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A B S T R A C T

We present work using two long-term climate datasets to show that nitrogen fertiliser is an important aspect of
yield projection for three major crops. The ability of linear models using climate variables as predictors to
accurately project the yield of maize, rice and wheat over multi-decadal scales is improved with the addition of
fertiliser as an input.

Highly productive nations including Argentina, India, Poland and South Africa show significant improvement
in yield simulations and show that fertiliser use should not be discounted when estimating yield variability. The
use of nitrogen fertiliser in the generalised linear models improves yield forecast by 18% using the Princeton
climate dataset and 23% using the WFDEI climate dataset. This work therefore supports the use of additional
predictors than climate for improving the ability of statistical models to reconstruct yield variability.

1. Introduction

Statistical models have been used in a number of studies to identify
contributing factors or project crop yields. Statistical models have been
used at sub-country and country scales (Estes et al., 2013; Hernandez-
Barrera et al., 2016; Wang et al., 2014; Zhou and Wang, 2015) in ad-
dition to continental (Iglesias et al., 2012) and global simulations
(Lobell and Burke, 2010). They have also been used to for analysis of
the role of different drivers controlling yield variability and trend of
various crops including maize (Estes et al., 2013; Iglesias et al., 2012;
Lobell and Burke, 2010; Zhou and Wang, 2015), rice (Wang et al., 2016;
Zhou and Wang, 2015) and wheat (Estes et al., 2013; Hernandez-
Barrera et al., 2016). Further detailed reviews of the use of statistical
models include Boote et al. (2013), Shi et al. (2013) and White et al.
(2011).

The alternative to using a statistical model is to use a process based
model which simulates the growth and development of the crop.
Detailed descriptions of process based models are found in the model
description papers and examples include APSIM (Keating et al., 2003),
LPJmL (Bondeau et al., 2007), ORCHIDEE-Crop (Wu et al., 2016) and
STICS (Brisson et al., 2003) among many others. The Agricultural
Model Intercomparison Project (AgMIP) has performed comparisons
between multiple process based models and has shown the benefits of
working with many models (Martre et al., 2015; Müller et al., 2017).

Many statistical models of crop yield rely on the assumption that the
interannual variability (IAV) of yield is driven entirely by climate, here

we investigate to what extent the contribution of fertilizer use mod-
ulates climate driven yield IAV (Shi et al., 2013). The different amount
of fertiliser could partly explain why two regions of the same climate,
experience a difference in yield and yield variability. The addition of
fertiliser as an input into simple statistical models may also explain
more of the variability in current yields which is important if statistical
models are to be used for future projections.

Comparisons of statistical and process based models have arrived at
several conclusions. With the lower complexity of statistical models
they are generally much quicker than the process based counterparts.
Statistical models are suitable for linking yield to yield influencing
factors, however when outside of their training range their reliability is
weakened (Gornott and Wechsung, 2016). Statistical models using data
close to their training range are suitable for use in making projections
(Lobell and Asseng, 2017).

The use of climate only drivers in statistical models of crop yield
means that projections made by these models do not take into account
the change in use of fertiliser. Fertiliser use is an important component
of past yield trends and as the yield gap is still partly attributed to
insufficient fertiliser input in some regions, fertilisers are therefore a
key driver of future yield trends. Statistical models have been used with
nitrogenous fertiliser in previous studies including Iglesias et al. (2012).
In addition Mueller et al. (2012) has found that maize, rice and wheat
are nutrient limited in several regions which therefore indicates that
information on nitrogen fertiliser is important. The variability of the
climate contributes strongly to the yield variability, fertiliser usage
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varies to a smaller extent and therefore models aiming at attributing
IAV may not assign fertiliser a high priority.

2. Materials and methods

The statistical models require several inputs to function: planting
and harvest dates determine the growing season which is used to find
the seasonal meteorology which is used as a predictor of yield. The
growing season sometimes crosses the end of the calendar year, here all
yields are taken as relating to the time of planting. The yield data used
to train the models was derived from the UN FAO (FAOSTAT, 2014)
and was gridded onto the 0.5° grid used by the meteorological data
using the nearest neighbour method for any grid cells that cross country
borders. The UN FAO data is generally country scale, however Brazil,
China, the USA and some other large countries supplied sub-national
data. The Ag-GRID GGCMI harmonisation project produced data for
planting and harvest of major crops and the maize, rice and wheat re-
sults were used to define the seasons (Elliott et al., 2015).

Two meteorological variables were selected as inputs for the sta-
tistical models: total seasonal rainfall and mean seasonal temperature.
These variables were calculated from two climate forcing datasets. One
is the updated and extended Princeton University Hydroclimatology
Group Bias Corrected 59-yr (1948–2006) Meteorological Forcing
Dataset originally described in Sheffield et al. (2006) and updated in
Sheffield et al. (2012) (hereafter Princeton dataset). The second is the
WATCH-Forcing-Data-ERA-Interim dataset described in Weedon et al.
(2014) (hereafter WFDEI dataset).

The fertiliser data is the new input used in this study as an addi-
tional predictor of yield. The annual mean fertiliser data in kg/ha/yr
were extracted at country level from the Supplementary data Annex 2
of Lassaletta et al. (2014), this country level data was subsequently
gridded onto the 0.5° grid used by the meteorological data using the
same method as the FAO yields. The fertiliser is a nitrogenous fertiliser
with no information for phosphorous or potassium. The sources of ni-
trogen in the fertiliser dataset are described in Figure 5(c) of Lassaletta
et al. (2014) where it is shown that the relative fraction of synthetic
fertilisers is increasing with respect to organic fertilisers.

2.1. Model description

The statistical models were built using the robust linear model tool
in MATLAB, the robust linear models are less sensitive to outliers than
least squares models and were utilised for that purpose (Holland and
Welsch, 1977). The reduction in the impact of the outliers is done using
a bisquare weighting which weights values depending on their proxi-
mity to the fitted line. In each grid cell, for each crop (maize, rice and
wheat) a model was developed.

The input yields, meteorological data and fertiliser input have been
detrended before use in the statistical models. The natural log of the
yield data was taken before detrending, this allows the model to show
relative differences instead of absolute ones. Two degree polynomial
detrending was selected over linear detrending (Lobell et al., 2011; Shi
et al., 2013). The purpose of the models is to predict yield variability,
therefore the input data have been detrended to prevent the models
ascribing changes in yield to long term trends. To predict trends in
yields would require other predictors related to technical improvement
such as pesticides, irrigation and trends in fertiliser application. The
detrending will remove long term changes in yield, such as increases
from changes in phenology from breeding, or the deployment of pes-
ticides. Step changes will not be removed using the detrending and this
is a known vulnerability of the type of model used.

The equation solved by each grid cell is shown in Eq. (1) and gen-
erates separate parameters for each crop. Where Y is the natural log of
the yield, T is mean seasonal temperature, P is total seasonal pre-
cipitation, F is total fertiliser amount, i is the index for the grid cell and t
is the index for the year. Each model is run on data from 1961–2009
(Princeton) and 1979–2009 (WFDEI). This model style has previous
been used to investigate crop response to climate e.g. Estes et al.
(2013), Hernandez-Barrera et al. (2016), Lobell and Burke (2010),
Wang et al. (2016), Zhou and Wang (2015).
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Fig. 1. Significance values for models for climate only (left) and climate and fertiliser (right) for maize (top), rice (middle) and wheat (bottom) using meteorology from the Princeton
dataset.
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