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Abstract/Executive summary

It is of major importance in modeling to understand and quantify the uncertainty in model
predictions, both in order to know how much confidence to have in those predictions, and
as a first step toward model improvement. Here we show that there are basically three
different approaches to evaluating uncertainty, and we explain the advantages and
drawbacks of each. This is a necessary first step toward developing protocols for
evaluation of uncertainty and so obtaining a clearer picture of the reliability of crop
models.
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Introduction

Crop models, like all mathematical models of complex systems, are only approximations to
the real world. The predictions of these models are never perfect; they have errors
compared to observed responses. We speak of “uncertainty” in model predictions, to
represent the fact that simulated behavior is not identical to observed behavior. Until the
observation is actually made we have only simulated values, so we are uncertain as to
what the observed behavior will be.

It is of major importance in modeling to understand and quantify the uncertainty in model
predictions, both in order to know how much confidence to have in those predictions, and
as a first step toward model improvement. The purpose of this paper is to present a
framework for quantifying and understanding the uncertainty in model predictions.

The definition of uncertainty
We begin be defining model error «¢:

&=Yi— f(Xi;é) (1)
where the index i refers to some particular plot, Y; is the observed value of the response

in question for that plot (e.g. observed yield) and f(Xi;é) is the simulated value of the

response, which depends on the explanatory variables for that field X, (often daily
weather, soil characteristics, management and initial conditions) and the parameter values

of the model 6 .
The plot i can be any plot in our target population. Each plot will have a different error ¢,

and those errors will have some distribution. We refer to the distribution of ¢, as the

model predictive uncertainty. Often rather than dealing with the full probability
distribution, we estimate just model mean squared error of prediction.

Estimating the distribution of model error

In standard regression theory we can obtain an expression for the distribution of model
error (Myers 2007). However, that is not applicable to the crop model situation, because
standard regression analysis is based on several assumptions which probably don’t apply to
crop models. First, standard regression analysis (Wallach 2011). We must therefore
estimate the uncertainty in crop model predictions without simple assumptions about
model error. Three different general approaches are available, as detailed below.

a. Use hindcasts

The basic assumption here is that errors of prediction in the future will be similar to errors
that were observed when using the model in the past. Then if we have hindcasts for a
model, we can use the probability distribution function (pdf) of the errors in those
hindcasts as our estimate of the probability distribution function for model error in the
future.

This assumption will be justified if both the past and future conditions are random samples
from the same underlying population. This approach estimates uncertainty for the model
which has some specific parameter values.

There have been numerous studies where error for individual models has been evaluated
using historic data (for example Abedinpoura et al. 2012; Ben Nouna et al. 2000; Soler et
al. 2007; Mkhabela & Bullock 2012; Biernath et al. 2011).

The advantage of basing uncertainty on error in hindcasts is that it automatically takes
into account all sources of error. It is important to keep in mind that if past data has been
used to estimate model parameters (often referred to as model calibration or model
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tuning), then hindcast errors for those same data are no longer representative of future
uncertainty.

b. Propagate uncertainty in parameters or inputs

The general procedure here is to posit a probability distribution for the uncertain factors
(model parameters or input variables), run the model multiple times with different values
drawn from that distribution, and then take the resulting distribution of outcomes as a
representation of the uncertainty resulting from the uncertainty in those factors. Here we

treat ¢ as a random variable. The distribution for each individual parameter often comes
from the literature, and represents the range of values for the parameter that have been
reported. Examples can be found in (Richter et al. 2010; Dzotsi et al. 2013).

If a statistical procedure to parameter estimation is used, then the statistical procedure in
general provides information about parameter uncertainty and also about model residual
error. (lizumi et al. 2009; Wallach et al. 2012) for example estimated crop model
parameters, and their distribution, using a Bayesian approach.

One can also study the uncertainty due to uncertainty in model inputs, i.e. in the
components of X. Examples are given in Aggarwal 1995, Mearns et al 1999, Rivington 2006,
Roux et al. 2014; Ruane et al. (2013).

c. Estimate uncertainty based on multi-model ensembles

Multiple research groups around the world have developed different crop models that can
be used for predicting the same outcomes. Rather than selecting a single model and
accepting its results, the approach here is to take the distribution of simulated values as
an approximation to the uncertainty in the predictions.

The model is here treated as chosen randomly from an ensemble of models. The
uncertainty is that due to the random choice of a model from within the ensemble of
models. Examples are (Asseng et al. 2013; Palosuo et al. 2011; Rotter et al. 2012; Bassu et
al. 2014).

One advantage of this method is that it takes into account uncertainties in model structure
and equations and also, at least to some extent, uncertainties in model parameters.
Another advantage of this approach is that one can evaluate the uncertainty as a function
of the situation (value of X). A final advantage is that it is well adapted to studying the
uncertainties in cascades of models (Tao et al. 2009; Tao & Zhang 2010).

A major shortcoming of the multi-model approach is that there could well be cases where
all the models agree quite closely but all the models are wrong. This would correspond to
the case where the first term on the right in eq.

Fehler! Verweisquelle konnte nicht gefunden werden. is large, and the second term on
the right, which is taken to represent uncertainty, is small.

Open questions

There are still a number of open questions related to approximating the uncertainty in
predictions of crop models. First, despite the fact that there have been multiple studies on
model uncertainty, we still do not have a clear overall picture of how large prediction
uncertainty is, for different situations, for example for different outputs, for different
methods of calibration, etc. Partly this is because there has been no thorough review of
the literature on this topic. Such a review is difficult, because of the diversity of methods
for evaluating uncertainty that have been used. Hopefully, the recent increase in
collaboration among modeling groups will lead to more homogeneous studies of model
uncertainty and to a better understanding of how reliable crop models are.

There are also questions related to the methodology of estimation of prediction
uncertainty. Estimating the uncertainty due to parameter uncertainty is one major
difficulty. In particular, there is no commonly accepted definition of the reference value
for the parameters, and no commonly accepted method for quantifying the uncertainty in
estimating the reference value.



The use of model ensembles also poses methodological problems. One set of questions
relates to the choice of the models in the ensemble. How should these be chosen? How
many are needed? Another question concerns the combination of ensemble modeling and
propagation of parameter uncertainty. In climate modeling, there are studies where one
uses both multiple models and multiple parameter values for each model (Rosenzweig et
al., 2013b; Nelson et al., 2014).. One could envision a similar procedure for crop models,
but this does not seem to have been done. We do not know if this would substantially
increase the estimated uncertainty, and make our estimations more realistic.
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