N

N

Management and spatial resolution effects on yield and
water balance at regional scale in crop models

Julie Constantin, Helene Raynal, Eric Casellas, Holger Hoffman, Marco Bindi,

Luca Doro, Henrik Eckersten, Thomas Gaiser, Balasz Grosz, Edwin Haas, et

al.

» To cite this version:

Julie Constantin, Helene Raynal, Eric Casellas, Holger Hoffman, Marco Bindi, et al.. Management
and spatial resolution effects on yield and water balance at regional scale in crop models. Agricultural
and Forest Meteorology, 2019, 275, pp.184 - 195. 10.1016/j.agrformet.2019.05.013 . hal-02620098

HAL Id: hal-02620098
https://hal.inrae.fr /hal-02620098
Submitted on 29 Aug 2023

HAL is a multi-disciplinary open access L’archive ouverte pluridisciplinaire HAL, est
archive for the deposit and dissemination of sci- destinée au dépot et a la diffusion de documents
entific research documents, whether they are pub- scientifiques de niveau recherche, publiés ou non,
lished or not. The documents may come from émanant des établissements d’enseignement et de
teaching and research institutions in France or recherche francais ou étrangers, des laboratoires
abroad, or from public or private research centers. publics ou privés.


https://hal.inrae.fr/hal-02620098
https://hal.archives-ouvertes.fr

Management and spatial resolution effects on yield and water balance at regional scale in crop

models

Constantin Julie’; Raynal Helene?, Casellas Eric?, Hoffmann Holger3; Bindi Marco*; Doro Luca®$; Eckersten
Henrik”; Gaiser Thomas?®; Grosz Balasz8; Haas Edwin?; Kersebaum Kurt-Christian?0; Klatt Steffen?; Kuhnert
Matthias''; Lewan Elisabet'?; Maharjan Ganga Ram3; Moriondo Marco'3; Nendel Claas'®; Roggero Pier Paolo®;
Specka Xenia'%; Trombi Giacomo?; Villa Ana'%;, Wang Enli'*; Weihermdiller Lutz'®; Yeluripati Jagadeesh'!; Zhao

Zhigan'#; Ewert Frank310. Bergez Jacques-Eric!

T AGIR, Université de Toulouse, INRA, Castanet-Tolosan, FR

2 INRA U0875 MIAT, F-31326 Auzeville, FR

3 Crop Science Group, INRES, University of Bonn, Katzenburgweg 5, 53115 Bonn, DE

4 Department of Agri-food Production and Environmental Sciences, University of Florence, Florence, IT

5Desertification Research Centre, University of Sassari, Viale Italia 39, 07100 Sassari, IT

6 Texas A&M AgriLife Research, Blackland Research and Extension Center, Temple, TX, USA

" Department of Crop Production Ecology, Swedish University of Agricultural Sciences, Ulls véag 16, 750 07 Uppsala, SE

8 Thiinen-Institute of Climate-Smart-Agriculture, Bundesallee 50, 38116 Braunschweig, DE

9 Institute of Meteorology and Climate Research — Atmospheric Environmental Research, Karlsruhe Institute of Technology,
Kreuzeckbahnstralle 19, 82467 Garmisch-Partenkirchen, DE

10 Leibniz Centre for Agricultural Landscape Research, ZALF, 15374 Miincheberg, DE

1 Institute of Biological and Environmental Sciences, University of Aberdeen, 23 St Machar Drive, Aberdeen AB24 3UU, UK

12 Department of Soil and Environment, Swedish University of Agricultural Sciences, Lennart Hjelms vag 9, 750 07 Uppsala,
SE

3 CNR-Ibimet, Florence, IT

14CSIRO Land and Water, Clunies Ross Street, Canberra, ACT, AU

15 Institute of Bio- & Geosciences, Agrosphere (IBG-3), Forschungszentrum Jilich, 52425 Jiilich, DE



27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

Abstract

Due to the more frequent use of crop models at regional and national scale, the effects of spatial data input
resolution have gained increased attention. However, little is known about the influence of variability in crop
management on model outputs. A constant and uniform crop management is often considered over the simulated
area and period. This study determines the influence of crop management adapted to climatic conditions and input
data resolution on regional-scale outputs of crop models. For this purpose, winter wheat and maize were simulated
over 30 years with spatially and temporally uniform management or adaptive management for North Rhine-
Westphalia (~34 083 km?), Germany. Adaptive management to local climatic conditions was used for 1) sowing
date, 2) N fertilization dates, 3) N amounts, and 4) crop cycle length. Therefore, the models were applied with four
different management sets for each crop. Input data for climate, soil and management were selected at five
resolutions, from 1x1 km to 100x100 km grid size. Overall, 11 crop models were used to predict regional mean
crop yield, actual evapotranspiration, and drainage. Adaptive management had little effect (<10 % difference) on
the 30-year mean of the three output variables for most models and did not depend on soil, climate, and
management resolution. Nevertheless, the effect was substantial for certain models, up to 31 % on yield, 27 % on
evapotranspiration, and 12 % on drainage compared to the uniform management reference. In general, effects
were stronger on yield than on evapotranspiration and drainage, which had little sensitivity to changes in
management. Scaling effects were generally lower than management effects on yield and evapotranspiration as
opposed to drainage. Despite this trend, sensitivity to management and scaling varied greatly among the models.
At the annual scale, effects were stronger in certain years, particularly the management effect on yield. These
results imply that depending on the model, the representation of management should be carefully chosen,

particularly when simulating yields and for predictions on annual scale.

Keywords: drainage, evapotranspiration, aggregation, decision rules, scaling
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1. Introduction

Large-scale assessment studies based on simulations by crop models are frequently used to evaluate the impacts
of agriculture. These studies usually focus on predictions of crop production in different contexts, such as climate
change, its inter-annual variability, or trends over time (Gaiser et al., 2010; Nendel et al., 2013). Crop models are
also used to study carbon sequestration or the greenhouse gas balance at regional or national scale (Gaiser et al.,
2009, 2008; Tornquist et al., 2009). Other studies focus on the water balance and its dynamics at the watershed
scale. For the latter, crop models are combined with other models (e.g., hydrological) and applied to quantitative

water management and irrigation issues (Noory et al., 2011; Robert et al., 2018; Therond et al., 2014).

Crop models are useful tools for large-scale assessment since exhaustive measurements are not feasible or
available. However, they were developed to simulate homogeneous fields, each represented by a combination of
one soil and one climate. Some of these models were designed to simulate only one season, e.g. one crop and its
management, while others are capable of simulating different crops in sequence, mimicking a crop rotation over a
longer time period (Kollas et al., 2015). When applied at a larger scale, these models are usually applied in a
gridded approach, simulating each grid cell independently, while assuming homogeneity within each grid cell (De
Wit et al., 2012; Huang et al., 2015; Mo et al., 2005; van lttersum et al., 2013). For such approach, it is necessary
to provide input data for soil, climate, and management for each simulated unit. Depending on the study and the
systems’ heterogeneity, the number of homogeneous units can range from a few to millions. Such data, especially
management data, are not easily available at large scales and at high spatial or temporal resolution. Several
methods exist to scale-up the data over the whole study area, such as sampling, aggregation from fine to coarser
resolution, extrapolation or interpolation of the available data (Ewert et al., 2011). As an alternative, management

information can also be simulated for large-scale studies (Hutchings et al., 2012).

Nowadays, it is possible to obtain soil and climate data at a relatively high resolution and at a large or even global
scale from databases such as those in the Global Soil Map project (http:/globalsoilmap.net/), the European soil
portal for soil, the SoilGrids project (soilgrids.org) and the international CORDEX initiative for climate projection
(https:/iwww.euro-cordex.net/). On the other hand, the available databases on crop management data are at
coarser resolutions such as those reported by Portmann et al. (2010) and Sacks et al. (2010) for crop growing

periods or earthstat.org for fertilizer inputs. Usually, the few data available on crop management come from

3
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interviews with farmers, local experts, or observation networks. It provides an average date of sowing, harvest, and
fertilization for instance or fertilizer input amounts for a given region for different crops and generally concern only
one or a few years. Some initiatives such as the observation network of the German weather service DWD
documenting key phenological stages as well as sowing and harvest could provide useful data for regional
modelling (Kersebaum and Nendel, 2014) but do not cover the wide range of cultivation operations such as nitrogen
fertilization for instance. As a result, large-scale studies usually consider management as uniform across the region
and fixed over multiple years. However, it is well known that crop management, such as sowing, varies over space
and time (Leenhardt and Lemaire, 2002). Additionally, the sowing date significantly impacts crop development and

yield (Bonelli et al., 2016), and influences subsequent management actions during season.

To address the scarcity of the data and to adapt the management to the local and annual conditions, some authors
suggested using management rules. Such management rules aim at reproducing the behavior of farmers and their
crop management strategies (Maton et al., 2005; Nendel, 2009; Senthilkumar et al., 2015). In addition, these rules
would help identify better management strategies. For example, suitable climate and soil conditions could be
identified to perform cultivation operations (e.g., avoiding soil compaction by triggering an operation when the soil
is not too wet or avoiding the risk of frost for spring crops). This adaptive management, based on management
decision rules, could have a strong impact on model outputs but is rarely investigated at a large scale. Since the
impact of input data aggregation and adaptive management can differ according to the output variables and crop
models, these effects should be investigated with respect to a range of different crop models, output variables, and

cultivation operations (i.e. sowing, soil tillage, irrigation...).

The objective of this study was to analyze the effect of adaptive management and spatial resolution on regional
yields, evapotranspiration, and drainage predicted by a set of crop models. The main issues addressed were (1)
whether adaptive management and/or input resolution influence the crop models’ outputs at the regional scale, in
which way and how much and (2) whether the scaling effect varies when management changes over time and

space.

To meet this goal, we quantified the impact of adaptive management and input resolution on the regional mean of
simulated yield, evapotranspiration, and drainage for each individual year as well as for the 30-year average. We

further analyzed whether the impact of management or spatial resolution depended on the crop model, output of

4
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interest, crop, or cultivation operation. To do so, we introduced adaptive management for sowing dates, fertilization

dates, and crop maturity classes based on decision rules and variable amounts of nitrogen fertilization.

2. Materials and Methods

2.1. Study area

The study area was the 34.083 km? federal state of North Rhine-Westphalia (NRW, 6.0-9.5° E, 50.0-52.5° N),
located in the west of Germany. NRW has a temperate and humid climate with an oceanic influence. Like Hoffmann
et al. (2016b) and Zhao et al. (2015), we assumed in the simulations that agricultural land covered the entire region
and that winter wheat and silage maize were the two dominant monoculture crops. Over the period studied (1982-
2012), mean annual temperature was 9.7 °C, mean annual precipitation was 899 mm, and mean annual global

radiation was 3.758 MJ m2.

2.2. Crop models

We selected 11 crop models to run the simulations from 1982-2012: AgroC (Herbst et al., 2008; Klosterhalfen et
al., 2017), APSIM-Nwheat (Asseng et al., 2000), CoupModel (Conrad, 2009; Jansson, 2012), DailyDayCent (Del
Grosso et al., 2006; Yeluripati et al., 2009), EPIC (Williams, 1995; Williams et al., 1983), Expert-N (Priesack et al.,
2006), HERMES (Kersebaum, 2007), LINTUL in the framework solution SIMPLACE<Lintul5, SLIM> (Gaiser et al.,
2013; Zhao et al., 2015b), MCWLA (Tao et al., 2009; Tao and Zhang, 2013), MONICA (Nendel et al., 2011) and
STICS within the RECORD platform (Bergez et al., 2014; Brisson et al., 2003). These process-based models run
at a daily time step, except for Expert-N, which runs at an hourly time step. The models represent soil and crop
processes with differing degrees of simplification. All simulated winter wheat, but only seven simulated silage maize
in this paper. All represent water and nitrogen stresses, except for AgroC and MCLWA, which represent only water

stress.

2.3. Input data of the crop models
2.3.1. Climate and soil data aggregation
For climate, we used 30 years of daily weather for 34.168 grid cells of 1x1 km resolution and aggregated these

data for the 10x10, 25x25, 50x50, and 100x100 km grid cells, as described by Hoffmann et al. (2015). For soil
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data, we used the dominant soil of the 1x1 km grid cells to set the soil type for the 10x10, 25x25, 50x50, and
100x100 km grid cells, respectively. For the soil and climatic data, see Hoffmann et al. (2016a) and for more details
of data aggregation, see Hoffmann et al. (2016b). Figure 1 presents the maps of mean annual precipitation and
available water capacity (soil water content at field capacity minus the soil water content at wilting point) of the soils

for each resolution.

100 km

(a) 1km 10 km 25 km 50 km

{gﬁ ¥ s X o |lr: =
g

Figure 1. Maps of (a) mean annual precipitation over 30 years (1982-2012) and (b) available water capacity in each of the five resolutions

600 700 800 900 1000 1100 1200 1300 1400 1500
Precipitation (mm)

50 100 150 200 250 300 350 400
Available water capacity [mm)

for North Rhine-Westphalia, Germany.All simulations were run using the same resolution of soil and climate data (kmxkm):

1x1, 10x10, 25x25, 50x50, and 100x100.

2.3.2. Crop choice and management sets
We simulated the two dominant crops of the region in monoculture in continuous model runs of 30 years on every
grid cell. Both winter wheat and silage maize were grown under rainfed conditions and with mineral N fertilization
(208 and 238 kg N ha' yr', respectively). For both crops, we simulated export of crop residues at harvest and
plowing of soil in autumn. We simulated six sets of management strategies to analyze the impact of adaptive
management in interaction with the scaling effect:
1. M;y is the reference, which is the same uniform management for a given crop regardless of the year or
grid cell. We used the common cultivation operations in NRW as the reference management strategy.

Winter wheat and silage maize were sown on 1st of October and 20t of April, respectively. Crops were
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harvested at maturity or on 1st of August for wheat and 20t of September for maize, depending on the
model.

Ms uses variable sowing, fertilization, and harvest dates for each cell, at each resolution and year
according to decision rules based on climate, as in Senthilkumar et al. (2015) for maize and Savin et al.
(2007) for wheat. For each crop, we calculated the earliest sowing date for all 30 years per grid cell (Fig.
2). Then, beginning on this date each year for each grid cell, we checked whether daily temperature and
soil trafficability exceeded thresholds necessary for sowing. If all conditions were met, the crop was sown

on that day. If sowing was impossible before a latest “allowed” date, it occurred on this date.

Maize sowing model Wheat sowing model Fertilization model
Sowing(t)=0 Sowing(t)=0 Fa(t)=0
t=DOY1 t=DOY 254 t = Sowing DOY
Risk c Therrn
t=t+1 t=t+1
over 30 yrs Sowing n
no yes + X *day

Soil
trafficabilit
es

rature
no
Soil Latest
trafficabilit owing date
yes

Sowing(t)=1 Sowing(t)=1 Fa(t)=1
t= Sowing DOY t=Sowing DOY t= Fertilization DOY

Soil Latest
trafficabilit owing date

yes yes

Figure 2. Overview of decision rules for wheat and maize sowing and fertilization dates. DOY = day of year

Fertilization date was set from the sowing date and depended on a minimum amount of thermal time and
sufficient soil trafficability. Like for sowing, we defined a latest “allowed” date. We calculated the earliest
harvest date as the number of days required to reach a certain cumulative thermal time from the sowing
date. Beginning on this date, we checked soil trafficability each day to identify the first suitable harvest
date. We calibrated the thresholds used in the decision rules to ensure that average dates were similar to
those in Msy. Estimated sowing dates among all grid cells and years ranged from 12t of March to 11t of
May for maize and 21t of September to 16t of December for winter wheat. When averaged for all cells in
the region, the mean sowing date each year ranged from 13t of April to 30t of April for maize and 22" of
September to 25™ of October for wheat over the 30 years. Median sowing dates over the 30 years were
19t of April and 4t of October for maize and wheat, respectively, which were similar to those of M (20t

of April and 1st of October). Distributions of regional sowing dates for the five resolutions were similar,
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despite some differences for the coarser resolutions. Depending on the year, the mean regional sowing
date was similar among resolutions.

3. Ms is similar to the Ms approach, but with the maturity class of the cultivar adapted to the climate
conditions in each grid cell on each resolution. We chose one of three maturity classes or varieties (early,
middle, or late) with a development length better adapted to climate characteristics by calculating the mean
cumulative thermal time between sowing dates and the mean harvest date (20t of September for maize
and 10t of July for wheat) over the 30 years. The maturity class in a given cell remained the same for all
30 years. We calibrated the three varieties for each model using the sowing and harvest dates of ten
contrasting cells.

4. The fourth to sixth sets are the same as the Ms approach, but with a decrease in mineral N fertilization by
25% (Msrzs), 50% (Mskso), and 75% (Msr2s) of the reference fertilization amount, respectively. Thus,
mineral N fertilization decreased from 238 to 179, 119 and 60 kg N ha-! yr-! for maize and from 208 to 156,
104 and 52 kg N ha" yr-! for wheat in Msr7s Msrso, and Msr2s, respectively.

The objective of these six sets was to create spatial and temporal variability in the cultivation operations to analyze
their impacts on the model results. The adaptive management based on climatic conditions was calculated for each
grid cell for each of the five resolutions. The purpose was not to reproduce the actual management strategies, but
to reproduce a credible range of cultivation operations over time and within the region to analyze their potential
impacts on model outputs. Other cultivation operations such as tillage were assumed spatially and temporally
uniform for all management sets.

2.3. Simulation overview and data selection

We analyzed three output variables: crop yield and two components of the water balance, evapotranspiration over
the growing period and annual drainage under wheat to determine if some model outputs were more sensitive to
scaling or management than others. Yield is often studied at large scale, while water fluxes are quite important
when crop models are coupled with hydrological models to analyze water management at the watershed scale. We
first selected and summarized simulated data (Table 1). We analyzed all three variables for five models only but
yield and evapotranspiration were provided for six other models. Due to the complexity of the simulated experiments

and model limitations, not all simulations were performed with all models (Table 1).
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Table 1. Overview of the simulated resolutions and outputs analyzed by model, crop and management set.

Resolution for Wheat Resolution for Maize

Model Code Outputs Mm@ Ms Msyvar Mse7s Mseso  Msros Miix Ms Msvar Msrrs Msrso Mskos
MONICA MONI Y, E, Db Allc Al AL AL Al All Al Al Al All All All
STICS STIC Y,E,D All Al AL AL Al All Al AL Al All All All
LINTUL LINT Y,E,D All Al - Al Al All Al Al Al All All All
CoupModel COuP Y,E,D All Al - Al Al All - - - -

Expert-N EXPN Y,E,D - Al AL A Al All - - - - - -
EPIC EPIC Y,E All Al AL AL Al All Al Al Al All All All
HERMES HERM Y,E All Al AL AL Al All Al AL Al All All All
DailyDayCent DayC Y,E All Al Al Al Al Not 1x1¢ Al Al Al Not1x1 All Not1x1

APSIM-Nwheat NWHE Y, E Not1x1 Al Al Al Al Al - - - -

AgroCe AGRC Y,E Al Al Al - - - All AL Al -

MCWLA MCLW  Y,E Al Al Al - - - - - - - - -

a Msy is a fixed management strategy for each crop; Ms indicates that sowing and fertilization dates depend on the grid cell and the year;
Msvar, Msrso and Mse2s are the same as Ms but with adaptation of cultivar precocity to the cell or with a 50% and 75%, decrease in fertilization,
respectively.

bY is yield; E is actual evapotranspiration over the growing season for both crops; D is annual water drainage under wheat.

¢“All" indicates that all resolutions (1x1 km, 10x10 km, 25x25 km, 50x50 km and 100x100 km) were simulated

4"Not 1x1” indicates that all resolutions except for 1x1 km were simulated.

¢ Data for E in AgroC are for maize only.

The simulations were done for the five resolutions (1x1, 10x10, 25x25, 50x50, and 100x100 km) with the same
resolution for sail, climate, and management inputs. Among the six different management sets (Ma, Ms, Msa,
Msrzs, Mskso, and Msezs), the uniform one (Ms,) was the same over all resolutions, while the others based on decision
rules were generated at the same resolution as soil and climatic inputs. This resulted in a maximum of 30
combinations for each crop (five resolutions for each of the six management sets).

Scaling and management effects were studied on outputs averaged at the regional scale. Scaling effect was defined
as the difference on the output of interest when using coarser resolution inputs in a model. Management effect was

defined as the difference on the output of interest when using different management inputs in a model.

2.4. Data analysis

We quantified management and scaling effects on the regional means for each year of the 30-year simulation and
for all 30 years together by model, crop and output variable. To analyze the scaling effect, we calculated the

difference between the output at each resolution (Xs,) and those simulated at the highest resolution available

()?Sr):

AXg = L5 5 100 []

Sr
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where AXj is the difference (%) in the output at a given resolution compared to that at the reference resolution,
X, is the mean output for the region at a given resolution, and X, is the mean output of the region at the reference
resolution, which was the 1x1 km resolution, except for APSIM-Nwheat in Ms, and DailyDayCent in Msr2s and Msezs
for which it was 10x10 km. We calculated this difference due to input resolution by crop, model, and management
set for each resolution, except the reference set.

To analyze the management effect, we calculated the difference between the output for each management set

(X)) and those simulated for the reference set (Xy,-):

ARy, = Smx=Xur o 100 2]

Xy

where AX), is the difference (%) in the output for a given management set compared to that for the reference set,
X is the mean output for the region for a given management set x, and X,,,. is the mean regional output for the
reference management set, which was My, except for Expert-N, for which it was Ms. We calculated this difference
resulting from adaptive management by crop, model, and resolution for each management set, except for the
reference set.

For analyses at the annual scale, we calculated an annual scaling effect (ASE) and annual management effect
(AME) for each of the 30 years, following the same logic as that for the 30-year mean (Eq. 1 and 2), but applied to
the annual regional mean of each model. Again, we calculated these differences by model, crop, output, and
resolution for AME or management set for ASE.

To determine if the effects of management or scaling were significant, we used a Student’s t-test to compare each
regional mean for a given output to the result of its reference (1x1km for scaling and Mg, for management in most

cases). The comparison was done on both annual and 30-years means for each model, crop, and output.

3. Results
3.1 Simulated yield, evapotranspiration, and drainage for winter wheat and silage maize

Predictions of the regional annual yield, evapotranspiration, and drainage for the two crops differed among models
for Mz at 1x1 km resolution. This difference was particularly large for evapotranspiration for both crops, with

regional annual medians by model ranging from 236-477 mm (235-484 mm for means) over the wheat growing

10
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season and 285-527 mm (284-523 mm for means) over the maize growing season, resulting in a maximum
difference of 334 and 239 mm, respectively (Fig. 3). Regional annual median wheat yield varied less among models,
from 5.8-8.0 t ha' (6.0-7.9 t ha! in mean), while median maize yield ranged from 11.3-16.2 t ha! (10.4-15.5 t ha™!
in mean). Median drainage varied from 356-500 mm yr' (355-497 mm yr' in mean) resulting in a maximum

difference of 144 mm among the five models providing simulated drainage.
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Figure 3. Distributions of the region’s annual means of yield (dry matter (DM); tom ha'! yr') and evapotranspiration (growing season (gs);
mm gs'") for wheat and maize, and annual mean drainage (mm yr') under wheat over 30-year simulations by each model at its reference
resolution (1 km x 1 km, except for NWHE (10 km x 10 km)) and management set (Msx, except for EXPN (Ms)). The dotted line indicates
the ensemble mean of all models for a given output. See Table 1 for model abbreviations.

Inter-annual variability also varied among the models (Fig. 3). For instance, LINTUL predicted highest inter-annual
variability in maize yield, while EPIC predicted lowest variability. A similar difference was observed for wheat yield
between DailyDayCent (highest) and MCWLA (lowest), and for annual drainage between MONICA (highest) and

STICS (lowest).

3.2 Management effect on 30-year regional means at each resolution

We analyzed the management effect on 30-year regional means by comparing Ms, Ms,s- and Msk7s to M at each
resolution. Maximum management effects (in negative and positive) in yield, evapotranspiration, and drainage
among models were -26% and +31%, -27% and +15%, and -12% and +1%, respectively (Table 2). For yield, these
maximum management effects were similar for wheat and maize. For evapotranspiration, maximum positive
differences (overestimation as compared to the reference) were slightly higher for wheat (+14%) than for maize
(+4%). For maize evapotranspiration, the difference tended to be negative (underestimation as compared to the
reference), whereby this trend was less consistent for wheat evapotranspiration. For drainage, the use of adaptive

management sets tended to result in a negative difference (underestimation) that was the same within all
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resolutions, but one that was smaller than those for yield or evapotranspiration. However, the number of crop
models reporting simulated drainage was much smaller as those reporting yield or evapotranspiration.

Table 2. Maximum negative and positive management effect among models (Min(AX,,); Max(AX,,)) for the sets Ms, Msyar
and Msr7s compared to Msx and number of models in each level of absolute effect (|AX,,|) for a given output averaged over

the region and all 30 years. The results are shown by crop and resolution (1 km x 1 km to 100 km x 100 km).

Wheat Maize All crops
1x1__10x10__ 25x25  50x50 100x100 _ 1x1_ 10x10  25x25 50x50 100x100  AllRes
Maximum Y  Min(AX,) -20 -18 -19 -19 24 -18 -19 -20 -21 -26 -26
negative and Max(AX,) 18 19 20 31 20 23 24 20 20 20 31
P;’fs""’f B2 Min(AK,) 22 23 23 24 -24 21 22 23 24 27 27
effect (%) Max(A%,) 14 14 14 15 15 4 4 73 3 15
D:  Min(AX,,) A2 12 2 2 -12 NA -12
Max(AX,) 0 0 1 1 1 1
Number of Y AKX, <5% 4 5 5 5 6 0 0 0 0 0 25
models by 5% < |AX,] < 10% 2 3 3 2 2 1 0 0 1 2 16
management 10% < |AK,,| < 15% 1 1 1 0 0 2 4 4 3 2 18
effect level 15% < |AK,| <20% 3 2 2 3 2 3 2 1 2 1 21
20% < |AX,,| < 30% 0 0 0 0 1 1 1 2 1 2 8
30% < |AX, | < 40% 0 0 0 1 0 0 0 0 0 0 1
Total 10 11 11 11 11 7 7 7 7 7 89
E  |AXyl<5% 5 5 6 6 6 2 2 3 3 3 4
5%<|AX,,| < 10% 2 2 1 0 1 2 2 1 1 1 13
10%|AX,,| < 15% 1 2 1 1 0 1 1 1 1 1 10
15%<|AX,, | < 20% 0 0 0 1 2 1 1 1 1 1 8
20%<|AX,, | < 30% 1 1 2 2 1 1 1 1 1 1 12
Total 9 10 10 10 10 7 7 7 7 7 84
D |AK,|<5% 4 4 4 4 4 20
10%<|AX),| < 15% 1 1 1 1 1 NA 5
Total 5 5 5 5 5 25

1Y is crop yield

2 E is evapotranspiration over the growing season
3 D is drainage over the growing season

The response of outputs to management adaptations was model-dependent (see Table S1). For wheat, certain
models had low sensitivity to management sets, such as CoupModel, Expert-N, and STICS for all outputs (|AX,|
< 6%) and LINTUL for yield and evapotranspiration. Other models were much more sensitive to changes in
management, such as HERMES, AgroC, and DailyDayCent for crop yield, MCWLA and EPIC for
evapotranspiration, and LINTUL for drainage. Overall, most predictions were similar to those with Msx (|AX| = 0-
5%), although, some models predicted a large difference in the model output for certain management sets. This
range of absolute difference below 5% was most common for most outputs, except for maize yield, for which the
most common range of absolute difference was 10 to 15%. The regional yield for maize appeared more sensitive
to differences in management than that for wheat, while the same range of differences was observed for

evapotranspiration between the two crops. This higher sensitivity for maize was not related to a particular
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290  management set, since each one (Ms, Ms..r, Msezs) could reach the same range of absolute difference, depending
291  on the model.

292 The management effect on the 30-year regional mean was similar among resolutions for a given crop and output
293  for most models (see Table S1). Therefore, resolution did not seem to influence the difference due to management,
294  except for APSIM-Nwheat at 50x50 km resolution for both wheat yield and evapotranspiration, and for MCWLA at
295  aresolution of 10x10 km and coarser for wheat evapotranspiration.

296 Table 3. Statistical analysis by model, crop and output of the management and scaling effect. Significant difference (** p-

297  value <0.05) were tested by Student's t-Test compared to the reference. The number of model with significant effect and the

298  total number of model available are given at the bottom of the table.

Management effect Scaling effect
Wheat Maize Wheat Maize
Ms Msvar  MsF75 MsF50 MsF25 Ms Msvar  MsF75 MsF50 MsF25 [r10 r25 r50 r100 r50 r100
Yd ET Dr |Yd ET |Yd ET Dr |Yd ET Dr {Yd ET Dr |Yd ET|Yd ET|Yd ET|Yd ET|Yd ET |Dr |ET |Dr |ET [Dr [Yd ET Dr |Yd ET|[Yd ET
MONI (pa) ® Gal ® Pa  [ea) @) ®a) pa)  |pa) PA|PA () |Pa) Ga)|PEa) Pa)ea) (.2 ® ) ®)
STIC  ® @ ® ®a| @ @ (Pa) () (03 (® ® Pa)|ea) Pa)|ea) Pa)|ea) Pa)|ea) Pa) @) ) ) (pa)
COUP () - - ) (ba) - - ) ®|® ]| (pa)
LNT @ ) ) ® | ® ® [pa) kA ©) | @ ® (P2 ©) |Pa) ® |Pa) @) @)
EPIC () (a - [0 pa @ e (p.a) (p.a) (p.a) (pa) - [(pa) (P.a)|(Pa) (p.a)|(Pa) (p.a)|(P.a) (p.a)|(P.a) (pa)] - - - - @ @)
EXPN - - - ) ) ® ® - ) ) ® ®
HERM (pa) pa) - [(pa) (p.a)|(pa) (p.2) ® ®a) - |ka)ka - |@ (Pa) pa)|Pa)  |ka)  |(a) -
DayC - (p.a) - |(pa) (p.a) - (p.a) (p.a) (p.a) O] - |ea)f - (pa) - | @ (pa) ()
NWHE pa) - Pa)|  (ea) - (pa) - (pa) - - - - - |0 (pa)
AGRC (pa) - - [pa) - . ea) palea) pa| - - |- - |- :
MCWL () (pa - [() (pa) - - - -
nb(p,a) 72 75 10)62 76|72 54 10|84 53 10|87 85 10|63 44|66 64|55 43(66 43|66 43|20|10|40|21[40(11 32 42]02 1102 10
Total 10 9 4|9 89 9 5(9 9 5(9 8 5(7 7|7 7|6 6|6 6|6 6|5|1M|[5]|10[5|11 10 57 7([7 7
299 “Yd” is yield, “ET" is evapotranspiration over the growing season and “Dr” is the annual drainage. “p” means that the 30-years mean is significantly different
300 from the reference. “a” means that the annual mean is significantly different from the reference “-” means the outputs was not available for a given model.
301 No value means that the effect was not significant. “nb(p,a)” is the number of cases for which 30-yrs and annual means were significantly different from the
302 reference.
303

304  Management effect were significant on yield and evapotranspiration for more than half of models irrespectively of
305 the management set used (Table 3). The effect on drainage was significant only for one of the five models that
306  provide all three output variables, the LINTUL model. Significant effects were not linked to one management set in
307  particular, even if they were slightly more frequent in the low fertilization management set (Mseso, MSr25) for some

308 models.

309 3.3 Scaling effect on the 30-year regional means for each management set

310  We analyzed the scaling effect on 30-year regional means by comparing the coarser resolutions to the finest one

311  for each of the six management sets.
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Table 4. Maximum negative and positive scaling effect among models (Min(AXs); Max(AX)) for each
resolution (10 km x 10 km, 25 km x 25 km, 50 km x 50 km and 100 km x 100 km) compared to the finest resolution and
number of models in each level of absolute effect (|AX;|) for a given output averaged over the region and all 30 years. The

results are shown by crop and management set (Msx to Ms2s).

Wheat Maize All crops

Msx Ms  Msyar  Mseis  Mseso  Msrzs Miix Ms Msvar Msers Mseso  Mses  All Man

Maximum  Y'  Min(AXs) 9 8 42 8 10 -5 41 9 -1 -8 7 -1 15
negative Max(AXs) 5 24 9 5 6 8 9 10 12 6 7 5 24
and positive “g; 1 (A%, ) 3 4 5 3 3 4 5 3 7 2 2 3 7
effect (%) Max(AX.) 6 15 7 8 8 6 9 14 7 6 7 5 15
DS Min(AXs) 6 15 15 15 16  -16 NA -16

Max(AXs) 00 0 0 0 0 0

Numberof Y  |AX | <5% 7 6 4 5 4 5 2 4 3 4 4 3 51
models by 5%<|AX;| < 10% 4 4 3 4 4 2 4 3 2 2 2 2 36
scaling 10%<|AKs|<15% 0 0 2 0 1 2 1 0 2 0 0 1 9
effect level 20%<lAKl<25% 0 10 0 0 0 0 0 0 0 0 0 1
Total 1111 9 9 9 9 77 7 6 6 6 97

E  |AX| <5% 9 38 7 8 8 8 5 5 4 5 5 5 77

5%<|AK| < 10% 11 3 1 1 1 21 3 11 1 17

10%<|AK[S15% 0 1 0 0 0 0 0 1 0 0 0 0 2

Total 10 10 10 9 9 9 77 76 6 6 96

D 5%<|AXs| <10% 2 3 4 3 3 3 18
10%<|AK < 15% 1 1 1 1 1 1 NA 6
15%<|AK[<20% 1 1 0 1 1 1 5

Total 4 5 5 5 5 5 29

1Y is crop yield
2 E is evapotranspiration over the growing season
3 D is drainage over the growing season

Overall, the scaling effect on yield was in a smaller range of differences than the management effect, ranging from
-15% to +24% and from -26% to +31%, respectively (Table 2 and 4). The scaling effect was weaker on
evapotranspiration than on yield or drainage, with most models having an absolute difference below 5% only. Over
all models, the scaling effect was both negative and positive on yield and evapotranspiration but always negative
(underestimation) on drainage regardless of the model (Table 4). For the five models simulating the three output
variables, evapotranspiration shows the smallest overall range with -5 to 2% while drainage and yield ranged from

-16 to 0% and -10 to 3% respectively.

Certain models were more sensitive to scaling when simulating maize yield or evapotranspiration, such as STICS,
and EPIC, whereas others were more sensitive when simulating wheat, such as LINTUL and DailyDayCent (see
Table S2). For models predicting all three outputs, the scaling effect was higher on drainage than on yield and
smallest on evapotranspiration. The scaling effect was similar across the management sets, meaning that there is

no observable trend related to the management sets, regardless of the crop simulated or model used.
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Wheat ET

Maize ET

Drainage

332 The significance was more frequent for management effect than for scaling on yield and evapotranspiration while
333  itwasthe opposite for drainage (Table 3). The scaling effect on yield was significant only for the coarsest resolutions
334  (100x100 km) and for one model (NWHEAT) while it was significant on three models and more resolutions (25%25
335  km, 50x50 km, and 100x100 km) for evapotranspiration. The scaling effect on drainage was significant for all
336  resolutions and most models. As opposed to the management effect, the significance of scaling effect was

337  dependent on resolution with more frequent significant effect for coarser resolutions.

338 3.4 Scaling and management effects at the annual scale

339  For the 30-year simulations, we calculated the ASE and AME on the regional means for each variable and each
340  model. Compared to AME, ASE was much weaker on yield and evapotranspiration for both crops, particularly when
341  excluding the 100x100 km resolution (Fig. 4). This effect was more obvious on yield than on evapotranspiration,
342 for which the ASE and AME often remained weak, which was also the case for simulated drainage. The maximum

343  difference due to a specific management set or resolution for a given year was also strongly model-dependent.
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Maize yield
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344 Figure 4. Distributions of annual scaling (ASE, 10x10, 25x25, 50x50 and 100x100) and management (AME, Ms, MSvar, Msr75, Mseso and
345 Msk25) effects on yield, evapotranspiration and drainage over 30-year simulation period compared to their respective reference, for 11 crop

346 models (without outlier). For a given model, crop and output, each boxplot represents the average over all grid cells for each year over the
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30 years, and either all management sets for the scaling effect or all resolutions for the management effect. See Table 1 for model

abbreviations.

Figure 4 shows that the maximum ASE was generally small but increased with coarser resolution. For simulated
wheat yield, APSIM-Nwheat had highest maximum ASE (77%) compared to the other models (<38%) at the 50x50
km resolution due to higher yield using Ms, while it was in the same range as those of the other models at the other
resolutions. This led to a higher evapotranspiration (28%) as well on this Ms set and 50x50 km resolution. Apart
from this set, the maximum ASE for APSIM-Nwheat at 50x50 km resolution was 19% and 6% on yield and
evapotranspiration, respectively. On maize evapotranspiration, maximum ASE was highest at 25x25 km resolution
for HERMES (17%) but was in the same range as those of the other models at the other resolutions (9% or lower).
Generally, the models with the highest ASE were APSIM-Nwheat, DailyDayCent, HERMES, and in certain cases
MCWLA, STICS, and LINTUL, depending on the output variable and the crop. In general, the ASE on yield of both

crops and drainage was similar, and weakest on evapotranspiration (usually less than 10%).

The AME was generally higher on yield and evapotranspiration than ASE but had a similar range for drainage.
Some models had an extremely large maximum AME, reaching 160% of the difference for a given year on the
regional wheat yield for DailyDayCent and 120% on the regional maize yield for LINTUL (Fig. 4). For some models,
such as CoupModel, maximum AME was around 10% only, indicating that regardless of the year, the difference
due to management was low, except for Mseys, for which the maximum AME was at least 20%, regardless of the
model. The AME was weaker on evapotranspiration than on yield and was even weaker on drainage. AME was
similar for wheat and maize, but the difference among models was larger for wheat. This is partly because the
models with the lowest AME (CoupModel and Expert-N) are available only for wheat and because maximum AME
in LINTUL was higher on wheat than on maize evapotranspiration (68-71% vs. 20-25%, respectively). Drainage
was less variable, with the weakest AME for the models only simulating all outputs, except for CoupModel, for which
the AME was weaker on evapotranspiration. The maximum AME on drainage was 22% for LINTUL, 19% for STICS,
11% for Expert-N, 8% for CoupModel, and 4% for MONICA. No consistent trend occurred among the management
sets as for evapotranspiration. Additionally, no effect of resolution on AME was observed, since the difference was

the same at the five resolutions for a given crop, output variable, and model (data not shown). AME was generally
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low on evapotranspiration, and even lower on drainage in 90% of the situations, regardless of the model or the crop

simulated, unlike regional yield, which was more sensitive to the management set.

As for the 30-years averages, significance was more frequent for management effect than for scaling (Table 3).
Management influenced significantly yield and evapotranspiration under growing season for some models but not
annual drainage. This result was observed for some models simulating the three output variables such as MONICA
and STICS that have significant management effect for evapotranspiration or yield but not for drainage. Scaling
effects were generally not significant, with some exceptions for the two coarser resolutions while management
effects were often significant, especially for the two low fertilization management sets (Mseso and Msrzs).
Management effects were more frequently significant for maize yield and evapotranspiration than for wheat at this

annual scale for most models.

4. Discussion

4.1. Management and scaling effect on the 30-year regional mean

At the multi-year scale over 30 years, the scaling and management effects were weak for most models, crops and
outputs, even if significant. The scaling effect results confirm the results of previous studies on the impact of soil
and climate aggregation on yield and net primary productivity (NPP) for the same study site and simulation period
(Hoffmann et al., 2016b; Kuhnert et al., 2016). Further, our results indicate that varying management options over
space and time in the region did not change the overall findings made when assuming constant management.
Nevertheless, the scaling effect depended on the output variable, being larger for drainage than for yield or
evapotranspiration when compared between the five models simulating the three output variables. The impact of
the choice of the crop (winter or spring crop) on the other hand was negligible. The stronger scaling effect on
drainage (observed for models providing the three outputs) and the direction of its difference was probably due to
the choice of the dominant soil when moving from high to lower resolution. Lowering the resolution of soil input data
resulted in an increase in the total soil water storage because deep soils were dominant in the region, which induced
lower drainage. Grosz et al. (2017) also observed the scaling effect on predictions of change in soil organic carbon

over time, which depend greatly on soil input data. In the same way, Coucheney et al. (2018) showed that the
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sensitivity to scaling was output-dependent with a greater effect of soil aggregation on soil C mineralization and N

leaching than on yield and drainage for the CoupModel.

The maximum management effect tended to be higher than the maximum scaling effect, with 42 vs. 10 % of the
cases in which differences compared to the reference were greater than 10 %, respectively. The management
effect varied among models, with most 30-year regional mean outputs being slightly sensitive to management
(absolute difference below 10%). This was particularly true for evapotranspiration of both crops, drainage and wheat
yield, regardless of the input resolution. The stronger effect on yield could be partly due to the use of percentage
to quantify the effect. Since average yields are much lower than evapotranspiration and drainage, a small variation
lead to a higher percentage for this output. However, for the scaling effect the effect was strongest on drainage.
The management effect tended to be higher on maize than on winter wheat yield for most models, suggesting a
greater impact of management on spring crops than on winter crops. This result seems consistent with the shorter
growing season of spring crops, leaving less time to compensate a late sowing for instance. The hypothesis of a
higher sensitivity of spring crops should be tested with other crops such as sunflower or soybean. For some models
(2-4 models), different representation of management changed the 30-year regional mean substantially (by more
than 15% for yield and for evapotranspiration depending on the resolution and crop), indicating the need to carefully
choose how to represent management in these crop models to obtain relevant multi-year regional means. Contrary,
management choices seemed less important for the 30-year regional drainage, (showing less than 13 % difference

in all management sets).

4.2. Stronger effects at the annual scale

The same trend occurred at the annual scale as for the 30-year regional mean: the management effect was usually
higher than the scaling effect, with large differences among models. The management effect as well as the scaling
effect on the regional mean were stronger for certain years than for others. This indicates that the choices made to
represent management are more important when studies focus on annual regional outputs than on multi-year
average regional outputs. This importance varied among models and, depending on the model, the cultivation
operation considered. Hereby, it is crucial to ensure that the chosen model is able to predict effects of a given

management strategy, such as sowing date, to accurately predict variability in the outputs caused by the
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management changes. If the management strategy has a substantial effect on the output variable of interest, the

uncertainty due to the choice of management option in the simulation should be estimated.

Since the years with large effects on management options or scaling differed among models, it is difficult to identify
which characteristics of the years that interact with the models to generate the more or less strong effects. No effect
of climate characteristics such as a dry or hot year effects was found in the analyses. The effect were strongly
model-dependent, the same year predictions being sensitive to scaling or management effect for some models but
not for others. No generic characteristics of the input data could be identified; the effect being probably due to a
model-soil-climate interaction. This difference between crop model outputs behavior is probably partly due to model
structures as well as their parametrization, their the relative contribution being unclear. Hereby, sensitivity analysis
performed in individual studies of each model could be helpful to understand model behavior and to determine
characteristic input-output relationships (Specka et al., 2015; Varella et al., 2012). It could then clarify the major
factors behind model differences with respect to the occurrence of strong effects of management strategies in

specific years.

4.3. Representation of management strategies in large-scale studies

We used decision rules to generate management options based on climatic conditions. We then compared
simulations based on these management options with those of uniform and fixed sowing, harvest, and fertilization
dates over one region over multiple years. In general, uniform sowing, harvest, and fertilization dates as well the
use of a single cultivar are an unrealistic representation of common management at the regional scale. Folberth et
al. (2016) showed that in model-based global scale assessments, absolute yield levels depend on the
parameterization and distribution of crop cultivars. However, it is still commonly applied in large-scale modelling
studies since real data are often scarce (Faivre et al., 2004). The advantage of using decision rules is that it provide
a management, which is consistent with local climate and soil as compared to fixed assumptions. These can also
be used to simulate changes in management over time due to climate change (Senthilkumar et al., 2015). One
limitation is that the same decision rules are used for all grid cells, while different farmers apply different rules for
crop management (Maton et al., 2005) depending on their social, economic, and pedoclimatic conditions. Decisions

rules based on an optimal strategy according to climatic conditions could lead to overestimated yields. Moreover,
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not taking into account soil characteristics could also lead to unrealistic management in some cases. Since the
purpose of this study was to evaluate if management choices had an impact on regional output variables, these
concerns were not of critical importance. To get more realistic data on management at large scale, remote sensing
could add useful information on crop type (Griffiths et al., 2019), sowing and harvest dates, or irrigation schedules
(Battude et al., 2017). Here, we analyzed the potential impact of choosing a variable management to predict the
difference in crop model outputs compared to a reference based on a spatially uniform management fixed in time.
The access and use of observed management data for the entire region to validate the relevance and accuracy of
the decision rules, would improve assessments of the role and effect of management input data and resolution for
simulations at regional scale. It could be relevant to include other cultivation operations, such as soil tillage or
irrigation, depending on the outputs of interest. For instance, irrigation is important when water balance is the focus

of the simulation study, particularly in southern Europe.

5. Conclusion

In our regional-scale study, we showed that the management effect was generally stronger than the scaling effect.
The strength of the effects depended on the crop model and the output variable of interest, with some models and
output variables being much more sensitive to management options than others. Scaling and management effects
were also stronger when evaluated on individual years than on the 30-year mean, for which these effects were
usually weak. The effects varied both between models and among years. Strong impacts occurred but not
necessarily during the same years for all models, which indicates a need for further analysis with respect to each
model to explain these effects in depth. Additionally, the findings of this study might be different in other conditions

and therefore need to be confirmed with respect to a different region with contrasting soil and climate conditions.
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. Supplementary Material

$1. Minimum and maximum values for management effect for the sets Ms, Msvar and Msr7s compared to Mfix for a given output, model,
crop and resolution (% difference compared to the reference management set). Brackets contain minimum and maximum differences; a
single value indicates that the minimum equals the maximum. Y is crop yield, E is evapotranspiration over the growing season and D is

drainage over the growing season. See Table 1 for model abbreviations.

Wheat Maize All crops

1x1 10x10 25x25 50x50  100x100 1x1 10x10 25x25 50x50  100x100 All Res

Y  MONI [-6:0] [-5:0] [-6:0] [-6;-1] -6:0] [11-6]  [-11;-6] [-11-6]  [-10;-6] [-9;-6] [-11;0]
STIC [-5:6] [-5:9] [-5:9] [-4:6] [-6:4] [12-71  [-12-7] 1271 [12-6]  [114] [12;6]

LINT [4;5] 4 4 4 4 [-3;8] [-3;10] [-2;11] [-2,12] [-2;14] [-3;14]
COoup [1;2] [1;2] [1;2] [1;2] 2 NA NA NA NA NA [1;2]
EXPN -3 [-5;-2] [-5;-2] [-5;-3] [-5;-4] NA NA NA NA NA [-5;-2]
EPIC [-5;4] [-4;4] [-4;5] [-4;5] [-4;3] [18;23] [18;24] [15;20] [14;20] [11;20] [-5;24]
HERM [16;18] [16;19] [15;20] [14;19] [18;20] [-18;-5]  [-19;-6] [-20;1] [-21;-6] [-23;-6] [-23;20]
DayC [16;-2]  [15;-1] [-14;,0]  [15;-1] [-15:1] [-15;-4]  [11;-3] [-11;-2] [-13;-4] [-9;0] [-16;1]
NWHE NA [4;5] [4;5] [2;31] [-1;3] NA NA NA NA NA [-1;31]
AGRC [-20;-19] -18  [-19;-18]  [-19;-17] [-24;-20] [-17:12] [-18;9] [19;11]  [-20;12]  [-26;11] [-26;12]
MCWL -12 [-7,0] [-5;4] [-2;3] [2;3] NA NA NA NA NA [-12;4]

E MONI [6;14] [6;14] [6;14] [6;15] [6;15] [-6:2] [-5:2] [-5:3] [-43] [-43] [-6;13]
STIC [2:4] [3:4] [3:4] 3 [2:2] [-7:-6] [-7:-9] [-7:-9] [-7:-4] [-7:-4] [-7:4]
LINT 0 0 0 0 0 [-2;1] [-2;1] [2;2] [2;2] [-2;2] [-2;2]
COuP -1 0 -1 -1 [-1;0] NA NA NA NA NA [-1;0]
EXPN 0 [-1;0] [-1;0] [-2;0] [-3;0] NA NA NA NA NA [-3;0]

EPIC 22 [-23;-22)  [-23;-21]  [-24;-21] [-24;-22] [-21;-16]  [-22;-16]  [-23;-17]  [-24;-18] [-27;-20]  [-27;-16]
HERM [-6;-4] [-5;-4] [-5;-4] -4 -3 [11;-4]  [-10;-3] [-10;7] [-11;-2] [-12;-2] [12;7]

DayC [-1;3] 0;3] [1:3] (2;3] [3:4] [1:4] (2:4] (2:4] 0;2] [-1;3] [-1;4]
NWHE NA 9 10 [9;26] [8;10] NA NA NA NA NA [0;26]
AGRC NA NA NA NA NA [-17;-11]  [-16;-12)] [-16;-9] [-16;-9] [-19:-9] [-19;-9]
MCWL [-6;-6] [0;14] [15;21] [15;20] [16;18] NA NA NA NA NA [-6;21]
D MONI [-2;-1] [-2;-1] [-2;1] [-2;1] 2 [-2;-1]
STIC [-5:-4] [-5:-4] [-5:-4] [-5:-4] -4 [-5;-4]
LINT [-12;-11] -12 -12 -12 -12 NA [-12;-11]
coup -1 -1 -1 -1 -1 -1
EXPN 0 [-2,0] [0;1] [0;1] [0;1] [-2:1]
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$2. Minimum and maximum values for scaling effect between all resolutions compared to the reference resolution (1 km x 1 km in most

cases) for a given output, model, management set and crop (% difference compared to the reference resolution). Brackets contain

minimum and maximum values; a single value indicates that the minimum equals the maximum. Y is crop yield, E is evapotranspiration
over the growing season and D is drainage over the growing season. See Table 1 for model abbreviations.

Wheat Maize All crops

Msx Ms Msvar Mskrs Mskso Msr2s Msx Ms Msvar  Msers Mseso  Msras All Mx

Y  MONI [0;1] [0;1] [0:2] (0:1] 0:2] (0:2] 100 [01] 0 [01]  [02]  [0;2] [1;2]
STIC )T 3 IO ) I 35 [ ) [N 1 N S U P B €15 B S & ) B & %) B 3 B K 7
LNT  [5:2] [6:2 NA [5:2] [52 [572 63 0] (52 L1010 [0 [60]
COuP [1;2] [-1:3] NA [-1;3] [-1;3] [-1:3] NA NA NA NA NA NA [-1;3]
EXPN NA  [8-1] [10-2) [-8-1]  [8:1] [-8;0] NA NA NA NA NA NA [-10;0]
EPIC (4] 08 F41 B8] (24 (38 8 K31 F) 3 F13) [y (3]
HERM F131 4 [30] [0:4] [0:6] [0:8] 33 44 90 [42] [53]  [-5:9] [-9;8]

DayC 900 53]  [62  [82] [10;3] [-150] [-5:9] [15100 (1121 [46]  [27] [112]  [15112]
NWHE [7-1]  [-8;24]  [-121] [8,0]  [9-1] [12;-5] NA NA NA NA NA NA [-12;24]
AGRC [1;8] 3,7 [2;3] NA NA NA [2;6] [0;6] [10;2] NA NA NA [-10;7]
MCWL [-3;0] [-4;0] [2;9] NA NA NA NA NA NA NA NA NA [-4;9]

E  MONI 0 [0;1] [0;1] [0;1] [0;1] [0;1] [-1;0] 0;1] 0 1 1 [1;2] [1;2]
STIC [0,1] 01 [20 (0:1] 0:2] (0:2] 411 21 (400 [21] 1] [151] [-4:2)
LINT 2,00  [21] NA  [20]  [200 [0 200 [00 200 100 101 [01] [-2;1]
CoupP [1:1] [0;1] NA [0;1 [0;1 [0;1 NA NA NA NA NA NA [1;1]
EXPN NA [3;0]  [5-1] [-3;0] [-3;0] [-2;,1] NA NA NA NA NA NA [-5;1]
EPIC (521 63 B30 [3]) [13] 133 6]  [04]  [21] [04]  [04]  [0:4] [-3;6]
HERM [-1:1] [1,2] [0;1] (1:2] (1:2] 0:2] 41 [-214] [6:2]  [23] [23] [33] [-6;14]
DayC [1:6] [2,8] ;7] (28] (28] [0:6] (e 127 27 [06] [27] [0:5] [0;9]
NWHE [2;-1]  [-2;15] [4;0] [2,0]  [-3-1 [4-2] NA NA NA NA NA NA [-4;15]
AGRC NA NA NA NA NA NA [5-2]  [-3;,00  [7:1] NA NA NA [-7;0]
MCWL [-1;1] [-4;0] [0;2] NA NA NA NA NA NA NA NA NA [-4;2]

D MONI [-6:00  [7:0]  [7:0]  [7:0]  [7:0]  [7;0] [-7;0]
STIC [-16;-3] [15:-3] [-15-3] [-15-3] [-16;-3] [-16;-3] [-16;-3]
LINT [6;-4]  [-6;-4] NA  [7-5]  [-775])  [-7-5] NA [-7;-4]
COoupP 1121 [12-2) NA  [12-2] [12-2]) [12-2] [12;-2]
EXPN NA _ [8-2] [7-2] [8-2] [8-2 [9-2] [-9;-2]
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