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ABSTRACT
The possible impacts of different sea surface temperature (SST) configurations on the predictability of
the boreal summer tropical intraseasonal oscillation (TISO) are assessed with a series of ensemble forecasts.
The five different lower boundary conditions examined in this study are, respectively, (i) the fully interactive ocean–atmosphere coupling, (ii) “smoothed” SST, which excludes the intraseasonal signal from sea
surface forcing, (iii) damped persistent SST, (iv) coupling to a slab mixed-layer ocean, and (v) daily SST
from the coupled forecast. The full atmosphere–ocean coupling generates an interactive SST that results in
the highest TISO predictability of about 30 days over Southeast Asia. The atmosphere-only model is
capable of reaching this predictability if the ensemble mean daily SST forecast by the coupled model is used
as the lower boundary condition, which suggests that, in principle, the so-called tier-one and tier-two
systems have the same predictability for the boreal summer TISO. The atmosphere-only model driven by
either smoothed or damped persistent SSTs, however, has the lowest predictability (⬃20 days). The atmospheric model coupled to a slab mixed-layer ocean achieves a predictability of 25 days. The positive SST
anomalies in the northern Indo–western Pacific Oceans trigger convective disturbances by moistening and
warming up the atmospheric boundary layer. The seasonal mean easterly shear intensifies the anomalous
convection by enhancing the surface convergence. An overturning meridional circulation driven by the
off-equatorial anomalous convection suppresses the near-equatorial convection and enhances the northward flows, which further intensify the off-equatorial surface convergence and the TISO-related convection.
Thus, the boreal summer mean easterly shear and the overturning meridional circulation in the northern
Indo–western Pacific sector act as “amplifiers” for the SST feedback to the convection of the TISO.

1. Introduction
The tropical intraseasonal oscillation (TISO) is a
prominent climate variability that originates in the
tropics and has its impacts all over the globe (Lau and
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Waliser 2005; Donald et al. 2006). The strongest atmospheric and oceanic disturbances associated with the
TISO (e.g., atmospheric convection and sea surface
temperature) are observed in the tropical Indo–western
Pacific warm-pool region (Madden and Julian 1972;
Lau and Chan 1986; Krishnamurti et al. 1988; Wang
and Rui 1990; Zhang 1996), which often propagates
poleward to regulate the wet and dry spells of monsoons in the Asian and Australian continents (Yasunari
1979; Sikka and Gadgil 1980; Wang and Rui 1990; Hendon and Liebmann 1990). The TISO-related surface
winds produce considerable fluctuations of thermocline
and upper-ocean currents in the equatorial Indian (Han
et al. 2004) and Pacific Oceans (Kessler et al. 1995). The
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latter are postulated to play a significant role in the
initiation and growth of El Niño (McPhaden 2004; Seo
and Xue 2005). The convection associated with TISO
also impacts the rainfall variability over North and
South America (Mo 2000; Paegle et al. 2000; Whitaker
and Weickmann 2001; Jones et al. 2004; Ding and Wang
2005) through tropical–extratropical teleconnection
(Ferranti et al. 1990). Because of the downscale modulations of TISO on synoptic weather (Maloney and
Hartmann 2000; Goswami et al. 2003; Bessafi and
Wheeler 2006) and the upscale influences of TISO on
interannual-to-interdecadal variability (Timmermann
and Jin 2002), improving prediction of TISO has the
potential to advance the forecast skills of both weather
and climate variability.
The recurrent nature of TISO, with a period of 20–90
days, does offer an opportunity to predict the weather
envelope beyond 2 weeks (Waliser et al. 2006). This
will bridge the gap between the weather forecast
(within 1 week) and seasonal outlook (beyond 1
month), making the so-called seamless forecast possible. As reflected in the historic progress of weather
forecast and seasonal prediction, statistical models are
proven to be useful tools in the forecast of TISO. Several statistical predictive models have shown certain
useful skills up to 15–20-day lead time (Waliser et al.
2006; Goswami and Xavier 2003; Webster and Hoyos
2004). On the other hand, the predictive skill of the
TISO in the dynamical forecast models, for example, an
old version (Hendon et al. 2000; Jones et al. 2000) or
the latest version (Seo et al. 2005) of the National Centers for Environmental Prediction (NCEP) models, is
only about 7–10 days when SSTs are fixed on climatology. The relatively short forecast skill of dynamic models indicates that the representation of TISO requires
further improvements (Lin et al. 2006). At the same
time, the possible impacts of initial and boundary conditions on the TISO predictability and prediction need
to be explored (Krishnamurti et al. 1992; Reichler and
Roads 2005). The outcomes can provide useful guidance for both the TISO hindcasts and operational forecasts.
Fu et al. (2007) assessed the potential impact of interactive air–sea coupling on the TISO predictability.
In that study, 20 TISO events during 15 boreal summers
were selected from a coupled control run as forecast
targets. A series of “twin” perturbation experiments
(Lorenz 1982; Waliser et al. 2003a) were carried out for
all events under two different boundary conditions. In
the coupled forecasts, underlying SST was directly determined by the interactive air–sea coupling. In the uncoupled forecasts, the lower boundary condition was
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specified as the “smoothed” SST1 from the coupled
control run. These two groups of forecasts used both
the same initial atmospheric conditions and the same
atmospheric model. If the evolutions of the TISO were
primarily governed by internal atmospheric dynamics,
the difference of TISO predictability between these two
forecasts should be indistinguishable, and the intraseasonal SST anomaly generated in the coupled system
should be basically a passive response to the TISO atmospheric forcing. The results of Fu et al. (2007), however, turn out to be quite different. They found that the
TISO predictability in the coupled forecasts is significantly higher than that in the uncoupled forecasts over
the tropical Asian–western Pacific region (10°S–30°N,
60°–160°E). In the uncoupled case, the TISO-related
rainfall predictability is only about 17 days, averaged
over the tropical Asian–western Pacific. The predictability increases to 24 days after including the effects of
intraseasonally varying SSTs in the coupled forecasts.
As pointed out in Waliser et al. (2003b) and Fu et al.
(2007), in order to thoroughly understand the impacts
of different SST configurations on the TISO predictability, a few more sensitivity experiments should be
conducted. In this study, the following five different
SST settings were examined: (i) the fully interactive
ocean–atmosphere coupling (CPL), (ii) smoothed SST,
which excludes intraseasonal surface forcing (ATM),
(iii) damped persistent SST (ATMp), (iv) SST coupled
to a slab mixed-layer ocean (ATMf), and (v) daily SST
from the coupled forecast run (ATMd). A more detailed description of these experiments is given in Table
1. Instead of performing twin perturbation experiments
for many TISO events, as in Waliser et al. (2003a) and
Fu et al. (2007), we will select only few events in this
study and carry out a large number of ensemble forecasts as in Tracton and Kalnay (1993) and Liess et al.
(2005).
The major objectives of this study are as follows: (i)
quantify the possible impacts of different SST configurations on the TISO predictability and identify an optimal way to set up lower boundary conditions for TISO
hindcasts and operational forecasts, and (ii) understand
the physical processes responsible for the predictability
differences among various SST configurations. The
questions to be addressed include (a) to what degree is
the TISO predictability affected by different lower
boundary conditions; and (b) why does predictability
differ among these runs, particularly between the
1
The smoothed SST means that the intraseasonal variability
(20–90 days) in the daily SST of the coupled control run was
removed to exclude the intraseasonal forcing from the underlying
sea surface.
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TABLE 1. Ensemble forecasts under five different SST configurations.
Expt name

SSTs used during 90-day forecasts

CPL
ATM
ATMp

Forecast directly by the interactive air–sea coupling
The daily SST from the coupled control run with 20–90-day variability removed (referred to as smoothed SST)
The daily SST from the coupled control run is linearly interpolated to the smoothed SST during first 10-day
forecast (referred to as damped persistent SST)
The SST anomaly derived from coupling to a slab mixed-layer ocean (with a depth of 30 m) is added to the
smoothed SST
The ensemble mean daily SST from the CPL forecasts

ATMf
ATMd

coupled forecast (CPL) and atmosphere-only forecast
driven by smoothed SST (ATM)?
The coupled model used to address the above questions is introduced in section 2, along with the ensemble
experimental designs and the methods used to quantify
the predictability. Section 3 compares the TISO predictability under different lower boundary conditions.
Section 4 is devoted to unraveling the physical processes through which the intraseasonal SST anomaly
feeds back to the TISO, thus resulting in an extension
of the predictability. In the last section, major findings
of this study are summarized and future research directions are proposed.

2. Model and methodology
a. Model
The coupled model used in this study comprises an
atmospheric general circulation model (AGCM) and an
intermediate ocean model with full coupling. The atmospheric model is the ECHAM4 AGCM (Roeckner
et al. 1996). Its horizontal resolution is about 3.75° in
both longitude and latitude, with 19 vertical levels extending from the surface to 10 hPa. The mass flux
scheme of Tiedtke (1989) with a CAPE closure (Nordeng 1994) is used to parameterize the deep, shallow,
and midlevel convection.
The ocean component of the coupled model is a 21⁄2layer tropical upper-ocean model with a horizontal
resolution of 0.5° in both longitude and latitude. It was
originally developed by Wang et al. (1995) and improved by Fu and Wang (2001), who combine the
mixed-layer thermodynamics of Gaspar (1988) with the
upper-ocean dynamics of McCreary and Yu (1992).
The entrained water temperature is parameterized as a
function of thermocline depth, like the one used in Zebiak and Cane (1987) and Jin (1996).
The ECHAM4 AGCM and the ocean model are
coupled in the tropical Indo–Pacific Oceans (30°S–
30°N) without explicit heat flux correction. Outside the
coupled region, the underlying SST is specified as the

climatological monthly mean SST averaged for 16 yr
(1979–94) from the boundary conditions of the second
Atmospheric Model Intercomparison Project (AMIPII) experiments. The atmospheric component exchanges information with the ocean component once
per day. The initial atmospheric state is a restart file on
1 January from a long-term atmosphere-only integration. The initial ocean condition is the January state
after a 10-yr integration of the stand-alone ocean model
forced by observed climatological surface winds and
heat fluxes.
This so-called hybrid ocean–atmosphere coupled
model much better simulates monsoon climatology in
the Asian–western Pacific region relative to the standalone ECHAM4 AGCM (Fu et al. 2002). It also produces a TISO that mimics the one existing in the observations (Kemball-Cook et al. 2002; Fu et al. 2003; Fu
and Wang 2004b), with coherent spatiotemporal evolutions of rainfall, surface winds, and SST, and a realistic
intensity and period (or propagating speed). As demonstrated in Fu et al. (2007), this hybrid coupled model
is a very useful tool for studying the TISO predictability.

b. Experimental designs
A new strategy, which is different from that used in
Fu et al. (2007), has been adopted to carry out the
ensemble experiments. In the previous study, 20 events
were selected. A total of 160 ensembles (2 initialconditions ⫻ 4 phases ⫻ 20 events) were carried out for
each SST configuration. In this study, only two TISO
events are targeted (one is strong, the other is weak).
They are, respectively, from year 10 and 20 of the
coupled control run (see Fig. 2 in Fu et al. 2007). Eighty
ensembles (10 initial-conditions ⫻ 4 phases ⫻ 2 events)
were conducted for each SST scenario. In fact, after
comparing the major results (as presented in Fu et al.
2007) derived with these two different ensemble approaches, very similar conclusions were reached (figures not shown). Considering that we have five different SST configurations to be examined, the latter
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method is apparently more practical because of the
greatly reduced computational cost per SST setting.
Prior to conducting the ensemble forecasts, four
phases [i.e., break (phase I), break to active (phase II),
active (phase III), and active to break (phase IV)] of
the selected events were identified from the daily time
series of the filtered rainfall averaged in the eastern
Indian Ocean (EIO; 5°S–5°N, 80°–100°E). Then, 10 ensemble forecasts were carried out and started from each
phase of the selected events. The perturbed initial conditions of the ensembles were generated by adding dayto-day root-mean-square differences of four prognostic
variables (u, , T, q) within the specific month onto the
original initial conditions as in Waliser et al. (2003a)
and Fu et al. (2007). Each ensemble forecast was integrated for 90 days. To extract the intraseasonal variability and distinguish its predictability from synoptic
weather, 120-day output from the control run before
the initial time was concatenated to the 90-day forecast.
Finally, a bandpass filter was used on the 210-day time
series to extract the 20–90-day intraseasonal variability.

c. Measures of predictability
To quantify the impacts of different SST configurations on the predictability of the TISO, two complementary measures of predictability (Fu et al. 2007)
were used in this study. One is the ratio of the signal to
forecast error (Waliser et al. 2003a), and the other is the
anomalous correlation coefficient (ACC; Hollingsworth et al. 1980). In the first approach, the signal of a
given TISO event is defined as the variance of its intraseasonal variability averaged within a sliding window
that is large enough to encompass a TISO event (Goswami and Xavier 2003). The forecast error is defined as
the variance of the difference between the perturbed
forecast and the target event. The signal-to-error ratio
is calculated at individual grid points and gives a spatial
distribution of the TISO predictability. In the second
approach, the ACC is calculated over a specific domain
to quantify the spatial similarity of two fields. Given
that the TISO exhibits coherent spatiotemporal evolutions in the Asian–western Pacific region, the ACC offers a measure complementary to the pointwise signalto-error ratio.

3. Predictability under different lower boundary
conditions
a. Coupled versus uncoupled
Even without processing the forecasts with any filtering or statistics, the impacts of air–sea coupling on the
TISO predictability can be clearly seen from the fore-
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cast rainfall evolutions under two different boundary
conditions. Figure 1 shows the latitude–time cross sections of two selected TISO events and the 10-ensemblemean forecasts with the coupled model (CPL) and the
uncoupled model (ATM). All results have been averaged between 65° and 120°E, which is a longitudinal
band where the TISO shows prominent northward
propagation in boreal summer (Yasunari 1979; Lau and
Chan 1986; Wang and Rui 1990). The forecasts start
from phase I of the selected events, with the dry spells
close to the equator and the wet spells around 15°N.
For event one (Fig. 1a), the coupled model predicts the
northward progression of the dry spell well, which is
initially near the equator and propagates to about 15°N
at day 25 (Fig. 1b). However, the dry spell forecast by
the atmospheric model only propagates to 10°N on day
10, staying there until day 40 (Fig. 1c). The associated
equatorial rainfall tends to last much longer than that in
both the coupled control run (Fig. 1a) and the coupled
forecast (Fig. 1b). For event two, the coupled model
predicts not only the northward-propagating dry spell
well, but also the follow-up wet spell and the standing
rainfall around 15°N from day 30 to 40 (Figs. 1d,e). For
the atmosphere-only model, the forecast rainfall (Fig.
1f) quickly diverges from the target (Fig. 1d) following
day 15. The northward propagation of the dry spell is
apparently slower, and so is the follow-up wet spell.
The causes of these differences and the possible implication on the TISO period will be discussed later. Nevertheless, these results clearly illustrate that the
coupled model (Figs. 1b,e) has longer predictability
than the atmosphere-only model driven by the
smoothed SST (Figs. 1c,f).
To quantify the TISO predictability with the ratio of
signal to forecast error, the TISO signal is estimated as
the variance of the filtered rainfall from the control run
subject to a 51-day running mean. The forecast error is
calculated as the variance of difference between an individual forecast and the control run. Figure 2 presents
the averaged signal and forecast error2 over Southeast
Asia (10°–30°N, 65°–120°E) for the forecasts under two
different SST configurations and starting from four different phases, respectively. While the predictability is
defined as the day when the error is equal to the signal,
the TISO predictability is the highest when forecasts
start from phase I (Fig. 2a). Referring back to the rainfall spatial distributions at four start phases (Fig. 4 in Fu
et al. 2007), phase I (III) corresponds to the wet (dry)
phase over Southeast Asia and phase II (IV) is the

2
The nonzero errors before the start of all forecasts are due to
the use of filtering.
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FIG. 1. Two selected TISO events: event (left) one and (right) two. The (a),(d) latitude–time cross sections of
rainfall averaged over 65°–120°E, (b),(e) ensemble mean forecasts with the coupled model (CPL), and (c),(f) the
atmosphere-only model forced by smoothed SST (ATM). Contour interval is 3 mm day⫺1.
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FIG. 2. The filtered signals and forecast errors averaged over Southeast Asia (10°–30°N, 65°–120°E) when forecasts start from phase
(a) I (active), (b) II (active to break), (c) III (break), and (d) IV (break to active) with the coupled model (CPL) and atmosphere-only
model (ATM). The data used to calculate the signals and errors are the filtered rainfall.

transition from the wet (dry) to dry (wet). For the
coupled (atmosphere only) forecasts, the predictability
from phases I to IV is, respectively, 41 (35), 35 (25), 34
(15), and 32 (22) days. Air–sea coupling extends the
TISO predictability for all phases. The largest (smallest) extension occurs when forecasts start from the local
break (active) condition (Figs. 2c,a). Because the break
phase usually evolves into the active phase and vice
versa, this result suggests that air–sea coupling particularly extends the TISO predictability for the active
phase rather than that for the break phase over Southeast Asian region (Figs. 2c,a).
A relevant question worth being examined is as follows: Can air–sea coupling also extend weather predictability at the presence of TISO? To address this question, the signal and forecast error have been recalculated from daily model outputs (without using any

filtering). The signal is estimated as the variance of
rainfall anomaly in the control run subject to 11-day
running mean [instead of 51-day running mean for the
TISO case (Waliser et al. 2003a)]. The rainfall anomaly
is derived as the difference between the total daily rainfall and its four-month mean (two months before and
after the forecast start date). The forecast error is the
variance of the daily rainfall difference between the
forecast and control run. Figure 3 shows the resultant
weather signals and errors averaged over Southeast
Asia when forecasts start from four different phases.
When forecasts start from either active or break phases
(Figs. 3a,c), air–sea coupling has no influence on Southeast Asian weather predictability. On the other hand,
coupling seems to extend the weather predictability as
forecasts start from the transition periods (Figs. 3d,b).
In particular, when the forecasts start from the break-

FEBRUARY 2008

FU ET AL.

583

FIG. 3. The unfiltered signals and forecast errors averaged over Southeast Asia (10°–30°N, 65°–120°E) when forecasts start from
phase (a) I (active), (b) II (active to break), (c) III (break), and (d) IV (break to active) with the coupled model (CPL) and
atmosphere-only model (ATM). The data used to calculate the signals and errors are the unfiltered daily rainfall.

to-active transition (Fig. 3d), the forecast error in the
coupled model is considerably reduced relative to that
in the atmosphere-only model before day 15. The air–
sea coupling, in this case, significantly extends the
weather predictability over Southeast Asia by about a
week. After examining other TISO active regions (e.g.,
the equatorial Indian Ocean, South China Sea, and
western North Pacific), it is further confirmed that air–
sea coupling tends to extend the weather predictability,
particularly as the forecasts start from the break-toactive transition (figures not shown). Because the
break-to-active transition is usually associated with
positive SST anomaly, it is speculated that the extended
weather predictability is primarily due to the regulation
of the positive SST anomaly on the development of
convection. To examine this hypothesis, two more experiments have been conducted in which only positive

(or negative) intraseasonal SST anomalies were included in the surface boundary conditions. Figure 4
shows the unfiltered signals and forecast errors from
these two experiments, along with that from Fig. 3d.
The forecast errors, when driven by the positive or
negative SST anomalies, respectively, track those from
the coupled run and atmosphere-only run during first 2
weeks. This result confirms that the extended weather
predictability during the break-to-active transition is
primarily due to the positive SST anomaly, which most
likely exerts an external control on the convection
movement.

b. Five different sea surface temperature
configurations
Figure 5 summarizes the signals and forecast errors
of rainfall averaged over Southeast Asia (10°–30°N,
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FIG. 4. The unfiltered signals and forecast errors averaged over Southeast Asia (10°–30°N,
65°–120°E) when forecasts start during the break-to-active transition (phase IV in Fig. 3) with
the coupled model (CPL) and atmosphere-only model (ATM), with a negative-only (Negative) and positive-only SST anomaly (Positive). The data used to calculate the signals and
errors are the unfiltered daily rainfall.

65°–120°E) for five different SST boundary conditions.
An example of the temporal evolution of five SSTs over
the northern Indian Ocean is given in the appendix
(Fig. A1). Under each SST setting (Table 1), 80 ensemble forecasts have been carried out. The error variance of an individual forecast is calculated from the
difference between the forecast and the target. All 80
forecast errors are averaged with equal weighting to
represent the forecast error under a specific SST setting. As usual, the TISO predictability is defined as the
time when forecast error grows to reach the signal. The
atmosphere-only forecasts driven by the “smoothed”
SST (ATM) and damped persistent SST (ATMp) have
the lowest predictability (⬃23 days). Coupling the atmospheric model to a slab mixed-layer ocean (ATMf)
increases the predictability to 28 days. The highest predictability (⬃34 days) occurs when SST is directly produced by the full air–sea coupling (CPL). It is also very
interesting to notice that the atmosphere-only model
driven by the forecast daily SST3 (ATMd) yields the

3
The 10-ensemble-mean daily SST (instead of individual ensemble SSTs) from the coupled forecasts has been used here.

same predictability as that of the fully coupled case.
This result seems inconsistent with a direct deduction
from some previous studies (Fu et al. 2003; Fu and
Wang 2004a; Zheng et al. 2004). They found that only
the air–sea coupled system can sustain the observed
quadrature rainfall–SST phase relationship, whereas
the atmosphere-only model produces an almost inphase SST–rainfall relationship. Thus, the TISO predictability of the atmosphere-only model even driven
by “daily” SST should be significantly lower than that
in the interactive air–sea coupled model (Fu and Wang
2004b; Waliser 2006). This issue will be addressed in
section 4b.
Apart from using the signal-to-error ratio as a measure of TISO predictability, we also calculate the ACC
between the rainfall anomaly in the ensemble forecast
and that in the coupled control run over Southeast Asia
(10°–30°N, 65°–120°E). For a specific SST configuration, the ACCs of all of the individual forecasts were
calculated against the corresponding targets first. Then,
the ACCs of a group of 80 forecasts were averaged to
represent the ACC for that specific SST case. Figure 6
shows the ACCs as functions of forecast time for five
different SSTs. The TISO predictability is defined as
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FIG. 5. The filtered signals and forecast errors averaged for all
four phases over Southeast Asia (10°–30°N, 65°–120°E) under five
different boundary conditions: (i) fully coupled air–sea model
(CPL), (ii) atmosphere-only model forced by smoothed SST
(ATM), (iii) atmosphere-only model forced by damped persistent
SST (ATMp), (iv) atmosphere model coupled to a simple slab
mixed-layer ocean model (ATMf), and (v) atmosphere-only
model forced by daily SST (ATMd).

FIG. 6. The mean anomalous correlation coefficients for all four
phase forecasts over Southeast Asia (10°–30°N, 65°–120°E) under
five different boundary conditions: (i) fully coupled air–sea model
(CPL), (ii) atmosphere-only model forced by smoothed SST
(ATM), (iii) atmosphere-only model forced by damped persistent
SST (ATMp), (iv) atmosphere model coupled to a simple slab
mixed-layer ocean model (ATMf), and (v) atmosphere-only
model forced by daily SST (ATMd).

the day when ACC drops to 0.5.4 The resultant predictability is similar to that measured by the signal-to-error
ratio (Fig. 5). The fully interactive air–sea coupled case
(CPL) and the atmosphere-only case, driven by the
forecast daily SST (ATMd), have the highest predictability (⬃30 days), followed by that case coupled to a
slab mixed-layer ocean (⬃26 days, ATMf). The two
atmosphere-only forecasts driven by smoothed SST
(ATM) and damped persistent SST (ATMp) have the
lowest predictability (⬃20 days). Generally speaking,
two different measures of predictability yield very similar conclusions. Both of them suggest that the full air–
sea coupling (CPL) generates the best SST boundary
condition, which extends the TISO predictability by
about 10 days over Southeast Asia relative to the uncoupled case (ATM).
In their pioneering works, Epstein (1969) and Leith
(1974) suggested that the multiensemble mean should
give a better forecast than a single realization because
the ensemble mean provides a special, nonlinear filtering that reduces the growing errors. To examine the
possible impacts of using ensemble means instead of
individual forecasts on assessing the TISO predictability, we first averaged 10-ensemble forecasts starting at
an individual phase and under a specific SST setting.

The ACC between the ensemble mean forecast and the
target is then calculated. Finally, all ACCs (total 8 ⫽ 4
phases ⫻ 2 events) are averaged to represent the ACC
for that specific SST case. Figure 7 summarizes the
ACCs under five different SST configurations. Compared to the results derived with individual forecasts
(Fig. 6), the TISO predictability after applying the ensemble mean has been uniformly extended by about 10
days for all five different SST configurations. This re-

4

In a related study (Fu et al. 2007), we have shown that even
when the ACC drops to 0.43, the forecast is still useful.

FIG. 7. As in Fig. 6, but the anomalous correlation coefficients
are calculated using ensemble mean forecasts instead of individual
ensembles.
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sult confirms the superiority of the ensemble mean over
a single realization as the final product of TISO prediction.
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et al. 2006), and easterly vertical shear5 (Jiang et al.
2004; Drbohlav and Wang 2005).

a. Feedback processes from sea surface temperature
to the TISO
4. SST feedback on extending the TISO
predictability
The possible impacts of air–sea coupling on the evolution of TISO have been suggested by many observational studies (Krishnamurti et al. 1988; Zhang 1996;
Hendon and Glick 1997; Lau and Sui 1997; Sengupta et
al. 2001; Vecchi and Harrison 2002; Webster et al. 2002;
Wang et al. 2005; Fu et al. 2006; Wang et al. 2006; etc.),
and demonstrated by many modeling experiments
(Sperber et al. 1997; Flatau et al. 1997; Wang and Xie
1998; Waliser et al. 1999; Kemball-Cook et al. 2002; Fu
et al. 2003; Inness and Slingo 2003; Zheng et al. 2004;
Sperber et al. 2005; Rajendran and Kitoh 2006; Zhang
et al. 2006; Seo et al. 2007; Marshall et al. 2008; among
others). The air–sea “coupling” implies a two-way interaction between the atmosphere and ocean. It is commonly accepted that the observed large-scale intraseasonal SST anomalies are primarily forced by surface
heat and momentum fluxes associated with the TISO
(Hendon and Glick 1997; Wang and Xie 1998; Sengupta
and Ravichandran 2001; Waliser et al. 2004). However,
whether and how the intraseasonal SST anomalies feed
back to the TISO is still somewhat controversial (Hendon 2000; Zhang and Anderson 2003; Grabowski 2006).
Two types of SST feedback mechanisms have been proposed in the literature. One suggests that intraseasonal
SST anomalies feed back to the TISO through changing
the atmospheric instability ahead of the convection
(Lau and Sui 1997; Shinoda et al. 1998; Stephens et al.
2004; Fu et al. 2006). The other suggests that the feedback is through changing the boundary layer convergence (Wang and Xie 1998; Waliser et al. 1999; Fu and
Wang 2004b; Seo et al. 2007).
For this particular model, the forecasts with intraseasonally varying SST in the boundary condition (CPL)
have much longer TISO predictability than that without
intraseasonal SST forcing (ATM; see Figs. 5,6). Because we used the same atmospheric model and initial
conditions, the SST feedback processes that worked in
the coupled case can be unraveled by analyzing the
differences of the forecast rainfall and associated variables between these two cases. In particular, we will
focus on those processes that have been recognized as
important contributors to steering the northward
propagation of the boreal summer TISO, for example,
surface convergence (Wang and Li 1994), surface
evaporation (Lau and Sui 1997; Shinoda et al. 1998; Fu

A case study will be conducted first to identify the
possible links between intraseasonal SST and rainfall
anomalies. Then, statistical analyses of all forecasts will
be used to further examine these findings. All data used
in this section are the unfiltered daily outputs from the
coupled forecasts and atmosphere-only forecasts driven
by smoothed SST. Event two (Fig. 1d) has been selected for the case study because the impact of air–sea
coupling on the northward progression of TISO is particularly clear for this event. Figure 8 presents the latitude–time cross sections of the differences of rainfall,
SST, surface convergence, and surface latent heat flux
averaged over 65°–120°E between the coupled forecast
and atmosphere-only forecast. Before day 25, the lead
of the negative (positive) SST anomalies on the northward-propagating negative (positive) rainfall anomalies
are very clear (Fig. 8a). In contrast, the reduced nearequatorial rainfall starting from day 12 is not obviously
preceded by negative SST anomaly. Figure 8b shows
that surface convergence (divergence) and positive
(negative) rainfall anomalies are closely connected to
each other, with the former slightly leading the latter;
for example, the reduced near-equatorial rainfall is preceded by surface divergence. Figure 8c shows that the
reduced latent heat flux (or evaporation) centered near
15°N at day 10 leads the sea surface warming, which in
turn leads to increased surface evaporation. The positive (negative) SST anomalies, in general, also have a
significant in-phase correlation with the enhanced (reduced) surface evaporation.
Figure 9 presents the corresponding differences in
vertical structures of moisture and circulation, along
with the associated surface anomalies between the
coupled and uncoupled forecasts during the northward
progression of TISO (primarily from days 10 to 25, as
shown in Fig. 8a). On day 10 (Fig. 9a), the positive
rainfall anomalies are near the equator, with a maximum around 2°S, whereas the positive SST and surface
convergence anomalies are present in the Northern
Hemisphere, with a maximum around 6°N. The surface
convergence is probably initiated by an anomalous SST
gradient, as suggested by Lindzen and Nigam (1987).
The enhanced evaporation associated with a positive

5
Easterly vertical shear usually indicates that the upper layer is
easterly and the lower layer is westerly; therefore, the resultant
U850hPa ⫺ U200hPa will be positive for easterly vertical shear.
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FIG. 8. The latitude–time cross sections of the averaged differences over 65°–120°E between the coupled forecasts and atmosphere-only forecasts driven by smoothed SST for (a) rainfall
(contours; interval of 2 mm day⫺1) and SST (shading; °C), (b)
rainfall (contours; interval of 2 mm day⫺1) and surface convergence (shading; 1 ⫻ 10⫺6 s⫺1), and (c) surface latent heat flux
(contours; interval of 20 W m⫺2, positive means upward) and SST
(shading; °C). Both forecasts targeted event two (Figs. 1e,f) and
started from phase I.

SST anomaly (the surface wind speed anomaly is almost zero) exists between the equator and 7°N. Both
the surface convergence and evaporation contribute to
the boundary layer moistening south of 10°N. North of
10°N, the surface moistening can be explained by the
anomalous southward advection of moisture, as suggested by Jiang et al. (2004). Therefore, both the positive SST and surface convergence anomalies favor the
rainfall anomaly propagating northward. On day 15, the
maximum rainfall anomaly moves to 6°N, with maximum surface convergence, SST, and evaporation to the
northern side. The surface moistening between 12° and
16°N can be attributed to the enhanced evaporation,
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which in turn is due to the coexisting positive SST
anomaly and enhanced surface winds. The nearequatorial surface divergence and reduced rainfall may
be partly attributed to the subsidence of overturning
meridional circulation. The potential roles of this overturning meridional circulation on monsoon dynamics
have been pointed out by previous researches (e.g., Lau
and Peng 1990; Annamalai and Sperber 2005). In this
study, its implication on the TISO characteristics will be
further discussed later.
On day 20 (Fig. 9c), the maximum rainfall moves to
9°N. Positive SST and surface convergence anomalies
continue to lead the rainfall. The overturning meridional circulation is strengthened, which considerably
dries the troposphere and increases (reduces) surface
divergence (rainfall) near the equator. The enhanced
evaporation to the north of 16°N indicates the direct
contribution of local positive SST anomaly. On the
other hand, the enhanced evaporation to the south of
5°N is likely caused by the intensified surface winds. On
day 25 (Fig. 9d), the maximum rainfall anomaly propagates to 13°N and stays around this latitude for a while
(Fig. 8a). The maxima of the positive SST, surface convergence, and evaporation anomalies are almost collocated with the maximum rainfall. The continuous
buildup of surface moistening to the south of the convection suggests that the convection may move southward instead of northward, which did happen in a later
period (Figs. 8a,b).
To further examine the possible SST feedback processes, the lag correlations of rainfall (or SST) differences between the coupled and uncoupled forecasts
with a number of relevant variables are calculated.
When rainfall anomaly is used as the reference time
series, the domain-averaged (10°S–25°N, 65°–120°E)
lag correlations between rainfall and SST, surface
evaporation (Qlat), surface convergence (Conv), zonal
wind vertical shear (U850hPa ⫺ U200hPa) (Shear),
boundary layer air temperature (Ta), and humidity
(Qa) are shown in Fig. 10. All of the time series used to
calculate the lag correlations are from the differences of
90-day forecasts between the coupled and the uncoupled models (CPL and ATM in Table 1). The maximum SST anomaly appears about 5 days before the
maximum rainfall anomaly. The maximum surface
evaporation and convergence leads the rainfall by 2
days; the maximum boundary layer air temperature and
humidity lead the maximum rainfall by about 1 day.
The maximum easterly vertical shear, however, appears
about 3 days after the maximum rainfall. These sequential relationships suggest that the positive SST anomaly
enhances the surface evaporation and convergence,
warming up and moistening the atmospheric boundary
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FIG. 9. (tops of panels) The vertical structures of the averaged differences of specific humidity (contours) and circulations (arrows)
over 65°–120°E between the coupled forecasts and atmosphere-only forecasts driven by smoothed SST along with (bottoms of panels)
the differences of SST (°C), rainfall (⫻17 mm day⫺1), surface convergence (⫻8 ⫻ 10⫺6 s⫺1), surface evaporation (⫻65 W m⫺2), and
wind speed (⫻6 m s⫺1) at day (a) 10, (b) 15, (c) 20, and (d) 25. As in Fig. 8, both forecasts targeted event two (Figs. 1e,f) and started
from phase I.

layer. All of these processes lead to the intensification
of TISO-related convection, which further enhances
the easterly vertical shear.
If the SST (rather than rainfall) anomaly is used as
the reference time series, the resultant lag correlations
between SST and rainfall (P), surface evaporation
(Qlat) and convergence (Conv), zonal wind vertical
shear (U850hPa ⫺ U200hPa) (Shear), boundary layer
air temperature (Ta), and humidity (Qa) are given in
Fig. 11. The maximum SST anomaly leads the surface
convergence by ⬃1–2 days, suggesting that the positive
SST anomaly directly induces surface convergence.
However, the maximum correlation between SST and
convergence is much smaller than that between convergence and rainfall. There are two possible causes: first,

part of the rainfall–convergence connection (Fig. 10)
reflects the remote effect of the overturning meridional
circulation (Fig. 9), rather than the direct effect of local
SST; second, the interaction between anomalous convection and mean easterly shear is an important factor
to enhance the surface convergence too (Jiang et al.
2004; Drbohlav and Wang 2005). The maximum SST
anomaly leads the boundary layer air temperature and
surface evaporation by about 2 days. The maximum
correlation between SST and evaporation is much
larger than that between the rainfall and evaporation.
This further supports that the positive SST anomaly
does enhance surface evaporation. The maximum rainfall appears about 5 days after the maximum SST. However, the maximum boundary layer humidity and east-

FEBRUARY 2008

FU ET AL.

FIG. 10. The lagged correlations of differences of SST, surface
latent heat flux (or evaporation, Qlat), surface convergence
(Conv), zonal wind vertical shear (U850hPa ⫺ U200hPa, Shear),
boundary layer air temperature (Ta), and specific humidity (Qa)
referring to the rainfall differences between the coupled model
(CPL) and atmosphere-only model (ATM) during 90-day forecasts for all four phases.

erly vertical shear occur even later. The late peak of
boundary layer humidity in this case suggests that, in
addition to the effect of SST, convection itself also plays
important role in regulating the boundary layer humidity (e.g., Johnson 1980), which is an important issue that
needs to be addressed in a future study.
From the above case study and statistical analyses,
several important processes by which the SST anomaly

FIG. 11. The lagged correlations of differences of rainfall (P),
surface latent heat flux (or evaporation, Qlat), surface convergence (Conv), zonal wind vertical shear (U850hPa ⫺ U200hPa ,
Shear), boundary layer air temperature (Ta), and specific humidity (Qa) referring to the SST differences between the coupled
model (CPL) and atmosphere-only model (ATM) during 90-day
forecasts for all four phases.
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is manifest as a rainfall anomaly have been identified.
A positive SST anomaly initiates anomalous convection
by SST gradient-forced surface convergence, enhancing
surface evaporation (Fig. 8) and warming up the atmospheric boundary layer (Figs. 10,11). The interaction
between the anomalous convection and mean easterly
shear also enhances the surface convergence (Jiang et
al. 2004; Drbohlav and Wang 2005). The remote subsidence of overturning meridional circulation induced
by the off-equatorial convection (Figs. 9b,c) reduces the
near-equatorial convection, thus enhancing the northward pressure gradient and northward surface winds
and further intensifying the off-equatorial convection.
Because the important role of mean easterly shear in
the northward-propagating TISO has been emphasized
by many previous studies (e.g., Wang and Xie 1996;
Kemball-Cook et al. 2002; Jiang et al. 2004; Drbohlav
and Wang 2005; Sperber et al. 2005; Ajayamohan and
Goswami 2007), the enhanced northward-propagating
TISO in the coupled forecast relative to the uncoupled
case (Figs. 1,8) may be due to stronger mean easterly
shear. Figure 12 examines the mean zonal wind vertical
shears (U850hPa ⫺ U200hPa) as a function of latitude
averaged during the first-month forecasts of two selected events (Figs. 1a,d). For event one (Fig. 12a), both
forecast mean vertical shears are nearly the same, but
are smaller than that of the control run in the Southern
Hemisphere. In the Northern Hemisphere, the shear
from the atmosphere-only forecast is even larger than
that in the coupled forecast. For event two (Fig. 12b),
the mean vertical shears from the control run, coupled
forecast, and atmosphere-only forecast are nearly the
same. Therefore, the enhanced northward-propagating
TISO in the coupled forecasts cannot be attributed to
the increase of mean easterly shear. We also compared
the mean boundary layer humidity, which has been proposed by Ajayamohan and Goswami (2007) as a critical
factor for the northward-propagating TISO in their numerical experiments. In our case, however, no significant difference of the mean boundary layer humidity is
detected between the coupled forecast and atmosphere-only forecast (figure not shown). On the other
hand, if we compare two selected TISO events, the
easterly shear in event two (Fig. 12b) is systematically
larger than that in event one (Fig. 12a), and so is the
corresponding northward-propagating TISO (Figs.
1a,d). This result supports that the mean easterly shear
plays an important role in steering the TISO northward
in the Indo–western Pacific sector.
In the above analyses, we have suggested that the
off-equatorial positive SST anomaly leads the enhanced
rainfall, which in turn suppresses the convection near
the equator through an overturning meridional circula-
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FIG. 12. The mean zonal wind vertical shear (U850hPa ⫺ U200hPa, m s⫺1) averaged over
65°–120°E during the first 30-day forecasts from the control run (solid line), coupled run
(CPL, long-dash line), and atmosphere-only run (ATM, dotted line) for event (a) one and (b)
two.

tion. To examine whether this process works in the
model, the lag regressions between the averaged SST
anomaly in the Bay of Bengal (BoB; 10°–15°N, 80°–
90°E) and the surface convergence anomaly over the
globe have been calculated. Figure 13 shows the lag
regressions with the surface convergence anomaly averaged over the equatorial and northern Indian
Oceans. The maximum SST over the BoB leads surface

FIG. 13. The lag-regressed surface convergence differences (1 ⫻
10⫺6 s⫺1) over the northern (solid line) and equatorial (dotted)
Indian Ocean referring to the SST differences over the Bay of
Bengal (10°–15°N, 80°–90°E). The differences are derived between the coupled forecasts (CPL) and atmosphere-only forecasts
(ATM).

convergence in the northern Indian Ocean by about 1–2
days, which in turn leads the equatorial surface divergence by another 1–2 days. This phase relationship supports that the northward-propagating positive SST
anomaly leads the northward-propagating surface convergence and positive rainfall anomalies, which will
generate subsidence near the equator through an overturning meridional circulation, acting to suppress the
equatorial convection. This process has been confirmed
by a sensitivity experiment with ECHAM4 AGCM (figure not shown). Figure 14 compares the autocorrelations of forecast daily rainfall anomalies (after removing the 3-month mean) in the coupled model and atmosphere-only model over the equatorial Indo–
western Pacific Oceans. In the coupled model, the
autocorrelation changes the sign from positive to negative at about 8–10 days. In the atmosphere-only model,
the autocorrelation remains positive even after 15 days.
This result suggests that active air–sea coupling may
shorten the TISO period near the equator through enhancing the northward-propagating TISO and the associated overturning meridional circulation.

b. SST–rainfall relationship and atmospheric initial
conditions
One interesting result shown in section 2 is that the
TISO predictability in the atmosphere-only model
(driven by forecast daily SST) is nearly the same as that
in the air–sea coupled forecast (Figs. 5–7). This is dif-
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FIG. 14. Rainfall autocorrelations as a function of lagged days
averaged in the EIO (5°S–5°N, 65°–95°E) and in the EWP (5°S–
5°N, 120°–150°E) from the coupled forecasts (CPL, two solid
lines) and atmosphere-only forecasts (ATM, two dotted lines).

FIG. 15. The temporal evolutions of filtered SST and rainfall
anomalies over the western Pacific (15°N, 150°E) from the
coupled forecasts (CPL) and atmosphere-only forecasts driven by
forecast daily SST (ATMd).

ferent from a direct deduction based on the results of
previous free integrations (Fu and Wang 2004b; Waliser 2006), which suggested that the atmosphere-only
run forced by daily SST cannot maintain the observed
quadrature phase relationship between rainfall and
SST, and thus the TISO predictability in the forced
atmosphere-only forecast should be significantly lower
than that in the coupled forecast (e.g., Wu et al. 2002;
Fu et al. 2003; Zheng et al. 2004; Matthews 2004).
Apparently, current results turn out to be quite different from previous expectations. How do we reconcile this discrepancy? It can be explained by the different ways these experiments were conducted and different time periods in which SST–rainfall relationships
were calculated. Under a forced atmosphere-only forecast setting (ATMd in Table 1), the initial atmospheric
conditions contain significant intraseasonal information
(e.g., atmospheric moistening/heating and associated
large-scale circulations) that will exert a strong internal
dynamic control on the development of SST-driven
convection (Lau et al. 1997), thus maintaining a quadrature SST–rainfall phase relationship for a while. Suppose that initially a positive SST anomaly is located
around 10°N with deep convection near the equator,
and the overturning meridional circulation associated
with the equatorial convection generates strong subsidence in the off-equatorial regions, particularly over the
Northern Hemisphere during boreal summer. The subsidence can significantly delay the onset of convection
over the positive SST anomaly around 10°N, resulting
in a quadrature SST–rainfall phase relationship. Figure
15 illustrates this point by showing the temporal evolutions of the filtered 90-day forecast SST anomaly and

associated rainfall anomalies for the coupled forecast
and the forced atmosphere-only forecast at 15°N,
150°E. During two TISO cycles, the rainfall anomalies
in the coupled forecast always follow the SST with a
10-day lag. The atmosphere-only forecast rainfall tracks
the coupled forecast very well only within the first
month; later, the forecast rainfall tends to become in
phase with the underlying SST anomaly.
Under a forced atmosphere-only free-run setting
(e.g., Wu et al. 2002; Fu et al. 2003; Zheng et al. 2004;
Matthews 2004), there are two possible reasons for the
resultant in-phase SST–rainfall relationship. First, if the
initial atmospheric conditions were randomly chosen,
there will be no large-scale subsidence over the positive
SST anomaly to delay the onset of SST-driven convection. The positive rainfall anomaly will occur quickly
over the positive SST anomaly. Second, even if proper
initial atmospheric conditions were used, the forced atmosphere-only rainfall forecasts can only maintain a
quadrature phase relationship with underlying SSTs by
about a month (Fig. 15). Later on, the rainfall anomalies tend to become collocated with the underlying
SSTs. Because the lag correlations between rainfall and
SST were usually calculated with year-long or multiyear
integrations (Wu et al. 2002; Fu et al. 2003; Zheng et al.
2004; Matthews 2004), the resultant in-phase relationship between rainfall and SST should be expected.
To further corroborate the above arguments, another
set of atmosphere-only forecasts driven by daily SST
(same as that used in the ATMd, see Table 1) has been
carried out (referred to as ATMd_ini later). In this
case, the original atmospheric initial conditions have
been replaced with an atmospheric status on the same
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resultant SST–rainfall relationship becomes nearly in
phase, which is the same as that found in previous free
integrations (Wu et al. 2002; Fu et al. 2003; Zheng et al.
2004; Matthews 2004).

5. Summary and discussion

FIG. 16. The lagged correlations between the filtered SST and
rainfall anomalies averaged over the northern Indian and western
Pacific Oceans (5°–20°N, 65°–160°E) during 90-day forecasts for
three different runs: the coupled run (CPL), the atmosphere-only
run forced by daily SST (ATMd), and the atmosphere-only run
forced by daily SST but with arbitrary initial conditions (ATMd_ini).

calendar day, but from different integrations. Therefore, the new atmospheric initial conditions are no
longer matched with the underlying SST at the beginning of the forecasts. The lag correlations between filtered SST and rainfall during 90-day forecasts from
three runs (CPL, ATMd, and ATMd_ini) are compared. Figure 16 summarizes the domain-averaged lag
correlations between rainfall and SST over the northern Indo–western Pacific Oceans (5°–20°N, 65°–160°E)
for three 90-day forecasts (CPL, ATMd, and ATMd_
ini). The maximum correlation coefficients for the
three forecasts are, respectively, 0.57, 0.34, and 0.16.
The leads from SST to rainfall are also reduced from 10
days in the coupled case to 3 days in the ATMd_ini
case.
The above result indicates that the strongest coupling
(highest correlation) between the intraseasonal SST
and rainfall anomalies occurs in the coupled forecasts,
with SST leading rainfall by about 10 days. Both correlation coefficients and lead days decrease in the atmosphere-only forecasts driven by daily SST. However,
in the first month of the atmosphere-only forecast, the
intraseasonal rainfall and SST are able to maintain the
quadrature phase relationship, but quickly become in
phase later. This result suggests that the reasonable
matchup between atmospheric initial condition and underlying daily SST enables the atmosphere-only forecast to have a very similar predictability as that of the
coupled forecast. If the atmospheric initial condition
does not match up with the underlying daily SST, the

To find the best SST configuration for the hindcasts
and operational forecasts of the TISO (Waliser et al.
2003b; Fu et al. 2007), a series of ensemble forecasts
have been conducted to quantify the TISO predictability under different SST conditions (Table 1). The five
different lower boundary conditions, respectively, are
as follows: (i) SST directly generated by full ocean–
atmosphere coupling (CPL), (ii) smoothed SST from
the coupled control run (ATM), (iii) damped persistent
SST (ATMp), (iv) SST produced by anonymous coupling to a slab mixed-layer ocean model (ATMf), and
(v) daily SST from the coupled forecast (ATMd). The
following two complementary methods have been used
to quantify the TISO predictability: (i) the ratio of signal to forecast error and (ii) the anomalous correlation
coefficient (ACC). Because a “perfect” model assumption has been implied in this study, the predictability
examined here is actually “potential” predictability
rather than the “practical” predictability assessed in
other studies (e.g., Seo et al. 2005; Woolnough et al.
2007).
The fully coupled atmosphere–ocean model has the
highest predictability that reaches over 30 days (Figs.
5,6) averaged in Southeast Asia (10°–30°N, 65°–120°E).
The atmosphere-only forecasts driven by “smoothed”
and damped persistent SSTs have the lowest predictability (⬃20 days). The atmospheric model, after coupling to a slab mixed-layer ocean, achieves a predictability of about 25 days. It is also found that the atmosphere-only model, when driven by forecast daily SST,
has nearly the same predictability as that of the fully
coupled model. Further analysis indicates that the ensemble mean forecast has much higher skill than that of
the individual forecasts. The ensemble mean forecast
extends the TISO predictability by another 10 days under all boundary conditions (Fig. 7). The above findings
suggest that fully coupled atmosphere–ocean model
produces the best lower boundary condition for the
TISO prediction. The atmosphere-only model, driven
by the daily SST forecast by the coupled model (tier
two), could reach the same skill as the directly coupled
forecasts (tier one). Coupling a slab mixed-layer ocean
to an atmospheric model also modestly increases the
predictability relative to the atmospheric model forced
by the smoothed and damped persistent SSTs.
For the Southeast Asian region (10°–30°N, 65°–
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FIG. 17. A schematic shows the major ingredients involved in the SST feedback to enhance
the northward-propagating tropical intraseasonal oscillation.

120°E), atmosphere–ocean coupling particularly extends the TISO predictability when the forecasts start
from the break phase (Fig. 2). The break phase usually
evolves into active phase, suggesting that the positive
SST anomaly generated in the break phase (Sengupta
and Ravichandran 2001; Fu et al. 2003) plays an important role during the onset of deep convection. It is also
found that air–sea coupling significantly extends the
weather predictability during the break-to-active transition (Fig. 3d). Two additional experiments, forced respectively by forecast daily SSTs that include only positive or negative intraseasonal SST anomaly, further
corroborated that the positive SST anomaly, rather
than the negative SST anomaly, is the key factor to
extending the weather predictability (Fig. 4).
The major ingredients involved in the SST feedback
processes for this model have been summarized in Fig.
17. The positive SST anomaly in the northern Indo–
western Pacific Oceans increases the local evaporation
and surface convergence (Figs. 8,9), which leads the
positive rainfall anomaly propagating northward. The
interactions between anomalous convection and mean
easterly shear (Fig. 12) further enhance surface convergence and evaporation (Wang and Xie 1996; Jiang et al.
2004; Drbohlav and Wang 2005). The convectiondriven overturning meridional circulation favors surface divergence near the equator, which in turn increases the northward pressure gradient and northward
surface winds (Fig. 9), thereby intensifying the offequatorial surface convergence and convective disturbances. The above scenario suggests that the final rainfall differences between the coupled and uncoupled

forecast is not just a linear atmospheric response to
the underlying SST anomaly, as implied in previous
studies (Lau and Sui 1997; Shinoda et al. 1998; Stephens
et al. 2004; Fu et al. 2006). The SST feedback actually
involves strong interactions between the convective
disturbances and the mean state. The positive SST
anomalies trigger the feedback processes through enhancing surface evaporation and surface convergence.
In boreal summer, both the mean easterly shear and
the overturning meridional circulation act as “amplifiers” of the SST feedback to the TISO. Therefore, the
manifestation of air–sea coupling on the TISO depends
not only on the magnitude and distribution of intraseasonal SST anomalies, but also on the atmospheric mean
state.
Another interesting finding of this study is that the
atmosphere-only model driven by forecast daily SST
has nearly the same predictability as that of the coupled
forecast (Figs. 5–7). This result is surprising because
previous findings that an uncoupled model cannot sustain the observed quadrature SST–rainfall relationship
(Fu et al. 2003; Zheng et al. 2004; Matthews 2004).
Analysis of the uncoupled forecasts reveals that, during
the first-month integration, the intraseasonal SST and
convection anomalies are able to maintain the observed
quadrature phase relationship (Fig. 15) because the internal dynamic/thermodynamic processes needed to delay the SST-driven convection have been included in
the atmospheric initial conditions. Two reasons can explain the nearly in-phase SST–rainfall relationship derived from previous studies (Fu et al. 2003; Zheng et al.
2004; Matthews 2004). First, if arbitrary atmospheric
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initial conditions that do not match the underlying daily
SSTs were used, the resultant SST–rainfall relationship
is almost in phase (Fig. 16). Second, even if the atmospheric initial conditions well match the underlying
daily SST, using the model outputs from year-long or
multiyear integrations will still result in the in-phase
SST–rainfall relationship because the quadrature phase
relationship can only be maintained within the firstmonth integration (Fig. 15).
The similar predictability between the coupled forecast and the uncoupled forecast driven by forecast daily
SST indicates that, in principle, the so-called tier-one
and tier-two systems (Goddard et al. 2001; Zheng et al.
2004) are both good strategies to forecast the TISO.
This result also suggests that using observed highfrequency SSTs as boundary conditions is a proper
choice for TISO hindcasts if the atmospheric initial conditions from the state-of-the-art reanalysis datasets
(e.g., NCEP and European Centre for Medium-Range
Weather Forecasts) are good enough to match the observed high-frequency SSTs. These hypotheses need to
be examined in the context of hindcasts and real-time
forecasts of TISO with the best available data and models. Our current findings further emphasized that, as a
phenomenon with time scale between the weather forecast (⬃1 week) and climate outlook (⬎1 month), the
successful prediction of TISO critically depends on the
settings of both initial and boundary conditions. Last,
because the number of cases and ensembles used in this
study is very limited and some results may be model
dependent, future studies with more cases and ensembles using different models are needed in order to
reach community-wide consensus.
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APPENDIX
An Example of SSTs in Five Sensitivity
Experiments
The temporal evolution of SSTs averaged over 10°–
15°N, 90°–95°E in five experiments (Table 1), along
with that from the coupled control run, is given in Fig.
A1. These results correspond to the forecasts starting
from phase I of TISO event two (Fig. 1). In terms of
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FIG. A1. Temporal evolutions of SSTs in the coupled control
run (control), fully coupled (and daily) forecasts (CPL/ATMd),
smoothed forecast (ATM), damped persistent forecast (ATMp),
and coupling to a slab mixed-layer ocean (ATMf). The SSTs for
the CPL/ATMd and ATMf runs are 10 ensemble means.

low-frequency variability, SSTs in the fully coupled
(and daily) forecasts (CPL/ATMd) track that well in
the coupled control run toward about 50 days. Coupling
to a slab mixed-layer ocean (ATMf) underestimates the
SST variability in the control run and coupled (and
daily) forecasts. SSTs in the smoothed (ATM) and
damped persistent (ATMp) runs are very similar, except that in the beginning the SST in the smoothed run
has a discontinuity but has a gradual transition in the
damped persistent run.
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