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Abstract Based on historical forecasts of three quasi-operational multimodel ensemble (MME) systems,
this study assesses the superiority of coupled MME over contributing single-model ensembles (SMEs) and
over uncoupled atmospheric MME in predicting the Western North Pacific-East Asian summer monsoon
variability. The probabilistic and deterministic forecast skills are measured by Brier skill score (BSS) and
anomaly correlation (AC), respectively. A forecast-format-dependent MME superiority over SMEs is found.
The probabilistic forecast skill of the MME is always significantly better than that of each SME, while the
deterministic forecast skill of the MME can be lower than that of some SMEs. The MME superiority arises from
both the model diversity and the ensemble size increase in the tropics, and primarily from the ensemble size
increase in the subtropics. The BSS is composed of reliability and resolution, two attributes characterizing
probabilistic forecast skill. The probabilistic skill increase of the MME is dominated by the dramatic
improvement in reliability, while resolution is not always improved, similar to AC. A monotonic resolution-AC
relationship is further found and qualitatively explained, whereas little relationship can be identified between
reliability and AC. It is argued that the MME’s success in improving the reliability arises from an effective
reduction of the overconfidence in forecast distributions. Moreover, it is examined that the seasonal
predictions with coupled MME are more skillful than those with the uncoupled atmospheric MME forced
by persisting sea surface temperature (SST) anomalies, since the coupled MME has better predicted the SST
anomaly evolution in three key regions.

1. Introduction

The western North Pacific-East Asian summer monsoon (WNP-EASM) is a unique component of the grand
Asian summer monsoon system [e.g., Wang et al., 2001; Wang and LinHo, 2002]. Its interannual variability is
often associated with floods, droughts, and other natural disasters that can critically influence human lives
and economics over East and Southeast Asia. Thus, improving prediction of the WNP-EASM variability several
months in advance is extremely important for decision making and risk management.

In the last decade, a variety of efforts have been made to develop complex general circulation models
(GCMs) to predict the seasonal climate variability. Usually, there are two types of approaches for dynamical
seasonal predictions, i.e., the so-called one-tier and two-tier approaches [e.g., Barnston et al., 2003; Kharin
et al., 2009; Palmer et al., 2004; Weisheimer et al., 2009; Saha et al., 2006, 2014; Merryfield et al., 2013]. In the
two-tier approach, stand-alone atmospheric general circulation models are integrated forward from
observed atmospheric initial conditions while forced externally by a prescribed sea surface temperature
(SST) that is from the persistence forecast, statistical models, or even dynamical oceanic models. In the
one-tier approach, on the other hand, atmospheric and oceanic variables are incorporated into the coupled
GCM and evolve together with time from the given initial states of both atmosphere and ocean. Since the
observed climate signals and variability are usually governed in a framework of air-sea interaction [e.g.,
Bjerknes, 1969; Rasmusson and Carpenter, 1982; Wang et al., 2000, 2003; Rodwell and Folland, 2002], it is
believed to be a better way to simulate and predict the climate variability with coupled GCM [e.g.,
Palmer et al., 2004; Saha et al., 2006].

Seasonal climate prediction, in either one- or two-tiered approach, is inevitably subject to many error sources
that can be generally grouped into two families: the uncertainties in initial conditions and the uncertainties in
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model formulations. To quantify forecast uncertainties arising from these sources, different strategies have
been proposed. To cope with the initial condition uncertainties, a straightforward and well-acknowledged
strategy in seasonal predictions is to repeatedly integrate a model forward from multiple initial conditions
that differ only slightly [e.g., Palmer et al., 2004]. It is necessary to use this strategy to predict the WNP-EASM
variability, since the atmospheric internal dynamics that is sensitive to atmospheric initial state plays an
important role in generating seasonal climate anomalies over the western North Pacific-East Asian region
[e.g. Li et al., 2012; Kosaka et al., 2012, 2013]. To address the model uncertainties, a multimodel ensemble
(MME) strategy has been proposed since the end of last century [e.g. Krishnamurti, 1999; Krishnamurti
et al., 2000; Doblas-Reyes et al., 2000; Shukla et al., 2000; Palmer et al., 2000; Barnston et al., 2003]. The central
argument of the MME idea lies in that through combining several quasi-independent single models, the
errors may cancel out each other and the resulting ensemble could have a better coverage of the possible
climate phase space [e.g., Hagedorn et al., 2005]. As discussed in the literature [e.g., Kang et al., 2002; Chen
et al., 2010; Sperber et al., 2012], it is, in general, a challenging task to simulate and predict the Asian summer
monsoon, since there are large uncertainties in the parameterizations of various physical processes asso-
ciated with the monsoon. Therefore, it is expected that the MME strategy can effectively improve the forecast
skill of the Asian summer monsoon.

Many previous studies have assessed the deterministic skills of different MME systems in historical predic-
tions of the WNP-EASM variability [e.g., Kang and Shukla, 2006; Wang et al., 2008a; Chowdary et al., 2010;
Lee et al., 2011, 2013, 2014; Li et al., 2012; Tang et al., 2013; Min et al., 2014; Ma et al., 2015]. The results from
these studies indeed indicate that some benefit could be received from compositing single-model ensem-
bles (SMEs), but this benefit is sometimes cast into doubt by the fact that the MME does not always beat
the best SME [Kang and Shukla, 2006; Lee et al., 2011]. However, besides the deterministic manner, the fore-
casts can be made in a probabilistic way. A forecast in the form of probability can provide an indication of the
likelihood for the event of interest to occur, a very useful message that is able to bring greater economic value
for end-users than a single deterministic forecast with uncertain accuracy [e.g., Richardson, 2006]. It is worth
noting that some studies have reported elsewhere that the MME seems to offer a more significant improve-
ment when verified in a probabilistic way than in a deterministic way [e.g., Doblas-Reyes et al., 2000]. For a full
assessment and especially to unfold the MME’s effectiveness, a probabilistic assessment is necessary.

Another important issue in dynamical seasonal prediction is the choice of one-tier coupled GCMs or two-tier
uncoupled atmospheric GCMs. Although the general potential advantages of coupled GCMs are widely
believed, their actual advantages could be compromised by their potentially larger systematic errors and
higher computational expense. Therefore, the two-tier strategy is still used in several operational centers,
especially for short-lead seasonal predictions. However, recent experimental studies have highlighted the
necessity of using fully coupled GCMs in simulating and predicting the summer monsoon over the western
North Pacific where local air-sea coupled processes are important in generating seasonal climate anomalies
[e.g.,, Wang et al., 2005; Kug et al., 2008; Chen et al., 2012; Zhu and Shukla, 2013]. Thus, it remains necessary to
investigate the practical advantages of the current one-tier over two-tier operational MME forecasting
systems, especially in terms of deterministic versus probabilistic skill measure.

In this study, we aim at exploring the superiorities of the one-tier coupled MME over each contributing SME as
well as over the two-tier uncoupled atmospheric MME in predicting the WNP-EASM variability with probabilistic
versus deterministic skill measure, using three quasi-operational ensemble forecast products. The paper is struc-
tured as follows. Section 2 describes the data used and the metrics of prediction skill. In section 3, the general
features of coupled MME skills in predicting the WNP-EASM variability are assessed, the prediction skills of the
MME and the SMEs are compared in detail, and the superiorities of MME over contributing SMEs are identified.
An understanding of the MME' superiorities is presented in section 4. Section 5 compares the prediction skills
between the coupled and uncoupled MMEs. The final section is devoted to conclusions and discussion.

2, Data and Method
2.1. Data
The data sets used in this study are taken from three quasi-operational ensemble forecast products, including

the European one-tier Ensemble-Based Predictions of Climate Changes and their Impacts (ENSEMBLES)
ensemble, the European one-tier Development of a European Multimodel Ensemble System for Seasonal to
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Interannual Prediction (DEMETER) ensemble, and the Canadian two-tier Historical Seasonal Forecasting Project
(Phase-2; HFP2) ensemble. The ENSEMBLES project involves five global coupled climate models from the UK
Met Office (UKMO), Météo France (MF), the European Centre for Medium-Range Weather Forecasts (ECMWF),
the Leibniz Institute of Marine Sciences at Kiel University (IFM-GEOMAR), and the Euro-Mediterranean Centre
for Climate Change (CMCC-INGV) in Bologna. Compared to the previous version of the DEMETER project, the
models involved in the ENSEMBLES project have been improved mainly in physical process parameterizations,
initialization procedures, and resolution. The historical forecasts with the five models were performed for the
46-year period from 1960 to 2005. For each year, seasonal forecasts at 7 month lead were produced, starting
on the first day of February, May, August, and November, respectively. Except for the CMCC-INGV model, the fore-
casts starting on 1 November with all the other four models were additionally extended with 14 month lead time.
For each model, an ensemble of nine integrations starting from different initial conditions of atmosphere and
ocean was generated for a forecast. A combination of these 9-member SMEs gives rise to a 45-member MME.
A detailed description about the ENSMEBLES's models and historical forecasts can be found in Weisheimer
et al. [2009].

The DEMETER project, described in detail in Palmer et al. [2004], involves seven global coupled models, of which
five models are just the previous versions of the ENSEMBLES's models. As in Alessandri et al. [2011], the ensemble
of these five models is chosen to be compared with the ENSEMBLES’s MME. The historical forecasts with these five
models were produced with 6 month lead time, starting yearly on 1 February, May, August, and November, respec-
tively, for a common period of 1973-2001. Each SME has 9 members and the resulting MME has 45 members.

The HFP2 includes four Canadian global atmospheric models, which are the second and third generations of the
general circulation models developed at the Canadian Centre for Climate Modeling and Analysis [Boer et al., 1984;
McFarlane et al., 1992], the Global Environmental Multi-scale model [C6té et al., 1998a, 1998b], and the reduced-
resolution version of the global spectral model [Ritchie, 1991]. For each model, starting on the first day of each
month and with different atmospheric initial conditions, 10 parallel integrations were run for 4 months, for the
period from 1969 to 2001. As a result, the HFP2 MME has 40 ensemble members. The SST forcing for all the four
atmospheric models is identical, specified as a persisting SST forcing, i.e,, the sum of the monthly mean SST
anomaly of the month just preceding the forecast period and the monthly varying climatological SST for the
forecast period. Further details of the HFP2 setup can be found in Kharin et al. [2009].

The ENSEMBLES data set is only used in sections 3 and 4 to examine and understand the advantages of MME
over the contributing SME, because it possesses relatively new models and the longest forecast lead time
among the three MME suites. The DEMETER and HFP2 data sets are only used in section 5, where the com-
parison between the coupled and uncoupled MMEs is in particular concerned.

The verification data sets used in this study include the monthly mean 850 hPa zonal wind from the National
Centers for Environmental Prediction/National Center for Atmospheric Research reanalysis [Kalnay et al., 1996],
monthly mean precipitation from the Climate Prediction Center merged analysis of precipitation [Xie and
Arkin, 1996], and monthly mean SST from NOAA Extended Reconstructed SST (v3) [Smith and Reynolds, 2004].

To characterize the summer monsoon, seasonally averaged variables for June, July, and August (JJA) are
targeted. The ensemble predictions starting on 1 May, 1 February, and 1 November in the preceding year
are called one-, four-, and seven-month lead predictions, respectively. In addition, although a variety of mon-
soon indices were proposed to effectively extract the leading modes of the monsoon variability, they might
not be the best choice to demonstrate the MME's advantages in predicting the variability, since those large-
scale coherent modes are more probably able to “resist” the interference by noises and model errors. For
instance, when the WNP-EASM index defined in Wang et al. [2008b] is used as the forecast target, the
MME cannot defeat the best SME in deterministic or probabilistic prediction. Thus, the grid-point monsoon
variables of 850 hPa zonal wind and precipitation are directly chosen as the prediction targets in this study.

2.2. Metrics of Prediction Skill

Conventional metrics used to measure forecast skill includes the anomaly correlation (AC) for deterministic
forecasts and Brier skill score (BSS) for probabilistic forecasts. At each grid point both the single-model hind-
casts and observations are normalized with respect to their own local climatologies. Then the resulting stan-
dardized anomalies are used to calculate forecast skills. To avoid overfitting, the skills are calculated in a cross-
validated mode using the so-called leave-one-out method; i.e., the anomaly for a certain year is obtained with
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respect to the climatological mean that is evaluated only over the remaining years. For the MME, forecasts are
built on the grand ensemble of the cross-validated single-model standardized anomalies. All the single-model
trajectories are assembled indistinguishably. For probabilistic forecast, three target events: below-normal,
near-normal, and above-normal, are defined based on the terciles of the observed climatology. The forecast
probability of an event is estimated as the fraction of ensemble members that forecast the event.

AC is a measure of the linear association between prediction and observation, formulated as

N
1 Pyo
NZX/‘ X
=

AC = , (1)
N N
PP |1 0,,0
PR NEDIEES
j=1 j=1

where xj‘-’ denotes the predicted anomaly based on the ensemble mean, x} denotes the corresponding
observed anomaly, and N is the size of the samples. As a skill measure, AC is positively oriented and negative
AC is interpreted as worse than climatology. The summation in equation (1) can be over time-only to calcu-
late a local skill or over both time and space to calculate an “area-aggregated” skill [e.g., Déqué, 1997; Saha
et al., 2006]. In this study, the two types of skills are both calculated.

==

The definition of BSS is based on the Brier score (BS), which measures the accuracy of probability forecasts for
a predefined event, as expressed by [e.g., Wilks, 2011]

BS —AI]Y'LV; (-a)" @

where y; denotes the forecast probability; o; represents the corresponding observed outcome for the event,
taking the value 1 if the event actually occurs and 0 otherwise; and N is the sample size. As a mean square
error measure, the BS is negatively oriented; the larger, the worse. BS can be further decomposed into three
terms, known as reliability, resolution, and uncertainty, which can be expressed as [e.g., Wilks, 2011]

1< , 1 ¢ T
BS = — Nk(y — 6/() - — Nk(6k — O) + 0(1 —O)
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uncertainty ,

reliability resolution
=BSgeL — BSgres + BSunc

where the probability space is partitioned into K bins, Ny is the number of probability forecasts collected into
the kth probability bin, y, represents the forecast probability for the bin k, 0, is the conditional observed
frequency associated with the forecast probability y,, and 6 is the unconditional observed frequency, or
climatological probability of the event.

Reliability quantifies how well the forecast probabilities are consistent with the corresponding observed fre-
quencies. For example, a probability forecast of 0.7 is called reliable if and only if in all cases where the issued
probability forecasts for an event are 0.7, this event indeed occurs in 70% of these cases. A forecast system is
reliable if and only if all the forecast probabilities are reliable. However, reliability alone is not sufficient for a
probabilistic forecast system to be skillful. Apparently, always using the historical climatological probability as
forecasts would in principle result in a perfect reliability. However, these forecasts provide no extra informa-
tion beyond the historical climatological information. Resolution is just such a measure of the extra informa-
tion, through quantifying the variability of observed frequencies around the climatological probability. The
term of uncertainty just indicates the “a priori” information provided by the climatology. Actually, the BS of
climatological forecasts turns out to be equal to the uncertainty, i.e., BS¢im =BSync-

Based on the BS and taking the climatology as the reference forecast, BSS, as a relative measure of probabilistic
skill, can be uniquely defined as [e.g., Wilks, 2011]

BS
BSS=1———. @)
BSclim
YANG ET AL. PREDICTION SKILL OF MONSOON WITH MME 1082



@AG U Journal of Geophysical Research: Atmospheres 10.1002/2015JD023781

Unlike the BS, BSS is positively oriented
and contains a built-in comparison with
the climatological forecast. Zero BSS
indicates a skill equivalent to a climato-
logical forecast, and positive (negative)
BSS means better (worse) than climatol-
ogy. After invoking equation (3) and
0.7 BS¢iim =BSunc, BSS can be further
expressed as [Kharin and Zwiers, 2003]

0.8
20N

10N 1 0.6
BS, BS

k0 n, 0.5 BSS — - RES — REL _ BSSees — BSSar,.

120E 140E 160E 0.4 unc  BSunc o

(b) precip —0.3
a . L o2 As in Kharin and Zwiers [2003], we refer
to the “standardized” reliability and

50N

40N 1

0! resolution terms of the BS as the reliabil-

30N L {o ity and resolution components of the
° BSS, which are diagnosed in this study.

2N '_0'1 For the tercile-based categorical events

considered here, BSSgg, and BSgg, (also,
BSSges and BSges) only differ by a factor
of 4.5. Only the forecasts with BSSges
greater than BSSgg, are better than the
100E 120E 140E 160E 180 climatological forecasts. The concepts

of reliability and resolution are not only
Figure 1. Spatial distributions of the anomaly correlation (AC) skill for the restricted within the framework of BSS.
ENSEMBLES's MME predictions at one-month lead of JJA (a) u850 anomaly
(1960-2005) and (b) precipitation anomaly (1979-2005).

10N 1

EQ-

Actually, they are two basic and inde-
pendent attributes of any probabilistic
forecast system [e.g., Toth et al., 2006].
BSSgreL (BSrer) and BSSges (BSges) are only specific measures of reliability and resolution, and the former is
negatively oriented. BSS is often preferred to quantify the probabilistic forecast skill because it is an integrated
measure of both reliability and resolution.

Similar to AC, area-aggregated BSS and its components are also calculated in this study. To avoid the
possible fictitious skill arising from the spatially varying climatology, the very categorical event for which
the forecast probabilities and the corresponding observed binary outcomes are spatially aggregated is
still defined for each grid cell based on respective long-term climatologies [Hamill and Juras, 2006].

3. Superiorities of MME Over Contributing SMEs
3.1. General Features of MME Forecast Skills

Figure 1 displays the spatial distributions of the AC skills of the ENSEMBLES’s MME for the JJA 850 hPa zonal wind
(u850) and precipitation predictions at one-month lead over the WNP-EASM region. The spatial pattern of the AC
skills for the u850 prediction, as shown in Figure 1a, is characterized roughly by two zonally elongated belts
located in the tropics and subtropics, respectively, bounded around 20°N. The tropical skills are overwhelmingly
stronger than the subtropical skills. The strong tropical skill is primarily determined by more impact of tropical SST
variability and less impact of internal atmospheric variability [e.g., Charney and Shukla, 1981; Shukla, 1998]. The
tropical SST forcing exists not only in the remote El Niflo-Southern Oscillation (ENSO) region but also in
neighboring regions of the western North Pacific [e.g, Wang et al, 2000] and North Indian Ocean [e.g., Xie
et al,, 2009]. The forcing in the latter regions tends to play a more immediate role in regulating the WNP-EASM
variability [e.g., Wang et al., 2000; Xie et al., 2009]. Such a forcing could be partly linked to the ENSO and partly
resulted from the local air-sea interaction in the Indo-western Pacific that is independent of the remote ENSO
[e.g., Wang et al., 2013; Kosaka et al., 2013].
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Figure 2. Spatial distributions of the Brier skill score (BSS) for the ENSEMBLES’s MME predictions at one-month lead of JJA
(@) u850 anomaly (1960-2005) and (b) precipitation anomaly (1979-2005). The subplots in the top, middle, and bottom
plots are for the below-normal (BN), near-normal, and above-normal (AN) categorical events, respectively.

The AC skills for the precipitation prediction (Figure 1b) exhibit a different spatial pattern from that for the
u850 prediction, with large skills along the equator and to the east of the Philippines and relatively weak skills
over the subtropics and midlatitudes. Like the u850 prediction, the precipitation prediction skill is also much
better in the tropics than in the subtropics. However, the precipitation prediction skill is not as good as that of
the u850, which would be probably due to some very localized or small-scale processes that generate those
precipitation variabilities.

Figure 2 shows the BSS skills of the ENSEMBLES MME for the JJA u850 and precipitation predictions at one-
month lead over the WNP-EASM region. As can be seen, the BSS skill is very low for near-normal events. For
the above- and below-normal events, the BSS skills are geographically sensitive for both the u850 and the
precipitation, with spatial patterns similar to those of the corresponding AC skills shown in Figure 1. The
locations of large BSS basically match those of large AC. This AC-BSS resemblance in spatial pattern was
also noticed in Wang et al. [2009] for the seasonal predictions of global temperature and precipitation
using the Climate Prediction and its Application to Society MME system. We will find in the next section that
this spatial resemblance is mainly due to the high coherence between AC and BSS's resolution component
(rather than its reliability component). The reliability component of BSS is much more uniformly distributed
within the region of interest. A more detailed discussion on the similarity between AC and resolution is
provided in section 4.2.
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Figure 3. Differences in the AC skill between the MME and each of the SMEs for the ENSEMBLES's predictions at one-month
lead of JJA (a) u850 anomaly (1960-2005) and (b) precipitation anomaly (1979-2005). Dots (squares) indicate that the
AC skill differences are significantly positive (negative) at the 10% significance level with a two-sided bootstrap
significance test.
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Figure 4. As in Figure 3 but for BSS. The results shown here are for an average over the above- and below-normal events.
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Also interestingly, there is an asymmetry between the BSS skills for the above-normal and below-normal
events. It might be due to the asymmetry in the SST anomalies or the asymmetry in the atmospheric response
to the SST anomalies [Kharin and Zwiers, 2003].

3.2. Skill Difference Between MME and Each of the SMEs

In this section, the prediction skills are in detail compared between MME and each contributing SME. For
simplicity, the results shown here are only for an average over the above- and below-normal events.

Figures 3 and 4 show the skill differences of the u850 and precipitation predictions at one-month lead between
MME and each of the contributing SMEs for AC and BSS, respectively. A two-sided bootstrap test as introduced
in Hogan and Mason [2011] is used for statistical significance test. Since no data from overlapping or adjacent
seasons are pooled and therefore strong serial correlation seems unlikely, the usage of the simple bootstrap-
ping method without addressing the effects of serial correlation is appropriate. The significance at a 10% level
is marked in Figures 3 and 4. As seen in Figure 3, statistically significantly positive AC difference occupies large
areas for each single model for both u850 and precipitation. However, there are also certain areas where the
difference appears significantly negative, signifying that the MME prediction with AC skill measure is worse than
the predictions of some SMEs. This feature is especially prominent for the precipitation prediction, although it
also occurs in subtropical regions for the u850. In sharp contrast to AC skill differences, the negative BSS
differences, as displayed in Figure 4, are basically not statistically significant at the 10% level, indicating the
superiority of MME over each of the contributing SMEs in probabilistic prediction.

The prediction skills of the MME and the SMEs are further compared in the area-aggregated way. For this pur-
pose, we aggregated the skills for two domains: the tropical domain (90°-160°E, 0°~20°N) and the subtropical
domain (90°-160°E, 20°-50°N). Due to the more samples used, the area-aggregated skills would be less affected
by sampling error and statistically much more robust than the grid-point skills. As seen in Figure 5, in the
area-aggregated way, the MME outperforms all the SMEs not only in BSS but also in AC for the one-month lead
predictions of both precipitation and u850 over both regions. However, the BSS witnesses more dramatic
improvement than the AC. Most strikingly, the negative BSS skills for the precipitation as well as the subtropical
u850 measured in each of the contributing SMEs are avoided and even upgraded to a level that is positive in the
MME. However, this profound turnabout of forecast quality does not occur for the AC. In addition, even for the
prediction of the tropical u850 for which most of the SMEs already have a positive BSS, the BSS improvement is
still more significant. In this case, a calculation of relative improvement by [(SSspe — SSmme)/SSmme X 1001 %
(where SS represents positively oriented skill score) reveals that the BSS obtains a much larger relative improve-
ment (up to 80%) than the AC (about 18%) on average.

The merit of the MME in BSS skill is also seen in the predictions of u850 and precipitation at four- and seven-
month leads, as shown in Figure 6. In Figure 6, the BSSs of the SMEs are mostly below zero and many of them
are severely negative, lower than —0.05 and even —0.1. The averaged BSS skills of SMEs are negative even for
the predictions of the tropical ug50. However, the BSS skills of the MME are much better, either far exceeding
or not so worse than the “zero-skill” of the climatological forecasts. The MME probabilistic forecasts are not
only more skillful than the SMEs on average but also than the best SME in all cases. In contrast, the MME is
not much beneficial to AC skill. For example, the MME cannot beat the best SME for the four (seven)-month
lead prediction of the tropical (subtropical) precipitation.

3.3. Role of Model Diversity and Ensemble Size

It has been reported that the MME superiorities in seasonal prediction could be from the use of different
models which sample uncertainties in model formulations as well as from the increase of ensemble size
which samples uncertainties in initial conditions, as compared to the SMEs [e.g., Doblas-Reyes et al., 2000;
Kharin et al., 2009; Yan and Tang, 2013; DelSole et al., 2014; Becker et al., 2015]. It is interesting to examine
whether the observed MME advantages here arise at least in part from model diversity or are purely a result
of the increased ensemble size. For this purpose, we calculated the forecast skills of a size-reduced MME con-
sisting of only nine members, which are drawn from the SMEs in the manner described as follows. First, we
randomly select one member from each of the five contributing SMEs. Second, we randomly select four SMEs
without replacement from the five SMEs and then randomly select one member from each of these four
SMEs. These size-reduced MME skills are also plotted in Figures 5 and 6. It can be seen that for the tropical
predictions, the size-reduced MME's prediction skills still outperform the SMEs’ ones on average, while the
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AC and BSS for one-month lead prediction
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Figure 5. Area-aggregated AC and BSS skills for the ENSEMBLES's predictions at one-month lead of JJA u850 anomaly (1960-2005, left two panels) and precipitation
anomaly (1979-2005, right two panels) over the tropical domain (90°-160°E, 0°-20°N; top row) and the subtropical domain (90°-160°E, 20°-50°N; bottom row).
The light red bars represent the skills of the size-reduced MME (see main text). Thick dashed lines show the average of all SMEs’ skills. The probabilistic skills shown
here are for an average over the above- and below-normal events.

size reduction indeed degrades the skills of the original MME, in terms of both AC and BSS measures. In addi-
tion, in terms of the BSS measure, the size-reduced MME's prediction skills even outperform the best SME.
This result evidences that over the tropical domain of the WNP-EASM, the MME's superiority does benefit
from the model diversity rather than only from the increased ensembile size. For the subtropical predictions,
however, the MME skills are degraded to a level that is basically not better than the skills of the SMEs, no mat-
ter which skill measure is considered, indicating that the MME improvements are mainly by the augmented
ensemble size. Based on an investigation of the HFP2 MME skill in predicting the global 500 hPa geopotential
height, Yan and Tang [2013] also found that the MME improvements are mainly due to the increase of ensem-
ble size in the middle-high latitudes and the offsets of model uncertainties in the tropical regions.

In summary, the MME’s versus SMEs' results indicate that the MME skill improvement is strongly forecast-
format-dependent. As diagnosed by the BSS measure, the probabilistic forecast skill is improved very impressively
and systematically. However, the deterministic forecast skill, measured by AC, is on the whole only marginally and
not as systematically improved. An important reason for the MME'’s probabilistic forecast skill improvement comes
from the model diversity, which is in particular significant in the tropical domain of the WNP-EASM.

4. Understanding the Superiorities of MME Over SMEs
4.1. Reliability Versus Resolution Skill

In this section, we try to understand why the MME skill has a forecast-format-dependent improvement, that
is, why the probabilistic rather than deterministic forecast skill can be improved significantly. As described in
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Figure 6. As in Figure 5 but for the predictions at (a) four-month lead and (b) seven-month lead.
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Reliability and Resolution for one-month lead prediction
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Figure 7. Reliability (REL) and resolution (RES) components of the area-aggregated BSS for the ENSEMBLES predictions at one-month lead of JJA u850 anomaly
(1960-2005) and precipitation anomaly (1979-2005) over the tropical domain (90°-160°E, 0°-20°N; top row) and the subtropical domain (90°-160°E, 20°-50°N;
bottom row). The light red bars represent the skills of the size-reduced MME (see main text). Thick dashed lines show the average of all SMEs’ skills. The probabilistic
skills shown here are for an average over the above- and below-normal events.

section 2.2, the BSS is composed of reliability and resolution. Here we examine how the two components
themselves vary from the SMEs to the MME, ultimately giving rise to the significant improvement in the BSS.

Figure 7 shows the reliability and resolution components of the BSS for the predictions of u850 and precipi-
tation at one-month lead. Both reliability and resolution are improved in the MME relative to any SME.
However, the reliability has a much more significant improvement than the resolution, especially for the
predictions of the precipitation and the subtropical u850. As a result, the considerable BSS improvement seen
in Figure 5 is dominated by the improvement in reliability.

Figure 8 is the same as Figure 7 but for the predictions at four- and seven-month leads. As in the one-month
lead prediction, the reliability improvement here is also very significant and makes a major contribution to
the improvement in the BSS. Unlike the one-month lead case, however, the MME resolution does not always
exceed that of the best single model, such as in the four-month lead prediction of the tropical precipitation.

The reliability and resolution components of the BSS for the size-reduced MME predictions are also displayed
in Figures 7 and 8. For the subtropical predictions, the size-reduced MME shows little improvement over the
SMEs in both reliability and resolution. For the tropical predictions, the reliability of the size-reduced MME is
significantly better than that of SMEs, whereas the resolution is little improved.

Figures 9a and 9c are the reliability diagrams, the observed frequency against the forecast probability, for the
one-month lead predictions of the above-normal u850 and below-normal precipitation in the tropics,
respectively, which can further address the improvement of reliability in the MME. The diagonal dotted line
is a perfect reliability line on which the forecast probability equals the observed frequency. As can be seen,
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precip

u850

REL

REL

0.25 0.25
0.2 0.2
0.15 : 0.15
0.1 0.1
0.05 wn 005 :
v} - - - -
0
-0.05 -0.05
-0.1 -0.1
-0.15 -0.15
-02 -0.2
« ¥ © A S & * © A S
o 0@‘*‘ W RUSROER o o 0“\\3“ W RUSROER o
s & & ¢ S % &
9 o e 7 N N4
< © W < © »
0.25 0.25
0.2 0.2
0.15 0.15
0.1 0.1
0.05 0.05
0 0 jmcam —
-0.05 -0.05
-0.1 -0.1
-0.15 -0.15
-0.2 -0.2
N N o « K S
‘o(‘“\\‘l ‘Q?‘ &k(\, & \‘7‘&)& ‘o(y\ QO“\?? @()\\(’ N @é\)&
£ W g & W

(b) Reliability and Resolution for seven-month lead prediction
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Figure 8. As in Figure 7 but for the predictions at (a) four-month lead and (b) seven-month lead.
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Figure 9. (a and c) Reliability and (b and d) sharpness diagrams for the ENSEMBLES predictions at one-month lead of JJA
u850 anomaly (1960-2005) and precipitation anomaly (1979-2005) over the tropical domain (90°-160°E, 0°~20°N). Left
column shows the u850’s reliability and sharpness diagrams for the above-normal (AN) categorical event, while right
column shows the precipitation’s reliability and sharpness diagrams for the below-normal (BN) event.

the curve for each of the SMEs has a slope smaller than one and intersects the diagonal near the climatolo-
gical probability (0.33). Higher (lower)-than-climatology forecast probabilities tend to be followed by insuffi-
cient (excessive) observed frequencies. On the other hand, the curve for the MME is much closer to the
perfect reliability line, indicating a much better match between the forecast probabilities and observed fre-
quencies. Figures 9b and 9d further show the sharpness diagrams, in which the percentages of probability
forecasts falling into different probability bins are displayed. As can be seen, the MME percentages are lower
than those of SMEs in extreme bins, whereas the MME percentages are larger than those of SMEs in the bins
centered close to the climatological probability, indicating a smaller sharpness for the MME predictions. This
is not odd and does not necessarily point to a weakness for the MME. Through averaging conflicting signals
and widening the ensemble spread, the sharpness is necessarily reduced in the MME. However, these
processes are just in favor of an improvement in reliability [e.g., Barnston et al., 2003; Kirtman et al., 2014].
A further discussion of the improvement in reliability is given in final section.

4.2, Relationship Between the Resolution and AC Skills

In the preceding sections, we found that the MME has much less significant improvement in the AC and resolution
skills than in the reliability skill. A typical example is the case of the tropical precipitation prediction at four-month
lead, in which the AC skill of MME is worse than that of the best single model, the ECMWF model (Figure 6a).
Surprisingly, the MME's resolution skill is also worse than that of the best single model (Figure 8a). One question
naturally arises as to why there appears to be such an AC-resolution similarity. Below, we try to answer this ques-
tion by demonstrating that there is a strong and consistent relationship between AC and resolution.

First of all, a careful inspection of AC subplots in Figures 5 and 6 and resolution subplots in Figures 7 and 8
reveals that they are likely to covary consistently. For instance, a consistent rank can be obtained when the
SMEs and MME skills are measured by AC or by resolution, both tending to decrease synchronously with lead
time and from the tropics to subtropics. In fact, the covarying relationship between AC and resolution can be
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fit to data of AC (only nonnegative values are used) and resolution. It should be noted that we also found that
The probabilistic skills shown here are for an average over the above-  such a monotonic AC-resolution relation-
and below-normal events. ship exists in the winter predictions (figure

not shown). Recently, Wang et al. [2009]
and Alessandri et al. [2011] have also tried to explore the possible relationship between deterministic and
probabilistic skills in seasonal climate prediction. In evaluating the MME hindcasts, Wang et al. [2009] found
a nonlinear relationship between AC and BSS for the prediction of the tropical precipitation. With the
ENSMEBLES MME hindcasts, Alessandri et al. [2011] further showed that AC has a better relationship with reso-
lution than with reliability for the prediction of the global surface air temperature. However, their relation-
ships of AC-BSS and AC-resolution are far from what could be characterized as a monotonic relationship
and therefore are much weaker than the AC-resolution relationship identified here.

Here we further provide a qualitative explanation for the observed strong AC-resolution relationship as fol-
lows. Let p be a random variable for the forecast probability and O represent the corresponding observed
outcome for the event, one for occurrence and zero for nonoccurrence. In the limit of infinite sample size,
the resolution can be formally written as [e.g., Palmer et al., 2000]

where P()) and P() separately denote conditional and unconditional probabilities and f(p) is a probability den-
sity function (PDF) of p such that f(p)dp is the relative frequency of the forecast probabilities lying in the bin
[p, p +dpl. In equation (6), the integration measures the averaged quadratic difference (also the variance of
the conditional probabilities) between the conditional and unconditional probabilities. On the other hand,
according to probability theory, the event occurrence is statistically independent of the probabilistic forecast,
if and only if the conditional and unconditional probabilities are equal for all the forecast probabilities. Strong
statistical dependence corresponds to large deviations of the conditional probability from the unconditional
probability, and vice versa. It therefore seems that the resolution could be understood in terms of the
statistical dependence between the probabilistic forecast and the event occurrence. A similar point of view
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was also proposed by Brécker [2015]. Further, if the underlying forecast distributions are Gaussian and the
ensemble variance changes little from case to case (these approximations are suitable for seasonal mean vari-
ables [e.g., Kumar et al., 2000; Tang et al., 2008; Yang et al., 2012]), the condition p for P(O = 1|p) could be expressed
equivalently as a condition on the ensemble mean x¢only. Then, given the PDF of u¢(denoted f(uy), equation (6)
can be rewritten as

9 oo
BSSges = Ejiwf(,uf) [P(O = 1]gs) — P(O =1)]dyy, @)

which indicates that the resolution could be further understood in terms of the statistical dependence
between the ensemble mean and the event occurrence. Since P(O= 1|y and P(O=1) are, after all, deter-
mined respectively by the underlying conditional PDF f(x|p) and unconditional PDF f(x), where x is the origi-
nal continuous predictand, the resolution would be ultimately dominated by the statistical dependence
between ur and x, whose strength depends on how large the difference between fix|ug and f(x) is [e.g.,
DelSole, 2005]. The above understanding of the resolution in terms of the statistical dependence between
forecast (us) and observation (x) facilitates us to further understand the observed resolution-AC correspon-
dence, since the differences and similarities between the general concepts of statistical dependence and
linear correlation are widely discussed in statistical and predictability literature [e.g., DelSole, 2004, 2005].
Specifically, statistical dependence is generally not tantamount to linear correlation, but for joint normally dis-
tributed variables they are intrinsically equivalent. On the seasonal time scale considered here, a joint-Gaussian
distribution would be approximately satisfied for the forecast and observation [e.g., Tippett et al., 2014]. As such,
a good AC-resolution agreement seems to be theoretically expected, as reported by Kharin and Zwiers [2003].
However, their theoretical derivation is based on a perfect model assumption, which requires the observation
to be statistically indistinguishable from the model ensemble members. Since the skills calculated here are the
real skills that make use of the actual observations rather than the perfect model skills that do not, a more
generalized theoretical consideration without requiring the perfect model assumption should be made for
further understanding the observed AC-resolution relationship. We leave it for future study.

5. Skills of Coupled Versus Uncoupled MMEs

In this section, the skills of the coupled ENSEMBLES and DEMETER MMEs are compared with that of the
uncoupled HFP2 MME, in predicting the WNP-EASM variability and the underlying SST conditions. While
there are many studies targeting on comparing the prediction performances of coupled and uncoupled
models for outside the WNP-EASM region [e.g., Graham et al., 2005; Guérémy et al., 2005; Kumar et al.,
2008; Stefanova et al., 2012; Landman et al., 2012; Misra et al., 2014; Li and Misra, 2014; Tang et al., 2014], most
of the previous comparison studies for the WNP-EASM region have been mainly focused on the monsoon
simulation, rather than on the monsoon prediction [e.g., Fu et al., 2002; Aldrian et al., 2005; Hu et al., 2012;
Huang et al., 2012; Fang et al., 2013; Ham et al., 2014; Zou and Zhou, 2013; Song and Zhou, 2014; Cha et al.,
2015]. Here we present an assessment about the practical advantages of the current one-tier over two-tier
operational MME systems in predicting the WNP-EASM.

Figure 11 shows the spatial distributions of the AC skills in the ENSEMBLES, DEMETER, and HFP2 MMEs for the
one-month lead predictions of JJA u850 and precipitation over the period of 1979-2001, respectively. For
ENSEMBLES, the u850 skill shown here is greater than that for the period of 1960-2005 (Figure 1). For preci-
pitation, the shown skill is little different from that in Figure 1 due to their similar time coverage. For
DEMETER, the prediction skills for u850 and precipitation show no large differences from those in
ENSEMBLES. For the two-tier system of HFP2, however, the skill is substantially lower than those in
ENSEMBLES and DEMETER, especially in the tropical region south of 20°N for both u850 and precipitation.
The overwhelming dominance of ENSEMBLES and DEMETER over HFP2 is almost unaffected, even after the
best model of ECMWEF is removed from the former two systems and the total ensemble size is consequently
reduced to 36, smaller than the latter’s (figure not shown).

Figure 12 shows the MME skills in the area-aggregated way. Here AC, BSS, reliability, and resolution are all
shown. The advantages of the coupled MMEs over the uncoupled MME are reflected basically in each vari-
able, region, and skill measure. The disadvantage of the uncoupled MME in probabilistic forecasts is embo-
died in both reliability and resolution. Figure 13 further shows the reliability and sharpness diagrams for
the three MME predictions of the above-normal u850 and below-normal precipitation in the tropics.
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Figure 11. Spatial distributions of the AC skills of the (top row) ENSEMBLES (ENS), (middle row) DEMETER (DEM), and
(bottom row) HFP2 MMEs for the predictions of (left column) JJA u850 and (right column) precipitation at one-month
lead for the period 1979-2001.

Despite the fact that the curve for the uncoupled MME is actually less flat than those for the corresponding
single models (figure not shown), it is still far from the perfect reliability line, which is in contrast to the
situation for the coupled MMEs. Accordingly, the sharpness for the uncoupled MME predictions is larger than
that for the coupled MMEs.

The remarkable advantage of the one-tier MME systems over the two-tier system seems not to be completely
explained by the differences in their atmospheric model physics. For example, ENSEMBLES only marginally
outperforms DEMETER despite the fact that the former has improved atmospheric model physics compared
to the latter as mentioned in section 2.1. On the other hand, the atmospheric model physical schemes of
DEMETER might not be as good as those of HFP2, for the former is older than the latter. Many of the advan-
tages seen in the coupled MMEs would be ascribed to their great potentials in representing important air-sea
coupled processes in the seasonal prediction of the WNP-EASM. Broadly speaking, the benefits of including
air-sea coupling may include an improvement in the underlying SST forecast skills in key regions, which are
further translated into atmospheric skills [e.g., Goddard and Mason, 2002; Graham et al., 2005; Guérémy et al.,
2005; Li et al., 2008], and a better simulation of atmospheric variability, which is unrelated to the SST skill and
occurs even without an improved SST skill [e.g., Wang et al., 2005; Zhu and Shukla, 2013].

Considering the dominant role of SST forcing in sustaining monsoon seasonal predictability [e.g., Charney
and Shukla, 1981; Yang et al., 1998; Webster et al., 1998; Hassan et al., 2004; Kang and Shukla, 2006; Yang
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Figure 12. Area-aggregated skills (AC, BSS, reliability, and resolution) of the ENSEMBLES (ENS), DEMETER (DEM), and HFP2 MMEs for the predictions of (top two
panels) JJA u850 and (bottom two panels) precipitation over the tropical and subtropical domains at one-month lead for the period 1979-2001. The probabilistic
skills shown here are for an average over the above- and below-normal events.
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Figure 13. (a and c) Reliability and (b and d) sharpness diagrams for the predictions of JJA u850 and precipitation over the
tropical domain at one-month lead for the period 1979-2001 with the ENSEMBLES (ENS), DEMETER (DEM), and HFP2 MMEs.
Left column shows the u850’ reliability and sharpness diagrams for the above-normal (AN) categorical event, while right
column shows the precipitation’ reliability and sharpness diagrams for the below-normal (BN) event.

et al, 2012], we now focus on examining the SST prediction skills in the three MMEs. Figure 14 shows the spatial
distributions of one-month lead AC skills of JJA SST anomaly for the three MMEs. The reason for not showing
probabilistic skills is that HFP2 persisted the observed SST anomaly as the forecast and therefore lacks an esti-
mate of the forecast uncertainty, failing to produce any forecast probability different from zero or one. As
shown in Figure 14a, for ENSMEBLES, high skill (greater than 0.7) mainly appears in the tropical central-eastern
Pacific, North Indian Ocean, western North Pacific, and the South Pacific Convergence Zone in the Southern
Hemisphere. Interestingly, the first three regions are just the main tropical regions, where the SST anomalies
play crucial roles in providing predictability for the WNP-EASM, as mentioned in section 3.1. For DEMETER
(Figure 14b), the pattern of the SST anomaly skill is very similar to that for ENSEMBLES, while the amplitude
of the skill is somewhat smaller. Compared to DEMETER, the stronger SST anomaly skill seen in ENSEMBLES
may be due to the wider use of subsurface assimilation for ocean initialization, as argued in Alessandri et al.
[2011]. However, the two coupled MMEs' SST anomaly skills can still be counted as comparable, especially in
contrast to the HFP2 SST anomaly skill shown in Figure 14c. The latter (i.e., the persistence skill) appears
strikingly weaker in the key regions mentioned above.

Although the method of forecasting SST anomaly for HFP2 is too simple, just the persistence forecast, the
disadvantage of the SST anomaly persistence skill over the Indo-western Pacific region may have a universal
significance for many more two-tier systems. As argued in previous studies [e.g., Kumar et al., 2005; Wang
et al., 2005; Wu and Kirtman, 2005; Wu et al., 2006], it is in the Indo-western Pacific sector that air-sea coupled
processes can play crucial roles in controlling the evolution of underlying SST anomaly. Therefore, it is likely
that the SST anomaly prediction skill over this region is inherently flawed in any statistical forecast model, in
which during the phases of training and predicting only the oceanic information is used. Similar point was
also argued in Graham et al. [2005] for the seasonal prediction over the North Atlantic and European regions.

Another interesting feature in Figure 14 is that the one-month lead persistence prediction of SST anomaly is
much worse than the coupled model counterpart in the equatorial central-eastern Pacific, which seems not
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(a) ENS

Figure 14. Spatial distributions of the AC skills of the (top) ENSEMBLES (ENS), (middle) DEMETER (DEM), and (bottom) HFP2
MMEs for the prediction of JJA SST anomaly at one-month lead for the period 1979-2001.

to be consistent with some previous works [e.g., Younas and Tang, 2013]. This is because Figure 14 only
focuses on the SST anomaly prediction of the summer season when the SST anomaly has typically the weak-
est signals in the region. It has been reported that there is a significant seasonal dependence of the SST
anomaly persistence skill in the ENSO region [e.g., Jin et al., 2008; Wang et al., 2009; Alessandri et al., 2010].
Indeed, we found that the persistence skill of the SST anomaly during winter at one-month lead is as skillful
as the coupled predictions over this region (figure not shown).

6. Conclusions and Discussion

6.1. Conclusions

In this study, based on the historical forecasts of the ENSEMBLES, DEMETER, and HFP2 ensembles, we have
investigated the advantages of the coupled MME over the contributing SMEs and over the uncoupled atmo-

spheric MME, in predicting the seasonal variability of the WNP-EASM. The metrics of prediction skill includes
the deterministic measure of AC and the probabilistic measure of BSS together with its two components,
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reliability and resolution. Two representative variables, the 850 hPa zonal wind and precipitation, are chosen
to characterize the monsoon variability.

With the ENSEMBLES coupled historical forecasts, the prediction skills of the WNP-EASM variability and the
superiorities of the MME over the SMEs have been assessed. We find that the superiorities of the MME over
the SMEs in predicting the WNP-EASM variability are strongly forecast-format-dependent. In terms of probabil-
istic forecast, the BSS measure shows that the MME is much more skillful than any of the SMEs. However, in
terms of deterministic forecast, the AC measure shows that the MME advantages are usually only marginal
and not systematic. For some cases, the deterministic forecast skills of MME are even worse than those of some
SMEs. In addition, a further analysis of the size-reduced MME skill reveals that the MME improvements in the
tropics arise both from the model diversity inherent in the MME approach and from the increase in ensemble
size, while those in the subtropics seems to be mainly due to the increase in ensemble size.

To understand the forecast-format-dependent MME superiorities in BSS rather than AC skills, we have further
diagnosed the two components of BSS, reliability and resolution, and find that the MME improvements in BSS
are dominantly due to the improvement in reliability. In contrast, the resolutions in most cases are improved
only to a significantly lesser extent or even not improved at all. This feature is similar to AC. It is the significant
reliability improvement that makes the improvements in AC and BSS so different.

It is striking that both AC and resolution are not always improved in the MME. The possible cause for such a
similarity is that AC and resolution are strongly related to each other. A monotonic relationship between AC
and resolution is identified. In contrast, the relationship between AC and reliability is very poor. A qualitative
explanation of the excellent AC-resolution relationship is further proposed. It is argued that the resolution
could be understood in terms of the statistical dependence between forecast and observation, which would
have a good coherence with the linear correlation (AC) if variables are joint normally distributed.

The prediction skills of the coupled ENSEMBLES and DEMETER MMEs and the uncoupled atmospheric HFP2
MME forced by persisted SST anomalies have also been compared. It is found that both deterministic and
probabilistic skills of the coupled MMEs in predicting the WNP-EASM variability are much higher than those
of the uncoupled MME. Analyses reveal that the much better skills of the coupled MME predictions are
associated with their better skills in predicting the underlying SST anomalies over the ENSO region, western
North Pacific, and North Indian Ocean.

6.2. Discussion

In this study, we have shown that the MME improvement in AC and resolution is generally less effective. The
ultimate reasons deserve to be discussed. In nature, AC and resolution are insensitive to systematic biases
and are measures of the inherent predictive ability of models [e.g., Toth et al., 2006]. As such, their values can-
not exceed the level indicated by the predictability limit of the real monsoon system. AC and resolution for
the SMEs are further limited by their deficient ability in capturing the predictable portion of the real monsoon
system. Model error is a crucial factor giving rise to this deficiency. Additionally, insufficient averaging within
the small-size ensemble would leave a certain amount of random noise in the ensemble means, degrading
the SMEs' ability in reproducing the real signal. The multimodel composite could improve the AC and resolu-
tion by means of error cancelation. However, while the multimodel averaging is indeed capable of cancelling
out the random noises that are largely independent, it may not always quite effective in reducing the model
errors, because in reality the model errors are not completely independent [e.g., Yoo and Kang, 2005], limiting
the magnitude of AC and resolution improvement. At last, we stress that if the utmost skill level implied by
the predictability limit is low, there is not much potential to improve AC and resolution in the first place. In
this situation, the MME approach naturally cannot be of much help. This argument may provide another clue
to the inability of the MME in improving the skills of subtropical predictions at long leads.

Unlike resolution, reliability is not slaved to the statistical dependence between forecast and observation.
Contrarily, it (or more accurately unreliability) measures the conditional probability biases. In principle, there
should be no barrier at the physical level in reducing these biases, which may provide an overall explanation
of the strong reliability improvement. Statistically speaking, these probability biases are ultimately deter-
mined by the discrepancy between the underlying forecast probability distribution and the conditional
distribution for observation corresponding to the forecast. What causes the disagreement between the
two distributions and how the MME can reduce this disagreement need to be discussed. If the normality
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of the two distributions is assumed, then the probabilistic reliability can only be impacted by the disagree-
ments in their means and variances. If we further assume that the ensemble mean urand observation x satisfy
a joint-Gaussian distribution and the ensemble variance o? does not vary much from case to case, the
diagnoses of the biases in mean and variance become straightforward. In this case, the parameters of the
Gaussian conditional distribution for the observation can be determined through a linear regression
procedure with uf and x as the independent and dependent variables, respectively [Tippett et al., 2014].
Specifically, the mean y, and variance o2
and o2 = (1 — p?)o2, where 8 and p are the regression and correlation coefficients and o2 is the variance
of x. In other words, the mean is given by the linear regression and the variance equals to the error variance
of the linear regression. After relevant calculations for the aggregated forecast cases in sections 3 and 4, we
find that the SMEs are universally biased in both mean and variance. Specifically, they are overconfident,
characterized by < 1 and 67 < o2, which indicates that the forecast signals are too large and the ensemble
spread is too small. This overconfidence for the SMEs is due to a lack of accounting for model uncertainty and
small ensemble size [e.g., Barnston et al., 2003]. However, the overconfidence is much alleviated in the
resulting MME. This improvement should benefit from both the model diversity and the increase in ensemble
size. The powerful ability of the MME in reducing the overconfidence seems less subject to the possible
mutual dependence between the SMEs, since even for the cases where the MME cannot beat the best single
model in AC, the overconfidence is still effectively lessened. In short, the reduction of overconfidence is the
possible reason for the MME reliability improvement. Weigel et al. [2008] also highlighted the importance of
reducing overconfidence for the MME to improve probabilistic forecast skill. Further investigation is needed
in order to understand such a reason.

of this conditional distribution can be expressed as u,=fur
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