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Abstract

The definition of phytobiomes can be transposed to any agroecosystem and applies to
any phase of crop cycles. Here, we study the crop establishment phase using a generic
modeling framework to assess the potential role of phytobiomes on field crop
establishment. We first developed a generic model called Crop Establishment SIMulator
(CESIM) that takes into account cropping practices, seed and seedling characteristics,
seedbed components (physical chemical and biological), and weather, as well as their
interactions. All these variables were integrated in a qualitative aggregative hierarchical
network to predict the quality of field crop establishment. CESIM has 38 basic (input
variables) and 20 aggregated attributes (19 state variables and 1 output variable) for a
total of 58 attributes. The prediction quality of the model was evaluated for a dataset of

231 field observations across four states of Australia, and experimental results obtained
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in the last 40 years. Accuracy of predictions of the final attribute (i.e. crop
establishment) was 91% and explained 29% of variability of the dataset, as described by
the quadratic weighted Cohen’s k. CESIM represents a unique and original generic model
capable of taking into account a large number of variables and their interactions to
predict the quality of field crop establishment. This model is flexible, transparent, user-
friendly, and therefore is suitable both for academic and non-academic users. CESIM can
be used across a wide range of situations not only to perform the ex-ante assessment of

potential establishment quality of a given crop but also ex-post assessment.

Keywords: damping-off, pre-emergence losses, post-emergence damage, seedling
blight, seedbed components, seed germination, seedling emergence, soil-borne

pathogens

Introduction

Crop establishment is the very beginning phase of a crop cycle that consists of three sub-
phases: sowing-seed germination, seed germination-seedling emergence, and seedling
emergence-early seedling growth (i.e. initial competition among plants; Aubertot et al.
2020). Crop establishment is the most important phase of any crop cycle as the quality
of crop establishment can directly affect crop productivity, both in terms of quantity and
quality (Arvidsson et al. 2014; Kankanen et al. 2011; Villalobos et al. 2016). For example,
a poor quality of crop establishment leads to several direct and indirect negative
consequences for farmers including the need for re-sowing (additional costs), yield
losses, and higher density of weeds with further problems owing to increased weed seed

bank in the soil (Lamichhane et al. 2018).

Crop establishment is affected by four major groups of drivers and their interactions
namely seed and seedling characteristics, seedbed components (physical, chemical and
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biological) weather, and cropping systems (Lamichhane et al. 2018). Several studies
have been carried out to understand the role of different factors on the quality of field
crop establishment. However, these studies focused either on abiotic (Constantin et al.
2015; Dirr and Aubertot 2000; Souty and Rode 1993), or biotic factors (Baker 1971;
Burdon and Chilvers 1975; Grogan et al. 1980), and cropping practices (Farooq et al.
2006; Leoni et al. 2013), without taking into account their overall impact and/or
interactions. Therefore, there is a need to adopt “a systems-level approach” for a better
understanding of these factors, their interactions and its overall impact on the quality of
filed crop establishment (Lamichhane and Aubertot 2018). This approach is consistent
with the definition of phytobiomes, which consist of plants, their environment,
associated micro- and macroorganisms, and their interactions (Leach et al. 2017), as
reported in the Phytobiomes Roadmap (Anonymous 2016). The phytobiome concept in
turn is fully consistent with the definition of Agronomy, as provided by Sebillotte
(Sebillotte 1974), who viewed Agronomy as “a systemic approach to agriculture” that
led to the development of a more holistic direction considering the entire
agroecosystem, with a particular attention to cropping systems. Therefore, from here on
we use the term phytobiomes to indicate all these key determinants affecting crop

establishment.

Experimental approaches and regional agronomic diagnoses in commercial fields can be
used to understand the effect of phytobiomes on field crop establishment. Nevertheless,
both of these processes are time consuming and resource intensive. In addition, the limit
of these approaches is that only a few variables can be studied at a time. In contrast,
modeling allows taking into account all key factors affecting crop establishment, by
integrating them into a same system over time. In particular, mechanistic models that

simulate seed germination, seedling emergence and early seedling growth, as functions
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of measured or estimated environmental variables seem to be the most promising
approach to understand the quality of field crop establishment. However, mechanistic
models are difficult to develop as they require a detailed knowledge of the system, by
integrating all factors and their interactions (Forcella et al. 2000). This is especially true
to study the quality of field crop establishment, which is affected by a large number of
factors and their interactions (Lamichhane et al. 2018). Several models have been
developed and used to achieve this objective. However, all of them take into account
only a few factors affecting field crop establishment (Finch-Savage et al. 2005; Jame and
Cutforth 2004; Wang et al. 2009). The SIMPLE crop emergence model (Diirr et al. 2001)
is the most robust mechanistic model developed so far to study the quality of crop
emergence. However, this model does not take into account biotic factors affecting crop
establishment (Lamichhane et al. 2017) and our knowledge is not still advanced
sufficiently to integrate this part into a mechanistic model. In addition, the SIMPLE
model can not benefit from expert knowledge. Development and use of simpler models
that benefit from experimental and observational data, in addition to published scientific
and technical litterature, existing simulation models, and expert knowledge, may be

more useful to predict the quality of field crop establishment.

In order to do so, we propose a generic modeling framework called Crop Establishment
SIMulator (CESIM). This framework is very simple in the way the modeled system is
described, despite its complexity and the number of factors and processes involved,
which would be very difficult to address using a mechanistic approach. Such a
framework has been successfully developed and tested to predict risks of pest
development on crops as a function of cropping practices, and abiotic and biotic
environment (Aubertot and Robin 2013; Robin et al. 2013). CESIM is based on a simple

qualitative hierarchical aggregative approach to represent the effects of various factors
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affecting the quality of field crop establishment. The objectives of this study are three-
fold: i) present the basic principles of CESIV, ii) apply it to a concrete case as a proof of
concept: simulation of establishment quality of subterranean clover (Trifolium
subterraneum L.) in various Australian conditions, and iii) present a sensitivity analysis
of the model (i.e. measure how the model output reacts to changes in input or

aggregated attributes; Carpani et al. 2012) and assess its prediction quality.

Materials and methods

Basic principales of CESIM

Three sub-phases characterize the establishment phase of any crop, namely seed
germination, seedling emergence, and early seedling growth (Aubertot et al. 2020). A
conceptual scheme of CESIM, where crop establishment is the output variable is
presented in Figure 1. This scheme is an adaptation of a previously published scheme
(Lamichhane et al. 2018), where four different components: cropping systems, seed and
seedling characteristics, and seedbed components (physical, chemical and biological)
were the input variables while seed germination and seedling emergence were the
output variable. However, because CESIM goes beyond the seedling emergence phase
and considers the quality of crop establishment as its output variable, we integrated into
this scheme a fourth component represented by animal pests, especially the vertebrate
ones. This is because vertebrate pests are often responsible for post-emergence damage
of young seedlings (Dimitri et al. 2012; Firake et al. 2016; Nasu and Matsuda 1976). The
term “cropping system” indicates “a set of management practices applied to a given,
uniformly treated area, which may be a field, part of a field or a group of fields”
(Sebillotte 1990). This includes many technical operations such as the choice of the crop

sequence, cover cropping, cultivar, tillage or seedbed preparation practices, date, depth
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and density of sowing etc. The term “system” is used here because these technical
choices are interdependent (Meynard et al. 2003). Crop establishment can be seen as the

result of hierarchical interactions among these components and the environement.

Implementation of CESIM

The development of CESIM was implemented using the DEXi software
(https://kt.ijs.si/MarkoBohanec/dexi.html). The wunderlying approach (called DEX
method) initially aimed at qualitative hierarchical multi-attribute decision modeling and
support, where a complex decision problem was broken down into smaller and less
complex sub-problems (Bohanec 2003). In the field of agronomy, this tool was applied
to the assessment of sustainability of agroecosystems (Craheix et al. 2015; Pelzer et al.
2012; Sadok et al. 2009). In addition, the DEXi software has also been used to implement
qualitative simulation models focusing on pest management (Aubertot and Robin 2013;
Robin et al. 2013; Robin et al. 2018). The sub-problems are hierarchically structured
into a tree of attributes that represents the “skeleton” of the model. Terminal nodes of
the tree, i.e. leaves or basic attributes, represent input variables of the model, which
must be specified by the user. The root node represents the main output, in our case it is
the quality of crop establishment. The root node and internal nodes of the model are
aggregated attributes. All the attributes in the model are qualitative (ordinal or nominal)
and not quantitative variables. They take only discrete symbolic values usually
represented by words. In the DEX method, the aggregation of values of the tree is
defined by “utility functions” based on a set of “if-then” aggregation rules. Here, we
renamed these functions “aggregating tables” as they are not related to the concept of

“utility” in decision theory (Aubertot and Robin 2013).

CESIM structure
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As for building any DEXi model (Bohanec 2003), CESIM was designed in three steps: i)
identification and organization of the attributes, ii) definition of attribute scales, and iii)

definition of aggregating tables.

Identification and organization of the attributes

CESIM aims at predicting the quality of any crop establishment in a given field based on
a range of input variables. The spatial scale considered is the field while the temporal
scale considered is a single growing season. Nevertheless, some input variables include
the entire crop sequence (up to the preceding crops) as it affects the seedbed physical,
chemical and biological characteristics. The hierarchical structure of the model is
presented in Figure 2, which represents the breakdown of factors affecting the quality
of crop establishment into specific explanatory variables, represented by lower-level
attributes. CESIM has 58 attributes in total, including 38 basic and 20 aggregated
attributes. The 38 basic attributes represent input variables of the model and are
presented as the terminal leaves of the tree. The levels of the basic attrubutes are
aggregated into higher levels according to aggregating tables. The aggregated attributes
are internal nodes, which represent state variables or the output variable of CESIM, and
they are determined by lower-level basic attributes (Bohanec et al. 2007). The
importance of some basic attributes may differ not only from one crop species to
another, but also within a given crop, depending on the growth phase considered. This
means that some of basic attributes will have a higher impact than others on the final
output (i.e. the quality of crop establishment). For example, seedbed chemical
components such as organic matter, or inorganic nutrients, do not have any impact on
seed germination which relies on seed reserves (autotrophic phase). In contrast, they

markedly affect seedling growth, especially after emergence. Likewise, emergence losses



169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

due to soil-borne animal pests can be more important for maize, oilseed rape or sugar
beet but less important for soybean or sunflower (BSV 2016; Furlan et al. 2020;
Lamichhane et al. 2020). Likewise, post-emergence seedling damage due to vertebrate
pests maybe very high for sunflower (Sausse et al. 2016) or soybean (Firake et al. 2016)
but less relevant for wheat. Similarly, crop compensation capacity is high for crops such
as soybean and wheat through ramification and tillering capacity. In contrast, crops such
as maize or sunflower do not have this capacity and thus exposed to higher pre-or post
emergence failure. At the same time, the importance of the same basic attribute on the
same crop may differ depending on production situations (Aubertot and Robin 2013).
For example, a diversified cropping system is less favorable for soil-borne pathogens to
cause pre- or post-emergence damping-off disease than monocropping or less-
diversified cropping system (Abdel-Monaim and Abo-Elyousr 2012; Hwang et al. 2008;
Lamichhane et al. 2017). Likewise, the risk of post emergence damage due to vertebrate
pests depends on a number of factors including the field, landscape and regional
characteristics (Bayani et al. 2016; Sausse and Lévy 2020). Therefore, none of the basic
attributes can be omitted from the model structure due to the generic nature of CESIM.
However, we excluded weeds as their impact on crop growth, development and yield
become important only after the crop establishment phase (provided that a crop is sown
in weed-free conditions) when they are sufficiently developed to compete with crops for

light and nutrients (Chauhan and Johnson 2011; Chauhan and Opefia 2013).

Definition of the Attribute Scales

The choice of ordinal or nominal scales for basic and aggregated attributes represents
the second step of a DEXi model design. To this objective, sets of discrete values were

defined for the attributes of the model and described by symbolic value scales
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expounded by words. These values were explicated based on the literature knowledge
as well as expertise when deemed necessary. CESIM uses no more than a three-grade
scale value (i.e. “Unfavourable”, “Moderately favourable”, “Favourable”) for the
aggregated and basic attributes, which alludes to crop establishment. The value
“Favourable” means that the attribute is favourable to seed germination, seedling
emergence, stand uniformity (i.e. the uniformity of emerged seedlings in terms of
growth stage including height, biomass, stem diameter etc.), and finally to crop

establishment.

Different values for basic attributes can be specified using quantitative data, which are
subsequently converted into qualitative values. For example, the seed mass, seedbed
temperature or moisture can be converted into qualitative values using literature
references or expertise. This conversion takes into account not only the regional context
but also the crop in question. For instance, a relatively low seedbed moisture could be
classified as "Moderately favorable" for oilseed rape or wheat (quite tolerant to water
stress in the seedbed) but “Unfavorable” for soybean (very sensitive to water stress in
the seedbed) establishment (Diirr et al. 2015; Lamichhane et al. 2020). In contrast, other
attributes, such as “crop rotation” or “crop residue management”, can be directly

described qualitatively.

For seed and seedling attributes, all characteristics provided by seed suppliers, and
when available, those obtained by experimental results and from expertise can be used.
Likewise, for the seedbed physical, chemical and biological characteristics, the
information can be retrieved from field experiments. Information related to weather
attributes, such as rainfall and evapotranspiration can be either measured using sensors

or recovered from nearby meteorological stations. Figure 3 reports the scales which are
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ordered from unpromising values to the propitious ones for crop establishment. All
these characteristics are clearly noticeable in the DEXi software as detrimental, neutral
and favorable values to the end user are, by convention, coloured in red, black and

green, respectively.

Any initial quantitative or qualitative input attribute values can be converted into
qualitative appreciation, based on two to three scales. These scales are defined relying
on available information in the literature, models or expertise. For the same attribute, a
two-value scale (“Unfavourable”, and “Favourable”) was used for the seed germination
and seedling emergence phase (e.g. Temperature, Moisture, etc.) while a three-value
scale (“Unfavourable”, “Moderately favourable”, and “Favourable”) was used after
seedling emergence (Fig. 3). This is because seed germination is indeed strongly
affected by a relatively high or low level of seedbed temperature or moisture that have
an important impact on seedling growth and the stand uniformity that together

determine the final crop establishment (Constantin et al. 2015).

Definition of Aggregating Tables

The choice of aggregating tables that determine the aggregation of attributes in the tree
and their interactions is the third step in the design of a DEXi model. A set of “if-then”
rules determine the value of the considered attribute, for each aggregated attribute in
the model, as a function of the values of its immediate descendants in the model. The
rules that correspond to a single aggregated attribute are assembled together and easily
represented in tabular form. Each table defines a mapping of all value combinations of
lower-level attributes into the values of the aggregate attribute. Figure 4 presents
decision rules that correspond to the “seed germination” aggregated attribute and

define the value of this attribute for the 12 possible combinations of the three seed
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characteristics, the 2 levels of seedbed characteristics, and the 2 levels of seed predation.
For example, if seed and seedbed characteristics are favorable and the seed predation
rate is low, then the “seed germination” will be high and thus favorable to crop

establishment (Fig. 5).

All CESIM aggregating tables have been generated using literature, experimental data,
and expert knowledge when deemed necessary. Other aggregating tables of the model

are reported in Supplementary Figures S1-S4.

Evaluation of the prediction quality of CESIM: the establishment of subterranean

clover establishment in Australia as a case study

Description of the Dataset

A detailed description of the dataset used to test the prediction quality of the model is
presented in Supplementary Table S1. The quality of subterranean clover
establishment over the last four decades has been severely affected across Western
Australia (Burnett et al. 1994; Foster et al. 2017; O’'Rourke et al. 2009), which has
encouraged research to investigate the key underlying causes. Soil-borne pathogens
have been reported to cause severe economic losses thereby threatening the viability of
this forage crop (Barbetti et al. 2007; Barbetti et al. 1986; Wong et al. 1985a) and four
major soil-borne pathogens: namely Phytopthora clandestina (Simpson et al. 2011; You
et al. 2005; You and Barbetti 2017), Pythium irregulare (Wong et al. 1984; Wong et al.
1985b; You et al. 2017), Rhizoctonia solani (Maughan and Barbetti 1983; Wong et al.
1985a; You et al. 2008; You and Barbetti 2017) and Aphanomyces trifolii (Ma et al. 2008;
You et al. 2016; 2018) have been reported to cause root rot of subterranean clover. The
severity of the disease caused by these soil-borne pathogens mainly depends on
cropping system (e.g. cultivar choice) or seedbed soil and weather characteristics (e.g.

11
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soil texture, structure, moisture, temperature and rainfall; (Barbetti and MacNish 1984;
Hochman et al. 1990; Wong et al. 1985a, 1985b; You et al. 2017; You and Barbetti 2017).
In addition, there are also other components affecting the quality of subterranean clover
establishment, such as the impact of animal pests like nematodes (Barbetti et al. 2007;

Pung et al. 1988).

Research conducted over the last four decades in Australia focused on a number of
issues spanning from ecology and epidemiology of damping-off disease caused by soil-
borne pathogens (Barbetti et al. 1986; Sivasithamparam, 1993; Wong et al. 1984, 1985b,
1985a; You et al. 2008) to identification and deployment of available host resistance
(Nichols et al. 2014, 2013; You et al. 2005; You et al. 2016), use of mineral nutrients
(O’'Rourke et al. 2012), soil and plant management (Smiley et al. 1986). More recent
research has been aimed at better understanding of soil and weather effects and their
interactions with cropping practices and the overall impact on disease development and
levers towards better disease management (You and Barbetti 2017; You et al. 2017; You
et al. 2018). All this research conducted across Australia in the last four decades allowed
us to generate an important amount of primary knowledge on how different factors and
their interaction may affect the quality of subterranean clover establishment. This

dataset thus represents an unprecedented opportunity for modeling frameworks.

The required datasets had to provide information for input attributes of CESIM
(description of seed, seedling and seedbed characteristics, cropping practices, climate)
and its output (crop establishment) which was challenging. Therefore, the predictive
quality of CESIM was tested using two kinds of dataset: i) that originating from an
Australia-wide survey that was carried out in 2014 to identify the quality of

subterranean clover establishment across four states (SA, NSW, VIC & WA) in Australia,
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and ii) that generated from different greenhouse and field trials conducted in Australia

over the last four decades.

Although the model structure considers different levels of crop rotation or cropping
practices, out dataset included only a low level of variability for some of the input
variables. For example, subterranean clover is an annual pasture crop that naturally
reseeds each growing season and therefore no crop rotation data were included in our
dataset. Likewise, although most field crops are subjected to seed treatment
(Lamichhane et al. 2020b) no seed treatment was performed for subterranean clover for
two reasons. First, this crop is considered a low-value crop and second, given that
damping-off disease limiting the establishment and productivity of this crop is most
often caused not only by one soil-borne pathogen but by a pathogen complex. In such a
case, fungicide seed tratment is not effective in managing the disease (You et al. 2020).
Nevertheless, all data used to assess the prediction quality of the model included
information corresponding to the real field situations. In total, we used data collected
across 231 production situations. All these data were transformed into qualitative

values and used as input basic attributes to feed CESIM-Subterranean clover.

Converter

As for any other DEXi-based models (Robin et al. 2018), CESIM-subterranean clover is
based on qualitative attributes and aggregative tables with nominal or quantitative
variables. The latter are generally available for users dealing with their specific
situations. A converter was designed to transform these variables into ordinal ones
using specific regional references adapted to the local pedo-climatic situations and
cropping practices. A detailed description of the converter used to this aim is presented

in Supplementary Table S2.
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313  Simulations with DEXi

314  The qualitative final attribute value (final rate of crop establishment) is calculated by
315  DEXi. The estimation consists of calculating all aggregated attribute values according to:
316 (i) the structure of the tree; (ii) the considered simulation unit, defined as a set of input
317  variables (basic attribute values); and (iii) the aggregating tables for the aggregation of

318  attributes.

319  Evaluation of the Predictive Quality of CESIM-Subterranean clover

320 CESIM was evaluated for its ability to predict crop establishment classes. To this aim,
321 quantitative observed values of crop establishment were transformed into ordinal
322 values, using the same discrete categories as the model (i.e., 0 to 40, 40 to 60, 60 to 80,
323  and 80 to 100%). Each of the observed crop establishment percentages was related to a
324  value simulated by the model using the corresponding observed input attributes. To
325 assess the predictive quality of the model, a confusion matrix was computed as a table
326  layout, where each column represents the instances in a predicted class, while each row
327 represents the instances in an observed class. Accuracy (proportion of correctly
328 predicted situations) is a widely used performance metric. However, it cannot be the
329  only statistical criterion to consider since our dataset was unbalanced. Both Matthews
330 Correlation Coefficient (MCC) (Matthews 1975) and Cohen’s quadratic weighted
331 (Cohen 1960; Fleiss and Cohen, 1973) correct this bias, but the former is prefered for
332  unbalanced cases (Delgado and Tibau 2019). Matthews Correlation Coefficient (MCC) is
333  a special case of Pearson Correlation Coefficient and leads to similar interpretations
334  (Matthews, 1975). It takes into account true and false positives and negatives and is
335 generally regarded as a balanced measure, which can be used even if the classes are of

336  very different sizes. We also used the Cohen’s quadratic weighted k because it can be

14
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interpreted as the proportion of variability explained by the model (Fleiss and Cohen,
1973). The dataset used only had two classes of crop establishment quality: Low
(=<40%), Moderately low (41-60%). Two additional statistics for binary classifiers were
therefore also considered (Agresti 2002): the sensitivity (measurement of the
proportion of situations with actual low crop establishment correctly predicted), and the
specificity (measurement of the proportion of situations with moderately low crop
establishment quality correctly predicted). These computations were carried out using

Mathematica 10.1.0.0 (Wolfram Research 2015).

Sensitivity analysis

Sensitivity analysis was conducted using the automatic procedure integrated into the
DEXi software (Bohanec 2009), which computes the standardized local and global
weights of each attribute as a function of the aggregative tables using a linear regression
method (Bohanec 2009). Previous studies that used DEXi-based models performed
sensitivity analysis to measure the behaviour of the model output to changes in
parameters or other input values (Carpani et al. 2012; Robin et al. 2018). These weights
are important as they are comparable to a sensitivity analysis for quantitative models
(Robin et al. 2018). The higher the weight, the more influential the attribute. The “local”
and “global” weights are calculated in two different ways. “Local” weights are assigned
to each aggregated attribute individually so that the sum of weights of its immediate
descendants in the hierarchy equals 100%. The “global” weights are determined at a
given level of aggregation and signify the importance of each attribute on the value of
the output attribute. The “global” weights are computed by multiplying the local weight
of a given attribute at a given level of aggregation, by local weighting of its ascendants.

Only standardized values are presented since non standardized weights calculated by

15
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361 DEXi do not take into account the number of classes in the scales used and prevent the

362  structural bias they induce (Bohanec, 2009).

363 Results

364  Sensitivity analysis

365 Table 1 reports the weights of each of the 58 attributes of the model, providing an
366  overview of the model’s structure. CESIM has 5 levels of aggregation (Fig. 3), the fifth
367 one being the leaves (i.e. the model input basic attributes). For example, the output
368  attribute “Final percentage of establishment” is defined at a level of 40% by the attribute
369  “Seedling emergence”; 20% by the attribute “Stand uniformity”, and 40% by the
370 attribute “Crop compensation capacity”. As a proof of the complexity of the underlying
371  processes at stake, the most influential input attribute (leaves), after the attribute “Crop

372 compensation capacity” (40%), is only 4% (attribute “Seed predation”).

373 Evaluation of the Predictive Quality of CESIM-Subterranean clover

374  The relatively high number of observed situations in the dataset (231) allowed an
375 acceptable evaluation of the CESIM-Subterranean clover predictive quality. The accuracy
376  of the confusion matrix (Fig. 5) revealed that the model correctly predicted 91.3% of the
377  observations (sum of the italic numbers reported in the diagonal of the matrix in green).
378 However, the MCC (0.342) revealed a fair agreement as confirmed by the Cohen’s k
379  criterion (0.297) (Landis and Koch, 1977). The model has a good sensitivity (0.62), and
380 an excellent specificity (0.92). As expected, the predictive quality of the model was
381  excellent for the lowest crop establishment class (i.e. the most frequently observed class

382 in the dataset): 92% of the observed values between 0 and 40% were correctly
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simulated (as described by the specificity). Consequently, the overall predictive quality

of CESIM-Subterranean clover considered as satisfactory.

Discussion

Complexity of the crop establishment phase and the need for multidisciplinary research

The quality of crop establishment under field conditions is affected by several factors
and their interactions, depending on cropping practices and production situations
(Lamichhane et al. 2018). For example, drought represents the most important limiting
factor to cover crop establishment in Southern France (Constantin et al. 2015), while
soil-borne pathogens are the major limiting factor for the establishment of forage crops
across Southern Australia (Barbetti et al. 2007; Foster et al. 2017; You and Barbetti,
2017; You et al. 2018). However, in both cases, these abiotic and biotic factors interact
not only among them but are also under the influence of cropping practices that finally
determine the quality of crop establishment. Focusing only on some of the factors
determining the quality of crop establishment may not allow development of sustainable
solutions. This is especially true taking into account the complexity behind the crop
establishment phase requiring knowledge and expertise from agronomy,
phytopathology, entomology, weed science, soil science and soil microbial ecology. The
modeling framework proposed herein is a telling example that highlights how a complex
issue can be disentagled into more simple problems and how all this can be addressed
using a broader approach integrating literature knowledge and experise (notably from

scientific specialists, but also from farmers and agricultural advisers).

Potentials of CESIM generic modeling framework
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Despite the availability of a rich dataset on factors affecting the establishment quality of
subterranean clover, no modeling framework has been developed to date undertaking a
system approach. A small part of this dataset has been recently used to develop
generalized linear models and boosted regression trees (You et al. 2017, 2018), but
these models did not take into account all key factors and their interactions. In addition,
although these generalized linear models may have parameters with biological
significance at discretion of the « experts » tuning, or creating a model, this was not
taken into account in these recent works. On the other hand, a quantitative modeling
approach, such as the use of mechanistic models, is not realistic yet to study this
complex system. This is because they need precise quantitative data on each variable of
the model and their interactions although they can still provide a good range of
uncertainty around an estimation even without being fully calibrated (e.g. good
sensitivity and uncertainty analysis procedures help targeting the right parameters to
accomplish it). Overall, a quantitative approach may lead to models difficult to use due
to the challenge to provide input variables. Also, propagation errors is a common pitfall
of complex machanistic models. However, these issues can be overcome by using a
qualitative generic modeling framework. The dataset and knowledge available on the
agroecosystems with subterranean clover allowed us to test the prediction quality of a
complex generic model such as CESIM, which is not yet possible for other crops due to

incomplete data availability.

CESIM represents the first model that takes into account all key abiotic and biotic
factors, as well as cropping practices affecting the establishment quality of a given crop.
The example of modeling framework reported herein is innovative because it allows
aggregation of key information from different sources (i.e., technical and scientific

literature, expert knowledge, experimental data or data from field diagnoses). In this
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way, a high level of complexity can be addressed given that it deals with qualitative
variables (sometimes derived from quantitative variables). Such a qualitative
framework is very appropriate, while modeling complex systems for which a high
precision level is not necessarily a pre-requisite. The DEXi software thus offers a
relevant environment for organizing the available knowledge and developing models. In
addition, DEXi-based models allow a high level of generality (Aubertot and Robin 2013;
Robin et al. 2018). A major innovation of CESIM is its flexibility and adaptability as the
model promptly integrates any variables at any time with the possibility of adjusting
certain scales or aggregative rules. In addition, the simple and user-friendly DEXi
interface is another key advantage of this approach that represents a powerful
communication and educational tool. Finally, as for any DEXi-based model, CESIM can be
used across a wide range of situations not only to perform the ex-ante assessment of
potential establishment quality of a given crop but also ex-post assessment, taking any
possible changes in cropping practices, seed and seedling as well as seedbed

characteristics thereby facilitating decision making process.

Limits of CESIM generic modeling framework

One of the limits of the CESIM approach is a high number of attributes and scales used in
the model. This is due, in part, to the fact that the crop establishment phase is composed
of three sub-phases (seed germination, seedling emergence and crop uniformity). This
means that the same attributes and their related variables repeat several times within
these sub-phases. For instance, seedbed characteristics such as moisture and
temperature appear throughout all three sub-phases. Likewise, seedbed physical,
chemical and biological characteristics appear along two phases (seedling emergence

and seedling uniformity). All this makes the model structure quite complicated. In
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addition, the scales used for each of the attributes that repeat throughout different sub-
phases are not necessarily the same. This would further increase the complexity of
aggregative tables, which would be more difficult to complete. This could be due to
many factors including: i) lack of knowledge in the literature, ii) lack of consistency in
experimental and observational results, or iii) lack of consensus among experts on the
potential effects of different factors, given that attributes and scales were selected from
literature, experimental data, and expert knowledge. As a consequence, the model may
not be able to integrate these factors. An example, is the effect of seedbed temperature
and moisture on disease severity index. Because different soil-borne pathogens,
including oomycetes (Simpson et al. 2011; You and Barbetti, 2017; You et al,, 2017), and
true fungi (You and Barbetti 2017; You et al. 2016), affect the establishment quality of
subterranean clover, the ranges of soil moisture and temperature triggering their
epidemics could be different. In addition, most often these pathogens are subjected to
synergistic interactions that lead to disease complexes. However, while this latter
information is not precisely integrated into the model due to poor knowledge and
expertise available to date, model inputs representing the outcomes of such synergistic
interactions were integrated into this CESIM approach and well-represented by

variables such as “seed germination ability” and “crop compensation ability”.

Certain values of the basic indicators are difficult to estimate objectively. For instance,
the role of beneficial organisms in the soil, in particular that of antagonist
microorganisms, in reducing negative impact of soil-borne pathogens is very difficult for
users to measure. Consequently, we did not include this variable into the model.
Nevertheless, this variable is somehow well-represented in the model by the variable
“organic matter”, as soil organic matter has been reported to be directly correlated to

disease suppressiveness due to the induction of physicochemical and biological changes
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in soils (Campos et al. 2016; Vida et al. 2020). This means that the higher the soil organic
matter in the soil, the lower the risk of disease development due to soil-borne
pathogens. Likewise, the variable “crop rotation”, which has been reported to enhance
disease suppressive potential in soils when diversified (Peralta et al. 2018) is also
integrated into the model, which to some extent represent the role of beneficial
microorganisms. Another variable difficult to measure for users is “seed latently infected
by seed-borne pathogens” which depends on the seed quality and thus belongs to seed
characteristics. Although we did not include this variable into the model, this
characteristic is already well-represented by the variable “seed germination ability” and
“seed treatment”. Indeed, the higher the percentage of latent seed infection in a given
seed lot, the lower the germination ability, if the seeds are not treated. Finally, we did
not include host resistance or tolerance into the model as a variable, neither for pre-
emergence nor for post emergence. This is because the variables “seedling
characteristics” and “crop compensation ability” represent host resistance/tolerance
pre-and post-emergence, respectively. This is more realistic than including specific host
resistance as a variable for two reasons: first, no crop cultivar is fully resistant to all soil-
borne pathogens causing damping-off (Lamichhane et al. 2017) and a cultivar resistant
to one soil-borne pathogen can be susceptible to another soil-borne pathogen or to a
specific race of a given pathogen (Nichols et al. 2014; You et al. 2005). Second, a
resistant cultivar can rapidly become susceptible due to multiple resistance-breaking as
for example was the case for new races of P. clandestina (You et al. 2005). In general, the
variable “crop compensation ability” also includes any potential pre- or post-emergence
losses due to abiotic or biotic stresses via ramification, tillering, inderminate or semi-

determinate growth to ensure a good coverage of the seedbed.
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In a qualitative model such as CESIM, the basic attribute values need to be defined
qualitatively, and some of them have to be originated from quantitative values with
simple transformation. This operation can be time consuming, in some cases, especially
when the number of attributes is high. In addition, such a procedure raises questions
about the precision of the model although the precision is not the main objective of such

qualitative models (Aubertot and Robin 2013; Robin et al. 2018).

The results obtained when assessing the predictive quality of CESIM rely not only on the
model itself, but also on the diversity of the dataset. The more representative the data
are of a range of soil, weather, cropping systems and crop establishment, the more
robust the evaluation. Although a relatively large dataset (i.e. 231 situations) was used
to represent all these variabilities, the dataset did not cover a wide range of situations.
For instance, there was no variability in seed treatment (all non-treated seeds),
germination ability (all medium), seed predation (all low), evapotranspiration (all
favorable), seedbed structure (all favorable), sowing density (all favorable), crop
rotation (all unfavorable), sowing depth (all average), and vertebrate pests (all
favorable). In addition, although four classes of the crop establishment quality was
defined in the model, the dataset contained only low (<40%) and moderately low (41-
60%) classes while the other two classes (moderately high; 61-80% and high >80%)
were not represented in the dataset. Soil-borne pathogens, in interaction with pedo-
climatic factors, cropping practices and production situations, cause devastating losses
of subterranean clover across Australia (Barbetti et al. 1986, 2007). Disease
management is extremely challenging for different reasons. First, host resistance is
available to specific soil-borne pathogens but not to all soil-borne pathogen complexes
(You et al. 2005). Likewise, while chemical seed treatment is generally effective against

individual pathogens it is ineffective to pathogen complexes (You et al. 2020). Due to
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permanent nature of annually self-regenerating subterranean clover forages, there is no
crop rotation and, most often, farmers systematically tend to renovate semi-permanent
forages by making new sowings into pre-existing clover fields that have severely
declined. This makes the clover establishment extremely challenging, as newly planted
cultivars often fail to successfully establish within existing forage systems due to
competition from surviving seedbank. In addition, resowing new cultivars into a field
already infected by soil-borne pathogens can fail due to pre- and post-emergence
damping-off from soil-borne pathogen complexes. All this explains the frequently low to
moderately low crop establishment rates in the dataset. This did not allow us to test the

predictive quality of the model for relatively high or high rates of crop establishment.
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Perspectives

Here, for the first time, we developed a qualitative modeling framework based on a
systems approach, that assesses the role of phytobiomes on field crop establishment.
Development of such a model was a challenging task that has been achieved. The next
step should focus on its improvement, in particular, to increase its predictive quality. To
this objective, two approaches can be used : i) optimization of the model by modifying
the aggregative tables (equivalent to parameter optimization for quantitative models;
Aubertot and Robin 2013), and ii) improvement of the dataset used herein to test the
prediction quality of the model. The latter can be done including those situations where
the establishment quality of subterranean clover is high to very high in three different
ways as suggested previously (Robin et al. 2018): i) setting up specific experiments, (ii)
performing agronomic diagnoses in commercial fields, and (iii) integrating data from
other countries. Also, the use of other simulation models could be considered in order to

generate data, provided that their quality of prediction is sufficient.
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Figure legends :

Figure 1. Conceptual framework that highlights how each component of phytobiomes
and their interactions affect field crop establishment (adapted from Lamichhane et al.
2018). Four major components of phytobiomes namely cropping system, seed and
seedling characteristics, seedbed components (physical chemical and biological), and
weather as well as their interactions affect seed germination, seedling emergence and
crop establishment. Post emergence seedling damage can be caused by soil-borne pests
and pathogens (internal component of the seedbed) or by animal pests coming from
outside (external component of the seedbed, such as birds, wild animals etc.). Air-borne
pathogens are not included as their impact on crop growth and development is
important only after the crop establishment phase and that all key pathogens affecting
the crop establishment phase are soil-borne (Rojas et al. 2016; Lamichhane et al. 2017,
2020b; You et al. 2017a). Likewise, weeds are excluded as their impact on crop growth,
development and yield is important only after the crop establishment phase when they
are sufficiently developed to compete with crops for light and nutrients (Chauhan and
Johnson 2011).

Figure 2. Hierarchical structure of CESIM (screenshot of the DEXi software). Bolded and
non-bold terms represent aggregated and basic attributes, respectively.

Figure 3. Attribute scales of CESIM (screenshot of the DEXi software). The scales are
ordered from unfavorable values for crop establishment (on the left-hand side) to
favorable ones (on the right-hand side). This difference is clearly noticeable in the DEXi
software, because, by convention, values favorable to the user are coloured in green,
detrimental in red, and neutral in black.

Figure 4. Aggregating table for the “seed germination” aggregated attribute (screenshot
of the DEXi software). Aggregation rules for the 12 possible combinations of the 3 seed
characteristics, the 2 levels of seedbed characteristics and the 2 levels of seed predation.

Figure 5. Confusion matrix of the CESIM-Subterranean clover model and marginal
distributions. Numbers in italic indicate overall percentages calculated as the ratio of the
number of instances in a given situation, or marginal sums, to the total number of
observations x 100 (n = 231). Green and red color codes indicate the minimum and
maximum difference between observed and simulated values, respectively. Intermediate
colors were arbitrarily defined by the ColorFunction option in Mathematica (Wolfram
Research, Inc. 2015), according to the number of the classes considered (four in this
case). ‘Mod. Low’ and ‘Mod. High’ mean moderately low and high classes, respectively.
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Table 1. Normalized attributes weights of CESIM-subterranean clover establishment computed by DEXi (Bohanec, 2015). The impact of
each attribute on the value of the immediate descendant attribute in the hierarchy is represented by local weights while the influence of
each attribute on the value of the final attribute is defined by global weights. Local and global weights are distributed in five levels of
aggregation.

Local Local Local Local Local Global Global Global Global Global

Attributes defining the final percentage of level 1 level 2 level 3 level4 level5 levell level2 level3 level4 level5

subterranean clover establishment

1. Seedling emergence 40 40
1.1. Seed germination 27 27
1.1.1. Seed characteristics 27 3
1.1.1.1. Seed mass 26 1
1.1.1.2. seed treatment 23 1
1.1.1.3. Seed germination ability 51 2
1.1.2. Seedbed characteristics 36 4
1.1.2.1. Moisture 50 2
1.1.2.2. Temperature 50 2
1.1.3. Seed predation 36 4
1.2. Seedling characteristics 15 6
1.2.1. Seedling emergence force 50 3
1.2.2. Shoot/root elongation rate 50 3
1.3. Seedbed characteristics 34 14
1.3.1. Seedbed physical characteristcs 33 5
1.3.1.1. Temperature 22 1
1.3.1.2. Moisture 22 1
1.3.1.2.1. Rainfall 39 0
1.3.1.2.2. Texture 35
1.3.1.2.3. Evaporation 26 0
1.3.1.3. Crusting 26 1
1.3.1.3.1. Rainfall 32 0

o
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1.3.1.3.2. Texture
1.3.1.3.3. Evaporation
1.3.1.3.4. Structure
1.3.1.4. Crop residue management
1.3.2. Seedbed chemical characteristics
1.3.2.1. Organic matter
1.3.2.2. Inorganic nutrients
1.3.2.3.pH
1.3.3. Seedbed biological characteristics
1.3.3.1. Disease index
1.3.3.1.1. Disease caused by oomycetes
1.3.3.1.2. Disease caused by true fungi
1.3.3.2. Risks of animal pests
1.3.3.2.1. Invertebrate pests
1.3.3.2.2. Vertebrate pests
1.3.3.3. Sowing density
1.3.3.4. Crop rotation
1.3.3.5. Crop residue management
1.4. Sowing depth
2. Stand uniformity 20
2.1. Seedbed physical characteristics
2.1.1. Moisture
2.1.2. Temperature
2.2. Seedbed chemical characteristics
2.2.1. Organic matter
2.2.2. Inorganic nutrinets
2.2.3.pH
2.3. Seedbed biological characteristics
2.3.1. Disease index
2.3.1.1. Disease caused by oomycetes
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2.3.1.2. Disease caused by true fungi
2.3.2. Risks of animal pests
2.3.2.1. Invertebrate pests
2.3.2.2. Vertebrate pests
3. Crop compensation capacity 40

50

50

50
50

40
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Supplementary materials:

Supplementary Table 1. Description of the dataset used in this study to test the
prediction quality of the model

Supplementary Table S2: Transformation of nominal and quantitative variables into
ordinal variables using a converter

Supplementary Figure S1. Aggregating table for the “seedbed characteristics”
aggregated attribute (screenshot of the DEXi software). Aggregation rules for the 27
possible combinations of physical, chemical and biological characteristics, each of 3
levels.

Supplementary Figure S2. Aggregating table for the “seedling characteristics”
aggregated attribute (screenshot of the DEXi software). Aggregation rules for the 9
possible combinations of emergence force and shoot/root elongation rate, each of 3
levels.

Supplementary Figure S3. Aggregating table for the “seedling emergence” aggregated
attribute (screenshot of the DEXi software). Aggregation rules for the 81 possible
combinations of seed germination, seedling characteristics, seedbed characteristics and
sowing depth, each of 3 levels.

Supplementary Figure S4. Aggregating table for the “stand uniformity” aggregated
attribute (screenshot of the DEXi software). Aggregation rules for the 27 possible
combinations of seedbed physical, chemical and biological characteristics, each of 3
levels.
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Attribute Scale
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Supplementary Figure S1. Aggregating table for the “seedbed characteristics”
aggregated attribute (screenshot of the DEXi software). Aggregation rules for the 27
possible combinations of physical, chemical and biological characteristics, each of 3 levels.

W00 =] hotn B R

= e e e e e e e e
WIOGO =] o L R = 3

REBRBES

4

Physical characteristics
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favaorable
Moderately favorable
Moderately favorable
Moderately favaorable
Moderately favorable
Moderately favorable
Moderately favaorable
Moderately favorable
Moderately favorable
Favorable

Faworable

Fawvorable

Favorable

Faworable

Fawvorable

Favorable

Faworable

Fawvorable

Chemical characteristics
Unfavorable
Unfavorable
Unfavorable
Moderately favaorable
Moderately favorable
Moderately favorable
Favorable

Faworable

Fawvorable
Unfavorable
Unfavorable
Unfavorable
Moderately favaorable
Moderately favorable
Moderately favorable
Favorable

Faworable

Fawvorable
Unfavorable
Unfavorable
Unfavorable
Moderately favaorable
Moderately favorable
Moderately favorable
Favorable

Faworable

Fawvorable

Biological characteristics
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable

Seedbed characteristics

{ Unfavorable

Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Unfavorable
Moderately favorable
Moderately favorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Unfavorable
Moderately favorable
Favorable
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Supplementary Figure S2. Aggregating table for the ‘“seedling characteristics”
aggregated attribute (screenshot of the DEXi software). Aggregation rules for the 9
possible combinations of emergence force and shoot/root elongation rate, each of 3 levels.

LN s Ll pd

LY R R I

Emergence force  Shootfroot elongation rate

Low
Low
Low
Medium
Medium
Medium
High
High
High

Low
Mediurn
High
Low
Medium
High
Low
Medium
High

Seedling characteristics

Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Unfavorable
Moderately favorable
Favorable



Supplementary Figure S3. Aggregating table for the “seedling emergence” aggregated
attribute (screenshot of the DEXi software). Aggregation rules for the 81 possible
combinations of seed germination, seedling characteristics, seedbed characteristics and
sowing depth, each of 3 levels.
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Seed germination (%)
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Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)

Low (<70)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)

Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable

Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderatelv favorable
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Sowing depth  Seedling emergence

Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average

Optimal

Low (<50)

Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Medium -7

Low (<50)

Low (<50)

Low (<50)

Low (<50)
Medium (51-70)
Low (<50

Low (<50)

Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)

~ Low (<50)
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42
43

45

A I

52
53

55

57

59

61

62

63

64

65

67

09

71l

72

73
74
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81

Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
Medium (71-90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
High (>90)
Hiah (>90)
High (=90}
High (=30
High (=30
High (=90)
High (=30
High (=90}
High (>90)
High (>90)
High (=90)
High (>90)
High (=90)
High (>90)
High (>90)
High (=90)
High (>90)

Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderatelv favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Poor
Average
Ootimal
Foor
Average
Optimal
Poar
Average
Optimal
Poor
Average
Optimal
Poor
Average
Optimal
Foor
Average
Optimal

Low (<50)
Medium (51-70)
Low (<50

Low (<50)

Low (<50)

Low (<50)

Low (<50)
Medium -7
Medium (51-70)
Low (<50)
Medium (51-70)
Medium (51-70)
Low (<50)

Low (<50)

Low (<50)

Low (<50)
Medium (51-70)
Low (<50)

Low (<50)
Medium (51-70)
Medium (51-70)
Low (<50)

Low (<50)

Low (<50)

Low (<50)
Medium (51-70)
Medium (51-70)
Low (<50)
Medium (51-70)
Medium (51-70)
Low (<50)

Low (<50)

Low (<50)

Low (<50}
Medium {51-70)
Medium (51-70)
Low (<50}
Medium (51-70)
Medium {51-70)
Low (<50}

Low (<50}

Low (<50}

Low (<50}
Medium (51-70)
Medium (51-70)
Low (<50}

High (=70)

High (=70)



Page 46 of 46

Supplementary Figure S4. Aggregating table for the “stand uniformity” aggregated
attribute (screenshot of the DEXi software). Aggregation rules for the 27 possible
combinations of seedbed physical, chemical and biological characteristics, each of 3 levels.
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Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Favorable

Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable
Unfavorable
Unfavorable
Unfavorable
Moderately favorable
Moderately favorable
Moderately favorable
Favorable

Favorable

Favorable

Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable
Favorable
Unfavorable
Moderately favorable

Favorable

Stand uniformity (%

i Low (<50)

Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Medium (51-80)
Medium (51-80)
Low (<50)
Medium (51-80)
Medium (51-80)
Low (<50)
Low (<50)
Low (<50)
Low (<50)
Medium (51-80)
Medium (51-80)
Low (<50)
Medium (51-80)
High (>80)



