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Abstract. Extreme pluvial floods across China's Yangtze River basin in the summer of 2016 werewas
strongly connected with intense atmospheric moisture transport, and resulted in vast loss of properties
after a strong El Nifio winter. Predicting such extreme floods in advance is essential for hazard
mitigation, but the flood forecast skill is relatively low due to the limited predictability of summer
precipitation. By using a “perfect model” assumption, here we show that atmospheric moisture flux has
a higher potential predictability than precipitation over the Yangtze River at seasonal time scales. The
predictability of precipitation and moisture flux are-is higher in post-El Nifio summers than these-in
post-La Nifias, especially for flooding events. As compared with extreme precipitation, the potential
detectability of extreme moisture flux increases by 20% in post-El Nifio summers, which suggests that

atmospheric moisture flux could be crucial for early warning of Yangtze River summer floods.
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1. Introduction

Located in eastern China with dense population and major agricultural and industrial productions, the
Yangtze River basin suffers from frequent flooding due to large interannual variability of the East Asian
summer monsoon. In June-July of 2016, extreme pluvial floods hit the middle and lower reaches of the
Yangtze River, caused severe inundations over many big cities, and resulted in direct economic loss of
70 billion RMB (about 10 billion U.S. dollars) (Yuan et al., 2018). Effective early warning of upcoming
extreme flood events is urgent to mitigate the potential damages, and-which strongly depends on
accurate precipitation forecasts not only at synoptic- but also subseasonal-to-seasonal scales (Yang et al.,
2008; Tian et al., 2017). However, predicting flood at seasonal time scales is still a grand challenge due
to limited forecast skill in precipitation at long leads (Alfieri et al., 2013; Yuan et al., 2015). This raises
the interests to explore other relevant variables that are more predictable than precipitation for flood
early warning.

Predictability is an inherent property of the climate system, and it represents the ability of the model to
"predict itself" be—predieted"(Boer et al., 2013). As for a numerical prediction model, it is widely
accepted that we cannot improve the (precipitation) predictability without improving its dynamical
framework, data assimilation and/or physical parameterizations, etc (e.g., Bamston et al., 2012).
However, most of the heavy precipitation and flood events in many mid-latitude regions, especially in
coastal areas, are strongly related to intense horizontal atmospheric moisture transport (Banacos and

Schultz, 2005; Ralph et al., 2006; Lavers et al., 2014). The atmospheric moisture flux is supposed to be

better predicted by large-scale climate models than precipitation that is not only connected to mesoscale

(or more local scale) circulation but also influenced by the vertical convection and the localized
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orography might—alse—be—influencedby—meso-seale—conveetions—(Lavers et al., 2014, 2016b). This

provides a potential to use atmospheric moisture flux to extend the predictability of floods. Recently, a
series of studies (Lavers et al., 2014, 2016a, 2016b) have assessed the varying predictability of
precipitation and moisture flux in winter, and shown that moisture flux yields a higher predictability
than precipitation at synoptic-scales (less than two weeks) across northwest Europe and western U.S.
that are known as affected by atmospheric rivers. At sub-seasonal to seasonal time scales, however,
whether such moisture flux and precipitation predictability relation also applies in China's monsoonal
summer seasons where convection is active, such as the Yangtze River summer flood, is still unclear.

The middle and lower reaches of the Yangtze region-River basin in eastern China is one of the most
strongly El Nifio-Southern Oscillation (ENSO)-affected regions in the world (e.g., Wang, 2000; Wu et
al., 2003; Ding and Chan, 2005). The persistent Sea Surface Temperature (SST) anomalies in the
equatorial eastern Pacific can alter the tropical and subtropical circulations via local air-sea interaction
and/or teleconnections, and thus affect the East Asia summer climate significantly, including the
summer precipitation in the Yangtze region. Such ENSO-related climate anomaly in the Yangtze region
is not concurrent with the ENSO cycle, but hasat a seasonal lag. A possible mechanism for this lag-
impact of ENSO on East Asia summer climate is the Indo-western Pacific ocean capacitor (IPOC),
where the North Indian 0Ocean warming after El Nifio plays a crucial role (e.g., Xie et al., 2016).
Therefore, the precipitation predictability over the Yangtze River is closely associated with the
atmospheric and oceanic conditions, which is similar to other regions (Gershunov, 1998; Kumar and
Hoerling, 1998; Lavers et al., 2016a). For instance, Kumar and Hoerling (1998) indicated that the North

American climate is most predictable during the late winter and early spring seasons of the warm ESNO
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events. Lavers et al (2016a) showed that the moisture flux and extreme precipitation have different
prediction skill predietability-during different North Atlantic Oscillation (NAO) phases. In short, the
weather or climate forecasts initialized at different atmospheric/oceanic conditions can have varying
levels of predictability, so understanding how the Yangtze River rainfall predictability varies during
different ENSO phases is also a concern.

In present study, we aim to address the above questions by evaluating the seasonal predictability of
precipitation and moisture flux for the middle and lower reaches of Yangtze River (110°-123°E, 27°-
34°N) based on multisource observational data, and ensemble hindcasts and real-time forecasts from a
dynamical seasonal forecast model Climate Forecast System version 2 (CFSv2; Saha et al., 2014) for
the period of 1982-2016.

2. Data and Method

2.1 Observation and reanalysis data

Monthly mean precipitation data at 1°x1° resolution over the Yangtze River basin was obtained from
NOAA's precipitation reconstruction over land (PREC/L), which agrees well with gauge-based datasets

(Chen et al., 2002). Monthly mean atmospheric fields including geopotential height, u-wind, v-wind,

and specific humidity at different—pressure—tevels300, 400, 500, 700, 850, 925 and 1000 hPa were

derived from the ERA-Interim reanalysis (Dee et al., 2011). Herein, the mean June-July zonal and
meridional atmospheric moisture fluxes between 300 and 1000 hPa were calculated separately, and their
magnitudes were combined as the total moisture flux (Lavers et al., 2016a).

NINO3.4 (5°S-5°N, 120°-170°W) SST anomaly based on ERSSTv4 monthly data (Huang et al., 2014)

during 1948-2016 was used to analyze the impact of ENSO on the seasonal predictability of rainfall

o meRm: reEe: a6
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anomaly during preceding December-January-February (DJF) exceeding its 0.5 standard deviation (o).
2.2 CFSv2 seasonal hindcast and real-time forecast data

The ensemble hindcast and real-time forecast datasets including the monthly specific humidity and wind
field at different levels and monthly precipitation from Climate Forecast System version 2 (CFSv2)
(Saha et al., 2014), were used here to quantify the potential predictability. The predicted moisture flux
was calculated the same as the observation mentioned in Section 2.1. CFSv2 has 24 ensemble members
with different initial conditions (Yuan et al., 2011) and has been widely used for subseasonal to
seasonal forecasting (e.g., Kirtman et al., 2014; Yuan et al., 2015; Tian et al., 2017). All monthly
anomalies were calculated based on the climatology from the entire hindcast period (1982-2010). The
0.5-month lead forecast ensembles started from mid-May to early June (Saha et al., 2014), and predicted
through June-July. Similarly, the 1.5-month lead forecasts for the June-July started from the mid of
April, and so on.

In order to investigate the predictability at finer temporal resolution (e.g., weekly mean fields), the

CFSv2 daily reforecasts were also obtained from the Subseasonal to Seasonal (S2S) prediction project

for the period of 1999-2010, with the forecast lead times up to 45-days (Vitart et al. 2017). As for the

June 1-7 weekly mean fields, the reforecasts started from May 18 were used as the first ensemble

member, the reforecasts started from May 19 were used as the second, and so on. This resulted in 14

ensemble members, with forecast lead times from 1-day to 14-days. The above process was repeated for

other weekly averaged fields during June and July. This is called as the first group of ensemble
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subseasonal forecasts, with lead times of 1-14days. The second group of ensemble reforecasts started

from 17 May, 18 May ..., and 30 May were formed similarly, with lead times of 2-15days, and so on.

2.3 The potential predictability approach

The potential predictability was quantified by using a “perfect model” assumption (Koster et al., 2000,
2004; Luo and Wood, 2006; Becker et al., 2013; Kumar et al., 2014; Lavers et al., 2016b). For the
predictions of June-July mean precipitation and moisture flux over each grid cell within the Yangtze
River basin (110°-123°E, 27°-34°N) at a given lead time, ensemble member 1 was considered as the
observation and the average of members 2-24 was taken as the prediction, which resulted in two time
series with 35 years of record (1982-2016). The skill of this forecast was then calculated by using the

anomaly correlation (AC; Becker et al., 2013) between these two time series, which is defined as

yx' v’ XY

AC=—>=2" "
[Ex )2y )2 /2-AC= ]
DXCORCORE

, where X' is the “observed” precipitation/moisture flux

anomaly and Y’ iswas the predicted counterparts. Here, the 95% (90%) significant level is 0.33 (0.22)
for AC according to a two-tailed Student’s t-test. Figure 1 gives an example of the potential
predictability calculation at a grid near Wuhan city, where the ensemble member 1 was taken as the
truth and the mean of the members 2-24 was the prediction. Result shows that moisture flux has a
higher predictability (AC) than precipitation at 0.5- and 1.5-month lead for member 1. This method was
repeated 24 times, with each member being considered as the observation, so as to obtain 24 AC values;
the average of these 24 values was the final estimate of the potential predictability. In addition to the

calculation for individual grid cells, AC value was also calculated by using both spatial and temporal
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samples for the Yangtze River basin with 72 CFSv2 grid cells. Here, an AC higher than 0.05 would be
considered as significant at 95% confidence level, both for ENSO events and the entire period.
The rationale for this “perfect model” approach is that the statistical characteristics of the “observation”

(one of the ensemble members) and the prediction (ensemble mean of remaining members) are the same,

so the estimate of potential predictability is not affected by model biases (Koster et al., 2004; Kumar et

al,, 2014).

In addition, the hit rate (HR) was also used to assess the seasonal predictability for extreme hydrologic
events (Ma et al., 2015), where the flooding condition was defined as the June-July mean precipitation
or moisture flux greater than 90" percentile of their climatology. Here, a forecast for flooding event can

be counted at a given grid or region when taking ensemble member 1 as observation and the average of

members 2-24 as the prediction: the HR was computed as HR = aic HrR——2_, where a represents the
a+c

number of events that flooding is forecast and observed, 4-for flooding isforecast but net-ebserved,-and
¢ for observed flooding that is not forecast. Similar to the AC calculation, 24 HR values would be
obtained when each member was considered as the observation, and their average HR values was the
final potential predictability for extreme hydrologic events.

3. Results

3.1 Yangtze River 2016 pluvial flood and its associated atmospheric circulation
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Figure 2a shows the spatial distribution of the 2016 June-July mean rainfall anomaly. Extreme pluvial
flooding hit the middle and lower reaches of Yangtze River, where the area averaged precipitation
increased by about 40% relatively to the climatology. In particular, continuous heavy rainfall hit
pummelled-the Yangtze River basin, with rainfall anomalies locally exceeding 300 mm within 10 days
(June 26-July 5; Yuan et al., 2018). Figure 2b shows that the June-July mean precipitation averaged
over the Yangtze River basin ranks only second to the 1954 flood during the period 1948-2016, and is
even heavier than the 1998 flood.

This Yangtze River extreme summer flood occurred in the context of the 2015/16 strong El Niflo (Zhai
et al., 2016; Yuan et al., 2018). Generally, when the SST over the eastern tropical Pacific is warmer
than normal in the preceding winter, the Yangtze region would experience a wetter summer, or even a
flood hazard. For instance, the catastrophic flooding of the Yangtze River in the summer of 1998 was
strongly influenced by the 1997/98 extreme El Nifio (e.g., Lau and Weng, 2001). From November 2015
to January 2016, the seasonal mean SST anomaly in the NINOifie—3.4 region (NOAA's Oceanic
NINONi#te Index) peaked at 2.3 °C (L’Heureux et al., 2016), and returned to neutral condition until
May 2016. With the influence of the preceding El Nifio signal, the western Pacific subtropical high
(WPSH) was stronger than climatology and located further west in the summer of 2016 through the
Pacific-East Asian teleconnection (e.g., Wang, 2000; Wu et al., 2003; Huang et al., 2007; Wang et al.,
2014) and the Indo-western Pacific Ocean capacitor (Xie et al., 2016), so a large amount of moisture
was transported along its western flank, from the Indian ocean, South China Sea and Pacific 0Oc¢ean to
the middle and lower reaches of Yangtze River (Fig. 2c). As a result, there was a significantly

anomalous moisture band in the east-west direction characterized with the largest moisture transport
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amount in the middle and lower reaches of Yangtze River, which was directly responsible for the 2016
summer flood (Fig. 2d).

3.2 Seasonal predictability of precipitation and moisture flux

Considering the association between intense moisture flux and heavy rainfall over the Yangtze River
basin, which is known within the canonical East Asian monsoon region (Ding and Chan, 2005), testing
whether atmospheric moisture flux is more predictable than precipitation at the seasonal time scale is
helpful for flood-control and disaster-relief. Figure 3 shows the predictions for June-July mean
anomalies of precipitation and corresponding moisture flux from the dynamical climate forecast model
CFSv2 for the 2016 summer flood at the first three-month leads. As compared with the observed
precipitation, CFSv2 successfully captured the rainfall surplus across the middle and lower reaches of
the Yangtze River at 0.5-month lead (Fig. 3a), and predicted a visible moisture transport band along the
middle and lower reaches of the Yangtze River (Fig. 3b). The highest moisture flux anomaly occurred
over the southern bank of the Yangtze River, which corresponded exactly to the location of heavy
precipitation and flood. At 1.5-month lead, CFSv2 still performed well for the anomalous moisture flux,
but the predicted precipitation anomaly was much weaker than that at the 0.5-month lead (Figs. 3¢c-3d).
At the 2.5-month lead, the prediction skill of precipitation significantly weakened with almost no
anomaly (Fig. 3e), but the predicted moisture flux could reproduce the anomaly to some extent (Fig. 3f).
In addition to the 2016 Yangtze flooding case, the potential predictability for June-July precipitation
and moisture flux at different lead times during 1982-2016 is also investigated. Figures 4a-4f depict the
spatial distribution of predictability for June-July mean precipitation and moisture flux at the 0.5-, 1.5-

and 2.5-month leads respectively, where moisture flux has higher predictability than precipitation. The
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highest AC values for moisture flux occur over the south of the Yangtze River where frequently suffers
from extreme summer pluvial flooding. At the 0.5-month lead, the AC values for precipitation are lower
than 0.3 over most areas (Fig. 4a), while they are higher than 0.3 and even close to 0.6 for moisture flux

predictability over the southern part of the Yangtze River basin (Fig. 4b). The AC values of

precipitation drops quickly with ewver—forecast leads, and Fig. 4c shows that-mere—than—half-eof-the

Yangtzeregion— more than half of the AC values areis less than 0.2 over- the Yangtze region at the

when-teading-1.5-month lead.: However,but the moisture flux still performs well with many AC values

higher than 0.3 at the 1.5-month lead, especially over and-shews-good-predietabilityin-the southeastern

mountain region (Fig. s—4e-4d). The moisture flux at the 2.5-month lead has higher AC values even
than precipitation at the 0.5-month lead (Fig. 4f). Meanwhile, it is evident that most areas of the
Yangtze River basin have significant predictability (at least at 90% confidence level) for the moisture
flux, but the predictability for precipitation is limited (Figs. 4a-4f).

Figure 4g indicates the corresponding spread for precipitation and moisture flux predictability
throughout the middle and lower reaches of Yangtze River region (110°-123°E, 27°-34°N). The median
(mean) value for precipitation is 0.25 (0.23) at the 0.5-month lead, but reaches 0.37 (0.35) for the
moisture flux. At the 2.5-month lead, the median (mean) value for moisture flux is 0.25 (0.24), which is
much higher than the value of 0.18 (0.16) for precipitation. The changes in potential predictability with

different forecast leads are also displayed in Figure 4h, based on both spatial and temporal samples for

the Yangtze River basin. The difference between precipitation and moisture flux is statistically

significant (p<0.05) with a two-tailed Student’s t-test. It is evident that moisture flux has consistently

higher predictability than precipitation out to 8.5-month lead. Similar result is also found at the location
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(30°N, 114°E) near Wuhan city (Fig. 4i), one of the big cities along the Yangtze River, which suffered
widespread inundation in the summer of 2016.

3.3 Varying predictability conditioned on different ENSO phases

As mentioned above, the Yangtze region in eastern China is one of the most strongly ENSO-affected
regions in the world, and the precipitation variability in this region is generally influenced by the
anomalous ENSO forcing (e.g., Wang, 2000; Wu et al., 2003; Ding and Chan, 2005). To explore their
covariability, here we performed a maximum covariance analysis (MCA, Bretherton et al., 1992) for the
preceding December-January-February mean SST (120°E-80°W, 10°S-60°N) and June-July mean
precipitation (100°E-150°E, 10°N-55°N) fields from 1948 to 2016. It is found that the second mode
(MCA2) explains 23% of the variance, and its corresponding SST anomaly pattern is very similar to the
traditional ENSO-like pattern with a warm anomaly over the equatorial eastern Pacific and a horse-
shoes_pattern with cold anomalies over the western tropical and central nNorthemn Pacific (Fig. 5a).
Meanwhile, its temporal evolution is strongly correlated with the NINO3.4 SST anomaly (r = 0.92,
black line in Fig. 5c). Correspondingly, the summer precipitation in the Yangtze region is above normal
significantly (Fig. 5b). Therefore, the Yangtze region is prone to experience a rainy or flooding summer
if the SST over the eastern tropical Pacific is warmer than normal in the preceding winter based on the
covariance analysis during the period 1948-2016, whether the predictability varies during different
ENSO phases should be investigated.

To explore the impacts of preceding ENSO El-Nifte-signals on Yangtze precipitation and moisture flux
predictability, correlations and hit rates conditional on different ENSO phases (i.e., El Nifio and La Nifa)

at different leads are shown in Figure 6. It is found that the seasonal predictability of Yangtze summer
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rainfall and moisture flux is much higher following El Nifio years than La Nifias (Fig. 6a). The contrast
during different ENSO phases is more obvious for extreme events, and the potential detectability of

extreme moisture flux increases by 20% in post-El Nifio summers as compared with the potential

detectability of extreme precipitation (Fig. 6b). This asymmetric performance during El Nifio and La

Nifia has drawn many attentions. One of the reasons is that the atmospheric response to tropical Pacific

SST anomaly is inherently nonlinear (Hoerling et al., 1997), where both the amplitude of SST anomaly

in the equatorial eastern Pacific and the associated atmospheric response are significantly larger during

El Nifio than during La Nifia episodes (Burgers and Stephenson 1999). Figure 6 also shows that the

predictability is high conditional on El Nifios even out to 6.5-month lead, which is consistent with
previous studies. For instance, Sooraj et al. (2012) have mentioned that forecasting seasonal rainfall
anomalies over central tropical Pacific islands from El Nifio winter into the following spring/summer is
skillful by using CFS, and Ma et al. (2015) have demonstrated high predictability for seasonal drought
over ENSO-affected regimes in southern China. The exception for 3.5-month lead forecast (started in
March) where the predictability conditioned on La Nifia is slightly higher than El Nifio (Fig. 6a) is

perhaps related to the ‘spring predictability barrier’, but such chaos disappears for extreme events (Fig.

Furthermore, CFSv2 predictions of atmospheric circulations associated with 500 hPa geopotential
height and 850 hPa wind and moisture flux are also investigated during different ENSO phases. As
shown in Figure 6c¢, there is an anomalously high pressure center over the subtropical western

subtropteal—Pacific, which is a recurrent pattern in post-El Nifio summers (Xie et al., 2016) and

impliesying that the WPSH is enhanced-in-pest-ElNifte-summers. Such circulation pattern would brings
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the-larger amounts of atmospheric moisture than normal from the southern oceans to the Yangtze River

basin, which corresponds well with extreme hydrologic events. The mechanism for this lag-impact of El

Nifio on East Asia summer climate is the Indo-western Pacific ocean capacitor (IPOC), where the

coupled wind—evaporation—SST feedback over the Northwest Pacific in spring persists to trigger East

Asia—Pacific/Pacific-Japan (EAP/PJ) pattern that arises from the interaction of the anomalous anti-

cyclone and North Indian Ocean warming in post-El Nifio summers (Xie et al., 2016). On the contrary,

preceding La Nifia winters are favorable to a low pressure anomaly in next summer, accompanied with

an abnormal cyclonic circulation, and thereby preventing the moisture from moving northwards to the

Yangtze region (Fig. 6d). It implies that the precipitation deficits or droughts are more likely to occur in

this region in post-La Nifia summers. The contrast is even—obvious even for forecasts forat 6.5-month

lead fereeasts-(Figs. 6e-6f).- The differences in predicted circulation and associated moisture transport

largely result in

determines higher predictability for extreme hydrologic events over the middle and lower reaches of the
Yangtze River basin in post-El Nifio summers (Hu et al., 2014).

4. Summary and Discussion

Previous studies have revealed that moisture flux has higher predictability than precipitation in weather
forecasts over the northwestern Europe and the western U.S., which areis affected by westerlies and
narrow bands of enhanced moisture transport known as atmospheric rivers (Lavers et al., 2014, 2016b).
However, whether the atmospheric moisture flux is more predictable at seasonal time scales during a
summer monsoon region is still unclear. Based on seasonal ensemble predictions from NCEP's

operational CFSv2 model during 1982-2016, our results show that moisture flux has higher seasonal
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predictability than precipitation over China’s Yangtze River basin in summer. In addition, we also

investigated potential predictability of precipitation and moisture flux on weekly averaged fields in

June-July at subseasonal time scale. Results are similar to seasonal time scale, where the moisture flux

has a higher predictability than precipitation at different lead times (Fig. 7). Moreover, the potential

predictability may change under different climatic conditions. The seasonal predictability is much
higher when initialized in warm ENSO conditions not only for precipitation but also for moisture flux.
More importantly, the moisture flux shows higher detectability (hit rate) than precipitation for extreme
pluvial flooding events following El Nifio winters. The results suggest that it may be possible to extend
the predictability of Yangtze River summer floods and to provide more reliable early warning by using
atmospheric moisture flux predictions. However, to which degree that moisture flux is connected with
precipitation and floods might be model dependent. It is necessary to explore their connections in a
multi-model framework (e.g., NMME; Kirtman et al., 2014; Shukla et al., 2016).

This study extends previous findings on the predictability of precipitation and moisture flux at synoptic
scales (Lavers et al., 2014) to seasonal time scales, and from atmospheric river-affected regions to the
East Asian summer monsoon region. Given that the transport of atmospheric moisture from oceanic
source regions is important for extreme rainfall in monsoon regions (Gimeno et al., 2012), moisture flux
might also be useful for long-range forecasting over other areas affected by the monsoon and low-level
jets. In fact, extreme precipitation and floods are found to be associated with large-scale moisture
transport over the North American monsoon (Schmitz and Mullen, 1996) and the South American

monsoon (Carvalho et al., 20118) regions. Extreme precipitation and floods usually occur accompanied

with intensive atmospheric moisture transport, especially over a large area such as the middle and lower
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reaches of the Yangtze River. Given higher predictability of atmospheric moisture flux, it can be used

as a precursor for flooding forecasting, either directly linking moisture flux to streamflow prediction

through statistical techniques (e.g., conditional distribution or Bayesian methods), or adding moisture

flux information into precipitation prediction, and consequently improving floods prediction. Moreover.

it is suggested that assimilating moisture flux observations into numerical climate forecast models

would benefit the prediction of hydrological extremes.

The higher moisture flux predictability largely arises from more predictable large-scale circulation (Li
et al., 2016), which strongly determines the atmospheric moisture transport. Although precipitation
variability is affected by both large-scale moisture transport and localized process and features, such as
condensation nuclei in the atmosphere and lifting movement, it is expected that moisture transport could
still be used as a crucial source of predictability for flooding over monsoonal regimes, especially at long

leads where meso-scale convection is still unpredictable at seasonal time scales.

Acknowledgement. This work was supported by National Natural Science Foundation of China
(91547103, 41605055), and the National Key R&D Program of China (2016 YFA0600403). The authors
thank Dr. Arun Kumar for helpful discussions. The authors acknowledge NCEP/EMC and IRI
(http://iridl.1deo.columbia.edu/SOURCES/NOAA/NCEP/EMC/.CFSv2/) for making the CFSv2

hindcast and real-time forecast information available. We are also grateful for the constructive

comments from three anonymous reviewers to improve the quality of this paper.




310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

References

Alfieri, L., Burek, P., Dutra, E., Krzeminski, B., Muraro, D., Thielen, J., and Pappenberger, F.: GIFAS-
global ensemble streamflow forecasting and flood early warning, Hydrol. Earth Syst. Sci., 17,
1161-1175, 2013.

Barnston, A. G., Tippett, M. K., L’Heureux, M. L., Li, S., and DeWitt, D. G.: Skill of real-time seasonal
ENSO model predictions during 2002—11: Is our capability increasing? Bull. Amer. Meteor. Soc.,
93, 631-651, doi:10.1175/BAMS-D-11-00111.1, 2012.

Becker, E. J., van den Dool, H. M., and Pena, M.: Short-termclimate extremes: Prediction skill and
predictability, J. Clim., 26, 512-531, 2013.

Boer, G. J., Kharin, V. V., and Merryfield, W. J.: Decadal predictability and forecast skill, Clim. Dyn.,
41, 1817-1833, doi:10.1007/s00382-013-1705-0, 2013.

Bretherton, C. S., Smith, C., Wallace, J. M.: An intercomparison of methods for finding coupled
patterns in climate data, J. Clim., 5, 541-560, 1992.

Burgers, G., and Stephenson, D. B..,: The ‘‘normality’’ of El Nifio. Geophys. Res. Lett., 26, 1027-1030,

1999
Carvalho, L. M. V., Silva, A. E., Jones, C., Liecbmann, B., Silva Dias, P. L., and Rocha, H. R.: Moisture
transport and intraseasonal variability in the South America Monsoon system, Clim. Dyn., 46,

1865-1880, 20110.

Chen, M., Xie, P., Janowiak, J. E., and Arkin, P. A.: Global Land Precipitation: A 50-yr Monthly

Analysis Based on Gauge Observations, J. Hydrometeor., 3, 249-266, 2002.

B gt o0 0 JK, R

H 4t -

pewy

2.25 F45,

ATk -

—2.25

e
T



331 Dee, D. P, Uppala, S. M., Simmons, A. J. et al.. The ERA-Interim reanalysis: Configuration and
332 performance of the data assimilation system, Q. J. Roy. Meteor. Soc., 137(656), 553-597, 2011.

333 Ding, Y. H., and Chan, J. C. L.: The East Asian summer monsoon: An overview, Meteor. Atmos. Phys.,

334 89(1), 117-142, DOI: 10.1007/s00703-005-0125-z, 2005.Gershunov, A.: ENSO influence on
335 intraseasonal extreme rainfall and temperature frequencies in the contiguous United States:
336 Implications for long-range predictability, J. Clim., 11(12), 3192-3203, 1998,

337 Gimeno, L., Stohl, A., Trigo, R. M., Dominguez, F., Yoshimura, K., Yu, L., Drumond, A., Duran-
338 Quesada, A. M., and Nieto, R.: Oceanic and terrestrial sources of continental precipitation, Rev.
339 Geophys., 50, RG4003, doi:10.1029/2012RG000389, 2012.

340 Hoerling, M. P., Kumar, A., and Zhong, M.: El Nifio, La Nina, and the nonlinearity of their

. . _ LR (30 IR,
341 teleconnections. J. Clim., 10, 1769-1786,1997, - {*(ﬁ%‘ﬁgjﬂ%%‘ E?EPIE])”PI X

342 Hu, Z-Z., Kumar, A., Huang, B., et al.: Prediction Skill of North Pacific Variability in NCEP Climate
343 Forecast System, J. Clim., 27(11), 4263-4272, 2014.

344 Huang, B., Thorne, P., Smith, T., Liu, W., Lawrimore, J., Banzon, V., Zhang, H., Peterson, T., and
345 Menne, M.: Further Exploring and Quantifying Uncertainties for Extended Reconstructed Sea
346 Surface Temperature (ERSST) Version 4 (v4), J. Clim., 29, 3119-3142, 2015.

347 Kirtman, B. P., et al.: The North American multimodel ensemble: phase-1 seasonal-to-interannual
348 prediction; phase-2 toward developing intraseasonal prediction, Bull. Am. Meteorol. Soc., 95,
349 585-601, 2014.

350 Koster, R. D., Suarez, M. J., and Heiser, M.: Variance and predictability of precipitation at seasonal-to-

351 interannual timescales, J. Hydrometeorol., 1, 26-46, 2000.



352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

Koster, R. D., Suarez, M. J., Liu, P., Jambor, U., Berg, A., Kistler, M., Reichle, R., Rodell, M., and
Famiglietti, J.: Realistic initialization of land surface states: Impact on subseasonal forecast skill, J.
Hydrometeorol., 5, 1049-1063, doi:10.1175/JHM-387.1, 2004.

Kumar, A., Hoerling, M. P.: Annual cycle of Pacific-North American seasonal predictability associated
with different phases of ENSO, J. Clim., 11(12), 3295-3308, 1998.

Kumar, A., Peng, P., and Chen, M.: Is there a relationship between potential and actual skill? Mon.
Weather Rev., 142, 2220-2227, 2014.

Lau, K. M., Weng, H.: Coherent modes of global SST and summer rainfall over China: An assessment
of the regional impacts of the 1997-98 El Nino, J. Clim., 14, 1294-1308, 2001.

Lavers, D. A., Pappenberger, F., and Zsoter, E.: Extending medium-range predictability of extreme
hydrological events in Europe, Nat. Commun., 5, 5382, 2014.

Lavers, D. A., Pappenberger, F., Richardson, D. S., and Zsoter, E.. ECMWF Extreme Forecast Index
for water vapor transport: A forecast tool for atmospheric rivers and extreme precipitation,
Geophys. Res. Lett., 43, 11852-11858, 2016a.

Lavers, D. A., Waliser, D. E., Ralph, F. M., and Dettinger, M. D.: Predictability of horizontal water
vapor transport relative to precipitation: Enhancing situational awareness for forecasting western
U.S. extreme precipitation and flooding, Geophys. Res. Lett., 43, doi:10.1002/2016GL067765,
2016b.

Li, C. F., Scaife, A., Lu, R. Y.: Skillful seasonal prediction of Yangtze river valley summer rainfall,

Environ. Res. Lett., 11(9), 094002, doi: 10.1088/1748-9326/11/9/094002, 2016.



372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

Ma, F., Yuan, X., and Ye, A.: Seasonal drought predictability and forecast skill over China, J. Geophys.
Res. Atmos., 120, 8264-8275, doi: 10.1002/2015JD023185, 2015.L’Heureux, M. L., Takahashi,
K., Watkins, A. B., et al.: Observing and Predicting the 2015/16 El Niflo, Bull. Amer. Meteor.
Soc., 98, 1363-1382, 2017.

Luo, L., and Wood, E. F.: Assessing the idealized predictability of precipitation and temperature in the
NCEP Climate Forecast System, Geophys. Res. Lett., 33, L04708, doi:10.1029/2005GL025292,
2006.

Ralph, F. M., Neiman, P. J., Wick, G. A., et al.: Flooding on California’s Russian River: Role of
atmospheric rivers, Geophys. Res. Lett., 33, L13801, doi:10.1029/2006GL026689, 2006.

Saha, S., et al.: The NCEP climate forecast system version 2, J. Clim., 27, 2185-2208, 2014.

Schmitz, J. T., and Mullen, S. L.: Water vapor transportassociated with the summertime North
American Monsoon as depicted by ECMWEF analyses, J. Clim., 9, 1621-1634, doi:10.1175/1520-
0442(1996)009<1621:WVTAWT>2.0.CO;2, 1996.

Shukla, S., Roberts, J., Hoell, A., et al.: Assessing North American multimodel ensemble (NMME)
seasonal forecast skill to assist in the early warning of anomalous hydrometeorological events
over East Africa, Clim. Dyn., 1-17, doi: 10.1007/s00382-016-3296-z, 2016.

Sooraj, K. P., Annamalai, H., Kumar, A., and Wang, H.: A Comprehensive Assessment of CFS
Seasonal Forecasts over the Tropics, Wea. Forecasting, 27, 3-27, https://doi.org/10.1175/WAF-D-

11-00014.1, 2012.



391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

Tian, D., Wood, E. F., and Yuan, X.: CFSv2-based sub-seasonal precipitation and temperature forecast
skill over the contiguous United States, Hydrol. Earth Syst. Sci., 21, 1477-1490,
https://doi.org/10.5194/hess-21-1477-2017, 2017.

Vitart, F., and Coauthors: The Subseasonal to Seasonal (S2S) prediction project database. Bull. Amer.

Meteor. Soc., 98, 163-173, https://doi.org/10.1175/BAMS-D-16-0017.1., 2017.

Wang, B., Wu, R., and Fu, X.: Pacific-East Asian teleconnection: How does ENSO affect the East
Asian climate? J. Clim., 13, 1517-1536, 2000.

Wang, S., Huang, J., He, Y., Guan, Y. P.: Combined effects of the Pacific decadal oscillation and El
Nino-southern oscillation on global land dry—wet changes, Sci. Rep., 4, 6651, 2014.

Wu, R, Hu, Z-Z., and Kirtman, B. P.: Evolution of ENSO-related rainfall anomalies in East Asia, J.
Clim., 16, 3741-3757, 2003.

Xie, S-P., et al.: Indo-Western Pacific Ocean capacitor and coherent climate anomalies in post-ENSO
summer: A review, Adv. Atmos. Sci., 33(4), 411-432, 2016.

Yang, S., Zhang, Z., Kousky, V. E., et al.: Simulations and seasonal prediction of the Asian summer
monsoon in the NCEP Climate Forecast System, J. Clim., 21(15), 3755-3775, 2008.

Yuan, X., Wood, E. F., Luo, L., and Pan, M.: A first look at Climate Forecast System version 2 (CFSv2)
for  hydrological seasonal prediction, Geophys. Res. Lett., 38, L13402,
doi:10.1029/2011GL047792, 2011.

Yuan, X., Roundy, J. K., Wood, E. F., and Sheffiled, J.: Seasonal forecasting of global hydrologic
extremes: system development and evaluation over GEWEX basins, Bull. Am. Meteorol. Soc., 96,

1895-1912, 2015.

20



412 Yuan, X., Wang, S., and Hu, Z-Z.: Do climate change and El Nifo increase likelihood of Yangtze River
413 extreme rainfall? Bull. Am. Meteorol. Soc., 99, doi:10.1175/BAMS-D-17-0089.1, 2018.

414 Zhai, P., Yu, R., Guo, Y., et al.: The strong El Nifio of 2015/16 and its dominant impacts on global and
415 China's climate, J. Meteorol. Res., 30, 283-297, 2016.

416|

21



417

418

419

420

(a) PRECIP 0.5-month-Lead

12
AC=0.25 (p=0.1)
=10
(1] . )
ket - o o
E 8 . * F o B % .
= - ST
3 6 7t .
o
£
[0}
S 4
22 4 6 8 10 12
Members 2-24 (mm/day)
(c) PRECIP 1.5-month-Lead
12
AC=0.14 (p=0.4)
=10 s
(3
ke %
E s v 8
5 6 o
o L &
5 T
S 4 T.o.
2 ——
2 6 8 10 12

Figure 1. An example of the potential predictability calculation, where the ensemble member 1 is the

truth and the mean of the members 2-24 is the prediction. This is for 116°E and 28°N near to Wuhan

4
Members 2-24 (mm/day)

(b) Moisture 0.5-month-Lead

200 g
AC=0.33 (p=0.05) .
:m 160 ) >
‘E . .'..
o 120 . S .
2 .
5 80 Yl
QO L] .
£ o
2 40 *
0
0 40 80 120 160 200
Members 2-24 (kg.m'1s'1)
(d) Moisture 1.5-month-Lead
200
AC=0.44 (p=0.01)
:w 160 .
e . o
o 120 H
< .
5 80 o s,
o e °
£ L
2 4 teen
0
0 40 80 120 160 200

Members 2-24 (kg.m™'s™)

city at (a-b) the 0.5-month lead and (c-d) the 1.5-month lead.

22



421

(a) PREC/L June-July 2016 (mm/day)

50°N
4
40°N
2
30°N
0
20°N
Yo o )
80°E 100°E 120°%E 140°E
(c) HGT500, June-July 2016
80

o —
;
80 —.—",.“ Moisture850

e \10g/(cm hPas) 50

23

(b) Yangtze PRECI/L anomaly

1950 1960 1970 1980 1990 2000 2010

(d) Moisture, June-July 2016

80°N

40°N

20°Nh

100°E 120°E 140°E 160°E 1800W

[#mRm: ik A,

piiy i

)




(a) PREC/L June-July 2016 (mml/day) (b) Yangtze PREC/L anomaly (BRI Pk (0 dotE,
™ T T 6 6 N

50°N
4 4

40°N 2
2

30°N 0
0

20°N -2

BO'OE 1060E "'”12'60E 140°E 2 1950 1960 1970 1980 1990 2000 2010
(c) HGT500, June-July 2016 (d) Moisture, June-July 2016
) y 60°N 200

Dl —
. 200 kg/s'm
SN
TaN

20 40°Nf

d )
420 60°E 120°E 180°W

423 Figure 2. The 2016 extreme summer flood. (a) Mean precipitation anomaly (shading, mm/day) during
424 the June-July of 2016. (b) Time series of the June-July mean precipitation anomaly averaged over the
425 middle and lower reaches of Yangtze River basin (110-123°E, 27-34°N) in (a). (¢) Anomaly of 500 hPa

426| geopotential height (shading, gpm) superimposed by absolute integrated horizontal moisture transport

427| between 1000 to 300 hPa layers 850-hPa—vaper—transperts—(vectors, kgem's 's/emehPass). The thick

428 contour lines are 5880 gpm, implying the location of the West Pacific Subtropical High, where the

429 black denotes the June-July 2016 and the cyan is the climatology during 1982-2010. (d) Anomaly of
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Figure 3. Spatial distributions of CFSv2 predicted anomalies of precipitation (shading, mm/day) and<——{ ##=RR: WilxiF, 78 2 fifris

atmospheric moisture flux (shading, Kgem-1s-1) in the June-July of 2016 at the 0.5-, 1.5- and 2.5-month

leads, where the 0.5-month lead was initialized from mid-May to early June, 1.5-month lead was

initialized from mid-Apr to early May, and so on.
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Dr. Shraddhanand Shukla

Editor

Hydrology and Earth System Sciences
RE: manuscript #hess-2018-112

Dear Dr. Shukla,

Thank you for your kind decision letter on our manuscript entitled “Extending seasonal predictability of
Yangtze River summer floods” (hess-2018-112). We have carefully considered the reviewer’s
comments and incorporated them into the revised manuscript to the extent possible. We hope that you
find the revised manuscript and the response to the reviews acceptable to HESS.

The detailed responses to the comments are attached.

We appreciate the effort you spent to process the manuscript and look forward to hearing from you soon.

Sincerely yours,

Xing Yuan
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Responses to the comments from Reviewer #1

We are very grateful to the Reviewer for the positive and careful review. The thoughtful comments have
helped improve the manuscript. The reviewer’s comments are italicized and our responses immediately
follow.

This article by Wang and Yuan investigates seasonal predictability of water vapor flux and
precipitation in the CFSv2 forecasts to see if water vapor flux could provide higher predictability of
floods. I enjoyed reading the study and believe that this is an interesting study and one that is relevant
to forecast users. I currently have two major concerns which I lay out below, and some further more
minor comments. I hope the authors will find them of use. Major comments.

Response: We would like to thank the reviewer for the positive comments. Please see our responses
below.

1. While the language is generally very good, there are grammatical issues, so the paper would benefit
from being read by a native English speaker. Also, I think the authors need to be careful with their
terminology. For example, on many occasions they say “moisture” when in fact they mean “moisture
flux” or “water vapor flux”. This needs to be corrected so that readers are not confused by the terms
(moisture could be viewed as total column water vapor).

Response: Thanks for the comments. We have corrected inappropriate terminology and proofread the
manuscript carefully. And the “moisture” has been replaced with “moisture flux” throughout the
manuscript.

2. The authors only analyse monthly fields and I believe that this is not sufficient. This is useful, but I
think some testing should be done on at least weekly or 2-weekly averaged fields. The reason is that it
will be easier (and more beneficial) to see when the predictability drops off in the model at a finer time
resolution. For example, Luo and Wood (2006) have some good plots that may help you to consider
other time averages.

Response: Thanks for the comments. According to the reviewer’s suggestion, we have incorporated the
analysis for the potential predictability of precipitation and moisture flux for weekly averaged fields in
the revised manuscript.

We have used the S2S daily data, and have clarified them in the Section “2.2 CFSv2 seasonal hindcast
and real-time forecast data” as follows:

“In order to investigate the predictability at finer temporal resolution (e.g., weekly mean fields), the
CFSv2 daily reforecasts were obtained from the Subseasonal to Seasonal (S2S) prediction project for
the period of 1999-2010, with forecast lead times up to 45-days (Vitart et al. 2017). As for the June 1-7
weekly mean fields, the reforecasts started from May 18 were used as the first ensemble member, the
reforecasts started from May 19 were used as the second, and so on. This resulted in 14 ensemble
members, with forecast lead times from 1-day to 14-days. The above process was repeated for other
weekly averaged fields during June and July. This is called as the first group of ensemble subseasonal
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forecasts, with lead times of 1-14days. The second group of ensemble reforecasts started from 17 May,
18 May ..., and 30 May were formed similarly, with lead times of 2-15days, and so on.” (L97-105 in
the tracked version of the revised manuscript)

The AC values for both weekly mean precipitation and moisture flux during June-July at different lead
times were obtained and shown in Figure R1 (Figure 7 in the revised manuscript). Results show that the
moisture flux has a higher predictability than precipitation for weekly averaged fields at different lead
times, which is consistent with the results on seasonal averaged fields. We have added the related
discussion in Section 4 as follows:

“In addition, we also investigated potential predictability of precipitation and moisture flux on weekly
averaged fields in June-July at subseasonal scale. Results are similar to seasonal time scale, where the
moisture flux has a higher predictability than precipitation at different lead times (Fig. 7).” (L269-272)
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Figure R1. (a-f) Potential predictability (AC value) for weekly mean precipitation and atmospheric
moisture flux at different lead times during June-July of 1999-2010 over the middle and lower reaches

of Yangtze River for the 1-14, 5-18 and 8-21 days leads; the stippling indicates a 95% confidence level
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according to a two-tailed Student’s t-test. (g) Potential predictability throughout study region at
different lead times. Here, the daily CFSv2 reforecast were obtained from the S2S prediction project for

the period of 1999-2010.

Other comments:

Line 19: “atmospheric moisture” — see major comment 1.

Response: Thanks for the suggestion. We have corrected them throughout the manuscript. (L16, 18,19,
L48, L84, etc.)

Line 33: “ability to be predicted” is a strange phrase. Perhaps consider re-phrasing.
Response: We have changed it to “the ability of the model to predict itself”. (L33-34)

Line 40: Precipitation is connected to mesoscale (or more local scale) circulation and orography.
Response: Thanks for the comments. We have revised it as follows:

“The atmospheric moisture flux is supposed to be better predicted by large-scale climate models than
precipitation that is not only connected to mesoscale (or more local scale) circulation but also
influenced by the vertical convection and the localized orography”. (L39-42)

Line 61: I think Lavers et al (2016a) investigated prediction skill, not predictability.
Response: Revised as suggested. (L63-64)

Line 75: What pressure levels were used? Please add some details here.

Response: We have specified as “Monthly mean atmospheric fields including geopotential height, u-
wind, v-wind, and specific humidity at 300, 400, 500, 700, 850, 925 and 1000 hPa were derived from
the ER A-Interim reanalysis”. (L77-79)

Lines 103-112: Why does the AC go from 0.33 to 0.44 (compare Figure 1b and 1d)? You would expect
the predictability to drop with lead time.

Response: In general, the predictability drops over lead times, but not necessarily for any cases.

We plotted the results for all 24 ensemble members in Figure R2, and found that the AC for 0.5-month
lead is not necessarily higher than 1.5-month lead. However, the average results for the 24 AC (Fig. R2¢)
shows that AC decreases over leads on average.

35



583
584

585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616

(a) Wuhan, L=0.5 (b) Wuhan, L=1.5 (c) Wuhan
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Figure R2. Potential predictability (AC value) when different ensemble member was taken as the truth
and the mean of the members was the prediction at Wuhan city for the (a) 0.5- and (b) 1.5-month leads.
(c) the final estimate of the potential predictability in Wuhan city.

Line 116: I would advise not to use the “upper limit of forecasting skill”. This is not always true, as
explained in Kumar et al (2014).
Response: We have removed this statement. (L129-131)

Line 119: “Seasonal predictability” is probably seasonal predictive skill.

Response: As mention in L124-130, “a forecast for flooding event can be counted at a given grid or
region when taking ensemble member 1 as observation and the average of members 2-24 as the
prediction”. So, the hit rate used here is to assess the seasonal predictability for extreme hydrologic
events.

Line 124: “b” is not in the equation. Please remove.
Response: Revised as suggested. (L137)

Line 131: It is hard to see the Yangtze River. Can this figure be edited so that the river is more clear?
Response: Revised as suggested. Please see Figure 2 below.

Line 133: “pummelled” is not really scientific. Can this be rephrased?
Response: We have changed to "hit". (L145)

Line 183: Can you consider plotting the differences between precipitation and moisture flux in Figure
4g? This would more clearly show any significant differences between the variables.

Response: Thanks for the comments. We have examined the statistical significance, and revised the
manuscript as follows:

“The difference between precipitation and moisture flux is statistically significant (p<0.05) with a two-
tailed Student’s t-test” (L203-204)

Figure 2: In panel c can you use the total column-integrated moisture flux instead of just the 850 hPa
level? This would match the rest of the paper.
Response: Revised as suggested. (L421-429)
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Figure 2. The 2016 extreme summer flood. (a) Mean precipitation anomaly (shading, mm/day) during
the June-July of 2016. (b) Time series of the June-July mean precipitation anomaly averaged over the
middle and lower reaches of Yangtze River basin (110-123°E, 27-34°N) in (a). (¢) Anomaly of 500 hPa
geopotential height (shading, gpm) superimposed by absolute integrated horizontal moisture transport
between 1000 to 300 hPa layers (vectors, kgem™'s™). The thick contour lines are 5880 gpm, implying the
location of the West Pacific Subtropical High, where the black denotes the June-July 2016 and the cyan
is the climatology during 1982-2010. (d) Anomaly of integrated horizontal moisture transport amount

(shading, kgem's™).

Figure 3: What initialisation times are used in this figure (e.g. Ist May 2016)? Please consider adding
to the caption.

Response: We have revised as “where the 0.5-month lead forecasts were initialized from mid-May to
early June in 2016, 1.5-month lead forecasts were initialized from mid-Apr to early May in 2016, and so
on.” (L435-436)

Figure 6: Panels c-d. Perhaps a few extra contours should be added to more clearly show the 500 hPa

geopotential height?
Response: Revised as suggested. (L452-458)
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Figure 6. Potential predictability at different lead times in terms of (a) anomaly correlation (AC) for

precipitation and moisture, and (b) hit rate (HR) for flood events (>90th percentiles) across the Yangtze
River region conditioned on ENSO phases. (c-d) Composites of predicted anomalies of 500 hPa
geopotential height (contour, gpm) superimposed by 850 hPa wind (vectors, m/s) and moisture flux
(shading, g/cmehPass) at the 0.5-month lead during different ENSO phases. (e-f) The same as (c-d), but

for 6.5-month lead time.
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Responses to the comments from Reviewer #2

We are very grateful to the Reviewer for the positive and careful review. The thoughtful comments have
helped improve the manuscript. The reviewer’s comments are italicized and our responses immediately
follow.

This study found moisture flux has higher predictability than precipitation in summer in Yangtze River
basin, China. The predictability of precipitation and moisture are higher in post-El Nifio summers than
those in post-La Nifias. The results extend the predictability of Yangtze River summer floods and to
provide more reliable early warning by using atmospheric moisture flux predictions. The research is
very interesting and significative. However, there are a few issues that the authors need to address
before the manuscript can be accepted. I recommend most of the issues I raise below just need
clarification or justification.

Response: We would like to thank the reviewer for the positive comments. Please see our responses
below.

We predict the precipitation in order to predict the flood. How to predict the flood using the moisture?
The authors maybe add some discussion.

Response: Thanks for the comments. We have added the discussion as follows:

“Extreme precipitation and floods usually occur accompanied with intensive atmospheric moisture
transport, especially over a large area such as the middle and lower reaches of the Yangtze River. Given
higher predictability of atmospheric moisture flux, it can be used as a precursor for flooding forecasting,
either directly linking moisture flux to streamflow prediction through statistical techniques (e.g.,
conditional distribution or Bayesian methods), or adding moisture flux information into precipitation
prediction, and consequently improving floods prediction. Moreover, it is suggested that assimilating
moisture flux observations into numerical climate forecast models would benefit the prediction of
hydrological extremes.” (288-295 in the tracked version of the revised manuscript)

Line 133, 300m— 300mm.

Line 378, Kg *m-1s-1— *m’'s”
Response: Thanks for the comments. We have corrected them as suggested. (L146, L426)
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Responses to the comments from Reviewer #3

We are very grateful to the Reviewer for the positive and careful review. The thoughtful comments have
helped improve the manuscript. The reviewer’s comments are italicized and our responses immediately
follow.

The article entitled, “Extending seasonal predictability of Yangtze River summer floods ’by Wang and
Yuan explores the seasonal predictability of both moisture flux and precipitation in the CFSv2 forecast
system. The study aims to determine whether moisture flux forecasts can be used to better predict for
summer flood prediction (compared to precipitation). I found the study interesting and potentially
useful to decision-makers and end-users in the region. However, I have several major concerns that 1
hope the authors will address, as well as a number of minor comments.

Response: We would like to thank the reviewer for the positive comments. Please see our responses
below.

Major comments:

1. While much of the study is well written, there are numerous places in the text where there are
grammatical issues. These range from simple subject-verb agreement (as in the first sentence, “was”
should be replaced with “were”), to passages where the language is misleading and it is not clear what
the authors mean to say. The paper (and its corresponding conclusions) would benefit greatly from a
thorough proofread by a colleague who can help address and correct the language issues.

Response: Thanks for the comments. We have improved the clarification and carefully proofread the
manuscript, including the first sentence.

2. A major conclusion of the study is that the moisture flux can be better predicted than precipitation in
summers directly following ENSO events, and particularly El Nifio. However, there is very limited
discussion of how and why El Nifio impacts this area and therefore lends itself as a potential predictor
of moisture flux and hence, flooding in the region. Without providing some further discussion to the
paragraph that begins on line 220 that speaks directly to how ENSO is understood to impact the area
and how the plots shown in Figure 6 are consistent with this, I find that the major conclusions are not
fully supported by the study at present. For example, are the moisture flux vectors shown in Figure 6
related to the anomalous high, and is that known to be forced by El Nifio? Some more explanation and
discussion is needed.

Response: Thanks for the comments. We have clarified as follows:

Section 3.3: “As mentioned above, the Yangtze region in eastern China is one of the most strongly
ENSO-affected regions in the world, and the precipitation variability in this region is generally
influenced by the anomalous ENSO forcing (e.g., Wang, 2000; Wu et al., 2003; Ding and Chan,
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2005)......It is found that the second mode (MCA2) explains 23% of the variance, and its corresponding
SST anomaly pattern is very similar to the traditional ENSO-like pattern with a warm anomaly over the
equatorial eastern Pacific and a horse-shoes cold anomalies over the western tropical and central
Northern Pacific (Fig. 5a). Meanwhile, its temporal evolution is strongly correlated with the NINO3.4
SST anomaly (r = 0.92, black line in Fig. 5¢). Correspondingly, the summer precipitation in the Yangtze
region is above normal significantly (Fig. 5b).” Above all, there is no doubt that the El Nifio signals
have an crucial role on the climate variability over the Yangtze region, especially on the precipitation
anomalies by impacting the large-scale circulation variation over the Northwestern Pacific Ocean and
the associated water vapor transport to the Yangtze region. When El Nifio occurs in preceding winter,
there is always an enhanced western Pacific subtropical high (WPSH) accompanied with a weakened
East Asia summer monsoon (EASM) in the following summer, thereby resulting in an anomalously
anticyclonic circulation pattern over the northwestern Pacific that brings large amounts of atmospheric
moisture from the oceans to the Yangtze River (Yuan et al. 2017).

In the revise version, we add some detailed discussion about the mechanism for the lag-impact of El
Niflo on East Asia summer climate including how the El Nifio forcings impact the atmospheric moisture
transport to the Yangtze region as follows:

“As shown in Figure 6c, there is an anomalously high pressure center over the subtropical western
Pacific, which is a recurrent pattern in post-El Nifio summers (Xie et al., 2016) and implies that the
WPSH is enhanced. Such circulation pattern would bring larger amounts of atmospheric moisture than
normal from the southern oceans to the Yangtze River basin, which corresponds well with extreme
hydrologic events. The mechanism for this lag-impact of El Nifio on East Asia summer climate is the
Indo-western Pacific ocean capacitor (IPOC), where the coupled wind—evaporation—SST feedback over
the Northwest Pacific in spring persists to trigger East Asia—Pacific/Pacific-Japan (EAP/PJ) pattern that
arises from the interaction of the anomalous anti-cyclone and North Indian Ocean warming in post-El
Nifio summers (Xie et al., 2016)." (L244-253 in the tracked version of the revised manuscript)

Minor comments:

1. Line 39-40, the sentence that mentions model precipitation being influenced by “meso-scale
convections” is unclear. Here, are the authors referring to mesoscale(local) circulation patterns that
impact precipitation? Also, it might be worth noting that convection schemes themselves (used to
parameterize finer scale processes) would also impact forecasted precipitation.

Response: Thanks for the comments. We have revised the manuscript as follows:

“The atmospheric moisture flux is supposed to be better predicted by large-scale climate models than
precipitation that is not only connected to mesoscale (or more local scale) circulation but also
influenced by the vertical convection and localized orography (Lavers et al., 2014, 2016b).” (L39-42)
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2. Line 75: The pressure levels of the variables studied should be identified.

Response: Thanks for the comments. We have specified as “Monthly mean atmospheric fields
including geopotential height, u-wind, v-wind, and specific humidity at 300, 400, 500, 700, 850, 925
and 1000 hPa were derived from the ER A-Interim reanalysis”. (L77-79)

3. In Figure 1, is there a reason why the AC is higher for the moisture flux at 1.5months lead-time
compared to 0.5 months? It would be good if the authors could provide some understanding of why this
is the case or if they believe it to be spurious because it is surprising.

Response: Thanks for the comments. In general, the predictability drops over lead times, but not

necessarily for any cases.
We plotted the results for all 24 ensemble members in Figure R1, and found that the AC for 0.5-month
lead is not necessarily higher than 1.5-month lead. However, the average results for the 24 AC (Fig. R1c)

shows that AC decreases over leads on average.

(a) Wuhan, L=0.5 (b) Wuhan, L=1.5 (¢) Wuhan
08 08 08
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02 0.2 02
0792345678 0101112131415161718192021222324 07123458678 0101112131415161718192021222324 %05 15
Member Member Lead Time

I rrecP [l Voisture

Figure R1. Potential predictability (AC value) when different ensemble member was taken as the truth
and the mean of the members was the prediction at Wuhan city for the (a) 0.5-and (b) 1.5-month leads.
(c) the final estimate of the potential predictability in Wuhan city.

4. Line 124. There is no “b” in the equation on line 123.
Response: We have removed it. (L137)

5. Lines 132-134: This sentence is awkward, particularly the use of the word “pummeled,” please
rewrite.

Response: Thanks for the comments. We have changed it as “In particular, continuous heavy rainfall hit
the Yangtze River basin, with rainfall anomalies locally exceeding 300 mm within 10 days (June 26-
July 5; Yuan et al., 2018)”. (L145-147)
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6. The sentence on Lines 174-177 is also awkward and does not clearly explain the results from Figure
4.

Response: Thanks for the comments. We have revised as “The AC values for precipitation drop quickly
with forecast leads, and Fig. 4c shows that more than half of the AC values are less than 0.2 over the
Yangtze region at the 1.5-month lead. However, the moisture flux still performs well with many AC
values higher than 0.3 at the 1.5-month lead, especially over the southeastern mountain region (Fig. 4d).”
(L188-193)

7. Line 206: This sentence is a bit contradictory as it says “To explore the impacts of preceding El Nino

signals...” and then tells us that “hit rates conditional on different ENSO phases...” are shown in

Figure 6. Figure 6 shows both El Nifio and La Nifia hit rates, so really the authors are showing the

impacts of preceding ENSO events (not just El Nifio as is written). Please switch “El Nifio” in the

beginning of the sentence with “ENSO” and in the second mention of “ENSO”’

phases, could add “(i.e. El Nifio and La Nifia)”.

Response: Thanks for the comments. We have revised as suggested.

“To explore the impacts of preceding ENSO signals on Yangtze precipitation and moisture flux

predictability, correlations and hit rates conditional on different ENSO phases (i.e., El Nifio and La Nifia)
at different leads are shown in Figure 6.” (L224-226)

8. Lines 228-230 conclude that the different circulation patterns predicted for the two ENSO phases
determine a higher predictability for extreme hydrologic events in post-El Nifio summers. However, why
is it necessarily higher predictability and not just a different signal that is predicted because of the
different ENSO events? This conclusion seems like a bit of a stretch to me without understanding of why
the El Nirio signal would translate to higher predictability than La Nifia based solely on the evidence
presented in the manuscript.

Response: Thanks for the comments. We have added more explanations in the revised manuscript as
follows:

“This asymmetric performance during El Nifio and La Nifia has drawn many attentions. One of the
reasons is that the atmospheric response to tropical Pacific SST anomaly is inherently nonlinear
(Hoerling et al., 1997), where both the amplitude of SST anomaly in the eastern equatorial Pacific and
the associated atmospheric response are significantly larger during El Nifio than during La Nifia
episodes (Burgers and Stephenson 1999).” (L230-234)

“It implies that the precipitation deficits or droughts are more likely to occur in this region in post-
LaNifia summers. The contrast is obvious even for forecasts at 6.5-month lead (Figs. 6e-6f).The
differences in predicted circulation and associated moisture transport largely result in higher
predictability for extreme hydrologic events over the middle and lower reaches of the Yangtze River
basin in post-El Nifio summers (Hu et al., 2014).” (256-261)
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9. Line 373 references the “middle and lower reaches of Yangtze River basin.”However, these areas
are not previously defined in the text. I assume they may be the boxes outlined in Figure 2a, but this
needs to be clarified.

Response: We have now defined it in the Introduction section as follows:

“In present study, we aim to address the above questions by evaluating the seasonal predictability of
precipitation and moisture flux for the middle and lower reaches of Yangtze River (110-123°E, 27-34°N)
based on multisource observational data, and ensemble hindcasts and real-time forecasts from a
dynamical seasonal forecast model Climate Forecast System version 2 (CFSv2; Saha et al., 2014) for
the period of 1982-2016.” (L68-72)

10. The legend for Figure 2c defines the 850 hPa moisture flux vectors in g/cm*hPa*s. I have never
seen this unit used before for moisture flux and would recommend it be converted to m/s kg*kg.
Response: Thanks for the comments. According to the suggestion from reviewer#1, we have used the
total column-integrated moisture flux instead of that at the 850 hPa level in revised manuscript. The
corresponding unit has also been converted to kgem™'s™. (1L421-429)
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Figure 2.The 2016 extreme summer flood. (a) Mean precipitation anomaly (shading, mm/day) during

830 the June-July of 2016. (b) Time series of the June-July mean precipitation anomaly averaged over the
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middle and lower reaches of Yangtze River basin (110-123°E, 27-34°N) in (a). (c) Anomaly of 500 hPa
geopotential height (shading, gpm) superimposed by absolute integrated horizontal moisture transport
between 1000 to 300 hPa layers(vectors, kgem™'s™). The thick contour lines are 5880 gpm, implying the
location of the West Pacific Subtropical High, where the black denotes the June-July 2016 and the cyan
is the climatology during 1982-2010. (d) Anomaly of integrated horizontal moisture transport amount
(shading, kgem™'s™).

11. Figure 3: the different columns are plotted with a different longitudinal domain. It would be helpful
in comparing the precipitation to the moisture flux if all panels were plotted using the same longitude
bounds.

Response: Revised as suggested.
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Figure 3. Spatial distributions of CFSv2 predicted anomalies of precipitation (shading, mm/day) and
atmospheric moisture flux (shading, Kgem™'s™) in the June-July of 2016 at the 0.5-, 1.5- and 2.5-month
leads, where the 0.5-month lead was initialized from mid-May to early June, 1.5-month lead was
initialized from mid-Apr to early May, and so on.

12. Figure 4 seems to contradict what is shown in Figure 1 (see Minor Comment #3).The correlation
maps shown in Figure 4 indicate that Wuhan City has a lower AC value for lead-time 1.5 than lead time
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0.5, but Figure 1d indicates that the AC is 0.44 for 1.5 month lead but only 0.33 for 0.5 month lead.
Why is there a discrepancy?
Response: Please see the response to minor Comment #3 above.

13. While the methods employed are interesting and the figures generally informative, I would
encourage some reorganization of Figures 2-6. Figures 2-3examine the anomalous 2016 event that the
text implies is related to the El Nifio that occurs that year so when it is followed up by Figure 4 which
shows the potential predictability based on all years (1982-2016), it is a bit misleading. I would
recommend putting Figure 4 directly after Figure 1 and then continuing on

to the Figures detailing the 2015-2016 event.

Response: Our motivation of this study started from the prediction of the pluvial flood event over the
Yangtze region in the summer of 2016, as mentioned in the first paragraph of the Introduction section.
Therefore, we first showed the observation and prediction for the 2016 summer in Figs. 2-3, and found
better prediction of moisture flux than the precipitation. Then, we analyzed the potential predictability
based on all hindcast and real-time forecasts during1982-2016, and found that moisture flux has a
higher predictability than precipitation. Finally, we explored the varying predictability conditioned on
different ENSO phases based on all observations, hindcast and real-time forecasts. We believe the logic
is straightforward, so we would like to keep the original organization.

References

Hoerling, M. P., Kumar, A., and Zhong, M.: El Nifio, La Nifia, and the nonlinearity of their
teleconnections. J. Clim., 10, 1769-1786,1997.

Burgers, G., and Stephenson, D. B.,: The ‘‘normality’’ of El Nifio. Geophys. Res. Lett., 26, 1027-
1030,1999.

Yuan, Y., Gao, H,, Li, W,, Liu Y., Chen, L., Zhou, B., and Ding, Y.: The 2016 summer floods in China
and associated physical mechanisms: A comparison with 1998. J. Meteor. Res., 31, 216277,
doi:10.1007 /s13351-017-6192-5, 2017.

47



