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Abstract

Generating multi-scale information to understand crop variability and optimize crop man-

agement is crucial for increasing yields and improving input efficiency to meet global food

demand. This dissertation uses available technological tools to generate actionable insights

and improve our understanding of crop behavior at different scales.

This dissertation is divided into five chapters. The first chapter serves as an introduction

to crop yield improvement strategies and describes technologies that facilitate the generation

of knowledge. The remaining chapters present case studies focusing on yield improvement,

testing different crop management practices and using data approaches. Chapter 2 uses crop

modelling to explore different combinations of soybean planting dates and maturity groups

at the regional level in Kansas, USA, under both current and future weather scenarios.

Chapter 3 uses the Canopeo tool, crop modelling and Bayesian analysis to assess the effects of

equidistant and non-equidistant soybean planting patterns at different site densities in three

US states. Chapter 4 uses multiple years of geo-referenced yield monitor data from GPS-

enabled combines and spatio-temporal analysis to establish a data pipeline that quantifies

within-field yield variation in response to precipitation. Finally, Chapter 5 summarizes the

key findings and outlines directions for future research to further improve crop management

information and yield outcomes, a critical step in meeting the world’s growing food demand.
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Chapter 1

General introduction

1.1 Core principles and strategies for crop yield im-

provement

Population growth is driving a significant increase in global food demand, from 35% in

2010 to an expected 56% increase by 2050 (Van Dijk et al., 2021). In practical terms, even

a conservative estimate of a 50% increase in food demand over the next 30 years (2020-

2050) implies that yield of major food crops must be accelerated by approximately 30% on

the existing farmland (Cassman & Grassini, 2020). At the same time, rising land prices

and production costs are putting pressure on farmers to adopt more efficient management

strategies (Tomal & Gumieniak, 2020).

Efficient management practices, such as variety selection, optimizing plant density, ad-

justing plant arrangement, and calibrating fertilizer rates, are crucial not only for increasing

yield, but also for reducing costs and mitigating risks. A clear understanding of yield vari-

ability is essential for the correct application of these practices (Fischer, 2015). Therefore, it

is important to generate new management insights to improve crop management practices.

These insights should be developed at three levels: the regional level, which captures vari-

ability across different production areas (Hemathilake & Gunathilake, 2022); the site level,

which addresses site-specific management differences (Abdala et al., 2025); and the within-
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field scale level, where fine-scale variability can be managed for optimal performance (Plant,

2001).

Crop management insights must be developed at multiple scale because each scale directly

influences farm management decisions and ultimately impacts farmer’s profitability (Hein et

al., 2006). At the regional level, climatic factors, such as variations in day length, seasonal

precipitation, and temperature, determine, for example, the performance of different soybean

genotypes. These differences mean that a soybean maturity group well-suited to one region

may under-perform in another (Mourtzinis & Conley, 2017), guiding farmers in selecting

the most appropriate varieties for their area. At the site level, even within a single region

where climatic conditions are similar, a significant variation in soil type and fertility affects

the growing environment, thereby influencing variety selection and plant density (Abdala

et al., 2025; Bastos et al., 2020). Finally, within-field variability, driven by factors such as

field topography and local soil properties, creates distinct management zones (Basso et al.,

2009). Adapting management practices, such as modifying fertilizer rates, plant density and

variety selection, to these micro-environments can maximize in-field yields while minimizing

costs and risks (Cook & Bramley, 1998).

1.2 Technologies that facilitate the generation of man-

agement insights

Technologies that can be used to improve crop management (e.g., remote sensing and crop

modeling) have been available for over fifty years (X. Jin et al., 2018). These tools generate

valuable data that enhances our understanding of crop yield variability across different spatial

scales. Without these technologies, gaining comparable insights would require numerous

experiments over many years in different areas and environments (Mitra et al., 2022, 2024;

Roy & Aslekar, 2022; Vitali et al., 2021; Yandun Narvaez et al., 2017).

One of the key technological tools for generating valuable data in crop management is

crop growth simulation modelling. Developed in the 1960s (X. Jin et al., 2018), these models

2



were initially designed to identify and quantify factors that limit crop yield. The underlying

hypothesis was that by measuring key variables, the system could be built numerically,

allowing for a deeper understanding of crop growth and environmental interactions. Crop

modelling is particularly useful for assessing the impact of management strategies and policies

on regional yields, especially when observed field data are limited (Oteng-Darko et al., 2013;

Sinclair & Seligman, 1996). Furthermore, crop models facilitate large-scale scenario analysis,

enabling researches to predict how different management decisions, such as planting dates,

fertilizer rates, and irrigation strategies, affects yield outcome under varying environmental

conditions (Asseng et al., 2013; Boote et al., 1998). These models also help quantify yield

variability by integrating climate, soil, and management data, making them a crucial tool for

improving site-specific recommendations and optimizing resource use in modern agriculture

(Basso et al., 2001; White et al., 2011).

In the early 1980s, Geographic Information System (GIS) software emerged as a powerful

tool for automating, managing, and analyzing spatial data (Franzen & Mulla, 2015). When

integrated with GPS-enabled planters and combines, this technology enables the collection of

detailed, geo-referenced observations across fields with varying conditions such as landscape

and soil texture (Fulton et al., 2018; He et al., 2021). This integration provides granular

insight into within-field yield variability and generates actionable information for targeted

management practices, including variable seeding rates, tailored fertilizer applications, vari-

ety selection and precise irrigation scheduling, ultimately optimizing crop performance and

reducing input costs (Lowenberg-DeBoer & Erickson, 2019; Plant, 2001).

In addition, a number of emerging tools are further improving our understanding of

crop variability and optimizing management practices. For example, remote sensing and

tool applications (e.g., Canopeo, Patrignani & Ochsner, 2015) enable monitoring of crop

canopy evolution during the growing season, allowing early detection of stress and accurate

identification of peak biomass or canopy closure (Hatfield et al., 2008; Patrignani & Ochsner,

2015). Moreover, gridded weather data models provide high-resolution climate data in areas

where traditional weather stations are scarce (Mourtzinis et al., 2017), while other tools

deliver detailed information on topography and soil types without the need for extensive
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field measurements (Arrouays et al., 2014; Höfle & Rutzinger, 2011; Wichmann et al., 2015).

In addition, advanced statistical models and machine learning are now efficiently analyzing

large agricultural datasets to provide accurate, actionable insights that support targeted

management strategies and drive improvements in crop productivity (Coble et al., 2018;

Cravero et al., 2022; Tantalaki et al., 2019).

1.3 Dissertation objectives

Based on the critical need to enhance yield and extract meaningful, multi-scale information

for more efficient crop management, and take advantage of available technological tools, the

general objective of this dissertation is to improve crop management strategies to increase

yield and reduce variability at different scales by making data-driven decisions in advance.

This will be achieved by using crop simulation models, GPS-enabled combine yield monitor-

ing data and advanced statistical modeling techniques to generate actionable insights that

support targeted management practices at regional, site and within-field scales.

Chapter 2 demonstrates the optimum combination of planting dates by maturity group

on soybean at regional level in Kansas, United States, considering both the current weather

and future weather scenarios. This chapter aims to i) investigate via utilization of a crop

growth model the best combination for planting time x maturity group within a spatial

framework, and ii) quantify the effect of future weather (30 years) on seed yield relative

to the benchmark soybean production (current weather) under different scenarios in the

central-eastern region of Kansas, USA.

Chapter 3 evaluates the effects of equidistant versus non-equidistant soybean planting

arrangement under different densities at the site level, across different locations in the United

States. This chapter aims to i) evaluate equidistant versus non-equidistant plant spatial

arrangement to assess its effect on soybean seed yield and seed quality (protein and oil

concentrations), and (ii) explore plant canopy cover development throughout the season

using the Canopeo tool to understand its contributions to yield and seed quality.

Chapter 4 focuses on the within-field scale by assessing spatio-temporal variability of
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crop yield in response to rainfall. The aim of this chapter is to establish a data pipeline to

quantify spatio-temporal variation in within-field crop yield response to precipitation, using

multi-year precipitation records.
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Chapter 2

Integrating field data and a modeling

approach to inform optimum planting

date× maturity group for soybeans

under current and future weather

conditions in Kansas
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Abstract

Optimizing planting date by maturity group (PD × MG) is critical to increase productivity

and reduce production risks. Understanding the effect of management, not only under

current, but also future weather conditions, is even more relevant for developing effective

mitigation strategies. This paper provides an analysis of the optimum combinations of

soybean PD × MG management in the central-eastern region of Kansas (United States)

for both current and future weather conditions. Three geographical clusters illustrating the

main environmental and management characteristics were defined within the central-eastern

region of Kansas. The Agricultural Production Systems Simulator platform was employed

to explore PD × MG combinations (PD from mid-April to mid-July; MG from III to VI)

comparing current (2011–2021) and future (2042–2052) weather conditions. Overall, early

planting dates produce greater yields, but reduce their stability over time (with a 15%

increase in yield variation relative to late planting) across the clusters. Late planting dates

resulted in a reduction close to 27% for soybean yields relative to those obtained by planting

at early dates under current weather conditions. Furthermore, longer maturity groups (IV,

V, and VI) resulted in a reduced yield penalty when planting time was delayed under the

current weather conditions. However, this combination did not always represent the strategy

that maximized yields.

2.1 Introduction

Soybean (Glycine max L. (Merr.)) is an important crop due to its contribution as a source

of protein and oil (FAOSTAT, 2022). Improvements in crop management increased soybean

yields (de Borja Reis et al., 2020) ) in concert with the increasing demand in global food

production. Optimization of management technologies is still a challenge for many growers,

with a high degree of uncertainty in the process of selecting the main factors influencing crop

production (Carciochi et al., 2020; Correndo et al., 2022a). Less information is available for

the western region of the main producing soybean area in the United States (US). Within
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this region, Kansas ranked 9th as a major producer of soybeans in the US, highlighting

the importance of providing critical information on management technologies for increased

production.

Soybean seed yield is impacted by production factors, including selection of genotypes,

planting date, and their interaction with the growing environment (soils and weather condi-

tions). Although the environment is often the limiting factor determining yield, agronomic

decisions such as modification of planting date and selection of cultivars are important com-

ponents that producers can manage (Egli & Cornelius, 2009). The soybean planting window

in Kansas is roughly 3 months from early April to early July, with a quantifiable reduction

on maximum yields with delays in planting of 20 kg/ha/day (Ciampitti et al., 2022). Culti-

vars in maturity groups III and IV are the most grown throughout central and east Kansas,

with longer maturity groups V and VI more commonly grown in the southeast region. Pre-

vious research has identified some of the impacts of variety selection and planting date on

performance (Boyer et al., 2015; Egli & Bruening, 2000; Salmeron et al., 2014); however,

the resultant recommendations were limited due to a global analysis (not site- or regional-

specific) and available field data (e.g., variety trials with lack of range on planting dates and

varieties). Thus, a formal new analysis is relevant to guide the process of selecting these key

factors.

To provide actionable decisions based on limited field research, implementation of a crop

growth model can help guide the selection of the best scenario for planting date and maturity

group for soybeans under changing weather conditions. The selection of the best management

practices should not only consider a few experimental years of study but consider the effects

of longer trends in weather variation and their effects for optimizing management practices

for increasing seed yields. This approach can be explored using the Agricultural Production

Systems sIMulator – APSIM (Holzworth et al., 2014). In addition to exploring the effects of

current weather to provide timely outcomes for growers, the effect of future weather condi-

tions is a relevant research question to un-derstand impacts on seed yield and guide future

research investments. A recent study investigated the relevance of soybean growth mod-

els for climate change impact as-sessments, highlighting the changes in model performance
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based on model utilization, assumptions, and approach to evaluate future weather. Different

crop growth models highlight the impact of future weather conditions negatively impacting

soybean yield, by increases in temperature and changes in precipitation patterns (Z. Jin et

al., 2018; Schauberger et al., 2017; Zabel et al., 2021). Although these predictive models

may have limitations, implementation of these models can assist in targeting key plant traits

from a breeding perspective and focus resources on improved management to ameliorate the

potential implications on soy-bean seed yield from future weather conditions.

The introduction of modern soybean genotypes requires providing more up-to-date in-

formation on the current optimum planting dates and maturity groups across the most

prominent soybean producing region in Kansas. The optimal planting times for these mod-

ern cultivars under varying soils are not well known for the cur-rent weather conditions.

Following this rationale, the main aims of this study are to i) investigate via utilization of a

crop growth model the best combination for planting time x maturity group within a spatial

framework, and ii) quantify the effect of future weather (30 years) on seed yield relative to

the benchmark soybean production (current weather) under different scenarios for planting

date x maturity group in the central-east region of Kansas, US.

2.2 Materials and methods

2.2.1 Data collection

Soybean seed yield data were gathered from three sources across 13 sites in central and

eastern Kansas, United States from 2014 to 2021 (Figure 2.1, Table A.1). The final dataset

encompassed a planting window from April 6 to July 11, four maturity groups (III, IV,

V, and VI), plant density from 25 to 38 plant m−2, and harvest dates from October 8 to

November 29.

For each site, the current standard planting date was defined as the most frequent planting

date (statistical model) of the dataset across years (Figure A.1). Then, early planting dates

were defined as those before the standard planting date, and the late dates are the plantings
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carried out after this time.

Using the coordinates of each site (Table A.1), soil data were gathered from USDA-

SSURGO (https://www.nrcs.usda.gov/, visited 10 March 2022) up to the 200 cm depth,

and the soil parameters were calculated using the function within the APSIM next generation

package (Miguez, 2022). Furthermore, long-term weather records (1984–2021) were obtained

from Kansas Mesonet (https://mesonet.k-state.edu/weather/historical/, visited: 25

February 2022), using the closest weather station to each site (Table A.1, maximum dis-

tance 50 km). The variables included maximum and minimum temperatures, precipitation,

and solar radiation, in daily time steps. For the Riley and Belleville sites, solar radiation

data were retrieved from NASA POWER (https://power.larc.nasa.gov, visited: 1 March

2022). The whole dataset was employed for the spatial clustering (Section 2.2.2) and the

future weather data generation (Section 2.2.3), and a subset (2011–2021) was employed to

represent the current weather data (Section 2.2.4).

2.2.2 Spatial clustering

The sites (Table A.1) were grouped into regions with similar weather, soil, and management

characteristics using the spatial Fuzzy c-Means (FCM) clustering algorithm (Bezdek et al.,

1984) with “Geocmeans” package (Gelb & Apparicio, 2021) in R (R Core Team, 2021). The

variables included (Table A.2) in this analysis were: i) management (standard planting date),

ii) main soil characteristics (texture as percentage of sand, silt, and clay), and iii) weather

(maximum temperature and cumulative rainfall).

Soil texture was included due to its relevance to define crop available water, and its

relative invariability in time (Gijsman et al., 2002; Saxton & Rawls, 2006). The maximum

temperature variable included for the clustering process was obtained as the daily maximum

temperature averaged by month considering primarily the months of July, August, and

September as a relevant period for yield formation (Figure A.2). This period includes the

crop growth stages of pod formation (Fehr & Cavinness, 1977), highly sensitive to heat

stress (Kantolic & Slafer, 2001). Cumulative rainfall for the soybean growing season (May

10

https://www.nrcs.usda.gov/
https://mesonet.k-state.edu/weather/historical/
https://power.larc.nasa.gov


to October) was calculated based on the observed current growing season in the database.

Maximum temperature and cumulative rain were selected to be included in this analysis due

to their impact on yield and relevance when defining future weather scenarios (Brunsell et

al., 2010). Data sources for these variables were listed in 2.2.1.

2.2.3 Model validation

The Agricultural Production Systems Simulator (APSIM) Next-Generation is a modular

modeling system that has been used in many applications, including farming systems design

and the assessment of climate forecasting (Holzworth et al., 2018). APSIM generic genotypes

for soybeans (Table A.3, Archontoulis et al., 2014) included in the APSIM-Soybean model

(Brown et al., 2014, https://builds.apsim.info/api/nextgen/docs/Soybean.pdf, vis-

ited: September 2022) were used to perform simulations to compare with observed grain

yield from 66 site-years, testing different planting dates and maturity groups (Table A.1).

Due to the lack of capability of APSIM Next-Generation to represent the early termination

of the crop cycle due to frost events, the crop growing season was terminated at the observed

harvest day, when this date was available (Table A.1). Although the lack of crop phenology

data provided a limitation, the simulated flowering dates agreed with those expected for the

region (Figure A.3, https://quickstats.nass.usda.gov/, visited: 10 April 2022), denot-

ing the satisfactory performance of the generic cultivars from APSIM (Archontoulis et al.,

2014). Soil and weather data sources are listed in Table A.2.

The performance of the model was evaluated for the whole dataset as a first step, and then

individually for each region defined in section 2.2.2, using root mean square error (RMSE),

relative root mean square error (RRMSE), percentage lack of precision (PLP), percentage

lack of accuracy (PLA), and Kling-Gupta model efficiency (KGE, Kling et al., 2012). The

Metrica package was used for analysis (Correndo et al., 2022b) in R (R Core Team, 2021).
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2.2.4 Developing scenarios for yield stability for the current and

future weather

Future weather data (2022-2052) were generated using long-term weather records (1984-

2021) for each site to define the historical seasonality, via the decompose function with stats

package, in R (R Core Team, 2021). Future seasonal trends of temperature and precipitation

were subtracted from the extensive study done by Brunsell et al. (2010). Briefly, this study

examined the seasonal trends in air temperature and precipitation patterns in a decadal

manner as the average monthly output of 21 global climate models under the Special Report

on Emissions Scenarios A1B scenario used in the IPCC fourth assessment report (AR4)

for six grid cells representing Kansas. These grid cells correspond to the T42 GCM grid

resolution (Figure 2.1). Overall, this approach demonstrated an excellent agreement between

multimodel ensemble mean output and observations for temperature (r2 = 0.99, RMSE=0.48

- 1.48 °C) and a good agreement for precipitation (r2 between 0.64 and 0.89, RMSE = 322

– 1144 mm). However, one limitation is the lack of consideration of the effect of the CO2

increment. Each site was treated independently according to where the grid cell was located

(Brunsell et al., 2010). One limitation of this approach is the lack of consideration of the

effect of the CO2 increment.

The model was set to plant soybean crop on April-15, May-1, May-15, June-1, June-15,

July-1, and July-15 in each site from 1984 to 2021 with the current weather and simulated

future weather from 2022 to 2052. The model included four maturity groups using the generic

genotypes for soybean from APSIM (Archontoulis et al., 2014, Table A.3, these cultivars can

be found in the APSIM platform as: ‘Generic MG3’, ‘Generic MG4’, ‘Generic MG5’, and

‘Generic MG6’). The range of planting dates and the selection of maturity group was based

on the observed dataset. The plant density was set as 32 plants m−2, and row spacing was

set as 0.75 m to evaluate yield and stability across the different combinations of planting date

and maturity groups in the current and future weather. Moreover, it is worth mentioning

that the simulations were carried out on the same 13 sites used to validate the model.

To interpret and compare the difference between both scenarios the last decade of the
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current (2011-2021) and future weather (2042-2052) were fitted with a linear mixed model

using the lme4 package (Bates et al., 2015) in R (R Core Team, 2021) and then analyzed

with ANOVA (R Core Team, 2021). For this model grain yield was function of maturity

group, planting date, cluster, and their interactions, being the site the random component.

Each region was evaluated independently, to explore the best combination and the change

in every region in both decades. Pairwise comparisons were conducted using the emmeans R

package (Lenth, 2021) with Tukey method at significance level α=0.05 in R (R Core Team,

2021).

2.3 Results

2.3.1 Spatial clustering

Three clusters were defined within the region of study in Kansas: i) North-central, ii) North-

east, and iii) South-east, named according to their spatial distribution (Figure 2.1). The

clusters differed in their cumulative annual rainfall. These differences were driven by the

spatial distribution of each cluster, as Kansas is characterized by a precipitation gradient

increasing towards the South-east but moving from high to low precipitation from east to

west.

The South-east cluster had the latest standard planting date and the greatest seasonal

cumulative precipitation (Table A.1). In contrast, the North-central cluster had the lowest

seasonal cumulative precipitation (less than 200 mm less relative to the South-east clus-

ter). While the standard planting date and accumulated rainfall enclose notable differences

between clusters, temperature and soil features differed slightly between clusters (Table A.1).

2.3.2 Model validation

The APSIM model simulated soybean seed yield reflecting an adequate performance (KGE

=0.44) for the whole study region (Table 2.1). The difference between observed and simulated

yields, expressed as RMSE was 1084 kg ha−1, which represented 29% of the observed mean

13



(RRMSE). The model over-predicted yields relative to the observed yields (Figure 2.2).

Overall, the validation model for each maturity group adequately modeled the seed yield

dynamics for this study. This result highlights the capability of the generic cultivars to

capture the yield variability of the maturity groups.

As a second step, the APSIM model performance was evaluated individually for each

cluster (Figure 2.2). The model simulated more accurately than precisely (Figure 2.2,

PLA<PLP) in the South-east and in the North-east clusters. In the North-east cluster,

the soybean seed yield was simulated with an RRMSE of 27%. Meanwhile, in the North-

central cluster, the model simulated with more precision than accuracy (PLP =43 < PLA

=57), and with good efficiency (KGE =0.48).

2.3.3 Developing scenarios for yield stability for the current weather

The simulated seed yield for current weather varied depending on the cluster. South-east

presented the highest yield (mean =4383 kg ha−1), whereas the North-central cluster had

the lowest yield (mean =2774 kg ha−1), all simulations under rainfed conditions. Conversely,

the standard deviation did not change among clusters, but varied depending on the planting

date. In general, early planting had higher yields but less stability, for all the maturity

groups, within all the clusters (Figure 2.3).

The most drastic change in soybean yield with maturity group and planting date was

observed in the South-east (Figure 2.3). In the South-east, maturity groups IV, V, and VI

showed satisfactory results when they were planted from April-15 to June-1 (Figure 2.3, Table

A.4). These dates maintained similar yields but increased their stability over the years at

the later dates. In the latest planting date (July-15), it was notable that standard deviation

changed depending on the maturity groups, with reduced values for shorter maturity groups.

The North-east presented an intermediate yield (mean =3662 kg ha−1). This cluster did

not show a significant difference between the interaction of planting date and maturity group

(Table A.5). In the early dates (April-15 to May-15), seed yield and standard deviation did

not vary between maturity groups (Figure 2.3). Moreover, maturity group IV yield did not
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change until June-15, but the standard deviation of yield for this variety decreased with late

planting times. On the latest planting dates (July-1 to July-15), yield was greater when the

maturity group was shorter, but stability did not change among maturity groups.

The North-central cluster, as well as North-east, did not present a significant difference

between the interaction of planting date and maturity group (Table A.5). Maturity group IV

showed the best results maintaining high yields and reduced variability until June-1 (Figure

2.3). Likewise for the North-central, the North-east cluster in the latest planting dates

displayed better yields with the shorter maturity group, with less variation of the standard

deviation among soybean varieties.

2.3.4 Developing scenarios for yield stability for the future weather

In general, the analysis predicted that in the next 30 years seed yield would decrease by

21% (Figure A.4). The extent of yield reduction varied for the different clusters. The

North-central cluster was the least affected by the future weather, presenting the lowest

decrease in seed yield (4%), while the South-east cluster experienced the largest yield decrease

(39%). This result was associated with future weather changes in each cluster (Table A.6).

The South-east cluster was the most affected by the future weather scenario, decreasing its

cumulative seasonal precipitation by ∼26%. Additionally, this cluster presented the highest

increase in temperature, especially for the summer season.

In the North-central, maturity groups IV, V, and VI had a higher decrease in seed yield

with early planting dates (Figure 2.4). In contrast, maturity group III showed a different

pattern. For the earlier dates (April-15 – May-1), the maturity group III showed an increased

yield under future weather in comparison with the current weather. Conversely, late dates

(July-1 – July-15) showed good yield responses with the later maturity groups (V and VI) in

the future weather (2042–2052), presenting a slight in-crease in yield (Figure 2.4). Likewise,

maturity groups III and IV had a low yield decrease at the latest planting date (July-15).

In the South-east, the most negatively impacted location under future weather scenarios

(Figure 2.4), early dates had a larger decrease in yield (2235 kg ha−1) than late dates (1052
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kg ha−1). Furthermore, the latest planting date (July-15) demonstrated a slighter yield

decrease for all maturity groups. In the case of maturity groups III and IV, intermediate

planting dates (May-15, and June-1) were the most affected.

In general terms, early planting dates maximized seed yield in the northern clusters,

even with the impact of future weather. However, late planting dates (June-15 to July-1)

increased in importance for yield maximization in the South-east cluster (Table A.7) without

changing the superiority in yield of the later maturity groups.

2.4 Discussion

This study provides a quantification of the optimum planting date by soybean maturity

group combinations under current and future weather in the western border of the main

US soybean producing region (USDA-NASS, 2022). Even though there is a wide range of

plausible planting dates in the central south of Kansas (Ciampitti et al., 2022), an extensive

and formal study of management optimization has not been reported before for this region.

This situation leads farmers to decide management strategies with uncertainty, not only on

how to maximize yields but also to consider its stability (yield variation) over time. Lastly,

although the future weather for this region has been described (Brunsell et al., 2010), the

overall impact on yield and crop management adaptation practices has not been formally

assessed.

Several studies in the literature suggested that early planting dates may produce higher

yields in the Midwest (Bastidas et al., 2008; de Bruin & Pedersen, 2008; Egli & Cornelius,

2009), and Southern regions (Chen & Wiatrak, 2010; Egli & Bruening, 2000; Egli & Cor-

nelius, 2009). Comparable results were shown in this research for the three clusters within

Kansas. Additionally, Egli & Bruening (2000) reported a decline in yield of 13–36% on late

planting dates in the Southern region of the US (United States), like the simulated yield

decreases observed in this study (24–30%). Furthermore, when focusing on the maturity by

planting date interaction, Salmeron et al. (2014) described a decrease from 7% (for maturity

group, MG III) to 18% (for MG V), in the US Mid-South region when the planting dates were
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late. Similarly, this study revealed a larger impact on yield across the explored genotypes

(from 25% for MG III, to 44% for MG VI), highlighting the conclusion that maximizing

yields is only possible if we tailor the selection of variety and planting dates on regional en-

vironmental factors (Chen & Wiatrak, 2010). Usually, late planting shifts the reproductive

stage into a less favorable environment with shorter days (Egli & Bruening, 1992; Heatherly

& Spurlock, 1999; Kessler et al., 2020), and early planting increased risk of crop failure due

to late spring frosts (de Bruin & Pedersen, 2008; Egli & TeKrony, 1996). Likewise reported

on this current study, early planting dates maximized yield but penalized stability, whereas

late planting dates penalized yield but resulted in higher stability (Ciampitti et al., 2022;

Rizzo et al., 2022).

Not surprisingly, the effect of future weather was reflected in a reduction in soybean yields

(ranging from 4 to 39%), pointing out the potential variation under different environmental

conditions. Furthermore, previous studies suggest that water deficit is one of the main

causes of the yield gap (Battisti & Sentelhas, 2015; Zhou et al., 2021). Likewise, our study

reflected comparable reductions in yield with less seasonal precipitation. Several studies

have already documented reductions in soybean yield and its stability under future weather

(Z. Jin et al., 2018; Mourtzinis et al., 2019, 2015; Schlenker & Roberts, 2009; Zhou et al.,

2021), ranging from 19 to 82%. However, those past investigations focused on quantifying

yield reductions without providing any adaptation strategies (Elli et al., 2022). In this

context, crop management arises as an important mechanism to mitigate the impact of

climate change on yield (Battisti & Sentelhas, 2015; Kumagai & Sameshima, 2014; Y. Liu

& Dai, 2020). Among the management options, the selection of planting date (Battisti &

Sentelhas, 2015; do Rio et al., 2016; Mourtzinis et al., 2019; Rurinda et al., 2015) and maturity

group (Kumagai & Sameshima, 2014; Y. Liu & Dai, 2020) are crucial factors that producers

can manage. According to do Rio et al. (2016) and Y. Liu & Dai (2020) delaying the planting

date could mitigate the yield penalty under future predicted weather conditions as reported

for Brazil and China, respectively. Similarly in central-east Kansas results showed that for

future scenarios, long maturity groups (IV, V, and VI) with late planting dates provide

lesser yield reductions relative to early planting dates. To obtain maximum yields under
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future weather, early planting dates remain the best choice for farmers. Nonetheless, for the

Southeast cluster, long maturity groups can help to express their compensation capability

(do Rio et al., 2016) relative to the short duration of the growing season due to the late

planting dates.

Some limitations in this study were: i) limited observed dataset on crop phenology for

improved model calibration (Wallach et al., 2021; Wu et al., 2019), ii) lack of observed soil

data, forcing to employ data generated via average of large scale, not related to a specific

zone (Hoffmann et al., 2016), and iii) lack of more relevant geographical representation (more

environments). Overall, this modeling approach captures the aim of this study correctly and

provides a starting point related to improving the planting date x maturity group manage-

ment in this region and a way to mitigate future weather. Future research could enhance

the quality of this information by providing observed data with phenology to assemble a

correct model calibration and validation (Wallach et al., 2021; Wu et al., 2019), thus im-

proving its accuracy in predicting events. Nevertheless, it was remarkable the capability

of the generic cultivar available in APSIM to capture the yield variability of the maturity

groups. However, it is critical for future research studies to focus on collecting a dataset

with greater spatial distribution and high-resolution soil mapping are critical to attain more

suitable “site-specific” recommendations of planting date with maturity group across this

region.

2.5 Conclusion

This study highlights potential benefits for farmers when selecting the optimal combinations

of planting dates by maturity groups for soybean yield. The most relevant outcomes of this

study under current weather conditions were: i) farmers maximize soybean yield by planting

in April to early May, and ii) farmers can find more yield stability (less variation) over

time when planting late but with a clear yield penalty for maximum yields. For the future

weather: iii) yield reductions should be expected, but the selection of the right maturity

group x planting date could be used as a mitigation practice, and iv) later maturity groups
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(IV, V, and VI) can result in less yield reduction for late planting dates compared to early.

19



Table 2.1: Measure of agreement between observed and simulated data, for the entire study
area. RMSE, root mean square error; RRMSE, relative root mean square error; PLP, percent-
age lack of precision; PLA, percentage lack of accuracy; KGE, Kling-Gupta model efficiency.

Metric Value

RMSE 1084
RRMSE 0.29
PLP 68
PLA 32
KGE 0.44
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Figure 2.1: Kansas map with the three clusters (represented by triangles with distinct colors)
for crop seasonal cumulative annual precipitation (mm), and the T42 GCM grid resolution
(represented by solid lines) reported by Brunsell et al. (2010).

Figure 2.2: Observed versus simulated seed yield for the three clusters (North-central, North-
east, and South-east) with soybean maturity groups III, IV, V, and VI (represented by
dis-tinct colors). The dashed line represents the 1:1 line. RMSE, root mean square error;
RRMSE, relative root mean square error; PLP, percentage lack of precision; PLA, per-
centage lack of accuracy; KGE, Kling-Gupta model efficiency.
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Figure 2.3: Simulated seed yield for the current weather (2011 to 2021), where darker colors
rep-resent higher yields and the size of the bubbles represent the standard deviation across
years, within each cluster, for the different combinations of planting date and maturity
groups. Planting dates are referred to as day-month.
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Figure 2.4: Average difference between future and current weather yields (bars, difference
be-tween the year ranges 2042-2052 vs 2011-2021) and seed yield under future weather sce-
narios (points, from the year 2042 to 2052) for the different combinations of planting dates
and maturity groups within the three clusters in Kansas. Vertical lines represent standard
deviation of the yield difference across different sites within clusters (lines over the bars) and
across years and different sites in each cluster (lines over the points). Planting dates are
referred to as day-month.
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Chapter 3

Soybean yield and seed quality in

equidistant versus non-equidistant

plant arrangements under different

densities

* Published in Crop Science

van Versendaal, E., Pereyra, V. M., Irby, T., Kovacs, P., Hefley, T., Prasad, P. V., Kyveryga,

P., Van De Woestyne, B. W., & Ciampitti, I. A. (2025). Soybean yield and seed quality

in equidistant versus non-equidistant plant arrangements under different densities. Crop

Science, 65(1), e21364.

https://doi.org/10.1002/csc2.21364

Abstract

Equidistant plant arrangements have shown positive impacts, in the United States (US) over

the last century, on soybean (Glycine max L.) yield and seed quality by reducing intraspecific

plant competition and enhancing early canopy cover. This study aims to: i) assess the effects
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of equidistant versus non-equidistant plant arrangements on soybean yield and seed quality

across different regions in the US; ii) explore the effect of modified soybean plant canopy

resulting from different plant arrangements on yield and seed quality. In 2021 and 2022,

thirteen trials were conducted in Kansas, Mississippi, and South Dakota. The treatments

consisted of three equidistant plant arrangements of 13x13, 15x15, and 20x20 cm (620,000;

430,000; 242,363 seeds ha-1, respectively), and a non-equidistant with 38 cm of row space

(321,236 seeds ha-1). Soybean yield and yield components were collected, and canopy cov-

erage (%) was monitored throughout the growing season. Overall, there is no evidence of

any advantage of equidistant over non-equidistant arrangements in soybeans. Yield differ-

ences related to spatial arrangement were observed in only three trials: the non-equidistant

increased yield compared to the 20x20 cm equidistant arrangement (lowest density) in two

trials, while the 13x13 and 15x15 patterns (highest density) showed higher yield compared

to the 20x20 cm arrangement in one trial. Furthermore, seed quality remained constant

across spatial arrangements in the 13 trials. In contrast to prior research, our study found

no correlation between canopy coverage development and yield improvement. The tested

equidistant arrangement while promising did not provide substantial evidence of yield im-

provement relative to the non-equidistant.

3.1 Introduction

Soybean (Glycine max L.) is a major field crop due to its importance as a source of protein

and oil (FAOSTAT, 2023). Through advancements in breeding and crop management, soy-

bean yield has increased in response to the global food demand (Foley et al., 2011; Ray et al.,

2012).The United States (US) is the world’s second-largest soybean producer, contributing

30% of the world’s production (USDA, 2023), highlighting the importance of testing modern

technologies in this country to enhance on-farm production. However, uncertainties remain

regarding the optimal soybean plant arrangement (Carciochi et al., 2019; Cox & Cherney,

2011; Pereyra et al., 2022) to maximize not only yield but also seed quality (e.g., protein

and oil).
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Soybean seed yield and quality are impacted by management practices, including plant

spatial arrangement as defined by plant density and row spacing, and their interactions

with the environment (J. F. Andrade et al., 2019; de Bruin & Pedersen, 2008; Lu et al.,

2020). In US, soybean production has shifted to narrow row spacing, shrinking from 76 cm

to 38 cm and, more recently to 19 cm, resulting in greater yields due to improved plant

light interception (J. F. Andrade et al., 2019; de Bruin & Pedersen, 2008; Specht et al.,

2015). Contrarily, wider row spacing might result in increased seed quality (Boydak et al.,

2002). To optimize space utilization in a narrow row system, changes in seeding rates may

also be beneficial, resulting in an equidistant plant pattern (Devlin et al., 1995; Schutte

& Nleya, 2019). Several studies conducted in the US over the last century have explored

the effects of equidistant plant arrangements on soybean yield (Duncan, 1986; Egli, 1994;

Safo-Kantanka & Lawson, 1980; Shibles & Weber, 1966; Wiggans, 1939). Collectively, these

studies demonstrated that planting soybeans in square patterns leads to increased yields

compared to planting them in rectangular patterns. However, no studies in the last three

decades have evaluated the effect of different equidistant spatial arrangements on the yield

impact for modern US soybean varieties.

Equidistance arrangements may reduce intraspecific competition for nutrients and water

(Shibles & Weber, 1966). Moreover, equidistant plant arrangement may promote early de-

velopment canopy leaf area and greater light interception, thereby increasing crop growth

rate (Roth et al., 2022; Shibles & Weber, 1966). Achieving full canopy coverage earlier in

the season can increase yields (Bullock et al., 1998; Fickett et al., 2013; Moreira et al., 2019).

In addition, attaining full canopy coverage mid-season may increase protein levels (Roth et

al., 2022). Conversely, soybean plants have a high capacity to compensate for plant-to-plant

growth differences during the seed set period (crop plasticity), making the crop less suscepti-

ble to yield variations (F. H. Andrade & Abbate, 2005; Cox & Cherney, 2011; Masino et al.,

2018). Nonetheless, the ability of the plant to improve light interception is a key mechanism

to improve yields (Willcott et al., 1984). Over time, there has been a gradual and consistent

increase in the total amount of light interception, which can be attributed to various factors,

including the reduction of lodging, the later maturation of cultivars, and the extension of
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the growing season (Koester et al., 2014). This increase in light interception has been a

significant contributing factor to the increased yields of soybeans and has been correlated

with a higher seed protein concentration at the base of the main stem (Huber et al., 2016).

Lastly, maintaining seed quality as yield continues to improve over time could be linked to

a better light distribution throughout the leaf canopy (Bellaloui et al., 2012; Huber et al.,

2016). Therefore, there could be an opportunity for improving both yields and seed quality

with a more optimized plant arrangement.

Following this rationale, the main aims of this study were to: (i) evaluate equidistant

versus non-equidistant plant spatial arrangement to assess its effect on soybean seed yield and

seed quality (protein and oil concentrations), and (ii) explore plant canopy cover development

throughout the season and its contributions to yield and seed quality across different US

producing regions.

3.2 Materials and methods

3.2.1 Field experiment

Thirteen field trials were conducted in Kansas, Mississippi, and South Dakota, US, during

the 2021 and 2022 growing seasons (Table 3.1). In 2021, a total four dryland and irrigated

trials were in Kansas and Mississippi. The remaining nine trials were conducted in 2022,

under dryland conditions with three planting dates in each state within Kansas, Mississippi,

and South Dakota. These environments (dryland, irrigated, and the three planting dates)

were selected to evaluate the impact of plant spatial arrangements under varied conditions.

The inclusion of two additional planting dates for the second year was executed with the goal

of exploring more seasonal variation across sites. Weather characterization is presented in

Table B.1. Briefly, weather variables were retrieved from the DAYMET database (Thornton

et al., 2021) and summarized from soybean growing season (May to October) at all site-years.

All studies were arranged in a randomized complete block design with three or four

replicates, depending on the trial. The size of each plot was 7.62 m in length and 1.52 m

27



in width. Treatments were manually sown to achieve the desired arrangement and planted

at a depth of 2.54 cm. All field trials presented four treatments with different soybean

plant arrangements. Three treatments had an equidistant spatial arrangement, where both

plant spacing and row spacing were identical (12.70 x 12.70 cm with 620,000 seeds ha−1,

15.24 x 15.24 cm with 430,000 seeds ha−1, and 20.32 x 20.32 cm with 242,636 seeds ha−1).

For simplicity, these were named 13 x 13 cm, 15 x 15 cm, and 20 x 20 cm, respectively.

The last treatment was considered a regular arrangement (current farming practice), non-

equidistant, with a row spacing of 38 cm and a seeding rate of 321,236 seeds ha−1. In essence,

our comparison involved three equidistant plant arrangements with varying densities against

a single non-equidistant plant arrangement, which reflects current farming practices.

3.2.2 Data collection

Soybean yield was determined via harvesting the entire plots with a combine. Thousand

seed weight was measured from a subsample and seed number (seeds m−2) was estimated

from the seed yield and thousand seed weight (grams). Yield data is reported with 130 g

ha−1 of moisture. For this study, the term soybean seed quality refers specifically to both

seed oil and protein concentrations. To determine seed quality on a dry basis (%), near-

infrared spectroscopy (NIR) was employed using the Perten DA7200 Feed Analyzer (Perten

Instruments, Stockholm, Sweden).

Canopy coverage (CC) measurements were taken using a GoPro Hero5 Black portable

digital camera (GoPro, Inc., San Mateo, California) parallel to the soil at ∼2m height within

each plot at various growth stages of the crop (Figure 3.1). In Kansas, 2021, CC was collected

in 6 moments across the whole growing season. In Kansas, 2022, the CC data were obtained

weekly in the three trials (with 15, 12, and 9 samples during the season in the May, June, and

July planting date, respectively). In Mississippi, in both growing seasons, the photos were

taken at least 3 points in time before the crop reaches the maximum CC. In South Dakota,

canopy cover measurements were not available. CC (%) was obtained using Canopeo (Figure

3.1, Patrignani & Ochsner, 2015), a monitoring tool for crop growth based on colorimetry
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that calculates the green canopy size and enables accurate monitoring changes in canopy size

during the crop season. To accurately reflect the crop’s developmental stages, the moments

of CC measurement are expressed in thermal time, using a base temperature of 10°C.

To obtain and subsequently identify the critical period of soybean development (R1-R3

and R3 – R5 phenological stages) in the CC, DSSAT model v. 4.8 was utilized. This crop

growth simulation tool is extensively detailed in (Boote et al., 1998). The model was set

to simulate soybean phenology for each trial using the coefficients of the default genotypes

corresponding to the maturity groups. The performance of the model was evaluated based

on its ability to predict phenological stages R1, R3, and R5 during the 2022 Kansas trials,

which provided the phenological data. The model accurately identified these critical stages,

demonstrating robust performance (Figure B.1).

3.2.3 Data analysis

The analysis of soybean seed yield (kg ha−1), seed number (seeds m−2), and thousand seed

weight (g) in relation to plant arrangement across trials was conducted using a hierarchical

Bayesian framework. For this study, the term variable response will refer to the analysis

of yield and its components. In this framework, the first level of the model (data layer)

describes the variable response, yij(k), for the ith block (i = 1, 2, 3, 4) with the jth plant

arrangement (j = 1, 2, 3, 4), which is in the kth trial (k = 1, 2, . . . , 13). The variable response

yij(k) was assumed to follow a normal distribution with expected value µij(k) and variance

σ2
k:

yij(k) ∼ Normal
(
µij(k), σ

2
k

)
. (3.1)

Additionally, the second level of the model incorporates the underlying process model.

The parameter µij(k) was defined as a linear effect:

µij(k) = αj(k) + bij(k), (3.2)

where αj(k) is the overall value of yield or yield components associated with the jth plant
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arrangement within the kth trial, and bij(k) denotes the random effect of the ith block with

the jth plant arrangement within the kth trial. A uniform distribution was assigned to α with

the minimum and maximum values depending on previous agronomy information. For yield

and seed number, the prior was defined as α ∼ Uniform(0, 15000). Similarly, for thousand

seed weights, the prior distributions were defined as α ∼ Uniform(0, 1000). Moreover, for σ2
k,

the prior was an uninformative Half-student-t prior (σ2 ∼ Half-student-t(3, 0, 2.5)), where

the parameters ν, µ, and σ represent the shape, location, and scale, respectively.

A hierarchical Bayesian framework was employed to evaluate the response of protein

and oil seed concentration (seed quality) to plant arrangements across trials. The protein

and oil concentration in the ith block (i = 1, 2, 3 or 4), under the jth plant arrangement

(j = 1, 2, 3, 4), which is in the kth trial (k = 1, 2, . . . , 13), are described at the model’s top

level (Eq. 3.3). The first layer of this framework was defined using a beta distribution

(Ferrari & Cribari-Neto, 2004; Ospina & Ferrari, 2010) with an expected value µij(k) and

dispersion δk:

Qij(k) ∼ Beta
(
µij(k), δk

)
. (3.3)

In the secondary level of the model, µij(k) was defined as a linear effect:

µij(k) = αj(k) + bi(k), (3.4)

where αj(k) is the protein or oil concentration (%) obtained with the jth plant arrangement

within the kth trial. bij(k) is the random effect of the ith block, with the jth plant arrangement

within the kth trial. To determine the values of α, a normally distributed prior was selected

(α ∼ Normal(0, 2.25)). Moreover, for δk was assigned an uninformative Half-student-t (δk ∼

Half-Student-t(3, 0, 2.5)), where the parameters ν, µ, and σ represent the shape, location,

and scale, respectively.

The analysis of the evolution of CC in relation to plant arrangement across trials was

conducted using a hierarchical Bayesian framework. The evolution of the canopy coverage

(CCij(k)) in the ith block (i = 1, 2, 3 or 4) with the jth plant arrangement (j = 1, 2, 3, 4),
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within the kth trial (k = 1, 2, . . . , 13), is described at the model’s first level (data layer) (Eq.

3.5). This layer was defined by a parametrization of the beta distribution (Damgaard &

Irvine, 2019) with an expected value µij(k) and dispersion δk:

CCij(k) ∼ Beta(µij(k), δk). (3.5)

In the second level (underlying process model), µij(k) was specified as a hill or bihill

function, being both sigmoid functions (Archontoulis & Miguez, 2015). The hill function

was employed in each trial to assess the progression of CC until it reaches its maximum level

(Eq. 3.6). If data on CC was available for the entire growing season, the bihill function was

used (Eq. 3.7). To obtain the values of each parameter in both functions (α, β, γ, δ, and θ),

a normally distributed prior was selected (Eq. 3.8, Eq. 3.9, Eq. 3.10, Eq. 3.11, Eq. 3.12).

Additionally, each parameter was influenced by the plant arrangement as a fixed effect and

the block as a random effect within each trial:

µij(k) = αij(k)
Thermal timeβij(k)

γ
βij(k)

ij(k) + Thermal timeβij(k)

, (3.6)

µij(k) =
αij(k)( γij(k)

Thermal time

)βij(k)

(
Thermal time

δij(k)

)θij(k)
, (3.7)

α ∼ Normal(60, 40), (3.8)

β ∼ Normal(10, 10), (3.9)

γ ∼ Normal(450, 250), (3.10)

δ ∼ Normal(1500, 250), (3.11)

θ ∼ Normal(30, 30), (3.12)

where αij(k) represents the maximum CC (%) obtained in the ith block with the jth plant
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arrangement within the kth trial. βij(k) refers to the change in CC by unit change in thermal

time (% °Cd−1) until it reaches the maximum CC (Growth rate) in the ith block with the

jth plant arrangement within the kth trial. γij(k) is the moment in thermal time (°Cd)

where the canopy reaches the maximum growth rate (βij(k)) in the ith block with the jth

plant arrangement within the kth trial. δij(k) is the moment in thermal time (°Cd) where

the canopy reaches the maximum decay rate (βij(k)) in the ith block with the jth plant

arrangement within the kth trial. θij(k) refers to the decay rate, which is the change in CC

by unit change in thermal time (% °Cd−1) from the maximum CC until senescence in the

ith block with the jth plant arrangement within the kth trial.

The Bayesian analyses were conducted using the brms package (Bürkner, 2021) in the R

software (R Core Team, 2021). In all evaluations, a warm-up phase was carried out with 5000

posterior samples, followed by 15,000 iterations. The Rhat values were utilized to assess the

mixing and convergence of the chain, with a value of 1 indicating convergence (Vehtari et al.,

2021). Furthermore, the 95% credible interval estimated from the posterior distributions of

each treatment within each site was used for treatment comparisons. When these intervals are

found to overlap between treatments, no effects from plant spatial arrangement are observed.

The selection of a Bayesian approach was driven by the utilization of prior distributional

knowledge, which accounts for the underlying data distribution, allowing for a more precise

and informed analysis (O’Hagan, 2008).

3.3 Results

3.3.1 Plant arrangement effect on soybean seed yield

During the 2021 growing season, the trials in dryland conditions exhibited a higher average

seed yield (ranging from 5583 to 6823 kg ha−1) compared to the trials conducted in 2022

(ranging from 2069 to 5742 kg ha−1). In 2022, it is noteworthy that Kansas and Mississippi

experienced a 27% and 43% reduction in rainfall, respectively, compared to the previous

year. Additionally, South Dakota received the lowest rainfall among the states during the
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same period (Table B.1). Figure 3.2 demonstrates that in environments yielding higher,

non-equidistant plant spatial arrangements demonstrated an advantage over equidistant ar-

rangements. This advantage is quantified by a 95% credible interval for the regression slopes,

ranging from 0.54 to 0.87, derived from the posterior distribution of a regression analysis

comparing equidistant and non-equidistant yields.

Further evaluation of the posterior distribution from treatment pairwise comparisons,

considering the 95% credible interval, revealed that only three of the thirteen trials (KS21

Irrigated, MS22 Late, and SD22 Mid) exhibited differences based on plant spatial arrange-

ment. In KS21 Irrigated and MS22 Late, utilizing a non-equidistant spatial arrangement

(38 cm regular) resulted in increased yields (95% credible interval: 5965-6831 kg ha−1 and

4398-6191 kg ha−1, respectively) compared to the 20x20 cm arrangement (95% credible in-

terval: 5003-5878 kg ha−1 and 2398-4214 kg ha−1, respectively), which had the lowest plant

density. Moreover, in SD22 Mid the equidistant arrangement 13x13 and 15x 15 cm, both

with the highest plant density, increased yield (95% credible interval: 2507-2930 kg ha−1

and 2543-2964 kg ha−1, respectively) with respect to the 20x20 cm arrangement (95% cred-

ible interval: 2014-2492 kg ha−1). The remaining ten trials showed non-responsive behavior

across different plant arrangements (Figure B.2).

Yield components (seeds number and thousand seed weight) revealed a consistent lack of

responsiveness to the different plant spatial arrangements within each trial. Seed numbers

averaged from 1650 to 5474 seeds m−2 across trials, while thousand seed weights averaged

from 163 to 108 g (Table 3.2).

3.3.2 Plant arrangement effect on seed quality

The average protein concentration of soybean seeds varied from 39% to 40% across trials.

Similarly, the average oil concentration ranged from 23% to 26%. Through an analysis of

treatment pairwise comparisons and the 95% credible interval of the posterior distribution,

consistent results were observed in the thirteen trials. These findings indicate a consis-

tent lack of responsiveness in terms of protein and oil concentration among different plant
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arrangements (Table 3.3).

3.3.3 Canopy coverage

Similarly, to yield components and seed quality, by evaluating the posterior distribution de-

rived from the treatment pairwise comparisons, and considering the 95% credible interval, it

was found a lack of responsiveness in the canopy parameters based on the plant arrangement

across trials (Figure 3.3, Figure B.3, Figure B.4). Specifically, in KS21 Irrigated, where the

non-equidistant arrangement led to a higher yield range compared to the 20x20 cm pattern,

no differences were observed between the two spatial arrangements for any of the canopy

parameters. The 38 cm row space arrangement exhibited a range of 78-100% for max CC,

433-614 °Cd for the moment of maximum growth rate, 4-8% °Cd−1 for the growth rate,

1728-1822 °Cd for the moment of maximum decay rate, and 43-71% °Cd−1 for the decay

rate. Conversely, the 20x20 cm spatial arrangement resulted in a range of 77-100% for max

CC, 466-651 °Cd for the moment of maximum growth rate, 4-8% °Cd−1 for the growth rate,

1721-1814 °Cd for the moment of maximum decay rate, and 39-65% °Cd−1 for the decay rate

(Figure 3.3, Figure B.4). Similar results were found in MS22 Late, where no differences were

observed between the two spatial arrangements despite their varying yield ranges (Figure

B.4).

Furthermore, Figure 3.3 suggests that all trials generally attained maximum CC after R1

stage. Additionally, illustrates that in most trials, all treatments typically reached maximum

CC before the R3 phenological stage, except in the KS22 Late trial. In this particular trial,

despite achieving maximum CC after the R3 stage, there is no differences in yield or CC

parameters across treatments.

3.4 Discussion

This study quantifies the impacts of plant equidistance arrangement relative to a non-

equidistance arrangements on soybean yield and seed quality across different US soybean
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production regions (USDA, 2023). While diverse studies have explored optimal row spacing

and plant density (Carciochi et al., 2019; Cox & Cherney, 2011; de Bruin & Pedersen, 2008;

Harder et al., 2007), and older research has investigated equidistance arrangements (Duncan,

1986; Egli, 1994; Safo-Kantanka & Lawson, 1980; Shibles & Weber, 1966; Wiggans, 1939),

there has been a significant lack of comprehensive and formal recent studies on the effects

of different equidistant spatial arrangements on soybean in the US. This study confirms a

lack of defined impact of different equidistant arrangements on both seed yield and quality

under different densities, providing valuable insights to inform potential for decisions on crop

arrangement.

Plant arrangement can produce positive impacts on soybean seed yields in the US (Dun-

can, 1986; Wilcox, 1974), highlighting a decrease in yield as rectangularity departs from the

square pattern (Safo-Kantanka & Lawson, 1980; Wiggans, 1939). Furthermore, Egli (1994)

found that an equidistant spatial arrangement led to yield increases of 9 to 19%. However,

soybean breeding efforts during the last three decades have increased the compensatory yield

per plant by increasing branches (Board, 2000; Carpenter & Board, 1997; Suhre et al., 2014),

biomass, pods, and seeds per plant (Cox & Cherney, 2011; Cox et al., 2010). Recent studies

showed lower variation in yield at changing row spacing (Sobko et al., 2020) and plant den-

sities in medium-high yielding environments (Carciochi et al., 2019; Pereyra et al., 2022), as

well as a 31% increase in the number of seeds plant−1 when the seeding rate was 321,000

compared with 469,000 seeds ha−1 (Cox & Cherney, 2011). A plausible explanation is that

reduced plant densities produce more proportionally seeds from branches, while under high

plant density there is a larger contribution derived from the main stem. A prior study found

that wider row spacing or lower seeding rates increase seeds and pods per plant but do not

affect pod and seed density per area due to compensation by more plants per unit area

(Cox & Cherney, 2011), aligning with our findings. Likewise, yield produced on branches is

greater on newer cultivars (Suhre et al., 2014). Regarding soybean seed quality, Boydak et

al. (2002) suggest that wider row spacing may lead to improved seed quality. Contrastingly,

Sobko et al. (2020) found no significant effect of plant arrangement on protein or oil content,

but higher plant density can lead to higher protein content. However, the present study did
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not identify any discernible differences in seed quality across different plant arrangements.

The seasonal changes in canopy throughout the growing season have been demonstrated

to influence both soybean seed yield and seed quality (Roth et al., 2022; Schmitz & Kandel,

2021). A number of studies have also demonstrated that early season canopy closure (Bul-

lock et al., 1998; Cox & Cherney, 2011; Moreira et al., 2019; Roth et al., 2022) combined

with improved growth rate (Masino et al., 2018) can increase yields. Surprisingly, under this

study, no similarities were observed between canopy factors and yields. The absence of a cor-

relation between canopy evolution and yield may be attributed to the capacity of soybeans

to compensate, resulting in an increased number of branches per plant in low plant densities

and wider rows (F. H. Andrade & Abbate, 2005; Carpenter & Board, 1997; Cox & Cherney,

2011; Suhre et al., 2014). Additionally, it has been demonstrated that if soybean can achieve

canopy closure at stage R1 or capture more than 450 MJ m−2 of cumulative photosynthet-

ically active radiation, there is no need to increase plant density in order to increase yield.

This lack of yield advantage can be attributed to a reduction in light interception efficiency

and radiation use efficiency (de Bruin & Pedersen, 2009; Edwards et al., 2005; Purcell et al.,

2002). Contrary to these findings, this study observed variations in the moment of achieving

canopy closure across different trials, yet still found no differences in yield variation. In the

case of seed quality, previous literature indicated that achieving full CC in the mid-season

and delaying crop maturity can increase protein (Roth et al., 2022). However, this study’s

findings indicate that there were no differences observed in the timing of achieving full CC

or the seed quality across various plant arrangements. The lack of relatedness of seed quality

with plant arrangement could be also explained because seed quality depends on genotype,

geographic region, and climatic parameters (Chung et al., 2003; Medic et al., 2014; Roth et

al., 2022; Vollmann et al., 2000).

Potential limitations in this study could be related to the limited treatments evaluating

non-equidistant patterns (i.e., a wider range of row spacings), the absence of information

related to soil moisture availability, and the lack of data on biomass partitioning into vegeta-

tive and reproductive structures to assess soybean plant compensation. For the first limita-

tion, examining a broader range of treatments with consistent plant densities could enhance
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our understanding of plant spatial arrangement effects. Regarding biomass partitioning, a

physiological process-based characterization of the branching plasticity may provide deeper

insights into plant behavior across various spatial arrangements. Overall, this approach

captures the aim of this study correctly and provides a starting point for improving soy-

bean management. Future research should focus on comparing equidistant patterns with

non-equidistant patterns under comparable plant densities and exploring different canopy

architectures (with less or more plasticity on the production of branches). Improving un-

derstanding of the limits for branching and compensation for soybeans will help provide

foundational knowledge to study the optimization of plant arrangement and further oppor-

tunities for yield gains.

3.5 Conclusion

The most relevant outcomes of this study are: (i) in the majority of the trials, the equidistant

spatial arrangements did not demonstrate any advantages over the non-equidistant arrange-

ments in terms of soybean yield, (ii) protein and oil seed concentration remained constant

across different plant arrangements, and (iii) canopy parameters were not found to be influen-

tial in soybean yield variation and seed quality traits. Future investigations should explore

further opportunities for optimizing plant arrangement considering other factors such as

plant density, plant canopy architecture (varieties), and planter systems to capture potential

yield gains from improved resource use efficiencies and yields.
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Table 3.1: Site-years characterization showing year, state, location, planting dates, maturity groups (MG), soybean variety,
water management, number of replications (Rep.), and data collected on canopy coverage (CC).

Year State Location ID Planting date MG Variety Water management Rep. Canopy coverage

2021 Kansas
Topeka KS21 Dryland 5/13/21 IV P42A84E Dryland 4 Growing season
Topeka KS21 Irrigated 5/13/21 IV P42A84E Irrigated 4 Growing season

2021 Mississippi
Starkville MS21 Dryland 4/20/21 V P53A67X* Dryland 4 Until full CC
Starkville MS21 Irrigated 4/20/21 V P53A67X* Irrigated 4 Until full CC

2022 Kansas
Manhattan KS22 Early 5/10/22 IV P42A84E Dryland 4 Growing season
Manhattan KS22 Mid 6/16/22 IV P42A84E Dryland 4 Growing season
Manhattan KS22 Late 7/22/22 III AG30XF2 Dryland 4 Until full CC

2022 Mississippi
Starkville MS22 Early 4/29/22 V P53A67X* Dryland 3 Growing season
Stoneville MS22 Mid 5/19/22 V P53A67X* Dryland 4 Until full CC
Starkville MS22 Late 6/7/22 V P53A67X* Dryland 3 Until full CC

2022 South Dakota
Beresford SD22 Early 5/19/22 II AG20XF1 Dryland 4 Not available
Aurora SD22 Mid 5/26/22 II AG20XF1 Dryland 4 Not available
Aurora SD22 Late 6/08/22 II AG20XF1 Dryland 4 Not available

* Determinate growth habit cultivars.
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Figure 3.1: llustrative comparison of pictures taken with a GoPro Hero5 Black portable
digital camera on each plant spatial arrangement (from top to bottom) showing the original
image (left), and after processing by Canopeo app (right).
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Figure 3.2: Seed yield for equidistant versus non-equidistant soybean plant spatial arrange-
ments under different densities. Dashed lines correspond to 95% credible intervals. Black
solid line corresponds to 1:1 line. Colors denote equidistant treatments and shapes repre-
sents each trial. Vertical and horizontal error bars show the 95% credible intervals from the
pairwise comparisons of treatments. Equidistant treatment: 1) 13 x 13, 13 cm by 13 cm; 2)
15x15, 15 cm by 15 cm; 3) 20x20, 20 cm by 20 cm. Non-equidistant treatment: 38 cm of
row space.
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Figure 3.3: Soybean canopy coverage (CC) over thermal time for the entire growing season,
presented for trials with complete seasonal data (each panel): Kansas 2021 in Irritated and
dryland conditions (KS21 Irrigated and KS21 Dryland); Kansas 2022 in an early, mid, and
late-planting date (KS22 Early, KS22 Mid, and KS22 Late); and Mississippi 2022 in early-
planting date. Solid lines correspond to the estimated CC from the bi-hill model. Dashed
lines correspond to bi-hill parameters. Points refers to observed data. Square shapes denote
moments of maximum growth rate (growth timing) and maximum decay rate (decay timing).
Max CC refers to maximum CC. Light-gray and dark-gray areas correspond to the R1 to
R3 and R3 to R5 phenological stages, respectively, as determined using DSSAT.
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Table 3.2: Average soybean seed number, thousand seed weight, and their respective quantile 2.5% and 97.5% by plant arrange-
ment within each trial (ID). Equidistant treatment: 1) 13x13, 13 cm by 13 cm; 2) 15x15, 15 cm by 15 cm; 3) 20x20, 20 cm by
20 cm. Non-equidistant treatment: 38Row, 38 cm of row space.

ID Plant Arrangement Seed Number (seeds m−2) Thousand Seed Weight (g)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

KS21 Dryland 38Row 4087 2228 6665 155 142 170

13x13 3714 1868 6174 156 143 171

15x15 5347 3233 8211 162 149 178

20x20 5175 3161 7987 146 134 160

KS21 Irrigated 38Row 4085 2916 5541 151 137 167

13x13 4336 3177 5873 146 132 162

15x15 4424 3219 5926 153 138 168

20x20 3835 2709 5185 148 134 164

MS21 Dryland 38Row 3881 3233 4563 135 108 164

13x13 3818 3176 4508 122 96 152

15x15 3537 2921 4178 161 130 194

20x20 3672 3052 4335 129 103 158

Continued on next page
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Table 3.2: Continued from previous page

ID Plant Arrangement Seed Number (seeds m−2) Thousand Seed Weight (g)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

MS21 Irrigated 38Row 3592 2998 4279 162 131 199

13x13 3885 3250 4598 152 122 186

15x15 3191 2654 3848 169 137 205

20x20 3492 2905 4176 169 137 205

KS22 Early 38Row 1517 900 2160 125 110 140

13x13 1852 1234 2498 120 105 135

15x15 1980 1354 2621 126 111 142

20x20 1453 840 2078 122 107 137

KS22 Mid 38Row 2082 1319 3106 137 117 157

13x13 1799 1073 2775 145 127 167

15x15 2603 1749 3709 127 109 147

20x20 2322 1507 3384 150 130 172

KS22 Late 38Row 1872 1519 2289 136 124 149

13x13 2313 1925 2780 131 120 144

Continued on next page
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Table 3.2: Continued from previous page

ID Plant Arrangement Seed Number (seeds m−2) Thousand Seed Weight (g)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

15x15 2286 1897 2749 134 123 146

20x20 1978 1616 2408 139 127 152

MS22 Early 38Row 5995 3637 9361 113 101 126

13x13 5156 2772 8292 111 99 124

15x15 6125 3719 9464 109 98 122

20x20 4620 2304 7555 110 98 123

MS22 Mid 38Row 2338 1769 3038 108 99 117

13x13 2791 2090 3685 109 100 119

15x15 2746 2095 3529 106 98 115

20x20 2277 1727 2982 107 98 116
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Table 3.3: Average soybean seed protein and oil concentration (%), and their respective quantile 2.5% and 97.5% by plant
spatial arrangement within each trial (ID). Equidistant treatment: 1) 13 x 13, 13 cm by 13 cm; 2) 15x15, 15 cm by 15 cm; 3)
20x20, 20 cm by 20 cm. Non-equidistant treatment: 38Row, 38 cm of row space.

ID Plant Arrangement Protein (%) Oil (%)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

KS21 Dryland 38Row 38 37 40 26 24 28

13x13 39 38 41 25 23 27

15x15 39 37 41 26 24 28

20x20 38 36 39 25 23 27

KS21 Irrigated 38Row 38 36 39 26 24 28

13x13 38 36 39 26 24 28

15x15 38 36 39 26 24 28

20x20 37 35 38 26 24 28

MS21 Dryland 38Row 42 41 43 23 22 26

13x13 43 42 44 23 21 26

15x15 42 41 43 24 22 26

20x20 42 42 43 24 22 26

Continued on next page
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Table 3.3: Continued from previous page

ID Plant Arrangement Protein (%) Oil (%)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

MS21 Irrigated 38Row 43 42 44 24 22 26

13x13 43 42 44 24 22 26

15x15 42 41 43 24 22 26

20x20 43 42 44 24 22 26

KS22 Early 38Row 40 39 41 23 21 26

13x13 41 40 42 23 21 25

15x15 41 40 42 23 21 26

20x20 41 39 42 23 21 26

KS22 Mid 38Row 38 36 40 23 21 26

13x13 38 37 40 23 21 26

15x15 37 36 39 24 22 26

20x20 38 37 40 24 21 26

KS22 Late 38Row 43 42 44 24 21 27

13x13 43 42 44 24 21 27

Continued on next page
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Table 3.3: Continued from previous page

ID Plant Arrangement Protein (%) Oil (%)

Mean Q: 2.5% Q: 97.5% Mean Q: 2.5% Q: 97.5%

15x15 43 43 44 24 21 27

20x20 43 42 43 24 21 27

MS22 Early 38Row 42 41 43 23 20 27

13x13 42 41 44 23 20 27

15x15 42 40 43 23 20 27

20x20 42 41 44 23 20 27

MS22 Mid 38Row 43 42 45 24 20 27

13x13 43 42 45 24 20 27

15x15 43 42 45 24 21 28

20x20 43 41 44 24 21 28

MS22 Late 38Row 42 41 43 23 20 26

13x13 42 41 43 22 20 26

15x15 41 41 42 23 20 26

20x20 41 40 42 23 20 27
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Chapter 4

Spatio-temporal yield variation and

precipitation within a field

* Published in Computers and Electronics in Agriculture

van Versendaal, E., Hernandez, C. M., Kyveryga, P., Hefley, T., Van De Woestyne, B. W.,

Prasad, P. V., & Ciampitti, I. A. (2025). Spatio-temporal yield variation and precipitation

within a field. Computers and Electronics in Agriculture, 231, 109996.

https://doi.org/10.1016/j.compag.2025.109996

Abstract

In rainfed systems, precipitation significantly influence crop yield variability across years.

Understanding the spatio-temporal yield variation within a field is crucial for enhancing

farming production and profitability. This study aims to establish a data pipeline to quantify

spatio-temporal yield variation within a field in response to precipitation, using multiple

years of yield-precipitation records. Four field case studies – two with maize and two with

soybean - each containing at least five years of yield monitor data of the same crop are

used to evaluate the proposed data pipeline. Daily precipitation data of each case study

were obtained from CHIRPS dataset and used to calculate derived variables representing
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cumulative precipitation over different periods. Generalized Additive Models (GAMs) were

fitted to analyze the within field variation of yield response to cumulative precipitation

across all possible cumulative precipitation periods. The optimal cumulative precipitation

period was selected based on the Akaike Information Criterion. Spatially varying response

parameters derived from the GAM with the optimal cumulative precipitation period were

then used to classify the varying yield responses to precipitation within the field using a

Classification and Regression Tree methodology. The most relevant outcomes of this study

include: (i) the optimal period of cumulative precipitation impacting yield change by field

and crop type; (ii) within a field, some areas exhibit greater yield variability than others;

and (iii) areas with equal high yield variability within the field may respond differently to

precipitation. Future work could include the utilization of the spatio-temporal variation

within a field for guiding input recommendations.

4.1 Introduction

Rainfed agriculture, the dominant farming practice, is crucial for worldwide food production.

As global food demands grows, the pressure from climate changes, water shortages for irri-

gation, and land degradation are intensifying the need to increase crop yields under rainfed

systems (Rockström et al., 2010; Shideed, 2017). In the United States (US) Corn Belt region,

which is responsible for over 85% of the country’s soybean (Glycine max L. Merril)-maize

(Zea mays L.) production, less than 37% of the area is irrigated. Typically, crop yield in

rainfed systems are, on average, 50% or more below their potential due to water stress (Lobell

et al., 2009). The productivity of these systems depends on field management, soil proper-

ties, environmental and weather conditions (Wani et al., 2009). Therefore, enhancing food

production in rainfed agriculture could be possible by adopting existing technologies, such

as site-specific input management, tailored to weather interactions (Shideed, 2017; Trevisan

et al., 2021).

Crop yield is often characterized by large spatial and temporal variability. Weather

conditions are a key factor influencing crop yield variability across years (Ahmed et al.,
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2022; Eck et al., 2020; Kukal & Irmak, 2018). Studies have shown that 36-43% of soybean

yield variability and 31-42% of maize yield variability can be attributed to inter-annual

climate variability (Ray et al., 2015). In particular, temperature and precipitation during

the growing season significantly affect soybean and maize yields (Mourtzinis et al., 2017c;

Pryor et al., 2014; Teasdale & Cavigelli, 2017). Among these factors, precipitation stress

(drought or excessive precipitation) has a profound impact on crop growth development,

and yield components, thereby influencing productivity (Dietz et al., 2021; Iqbal et al., 2020;

Stewart & Lal, 2018). Although many studies demonstrate the varying responses of crop

yields to precipitation, including how these responses differ by region and soil type (Seifert

et al., 2017; Teasdale & Cavigelli, 2017; Xu et al., 2022), there is limited information on how

yield responses to precipitation vary within individual farmer fields. This information can be

crucial for implementing and improving site-specific management practices within the field.

The incorporation of Geographical Information Systems and yield monitor data has in-

creased interest in site-specific variable rate input strategies, accounting for variations in

the agricultural landscape to improve production (Bullock et al., 2002; Fulton et al., 2018;

Goodchild, 1991; Griffin et al., 2008; Krause et al., 2020). Site-specific management involves

managing crops at a smaller spatial scale than the entire field, addressing inefficiencies caused

by uniform input rates that do not account for local needs (Moore & Tyndale-Biscoe, 1999;

Nawar et al., 2017; Plant, 2001; Sawyer, 1994). Factors such as field topography, soil prop-

erties, and land use vary within the field, affecting crop productivity (Krause et al., 2020;

Nawar et al., 2017). Additionally, these factors also influence the response of the crop to

precipitation due to runoff, soil texture, waterlogged, and water storage (Kumhálová et al.,

2011; Maestrini & Basso, 2018). It is well-documented that crop responses to inputs vary

with seasonal precipitation conditions. Excessive precipitation can lead to nutrient runoff

or leaching, especially with fertilizers, while insufficient precipitation might cause fertilizer

accumulation in the soil (Basso et al., 2010; Billé & Rogna, 2022; Fu et al., 2014; R. Liu et

al., 2014; Van Metre et al., 2016; Waller et al., 2021). Despite the critical role of precipitation

in determining yield variation and input response, and despite advancements in site-specific

technologies, a significant knowledge gap remains in understanding how yield responds to
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varying precipitation within a field.

It is widely known that crop yield variability is driven by stable factors such as soil char-

acteristics and variable factors including water (weather) and nutrient supply, pests, weeds,

and disease infestation. These factors interact to affect yields across varying spatial and tem-

poral scales, complicating the understanding of yield variability within a farm (Kravchenko

et al., 2005; Simmonds et al., 2013; Whelan & McBratney, 2000). In this context, devel-

oping a new approach is critical for understanding yield variation within a field, reducing

input costs, and enhancing production in rainfed systems. Accordingly, this study aims to

establish a data pipeline to quantify spatio-temporal crop yield variation within a field in

response to precipitation, using multiple year of yield-precipitation records. This, in-turn,

will help to quantify and predict complex interactions of crop yield response and economic

impact to different input application in variable rates within fields.

4.2 Materials and methods

4.2.1 Data collection and processing

Three US farms served as case studies to evaluate the proposed data pipeline. Farm 1,

located in the state of Illinois, covers 20 hectares, and provided sixteen years of yield monitor

data, comprising nine years of corn and seven years of soybean data (Case study 1 and 2,

respectively). Farm 2, located in the state of Kansas, covers 4 hectares, and has five years of

corn yield monitor data (Case study 3). Farm 3, located in the state of Ohio, encompasses

22 hectares, and has five years of soybean yield monitor data (Case study 4). The yield

monitor data were cleaned using an outlier detection method followed by the local Moran

procedure (Córdoba, 2014). Subsequently, the yield monitor data were interpolated using

inverse distance weighting interpolation (Gräler et al., 2016) to create a 6x6 m grid, enabling

the overlay of yield monitor data across years. Overall, Farm 2 exhibits greater variability

in elevation and Compound Topographic Index compared to Farms 1 and 3 (Figure C.1).

Daily precipitation data of each farm were gathered from CHIRPS dataset (Funk et al.,
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2014, 2015), and used to calculate derived variables representing cumulative precipitation

over different periods. Cumulative precipitation refers to the total precipitation accumulated

over a specific period of days. Since planting date was not available, these periods start from

the beginning of the historical planting date (April 1st for maize and April 20th for soybean),

and range from 10 to 200 days later, in 10-day increments (Baum et al., 2019; Deines et al.,

2023; Mourtzinis et al., 2017c). This range was chosen to cover a broad variety of potential

cumulative precipitation periods.

4.2.2 Statistical analysis

Spatially varying response model

The analysis of the on-farm variation of the yield response to cumulative precipitation was

evaluated using Generalized Additive Models (GAMs, Wood, 2017), independently for each

crop and farm. GAMs are flexible analytical frameworks for capturing complex and non-

linear interactions within data. The form of a GAM is composed of linear sums of multi-

dimensional basis functions and this is what allows complex relationships to be modelled. In

summary, these models are ideal for large spatial datasets because they use smooth functions

for spatial coordinates to capture trends and autocorrelation. They also efficiently handle

complex interactions between spatial factors and covariables such as precipitation (Comber

et al., 2024; Wood, 2003, 2017).

In this framework, the first level of the model (data layer) describes the crop yield (Yi)

for the ith observation. The crop yield (Yi) was assumed to follow a normal distribution with

expected value µi and variance σ2:

Yi ∼ Normal(µi, σ
2). (4.1)

In the second level (underlying process model), µi was defined as:

µi = β0 + f(Loni, Lati, CPi). (4.2)
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where β0 is the intercept term; and f(Loni, Lati, CPi) is a tensor product smooth func-

tion of latitude (Xi), longitude (Yi), and cumulative precipitation (CPi) with basis functions

thin plate spline for the spatial coordinates (Wood, 2003) and cubic regression spline for cu-

mulative precipitation variable. The tensor product function allows the interactions between

spatial variables and CP to be modeled, enabling the effect of precipitation to vary spatially

within the field. The complexity of the model is controlled by smoothing parameters, where

k=(900,3) specifies the basis dimension limits, with 900 basis functions allocated for the

interaction of spatial coordinates and 3 for cumulative precipitation.

The GAMs were fitted to the data using the ‘mgcv‘ package (Wood, 2017) in the R soft-

ware (R Core Team, 2021). Furthermore, to determine the cumulative precipitation period

that best explained yield variation, we performed model selection based on the Akaike Infor-

mation Criterion (AIC) (Bozdogan, 1987), selecting the model with the lowest value of AIC.

This model with the corresponding period accounts for potential precipitation effects, such

as waterlogging or drought stress, by incorporating interactions between the precipitation

timing and duration within each field, recognizing that each field has its own optimal cu-

mulative precipitation period. The performance of the model was evaluated using Relative

Root Mean Square Error (RRMSE), Kling-Gupta model efficiency (KGE), Percentage Lack

of Precision (PLP), and Percentage Lack of Accuracy (PLA), using the Metrica package

(Correndo et al., 2022b).

Spatially varying response parameters were derived from the GAM. Maximum yield at

each coordinate was determined based on the first derivative of yield response to cumulative

precipitation: it was obtained at the point where the derivative is equal to zero, or at the

point closest to zero if the maximum is not reached. For a flat yield response, the minimum

extreme of cumulative precipitation was used. Additionally, the corresponding cumulative

precipitation that maximizes yield was identified. Yield growth rate was calculated from the

start of the increasing yield to the maximum yield, while decay rate was assessed from the

maximum yield to the end of precipitation period. If the maximum yield is not reached,

a rate of 0 is assigned, and it is noted in the dataset that the maximum yield response to

cumulative precipitation was not achieved at that spatial coordinate.
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Classify type of yield response to cumulative precipitation

To classify responses to cumulative precipitation within the field, Classification and Re-

gression Tree (CART) methodology was used, which divides observations into increasingly

homogeneous groups (Breiman et al., 2017). The response variable for this classification was

the cumulative precipitation that maximizes yield. Explanatory variables included Maxi-

mum Yield, Growth Rate, Decay Rate, and a binary indicator of whether maximum yield

was reached, derived from the GAM model. The CART models were implemented using

the ‘rpart‘ package (Therneau et al., 2015) in R (R Core Team, 2021), with a complexity

parameter (cp) set at 0.1. This parameter ensured that new splits reduce the relative error

by at least 10%, aiding to identify distinct response groups across the field.

4.3 Results

4.3.1 Model evaluation

As expected, the optimal cumulative precipitation period for explaining yield variation dif-

fered across case studies. For maize, the optimal period began on May 1st and lasted for 100

days in case study 1, and 70 days in case study 3. For soybean, the optimal period started

on April 20th and lasted for 90 days in case study 2, and from May 1st for 90 days in case

study 4 (Figure C.2, Figure C.3).

Overall, the models using the optimal cumulative precipitation period reflected a good

performance, with a KGE values ranging from 0.66 to 0.92. Errors were primarily due to

lack of precision (85–97 %) rather than lack of accuracy (3–15 %). The highest RRMSE

were observed in the maize case studies, with values of 17 % and 13 % for case study 1 and

case study 3, respectively. In contrast, the soybean case studies had lower RRMSE, with

values of 11 % for case study 2 and 4 % for case study 4 (Figure 4.1).
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4.3.2 Spatially varying response parameters

Figure 4.2 illustrates the ranges and spatial distribution of response parameters across field.

In case study 4, 9.6 % of the area did not achieved the maximum yield within the range

of cumulative precipitation observed over the years. In contrast, in the remaining case

studies, less than 1 % of the area did not reach the maximum yield within the cumulative

precipitation range (0.7 %, 0.1 %, and 0 % for case study 1, 2, and 3, respectively). In

these areas, the maps illustrate as maximum yields the highest yield reached in the recorded

cumulative precipitation range (Figure C.3, Figure 4.2). Maize case studies demonstrated

the highest variability in the maximum yield reachable, with first and third interquartile

ranges (IQR25−75%) of 12,486 to 14089 kg ha−1 (total coefficient of variation, CV, equal to

10 %) for case study 1, and IQR25−75% of 8960 to 11384 kg ha−1 (total CV = 21 %) for case

study 3. Conversely, soybean case studies exhibited the narrower ranges, with an IQR25−75%

of 4364 to 4804 kg ha−1 (total CV = 6 %) and 5244 to 5661 kg ha−1 (total CV = 7 %) for

case study 2 and 4, respectively. Additionally, case studies 1 and 2, conducted in the same

field, exhibited similar yield distributions (Figure 4.2).

The spatial distribution of cumulative precipitation that maximizes yield does not always

correspond to the patterns of maximum yield observed across the field. This discrepancy

arises because identical maximum yield peaks can be achieved under diverse precipitation

conditions. For instance, in case study 1 (Maize), to attain a consistent maximum yield

of approximately 12600 kg ha−1, different field areas required varying levels of cumulative

precipitation. One area needed 350 mm, another required more than ∼400 mm, and a third

reached this yield level with |sim450 mm of cumulative precipitation (Figure C.4, Figure

4.2).

Growth rates for maize exhibited an IQR25−75% of 25 to 34 kg ha−1 mm−1 in case study

1 and 22 to 32 kg ha−1 mm−1 in case study 3. For soybean, the growth rates were 13 to 20

kg ha−1 mm−1 and 6 to 17 kg ha−1 mm−1 in case study 2 and 4, respectively. Decay rate

for maize showed an IQR25−75% of 22 to 50 kg ha−1 mm−1 and 13 to 21 kg ha−1 mm−1 in

case study 1 and 3. For soybean, decay rate ranged from 10 to 16 kg ha−1 mm−1 and 18
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to 25 kg ha−1 mm−1 in case study 1 and 3, respectively. Notably, maize exhibited greater

variability in decay rates, with a CV values of 50 % in Case Study 1 and 39 % in Case Study

3.

4.3.3 Classify type of yield response to cumulative precipitation

The CART analysis revealed groups with varying type of responses to cumulative precipita-

tion across each case study. Specifically, maize case studies identified four distinct groups,

while soybean case studies contained three. Furthermore, the variables critical for defining

distinct response groups in the CART analysis varied by case study. In maize (case study 1

and 3), groups were categorized based on the decay rate, whereas in soybean (case study 2

and 4), categorization was based on the growth rate (Figure C.5, Figure 4.3).

In case study 1, group 4 requires a greater cumulative precipitation to maximize yield,

compared to groups 1, 2, and 3. Group 1 exhibits the highest decay rate, leading to a

substantial yield reduction when precipitation exceeded the optimal range. Additionally,

group 1 present the highest values of growth rate, while group 4 present the lowest values

(Table 4.1, Figure 4.3).

In Case Study 3, Group 4 required the highest cumulative precipitation to achieve max-

imum yield, compared to groups 1,2, and 3. Group 1, which needed less cumulative precip-

itation to maximize yield, obtained a higher maximum yield, growth rate and decay rate.

Conversely, Group 4 required more precipitation and achieved lower maximum yields, growth

rates, and decay rate (Table 4.1, Figure 4.3).

In case study 2, all groups had similar maximum yields. However, group 1 needs less

cumulative precipitation to achieve maximum yield, compared to groups 2 and 3. While

groups 2 and 3 demonstrate yield increases up to the maximum yield followed by a decline,

in general group 1 exhibits a negative yield response as cumulative precipitation increase.

Furthermore, although Groups 1 and 2 have similar CV in yield (14 and 13%, respectively),

their responses to cumulative precipitation were markedly different (Table 4.1, Figure 4.3).

Similar patterns occur in case study 4. All groups displayed a similar range of maximum
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yields, and a uniform total CV in yield of 10%. However, group 1 needs a lower cumulative

precipitation to maximize yield, compared to groups 2 and 3. Similar to case study 2, group

1 generally responded negatively to increases in cumulative precipitation, whereas group 2

and 3 shows yield increases up to their maximum followed by a decline (Table 4.1, Figure

4.3).

4.4 Discussion

This study develops a novel data pipeline to quantify the spatiotemporal yield variations

within the field in response to precipitation. Despite extensive research over the past three

decades into site-specific agricultural management zones – highlighting the importance of

understanding yield variability and its underlying factors such as topography, soil texture,

water storage, and historical management – there remains a gap knowledge understanding

the interaction between crop, soil, and weather (Blackmore, 1994; Cook & Bramley, 1998;

Hedley, 2015; Plant, 2001; Sawyer, 1994; Sudduth et al., 2015; Zhang et al., 2002). While

previous studies have shown that precipitation significantly affects crop yield in dryland

conditions and that the yield response to precipitation varies (Grassini et al., 2015; Li et

al., 2019; Martinez-Feria & Basso, 2020; Teasdale & Cavigelli, 2017; Yu et al., 2021), there

is still a lack of studies exploring the spatial yield variations within the field in response to

precipitation.

Crop yield response to precipitation can substantially vary spatially within the field, as

demonstrated in this study. Despite the importance of precipitation on yield variation, pre-

scription maps for variable rate applications typically rely on soil maps and crop properties,

utilizing yield monitor data and remote sensing, without integrating soil, management, and

varying weather conditions (Córdoba et al., 2016; Guastaferro et al., 2010; Khosla et al.,

2010; Mzuku et al., 2005; Nawar et al., 2017; Pilesjö et al., 2005). Some methodologies

generate prescription maps based on whether the year is dry, intermediate, or wet, without

demonstrating how the responses of each field area change with precipitation (Basso et al.,

2009). On the other hand, several studies have started to evaluate the interaction between
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soil, crop, and climate. For instance, areas within the field with high wetness index are signif-

icantly affected by waterlogged in wet years, resulting in lower yields, whereas they achieve

higher yields in dry years (Maestrini & Basso, 2018). Another study notes that topography

has less impact on yield variation in wet years on fine loamy soils (Halvorson & Doll, 1991).

In this study, the spatially varying parameters not always follow the patterns of elevation

and wetness index. A recent study (Riihimäki et al., 2021) revealed that the topographic

wetness index was a modest proxy for soil moisture, but with severe limitations accounting

for both high spatial and temporal resolution. Moreover, a previous study similarly identified

more stable and unstable yield zones within field depending on precipitation, finding that

areas prone to water stress are between 23–33 % below the field average in drought years and

26–33 % during flood years (Martinez-Feria & Basso, 2020). This aligns with findings from

this study, which also reveals that two equally unstable zones within the field may respond

differently to precipitation.

Identifying field areas with varying yield responses to precipitation and understanding

how those site-specific responses can impact the effective use of inputs (Anderson et al.,

2016; R. Liu et al., 2014; Ploschuk et al., 2022) can enhance prescription maps and field

profitability. Studies have shown that 5–75 % of within field areas suffer economic losses due

to precipitation conditions, with significant losses noted during wet springs where precipita-

tion exceeds 300 mm. In such scenarios, each additional 10 mm of May/June precipitation

can reduce median profits by $50-$120 per hectare in maize fields, whereas soybean fields

generally show less economic impact (Fey et al., 2016). Furthermore, areas prone to flood-

ing or drought typically exhibit a decline in productivity due to reduced nutrient uptake

by plants. Overfertilizing crops under stress will not improve plant growth or may even

inhibit it. Furthermore, extreme precipitation can lead to runoff or leaching of applied fertil-

izers, while insufficient precipitation may result in fertilizer accumulation in the soil (Billé &

Rogna, 2022; R. Liu et al., 2014; Rouphael et al., 2012; Van Metre et al., 2016; Waller et al.,

2021). Additionally, even minor differences in landscape position can significantly impact

water movement across the field, which, in turn, affects nitrogen loss and altering optimal

plant density (Assefa et al., 2016; Haarhoff & Swanepoel, 2018; Rogovska et al., 2023). By
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identifying areas where precipitation positively or negatively impacts the field, it is possible

to strategically plant different genotypes across the field based on their resistance to water-

logging or drought, optimizing in this way the yield (Rotili et al., 2020). All previous studies

emphasize the importance of precipitation for inputs management, highlighting the signifi-

cance of this study. By identifying areas with variable and stable productivity in response to

precipitation changes, farmers can implement targeted input management strategies. Such

strategies help minimize risks, reduce costs, and maximize yields (Hatfield & Walthall, 2015;

McArthur & McCord, 2017).

Some limitations of this study were: i) the lack of historical observed weather data

in each specific farm location, ii) a limited number of farms with extensive (at least five

years or more) yield monitor data, iii) limited number of years with high-resolution remote

sensing data, and iv) lack of available data on soil physical and chemical properties, such

as soil texture. Despite these challenges, the data pipeline approach adopted in this study

effectively captures our objectives and serves as a starting point for understanding spatio-

temporal yield variability in response to precipitation. Future research should: i) connect

these spatio-temporal variation of yield responses to precipitation with input rates to further

refine variable input strategies within fields and ii) use the maps obtained with this data

pipeline to precisely sample soil physical and chemical properties to correctly understand

variability the implication of soil factors within the field.

4.5 Conclusion

This study underscores the potential benefits for farmers in understanding spatio-temporal

yield variations in response to precipitation. The most relevant outcomes of this study

include: (i) the optimal period of cumulative precipitation impacting yield varies by field

and crop type; (ii) within a field, some areas exhibit greater yield variability than others;

and (iii) areas with similar high yield variability within the field may respond differently to

precipitation. Future investigation could expand this approach by integrating high-resolution

remote sensing data to develop an improved method for upscaling field characterization to
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more fields with the potential for guiding environmental characterization and the decision of

prescription for critical farming inputs.
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Figure 4.1: Model performance across case studies (cases 1, 3 for maize crop, and 2, 4 for
soybean). Each panel represents a different case study, displaying yield data at specific
spatial coordinates within the field for a particular year. Points are color-coded to uniquely
identify each spatial coordinate. The bottom-right corner of each panel includes a field map,
where colors correspond to those of the points, illustrating the spatial distribution (within
field variation) of the yield data.
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Figure 4.2: Maps of the spatially varying response parameters to optimal precipitation across
fields. Columns represent each parameter of the model. Rows represent each case study. In
all the parameters, darker the color higher the parameter’s value. CP: cumulative precip-
itation. Case study 1 and 3 correspond to maize crop; Case study 2 and 4 correspond to
soybean crop.
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Figure 4.3: Curves of response of yield to cumulative precipitation, each column correspond
to a group (left) that were identified in the classification and regression analyses. The
response variable for this classification was the cumulative precipitation that maximizes yield.
Field map demonstrating spatial distribution of each group (right) Each row corresponds to
each case study. Each color represents a group. Solid black line corresponds to the mean
yield. Dashed black lines correspond to the 95% confidence intervals.
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Table 4.1: Summary of Spatially Varying Parameters by group and case study. Includes mean and interquartile ranges
(IQR25−75%) for Maximum yield (kg ha−1); Cumulative Precipitation (CP) maximize yield (mm); Growth rate (kg ha−1 mm−1);
and Decay rate (kg ha−1 mm−1).

Case Study Group Maximum Yield CP Maximize Yield Growth Rate Decay Rate

Mean IQR25−75% Mean IQR25−75% Mean IQR25−75% Mean IQR25−75%

1

G1 14091 13769-14498 337 332-342 34 32-37 56 49-62
G2 13353 12929-13967 358 352-362 30 27-33 34 30-37
G3 12339 11869-13108 378 372-382 26 23-29 20 17-25
G4 11259 10327-12550 417 402-422 21 19-23 7 4-10

2
G1 4752 4590-4897 179 134-224 1 0-2 8 7-9
G2 4428 4235-4665 293 286-302 9 8-10 10 8-11
G3 4614 4380-4817 308 304-312 18 15-20 14 11-17

3

G1 11665 11355-12091 333 322-346 34 30-39 32 29-34
G2 10901 10552-11535 353 350-360 32 29-35 21 19-23
G3 9119 8012-10960 365 360-372 24 20-29 13 11-16
G4 6104 4497-7858 413 400-430 12 9-15 3 2-4

4
G1 5315 5080-5607 231 228-234 0 0-0 14 12-15
G2 5410 5290-5653 250 248-252 8 6-10 21 17-23
G3 5399 5229-5685 257 256-258 17 14-20 25 22-27
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Chapter 5

Final remarks

Generating actionable information on crop management to enhance yields, and leveraging

available technological tools at multiple scales, is essential for achieving global food security

and providing viable options for farmers. This dissertation focuses on improving crop man-

agement strategies to increase yields and reduce variability using advanced data-informed

decisions. To generate this information, we examined three scales and corresponding tools:

(i) at the regional level, using crop modelling (APSIM) (Chapter 2); (ii) at the site level,

using a Bayesian approach, the Canopeo tool and crop modelling (DSSAT) (Chapter 3); and

(iii) at the field level, by analyzing multiple years of geo-referenced yield monitor data from

combine harvesters and performing spatio-temporal analysis (Chapter 4).

Chapter 2 demonstrates the potential benefits for farmers in selecting the optimal com-

binations of planting dates by maturity group for soybean yield. Indicating that this com-

bination strategy varies across different regions within Kansas. The main findings of this

chapter were that under current weather conditions farmers can: i) maximize soybean yield

by planting in April to early May, and ii) find more yield stability (less variability) over

time by planting later, but with a yield penalty for maximum yield. For future weather

scenarios: iii) yield losses can be expected, but selecting the right maturity group x planting

date combinations could be used as a mitigation practice, and iv) later maturity groups (IV,

V and VI) may result in lower yield loss for late planting dates compared to early planting
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dates.

Chapter 3 examines the effects of equidistant versus non-equidistant plant spatial ar-

rangements in soybean at the site level. The results indicate that (i) in most trials (loca-

tion management), equidistant plant spatial arrangement does not offer yield advantages

over non-equidistant arrangement, (ii) protein and oil seed concentration remained constant

across different plant arrangements, and (iii) canopy parameters had no effect on soybean

yield variation and seed quality traits.

Lastly, chapter 4 highlights the potential benefits for farmers in understanding spatio-

temporal yield variations in response to precipitation at the within-field scale. The main key

findings of this chapter include: (i) the optimal period of cumulative precipitation impacting

yield varies by field and crop type; (ii) some areas exhibit greater yield variability than others;

and (iii) areas with similar high yield variability within the field may respond differently to

precipitation.

A few of the major research limitations throughout this dissertation were related to (i)

lack of observed soil data, especially soil physical and chemical properties (Chapters 2, 3, and

4), (ii) limited observed data of crop phenology for model calibration (Chapter 2) and the

absence of information on biomass partitioning into vegetative and reproductive structures

needed to assess soybean plant compensation (Chapter 3), (iii) limited number of treatments

evaluating non-equidistant patterns (Chapter 3), and (iv) insufficient geographical represen-

tation or environments (Chapter 2) and a small number of farms with at least five years of

yield monitor data (Chapter 4).

Future research could enhance the information generated by incorporating observed phe-

nological data to ensure proper model calibration and validation (Chapter 2), expanding eval-

uation of soybean plant spatial arrangements, particularly at consistent densities (chapter 3),

and integrating the findings with remote sensing data into spatio-temporal analyses (Chap-

ter 4). This integration would improve the understanding of regional, local, and within-field

variability for each crop, addressing data gaps where field observations are limited. Addi-

tionally, incorporating economic and social analyses would provide a more comprehensive

information base for farmers, enabling more effective data-driven decision-making (Chapters
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2, 3, and 4).
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Table A.1: Data sources. KSU performance test (https://www.agronomy.k-state.edu/outreach-and-services/crop
-performance-tests/soybeans/, accessed 2022/03); Ciampitti et al., 2017 (https://doi.org/10.4148/2378-5977.7434);
Ciampitti, et al., 2020 (figshare: 10.6084/m9.figshare.20018015).

Site Lon Lat Year Planting dates Maturity group Plant density (pl/m2) Harvest dates Source
Assaria -97.60 38.68 2014–2021 May 15 to June 14 IV and V 34 and 38 October 16 to November 1 K-State soybean performance trials
Belleville -97.84 39.83 2014–2020 May 15 to June 17 III, IV and V 34 and 35 October 15 to October 27 K-State soybean performance trials
Columbus -94.84 37.16 2016; 2017; 2019 June 27 to June 29 IV, V and VI 25 and 30 November 16 to November 21 K-State soybean performance trials
Erie -95.24 37.56 2014; 2016–2021 May 19 to July 11 IV and V 25, 30 and 39 November 11 to December 10 K-State soybean performance trials
Kiro -95.79 39.09 2017–2021 April 06 to June 10 III, IV and V 25 and 35 October 12 to October 22 K-State soybean performance trials
McCune -95.01 37.35 2014–2016; 2018; 2019 June 06 to July 01 III, IV, V and VI 25, 35, 38 November 02 to November 29 K-State soybean performance trials
Onaga -96.16 39.48 2014–2018 May 06 to June 22 IV 34 and 38 October 08 to November 19 K-State soybean performance trials
Ottawa -95.24 38.53 2014–2021 May 16 to July 6 III, IV and V 34 and 35 October 14 to October 22 K-State soybean performance trials

2014–2016 May 04 to July 15 IV and V 32 Not available Ciampitti et al. (2017)
2018–2019 May 10 to June 29 III and IV 32 October 18 to October 25 Field research studies

Parsons -95.17 37.22 2014; 2015; 2018; 2020 June 06 to July 07 IV, V and VI 25 and 30 November 05 to November 25 K-State soybean performance trials
2014–2015 May 02 to July 01 IV and V 32 Not available Ciampitti et al. (2017)

Pittsburg -94.70 37.41 2014–2018; 2020–2021 June 10 to July 08 IV and V 30 and 38 November 03 to November 16 K-State soybean performance trials
Riley -96.83 39.29 2019–2021 May 13 to June 04 IV 37 and 38 October 22 to October 24 K-State soybean performance trials
Rossville -95.95 39.13 2016 May 30 to June 02 IV 25 October 19 K-State soybean performance trials
Topeka -95.67 39.04 2014–2017; 2021 May 07 to June 02 IV 34 October 14 to October 16 K-State soybean performance trials

2014–2016 April 30 to June 09 III, V and VI 32 Not available Ciampitti et al. (2017)
2018–2019 May 10 to June 29 III and IV 32 October 08 to October 17 Ciampitti et al. (2020)

96

https://www.agronomy.k-state.edu/outreach-and-services/crop-performance-tests/soybeans/
https://www.agronomy.k-state.edu/outreach-and-services/crop-performance-tests/soybeans/
https://doi.org/10.4148/2378-5977.7434
10.6084/m9.figshare.20018015


Table A.2: Standard planting date, soil characteristics, and weather variables used to create
the clusters.

Site
Standard

planting date (DOY)
Weather characteristics Soil characteristics

Cumulative rainfall (mm) Temp. max (°C) Sand (%) Silt (%) Clay (%)
Jul Aug Sep

Assaria 155–163 595 34 33 30 11 67 22
Belleville 150–160 601 33 31 29 10 59 31
Riley 150–160 691 32 31 29 4 61 35
Kiro 120–150 734 32 31 29 6 70 24
Onaga 127–140 713 32 31 29 10 65 25
Rossville 150–153 735 32 31 29 15 66 19
Topeka 120–160 717 32 31 29 7 60 33
Columbus 178–180 809 32 32 30 42 37 21
Erie 150–180 836 33 32 30 13 67 20
McCune 165–180 836 33 32 30 4 54 42
Ottawa 145–170 768 32 32 29 7 70 23
Parsons 150–180 819 32 32 30 13 67 20
Pittsburg 165–175 868 33 32 30 13 67 20

Table A.3: Parameters included in the generic genotypes used from APSIM Next generation.

Parameter MG3 MG4 MG5 MG6
Vegetative.Target.FixedValue (°Cd) 380 388 396 404
EarlyFlowering.Target.FixedValue (°Cd) 120 140 160 180
EarlyGrainFilling.Target.FractionofGrainfillPeriod.FixedValue 0.361 0.324 0.072 0.056
LateGrainFilling.Target.EntireGrainfillPeriod.FixedValue (°Cd) 664 664 696 712
VegetativePhotoperiodModifier.XYPairs.X 13.4 13.1 12.83 12.58

16.91 16.49 16.13 15.8
ReproductivePhotoperiodModifier.XYPairs.X 13.4 13.1 12.83 12.58

16.91 16.49 16.13 15.8

97



Figure A.1: Distribution of planting dates in the 13 sites of the dataset from 2014 to 2021.
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Figure A.2: Interval where setting pods occurs in the state of Kansas ac-
cording to NASS-USDA (https://quickstats.nass.usda.gov/results/20E59F49-96CD
-3192-AEF5-6B5B63E28C43, visited April 2022)
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Figure A.3: Comparison of days of the year where anthesis occurs between the simulated data
and data obtained from the National Agricultural Statistics Service (https://quickstats
.nass.usda.gov/results/21B7C2DA-A180-3470-A7F4-383E92588748, visited April 2022)
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Table A.4: Soybean seed yield (kg ha−1) for the different planting dates × maturity groups
combination in the South-east cluster. Values within different letters are significantly differ-
ent at P < 0.05.

Cluster Planting date Maturity group Mean yield (kg ha−1)

South-east

15-Apr VI 4958 a
15-Apr V 4931 ab
1-May VI 4821 abc
1-May V 4818 abc
15-Apr IV 4808 abc
1-May IV 4750 abcd
15-May V 4742 abcd
15-May IV 4701 abcd
15-May VI 4624 bcde
1-Jun V 4530 cdef
1-Jun V 4519 cdef
15-Apr III 4429 defg
15-Jun IV 4319 efgh
1-Jun VI 4318 efgh
1-May III 4311 efgh
15-May III 4256 fghi
15-Jun V 4173 ghij
1-Jun III 4078 hijk
15-Jun VI 3949 ijk
1-Jul IV 3891 jkl
15-Jun III 3832 klm
1-Jul V 3618 lmn
1-Jul III 3527 mn
1-Jul VI 3520 mn
15-Jul IV 3357 no
15-Jul III 3145 op
15-Jul VI 3025 pq
15-Jul VI 2803 q

Table A.5: ANOVA (Type III Wald chi square tests) of the current weather (2012–2021) for
the three clusters within Kansas.

Cluster Component P-value
North-central Planting date < 2.2e-16 ∗ ∗∗

Maturity group 6.54e-10 ∗ ∗∗
Planting date : Maturity group 0.9991

North-east Planting date < 2.2e-16 ∗ ∗∗
Maturity group 2.15e-09 ∗ ∗∗
Planting date : Maturity group 0.9989

South-east Planting date < 2.2e-16 ∗ ∗∗
Maturity group 3.39e-10 ∗ ∗∗
Planting date : Maturity group 0.0284 ∗

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

101



Figure A.4: Simulated seed yield (kg ha−1) across the 30 years of study within the three
clusters in Kansas (North-central, North-east, and South-east).

Table A.6: Climate change in the future (2043–2052) compared to the current weather (2012–
2021) in the three clusters in Kansas.

Cluster Weather variable Winter Spring Summer Fall Year

North-central
Maximum temperature (°C) -0.33 -0.63 1.34 1.03
Minimum temperature (°C) 0.04 -0.17 1.72 1.63
Cumulative rainfall (mm) 34 65 -171 -77 -148

North-east
Maximum temperature (°C) -0.22 -0.27 1.38 1.65
Minimum temperature (°C) 0.19 -0.22 1.39 1.81
Cumulative rainfall (mm) 30 121 -162 -61 -73

South-east
Maximum temperature (°C) 0.16 0.19 1.70 1.65
Minimum temperature (°C) 0.46 0.15 1.55 1.81
Cumulative rainfall (mm) -21 24 -223 -87 -308
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Table A.7: Soybean seed yield (kgha−1) for the different planting dates × maturity groups
combination within the three clusters in Kansas. Values within different letters are signifi-
cantly different at P < 0.05.

Cluster Planting date Maturity group Mean yield (kg ha−1)

North-central

15-Apr III 3380 a

1-May III 3185 b

15-Apr IV 3008 c

15-May III 2954 cd

1-May IV 2947 cd

15-Jun IV 2919 cd

1-Jun IV 2838 de

15-May IV 2836 de

1-Jun III 2832 de

1-May V 2799 de

1-Jul IV 2795 de

15-May V 2721 ef

15-Jun V 2710 ef

15-Jun III 2699 efg

1-Jun V 2697 efg

15-Apr V 2693 efg

1-Jul V 2575 fgh

15-Jul IV 2534 gh

15-Apr VI 2469 hi

1-May VI 2468 hi

1-Jul III 2436 hi

Continued on next page
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Table A.7 – continued from previous page

Cluster Planting date Maturity group Mean yield (kg ha−1)

15-May VI 2336 ij

15-Jul III 2305 ij

15-Jun VI 2260 j

15-Jul V 2256 j

1-Jun VI 2250 j

1-Jul VI 2210 j

15-Jul VI 1986 k

North-east

15-Apr III 3851 a

15-Apr IV 3536 b

15-Apr VI 3504 bc

15-Apr V 3461 bcd

1-May III 3448 bcd

1-Jun V 3430 cd

15-Jun V 3396 de

1-May VI 3379 de

15-May V 3373 de

15-Jun IV 3370 de

1-Jun IV 3332 ef

1-May V 3310 efg

15-May VI 3256 fgh

1-Jul IV 3217 ghi

1-May IV 3194 hi

15-May IV 3188 hi

Continued on next page
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Table A.7 – continued from previous page

Cluster Planting date Maturity group Mean yield (kg ha−1)

1-Jul V 3177 hi

15-May III 3172 hij

1-Jun VI 3140 ijk

1-Jun III 3080 jk

15-Jun VI 3068 kl

15-Jul IV 2981 lm

15-Jun III 2954 m

1-Jul VI 2932 m

1-Jul III 2754 n

15-Jul V 2737 n

15-Jul III 2641 o

15-Jul VI 2478 p

South-east

15-Apr III 3369 a

15-Jun VI 2947 b

1-Jul VI 2917 b

1-Jun VI 2909 bc

1-Jul V 2847 cd

15-Jun V 2834 d

1-May III 2809 de

15-May VI 2807 de

1-May VI 2762 ef

15-Apr IV 2748 efg

15-Jul VI 2725 fg

Continued on next page
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Table A.7 – continued from previous page

Cluster Planting date Maturity group Mean yield (kg ha−1)

1-Jun V 2691 gh

15-Jul V 2657 hi

15-Apr VI 2650 hi

15-Jun IV 2617 i

15-Jul IV 2552 j

1-Jul IV 2537 j

1-Jun IV 2459 k

15-May III 2399 kl

15-May V 2390 l

1-May IV 2375 lm

15-Jun III 2313 mn

15-Apr V 2304 n

1-May V 2278 no

1-Jun III 2255 no

15-Jul III 2219 op

15-May IV 2163 pq

1-Jul III 2139 q
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Appendix B

Appendix B, Chapter 3

Table B.1: The mean of temperature and cumulative rainfall from May to October across
trials.

Year State Site Temperature (°C) Cumulative rainfall (mm)

2021 Kansas Topeka 20 930
Mississippi Starkville 23 1211

2022 Kansas Manhattan 20 668
Mississippi Starkville 23 761

Stoneville 24 609
South Dakota Aurora 16 431

Beresford 17 298
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Figure B.1: DSSAT crop growth model performance predicting R1, R3, and R5 phenological
stages in the KS22 Early, Mid, and late trials. Dashed line corresponds to 1:1 line.
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Figure B.2: Soybean seed yield and plant arrangement by trials. Bars represent 95% credible
intervals. Points represent the average soybean seed yield. The colors of the points and bars
indicate each plant arrangement. Panels represent each trial. KS21 Irrigated, MS22 Late,
and SD22 Mid had differences.
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Figure B.3: Canopy coverage parameters distribution (from the hill function) by plant ar-
rangement across trials (ID). BlueSky color under the curve represents the 95% confidence
interval. Max Canopy (%) is the maximum canopy coverage.
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Figure B.4: Canopy coverage parameters distribution (from the bihill function) by plant
arrangement across trials (ID). BlueSky color under the curve represents the 95% confidence
interval. Max Canopy (%) is the maximum canopy coverage.
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Appendix C

Appendix C, Chapter 4
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Figure C.1: Elevation and Compound topographic Index (CTI) for each Farm. Left column
panel represent the elevation and right column panel represent the CTI. Each row corre-
sponds to each Farm. Farm 1 correspond to case study 1 and 2, Farm 2 is the case study 3,
and Farm 3 correspond to case study 4.
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Figure C.2: Selection of optimum cumulative precipitation in Case study 1 and 3 (Maize).
Each column of panels represents a different date of starting moment. Top panels are from
case study 1 and panels in the bottom are from case study 3. Blue points represent the
cumulative precipitation period with the lowest AIC.

Figure C.3: Selection of optimum cumulative precipitation in Case study 2 and 4 (Soybean).
Each column of panels represents a different date of starting moment. Top panels above are
from case study 2 and panels in the bottom are from case study 4. Blue point represent the
cumulative precipitation period with the lowest AIC.
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Figure C.4: Field map of case study 1 with two contrasting examples (above). Predicted
yield and its derivative in response to cumulative precipitation in two contrasting examples
in case study 1. Above panel represent the 1st derivative and below panel represent the
predicted yield (Below). Colors represent the two contrasting examples within the field. CP:
Cumulative precipitation.
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Figure C.5: Regression tree for case study 1 (A), case study 2 (B), case study 3 (C), and
case study 4 (D) to classify precipitation value across a field using spatial growth and decay
coefficients. Figures in the left correspond to maize fields case studies and figures in the
right correspond to soybean fields case studies.
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