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The human population is exponentially increasing and is projected to reach or exceed 9 billion by
2050. Accordingly, demand for agricultural goods such as cereals and oil crops is expected to grow by
more than 200%. To meet crop production targets under a variety of dynamic environmental conditions,
new solutions, including further advances in crop genetics and improved crop management practices
(e.g., irrigation, fertilizer application, and crop rotation), are required [1]. Controlled experiments
that are required to test all potential solutions across the range of environmental conditions are not
feasible. Crop models remove experimental limitations and allow us to explore the complex response
of crops under different environmental and management scenarios in silico. Incorporating data on
genetics, weather, soil, and management practices has greatly improved crop modelling. Accordingly,
more complex models, which include water/nutrient uptake, energy utilization, and environmental
tolerance, enable the simulation of crop yield at increasingly high levels of detail [2].

The standard approach of simulating crop adaptation to climate change is to first calibrate the
crop model to observational data (i.e., to minimize the differences between the actual and predicted
crop yield) and then to run future scenarios. However, increasing the number of parameters and
variables in these climate- and process-based crop models increases their uncertainty of the estimated
yield of a specific crop cultivar for a target environment (Figure 1). The magnitude of this uncertainty
varies from model to model and depends on the approach (i.e., empirical or process-based) used to
model the effect of climate change on crop physiology (e.g., heat stress) or on grain development and
yield estimations [3-8]. Moreover, the sensitivity of crop models to one environmental parameter
(e.g., temperature) would also influence the magnitude of the effect of other parameters on yield
formation. This is due to mechanistic or empirical interactions between parameters (e.g., CO, X
temperature) in crop models which may lead to inaccurate estimates of crops’ adaptive potential under
different environmental and management scenarios.

Currently, crop yield uncertainty is estimated by calibrating multiple crop models to the
observational data. However, these data often comprise shorter time spans than the future scenarios for
which crop adaptive behavior is predicted. Moreover, there is substantial uncertainty associated with
the climate models that are used to generate future scenarios. Thus, it is difficult to accurately estimate
the uncertainty of future crop yield predictions without considering both the uncertainty of climate
models and propagation of uncertainty. In addition, divergent responses to increasing temperature
(i.e., increased growth or heat stress) need to be simulated more precisely. By considering all major
sources of uncertainty and divergent crop responses, the accuracy of future crop yield predictions and
crop adaptive potential can be improved. This, in turn, enables the assessment of novel solutions to
meet future food demand.
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Figure 1. Crop model simulation framework with different sources of uncertainty affecting model
predictions. Note: Further details of crop models are detailed in previous studies [3-8].
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