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A B S T R A C T

Field trials are commonly used to estimate the effects of different factors on crop yields. In the present study, we
followed an alternative approach to identify factors that explain field-to-field yield variation, which consisted of
farmer survey data, a spatial framework, and multiple statistical procedures. This approach was used to identify
management factors with strongest association with on-farm soybean yield variation in the US North Central
(NC) region. Field survey data, including yield and management information, were collected over two crop
growing seasons (2014 and 2015) from rainfed and irrigated soybean fields (total of 3568 field-year observa-
tions). Fields were grouped into technology extrapolation domains (TEDs) that accounted for soil and climate
variation and 9 TEDs were selected based on the number of fields needed to detect yield differences due to
management as determined using power analysis. Average yield ranged from 2.5 to 5Mg ha−1 across TEDs, with
field yield distributions in half of the domains having a distributional peak that was close to maximum yields.
Conditional inference trees analysis was chosen among 26 statistical procedures as the approach that best
combines ability to detect and rank factors (and their interactions) with greatest influence on on-farm yield and
relatively easy interpretation of results. Survey data from ca. 150 fields in each of the nine TEDs allowed us to
identify key management factors influencing yields for an agricultural area that includes ca. 7 million ha sown
with soybean. In five of the nine TEDs, highest yields were observed in early-sown fields. Other factors ex-
plaining on-farm yield variation were maturity group, and in-season foliar fungicide and/or insecticide appli-
cation, but, in some cases, their influence on yield depended upon sowing date and water regime. While the
approach proposed here cannot establish cause-effect relationships conclusively, it can certainly provide a focus
to replicated field experiments in relation to which management factors to investigate. We believe that future
agronomic studies based on farmer survey data can greatly benefit from ex-ante identification of most important
TEDs (relative to crop area and production) as well as determination of minimum number of farmer survey data
that needs to be collected from each of them based on expected yield differences and variability. The approach is
generic enough to be applied in other crop producing regions as long as farmer data and associated climate and
soil databases are available.
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1. Introduction

Average crop yields will need to increase substantially during the
next 33 years to meet expected food demand increase while avoiding
massive expansion of cropland area (Tilman et al., 2011; Alexandratos
and Bruinsma, 2012; Grassini et al., 2013). This challenge can be
achieved by increasing the rate at which best management practices are
identified and adopted for a particular soil-climate context. Replicated
field experiments are used in agricultural research to test new tech-
nologies and management practices. In these experiments, researchers
selectively manipulate a production factor and, by comparing final
yield against the yield of a “control” treatment, the magnitude of the
yield response and its economic profitability are assessed. A limitation
of this approach is that it often examines the effect of management
practices at a small number of sites and years due to practical con-
straints (e.g., costs, logistics, etc.). Hence, extrapolation of their findings
is typically confined to a narrow range of environments. Likewise, field
experiments cannot test the effect of a large number of production
factors (and their interactions) on yield due to the large number of plots
that would be needed. And, finally, the management selected as
“background” for these experiments (e.g., sowing date, tillage method)
will also influence crop responses to a given technology or manage-
ment. Given these limitations, it is relevant to search for alternative,
cost-effective approaches that provide an indication of the management
practices that perform best for a given climate-soil context.

Farmer survey data can be utilized as a cost-effective source of in-
formation to identify yield constraints and fine-tune management
practices so that these yield limitations can be ameliorated or elimi-
nated (e.g., Calvino and Sadras, 2002; Sadras et al., 2002; Lobell et al.,
2005; Tittonell et al., 2008). An advantage of using farmer data is that it
allows examination of opportunities for yield increase within the range
of current management practices that are both cost-effective and lo-
gistically feasible in farmer fields. Another advantage of using farmer
data is that, if surveyed fields are properly contextualized relative to
their biophysical environment, it is possible to explore and quantify
management× environment interactions (Rattalino Edreira et al.,
2017). Such assessment would allow identification of suites of man-
agement practices that perform best for a given environment and pro-
vide a focus to traditional, costly field experiments so that they can
target those management practices with the most likely impact on crop
productivity and input-use efficiency.

Statistical analysis of farmer self-reported data poses challenges that
need to be addressed to make meaningful and unbiased inferences. For
example, in field experiments, different levels of a given management
or input are assigned to experimental units. These experimental units
are carefully selected based on their similarity, in order to avoid con-
founding factors influencing yield and to minimize the error variance.
Each treatment level is applied to several experimental units (‘re-
plicates’) to obtain an estimate of average yield and its variation. In
contrast, farmer data do not follow an experimental design and lack
random allocation of experimental units and replication. Variation in
soil, weather, and management practices across fields results in
minimal control over error variance. Several management practices (or
inputs) may be applied simultaneously, leading to multi-collinearity,
making interpretation of results more challenging (Hastie et al., 2001).
Additionally, it may be the case that a given management practice does
not appear to be significantly associated with yield simply because that
practice has already been widely adopted across fields (e.g., cultivars
with herbicide-resistance traits). Despite all these limitations, farmer
data have the potential to give an indication of the most important
yield-limiting factors in a given region, which can, in turn, then be
tested in more detailed field trials to experimentally confirm cause-ef-
fect relationships.

We argue here that proper analysis of farmer field data, when
evaluating the influence of management factors on yield, requires: (i) a
biophysical spatial framework to cluster fields into groups with

relatively similar climate and soil, (ii) use of appropriate statistical
methods that can handle the nuances associated with the structure of
farmer survey data and to identify management interactions, and (iii) a
deep agronomic knowledge and understanding of the cropping system
context to interpret results and translate them into practical re-
commendations. Application of a spatial framework to identify causes
of yield gaps has been addressed in a previous study (Rattalino Edreira
et al., 2017). A major limitation of this previous study, as well as other
studies looking into the causes of yield gaps (e.g., Mercau et al., 2001,
Sadras et al., 2002; Grassini et al., 2011, 2015; Silva et al., 2016), is that
the analysis was limited to a comparison of management practices be-
tween high- versus low-yield fields or regressions between yield and
individual or multiple management practices for a given climate-soil
domain, without an explicit attempt to rank the importance of each
management practice based on its influence on yield and to identify
interactions.

In the present study, we addressed the second requirement listed
above, that is, the use of a proper statistical technique to identify and
rank management factors (and their interactions) influencing soybean
yield in farmer fields. We focused on soybean fields in the North Central
US region, which accounts for ca. 85% of US soybean production and
ca. 30% of global production (FAOSTAT, 2016; USDA-NASS, 2016).
The objective of this study was to utilize self-reported farmer data and
multiple statistical techniques, together with a spatial framework, to
identify the management practices with greatest influence on rainfed
and irrigated soybean yields across diverse climate and soil conditions.

2. Materials and methods

2.1. Database description

Soybean yield and management practices data were collected from
3568 fields sown with soybean in 2014 and 2015 across 10 states in the
US NC region: Iowa (IA), Illinois (IL), Indiana (IN), Kansas (KS),
Michigan (MI), Minnesota (MN), Ohio (OH), North Dakota (ND),
Nebraska (NE), and Wisconsin (WI) (Fig. 1). Detailed description of the
database is provided elsewhere (Rattalino Edreira et al., 2017). The
majority of surveyed fields were non-irrigated, except in Nebraska,
where there were both rainfed (34%) and irrigated fields (66%) located
within the same region. Maize was the predominant prior crop (88% of
total fields). Average regional yield represents ca. 22 (rainfed) and 13%
(irrigated) of the estimated yield potential, indicating a relatively small
(but still exploitable) room for increasing farmer yields through fine
tuning of current management practices (Rattalino Edreira et al., 2017).

Farmers reported data on field location, average yield (adjusted to
13% moisture content), and management practices, including sowing
date, seeding rate, row spacing, variety name, tillage method, drainage
system, total irrigation amount (for irrigated crops), seed treatment,
fertilizer inputs, lime, manure, and pesticides (Table 1). Farmers also
reported incidence of other field adversities such as pests, diseases,
weeds, iron deficiency chlorosis, hail, waterlogging, and frost. Data
were subjected to quality control to remove erroneous entries. Likewise,
fields subjected to unmanageable field adversities (e.g., hail, frost,
flooding) leading to substantial yield losses were excluded from the
analysis. To do this, fields reported as affected by any of the afore-
mentioned adversities were grouped within regions with similar soil
and climate (see Section 2.2), and we excluded those that fall below the
25th percentile of the yield data distribution within each region-year.
To summarize, we excluded data from fields affected by unmanageable
adversities and that fell below the 25th percentile of the yield dis-
tribution in each climate-soil domain; these data were excluded from all
the statistical analyses, as well as tables and figures presented here. We
did not exclude fields that suffered from drought, heat stress, temporary
waterlogging, or disease, insect or weed pressure. After quality control,
the database contained data from a total of 3216 fields sown with
soybean in 2014 and 2015 (92% of total surveyed fields). Fields were
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