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By 2050, the food demand is expected to increase at least 59% worldwide, which has 

imposed a tremendous challenge to current agricultural infrastructures and practices. Besides 

utilization of improved pesticides and better understanding of field management, breeding crop 

cultivars efficiently becomes a key point of achieving the goal, feeding the world. 

Plant breeding has been described from its origin as the art and science of the selection 

process. Today the statement still hold true, however, with the evolution of the complex data, the 

improvement of analytical methodologies becomes an important component of plant breeding 

which can make the decision-making process more efficient. The goal of this dissertation is to 

test different statistical methodologies to improve analytical challenges related to plant breeding. 

Due to various field conditions, the environmental variation undoubtedly affects the 

performance of experimental units, which makes unbiasedly evaluating genotype performance 

very challenging. To alleviate the environmental impact, post hoc blocking was tested, which 

improved genetic parameter estimations by considering the heterogeneous environmental 

variation, and showed to help with decision making in plant breeding. This study also used 

zoysiagrass data as model crop to evaluate the impact of drought conditions, being more 
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prevalent in the past years, on the estimations of broad-sense heritability and genotype by 

environment interaction. In addition to the improved estimation and understanding about the 

drought, being able to collect phenotypic data in a fast manner will boost the breeding efficiency. 

Hence, this study focused on evaluation of statistical methodologies to improve the prediction 

performance of multi-sensor system. With competitive prediction accuracy, the current 

implemented sensor system could be a more lucrative alternative to traditional data harvest.  

In summary, this study indicates that appropriate statistical methodologies could be very 

helpful to enhance plant breeding efficiency and has showed potential solutions to existing issues 

known to breeding programs. 
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CHAPTER 1 

INTRODUCTION 

Plant breeding has been described from its origin as the art and science of the selection 

process. However, with the evolution of complex data collection and improved analytical 

methodologies, the process of decision-making relies more on scientific information. The goal of 

this dissertation is to test different statistical methodologies to improve analytical challenges 

related to plant breeding. 

Randomized complete block (RCB) designs are widely used in plant science because of 

their simplicity to design, analyze (Clewer and Scarisbrick, 2013) and compare treatments, 

including different genotypes (Anderson and McLean 1974, Montgomery et al. 1984). For the 

RCB design to be effective, the environmental variation within a given block should be relatively 

small. However, this is usually not the case when numerous (hundreds or thousands) genotypes 

are tested in a single breeding experiment (Montgomery et al. 1984). The block size increases as 

the number of genotypes tested increases, causing a loss in the design’s capacity to appropriately 

control for environmental variation. Several alternatives exist for this challenge at both the 

design and analysis stages. At the design stage, more efficient experimental designs that consider 

some control of spatial variation, can be implemented, such as incomplete block (IB) designs and 

row-column (R-C) designs (Welham et al., 2014), which use smaller and incomplete strata to 

group genotypes. At the analysis stage, there are statistical alternatives such as spatial analysis 

(Gilmour et al., 1997) and post-hoc blocking that can provide relevant improvements in the 

estimation and prediction of parameters (Gezan et al., 2006).  

Post-hoc blocking is a tool that superimposes a new experimental layout onto the original 

design and then the data are analyzed assuming this new design (Patterson and Hunter 1983). 

This method was initially proposed as a low cost alternative to evaluate new potential 
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experimental designs without the necessity of establish the experiments in the field (Patterson 

and Hunter 1983, Gezan et al. 2006). For example, implementation of resolvable IB on top of an 

RCB design increases the homogeneity within the smaller incomplete blocking structure. In 

other cases, if a two-trend gradient environmental variation exist, then a R-C design can be 

superimposed to increase uniformity of the experiment by considering two-way spatial blocking 

(John and Eccleston 1986). The increase in efficiency at controlling experimental errors for both 

the IB and R-C designs over the original RCB designs has been previously presented using 

experimental field data in wheat, Triticum spp. (Qiao et al., 2000), and with simulated data (Fu et 

al. 1998, Fu et al. 1999, Qiao et al. 2000, Gezan et al. 2006, Kravchenko et al. 2006). 

In breeding programs, often many genotypes are screened using RCB designs. By 

evaluation of the application of post hoc blocking methods on already established experiments, 

we expect to improve the estimation accuracy of genetic effects; and therefore, increase the 

reliability of information when making selections, that, in turn, will result in greater genetic 

gains. Moreover, the evaluation of post hoc blocking may provide evidence of more efficient 

experimental designs, which can be implemented in future. 

Zoysiagrass (Zoysia spp.) is an important warm-season turfgrass species adapted for 

states in humid, warm, transitional zones and into the Midwest and Northeastern United States. 

Two species are important to the turfgrass industry, Z. japonica Steud. and Z. matrella (L.) Merr. 

(Brede and Sun, 1995). Both species are tetraploids, 2n = 4x = 40. Phenotypically they can be 

differentiated by leaf texture, where Z. japonica typically has leaves that range from medium to 

coarse leaf texture, and leaves of Z. matrella are fine textured (Forbes, 1952). Because 

zoysiagrass is a tetraploid and the species can hybridize, breeding programs typically observe 

significant phenotypic variation. Variation in zoysiagrass has been reported to occur for turf 
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quality, seed head density (Schwartz et al., 2009), DNA content (Schwartz et al., 2010a), shade 

(Morton et al., 1991), salinity (Marcum et al., 1998; Qian et al., 2000), drought (Marcum et al., 

1995; White et al., 2001), temperature adaptations (Patton and Reicher, 2007), diseases (Green et 

al., 1994), nematodes (Busey et al., 1982; Schwartz et al., 2010b), insects(Braman et al., 2000; 

Reinert and Engelke, 1992) and fusillade herbicide resistance (Leon et al., 2014). With the 

extensive presence of genetic variation within this genus and the development of several 

breeding programs across the US, it is important to determine the most efficient analytical tools 

that provide best accuracy of estimation of genetic parameters. Therefore, in the second chapter 

of this study, the post hoc blocking will be tested to check if it could improve the accuracy of 

genetic parameter estimations. 

To further improve the selection efficiency in cultivar development and provide critical 

information regarding its performance in various locations, establishment of experiments at 

multiple sites to learn about the heritability, breeding values of genotypes and related genotype 

by environment (GxE) interaction become more and more important. The concept of interaction 

between genotype and environment was first raised (Haldane, 1946) in an article, ‘The 

interaction of Nature and Nurture’, stating in a broad sense that the combination of species and 

environment would have an impact on the phenotypic features of creatures. Later, in Allard and 

Bradshaw (1964), the genotype-by-environment (GxE) interaction concept was revisited again 

and emphasized in context of plant breeding. Moreover, this concept has been reviewed many 

times in various disciplines, such as plant science (Eberhart and Russell, 1966; Hoeck et al., 

2000), animal behavior (Bergeman and Plomin, 1989; Plomin and Hershberger, 1991; Plomin et 

al., 1977), and plant breeding (Allard and Bradshaw, 1964; Annicchiarico, 2002; Becker and 

Leon, 1988). 
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The concept of GxE interaction has a critical role in cultivar development, specifically in 

evaluating the phenotypic stability in crop breeding (Kang, 1997). In the scenario of plant 

breeding, the genotype usually refers to a cultivar or tested genotypes (i.e. with genetically 

homogeneous materials or heterogeneous) and the term environments relate to the climate, soil, 

pest pressure at a given location of the year. The GxE interaction is reflected in the performance 

of genotypes at various locations and impact differing traits such as extreme temperatures and 

water shortage (Billings, 1987; Hoekstra et al., 2001). Specifically, some genotypes may thrive 

in particular regions, whereas, in other regions they may perform poorly (Finlay and Wilkinson, 

1963; Lin and Binns, 1988; Otoo and Asiedu, 2006). In plant breeding, multiple locations with 

the same genotypes are typically set up of cultivar development, especially, the selection of 

genotypes targets macro-regions (Finlay and Wilkinson, 1963). 

The establishment of multiple-location trials to estimate the GxE interaction has been 

found quite often in various crop species. Johnson et al. (1955) estimated genetic and 

environmental variability in soybeans and found significant environmental variability occurred in 

one of the test populations. Al-Jibouri et al. (1958) conducted experiments with eight yield and 

fiber traits in upland cotton and reported that the interaction between progeny and environment is 

small. Similarly, there was one study showing small GxE interaction for all traits except yield 

and bolls per plant in upland cotton (Miller et al., 1958). Not only is GxE interaction reflected in 

traditional phenotypic data analysis, but there are studies exploring the GxE interaction for 

genetic mapping. Jansen et al. (1995) illustrated the MQM mapping that considers the GxE 

interaction to provide a better mapping method with Arabidopis thaliana data. In plant breeding, 

best linear unbiased prediction (BLUP) can provide a good estimation of variance-covariance 

structure for the GxE interaction (Piepho et al., 2008). Moreover, to have a more reliable and 
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accurate understanding on genotype, environment, and their interaction, Chapman (2008) used 

crop models to simulate plant breeding traits and reported the analysis.  

In addition to the impact of the GxE interaction on cultivar development, the global 

climate also plays an important role in the genotype selection process. Many studies are pointing 

out the occurrence of global drought and probability of extreme heat events (Allen et al., 2010; 

Hayhoe et al., 2010; Luber and McGeehin, 2008), hence breeding for drought resistant cultivars 

seem to be a reasonable consideration. Moreover, since the water availability in the United States 

may be limited during certain months of the year, especially in July and August, there are 

turfgrass breeding programs actively breeding cultivars in response to the climate change. 

 The drought condition usually occurs when the precipitation drops below the long-term 

average of several years, leading to soil moisture decreases to the point that negatively impact 

plant development. Drought resistance or drought tolerance indicates how well the turf holds 

quality and color during the dry period when there is no irrigation or rainfall. Favorable drought 

responses could also include holding of turf color during the drought conditions, recovery of 

color after the irrigation, or even the reduced usage of water to maintain healthy conditions. 

Huang et al. (1997a) showed that shoot dry matter production partially recovered for zoysiagrass 

after re-watering. Similar drought effect studies were carried out for the root response and found 

that root dry weight recovered partially for zoysiagrass after re-watering as well and the drought 

resistance may be associated with enhanced root growth, rapid water uptake at deeper soil layers, 

and rapid root regeneration after re-watering (Huang et al. 1997b). Additional studies indicate 

that the rooting depth, weight and branching at lower depth are responsible for drought resistance 

mechanism in zoysiagrass (Marcum et al., 1995). Hays et al. (1991) showed that the root mass 

significantly correlated with turf quality at multiple levels during drought conditions but there 
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was no direct impact on root carbohydrate distribution. More research related to zoysiagrass also 

showed that the turfgrass rooting and drought resistance level could be markedly affected by the 

genetic tolerance, providing support of turf breeding effort on the drought resistance cultivars. 

Even though there are plenty of physiological evidences to prove that breeding for drought 

resistance cultivars are necessary and approachable, not much direct breeding data is available in 

the literature. Hence, in the third chapter, the broad-sense heritability (H2) and GxE interactions 

will be estimated and, subsequently, the impact on estimation of drought will be explored. 

The traditional rating system in turfgrass breeding is very common and well recognized 

as it is straightforward and intuitive. However, when it comes to the phenotyping data, especially 

dry matter yield and other quality traits, in forage crops, the process becomes very time 

consuming, labor intensive and expensive. Bermudagrass is an excellent warm-season forage 

species native to southeast Africa, and has been adapted and extensively used in southeastern 

United States (Sleper et al., 1989). Due to its excellent active production during the months of 

May through October, in which most other forage species decreasing the production activities 

(Bouraoui et al., 2002), it fits into a unique niche among forages.  Extensive efforts have been 

spent on testing its nutritional responses and management (Franzluebbers et al., 2001; Overman 

et al., 1990).  

The evaluation of the biomass of bermudagrass usually takes multiple harvests that are 

traditionally considered time-consuming and labor intensive, requiring additional drying 

facilities as an additional expense. To assess the nutritional values of bermudagrass, the forage 

nutritive value analysis has been the traditional choice, which involves evaluations performed 

through wet and ignition laboratory (Kellems and Church, 2009) and NIRS laboratory analysis 

(Norris et al., 1976). Even though the test results were considered accurate and reliable, the 
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analysis process could take weeks to complete, leading to high turnaround time (Pittman et al., 

2016).  

To solve the drawbacks of traditional labor- and time-consuming bermudagrass harvests 

and nutritive value evaluation, mainly two kinds of approaches, advanced machinery and sensor 

technology, have been proposed (Srivastava et al., 2006; Stoll and Kutzbach, 2001). Since sensor 

technology has significant advantages over machinery in terms of expenses and flexibility, there 

have been many studies examining the application of sensors on bermduagrass. Utilization of 

remote sensing strategies for prediction of the forage nutritive values and biomass could 

potentially allow efficient adjustment of grazing management and rapid decision making on the 

inclusion of feed supplements (Pittman et al., 2016). The sensor combinations (ultrasonic, laser, 

and spectral sensors) were expected to outperform the traditional remote sensing approach as 

various sources of data could provide more relevant information and complement each other. 

Ultrasonic proximity sensors reflect the approximate distance to target by calculate the time 

interval between the signal sending and receiving. In agricultural practice, they have been 

extensively used to characterize the canopy coverage in orchards and corn (Zea mays L.) (Aziz et 

al., 2004; Escolà et al., 2011), growth in wheat (Triticum aestivum L.) (Scotford and Miller, 

2004), and to measure height in cotton (Gossypium hirsutum L.) (Sui and Thomasson, 2006). 

Laser proximity sensors work either through the phase-shift method that compares the reflection 

of beams with the time-of-flight method that is based on calculation of the time taken to capture 

the reflected optical pulse. Due to its measurement mechanism, laser sensors have been 

successfully employed in multiple scenarios to characterize the height of targets. Laser sensors 

have been used to predict the leaf area index (LAI) that is related to grapevine foliage and 

indirectly determining grape (Vitis L. spp) yield and quality (Arnó et al., 2013).  
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Laser sensors have also been successfully utilized to quantify and characterize forest 

structure, ecozones, and stem measurements of standing trees (Henning et al., 2006; Hopkinson 

and Chasmer, 2009; van Leeuwen and Nieuwenhuis, 2010). Genc et al. (2017) utilized light 

detection and ranging (LIDAR) to determine the vegetation height on wetlands. Laser sensors 

have also been employed to measure biomass density in oilseed rape (Brassica napus L.), rye 

(Secale cereale L.), and wheat (Ehlert et al., 2008); to approximate winter wheat height (Ehlert 

et al., 2010; Hosoi and Omasa, 2009); and to characterize properties of corn stands (Selbeck et 

al., 2010). An application to provide measurement comparison in apple (Malus pumila Mill.) 

orchards for various spray volume deposition models also illustrated the wide adaptation 

properties of laser sensors (Walklate et al., 2002). The spectral strategies rely on the responses to 

plants and their ambient environments with respect to reflectance and absorption of various 

wavelengths. Successful applications of spectral strategies have been documented in various 

literatures. At the leaf level, the spectral values depend on the content of chlorophyll, and the 

reflectance measurements partially illustrated the relationship (Cartelat et al., 2005). The diurnal 

changes of photosynthesis efficiency of sunflower (Helianthus annuus L.)  canopies could also 

be captured with a spectral index (Gamon et al., 1992). Additionally, Vogelmann et al. (1993) 

reported the spectral properties from measurements on sugar maple (Acer saccharum Marshall) 

leaves. At the canopy level, spectral strategies are responsive to variation in moisture content 

(Bowyer and Danson, 2004), vegetation water content (Ceccato et al., 2002), and tropical pasture 

quality (Mutanga et al., 2005).  

In addition, spectral strategies could provide information regarding the photosynthetic 

light-use efficiency of Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) forests (Middleton et 

al., 2009) and indirectly reflect the lignin and nitrogen concentrations (Martin and Aber, 1997). 
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At the landscape level, the spectral strategies could capture the structural measurements of forest 

vegetation (Roberts et al., 2004) and reflect the effects of prescribed burning on pine forests 

(Finney et al., 2005). These studies indicate that the spectral strategies are very useful in different 

applications and could be used to derive various indexes such as normalized difference 

vegetation index (NDVI) and reflected photosynthetically active radiation (RPAR) among 

others. However, the spectral strategies could be less reliable when the saturation of reflectance 

occurs (Gnyp et al., 2014; Hong et al., 2007).  

In term of sensor usage in bermudagrass, the spectral reflectance type of sensor was 

initially focused on by researchers. Various ranges of wavebands were explored to find good 

estimations of different traits; for example, multiple wavebands in the 368 to 1100 nm and 350 to 

1125 nm ranges to estimate N concentration (Starks et al., 2008; Starks and Brown, 2010). Since 

some spectral devices may depend on consistent lighting and limited sampling conditions, 

researchers actively sought alternative approaches. Pittman et al. (2015) examined the usage of 

combined sensors to estimate biomass and later reported crude protein estimation with active-

spectral and canopy-height data (Pittman et al., 2016). Most of these studies use traditional 

analytical methodologies (Partial Least Square, PLS) to study the capacity of different sensor(s) 

as a proxy to predict economically important trait. However, they ignore the contribution that 

different analytical methods could have in this process. Thus, this study will focus on testing 

different statistical methodologies to improve the estimation of economically important 

bermudagrass traits. 

Partial least square regression is a widely-used methodology to regress predictor data 

against target prediction traits based on the assumption that the response variables are from a 

process generated by unobserved latent variables (Rosipal and Krämer, 2006). It is a competitive 
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prediction model both due to its light computational requirements and superior performance 

when collinearity exists in the data set (Wold et al., 1984). Even though PLS regression initially 

gained popularity in chemometric studies for its superior prediction performance (Sjöström et al., 

1983; Geladi and Kowalski, 1986; Frank, 1987; Tobias, 1995), its application has been expanded 

to various research fields, such as genetics and ecological studies (Nguyen and Rocke, 2002; 

Carrascal et al., 2009). In spectral sensor data analysis, PLS regression was initially used as the 

default statistical methodology to predict variables of interest [e.g., estimation of grass biomass 

and measurement of nitrogen status (Hansen and Schjoerring, 2003; Cho et al., 2007)]. However, 

there are other prediction methodologies, such as ridge regression and random forest, which have 

been used in other applications and shown competitive performance, which could potentially 

outperform PLS regression. Ridge regression is a methodology initially proposed by Hoerl and 

Kennard (1970) to address the potential instability in the least square estimations by adding a 

small constant value to the diagonal entries of the matrix XTX before taking its inverse. Even 

though the ridge regression estimators are biased, the prediction performance of this 

methodology is quite competitive. Because of the small noise added to the diagonal entries of the 

matrix XTX, the ridge regression can handle multicollinearity very neatly, which is especially 

helpful in the sensor data as the collinearity is not uncommon (Mahajan et al., 1977; Rook et al., 

1990). Support vector machine regression was based on the classification algorithm that 

projected the data into hyperplanes for differentiation and has been adapted to regression 

problems through a fixed feature-space transformation (Bishop, 2007). Considering the 

flexibility of kernel functions to capture the nonlinearity relationships, it has been widely adapted 

for various usage such as prediction of corporate financial distress, exchange rate prediction, 

wind speed prediction, and remote sensing (Mohandes et al., 2004; Pai et al., 2006; Hua et al., 
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2007; Mountrakis et al., 2011). Random forest is an ensemble learning method based on 

constructing multiple decision trees and obtaining the regression prediction by the mean of each 

tree’s prediction (Liaw and Wiener, 2002). The combination of random selection of variables at 

each tree node split, full tree length growth, and multiple tree copies gives RF superior 

performance in multiple problems and effectively avoids overfitting issues.  

In the fourth chapter of this study, the performance of prediction methodologies 

regarding the agronomic important traits will be evaluated and, based on the dry matter yield 

trait, the impact of sensor variables on predictive model performance will be studied. 
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CHAPTER 2 

IMPROVED GENETIC PARAMETER ESTIMATIONS IN ZOYSIAGRASS BY 

IMPLEMENTING POST HOC BLOCKING1 

Background 

Randomized complete block (RCB) designs are widely used in plant science because of 

their simplicity to design, analyze and compare treatments, including different genotypes. 

However, since plant breeding programs usually set up hundreds or thousands of genotypes in a 

single experiment, the assumptions of RCB designs usually cannot be fulfilled. To alleviate the 

issues to accommodate the already set up experiments in the analyzing phase, the post-hoc 

blocking was introduced. In this chapter, the post hoc blocking will be tested to check if it could 

improve the accuracy of genetic parameter estimations and subsequently illustrate its impact on 

the ranking of top genotypes.  

Materials and Methods 

Experiment 

The data used in this study was from five zoysiagrass trials established across Florida, 

USA (Figure 2-1) between 2011 and 2012, representing different soil types and weather 

conditions (Table 2-1). All five experiments were established as RCB designs with three 

replicates and 80 genotypes per replicate. These genotypes consisted of F1 hybrids, parental 

breeding lines, and two commercial cultivars used as checks. Experimental units corresponded to 

plots of 1.52 × 1.52 m2. Plots were established by planting 10, 5 × 5 cm clonal plugs. Standard 

turfgrass maintenance practices were utilized to maintain all experiments (Brede, 2000). Mowing 

frequency varied by location, with Citra, Duda Sod (Duda), Bethel Farms (Bethel), Jay, and RB 

Farms mowed weekly, biweekly, biweekly, biweekly, and monthly, respectively. 
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Statistical Analysis  

The performance of the post hoc blocking was compared with the original experimental 

design at the single measurement level across sites, and later using all measurements within a 

site. The software ASREML v. 3 (Gilmour et al., 2009) was used to fit linear mixed models that 

provided variance component estimates, best linear unbiased prediction (BLUP) for each 

genotype, and REML log-likelihood values. After analyses, the best post hoc blocking 

experimental design was selected, and its impact on genetic parameter estimation and 

predictability was assessed. 

At a first stage, comparisons of post hoc blocking with the original experimental design 

were implemented with the data from all 100 measurements belonging to the five sites. Only two 

measurements with extremely low genetic signal obtained from single measurement analysis 

were removed. Here, for each measurement-site dataset, the linear mixed model for the original 

RCB experimental design was fitted (2-1). Then, a model was fitted by superimposing an IB 

design (2-2) with a total of eight genotypes per incomplete block, and a superimposed R–C 

design that considered the specified rows and columns within a block of each experimental unit 

(2-3). These fitted models were 

RCB: y = µ1 + Xb + Z1g + e (2-1) 

IB:     y = µ1 + Xb + Wi + Z1g + e (2-2) 

R-C:  y = µ1 + Xb + W1r + W2c + Z1g + e (2-3) 

where y is the vector of phenotypic value (i.e. turf quality rating score); µ is the overall mean 

effect; b is the fixed vector of replicate (or block) effects; i is the random vector of incomplete 

block effect nested in the original replicate, with i ~ N(0, i
2I); r is the random vector of row 

effect nested in the original replicate, with r ~ MVN(0, r
2I); c is the random vector of column 
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effected nested in the original replicate, with c ~ N(0, c
2I); g is the random vector of parental 

effects with g ~ MVN(0, g
2A); and e is the random vector of error, with e ~ MVN(0, e

2I). The 

letters X, Z1, W, W1, W2 represent the incidence matrices for their respective effects. The matrix 

A is the additive relationship matrix obtained from pedigree information, and I is an identity 

matrix of its proper size.  

After fitting the above models, log-likelihood values were recorded and likelihood ratio 

tests (LRT, Gilmour 2009) were performed for IB design vs. RCB design and R–C design vs. 

RCB design with α = 0.05 (Eq. 4), as: d = 2[LogL2 – LogL1] ~ 2𝑑𝑓2−𝑑𝑓1, where LogL2 is the 

log-likelihood values for R-C or IB designs and LogL1 is the log-likelihood values for original 

RCB design, and similarly for df2 and df1.  

In a second stage, data from each location were pooled and three different linear mixed 

models were fitted (2-4, 2-5 and 2-6) to evaluate the effect of post hoc blocking when repeated 

measurements were considered. This was done for each site individually and later the results 

were used to compare the post hoc blocking performance. The fitted models were 

RCB: y = µ1 + X1u + X2b(u) + Zg(u) + e (2-4) 

IB:    y = µ1 + X1u + X2b(u) + Wi(u) + Zg(u) + e (2-5) 

R-C: y = µ1 + X1u + X2b(u) + Wr(u) + Wc(u) + Zg(u) + e (2-6) 

where y is the vector of phenotypic values; µ is the overall mean effect; u is the fixed vector of 

measurement; b(u) is the fixed vector of block effect within measurement; i(u) is the random 

effects vector of incomplete block effect nested within block within measurement, with i(u) ~ 

MVN(0, Diu); r(u) is the random effect vector of row effect nested within block within 

measurement, with r(u) ~ MVN(0, Dru); c(u) is the random effect vector of column effect nested 

within block within measurement, with c(u) ~ MVN(0, Dcu); g(u) is the random vector of parent 
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effect within each measurement, with g(u) ~ MVN(0, AG); and e is the random vector of 

errors, with e ~ MVN(0, RI). The matrices Diu, Dru, Dcu are diagonal matrices where each of 

the jth measurement has a different and independent incomplete, row and column variance 

component, iuj
2, ruj

2, cuj
2, respectively. The matrix A is the numerator relationship matrix for 

parents, G is a matrix of variance-covariance (dimension determined by the number of 

measurements within site) between genotypes across measurements, modeled by considering a 

single genetic correlation term, rB, and a unique jth variance term, gui
2 for each measurement 

(i.e., CORUH), R is a matrix of variance-covariance components (dimension determined by the 

number of measurements within site) between residuals of measurements defined as an 

autoregressive heterogeneous order 1 error structure with a correlation between residuals of e 

and a different residual variance for each jth measurement, ej
2.  All the other matrices were 

previously defined.  

Based on the estimated variance components for each of the analyses, a narrow-sense 

heritability was calculated based on the expression: 

h2 = 
𝑎

2

𝑇
2 =(̅gu

2 × rB)/(̅gu
2 + ̅biu

2 + ̅bru
2 + ̅bcu

2 + ̅e
2) (2-7) 

where the components correspond to averages of estimates across all measurements.  

Later, the log-likelihood values of different models were recorded, based on which 

the Bayesian Information Criterion (BIC) (Liddle, 2007) and Akaike information criterion (AIC) 

were calculated and used to assess the goodness-of-fit of the evaluated models. Moreover, the 

reliability was calculated serving as additional model selection criterion, which reflected the 

correlation between true and predicted breeding values. The reliability was calculated based on 

the expression: 
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r2(𝑔�̂�) = 1 – 𝑐𝑖𝑖 ×
̅𝑒

2

̅𝑔𝑢
2 ×𝑟𝐵

 (2-8) 

Finally, to assess the impact of post hoc blocking on the selection process, the response 

of parental selection, i.e. genetic gain, for different selection intensities was evaluated. For a 

given site, the predicted mean values for each genotype tested in the experiment across all 

measurements were used to calculate the genetic gains in relative terms by fitting a randomized 

complete block (RCB, 2-5) and a row–column (R–C, 2-7) design. Genetic gains were obtained 

by averaging the prediction values of the top 10, 15, and 20% of the genotypes and dividing 

them by the average phenotypic response. Additionally, as during the turfgrass genotype 

selection, the ranking of the genotypes will affect which genotypes selection for the next 

breeding cycle. Understanding the impact of post hoc blocking on this process can be critical. 

Hence, the genotype rankings based on breeding values within sites were plotted for each site to 

illustrate the effect of post hoc blocking. 

Results 

First, we determined whether data fitting, at the single measurement level, with post hoc 

blocking was significantly better than the original RCB design (Figure 2-2). When comparing the 

post hoc IB design against the RCB design, in 44% of the comparisons, post hoc IB designs 

performed significantly better than the original RCB designs (α < 0.05) (Figure 2-2). 

Additionally, we found that for 77% of comparisons, the post hoc R–C designs were 

significantly better than the original RCB designs, with no statistical significant differences in 

the remaining comparisons (Figure 2-2). 

For the fitted model, considering all repeated measurements within a site, in the case of 

the LRT, the post hoc blocking designs performed overall better than the original RCB designs 

(Table 2-2). At the Jay site, the model fitting of the IB design was significantly better than RCB 
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(p < 0.001), while there was no significant difference between R–C and RCB designs 

(p = 0.999). In contrast, for Duda, the data fitting of the post hoc R–C design was better than the 

original design (p < 0.001), but there was no significant difference between IB design and RCB 

(p = 0.199). At RB Farms and Bethel Farms, both post hoc IB and R–C designs were 

significantly better than the original RCB designs (α < 0.05). However, due to the smaller p-

values with the R–C designs for the hypothesis testing and their respective AIC values, the R–C 

designs were found to have a better fit than the RCB designs. At PSREU, AIC and reliability all 

indicated that the IB design was better than the R–C design (Table 2-2). Overall, for the 

combined information from measurements across a site, the R–C design performed marginally 

better. 

From the analyses at the site-level, the narrow-sense heritability (h2) varied between 

0.239 and 0.399 for the R–C design while it ranged from 0.248 to 0.398 for the RCB design 

(Figure 2-3). The h2 from Jay and RB Farms were the highest and lowest among all the locations, 

respectively (Figure 2-3). The G × M interaction, presented as a genetic correlation across 

measurements varied from 0.558 at RB Farms to 0.996 at Jay for the R–C design, whereas it 

ranged from 0.566 at RB Farms to 0.991 at Jay for the RCB design (Figure 2-3). 

The genetic gains, calculated based on selection of the top 10, 15, and 20% parental 

genotypes, resulted, with some minor exceptions, in marginally higher values for the original 

RCB designs in relation to the R–C designs at all three selection intensities for PSREU, RB 

Farms and Bethel Farms (Table 2-3). For Jay, at 10% selection intensity, the genetic gain of R–C 

design was slightly higher, whereas, at 15 and 20%, the opposite was true. Interestingly, at Duda, 

the application of the post hoc R–C design yielded higher genetic gains in all selection 

intensities. 
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Comparisons between the original RCB and R–C designs based on the top 10 genotype 

performers (~12% of total genotypes) at each of five sites were presented in Figure 2-4. The site 

with the highest h2 and GxM, Jay, had no genotype ranking change. At the other sites, there were 

changes in genotype ranking and the degree of change varied from site to site. For example, at 

Bethel Farms, the genotype UFZ11 ranked fifth in the original design, but with post hoc R–C 

design it ranked second. Even more relevant for breeding, is that some of the genotypes 

originally ranked in the top 10 performers dropped out of selection after the implementation of 

post hoc blocking with an R–C design (Figure 2-4). This last phenomenon would have a 

considerable impact on selections. 

Discussion 

Post-hoc blocking by superimposing incomplete block (IB) and row–column (R–C) 

designs were compared to the original randomized complete block (RCB) design. At the single 

measurement level, for the datasets analyzed, the post hoc R–C design was found to perform 

better than the original RCB and IB designs (Figure 2-2). These comparisons were also 

performed at the site level with multiple measurements using a likelihood ratio test, Akaike 

Information Criterion (AIC), and Bayesian Information Criterion (BIC). Again, the post hoc R–C 

design resulted in the best performance at Duda, RB Farms, and Bethel Farms; whereas, the post 

hoc IB design was better at Jay and PSREU. However, when the R–C designs were compared to 

the original RCB designs, they almost always had a better fitting model than the RCB design 

except at Jay. In addition, the residual variance was reduced an average of 18.7% by 

implementing the post hoc R–C design over the original RCB design. The residual variance 

decreased by 2, 13, 24, 27 and 27% at Jay, PSREU, Duda, Bethel and RB Farm, respectively. 

This indicates a very strong local environmental heterogeneity in this experimental site that is 

successfully controlled for by the added row and column effects. Because the residual variance 
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decreased significantly at most sites, even with different criteria, such as relative efficiency 

(Simon and Maitournam, 2004), the R–C design would be considered to have better performance 

than other designs tested. The superior performance of the post hoc R–C over the IB designs may 

be due to the existence of dominant global gradients (that are better controlled for by row and 

columns) instead of small patches (controlled by incomplete blocks) (Gezan et al., 2006). The 

different decrease in residual variance among locations could also be influence by the layout 

conditions at each location. However, we could not find a trend associated with the planting 

layout (square versus rectangular blocks) of the location in this specific study. 

The size of the incomplete block, another factor to consider, determines the effectiveness 

of the IB design. In this case, the number of genotypes within each post hoc IB design was based 

on the criteria proposed by Williams 2002 to use a value marginally smaller than the square root 

of the number of treatments (here, 8 < 8.9 = √80). Other incomplete block sizes were not 

investigated, but larger blocks are expected to be less efficient, and smaller blocks might capture 

a portion of the genetic signal reducing heritability (Gezan et al., 2006). 

The post hoc R–C design did not seem to have a big effect in term of the estimated 

h2 values when compared to the RCB design estimates. As expected, there was some positive 

association between heritability and measurement-by-measurement genetic correlation estimates, 

indicating that sites with better genetic signals tend to have lower levels of G × M interaction. 

The magnitude of G × M reported here provides useful information for turfgrass breeders 

who might want to optimize the frequency of data collection in the selection process. For 

example, in Jay, rB between measurements is 0.996, indicating a very high agreement between 

consecutive measurements (Figure 2-3). Therefore, in this and other experimental sites, the 

frequency of data collection could be reduced without affecting genetic gains and the accuracy of 
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the final selections. However, at Duda and RB Farms, the correlations were around 0.6, 

indicating that some loss of information might occur if fewer measurements are considered. The 

consistency of measurements at various sites may be impacted by many factors such as weather 

conditions, disease prevalence, and management practices. 

The change of genotype ranking (Figure 2-4) illustrates the direct impact from 

implementation of the post hoc designs. For example, UFZ126 and UFZ154 were the genotypes 

at Duda, which were estimated to be in the top 10 with the RCB design. However, with the 

implementation of post hoc R–C design, they dropped out of this potential selection list. This 

could be critical information for plant breeders, particularly when the selection intensity is high 

and limited resources are available. Bethel was one of the most affected locations, in terms of 

ranking change, with the implementation of post hoc blocking. The significant slope, compared 

to other locations, could have contributed to this change and this reinforced the idea of 

implementation of post hoc blocking to control these potential intra-blocks environmental 

variation. 

Besides post hoc blocking, others have tried to address this challenge in different ways. 

(Cullis et al., 1989) showed that some spatial model could be incorporated to enhance the 

estimation of BLUP of genotypic values in early generation variety trails. Stroup and Mulitze 

(1991) developed nearest neighbor adjusted BLUP and found it to have considerable estimation 

efficiency improvement. Moreover, some geostatistical methods such as Kriging, provide local 

predictions utilizing the observation information at neighbors based on spatial correlation 

(Schabenberger and Gotway, 2017). 

Even though the selection criteria and cultivar development procedures of multiple 

testing sites for selections in turfgrass breeding are very well developed (Ebdon and Gauch, 
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2002; Raymer and Braman, 2006; Watkins et al., 2011), for this species, there is not information 

available on how different experimental designs may impact genotype testing and selection. 

Results from this study indicate that genetic parameters, ranking of genotypes and genetic gain 

could be impacted when the environmental variation is better controlled. Implementation of post 

hoc blocking analysis will allow turfgrass, and other plant breeders, to utilize their data more 

efficiently. In addition, implementation of R–C designs, followed by its analysis, is 

recommended for future testing efforts in turfgrass for Florida. The utilization of multiple testing 

sites is common, which add valuable information regarding genotype stability (Fan et al., 2007) 

and provide an indication of genotype-by-environment interaction (G × E). In future studies, it 

would be worthy to determine the post hoc blocking on the estimation improvement of G × E by 

combining analyses of multiple data resources. 

In conclusion, in this study, the contrasting of different post hoc experimental designs 

indicated that R–C designs clearly outperformed RCB and are marginally better than IB designs. 

It was shown here, that post hoc blocking analysis could provide important spatial control of the 

local environmental variation. 
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Table 2-1. Experimental site information for the five zoysiagrass trials, average turf quality 

scores (TQ, scale 1 to 9), and number of measurements. Standard deviations in 

parentheses. 
Sites Jay PSREU* Duda RB farm Bethel 

Planting Date June 2011 July 2011 July 2012 May 2012 Aug. 2011 

Soil Type Sandy loam Deep sand Flat wood soil Muck soil Flat wood soil 

County Santa Rosa Alachua Seminole Highlands DeSoto 

Location Jay Citra Cocoa Beach Lake Placid Arcadia 

TQ average 5.93 (1.12) 3.45 (1.54) 4.85 (1.55) 5.03 (1.42) 4.78 (1.63) 

Measurement # 13 27 18 18 24 

*Plant Science Research and Education Unit 
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Table 2-2. Post-hoc blocking designs IB and R-C, at the site level, including all repeated 

measurements. incomplete block (IB) and row-column (R-C) designs were compared 

with original randomized complete block (RCB) design with data from five different 

locations analyzed by all measurements available by site (Eq. 2-5, 2-6 and 2-7). For 

the Akaike information criteria (AIC) and the Bayesian information criteria (BIC) the 

smaller value the better goodness-of-fit, whereas, for the log-likelihood value (LogL), 

the larger value, the better the fit. Reliability is the correlation between true and 

predicted breeding values. df is the degree of freedom for the likelihood ratio test. 

The models with best fitting within a site are highlighted with bold. 

Site Design LogL BIC AIC Reliability df p-value 

  RCB -8200.23 16625.27 16456.46 0.792     

Jay IB -8175.79 16680.76 16433.58 0.792 13 < 0.001 

  R-C -8195.6 16824.75 16499.2 0.796 26 0.999 

  RCB -8029.23 16526.53 16170.46 0.729     

PSREU IB -7947.42 16588.59 16060.84 0.731 27 < 0.001 

  R-C -7949.53 16818.49 16119.06 0.725 54 < 0.001 

  RCB -2749.66 5816.94 5575.32 0.698     

Duda IB -2738.27 5944.61 5588.54 0.699 18 0.199 

  R-C -2576.35 5771.22 5300.7 0.708 36 < 0.001 

  RCB -2732.13 5781.88 5540.26 0.666   - 

RB Farms IB -2712.68 5893.43 5537.36 0.668 18 0.003 

  R-C -2609.44 5837.40 5366.88 0.668 36 < 0.001 

  RCB -7382.38 15196.72 14864.76 0.786     

Bethel IB -7361.17 15361.64 14870.34 0.790 24 0.012 

  R-C -7117.69 15082.02 14431.38 0.763 48 < 0.001 

 

Table 2-3. Calculated genetic gains (%) from selecting overall top 10, 15, and 20% of parental 

genotypes based on the all available measurements per site by fitting a randomized 

complete block (RCB, Eq. 2-5) and a row-column (R-C, Eq. 2-7) design. Number in 

parenthesis correspond to the number of genotypes selected. Note that the total 

number of parental genotypes considered here are only those tested in the experiment. 

Design Selection Jay PSREU Duda RB farms Bethel 

  10% (8) 12.69 37.21 21.63 18.54 28.78 

RCB design 15% (12) 11.46 33.87 20.48 17.14 25.90 

  20% (16) 10.60 31.89 19.55 15.62 23.54 

  10% (8) 12.70 36.53 22.93 17.54 26.48 

R-C design 15% (12) 11.45 33.32 21.15 16.27 24.25 

  20% (16) 10.57 31.38 19.81 14.74 22.52 
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Figure 2-1. Geographical location of the five experimental sites within Florida 

 

 

 
Figure 2-2. Likelihood ratio test (LRT) comparison between post-hoc IB design and RCB design 

(A), and between post-hoc R-C design and RCB design (B). The lines indicate the 

critical value of two-sided chi-square test with 1 degree of freedom (3.84, in A) and 

with 2 degrees of freedom (5.99, in B).
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Figure 2-3. Estimation of narrow-sense heritability h2 (2-8) (A) and genotype-by-measurement 

interaction rB (B) for the analysis of each of the five sites with all their available 

measurements by fitting a randomized complete block (RCB, 2-5) and a row-column 

(R-C, 2-7) design.  

 
Figure 2-4. Changes of rankings of top 10 genotypes at different sites based on all available 

measurements per site by fitting a randomized complete block (RCB, 2-5) and a row-

column (R-C, 2-7) design. Points with line connected are the same genotypes and the 

cross of lines indicate the ranking changes. Points with the names are genotypes that 

move out of the top 10 after implementation of post-hoc blocking with an R-C design. 
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CHAPTER 3 

STATISTICAL ANALYSES OF MULTIPLE RESPONSE MEASUREMENTS TO 

UNDERSTAND IMPACT OF DROUGHT AND GROWTH IN ZOYSIAGRASS 

Background 

The concept of GxE interaction has a critical role in cultivar development, specifically in 

evaluating the phenotypic stability in crop breeding. The GxE interaction is reflected in the 

performance of genotypes at various locations and impact differing traits such as extreme 

temperatures and water shortage. In plant breeding, multiple locations with the same genotypes 

are typically set up of cultivar development, especially, the selection of genotypes targets macro-

regions. To improve cultivar development efficiency, understanding GxE of target species is an 

important step. 

The drought condition usually occurs when the precipitation drops below the long-term 

average of several years, leading to soil moisture decreases to the point that negatively impact 

plant development. As the probability of extreme heat events in global scale increases, the 

breeding for drought resistant cultivar seem to be a reasonable consideration. Even though there 

were research related to zoysiagrass showed that the turfgrass rooting and drought resistance 

level could be markedly affected by the genetic tolerance, providing support of turf breeding 

effort on the drought resistance cultivars, there is still limited literature describing the impact of 

drought conditions on the genetic parameter estimations. Therefore, in this chapter, the broad-

sense heritability (H2) and GxE interactions will be estimated and, subsequently, the impact on 

estimations under drought conditions will be explored. 

Materials and Methods 

Experimental Data  

The data used in this study originates from zoysiagrass trails that were established 

between 2011 and 2014 in five states (seven locations) in the United States, including Florida 
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(1), Texas (2), Georgia (2), North Carolina (1), and Oklahoma (1), representing different soil 

types and climate zones. A total of four series of seven trails each (identified as series 2011, 

2012, 2013 and 2014) were established as randomized complete block (RCB) designs with two 

replicates and they include repeated measurements taken on an approximate monthly basis. 

Standard turfgrass maintenance practices were utilized to manage all experiments (Brede, 2000) 

and mowing frequency varied by location and was determined by local turfgrass breeding 

programs. There were 164, 164, 164, and 84 experimental genotypes tested in series 2011, 2012, 

2013, and 2014, respectively, half of which originated from the Texas A&M University and half 

from the University of Florida breeding programs. Four common cultivars (‘El Toro’, ‘Empire’, 

‘Palisades’, and ‘Zeon’) were also planted in all four series and served as checks. Genotypes 

were different across the series but identical within a series; hence, series were explored 

independently.  

The response variable evaluated was turf quality (RTQ) rated with a 1-9 scale as 

described by the National Turfgrass Evaluation Program (NTEP) (Morris and Shearman, 1998), 

which was recorded in every evaluation. Here, a rating of 9 indicates outstanding or ideal turf, 

and 1 reflects very poor or dead turf. In general, a rating of 5 is considered the minimum 

acceptable turf quality. Due to different planting dates, the number of rating measurements 

differs by series, trials, and years. 

To simplify further analyses, a new variable, TQ, was obtained by averaging the repeated 

measurements over time and replication within a given experimental unit. In addition, to 

facilitate the exploration of turf quality ratings at various conditions, other response variables 

were defined corresponding to averages of repeated measurements under: drought conditions 

(TQD); normal non-drought conditions (TQND); actively growing months, April/May to 
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October/November (TQG); and non-growing months, November/December to March April 

(TQNG). Drought conditions and active growing months were defined based on field 

observations of conditions and active growth period of plants during the year for each trial. 

Further details of phenotypic data are presented in Figure 3-1 and Table 3-1.  

Statistical Analysis 

The statistical analyses were carried out at different levels following some data cleaning 

procedures. First, to better understand the genetic signals, the individual RTQ measurements 

were fitted separately using the following linear mixed model 

y = 1µ + Xß + Zg + e  (3-1) 

where y is the vector of phenotypic value (i.e. turf quality rating score); µ is the overall mean 

effect; ß is the fixed vector of replicate (or block) effects; g is the random vector of genetic effect 

with g~MVN(0, g
2I); and e is the random vector of error, with e~MVN(0, e

2I). The letters X, 

Z represent the incidence matrices for their respective effects, 1 is a vector of ones, and I is an 

identity matrix of its proper size.  

Based on the estimated variance components for each of the analyses, a broad-sense 

heritability (Hy
2) was calculated as  

Hy
2 = 

𝑔
2

𝑔
2+

𝑒

2   
(3-2) 

First, Measurements with very low genetic signals (Hy
2 < 0.05) were removed.  

Second, TQ, TQD, TQND, TQG, and TQNG were calculated with the remaining 

measurements to be used for further analysis. Since the majority of genotypes tested in the four 

series were different, the analyses were performed separately by series considering all their 

corresponding seven trails. Within series, the levels of genetic control and genotype by 

environment (GxE) interactions were assessed by fitting the model  
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y = 1µ + X1u + X2b(u) + Zg(u) + e (3-3) 

where y is the vector of phenotypic values (TQ, TQD, TQND, TQG and TQNG); µ is the overall 

mean effect; u is the fixed vector of trial; b(u) is the fixed vector of block effect within trial; g(u) 

is the random vector of genetic effect within each trial, with g(u)~MVN(0, IG); and e is the 

random vector of errors, with e~MVN(0, R). G is a matrix of variance-covariance (dimension 

determined by the number of trials within a series) between genotypes across trials, modeled by 

considering a single Type-B genetic correlation term, rB, and a unique ith variance term, gui
2, for 

each trial (i.e., CORUH). R is a block diagonal matrix of variance-covariance components 

(dimension determined by the number of trials within a series) with a different residual variance 

for ith trial, ei
2. The letters X1, X2 and Z represent the incidence matrices for their respective 

effects,  is the Kronecker or direct product, and all other matrices were as previously defined. 

Based on the estimated variance components for each of the analyses, the broad-sense 

heritability at each site (H(𝑖)
2 ) and overall broad-sense heritability (H2) of a series were calculated 

for each of the responses with the following expressions 

H(i)
2 =  

𝑔𝑢𝑖
2

𝑔𝑢𝑖
2+

𝑒𝑖

2 
(3-4) 

H2 = (𝑔𝑢
2̅̅ ̅̅ ̅ x rB)/(𝑒

2̅̅ ̅ + 𝑔𝑢
2̅̅ ̅̅ ̅) (3-5) 

where the bars over the variance components identify averages of variance components over the 

trial estimates.  

Third, to understand the level of pleiotropy of genotype performance at various 

environmental conditions, bivariate analyses were performed for TQD against TQND, and TQG 

against TQNG. As before, these bivariate analyses were done to each series separately, as 

different genotypes were tested in each series. The model fitted corresponded to  



 

41 

[
𝒚𝟏

𝒚𝟐
] = 𝑿𝟏𝒕 + 𝑿𝟐𝜷(𝒕) + 𝒁𝒈(𝒕) + 𝒆 

where y1 and y2 are the data vectors for the two traits of interest; t is the fixed vector of group 

effects, where each was defined as the combination of trait and trial; ß(t) is the fixed vector of 

block effects within group; g(t) is the random vector of genetic effect within group, with 

g(t)~MVN(0, IG); and e is the random vector of errors, with e~MVN(0, IR). The matrix G is 

a 2 x 2 variance-covariance matrix between traits defined by a single trait-to-trait Type-A genetic 

correlation term (rA), and a unique jth variance term, gtj
2 for each trait (i.e., CORUH). The 

matrix R is a uniform heterogeneous 2 x 2 matrix of variance-covariance components between 

residuals of the same group. All the other matrices were previously defined. 

Finally, even though the relationship between genotype performances under different 

conditions were explored with the above models, specific performance of genotypes needs to be 

further explored. In order to provide further insights, the top 10%, 20% and 30% genotypes 

under TQD and TQND were compared.  

All linear mixed models were fitted with the software ASreml v. 3 (Gilmour et al., 2009) 

that estimates variance component under REML and provides BLUP values for each genotype. 

Results 

The analyses that were carried out on the single-measurement level of RTQ provide 

insight on the level of genetic signal of the collected data. The total number of measurements 

available for RTQ over all series corresponded to 206 with the highest broad-sense heritability, 

Hy
2, of 0.839 and the lowest of 0.001. Six measurements with Hy

2 < 0.05 were removed from 

dataset before calculating the other aggregated response variables. 

The variables TQ, TQD, TQND, TQG, and TQNG help to summarize the data from 

different trails that have been collected over multiple measurements. The response variable TQ 
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had an average value by trial that ranged from 4.13 (Dallas) to 6.65 (Griffin), and there were 

different number of measurements at locations (Table 3-1). In total, there were 200 

measurements across all combinations of trial-series with the lowest number of measurements 

collected at Tifton (10) and highest number of measurements at Citra (37) (Table 3-1). The 

number of measurements for response variable TQD and TQND was similar (92 and 102, 

respectively). As expected, the average value of TQ under non-drought (TQND) was consistently 

higher than that under drought (TQD) at multiple trials except for Dallas. On the other hand, TQ 

under growth measurements (TQG) had higher number of measurements (187) than that under 

non-growth measurements (TQNG), which indicated that the focus of data collection of turfgrass 

by the breeders was concentrated on the growing seasons. The average values of the TQG were 

higher than those of TQNG at Citra and Dallas and lower at College Station and Stillwater. 

Overall, there was no clear pattern identified between TQG and TQNG, and there were no 

measurements for some of the trails (Griffin, Sandhills, and Tifton) for the non-growth period. 

The site-to-site Type-B genetic correlations (rB), used indirectly to evaluate the GxE 

interaction, varied for TQ from its lowest value of 0.350 in series 2011 to its highest value of 

0.727 in series 2012, with an average of 0.519 (Figure 3-2 and Table B-1). In series 2011, the 

performances of genotypes at various locations were quite different; whereas, in series 2012, 

genotype performances were more alike. Moreover, when comparing the responses TQND and 

TQD, the yearly Type-B genetic correlations of TQND were 0.296, 0.724, 0.598, 0.689; 

consistently higher than those of TQD, 0.277, 0.608, 0.308, 0.425. Similar results were found for 

TQG and TQNG, which showed that the Type-B genetic correlations of TQNG were consistently 

higher than those of TQG (Figure 3-2 and Table B-1). By comparing the average of the 

correlations across the five response variables (TQ, TQD, TQND, TQG and TQNG), series 2011 
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had the lowest values (0.378), and series 2012 had the highest value (0.734), which holds across 

all the traits except for TQNG (Figure 3-2 and Table B-1). 

The broad-sense heritability, H(i)
2, of the calculated average response variables were 

analyzed by sites and year to reflect the site-specific and year-specific genetic information. In 

series 2011, TQND had the highest heritability (0.485), and TQNG had the lowest (0.236), 

which can be explained by the active expression of genetic signals during normal non-drought 

conditions and the difficulty of differentiating phenotypic performance across genotypes during 

the non-growing season (Table 3-2). In series 2012, TQG had the highest H(i)
2 (0.558), which 

was very close to that of TQ (0.557). On the other hand, TQNG still had the lowest H(i)
2 (0.337) 

across all the response variables. Interestingly, in series 2013, TQD had the highest H(i)
2 (0.509), 

followed by TQ (0.500) and TQG (0.500), indicating that drought conditions in this series did 

not have an important impact on the phenotypic signal of the genotypes evaluated. In series 

2014, TQND had the highest H(i)
2 (0.561) and TQNG had the lowest value (0.239) (Table 3-2). 

Given that the previously reported heritability values were calculated on a by-site and by-

series basis, these estimates may be inflated by other sources of variance such as GxE 

interaction. To eliminate this bias, an analysis was carried out considering all the sites within a 

series. For TQ, the H2 ranged from 0.165 to 0.397 with an average of 0.290 (Figure 3-3 and 

Table B-2). The H2 of TQD were consistently higher than that of TQND. Similar trends were 

found for TQG with higher heritability values than TQNG with an exception of series 2014, in 

which the two estimates were very close (Figure 3-3 and Table B-2). When averaged across 

series, the H2 values of the five calculated responses ranged from 0.181 (TQD) to 0.296 

(TQND).  
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The bivariate analysis by series on TQD and TQND, TQG and TQNG were carried out to 

compare the performance of genotypes under different environmental conditions (in this case 

drought and non-drought, and growth and non-growth), providing useful information to assist in 

effects of indirect selection. Since for each series, the genotypes were different, the analyses 

were carried out separately by series. Series 2011 presented a trait-to-trait Type-A genetic 

correlation (rA) between TQD and TQND, at various trials, with values ranging from -0.032 to 

0.820 with most of the values between 0.703 to 0.878 (Figure 3-4 and Table B-3). Moreover, the 

Type-A correlation between TQG and TQNG varied from 0.070 to 0.959, which indicated, 

within some of the trials, that TQG and TQNG were almost independent traits, while in other 

trials, TQG and TQNG were almost identical traits (Figure 3-4 and Table B-3). In series 2012, 

the Type-A correlation between TQD and TQND within all the sites varied from 0.708 to 0.999. 

Similar trends were observed in series 2013 for TQD and TQND as well, when Type-A 

correlation values ranged from 0.622 to 0.976 with most values above 0.873 (Figure 3-4 and 

Table B-3). Interestingly, the correlation between TQG and TQNG in 2012-2013, at College 

Station, Dallas and Stillwater were 0.948, 0.851, 0.999, respectively; indicating that selections 

under growth and non-growth periods in this season were very similar (Figure 3-4 and Table B-

3). Similar trends were observed in series 2014 with Type-A correlations ranged from 0.852 to 

0.929. In contrast, for series 2014, Type-A correlations between TQD and TQND differed for 

different locations considerably (ranging from 0.079 to 0.999), which indicates that the impact of 

drought conditions on genotype performance varied considerably at different sites (Figure 3-4 

and Table B-3). 

Top genotypes BLUP values were compared for the analyses on the calculated response 

variables TQD and TQND, in which the percentage of genotypes (10, 20 and 30%) on both top 
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performers lists, was obtained (Figure 3-5). The identified top genotypes that agreed for TQD 

and TQND in series 2011 and 2014 were lower than those from series 2012 and 2013 (Figure 3-

5). As the selection pressure decreased, the percentage of top genotype matching increased. 

Overall, the percentage of top genotypes matching under drought and non-drought conditions 

peaked at 30% selection intensity and the mean across multiple series was 57.75%, leading to 

poor agreement of top identified genotypes in TQD and TQND (Figure 3-5); thus, reflecting the 

difference nature of these traits. 

Discussion 

The level of GxE interaction between sites was explored by calculating a single 

correlation value (i.e. Type-B genetic correlation) within series estimated by fitting a complex 

linear mixed model (using the CORUH structure), giving an overall indication of the genotype 

performance across trials. For example, in series 2011, the rB of sites was 0.350 (0.048), 

indicating a relatively high level of GxE across trials. However, by modeling the data in less 

parsimonious way with a different correlation parameter between pairs of trials (i.e. CORGH), it 

is not hard to note that the genetic correlation between Tifton and Citra, Tifton and Griffin were 

0.728, 0.624, respectively, which indicates lower GxE interaction levels for those sites than 

previously estimated (Table B-4). By comparing the overall H2 (Figure 3-3 and Table B-2) with 

the GxE effect (Figure 3-2 and Table B-1), a trend was identified, where lower GxE interaction 

levels usually are accompanied by higher H2 values, and vice versa, which can be found across 

the five calculated response variables (TQ, TQD, TQND, TQG, and TQNG). However, the direct 

comparisons of response variables between series in terms of H2 and GxE are not very 

reasonable as the genotypes differ from series to series.  

The available literature on zoysiagrass breeding is limited. Some studies reported 

heritability values for relative leaf firing, shoot, and root growth (Qian et al., 2000), but there is 
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not much information available regarding the estimation of the heritability in turf quality traits. 

Schwartz et al. (2009) reported heritability estimates of turf quality based on three leaf textures: 

very fine, fine, coarse. These values ranged from 0.70 to 0.76 for different textured zoysiagrass 

species based on one location data. These values are considerable high when compared to the 

estimated heritability presented in our study of TQ trait, that ranged from 0.165 to 0.397 (Figure 

3-3 and Table B-2); which were estimated by considering multiple sites, and the estimate from 

Schwartz et al. (2009) may be inflated by GxE effects.  

The measurements in this study were mainly collected during the growth period, which is 

reasonable considering the biological conditions of turfgrass. However, the number of 

measurements between trials and series vary considerably. For example, for TQ measurements in 

Citra, there were 37 across multiple series, but there were only 10 in Tifton, which created 

unbalanced datasets for evaluation and estimation of genetic effects. In addition, by observing 

the frequency of measurements taken, some trials had consistently one or two measurements per 

month, a fact that might favor estimation of effects on some trials over others. According to Xing 

et al. (2017) that evaluated the estimations of genotype-by-measurement interaction in 

zoysiagrass, the authors suggested that monthly rating could be potentially reduced without 

significant impacting on reducing the quality of the information. 

The drought effects on zoysiagrass have been well studied on the root and shoot, and 

after drought recovery responses (Huang, et al., 1997; Marcum et al., 1995), but most of the 

studies were focused on the physiological aspects without covering their impact on breeding 

selections. By comparing the TQD against TQND in terms of GxE interaction and H2, it was 

shown in this study that drought effects induce differential genetic expressions of turf quality. In 

detail, the estimation of Type-B correlation and heritability of the response variable TQD were 
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consistently lower than these of TQND, a phenomenon that could be caused by many factors. 

One possibility is that the drought conditions may have some masking effect by limiting the 

genetic expressions, reflected as more similar phenotypic responses.  

To better understand the drought effect to breeding selections, bivariate analyses between 

TQD and TQND were performed. Most of the genetic correlations (i.e. 11 out of 12), in series 

2011 and 2012, were higher than 0.7. Thus, it appears that both responses provide with similar 

genetic information. However, because breeding selection is based on the top performance 

genotypes, the bivariate analyses regarding the overall correlation between two responses may 

not completely reflect the relationship between top performers. From observing the matching 

percentage of top genotypes for TQD and TQND, it is reasonable to assume that the drought 

conditions create very different breeding selection sets of genotypes (Figure 3-5). On the other 

hand, the correlations from bivariate analyses between TQG and TQNG were fluctuated in a 

wide range, from being almost independent to highly correlated, which make the two response 

measurements unreliable to represent each other. Therefore, plant breeders need to be aware of 

the difference in data information collected at different growth conditions and, based on breeding 

goals, carry out the data collection accordingly.  

In summary, this study reported the levels of GxE interaction and heritability of 

zoysiagrass with data from seven locations measured over time over a range of environmental 

conditions, which add reliable genetic information to the understanding of this species for 

breeding purposes. It was noted that drought conditions affect the estimated genetic parameters 

and the rank of top genotypes. To have more reliable plant breeding selections, it is 

recommended to use the data from the non-drought conditions to perform rankings. Finally, the 

analytical approach used is study can be potentially used as a template to answer similar 
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questions in other commercially relevant crops, particularly those that deal with several 

observations over one or multiple sessions, such as phenotypic scores or harvests. 
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Table 3-1. Summary of five response variables in each of the seven trails including all series. 

The first and second values represent the mean and its standard error, respectively. 

Number of measurements is shown in parenthesis. 

Response Citra 

 College 

Station Dallas Griffin Sandhills Stillwater Tifton 

TQ 

 4.15±0.02 

(37) 

 4.83±0.02 

(36) 

4.13±0.02 

(35) 

6.65±0.02 

(15)  

 4.83±0.02 

(31) 

4.42±0.02 

(36) 

5.03±0.03 

(10)  

TQD 

 3.80±0.02 

(21) 

4.30±0.02 

(23)  

4.56±0.03 

(13)  

5.68±0.04 

(3)  

4.12±0.02 

(11)  

 3.60±0.02 

(18) 

 3.86±0.04 

(3) 

TQND 

 4.59±0.02 

(16) 

 5.68±0.02 

(13) 

3.90±0.02 

(22) 

6.91±0.02 

(12)  

5.22±0.02 

(20)  

5.41±0.02 

(18)  

5.53±0.03 

(7)  

TQG 

 4.18±0.02 

(35) 

4.77±0.02 

(34) 

4.31±0.02 

(29) 

6.65±0.02 

(15) 

4.83±0.02 

(31)  

 4.35±0.02 

(33) 

 5.03±0.03 

(10) 

TQNG 

 3.67±0.07 

(2) 

5.64±0.06 

(2) 

3.36±0.03 

(6)  

- 

(0) 

- 

(0) 

 5.35±0.05 

(3) 

- 

(0) 
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Table 3-2. Summary of broad-sense heritability estimates for different calculated response variables in different trials for each series. 

Values in parenthesis correspond to standard error of the estimates. TQ, averages of repeated measurements of turf quality; 

TQD, averages of repeated measurements of turf quality under drought conditions; TQND, averages of repeated 

measurements of turf quality under non-drought conditions; TQG, averages of repeated measurements of turf quality in 

growing months (April/May to October/November); TQNG, averages of repeated measurements of turf quality in non-

growing months (November/December to March April); College Stn, abbreviation of location, College Station. 

Series Trial TQ TQD TQND TQG TQNG 

  Citra 0.404 (0.064) 0.385 (0.067) 0.347 (0.067) 0.405 (0.065) 0.086 (0.052) 

   College Stn 0.346 (0.069) 0.363 (0.068) 0.523 (0.059) 0.323 (0.070) 0.319 (0.071) 

  Dallas 0.552 (0.054) 0.557 (0.054) 0.536 (0.055) 0.538 (0.055) 0.540 (0.055) 

  Griffin 0.344 (0.068) . 0.359 (0.068) 0.347 (0.068) . 

2011 Sandhills 0.382 (0.066) 0.000 (0.000) 0.462 (0.062) 0.384 (0.066) . 

  Stillwater 0.411 (0.067) 0.299 (0.072) 0.485 (0.061) 0.438 (0.066) 0.000 (0.000) 

  Tifton 0.687 (0.041) . 0.685 (0.041) 0.686 (0.041) . 

  Average 0.447 0.321 0.485 0.446 0.236 

  Citra 0.264 (0.057) 0.347 (0.065) 0.234 (0.065) 0.278 (0.058) . 

   College Stn 0.571 (0.051) 0.398 (0.062) 0.473 (0.062) 0.507 (0.055) 0.325 (0.070) 

2012 Dallas 0.872 (0.019) 0.828 (0.024) 0.831 (0.024) 0.873 (0.019) 0.676 (0.043) 

  Griffin 0.412 (0.058) 0.414 (0.062) 0.141 (0.062) 0.419 (0.059) . 

  Sandhills 0.502 (0.055) 0.386 (0.063) 0.580 (0.063) 0.510 (0.055) . 

  Stillwater 0.487 (0.055) 0.249 (0.061) 0.601 (0.061) 0.529 (0.055) 0.010 (0.014) 

  Tifton 0.794 (0.056) 0.571 (0.053) 0.803 (0.053) 0.794 (0.029) . 

  Average 0.557 0.456 0.523 0.558 0.337 

 

 

 

 

 

 

 



 

51 

Table 3-2. Continued.  

Series Trail TQ TQD TQND TQG TQNG 

  Citra 0.357 (0.067) 0.324 (0.069) 0.274 (0.065) 0.357 (0.067) . 

   College Stn 0.246 (0.072) 0.116 (0.066) 0.384 (0.067) 0.246 (0.072) . 

  Dallas 0.592 (0.050) 0.698 (0.040) 0.533 (0.055) 0.592 (0.050) . 

2013 Griffin 0.297 (0.069) . 0.253 (0.064) 0.297 (0.069) . 

  Sandhills 0.509 (0.057) 0.406 (0.064) 0.503 (0.057) 0.509 (0.057) . 

  Stillwater 0.824 (0.026) 0.837 (0.024) 0.588 (0.051) 0.824 (0.026) . 

  Tifton 0.674 (0.044) 0.676 (0.044) . 0.674 (0.044) . 

  Average 0.500 0.509 0.423 0.500 . 

  Citra 0.636 (0.069) 0.566 (0.079) 0.533 (0.080) 0.604 (0.074) 0.477 (0.088) 

   College Stn 0.000 (0.000) 0.000 (0.000) 0.359 (0.087) 0.000 (0.000) . 

  Dallas 0.634 (0.068) 0.638 (0.066) 0.618 (0.068) 0.633 (0.069) . 

2014 Griffin 0.457 (0.082) 0.135 (0.087) 0.539 (0.074) 0.457 (0.082) . 

  Sandhills 0.720 (0.052) 0.443 (0.087) 0.700 (0.056) 0.720 (0.052) . 

  Stillwater 0.689 (0.057) 0.550 (0.075) 0.614 (0.068) 0.685 (0.058) 0.000 (0.000) 

  Tifton . . . . . 

  Average 0.523 0.388 0.561 0.516 0.239 
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Figure 3-1. Distribution of measurements at different trails. The x-axis marks the measurement month and the y-axis shows the 

corresponding trails. Different shapes indicate which series the measurements belong to. The red and green color identifies 

those measurements were taken under drought or normal conditions, respectively. 
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Figure 3-2. Site-to-site Type-B genetic correlations, rB, for different calculated response 

variables by series. The whisker bars represent the standard errors of the mean. 

 
Figure 3-3. Summary of broad-sense heritability estimates, H2, of calculated response variables 

considering data from all trails within a series. The whisker bars represent the 

standard errors of the mean.
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Figure 3-4. Trait-to-trait Type-A genetic correlations, rA, for each trail based on the bivariate 

analysis of TQD against TQND with data from all trails within series. The whisker 

bars represent the standard errors of the mean. 
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Figure 3-5. Percentage of top genotype matching from series 2011 to 2014 with the selection 

intensities of 10%, 20% and 30%.  
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CHAPTER 4 

IMPROVING PREDICTABILITY OF MULTI-SENSOR DATA WITH NONLINEAR 

STATISTICAL METHODOLOGIES1 

Background  

The evaluation of the forage quality nutritive value and biomass usually takes multiple 

harvests, and is considered time-consuming, labor intensive, and expensive. The use of sensors 

to evaluate different forage traits has been proposed as a method to alleviate this problem. 

However, most analytical techniques involve the use of traditional linear methods to predict and 

the prediction models can still be improved with the use of non-linear methods. In this study, 

nonlinear methodologies were evaluated for their prediction accuracy in 16 agronomic important 

traits compare to traditional approaches and the importance of prediction variables were 

explored. 

Materials and Methods 

Experiment Description 

The experiment was carried out on a >15-year old well established ‘Midland 99’ 

bermudagrass field at the Noble Research Institute, LLC Red River Research and Demonstration 

Farm near Burneyville, OK (33.88o N, 97.28o W; elevation 234 meters). The soil was 

characterized as Slaughterville fine sandy loam (coarse-loamy, mixed, superactive, thermic Udic 

Haplustolls) with N-nitrate, P and K soil test values of <5, and 64017 g kg-1, respectively, and 

pH of 6.3. Soil was amended with 178 kg K ha-1 (0-0-60, muriate of potash) (Pittman et al., 

2015).  

The trial was setup as a RCBD with seven levels of N treatments (0, 28, 56, 84, 112, 168, 

and 224 kg N ha-1), and four blocks (3.0 m x 6.0 m plot size). The treatment design was 

                                                 
Chapter submitted to Crop Science Journal in August 2017 
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structured to ensure maximum variability in responses (DMY and nutritive value), which is 

needed for model construction. The N treatments were initially applied on 1 May2015 and 

reapplied on 15 June 2015  (Pittman et al., 2015). 

Measurements 

Data were collected in 2015 using both standard physical methods and sensor 

measurements with a multi-sensor array including ultrasonic, laser, and spectral sensors 

described by Pittman et al. (2015). Seven harvests occurred across the summer, with first harvest 

on May 18th and the last harvest on August 18th with an average of 14-days harvest interval. The 

total number of measurements was 532 with 17 predictors and 16 response variables. The 

measurement variables include lasers (Pittman et al., 2015), ultrasonic, NDVI from 

GreenSeeker® (Trimble Inc., Sunnyvale, CA), infrared reflectance vegetative index (IRVI), 

normalized difference red edge index (NDRE), NDVI from Crop Circle ACS-430 active canopy 

sensor (HSNDVI) (Holland Scientific, Lincoln, NE), leaf area index proxy index (LAIVI), 

chlorophyll content index (CCCVI), red-edge reflectance (RE), near-infrared reflectance (NIR), 

red reflectance (RED), vegetation temperature (VegTemp), intercepted photosynthetically active 

radiation (IPAR), RPAR, reflectance at 532 nm (nm532), reflectance at 550 nm (nm550), and 

reflectance at 700nm (nm700). 

The agronomically important traits were DMY and concentrations of crude protein (CP), 

Ca, P, K, Mg, acid detergent fiber (ADF), neutral detergent fiber (NDF), total digestible nutrients 

(TDN), lignin, in vitro true dry matter digestibility (IVTDMD), ash, 48 hr digestible NDF 

(dNDF48), fructana, sugars, and water-soluble carbohydrates (WSC). The DMY and forage 

nutritive value analyses were estimataed by hand clipping two 0.11 m2 quadrats per plot to a 2.5-

cm stubble height. Samples were dried in a forced draft oven at 50 °C for five days, weighed, 

ground in a Wiley mill (Thomas Scientific, Swedesboro, NJ) to pass a 1-mm screen, and 
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submitted for nutritive value analysis. All nutritive value analyses were conducted using the Foss 

6500 NIRS instrument. The samples were scanned using Foss ISIScan software (Infrasoft, 2003) 

and nutritive values were estimated using 2013 prediction equations for grass hay developed by 

the NIRS Forage and Feed Testing Consortium (Hillsboro, WI). 

 Missing values of sensor measurements were handled in two ways. If the missing values 

for a single observation were found in more than three sensor variables, the observation was 

removed. If the missing values were in less than three sensor variable measurements, then they 

were filled with imputation from a linear model. To impute the missing values, all the sensor 

variables without missing values on the target imputation rows were fitted on a linear model, 

then a stepwise AIC was utilized to reach the final model. Thereafter, the prediction values from 

the final models were used to fill in the missing values in the target rows. In this study, five sonar 

data points were imputed.  

Feature Engineering 

Based on the variables in dataset, the canopy temperature depression (CTD) index and 

fraction intercepted photosynthetically active radiation (FIPAR) were calculated with 

CTD = airTemp – VegTemp (4-1) 

FIPAR = 
IPAR −RPAR

IPAR
 (4-2) 

where airTemp is the air temperature; VegTemp is the vegetation temperature; IPAR is the 

incident photosynthetically active radiation; RPAR is the reflected photosynthetically active 

radiation. 

Criteria of Model Performance 

To evaluate the performance of models to predict a target trait, the root-mean-square 

error (RMSE) was proposed. However, because there are multiple traits with different 
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measurement units in the dataset and comparison among the performance of different traits were 

also of interest, the normalized root-mean-square error (NRMSE) was utilized. The RMSE and 

NRMSE were calculated as 

RMSE = √∑ (Yî −  Yi)2𝑛
𝑖=1 /𝑛 

(4-3) 

NRMSE = 
RMSE

y̅
 (4-4) 

where Yi denoted the observed value and Yî denoted the predicted value of corresponding 

observation; �̅� is the mean of the observations in the test dataset. 

Even though the usage of NRMSE makes the model performance across all the traits 

comparable, the accuracy of the prediction was not very well characterized. Therefore, the 

predictability (the correlation between predicted and observed values) was also calculated.  

Evaluation of the Prediction Methodologies 

Partial least square regression is a widely-used methodology to regress predictor data 

against target prediction traits based on the assumption that the response variables are from a 

process generated by unobserved latent variables (Rosipal and Krämer, 2006). It is a competitive 

prediction model both due to its light computational requirements and superior performance 

when collinearity exists in the dataset (Wold et al., 1984). Even though PLS regression initially 

gained popularity in chemometric studies for its superior prediction performance (Sjöström et al., 

1983; Geladi and Kowalski, 1986; Frank, 1987; Tobias, 1995), its application has been expanded 

to various research fields, such as genetics and ecological studies (Nguyen and Rocke, 2002; 

Carrascal et al., 2009). In spectral sensor data analysis, PLS regression was initially used as the 

default statistical methodology to predict variables of interest [e.g., estimation of grass biomass 

and measurement of nitrogen status (Hansen and Schjoerring, 2003; Cho et al., 2007)]. However, 

there are other prediction methodologies, such as ridge regression and random forest, that have 
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been used in other applications and shown high performance, which could potentially outperform 

PLS regression. Ridge regression is a methodology initially proposed by Hoerl and Kennard 

(1970) to address the potential instability in the least square estimations by adding a small 

constant value to the diagonal entries of the matrix XTX before taking its inverse. Even though 

the ridge regression estimators are biased, the prediction performance of this methodology is 

quite competitive. Because of the small noise added to the diagonal entries of the matrix XTX, 

the ridge regression can handle multicollinearity very neatly, which is especially helpful in the 

sensor data as the collinearity is not uncommon (Mahajan et al., 1977; Rook et al., 1990). 

Support vector machine regression was based on the classification algorithm that projected the 

data into hyperplanes for differentiation and has been adapted to regression problems through a 

fixed feature-space transformation (Bishop, 2007). Considering the flexibility of kernel functions 

to capture the nonlinearity relationships, it has been widely adapted for various usage such as 

prediction of corporate financial distress, exchange rate prediction, wind speed prediction, and 

remote sensing (Mohandes et al., 2004; Pai et al., 2006; Hua et al., 2007; Mountrakis et al., 

2011). Random forest is an ensemble learning method based on constructing multiple decision 

trees and obtaining the regression prediction by the mean of each tree’s prediction (Liaw and 

Wiener, 2002). The combination of random selection of variables at each tree node split, full tree 

length growth, and multiple tree copies gives RF superior performance in multiple problems and 

effectively avoids overfitting issues.  

In this study, PLS regression was used as the benchmark, and other statistical 

methodologies need to surpass its performance to be considered as alternatives. The 

methodologies tested included ridge regression, SVM and RF. The tuning of the model 

parameters was determined with the inner loop of the nested cross-validation and their 
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performance was evaluated with the hold out dataset in outer loop (Figure 4-1). For the PLS 

regression and random forest, the tuning parameters tested were ‘ncomp’ (1-15) and ‘mtry’ (1-

10), respectively. Additional tuning parameters, such as number of trees, were determined by 

internal algorithms used by ‘caret’ package (in R (version 3.3.2)) and were combined with pre-

defined testing parameters to form the tuning grids. For ridge regression and SVM, the number 

of parameters tested and selected by ‘caret’ package was set to 20, which is a compromise 

between the computing time and reliability of parameter selections. The tuning parameter of 

ridge regression was weight decay, lambda, whereas, SVM had two parameters, sigma and cost, 

to tune. After the determination of model parameters, the models could be potentially used to 

predict future harvests with upcoming sensor data measurements. 

The estimation of model performance with cross-validation could be biased (Varma and 

Simon, 2006), therefore to have a solid evaluation on the performance of predictive models in 

this study, the nest cross-validation was used (Krstajic et al., 2014). In the nest cross-validation 

setup, the data were split into k-fold and each time one-fold was retained for testing and the 

remaining k-1 folds were used for training and validation (Figure 4-1). Different from k-fold 

cross-validation, the hold out sets do not have impacts on the parameter tuning and selections, 

only providing performance measurements of models. 

Evaluation of Predictor Variables 

Since biomass is the most important agronomical trait in this study, it was utilized as 

prediction target to illustrate the model performance after the removal of variables. The 

deterioration of performance after removal of a variable was used to measure the importance of 

the removed variable. The importance of variables was determined with a step by step 

elimination. The NRMSE was recorded for each removed variable, and after each variable had 

been eliminated, the one with the lowest NRMSE was removed. In each round, only one variable 
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was removed and the rest were used for model training and prediction testing. The assumption of 

removing the variable with the lowest NRMSE is that if the variable is important, by removing it, 

the performance of model should deteriorate quickly, resulting in high NRMSE. By repeating the 

process until only two variables remained, the importance of each sensor variable was 

determined. Statistical analysis was done using R (version 3.3.2), packages ‘caret’, ‘e1071’, 

‘ggplot2’, and ‘MASS’ (Team, 2014).  

Results 

Predictability, which is the correlation between predicted and test dataset values, of the 

four methodologies was compared (Figure 4-2 and Table C-3). The RF and SVM with radial 

kernel were consistently better in prediction accuracy than PLS regression and ridge regression. 

In all the traits except DMY, SVM predicted better than the RF with higher predictability values. 

Both PLS regression and ridge regression had similar performance and were not statistically 

different in all traits. By the criteria of the predictability of traits greater than 0.85 for the best 

performance model, CP, DMY, dNDF48, IVTDMD, TDN, K, Mg, P, ADF, fructan, and NDF 

could be reliably predicted by sensor data (Figure 4-2 and Table C-3).  

The DMY and TDN traits were selected based on largest and smallest NRMSE and to 

represent biomass and forage quality for further detailed investigation on the prediction 

performance (Figure 4-3). For DMY, most of the values clustered between 0 and 2500 kg ha-1, in 

which the prediction values in PLS regression and ridge regression had greater variance than 

SVM and RF. At observations of high DMY, the prediction of all the methodologies tended to 

underestimate the observed value (Figure 4-3). The prediction patterns between SVM and RF 

were very similar and the predictability of RF (0.887) and SVM (0.883) was almost the same 

(Figure 4-3). Conversely, the overall value distribution of TDN was relatively uniform across the 

value range. The SVM and RF had more accurate predictions on TDN compared to PLS 
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regression and ridge regression, which reflected as data points were closer to the 1:1 perfect 

prediction line (Figure 4-3). There was no obvious bias found in the SVM model and its 

correlation is 0.934, indicating it could be reliably used for future predictions (Figure 4-3). 

Even though the predictability reflects the overall trends of relative model performance, it 

does not provide a good measurement of total missing prediction loss and the bias, which are the 

magnitude of prediction deviations from the real measured values. Therefore, the NRMSE of the 

models were also reported to reflect the absolute missed prediction. It was apparent that model 

prediction performance of RF and SVM with radial kernel were more accurate better than PLS 

regression and ridge regression (Figure 4-4). Between RF and SVM, the performance greatly 

depends on the traits in the study. For ash and TDN, RF and SVM have quite similar 

performance. The RF had a more accurate prediction performance in DMY trait, whereas the 

SVM was slightly better in CP, sugars, WSC, dNDF48, IVTDMD, Ca, K, Mg, P, ADF, fructans, 

lignin, and NDF (Figure 4-4). Comparisons among the traits indicate that CP, DMY, sugars, and 

WSC are more difficult to predict than the other traits in terms of the total prediction loss. Out of 

all the traits, DMY is the most difficult trait to predict, whereas TDN, dNDF48, ADF, and NDF 

do not have much bias in predictions and are the traits most easily predicted. The results from 

NRMSE and predictability were not perfectly matched as some of the traits, such as DMY and 

CP, had decent predictability but its NRMSE had quite high values. 

After the performance of the models was compared in different traits, the importance of 

sensor variables was studied as well. As DMY is the most important trait, it was used to 

represent the impact of removing of variables on the model prediction performance. In this study, 

the interval between harvests was approximate 14-day. The average DMY of seven harvests 

across the summer from the first to last were 1757, 2408, 2857, 2062, 2621, 1893, 1746 kg ha-1, 
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respectively. The greatest yield occurred at the 3rd harvest (June 22nd) and lesser yields 

measured in early and late summer. Since NRMSE could reflect the performance of models on 

both the prediction and bias aspects, it was used in the study of impact of removed variables on 

the model performance. The removal of the first eight variables, NDRE, RE, LaiVI, FIPAR, 

HSNDVI, CCCVI, CTD, and IRVI, did not have much impact on the prediction of DMY trait 

and the performance of all predictive methods was stable (Figure 4-5). For PLS regression and 

ridge regression, after removal of the 9th variable, IRVI, the prediction performance exhibited a 

steep drop, and similar situation occurred when the 14th variable, RED, was removed, at which 

NRMSE increased at least 40% compared to the starting point. On the other hand, following the 

removal of the variable NDVI and the remaining variables, RF prediction performance gradually 

decreased while NRMSE increased around 21% compare to the original. Moreover, the NRMSE 

of SVM started at a greater value than RF, but was stable in the variable reduction process, 

resulting in a 9% increase of NRMSE. Overall, RF and SVM were more stable than PLS 

regression and ridge regression when there is variable information missing in the dataset. 

Discussion  

To describe model performance, two criteria, predictability and NRMSE, were used. 

Some traits (e.g. CP) were very high in terms of predictability, but not as good as expected 

measured in NRMSE, which could result from the bias of the prediction. Some of the predictions 

at high values may be under-predicted by the models (e.g. DMY) however, they are still higher 

in values compared to the predictions with lower observation values, which would be reflected in 

NRMSE but would not be covered by the correlations (Barnston, 1992). Regardless of criteria 

used to represent model performance, SVM always performed better than PLS regression and 

ridge regression with higher predictability and lower NRMSE values. In other words, the 



 

65 

prediction accuracy of nonlinear models is better than the linear models, which could be caused 

by some nonlinear trend in the mixed sensor dataset (Fan et al., 2009).  

In forage crop experiments, multiple harvests within one year is not uncommon 

(Woodard and Prine, 1991; Robins et al., 2007; Tahir et al., 2011; Inostroza et al. 2015; Inostroza 

et al. 2016). When multiple harvests are involved in the experiment, determination of harvests 

that should be included in the future harvest prediction become very important. In this study, the 

results of utilizing all the previous harvests to predict future harvest indicate that usage of all the 

harvests to predict future harvest may not be the ideal condition (Table C-1). Harvests 4 and 5 

have the best prediction performance compared to the predictions on the remaining harvests. At 

the same time, by increasing the number of harvests used for the model building, harvest 6 and 7 

did not have a superior prediction performance (Table C-1).  When a single harvest was used in 

model building and prediction for future harvest, some of the future harvests could be well 

predicted by the previous harvests. For example, harvest 4 was predicted with harvest 3 data 

(NRMSE = 0.14), while others were not (Table C-2). Hence, the prediction performance heavily 

depends on whether previous harvest could provide useful information to predict the future 

harvest. In future studies, if the research interest is to predict future harvest, it may be worth 

determining how many harvests should be included for model building to have the optimal 

prediction performance even though the harvest frequency may greatly depend on the 

physiological nature of the forage crops (Woodard and Prine, 1991; Sanderson et al., 1999).  

Compared to other applications of sensor technology in forage crops, our analysis 

showed high prediction performance. Zhao et al. (2007) studied the prediction of forage biomass 

and quality parameters of bermudagrass with canopy reflectance measurements in which NDF, 

ADF, CP, and biomass had predictability around 0.72, 0.45, 0.85, and 0.74, respectively. In 
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comparison, by analyzing the combined sensor data with the SVM model, NDF, ADF, CP, and 

DMY in our study had predictability around 0.94, 0.93, 0.94, and 0.88, respectively. Knox et al. 

(2011) reported the total variance explained by regression for fiber and P traits were 65 and 57%, 

respectively, when hyperspectral Carnegie airborne observatory sensor was used to predict 

African savanna forage quality.  In our study, the predictability of fiber and P were 90 and 87%, 

respectively, which could be considered an improvement compared to previous studies. 

Additionally, Zhao et al. (2007)  reported bermudagrass r2 values of NDF, ADF, and CP of 0.23, 

0.21, 0.51, respectively, with two-band reflectance ratios (R(NIR)/R(red)). However, in our study, 

the same three traits had r2 values > 0.87 (Figure 4-2). Similarly, Lee et al. (2005) reported r2 = 

0.85 when predicting P concentration with multispectral image analysis on bahiagrass (Paspalum 

notatum Flugge), which was lower than our measurement of r2 = 0.90. Additionally, in their 

evaluation of prediction performance, neither any form of cross-validation nor hold out dataset 

was utilized, which may lead to the overoptimistic results and model prone to overfitting issue. 

Moreover, compared to the cross-validation used by Pittman et al. (2016) to evaluate the model 

prediction, nested cross-validation in this study provided more reliable estimation as the testing 

set is not encountered by the model construction even by indirect manners (Cawley and Talbot, 

2010).  

In summary, by observing 11 out 16 of traits in this study that could be reliably predicted 

by the sensor data (with the correlation between observation and prediction greater than 0.85), 

the application of combined sensor systems in this type of research seems very promising. 

Additionally, this study provided some evidence that some nonlinear models had superior 

performance and they were more robust when there was limited information available. Even 

though the removal of variables may have had some impact on the prediction performance, the 
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degree of prediction accuracy change was quite different. It is interesting to observe that the 

removal of the first eight variables, NDRE, RE, LaiVI, FIPAR, HSNDVI, CCCVI, CTD, and 

IRVI, had little impact on prediction performance, which may be interesting information to be 

considered by engineers in future product development. Moreover, SVM and RF have a more 

robust prediction performance compared to the PLS regression and ridge regression, showing 

superior prediction accuracy even with reduced information.  
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Figure 4-1. An example of nested cross-validation with outer and inner loops both set as 5-fold.
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Figure 4-2. Predictability, correlation between predicted and test dataset values, of agronomically 

important traits with applications of statistical methodologies, partial least square 

regression, ridge regression, support vector machine (with radial kernel), and random 

forest. The whisker bar represents the standard error of the mean. 
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Figure 4-3. Predicted vs. observed values of dry matter yield and total digestible nutrient traits. 

The 1:1 line was used to illustrate a perfect matching for the predictions and 

observations. PLS regression, partial least square regression; SvmRadial, support 

vector machine with radial kernel; RF, random forest. 
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Figure 4-4. The agriculturally important traits and their corresponding normalized root-mean-

square error (NRMSE) with applications of statistical methodologies. Lower value of 

NRMSE reflects better model prediction performance. The whisker bar represents the 

standard error of the mean
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Figure 4-5. The model performance in dry matter yield after removing each of the variables in 

sequence from the dataset. Each of variable names denotes the normalized root-mean-

square error (NRMSE) after removal of that variable and lower value of NRMSE 

indicates better prediction performance. The whisker bar represents the standard error 

of the mean. Pls, partial least square regression; rf, random forest; ridge, ridge 

regression; svmRadial, support vector machine with radial kernel; NDRE, normalized 

difference red edge index; RE, red-edge reflectance; LAIVI, leaf area index proxy 

index; FIPAR, fraction intercepted photosynthetically active radiation; HSNDVI, 

NDVI from Crop Circle ACS-430 active canopy sensor (Holland Scientific, Lincoln, 

NE); CCCVI, chlorophyll content index; CTD, canopy temperature depression index; 

IRVI, infrared reflectance vegetative index; nm700, reflectance at 700nm; NDVI, 

NDVI from GreenSeeker® (Trimble Inc., Sunnyvale, CA); nm550, reflectance at 550 

nm; NIR, near-infrared reflectance; soncm, ultrasonic measured in cm; RED, red 

reflectance; nm532, reflectance at 532 nm. 
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CHAPTER 5 

CONCLUSIONS 

To embrace the fast generation of data information and improve the cultivar development 

efficiency, the utilization of powerful statistical methodologies become more and more important 

when facing with the present challenges in plant breeding. The adoption of improved statistical 

methodologies should include both the advanced experimental design, reliable analysis tools, and 

accurate prediction machines.  

To solve the problem associated with testing large number of genotypes, causing the 

blocks of randomized complete block (RCB) design losing its environmental control capability, 

the post-hoc blocking designs were tested. In our study, the post-hoc R-C design are superior 

compared to the post-hoc IB designs and the original RCB designs both at the single 

measurement level and at site level. The narrow-sense heritability estimate, h2, after post-hoc 

blocking did not change considerably, but the ranking of the top performance genotypes varied 

and this can have a significant impact on the breeding selection process. The h2 estimated with 

post-hoc R-C design were 0.399, 0.362, 0.321, 0.239, 0.309 for Jay, PSREU, Duda, RB farm and 

Bethel trials, respectively. The type B correlation followed a similar trend as the h2 except for 

Bethel with a lower h2 value than expected. Since the post-hoc blocking providing superior 

estimation accuracy of genetic parameters, when analyzing experimental trails with large number 

of genotypes, we recommend using the post-hoc blocking, sometimes, even better, at the 

experimental setup stage, planning a more efficient experimental design that provide better 

control of the smaller size environmental variation of genotypes should be implemented.  

The issues that the post-hoc blocking employed to tackle are mostly related to local 

heterogeneous environmental variation; however, there are also other challenges existed at a 

larger scale to the plant breeding. As the unpredictability of temperature change happening in the 
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past few years, drought effects have become more frequent and stronger in many plant science 

field, especially in turfgrass breeding. To facilitate the selection of genotypes under the 

occurrence of drought conditions, the multiple-site trails were analyzed to report the genotype by 

environment (GxE) interaction and broad-sense heritability (H2) in zoysiagrass. The GxE 

interaction estimated from all the data were ranging from 0.350 to 0.727 at different years, 

indicating a wide variation of GxE interaction exists.  When the GxE interaction and H2 were 

estimated with only drought and non-drought data, the genetic parameters from non-drought data 

showed stronger signals. Hence, we recommend utilizing the data without drought condition to 

calculate the breeding values for genotypes in selection of general turf quality traits. From 

bivariate analysis, the agreement of genotype performance under drought and non-drought 

conditions varied significantly based on year and sites. Similar trends were found in the bivariate 

analysis of turf quality under growth and non-growth conditions, however, most of the time, the 

performance of genotypes was highly correlated. To alleviate the impact of drought on the 

cultivar development, tufgrass breeders could potentially consider focusing on non-drought and 

the growth season data to aid with breeding selections. 

Besides the implementation of statistical approaches to handle the environmental 

variations and the impact of drought on phenotypical evaluations of genotypes, this study also 

provided an alternative to fast accessing the forage quality and biomass, which are usually time-

consuming, labor intensive, and expensive. By improvement of prediction performance through 

nonlinear statistical methodologies, the utilization of sensor technologies becomes more 

appealing for the applications in agricultural related research fields. The non-destructive multi-

sensor system that accommodate spectral, ultrasonic, and laser data were tested on a 

bermudagrass experiment, from which the random forest (RF) and support vector machine with 
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radial kernel (SVM) were found to be most competitive. The RF had the best performance with 

correlation being 0.89 in dry matter yield (DMY) trait prediction, whereas SVM performed best 

in the rest 15 traits with correlation ranging from 0.72 to 0.95. Besides the prediction 

performance of statistical models, this study also provided some insight about the importance of 

variables by removing variables and re-evaluates the model performance in DMY trait. As most 

of the traits in this study could be reliably predicted by the SVM and RF, we are expecting to see 

more of sensor technology applications in the agronomic field in future.  

Overall, the results of this study support the plant breeding from the statistical 

methodology aspect, which can be extended beyond the turfgrass or forage breeding. While the 

species zoysiagrass and bermudagrass were used as models here, the recommendations from this 

study can extend to different plant breeding programs. 
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APPENDIX A 

VARIANCE-COVARIANCE MATRIX OF GXE AND THE TEMPERATURE 

INFORMATION AT VARIOUS LOCATIONS OF CHAPTER 3 

Table A-1. The variance-covariance matrix reflects the covariance (lower diagonal), 

variance (diagonal), and correlation (upper diagonal) of seven sites.  

  Citra ColSta Dallas Griffin Sandhills Stillwater Tifton 

Citra 0.415 0.340 0.511 0.406 0.380 0.019 0.728 

ColSta 0.101 0.212 0.578 0.066 0.017 0.046 0.300 

Dallas 0.223 0.180 0.458 0.286 0.291 0.057 0.592 

Griffin 0.075 0.009 0.056 0.083 0.145 -0.114 0.624 

Sandhills 0.192 0.006 0.154 0.033 0.611 0.618 0.397 

Stillwater 0.006 0.011 0.020 -0.017 0.249 0.265 0.148 

Tifton 0.448 0.132 0.383 0.172 0.297 0.073 0.914 
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Table A-2. The average precipitation and temperature of selected sites within given 

months. The calculation of average following three steps: 1). manually 

confirm the data collection months within a File (includes two years), 2). 

search the precipitation information related to confirmed months, 3). get an 

average of precipitation of the months. 

File Site Average precipitation (inch) Average temperature(F) 

  Citra 5.48 73.64 

  College Station 2.26 76.98 

2011-2012 Dallas 2.52 72.83 

  Stillwater 1.31 . 

  Tifton 8.41 75.85 

  Average 4.00 74.83 

  Citra 2.48 75.58 

  College Station 1.44 80.06 

2012-2013 Dallas 2.16 77.61 

  Stillwater 2.86 . 

  Tifton 5.19 . 

  Average 2.83 77.75 

  Citra 4.7 77.32 

  College Station 3.3 82.12 

2013-2014 Dallas 2.11 81.97 

  Stillwater 4.05 . 

  Tifton 2.61 80.83 

  Average 3.35 80.56 

  Citra 3.02 72.77 

  College Station 2.16 83.55 

2014-2015 Dallas 3.04 81.6 

  Stillwater 4.09 . 

  Tifton . . 

  Average 3.08 79.31 
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APPENDIX B 

SUMMARY OF GXE INTERACTION AND BROAD-SENSE HERITABILITY 

CONSIDERING ALL LOCATIONS WITHIN SERIES 

 

Table B-1. Site-to-site Type-B genetic correlations for different response variables in 

various series. Values in parenthesis correspond to the standard error of the 

estimates. 

Series TQ TQD TQND TQG TQNG 

2011 0.350 (0.048) 0.277 (0.070) 0.296 (0.045) 0.333 (0.048) 0.633 (0.113) 

2012 0.727 (0.035) 0.608 (0.046) 0.724 (0.035) 0.710 (0.036) 0.899 (0.094) 

2013 0.378 (0.047) 0.308 (0.049) 0.598 (0.054) 0.377 (0.047) - 

2014 0.621 (0.060) 0.425 (0.079) 0.689 (0.056) 0.621 (0.061) 0.999 (-) 

Average 0.519 0.405 0.577 0.510 0.844 
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Table B-2. Summary of broad-sense heritability of calculated response variables 

considering all trials within series. The calculation of heritability was based on 

Eq. 5 and their respective variance components were estimated with Eq. 3. 

Values in parenthesis correspond to the standard error of the estimates. TQ, 

averages of repeated measurements of turf quality; TQD, averages of repeated 

measurements of turf quality under drought conditions; TQND, averages of 

repeated measurements of turf quality under non-drought conditions; TQG, 

averages of repeated measurements of turf quality in growing months 

(April/May to October/November); TQNG, averages of repeated 

measurements of turf quality in non-growing months (November/December to 

March April). 

Series TQ TQD TQND TQG TQNG 

2011 0.165 (0.010) 0.071 (0.007) 0.147 (0.007) 0.156 (0.009) 0.108 (0.018) 

2012 0.397 (0.021) 0.296 (0.018) 0.385 (0.021) 0.391 (0.021) 0.309 (0.043) 

2013 0.214 (0.009) 0.185 (0.007) 0.246 (0.020) 0.214 (0.009) - 

2014 0.385 (0.023) 0.172 (0.018) 0.405 (0.031) 0.379 (0.038) 0.380 (0.075) 

Average 0.290 0.181 0.296 0.285 0.266 
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Table B-3. Bivariate analysis of TQD against TQND and TQG against TQNG traits with 

all the data from sites within years. College Stn, abbreviation of location, 

College Station. 

Series Trail TQD vs. TQND TQG vs. TQNG 

 

Citra 0.820 (0.072) 0.959 (0.276) 

 

 College Stn -0.032 (0.140) 0.224 (0.170) 

 

Dallas 0.878 (0.030) 0.956 (0.016) 

2011-2012 Griffin - - 

 

Sandhills 0.703 (0.087) - 

 

Stillwater 0.541 (0.132) 0.070 (0.202) 

 

Tifton - - 

 

Citra 0.905 (0.037) - 

 

 College Stn 0.766 (0.125) 0.948 (0.128) 

 

Dallas 0.884 (0.024) 0.851 (0.032) 

2012-2013 Griffin 0.999 (0.000) - 

 

Sandhills 0.864 (0.051) - 

 

Stillwater 0.708 (0.083) 0.999 (0.427) 

 

Tifton 0.713 (0.056) - 

 

Citra 0.873 (0.042) - 

 

 College Stn 0.622 (0.212) - 

 

Dallas 0.886 (0.029) - 

2013-2014 Griffin - - 

 

Sandhills 0.976 (0.047) - 

 

Stillwater 0.757 (0.049) - 

 

Tifton - - 

 

Citra 0.721 (0.106) 0.852 (0.072) 

 

 College Stn 0.079 (0.293) - 

 

Dallas 0.358 (0.128) - 

2014-2015 Griffin 0.999 (0.000) - 

 

Sandhills 0.822 (0.094) - 

 

Stillwater 0.682 (0.113) 0.929 (0.036) 

 

Tifton - - 
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Table B-4. The correlation matrix obtained by modeling data from seven trails in series 

2011 with CORGH variance-covariance structure. College Stn, abbreviation 

of location, College Station. 

  Citra  College Stn Dallas Griffin Sandhills Stillwater Tifton 

Citra 1 0.334 0.511 0.406 0.380 0.019 0.728 

 College Stn 

 

1 0.578 0.066 0.017 0.046 0.300 

Dallas 

  

1 0.286 0.291 0.057 0.592 

Griffin 

   

1 0.145 -0.114 0.624 

Sandhills 

    

1 0.618 0.397 

Stillwater 

     

1 0.148 

Tifton 

      

1 
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APPENDIX C 

PREDICTABILITY AND STANDARD ERROR FOR CHAPTER 4 MODELS 

Table C-1. Prediction performance of target harvest date in dry matter yield trait with sensor data 

measurements using statistical models built with all previous harvest data. The 

calculated values are the normalized root-mean-square error (NRMSE). 

Harvest Date NRMSE 

June 2nd 0.77 

June 22nd 0.57 

July 9th 0.23 

July 21st 0.29 

August 6th 0.77 

August 18th 0.70 

 

 

 

Table C-2. Use of dataset from one harvest to predict another in dry matter yield trait. Column 

names are the harvests to be predicted and the row names are the harvests used to 

build the models for prediction. All the predictions are based on one harvest and the 

calculated values are the normalized root-mean-square error (NRMSE). 

 Harvest2 Harvest3 Harvest4 Harvest5 Harvest6 Harvest7 

Harvest1 0.77 0.74 0.29 0.52 0.99 0.84 

Harvest2 . 0.62 0.34 0.27 0.73 0.87 

Harvest3 . . 0.14 0.40 0.72 0.80 

Harvest4 . . . 0.47 0.80 0.86 

Harvest5 . . . . 0.65 0.59 

Harvest6 . . . . . 0.76 
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Table C-3. Predictability of agronomical important traits with applications of statistical 

methodologies, PLS regression, ridge regression, SVM, and RF. The predictability 

corresponds to prediction vs. observation values and SE is the standard error of 

respective means. 

Trait Methods Predictability SE 

CrudeProtein pls 0.886 0.004 

CrudeProtein rf 0.918 0.005 

CrudeProtein ridge 0.890 0.006 

CrudeProtein svmRadial 0.942 0.003 

DMY pls 0.863 0.011 

DMY rf 0.891 0.014 

DMY ridge 0.859 0.008 

DMY svmRadial 0.879 0.015 

Sugars pls 0.544 0.018 

Sugars rf 0.681 0.018 

Sugars ridge 0.513 0.017 

Sugars svmRadial 0.712 0.027 

WSC pls 0.578 0.021 

WSC rf 0.684 0.021 

WSC ridge 0.555 0.022 

WSC svmRadial 0.725 0.030 

Ca pls 0.694 0.016 

Ca rf 0.743 0.031 

Ca ridge 0.689 0.019 

Ca svmRadial 0.786 0.016 

K pls 0.776 0.016 

K rf 0.823 0.017 

K ridge 0.777 0.017 

K svmRadial 0.856 0.014 

Mg pls 0.824 0.017 

Mg rf 0.880 0.011 

Mg ridge 0.833 0.011 

Mg svmRadial 0.900 0.009 

P pls 0.904 0.005 

P rf 0.939 0.002 

P ridge 0.906 0.006 

P svmRadial 0.947 0.003 

Ash pls 0.700 0.022 

Ash rf 0.755 0.025 

Ash ridge 0.703 0.031 
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Ash svmRadial 0.764 0.019 

dNDF48 pls 0.805 0.017 

dNDF48 rf 0.844 0.020 

dNDF48 ridge 0.802 0.015 

dNDF48 svmRadial 0.862 0.018 

IVTDMD pls 0.884 0.003 

IVTDMD rf 0.917 0.008 

IVTDMD ridge 0.886 0.009 

IVTDMD svmRadial 0.935 0.007 

TDN pls 0.896 0.006 

TDN rf 0.925 0.007 

TDN ridge 0.900 0.005 

TDN svmRadial 0.932 0.008 

ADF pls 0.896 0.006 

ADF rf 0.925 0.007 

ADF ridge 0.900 0.005 

ADF svmRadial 0.933 0.008 

Fructan pls 0.761 0.028 

Fructan rf 0.846 0.006 

Fructan ridge 0.770 0.010 

Fructan svmRadial 0.857 0.006 

Lignin pls 0.779 0.015 

Lignin rf 0.812 0.018 

Lignin ridge 0.780 0.030 

Lignin svmRadial 0.834 0.016 

NDF pls 0.899 0.004 

NDF rf 0.925 0.007 

NDF ridge 0.902 0.008 

NDF svmRadial 0.941 0.006 
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