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Abstract: Seven extreme marine heatwave (MHW) events that occurred in the central-
eastern tropical Pacific over the past four decades are divided into high-(MHW#1 and
#2), moderate-(MHW#3-5), and low-predictive (MHW#6 and #7) categories based on
the accuracy of the 30-60d forecast by the Nanjing University of Information Science
and Technology Climate Forecast System (NUIST CFS1.1). By focusing on high- and
low-predictive MHWSs, we found that metrics indicative of strong and severe warming
(5> 2 and S > 3, where S is MHW severity index) pose greater challenges for accurate
forecasting, with the biggest disparity observed for S > 2. All events are intertwined with
the El Nifio-Southern Oscillation (ENSO), yet a robust ENSO forecast does not guarantee
a good MHW forecast. Heat budget analysis within the surface mixed layer during the
rapid warming periods revealed that the moderate and severe warming in MHW#1, #2,
#6 are primarily caused by heat convergence due to advection (Adv), whereas MHW#7
is mainly driven by air—sea heat flux into the sea surface (Q). The NUIST CFS1.1 model
better captures Adv than Q. High-predictive events exhibit a greater contribution from
Adyv, especially the zonal component associated with the zonal gradient of sea surface
temperature anomalies, which may explain their higher sub-seasonal forecast skills.

Keywords: extreme marine heatwave; central-eastern tropical pacific; NUIST CFS1.1
model; 30-60 day forecasts; influencing factors; heat convergence due to advection

1. Introduction

Marine heatwaves (MHWs) are defined as prolonged discrete anomalously extreme
warm water events, characterized by the sea surface temperature (SST) typically exceeding
the 90th, 95th, or 98th percentile of a fixed baseline period [1]. MHWSs can have devastating
and long-term impacts on ecosystems as well as political and socio-economic systems [2-6].
Amidst the ongoing global warming trends, MHWSs have been observed with increasing
frequency, intensity, spatial extent, and annual duration [7-11]. Hence, a better understand-
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ing of the spatiotemporal features, underlying dynamic drivers of MHWSs, and improving
prediction skills of MHWs at a longer time lead is of increasing importance [12-14].

The drivers and mechanisms of MHWs are intricate and multifarious, ranging from
local oceanic and atmospheric processes to remote processes via teleconnections [15-18],
which are briefly described as follows:

(i) Local oceanic processes that contribute to MHWSs encompass enhanced horizontal
heat advection [19], weakened boundary currents [20], and favorable mesoscale
eddies [21,22]. Notably, horizontal upper ocean heat convergence is often responsible
for the start of most MHWSs [23]. The warm water forcing via anomalous ocean
circulation was the predominant oceanic pattern during MHWs [21]. Furthermore,
persistent MHWSs are more intense and frequent in tropical eastern and western
boundary currents [16,22,24].

(ii) Numerous prominent and impactful MHWSs have been linked to atmospheric forcing,
which brings anomalously strong heat fluxes from the atmosphere into the ocean.
Examples include the 2012 MHW in the Northwest Atlantic [25], the 2015/16 summer
MHW around tropical Australia [26], the 2017-2018 Tasman Sea MHW [27], the 2019-
2020 Northeast Pacific MHW [28], and the 2020 Great Barrier Reef and Coral Sea
MHW [12]. Notably, air-sea heat fluxes drove the majority of MHWs in the Tasman
Sea from 1993 to 2021 [29,30]. These events tend to occur during summer or in tropical
regions, particularly in the eastern South Pacific [23,26,31-33].

(iii) Climate variations also play a pivotal role in modulating the occurrence of MHWs.
It is noteworthy that the El Nifio-Southern Oscillation (ENSO), the largest global
driver of MHWs, can amplify the intensity, duration, and spatial extent of MHWSs on
interannual and shorter timescales [34,35]. Two-thirds of recorded MHWs occurring
in the tropical Pacific are associated with El Nifio events. Warm SSTs in the eastern
equatorial Pacific and anomalous changes in the Indian Ocean Dipole (IOD) during
El Nifio could further facilitate MHW occurrence [22,36]. On longer timescales, the
Pacific Decadal Oscillation has been found to modulate the frequency and intensity of
El Nifio events, thereby influencing the tropical MHWs s [37].

Recent research indicates that developing forecast models excel at resolving the phys-
ical nonlinearities of the system and demonstrate robust forecast skills for MHWSs at
seasonal timescales [38-42]. However, sub-seasonal forecasting remains a bottleneck in
seamless forecast systems and necessitates further advancements. Given its significance
for improved marine management and decision making, sub-seasonal MHW forecasting
is gaining prominence [14,29,43]. For example, in [12], the researchers found that the
ACCESS-51 prediction system could capture the area extent and intensity of MHWs during
their development phase up to 1-2 weeks in advance, but underestimated the spatial extent
and failed to predict their termination. Moreover, based on the NUIST CFS1.1 model (latest
version of the Nanjing University of Information Science and Technology Climate Forecast
System) [44-48], the sub-seasonal forecast skill evaluation of seven extreme MHWs in the
central and eastern tropical Pacific indicates that the index, which is defined as the spatial
integral of SST anomalies over area with largest contiguous MHW with moderate warming
that intersects the region (hereinafter referred to as Is.1), is predictable at sub-seasonal
timescales. While the model struggles to capture indices related to extreme warming and
the onset date of MHW [49]. Nevertheless, MHW forecasts exhibit skillful performance on
seasonal to annual timescales, particularly in tropical oceans. Specifically, the forecast skill
for MHWs over the tropical Pacific Ocean remains high at lead times of 1-24 months [50].

Based on the seven extreme MHWs selected in the central-eastern tropical Pacific [48],
this study verifies the sub-seasonal forecast skills across these MHW events and then
explores the probable cause of the variation in forecast skills. Focusing on the MHWsS,
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especially with the best and worst sub-seasonal forecast skills, we investigate both the
tropical background SST during MHW occurrence and the local processes within the
mixed layer during the rapid warming period of MHW event, and then we endeavor
to ascertain the primary factors contributing to the disparities in sub-seasonal forecast
accuracy among the selected MHWSs using the NUIST CFS1.1 model. Section 2 outlines the
data and methods. Section 3 commences with a thorough analysis of the spatiotemporal
characteristics of moderate, strong, and severe warming, contrasting the MHWSs with best
and worst sub-seasonal forecast skills. Then, we examine the prediction skills of ENSO to
uncover its potential influence on the sub-seasonal predictability of extreme MHWs. Finally,
we evaluate the relative significance of local oceanic and atmospheric processes in driving
MHWs with varying prediction skills via a heat budget analysis within the surface mixed
layer. The results of this study are anticipated to shed light on the physical mechanisms
crucial for enhancing the sub-seasonal forecasting capabilities of extreme MHWs in the
central-eastern tropical Pacific region.

2. Materials and Methods

The daily National Oceanic and Atmospheric Administration (NOAA, in Washington,
DC, USA) Optimum Interpolation Sea Surface Temperature V2 data (NOAA OISSTV2, here-
inafter referred to as OISST) are used as the observational data of the sea surface temperature
(SST) to calculate the metrics of MHW, as shown in Table 1. This is based on in situ data
received through the Global Telecommunication System and satellite-derived SST from the
Advanced Very High-Resolution Radiometer (AVHRR), and then interpolated to a high spa-
tial resolution of 0.25° (https://psl.noaa.gov/data/gridded/data.noaa.oisst.v2.highres.html,
accessed on 21 February 2025) [51-54].

Table 1. Metrics of MHW.

Type Name Implication Units
Proportion of region in MHW conditions with moderate
Pss1 (Pss2, Pss3) (strgn 5 : Yo
g, severe) warming.
Spatial integral of SST anomalies over area with largest
Metrics of MHW Issq (Iss2, Iss3) contiguous MHW with moderate (strong, severe) °C Mkm?

warming that intersects the region.

Total days of each grid reaching the standard of moderate

D D D L .
5>1 (Ds>2, Ds>3) (strong, severe) warming in the region.

Additionally, variables included in Equations (5)—(9), such as SST, net downward heat
flux (Qnet), mixed layer depth (h), meridional velocity (v), and zonal velocity (u), are de-
rived from Ocean Reanalysis System 5 global ocean reanalysis monthly mean data (ORAS5),
prepared by the European Centre (in the Bracknell, UK) for Medium-Range Weather
Forecasts (https://cds.climate.copernicus.eu/datasets /reanalysis-oras5?tab=overview, ac-
cessed on 21 February 2025). ORASS, renowned for its high resolution in tropical regions
and its consistency with OISST, is deemed reliable for quantifying the contribution of indi-
vidual terms in the heat budget equation [55-57]. Consequently, both OISST and ORAS5
data are interpolated to a 1.125° x 1.125° grid to align with the resolution of the NUIST
CFS1.1 model outputs. The relatively low spatial resolution guarantees the model forecast-
ing efficiency but may limit the accuracy of MHW selection and estimation to some degree.
The global model simulations forced by higher-resolution reanalysis could reproduce more
realistic results in the frequency and duration of global MHWs [58].

The sub-seasonal forecasted SST is derived from the NUIST CFS1.1 model, which
incorporates sophisticated nudging coefficients for SST and atmospheric variables, along
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with intricate model coupling schemes addressing the influence of surface ocean cur-
rents on wind stress calculations [48,49,59]. There are three SST nudging coefficients and
two sets of atmosphere nudging coefficients for divergence, vorticity, temperature, and
surface pressure in the initialization and three model coupling schemes for the effects of
surface ocean currents on the wind stress calculation. These nudging coefficients refine
the initial conditions every few hours, ensuring a robust initialization process [45,46,48,49].
The forecasts are initialized on the first day of every month in each year and run out to
2 months, with ensemble mean forecasts from 18 members, spanning 30-60 days in advance,
combined to construct continuous daily SST time series for each grid point. This approach
facilitates the calculation of SST climatology and the 90th percentile SST over the period
1983-2012. The sub-seasonal forecast variables included in Equations (5)—(9), such as SST,
net downward heat flux (Qyt), mixed layer depth (1), meridional velocity (v), and zonal
velocity (1), are derived from the NUIST CFS1.1 model’s monthly outputs. Similarly, the
forecasts are also initialized on the first day of every month in each year and run out to
2 months, with 18 members, and the monthly forecasts are constructed into continuous
monthly time series for variables for each grid point.

2.1. Metrics of MHW Events
The observed MHW severity index (S) is calculated as follows:
SST; — SSTEA™
SST{ o — SSTChm

1)

where SSTiC,Iém is the long-term daily mean SST on the dth day of the year at location i,
SSngth is the 90th SST on the dth day of the year at location i. A moving 11-day window is
used to provide a robust 90th SST estimate [1,38,60]. Note that the SSTiC}Cilm and SST?%th in
this study are derived from the period 1983-2012, in order to maintain consistency with
previous studies [49,53]. An MHW event according to the observed MHW severity index is
commonly divided into four categories: moderate (1 < S < 2), strong (2 < S < 3), severe
(3 < S <4), and extreme (4 < S < 5), which are abbreviated asS>1,5>2,S > 3, and
S >4, respectively [53,60]. By scrutinizing various indices commonly employed to detect
MHWs [49,53], scientists found that the combined temporal evolutions of Is. 1, Iss, and
Is.3 indices (shown in Table 1) best capture the moderate warming processes. These indices
exhibit similar characteristics to the proportion of grid points reaching the standard of
5>1,5>2,and S > 3 (Pss1, Pss2, and Ps.3 index, shown in Table 1), respectively, during
MHW events. Furthermore, Dg.1, Ds.», and Ds.3 indices (shown in Table 1) are selected
to illustrate the spatial characteristics of each MHW event by quantifying the total days
that each grid point meets the moderate, strong, and severe warming standard in the
region. Thus, nine metrics are selected to comprehensively characterize the spatiotemporal
features of MHWs, as detailed in Table 1. Notably, extreme MHWs exhibit significant spatial
variability and rarely surpass the S > 4 threshold [49], and S > 4 metrics are excluded from
this study. To evaluate the forecast performance of NUIST CFS1.1 model, we employ the
anomaly correlation coefficient (ACC) and root mean square error (RMSE) for the selected
metrics, and the temporal correlation coefficient (TCC) and ACC for Nifio indices [61,62].
The calculations of ACC, TCC, and RMSE are given by Equations (2)—(4).

" | (DF; — DF)(DO; — DO)
\/Tiy (DF; — DF)2 + Ty (DO; — DO

ACC = , ()

_ Yicq (AF;)(AO;)
N S Y (YN S Y FYOAE
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" (Fi— Oi)2
RMSE = #, (4)

where AF; is the averaged regional forecast time series of a specific index in the period
from one month before the observed start date to one month after the end date of MHWsS,
and AO,; represents the observed time series in the same period. Moreover, AF and AO
mean the temporal average of AF; and AO;, respectively.

2.2. Upper-Ocean Temperature Budget Analysis

Drawing inspiration from previous studies [24,63], we conduct a heat budget analysis
to pinpoint the dominant processes contributing to anomalous SSTs and hence to the
occurrence of MHWSs. The heat budget equation, averaged from the sea surface to a fixed
depth h, is formulated as follows [64—68]:

/!
BSaStT = Q + Adv + residual, (5)
where ,

Q= ©)
Adv = (Adv —u) + (Adv —v), (7)

__3ssT'  ,dSST  ,aSST’
(Ado—u) = —T—— —u'—— —u'——, (8)

_9SST'"  ,0SST  ,9SST’
(Adv —v) = -7 ay v . v oy )

Based on the monthly climatology data from 1983-2012 derived from the ORAS5
and NUIST CFS1.1 models, the tendency of the sea surface temperature anomaly (SST') is
calculated using the central difference method in the left-hand side of the equation with
time (t). The right-hand side of the equation consists of three terms: (i) the diabatic heating
term (Q) measuring the net downward heat flux anomaly (Q,;) scaled by the density of
seawater (p = 1024 Kgm_3), the specific heat content of seawater (Cp, = 4007 ]Kgflel),
and the mixed layer depth anomaly (h), wherein (Q.) and (h') are the departure from
the climatology field of (Q,e) and (h) from 1983 to 2012; (ii) the advection term (Adv)
measuring the convergence of heat in the sea surface due to the horizontal velocity and the
SST gradient, and (iii) a residual term that includes the additional physical processes not ex-
plicitly accounted for here including vertical advection, entrainment, and mixing [22,36,54].
Given the negligible impact of the residual term (three orders of magnitude smaller than
the other terms), it is disregarded in our analysis [68-70]. Since we are concerned about the
temperature changes at sea surface, the mixed layer depth is defined as the depth where the
average sea water density exceeds the near-surface density by 0.01 kgm 3. Furthermore,
the advection term (Adv) is decomposed into the zonal (Adv-u) and meridional (Adv-v)
components, each further segmented into climatological mean advection of SST anomalies

(— uaSST and VaSST ), anomalous advection of climatological mean SST (—u agﬂ and
-V aSST) and anomalous advection of SST anomalies (—u aSST and —v aSSyT ), respectively.

Here, SST represents the climatological SST from 1983 to 2012

3. Results

To evaluate the sub-seasonal forecast skills across the seven extreme MHWs that oc-
curred in the central-eastern tropical Pacific, the anomaly correlation coefficient (hereinafter
referred to as ACC) and root mean square errors (hereinafter referred to as RMSE) are
computed for the time series of Ps.1, Is>1, Ps>2, Iss2, Ps>3, and Ig.3 metrics (see Table 1) in
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the period from 30 days before the onset of MHW to 30 days after the end of each MHW
event. Displayed in Figure 1 are the ACCs and RMSEs for each category of warming
(i.e.,S>1,5>2,5> 3) and their averages over all categories. If the symbol that represents
an MHW event is located in the top-left corner, it signifies that the MHW has an above-
average ACC and a below-average RMSE, indicating better forecast skills. Oppositely,
the symbols in the bottom-right corner indicate MHWSs with poorer forecast skills. From
Figure 1d, it is evident that the symbols representing various metrics of MHW#1 and #2 are
located in the top-left corner, with ACC values above the average of 0.39 and RMSE values
below the average of 1.02. This indicates that, in terms of the average of all categories of
warming, these two events exhibit the highest forecast skill among the studied cases. On the
contrary, the symbols which represent MHW#6 and #7 located in the bottom-right corner,
and metrics mostly have negative ACCs and higher RMSEs skills. Similar conclusions
are found in metrics corresponding to S > 1, S > 2, and S > 3, respectively (Figure 1a—),
except that Ps.q in MHW#1 and S > 3 metrics in MHW#2 have ACC skills slightly lower
than the averaged ACC (0.29). Note that in MHWH#1, the parameter Ps.3 and Is.3 are best
forecasted, which have ACC skills above 0.7 and RMSE skills below 0.9. Generally speak-
ing, MHW#1 and #2 are the best forecasted and categorized as high-predictive MHWs,
MHW#6 and #7 are the worst forecasted and categorized as low-predictive MHWS, and
the remaining (MHW#3~5) are categorized as moderate-predictive MHWs (as listed in
Table 2). In order to further explore what causes the diversity of the sub-seasonal forecast
skill of MHWS, we focus on the MHWs that are especially high-predictive (MHW#1-2) and
low-predictive (MHW#6-7) according to the NUIST CFS1.1 model for further investigation
and comparison.

Table 2. The characteristics of seven extreme MHWSs occurred in the central-eastern tropical Pacific,
including the MHW period and their connection with El Nifio. The symbol “y/” here indicates that
the MHW event is under the corresponding background shown in the table, while the symbol “x”
means on the contrary.

Within El
. Duration During During Peak i e
MHW Period (days) El Nifio El Nifio El Nifio Type Niifio Key
Area
1 June 2015-15 Super
High-predictive MHW# February 2016 260 v v Eastern v
MHWs 15 September 1982-1 Super
MHW#2 March 1983 167 v v Eastern v
18 September 1997-13 Super
MHW#3 February 1998 148 v v Eastern v
Moderate- 1July 1997-18 Super
predictive MHW# February 1998 233 v v Eastern v
MHWs 1 June 1997-10 Super
MHW#S September 1997 128 v v Eastern X
1 November 2015-5 Super
Low-predictive MHW#6 February 2016 97 4 % Eastern %
MHWs 27 December 2015-14 Super
MHW#7 July 2016 170 Partly Partly Fastern X
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Figure 1. The anomaly correlation coefficient (ACC) and root mean square error (RMSE) skill of
metrics corresponding to (a) S > 1 (Pss1 and Ig.1, units: % and °CM km?), (b) S > 2 (Pgs; and Igsp,
units: % and °CM km?), (c) S > 3 (Pg»3 and Igys, units: % and °CM km?), and (d) their averages based
on the ensemble mean forecasts of the NUIST CFS1.1 model averaged in the period from 30 days
before the onset to 30 days after the end of each MHW event. The red, pink, light gray, dark gray,
black, light blue and blue dots represent the P parameter in MHW#1-7, respectively. The sign “x”
with the above colors represents the I parameter in MHW#1-7. The black dashed lines represent the
average ACCs and RMSEs for S>1,S > 2, S > 3, and all metrics in MHW#1~7, respectively. If the
symbol that represents an MHW event is located in the top-left corner, it signifies that MHW has an
above-average ACC and a below-average RMSE, indicating better forecast skills. Oppositely, the
symbols in the bottom-right corner indicate MHWSs with poorer forecast skills.

3.1. Main Features of Metrics in MHWSs: High-Predictive vs. Low-Predictive

Both high-predictive events occurred during the eastern-type super El Nifio periods
(i.e., the winters of 2015/2016 and 1982/1983), primarily within the key area of El Nifio
region (Table 2). The MHW#1 lasts for 260 days and is characterized by large-scale moderate
and strong warming. In particular, the proportion of the region experiencing moderate
warming (Ps.1) is up to 90% and the proportion with strong warming (Ps.;) is up to 30%
(Figure 2c,e). Additionally, the S index, averaged over all grid points where the occurring
MHW remained above 1, indicate moderate to strong warming in the MHW#1 region
(Figure 2b). The key metrics, including Is.1, Pss», and Is.,, exhibit an upward trend from
September to December 2015 (Figure 2d—f), with the proportion and intensity with extreme
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warming (Ps.3 and Is,3) peaking during this period (Figure 2g,h). The MHW#2 event,
which lasts for 167 days, shows similar observational features to MHW#1, except that there
is a secondary surge in Pgs., Iss2, Ps>3, and Is.3 from January to March in 1983, which is
most pronounced in Pg.3 and Ig.3 (Figure 3).

MHW#1

a) SST-SST80 , O

AMJ
1

J ASONDJFMA AMJ
1515151 1 1

JASONDUJFMA
5151515151515 161616 16 1515161515151 1

(4]
—_
o
—_
(93}

Figure 2. The time series of MHW metrics including (a) the difference between the regional average
SST and 90th SST (units: °C), (b) the regional mean S index, and metrics (c) Ps>1 (units: %), (d) Issg
(units: °CM km?), (e) Pssy (units: %), (f) Issp (units: °CM km?), (g) Pss3 (units: %), and (h) Iss3
(units: °CM km?), which are derived from observations (black bold curves) and 30-60 d forecasts
(red curves represent the ensemble mean forecasts, and blue curves represent forecasts of members
with different nudging coefficient in SST) by the NUIST CFS1.1 model during the period around
the MHW#1 event. The period of observed MHW event is marked by gray rectangular. The rapid
warming period, featured by distinct upward trends in I and Is,,, along with the inclusion
of the Is.3 peak, is visually identified and demarcated by the space between two black dashed
lines. Corresponding indicators. The occurrence region of the corresponding MHW event is shown
in Figure AT.



Remote Sens. 2025, 17, 810

9 of 26

(a) SST-SST90 (b) S

0.5

-0.5

|
LI |
J AS OND

|
F M A J AS O ND F M A

50 -

30 A

J AS§ ONDJ FMA J AS ONDJ FMA
82 82 82 82 82 82 83 83 83 83 82 82 82 82 82 82 83 83 83 83

9 Ps.a (h) ls.s

J AS ONDJ FMA J  AS ONDUJ FMA
82 82 82 82 82 82 83 83 83 83 82 82 82 82 82 82 83 83 83 83

Figure 3. As in Figure 2, the time series of MHW metrics including (a) the difference between the
regional average SST and 90th SST (units: °C), (b) the regional mean S index, and metrics (c) Ps>1
(units: %), (d) Igs1 (units: °CM km?), (e) Pssy (units: %), (f) Isso (units: °CM km?), (8) Pss3 (units: %),
and (h) Iss3 (units: °CM km?), which are derived from observations (black bold curves) and 30-60 d
forecasts (red curves represent the ensemble mean forecasts, and blue curves represent forecasts of
members with different nudging coefficient in SST) by the NUIST CFS1.1 model during the period
but for the event MHW#2.

The 30-60 forecasts generated by the NUIST CFS1.1 model accurately capture the
upward and downward trends of the above-mentioned MHW metrics during MHW#1 and
#2, especially for Ps.p, Is.p, Ps.3, and Ig,3 during MHW#1 (Figure 2e-h). However, the
model underestimates the regional mean SST-SST90 (the difference between the regional
average SST and 90th SST) and parameters S, Ps.1, Is>1, and Ps., in MHW#1 (Figure 2a—e).
Additionally, although the forecasts show a second peak in March for the Pg.3 and Is.3
metrics, they are significantly delayed compared to observations, thus the model fails to
predict their second surge within the observed period of MHW#2 (Figure 3g,h).

For comparison, two low-predictive MHW events, MHW#6 and MHW#7, are also
analyzed. MHW#6 and MHW#?7 last for 97 and 170 days, respectively (Table 2). They are
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located at the periphery and within the domain region of mega ENSO [71]. MHW#6 occurs
during the 2015/2016 super El Nifio winter, outside the key area of El Nifio but within the
region of the mega ENSO. It displays distinct features compared to the high-predictive
events. The positive regional mean SST-55T90s values are smaller than those from the other
three MHW events. The observed magnitudes of Is.1, Is.p, and Is.3 are approximately
one order smaller (Figure 4d,f,h), accompanied by significantly shorter-term fluctuations,
particularly in Pg.q, Pss» and S (Figure 4b,c.e). MHW#6 exhibits two distinct warming
phases, respectively, peaking in November—-December 2015 and January-February 2016,
with the latter exhibiting stronger warming and reaching maximum values for all metrics
related to S > 2 (Figure 4e,f). The forecasts underestimated SST-SST90 and all metrics during
the second warming phase, with Pg.3 and Ig.3 largely absent (Figure 4g,h), indicating the
model’s inability to replicate severe warming trends during these low-predictive events.

MHW#6

(a) SST-SST90 , o)s

15 15 15 15 6 16 16 15 15 15 15 6 16 16
(9) Ps.g (h) ls.a
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Figure 4. As in Figure 2, the time series of MHW metrics including (a) the difference between the
regional average SST and 90th SST (units: °C), (b) the regional mean S index, and metrics (c) Ps>1
(units: %), (d) Iss1 (units: °CM km?2), (e) Pssp (units: %), (f) Isso (units: °CM km?), (g) Pss3 (units: %),
and (h) Igs3 (units: °CM km?), which are derived from observations (black bold curves) and 30-60 d
fore-casts (red curves represent the ensemble mean forecasts, and blue curves represent forecasts of
members with different nudging coefficient in SST) by the NUIST CFS1.1 model during the period
but for the event MHW#6.
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Similar to MHW#1 and #6, the MHW#7 event is related to the super El Nifio in
2015/2016 winter but primarily occurs in spring and summer, post-El Nifio. Notably,
MHW#7 is located within the domain region of mega ENSO. MHW#7 shares many similar-
ities with MHW#6, except for weaker SST-SST90 and S values, which are mostly smaller
than 0.5 °C and 1.5 °C, respectively (Figure 5a,b). However, the observed Is.; and Is.»
magnitudes are larger (Figure 5d,f) and there are more pronounced short-term fluctuations
in all metrics except S and SST-SST90 (Figure 5). The model underestimates the peaks of
Is>1, Issp, and Ig3 and introduces time shifts exceeding two months for all metrics except S,
indicating poor forecasts of moderate, strong, and severe warming trends during MHW#7.
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Figure 5. As in Figure 2, the time series of MHW metrics including (a) the difference between the
regional average SST and 90th SST (units: °C), (b) the regional mean S index, and metrics (c) Pssg
(units: %), (d) Is>1 (units: °CM km?), (e) Pss, (units: %), (f) Isso (units: °CM km?), (g) Pss3 (units: %),
and (h) Igs3 (units: °CM km?), which are derived from observations (black bold curves) and 30-60 d
fore-casts (red curves represent the ensemble mean forecasts, and blue curves represent forecasts of
members with different nudging coefficient in SST) by the NUIST CFS1.1 model during the period
but for the event MHW#7.

In Figure 6, we present the spatial distribution of the observed warming, measured
by parameter Ds.1, Dss5, and Dg.3, which represent the total days meeting the criteria
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for moderate, strong, and severe warming at each grid point, respectively. For MHW#1,
Dg..1 exceeds 150 days in most of the occurring region, peaking near the equator with more
than 250 days (Figure 6a). This indicates prolonged and widespread moderate warming.
During MHW#2 and #7 events, Ds.; also reaches its maximum near the equator, exceeding
150 days (Figure 6d,j). In contrast, for MHW#6, Ds. is only about 50 days (Figure 6g). A
similar spatial distribution can be observed for Ds., and Dg.3, except that in MHW#1, the
maximum values of Ds, and Ds.3 are located on the southeast and east sides of the region

(Figure 6a—c).
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Figure 6. The spatial distribution of Dg1, Ds>», and Ds3 (units: days) derived from observations for
MHW#1 (a—c), MHW#2 (d—f), MHW#6 (g-i), and MHW#7 (j-1), respectively. The black contour lines
show the spatial extent of the occurrence of MHW#1, #2, #6, and #7, which is selected based on the
maximum yearly mean SSTA from 1983 to 2020, strictly following Lin et al. [49].

Upon inspecting the forecasted spatial distribution of the metrics Ds.;, Ds.,, and
Ds.3 as shown in Figure 7, we found that the 30-60d forecasts accurately capture the
magnitudes of Dg,; in all four MHW events but struggle to replicate Ds., and Dg.3 in
MHW#6-7 (Figure 7). Specifically, in MHW#1 and MHW#2, the forecast overestimates Dgq
primarily along the southeastern fringe and underestimates it in the northeast for MHW#2
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(Figure 7a,d). However, in MHW#6 and MHW#7, the underestimation extends to the west
and the entire region, respectively (Figure 7g,j). Despite the general consistency between
forecasts and observations for Dg. 1, notable discrepancies emerge for Dg., and Ds.3. The
forecasted Ds., exaggerates values mainly on the southeast edge in MHW#1 and the eastern
part in MHW#2, with a significant spatial mismatch, particularly in MHW#2 (Figure 7b,e).
Furthermore, substantial negative differences are observed north of 5°N in MHW#1 and
west of 105°W in MHW#2. For MHW#6 and MHW#7, the forecasts completely miss Dg
signatures (Figure 7h k). Similarly, the forecasts have difficulty capturing both magnitudes
and distribution of the Dg.3 in MHW#1-2 and MHW#6-7 (Figure 7c,f,i1). Specifically,
there are localized overestimations near the equator in MHW#1 and #2 (Figure 7c,f) but a
complete absence in MHW#6 and #7 (Figure 7i,1). These findings underscore the superior
performance of NUIST CFS1.1 in predicting moderate warming (S > 1) metrics compared to
stronger warming (S > 2 and S > 3), particularly at the lead time of 30-60-day. This further

supports the previous statement made in [50].
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Figure 7. As in Figure 6, but from NUIST CFS1.1 forecasts. The positive and negative values of
forecast-minus-observation differences are depicted by the black solid and black dashed contours for
MHW#1 (a—c), MHW#2 (d—f), MHW#6 (g-i), and MHW#7 (j-1), respectively. The black contour lines
show the spatial extent of the occurrence of MHW#1, #2, #6, and #7.
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By combining the forecasts of various metrics, it becomes evident that the NUIST
CFS1.1 model faces greater challenges in accurately capturing metrics that indicate strong
and severe warming. Notably, these strong warming metrics play a crucial role in
distinguishing the sub-seasonal forecast capabilities between high- and low-predictive
MHW events.

3.2. Influencing Factors of Sub-Seasonal Forecast Skills of Extreme MHWs: Tropical Background
SST and Process in the Mixed Layer Heat Budget

In this section, we delve into the tropical background SST from 30 days before the
onset of MHW to 30 days after the end of MHW as well as the local mixed-layer processes
during the rapid warming period, which are pivotal drivers of MHWSs. By comparing high-
and low-predictive events, our objective is to identify the potential factors that influence
the sub-seasonal forecast skill of extreme MHWs by the NUIST CFS1.1 model.

3.2.1. ENSO Forcing

All four MHWSs occurred during a super El Nifio. Prior studies have emphasized
enhanced predictability of longer-duration MHWs in the eastern Pacific [14,54]. Addition-
ally, forecasts initialized during boreal spring or during active ENSO phases tend to be
more skillful, with notable improvements in central-eastern Pacific seasonal forecasts [71].
Compared to traditional ENSO indices, “mega ENSO” captures a broader range of SST
variability [72]. In our study, MHW#1-2 occurred within the key area of ENSO, and
MHW#6-7 occurred at the periphery and within the domain region of mega ENSO. Thus,
we first examine whether ENSO forcing exhibits distinct forecast skill disparities between
high- and low-predictive MHW events. To do this, we select the Nifio 3.4 index, Eastern
type El Nifio index (NifioEP index), and mega ENSO index for further evaluation [72-75].
The ACC and RMSE for ENSO indices are calculated based on the observed and forecast
time series in the period from 30 days before the onset to 30 days after the end of each
MHW event.

From Figure 8a, we find that at the lead time of 30-60 days, the model accurately
forecasts the Nifio indices in both high- and low-predictive MHWs, because the temporal
correlation coefficients (hereinafter referred to as TCCs) [61,62] have skills all above 0.9. The
Nifio indices in MHW#1, #2, and #7 exhibit mostly positive ACCs above 0.3, with MHW#7
yielding the highest ACC skill (Figure 8b). However, in MHW#6, the ACCs have negative
skills, potentially due to the model’s failure to capture the sub-seasonal variability of the
Nino indices, especially the Nifio 3.4 index. This inconsistency between the forecast skill of
the ENSO as the SST background and forecast skill of MHW events highlights that a good
ENSO forecast does not necessarily lead to a good MHW forecast. The discrepancy in the
sub-seasonal forecast skills of ENSO and MHW events may be attributed to the relatively
shorter timescales of MHWSs and their focus on the extreme warming anomalies, in contrast
to the broader and more prolonged nature of ENSO. Nevertheless, for high-predictive
cases that are located within the key area of ENSO, the ACC skills of Nifio indices are
higher for MHW#1 compared to MHW#2, consistent with those for these two MHW events,
confirming the role of ENSO in the forecast skills of MHWs if they are located in the key
area of ENSO [14,38,56,71].
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Figure 8. The (a) temporal correlation coefficient (TCC) and (b) ACC of Nifio 3.4, NifioEP and mega
ENSO index between the observations and forecasts at lead times of 30-60 days for the period from
30 days before the onset of MHW to 30 days after the end of MHW.

3.2.2. Ocean Mixed-Layer Heat Budget

We next focus on the rapid warming periods of MHWSs and perform a heat budget
analysis within the surface mixed layer to investigate the local processes responsible for
MHW formation. These periods are selected because the intensity metrics, including Is.q
and Is.;, increase remarkably to their peaks, and the peak of Is.3 is also included in these
periods. Thereby, a positively large value of SSTA tendency term is ensured. For high- and
low-predictive MHWs, the rapid warming periods, as demarcated by the space between
two black dashed lines in Figures 2-5, are identified as from 2 September to 29 October
2015 for MHW#1, 1 November to 30 December 1982 for MHW#2, 12 December 2015 to
30 January 2016 for MHW?#6, and 11 April to 30 May 2016 for MHW#7. To simplify, when
calculating the terms in Equation (5) from monthly data, the rapid warming periods are
approximated as September to November 2015 for MHW#1, November to January 1982 for
MHWH#2, December 2015 to February 2016 for MHW#6, and April to June 2016 for MHW#?7.
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In addition, the heat budget analysis is limited to the grid points that meet the MHW
criteria of moderate, strong, and severe warming (i.e., S>1,5> 2, and S > 3) for at least one
day during the identified rapid warming periods. The spatial distributions of these grid
points closely resemble the high values of Ds.1, Dss, and Ds3, especially in MHW#1, #6,
and #7 (cp. Figures 6 and A1l).

On this basis, we calculate the contribution rates of Q and Adv to SST’ tendency
terms during the rapid warming periods, specifically for regions experiencing moderate

(S > 1), strong (S > 2), and severe (S > 3) warming. This is derived by averaging the
Adv

assT /ot 1< Jsst’ /ot

periods, respectively.

at all grid points where S>1,S > 2, and S > 3 are reached during these

The contribution rates of Q and Adv to the SST tendency term during the rapid

warming periods for moderate warming (S > 1) and strong warming (S > 2) are shown
Adv
9SST /ot
term makes substantial contributions to warming during MHW#1, #2, and #6, whereas
Q
aSST /ot
is found in MHW#7. This suggests that the intensified horizontal heat convergence at

in Figure 9a,b, respectively. Notably, exhibits consistently positive values or Adv

is largely negative or the Q term largely contributes negatively. An exception

sea surface is the primary driver of moderate and strong warming in MHW#1, #2, and
#6, whereas in MHWH#7, the strengthened air-sea heat fluxes from the atmosphere into
the ocean are responsible. For the severe warming (S > 3), Adv’s positive contributions
persist across all MHW events except MHW#2 (Figure 9c), where insufficient grids reach
S > 3 and therefore not considered. It emerges that Adv predominantly governs moderate,
strong, and severe warming in MHW#1-2 and MHW#6, except in MHW#7, where Q drives
moderate and strong warming. This aligns with the prior research consensus that horizontal
heat convergence is the main driver of MHW onset in 78% of global MHWs [23,76]. Notably,
within the specific domains where MHW#1-2 and MHW#6-7 have been observed, these
studies have highlighted that the contribution of Adv significantly surpasses that of Q in
the warming process, with numerous grid points even exhibiting a negative contribution
from Q.
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Figure 9. The contribution rates of Q and Adv to the SST’ tendency ( ass% 7ot and as’;}i,‘; 5;) in the
equation corresponding to the grids where MHW occurrences meet the criteria for (a) moderate
warming (S > 1), (b) strong warming (S > 2), and (c) severe warming (S > 3) in MHW#1, #2, #6 and #7,
respectively. The red, pink, light blue, and blue dots represent observations from MHW#1, #2, #6 and
#7, respectively. The stars of the same colors represent the corresponding ensemble mean forecasts
in MHW#1, #2, #6 and #7. The gray dashed line represents the line y = x. Since the percentage of
grid points experiencing severe warming in MHW#2 is less than 5% of the total region, MHW#2 is

excluded in panel (c).
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An inspection on the contribution rates derived from 30 to 60 d forecasts by NUIST
CFS1.1 model yields that for S > 1 grids, both Q and Adv contributions closely match
observations in MHW#1 and #2 but diverge significantly in MHW#6 and #7, with Q’s
forecasted contributions even opposing observations. Similar discrepancies persist across
S >2and S > 3 grids in Figure 9b,c, except for S > 3 grids in MHW#7, where Adv’s
contribution is severely underestimated. Therefore, from MHW#1, #2, #6 to #7, the forecast
error in Q and Adv contributions escalates, consistent with the sub-seasonal forecast skill
of these extreme MHWSs. Notably, Adv’s forecast errors are consistently smaller than Q’s,
suggesting that the 30-60d forecasts better capture the horizontal advection processes
compared to the heat flux processes. Moreover, it is likely that the two high-predictive
events are forecasted most accurately due to the higher contribution from the Adv. When
diabatic processes dominate in the SST rapid warming, sub-seasonal forecast skill for MHW
events may decline, as exemplified by MHW#7. Therefore, enhancing the model’s ability to
capture and forecast Q might be crucial for improving sub-seasonal forecasts of extreme
MHWs. This further suggests that in order to capture the air-sea heat flux (Q) contributions
accurately, the NUIST CFS1.1 model’s radiation and boundary layer parameterization
schemes are in urgent need for improvement. It is worth noting that according to previous
studies, the MHWs are often dominated by air—sea heat flux in the South China Sea and
most of the tropics where the upper ocean layer is shallow (e.g., the tropical Atlantic Ocean
and Indonesian Seas), and extreme MHW events tend to be related to a shallower mixed
layer depths under 36 m [10,38,76-78]. Therefore, the challenges in accurately forecasting
shallow mixed layer depths, and consequently the Q term, could hinder advancements in
MHW sub-seasonal forecasts.

Further analysis of Adv’s components reveals the contribution rates of Adv-u (zonal
advection) and Adv-v (meridional advection) to the SST” tendency ( Advzu gnd Advov)

aSST /ot 9SST /ot”’
as shown in Figure 10. For grids with S > 1 and S > 2 (indicating moderate and strong

warming), both Adv-u and Adv-v contribute positively and similarly in MHW#1, #2, and
#6, suggesting their significance in these warming categories. In high-predictive events
(MHW#1 and #2), the contribute rate of Adv-v slightly exceeds that of Adv-u. In other
words, the contribution rate of Adv-v is approximately 30% higher than that of Adv-
u in MHWH#1, and the contribution rate of Adv-v exceeds that of Adv-u by more than

66% in MHWH#2. However, for grids with S > 3 (indicating severe warming), a‘;g}’f/gt

a‘;g}’;;t in MHW#1 but surpasses it in low-predictive events (MHW#6 and #7). When Adv-

u and Adv-v are further divided according to Equations (8) and (9) for grids with S > 1 and
BSST
)

equals

S>2, it appears that the climatological mean meridional advection of SST anomalies (V3>
dominates the Adv term in MHW#1 and #2 (Tables 3 and 4), whereas climatological mean
zonal advection of SST anomalies (uaSST ) prevails in MHW#6. Therefore, the primary
distinction in Adv between high- and low-predictive MHW events lies in the meridional or
zonal advection of SST anomaly.

The forecasts presented in Figure 10 show that for grids with S > 1 and S > 2, the
forecasted values of Ad" U and A4-Y have the smallest error in MHW#1, followed by

T /ot dSST /ot
MHW#2 and MHW#6 w1th the largest errors observed in MHW#7. For grids with S > 3, the
forecasted value of a[;g}]'ﬂalt has the opposite sign and a larger error in MHW#6-7, especially
in MHW#7. This suggests that the 30-60d forecast skills of severe warming might be more

limited by Adv-u than by Adv-v.
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Figure 10. As in Figure 9, but for the contribution rates of Adv-u and Adv-v to SST” tendency (a’gg;’/;t
and aég;’;;t) which meet the criteria for (a) moderate warming (S > 1), (b) strong warming (S > 2),
and (c) severe warming (S > 3) in MHWH#1, #2, #6 and #7, respectively. The red, pink, light blue, and
blue dots represent observations from MHW#1, #2, #6 and #7, respectively. The stars of the same
colors represent the corresponding ensemble mean forecasts in MHW#1, #2, #6 and #7. The gray
dashed line represents the line y = x. MHW#2 is excluded in panel (c), as in Figure 9c.
Table 3. The contribution rate of each term in Adv-u and Adv-v to SST’ tendency in the equation
corresponding to the grids with moderate warming (S > 1) in the rapid warming period of MHW#1-2
and #6-7, in which the Adv term makes the dominant contribution, and the main contribution items
are highlighted in bold.
Adv—u u(@ESST/0x) ~ uw(dSST/9Y) ~ w(@SST/ox)  Adv—v v(@SST /dy) ~ v/ (@SSTRy) v (@SST /oy
dSST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot
METW#1 OBS 0.937 0.314 1.243 —0.620 1.373 1.501 0.951 -1.079
EN 0.844 0.460 0.642 —0.258 1.187 1.032 0.661 —0.506
METW42 OBS 0.181 —0.034 0.218 —0.003 0.537 0.495 0.054 —0.012
EN 0.001 —0.015 0.079 —0.063 0.744 0.731 0.157 —0.144
MEW#6 OBS 0.519 0.662 —0.296 0.153 0411 0.244 0.159 0.008
EN 0.150 0.006 0.173 —0.029 0.744 0.804 0.429 —0.489
MEIW47 OBS —1.531 0.157 —5.810 4.122 1.253 1.108 1.427 —1.282
EN —0.293 —0.089 —0.135 —0.069 0.117 —0.131 0.156 0.092
Table 4. As in Table 3, but for the strong warming, and the main contribution items are highlighted
in bold.
Adv—u u@SST/ox)  w(@SST/dx)  w(@SST/ox)  Adv—v v(@SST/dy)  v/(@SST/dy) v (@SST /dy)
dSST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot JSST /ot 9SST /ot 9SST /ot
MEIW41 OBS 0.592 0.304 0.620 —0.332 0.889 0.790 0.738 —0.639
EN 0.532 0.272 0.538 -0.278 0.817 0.847 0.319 —0.349
METW#2 OBS 0.392 0.180 0.557 —0.345 0.745 0.677 0.083 —0.015
EN 0.236 0.245 —0.013 0.004 1.018 0.968 0.286 —0.236
MEW#6 OBS 0.414 0.544 -0.127 —0.003 0.457 0.297 0.194 —0.034
EN 0.141 0.225 0.066 —0.150 0.816 0.877 0.470 —0.531
MHW#7 OBS —0.147 0.049 -1.012 0.816 0.242 0.151 0.227 —0.136
EN —0.307 —0.081 —0.152 —0.074 0.139 —0.135 0.184 0.090

Tables 3 and 4 confirm that the meridional terms and their positive contributions to

SST’ tendency are accurately forecasted in the meridional advection-dominated MHW
events (MHW#1 and #2), but zonal terms are often incorrectly signed or underesti-
mated in the zonal advection-dominated event (MHW#6). The severe warming forecasts
(Table 5) also demonstrate a robust capture of Vaa—l;, but remain challenging to grasp for low-
predictive events. Emphasizing the accurate forecasts of zonal advection of SST anomalies
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is paramount for enhancing sub-seasonal MHW forecasts, given its pivotal role in mixed
layer temperature balance, particularly in the Equatorial Pacific [79-83]. Furthermore,
the zonal component of Adv in MHW#1-2, particularly its association with the zonal
advection of SST anomalies, is well captured, which may explain their higher sub-seasonal
forecast skills.

Table 5. The contribution rate of each term in Adv-u and Adv-v to SST’ tendency in the equation
corresponding to the grids with severe warming (S > 3) in the rapid warming period of MHW#1 and
#6-7, in which the Adv term makes the dominant contribution, and the main contribution items are
highlighted in bold.

Adv—u u(@ESST/dx)  u(dSST/IY)  w(@SST/ox)  Adv—v v(@SST/dy) ~ v/(@SST/dy) v (@SST /dy)

dSST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot 9SST /ot

OBS 0.458 0.39 0.446 —0.384 0.336 0.346 0.422 —0.432

MHW#1 gy 0.223 0.176 0.207 ~0.160 0.640 0.503 0.155 ~0.018
OBS 0.662 0.307 —0.384 0.739 0.226 0.782 0.230 —0.786
MHW# gy —0.414 —0.233 —0.241 0.060 1.749 1.779 0.693 —0.723
OBS 2,644 1.554 2370 —1.280 0.078 1.510 —0.931 —0.501
MHW#7  gN ~0.136 —0.013 —0.079 —0.044 0379 0.053 0212 0.114

4. Discussion

4.1. Spatial-Temporal Analysis of Extreme Marine Heatwave (MHW) Events That Occurred in the
Central-Eastern Tropical Pacific

Marine heatwaves (MHWs) are defined as prolonged discrete anomalously extreme
warm water events, which could lead to devastating and long-term impacts on ecosystems
as well as political and socio-economic systems [2-6]. Especially, MHWSs occurring in
the tropical central-eastern tropical Pacific have relatively longer duration and stronger
intensity, they are more extreme and harmful [4,9].

Based on the seven extreme MHWs that occurred in the central-eastern tropical
Pacific in the period from 1983 to 2020, we further classify them into high-predictive
(MHWH#1 and #2), moderate-predictive (MHW#3-5), and low-predictive (MHW#6 and #7)
categories. To evaluate the key features of these events, we select specific metrics including
the proportion of the region experiencing moderate, strong, and severe warming (Ps.1,
Ps.2, Ps.3, respectively, where S is the MHW severity index), and the spatial integrals of SST
anomalies with largest contiguous MHW (Is.1, Iss2, Is>3). These metrics are further used
to calculate the anomaly correlation coefficient (ACC) and root mean square error (RMSE)
skills for each MHW event in the sub-seasonal forecasts made by the Nanjing University of
Information Science and Technology Climate Forecast System (NUIST CFS1.1). Notably,
the metrics in MHW#1-2 mostly have ACC skills above 0.39 and RMSEs below 1.02, while
MHW#6 and #7 show mostly negative ACCs and higher RMSEs. There is obvious disparity
in the sub-seasonal forecast skill of MHWSs between high- (MHW#1-2) and low-predictive
MHWs (MHW#6-7). Thus, we then focus our further exploration on these four MHW
events to investigate the underlying causes of this variation in forecast skills.

First, the temporal evolutions of various MHW metrics are systematically evaluated,
including Ps.1, Pss2, Pss3, Iss1, Issp, Is>3, and the MHW severity index (S), and the spatial
distribution of total days of grid-level warming (Dgs.1, Ds.2, Ds.3). It seems that high-
predictive MHWs exhibit large-scale moderate and strong warming, with the model adept
at capturing the temporal trends of all MHW metrics. In contrast, low-predictive MHWSs
display more pronounced short-term fluctuations. The NUIST CFS1.1 model performs well
in capturing metrics related to S > 1 and even S > 2 in high-predictive events but struggles
with metrics related to S > 2 and S > 3 in low-predictive MHWs, indicating that metrics
indicative of strong and severe warming (S > 2 and S > 3) pose greater challenges for
accurate forecasting compared to those associated with moderate warming (S > 1). Notably,
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the most pronounced disparity in the sub-seasonal forecast skills is observed between high-
and low-predictive MHWs for S > 2 metrics.

4.2. Influencing Factors of Sub-Seasonal Forecast Skills of Extreme MHWs: Tropical
Background SST

The drivers and mechanisms of MHWs are intricate and multifarious, ranging from
local oceanic and atmospheric processes to remote processes via teleconnections [15-18],
wherein climate variations play a pivotal role in modulating the occurrence of MHWsS. It
is noteworthy that the El Nifio-Southern Oscillation (ENSQO), the largest global driver of
MHWs, can amplify the intensity, duration, and spatial extent of MHWSs on interannual
and shorter timescales [34,35]. The seven extreme MHWSs mostly occur in the period and
key area of ENSO; two-thirds of recorded MHWSs occurring in the tropical Pacific are
associated with El Nifio events [16]. Despite the fact that all high-predictive (MHW#1 and
#2) and low-predictive (MHW#6 and #7) MHWs are related to ENSO, an assessment of the
30-60 day forecast skills of Nifio indices reveals inconsistencies with the forecast skills of
MHW, suggesting that a good ENSO does not necessarily translate into a well-forecasted
MHW, indicating that other factors beyond ENSO may play a significant role in the accuracy
of MHW forecasts.

4.3. Influencing Factors of Sub-Seasonal Forecast Skills of Extreme MHWs: Process in the Mixed
Layer Heat Budget

The heat budget analysis in the surface mixed layer in the rapid warming periods
of MHWs further yields the role of the convergence of heat in the sea mixed layer due to
advection (Adv) and the air-sea heat flux into the sea surface (Q) in each MHW event [49,52].
Results show that the moderate and strong warming (S > 1 and S > 2) observed in MHW#1,
#2, and #6 are primarily driven by Adv, whereas in MHW#7, it is dominated by Q. Notably,
even for the extreme warming (S > 3), Adv contributes positively to MHW#7, highlighting
its persistent significance. It highlights the pivotal roles of heat convergence within this
layer, which aligns with the prior research consensus that horizontal heat convergence is
the main driver of MHW onset in 78% of global MHWSs [23,75]. It is further found that
Adv consistently exhibits smaller forecast errors in influencing sea surface temperature
anomaly (SST’) tendencies across all warming categories (from S > 1to S > 3) compared to Q,
suggesting a better capture of horizontal advection processes than diabatic processes by the
model. Moreover, for the two high-predictive events (MHW#1 and #2), the warmings are
mainly contributed from the Adv and thus their higher forecast skills might be due to the
higher contribution from the more predictable Adv. Furthermore, enhancing the model’s
ability to capture and forecast Q might be crucial for improving sub-seasonal forecasts
of extreme MHWs. It is worth noting that according to previous studies, the MHWs are
often dominated by air—sea heat flux in the South China Sea and most of the tropics where
the upper ocean layer is shallow (e.g., the tropical Atlantic Ocean and Indonesian Seas),
and extreme MHW events tend to be related to a shallower mixed layer depths under
36 m [10,23,76,78]. Therefore, the challenges in accurately forecasting shallow mixed layer
depths, and consequently the Q term, could hinder advancements in MHW sub-seasonal
forecasts. To better capture the Q, improvements in model’s radiation and boundary layer
parameterization might be helpful.

Further dissecting the advection component into its zonal (Adv-u) and meridional
(Adv-v) reveals that an accurate representation of Adv-u, particularly the component
associated with the zonal advection of SST’, holds the potential to significantly enhance
sub-seasonal forecasting capabilities for MHWs. This underscores the importance of
refining the models’ ability to capture the intricate dynamics of horizontal heat convergence,
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particularly along the zonal direction, for improving MHW predictions, particularly in the
Equatorial Pacific [79-83].

4.4. Limitations and Future Outlook

In this paper, we focus on the seven extreme MHWs identified during the warmest
year in specific regions of the central-eastern tropical Pacific and further evaluate the
factors influencing the disparity in sub-seasonal forecast skill through comparing high-
and low-predictive MHWSs. There are some potential uncertainties in the results of this
study. First, the conclusion of this paper needs to be validated using a larger number of
MHW events with broader definitions [1,38] across typical regions of interest (e.g., the
north and south coasts of the central-eastern tropical Pacific, the coasts of Mexico and Peru),
and this research is in progress. Second, although the established credibility of monthly
ORASS data supports our study in facilitating heat budget analyses within the surface
mixed layer [67,84-86]. We highlight the importance of future endeavors leveraging daily
datasets to strengthen the conclusions and propel advancements in the predictability of
these devastating climatic phenomena.

5. Conclusions

Based on the sub-seasonal forecast skill of seven extreme marine heatwave (MHW)
events that occurred in the central-eastern tropical Pacific in the period from 1983 to
2020, we divide them into high- (MHW#1 and #2), moderate- (MHW#3-5), and low-
predictive (MHW#6 and #7) categories. To evaluate the key features of these events, we
select specific metrics, respectively, indicative of moderate, strong and severe warming
(5>1,S>2and S > 3, where S is the MHW severity index). Notably, there is obvious
disparity in the sub-seasonal forecast skill of MHWSs between high- and low-predictive
MHWs. Focusing on the high- and low-predictive MHWs, results show that the S >2 and
S > 3 metrics, especially S > 2 metrics, pose greater challenges for accurate forecasting
by Nanjing University of Information Science and Technology Climate Forecast System
(NUIST CFS1.1). Although these four MHWs are related to the El Nifio-Southern Oscillation
(ENSO), a good ENSO does not necessarily translate into a well-forecasted MHW. The
analysis of the heat budget in the surface mixed layer during the rapid warming periods
of MHWs highlights the pivotal roles of heat convergence within this layer. It seems that
the moderate and strong warming observed in MHW#1, #2, and #6 is primarily driven by
Adv, whereas in MHW#7, it is dominated by Q. Notably, even for the extreme warming
(S > 3), Adv contributes positively to MHW#7, highlighting its persistent significance.
Moreover, the model better captures horizontal advection processes than diabatic processes.
Thus, the higher forecast skills in MHW#1 and #2 might be due to the higher contribution
from the more predictable Adv. With further dissection of Adyv, it seems that an accurate
representation of the component associated with the zonal advection, holds the potential to
significantly enhance sub-seasonal forecasting capabilities for MHWs. This underscores
the importance of refining models’ ability to capture the intricate dynamics of horizontal
heat convergence, particularly along the zonal direction, for improving MHW predictions.
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Figure Al. The spatial distribution of grids reaching the standard of moderate, strong, and se-
vere warming (i.e., S > 1, S > 2, and S > 3) during the rapid warming period for MHW#1 (a—c),
MHW#2 (d—f), MHW#6 (g—i), and MHW#7 (j-1), respectively.
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