Climate Dynamics (2019) 52:3079-3098
https://doi.org/10.1007/500382-018-4316-y

@ CrossMark

Improved seasonal predictive skill and enhanced predictability
of the Asian summer monsoon rainfall following ENSO events in NCEP
CFSv2 hindcasts

Chul-Su Shin'® . Bohua Huang' - Jieshun Zhu?3 . L. Marx' - James L. Kinter III'

Received: 3 April 2018 / Accepted: 13 June 2018 / Published online: 19 June 2018
© Springer-Verlag GmbH Germany, part of Springer Nature 2018

Abstract

The dominant modes of the Asian summer monsoon (ASM) rainfall variability, as well as their seasonal predictive skill and
predictability, are investigated using two sets of seasonal hindcasts made with the NCEP Climate Forecast System (CFSv2):
one from the NCEP CFS Reanalysis and Reforecast Project (CFS_RR) and the other using a Multi-ocean Analyses Ensem-
ble initialization scheme (CFS_MAE). The 1st and 2nd empirical orthogonal function (EOF) modes of the observed ASM
rainfall anomalies correspond respectively to the contemporaneous and delayed responses to El Nifio and the Southern
Oscillation (ENSO) in its developing and decaying years. In general, CFSv2 is capable of skillfully predicting these two
dominant ASM modes on the seasonal time scale up to 5 months in advance. Moreover, the predictive skill of the ASM
rainfall in CFS_MAE is much higher with respect to the delayed ENSO mode than the contemporaneous one. The predicted
principal component of the former maintains high correlation skill and small ensemble spread about two seasons ahead while
the latter is significantly degraded in both measures after one season. A maximized signal-to-noise EOF analysis further
shows that the delayed ASM response to ENSO is also the most predictable pattern at long leads in CFS_RR. The improved
predictive skill of the ASM rainfall following ENSO events originates from the enhanced predictability associated with the
active air-sea feedback in the Indo-northwestern Pacific domain from the ENSO peak to the ENSO demise phase, which are
well captured in the CFSv2 hindcasts.

Keywords Asian summer monsoon - CFSv2 hindcasts - Contemporaneous and delayed responses to ENSO - Seasonal
prediction and predictability

1 Introduction

The Asian summer monsoon (ASM) rainfall supports eco-

systems and human lives in this densely populated region by
Electronic supplementary material The online version of this being a source of abundant water. The ASM rainfall exhibits
article (https://doi.org/10.1007/s00382-018-4316-y) contains large year-to-year variations, and unusual anomalous rainfall
supplementary material, which is available to authorized users. often leads to many weather or climate extreme events such
as floods and droughts. Therefore, better seasonal prediction
of the anomalous monsoon rainfall can have a great impact
on the lives and livelihoods in many Asian countries and
Department of Atmospheric, Oceanic and Earth Sciences has long been a challenging topic in both academic research
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VA 22030, USA Webster et al. 1998).

2 Climate Prediction Center. National Centers It has been recognized that El Nifio and the Southern
for Environmental Predicti’on/NO AA, College Park, MD, Oscillation (ENSO) is one of the main influencing factors
USA on the interannual variability of the ASM rainfall and the
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2000; Wang et al. 2000, 2003, 2017; Lau et al. 2004; Yang
and Lau 2006; Yang and Jiang 2014; Xie et al. 2016; among
others). Relationship between the ASM rainfall variability
and the evolving ENSO with time have been studied pri-
marily on regional scales, such as the monsoons in India,
East Asia, South China Sea (SCS), and northwestern Pacific
(NWP). For instance, many previous studies suggested that
the shift of the atmospheric deep convection center from the
western to the central tropical Pacific in the El Nifio develop-
ing summer often results in suppressed rainfall over India
(e.g., Shukla and Paolino 1983; Webster and Yang 1992). It
is debatable on whether the relationship between ENSO and
the Indian monsoon is weakening or evolving. Some studies
(e.g., Kumar et al. 1999; Kinter et al. 2002; Rajeevan et al.
2012) showed weakened correlations between the ENSO and
monsoon indices in recent decades, while others argued that
the relationship has not changed if different measures are
used (e.g., Kumar et al. 2006; Xavier et al. 2007). Recently,
Cash et al. (2017) found that the range of the correlations
between the Indian monsoon and ENSO using the historical
data is within a reasonable estimate of sampling variation.

On the other hand, many studies examined the delayed
ASM response on regional scales to ENSO during its decay-
ing phase, with an emphasis on the East Asian monsoon at
first. For example, enhanced anomalous rainfall has been
reported near the Yangtze River in China during summer
following El Nifo events (e.g., Wu et al. 2003; Huang
et al. 2004; Zhang et al. 2016). Compared with the earlier
period (late 1950-1979s), this delayed relationship between
the summer monsoon and ENSO has been stronger in the
period 1980-early 2000s in the East Asian and NWP mon-
soon regions (Yun et al. 2010; Wu et al. 2012) as well as the
northern Australia-Indonesia monsoon region (Wang et al.
2008). More recently, Chowdary et al. (2017) showed that
the Indian summer monsoon rainfall variability during the El
Nifio decaying phase is strongly dependent upon the timing
of El Nifio with respect to the boreal summer season (i.e.,
early decay, decay by mid-summer, or no decay in summer).
Wang et al. (2017) also pointed out that different intensities
and evolutions of El Nifio events can give rise to the uncer-
tainty of the East Asian monsoon rainfall response in the
subsequent boreal summer.

Since the beginning of the 21st century, substantial efforts
have been made to evaluate and improve seasonal prediction
of the ASM rainfall as a whole and associated atmospheric
circulations in operational coupled ocean—atmosphere sea-
sonal prediction systems (e.g., Kim et al. 2012) and in hind-
casts by individual models (e.g., Yang et al. 2008; Liang
et al. 2009; Jiang et al. 2013; Zuo et al. 2013) as well as
multiple models with large ensemble members (e.g., Kang
et al. 2002; Wang et al. 2004, 2005, 2009; Kumar et al. 2005;
Chowdary et al. 2010; Li et al. 2012). As a result, it is com-
monly held that state-of-the-art climate models are capable
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of predicting key features of the ASM variability. In par-
ticular, Liang et al. (2009) and Zuo et al. (2013) reported
that the ASM rainfall anomalies are predictable in both the
developing and decaying phases of ENSO with different pat-
terns, based on the hindcasts from the National Centers for
Environment Prediction (NCEP) Climate Forecast System
(CFS).

Figure 1 Shows the seasonal prediction skill and root-
mean-square error of the June—September (JJAS) mean
rainfall anomalies for 1979-2008 using CFSv2 hindcasts
initialized with four different ocean analyses (see Sect. 2
for more details) at 1-month lead (starting from early May)
and 5-month lead (starting from early January). It is impres-
sive that the skill of the 5-month lead forecast (right panels
of Fig. 1) is generally comparable to that of the 1-month
lead forecast (left panels of Fig. 1), although lower skill and
larger error appear over the southwest-northeast oriented
regions from the southeast Indian Ocean (IO) to Malaysia
in the 5-month lead prediction. Under what conditions can
the seasonal prediction skill remain as high for about two
seasons as it is at short leads? This is a main motivation for
this study.

We examine the seasonal predictive skill of the ASM
rainfall using two independent seasonal hindcasts using
NCEP CFS version 2 (CFSv2); one set is from NCEP CFS
Reanalysis and Reforecast (CFSRR) Project (Saha et al.
2014), and the other set was produced using the Multi-ocean
Analyses Ensemble (MAE) initialization method (Zhu et al.
2012a,b, 2013). We aim to: (1) demonstrate that the ASM
predictability has different characteristics in different phases
of the ENSO cycle; and (2) investigate possible physical
mechanisms for the enhanced seasonal predictive skill of the
ASM rainfall in the ENSO decaying years, focusing on the
spatio-temporal evolution of the ASM response from the El
Nifio peak phase to its demise phase. Especially, we intend
to confirm that the Asian monsoon rainfall is more predict-
able during the subsequent summer in the demise phase
of ENSO than in the ENSO developing years. In addition,
the comparison of the seasonal predictive skill of the ASM
rainfall between the two hindcasts sets with different initiali-
zation methods enables us to further explore the possible
impact of the MAE initialization on the seasonal prediction
of the ASM rainfall variability associated with ENSO.

Section 2 describes the observational data, the model
(CFSv2), and two sets of hindcast experiments in detail.
In Sect. 3, we identify the most dominant modes of the
predicted and observed ASM rainfall variability and their
association with ENSO, and examine the seasonal predictive
skill and predictability of the ASM rainfall. Possible mecha-
nisms for the enhanced predictability of the ASM rainfall in
the ENSO decaying years are discussed in Sect. 4. Compos-
ite analysis of the ASM rainfall anomalies for six El Nifio
events further confirms better prediction of the ASM rainfall
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Fig. 1 a Temporal correlation coefficient skill and b RMSE (mm/day)
of CFSv2 predicted JJAS (June—September) mean rainfall anomalies
at 1-month lead (left) and 5-month lead (right) for 1979-2008. The

following ENSO at long leads than in the ENSO onset years
in Sect. 5. Summary and discussion follow in Sect. 6.

2 Model and two independent seasonal
hindcasts datasets

The CFSv2 is a coupled dynamical climate system. The
atmospheric model of the CFSv2 is a lower resolution ver-
sion of the Global Forecast System (GFS), which has a spec-
tral horizontal resolution of T126 (equivalent to about 1°
grid spacing) and 64 vertical levels in a hybrid sigma-pres-
sure coordinate. The oceanic component is the Geophysical
Fluid Dynamics Laboratory (GFDL) Modular Ocean Model
(MOM) version 4. It has a horizontally 0.5° x 0.5° grid
spacing in the poleward side of 30° with gradually increas-
ing meridional resolution to 0.25° inside of 10° while there
are vertically 40 levels (27 levels in the upper 400 m) with
the maximum depth of about 4.5 km. The sea ice compo-
nent is a 3-layer global interactive dynamical sea-ice model
with predicted fractional ice cover and thickness (Winton
2000) while the land surface component is the Noah land
surface model. The oceanic component is coupled between

3 4 5

dotted lines in a represent 95% confidence level, and the orange box
in b indicates the domain of the Maritime Continent in this study

the atmosphere and sea ice at every 30 min by exchanging
surface momentum, heat, freshwater fluxes, and sea surface
temperature (SST). More details about CFSv2 can be found
in Saha et al. (2014). The version of the model used in this
study follows the revisions described in Huang et al. (2015).

Zhu et al. (2012a, b, 2013) demonstrated that poor rep-
resentation of the uncertainty in Ocean Initial Conditions
(OICs) is a major source of overconfidence in seasonal fore-
casts. Therefore, the forecasting reliability can be improved
by better sampling the uncertainties in OICs through the
MAE initialization approach. In this study, using the MAE
initialization method for ocean ensemble generation, we
have conducted CFSv2 hindcasts initialized with four differ-
ent ocean analyses for 30 years (1979-2008): (1) NCEP Cli-
mate Forecast System Reanalysis (CFSR, Saha et al. 2010),
(2) NCEP Global Ocean data Assimilation System (GODAS,
Behringer 2007), (3) European Centre for Medium-Range
Weather Forecast (ECMWF) COMBINE-NV (Balmaseda
et al. 2010), and (4) ECMWEF Ocean Reanalysis System 3
(ORA-S3, Balmaseda et al. 2008). Note that these ocean
analyses are produced with their own respective ocean
models, assimilation schemes and collections of observa-
tional datasets. For all four sets of CFSv2 hindcasts, the
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instantaneous fields from the NCEP CFSR are commonly
used as the atmosphere, land, and sea-ice initial conditions.
Each set of hindcast experiments with the same OIC has four
ensemble members by selecting atmospheric, land surface,
and sea-ice states, which are the instantaneous fields at 00Z
of the first four days in each starting month, respectively.
Therefore, an ensemble of 16 members is generated for each
hindcast. Unlike the instantaneous land and atmosphere
initial conditions, monthly mean ocean fields are linearly
interpolated to the start dates of each month, because the
instantaneous oceanic fields are not always available for all
four ocean analyses. For example, the average of January
and February mean ocean fields is used as the OIC for the
start days in February. As a result, it is possible that process
of generating OICs may smooth out some characteristics of
intraseasonal ocean variability, although it can in parallel
reduce noise in the ocean analyses. Zhu et al. (2012b) have
shown that the prediction skill of ENSO in the CFSv2 hind-
casts initialized with the monthly mean OICs is comparable
to that based on instantaneous OICs (see their supplemental
materials). These hindcast experiments start every month
from January to May and finish at the end of September each
year from 1979 to 2008. Hence, the hindcasts starting in
January include retrospective forecasts up to 9 months lead,
ones starting in February include forecasts up to 8 months
lead, and so on.

We have comprehensively evaluated the prediction skill
and reliability of SST and precipitation in these hindcasts
with the MAE initialization scheme (Shin et al. submitted).
The CFSv2 hindcasts initialized with the different OICs
differ substantially in their predictive skill as the lead-time
increases. More importantly, there is no outstanding char-
acteristic to determine which set of hindcasts performs the
best or worst among the four different OICs. Rather, the best
or worst performer varies in lead-month as well as starting
calendar month. On the other hand, the prediction skill of
the 16-member ensemble mean is equivalent to the best skill
among the individual hindcasts for all lead times and all
starting calendar months. This suggests that the forecast with
the MAE initialization is more reliable than any of those
derived from individual ocean analysis. In the remainder of
this paper, we use the CFSv2 16-member ensemble mean
hindcasts with the MAE initialization and refer them to as
CFS_MAE.

In addition to CFS_MAE, we also analyzed the hindcasts
from the NCEP CFSRR for 1982-2009, which were produced
by NCEP using CFSv2 (Saha et al. 2014). The CFSRR hind-
casts have instantaneous initial conditions from the NCEP CFS
Reanalysis (CFSR, Saha et al. 2010) at 00Z, 06Z, 12Z, and
18Z for every 5 days beginning on January 1st of each year,
with each run extending to 9 months. Therefore, their initial
states are from a single reanalysis system and their ensem-
ble members in both atmosphere and ocean initial states were
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generated by the lagged ensemble method, having an ensemble
size of 24 forecasts for each month (see Appendix B of Saha
et al. (2014) for details). In this study, we used 16-member
hindcasts whose initial conditions (IC) are closest to the start-
ing dates of CFS_MAE. For example, the 16 forecasts for
May are from ICs on April 21 and 26, as well as May 1 and
6 at 00Z, 06Z, 127, and 18Z. The 16-member ensemble hind-
casts starting from January to May are referred to as CFS_RR
hereafter.

The observed monthly rainfall used for verification comes
from the Climate Prediction Center (CPC) Merged Analysis
of Precipitation (CMAP) data (Xie and Arkin 1997). The
observed monthly SST data are the global the extended recon-
structed SST, version 3 (ERSSTv3; Smith et al. 2008) and
ocean surface heat fluxes are the objectively analyzed air-sea
heat fluxes (OAFlux; Yu et al. 2008). The observed atmos-
pheric fields are from the ERA-Interim atmospheric reanaly-
sis. Boreal summer (June—September, JJAS) anomalies are
calculated as the deviation of JJAS mean from the long-term
climatology. Note that the climatology is separately defined
for the periods of 1979-2008 for CFS_MAE and 1982-2009
for CFS_RR, in order to take advantage of full length of two
hindcasts respectively. As expected, the observed anomalies of
ASM rainfall from these two climatologies are nearly identical
to each other (not shown).

The conventional empirical orthogonal function (EOF)
analysis is used to identify the leading modes of the predicted
and observed ASM rainfall anomalies respectively and inves-
tigate the seasonal predictive skill of each mode. To verify
the robustness of the predicted patterns extracted by the EOF
modes of the ensemble mean hindcasts, we also applied the
maximized signal-to-noise EOF (MSN EOF) analysis to the
ensemble ASM rainfall predictions. The MSN EOF is a statis-
tical technique designed to maximize the ratio of the variance
of the predictable signals to the variance of the unpredictable
noise. The latter is estimated from the departures of individual
members from their ensemble mean (Allen and Smith 1997,
Venzke et al. 1999; Huang 2004; Liang et al. 2009). Since the
unpredictable internal noise may be present in the ensemble
mean if the ensemble size of the hindcasts is small (16 in our
case), it may still affect the leading conventional EOF modes.
On the other hand, the leading MSN EOF mode maximizes the
signal-to-noise ratio and provides the temporal-spatial patterns
of predictable signals, to be referred to as the most predictable
pattern hereafter.
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Fig.2 a The first EOF mode
(EOF1) of the CFS_MAE
ensemble mean JJAS rain-

fall and b the corresponding
normalized PC (solid black line)
at 1-month lead (May IC). The
dotted black curves in b repre-
sent the projected time series of
CFS_MAE individual member
forecast rainfall upon EOF1.

¢, d and e, f are the same as a,
b but at 3-month lead (March
IC) and 5-month lead (January
1C), respectively. g EOF1 and h
PC1 of the observed JJAS mean
rainfall anomalies
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Figure 2 displays the patterns of EOF1 and correspond-
ing normalized principal components (PC1) time series of
the predicted ASM anomalous rainfall in the CFS_MAE
at 1-, 3-, and 5-month lead (i.e., starting in May, March,
and January, respectively). This mode explains at least
42% of the total variance. Three branches of suppressed

rainfall stretch out from a center over the Maritime Con-
tinent (MC)' into the South Pacific, the southern IO, and
toward the Arabian Sea through the Bay of Bengal (BoB)
and India. Below-normal rainfall is also evident over the
northwest Pacific (NWP). In this study, the description of
increased (or above-normal) or suppressed (or below-nor-
mal) rainfall in the EOF patterns refers to the periods when
their corresponding PC time series are positive. On the
other hand, increased rainfall is manifested over the tropi-
cal western Pacific, exhibiting a sharp contrast of wet and

! In this study, the MC is designated as the region of 10°S—10°N and
100°E~150°E (orange box in the left panel of Fig. 1b).
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Fig.3 Same as Fig. 2 but EOF2
and PC2
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dry signals in the east—west direction. In EOF2 (Fig. 3), a
key feature of its spatial pattern is that suppressed rainfall
is centered over the NWP whereas above-normal rainfall is
located to the north, and to the southwest from Indonesia
and Malaysia to the Arabian Sea and tropical 10, and over
the tropical western Pacific. The EOF2 of the CFS_MAE
explains 13% of the total variance at 1-month lead and
about 27% at 5-month lead. It is interesting that the vari-
ance of EOF1 (EOF2) continuously decreases (increases)
from lead month 3-5. The EOF1 and EOF2 of the CFS_
MAE at 4-month lead explain about 54 and 20% of the
total variance, respectively. Overall, the spatial patterns
of the two leading EOF modes do not change much as the
lead-month increases.
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The two leading EOF modes of the observed ASM rain-
fall variability for 1979-2008 are shown in Figs. 2g, h and
3g, h, which explain about 23.2 and 10.3% of the total vari-
ance, respectively. The observed ASM rainfall anomalies
in this study are first de-trended before the EOF analysis
is applied. The resulting second EOF mode in Fig. 3g is
therefore more clearly distinguished from the third EOF
mode (not shown), and the second PC (Fig. 3h) has no
lower frequency signal than an interannual variation (i.e.,
no long-term trend), in contrast to a recent study of Wang
et al. (2015) (their Fig. 2). In general, the two leading EOF
patterns in observations are in good agreement with those
of the predicted ASM anomalous rainfall in CFS_MAE,
suggesting that CFS_MAE is capable of predicting the two
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Fig.4 a Correlation coefficients between the predicted and observed
PC time series for the two EOF modes and b ensemble spreads of
individual member PCs in (left) CFS_MAE and (right) CFS_RR.

most dominant modes of the ASM rainfall interannual vari-
ability reasonably well in terms of the spatial pattern. In
contrast, some discrepancies are also found. For example,
above-normal rainfall over the western tropical 10 in EOF1
(Fig. 2a, c, e) is stronger and broader than the observation
(Fig. 2g). For EOF2, below-normal rainfall over the tropi-
cal southeast IO in the observations (Fig. 3g) is not well
captured in the hindcasts at any lead month (Fig. 3a, c, e). In
addition, the suppressed rainfall anomalies centered over the
NWP extends northwestward to SCS and Taiwan, but are not
well predicted in CFS_MAE, resulting in the southward shift
of anomalous rainfall over Japan (Fig. 3a, c, e), compared
with the observed anomalies (Fig. 3g).

For EOF1, the temporal correlation coefficient (TCC)
between the ensemble mean predicted PC1 (thick black
curves in Fig. 2b, d, f) and the observed PC1 (red curve
in Fig. 2h) for 30 years is 0.81 at 1-month lead and then
slowly decreases and finally drops from 0.71 at 4-month
lead to 0.53 at 5-month lead (solid curve in the left panel

The solid and dashed curves represent the first and second EOF mode
respectively. The abscissa is the starting calendar months from May
to January, i.e., from1-month lead to 5-month lead

of Fig. 4a). Conversely, the ensemble spread” of 16-mem-
ber PCs (the projections of the ensemble members onto the
ensemble mean EOF pattern, thin dotted curves in Fig. 2a,
¢, e) grows continuously as the lead-month increases (solid
curve in the left panel of Fig. 4b). In particular, the ensem-
ble spread at 5-month lead is more than twice the spread
at 1-month lead. On the other hand, the TCC between the
observed and predicted PCs in EOF?2 is slightly smaller for
lead months 1-4 than that of EOF1, with the maximum cor-
relation difference (about 0.09) for May IC (1-month lead)
(dashed curves in the left panel of Fig. 4a). However, the
correlation at 5-month lead bounces back to 0.73, which
is not only comparable to that of the 1-month lead forecast
but also much higher (by about 0.2) than that of EOF1 at
the same 5-month lead. The ensemble spread of 16-member
PCs (thin dotted curves in Fig. 3a, c, e) gradually increases
from lead month 1-3, but begins to decrease from 3-month

2 The ensemble spread is calculated as the time mean standard devia-
tion of each individual member PC’s deviation from the ensemble
mean PC.
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Fig.5 Same as Fig. 2a—f except for CFS_RR (1982-2009)

lead and finally is only half as large as the spread for EOF1
at 5S-month lead (dashed curves in the left panel of Fig. 4b).

As a result, we conclude that for EOF1, the CFS_MAE
prediction of the ASM anomalous rainfall at long leads is
less skillful with much larger ensemble spread than that
at short leads; whereas the CFS_MAE long lead forecast
(about two seasons ahead) can predict the ASM rainfall
anomalies associated with EOF2 reasonably well, maintain-
ing high correlation skill and small ensemble spread. This
suggests the higher seasonal predictive skill of the ASM
rainfall anomalies lies in EOF2 rather than EOF1.

The key features of the anomalous ASM rainfall spa-
tial patterns in each mode of CFS_RR (Figs. 5, 6) are in
general similar to those of CFS_MAE. However, the better

@ Springer

1986 1990 1994 1998 2002 2006

prediction for EOF2 is not robust in CFS_RR (right panels
of Fig. 4). For EOF1 in CFS_RR, the TCC between observed
and predicted PCs gradually decreases from 1 to 5-month
lead forecast, while the ensemble spread slowly increases
(solid curves in the right panels of Fig. 4), consistent with
the behavior of EOF1 in CFS_MAE (solid curves in the left
panels of Fig. 4). For EOF2, on the other hand, CFS_RR
does not maintain high correlation skill between observed
and predicted PCs. Rather, the correlation skill degrades
continuously from 0.63 (1-month lead) to 0.35 (4-month
lead) (dashed curve in the right panel of Fig. 4a). The TCC
is 0.49 at 5-month lead, resulting in the minimum difference
of correlation skill between EOF1 and EOF2 at 5-month
lead, but the prediction skill is overall much lower than that
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Fig.6 Same as Fig. 3a—f except for CFS_RR (1982-2009)

of CFS_MAE. Besides, the ensemble spread of EOF2 in
CFS_RR is also increasing as the lead-month increases,
although it is smaller than that of EOF1 at long leads from
3-month lead (right panel of Fig. 4b). Consequently, the
spread difference between EOF1 and EOF?2 is not as large
as that of CFS_MAE, especially at 5-month lead (Fig. 4b).
The difference in the ASM prediction for EOF2 between
CFS_MAE and CFS_RR will be further examined using the
MSN EOF analysis.

Since ENSO plays a major role in modulating the ASM
rainfall variability, it may be related to the two leading EOF
modes. The temporal correlation coefficients are calculated
between the observed monthly SSTA over the NINO-3.4
region and the observed PC time series of each mode for the

1986 1990 1994 1998 2002

same 30 years. The correlation coefficient for the first EOF
mode (solid curve in Fig. 7) rapidly increases from March
to June, slightly increases afterward, and finally reaches its
maximum (about 0.89) in November and December. This
indicates that the first EOF mode of the ASM rainfall anom-
aly is highly correlated with the tropical Pacific SSTA as the
ENSO develops from boreal summer to boreal winter. In
contrast, the correlation of NINO-3.4 and the second EOF
mode (dashed curve in Fig. 7) peaks in January and drops in
late spring and early summer, denoting the loss of its asso-
ciation with the tropical Pacific SSTA during the subsequent
summer in the demise phase of ENSO, as will be described
in the next section. Therefore, the two leading EOF modes of
the ASM rainfall anomalies largely correspond to the ASM
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Fig.7 The temporal correla- 1
tion coefficients between the 0.9-
PC time series of each mode in :
Figs. 2h and 3h and monthly 0.8 2nd EOF mode 1st EOF mode
NINO-3.4 index for 1979-2008.
0.7  (Delayed ENSO mode) (Contemporaneous ENSO mode)

Solid and dashed lines cor-
respond to the first and second
EOF mode, which are referred
to as the contemporaneous and
delayed ENSO mode, respec-
tively
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responses to the ENSO forcing in its developing and decay-
ing years, and are then designated as contemporaneous and
delayed ENSO modes, respectively in this study.

We investigate the most predictable patterns of the ASM
rainfall variability in CFS_RR as well as CFS_MAE using
the MSN EOF analysis to validate the two leading EOF
modes derived by the conventional EOF analysis. It turns out
that the most predictable mode (MSN EOF1) of CFS_MAE
corresponds to the contemporaneous ENSO mode for May,
April, and March ICs (from 1- to 3-month lead) while the
delayed ENSO mode becomes the most predictable mode
for February and January ICs (at longer leads) (Figs. S1 and
S2). The MSN EOF1 and 2 of CFS_RR are also found to be
similar to those of CFS_MAE (Figs. S3 and S4). Zuo et al.
(2013) reported the same switch of the most predictable pat-
tern of the ASM rainfall anomalies for the CFSv2 hindcasts
at 5-8 month leads. Zhang et al. (2018) also indicated the
most predictable patterns of low-level circulation in boreal
summer over the tropical Indo-Pacific domain switched
order from short to long leads. The switch in the order of the
most predictable pattern may be associated with the starting
month (i.e., whether a prediction starts before or after the
spring barrier time) (e.g., Zhang et al. 2018). More impor-
tantly, the results from the MSN EOF analysis further sub-
stantiate the enhanced predictability of the delayed ENSO
mode in both CFS_MAE and CFS_RR, with persistently
high correlation skill and small ensemble spread as well as
the most predictable mode at long leads (Fig. S5).

It is confirmed that like observation (Fig. 7), EOF1
(EOF2) of predicted ASM rainfall in CFS_MAE certainly
corresponds to the contemporaneous (delayed) ENSO modes
(Fig. S6a). While the correlation coefficient of EOF1 for
CFS_MAE with January IC (solid blue curve of Fig. S6a)
from summer to winter is much lower than those of EOF1
at shorter leads (solid red and green curves of Fig. S6a), it
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is interesting that the correlation coefficient of EOF2 from
January to early summer is slightly higher as the lead-month
increases (dashed colored curves of Fig. S6a). The relation-
ship between each MSN EOF mode of CFS_MAE and the
different ENSO phases is largely consistent with that of each
conventional EOF mode (Fig. S6b), but note that the most
predictable pattern switches from the contemporaneous
ENSO mode to the delayed ENSO mode at long lead (blue
curves of Fig. S6b).

If one closely compares the two ENSO modes of CFS_
RR using between the conventional EOF and MSN EOF
analysis, it may be recognized that one more west-east ori-
ented branch of above-normal rainfall anomalies is located
over the NWP (10°N-20°N) in the conventional EOF1 (rep-
resented by the dashed black box in Fig. 5e) with overly
negative predicted PC, especially in the decay years of two
strong El Nifio events, 1983 and 1998 (Fig. 5f). However,
it disappears in the MSN EOF1 contemporaneous ENSO
mode with its PC closer to the observations, in particular
at 5-month lead (Fig. S3e, f). On the other hand, compared
with the conventional EOF2 (Fig. 6e, f), the suppressed
rainfall anomalies over the same region are intensified with
a larger amplitude predicted PC in 1983 and 1998 in the
MSN EOF delayed ENSO mode (Fig. S4e, f) As a result,
the contemporaneous and delayed ENSO modes in CFS_RR
derived from the MSN EOF are more consistent with their
counterparts in CFS_MAE as well as in observations. This
may suggest that (1) the MSN EOF is a better tool to exam-
ine the predictive skill of seasonal forecasts, especially at
long leads when the unpredictable internal noise is more
intense; and (2) the multi-ocean analyses ensemble (MAE)
initialization can help effectively reduce the internal noise
growth in the seasonal forecasts of the ASM rainfall associ-
ated with ENSO, perhaps by minimizing the uncertainties
in OICs. In addition to the different initialization strategies,
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some specific features of the ocean reanalyses used to ini-
tialize the hindcasts may also have a secondary effect on the
ASM predictive skill. For instance, the CFSR ocean analy-
sis shows an unrealistic jump in the tropical SST around
1998/1999 (Xue et al. 2011), which leads to a warm bias
there since 1999. The bigger influence of the CFSR bias in
CFS_RR (e.g., Kumar et al. 2012; Xue et al. 2013; Shin and
Huang 2017) may also be a factor resulting in its lower ASM
predictive skill than that of CFS_MAE.

4 Possible mechanisms for the enhanced
predictability of the delayed ENSO mode

Figures 8 and 9 show the observed and predicted ENSO-
induced ocean and atmosphere anomalies from January to
August, respectively. The former is regressed against the
PC of the observed delayed ENSO (red curve in Fig. 3h)
whereas the latter is regressed against the PC of the pre-
dicted delayed ENSO mode (EOF2) for CFS_MAE initial-
ized in January (thick black curve in Fig. 3f). Since warm
SST anomalies in the tropical central-eastern Pacific in Janu-
ary resemble the mature stage of El Nifio and then continu-
ously decline in time, they represent the temporal-spatial
change of observed and predicted SST and atmospheric
circulation response as an El Nifio event evolves from its
mature phase to its demise phase.

Over the NWP, anomalous anticyclonic low-level circu-
lation (AAC) is apparent during the El Nifio mature phase,
with cold (warm) SST anomalies on the southeastern (north-
western) flank of the AAC (Fig. 8a, b). Although the asso-
ciated SST anomalies become weaker in boreal summer,
the NWP-ACC persists through August (Fig. 8). This is the
key feature of observed ocean—atmosphere anomalies in
the El Nifo decay years (e.g., Wang et al. 2003; Xie et al.
2016). The persistent NWP-AAC is very well captured in
CFS_MAE initialized in January (Fig. 9), but with much
larger anomalies than in observations. Stronger and longer
lasting El Nifio events in the ensemble mean prediction of
CFS_MAE may be responsible for the stronger response,
as pointed out in previous studies (e.g., Wang et al. 2000,
2017).

Accompanied by a weakened Walker circulation, an
AAC in the southeast IO forms and develops from boreal
winter to spring, causing warming SST anomalies in the
southwest IO in spring via ocean dynamics (Fig. 8a—d). Xie
et al. (2016) discussed that the AAC in the southeast IO
induces downwelling oceanic Rossby waves, and as they
propagate westward, they deepen the thermocline in the
southwest 10, giving rise to sea surface warming (Xie et al.
2002; Du et al. 2009). The resultant anomalous northerly
wind crossing the Equator also contributes to relative SST
warming (cooling) in the southern (northern) IO through the

wind-evaporation-SST (WES) feedback (Xie and Philander
1994), leading to increasing (decreasing) rainfall anomalies
in the southern (northern) IO in March and April, which
in turn act to further enhance the anomalous northerly
wind in May (Fig. 8c—e and left panels of Fig. 10a, b). This
ocean—atmosphere interaction process over the tropical 10
during the post-ENSO spring is also well reproduced in the
hindcasts (CFS_MAE), displaying an asymmetrical pattern
of anomalous SST, atmospheric low-level circulation, and
precipitation between the northern and the southern portions
of the IO (Fig. 9c—e and right panels of Fig. 10a, b).

When the ASM begins in May, anomalous easterly wind
over the northern IO acts to reduce the mean southwesterly
monsoon flow, resulting in increasing anomalous surface
latent heat fluxes and therefore SST warming, while the
northeasterly anomalies over the tropical NWP still increase
the northeast trade mean flow, causing SST cooling there via
the WES feedback (Wang et al. 2000) (Fig. 8e and left panel
of Fig. 10c). The increased shortwave radiative effect due to
suppressed rainfall over the northern IO also contributes to
the northern IO SST warming (not shown). As a result, an
inter-basin dipole structure of SST anomalies is evident in
May, with the tropical IO warming and tropical NWP cool-
ing (Fig. 8e). The CFS_MAE accurately predicts these WES
feedback processes, the resulting inter-basin SST dipole pat-
tern, and the anomalous precipitation patterns, in particular,
over the Indo-NWP region (Figs. 9e, 10c).

In the subsequent summer, the enhanced SST warming
over the northern IO and SCS and persistent NWP-AAC
are apparent in both the observations and the predictions
(Figs. 8f-h, 9f-h), and the spatial pattern of the predicted
rainfall anomalies and their month-to-month evolution is
also largely in good agreement with the observed (Fig. 11).
One apparent disagreement between the observations and
predictions is the location of the NWP—-ACC center in June
(Fig. 8f vs. Fig. 9f, and black contours in Fig. 11a), probably
associated with the delayed demise of the predicted El Nifio
event with its stronger intensity. This causes the southward
shift of southwest-northeast oriented East Asia summer
monsoon in the prediction (green shading in Fig. 11a, b),
which is commonly shown in the delayed ENSO mode of
both CFS_MAE (Figs. 3 and S2) and CFS_RR (Figs. 6 and
S4). The insufficient northwestward expansion of the NWP
subtropical high in the CFSv2 during boreal summer is also
documented in Shin and Huang (2016).

The enhanced northern IO warming in late spring/
early summer in turn activates eastward propagating
atmospheric Kelvin waves, playing a role in the mainte-
nance and/or enhancement of the NWP-AAC (Xie et al.
2009, 2016). This so-called capacitor effect in the 10 is
evident in observations and is also reasonably captured
in the predictions, except for the NWP-AAC in Septem-
ber, which survives in the predictions, in contrast to the
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Regressed anomalies of SST & wind_850hPa & MSLP (observation)
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Fig.8 Observed anomalies of SST (shaded at the 90% confidence
level, °C), wind at 850 hPa (vectors, m/s), and mean sea level pres-
sure (SLP) (contours, hPa) regressed against the delayed ENSO
mode’s PC of the observed ASM rainfall anomalies in Fig. 3h. The
shading scale for the SST anomalies is shown at the bottom. The
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contours are +0.3, +0.6, +1, +2, and +4 hPa. The SST is from the
global monthly extended reconstructed SST, version 3 (ERSSTv3)
while the mean SLP and wind at 850 hPa are from the ERA-Interim
atmospheric reanalysis
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Regressed anomalies of SST & wind_850hPa & MSLP (CFS_MAE)
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Fig.9 Predicted anomalies of SST (shaded at the 90% confidence anomalies is shown at the bottom. The contours are +0.3, £0.6, =1,
level, °C), wind at 850 hPa (vectors, m/s), and mean SLP (contours, +2, and +4 hPa, but one more contour with +0.8 is also added in
hPa) regressed against the delayed ENSO mode’s PC of CFS_MAE (f-h). The SST, wind at 850 hPa, and mean SLP are from the ensem-
at 5-month lead (January IC) (Fig. 3f). The shading scale for the SST ble mean forecasts of CFS_MAE at 5-month lead (January IC)
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Regressed precip. anomalies & correlations
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Fig. 10 Regressed anomalies of precipitation (shaded, mm/day) and
correlations of ocean surface latent heat flux anomalies (positive con-
tours imply more evaporation from the surface) with respect to the
delayed ENSO mode’s PC of (left) the observed ASM rainfall anom-
alies in Fig. 3h and (right) the predicted ASM rainfall anomalies in

observations (Fig. 11). Another possible mechanism for
the persistent NWP-AAC through the post-ENSO summer
is the local air-sea coupling (the WES feedback) over the
NWP (Wang et al. 2003; Xiang et al. 2013). SST cool-
ing on the southeast flank of the NWP-AAC lasts longer
with much stronger intensity in the predictions (Fig. 9f-h)
than the observations (Fig. 8f—h), which may partially
account for the long-lasting NWP-AAC in September in
CFS_MAE (Fig. 11).
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CFS_MAE at 5-month lead in Fig. 3f. The ocean surface latent heat
fluxes are from Objectively Analyzed air-sea heat Fluxes (OAFlux).
The shading scale for the rainfall anomalies is shown at the bottom.
The contours are +0.3, +£0.4, +£0.5, +£0.6, £0.7, £0.8 and +0.9
(over the 90% confidence level)

5 Prediction of the ASM rainfall anomaly
preceding/following El Nifio events

In addition to the sophisticated statistical methods (the
conventional EOF and MSN EOF analyses), we examine
how well the model predicts the ASM rainfall anomalies
in the onset and decay years of the El Nifio events. For
the 1997-1998 El Nifio, the strongest El Nifio event in
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Fig. 11 Regressed anoma-
lies of precipitation (shaded,
mm/day) and correlations of
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this period (1979-2008), the model predicted the ASM
seasonal rainfall anomalies much better in its decay year
(1998) than the onset year (1997) (Fig. 12). In 1997, for
example, the observed enhanced rainfall anomalies over
the region from northeastern India to southern China as
well as over the tropical northern IO are not captured in
the CFS_MAE prediction, resulting in an overestimated
drought in all of India (Fig. 12a, c). In the tropical western
Pacific, the increase of anomalous rainfall in CSF_MAE
is also shifted to the west, compared with that of the
observed. In contrast, the 5-month lead forecast in 1998
agrees well with the observed ASM rainfall anomalies and

the model prediction also captures the IO dipole structure
reasonably well (Fig. 12b, d).

It should be pointed out that the model forecast is
consistent with the canonical ENSO-monsoon relation-
ship. The observed situation in 1997 is unique in that a
strong Indian dipole SST pattern quickly developed dur-
ing the summer season (e.g., Webster et al. 1999), which
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Fig. 12 Observed JJAS rainfall anomalies in a 1997 and b 1998, the onset and decay year of 1997-1998 El Nifio, and ¢ and d are same as a and
b but for the CFS_MAE predicted JJAS rainfall anomalies at 5-month lead (January IC)

may have eased the anticipated drought conditions (e.g.,
Achuthavarier et al. 2012). Therefore, one may want to
see the seasonal prediction of the anomalous ASM rainfall
for more El Nifio events. Figure 13 shows observed and
predicted composite anomalies of the ASM rainfall for all
El Nifio events occurring during the period in the onset
(decay) years in the left (right) panels. The six events over
30 years (1979-2008) include 1982-1983, 1991-1992,
1994-1995, 1997-1998, 2002-2003, and 2006-2007 El
Nifio events.’ In the onset years, most of Asia experienced
anomalously dry summers except for southern China, Viet-
nam, and Myanmar, while enhanced rainfall occurred in
the tropical western Pacific (Fig. 13a), indicating a sharp
contrast of anomalous rainfall in the east-west direction,
with below (above) normal rainfall in the MC and the
southeastern 1O (tropical western Pacific) as seen in the
first EOF mode (Fig. 2g). In general, this key characteristic
of the observed ASM anomalies in the onset years is rea-
sonably predicted in the CFS_MAE initialized in May and

3 Note that two, back-to-back El Nifio events in 1986-1988 are
excluded.
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March (Fig. 13c, e), but not well predicted in the January
IC hindcasts with weak above-normal anomalous rainfall
in the MC and the southeastern 10 (Fig. 13g) in contrast to
the observed. As the lead-month increases, the decreasing
amplitude of the composite predicted rainfall anomalies
may imply that the predicted ASM rainfall anomalies in
the developing El Nifio years are quite different from event
to event with large uncertainty, and therefore they presum-
ably cancel each other out. To validate this speculation, we
calculated the leading EOF modes of predicted ASM rain-
fall departures of individual members from their ensemble
mean (i.e., noise EOF modes) in CFS_MAE initialized
in January. The spatial pattern of the first leading noise
EOF mode (not shown) bears some resemblance that of
the second leading MSN EOF (Fig. Sle), consistent with
the divergent growth of the predicted contemporaneous
ENSO mode at long leads.

On the other hand, the pattern of observed anomalous
rainfall during the summer of the El Nifio decay years seems
largely opposite to that of the onset years. In decay years,
enhanced rainfall is aligned from northwest to southeast
from the Arabian Sea to the MC via India and the BoB, and
also in the tropical 10, whereas reduced rainfall centered in
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Fig. 13 Composite JJAS mean
rainfall anomalies in the onset
and decay years of six El Nifio

events in observation (a, b) and 50N (a) Observation

Composite JJAS rainfall anomalies (mm/day) of six El Nino events
Onset years

Decay years
(b) Observation

in CFS_MAE at (¢, d) 1-month
lead, e, f 3-month lead, and g,

h 5-month lead. Numbers at the
right top of each panel (c-h)
denote the pattern correlation
coefficients (PCC) of the rainfall
anomalies between observation
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the subtropical NWP stretches northwestward to the western
China and the northeastern India (Fig. 13b). The latter is
sandwiched by another band of above-normal rainfall from
the Yangtze River in China to Korea and Japan. The spa-
tial anomalous rainfall pattern in the El Nifio decay years is
very similar to that of the second EOF mode in Fig. 3g. For
all three initial months, the predicted ASM rainfall anoma-
lies of CFS_MAE in the decay years are in good agreement
with the observed ones, with the enhanced (reduced) rainfall
over the 10, BoB, Arabian Sea, and India (in the subtropi-
cal NWP) (Fig. 13d, f, h). The pattern and magnitude of the
predicted composite rainfall anomalies are quite independ-
ent on lead-time. As a result, the spatial pattern correlation

coefficients (PCC) between the observed and the predicted
ASM rainfall anomalies in the El Nifio decay years are
greater than that in their onset years, in particular, at longer
leads. In fact, the PCC for January IC in the decay years
is comparable with those at shorter leads, in contrast to a
noticeable drop of the PCC for January IC in the onset years.

6 Summary and discussion
Using two independent sets of CFSv2 seasonal hindcasts

(CFS_MAE and CFS_RR), the seasonal predictive skill
of the ASM rainfall variability is investigated, with an
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emphasis on its dominant modes. A comparison of the ASM
rainfall prediction between the two sets of hindcasts with
different initialization methods enables us to further explore
the possible impact of the MAE initialization on the seasonal
prediction. Statistically, the two leading (conventional) EOF
modes of the observed ASM rainfall anomalies largely cor-
respond to the ASM responses to the ENSO events in their
developing and decaying years, and so are designated as
the contemporaneous and delayed ENSO responses, respec-
tively. The corresponding EOF modes from both seasonal
hindcasts at different leads largely reproduce the spatial pat-
terns of the observations. In general, the CFS_MAE predicts
these two dominant ASM modes reasonably well up to a
lead-time of 5 months. More importantly, the predictive
skill of the ASM rainfall about two seasons ahead is much
higher in the case of the delayed ENSO mode than in the
contemporaneous one. The predicted PC time series of the
delayed ENSO mode maintains high correlation skill and
small ensemble spread as the lead-time increases, whereas
the skill of forecasts of the contemporaneous ENSO mode
is significantly degraded in both measures after one season.
These results imply higher ASM predictability in the after-
math of ENSO events. Analysis of the strongest El Nifio
event (1997-1998) during the period of this study and com-
posite analysis of the ASM anomalous rainfall for six El
Nifio events further confirm that the ASM rainfall is more
predictable following EI Nifio, especially when the CFSv2
hindcasts are initialized in boreal winter.

It is interesting to note that when the conventional EOF
analysis is applied to the ensemble mean ASM rainfall
anomalies from the CFS_RR hindcasts, the delayed ASM
response to the tropical forcing (ENSO) does not seem to
be clearly distinguished from the contemporaneous ENSO
mode, especially in the hindcasts initialized in boreal winter.
As a result, the enhanced seasonal predictive skill of the
delayed ASM response to ENSO is not obvious in CFS_RR.
This discrepancy seems to be associated with the stronger
influence of the unpredictable internal noise in the system.
In fact, the results from an MSN EOF analysis for CFS_RR,
which maximizes the signal-to-noise ratio of the leading
EOF modes, conform more with the CFS_MAE results in
demonstrating the enhanced predictability of the delayed
ENSO mode at about two seasons lead, with persistently
high correlation skill and small ensemble spread. In fact,
the delayed ENSO response at long leads becomes the most
predictable pattern with smaller ensemble spread than at
short leads while the contemporaneous ENSO response
becomes the second most predictable pattern as the ensem-
ble spread continuously increases with the lead month. On
the other hand, the leading MSN EOF modes derived from
the CFS_MAE hindcasts are very consistent with the con-
ventional EOF analysis. Consequently, we conclude that the
MSN EOF is a better tool to examine the predictability of
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seasonal forecasts, especially at long leads when the unpre-
dictable internal noise plays a bigger role.

It is not clear why the CFS_RR hindcasts seem to show
higher internal noise influence than that in CFS_MAE with
respect to the ASM rainfall predictions. One possible rea-
son is the lagged ensemble approach of generating ensemble
means using ensemble members with initial dates spanning
nearly a month for CFS_RR (Saha et al. 2014). Furthermore,
despite that CFS_MAE has the same ensemble members as
CFS_RR, the consistent results from both the conventional
EOF and the MSN EOF in CFS_MAE may imply that better
sampling of uncertainties in OICs (via the MAE initializa-
tion) can effectively diminish the effect of the unpredictable
internal noise in the seasonal forecasts of the ASM rainfall
anomalies associated with ENSO. This also suggests that
better initial conditions including new ensemble techniques
may be critical to improving the seasonal predictive skill
in the current generation coupled climate models. Further
investigation is needed to fully evaluate this speculation.

By analyzing real-time forecasts of NINO-3.4 index in
2002-2016 (including both dynamical and statistical mod-
els), Zheng et al. (2016) demonstrated that ENSO decay
phase is more predictable than its development phase.
Therefore, the predictive skill differences of ASM rainfall
between ENSO decay and development phases may partly
be attributed to the predictive skill differences of ENSO
between its development and decay phases. Furthermore,
the improved ASM predictive skill during the ENSO decay-
ing phase is also associated with the regional air-sea feed-
backs in the Indo-Pacific region, which are intensified from
ENSO maturing to decaying phases and enhance the sea-
sonal ASM predictability in these episodes. The delayed
impact of ENSO on atmospheric circulation and SST in the
Asian monsoon region is characterized by the evolution of
the warm SST anomalies in the tropical IO and SCS during
the spring of the ENSO mature phase and the persistence of
the anomalous high surface pressure in the western Pacific
through the subsequent summer. It is demonstrated that the
CFS_MAE initialized in boreal winter is surprisingly good
at capturing the spatio-temporal evolution of inter-basin
ocean—atmosphere interactions between the tropical 10 and
the NWP from the ENSO peak to the ENSO demise phase.
It accounts for the enhanced ASM predictability following
ENSO events and also explains why the predictive skill of
the CFS_MAE prediction about two seasons ahead is com-
parable to that at 1-month lead as seen in Fig. 1.

In this study, we have concentrated on the effects of the
ocean—atmosphere interactions on the ASM variability, pre-
diction and predictability. It is noteworthy that, in compari-
son with observations, the loadings in the conventional EOF
(MSN EOF) patterns of the hindcasts are generally smaller
over the Asian continent than over its surrounding oceanic
domain, similar to what Gao et al. (2011) have pointed out.
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This may imply that the currently yielded ASM predictive
skill (as seen in Fig. 1) is mainly associated with the suc-
cessful prediction over ocean other than over land. How to
improve the prediction of the ASM over the land is still
a challenge the climate modeling community should pay
attention to.
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