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ABSTRACT 

Plant breeding is crucial for agricultural productivity by improving crop performance and 

resilience to deficient growing conditions. Soil microorganisms, particularly those in the 

rhizosphere, play a pivotal role in nutrient cycling, pathogen suppression, and overall plant 

performance. The composition and dynamics of these microbial communities are influenced by 

both plant genotype and environmental factors including soil chemistry, climate, and water 

availability. While plant-associated microbiomes vary across environments, the contribution of 

environment and plant genetics in microbiome recruitment, particularly across geographic 

regions, is not well understood. This research encompasses a large-scale, multi-location, and 

multi-year study across seven field trials to assess plant performance and microbial community 

composition in the barley rhizosphere. A core focus is understanding how plant genotypes and 

environmental factors such as soil chemistry and growing location influence microbial assembly. 

Results indicated that rhizosphere microbial communities are shaped by both plant genetics and 

environmental conditions, with distinct bacterial and fungal community patterns emerging in 

different environments. Specifically, while bacterial diversity remained largely consistent across 

barley-growing regions, fungal communities exhibited greater variability and were more strongly 

influenced by location-year and climatic factors. A Genome-wide association study (GWAS) 

identified many quantitative trait loci (QTL) associated with microbial traits, with some loci co-

localizing with agronomic traits. This suggests potential genetic mechanisms underlying the 

interaction between plants and their microbiomes. These findings highlight the potential for 

genetic selection to optimize rhizosphere microbiomes, potentially improving crop productivity 

and resilience in variable environments. In addition to field studies, this dissertation introduces a 

novel, open-source workflow for the analysis of unoccupied aerial system (UAS) imagery in 

agriculture. This workflow uses a semi-automated approach for plant classification, plot 

delineation, spectral index calculation, and data extraction using QGIS software. By testing the 

workflow on barley UAS data collected over multiple flights, we show that spectral indices such 

as the Visible Atmospheric Resistant Index (VARI) correlate strongly with ground truth data, 

demonstrating the workflow's efficacy in agricultural monitoring. These studies provide a 

comprehensive survey of barley microbial community composition, offering valuable insights 

into improving agricultural sustainability through plant-microbe optimization and precision 

agriculture. 
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INTRODUCTION 

In the last century, population growth and changing climate have highlighted the need for 

efficient and robust cropping systems to provide food security in the future. Plant breeding is 

important for crop performance and maintaining yield under variable environmental conditions. 

Using artificial selection and hybridization, humans have been breeding crops for increased 

efficiency and yield for thousands of years (Murphy, 2007). In recent decades, significant 

progress has been made in breeding for improved performance with an average 1% yield gain 

per year since 1963 in both rice and wheat, and 1.5% average increase in maize (Fischer, 2015). 

However, the rate of yield improvement for major crops will not meet future demand, even with 

advancements in breeding technologies (Cassman & Grassini, 2020; Ray et al., 2013). As a 

result, novel approaches are needed to alter factors influencing plant fitness, such as the soil 

microbiome, and refine existing technologies, like unoccupied aerial system crop monitoring, to 

optimize breeding programs and enhance yields. Current breeding approaches select traits for 

broad adaptation where plants perform well in many environments (Chapman et al., 2012). This 

could have negative effects on the maximum yield potential for many crops, as it ignores 

environmental variability. Extended plant phenotypes should be further studied to understand 

how effective broad adaptation or location-specific breeding approaches can be (Snowdon et al., 

2021). Here, we review previous research on mechanisms and benefits of plant microbe 

interactions before briefly examining the need for novel remote sensing approaches to analyze 

plant imagery.  
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Soil microbes affect plant performance 

The soil microbiome is critical to plant fitness, influencing survival and productivity.  

Microorganisms living in the soil support plant health in numerous ways, including mitigating 

abiotic stressors such as drought (Castrillo et al., 2017; Mayak et al., 2004; Poudel et al., 2021; J. 

Zhang et al., 2023), improving nutrient acquisition (Pii et al., 2015; Rosenblueth et al., 2018), 

and providing protection against pathogens (Mendes et al., 2011). Through plant breeding, plant-

microbe interactions can be optimized to develop a beneficial rhizosphere microbiome capable of 

increasing plant performance and environmental robustness (Clouse & Wagner, 2021; Eduardo 

Contreras-Liza, 2021; Gopal & Gupta, 2016). Below, we explore the mechanisms and 

applications of these interactions, emphasizing their interdependence with environmental 

conditions.  

Plants require at least 16 essential minerals to develop successfully, a vast majority of 

which are only available to uptake from the soil (Pandey, 2018). The abundance and availability 

of these nutrients vary by abiotic factors, including soil chemical and structural properties 

(Anderson, 1988), as well as biotic factors, including microbes, which can alter the concentration 

of nutrients available for plant root uptake (Miransari, 2013). Soil microbes mediate nitrogen (N) 

cycling, which benefits plants through direct and indirect interactions. Plants in the legume 

family (Fabaceae) have evolved to form a symbiosis with the bacterial genus Rhizobium, capable 

of converting atmospheric nitrogen (N2) into plant available ammonia (NH3). Rhizobium directly 

interact in the root endosphere, exchanging flavonoids from the plant host to induce N-fixation in 

the symbiotic bacteria (Yang et al., 2022). This mutualistic relationship with the belowground 

community allows legumes to tolerate N-deficient soils (Dong & Song, 2020; Masson-Boivin & 
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Sachs, 2018). It also has made legumes a staple crop that naturally fixes soil N, providing an 

alternative to N fertilizers (Garg & Geetanjali, 2009; Iannetta et al., 2016; Masson-Boivin & 

Sachs, 2018).   

Phosphorus (P) is another essential macronutrient responsible for plant development. 

Availability of P can be limiting in semi-arid environments due to its low mobility in the soil 

relative to other macronutrients (Hedley & McLaughlin, 2015). A large pool of phosphate is 

bound to other minerals, making it unavailable to plants (Boitt et al., 2018). Acidification of the 

soil environment works to solubilize inorganic phosphates by destabilizing the bond between 

negatively charged phosphate and positively charged metal ions including iron, aluminum, and 

calcium (Yadav et al., 2020). Both plants and microbes participate in acidification. Certain plants 

such as Lupinus sp. produce and secrete organic acids including citrate and malate through the 

roots to lower soil pH in the rhizosphere, increasing phosphate solubility and consequently plant 

uptake (Braum & Helmke, 1995). Species of Brassica napus solubilize P bound by iron and 

aluminum through root exudation (Zhang et al., 2011). The ability to solubilize plant-available 

phosphate is extended by a variety of soil bacteria and fungi – known as phosphate-solubilizing 

microorganisms (PSM) – capable of converting insoluble P into plant-available forms (Rawat et 

al., 2021). PSMs create soluble, plant available phosphates through various methods to acidify 

their immediate soil environment. Parallel to plant roots, some PSM exude organic acids such as 

citric acid to solubilize bound P (Kishore et al., 2015). Acidification also occurs through cellular 

respiration in some microbes when proton-rich N sources like ammonium (NH4
+) are reduced to 

ammonia (NH3), resulting in excess H+ ions (Gaind, 2016). Lastly, microbial lysis returns 

organic phosphate back to the soil in plant available form. Under soil drought stress and 
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subsequent rewetting, phosphate from lysed microbial cells is soluble, contributing to an increase 

in plant-available P (Butterly et al., 2009; Turner et al., 2003).    

Plant-microbe relationships are critical for plant survival under environmental stresses. 

Drought conditions have widespread effects on plants at any stage of development. Seed 

germination, vegetative growth, reproductive development, and plant senescence are all affected 

by drought (Gontia-Mishra et al., 2020). Plants alter their growing strategies in response to 

drought to maximize survivability (Gupta et al., 2020). Aboveground, stomata closure helps 

reduce water loss by limiting transpiration, at the cost of decreased photosynthesis and growth 

(Okamoto et al., 2013). Belowground, plants focus on finding new water sources, extending root 

depth while slowing aboveground growth. These responses are associated with changes in 

abscisic acid (ABA) content, an early response to water stress in leaf and root tissues controlling 

many drought associated plant responses (Janiak et al., 2016). Phytohormone synthesis such as 

ABA in roots can be induced by soil microbes to improve plant stress tolerance (Lu et al., 2018). 

Multiple reports show that priming soil with specific bacterial genera significantly enhances 

plant drought tolerance later in development (Arshad et al., 2008; Mayak et al., 2004).   

Microbes also augment the rhizosphere environment under drought stress to increase 

water holding capacity. Exopolysaccharides (EPS) created by bacteria in the rhizosphere form 

hydrophilic biofilms capable of protecting plant roots and rhizosphere soil from drought 

conditions (Rolli et al., 2015). Biofilms are exuded within and around roots, coating surfaces and 

increasing the available water holding capacity while the soil dries. Soil primed with such 

biofilms has shown significant effects in wheat (Ilyas et al., 2020) and maize (Naseem & Bano, 
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2014) when introduced to soil prior to drought stress, exemplifying how microbial taxa can 

improve the soil environment for plant development.  

Microbes are also important for directly and indirectly suppressing plant pathogens in the 

soil. General suppression ability in the microbial community is the direct deterrent to pathogen 

caused by a diverse and competitive community leaving no niches for pathogens to establish. 

This provides a low level, broad suppression against multiple pathogen sources (Schlatter et al., 

2017). Microbial biodiversity has been negatively correlated with pathogen establishment, 

showing the innate ability of a diverse community to repel novel pathogenic invasions (Van Elsas 

et al., 2012).  

Soil microbiomes also provide pathogenic suppression (Weller et al., 2002) in which 

targeted interactions with specific species results in suppression of a specific pathogen (Schlatter 

et al., 2017). Importantly, these interactions have a significant effect on many soil-borne plant 

pathogens. Establishment of the common fungal plant disease Fusarium oxysporum can be 

diminished through microbial biocontrol including strains of Pseudomonas spp. and non-

pathogenic strains of F. oxysporum (Alabouvette, 1999). These microbes compete with the F. 

oxysporum pathogen for the same space and nutrients and inhibit a persistent population from 

being established (Todorović et al., 2023). Disease-suppression through microbial interactions is 

important for reducing plant pathogens, however beneficial microbes also suppress plant 

pathogens by interacting directly with roots to induce a plant defense response. 

Plant roots are sensitive to microbial taxa and recognize microbes through microbe 

associated molecular patterns (MAMPs) and pathogen associated molecular patterns (PAMPs). 

When a pathogen attack is identified, plants respond with systemic acquired resistance (SAR), 
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altering transcription factors and signaling molecules to induce morphological changes across 

leaf, shoot, and root tissue (Bigeard et al., 2015). Some beneficial soil microbes are able to 

sensitize plants to pathogens through induced systemic resistance (ISR), priming them for 

stronger and faster resistance responses (Yu et al., 2022).  

Plant-microbe interactions support pathogen resistance through complex relationships. In 

a wheat study, plants were infected with the fungal pathogen Fusarium pseudograminearum 

(Fp), causing a plant defense response through the jasmonic (JA) and salicylic (SA) signaling 

pathways. In the soil microbiome, Stenotrophomonas rhizophilia (SR80) bacteria was found 

abundantly in the root endosphere, correlating with fungal infection. While SR80 did not directly 

inhibit pathogen growth on agar plates or in the soil, multiple genes in the JA and SA signaling 

pathways were overexpressed in plant tissue when inoculated with SR80 (Liu et al., 2021). This 

exemplifies a plant-microbe-pathogen interaction where microbes indirectly improve plant-

pathogen interactions by modulating plant gene expression.    

Plant-promoting microbes interact directly or indirectly with roots in the soil to improve 

biotic and abiotic stress to plants. Plant roots also alter the soil microbes in their immediate 

environment. Below we explore how plant roots interact with their immediate surroundings to 

create a beneficial community of microbes distinct to the resident soil environment. 
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Plants recruit a beneficial rhizosphere microbiome 

In the soil, plants and microbes interact in the rhizosphere, the region surrounding plant 

roots containing dynamic interactions among a diverse variety of microorganisms (Ahkami et al., 

2024; Chepsergon & Moleleki, 2023). Plants release concentrated solutions of sugars and other 

organic compounds as root exudates to impact the rhizosphere. Up to 21% of the carbon fixed 

through photosynthesis can be delegated to exudates, highlighting the importance of 

belowground interactions to the overall health of the plant (Walker et al., 2003). Through these 

exudates, plants can assemble a microbiome distinct from the resident bulk soil microbial 

community (Bulgarelli et al., 2013; Zolti et al., 2020). 

The extent and chemical composition of root exudates varies by environmental pressures 

and is capable of recruiting beneficial microbes that can improve nutrient availability (Zhao et 

al., 2021), drought stress tolerance (Tong et al., 2024), and pathogen resistance (Liu et al., 2021). 

There are multiple mechanisms that determine how plants condition the soil microbiome, 

including broad ecosystem-based community pressure (Bulgarelli et al., 2013) and specific taxa 

recruitment to drive the microbial community through microbe-microbe interactions (Agler et 

al., 2016).    

Through rhizodeposition, root exudates flood the rhizosphere with sugars and organic 

compounds to spark microbial growth in the area. As a first selection step, microbes capable of 

utilizing root exudate compounds are recruited in the rhizosphere. Second, a selection step for 

recruiting beneficial microbes occurs in the endosphere, where root physiology promotes specific 

bacteria and fungi, different from the broader rhizosphere community. Expanding this model, 
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Reinhold-Hurek et al. proposed a three-step model in 2015 to differentiate specific selection 

pressures in the rhizosphere, the rhizoplane (area directly adjacent to and including the root), and 

the root endosphere (interior of plant root tissue) (Che et al., 2024; Corti et al., 2005). These 

models explain how the diverse community of soil microbes are selected for and against in the 

root zone. Decreasing diversity in microbial taxa between the root zone and bulk soil has been 

reported in multiple crop studies (Bulgarelli et al., 2013). 

Alternatively, evidence found in the human microbiome suggested that the abundance of 

specific keystone microbes have disproportionately large effect on the microbial community 

structure, significantly altering the relative abundance of many other microbes (Hajishengallis et 

al., 2012). Since then possible keystone taxa have been reported in the plant phyllosphere (Agler 

et al., 2016) and rhizosphere (Banerjee et al., 2018) to explain rhizosphere functions.  

Interestingly, both the selection model and keystone taxa hypotheses have reported a role 

for plant genotypic variability. Even in the root endosphere where microbial communities are 

less diverse, plant genotype was found to significantly affect relative abundance of bacterial taxa 

in the model organism Arabidopsis thaliana (Lundberg et al., 2012). Further evidence in tomato 

(French et al., 2020), maize (Peiffer et al., 2013), and soybean (Liu et al., 2019) report genotypic 

effects on the broader rhizosphere microbiome. 

The plant genotype is the total combination of genes in any given plant, which influences 

observable traits including plant development and stress responses. Genes control soil microbial 

patterns through molecular signaling, regulating compounds used for root morphology and root 

exudate profiles (Liu et al., 2023). Under nutrient rich conditions, studies in wheat, cotton, and 
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soybean report changes in root exudate compounds in response to nutrient treatments. These 

changes also impacted the resulting rhizosphere microbial composition (Chen et al., 2019; Qiao 

et al., 2017; Shi et al., 2020). Similar gene-regulated belowground response patterns are reported 

to improve nutrient availability, disease pressure, and abiotic resistance (Liu et al., 2023). 

Soil nutrients are critical for successful plant development and are primarily found in the 

soil. To improve nutrient uptake, plants have developed signaling pathways to control root 

morphology and in turn the rhizosphere. For example, in maize, lateral rootless 1 (lrt1) and 

rootless with undetectable meristem 1 (rum1) mutant plants do not grow lateral roots (Woll et al., 

2005). These mutants were compared to wild type lines, where it was discovered that under N 

stress, flavonoid synthesis and root exudation increased. Wild type lines were compared to 

chalcone synthase-encoding gene (C2) mutant lines, which have reduced synthesis of apigenin-

related flavonoids. Using an inbred population, researchers found that the highest biomass line 

under N stress had high expression of flavonoids and released the highest concentration of these 

as root exudates. This resulted in distinct differences between the rhizosphere microbiome in the 

C2 mutant and wild type lines. Most notably was the recruitment of Oxalobacteraceae bacteria 

which increased N accumulation and stimulated lateral root growth even in lrt1 mutant lines (Yu 

et al., 2021). In rice the NRT1.1B gene, a known nitrate transporter, was found to also be 

responsible for recruiting microbes involved in ammonification. Mutant lines were unable to 

access organic N as well as wild type, corresponding with their difference in microbiome (Zhang 

et al., 2019). These findings suggest that plant gene expression alters both root morphology and 

microbial community structure to improve nutrient uptake. 
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Environmental stressors like drought induce systemic plant responses through signaling 

pathways to modify shoot and root morphology (Gupta et al., 2020). The soil microbiome is also 

altered under drought stress due to less nutrient mobility and greater osmotic pressure. These 

factors often lead to decreasing microbial biomass (Naylor & Coleman-Derr, 2018). Microbial 

interactions are responsible for maintaining nutrient uptake and inducing drought-responsive 

genes in plants. A study in wheat reported that drought-resistant Yunhan 618 wheat had a more 

diverse microbial community in the rhizosphere than a drought-sensitive variety Chinese Spring. 

Specifically, fungal species Mortierella alpine and Epicoccum nigrum colonized Yunhan 618, 

inducing expression of two drought-response genes calcineurin B-like-interacting protein kinase 

gene (CIPK9) and protein phosphatase 2C gene (PP2C30) (Yue et al., 2024). These genes are 

critical to the mitogen-activated protein (MAP) kinase cascade, responsible for broad stress 

responses in cells including cell division, gene expression, and apoptosis (Pearson et al., 2001). 

In the model organism Arabidopsis thaliana, the rhizobacteria Bacillus amyloliquefaciens 

FZB42 was tested for its ability to improve plant drought tolerance. Rhizobacterial inoculation 

increased ROS scavenging enzymes and genes in the abscisic acid (ABA) signaling pathway. 

Highlighting the complex plant-microbe interactions, FZB42 drought mediation was lost in epsC 

mutant A. thaliana strains. This suggests that epsC, which encodes for exopolysaccharides, is 

responsible for recruiting FZB42 to mediate drought tolerance through ABA and ROS 

scavenging pathways (Lu et al., 2018).    

Genotype and Environment influences microbiome assembly 

In order to understand the effects of plant genetics on rhizosphere assembly, recent 

studies have conducted genetic mapping of root and rhizosphere microbiomes in crops, such as, 



11 

 

Arabidopsis (Arabidopsis thaliana L.) (Bergelson et al., 2019), tomato (Solanum lycopersicum 

L.) (Oyserman et al., 2022), and maize (Zea mays L.) (He et al., 2024). By growing crops in a 

controlled environment or providing a homogenous resident soil microbial community, the 

effects of plant genetics may be better understood. However, the influence of crucial gene by 

environment (GxE) interactions in shaping the rhizosphere community are often overlooked.   

Given microbial communities are influenced by environmental factors like soil chemistry, 

temperature, and moisture, assessing the effects of environment is critical to understand how 

crop breeding can be used to recruit a beneficial rhizosphere microbiome and improve plant 

fitness (Babalola et al., 2021; Brown et al., 2020). Recent research in agricultural crops including 

maize (Peiffer et al., 2013), wheat (Schlatter et al., 2020), and rice (Edwards et al., 2015) have 

identified differences in the rhizosphere microbiome across growing locations. Soil microbes can 

alleviate environmental pressures, offering a novel approach to increase agriculture 

sustainability. Nutrient cycling improvement in the soil is able to decrease fertilizer needs, and 

improved drought tolerance through microbial associations can improve performance as growing 

regions become hotter and drier (Hunter, 2016). Optimizing the relationship between plants and 

microbes is only possible by mapping the microbe community across both environmental and 

genetic diversity (Clouse & Wagner, 2021). To integrate microbial associations into plant 

breeding, further research is needed to find loci in breeding populations that are variable for 

microbial recruitment traits. The plant-microbe interactions must then be tested across variable 

environmental gradients to understand how broadly applicable such a trait can be to improving 

plant performance.  
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Remote Sensing of Plant Phenotype 

While research on GxE interactions and rhizosphere microbiome recruitment can inform 

breeding programs, emerging technologies, such as unmanned aerial system (UAS) also can 

contribute to crop improvement. Remote sensing techniques have been used to measure ground 

cover for decades (Rogan & Chen, 2004). Satellite imagery enabled growers and researchers to 

collect repeated measures of farm fields, collecting imagery in wavelengths beyond the visible 

spectrum that could be used to measure plant metrics including water stress and chlorophyll 

content (Brisco et al., 1998; Christopher et al., 2016; Jing et al., 2019; Khanal et al., 2020). For 

agricultural use, satellites lack image resolution to measure individual plants, and collect imagery 

on a set schedule, making it challenging to adapt to growing seasons and target specific data 

collection dates (Leinenkugel et al., 2013). Satellites are most useful in larger studies, commonly 

used to measure broader plant growing patterns across entire states or countries (Wu et al., 2014; 

Zhang et al., 2014). 

Unoccupied aerial systems (UAS) are small remotely piloted aircraft with mounted 

sensors capable of collecting imagery directly over the field of interest. This allows for data to be 

collected more often, and at much higher resolution than satellites (Olson & Anderson, 2021). 

For agricultural study, UAS provides a remote sensing platform which can target specific plants 

and development stages to provide information critical to future decision making, including plant 

health (Sahoo et al., 2024), stand counts (Zortea et al., 2018), and invasive weeds (Rasmussen et 

al., 2019).  

Collecting high resolution imagery using UAS is inexpensive and efficient, however, 

analyzing imagery is time-consuming and complicated, posing a barrier to expanding UAS 
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applications in agricultural research (Lachowiec et al., 2024). Building accessible and 

streamlined analysis workflows is essential to process the growing number of imagery datasets 

(Istiak et al., 2023) into actionable information for breeders and producers. 

This dissertation consists of three research projects related to sustainable crop production. 

These projects investigate the plant rhizosphere microbiome in relation to both plant genetics and 

environmental variability. The first examines the barley genotypic effect on rhizosphere 

community assembly utilizing an elite population of barley breeding lines. Grown across three 

historical barley growing locations in Montana and South Dakota, specific microbial taxa 

colocalized with plant QTL, providing evidence for barley recruitment of its immediate bacterial 

microbiome. The second research project expands on the first project by exploring how the 

bacterial microbiome varies across environmental and plant factors. Bacterial community 

structure was highly consistent across locations and growing seasons, while fungal community 

members were more dependent on location, suggesting barley exerts a stronger influence on 

bacterial community assembly compared to the fungal community. The final project addresses a 

need for high resolution measurements of plant response to environmental conditions as a tool 

for developing superior varieties and addresses the lack of affordable and applicable workflows 

for research plot remote sensing analysis by introducing a novel workflow capable of extracting 

plot-level spectral data with minimal training time. This project aims to support further 

agricultural research and the broader agricultural industry by lowering financial costs and 

technical challenges to analyzing and interpreting imagery data. These three projects add to the 

body of knowledge on these topics and lay the groundwork for future investigations into 

remaining questions about the extended phenotype of barley and crops as a whole. 
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Abstract 

Microorganisms assembled into the plant rhizosphere from the surrounding soil can benefit the 

fitness of their host. Variation in plant genetics is associated with variation in rhizosphere 

microbial community composition leading to increased fitness and crop production and reducing 

reliance on synthetic agricultural inputs through selection. However, what impact the abiotic 

environment has on connections between microbes and host genetics, and whether those 

connections in turn impact crop performance in realistic agricultural scenarios is still unclear. We 

assessed agronomic performance and 16S sequence-based rhizosphere bacterial community 

composition on a large diverse barley population grown in seven field trials across four locations 

and two years. Within adapted regions, we observed consistent rhizosphere compositions across 

diverse soils, whereas in unadapted environments, distinct microbial communities were 

recruited, indicating environmental specificity in microbial assembly. Greenhouse trials further 

revealed that abiotic soil properties and microbial inoculants together interact to modulate 

rhizosphere composition and plant growth. Genome-wide association studies identified hundreds 

of quantitative trait loci (QTL) for microbial traits, with thirty of those loci co-localizing with 

agronomic traits, suggesting interspecies pleiotropy or genetic linkage. At specific loci, candidate 

genes associated with root-microbe interactions, including those related to pathogen response 

and root exudate production, suggest mechanisms that enable adaptation to local environments. 

These findings support the idea that genetic manipulation of rhizosphere microbiomes via 

selection of crops could enhance adaptation (i.e., yield, quality) across variable environments, 

advancing breeding strategies for improved crop resilience and productivity. 

Key Words: microbiome, genome wide association, barley, plant breeding, agriculture 



27 

 

Introduction 

Rhizosphere microbiomes contribute critically to plant survival and productivity. Soil-

borne microbes benefit plant health by facilitating the acquisition of nitrogen, phosphorus, and 

other nutrients1,2, stimulating hormonal pathways to promote plant growth3, protecting against 

pathogens4 and mitigating abiotic stressors such as drought5-8. The development of microbial 

inoculants as a biological solution to environmental degradation due to agricultural practices is 

an active area of research producing mixed results9. Large scale production, distribution, 

application, and establishment of these products pose hurdles to their efficacy10. A different tactic 

that has received attention more recently is breeding crop varieties for an enhanced ability to 

recruit beneficial microorganisms11-13. To do this, a detailed understanding of the interactions 

between plants and microbiomes and how this is altered by varying environmental conditions is 

needed. Thus, large knowledge gaps remain to be filled before microbial communities can be 

predictably manipulated via host genetic selection to benefit crop performance. 

A critical zone ripe for microbial manipulation is the rhizosphere—the region 

surrounding plant roots that is characterized by dynamic interactions among a diverse variety of 

microorganisms and is considered one of the most complex biological habitats on earth14,15. Soil 

factors and plant traits are the main drivers governing rhizosphere assembly16. The genetic basis 

regulating plant control of rhizosphere microbiome assembly remains poorly understood17,18. 

While soil microbial communities are driven by local climates and soil factors, the rhizosphere 

harbors a unique microbiome that is assembled from the soil microbiome and influenced by plant 

traits19.  
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Only traits under the influence of plant genetics can be targeted by selection in plant 

breeding. Some rhizosphere microbiome variation is attributed to plant genotype, which shows 

heritability of these extended phenotypes20,21, suggesting breeding may be possible. Recent 

research has begun to uncover some of these loci through genetic mapping of root and 

rhizosphere microbiome extended phenotypes in domesticated and wild monocots and dicots, 

including Arabidopsis (Arabidopsis thaliana L.)22, switchgrass (Panicum virgatum L.)23, tomato 

(Solanum lycopersicum L.)24, and maize (Zea mays L.)17. These studies have minimized variation 

in the plants’ abiotic and biotic environment by providing a uniform starting soil microbial 

community, growing in a controlled environment, or examining a single field location and time 

point. This may aid in detecting the effects of plant genetics but overlooks the effects of 

important gene by environment (GxE) interactions.  

Recent studies incorporating the examination of GxE on plant rhizospheres reveal the 

need to assess context to exploit the microbiome. Microbial communities are sensitive to a 

plethora of environmental factors such as water and nutrient availability, so the success of 

manipulating the rhizosphere microbiome for agricultural systems through crop breeding 

depends on incorporating plant-microbe-environment interactions25. For example, the heritability 

of the rhizosphere microbiome is dependent on variation in local microbiota, variation in soil 

type and fertility26,27. 

To understand GxE interactions shaping the rhizosphere microbiome we used a barley 

(Hordeum vulgare L.) population representative of five different breeding programs based in 

Minnesota, North Dakota, Montana, Idaho and Washington: The Spring Two-Row Multi-

Environment Trial panel (S2MET28). We grew this population in field trials within and far 
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outside of the adapted range of barley to investigate connections between barley genetics, 

rhizosphere bacterial community characteristics, and local adaptation. Due to its history of 

selection, this population contains both lines that are locally adapted and lines that are more 

generally adapted across the growing regions29. We further explore the colocalization of 

microbiome associations with fitness related phenotypic traits. We discuss how the current 

research informs the long-term goal of breeding for plant microbe interactions that improve local 

adaptation.  

Results 

Environmental variation shapes rhizosphere 

microbiomes and agronomic traits in barley’s 

adapted and unadapted ranges 

We investigated the effect of location, within and outside the adapted barley range to 

uncover the interaction between host genetics and environmental variation in shaping 

rhizosphere bacterial microbiomes. We conducted field trials containing the 237 S2MET 

genotypes for two years in locations representing the adapted range of barley in the United States 

including southwest Montana (swMT), central Montana (cntrMT), and Brookings, South Dakota 

(SD). We also conducted a trial for one year in Kunia, Hawaii (HI) which represents an 

unadapted region where barley is not grown. The field locations had distinct climates and soil 

physical and chemical properties (Table A2.1). 

Within the adapted range, rhizosphere bacterial community composition was relatively 

similar, suggesting a broad adaptation of the barley rhizosphere microbiome to conditions across 

barley’s adapted range (Fig. 2.1A, B). Actinobacteriota, Bacterioidota, and Proteobacteria were 

the dominant phyla associated with the barley rhizosphere and represented around 80% of the 
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relative abundance at the adapted locations, which is consistent with other plant rhizosphere 

studies30-32. In contrast, lines grown in the Hawaii environment recruited a distinct rhizosphere 

microbiome relative to adapted regions (Fig. 2.1A). While rhizosphere compositions were 

broadly similar in the adapted locations, they also had key differences in both taxonomic and 

predicted functional compositions (Fig. 2.1C, D). Five genera belonging to the phylum 

Actinomycetota, Arthrobacter, Gaiella, Microlunatus, Pseudoarthrobacter, and Rhodococcus, 

were enriched in the drier cntrMT environment relative to the other adapted environments. 

Communities in all locations were dominated by functions associated with chemoheterotrophy 

(Fig. 2.1D), reflecting the carbon rich environment of the rhizosphere33,34. 
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Figure 2.1: Location-Specific Variation in Rhizosphere Microbiomes Across Barley Field Trials 

(A). Relative abundance of microbial phyla are shown for each site-year. (B) Constrained 

analysis of principal coordinates (CAP) of the weighted unifrac distances of the rhizosphere 

bacterial communities among location-years (PERMANOVA, r2 = 0.13, p < 0.001) are shown. 

Differentially abundant genera (C) and functions (D) predicted by a random forest model with a 

Mean Decrease Gini (MDA) threshold of 10. Functions were predicted from 16S sequences 

using the functional annotation of prokaryotic taxa (FAPROTAX) database. swMT: southwest 

Montana shown in light blue, cntrMT: central Montana shown in orange, SD: Brookings, South 

Dakota shown in green, HI: Kunia, Hawaii shown in yellow. 
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In addition to the differences in rhizosphere microbiome, we observed large differences 

in plant traits among the field trials, including phenology, shoot and grain morphology, and yield 

(Fig. A2.1). The photoperiod in Hawaii prevented flowering of any of the lines and thus 

agronomic assessment, consistent with the lack of barley adaptation to the location.  

The interaction of soil and rhizosphere 

influences plant growth 

To partition the effects of the physicochemical characteristics of soils from microbial 

communities on plant growth, we performed a greenhouse experiment using soils from locations 

with contrasting yield potentials (Fig. A2.1), microbial community composition, and predicted 

microbial function (central Montana 2022 [cntrMT] and southwest Montana 2022 [swMT], Fig. 

2.1C-D). We created four combinations of base pasteurized soils and inoculum from the two 

locations (Fig. 2.2A, e.g. swMT/cntrMT refers to a base soil from swMT combined with 

inoculant from cntrMT). We assessed the barley rhizosphere communities, as in the field, from a 

subset of 10 S2MET lines. Results demonstrated the distinct roles of the base soil and the locally 

available soil microbiome in shaping rhizosphere communities.  

Rhizosphere compositions shifted in response to the base soil but also remained distinct 

depending on inoculum source (Fig. 2.2B). These differences were indicated by distinct indicator 

taxa and functions (Fig. 2.2C-D). Functions associated with nitrogen fixation, cellulolysis, and 

aromatic hydrocarbon degradation were more abundant in swMT/swMT relative to the other 

treatments (Fig. 2.2D). Chitinolysis and functions related to arsenate including arsenate 

detoxification and dissimilatory arsenate reduction were more abundant with cntrMT inoculum 

compared to swMT. We also detected soil source effects on functions in the rhizosphere 
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community with greater abundance of functions related to nitrogen cycling, fermentation, and 

anaerobic chemoheterotrophy in cntrMT soil.  

We examined whether these microbiome-shaping contexts of base soil and inoculum 

interact to drive differences in plant growth. Plant growth varied most strongly due to inoculant 

within the context of base soil (Fig. 2.2E-F). The cntrMT base soil with swMT inoculant resulted 

in the greatest biomass (Fig. 2.2E) and manganese oxidation was more abundant in this treatment 

(Fig. 2.2D). Field soil tests showed that manganese was >2.5-fold higher in cntrMT than swMT, 

revealing a potential base soil-inoculum interaction resulting in greater abundance of manganese 

oxidation functions with cntrMT soil regardless of inoculum source. These results align with the 

concept of optimizing the rhizosphere microbial environment for improved plant performance. 
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Figure 2.2. Impact of Soil Treatments on Rhizosphere Microbiome Composition and Barley 

Biomass (A) Soil treatments for greenhouse experiments are shown. (B) Constrained analysis of 

principal coordinates (CAP) of the weighted unifrac distances of the rhizosphere bacterial 
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communities based on the base soil and inoculant (PERMANOVA, r2 = 0.42, p < 0.001) is 

displayed. Differentially abundant genera (C) and functions (D) predicted by a random forest 

model with a Mean Decrease Gini (MDA) threshold of 10. Functions were predicted from 16S 

sequences using the functional annotation of prokaryotic taxa (FAPROTAX) database. (E) 

Barley dry biomass at harvest across soil treatments. (F) Variance partitioning of the effects of 

base soil, inoculant, and their interaction on barley dry biomass. cntrMT: central Montana, 

swMT: southwest Montana. 

 

Substantial overlap of genetic architecture 

contributing to microbial and agronomic traits 

Returning to the field study, we investigated the contribution of barley genetic variation 

to interactions with the rhizosphere community. We considered the microbes sequenced from the 

barley rhizospheres as extended phenotypes35 of each line for analysis in our Genome Wide 

Association Study (GWAS). We defined these extended phenotypes or ‘microbial traits’ as the 

normalized abundances of prevalent taxa (observed in at least 80% of lines) found in each 

location-year, calculated at each taxonomic rank (Fig. 2.2A). Most prevalent taxa met this 

requirement in most location-years, with Hawaii showing the least amount of overlap with other 

sites. A total of 351 microbial traits and 12 agronomic traits across the seven location-years were 

explored. The heritability of the 1228 total microbial trait by location-year combinations ranged 

from 0.000 to 0.974, where 30% had heritability of 0.3 or greater and 43% had heritability of 0 

(Table A2.2). We detected a total of 637 microbial trait GWAS associations (Table A2.3). 

The patterns of microbial trait QTL were consistent with pleiotropy or tight linkage and 

GxE underpinning their genetic architecture. We identified several hotspots where consecutive 

associations of microbial traits were not more than 1Mbp apart36 (Fig. 2.3A). A 1.48Mbp hotspot 

on chromosome 3H exhibited 24 associations with microbial traits, 21 of which were from 

cntrMT 2022, and a 0.5Mbp hotspot spanning two markers on 6H exhibited 28 microbial trait 
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associations, all from swMT 2021. We also identified a supercluster of QTL on 5H that included 

24 microbial trait associations across five QTL and 37.4Mbp (Fig. 2.3A, B). Each of the seven 

location-years was represented within this supercluster in a subset of the QTL; however, QTL 

varied between every location-year, consistent with GxE underlying microbial trait associations 

(Fig. 2.3B).  

In total, we observed varying numbers of microbial trait QTL across our seven field trial 

data sets. No microbial hotspot was detected in every location-year (Fig. S2B), and 67 (51%) 

appeared in only one location-year, further supporting extensive GxE. For the adapted locations 

only, we screened the microbial trait QTL to identify whether the same microbial trait mapped to 

the same locus (within 1Mbp) in multiple location-years. We identified only four instances 

(Table A2.3). Altogether, the rhizosphere microbial traits in the S2MET population were 

sensitive to both genetic and environmental control.  

Of particular interest were microbial trait loci that may also be associated with agronomic 

traits, which would be consistent with a role of the microbial taxon influencing plant traits 

facilitating adaptation33,37. In addition to scanning GWAS results for microbial and agronomic 

trait associations within 1Mbp of each other36, we also used Wilcoxon’s signed-rank tests to 

examine whether microbial trait QTL alleles were associated with agronomic traits. Together, 

these approaches uncovered 413 significant associations between microbial related loci or 

markers and agronomic traits across location-year combinations after multiple testing 

correction38. Within those associations, 30 loci were associated with at least one microbial trait 

and one agronomic trait coming from the same location-year (Fig. 2.3C). Like previous studies39, 

we found abundance differences between bulk and rhizosphere samples for microbes associated 
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with these loci (Fig. A2.3, Table A2.4). Leveraging such connections between microbial traits 

and agronomic traits may advance genetic and agronomic gain within target environments40. 

 

 

Figure 2.3. GWAS reveals genetic architecture of microbial and agronomic traits across field 

trials. (A) The genomic location and number of significant GWAS hits within 1Mbp across 

microbial traits for all locations are shown. (B) 5H supercluster GWAS QTL for microbial traits 

for each location year. (C) Colocalization within 1Mbp of microbial and agronomic trait 

associations from GWAS and Wilcoxon’s tests are shown across genomic position, with the 

location-year of mapping indicated by color. QTL selected for in-depth consideration are 

indicated. 

 

 



38 

 

Evaluation of loci with colocalized 

agronomic and microbial traits 

We examined the 30 loci for patterns of pleiotropy/tight linkage and environmental 

sensitivity for the microbial and agronomic traits (Table A2.5). Loci associated with a single 

microbial trait in one location-year in conjunction with multiple agronomic traits from multiple 

location-years comprised the most common pattern observed (at 11 loci), reflecting stability and 

pleiotropy/linkage at the locus for agronomic traits but environmental sensitivity and specificity 

for the microbial trait. The second most common pattern (at 9 loci) reflected pleiotropy/linkage 

and stability for agronomic traits and only pleiotropy/linkage for microbial traits. We observed 

three instances where a single microbial trait was associated with a single agronomic trait within 

a location-year. 

We concentrated on loci with agronomic associations in multiple environments and 

associations with multiple microbes (Fig. 2.3C, Fig. 2.4). At QAM-2H, with “A” for “all and 

agronomic”, we mapped agronomic traits at all locations. Four microbial traits were mapped in 

either cntrMT22 or SD21, and six agronomic traits were associated across all six locations-years 

outside Hawaii. The minor allele was associated with greater abundance of three microbial traits 

in cntrMT22, while grain fill duration and heading date did not colocalize at this locus for 

cntrMT but did for the other location-years. The presence/absence of plant genetic associations 

to these taxa in different locations are consistent with the associated microbes contributing to 

local adaptation. These effects are also consistent with conditional neutrality, where the effect of 

a QTL is dependent on the environment or genetic background. Conditional neutrality has been 

associated with local adaptation in a range of species, including barley29,41,42. 
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We examined root gene expression of candidate genes at the QTL for variation in 

microbiome composition using previously published data43. For QAM-2H across the 18 genes 

located up to 1 Mbp up- and downstream, expression could be assessed for eight candidates. Of 

those expressed, one candidate of interest was identified based on function and expression level 

(Table A2.6). HORVU.MOREX.r3.2HG0127420 was more highly expressed in roots than the 

other candidate genes. It encodes an anthocyanidin reductase-like protein that contributes to the 

biosynthesis of flavan-3-ols and proanthocyanidins, secondary metabolites that influence root-

microbe interactions44. 

At the three other candidate QTL, we noted that most highly expressed candidate genes 

all have roles in plant cell death. QGM-5H, with “G” for “grain fill”, associated with grain fill in 

five location-years and three other agronomic traits across multiple location-years alongside two 

microbial taxa in SD21. The most highly expressed gene at this locus 

HORVU.MOREX.r3.5HG0480100 which encodes a papain‐like cysteine protease which are 

associated with plant senescence45 as well as plant-pathogen interactions46. QPM-6H, with “P” 

for prevalence, associated with four microbial taxa that were highly prevalent at the phyla or 

class level in SD22. This locus includes RPM1, the canonical pathogen resistance gene47 and the 

most expressed gene encodes BAX INHIBITOR 1, a highly conserved regulator of cell death48. 

Finally, QCM-5H, with “C” for a cluster of associations, was within the 5H supercluster of 

mapped traits and corroborates a previously mapped barley rhizosphere QTL38. We found four 

microbial traits and six agronomic traits here, with expressed genes related to programmed cell 

death, immunity, and production of a microbial carbon resource, N-acetylglucosamine49.  
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Fig. 2.4. Effects at highlighted QTL suggest candidate genes underlying plant-microbe 

interactions. The genomic location of four QTL with colocalizing microbial and agronomic traits. 

All trait by location-year combinations mapping to that locus are indicated. Curly braces indicate 

microbial function annotated with FAPROTAX. Arrows indicate the effect of the minor allele, 

positive (↑) or negative (↓). Arrow heads indicate enrichment (▲) or depletion (▼) in the 

rhizosphere versus bulk soil of microbial taxa as determined with DESeq2. For QHM-5H, the 

minor allele effect for Sphingobacteriales is shown specifically for SNP 5H_482526703 as the 

microbial trait mapped to multiple SNPs in this QTL and the direction of effect changed as the 

between major and minor allele throughout this QTL. 
 

Discussion 

We have expanded our understanding of plant genetic relationships with the rhizosphere 

microbiome, evaluated the association of those relationships with fitness traits targeted by 

breeding, and explored the role that environment plays in those interactions. Previous studies 

have demonstrated that plant recruitment of rhizosphere microorganisms varies with 

environmental factors39,50. We provide insight into the genetic variation that enables microbiome 

recruitment across and within environments. Consistent with local soil environmental effects51,52, 

barley recruited distinct rhizosphere communities across and outside of its adapted range that 

nonetheless were locally consistent across years (Fig. 2.1B). This local rhizosphere variation 
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could be partitioned into components of abiotic soil properties and the background soil 

microbiome (Fig. 2.2B, C, D), which interacted to drive both rhizosphere variation and plant 

growth. Specifically, novel combinations of biotic and abiotic soil properties enhanced plant 

growth (Fig. 2.2E). Finally, rhizosphere compositions were mappable and colocalized with plant 

traits that suggest adaptation to local conditions. Together, these findings are consistent with the 

manipulation of microbial communities for specific environments to maximize plant 

productivity53.  

Since rhizosphere microbiomes assembled from the surrounding soil impact plants, and 

plants influence this assembly21,22,37, cultivation of beneficial microbiomes through plant 

breeding is a logical next step. The sensitivity of the microbial community structure to 

environmental factors and interactions within the community makes genetic dissection 

challenging22. Nonetheless, we identified microbial associated genetic loci (Fig. 2.3A) in seven 

field environments (Table A2.1). Just over half of the loci were specific to a single field trial 

(Table A2.3), indicating GxE that could contribute to local adaptation26,39,54,55. We also found 

many loci associated with microbial traits across multiple field trials (Fig. A2.2B), though rarely 

with the same microbe, potentially reflecting high levels of functional redundancy among soil-

born bacterial taxa56. Loci mapped repeatedly over multiple environments have potential for 

broad deployment in crop breeding to improve rhizosphere community composition40,57. The co-

localizations of microbial traits between field trials as well as with QTL identified in previous 

barley rhizosphere microbiome mapping38 lend confidence to the associations reported here.  
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Through extensive documentation of plant performance alongside the rhizosphere 

microbiome characterizations in multiple environments, we linked agronomic and microbial 

traits to the same genetic loci (Fig. 2.3C, Fig. 2.4) expanding on previous studies17,26,38,40. 

Patterns occurring at loci such as QAM-2H suggest that the impact of a genotype on plant fitness 

is changed upon encountering the right combination of environment and microbial taxa (Fig. 

2.4). Greater relative abundance of a certain microbial taxon occurring during early host 

development might prime the plant for later success, or the genetic basis for a plant phenotype 

that impacts the relative abundance of certain microbial taxa might in turn improve plant fitness. 

This pervasive co-localization of loci associated with microbial traits and with agronomic 

traits suggests a link between rhizospheric bacterial community composition and crop 

performance. Such co-localizations can arise from genetic linkage or pleiotropy. At several loci, 

we found clear connections to candidate genes with annotations which would facilitate 

rhizosphere interactions (Table S6), including pathogen response or perception and the 

production of root exudates. This aligns with candidate gene functions identified in similar QTL 

studies22-24,39.  

Disentangling the interconnected influences of plant genetics, microbiomes, and abiotic 

factors to identify cause and effect is a significant challenge58, but when addressed will enable 

selection for microbial traits through breeding. Our results suggest that the general ability to 

conditionally recruit beneficial taxa under local soil and weather conditions is a viable pathway 

toward breeding for microbiomes beneficial to crop production. The loci we identified and the 

aboveground variation we observed together are consistent with conditional, adaptive 

recruitment by specific barley genotypes in response to local environments. Selecting plant 
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genotypes for conditional recruitment complements other strategies of engineering rhizospheres 

through inoculation59 or selection for specific plant-microbe relationships17, as it leverages the 

dynamic and variable microbial taxa that plant genotypes are expected to experience across their 

adaptive ranges. As knowledge of GxE controls on plant-microbe interactions develops, this 

strategy may prove more feasible at scale for developing productive and stress tolerant crop 

varieties.  
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Materials and Methods 

Plant materials and genotyping 

We explored the S2MET Barley Mapping Population to understand the effect of the 

interaction between genotype and microbiome on performance. The S2MET panel includes lines 

from breeding programs at USDA-ARS Aberdeen in ID, University of Minnesota, Montana State 
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University, North Dakota State University, and Washington State University. It was previously 

genotyped by sequencing28 and mapped to the MorexV1, IBSCv2 barley reference genome43, 

and genotyping data is publicly available60. After matching the genotyping data to the subset of 

S2MET lines that were included in the current experiments, markers with a minor allele 

frequency (MAF) less than 5% were removed from the dataset. This left 4,787 single nucleotide 

polymorphism (SNP) markers that were used in the genome-wide association study (GWAS). 

Field trial experimental design 

Fields trials were performed in 2021 and 2022 at the Post Research Farm in Bozeman, 

MT (southwest Montana-swMT), the Central Agricultural Research Center in Moccasin, MT 

(central Montana-cntrMT), Brookings, South Dakota (SD), and in 2021 in Kunia, Hawaii (HI) 

(Table S1). An augmented randomized complete block design61 was used for the field trials in 

which each of the 232 experimental lines appeared once in the trial at each location, and four 

barley check varieties (Odyssey, Hockett, Lavina, and Merit 57) appeared at random positions in 

each of twelve blocks. Standard agronomic practices for each region were used for fertility and 

pest management.  

Field trial phenotyping 

The barley population was assessed for various agronomic traits in the field trials. 

Heading and maturity dates (stages 59 and 89 on the Zadoks cereal growth scale62) were noted 

when seed heads were visible for half of the plants in a plot and when half of the seed heads had 

lost green color respectively. Duration of the grain fill period was calculated by subtracting 

heading date from maturity date. Plant height was measured after maturity from the base of the 

plant to the top of the seed head. After the plants had dried, three 6 in. sections were hand cut 
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from each plot and weighed for total biomass. Seed heads from these samples were counted to 

measure productive tiller number and were removed and threshed. The weight of this seed was 

divided by the total biomass to calculate harvest index. Full plots were harvested by combine 

after grain ripening, and seed was weighed for gross yield calculations. Test weight, percent 

plump grain, and percent grain protein were measured on cleaned grain samples from each plot. 

In Hawaii accessions remained vegetative, thus only total biomass was measured.  

Field trial 16S sequencing 

The rhizosphere was sampled at early stem elongation as previously described63. Briefly, 

3-5 plants with intact roots were removed from each plot for a composite sample. Following 

collection, samples were transported on ice to the laboratory and stored at +4°C until rhizosphere 

isolation within 24 hours. For rhizosphere isolation, plant roots with attached soil were separated 

from shoots and placed on ice. 1% NaCl was added, samples were vortexed, and treated in a 

sonicating water bath for 1 min. Roots were removed and the remaining soil solution was 

centrifuged for 2 min at 2000 × g, decanted and the remaining soil pellet was resuspended in 

sterile DI or RO H2O and stored at −80°C until DNA extractions were performed. Bulk soil (0-15 

cm) samples were also collected at the time of rhizosphere sampling. DNA was purified from 

rhizosphere extracts and bulk soil using a QIAGEN DNeasy PowerSoil Pro DNA Isolation Kit 

(QIAGEN Inc., Germantown, MD, USA). Purified DNA was submitted to Integrated 

Microbiome Resource (Dalhousie University, Halifax, NS) for library preparation and amplicon 

sequencing of the bacterial 16S V6-V8 regions. Sequencing was performed on the Illumina 

MiSeq platform (Illumina, San Diego, CA, USA) using a 2x250 PE kit.   
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Bacterial community analysis  

Quality filtering, trimming, chimera removal, and assembly of reads into error-corrected 

amplicon sequence variants (ASVs) was performed in R using the Dada2 package64,65. First, 

reads were trimmed to remove low quality sequences. Demultiplexed reads were trimmed by 5 

bases from the beginning of each read, then each location-year was trimmed to retain reads with 

a quality score greater than 30. On average, forward and reverse reads were trimmed to 250 and 

180 bases respectively. Only forward reads were used for downstream analysis due to low 

quality reverse reads. In all location-years except Hawaii 2021, filtering and trimming were 

performed with the default settings for the Dada2 pipeline. Reads from Hawaii were filtered with 

maximum expected error rate of 10, versus 2 at other location-years. Taxonomic assignment was 

performed using the SILVA v138.1 SSU database with a 99% identity- threshold66. Predictive 

functional profiling was performed by functional annotation of prokaryotic taxa (FAPROTAX)67 

as implemented in the microeco package68.  

Statistical analyses and data visualization were performed using phyloseq69, microeco68, 

and ggplot270 packages. Relative abundances of major taxa were visualized at the phylum level 

using a 1% average relative abundance threshold. To gain insight into differences between 

rhizosphere communities across different environments, we performed constrained analysis of 

principle coordinates (CAP) using the weighted unifrac distances, which accounts for 

phylogenetic distances between taxa within the community71. We constrained distances by site-

year and tested this model using PERMANOVA. The model explained 13.4% of variation: 

12.5% by location, 0.3% by year, and 0.6% by the interaction of location and year. A supervised 

random forest machine learning approach was used to identify indicator taxa associated with 

specific locations72. 
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Greenhouse study 

For the greenhouse study, barley lines were selected to compare those that were 

environmentally responsive versus unresponsive based on their relative yield performance in 

2021 between the southwest and central Montana locations field studies 29. Three lines each were 

selected for performing well at a single location (cntrMT or swMT), and four lines were selected 

for performing consistently across both locations.  

The ten selected barley lines were grown under four soil conditions consisting of soil and 

inoculant from Post Farm in southwestern Montana or CARC in central Montana in a fully 

factorial design. Each pot contained 80% by volume of pasteurized field soil from either 

Bozeman, MT (swMT) or Moccasin, MT (cntrMT) to represent base soil. Ten percent by volume 

contained non-pasteurized soil from one field acting as the microbial inoculant. The final ten 

percent of each pot by volume contained pasteurized sand to increase water filtration and pore 

space for roots73. Each line and soil condition combination was replicated six times. All pots 

were watered every two days. Twice a week during watering, Peters Professional 20-20-20 

fertilizer G99290 was added to the water at a concentration of 200 ppm nitrogen. Three 

replicates were removed at stem elongation to collect rhizosphere samples. Three replicates were 

grown to maturity.  

Rhizosphere sampling and DNA purification was completed using the same protocols to 

the field samples. Purified DNA was submitted to Novogene (Sacramento, CA) for library 

preparation and amplicon sequencing of the bacterial 16S V4-V5 regions. Sequencing was 

performed on the paired-end Illumina platform. Library quality was evaluated using an Agilent 

Fragment Analyzer (Agilent, Santa Clara, CA) system, while effective library concentration was 

determined by qPCR. Microbial community analysis was performed as described above. To 
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compare soil environments in the greenhouse we performed a constrained analysis of principle 

coordinates (CAP) using the weighted unifrac distances similarly to the field microbiome data. 

We constrained distances by base soil and inoculant and tested this model using PERMANOVA. 

The model explained 42% of variation: 20.7% by base soil, 18.2% by inoculant, and only 2.8% 

by the interaction of base soil and inoculant. 

Phenotypic Data Preparation for Genetic Analysis 

Relative abundances of bacterial taxa in the rhizosphere samples were considered 

microbial traits of the plants and were prepared for analysis as follows. ASV read counts from 

each barley field plot were first agglomerated at each of the taxonomic ranks from phylum to 

genus. Following agglomeration at each rank and for ASVs themselves, only taxa with counts of 

at least one in at least 80% of rhizosphere samples within a location-year dataset were considered 

prevalent and retained for further processing and analysis. Centered log ratio (CLR) 

transformations74 were performed on all taxa counts using the “compositions” R package75, after 

first replacing counts of 0 with the small value of 0.000001. This transforms taxon counts into 

relative abundance representations that are comparable between samples76.  

Variance was partitioned using the R package, lmerTest77 by fitting the following linear 

model for each taxon abundance: 

Yijk = m + Checksi + Blockj + Genotypek + eijk 

where Checksi was a fixed effect representing the replicated check varieties, Blockj was a 

random effect, and Genotypek was a random effect representing the experimental barley lines 

from the S2MET population. The percentage of the total variance due genotype was calculated to 

determine heritability78. Microbial traits were not included in the GWAS if their heritability was 
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0. Then the percentage of total variance due to block was also determined and if this value was 

greater than 0, Best Linear Unbiased Predictions (BLUPs) were calculated for the trait to account 

for spatial variation within the fields by utilizing the augmented experimental design79. 

Coefficients of the Genotypek factor corresponding to each barley line were the BLUPs used as 

input for GWAS analysis. If the Block effect was 0, centered log ratio transformed values were 

used for genetic mapping of the trait without calculating BLUPs. The workflow for preparing 

microbial trait data for the GWAS is summarized in Fig. S4. 

Genome Wide Association Studies 

Genetic mapping was carried out in the program GAPIT using the FarmCPU model80. 

Two principal components were used to account for population structure in addition to 

adjustments using the kinship matrix produced by GAPIT, and these parameters appeared to 

provide appropriately fit models for traits when examining QQ plots. The significance threshold 

for trait marker associations was based on a value of α = 0.2. For all microbial trait SNPs passing 

the GWAS significance threshold, Wilcoxon signed rank tests were performed to compare the 

effects of the major and minor alleles (homozygous) on each agronomic trait. Significance was 

determined with a Bonferroni correction (P < 1.82909 ×10-6).  

Candidate gene annotation and expression 

Four of the QTL for which both microbe and agronomic traits were detected were 

examined for candidate genes. The physical positions of these QTL were mapped with the barley 

IBSCv2 reference genome; therefore, gene names and associated unspliced gene DNA sequences 

+/- 1Mbp of the QTL regions were determined using BioMart from the Ensembl Plant release 37 

(October 2017). BarleyMap81 was used to align the DNA sequences with the barley MorexV3 



50 

 

genome82 and extract gene names and annotations. Gene names were used to extract root 

expression data (FPKM)43 using the BarleyExpDB83.  

Data Availability 

The raw data for 16S rRNA sequencing are available in the NCBI Sequence Read 

Archive database under BioProject PRJNA909304. 

Code availability 

Code is available at https://github.com/erikthekillian/Uncovering-genetic-linkages-in-the-

rhizosphere-contributing-to-adaptation. 
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Abstract 

Soil microorganisms play a critical role in nutrient cycling, pathogen suppression, and 

plant performance. While plant-associated microbiomes are known to vary with environmental 

conditions, precise microbial community changes across geographic regions remains poorly 

understood in agricultural crops. This study investigates the rhizosphere microbiome of barley, 

using a population of elite cultivars across seven location-years, to examine the effects of 

environmental factors on bacterial and fungal community composition. Using 16S and ITS 

sequencing, we characterized bacterial and fungal microbiomes across multiple locations and 

years, employing variance partitioning and co-occurrence network analysis to assess the impact 

of soil chemistry, plant genotype, and environmental factors on microbial abundance and 

community structure. While bacterial diversity was largely consistent across barley-growing 

regions, fungal communities exhibited greater variability, with location-year and climatic factors 

shaping their composition. Co-occurrence network analysis identified candidate hub taxa that 

were location-year specific, suggesting dynamic plant-microbe interactions across environments. 

Genetic loci associated with microbial community variation were identified, highlighting 

genotype-by-environment interactions. These findings underscore the complex interplay between 

plant genotype, environment, and microbial community assembly, providing insights into how 

barley recruits distinct microbial communities in the rhizosphere and the potential for optimizing 

plant-microbe interactions to enhance agricultural sustainability. 
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Introduction 

Soil microorganisms comprise an abundant and complex community involved in many 

plant-beneficial processes. These communities are critical factors for plant and human 

sustainability through their functions in nutrient cycling and pathogen suppression (Wall et al., 

2015). Soil serves as a primary reserve for plant-associated microbes, where bacteria and fungi 

impact plant performance through direct and indirect interactions with plant roots (Chepsergon & 

Moleleki, 2023). Plant associated microbes can improve plant performance by improving 

nutrient availability (Zhao et al., 2021) and suppressing plant-pathogens (H. Liu et al., 2021). 

The soil microbial community is primarily composed of bacteria and fungi (Fierer, 2017). Large-

scale surveys show that bacteria and fungi have different patterns of composition across the 

globe. Across many different environments, Proteobacteria and Actinobacteria are the 

predominant bacterial phyla, suggesting that bacterial communities generally consist of a few 

dominant groups and many rarer groups (Delgado-Baquerizo et al., 2018). A global survey 

measured over 14,000 samples from 365 locations to compare fungal community structure as a 

product of soil and climate conditions. They found that fungal communities were predominated 

by Ascomycota and Basidiomycota, however variance partitioning indicated that fungal species 

abundance was strongly predicted by climatic and soil chemical factors (Tedersoo et al., 2014).   

Plants only associate with a subset of the total soil microbial population, creating a less 

diverse community in the rhizosphere – the environment directly surrounding plant roots 

(Santoyo, 2022). Plants influence the rhizosphere microbial community through the production 

of carbon-rich root exudates which are used by microbes (Walker et al., 2003).  Multiple 

mechanisms exist for microbiome recruitment. Generally, the introduction of concentrated 
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nutrients via root exudates induces community-level changes to filter the rhizosphere 

microbiome (Bulgarelli et al., 2013). In addition, the recruitment of few highly influential hub 

taxa can facilitate larger microbial community changes (Agler et al., 2016; Banerjee et al., 2018; 

Berry & Widder, 2014).  

Recent studies have measured specific plant genes impacting the rhizosphere microbiome 

through molecular signaling and regulating compounds involved in root morphology and root 

exudate profiles to explain plant-microbe recruitment mechanisms (Q. Liu et al., 2023). Studies 

in rice (Zhang et al., 2019) and maize (Yu et al., 2021) have identified genes responsible for root 

exudate production to recruit beneficial microbes.  

In spite of these advances, little is known regarding the impact of plant genotype on 

individual soil taxa (Pacheco-Moreno, 2024). Recent work has shown cultivar-driven patterns of 

recruitment within the rhizosphere of barley which was driven by composition of the root 

exudates associated with gene loci that varied between a modern cultivar and a landrace 

(Pacheco-Moreno, 2024). While this work provides new insight into the plant genetic component 

of rhizosphere microbiome recruitment, it did not compare the relative influence of 

environmental variability.  Furthermore, the ability of a plant to recruit microbes is limited by the 

available soil community from which specific rhizosphere taxa are recruited, and this soil 

community in turn, is shaped by the environment (Coller et al., 2019). There are many unknowns 

regarding how these factors and plant genetics shape the rhizosphere or how they rank in 

importance of impact on shaping the microbial community abundance and composition. 

The objectives of this study were to i) explore the rhizosphere microbial community 

structure of a large barley population in and outside adapted environments; ii) assess the relative 
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contribution of plant genetics and environmental factors in shaping the rhizosphere microbiome; 

iii) identify the co-occurrence patterns of key taxa across environments. To address these 

objectives, we leveraged a population of elite barley cultivars grown across seven location-years. 

Through 16S and ITS amplicon sequencing of the barley rhizosphere, we compared the bacterial 

and fungal microbiome across locations and years. Through variance partitioning, we estimated 

the relative impact of plant genetics and environmental factors on the rhizosphere microbial 

community abundance and composition. We further explored microbe recruitment across 

environments using co-occurrence networks. These results provide new insight into the 

contribution of environmental and plant genetic factors shaping the rhizosphere community of 

barley. 

Results 

To examine barley rhizosphere microbial communities across environments, we 

performed 16S and ITS amplicon sequencing of rhizosphere and bulk soil from four locations 

and two years of field trials. Locations represented environments included in barley breeding 

programs in the northern Great Plains with the exception of Hawaii, which represented an 

unadapted region. After cleaning and filtering, a total of 2,005 bacterial and 1,432 fungal samples 

were retained with a median of 28,904 and 17,225 reads per sample, respectively (Table A3.1). 

Fungal sequencing from southwest Montana in 2021 returned extremely low reads per sample, so 

were removed from fungal analyses.  

Bacterial rhizosphere community is 

consistent across location-years.  
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First, we compared the overall structure and diversity of the soil bacterial communities 

across locations and years. Alpha-diversity was significantly different across locations and years, 

but among Montana and South Dakota locations the average Shannon diversity was consistent, 

with values between five and six (Fig. 3.1A). Hawaii had significantly lower Shannon diversity 

compared to all other locations (Wilcox, p < 0.001, Table A3.2). To understand the composition 

of each location-year we compared bacteria at the phylum level. Actinobacteria was the most 

abundant phylum across all location-years; however, in Hawaii Actinobacteria represented 75% 

of bacteria in most rhizosphere samples, consistently more than any other location-year (Fig. 

3.1B). 

To further assess the differences between locations within barley growing regions we 

performed constrained principal coordinates analysis, incorporating potential environmental 

factors that contribute to microbial composition (Fig. 3.1C). The lack of explanatory power by 

location-year and soil factors demonstrates the similarity of bacterial communities examined. 

Potassium, organic matter, and nitrate concentrations explained the most variation (CAP 1, 

1.45%); however, the first two principal coordinates only explain 2.19% of the variability in 

bacterial communities (Fig. 3.1C). Variability in South Dakota 2021 samples was due to 

variation in pH across trial blocks (Fig. A3.1). 
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Figure 3.1: Summary of diversity in bacterial and fungal reads across location-years. (A) 

Shannon diversity of bacterial community structure. (B) Phylum relative abundance of bacteria 

across location-years. (C) Constrained ordination of bacterial communities by soil chemistry 

factors. Variation between location-years was significant and greater than variation within 

location-year (PERMANOVA, p = 0.0002, F = 10.32). (D) Shannon diversity of fungal 

community structure. (E) Phylum relative abundance of fungi across location-years. (F) 

Constrained ordination of fungal communities by soil chemistry factors. Variation between 

location-years was significant and greater than variation within location-years (PERMANOVA, p 

= 0.0002, F = 197.48). 
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Fungal communities are sensitive to environmental factors.  

Fungal community diversity was variable across location-years, both within and between 

location-years (Fig. 3.1D, Table A3.3). Shannon diversity varied significantly more in fungi 

samples than bacteria within the same location-year across most Montana and South Dakota 

location-years (Table A3.4). Abundant phyla were also observed to vary within and between 

location-years in fungal samples (Fig. 3.1E). Constrained principal coordinate analysis showed 

that the first two principal coordinates explained over 24.07% of variation in fungal communities 

(Fig. 3.1F).  

Due to the overall similarity of the barley microbiome across growing locations, we 

estimated the sources of variability underlying the abundance of each genus across samples. We 

used variance partitioning to calculate the proportion of total variance (termed “variance scores”) 

attributed to potential explanatory factors for rhizosphere ASVs as previously described (Meier 

et al., 2021; Tedersoo et al., 2014). ASVs were filtered with a relative abundance threshold of 

0.005% and prevalence threshold of 10%, resulting in a total of 667 ASVs from 72 genera in 

bacteria and 452 ASVs from 181 genera in fungi. Variance partitioning factors included location-

year and soil chemistry (pH, OM, NO3
-, K2O). To estimate the relative importance of location-

year and each soil factor in shaping the rhizosphere microbiome composition, ASVs were ranked 

by variance score, and only ASVs above a five percent variance explained threshold were 

retained (Meier et al., 2021).  

Partitioning by ASV revealed soil 

and location-year effects in bacteria.  

In bacteria, location-year explained over five percent variance in 37% or 250 of ASVs, 

with maximum variance explained of 41% (Fig. 3.2A). Soil chemistry factors also explained 
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variance at the ASV level, up to 21%. Potassium concentration explained over 5% abundance 

variability in 13% or 88 of prevalent ASVs. Likewise, pH and organic matter explained over 5% 

abundance variability in 40 and 48 ASVs respectively. Together, soil chemistry factors explained 

146 unique ASVs, with most taxa only significantly explained by one chemistry factor (Table 

A3.5).  

We also examined the sources of variance affecting fungal community abundance using 

variance partitioning on fungal ASVs. Fungal ASV abundance was most determined by location-

year. Similar to bacteria, most fungal ASVs abundance variances were not associated with soil 

chemistry factors (Fig. 3.2B, Table A3.6). This suggests that while some fungi are responsive to 

soil chemistry, the abundance of most fungal community members are determined by 

environment.  

 

 
Figure 3.2: Variance partitioning for microbial ASV abundances. A linear model was calculated 

per genus as fixed qualitative and random categorical variables (~ pH + OM + K + Nitrate + 

(1|locyr) + (1|Block)). (A) Bacterial ASV abundance variance is more explained by environment 

and plant genotype than when averaged to genus. (B) Variance partitioning by fungal ASVs were 
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significantly explained by location-year, echoing the location-year variability found with 

constrained principal coordinate analysis.  

 

Bacteria network ASV are conserved, however hub 

taxa are rarely consistent across location or year.  

Finding specific ASVs variable by environmental factors, we next examined whether the 

microbiome network structure varied across location-years. Co-occurrence networks were built 

within each location-year using the same subset of 667 prevalent ASVs used for variance 

partitioning (Fig. A3.2). In bacteria, we found that co-occurrence networks were built from a 

consistent group of ASVs (Fig. 3.3A). Most were present in-network across a majority of 

location-years.  

We classified hub taxa that could be responsible for creating defining networks of 

microbes. Hub taxa were defined using hub score, originally defined for hyperlink networks and 

commonly used in rhizosphere network analysis (Kleinberg, 1999; Layeghifard et al., 2017). 

Scores represent relative interconnectivity of nodes in a network, where hub taxa have many 

connections to other highly connected taxa. Between 6-40 hubs were identified across location-

years. Interestingly, we found that hub taxa were unique to each network and rarely identified as 

a hub in more than one network (Fig. 3.3B).  

Though hubs varied, network structure was consistent across location-years and showed 

similar patterns to other soil rhizosphere microbiome studies in that most nodes were only 

directly correlated with a few other nodes, while a small subset of nodes was correlated with 

many nodes, measured by network degree (Agler et al., 2016; Edwards et al., 2015)( Fig. A3.2). 
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This pattern of a relative minority of nodes that are highly connected to the broader network was 

consistent across network parameters (Fig. 3.3C).  

Fungal network parameters were similar to bacterial co-occurrence networks, showing 

few highly connected nodes (Fig. 3.4C). Specifically, degree and betweenness centrality were 

commonly low in networks with high interconnectivity being rarer among nodes. We found that 

the majority of ASVs in fungal co-occurrence networks were unique to a single location-year 

network (Fig. 3.4A). Further, hub taxa were also unique to fungal networks (Fig. 3.4B).       
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Figure 3.3: Bacterial co-occurrence network comparison showing conserved ASV nodes and 

ASV hubs. (A) Similarity of ASVs present in networks. Set size measures how many unique 

ASVs were in each location-year network. Intersection size measures how many ASVs were seen 
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at a certain number of networks, shown by the connected dots. Most ASVs were present in more 

than one network. (B) Number of shared and unique ASVs identified as hub taxa in networks. 

Across every network most hub taxa were unique to each location-year. (C) Co-occurrence 

network parameters across location-years.   
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Figure 3.4: Fungal co-occurrence network comparison showing conserved ASV nodes and ASV 

hubs. (A) ASVs are most commonly unique to specific location-years. (B) Hub fungal ASVs 

were not consistent across locations or years. (C) Network structure is consistent. 

    

Previous GWAS analyses across the same barley population suggested multiple 

quantitative trait loci (QTL) were associated with specific bacterial taxa (Williams et al., 2025). 

Given the potential interactions of these QTL with specific bacterial taxa, we tested genetic loci 

as factors in our variance partitioning models. Variance partitioning highlighted 92 ASVs from 

39 genera that were significantly variable by allele. Single nucleotide polymorphisms (SNPs) 

from three previously identified QTL (Williams et. al., 2025) were included in the variance 

partition model to rank the relative importance of each on ASV abundance (Fig. A3.3). 

Interestingly, QTL explained the variance of many ASVs but only when nested by location-year, 

suggesting a genotype by environment interaction, as previously found in the rhizosphere 

microbiome (Peiffer et al., 2013; Schlatter et al., 2020). This is also consistent with our previous 

GWAS study, where QTL only colocalized with bacterial taxa at specific location-years and not 

in others. Variance partitioning, however, found novel microbes affected by QTL compared to 

previous GWAS results (Tables A3.7-A3.10).  

Discussion 

Rhizosphere microorganisms play a fundamental role in plant survival and productivity 

by mediating nutrient acquisition and providing pathogen and abiotic stress protection (Wall et 

al., 2015). Our findings provide new insight into the role of plant genetics and environmental 



71 

 

factors and interactions between these factors in shaping this community in a genetically similar 

elite barley population.  

The bacterial rhizosphere community composition was consistent across locations within 

barley growing regions of the US Northern Great Plains. In contrast, a distinct rhizosphere 

community was recruited in a contrasting environment in Oahu, Hawaii demonstrating the limits 

of plant recruitment of soil microorganisms. Through variance partitioning we identified and 

ranked the effect of environmental components on bacterial and fungal communities. Overall, 

little bacterial community variation was attributed to individual soil factors. Location-year 

explained the most variability in ASVs, suggesting differences in weather from year-to-year 

contributed to difference in the rhizosphere community. Soil microbial communities are sensitive 

to changes in temperature and moisture and these factors also alter host plant physiology (Meier 

et al., 2021). Climate factors could not be included in variance partition models because 

conditions such as precipitation and temperature were aggregated at the location-year level.  

While other studies have identified microbial taxa that are responsive to differences in 

plant genotypes (Oyserman et al., 2022; Pacheco-Moreno et al., 2024) or are associated with 

specific plant gene loci (Escudero-Martinez et al., 2022), much of this work has been performed 

with a small number of genotypes or under limited environmental variation. Our results 

demonstrate the importance of evaluating rhizosphere recruitment in the context of both plant 

genetics and environment. While location and yearly variation due to changes in temperature and 

precipitation explained most of the variance, select plant gene loci also explained variance within 

some taxa (Fig. A3.3) demonstrating the potential of breeding plants for specific microbial 

interactions. 
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The subgenus variability in ASVs abundance within some genera suggests subgenus 

functional differences exist within taxa that would not be detected by higher level β-diversity or 

differential abundance analysis (Fig. A3.4). Similar findings have been reported in other crops 

such as maize and soybean (Meier et al., 2021). At the phylum level, bacterial communities were 

consistent with previous bacterial soil surveys, predominantly comprised of Actinobacteriota and 

Proteobacteria (Maestre et al., 2015). Interestingly in Hawaii, the location outside barley’s 

adapted growing range, Actinobacteriota relative abundance averaged 75.7% across the barley 

population, whereas across the mainland locations the maximum abundance of Actinobacteria 

was 60%. Actinobacteriota is prevalent across many ecological regions, making it among the 

most abundant bacterial taxa (Maestre et al., 2015). Members of the Actinobacteriota phylum 

have shown to proliferate under copiotrophic (nutrient rich) and oligotrophic (nutrient limited) 

environments, suggesting its ability to thrive under a wide array of environmental conditions (Ho 

et al., 2017). In a novel growing environment for barley such as in Oahu Hawaii, barley could be 

unable to respond to the novel microbial community, thereby allowing for opportunistic bacteria 

such as Actinobacteria to colonize. 

Bacterial co-occurrence networks built within each location-year had consistent 

interconnected ASVs, further exhibiting similarity across growing conditions. Interestingly 

however, networks were unique when considering the most highly interconnected ASVs. 

Network nodes were considered hubs with greater than 0.1 hub score, a metric used to define the 

number and importance of connections stemming from each node (Osborne et al., 2024). While 

hub ASVs were consistently present across multiple networks they were rarely ever considered a 

hub ASV in more than one network. This differs from previous research on global microbe (Ma 
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et al., 2020) and phyllosphere microbiome co-occurrence networks (Agler et al., 2016) which 

suggested that hub microbes persist through environmental variation. However rhizosphere 

microbes seem to be more variable, as found in a previous study in dryland wheat (Schlatter et 

al., 2020). Similar to our study, Schlatter et al. (2020) found a significant location effect on plant-

associated microbes. These results suggest a broader, less constrained and interconnected 

network structure, without reliance on one taxon to establish the community (Agler et al., 2016; 

Coller et al., 2019). Instead, local environmental factors such as moisture content and ground 

temperatures seem to play a primary role in shaping the plant-associated microbial community 

(Islam et al., 2020).  

Fungal community differences predominantly varied due to location-year, followed by 

soil chemistry factors. Soil factors were less ubiquitous across prevalent taxa but explained as 

much as 41% of variability in ASVs. Due to the low overlap in ASVs detected by location-year, 

ASV were also unique to co-occurrence network. While ASV variability was relatively high in 

fungal communities across location-years, results were similar in that overall fungal communities 

were consistently characterized by the phylum Ascomycota, as previously found in a global 

survey of soil samples (Egidi et al., 2019). These findings support the idea that fungal taxa are 

more deterministic, driven by climatic factors for dissemination rather than local soil conditions 

(Egidi et al., 2019).      

Previous studies in other plants related microbial abundance to host genetics (Clouse & 

Wagner, 2021; Zhang et al., 2019). Plant-microbe interactions are influenced by specific host 

genes, as determined by genome-wide association studies (GWAS) (Deng et al., 2021; Horton et 

al., 2014). Previous work with this dataset revealed barley QTL associated with microbes, 
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dependent on location-year (Williams et al., 2025). These QTL were used for variance 

partitioning and the results found many microbe co-localizations were consistent with previous 

GWAS results while additional low abundance taxa were also identified. These findings support 

our previous GWAS results and other barley studies and suggest that barley genetics play a role 

in soil bacterial community structure (Chang et al., 2014; Pacheco-Moreno et al., 2024).  

Our findings suggest plants have less influence in shaping the rhizosphere fungal 

community. For plant breeding, this highlights a gap in the extended phenotype where the 

relationship between barley and associated below ground fungi can be improved. As seen in 

many crop plants, fungal species are capable of significantly improving plant performance 

(Adedayo & Babalola, 2023). To start, a better understanding of barley interactions with fungi is 

needed. Based on these findings, we plan to perform GWAS similar to the bacterial taxa to target 

further potential QTL responsible for fungal abundance in the rhizosphere. Due to the large 

environmental effects, we expect to see a large environmental dependance on plant-fungi 

interactions in both the GWAS and following variance partition models including QTL factors.  

To further utilize the barley rhizosphere for plant performance, more specific interaction effects 

between plants, environment, and microbes must be measured. Our study found location-year 

effected ASVs differently within the same genus, suggesting that microbe by environment 

interactions are more specific than commonly measured surveys which group taxa at the genus 

level and above (Mishra et al., 2023). Further, we were unable to partition between important 

environmental factors including precipitation and temperature throughout the growing season – 

significant factors that drive microbe community structure (Islam et al., 2020).   

Conclusions 
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Across barley growing regions of Montana and South Dakota, we found that the bacterial 

rhizosphere microbiome was consistent, evidence that plants were capable of creating a similar 

habitat for microbes in the rhizosphere. While the bacterial microbiome was consistent in overall 

structure, there was a notable lack of consistent hub bacteria across location-years. This suggests 

that the barley population associated consistently with bacterial community at broad levels, but 

plants were not able to consistently recruit specific microbes under variable environmental 

conditions. This was further discovered in the rhizosphere fungal community, where the 

abundance of fungal taxa was significantly impacted by environmental conditions.   

For future applications, this work highlights the large environmental effect influencing the 

associated barley microbiome. Breeding for beneficial barley rhizosphere communities will need 

to account for this environmental effect to maintain benefits under variable locations and 

growing seasons.  

Methods and Materials 

The S2MET barley population was grown across four locations over two years in 2021 

and 2022: Post Research Farm in Bozeman, MT; Central Agricultural Research Station in 

Moccasin, MT; Brookings, SD, and for one year in 2021 grown at the University of Hawaii 

Research Farm in Oahu, HI. At each field site 232 of the elite barley lines from the S2MET 

population (Neyhart et al., 2019) were randomly assigned into 12 blocks in an augmented block 

design. Four common Montana barley varieties, Hockett, Odyssey, Merit-57, and Lavina were 

replicated once per block. Locations in MT and SD represent barley growing regions of the 

Northern Great Plains and are representative of environments included in barley breeding 

programs in this region. Hawaii was selected as a contrasting environment far outside the 
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adapted environments represented in the barley breeding programs contributing to the S2MET 

population. At each field site, common management practices for the location were followed. At 

the Post Farm, plots were planted as three-row, twelve-foot plots. Crop rotations here were 

standard in both years following fallow-oats-barley. At CARC plots were planted in 5 rows, six 

feet long. Field history at CARC varied by growing year, where the 2021 field had mustard-oats-

barley and the 2022 field had oats-mustard-barley. Brookings SD planted larger 5-row, 15-foot-

long plots.  

At each location developmental metrics were measured including heading and maturity 

date, plot length, and plant height. Heading and maturity dates were measured every other day 

per plot. Plot length was collected via measuring tape to the average ends of each plot across the 

3 or 5 rows depending on location. Finally, plant height was collected by measuring three 

representative plants in each plot via measuring stick after plants were considered mature. After 

plant height was measured, plots were harvested independently into bags for threshing and yield 

metrics.  

Rhizosphere soil sampling followed a standardized protocol across all location-years. 

Sampling was timed to occur when plots were on average at stem elongation stage. We decided 

to collect all rhizosphere samples at once to standardize the length of time they were exposed to 

plants. In each plot, three plants were dug up with a trowel with the aim of maintaining as much 

of the roots as possible. After lightly shaking off any large peds, the plants were stored in 

ZipLock bags and put in iced containers. In the second year of sampling to simplify downstream 

processing we separated plant shoots from the roots at this step and put plant shoots into brown 
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paper bags to weigh. In the first year the plant shoots were separated from roots in the lab and 

weighed for aboveground biomass.  

Once the sampling was complete, root samples were deposited into a freezer at -80C for 

longer term storage. In batches of 8, root samples were removed from the freezer and put through 

a sonication bath for one minute with a 0.7% NaCl solution to remove the rhizosphere soil. The 

solution was sieved and centrifuged, then the precipitate soil was stored at -80C in a 2-mL tube. 

Samples at this point consisted of just rhizosphere soil.      

DNA extractions were conducted using the Qiagen DNeasy PowerSoil Pro DNA Isolation 

Kit (Qiagen Inc., Germantown, MD, USA) in batches of 24 samples. Samples were then 

analyzed on a NanoDrop Spectrophotometer (Thermo Fisher Scientific (Waltham, MA USA) for 

assessing concentration and quality.Purified DNA was submitted to Integrated Microbiome 

Resource (Dalhousie University, Halifax, NS) for amplicon sequencing of the bacterial 16S V6-

V8 region and fungal ITS2 region on the Illumina MiSeq platform (Illumina, San Diego, CA, 

USA) using a 2 × 300 PE kit. 

Quality filtering, sequence variant assignment, and alpha and beta diversity analysis were 

performed using the Workflow for Microbiome Data Analysis in R (Callahan et al., 2017). First, 

reads were trimmed to remove low quality sequences. The first 5 bases were removed from the 5’ 

end of each read then reads were trimmed to keep the quality score greater than 30. On average 

forward and reverse reads were trimmed to 250 and 180 bases respectively. Only forward reads 

were used for downstream analysis due to the low quality of the reverse reads. Reads from 

Hawaii were filtered with maximum expected error rate of 10, versus 2 at other location-years 

due to lower read quality. Dereplication, chimera removal, and taxonomy assignment were 
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performed using Dada2. After filtering, all location-years were combined into a single phyloseq 

object before constructing a phylogenetic tree. 

Fungal ITS filtering followed the same workflow at bacterial 16S filtering with the 

following changes. Due to the widely variable read lengths, we used the R package ShortRead in 

conjunction with dada2 and Biostrings to recognize and remove primers from forward and 

reverse reads instead of trimming by a set length. Converse to 16S reads, forward and reverse 

reads overlapped sufficiently to merge reads.  

Statistical Analysis 

Variance partitioning was performed on ASVs with center-log-transformed relative 

abundances to estimate the contribution of environmental, soil physical and chemical parameters, 

and management factors to changes in microbiome composition in rhizosphere. Following 

previous reports, we used a 5% variance partition threshold to filter more meaningful factors 

(Meier et al., 2021). Mixed effects models were used to assess fixed quantitative effects such as 

soil chemistry and random categorical effects including location-year and block. Using linear 

model notation this looked like; (~ pH + Nitrate + OM + K + (1|locyr) + (1|Block)). When 

running variance partitioning with QTL, these were included as random factors (pH + Nitrate + 

OM + K + (1|locyr) + (1|Block) + (1|S5_480129120) + (1|S5_480129120:locyr)). QTL were 

nested by location-year to account for any interaction effects seen across growing locations.    

To explore the effects of environment and other location-specific factors on microbial co-

occurrence patterns, networks were constructed using the SPIEC-EASI (Sparse Inverse 

Covariance Estimation for Ecological Association Inference) method implemented in the 

SpiecEasi (v1.1.3) (Kurtz et al.2015) and microeco (Liu et al. 2021) R packages. For network 



79 

 

inference, only ASVs with a relative abundance greater than 0.005% and prevalence over 10% 

across all samples were used. Networks were visualized in Cytoscape (Shannon et al., 2003) and 

graphical model inference was performed by the Meinshausen and Buehlmann neighborhood 

selection method (Kurtz et al. 2015).  The resulting node tables were imported into R to compare 

network parameters between locations.  
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Abstract 

The analysis of unoccupied aerial system (UAS) imagery remains a bottleneck to 

obtaining actionable data due to its complexity and required specialized skill set. We introduce a 

workflow designed to balance usability and flexibility in processing UAS imagery using QGIS, 

an open-source geographic information system (GIS) software. The workflow consists of four 

sequential steps: semi-automated plant classification, user-corrected plot delineation, spectral 

index calculation, and data extraction. We tested this workflow on barley UAS image data, 

collected over 12 flights throughout the growing season. As a proof-of-concept, multiple RGB 

indices were calculated to test for relationships to ground-sampled data and exemplify 

applications of spectral analysis. Our results indicate a strong correlation between the Visible 

Atmospheric Resistant Index (VARI) and ground truth data, particularly when integrated over 

multiple flights. This open-source workflow provides a lower barrier-to-entry solution for 

researchers and producers, facilitating the broader adoption of UAS technology in agriculture. 

By automating routine tasks while allowing user intervention for critical adjustments, this 

approach enhances the efficiency of agricultural data analysis. 
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Introduction  

Unoccupied aerial systems (UAS) are gaining popularity for their ability to collect high 

resolution imagery on demand in agricultural settings, enabling real-time decision making 

(Candiago et al., 2015). This technology has been used to measure plant health (Sahoo et al., 

2024), stand counts (Zortea et al., 2018), and identify invasive weeds (Rasmussen et al., 2019). 

Collecting information on crop performance using (UAS) is efficient and inexpensive, but 

analyzing imagery remains time-consuming and complicated and thus is one of the main barriers 

to utilizing UAS in agricultural research (Lachowiec et al., 2024). Accessible and inexpensive 

analysis workflows are valuable to process the growing number of datasets utilizing UAS (Istiak 

et al., 2023) into useful information for producers and researchers.  

Ideally, image processing pipelines are both easy to use and flexible (Adler et al., 1999a). 

A usable workflow has a low learning curve, little entry cost, and minimal required computer 

processing power. A flexible program gives users the tools to revise steps in the process to fit 

their goals. However, there is a tradeoff between usability and flexibility (Adler et al., 1999a), as 

users are given more tools, flexibility improves at the cost of reduced simplicity. The challenge 

when creating an imagery analysis workflow is to balance usability and flexibility to align with 

the types of datasets the workflow is intended to process.  

Previous work in maize (Liu et al., 2022), faba beans (Ji et al., 2023), and wheat (Lu et 

al., 2019) demonstrate the utility of UAV-collected red-green-blue (RGB) imagery as proxies for 

ground-collected plant metrics. In this process, crops of interest need to be isolated from the rest 

of the image and each plot must be correctly identified and delineated. Flexible approaches that 
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can be applied to a diversity of crops which vary in shape, size, and color are desirable. The 

classification of pixels representing a crop in an image is sensitive to the plant of interest and the 

surrounding growing environment (Wu et al., 2014; Zhang et al., 2014). One semi-automated 

approach utilizes the calculation of an index based on RGB pixel values wherein pixels are 

classified as representing plants based on a manually selected threshold value of the index. As 

healthy plants reflect large amounts of green light and low amounts of red, multiple color-based 

indices are capable of performing plant classification (Upendar et al., 2021). The selection of a 

threshold value for the index lends the approach flexibility to identify diverse crops as well as 

avoiding misclassification of pixels from soil, shadows, and other objects as plants (Rasmussen 

et al., 2019). 

For use in small-plot research, UAS data processing pipelines should also be flexible to 

varied plot layouts. Common plot segmentation methods use the dimensions of plots, plot 

spacing, and total field extent to populate a grid upon an image, assuming no variability in plot 

shape (Bhandari et al., 2021; Haghighattalab et al., 2016; Matias et al., 2020). However, the size 

and shape of plots can be specific to each research program or planting location, including 

irregularities like variable plot sizes or misaligned plots. In instances where plots are tightly 

spaced or misaligned, a simple grid will not accurately segment plots. Plot segmentation 

protocols available can handle challenging field layouts, such as staggered rows, but lack 

functions for adjusting single plot shapes or are closed-source software (Ha et al., 2022; 

Anderson et al. 2020).   

Here, we introduce a workflow combining manual and automated actions to maximize 

usability and flexibility in UAS imagery analysis. We leverage the functionality of the free and 
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open-source geographic information system software QGIS for extracting data from imagery. 

This workflow functions sequentially in four stages: first, the input image is semi-automatically 

classified to discern plant pixels from any other background pixels. Second, the user semi-

automatically defines an accurate plot map to distinguish between plots. Third, one or more 

spectral indices can be calculated per plot. Finally, any statistical summary of each spectral index 

can be calculated and extracted into a spreadsheet format. We demonstrate the workflow’s use in 

a small plot trial by testing spectral indices as proxies of heading and maturity dates in barley. 

Barley, an annual crop, is planted in the spring. After emergence, barley tillers before the main 

stem begins elongation. Heading date is defined when barley heads emerge from the elongated 

stem. Finally, barley is harvested once grain has senesced. We observe strong correlations 

between ground truth data and the spectral imagery data that was collected across barley growth 

stages. Currently the ability to analyze and extract useful information from aerial imagery 

represents one of the largest barriers to entry for many growers and researchers (Istiak et al., 

2023; Lachowiec et al., 2024). By offering an additional open-source workflow to the quickly 

developing suite of options, we introduce a simpler, lower barrier-to-entry process for those who 

are not familiar with remote sensing and imagery analysis.  
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Materials and Methods 

Study Site and Data Collection 

We conducted flights at the Montana State University Post Research Farm in Bozeman, 

Montana using a Mavic 2 Pro quadcopter with an integrated Hasselblad sensor. Flown at 30-

meter altitude, this sensor captured Red, Green, and Blue (RGB) wavelength imagery with an 

approximate resolution less than one cm per pixel (Supp Table A4.1). This flight plan was 

repeated 12 times throughout the growing season with higher frequency of flights during heading 

and maturity (Table 4.1). Flights were scheduled twice a week during the early season and every 

two days during heading and maturity, given suitable weather conditions. Raw imagery, 

calibration details, and stitched orthomosaics of these flights are available (Killian et al., 2023).  

Heading and maturity dates were determined through visual assessment of barley plots on the 

ground. Starting when plants reached Zadoks stage 5 (Zadoks et al., 1974), we assessed the field 

every two days until all plots were defined as headed or matured respectively. Each plot was 

scored as headed when at least 50% of heads were exposed from the boot. Maturity was similarly 

scored when at least 50% of plant heads had senesced. Plant height was measured by walking 

through each plot with a meter stick and recording the height of four randomly selected plants. 

Grain yield was measured after harvesting plots and extrapolated to kg/hectare based on plot 

size. 
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Table 4.1. Schedule of UAS flights and plant measurements throughout growing season.  

Date Days After Planting Flight Number Measurement Stage 

April 26 0  Planting 

June 16 51 1  

June 21 56 2  

June 24 59 3  

June 25 60  Heading began 

July 01 66 4  

July 11 76  Heading finished 

July 12 77 5  

July 15 80 6  

July 19 84 7  

July 21 86 8  

July 25 90 9 Maturity began 

July 27 92 10  

August 5 101 11  

August 8 104 12  

August 10 106  Maturity finished 

August 11 107  Plant height measured 

 

Orthomosaic Creation 

After collecting remote sensing imagery, raw images were stitched to create an 

orthomosaic image using the open-source, commercial-grade software OpenDroneMap (Toffanin 

et al., 2023). OpenDroneMap performed consistently well to commercial opens including 

Pix4Dmapper and Agisoft in agricultural imagery (Pell et al., 2022). To retain spatial resolution 

and maximize efficiency, OpenDroneMap default stitching parameters were altered as detailed in 

the previously published dataset (Killian et al., 2023). In brief, 4000 tie points were used to stitch 

images, potential moving objects were processed with gaussian dampening, and no cropping or 

compression were performed. 
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QGIS: Tools and Models 

QGIS is an open-source geographic information software capable of processing imagery 

as specific light bands. We developed a series of workflows for processing imagery, using a 

combination of built-in QGIS functions, referred to as “Tools”, and combined these tools to 

automate tasks, referred to as “Models”. While models combine and automate tasks, they can 

still be run as separate tools to debug and alter any aspect of the workflow. Stitched 

orthomosaics from OpenDroneMap were loaded into QGIS for all further analysis. All models 

are available with instructions at https://github.com/erikkillian/multiPLOT. The workflow uses 

Models and Tools to perform threshold-based classification on input images. In parallel users 

create a semi-automated grid to accurately designate plots in the field. Finally, mean band values 

are extracted for analysis (Figure 4.1).  
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Figure 4.1: A flowchart describing the workflow from input images to tabular data. Raw images 

are classified into plant pixels for accurate data extraction. Plots are delineated semi-

autonomously then used to extract plot-level data.  

 

 

Plant Classification 

We created a QGIS Model to automate soil masking and identify pixels representing 

plants. This model uses the 1) original orthomosaic and 2) a user-defined Excess Greenness 

Threshold number as inputs—this produces a single orthomosaic containing the masked bands as 

an output. The Excess Greenness Threshold is defined from the Excess Greenness Index (EGI),  

(Rodene et al., 2022):  

EGI = (2 * Green) - (Red + Blue) 
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where Green refers to a pixel’s green value, Red refers to a pixel’s red value, and Blue refers to a 

pixel’s blue value. EGI can accurately classify plants within an image due to the relatively high 

greenness of plants compared to their background (Hennessy et al., 2020; Rasmussen et al., 

2007; Upendar et al., 2021). First, EGI was calculated for each pixel, resulting in an orthomosaic 

containing EGI values; using the layer properties in QGIS, EGI values are displayed as a 

histogram (Figure 4.2). For agricultural field imagery the EGI distribution is typically bimodal 

since pixels most often contain either plant or soil. Plants reflect green wavelengths of light more 

than red or blue, while soil reflects relatively more red and blue wavelengths of light (Meyer & 

Neto, 2008).        

 

Figure 4.2. Classifying plants versus soil. (A) Segment of the true-color input image. (B) 

Mapped excess greenness index values of the same image. Lighter colors represent higher EGI. 

This shows how EGI can distinguish both soil and shadows from plants in the image (C) 

Histogram of EGI values across entire image.  
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Based on this distribution, user-defined thresholds of 40-60 were used to classify plants 

versus non-plant pixels in this study. First, the inflection point between the two distribution 

peaks was used as a reference threshold of 25 to separate the image into two distinct groups 

(Otsu, 1979). Through visual inspection this threshold was ill-suited to our dataset as it failed to 

mask out many shadows. Through testing more conservative thresholds, we found the range of 

40-60 successfully masked out soil and shadow pixels while maintaining the maximum amount 

of plant pixels. These threshold values were then tested on each flight date. Appropriate 

thresholds in other studies may vary from these values based on the EGI histogram. The defined 

threshold was used to create a binary mask layer from the EGI layer, where plant pixels equaled 

one and non-plant pixels equaled zero. Once created, the value of each band of the original 

image was multiplied by the binary mask layer to retain plant pixels and remove non-plant 

pixels. Finally, the bands were recombined into a single orthomosaic image that contains only 

plant pixels. We combined these steps into a classification model that is run by simply inputting 

the orthomosaic image and a threshold value. Importantly, this soil mask model can be bypassed 

if users want to implement an alternative classification method. The alternative classified image 

can be imported to QGIS as a TIFF file for all downstream analysis.  

Plot Segmentation 

In small plot studies, plots may be very tightly spaced. For this reason, defining plots 

through canopy cover (Machefer et al., 2020; Zheng et al., 2022) or simple grids lead to 

misalignment in defining plot boundaries. Misaligned plots will create data errors by assigning 

plants into the wrong plots. We found that previous automated methods (Haghighattalab et al., 

2016; Matais et al., 2020) do not have tools to account for the irregular planting in our field, so 
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we developed the workflow for semi-automated plot delineation to accurately delineate tightly 

planted and non-uniformly sized plots. First, a simple line grid was created based on the size and 

number of plots in the image using the Create Grid tool. Similar to other automated gridding 

tools, a grid was automatically populated based on user-provided plot height and width 

information plus the field extent (Matias et al., 2020). Importantly, for any errors in the grid, 

user-mediated changes can be made at the field scale and from plot to plot. Field-level changes 

were made by selecting and moving any single line or vertex; with simple plot layouts and large 

plot margins this provides an accurate plot map.    

Further refinement of any smaller errors is done by redefining plots as polygons. First, 

the line grid was transformed into a polygon grid using the Polygons tool which then allows the 

sides and vertices of each plot to be manipulated independently for complete control over each 

plot extent (Figure 4.3). This was capable of accounting for uneven plot sizes or planting errors 

by individually altering or removing inaccurate plots and those not used in the study. Once 

accurately defined, a single grid can be used across any number of georeferenced images. 

 

Figure 4.3. Plot identification and subsetting. (A) Polygon grid with unused plots removed to 

ease downstream analysis. (B) EGI-masked orthomosaic of a subset of barley plots. Subset 

polygons (yellow) provide a boundary between plots to account for any plot overlapping or grid 

inaccuracies. 
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Subset Polygons 

An optional step during plot segmentation is subsetting, which was a simple two-step 

process. Subsetting plots will create a smaller plot section at the center of each plot to help 

minimize plot edge effects. This step is most useful when plot borders are extremely close 

together or in cases where plant canopies overhang into neighboring plots (Figure 4.3B). First, 

the Centroids tool was used in conjunction with the polygon grid to create a point at the center of 

each plot. Second, the rectangles, Ovals, Diamonds tool created a user-defined polygon of any 

size centered around each centroid point previously created. This plot subset can account for plot 

boundary issues or irregularities.   

Data Extraction 

Data extraction converts the identified plant pixel data into numerical tabular data. Using 

the Zonal Statistics tool, values were extracted per plot based on a predefined polygonal grid as 

previously described. The average pixel value of each band within each plot was independently 

extracted to create a final table of reflectance values by plot. In addition to mean, other statistics 

such as minimum, maximum, and standard deviation can be run in parallel to be output together. 

The mean band values were then used to create vegetation indices. Outputting spectral data in a 

table simplifies calculating and comparing indices as information is independent of the large 

spatial files and can be instead run in programs such as Excel or R. Alternatively indices can be 

calculated within QGIS using the Raster Calculator tool where vegetation indices are stored per-

pixel.  
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Data Analysis 

Following data extraction using the above pipeline, we extracted the mean pixel values 

for red, green, and blue wavelengths across each plot. By geolocating the stitched images from 

each date, we applied the same plot map across all 12 flights. The extracted color bands were 

used to calculate indices (Table 4.2), including Visible Atmospherically Resistant Index (VARI), 

Green Leaf Index (GLI), and Red-Green-Blue Vegetation Index (RGBVI) using mean band 

values per plot (Lussem et al., 2018). The relationship between each index and plant traits 

including yield, biomass, and development stages heading date and maturity date were calculated 

by Pearson’s correlation (SuppTable A4.2). For data analysis we used Hmisc (Harrell, 2024) in 

R version 4.4.1. 

Table 4.2. Vegetation Indices   

Vegetation Index Equation 

VARI (G – R) /  

(G + R – B)  

GLI (2*G – R – B) / 

(2*G + R + B) 

EGI 2*G – R – B  

RGBVI (G*G) – (R*B) / 

(G*G) + (R*B) 
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Results 

To illustrate the workflow presented in the Methods, we used high resolution RGB 

imagery collected with an unoccupied aerial system throughout the growing season of a barley 

experiment consisting of over 200 barley varieties (Killian et al., 2023). In total we collected 

imagery during 12 flights launched between seedling emergence and plant maturity. Killian 2023 

provides additional background on image stitching and calibration.    

First, we classified image pixels to isolate plants from the surrounding soil. This required 

defining a manual EGI threshold value based on the original image’s EGI histogram. By visually 

examining the bimodal EGI distribution, we selected multiple thresholds for classification. We 

found it best to select a higher, more stringent threshold than the intermodal minimum, as some 

shadows and other background pixels were included. To compare and test the robustness of the 

user-defined EGI plant classification threshold value, we classified plants using five EGI 

thresholds. We determined the impact of the manual selection of threshold by processing each 

image at each EGI threshold through the whole workflow. The effective RGB index Variable 

Atmospheric Resistance Index (VARI) (Gitelson, Stark, et al., 2002; Adak et al., 2024) was used 

to compare the effect of varying thresholds. VARI correlation to each of the four plant metrics 

was highly consistent across thresholds during the growing season (Figure 4.4). The correlation 

to plant traits is robust to the user-defined threshold value.  
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Figure 4.4. Testing the effect of Excess Greenness Index (EGI) threshold on correlation between 

VARI and plant traits at each flight date. Correlations were robust to changing thresholds, 

showing that threshold choice did not significantly alter the data results.   

 

From the plant classified image we extracted plot-specific data from each flight testing 

several approaches. Using canopy cover to segment plots overestimated plot numbers when 

plants were separated by soil, and the lack of plot spacing led to plots aggregating together (Supp 

Fig A4.2). We next tested multiple automated plot boundary gridding approaches 

(Haghighattalab et al., 2016; Matais et al., 2020), but we found that the borderless and 

inconsistent plot spacing in the field required a more supervised approach to correctly define 

plots versus a purely automated workflow.  

We then compared the performance of a user-corrected grid to an automated plot grid on 

the orthomosaic image from 90 DAP to delineate plots of mature plants. The automated grid 
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followed common automated plot delineation protocols by defining the field extent and plot 

dimensions (1m x 5.5m) while the semi-automated plot grid was created as described above. We 

then scored each grid on plot accuracy (Table 4.3). Each of the 280 plots was designated as 

having a large, small, minute, or no error based on how many plants in a plot exceeded the plot 

boundary. A minute error was defined as having only a few plant pixels crossing a plot boundary. 

Small errors occurred when multiple tillers of one to a few plants crossed a plot boundary. A 

large error occurred when most plants in a row crossed or were completely defined under the 

wrong plot. With these quality scores, precision (the ratio between true positive and false 

positives) and F-1 (a definition of accuracy including both precision and recall ranging from zero 

to one with values being better closer to one (Robb et al., 2020)) was compared across the 

approaches. Both the automated and user-corrected approaches contained the correct number of 

plots so there were no false plots identified. The automated plot grid generated the largest 

number of minute, small, and large errors. Subsetting plots within the automated grid greatly 

reduced the large error number, improving the precision and F-1. However, the user corrected 

plot grid had no large errors and further subsetting of user corrected plots resulted in precision 

and F-1 scores of 1 (Table 4.3).  

  

Table 4.3. Comparing plot segmentation accuracy between user-corrected and autogenerated 

grid. Errors report how many of the 280 plots were considered to have minute, small, or large 

errors.  

Plot Method 
Errors 

Precision F-1 
Minute Small Large 

Automated 17 38 187 0.16 0.27 

Automated - Subset 22 21 69 0.61 0.75 

User Corrected 54 24 0 0.73 0.84 

User Corrected – Subset 0 0 0 1 1 
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After correctly delineating plots, we calculated average per-plot vegetation indices across 

all flight dates. Several RGB indices were used including Excess Greenness Index (EGI) 

(Woebbecke et al., 1995), Normalized Excess Greenness Index (NEGI), Variable Atmospheric 

Resistance Index (VARI) (Gitelson, Kaufman, et al., 2002), Red Green Blue Vegetation Index 

(RGBVI) (Bendig et al., 2015), and Green Leaf Index (GLI) (Louhaichi et al., 2001). The 

correlation to plant metrics varied across these spectral indices, but VARI regularly correlated 

best with yield and heading date (Supp. Table A4.2). For this reason, VARI was selected for 

further examination.  

In barley, grain fill timing and duration affect plant yields in semi-arid conditions 

(Christopher et al., 2016; Williams et al., 2022). We examined how the spectral index VARI 

could be used to predict traits related to grain fill. The correlation of VARI and heading date 

increased over time, peaking at 0.61 at 86 DAP and then proceeded to quickly and steadily 

decrease thereafter (Figure 5). This peak correlation came ten days after all plots were called as 

headed by ground sampling. The correlation between VARI and maturity date also increased 

during later dates with a decrease just after heading completed and a peak correlation of 0.55 

during senescence. The VARI – Yield correlation over time was highest earlier in the year with a 

maximum at 0.53, sixty-six days after planting. This peak decreased after heading to between 0.2 

and 0.4 until harvest (Supp Table 4.2).   
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Figure 4.5. Examining the relationship between agronomic traits and the VARI index. (A) 

Visualizing the correlation between VARI and the plant traits heading date and maturity date at 

each flight date to compare to (B) the percentage of barley plants defined as headed or mature by 

ground-sampling. (C) VARI by flight date. Bars represent the range of values within each flight.    

 

To utilize the temporal resolution of our dataset, we focused next on the changes in VARI 

throughout plant development. VARI increased from emergence through vegetative growth 

before decreasing as plants matured (Figure 4.5C). To summarize the time-series we calculated 

the integral of VARI across all flight dates (Matias et al., 2022). In yield and heading date, the 

integral provided similar correlation strength to the best performing single-date flights (Table 

4.4). To target grain-fill period we also integrated VARI across flights conducted during grain-fill 

(77-104 DAP). Correlations with heading and maturity date increased versus overall integral, 

while yield and plant height decreased (Table 4.4).  While the ability to estimate plant traits was 

inconsistent across flights, summarizing the data through the integral improved estimation power 

to compete with the best performing single flights, and the magnitude of the correlation likely 
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reflects whether the growth stages that most influence the traits of interest were included 

(Carneiro et al., 2019; Kaur et al., 2015). 

 

Table 4.4. Pearson correlation between VARI and plant traits at each flight days after planting 

(DAP).  

Date Yield Plant Height Heading Date Maturity Date 

 ———————Pearson correlation coefficient——————— 

Integrala 0.523 0.371 0.486 0.244 

Grain fill integralb 0.325 0.226 0.531 0.454 

DAP 51 0.398 0.213 0.028 -0.173 

DAP 56 0.366 0.238 0.136 -0.117 

DAP 66  0.526 0.403 0.316 -0.078 

DAP 77 0.255 0.208 0.386 0.209 

DAP 80 0.188 0.026 0.423 0.379 

DAP 84 0.400 0.348 0.516 0.302 

DAP 86 0.273 0.355 0.606 0.127 

DAP 90 0.377 0.349 0.567 0.332 

DAP 92 0.393 0.341 0.517 0.413 

DAP 101 0.227 -0.029 0.113 0.550 

DAP 104 0.200 0.058 0.064 0.341 

a Integral is calculated using VARI across flights 51-104 days after planting.  

b Grain fill integral is calculated using VARI across flights 77-104 days after planting.  
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Discussion 

While collecting and storing UAS data has become more efficient and financially viable 

(Bendig et al., 2012; Candiago et al., 2015), processing and analysis remains expensive and 

inaccessible without robust, open-source methods (Lachowiec et al., 2024). Here we outline and 

demonstrate an open-source workflow employing flexible steps merged into semi-automated 

models to maximize usability. Using this workflow, we isolated plants and extracted plot-level 

data from a highly accurate plot map on a densely planted field of barley.  

Plant classification from UAS imagery is a complex task due to variability in plant 

phenotypic variability and background color. There are both manual and automated solutions that 

have their own benefits and drawbacks (Peña et al., 2014). EGI thresholding provides an 

accurate, semi-automated approach to plant classification that does not require large training 

datasets and processing power. However, it is not capable of automatically accounting for 

alterations across imagery sets. For this reason, one limitation is the scalability for large datasets. 

Threshold classification requires user supervision. Conversely, the threshold approach is 

advantageous for processing consistent sets of imagery quickly. For researchers and growers 

implementing UAS as only one part of their study, this approach provides a streamlined 

workflow for extracting plant spectral data. Further, implementation in QGIS is modular, 

allowing users to import their own classified images to use on downstream plot delineation and 

data extraction steps.     

After plant classification, accurate plot segmentation is necessary to compare plants 

within and between images. Plot segmentation is often automated but can introduce significant 

errors if not user corrected or implemented properly (Robb et al., 2020). We identified two 
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sources of large errors that could be introduced when using an automated grid approach. First, 

we observed frameshifts in plot identification where the grid drifted away from the correct 

boundaries and the extracted plots would contain a portion of two plots at once (Supp Figure 

A4.1). In such cases plots need to be refined by manually moving plot boundaries to remove 

errors. The second issue we found in automated plots occurred during later dates when tall plants 

overlap with neighboring plots. Unlike grid drift, this issue could not be solved by moving plot 

boundaries. To extract consistent plot data, we subset plots to ignore edges where overlaps 

occurred.   

Ground truth data and UAS-collected data may not capture the same aspects of plants and 

are both influenced by technical errors in data collection. For example, data collection of maize 

heights is more accurate/precise when collected via UAS versus traditional collection using 

measuring sticks (Tirado et al., 2020). Similarly, we observed time delays in when UAS-

collected data was best correlated with ground truth data. Heading date was determined through 

ground sampling when half the plants in a plot have headed. However, the UAS imagery 

considers all identified plants. This explains why the correlation between VARI index and 

heading date is highest in the days after ground sampling defined all plots as headed. 

An alternative approach to measuring plants over a season is integrating the values of an 

index across flights over time into a single value. While specific single flights correlated 

accurately with ground-truth data, there was significant variation in correlation across flight 

dates. We found that integrating over the whole time series correlated more accurately to plant 

metrics than the average single-flight correlation (Kuenzer et al., 2015; Leinenkugel et al., 2013). 

Further we isolated the integral to grain-filling time to target heading and maturity date. 
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Interestingly this did improve the correlation between VARI and both heading and maturity dates 

but decreased correlation to yield and plant height. Timing the optimal flight dates during the 

growing season is challenging, so integrating across the time series could be a more robust way 

to extract accurate information about plants (Matias et al., 2022). This workflow demonstrates 

how UAS imagery can be classified and delineated in QGIS to extract spectral information. 

Using QGIS’s open-source and versatile toolset allows for further applications across imagery 

and study systems. Currently the workflow only is capable of classifying RGB imagery. 

Expansion to multispectral wavelengths would enable calculation of additional, proven spectral 

indices (Radocaj et al., 2023). Importantly, plant classification and plot segmentation approaches 

introduced are agnostic to the number of bands in QGIS, allowing users to use these steps with 

any data in TIFF format. Our pipeline operates as an open framework allowing users to load and 

unload layers as needed, allowing for integration between these steps and other processing 

pipelines. For growers who do not work with remote sensing data often, we aimed to create an 

approach that is fast with a minimal learning curve. At the same time, the workflow is modular to 

allow experts in remote sensing analysis to use and edit the workflow to fit their needs at any 

step of the process. 

While extremely powerful, the costs and capacity to collect and analyze UAS datasets 

remain a large barrier for researchers and growers. A survey of agricultural researchers reported 

that the most common barrier to entry was the “high cost of instruments/devices or software” and 

the “lack of knowledge or trained personnel to analyze data” (Lachowiec et al., 2024). Here we 

present an open-source workflow with an annotated guide for users with limited or no experience 
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to process UAS imagery. In contrast to currently available workflows, we aim to provide a 

method that is free to use and broadly adaptable to various datasets.   

 

 

Data Availability 

An instruction manual for the QGIS workflow is available at 

https://github.com/erikthekillian/multiPLOT. 
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Supplemental materials contain data used to justify the workflow and the spectral index 

VARI used in image analysis. Figure A4.1 exemplifies the issue of plot drift that we experienced 

when trying to create an automatic plot grid based on plot size and spacing. Figure A4.2 

exemplifies the issues we experienced when trying to automate plot segmentation using canopy 

cover. Table A4.1 provides a brief summary of sensor information for reference. Table A4.2 

shows the Pearson correlation coefficient between each calculated index and the corresponding 

plant metric across all flight dates. This is included to provide justification for analyzing VARI 

in the manuscript as opposed to other measured indices.        
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CHAPTER FIVE 

CONCLUSIONS AND FUTURE RESEARCH 

In this dissertation, I present a collection of approaches extending our definition of the 

plant phenotype. Through large-scale field experiments across multiple growing environments, I 

investigated the rhizosphere microbiome and how barley roots interact with this community. The 

objectives of this work were to enhance our understanding of how barley and associated soil 

microbes interact in an agricultural environment. I also measured barley spectral reflectance 

using high resolution imagery collected by unoccupied aerial system (UAS) to assess plant 

development. These perspectives collectively aim to provide a more comprehensive 

understanding of plant phenotype as I expand from directly measuring agricultural traits like 

yield and biomass.  

Barley soil microbiome phenotype 

Chapters 2 and 3 I examined the microbial community structure in the barley rhizosphere 

by amplicon sequencing across an elite panel of barley lines in four distinct locations and over 

two years. In chapter 2, a genome-wide association study (GWAS) was performed to establish a 

connection between specific barley alleles and abundance of specific bacterial taxa. Results 

showed that these relationships were dependent on location, suggesting that there is a gene by 

environment interaction affecting barley rhizosphere recruitment. A greenhouse study was 

conducted to support these findings, demonstrating that under a controlled environment, resident 

soil microbes and soil chemistry had significant and distinct effects on rhizosphere microbial 
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community structure, suggesting environmental conditions help define the resulting plant-

associated microbiome.  

Chapter 3, further examined the plant and environmental effects shaping the rhizosphere 

microbiome. Across locations and years, the bacterial community was remarkably consistent, 

supporting the important role of plants in shaping the rhizosphere bacterial community 

composition within adapted barley growing regions. Similar findings have been reported in rice 

(Xiong et al., 2021) and wheat (Schlatter et al., 2020). Through variance partitioning, I found that 

bacterial genera abundance rarely changed as a result of soil factors or location. Strikingly 

however, there was significant sub-genus variability that was hidden when measured at the genus 

level. The relative abundance of amplicon sequent variants (ASV) indicated that many taxa were 

influenced by location, soil, and plant factors. This suggests that the bacterial rhizosphere 

community structure is built on specific interactions between bacterial species and strains, 

highlighting the need for sub-genus taxonomic classifications to accurately assess environmental 

effects on community structure.      

In addition to environmental factors, I found specific bacterial ASVs that varied in 

abundance in response to plant genotype. I included four plant QTLs in the variance partition 

approach in chapter 3 based on significant QTL found to be associated with microbe abundance 

in chapter 2. Of these, QTL QGM-5H explained abundance variation in over 30 ASVs, including 

the Sphingobacteriales order which was also identified by GWAS. Importantly, this genetic 

association was dependent on the environment, similar to other studies that have measured 

genetic control on the rhizosphere microbiome (Ji et al., 2023; Yue et al., 2024).  
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In contrast to the bacterial microbiome, the fungal microbiome exhibited significantly 

greater variability within and across locations and years. This variability was primarily attributed 

to location-year interactions, suggesting that the fungal rhizosphere community in barley is 

primarily determined by environmental factors rather than plant recruitment. Geographically 

determined fungal rhizosphere communities have also been found in Italian vineyard soils 

(Coller et al., 2019) and a broad survey of Chinese farmlands (Yang et al., 2021).  

These findings provide new insight into the complex relationship between barley and its 

immediate soil environment. I found that the bacterial rhizosphere was largely consistent across 

locations at a phylum level. This was attributed to overall similar growing conditions similar to 

previous crop studies (Peiffer et al., 2013; Schlatter et al., 2020). Hawaii exemplified how strong 

environmental differences can shape barley phenotype irrespective of plant genetics, including 

both rhizosphere structure and plant performance. The consistency in Montana and South Dakota 

was telling for barley-microbe breeding, as there was a similar resident community to recruit 

from, and the genetically distinct population of elite barley varieties recruited a similar bacterial 

rhizosphere population. Conversely, fungal species in the rhizosphere and bulk soil were defined 

by the environment, indicating that barley has relatively little control over fungal taxa to recruit 

from. For improving barley varieties, the patterns measured here in bacteria and fungi inform 

differing approaches.  

The consistency of bacterial community structure at a phylum level in Montana and 

South Dakota soil suggests that barley is exposed to similar bacteria from which to recruit a 

beneficial microbiome. For barley breeding, this represents a consistent environment where 

beneficial microbiome recruitment could be a broadly adapted trait in environments across 
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Montana to South Dakota. However, I found that environment had a significant effect on bacteria 

and fungi when measured by specific ASV. This suggests that while the broad taxonomic groups 

are similar, there are very specific interactions between plant host, environment, and microbe 

species. To maximize the plant-microbe interactions for plant benefit, these relationships must be 

further understood at a functional level.  

Another important gap for breeding effective rhizosphere recruiting barley is targeting 

loci based on their effects on plant phenotype and microbiome (Clouse & Wagner, 2021). I 

identified candidate loci within the S2MET barley population and measured effects on the 

microbiome, but further study on mechanisms of recruitment is required.       

To elucidate gene-microbe mechanisms in barley, a combined sequencing and exudate 

approach is warranted to measure the relationship between barley genes and root exudate 

patterns. In a recent study, two barley cultivars were compared using RNA sequencing, 

chromatography-mass spectrometry, and 16S sequencing to measure gene expression, root 

exudate profiles, and bacterial rhizosphere community respectively (Pacheco-Moreno et al., 

2024). They found three candidate genes responsible for Pseudomonas fluorescens recruitment 

through hexose sugar concentration in root exudates. While specific microbial relationships such 

as this have been studied, there remains a gap in understanding how root exudates control the 

broader rhizosphere community in barley. Based on our findings, hub taxa were not responsible 

for rhizosphere community structure in barley, suggesting that in addition to searching for 

specific bacterial relationships, a community-based approach is required. A broader survey from 

a diverse population of barley cultivars can capture root exudation based on genotype, similar to 

previous studies in other plant species including maize (Da Silva Lima et al., 2014) and the 
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model grass crop Brachypodium distachyon (Mavrodi et al., 2021). Microbial rhizosphere 

community structure changes can then be compared with exudate profiles and plant genotype to 

elucidate gene-exudate-microbiome interactions. Better understanding of plant gene-microbe 

mechanisms in barley is the next step for selection of traits effecting the soil microbiome for 

plant benefits, offering novel genetic diversity for breeding programs to select for.  

The plant spectral phenotype 

Plant spectral characteristics offer another novel phenotype to measure plant 

improvement (Gano et al., 2024). In chapter 4 I developed a novel remote sensing image analysis 

workflow utilizing open-source software. Remote sensing using unoccupied aerial systems 

(UAS) can measure plant traits that would otherwise be time or cost inhibitive by collecting low-

altitude, high-resolution imagery over agricultural fields. Collecting imagery with UAS has 

become more accessible as platforms and sensors become less expensive, yet synthesizing 

images into actionable data remains a challenge for growers and researchers. Proprietary analysis 

software is often expensive and does not provide image stitching and calibration details, making 

it impossible to accurately report how the data was analyzed (Pell et al., 2022). Meanwhile, less 

expensive workflows exist in open-source formats but lack the adaptability to handle non-normal 

filed layouts (Haghighattalab et al., 2016; Matias et al., 2020).  

To address these challenges, I developed a workflow in the open-source software to 

classify plants and segment images into plots of interest. Results showed plant classification 

from background soil was possible throughout the barley growing season, independent of 

development stage. To extract plot-specific spectral data, it was also necessary to develop a 

supervised plot segmentation process where an automated plot map was overlayed and adjusted 
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by the user to accommodate uneven plot boundaries caused by differences in plot spacing and 

uneven rows. This approach allows almost any field to be accurately segmented, since plot size 

and shape can be edited on a field scale and for specific plots. 

The workflow can be further developed to process a wider variety of datasets. Currently 

plant classification is limited to a threshold approach based on the Excess Greenness Index. By 

allowing users to create their own index threshold, threshold approaches can be applied based on 

the requirements for the dataset of interest. The other limitation for users is that only three bands 

are currently supported for automated plant classification. Optimized for RGB imagery, the 

workflow cannot currently address multispectral bands. To address this, automated plant 

classification needs to be expanded to be agnostic to the number of bands. With this step being 

automated, users could use this pipeline across any sensor available that collects tiff data, 

including popular multispectral sensors that measure near-infrared and red-edge wavelengths in 

addition to red, green, and blue. With these added features, the workflow will be more widely 

compatible with current data collection methods (Aslan et al., 2022). Additionally, because the 

process is completely open source using general public license (GPL) software, I hope to see 

users modify and add to the pipeline based on their own project design and dataset. Streamlined 

workflows for rapid imagery analysis facilitate better integration of this data into current 

breeding and research methods. 

Extended phenotyping for sustainable agriculture 

Since the beginning of plant domestication, plant phenotype variability has been used to 

select for the best performing cultivars. Initially this targeted variability in plant height, yield, 

and pest resistance. As traits are selected for, genetic variability decreases, leading to a 
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diminishing rate of return until the trait can become fixed (Yan, 2021). To maintain plant 

improvement, it is necessary to either introduce novel genetic material or address novel traits. 

Breeding has expanded the definition of plant phenotype in the past, including less visible traits 

such as protein content (Loskutov & Khlestkina, 2021; Maqbool et al., 2021) and nitrogen use 

efficiency (Ali et al., 2022; Fiaz et al., 2021) for significant improvements in plant performance. 

More recently remote sensing has further extended the plant phenotype, showing that spectral 

reflectance can accurately predict plant performance (Gano et al., 2024). This work adds to 

research across many agriculturally significant crops to support the introduction of plant 

associated microbes as an extended phenotype to target in plant breeding.  

This dissertation builds on previous genetic and ecological studies that expand the 

definition of plant phenotype by examining its interactions with the immediate environment. 

Novel phenotype metrics allow for additional selections to be made in breeding material and 

expands our understanding of how the environment affects crop performance. Together this 

means more precise cultivars bred to perform well under a more defined range of environmental 

conditions. 
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APPENDIX A 

ADDITIONAL TABLES FOR CHAPTER TWO 

 

 

 

 

 

 

 

 



152 

 

Table A2.1: Soil and climate data from the four growing locations. Soil data was averaged across 

the two years in locations where applicable. 
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Figure A2.1. Distributions of agronomic traits for the barley lines across field trials. 
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Figure A2.2. Similarities of microbe prevalence and genetic associations across field trials. (A) 

The number of taxa detected in the rhizospheres of at least 80% of barley lines per field trial or 

combination of field trials is shown.  (B) The number of microbial trait hotspots appearing in 

each field trial or combination of field trials is shown. 
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Figure A2.3. Differential abundance between rhizosphere microbial taxa and bulk microbial taxa. 

Differential abundance was calculated using DESeq2 (Love 2014) for taxa that colocalized with 

agronomic traits. Wald’s test was used to calculate the significance of difference between 

rhizosphere and bulk soil abundance per taxa. Bonferroni correction was performed for adjusted 

p-values. Taxa with a greater than 0-fold change and an adjusted p value less than 0.05 were 

considered enriched. Depleted taxa had a fold change less than 0 and an adjusted p value less 

than 0.05.  
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Figure A2.4. Workflow for preparing microbial trait data for the GWAS from ASV read counts. 

For agronomic traits, the same linear model was used as for microbial traits to calculate 

heritability and BLUPs. The inputs for this were raw collected values from a single location-year. 

As with the microbial traits, agronomic traits with 0 heritability were omitted from the GWAS, 

and raw values were used in cases where variance due to block was 0, otherwise BLUPs were 

used to account for spatial variation. 
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ADDITIONAL FIGURES FOR CHAPTER THREE 
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Figure A3.1: Constrained ordination of samples from South Dakota 2021.  
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Figure A3.2: Co-occurrence networks by location year. Nodes are colored by degree, and edges 

are colored by a positive relationship in green, negative relationship in red.  
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Figure A3.3: QTL variance partitions.  
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Figure A3.4: Example of subgenus variability from bacterial variance partitioning. Each plot 

shows the variance partitioned to Location-year across all ASVs of a genus. While some ASVs 

show significant variance partitioned to Location-year, ASVs of the same genus show no 

variance partitioned.   
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Table A3.1: Sample depth across location-years. 

Bacteria samples and sample depth across location-years    

  BZ21 BZ22 MO21 MO22 SD21 SD22 HI 21 

Samples 242 262 233 246 284 286 269 

Mean depth 43492.66 37876 35716 45781 20478 32874 35434 

Median Depth 35453 35149 33148 42748 20089 23819 29484 

Bulk samples 37 45 0 7 47 47 0 

Mean depth 48240 38987 0 46352 16337 23120 0 

Median Depth 42853 39740 0 46456 16322 17840 0 

        

Fungal samples and sample depth across location-years    

  BZ21 BZ22 MO21 MO22 SD21 SD22 HI21 

Samples 2 266 205 210 203 245 218 

Mean depth 10687 24584 27479 16327 13467 15596 22472 

Median Depth 10687 24066 25400 15417 12875 14707 18828 

Bulk samples 25 44 0 8 0 6 0 

Mean depth 17212 22635 0 16722 0 14945 0 

Median Depth 16795 22496 0 15287 0 14240 0 
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Table A3.2: Bacterial Shannon Diversity Wilcox test. 
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Table A3.3: Fungal Shannon Diversity Wilcox test. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



171 

 

 

 

Table A3.4: Levene test to compare Shannon diversity between bacteria and fungi. 
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Table A3.5: Bacterial Variance Partitioning Results 

 Block locyr pH Nitrate OM K Residuals 

ASV310 0.007379 0.169239 0.053372 6.98E-05 0.053574 0.027915 0.688452 

ASV60 0.020706 0.102617 0.018827 0.004469 0.001875 0.001602 0.849903 

ASV712 0.00694 0.154134 0.022502 0.000922 0.000381 0.002177 0.812944 

ASV295 0.000692 0.025808 0.002621 8.60E-05 0.008272 0.000886 0.961635 

ASV448 0.00653 0.071296 0.006711 0.006603 0.016445 0.00121 0.891204 

ASV53 2.39E-12 0.101207 0.151838 3.88E-06 0.001789 0.000148 0.745014 

ASV275 0.009767 0.126933 0.000134 0.002788 0.021072 0.075194 0.764112 

ASV203 1.96E-08 0.041374 0.070131 6.13E-05 0.007659 7.57E-07 0.880774 

ASV490 0.006868 0.023716 0.009638 0.006611 7.72E-07 0.001403 0.951763 

ASV512 1.30E-12 0.023313 0.001331 0.00013 0.005233 0.002777 0.967216 

ASV518 0.003507 0.011153 0.005618 0.000715 0.003692 0.015388 0.959927 

ASV173 0.010937 0.034498 0.022048 0.001503 0.00429 0.016438 0.910286 

ASV132 0.007978 0.050782 0.008251 9.48E-06 0.029736 0.001964 0.90128 

ASV536 0.025042 0 0.013308 0.001015 0.02156 0.004717 0.934358 

ASV282 0.008064 0.11449 0.010265 0.000185 0.01274 0.00527 0.848987 

ASV27 0.015703 0.2144 9.85E-05 1.64E-05 0.052186 0.045378 0.672218 

ASV228 0.022223 0.106315 0.030932 0.000314 0.058186 0.007159 0.774872 

ASV738 0.009182 0.061153 0.001818 0.002932 0.002953 0.018817 0.903145 

ASV356 0.021129 9.96E-17 0.005515 0.004484 4.57E-05 0.000175 0.968651 

ASV337 0.00844 1.26E-15 0.00249 0.002216 1.24E-05 0.003445 0.983396 

ASV634 1.30E-19 0.004377 0.00436 0.002241 4.26E-06 0.022938 0.96608 

ASV341 0 0 0.00155 2.11E-05 0.002756 0.005922 0.989751 

ASV462 0.005161 0 0.009735 0.000383 0.001507 0.011874 0.971339 

ASV612 1.69E-09 0.003022 0.003292 0.00103 0.003719 0.000115 0.988822 

ASV279 0.000305 3.26E-10 0.000239 2.27E-07 0.006893 0.006478 0.986085 

ASV472 0.002555 0.025386 0.039999 0.000264 0.050045 0.003516 0.878234 

ASV5 0.006027 0.342661 0.142072 0.000942 0.011176 0.029286 0.467837 

ASV170 0.013764 4.59E-11 0.038118 0.000151 0.075664 0.033606 0.838697 

ASV369 0.004379 0.112725 0.001915 0.001707 0.076905 0.079586 0.722784 

ASV455 0.011426 0.021096 0.001327 0.000506 1.75E-05 0.00507 0.960557 

ASV154 0.012073 0.018583 0.000715 0.000554 0.000136 0.029649 0.93829 

ASV100 0.001589 0.161854 0.016074 2.20E-05 0.028469 0.029224 0.762768 

ASV54 0.003965 0.234374 0.022522 0.000699 0.038907 0.003192 0.696339 

ASV268 0.005202 0.00786 0.001859 0.000504 0.000584 0.002476 0.981515 

ASV247 0.012031 0.124807 0.070349 8.60E-05 0.000205 0.005 0.787523 

ASV290 9.87E-11 0.166354 0.009366 0.001567 0.012601 0.091054 0.719057 

ASV136 0.001681 0.076694 0.000166 0.000657 0.000383 0.002686 0.917734 

ASV539 0.001664 0.072609 0.037737 0.007632 0.000397 0.008861 0.8711 

ASV17 0.011424 0.187091 3.84E-06 0.001212 0.001819 0.029077 0.769373 
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ASV412 0.003984 0.018006 0.015279 1.73E-05 0.006614 0.007548 0.948551 

ASV20 0.009631 0.285987 0.03262 2.32E-05 0.114142 0.004122 0.553475 

ASV250 0.006365 0.063181 0.023591 0.000157 0.025638 0.008468 0.872601 

ASV265 0.004666 0 0.008173 0.005384 0.026255 0.026398 0.929124 

ASV307 0.004217 0.028347 0.005149 0.000394 0.003424 0.001893 0.956574 

ASV404 0.003785 0.029777 0.008602 0.002974 0.02838 0.000503 0.925979 

ASV511 1.86E-10 0.043133 0.001474 1.39E-05 0.000725 1.23E-05 0.954641 

ASV388 4.45E-16 0.005366 0.021575 0.006874 0.001584 0.02808 0.936521 

ASV127 0.005227 0.136452 0.003585 4.89E-05 0.03718 0.073456 0.744051 

ASV9 0.015131 0.016877 0.019089 0.000252 0.079565 0.010485 0.858601 

ASV206 0.006327 0.069607 0.004565 5.11E-05 3.11E-05 0.006354 0.913065 

ASV645 0.003101 0.07922 0.016344 0.012219 0.003694 0.011592 0.87383 

ASV831 0.005217 0 0.000119 0.003552 9.09E-05 0.013282 0.977738 

ASV618 0 0 0.001863 9.80E-06 0.003968 0.000194 0.993965 

ASV24 0.007219 0.020001 0.102964 0.000148 0.00481 0.051197 0.813661 

ASV585 3.75E-10 0.043796 0.006478 0.003858 1.24E-05 0.012254 0.933601 

ASV488 0.00068 0.048025 0.001185 0.001932 0.00635 0.01996 0.921868 

ASV200 0.001286 0.005971 0.021926 0.000575 0.063637 0.002211 0.904395 

ASV79 0.001133 0.310731 0.047114 0.000375 0.064024 0.077976 0.498647 

ASV106 0.007747 0.252416 0.00042 0.004277 0.017775 0.054062 0.663303 

ASV451 0.001086 0.036065 0.002151 6.31E-05 0.013561 0.000957 0.946117 

ASV476 0 0 0.012578 2.56E-05 0.010666 0.003041 0.97369 

ASV726 0.008959 0 0.023159 0.000162 0.003235 0.004395 0.96009 

ASV19 4.34E-12 0.089957 1.28E-06 1.50E-05 0.001083 0.008225 0.900719 

ASV522 0.012672 0 0.003438 0.000604 0.000139 9.72E-07 0.983145 

ASV546 0.00281 0.020453 4.68E-05 5.15E-05 0.01511 0.02158 0.93995 

ASV340 0.001283 0.000477 0.0101 2.95E-05 0.003432 0.003019 0.981659 

ASV360 9.11E-17 0.080415 3.41E-06 0.000107 0.022576 0.065746 0.831154 

ASV373 0.013393 0 0.042758 0.000593 0.01315 0.000291 0.929815 

ASV43 0.004399 0.087718 0.001485 0.0014 0.038174 0.039957 0.826868 

ASV270 0.002145 3.67E-14 0.001034 0.003949 0.006695 0.011997 0.97418 

ASV540 0.00621 0.030645 0.010329 0.000116 0.001027 0.006805 0.944868 

ASV529 0.002737 0.132665 0.014821 0.000128 0.021459 0.014248 0.813941 

ASV180 0.006653 0.055689 0.011567 5.95E-05 0.011676 0.032498 0.881857 

ASV689 0.014349 0.025655 0.008896 0.001299 0.008217 0.003592 0.937992 

ASV199 0.010684 0.285301 0.016689 0.015946 0.010739 0.146782 0.513859 

ASV690 0.010957 0 0.011864 0.009103 0.001157 4.10E-08 0.966919 

ASV639 0.00625 0.053711 0.01355 0.006445 6.64E-05 0.004878 0.9151 

ASV870 0.004917 0.005317 0.010431 0.004859 0.003245 0.031702 0.939528 

ASV74 0.006157 0.01462 0.008016 1.60E-05 0.00013 0.028493 0.942569 

ASV264 0.003128 0.085559 0.017531 0.003644 0.007268 0.016256 0.866614 
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ASV47 0.007094 0.01922 0.000604 0.000319 0.029082 0.045827 0.897855 

ASV191 0.010066 0.11262 0.002258 0.001471 0.092426 0.074448 0.70671 

ASV126 0.00934 0.158183 0.005979 0.000406 0.025712 0.065527 0.734853 

ASV400 0.006723 0 0.004302 8.62E-06 0.007584 0.017288 0.964094 

ASV561 0.002759 0.058107 0.014415 0.007054 0.001385 0.031097 0.885183 

ASV77 0.04089 0.150838 0.028843 1.39E-05 0.007863 0.007805 0.763748 

ASV121 0.002063 0.04412 0.036759 0.003 0.008395 0.019292 0.88637 

ASV102 0 0.180361 0.014816 0.007007 0.000976 0.098427 0.698413 

ASV84 0.006672 0.011426 0.005059 1.27E-05 0.018191 4.83E-05 0.958591 

ASV286 0.004906 0.091795 0.003732 0.007879 0.008048 0.011872 0.871768 

ASV201 0.009641 0.176063 0.049816 0.000217 0.058362 0.132511 0.573389 

ASV61 0.004072 0.00531 0.022126 0.000461 0.098141 0.088914 0.780977 

ASV475 0.010241 2.31E-18 0.002347 0.003581 0.005192 0.005467 0.973172 

ASV231 0.004296 0.001189 0.001275 0.000172 0.013295 0.006327 0.973445 

ASV311 2.14E-08 0.033156 0.023682 0.000929 0.003679 0.000202 0.938352 

ASV441 1.13E-10 0.009909 7.77E-05 2.19E-08 0.001195 0.001107 0.987711 

ASV7 0.025069 0.04997 0.012181 0.005374 0.010285 0.090933 0.806188 

ASV665 0.003821 0 0.000338 0.002513 0.011132 0.00834 0.973855 

ASV553 0.011459 0.010746 0.001828 0.002002 0.018723 0.040303 0.914938 

ASV347 0.003867 0 0.002326 0.007055 0.008375 0.003135 0.975243 

ASV420 0.011828 0.005647 0.009051 0.011662 3.50E-05 0.01489 0.946887 

ASV715 0.025862 5.11E-17 0.000717 9.21E-06 3.96E-05 0.007492 0.965881 

ASV424 0.023391 0.13818 0.005507 0.002451 0.033878 0.087432 0.709162 

ASV222 0.018811 0.108368 0.001885 0.004582 0.013776 0.063491 0.789087 

ASV210 0.02042 0.014526 0.026655 0.000707 0.032992 0.022982 0.881717 

ASV368 0 0 0.019228 0.007999 0.009546 0.001292 0.961935 

ASV468 0.020457 0 0.017607 0.000285 0.000127 0.007007 0.954518 

ASV470 0.006339 0 0.00476 0.008961 0.001438 0.000474 0.978027 

ASV364 0.000842 0.056055 0.001097 1.66E-05 0.004979 0.001299 0.935711 

ASV80 0.008297 0 0.005911 0.001203 0.026026 0.001404 0.95716 

ASV723 0.002182 0.089586 0.036339 0.007337 0.011746 0.072961 0.779849 

ASV293 0.0051 0.001619 0.002355 0.000203 0.002875 0.014718 0.973131 

ASV122 0.002553 0.054086 0.010784 0.003695 0.028673 0.121158 0.779051 

ASV494 0.012864 0.0109 0.003459 0.000332 0.004021 0.005982 0.962442 

ASV515 8.10E-11 0.048835 0.002329 0.00173 0.002652 0.015645 0.928809 

ASV109 1.66E-13 0.178106 0.003313 0.006197 0.043432 0.083754 0.685197 

ASV491 0.005637 0 0.000724 0.000836 0.011849 0.000102 0.980852 

ASV981 0.001109 0.010842 0.00246 0.004949 0.005121 0.014595 0.960923 

ASV563 0.001346 0 0.004699 0.002205 0.00966 0.000771 0.981319 

ASV30 0.006521 0.102557 0.053118 0.00248 0.072454 0.042295 0.720575 

ASV447 0 0.019431 0.004477 0.00317 0.000308 0.001172 0.971442 
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ASV182 0.009665 0.111502 0.015001 0.00054 0.001118 0.059577 0.802598 

ASV568 6.56E-12 0.004535 0.000202 0.002103 0.001681 0.003611 0.987866 

ASV413 0.000166 0 0.000606 0.002484 0.000794 0.000815 0.995136 

ASV314 0.002453 1.47E-16 0.00738 0.000835 0.000211 0.002048 0.987075 

ASV701 0.002038 0.001266 8.28E-05 0.002291 0.008007 0.007005 0.97931 

ASV579 0.00314 0.033196 0.012596 0.001296 0.005329 0.00213 0.942313 

ASV519 0.004796 0.006564 0.003459 0.003125 0.007642 0.012732 0.961681 

ASV520 3.94E-19 0.057741 0.011816 0.000951 0.00376 0.000545 0.925187 

ASV40 0.000589 0.226707 0.000269 1.47E-06 0.064769 0.044124 0.663539 

ASV92 0.024881 0.057397 0.000959 5.14E-05 0.02475 0.057413 0.834547 

ASV269 0.010286 0.003853 0.001937 0.000637 0.002428 5.71E-05 0.980802 

ASV287 0.011517 0.051972 0.052237 0.018293 0.004578 0.013491 0.847912 

ASV345 0.027647 0.113676 0.034173 1.14E-07 0.039822 0.042446 0.742236 

ASV162 0.004378 0.00239 0.004083 0.001766 0.00013 0.000437 0.986816 

ASV1046 0.011106 0.066327 0.006025 0.001377 0.046948 0.102188 0.766028 

ASV48 0.009596 0.203018 0.002571 0.00208 0.143244 0.182885 0.456605 

ASV363 0.004171 0.102764 0.014959 0.007079 0.009596 0.043762 0.81767 

ASV320 0.004047 0.006319 0.012392 0.000679 0.023856 0.00435 0.948356 

ASV130 0.001044 0.127415 0.000419 0.00063 0.05016 0.045514 0.774819 

ASV615 0.003822 0.00733 0.003322 3.78E-05 0.015821 0.018675 0.950991 

ASV489 0.00692 0.021886 8.33E-05 0.000317 0.01336 0.022422 0.935011 

ASV198 3.82E-16 0 0.003066 0.000532 0.005952 0.001086 0.989364 

ASV346 0.00603 0.011342 0.013369 0.0054 0.007715 0.008207 0.947938 

ASV233 0 0.006571 0.001317 5.88E-05 0.005066 0.004186 0.982801 

ASV212 1.28E-18 0.01987 0.021249 0.002377 3.65E-05 0.006727 0.94974 

ASV164 0.001281 0.03624 0.022246 6.57E-05 0.000512 0.004347 0.935308 

ASV37 0.012143 0.409085 0.003252 2.09E-05 0.000121 0.172593 0.402786 

ASV302 0.004616 0.003135 0.000397 0.006562 0.002685 0.00049 0.982115 

ASV113 0.001696 0.102313 0.000375 6.69E-05 0.000279 0.000189 0.895081 

ASV297 0.000516 0.013235 0.007174 4.11E-05 0.000278 0.008527 0.970228 

ASV641 0.013129 6.98E-17 0.000804 0.002603 0.001396 0.010812 0.971256 

ASV29 0.003396 0.300955 0.013222 0.000678 0.030168 0.010976 0.640604 

ASV478 0.005809 0.089466 8.06E-05 1.41E-05 0.00654 0.013373 0.884718 

ASV595 0 0 0.002866 9.17E-07 0.002745 0.003986 0.990403 

ASV224 0.010022 0.044746 0.003481 0.001142 0.014206 0.016638 0.909764 

ASV55 0.020081 0.165855 0.150564 0.002561 0.053156 0.001315 0.606468 

ASV172 0.004647 0.085525 0.02522 0.002639 0.034641 0.040904 0.806424 

ASV249 1.74E-13 0.005754 0.001731 0.004244 0.00905 4.73E-07 0.979219 

ASV153 8.84E-13 0.065324 0.000752 0.006962 0.087714 0.00256 0.836688 

ASV190 0.004034 0.046367 0.007813 3.16E-05 0.05567 0.052088 0.833997 

ASV367 0.001274 0 0.014846 0.00018 0.014297 0.006987 0.962416 
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ASV28 0.006954 0.031085 0.126749 0.000403 0.012232 0.006624 0.815953 

ASV243 0.008633 0.024179 0.047146 6.42E-05 0.002066 0.000792 0.917121 

ASV93 0.005345 0.051774 0.071903 0.000202 0.009145 0.00268 0.85895 

ASV251 0.022395 0.121985 0.058282 0.000171 0.031355 0.083228 0.682583 

ASV386 0.00394 0 0.011818 0.000176 0.000257 0.009268 0.97454 

ASV544 0 0 9.75E-05 1.37E-05 0.00161 0.002675 0.995604 

ASV538 0.009383 0.015293 0.003849 0.00044 0.001585 0.023395 0.946056 

ASV686 0.005892 0 0.000875 0.003631 0.001112 0.007902 0.980588 

ASV339 0.002762 0.0306 0.000698 0.000491 0.005806 0.002005 0.957638 

ASV97 0.010171 0.10289 0.02891 0.000414 0.006799 0.000432 0.850384 

ASV592 0.001223 0.082503 0.019185 0.00114 0.001236 0.018505 0.876208 

ASV105 0.009259 0.322558 0.125088 0.000421 0.068315 0.062152 0.412207 

ASV181 0.007026 0.183906 0.010517 0.000776 0.030869 0.030171 0.736735 

ASV235 0.000842 0.090599 0.045345 4.98E-07 0.003637 0.025825 0.833752 

ASV1151 0.019424 0.000903 0.021731 0.001073 0.027118 0.001148 0.928602 

ASV728 0.048345 0 0.000559 0.010083 0.0089 8.24E-05 0.932031 

ASV477 4.51E-12 0.010041 0.026383 1.24E-06 7.12E-05 0.000821 0.962682 

ASV221 0.012293 0.142447 0.002689 0.001236 0.005288 0.034879 0.801168 

ASV482 0.006802 0.009308 0.00524 0.000847 0.001433 0.002434 0.973935 

ASV108 0.014852 0.178694 0.068981 0.001666 0.011675 0.001949 0.722182 

ASV644 0.006416 0.093433 0.035259 0.005839 0.01854 0.021376 0.819137 

ASV445 0.009977 0.036005 0.001174 0.000186 0.002923 0.001309 0.948426 

ASV444 0.01947 0.008804 0.029372 0.0043 0.000113 0.071033 0.866907 

ASV342 0.005618 0.024402 0.001297 0.001701 0.007156 0.04557 0.914256 

ASV391 0.006238 0.016545 0.00725 0.000864 0.000251 0.001656 0.967195 

ASV343 0.009331 0.004748 0.002331 6.21E-05 0.00695 0.007103 0.969475 

ASV276 0.026325 0 0.001061 3.25E-07 0.00941 0.003601 0.959603 

ASV457 0.00403 0 0.000779 6.65E-06 0.002071 0.01097 0.982143 

ASV765 0.012696 0.075195 0.002118 0.001391 0.000297 0.015131 0.893171 

ASV554 0.005261 0 1.69E-09 2.82E-06 0.012918 1.27E-05 0.981806 

ASV308 0.005279 0.042032 0.041049 0.002992 0.000331 0.013563 0.894754 

ASV78 0.00234 0.075768 1.82E-05 7.92E-07 2.60E-05 0.000938 0.920908 

ASV125 5.44E-15 0.029418 0.010765 0.00078 0.054506 0.005567 0.898965 

ASV408 0.011353 0.00991 0.000702 0.001851 0.002847 0.000246 0.973091 

ASV525 0.010956 0.098117 0.000692 0.007303 0.022888 0.042177 0.817868 

ASV149 0.005054 1.51E-17 9.55E-05 0.000555 0.055709 0.036294 0.902292 

ASV425 0.007195 0.094011 0.020914 2.60E-05 0.001425 0.000733 0.875696 

ASV439 8.30E-14 0 0.005617 0.001631 0.001449 0.004623 0.98668 

ASV397 0.004074 0.001639 1.38E-06 6.48E-05 0.002015 7.04E-05 0.992135 

ASV317 0.005909 0.101762 0.000181 0.00013 0.014511 0.012335 0.865172 

ASV596 0.011505 0.083234 0.028467 0.008828 0.003618 0.035279 0.829069 
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ASV711 0 0 0.002324 0.001067 0.000442 0.017001 0.979166 

ASV421 0.004202 0.032609 0.000603 0.002026 0.001253 0.000408 0.958899 

ASV492 0.012411 0.130285 0.001138 0.000495 0.02106 0.014833 0.819777 

ASV556 0.001591 1.79E-11 0.001012 0.002246 0.015636 0.007375 0.97214 

ASV460 1.39E-12 0.006907 0.00022 0.000549 0.001156 0.010051 0.981118 

ASV56 0.008206 0.363178 0.039493 0.00067 0.068797 0.118447 0.401209 

ASV299 0 0.070703 0.006125 1.12E-06 0.020867 0.017898 0.884406 

ASV318 0.006955 0.04651 0.045683 0.0006 0.025222 5.37E-05 0.874975 

ASV187 0.007346 0 0.001543 0.001941 0.006541 0.009781 0.972849 

ASV90 0.005775 0.031071 0.002061 2.32E-05 0.034176 0.008324 0.918569 

ASV219 0 0 4.06E-06 8.14E-05 0.005325 0.005076 0.989513 

ASV248 0.010864 0.15724 0.011195 0.000832 0.018194 0.006334 0.795341 

ASV237 0 0 0.002252 6.22E-06 4.11E-05 2.99E-05 0.997671 

ASV124 0.000912 0.036919 0.000187 0.000201 0.026048 0.043075 0.892657 

ASV305 0.001496 0.074111 0.112457 0.000214 0.030836 0.0011 0.779787 

ASV751 0.001517 0.062694 0.003698 0.000272 0.001561 0.004252 0.926005 

ASV678 0.011642 0 0.006035 0.002051 0.011574 0.035437 0.933261 

ASV469 0.005865 0 0.000471 0.00256 0.004699 0.000715 0.98569 

ASV258 0.002236 0 0.000697 0.002706 0.003097 0.001861 0.989403 

ASV608 0.000468 0.015069 0.009536 0.003658 0.001227 0.017184 0.952857 

ASV461 0.000706 0.007793 0.005966 0.000189 0.000805 2.34E-06 0.984539 

ASV548 0.002016 0.018757 0.000518 0.000138 2.04E-05 4.99E-08 0.978551 

ASV336 0.00072 0.024336 0.000532 0.005037 0.041614 0.008375 0.919386 

ASV410 0.013115 0.185159 0.048193 0.005715 0.08368 0.038776 0.625362 

ASV414 0.00208 4.82E-16 0.007508 0.00057 0.001708 0.009992 0.978142 

ASV16 0.006823 0.080813 0.047546 0.001081 0.029127 0.006079 0.828531 

ASV485 5.98E-15 0.004369 0.000176 0.000553 0.010324 0.001772 0.982806 

ASV406 0.000264 0.012239 0.001733 0.002267 0.004432 0.003004 0.976061 

ASV403 0.009182 0.026049 0.008218 0.000142 0.000796 0.001878 0.953734 

ASV312 7.62E-06 0.020062 0.002822 3.32E-06 8.77E-06 0.002791 0.974306 

ASV534 0.012629 0.004966 0.001304 0.008133 0.016715 0.002451 0.953801 

ASV591 0.004853 0.05399 0.018829 0.000216 0.00105 0.018219 0.902844 

ASV91 6.84E-11 0.115947 0.00047 0.002174 0.031331 0.035751 0.814328 

ASV497 0.004518 0 0.007489 0.002456 0.000917 0.001513 0.983107 

ASV304 0.00443 0.006258 0.007401 0.001519 0.006152 0.001371 0.972868 

ASV679 2.63E-12 0.176925 0.029137 0.000824 0.00749 0.000663 0.784961 

ASV479 0.004391 0 0.000268 0.005542 0.004358 0.00703 0.978411 

ASV505 0.015165 1.69E-13 0.004579 1.05E-06 0.01042 0.009702 0.960133 

ASV523 0 0.056377 0.016257 0.000822 0.009199 0.001208 0.916138 

ASV214 0.002466 0.129638 0.039677 0.000375 0.019096 0.043094 0.765653 

ASV357 0.003968 0.002455 0.020099 8.28E-05 0.01701 4.03E-05 0.956344 
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ASV274 0.001017 0.038817 0.009594 0.005295 0.001813 0.0011 0.942364 

ASV178 0 0.077438 2.19E-05 0.002396 0.007993 0.034979 0.877171 

ASV440 0.017826 1.11E-18 0.009247 0.000174 0.003289 0.005474 0.96399 

ASV402 0.007072 0.144587 0.004045 0.000358 0.103862 0.0663 0.673775 

ASV71 0.012449 0.112846 0.003158 7.62E-06 0.017296 0.111021 0.743222 

ASV349 0.004874 0.018823 0.026991 0.002514 0.016537 0.000108 0.930154 

ASV502 0.00676 0.048871 5.90E-05 0.002165 0.005011 0.009908 0.927227 

ASV211 3.91E-08 0.060575 0.016347 0.000758 0.001577 0.016679 0.904063 

ASV389 0.00172 0.018181 0.019094 2.09E-05 0.015906 0.012902 0.932177 

ASV365 0.008493 0 0.013493 0.006889 0.007093 0.009375 0.954657 

ASV437 0.014806 0.010553 0.006913 0.000984 0.000412 0.030297 0.936035 

ASV87 0.005187 0 0.00078 0.000663 0.007565 0.006294 0.979512 

ASV607 0 0.010171 0.007518 0.000112 0.004625 0.008671 0.968903 

ASV166 0.001423 0 0.000371 4.78E-06 0.065517 0.011194 0.92149 

ASV21 0.01841 0.06056 0.037442 0.000527 0.035833 0.027219 0.82001 

ASV873 0.006967 0.26277 0.005833 2.34E-05 0.082448 0.032762 0.609196 

ASV821 0.006013 0.146364 0.042257 3.83E-05 0.000299 0.014517 0.790513 

ASV614 0.00228 0.119253 0.013944 8.39E-08 0.007254 0.108024 0.749245 

ASV338 0.021051 0 0.00726 0.00436 0.000524 0.011932 0.954873 

ASV352 0.018272 0 3.49E-05 0.002294 4.41E-05 0.021808 0.957546 

ASV245 0.004146 0.014148 0.000865 0.000901 0.000489 0.017492 0.96196 

ASV14 0.002793 0.300937 0.00662 0.002351 0.000623 0.038868 0.647808 

ASV900 2.79E-18 0.044141 0.000401 0.001622 0.000362 0.003184 0.95029 

ASV517 5.71E-17 0 0.006865 0.000943 0.004073 0.00077 0.98735 

ASV481 0.004774 0.032621 0.015986 0.001052 0.000645 0.000584 0.944337 

ASV632 0.010618 0.033084 0.011927 0.000147 0.039566 4.18E-05 0.904617 

ASV487 0.011927 0 0.004131 0.007224 0.004349 0.001838 0.97053 

ASV319 0.013683 0.068871 1.43E-06 0.005082 0.000469 0.022243 0.889651 

ASV227 0.014284 0.037425 0.009888 0.001747 0.001771 0.003987 0.930898 

ASV390 0 0.001293 0.000181 3.07E-05 0.000742 0.002647 0.995106 

ASV687 0.009855 0.046449 5.03E-05 0.000263 0.007966 0.02073 0.914687 

ASV255 0.011376 0.059617 0.00164 0.00104 0.015452 0.006975 0.903901 

ASV246 1.96E-17 0.016781 0.002246 0.000215 0.035509 9.29E-06 0.94524 

ASV3 0.010071 0.155091 0.105824 5.40E-05 0.001164 0.000807 0.726989 

ASV184 0.005485 0.185611 0.019942 0.000315 0.044429 0.112003 0.632215 

ASV467 0.001449 0.015862 0.005461 5.85E-05 0.010715 0.001095 0.96536 

ASV438 0.016497 0.122936 0.048938 1.22E-06 0.020045 0.002052 0.789531 

ASV589 0.002052 0.015857 0.01321 0.002847 0.012851 0.000144 0.953038 

ASV261 0.011982 0.067929 0.000271 0.001353 0.024587 0.073639 0.820239 

ASV484 0.009599 0.025062 0.023008 0.000149 0.006704 0.013375 0.922102 

ASV1 0.003151 0.170417 0.011267 0.000126 0.014903 2.71E-08 0.800136 
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ASV230 0 0.100871 0.000137 0.0002 0.009181 0.000627 0.888984 

ASV284 5.55E-15 0.04525 0.007763 0.00057 0.023515 0.002223 0.92068 

ASV401 0.006014 0 0.004314 0.008194 5.82E-05 0.002267 0.979153 

ASV189 1.77E-16 0.071083 0.000383 2.52E-05 0.012029 0.021995 0.894486 

ASV119 0.013962 0.216596 0.008299 0.004479 0.061223 0.05721 0.638231 

ASV277 0.003381 0.103603 0.066974 0.003809 0.032188 0.007166 0.782878 

ASV704 4.96E-12 0.064662 0.002561 0.002018 0.017975 0.000552 0.912232 

ASV748 0 0.084856 0.026757 0.002387 0.027724 0.000183 0.858092 

ASV204 0 0 0.003277 0.000129 0.006667 0.004781 0.985146 

ASV509 0.023071 0.03199 0.002558 0.000777 0.007441 0.005962 0.928202 

ASV333 0.003294 0 0.006422 0.002127 0.010879 0.019358 0.957921 

ASV380 0.001406 0 0.003661 9.64E-07 0.006003 0.000103 0.988827 

ASV507 0.009019 0 0.004396 4.71E-05 0.012159 0.02166 0.952719 

ASV309 0.005445 0 0.000705 3.32E-05 0.007223 0.001239 0.985355 

ASV110 0.01369 0.126976 0.038733 0.001905 0.03219 0.126671 0.659835 

ASV82 1.04E-08 0.2258 0.08096 0.004838 0.012558 0.003061 0.672783 

ASV680 0.002447 0.008468 0.002589 0.000158 0.003516 0.002288 0.980533 

ASV325 1.11E-15 0.027316 0.001637 1.47E-07 0.002854 0.00732 0.960873 

ASV332 3.93E-05 0.102411 0.032564 0.004894 0.013424 0.078399 0.768268 

ASV500 0.037577 0.061769 0.011339 0.001124 0.03114 0.024378 0.832672 

ASV236 3.66E-17 0.034174 0.004392 0.001357 0.030908 0.005581 0.923587 

ASV36 0.002025 0 0.045231 0.009353 0.047924 0.029407 0.86606 

ASV675 0.008328 0.006317 0.000286 0.000381 0.006346 0.018049 0.960291 

ASV330 0.002339 0.045879 0.002723 0.003157 0.013218 0.013442 0.919242 

ASV973 5.45E-05 0 0.008247 0.00411 9.09E-05 0.002256 0.985241 

ASV175 0.007981 0.008074 0.042713 0.000154 0.00721 0.001997 0.93187 

ASV426 0.031959 0 0.000367 0.000565 0.018717 0.000227 0.948167 

ASV466 0.000259 0.032865 0.002988 0.000172 0.002002 0.001466 0.960249 

ASV433 0.015111 0 0.002664 0.003648 0.007126 3.16E-05 0.97142 

ASV123 0.005806 0.033581 0.004596 9.47E-05 0.003558 0.006132 0.946232 

ASV140 0 0.058099 0.00186 0.001016 0.020869 0.03211 0.886046 

ASV464 0 0.077377 0.003979 0.004524 0.002284 0.046928 0.864909 

ASV685 0.004789 0.004071 0.000376 5.60E-06 0.001556 0.004019 0.985183 

ASV453 0.006257 0 0.000776 0.005898 0.002406 0.003531 0.981131 

ASV208 1.98E-12 0.028404 0.00151 0.002229 0.001099 0.01713 0.949629 

ASV733 0.014078 0.044175 0.003975 0.000681 0.000225 0.006721 0.930146 

ASV273 3.31E-15 0.009321 0.000538 1.55E-06 0.000664 0.0018 0.987675 

ASV371 0.013048 0.012303 0.006877 0.005354 0.000142 0.021404 0.940871 

ASV377 0 0.008316 0.010729 0.000214 0.000929 0.000479 0.979333 

ASV117 0.004497 1.12E-17 0.002755 0.001352 0.019796 0.012971 0.958629 

ASV582 0.008619 0.029261 0.001393 0.000173 0.007394 0.007543 0.945618 
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ASV278 0.005316 0.005347 0.004681 0.000959 0.013447 0.001263 0.968986 

ASV418 0.026729 0.036497 3.26E-07 6.33E-05 5.35E-06 0.014211 0.922494 

ASV521 0.004056 0.038918 0.003696 0.007297 0.003136 0.006099 0.936798 

ASV138 0.0128 0.276579 0.024246 0.002322 0.044274 0.174293 0.465487 

ASV560 2.96E-12 0.119721 0.003761 0.003331 0.010975 0.07277 0.789443 

ASV769 0.009914 0.058218 0.021533 2.55E-07 0.001934 0.013017 0.895384 

ASV604 0.008456 0.023779 0.001459 0.000766 0.005721 0.010336 0.949482 

ASV649 0 0 0.006785 0.010734 0.001835 0.010546 0.970101 

ASV653 0.026679 0.037966 0.013532 0.003677 0.017858 0.025378 0.87491 

ASV430 0.007894 0.025414 0.017904 1.61E-06 0.022841 0.000107 0.925839 

ASV840 2.17E-11 0.004842 0.005364 0.001649 0.000438 0.010673 0.977034 

ASV442 0 0.106066 0.003292 0.000328 0.007074 0.010908 0.872333 

ASV252 0.001173 0.045547 0.002975 0.002784 0.007957 0.012505 0.927059 

ASV103 0.006381 0.048576 0.00056 0.002532 0.001555 0.080796 0.8596 

ASV776 2.84E-11 0.012397 0.000121 0.000341 0.005048 0.010577 0.971516 

ASV527 0.000428 0.037558 0.045232 0.001123 0.039605 0.001426 0.874628 

ASV83 0.009022 0.005333 0.012186 0.00074 0.012495 0.008517 0.951707 

ASV385 4.89E-11 0.024777 0.002319 0.002526 0.009509 0.000627 0.960242 

ASV73 0.019606 0.089828 0.009884 0.000613 0.053719 0.040982 0.785369 

ASV629 0.003443 0.010057 0.002116 0.000955 0.035064 0.004026 0.944339 

ASV52 0.029239 0.182696 0.001805 0.000801 0.045383 0.036628 0.703446 

ASV296 0.002622 0 0.01672 0.001455 0.010382 2.01E-05 0.968801 

ASV322 0.005331 0.003636 0.001095 3.08E-05 0.017687 0.01923 0.95299 

ASV280 0.011001 0.037097 0.000852 1.59E-05 0.055391 0.049117 0.846525 

ASV324 0 0.129815 0.005582 0.000344 0.01515 0.063537 0.785572 

ASV2 0.010916 0.219664 0.004666 9.49E-06 0.013823 0.004985 0.745936 

ASV395 0.005895 0 0.000246 0.000852 5.65E-05 0.001576 0.991374 

ASV549 2.56E-19 0.056292 0.000546 0.006258 0.005011 0.010066 0.921827 

ASV10 0.022314 0.105787 0.077627 0.000131 0.000554 0.085932 0.707655 

ASV542 0.010523 0.067432 3.66E-05 0.000287 0.05472 0.066059 0.800941 

ASV384 0.009996 0.050898 0.028793 0.000275 0.00742 0.002786 0.899832 

ASV382 0.009807 0.038798 0.016724 0.002455 0.015228 0.021346 0.895642 

ASV259 0.004956 0.059859 0.000127 0.000193 0.019566 0.040026 0.875273 

ASV242 0.003855 0.044143 0.030111 0.000723 0.036355 0.002866 0.881947 

ASV116 0.02353 0.051398 0.002444 0.000613 0.007055 0.006866 0.908094 

ASV32 0.000496 0.140166 0.040386 2.06E-06 0.011168 0.059416 0.748366 

ASV285 0.004929 3.39E-16 0.001298 0.001639 0.00287 0.010912 0.978353 

ASV129 0.002176 0 0.014401 0.002329 0.016045 0.06102 0.904029 

ASV65 0.002787 0.057461 0.014945 0.000162 6.27E-05 0.067061 0.857521 

ASV432 2.10E-09 0.074492 0.029646 0.000195 0.010802 0.000921 0.883944 

ASV417 0.010694 0 0.001043 4.09E-05 0.026142 0.003458 0.958622 
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ASV767 0.018335 0.005937 0.004236 0.000221 5.05E-05 0.006544 0.964676 

ASV88 0.009568 0 0.000813 0.000603 0.002678 0.014196 0.972142 

ASV234 0.000761 0.021843 0.000903 0.005226 0.000657 0.001731 0.968879 

ASV292 0.031111 0.013702 0.029008 9.45E-05 0.016601 0.018687 0.890797 

ASV393 0.01076 0.055383 0.00562 0.013718 0.005893 0.015291 0.893334 

ASV597 0 0 0.0059 1.55E-05 3.18E-05 0.006413 0.98764 

ASV144 0.000595 0.124466 0.005157 0.001244 0.025853 0.111565 0.73112 

ASV213 0.006864 0.011189 0.003327 0.008233 0.055337 0.000593 0.914457 

ASV57 0.015305 0.078874 0.034664 0.000284 0.055505 0.043079 0.77229 

ASV471 0.003679 0.017987 0.036008 0.000789 0.015308 0.009107 0.917122 

ASV574 0.016869 0.028651 0.056797 1.64E-06 0.036199 0.00031 0.861173 

ASV506 0.008425 0.02365 0.001154 0.002502 6.93E-05 0.001335 0.962864 

ASV291 0.00704 0.016116 0.005072 0.002202 0.00291 0.004918 0.961741 

ASV209 0.009447 2.38E-10 9.46E-05 0.010351 9.00E-06 0.000325 0.979773 

ASV257 0.010964 0.133027 0.013136 0.003983 0.004081 0.000444 0.834365 

ASV289 4.63E-16 0.11702 6.01E-06 0.018203 0.010631 0.032197 0.821943 

ASV315 0.01247 0.011681 3.60E-06 0.000286 0.000574 0.002309 0.972678 

ASV316 0 0 0.003267 0.001093 0.000936 3.81E-05 0.994666 

ASV26 0.00086 0.20793 0.002478 0.002619 0.004876 0.057206 0.724032 

ASV630 0.025877 0.032136 0.001454 0.00326 0.006807 0.008414 0.922052 

ASV266 0.016662 0.20161 0.036905 0.005045 0.026373 0.137697 0.575708 

ASV34 0.004335 0.023337 0.002345 0.000361 0.009165 0.002176 0.958281 

ASV648 5.84E-09 0.045535 0.004146 0.00041 9.23E-09 0.011512 0.938396 

ASV157 0.007156 0.002067 0.006769 0.000358 0.00616 0.002126 0.975363 

ASV566 0 0.017155 0.012929 0.000794 9.60E-05 0.029322 0.939703 

ASV409 0.001003 0.092971 0.038872 0.00052 0.026295 0.003375 0.836964 

ASV232 0.014858 0.028151 0.026352 0.003173 0.01491 0.027555 0.885 

ASV625 0.015285 0.088547 0.005157 0.000873 0.012219 0.037293 0.840626 

ASV165 0.008307 0.091319 0.010897 0.00379 0.007025 0.119624 0.759038 

ASV45 0.016837 0.157075 0.007967 0.004353 0.002235 0.085343 0.72619 

ASV183 0.011714 0 0.000298 4.55E-05 0.00102 0.00069 0.986232 

ASV111 0.0136 0.324797 0.152257 0.000401 0.001718 0.000553 0.506674 

ASV220 0.00219 0.002815 0.001667 0.001122 0.006442 0.010106 0.975658 

ASV372 1.44E-10 0.022707 0.007266 2.11E-05 0.001669 0.008257 0.96008 

ASV458 0.006459 0 0.001823 0.006646 0.021769 0.007527 0.955776 

ASV415 0.003366 0.002943 7.46E-05 1.26E-06 3.78E-05 0.007168 0.98641 

ASV197 0 0 0.033321 0.001295 0.000437 0.001855 0.963092 

ASV151 0.006495 0.153425 0.006898 0.001983 0.017317 0.029963 0.783918 

ASV459 0.004616 0.058689 0.004732 6.75E-05 0.010494 0.013337 0.908064 

ASV196 0.009865 0.158438 8.80E-06 0.000127 0.055486 0.050285 0.725789 

ASV216 0.005188 0.087271 0.006693 3.29E-05 0.008996 0.020838 0.870981 
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ASV192 0.001578 0.031204 0.000956 0.000264 0.012384 0.011046 0.942568 

ASV327 0.000155 0.004284 0.020676 0.001721 0.012218 0.00024 0.960705 

ASV501 5.40E-11 0.006384 0.001422 7.75E-05 0.010812 0.00256 0.978745 

ASV267 0.008304 0.008379 1.86E-05 0.001068 0.005094 0.005906 0.971231 

ASV35 0.003559 0.176158 0.010953 0.001634 0.016959 0.019773 0.770962 

ASV298 0.001709 0.012856 0.007702 0.0012 0.003249 0.003822 0.969463 

ASV370 0.006432 0.135384 0.000215 0.007091 0.03444 0.151087 0.665351 

ASV387 0.009772 0.076464 0.000192 0.00047 1.22E-05 0.006289 0.9068 

ASV69 0.01915 0.221604 0.018408 0.001281 0.0697 0.212412 0.457445 

ASV288 0.004537 0 0.002853 0.002732 0.008105 0.003318 0.978455 

ASV431 0.004173 0.125813 0.00014 0.012211 0.037101 0.062596 0.757965 

ASV383 0.0029 0.024143 3.57E-06 0.000363 0.014539 0.007104 0.950948 

ASV510 0.004667 0.034063 0.001048 0.003317 0.004576 0.00179 0.95054 

ASV8 0.013127 0.108228 0.05971 0.000113 0.004743 0.001356 0.812723 

ASV473 0.01759 0.083399 0.004192 0.001075 0.040505 0.044256 0.808982 

ASV524 0.004312 0.005144 0.013005 0.000947 0.003739 0.000276 0.972577 

ASV176 0.000475 0.000878 0.000849 0.000375 2.45E-05 0.002198 0.995199 

ASV361 0.003008 0.001994 0.005976 0.002161 0.006621 0.003924 0.976316 

ASV150 0.006634 0.037439 0.00898 0.000931 0.035589 0.011695 0.898732 

ASV709 0.002461 0 0.000624 0.000145 0.000336 0.017151 0.979283 

ASV262 0.013364 0.172229 0.000848 0.00406 0.082999 0.150032 0.576469 

ASV283 0.007421 0.074394 0.001188 0.000124 0.026355 0.054991 0.835526 

ASV6 0.008614 0.354487 9.35E-05 5.69E-05 0.021884 0.019682 0.595183 

ASV804 0.001423 0 0.00759 5.30E-05 0.027586 0.005133 0.958216 

ASV146 0.021386 0.08362 0.008131 3.85E-05 0.035921 0.022038 0.828865 

ASV486 0.003635 0.000718 0.000439 0.000342 4.10E-05 0.012979 0.981847 

ASV253 0.003712 0.258135 0.015062 0.014096 0.000269 0.086785 0.621941 

ASV33 0.029376 0.004303 1.29E-05 0.000986 5.58E-05 0.047507 0.91776 

ASV96 0.019361 0.028578 0.000355 0.001988 0.001374 0.008088 0.940255 

ASV64 0.004831 0.032772 0.023558 0.000359 0.001662 0.002828 0.93399 

ASV120 0.004432 0.271004 0.013962 1.51E-05 0.005947 0.075361 0.62928 

ASV435 0.020912 0.025655 7.00E-06 5.90E-05 0.009048 0.006711 0.937609 

ASV480 0 0 0.00172 2.09E-05 0.004543 0.006151 0.987565 

ASV671 0.004295 0 0.013046 0.01356 0.000797 0.005369 0.962933 

ASV207 0.009965 0.012933 0.018771 8.85E-05 0.008134 0.014345 0.935764 

ASV1519 0.048315 0.103928 0.000467 0.000188 0.025196 0.028323 0.793583 

ASV193 9.64E-17 0.106578 0.010334 0.006811 0.018231 0.036094 0.821952 

ASV557 0.001711 0.023825 0.003939 0.001306 0.030997 0.000462 0.93776 

ASV50 0.02733 0.182466 0.011702 0.000793 0.000421 0.029896 0.747391 

ASV89 0.007953 0.332926 0.191255 1.56E-05 0.001119 0.018666 0.448065 

ASV11 0.003891 0.01747 0.011031 0.00109 0.044375 0.09834 0.823803 
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ASV359 0.017585 0.085973 0.018127 9.38E-05 0.00024 0.00871 0.869272 

ASV513 0.007735 0 4.51E-05 0.000475 0.000769 0.000656 0.99032 

ASV908 0.003182 1.46E-13 0.002345 0.000243 0.003364 0.037773 0.953093 

ASV58 0.00228 0.089264 0.012523 0.004172 0.020347 0.011827 0.859587 

ASV195 0.008429 0.065177 0.020234 0.000104 1.50E-05 0.004272 0.901769 

ASV537 4.66E-16 0.094481 0.00075 2.46E-05 0.008927 0.023067 0.87275 

ASV223 0.008771 0.168172 0.025638 1.77E-05 0.046638 0.100611 0.650152 

ASV586 0.014991 0 0.000216 0.001156 0.003459 0.000267 0.979912 

ASV63 0.01987 0.022666 0.001064 2.18E-05 0.002626 5.20E-05 0.9537 

ASV717 0.001459 0.005623 0.00821 0.000123 0.021105 0.01608 0.9474 

ASV392 0.016003 0.030877 0.027787 8.34E-05 0.033184 0.006388 0.885677 

ASV300 0.01465 0.006116 0.002198 0.001483 0.000935 0.000508 0.974111 

ASV328 0.006795 1.53E-12 5.38E-05 0.002848 0.009161 0.002423 0.978719 

ASV115 0 0.260853 0.109083 0.000173 0.008669 0.013324 0.607899 

ASV171 9.24E-11 0.104805 0.020803 0.001816 5.42E-06 0.00132 0.87125 

ASV454 0.003186 0.203548 5.58E-06 0.003051 0.121459 0.06759 0.60116 

ASV46 0.005656 0.16416 0.011894 0.000115 0.009499 0.009752 0.798924 

ASV735 6.60E-16 0.145719 0.010476 8.33E-05 0.064185 0.103961 0.675576 

ASV326 0.000233 0 0.004717 0.003975 0.0009 0.001431 0.988743 

ASV39 0 0.053129 0.047261 0.007646 0.009245 0.015383 0.867335 

ASV148 0.007385 0.01276 0.002226 4.58E-05 0.002405 0.000289 0.974889 

ASV621 0.002657 0.047073 0.000781 0.00347 0.001281 0.000249 0.94449 

ASV85 3.13E-12 0.127244 0.018485 2.18E-05 0.006641 0.003582 0.844026 

ASV353 0.008026 0.196546 0.155272 0.001068 0.016288 0.025351 0.597451 

ASV620 4.47E-14 0.004699 0.000555 0.000257 0.005601 0.000313 0.988575 

ASV86 0.005729 0.202606 0.111034 0.000262 0.004588 0.013451 0.662329 

ASV186 0.003543 0.098251 0.026508 0.002163 0.017367 0.063479 0.788688 

ASV112 0.020311 0.187651 0.162958 0.001548 0.026321 0.00209 0.59912 

ASV416 1.48E-08 0.051994 0.002653 0.004771 0.005107 1.12E-05 0.935464 

ASV12 0.006674 0.094171 0.032766 0.009998 0.009239 0.070501 0.776651 

ASV133 0.00968 0.065317 0.036891 5.19E-05 0.087502 0.025017 0.775542 

ASV710 3.50E-14 0.024268 0.004032 8.19E-06 0.008179 0.0005 0.963013 

ASV344 0.003565 0 0.00635 8.83E-07 0.000318 0.000723 0.989043 

ASV137 0.001188 0.003008 0.023628 0.00018 0.000499 0.000589 0.970907 

ASV147 0.005065 0.039868 0.023705 3.64E-06 2.46E-06 0.003081 0.928275 

ASV13 0.012011 0.236633 0.105158 0.000148 0.000236 0.031046 0.614768 

ASV168 1.84E-13 0.128721 0.010359 0.001155 0.012658 0.00522 0.841886 

ASV303 0.002926 4.85E-14 0.003791 0.000173 0.005784 0.002301 0.985025 

ASV541 0.004116 0 3.81E-05 2.80E-06 0.002583 0.004734 0.988526 

ASV42 1.89E-06 0.056104 0.008559 0.000365 0.008243 0.012721 0.914005 

ASV31 0.011253 0.094502 0.16887 0.000187 0.000223 2.01E-05 0.724945 
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ASV743 0.026504 0 0.001657 0.000159 0.000628 0.001124 0.969929 

ASV693 0.003752 0.048893 0.014884 0.001686 0.004518 0.000308 0.925958 

ASV49 0.013913 0.134132 0.001555 1.53E-05 0.012066 0.00026 0.838059 

ASV375 0.015787 0.017005 0.000897 1.41E-05 0.037573 0.031867 0.896857 

ASV281 0 0.011512 0.00954 0.003327 0.001927 0.003344 0.97035 

ASV508 0.00097 0.018296 0.015559 0.001313 0.023257 0.000952 0.939653 

ASV605 3.49E-14 0.10353 0.01462 0.0127 0.000817 0.006691 0.861642 

ASV526 8.71E-09 0.107294 0.045178 0.003436 0.00695 0.042321 0.794821 

ASV378 0.005633 0.007119 0.010973 0.000212 0.003106 0.001315 0.971641 

ASV68 0.020497 0.203388 0.019062 0.002412 0.078233 0.132119 0.544289 

ASV744 0.007468 0.059067 0.000434 8.25E-05 0.002878 0.002105 0.927965 

ASV434 0.01664 0.00772 0.000895 1.29E-06 0.004728 0.015185 0.954831 

ASV131 0.020644 0.128472 0.000184 0.010332 0.048149 0.08328 0.708938 

ASV547 0.002859 0 0.007782 0.001152 0.000269 0.000887 0.987052 

ASV535 0 0.016599 0.000976 5.37E-05 0.004556 0.023517 0.954299 

ASV159 0.0078 0.029459 0.01245 8.93E-05 0.029607 0.024698 0.895897 

ASV742 0.0048 1.08E-16 0.000574 0.004062 0.002243 2.67E-08 0.988321 

ASV202 0.001216 0.125268 0.048907 0.002857 0.035435 0.001484 0.784833 

ASV747 1.43E-17 0.009866 0.014242 0.001494 0.003568 0.023611 0.947218 

ASV188 0.016579 0.02218 0.01297 3.86E-05 0.026556 0.014391 0.907286 

ASV396 0.000906 0.03971 0.052471 2.73E-05 0.058736 0.003773 0.844376 

ASV114 1.44E-19 0.052423 0.017891 0.000792 0.015697 1.09E-08 0.913197 

ASV225 0.009566 0.004001 0.008306 0.001041 0.010796 0.022347 0.943944 

ASV428 1.37E-11 0.008363 0.00432 0.001921 0.000917 0.002419 0.982059 

ASV134 0.007612 0.023084 0.000349 0.000758 0.011284 0.005356 0.951557 

ASV576 0.007034 0.007981 0.012896 0.00179 0.037143 0.001778 0.931377 

ASV59 0.016059 0.133285 0.010898 0.001196 0.093187 0.018897 0.726477 

ASV301 0.011139 0.075518 4.34E-06 0.001229 0.017012 0.029974 0.865123 

ASV66 0.016567 0.034835 0.018233 0.000747 0.032684 0.089044 0.807891 

ASV374 0 0.095656 0.013427 0.000312 4.42E-05 0.023829 0.866732 

ASV449 2.89E-18 0 6.05E-06 0.001122 0.012036 0.0017 0.985135 

ASV329 0 0.057216 0.05912 1.32E-05 0.004722 0.021095 0.857834 

ASV660 0 0 0.000131 0.003888 0.005485 0.001598 0.988898 

ASV465 0.008168 2.73E-12 6.81E-05 0.000381 0.002031 0.010416 0.978936 

ASV504 0.01605 4.35E-15 0.004787 0.003056 4.84E-05 0.010966 0.965093 

ASV76 0.005607 0.103029 0.007715 0.003506 0.010491 0.057607 0.812045 

ASV323 0.003287 0.104208 0.016098 7.46E-06 0.049731 0.050139 0.77653 

ASV167 9.44E-10 0.001502 0.004236 0.004762 0.001102 0.005591 0.982807 

ASV158 0.009348 0.048555 0.019341 0.001497 0.018954 0.025676 0.876629 

ASV271 0.003695 0.007432 0.028459 0.003417 0.003843 0.002125 0.951028 

ASV350 0.008118 8.51E-17 0.000112 0.000849 0.010451 0.014089 0.966381 
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ASV229 0.006356 0.074441 0.000345 0.001886 0.02217 0.071226 0.823575 

ASV724 0.000669 0.01732 0.001679 0.000479 0.002944 0.02027 0.956637 

ASV145 8.13E-12 0.00591 0.004196 0.001968 0.035596 0.017801 0.934529 

ASV731 0.010051 0.130985 0.002476 0.000296 0.000197 0.020491 0.835504 

ASV635 0.002669 0 0.000728 0.000218 1.47E-05 0.003646 0.992724 

ASV185 1.94E-11 0.005482 0.00126 4.85E-09 0.009746 0.004692 0.97882 

ASV44 0.044532 0.005729 0.013348 3.01E-05 0.020558 0.028172 0.88763 

ASV107 0.013125 0.055744 0.018919 0.000802 0.002555 0.054565 0.854291 

ASV637 0.001742 0 3.37E-05 3.34E-05 0.000819 0.005712 0.99166 

ASV254 0.01053 0.030655 0.000808 2.72E-05 0.031359 0.002637 0.923984 

ASV67 0.006013 0.056523 0.01467 0.000133 0.001678 0.016273 0.904709 

ASV496 0.004374 0 0.000293 0.000101 0.000557 0.000212 0.994461 

ASV844 0.011213 0.008464 0.002418 0.008243 0.000256 0.013843 0.955563 

ASV755 0.022837 0.02184 0.001343 0.000215 0.028862 0.049185 0.875719 

ASV135 0.012926 0.094008 0.17086 0.00633 0.001357 0.077948 0.636571 

ASV4 5.39E-14 0.216786 0.012864 0.00174 0.00588 0.009702 0.753028 

ASV94 0.003297 0.117304 0.002882 0.00049 2.25E-05 0.009789 0.866215 

ASV362 0.008908 0 0.000831 0.000403 0.004974 0.01839 0.966495 

ASV161 0.007217 0.230501 0.064187 0.000869 0.000332 0.055487 0.641407 

ASV570 0.004987 0 0.007525 0.001898 0.006569 0.002251 0.97677 

ASV18 0.020632 0.27297 0.005428 0.001671 0.068096 0.034767 0.596435 

ASV155 2.08E-11 0.085452 0.043198 0.001955 0.007184 0.016493 0.845718 

ASV141 0.016131 0.055762 4.91E-05 0.000166 0.004558 0.004013 0.91932 

ASV779 0.003867 0.027508 0.00698 0.009527 0.015044 0.00203 0.935045 

ASV376 0.007067 0.025918 6.28E-05 6.89E-06 0.035317 0.042396 0.889233 

ASV306 0.001421 0.020529 0.004836 0.003533 0.001916 0.00256 0.965205 

ASV169 1.46E-15 0.091349 0.002478 1.03E-05 0.003893 0.016294 0.885975 

ASV664 0.007533 0.046768 0.000383 0.000587 0.032221 0.050655 0.861852 

ASV75 0.008822 0.029569 0.04672 0.002226 0.075268 0.036459 0.800936 

ASV239 0.008155 0 0.001996 0.001527 0.006154 0.003221 0.978946 

ASV238 3.18E-12 0.017987 0.001538 1.07E-05 0.002268 0.026558 0.951637 

ASV272 0.003596 0.071389 1.74E-05 0.010326 0.010714 0.061014 0.842942 

ASV351 0.034115 0.056799 0.000282 0.000154 0.041525 0.069366 0.797758 

ASV174 0.011138 0.091387 0.00893 0.008905 2.05E-05 0.098505 0.781116 

ASV379 0.019292 0.024481 0.016135 0.00057 0.004745 0.012843 0.921933 

ASV555 0.009714 0.022997 0.00955 0.001486 0.018532 0.002163 0.935559 

ASV493 0.006535 0 0.008414 0.000161 0.000674 9.84E-05 0.984118 

ASV871 0.003295 0.013412 0.001325 0.002558 0.000736 0.024485 0.954189 

ASV531 1.11E-12 0.041346 0.004882 0.010119 0.001869 0.001757 0.940027 

ASV331 0.001808 0.038016 0.00188 0.000406 0.007565 0.007365 0.94296 

ASV194 0.015084 0.006949 0.001442 0.000171 0.014664 0.02294 0.93875 
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ASV707 0.002289 0.018766 0.001076 0.001008 0.001655 0.020587 0.954619 

ASV156 0.01183 0.167454 0.00335 0.011996 0.016734 0.035608 0.753027 

ASV143 0.004612 0.036447 0.000525 3.45E-06 0.000207 0.004776 0.953429 

ASV226 0.001042 0.016017 0.030184 0.00344 0.011159 0.001584 0.936575 

ASV474 0.001262 0.026984 0.027703 2.90E-06 0.00161 0.008595 0.933844 

ASV737 0.006346 0.032177 0.028256 0.000825 0.00548 0.003943 0.922973 

ASV718 1.85E-10 0.015382 0.00051 0.001225 3.19E-05 7.17E-05 0.98278 

ASV865 0.002575 0.001516 3.81E-06 0.004154 0.005772 0.03567 0.950309 

ASV443 1.73E-11 0.005961 1.80E-05 2.24E-06 0.001922 0.014042 0.978054 

ASV218 8.29E-10 0.087968 0.043965 0.001655 0.033021 0.028204 0.805186 

ASV577 0.001514 0.005989 0.001239 5.81E-06 0.011312 0.019903 0.960036 

ASV820 0.000609 4.22E-05 0.002883 0.000626 0.011929 0.005719 0.978192 

ASV530 0.006384 0.004921 0.000785 0.000327 0.014785 0.011033 0.961765 

ASV411 0.009813 0.019221 0.009031 0.001685 0.000117 0.000165 0.959967 

ASV358 0.02542 1.31E-17 4.71E-07 0.001866 0.013849 0.001949 0.956915 

ASV463 0.000701 0 0.001566 0.000295 0.000401 0.004502 0.992534 

ASV483 0.007376 0 0.019503 0.002828 9.47E-05 0.02467 0.945528 

ASV15 0.019599 0.137151 0.016702 3.46E-05 0.000654 0.007589 0.818271 

ASV260 0.001366 1.54E-13 0.014467 0.000245 0.006736 0.007757 0.969429 

ASV313 0.012981 0.083861 0.000511 0.004393 0.006722 0.096259 0.795275 

ASV663 0.016685 0.018827 0.004799 0.002678 0.014712 0.001351 0.940949 

ASV669 0.004949 0 0.001931 0.001185 0.016438 0.015999 0.959498 

ASV516 0 0 9.19E-05 0.000154 0.003652 0.04179 0.954312 

ASV588 0.009808 0.001672 0.003183 0.000629 6.73E-06 0.011072 0.973629 

ASV25 0.000521 0.04065 0.002654 0.00157 0.063273 0.060739 0.830593 

ASV725 0.001421 0 0.00019 0.003256 0.011721 0.016787 0.966626 

ASV398 0.000789 0.120792 0.000787 7.83E-05 0.045285 0.025353 0.806915 

ASV682 0.008415 0.019252 7.89E-05 0.000884 0.023298 0.01213 0.935943 

ASV499 0.00428 0.015217 0.0035 0.001122 0.004276 0.020984 0.950621 

ASV72 0.01194 0.073258 0.025875 0.001384 0.01197 0.003428 0.872145 

ASV427 0.006772 0 0.000693 0.014914 0.037415 0.050788 0.889419 

ASV565 0.010225 0.023872 0.064747 0.002652 0.025002 0.002936 0.870564 

ASV602 0 0 9.00E-05 0.002379 0.003028 0.006589 0.987914 

ASV244 0.003824 0.009448 0.00277 0.001083 0.001346 0.017169 0.96436 

ASV354 0.005637 0.047153 0.130118 4.08E-06 0.035023 0.010263 0.771801 

ASV849 0 0.03614 0.029922 0.000482 0.000899 0.051553 0.881005 

ASV1025 0.015106 0 0.002319 6.96E-05 0.002436 0.011718 0.968352 

ASV399 6.69E-11 0.005519 0.00402 0.008009 0.003636 0.015456 0.96336 

ASV70 0.00835 0.003072 0.003393 0.000248 0.00094 0.000147 0.983851 

ASV81 0.009008 0.174047 0.002447 9.30E-05 0.039815 0.000483 0.774107 

ASV95 0.008392 0.068107 5.37E-06 0.003894 0.016693 0.1017 0.801209 
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ASV394 0.009457 0.091665 1.06E-05 0.008156 0.005393 0.010585 0.874733 

ASV613 9.09E-22 0.002498 0.016911 0.001537 0.000148 0.00707 0.971837 

ASV217 0.011983 0.071328 0.008174 1.02E-05 0.00965 0.022506 0.876348 

ASV436 0.003577 9.08E-18 0.008827 0.000985 0.008098 0.015822 0.962691 

ASV101 0.004259 0 0.017476 0.00011 0.002134 0.02228 0.953741 

ASV241 0.001964 0.001883 0.012887 8.73E-06 0.005956 0.001205 0.976096 

ASV450 4.00E-19 0.003991 0.004042 0.006468 0.000262 0.001039 0.984199 

ASV163 0.003645 0.182332 0.114385 8.55E-05 0.023688 0.000597 0.675267 

ASV564 9.18E-20 0.015662 0.010461 0.000201 0.005871 0.000505 0.9673 

ASV616 4.50E-11 0.041199 0.000361 7.00E-06 0.001356 0.000245 0.956832 

ASV603 0.009283 0.017176 0.002055 0.000194 0.008345 0.046615 0.916332 

ASV263 0.015059 0.083815 0.000892 0.004295 0.015013 0.036466 0.84446 

ASV446 0.002783 0.011359 0.033533 0.005496 2.05E-05 0.004945 0.941863 

ASV691 0.017668 6.00E-18 0.000249 3.17E-06 0.00174 0.004553 0.975786 

ASV23 0.023213 0.123419 0.107307 0.001379 0.004383 0.04177 0.69853 

ASV139 0.000882 0.035296 0.039191 1.28E-05 0.019371 0.000692 0.904554 

ASV381 0.015455 0.003459 0.001339 0.000712 0.044163 0.020281 0.914591 

ASV62 0.009691 0.074288 0.00302 1.57E-05 0.007819 0.002913 0.902253 

ASV456 0 0.02047 2.04E-06 0.000526 0.002723 0.009307 0.966973 

ASV533 0.007133 0.077238 0.006854 0.000727 0.014216 0.000802 0.89303 

ASV41 0.028404 0.23983 0.184013 0.000141 1.91E-05 0.000616 0.546977 

ASV334 0.025605 0.000592 0.03858 9.58E-05 0.003153 0.009447 0.922528 

ASV99 0.010874 0.027301 7.97E-05 0.001223 0.008764 0.006794 0.944964 

ASV152 0.005004 0.119173 0.01981 0.003523 0.000797 0.116238 0.735455 

ASV118 9.91E-12 0.058246 0.001991 0.009735 0.004092 0.035773 0.890162 

ASV160 0.027156 0.208215 0.001069 0.001637 0.058082 0.172291 0.53155 

ASV177 0.00329 0.046494 0.002331 0.000346 7.71E-05 2.97E-05 0.947432 

ASV528 0 0 0.004698 0.00011 0.001045 0.001139 0.993008 

ASV594 0.002546 0.000659 0.003262 0.000985 0.001681 0.008261 0.982606 

ASV38 0.006579 0.006866 0.001848 0.00199 0.019633 0.005952 0.957132 

ASV256 0.000966 0.089912 0.02854 0.005707 0.003067 9.83E-05 0.87171 

ASV142 0.004877 0.050428 0.010742 8.30E-05 0.00867 0.04495 0.88025 

ASV205 0.005073 0.017732 0.015798 0.000139 0.022032 0.013295 0.925931 

ASV713 2.00E-12 0.018986 0.000272 0.001774 0.008856 0.004146 0.965966 

ASV128 0.010004 0.130183 0.151484 0.000321 0.001921 0.027922 0.678166 

ASV240 0.007544 0 0.000196 0.000567 0.004632 0.001062 0.985999 

ASV626 0.019641 0.038421 0.004771 0.002183 0.052003 0.00272 0.880262 

ASV98 0.001971 0.012707 0.045527 0.005555 0.005203 3.17E-06 0.929033 

ASV321 0.002865 0.015825 0.004451 0.008446 0.019308 0.001654 0.94745 

ASV335 0.009246 0.17019 0.001611 0.004912 0.009899 0.034819 0.769323 

ASV567 0.000889 0 0.013112 0.005657 0.000813 5.08E-05 0.979478 
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ASV423 0.023753 1.23E-21 0.000307 0.000899 0.002169 0.00167 0.971202 

ASV294 0.00204 0.14284 0.023243 0.004325 0.010199 0.083845 0.733509 

ASV51 0.01116 0.022001 3.40E-05 3.31E-06 0.000195 0.063237 0.903369 

ASV215 0.007486 0.072982 0.012036 9.12E-06 0.035727 0.028988 0.842771 

ASV452 0.005868 0.001997 0.021278 0.000168 0.021509 0.000466 0.948713 

ASV348 0.001984 0 0.006371 0.004405 0.006664 0.000114 0.980462 

ASV610 0.009811 8.28E-13 0.001766 2.37E-05 0.001567 3.97E-05 0.986792 

ASV22 0.017449 0.007693 0.068547 0.001078 0.044148 0.018171 0.842915 

ASV601 0 0 9.00E-05 0.000904 0.002549 0.014557 0.981901 

ASV429 0.007161 2.93E-11 0.0027 0.005109 0.002696 0.001595 0.980739 

ASV104 0.003023 0.033896 0.029345 0.004768 0.001183 0.004491 0.923294 

ASV179 0.004799 0 0.001209 0.004931 0.002592 0.000602 0.985867 

ASV532 0.003261 0 0.000321 0.00042 0.000161 0.000529 0.995307 
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Table A3.6: Fungal variance partitioning results.  

 Block locyr pH Nitrate OM K Residuals 

ASV34 0.003056 0.378369 0.000558 0.008144 0.000207 0.108334 0.501332 

ASV97 4.60E-11 0.243999 0.000519 0.048535 0.004778 0.054545 0.647625 

ASV188 0.00687 0.555964 0.003677 4.46E-05 0.001814 0.00725 0.42438 

ASV190 6.57E-15 0.692481 0.05529 0.000147 0.010311 0.001235 0.240537 

ASV306 0.049215 0.112315 0.005519 1.36E-07 0.02879 0.000513 0.803647 

ASV334 0.001036 0.918552 0.00015 0.000195 0.002213 2.46E-05 0.077829 

ASV352 0.028923 0.413152 0.053478 0.000744 0.138363 0.03544 0.329902 

ASV388 0.016113 0.282485 0.001766 0.000538 0.006578 0.031302 0.661218 

ASV424 0.014267 0.514262 0.001056 0.000184 0.108755 0.092893 0.268583 

ASV442 0.03799 0.348396 0.003993 0.006944 0.086271 0.000775 0.515631 

ASV454 0.004072 0.770912 0.006722 0.001379 0.024609 0.004688 0.187618 

ASV463 0.003367 0.022293 0.004508 0.003507 0.01755 0.066946 0.881828 

ASV494 0.00167 0.07254 0.000196 0.003787 0.00717 0.002473 0.912163 

ASV512 0.014952 0.04835 0.001403 0.000519 0.004741 0.04416 0.885875 

ASV515 0.007258 0.664384 0.007421 0.000241 0.041561 0.034277 0.244857 

ASV522 1.14E-13 0.291923 0.00037 0.000344 0.005019 0.031935 0.670409 

ASV527 0 0.195988 0.053605 0.00192 0.037218 0.024536 0.686734 

ASV535 0.001362 0.768064 0.000495 0.000104 0.003894 5.24E-05 0.226029 

ASV560 0.007754 0.178992 0.000109 0.000538 0.029275 0.016326 0.767005 

ASV564 0.004465 0.866372 0.005856 2.33E-06 0.000701 0.002195 0.120407 

ASV582 0.007579 0.389612 0.008335 0.008815 0.041852 0.018166 0.525641 

ASV617 0.025026 0.499466 0.006911 3.79E-05 0.056783 0.003029 0.408746 

ASV620 0.00285 0.784761 3.65E-06 0.003836 0.004772 0.001449 0.202329 

ASV633 0.002122 0.866282 0.018402 0.000301 0.006964 0.005408 0.100521 

ASV653 0.000243 0.865966 0.02251 1.14E-05 0.008461 0.009717 0.093091 

ASV661 8.11E-17 0.177855 0.001132 0.001939 0.075961 0.001168 0.741945 

ASV696 0.015539 0.577136 0.067803 0.004466 0.002555 0.001711 0.330791 

ASV707 0.009262 0.55369 0.000875 0.000621 0.004538 0.012449 0.418564 

ASV762 0.002326 0.897147 0.003469 0.000117 0.00046 0.001432 0.095049 

ASV766 6.32E-11 0.017391 0.014648 0.001568 0.117414 0.001647 0.847332 

ASV817 0.001988 0.000964 0.000867 0.00153 0.073951 0.016036 0.904664 

ASV819 0 0.317645 0.003094 0.000191 0.027712 0.000834 0.650524 

ASV841 0.033614 0.331267 0.015007 0.000324 0.153436 0.008165 0.458187 

ASV843 4.13E-11 0.535683 0.000253 0.005837 0.017003 0.005459 0.435766 

ASV856 0.100172 0.01913 0.065957 0.012886 0.084495 0.024783 0.692577 

ASV876 0.001422 0.607461 0.004248 0.000401 0.054645 1.26E-07 0.331823 

ASV904 0.000271 0.940265 0.000504 0.000114 0.00665 0.000918 0.051279 

ASV998 0.015189 0.404409 7.43E-05 0.00162 0.03792 0.051373 0.489414 

ASV1003 0.009113 0.401853 0.323057 0.004413 0.026808 0.049821 0.184935 
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ASV1014 0.005434 0.174031 0.024759 0.003187 0.061167 0.005449 0.725974 

ASV1023 0.00355 0.691915 0.000147 0.001363 0.002645 0.000365 0.300015 

ASV1083 0.028409 0.393155 0.00139 4.52E-05 0.084942 0.003564 0.488495 

ASV1113 0 0.065634 0.008907 0.000111 0.055234 0.006293 0.86382 

ASV1115 0.014492 0.205267 0.049899 7.28E-05 0.120236 1.16E-05 0.610022 

ASV1122 0.008344 0.261646 0.009971 0.004326 0.004999 0.023156 0.687558 

ASV1128 6.53E-11 0.048535 0.000859 0.00827 0.000505 0.005249 0.936582 

ASV1214 0.000581 0.205162 0.000377 0.000792 0.000624 0.02092 0.771544 

ASV1262 0.005218 0.490375 0.004846 0.01117 0.028124 0.01664 0.443627 

ASV1305 0.002214 0.750233 0.00028 0.001298 0.001744 0.006718 0.237514 

ASV1332 0.011234 0.254936 0.009101 0.001164 0.02437 0.1255 0.573696 

ASV1333 0.04563 0.341087 0.208088 0.000367 0.087803 0.000282 0.316743 

ASV1364 0.002016 0.645484 0.022635 0.000247 0.003107 0.000691 0.32582 

ASV1369 0.02452 0.866556 0.005987 0.006025 0.000236 0.000304 0.096372 

ASV1370 0.012926 0.328601 0.001652 0.010932 0.020818 0.033883 0.591187 

ASV1421 0.005098 0.609938 0.025649 0.001426 0.026914 0.003538 0.327437 

ASV1423 0.00899 0.217643 0.008688 2.91E-05 0.005957 0.022371 0.736321 

ASV1443 4.11E-14 0.150076 0.00015 0.000883 0.057132 0.007782 0.783977 

ASV1455 0 0.212997 0.003736 0.007886 0.01399 0.002111 0.75928 

ASV1456 0.041758 0.300914 0.045604 0.003141 0.02805 0.006797 0.573736 

ASV1470 0.012746 0.140634 0.017602 0.002093 0.410714 0.001082 0.415128 

ASV1531 0.028023 0.217257 0.209446 0.001447 0.100695 0.00115 0.441981 

ASV1538 0.010906 0.245923 0.003228 0.004779 8.04E-05 0.022612 0.712471 

ASV1581 0.008357 0.205289 0.018008 0.001602 0.002644 0.022912 0.741187 

ASV1582 0.007594 0.699 0.031545 4.69E-05 0.007942 8.93E-05 0.253783 

ASV1623 0.005823 0.59632 0.000281 0.001695 2.75E-06 0.015661 0.380218 

ASV1677 0.015718 0.550107 0.000899 0.001313 0.00748 6.99E-06 0.424475 

ASV1697 1.85E-10 0.045427 0.000592 0.017687 7.58E-06 0.040533 0.895754 

ASV1718 0.00719 0.88508 0.023569 0.000178 1.21E-07 0.001534 0.082449 

ASV1738 0.005411 0.229016 0.003483 9.14E-07 0.125652 0.000155 0.636281 

ASV1764 0.027385 0.474285 0.16262 0.001947 0.060702 0.086237 0.186824 

ASV1781 2.82E-16 0.575356 0.000605 0.000988 0.000994 0.030071 0.391986 

ASV1785 0.000591 0.969066 1.05E-06 7.39E-08 0.002054 0.003778 0.02451 

ASV1811 0.002729 0.588247 0.002772 0.002548 0.015428 0.002673 0.385604 

ASV1861 0 0.652258 0.061751 0.001672 0.052739 0.00094 0.230639 

ASV1884 0.007315 0.477945 0.003311 0.000506 0.089486 0.000478 0.420959 

ASV1911 0.019986 0.323581 0.001232 0.000661 0.014862 0.009423 0.630256 

ASV1947 0.021509 0.408485 0.016334 0.001302 0.00094 0.001232 0.550197 

ASV1961 0.005114 0.686678 0.003873 0.001335 0.000761 0.001739 0.3005 

ASV2002 0.04153 0.225357 0.112825 0.000368 0.002409 0.004329 0.613181 

ASV2009 0.01046 0.233205 0.007072 0.000706 0.039961 0.014407 0.694189 
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ASV2010 0.052323 0.54842 0.046094 0.000105 0.066116 0.010981 0.275962 

ASV2017 0.001112 0.79168 0.000207 0.000761 0.000497 5.14E-05 0.205691 

ASV2036 0.003352 0.573548 0.232613 0.001764 0.003955 0.034659 0.150109 

ASV2154 0.022832 0.293883 0.058137 0.002961 0.084954 0.050565 0.486667 

ASV2173 0.009212 0.549654 0.033719 0.000133 0.021342 6.55E-05 0.385875 

ASV2225 0.002094 0.778543 0.00383 3.71E-07 0.04785 0.001979 0.165705 

ASV2237 0.013321 0.330251 0.000783 0.006376 0.057156 0.047942 0.544171 

ASV2253 6.17E-09 0.371113 0.003416 0.000346 0.037742 2.28E-05 0.58736 

ASV2262 0.009358 0.074396 0.003014 0.000376 0.002377 0.050521 0.859959 

ASV2264 0.002337 0.318832 0.015677 0.001657 0.098382 0.007772 0.555342 

ASV2267 0.000825 0.957688 0.000251 0.000276 0.001106 1.14E-05 0.039842 

ASV2303 0.005275 0.1887 0.063359 0.000138 0.063992 0.039359 0.639178 

ASV2307 0.038972 0.461194 0.099613 0.000993 0.085136 0.008226 0.305865 

ASV2308 0.006636 0.343404 0.000576 0.000189 0.026445 0.009592 0.61316 

ASV2310 0.007413 0.594381 0.004233 0.004504 0.000684 0.008281 0.380505 

ASV2345 0.028707 0.066466 0.017699 0.001145 0.050756 0.027019 0.808209 

ASV2346 0.006131 0.188144 0.004182 0.002428 0.000139 0.035543 0.763432 

ASV2359 0.022626 0.480404 0.31131 4.16E-05 0.070509 0.003214 0.111896 

ASV2385 0.002735 0.681759 0.002251 0.000188 0.001495 9.13E-05 0.31148 

ASV2403 0.004556 0.617343 0.005602 0.001329 0.074167 0.003975 0.293029 

ASV2420 0 0.695593 0.001731 0.003364 0.001726 0.003678 0.293907 

ASV2437 0.006293 0.908088 0.000578 0.000193 0.005029 0.003118 0.0767 

ASV2467 0.001897 0.209283 0.001615 0.000298 0.017069 0.006926 0.762912 

ASV2493 0.054964 0.509478 0.032232 0.001487 0.068554 0.00183 0.331455 

ASV2522 0.004432 0.652402 0.000516 7.24E-05 0.001917 6.64E-08 0.34066 

ASV2546 0.018949 0.460312 0.000906 0.002788 0.000102 0.001925 0.51502 

ASV2552 0.000127 0.212195 0.000731 2.02E-05 0.002873 0.033894 0.75016 

ASV2554 0.007961 0.398876 0.006182 0.004654 0.03751 0.080006 0.464811 

ASV2555 0 0.023623 0.015864 0.000738 0.086085 0.010853 0.862838 

ASV2564 8.46E-11 0.325037 0.003407 2.26E-05 0.080071 8.50E-05 0.591377 

ASV2566 0.000916 0.941211 0.006634 0.000103 0.001009 0.000283 0.049844 

ASV2625 0.009276 0.75092 0.000531 4.31E-06 0.0024 0.001071 0.235798 

ASV2629 0 0.937285 0.00015 0.000176 0.001728 7.83E-06 0.060653 

ASV2630 0.015116 0.036207 0.015216 0.000553 0.002497 0.028828 0.901582 

ASV2642 0.005917 0.110348 0.015158 0.008747 0.201813 0.00171 0.656307 

ASV2644 0.004575 0.529106 0.002216 0.003434 0.032806 0.000403 0.42746 

ASV2777 0.00822 0.433083 0.033051 0.00121 0.000782 0.002966 0.520687 

ASV2793 0.007652 0.265803 0.005409 0.00124 0.018952 0.026772 0.674173 

ASV2817 0.010894 0.745449 0.027157 0.00043 0.001979 0.003248 0.210843 

ASV2827 8.04E-13 0.318621 0.000452 0.000987 0.065639 0.026092 0.588209 

ASV2857 0.008167 0.376434 0.001448 4.92E-06 0.00912 0.004475 0.600351 
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ASV2893 0.003721 0.648915 0.001104 0.000244 0.010092 0.002626 0.333299 

ASV2946 0.002249 0.370423 0.005774 0.000281 0.018882 0.005346 0.597045 

ASV2981 5.21E-13 0.094382 0.000717 0.000318 0.008986 0.004153 0.891444 

ASV3002 0 0.492704 0.000145 0.002024 0.023159 0.007881 0.474087 

ASV3005 9.89E-17 0.711479 0.001907 0.000708 0.032864 0.047326 0.205716 

ASV3026 0.060972 0.252662 0.065085 0.004818 0.001785 0.015889 0.598788 

ASV3029 0.015269 0.583287 0.005571 0.00058 3.12E-05 0.000778 0.394485 

ASV3042 0.004556 0.696777 0.004609 0.000127 0.006527 0.002988 0.284416 

ASV3075 0.011675 0.093888 0.116683 0.000923 0.115629 0.010845 0.650357 

ASV3092 4.10E-17 0.029475 0.106825 0.015517 0.156051 0.028955 0.663178 

ASV3114 0.03109 0.265265 0.289789 1.23E-05 0.022779 0.000475 0.39059 

ASV3131 0.005249 0.3925 0.000493 0.001542 0.000124 0.099864 0.500228 

ASV3133 0.030393 0.194998 6.69E-06 7.78E-06 6.03E-05 0.040585 0.73395 

ASV3164 0.032886 0.20089 0.084275 0.011069 0.029052 0.026894 0.614934 

ASV3203 0.009295 0.446467 0.002099 0.000159 0.004076 0.009354 0.528551 

ASV3243 0.002079 0.41849 0.002414 0.000501 0.022343 0.009347 0.544826 

ASV3246 0.000972 0.937918 0.003841 0.001148 0.007824 0.001293 0.047004 

ASV3258 0.00073 0.152413 0.012884 0.000118 0.024227 0.000587 0.809041 

ASV3273 0.023383 0.246005 0.000141 0.001733 0.006326 0.001408 0.721003 

ASV3297 0.003369 0.617397 0.00097 6.44E-05 0.003315 0.003452 0.371431 

ASV3331 0.040954 0.387953 0.061602 0.000911 0.001984 0.000115 0.506482 

ASV3428 0.002716 0.635075 8.36E-05 0.000687 0.000639 0.001334 0.359465 

ASV3445 0.024015 0.676969 0.016749 0.0077 0.049784 0.015783 0.209 

ASV3461 0.023156 0.111912 0.026657 0.008364 0.098428 0.004386 0.727097 

ASV3472 0.015472 0.336503 0.237718 0.007015 0.111467 0.041993 0.249832 

ASV3505 9.74E-13 0.168293 3.38E-05 0.001178 0.000275 0.063872 0.766348 

ASV3519 0.00125 0.754153 0.001151 6.06E-05 0.017232 0.000745 0.225409 

ASV3550 0.003386 0.083575 0.006763 0.007068 0.133217 0.010095 0.755896 

ASV3573 1.33E-17 0.969488 2.26E-05 5.86E-05 0.001106 0.000159 0.029165 

ASV3580 0.029438 0.351795 0.016756 0.000632 0.004596 0.000186 0.596597 

ASV3642 0 0.127615 4.72E-06 7.11E-05 0.000118 0.000424 0.871767 

ASV3673 0.00116 0.762753 0.002302 6.98E-06 0.003206 0.000448 0.230125 

ASV3686 0.030387 0.244765 0.075216 0.006376 0.015906 0.014095 0.613255 

ASV3716 0.000732 0.533622 0.001448 0.000617 0.015366 2.11E-05 0.448194 

ASV3740 0.002654 0.752991 0.000466 0.000281 0.002397 0.000135 0.241076 

ASV3772 0.000323 0.977319 0.00012 0.000144 0.001166 0.000196 0.020732 

ASV3819 0.003526 0.782042 0.087051 0.000252 0.012453 0.003864 0.110812 

ASV3821 0.001131 0.049212 0.008171 3.30E-07 0.123598 0.001253 0.816635 

ASV3852 0 0.930173 7.56E-05 1.53E-06 0.00297 0.000413 0.066366 

ASV3876 0.012848 0.565482 0.000328 0.000229 0.008827 0.028107 0.384179 

ASV3895 0.00875 0.674548 0.000509 0.000238 0.000679 0.007237 0.308039 
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ASV3940 0.011816 0.495832 0.000139 0.005092 0.104403 0.034763 0.347955 

ASV3950 2.77E-18 0.811712 0.000397 0.00016 0.004497 9.01E-05 0.183144 

ASV3955 0.008288 0.876777 0.001209 0.000112 0.011424 0.010182 0.092009 

ASV3961 0.001502 0.434348 0.002463 0.007711 0.017812 0.000111 0.536053 

ASV3974 0.00398 0.538144 0.000752 0.000284 0.010254 0.001918 0.444669 

ASV3975 0.022147 0.35561 0.024028 0.004475 0.034365 0.095314 0.464061 

ASV4031 0.006541 0.541284 0.067891 0.001967 0.038449 0.000928 0.34294 

ASV4120 0.002453 0.888525 0.001834 0.000956 0.009982 0.001885 0.094364 

ASV4140 0.014056 0.176954 6.72E-05 0.001959 0.009657 0.023849 0.773458 

ASV4145 0.00782 0.911319 7.15E-05 0.000815 7.81E-05 0.004367 0.07553 

ASV4179 0.002207 0.4214 0.088005 0.008317 0.003733 0.075243 0.401095 

ASV4181 0.00645 0.346244 0.011 0.000444 0.035078 0.005502 0.595282 

ASV4237 0.01597 0.204296 0.000502 0.000128 6.97E-05 0.000529 0.778505 

ASV4326 1.05E-14 0.253901 0.000406 5.20E-05 0.009617 0.030144 0.70588 

ASV4363 0.002897 0.354202 0.000633 0.000101 0.008014 0.006822 0.627331 

ASV4374 0.011298 0.571862 0.169402 0.002585 0.034535 0.007594 0.202724 

ASV4388 0.035949 0.177615 0.001204 0.006629 0.080376 0.001688 0.696538 

ASV4458 0.030816 0.315929 0.003673 0.000272 0.043192 0.008362 0.597756 

ASV4608 2.71E-16 0.313673 0.052405 0.000695 0.046132 0.007776 0.579319 

ASV4633 0.017317 0.44709 0.314201 0.000125 0.025175 0.014232 0.181861 

ASV4644 0.000105 0.260814 0.043002 0.000198 0.091989 0.002801 0.60109 

ASV4660 0.002042 0.543196 0.001724 0.000152 0.090242 0.029694 0.332949 

ASV4682 0.009255 0.320907 0.00863 0.001463 0.01109 8.15E-05 0.648574 

ASV4789 0.010742 0.801387 0.015616 4.17E-05 0.073917 0.014489 0.083807 

ASV4839 5.01E-12 0.143699 0.016585 0.000135 0.073417 0.00327 0.762894 

ASV4863 0.056556 0.712157 0.014661 0.000387 0.016016 0.016361 0.183861 

ASV4867 0.00887 0.279819 0.009334 0.000281 0.000464 0.000216 0.701015 

ASV4882 0.000458 0.917764 0.000369 0.000583 0.005881 0.000215 0.07473 

ASV4891 0.022272 0.190885 0.048436 0.000353 0.087371 0.001298 0.649384 

ASV4906 0.009786 0.436589 3.51E-05 0.001157 0.012167 3.60E-05 0.54023 

ASV4925 5.01E-15 0.771484 0.000183 0.000994 2.40E-05 0.000395 0.22692 

ASV4986 1.92E-15 0.242451 0.01786 0.01409 0.179185 0.038445 0.507968 

ASV5024 1.31E-11 0.13714 0.000142 0.000433 2.58E-09 0.004312 0.857974 

ASV5053 0.010439 0.467134 0.000794 6.02E-05 0.005007 0.001908 0.514657 

ASV5078 0.017517 0.372517 0.000132 0.007513 0.177661 0.036347 0.388313 

ASV5093 0.011004 0.585748 0.001288 0.000259 0.002279 0.000188 0.399234 

ASV5118 0.001752 0.4053 0.000674 0.000879 0.0029 0.007689 0.580807 

ASV5143 0.025152 0.196387 0.053497 0.000759 0.002952 0.033933 0.687321 

ASV5156 0.000764 0.796704 0.000622 0.000244 0.007628 0.003762 0.190276 

ASV5215 0 0.915478 4.92E-06 4.66E-05 0.000279 7.31E-05 0.084118 

ASV5235 0.009267 0.236259 0.00162 0.000956 0.000185 0.020533 0.731181 
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ASV5254 0.029938 0.091081 0.000682 0.007086 0.00354 0.01633 0.851344 

ASV5326 0.010739 0.615716 0.000931 0.000525 0.013253 0.013566 0.34527 

ASV5337 0.006363 0.561848 0.005622 1.54E-05 0.048756 0.00396 0.373435 

ASV5395 2.43E-12 0.430431 5.10E-05 0.016727 0.06955 0.027261 0.455979 

ASV5497 0.005233 0.415595 0.001992 0.004477 0.021937 0.001484 0.549283 

ASV5533 0.005967 0.896567 0.00111 3.27E-05 0.014634 0.007587 0.074102 

ASV5594 0.002093 0.756638 0.001666 9.54E-05 0.002702 0.00277 0.234036 

ASV5621 0.008113 0.699957 4.93E-05 0.004264 0.00172 0.037875 0.248021 

ASV5643 0.000295 0.435187 0.016103 0.000192 0.015962 0.008078 0.524183 

ASV5669 0.006581 1.17E-16 2.10E-05 0.006219 4.75E-07 0.005538 0.98164 

ASV5727 0 0.858375 0.000254 0.000327 0.001441 0.003801 0.135801 

ASV5743 0.000459 0.969202 3.40E-05 0.000392 6.43E-05 0.000743 0.029106 

ASV5754 0.00435 0.18936 0.001219 0.006638 0.013055 3.21E-06 0.785375 

ASV5764 0.003593 0.502899 0.01369 0.000788 0.002176 0.002688 0.474166 

ASV5887 0.002161 0.833268 0.052632 0.000245 0.001325 0.01357 0.096799 

ASV5906 0.012775 0.331757 0.004131 0.000764 0.034672 0.023679 0.592221 

ASV5919 0.007862 0.460306 0.011121 0.00031 0.008193 0.003729 0.508479 

ASV5997 0.013466 1.28E-11 0.001071 0.000167 0.043908 0.013098 0.92829 

ASV6019 0.00943 0.530268 0.000448 0.006679 0.01292 0.051822 0.388433 

ASV6041 3.01E-17 0.903417 9.77E-05 5.72E-05 0.002784 0.000475 0.093169 

ASV6099 0.000621 0.037131 0.000251 0.001734 0.010424 0.03038 0.919459 

ASV6105 0.023538 0.355021 0.002021 0.002219 0.014754 0.009977 0.59247 

ASV6128 5.34E-12 0.266437 0.002047 0.001598 0.001311 0.003112 0.725495 

ASV6149 0.000806 0.787867 0.001536 7.49E-06 0.018159 3.19E-08 0.191625 

ASV6200 0 0.936694 9.66E-05 0.000401 0.002904 0.000163 0.059743 

ASV6211 0.004038 0.084558 0.000994 0.006296 0.021792 0.004603 0.877718 

ASV6222 0.0383 0.582392 0.008522 0.001712 0.015109 0.037995 0.31597 

ASV6236 0.013706 0.753648 0.001979 5.26E-07 0.031286 0.004949 0.19443 

ASV6238 0.010974 0.451819 5.59E-06 0.005748 0.057428 0.055016 0.41901 

ASV6350 0.013046 0.165748 0.015295 0.012134 0.257732 0.010173 0.525873 

ASV6363 0.001793 0.475246 0.001824 7.38E-05 0.007825 0.160275 0.352963 

ASV6479 0.023902 0.528761 0.176791 0.001534 0.097371 0.00382 0.167821 

ASV6499 0.004631 0.914599 0.001055 6.45E-06 0.007973 0.002152 0.069583 

ASV6513 0.048664 0.536237 0.010982 0.000444 0.051275 0.057312 0.295087 

ASV6569 0.009258 0.492028 0.005493 0.000642 0.007735 0.127464 0.357381 

ASV6613 0.000561 0.89859 8.17E-05 0.000672 0.002317 0.000179 0.0976 

ASV6622 4.95E-05 0.984012 1.04E-05 0.000168 0.000404 0.000334 0.015021 

ASV6649 0.05094 0.012809 0.045941 0.006489 0.074607 0.025166 0.78405 

ASV6683 0.000713 0.055634 0.008552 0.000103 0.003174 0.017771 0.914053 

ASV6703 0.023539 0.368672 0.001218 0.000376 0.011998 0.007434 0.586764 

ASV6773 7.04E-11 0.008983 0.030879 0.000771 0.107007 0.020741 0.83162 
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ASV6783 0 0.979575 7.72E-06 4.96E-05 0.000521 0.000395 0.019452 

ASV6823 0.012612 0 8.47E-06 0.00102 0.067759 0.007584 0.911017 

ASV6866 4.55E-15 0.416642 0.003397 5.45E-05 0.080661 0.000576 0.49867 

ASV6876 0.014621 0.66125 0.06745 0.000724 0.057022 0.015989 0.182944 

ASV6886 0.015128 0.199268 0.015919 0.002136 0.080415 0.004734 0.682399 

ASV6895 0.027279 0.186258 0.003716 0.000731 0.0126 0.001397 0.768018 

ASV6930 0.018398 0.159665 0.013754 0.00669 0.018797 0.031928 0.750769 

ASV6955 1.03E-11 0.0534 0.022418 0.008917 0.056696 0.015825 0.842745 

ASV7001 0.006519 0.585992 0.007183 2.44E-07 0.032238 0.009849 0.358219 

ASV7037 0.000409 0.926511 0.001886 2.10E-06 0.018138 0.000693 0.052361 

ASV7039 0.005501 0.634075 0.01777 1.25E-05 0.004337 0.000174 0.338131 

ASV7040 0.001666 0.732845 0.000122 0.000681 0.003325 0.000337 0.261025 

ASV7059 0.001655 0.805288 0.00011 9.39E-05 0.001538 0.001925 0.189391 

ASV7072 0.011188 0.20683 0.005954 0.000229 0.059075 0.008582 0.708141 

ASV7088 0.019667 0.242157 0.004216 0.00013 0.008139 0.005266 0.720426 

ASV7123 0 0.577764 0.000386 0.000166 0.000132 0.006059 0.415493 

ASV7192 0.012931 0.529759 0.115756 2.25E-05 0.001219 0.005063 0.33525 

ASV7271 0.006477 0.551809 0.002321 0.000361 0.017932 0.012285 0.408816 

ASV7277 5.77E-12 0.674548 0.000484 1.87E-06 0.004631 0.00593 0.314404 

ASV7293 0.011385 0.74197 0.002508 5.82E-05 0.001389 0.018872 0.223818 

ASV7301 7.41E-15 0.779972 0.000149 0.000187 0.001682 0.003614 0.214396 

ASV7320 6.63E-05 0.428955 0.003191 0.00066 0.00579 0.000292 0.561046 

ASV7361 0.006576 0.59881 0.002645 4.72E-05 0.018606 0.032039 0.341277 

ASV7368 0.006544 0.469635 0.001397 1.28E-05 0.064786 0.002249 0.455376 

ASV7376 5.21E-17 0.079822 0.000429 0.002352 0.029049 2.87E-05 0.888321 

ASV7397 0.01006 0.577438 0.000313 0.002 0.047077 0.081504 0.281608 

ASV7489 0.001918 0.312796 0.149606 0.011083 0.027397 5.50E-05 0.497146 

ASV7506 0.005781 0.302606 0.019172 0.000236 0.12255 0.013923 0.535732 

ASV7510 0.003215 0.477252 0.059752 0.000859 0.009191 0.047907 0.401824 

ASV7602 0.018586 0.324538 0.002823 2.04E-06 0.048781 0.000971 0.604299 

ASV7644 2.42E-13 0.367868 0.00466 0.002858 0.030417 0.008034 0.586163 

ASV7658 0.009115 0.520752 0.003339 0.001121 0.041233 0.006764 0.417678 

ASV7843 0.016274 0.411141 0.020342 0.003573 0.017756 0.012376 0.518538 

ASV7846 0.018902 0.27188 0.021874 0.006223 0.058771 0.036674 0.585676 

ASV7904 0.022534 0.398994 0.003254 0.000507 0.064957 0.140902 0.368852 

ASV7905 0.011038 0.660754 0.000521 0.000127 0.002536 0.003861 0.321165 

ASV7910 0.01397 0.064808 0.008245 0.001487 0.032641 0.002568 0.87628 

ASV7961 2.36E-12 0.086095 0.009266 0.006627 0.021219 0.000578 0.876215 

ASV7965 0 0.729566 2.98E-05 0.000753 0.003246 0.002365 0.264041 

ASV7966 0.001192 0.885798 0.009264 0.000112 0.014904 0.001796 0.086935 

ASV7982 5.95E-12 0.701546 0.000159 0.001381 0.000773 0.001788 0.294352 
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ASV8001 0.009807 0.254557 0.000212 0.000131 0.024097 0.005806 0.70539 

ASV8003 0.009123 0.122142 0.001661 0.002346 0.080113 9.98E-05 0.784515 

ASV8033 0 0.237233 0.001854 4.98E-05 9.87E-08 0.0481 0.712763 

ASV8055 0.001961 0.577054 0.000657 0.001867 0.011906 0.02625 0.380306 

ASV8079 0.016849 0.486026 0.035978 0.002188 0.030127 0.000649 0.428182 

ASV8091 0.002205 0.297531 0.000488 0.008469 0.041994 0.021228 0.628085 

ASV8098 0.029726 0.445189 0.010003 4.69E-05 0.107367 0.007262 0.400406 

ASV8126 0.002863 0.29197 0.001189 0.001571 0.009281 0.043531 0.649595 

ASV8267 0.019715 0.103962 0.007646 0.000603 0.022152 0.039603 0.806318 

ASV8290 0.000138 0.394587 0.000368 0.00511 0.005613 0.001964 0.59222 

ASV8293 0.02978 0.030381 0.085472 0.009781 0.081499 0.181838 0.581248 

ASV8294 1.54E-13 0.228582 0.016666 0.001421 0.081725 0.025629 0.645976 

ASV8314 0.004231 0.822347 0.052218 0.00111 0.000136 0.029544 0.090414 

ASV8325 0.007402 0.430557 0.01066 0.00012 0.008608 0.024828 0.517823 

ASV8375 0.010851 0.40852 0.000606 0.002739 1.67E-07 0.008219 0.569065 

ASV8389 0.0008 0.920401 0.002305 5.42E-05 0.000135 0.001212 0.075092 

ASV8391 0 0.964206 9.84E-06 0.000199 0.000229 0.000414 0.034942 

ASV8402 0.00638 0.422025 0.007949 0.00184 0.180201 0.038789 0.342816 

ASV8450 0.00372 0.450056 0.002757 0.000218 0.044971 5.92E-05 0.498219 

ASV8470 0.038654 0.113029 0.016046 0.001113 0.002733 0.01389 0.814535 

ASV8486 0.002517 0.807553 0.001077 0.003014 0.001706 0.012682 0.17145 

ASV8513 0.004012 0.431436 0.00024 0.000435 0.023758 2.68E-05 0.540092 

ASV8518 0.00216 0.770301 0.019758 0.000593 0.00197 2.28E-05 0.205195 

ASV8525 4.83E-11 0.035102 0.055178 0.005302 0.022089 0.000599 0.881731 

ASV8550 0.004461 0.480956 4.50E-05 1.27E-05 6.14E-05 0.000514 0.51395 

ASV8553 0.002215 0.51113 0.000143 2.81E-06 0.000926 0.001265 0.484318 

ASV8566 0.036831 0.147865 0.005003 0.004575 0.004434 0.05285 0.748442 

ASV8590 0.021537 0.676928 0.003822 0.002535 0.025726 0.008084 0.261368 

ASV8751 0.031169 0.541262 0.051045 2.59E-05 0.062483 0.001289 0.312726 

ASV8799 0.086671 0.189585 0.01901 0.011348 0.224563 0.003845 0.464979 

ASV8834 0.018611 0.644373 0.007007 0.000551 0.027741 0.026473 0.275244 

ASV8887 6.74E-12 0.565626 0.001312 1.22E-06 0.013176 0.006223 0.413661 

ASV8909 0.009484 0.914634 1.72E-05 0.000275 0.004009 0.001623 0.069958 

ASV8929 0.047882 0.28048 0.037977 0.004865 0.115654 0.012594 0.500548 

ASV8945 0.002443 0.823314 0.002972 0.000382 0.02372 0.012471 0.134698 

ASV8988 0.006467 0.702042 0.000327 7.72E-05 0.00371 0.001993 0.285384 

ASV8991 0.007322 0.89543 0.003659 0.000281 0.005774 6.71E-05 0.087466 

ASV9019 0.012542 0.414304 0.00071 4.91E-09 0.067976 0.247008 0.25746 

ASV9073 0.007744 0.702198 1.96E-05 2.98E-05 0.002161 0.001256 0.286592 

ASV9099 6.46E-05 0.58925 0.001643 6.61E-05 0.103069 0.026154 0.279752 

ASV9115 0.015846 0.518413 0.002459 6.35E-05 0.024168 0.007373 0.431676 
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ASV9127 0.00563 0.250768 0.002802 0.000115 0.000843 0.000812 0.739029 

ASV9135 0 0.594389 0.00085 0.003223 0.004659 0.035987 0.360892 

ASV9143 1.27E-12 0.363287 0.002128 0.00172 0.008217 0.025563 0.599086 

ASV9170 0.002695 0.44453 0.019816 0.000189 0.248802 0.00381 0.280158 

ASV9188 0.000492 0.946499 0.000127 0.000209 0.002305 5.28E-05 0.050316 

ASV9198 0.004944 0.359226 0.000957 0.000653 0.000227 0.00105 0.632943 

ASV9221 0.012018 0.328148 0.000326 0.000206 0.006747 0.001183 0.651372 

ASV9226 9.15E-18 0.599721 0.003224 0.006119 0.011172 0.000885 0.378878 

ASV9228 0.006232 0.303445 0.006171 0.002513 0.026539 0.03106 0.62404 

ASV9266 0.024393 0.279811 0.015332 0.000217 0.012679 0.026194 0.641373 

ASV9293 8.34E-09 0.417811 0.000219 9.13E-05 0.009566 0.008265 0.564047 

ASV9313 0.015062 0.538677 0.08479 0.000366 0.016118 0.012768 0.332219 

ASV9334 0.030998 0.125286 0.00725 0.001169 0.006121 0.00959 0.819585 

ASV9354 0.011963 0.813811 4.46E-05 0.000185 0.003231 0.004799 0.165967 

ASV9368 0.002398 0.561323 0.003961 0.002345 0.028669 0.00201 0.399293 

ASV9414 0.000507 0.169836 0.009026 0.002276 0.078251 0.078354 0.66175 

ASV9453 0.007785 0.4752 0.003103 5.22E-05 0.113686 0.005241 0.394933 

ASV9499 0.007014 0.536985 0.000983 3.72E-05 0.000576 0.001239 0.453166 

ASV9509 0 0.578067 0.002563 4.53E-06 0.037063 1.93E-05 0.382283 

ASV9557 0.012717 0.208201 0.002177 1.85E-06 0.100107 0.000571 0.676225 

ASV9617 0.0361 0.408928 0.001748 0.011695 0.009175 0.004587 0.527766 

ASV9806 0.004225 0.087026 0.060797 0.001226 0.112717 0.001312 0.732697 

ASV9875 0.000357 0.973363 0.000188 0.000117 0.001812 5.99E-05 0.024103 

ASV9904 0.016005 0.121387 0.003556 0.000119 0.00403 0.002813 0.852091 

ASV9919 0.001422 0.942671 4.92E-05 2.86E-05 9.49E-05 0.000739 0.054995 

ASV9950 0.01446 0.270892 0.092345 0.000578 0.003061 0.001968 0.616696 

ASV10004 0.009103 0.757827 0.001497 9.01E-09 0.005487 0.004414 0.221671 

ASV10017 0.011876 0.664385 0.103555 0.000331 7.67E-05 0.005083 0.214693 

ASV10021 1.25E-08 0.215064 0.02319 0.007738 0.00882 0.045619 0.699569 

ASV10067 0 0.867161 0.00231 0.001699 0.036743 0.007459 0.084628 

ASV10073 0.0165 0.062843 0.001483 2.69E-05 0.000375 0.052549 0.866222 

ASV10123 0.028254 0.022844 0.010605 0.004652 0.004858 0.00863 0.920157 

ASV10137 0.039122 0.404091 0.005748 0.002672 0.063463 0.002195 0.482709 

ASV10140 0.000757 0.738711 0.000332 0.000112 0.010143 9.87E-07 0.249943 

ASV10153 0.009364 0.781143 0.000117 0.002995 0.015926 0.00236 0.188095 

ASV10170 0.002847 0.549609 6.51E-05 0.002396 0.042298 0.104851 0.297934 

ASV10179 0.024957 0.369216 0.003083 0.00544 0.043903 0.035212 0.518188 

ASV10181 0 0.008317 0.001122 0.000774 0.022508 0.013601 0.953677 

ASV10192 0.019872 0.436312 0.009346 0.000795 0.021255 0.053583 0.458838 

ASV10221 1.12E-16 0.282651 0.00549 5.44E-05 0.267939 0.094556 0.349309 

ASV10248 0.035337 0.092348 0.036646 0.000309 0.006247 0.122611 0.706502 
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ASV10300 0.021086 0.199285 0.014639 0.000904 0.285303 0.000613 0.478171 

ASV10374 0.001999 0.786762 5.83E-05 7.63E-05 0.000596 0.000464 0.210044 

ASV10402 0.008766 0.425593 0.008805 0.011343 0.063631 0.000645 0.481216 

ASV10409 0.020625 0.608905 0.114911 8.02E-05 0.0063 0.005232 0.243947 

ASV10461 0.003648 0.130703 0.004852 0.000355 0.122054 0.015215 0.723173 

ASV10480 0.006766 0.569351 0.000644 2.56E-05 0.008058 0.017587 0.397568 

ASV10502 0.076112 0 0.026525 0.00107 0.034658 0.04099 0.820645 

ASV10504 0.011573 0.522425 0.00562 6.49E-05 0.011563 0.004446 0.444308 

ASV10521 0.005752 0.38485 0.015744 2.10E-05 0.039971 0.004445 0.549217 

ASV10542 0.001042 0.621242 0.000816 0.002356 0.015297 0.000572 0.358674 

ASV10559 0.028703 0.77338 0.001545 5.74E-05 0.037801 0.018087 0.140427 

ASV10560 0.007713 0.202062 0.009129 0.004635 0.084633 0.024426 0.667403 

ASV10562 0.007482 0.747617 0.016425 0.002282 0.003862 0.013295 0.209037 

ASV10565 0.001381 0.906197 0.000543 6.88E-05 1.03E-05 0.016635 0.075165 

ASV10589 0.000317 0.760542 0.008947 0.000166 0.000239 0.000525 0.229264 

ASV10604 0.011288 0.637232 0.001925 0.002975 0.005567 0.000281 0.340732 

ASV10625 0.008674 0.186111 0.004677 0.001518 0.067414 0.014955 0.71665 

ASV10674 0 0.077819 0.022375 1.55E-06 0.009685 0.000723 0.889396 

ASV10683 0.007638 0.214116 0.003482 0.000381 1.83E-06 0.024716 0.749665 

ASV10736 0.001511 0.127937 0.001004 0.000512 0.002279 0.00045 0.866307 

ASV10747 0.001375 0.631182 0.00033 1.94E-05 0.001424 0.004281 0.361389 

ASV10749 0.020371 0.437851 2.36E-05 0.00333 0.000471 0.001463 0.536491 

ASV10755 0.042955 0.582902 0.015904 0.009022 0.003781 0.022954 0.322483 

ASV10795 7.04E-14 0.79783 0.001075 3.89E-08 0.005133 0.00748 0.188482 

ASV10799 0 0.355731 0.001035 0.003617 0.186476 0.05447 0.398671 

ASV10878 0.000818 0.827591 0.003534 0.001749 0.024615 0.001261 0.140432 

ASV10899 2.46E-19 0.134952 2.98E-05 0.009044 0.073155 0.013491 0.769328 

ASV10924 0.008215 0.512581 7.98E-05 1.38E-06 0.005336 0.000714 0.473072 

ASV10928 0.005503 0.462342 0.002293 0.002756 0.000396 0.00946 0.51725 

ASV10935 3.51E-10 0.403893 3.56E-05 0.004643 0.012275 0.01125 0.567904 

ASV11001 0.004486 0.359921 0.008749 0.000589 0.075261 0.001304 0.54969 

ASV11035 0.005681 0.639138 0.008732 0.002925 7.20E-05 0.013793 0.329658 

ASV11058 0.014415 0.39766 0.000439 1.03E-05 0.010054 0.024536 0.552886 

ASV11067 0 0.497662 0.000381 0.001974 5.29E-07 0.000202 0.499781 

ASV11090 0.005233 0.084804 0.010455 0.01534 0.025129 0.089618 0.769422 

ASV11103 0.092436 0.28017 0.015776 0.020448 0.012082 0.000292 0.578796 

ASV11126 0.013757 0.67862 5.92E-05 0.001952 2.30E-06 0.009381 0.296229 

ASV11146 9.09E-06 0.952595 0.000153 0.001332 0.004879 0.003934 0.037097 

ASV11162 0.043188 0.144573 0.050025 0.001826 0.066513 0.088044 0.605829 

ASV11242 0.002374 0.161259 0.01212 0.012162 0.118805 0.000778 0.692502 

ASV11258 0.000882 0.439052 0.006835 0.000175 0.021943 0.003977 0.527136 
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ASV11395 0.007012 0 0.007012 0.00064 0.026174 0.02796 0.931201 

ASV11472 0.000154 0.97278 5.71E-06 0.000328 0.000167 0.000334 0.026232 

ASV11509 0.002026 0.52122 0.007864 1.53E-05 0.037972 0.000154 0.430748 

ASV11546 0.029546 0.438393 0.003535 0.000519 0.002461 0.004512 0.521035 

ASV11577 0.031221 0.540633 0.000137 0.000114 0.003713 0.0081 0.41608 

ASV11594 0.008749 0.497525 0.010183 0.00675 0.043885 0.002849 0.43006 

ASV11614 0.018228 0.303871 0.003394 0.006869 0.000125 0.015056 0.652457 

ASV11665 0.004855 0.365184 0.006535 0.004027 0.136465 0.001137 0.481797 

ASV11716 0.014971 0.528166 0.001923 0.007048 0.019596 0.003122 0.425174 

ASV11731 0.002448 0.112297 0.002682 0.005263 0.030085 0.030928 0.816297 

ASV11739 0.001913 0.54841 0.002343 0.00025 0.039995 0.0025 0.404589 

ASV11744 0.00379 0.36034 0.000199 0.000774 0.033445 0.028035 0.573417 

ASV11752 0 0.034639 0.000243 0.00341 0.04669 0.00571 0.909307 

ASV11763 0.017379 0.321262 0.001247 0.004376 0.029966 0.000204 0.625565 

ASV11824 0.001577 0.672327 0.002087 0.000572 0.01759 0.004114 0.301733 

ASV11848 0.053732 0.069532 0.026911 0.016606 3.02E-08 0.019878 0.813341 

ASV11890 0.026132 0.435628 0.311472 0.004838 0.000497 0.001503 0.21993 

ASV11958 0.001771 0.725594 0.00129 0.001388 0.004642 0.005922 0.259392 

ASV11975 0.001833 0.409415 0.000486 4.34E-08 0.004399 0.000255 0.583612 

ASV11984 0.001003 0.533191 0.001082 0.000102 0.038084 0.001276 0.425263 

ASV12012 0.138927 0.420144 0.038904 0.003092 0.005501 0.016766 0.376665 

ASV12022 0.002616 0.124577 0.049459 0.000383 0.021583 0.000459 0.800923 

ASV12034 0.000142 0.978087 9.01E-06 0.000461 0.000129 9.40E-05 0.021078 

ASV12053 0.003526 0.352304 0.007921 0.000995 0.080698 0.001391 0.553166 

ASV12072 0.014722 5.03E-15 0.00543 0.001165 0.053691 0.0273 0.897691 

ASV12177 0.02814 0.209693 0.004086 5.02E-07 0.131056 0.105784 0.521241 

ASV12199 0.014434 0.190561 0.005767 0.002818 0.02324 0.029402 0.733779 

ASV12232 0.004718 0.154306 0.010877 0.000468 0.049415 0.006708 0.773508 

ASV12251 0.004566 0.381705 0.001898 0.000121 0.012486 0.009937 0.589287 

ASV12301 1.16E-16 0.484368 0.00069 0.001072 0.001097 0.000832 0.51194 

ASV12316 0.033186 0.167116 0.000542 1.56E-05 0.003988 0.007417 0.787735 

ASV12330 0.002483 0.292886 0.000338 0.000187 0.00534 0.004444 0.694322 

ASV12349 0.000345 0.912412 0.000479 0.002876 0.006733 0.01278 0.064375 

ASV12403 0.019875 0.465276 0.012505 0.001824 0.073885 0.002447 0.424188 

ASV12441 0 0.417285 0.000124 3.86E-05 0.003681 0.00109 0.577782 

ASV12477 0.004211 0.075917 0.001932 0.000676 0.001413 0.029087 0.886764 

ASV12496 6.73E-16 0.657438 0.000388 0.000565 0.010669 0.013059 0.317882 

ASV12498 7.20E-05 0.921615 0.000241 0.000144 0.007151 0.005316 0.065461 

ASV12524 0 0.697815 4.63E-05 0.001474 0.002252 0.002776 0.295637 

ASV12560 0.077402 0.409006 0.010839 0.000535 0.023823 0.022911 0.455485 

ASV12613 0.027666 0.390188 0.383457 0.001425 0.021703 5.78E-06 0.175556 
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ASV12647 0.006243 0.63622 0.0011 0.001047 0.002412 0.025074 0.327906 

ASV12683 0.00149 0.312722 0.000302 8.65E-06 0.001981 0.000896 0.6826 

ASV12711 0.01128 0.436522 0.130101 2.85E-05 0.014959 0.03195 0.37516 
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Figure A4.1: Example of how automated plot layouts can cause frameshift. (A) The correctly 

designated plots account for varying plot spacing to maintain accurate delineation. (B) 

Automated plot boundaries based on a single plot size and spacing metric lose accuracy across 

plots.  

 

      

 

 

 

 

 

 

 

 

 

 

 

 



203 

 

 

 

Figure A4.2: Example of testing canopy cover to delineate plots from plants 90 DAP. The red 

background polygons represent semi-automated plot boundaries for reference, while the purple 

polygons define plots based on connected canopy cover. Low density plots like the left-most are 

designated as many plots in one as there is significant space between plants. Due to no plot 

boundaries, dense plots are unable to delineate between plants of different plots, leading to 

multiple plots being defined as one, as seen on the two right-most plots.  
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Table A4.1: Basic sensor and flight metrics. 

Image dimensions 5472 x 3648 pixels 

Sensor Dimensions 1 inch 

Focal Length 28 millimeters 

Flight Altitude 30 meters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



205 

 

 

 

Table A4.2. Pearson correlation between indices and plant traits at each flight, days after 

planting. 

Index DAP Heading Date Maturity Date Grain Fill Plant Height Yield 

 —————————Pearson correlation coefficient————————— 

EGI 51 -0.0851 -0.2759 -0.1171 0.1662 0.2137 

VARI 51 0.0279 -0.1733 -0.1365 0.2125 0.3985 

NExG 51 -0.0540 -0.2959 -0.1544 0.1835 0.3246 

RGBVI 51 -0.0733 -0.3093 -0.1484 0.1619 0.2899 

GLI 51 -0.0542 -0.2947 -0.1535 0.1823 0.3246 

EGI 56 -0.0348 -0.1653 -0.0827 0.1521 0.2230 

VARI 56 0.1050 -0.1432 -0.1762 0.2663 0.4059 

NExG 56 0.0585 -0.2542 -0.2139 0.2369 0.3250 

RGBVI 56 0.0477 -0.2650 -0.2126 0.2195 0.2999 

GLI 56 0.0586 -0.2528 -0.2129 0.2355 0.3252 

EGI 66 0.1283 -0.0759 -0.1497 0.2697 0.2922 

VARI 66 0.3164 -0.0781 -0.2966 0.4031 0.5257 

NExG 66 0.2115 -0.1553 -0.2666 0.3356 0.4244 

RGBVI 66 0.1901 -0.1609 -0.2538 0.3173 0.3995 

GLI 66 0.2120 -0.1546 -0.2665 0.3359 0.4251 

EGI 77 0.2400 0.0253 -0.1723 0.3585 0.2656 

VARI 77 0.3863 0.2093 -0.1665 0.2081 0.2547 

NExG 77 0.2451 0.0859 -0.1365 0.1231 0.1839 

RGBVI 77 0.2276 0.0746 -0.1301 0.1115 0.1745 

GLI 77 0.2458 0.0869 -0.1363 0.1228 0.1848 

EGI 80 0.1693 0.1330 -0.0428 0.0252 0.1279 

VARI 80 0.4228 0.3786 -0.0760 0.0262 0.1879 

NExG 80 0.2334 0.2961 0.0157 -0.1337 0.1269 

RGBVI 80 0.1939 0.2704 0.0293 -0.1462 0.1104 

GLI 80 0.2327 0.2968 0.0168 -0.1329 0.1268 

EGI 84 0.4456 0.0359 -0.3210 0.2469 0.3505 

VARI 84 0.5158 0.3019 -0.1989 0.3483 0.4003 

NExG 84 0.4307 0.1856 -0.2102 0.2302 0.3496 

RGBVI 84 0.4031 0.1614 -0.2048 0.2047 0.3304 

GLI 84 0.4322 0.1878 -0.2099 0.2310 0.3510 

EGI 86 0.3049 -0.1897 -0.3617 0.1774 0.0285 

VARI 86 0.6062 0.1273 -0.3846 0.3549 0.2732 

NExG 86 0.4825 0.0617 -0.3325 0.2424 0.2010 
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RGBVI 86 0.4748 0.0591 -0.3282 0.2371 0.1992 

GLI 86 0.4841 0.0628 -0.3329 0.2435 0.2033 

EGI 90 0.5019 0.1020 -0.3207 0.3403 0.2942 

VARI 90 0.5673 0.3317 -0.2190 0.3492 0.3772 

NExG 90 0.4864 0.3943 -0.1149 0.2251 0.3409 

RGBVI 90 0.4589 0.4054 -0.0862 0.1930 0.3296 

GLI 90 0.4873 0.3975 -0.1135 0.2251 0.3428 

EGI 92 0.4996 0.3002 -0.1875 0.3267 0.3684 

VARI 92 0.5168 0.4133 -0.1258 0.3409 0.3932 

NExG 92 0.4876 0.4851 -0.0556 0.2158 0.3708 

RGBVI 92 0.4716 0.4990 -0.0340 0.1850 0.3641 

GLI 92 0.4881 0.4876 -0.0543 0.2174 0.3732 

EGI 101 0.1445 0.7365 0.3766 -0.1089 0.3236 

VARI 101 0.1132 0.5499 0.2771 -0.0293 0.2268 

NExG 101 0.1156 0.7328 0.3965 -0.0970 0.3081 

RGBVI 101 0.1052 0.7218 0.3973 -0.1035 0.3009 

GLI 101 0.1157 0.7333 0.3968 -0.0967 0.3089 

EGI 104 0.0626 0.5404 0.3100 0.0691 0.3356 

VARI 104 0.0640 0.3409 0.1765 0.0582 0.2002 

NExG 104 0.0569 0.5394 0.3137 0.0631 0.3107 

RGBVI 104 0.0433 0.5423 0.3261 0.0545 0.3080 

GLI 104 0.0573 0.5398 0.3136 0.0627 0.3111 
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