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ABSTRACT

An investigation of the difference in seasonal precipitation forecast skills between the multiple linear
regression (MLR) ensemble and the simple multimodel ensemble mean (EM) was based on the forecast
quality of individual models. The possible causes of difference in previous studies were analyzed. In order to
make the simulation capability of studied regions relatively uniform, three regions with different temporal
correlation coefficients were chosen for this study. Results show the causes resulting in the incapability of
the MLR approach vary among different regions. In the Niño3.4 region, strong co-linearity within individual
models is generally the main reason. However, in the high latitude region, no significant co-linearity can be
found in individual models, but the abilities of single models are so poor that it makes the MLR approach
inappropriate for superensemble forecasts in this region. In addition, it is important to note that the use
of various score measurements could result in some discrepancies when we compare the results derived from
different multimodel ensemble approaches.
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1. Introduction

It has long been known that an ensemble average
of operational global forecasts from different opera-
tional centers is generally more skillful than the best
individual forecast (Kalnay and Ham, 1989; Fritsch et
al., 2000). Similarly, the same result was found in
short-range ensembles from regional models (Hou et
al., 2001). Hagedorn et al. (2005) used the proba-

bility score to analyze the advantage of the ensemble
mean (EM) forecast over single model forecasts and at-
tributed the improvement to greater consistency and
a higher reliability. Krishnamurti et al. (1999) pro-
posed a superensemble constructed by a multiple lin-
ear regression approach (MLR). Some of this research
showed that optimal weights with multiple linear re-
gression improved forecast skill significantly (Krishna-
murti et al., 1999, 2000, 2001). However, some other
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results indicated that more sophisticated techniques
for constructing multimodel ensembles with optimal
weights may not be any more advantageous than the
use of an EM forecast for climate prediction (Pavan
and Doblas-Reyes, 2000; Peng et al., 2002; Kharin and
Zwiers, 2002).

Peng et al. (2002) indicated that the historical
database of AGCM (atmospheric general circulation
model) predictions may not be large enough to op-
timally estimate weights, which results in degraded
performance for MLR techniques. Kharin and Zwiers
(2002) also thought that the sample size had an ef-
fect on estimating optimal weights required for a su-
perensemble approach. Doblas-Reyes et al. (2005)
compared the forecast skill of MLR and EM ap-
proaches using probabilistic scores and indicated that
much longer time series and a co-linearity reduction
between the single models would be required to achieve
a significant skill improvement for a MLR ensemble.
In addition, it was proposed that one could use the
principal components (PC) of simulations to construct
the MLR ensemble in some studies (Doblas-Reyes et
al., 2005; Pavan et al., 2005; Chakraborty and Krish-
namurti, 2006), but it is unfortunate that some dis-
agreements about the ensemble skills occurred in their
results. We need to point out that the selected re-
gions in previous studies are comparatively large in
general, and the difference of simulation skill over a
large area is neglected. Particularly, for precipitation
simulation, the variation in regional simulation ability
has sharp gradients due to the relative discrepancies
of predictability, spatially.

In order to find the real causes of different perfor-
mances of MLR ensembles, regions with similar simu-
lation abilities were chosen. Based on the simulation
quality of individual models, the characteristics of the
MLR approach were combined to investigate the fore-
cast skills of MLR and EM forecasts in different re-
gions.

2. Data and methodology

DEMETER (Development of a European Mul-
timodel Ensemble System for Seasonal to Interan-
nual Prediction) hindcast datasets are chosen to con-
struct the multimodel ensemble. The DEMETER sys-
tem comprises seven global coupled ocean-atmosphere
models. Only the period 1980–2001 generated hind-
casts for all seven coupled models. Longer time se-
ries (up to 43 years) are available for a smaller num-
ber of models—the European Centre for Medium-
Range Weather Forecasts (ECMWF), Météo-France
(MF), and Met Office (UKMO) (Palmer et al., 2004).
Monthly mean precipitation data are first converted to
a seasonal format in order to study the seasonal vari-

ation. Moreover, CMAP (Climate Prediction Center
Merged Analysis of Precipitation) precipitation data
are chosen as the observation field (Xie and Arkin,
1997; Chen et al., 2002, 2003, 2004). All the datasets
including the simulations and observations are inter-
polated to a common 2.5◦ × 2.5◦ horizontal grid by
bi-linear interpolation prior to constructing the multi-
model ensemble.

Following Krishnamurti et al. (2000), the MLR en-
semble is constructed as:

S = O +
N∑

i=1

ai(Fi − Fi) , (1)

where Fi and Fi are the ith model’s forecast and the
corresponding forecast climatology, respectively. O is
the seasonal mean of the observed state over the train-
ing period. ai is the weight of the ith model which is
generated at each grid point using the multiple linear
regression technique during the training period. The
sign of ai is free and the sum of these terms is not

constrained to equal unity.
N∑

i=1

ai(Fi − Fi) is the fore-

casted anomaly (Yun et al., 2005), and the systematic
errors of forecast models in Eq. (1) are removed be-
cause the anomaly term (Fi − Fi) in the equation ac-
counts for each model’s own seasonal climatology. The
weights ai are obtained by minimizing the error term
G, written as:

G =
M∑

t=0

(S′t −O′t)
2 , (2)

where M is the number of time samples in the train-
ing phase, and S′t and O′t are the MLR ensemble and
observed anomalies, respectively, at training time t.

If weights ai are equitable for all models, and their
sum is indeed unity, the result is common simple multi-
model ensemble mean (EM). When the multiple linear
regression approach is used to perform a MLR ensem-
ble forecast, cross-validation is adopted in all calcula-
tions (Michaelsen, 1987), in order to avoid the contin-
gency of ensemble skills.

Given that the number of models and the fact that
the lengths of each sample may be probable to affect
the results of a multimodel ensemble, three multimodel
subsets (SSSP, LSSP, and SSLP) are defined in Table
1 and adopted by the various model numbers and sam-
ple lengths.

In addition, deterministic and probabilistic scores
are together used to compare the quality of various en-
semble forecasts in order to avoid neglecting the prob-
able effect resulting from different measurement meth-
ods. As for the quantitative metrics, both root mean
square (RMS) error and Brier skill score (BSS)
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Table 1. Various multimodel subsets.

model number sample length

SSSP 3 1980–2001
(small set-short period)

LSSP 7 1980–2001
(large set-short period)

SSLP 3 1959–2001
(small set-long period )

(Brier, 1950; Mason, 2004) are used to estimate
whether an ensemble approach improves the forecast
skill. Additionally, temporal and spatial anomaly cor-
relation coefficients (ACC) are adopted to investigate
the phase variation skill. These are usually considered
as appropriate tools to compare the skill of multimodel
ensemble in the relevant studies. However, we need to
point out that some previous studies only focus on uni-
lateral scores such as the deterministic or probabilistic
scores (Krishnamurti et al., 1999, 2000; Kharin and
Zwiers, 2002; Peng et al., 2002; Yun et al., 2005; Ke
et al., 2008), which probably results in differences in
skill comparisons of ensemble forecasts.

3. Results

The simulation abilities of individual models are
assessed firstly, which is helpful to ensure every area
selected has similar skill. Figure 1 shows the tempo-
ral anomaly correlation coefficients of winter precipi-
tation during the period from 1980 to 2001. The cor-
relation skills of single models are similar each other.
Comparatively higher coefficients are presented in the
tropical Pacific, which indicates that all seven mod-
els can simulate the interannual variation of precipi-
tation well in the ENSO region. In the extra-tropics,
all models also perform poorly and the temporal ACC
scarcely passes α=0.05 significance validation (0.423),
which indicates low predictability for seasonal precip-
itation in coupled models in this region. In order to
ensure a comparatively good uniformity in the stud-
ied regions, respectively, the Niño3.4 region (5◦S–5◦N,
170◦–120◦W) is chosen as a “good” sample where the
averaged ACC is higher than 0.7. In terms of lon-
gitudinal extent, the low latitude region (10◦–20◦N,
170◦–120◦W) with ACC mean ranging from 0.3 to 0.5
and the high latitude region (40◦–50◦N, 170◦–120◦W)
with ACC mean lower than 0.2 are chosen as an “ordi-
nary” sample and a “poor” sample, respectively. The
corresponding mean values of ACC over these regions
are listed in Table 2. As mentioned above, larger test
areas than this are avoided in order to keep the simu-
lation capability of models more uniform in individual
regions.

3.1 The performance of multimodel ensem-
bles

Figure 2 shows the RMS of multimodel ensemble
forecasts in the Niño3.4 region in DJF (December–
January–February). For the SSSP subset, the aver-
aged RMS of the MLR ensemble is larger than that
of the EM version over 22 years, particularly in the
years 1982 and 1997, when the performance of the
MLR ensemble is very poor. If the number of mod-
els is increased and the sample length is kept invari-
ant (LSSP), the difference between the MLR ensemble
and the EM gets sharp. The MLR ensemble performs
worse than the EM except for several years. In the
SSLP subset, the difference of averaged RMS between
the two ensembles decreases. Moreover, the RMS of
the MLR ensemble is lower than that of the EM in
most years, in fact.

Figure 3 indicates the probabilistic BSS of multi-
model ensemble forecasts in the Niño3.4 region in DJF.
In the three subsets, the BSS of the MLR ensemble is
obviously poorer than that of the EM, which is similar
to the deterministic skill of the averaged RMS, but the
difference occurs in most years in the SSLP subset.

In Fig. 4, the precipitation ACC of multimodel
ensemble forecasts in the Niño3.4 region in DJF is
shown. The temporal ACC and spatial ACC show dif-
ferent skills. For the LSSP subset, the spatial ACC of
the MLR ensemble is lower than that of the EM, and
converse performances are presented in the SSSP and
SSLP subsets. However, for the temporal ACC skill,
the MLR ensemble performs poorer than the EM in
all three subsets.

From the above-mentioned results, it can be seen
that differences occur not only in the deterministic and
probabilistic scores, but also in the temporal and spa-
tial scores such as the ACC. For the Niño3.4 region
which has relatively good climate predictability, sin-
gle models all perform very well, but various measure-
ments show some discrepancies in the EM and MLR
ensembles. In terms of the same scores, the perfor-
mances of multimodel ensembles in the low and high
latitude regions are listed in Table 3 and the corre-
sponding score figures are not shown. If A and B are
used to represent the number of total samples in which
the MLR ensemble performed better than the EM, re-
spectively, the expression of improvement percentage
can be taken as (B/A)×100%, indicating an improve-
ment when this value reaches more than 50%.

For the SSSP and LSSP subsets, the skill scores all
show no advantages for the MLR ensemble over the
EM in these low and high latitude regions. Particu-
larly, the BSS improvement percentages over 22 years
are uniform, at 0.0%. In the SSLP subset, the RMS
and BSS indicate the performance of the MLR ensem-
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Table 2. The averaged ACC in different regions.

CERFACS ECMWF INGV LODYC MF MPI UKMO

Niño3.4 0.905 0.819 0.885 0.859 0.886 0.726 0.812
Low latitude 0.393 0.379 0.400 0.457 0.392 0.404 0.455
High latitude 0.014 0.042 0.091 0.049 0.071 0.159 0.019 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1

 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1
 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1
 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1 60°E 120°E 180° 120°W 60°W  60°S30°SEQ30°N60°N-1 -0.8 -0.6 -0.423 -0.2 0.2 0.423 0.6 0.8 1   

(a) (b)  
(c) (d) 
(e) (f) 
(g) 

Fig. 1. The temporal anomaly correlation coefficients of seasonal precipitation
during the period from 1980 to 2001 (DJF). (a): CERFACS; (b): ECMWF;
(c): INGV; (d): LODYC; (e): MF; (f): MPI; (g): UKMO.
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80  82  84  86  88  90  92  94  96  98  00 ave 01.02.03.04.05.0RMS   EM MLR 80  82  84  86  88  90  92  94  96  98  00 ave 02.04.06.08.010.0RMS   EM MLR  
  60  62 64  66  68 70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 00 ave 01.02.03.04.05.0RMS   EM MLR   

(b) (a) 
(c) 

Fig. 2. The RMS of precipitation for multimodel ensembles in the Niño3.4 region in
DJF. Unit for RMS is mm d−1. (a): SSSP; (b): LSSP; (c): SSLP.

0 0.2 0.4 0.6 0.8 10.20.40.60.81 EMMLR 0 0.2 0.4 0.6 0.8 10.20.40.60.81 EMMLR 0 0.2 0.4 0.6 0.8 10.20.40.60.81 EMMLR   
(a) 4/22 (18.2%) (b) 0/22 (0.0%) (c) 13/43 (30.2%) 

Fig. 3. The scattergram of BSS for multimodel ensemble forecasts in the Niño3.4
region in DJF. (a): SSLP; (b): LSSP; (c): SSLP. The numbers on top of each panel
correspond to the number of times the score of the system in the ordinates has a
larger value than the one in the abscissa axis, the total number of cases, and the
percentage (in parentheses).

Table 3. The skill scores of multimodel ensembles in the low and high latitude regions. Rows for % BSS and % ACC
represent the improvement percentages of the MLR ensemble over the ensemble mean. Percentages over 50% indicate
an improvement.

SSSP LSSP SSLP

EM MLR EM MLR EM MLR

Low RMS 0.929 0.964 0.927 1.126 0.849 0.500
Latitude BSS (%) 0.0 0.0 97.3

ACC (%) Temporal 2.9 8.6 23.8
Spatial 18.2 31.8 72.1

High RMS 0.755 0.779 0.731 0.926 0.485 0.435
Latitude BSS (%) 0.0 0.0 39.5

ACC (%) Temporal 36.2 36.2 49.5
Spatial 36.4 40.9 41.9
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-1.0 -0.6 -0.2 0.2 0.6 1.0-0.6-0.20.20.61.0 EMMLR -1.0 -0.6 -0.2 0.2 0.6 1.0-0.6-0.20.20.61.0 EMMLR -1.0 -0.6 -0.2 0.2 0.6 1.0-0.6-0.20.20.61.0 EMMLR   
-0.6 -0.2 0.2 0.6 1.0-0.20.20.61.0 EMMLR -0.6 -0.2 0.2 0.6 1.0-0.20.20.61.0 EMMLR -0.6 -0.2 0.2 0.6 1.0-0.20.20.61.0 EMMLR   

(Aa) 12/22 (54.6%) 
(Ba) 20/105 (19.1%) 

(Ab) 7/22 (31.8%) 
(Bb) 14/105 (13.3%) 

(Ac) 32/43 (74.4%) 
(Bc) 32/105 (30.5%) 

Fig. 4. The scattergram of precipitation anomaly correlation coefficients for mul-
timodel ensemble forecasts in the Niño3.4 region in DJF. (A): spatial ACC; (B):
temporal ACC; (a): SSSP; (b): LSSP; (c): SSLP. The numbers on top of each panel
are as in Fig. 3.

ble is better than the EM, but a discrepancy occurs
between the temporal ACC and the spatial ACC in
the low latitude region. Whereas in the high latitude
region, a reduced RMS can be found in the MLR en-
semble compared with the EM, other scores including
the BSS and the temporal and spatial ACC all show
contrary skill patterns.

From the multimodel ensemble performances of dif-
ferent subsets in the three regions, it can be found
that various measurements probably produce disagree-
ments for the same ensemble results. Sometimes, in-
creasing by several models is still not helpful to the
MLR ensemble, but increasing the training time and
keeping a small model number is quite likely to im-
prove the skill of MLR ensembles relative to the EM,
by contrast. For the high latitude region with its low
predictability, the forecast skill of the MLR ensemble
is generally inferior to that of the EM.

3.2 An analysis of the incapabilities of the
MLR approach

In terms of the performances of multimodel ensem-
bles in these three different regions, what makes the
MLR approach perform poorly? The probable causes
will be investigated according to the simulating capa-
bilities of individual models and the characteristics of
the MLR approach.

Figure 5 indicates the scattergram of the simulated
and observed precipitation anomaly in the high lati-
tude region. All models show very poor simulation for
seasonal precipitation due to the low predictability in
this region. The distribution of the scattergram shows
chaos without linearity, which results in the poor fore-
cast skills for both the EM and the MLR ensemble.
The MLR ensemble processes ensemble results as a
linear combination of all the single models, while the
EM is a special case of a MLR ensemble with equal
weights for each model. In the high latitude region, the
relation between the simulated and observed precipi-
tation anomaly is nearly chaotic. For these forecasts,
it is impossible for a MLR approach to find reasonable
weights for each model. In the training period, re-
gression coefficients are calculated for each model by
a linear method in the MLR ensemble. Moreover, a
hypothesis exists that the relation between the fore-
cast outputs and the observations can be expressed by
linearity. However, in fact, a suitable linearity rela-
tionship between the simulations and observations of
seasonal precipitation anomalies is impossible to find
in the chosen high latitude region. If the MLR ap-
proach is obliged to calculate regression coefficient for
these uncorrelated data, a mistake is made from the
beginning. Therefore, it is not surprising that the per-
formance of the MLR ensemble is inferior to the EM
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(a) (b) (c) (d) 

(e) (f) (g) 

(h) (i) (j) 

(k) (l) (m) 

Fig. 5. The scattergram of forecasted and observed precipitation anomaly in the high latitude re-
gion in DJF. (a)–(g): CERFACS; ECMWF; INGV; LODYC; MF; MPI; UKMO; (LSSP); (h)–(j):
EM (SSSP; LSSP; SSLP); (k)–(m): MLR (SSSP; LSSP; SSLP).

in this region.
A validation of the regression equation is carried

out for all gridpoints in the high latitude region. In
all three subsets, the number of gridpoints passing the
validation (α=0.05) is less than 10% (Table 4), which
indicates all the regression parameters are almost un-
reliable for the various multimodel subsets in the high
latitude region.

In the Niño3.4 region with a strong seasonal signal,
all individual models show good precipitation simula-
tion. However, why can no significant and steady ad-
vance of the MLR ensemble over the EM be found?
Figure 6 depicts the correlation coefficients between
precipitation simulations and observations, and among
different precipitation simulations. Here, the correla-

Table 4. Regression significance validation (α=0.05).

f -test (%)

SSSP LSSP SSLP

Niño3.4 100.0 70.5 98.1
Low latitude 34.3 2.9 36.2
High latitude 5.7 2.9 4.8

tion coefficient of precipitation anomalies is calculated
by all temporal and spatial samples in the Niño3.4 re-
gion. Good correlations are presented between precipi-
tation simulations and observation, but similar charac-
teristics can be found among precipitation simulations
in the three subsets. When co-linearity exists in the
variables, the estimationby a leastsquares method will
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 ECMWF MF UKMO  0.50.60.70.80.91R
 CERF ECMWF INGV LODYC MF MPI UKMO  0.50.60.70.80.91R
 ECMWF MF UKMO  0.50.60.70.80.91R   

(a) 
(b) 
(c) 

Fig. 6. The correlation coefficients between precipitation
simulations and observation, and among different precip-
itation simulations in the Niño3.4 region in DJF. (a):
SSSP; (b): LSSP; (c): SSLP. Circles represent the cor-
relation coefficients among different precipitation simu-
lations; squares represent the means of these; asterisks
represent the correlation coefficients between precipita-
tion simulations and observation.

be unstable, which quite probably leads to additional
uncertainty in the regression equation parameters.

Some methods including eigenvalue analysis and
condition number, etc. are usually adopted to diag-
nose co-linearity between different variables. When a
significant difference is presented in the eigenvalues,
it is appropriate for the condition number approach
to find the co-linearity (Wang, 2003). Therefore, this
approach is used to diagnose the co-linearity and its
degree among individual models. The key expression
is defined as follow:

k =
λ1

λp
, (3)

where λ1 and λp represent the first and pth eigenval-
ues.

The range, 0 < k < 100, represents no or weak
co-linearity; 100 6 k 6 1000, represents strong co-
linearity; and k > 1000, represents very severe co-
linearity. In this study, the gridpoints where k is not
less than 100 represent that strong co-linearity oc-
curred among variables. Before eigenvalues are cal-
culated from the matrix by the condition number ap-
proach, the variables are standardized and then used
to construct the covariance matrix.

Table 4 shows that the percentages of the grid-
points in which multiple linear regression passes the
validation (α=0.05) are respectively 100.0% (SSSP),
70.5% (LSSP) and 98.1% (SSLP) in the Niño3.4 re-
gion. Compared with the SSSP and SSLP subsets,
the gridpoints passing the significance validation are
small in the LSSP subset. Given the high proportions
passing the regression validation in the three subsets,
why does the MLR ensemble fail to show obvious ad-
vantages over the EM? Table 5 indicates the corre-
sponding co-linearity diagnosis, and strong co-linearity
can be found in different subsets, particularly in the
SSSP (72.4%) and LSSP (100.0%) subsets. Strong co-
linearity can result in some uncertainties in the MLR
approach, which will affect the skill of MLR ensemble
forecasts. Comparatively, the proportion of strong co-
linearity in SSLP is lower than the other two subsets,
so the difference of the MLR ensemble inferiority to
the EM is generally smaller.

In the low latitude region, the gridpoints passing
the significance validation of regression are all less
than 50%, particularly for the LSSP subset, where the
proportion passing only accounts for 2.9% (Table 4).
From Table 5, strong co-linearity affects the MLR en-
semble to some extent in this subset. In addition, com-
pared with the Niño3.4 region, a weakened capability
in individual models is the other cause leading to the
decreased capability of the MLR approach.

From the above-mentioned discussion, different
causes affect the MLR ensemble skill in different re-
gions. Moreover, in various subsets, the number of
models and the lengths of samples also have some ef-
fects on the MLR ensemble. In the Niño3.4 region, the
lack of independence among individual models mainly
causes the incapability of the MLR approach, so it is
thought that the MLR performance may be advanced

Table 5. Co-linearity (%) diagnosis.

Co-linearity (%)

SSSP LSSP SSLP

Niño3.4 72.4 100.0 32.4
Low latitude 0.0 10.5 0.0
High latitude 0.0 0.0 0.0
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Table 6. The skill scores of different methods in Niño3.4 region.

SSSP LSSP SSLP

EM MLR RR EM MLR RR EM MLR RR

RMS 1.192 2.413 1.229 1.183 5.805 1.183 1.364 1.573 1.183
BSS 0.495 0.438 0.493 0.540 0.442 0.529 0.327 0.287 0.304
ACC Temporal 0.899 0.580 0.880 0.907 0.581 0.892 0.777 0.517 0.793

Spatial 0.565 0.552 0.598 0.601 0.488 0.650 0.299 0.428 0.446

by decreasing the co-linearity.
Ridge regression (RR) has been proposed by Hoerl

and Kennard (1970) to reduce the co-linearity in in-
dependent variables. The least squares estimation of
multiple regression is shown, as follows:

β̂ = (X ′X)−1X ′Y , (4)

where X and Y represent independent and dependent
variable matrixes, respectively. Then the correspond-
ing ridge estimation can be written as follows:

β̂(k1) = (X ′X + k1I)−1X ′Y , (5)

where k1 is the parameter of RR, and I represents the
identity matrix.

Any positive constant can be chosen for k1, and
the results of RR vary with the chosen parameters.
To this day, no method for determining k1 is known to
be optimal. Therefore, we choose positive constants in
the 10% range of the biggest positive diagonal element
as RR parameters for each gridpoint in the Niño3.4 re-
gion.

Table 6 indicates the corresponding skill scores.
The performances of RR show significant advantages
over those of MLR in all scores including RMS, BSS,
and ACC for all three subsets. Compared with EM,
the spatial ACCs of RR show advantages for all three
subsets, and similar improvements occur in the RMS
and the temporal ACC in the SSLP subset.

3.3 A case analysis

Figure 7 indicates the temporal ACC of precipi-
tation for the multimodel ensemble forecasts in the
Niño3.4 region in DJF. The EM has good skill in this
region, with an ACC of almost 0.8. However, the MLR
ensemble instead includes some negative correlations,
particularly in the region located south of equator with
longitude from 150◦W to 140◦W. Therefore, the region
including six gridpoints with longitude from 147.5◦W
to 142.5◦W and latitude from 2.5◦S to 0◦ is chosen to
investigate the performance of the MLR ensemble.

Figure 8 depicts the scattergram of precipitation
anomaly in DJF. The maximum of positive anomaly
occurs in the year 1997, which is significantly larger
than values in other years. The UKMO model per-
forms significantly worse than the other two models
except for the year 1997. As for the studied region, its
interannual variation of precipitation anomaly is very
small, and the distribution of the scattergram is almost
parallel with the abscissa. Therefore, the simulation
capability of the UKMO model in this region is not
generally good, although the anomaly correlation co-
efficient is up to 0.7. As mentioned above, making the
error of the ensemble as small as possible during the
training period is the premise of the MLR approach.
In 1997, large negative values with the regression coef-
ficient for the UKMO model are presented due to ob-
vious underestimations in the training time (Fig. 9).  160°W 150°W 140°W 130°W  

5°S2.5°SEQ2.5°N5°N
-1 -0.8 -0.6 -0.389-0.301 -0.2 0 0.2 0.301 0.389 0.6 0.8 1

 160°W 150°W 140°W 130°W  
5°S2.5°SEQ2.5°N5°N

-1 -0.8 -0.6 -0.389-0.301 -0.2 0 0.2 0.301 0.389 0.6 0.8 1  
(a) (b) 

Fig. 7. The temporal anomaly correlation coefficients of precipitation for the multimodel ensemble
forecasts in the Niño3.4 region in DJF. (a): EM; (b): MLR.
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Fig. 8. The scattergram of precipitation anomaly in DJF (147.5◦–142.5◦W; 2.5◦S–0◦).(a):
ECMWF; (b): MF; (c): UKMO; (d): EM; (e): MLR.

  60  62 64  66  68 70 72 74 76 78 80 82 84 86 88 90 92 94 96 98 00  -10-8-6-4-2024Weight   ECMWFMFUKMO  
Fig. 9. The yearly distribution of weights of individual
models used in constructing the MLR ensemble in DJF
(147.5◦–142.5◦W; 2.5◦S–0◦).

In the forecast time, the calculated weights for indi-
vidual models are subsequently used to perform the
MLR ensemble forecast, so the forecasted precipita-
tion anomalies show enormous negative values in 1997
(Fig. 8).

4. Conclusion and discussion

On the basis of the simulation quality of individual
models, the characteristics of the MLR approach are
combined to analyze the probable causes leading to dif-
ferent performances of the MLR ensemble. In the high
latitude region, for the bias-corrected data, the simu-
lations and observations of precipitation anomaly are

uncorrelated, and it is not reasonable to use the MLR
approach to calculate the weights for individual mod-
els. In the Niño3.4 region, strong co-linearity between
the simulated and observed precipitation anomalies is
presented, which results in an instability in the MLR
process. Therefore, the MLR ensemble shows no ad-
vantage over the EM in this region with good climate
predictability. As for the low latitude region, the de-
graded quality of individual models compared with the
performance in the Niño3.4 region, and the strong co-
linearity at some gridpoints (e.g., in LSSP) together
lead to the incapability for the MLR ensemble.

Whether the MLR approach can improve forecast
skill principally depends on the performance of sin-
gle models. For seasonal climate prediction, the abil-
ities of single models are represented by the simula-
tions for the interannual variations. When the mod-
els constructing the MLR ensemble collectively have
good ability, it is necessary to investigate whether, ad-
ditionally, strong co-linearity may exist among mod-
els. Even for skillful models with weak co-linearity,
sufficient length of climatalogical data is still required.
Otherwise, when no model can perform well for sea-
sonal precipitation forecast (e.g., in the high latitude
region), extending the length of the climatological data
is only likely to enhance the nonlinearity in the sim-
ulated and observed precipitation. Similarly, the po-
tential for success in adoption methods such as prin-
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cipal components or ridge regression to assist the re-
gression depends on the cause of the incapability of
the MLR ensemble in the first place. For the regions
with good simulating abilities and strong co-linearity
among models, such as Niño3.4, it is appropriate to
adopt a RR method to reduce the uncertainty of the
MLR ensemble.

We need to point out that some discrepancies of
forecast skill could derive from the use of various score
measurements when the results of different multimodel
ensemble approaches are compared. In addition, the
MLR approach only considers the error in the training
phase, which is probable to produce a large error in the
forecast phase in highly anomalous years such as the
year 1997. For seasonal prediction, it is more impor-
tant to forecast the variation in the trend of climate,
so it needs to be investigated how to combine the two
types of information (quantitative absolute errors and
variations in directional trend) in single model skills
for performing ensemble forecasts in the future.
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