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Abstract This study employs the coupled conditional nonlinear optimal perturbation (C‐CNOP) method,
which incorporates initial coupling uncertainties, to identify sensitive areas of targeted observations for positive
Indian Ocean Dipole (IOD) events. Results show that the initial errors most likely to yield large prediction
uncertainties of IOD events are mainly concentrated in sea temperatures near the thermocline in the eastern
Indian Ocean (IO_Temp: 70–110 m depth, 5°S–5°N, 85°E− 105°E) and western Pacific (PO_Temp: 120–160 m
depth, 5°S–5°N, 130°E− 150°E), as well as zonal winds (UWind), exhibiting an east–west dipole pattern over
the tropical Indo‐western Pacific. Through sensitivity experiments—designed to assess the impact of initial
uncertainties in different areas on IOD predictions while bypassing the assimilation process and avoiding initial
shock effects—we find that prediction uncertainties are more sensitive to initial errors in the UWind area than in
the IO_Temp and PO_Temp areas, demonstrating a stronger impact on forecast skill, particularly in winter and
summer. Further analysis demonstrated that the IO_Temp & PO_UWind coupled area involving the eastern
Indian Ocean subsurface temperature and western Pacific zonal winds, exhibits greater sensitivity than the
UWind area alone, emerging as the most sensitive area of positive IOD events. This key area highlights both the
Pacific's remote influence and the crucial role of local ocean on IOD development. These results underscore the
critical role of coupled initialization in IOD predictability, offering a theoretical basis for advancing coupled
data assimilation.

Plain Language Summary The Indian Ocean Dipole (IOD) is an interannual air‐sea coupled
phenomenon in the tropical Indian Ocean that significantly influences global weather and climate. Accurate
prediction of the IOD is therefore of great importance. However, the current skill of IOD forecasting is limited,
partly due to inaccuracies in initial conditions. Given the constraints on observational resources, a critical
challenge is to determine in which limited areas intensive observations should be conducted to enhance the
accuracy of initial fields, thereby significantly improving IOD forecast skill. In this study, we employ the
coupled conditional nonlinear optimal perturbation approach, which incorporates initial coupling uncertainties,
to identify these sensitive areas. Our findings demonstrate that initial zonal wind errors over the tropical Indo‐
western Pacific have a more pronounced effect on prediction uncertainties than initial temperature errors in the
IO_Temp (70–110 m depth, 5°S–5°N, 85°E− 105°E) and PO_Temp (120–160 m depth, 5°S–5°N, 130°E− 150°
E) areas. Furthermore, we identify the coupled area—comprising eastern Indian Ocean subsurface temperature
and western Pacific zonal winds—as the most sensitive area, which reflects both the remote influence from the
Pacific and the crucial role of local ocean processes in IOD development. This study provides a theoretical
foundation for the design of observation strategies in the Indo‐Pacific region.

1. Introduction
The Indian Ocean Dipole (IOD) is a significant interannual air‐sea coupling phenomenon over the tropical Indian
Ocean, characterized by an east–west seesaw pattern of sea surface temperature anomalies (SSTAs) accompanied
by anomalous wind fields in the equatorial region (Saji et al., 1999; Webster et al., 1999). During positive IOD
events, severe droughts often occur in the eastern Indian Ocean, Indonesia, and Australia, while excessive rainfall
is observed in the western Indian Ocean and East Africa; the impacts of negative IOD events are nearly the
opposite (Li et al., 2021). Additionally, IOD events influence weather and climate in other regions globally
through mechanisms such as the propagation of planetary waves (Qiu et al., 2014; Xiao et al., 2020; Yang
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et al., 2010). With global warming, the tropical Indian Ocean has experienced a significant increase in the fre-
quency of anomalous events, particularly those associated with the IOD, with a pronounced rise in the occurrence
of strong IOD events (Cai et al., 2020; Hui & Zheng, 2018). Therefore, accurately predicting IOD events is crucial
for improving weather and climate forecasting capabilities and formulating disaster prevention and mitigation
measures. However, most current numerical models only provide skillful forecasts for IOD events one season in
advance, with some extending to two seasons for strong IOD events (Luo et al., 2007; Shi et al., 2012; Zhu
et al., 2015). Thus, achieving accurate forecasts for IOD events remains a significant challenge.

The low forecast skill of IOD events can be attributed to a variety of factors. First, IOD events are influenced by
numerous complex physical processes, such as the strong Indian/Asian monsoon, interactions between IOD and
El Niño–Southern Oscillation (ENSO), and stochastic intraseasonal oscillations in the atmosphere and ocean
(Chen et al., 2021; Du et al., 2020; Huang et al., 2021; Jiang et al., 2021; Lu et al., 2018; Sang et al., 2019; Yang
et al., 2015; Yuan et al., 2017; Zhang et al., 2015; Zhao et al., 2020). Second, most current models fail to
accurately depict the fundamental characteristics of the tropical Indian Ocean climate state and IOD events, with
limited capabilities in simulating and forecasting IOD events, leading to model errors (Feng et al., 2014).
Furthermore, although the Indian Ocean Observing System (IndOOS) has been established over the tropical
Indian Ocean, providing valuable data for mechanistic analysis of IOD and supporting model improvements and
forecasting, the observational data remain relatively sparse. When assimilated into models, these observations
introduce errors into the initial analysis fields. Feng et al. (2017) highlighted that east–west dipole‐type initial sea
temperature errors in the tropical Indian Ocean are most likely to cause the winter predictability barrier (WPB) for
IOD events. Similarly, Liu et al. (2018) identified that initial sea temperature errors associated with the El Niño
structure over the tropical Pacific are most likely to lead to rapid development of IOD forecast errors during
summer, resulting in the summer predictability barrier (SPB). The WPB and SPB are characterized by a sig-
nificant and rapid decline in forecast skills for the IOD region during winter or summer, regardless of the start
month. Both the WPB and SPB severely limit the forecast skills for IOD events. However, these studies primarily
focused on initial uncertainties in single oceanic variables, failing to fully account for the crucial role of initial
ocean‐atmosphere coupling errors and their impact on IOD predictability.

Deploying more observations and effectively assimilating observational data into numerical models are critical
measures for reducing initial condition errors. However, the economic costs associated with large‐scale, high‐
density observational deployments are often prohibitive. Targeted observations, also known as adaptive obser-
vations, offer a cost‐effective alternative by focusing on strategically selected regions where additional data
collection can significantly improve forecast accuracy. This approach has the potential to reduce prediction errors
more effectively than an equivalent number of non‐targeted observations. In other words, a relatively small
number of strategically placed targeted observations can achieve error reduction comparable to that of a much
larger array of non‐targeted observations. Over the past decades, targeted observation strategy has been suc-
cessfully applied to enhance forecast skill of various weather and climate events, including tropical cyclones (Kim
et al., 2004; Mu et al., 2009; Qin & Mu, 2012), the ENSO (Yu et al., 2012), Kuroshio large meander (Wang
et al., 2013). Furthermore, targeted observation strategy has been widely adopted in international field experi-
ments to improve predictions of extreme weather events, including heavy rainfall, severe storms, and tropical
cyclones (Burpee et al., 1996; Wu et al., 2005).

The identification of sensitive areas is a key aspect of targeted observation strategy. Researchers have developed
various approaches to identify sensitive areas, which can be systematically categorized into two primary groups.
The first group focuses on adjoint‐based methods, which involve computing the adjoints of the forward tangent
propagator of numerical models (Kim et al., 2004). This category includes well‐established techniques such as
singular vectors (SVs; Leutbecher & Palmer, 1998) and conditional nonlinear optimal perturbation (CNOP;Mu&
Duan, 2003). The second group comprises ensemble‐based approaches, featuring methods like the ensemble
Kalman filter (Hamill & Snyder, 2002), the ensemble transform technique (Bishop & Toth, 1999), and the
ensemble transform Kalman filter (Bishop et al., 2001).

Feng et al. (2017) have explored the sensitive areas of positive IOD events to advance beyond the WPB through
perfect model predictability experiments. Their findings identified the subsurface layer of the eastern tropical
Indian Ocean (5°S–5°N, 85°E− 105°E) as a critical region (i.e., sensitive area) for targeted observations, where
prediction uncertainties in winter are most sensitive to initial sea temperature errors in that region. Although Feng
et al. (2017) successfully identified sensitive areas in the tropical Indian Ocean with respect to the WPB, their
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study was limited to identifying these regions at a single depth level of 95 m, leaving the vertical distribution of
sensitive areas unexplored. Liu et al. (2018) further highlighted that initial sea temperature errors in the tropical
Pacific are most likely to trigger the SPB for IOD events, but they did not identify specific sensitive areas in the
Pacific for targeted observations. Additionally, previous studies have primarily focused on the impact of sea
temperature uncertainties on IOD predictability, with limited attention given to the role of wind field uncertainties
in IOD forecasting. In particular, the important influence of the initial ocean‐atmosphere coupling uncertainties
among different variables is ignored. Therefore, it is essential to comprehensively assess the sensitivity of pre-
diction uncertainties to different initial conditions, particularly considering the importance of initial ocean‐
atmosphere coupling uncertainties among different variables, to ultimately identify optimal observation re-
gions. These investigations will not only deepen our understanding of IOD dynamics but also provide a theo-
retical foundation and scientific guidance for field observation campaigns and operational IOD forecasting.

Unlike conventional approaches, this study adopts the coupled CNOP (C‐CNOP) method (Duan et al., 2024),
which incorporates the effect of initial coupling uncertainties, to identify sensitive areas for IOD events. First, we
examine the sensitivity of IOD prediction uncertainties to initial conditions of multiple variables, statistically
determining the initial errors that have the greatest impact on prediction uncertainties. Next, by analyzing the
spatial patterns of these initial errors, we identify potential sensitive areas for targeted observation. Finally, we
compare the ensemble‐mean forecasting skills based on different potential sensitive areas, thereby determining
the optimal areas for targeted observation. The remainder of this paper is organized as follows: Section 2 in-
troduces the model and methodology; Section 3 identifies of potential sensitive areas for targeted observation of
IOD; Section 4 evaluates the effectiveness of these areas in enhancing IOD ensemble forecasting skills, and
identifies the optimal sensitive areas; Section 5 presents a discussion of the results; and Section 6 provides a
summary of the study.

2. Model and Methodology
2.1. Model

The geophysical fluid dynamics laboratory climate model version 2p1 (GFDL CM2p1) is used in this study,
which is a fully coupled model integrating four key components: ocean, atmosphere, sea ice, and land. The ocean
component is based on theModular OceanModel version 4 (MOM4p1; Griffies, 2009), which replaced the earlier
MOM4.0 used in the CM2.1 version. This component is a numerical representation of the ocean's hydrostatic
primitive equations, with a horizontal resolution of 1° × 1° and a refined meridional resolution of 1/3° in the
equatorial region. Vertically, the ocean is divided into 50 layers, with a 10‐m resolution in the upper 225 m. The
atmospheric component, the GFDL Atmospheric Model (AM2p12b; GFDL Global Atmospheric Model
Development Team, 2004), features a horizontal resolution of 2° (latitude) × 2.5° (longitude) and 24 vertical
layers. The MOM4p1 ocean module and the AM2p12b atmospheric module are coupled with the Land Dynamics
model version 2.1 (LM2.1; Milly & Shmakin, 2002) and the Sea Ice Simulator (SIS; Delworth et al., 2006) via the
GFDL Flexible Modeling System (FMS; http://www.gfdl.noaa.gov/fms). Fluxes between these components are
exchanged every 2 hours. Additional details about the model can be found in the works of Delworth et al. (2006),
Stouffer et al. (2006), and Wittenberg et al. (2006).

Using the external forcings (aerosols, land cover, ozone, solar radiation, and radiative gases, etc.) in 1990, we
conducted a 150‐year integration of the GFDL CM2p1 model. The initial conditions for the ocean, atmosphere,
land, and sea ice were consistent with those established by Delworth et al. (2006). After a 50‐year spin‐up period,
the last 100 years of data were analyzed to eliminate the effects of the initial adjustment processes. Based on the
definition of positive IOD events, where the Dipole Mode Index (DMI)—defined as the difference in SSTAs
between the western and eastern poles (Saji et al., 1999)—exceeds 0.5°C for three consecutive months, we
randomly selected 10 positive IOD events from the 100‐year model data set. Analysis reveals that most positive
IOD events exhibit a phase reversal of DMI during the preceding winter, reach their peak intensity in September‐
October of the event year, and subsequently decay with another DMI phase reversal in the following winter. This
evolution pattern is consistent with observational findings (Wajsowicz, 2004), demonstrating the model's
capability to realistically simulate the seasonal phase‐locking characteristics of positive IOD events. Furthermore,
Feng et al. (2014), through a comparative analysis of 14 models from the Coupled Model Intercomparison Project
Phase 5 (CMIP5), identified GFDL CM2p1 as one of the most proficient models in simulating the fundamental
characteristics of the Indian Ocean and IOD events. Therefore, the GFDL CM2p1 coupled model demonstrates
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high skill in simulating both the climatology and interannual variability of the tropical Indian Ocean, providing a
solid foundation for further investigation of IOD events, as detailed in the following sections.

2.2. Methodology

2.2.1. The C‐CNOP Method

Climate variability is caused by complex interactions across the atmosphere, ocean, land, and other spheres. In
numerical climate prediction, uncertainties stem from initial conditions in the ocean, atmosphere, sea ice, and land
surface. In this study, we utilize the C‐CNOP method proposed by Duan et al. (2024) to investigate the sensitivity
of IOD prediction uncertainties to initial conditions of multiple variables and to identify the initial errors that exert
the most significant statistical impact on IOD predictions. This approach systematically incorporates the com-
bined effects of uncertainties from all initial conditions in the ocean, atmosphere, sea ice, and land surface, which
more closely mirrors real‐world forecasting scenarios. Through analysis of the spatial distribution characteristics
of these initial errors, we preliminarily identify potential sensitive areas for targeted observations. Importantly,
the C‐CNOP method allows for the consideration of the effects of initial coupling uncertainties on IOD pre-
dictions, thereby offering an approach to identify coupling‐sensitive areas. A concise overview of the method is
provided below; for a more comprehensive understanding, readers are encouraged to consult Duan et al. (2024).

We randomly selected 10 positive IOD events from the 100‐year integration to serve as the “observations.” For
each 1‐year “observation,” the remaining 99 years of data can be treated as 99 “predictions” with a lead time of
12 months. The predictions are initiated in October (− 1), January (0), April (0), and July (0) (where − 1 denotes
the year preceding the IOD event, and 0 denotes the year of the IOD event). Among these, the predictions starting
in October (− 1) and January (0) bestride the winter and summer during the growing phase of IOD events, while
those starting in April (0) and July (0) bestride the summer in the growing phase and the winter in the decaying
phase. Taking October (− 1) as an example, for a given positive IOD event, the data from October (− 1) to
September (0) represent the “observation,” and the data from October (0) to September (+1) (where +1 denotes
the year following the IOD event) are considered a “prediction” for that “observation.” A total of 99 “predictions”
are generated in this manner (Figure 1).

The prediction error is defined as the absolute difference in the DMI between the “prediction” and the corre-
sponding “observation,” denoted as A. The growth rates of prediction errors β are approximated as follows:

β =
∂A
∂t

≈
At2 − At1
t2 − t1

(1)

where At2 and At1 are the prediction errors at times t2 and t1; the interval between t1 and t2 is 1 month. The seasonal
mean of β represents the growth rate of the prediction errors for that season. A positive β signifies an increase in
prediction errors for the season, while a negative β indicates a decrease; a larger positive β corresponds to a faster
growth of prediction errors in that season. The calendar year is divided into four seasons: boreal winter (January–
March), boreal spring (April–June), and so forth. For each “prediction,” four β values are derived (one per
season). Given that the external forcing fields remain constant, prediction errors arise solely from initial errors.
Here, initial errors are defined as the differences between the initial fields of “predictions” and the corresponding
“observation,” which encompass components from the ocean, atmosphere, sea ice and land surface. Based on the
definitions of WPB and SPB from the perspective of error growth dynamics (Feng et al., 2017; Liu et al., 2018),
initial errors that yield the largest positive β during boreal winter or summer are selected as those most likely to
induce a significant WPB or SPB. These initial errors represent the initial coupling uncertainties in the GFDL
CM2p1 model that statistically exert the most significant impact on the prediction uncertainties of IOD events.

Figure 1. Schematic of the experimental design for one “observation” with start months October (− 1). October (− 1) along the
x‐axis indicates the first month of the observation. P1, P2, …, P99 indicate the 99 predictions for each “observation” with
different initial conditions (where − 1 denotes the year preceding the IOD event, and 0 denotes the year of the IOD event).
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The substantial number of “predictions” ensures both diversity and statistical significance, indicating that these
initial errors are identified based on a finite yet statistically robust set of “prediction” samples. According to the
definition by Mu et al. (2003), CNOP is defined as the initial perturbation that satisfies specific physical con-
straints and leads to the largest prediction error at the forecast time. Duan et al. (2024) has demonstrated that the
above limited number of but statistically significant prediction samples are used as constraints; therefore, these
selected initial errors provides the statistically optimal coupled CNOP, referred to as C‐CNOPs. For each starting
month, a total of 10 C‐CNOPs were derived, corresponding to 10 “observations.” Additionally, initial errors
leading to the 2nd to 5th highest growth rates in prediction errors during boreal winter or summer were also
identified as fast‐growing initial errors. This results in a total of 50 fast‐growing initial errors for each starting
month, which are also collectively termed C‐CNOPs.

2.2.2. Forecast Skill Measures

In this study, we evaluate the deterministic forecast skill of IOD ensemble forecasting, where the ensemble
members are generated based on different potential sensitive areas. Through this approach, we access the
effectiveness of various potential sensitive areas in improving IOD forecast skills. Two key metrics of deter-
ministic forecast skill are employed: the anomaly correlation coefficient (ACC), and root–mean–square error
(RMSE). The ACC measures the forecast's ability to capture the evolution of the observed time series, while the
RMSE quantifies the discrepancy between predictions and observations. These metrics are defined as follows:

ACC(t) =
∑

N
i=1[x

o
i (t) − x°(t) ] [xpi (t) − xp(t)]

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
N
i=1[xoi (t) − x°(t)]

2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑
N
i=1[x

p
i (t) − xp(t)]

2
√ (2)

RMSE(t) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑
N

i=1
[xpi (t) − xoi (t)]

2
√
√
√
√

(3)

where x represents the variable of interest, p denotes the ensemble mean prediction, and o corresponds to ob-
servations. i and t indicate the different initial time and lead time of the prediction, respectively. N denotes the
total number of initial conditions. In Equations 2 and 3, the overbar indicates the mean of all initial conditions.
The ACC and RMSE quantify the overall deterministic forecast skill of all initial conditions as a function of lead
time.

3. Identifying the Potential Sensitive Areas of IOD Events
For each starting month, a total of 50 C‐CNOPs were obtained, incorporating initial error components from the
oceanic, atmospheric, sea ice, and land surface systems. Our analysis focused on initial errors in sea temperature
and wind field components that are closely associated with the evolution of IOD events, and initial errors within
these fields probably greatly impact the prediction uncertainties. We performed combined Empirical Orthogonal
Function (C‐EOF) analysis on both the upper 200‐m sea temperature components and the 500–1,000 hPa wind
field components derived from these C‐CNOPs. The leading EOF mode (EOF1) represents the dominant spatial
patterns of initial coupling uncertainties that are most likely to cause predictability barriers for IOD events at
different starting months. As shown in Figure 2, the spatial distribution of these initial sea temperature errors
exhibits a distinct east–west dipole pattern in the tropical Indian Ocean consistent with Feng et al. (2017).
Simultaneously, a dipole pattern is observed in the tropical Pacific, characterized by subsurface anomalies in the
western Pacific and upper‐layer anomalies in the eastern Pacific, aligning with Liu et al. (2018). Their large values
are primarily concentrated near the thermocline in the eastern Indian Ocean and the western Pacific. Similar
conclusions were obtained across different starting months. This suggests that initial sea temperature errors in
these regions may significantly contribute to prediction uncertainties of IOD events, indicating particular
sensitivity of prediction errors to initial sea temperature errors in these areas. Consequently, these regions
represent potential sensitive areas for targeted observation in IOD predictions.

Meanwhile, the dominant spatial modes of initial wind field errors are analyzed. Taking starting month October
(− 1) as an example, Figure 3 illustrates that initial errors in zonal wind components are significantly larger than
those in meridional wind components, highlighting the critical role of initial zonal wind errors in IOD predictions.
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These errors exhibit a distinct east–west dipole pattern over the tropical Indian Ocean and Pacific Ocean, which
are well coupled with the initial sea temperature errors in Figure 2. The initial errors exhibit localized charac-
teristics, with large values mainly concentrated over the tropical Indian Ocean and tropical western Pacific re-
gions, respectively. This spatial distribution suggests that initial zonal wind errors in these specific regions make
substantial contributions to IOD prediction uncertainties, indicating particular sensitivity of prediction errors to
initial zonal wind errors in these areas. Consequently, these areas may represent potential sensitive areas for
targeted observation in IOD forecasting. While the dominant error patterns consistently maintain dipole modes
over the Indian and Pacific Oceans for starting months January (0), and April (0), the large‐value areas vary with
different starting months. In addition to the dipole‐pattern areas identified above, a large‐value area is also present
at 500 hPa; however, it is demonstrated to be insensitive and is therefore excluded from further discussion (figure
omitted). Furthermore, for starting month July (0), the large values are mainly concentrated over the Indo‐Pacific
warm pool. This suggests that the optimal locations for wind field observations may vary depending on the
starting months of IOD predictions.

To ensure a fair comparison of the impacts of initial sea temperature and wind field uncertainties on IOD pre-
dictions, we defined three potential sensitive areas, each containing an equal number of grid points: the Indian
Ocean temperature area (IO_Temp), the Pacific Ocean temperature area (PO_Temp), and the zonal wind area
(UWind). The large‐value areas of initial sea temperature errors in Figure 2 were defined as IO_Temp (70–110 m
depth, 5°S–5°N, 85°E− 105°E) and PO_Temp (120–160 m depth, 5°S–5°N, 130°E− 150°E). The wind field
sensitive areas vary with starting months. For the starting month of October (− 1), two large‐value areas were
identified: IO_UWind (5°S–5°N, 55°E− 95°E, 550–1,000 hPa) and PO_UWind (5°S–5°N, 140°E− 155°W, 700–
950 hPa). For the starting of month January (0), the large‐value areas are primarily located at IO_UWind (5°S–5°
N, 60°E− 90°E, 500–1,000 hPa) and PO_UWind (5°S–5°N, 125°E− 155°E, 500–1,000 hPa). For the starting
month of April(0), the main large‐value areas are IO_UWind (5°S–5°N, 90°E− 130°E, 500–900 hPa) and
PO_UWind (5°S–5°N, 140°E− 175°E, 600–1,000 hPa). For the starting month of July (0), the large‐value areas
are primarily concentrated in IO_UWind (5°S–5°N, 115°E− 147°E, 450–985 hPa) and PO_UWind (5°S–5°N,
148°E− 180, 450–985 hPa). IO_UWind and PO_UWind are collectively referred to as UWind.

Figure 2. Equatorial (5°S–5°N) initial sea temperature errors for the leading mode of the C‐EOF analysis of C‐CNOPs,
shown for the starting months of (a) October (− 1), (b) January (0), (c) April (0), and (d) July (0). Black boxes represent the
areas where the large values of the dominant pattern are located. (units: °C).
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4. Evaluating the Effectiveness of Potential Sensitive Areas in Enhancing IOD Forecast
Skill
In Section 3, we identified several potential temperature and wind field sensitivity areas. However, two key
questions remain unresolved: (a) Are these areas truly the sensitive areas of IOD events? In other words, can
enhancing the initial field accuracy within these areas effectively improve IOD forecast skill? (b) Among them,
which area is the most sensitive? To address these questions, we conducted a series of idealized experiments.

We selected 10 positive IOD events from the 100‐year GFDL CM2p1 model simulation to serve as “observa-
tions” (identical to those analyzed in Section 2). For each 1‐year “observation,” the remaining 99 years of model
data were treated as 99 “predictions” with a 12‐month lead time, initialized in October (− 1), January (0), April (0),
and July (0). Since these “predictions” differ solely due to variations in initial conditions, they effectively
represent ensemble forecast members integrated from different initial fields. The full collection of 99 “pre-
dictions” serves as the “original” ensemble forecast.

Figure 3. Initial zonal wind errors (left panels) and meridional wind errors (right panels) along the equator (5°S–5°N) for the
leading mode of the C‐EOF analysis of C‐CNOPs. Results are shown for the starting months of (a, b) October (− 1), (c, d)
January (0), (e, f) April (0), and (g, h) July (0). Black boxes represent the areas where the large values of the dominant pattern
are located. (units: m/s).
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According to the definition of targeted observations, enhancing initial field accuracy by assimilating additional
observations within sensitive areas—rather than observations in other regions with the same number of grid
points—should more effectively improve forecast skill. Furthermore, if an initial field exhibits sufficient simi-
larity to the “observation” within a given area, it can be interpreted that this initial field was derived through the
assimilation of observational data in that area. Consequently, initial fields that exhibit similarity to “observations”
within sensitive areas will yield superior forecast skill compared to those showing similarity in other regions,
particularly in the absence of model errors, as assumed in this study. For each “observation,” we selected
“predictions” whose initial fields showed strong similarity to the “observation” within different potential sensitive
areas, based on two selection criteria: (a) spatial correlation coefficients between the initial fields of “prediction”
and “observation” within the potential sensitive area exceeding 0.7, and (b) initial field errors within the potential
sensitive area lower than the root mean square error across all “predictions.” A sensitivity test employing stricter
and more lenient criteria confirmed that main conclusions remain unchanged, indicating the robustness of our
primary conclusions. These selected individual “predictions” formed “new” ensemble forecasts corresponding to
different potential sensitive areas. We then quantified forecast skill using ensemble forecast metrics. Through
comparative analysis of forecast skill across different potential sensitive areas—including assessment of im-
provements relative to the “original” ensemble forecast—we evaluated their relative effectiveness in improving
the forecast skill of IOD events. Regions yielding the highest forecast skill were identified as the most sensitive.
Unlike conventional Observing System Simulation Experiment (OSSE) or Observing System Experiment (OSE)
experiments, our approach eliminates the influence of model errors, bypasses the assimilation process, and avoids
initial shock effects. This allows for a more direct assessment of how initial uncertainties in different potential
sensitive regions impact IOD predictions.

4.1. Evaluating the Relative Effectiveness of Potential Sea Temperature andWind Field Sensitive Areas in
Enhancing IOD Forecast Skill

Using a single “observation” as an example, we first examine the relationship between prediction errors and initial
field similarity in different potential sensitive areas, providing a preliminary assessment of the sensitivity of
prediction uncertainties to initial errors in these areas. For each starting month, we calculated correlation co-
efficients between initial fields of 99 “predictions” and “observation” within each potential sensitive area, along
with their corresponding prediction errors. Figure 4 shows scatter plots of correlation coefficients versus pre-
diction errors for different potential sensitive areas. The results reveal that for forecasts initialized in October (− 1)
and July (0), a strong inverse relationship exists for the IO_Temp area—specifically, higher correlation co-
efficients correspond to smaller prediction errors, and vice versa. This implies that when the initial sea tem-
perature fields of “predictions” more closely resemble the “observation” within the IO_Temp area, the prediction
errors are smaller. Consequently, improving the accuracy of initial sea temperature fields in the IO_Temp area‐ by
assimilating additional observations there, could help reduce prediction errors and improve IOD forecast skill.
Moreover, the corresponding trend lines exhibit the steepest slopes, suggesting that prediction uncertainties are
most sensitive to initial errors in this area. In contrast, for the starting months January (0) and April (0), the UWind
area exhibits a more consistent and robust correlation‐error relationship with the largest absolute slopes of tend
lines, where data points cluster tightly around the trend line. These results indicate that prediction uncertainties are
most sensitive to initial errors in the UWind area for these starting months.

These different sensitivities fundamentally stems from the strongly season‐dependent physical processes gov-
erning the development and decay of the IOD. For the starting month October (− 1), an IOD event is only a
potential outcome. The subsurface heat content in the eastern Indian Ocean (the IO_Temp area) acts as the
primary “energy reservoir” for a possible future event. While atmospheric field sensitivity exists, the wind field is
not yet organized, making oceanic thermal conditions more influential than winds at this stage. For the starting
months January (0) and April (0), the Bjerknes positive feedback is becoming active. The wind field acts as the
“engine” of the Bjerknes feedback. Erroneous westerly anomalies over the Indian Ocean would suppress up-
welling, warm the eastern basin, and potentially abort a developing positive IOD event. Besides, wind errors over
the western Pacific can alter the Walker circulation, inducing subsidence or uplift over the Indian Ocean, thereby
enhancing or suppressing IOD growth. Therefore, errors in the wind field can rapidly disrupt the Bjerknes
feedback, making winds more sensitive than the ocean's initial thermal state. For the starting month July (0), the
event is already well‐developed, and the ocean and atmosphere are tightly locked in a positive feedback. Errors in
the eastern Indian Ocean subsurface (IO_Temp) become critical, as they directly affect the maintenance of the
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surface cold tongue via upwelling. At this stage, the system is so strongly coupled that errors in either the ocean or
wind field can cause significant disruption, especially in the IO_Temp area, resulting in high sensitivity.

To further quantitatively evaluate the relative effectiveness of potential temperature and wind field sensitive areas
in improving IOD forecast skill, we constructed “new” ensemble forecasts by selecting members from the 99
“predictions” that exhibited both high initial‐field correlation and low errors in the three key areas. Taking one
“observation” as an example, Figures 5a–5d display the DMI evolution for both selected ensemble members and
their ensemble mean for the IO_Temp area. The results show that for the starting months October (− 1) and April
(0), although a few members predicted the positive IOD event, the “new” ensemble mean forecast showed no
significant improvement over the “original” ensemble mean forecast, even exhibiting lower skill in some months.
For other starting months, a number of members successfully captured the positive IOD event, with the “new”
ensemble mean forecast outperforming the “original” ensemble mean forecast. The most dramatic enhancement
occurred for the starting month July (0), where most selected members accurately predicted the observed positive
IOD event, demonstrating substantially higher skill than the “original” ensemble mean forecast. These results
indicate that to improve the accuracy of initial fields in the IO_Temp areas‐particularly for the starting month July
(0)‐ can largely improve the IOD forecast skill. This demonstrates that prediction uncertainties of IOD events are
sensitive to initial errors in the IO_Temp area, especially for the starting month July (0). However, the finding that
some members with excellent initial‐field correlations (>0.9) still failed to predict the event in other starting
months suggests that while the IO_Temp area is important, it may not represent the most critical sensitive area for
IOD prediction. In contrast, the PO_Temp area exhibited higher forecast skill for the starting month April (0), but
lower skill for July (0) (Figures 5e–5h). Notably, most ensemble members for the UWind area consistently and

Figure 4. Scatter plots illustrating the relationship between correlation coefficients and prediction errors for the IO_Temp, PO_Temp, and UWind areas for different start
months. The correlation coefficients were calculated between initial fields of 99 “predictions” and their corresponding “observation” within each potential sensitive
area. The linear best fits (solid lines) are displayed together with the correlation coefficient R (correlation—error) and P value from the regression.
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accurately predicted positive IOD events across all starting months, significantly outperforming those for both the
IO_Temp and PO_Temp areas. This indicates that IOD prediction uncertainties are highly sensitive to initial
errors in the UWind area. Consequently, precise initialization of initial wind field in this area can probably lead to
successful IOD predictions, even at long lead times. This finding complement and significantly extend previous
studies by revealing a previously underappreciated dominance of wind field uncertainties (Feng et al., 2017; Liu
et al., 2018; Luo et al., 2007; Wajsowicz, 2005).

The improvement of “new” ensemble forecasts over the “original” ensemble forecasts was quantitatively assessed
in Figure 6, which displays IMPACT values for different potential sensitive areas. IMPACT is defined as the
difference in prediction errors between the “new” and “original” ensemble mean forecasts, where a negative value
signifies reduced errors and improved forecast skill. As illustrated in the figure, IMPACT is predominantly
negative across most starting months, indicating that the “new” ensemble forecast—derived from different po-
tential sensitive areas—generally improves forecast skill. The sole exception is the starting month October (− 1),
where skill is not almost improved. This is because, the predictable signal in October (− 1) is too weak relative to
the inherent noise—such as random intraseasonal variability, unpredictable weather events. Although observa-
tions assimilated in these areas capture the initial state, forecast skill remains limited. Moreover, these predictions
span both the SPB and the WPB. Over such a long duration, even small initial uncertainties can amplify through
these barriers, resulting in large prediction uncertainties. A comparative analysis further reveals that for the
starting months January (0) and April (0), the UWind area exhibits the largest absolute IMPACT values and yields

the highest forecast skill. Conversely, for October (− 1) and July (0), the
IO_Temp area demonstrates higher forecast skill, and the UWind area ex-
hibits values comparable to those of the IO_Temp area. This pronounced
improvement underscores the UWind area's critical role in IOD prediction,
suggesting that prioritizing accurate initialization in this region could sub-
stantially enhance forecast skill. Furthermore, since the UWind area com-
poses both the IO_UWind and PO_UWind areas, we further compare their
relative contributions (figure omitted). The IMPACT values show that the
PO_UWind area presents absolute values slightly lower than those of the
UWind area but still significantly higher than those of the IO_UWind area.
This indicates that zonal wind over the western Pacific Ocean plays a more
important role in IOD prediction than that over the Indian Ocean, especially at
longer lead times.

Then, how do these “new” ensemble forecasts influence forecast skill in
winter and summer and, consequently, the WPB and SPB phenomena? To
further address this question, we calculated IMPACT‐S, which measures the

Figure 5. Evolution of the DMI in selected ensemble members (black lines), their mean (red lines), observations (green lines), and the “original” ensemble mean (blue
lines) for three sensitivity areas (IO_Temp, PO_Temp, and UWind). The starting months are October(− 1), January(0), April(0), and July(0), where − 1 indicates the year
preceding the IOD event and 0 denotes the event year, respectively.

Figure 6. Annual mean IMPACT values for three sensitivity areas (IO_Temp,
PO_Temp, and UWind). IMPACT quantifies the difference in prediction
errors between the “new” and “original” ensemble mean forecasts. Results
are shown for initialization in October(− 1), January(0), April(0), and July
(0), where − 1 indicates the year preceding the IOD event and 0 denotes the
event year, respectively.
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difference in prediction errors between the “new” and “original” ensemble
mean forecasts for winter and summer across different potential sensitive
areas (Figure 7). Negative values signify reduced errors and improved fore-
cast skill. The “new” ensemble mean forecasts for the UWind area signifi-
cantly reduce winter prediction errors across the most starting months,
thereby mitigating the WPB phenomenon and improving forecast skill. In
comparison, the ensemble mean forecasts for the IO_Temp area also reduce
winter prediction errors, though to a lesser extent, while, the forecasts for the
PO_Temp area show the smallest improvement. This suggests that winter
prediction uncertainties are most sensitive to initial errors in the UWind area,
followed by the IO_Temp area. Summer prediction uncertainties show similar
primary sensitivity to initial errors in the UWind area, but secondary sensi-
tivities to those in the IO_Temp and PO_Temp areas. These results regarding
the sea temperature initialization impacts are consistent with previous studies
(Feng & Duan, 2019; Feng et al., 2017; Liu et al., 2021). However, they
ignored the primary role of wind initialization. Our findings imply that

assimilating additional observations in the UWind area (followed by the IO_Temp area) to enhance initial field
accuracy would largely reduce winter and summer prediction errors and mitigate the WPB and SPB phenomena.

The preceding discussion focused on a single “observation” case. To strengthen our findings, we now expand the
analysis to include 10 “observations.” The results confirm that the core conclusions remain consistent with the
earlier analysis. Furthermore, we evaluate the deterministic forecast skill of “new” ensemble forecasts, and access
the effectiveness of various potential sensitive areas in improving IOD forecast skills. We analyze their ACC and
RMSE across different potential sensitive areas, as illustrated in Figure 8. Using ACC > 0.5 as the threshold for
skillful forecasts, the IO_Temp area performs well at shorter lead times, successfully predicting IOD events up to
4 months in advance. This is primarily because, the initial oceanic memory in the Indian Ocean plays a significant
role at shorter lead times. As the lead time increases, the influence of initial local oceanic memory gradually
diminishes. Crucially, IOD evolution is not merely a local process; it is also modulated by remote wind forcing
from the tropical Pacific. When models fail to accurately capture this critical remote influence from the Pacific,
such deficiencies rapidly amplify, leading to substantial prediction errors and low forecast skill. As a result,
forecast skill declines significantly at longer lead times. The PO_Temp area, though initially less skillful than the
IO_Temp area, maintains relatively high ACC values over longer lead times. Notably, the UWind area out-
performs the others, and the lead time of skillful forecast extends to 10 months—significantly longer than other
areas. Consistent with the ACC results, the UWind area also exhibits the smallest RMSE, further confirming its
superior forecast skill. In contrast, the IO_Temp and PO_Temp areas show higher RMSE values, aligning with
their respective ACC performance trends. These findings robustly demonstrate that the UWind area yields the
highest forecast skill for IOD predictions. Consequently, we conclude that this area is the sensitive area for IOD
predictions. Enhancing the accuracy of initial conditions in this area would most effectively enhance IOD forecast
skill.

4.2. Evaluating the Effectiveness of Coupled Sensitive Areas in Enhancing IOD Forecast Skill

Building on our previous analysis comparing the relative impacts of initial sea temperature and wind field un-
certainties on IOD predictions, we established that the UWind area is the most sensitive for IOD predictions.
However, in operational forecasting, initial uncertainties typically occur across multiple coupled spheres rather

Figure 7. IMPACT‐S values in winter (JFM) and summer (JAS) for three
areas (IO_Temp, PO_Temp, and UWind). IMPACT‐S signifies the
prediction error differences between the “new” and “original” ensemble
mean forecasts. Results are organized by starting months: October(− 1),
January(0), April(0), and July(0), where − 1 indicates the year preceding the
IOD event and 0 denotes the event year, respectively.

Figure 8. (a) ACC and (b) RMSE of the DMI compared with the observations. The results are for three sensitivity areas:
IO_Temp (red lines), PO_Temp (blue lines), and UWind (green lines).
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than being isolated to the wind field alone. To understand how initial coupling
uncertainties affect IOD predictability, we examine four dynamically
coupled areas for each starting month: IO_Temp&IO_UWind, IO_Temp&-
PO_UWind, PO_Temp&IO_UWind, and PO_Temp&PO_UWind. These
combinations integrate the previously identified sea temperature and wind
field sensitivity areas for each respective starting month.

Using a representative observational case, we constructed “new” ensemble
forecasts by selecting members from the 99 “predictions” that exhibited both
high initial‐field correlation and low errors in the four coupled areas. Figure 9
quantitatively evaluates the improvement of these “new” ensemble forecasts
over the “original” ensemble through IMPACT analysis for different starting
months. IMPACT is negative across most starting months, indicating that the
“new” ensemble forecasts—derived from different potential sensitive areas—
generally improve forecast skill. The primary exception is the starting month
October (− 1), where IMPACT values are positive for some areas, indicating a

reduction in forecast skill. However, the IO_Temp&PO_UWind area presents a notably negative IMPACT value
for this starting month, indicating a clear improvement in forecast skill. Further comparative analysis reveals that,
the IO_Temp&PO_UWind area yields the largest absolute IMPACT values across all starting months, indicating
the highest forecast skill‐significantly outperforming the UWind area. These findings underscore that incorpo-
rating initial coupling uncertainties improves forecast skill, particularly in the “new” ensemble forecast derived
from the IO_Temp&PO_UWind area, emphasizing the critical importance of properly accounting for initial
coupling uncertainties.

Furthermore, we assess the deterministic forecast skill of “new” ensemble forecasts across all the 10 “observa-
tions.” By analyzing their ACC and RMSE for each potential sensitive area (Figure 10), we find that the
IO_Temp&PO_UWind region consistently outperforms others at all lead times. Using ACC> 0.5 as the threshold
for skillful forecasts, the IO_Temp&PO_UWind area successfully predicts IOD events up to 10 months in
advance, exhibiting systematically higher ACC values than the previously validated UWind sensitive area (as
established in Section 4.1). Moreover, it exhibits the lowest RMSE among all potential sensitive areas, further
validating its superior forecast skill. These results strongly indicate that the IO_Temp&PO_UWind area yields the
highest forecast skill for IOD predictions. We therefore conclude that this area represents the most sensitive area
for IOD predictions. Improving the accuracy of initial conditions in this area, through targeted observations and
their assimilation into numerical models would most effectively improve IOD forecast skill.

By comparing forecast results based on the IO_Temp&PO_UWind sensitive area (illustrated using one forecast
member) with those from other coupled areas (e.g., PO_Temp&IO_UWind) against one “observation,” we
analyze why the IO_Temp&PO_UWind area exhibits higher sensitivity. In other words, why does improving
initial field accuracy in this area lead to higher IOD forecast skill? Figure 11 presents the evolution of SST and
lower‐level wind field anomalies initialized in January. In the initial fields (January), the forecast member for the
IO_Temp&PO_UWind area shows strong consistency with “observation” over the western Pacific, where ex-
hibits anomalous southwesterly winds. However, over the Indian Ocean, this member displays northeasterly wind
anomalies, different from the “observation.” In contrast, the PO_Temp&IO_UWind member closely matches the

Figure 9. Annual mean IMPACT values for different potential sensitivity
areas. IMPACT quantifies the difference in prediction errors between the
“new” and “original” ensemble mean forecasts. Results are shown for
initialization in October(− 1), January(0), April(0), and July(0), where − 1
indicates the year preceding the IOD event and 0 denotes the event year,
respectively.

Figure 10. (a) ACC and (b) RMSE of the DMI compared with the observations. The results are for different potential
sensitivity areas: IO_Temp (red lines), PO_Temp (blue lines), UWind (green lines), IO_Temp&IO_UWind (purple lines),
IO_Temp&PO_UWind (dark blue lines), PO_Temp&IO_UWind (brown lines), and PO_Temp&PO_UWind (yellow lines).
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observed northwesterly wind anomalies over the Indian Ocean but diverges in the western Pacific, producing
anomalous southeasterly and northeasterly winds instead. This raises the first question: Which factor is more
critical for accurately predicting a positive IOD event—correctly capturing the western Pacific wind field (i.
e., IO_Temp&PO_UWind area) or the Indian Ocean wind field (i.e., PO_Temp&IO_UWind area)? Furthermore,
a comparable analysis was conducted for subsurface temperature anomaly distributions (figure omitted). The
IO_Temp&PO_UWindmember successfully captures the observed negative temperature anomalies in the eastern
Indian Ocean, whereas the PO_Temp&IO_UWind member captures the subsurface temperature anomalies in the
western Pacific but fails to reproduce the cold anomalies in the eastern Indian Ocean. Consequently, another key
question emerges: Which factor is more important for IOD prediction—correctly capturing the subsurface
temperature anomalies in the eastern Indian Ocean or western Pacific? Our comparative analysis demonstrates
that the forecast member for the IO_Temp&PO_UWind area correctly captures the observed anomalous wind
field over the western Pacific at the initial time, which subsequently perturbs the Walker circulation, and induces
anomalous subsidence over the eastern Indian Ocean (Figure 12b), which is consistent with “observation.” This
subsidence leads to surface wind divergence, promoting upwelling of cold subsurface water. Concurrently, the
observed negative subsurface temperature anomalies in the eastern Indian Ocean further amplify this cooling
through enhanced upwelling, favoring the development of a positive IOD event. Conversely, the forecast member
for the PO_Temp&IO_UWind area generates anomalous southeasterly/northeasterly winds over the western
Pacific. These winds induce anomalous ascent over the eastern Indian Ocean (Figure 12c). In combination with
the positive subsurface temperature anomalies in the eastern Indian Ocean, this setup favors warming in the
eastern Indian Ocean, ultimately leading to a negative IOD event. This set of comparative cases indicates that, the
IO_Temp&PO_UWind member can successfully predict the observed positive IOD despite large initial wind
field errors over the Indian Ocean. In contrast, the PO_Temp&IO_UWind member, despite accurately captures
Indian Ocean wind field, fails to predict the positive IOD due to incorrect wind field over the western Pacific.
These results highlight the greater importance of initial wind fields over the western Pacific. Similarly, it is found
that accurately simulating subsurface temperature in the eastern Indian Ocean is more critical for IOD forecasting
than that in the western Pacific. This highlights the greater importance of eastern Indian Ocean subsurface
temperature. The identified coupled sensitive area accounts for both the Pacific's remote influence on IOD
development—consistent with prior studies (Yang et al., 2015; Zhang et al., 2015)—and the crucial role of local
ocean. This underscores the necessity of considering initial coupling uncertainties to improve IOD forecast skill,
reaffirming the value of coupled sensitive area analysis.

Figure 11. Evolution of SST (°C, shading) and lower‐level wind field anomalies (m/s, vectors) initialized from January, comparing forecast members based on (b) the
IO_Temp&PO_UWind sensitive area, (c) the PO_Temp&IO_UWind area, and (a) the “observation.”
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5. Discussion
Feng et al. (2017) investigated the impact of initial sea temperature uncertainties on IOD predictability, and
identified a sensitive area for targeted observation, located mainly in the eastern tropical Indian Ocean (5°S–5°N,
85°E− 105°E) at a depth of 95 m. They suggested that conducting intensive observations in this specific area,
compared to other oceanic areas, could more effectively improve the forecast skill of IOD events. In the present
study, we compare the relative importance of initial sea temperature and wind field uncertainties on IOD pre-
dictability. Our results demonstrate that initial wind field uncertainties, particularly in the zonal component over
the western Pacific, exert a greater influence on IOD prediction than initial sea temperature uncertainties.
Furthermore, we explore the effect of initial air‐sea coupling uncertainties on IOD predictability and identify a
coupled sensitive area, referred to as the IO_Temp&PO_UWind. It is noted that, this coupled sensitive area
encompasses the sensitive area previously identified by Feng et al. (2017) and contributes more significantly to
improving IOD forecast skill than the individual sea temperature or wind field area.

This study reveals that prioritizing observations in this sensitive area and assimilating these observations into
models to improve the accuracy of initial conditions could substantially improve IOD forecast skill. The coupled
sensitive area identified in this study provides guidance on where observations should be prioritized. However,
given the constraints in observational resources, a critical question remains: how should limited observations be
deployed in practice, especially when the coupled sensitive areas vary with the starting months? Previous studies
have shown that, in the context of events such as typhoons, targeting observations at locations with the largest
initial errors can markedly improve forecast skill (Qin et al., 2022). Meanwhile, Duan et al. (2018) proposed a

Figure 12. Evolution of the Walker circulation anomalies (arrow; the vertical velocity component has been multiplied by 400) and the vertical velocity anomalies
(shaded; units: 1/400 Pa/s) initialized from January, comparing forecast members based on (b) the IO_Temp&PO_UWind sensitive area, (c) the PO_Temp&IO_UWind
area, and (a) the “observation.” The zonal average is taken over 10°S–10°N.
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quantitative frequency‐based method to identify sensitive areas in predictions of two types of El Niño, given the
dependence of the sensitive areas on related El Niño types and the starting months. Hindcast experiments
confirmed that such an observational array is highly effective in distinguishing two types of El Niño and out-
performs the conventional TAO/TRITON array. Building on these insights, one potential strategy involves a
three‐step process: first, ranking grid points within this sensitive area based on the magnitude of their initial errors
in descending order; second, computing the frequency of large‐magnitude initial errors among all the starting
months; and finally, prioritizing observations at points with both high error values and high frequencies. Whether
such a targeted observation strategy can effectively improve IOD forecast skill remains a subject for future
research.

6. Summary
This study employs the C‐CNOP method to identify sensitive areas of IOD events by incorporating initial
coupling uncertainties, and access the effectiveness of the sensitive areas in improving IOD forecast skill.

First, we examine the sensitivity of IOD prediction uncertainties to initial conditions across multiple variables and
identify the dominant spatial patterns of initial coupling uncertainties that most cause large prediction un-
certainties and significantly limit IOD forecast skill. Initial sea temperature errors are primarily concentrated near
the thermocline in the eastern Indian Ocean and western Pacific, while initial zonal wind errors exhibit a distinct
east–west dipole pattern over the tropical Indian and Pacific Oceans with maxima localized over the tropical
Indian Ocean and tropical western Pacific. These wind errors are strongly coupled with sea temperature errors.

Next, we examine the relationship between prediction errors and initial field similarity in three key areas
(IO_Temp, PO_Temp, and UWind). Our results reveal that prediction uncertainties are differentially sensitive to
initial errors in these three areas. Furthermore, we constructed ensemble forecasts by selecting members with high
initial‐field correlation and low errors in the three key areas. Results demonstrate that IOD prediction un-
certainties are particularly sensitive to initial errors in the UWind area. Notably, the UWind area shows the highest
absolute IMPACT values for the starting months of January (0) and April (0), with values comparable to those of
the IO_Temp area for the starting months of October (− 1) and July (0). Furthermore, winter and summer pre-
diction errors are most strongly sensitive to initial errors in the UWind area. Forecast skill assessments (ACC)
confirm that the UWind area outperforms other areas. This marked improvement underscores the critical role of
wind field initialization in IOD prediction, contrasting with prior studies (Feng et al., 2017; Liu et al., 2018; Luo
et al., 2007; Wajsowicz, 2005) that emphasized sea temperature initialization.

To further access how initial coupling uncertainties affect IOD predictability, we examine four dynamically
coupled areas for each starting month: IO_Temp & IO_UWind, IO_Temp & PO_UWind, PO_Temp & IO_U-
Wind, and PO_Temp & PO_UWind. Among these, the IO_Temp & PO_UWind region yields the highest ab-
solute IMPACT values across all starting months, significantly outperforming the UWind‐only area. This finding
suggests that the IO_Temp&PO_UWind area yields the highest forecast skill, and this area is the most sensitive
area for IOD predictions. Improving the accuracy of initial conditions in this area would most effectively improve
IOD forecast skill. The forecast member based on the IO_Temp & PO_UWind area accurately simulates
anomalous western Pacific wind fields, perturbing the Walker circulation and inducing anomalous subsidence
over the eastern Indian Ocean. This drives surface wind divergence, enhancing upwelling of cold subsurface
water. Concurrently, negative subsurface temperature anomalies in the eastern Indian Ocean further amplify
cooling, favoring positive IOD development. Comparative analysis with other coupled areas (e.g., PO_Temp &
IO_UWind) confirms the superior sensitivity of the IO_Temp & PO_UWind area.

Our findings diverge from previous research by highlighting the critical role of wind field initialization, as well as
the importance of initial coupling uncertainties. These insights provide a theoretical foundation for advancing
coupled data assimilation and ensemble forecasting in IOD prediction. While our approach eliminates the in-
fluence of model errors, bypasses data assimilation, and avoids initial shock effects, future work could employ
Observing System Simulation Experiment (OSSE) to future assess the effectiveness of this coupled sensitive area
in improving IOD forecast skill. Such experiments, particularly when conducted using alternative coupled
models, would help validate the effectiveness of our results. It should be noted that the conclusions of this study
are based on the GFDL CM2p1 model only. Although this model has been widely demonstrated to reasonably
reproduce key features of the IOD (e.g., Feng et al., 2014), different models exhibit differences in their mean
climate states and the strength of coupled feedback. As a result, the precise locations of the identified sensitive
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areas may vary across models. The IO_Temp & PO_UWind coupled sensitive area proposed here should
therefore be regarded as a physically plausible and strongly supported hypothesis within the context of our
modeling framework. Future studies repeating this analysis with different models will be essential to verify the
universality of this sensitive area.
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