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Subseasonal forecast skill over the broadly de ned North Ararican (NAM), West African
(WAM) and Asian (AM) summer monsoon regions is investigatesing three Ensemble
Prediction Systems (EPS) at sub-monthly lead times. Exterd Logistic Regression

(ELR) is used to produce probabilistic forecasts of weeklyral week 3-4 averages
of precipitation with starts in May—Aug, over the 1999-201(eriod. The ELR tercile
category probabilities for each model gridpoint are then araged together with equal

weight. The resulting Multi-Model Ensemble (MME) forecasexhibit good reliability, but
have generally low sharpness for forecasts beyond 1 week; Mirmodel ensembling

largely removes negative values of the Ranked Probabilitykl Score (RPSS) seen in
individual forecasts, and broadly improves the skill obtaed in any of the three individual
models except for the AM. The MME week 3—-4 forecasts have gemally higher RPSS
and comparable reliability over all monsoon regions, compad to week 3 or week 4

forecast separately. Skill is higher during La Nifia compadso El Nifio and ENSO-neutral
conditions over the 1999-2010 period, especially for the NKM. Regionally averaged
RPSS is signi cantly correlated with the Maden-Julian Ostiation (MJO) for the AM and
WAM. Our results indicate potential for skillful predictits at subseasonal time-scales
over the three summer monsoon regions of the Northern Hemidgere.

Keywords: subseasonal to seasonal forecasting, forecast cal ibration, multi-model ensembling, Madden Julian
oscillation, El Nino-Southern oscillation, North American monsoon, West African monsoon, Asian monsoon

1. INTRODUCTION

Monsoon systems of the Northern Hemisphere including the KoAmerican (NAM), West
African (WAM) and Asian (AM) summer monsoons, are all charaized by marked seasonality
and strong variability on seasonal, annual and decadalsoaesAdams and Comrie, 1997; Lebel
et al., 2000; Krishnamurthy and Kinter, 200Jhese variations have signi cant and sometimes
devastating societal impacts in regions where populations depsinly on rain-fed agriculture
and are already extremely vulnerabl@éadgil and Rao, 2000; Sultan et al., 2005; Ingram and
Hunt, 2015. Climate forecast information beyond the seasonal cyclddcthus be valuable as
it is well suited for disaster risk and preparedness actidfisr(d Meteorological Organization,
2019. Predictions between medium-range weather (up to 2 weakd)seasonal climate (from 3
to 6 months) forecasts have recently received increasimygest due to a better understanding of
climate phenomena on subseasonal time-scales, particth@Madden-Julian Oscillation or MJO
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(Zhang, 201Band modeling advance¥/fart, 2019. Sources of modulated by the propagation of low frequency waves within the
predictability at subseasonal time-scales include thetimexf MJO and Rossby peaksaficot et al., 2009; Pohl et al., 2009;
sea surface temperature (SST) anomalies and the M3@ifer Mohino et al., 2012; Niang et al., 2Q1&he good skill of some
et al., 2003; Waliser, 2011; Neena et al., p,08##atospheric models from the Atmospheric Model Intercomparison Project
processesBaldwin and Dunkerton, 2001; Scaife and Knight,(AMIP) in capturing the main characteristics of the summer
2009 and memory in soil moistureKoster et al., 20)0snow MJO and its in uence on convection and rainfall over West
cover (in and Wu, 201) and sea iceHolland et al., 2011l  Africa suggests that it may be possible to predict anomalous
The skill of a particular forecast will depend on how activesthe convection locally with a time lead of 15-20 dajsang et al.,
phenomena are during the forecast period and how strongly01§. Intraseasonal uctuations of the AM are not periodic
they impact the region considered. Over monsoon regionshut are manifested as two dominant bands in the spectra of
the inuence of El Nifio-Southern Oscillation (ENSO), the rainfall, OLR and circulation data on time scales of 10-2@sda
MJO and land-surface processes are particularly pronounceehd 30-60 daysKfishnamurthy and Kinter, 2003 Evidence
rising the question to which extent useful S2S forecasting for an eastward propagation of convection associated with the
achievable. northward propagation of the monsoon trough in the 30—
Signi cant correlations between monsoonal rainfall and60 day time-scale, suggests that the MJO exerts an in uence
Nifio3.4 suggest that ENSO causes global tropical monsoam the active and break cycles of monsoon rainfathsunari,
rainfall variability and may in turn give rise to skillful pdéctions  1979; Lau and Chan, 1986; Singh et al., 1992; Annamalai and
at subseasonal time-scales but these relationships hav@bee  Slingo, 200}, which could translate into potential subseasonal
stationary for most monsoon regions over the past 50 yedra ( predictability. MoreoverJie et al. (201 Mave recently identi ed
et al., 201} Earlier studies did not suggest strong relationshipgpotentials for skillful predictions up to 30 days for strong
between the NAM and ENSQamias, 1991; Adams and Comrie, events of the Boreal Summer Intraseasonal OscillationgB$l
1997, however the continental-scale anomalous anticycloneonsidered as a specic mode of the tropical Intraseasonal
prevailing in summer over North America during La Nifia Oscillation (ISO) that prevails in boreal summeéiang and Xie,
and contrasting with weaker impacts during El Nifiovang  1997.
et al., 200y might be of relevance to the NAM. Over West  Based on experience from probabilistic seasonal climate and
Africa, Sahelian rainfall relationships to ENSO have onlgrbe medium-range forecasting, calibration of model probalgktis
evidenced since the 1990Semazzi et al., 1988; Rowell et al.needed to account for model de ciencies and produce reliable
1992; Janicot et al., 199l Nifio (La Nifia) being associated forecasts Goddard et al., 2001; Wilks, 2002; Tippett et al.,
with dry (wet) conditions over the Sahel. More recenttyy and  2007. By contrast to seasonal timescales, submonthly hindcast
Voldoire (2009)identi ed one robust feature, through which the (reforecasts) are often characterized by their shortegtlermnd
WAM is in uenced during the developing phase of ENSO or thefewer ensemble members which represent additional chakeng
decay of some long-lasting La Nifia, consisting of modulationWhile the value of the model output statistics (MOS) approach to
of the Walker circulation and a Kelvin wave response in themprove weather probabilistic forecasts has been demonstrate
high troposphere. For the AM, severe droughts in India havéHamill et al., 200} little analysis has been yet done at
almost always been accompanied by El Nifio events, howeveubseasonal time-scalé&s(Sole et al., 2017; Vigaud et al., 2017
not all El Nifio events have produced severe droughisdgil There is also a need to investigate if skill can be enhanced by
et al., 200p While El Nifio warming generates anomalousmulti-model ensemble technigues, as has been demonstrated f
precipitation and hence ascent in the central-to-east Padtc seasonal Kobertson et al., 2004and medium range Kamill
concomitantly leads to anomalous subsidence over the indiaand Whitaker, 200Bforecasting. Extended Logistic Regression
Ocean region acting to suppress convectigmishna Kumar (ELR) includes the quantile threshold along with the ensemble
et al. (2006)found that events with the warmest sea surfacenean as predictor and produces mutually consistent quantile
temperature anomalies in the central equatorial Paci c aren probabilities that sum to one property\(ilks and Hamill, 2007;
e ectively leading to drought-producing subsidence overitnd Wilks, 2009. This study produces weekly and week 3—4 Multi-
than events with the warmest signature in the eastern egizito Model Ensemble (MME) precipitation terciles probabilities
Paci c. forecasts from three individual EPS reforecasts over summe
The MJO is often cited as the main source of subseasonalonsoon regions of the Northern Hemisphere, using ELR
predictability. NAM precipitation is inuenced by the MJO applied at each gridpoint to the individual model forecasts
particularly over southern MexicaHiggins and Shi, 20Q1but  which are subsequently averaged together with equal weighti
Lorenz and Hartmann (200@lso found that associated westerlyThe paper is outlined as follows. The data and method are
wind anomalies in the eastern tropical Paci c lead, from salve presented in section 2 together with diagnostics relativent t
days to over aweek later, to above-normal rainfallinthe smmn  ELR model setup when applied to weekly-varying precipitation
regions of Arizona, New Mexico and northwest Mexico. Thesegercile averages. The skill of starts during the May—Aug@eas
changes occur through modulations in the strength of low-are examined for the NAM, WAM and AM separately in
level easterly waves o the coast of Mexico, which in turnsection 3, rst at weekly resolution. Attempts at improving
trigger the development of moisture surges from the Gulfskill through week 3-4 averages are then discussed alengsid
of California and could indicate potentials for predictatyili their skill relationships to ENSO and the MJO. Conclusions are
During the monsoon season, convection over West Africa isummarized in section 4.
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TABLE 1 | ECMWF, NCEP, and CMA forecasts attributes as archived in the 2.2. Extended LOgiStiC Regression model
Subseasonal-to-seasonal (S2S) database at ECMWE. Distributional regressions are well suited to probability
Attributes ECME CFs _ forecasting, i.e., when the predictand is a probability of
exceedance rather than a measurable physical quantity,iajow
Time range do-46 do-44 do-60 the conditional distribution of a response variable to beided
Resolution Tc0639/319 L91 T126L64 T106L40 given a set of explanatory predictors. In this context, lagist
Ens. size 51 16 4 regression can be extended to produce the probahiliof the
Freg. 2lweek Daily Daily verifying observatiory not exceeding the quantilg
Re-forecasts (RFC) Onthe y Fix Fix
RFC length Past 20 years 1999-2010 1994-2014 p D Probability V. g
RFC freq. 2/week Daily Daily . . . . L
RFC size " 4 4 by including an additional explanatory variabéq) which is a
function of the quantileg as follows:
#
2. DATA AND METHODS In ﬁ) D f(Xend C g(0) 1)

2.1. Observation and Model Datasets

Daily precipitation elds from the European Centre for wheref andgare here linear functions of the EPS ensemble mean
Medium-Range Weather Forecasts (ECMWF), National Centerg, - and quantileq respectively. This de nition of ELR leads to
for Environmental Prediction (NCEP) CFSv2 and the Chinamytually consistent individual threshold probabilitieg/{iks and
Meteorological Administration (CMA) subseasonal forecdsts  Hamill, 2007; Wilks, 2009see section 2.3. Ultimately, these allow
week 1, week 2, week 3, and week 4 of the reforecasts (i.e., tBgiple choice of threshold probabilities according to useezd
periods from pi+1;,d+7] to [d+22p0+28] for a forecast issued on (Barnston and Tippett, 20)4Here, ELR is computed farequal

day d) were obtained from the Subseasonal-to-Seasonal (S2@)he 33rd and 67th percentiles of the precipitation distributio
database \(itart et al., 201y through the IRl Data Library to produce tercile category probabilities that are referre&aR
(IRIDL) portal. These EPS have di erent native resolutionsiffr  fgrecasti the rest of this study.

125 km at the Equator with 40 vertical levels for CMA to 16/32 The observed C|imat0|ogica| tercile categories Corres'p@]d
km and 91 vertical levels for ECMWF) and are archived on &g the 33rd and 67th percentile from GPCP weekly cumulated
common 1.5 grid in the S2S database. The ensemble membefgecipitation estimates are de ned separately at each gridpoin
(51 for ECMWEF, 4 for NCEP and CMA) and reforecasts lengthtor each start within the May-Aug (May 4th to Aug 24khondays
(between 44 and 60 days lead from the NCEP CFSv2 to CMAY}art dates) season (i.e., 12 starts) and each lead (wedk 1—4
depend on the modeling center as indicated—-ﬂble l Sea/itart fo”owing a |eave_0ne year-out approach_ Next, (1) [he ELR
etal. (2017jor further details. In particular, ECMWF is the only parameters are estimated separately for each model, gridpoint
model for which reforecasts are generated on the y twice @kwe calendar start date and lead using all years except the one
(11 members everilonday and Thursday, while those from  peing forecast, (2) forecasted terciles probabilities aosse
NCEP and CMA are generated 4-times daily from xed modelya|idated for the remaining year (validation set), i.eavie-one
versions. We thus consider in the following weekly cumudate year-out methodology, (3) Multi-Model Ensembles (MME) are

precipitation based on ECMWF reforecasts that are generatgghnstructed by simple averaging of the three individual éaist
for Monday starts from May to Aug 2015, on which NCEP probabilities MME forecasti the following).

and CMA 4 members daily reforecasts have been sampled from
their respective 1999-2010 and 1994-2014 periods of issuan2e3. ELR Model Setup
There are 240 reforecasts (20 starts per season over 12 ye#&s) forecasts of weekly averages, the climatological obderv
for each model used in this study. The common period when allercile categories are computed over 3-week windows formed
three EPS reforecasts are available is 1999-2010, and that i by the forecast target week and a week on either side. The year
period used in our analysis. Subsequently, S2S data weralgpatibeing forecast is left out of the climatology calculationethises
interpolated onto the GPCP 1-degree horizontal grid beftve t the 33 weeks from the remaining 11 years. Wider windows did
ELR forecast probabilities obtained from the three indiatlu not improve the skill of the cross-validated forecasts casting
models are averaged to form MME tercile precipitation forecastwith the ndings of Wilks (2009) A “dry mask” is used and
from which the skill of starts in May-Aug is assessed over th&LR forecasts are only produced when and where the 33rd
three continental summer monsoon regions. percentile is non-zero, since otherwise the lower tercilerfatary

To produce comparable sets of forecasts, the Globa notwell-de ned. The MME is obtained by averaging individua
Precipitation Climatology Project (GPCP) version 1:2i(man forecasts with equal weighting.
et al., 2001; Hu man and Bolvin, 20} &aily rainfall estimates In additon, we also considered forecasts for the week 3—4
on a 1-degree grid, available from 1996 to October 2015,sed u target period (fromd+15 to d+28 for forecasts issued on day
as observational data for the calibration and veri catiohtbe  d). This corresponds to a 2-week target at 2-week ledubi(
reforecasts over the 1999-2010 period of analysis for alethret al., 201} The tercile categories were derived using a 6-week
regions. window, including the 2-week target formed by week 3 and
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4 leads and two weeks on either side; wider windows did nahdex and RMM1 and RMM2 MJO indices from/heeler and
improve forecast skKill. Hendon (2004, as well as their best linear combination.

Figure 1shows an example of the regressions computed from
ECMWEF reforecasts for Aug 3-9 2000, tted using a 3-week
window centered on the Aug 3rd week at the gridpoint at3 RESULTS
[13.5N;91.5W]just o the Guatemala Paci c coast where there
is some skill in summer. Regressions are based on observddl. Weekly Averages
terciles of GPCP observation over this 3-week window (Jui 27tReliability diagrams for weekly ECMWEF precipitation tercile
to Aug 16th). Forecasted probabilities of non-exceedandbeof category forecasts from all weekly starts during the May-Aug
0.33 and 0.67 quantiles obtained from Equation (1) for diere season and each land gridpoints from the NAM domain in
values of the ensemble mean weekly accumulated precipitatidtigure 5, are displayed inFigures 2A,B for the below- and
forecasts (x axis) are characterized by parallel lines feratit ~ above-normal categories respectively. These exhibit neas®
leads (week 1-4) in agreement with the ELR formulated askill for week 1 in terms of reliability and resolution, asosin
per Equation (1) yielding logically consistent sets of famts, by blue curves close to the diagonal and distant from the
i.e., cumulative probabilities for smaller predictand thvekls climatological 0.33 horizontal line (zero resolution ljneot
cannot exceed those for larger thresholdgilks, 2009. The plotted) respectively. The corresponding histograms for week
nonzero slope of the lines is an indication of forecast skil. 1 ECMWEF forecasted categories are spread across all bins
the lead time increases, the regression have slopes thdbaes ¢ characterizing high sharpness. Relatively few forecasts fav
to zero and their departures from the climatological probgieis  the above-normal category, and they show a tendency toward
decrease. Once weekly terciles are de ned under crossgat@n, over-con dence when they are strong. As lead time increases
the ELR model is then trained out-of-sample on the same pool dhe sharpness decreases and maximum frequencies become
weeks (i.e., 3-week windows centered on the target weeklave concentrated around climatology (0.33, i.e., fourth bifhis
years) by tting forecasts equations at each point, lead dad s is concomitant with decreasing slopes from week 1 and week
separately for each S2S model. Regression coe cients olotain@ onwards when reliability and resolution sharply drop. NCEP
then allow to produce forecasted weekly precipitation tercileand CMA forecasts exhibit qualitatively similar results {no
probabilities. Finally the di erent forecasted terciles prbbities  shown) but are overall less skillful than ECMWF. MME forecasts
from the three models are averaged (i.e., with equal weligbts are characterized slightly greater slopes for week 2 leads in

produce MME forecasts. particular, indicating increased reliability and resodautifor the
MME as compared to individual model forecasts. However,
2 4. Skill Metrics the sharpness of the MME becomes very low at long lead

(Figures 2C,D; week 3 and week 4 MME forecasts show only
.small deviation from equal odds, and those lack reliability
Sualitatively similar ndings are found for the WAM and AM
regions, where individual modelEigures 3A,B 4A,Band MME

1655 i, 199 compute by polng a nd pores over SEKOUES ICH1CE) dpiy qood eyt ower
the broader North American, West African and Asian summer P P » €SP y

monsoon domains (seBigures 57, respectively). These broad for the WAM. Skill decreases at higher leads with decreasing

eographical windows encompass regions with di erent ramfalsharpness, but greater slopes (i.e., closer to theliaB) for
geograp P 9 the MME indicate more reliability than for individual foredas

regimes, some of which m|ght .be only adjacen.t o the CO'Week 3 forecasts are slightly more reliable than for the NAd a
monsoons, such as the semi-arid southwest United States fo

. - . . a[most at lines for week 4 leads re ect low skill.
instance. Ranked Probability Skill Scores (RE3Stein, 1969; L
Murphy, 1969, 1971; Weigel et al., 2)0fiaps complement Maps of RPSS for individual models and the MME are shown

the above diagnostics with spatial information and quantifg for the NAM in Figure 5. In week 1Figure 5 displays positive

extent to which the ELR-calibrated predictions are improvedndlvIdual forecast skill depending on the merI,wnh maxim
. - . scores over land located over Central America and to themort
compared to climatological frequencies.

and northwest of the Gulf of Mexico; over neighboring oceanic
regions, maximum skill is found o the Central American cdas
2.5. Signi cance Testing in the Paci c. In week 2, these regions are still charactelrizg

In section 3.3, RPSS is averaged for starts during speci ¢c phadarger RPSS but with much lower magnitude, while RPSS values
of ENSO and the MJO, and are tested for statistical signi canctor week 3 and week 4 are near zero or negative everywherngtexce
using Monte Carlo simulations based on many random forecastsver southern Central America and o the coast in the Pacioe
subsets (i.e., 100,000) drawn from the entire pool of fotscasECMWF and NCEP forecasts. The CMA forecasts are less skillful
with starts during the May—Aug period, from which the 90th over all three monsoon regions. Multi-model combination rissu
percentile RPSS is compared to these from ENSO/MJO phasea slight RPSS increase in week 1 and 2 compared to the most
samples. Monte Carlo simulations are also used to assess #ieéllful individual model (ECMWEF), particularly over Centra
signi cance of the correlations of area averages and priricipdAmerica, the southwest US and o the coast in the Paci ¢, while
components of week 3—-4 MME RPSS with the observed Nifio3flom week 3 skill only remains over southern Central America

The skill of tercile category precipitation forecasts obéaifrom

for probabilistic forecasts. First, reliability diagrante slotted
to evaluate their reliability, resolution and sharpne$silks,
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FIGURE 1 | Extended Logistic Regressions plotted for ECMWF hindcastssued Aug 3rd 2000 at [13.5 N;91.5 W] and tted using 3-week windows over 11 years
for terciles de nition and training. Forecasted probabilies of non-exceedance of the 0.33 (thick lines) and 0.67 (thilines) quantiles respectively computed from
Equation (1) for different values of the ensemble mean wegkiiccumulated precipitation forecasts (x axis, in mm) are slwn by parallel lines at different leads (week
1-4) yielding to logically consistent sets of forecasts. Endistribution of ECMWF ensemble mean weekly rainfall oveln¢ 1999-2010 period at this gridpoint is plotted
as bins centered on integer multiple of 10 in the lower panebf the respective leads.

The greatest bene t of the MME is that it largely removes thewhile reasonable skill is shown for surrounding oceanidarg.
small negative RPSS values. From week 3, only ECMWEF still exhibits skill over the central
Over West Africa, RPSS in week 1 and 2 is much lower thamdian peninsula, Bangladesh and southern China, recallieg t
for the NAM with small positive values along the Guinean andmonsoon precipitation footprint. As a result, MME forecasts are
Atlantic coastal regions south of 118 in latitudes Figure 6).  more skillful compared to individual models up to week 2, with
These poor scores could be related to the low predictabilitynaximum skill extending along a meridional band stretching
of Mesoscale Convective Systems (MCS) generally leading ftom northeastern India to southern China, but from week 3,
heavy precipitation events over the region but which are ndt wethe skill of the MME is lower than for ECMWF thus making
predicted in current EPSSwinbank et al., 20)6RPSS values for questionable the value of a MME based on these three EPS for this
week 3 and week 4 are near zero or negative everywhere exceggion. Note that the latter includes South and Southeakt Bt
for small patches near the coasts in NCEP and ECMWF modelsot East Asian summer monsoon regionsifg and Chan, 2005;
The MME again enhances skill compared to the best individuaiuang et al., 2012
model and largely eliminates the small negative RPSS values.
For the AM, RPSS values are maximum in week 1 an®.2. Week 3—4 Averages
2 extending from the south of Pakistan across India, exceptigure 8 shows reliability diagrams computed over the three
along the west coast, and southern China toward northerinonsoon regions for the below- and above-normal categories
regions of Southeast Asidigure 7) for ECMWF and NCEP, for 2-week week 3-4 averages, from the individual models and
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FIGURE 2 | Reliability diagrams for the below- and above- normal categries from ECMWF forecastgA,B) and the MME of ECMWF, NCEP, and CMA forecast$C,D)
for starts in May-Aug computed for landpoints of the North Arerican summer monsoon region shown irFigure 5, with color coding based on week leads. The
frequencies with which each category is forecasted are indated as bins centered on integer multiple of 0.10 in histogims plotted under the respective tercile
category diagram. The bins are projected along the same x-ag (forecast probabilities from 0 to 1) and scaled from 0 to 10%. Note that only bins with more than 1%
of the total number of forecasts in each category are plottedn the relative diagrams for each lead.
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FIGURE 3 | Similar toFigure 2 but for landpoints of the West African monsoon region showmi Figure 6 .
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FIGURE 4 | Similar toFigure 2 but for landpoints of the Asian monsoon region shown irFigure 7.

their resulting MME with starts during the May-Aug season.indicating some improvements in terms of reliability. Theirga
Week 3—4 averages are characterized by lower slopes than wéekn multi-model ensembling is increased (greater slopes) f
3 forecasts but greater than those for week 4 ldagures 24), week 3—-4 compared to weekly averadgégures 9A-D display
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FIGURE 5 | Ranked Probability Skill Scores (RPSS) for ECMWF, NCEP, a@MA terciles precipitation forecasts as well as their MME fcstarts during the May-Aug
season. The different columns correspond to different leasifrom 1 to 4 weeks.

the percentage of forecast probabilities that do not fall irfor the AM. In agreement with these ndings, maps of RPSS
the climatology bin 0.3-0.4, as a complementary measure &r week 3—4 MME outlooks shown iRigure 10 for all starts
sharpness. For both ECMWF and the MME, the percentage afithin the May-Aug season conrm that week 3-4 averages
forecasts with probabilities di erent from climatology, atidus  are more skillful than weekly forecasts at week 3 lead over
sharpness, is increased for week 3—4 averages compared t8 weekch region, an aspect which is less pronounced for the AM
and week 4 forecasts over all three regions, with greateeé&ses (Figures 5-7, bottom panels). This is indicated by higher scores,
for ECMWEF than for the MME. as for the NAM over southern Central Americ&igure 10A),
RPSS averaged for all starts over each monsoon regidtustrating the added value of pooling together week 3 and 4
separately are shown iRigures 9E,Ffor week 3, week 4 and leads. In addition, week 3—4 averages exhibit broader astas
week 3—4 forecasts from ECMWF and the MME respectivelyskill increase over West Africa compared to week 3, where not
For both ECMWF and the MME, higher RPSS values arenly coastal regions of the tropical Atlantic and Guinea Gu
found for week 3—4 averages compared to week 3 and weekcharacterized by higher scores but also the Sahel south &f 20
forecasts. Moreover, the average week 3—4 RPSS is greaterstoetching across the whole subcontinent as far as the fitnio
the MME than for ECMWF over the NAM and WAM but not highlands exhibiting maximum skillKigure 108. Skill is also
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FIGURE 6 | Similar toFigure 5 but for the West African monsoon region.

increased for continental AM regions but to a lesser extesd awith Nifio3.4 minima but RMM2 peaks Figure 11B. The best

re ected by lower slopes in the reliability diagranBidure 8 MJO RMMs combination exhibits relationships of the same
compared to the two other monsoon sectors. Week 3—4 averagesmgnitude as RMM2. For the AM, RPSS is negatively related
display maximum scores extending from northeastern parts afo Nifio3.4 ( 0.28) and MJO RMM1 (0.19), with similar
the domain across the Indian peninsula to southern Chinamagnitude to the best RMMs combination, agreeing with RPSS
and Burma Figure 100, where no skill was found in weekly peaks for Nifio3.4/MJO RMMinima (Figure 11Q.

forecasts. For the three monsoon domains, higher skill ismfb Figure 12 shows week 3-4 MME RPSS averaged over land
for regions adjacent to the ocean that are generally drientha  gridpoints of the three monsoon regions for starts during itist

core monsoon suggesting that the ocean plays a role in regionBNSO conditions (neutral when the absolute value of Nifio3.4

predictability. is smaller than 0.5, El Nifio and La Nifa for Nifio3.4 greater

. . than 0.5 and lower than 0.5 respectively) and MJO phases
3.3. Modulation of Skill by ENSO and the to get further insights on the strati cation of skill accdruy
MJO to each signal. For all regions, contrasting mean RPSS values

To examine the skill from week 3-4 further, time-series forsuggest that skill is signi cantly enhanced for starts dgriLa

the RPSS of week 3-4 MME forecasts averaged over eddifia, while the asymmetry between ENSO phases suggests non-
monsoon region and the MJO RMM1 and RMM2 @fheeler linearities in skill relationships to ENSO; however, the Brba-

and Hendon (2004ps well as the observed Nifio3.4 index areyear 1999-2010 sample contains no strong El Nifio events (see
plotted in Figure 11, and their respective temporal correlations Figure 11). The apparent non-linearity could be due to the more
are given inTable 2 For the NAM, periods when week 3—4 pronounced circulation anomalies during La Nifia than El Nifio
MME RPSS is reaching maximum values-igure 11Acoincide forthe NAM (Wang et al., 2007ut also El Nifio relationships to
with local minima in Nifio3.4, an aspect which is emphasizeddroughts for the WAM and AM Krishna Kumar et al., 2006; Joly

by signi cant anti-correlations ( 0.23) in Table 2 while no and Voldoire, 200ptranslating in less skill while predicting low
signi cant relationship is found with the MJO, except with rainfallamounts compared to La Nifia. Maximum RPSS is found
RMMZ2 during La Nifia ( 0.29). Over West Africa, mean RPSSfor all regions during MJO phase 7 (not signi cant for the WAM),

is negatively/positively correlated with Nifio3.4/MJO RMM2when convection is enhanced over the Western Paci c. For the

( 0.27/0.13), consistent with maximum RPSS values coincidirgM, maximum RPSS found also for phases 6, 8, 1, and 2 suggest
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FIGURE 7 | Similar toFigure 5 but for the Asian monsoon region.

better skill for monsoon break events occuring predomingntl NAM), indicating that PC1 represents the spatially coherent
during these MJO phase®di et al., 201)] compared to active component of RPSS variability in each region. The patterns
episodes most frequent during phase 4 for which mean RPSSsociated with the rst PCs bear some similarities to thoke
is minimum. For the NAM and WAM, lowest RPSS are foundcorrelations between weekly GPCP rainfall and both observed
during MJO phase 3 when convection is enhanced over thNifio3.4 and MJO indicesHigure 13 lower panels). Scores
Indian Ocean. During MJO phase 7, RMM1 and RMM2 areobtained for Nifio3.4 are generally not signi cant which rhig
respectively negative and positive, while it is the opposite fare ect the small sample of events across the short period ofystud
phases 3 and 4, thus these results are consistent with me&or the NAM, maximum PCL1 loadings over Central America
RPSS anti-correlations with RMM1 for the AM and positive coincide with the pattern of highest negative correlatioasieen
correlations with RMM2 for the WAM shown ifable 2 weekly rainfall and MJO RMMs, however loadings over land are
Next, a Principal Components Analysis (PCA) is applied towveaker than for the WAM and AM, agreeing with quantitatively
week 3-4 MME RPSS (total values; the mean is not removedjeaker relationships between mean RPSS and MJO indices
over land points of each monsoon domain at weekly resolution(Table 2. For the WAM, parts of PC1 loadings are consistent
This approach allows one to examine if the regional structurevith maximum correlations between rainfall and RMM1 (also
of skill can be decomposed in geographically coherent patterrsifio3.4 to a lesser extent) along southern coastal regidtiseo
of variability, as illustrated inFigure 13 top panels showing Guinea Gulf/tropical Atlantic and over the Ethiopian highlad
the spatial correlations typical of the rst Principal Comporien tothe east. Over Sahelian regions west oE2@C1 displays more
(PCs) for each region. Despite the rather small part of totascattered loadings but recall signi cant correlations vioetn
variance explained (10, 7, and 6% for the NAM, WAM and AM),weekly precipitation and RMM2 which have also low spatial
RPSS PCl1s are signi cantly and negatively correlated to RP8&herence and are consistent with signi cant and positive mea
spatially averaged over land points for each monsoon domaiRPSS correlations with RMMZI'éble 2. Both patterns might
(around 0.9 for the WAM and AM, and above 0.5 for the re ect the poor observations available locally that couldhsiate
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FIGURE 8 | Week 3—4 reliability diagrams for the below- (top) and aboveormal (bottom) categories from ECWMF (black), NCEP (rednd CMA (green) forecasts
with starts in May—Aug together with their MME (blue) compet for landpoints of the North American (left), West Africacenter) and Asian (right) summer monsoon
regions. The frequencies with which each category is forecded are indicated as bins centered on integer multiple of @0 in histograms plotted under the respective
tercile category diagram for each forecast in their respeate colors. The bins are projected along the same x-axis (fecast probabilities from 0 to 1) and scaled from 0
to 100%. Note that only bins with more than 1% of the total numier of forecasts in each category are plotted.

in some uncertainties in GPCP estimates, and thus in their RPSS PC1s all exhibit signicant correlations with the
relationships to ENSO and MJO and skill measures of weetibserved Nifio3.4 index (0.4, 0.24, and 0.2 for the NAM, WAM,
3—4 averages. For the AM, PC1 loadings also bear similariti@®d AM respectively) agreeing with mean RPSS anti-correlation
to correlation patterns between weekly rainfall and both MJQwith Nifio3.4 (Table 2 and higher values for La Nifia starts over
RMMs: PC1 scores are maximum from the Indian peninsula tall monsoon regionsKigure 12A). Signi cant PC1 correlations
northern regions of Southeast Asia and resemble the monsoonith the observed MJO for the AM (0.15 and -0.20 for RMM1
footprint partly embedded in rainfall correlations with RMM2 and RMM2) and WAM (-0.15 for RMM2) but none for the NAM.
contrasting with skill in the northeast and south Indian peaula  These results agree with those of mean RPSS showakile 2
similar to rainfall correlations with RMM1 and consistent with and indicate relationships to skill as shown fxgure 13 top
RPSS anti-correlations with RMMTéble 2). panels, consistently with the decreasing strength of MJO-indluce
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FIGURE 9 | Percentages of forecasts in all bins except for the 4th bin (83) shown inFigures 2 —4 for week 3, week 4, and week 3—-4 forecasts from ECMWHKA,C)
and the MME of ECMWEF, NCEP, and CMA forecast$B,D) for the Above and Below normal categories, together with rekted RPSS spatially averaged over each
monsoon region (E,F).

FIGURE 10 | Ranked Probability Skill Scores (RPSS) for terciles prediation week 3—4 forecasts from the MME of ECMWF, NCEP, and CMforecasts for all starts
within the May-Aug season.
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FIGURE 11 | MME Week 3—-4 RPSS averaged over the North Americafh), West African(B), and Asian(C) continental monsoon regions (bars) together with
observed Nifio3.4 index (cyan) and MJO measured by the RMML1 fgen) and RMM2 (red) indices ofVheeler and Hendon (2004)Corresponding correlations can be
found in Table 2.

modulations of monsoonal rainfall from Asial(ishnamurthy  (Higgins and Shi, 2001; Lorenz and Hartmann, 200BC1
and Kinter, 200pto West Africa (Niang et al., 201)6and North  relationships to RMM2 and the similar magnitude of PC1
America, where MJO in uence is most limited geographicallycorrelations with Nifio3.4 and the best MJO RMMs combination
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for the AM might re ect the complexity of scale interactions and rainy events in the observed precipitation PDFs, forecasts
between ENSO and MJO activityiure 12). Regressing out one are only made for weeks where and when the lower tercile is
signal from the other lowers the relationships with PC1s Wwhic non-zero. The resulting calibrated weekly precipitation ilesc

all remain signi cant (not shown). forecasts are characterized by good reliability but lowshess
and, as expected, decreasing skill with lead times. Skilpsha
4. CONCLUSIONS drops after one and two weekBigures 24), and remains low

for greater leads over all three regions as well as for their MME

The skill from S2S forecasts using ECMWF, NCEP, and CMAFIgures 5-7). For the AM, only ECMWF shows positive skill
week 1-4 leads to form a MME by equal pooling has bee om week 3, the MME consequently exhibits lower skill thus

examined by applying ELR to produce forecasted precipitatioﬂuesrioning the value of a weekly MME based on these three EPS

terciles probabilities at weekly resolution for the North Aritcan locally.

(NAM), West African (WAM) and Asian (AM) summer To improve skill and because it is sensible to increase
monsoon regions, over the 1999-2010 period for which allehre@V€raging windows with increasing leath(i et al., 201 week
EPS reforecasts are available. Terciles are computed fsing, 3 and week 4 leads are combined together to produce foredasts o

each start and lead, a 3-week window centered on the targstwe week 3—4 precipitation tercile probabilities. The tercile diéon
then the ELR model is trained out-of-sample using the same podl2S P€en adapted using 6-week windows centered on the 2-

of weeks. To accomodate the discontinuity between zero rai,Week target formedi by week 3 and 4 leads. The ELR model
Is subsequently trained on the same pool of weeks de ned

separately for each start in an out-of-sample manner. The
sharpness of the forecasts obtained is still low but increased
TABLE 2 | Correlations between May—Aug week 3—-4 MME RPSS averaged ove Compared to both week 3 and 4 |eamures 9A—D1 anngside
continental monsoon regions and observed NINO3.4 index (2ndolumn), MJO better reliability than week 4 forecasts and more gain for
measured by the RMM1 (3rd column) and RMM2 (4th column) indés of Wheeler the MME compared to individual modelsF{gure 8. When

and Hendon (2004)and their best linar combination (5th column). Compared to RPSS from weekly forecasts, week 3-4 outlooks

Mean RPSS  NINO3.4 RMM1 RMM2 MJO have more skill than week 3 and week 4 averages over the three
monsoon regions Kigures 9E,F 10). Regions adjacent to the

North America 0.23* 0.05(0.03)  0.08(0.29%  0.09(0.24%)  ocean display higher skill suggesting a possible role for tharoc

West Africa 0.27* 0.04 (0.06)  0.13*( 0.01) 0.13*( 0.06)  with regards to regional predictability. RecentBgmbardi et al.

Asia 0.28* 0.19%( 0.17) 0.09( 0.04) 0.21+(0.17) (2017)found that subseasonal forecasts generally outperform

: : ) ) : climatology when predicting the onset date of the monsoon, and
Scores in brackets correspond to correlations for starts during La Ra exclusively, and f the AM. M t al. (2017 d d in th tial
those signi cant at 95% level of signi cance using Monte Carlo snulations are indicated or the ’ .OI’OH et al. ( : _)fOUI’] a drop In € spatia
with a star. coherence of interannual variations of subseasonal toosehs

FIGURE 12 | Mean MME Week 3-4 RPSS averaged over continental monsoon rémns for observed phases of Nifio3.4 indeXA) and MJO phases(B) measured by
the RMM1 and RMM2 indices ofWheeler and Hendon (2004)Black, gray, and light gray lines correspond to the 90% leveof signi cance over the respective North
American, West African and Asian summer monsoon regions usj Monte Carlo simulations.
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FIGURE 13 | Top panels display spatial correlation patterns of raw weeB—4 MME RPSS Principal Components (PCs) for starts during ¢hMay-Aug season. Other
panels show May—Aug correlations between GPCP weekly pregitation and observed weekly Nifio3.4 index (2nd raw) and MJ&MM1 (3rd raw) and RMM2 (bottom
raw) indices of Wheeler and Hendon (2004)Only scores signi cant at 95% level of signi cance using Mong¢ Carlo simulations are plotted.

anomalies in the core of the monsoon season in comparisom contrast, local land surface feedbacks can sustain atinf
to onset and withdrawal phases, hence suggesting that tHe slduring the core monsoon season through local-scale magstur
of the subseasonal outlooks hereby discussed might be righgecycling” as has been observed for the AM regidieéhl, 1994;
for forecast starts in spring and early summer than for startoster et al., 2004 These di ering mechanisms are expected
within the core monsoon season. The timing and strength ofo yield more predictability during the onset phase compared
the developing monsoonal circulation that advects moistote  to the core season for continental summer monsoon regions
continental core monsoon regions is generally in uenced byat subseasonal and seasonal time-scalesdn et al., 201y,
neighboring SSTs and other external factors, while the afle Skill and predictability of onset date is not explicitly exarih
the land surface is relatively passive then due to its drynesisere.
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Next, skill relationships to ENSO and the MJO are examinedo MJO phases 7 and 3—4 suggest potential skill improvement
by averaging RPSS over land gridpoints of each monsoon sectwhen RMM1 and RMM2 are respectively negative and positive,
domain (Table 2 and Figures 11 12), and by applying a PCA consistently with mean RPSS and PC1 correlations with MJO
to week 3—-4 MME RPSS for each region separatébpue 13 RMMs for the AM and WAM in particular. For both regions,
top panels). RPSS PCls are all signicantly correlated witRC1 patterns bear similarities to those of correlations leetw
mean RPSS over each monsoon continental domain, and botkeekly rainfall and MJO RMMsHgure 13 lower panels), while
are related to ENSO. For all monsoon regions, skill is greatano relationship is evidenced for the NAM.
for starts during La Nifia compared to El Nifio and neutral  Overall, our diagnostics provide evidence of substantidl ski
conditions Figure 12A). The asymmetry between both phasesn all three summer monsoon regions, while opportunities for
could be due to the small sample of ENSO episodes during thekillful predictions can be increased as shown for startsndur
11-year period (sekigure 11) but could also be related to more La Nifiaand MJO phase 7.
pronounced circulation anomalies during La Nifia than EI Nifio
for the NAM (Wang et al., 20Q7and El Nifio relationships to  AUTHOR CONTRIBUTIONS
droughts for the WAM and AM Krishna Kumar et al., 2006;

Joly and Voldoire, 2009 These non-linearities could explain NV designed and ran the ELR calibration approach used in
the rather low linear correlations ifMable 2 at least for the this paper alongside diagnostics of the subsequent multi-ihode
NAM, where scores are increased signi cantly during La Niflaensemble forecasts over the three summer monsoon regions of
Moreover, enhanced skill for starts during cold ENSO phasethe Northern Hemisphere. AR and MT provided expertise for
might be related to increased predictability of monsoon dnsethe ELR methodology design as well as for the diagnostics of
dates. Over the AM region for instance, the onset is hastenedulti-model ensemble output. NA provided expertise for the
during La Nifia episodes, while the pattern of latent heat idea interpretation of multi-model ensemble results over the asi
that drives the monsoon ow $lingo and Annamalai, 2000 Monsoon region.

is noisier during the core season, when the monsoon is then

less sensitive to, and thus less predictible from, largees®S8T FUNDING

forcings (Moron and Robertson, 2014; Moron et al., 2p17

Across all monsoon domains, RPSS is maximum duringhe authors acknowledge the nancial support of the
MJO phase 7HRigure 12B when latent heating anomalies in NOAA Next Generation Global Prediction System (NGGPS)
the warm pool remotely increase convection over the WAMNA15NWS4680014 grant.
and NAM through an equatorial wave mechanisigtthews,

2004; Lavender and Matthews, 2D@Bhat could lead to more ACKNOWLEDGMENTS

skillful predictions over both regions. For the AM, additidna

maximum RPSS during phases 6, 8, 1, and 2 indicate bettter skithe authors are grateful to the reviewers whose comments
for monsoon breaks compared to active episodes most frequefthproved the manuscript and acknowledge the use of forecasts
during phase 4 and for which skill is minimum, in agreementavailable through the S2S database recently published under
with greater spatial coherence and predictability than f& tbre  the WWRP/WCRP S2S project (http:/s2sprediction.net).
of the monsoon seasom/oron et al., 201). For the NAM and  Calculations were performed using IRI resources and the S2S
WAM, skill is minimum during MJO phase 3 when convection is subset archived on the IRI Data Library (IRIDL, http://iridl.
enhanced over the Indian Ocean, in turn increasing the @gtiv |deo.columbia.edu/). The IRIDL was also used to access GPCP
of AEWs within the WAM and tropical Atlantic TCs4hang, 1DD data provided by the NASA/Goddard Space Flight Center's
2013; Klotzbach and Oliver, 20)linked to Gulf moisture surges Mesoscale Atmospheric Processes Laboratory, which develops

feeding in the NAM Pascale and Bordoni, 20} @hich synoptic  and computes the 1DD as a contribution to the GEWEX Global
nature might be less predictible. Contrasting skill relagibips  Precipitation Climatology Project.
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