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Introduction 14 

        Every two years the University of Hawaii hosts the Ecological Dissertation in the Aquatic 15 

Sciences (EcoDAS) symposium, an ASLO and NSF-funded workshop designed to foster 16 

interdisciplinary collaborations among early career aquatic ecologists. During the EcoDAS 17 

symposium in 2014, many of the discussions revolved around a growing interest in using global 18 

climate models for making projections about how ecosystems and organisms will respond to 19 

future changes. However, many EcoDAS participants did not feel they had the required 20 

knowledge to employ climate models or participate in a climate modeling study.  21 

Following these discussions, we sent out a questionnaire to the past four cohorts of 22 

EcoDAS participants to further understand the general feeling of early career scientists toward 23 

climate models. Respondents were most interested in using climate models for determining 24 

effects of climate change on ecological processes relevant to specific organisms or habitats and 25 

the application of models to ecosystem management and assessment of anthropogenic impacts. 26 

However, about one third of respondents reported to have never worked with or were 27 

uncomfortable working with climate model output, and only about 10% reported having strong 28 

experience working with climate models. Similarly, a survey of marine resource managers 29 
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indicated that 90% wanted to use outputs from climate change models, but >40% faced hurdles 30 

related to lack of technical expertise, time, or personnel (Halpin et al., 2014).  31 

We concluded that a solution to the issues identified in these surveys could be to provide 32 

a brief, practical primer laying out the basics of climate modeling to proficiency in climate model 33 

use among ecologists. We hope this will in turn facilitate conversations between modelers and 34 

empiricists and serve as a stepping stone for collaboration among aquatic scientists. Here, we 35 

explain the basic functioning of climate models, provide advice on how to use climate models in 36 

relation to ecological research, outline data availability from models, discuss model limitations, 37 

and highlight common errors for beginners.  We also suggest some understudied areas which 38 

could be a starting point for collaborations between modellers and empiricists. 39 

 40 

1.  What is an Earth System Model (ESM) and how do ESMs work? 41 

 42 

Projections of future climate change are made using two variants of climate models: 43 

General Circulation Models (GCMs) and Earth System Models (ESMs). Both types of models 44 

represent the global climate system through mechanistic, mathematical equations describing 45 

thermodynamics and fluid dynamics. These models divide Earth into a three-dimensional grid 46 

representing latitude, longitude and a vertical component (altitude of the atmosphere, ocean 47 

depth). At the start of a model run, each grid cell is assigned a value for each of the model’s state 48 

variables (e.g., atmospheric temperature, ocean salinity). These initial conditions (Table 1) are 49 

based on global mean observations. For each time interval of the model simulation, values of the 50 

state variables change based on the mathematical equations, which describe either processes 51 

occurring within a grid cell (e.g., heating/cooling, evaporation/precipitation) and flows between 52 
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cells. The model is first run over an initialization period of hundreds to thousands of years during 53 

which the climate system will come into a quasi-equilibrium state. This stage is referred to as 54 

“spin-up.” Once this quasi-equilibrium is reached, greenhouse gases, volcanic emissions, 55 

aerosols, and land use may be varied reflecting historical trajectories or future scenarios.  56 

 57 

2.  What is the difference between GCMs and ESMs?  58 

 59 

The difference between GCMs and ESMs is that the former generally represents physical 60 

processes occurring in the atmosphere, ocean, and interactions between these domains. In 61 

addition to representing oceanic and atmospheric dynamics, ESMs also include information on 62 

biogeochemical cycling in terrestrial and marine ecosystems and allow for these ecosystems to 63 

have feedbacks on the circulation.  Therefore, all ESMs are GCMs, but not all GCMs are ESMs.  64 

By representing the full carbon cycle, including interactions between the atmosphere, ocean, 65 

land, and cryosphere, some ESMs do not need to prescribe a given concentration of atmospheric 66 

CO2 associated with emissions of greenhouse gases.  Instead, CO2 can be dynamically 67 

partitioned between different reservoirs.  Many ESMs also describe the fluxes of oxygen, 68 

nitrogen, phosphorus, silica, and iron throughout the earth system. To describe the cycling of 69 

these elements, most ESMs include functional groups of phytoplankton and zooplankton, as well 70 

as particulate and dissolved organic matter. Due to the inclusion of lower trophic level organisms 71 

in ESMs, these models are becoming increasingly useful for examining ecological questions. For 72 

example, ESMs have been used to investigate diverse ecological questions, such as how will 73 

climate change affect the seasonal timing of phytoplankton blooms (Henson et al., 2009, 2013), 74 
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the species range of top marine predators (Hazen et al., 2013), and the boundaries of marine 75 

biomes (Polovina et al., 2011).   76 

 77 

3.  What are the advantages and disadvantages of using a model?   78 

 79 

Models provide experimental earth systems that can be used to test an imposed change 80 

and reasonably estimate the impacts of that change.  Since the impacts of the imposed change are 81 

the outcome from numerical equations, models can be effective at elucidating the mechanistic 82 

drivers behind changes in oceanic dynamics and ecosystem structure and function. This differs 83 

from observational analyses, which rely mainly on correlative significance tests limited in space 84 

and time to support a hypothesized process that may lack a mechanistic explanation. Statistical 85 

relationships may also break down under future novel climate conditions. Modeling also differs 86 

from experimental analysis in that it is less limited in terms of the spatial and time scales of 87 

biological responses, and in its ability to manipulate multiple factors while maintaining adequate 88 

controls. Unlike most ocean observations, models provide “complete” data coverage, so that 89 

model output has no spatial or temporal gaps.  90 

The main disadvantage to using models is that they are dependent on the accuracy of the 91 

underlying model structure.  While a model provides mechanistic drivers of the underlying 92 

processes, how representative these processes are of the natural system is limited by imperfect 93 

knowledge. This is why increased collaboration between modelers and empiricists is important. 94 

Other disadvantages stem from the spatial resolution and the number of ecological processes 95 

resolved by models.  96 

 97 
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4. How do ESMs incorporate observations? 98 

 99 

Observational data may be used at several stages:  100 

 101 

1) Creating initial conditions from which numerical models “run”. For example, the 102 

World Ocean Atlas sets the baseline for the monthly climatology of nutrients, salinity 103 

and dissolved oxygen in model grid cells based on field data.  104 

2) Parameterizing the model to describe complex processes that cannot be fully 105 

represented in a model. For example, a model with a 1° latitude/longitude resolution 106 

is too coarse to resolve ocean eddies. However, eddies affect mixing of heat, salinity, 107 

and nutrients. To include these effects in a model, parameterization can scale mixing 108 

to what one would expect from eddies even though the eddies aren’t explicitly 109 

included. See Table 1 for examples of ecological parameterization and parameters.  110 

3) Evaluating model performance by assessing its ability to reproduce current or 111 

historical conditions. Model performance varies depending on the climatic variable 112 

and spatial scale under consideration. Generally, there is greater skill at reproducing 113 

global patterns of core climate variables (e.g., sea surface temperature [SST], sea 114 

surface salinity [SSS]) compared to skill when evaluating biogeochemistry or 115 

regional phenomena. However, it is important to remember that past and present 116 

model performance does not always translate into high model skill when evaluating 117 

future projections. 118 

4) Constraining the model to reality either through data assimilation or tuning (Table 1). 119 

Observations are key to tuning or adjusting the model to “reality”. There are several 120 
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data assimilation techniques (e.g., interpolation, least squares; Luo et al., 2011). It is 121 

important to note that tuning is not a universal feature of models. For example, many 122 

modelers are interested in emergent ecological behaviors unrelated to tuning. Most 123 

Intergovernmental Panel on Climate Change (IPCC) models assimilate relatively little 124 

data, especially for biogeochemical processes (Table 1). An example where data 125 

assimilation is used is the NASA Ocean Biogeochemical Model, which can be run 126 

freely or with the constraint that the sum of phytoplankton groups has to be consistent 127 

with the total chlorophyll a from satellite imagery (Nerger and Gregg, 2007).  128 

 129 

5. Where can I find ESM outputs and how do I work with these data? 130 

 131 

Data from all IPCC-class models are available for free online through the Coupled Model 132 

Intercomparison Project – Phase 5 (CMIP5). Figure 1 provides an overview of how to download 133 

and use CMIP5 data. To begin working with data from CMIP5, you will need access to software 134 

for visualizing and analyzing your data. MATLAB, R, Python, and IDL are commonly used 135 

programs for working with data from climate models. However, all of these require basic 136 

scientific computing skills. Ocean Data View (ODV) and ArcGIS are two additional programs 137 

that can be used, which have the advantage of not requiring users to have any previous 138 

programming knowledge. Working with outputs from ESMs is similar to working with data from 139 

satellites or any other type of gridded dataset with information on geographic locations and 140 

multiple time periods. The learning curve for people who previously have used such datasets and 141 

software programs should not be excessively steep when transitioning to working with data 142 

outputted from ESMs. 143 
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 One potentially confusing aspect of working with ESMs is the proliferation of acronyms 144 

describing models. While it is beyond the scope of this paper to provide a comprehensive list to 145 

acronyms, we recommend the following resources for further detail: (1) Standardized 146 

abbreviations for climate variables used by CMIP5 are described in http://cmip-147 

pcmdi.llnl.gov/cmip5/docs/standard_output.pdf (last accessed: March 6, 2016); (2) The 2013 148 

IPCC report defines acronyms pertaining to IPCC climate models in 149 

http://www.ipcc.ch/pdf/assessment-report/ar5/wg1/WG1AR5_AnnexIV_FINAL.pdf (last 150 

accessed: March 6, 2016). 151 

 152 

6. How do I choose which model(s) to use?  153 

 154 

There is no single best model for all applications. The strengths of each model will vary 155 

depending on the variable of interest, region, temporal or spatial scale, and your scientific 156 

question. Since models are built in different ways and have contrasting strengths and 157 

weaknesses, it is a good practice to compare outputs from several models. The latest IPCC report 158 

used a compilation of over 50 GCMs referred to as CMIP5. Among those, only 16 are ESMs that 159 

have an ocean biogeochemistry component that include nutrients (Si, Fe, N, P) and one or more 160 

phytoplankton and zooplankton groups. Since different models perform better in different 161 

regions, using many models (also known as an ensemble) often improves accuracy on a global 162 

basis. Using multiple models also helps to assess uncertainty in predictions due to differences in 163 

model structure. The ensemble mean often most closely resembles observations, but it is also 164 

important to consider the range of variability between models. Also, the dynamics of an 165 

ensemble may not be internally consistent, since it represents a combination of different models.  166 
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Currently, there is no agreed upon way of weighting different models in an ensemble. At 167 

the regional scale, weighting can be problematic because a model can correctly reproduce small, 168 

regional features for the wrong reasons. If this occurs, reproducing such features may be 169 

unrelated to the ability to make robust future projections (Stock et al., 2011). The 2013 IPCC 170 

report uses a “one model, one vote” approach for calculating ensemble means (Flato et al., 171 

2013). When calculating ensemble means and other statistics, remember that each model is not 172 

fully independent, since many models were constructed using similar code and mathematical 173 

equations.  174 

Despite advantages of using ensembles, it may be more practical to consider a single 175 

model in cases where one wants to compare a large number of projections from different 176 

scenarios. This can be useful for conservation or management studies to show the effects of 177 

different mitigation strategies. 178 

 179 

7. What if I am interested in processes occurring at a small spatial scale? 180 

 181 

ESMs are designed to simulate the Earth System at the global scale and reproduce broad 182 

regions of physical and biogeochemical variability. ESMs have a coarse resolution (~1° x 1°), 183 

although exact resolution varies between models. The atmospheric and oceanic components of a 184 

single model may have different resolutions or the resolution of the model grid may vary with 185 

latitude (i.e., finer resolution in the tropics to resolve equatorial currents).  186 

Typically ESMs cannot resolve mesoscale processes (e.g., eddies, fronts). Until recently, 187 

eddy-resolving models were prohibitively computationally expensive for anything beyond 188 

regional, multi-year simulations. Some next generation ESMs, currently under development, will 189 
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have a 0.1° to 0.25° resolution that can begin to resolve eddies (Griffies et al., 2015). Overall, 190 

smaller scale coastal processes that are of particular interest to aquatic ecologists may not be 191 

resolvable using current ESMs.  192 

Furthermore, river inputs in ESMs typically impact the freshwater balance only and do 193 

not yet modify ocean biogeochemistry. Thus, for the moment, a regional model will be better at 194 

capturing nearshore processes than an ESM. However, current research efforts are attempting to 195 

provide a global model of river/watershed export of nutrients 196 

(http://marine.rutgers.edu/globalnews/datasets.htm; last accessed: March 6, 2016).  197 

Researchers interested in processes operating at small spatial scales can explore 198 

dynamical and statistical downscaling, which is reviewed by Harris et al. (2014). Dynamical 199 

downscaling uses a global ESM to force the boundary conditions of a regional climate model 200 

with finer resolution. In statistical downscaling, empirical relationships between variables are 201 

used to increase spatial resolution in cases where fine-scale data are available for some variables. 202 

 203 

8. Why is process “X” not included in the model?  204 

 205 

Numerical models only include processes closely aligned to the primary goal of model 206 

development, which is making climate projections at a global scale. Models also only include 207 

processes that can be described with a mechanistic formulation or parameterized. Many 208 

empirical studies conclude with an argument that a process needs to be included in future models 209 

to improve accuracy (e.g., Davison et al., 2013; Holding et al., 2013, 2015). While there are 210 

several important ecological and biogeochemical processes that remain unresolved by ESMs, 211 

there is a risk of over-parsing or over-tuning a model by incorporating a process that, although 212 
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critical for a particular region or variable, may offset other model processes that were already 213 

effectively simulated. Adding new variables can increase computing time, while not improving 214 

overall model performance. Consequently, there is a clear trade-off when including new 215 

processes. Furthermore, there is a lag time between the discovery of an important process and its 216 

incorporation into a model, because models are developed in distinct phases. 217 

 218 

9. How can I assess model uncertainty? 219 

  220 

With hindcasts, model performance can be assessed through comparisons with 221 

observations. However, when working with future projections, there are no observations to 222 

which forecasts can be compared, so model uncertainty needs to be assessed in a different way. 223 

Climate scientists have developed the following framework to quantify model uncertainty 224 

(Hawkins and Sutton, 2009): 225 

  226 

1) Scenario uncertainty stems from uncertainty in future emissions of greenhouse gases 227 

and aerosols. In IPCC reports, this uncertainty is quantified by considering multiple 228 

emission scenarios.  229 

2) Model uncertainty exists in terms of what processes are incorporated into ESMs, how 230 

those processes are represented mathematically, and what parameters are selected. 231 

Model uncertainty is commonly assessed with a multi-model ensemble to quantify 232 

differences in projections among models. For a single model, model uncertainty can 233 

be partially quantified by performing sensitivity tests to determine how parameter 234 

choices affect results. 235 
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3) Internal variability in models reflects natural climate fluctuations, such as El Niño-236 

Southern Oscillation. Internal variability arises from differences in initial conditions 237 

at the start of a simulation, which evolve over time mimicking natural climate 238 

variability. Internal variability can be quantified by creating an ensemble where a 239 

single ESM is run multiple times with slight changes (~10-14) in initial conditions 240 

(Deser et al., 2012). 241 

 242 

10. How can empirical ecologists help inform models?  243 

 244 

The following are examples of challenges faced by modelers that could be resolved with 245 

the aid of observational or experimental ecologists: 246 

  247 

1) Synthesis of observational data available via open-access portals (e.g., the green 248 

ocean project website: 249 

http://lgmacweb.env.uea.ac.uk/green_ocean/data/index.shtml?d1; last accessed: 250 

March 6, 2016 ) 251 

2) Focus experiments and field campaigns on the regions most sensitive to climate 252 

change and those that are less predictable.  Also, coordinate these studies with 253 

modelers to assist with selecting sampling locations (e.g., Observing System 254 

Simulation Experiments) and  to help ensure that, when appropriate, the experimental 255 

results will help inform modeling to the maximum extent possible. 256 

3) Improved understanding from experiments or observations of the synergistic or 257 

antagonistic effects of multiple stressors (e.g., freshening, warming, deoxygenation) 258 
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4) Improved empirical constraints on ecological parameters used in models. Areas 259 

where such improvements are needed include: growth, predation, and sinking rates; 260 

physiological response to increasing CO2; and improved knowledge of functional 261 

group traits (e.g., distinct zooplankton groups [Sailley et al., 2013]). 262 

5) Mesocosm experiments to examine community-level changes and experiments 263 

examining acclimation, adaptation, and evolution in short-lived organisms. 264 

6) Experiments designed to look at full environmental gradients and variability, when 265 

possible, and within a range of naturally occurring conditions (e.g., temperature, 266 

irradiance, nutrients). It is especially helpful for modelers that experiments include a 267 

full range of values, since it is difficult to parameterize a model based on a limited 268 

number of experimental treatments that may represent extreme scenarios. 269 

  270 

In conclusion, collaborations between modelers and empiricists are critical for furthering 271 

knowledge of how ecosystems will respond to global climate change. For scientists new to 272 

scientists new to ESMs, we recommend developing collaborations with climate modelers in 273 

order to have a source of support for resolving queries and to get help understanding what 274 

features of a model are “real” vs. features that may arise due to idiosyncrasies of model design. 275 

Table 2 lists several references that can be consulted for further help with ESMs. Overall, we 276 

hope that this paper eases the burden of getting started with using ESMs, as well as spurs a 277 

greater dialog between modelers and experimental and field ecologists.  278 

 279 
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Table 1. A climate modeler’s vocabulary toolbox  360 
 361 

Vocabulary Definition 

Climate model A general term that applies to both GCMs and ESMs, but usually implies a 
model that includes ocean, atmosphere, and ice components. 

Coupled/uncoupled The term “coupled” is generally used to describe different model components 
(e.g., atmosphere, land, ocean, cryosphere) that fully interact, rather than one 
component forcing the other. For example, in a coupled model, atmosphere 
temperatures will influence those of the surface ocean, and vice versa. In 
contrast, in an uncoupled model, atmospheric conditions may determine or force 
surface ocean conditions, but not vice versa. 

Data assimilation Historical observations of oceanic and/or atmospheric conditions are used to 
adjust model output at each time step of a model run. When data assimilation is 
performed, climate variability in a model’s output will be in phase with the 
observed variability in oceanic and atmospheric conditions (e.g., El Niño events 
occur during the same years as in observations). This contrasts with normal 
ESM output where climate variability will be out of phase with observed 
variability if there is no data assimilation. 

Earth System Model 
(ESM) 

ESMs expand on the GCM by including the biosphere and chemosphere, thus 
capturing interactions and feedback between biological, chemical and physical 
processes. ESMs principally include the cycling of key elements and nutrients 
(i.e., O2, CO2, N, P). This allows climate scientists to see how much CO2 stays in 
the atmosphere for a given amount of greenhouse gas emissions rather than 
having to force the model with a prescribed concentration of atmospheric CO2. It 
is helpful to remember that all ESMs are GCMs, but not all GCMs are ESMs. 

Emissions 
scenarios 

Scenarios describing how greenhouse gas and aerosol emissions may change 
in the future. Currently, there are two sets of emissions scenarios that are widely 
used: Representative Concentration Pathway (RCP) vs. Special Report on 
Emission Scenarios (SRES). RCP scenarios were used for IPCC Fifth 
Assessment Report and are based on projected changes in radiative forcing 
(units: W/m2) by the year 2100. SRES scenarios were used in previous IPCC 
reports and are based on several economic growth and climate change 
mitigation scenarios. Furthermore, SRES scenarios prescribed certain 
atmospheric concentrations of CO2 during a given year, whereas RCP scenarios 
can allow CO2 concentrations to evolve due to exchange of gases between the 
atmosphere, land, and ocean. 

General Circulation 
Model (GCM) 

Three-dimensional model that numerically describes the physical processes in 
the atmosphere, cryosphere, ocean, and land surface and their interactions 
across a latitudinal/longitudinal grid that covers the globe. GCMs are a 
mathematical representation of fluid motion on a rotating sphere, integrated 
through time using the thermodynamic and Navier-Stokes equations. 
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Hindcast A climate model simulation that examines historical conditions. Hindcasts are 
often used to evaluate how closely the model can reproduce historical 
observations. According to the IPCC definition, a true hindcast will only 
assimilate data from the period prior to a particular event that is being predicted 
by the hindcast (Kirtman et al., 2013). In this way, hindcasts differ slightly from 
climate reanalyses. 

Initial conditions Initial values of variables set prior to model spin-up. Typically based on mean, 
observed values or a climatology. 

Model spin-up Model initialization phase conducted prior to the beginning of a simulation by 
using repeated, stable forcing. Spin-up is required to achieve a baseline state of 
consistent internal model dynamics from the initial conditions. 

Model validation/ 
verification 

Comparing hindcast model performance against observed data to assess 
overall skill or accuracy. 

Parameters Numerically defined properties of a system, such as in mathematical equations 
where parameters define the relationships between variables. Some examples 
from biological systems include: (a) phytoplankton growth rate where growth 
rate is parameterized as a function of light, nutrients or temperature; (b) 
Michaelis-Menton enzyme kinetics where the half saturation constant (1/2 Vmax) 
is a parameter that can be included in a model. The way a modeler formulates 
these relationships is referred to parameterization. 

Parameterization Simplification of an observed process or mechanism which is necessary due to 
computational constraints, lack of a full mathematical description, or substantial 
process knowledge uncertainty. 

Prediction The most likely way in which climate will change in the future. Predictions are 
often made over shorter periods of time (i.e., months-to-years) than projections 
so that it is not necessary to rely on future scenarios regarding greenhouse gas 
emissions or changes in other climate forcing agents. Predictions are usually 
made in a probabilistic manner. 

Projection A quantitative description of changes in future climate based on a climate model 
simulation and a scenario where greenhouse gases and/or other climate forcing 
agents change in a prescribed manner. A projection does not include any 
probabilistic information on the likelihood that a given scenario or the projected 
changes will occur. 

Reanalysis A model simulation of past conditions that uses data assimilation through the 
entire period of the simulation. Reanalysis products are typically used to more 
fully reconstruct time series in cases where there are gaps in the spatial and 
temporal coverage of observations. 

State variables The principal variables used to describe the climate system, such as 
atmospheric temperature, oceanic temperature, humidity, wind speed, pressure, 
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and salinity. Climate models focus on looking at the changes in these variables 
spatially and temporally. In a model, a set of mathematical equations are 
formulated around the state variables.  

Tracers An indicator that is used to examine changes over time in water mass properties 
due to advection, diffusion, mixing of water masses, and biological and chemical 
interactions. 

Tuning Adjusting the value of unknown parameters in a model post-hoc so that model 
outputs match observations to the greatest degree possible. This process is 
sometimes referred to as model calibration. 

  362 
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Table 2. Some additional resources for learning about and beginning to use Earth System 363 
Models 364 
 365 

Resource Description Reference 

Taylor et al. (2011) A description of the model experiments 
performed in conjunction with the 2013 IPCC 
report 

Taylor, K.E., R.J. Stouffer, and 
G.A. Meehl. 2011. An overview 
of CMIP5 and the experiment 
design. Bull. Amer. Meteor. Soc. 
93: 485-498.  

CMIP5 ensemble Complete collection of model output used in 
the 2013 IPCC report 

http://cmip-pcmdi.llnl.gov/cmip5/  
(last accessed: March 6, 2016) 

Community Earth 
System Model 
(CESM) 

Output from an ESM developed by the 
National Center for Atmospheric Research 
(NCAR). A "large ensemble" experiment was 
performed where this ESM was run 40 times 
in order to quantify the model's internal 
variability (Deser et al. 2012) 

https://www.earthsystemgrid.org
/home.htm (last accessed: 
March 6, 2016) 

MARine Ecosystem 
Model 
Intercomparison 
Project (MAREMIP) 

Intercomparison between all ESMs that have 
a marine biogeochemistry and ecosystem 
sub-model 

http://pft.ees.hokudai.ac.jp/mare
mip/index.shtml (last accessed: 
March 6, 2016) 

  366 



20 

Figure captions 367 
 368 
Figure 1. Schematic illustrating the process of downloading, reading, and pre-processing data 369 
files from IPCC-class models. 370 
 371 

 372 


