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Why independence matters

There is increasing pressure in climate and weather pre-
diction to quantify the uncertainty associated with predic-
tions. We begin by outlining the main sources of uncertainty 
in prediction, using the systems diagram shown in Fig. 1 
(broadly following Liu and Gupta (2007) and Abramowitz et 
al. (2007)). This illustrates three categories of input variables 
upon which a model prediction is based: 
•	 Model inputs: these are time varying input variables. In 

a coupled climate model these might include solar ra-
diation changes, carbon emissions scenarios and human 
land use changes.

•	 Model parameters: these are time-invariant input vari-
ables. These might include spatially explicit surface prop-
erties that do not change over the period of simulation, 
physical constants and parameters for empirically ap-
proximated processes.

•	 Model states: stores of mass or energy that are time 
evolving. These might include atmospheric, ocean and 
soil temperatures; concentrations of CO2 or aerosol par-
ticles; vegetation or ocean biotic distributions.

 While the names of these categories of variables may dif-
fer between research groups, the broad conceptualisation of 
the modelled system remains the same. As a brief diversion, 
we note that the distinction between a model parameter and 
a model input, time-invariance, is subtle, but extremely im-
portant. While the characterisation of any particular quan-
tity as a parameter or input is clearly just a question of model 
definition, the choice of characterisation is fundamental to 

model evaluation. For example, suppose we model a quan-
tity, y, which we assert is linear with respect to time, propos-
ing the model y = mt. If after further study we suggest that m 
must vary with time (say to fit some new observational data), 
we now need another model to describe the variation of m. It 
is clear then that we no longer have a linear model, and that 
by holding on to the original model we are just redefining a 
non-linear problem. We have effectively admitted that our 
original model has failed to give adequate insight into the 
relationship between y and t.
 Conceptualising uncertainty in the input, parameter and 
state space is relatively easy as they are real number spaces. 
Most commonly we use joint probability density functions 
(jpdf or just pdf) to describe this uncertainty. Uncertainty 
estimation in model prediction has to date largely been the 
process of propagating these pdfs, using Bayesian or fre-
quentist techniques, through the model to the output vari-
ables. A well-known example of this is climateprediction.net 
(Stainforth et al. 2005), where thousands of perturbed pa-
rameter runs of the HadCM3 climate model were used to 
estimate the climate response to anthropogenic CO2 forcing. 
While a pdf of model output behaviour obtained in this way 
might reasonably represent the probability of a particular 
outcome in a model, it is clearly not equivalent to the prob-
ability of the event actually occurring. This distinction, we 
suggest, is at least partly because of model space uncertainty 
(see Fig. 1).
 The most common approach to overcoming this issue is 
the use of multi-model ensemble simulations (e.g. Meehl et 
al. 2007; Gillett et al. 2002). That is, use a weighted combi-
nation of different models to make the prediction (usually 
just the mean of all models). The rationale is that different 
modelling groups produce quite different models and so 
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provide independent estimates, but this independence is 
rarely, if ever, quantified (Tebaldi and Knutti 2007). Models 
may be different for a variety of reasons (broadly following 
Abramowitz and Gupta 2008):
(a) Different components of the system may be included in 

each model. This can be thought of as a difference in per-
ceptual models – the components we see or imagine are 
part of the natural system.

(b) Different component interactions may be included. This 
can be thought of as a difference in conceptual models – 
the nature of the relationship between components.

(c) Different symbolic representation of processes that are 
included – that is, differences in the translation from con-
ceptual model to mathematical model. 

(d) Differences in numerical, spatial or temporal scale imple-
mentation, or precision – the numerical model.

 Of these four model building steps, the first constitutes 
the choice of included processes and the last three deter-
mine differences in model space characteristics between 
models, as defined in Fig. 1. Just as we want independent 
estimates of parameters, inputs and initial states to estimate 
our uncertainty and construct pdfs in the real number spac-
es above, we want independent estimates of the model itself. 
 We know, however, that groups share literature, parame-
trisations in their models, even sections of model code. 
Worse, we are commonly guilty of fostering ‘parental affec-
tion’ for our models, actively shunning other equally plau-
sible hypotheses for a given problem – clearly not a good ap-
proach to addressing a scientific question. There are several 
good reasons to suspect a lack of independence in the suite 
of models we use. How then can we meaningfully define in-
dependence in what is clearly not a real number space?

Conceptions of independence

There are at least two ways to think about model indepen-
dence. Firstly we could classify models based on the inde-
pendence of their structure – what proportion of parame-
trisations do models share? There is a parallel in this 
conception with evolutionary cladistics – two living things 
are ‘similar’ if they have evolved from a common genetic 

base (although the analogy is not perfect – models rarely 
evolve from a single source, indeed usually contain compo-
nents from several other models which are swapped in and 
out from time to time).
 The other obvious approach is to classify models based 
on their simulation values – the amount by which models 
differ in some output(s) in the same set of conditions reflects 
the level of their independence. The analogy in this case is 
with Linnaean taxonomy – two living things are ‘similar’ if 
they look similar. While both these understandings of inde-
pendence have meaning, since we’re usually interested in 
making predictions with models, we’ll focus on this output-
based conception of independence. 
 Even once we’ve made this decision, defining indepen-
dence is not easy. Perhaps the simplest case is when we know 
both the variable and cost function that is important. (For ex-
ample we might only be interested in prediction of monthly 
mean temperature at a single location, and are happy to ne-
glect any other measures that may point to heatwaves or the 
values of other variables.) In this case, given an observed time 
series, independence between ensemble members is simply 
zero correlation in their residual (model minus observed) time 
series. This is an obvious definition because it minimises the 
variance of the residual of the mean of the model ensemble. If 
two models have residual time series of variance 1 (arbitrary 
units) then the average of the two will have residual variance 
0.5. This idea has been explored in Jun et al. (2008).
 A different approach is to define independence without 
reference to an observational data-set. Abramowitz and 
Gupta (2008) tried to project the model space on to a metric 
space (in the mathematical sense) so that a distance between 
models could be constructed as a proxy for model indepen-
dence. This raises the possibility of considering this project-
ed space in a statistical framework by using existing metric 
space properties. The distance between two models in this 
case was based entirely on differences in their predicted 
values in similar circumstances, without any comparison 
to observations. This construction allows an observational 
data-set to be considered as a de facto model, and helps to 
illustrate why it can be helpful to consider model indepen-
dence and model performance as unrelated properties of 
multi-model ensemble members.

Fig. 1 A typical systems representation of a model showing input, parameter, state and output spaces as real number spaces.
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 Suppose that Fig. 2 is a representation of the projected 
model space, showing four models and two observational 
estimates of the true system. First, consider the left-hand 
panel. If we were asked to select the three best performing 
models, we would probably choose models 1, 4 and 2 (us-
ing the distance between a model and the observations as a 
proxy for performance). Note that it would not necessarily 
be the case that an ensemble of these three models would 
outperform an ensemble of all four.
 Next, if we were asked to select the three most indepen-
dent models, we would probably choose models 3, 2 and 
1, using the distance between models as a proxy for inde-
pendence. The grey circles represent a ‘dependence radius’ 
around each model that might be an exclusion threshold for 
ensemble members. You might convince yourself that an 
ensemble of these three models might well outperform the 
four-model ensemble.
 Selecting weights for an ensemble is never so simple 
though. Models 1 and 4 might seem dependent (close to-
gether), but consider a case where the same models are 
applied to different data-sets (right-hand panel in Fig. 2). It 
should be clear that their proximity is not necessarily a prob-
lem. If two models are close together but spread around the 
observations, then their closeness reflects their mutual good 
performance. While these figures clearly present a simplis-
tic picture it helps to illustrate the difficulties of weighting 
model performance and model independence.
 We are also now in a position to clearly answer ‘why do we 
want independence; don’t we want the models to converge to 
observed values?’ This is perhaps the most common question 
to arise during discussions of model independence. Consider 
an analogous estimation problem to multi-model ensemble 
prediction. Imagine three people are walking toward the top 
of a hill, and that our technique for estimating where the top 

of the hill is located is calculating the average position of these 
three people. It would clearly be a foolish technique if all three 
people started climbing from the same place – ideally we 
would like them to approach from three positions 120 degrees 
apart relative to the summit. In fact we want this to remain 
true regardless of how close the group gets to the summit. 
That is, we want to maintain model independence relative to 
the observations, regardless of how good the models become 
in terms of performance. This will maximise the performance 
of the average of ensemble members.

The way forward

How then can we begin to address independence in experi-
mental design? As was recognised some time ago,

‘The effort is to bring up into view every rational explana-
tion of new phenomena, and to develop every tenable hy-
pothesis respecting their cause and history. The investiga-
tor thus becomes the parent of a family of hypotheses: and, 
by his [sic] parental relation to all, he is forbidden to fasten 
his affections unduly upon any one.’ (Chamberlin 1890).

That is, working with and defending one model is not an 
effective scientific strategy. Developing a modelling frame-
work that allows for multiple models or modelling ap-
proaches simultaneously is much more likely to yield unbi-
ased results. A rare example of an attempt to do this is given 
in Clark et al. (2008), albeit in a very limited two-layer hydro-
logical modelling framework. Extending such an idea to cli-
mate modelling remains an essential but extremely difficult 
task. Several significant barriers exist. The execution time 
of just a single 100-year realisation in a current generation 
climate model is several months. A single realisation can in-
corporate very little if any consideration of parameter, initial 

Fig. 2 A representation of the projected model space illustrating the utility of considering model independence and model per-
formance as unrelated quantities and the difficulty of weighting the two in multi-model ensemble projections (see text).
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state or input uncertainty, let alone model space uncertainty. 
Financial barriers exist in that it takes a team of many scien-
tists, sometimes hundreds, to maintain and develop a single 
climate model. Model execution requires extremely expen-
sive supercomputing facilities, and each model run gener-
ates many terabytes of output, even when temporally or 
spatially aggregated to focus on areas of research interest. 
A considerable political challenge also exists in coordinating 
climate modelling groups globally so that individual models 
or modelling frameworks are more likely to contribute inde-
pendent prediction information to global investigations (e.g. 
Meehl et al. 2007), rather than duplicating efforts to produce 
very similar models that may bias the ensemble average.
 Even more immediately, the goal of developing even 
a sample of a fully coupled global modelling environ-
ment where alternative strategies or parametrisations can 
be swapped in or out of a modelling system is very diffi-
cult. Coupling models still most commonly involves many 
months of ‘tuning’ so that the eccentricities or biases of each 
component do not interact with each other to cause runaway 
feedback. While this raises questions about the quality of the 
components, they usually behave very well in uncoupled en-
vironments and the task of finding the causes of these prob-
lems can be extremely difficult.

Conclusion

Model independence poses a problem in multi-model en-
semble prediction. To obtain an unbiased prediction, we 
need not only unbiased estimates of model parameters, 
initial states and inputs but also many independent, equal-
ly plausible hypotheses for process representations in our 
models. While a couple of examples of attempts to define 
model independence exist, they remain limited in their appli-
cability to broader coupled climate and weather prediction. 
Even if an independence measure were to be agreed, signifi-
cant challenges remain in deciding the relative weighting of 
model performance and model independence. Minimising 
this issue will involve incorporating many conceptually dif-
ferent representations and equally plausible treatments of 
processes within a single modelling framework.
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