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[1] A new approach for developing multimodel streamflow forecasts is presented. The
methodology combines streamflow forecasts from individual models by evaluating

their skill, represented by rank probability score (RPS), contingent on the predictor state.
Using average RPS estimated over the chosen neighbors in the predictor state space,
the methodology assigns higher weights for a model that has better predictability under
similar predictor conditions. We assess the performance of the propesed algorithm by
developing multimodel streamflow forecasts for Falls Lake Reservoir in' Neuse River
Basin, North Carolina (NC), through combining streamflow forecasts'developed from two
low-dimensional statistical models that use sea-surface temperature conditions as
underlying predictors. To evaluate the proposed scheme thoroughly, We consider a total of
seven multimodels that include existing multimodel combination techniques such as
combining based on long-term predictability of individual medels and by simple pooling
of ensembles. Detailed nonparametric hypothesis tests comparing the performance of
seven multimodels with two individual models show"that the reduced RPS from
multimodel forecasts developed based on the proposed algorithm is statistically significant
from the RPSs of individual models and from the RPSs of existing multimodel
techniques. The study also shows that adding climatological ensembles improves the
multimodel performance resulting in reduced average RPS. Contingency analyses on
categorical (tercile) forecasts show that the"proposed multimodel combination technique
reduces average Brier score and total numbér of false alarms, resulting in improved
reliability of forecasts. However, adding.multiple models with climatology also increases
the number of missed targets (in comparison-to individual models’ forecasts) which
primarily results from the reduction of increased resolution that is exhibited in the
individual models’ forecasts under various forecast probabilities.

Citation:

Devineni, N., A. Sankarasubramanian, and S. Ghosh (2008), Multimodel ensembles of streamflow forecasts: Role of

predictor state in developing optimalieombinations, Water Resour. Res., 44, XXXXXX, doi:10.1029/2006 WR005855.

1. Introduction

[2] Seasonal to interannual (long-lead) streamflow fore-
casts based on climateiinformation are essential for short-
term water management. and for setting up contingency
measures during years of/extreme climatic conditions.
Interest in the development and application of long-lead
streamflow forecasts has grown tremendously over the last
decade primarily because of the improved monitoring of
sea-surface temperature (SST) in the tropical Pacific, result-
ing in better understanding hydroclimatic teleconnections as
well as because of the issuance of operational climate
forecasts from General Circulation Models (GCMs) by
various centers and research institutions on a monthly basis.
Since GCM-predicted fields of precipitation and tempera-
ture are usually available at large spatial scales (2.5° x
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2.5° - typically 275 Km x 275 Km in the tropics), one needs
to apply either dynamical or statistical downscaling to
develop streamflow forecasts. Dynamical downscaling nests
a regional climate model (RCM) with GCM outputs as
boundary conditions to obtain precipitation and temperature

at watershed scale (60 Km x 60 Km). The downscaled 54

precipitation and temperature at watershed scale could be
used further as inputs into a watershed model to obtain
seasonal streamflow forecasts [Leung et al., 1999; Roads et
al., 2003; Seo et al., 2003, Carpenter and Georgakakos,
2001]. An alternative would be to use statistical downscal-
ing, which maps the GCM precipitation and temperature
forecasts to observed streamflow forecasts at a given point
through a statistical relationship [Robertson et al., 2004a,
2004b; Landman and Goddard, 2002; Gangopadhyay et al.,
2005]. One could also develop a low-dimensional statistical
model without using GCM outputs by relating the observed
streamflow to identified climatic precursors (e.g., El Nino
Southern Oscillation (ENSO) indices) that influence the
streamflow potential at the given site [Grantz et al., 2005;
Hamlet and Lettenmaier, 1999; Souza and Lall, 2003;
Sankarasubramanian and Lall, 2003]. Seasonal streamflow
forecasts obtained using these approaches are better repre-
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sented probabilistically in the form of ensembles to repre-
sent the uncertainty, particularly in quantifying the effects of
both changing boundary conditions (SST) and initial con-
ditions (atmospheric and land surface conditions). Apart
from these uncertainties resulting from initial and boundary
conditions, the model that is employed for developing
streamflow forecasts could also introduce uncertainty in
prediction. In other words, even if streamflow forecasts
obtained by dynamical downscaling are forced with ob-
served boundary and initial conditions (perfect forcings), it
is inevitable that the simulated streamflows will have
uncertainty in prediction, which is otherwise known as
model error/uncertainty. A common approach to reduce
model uncertainty is through the refinement of parameter-
izations and process representations of the model under
consideration (e.g., GCMs or RCMs or hydrologic models).
Given that developing and running GCMs is time consum-
ing, recent efforts have focused on reducing the model error
by combining multiple GCMs to issue operational climate
forecasts [Rajagopalan et al., 2002; Robertson et al., 2004a,
2004b; Barnston et al., 2003; Doblas-Reyes et al., 2000;
Krishnamurti et al., 1999]. Similarly, studies have shown
that developing multimodel forecasts by combining differ-
ent low-dimensional streamflow forecasting models results
in considerable improvement over the performance of
individual models [Regonda et al., 2006]. Thus combining
streamflow forecasts from multiple models seems to be. a
good alternative in improving the overall predictability of
seasonal streamflow forecasts and reducing the overall error
in prediction.

[3] The main goal of this study is to develop and apply a
new scheme for combining forecasts from multiple'models,
which could be either streamflow forecasts ftom low-
dimensional models or GCM forecasts favailable at large
spatial scales, by assessing theamodel’s predictive skill
conditioned on the predictor state. Theybasic reason leading
to better performance of multimodel’ ensembles is due to the
incorporation of realizations from various 'models, thereby
increasing the number of ensembles to represent the condi-
tional distribution of hydroclimatie, attributes. Recent stud-
ies on improving seasenal climate forecasts using optimal
multimodel combination, techniques assign weights for a
particular model based oniits ability to predict the climatic
variable over the entire period for which the GCM simu-
lations are available [Rajagopalan et al., 2002; Robertson et
al., 2004a, 2004b; Barnston et al., 2003]. Given that each
model’s predictive skill could also vary depending on the
state of the predictor (SSTs for GCMs), we develop a new
methodology for multimodel combination that assigns
weights to each model by assessing the skill of the models
contingent on the predictor state. The proposed methodol-
ogy is employed upon two low-dimensional seasonal prob-
abilistic streamflow forecasting models that primarily use
tropical Pacific and Atlantic SST conditions to develop
multimodel ensembles of streamflow forecasts. Though
the proposed approach is demonstrated by combining two
statistical streamflow forecasting models, we believe that
the approach presented in section 3.1 could be extended to
combine multiple GCMs. Since the streamflow forecasts are
represented probabilistically, we use rank probability score
(RPS) [Candille and Talagrand, 2005] as a measure to
assess the model’s predictive skill.
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[4] Section 2 provides a brief background on multimodel
combination techniques that is currently pursued in the
literature for developing operational climate and seasonal
streamflow forecasts. Section 3 presents the proposed multi-
model combination scheme that assesses the skill of the
model contingent on the predictor state. In section 4, we
briefly discuss the two low-dimensional streamflow fore-
casting models that were employed for developing proba-
bilistic streamflow forecasts for predicting the summer
flows (July-August-September, JAS) into Falls Lake, Neuse
River Basin, NC. Finally, in section 5, we illustrate the
application of the proposed multimodel combination pre-
sented in section3%te, develop improved probabilistic
streamflow forecasts for predicting JAS inflows into the
Falls Lake, NC.

2. Background and Motivation

[s] Efforts to address model uncertainty through combin-
ing outputs from multiple models have been investigated in
climate and weather forecasting [Doblas-Reyes et al., 2000;
Rajagepalan et al., 2002; Krishnamurti et al., 1999] and in
streamflow simulation through calibration [Boyle et al.,
2000; Georgakakos et al., 2004; Marshall et al., 2006;
Ajami et al., 2006, 2007]. Perhaps the simplest approach to
develop multimodel forecasts is to pool the predicted values
orthe ensembles from all the models, thus giving equal
weights for all the models [Palmer et al., 2000]. Recent
research from PROVOST (PRediction Of climate Variations
On Seasonal to interannual Time-scales) and from Interna-
tional Research Institute for Climate and Society (IRI) show
that multimodel ensembles of climate forecasts provides
improved reliability and resolution than the individual
model forecasts [Palmer et al., 2000; Doblas-Reyes et al.,
2000; Barnston et al., 2003]. Though the improved predict-
ability of multimodel ensembles partly arise from increase
in the sample size, studies have compared the performance
of single models having the same number of ensembles as
the pooled multimodel ensembles and have shown that the
multimodel approach naturally offers better predictability
because of the ability to incorporate outcomes from multiple
models, thereby encompassing underlying different process
parameterizations and schemes [Hagedorn et al., 2005].
Since the advantage gained through multimodel combina-
tion is a better representation of conditional distribution of
hydroclimatic attributes, it is important to evaluate proba-
bilistic forecasts developed from multimodel ensembles
through various performance evaluation measures and to
analyze the predictability for various geographic regions
[Hagedorn et al., 2005]. Recent studies have also consid-
ered climatology as one of the candidate forecasting scheme
in developing multimodel ensembles [Rajagopalan et al.,
2002; Robertson et al., 2004a, 2004b].

[6] Another approach that is currently gaining attention is
to develop a strategy for combining multimodel ensembles
using either optimization methods [Rajagopalan et al.,
2002; Robertson et al., 2004a, 2004b] or statistical techni-
ques [Krishnamurti et al., 1999]. Under optimal combina-
tion approach, weights are obtained for each model as a
fraction, such that the chosen skill/performance measure of
the multi model ensembles obtained by using these fractions
is maximized [Rajagopalan et al., 2002; Robertson et al.,
2004a, 2004b; Regonda et al., 2006]. The easiest approach

2 0f 22

134
135
136
137
138
139
140
141
142
143
144
145
146
147
148

149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194



195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256

XXXXXX

to assign weights for multimodel ensembles is to give a
higher weight for a model that has lower forecast error.
Methods based on statistical techniques such as linear
regression have also been employed so that the multimodel
forecasts have better skill than single models [Krishnamurti
et al., 1999]. However, the application of optimal combi-
nation approach using either statistical or optimization
techniques require observed climatic or streamflow attrib-
utes at a particular grid point or station. Studies have also
used advanced statistical techniques such as canonical
variate method [Mason and Mimmack, 2002] and Bayesian
hierarchical method [Stephenson et al., 2005] for develop-
ing multimodel combinations. Hoeting et al. [1999] show
that the mean of the posterior distribution of the predictand
obtained by averaging over all the models with its proba-
bility of occurrence provides better predictive ability (mea-
sured by logarithmic scoring rule) than the mean of the
posterior distribution of the predictand obtained from a
single model. For a detailed review of Bayesian averaging
on various statistical models (e.g., generalized linear models
and nonlinear regression models), [see Hoeting et al., 1999].

[7] The multimodel combination method proposed here is
motivated by the fact that the skill of the GCM forecasts
or downscaled streamflow forecasts depends on the
predictor conditions that determine the conditional distribu-
tion of the hydroclimatic attributes. Studies focusing on
the skill of GCMs show that the overall predictability of
GCMs is enhanced during ENSO years over North America
[Brankovic and Palmer, 2000; Shukla et al., 2000; Quan et
al., 2006]. Similarly, studies have also shown the importance
of various oscillations or climatic conditions in/nfluencing
the predictability of GCMs over various parts of the globe.
For instance, Giannini et al. [2004] show that tropical
Atlantic variability plays a preconditioning state in the
development of ENSO related teleconnection in determining
GCM’s ability to predict rainfall over North East Brazil
(Nordeste), which is a region shewn to have significant skill
in seasonal climate prediction [Moura and Shukla, 1981;
Ropelewski and Halpert, 1987 and'references therein].
Giannini et al. [2004] show thatthe predictability of Nordeste
rainfall using Community Climate Model Version 3 (CCM3)
GCM [Kiehl et al., 1998] is'poor particularly if the North
Atlantic SSTs exhibit oppoésite anomalous conditions to the
tropical Pacific SSTs. More, precisely, the predictability of
Nordeste rainfall by CCM3 is negative with positive SST
anomalies in tropical Pacific (warm) and negative SST
anomalies (cold) in North Atlantic as well as with cold
tropical Pacific (negative SST anomalies) and warm North
Atlantic (positive SST anomalies) conditions. Naturally,
under these predictor conditions, one would prefer to use
climatology instead of climate forecasts, since they are
negatively correlated with the observed rainfall. On the basis
of this, we propose that for post-processing of individual
model’s forecasts to develop multimodel ensembles, one
needs to assess the skill of the individual model ensembles
based on the predictor state. By considering climatology as
one of the candidate forecasts, we develop a multimodel
combination scheme that formally assesses and compares the
skill of the competing models under given predictor con-
ditions so that lower weights are assigned for a model that has
poor predictability under such conditions. The next section
formally develops a multimodel combination scheme using
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rank probability score (RPS) as the basic measure for
evaluating the forecasting skill.

3. Multimodel Combination Based on Predictor
State—Methodology

[8] Error resulting from climate forecasts is primarily of
two types: (1) Uncertainty in initial and boundary condi-
tions and (2) Model error [Hagedorn et al., 2005]. The first
source of error is/typically resolved by representing the
uncertainties in initial/‘and boundary conditions in the form
of ensembles. The/second source of error arises from
process representation, which could be reduced by combin-
ing forecasts from multiple models which incorporate
various process tepresentations and model physics to de-
velop an array of possible scenarios of outcomes. Develop-
ing multimodel ensembles result in reducing both sources of
error. However,.even after developing multimodel ensem-
bles, observations could lie outside the realm of these
models [Hagedorn et al., 2005]. Similarly, the performance
of individual models and multimodel ensembles may be
poor, during certain boundary/SST conditions owing to
limited relationship between SST conditions and precipita-
tion/temperature over a particular location/grid [Goddard et
al., 2003]. Under these climatic conditions with all models
having poor predictability, it may be useful to consider
climatology as a forecast.

[o] Figure 1 demonstrates the motivation behind the
proposed methodology by employing a mixture of regres-
sion models that depends on two predictors with the
dominant predictor (X;) influencing the predictand only if
it crosses a certain threshold (|X;| > 1.0). On the basis of the
mixture model, a total of n = 1000 realizations is generated.
The estimated correlation between y; and x; is 0.671 and y,
and x, is 0.134, which would suggest one to give higher
importance to predictor x;. Figure 1b shows the skill of the
regression model, which is expressed as correlation between
fitted y;, and y; conditioned on x;, over the entire range of
x1. To estimate this conditional correlation, we consider a
bandwidth of 1 on the given x; such that the fitted values of
v obtained using the predictor x; within that bandwidth are
only considered. We can clearly infer from Figure 1b,
because of the limited influence of x; on y; between x;, =
—1 to 1, the skill of the model during those predictor
conditions is very low. Developing a model based on the
predictor x; alone would result in poor prediction particu-
larly when |X,| is below the threshold value.

[10] Our approach of multimodel combination addresses
this issue by assessing the model performance based on the
boundary conditions-the predictor state. For instance, if the
predictability of all models is really bad during a particular
condition, then one would replace model forecasts with
climatology by assigning higher weights for climatological
ensembles. The following section formally describes the
multimodel combination methodology that could be
employed for a given set of forecasts from multiple models
and the predictors that influence those forecasts.

3.1. Multimodel Combination Based on Predictor
State Space—Algorithm

[11] Let us suppose that we have streamflow forecasts,
O/, where m =1, 2, ..., M denotes the forecasts from M
different models, i = 1, 2, ..., N,, represents ensembles of
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Skill,

1.5

Figure 1. Importance of assessing the skill of the models
from the predictor space. Realizations shown in Figure la
are generated with the predictand y; depending.on two
predictors, x; and x,, with x; influencing the predictand 'only
if the absolute value of the predictor x; isigreatet. than the
threshold value of 1. The underlying model 18w, = 2x;, +
O.SX21 +¢g if |x1,\ > 1 and YVir = 0.25.>C2t + g¢ if |x1,] A 1. The
noise term ¢, follows i.i.d, with normal distribution having
zero mean and a standard deviation _of 2s.The predictors
follow uniform distribution between ~2'and 2. A total of n =
1000 realizations is generated from this mixture model
which could be analogously comparedyto two predictors as
anomalous SST conditions influencing the local hydrocli-
matology.

the conditional distributionyet streamflows with &, denoting
the total number of ensembles under each model, and 7 denotes
the time (season/month) for’ which the forecast is issued.
Assume that we have a total of t=1, 2, .. ., n years for which
the forecasts, Q7}, are available and the models also have a
common predictor vector, X,, which influences the conditional
distribution of hydroclimatic attributes represented using the
ensembles. The predictor X, =[x, x5, - - - x,,,] could be either
SST conditions modulating the flow/moisture pathways for
the given site or it could be winter snow pack that could
potentially determine the spring-melt flows. Figure 2
provides a flow chart indicating the steps in implementing
the proposed multimodel combination conditioned on the
predictor state. It is important that the proposed approach
requires at least one common predictor among the M
competing models. Even if the models do not have a
common predictor particularly in the context of GCM
forecasts, one could use the leading principal components
(PC) of the underlying boundary conditions (for instance,
SSTs) as the common predictor across all the models. As

DEVINENI ET AL.: MULTIMODEL ENSEMBLES OF STREAMFLOW

XXXXXX

mentioned before, developing multimodel ensembles based
on optimal combination method requires the observed
climatic/streamflow variables O,, using which one could
assess the skill of the probabilistic forecasts using rank
probability score (RPS) [Murphy, 1970; Candille and
Talagrand, 2005; Anderson, 1996] to obtain the weights
wi'. It is important to note that RPS is evaluated for each
year using the ensembles (n = 10000) representing the
conditional distribution, which is quite different from
correlation for which one needs a minimum of two years
of forecasts. The mamfadvantage of using RPS is that it
quantifies the error in ‘estimating the entire conditional
distribution, whereas'measures such as correlation and Root
Mean Square Error (RMSE) consider only the error in
predicting conditional smean. One could also employ
continuous rank ‘probability score, which compares the

observed event with the forecasted probabilities using a :

parametric functional form [Candille and Talagrand, 2005;
Wilkss, 1995]. The rank probability skill score (RPSS)
represents the level of improvement of the forecast RPS in
comparison to the reference forecast RPS, which is usually
assumed to, be climatology. Appendix A provides details on
obtaining RPS and RPSS for given probabilistic forecasts.

[12] Let us denote the RPS and RPSS of the probabilistic
forecasts, Q;;, for each time step as RPS;" and RPSS/,
respectively. For the purpose of multimodel combination,
we assess the skill of the model by analyzing its
predictability under similar climatic conditions. One could
identify similar predictor conditions in the predictor state
space by choosing a distance metric that computes the
distance between the current predictor state, X;, and the
historical predictor vector, X. For instance, if the current
state of the predictors indicates El Nino conditions, then
past El Nino conditions could be considered as similar
conditions. The distance metric could be either Euclidean
distance or a more generalized distance measure such as the
Mahalonobis distance, which is more useful if the predictors
exhibit correlation among them. Compute the distances d,
between the current conditioning state X, and the historical
predictor vector X; using Mahalonobis distance:

dy = \/(X,—XI)TZ”()@—XZ) (1)

where > denotes the variance-covariance matrix of the
historical predictor vector X. One can note that if / = 7, the
distance metric, d,, reduces to zero. Similarly, if X, is
the principal components of the original SST fields, then the
Mahalonobis distance boils down to the Euclidean distance.
Using the distance vector d, the ordered set of nearest
neighbor indices J can be identified. Thus the jth element in
the distance vector metric provides the jth closest state X; to
the current state X,. Using this information, we assess the
performance of each model in the predictor state space as

m 1 S m
Nk =% > RPS, )
=1

where RPS(j) denotes the skill of the forecasting model, m,
for the year that represents the jth closest condition
(obtained from J) to the current condition X,. In other
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m

Select forecasts, O/, , available from m=1,2...,M models, with =1, 2...n number of years

of forecasts available and i=1,2...,N representing the ensembles for each year.

v

Obtain Rank Probability Score, RPS ,m for each year for each model (See, Appendix A)

!

Based on the vector of predictors for all models, X, compute the distance between the current
point, X, and the rest of the points X), where 1=1,2..., n and order neighbors based on distance.

!

Choose the number of neighbors, K, in the predictor state space and find the average RPS score for
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K neighbors using (2): ATy = %iRPS(%
j=1

l

Compute weights for each model for each time step based on the average RPS over ‘K’

neighbor w/", =

1A

T
PRI
m=1

}

randomly, N,

tm

To represent the conditional distribution, f(Q|X¢) using N ensembles from ‘M’ models, draw

M
[ — moox
=w/c * N where N = Zw,,,( N

m=1

l

Get the skill of the multimodel forecasts RPS,""

Figure 2. Flowchart of the:multimodel combination algorithm described in section 3.1 for fixed number
of neighbors “K” in ‘evaluating’the model skill from the predictor state space. To apply the same
algorithm for K, that givesithe:minimum RPS from the multimodel ensembles, compute RPSt,l\’l,r{Nl for k=
1, 2,..., n — 1 andichoose K, that corresponds to minimum RPS%{M.

words, Ak summarizes the average skill of the forecasting
model, m, by choosing, K years that resemble conditions
very similar to the currenticondition, X,. Using \/k obtained
for each model at each time step, we obtain the weights for
the multimodel combination so that a model with better
performance during particular climatic conditions needs to
be represented with more number of ensembles in
comparison to a model with lower predictability under
those conditions. It is important to note that RPS is a
measure of error in predicting the probabilities and it is
evaluated based on the entire ensembles that represent the
conditional distribution of streamflows. We can use the
average skill of the model, Ak, to obtain the weights for
each model.

1/\"
Wik = 3)
> 1/ Nk

m=1

Equation (3) basically gives higher weights for a model that
has smaller average RPS in the predictor state space. If Ak

is zero for a subset of models M; < M, then the weights wy'x 410
are distributed equally (1.0/M;) between the models for 411
which Ak is zero and the remaining models (M — M) are 412
assigned zero weight. For instance, if two models out of 413
five, have an average RPS (\k) of zero taken over K 414
neighbors, then these two models will be assigned a weight 415
of 0.5 and the remaining three models will be assigned a 416
weight of zero. The multimodel forecasts for each time step 417
could be developed by drawing w;x * N ensembles from 418
each model to constitute the multimodel ensembles. Thus 419
one has to specify the number of neighbors K to implement 420
this approach. It is also important to note that choosing 421
fewer K does not imply that the multimodel forecasts are 422
developed using the observed predictand and predictors 423
based in the identified K similar conditions. In fact, O} are 424
forecasts developed based on the observed values of the 425
predictand and predictor over a particular training period 426
(for leave-one-out cross-validated forecasts, we use n — 1 427
years of record as training period; for adaptive forecasts, we 428
develop the model using nl years and the remaining (n — nl) 429
are considered for validation). Thus we use the weights, 430
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Wik, only to draw the ensembles from Q7%, which is in fact
obtained based on the chosen training period for developing
the forecasts. The simplest approach for selecting the
number of neighbors is to find a fixed K that corresponds to
the lowest-average RPS from the multimodel forecast. The
other approach would be to choose a different number of
neighbors K, for each year. Under this approach, “Varying
K,”, the chosen K, corresponds to the minimum RPS that
could be obtained from the multimodel ensembles for that
year. Obviously, Varying K, will ensure the lowest-average
RPS for the entire forecast, but it is computationally
intensive. The performance of multimodel ensembles is
compared with individual model’s predictive skill using
various verification measures such as average RPS (RPS),
average RPSS (RPSS), and anomaly correlation (p).

4. Seasonal Streamflow Forecasts Development
for the Neuse Basin

[13] For the purpose of demonstrating the multimodel
approach proposed in section 3, we first develop probabi-
listic seasonal streamflow forecasts from two different
models based on the climate information for the Falls Lake,
Neuse River Basin in North Carolina (NC). We develop
streamflow forecasts based on two low-dimensional statis+
tical models, one based on parametric regression approach
and another using a nonparametric approach based, on
resampling [Souza and Lall, 2003]. We first provide brief
baseline information about the Neuse Basin and its
importance to the water management of thesResearch
Triangle Park area of NC.

4.1.

[14] Falls Lake (location shown in Figure 3a) isya multi-
purpose reservoir authorized for flood control, water supply,
water quality, recreation and for" fish/wildlife protection.
Given that the water demand in the Triangle area has been
growing rapidly in the last decade, multi-year droughts
(1998—-2005) and ensued restrictions, has increased the
importance of long-lead forecasts toward better management
of water supply systems. Observedistreamflow information
at Falls Lake is availablefrom. 1928 to 2002 from the United
States Army Corps of Engineers (USACE) (http://epec.saw.
usace.army.mil/fall0S.htm)y/Figure 3a provides the season-
ality of inflow into Falls Lake. Typically, 46% of the annual
inflow occurs during January—February—March (JFM), and
the low flows during July-August-September (JAS) contrib-
ute 14% of the annual inflows. From a water management
perspective, developing streamflow forecasting models for
the low flow season is important since maintaining the
operational rule curve of 251.5 is challenging during those
months resulting in mandatory restrictions [Weaver, 2005],
which arises because of increased demand for water quality
and water supply releases in the summer (in comparison to
the winter demand). (http://epec.saw.usace.army.mil\Falls
WC_Plan.pdf). In addition to this, the demand in the Wake
County, NC has also grown by about 20%—62% from
1995-2000 [Weaver, 2005] resulting in three severe
droughts (summers of 2002, 2005 and 2007) in the past
five years. Thus managing the reservoirs during the summer
is very important from the perspective of invoking
restrictions to meet the end of season target storage
conditions without compromising the flood risk arising

Baseline Information for the Neuse Basin
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from hurricanes (K. Golembesky et al., Improved drought
management of falls lake reservoir: Role of multimodel
streamflow forecasts in setting up restrictions, manuscript in

493
494
495

preparation, 2008). The following section provides a brief 496

overview of climate and streamflow teleconnection in the
US.

4.2. Climate and Streamflow Teleconnection in the
US—Brief Overview

[15] Climatic variability, at interannual and interdecadal
time scales, resulting,from ocean-atmosphere interactions
modulate the moisturedelivery pathways and has significant
projections on continental-seale rainfall patterns [Trenberth
and Guillemot, 1996; Cayan et al., 1999] and streamflow
patterns at both global and hemispheric scales [Dettinger et
al., 2000b] asswell as at regional scales [e.g., Guetter and
Georgakakos, 19965 Piechota and Dracup, 1996]. Efforts in
understanding ithe linkages between exogenous climatic
conditions such as tropical sea-surface temperature (SST)
anomalies and regional hydroclimatology over the U.S.
have offered the scope of predicting the rainfall/streamflow
potential on season-ahead and long-lead (12 to 18 months)
basis [Hamlet and Lettenmaier, 1999; Georgakakos, 2003;
Wood et‘al., 2002, 2005]. Interannual modes such as the El
Nino-Southern Oscillation (ENSO) resulting from anom-
alous SST conditions in the tropical Pacific Ocean
influences the interannual variability of precipitation and
temperature over many regions of the globe [Rasmusson
and Carpenter, 1982; Ropelewski and Halpert, 1987]. Most
of the studies focusing on climatic variability over the South
Eastern US have shown that warm tropical Pacific
conditions during October—December lead to above-normal
precipitation during winter and below-normal precipitation
during summer if warm pool conditions prevail in the
topical Pacific during the spring [Schmidt et al., 2001;
Lecce, 2000; Hansen et al., 1998; Zorn and Waylen, 1997].
Studies have also reported ENSO related teleconnection
between precipitation and temperature over NC during both
winter and summer seasons [Roswintiarti et al., 1998;
Rhome et al., 2000]. We basically develop a low-
dimensional model by identifying SST conditions that
influence the seasonal streamflow forecasts into Falls Lake
during July—September (JAS).

4.3. Seasonal Streamflow Forecasts
Development—Individual Models

[16] Our objective is to estimate the conditional dis-
tribution of streamflows, f (Q;|X;), which would occur in
the upcoming season based on the climatic conditions X,
using the chosen statistical model. The next two sections
(sections 4.3.1 and 4.3.2) discuss in detail about predictor
selection and the performance of forecasts developed from
the two statistical models.

4.3.1. Diagnostic Analyses, Predictor Identification,
and Dimension Reduction

[17] To identify predictors that influence the streamflow
into Falls Lake during JAS, we consider SST conditions
during April-June (AMJ) which could be obtained from
International Research Institute for Climate and Society
(IRI) data library (http://iridl.ldeo.columbia.edu/expert/
SOURCES/.KAPLAN/.EXTENDED/.ssta). Figure 3b
shows the Spearman rank correlation between the observed
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PREDICTOR IDENTIFICATION

Figure 3. Hydroclimatology of Neuse Basin and predictors identification: (a) seasonality of Neuse
Basin and (b) climatic predictors that influence the streamflow. Figure 3a shows the seasonality of Neuse
Basin with the flow during JAS, accounting for 14% of the annual streamflow. Insert in Figure 3a shows
the location of the Falls Lake in NC. Figure 3b shows the SST regions that influence the streamflow into
the Falls Lake. SST regions that have significant correlation at 95% confidence interval (>0.21 or
<—0.21) are only considered for model development.

streamflow during JAS at the Falls Lake and the SST
conditions during AMJ. From Figure 3b, we see clearly
that SST girds over ENSO region (170E—90W and 5S—
5N), the North Atlantic region (80W—40W and 10N—-20N),
and the NC Coast region (75W—-65W and 22.5N—-32.5N)
influence the summer flows into Falls Lake. This is in line

with earlier findings [Roswintiarti et al., 1998; Rhome et al.,
2000] suggesting that warm conditions in the tropical
Pacific and tropical North Atlantic result in above-normal
inflow conditions in Falls Lake. It is important to note that
we consider SST regions whose correlations are significant
and greater than the threshold value of £1.96/v/n — 3 where
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Figure 4. Selection of principal components and their
relationship with the flows. Figure,4a shows the scree plot
of the principal components of the SSTs in the'three regions
(in Figure 3b) indicating the pereentage variance explained
by each component. The inset in Figure 4a indicates the
dominant zone of each PC based on eigenvectors analysis.
Figure 4b shows the relationshipybetween the first PC and
the cube root transformed flows.

n is the total number of yedrs (n = 78 years for Falls Lake)
of observed records used forycomputing the correlation. We
didn’t consider atmospheric’ conditions such as mean sea
level pressure, geo-potential height for developing the
streamflow forecasting model, since the National center for
Environmental Prediction (NCEP) reanalysis data are
available only from 1950. Further, adding atmospheric
predictors for predicting post-1950 flows also did not result
in any significant improvement in the skill (results not
shown).

[18] Given that the SST fields are correlated to each other,
we apply Principal Components Analysis (PCA) to identify
the dominant modes in the SST grids. PCA, also known as
empirical orthogonal function (EOF) analysis, transform the
correlated predictors (e.g., SST grids) to uncorrelated prin-
cipal components by applying singular value decomposition
(SVD) on the covariance/correlation matrix of the predic-
tors. Importance of each principal component is quantified,
which is usually summarized by the scree plot, based on the
fraction of the variance the principal component represents
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with reference to the original predictor variance. Mathemat-
ics of PCA and the issues in selecting the number of
principal components using scree plot could be found in
the work of Wilks [1995].

[19] We applied PCA by performing SVD on the covari-
ance matrix of the grid points of SSTs over the three
different regions. We did not spatially average the SSTs
over the three regions before performing PCA. Instead, we
pooled SST grids that, were significantly correlated from
three regions and then performed PCA. Figure 4a shows the
percentage of variancejéxplained by each principal compo-
nent and the first two ‘components accounts for 73% of the
total variance showntimithe predictor field in Figure 4a. On
the basis of the eigenvectors obtained from PCA (figure not
shown), the first component representing the ENSO region
has correlation of 0.36 with observed streamflow and the
second component representing both the Pacific and the
Atlantic has a correlation of —0.23 (significance level £0.21
for 78 years, of record) with the inflows at Falls Lake. We
employ these two principal components to develop seasonal
streamflow forecasts for JAS for the Falls Lake.

4.3.2. yPerformance of Individual Model
Forecasts—Resampling and Regression Approach

[20] We consider two non-linear models, parametric
regression (with the predictand being cube root of the flows)
and semiparametric resampling models [Souza and Lall,
2003], in developing multimodel forecasts. The linear
relationship between the cube root of the flows and the
dominant principal component (Figure 4b) suggests regres-
sion as a favorable candidate for developing streamflow
forecasts for the Falls Lake. However, the conditional
distribution of the parametric regression model (cube root
transformed flows) follows normal distribution which is
purely dependent on the conditional mean and its point-
forecast error. Hence we consider the semiparametric
resampling model, which inherently addresses this issue
(being not dependent on two moments alone) by having the
entire conditional distribution resampled from yesteryear
flows. On the basis of the observed streamflow O, and the
predictors X, with the first two principal components from
PCA, the conditional distribution of streamflows is
estimated based on the parametric regression and semipara-
metric resampling methods.

[21] Given the observed summer inflows had skewness of
1.9, we applied cube root transform to bring the data to
normal distribution. After transformation, the skewness of
the transformed flows reduced to 0.25. Figure 4b suggests
that the relationship between the first principal component
(PC1) and the transformed flows (cube root) is linear with
the exception of few outlying observations, which were
primarily contributed by the summer hurricanes (v/O > 10).
Thus, for the parametric regression model, we consider the
cube root transformed flows as the predictand and the first
two principal components of SSTs as the predictors. Resid-
ual analyses of regression based on quantile plots and
skewness (=0.08) tests on the residuals showed that the
normal assumption of the transformed flows is valid. The
estimate of the conditional mean and conditional standard
deviation of the transformed flows are obtained from the
regression estimate and from the point forecast error re-
spectively. Using the conditional mean and conditional
standard deviation of the transformed flows, we generate
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Table 1. Performance of Individual Model Forecasts and Various Multimodel Schemes Under Leave-One-Out Cross-Validated Forecasts
and Adaptive Forecasts for Two Different Strategies of Choosing the Number of Neighbors K (Varying K,)™°

Cross-validated (1928—-2005)

Adaptive Forecasts (1976—2005)

Model/Multimodel D RPS RPSS p RPS RPSS
Resampling (Res) 0.38 0.429 —0.020 0.44 0.517 —0.069
Regression (Reg) 0.35 0.409 0.050 0.49 0.424 0.011
MMI (Res + Clim) 0.45 0.389 0.097 0.47 0.403 0.035
MM2 (Reg + Clim) 0.43 0.386 0.110 0.48 0.371 0.064
MM3 (MM1 + MM2) 0.47 0.381 0.121 0.51 0.374 0.061
MM4 (Res + Reg + Clim) 0.44 0.384 0.110 050 0.383 0.052
MMS5 (Res + Reg) 0.39 0.392 0.082 049 0.396 0.037
MMB6 (equal weights) 0.39 0.397 0.072 0.49 0.399 0.037
MM?7 (long-term skill) 0.39 0.397 0.072 0.49 0.400 0.035

“All the performance evaluation measures are calculated based on 78 years of data for leave-one-out cross-validated forecasts and 30 years for the

adaptive forecasts from 1976 to 2005.

®5, Pearson correlation between the observed flows and the condition mean of forecasts; RPS, average rank probability score; RPSS; average rank
probability skill score; MM, multimodel ensembles; Clim, climatological ensembles.

ensembles from the normal distribution and transform it
back into the original space, by taking cube, to obtain the
conditional distribution of flows, 0.

[22] The second approach, the semiparametric resampling
algorithm developed by Souza and Lall [2003], is data-
driven and estimates the conditional distribution by
resampling the observed flow values that were sunder
climatic conditions similar to the current predictor condi-
tions. To identify similar climatic conditions or the
neighbors, the semiparametric method employsiregression
coefficients (estimated between cube root transformed flows
and the predictors for Falls Lake inflow foreeasts) as
weights to compute the distance betweenythe current
conditions and the past predictor conditions. For additional
details, see Souza and Lall [2003]. A total of thirty-three
number of neighbors was considered for® obtaining the
forecasts from the semiparametric model. This was chosen
by choosing the neighbor that gave the highest correlation
between observed flows and ithe conditional mean of the
leave-one-out cross-validated forecasts, whose procedure is
detailed below.

[23] Leave-one-out cross=mvalidation is a rigorous model
validation procedure that is carried out by leaving out the
predictand and predictors from the observed data set (Q,, X,
t=1,2, ... n) for the validating year and the model is
developed using the remaining n — 1 observations [Craven
and Whaba, 1979]. For instance, to develop retrospective
leave-one-out forecasts from parametric regression, a total
of n regression models are developed by leaving out the
observation in each validating year. By employing the
developed forecasting model with » — 1 observations,
the left out observation (Q_, with —¢ denoting the
validating year) is predicted by using the state of the
predictor/principal components (X_,) in that validating year.
By utilizing the two principal components from PCA, we
develop both leave-one-out cross-validated retrospective
streamflow forecasts and adaptive streamflow forecasts for
the season, JAS using the two statistical models. The
conditional distribution of streamflows forecasts from each
model is represented in the form of ensembles.

[24] To obtain adaptive streamflow forecasts, we develop
the forecasting models based on the observed streamflow
and the two dominant principal components from 1928—

1975 and employ the developed model to predict the
streamflow for a 30-year period from 1976—2005. Table 1
gives various performance measures of the cross-validated
forecasts and adaptive forecasts for both models. Figure 5
shows the adaptive streamflow forecasts for both parametric
regression and the semiparametric model. The correlation
between the observed streamflows and the ensemble mean
of the cross-validated forecasts for resampling and regres-
sion approach is 0.38 and 0.35 respectively, which is
significant for the 78 years of observations. From Table 1,
we infer that the correlation between the observed stream-
flows and the ensemble mean of the adaptive forecasts is
0.44 and 0.49 for resampling (Figure 5a) and regression
(Figure 5b) approach, respectively. Table 1 also shows other
performance evaluation measures such as RPS, and RPSS
for adaptive and leave-one-out cross-validated forecasts for
both models. On the basis of RPS and RPSS, we find that
regression model seems to perform better than the resam-
pling model under both cross-validated and adaptive fore-
casts. Since the correlation between the observed and the
ensemble mean is significant for both models under leave-
one-out cross-validated forecasts and adaptive forecasts, we
combine the forecasts from both these models for develop-
ing multimodel ensembles for the Falls Lake system.

5. Multimodel Combination Based on Predictor
State Space—Results and Analyses

[25] In this section, we apply the multimodel combination
algorithm discussed in section 3.1 to combine the forecasts
from individual models — parametric regression and semi-
parametric resampling - with climatological ensembles. For
this purpose, we consider seven different multimodels by
combining: (1) resampling and climatology ensembles
(MM1), (2) regression and climatology ensembles (MM?2),
(3) MM1 and MM2 ensembles (MM3), (4) resampling,
regression and climatology ensembles at one step (MM4),
(5) resampling and regression ensembles (MMS5), (6) resam-
pling and regression ensembles with equal weights (MM6),
and (7) resampling and regression ensembles based on their
long-term predictability (MM7). Multimodel MM6, which
is analogous to pooling of ensembles without optimal
combination and multimodel MM?7 provide the baseline
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Figure 5. Performance of individual models in predicting observed streamflows during 1991-2005 for
the Falls Lake. (a) Semipatametric resampling model of Souza and Lall [2003]. (b) Parametric regression.
Forecasts from,both models were obtained by using the observed streamflows during JAS and predictors
(PC1 and PC2"in Figure:3) for the period 1928—1990. The horizontal lines denote the 33rd percentile
(O < below-normal category) and 67th percentile (Q > above-normal category) of observed flows.

comparison with the current state of the art in multi-
model ensembles development. For MM6, we give equal
weights by enforcing whe & = wR® S = 0.5 for each year in
e%uation (3). To develop ensembles from MM?7, we assign
ARe s = 1/RPSR® 5; \R¢ & = RPSR® & where RPS®® ¥ = 0.429
and RPS®® ¢ = 0.409 denote the average RPS for resampling
and regression models (from Table 1) indicating their long-
term predictability.

[26] The motivation in considering climatology as one of
the candidates in multimodel combinations (except MMS5,
MM6, and MM?7) is based on the presumption that if the
observation falls outside the predictive ability of all the
models under certain predictor conditions, then climatology
should be preferred over individual model forecasts. Fur-
ther, recent studies have shown that a two step procedure of
combining first each individual model forecasts separately
with climatology and then combining the resulting “M”
combinations at the second step improves the skill of

multimodel ensembles [Robertson et al., 2003; Goddard 752
et al., 2003]. Since implementing the proposed multimodel 753
algorithm requires selection of neighbors, we primarily 754
employ the “Varying K,” approach for comparing the 755
performance of seven multimodels with two candidate 756
models. In the next section, however, we employ the fixed 757
number of neighbors just for demonstrating the proposed 758
multimodel combination methodology. 759

5.1. Skill of Individual Models From Predictor 761
State Space 762

[27] The primary motivation in the proposed approach for 763
multimodel combination is to evaluate competing models’ 764
predictability in the neighborhood of the predictor state and 765
give appropriate weights based on equation (3) for all the 766
models to develop multimodel ensembles. Figure 6 analyzes 767
the performance of regression and resampling streamflow 768
forecasts shown earlier (Figure 5) from the predictor state 769
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Figure 6. Performance of individual’ models from the predictor state space by considering K =
15 neighbors. (a) Correlation vs/RPC1.(b)yA,x™ vs. PC1. (c) Correlation of regression vs. correlation of
resampling. (d) \, x of regression vs.“\,x of resampling. A\, x™ is computed from the leave-one-out cross-
validated forecasts given in Table 2 for both candidate models and by assuming K = 15 in equation (2).
Correlation is computed, between the observed streamflows and the ensemble mean of the leave-one-out
cross-validated forecasts by, considering 15 neighbors from the current state. Note the consistent poor
performance of regression model in Figure 6c as well as the high negative values of PC1.

space by considering a fixed'K = 15. The performance of
the streamflow forecasts are evaluated using average RPS
and correlation over thetidentified neighbors in the predictor
state space. From Figure/6a, one may prefer to choose
forecasts from resampling model instead of forecasts from
parametric regression sincesthe correlation of the regression
is negative if the dominant/first principal component
(PC1) < —4. This could also be seen from Figure 6b with
the RPS of resampling being less than the RPS of regression.
Figures 6¢ and 6d show the relative performance of both
models against each other. From Figure 6¢, we can see that one
would prefer climatological ensembles over forecasts from
candidate models, particularly when correlations estimated
from the neighborhood on both models are negative. From
Figure 6d, we can also identify conditions (above the diagonal
line) with the RPS of regression model being higher than that
of RPS of resampling indicating the poor performance of the
regression ensembles. Thus the multimodel combination
algorithm in section 3.1 primarily identifies these conditions
based on RPS using equation (2) and develops a general
procedure for multimodel combination. The next section
compares the performance of seven different multimodels in
developing cross-validated and adaptive forecasts using
“Varying K,” approach.

5.2. Performance of Multimodel Forecasts

[28] The performance of seven different multimodel com-
binations is compared in Table 1 with the performance of
two individual models under leave-one-out cross-validated
forecasts and under adaptive forecasts for the period 1976
2005. For developing climatological ensembles for multi-
model combinations, we simply bootstrap the observed JAS
streamflows into Falls Lake assuming each year has equal
probability of occurrence. This is a reasonable assumption
since there is no year to year correlation between the summer
flows.

5.2.1. Leave-One-Out Cross-Validated Streamflow
Forecasts

[29] Under leave-one-out cross-validated forecasts, we
can clearly see that forecasts from MM3 perform better
than the regression and resampling models’ forecasts based
on all the three statistics considered (Table 1). MM3 also
performs better than the rest of the six multimodels. To
ensure the skill exhibited by MM3 is statistically significant
from the rest of the six multimodels and two statistical
models, we perform detailed hypothesis tests based on RPS.
The hypothesis tests employed is based on the nonparamet-
ric approach under which we resample the computed RPS;"

11 of 22

794

795
796
797
798
799
800
801
802
803
804
805
806
807
808
809
810
811
812
813
814
815
816



XXXXXX DEVINENI ET AL.: MULTIMODEL ENSEMBLES OF STREAMFLOW XXXXXX

2.1 Table 2. Hypothesis Testing of RPS for Various Models Listed in Table 1 and This Table®

£2.2 Model A

t2.3 Model B Res Reg MMI MM2 MM3 MM4 MM5 MM6

t2.4 Regression (Reg) 0.85

2.5 MMI (Res + Clim) >0.99 0.86

t2.6 MM2 (Reg + Clim) 0.98 0.96 0.63

2.7 MM3 (MM1 + MM2) 0.99 0.97 0.96 0.83

2.8 MM4 (Res + Reg + Clim) >0.99 0.98 0.80 0.59 0.18

t2.9 MMS5 (Res + Reg) >0.99 0.95 0.40 0.32 0.16 0.16

t2.10 MMG6 (equal weights) >0.99 0.90 0.27 0.21 0.09 0.05 <0.01

t2.11 MM?7 (long-term skill) >0.99 0.90 0.27 0.20 0.08 0.05 <0.01 0.33

“Entries in the table provide the percentile value of the test statistic RPS” — RPS® (from Table Infor the chosen Model A

and B) from the resampled null distribution. For a given pair, Models A and B are indicated bysthe topmost row and leftmost

t2.12 column, respectively.

from each model for each year to develop the null
distribution [Hamill, 1999]. Details on hypothesis test and
the test statistic suggested by Hamill [1999] are briefly
discussed in Appendix B.

[30] Table 2 provides the percentile values of the test
statistic RPS? — RPS® based on the constructed null
distribution using (B4) and (BS5) for each pair of models A
and B. Thus, if RPS? < RPS* (RPS® > RPS"), then we
would like the observed test statistic, RPS? — RPS%j to fall
under the right (left) tail of the null distribution to rejectithe
null hypothesis. On the basis of RPS given in Table 1 for
the chosen models A and B, one could reject or accept the
null hypothesis based on the chosen level of significance, .
For instance, to test whether RPS™™"' = RPS®®* at/ar = 10%
significance level, from Table 2, we ‘canysee that the
percentile value of the test statistic is >0.99 “implying a
p-value < 0.01. Hence we can reject the null hypothesis
RPSMM' = RPSR¢ ¢ and acceptathe alternate’ hypothesis
RPSMM1 < RPSR®* which implies thafithe skill exhibited by
MMI is significantly greater than/that of the skill of the
resampling model. Thus we utilize the information given in
Table 2 to compare Model A (in columns) with Model B (in
rows) to test whether the increased skill exhibited by the
multimodel forecasts age. statistically significant compared
to the skill of individual, model forecasts. We also discuss
various related issues that, include utility of climatological
ensembles in improving the'skill and on the effectiveness of
the two-step multimodel combination approach.
5.2.1.1. Comparison Between Individual Models and
Multimodels

[31] From Table 2, we can clearly see that the reduced
RPS of the multimodels (in Table 1) are statistically
significant from the RPS of the resampling and regression
models. This could be inferred from the percentiles of the
test statistic RPS? — RPS® from Table 1 (Model A:
Resampling or Regression) falling on the right tails of the
constructed null distribution with the p-value being less than
0.10 for all the multimodels (Model B: MM3-MM7).
Similarly, we also see that there is no significant difference
between RPS of the regression model and RPS of the
resampling (o = 0.10) forecasts. Further, we also understand
that combining individual models with climatological
ensembles alone (Model B: MM1 and MM2) leads to an
improved representation of the conditional distribution.

5.2.1.2. Performance of Multimodel Forecasts Based
on Equal 'Weights and Long-Term Predictability

[32] “To compare the performance of the proposed multi-
model/combination algorithm in section 3.1 with existing
multimedel techniques, we have included multimodel fore-
casts based on equal weights (MMG6: pooling of ensembles)
and based on each model’s long-term predictability (MM?7).
From Table 2, we infer that RPS of MM5 (Resampling and
Regression alone) is significantly lesser than RPSs of MM6
and MM?7. Similarly, comparing the performance of MM6
and MM7 with MM3 and MM4, we observe that RPS of
MM3 and MM4 are statistically smaller than RPSs of MM6
and MM?7. This shows that combining multiple models
based on predictor conditions performs better than combin-
ing multiple models by pooling and based on long-term
predictability.
5.2.1.3. Utility of Climatological Ensembles

[33] Multi-models (MM1, MM2, MM3 and MM4) use
climatological ensembles to develop multimodel forecasts.
An interesting fact that we can observe from Table 2 is that
adding climatological ensembles with individual models to
develop multimodel forecasts (Model B: MM1, MM2) leads
to a RPS that is statistically smaller than the individual
models’ RPS. Similarly, comparing the performance of
MMI1 and MM2 (Model A) with MM5, MM6 and MM7
(Model B), we see that the percentiles of the test statistic are
around 0.2—0.4 implying no statistical significance, which
suggests that combining multiple models without climatol-
ogy may not lead to significant reduction in RPS. However,
adding climatology to multiple models which is represented
by MM4 (Model B) reduces RPS, but it is not statistically
significant compared to RPSs of MM1 and MM2. Further,
comparing the performance of MM4 (Model B) with MM5
(Model A) shows that there is certainly an improvement in
adding climatology ensembles (p-value = 0.16). To
summarize, adding climatological ensembles with indivi-
dual model forecasts certainly leads to improvement in the
conditional distribution representation, but improvements
are much more substantial upon combining climatological
ensembles with forecasts from multiple candidate models.
5.2.1.4. Effectiveness of Two-Step Multimodel
Combination

[34] To understand the effectiveness of the two-step
procedure (individual models are combined first with cli-
matological ensembles and the resulting “M” forecasts are
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Figure 7. Performance evaluation of.multimodel forecasts based on contingency table. Numbers of
(a) hit, (b) false alarms, (c) missesspand (d) correct rejections are given for below-normal and above-

normal categories for a threshold probability of 0.5.

combined at the second step) of multimodel combination,
we compare the performance “of MM3y(Model A — two
step combination) with MM4 “(Model B — One step
combination). From Table 2, the computed test statistic
RPSM™™ 4 — RPSMM 3 has a'peteentile value of 0.18 under
the constructed null distribution. This indicates that the null
hypothesis RPS™™ *"= RPSMM/* can be rejected if one
chooses a significance level of ‘o = 0.10.
~ [35] Thus we summarize, that though the difference in
RPS between MM3 and MM4 is not significant (p-value is
0.18), the two-step procedure of developing multimodel
forecasts with climatology overall improves the conditional
distribution estimation, as indicated by smaller average
RPS, than one-step combination. To recapitulate, for a
significance level of o = 0.10, average RPS of MM3 is
significantly less than the average RPS of MM1, MM6 and
MM?7. Upon comparing MM3’s performance with the rest
of the multimodels (MM2, MM4 and MMS5), we find that
average RPS of MM3 is weakly significant against average
RPSs of MM2 (p-value = 0.17), MM4 (p-value = 0.18) and
MMS (p-value = 0.17). This could possibly be due to the
slightly better performance of regression model in compar-
ison to the resampling model.
5.2.1.5. Performance of Multimodel Under
Different Flow Regimes

[36] We also compared the performance of resampling,
regression models with the best performing multimodel

MM3 under different flow regimes. On the basis of this,

the average RPS of resampling, regression and MM3 are ¢

0.524, 0.480 and 0.460 respectively under below-normal
flow conditions. Under above-normal flow conditions, the
average RPS of resampling, regression and MM3 are 0.276,
0.237 and 0.214 respectively, whereas the average RPS of
resampling, regression and MM3 are 0.487, 0.509 and

0.480 respectively under above-normal flow conditions. ¢

This indicates clearly that the regression (resampling) per-
forms better than resampling (regression) during below-
normal (above-normal) flow conditions. But, multimodel
(MM3), since it constitutes more number of ensembles from
the best performing model contingent on the predictor state,

performs better than the two individual models under all ¢

flow conditions.
5.2.1.6. False Alarms and Missed Targets

[37] One main purpose of performing multimodel com-
bination based on predictor state is to reduce false alarms
and missed targets in the issued forecasts. Figure 7 summa-

rizes the comparison between two candidate models, 9:

regression and resampling, and five multimodels MM,

MM2, MM3, MM4 and MMS5, based on number of hits, 95

false alarms, missed targets and correct rejections for below-
normal and above-normal tercile categories. We are not

reporting the performance of MM6 and MM7, since they ¢
are exactly the same as that of MMS5 under both tercile 9:

categories. We choose a threshold probability of 0.5 to issue
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Table 3. Average Brier Score, Average Reliability, Average Resolution, and Average Ignorance for Below-

Normal and Above-Normal Categorical Forecasts Obtained From the Leave-One out Cross-Validated Forecasts®

t3.2 Below Normal Above Normal
t3.3 Model/Multimodel BS REL RES IGN BS REL RES IGN
3.4 Resampling (Res) 0.217 0.048 0.052 0.886 0.212 0.019 0.029 0.933
t3.5 Regression (Reg) 0.199 0.015 0.037 0.883 0.210 0.018 0.029 0.847
t3.6 MMI1 (Res + Clim) 0.199 0.019 0.041 0.857 0.204 0.005 0.023 0.847
3.7 MM2 (Reg + Clim) 0.196 0.013 0.037 0.866 0.207 0.005 0.019 0.838
t3.8 MM3 (MMI1 + MM2) 0.197 0.011 0.035 0.861 0.205 0.005 0.021 0.840
t3.9 MM4 (Res + Reg + Clim) 0.197 0.009 0.033 0.853 0.203 0.006 0.024 0.841
£3.10 MMS5 (Res + Reg) 0.203 0.032 0.051 0.864 0.204 0.016 0.033 0.868
t3.11 MMB6 (equal weights) 0.204 0.020 0.036 0.870 0.207 0.018 0.033 0.874
t3.12 MM7 (long-term skill) 0.204 0.013 0.029 0.875 0.208 0.020 0.033 0.873
“The average ignorance score of climatological forecasts is log, ne, where n, is the number of categories of forecasts. For
t3.13 tercile forecasts, IGN climatology = 1.585.

a forecast alarm under a particular tercile category. It is
important to note that contingency analysis of forecasts (in
Figure 7) is very sensitive to the chosen threshold and the
number of forecasts [Wilks, 1995]. From Figure 7b, we
clearly see that the false alarms are clearly dropping with all
the three multimodel forecasts. However, multimodel
forecasts tend to increase the missed targets and reduce
the number of hits. In the case of MM3, the drop in the
number of hits is 4 and 6 for below-normal and®above-
normal categories, but the number of false alarms reduees
considerably. This suggests that adding climatology to
individual models certainly reduces the number of hits and
tends to produce multimodel forecasts (MM1, MM2, MM3
and MM4) with reduced resolution (ability. of the/model to
distinguish from climatology). This could alse be inferred
from the plot for MM1 and MM2 from Figure 73 Reasons
for reduced false alarms and increased imissed targets are
discussed further in the next Section.
5.2.1.7. Reliability and Resolution of Forecasts

[38] A better measure to evaluate/categorieal probabilistic
forecasts would be to quantify. theyaverage Brier score
(Table 3). Table 3 also provides average reliability (REL)
and average resolution (RES) along,with average ignorance
(IGN) for regression,ysesampling and seven multimodel
forecasts for below-normal andiabove-normal categories.
Brier score is similar to4RPS, but more appropriate for
dichotomous events (e.g., whether the observed event is
below-normal or not). Brier/score, specifying the squared
error in categorical forecasts, could be split into reliability,
resolution and uncertainty. For additional details, see Mason
[2001]. For BS to be close to zero, it is important that the
reliability term should be close to zero and resolution should
be large [Wilks, 1995]. Average ignorance, otherwise known
as log-scoring rule, is a double-valued function of average
Brier score and is a better measure in evaluating the
probabilities forecasts, since it generalizes the categorical
forecasts beyond the binary case [Roulston and Smith,
2003]. The forecasts are considered to be useful, if /GN of
forecasts is less than the /GN of climatology.

[39] From Table 3, we clearly understand that the average

1000 Brier scores of MM3 and MM4 are smaller than the average
1001 Brier scores of resampling and regression models. Since
1002 Brier scores represent squared error in probabilities, even a
1003 small difference could help in reducing the error in estimat-
1004 ing the probability under a particular category. For instance,

the difference between regression and MM3 average Brier
scoges, is ‘only 0.0024 in identifying the below-normal
category, but this amounts to an average error reduction
0f5%A1/0.0024) in quantifying the below-normal category.
Thus, based on average Brier scores, we infer that multi-
model forecasts (MM3) improve the probability of predict-
ing the appropriate tercile category of occurrence.

“[40] To ensure the difference between BS of MM3 and
BSs of individual models are statistically significant from
the BS of resampling and regression models, we performed
a hypothesis testing on Brier scores similar to the hypothesis
testing on RPS as suggested by Hamill [1999]. The p-values
of hypothesis tests on comparing BSs of regression and
resampling models (Model A) with BS of MM3 (Model B)
are 0.02 and 0.25 for resampling and regression respectively
under below-normal category. Similarly, the p-values for
above-normal category upon comparing BSs of two
candidate models’ forecasts with MM3 forecasts are 0.01
and 0.02 for resampling and regression respectively. We did
not perform separate hypothesis tests for comparing the
Brier score of MM4, MM5, MM6 and MM7 with the
individual model forecasts. Thus we infer that the BS of
MM3 forecasts is significant in comparison to the two
candidate models in identifying the above-normal category.

[41] Figures 8a and 8b compare the reliability of MM3
forecasts with the reliability of individual model forecasts
for below-normal and above-normal categories. Reliability
diagrams provide information on the correspondence be-
tween the forecasted probabilities for a particular category
(e.g., above-normal, normal and below-normal) and how
often (frequency) that category is being observed under that
forecasted probability [Wilks, 1995]. For instance, if we
forecast the occurrence of below-normal category as 0.9
over n; years (n; < n), then we expect the actual outcome to
fall under below-normal category for 0.9 * n; times over the
long-term. To construct Figure 8, we utilized leave-one-out
cross-validated forecasts and divided the forecasted prob-
ability for each category into percentiles. Table 4 provides
the total number of forecasts that were issued with different
forecast probabilities under below-normal and above-
normal categories.

[42] Though MM3 and MM4 show overconfidence
(increased observed relative frequency) for high forecast
probabilities (0.6 for below-normal and 0.6 for above-
normal) (Figure 8), we can infer from Table 3 that the
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Figure 8. Comparison‘efreliability of cross-validated forecasts from regression, resampling, and MM3
forecasts for (a)sbelow-nermal and (b) above-normal categories.

average reliability scoresyof MM3 and MM4 are smaller
than that of the rest of the'models. The increased observed
relative frequency could also be due to smaller number of
forecasts issued under those forecast probabilities. For
instance, we can infer from Table 4 that the number of
forecasts issued with a forecast probability of 0.6 for MM3
under above-normal category is just 1. Similarly, under
below-normal category, we see that the number of forecasts
issued for MM3 and MM4 are 4(2) and 3(3) for a forecast
probability of 0.6 (0.7) respectively. For predicting above-
normal category, MM1, MM2 and MM3 have same reli-
ability, but MM4, combining multiple models with clima-
tology, has the lowest Brier score. This is primarily because
MM4 shows higher resolution than MM 1, MM2 and MM3.

[43] An interesting observation from Table 3 is that
combining multiple models with climatology always
reduces the resolution, but increases the reliability of fore-
casts. For instance, resampling is over-confident (high
observed relative frequency) for a forecast probability of

Table 4. Number of Forecasts Issued With Various Forecast t4.1
Probabilities Under Below-Normal and Above-Normal Categories®

Below Normal Above Normal
Forecast
Probability Res Reg MM3 MM4 Res Reg MM3 MM4
0.0 0 0 0 0 0 0 0 0
0.1 4 1 0 0 3 5 0 0
0.2 24 22 2 10 18 11 6 10
0.3 17 12 33 29 22 27 28 25
0.4 10 20 28 23 9 12 30 24
0.5 9 11 9 9 12 10 13 15
0.6 3 5 4 3 9 10 1 4
0.7 10 6 2 3 4 3 0 0
0.8 1 0 0 1 1 0 0 0
0.9 0 1 0 0 0 0 0 0
1.0 0 0 0 0 0 0 0 0

“Res, resampling; Reg, regression.
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Table 5. Sensitivity of the Multimodel Algorithm in Figure 2 to
Two Different Performance Evaluation Metrics, Squared Error
Between the Conditional Mean (SECM), and Observed Flows and
L =1 Norm Instead of RPS in Equation (2)*

SECM L =1 Norm

Model/Multimodel 7 RPS RPSS 7 RPS RPSS
Resampling (Res) 0.377 0.429 —0.020 0.377 0.429 —0.020
Regression (Reg) 0.353 0.409 0.050 0.353 0.409 0.050
MMI (Res + Clim) 0.469 0.381 0.115 0.402 0.413 0.046
MM2 (Reg + Clim) 0.405 0.384 0.119 0.370 0.407 0.069
MM3 (MMI1 + MM2) 0.464 0376 0.134  0.408 0.408 0.063
MM4 (Res + Reg + Clim) 0.446 0.382 0.117  0.391 0.407 0.060
MMS5 (Res + Reg) 0.415 0.388 0.092 0.386 0.410 0.042
MMG6 (equal weights) 0.386 0.397 0.072  0.383 0.397 0.072
MM7 (long-term skill) 0.389 0.397 0.072  0.389 0.397 0.072

2L = 1 norm is calculated using equation (A2).

0.1 under below-normal category, which leads to high
resolution. Similarly, under above-normal category, we see
that individual models have good resolution for a forecast
probability of 0.7, whereas multimodels do not have any
forecasts issued under that forecast probability. Reduced
resolution from multimodel forecasts will naturally lead to
reduced hits. This is in line with some of the earlier_studiés
on multi-model combination [Barnston et al., 2003;
Robertson et al., 2004a, 2004b]. This reduced resolution
leads to increased missed targets under multimodel
combinations with climatology, but reduces the false,alarms
which results from the overconfidence of individual maodels
(Figure 7).

5.2.1.8. Ignorance Score and Utility of Multimodel
Ensembles in Falls Lake Operation ‘

[44] On the basis of average ignorance, we}understand
that all multimodels and individual models.have reduced
average ignorance in comparison to,the‘ignorance of clima-
tology. Further, under below-normal category, multimodels
(MM1, MM2, MM3, MM4 and MM5)developed based on
the algorithm in section 3.2 have lower ignorance score in
comparison to MM6 and MM7 with MM3 having the
smallest ignorance score ofyall the ‘models. Under above-
normal category, MM2 has the smallest average ignorance
score with MM3 and MM4 performing almost similarly.
Average ignorance score alse’ suggests that adding clima-
tology is important in improving the performance of multi-
models, since MMS5 has a higher ignorance score than other
multimodels (MM1, MM2, MM3 and MM4).

[45] Utilizing the probabilistic streamflow forecasts from
these three models, resampling, regression and multimodels,
for invoking restrictions to improve the end of season target
storage show that multimodels perform consistently in
identifying appropriate (above-normal or below-normal)
storage conditions in September and thus reducing false
alarms in invoking restrictions (K. Golembesky et al.,
manuscript in preparation, 2008). To relate how the reduced
RPS from multimodels would result in improving Falls
Lake operation, (K. Golembesky et al., manuscript in
preparation, 2008) also show that a 5% reduction in the
risk of not meeting the end of season target storage
(corresponding to 251.5 ft) during below-normal inflow
years would require more than 10% reduction in water
supply releases during the season. To summarize the dis-
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cussion, the proposed multimodel algorithm in section 3.2
overall improves the predictability of tercile forecasts in
comparison to the individual model forecasts and multi-
model forecasts developed by pooling (MM6) and based on
long-term predictability (MM?7).

5.2.1.9. Sensitivity of the Algorithm to Performance
Evaluation Metric

[46] The proposed algorithm in section 3.2 employs
average RPS over the.chosen K neighbors to evaluate the
performance of given forecasting model. In this section, we
evaluate the sensitivity’ of the algorithm to two different
performance metrics, squated error between the conditional
mean (SECM) and=#observed flows and L = 1 norm, in
developing multimodel™ forecasts. Given ensembles of
streamflow forecastSifrom an individual model, we estimate
SECM from the conditional mean and L = 1 norm (using
equation (A2)) for each year of forecasts. Thus we replace
RPS in equation®(2) with estimates of SECM and L = 1
norms. to quantify the average performance of the given
miodel over the'considered “K” neighbors.

[47] /Table 5 summarizes the average RPS and average
RPSS for seven multimodels under the two performance
evaluation metrics. From Table 5, we understand that multi-
models, MM2, MM3 and MM4, developed from this study
shoew. reduced RPS than the RPS of individual models and
over existing techniques on multimodel combination (MM6
and MM7). However, comparing the performance of multi-
model forecasts from SECM and L = 1 norm (Table 5) with
the performance of multimodel forecasts obtained using
RPS (in Table 1), we clearly see that multimodel forecasts
developed using SECM and RPS (as performance evalua-
tion metric) perform similarly in developing improved
multimodel forecasts. Under L = 1 norm, the reduction in
RPS is slightly less indicating only a marginal improvement
in developing multimodel combination. One possible reason
for improved performance under SECM and under RPS as
performance metric is in penalizing poor forecasts more
severely by considering the squared error in flows and
cumulative probabilities respectively. This suggests that
the algorithm is sensitive to the choice of the performance
evaluation metric of individual forecasts which therefore
needs to be selected carefully to ensure improved multi-
model forecasts. In the next section, we further evaluate the
proposed algorithm by developing adaptive streamflow
forecasts for the period 1991-2005.

5.2.2. Adaptive Forecasts

[48] Figure 9 shows the adaptive streamflow forecasts
from MM3 for the period 1991-2005 by training the
individual models based on the data available during
1928—1976. Table 1 provides various performance mea-
sures of adaptive forecasts for all the models based on the
30-year validation period. From Table 1, we can clearly see
that the skill of MM3 and MM4 forecasts is much higher
than the skill of individual models and the rest of the
multimodels. We did not perform any hypothesis tests on
the reported skill measures, since the skill of multimodel
(MM3 and MM4) are shown to be significant than that of
individual model forecasts based on cross-validated fore-
casts. From Figure 9a, we can clearly see that MM3
forecasts perform better than individual model forecasts
shown in Figure 5. This could be understood by focusing
on the forecasts from three models, resampling (Figure 5a),
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Figure 9. Performance of adaptive forecasts using the multimodel combination algorithm detailed in
section 3.1. (a) Fifteen years of adaptive forecasts. (b) Average RPSs versus number of years of validation

for evaluatingradaptive forecasts.

regression (Figure 5b) andymultimodel (Figure 9a), for years
2004 and 2002. For instance in 2004, an above-normal
inflow year, regression incorrectly suggests it as a normal
year (forecasted probabilities for below-normal (BN),
normal (N) and above-normal (AN) are 0.36, 0.39 and
0.35 respectively), whereas resampling (forecasted BN, N,
AN probabilities are 0.18, 0.38 and 0.44 respectively) and
multimodel (forecasted BN, N, AN probabilities are 0.25,
0.36 and 0.39 respectively) correctly identifies it as an
above-normal year. On the other hand in year 2002, a
below-normal inflow year, regression (forecasted BN, N,
AN probabilities are 0.34, 0.36 and 0.30 respectively)
incorrectly suggests it as a normal inflow year, whereas
resampling (forecasted BN, N, AN probabilities are 0.44,
0.32 and 0.24 respectively) and multimodel (forecasted BN,
N, AN probabilities are 0.40, 0.31 and 0.29 respectively)
correctly identifies it as a below-normal inflow year.

[49] The model did not predict accurately the high sum-
mer flows in years 1996 and 1999, mainly because these

flows were primarily due to hurricanes (1996: Hurricane
Frank; 1999; Hurricane Floyd). Further, in both these years,
more than 60% of seasonal flows occurred during the last
20 days of the season because of hurricanes. Thus, to better
predict the flows in this year, one needs to develop updated
forecasts all through the season [Sankarasubramanian et
al., 2007]. Analyses of the weights (figure not shown)
showed that, as expected, weights of regression and
resampling models were higher than the weights of
climatology during below-normal and above-normal inflow
years. However, weights of climatological ensembles were
almost similar to the weights of resampling and resampling
models particularly when flow values are in the normal
category. Figure 9b compares the average RPSS between
the individual model forecasts and MM3 and MM4
forecasts based on the number of years of validation of
the adaptive forecasts. For each validation period (e.g.,
30 years), we used the remaining data from 1928 for
developing the forecasts. From Figure 9b, we can also see
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that as the length of validation period increases, the
performance of multimodel forecasts improves.

[s0] Since we obtain the number of neighbors by “Vary-
ing K,”, which is going to vary depending on the predictor
state, we also plot the distance between the chosen
neighbors and the predictor state PC1,. We also plot the
distance of the chosen neighbor from the predictor state
represented by each model. It is important to note that PC1
primarily denotes ENSO conditions (correlation between
PC1 and Nino3.4 = 0.36), thus positive (negative) PC1
denoting the El Nino (La Nina) conditions. From Figure 10,
we can clearly see that during normal conditions, the
distance between the current predictor state and the chosen
neighbor’s predictor state is small. During extreme predictor
conditions, the distance is large since the nearest neighbor
that results in reduced RPS could be far away from the
conditioning state of the predictor. This shows that the
multimodel algorithm developed in this study identifies
similar predictor conditions in improving the performance
of the individual model forecasts.

[5s1] To understand how the prediction intervals of multi-
model forecasts compare with the prediction intervals of
individual model forecasts, we show the ratio of interquar-
tile range of the conditional distribution to the median of the
conditional distribution (IQRM) in Figure 10b (analogous to
coefficient of variation) for streamflow forecasts from three
models, resampling, regression and multimodel (MM3),
contingent on the principal component PC1. The reason to
express this as a ratio, instead of a measure of the spread of
the distribution, is that it incorporates the shift in the
conditional distribution (conditional bias),across.the mod-
els. On the basis of this, we observe the following based on
the 78 years of forecasts: The IQRM of multimedel fore-
casts (MM3) were in between (greater than) the IQRM of
regression in 45 years (31 years).¢In general, the IQRM of
multimodel forecasts were slightly higher during below-
normal years (low PC1 values), which could.also arise since
the median flow values are much smaller during below-
normal inflow years.

6. Summary and Conclusions

[52] A new methodologyfor developing optimal multi-
model combinations is ptesented and demonstrated by
combining probabilistic streamflow forecasts from two
low-dimensional streamflow forecasting models developed
for the Falls Lake reservoir of the Neuse River Basin, NC.
The proposed approach develops multimodel combinations
by evaluating the skill of the candidate forecasting models’
contingent on the predictor(s) state. By identifying “K,”
similar conditions (to the current predictor state) using
Mahalonobis distance, the algorithm evaluates the skill of
the model by computing average RPS under “K,” neighbor-
ing conditions. Using the average RPS, we obtain weights
for drawing ensembles from each model to develop
multimodel ensembles. This will lead to increased repre-
sentation of ensembles from a candidate model if its
performance is relatively better than other candidate models
under particular predictor conditions. To evaluate the
proposed scheme, we consider a total of seven different
multimodels that includes multimodels with no optimal
combination (pooling of ensembles) and multimodel
combination based on long-term predictability. The study
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also evaluates the ability of multimodels in improving
tercile forecasts using Brier scores and using reliability
plots.

[53] By comparing the performance of these seven
multimodels with individual statistical (regression and
resampling) models based on various measures such as
correlation, average RPS and average rank probability skill
score, we show that the forecasts from the proposed
methodology have improved predictability compared to:
(1) forecasts from/ individual models, (2) multimodel
ensembles with no ‘optimal combination (pooling), and
(3) over multimodel foreeasts based on long-term predict-
ability. To ensure thatithe improved skill exhibited by the
multimodel scheme is statistically significant over the skill
of individual models; . we perform detailed nonparametric
hypothesis tests“ias suggested by Hamill [1999] by
comparing the average RPS of the proposed scheme with
other schemes."Results (p-value) from hypothesis tests
showa that the reduced RPSs shown by the seven multi-
models are “statistically significant than the RPSs of
individual models. Comparing the performance of the
proposed methodology with multimodel forecasts based
on long-term predictability show that developing optimal
model combinations contingent on the predictor certainly
leads. to improved predictability. Further the study also
shows that adding climatological ensembles with individual
statistical models also resulted in significant reduction in
RPS. However, depending on the threshold probability
chosen, adding climatology could also potentially reduce
the number of hits and increase missed targets, which
primarily arises because of reduced resolution of multi-
model forecasts. The two-step procedure of multimodel
combination (MM3) — combining individual models first
with climatology and then the resulting combinations are
combined at the second step — and one step combination
(MM4) that includes climatological ensembles, reduce the
RPS considerably and perform better than the rest of the
multimodels and low-dimensional statistical models. Both
MM3 and MM4 also improve the reliability of forecasts and
reduce the error, in terms of average Brier score, in
developing tercile forecasts. The study also shows that
adaptive forecasts from the proposed multimodel approach
perform better than the adaptive multimodel forecasts
obtained based on long-term predictability.

[s4] The proposed multimodel algorithm aims at combin-
ing multiple models by analyzing the skill of the models
contingent on the predictor state. As shown in Figure 6, if
the predictability of all the models is poor under a particular
condition, then our approach will eventually replace the
multimodel ensembles with only climatological ensembles.
Though the proposed approach is demonstrated by combin-
ing two low-dimensional streamflow forecasting models, it
could be extended even to combine outputs from multiple
GCMs. One difficulty in implementing this for multiple
GCMs is on the necessity of having at least one dominant
climatic mode that influences all the considered models. An
obvious candidate for such a common predictor is to
consider the leading principal components of global SSTs.
However, as pointed out by Hagedorn et al. [2005], it is
important to develop multimodel ensembles based on the
region as well as by identifying SSTs or climatic modes that
influence the streamflow/precipitation potential for the
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Figure 10. "Role of.predictor conditions in (a) choosing the neighbors and (b) in influencing the
prediction intetval of multimodel forecasts. The prediction intervals are expressed as the ratio of the

interquartile range of the forecasts to the median of

1337 region. Our future studies will investigate the scope of
1338 combining multiple GCMs to develop multimodel ensem-
1339 bles of precipitation forecasts and in combining streamflow
1340 forecasts obtained by different downscaling schemes.

1341 Appendix A: Rank Probability Score and Rank
1342 Probability Skill Score

1343 [55] Given that seasonal forecasts are better represented
1344 probabilistically using ensembles, expressing the skill of the
1345 forecasts using correlation requires summarizing the fore-
1346 casts using some measures of central tendency such as mean
1347 or median of the conditional distribution, which does not
1348 give any credit to the probabilistic information in the
1349 forecast. Rank Probabilistic Skill Score (RPSS) computes
1350 the cumulative squared error between the categorical fore-
1351 cast probabilities and the observed category in relevance to

the forecasts.

a reference forecast [Wilks, 1995]. Here category represents
dividing the climatological/observed streamflow, Q, into d =
1, 2... D divisions and expressing the marginal probabilities
as P4(Q). Typically, the divisions are made equal probabil-
istically with O = 3 categories known as terciles with each
category having 1/3 probability of occurrence. These three
categories are known as below-normal, normal and above-
normal whose end points provide streamflow values
corresponding to the particular category. Thus, for a total
of D categories, the end points based on climatological
observations for dth category could be written as Qqg, Qg+1
(Ford=1, Q; =0; d =D; Qp+1 = Qmax)- Given streamflow
forecasts at time “‘t” from mth model with i =1, 2... N
ensembles, O/, then the forecast probabilities for the dth
category could be expressed as FPj/(Q) = ny/N by
computing the number of ensembles between Qq < 07 <
Qg+1.To compute RPSS, the first step is to compute rank
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probability score (RPS). Given D categories and FP Q)
for a forecast, we can express the RPS, which is otherwise
known as L = 2 norm, for a particular year “t” from mth
model as

RPS" = i (cry, - co) ’
d=1

(A1)

d
where CF;, = Y, FPj, is the cumulative probabilities of

forecasts up to _(]:ategory d and COy4 is the cumulative
probability of the observed event up to category d. Similar
measures for evaluating the entire conditional distribution of
forecasts have also been proposed [Muller et al., 2005]. For
instance, the L = 1 norm (equation (A2)) could be written as
the absolute sum of deviation in cumulative probabilities of
forecasts and the observed event.

D
RPS —L17 = Y |CFY, - CO,| (A2)
d=1

Thus if Q,, the observed streamflow falls in the dth category,
COq=0for1 <q<d-1and COq=1ford <q <D.
Given RPS, we can compute RPSS in relation to a reference
forecast, which is usually climatological forecastsghaving

equal probability of occurrence under each category FRg,™
(0) = 1/D.
w . RPS!
RPSS]' =1~ pocci (A3)

Low RPS indicates high skill and vice versa. The relative
measure RPSS, if it is positive, then /the forecast skill
exceeds that of the climatological probabilities. RPSS could
give an overly pessimistic view of the performance of the
forecasts and it is a tough metric forevaluating probabilistic
forecasts [Goddard et al., 2001]. Fona detailed example on
how to compute RPS and RPSS for given forecast, see
Goddard et al. [2003]. In this study, we have computed RPS
and RPSS for each year.and both regression and resampling
ensembles by assuming D = 3.

Appendix B: Hypothesis Tests for Evaluating
Streamflow Forecasts

[s6] This appendix briefly summarizes the hypothesis
tests employed for finding whether the skill of the stream-
flow forecasts, indicated by average RPS, from any of the
two different models given in Table 1 are statistically
significant. For testing the null hypothesis on the probabi-
listic forecasts skill measure, average RPS, we employ the
nonparametric hypothesis tests based on resampling ap-
proach. For a detailed discussion of the methodology

employed, see Hamill [1999]. The null hypothesis for
testing the average RPS could be written as:

Ho:RPS' —RPS" =0 (B1)

Hy:RPS' —RPS" #0 (B2)
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Given that RPS?* and RPS? are calculated each year for the
candidate models A and B us1ng equation (A1), we can get
the test stat1stlc RPSA RPS” where the average RPS for
any model “m” could be calculated using (B6):

(B3)

n
RPS" =n"'> RPS}"
t=1

Using RPS? and RPSP, we now generate the null
distribution. To developy.this, we generate an indicator
variable I,, taking on.a value'of 1 (Model A) or 2 (Model B)
with equal probability. The indicator is used to select either
Model A or B everyy year using w wh1ch the resampled statistic
is developed asmRPS™ — RPS** where

RPS"* = 1! > RPS] (B4)
t=1
RPS™* =n ' Y RPSI (B5)
t=1

Basically, equations (B4) and (B5) ensure that the
resampled statistic is computed using both Models A and
B with equal probability. By obtaining 10000 such
resampled statistic estimates, we construct the null distribu-
tion and use that to calculate the percentile value of the

estimated test statistic, RPS? — RPS?, for the two candidate
models A and B. On the basis of the reported percentile
value, one could get the p-value to accept or reject the null
hypothesis for the chosen significance level, .
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