does 
not mean that the prediction ability is better at long lead times.

To further analyze the MHWs prediction bias of FIO-CPS v2.0 at short 
lead times, we introduced the persistence prediction as the reference 
prediction baseline. Because the observational data (OISST v2.1) cannot 
reflect the prediction probability, the BSS of the persistence prediction 
cannot be calculated. Therefore, we calculated only the SEDI and FA 
scores of the persistence prediction for comparison with those of FIO- 
CPS v2.0. Owing to the presence of permanent or seasonal sea ice at 
high latitudes, only regional averages of 60◦S–60◦N were used to 
analyze the changes in the assessment indicators globally (Fig. 2a–c). At 
short lead time, the SEDI values of FIO-CPS v2.0 are lower than those of 
the persistence prediction, which is consistent with the trend of the BSS. 
The FA of FIO-CPS v2.0 are lower than those of the persistence at all lead 
times in the region of 60◦S-60◦N. The BSS is relatively poor at short lead 
times. In fact, for short lead times, the prediction ability of FIO-CPS v2.0 
is lower than that of the persistence prediction, especially in extra
tropical regions; however, in the tropics, the prediction ability of FIO- 
CPS v2.0 is equivalent to or better than that of the persistence 

prediction. The BSS corresponding to those areas is better than the 
random prediction ability, e.g., the tropical central and eastern Pacific 
Ocean (20◦S–20◦N, 80◦–180◦W; Fig. 2f), the tropical Indian Ocean 
(20◦S–20◦N, 60◦–90◦E; Fig. 2i), and the tropical Atlantic Ocean 
(20◦S–20◦N, 0◦–60◦W; Fig. 2l).

The MHWs prediction ability was analyzed from the perspective of 
target months. Because MHWs are extreme climatic events and the total 
number of MHWs is limited, when analyzing the MHWs prediction 
ability in target months, limiting the number of MHWs in each month 
will lead to a lower SEDI value, a larger FA value, and a BSS tending 
toward negative infinity. In comparison, the variation range of the FA is 
small, and there are some meaningless BSS values. Therefore, the SEDI 
can better show the relationship between the prediction ability and the 
target months. Globally (Fig. 3a), the SEDI is less than 0 at most lead 
times, and it is better than the random prediction only at 1- and 2-month 
lead times. Indeed, the result for extratropical regions is better than 
random prediction only at 1-month lead time. Over the tropical central 
and eastern Pacific Ocean (Fig. 3b), the SEDI is relatively poor in 
reflecting the ability to predict MHWs between May and July, and the 
poor prediction ability gradually extends to later months with increasing 
lead times. This trend is similar to the results of SST in the ENSO region 
(Song et al., 2021). These findings indicate that MHWs prediction has 
spring prediction barriers, and that ENSO might be an important driving 

Fig. 2. Changes in the regional mean of the assessment indicators with lead time: (a–c) global mean of the assessment indicators, (d–f) regional mean of the tropical 
central and eastern Pacific Ocean, (g–i) regional mean of the tropical Indian Ocean, and (j–l) regional mean of the tropical Atlantic Ocean. Red solid line is the result 
of FIO-CPS v2.0, and blue solid line is the result of the persistence prediction.
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factor of MHWs.

3.2. Discussions on MHWs prediction ability

The assessment results show substantial regional differences in the 
MHWs prediction ability of FIO-CPS v2.0, which are better in the tropics 
and poorer in extratropical regions. In fact, the prediction skill is related 
to the characteristics of MHWs. We found that the spatial distributions of 
the MHWs annual frequency (Fig. 4a, d, and g) and annual mean 
duration (Fig. 4b, e, and h) are similar to those of the MHWs prediction 
ability. The annual frequency, the number of MHWs occurrences per 
year, calculated from the monthly data is less than that calculated from 
the daily data. The duration, the time between the start month and the 
end month of the MHWs, estimated from the monthly data is greater 
than that of the daily data, because MHWs with duration of less than 1 

month are either ignored or determined to have duration of 1 month. 
However, the spatial distributions of the monthly data are similar to 
those of the daily data. The frequency of MHWs in the tropics is low, and 
their duration is long (Oliver et al., 2018; Holbrook et al., 2020), 
particularly in the tropical central and eastern Pacific Ocean. With a 
1-month lead time, the frequency reaches 0.3, and the duration reaches 
5 months, indicating that this type of MHWs has the highest prediction 
ability (Jacox et al., 2022). The prediction ability of FIO-CPS v2.0 is also 
the best with a 1-month lead time. In areas with poor prediction ability, 
particularly in the region of western boundary currents and the Southern 
Ocean, MHWs are high in frequency and short in duration. High-energy, 
complex, and changeable ocean currents increase the difficulty of MHWs 
prediction (Holbrook et al., 2019; Jacox et al., 2020). For the annual 
mean intensity of MHWs (Fig. 4c, f, and i), in the tropics, the ability to 
predict high-intensity MHWs in the tropical central and eastern Pacific 

Fig. 3. Relationships among prediction ability, lead time, and target month: (a) global mean (60◦S–60◦N) and (b) regional mean for the tropical central and eastern 
Pacific Ocean (20◦S–20◦N, 80◦–180◦W).

Fig. 4. Spatial distributions of the annual frequency, annual mean duration, and annual mean intensity of MHWs simulated by FIO-CPS v2.0: (a, d, g) annual 
frequency of MHWs, (b, e, h) mean duration of MHWs, and (c, f, i) mean intensity of MHWs. (a–c) 1-month lead time, (d–f) 5-month lead time, and (g–i) 9-month lead 
time. The R value is the Pearson correlation coefficient between FIO-CPS v2.0 and the observational data between 60◦S and 60◦N.
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Ocean is better than that of minor-intensity MHWs in the tropical Indian 
Ocean and the tropical Atlantic Ocean. High-intensity MHWs indicate 
greater chances of long-duration MHWs, however, for regions with 
complex and variable influencing factors, such as the western boundary 
current, high-intensity MHWs will increase the difficulty of prediction. 
Therefore, high intensity is a necessary condition for a long duration. In 
addition, the Atlantic meridional overturning circulation (AMOC) is an 
important factor that contributes to the spatial distribution of MHWs 
properties. A weaken AMOC leads to higher intensity and annual fre
quency in the south of Greenland (Ren and Liu, 2021). The above 
analysis reveals that the prediction ability of MHWs has a corresponding 
relationship with their frequency and duration, and that FIO-CPS v2.0 
has greater prediction ability for MHWs with low frequency and long 
duration.

As the lead time increases, the frequency of MHWs increases 
(Fig. 5b), and the duration decreases (Fig. 5c). This can explain the 
diminished prediction ability in the tropics, but not the poor prediction 
ability at short lead times in extratropical regions. Further analysis re
veals that the dispersion degree of the prediction probability is exces
sively large at a 1-month lead time (bars in Fig. 6). As the lead time 
increases, the dispersion degree of the prediction probability decreases 
(not shown), resulting in the BrS smaller, which in turn leads to a larger 
BSS. However, this does not mean that the prediction ability is better at 
long lead times. In fact, the MHWs characteristics simulated by FIO-CPS 
v2.0 are strongly correlated with the observational data at short lead 
times (Fig. 4). Owing to the high frequency and short duration of MHWs, 
the prediction bias of FIO-CPS v2.0 is substantial in extratropical 
regions.

Prediction skills of the frequency, duration, and intensity of MHWs 
depend on the simulation ability of the driving factors (Jacox et al., 
2019b). For example, in the tropical central and eastern Pacific Ocean 
(Fig. 6a), the FIO-CPS v2.0 predicts two MHWs from 1997 to 1998 and 
2015 to 2016 with a duration of 9 and 10 months, respectively. These 
events are accompanied by two high-intensity El Niño events, whereas 
other short-duration MHWs are accompanied by lower-intensity El Niño 
events, and the prediction deviations occur mainly in relatively 
short-duration MHWs. Therefore, the MHWs prediction ability in this 
region depends mainly on the ENSO prediction ability. However, as the 
lead time increases, the prediction ability of ENSO decreases, leading to 
an increase in the prediction bias of MHWs. For the other four locations, 
under the influence of global warming, we found that the duration of 
MHWs in the last 15 years becomes longer. And the statistical results 
show that the mean duration of MHWs after 2010 is greater than that 
before 2010. In the tropical Indian Ocean (Fig. 6b), the SEDI is relatively 
large after 2010 on the basis of the calculations; therefore, the prediction 
deviations appear mainly during the short-duration MHWs before 2010. 
In the tropical Atlantic Ocean (Fig. 6c), the SEDI is slightly larger after 
2010, and FIO-CPS v2.0 is accurate in predicting several long-duration 
MHWs after 2010. In the northeastern Pacific Ocean (Fig. 6d), 
FIO-CPS v2.0 predicts MHWs that occur mainly during the positive 
phase of the Pacific Decadal Oscillation. Among them, the 2013–2016 
MHWs, known as “the Blob”, produced several consecutive long MHWs 
in the northeastern Pacific Ocean, and its central location and driving 
factors have changed. As the center of “the Blob” moved toward the 
coast (Amaya et al., 2016), the driving factors includes air-sea heat flux 
anomalies, wind drivers and so on (Bond et al., 2015; Di Lorenzo and 

Fig. 5. Lead time series of the frequency and duration of MHWs at five locations: (a) SEDI at 1-month lead time, (b) lead time series of the annual mean frequency of 
MHWs, and (c) lead time series of the annual mean duration of MHWs. The five locations are the tropical central and eastern Pacific Ocean (blue circle and line), 
tropical Indian Ocean (orange circle and line), tropical Atlantic Ocean (yellow circle and line), Northeast Pacific Ocean (purple circle and line), and Tasman Sea 
(green circle and line). Black lines in (b) and (c) are the global spatial mean (60◦S–60◦N).
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Mantua, 2016; Hu et al., 2017). Large-scale climate modes, such as the 
ENSO and pacific decadal oscillation (PDO), also have significant im
pacts (Jacox et al., 2019a; Ren et al., 2023). FIO-CPS v2.0 successfully 
predicts “the Blob” with long durations, but there are deviations in time 
and space. Additionally, in the Tasman Sea (Fig. 6e), FIO-CPS v2.0 
predicts MHWs caused by ocean heat transport during 2015–2016 
(Oliver et al., 2017) and MHWs caused by air‒sea heat flux during 
2017–2018 (Perkins-Kirkpatrick et al., 2019; Kajtar et al., 2022). Simi
larly, for these two locations, the duration of MHWs increased after 
2010, which might be related to the effect of global warming (Kajtar 
et al., 2021), and the SEDI was also relatively large after 2010, so the 
prediction ability of FIO-CPS v2.0 was more accurate in the later period 
than in the earlier period. In the five locations, the FIO-CPS v2.0 is more 
accurate in predicting long-duration MHWs. Generally, the duration of 
MHWs is increasing under the influence of global warming, and the 
MHWs prediction ability of FIO-CPS v2.0 can provide an important 
research basis.

4. Conclusions

This study evaluated MHWs prediction by the FIO-CPS v2.0 short- 
term climate prediction system across different regions, varying lead 
times, and different target months. The results indicate that the MHWs 
prediction skill of FIO-CPS v2.0 has significant regional differences, 
which are higher in tropical regions and lower in extratropical regions. 
This regional difference is attributable to the low frequency and long 
duration of MHWs in the tropics, particularly in the tropical central and 
eastern Pacific Ocean. In extratropical regions, the prediction deviation 
of FIO-CPS v2.0 occurs mainly during short-duration MHWs. Under the 

influence of global warming, FIO-CPS v2.0 can reproduce the increase in 
MHWs duration observed in recent years, and the prediction skill of 
some regions is relatively high in the last 15 years. Additionally, we 
found that the MHWs prediction ability also has spring prediction bar
rier, similar to the ENSO prediction, which indicates that ENSO in
fluences MHWs in the tropical central and eastern Pacific directly, and 
other regions through teleconnection.

In this study, monthly data was used for the analysis of MHWs pre
diction by FIO-CPS v2.0. There are a large number of MHWs with du
rations of less than 1 month, and these signals may be ignored in 
monthly data. Furthermore, future work should benefit greatly by using 
high resolution model for MHWs prediction because the ocean current 
energy in the regions of the western boundary currents and Southern 
Ocean is very important.
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