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Abstract

The rapid expansion of soybean-growing areas across Europe raises questions about the
suitability of agro-climatic conditions for soybean production. Here, using data-driven
relationships between climate and soybean yield derived from machine-learning, we made yield
projections under current and future climate with moderate (RCP 4.5) to intense (RCP 8.5)
warming, up to the 2050s and 2090s time horizons. The selected model showed high R? (higher
than 0.9) and low RMSE (0.35 t ha!) between observed and predicted yields based on cross-
validation. Our results suggest that a self-sufficiency level of 50% (100%) would be achievable in
Europe under historical and future climate if 4-5% (9-11%) of the current European cropland is
dedicated to soybean production. The findings could help farmers, extension services,
policymakers and agribusiness to reorganize the production area distribution. The
environmental benefits and side effects, as well as the impacts of soybean expansion on land-

use change, would need further research.
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Introduction

The satisfaction of European” soybean demand is highly dependent on imports. Currently,
Europe imports about 58 Mt yr! of soybean which accounts for nearly 90% of the domestic
consumption?! (average over 2009-2013; Table S1). This large share of soybean imports in
Europe takes it roots in the post-World War Il international trade agreements between Europe
and the USA that allowed tax-free entry of protein imports into Europe?. Price support for
cereals cultivated within the European Economic Community led to a strong growth of cereal
production in Europe at the expense of grain legumes3. This political context explains why the
extent of legume production area has been limited in Europe, despite the increasing demand.
Only 1.7% of European cropland area was used for soybean production in 20161. However, it is
well-documented that legume (including soybean) production and consumption have numerous
benefits. First, it increases yield of the subsequent crop and reduces occurrence of weeds and
pathogens 4° (agronomic benefit). Second, it reduces use of nitrogen (N) fertilizer due to
symbiotic N fixation and associated reductions in greenhouse gases emissions and energy use>’
(environmental benefit). Lastly, legume consumption contributes to reducing risks associated
with chronic diseases, such as cardiovascular diseases, diabetes, cancer, obesity and gut health®
(human health benefit, see >° for soybean). On the other hand, increases in legume-producing
areas may lead to side effects. For example, in comparison to cereals, soybean production

contributes less to soil carbon sequestration>!2, It may also lead to an increased reliance on

* « Europe » refers to the FAO category which includes Russia
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pesticides (e.g. pea'?) orirrigation (e.g. soybean'#). Despite these side effects, the overall
benefits of increasing the share of legume crops in European agricultural systems are still

expected to be positive?.

Among commonly cultivated grain legumes, soybean stands out as the crop species
experiencing the fastest expansion rate in Europe with an increase of more than four-fold from
1.2 Mha in 2004 to 5 Mha in 2016 (Figure S1) in response to a rising demand for locally-
produced, non-GM soybean®¢, This expansion is expected to continue in the next decade but
at a slower pace'’. In this context, a Europe-wide assessment on the agro-climatic suitability of
soybean production areas under current and future climate is of strategic importance. Building
on two recently published global datasets including historical soybean yield 1% and
retrospective meteorological forcing?®, we developed data-driven relationships between climate
and soybean yield to estimate soybean suitable areas over Europe. Several machine learning
algorithms were trained and tested at the global scale (Random Forest, Artificial Neural
Networks, Generalized Additive Model, and Multiple Linear Regression) to predict soybean yield
as a function of monthly climate inputs (solar radiation, minimum and maximum temperature,
rainfall, and vapour pressure) calculated over the growing season (April to October). A large
share of the training data was taken from major soybean-producing countries (Argentina, Brazil,
Canada, China, India, Italy and the United States), and zero-yield data points were randomly
sampled in climate zones known to be unsuitable for soybean production (e.g. deserts and
arctic areas) and added to the dataset so that they represented about 20% of the final dataset.
The most accurate algorithm was selected after running a cross-validation procedure assessing

model transferability in time and space?!. The selected algorithm (Random Forest) was then run
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for the entire Europe to assess potential distribution of soybean suitable area in rainfed
conditions under current and future climate. Projections of soybean suitability in Europe were
performed using 16 climate change scenarios consisting of bias-corrected data produced by
eight Global Climate Models of the Coupled Model Intercomparison phase 5 (CMIP5)?2 and two
Representative Concentration Pathways (RCPs; 4.5 and 8.5 W m2) 23 in the 2050s and the 2090s.
The projections assume a growing season from April to October and no irrigation, although
soybean is often irrigated in Europe!®. The no irrigation assumption prevents us from making
any hypothesis about available water for irrigation, which is a complex issue especially under
climate change?*. We therefore acknowledge that our yield projections are probably a bit
conservative from that point of view. Day length, soil type and atmospheric CO, concentration
are other factors not accounted for in our model, justification of these choices and implications

for the results are discussed at the end of the paper.

Results

Model fitting and selection

Among algorithms tested in this study, Random Forest appears to be the most accurate in terms
of root-mean-squared error of prediction (RMSEP) and Nash—Sutcliffe model efficiency
coefficient (MEF) (Table 1, Figure S2). It achieves the lowest prediction error (RMSEP =0.35t ha~
1) and the highest efficiency (MEF = 0.93), as estimated with an unstratified cross validation
procedure. It also displays the best transferability in time (RMSEP = 0.45 t ha ! when applied to
years different from those used for training) and space (RMSEP = 0.43 t ha! when applied in
locations distant by 500 km — or 5 grid-cells — from those used for training). Our results reveal

that transferability in space decreases with increasing distance between training and test

4
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datasets for all models, with a threshold of 1000 km above which the performance of the
selected algorithm deteriorates markedly (Table 1). However, despite the limited number of
grid-cells located in Europe in the training dataset, most European cropping areas are within
1000 km of these grid-cells (Figure S3). This provides a good level of confidence in yield
projections from the selected algorithm, except in the north-east (Ukraine, Belarus, Russia,
Latvia, Estonia, Lithuania), west (Ireland), the south-west and south-east (south-western Spain,

Portugal, Turkey), where projections should be interpreted with more caution.

Projections of soybean yield in Europe

The projections of the Random Forest algorithm — which assume no irrigation and a fixed
growing period from April to October — suggest high suitability for soybean under historical and
future climate (Figure 1). Under historical climate (Figure 1A), about 106 Mha show projected
yield equal or higher than 2 t ha* (Figure 2B), while in 2016 the soybean production area in
Europe was only 5 Mha with 2 t ha! of average yield®. Therefore, soybean suitable area appears
to be much larger than current harvested area in Europe, which suggests that soybean
production is not limited by climate conditions. Our projections indicate an overall positive
effect of climate change on soybean yield, with a projected increase of median soybean yield
from 1.2 t ha'under historical climate to 1.6 t ha™* (2050s — RCP 4.5) and 1.8 t ha™* (2090s — RCP
8.5), even without effects of elevated CO; concentration (Figure 2A). Importantly, the increase
in the extent of low-yielding suitable areas (+27% to +42% for areas with projected yield

> 1.5 t halrelative to historical climate) was associated with a decrease in the extent of high-
yielding suitable areas (-65% to -100% for areas with projected yield > 2.5 t ha relative to

historical climate) (Figure 2B, Table S2). The decrease in medium-yielding suitable areas was



109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

substantial under RCP 8.5 (-21% to -58% relative to historical climate) compared to RCP 4.5 (-4%
to -10%). These changes reflected losses in the South (e.g. Spain, Italy) and gains in the North
and the East (e.g. Russia, Ukraine, Poland, and Belarus). The northward and eastward shifts of
higher-yielding suitable area and the decrease of suitable area in the South of Europe would
become noticeable by the middle of this century (Figure 1B,D) and further intensify by the end
of this century, in particular under RCP 8.5 (Figure 1C,E). Although the projections made by the
end of the century are probably more uncertain, we highlight that these projections do not
involve any extrapolation of the model beyond the range of training data (historical growing
season climate). Indeed, only 0.03% of the data samples in the future climate scenarios fall out
of the range of training climate data (Figure S4, Table S3). Moreover, current available evidence
from farmer’s fields and on-station field experiments (Figure S5-A) as well as from available
estimates of current soybean harvested area in Europe (Figure S5-B) confirms that soybean can
be grown at high latitude in Europe of 55°N to 57.5°N (corresponding to the northern part of

Latvia).

Comparison with process-based crop models

Previous studies relied on dynamic process-based crop models to estimate the impact of current
and future climate on soybean yield at the global scale?>?%, although none of them focused in
Europe specifically. We compared our projections of soybean yield (obtained with the RF
algorithm) to soybean yield values simulated by the Agricultural Model Intercomparison and
Improvement Project (AgMIP), which is based on state-of-the-art global process-based crop
models (see Methods for details). Although a detailed comparison of projected yield levels

between the two approaches is hampered by different underlying assumptions (i.e. RF
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simulates actual yields while AgMIP simulates water- and nitrogen-limited yields), the results of
our comparative analysis indicate a good level of agreement between the conclusions obtained
from RF and AgMIP. First, outputs from AgMIP confirm that a large share of the European area
is expected to be suitable under historical climate conditions (Figure S6). Second, RF yield
projections under historical climate fall within the range of yields simulated by the individual
AgMIP models in most part of Europe (Figure S7 and S8), except northern Germany, Belgium,
Czech Republic, Slovakia and Belarus where RF predictions are lower; and south-western France,
northern Spain, southern Danube region, southern Ukraine and Russia and northern Turkey
where RF predictions are higher. Regions with higher RF predictions than AgMIP correspond
mainly to current major soybean producing regions in Europe, where the highest yield levels in
Europe are reported (Figure S9). In these high-yielding areas, the data-driven approach (RF)
seems to better simulate the high yield values currently observed there than the process-based
models (AgMIP). Regions with lower RF predictions than AgMIP are located in the north of
Europe where soybean is not currently grown by farmers (Figure S5). As no or very few
observed yield data is available in these areas, further research is needed to determine which of
the AgMIP or the RF predictions are the most accurate. However, this comparison suggests that
the use of RF leads to conservative results in these areas that could possibly underestimate
soybean production but are unlikely to overestimate it compared to AgMIP. Third, similarly to
RF, AgMIP simulations suggest that a shift of suitable areas toward the north-east is most likely
with climate change (Figures S10 to S13). According to AgMIP, this shift would become

noticeable by mid-century with little differences between RCPs, and intensify by the end of the
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century especially under RCP 8.5, which is consistent with RF projections (Figure 1). All these

conclusions hold with and without effect of CO; fertilization included in the simulations.

Climate drivers of projected yield changes

To identify climate drivers of projected shifts in soybean suitability, we performed a linear
discriminant analysis (LDA) to find out combinations of climate variables that best discriminate
three types of yield response — yield decrease (by at least -0.3 t ha'), yield increase (by at least
+0.3 t ha!), and a marginal change (projected yield change between -0.3 and +0.3 t ha!) — when
comparing RCP 4.5 in the 2050s to historical climate (Figure S14). The +/- 0.3 t ha threshold
was chosen to be higher than the observed interannual variability of soybean yield in Europe,
which is 0.2 t ha? (standard deviation) over the 2000-2014 time period®. We also performed the
same analysis with RCP 8.5 in the 2050s, but we present results for RCP 4.5 because conclusions
are similar. The LDA showed an overall accuracy of 89%, and was able to discriminate between
grid-cells experiencing yield increase or yield decrease (Figure 3A, Table S5). This analysis
reveals the key role of temperature (both minimum and maximum) in driving projected yield
changes. Indeed, climate variables showing the highest contributions to the first two linear
discriminants are mostly temperature variables (Figure 3B-C, Figure S15). Our results suggest
that projected yield decrease in the South of Europe is mainly associated with detrimental
warming effects during the reproductive period in warmer regions. Maximum temperatures in
months 4 and 5 of the growing season (i.e. July-August) reach 31.3°C and 30.9°C, respectively,
under RCP 4.5 in the 2050s (Table 2), which exceeds the optimum of 28.5-30°C for pollen
germination (see Table S7 and references therein). These results are consistent with findings

reported by 2728 for soybean in the US, who reported significant negative effects of
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temperatures higher than 30°C on yield. Conversely, projected yield increase in the North and
East of Europe are mainly associated with positive warming effects in colder regions, where an
increase of temperature is expected to have a positive effect on soybean yield because
temperatures get closer to the optimum for a number of physiological processes in soybean
(Table 2, Table S7). A detailed analysis of the Random Forest algorithm using partial dependence
plots relating temperature variables to simulated soybean yield (Figure S16) confirms that
model outputs are very consistent with the current knowledge on soybean physiology (Table
S7). Indeed, several temperature thresholds established from field experiments are captured in
the partial dependence plots: the minimum temperature of 4°C for germination (Figure S16-A),
the minimum temperature of 10°C and optimum temperature of 30°C for pollen germination
(Figure S16-B-D-E), the maximum temperature of 40°C for crop development pre- and post-
anthesis (Figure S16-B-C). Together these results suggest that the soybean yield projections

presented in this paper are in line with the current understanding of soybean physiology.

Area requirements for soybean self-sufficiency in Europe

Our projections of soybean suitable area suggest untapped opportunities to increase soybean
production in Europe. We estimated the soybean production area required to reach a self-
sufficiency level of 50% and 100% based on yield projections presented in Figure 1. A three-step
procedure was followed. First, we assumed that soybean could only be grown on current
cropland?®. Under this assumption, soybean cannot be grown in place of permanent pastures, in
line with the Common Agricultural Policy of the European Union aiming at their protection3°,
Second, we considered four scenarios for the increase of soybean frequency in crop sequences.

In these scenarios, soybean is grown one year in three, four, five, or six years, which correspond
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to 33%, 25%, 20%, and 16% cropland area in a grid-cell under soybean, respectively. These
scenarios are consistent with observed and recommended soybean frequencies in crop
sequences in Europe. Indeed, a 1-in-3 year or 1-in-4 year soybean cultivation is often
recommended to limit the risk of disease occurrence3! (especially those caused by two fungal
pathogens Sclerotinia sclerotiorum and Rhizoctonia solani*?33), although higher frequencies are
observed in Europe33* and other countries3>3®, Third we assumed that soybean is grown
preferably in high-yielding grid-cells. This assumption could be tested more thoroughly by
comparing the profitability of soybean to other crop species currently grown in these areas.
However, these economic considerations are beyond the scope of this study as they depend on
market dynamics and the evolution of public subsidies which are subject to considerable
uncertainty. Therefore, soybean areas were allocated to grid-cells ranked in decreasing order of
projected yield values until the cumulated production (calculated as the product of area and
yield) reached 50% and 100% of current annual soybean consumption of Europe (58 Mt in
average over 2009-2013%). Results suggest that a self-sufficiency level of 50% (100%) would be
achievable in Europe under historical and future climate whatever the frequency of soybean in
crop sequences, if 4 to 5% (9 to 11%) of the current European cropland is dedicated to soybean
production (Figure 4, Figure S17). For the self-sufficiency level of 50%, this share corresponds to
11 to 14.5 Mha or about 2 to 3 times larger than the current European soybean area (5 Mha in
2016%). For the self-sufficiency level of 100%, the corresponding values are 24.5 to 32.4 Mha or
about 5 to 6 times larger than the current area (Figure 5A). Harvested area maps indicate that

four crops currently dominate the area needed to achieve 50% and 100% soybean self-
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sufficiency (Figure 4): wheat is the main crop with 36 to 43% of the area, followed by maize (14-

31%), barley (10-21%), and sunflower (7-15%) (Table S8).

Potential nitrogen fertilizer savings from soybean expansion

An expansion of soybean area may have some environmental benefits, in particular by reducing
nitrogen (N) fertilizer applications. Soybean is an N»-fixing crop which is usually fertilized at very
low rates or even not fertilized at all with nitrogen, saving N-fertilizer use compared to other
crops. Assuming soybean is not fertilized with nitrogen in Europe, and using published global
maps of crop-specific N-fertilizer rate3’3® (Figures S18 to S20), we estimated N-fertilizer savings
from the replacement of fertilized crops (e.g. wheat) by unfertilized soybean. Results show that
the extra soybean area needed to reach 50% (100%) self-sufficiency would reduce total N-
fertilizer use in Europe by 4 to 7% (13 to 17%) (Figure 5C). This estimate is likely to be
conservative because additional N-fertilizer savings could be expected from reducing N-fertilizer
rates applied to non-legume crops following soybean in the crop sequence by about 20 kgN ha?,
as commonly recommended by agronomists for cereals in relation with the high N content of
legume residuals #°. However, an accurate estimation of this positive effect of soybean as a
previous crop for cereals would require assumptions about which crops would preferentially be

replaced by soybean, which is out of scope of this study but deserves further research.
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Discussion

Large opportunities to increase soybean production in Europe

Our study shows that soybean suitable area estimated from agro-climatic conditions is much
larger than current soybean harvested area in Europe, even under projected climate change. It
also suggests that current and future climate would allow Europe to grow enough soybean to
reach a self-sufficiency level of 50%, i.e. five time greater than the current level of 10%.
Moreover, our projections suggest that achieving 100% self-sufficiency is possible, at least from
an agro-climatic point of view. Although the 100% self-sufficiency scenario might not be a
realistic target for a number of reasons discussed below, this nevertheless highlights the large
opportunities to increase soybean production in Europe. These results have concrete
implications for Europe. First, soybean production doesn’t appear to be limited by climate only.
Socio-economic factors are currently limiting the development of soybean as well, like low
market competitiveness compared to other crops or imported soybean, lack of value chains
development, public subsidies in favor of cereals, difficulty to account for non-market
environmental benefits of soybean, low information dissemination on best management
practices, as previously mentioned by other studies 3. Second, our results show that a shift of
soybean suitable areas from the south of Europe towards the north-east of Europe is projected
under climate change by the middle of this century, according to the moderate and intense
climate change scenarios considered (RCPs 4.5 and 8.5). Therefore, the relative profitability of
soybean production in the different countries within Europe might change accordingly. By
highlighting regions with high projected soybean yield under both current and future climate,

our findings could help policymakers and agribusiness to reorganize the production area
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distribution. This could also be of interest for breeders, who recently started making efforts to
create soybean varieties specifically adapted to European conditions, especially high latitudes®°.
In this study, moderate and intense levels of warming were considered. These two emission
scenarios were selected to consider both strong (RCP8.5) and moderate (RCP 4.5) impacts of
climate change.

On the environmental impacts of soybean expansion in Europe

Based on a simple assumption that non-fertilized soybean would replace N-fertilized crops, we
estimate that the expansion of the soybean area needed to reach 50% and 100% self-sufficiency
and the resulting decrease of crop areas receiving high amounts of N-fertilizer would reduce
total N-fertilizer use in Europe by 4 to 7% and 13 to 17%, respectively. The excess use of N-
fertilizers is widely recognized to be associated with negative impacts on soil, air, and water
quality, climate change (through greenhouse gases emissions from manufacture and field
application), and biodiversity conservation®. Therefore, our results suggest that the reduction
in N-fertilizer use resulting from a soybean expansion in Europe could have positive
environmental effects. However, further research is necessary to better quantify the possible
benefits and side effects. Increasing soybean area might also help control pests, diseases, and
weeds in European agricultural systems through a diversification of cereal-based intensive
cropping systems®. For example, it is now well established that diversifying crop sequences help
control weeds, especially when the diversity of sowing periods (e.g. autumn, spring) in the crop
sequence increases*'. An expansion of the soybean area also questions agricultural water
management. Indeed, an increase in soybean acreage will have an impact on water demand,

and this impact can be negative or positive depending on which crop is replaced by soybean. As
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soybean is a summer crop, its cultivation in replacement for a winter crop (e.g. wheat) is
expected to increase water demand during summer and negatively impact water resources,
especially in Southern Europe'*?4. On the other hand, if soybean replaces another irrigated
summer crop such as maize, the demand for summer water should decrease because the
amount of water applied is generally higher on irrigated corn than on irrigated soybeans®2.
Soybean expansion and land use change in Europe and abroad

Projected shifts in soybean suitable area and possible expansion of soybean area in Europe
could have important implications in terms of land use, both in Europe and in major soybean
producing countries. For example, if an additional 9 Mha of soybean is grown in place of wheat
(this corresponds to area requirements for 50% self-sufficiency), the European wheat
production area (60 Mha, average 2013-2017) would be reduced by 15% with strong
consequences on wheat production. Identifying which crop would be more likely replaced by
soybean remains an open question, but our results indicate that four crops currently dominate
the area needed to achieve 50% and 100% soybean self-sufficiency: wheat, maize, barley, and
sunflower (Table S8). An expansion of soybean area into previously uncultivated land could have
negative impacts for the environment through associated GHGs emissions and potential loss of
biodiversity. A large increase in European soybean production would also have potential
impacts in other countries. As previously mentioned, Europe currently imports about 90% of its
domestic soybean consumption. A large share of these imports come from South America,
particularly Argentina, where a link has been established between the deforestation of the Gran
Chaco dry tropical forest — a biodiversity hotspot*® — and global demand for soybeans**. Given

current soybean yield level in Argentina (2.9 t hal, average 2013-2017%), the additional soybean
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production needed for Europe to achieve 50% self-sufficiency would represent about 8 Mha of
soybean area in Argentina, or more than 40% of the national soybean area in Argentina. Overall,
these results suggest that an expansion of the European soybean area could help prevent
deforestation in biodiversity hotspots. However, we acknowledge that land use dynamics are
difficult to anticipate because of their complexity®, and international trade needs be considered

through economic modeling.

On the use of machine learning to model soybean yield

In recent years, machine learning techniques have been successfully applied to predict yields of
a variety of crops in different world regions*®=4°. Consistently with those previous studies, the
results presented here demonstrate the good predictive ability of the Random Forest algorithm
when applied to soybean, with a RMSEP of 0.35 t ha™l. Two important results reinforce the
reliability of the conclusions drawn from our model. First, the model behavior is very consistent
with current knowledge on soybean physiology, as shown by partial dependence plots relating
temperature variables to yield (Figure S16, Table S7). This is remarkable as no information was a
priori included in the model on this point. Second, our projections do not involve any
extrapolation of the model beyond the range of data used for training (Figure S4, Table S3).
Our machine learning algorithm (RF) has also several advantages compared to standard
parametric statistical models. RF does not make any prior assumption on the relationship
between soybean yield and climate inputs. RF is able to handle nonlinear effects and complex
interactions between climate inputs which would have been difficult to include in standard
statistical models. Moreover, with RF, the yield response to climate is data-driven and does not

rely on pre-specified equations. The good performance of our model suggests that the
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combined use of large global climate and yield data sets with machine learning techniques is a
promising approach to studying the impact of climate on agricultural production. One key point
underlying this is probably the wide range of climate conditions captured in training data.

The assessment of transferability in space revealed that our model predictive ability decreased
markedly when the distance between training and test grid-cells was higher than 1000 km
(Table 1). The global soybean yield dataset we used in this study? contains only a few grid-cells
in Europe, which are located in the north of Italy (Figure S21). This low amount of grid-cells
located in Europe is consistent with the limited (although expanding) extent of soybean
production area in Europe, which was especially true around the year 2000 that corresponds to
the time period depicted by the dataset we used*®. These few grid-cells located in Europe are of
great value as they allow capturing local features of soybean yield — climate relationships in our
model. However, increasing the number of observed soybean yield data in Europe appears as a
great opportunity to improve yield predictions from climate inputs. To this end, databases
containing large amounts of experimental data such as the one recently published by Cernay et
al.>% could be used in the future to update our projections.

Potential effects of some factors not included in the model

Our predictive model presents some limitations due to the fact that several factors are
neglected, in particular day length and maturity group, soil type, atmospheric CO;
concentration, and shifting growing season due to climate change. Soybean is known to be a
short-day plant that needs day length to stay below a given threshold to flower at a maximum
rate: if day length exceeds this threshold, flowering is delayed and maturity might not be

reached before the end the growing season®!. This critical day length depends on the maturity
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group: soybean cultivars of high maturity groups have a low critical day length while cultivars of
low maturity groups have a high one®. Therefore, high maturity groups are usually cultivated at
low latitudes and low maturity groups at high latitudes. However, day length has not been
included in the predictors of our model because it is a function of latitude, and thus there is a
risk of confounding effects associated with environmental or socio-economic variables
correlated with latitude (e.g. GDP per capita, access to fertilizer and modern varieties >2).
Likewise, maturity group was not taken into account directly because, to our knowledge, no
global dataset of soybean maturity groups is available. We believe this approach is likely to have
a small impact on our results for three reasons. First, model residuals show no association with
latitude (Figure S27 A). Importantly, residuals were not larger and did not reveal any bias at high
latitudes where day length might be an issue. Second, although short day lengths may be an
issue at high latitudes, there is already some evidence from farmer’s fields and field
experiments that soybean could be grown at high latitude (up to 55-57 °N) in Europe (Figure S5-
A). Third, our model doesn’t project high yields at latitudes higher than 55-57 °N. Nevertheless,
we acknowledge that further research will benefit from exploring soybean cultivation at high
latitudes with process-based crop models including the effect of day length on soybean
physiology?3.

Soil type is known to have impacts on crop growth and yield in multiple ways. However, no
reliable historical soil dataset is currently available at the global scale for key soil characteristic
relevant to crop growth>*>>. We therefore decided not to include soil type in our model.
Nevertheless, we note that some analyses based on global soil datasets suggest no important

limitation to root growth in European soils®, thus making our yield projections more likely to be
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pessimistic than optimistic. Additionally, published maps of European soil types®’ highlight the
existence of specific soil types in the North of Europe (e.g. leptosols in Norway, and podzols in
Scandinavia), and the North-East of Europe (e.g. albeluvisols in Russia), but these areas are not
identified as high-yielding soybean areas in our projections.

In line with previous work, we do not consider the effect of an increase in atmospheric CO;
concentration on soybean yields because this effect is still very uncertain due to many complex
interaction mechanisms, and is still widely discussed in the research community>8-%3, However,
if an increase in atmospheric CO; concentration positively affects soybean yield as suggested by
the most up-to-date quantitative synthesis of available experimental and modeling studies
(which reports an estimated global average yield increase of soybean of +11% for an increase in
atmospheric CO; concentration of +100ppm)®4, it further supports our findings that large
opportunities exist to improve Europe soybean self-sufficiency under climate change. And
although it is likely that an increase in atmospheric CO; concentration will impact absolute
yields, there is no evidence that it will change the relative yields of the different geographical
regions, and thus the ranking of the grid-cells considered here.

Our projections assume a fixed growing season from April to October. A shift in the growing
season (sowing date and cultivars with different maturity or length of growing cycle) might offer
opportunities for crop adaptation to climate change. But investigation of these effects is not
straightforward with the RF algorithm we used for projections, and this raises a number of
methodological questions that are out of the scope of this paper. For example, a possible caveat
of statistical models including RF is that the extent to which a shortened crop duration and

associated yield losses under increased temperature conditions is accounted for is unclear. The

18



389

390

391

392

393

394

fixed growing season assumed in this study may be a reason for relatively optimistic soybean
yield projections. However, in Northern and Eastern Europe, the positive impact of climate
change on yields can be interpreted as the result of a decrease in cold stress, which would
compensate for the negative impact of reduced crop growth duration. Here again, further
research will benefit from the use of process-based crop models able to capture these

processes, to make comparisons with the results presented in this paper.
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Methods

Soybean yield, irrigated fraction, and climate data

Soybean yields used in this paper are from the global dataset of historical yields updated version
1819 This includes grid-wise soybean yields worldwide with the grid size of 1.125 degree, which
covers the period 1981-2010. Yield values reported in this dataset result from the combination
of national-scale yield statistics from the FAO, global crop calendars and harvested areas, and
satellite-derived net primary production values. Therefore, the grid-cell yields are estimated
values resulting from the combination of several sources of information. In this dataset, the
soybean harvested areas are those of the year c.a. 2000, and are kept constant (Figure S21). The
geographical coverage of soybean harvested area found in'8 is relatively limited compared to
other datasets3® because in some parts of the world the crop calendar used to generate grid-cell
yield estimates® is missing. Regarding historical climate data, the global retrospective
meteorological forcing dataset tailored for agricultural application (GRASP) was used?. This
dataset contains monthly average of five climatic variables relevant in explaining crop growth
and yield: daily maximum and minimum air temperatures at 2m, daily precipitation, daily solar
radiation, and daily vapor pressure. These variables are available for the period 1961-2010 at
the same spatial resolution as yield data, i.e. a grid size of 1.125 degree. Other meteorological
forcing datasets are available®®, but uncertainties associated with different datasets are small at

monthly time scale. The SPAM2005 v3.2 dataset (available at http://mapspam.info/) was used

to retrieve irrigated soybean fraction in each grid-cell®’. This dataset provides the irrigated and
rainfed harvested area for a set of crops (including soybean) at the global scale for around the

year 2005, at a spatial resolution of 5 arc min (~0.08 degree). These data were regridded to the
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spatial resolution of the yield data (1.125 degree) using the projectRaster() function of the raster

R package with argument method set to “bilinear”.

Data preprocessing

We focus on the major soybean producers representing 91% of the global soybean harvested
area, namely Argentina, Brazil, Canada, China, India, Italy, and USA (Figure S21). Information
regarding yield data and crop calendars (sowing and harvest dates) — needed to define the
growing seasons — may be considered more reliable for major soybean producers than for minor
players. Moreover, previous studies suggest that soybean actual yield is close to the estimated
yield potential in at least some areas within these countries, e.g. in USA 98, Argentina ®°, and
Brazil 7°. This is of importance because climate effects on soybean yield are easier to detect
when non-climatic factors (e.g. sub-optimal management) are not limiting yield. We remove all
grid-cells with soybean areas lower than 1% of grid-cell area, a threshold below which we
consider soybean production to be too marginal to be included in the analysis. To avoid any
confusion with technological progress, soybean yield data are detrended in order to remove the
increasing trends of soybean yield time series due to improved cultivars and technological
progress 1. For all grid-cells, yield time series are detrended using a cubic smoothing spline f(t)
and each yield data is then expressed relatively to the expected yield value in 2010 as Yd(t) =
f(2010) + A(t), where f(2010) is the smoothing spline yield estimate for the year 2010 (the most
recent year available in the yield dataset) and A(t) is the yield anomaly A(t) = yield(t)- f(t).
Histograms of soybean yields before and after detrending are shown in Figure S22. The soybean
growing season is defined country-by-country according to the crop calendars provided by the

Agricultural Market Information System (available at: http://www.amis-outlook.org/amis-
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about/calendars/soybeancal/en/). Based on this source of information, the soybean growing

season is considered to range from April to October in China, USA, and Italy, from November to
May in Argentina and Brazil, from May to November in Canada, and from June to December in

India.

Adding zero yield data

In order to take into account climate conditions preventing soybean cultivation and leading to
zero yields, the yield dataset was expanded by adding grid-cells located in climate zones known
to be environmentally unsuitable for crop production, like deserts and arctic areas. Six climate
zones from the last version of the Koppen-Geiger climate classification (available at

http://koeppen-geiger.vu-wien.ac.at/present.htm 72) were selected, and 67 grid-cells were

selected at random in each selected climate zone, so that added zero yield values represented
20% of the final dataset. The six selected climate zones are described in Table S9, and a map
showing locations of added grid-cells is available in Figure S23. The final dataset includes 30,337
yield data values. This procedure allows us to significantly increase the range of environmental
conditions captured in our dataset, which has been shown to have a strong impact on the

performances of such models’3.

Modeling soybean yield

Detrended soybean yield data is related to 35 climate variables defined at a monthly time step
over the seven months of the soybean growing season, plus the fraction of irrigated area, i.e. a
total of 36 variables. The 35 climate variables are monthly mean daily minimum and maximum
temperatures (Tmin and Tmax, degree Celsius), monthly total precipitation (rain, mm month),

monthly mean daily total solar radiation (solar, MJ m=2 day?), monthly mean air vapor pressure

22


http://www.amis-outlook.org/amis-about/calendars/soybeancal/en/
http://koeppen-geiger.vu-wien.ac.at/present.htm

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

(VP, hPa). Four different approaches are used to predict yield from the 36 input variables:
Artificial Neural Network (ANN), Random Forests (RF), Generalized Additive Model (GAM), and
Multiple Linear Regression Model (MLR). All these algorithms were fitted using the R software
v3.4.0. For ANN we used the neuralnet() function of the neuralnet package’, with one 10-
neurons hidden layer and default values for other parameters. RF was fitted with the ranger()
function of the ranger package’®, with a number of trees set to 500 and default values for other
parameters. MLR was fitted with the g/m() function of R, and GAM was fitted with the gam()

function of the gam package’®.

Assessing model transferability in time and space

The model predictive ability is first assessed using a bootstrap approach with 25 out-of-bag
samples generated by bootstrap, using the train() function of the caret R package. However,
recent articles have highlighted the importance of rigorous cross-validation strategies to ensure
that the predictive capacity of a given algorithm is evaluated on data as independent as possible
from the data used to train that algorithm?!. Here, we run two cross-validation strategies to
assess transferability of the above algorithms in time and space. Transferability in time was
assessed by splitting the dataset into two periods in order to assess the ability of each algorithm
to predict a period of time different from the one used for the training: 1981-1995, and 1996-
2010. In a first step, each algorithm was fitted on 1981-1995 to predict 1996-2010. In a second
step, each algorithm was fitted on 1996-2010 to predict 1981-1995. Transferability in space was
assessed using a five-step procedure implemented for each algorithm in turn: (i) select a grid-
cell at random in the yield database (excluding the zero yield cells), (ii) define 7 buffer zones of

different sizes (radius) around the selected grid-cell (radius values are 100 km, 500 km, 1000
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km, 1500 km, 2000 km, 2500 km, and 3000 km), (iii) for each buffer zone, remove grid-cells
within the buffer zone and fit the algorithm on the rest of the dataset (including added zero
yield grid-cells) — note that to avoid any confusion with the size of the training dataset, the
training dataset was composed of 700 grid-cells selected at random outside the buffer zone, (iv)
predict the 30 years of yield for the grid-cell selected at step (i) considering each buffer zone in
turn, (v) compute average error of prediction over years for the selected grid-cell considering
each buffer zone in turn. This procedure is repeated over 10 grid-cells selected at random in
each country in order to estimate transferability in space for various degree of spatial proximity
between the training and test datasets. Assessing transferability in space is key here because of
the low number of grid-cells located in Europe in the historical soybean yield dataset (Figure
S21). Therefore, making projections of soybean yield in Europe will necessarily imply some
degree of transferability in space of the algorithm. In both cases (transferability in space and
time), predictive ability was measured by computing the root mean square error of prediction
(RMSEP, t ha'?), and Nash—Sutcliffe model efficiency (MEF, unitless). An efficiency of 1
corresponds to a perfect match of modeled to observed data, an efficiency of 0 indicates that
predictions are as accurate as the mean of observed data, whereas an efficiency lower than zero
occurs when the observed mean is a better predictor than the tested algorithm. The algorithm
showing best transferability in time and space (i.e. the lowest RMSEP and highest efficiency)
among ANN, RF, GAM, and MLR is used for projections of soybean yield in Europe under current

and future climate.
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Yield projections in Europe under current and future climate

We used 16 climate change scenarios consisting of bias-corrected data of eight Global
Circulation Models (GCM; GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-LR, MIROC5, MIROC-ESM,
MIROC-ESM-CHEM, MRI-CGCM3, and NorESM1-M, used in the Coupled Model Intercomparison
phase 5 (CMIP5)%? and two Representative Concentration Pathways (RCPs; 4.5 and 8.5 W m2)23,
Details on the bias-correction method used here is available in 77. Although daily data are
available in the bias-corrected GCM outputs, we computed and used monthly data in our
analysis. We consider three time periods for projections: 1981-2010 (historical), 2050-2059, and
2090-2099. We present the median predicted soybean yield over the eight GCMs. Soybean
growing season used for prediction is April to October. All projections assumed irrigated fraction
equals to zero. Projections are shown only on agricultural area (cropland plus pasture), in the

year 2000%° (Figure S24).

Comparison with process-based crop models

The soybean yield projections performed with the RF model were compared to the outputs of
the Agricultural Model Intercomparison and Improvement Project (AgMIP). AgMIP is a major
international effort of coordinated agricultural modeling aiming at the improvement of crop
models for assessing impacts of climate change and variability on agriculture’®. Crop models
used in AgMIP are process-based while our RF model is data-driven and make use of a machine
learning algorithm with no explicit representation of crop physiological processes. This major
difference between the two approaches makes the comparison of their outputs very relevant to
assessing the robustness of our results. To perform this comparison, we used two datasets from

AgMIP: (i) the Global Gridded Crop Model Intercomparison phase 1 dataset?® for historical
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yields, hereafter referred to as the “GGCMI phase 1 dataset”, and (ii) the AgMIP global fast-track
climate impact assessment dataset’® for future yields under different climate change scenarios,
hereafter referred to as the “AgMIP fast-track dataset”. The AgMIP fast-track dataset was
obtained using the on-line tool described by Villoria et al.?%. Both datasets provide annual
simulated yields for a number of crops including soybean, simulated with different Global
Gridded Crop Models. In the GGCMI phase 1 dataset (historical period), 14 Global Gridded Crop
Models, up to 11 weather datasets, 3 management harmonization levels, and purely rainfed and
fully irrigated conditions were used in the simulations. In the AgMIP fast-track dataset (future
scenarios), 7 Global Gridded Crop Models, 4 RCPs, 5 Global Circulation Models, and two options
for the effect of CO; fertilization (with and without) were used in the simulations. The
comparison with the outputs of our RF model was performed using a subset of those
simulations. Selected simulations were chosen to maximize consistency with the input variables
used in our RF model, and to rely as much as possible on the same crop models over the
historical period and future scenarios considered. The resulting subset of selected simulations is
presented in Table S10 for the GGCMI phase 1 dataset, and in Table S11 for the AgMIP fast-track
dataset. Then, the median simulated yield over years, crop models, and (when relevant) GCMs

was computed and mapped, in the same way as described above for the RF model outputs.

Analysis of climate drivers of projected yield changes

A Linear Discriminant Analysis (LDA) was performed to identify combinations of climate
variables that best discriminate between three groups of grid-cells. These groups of grid-cells
are defined as Group 1: yield decrease (projected yield change < - 0.3 t ha'), Group 2: yield

increase (projected yield change > +0.3 t ha'!), and Group 3: marginal change (yield change
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between -0.3 and +0.3 t ha!) (see Figure S14 for a map of the geographical repartition of these
three groups in Europe). The 0.3 t ha! threshold was chosen to be higher than the observed
interannual variability of soybean yield in Europe, which is 0.2 t ha (standard deviation) over
the 2000-2014 time period?!. The LDA was performed with the function /da() of the MASS R

package, with default settings.

Area requirements for soybean self-sufficiency in Europe

In average over 2009-2013, Europe domestic supply of soybean was composed of 32 Mt of
soybean cake, and 18 Mt of soybean grains (Table S1). Assuming a conversion factor of 0.8
between soybean grains and soybean cake, this is equivalent to a total domestic supply of 58 Mt
of soybean grain. This value was kept constant in future scenarios because (i) the European
soybean domestic supply is relatively stable since the 2000s (Figure S25 A), and (ii) there is little
effect of GPD per capita on soybean domestic supply when GDP per capita exceeds 20 000 USS
per year (this value that has been exceeded since about 2005) (Figure S25 B). We estimate the
soybean production area required to reach a self-sufficiency level of 50% and 100% based on
yield projections presented in Figure 1. A three-step procedure was followed. First, we assumed
that soybean could only be grown on current cropland?® (Figure S24 A). Under this assumption,
soybean cannot be grown in place of permanent pastures, in line with the Common Agricultural
Policy of the European Union aiming at their protection®. Second, we considered four scenarios
for the increase of soybean frequency in crop sequences. In these scenarios, soybean is grown
in one year in three, four, five, or six years, which correspond to 33%, 25%, 20%, and 16%
cropland area in a grid-cell under soybean, respectively. Third we assumed that soybean is

grown preferably in high-yielding grid-cells. Based on this assumption, soybean areas were

27



569 allocated to grid-cells ranked in decreasing order of projected yield values until the cumulated
570 production (calculated as the product of area and yield) reached 50% and 100% of current

571 annual soybean consumption of Europe.

572  Potential N-fertilizer savings from soybean expansion
573  Soybean is an N»-fixing crop which is usually not fertilized with nitrogen. Recent data collected
574  inafarm survey in France (588 farmers) indicate that only 5% of soybean fields received

575 mineral-N fertilization (average rate 45 kgN ha?) in 2016 (www.terresinovia.fr, unpublished

576  data). Thus N-fertilizer savings are generated when soybean replaces an N-fertilized crop like
577  wheat. To estimate potential N-fertilizer savings if soybean production area expanded enough
578  to reach self-sufficiency, we used published global maps of crop-specific N-fertilizer rate and
579 harvested area for wheat, barley, maize, potato, rapeseed, sugarbeet, and sunflower (Figure
580 S18and S19) 3738 These maps report data for around the year 2000, but represent the most
581 detailed spatially-explicit crop-specific dataset on N-fertilization to date. Crop specific N-

582 fertilizer rate were area-weighted to generate a unique map representing average N-fertilizer
583 rate of major arable crops in Europe (Figure S20). Then, this map was combined with maps of
584  soybean production area required to reach self-sufficiency under the different climate scenarios
585  (Figure 4, and Figure S17) to calculate potential N-savings of soybean area expansion. Finally,
586 calculated potential N-fertilizer savings were compared to total agricultural N use in Europe that

587 is 13.7 Mt N (average in 2009-2013%).

588  Data availability
589 The soybean yield projections generated during this study have been deposited in the Zenodo

590 repository (DOI: 10.5281/zenodo.6136215) (ref®?)
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Code availability
R code to reproduce key results of this paper is available at:

https://github.com/nguilpart/soybean vyield projections europe
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610 Tables

611  Table 1. Performances assessment of the tested machine learning algorithms. Soybean yield was expressed as a function 5 climate variables (daily
612 minimum and maximum temperatures, rainfall, solar radiation, and vapour pressure) calculated monthly for a 7-month growing season, plus the
613 irrigated fraction in a grid-cell, making a total of 36 predictors. The whole dataset contains 30,337 yield observations from 1981 to 2010. The

614 model predictive ability is first assessed using 25 out-of-bag samples generated by bootstrap. Then, transferability in time is assessed by fitting the
615 algorithms on a period of time different than the predicted period, and transferability in space is assessed by ensuring a minimum spatial distance
616 between training and test datasets, with seven minimal distances ranging from 100 km to 3000 km considered successively. RMSEP: root mean
617  square error of prediction (t ha). RMSEP values for transferability in space are the median over 70 RMSEP values (10 grid-cells * 7 countries). MEF:
618 Nash—Sutcliffe model efficiency. An efficiency of 1 corresponds to a perfect match of modeled to observed data, an efficiency of O indicates that
619 model predictions are as accurate as the mean of observed data, whereas an efficiency lower than zero occurs when the observed mean is a better
620 predictor than the model.

Random Artificial Neural Generalized Multiple Linear
Forest Network Additive model Regression

RMSEP MEF RMSEP MEF RMSEP MEF RMSEP MEF

Random sampling with replacement (bootstrap) 0.35 0.93 0.53 0.53 0.55 0.82 0.83 0.60

Transferability in time

1/ Training period: 1981-1995

Predicted period: 1996-2010 0.44 0.88 0.68 0.72 0.60 0.78 0.84 0.57
2/ Training period: 1996-2010

Predicted period: 1981-1995 0.46 0.87 0.62 0.76 0.61 0.77 0.83 0.59

Transferability in space

100 km 0.25 0.57 0.43 0.05 0.42 0.28 0.55 -0.46
500 km 0.43 0.26 0.76 -1.26 0.57 -0.08 0.69 -0.87
1000 km 0.72 -0.40 0.79 -1.34 0.80 -0.65 0.82 -1.41
1500 km 0.89 -0.90 0.98 -1.94 0.93 -1.22 0.90 -1.73
2000 km 1.00 -1.33 0.91 -1.73 0.97 -1.37 0.92 -1.77
2500 km 0.98 -1.31 0.98 -1.94 0.97 -1.40 0.95 -2.08
3000 km 1.02 -1.42 0.55 -0.68 0.98 -1.61 0.98 -2.25
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Table 2. Temperature changes associated with a decrease (Group 1) or a decrease (Group 2) in
projected soybean yield under RCP 4.5 by mid-century relative to historical climate. Reported
temperature values represent mean values for each group of grid-cells. Group 1: yield decrease
(projected yield change < - 0.3 t ha?), Group 2: yield increase (projected yield change >+ 0.3 t ha"
1). Groups are the same than those in the Linear Discriminant Analysis presented in Figure 3, but
for clarity, only Group 1 and Group 2 are presented here (see Table S6 for a description of all
groups and other climate variable means by group). The GRASP dataset?° is used for historical
climate, and the median over height Global Circulation Models?? is shown for RCP 4.5 by mid-
century. Yield projections are performed with the Random Forest algorithm presented in Table 1
and Figure S2.

Group 1 Group 2

yield decrease yield increase

Climate Month* Historical 2050s Historical 2050s
variable climate (RCP 4.5) climate (RCP 4.5)

1 15,3 16,5 10,6 13,1
2 21,1 22,6 17,6 19,6
3 25,5 27,9 21,3 23,8
T(";"‘ 4 28,6 31,3 23,4 25,9
5 28,0 30,9 21,7 24,2
6 23,4 26,1 16,5 18,9
7 16,8 18,7 10,1 12,1

1 4,9 5,8 1,7 3,2

2 9,7 11,1 6,9 8,8
. 3 13,3 15,8 10,5 13,2
T(mc')“ 4 15,9 18,3 13,0 15,4
5 15,3 18,0 11,7 14,0

6 11,5 13,8 7,9 9,7

7 7,0 8,3 3,3 4,9

* month of the soybean growing season (April to October in Europe)
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636

637  Figure 1. Projected soybean yield in Europe under historical and future climate. Projected soybean yield (A) under historical climate (1981-2010), (B)
638 by mid-century (2050-2059) under RCP 4.5, (C) by the end of the century (2090-2099) under RCP 4.5, (D) by mid-century (2050-2059) under RCP
639 8.5, (E) by the end of the century (2090-2099) under RCP 8.5. Maps show median projected yield using a Random Forest algorithm run with the
640  GRASP dataset? for historical climate (1981-2010), and over the eight Global Circulation Models?? considered in this study for future climate

641  scenarios. Projections are shown only on agricultural area (cropland plus pasture), in the year 2000%°.
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Figure 2. Effect of climate change on projected soybean yield in Europe. (A) Probability density functions of
projected soybean yield under historical climate and different future climate scenarios. (B) Extent of
European agricultural area for which projected soybean yield is higher or equal to a given yield threshold.
Soybean vyield projections were performed with a Random Forest algorithm. Projections for historical
climate used the GRASP meteorological dataset?® from 1981 to 2010. For future climate, eight Global
Circulation Models?? were used and median projected yield over the height model was calculated.
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654  Figure 3. Analysis of climate drivers of projected yield changes by 2050s under RCP 4.5 relative to historical
655  climate. Panel (A) shows the linear discriminant analysis (LDA) performed on climate variables for three
656  groups of grid-cells defined by predicted soybean yield change between RCP 4.5 by 2050s and historical
657  climate. Groups of grid-cells are defined as Group 1: yield decrease (projected yield change < - 0.3 t hal),
658  Group 2:yield increase (projected yield change > 0.3 t ha), and Group 3: marginal change (yield change
659  between -0.3 and +0.3 t ha™). The plot axes are the two main LDA discriminant functions. Density along
660  the x-axis is shown for each group (same color code applies). See Figure S14 for a map showing the

661 projected yield changes in Europe between RCP 4.5 by 2050s and historical climate. Panels (B) and (C)
662  show climate variables contributions to linear discriminant 1 and 2, respectively (the higher the value, the
663 higher the contribution of the corresponding climate input). White bars indicate a positive contribution,
664  and black bars indicate a negative contribution. To improve clarity, only the eight climate variables

665  contributing most to each linear discriminant are shown (see Figure S15 for the contributions of all climate
666  variables). Suffixes to climate variables names indicate, first, the month of the soybean growing season,
667  and second, the time period (“1” standing for historical climate, and “2” standing for the 2050s under RCP
668  4.5). For example, “tmin.2.1” means “monthly average daily minimum temperature in the second month
669  of the growing season under historical climate”
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673  Figure 4. Area requirements for 50% and 100% soybean self-sufficiency in Europe under historical climate (A-D) and by 2050s under RCP 4.5 (E-H).
674  Based on soybean yield projections presented in Figure 1 and assuming various levels of soybean frequency in crop sequences (one year out for
675  three, four, five and six years), soybean areas were allocated to grid-cells ranked in decreasing order of projected yield values until the cumulated
676  production (calculated as the product of area and yield) reached 50% (light blue) and 100% (dark blue) of the current annual soybean consumption
677  of Europe (58 Mt, average 2009-2013). We assume that soybean can only be grown on current cropland?, which excludes permanent pastures in
678 line with the Common Agricultural Policy of the European Union aiming at their protection®. Background colors indicate projected soybean yield in
679 thatasin Figure 1.
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Figure 5. (A) Soybean production area required to reach 50% and 100% soybean self-sufficiency, and associated (B) average soybean yield, and (C)
potential N-fertilizer savings, under historical climate (1981-2010) and by 2050s under RCP 4.5 and 8.5. Color-filled bars indicate values
corresponding to 100% soybean self-sufficiency, and empty bars with a black border indicate values corresponding to 50% soybean self-sufficiency.
Four levels of soybean frequency in crop sequences are evaluated in which soybean is grown in one year in three, four, five, or six years, which
correspond to 33%, 25%, 20%, and 16% cropland area in a grid-cell under soybean, respectively. Potential nitrogen fertilizer savings are calculated
based on the assumption that soybean is not fertilized with nitrogen and that it will replace N-fertilized crops.
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