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Abstract 24 

Global climate models (GCMs) and Earth system models (ESMs) provide many climate services. The 25 

High Resolution Model Intercomparison Project (HighResMIP) of the Coupled Model Intercomparison 26 

Project Phase 6 (CMIP6) provide model runs that address regional phenomena. Ensemble members 27 

are formulated from these model runs. An ensemble member can be a model run, a single-model 28 

ensemble containing model runs of the same model with perturbed parameters, initialization, 29 

physics, and forcings, or ensemble of dependent models with each model having one or more model 30 

runs. Thus, developing a parsimonious ensemble requires multiple ensemble methods such as 31 

independent-model subset selection, prescreening-based subset selection, and model weighting. The 32 

manuscript focuses on application-specific optimal model weighting, with prescreening-based subset 33 

selection. As such, independent ensemble members are categorized, selected, and weighted based 34 

on their ability to reproduce physically-interpretable features of interest that are problem-specific.  35 

We discuss the strengths and caveats of optimal model weighting using a case study of red tide 36 

prediction in the Gulf of Mexico along the West Florida Shelf. Red tide is the common name of harmful 37 

algal blooms that occurs worldwide, causing adverse socioeconomic and environmental impacts. Our 38 

results show the importance of prescreening-based subset selection, as optimal model weighting can 39 

underplay robust ensemble members by optimizing error cancellation. Prescreening-based subset 40 

selection can also provide insights about the validity of the model weights. By illustrating the caveats 41 

of using non-representative models when optimal model weighting is used, the findings and 42 

discussion of this study are pertinent to many other climate services. 43 



1 Introduction 44 

Global climate models (GCMs) and Earth system models (ESMs) offer climate services that 45 

are important for societal decision making, across water, energy, food, health, environment, and 46 

many other sectors (White et al. 2017; van den Hurk et al. 2018; Eyring et al. 2019). The subtle 47 

difference between GCMs and ESMs is that ESMs have higher fidelity with respect processes 48 

inclusion and realism, GCMs through accounting for landuse, plant ecology, ocean 49 

biogeochemistry and ecology, atmospheric chemistry, and other processes. ESMs can be 50 

particularly useful for environmental, ecological, and coastal management (Payne et al. 2019; 51 

Jacox et al. 2020; Ward et al. 2020; Dixon et al. 2021; Tonelli et al. 2021).  Hereafter, ESMs refer 52 

to both ESMs and GCMs. We provide a case study about using ESMs to address the problem of 53 

red tide, which is a  common name of harmful algae blooms that occur in coastal regions 54 

worldwide due to high concentrations of marine microorganisms such as dinoflagellates, 55 

diatoms, and protozoans. Along the West Florida Shelf in the Gulf of Mexico, red tide occurs  by 56 

the increase of the concentration of Karenia brevis, a toxic mixotrophic dinoflagellate. Red tide 57 

results in adverse impacts on fisheries by causing shellfish poisoning and massive fish kills, on 58 

public health by causing respiratory skin, and eye, irritation, on ecosystem services by harming 59 

sea turtles, marine mammals, and birds, on local communities by impacting tourism, and 60 

reactional activities due to the unpleasant scene and odor of red tide, and health concerns. This 61 

study focuses on Loop Current (LC), which is one of the main drivers of red tide in the West Florida 62 

Shelf (Weisberg et al. 2014; Maze et al. 2015; Perkins 2019). LC is a warm ocean current that 63 

penetrates and loops through the Gulf of Mexico until exiting the gulf to join the Gulf Stream. 64 

Several relations have been established between red tide and LC (Weisberg et al. 2014, 2019; 65 

Maze et al. 2015; Liu et al. 2016). The relation discussed in Maze et al. (2015) shows that the LC 66 

position, which can be inferred from sea surface heigh, can be a definitive predictor of a large 67 

red tide bloom possibility. Using the relation of Maze et al. (2015), we present an application-68 

specific optimal model weighting method to improve the predictive performance of ESMs.  69 

To improve and extract relevant information from ESMs, multiple techniques such as bias 70 

correction, downscaling, and ensemble methods are often employed. A commonly used 71 

ensemble method is model weighting, through assigning unequal weights to ensemble members 72 

(Sanderson et al. 2017; Lorenz et al. 2018; Herger et al. 2018; Merrifield et al. 2020; Brunner et 73 

al. 2020). An ensemble member can be a single model run (i.e., a model simulation or projection), 74 

many model runs of a single model with multiple realizations, or an ensemble of many dependent 75 

models each with a single or multiple model runs. Advancing methods for model weighting is 76 

thus needed to refine the most credible information on regional climate changes, impacts, and 77 

risks for stakeholders (Eyring et al. 2016). As there is no single best ESM, there is no universally 78 

best model weighting method, but a method may be useful given the criteria relevant for the 79 

application in question (Herger et al. 2018). Model democracy, which is the equal-weighting 80 

method, is the simplest model weighting method. Yet more advanced model weighting methods 81 

are needed depending on the model evaluation criteria. 82 

Model weighting can be based on a single or combination of model evaluation criteria. One 83 

criterion is to assign model weights based on model performance. Performance-based model 84 

weighting methods include Bayesian model averaging, evaluation of probability density function, 85 

climate prediction index, upgraded reliability ensemble averaging, skill score of representing 86 



annual cycle, and others as compared by several studies (Oh and Suh 2017; Zhang and Yan 2018; 87 

Wang et al. 2019). Performance-based model weighting methods consider the differences of 88 

model simulations to historical observation, and they differ in the metrics and algorithms used 89 

to determine model weights (Wang et al. 2019). For example, Oh and Suh (2017) compare three 90 

model weighting methods, which are weighted ensemble averaging based on root-mean-square 91 

error (RMSE) and correlation, the skill score of the representation of the annual cycle based on 92 

Taylor score (i.e., accounting for correlation coefficient, standard deviations, and centered 93 

RMSE), and multivariate linear regression that minimizes the RMSE of the ensemble prediction 94 

using least squares methods. In addition to model performance, model independence and 95 

convergence are two additional criteria. Multi-criteria-based model weighting methods extend 96 

beyond the model performance criterion to assign model weights. For example, the performance 97 

and interdependence skill method uses model bias to historical observation (performance 98 

criterion) and model distance to other ensemble members (interdependence criterion) to assign 99 

model weights (Knutti et al. 2017; Wang et al. 2019).  Wang et al. (2019) assign model weights by 100 

using the reliability ensemble averaging method that considers both model bias to historical 101 

observation (performance criterion) and model similarity to other models in the future projection 102 

(convergence criterion). A fourth criterion for assigning model weights is intermodel comparison 103 

for observable climate and future climate (Räisänen and Ylhäisi 2012). As such, the closeness of 104 

two models in simulating observable climate and future climate is checked. For example, the 105 

Bayesian weighted averaging method of Xu et al. (2019) considers the model skills in reproducing 106 

historical observations and inter-model agreement in simulating future period to assign model 107 

weights.  108 

This study complements an important aspect of model weighting by explicitly considering 109 

application-specific metrics. Given this additional criterion for model evaluation, the model 110 

performance is explicitly evaluated for its suitability for specific applications, apart from the 111 

regional and global predictive performance of the model. The evaluation includes process-based 112 

metrics and other relevant features, given a specific problem definition. Considering process-113 

based emergent constraints is a promising way to focus evaluation on the observations most 114 

relevant to climate projections (Eyring et al. 2016). By using an optimal model weighting method, 115 

application-specific model weighting is accounted for in the objective function such that the 116 

ensemble is optimized given problem-specific and process-based features of the problem of 117 

interest.  We use a multi-objective optimal ensemble method based on an objective function that 118 

defines the desired targets. For example, if the objective is to reduce regional bias, RMSE can be 119 

the objective function, and the output will be the lowest possible RMSE of the ensemble 120 

prediction and the observational product, giving possible combinations of the model weights of 121 

the ensemble members.  122 

The proposed application-specific optimal model weighting method has several practical 123 

advantages. First, the flexibility in ensemble calibration by defining an adjustable objective 124 

function allows this method to be applied to a wide range of problems, with the meaning of 125 

“optimal” varying depending on the aim of the study (Herger et al. 2018). Second, an optimization 126 

method can readily account simultaneously for multi-objectives such as multiple variables of 127 

precipitation, sea surface temperature, and wind (Herger et al. 2019), and multiple metrics such 128 

as RMSE and spatial correlation in climate change information (Bhowmik and 129 

Sankarasubramanian 2021).  Third, multi-objectives can account for metrics related to the 130 



application of interest. For example, Wang et al. (2019) note that the process from climate 131 

variables to hydrological responses is nonlinear, and thus the assigned model weights based on 132 

performances of the climate simulations may not be correctly translated to hydrological 133 

responses. Thus, assigning model weights to the outputs of ESMs based on their ability to 134 

represent the climate variable of interest is more straightforward than accounting for other 135 

decision relevant metrics (e.g., occurrence or non-occurrence of large red tide bloom). In the 136 

remaining of the manuscript, Section2 presents the application-specific optimal model weighting 137 

method for the red tide case study, followed by the results with respect to model weights and 138 

predictive performance (Section 3). We discuss in Section 4 the pros and cons of model weighting, 139 

and conclude by summarizing our main findings and providing a research outlook in Section 5. 140 

2 Method 141 

2.1 Data 142 

We select all the model runs of the Coupled Model Intercomparison Project Phase 6 (CMIP6) 143 

for both historical experiment  (Eyring et al. 2016) and the hist-1950 experiment(Haarsma et al. 144 

2016) with gridded monthly sea surface height above geoid (zos) and nominal resolution less 145 

than or equal 25 km. This resulted in 33 model runs (Table 1). The sea surface height above geoid 146 

has the variable name zos according to the Climate and Forecast (CF) metadata conventions. The 147 

two historical experiment and the hist-1950 experiment are from 1850-01 and 1950-01, 148 

respectively, to 2014-12. For analysis purpose, we additionally consider model runs with the 149 

standard resolution that are the E3SM-1-0 with variable ocean resolution of 30-60 km, and EC-150 

Earth3P with nominal ocean resolution of about 100km. We account for model independence 151 

using institutional democracy (Leduc et al. 2016). For the same institution, we created further 152 

subsets given different grid resolutions, resulting in 11 independent model subsets (Table 1). 153 

Each independent model subset (IMS) constitutes an ensemble member. Each IMS contains one 154 

or more models, and each model has one or more model runs with perturbed realizations (r), 155 

initializations (i), physics (p), and forcings (f). For the reanalysis data of zos, we use the phy-001-156 

030 global ocean eddy-resolving reanalysis product  of the Copernicus Marine Environment 157 

Monitoring Service (CMEMS). This reanalysis product covers the altimetry from 1993 onward 158 

with approximatively 8 km horizontal resolution (Drévillon et al. 2018; Fernandez and Lellouche 159 

2018). 160 



Table1. Independent model subsets based on institutional democracy with ocean grid as a 161 

secondary criterion. An independent model subset (IMS) receives a score based on prescreening 162 

criteria (Section 2.3). The number of members (i.e., model runs) of each model can vary from one 163 

such as r1i1p1f1 of CESM1-CAM5-SE-HR to six such as r(1-6)i1p1f1 of ECMWF-IFS-HR. 164 

IMS Score Institution Country Model (Reference) Experiment ID 
Members 

(Model Runs) 
Ocean model 

resolution 
Ocean 

grid 

IMS01 1 NCAR USA CESM1-CAM5-SE-HR 
(Chang et al. 2020)  

hist-1950 r1i1p1f1  0.1◦  (11 km) 
nominal resolution 

POP2-HR 

IMS02 2 CMCC Italy CMCC-CM2-HR4 
(Cherchi et al. 2019) 

hist-1950 r1i1p1f1  0.25◦ from the 
Equator degrading 
at the poles 

ORCA025 

 

   CMCC-CM2-VHR4 
(Cherchi et al. 2019) 

hist-1950 r1i1p1f1  0.25◦ from the 
Equator degrading 
at the poles 

ORCA025 

IMS03 1 CNRM-
CERFACS 

France CNRM-CM6-1-HR 
(Voldoire et al. 2019) 

hist-1950 r(1-3)i1p1f2  0.25◦  (27-28 km) 
nominal resolution 

eORCA025 

    CNRM-CM6-1-HR 
(Voldoire et al. 2019) 

historical r1i1p1f2  0.25◦  (27-28 km) 
nominal resolution 

eORCA025 

IMS04 0 DOE-E3SM-
Project 

USA E3SM-1-0 (Golaz et al. 
2019) 

historical r(1-5)i1p1f1 60 km in mid-
latitudes and 30 km 
at the equator and 
poles 

EC60to30 

IMS05 0 EC-Earth-
Consortium 

Europe EC-Earth3P (Haarsma 
et al. 2016) 

hist-1950 r(1-3)i1p2f1 about  1◦ (110 km) ORCA1 

IMS06 2 EC-Earth-
Consortium 

Europe EC-Earth3P-HR 
(Haarsma et al. 2016) 

hist-1950 r(1-3)i1p2f1 about 0.25◦ (27-28 
km) 

ORCA025 

IMS07 3 ECMWF Europe ECMWF-IFS-HR 
(Roberts et al. 2018) 

hist-1950 r(1-6)i1p1f1 25 km nominal 
resolution 

ORCA025 

IMS08 3   ECMWF-IFS-MR 
(Roberts et al. 2018) 

hist-1950 r(1-3)i1p1f1 25 km nominal 
resolution 

ORCA025 

IMS09 2 NOAA-GFDL USA GFDL-CM4 (Held et al. 
2019) 

historical r1i1p1f1  0.25◦  (27-28 km) 
nominal resolution 

tri-polar 
grid 

    GFDL-ESM4 (Held et 
al. 2019) 

historical r(2-3)i1p1f1  0.25◦  (27-28 km) 
nominal resolution 

tri-polar 
grid 

IMS10 3 NERC UK HadGEM3-GC31-HH 
(Roberts et al. 2019) 

hist-1950 r1i1p1f1 8 km nominal 
resolution 

ORCA12 

  MOHC-
NERC 

UK HadGEM3-GC31-HM 
(Roberts et al. 2019) 

hist-1950 r1i(1-3)p1f1 25 km nominal 
resolution 

ORCA12 

IMS11 3 MOHC UK HadGEM3-GC31-MM 
(Roberts et al. 2019) 

hist-1950 r1i(1-3)p1f1 25 km nominal 
resolution 

ORCA025 

       HadGEM3-GC31-MM 
(Roberts et al. 2019) 

historical r(1-4)i1p1f3 25 km nominal 
resolution 

ORCA025 

We use the Karenia brevis cell count data of the harmful algal bloom database of the Fish and 165 

Wildlife Research Institute at the Florida Fish and the Wildlife Conservation Commission (FWRI 166 

2020). According to Maze et al. (2015), a large red time bloom is defined as an event with the cell 167 

count exceeding 1×105 cells/L for ten or more successive days without a gap of more than five 168 

consecutive days, or 20% of the bloom length. Give the study period 1993-01 to 2014-12 with a 169 

six-month interval (i.e., a total of 44 intervals), we identified 15 intervals of large blooms, and 29 170 

intervals with no bloom in the study area (Fig. 1). 171 



2.2 Loop Current position and red tide blooms 172 

LC is a warm ocean current that travels through the Gulf of Mexico. LC is an important factor 173 

that controls the occurrence of red tide (Perkins 2019). This occurs through varying deep ocean 174 

upwelling (Weisberg et al. 2014) and the retention time (Maze et al. 2015). In this study we focus 175 

on the retention time, and other relations (Weisberg et al. 2014, 2019; Liu et al. 2016) are 176 

warranted in future studies. The Karenia brevis is a slow growing dinoflagellate that requires an 177 

area with mixing slower than growth rate to form a bloom (Magaña and Villareal 2006). When LC 178 

in the north position (LC-N), this increases the retention allowing red tide blooms to form when 179 

other conditions are ideal (Maze et al. 2015). Accordingly, when the Loop Current is in the south 180 

position (LC-S) as shown in Fig. 1a, then there is no large bloom, while LC-N as shown in Fig.1b is 181 

a necessarily condition for red tide blooms to occur (Maze et al. 2015). 182 

 183 
Figure 1. Snapshots of sea surface height above geoid  (zos) showing (a) the Loop Current in the 184 

south position (LS-C) in 2010-03 for reanalysis data, and the Loop Current in the north position 185 

(LC-N) in 2010-06 for (b) reanalysis data, (c) a high-resolution ESM, and (d) a standard-resolution 186 

ESM. Two red segments along the 300m isobath in (a) are used to determine Loop Current 187 

position (i.e., LC-N and LC-S). The red box of (b) shows the study area, where red tide blooms are 188 

considered by this study and Maze et al. (2015). 189 



The LC position is detected from sea surface height variability. Following the method of Maze 190 

et al. (2015) the zos anomaly between the north and south segments along the 300 m isobath 191 

(Fig. 1a) can be used as proxy for LC position such that positive and negative difference represents 192 

LC-N and LC-S, respectively. The zos anomaly per interval t can be estimated as 193 

, , , , ,

1

max ( | )
t

K

n m l k m j k l m t n k
h

k

h E w E h M


   
     

   
               (1) 194 

In this equation, we first take the expectation (.)mE  for all model runs with index m in each 195 

ensemble member kM , and then data is averaged for all ensemble members with index 196 

[1, ]k K  where kw  is the weight of each ensemble member kM . Subsequently, the exception 197 

(.)lE  is taken for all data points with index 𝑙 along each of the north and south segments, 198 

respectively. Afterward, we take the difference (.)m  between the data of the two segments. 199 

Finally, for each of the 6-month interval the maximum zos anomaly max(.)
th

is selected resulting 200 

in zos anomaly per interval [1, ]n N , with 44N    given the study period 1993-2015 and a 6-201 

month interval length. Since we are not interested in the value of nh  per se but the sign difference 202 

between the north and south segments, we express Eq. 1 as an indicator function for LC-S 203 

1, 0
( )

0, 0

n

LC S n

n

h
H h

h



 


                  (2) 204 

such that ( ) 1LC S tH h   indicates a LC-S interval. We use Eqs. 1-2 to process CMIP6 and reanalysis 205 

data, which are hereafter donated by nh and 
,n obsh , respectively. We can further define the 206 

oscillating event frequency  207 

1
0

( )
N

LC S nn
H h

x
N




                  (3) 208 

as the ratio of the LC-S intervals to the total number of intervals T . The reanalysis data products 209 

of Maze et al. (2015) and this study result in 
0, 0.267obsx   and 0.273 (Fig.2a), respectively. The 210 

slight difference is not unexpected because the study period and the reanalysis data product used 211 

in this study are different from that of Maze et al. (2015). We compare 
0, 0.273obsx  of the 212 

reanalysis data with the model simulations in the results section.  213 

2.3 Ensemble methods 214 

The number (K) of model weights of each ensemble differs depending on the number of 215 

included ensemble members. Each independent model subset (IMS) listed in Table 1 is an 216 

ensemble member, as we account for model independence prior to model weighting (Eq.1). We 217 

consider two ensemble methods that are prescreening-based subset selection, and model 218 

weighting. Prior to model weighting, we include and exclude members from the ensemble based 219 

on prescreening-based subset selection criteria. These criteria are evolving such that each 220 

ensemble member receives a score from zero to three. Ensemble members that cannot simulate 221 

LC-N, as shown in Fig. 1d for example, receive a score zero (e.g., Fig. 2b). Ensemble members that 222 

can simulate LC-N, but without sign fluctuation to indicate both the LC-N and LC-S according to 223 



Eq. 1, receive score one (e.g., Fig. 2c). The ensemble member receives a score of two if it can 224 

reproduce both LC-N and LC-S according to Eq.1 with the frequency of LC-N being smaller than 225 

that of LC-S (e.g., Fig. 3d). The ensemble member receives a score of three, if it can reproduce 226 

both LC-N and LC-S according to Eq.1 with the frequency of LC-N being greater than that of LC-S 227 

(e.g., Fig. 3e). Higher LC-N frequency is a more realistic condition, given reanalysis data with 228 

0, 0.273obsx  (Fig.2a). 229 

 230 
Figure 2. Surface height above geoid (zos) anomaly according to Eq.1 of (a) reanalysis data, and 231 

(b-e) enesmble members. The title of the reanalysis data shows the data provider name, and 232 

product ID. The title of ensemble member shows ensemble member number that is the number 233 

of each independent model subset (IMS): modeling group name, model name(s), and ensmble 234 

member score. 235 

Given the defined prescreening-based subset selection criteria, we consider four ensemble 236 

compositions for the case of weighted-average multi-model ensemble (WME). For example, the 237 

WME3210 with 11K   includes all ensemble members with a score from three to zero, while 238 

WME3XXX with 4K   includes only the top performing ensemble members with only a score of 239 

three. We know from prior information (Caldwell et al. 2019; Hoch et al. 2020) that standard-240 

resolution ESMs are generally incapable of simulating LC; see for example Fig. 1d. This is mainly 241 

because the standard resolution grids (e.g., Fig. 1d) cannot resolve the mesoscale eddies and 242 

boundary currents, and require global parametrization, unlike the high resolution eddy-243 

permitting grids (e.g., Fig1c). Thus, we consider WME3210 and WME321X to evaluate the 244 

combined impacts of prior information and model weighting. We consider WME32XX and 245 

WME3XXX with different ensemble size of 7K   and 4K  , respectively, to study the combined 246 

impact of subset selection and model weighting. To study the impacts of model weighting, we 247 

consider the case of simple-average multi-model ensemble (SME) using equal model weights that 248 



lends SME3210, SME321X, SME32XX and SME3XXX, given the same ensemble composition 249 

criteria. SME321X with 9K   is the reference ensemble that only considers prior information 250 

without any prescreening-based subset selection and model weighting. 251 

2.4 Optimal model weighting  252 

Each ensemble member has a model weight. The model weights kw  in Eq. 1 satisfy   253 

1
1

K

kk
w


            (4) 254 

and 255 

1/kw K             (5) 256 

for equal model weighting. For unequal model weighting, kw  can be estimated using an 257 

optimization algorithm through minimizing an objective function with multiple objectives. In this 258 

study, the objective of the optimization problem is to estimate the model weights kw  in Eq. 1 259 

that minimize the objective function f such that 260 
5

1

min min ( 1) i

k k

c

i
w w

i

f x


 
  

 
                 (6) 261 

with five minimization objectives ix  such having an objective-weighting constant ic . We 262 

formulate the objective function as ( 1)ix   so that the product term 
5

1

( 1) ic

i

i

x


 will not be zero 263 

if any objective ix is fully achieved that is 0ix  . Accounting for multiple objectives can be 264 

achieved through Pareto-optimal solutions (Herger et al. 2019) or objective-weighting constants 265 

ic  as in this study. As such, each objective is assigned an objective-weighting constant ic266 

representing the importance of the objective relative to other objectives. The first minimization 267 

objective 1x  is the oscillating event count error  268 

1 ,1 1
( ) ( )

N N

LC S n LC S n obsn n
x H h H h  
          (7) 269 

between model simulation ( )LC S nH h  and reanalysis data 
,( )LC S n obsH h

. The second minimization 270 

objective 2x  is the LC position temporal match error  271 

, ,1 1
2

( 0 ^ 0) ( 0 ^ 0)
N N

n obs n n obs nn n
N h h h h

x
N

 
     


 

     (8)  272 

where ,1
( 0 ^ 0)

N

n obs nn
h h


    and ,1

( 0 ^ 0)
N

n obs nn
h h


   are the temporal match counts of 273 

model simulations and reanalysis data for LC-N and LC-S, respectively. The logical conjunction   274 

gives a value of one when the statement 
,( 0 ^ 0)n obs nh h   is true when 

, 0n obsh   and 0nh   275 

are both true, otherwise gives a value of zero. No temporal match is generally expected between 276 

simulations of ESMs, and re-analysis data. The term temporal match as used in this manuscript 277 

refers to a pseudotemporal correspondence that captures the general pattern of a dynamic 278 



process of the LC position given the heuristic relation (Eq. 1) with a coarse-temporal-resolution 279 

of six months.  The third objective 
3x is the LC-S temporal match error 280 

, ,1 1
3

,1

( ) ( 0 ^ 0)

( )

N T

LC S n obs n obs nn t

N

LC S n obsn

H h h h
x

H h

 



  

 


      (9) 281 

The fourth objective 
4x is the red tide bloom error 282 

1
4

( 0 ^ ( ) 1)
N

n nn

bloom

h H z
x

N


 




        (10) 283 

which represents the false negative prediction of red tide bloom. This is the ratio of the number 284 

of LC-S coinciding with large bloom to the number of large-bloom bloomN  , such that ( )nH z is an 285 

indicator function with one and zero for large bloom and no bloom, respectively. The fifth 286 

objective 5x  is the RMSE between model simulation and reanalysis data 287 

2

,1
5

( )
N

n n obsn
h h

x
N







         (11) 288 

With respect to objective-weighting constants ic , we set ic  = 1, assuming that all objectives are 289 

equally important.  290 

A common practice to solve Eq.6 subject to Eqs.7-11 is to use an optimization algorithm such 291 

as genetic algorithm (Bhowmik and Sankarasubramanian 2021), mathematical programming 292 

solver (Herger et al. 2018), and Simple Cull algorithm (Herger et al. 2019). We minimize the 293 

objective function (Eq. 6) using the covariance matrix adaptation evolution strategy (CMA-ES, 294 

Hansen and Ostermeier 2001; Hansen et al. 2003) that has robust performance in terms of search 295 

capacity. CMA-ES randomly generates an initial population (i.e., iteration). A population is 296 

composed of a number,  , of solutions, and a solution in this context is a set of model weights 297 

with size K . Each solution in the population is evaluated in terms of its fitness f that is the 298 

objective function value (Eq. 6). The population keeps evolving to reach the optimal solution, 299 

which is the smallest f value, with a maximum of 200 iterations. Increasing the population size 300 

improves the search capacity (Elshall et al. 2015), and we use a population size of 100K  , 301 

where K is the number of model weights. For each ensemble, we conducted 10 repeat 302 

optimization runs with random initial solutions. For all the repeated optimization runs we 303 

obtained well-posed solutions such that no multimodality is observed, and the model weights 304 

are generally consistent. For each ensemble we select the solution with the smallest f value. 305 

2.5 Evaluation metrics  306 

We use several metrics to evaluate the ensemble performance. To evaluate the performance 307 

of each individual ensemble, we use metrics 0x - 5x . Metric 0x  is defined by Eq.3, and 1x - 5x  by 308 

Eqs.7-11. We use AIC and BIC scores to compare different ensembles  by accounting for both 309 

ensemble performance and ensemble size, which is the number of ensemble members with each 310 

ensemble member having model weight. In this context, the number of model weights for each 311 

ensemble is equivalent to the number of model parameters in an inverse modeling context and 312 



to the number of decision variables in simulation optimization context. The AIC and BIC scores 313 

are calculated as (Akaike 1974) 314 

6,
ˆ2 2ln( )AICx K L            (12) 315 

and (Bhat and Kumar 2010)   316 

7,
ˆln( ) 2ln( )BICx K N L           (13) 317 

respectively, where 44N   is the data size, K is the number of model weights kw , and ˆln( )L is 318 

the natural logarithm of the likelihood function. As such, ˆln( )L  can be equivalent the mean-319 

square error  320 
2

,1
( )

T

t t obst
h h

MSE
T







          (14) 321 

such that minimizing the ln( )MSE  is equivalent to maximizing the ˆln( )L of the data ( Akaike 322 

1974).  The defined metrics 0x - 7x  are specifically designed to judge the predictive performance 323 

of these ESMs with respect to the targets of a specific application, and are not meant to judge 324 

the predictive performance of these ESMs regionally and globally for general purposes. Judging 325 

the predictive performance of these ESMs with respect to regional and global simulation of zos 326 

or any other variable, is beyond the scope of this work. Fig. 4 in provides a summary of the 327 

methods presented in this section.  328 



 329 
Figure 3. Method overview. See Jupyter notebooks of Elshall (2021) for details.  330 

3 Results 331 

3.1 Model weights  332 

We study the impacts of model weighting given the four cases of including high- and 333 

standard-resolution model runs (WME3210), high-resolution model runs (WME321X), and high-334 

resolution model runs given prescreening information (WME32XX and WME3XXX).  Fig. 4 shows 335 

the optimal model weights of each ensemble member. Three remarks can be drawn from Fig. 4. 336 

First, for the ensemble WME3210, the IMS03 with score one and IMS05 with score zero, which 337 

overestimate LC-N and underestimate LC-N, respectively, did not receive zero model weights 338 



despite their low scores. This might imply that model weighting optimized the error cancellation 339 

of these two members. Second, one of the best four ensemble members with score three (i.e., 340 

IMS10) receives less than 1% weight given WME3210. This is also the case for IMS07 given 341 

WME321X. This may imply that including unsuitable members in the ensemble (i.e., the standard-342 

resolution members IMS04 and IMS05, or members not presenting LC oscillation IMS01 and 343 

IMS03) can result in flawed model weights. This again might be attributed to model weighting 344 

that optimizes the error cancellation of these members, resulting in underplaying robust models. 345 

Theses first two remarks suggest the importance of the prescreening when optimal model 346 

weighting is used. Even if subset selection is not employed (i.e., WME321X), prescreening helps 347 

to evaluate the model weighting method and results. Third, with respect to WME32XX, members 348 

with prescreening score of three generally receive higher model weights than members with 349 

prescreening score of two. This is generally desirable since these members have a better 350 

performance with respect to the application of interest. Thus, this implies that these members 351 

maintain important ensemble characteristics. 352 

 353 
Figure 4. Model weights of ensemble members (i.e., independent model subsets) for each 354 

weighted multi-model ensemble (WME). The legend shows the number of each ensemble 355 

member, model name(s), size of the ensemble  member, and score of the ensemble member. 356 

The size of the ensemble  member refers to the total number of model runs per ensemble 357 

member. The size of multi-model ensemble refers to the number of ensemble members per 358 

multi-model ensemble. Ensemble members with model weights less than 1% are not shown.  359 

3.2 Predictive performance  360 

We evaluate the ensemble predictive performance using metrics 0x - 5x . Table 2 presents the raw 361 

data that are used to calculate 0x - 5x . Table 2 shows that the four weighted ensembles have 362 

relatively similar predictive performance. The ensembles have LC-S frequency 0x  of 0.227 (versus 363 

0.273 and 0.227 for the reanalysis data and reference ensemble SME321X, respectively), which 364 

corresponds to an oscillating event count error 2x  of two. The ensembles have temporal match 365 

error 2x  of 18% expect for WME3XXX that has an error of 23%, versus 36% for the reference 366 

ensemble. Model weighting has additionally reduced the temporal match error LC-S 3x  for all the 367 

ensembles to 42% expect for WME3XXX to 50%, versus 75% for the reference ensemble. The 368 

ensembles have red tide bloom error 4x of 7%, versus 25% for the reference ensemble. The 369 



ensemble RMSE 
5x  is generally inversely proportion to the ensemble size with the exception of 370 

WME32XX. 371 

Table 2. Raw data of Loop Current at North (LC-N) and South (LC-S) positions and their relation 372 

to the occurrence of no bloom and large blooms shown for the reanalysis data, reference 373 

ensemble SME3210X with simple-average multi-model ensemble (SME), and four ensembles 374 

with weighted-average multi-model ensemble (WME). The corresponding performance metrics 375 

( 0x - 5x ) and fitness f value (Eq.6) for each ensemble.  376 

 377 
From a model weighting perspective, both predictive performance and ensemble size are 378 

evaluated.  WME32XX has same predictive performance as WME321X and WME3210 given 0x -379 

4x  and very similar predictive performance given 5x . WME32XX ( 7K  ) has smaller ensemble 380 

size than WME321X  ( 9K  ) and WME3210 ( 11K  ). Accordingly, WME32XX is a better ensemble 381 

than WME321X and WME3210 from a model weighting perspective. For WME32XX and 382 

WME3XXX, while WME32XX has slightly better predictive performance, WME3XXX has smaller 383 

ensemble size with only four model weights ( 4K  ). To evaluate these two ensembles, we use 384 

the AIC and BIC scores (Eqs. 11 and 12) that combine the complexity of the ensemble (i.e., the 385 

number of model weights) with the performance of the ensemble into a single score. Smaller AIC 386 

and BIC scores indicate a better ensemble, given the criteria of complexity and performance. We 387 

calculate the AIC and BIC of the four ensembles. The AIC (BIC) scores are 16.92 (36.5), 12.89 388 

(28.9), 8.78 (21.3), and 2.8 (9.9) for WME3210, WME321X, WME32XX and WME3XXX, 389 

respectively. 390 

The estimated AIC and BIC scores are as expected, in that WME3XXX and WME3210 are the 391 

best and worst performing ensembles from a model selection perspective. In a summary, the 392 

prescreening-based subset-selection step improves the model weighting, resulting in reduction 393 

of the number of decision variables, while maintaining similar (i.e., WME32XX) or relatively 394 

similar (i.e., WME3XXX) predictive performance. Although the most parsimonious ensemble (i.e., 395 

WME3XXX) might not necessarily produce the best predictive performance, it is still favorable 396 

from a model selection perspective by balancing the ensemble performance and complexity.  397 

The predictive performance of the simple-average and weighted-average multi-model 398 

ensembles are shown in Fig. 5. Ensembles based on prior information (e.g., SME321X) correspond 399 

better to reanalysis data than SME3210 without prior information. Similarly, ensembles based on 400 

prescreening information (i.e., SME32XX and SME3XXX) are better than the reference ensemble 401 

SME321X. Also, ensembles with model weighting have generally good correspondence with 402 

respect to reanalysis data irrespective of prior and prescreening information. Yet ensembles with 403 

LC-N LC-S
No-

Bloom

Large-

Bloom

No-

Bloom

Large-

Bloom
LC-N LC-S Total x0 x1 x2 x3 x4

x5 

(RMSE)

Reanalysis 1 32 12 17 15 12 0 32 12 44 0.273 0 0.00 0.00 0.00 0 1

SME321X 33 34 10 22 12 7 3 25 3 28 0.227 2 0.36 0.75 0.25 3.71 42.1

WME3210 41 34 10 20 14 9 1 29 7 36 0.227 2 0.18 0.42 0.07 3.56 24.5

WME321X 33 34 10 20 14 9 1 29 7 36 0.227 2 0.18 0.42 0.07 3.59 24.7

WME32XX 28 34 10 20 14 9 1 29 7 36 0.227 2 0.18 0.42 0.07 3.69 25.2

WME3XXX 20 34 10 20 14 9 1 28 6 34 0.227 2 0.23 0.50 0.07 3.67 27.6

f

Performance Metrics
Model 

runs

Count Count LC-N Count LC-S Temporal Match



prescreening information and model weighting (i.e., WME32XX and WME3XXX) have the best 404 

correspondence with reanalysis data. 405 

 406 

 407 
Figure 5. Temporal match of large bloom and no bloom with Loop Current positions given by (a) 408 

reanalysis data, and simulations of four multi-model ensembles with (b-e) simple-average multi-409 

model ensemble (SME), and (f-i) weighted-average multi-model ensemble (WME). Positive and 410 

negative bars indicate Loop Current North (LC-N) and Loop Current South (LC-S), respectively. 411 

4 Discussion  412 

The effects of different ensemble composition criteria are summarized in Fig. 6 with respect 413 

to key metrics. Prior information appears to be an important criterion that should be considered, 414 

as SME3210 has the worst predictive performance than the other ensembles do. Subset selection 415 

seems to relatively improve the predictive performance, suggesting that it can be used to in place 416 

of model weighting, or prior to model weighting. When subset selection is used, prior to model 417 

weighting (WME3XX) or without model weighting (SME3XX), this results in the most robust 418 

ensemble from a model selection perspective. These results suggest four key points. First, while 419 

Yun et al. (2017) propose a process-based subset selection as an alternative approach to model 420 

weighting, we show that considering such process-based information can yield parsimonious 421 



ensemble with good predictive performance. Parsimonious ensemble is favorable especially with 422 

model weighting, as several studies indicate that predictive performance improves from model 423 

diversity rather than from larger ensemble (DelSole et al., 2014; Manzanas, 2020).  424 

 425 
Figure 6. Predictive performance, and AIC score accounting for performance and complexity, 426 

given different ensemble composition criteria of prior information, prescreening-based subset 427 

section, optimal model weighting, and parsimony. To scale the data to the graph we calculate the 428 

relative RMSE( 5rx ) that is the RMSE of each of ensemble divided by the maximum RMSE of the 429 

four ensembles, and the normalized AIC score (
6,AICnx ) through dividing the AIC score of each 430 

ensemble 
6,( )AICx  by the number of data points 44.N   431 

Second, our study reveals a caveat of optimal model weighting. Models with poor 432 

performance showing both over and underestimation can get higher model weights to maximize 433 

error cancellation, which can be undesirable. For example, Li et al. (2021) note that comparable 434 

total Antarctic Sea ice area can result from large positive bias neutralizing the strong negative 435 

bias, yet with an inaccurate physical process. Additionally, we show that optimal model weighting 436 

can further underplay robust climate models, highlighting the importance of ensemble process-437 

based prescreening and subset selection prior to model weighing. As it has been argued that 438 

model uncertainty can be decreased by giving more weight to models that are more skillful and 439 

realistic for a specific process or application (Lorenz et al. 2018), we use binary model weights in 440 

the way similar to that of Herger et al. (2018) in which models are included or excluded.  441 

Third, we show that subset selection alone can be an effective mean to improve the predictive 442 

performance in case model weighting is undesirable. Since giving equal weight to each available 443 

model projection can be suboptimal, advanced methods for model weighting are needed (Eyring 444 

et al. 2019). This suggests the importance of accounting for model independence such that each 445 

model run is not given an equal weight. Yet when each ensemble member is an ensemble of 446 



dependent models, whether unequal model weighting methods improve upon equal model 447 

weighting methods is a question that needs careful consideration. For example, even if the skills 448 

of the competing methods are equal, one method will, by chance, prove superior in a given 449 

sample (DelSole et al. 2013). In addition, model weighting can underplay the critical model, which 450 

has the largest effect on the solution reliability, because its goodness-of-fit is less than other 451 

models (Elshall et al., 2020).  Even worse is that the model could get a higher weight because the 452 

observational errors better coincide with the model errors (Haughton et al. 2015). In addition, 453 

while non-equal model weighting can improve the uncertainty quantifications, it will not 454 

necessarily result in improved description of mean climate states, yet will add another level of 455 

uncertainty (Christensen et al. 2010). Furthermore, the efficacy of using model weights derived 456 

on a historical reference period for future projection can be questionable. In other words, the 457 

construction of model weights using twentieth century observed data with expectation that the 458 

advantages afforded by model weighting will persist throughout the twentieth first century is 459 

hard to justify (Haughton et al. 2015). Given these and similar remarks, Weigel et al. (2010) 460 

suggest that for many applications equal model weighting may be the safer and more transparent 461 

way to combine models. Here we do not argue for equal or unequal model weighting of multi-462 

model ensemble, but rather show that in case unequal model weighting is undesirable, 463 

prescreening-based subset selection can be used to improve the predictive performance. This 464 

remark was also indicated with respect to other methods for improving predictive performance. 465 

For example, Wang et al. (2019) show that when bias correction is applied, unequal model 466 

weighting do not bring significant differences in the multi-model ensemble mean and uncertainty 467 

of hydrological impacts. As bias-corrected climate simulations become rather close to 468 

observations, Wang et al. (2019) suggest that using bias correction and equal model weighting is 469 

viable and sufficient for their study purpose. In addition, DelSole et al. (2013) suggest that, for 470 

the forecast of temperature and  precipitation, methods of unequal model weighting may be of 471 

value only over a relatively small fraction of the globe, suggesting that  strategies for screening 472 

models prior to combining them would seem to be an important step. The same argument 473 

applies for subset selection given this case study, especially when model weighting does not 474 

result in significant improvement (e.g., SME3XXX and WME3XXX).  475 

Finally, the application specific nature of the problem is an important factor to keep in mind. 476 

There is no universally best method. For example, Ross and Najjar (2019) evaluate six model 477 

selection methods with respect to performance, and the sensitivity of the results to the number 478 

of chosen model, showing that methods and models used should be carefully chosen, and 479 

obtained results should be interpreted with caution. Similarly, with respect model weighting, 480 

Herger et al. (2018) note that as in any calibration exercise, the final ensemble is sensitive to the 481 

metric, observational product, and pre-processing steps used. Likewise, with respect to 482 

accounting for model independence, Abramowitz et al. (2019) state that the sensitivity of model 483 

weighting and subset selection to metric, variable, observational estimate, location, time, and 484 

spatial scale, and calibration time period emphasizes that model dependence is application-485 

specific, and not a general property of an ensemble. Also with respect to bias correction, the 486 

results of Hemri et al. (2020) underpin the importance of processing raw ensemble forecasts 487 

differently depending on the final forecast product needed. These remarks suggest that the 488 

application-specific nature of the problem should not be overlooked, and accordingly the 489 



application specific ensemble methods such the two presented in this study (i.e., prescreening-490 

base subset selection and application-specific optimal weighting) can be useful.  491 

5 Conclusions  492 

This study discusses the application-specific optimal model weighting of ESMs using a red tide 493 

example. Three key points can be concluded: 494 

 First, while optimal model weighting can potentially improve predictive performance, at 495 

least one caveats need to be considered. Including non-representative models with both 496 

over and underestimation can result in error cancellation. Whether to include or exclude 497 

these non-representative models from the ensemble is a point that requires further 498 

investigation through studying model projection. However, this study clearly shows that 499 

including these non-representative models can underplay the model weights of robust 500 

models when optimal ensemble weight approach is used.  501 

 Second, excluding all non-representative models result in the most parsimonious 502 

ensemble accounting for both ensemble size and performance.  503 

 Third, we further show the importance of prescreening-based subset selection, which 504 

screens and select ensemble members based on their ability to reproduce certain key 505 

features. We conclude that prescreening-based subset selection is viable option that can 506 

either substitute model weighting, or be used prior to model weighing. Prescreening-507 

based subset selection does not only help to develop a parsimonious ensemble, but also 508 

provides insights about the validity of the model weights.  509 

These few insights provided by this study adds to the literature of application-specific optimal 510 

model weighting of ESMs. The analysis in this study is limited to historical period, and our outlook 511 

is to consider optimal model weighting with accounting for model convergence criterion given 512 

future climate projection.  513 
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