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ABSTRACT 
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Degree Received: December 2019 

Title: Developing the Yield Equation for Plant Breeding Purposes in Soybean (Glycine max L. 

Merr) 

Committee Chair: Katy Martin Rainey 

 

Dissecting the soybean grain yield (GY) to approach it as a sum of its associated processes seems 

a viable approach to explore this trait considering its complex multigenic nature. Monteith (1972, 

1977) first defined potential yield as the result of three physiological efficiencies: light interception 

(Ei), radiation use efficiency (RUE) and harvest index (HI). Though this rationality is not recent, 

few works assessing these three efficiencies as strategies to improve crops have been carried out. 

This thesis approaches yield from the perspective of Ei, RUE, and HI to better understand yield as 

the result of genetic and physiological processes. This study reveals the phenotypic variation, 

heritability, genetic architecture, and genetic relationships for Ei, RUE, and HI and their 

relationships with GY and other physiological and phenological variables. Similarly, genomic 

prediction is presented as a viable strategy to partially overcome the tedious phenotyping of these 

traits. A large panel of 383 soybean recombinant inbred lines (RIL) with significant yield variation 

but shrinkage maturity was evaluated in three field environments. Ground measurements of dry 

matter, photosynthesis (A), transpiration (E), water use efficiency (WUE), stomatal conductance 

(gs), leaf area index (LAI) and phenology (R1, R5, R8) were measured. Likewise, RGB imagery 

from an unmanned aircraft system (UAS) were collected with high frequency (~12 days) to 

estimate the canopy dynamic through the canopy coverage (CC). Light interception was modeled 

through a logistic curve using CC as a proxy and later compared with the seasonal cumulative 

solar radiation collected from weather stations to calculate Ei. The total above ground biomass 

collected during the growing season and its respective cumulative light intercepted were used to 

derive RUE through linear models fitting, while apparent HI was calculated through the ratio seeds 

dry matter vs total above-ground dry matter. Additive-genetic correlations, genome wide 

association (GWA) and whole genome regressions (WGR) were performed to determine the 

relationship between traits, their association with genomic regions, and the feasibility of predicting 

these efficiencies through genomic information. Our results revealed moderate to high phenotypic 
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variation for Ei, RUE, and HI. Additive-genetic correlation showed a strong relationship of GY 

with HI and moderate with RUE and Ei when the whole data set was considered, but negligible 

contribution of HI on GY when just the top 100 yielding RILs were analyzed. High genetic 

correlation to grain yield (GY) was also observed for A (0.87) and E (0.67), suggesting increase in 

GY can be achieved through the improvement of A or E. The GWA analyses showed that Ei is 

associated with three SNPs; two of them located on chromosome 7 and one on chromosome 11 

with no previous quantitative trait loci (QTLs) reported for these regions. RUE is associated with 

four SNPs on chromosomes 1, 7, 11, and 18. Some of these QTLs are novel, while others are 

previously documented for plant architecture and chlorophyll content. Two SNPs positioned on 

chromosome 13 and 15 with previous QTLs reported for plant height and seed set, weight and 

abortion were associated with HI. WGR showed high predictive ability for Ei, RUE, and HI with 

maximum correlation ranging between 0.75 to 0.80. Both directed and undirected multivariate 

explanatory models indicate that HI has a strong relationship with A, average growth rate of canopy 

coverage for the first 40 days after planting (AGR40), seed-filling (SFL), and reproductive length 

(RL). According to the path analysis, increase in one standard unit of HI promotes changes in 0.5 

standard units of GY, while changes in the same standard unit of RUE, and Ei produce increases 

on GY of 0.20 and 0.19 standard units. This study presents novel genetic knowledge for Ei, RUE, 

HI and GY along with a set of tools that may contribute to the development of new cultivars with 

enhanced light interception, light conversion and optimized dry matter partitioning in soybean. 

This work not only complements the physiological knowledge already available with the genetic 

control of traits directly associated with yield, but also represents a pioneer attempt to integrate 

traditional physiological traits into the breeding process in the context of physiological breeding. 
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 LITERATURE REVIEW 

Soybean (Glycine max L. Merr) is an annual, dicot, diploidized tetraploid (2n=40), family 

Leguminosae, subfamily Papilionoideae first domesticated in the eastern half of China between 

the 17th and 11th century B.C (Hymowitz, 1970). As a crop, soybean is a major source of protein 

and oil for human food, animal feed, and industrial products (Soystat, 2018; Wilson, 2008). Behind 

corn, rice, and wheat, soybean production is the 4th largest globally (FAOSTAT, 2018). Currently, 

the United States (U.S.) and Brazil are the largest producers of soybean accounting for 35% and 

33% of world production, respectively, which is ~233 million metric tons (Soystat, 2018). 

 

It is considered that soybean yield had steadily increased dating back to the early 1900s (Hartwig, 

1973, Specht et al., 1999, Suhre et al., 2014) with estimated advance rate in the range of 23 to 27 

kg ha-1 yr-1 (Fox et al., 2013; Koester et al., 2014; Specht et al., 1999; USDA-ERS, 2011). This 

yield increase is mainly the product of continued breeding for new cultivars, advancements in 

agronomic technologies, and environmental changes (Allen and Vara Prasad, 2004; De Bruin and 

Pedersen, 2008; Rowntree et al., 2013; Sakurai et al., 2014; Specht et al., 1999). Determining the 

exact contribution of each factor is difficult, but a substantial portion of the yield gain is directly 

attributed to breeding and genetic factors (Rowntree et al., 2013; Suhre et al., 2014). It is believed, 

between half (Board and Kahlon, 2011; Specht et al., 1999) to two-thirds (Grassini et al., 2015a; 

Rowntree et al., 2013; Specht et al., 2014) of soybean yield increase can be attributed to genetic 

improvement. In the United States, genetic contributions in the range of 10-30 kg ha–1yr–1 has been 

reported (Heatherly and Elmore, 2004; Rincker et al., 2014; Specht et al., 1999, 2014; Specht and 

Williams, 1984). 

 

The remaining improvement in productivity is considered a result of better management practices 

and genotype x environment interaction (Rowntree et al., 2013; Specht et al., 1999). Early planting 

date (Bastidas et al., 2008; Heatherly and Elmore, 2004; Johnson, 1987; Specht et al., 1999), 

planting density – row width (Cober et al., 2005; De Bruin and Pedersen, 2009; Heatherly and 

Elmore, 2004; Specht et al., 1999; Suhre et al., 2014; Voldeng et al., 1997), weed control through 

herbicides (Luedders, 1977; Specht et al., 1999; Voldeng et al., 1997), fertilization and soil 

management (Grassini et al., 2015a; Luedders, 1977; Wilson et al., 2014), and better harvest 
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systems (Specht et al., 1999; Ustun et al., 2001) are considered the main advances in the agronomic 

topic during the last decades. 

 

Despite some studies disregard CO2 changes as a source of yield improvement, it has been 

demonstrated CO2 rise can improve the seed yield per plant up to 62% in growth chamber 

conditions (Kumagai et al., 2015) and 6% to 15% under field conditions (Gillespie and Ainsworth, 

2010; Morgan et al., 2005; Sakurai et al., 2014). Estimation of a potential effect of CO2 increases 

to the on-farm rate perform carried out by Specht et al. (1999) suggests a contribution of 3–5 kg 

ha−1 yr−1. Estimations through a simulation methodology on irrigated soybean in Nebraska, report 

a gain of 0.7–5.4 kg ha−1 yr−1 as consequence of 2 ppm annual rise in CO2 concentration from 1983 

to 2011 (Specht et al., 2014). 

 

Augmented projected demand for protein, oil, and carbohydrates promoted by rising population – 

which is expected to reach approximately 9 billion by 2050 –, animal consumption, and biofuels 

(Ramankutty et al., 2011; Ray et al., 2013; Tilman et al., 2011; United Nations, 2015), sets soybean 

in a central role given its seed composition profile and affordability (Alexandratos and Bruinsma, 

2012; Foyer et al., 2019). However, these comparative advantages need to be accompanied with 

an increase in production and productivity, which is estimated in the range 60-110% (FAO, 2009). 

Although soybean grain yield has progressively increased in the last century (Hartwig, 1973, 

Specht et al., 1999, Suhre et al., 2014), current rates of improvement are insufficient to achieve 

long term production goals. 

 

Satisfying the potential demands and ensure the food security entail efforts in both plant breeding 

and crop management (Masuda and Goldsmith, 2009). Nevertheless, the lack of genetic diversity 

in North America and the selective breeding for specific targets, mainly seed production, can be a 

potential threat to increase or at least keep the genetic improvement (Gizlice et al., 1996; Singh 

and Hymowitz, 1999; Mikel et al., 2010; Hyten et al., 2006). The USA soybean genetic diversity 

can be tracked to 80 common ancestors (Gizlice et al., 1993, 1994), with most of the current genetic 

base introduced by 1970 with a limited number of posterior additional introductions (Gizlice et al., 

1993, 1994; Singh and Hymowitz, 1999; Sneller, 1994, 2003; Thompson et al., 1998). 
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Future significant soybean yield increases through genetic improvement implies the inclusion of 

new sources of genetic variability (Gizlice et al., 1996; Hyten et al., 2006; Mikel et al., 2010; 

Thompson et al., 1998), implementation of “omics” technologies (Eldakak et al., 2013; Langridge 

and Fleury, 2011; Liu et al., 2013; Roy et al., 2011), and better understanding about genetic and 

physiological bases controlling trait of interest (Ainsworth et al., 2012; James and Lawn, 2011; 

Liu et al., 2015). In the physiological aspect, comprehensive studies about light interception, light 

conversion into biomass and biomass partitioning to organs economically important (pods and 

seeds) represent an opportunity. Determination of natural diversity, potential association of these 

parameters with the soybean genome, as well as the integration of these variables as breeding 

targets can positively impact the breeding process and help to close gaps about energy interception 

and conversion in soybean. 

 

Approaching the yield potential, which is defined as the yield of a cultivar growing in 

environments where it is adapted, with non-limiting nutrients or water and non-stress for pests, 

diseases or weeds (Evans et al., 1999; Loomis and Amthor, 1999) is one of the main targets in 

agriculture. Although on field conditions potential yield is difficult to achieve since environmental 

factors (Bhatia et al., 2008; Chenu, 2014; Licker et al., 2010) and soil variability (Cox et al., 2003) 

limit the productivity, its study helps to determine maximum attainable and to evaluate progress 

during breeding processes (Foulkes and Reynolds, 2014). According to Monteith (1977), crop 

primary production (𝑃𝑛) and its yield potential (𝑌𝑝) at a given location can be determined by the 

equation (1) 

 

𝑌𝑝 = 0.487𝑆𝑅 ∙ 𝜀𝑖 ∙
𝜀𝑐

𝑗
∙ 𝜀𝑝 (1) 

 

Where SR is the total incident solar radiation upon the crop canopy during the growing season (MJ 

m-2). The constant 0.487 corresponds to the proportion of the total incident solar radiation 

(insolation) with photosynthetic activity (400-700 nm); 𝜀𝑖  is the canopy solar radiation 

interception efficiency mainly determined by the rate of canopy closure; 𝜀𝑐  is the energy 

conversion efficiency; 𝑗 the energy content of the plant mass (MJ g-1); and 𝜀𝑝 is the partitioning 

efficiency. 
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Although the term “radiation conversion efficiency” is considered inappropriate, as photosynthesis 

and plant mass accumulation involve no direct energy conversion to plant mass discarding the 

concept of efficiency (Sinclair and Muchow, 1999), the Monteith’s equation is still valid to such 

an extent that it has been rewritten in equation (2) to add more biological sense (Cabrera-Bosquet 

et al., 2016; Fisher et al., 2014a; Reynolds et al., 2012a). 

 

𝑌𝑝 = 0.487 ∑ 𝑆𝑅

𝑛

1

∙ 𝐸𝑖 ∙  𝑅𝑈𝐸 ∙ 𝐻𝐼 (2) 

Where 𝑌𝑝 is potential yield in grams per square meter (g m-2) at zero grain moisture; n is the 

duration of crop growth in days; ∑ 𝑆𝑅𝑛
1  is the cumulative intercepted solar radiation (MJ m-2); 𝜀𝑖 

is the efficiency of radiation interception by the crop; 𝑅𝑈𝐸 is radiation use efficiency (g MJ-1); 

and 𝐻𝐼 is the harvest index, the ratio of grain dry weight to crop dry weight (aboveground) at 

physiological maturity. 

 

In any of the forms above presented, Monteith’s equation summarizes the physiological 

mechanisms governing yield formation and presents the yield as the result of three main 

efficiencies: interception (𝜀𝑖≈Ei), conversion (𝜀𝑐 ≈𝑅𝑈𝐸), and partition (𝜀𝑝 ≈𝐻𝐼). 

1.1 Solar Radiation Interception Efficiency 

A positive relation between the amount of light intercepted by the canopy and the growth and 

production has been demonstrated in crops (Chen et al., 1994; Purcell et al., 2002; Shibles and 

Weber, 1966; Sinclair and Muchow, 1999; Westgate et al., 1997). Canopy characteristic such as 

speed of development and closure, longevity (stay green or green leaves retention), size and 

architecture are the main factors controlling the solar radiation interception and Ei (De Bruin and 

Pedersen, 2009; Foulkes and Reynolds, 2014; Long et al., 2006). 

 

The canopy development and closure frequently has been studied through variation in the distance 

between rows, the space between plants (plant density) and the sowing date (Bastidas et al., 2008; 

Purcell et al., 2002; Shibles and Weber, 1966; Westgate et al., 1997). The combination of plant 

density and distance between rows is effective to increase the photosynthetic active ration (PAR) 
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captured by the crop (Andrade et al., 2002; Purcell et al., 2002; Westgate et al., 1997) but faster 

canopy closure is not necessarily an advantage when cultivars have a limited ability to transform 

energy into biomass (Westgate et al., 1997).  

 

Studies about natural variations in light interception patterns for breeding proposes are not frequent. 

Xavier et al. (2017) characterized more than 5,000 recombinant inbred lines (RIL) from the 

Soybean Nested Association Panel SoyNAM through the seasonal canopy coverage using ground-

based and unmanned aircraft system (UAS) imagery. Results show that genetic differences among 

families significantly influence the canopy development. In addition, genetic gain for canopy 

development and indirectly grain yield through selection of superior genotypes seems to be 

possible given the high narrow-sense heritability (h2=0.77) and genetic correlation (0.87). Recently, 

Jarquin et al. (2018) showed canopy coverage, a proxy for light interception, as a usable trait to 

improve predictability (27-165%) in genomic models when it is measured in early stages (14-33 

days after planting). 

 

Canopy longevity frequently mentioned as ‘stay-green’ allows crops to extend the period of light 

capture maintaining carbon assimilation over more time (Rebetzke et al., 2016; Thomas and 

Ougham, 2014). Stay-green is established as a superior characteristic and marketing feature in bred 

grain crops including maize and sorghum (Hammer et al., 2014; Thomas and Ougham, 2014). 

During grain-filling, availability of green functional leaf area has been demonstrated to increase 

the carbon assimilation (Thomas and Smart, 1993) and final yield (Christopher et al., 2016; Lopes 

and Reynolds, 2012; Trachsel et al., 2016). Beyond light interception, quantitative trait loci studies 

showed that functional stay-green is a valuable trait for improving crop stress tolerance (Thomas 

and Ougham, 2014) particularly adaptation to terminal drought (Christopher et al., 2016). 

Cosmetic or non-functional stay-green, on the other hand, does not contribute to yield 

improvement through extended physiological processes, but it is considered of economic impact 

for specialty crops (Myers et al., 2018). 

 

The stay-green in soybean is a current topic of interest, unfortunately there are few field studies 

evaluating its real contribution on yield. Although pod removal and seed injury induce stay-green 

(Zhang et al., 2016), mutations involving the genes GmSGR1 and GmSGR2 are the main source of 
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information to study stay-green in soybean (Shi et al., 2016; Ueda et al., 2014). It has been 

demonstrated GmSGR1 not only modulate the leaf senesce through the regulation of chlorophyll, 

but also the plant productivity through the control of the photosystem II (PSII) capacity (Shi et al., 

2016). The homozygous combination of the recessive mutations d1 and d2 is an additional source 

of information to better understand stay-green in soybean, but contrarily to GmSGR1, d mutations 

did not show any comparative advantage for gas exchange, biomass production or yield (Luquez 

et al., 2001) suggesting a cosmetic rather than a functional effect. 

 

Finally, the influence of the canopy architecture in crop productivity was analyzed by Duncan et 

al. (1967) through photosynthesis. Their results indicate that leaf angles lower than <40° could be 

advantageous when the leaf area index (LAI) is moderate (3-4), while leaf angles higher than 80° 

show advantages only with LAI values above 4. So the upright canopy is advantageous to light 

interception only if the LAI is great enough to compensate for the reduced capture rate by 

individual leaves (Gardner, 1985). Duncan (1971) also concludes that the mixture of vertical and 

horizontal leaves constitutes an advantage only when LAI is higher than 4. Leaf orientation shows 

greater effects in the canopy photosynthesis than spatial distribution of the leaf area density since 

changes in the orientation can increase the carbon fixation in the range of 1-8%, while upright 

canopy might produce up to 25% higher daily canopy photosynthesis compared with planophile 

leaves (Chen et al., 1994). 

 

In soybean in particular, two types of relationships between cumulative PAR intercepted and 

biomass are reported: a linear relationship when the PAR intercepted during the cycle is less than 

400 MJ m-2 and a curvilinear shape when the PAR captured is between 400 and 700 MJ m-2 (Purcell 

et al., 2002). Values for interception efficiency Ei in soybean are not always consistent. Zhu et al. 

(2010) reported interception efficiencies of 0.9, while recently Koester et al. (2014) using cultivars 

released between 1923 and 2007 determined values in the range of 0.4 to 0.7. Values of 0.9 are 

unlikely since it implies only 10% of solar radiation interception loss during the growing season, 

which is difficult to achieve considering the time needed to close the canopy. Likewise, different 

values for PAR intercepted required to reach maximum asymptotic grain yield has been reported 

varying from 468 MJ m-2 (De Bruin and Pedersen, 2009) to 605 MJ m-2 (Edwards et al., 2005). 
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1.2 Radiation Use Efficiency 

Radiation use efficiency RUE is the result of the balance between carbon gains and losses; thus, 

this parameter is determined by the combined photosynthetic rate of all leaves within the canopy, 

minus crop respiratory losses (Beadle and Long, 1985; Long et al., 2006; Monteith, 1977). It is 

considered that, future yield increases in crops must focus on the conversion efficiency as a 

strategy to increase the dry matter production (Ainsworth et al., 2012; De Bruin and Pedersen, 

2009; Foulkes and Reynolds, 2014; Long et al., 2006; Melis, 2009; Raines, 2011; Reynolds et al., 

2000; Zhu et al., 2008, 2010). Although changes in RUE should positively impact biomass 

production, RUE increases during the grain filling rather than during the vegetative stages are the 

main goal given its direct relationship with final yield (Reynolds et al., 2001). The particular effort 

to improve 𝑅𝑈𝐸 rather than other efficiencies is supported by the fact that this efficiency currently 

remains below and quiet distant from the theoretical maximum for both C3 and C4 crops (Melis, 

2009; Zhu et al., 2010). 

 

Monteith (1977), in one of the first reports about this parameter, presented 𝜀𝑐 in field of 2.4% and 

4.2% based on PAR for C3 and C4 plants, respectively. In fact, these values are quiet low compared 

to the maximum theoretical set to be 9.4% and 12.3% on PAR basis or 4.6% and 6.0% based on 

total solar radiation for C3 and C4 plants, respectively (Melis, 2009; Zhu et al., 2010). In soybean, 

a C3 species, Zhu et al. (2010) calculated 𝜀𝑐 based on PAR of 3.2% and 3.8% with environmental 

CO2 concentration of 380 and 550 ppm, respectively (1.6% and 1.9% based on total solar radiation). 

While exploring soybean materials released since 1923 to 2007, Koester et al. (2014), reported 𝜀𝑐 

values based on PAR in the range of 1.8% to 4.3%. These results suggest current 𝜀𝑐 values are near 

one-third of the theoretical maximum, aligning with a relative old report of Beadle et al. (1987).  

 

The influence of some agronomic practices on RUE have been also evaluated through the study of 

small to medium size panels, frequently including only commercial cultivars. The effect of plant 

density (Liu et al., 2018; Purcell et al., 2002; Westgate et al., 1997), water availability (Adeboye 

et al., 2016b; De Costa and Shanmugathasan, 2002; Jamieson et al., 1995; Stockle and Kiniry, 

1990), environmental offer of resources (Andrade et al., 1993; Lindquist et al., 2005; Muchow et 

al., 1993), and canopy architecture (Bai et al., 2016; Gitelson et al., 2015) on RUE have been well 

documented. Likewise, theoretical biological limit for this efficiency has been calculated, 
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establishing 5.8 and 6.9 g dry matter per mega joule of PAR intercepted (g DM MJ-1) as maximum 

for C3 and C4 plants, respectively (Fisher et al., 2014a; Long et al., 2006). 

 

Field research on highly productive C4 crops has determined RUE values in the range of 2.9 g DM 

MJ-1 PAR (Westgate et al., 1997) to 3.8 g DM MJ-1 PAR (Lindquist et al., 2005) for high input 

hybrid maize, and 3.3 to 3.5 g DM MJ-1 PAR for sugarcane (Robertson et al., 1996). In soybean, a 

C3 plant, this parameter has been reported in the range of 1.1 g DM MJ-1 PAR (Adeboye et al., 

2016b) to 2.3 g DM MJ-1 PAR (Daughtry et al., 1992), although in dry condition it might become 

as low as 0.8 g DM MJ-1 PAR (De Costa and Shanmugathasan, 2002). Soybean light efficiency is 

usually lower than other C3 species given the high amount of energy contained in the seeds; 39.0 

MJ kg-1 for oil and 23.0 MJ kg-1 for protein (Fisher et al., 2014a), and the energetic cost of fixing 

nitrogen (Sinclair and Muchow, 1999). Comparing current efficiencies presented with theoretical 

maximum achievable, it is concluded that biomass production efficiency in most of the crops is 

roughly half of its theoretical maximum. Therefore, improvements in RUE of at least 40-50% are 

still theoretical attainable in most crops as previously reported by Reynolds et al. (2012a) using 

wheat as example. 

 

Achieving higher biomass production efficiency seems to be a reasonable strategy to improve grain 

yields since several studies point out the increase in total dry matter as the main driver for new 

high yielding cultivars in soybean (Balboa et al., 2018; Rowntree et al., 2014). Conceptually, 

increases in RUE could be reached through the modulation of the photosynthesis-respiration 

balance (Ainsworth et al., 2012; Fisher et al., 2014a; Long et al., 2006). Compared with 

photosynthesis, respiration is less studied (Cannell and Thornley, 2000), since it is considered that, 

this process is already optimized and therefore limited improvement through targeted selection for 

low respiration rates (Loomis and Amthor, 1999). Although the relationship between 

photosynthesis and RUE is curvilinear rather than linear (Sinclair and Muchow, 1999), the 

photosynthesis and its associate process seem to be the main target to optimize RUE. 

 

Even though extensive reviews about photosynthesis and its potential impact on productivity have 

been carried out (Ainsworth et al., 2012; Long et al., 2006; Melis, 2009; Reynolds et al., 2012a; 

Zhu et al., 2010), certain reluctance to focus in increased photosynthesis during the last decades is 
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reported (Zhu et al., 2010). This lack of interest is partially explained by a poor correlation between 

leaf photosynthetic rate and yield when different genotypes are compared (Long et al., 2006; 

Reynolds et al., 2000; Zhu et al., 2010). In addition, yield is usually more limited by the ability to 

use products of the photosynthesis also called sink capacity than by photosynthetic capacity per se 

(Long et al., 2006; Zhu et al., 2010). Potential improvement in photosynthesis must be 

accompanied with optimized transport, delivery and utilization of the carbon fixed (Ainsworth et 

al., 2012), which in the case of grains should also include sufficient formation of reproductive 

structure (pods, panicles, grain) to capitalize on the additional photosynthates (Long et al., 2006). 

 

Other potential sources with positive contribution on the conversion efficiency are the canopy 

modification to avoid photosaturation, decrease photorespiration, and reduce antenna size for 

capturing energy in the leaves (Long et al., 2006; Melis, 2009; Zhu et al., 2008). The theoretical 

effect of these modifications on photosynthesis and yield show, that for instance, doubling the 

specificity for CO2 in rubisco, the enzyme in charge of carbon reduction, might represent an 

increase on up to 20% in photosynthesis and up to ~40% in biomass (Reynolds et al., 2000; South 

et al., 2019). Rising the CO2 specificity of rubisco would also decrease the photorespiration, which 

accounts for ~30% of carbohydrate losses in C3 photosynthesis (Monteith, 1977; Taiz et al., 2014). 

Finally, minimizing or truncating the chlorophyll antenna size of the photosystems can improve 

up to 3-folds the photosynthetic solar energy conversion efficiency and productivity (Melis, 2009). 

1.3 Harvest Index 

The harvest index also called the reproductive effort indicates the amount of total biomass or 

energy allocated to the harvestable or economically important organ (Hay, 1995; Long et al., 2006; 

Reynolds et al., 2012a; Zhu et al., 2010). It is believed, the term ‘harvest index’ was firstly 

introduced by Donald (1962) referring to the ratio grain yield to biomass (biological yield) in wheat 

in Australia. Nevertheless, the use of this term did not become common in crop science until the 

late 1970s (Hay, 1995). The energy content in the harvested organ is a function of its composition; 

thus, non-oil grains contain between 17.5 MJ g-1 (Long et al., 2006) to 18.0 MJ g-1 (Zhu et al., 

2010), while oil-rich seeds as soybean can rise to 35–40 MJ g-1 (Zhu et al., 2010).  
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Measuring the harvest index in field is challenging, as achieving a strictly accurate determination 

is difficult due to frequent losses of dry matter between anthesis and maturity (Donald and Hamblin, 

1976; Hay, 1995). In soybean, leaf and petioles loss starts around V4 or V5 and slowly progress 

until become a rapid process shortly after R6 (full seed) ending in R8 (physiological maturity) 

when most of the leaves and petioles have fallen (Pedersen, 2009). Soybean canopy senescence 

along with the development of new organs such as pods and seeds reduce the relative contribution 

of leaves to the total dry matter from ~70% 20 days after emergence to ~10% in R6 stage (Pedersen 

and Lauer, 2004). Since having control on the fallen leaves is complex, especially when a large 

number of plots are evaluated, it is frequent to refer to the apparent harvest index (fallen leaves are 

not considered) instead of harvest index (Cui et al., 2008; Schapaugh and Wilcox, 1980). The clear 

definition of economic yield also plays a key role during the measurements, considering 

overestimation up to 20% in the grain yield occurs when lemma and palea, two structures which 

are not part of economic yield, are included in the HI estimation in rice (Hay, 1995). Likewise, a 

disparity in the “ground level” criteria is also a frequent source of error as it alters the sample 

length-weight changing the denominator for the HI (Holliday and Williams, 1969). When the 

criteria above mentioned are not standardized, the harvest index can become sample time 

dependable and susceptible to overestimations (Hay, 1995). 

 

The main advances in yield during the last decades are related to positive changes on HI and 𝜀𝑖 

(Evans, 1993; Evans et al., 1999; Reynolds et al., 2009; Zhu et al., 2010). Dwarfing of the stem 

and augmented seed set are considered the main factors underlying the increase in harvest index, 

while enhanced 𝜀𝑖 is the result of modern larger leafed or stay-green cultivars (Evans et al., 1999; 

Hay, 1995; Long et al., 2006; Reynolds et al., 2012b; Zhu et al., 2010). Although a negative 

relationship between 𝜀𝑖 and HI has been reported previously for soybean (Edwards et al., 2005), a 

recent study  using commercial cultivars released between 1923 and 2007 concluded a positive 

concurrent yearly increase of 0.11%-0.18% for apparent HI and 0.22 for Ei (Koester et al., 2014). 

Although it is thought getting HI greater than 0.6 in cultivated crops is unlikely (Long et al., 2006), 

in modern cultivars of soybean maximum values ~0.65 were determined (Koester et al., 2014). 

These results suggest that further research in this topic is still worthy given the potential 

contribution of the breeding process, but it also highlights the necessity of considering RUE and 

Ei as main targets for medium- and long-term yield improvements.  
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Given its simple but holistic approach, Monteith’s equation has been traditionally used to identify 

potential methods or strategies to promote yield advancement (Ainsworth et al., 2012; Loomis and 

Amthor, 1999; Reynolds et al., 2000; Zhu et al., 2008). However, the phenotypic variation and the 

genetic bases of the three efficiencies involved in the equation remain underexplored in the plant 

breeding context (Hay, 1995). This fact not only represents a lack of knowledge but also an 

opportunity through comprehensive studies to better understand physiological and genetic factors 

controlling these efficiencies and to contribute to the yield improvement. In this regard, Foulkes 

and Reynolds (2015) state that “increased understanding of the physiological processes underlying 

yield potential at the crop level of organization is required, to exploit key traits either directly in 

breeding or through contributing to the development and use of molecular markers for these 

quantitative complex traits.” Studies in soybean where parameters from the Monteith’s equation 

are determined and their genetic control explored can become an innovative and functional 

approach to bring together genetic and physiology into the plant breeding process. In addition, 

advances during the last decades about imagery capturing and processing, data analyzes, and new 

manned and unmanned platforms (Cabrera-Bosquet et al., 2016; Cao et al., 2016b; Chen et al., 

2015; Fahlgren et al., 2015; Tanger et al., 2017; Watanabe et al., 2017) represent an opportunity 

to overcome the phenotyping bottleneck for Ei, RUE, and HI allowing their capitalization through 

new optimized cultivars. 

1.4 Hypotheses 

This research is based on four hypotheses 

1. There is phenotypic variation for solar radiation interception efficiency (Ei), radiation use 

efficiency (RUE), and harvest index (HI) in soybean 

2. These variations can be determined and quantified using both: ground measurements and 

remote imagery 

3. The phenotypic variations are associated with regions on the soybean genome enabling to 

establish the genetic architecture for these traits 

4. Soybean yield can be explained from physiological and phenological variables using 

multivariate methods based on genetic correlations 
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1.5 Objectives 

1. To determine the phenotypic variation for the parameters solar radiation interception 

efficiency (Ei), radiation use efficiency (𝑅𝑈𝐸) and harvest index (HI) in soybean 

2. To establish the genetic architecture for Ei, 𝑅𝑈𝐸, and HI through genome wide association 

studies (GWAS) 

3. To develop multivariate models to better understanding the genetic relationship and 

contribution of physiological and phenological traits on Ei, RUE, HI, and the final grain 

yield 

4. To evaluate methodologies based on remote phenotyping and genomic information to 

estimate Ei, RUE, HI, and associated processes 
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2.2 Abstract 

Grain yield (GY) production can be expressed as the result of three main efficiencies: light 

interception (Ei), radiation use (RUE), and harvest index (HI). Although dissecting GY through 

these three efficiencies is not entirely new, there is a lack of knowledge about the phenotypic 

variation, the genetic architecture, and the relative contribution of these three efficiencies on GY 

in soybean. This knowledge gap along with their laborious phenotyping prevents the active 

consideration of these efficiencies into breeding programs. This study aims to reveal the 

phenotypic variation, heritability, genetic relationships, genetic architecture, and genomic 

prediction for Ei, RUE, and HI. We evaluated a maturity control panel of 383 Recombinant Inbred 

Lines (RILs) selected from the soybean Nested Association Mapping (SoyNAM) population. Dry 

matter ground measured along with canopy coverage (CC) from UAS imagery were collected in 

three environments. Light interception was modeled through a logistic curve using CC as a proxy. 

The total above ground biomass collected during the growing season and its respective cumulative 

light intercepted were used to derive RUE through linear models fitting. Additive-genetic 

correlations, genome wide association (GWA) and whole genome regressions (WGR) were 
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performed to evaluate the relationship between traits, their association with genomic regions, and 

the feasibility of predicting these efficiencies through genomic information. Correlation analyses 

considered three groups: the entire data set, the top 100, and the bottom 100 yielding RILs to 

determine association as a function of the GY. Our results revealed moderate to high phenotypic 

variation for Ei, RUE, and HI with ranges of 8.5%, 1.1 g MJ-1, and 0.2, respectively. Additive-

genetic correlation revealed a strong relationship of GY with HI and moderate with RUE and Ei 

when whole data set was considered, but negligible contribution of HI on GY when just the top 

100 was analyzed. The GWA analyses showed that Ei is associated with three SNPs; two of them 

located on chromosome 7 and one on chromosome 11 with no previous quantitative trait loci 

(QTLs) reported for these regions. RUE is associated with four SNPs on chromosomes 1, 7, 11, 

and 18. Some of these QTLs are novel, while others are previously documented for plant 

architecture and chlorophyll content. Two SNPs positioned on chromosome 13 and 15 with 

previous QTLs reported for plant height and seed set, weight and abortion were associated with 

HI. WGR showed high predictive ability for Ei, RUE, and HI with maximum correlation ranging 

between 0.75 to 0.80. Future improvements in GY can be expected through strategies prioritizing 

Ei for short-term results when using high yielding germplasm and RUE for medium-long term 

outcomes. This work is a pioneer attempt to integrate traditional physiological traits into the 

breeding process in the context of physiological breeding. 

2.3 Introduction 

Yield in cultivated crops can be expressed as a result of three main physiological processes: solar 

radiation interception by the canopy, solar radiation conversion into biomass, and harvest index 

(Monteith, 1972, 1977). The proportion of solar radiation intercepted also referred as the Ei is the 

result of genetic and agronomic factors. Canopy architecture including leaf angle, leaf size, and 

leaf area index (LAI) (Bai et al., 2016; Chavarria et al., 2017; Chen et al., 1994; Monteith, 1969), 

as well as pigment composition (Taiz et al., 2014; Vogelmann and Evans, 2002), and stay-green 

(Christopher et al., 2016; Hammer et al., 2014; Shi et al., 2016; Thomas and Ougham, 2014) are 

the main genetic properties influencing this efficiency. From the agronomic perspective, distance 

between plants, distance between rows (Andrade et al., 2002; Edwards et al., 2005; Shibles and 

Weber, 1966; Westgate et al., 1997), and nutrients and water supply (De Costa and 
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Shanmugathasan, 2002; Sandaña et al., 2012) are the factors primarily accounting for changes in 

light interception patterns. 

 

Solar radiation conversion or RUE is a function of the type of metabolism involved in the reduction 

and consumption of carbon through the processes of photosynthesis and respiration (Beadle and 

Long, 1985; Gosse et al., 1986; Liu et al., 2015; Loomis and Amthor, 1999; Reynolds et al., 2000; 

Sinclair and Muchow, 1999). Environmental offer, particularly light available and CO2 

concentration also influences RUE since their influence in carbon fixation and respiration (Asif et 

al., 2010; Dermody et al., 2008; Jamieson et al., 1995; Purcell et al., 2002; Quanqi et al., 2012; 

Sinclair et al., 1992; Sinclair and Horie, 1989; Stockle and Kiniry, 1990). In soybean, doubling the 

RUE is still possible, since the theoretical maximum was estimated to be 9.4% and current values 

range from 2.3 to 4.3% (Beadle et al., 1987; Long et al., 2006; Zhu et al., 2008, 2010). 

 

Finally, HI measures the reproductive effort and that is closely related to the sink-source 

relationship (Donald and Hamblin, 1976; Hay, 1995). It is considered that most crop yield gains 

achieved during the last six decades exploited direct or indirect improvements in HI or total 

biomass produced (Donald and Hamblin, 1976; Evans et al., 1999; Hay, 1995; Sadras and Lawson, 

2011). The role of HI in soybean GY is inconsistent, however negative changes have not been 

reported in HI for increasing GY (Balboa et al., 2018; Rowntree et al., 2014; Suhre et al., 2014). 

Although the influence of HI in yield improvement is widely accepted, future GY gains cannot rely 

solely on this parameter. Rather they must involve the enhancement of the other efficiencies, 

particularly RUE (Foulkes and Reynolds, 2014; Lindquist et al., 2005; Loomis and Amthor, 1999). 

It has been hypothesized the improvement on HI has a maximum theoretical estimated to be 0.60 

(Evans et al., 1980; Foulkes et al., 2011) offering an absolute gap to improve of at least ~10% in 

most crops (Foulkes et al., 2011). 

 

Soybean perspectives in the medium- and long- term are promising considering future demand for 

protein and oil for the rising human, animal, and fuel consumption (Alexandratos and Bruinsma, 

2012; Bao et al., 2015; Jaggard et al., 2010; Ray et al., 2013). Likewise, new projected demand in 

Africa that, is expected to turn soybean into a dominant crop given its nutritional profile, the 

unsatisfied demand (6.8 Mt imported for Sub-Saharan Africa), and the added oil production, 
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suggest an auspicious upcoming for this crop (Foyer et al., 2019; Gbegbelegbe et al., 2019; Khojely 

et al., 2018). However, this favorable scenario contrasts with the moderate grain yield gains 

obtained during the last decades calculated in 22-27 kg ha-1 yr-1 (Fox et al., 2013; Koester, 2014; 

USDA-ERS, 2011). This panorama where new demand exceeds the rate of increase in production 

represents an opportunity to explore new complementary strategies for yield improvement. 

 

Despite the known theoretical framework about the influence of Ei, RUE, and HI on final yield 

(Foulkes and Reynolds, 2014; Reynolds et al., 2000, 2012c), the phenotypic variation and the 

genetic architecture for these efficiencies in soybean is not well established limiting their active 

inclusion into breeding programs. Likewise, the relative contribution of each efficiency to the final 

grain yield and the genetic relationship among them are not quantified with potential implications 

in breeding processes including prioritization of traits, indirect selection or genetic drag. In this 

study, we aimed to overcome this knowledge gap quantifying the phenotypic variation for Ei, RUE, 

and HI in soybean through a set of field experiments involving 383 recombinant inbred lines (RILs) 

from the SoyNAM collection. In addition, we revealed the genetic architecture for Ei, RUE, and 

HI and their additive-genetic correlations with GY. Finally, the feasibility to implement genomic 

prediction-selection as a strategy to overcome the phenotyping bottleneck was also explored.  

2.4 Materials and Methods 

2.4.1 Plant Material and Field Design 

A set of 383 RIL coming from 32 families of the SoyNAM collection were evaluated in three 

environments during the years 2017 and 2018. These 32 families were also originally classified 

into three classes: high yielding (HY), high yielding under drought conditions (HYD), and diverse 

ancestry (DA). Information about the parents, complete description of crosses, and extra 

information is available in https://www.soybase.org/SoyNAM/ and Supplementary Table 1 and 2, 

respectively. The RILs’ selection criteria aligned with creating a panel with variation for yield 

(3,088– 4,396 kg ha-1) while constraining maturity to ±2 days (Supplementary Figure 1). Data 

were collected in two different location: the Purdue University Agronomy Center for Research and 

Education – ACRE (40°28'20.5"N 86°59'32.3"W) at West Lafayette, IN and Romney, IN 

(40°14'59.1"N 86°52'49.4"W) – RMN. In this study, the combination of location x year is 

https://www.soybase.org/SoyNAM/
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considered as environment: ACRE_2017, ACRE_2018, and RMN_2018. Field design 

corresponded to an alpha lattice incomplete block design, with two complete replications and 32 

incomplete blocks per replication. Six rows plots (0.76m x 3.35m) planted with a target population 

of 35 seed m-2 constituted the experimental unit. Plots with non-uniform emergence were discarded 

reducing the number of RILs to 322 for ACRE_2017 and 381 for RMN_2018. Experiment were 

planted on 5/30/2017, 5/22/2018/, and 5/17/2018 for ACRE_2017, ACRE_2018, and RMN_2018, 

respectively. No inoculation treatment to the seeds was implemented. Soil types for ACRE 

included Chalmers silty clay loam (Typic Endoaquolls) and Raub-Brenton complex (Aquic 

Argiudolls), while RMN corresponded to Drummer soils (Typic Endoaquolls) (NRCS, 2018). 

Adequate nutritional status during the growing season was ensured through the crop management, 

along with the high natural soil fertility confirmed through the soil analysis (Supplementary Table 

3). Mean precipitation reached 132, 130, and 91 mm/month for ACRE_2017, ACRE_2018, and 

RMN_2018, respectively (iClimate, 2019) whereas adequate water availability was confirmed 

through water balance for each location (Supplementary Tables 4-6). 

2.4.2 Traits Measurement 

Solar radiation interception measured as the fraction between the light on the bottom of the canopy 

compared with the top was estimated through the canopy coverage (CC) obtained from unmanned 

aircraft system (UAS) imagery. Canopy coverage as a proxy for light interception has been 

previously reported and validated in soybean for Kawasaki et al. (2016) and Purcell (2000). The 

plot extraction and canopy quantification were carried out through a multilayer approach where 

individual pictures for each plot rather than average orthomosaic were analyzed (Hearst, 2019) 

through the software Progeny® (Progeny Drone Inc., West Lafayette, IN). This approach uses all 

the pictures collected for each plot gaining accuracy and enabling to work with distribution for the 

canopy coverage rather than a single value. Flights were carried out between 11:00 am and 2:00 

pm in clear sky days to minimize solar angle and clouds effect during the plot extraction and 

canopy quantification. A fixed-wing UAS type eBee equipped with an S.O.D.A red-green-blue 

(RGB) camera (senseFly Parrot Group, Switzerland) was flown with a frequency of ~12 days. Six 

to eight flights per growing season were considered to model the canopy growth through logistic 

regression, equation 1, using the R software (R Core team, 2019) package ‘growthrates’ (Petzoldt, 

2018).  
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𝑦 =
𝑘 ∗ 𝑦0

𝑦0 + (𝑘 − 𝑦0) ∗ 𝑒𝑥𝑝−𝜇𝑚𝑎𝑥∗𝑡𝑖𝑚𝑒
 (1) 

 

Where y is canopy coverage, y0 is the minimum canopy coverage value measured, k corresponds 

to the maximum canopy value or load capacity, µmax is the maximum relative growth rate, and 

time indicates days after planting. 

 

The daily fraction of canopy coverage derived from the fitted logistic regression was multiplied 

by the daily PAR available (48.7% of total solar radiation) to determine the amount of light 

intercepted in plot-daily basis. Solar radiation data from weather stations located on site (ACRE) 

and less than one mile from the experimental field (RMN) were used (iClimate, 2019). Finally, the 

efficiency of light interception was calculated as the ratio between the cumulative PAR intercepted 

and the cumulative PAR available during the growing season. 

 

RUE was calculated as the slope of the linear regression between dry matter and cumulative PAR 

intercepted during the growing season. Dry matter accumulation was determined by sampling a 

linear section of 0.56 m in a row with perfect competition. The fresh biomass collected from each 

sampling site was dried at 80°C using a dry air system until constant weight. The final dry weight 

was registered through a precision balance NV1201 (Ohaus, Parsippany, NJ). Three full biomass 

sampling: ~38, 58, and 84 days after planting (DAP) were considered for both environments in 

2018, while just one full sampling when maximum biomass accumulation was achieved at 91 DAP 

was carried out in 2017. Then, RUE for ACRE_2017 corresponds to the simple ratio between 

biomass and cumulative solar radiation at 91 DAP. To avoid potential differences in dry matter 

associated with the number of plants sampled each time, biomass data per sampling were adjusted 

through a simple linear model involving RIL, environment, and replication as variables and 

number of plants as covariate. 

 

Apparent harvest index defined as the ratio between the dry matter in the seeds and the total dry 

matter above ground (Hay, 1995) was calculated at R8 growing stage (Fehr and Caviness, 1977) 

in a linear sample of 0.56 m of row. The above-ground biomass harvested was dried following the 

procedure already mentioned to obtain dry matter. Likewise, seed moisture was estimated using 
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the NIR equipment Perten DA 7200 (Perten Instruments Inc., Springfield, IL) and subsequently 

adjusted to zero moisture. 

 

Grain yield, in turn, was collected from two central rows for each field plot through a combine 

machine. Moisture in seed grain was determined using the NIR equipment Perten DA 7200. 

Contrary to HI, in this case the moisture was adjusted to 13% in all the cases and the grain yield 

extrapolated to hectare. Distribution for all the traits including the p-value for the Kolmogorov-

Smirnov test for normality is presented in the Supplementary Figure 2. 

2.4.3 Statistical Model and Data Analyses 

A mixed model through the R package ‘lme4’ (Bates et al., 2015a) was implemented to analyze 

collected field data. The statistical model included environment (combination of year x location), 

replication, block, and RIL as sources of variation. In addition, a spatial covariate f(x) accounting 

for field heterogeneity was considered. We computed this covariate f(x) as the average phenotypic 

value from the four closer surrounding plots (Lado et al., 2013) through the function NNsrc from 

the R ‘NAM’ package (Xavier et al., 2015). The model implemented corresponds to 

 

𝑌𝑖𝑗𝑘𝑙 = 𝜇 + 𝑓(𝑥) + 𝛼𝑖 + 𝛽𝑗(𝑖) + (𝛽𝛾)𝑗𝑘 + 𝛿𝑙 + 𝑒𝑖𝑗𝑘𝑙 (2), 

 

where 𝑌 is the vector of phenotypes measured in the ith environment, into the jth replication in the 

kth block for the lth RIL, 𝜇 is the intercept, f(x) controls the spatial heterogeneity within replications, 

𝛼 accounts for the effect of the environment, 𝛽 controls the effect of replication nested into the 

environment, 𝛽𝛾 corresponds to the interaction replication x block, 𝛿  accounts for the genetic 

effect, and 𝑒 controls the error. In this model, the spatial covariate and the RILs were treated as 

fixed effects, while the other sources of variation were considered as random where any random 

effectr ~ N(0, σ2
r), and 𝑒 ~ MVN(0, R). 

2.4.4 Genomic Information 

Founder parents from the SoyNAM collection were both genome sequenced and genotyped with 

the soySNP50K BeadChip (Song et al., 2013). Similarly, the entire SoyNAM collection was also 

genotyped with a SoyNAM6K BeadChip SNP with 5,305 SNPs specially design (Song et al., 
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2017b). The genomic information from both SNP BeadChip was combined to project the 

segregating markers from SoySNP50K onto the SoyNAM RILs using as a framework the mapped 

SoyNAM6K markers through the software finhap f90 (VanRaden et al., 2015). Positions in base 

pairs (bp) from ‘Williams 82’ reference genome (Wm82.a2.v1) were used. As a result of this 

process, 42,509 SNP markers were detected. After a quality control considering a minor allele 

frequency of 15% (MAF<0.15) (Jarquín et al., 2014; Xavier et al., 2016) our set was reduced to 

23,119 SNPs. The original allele frequency plot, as well as the representation of each RIL in the 

principal component plot, are presented in the Supplementary Figure 3. 

2.4.5 Association Analysis 

Genome wide association analyses were performed following a whole genome regression 

approach where all the SNPs (23,119) were incorporated simultaneously to the model preventing 

potential problems linked with multiple testing. The implemented model is as follow 

 

𝑦 = 𝑚𝑢 + 𝑋𝑏 + 𝑒 (3), 

 

where y is the response variable, mu is the intercept, X is the genotypic matrix, b is the regression 

coefficient or effect of an allele substitution, with d probability of being included into the model, 

and e is the residual term. In our case, Best Linear Unbiased Estimators (BLUEs) from the model 

(1) were considered as the response variable (y), rather than observed phenotypes (Möhring and 

Piepho, 2009; Rosyara et al., 2016). The association between markers and traits was evaluated 

using as threshold a p-value of 0.03. Since we implemented WGR approach, multiple testing 

correction was not needed. Circular Manhattan plots through the R package ‘CM-plot’ (LiLin-Yin, 

2018) are used to display the results. Potential candidates genes were explored using the window 

of linkage disequilibrium (LD) reported for each chromosome (Wen et al., 2015). 

2.4.6 Variance Components, Genetic Correlations, and Genomic Prediction 

Variance components were estimated from model (1) through the R package ‘lme4’ (Bates et al., 

2015a). However, in this case, RIL factor was treated as a random effect. Once variance 

components were estimated, the broad sense heritability in mean entry bases was calculated 

following the equation (4) 
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𝐻 =  
𝑉𝑔

𝑉𝑔 +
𝑉𝑒
𝑟

 (4) 

where H corresponds to broad sense heritability in mean entry bases, Vg is genetic variance, Ve 

corresponds to variance of error, and r is the number of replications. 

 

In addition, a multivariate mixed model (MMM) for standardized values using a Markov Chain 

Monte Carlo (MCMC) approach was implemented through the R package ‘MCMCglmm’ (Hadfield, 

2015) following the model presented in equation (2) with RIL as a random effect. In this model, 

we accounted for the additive-genetic effects through a relationship matrix calculated from the 

data set of SNPs. The function GRM from the ‘NAM’ package was used (Xavier et al., 2015). 

Genetic correlations among traits and narrow-sense heritability (h2) were calculated from the 

variance-covariance matrices produced after 50,000 iterations with 5,000 discards (burn in). Trace 

and multicollinearity among chains were inspected as quality checks for the model. Narrow-sense 

heritability was calculated following the formula showed in equation (5) 

 

ℎ2 =  
𝑉𝑎

𝑉𝑎 + 𝑉𝑒
 (5) 

 

where ℎ2  corresponds to narrow-sense heritability, Va is additive genetic variance and Ve 

corresponds to the variance of error. 

 

To establish the relationship among efficiencies for “high” and “low” yielding lines, we also 

performed the same multitrait analysis for two extra data sets created by the top 100 and bottom 

100 RILs selected by average grain yield over environments. In addition, a prioritized set of 5,000 

SNPs based on the criteria of highest -log p-value previously calculated in the GWA (Chang et al., 

2019; Shikha et al., 2017) was used to fit five different genomic prediction models via Markov 

Chain Monte Carlo. The models implemented corresponded to BayesA, BLASSO (BayesL), Bayes 

ridge regression (BayesRR), BayesCpi (de los Campos et al., 2013) and BayesDpi (Habier et al., 

2011). Five-fold cross-validation (80% training, 20% validation) was carried out through the 

function mcmcCV from the R package ‘bWGR’ (Xavier et al., 2018b). The procedure was 
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replicated five times for each trait and the correlation between predicted and observed breeding 

values in the validation set was annotated as predictive ability. 

2.5 Results 

2.5.1 Phenotypic Variation, Variance Components and Genetic Correlations  

Ei was found to have a mean value for the three locations of 50.7%, with minimum and maximum 

of 45.3% and 53.8%, respectively (Figure 2.1A). Families with HYD parents showed the highest 

average Ei with 51.4%, followed by DA and HY both with 50.7%. ACRE_2017 reached the highest 

mean interception with 56.3%, while its range varied between 52.2% and 59.3%. Contrarily, 

RMN_2018 experienced the lowest light intercepted with 44.6% as its mean value. The minimum 

and maximum for this environment were 39.1% and 50.2%, respectively. ACRE_2018, in turn, 

presented a mean interception value of 52.8% with minimum and maximum values of 48.1% and 

57.0%, respectively.  

 

Consolidated RUE for the three environments ranged between 1.87 and 3.01 g MJ-1, with a mean 

value of 2.40 g MJ-1 PAR (Figure 2.1B). HY families presented the highest mean RUE values with 

2.43 g MJ-1 followed by DA families with 2.40 g MJ-1, while HYD reported the lowest value with 

2.34 g MJ-1. Environments evaluated during 2018 experienced the highest mean RUE with 2.46 g 

MJ-1 PAR and 2.59 g MJ-1 PAR for ACRE_2018 and RMN_2018, respectively. ACRE_2018 

ranged between 1.91 g MJ-1 PAR and 3.05 g MJ-1 PAR, while minimum and maximum values for 

RMN_2018 were found in the order of 1.98 g MJ-1 PAR and 3.17 g MJ-1 PAR. ACRE_2017 

presented the lowest conversion efficiency with a minimum, mean, and maximum value of 1.48, 

2.04, and 2.54 g MJ-1 PAR, respectively. 

 

Apparent HI showed an overall mean of 0.39 with minimum of 0.28 and maximum values of 0.42 

(Figure 2.1C). HY families presented the highest HI with a mean value of 0.40, while DA and HYD 

families reported average values of 0.39 and 0.37, respectively. At the level of environment, the 

highest mean HI was obtained in ACRE_2017 with 0.44 followed by RMN_2018 and ACRE_2018 

with 0.38 and 0.36, respectively. Minimum and maximum values followed the same trend regard 
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environments with 0.33, 0.28, and 0.24 for minimum and 0.53, 0.49, and 0.48 for maximum in 

ACRE_2017, RMN_2018, and ACRE_2018, respectively. 

 

 

Figure 2.1. Phenotypic variation for light interception efficiency (A), radiation use efficiency 

(B), harvest index (C) and grain yield (D) grouped by family in a soybean maturity-controlled 

panel. Three hundred and eighty-three Recombinant Inbred Lines (RIL), 12 RILs per family, and 

three environments. Average over environments. Colors represent the type of population 

assigned to the parent when the SoyNAM panel was developed. Red circles denote the mean 

value, horizontal lines in the box indicate the median, dashed lines represent the minimum and 

maximum values, and empty circles correspond to outliers. 

 

GY was found to have an overall mean of 3,665 kg ha-1, while its minimum and maximum reached 

2,339 and 4,942 kg ha-1, respectively. Regarding the three classes of families considered, HY 

showed the highest average GY value with 3,846 kg ha-1 contrasting with HYD with 3,071 kg ha-

1. Mean value for DA families, in turn, reached 3,577 kg ha-1. ACRE_2017 was the location with 

the lowest mean GY with 3,178 kg ha-1, with minimum and maximum of 1,673 and 4,606 kg ha-1. 

The environment in 2018 presented similar performance with mean GY of 3,797 and 3,886 kg ha-

1 for ACRE_2018 and RMN_2018, respectively. Minimum values, in turn, corresponded to 2,474 
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and 2,505 kg ha-1, while maximum reached 5,160 and 5,342 for, in both cases, ACRE_2018 and 

RMN_2018. Significant statistical differences (p<0.01) among RILs, families, and classes (HY, 

HYD, DA) were found for all three efficiencies and grain yield. 

 

Heritability in mean entry basis was moderate to high (Table 2.1). Grain yield was found to have 

the highest value with 0.82, contrasting with radiation use efficiency, which reached a maximum 

of 0.34. RUE and HI presented values of 0.62 and 0.58, respectively. Additive-genetic effects 

accounted for 24.0 to 65.7% of the phenotypic variation when the whole data set was considered. 

RUE was the trait with less variance proportion explained followed by Ei and HI with 41.4 and 

48.0%. GY showed the highest narrow sense heritability (Table 2.1). When top and bottom data 

set were analyzed, changes in narrow sense heritability were obtained. While GY remained almost 

constant with 0.68 and 0.62 for top and bottom, Ei increased from 0.42 to 0.56 when top and 

bottom data set were considered. RUE, in turn, changed from 0.40 in the top 100 RIL top 0.25 in 

the bottom 100 RILs. HI showed the strongest changes shifting from 0.06 in the top data set to 

0.62 when bottom data set was analyzed. 

 

Table 2.1. Broad-sense heritability on plot basis (H) and narrow (h2) sense heritability for light 

interception efficiency (Ei), radiation use efficiency (RUE), harvest index (HI), and grain yield 

(GY) for three data sets: All, Top 100, and Bottom 100 in a maturity-controlled panel of soybean. 

Data set “All” includes three hundred and eight-three recombinant inbred lines RIL. Three 

environments in all the cases. 

Trait H - All h2 - All h2 - top 100 h2 - bottom 100 

Ei 0.62 0.41 0.42 0.56 

RUE 0.34 0.24 0.40 0.25 

HI 0.58 0.48 0.06 0.62 

GY 0.82 0.66 0.68 0.62 

 

When the whole data set was considered, a significant positive additive-genetic correlation 

between grain yield and all the three efficiencies were found, with particular strong relationship 

with HI and RUE (Table 2.2). In contrast, a negative correlation between radiation use efficiency 

and fraction of light intercepted was established. Among high yielding lines, grain yield showed a 

positive additive-genetic correlation with Ei and RUE but null influence of HI. Negative 

correlation between RUE and HI was determined for this group. When the bottom 100 RILs were 
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considered, positive correlation between RUE and HI with GY was found. Likewise, HI is 

positively correlated with Ei and RUE. 

 

Table 2.2. Additive-genetic correlations for light interception efficiency (Ei), radiation use 

efficiency (RUE), harvest index (HI), and grain yield (GY) for three data sets: All, Top 100, and 

Bottom 100 in a maturity-controlled panel of soybean. Data set “All” includes three hundred and 

eight-three recombinant inbred lines RIL. Three environments in all the cases. 

Data set Trait Ei RUE HI GY 

All 

Ei 1.00    

RUE -0.12 1.00   

HI 0.11 0.23 1.00  

GY 0.20 0.40 0.79 1.00 

Top 100 

Ei 1.00    

RUE -0.27 1.00   

HI 0.57 -0.62 1.00  

GY 0.41 0.21 -0.01 1.00 

Bottom 

100 

Ei 1.00    

RUE 0.20 1.00   

HI 0.83 0.65 1.00  

GY -0.06 0.59 0.45 1.00 

 

2.5.2 Association Analysis and Genomic Prediction 

Regions in the genome potentially associated with Ei, RUE, and HI were identified through a 

genome-wide association following the whole-genome regression approach (Table 2.3). The 

efficiency of light interception was associated with two SNPs on chromosome 7, one SNP on 

chromosome 11, and another on chromosome 13 (Figure 2.2A). Radiation use efficiency showed 

association with four SNPs located on chromosomes 1, 7, 11, and 18, respectively (Figure 2.2B). 

SNPs found on chromosome 7 for Ei and RUE are not located on the same linkage disequilibrium 

block. Harvest index, in turn, was associated with two SNPs; the first on the chromosome 13 and 

the second on chromosome 15 (Figure 2.2C). Once again, SNPs located on chromosome 13 for Ei 

and HI do not share a linkage disequilibrium block. Although grain yield was also analyzed 

following the same approach, we did not identify specific SNPs potentially associated with the 

trait at the threshold chosen for this study (Figure 2.2D). 
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Tables 2.3. Significant single nucleotide polymorphism (SNP) associated with for light 

interception efficiency (Ei), radiation use efficiency (RUE), and harvest index (HI) in a maturity-

controlled panel of soybean. 

Trait SNP Chromosome Position p-value LD Kbp 

Ei 

13_24980935_T_G 13 24980935 0.018 311 

7_22817668_G_A 7 22817668 0.029 235 

11_37345229_G_A 11 37345229 0.030 176 

7_13739807_C_T 7 13739807 0.030 235 

RUE 

11_6047451_G_T 11 6047451 0.010 176 

7_8112122_C_T 7 8112122 0.028 235 

1_35840821_A_G 1 35840821 0.028 226 

18_9127154_T_C 18 9127154 0.030 375 

HI 
15_7834108_C_T 15 7834108 0.007 305 

13_1743515_G_A 13 1743515 0.028 311 

p-value: probability of the SNP being included in the model, LD: linkage disequilibrium 

 

Genomic prediction models showed high predictive ability for all three efficiencies with maximum 

correlation between predicted and observed breeding values ranging between 0.55 and 0.80 

depending on the implemented model (Figure 2.3). Regardless the trait considered, BayesRR and 

BayesCpi consistently overperformed the other fitted models, contrasting with BayesDpi which 

showed the lowest predictive ability. Maximum correlation values of 0.76, 0.80, and 0.75 were 

determined for Ei, RUE, and HI, respectively. 
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Figure 2.2. Genetic architecture for light interception efficiency (A), radiation use efficiency (B), 

harvest index (C) and grain yield (D) in a maturity-controlled soybean panel. Three hundred and 

eighty-three Recombinant Inbred Lines (RIL) and three environments. The number outside the 

circle indicate the chromosome, the red dashed circle represents the threshold expressed as -log 

p-value, and red dots correspond to the significant SNPs. 

2.6 Discussion 

The efficiency of light interception denotes the amount of solar radiation intercepted with regard 

to the total available during the growing season. A linear relationship between the cumulative solar 

radiation intercepted and the total standing dry matter is reported for crops in general (Ceotto et 

al., 2013; Gosse et al., 1986; Monteith, 1977, 1994; Sinclair and Muchow, 1999) and soybean in 

particular (Muchow et al., 1993; Shibles and Weber, 1966). Patterns in the light interception in 
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soybean have changed during the last decades; new cultivars show an improved ability to capture 

light mainly during the reproductive period (Koester et al., 2014) and light intercepted through 

branches conducts to more seeds especially under low density (Suhre et al., 2014). The values of 

Ei we determined (Figure 2.1A) agree with the range of 40-70% previously reported in soybean 

(Edwards et al., 2005; Koester et al., 2014). Although phenotypic variation evaluated on an 

environment basis did not experience a wide variation with a maximum range of ~11%, our results 

indicate that in average 50% of the seasonal solar radiation available is not effectively captured by 

the canopy (Figure 2.1A). This large proportion of a free resource remaining uncaptured shows an 

opportunity to capitalize on this trait through agronomic and breeding strategies. From the 

agronomic side, practices contributing to faster canopy closure are key, considering we required 

at least 60 DAP to achieve full light interception. Plant population referred to distance between 

plants and particularly row spacing has been well documented as an effective approach to increase 

Ei (Edwards et al., 2005; Liu et al., 2018; Singer, 2001; Wells et al., 2010) followed by irrigation, 

plant nutrition, planting date, and soil management (Li et al., 2008; Muchow et al., 1993; Sandaña 

et al., 2012; Sinclair and Muchow, 1999).  

 

From the breeding perspective, our results suggest feasibility on breeding for Ei supported by its 

moderate to high h2 and its relationship with GY. Improvements in Ei are key to achieve better GY 

especially in high yielding materials, whereas their improvement in low yielding material seems 

not to be crucial (Table 2.2) since their canopies are frequently wider and taller to capture light 

effectively. Augmented light interception especially during the reproductive period is reported as 

a positive contributor for higher grain yield in new soybean cultivars (Koester et al., 2014). The 

connection between plant architecture and yield components in soybean had been previously 

established by Zhang et al. (2015) through an association analysis. Their findings of significant 

association of canopy architecture and yield components agree with the positive significant 

additive-genetic correlation documented here. However, none of the four SNPs associated with 

changes in the soybean architecture reported by the authors overlap with the four SNPs we 

identified. In our results, the SNP with higher -log p-value of association corresponds to a 

polymorphism located on chromosome 13 (Figure 2.2A) where a previous quantitative trait locus 

(QTL) for plant height is reported (Li et al., 2010a). Several gene models are also documented for 

this linkage block covering putative genes as Glyma13g21700 a gene associated with the 
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cytochrome P450 (iron ion binding), Glyma13g21540 a fructose-bisphosphate aldolase, and heat 

stress transcriptional factors (Grant et al., 2010). The SNP located on chromosome 7 (Figure 2.2A)  

called 7_13739807_C_T appears in a euchromatic region (Song et al., 2016) where 29 gene models 

have been proposed including genes associated with photosynthesis (Glyma07g14227) and iron 

binding-cytochrome P450 (Grant et al., 2010). Although the second SNP on the chromosome 7 

(7_22817668_G_A) is placed on a heterochromatic region (Song et al., 2016), five gene models 

were found in this linkage block encompassing nucleic acid binding and phosphate synthase (Grant 

et al., 2010). The last association is placed on the chromosome 11 (Figure 2.2A) in a linkage block 

rich in genes with up to 51 models reported including mainly proteins linked with carbon 

metabolisms such as sucrose synthase, phosphate decarboxylase, cytochrome, and glutamine 

synthetase (Grant et al., 2010). No QTLs had been previously reported for the linkage blocks on 

chromosomes 7 and 11; thus, our results correspond to the first report for these regions. Previous 

reports evaluating average canopy coverage, a property influencing light interception, documented 

association with this trait on the chromosomes 1, 5, 6, 9, 10 and mainly 19 (Xavier et al., 2017b). 

The lack of overlap between the QTLs we determined, and those QTLs previously reported might 

be a result of changes in the population conformation and the methodology implemented since we 

integrated light interception for whole the cycle while Xavier et al. (2017) focused on the first 60 

DAP. Although marker-assisted selection and allele pyramiding have been proposed as strategies 

to improve canopy efficiency (Zhang et al., 2015), our results show the feasibility of implementing 

genomic prediction as a valuable methodology to optimized light canopy interception. 

 

Radiation use efficiency or conversion efficiency indicates the amount of dry matter above ground 

produced for each unit of solar radiation (total or PAR) effectively intercepted (Sinclair and 

Muchow, 1999). We determined mean RUE value (Figure 2.1B) either equal or slightly higher 

than those previously reported for soybean (Adeboye et al., 2016a; Muchow et al., 1993; Purcell 

et al., 2002; Sinclair and Horie, 1989; Sinclair and Muchow, 1999; Singer et al., 2011). Even when 

our panel included three classes of diversity: HY, HYD, and DA, the values we calculated remain 

still far from the maximum theoretical of 5.8 g MJ-1 PAR (Fisher et al., 2014a; Long et al., 2006; 

Melis, 2009; Zhu et al., 2010). In the context of future improvement, our results present two types 

of potential gains in RUE to be considered: the first corresponds to closing the gap between the 

mean and the maximum calculated estimated to be ~25% and the second, more hypothetical, since 
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it implies closing the gap between the current mean and the theoretical maximum estimated in 

~100% (doubling). Improving RUE might have a positive effect not only in GY as suggested by 

the positive genetic correlation found for all the three data sets we analyzed (Table 2.2) but also in 

the total biomass production. In this regard, studies involving historical panels point out the rise in 

the total dry matter as the main factor accounting for changes in GY (Balboa et al., 2018; Rowntree 

et al., 2014). Population with initial low yielding performance might show faster contribution of 

RUE improvements on GY but RUE improvements in high yielding material is also expected to 

have positive results on GY (Table 2.2). 

 

However, achieving important progress in RUE is challenging as its physiological mechanism and 

genetic control are not fully understood (Reynolds et al., 2000). In this last aspect, this study 

pioneers the determination of the genetic architecture and contributes with four SNPs associated 

with this efficiency (Figure 2.2B). The SNP with the highest significant association we detected is 

located on chromosome 11. Based on its location, it is hypothesized this SNP is associated with 

the putative gene model Glyma11g08300 encoding for senescence proteins which directly 

influence the canopy duration (Grant et al., 2010). QTLs for plant height (Chen et al., 2007; Sun 

et al., 2006), seed weight (Chen et al., 2007; Gai et al., 2007; Wang et al., 2004; Zhang et al., 2004), 

branching and node number (Chen et al., 2007) are also documented for this region. The SNP on 

chromosome 7, in turn, is located on a linkage block with 30 putative gene models (Grant et al., 

2010) linked with protein kinases, oxidoreductase activity, transmembrane transport, late 

embryogenesis abundant protein, and metal ion-binding. QTLs for processes influencing biomass 

production and distribution such as internode length (Josie et al., 2007), leaflet chlorophyll (Li et 

al., 2010b), and pods per node (Gai et al., 2007) are also reported for this region. Although the 

SNP on chromosome 1 (Figure 2.2B) is placed on a heterochromatic region (Song et al., 2016), 21 

genes models mainly associated with iron ion binding (cytochrome P450), and oxidoreductase 

activity were found for this linkage block (Grant et al., 2010). Finally, the SNP on the chromosome 

18 (Figure 2.2B) is located on a linkage block with a total of 36 genes models primary associated 

with ADP binding, protein transporter, methyl transferase activity, and GTPase activity. 

 

Although a nonlinear relationship between RUE and GY has been previously documented (Sinclair 

et al., 2004), our results show a moderate linear genetic correlation between these traits (Table 2.2). 
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This finding aligns with the fact that higher RUE during the filling period is consistently reported 

as a mechanism for yield improvement in cereals and legumes (Board and Harville, 1998; Foulkes 

and Reynolds, 2014; Jiang and Egli, 1995; Reynolds et al., 2001; Takai et al., 2006; Zhu et al., 

2016). Though the low narrow sense heritability for RUE might suggest modest gains through 

traditional breeding (Table 2.1), the positive additive-genetic correlation supports the hypothesis 

of breeding for RUE as a viable approach to improve yield potential (Foulkes and Reynolds, 2014; 

Reynolds et al., 2001). This hypothesis is also supported by the trend among classes (Figure 2.1) 

where families classified as HY with high average RUE reported also the highest GY. In addition, 

the low h2 points out a potential explanation for the limited progress in RUE improvement during 

the last decades as reported by Payne et al. (2012), Reynolds et al. (2000), and Luque et al. (2006). 

 

Several strategies to improve RUE and indirectly GY have been attempted or theoretically explored, 

including biochemical modifications in the enzyme Rubisco which is the most common. Sinclair 

et al. (2004b), for instance, simulated the effect of ~40% increase in Rubisco content in soybean 

concluding that without parallel nitrogen metabolism improvement this strategy might decrease 

GY rather than promote. Doubling the specificity of Rubisco was also considered in wheat by 

Austin (1999) with maximum theoretical increases in photosynthesis not beyond 20%. Other 

strategies including selecting for higher photosynthesis under light saturation have demonstrated 

limited influence on RUE, suggesting that improvements at low light intensities might be more 

appropriate (Reynolds et al., 2000). Although individual biochemical enhancements seem to have 

limited effect, recently Wu et al. (2019) through a cross-scale model proposed a parallel increase 

of Rubisco activity, electron transport, and mesophyll conductance as a viable approach to increase 

RUE and yield in wheat. 

 

Improving the leaf angle (Reynolds et al., 2000), reducing the antenna size (Long et al., 2015), and 

reengineering the Calvin-Benson cycle (Simkin et al., 2019) have been proposed as effective 

strategies to improve RUE. Leaf angle targets upright leave to achieve erectophile canopies with 

reduced supra-saturation on top and better light distribution throughout all the leaves (Duncan, 

1971; Duvick, 2005). Reducing the number of chlorophyll molecules capturing light energy to 

feed the photosystems, also called antenna size, would avoid trapping extra energy that saturates 

the photosystems since it is dissipated as heat and fluorescence rather than electrons transport (Ort 
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et al., 2011). When nitrogen is optimal allocated, changes in antenna size may increase canopy 

photosynthesis up to 30% (Song et al., 2017a). Finally, although the mechanism is not well 

understood, manipulating Calvin-Benson cycle particularly through the overexpression of 

sedoheptulose-1,7-bisphosphatase has shown positive effects in both biomass production and 

carbon assimilation in Arabidopsis (Simkin et al., 2017), tobacco (Lefebvre et al., 2005; Simkin et 

al., 2015) and tomato (Ding et al., 2016). 

 

Given its complexity, maximizing the genetic gain of RUE needs to consider the implementation 

of better crop phenotyping (Furbank et al., 2019) and methodologies as genomic prediction-

selection (Crossa et al., 2017). In this last topic, our results present the application of genomic 

prediction especially under the ridge regression approach as a viable tool to make progress in 

breeding for higher RUE while reducing the requirements of field phenotyping (Figure 2.3). 

 

 

Figure 2.3. Genomic prediction performance based on five-fold cross-validation of Markov 

Chain Monte Carlo (MCMC) methods for light interception efficiency, radiation use efficiency, 

and harvest index in a maturity-controlled soybean panel. Three hundred and eighty-three 

Recombinant Inbred Lines (RIL) and three environments. 
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Harvest index is a measurement of reproductive effort since it indicates the proportion of total dry 

matter above ground allocated to reproductive or economically important organs (Hay, 1995). The 

mean HI we determined here is either in the range or slightly lower than other reports in soybean 

(Adeboye et al., 2016a; De Bruin and Pedersen, 2009; De Costa and Shanmugathasan, 2002; 

Edwards et al., 2005). Differences for the full data set analysis (Figure 2.1C) with previous reports 

are explained by the fact that our population involves recombinant inbred lines rather than 

commercial cultivar. Although improvement in HI beyond 0.6 seems unlikely (Evans et al., 1980; 

Foulkes et al., 2011) and undesirable due the risk of lodging (Berry et al., 2007; Foulkes et al., 

2011), our results show a scope to rise this trait at least in ~35% to achieve 0.50-0.55 which is the 

current range reported for maize, wheat, and rice (Foulkes and Reynolds, 2014; Sadras and Lawson, 

2011).Successful cases about yield increase through HI are reported for corn (Luque et al., 2006), 

wheat (Reynolds et al., 2001), and rice (Zhu et al., 2016), being these last two primarily associated 

with dwarfing after the green revolution (Evans et al., 1999). In soybean, conclusions about 

changes in HI and its contribution to final GY during the last decades are mixed. While Balboa et 

al. (2018) determined the total biomass produced rather than HI as the main factor accounting for 

increases in GY from 1922 to 2015, Rowntree et al. (2014) report HI along with total dry matter 

as the primary drivers for better GY in cultivars released from 1923 to 2008. Non-significant 

changes in soybean HI during the time also agrees with reports from Frederick et al. (1991) and 

De Bruin and Pedersen (2009), while a positive relationship between HI and year of release found 

by Kumudini et al. (2001) add more uncertainty to this topic.  

 

When the whole data set was considered, HI is the main efficiency influencing GY according to 

the additive-genetic correlations (Table 2.2). Although this trend is followed for low yielding lines, 

this trend was not remained when only top yielding RILs were analyzed (Table 2.2). Lack of 

variation for HI in high yielding lines is likely associated with its null correlation with GY. This 

assumption is supported by the low narrow sense heritability showed by HI in this group (Table 

2.1). This result also reinforces the optimization of Ei and RUE as a priority to achieve higher 

yielding in future soybean cultivars. Positive correlation found in all the data set and the low 

yielding RILs not only agrees with early reports about proportionality between HI and GY (Donald 

and Hamblin, 1976) but also explains why HI has been the recurrent trait directly or indirectly 

improved through breeding during the last decades (Fisher et al., 2014b; Hay, 1995; Koester, 2014; 
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Luque et al., 2006; Reynolds et al., 2012a). These changes in HI might have been facilitated by 

the high narrow-sense heritability on low yielding lines (Table 2.1) available some decades ago, 

which ensured moderate to high genetic gains. 

 

As it was already mentioned, reports in other crops highlight reductions in height as a major driver 

for increased HI; however, enlarged sink sizes through a greater number of spikelets per panicle 

and photosynthesis in the flag leaf are also a key contributor in rice and wheat (Carmo-Silva et al., 

2017; Zhu et al., 2016). Recently, a positive significant genetic correlation between photosynthesis 

during the early filling period (R5) and grain yield in soybean was demonstrated (Lopez et al., 

2019). While changes in HI during the time in soybean are unclear, studies involving historical 

panels suggest shifts in parameters linked to the sink-source relationship such as the number of 

pods in branches (Suhre et al., 2014) and extended seed-filling and reproductive period (Rowntree 

et al., 2014). Altering sink-source relationship in soybean to favor sink strength appears as an 

alternative to impact HI and GY considering new cultivars under no stress conditions seem to be 

sink limited (Ainsworth et al., 2012; Egli and Bruening, 2001; Liu et al., 2006). Parallel to sink 

strength changes, improvements in the long-distance transport particularly during the pre-storage 

phase (R3-R6) are also proposed to move the surplus of carbohydrates into new sources (Ainsworth 

et al., 2012; Borrás et al., 2004). 

 

Closing the gap between the current and the maximum attainable HI seems feasibly only if this 

efficiency is actively considered into the breeding processes. To start this integration, this study 

presents the genetic architecture and genomic prediction for harvest index (Figure 2.2C). The GWA 

analysis revealed two SNPs associated with this trait. The first SNP corresponds to the 

polymorphism with highest -log p-value and is placed on the chromosome 15 in a region where 

up to 51 gene models involving primarily with energy production such as protein kinases and ATP 

binding were documented (Grant et al., 2010). The second SNP, in turn, is located on a region 

where QTLs for seed abortion, seed set, seed weight, and plant height have been already reported 

(Kato et al., 2014; Tischner et al., 2003; Yao et al., 2015). Likewise, in this region, up to 29 gene 

models are documented encompassing nucleic acid, RNA, and protein binding, hydrolase activity, 

transmembrane transport, and electron carrier activity (Grant et al., 2010). Finally, the high 
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predictive abilities calculated for HI from genomic models suggest the implementation of this 

methodology as a viable tool for breeding purposes (Figure 2.3). 

2.7 Conclusions 

Improvement in grain yield through breeding for Ei, RUE, and HI is feasible considering the 

phenotypic variation, genetic correlation and heritability found in this study. Enhancements in 

RUE and Ei must be considered for long-term goals since both the gap between the current mean 

and the maximum documented here and the current mean and the theoretical maximum remain 

quite large. Working on optimizing the HI to close the gap between current and maximum 

achievable values is useful but it is possible the contribution of this optimized parameter is not as 

high as expected particularly when breeding using high yielding germplasm. Low yield in soybean 

is genetically associated with reduced capability to transform solar energy into biomass and poor 

reproductive effort rather than limited ability to capture solar radiation. Although breeding for 

these three efficiencies seems challenging as their tedious phenotyping and relatively low 

heritability in the case of RUE, the implementation of methodologies relying not exclusively, but 

primarily on genomic seems to be a suitable approach to address the improvement for Ei, RUE, 

and HI. 
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3.2 Abstract 

Photosynthesis (A), transpiration (E), water use efficiency (WUE), and stomatal conductance (gs) 

are physiological traits directly influencing biomass production, conversion efficiency, and grain 

yield. Though the influence of physiological process on yield is widely known, studies assessing 

improvement strategies are rare due to laborious phenotyping and specialized equipment needs. 

This is one of the first studies to assess the genetic architecture underlying these traits, as well as 

to evaluate the feasibility of implementing genomic prediction. A panel of 384 soybean 

recombinant inbred lines were evaluated in a multi-environment yield trial that included 

measurements of A, E, WUE, and gs, using an infrared gas analyzer during R4-R5 growth stages. 

Genetic variability was found to support the possibility of genetic improvement through breeding. 

High genetic correlation to grain yield (GY) was observed for A (0.87) and E (0.67), suggesting 

increases in GY can be achieved through the improvement of A or E. Genome-wide association 

analysis revealed quantitative trait loci (QTLs) for all physiological traits. Cross-validation studies 

indicated high predictive ability (>0.65) for the implementation of genomic prediction as a viable 

https://doi.org/10.3389/fpls.2019.00680
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strategy to improve physiological efficiency while reducing field phenotyping. This work provides 

core knowledge to develop new soybean cultivars with enhanced gas exchange through 

conventional breeding and genomic techniques. 

3.3 Introduction 

Since the early 1900s, soybean yields have increased steadily (Hartwig, 1973, Specht et al., 1999, 

Suhre et al., 2014) and the rate of annual increases is estimated as 22-27 kg ha-1 yr-1 (Fox et al., 

2013; Koester, 2014; Specht et al., 1999; USDA-ERS, 2011). Considering the gap between the 

current and the maximum efficiency of light conversion into biomass (Melis, 2009; Zhu et al., 

2010), a higher rate of gain may be achievable. Doubling the efficiency of converting solar 

radiation into biomass is still theoretically possible for soybean, as current values of radiation use 

efficiency range from 2.3 to 4.3% and the theoretical maximum was estimated to be 9.4% (Beadle 

et al., 1987; Zhu et al., 2010). Improving the conversion of solar radiation into biomass and yield 

requires the optimization of physiological and biochemical processes linked to CO2 uptake and 

reduction, water loss, CO2 uptake - water lost relationship, and nitrogen assimilation. Some of 

these correspond to the gas exchange dynamic, specifically photosynthesis, transpiration and water 

use efficiency. Although a positive correlation between photosynthesis and yield is not always 

observed (Long et al. 2006), a positive correlation between yield and photosynthesis has been 

observed in soybean (Ainsworth et al., 2012). Likewise, higher photosynthetic rates and improved 

physiological traits associated with gas exchange contributed to high yielding rice (Ohsumi et al., 

2007; Peng et al., 2008), maize (Duvick, 2005; Tollenaar, 1991) and wheat (Fischer et al., 1998; 

Xiao et al., 2012).  

 

Although gas exchange parameters in soybean are well-documented using small panels (Bruns, 

2014; Gai et al., 2017; Li et al., 2017; Slattery et al., 2017), studies of larger panels are needed to 

make genetic inferences. In this study, gas exchange as valuable parameter for breeding purposes 

in soybean is explored through a set of field experiments where a relatively large and diverse panel 

was evaluated. This research focuses on determining the natural diversity of A, E, WUE, and gs in 

soybean. Likewise, the genetic architecture of these traits is revealed through a genome wide 

association approach. Finally, the viability of implementing genomic prediction is assessed. 
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3.4 Materials and Methods 

3.4.1 Plant Materials 

In this study, 384 recombinant inbred lines (RIL) from 32 families (12 RILs per family) coming 

from a subset of the Soybean Nested Association Mapping (SoyNAM) panel (Diers et al., 2018; 

Xavier et al., 2018a) were assessed. Lines were selected with the goal of creating a panel 

constrained for senescence and maturity while retaining phenotypic variance for yield and other 

traits. Selection of the RILs was based on Best Linear Unbiased Prediction (BLUP) for maturity, 

measured as the number of days from planting to physiological maturity, corresponding to soybean 

growth stage R8 (Fehr and Caviness, 1977), and grain yield calculated from field experiments from 

Indiana and Illinois during the years 2011 and 2014 (Xavier, 2016). The RILs selected for the 

panel were in the maturity range of ±2 days while the yield varied from 3,088 to 4,396kg ha-1 

(Supplementary Figure 1). The panel includes lines from three classes of families: 16 from elite 

parents, 12 with diverse pedigrees, and four high-yielding under drought conditions 

(Supplementary Table 1). The NAM hub parent for the families is cultivar IA3023. The details 

about families are available in SoyBase through the website (www.soybase.org/SoyNAM) and the 

full list of RILs is also presented here in Supplementary Table 2. 

3.4.2 Field Design 

Experiments were grown in one location in 2017 and two locations in 2018. An alpha lattice 

incomplete block design with 384 RILs, two complete replications and 32 incomplete blocks per 

replication was planted at the Purdue University Agronomy Center for Research and Education - 

ACRE (40°28'20.5"N 86°59'32.3"W) in 2017 (ACRE_2017). Experimental units corresponded to 

six rows plots (0.76m x 3.35m) with a seeding rate of 35 seeds m-2. In 2017, 66 RILs were 

discarded as consequence of non-uniform emergence. In 2018, the same experimental design was 

planted in two locations: ACRE (ACRE_2018) and Romney, IN (40°14'59.1"N 86°52'49.4"W) 

(RMN_2018), with data collected from 382 and 368 RILs, respectively. Soil types included 

Chalmers silty clay loam (Typic Endoaquolls ) and Raub-Brenton complex (Aquic Argiudolls) for 

ACRE and Drummer soils (Typic Endoaquolls) for Romney (NRCS, 2018). Mean precipitation 

reached 132, 130, and 91 mm/month for ACRE_2017, ACRE_2018, and RMN_2018, respectively 

(iClimate, 2019). 

http://www.soybase.org/SoyNAM
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3.4.3 Field Phenotyping 

Gas exchange is a biological process influenced by several environmental factors including 

photosynthetic active radiation (PAR), CO2 concentration, water and nitrogen status, and 

temperature (Taiz et al., 2014). To account for most of these sources of variation and obtain 

comparable measurement from all plots, a highly controlled gas exchange protocol was 

implemented using a portable photosynthesis system (LI-COR 6400XT, LI-COR, Lincoln, NE). 

An initial light response survey using the rapid protocol proposed by LI-COR (LI-COR Inc., 2012b) 

was carried out in random plots to establish the amount of PAR required to get stable, constant flat 

assimilation rates (Supplementary Figure 4). The consistency of this PAR value (1,600 μmol 

photons m-2 s-1) was confirmed in the different random selected cultivars and subsequently set as 

constant for the measurements. The LED light source within the 6 cm2 chamber was used. To 

control other variables affecting the gas exchange, CO2 concentration and temperature were also 

set as constant at 400 μmol mol-1 and 25°C. The relative humidity was restricted to 75±10%. To 

avoid non-adapted reading as consequence of significant differences between the external 

environment and the chamber, each leaf was previously adapted for at least three minutes or until 

getting stable readings. Outlier determination following the criterion 1.5 x interquantile range (IQR) 

were carried out and atypical values caused by non-adapted leaves were eliminated. Normality in 

the data set was confirmed through histograms (Supplementary Figure 5). 

 

The gas exchange parameters were measured before the seed filling phenological period, from late 

R4 and early R5 (Fehr and Caviness, 1977), in the third uppermost fully developed leaf, in three 

representative plants from each experimental unit from a complete block. This specific 

phenological stage was selected based on literature reports of maximum rates of crop 

photosynthesis, crop growth and pod production (Board and Kahlon, 2011; Egli and Bruening, 

2002). In addition, natural or induced variation in the photosynthetic rate during this period directly 

influences  the yield components number of pods and number of seeds (Egli, 2010). Four portable 

photosynthesis systems with previously-calibrated equal configurations were used in daily 

sampling protocol spanning approximately seven hours (10:00h-5:00h). Sampling occurred over a 

period of less than six days at each location. Negligible influence of diurnal time on the readings 

were confirmed plotting the reading versus daily time (Supplementary Figure 6). This protocol 

evaluates the maximum photosynthetic capability and their associated transpiration, stomatal 
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conductance, and water use efficiency under comparable conditions. Finally, the rows four and 

five of each plot were mechanically harvested and weighted for yield determination. Moisture for 

grain yield was standardized to 13% and extrapolated to hectare. 

3.4.4 Genomic Information 

The complete SoyNAM panel was genotyped through an illumina soybean array designed 

specifically for the NAM population, the SoyNAM6K BeadChip SNP, with 5,305 single 

nucleotide polymorphism (SNP) markers (Song et al., 2017b). These markers were originally 

identified using the genome sequences of the founder parents (41). Besides genome sequence, the 

SoyNAM founders parents were also evaluated with the soySNP50K Beadchip (Song et al., 2013) 

detecting 42,509 single nucleotide polymorphism (SNP) markers. Using the framework of the 

mapped SoyNAM6K markers and the software finhap f90 (VanRaden et al., 2015), the segregating 

SoySNP50K markers were projected onto the SoyNAM RILs. ‘Williams 82’ reference genome 

(Wm82.a2.v1) positions in pair bases (pb) were used. Quality control for minor allele frequency 

(MAF<0.15) (Jarquín et al., 2014; Xavier et al., 2016) was performed in the projected SNPs data 

set ending up with 23,119 SNPs, which are used as genotypic information. The original allele 

frequency plot as well as the representation of each RIL in the principal component plot were also 

explored to discard unusual patterns (Supplementary Figures 3). 

3.4.5 Statistical Model and Data Analyses 

Data collected were consolidated and analyzed using the mixed model approach in the software R 

through the package ‘lme4’ (Bates et al., 2015a). Sources of variation were: environment 

(combination year × location), block, and RIL, with the covariate of equipment (Eq 1). Though 

equipment of the same model and configuration were used, differences associated with a particular 

analyzer were removed with this covariate. The model implemented is: 

 

𝑌𝑖𝑗𝑘 = 𝜇 + 𝛼𝑖 + 𝛽𝑗 + 𝛾𝑘 + (𝛽𝛾)𝑗𝑘 +  𝛿𝑙 + 𝑒𝑖𝑗𝑘 (1) 

  

where 𝑌 is the vector of phenotypes measured with the ith equipment in the jth environment into 

the kth block for the lth RIL. 𝜇 is the intercept, 𝛼 accounts for the effect of the covariate equipment,  

𝛽 corresponds to the effects of environment, 𝛾 accounts for the block effect, 𝛽𝛾 corresponds to the 
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interaction environment x block, 𝛿 accounts for the genetic effect, and 𝑒 controls the error. The 

covariate was treated as a fixed effect while the other sources of variation were considered as 

random. Considering the limitations in humidity control offered by the LI-COR 6400XT and the 

humidity range we used, an additional model including leaf vapor pressure deficit as covariate was 

fitted. However, it showed similar results to the model presented in (1). Comparison between the 

BLUPs for the simple model and the model including VPD as covariate are presented in 

Supplementary Figure 7. 

3.4.6 Association Analysis 

A genome wide association analysis under the empirical Bayesian framework was performed using 

the R package ‘NAM’ (Xavier et al., 2015). In each case, BLUPs from Equation 1 were used as 

phenotypes. The set of 23,119 projected SNPs was used as genotypes. Population structure was 

accounted for under the argument fam in the function gwas2. The base model for the genome 

scanning is described by: 

 

𝑦 = 𝜇 + 𝑍𝑢 + 𝑔 + 𝑒   (2) 

 

where 𝑦 corresponds to the BLUPs values, 𝑍𝑢 is the incidence matrix of haplotypes generated 

from marker data, 𝑢 is the vector of regression coefficients of within-family marker effects, 𝑔 

corresponds to the polygenic coefficients accounting for population structure, and ε is the vector 

of residuals. Statistical significance of each marker was calculated using the likelihood ratio test 

(LRT) between a full model including the marker, 𝑍𝑢, and a reduced model without marker. The 

association between markers and traits was evaluated using a Bonferroni p-value threshold of 

0.0002. This threshold corresponds to the p-value of 0.01 divided by the number of unique 

segments (58), estimated as the number of significant eigenvalues computed from the spectral 

decomposition of the genetic relationship matrix. The R package CM-plot was used to create the  

Manhattan plots (LiLin-Yin, 2018). To discard confounding effects, the signals were contrasted 

with known QTLs for maturity genes (Langewisch et al., 2014). The exploration for potential 

candidates genes was carried out in the range on the linkage disequilibrium (LD) reported for each 

chromosome (Wen et al., 2015). 
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3.4.7 Genetic and Additive Variances 

Broad-sense heritability (H) on an entry mean basis and plot basis was calculated from model (1) 

using the variance components from the mixed model in the equation 1. Heritability on an entry 

mean basis was calculated through the equation below (Nyquist and Baker, 1991; Piepho and 

Möhring, 2007). 

 

𝐻 =  
𝑉𝑔

𝑉𝑔 +
𝑉𝑒
𝑟

 (3) 

 

where H is broad sense heritability in mean entry basis, Vg: genetic variance, Ve: variance of error, 

r: number of replications. Heritability on a plot basis followed the same equation, but the variance 

of error was not weighted into the number of replications. Narrow sense heritability (h2) was also 

calculated from different whole-genome regressions using the expectation-maximization restricted 

maximum likelihood method from the ‘NAM’ package (Xavier et al., 2015). For each regression, 

a different subset of SNPs was considered based on the -log p-values from the association analysis 

(Table 3.1). Subsets of genomic data with markers that displayed -log p-values higher than 0.0, 

0.5, 1.0, 1.5, and 2.0 to the target traits were considered. 

 

Table 3.1. Number of SNPs for Each Data Set Created Using as Discrimination Parameter the –

log p-value from the Association Analysis Study 

Trait logPval>0 logPval>0.5 logPval>1.0 logPval>1.5 logPval>2.0 

A 7025 5408 2226 714 220 

E 6344 4757 1954 605 193 

WUE 5934 4317 1692 584 169 

gs 3625 2565 882 287 86 

 

3.4.8 Genomic Prediction 

Using the SNPs above the significance threshold of -log p-values from 0 to 2 from the genomic 

information described above, a set of whole-genome regressions were computed using the 

Bayesian framework (de los Campos et al., 2013). Seven whole-genome regression methods were 

fitted via Markov chain Monte Carlo (MCMC) implemented in the R package bWGR (Xavier et 
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al., 2018): BayesA, BayesB, BayesC, BLASSO (BayesL), Bayes ridge regression (BayesRR), 

BayesCpi and BayesDpi (Habier et al., 2011). Likewise, seven methods fitted via expectation 

maximization (EM): BayesA (emBA), BayesB (emBB), BayesC (emBC), BLASSO (emBL), 

BLASSO2 (emDE), maximum likelihood (emML), and Bayesian ridge regression (emRR) were 

also fitted. Five-fold cross-validation was implemented splitting the data set randomly in 

proportions 80 (training): 20 (validation) each time. Correlation coefficients between measured 

and predicted breeding values in the validation set were calculated each time. Function emCV and 

mcmcCV from the R package bWGR were used to perform the cross-validations. 

3.4.9 Genetic Correlation 

A multivariate mixed model using the restricted maximum likelihood (reml) approach was solved 

using as response variable a matrix with the BLUPs values for A, E, gs, and GY from equation 1. 

WUE was not considered since it is a derivate variable from A and E. A genetic relationship matrix 

calculated from the full data set of SNPs was included in the model to account for the genetic 

effect. The function reml from the NAM package (Xavier et al., 2017c) was used. 

3.5 Results 

3.5.1 Phenotypic Variation 

Phenotypic variation was observed for A, E, WUE and gs (Figure 3.1). Photosynthetic rates ranged 

from 21.3 to 31.8 µmol CO2 m
-2 s-1 with an overall mean of 27.0 µmol CO2 m

-2 s-1 (Figure 3.1A). 

Statistically significant differences (p<0.001) among environments were detected, with means of 

26.9, 27.3, and 26.6 µmol CO2 m
-2 s-1 for ACRE_2017, ACRE_2018, and RMN_2018, respectively 

(Supplementary Figures 8-10). Transpiration, or the amount of water released during the gas 

exchange, ranged from 4.3 and 11.3 mmol H2O m
-2 s-1, with an overall mean of 7.7 mmol H2O m

-

2 s-1 (Figure 3.1B). Statistically significant differences (p<0.001) among environments were 

detected, with means of 6.4, 8.7, and 7.6 mmol H2O m
-2 s-1 for ACRE_2017, ACRE_2018, and 

RMN_2018, respectively (Supplementary Figures 8-10). Family U03-100612 exhibited a notably 

high transpiration rate. Families Magellan and PI 398881 showed the lowest mean transpiration 

rate. 
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The ratio A/E, also called as WUE, (Taiz et al., 2014), ranged from 5.1 to 2.3 mmol CO2/mol H2O, 

with an overall mean of 3.6 mmol CO2/mol H2O (Figure 3.1C). Statistically significant differences 

(p<0.001) among environments were detected, with means of 4.2, 3.2 and 3.6 mmol CO2/mol H2O 

for ACRE_2017, ACRE_2018, and RMN_2018, respectively (Supplementary Figures 8-10). As a 

consequence of the highest transpiration rates, family U03-100612 showed the lowest WUE; in 

contrast, family 4J105-3-4 showed the highest WUE. Finally, stomatal conductance ranged from 

0.2 to 3.2 mol H2O m
-2 s-1, with an overall mean of 1.4 mol H2O m

-2 s-1 (Figure 3.1D). Statistically 

significant differences (p<0.001) among environments were detected, with means of 1.4, 1.5, and 

1.2 mol H2O m
-2 s-1 for ACRE_2017, ACRE_2018, and RMN_2018, respectively (Supplementary 

Figures 8-10). 

 

 

Figure 3.1. Phenotypic diversity for gas exchange grouped by family in a soybean phenology-

controlled panel. Photosynthesis (A), transpiration (B), water use efficiency (C), stomatal 

conductance (D). Three hundred and eighty-three cultivars, twelve cultivars per family and three 

environments. Colors represent the type of population assigned to the parent when the SoyNAM 

panel was developed. Red circles denote the mean value, horizontal lines in the box indicates the 

median, dashed lines represent the minimum and maximum values, and empty circles correspond 

to outliers. 
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3.5.2 Genetic Architecture 

The genome-wide association analysis identified SNPs and genomic regions associated with A, E, 

WUE, and gs (Figure 3.2). Associations were found between photosynthesis and one SNP located 

on chromosome 3 and two SNPs on chromosome 15. Transpiration was associated with three SNPs 

on chromosome 4 and one SNP on chromosome 17. Associations were found between water use 

efficiency and single SNPs on chromosomes 5, 10, 12 and 18. Stomatal conductance was 

associated with single SNPs on chromosomes 4 and 17, respectively. All SNPs detected were 

located in euchromatic regions (Song et al., 2016) except for the SNP for photosynthesis located 

on chromosome 3 (Table 3.2). 

 

Table 3.2. Significant single nucleotide polymorphism (SNPs) associated with photosynthesis 

(A), transpiration (E), water use efficiency (WUE), and stomatal conductance (gs) in soybean. 

Trait Chr Position SNP LOD σ2 Gene Annotation 

A  

3 16015499 A/G 2.7 1.8 NA NA 

15 46787588 C/T 2.8 4.3 Glyma.15g245300 Cytochrome P450 family member 

15 41081388 C/T 2.5 2.9 Glyma.15g225000  NADH oxidoreductase-related 

E 

4 33984084 C/A 3.3 1.5 Glyma.04g152000 Alpha carbonic anhydrase 6 

17 38967505 A/G 3.2 1.7 Glyma.17g235000  Tetratricopeptide repeat protein, TPR 

4 17773168 A/G 3.0 1.0 Glyma.04g128500  Late embryogenesis abundant protein  

4 22830013 G/A 2.5 1.2 Glyma.04g140100  Beta catenin-related armadillo  

WUE 

5 1450569 G/A 2.9 0.6 Glyma.05g015400  Phospholipid-translocating ATPase  

10 39825784 G/T 3.1 0.1 Glyma.10g165400  Salt stress response/antifungal 

12 7656720 T/C 3.8 1.2 Glyma.12g093600  Late embryogenesis abundant protein 

18 4618314 A/G 2.6 0.5 Glyma.18g052100  ATP binding protein-related 

gs 
17 38986488 G/A 3.9 1.1 Glyma.17g235000  Tetratricopeptide repeat protein, TPR 

4 7742779 C/T 2.9 0.4 Glyma.04g089200  Sugar transporter 

Chr: Chromosome, LOD: logarithm of the odds, σ2: variance explained by the SNP 

 

3.5.3 Genetic and Additive Variances 

The proportion of the variance explained by genetics was 21% for A, 29% for E, 35% for WUE, 

and 29% for gs (Table 3.3). Repeatability, or heritability on an entry mean basis, ranged from 0.45 

for A to 0.61 for WUE. Additive genetic effects calculated through the kinship or ‘K’ matrices, 

generated separately using SNPs with -log p-values higher than 0.0, 0.5 and 1.0, were able to 

account for 87% to 100% of the genetic variance estimated (Table 3.3). Although smaller kinship 

matrices built with SNPs with -log p-values thresholds of 1.5 and 2.0 are not able to explain the 
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genetic variance completely, they were still successful capturing ~85% and ~50% of the total 

genetic variance, respectively. Stomatal conductance was particularly susceptible to the threshold 

of significance considered to estimate the kinship matrix. 

 

Table 3.3. Broad sense heritability in plot basis (H plot), entry basis (H entry), and narrow (h2) 

sense heritability as function of the SNPs data set considered in soybean. SNPs were filtered 

based on the -log p-value from a genome wide association study. photosynthesis (A), 

transpiration (E), water use efficiency (WUE), stomatal conductance (gs) 

Trait H plot  H entry h2 SNP>0 h2 SNP>0.5 h2 SNP>1.0 h2 SNP>1.5 h2 SNP>2.0 

A 0.21 0.44 0.87 0.92 0.95 0.85 0.60 

E 0.29 0.55 0.95 0.97 0.99 0.88 0.68 

WUE 0.35 0.61 0.95 0.98 0.96 0.85 0.58 

gs 0.29 0.56 1.00 1.00 0.98 0.75 0.49 

 

3.5.4 Genomic Prediction 

When SNPs in the interval -log p-value>0.0 to -log p-value>1.0 were used, genome regressions 

via Markov chain Monte Carlo (Figure 3.3) showed stable predictive ability, described as the 

correlation coefficients (R) between predicted and observed values. Maximum correlation for A 

(Figure 3.3A), E (Figure 3.3B), WUE (Figure 3.3C) and gs (Figure 3.3D) of 0.70, 0.72, 0.73, and 

0.79 were determined. Regardless the threshold considered to select the SNPs, BayesL presented 

the highest pooled predictive ability for A and WUE with R2 of 0.63 and 0.67, while BayesDPi 

showed the best performance for E and gs with predictive ability of 0.68 and 0.74, respectively. 

Although their general performance improved when the SNP data set became smaller (-log p-

value>1.5 and -log p-value>2.0), the variable selection methods BayesB and BayesC displayed the 

lowest correlation coefficients through the different SNPs data sets. BayesB reported 16% to 27% 

less predictive ability compared with the best methods, while BayesC exhibited 13% to 25% lower 

R. These correlations indicate that variable selection did not favor the predictive ability of 

physiological traits; whereas applying a quality control based on the significance of genome-wide 

associations was beneficial. Similar results were also found when the same set of models was fitted 

through expectation maximization (EM) regressions (Supplementary Figure 11). In this case, a 

maximum correlation of 0.73 was observed for A, E, and WUE, while gs showed the highest 

correlation with 0.79. 
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3.5.5 Genetic and Phenotypic Correlations 

Remarkable high genetic correlations between grain yield and photosynthesis and grain yield and 

transpiration were determined with values of 0.87 and 0.67, respectively (Table 3.4). Likewise, a 

moderate genetic correlation between photosynthesis and stomatal conductance with 0.40 and 

photosynthesis and transpiration with 0.35 were found. Stomatal conductance, in turn, is 

unexpectedly negatively genetic correlated with transpiration. It was also determined a moderate 

phenotypic correlation between photosynthesis and stomatal conductance with a value of 0.49, 

photosynthesis and transpiration and stomatal conductance and transpiration with 0.34 in both 

cases. 

 

Table 3.4. Genetic (upper triangle) and phenotypic (lower triangle) correlations for 

photosynthesis (A), transpiration (E), stomatal conductance (gs), and grain yield (GY) in 

soybean. Three environments, n= 1052. 

 A E gs GY 

A 1.00 0.35 0.40 0.87 

E 0.34 1.00 -0.68 0.67 

gs 0.49 0.34 1.00 -0.01 

GY -0.02 0.16 -0.08 1.00 

3.6 Discussion 

3.6.1 Phenotypic Variation 

For photosynthesis, or A, values of 25-35 µmol CO2 m
-2 s-1 were reported for soybean in field 

(Gordon et al., 1982) and greenhouse conditions (Hay et al., 2017). These values are comparable 

to our observations considering the potential limitations offered by the device used. Comparison 

at the family level between the mean rate and the maximum A attainable indicates a potential 

increase of at least 20%. E, WUE, and gs has been less studied than A but this research reveals that 

there is also natural diversity to be exploited through breeding programs. Water use is considered 

a limiting factors in the modern soybean production (Specht et al., 1999) accounting for until 30% 

of the yield gap (Grassini et al., 2015b). A positive and significant correlation (0.78) between 

transpiration and yield was documented in Chinese cultivars (Liu et al., 2012). Although enhanced 

transpiration and water use efficiency have been set as functional target in new soybean cultivars 

(Manavalan et al., 2009; Miladinović et al., 2015; Sloane et al., 1990), achieving substantial 
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progress in yield minimizing the water consume is challenging. A study in China using materials 

of 82 year of soybean breeding found an unbalance improvement between E and A with increases 

in transpiration rate of ~58% while photosynthesis barely reached ~18% (Liu et al., 2012). Though 

these authors conclude the biggest cost of producing high yielding soybean cultivars is the 

augmented water consume, our results show that increases in water use efficiency (A/E) of at least 

40% might be still reached. Comparing the overall mean value (3.6 mmol CO2/mol H2O) with the 

maximum attainable (5.2 mmol CO2/mol H2O), it is concluded until 1.6 mmol CO2 (70.4 mg CO2) 

can be fixed using the same amount of water.  

 

Stomatal control plays a key role in water use and carbon fixation since its opening/close dynamic 

enables the CO2 input but simultaneously allows the H2O loss (Manavalan et al., 2009). In this 

research, a wide diversity for gs is revealed with materials across the families with significant high 

gs values. An ‘excessive’ open flux of gases between the leaf and the environment might be 

inferred. Modulating this gas exchange during critical periods, also called ‘slow-wilting’ was 

targeted to enhance drought tolerance in soybean (Miladinović et al., 2015). The introgression of 

this trait firstly found in exotic germplasm successfully reduced the transpiration under dry 

conditions and during hours of high water demand (Devi et al., 2015; Fletcher et al., 2007; Sadok 

and Sinclair, 2010). These high values could result from “optimized” conditions inside the gas 

exchange chamber: light at the saturation point, high temperature and high relative humidity 

(Buckley and Mott, 2013; Farquhar and Sharkey, 1982). However, mean gs values here 

documented are comparable with previous reports in oleaginous crops as sunflower (Furukawa, 

1992), soybean on field conditions (Bunce, 1998), and other legumes as Vigna unguiculata (Singh 

and Raja Reddy, 2011). High gs also indicates genetic variation for size and number of stomata in 

this population, considering increased water conductance has been associated with smaller and 

highly dense stomata (Franks and Beerling, 2009). 

3.6.2 Genetic Architecture 

Although genetic architecture for these traits has been a topic underexplored, the current study 

found SNPs potentially associated with the traits. A is closely linked to genes encoding for protein 

members of the cytochrome P450 family and NADH oxidoreductase. Cytochrome proteins 

catalyze the oxidation of diverse substrates using oxygen and NAD(P)H (Xu et al., 2010). In plants, 



65 

 

they are functionally active transporting electrons and molecular oxygen generated during the 

photosynthesis (Burow et al., 2016). Though there were no QTLs associated with photosynthesis 

or carbon fixation previously reported for chromosome 15 (Grant et al., 2010), there is a reasonable 

background to hypothesized the relationship between photosynthesis and cytochrome. In 

cyanobacterium, for instance, an improved performance in A via increased electron transport rate 

and ATP production was promoted as consequence of doubling the activity of the cytochrome 

protein CYP1A1 (Berepiki et al., 2018). Induction of genes associated with these proteins are also 

reported when atrazine and bentazon, herbicides inhibitor of photosynthesis, are applied in 

soybean (Zhu et al., 2009). Likewise, enhanced tolerance to linuron and chlortoluron, herbicides 

also inhibitor of photosynthesis, are documented when the expression of the cytochrome P450 

protein CYP76B1 in tobacco and Arabidopsis (Didierjean et al., 2002) and CYP71A10 in soybean 

(Siminszky et al., 1999) were carried out. QTLs associated with photosynthesis under light 

saturation had been already reported for chromosome 10 and 16 (Vieira et al., 2006). The other 

association found in the chromosome 15 was linked to a gene encoding for NADH oxidoreductase-

related. This type of protein catalyzes the oxidation of NADH and the reduction of other compound 

(Moparthi and Hägerhäll, 2011). The most common enzyme in this group is the NADH-ubiquinone 

oxidoreductase, the largest enzyme in the mitochondrial respiratory chain (Cardol, 2011). 

Respiration is the natural complementary process of photosynthesis and their balance defines the 

net photosynthetic rate, the parameter measure by the infrared gas exchange equipment. Then, it 

is hypothesized NADH oxidoreductase influences photosynthesis through regulation of oxidation-

reduction rates presumably during the respiration. The association found in the chromosome 3 had 

no previous annotation or QTLs reported into the standard linkage block (Wen et al., 2015) which 

might be explained by its location in a heterochromatic pericentromeric region (Song et al., 2016). 

The location of this SNP in a region with low recombination rate implies that its LD is larger than 

the value reported for whole the chromosome, extending the association to wider areas. Large 

differences in LD pericentromeric regions and arm regions been confirmed for soybean (Shu et al., 

2015). 

 

Transpiration was associated with regions in the chromosome 4 and 17. QTL potentially associated 

with E and WUE had been previously reported in the chromosome 4 (Kaler et al., 2017) but none 

of them overlap with the QTLs documented here. The closers QTLs already reported correspond 
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to WUE 2-g11 and WUE 2-g12 whose annotated genes link to Glyma04g39850 (Integral 

membrane protein DUF6) and Glyma04g41150 (RNA recognition motif. a.k.a. RRM, RBD, or 

RNP domain) (Grant et al., 2010). A carbonic anhydrase is proposed considering its role in the 

interconversion of CO2 to HCO3
-, a fundamental step in the carbon dioxide movement in aqueous 

medium like leaf cytosol (DiMario et al., 2017). In C3 plants like soybean, carbonic anhydrase can 

increase the carbon fixation through raising the internal CO2 concentration in the chloroplast which 

reduces the photorespiration (Ganai, 2017). The other SNPs in the chromosome 4 were associated 

with genes encoding for late embryogenesis abundant protein. The role of these biological 

molecules to overcome water stress is well documented (Hand et al., 2011; Hincha and 

Thalhammer, 2012; Olvera-Carrillo et al., 2011) and their accumulation in legumes as response to 

water deficit is also reported (Battaglia and Covarrubias, 2013). In the chromosome 17, in turn, 

eight QTLs associated with WUE and E (Kaler et al., 2017) and two linked to drought susceptibility 

index are documented for soybean (Du et al., 2009). Although the QTL reported here is not 

overlapping any of these previous QTLs, it is 2.3 Mb upstream of WUE 2-g46 which was linked 

to the gene Glyma17g33100 (plant protein of unknown function). 

 

For WUE the association was found in chromosomes 5, 10, 12, and 18. Chromosome 5 had been 

previously linked with several drought tolerance QTLs (Carpentieri-Pipolo et al., 2012). The 

region found here overlaps with mqCanopy wilt-007, a QTL for delayed-canopy wilting (Hwang 

et al., 2016). The position on the chromosome 10, in turn, overlaps with a QTL associated with 

drought tolerance (drought tolerance 6-3) (Carpentieri-Pipolo et al., 2012) and also with a QTL 

for net photosynthetic rate (net photosyn rate 1-1) (Vieira et al., 2006). In addition, this linkage 

block also corresponds with QTLs for flood tolerance and root volume and weight (Grant et al., 

2010). The gene proposed for this QTL (Glyma.10g165400) is involved in the initial response of 

salt stress , a type of drought stress, in rice (Zhang et al., 2008). Although chromosome 12 previous 

reports for QTLs linked with some type of drought tolerance or water use efficiency (Grant et al., 

2010), none of them coincides with the region we found. The closer QTL (2.1 Mb) previously 

reported corresponds to WUE 1-2 (Mian et al., 1996). In this case, the gene proposed 

(Glyma.12g093600) encodes also for late embryogenesis abundant proteins. Region found in 

chromosome 18 maps to an arm euchromatic region (Song et al., 2016) with abundant genes 

encoding for serine/threonine kinases and ATP binding proteins (Grant et al., 2010). One WUE 
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QTL (WUE 1-1) is located in the same region (Mian et al., 1996) and several other QTLs for 

morphological characteristics such as height, branching, internode length and lodging been 

documented in the surrounding area (Grant et al., 2010). 

 

 

Figure 3.2. Genetic architecture for gas exchange parameters in a phenology-controlled soybean 

panel. Photosynthesis (A), transpiration (B), water use efficiency (C), stomatal conductance (D). 

Three hundred and eighty-three cultivars, three environments 

 

Stomatal conductance measures the degree of stomatal opening and commonly is used as water 

status indicator (Eckerman, 2013). Two SNPs associated with this parameter were found. Despite 
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the SNP located in the chromosome 17 is not equal to the SNPs associated with transpiration, it is 

in the same linkage block. The hypothesis presented here implies a pleiotropic effect with the same 

gene controlling transpiration rate through changes in the open/close stomatal dynamic. This 

shared association brings out the physiological relationship gs and E not only for phenotypic values 

(Fischer et al., 1998; Liu et al., 2012) but also for genetic control. The other potential region 

associated with this trait is located at chromosome 4. In this location, genes encoding for leucine-

rich repeated receptors as well as sugar transporters been described (Grant et al., 2010). A gene 

associated with the production of sugar transporters (Glyma.04g089200) is proposed as candidate 

gene. relationship gs and sugars and organic acids been documented in a meta-analysis carried out 

across multiple species including legumes (Gago et al., 2016). In addition, the role of sugars and 

mineral nutrient particularly potassium in the open/close stomatal dynamic is well known 

(Marschner, 2011). QTLs for other traits like stem length, seed volume, seed length, seed 

composition and height been also associated to the same region reported here (Grant et al., 2010). 

3.6.3 Heritability and Genomic Prediction 

Heritability for the traits considered in this work is moderate to low (Holland et al., 2010). 

Phenotyping gas exchange implies challenges since these processes are highly influenced by 

environmental factors such as light, temperature, nitrogen and water status among others (Taiz et 

al., 2014). Although the equipment and protocol implemented to phenotype these traits attempted 

to control most of these external variables, moderate to high influence of factors beyond genetic 

was captured. Genetic effects explain 44% to 61% of changes in the phenotypic values. Heritability 

in entry mean bases for A computed here is similar to the 41% previously reported in soybean 

(Harrison et al., 1981). Likewise, E showed heritability consistent with reports in wheat and apple 

(Lopez et al., 2015; Schoppach et al., 2016). When kinship matrices estimated with the SNPs 

associated with the specific trait were considered, additive or transmissible effects accounted by 

87% to 100% of the genetic effect. The drastic reduction in the number of SNPs used to estimate 

the kinship matrix limits the ability to capture the genetic resemblance between individuals. The 

fastest reduction in heritability for gs when -log p-value increased beyond 1.0 is explained by its 

comparatively lower number of SNPs regarding the other traits. The additive effect can be captured 

with a considerably a smaller number of SNPs as long as these SNPs show certain level of 

association with the trait (Table 3.3), matrices excessively reduced are not able to capture the 
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additive effects completely. Including an extension of the additive matrix through an extra matrix 

additive-by-additive (epistasis) was attempted (data not shown) for scenarios with reduced number 

of SNPs (-log p-value 1.5 and -log p-value 2.0). The additive-by-additive matrix improved the 

heritability in the range of 11 to 34% when the number of SNPs was the lowest (-log p-value 2.0) 

but it did not show substantial improvement when -log p-value>1.5 matrix was considered. 

Introducing epistatic effects might help to explain genetic effects when the number of markers is 

reduced. The fact heritability is relatively constant in the interval -log p-value>0.0 to -log p-

value>1.0 but decreases when data set becomes smaller aligns with previous reports for flowering 

date, height and nodule number in alfalfa (Stanton-Geddes et al., 2013). In this case, authors 

reported similar h2 calculated through SNPs data sets with size ranged between 25,000 and 5 

million but comparably lower h2 when 2,500 and 25 SNPs data sets were used.  

 

 

Figure 3.3. Genomic prediction performance based on five-fold cross-validation of Markov 

Chain Monte Carlo (MCMC) methods for gas exchange parameters in a maturity-controlled 

soybean panel. Photosynthesis (A), transpiration (B), water use efficiency (C), stomatal 

conductance (D). Three hundred and eighty-three cultivars, three environments 
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The complexity of field measurements, the limited variance explained by significant SNPs, and 

the moderate to low heritability for these traits, suggest genomic prediction-selection as suitable 

methodology to approach their breeding (Desta and Ortiz, 2014; Xavier et al., 2016). This work 

indicates this approach is feasible since predictability through Markov chain Monte Carlo or 

Estimation Maximization yields moderate to high correlation coefficients. The correlation found 

here are lower that the values reported for oil and protein (0.92) but comparable with yield (0.60-

0.79), yield component and morpho-physiological parameters like plant height, number of 

reproductive nodes and days to maturity in soybean (Jarquin et al., 2016; Xavier et al., 2016). 

Although limiting the number of SNPs influences the predictive ability especially when -log p-

value is higher than 1.5 and 2.0, the reduction in predictive ability for none of the traits was higher 

than 15%. The use of selected sets of SNPs for genomic prediction was previously reported in 

crops and animals. In eucalyptus, for instance, similar predictive ability between large (~14,000-

20,000) and reduced (~5,000-10,000) SNPs data sets was reported by Müller et al. (2017). In 

Brahman cattle, Li et al. (2018) working with body weight, demonstrated that data subsets of 3,000 

SNPs selected through machine learning methods yield similar prediction accuracy than full 

genome prediction through 38,082 SNPs. Genomic selection with low density SNPs has also 

reported other benefits in breeding. Raoul et al. (2017), for instance, improved the genetic gain 

and better control the inbreeding in sheep using a SNP data set ≤ 1,000 SNPs. Besides technical 

advantages, reduced data sets also decrease the computational time to fit the model until in 50% 

(Xavier et al., 2017d). Genome prediction through relatively small number of SNPs (~1,000-2,000) 

associated with the trait (-log p-value≥1.0) is an appropriate and consistency approach to predict 

gas exchange parameters across most of the methods considered. Although the implementation of 

different methods for genome regression in soybean yield and protein did not show significant 

improvement (Duhnen et al., 2017), the methods ML, BLASSO and BayesDPi showed a better 

performance for the traits evaluated here. 

3.6.4 Genetic and Phenotypic Correlations 

We observed a lack of phenotypic correlation between A and GY that agrees with previous reports 

summarized by Long et al. (2006); however, the design of our study allowed us to also calculate 

genetic correlations, which were positive. These observations indicate strong non-genetic factors 

influencing assimilation rate. For A/E, A/gs, and gs/GY the phenotypic and genetic correlation 
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where high and similar in magnitude and sign. A high genetic correlation between traits predict 

potential outcomes of selection through indirect gains (Searle, 1978) and our results indicate 

selection to increase A and E may positively affect grain yield. The relationship between E and GY 

we found aligns with the results reported by Liu et al. (2012) in their retrospective study for a 

Chinese soybean breeding program, but such a strategy implies augmenting water consumption. 

As we described previously, gs seems to play a fundamental role in A and E control and the 

dynamics of stomatal opening may provide a mechanism to connect these traits (Taiz et al., 2014). 

The positive phenotypic correlation between gs and E we found agrees with previous reports in 

soybean (Fischer et al., 1998) and wheat (Fischer et al., 1998); however, our observation of 

negative genetic correlation between gs and E suggest factors beyond dynamics of stomatal 

opening controlling transpiration. From the genetic perspective, reduced resistance to gas flux in 

stomata does not mean higher transpiration rate. Genetic improvement of gs enhances A and 

consequently GY, but it does not increase E, another trait positive correlates with GY. Although 

the existence of ‘slow-wilting’ in soybean implies certain independency between E and A, the 

moderate positive phenotypic and genetic correlation here found entails the lack of this trait in the 

population assessed.  

3.7 Conclusion 

The existence of natural diversity and a preliminary genetic architecture for photosynthesis, 

transpiration and water use efficiency indicate these traits can be improved through breeding 

strategies. New technologies like genomic selection-prediction arises as valuable approach to 

overcome the phenotyping bottleneck in gas exchange. Pre-selecting SNPs for genomic prediction 

modeling based on the significance of associations can benefit the predictive ability. While 

improving photosynthesis through breeding techniques is a viable strategy to increase yield in 

soybean, modulating stomatal conductance is a key factor to achieve optimal carbon fixation (A). 
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4.2 Abstract 

Soybean grain yield has steadily increased during the last century because of enhanced cultivars 

and better agronomic practices. Increases in the total biomass, shorter cultivars, late maturity and 

extended seed-filling period are frequently reported as main contributors for better soybean 

performance. However, there are still processes associated with crop physiology to be improved. 

From the theoretical standpoint yield is the product of efficiency of light interception (Ei), radiation 

use efficiency (RUE), and harvest index (HI). The relative contribution of these three parameters 

on the final grain yield, their interrelation with other phenological and physiological traits, and 

their environmental stability have not been well established for soybean. In this study, we 

determined the additive-genetic relationship among 14 physiological and phenological traits 

including photosynthesis (A) and intrinsic water use efficiency (iWUE) in a large panel of 383 

soybean Recombinant Inbred Lines (RIL) through direct (path analyses) and indirect learning 

methods (LASSO algorithm). Likewise, we evaluated the adaptability of Ei, RUE, and HI through 

the slope from the Finley and Wilkinson joint regression and the genetic correlation between traits 

evaluated in different environments. Results indicate that both supervised and unsupervised 

methods effectively establish the main relationships underlying changes in Ei, RUE, HI, and grain 

yield (GY). Variations in the average growth rate of canopy coverage for the first 40 days after 

planting (AGR40) explain most of the changes in Ei. RUE is primarily influenced by phenological 
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traits of reproductive length (RL) and seed-filling (SFL) as well as iWUE, light extinction 

coefficient (K) and A. Harvest index showed a strong relationship with A, AGR40, SFL and RL. 

According to the path analysis, increase in one standard unit of HI promotes changes in 0.5 

standard units of GY, while changes in the same standard unit of RUE, and Ei produce increases 

on GY of 0.20 and 0.19 standard units. RUE, Ei, and HI exhibited better environmental stability 

than GY although changes associated with year and location showed moderate effect in Ei and 

RUE, respectively. This study brings insight into a group of traits involving A, iWUE, and RL to 

be prioritized during the breeding process to obtain high yielding cultivars. 

4.3 Introduction 

Through the combined contribution of breeding, agronomy, and climate change, soybean yield has 

achieved a dramatic improvement. A steady yield increase of 24.7 kg ha-1 year (Specht et al., 2014; 

USDA - NASS, 2019) has almost quintupled productivity compared with the 740 kg ha-1 produced 

in 1924. Retrospective studies showed that breeding and agronomy have effectively contributed to 

a relatively similar percentage to the soybean yield improvement during the last decades (Specht 

et al., 1999; Specht and Williams, 1984). Similarly, environmental changes particularly CO2 

increase is also reported as contributor (Gillespie and Ainsworth, 2010; Specht et al., 1999). 

Influence of augmented CO2, also called carbon fertilization, is based on the stimuli in the net 

carbon fixation in species C3 via better control of photorespiration (Ainsworth et al., 2012; Specht 

et al., 1999; Taiz et al., 2014). Variation on productivity as a result of CO2 increase has been 

estimated in a wide interval from 4.3% to 32.0% with a likely contribution in the range of 5-10% 

(Ainsworth et al., 2012; Sakurai et al., 2014; Specht et al., 1999). 

 

Through changes guided by genetic, breeding, and market, soybean went from being considered a 

forage crop using plant introduction from East Asia in the early 1900s to the adoption of bred 

cultivars with better adaptation to North America in 1940 (Hartwig, 1973; Rincker et al., 2014). 

Selection for yield was the first target and later complemented with pest resistance, while 

proprietary breeding programs joined public efforts at the level of currently providing most of the 

soybean seed required for farmers in North America (Carter et al., 2004; Specht et al., 2014). 

Breeding strategies have focused on optimizing plant structure and seed composition. New 
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cultivars are frequently shorter, less prone to lodging and shattering, mature later, and also produce 

more branches and more pods from these branches especially under low density (Carter et al., 2004; 

Evans and Sadler, 2008; Fox et al., 2013; Rincker et al., 2014; Specht and Williams, 1984; Suhre 

et al., 2014). Improvements in canopy along with an extended seed-filling length led to greater 

solar radiation capture during this developmental stage (Boerma and Ashley, 1988; Koester et al., 

2014; Kumudini et al., 2001). Augmented total dry matter production throughout the years is also 

strongly associated with better yielding regardless the mixed reports about increased or constant 

dry matter partition to the seeds (Balboa et al., 2018; Kumudini et al., 2001; Rowntree et al., 2014). 

Modern cultivars also incorporated resistance to pest and disease reducing potential losses (De 

Bruin and Pedersen, 2009; Heatherly and Elmore, 2004; Johnson, 1987). Breeding achievements 

also involved transgenic soybean and resistance to glyphosate, which since 1996 transformed the 

weed control making it more flexible, simpler, and favorable (Reddy, 2001). Seed composition 

and yield components have been optimized to meet new requirements for industry and human 

health (Morrison et al., 2000; Ustun et al., 2001). While protein concentration was reduced, oil 

concentration and oil composition was increased favoring monounsaturated fat acids (oleic) 

(Giannakas and Yiannaka, 2004; Morrison et al., 2000; Rincker et al., 2014; Rowntree et al., 2013; 

Ustun et al., 2001; Wilcox et al., 1979). Increase in seed weight is not always consistent or if 

positive less than 0.10 g per 100 seeds, suggesting bigger contribution to increased yield from 

more seeds per plant or more plants per hectare (Morrison et al., 2000; Specht and Williams, 1984; 

Voldeng et al., 1997; Wilson et al., 2014). 

 

Agronomy has also contributed to a better soybean performance through new or enhanced 

technologies, techniques, and practices. Remarkable changes started during the first four decades 

of the last century when animal power was replaced by tractors, the mechanical harvesters were 

introduced, and the shift in usage from forage to protein-oil crop occurred.  (Bogue, 1983; Egli, 

2008; Gardner, 2002; Probst and Judd, 1973). Later, improvements associated with earlier planting 

date (Bastidas et al., 2008; Johnson, 1987; Rowntree et al., 2014; Specht et al., 1999), reduction in 

row spacing (Cregan et al., 1999; Heatherly and Elmore, 2004; Voldeng et al., 1997), higher 

seeding rates (De Bruin and Pedersen, 2009; Voldeng et al., 1997), reduced harvest losses (Johnson, 

1987; Ustun et al., 2001), better crop nutrition through fertilizer and crop rotation (Grassini et al., 

2015a; Luedders, 1977; Wilson et al., 2014), and in general superior control of factors producing 
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biotic or abiotic stress (Egli, 2008; Suhre et al., 2014) have facilitated to exploit the genetic yield 

potential. 

 

The current soybean yield of 3,470 kg ha-1 in 2018 (USDA - NASS, 2019) is still quite far from 

its potential which has been theoretical calculated around 8,000 kg ha-1 (Specht et al., 1999, 2014). 

Although closing this yield gap is a common effort involving not only plant breeding but also 

better agronomic practices, a clear identification of factors or traits to be prioritized must be carried 

out to concentrate efforts and resources. From the physiological standpoint, potential grain yield 

is the product of efficiencies accounting for the capture and transformation of solar radiation into 

biomass abbreviated respectively as Ei and RUE, and the later efficiency of allocation of dry matter 

to the economically important organs or HI (Monteith, 1972, 1977). In soybean, although studies 

involving one or more of these three efficiencies are available with particular focus on HI (Board 

and Harville, 1993; De Bruin and Pedersen, 2009; Fox et al., 2013; Koester et al., 2014; Kumudini 

et al., 2001; Rowntree et al., 2014; Shibles and Weber, 1966; Spaeth et al., 1984; Suhre et al., 

2014), the influence of other physiological and phenological variables on Ei, RUE, and HI as well 

as the interrelation among this three efficiencies and their partial contribution to GY is not 

documented in soybean. 

 

Determining the relationship among these agronomical, physiological and phenological variables 

requires the implementation of multivariate methodologies where genetic and environmental 

relationship are established. Classical approach to establish interrelation among variables include 

the supervised path analysis method, where a set of lineal equations are defined based on 

correlation matrix and theoretical background (Bondari, 1990; Walsh and Lynch, 1998; Wright, 

1960). Path coefficients provide more information than traditional correlations since they not only 

present the partial contribution of predictors on the response variables but also report direct and 

indirect effects (Board et al., 1999; Bondari, 1990). Unsupervised machine learning methods offer 

new alternatives to establish complex interactions among variables through undirected graphical 

models (Hastie et al., 2009; Steinsland and Jensen, 2010). An example is the Markov network 

machine learning method that does not require specificity for direction and is suitable for spatial 

or relational data for uncovering variable structure and dependence (Murphy, 2014). Previous 

studies to establish interrelations among agronomical and phenological variables have been 
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already performed, and works through historical panels have also indirectly approached these 

relationships (Morrison et al., 2000; Rincker et al., 2014; Specht et al., 1999; Suhre et al., 2014; 

Xavier et al., 2017a). Directed and undirect multivariate methods in soybean have been 

independently reported by Board et al. (1999) and Xavier et al. (2017a) focusing on yield 

components in the first case and phenology, canopy development, and yield component in the 

second. However, these studies lack the inclusion of physiological processes and efficiencies 

accounting for changes in the potential yield such as Ei, RUE, A, and iWUE. In addition, 

comparison of results from these two methods in soybean are not reported. 

 

In this study, we established the genetic correlations among agronomical, physiological and 

phenological variables and the three efficiencies controlling the potential grain yield in soybean: 

efficiency of light interception , radiation use efficiency , and harvest index (Monteith, 1972, 1977). 

Likewise, we determined the relative contribution of Ei, RUE, HI and other physiological variables 

as A, and iWUE to the GY in soybean through direct (path analysis) and undirect graphical model 

(LASSO algorithm) methodologies based on additive-genetic variance-covariance matrices. 

Finally, we evaluated the stability of Ei, RUE, and HI using the genetic correlations between the 

same trait evaluated in a different environment and adaptability through the slope from the Finlay 

and Wilkinson joint regression. This paper suggests traits to be prioritized during the breeding 

process as a strategy to improve the grain yield in soybean. 

4.4 Material and Methods 

4.4.1 Plant Material and Experimental Design 

A maturity-controlled panel of 383 recombinant inbred lines (RIL) selected from the Soybean 

Nested Association Mapping collection SoyNAM was used. These 383 RILs come from 32 

families classified into three main classes according to the type of cross originally made: high 

yielding (HY), high yielding under drought conditions (HYD), and diverse ancestry (DA). A 

complete description of crosses, RILs’ selection, and extra information are available in 

https://www.soybase.org/SoyNAM/ and Lopez et al. (2019), while the complete list of RILs is 

presented in the Supplementary Table 2. Three environments were considered for this study which 

correspond to the combination of location x year. An experimental design alpha lattice incomplete 

https://www.soybase.org/SoyNAM/
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block design, with 2 complete replication and 32 incomplete blocks per replication were planted 

in the location ACRE (40°28'20.5"N 86°59'32.3"W) at West Lafayette, IN during 2017 

(ACRE_2017). The same experiment was implemented in Romney, IN (40°14'59.1"N 

86°52'49.4"W - RMN_2018) and ACRE again (ACRE_2018) during 2018. The experimental unit 

corresponded to a six rows plots (0.76m x 3.35m) planted with a target population of 35 seed m-2. 

Plots with non-uniform emergence were discarded reducing the number of RILs to 322 for 

ACRE_2017 and 381 for RMN_2018. Soil types for ACRE included Chalmers silty clay loam 

(Typic Endoaquolls) and Raub-Brenton complex (Aquic Argiudolls), while RMN corresponded to 

Drummer soils (Typic Endoaquolls) (NRCS, 2018). High natural soil fertility was confirmed 

through the soil analysis (Supplementary Table 3) which along with the crop management ensured 

adequate nutritional status during the growing season. Although it was a rainfed study, water was 

not a limiting factor as confirmed by the water balance (Supplementary Tables 4-6 ) and the mean 

precipitation during the growing season of 132, 130, and 91 mm/month for ACRE_2017, 

ACRE_2018, and RMN_2018, respectively (iClimate, 2019). 

4.4.2 Phenotypic Traits 

A fixed-wing UAS type eBee equipped with an S.O.D.A red-green-blue (RGB) camera (senseFly 

Parrot Group, Switzerland) was flown with a frequency of ~12 days. Canopy coverage (CC) was 

obtained from the RGB imagery through the software Progeny® (Progeny Drone Inc., West 

Lafayette, IN) using a multilayer mosaic approach as described by Hearst (2019). Above-ground 

dry matter was sample during the growing season in a linear section of 0.56 m in a row with perfect 

competition. The fresh biomass collected from each sampling site was dried at 80°C using a dry 

air system until constant weight. Three full biomass sampling: ~38, 58, and 84 days after planting 

(DAP) were considered for both environments in 2018, while just one sampling when maximum 

biomass accumulation was achieved at 91 DAP was carried out in 2017. Biomass (g m-2) was 

adjusted through a linear model involving RIL, environment, and replication as variables and 

number of plants as a covariate to avoid potential differences in biomass due to the number of 

plants. Seed weight was directly calculated from a lineal sample size of 0.56 m harvested and 

threshed at maturity (R8) (Fehr and Caviness, 1977). Ei was calculated as the simple ratio between 

the solar radiation intercepted by the canopy and the total photosynthetic active radiation (PAR) 

available. To determine the daily solar radiation intercepted a series of 766 logistic models, one 
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per plot, were fitted following the equation (1) through the R software (R Core team, 2019) 

package ‘growthrates’ (Petzoldt, 2018). We used the CC as a proxy for light interception 

considering the direct relationship between these two parameters previously documented by 

Purcell, (2000) and Xavier et al., (2017b). 

𝑦 =
𝑘 ∗ 𝑦0

𝑦0 + (𝑘 − 𝑦0) ∗ 𝑒𝑥𝑝−𝜇𝑚𝑎𝑥∗𝑡𝑖𝑚𝑒
 (1) 

 

Where y is canopy coverage, y0 is the minimum canopy coverage value measured, k corresponds 

to the maximum canopy value or load capacity, µmax is the maximum relative growth rate, and 

time indicates days after planting. 

 

Radiation use efficiency in 2018 environments was calculated as the slope of a linear regression 

between the total dry matter above ground and the cumulative PAR intercepted. In 2017, since 

only one biomass sampling was performed, a simple ratio between the total above-ground dry 

matter and the cumulative PAR intercepted was used. Apparent HI was calculated as the direct 

ratio between the seed weight (0% moisture) and the total above-ground dry matter. Grain yield 

was determined in two perfect competence rows from each plot through a mechanical harvest. The 

weight registered was adjusted to 13% seed moisture and extrapolated to the hectare. Phenological 

stages R1, R5, and R8 corresponding to days required to achieve flowering, beginning of seed, and 

maturity were scored three times per week following the criteria presented by Fehr et al. (1971). 

Length of the reproductive period was obtained by subtracting days to R8 to days to R1, while 

seed-filling length was calculated as R8 minus R5 in days. 

AGR40 was measured as the mean of the daily growth rate during the first 40 days. Growth rate 

corresponds to the first derivative from each logistic model adjusted for CC. Photosynthesis and 

intrinsic water use efficiency were measured through a portable photosynthesis system (LI-COR 

6400XT, LI-COR, Lincoln, NE) set with a PAR value of 1,600 μmol photons m-2 s-1. CO2 

concentration, temperature, and relative humidity were controlled to be 400 μmol mol-1, 25°C, and 

75±10%, respectively. The gas exchange parameters were measured before the seed filling 

phenological period, from late R4 and early R5 (Fehr and Caviness, 1977), at the third uppermost 

fully developed leaf, in three representative plants from each experimental unit from a complete 
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replication. Additional details about the gas exchange protocol and measurements are available in 

Lopez et al. (2019). 

Leaf area index was recorded in a single measurement when the full canopy was achieved (60-70 

DAP). A portable canopy analyzer (LI-2200, LI-COR, Lincoln, NE) following the protocol for 

small plots in row crops suggested by LICOR (LI-COR Inc., 2012a) was used. Light extinction 

coefficient (K) was calculated through the light attenuation within a canopy theory reported by 

Monsi and Saeki, (1953). Maximum LAI along with light measurements above and below the 

canopy was considered following the equation (2) 

𝐼 = 𝐼0𝑒−𝐾∗𝐿𝐴𝐼 (2) 

 

Where I is the photosynthetic photon flux density (PPFD) measured on a horizontal plane, LAI is 

the leaf area index cumulated from top of the canopy, and K is the extinction coefficient. I0 is the 

PPFD above the canopy. 

4.4.3 Genetic Correlations 

Best linear unbiased estimator (BLUE) per environment were calculated through a mixed model 

approach through the “lme4” package (Bates et al., 2015b) in the software R following the 

statistical model below 

𝑌𝑖𝑗𝑘 = 𝜇 + 𝑓(𝑥) + 𝛼𝑖 + (𝛼𝛽)𝑖𝑗 + 𝛿𝑘 + 𝑒𝑖𝑗𝑘 (3), 

 

where 𝑌 is the vector of phenotypes measured in the ith replication, into the jth block for the kth RIL. 

𝜇 is the intercept, f(x) controls the spatial heterogeneity within replications, 𝛼 accounts for the 

effect of replication,  𝛼𝛽 corresponds to the interaction replication x block, 𝛿 accounts for the 

genetic effect, and 𝑒 controls the error. The covariate f(x) was computed as the average phenotypic 

value from the four closer surrounding plots (Lado et al., 2013) through the function NNsrc from 

the R ‘NAM’ package (Xavier et al., 2015). In this model, the spatial covariate and the RILs were 

treated as fixed effects, while the other sources of variation were considered as random with any 

random effectr ~ N(0, σ2
r), and 𝑒 ~ MVN(0, R). 
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BLUEs standardized by environment for all the traits were used to fit a second mixed model in a 

multivariate approach through the function reml in the “NAM” R package (Xavier et al., 2015). 

Additive-genetic effects were accounted for in this second model through a kinship matrix 

generated from a set of 23,119 single nucleotide polymorphism SNPs (Lopez et al., 2019). From 

this multivariate mixed model, two variance-covariance matrices were produced: G and R, where 

G corresponds to the additive-genetic matrix while R (residual) resembles the environmental 

relationships since BLUE values were used as input data. Correlations were calculated following 

the standard formula using the covariance between traits as the numerator and the product of their 

standard deviation as the denominator. 

4.4.4 Path Analysis, Unsupervised Model, Environmental Trait Stability - Adaptability 

A path analysis using the additive-genetic correlation derived from G matrix was carried out to 

calculate the standardized path coefficients through the R package latent variable analysis “lavaan” 

(Rosseel, 2012) followed by a graphical representation through the R package “semplot” (Epskamp 

et al., 2019). Likewise, we implemented an undirect graphical model based on the same G matrix 

to establish the connection among traits. A Gaussian undirect graphical model based on 

neighborhood selection with the least absolute shrinkage and selection operator (LASSO) algorithm 

(Meinshausen and Bühlmann, 2006) implemented in the R package “huge” (Zhao et al., 2012). 

Finally, environmental stability for Ei, RUE, and HI was evaluated as the additive-genetic 

correlation between the same traits measured in the three different environments, while 

adaptability was assessed through the slope of the Finlay and Wilkinson’s joint regression – FWR 

(Finlay and Wilkinson, 1963). Kendall correlation is used rather than Pearson correlation since 

Kendall assess statistical association based on ranking (Kendall, 1938); thus, positive correlation 

means when the rank of certain trait evaluated in one environment increases, the rank of the same 

trait evaluated in another environment also increases. Kendall correlations were evaluated using 

the software R following the formula (4) 

𝜏 =
(𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑡 𝑝𝑎𝑖𝑟𝑠) − (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑖𝑠𝑐𝑜𝑟𝑑𝑎𝑛𝑡 𝑝𝑎𝑖𝑟𝑠)

𝑛(𝑛 − 1)/2
 (4) 

 

Where 𝜏 indicates the Kendall correlation and n is the number of observations 
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Finlay and Wilkinson's joint regressions were implemented through the “FW” package in R under 

a Bayesian approach (Kusmec et al., 2017; Lian and de los Campos, 2016; Vanous et al., 2019). 

No genomic relationship matrix was used during the implementation; then Ad=I, where I is the 

identity matrix. Recombinants inbred lines with missing information for one or more environments 

were discarded for this analysis. Slopes from FWR assesses adaptability using the phenotypic 

values corrected by replication and incomplete block as input where all the genetic effect are 

presented, whereas correlations use the breeding values where only additive genetic effects are 

considered. 

4.5 Results 

High positive additive-genetic correlations were identified for Ei with AGR40 and K, contrasting 

with negative correlation found between Ei and R8, SFL, and RUE (Table 4.1). Narrow-sense 

heritability for Ei reported a value of 0.65. Harvest index was positively correlated with GY, A, R8, 

and RL, while negatively correlated with R5. HI heritability was similar to Ei heritability with 0.68. 

RUE, in turn, showed moderated additive-correlation with RL, R1, K, and AGR40, while its 

heritability was calculated to be 0.36. GY was positively associated with RL, R8, and A, while 

negatively correlated with R1 and R5. Narrow sense heritability for GY corresponded to 0.82. Other 

high genetic correlations include AGR40 with K, RL with R1 and R8 (Table 4.1). 

 

Ei is mainly determined by the AGR40 of the growing season with a path coefficient of 0.86 (Figure 

4.1A). Other variables influencing Ei include days to R1 and K with path coefficients of 0.12 and 

0.07, respectively. AGR40 along with LAI control K showing path coefficients of 0.59 and 0.19 

(Figure 4.1A). RUE is positively influenced by R1, iWUE, RL, K, and A (Figure 4.1B). Path 

coefficients for these associations varied from 0.73 to 0.13 with high values for R5, iWUE, and RL 

primarily. Increase of one standard deviation unit of R5 or RL augments 0.73 and 0.56 standard 

deviation units from the mean of RUE, respectively. In contrast, LAI and AGR40 negatively 

influence RUE with reduction of -0.30 and -0.22 standard deviation units in RUE when one 

standard deviation unit of LAI or AGR40 is increased, respectively. AGR40 also showed a positive 

effect in HI with changes in 0.33 standard deviation units per each standard deviation unit of 

increase (Figure 4.1). 



 

 

 

Table 4.1. Additive-genetic correlation and narrow-sense heritability (diagonal) from a multitrait mixed model for physiological and 

phenological variables in a maturity-controlled panel of soybean. Three hundred and eighty-one recombinants inbred lines (RIL) 

evaluated in three environments. A= photosynthesis, AGR40= average canopy coverage growth rate during the first 40 DAP, Ei= 

efficiency of light interception, GY= grain yield, HI= harvest index, K= light extinction coefficient, iWUE= intrinsic water use 

efficiency, LAI= leaf area index, R1= days to flowering, R5= days to beginning of seed formation, R8= days to maturity, RL= 

reproductive period length, RUE= radiation use efficiency, SFL= seed-filling length. 

Trait Ei HI GY RUE AGR40 R8 R1 R5 RL SFL LAI K A iWUE 

Ei 0.65 
             

HI 0.07 0.68 
            

GY 0.11* 0.62** 0.82 
           

RUE -0.35** -0.14** 0.20** 0.36 
          

AGR40 0.94** 0.11* 0.12* -0.27** 0.71 
         

R8 -0.41** 0.48** 0.49** 0.16** -0.33** 0.69 
        

R1 0.12* -0.32** -0.61** -0.35** 0.05* -0.26** 0.78 
       

R5 -0.08 -0.55** -0.41** 0.13* -0.05* 0.17** 0.55** 0.71 
      

RL -0.28** 0.50** 0.71** 0.31** -0.19** 0.73** -0.85** -0.29** 0.84 
     

SFL -0.47** 0.30** 0.29** 0.07 -0.43** 0.69** -0.18** 0.15** 0.51** 0.61 
    

LAI 0.23** -0.10* 0.30** -0.09* 0.30** 0.26** -0.02 0.30** 0.16** -0.27** 0.56 
   

K 0.67** -0.04 -0.05 -0.33** 0.64** -0.29** 0.02 -0.05 -0.16** -0.57** 0.37** 0.43 
  

A -0.03 0.72** 0.43** -0.12* -0.08 0.09* -0.27** -0.63** 0.24** 0.06 -0.18** -0.31** 0.20 
 

iWUE 0.02 -0.18** -0.02 0.25** 0.11* -0.36** -0.23** -0.43** -0.05 -0.30** -0.14** -0.19** 0.12* 0.20 

* p-value <0.05; ** p-value<0.01 
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Figure 4.1. Directed models through path analyses for additive-genetic relationship among physiological and phenological traits with 

light interception efficiency – Ei (A), radiation use efficiency – RUE (B), harvest index – HI (C), and grain yield – GY (D) in a 

maturity-controlled panel of soybean. Three hundred and eighty-three recombinants inbred lines (RIL) evaluated in three 

environments. A= photosynthesis, AGR40= average canopy coverage growth rate during the first 40 DAP, K= light extinction 

coefficient, iWUE= intrinsic water use efficiency, LAI= leaf area index, R1= days to flowering, R5= days to beginning of seed 

formation, R8= days to maturity, RL= reproductive period length, SFL= seed-filling length. 
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Apparent harvest index is highly influenced by photosynthesis, length of seed-filling period, 

average canopy coverage growth rate during the first 40 days, reproductive length, and days to R5 

(Figure 4.1C). All these variables are positively related to HI except by R5 with a negative path 

coefficient of 0.16. Photosynthesis presented the highest path coefficient for HI with 0.57; thus, 

an increase in one standard unit of A would produce a positive change in 0.57 standard units of HI. 

SFL and AGR40, also positively contribute to HI, where a change of one standard unit of either 

SFL or AGR40 produces an augment of 0.33 standard units on HI. The lowest path coefficient was 

observed for RL with 0.21. Grain yield was positively associated with HI, RUE and Ei with path 

coefficients of 0.50, 0.20, and 0.19, respectively (Figure 4.1D). Thus, a change in one standard 

unit of HI promotes an increase in 0.50 standard units in GY. Contrarily, days to flowering 

negatively influenced the grain yield in soybean showing a path coefficient of 0.37 (Figure 4.1D). 

Trends in the general model were kept with A and RL influencing HI and AGR40 explaining 

changes in Ei, while RL, R5, iWUE, and LAI were the main variables affecting RUE. 

 

The undirected model (Figure 4.2) showed a straight influence of RL, R1, and HI in final GY, while 

HI is directly associated with photosynthesis. This diagram also depicts the relationship between 

RL, R1, and R8 being this last connected to a node mainly associated with light interception through 

the variables Ei, AGR40, and K. RUE, LAI, and iWUE were not clustered with other traits through 

this undirected methodology. 

 

Table 4.2. Trait stability assessed through the Kendall additive-genetic correlation between the 

same trait evaluated in different environments for light interception efficiency – Ei, radiation use 

efficiency – RUE, and harvest index – HI in a maturity-controlled panel of soybean. Three 

hundred and eighty-three recombinants inbred lines (RIL) evaluated in three environments. 

Trait Environment ACRE_2017 ACRE_2018 RMN_2018 

Ei 

ACRE_2017 1.00   

ACRE_2018 -0.45 1.00  

RMN_2018 -0.49 0.82 1.00 

RUE 

ACRE_2017 1.00   

ACRE_2018 0.36 1.00  

RMN_2018 -0.41 -0.07 1.00 

HI 

ACRE_2017 1.00   

ACRE_2018 0.54 1.00  

RMN_2018 0.68 0.77 1.00 
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Finally, environmental stability was high for HI with Kendall-ranking correlation ranging from 

0.54 to 0.77 (Table 4.2). Light interception efficiency showed a high correlation for the locations 

evaluated during 2018 with a value of 0.82 but limited correlation when we compared 2017 and 

2018 environments. Radiation use efficiency, in turn, presented moderate correlation when 

compared environments from the same location through the years but poor stability between 

different locations in different years (Table 4.2). 

 

 

Figure 4.2. Undirected model through the LASSO algorithm for additive-genetic relationship 

among physiological and phenological traits with light interception efficiency – Ei, radiation use 

efficiency – RUE, harvest index – HI, and grain yield – GY in a maturity-controlled panel of 

soybean. Three hundred and eighty-three recombinants inbred lines (RIL) evaluated in three 

environments. A= photosynthesis, AGR40= average canopy coverage growth rate during the first 

40 DAP, K= light extinction coefficient, iWUE= intrinsic water use efficiency, LAI= leaf area 

index, R1= days to flowering, R5= days to beginning of seed formation, R8= days to maturity, 

RL= reproductive period length, SFL= seed-filling length. 

 

When the adaptability was assessed through the slopes from the joint regression including not only 

additive-genetic effect but also epistatic and the reduced dominance remaining, we found a 

moderate to high RILs’ adaptability for Ei, RUE, and HI with distributions centered at 1.0 and 
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narrow interquartile range (IQR) of 0.48, 0.02, and 0.09, respectively (Figure 4.3). In the case of 

GY, RILs showed medium to low adaptability with minimum and maximum values of -1.3 and 3.6 

and IQR of 1.1. 

 

 

Figure 4.3 Trait adaptability evaluated through the distribution for the slope from Finlay and 

Wilkinson joint regression for light interception efficiency – Ei (A), radiation use efficiency – 

RUE (B), harvest index – HI (C), and grain yield – GY (D) in a maturity-controlled panel of 

soybean. Two hundred and eighty-one recombinants inbred lines (RIL) evaluated in three 

environments. 

4.6 Discussion 

Path analysis is a multivariate methodology closely related to multivariate regression where the 

path coefficients correspond to standardized regression coefficients for the linear model suggested 

by the path diagram (Walsh and Lynch, 1998). The efficiency of light interception is an efficiency 

directly affected by canopy architecture and function (Chavarria et al., 2017). Changes in one 

standard unit of AGR40 are associated with changes in 0.86 standard units of Ei (Figure 4.1A). 

Our results indicate the efficiency of light interception is mainly a function of how fast the canopy 
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develops during the first stages rather than the maximum LAI achieved. This results also points 

out the importance of agronomic decisions affecting early canopy development such as distance 

between plants, distance between rows and planting date (Andrade et al., 2002; Edwards et al., 

2005; Shibles and Weber, 1966; Westgate et al., 1997) as viable strategies to maximize light 

interception. Additionally, since the indirect relationship of AGR40 and GY in the integrate path 

diagram it is suggested capitalizing in early light captured not only increase Ei but also might 

improve grain yield (Figure 4.1D). The positive effect of canopy coverage rate on grain yield is in 

accordance with previous reports in soybean and corn (Luque et al., 2006; Xavier et al., 2017a). 

Light extinction coefficient also influenced Ei (Figure 4.1 and Figure 4.2); since according to 

equation (2), K directly participate in the determination of the amount of solar light remaining after 

passing through layers of LAI (de Wit, 1965; Impens and Lemeur, 1969; Wang et al., 2007; Zhang 

et al., 2014). Therefore, greater K averages suggest planophile canopies with higher light 

attenuation while solar radiation passes through the leaves. However, high K may also imply less 

light interception in the lower third of the canopy and probably less canopy photosynthesis as 

demonstrated by Chen et al. (1994), who showed that upright leaves produced up to 25% higher 

canopy photosynthesis compared with planophile canopies. Our results are also coherent with 

previous finding of Duursma et al. (2012) who described light interception through a simple model 

involving crown density and leaf dispersion, two variables analog to canopy coverage and light 

extinction coefficient. LAI plays an indirect role in Ei (Figure 4.1A) through its influence in K that 

is explained by the multiplicative effect of LAI and K in the equation (2). Thus, greater LAI 

augments the number of layers that light must pass through, increasing the likelihood of solar 

radiation absorbed by the leaves. 

 

Radiation use efficiency is considered the efficiency to be targeted for new increases in grain yield 

to close the gap between current and potential GY values (Melis, 2009; Payne et al., 2012; 

Reynolds et al., 2012b). RUE indicates the capability to transform solar radiation, a free resource, 

into biomass through the plant metabolism. Our results indicate that this efficiency is mainly 

associated with phenological traits (Figure 4.1B). Longer reproductive length has been previously 

associated to higher grain yield in soybean (Xavier et al., 2017a) which along with delayed R5 

would allow to create stronger sources with extra photosynthates to later being translocate to pods 

and grains (Board and Harville, 1993; Board and Kahlon, 2011; Board and Tan, 1995). Intrinsic 
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water use efficiency (A/gs), even more than direct photosynthesis (~4 fold), was also positively 

associated with RUE indicating that high photosynthetic rates alone are not enough to produce 

high biomass production per unit of light intercepted (Figure 4.1B). High iWUE can reduce the 

loss of carbon fixation under short water deprivation events (Blankenagel et al., 2018) limiting the 

RUE decrease. In soybean, iWUE demonstrated independent variation for both photosynthesis and 

stomatal conductance with variation mainly attributed to changes in stomatal conductance rather 

than photosynthesis (Gilbert et al., 2011). Reduction in the seasonal RUE and GY in soybean is 

reported as a consequence of water stress during the pod initiation and seed filling (Adeboye et al., 

2016a; De Costa and Shanmugathasan, 2002). When water deprivation occurs, crop growth rate 

and dry matter production are reduced as a consequence of a net assimilation decrease mediated 

by the lack of CO2 coming into the leaf (Board and Kahlon, 2011). Likewise, increased daily 

saturation vapor pressure deficit, a key variable controlling transpiration, is reported as a factor for 

reducing RUE in sorghum and maize even under well-watered conditions (Stockle and Kiniry, 

1990). Importance of considering water dynamic in conjunction with carbon metabolism is also 

pointed out by Wu et al. (2019), who conclude that the impact of enhancing photosynthesis on 

yield is strongly dependable of the degree of water limitation. These authors suggest modeling the 

photosynthesis-stomatal conductance relationship as a key factor to better quantify theoretical 

impacts of improving photosynthesis. Influence of AGR40 and LAI is explained by their direct and 

indirect contribution to the cumulative light intercepted (Figure 4.1A), which corresponds to the 

denominator of RUE. These negative associations are also a consequence of the nonlinear 

relationship between light intercepted and biomass produced when larger amounts of light are 

intercepted (Edwards et al., 2005). Thus, under greater LAI that is likely promoted by high AGR40 

the soybean cannot maintain a constant rate of biomass production per each new amount of light 

intercepted diminishing the overall RUE. Asymptotic effect of 90% of total biomass in soybean 

was reported by Edwards et al. (2005), suggesting that any extra light intercepted above 911 MJ 

m-2 would produce a marginal augment of up to 10% in total biomass with even increases of just 

5% when PAR intercepted changed from 911 to 1142 MJ m-2. Reduction in LAI might contribute 

to enhance RUE in soybean and its feasibility is not completely discarded since it was 

demonstrated 1/3 defoliation did not affect yield and quality as long as LAI is above 3.0 (Board 

and Harville, 1993; Liu et al., 2008). 
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Harvest index is an indication of reproductive effort with a large contribution on grain yield 

achievements during the last decades, especially after the ‘green revolution’ (Donald and Hamblin, 

1976; Evans et al., 1999; Hay, 1995; Sadras and Lawson, 2011). Our results indicate a strong 

relationship between HI and A, SFL, and RL (Figure 4.1C); A being the most remarkable with 

increases in one standard unit of A promoting changes in 0.57 standard units in HI. Photosynthesis 

is the main process accounting for carbon fixation and along with respiration, control the 

carbohydrates available for grain filling (Board and Kahlon, 2011; Taiz et al., 2014). Extended 

filling period along with high CO2 fixation rates seem to be synergic events boosting the grain 

yield formation in soybean. Increased partitioning of carbohydrates is associated with better seed 

set in soybean (Board and Kahlon, 2011; Rotundo et al., 2012) as the availability of photosynthates 

during the filling period determines if the seed growing is sink or source limited, with sink 

limitation occurring when photosynthesis increases and source limitation when photosynthesis is 

reduced (Egli and Bruening, 2001). Strongly contribution to final GY from HI aligns with reports 

in wheat, where a significant positive correlation between photosynthesis traits, HI and GY is 

documented (Carmo-Silva et al., 2017; Foulkes et al., 2011; Xiao et al., 2012). In soybean, in turn, 

a recent study showed a high genetic correlation between A and GY (Lopez et al., 2019). The 

importance of the combination of photosynthesis and duration of the reproductive stage was also 

demonstrated by Boerma and Ashley (1988), who reported a high correlation of 0.78 between GY 

and the product canopy apparent photosynthesis by seed filling period. Augmented light 

interception during early stages in soybean increases both number of nodes and number of pods 

with positive effect not only in HI but also in GY (Board et al., 1992; Board and Tan, 1995). 

Number of pods per reproductive node was reported as the main yield component in soybean when 

a path analysis was carried out back in 1999 (Board et al., 1999), whereas high genetic correlation 

between early canopy development and GY is reported in soybean (Xavier et al., 2017a, 2017b). 

Days to R5 showed a negative moderate effect in HI that is explained by the direct effect of 

delaying R5 in the seed-feeling period considering the panel we evaluated is maturity controlled 

(Figure 4.1C). Progresses to increase reproductive length should focus on reducing the time 

required to flowering since increasing time to maturity involves the logistic problem associated 

with changes in the maturity group. Phenotypic variation for days to R1 exist since the data set we 

collected showed a range of variation for R1 from 13 to 20 days being an early as 33 days after 

planting. Although flowering in soybean is under the control of photoperiod, temperature, 
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irradiance, and eight “E” genes (Cober et al., 2014; Hadley et al., 1984), insensitive genotypes 

“day neutral” have been identified (Criswell and Hume, 1972; Islam et al., 2019; Nissly et al., 

1981; Polson, 1972; Shamugasundaram, 1981) suggesting cultivars with less sensitivity to 

photoperiod might be produced with theoretical positive effect on GY. 

 

Despite the unsupervised method cannot establish a direction and contribution value for each 

interaction, the graphical model based on LASSO algorithm revealed most of the relationship we 

found through the path analysis (Figure 4.2). The LASSO method not only minimizes the residual 

sum of squares but also constrain some coefficients to exactly zero performing a parallel variable 

selection (Tibshirani, 1996). Thus, the absence of connection between RUE, iWUE, and LAI with 

the full graphical model might be a consequence of overall weak correlations for each of these 

three traits with most of the other variables (Table 4.1) making the algorithm to minimize their 

contribution to the whole model. In the case of RUE, the lack of clustering can be associated also 

with the moderate inconsistency on the ranking of RILs among the environments mainly promoted 

by changes in location (ACRE vs RMN). These changes in ranking, GxE, found for RUE contrast 

with the low sensitivity to variations in location and year showed by HI (Table 4.2) and along with 

the low dispersion of the FWR slope (Figure 4.3C), suggest high stability-adaptability and less 

requirements of multi-environment trials during the HI determination. High stability for HI in 

determinate and indeterminate soybean evaluated in the south (Gainesville, FL) and north of the 

USA (Ithaca, NY) is already reported aligning with our findings (Spaeth et al., 1984). RUE, in turn, 

is strongly influenced by changes in the canopy among years but highly correlated among locations 

(Table 4.2). Differences among years in this study may be explained by particular responses of 

lines to planting dates since ACRE_2017 was planted late (May 31) compared with ACRE_2018 

(May 22) and RMN_2018 (May 17). A negative effect of late planting in LAI is reported for 

soybean (Parvez et al., 1989; Tagliapietra et al., 2018) with detrimental effect in grain yield also 

(Boote et al., 1998; Egli and Bruening, 1992, 2000; Egli and Cornelius, 2009). 

 

Genotype x environment (GxE) stability is a desirable performance when new cultivars are 

released (Bondari, 2003). In soybean, Xavier et al. (2018) recently reported seven genomic regions 

located on the chromosomes 4, 6, 9, 13, 15, and 18 contributing to GxE response. Likewise, 

another single region linked to yield stability on chromosome 18 was also documented. Our results 
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present adaptability evaluated through the slope of the Finley-Wilkinson’s joint regression (Finlay 

and Wilkinson, 1963) revealing better adaptability from the RILs for Ei, RUE, and HI than GY per 

se. According to the stability classification, the three efficiencies we assessed showed adaptability 

type II (Figure 4.3A-C); meaning the response to the environment is the same as the mean response 

with the regression’s slope equal to 1 (Bernardo, 2002). In this case in particular, type II suggests 

satisfactory adaptation to the environments evaluated that aligns with the original SoyNAM’s 

population goal of developing population to study grain yield with main focus on maturity group 

(MG) III (https://www.soybase.org/SoyNAM). We observed less adaptability for GY (Figure 4.3D) 

denoted through the wide distribution of the slopes around the center with 25% (70) of the RILs 

showing slopes>1.5 suggesting adaptability type III; better performance than the average in 

favorable environments but less than average in unfavorable environments (Bernardo, 2002). 

Contrary, 32% (89) showed a probable adaptability type IV for GY with slope <0.5, implying better 

than the average response in unfavorable environments but less than average performance in 

favorable environments (Bernardo, 2002). 50% (22) of the lines with suggested type III 

adaptability for GY come from family’s class high yielding under drought conditions, whereas 26% 

(28) and 15% (20) have diverse ancestry and high yielding genetic background, respectively. Our 

results suggest that material originally bred for environments with water limitations can also 

perform higher than the average in favorable environments as observed by Ceccarelli (2015) in 

barley. In this case, the genetic background for tolerance to water deficit did not impose a penalty 

to compete in such consider good environments. From the lines with proposed adaptability type 

IV for GY, 46% (60) derive from the high yielding background, 25% (27) come from families with 

diverse ancestry, and less than 1% (2) from high yielding under drought. Therefore, recombinant 

with high yielding genetic background response better to environment considered “unfavorable” 

indicating HY genetic background confers advantages in a wide range of environments. 

4.7 Conclusion 

Directed and undirected methodologies are able to capture the main relationships underlying light 

interception efficiency, radiation use efficiency, harvest index, and grain yield bringing new 

insights to strategically approach the breeding of complex traits. Advance in soybean productivity 

must encompass optimization in phenological and physiological processes where improvement on 

harvest index appears as a suitable strategy to achieve fast and significant advances in final grain 

https://www.soybase.org/SoyNAM
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yield. Breeding strategies to increase photosynthesis and water use efficiency are a priority because 

of their positive impact not only in harvest index but also in radiation use efficiency. Although 

extending the reproductive period length without affecting the total length cycle would require 

reducing the photoperiod sensitivity and planting earlier to complete the growing degree days 

required to flowering, this phenological improvement has a potential return in the overall soybean 

perform involving grain yield, harvest index, and radiation use efficiency. Trait stability for 

individual efficiencies accounting for grain yield, evaluated through the joint regression’s slope, 

is higher than the stability for grain yield itself which represent an advantage if selecting for Ei, 

RUE, or HI were implemented. 
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 CONCLUSIONS AND FUTURE WORKS 

Genetic variations along with moderate to high narrow sense heritability for light interception 

efficiency, radiation use efficiency and harvest index enable the use of these three efficiencies as 

main targets for breeding programs. Although this research gives insights about how 

methodologies based on remote phenotyping and genomic prediction can help to implement the 

breeding for Ei, RUE, and HI, additional research evaluating other sensors including but no 

limiting to thermal imagery, LIDAR, and multispectral need to be considered since they represent 

an opportunity to measure directly or indirectly these efficiencies or related processes. Thermal 

imagery can be useful to evaluate traits accounting for changes in the water status, encompassing 

water use efficiency, relative water content, and drought tolerance, while LIDAR may help to make 

conclusions about canopy architecture which according to our results, influences the light 

interception and plays a key role in the grain yield production especially in high yielding lines. 

Finally, multispectral imagery shows a potential to offer information about biomass quantity and 

composition as well as water status. Determining dry matter in weekly or biweekly bases through 

remote imagery might help to estimate parameter as radiation use efficiency for vegetative and 

reproductive stages, improving the correlation between the yield potential calculated through the 

equation and the empirical yield measured on field. Our research evaluated most of the parameters 

during the vegetative and early reproductive stages, but ground and remote phenotyping need to 

be extended to phenological events occurring late in the season as strategy to better understand the 

contribution of differentiated senescence patterns and leaf retention in the final grain yield. In this 

topic, multispectral imagery can help to create senescence profiles per line using changes in color 

as response variable, whereas simple metrics as the slope for this change in color or “attenuation 

color” can be correlated with final grain yield. 

 

The genetic architecture revealed in this study enabling the implementation of methodologies as 

marker assisted selection to screen new breeding populations for favorable alleles associated with 

high Ei, RUE, and HI. Likewise, our research also contributes with the genomic selection as a 

viable methodology where the breeding value of new unobserved lines can be estimated based not 

only on the markers associated with the specific trait, but also the markers available for the entire 

genome. This work needs to be complemented with validation studies to confirm the QTL we 
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found using independent populations. Although the genomic predictions models were five-fold 

cross-validated, it is required to implement these models in new populations derived from the 

parents or the RILs we evaluated to corroborate them through a methodology different to cross 

validation. 

 

Our results present the radiation use efficiency and the efficiency of light interception are the new 

frontier to keep increasing the yield potential in soybean when materials with high yielding are 

considered. Through supervised and unsupervised multivariate models, we defined variables to be 

prioritized during the breeding process to improve RUE and Ei. Extended reproductive and filling 

period, high intrinsic water use efficiency, and moderate leaf area index seem to be key to achieve 

higher RUE, while augmented canopy growth rate during the first 40 days after planting is critical 

to accomplish better Ei. Extending the filling period can be approached using agronomic and 

breeding strategies. From the agronomic perspective, planting earlier in the spring (beginning or 

middle April) might promote early flowering and extended reproductive period. Breeding in turn, 

can contribute reducing the sensitivity of photoperiod to allow early flowering during the growing 

cycle. In soybean, 11 major genes linked with flowering have been documented encompassing E1-

E10 and J, with E1-E4 also playing a role in maturity and adaptation to different latitudes (Cao et 

al., 2016a; Miladinović et al., 2018; Samanfar et al., 2017). From these genes already identified, 

the combination of certain alleles at E1, E3, and E4 seems promising since it induces photoperiod 

insensitive in soybean (Zhu et al., 2019) reducing the complexity of flowering as a process 

dependable of temperature solely. 

 

Although photosynthesis and water use efficiency contribute significant with radiation use 

efficiency and harvest index, breeding for these two gas exchange parameters faces important 

challenges mainly associated with their tedious phenotyping. Currently determining gas exchange 

parameters rely on infrared gas analyzer but future determination of these parameters in large 

panels requires exploring new technologies such as hyperspectral cameras and multivariate 

regressions methodologies to overcome the phenotyping bottleneck. Finally, crosses involving 

elite RILs or the parent of these elite RILs with high Ei, RUE, and HI is encouraged using a 

complementary or pyramiding approach to develop new population where it is expected to obtain 

some lines with enhanced light interception and light conversion, as well as high harvest index. 
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APPENDIX A. SUPPLEMENTARY TABLES 

Supplementary Table 1. Name, class and program of origin for the 32 families evaluated 

ID Family Class Program 

38 LG00-3372 Diverse ancestry USDA-ARS, University of Illinois 

24 LG03-2979 Diverse ancestry USDA-ARS, University of Illinois 

25 LG03-3191 Diverse ancestry USDA-ARS, University of Illinois 

26 LG04-4717 Diverse ancestry USDA-ARS, University of Illinois 

39 LG04-6000 Diverse ancestry USDA-ARS, University of Illinois 

27 LG05-4292 Diverse ancestry USDA-ARS, University of Illinois 

29 LG05-4464 Diverse ancestry USDA-ARS, University of Illinois 

30 LG05-4832 Diverse ancestry USDA-ARS, University of Illinois 

31 LG90-2550 Diverse ancestry USDA-ARS, University of Illinois 

32 LG92-1255 Diverse ancestry USDA-ARS, University of Illinois 

33 LG94-1128 Diverse ancestry USDA-ARS, University of Illinois 

34 LG94-1906 Diverse ancestry USDA-ARS, University of Illinois 

40 PI398881 High yield in drought Jim Specht 

54 PI404188A High yield in drought Jim Specht 

41 PI427136 High yield in drought Jim Specht 

42 PI437169B High yield in drought Jim Specht 

3 4J105-3-4 High yielding Purdue University 

4 5M20-2-5-2 High yielding Purdue University 

5 CL0J095-4-6 High yielding Purdue University 

6 CL0J173-6-8 High yielding Purdue University 

8 HS6-3976 High yielding Ohio State University 

10 LD00-3309 High yielding University of Illinois 

11 LD01-5907 High yielding University of Illinois 

12 LD02-4485 High yielding University of Illinois 

13 LD02-9050 High yielding University of Illinois 

14 Magellan High yielding University of Missouri 

15 Maverick High yielding University of Missouri 

18 NE3001 High yielding University of Nebraska 

9 Prohio High yielding USDA-ARS, Ohio State University 

22 Skylla High yielding Michigan State University 

2 TN05-3027 High yielding University of Tennesee 

23 U03-100612 High yielding University of Nebraska 
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Supplementary Table 2. List of recombinant inbred lines evaluated including family and class 

RIL Fam Dam Class 

DS11-02017 2 TN05-3027 High yielding 

DS11-02023 2 TN05-3027 High yielding 

DS11-02024 2 TN05-3027 High yielding 

DS11-02043 2 TN05-3027 High yielding 

DS11-02044 2 TN05-3027 High yielding 

DS11-02115 2 TN05-3027 High yielding 

DS11-02140 2 TN05-3027 High yielding 

DS11-02141 2 TN05-3027 High yielding 

DS11-02164 2 TN05-3027 High yielding 

DS11-02165 2 TN05-3027 High yielding 

DS11-02174 2 TN05-3027 High yielding 

DS11-02183 2 TN05-3027 High yielding 

DS11-03007 3 4J105-3-4 High yielding 

DS11-03010 3 4J105-3-4 High yielding 

DS11-03024 3 4J105-3-4 High yielding 

DS11-03034 3 4J105-3-4 High yielding 

DS11-03052 3 4J105-3-4 High yielding 

DS11-03055 3 4J105-3-4 High yielding 

DS11-03110 3 4J105-3-4 High yielding 

DS11-03126 3 4J105-3-4 High yielding 

DS11-03176 3 4J105-3-4 High yielding 

DS11-03177 3 4J105-3-4 High yielding 

DS11-03197 3 4J105-3-4 High yielding 

DS11-03198 3 4J105-3-4 High yielding 

DS11-04062 4 5M20-2-5-2 High yielding 

DS11-04098 4 5M20-2-5-2 High yielding 

DS11-04121 4 5M20-2-5-2 High yielding 

DS11-04124 4 5M20-2-5-2 High yielding 

DS11-04130 4 5M20-2-5-2 High yielding 

DS11-04146 4 5M20-2-5-2 High yielding 

DS11-04155 4 5M20-2-5-2 High yielding 

DS11-04163 4 5M20-2-5-2 High yielding 

DS11-04165 4 5M20-2-5-2 High yielding 

DS11-04168 4 5M20-2-5-2 High yielding 

DS11-04171 4 5M20-2-5-2 High yielding 

DS11-04179 4 5M20-2-5-2 High yielding 

DS11-05002 5 CL0J095-4-6 High yielding 

DS11-05006 5 CL0J095-4-6 High yielding 

DS11-05016 5 CL0J095-4-6 High yielding 

DS11-05047 5 CL0J095-4-6 High yielding 
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Supplementary Table 2 continued 

DS11-05072 5 CL0J095-4-6 High yielding 

DS11-05098 5 CL0J095-4-6 High yielding 

DS11-05113 5 CL0J095-4-6 High yielding 

DS11-05117 5 CL0J095-4-6 High yielding 

DS11-05121 5 CL0J095-4-6 High yielding 

DS11-05129 5 CL0J095-4-6 High yielding 

DS11-05156 5 CL0J095-4-6 High yielding 

DS11-05166 5 CL0J095-4-6 High yielding 

DS11-06019 6 CL0J173-6-8 High yielding 

DS11-06035 6 CL0J173-6-8 High yielding 

DS11-06044 6 CL0J173-6-8 High yielding 

DS11-06125 6 CL0J173-6-8 High yielding 

DS11-06131 6 CL0J173-6-8 High yielding 

DS11-06139 6 CL0J173-6-8 High yielding 

DS11-06144 6 CL0J173-6-8 High yielding 

DS11-06174 6 CL0J173-6-8 High yielding 

DS11-06182 6 CL0J173-6-8 High yielding 

DS11-06194 6 CL0J173-6-8 High yielding 

DS11-06197 6 CL0J173-6-8 High yielding 

DS11-06212 6 CL0J173-6-8 High yielding 

DS11-08020 8 HS6-3976 High yielding 

DS11-08026 8 HS6-3976 High yielding 

DS11-08031 8 HS6-3976 High yielding 

DS11-08041 8 HS6-3976 High yielding 

DS11-08062 8 HS6-3976 High yielding 

DS11-08077 8 HS6-3976 High yielding 

DS11-08101 8 HS6-3976 High yielding 

DS11-08116 8 HS6-3976 High yielding 

DS11-08129 8 HS6-3976 High yielding 

DS11-08135 8 HS6-3976 High yielding 

DS11-08185 8 HS6-3976 High yielding 

DS11-08187 8 HS6-3976 High yielding 

DS11-09043 9 Prohio High yielding 

DS11-09053 9 Prohio High yielding 

DS11-09104 9 Prohio High yielding 

DS11-09105 9 Prohio High yielding 

DS11-09121 9 Prohio High yielding 

DS11-09126 9 Prohio High yielding 

DS11-09128 9 Prohio High yielding 

DS11-09132 9 Prohio High yielding 

DS11-09141 9 Prohio High yielding 

DS11-09159 9 Prohio High yielding 
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Supplementary Table 2 continued 

DS11-09176 9 Prohio High yielding 

DS11-09196 9 Prohio High yielding 

DS11-10028 10 LD00-3309 High yielding 

DS11-10123 10 LD00-3309 High yielding 

DS11-10124 10 LD00-3309 High yielding 

DS11-10127 10 LD00-3309 High yielding 

DS11-10129 10 LD00-3309 High yielding 

DS11-10149 10 LD00-3309 High yielding 

DS11-10155 10 LD00-3309 High yielding 

DS11-10172 10 LD00-3309 High yielding 

DS11-10196 10 LD00-3309 High yielding 

DS11-10203 10 LD00-3309 High yielding 

DS11-10234 10 LD00-3309 High yielding 

DS11-10235 10 LD00-3309 High yielding 

DS11-11027 11 LD01-5907 High yielding 

DS11-11035 11 LD01-5907 High yielding 

DS11-11044 11 LD01-5907 High yielding 

DS11-11055 11 LD01-5907 High yielding 

DS11-11064 11 LD01-5907 High yielding 

DS11-11085 11 LD01-5907 High yielding 

DS11-11145 11 LD01-5907 High yielding 

DS11-11165 11 LD01-5907 High yielding 

DS11-11177 11 LD01-5907 High yielding 

DS11-11179 11 LD01-5907 High yielding 

DS11-11189 11 LD01-5907 High yielding 

DS11-11226 11 LD01-5907 High yielding 

DS11-12005 12 LD02-4485 High yielding 

DS11-12012 12 LD02-4485 High yielding 

DS11-12013 12 LD02-4485 High yielding 

DS11-12014 12 LD02-4485 High yielding 

DS11-12059 12 LD02-4485 High yielding 

DS11-12062 12 LD02-4485 High yielding 

DS11-12080 12 LD02-4485 High yielding 

DS11-12108 12 LD02-4485 High yielding 

DS11-12126 12 LD02-4485 High yielding 

DS11-12164 12 LD02-4485 High yielding 

DS11-12187 12 LD02-4485 High yielding 

DS11-12197 12 LD02-4485 High yielding 

DS11-13027 13 LD02-9050 High yielding 

DS11-13048 13 LD02-9050 High yielding 

DS11-13052 13 LD02-9050 High yielding 

DS11-13054 13 LD02-9050 High yielding 
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Supplementary Table 2 continued 

DS11-13067 13 LD02-9050 High yielding 

DS11-13083 13 LD02-9050 High yielding 

DS11-13107 13 LD02-9050 High yielding 

DS11-13133 13 LD02-9050 High yielding 

DS11-13141 13 LD02-9050 High yielding 

DS11-13147 13 LD02-9050 High yielding 

DS11-13172 13 LD02-9050 High yielding 

DS11-13189 13 LD02-9050 High yielding 

DS11-14069 14 Magellan High yielding 

DS11-14075 14 Magellan High yielding 

DS11-14088 14 Magellan High yielding 

DS11-14099 14 Magellan High yielding 

DS11-14102 14 Magellan High yielding 

DS11-14122 14 Magellan High yielding 

DS11-14141 14 Magellan High yielding 

DS11-14142 14 Magellan High yielding 

DS11-14167 14 Magellan High yielding 

DS11-14185 14 Magellan High yielding 

DS11-14187 14 Magellan High yielding 

DS11-14214 14 Magellan High yielding 

DS11-15003 15 Maverick High yielding 

DS11-15084 15 Maverick High yielding 

DS11-15092 15 Maverick High yielding 

DS11-15123 15 Maverick High yielding 

DS11-15137 15 Maverick High yielding 

DS11-15177 15 Maverick High yielding 

DS11-15185 15 Maverick High yielding 

DS11-15186 15 Maverick High yielding 

DS11-15187 15 Maverick High yielding 

DS11-15190 15 Maverick High yielding 

DS11-15196 15 Maverick High yielding 

DS11-15219 15 Maverick High yielding 

DS11-22009 22 Skylla High yielding 

DS11-22012 22 Skylla High yielding 

DS11-22015 22 Skylla High yielding 

DS11-22016 22 Skylla High yielding 

DS11-22066 22 Skylla High yielding 

DS11-22100 22 Skylla High yielding 

DS11-22114 22 Skylla High yielding 

DS11-22127 22 Skylla High yielding 

DS11-22142 22 Skylla High yielding 

DS11-22149 22 Skylla High yielding 
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Supplementary Table 2 continued 

DS11-22174 22 Skylla High yielding 

DS11-22179 22 Skylla High yielding 

DS11-23004 23 U03-100612 High yielding 

DS11-23008 23 U03-100612 High yielding 

DS11-23021 23 U03-100612 High yielding 

DS11-23032 23 U03-100612 High yielding 

DS11-23041 23 U03-100612 High yielding 

DS11-23044 23 U03-100612 High yielding 

DS11-23049 23 U03-100612 High yielding 

DS11-23056 23 U03-100612 High yielding 

DS11-23062 23 U03-100612 High yielding 

DS11-23068 23 U03-100612 High yielding 

DS11-23148 23 U03-100612 High yielding 

DS11-23164 23 U03-100612 High yielding 

DS11-24002 24 LG03-2979 Diverse ancestry 

DS11-24008 24 LG03-2979 Diverse ancestry 

DS11-24048 24 LG03-2979 Diverse ancestry 

DS11-24057 24 LG03-2979 Diverse ancestry 

DS11-24077 24 LG03-2979 Diverse ancestry 

DS11-24082 24 LG03-2979 Diverse ancestry 

DS11-24111 24 LG03-2979 Diverse ancestry 

DS11-24120 24 LG03-2979 Diverse ancestry 

DS11-24137 24 LG03-2979 Diverse ancestry 

DS11-24146 24 LG03-2979 Diverse ancestry 

DS11-24174 24 LG03-2979 Diverse ancestry 

DS11-24178 24 LG03-2979 Diverse ancestry 

DS11-25018 25 LG03-3191 Diverse ancestry 

DS11-25027 25 LG03-3191 Diverse ancestry 

DS11-25068 25 LG03-3191 Diverse ancestry 

DS11-25086 25 LG03-3191 Diverse ancestry 

DS11-25098 25 LG03-3191 Diverse ancestry 

DS11-25099 25 LG03-3191 Diverse ancestry 

DS11-25159 25 LG03-3191 Diverse ancestry 

DS11-25166 25 LG03-3191 Diverse ancestry 

DS11-25183 25 LG03-3191 Diverse ancestry 

DS11-25186 25 LG03-3191 Diverse ancestry 

DS11-25210 25 LG03-3191 Diverse ancestry 

DS11-25221 25 LG03-3191 Diverse ancestry 

DS11-26163 26 LG04-4717 Diverse ancestry 

DS11-26175 26 LG04-4717 Diverse ancestry 

DS11-26177 26 LG04-4717 Diverse ancestry 

DS11-26185 26 LG04-4717 Diverse ancestry 
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Supplementary Table 2 continued 

DS11-26201 26 LG04-4717 Diverse ancestry 

DS11-26202 26 LG04-4717 Diverse ancestry 

DS11-26221 26 LG04-4717 Diverse ancestry 

DS11-26287 26 LG04-4717 Diverse ancestry 

DS11-26316 26 LG04-4717 Diverse ancestry 

DS11-26322 26 LG04-4717 Diverse ancestry 

DS11-26339 26 LG04-4717 Diverse ancestry 

DS11-26342 26 LG04-4717 Diverse ancestry 

DS11-27153 27 LG05-4292 Diverse ancestry 

DS11-27186 27 LG05-4292 Diverse ancestry 

DS11-27191 27 LG05-4292 Diverse ancestry 

DS11-27198 27 LG05-4292 Diverse ancestry 

DS11-27206 27 LG05-4292 Diverse ancestry 

DS11-27208 27 LG05-4292 Diverse ancestry 

DS11-27215 27 LG05-4292 Diverse ancestry 

DS11-27240 27 LG05-4292 Diverse ancestry 

DS11-27252 27 LG05-4292 Diverse ancestry 

DS11-27268 27 LG05-4292 Diverse ancestry 

DS11-27310 27 LG05-4292 Diverse ancestry 

DS11-27337 27 LG05-4292 Diverse ancestry 

DS11-29039 29 LG05-4464 Diverse ancestry 

DS11-29063 29 LG05-4464 Diverse ancestry 

DS11-29068 29 LG05-4464 Diverse ancestry 

DS11-29096 29 LG05-4464 Diverse ancestry 

DS11-29113 29 LG05-4464 Diverse ancestry 

DS11-29127 29 LG05-4464 Diverse ancestry 

DS11-29154 29 LG05-4464 Diverse ancestry 

DS11-29155 29 LG05-4464 Diverse ancestry 

DS11-29166 29 LG05-4464 Diverse ancestry 

DS11-29185 29 LG05-4464 Diverse ancestry 

DS11-29195 29 LG05-4464 Diverse ancestry 

DS11-29206 29 LG05-4464 Diverse ancestry 

DS11-30008 30 LG05-4832 Diverse ancestry 

DS11-30030 30 LG05-4832 Diverse ancestry 

DS11-30043 30 LG05-4832 Diverse ancestry 

DS11-30055 30 LG05-4832 Diverse ancestry 

DS11-30068 30 LG05-4832 Diverse ancestry 

DS11-30092 30 LG05-4832 Diverse ancestry 

DS11-30102 30 LG05-4832 Diverse ancestry 

DS11-30121 30 LG05-4832 Diverse ancestry 

DS11-30124 30 LG05-4832 Diverse ancestry 

DS11-30125 30 LG05-4832 Diverse ancestry 
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Supplementary Table 2 continued 

DS11-30128 30 LG05-4832 Diverse ancestry 

DS11-30179 30 LG05-4832 Diverse ancestry 

DS11-31011 31 LG90-2550 Diverse ancestry 

DS11-31019 31 LG90-2550 Diverse ancestry 

DS11-31051 31 LG90-2550 Diverse ancestry 

DS11-31066 31 LG90-2550 Diverse ancestry 

DS11-31079 31 LG90-2550 Diverse ancestry 

DS11-31083 31 LG90-2550 Diverse ancestry 

DS11-31093 31 LG90-2550 Diverse ancestry 

DS11-31099 31 LG90-2550 Diverse ancestry 

DS11-31111 31 LG90-2550 Diverse ancestry 

DS11-31160 31 LG90-2550 Diverse ancestry 

DS11-31175 31 LG90-2550 Diverse ancestry 

DS11-31178 31 LG90-2550 Diverse ancestry 

DS11-32022 32 LG92-1255 Diverse ancestry 

DS11-32038 32 LG92-1255 Diverse ancestry 

DS11-32076 32 LG92-1255 Diverse ancestry 

DS11-32077 32 LG92-1255 Diverse ancestry 

DS11-32118 32 LG92-1255 Diverse ancestry 

DS11-32154 32 LG92-1255 Diverse ancestry 

DS11-32166 32 LG92-1255 Diverse ancestry 

DS11-32178 32 LG92-1255 Diverse ancestry 

DS11-32183 32 LG92-1255 Diverse ancestry 

DS11-32184 32 LG92-1255 Diverse ancestry 

DS11-32206 32 LG92-1255 Diverse ancestry 

DS11-32211 32 LG92-1255 Diverse ancestry 

DS11-33008 33 LG94-1128 Diverse ancestry 

DS11-33022 33 LG94-1128 Diverse ancestry 

DS11-33044 33 LG94-1128 Diverse ancestry 

DS11-33060 33 LG94-1128 Diverse ancestry 

DS11-33064 33 LG94-1128 Diverse ancestry 

DS11-33098 33 LG94-1128 Diverse ancestry 

DS11-33104 33 LG94-1128 Diverse ancestry 

DS11-33125 33 LG94-1128 Diverse ancestry 

DS11-33129 33 LG94-1128 Diverse ancestry 

DS11-33132 33 LG94-1128 Diverse ancestry 

DS11-33160 33 LG94-1128 Diverse ancestry 

DS11-33182 33 LG94-1128 Diverse ancestry 

DS11-34003 34 LG94-1906 Diverse ancestry 

DS11-34028 34 LG94-1906 Diverse ancestry 

DS11-34032 34 LG94-1906 Diverse ancestry 

DS11-34033 34 LG94-1906 Diverse ancestry 
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Supplementary Table 2 continued 

DS11-34055 34 LG94-1906 Diverse ancestry 

DS11-34059 34 LG94-1906 Diverse ancestry 

DS11-34080 34 LG94-1906 Diverse ancestry 

DS11-34096 34 LG94-1906 Diverse ancestry 

DS11-34110 34 LG94-1906 Diverse ancestry 

DS11-34125 34 LG94-1906 Diverse ancestry 

DS11-34128 34 LG94-1906 Diverse ancestry 

DS11-34140 34 LG94-1906 Diverse ancestry 

DS11-38036 38 LG00-3372 Diverse ancestry 

DS11-38081 38 LG00-3372 Diverse ancestry 

DS11-38091 38 LG00-3372 Diverse ancestry 

DS11-38108 38 LG00-3372 Diverse ancestry 

DS11-38135 38 LG00-3372 Diverse ancestry 

DS11-38144 38 LG00-3372 Diverse ancestry 

DS11-38145 38 LG00-3372 Diverse ancestry 

DS11-38148 38 LG00-3372 Diverse ancestry 

DS11-38165 38 LG00-3372 Diverse ancestry 

DS11-38179 38 LG00-3372 Diverse ancestry 

DS11-38186 38 LG00-3372 Diverse ancestry 

DS11-38201 38 LG00-3372 Diverse ancestry 

DS11-39128 39 LG04-6000 Diverse ancestry 

DS11-39141 39 LG04-6000 Diverse ancestry 

DS11-39185 39 LG04-6000 Diverse ancestry 

DS11-39192 39 LG04-6000 Diverse ancestry 

DS11-39199 39 LG04-6000 Diverse ancestry 

DS11-39222 39 LG04-6000 Diverse ancestry 

DS11-39225 39 LG04-6000 Diverse ancestry 

DS11-39227 39 LG04-6000 Diverse ancestry 

DS11-39249 39 LG04-6000 Diverse ancestry 

DS11-39254 39 LG04-6000 Diverse ancestry 

DS11-39259 39 LG04-6000 Diverse ancestry 

DS11-39270 39 LG04-6000 Diverse ancestry 

DS11-40001 40 PI398881 High yield in drought 

DS11-40030 40 PI398881 High yield in drought 

DS11-40040 40 PI398881 High yield in drought 

DS11-40046 40 PI398881 High yield in drought 

DS11-40050 40 PI398881 High yield in drought 

DS11-40064 40 PI398881 High yield in drought 

DS11-40100 40 PI398881 High yield in drought 

DS11-40120 40 PI398881 High yield in drought 

DS11-40123 40 PI398881 High yield in drought 

DS11-40158 40 PI398881 High yield in drought 
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Supplementary Table 2 continued 

DS11-40161 40 PI398881 High yield in drought 

DS11-40188 40 PI398881 High yield in drought 

DS11-41007 41 PI427136 High yield in drought 

DS11-41050 41 PI427136 High yield in drought 

DS11-41112 41 PI427136 High yield in drought 

DS11-41123 41 PI427136 High yield in drought 

DS11-41129 41 PI427136 High yield in drought 

DS11-41141 41 PI427136 High yield in drought 

DS11-41157 41 PI427136 High yield in drought 

DS11-41195 41 PI427136 High yield in drought 

DS11-41204 41 PI427136 High yield in drought 

DS11-41208 41 PI427136 High yield in drought 

DS11-41232 41 PI427136 High yield in drought 

DS11-41238 41 PI427136 High yield in drought 

DS11-42002 42 PI437169B High yield in drought 

DS11-42007 42 PI437169B High yield in drought 

DS11-42015 42 PI437169B High yield in drought 

DS11-42023 42 PI437169B High yield in drought 

DS11-42054 42 PI437169B High yield in drought 

DS11-42066 42 PI437169B High yield in drought 

DS11-42079 42 PI437169B High yield in drought 

DS11-42092 42 PI437169B High yield in drought 

DS11-42112 42 PI437169B High yield in drought 

DS11-42121 42 PI437169B High yield in drought 

DS11-42125 42 PI437169B High yield in drought 

DS11-42135 42 PI437169B High yield in drought 

DS11-54022 54 PI404188A High yield in drought 

DS11-54033 54 PI404188A High yield in drought 

DS11-54039 54 PI404188A High yield in drought 

DS11-54077 54 PI404188A High yield in drought 

DS11-54114 54 PI404188A High yield in drought 

DS11-54121 54 PI404188A High yield in drought 

DS11-54125 54 PI404188A High yield in drought 

DS11-54144 54 PI404188A High yield in drought 

DS11-54146 54 PI404188A High yield in drought 

DS11-54162 54 PI404188A High yield in drought 

DS11-54164 54 PI404188A High yield in drought 

DS11-54181 54 PI404188A High yield in drought 

DS12-18003 18 NE3001 High yielding 

DS12-18004 18 NE3001 High yielding 

DS12-18030 18 NE3001 High yielding 

DS12-18043 18 NE3001 High yielding 
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Supplementary Table 2 continued 

DS12-18048 18 NE3001 High yielding 

DS12-18067 18 NE3001 High yielding 

DS12-18073 18 NE3001 High yielding 

DS12-18074 18 NE3001 High yielding 

DS12-18082 18 NE3001 High yielding 

DS12-18144 18 NE3001 High yielding 

DS12-18150 18 NE3001 High yielding 

DS12-18186 18 NE3001 High yielding 
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Supplementary Table 3. Soil fertility information based on soil analyses reports from single 

composite sample 

Environment / Parameter ACRE_2017 ACRE_2018 RMN_2018 

Soil type 
Raub-Brenton 

complex 

Chalmers silty 

clay loam 
Drummer 

Organic Matter % 3.5 4.1 4.2 

Macronutrients 

Phosphorus P* ppm 28 24 25 

Potassium K* ppm 117 110 201 

Magnesium Mg* ppm 673 720 853 

Calcium Ca* ppm 2265 2714 3524 

Sulfur S* ppm 7 4 6 

pH 
Soil pH   6.3 6.8 6.9 

Buffer pH   6.8     

CEC meq/100g 19.6 20.4 25.6 

Cation 

saturation 

K % 1.5 1.4 2 

Mg % 28.6 29.5 27.8 

Ca % 57.7 66.6 68.9 

H % 12.2 2.5 1.3 

Micronutrients 

Zinc Zn* ppm 1.4 1.6 2.2 

Manganese Mn* ppm 18 15 16 

Iron Fe* ppm 169 117 175 

Copper Cu* ppm 2.4 2.8 4.3 

Boron B* ppm 0.3 0.5 0.6 

* Mehlich-3 extraction 

Lab: a&lgreatlakes laboratories, Fort Wayne, IN 
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Supplementary Table 4. Water balance for the location ACRE_2017 

DAP Date  
Pre ETo Kc ET UWS Irri Stor Exc Def 

Note 
(mm) mm mm mm mm mm mm mm mm 

1 6/1/2017 0.0 3.2 0.3 1.0 36.4   35.4 FALSE FALSE   

2 6/2/2017 0.0 3.9 0.3 1.2 35.4   34.3 FALSE FALSE   

3 6/3/2017 0.0 4.0 0.3 1.2 34.3   33.1 FALSE FALSE   

4 6/4/2017 0.0 4.2 0.3 1.2 33.1   31.8 FALSE FALSE   

5 6/5/2017 3.8 2.1 0.3 0.6 31.8   35.0 FALSE FALSE   

6 6/6/2017 0.0 3.7 0.3 1.1 35.0   33.9 FALSE FALSE   

7 6/7/2017 0.0 3.5 0.3 1.0 33.9   32.9 FALSE FALSE   

8 6/8/2017 0.0 3.2 0.3 0.9 32.9   31.9 FALSE FALSE   

9 6/9/2017 0.0 3.9 0.3 1.2 31.9   30.8 FALSE FALSE   

10 6/10/2017 0.0 3.2 0.3 1.0 30.8   29.8 FALSE FALSE   

11 6/11/2017 0.0 3.5 0.3 1.1 29.8   28.7 FALSE FALSE   

12 6/12/2017 0.0 3.6 0.3 1.1 28.7   27.7 FALSE FALSE   

13 6/13/2017 0.0 3.7 0.3 1.1 27.7   26.6 FALSE FALSE   

14 6/14/2017 23.6 2.9 0.3 0.9 26.6   49.3 12.9 FALSE   

15 6/15/2017 18.0 2.3 0.3 0.7 36.4   53.7 17.3 FALSE   

16 6/16/2017 11.4 3.2 0.3 1.0 36.4   46.8 10.5 FALSE   

17 6/17/2017 4.1 2.5 0.3 0.8 36.4   39.7 3.3 FALSE   

18 6/18/2017 14.5 2.1 0.3 0.6 36.4   50.2 13.8 FALSE   

19 6/19/2017 2.8 2.1 0.3 0.6 36.4   38.6 2.2 FALSE   

20 6/20/2017 0.0 2.9 0.3 0.9 36.4   35.5 FALSE FALSE   

21 6/21/2017 3.6 3.5 0.6 2.1 35.5   37.0 0.6 FALSE   

22 6/22/2017 0.0 3.4 0.6 2.0 36.4   34.4 FALSE FALSE   

23 6/23/2017 0.0 1.8 0.6 1.1 34.4   33.3 FALSE FALSE   

24 6/24/2017 25.4 0.8 0.6 0.5 33.3   58.2 21.8 FALSE   

25 6/25/2017 0.0 2.6 0.6 1.5 36.4   34.8 FALSE FALSE   

26 6/26/2017 0.0 2.5 0.6 1.5 34.8   33.3 FALSE FALSE   

27 6/27/2017 0.8 1.9 0.6 1.1 33.3   33.0 FALSE FALSE   

28 6/28/2017 0.0 3.3 0.6 2.0 33.0   31.0 FALSE FALSE   

29 6/29/2017 0.0 2.6 0.6 1.5 31.0   29.5 FALSE FALSE   

30 6/30/2017 27.4 2.4 0.6 1.4 29.5   55.5 19.1 FALSE   

31 7/1/2017 21.1 1.0 0.6 0.6 36.4   56.9 20.5 FALSE   

32 7/2/2017 0.0 2.7 0.6 1.6 36.4   34.8 FALSE FALSE   

33 7/3/2017 0.0 3.6 0.6 2.2 34.8   32.6 FALSE FALSE   

34 7/4/2017 0.0 3.1 0.6 1.9 32.6   30.7 FALSE FALSE   

35 7/5/2017 0.0 2.9 0.6 1.7 30.7   29.0 FALSE FALSE   

36 7/6/2017 0.0 2.2 0.6 1.3 29.0   27.7 FALSE FALSE   

37 7/7/2017 0.0 2.9 0.6 1.7 27.7   26.0 FALSE FALSE   

38 7/8/2017 10.4 2.3 0.6 1.4 26.0   35.0 FALSE FALSE   

39 7/9/2017 0.0 2.7 0.6 1.6 35.0   33.4 FALSE FALSE   
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Supplementary Table 4 continued 

40 7/10/2017 0.0 3.6 0.6 2.2 33.4   31.2 FALSE FALSE   

41 7/11/2017 0.0 1.2 0.9 1.1 31.2   30.1 FALSE FALSE   

42 7/12/2017 47.0 0.9 0.9 0.8 30.1   76.3 39.9 FALSE   

43 7/13/2017 43.2 1.8 0.9 1.6 36.4   77.9 41.6 FALSE   

44 7/14/2017 0.5 1.6 0.9 1.5 36.4   35.4 FALSE FALSE   

45 7/15/2017 0.0 2.7 0.9 2.4 35.4   33.0 FALSE FALSE   

46 7/16/2017 0.0 2.9 0.9 2.6 33.0   30.3 FALSE FALSE   

47 7/17/2017 0.0 2.5 0.9 2.2 30.3   28.1 FALSE FALSE   

48 7/18/2017 0.0 3.2 0.9 2.9 28.1   25.2 FALSE FALSE   

49 7/19/2017 0.0 3.5 0.9 3.1 25.2   22.1 FALSE FALSE   

50 7/20/2017 0.0 2.7 0.9 2.5 22.1   19.6 FALSE FALSE   

51 7/21/2017 6.1 1.9 0.9 1.7 19.6   24.0 FALSE FALSE   

52 7/22/2017 26.9 2.6 0.9 2.4 24.0   48.5 12.1 FALSE   

53 7/23/2017 39.6 1.4 0.9 1.3 36.4   74.7 38.4 FALSE   

54 7/24/2017 4.8 2.5 0.9 2.2 36.4   39.0 2.6 FALSE   

55 7/25/2017 0.0 2.3 0.9 2.0 36.4   34.4 FALSE FALSE   

56 7/26/2017 0.0 3.2 0.9 2.9 34.4   31.5 FALSE FALSE   

57 7/27/2017 0.0 2.5 0.9 2.3 31.5   29.2 FALSE FALSE   

58 7/28/2017 1.3 1.5 0.9 1.4 29.2   29.1 FALSE FALSE   

59 7/29/2017 0.0 2.3 0.9 2.0 29.1   27.1 FALSE FALSE   

60 7/30/2017 0.0 3.1 0.9 2.8 27.1   24.3 FALSE FALSE   

61 7/31/2017 0.0 3.3 1.1 3.6 24.3   20.6 FALSE FALSE   

62 8/1/2017 0.0 3.1 1.1 3.4 20.6   17.3 FALSE FALSE   

63 8/2/2017 2.5 2.1 1.1 2.3 17.3   17.5 FALSE FALSE   

64 8/3/2017 0.0 3.0 1.1 3.3 17.5   14.2 FALSE FALSE   

65 8/4/2017 22.6 1.8 1.1 2.0 14.2   34.8 FALSE FALSE   

66 8/5/2017 5.3 0.8 1.1 0.8 34.8   39.3 3.0 FALSE   

67 8/6/2017 0.0 2.3 1.1 2.6 36.4   33.8 FALSE FALSE Measurements 

68 8/7/2017 0.3 0.5 1.1 0.6 33.8   33.5 FALSE FALSE Measurements 

69 8/8/2017 0.0 1.8 1.1 2.0 33.5   31.5 FALSE FALSE Measurements 

70 8/9/2017 0.0 3.3 1.1 3.6 31.5   27.9 FALSE FALSE Measurements 

71 8/10/2017 0.0 2.6 1.1 2.8 27.9   25.1 FALSE FALSE Measurements 

72 8/11/2017 0.0 2.2 1.1 2.4 25.1   22.7 FALSE FALSE Measurements 

73 8/12/2017 0.3 1.9 1.1 2.1 22.7   20.8 FALSE FALSE   

74 8/13/2017 0.0 2.5 1.1 2.8 20.8   18.1 FALSE FALSE   

75 8/14/2017 0.0 3.1 1.1 3.4 18.1   14.7 FALSE FALSE   

76 8/15/2017 0.0 2.7 1.1 2.9 14.7   11.8 FALSE FALSE   

77.0 8/16/2017 0.0 2.6 1.1 2.8 11.8   9.0 FALSE FALSE   

78.0 8/17/2017 0.0 2.7 1.1 2.9 9.0   6.0 FALSE FALSE   

79.0 8/18/2017 0.5 1.7 1.1 1.9 6.0   4.6 FALSE FALSE   

80.0 8/19/2017 0.0 2.3 1.1 2.6 4.6   2.1 FALSE FALSE   

81 8/20/2017 0.0 2.6 1.1 2.9 2.1   -0.8 FALSE -0.8   
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Supplementary Table 4 continued 

82 8/21/2017 0.0 2.9 1.1 3.2 -0.8   -4.0 FALSE -4.0   

83 8/22/2017 30.5 1.8 1.1 2.0 -4.0   24.5 FALSE FALSE   

84 8/23/2017 50.3 1.4 1.1 1.5 24.5   73.2 36.8 FALSE   

85 8/24/2017 0.0 2.3 1.1 2.5 36.4   33.8 FALSE FALSE   

86 8/25/2017 0.0 2.2 1.1 2.5 33.8   31.4 FALSE FALSE   

87 8/26/2017 0.0 2.2 1.1 2.5 31.4   28.9 FALSE FALSE   

88 8/27/2017 0.0 2.4 1.1 2.6 28.9   26.3 FALSE FALSE   

89 8/28/2017 0.0 2.5 1.1 2.7 26.3   23.6 FALSE FALSE   

90 8/29/2017 11.7 2.2 1.1 2.4 23.6   32.8 FALSE FALSE   

91 8/30/2017 0.0 1.7 1.1 1.9 32.8   30.9 FALSE FALSE   

92 8/31/2017 0.0 2.1 1.1 2.4 30.9   28.6 FALSE FALSE   

93 9/1/2017 0.0 1.5 1.1 1.7 28.6   26.9 FALSE FALSE   

94 9/2/2017 0.0 1.3 1.1 1.5 26.9   25.4 FALSE FALSE   

95 9/3/2017 0.0 2.4 1.1 2.7 25.4   22.8 FALSE FALSE   

96 9/4/2017 0.0 2.3 0.3 0.7 22.8   22.1 FALSE FALSE   

97 9/5/2017 2.3 2.1 0.3 0.6 22.1   23.8 FALSE FALSE   

98 9/6/2017 0.0 1.7 0.3 0.5 23.8   23.2 FALSE FALSE   

99 9/7/2017 0.0 1.7 0.3 0.5 23.2   22.8 FALSE FALSE   

100 9/8/2017 0.0 1.2 0.3 0.4 22.8   22.4 FALSE FALSE   

101 9/9/2017 0.0 2.3 0.3 0.7 22.4   21.7 FALSE FALSE   

102 9/10/2017 0.0 1.9 0.3 0.6 21.7   21.1 FALSE FALSE   

103 9/11/2017 0.0 2.2 0.3 0.6 21.1   20.5 FALSE FALSE   

104 9/12/2017 0.0 1.7 0.3 0.5 20.5   20.0 FALSE FALSE   

105 9/13/2017 0.0 1.9 0.3 0.6 20.0   19.4 FALSE FALSE   

106 9/14/2017 0.8 0.3 0.3 0.1 19.4   20.1 FALSE FALSE   

107 9/15/2017 0.3 1.6 0.3 0.5 20.1   19.8 FALSE FALSE   

108 9/16/2017 0.0 2.5 0.3 0.7 19.8   19.1 FALSE FALSE   

109 9/17/2017 0.0 2.3 0.3 0.7 19.1   18.4 FALSE FALSE   

110 9/18/2017 23.4 1.8 0.3 0.5 18.4   41.2 4.8 FALSE   

111 9/19/2017 0.8 1.2 0.0 0.0 36.4   37.1 0.8 FALSE   

Pre Precipitation 

ET0 Evapotranspiration of reference 

Kc Crop factor for water consume 

ET Crop evapotranspiration 

UWS Usable water sheet 

Irri Irrigation 

Stor Storage water in soil 

Exc Excess water sheet 

Def Deficient water sheet 
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Supplementary Table 5. Water balance for the location ACRE_2018 

DAP Date  
Pre ETo Kc ET UWS Irri Stor Exc Def 

Note  
(mm) mm mm mm mm mm mm mm mm 

1 5/23/2018 0.0 2.1 0.3 0.6 37.5   36.9 FALSE FALSE   

2 5/24/2018 0.0 3.0 0.3 0.9 36.9   36.0 FALSE FALSE   

3 5/25/2018 0.0 3.9 0.3 1.2 36.0   34.8 FALSE FALSE   

4 5/26/2018 0.0 4.0 0.3 1.2 34.8   33.6 FALSE FALSE   

5 5/27/2018 0.8 2.2 0.3 0.7 33.6   33.7 FALSE FALSE   

6 5/28/2018 0.0 4.0 0.3 1.2 33.7   32.5 FALSE FALSE   

7 5/29/2018 0.0 3.9 0.3 1.2 32.5   31.4 FALSE FALSE   

8 5/30/2018 0.0 2.6 0.3 0.8 31.4   30.6 FALSE FALSE   

9 5/31/2018 43.4 0.7 0.3 0.2 30.6   73.8 36.3 FALSE   

10 6/1/2018 12.2 2.8 0.3 0.8 37.5   48.8 11.4 FALSE   

11 6/2/2018 0.5 3.2 0.3 1.0 37.5   37.0 FALSE FALSE   

12 6/3/2018 0.0 2.6 0.3 0.8 37.0   36.3 FALSE FALSE   

13 6/4/2018 0.0 3.5 0.3 1.0 36.3   35.2 FALSE FALSE   

14 6/5/2018 0.0 3.5 0.3 1.0 35.2   34.2 FALSE FALSE   

15 6/6/2018 0.0 3.0 0.3 0.9 34.2   33.3 FALSE FALSE   

16 6/7/2018 0.0 3.4 0.3 1.0 33.3   32.3 FALSE FALSE   

17 6/8/2018 19.3 2.9 0.3 0.9 32.3   50.7 13.2 FALSE   

18 6/9/2018 0.3 2.3 0.3 0.7 37.5   37.0 FALSE FALSE   

19 6/10/2018 8.6 1.8 0.3 0.5 37.0   45.1 7.7 FALSE   

20 6/11/2018 51.6 0.1 0.3 0.0 37.5   89.0 51.5 FALSE   

21 6/12/2018 0.0 0.9 0.6 0.5 37.5   37.0 FALSE FALSE   

22 6/13/2018 0.0 1.4 0.6 0.9 37.0   36.1 FALSE FALSE   

23 6/14/2018 0.0 2.7 0.6 1.6 36.1   34.4 FALSE FALSE   

24 6/15/2018 0.0 3.4 0.6 2.0 34.4   32.4 FALSE FALSE   

25 6/16/2018 0.0 4.1 0.6 2.4 32.4   30.0 FALSE FALSE   

26 6/17/2018 0.0 3.4 0.6 2.0 30.0   27.9 FALSE FALSE   

27 6/18/2018 0.0 3.1 0.6 1.8 27.9   26.1 FALSE FALSE   

28 6/19/2018 0.0 3.1 0.6 1.9 26.1   24.3 FALSE FALSE   

29 6/20/2018 3.6 1.9 0.6 1.1 24.3   26.7 FALSE FALSE   

30 6/21/2018 0.0 1.8 0.6 1.1 26.7   25.6 FALSE FALSE   

31 6/22/2018 48.3 0.3 0.6 0.2 25.6   73.7 36.2 FALSE   

32 6/23/2018 3.6 1.0 0.6 0.6 37.5   40.4 2.9 FALSE   

33 6/24/2018 0.5 0.8 0.6 0.5 37.5   37.5 0.0 FALSE   

34 6/25/2018 0.0 2.9 0.6 1.8 37.5   35.7 FALSE FALSE   

35 6/26/2018 0.0 2.6 0.6 1.5 35.7   34.2 FALSE FALSE   

36 6/27/2018 9.4 1.3 0.6 0.8 34.2   42.8 5.3 FALSE   

37 6/28/2018 0.0 1.8 0.6 1.1 37.5   36.4 FALSE FALSE   

38 6/29/2018 0.0 3.3 0.6 2.0 36.4   34.4 FALSE FALSE   

39 6/30/2018 0.0 2.8 0.6 1.7 34.4   32.7 FALSE FALSE   
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Supplementary Table 5 continued 

40 7/1/2018 0.0 3.1 0.6 1.9 32.7   30.9 FALSE FALSE   

41 7/2/2018 0.0 1.6 0.9 1.5 30.9   29.4 FALSE FALSE   

42 7/3/2018 1.3 3.0 0.9 2.7 29.4   27.9 FALSE FALSE   

43 7/4/2018 0.0 3.6 0.9 3.3 27.9   24.6 FALSE FALSE   

44 7/5/2018 0.0 3.0 0.9 2.7 24.6   22.0 FALSE FALSE   

45 7/6/2018 23.6 0.5 0.9 0.4 22.0   45.1 7.7 FALSE   

46 7/7/2018 0.0 3.0 0.9 2.7 37.5   34.8 FALSE FALSE   

47 7/8/2018 0.0 3.3 0.9 3.0 34.8   31.8 FALSE FALSE   

48 7/9/2018 0.0 4.2 0.9 3.8 31.8   28.0 FALSE FALSE   

49 7/10/2018 0.0 3.5 0.9 3.2 28.0   24.8 FALSE FALSE   

50 7/11/2018 10.2 2.5 0.9 2.2 24.8   32.7 FALSE FALSE   

51 7/12/2018 0.0 3.2 0.9 2.9 32.7   29.9 FALSE FALSE   

52 7/13/2018 0.0 3.6 0.9 3.2 29.9   26.6 FALSE FALSE   

53 7/14/2018 0.0 3.6 0.9 3.3 26.6   23.4 FALSE FALSE   

54 7/15/2018 0.0 1.8 0.9 1.6 23.4   21.8 FALSE FALSE   

55 7/16/2018 0.5 2.3 0.9 2.0 21.8   20.3 FALSE FALSE   

56 7/17/2018 2.0 2.5 0.9 2.2 20.3   20.1 FALSE FALSE   

57 7/18/2018 0.0 3.2 0.9 2.9 20.1   17.2 FALSE FALSE   

58 7/19/2018 0.0 3.5 0.9 3.2 17.2   14.0 FALSE FALSE   

59 7/20/2018 2.0 2.9 0.9 2.6 14.0   13.4 FALSE FALSE   

60 7/21/2018 1.3 1.8 0.9 1.6 13.4   13.0 FALSE FALSE   

61 7/22/2018 6.9 1.5 1.1 1.7 13.0   18.2 FALSE FALSE   

62 7/23/2018 0.0 1.5 1.1 1.6 18.2   16.6 FALSE FALSE   

63 7/24/2018 0.0 1.9 1.1 2.1 16.6   14.5 FALSE FALSE   

64 7/25/2018 0.0 3.2 1.1 3.5 14.5   11.0 FALSE FALSE   

65 7/26/2018 0.0 3.3 1.1 3.7 11.0   7.3 FALSE FALSE   

66 7/27/2018 0.0 2.3 1.1 2.5 7.3   4.8 FALSE FALSE   

67 7/28/2018 0.0 2.5 1.1 2.7 4.8   2.1 FALSE FALSE   

68 7/29/2018 5.3 2.6 1.1 2.8 2.1   4.6 FALSE FALSE   

69 7/30/2018 0.0 0.5 1.1 0.5 4.6   4.1 FALSE FALSE   

70 7/31/2018 3.8 1.0 1.1 1.1 4.1   6.8 FALSE FALSE   

71 8/1/2018 15.8 0.5 1.1 0.6 6.8   22.0 FALSE FALSE   

72 8/2/2018 0.0 2.4 1.1 2.6 22.0   19.4 FALSE FALSE   

73 8/3/2018 10.7 2.9 1.1 3.2 19.4   26.9 FALSE FALSE   

74 8/4/2018 0.0 2.9 1.1 3.2 26.9   23.7 FALSE FALSE   

75 8/5/2018 0.0 3.0 1.1 3.3 23.7   20.4 FALSE FALSE   

76 8/6/2018 0.0 2.9 1.1 3.2 20.4   17.2 FALSE FALSE   

77 8/7/2018 19.8 2.1 1.1 2.3 17.2   34.7 FALSE FALSE   

78 8/8/2018 4.3 1.8 1.1 2.0 34.7   37.0 FALSE FALSE   

79 8/9/2018 0.0 2.2 1.1 2.4 37.0   34.6 FALSE FALSE Measurements 

80 8/10/2018 0.0 2.8 1.1 3.0 34.6   31.5 FALSE FALSE Measurements 

81 8/11/2018 2.3 2.1 1.1 2.3 31.5   31.5 FALSE FALSE Measurements 
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Supplementary Table 5 continued 

82 8/12/2018 0.0 2.2 1.1 2.4 31.5   29.2 FALSE FALSE Measurements 

83 8/13/2018 0.0 3.1 1.1 3.4 29.2   25.8 FALSE FALSE Measurements 

84 8/14/2018 0.0 3.1 1.1 3.4 25.8   22.4 FALSE FALSE Measurements 

85 8/15/2018 0.0 2.6 1.1 2.8 22.4   19.6 FALSE FALSE   

86 8/16/2018 12.7 0.5 1.1 0.6 19.6   31.7 FALSE FALSE   

87 8/17/2018 4.1 1.4 1.1 1.5 31.7   34.2 FALSE FALSE   

88 8/18/2018 34.3 1.3 1.1 1.4 34.2   67.0 29.6 FALSE   

89 8/19/2018 0.0 1.9 1.1 2.0 37.5   35.4 FALSE FALSE   

90 8/20/2018 0.0 2.4 1.1 2.6 35.4   32.8 FALSE FALSE   

91 8/21/2018 32.3 1.0 1.1 1.1 32.8   63.9 26.4 FALSE   

92 8/22/2018 1.3 1.5 1.1 1.7 37.5   37.1 FALSE FALSE   

93 8/23/2018 0.0 2.2 1.1 2.4 37.1   34.7 FALSE FALSE   

94 8/24/2018 0.0 2.4 1.1 2.7 34.7   32.1 FALSE FALSE   

95 8/25/2018 0.0 1.1 1.1 1.2 32.1   30.8 FALSE FALSE   

96 8/26/2018 0.0 0.9 0.3 0.3 30.8   30.5 FALSE FALSE   

97 8/27/2018 0.0 2.4 0.3 0.7 30.5   29.8 FALSE FALSE   

98 8/28/2018 0.0 2.4 0.3 0.7 29.8   29.1 FALSE FALSE   

99 8/29/2018 0.0 2.4 0.3 0.7 29.1   28.4 FALSE FALSE   

100 8/30/2018 9.1 1.4 0.3 0.4 28.4   37.1 FALSE FALSE   

101 8/31/2018 0.0 2.1 0.3 0.6 37.1   36.5 FALSE FALSE   

102 9/1/2018 0.0 2.5 0.3 0.7 36.5   35.7 FALSE FALSE   

103 9/2/2018 0.0 2.5 0.3 0.7 35.7   35.0 FALSE FALSE   

104 9/3/2018 0.0 2.7 0.3 0.8 35.0   34.2 FALSE FALSE   

105 9/4/2018 0.0 2.8 0.3 0.8 34.2   33.4 FALSE FALSE   

106 9/5/2018 0.0 1.3 0.3 0.4 33.4   33.0 FALSE FALSE   

107 9/6/2018 0.0 2.6 0.3 0.8 33.0   32.2 FALSE FALSE   

108 9/7/2018 0.0 1.6 0.3 0.5 32.2   31.7 FALSE FALSE   

109 9/8/2018 52.8 0.2 0.3 0.0 31.7   84.5 47.0 FALSE   

110 9/9/2018 0.0 0.2 0.3 0.1 37.5   37.4 FALSE FALSE   

Pre Precipitation 

ET0 Evapotranspiration of reference 

Kc Crop factor for water consume 

ET Crop evapotranspiration 

UWS Usable water sheet 

Irri Irrigation 

Stor Storage water in soil 

Exc Excess water sheet 

Def Deficient water sheet 
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Supplementary Table 6. Water balance for the location RMN_2018 

DAP Date 
Pre ETo Kc ET UWS Irri Stor Exc Def 

Note 
(mm) mm mm mm mm mm mm mm mm 

1 5/18/2018 0.0 1.1 0.3 0.3 33.3   33.0 FALSE FALSE   

2 5/19/2018 7.9 1.0 0.3 0.3 33.0   40.5 7.3 FALSE   

3 5/20/2018 0.3 1.7 0.3 0.5 33.3   33.0 FALSE FALSE   

4 5/21/2018 0.0 2.0 0.3 0.6 33.0   32.4 FALSE FALSE   

5 5/22/2018 0.8 1.4 0.3 0.4 32.4   32.7 FALSE FALSE   

6 5/23/2018 0.0 2.6 0.3 0.8 32.7   32.0 FALSE FALSE   

7 5/24/2018 0.0 3.5 0.3 1.0 32.0   30.9 FALSE FALSE   

8 5/25/2018 0.0 4.2 0.3 1.3 30.9   29.7 FALSE FALSE   

9 5/26/2018 0.0 4.2 0.3 1.3 29.7   28.4 FALSE FALSE   

10 5/27/2018 7.4 2.8 0.3 0.8 28.4   34.9 1.6 FALSE   

11 5/28/2018 0.0 4.3 0.3 1.3 33.3   32.0 FALSE FALSE   

12 5/29/2018 0.0 4.5 0.3 1.3 32.0   30.6 FALSE FALSE   

13 5/30/2018 0.0 3.0 0.3 0.9 30.6   29.7 FALSE FALSE   

14 5/31/2018 30.0 0.8 0.3 0.2 29.7   59.5 26.2 FALSE   

15 6/1/2018 3.3 3.3 0.3 1.0 33.3   35.6 2.3 FALSE   

16 6/2/2018 6.4 3.0 0.3 0.9 33.3   38.7 5.4 FALSE   

17 6/3/2018 0.0 3.5 0.3 1.0 33.3   32.2 FALSE FALSE   

18 6/4/2018 0.0 3.5 0.3 1.1 32.2   31.2 FALSE FALSE   

19 6/5/2018 0.0 3.7 0.3 1.1 31.2   30.1 FALSE FALSE   

20 6/6/2018 0.0 3.3 0.3 1.0 30.1   29.1 FALSE FALSE   

21 6/7/2018 0.0 3.7 0.6 2.2 29.1   26.9 FALSE FALSE   

22 6/8/2018 15.0 3.6 0.6 2.2 26.9   39.6 6.4 FALSE   

23 6/9/2018 1.8 2.4 0.6 1.5 33.3   33.6 0.3 FALSE   

24 6/10/2018 0.5 2.2 0.6 1.3 33.3   32.5 FALSE FALSE   

25 6/11/2018 25.2 0.1 0.6 0.1 32.5   57.6 24.3 FALSE   

26 6/12/2018 0.3 1.1 0.6 0.6 33.3   32.9 FALSE FALSE   

27 6/13/2018 0.0 1.4 0.6 0.8 32.9   32.1 FALSE FALSE   

28 6/14/2018 0.5 3.0 0.6 1.8 32.1   30.7 FALSE FALSE   

29 6/15/2018 0.0 3.6 0.6 2.1 30.7   28.6 FALSE FALSE   

30 6/16/2018 0.0 4.6 0.6 2.8 28.6   25.8 FALSE FALSE   

31 6/17/2018 0.0 3.8 0.6 2.3 25.8   23.6 FALSE FALSE   

32 6/18/2018 0.0 3.6 0.6 2.2 23.6   21.4 FALSE FALSE   

33 6/19/2018 0.0 3.5 0.6 2.1 21.4   19.3 FALSE FALSE   

34 6/20/2018 0.0 2.0 0.6 1.2 19.3   18.1 FALSE FALSE   

35 6/21/2018 4.8 1.5 0.6 0.9 18.1   22.0 FALSE FALSE   

36 6/22/2018 8.4 0.7 0.6 0.4 22.0   30.0 FALSE FALSE   

37 6/23/2018 31.8 1.5 0.6 0.9 30.0   60.8 27.5 FALSE   

38 6/24/2018 0.0 1.7 0.6 1.0 33.3   32.3 FALSE FALSE   

39 6/25/2018 0.0 2.7 0.6 1.6 32.3   30.7 FALSE FALSE   
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Supplementary Table 6 continued 

40 6/26/2018 0.0 2.0 0.6 1.2 30.7   29.5 FALSE FALSE   

41 6/27/2018 13.2 1.4 0.9 1.3 29.5   41.4 8.1 FALSE   

42 6/28/2018 0.3 2.0 0.9 1.8 33.3   31.8 FALSE FALSE   

43 6/29/2018 0.0 3.5 0.9 3.1 31.8   28.6 FALSE FALSE   

44 6/30/2018 0.0 3.3 0.9 3.0 28.6   25.6 FALSE FALSE   

45 7/1/2018 0.0 2.9 0.9 2.6 25.6   23.0 FALSE FALSE   

46 7/2/2018 0.0 3.1 0.9 2.8 23.0   20.2 FALSE FALSE   

47 7/3/2018 0.8 2.7 0.9 2.4 20.2   18.6 FALSE FALSE   

48 7/4/2018 0.8 3.4 0.9 3.1 18.6   16.3 FALSE FALSE   

49 7/5/2018 0.0 3.6 0.9 3.2 16.3   13.1 FALSE FALSE   

50 7/6/2018 14.5 0.8 0.9 0.7 13.1   26.9 FALSE FALSE   

51 7/7/2018 1.4 3.2 0.9 2.8 26.9   25.4 FALSE FALSE   

52 7/8/2018 0.0 3.6 0.9 3.3 25.4   22.2 FALSE FALSE   

53 7/9/2018 0.0 4.3 0.9 3.9 22.2   18.3 FALSE FALSE   

54 7/10/2018 0.0 3.5 0.9 3.2 18.3   15.1 FALSE FALSE   

55 7/11/2018 9.9 2.5 0.9 2.3 15.1   22.8 FALSE FALSE   

56 7/12/2018 0.0 3.2 0.9 2.9 22.8   19.9 FALSE FALSE   

57 7/13/2018 0.0 3.7 0.9 3.4 19.9   16.5 FALSE FALSE   

58 7/14/2018 1.1 3.7 0.9 3.4 16.5   14.3 FALSE FALSE   

59 7/15/2018 1.5 2.1 0.9 1.9 14.3   13.9 FALSE FALSE   

60 7/16/2018 4.3 2.7 0.9 2.4 13.9   15.7 FALSE FALSE   

61 7/17/2018 0.1 2.4 1.1 2.7 15.7   13.1 FALSE FALSE   

62 7/18/2018 0.0 3.5 1.1 3.8 13.1   9.3 FALSE FALSE   

63 7/19/2018 0.3 4.0 1.1 4.3 9.3   5.2 FALSE FALSE   

64 7/20/2018 4.9 3.4 1.1 3.7 5.2   6.4 FALSE FALSE   

65 7/21/2018 8.8 2.3 1.1 2.5 6.4   12.7 FALSE FALSE   

66 7/22/2018 7.8 1.4 1.1 1.5 12.7   19.0 FALSE FALSE   

67 7/23/2018 2.5 1.3 1.1 1.4 19.0   20.1 FALSE FALSE   

68 7/24/2018 0.0 1.7 1.1 1.8 20.1   18.3 FALSE FALSE   

69 7/25/2018 0.0 3.1 1.1 3.4 18.3   14.9 FALSE FALSE   

70 7/26/2018 0.0 3.5 1.1 3.8 14.9   11.1 FALSE FALSE   

71 7/27/2018 0.0 2.8 1.1 3.1 11.1   8.1 FALSE FALSE   

72 7/28/2018 0.0 2.7 1.1 3.0 8.1   5.1 FALSE FALSE   

73 7/29/2018 2.2 2.7 1.1 3.0 5.1   4.3 FALSE FALSE   

74 7/30/2018 15.9 0.6 1.1 0.6 4.3   19.5 FALSE FALSE   

75 7/31/2018 11.8 0.7 1.1 0.8 19.5   30.5 FALSE FALSE   

76 8/1/2018 4.6 0.4 1.1 0.5 30.5   34.6 1.3 FALSE Measurements 

77 8/2/2018 0.0 2.7 1.1 3.0 33.3   30.3 FALSE FALSE Measurements 

78 8/3/2018 0.8 3.0 1.1 3.3 30.3   27.8 FALSE FALSE Measurements 

79 8/4/2018 0.1 2.7 1.1 3.0 27.8   24.9 FALSE FALSE Measurements 

80 8/5/2018 0.0 2.9 1.1 3.2 24.9   21.8 FALSE FALSE Measurements 

81 8/6/2018 12.2 2.7 1.1 2.9 21.8   31.0 FALSE FALSE   
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Supplementary Table 6 continued 

82 8/7/2018 9.0 1.4 1.1 1.6 31.0   38.4 5.2 FALSE   

83 8/8/2018 5.6 1.6 1.1 1.8 33.3   37.1 3.8 FALSE   

84 8/9/2018 0.4 2.3 1.1 2.6 33.3   31.1 FALSE FALSE   

85 8/10/2018 0.0 3.1 1.1 3.4 31.1   27.8 FALSE FALSE   

86 8/11/2018 2.5 2.2 1.1 2.4 27.8   27.9 FALSE FALSE   

87 8/12/2018 0.0 2.0 1.1 2.2 27.9   25.7 FALSE FALSE   

88 8/13/2018 0.0 2.7 1.1 3.0 25.7   22.7 FALSE FALSE   

89 8/14/2018 0.0 3.1 1.1 3.4 22.7   19.3 FALSE FALSE   

90 8/15/2018 0.0 2.7 1.1 3.0 19.3   16.2 FALSE FALSE   

91 8/16/2018 4.1 0.5 1.1 0.5 16.2   19.8 FALSE FALSE   

92 8/17/2018 10.4 1.2 1.1 1.3 19.8   28.9 FALSE FALSE   

93 8/18/2018 7.4 1.6 1.1 1.7 28.9   34.5 1.2 FALSE   

94 8/19/2018 0.3 2.0 1.1 2.2 33.3   31.4 FALSE FALSE   

95 8/20/2018 0.0 2.8 1.1 3.1 31.4   28.3 FALSE FALSE   

96 8/21/2018 18.0 1.3 0.3 0.4 28.3   45.9 12.7 FALSE   

97 8/22/2018 1.8 1.6 0.3 0.5 33.3   34.6 1.3 FALSE   

98 8/23/2018 0.0 2.5 0.3 0.7 33.3   32.6 FALSE FALSE   

99 8/24/2018 0.0 2.9 0.3 0.9 32.6   31.7 FALSE FALSE   

100 8/25/2018 0.0 1.2 0.3 0.4 31.7   31.3 FALSE FALSE   

101 8/26/2018 20.6 0.8 0.3 0.3 31.3   51.6 18.4 FALSE   

102 8/27/2018 0.0 2.3 0.3 0.7 33.3   32.6 FALSE FALSE   

103 8/28/2018 0.0 2.5 0.3 0.8 32.6   31.9 FALSE FALSE   

104 8/29/2018 0.0 2.7 0.3 0.8 31.9   31.1 FALSE FALSE   

105 8/30/2018 1.8 1.6 0.3 0.5 31.1   32.3 FALSE FALSE   

106 8/31/2018 0.0 2.6 0.3 0.8 32.3   31.6 FALSE FALSE   

107 9/1/2018 0.0 2.8 0.3 0.8 31.6   30.7 FALSE FALSE   

108 9/2/2018 0.0 2.2 0.3 0.7 30.7   30.1 FALSE FALSE   

109 9/3/2018 1.0 2.3 0.3 0.7 30.1   30.4 FALSE FALSE   

110 9/4/2018 0.0 2.6 0.3 0.8 30.4   29.6 FALSE FALSE   

111 9/5/2018 0.0 2.9 0.0 0.0 29.6   29.6 FALSE FALSE   

Pre Precipitation 

ET0 Evapotranspiration of reference 

Kc Crop factor for water consume 

ET Crop evapotranspiration 

UWS Usable water sheet 

Irri Irrigation 

Stor Storage water in soil 

Exc Excess water sheet 

Def Deficient water sheet 
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APPENDIX B. SUPPLEMENTARY FIGURES 

 

 

 

 

 

 

 

 

Supplementary Figure 1. Comparative for yield (A) and maturity (B) between the phenology-

controlled panel and the full SoyNAM panel. 
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Supplementary Figure 2. Histogram of distribution for light interception efficiency (A), radiation 

use efficiency (B), harvest index (C) and grain yield (D). Three hundred and eighty-three 

Recombinant Inbred Lines (RIL) and three environments. K-S corresponds to the p-value for the 

Kolmogorov-Smirnov test. 
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Supplementary Figure 3. Descriptive information about SNPs. Principal components 

discrimination of the 32 families considered based on genomic information (SNP) (A). Original 

allele frequency of the 50K projected SNP for the phenology-controlled soybean panel (B). 

 

Supplementary Figure 4. Light response curve for random selected soybean cultivars to 

determine the stable phase in photosynthesis. 
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Supplementary Figure 5. Histogram of distribution for photosynthesis (A), transpiration (B), 

water use efficiency (C), and stomatal conductance (D) in a maturity-controlled panel of 

soybean. Three hundred and eighty-three lines and three environments. 
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Supplementary Figure 6. Diurnal dynamic of photosynthesis (A), transpiration (B), water use 

efficiency (C), and stomatal conductance (D) in a maturity-controlled panel of soybean. Three 

hundred and eighty-three Recombinant Inbred Lines (RIL) and three environments. 
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Supplementary Figure 7. Comparison between the Best Linear Unbiased Predictors for 

transpiration and water use efficiency from two statistical models fitted with and without 

including Vapor Pressure Deficit (VPD) as covariate in a maturity-controlled panel of soybean. 

Three hundred and eighty-three Recombinant Inbred Lines (RIL) and three environments. 
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Supplementary Figure 8. Phenotypic variation for gas exchange parameters in location 

ACRE_2017 across soybean families. Photosynthesis (A), transpiration (B), water use efficiency 

(C), and stomatal conductance (D) in a maturity-controlled panel of soybean. Three hundred and 

two Recombinant Inbred Lines (RIL) and three environments. Colors represents the type of 

population assigned to the parent when the SoyNAM panel was developed. Red circles denote 

the mean value. 
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Supplementary Figure 9. Phenotypic variation for gas exchange parameters in location 

ACRE_2018 across soybean families. Photosynthesis (A), transpiration (B), water use efficiency 

(C), and stomatal conductance (D in a maturity-controlled panel of soybean. Three hundred and 

eighty-two Recombinant Inbred Lines (RIL) and three environments. Colors represents the type 

of population assigned to the parent when the SoyNAM panel was developed. Red circles denote 

the mean value. 
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Supplementary Figure 10. Phenotypic variation for gas exchange parameters in location 

RMN_2018 across soybean families. Photosynthesis (A), transpiration (B), water use efficiency 

(C), and stomatal conductance (D) in a maturity-controlled panel of soybean. Three hundred and 

sixty-eight Recombinant Inbred Lines (RIL) and three environments. Colors represents the type 

of population assigned to the parent when the SoyNAM panel was developed. Red circles denote 

the mean value. 
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Supplementary Figure 11. Genomic prediction accuracy via expectation maximization (EM) for 

gas exchange parameter in soybean. Photosynthesis (A), transpiration (B), water use efficiency 

(C), stomatal conductance (D). Three hundred and eighty-two Recombinant Inbred Lines (RIL) 

and three environments.
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