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ABSTRACT 
 
 
 

INVESTIGATING THE ADAPTIVE GENETIC LANDSCAPE OF GLOBAL CROP SPECIES 
 
 
 

Improving environmental adaptation in crops is essential for sustaining food security in 

the face of global climate change. Recent advances in high-throughput genomic sequencing and 

phenotyping technologies have enabled researchers to identify and validate the genetic factors 

shaping adaptation. In this dissertation, I investigated the genetic basis of environmental 

adaptation in global cereal crops, focusing on the staple crop, maize (Zea mays L.), and the 

orphan crop, tef (Eragrostis tef Zucc.). In Chapter 2, I employed a landscape genomics approach 

to identify the genetic and environmental drivers of adaptation in a georeferenced collection of 

Ethiopian tef. In Chapter 3, I utilized both forward and reverse genetic approaches to evaluate 

the precision of phenotype-genotype mapping across multiple phenotyping methods for 

quantifying root system architecture in field-excavated maize. In Chapter 4, I applied a 

functional genetics approach to characterize a novel gene model in maize predicted to regulate 

root system development and nitrogen capture under field conditions. Collectively, this work 

provides valuable insights into the complex relationships between phenotype, genotype, and 

environment, contributing to our understanding of adaptation in two distinct and vital crop 

systems. 
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CHAPTER 1 
 
 
 

INTRODUCTION 
 

 

 

Background 

Theory and empirical study of adaptation  

The study of evolution provides a unifying theoretical framework that offers critical 

insights into the history and future trajectories of life on Earth. The concepts of evolution hold 

fundamental theoretical and practical importance across the biological sciences. The five 

processes of evolution are: gene flow, genetic drift, mutation, recombination and selection allow 

a mechanistic understanding and prediction of phenotypic change, operating at different levels of 

biological organization (Caruso et al., 2017; Frankham, 2015; Kingsolver et al., 2001; Leinonen 

et al., 2008). In the biological sciences, evolutionary theory has emerged as an indispensable tool 

for understanding and forecasting phenotypic and functional changes in response to genetic and 

environmental variations over time (Reiskind et al., 2021).  

Adaptation, the process by which organisms become better suited to a particular 

environment, has been a central focus of evolutionary research since the publication of The 

Origin of Species by Means of Natural Selection (Darwin  1809-1882, 1859). In this book, 

Darwin postulated that adaptation is the product of natural selection that acts on heritable 

variation within populations. Over the past century, numerous theoretical studies have expanded 

on this foundation, developing quantitative genetic theory to model the process of adaptation to 

environmental changes (Orr, 2005). Notably, R.A. Fisher’s infinitesimal and geometric models of 

adaptation provided the initial theoretical basis for the genetic architecture of complex traits 
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(Fisher, 1919, 1930), suggesting that adaptation is likely driven by the small contributions from 

many independent, Mendelian loci in a continuous phenotypic space. In the latter half of the 

twentieth century, evolutionary biologist Motoo Kimura revisited these models, considering the 

size distribution of mutations and their contribution to adaptation. He concluded that adaptation 

involves few large effect mutations and many small effect mutations (Orr, 1999; Kimura, 1983; 

Orr, 1998). Sequence-based models of adaptive landscapes have refined this view, suggesting 

that molecular evolution through natural selection occurs in a discrete DNA sequence space, 

leaving a signature that differs markedly from that of neutrality (Gillespie, 1992; Maynard Smith, 

1970; Wright, 1931). Historically, evolutionary theorists have built models of adaptation that 

describe qualitative patterns in genetic data based on individual mutations with specific effects; 

however, it remains uncertain whether current theory can fully capture the complexity of 

adaptation within a quantitative framework (Orr, 2005). 

The theoretical basis for studying adaptation is supported by empirical evidence of local 

adaptation in plant populations. Reciprocal transplant and common garden experiments are 

classic approaches in ecological and evolutionary research that can test for the effects of genetics 

and environment on organism fitness and trait expression (Angert & Schemske, 2005; Falconer, 

1990; Janzen et al., 2021; Kawecki & Ebert, 2004; Lovell et al., 2021; Price et al., 2018). Recent 

advances in high-throughput genomic sequencing and computational analysis have enabled 

researchers to extend these approaches by identifying genome-wide patterns of adaptive 

variation within plant populations. This is often achieved through genome scans of mapping 

populations to detect associations with environmental gradients or fitness-related traits, which 

can be validated experimentally through genomic prediction of genotype-by-environment 

interactions (G × E), common gardens, and mutant screens (De Villemereuil et al., 2016; Josephs 
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et al., 2019; Lasky et al., 2023; Rellstab et al., 2015). However, post hoc validation of gene 

function and its adaptive significance is rarely pursued.  

Despite the extensive theoretical foundation on adaptation, largely built on the 

infinitesimal model, and experimental data on its genetic basis, bridging the gap between theory 

and empirical evidence remains challenging, with many questions still unanswered. This 

dissertation research, particularly in Chapter 2, integrates adaptive genetic theory with genome 

scans to test for sequence-based selection signals using traditional varieties and their local 

environments. In contrast, the research presented in Chapter 4 focuses on the functional 

validation of a putatively adaptive candidate gene.  

Genotype-to-phenotype relationships: perspectives and applications in plant breeding 

Quantitative genetics has provided valuable insights into plant breeding over the past 

century (Bernardo, 2020a). The basic model underlying quantitative variation continues to be 

that the observed phenotypic value (P) is the sum of the genotypic value (G), the environmental 

value (E), their interaction (G × E), and a residual value (e) that represents additional non-genetic 

factors not captured by the model (Lynch & Walsh, 1998). This relationship is expressed as: P = 

G + E + (G × E) + e. As the effects of the non-genetic factors approaches zero, predictions of 

genotypic values from phenotypic measurements become more accurate. This model is 

particularly important for experimental studies of local adaptation or G × E, as the accurate 

characterization of the adaptive genetic effects relies on the effective control and measurement of 

environmental variation. Continuing the development of methods for more accurate and precise 

phenotyping will remain important to reduce the non-genetic factors that impact these 

predictions. The research presented in Chapter 3 was motivated by this need and explores 
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advanced phenotyping approaches to enhance the predictive power of adaptive belowground 

traits.  

 Over time, quantitative genetic tools have enhanced our understanding of trait 

inheritance and variation (Gardner, 1963; Matzinger, 1963), led to improved breeding methods 

for continuous traits (Dudley & Moll, 1969), and helped identify useful quantitative trait loci for 

crop improvement (Bernardo, 2020b). The classical concept of ‘breeding values’ in quantitative 

genetics is defined as the genetic contribution of an individual parent to the average phenotypic 

value of its offspring under random mating (Falconer, 1985; Fisher, 1918; Lynch & Walsh, 

1998). However, they have limited relevance for plant breeders, as plant breeding typically 

violates the assumption of random mating and growers are primarily concerned with the 

performance of the cultivars they produce rather than their progeny (Bernardo, 2020a). 

Therefore, plant breeders place greater emphasis on selecting parents based on their performance 

in a target environment, reflecting their genotypic values, for a given set of continuous traits. 

Summary of subsequent dissertation chapters 

Chapter 2: Genetic diversity and environmental adaptation in Ethiopian tef  

In Chapter 2, I resequenced a georeferenced collection of Ethiopian tef to test the 

hypothesis that traditional varieties are locally adapted along an abiotic environmental gradient. 

Using genotype-environment association methods and differentiation-based genome scans, I 

detected selection signatures within the genome, including a gene model known in other plant 

species for its role in regulating responses to diverse abiotic stresses. These findings offer novel 

adaptive alleles and broader regions under positive selection that expand the current knowledge 

of the adaptive genetic architecture and potential in tef. Furthermore, this The research presented 
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in this Chapter was conducted as a collaborative project with the Ethiopian Institute of 

Agricultural Research and has been submitted for publication to G3. 

Chapter 3: Phenome-to-genome insights for evaluating root system architecture in maize  

 In Chapter 3, forward and reverse genetic approaches were used to test multiple 

phenotyping and analytical frameworks designed for quantifying root system architecture across 

three field experiments of maize lines. This research provides a comprehensive evaluation of 

various quantitative measurements of root architecture in their description of the overall root 

phenome and the significance of this information for mapping genotype-phenotype relationships. 

My findings support the use of complementary approaches to bridge the phenotype-to-genotype 

gap in field studies focused on belowground variation. The research presented in this Chapter 

was conducted in collaboration with researchers at the Donald Danforth Plant Science Center 

and will be submitted for publication to The Plant Genome in Fall 2024.  

Chapter 4: S-type anion channel homologue (ZmSLAH) regulates root-to-shoot phenotypic 

plasticity and nitrogen capture in maize 

In Chapter 4, I used reverse genetic approaches to test the function of a gene predicted to 

control variations in root system architecture in field-grown maize. A replicated nitrogen stress 

field experiment was conducted using a maize population segregating for a loss-of-function 

mutation to test the hypothesis that alternative states of the candidate gene mediate plant nutrient 

signaling, influencing distinct root growth patterns in the field. The field measurements provided 

functional evidence supporting this hypothesis, highlighting a promising gene target for 

developing low-input germplasm with increased nitrogen use efficiency in maize. As a result, the 

research presented in this chapter was used to file a provisional patent application in February 

2024, and the resulting manuscript will be submitted for publication in Winter 2024. Further 
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functional characterization of the anion membrane transport phenotypes for this gene model is 

being performed in collaboration with researchers from the University of Würzburg. 
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CHAPTER 2 
 
 
 

GENETIC DIVERSITY AND ENVIRONMENTAL ADAPTATION IN ETHIOPIAN TEF 
 

 

 

Summary 

Orphan crops serve as essential resources for both nutrition and income in local communities and 

offer potential solutions to the challenges of food security and climate vulnerability. Tef 

[Eragrostis tef (Zucc.)], a small-grained allotetraploid, C4 cereal mainly cultivated in Ethiopia, 

stands out for its adaptability to marginal conditions and high nutritional value, which holds both 

local and global promise. Despite its significance, tef is considered an orphan crop due to limited 

genetic improvement efforts, reliance on subsistence farming, and its nutritional, economic, and 

cultural importance. Although pre-Semitic inhabitants of Ethiopia have cultivated tef for 

millennia between 4000 and 1000 BCE, our understanding of the current degree of local 

adaptation, the loci underlying it, and the potential for future adaptation remains limited. To 

address this issue, we resequenced traditional varieties of tef that were sampled across a range of 

production environments and tested for population structure and regions of the genome under 

selection. We identified 145 potential adaptive loci using Redundancy Analysis, complemented 

by single-site differentiation and LD-based methods to discern selection signatures. This study 

revealed putatively adaptive alleles within our sampling population that can be used for tef 

improvement, leading to the development of new varieties with enhanced adaptation to current 

and future conditions. 
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Introduction 

Divergent selection pressures across a species range naturally drive adaptive 

differentiation among populations, leading to the maintenance of genomic and phenotypic 

variation that underlies local adaptation. Such local adaptation is expected and observed in 

natural populations, traditional crop varieties, and its wild relatives, serving as a source for novel 

traits, alleles, and donor lines for developing plant varieties that thrive in current and future 

climates. Understanding the genetics of such adaptation and characterizing the selective agents 

that drive adaptive evolution allows a mechanistic approach to designing and predicting crop 

suitability across current and future target populations and environments for a given crop.  

Recent studies have described the genetic architecture of adaptation and identified 

environmental-associated loci by conducting extensive genome-wide analyses of wild and 

domesticated species, e.g. Arabidopsis [Arabidopsis thaliana (L.) Heynh.] (Agren et al., 2013; 

Fournier-Level et al., 2011; Hancock et al., 2011; Lasky et al., 2012), rice [Oryza sativa (L.)] 

(Huang et al., 2010), maize [Zea mays (L.)] (Hufford et al., 2012; Josephs et al., 2019), sorghum 

[Sorghum bicolor (L.) Moench] (Lasky et al., 2015; Morris et al., 2013), soybean [Glycine soja 

(Sieb. & Zucc.)] (Wang et al., 2022), bapolrley [Hordeum vulgare (L.)] (Abebe et al., 2015), pine 

[Pinus taeda (l.)] (Eckert et al., 2010a; Eckert et al., 2010b; Lu et al., 2019), and peach [Prunus 

persica (L.)] (Li et al., 2021). Research on crop species, especially traditional varieties, has 

shown their ability to adapt to diverse climates over generations of natural and artificial 

selection. However, in many crops, the significant reduction in effective population sizes during 

both domestication and crop improvement has led to the loss of adaptive variation and the 

accumulation of deleterious mutations (Moyers et al., 2018). In annual crops, there has been an 

observed loss of approximately 40% of diversity compared to wild relatives (Miller & Gross, 
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2011). Traditional varieties and their wild relatives offer abundant genetic diversity, making them 

invaluable assets for breeding programs (Bolger et al., 2014; Gao et al., 2019; Li et al., 2018; 

Wang et al., 2022).  

Tef [Eragrostis tef (Zucc.)] is a small-grained C4 cereal crop that is of significant 

importance for smallholder farmers in Eastern Africa. Belonging to the Poaceae family and 

genus Eragrostis, tef is a self-pollinated annual plant that is cultivated primarily as a grain for 

human consumption or as biomass for forage. As a short-day plant, tef is well adapted to 

altitudes ranging from 1800 to 3000 m, with optimal growth at mean temperatures of 15–21°C, 

annual rainfall between 400 and 750 mm, and in fertile soils with a pH range of 5.2–5.5 (Belay 

& Assen, 2023). Tef is of major cultural and economic importance in Ethiopia, where the grain is 

milled to produce injera, a nutrient-dense, gluten-free Ethiopian bread. In Western countries, tef 

is valued as a healthy food alternative for individuals with Celiac disease. Despite its nutritional 

value and ability to thrive under unfavorable conditions for other cereals, tef is considered an 

orphan crop and has experienced limited genetic improvement. 

In the last decade, genomics research in tef has gained traction with the release of draft 

genome sequences (Cannarozzi et al., 2014) and a high-quality genome sequence (VanBuren et 

al., 2020). Tef has an allotetraploid origin and 20 chromosome pairs with a relatively small 

genome of approximately 622 Mega-base pairs (VanBuren et al., 2020). Studies investigating 

phenotypic variation in tef germplasm have found differences in days to maturity, harvest index, 

number of culm nodes, and diameters of first and second shoot culm internodes across 

collections from different elevations and regions (Assefa et al., 2000, 2002; Kefyalew et al., 

2000; Tadesse, 1993; Woldeyohannes et al., 2020). Advancements in breeding techniques, 

complemented by insights into the diversity and inheritance of target agronomic traits, have been 
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key to the genetic improvement of tef and have contributed to the total release of 49 improved 

varieties from the Ethiopian Institute for Agricultural Research since the 1950s (Assefa et al., 

2011; Ministry of Agriculture and Livestock Resources, 2019). 

Ethiopia is one of the most agroecologically diverse countries in the world. As one of the 

twelve Vavilovian centers of diversity, it features a vast range of altitudinal clines spanning from 

110 m below sea level to 4620 m above sea level (Abebe et al., 2015; Vavilov, 1951). These 

regions experience large variability in both seasonal and annual climatic conditions. Although, 

environmental heterogeneity may be a major driver of the richness of plant biodiversity across 

Ethiopia, climate change is predicted to lead to a major decrease in crop productivity through 

increased water and heat stress, the prevalence of diseases and pests, and shortened growing 

seasons (IPCC, 2014). To meet current and future agricultural demands across diverse 

agroecologies, it is essential to survey the existing allelic diversity of the traditional varieties 

grown across their range of cultivation. 

In this study, we tested the hypothesis that traditional varieties of tef are locally adapted 

along an abiotic environmental gradient throughout its range of cultivation. To address this 

hypothesis, we sampled and resequenced a collection of tef germplasm across their current 

distribution to (i) characterize the extent and geographic distribution of the population structure; 

(ii) identify genetic variations associated with multivariate environmental gradients; (iii) isolate 

environmental factors contributing to population differentiation; (iv) detect genomic regions that 

have undergone recent selective sweeps; and (v) predict the suitability of existing germplasm to 

future climates. To achieve these aims, we employed multivariate genotype-environment 

association methods and differentiation-based genome scans.  
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Materials and Methods 

Samples, Variant Calling, and Genotyping 

The tef germplasm panel used in this study was sourced from the Ethiopian Biodiversity 

Institute (EBI) as part of a collaborative project with the Ethiopian Institute of Agricultural 

Research (EIAR). The panel consisted of 96 traditional tef varieties, each with known 

geographical coordinates from across major production regions. Seeds from each variety were 

sown in a greenhouse at EIAR, Ethiopia, and after 4 weeks, young leaves were sampled from a 

single plant representative of each variety. Genomic DNA was extracted from the plant leaf 

tissue in 96-well plate format using a modified version of the CTAB (Cetyltrimethylammonium 

bromide) method (Chua et al., 1990). DNA concentration and quality were determined using a 

1.5% agarose gel and a Nano Drop Spectrophotometer. The extracted DNA was sent to the 

BioFrontiers Sequencing Core at the University of Colorado Boulder (Boulder, Colorado, USA) 

for unique dual indexing of 10-bp libraries. Genomic libraries were then sent to the Genomics 

and Microarray Core at the University of Colorado Anschutz Medical Campus (Aurora, 

Colorado, USA) for paired-end whole-genome sequencing (2 × 150 bp at ~ 10× coverage) using 

an Illumina NovaSeq 6000 platform. 

The raw paired-end 150-nt reads were scanned for adapter sequences, low-quality base 

pairs, and reads shorter than 35 bp were trimmed using Fastp version 0.19.6 (Chen et al., 2018). 

Trimmed reads were aligned to the E. tef v3 genome (CoGe id50954) (VanBuren et al., 2020) 

using BWA-MEM version 0.7.17 with default settings (Li, 2013). The resulting Sequence 

Alignment Map files were sorted by chromosome, annotated for read group information, filtered 

for improperly paired reads, and reads with a mapping quality of less than 10, were converted to 

Binary Alignment Map format and indexed using SAMtools version 1.1 (Li et al., 2009) before 
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proceeding to SNP calling using GATK Best Practices recommendations (Poplin et al., 2017; van 

der Auwera & O’Connor, 2020). SNP calling was performed using GATK HaplotypeCaller with 

default settings, and the resulting Genomic Variant Call Format files were combined into a single 

database using GenomicDBImport for joint genotyping with GenotypeGVCF (McKenna et al., 

2010). The resulting Variant Call Format (VCF) files were filtered to contain only bi-allelic 

single nucleotide polymorphisms (SNPs) that met quality criteria using R/vcfR (Knaus & 

Grünwald, 2017) and GATK SelectVariants and VariantFiltration tools (McKenna et al., 2010). 

Finally, TASSEL version 5.2.83 (Bradbury et al., 2007) was utilized to remove loci with a minor 

allele frequency ≤ 5% and heterozygous genotype calls ≥ 50%, as well as taxa that possessed a 

genotyping rate ≤ 80%. The filtered VCF file comprised 538,252 markers from 87 individuals 

and was used for subsequent analyses.  

Climate Data  

Statistical analyses of climatic variation were conducted on 87 georeferenced traditional 

tef varieties from 75 sampling locations to assess the distribution and magnitude of 

environmental conditions at each site. Bioclimatic (bio1-bio19) and altitudinal data were 

obtained through the latitude and longitude coordinates from each site using WorldClim version 

2.1 layers at 10-minute resolution based on long-term averages for 1970-2000 (Fick & Hijmans, 

2017). Descriptions and calculations for each WorldClim bioclimatic variable are presented in 

Table 2.1. The relationships among the 20 environmental variables across 75 locations were 

examined through principal component analysis (PCA) using R/FactoMineR (Lê et al., 2008) 

and R/factoextra (Kassambara & Mundt, 2020).  
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Table 2.1. Description of WorldClim version 2.1 climate and altitudinal variables 
(www.worldclim.org). 
 

Predictor Description 

bio1 Annual Mean Temperature 

bio2 Mean Diurnal Range (Mean of monthly (max – min temperature)) 
bio3 Isothermality (BIO2/BIO7) (×100) 
bio4 Temperature Seasonality (standard deviation ×100) 
bio5 Max Temperature of Warmest Month 

bio6 Min Temperature of Coldest Month 

bio7 Temperature Annual Range (BIO5-BIO6) 
bio8 Mean Temperature of Wettest Quarter 
bio9 Mean Temperature of Driest Quarter 
bio10 Mean Temperature of Warmest Quarter 
bio11 Mean Temperature of Coldest Quarter 
bio12 Annual Precipitation 

bio13 Precipitation of Wettest Month 

bio14 Precipitation of Driest Month 

bio15 Precipitation Seasonality (Coefficient of Variation) 
bio16 Precipitation of Wettest Quarter 
bio17 Precipitation of Driest Quarter 
bio18 Precipitation of Warmest Quarter 
bio19 Precipitation of Coldest Quarter 

Altitude Altitude (in m.a.s.l.) 

 

We then used the Coupled Model Intercomparison Project (CMIP6), incorporating the 

Shared Socioeconomic Pathways (SSPs) developed by the Intergovernmental Panel on Climate 

Change (IPCC), to project future climate scenarios. The latest phase of this model integrates new 

emission and land-use scenarios compared to previous models (Eyring et al., 2016; O’Neill et al., 

2016; Stouffer et al., 2017; Wyser et al., 2020). Our study focused on the WorldClim v2.1 bias-

corrected SSP2-4.5 scenario, which is considered a median pathway among the five SSP 

scenarios (SSP1 to SSP5) that represent varying mitigation and adaptation challenges (Huang et 

al., 2019). Using a set of 12 CMIP6 global circulation models (listed in Table 2.2), we calculated 

the mean ensemble of projected climate change for the period 2061-2080 implementing R/raster 

(Hijmans, 2023). 

http://www.worldclim.org/
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Table 2.2. CMIP6 Global Circulation Models utilized for estimation of genomic offset for E. tef 
in Ethiopia. 
 

Model Name Source 
ACCESS-CM2 (Dix et al., 2019) 
CMCC-ESM2 (Lovato et al., 2023) 

EC-Earth3-Veg (EC-Earth Consortium (EC-Earth), 2019) 
FIO-ESM-2-0 (Song et al., 2019) 
GISS-E2-1-G (NASA Goddard Institute for Space Studies (NASA/GISS), 2020) 

HadGEM3-GC31-LL (Good, 2019) 
INM-CM5-0 (Volodin et al., 2019) 

IPSL-CM6A-LR (Boucher et al., 2019) 
MIROC6 (Shiogama et al., 2019) 

MPI-ESM1-2-HR (Schupfner et al., 2019) 
MRI-ESM2-0 (Yukimoto et al., 2019) 

UKESM1-0-LL (Good et al., 2019; Shim et al., 2020) 
 

Inference of Population Structure  

Accounting for population structure in genotype-to-phenotype association studies is 

essential for reducing the number of false positives (Coop et al., 2009; Excoffier et al., 2009; 

Excoffier & Ray, 2008; Kang et al., 2008; Pritchard et al., 2000; Rellstab et al., 2015; Yu et al., 

2006). Principal component analysis (PCA) and genome-wide discriminant analysis of principal 

components (DAPC) were conducted to quantify population structure using R/adegenet 

(Jombart, 2008; Jombart & Ahmed, 2011). Individual genetic ancestries were estimated using the 

Q matrix to determine the appropriate number of genetic clusters (K) through cross-validation. K 

values for subpopulations ranging from K = 1 to K = 10 were tested, and K = 5 was selected for 

analyses. To estimate the degree to which marker data were structured by each of the 

environmental predictors, we examined the relationships between the ordinal axes generated by 

the genome-wide DAPC and the environmental predictors. The statistical dependence of each 

ordinal axis on each predictor was assessed using the corr.test function in R/psych (Revelle, 

2023), with the method set to “spearman” and α level set to 0.05.  
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To assess the extent of isolation by distance (IBD) and isolation by environment (IBE) 

due to population structure, we implemented the Mantel test using the Mantel function in 

R/vegan based on Spearman’s rank correlation. Spatial autocorrelation was performed along 

latitude and longitude using spherical coordinates to create a geographical distance matrix (in 

km) for sampling locations with two or more collected varieties, using the rdist.earth function in 

R/fields (Nychka et al., 2021). Similarly, environmental autocorrelation was carried out for these 

locations using Euclidean pairwise distances across 20 environmental variables, calculated using 

R/rdist (Blaser, 2020). Site-level genetic distances were estimated as pairwise FST using the 

genet.dist function in R/hierfstat (Goudet & Jombart, 2022), applying the “WC84” (Weir & 

Cockerham, 1984) method. Although our panel consisted of 96 individuals sampled from 75 

distinct geographic locations, only 16 locations had more than one sample. As a result, the 

distance matrices for the IBD and IBE analyses were based on 39 individuals from these 16 

locations. Negative FST estimates were converted to zero values for subsequent analyses. The 

significance of each Mantel statistic (r) was evaluated with a two-tailed 95% confidence interval 

centered on the null hypothesis of no spatial or environmental correlation with genetic structure 

(r = 0) with 9999 permutations. 

Multivariate Genotype × Environment Association Analysis 

Redundancy Analysis (RDA), a constrained ordination technique, was employed to detect 

adaptive processes and multilocus architectures associated with environmental variations using 

R/vegan (Oksanen et al., 2022). As a common multivariate genotype-environment association 

approach for exploring the relationship between genetic and environmental data, RDA has 

demonstrated promise for identifying sets of covarying loci that most strongly correlate with 

environmental predictors under varying selective strengths (Bourret et al., 2013, 2014; Forester 
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et al., 2018; Lasky et al., 2012; Legendre & Legendre, 2012; Rellstab et al., 2015). As RDA 

requires complete data frames, missing values identified within the genotype matrix 

(approximately 14.38% of the data) were imputed by using the most common genotype at each 

marker across all individuals before converting the data to allele counts for each locus and 

variety (Forester et al., 2018). Moreover, RDA is highly susceptible to problems when using 

highly correlated predictors. The use of highly correlated predictors in the RDA can increase its 

susceptibility to multicollinearity, thereby hindering the accurate assessment of individual 

predictor contributions (Dormann et al., 2013). To address this issue, we identified correlated 

environmental predictors of |r| > 0.70 using R/psych and excluded them from RDA model 

testing. Multicollinearity was further controlled by checking the variance inflation factors, with a 

threshold of 5 (Zuur et al., 2010).  

Variance partitioning quantifies the proportion of variance attributed to a specific set of 

explanatory variables (e.g., climate) after accounting for the effects of other variables (e.g., 

population structure) (Legendre & Legendre, 2012). We used partial RDA-based variance 

partitioning to separate and evaluate the contributions of climate and population structure in 

explaining genetic variation. Formal tests for the analysis of variance were employed to assess 

the significance of all model combinations. Each model's statistical significance was evaluated 

using a permutation-based analysis of variance (ANOVA) with 999 permutations and a 

significance level (α) of 0.05 (Legendre & Legendre, 2012). The null hypothesis is that there is 

no linear relationship between genetic data and environmental predictors. The number of 

constrained axes retained for loci detection was visually determined using a screeplot of the 

canonical eigenvalues. We identified candidate adaptive loci as SNPs loading ±3.29 SD from the 

mean loading of these significant RDA axes. We then identified the covariates that were most 
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strongly correlated with each candidate locus (i.e., highest correlation coefficient) to group 

candidates by potential driving environmental variables. Loci loading in the tails on each RDA 

axis, with a two-tailed 99.9% confidence interval around the null hypothesis (±3.29 SD from the 

mean axis loading), were identified as putative adaptive loci (Capblancq & Forester, 2021; 

Forester et al., 2018). 

Identification of Selection Signatures  

We implemented two alternative approaches that incorporate intrapopulation (iHH12) and 

inter-population (𝐹ST) statistics. Integrated Haplotype Homozygosity Pooled (iHH12) is a linkage 

disequilibrium (LD) based method that can identify genomic regions under positive selection by 

measuring the extent to which haplotypes are shared and homozygous in a population (Voight et 

al., 2006). For each site, we calculated the iHH12 score using the software selscan v2.0.0 

(Szpiech, 2021; Szpiech & Hernandez, 2014), which offers better power than the integrated 

haplotype score (iHS) for soft sweep detection (Garud et al., 2015; Torres et al., 2018). These 

iHH12 scores were then normalized to Z-scores (standard normal scores), and 20-kb sliding 

windows were employed to identify potential target regions of positive selection, considering 

only the top 1% of the distribution of iHH12 values. By treating all samples from different 

locations as one population, we can identify genomic regions where recent selective sweeps have 

occurred without considering specific environmental factors. This approach can reveal general 

selection patterns that are advantageous across various environments, highlighting coordinated 

changes in allele frequency common to all tested tef varieties. 

The concept of 𝐹ST, pioneered by Wright (1949), assesses differences in allele frequencies 

across populations and can be used to identify genomic regions with distinct fixation patterns. 𝐹ST values can range from 0, which suggests no genetic differentiation, to 1, complete genetic 
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differentiation. Mean 𝐹ST was estimated using a sliding window approach weighted by the 

number of sites, with a window size of 20-kb and a step size of 20-kb, using the software 

VCFtools version 0.1.16 (Danecek et al., 2011; Weir & Cockerham, 1984). To examine the 

degree of divergent selection within the distribution of select environmental variables, 

individuals were grouped based on the lower and upper quartiles of each explanatory variable 

used in the RDA. Altitude (in m.a.s.l) was included as an additional variable in the analysis due 

to the considerable variation in adaptive and farmer-preferred traits within and across altitudinal 

classes (Woldeyohannes et al., 2020). Genomic windows with 𝐹ST values ≤ 0 were omitted from 

the analysis. The genomic windows with the highest 1% 𝐹ST values were considered to represent 

signatures of divergent selection across environmental gradients. iHH12 scores and sliding 

window 𝐹ST were visualized using R/ggplot2 (Wickham, 2016) and R/qqman (Turner, 2018), 

respectively.  

Functional Annotation and Candidate Gene Analysis  

Gene candidates were identified as gene IDs in the E. tef v3 genome located within 1-kb 

downstream or upstream of significant RDA loci. For the functional annotation of these gene 

models, we performed a blastp search against the National Center for Biotechnology Information 

(NCBI) nonredundant protein database combined with the Gene Ontology (GO) annotation 

database of genes based on putative rice orthologs (see Yu et al., 2023). The top homologous 

matches in the NCBI query were selected based on maximum sequence similarity (≥ 95%), 

maximum bit-score (≥ 50), and an E-value cutoff of 0.05. GO enrichment analysis of significant 

RDA loci was performed using R/clusterProfiler (Wu et al., 2021;Yu et al., 2012) following the 

methodology outlined by Yu et al. (2023).  Furthermore, gene models were evaluated for the 
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presence of locus-specific non-synonymous sequence changes and evidence of overlap with 

regions under positive selection.  

Predicting Adaptive Landscapes and Local Maladaptation  

Following the methodologies described by Capblancq and Forester (2021) and Steane et 

al. (2014), we identified regions within the landscape where the adaptive allele frequencies in 

local gene pools align with the inferred fitness optima associated with local climates. Leveraging 

the genotype-environment relationship identified through RDA, we employed these candidate 

adaptive markers and their prospective environmental drivers to predict an index of genetic 

composition. This process involved employing loci as multivariate responses in an ‘adaptively 

enriched’ RDA, where bioclimatic variables were explanatory factors. Subsequently, by using 

environmental variable scores along the first two RDA axes, we calculated a genetic-based 

adaptive index for each environmental pixel using the following formula: 

𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝐼𝑛𝑑𝑒𝑥 =  ∑ 𝑎𝑖𝑏𝑖𝑛
𝑖=1  

Here, ‘a’ represents the loading score of the bioclimatic variable along the RDA axis, ‘b’ 

denotes the standardized value specific to that variable at the focal pixel, and ‘i’ pertains to one 

of the n variables used in the RDA model. These climatic variable scores were calculated based 

on how each predictor influences adaptive genetic variation in terms of magnitude and direction 

along the RDA axes. Consequently, the adaptive index serves as an estimate of genetic similarity 

or dissimilarity among all pixels across the landscape considering the values of bioclimatic 

predictors at each location (Capblancq & Forester, 2021; Steane et al., 2014).  

To predict future maladaptation, adaptive indices were calculated for each environmental 

pixel across the Ethiopian landscape considering both current and future environmental 

conditions. The contrast between these predictions indicates the necessary shift in adaptive index 
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to accommodate projected climates. Alternatively termed genetic/genomic offset (Fitzpatrick & 

Keller, 2015), risk of non-adaptedness (Rellstab et al., 2016), or genomic vulnerability (Bay et 

al., 2018), this proxy was estimated using the CMIP6 SSP2-4.5 projected climate changes for the 

period 2061-2080. The projections were then mapped across Ethiopia to identify areas 

potentially at risk of maladaptation. 

Results 

Geography does not influence genetic diversity observed in traditional tef varieties 

A total of 538,252 markers were used to infer the population structure of 87 traditional tef 

varieties. Genome-wide DAPC and IBD across individuals identified high levels of gene flow 

across geography, suggesting a lack of spatial influence on tef genetic diversity. The K-means 

clustering algorithm identified K = 5 as the optimal number of clusters and grouped individuals 

based on their genetic similarity, with approximately 74% of the genetic variation explained by 

the first two principal components (Figure 2.1A). Cluster 1 consisted of 24 individuals, Cluster 2 

consisted of 17 individuals, Cluster 3 consisted of 16 individuals, Cluster 4 consisted of 21 

individuals, and Cluster 5 consisted of 9 individuals. Genetic clustering was based on an 

algorithm that minimizes variation within clusters while maximizing variation among clusters, 

which indicates a recent shared evolutionary history among individuals within clusters. 

Interestingly, genetically similar individuals did not cluster by geography (Figure 2.1B). 

Furthermore, there were no significant differences in environmental and geographical 

distribution among clusters. The statistical dependence of each DAPC axis on environmental 

predictors was weak, with LD1 and LD2 showing the highest correlation to mean temperature in 

the wettest quarter (LD1: r = 0.224, p = 0.037; LD2: r = 0.280, p = 0.009). Finally, we tested for 

spatial and environmental autocorrelation and found no evidence of IBD or IBE, where 𝐹ST 
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values were not significantly correlated to geographic distance (Mantel r = -0.006, p = 0.505) or 

environmental distance (Mantel r = 0.162, p = 0.071) (Figure 2.1C). 
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Figure 2.1 Geographic distribution and population structure of the 87 traditional tef varieties sampled across Ethiopia. (A) DAPC 
using genome-wide markers. Taxa are color-coded based on their respective DAPC genetic clusters, as defined in the legend. (B) 
Sampling distribution of tef varieties across Ethiopia, color-coded according to respective DAPC genetic clusters. (C) Linear 
regression of  𝐹ST values as a function of geographic distance between locations with two or more varieties. 

A 

C 

B 



26 
 

Low proportion of confounded genetic variance shared between climate and population structure 

PCA biplots were created to explore the relationships among 20 bioclimatic variables 

across 75 locations. The first three principal components accounted for 81.70% of the total 

variance in the data (Figure 2.2). These biplots highlight a clear separation between temperature 

variables (43.20% variance explained), seasonality variables (26.50%), and precipitation 

variables (12%). After removing highly correlated predictors, six of the 20 bioclimatic variables 

were selected for RDA based on model significance (p = 0.031) and representation across the 

predictor types. This included annual mean temperature (bio1), temperature annual range (bio7), 

precipitation of the wettest month (bio13), precipitation of the driest month (bio14), precipitation 

of the warmest quarter (bio18), and precipitation of the coldest quarter (bio19). A Variance 

Inflation Factor check indicated insignificant multicollinearity among the six selected predictors 

(all values < 5).  

 

Figure 2.2. PCA biplot of environmental variables in Ethiopia. The biplot demonstrates 
environmental variation in Ethiopia, encompassing 19 bioclimatic variables and altitude. 
Loading vectors are grouped using k-means clustering (K = 3) to visualize similarities among 
variables. 
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Partial RDA-based variance partitioning was performed to disentangle the effects of 

climate and population structure on genetic variation. We used two sets of explanatory variables: 

(a) six bioclimatic variables (‘climate’) and (b) two proxies for genetic structure (population 

scores from the first two axes of a genetic PCA on 538,252 markers, termed ‘structure’). Six 

models were analyzed, with individual allele counts as the response variable (Table 2.3). 

Together, climate and population structure significantly explained 12.03% (p ≤ 0.05) of the total 

genetic variance across tef varieties. Climate alone accounted for 0.45% of total genetic 

variation. Variance partitioning indicated that a low proportion of confounded variance shared 

between climate and population structure explained 0.18% of the total genetic variation (Figure 

2.3A; Table 2.3). This reflects a low degree of collinearity between the sets of explanatory 

variables. In this study, we evaluated RDA models both with and without controlling for 

population structure to minimize false negatives. Due to low spatial structure and collinearity 

between genetic structure and climate, we focused on the pure climate model (i.e., without 

population structure-based corrections) in downstream analyses.  
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Figure 2.3. Genotype-environment association using RDA. (A) Variance partitioning of genomic diversity explained by a combination 
of the bioclimatic variables ‘climate’ and PC scores ‘structure’, represented as a Euler Plot. (B) RDA biplot illustrates the relative 
contribution of climate shaping the genetic structure of 538,252 markers across 87 traditional tef varieties, conditioned on six 
bioclimatic predictors (bio1: annual mean temperature, bio7: temperature annual range, bio13: precipitation of the wettest month, 
bio14: precipitation of the driest month, bio18: precipitation of the warmest quarter, bio19: precipitation of the coldest quarter). The 
outlier loci were grouped by color, reflecting their highest correlation with specific predictors. (C) Variation in the counts of 
significant RDA loci (N = 482) that were attributed to different bioclimatic predictors. The bars are color-coded according to the 
legend in panel (B).
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Table 2.3. Effect of climate and genetic structure on genetic variation across RDA models. 
 

RDA model Df R2 Adjusted R2 p(>F) 

Full model: G ~ climate + structure 8 0.202 0.120 0.001**
* 

Pure climate: G ~ climate 6 0.075 0.006 0.049* 
Pure structure:      G ~ structure 2 0.115 0.115 0.001**

* 
Partial climate: G ~ climate | structure 6 

 
0.004 0.028* 

Partial structure:   G ~ structure | climate 2 
 

0.114 0.001**
* 

Confounded climate/structure 

Residual 

0 
 

0.002 
0.880 

 

*p ≤ 0.05; ***p ≤ 0.001 
Note: G indicates genetic variation; climate, dataset of six 

bioclimate variables selected for downstream analyses.  

    

 

RDA identifies loci associated with multivariate environmental gradients 

The constrained ordination of the pure climate model (hereafter, RDA) explained 

approximately 0.63% of the 538,252 variants (r2 = 0.076; adjusted r2 = 0.006), which aligns with 

the expectation that most loci are likely to be neutral and not strongly associated with 

environmental predictors (Table 2.3). We then assessed the optimal number of constrained axes 

for locus detection by constructing a scree plot of the canonical eigenvalues. The first two 

constrained axes captured the majority of the variation in the model, with RDA1 explaining 

25.92% of the variation and RDA2 explaining 18.77%, resulting in a cumulative variance of 

44.69%. Consequently, we selected the first two constrained axes for further investigation. By 

examining histograms of the loadings for each axis, we observed a relatively normal distribution. 

Loci with loadings centered around zero lack a significant relationship with environmental 

predictors, whereas loci with loadings in the tails of the distribution are more likely to be under 

selection by these predictors or other factors correlated with them (Figure 2.4). We identified loci 

in the tails of these distributions below a significance cutoff of p = 0.001. This resulted in 482 

candidate outlier loci, with 63 loci for RDA1 and 419 loci for RDA2.  



30 
 

 

Figure 2.4. Distribution of locus loadings on the first two RDA axes. The position of loci within 
each distribution indicates potential relationships with environmental predictors. Loci positioned 
centrally within the distributions exhibit weaker associations, whereas those located at the tails 
indicate stronger potential relationships. 
 

The majority of the 482 outlier loci (44.81%) exhibited the strongest correlations (rmax = 

0.420) with the temperature annual range (bio7), followed by 12.86% of loci with the strongest 

correlations (rmax = 0.440) with the precipitation of the wettest month (bio13) (Figure 2.3C). To 

investigate the relationships between the outlier loci and predictors in more detail, we plotted 

their loadings against RDA1 and RDA2 (Figure 2.3B). The RDA biplot demonstrates the 

correlation between genetic variation and environmental predictors, highlighting how each RDA 

axis varies along adaptive gradients. Our analysis revealed that outlier loci on RDA1 represent 

multilocus haplotypes associated with precipitation of the wettest month (bio13), precipitation of 

the driest month (bio14), and precipitation of the warmest month (bio18), while outlier loci on 

RDA2 represent haplotypes associated with annual mean temperature (bio1), temperature annual 

range (bio7), and precipitation of the coldest quarter (bio19). These findings introduce novel 

candidate regions and multilocus haplotypes to better understand tef adaptation across Ethiopia.  
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High 𝐹ST regions reveal patterns of genetic divergence across environmental distributions 

Genome-wide analysis of genetic differentiation demonstrated a low to moderate level of 

genetic divergence across environmental variables, with the average 𝐹ST values across 20-kb 

sliding windows 0.047 ± 0.050 (Figure 2.5). Among all environmental variables (annual mean 

temperature – bio1, temperature annual range – bio7, precipitation of the wettest month – bio13, 

precipitation of the driest month – bio14, precipitation of the warmest quarter – bio18, 

precipitation of the coldest quarter – bio19, and altitude), we identified 622 genomic regions 

(comprised of 99 unique regions) with 𝐹ST values 0.281 ± 0.072, derived from the top 1% of the 

distribution. Our analysis revealed prominent genetic signals on chromosomes 1A [18,880,001-

19,140,001 bp], 1B [31,000,001-31,180,000 bp], and 4B [13,600,000-13,940,000 bp] that were 

uniquely associated with differences in precipitation of the warmest quarter (bio18), annual mean 

temperature (bio1), and precipitation of the wettest month (bio13), respectively (Figure 2.5). 

Furthermore, we detected genetic signals that were colocalized among environmental variables. 

Specially, we found associations between annual mean temperature (bio1), precipitation of the 

warmest quarter (bio18), and altitude, spanning chromosomes 3A [5,600,001-6,100,000 bp] and 

7A [14,260,001- 14,500,000 bp]. We also identified two regions on chromosome 5A [1,502,000 

– 17,500,000 bp; 23,100,001 – 23,410,000 bp] that were shared between annual mean 

temperature (bio1), precipitation of the warmest quarter (bio18), and altitude, indicating a shared 

genetic response to these environments.  
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Figure 2.5. Manhattan plots of genome-wide 𝐹ST  within 20-kb windows between populations 
under divergent environmental conditions. Genetic markers are positioned along the 20 
chromosomes for each of six bioclimatic variables and altitude. The red line denotes the top 1% 
threshold for 𝐹ST  for each climate variable. 
 
Lack of overlap between recent selective sweeps and climate-correlated loci 

Genome-wide selection scans using the haplotype-based statistic iHH12 identified 192 

genomic windows representing the top 1% of the distribution of iHH12 values, encompassing 

5,137 loci and spanning 3.84-Mb across 20 chromosomes. We conducted these selection scans to 
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detect genomic regions under positive selection within the tef sampling population. Notably, 

chromosomes 1A, 1B, and 2A exhibited the highest enrichment for selective sweeps. These 

regions spanned from 1A [33,140,001 - 40,300,001 bp], 1B [33,140,001 – 35,480,001 bp], and 

2A [28,760,001 – 35,420,001 bp], with peak signals around 1A:21,220,001, 1B:27,900,001, and 

2A:33,220,001. Further analysis revealed a lack of colocalization between these regions and the 

RDA-identified loci. Additionally, we observed an inverse relationship between iHH12 scores 

and statistical significance (log-transformed p-values) of the RDA-identified loci. As illustrated 

in Figure 2.6A, as the transformed RDA p-values increased, there was a concurrent decrease in 

iHH12 scores. This decay pattern suggests that the RDA-identified adaptive loci have not been 

subject to recent selective sweeps. Furthermore, a similar genome-wide pattern emerged between 

iHH12 scores and aggregated 𝐹ST values , where highly divergent alleles were predominantly 

associated with lower iHH12 values (Figure 2.7). This finding aligns with our expectations that 

loci with higher 𝐹ST values are maintained at intermediate frequencies, whereas loci associated 

with higher iHH12 scores occur at higher frequencies within a single common haplotype. 
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Figure 2.6. Characterization of candidate gene Et_2A_015154. (A) Log-transformed p-values from the pure climate RDA model 
plotted against iHH12 scores on chromosome 2A. Highlighted locus 2A_33374745 confers a non-synonymous nucleotide substitution 
within its respective gene model. (B) Variation in temperature annual range (bio7) based on allelic state at locus 2A_33374745. (C) 
Gene model Et_2A_015154 displaying RDA-significant loci with non-synonymous (green triangle) and synonymous (black triangle) 
nucleotide substitutions. Amino acid substitutions are represented by letter codes within the label.  

                   A 

                   C 

B 
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Figure 2.7. Genome-wide patterns of environmental divergence and selective sweeps. The figure 
illustrates a subset of 100,000 loci sampled without replacement, focusing on 𝐹ST values related 
to annual mean temperature (bio1), temperature annual range (bio7), precipitation of the wettest 
month (bio13), precipitation of the driest month (bio14), precipitation of the warmest quarter 
(bio18), precipitation of the coldest quarter (bio19), and altitude against iHH12 values. 
 
GO enrichment analysis highlights two candidate genes associated with stress response 

GO enrichment analyses of 145 RDA-identified adaptive loci revealed 31 enriched 

biological process GO terms linked to 92 genes (FDR p < 0.05) across five bioclimatic variables 

(Figure 2.8). The annual mean temperature (bio1) was excluded from the analysis due to a lack 

of gene sets with associated gene models in the GO annotation database. We identified five 

prominent functional categories represented by the top 19 enriched GO terms involving 38 

genes. These categories included allantoin gene RNA, organelle component organization, protein 

stress conjugation, intracellular blue light, and cotyledon cytokinin stimulus (Figure 2.8). The 

GO functional categories exhibited minimal overlap among different bioclimatic variables, 

except for temperature annual range (bio7), precipitation of the wettest month (bio13), and 

precipitation of the warmest quarter (bio18), which shared terms in the allantoin gene RNA 

iHH12 

𝐹 ST 
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functional group. Moreover, the temperature annual range (bio7) and precipitation of the wettest 

month (bio13) shared the GO term for the cellular response to salt stress (GO:0071472). The 

largest cluster was related to stress responses and protein modification regulation, featuring 18 

genes. Within this cluster, three RDA loci were identified with non-synonymous changes in the 

coding sequences of Et_1B_010994: c.694G>C (p.Pro232Arg), Et_1B_010994: c.652C>G 

(p.Gly218Ala), and Et_1B_010993: c.301A>T (p.Glu99Val) (GO: 0071470; GO: 0071472). 
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Figure 2.8. Functional grouping tree diagram for GO enrichment result from gene set enrichment analysis. Red and blue to represent 
smaller and larger p-values, respectively. The analysis involved 145 loci, revealing 92 genes (FDR p < 0.05), across five bioclimatic 
variables gene IDs. Precipitation of the wettest month (bio13), precipitation of the driest month (bio14), precipitation of the warmest 
quarter (bio18), precipitation of the coldest quarter (bio19), and temperature annual range (bio7), were enriched with 23, 1, 5, 12, and 
51 genes, respectively. The top 19 enriched GO terms revealed five distinct functional categories involving 38 genes. 
 

 

The integrated the results of multivariate genotype-environment association methods and 𝐹ST genome scans revealed two loci on 

chromosome 7A proximal to a genetic signal shared among three environmental variables: annual mean temperature (bio1), 

precipitation of the warmest quarter (bio18), and altitude. These loci, positioned at 14,652,594 bp and 14,764,385 bp, were 

approximately 390 and 500-kb from the signal, respectively. Furthermore, these two loci showed positive correlations with 
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temperature annual range (bio7) in the RDA model (r = 0.300 and r = 0.268). Based on the v3 E. 

tef genome annotations, one locus was located within an intron of the gene model 

Et_7A_051114. The NCBI blastp search revealed that the closest homologous match for 

Et_7A_051114 was found in Heller’s rosette grass [Dichanthelium oligosanthes (Schult.)] and 

encoded the GTP-binding protein YPTM1 [OEL32215]. YPTM1 belongs to the Rab family of 

small GTPases, which play essential roles in vesicle transport and membrane trafficking 

processes in plants (Bischoff et al., 1999). GO enrichment analysis revealed three significant 

(FDR p < 0.05) biological processes related to this gene: pollen tube development, lipoprotein 

metabolism, and endoplasmic reticulum to Golgi vesicle-mediated transport (p = 0.0138).  

While there was minimal overlap between the RDA-identified loci and the putative 

iHH12 sweep regions, several RDA-identified candidate genes were located in proximity. This 

included one locus identified on chromosome 2A at 33,374,745 bp, approximately 45-kb from 

the nearest sweep region. This locus was predicted to cause a non-synonymous substitution 

within the coding sequence of the gene Et_2A_015154: c.702C>T (p.Asp235Asn) and showed a 

positive correlation with temperature annual range (r = 0.237) (Figure 2.6). Although there were 

three other RDA candidates detected within the coding regions on chromosome 2A, they did not 

alter the protein sequences. Therefore, a one-way ANOVA was conducted as a post hoc analysis 

to assess the effects of environment and spatial structure on Et_2A_015154. The results showed 

significant effects of temperature annual range (bio7) and latitude (p ≤ 0.05) on its allele state. 

The NCBI blastp results indicated that Et_2A_015154 resembled the mitogen-activated protein 

kinase kinase kinase 1 in green-millet [XP_034591805], a member of the mitogen activated 

protein kinase (MAPK) cascade which is involved in the regulation of diverse cellular processes 

and stress responses (Colcombet & Hirt, 2008; Li et al., 2021; Liu et al., 2019; Liu et al., 2015; 
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Rodriguez et al., 2010; Šamajová et al., 2013; Sinha et al., 2011; Smékalová et al., 2014; Vadovič 

et al., 2019). Further functional analysis of Et_2A_015154 revealed significant enrichment for 

GO terms related to kinase regulation and phosphorylation (p = 0.013). 

Existing genetic diversity in traditional tef varieties predicts a regional genomic offset under 

future climate scenario 

The 'adaptively enriched genetic space' reveals the strong correlations between genetic 

markers and diverse bioclimatic variables, as well as the interrelationships among these variables 

(Figure 2.9). Notably, most of the observed variation was aggregated on RDA1 (67% of the 

variance), to which allele frequencies were associated with either high temperature annual range 

(bio7) and high precipitation of the wettest month (bio13) (positive RDA1 scores) or low 

precipitation in the coldest quarter (bio19) (negative RDA1 scores). This adaptive gradient, when 

projected onto the landscape, delineates the contrasting conditions between low and high 

elevation areas, as indicated by the positive and negative RDA1 scores (Figure 2.10A). 

Additionally, the adaptive gradients related to RDA2 (17% of the variance) distinguished two 

distinct regions (i.e., Amhara and Benshangul-Gumaz) on the landscape. These regions exhibited 

lower precipitation levels, particularly during the colder months (negative RDA2 scores), 

whereas other regions were characterized by higher precipitation levels, especially during the 

warmer months (positive RDA2 scores). To better understand the potential risks of future 

maladaptation, we used our enriched RDA model to predict the optimal adaptive indices for 

current and future environmental conditions across Ethiopia. We estimated shifts between these 

two predictions (i.e., genomic offset), predicting a contrasting pattern for 2080 (Figure 2.10B). 

Our model predicted a risk of maladaptation in northern Ethiopia (genomic offset ≥ 4) compared 

to the rest of the region currently suitable for tef cultivation. 
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Figure 2.9. Biplot projection of 482 significant RDA loci and six bioclimatic variables into the 
adaptively enriched genetic space. 
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Figure 2.10. Current and predicted adaptive landscape of E. tef in Ethiopia. (A) Spatial 
extrapolation of RDA1 and RDA2 adaptive genetic gradients under current climatic conditions. 
(B) Average predicted genomic offset by the year 2080, estimated using the SSP2-4.5 climate 
scenario and the multi-model ensemble projection of 12 CMIP6 Global Circulation Models (refer 
to Table 2.2). The bolded black outline within the country perimeters highlights a region of 
current land suitability for E. tef, based on the spatial projection of the landscape metadata 
collected by and provided through the EIAR. 
 
Discussion 

In this study, we conducted a large-scale genome-environment association analysis of a 

previously unexamined, diverse collection of Ethiopian tef. We employed whole-genome 

A 

    B 
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sequencing to test the hypothesis that traditional varieties of tef are locally adapted along an 

abiotic environmental gradient throughout its range of cultivation. Our analysis revealed that 

geographic distance had a minimal influence on existing genetic diversity. Using a combination 

of multivariate genotype-environment association methods and differentiation-based genome 

scans, we identified genetic variations exhibiting signatures of both diversifying and positive 

selection. Finally, we used these results to predict the spatial distribution of adaptive genetic 

variation across Ethiopia to highlight areas at risk of maladaptation under future climatic 

conditions.  

Geographic distance often limits gene flow, and combined with local genetic drift, it 

leads to spatially structured differences in allele frequencies, resulting in a pattern of IBD 

(Charlesworth et al., 2003; Wright, 1943). Our analysis revealed five distinct genetic clusters 

among the sampled individuals, with the first axis explaining nearly half of the genetic variation. 

However, genetic diversity did not reflect geographically-based population structure (Figure 2.1). 

Traditional tef varieties were sampled from across five regions (Amhara, Tigray, Benishangul-

Gumuz, Oromia, and the Southern Nations Nationalities and Peoples), with representatives from 

all regions appearing in each DAPC cluster, except for Benishangul-Gumuz, which was 

represented by a single sample. Although PC1 and PC2 explained approximately 74% of the 

genetic variation in the DAPC by maximizing group separation, they accounted for only 11.5% 

in the RDA when used as proxies for population structure (Table 2.3). This discrepancy 

highlights that, while these components are effective for distinguishing genetic clusters, their 

explanatory power for overall genetic variation is limited when assessed as predictors in the 

RDA. 
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Furthermore, spatial and environmental autocorrelation analyses showed no evidence of 

IBD or IBE, as 𝐹ST values did not strongly correlate with geographic distance (Mantel r = -0.006, 

p = 0.505) and or environmental distance (Mantel r = 0.162, p = 0.071) (Figure 2.1C). These 

findings were consistent with previous studies documenting the extensive seed trade and genetic 

admixture within informal seed systems among Ethiopian small-holder farmers (Abebe et al., 

2013; Ferede, 2011; Girma et al., 2018; Negassa, 1985). Although socio-cultural factors, such as 

kinship systems and ethnolinguistic groups (Labeyrie et al., 2016; Samberg et al., 2013), and 

environmental factors, such as elevation (Woldeyohannes et al., 2020), have been identified as 

influential in seed-mediated gene flow, our data does not allow us to separate the effects of 

spatial and environmental from social intervention. Woldeyohannes et al. (2022) showed that 

small-holder farmers consistently preferred the same tef ideotype regardless of gender, genetic 

background, or locality, favoring high-yielding, high-biomass, and fast-maturing varieties. 

Further research is warranted to achieve a comprehensive understanding of the role of social 

processes in shaping spatial patterns of genetic diversity in tef. 

Outlier detection methods are commonly used to identify genomic regions under positive 

selection, providing insights into the genetic basis of adaptation, as previously reviewed by 

Biwas & Akey (2006) and Saravanan et al. (2021). In our study, we applied three outlier 

detection methods to investigate adaptive genetic variation in Ethiopian tef, focusing primarily 

on the results of RDA. RDA, a multivariate genotype-environment association approach, is 

particularly effective in identifying multilocus architectures associated with environmental 

variables across diverse landscapes (Bourret et al., 2013, 2014; Forester et al., 2018; Hoban et 

al., 2016; Lasky et al., 2012; Legendre & Legendre, 2012; Rellstab et al., 2015). Additionally, we 

conducted genome scans using iHH12 statistics to detect recent selection signatures by 
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identifying high-frequency haplotypes with an extended linkage disequilibrium. This method is 

particularly suited for domesticated species, where artificial selection pressures are stronger than 

those in natural populations. Finally, we estimated the genetic differentiation along 

environmental gradients using 𝐹ST, a measure of inter-population differences in allele 

frequencies, which is more suitable for detecting ancestral selective events (Maiorano et al., 

2018). These diverse methods collectively provide a comprehensive toolkit for investigating 

genomic signatures of adaptation across various temporal and spatial scales. 

Partial RDA models indicated a small proportion of shared variance between climate and 

population structure, with only 0.18% of genetic variation being explained by this overlap 

(Figure 2.3A; Table 2.3). These models have been employed to estimate the relative 

contributions of climate and space to explain genetic variation in species such as Arabidopsis 

(Lasky et al., 2012), Eucalyptus globulus (Labill.) (Butler et al., 2022), and barley (Abebe et al., 

2015). Correcting for population structure can eliminate statistical signals from both factors, 

which leads to false negatives. However, neglecting population structure can increase the rate of 

false positives if the neutral structure follows selective gradients (Excoffier et al., 2009). Forester 

et al. (2018) evaluated the statistical power of detecting selective events through simulation and 

empirical data and identified an optimal balance between low false positive and high true 

positive rates across all selection levels. They found that false positive rates, which were already 

minimal for RDA, increased only slightly when accounting for population structure. These 

findings were consistent across demographic histories, sampling designs, sample sizes, and 

population structures. Therefore, we decided to not apply population structure-based corrections 

for RDA due to low spatial structure, as IBD often serves as the main driver (or a reliable proxy) 

of intraspecific genetic structure (Lasky et al., 2015) (Figure 2.1C; Table 2.1).  
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Climate variables in the RDA model accounted for approximately 0.63% of the genetic 

variation, identifying 482 climate-associated loci, with 145 of these loci near or within the E. tef 

v3 gene sequences. Though the observed proportion of the genetic variation explained by climate 

variables in our sample population was relatively low, this result aligns with the expectation that 

most loci are likely neutral and unaffected by environmental predictors, consistent with the 

neutral theory of molecular evolution. This theory posits that most genetic variation within a 

species is neutral or nearly neutral with respect to selection (Kimura, 1983). Therefore, only a 

small subset of loci would be expected to show significant relationships with environmental 

factors, reflecting adaptive genetic variation. Further analysis showed that 46 of these loci were 

situated within the coding sequence regions, with 31 inducing non-synonymous sequence 

changes. Interestingly, the majority of these non-synonymous sites (23 of the 31; 74.19%) were 

identified in the B subgenome. Variance partitioning among the bioclimatic variables revealed 

temperature annual range (bio7) and precipitation of the wettest month (bio13) as the main 

climate drivers of the detected genetic variation (Figure 2.3). 

While the three outlier detection methods used in our study showed limited genome-wide 

overlap, their integrated results provided valuable insights into the genetic basis of local 

adaptation in our sample population of Ethiopian tef. As expected, our dataset showed an inverse 

relationship between genome-wide putative sweep regions and environment-associated divergent 

alleles, consistent with local adaptation, which maintains allele frequencies at an intermediate 

level (Figure 2.7; Price et al., 2018). 𝐹ST analysis further revealed distinct fixation patterns across 

environmental predictors, with two high 𝐹ST genomic regions on chromosome 5A colocalized 

between three variables: annual mean temperature (bio1), precipitation of the warmest quarter 

(bio18), and altitude (Figure 2.5). The climate-associated loci identified through RDA did not 
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overlap with the genomic regions highlighted by the other two outlier detection methods (Figure 

2.6A). Notably, the relationship between RDA-identified loci and putative sweep regions 

mirrored a pattern similar to that of 𝐹ST, suggesting that these climate-associated regions may be 

subject to different selective pressures and are likely unrelated to recent selective events in the 

sample population. 

GO enrichment analysis of E. tef v3 candidate genes revealed a diverse array of 

biological processes implicated in tef adaptation to environmental variables. The top 19 enriched 

GO terms revealed five distinct functional categories, involving 38 of the 92 candidate genes. 

Among these gene sets, the GO terms related to responses to stress and regulation of protein 

modification were the most significant (FDR p ≤ 0.05), particularly in relation to the variables of 

precipitation of the wettest month (bio13) and temperature annual range (bio7) (Figure 2.8). Of 

the 31 non-synonymous sites identified, we highlighted one locus on chromosome 2A 

(Et_2A_015154) that demonstrated a positive relationship with temperature annual range (bio7) 

and was proximal to a putative sweep region (Figure 2.6). Our finding that XP_034591805 

(mitogen-activated protein kinase kinase kinase 1) was the closest homolog to Et_2A_015154 

was notable for several reasons. MAPKs are crucial in plant responses to abiotic stress such as 

cold, salt, heat, and UV radiation. In addition, they serve as convergence points for transmitting 

environmental stress signals to downstream targets. They have been extensively studied in 

different plant species, including Arabidopsis, rice, tomato [Lycopersicon esculentum (Miller.)], 

and cotton [Gossypium hirsutum (L.)], showing cross-talk with other signaling pathways (Sinha 

et al., 2011).  

The distribution of adaptive genetic variation across a landscape shapes how species 

respond to climate change (Aitken et al., 2008; Capblancq et al., 2020; Capblancq & Forester, 
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2021; Jump & Peñuelas, 2005; Steane et al., 2014). As the climate shifts, populations adapted to 

current local climates may struggle to achieve optimal fitness levels, creating a mismatch 

between existing genotypes and the new environment (Aitken et al., 2008; Capblancq et al., 

2020). This mismatch represents an 'adaptation debt', which requires changes in local genotype 

frequencies to minimize maladaptation in the new fitness landscape. In our study, the greatest 

genomic-adaptive offset between the current and future climate scenarios was predicted in the 

Tigrayan region of tef cultivation (Figure 2.10B), which has historically experienced relatively 

higher climatic variability (Figure 2.9; Figure 2.10A). Further analysis of the candidate gene 

Et_2A_015154 revealed a significant association (p < 0.05) between the alternate allele and 

latitude, with the alternate allele increasing in frequency within 12–14°N. These findings suggest 

a connection between the biological role of MAPKs in stress signaling and temperature-

associated variation at Et_2A_015154, particularly at higher latitudes, indicating that positive 

selection for the alternate allele reflects the indirect selection of Ethiopian tef with increased 

environmental plasticity in northern Ethiopia.  

We propose that future controlled experiments to focus on the functional validation of 

candidate genes (e.g., common gardens and experiments in silico) to provide empirical evidence 

of the effect size of these genetic variants on plant performance and fitness across climatic 

gradients. Specifically, the next critical step in confirming the role of these genes involves 

developing and testing near-isogenic lines (NILs) or creating genetically engineered lines that 

isolate the specific variants. Conducting fitness trade-off experiments in contrasting 

environments, ideally in field conditions representative of the environmental gradient with which 

the allelic variation at those sites is strongly associated, would provide further evidence to 
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determine whether these alleles contribute to adaptation. This process is essential to establish the 

validity of RDA findings and to effectively utilize these markers for tef breeding. 

While this study offers valuable insights, several potential limitations warrant 

consideration. First, the assumption of linearity in RDA may overlook the non-linear 

relationships between environmental gradients and adaptive genetic variation. Second, genomic 

prediction of climate maladaptation relies on statistical-based associations and is contingent on 

several key assumptions, including the correct identification and inclusion of the adaptive 

genetic component in the prediction model, the proportional relationship between genetic offset 

and expected decrease in fitness, and the reflection of the genotype × environment interaction in 

the current optima between standing genetic variation and prevailing climatic conditions 

(Capblancq et al., 2020). Finally, tef’s predominantly self-pollinating mating system (0.1% to 1% 

outcrossing) presents significant implications for adaptation and allele introgression (Berhe et al., 

2000). In comparison to outcrossing species, self-pollinating systems, such as tef, exhibit 

increased linkage disequilibrium, reduced effective recombination rates, and lower genetic 

diversity, which may constrain the genetic response to selection and adaptation (Charlesworth, 

2003). These characteristics may diminish the efficacy of adaptive allele testing and 

introgression in germplasm development. 

Tef, along with other orphan crops, plays a key role in the subsistence of local 

communities and presents promising solutions to food insecurity and climate change 

vulnerability. However, despite their advantages, orphan crops have lagged behind major crops 

in terms of improvement efforts, largely due to limited research investment and limited selective 

pressures by subsistence farmers, resulting in undesirable agronomic traits reminiscent of wild 

relatives (Lemmon et al., 2018). With 95% of the crop area in Ethiopia being rainfed, limited 
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water availability coupled with rising temperatures poses a significant concern regarding its 

projected impact on crop development and production, especially in lowland regions 

(Administration, 2024). Leveraging indigenous germplasm, alongside advanced breeding 

techniques like genome editing, presents opportunities for broadening genetic variation and 

developing improved tef varieties that can withstand future environmental challenges (Assefa et 

al., 2011; Beyene et al., 2022). 
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CHAPTER 3 
 
 
 

PHENOME-TO-GENOME INSIGHTS FOR EVALUATING ROOT SYSTEM 

ARCHITECTURE IN FIELD STUDIES OF MAIZE 

 

 

 

Summary 

Identifying the genetic basis of root system architecture (RSA) in crops requires 

innovative approaches that enable high-throughput and precise phenotyping in field conditions. 

In this study, we evaluated multiple phenotyping and analytical frameworks for quantifying RSA 

in mature, field-grown maize in three field experiments. We used forward and reverse genetic 

approaches to evaluate > 1,700 root crowns sampled from a genetically diverse sample of maize 

including a GWAS population, a biparental mapping population, and mutants and wild-types at 

two known RSA genes, Deeper Rooting 1 and Rootless 1. Here, we demonstrate the utility of 

increasing the dimensionality of traditional 2D techniques, ‘2D multi-view’ method, to improve 

trait heritability estimation and precision of genotype-to-phenotype mapping. Comparison of 

univariate and multivariate genome-wide association study (GWAS) approaches revealed that 

multivariate traits were effective at dissecting complex RSA phenotypes and identifying 

pleiotropic quantitative trait loci (QTL). Overall, 3D root models generated from X-ray 

computed tomography and digital phenotyping captured a larger proportion of RSA variations, as 

evidenced by genome-wide and single-gene analyses. However, we found that root pulling force 

(RPF) was a highly heritable estimate of RSA that demonstrated strong genotypic correlations 

and identified the largest number of shared QTL with 3D phenotypes. Our study provides further 
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evidence that integrating complementary phenotyping technologies and statistical frameworks 

can offer deeper insights into the genetic architecture of the global RSA in field-grown maize. 

Introduction 

Root systems play critical roles in acclimation in plants by modulating growth timing and 

directionality in response to water and nutrient availability. Variation in root systems is also 

important for adaptation across species, germplasm, and localities and underscores heritable root 

traits as breeding targets for enhancing crop resiliency. Despite their importance in plant 

development and fitness, the quantitative genetic control of root-related traits, particularly in 

field-grown crops, remains largely underexplored. This lack of understanding of the traits and 

gene models underlying adaptive variation in roots is due largely to the challenges of obtaining 

high-quality measurements from hundreds or thousands of samples. With the emergence of 

various high-throughput phenotyping technologies for roots of field grown crop genotypes,  we 

seek to investigate the relative value of these methods to expand our current understanding of the 

overall root system phenome and its underlying genetic architecture. 

Root system architecture (RSA) is a term that describes the spatial organization of root 

systems, integrating developmental, anatomical, and topological aspects of root-environment 

interactions (Fitter 1987). Concerted efforts have been made to develop standardized 

terminology and classification schemes for root systems, led by the International Society of Root 

Research and Plant Ontology Consortium (Feix et al., 2002; Ilic et al., 2007; Zobel & Waisel, 

2010). These classifications provide precise descriptions of root function and structure, 

accommodating the inherent complexity and plasticity of root systems, across species and 

environments. RSA demonstrates notable plasticity in response to environmental factors such as 

nutrient and water availability, soil composition, and rhizosphere biotic interactions (Clarke et 
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al., 2019; Johnson & Rasmann, 2015; Karlova et al., 2021; Lareen et al., 2016). The regulation of 

specific root traits, such as root angle and crown root number, has been shown to improve mobile 

and immobile nutrient acquisition in response to different environmental scenarios (Bonser et al., 

1996; de Jong et al., 2019; Gaudin et al., 2011; Lynch & Brown, 2001; Saengwilai et al., 2014; 

Sun et al., 2018; Trachsel et al., 2013; York & Lynch, 2015). By integrating systematic 

classifications with ongoing research, our understanding of RSA can facilitate innovative 

breeding strategies that optimize plant productivity and adaptation to specific production 

environments (Schneider et al., 2020). 

Current root phenotyping platforms can be broadly categorized into laboratory- and field-

based methods (York & Lobet, 2017; York & Lynch, 2015). Lab-based technologies can offer 

high-resolution measurements but have lower throughput and limited applicability to agronomic 

environments. In contrast, field-based methods produce data that are more applicable to actual 

crop production scenarios, despite their lower resolution and destructive nature. Historically, 

field studies have sampled root crown architecture through manual scoring methods, such as 

Shovelomics (Trachsel et al., 2011) and root pulling force (RPF) (Ortman et al., 1968; Woods et 

al. 2022 ). RPF is a manual measurement of the amount of vertical force required to extract a 

root system from the soil and has since been scaled to high throughput via mechanization 

(McKay et al., 2023). RPF is advantageous in that the sampling event itself creates data on a 

heritable phenotype (Shao et al., 2021; Woods et al., 2022); however, similar to Shovelomics, it 

is a destructive method of root sampling. 

The development of high-throughput phenotyping technologies has advanced our 

understanding of RSA by enabling the detailed measurement of these complex traits over space 

and time (Lynch et al., 2014; York et al., 2013). Once a root system is destructively sampled and 
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cleaned, imaging analysis pipelines, such as automated two-dimensional (2D) image analysis 

software and X-ray tomography (XRT), have significantly enhanced the quality of data obtained 

from mature root crowns, providing deeper insights into root morphology and function (Bray & 

Topp, 2018; Das et al., 2015; Liu et al., 2021; Lobet, 2017; Topp et al., 2013; Zurek et al., 2015). 

Nevertheless, these methods frequently encounter trade-offs between the degree to which the 

experimental setup captures phenotypic variations that reflect realistic agronomic conditions and 

the throughput and detail of the data (York & Lobet, 2017). For example, while XRT can 

facilitate detailed in situ or post-extraction insights into plant structure-function relationships 

across development (Duncan et al., 2019; Helliwell et al., 2017; Ju et al., 2024; Mooney et al., 

2012; Zeng et al., 2021), the application of XRT is limited owing to its relatively high cost and 

low throughput. Given the array of available phenotyping methods, no single approach fully 

captures the complete phenotypic reality of root architecture, highlighting the need for using 

diverse technologies to achieve a comprehensive biological understanding as it relates to 

agronomically applicable conditions. 

Bridging the gap between genotype and phenotype remains a significant challenge in root 

biology research. RSA is quantitative in nature, controlled by many genes and environmental 

factors (Rogers & Benfey, 2015; Stuber, 1995). While the dicot model organism Arabidopsis 

thaliana has provided a foundation for understanding root development, it does not directly 

translate to the genetic architecture of monocot crops, such as maize, rice, and sorghum, which 

differ in the development and morphology of their root systems (Jung & McCouch, 2013; Péret 

et al., 2009; Petricka et al., 2012; Scheres et al., 1996; Ueda et al., 2005). The most extensive 

research on the genetic regulation of RSA in cereal crops has been conducted in rice, where two 

gene underlying phenotypic variations in roots have been identified: Deeper Rooting 1 (DRO 1; 
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Uga et al., 2013), which promotes a steeper root angle, resulting in deeper root systems, and 

Phosphorus-Starvation Tolerance 1 (PSTOL 1; Gamuyao et al., 2012), which confers early crown 

root formation under low phosphorus conditions. This underscores the need for further research 

to identify the key genes and genomic regions that influence root architecture, development, and 

plasticity in other major cereal crops. 

To date, there have been several cloned maize root genes that have exhibited phenotypic 

abnormalities in root anatomy and development of seedlings (reviewed thoroughly by Feix et al., 

2002). While numerous RSA QTL have been identified in field studies, only a few of these genes 

have been cloned in maize. These more recently include the root-expressed CBL-interacting 

serine/threonine-protein kinase 15 (ZmCIPK15) (Schneider et al., 2022) and the auxin-related 

ZmRSA3.1 and ZmRSA3.2 (Ren et al., 2022), which were shown through reverse genetic 

approaches to contribute to the regulation of rooting angle and depth. Rootless 1 (rt1), first 

identified in a segregating population by Jenkins (1930), has been shown to have a large effect 

on shoot-borne and lateral root development across development. One reason for the gap 

between identified RSA QTLs and functionally validated genes from field studies is the inherent 

difficulty in capturing the whole phenotypic space. Employing advanced multi-view 2D and 3D 

imaging techniques could improve the resolution and accuracy of root phenotype data, 

potentially enabling more effective detection and characterization of key RSA QTL. In this study, 

we utilize these approaches to provide additional, more comprehensive annotations of the mutant 

phenotypes for allelic variants of DRO 1 (‘dro1-1’) and rt1 (‘rt1-2’) in mature maize root 

crowns. 

In this study, we systematically evaluate phenome-to-genome variation in field-excavated 

maize root crowns. Our goal is to understand how these high-throughput measurements capture 
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the phenotypic space of maize root system architecture, and to advance our understanding of the 

genetic architecture underlying quantitative root traits through genome-wide and single-gene 

analyses across three independent field experiments. To achieve this, we employ a diverse set of 

phenotyping methods, including quantitative measurements of root biomass (g) and RPF (kg), 

which are collectively referred to as ‘physical measurements’, as well as measurements of RSA 

obtained through 2D and 3D imaging and feature extraction. Through this integrative approach, 

we aim to provide insights into using high-throughput root phenotyping technologies to survey 

phenome-to-genome variation of RSA for future field studies. 

Materials and Methods 

Germplasm and Experimental Design  

We investigated phenome and genome-wide variation using RSA phenotypes obtained 

from three field experiments. These materials were grown at the Colorado State University 

Agricultural Research Development and Education Center in Fort Collins, CO, USA (40.649 N, -

105.000 W) during the summers of 2019, 2022, and 2023. 

In the first experiment (2019) we evaluated the variations in quantitative root traits 

measured in 312 inbred lines from the shoot apical meristem (SAM) maize diversity panel 

(Leiboff et al., 2015). Seeds were sown in May using a split-plot design with two treatment 

levels of factor irrigation: full irrigation (wet) or limited irrigation (dry), each consisting of three 

field replicates per genotype. Roots were harvested and phenotyped in both irrigation treatments 

when approximately 30% of the lines reached anthesis, hereafter referred to as mid-flowering.  

In the second experiment (2022) we employed a maize recombinant inbred line (RIL) 

population that segregated for root trait variations to compare RSA heritability estimates derived 

from single and multi-view imaging and analysis of 2D maize root crowns. The RIL population 
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was obtained from a cross between two nested association mapping (NAM) parental lines, B73 

and CML69, as described by Buckler et al. (2009). Seeds were sown in May in replicate under 

full irrigation. These root crowns were harvested and phenotyped prior to anthesis at 11-weeks 

post-planting. Detailed information about the 2019/2022 field conditions, plant-to-plant spacing, 

and irrigation differentials was described by Woods et al. (2022).  

In the third experiment (2023) we utilized two maize root development mutants, dro1-1 

and rt1-2, and their respective wild-type allele lines, W22 and T43, to evaluate the effect of 

single-gene mutations on quantitative RSA phenotypes. Planting occurred on May 24, with seeds 

sown at 22-cm spacing in single row, 6.1-meter plots with a row spacing of 76 cm. The field was 

fertilized according to the recommendations for a targeted yield of 200 bu/ac, amounting to 170 

lb/ac N prior to planting. Throughout the growing season, the plots received approximately 2.5 

cm of weekly irrigation and were regularly weeded by hand. Phenotyping for root system size 

was conducted post-anthesis at 21-weeks post-planting.  

Field Phenotyping 

In the 2019 field experiment, maize root crowns were extracted from soil using manual 

root pulls. During this process, the maximum force (kg) required to extract the root system from 

the ground was measured using handheld force gauges and designated as the root pulling force 

(RPF) (Woods et al., 2022). The throughput of this method was improved in 2022 and 2023 field 

experiments, where root crown excavations were conducted using a custom root pulling device 

(CZero Inc., Fort Collins, CO, USA) mounted onto a high clearance tractor (McKay et al., 2023). 

This mechanical device utilizes a camera to identify maize stalks and securely grasps them by 

closing a gripper around each stalk and then vertically extracting the plants from the soil. 

Samples that did not result in successful pull events, which constituted numerous samples from 
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the 2023 experiment, were subsequently shoveled out manually. The excavated root systems 

were washed with water and air-dried by hanging, yielding a total sample size of NSAM = 1,546, 

NRIL = 193, and NMU/WT = 60 cleaned root crowns for 2019, 2022, and 2023, respectively. Root 

biomass measurements (g) were taken across all three field experiments after the root crowns 

were air-dried to a constant weight.  

Root Imaging and Feature Extraction 

We performed image-based analyses of the maize root systems to quantify and compare 

field-grown variations in root architectural traits using three imaging pipelines. 2D images were 

captured by suspending the root samples vertical in front of a dark background using a DSLR 

camera. These images were then processed and analyzed using the 2D DIRT image analysis 

software (Das et al., 2015). Three-dimensional (3D) root imaging and analysis were conducted 

using XRT and a custom image processing and feature extraction pipeline (Donald Danforth 

Plant Science Center, St. Louis, MO, USA), as previously described (Shao et al. 2021)), referred 

to here as the Root Crown Analysis Pipeline (RCAP). Finally, we reproduced a cost-effective 

multi-view ‘Octagon’ chamber and imaging system, as described in Tovar et al. (2018), to 

simultaneously capture the features of root crowns from three angles (2D multi-view). Raspberry 

Pi computers controlled the individual 6 MP cameras, which were spaced at 135° and securely 

attached to the Octagon using industrial-grade VELCRO and facilitated data transfer to a remote 

host via rsync. For detailed information and protocols regarding software and hardware 

implementation, refer to Tovar et al. (2018). 2D mult-view RSA measurements were obtained 

through 2D feature extraction of maize root crowns using DIRT image analysis software (Das et 

al., 2015) and were computed as the aggregate genotype averages based on three rotated 

viewpoints. 
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Descriptive Statistics of Phenotypic Space 

Statistical analyses were conducted using R version 4.3.0 (R Core Team, 2023). In the 

2019 experiment, we examined root architectural variations in 312 inbred lines from the SAM 

maize diversity panel. Outliers within each treatment and genotype group were identified and 

excluded using the Bonferroni outlier test in R/car (Fox & Weisberg, 2019). Observations with 

Bonferroni-adjusted p-values < 0.05 were considered mean-shift outliers. 

In the 2019 and 2022 experiments, broad-sense heritability (H2) was estimated as the 

proportion of genotypic variance to total variance using a random-effects one-way analysis of 

variance (ANOVA) model. Specifically, the phenotypic data were partitioned by experiment and 

then analyzed using the “lmer” function in R/lme4 (Bates et al., 2015), treating genotype as a 

random effect in the model. These results were visualized using R/ggplot2 (Wickham, 2016).  

Genotype averages for the 2019 experiment were calculated as best linear unbiased 

predictors (BLUPs), treating genotype as a random effect within treatments using the R/lme4 

package (Bates et al., 2015). Spearman’s rank genetic correlations were then computed from the 

BLUPs using R/cor (R Core Team, 2023). RSA phenotypes that demonstrated negligible 

correlations between phenotyping methods were excluded from further analysis. 

Principal component analysis (PCA), an effective statistical method for reducing the 

dimensional space of data, was performed on the remaining trait variables by employing the 

function “PCA” in R/FactoMineR (Lê et al., 2008). Axis selection was visually determined by 

analyzing a scree plot of the canonical eigenvalues. Clustering analyses were visualized using 

R/factoextra software (Kassambara & Mundt, 2020).  

Quantitative Genetic Control of RSA in SAM Maize Genotypes 
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We implemented a genome-wide association study (GWAS) to identify genomic regions 

that covary with RSA in 312 SAM lines. Prior to analysis, the phenotypic data were partitioned 

by irrigation treatment and BLUP values were subsequently calculated for each trait by treating 

genotype as a random effect using the “lmer” function in R/lme4 (Bates et al., 2015). These 

values were used as the univariate GWAS response variables. PCA was then used to generate 

multivariate RSA phenotypes, referred to as “PCs,” using the scaled BLUP values from each set 

of imaging traits (2D and 3D) in R/prcomp (R Core Team, 2023). The data derived from the 

genotypes on the first two PCA axes were used as GWAS multivariate response variables in the 

subsequent analyses. These variables were denoted as ‘2D PC1’, ‘2D PC2’, ‘3D PC1’, and ‘3D 

PC2’ for each environment.  

GWAS was performed on 115 BLUP traits and four PC traits across full and limited 

irrigation using the GAPIT implementation of FarmCPU (Lipka et al., 2012; Liu et al., 2016), 

following an approach similar to that described by Woods et al. (2022). The initial HapMap 

genotype matrix for the SAM panel contained 1.2 million single nucleotide polymorphisms 

(SNPs) (Leiboff et al., 2015), which was refined to 860,000 after imposing a minor allele 

frequency filter of 5%. The first three principal components and a kinship matrix calculated 

using GAPIT were used as covariates to control for population structure. Only traits with Q-Q 

plots displaying p-value distributions that approximated normality were included in the 

FarmCPU results. SNPs whose significance passed the Benjamini—Hochberg false discovery 

rate threshold (0.10) were further investigated to determine the presence of co-located QTL 

across methods, including the list of 2019 RSA-associated SNPs previously identified by Woods 

et al. (2022).  



73 
 

The RSA-associated SNPs were fitted as random effects to estimate the SNP-attributed 

and residual variance components using the R package lme4 v1.1-34 (Bates et al., 2015). The 

proportion of phenotypic variance explained (PVE) by each SNP was calculated as the ratio of 

their corresponding variance to the total variance. Candidate regions of SNP colocalization were 

identified using 1-Mb bins within each chromosome. Bin indices were calculated based on the 

number of complete bins that occur before the current SNP position within each chromosome, 

using the following formula: 

𝐵𝑖𝑛 𝐼𝑛𝑑𝑒𝑥𝐶ℎ𝑟𝑜𝑚𝑠𝑜𝑚𝑒 =  |𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 − 1𝐵𝑖𝑛 𝑆𝑖𝑧𝑒 | 
 

Here, 'Position' represents the SNP position mapped to the v2 B73 reference genome, and 'Bin 

Size' refers to the desired bin size, set at 1 Mb (in base pairs, bp). The results were visualized 

using R/ComplexHeatmap, R/factoextra, and R/VennDiagram (Chen, 2022; Gu, 2022; Gu et al., 

2016; Kassambara & Mundt, 2020). 

Evaluation of Single-Gene Perturbed Maize Genotypes  

In the 2023 experiment, two maize root development mutants and their corresponding 

wild-type allele lines were used to examine the effects of single-gene mutations on individual 

RSA phenotypes and to determine patterns of among-trait covariance across 2D, 2D multi-view, 

and 3D imaging approaches. Differences in average phenotype response between mutant and 

wild-type alleles were assessed using a two-sample t-test in R/t.test (R Core Team, 2023), with a 

significance level (α) of 0.05. Normality and equal variance were assessed prior to statistical 

testing to confirm the data met the test assumptions. When these assumptions were not met, 

appropriate transformations were applied using R/bestNormalize (Peterson, 2021; Peterson & 

Cavanaugh, 2020; Peterson, 2023).  
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Pleiotropy is a common phenomenon where a single gene can influence multiple traits. In 

such cases, selection on mutations that affect the expression and inheritance of multiple traits can 

shape existing covariance structures. To investigate this phenomenon in the two maize root 

mutant genotypes, we conducted a Pearson correlation analysis using R/cor.test (R Core Team, 

2023) to calculate the genetic correlation between RSA phenotypes within and among imaging 

methods. In addition, we applied a multivariate analysis of variance (MANOVA) to test for 

pairwise interactions among all trait combinations in individual models. We evaluated the results 

of the MANOVA models at a significance level (α) of 0.05. 

Results 

Multi-view 2D imaging improves H² estimation of RSA by reduction of sampling bias in RILs 

Higher estimates of broad-sense heritability were observed for 17 of the 33 RSA traits in 

the CML69 x B73 NAM RIL population when utilizing the 2D multi-view imaging approach 

compared to 2D single-view imaging (Figure 3.1). Among these traits, the average difference 

between the two approaches was 0.13 ± 0.09, with the highest increases observed for average 

root density (2D AvgDensity; ± 0.36) and skeleton root width (2D SklWidth;  ± 0.24). Overall, 

phenotype variances were higher in all the traits measured using 2D single-view imaging, except 

for 2D AvgDensity, top root angle (2D AngTop), and bottom root angle (2D AngBtm). Root 

crowns are rarely symmetrical and are typically positioned with the widest part orthogonal to the 

camera; this is likely to cause sampling bias, and consequently, less consistent RSA 

measurements during feature extraction using the DIRT software. The remaining 14 phenotypes 

showed marginally higher average differences in heritability when utilizing single-view 2D 

imaging (0.17 ± 0.09). This group primarily comprised individual root distribution metrics, 

including percentage of root width accumulation (2D D10-D90) and rate of accumulation (2D 



75 
 

DS10, DS80-DS90) at different depths, demonstrating an inverse relationship between 

heritability and depth (i.e., root width accumulation measurements at shallower depths were 

more heritable). These findings indicate that using as few as three rotational viewpoints in 2D 

imaging and feature extraction can improve the accuracy and consistency of broad-sense 

heritability estimates for the coarser trait characteristics of field-grown maize root crowns. 

 

 

Figure 3.1. Trait-specific differences in broad-sense heritability between 2D single and multi-
view approaches for the 2022 CML69 x B73 RIL population.  
 
Belowground variation is largely driven by root system size and distribution in SAM maize panel 

Spearman's correlation method revealed a broad distribution of genotypic correlations 

among the different phenotyping methods in the SAM maize panel. RPF showed the greatest 

positive correlations (r ≤ 0.70) with traits associated with overall root system size, including root 
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biomass, 2D Area, 3D Volume, and fractal dimension side-view (3D FractalDimensionS). These 

results were consistent with the findings of Shao et al. (2021) and Woods et al. (2022).  

In addition, there were 41 RSA traits that displayed weaker genetic correlations across 

phenotyping methods. Specifically, 3D measurements of root model solidity at various depths 

(vhist 1-20) showed weaker correlations on average (r = -0.01 ± 0.12) with all other traits. 2D 

RSA traits, including median root tip diameter (2D TdMed), horizontal distribution of the root 

shape (2D RDistrX), 2D D10-D90, and 2D DS10-DS90 also showed weaker correlations on 

average (r = -0.02 ± 0.08) with other traits. These results suggest that the aforementioned 2D 

traits, which exhibit greater phenotypic variance when assessed using traditional 2D imaging 

techniques and lower heritability estimates when evaluated using a multi-view approach, are less 

useful in approximating key phenotypes in maize root crowns. To effectively infer trait 

relationships among different phenotyping methods, we excluded these 41 traits from further 

analysis.  

PCA was used to investigate the phenotypic relationships among the remaining 115 RSA 

phenotypes. The first two principal components accounted for 32.30% and 9.90% of the total 

variation, respectively, with no discrete separation among individuals between treatment groups 

(Figure 3.2). We found a clear separation between the types of RSA phenotypes that were 

strongly loaded on PC1 compared to PC2 (Figure 3.3A). PC1 predominantly captured variation 

in overall root system size and distribution, with higher scores positively correlated with 2D 

Area, 3D ConvexVolume, and 3D biomass distributions (vhist 13-16), indicative of larger root 

sizes. In contrast, PC2 captured differences in root density (3D Density S2, S6, T2, T4-T6), and 

in maximum root width (3D HorEqDiameter). Further evidence of these relationships was 

depicted by Figure 3.3B, which illustrated a sample of the variations in maize root crown size, 
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shape, and distribution through XRT scans of four individuals from genotypes that were 

representative of each quadrant of the multidimensional space.  

 

 

Figure 3.2. PCA of RSA phenotypes partitioned by irrigation treatment measured in the 2019 
SAM maize panel. 
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Figure 3.3. Relationship of 115 RSA phenotypes across 312 genotypes from the 2019 SAM 
maize panel. (A) PCA biplot of the scaled first two principal components for roots excavated at 
mid-flowering. Open circles represent individual genotypes, and vectors indicate the top 20 RSA 
variables with the highest loadings on PC1 and PC2. Highlighted individuals are further 
illustrated in panel (B). (B) Comparison of maize root crown features through X-ray computed 
tomography (XRT) scans of four distinct genotypes, contrasting the physical attributes of 
genotypes collected of the same replicate from each quadrant (I-IV) in the biplot. 

A 

B 
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Estimates of broad-sense heritability in the SAM lines were generally higher for all 

evaluated RSA phenotypes under wet than under dry conditions (Figure 3.4). This supports the 

prediction that low-stress environments, such as irrigated environments, can increase the range of 

observable phenotypic variation, facilitating better distinction between genotypes (reviewed by 

Visscher et al., 2008). Within the wet treatment, heritability estimates ranged from 0.33 to 0.43 

for 2D RSA phenotypes that were highly correlated with PC1, with 2D Area exhibiting the 

highest estimate. The 3D RSA phenotypes associated with PC1 exhibited a broader range (H2 = 

0.19 to 0.45), with FractalDimensionS exhibiting the highest estimate. The phenotypes 

associated with PC2, which encompass a range of root density traits, resulted in heritability 

estimates ranging from 0.32 to 0.41, with the highest estimation attributed to 3D Density T5. 

Although RPF and root biomass were not strongly correlated with PC1 and PC2, these 

measurements demonstrated higher average heritability than 2D and 3D phenotypes (Figure 

3.4).  
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Figure 3.4. Distribution of broad-sense heritability estimates of RSA traits among phenotyping 
schemes and irrigation treatments. 
 

Multivariate analysis identifies genome-wide relationships among individual RSA phenotypes 

The FarmCPU GWAS models identified 405 significant SNPs across 288 1-Mb bins 

associated with multivariate (PC) and univariate RSA phenotypes, in addition to the 22 SNPs 

previously reported by Woods et al. (2022) (Figure 3.5). The simultaneous use of multivariate 

and univariate RSA phenotypes as response variables in GWAS models enabled better detection 

of trait-specific and pleiotropic genomic signals. The combined set of significant SNPs was 

predominantly identified by 3D phenotypes (83.84%), with 3D biomass distributions and 3D 

convex hull distributions accounting for the majority of these associations. This was followed by 

the RPF (7.03%), 2D (5.62%), and PC (3.51%) phenotypes (Figure 3.5). A greater proportion of 

SNPs associated with individual RSA phenotypes corresponded to RPF (7.03%), 3D Solidity 

(4.45%), and 3D Density S6 (3.75%). Notably, RPF shared the largest proportion of 1-Mb bins 
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with SNPs associated with other phenotypes. RPF measurements were highly heritable in both 

environments (wet treatment: H2 = 0.35; dry treatment: H2 = 0.49) and predominantly 

colocalized with lower heritable 3D phenotypes. Specifically, these SNPs were associated with 

phenotypes representative of root system density, and biomass and convex hull distributions 

within the upper seven centimeters of the root crown, which cumulatively displayed higher 

values of PVE than RPF (Figure 3.6). Overall, 3D RSA phenotypes accounted for the largest 

proportion of phenotypic variation and the corresponding genetic loci. 

 

Figure 3.5. Venn Diagram of GWAS trait-associated 1-Mb bins partitioned by RSA phenotyping 
methods. Overlapping regions indicate 1-Mb bins that were enriched in two or more 
comparisons. 
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Figure 3.6. Heatmap of the percentage of phenotypic variance explained (PVE) by 1-Mb genomic regions associated with traits 
colocalized across imaging, RPF, and multivariate approaches. The color intensity reflects the percentage of PVE attributed to 
significant GWAS SNPs identified by this study for each 1-Mb region. The marginal plot above the heatmap displays the genomic 
distances between SNPs within each 1-Mb region, with error bars representing the minimum and maximum distances (in kb) and stars 
indicating the median distances.
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The use of multivariate RSA phenotypes were instrumental in investigating key 

phenotype-to-genotype relationships. Approximately 23.08% (nine SNPs) of the SNPs associated 

with the multivariate traits were co-located with several of the univariate phenotypes. PC1 and 

PC2 accounted for substantial portions of the phenotypic variation, with approximately 51% 

explained in the 2D phenotypes and 32% explained in the 3D phenotypes, under both treatments. 

We decomposed the trait space of the eight multivariate phenotypes to identify phenotypic 

relationships among genotypes along each principal axis. Among the 2D multivariate 

phenotypes, PC1 predominantly captured variations in root size and spatial characteristics, such 

as root area and lateral extent, while PC2 largely described variations in root angle and depth. 

The 3D PC1 captured variations in root distribution, including 3D biomass and convex hull 

distributions in the lower 50% (vhist 13-16) of the root crown, while PC2 described variations in 

root density and uniformity. These relationships were captured on the genome-wide level as 

SNPs associated with 2D PC1 were identified in multiple 1-Mb bins that contained SNPs 

associated with individual 2D and 3D root density, area, and volume related phenotypes. 

Similarly, the SNPs identified by 3D PC2 colocalized with individual 3D density and solidity 

phenotypes (Figure 3.6). We estimated the phenotypic correlations between the multivariate 

phenotypes and the breeding values for root biomass to obtain a biological ground truth for data 

interpretation. Spearman’s correlation analysis revealed significant positive correlations for root 

biomass with PC1, with PC1 2D (r = 0.69; p < 0.05) and PC1 3D (r = 0.67; p < 0.05). In 

contrast, weaker correlations were observed with PC2 , where PC2 2D (r = -0.04; p = 0.30) and 

PC2 3D (r = -0.28; p < 0.05) (Figure 3.7). These results indicate that PC1 for both 2D and 3D 

RSA phenotypes was a strong predictor of belowground biomass. 
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Figure 3.7. Correlation between genotypic values (BLUPs) of 2D and 3D GWAS multivariate 
root traits (PC1 and PC2) and root biomass in the 2019 SAM maize panel. Abbreviations: BLUP 
= best linear unbiased predictor; r = Spearman’s rank correlation coefficient; p = probability 
value. 
 
Complementary phenotyping detects mutational variance-covariances in maize Deeper Rooting 

1 and Rootless 1 

The two maize mutants selected for altered root architectural phenotypes exhibited 

variations in several RSA phenotypes. The Rootless 1 mutation in maize has been documented to 

reduce the number of lateral and crown roots in maize (Jenkins, 1930). The rt1-2 maize mutant 

and wild-type allele lines of the 2023 field experiment demonstrated significant differences (p < 

0.05) in the genotype averages for several heritable root phenotypes under normal conditions 

(Table 3.1). We observed that the mutation reduced the root volume, area, and width in both 2D 

and 3D imaging. The 3D RSA features calculated in the RCAP pipeline provided additional 

evidence that was not captured by the 2D RSA data alone. For example, multiple measurements 
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representative of root system branching, such as the estimated number of branching points (3D 

NumberBifCl), maximum number of lateral roots (3D MaxR), and number of segments between 

branching points (3D EdgeNum), were substantially reduced in the mutant lines. In this study, 

we measured field-grown mature maize root crowns using imaging-based phenotyping 

technologies and obtained results in the rt1-2 mutant that were consistent with the qualitative 

descriptions of seedling root phenotypes of maize rootless monogenic mutants (reviewed by 

Hochholdinger et al., 2018).   

Table 3.1. Differences in heritable RSA phenotypes between dro1-1 and rt1-2 maize mutant lines 
and their corresponding wild-type alleles. Broad-sense heritability estimated for the SAM maize 
lines subjected to full-irrigation are presented for each phenotype, with additional estimates 
derived from the CML69 x B73 RIL population presented in parentheses. 
 

  dro1-1    rt1-2  
 H2 Mwt Mmu df t p Mwt Mmu df t p 

            

Areaa 0.43 (0.44) 8533 10086 11 1.60 0.137 10095 6917 19 -3.30 0.004* 

Areaac 0.43 (0.49) 11600 11879 12 0.25 0.809 - 13449 - - - 

WidthMeda 0.39 (0.23) 99.1 101 18 0.21 0.837 98 72.2 21 -2.62 0.016* 

WidthMedac 0.39 (0.28) 79.3 92.5 16 1.32 0.205 - 84.5 - - - 

SklWidtha 0.36 (0) 173.7 187.4 14 0.84 0.414 176.7 131.5 19 -2.42 0.025* 

SklWidthac 0.36 (0.25) 152 183 13 2.99 0.010* - 158 - - - 

RTPCounta 0.38 (0.53) 407 552 22 2.42 0.024 586 373 15 -2.34 0.033* 

RTPCountac 0.38 (0.41) 105 150 16 3.54 0.002* - 88.1 - - - 

FractalDimensionTb 0.44 1.6 1.7 21 3.11 0.005* 1.7 1.6 11 -4.53 ≤ 0.001* 

FractalDimensionSb 0.43 1.7 1.7 16 2.14 0.048* 1.7 1.7 11 -5.59 ≤ 0.001* 

HorEqDiameterb 0.41 401 521 8 3.59 0.007* 466 364 9 -5.50 ≤ 0.001* 

NumberTipsb 0.46 1637 2328 9 3.06 0.013* 2386 1225 11 -6.32 ≤ 0.001* 

NumberBifClb 0.41 4485 6284 6 2.49 0.042* 6326 4154 10 -4.22 ≤ 0.001* 

TotalLengthb 0.43 90338 117418 9 2.53 0.031* 127778 83140 11 -4.52 ≤ 0.001* 

            
Abbreviations: H2, SAM Heritability Estimate (full-irrigation); M, Mean; Wt, Wild-type; Mu, Mutant; WidthMed, 
Median Width; RTPCount, Root Tip Count; SklWidth, Skeleton Width; FractalDimensionT, Fractal Dimension 
(top-view); FractalDimensionS, Fractal Dimension (side-view); HorEqDiameter, Maximum Width; NumberTips, 
Number Tips; NumberBifCl, Number Skeleton Branching Points; TotalLength, Skeleton Root Length. 
*Welch test is statistically significant at p ≤ 0.05 
aDIRT 
bRCAP 
 

Mutant screens of the dro1-1 maize lines demonstrated variation in the root system size 

and horizontal spread (Table 3.1). Across these individuals, the mutant exhibited significantly 
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higher trait averages (p < 0.05) for 2D and 3D root branching characteristics, including root tip 

count (2D RtpCount), 3D NumberBifCl, and 3D EdgeNum. The mutant allele also conferred a 

higher width-to-depth ratio compared to the wild-type, with significant differences (p < 0.05) in 

the genotype averages for 3D HorEqDiameter, root length (3D TotalLength), and width-to-depth 

ratio (3D WDRatio). Although the differences in 2D SklWidth were not statistically significant 

between the mutant and wild-type lines, increasing the number of root crown images from single 

to multi-view enhanced the ability to detect significant associations with this trait. As further 

evidence of the utility of the 2D multi-view imaging as a phenotyping method, Figure 3.8 depicts 

the genotype averages of root width associated with the 2D, 2D multi-view, and 3D imaging 

approaches and feature extraction, wherein 2D and multi-view imaging were represented by 2D 

SklWidth (DIRT) while 3D imaging was represented by 3D HorEqDiameter (RCAP). All three 

estimates of root width demonstrated similar relationships among genotypic averages. We found 

that capturing more of the phenotypic space improved the genotypic estimations in monogenic 

maize mutants. These trait patterns correspond to established phenotypic characterizations of 

root gravitropism associated with the Deeper Rooting 1 gene found in maize (Feng et al., 2022) 

and rice cultivars (Uga et al., 2013). 
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Figure 3.8. Comparison of average RSA trait values for a single-gene perturbation across three 
distinct imaging and analysis pipelines. (A) Average root width ± SE between the maize mutant 
line dro1-1 and its corresponding wild-type allele line “W22.” The feature extraction of root 
width via DIRT for 2D and octagon platforms was “SklWidth” and via RCAP for the 3D 
platform was “HorEqDiameter.” Significant differences between the mutant and wild-type 
comparisons are indicated by asterisks (*), with p ≤ 0.05. (B) A simplified schematic of the 
relative amount of root crown data captured by each imaging platform. 
 

Our analysis of mutational covariance in the rt1-2 and dro1-1 maize lines revealed strong 

evidence for pleiotropy among the 3D RSA phenotypes. A two-way MANOVA demonstrated a 

A 

B 
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significant effect of genotype [Pillai’s Trace = 0.50, F(2, 68) = 5.63, p < 0.001] on 3D 

HorEqDiameter and Depth, accounting for genetic background. Comparison of mutants between 

the gene models showed different patterns of covariation, with dro1-1 showing a significant 

negative correlation between the two traits (r = -0.81, p < 0.05), whereas rt1-2 displayed no 

evidence of phenotypic correlation (r = 0.02, p = 0.96). This trade-off between root width and 

depth aligns with our prediction for the dro1-1 mutant phenotype, which is characterized by a 

shallower root system with greater horizontal spread (Uga et al., 2013). There was also a 

significant effect of genotype [Pillai’s Trace = 0.56, F(4, 68) = 6.65, p < 0.001] on 3D 

NumberBifCl and 3D Volume. The rt1-2 mutant allele lines showed a significant positive 

correlation (r = 0.90, p < 0.01), indicating that as root size increases, the number of branching 

points also increases. In contrast, the dro1-1 mutant allele lines exhibited a nonsignificant 

negative correlation (r = -0.34, p = 0.65). Given that root volume can be a good proxy for 

"biomass" in digital phenotyping (Shao et al. 2021), we estimated the correlation between root 

biomass (g) and 3D NumBifCl to assess the precision of 3D measurements in estimating 

mutational covariances. The results were consistent, with the rt1-2 showing a strong positive 

correlation between root biomass and 3D NumBifCl  (r = 0.83, p < 0.05), whereas the dro1-1 

mutants exhibited a weak negative correlation (r = -0.87, p = 0.73). 

Discussion 

In this study, we evaluated multiple phenotyping and analytical frameworks for 

quantifying RSA in mature maize root crowns across three field experiments. Our primary 

objectives were to assess how different quantitative measurements of RSA describe the broader 

root phenome and to determine the significance of this information for mapping genotype-

phenotype relationships. Specifically, we examined their roles in the genome-wide identification 
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of genetic loci controlling RSA and in phenotypic characterization of genes known to influence 

root development. Our results demonstrated that increasing the number of rotational viewpoints 

in 2D imaging improved RSA heritability estimates and genotype-to-phenotype mapping, 

compared to single images. Additionally, our findings support the use of multivariate traits as an 

effective method to quantify complex RSA phenotypes and identify putative pleiotropic loci that 

are often missed by canonical univariate approaches. Overall, our phenomic and genome-wide 

analyses revealed that the 3D RSA phenotypes accounted for the largest proportion of phenotypic 

variation and the corresponding genetic loci. This finding was further supported by the analysis 

of maize root development mutant lines, dro1-1 and rt1-2, whose phenotypic annotations aligned 

with previous qualitative descriptions that were not captured by the 2D single-view approach. 

However, measurements of RPF from the 2019 maize panel also exhibited higher heritability 

estimates and demonstrated strong correlations with 3D phenotypes—suggesting that this 

method may serve as a more accessible alternative for large-scale field phenotyping 

The field of phenomics aims to enhance our understanding of genotype-phenotype maps 

through the systematic capture of whole-organism phenotype information and multidimensional 

data analysis (Houle et al., 2010). Research in this domain has expanded the plant phenome and 

identified new loci and gene models that underlie it (Li et al., 2018; Li et al., 2024; Ubbens et al., 

2020). Our findings contribute to these broader efforts by demonstrating how diverse RSA 

phenotyping methods under different environmental conditions inform the understanding of 

genotype-phenotype relationships. Heritability estimates, as shown by previous research, can 

fluctuate based on measurement method and environmental conditions, with lower heritability 

often observed in less favorable environments (Hill et al., 1983; Hoffmann et al., 1999; 

Macgregor et al., 2006; Roff et al., 1997). Our study using the SAM maize lines revealed higher 
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broad-sense heritability for RSA phenotypes in low-stress environments, alongside observable 

differences between 2D and 3D phenotyping approaches. Specifically, 2D imaging and feature 

extraction, while commonly utilized as an accessible and relatively straightforward approach, 

captured less variation and resulted in lower heritability estimates under irrigated conditions (H2 

= 0.12 ± 0.15) (Figure 3.4). Despite its limitations, the 2D multi-view approach represents a 

readily implementable improvement for addressing genetic hypotheses, especially when 

investigating RSA traits implicated in asymmetry, such as root width, angle, and branching 

patterns. However, additional work is needed to optimize the integration of multi-view data into 

consolidated phenotypic values, as simple averages across images may not accurately represent 

the 3D root system. 

Advances in 3D imaging technology have significantly enhanced our ability to 

interrogate root systems and capture the complexity of RSA in agricultural systems (Li et al., 

2023; Liu et al., 2021; Jung et al., 2013; Shao et al., 2021; Topp et al., 2013; Morris et al., 2017; 

Dowd et al., 2022; Mattupalli et al., 2018). Our study reinforced this by demonstrating that 3D 

measurements not only provided detailed insights at the phenome level, but also revealed a 

greater capacity to detect significant variations in both genome-wide and single-gene analyses. 

PCA of SAM maize lines revealed substantial phenotypic variation driven by 3D phenotypes, 

particularly those linked to root size, distribution, and density (Figure 3.3A). These results were 

further validated by XRT scans of the root crowns, as the root models visually reflected size 

variations along PC1 and density variations along PC2, consistent with the vectors in the PCA 

biplot (Figure 3.3B). Our genome-wide association analyses identified the largest number of 

RSA-associated loci using 3D phenotypes, with these loci showing higher average PVE values 

than 2D, RPF, and multivariate traits (Figures 3.5 and 3.6). Notably, mutant lines such as dro1-1 
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and rt1-2 highlighted the ability of 3D phenotyping to capture root allocation trade-offs, 

consistent with their previous qualitative descriptions, revealing putative pleiotropic effects of 

the perturbed genes (Figure 3.8; Table 3.1) (Feng et al., 2022; Hochholdinger et al., 2018; 

Jenkins, 1930; Uga et al., 2013). 

Although 3D phenotyping offers substantial advantages for genome-wide studies of RSA 

in maize, its widespread application is often constrained by its associated overhead costs and 

training. In contrast, RPF measurements, which demonstrate high heritability and strong 

correlations with 3D phenotypes, may serve as a more accessible method for quantifying RSA 

for large-scale field phenotyping (Shao et al., 2021; Woods et al., 2022). However, the suitability 

of its application varies depending on the system, root archetype, and experimental design. 

Contrary to our expectations, genome-wide association analyses revealed numerous SNPs 

associated with lower heritable 3D phenotypes that co-located with RPF yet explained a higher 

proportion of phenotypic variance for each bin (Figure 3.6). Based on the quantitative genetic 

theory, we hypothesized that the genetic architecture of RPF may be more polygenic in nature, 

with many genes contributing to small effects (Fisher, 1919, 1930). In contrast, the larger PVE 

values found among information-rich 3D phenotypes could be controlled by fewer loci with 

larger effects. Genome-wide associations with RPF could have also been confounded by non-

additive genetic variation, as estimates of broad-sense heritability reflect the total genetic 

variation comprising additive, dominance, and epistatic effects (Lynch & Walsh, 1998). 

Complex phenotypes in biological organisms emerge from interactions and contributions 

of individual traits. A common approach to studying the genetic underpinnings of these 

phenotypes involves using data reduction techniques, such as principal components (PCs), to 

generate ‘composite traits’ (Hotelling, 1933; Klei et al., 2008; Li et al., 2023; Rice et al., 2020; 
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Topp et al., 2013). Our study utilized 2D and 3D multivariate phenotypes derived from PCA to 

test for genome-wide associations. We found that these phenotypes, particularly PC1, had strong 

positive associations with root biomass accumulation (Figure 3.7). Additionally, the loci 

identified by multivariate phenotypes were primarily located within regions that were also 

associated with individual traits (Figure 3.5). Notably, the combination of individual traits for 

these regions reflected both the correlated (e.g., 3D PC2 and 3D root density traits) and 

orthogonal (e.g., 2D PC1 and 2D AvgDensity) phenotypic relationships observed in the PCA 

(Figure 3.3A; Figure 3.6). One explanation for these patterns is that similar and distinct elements 

of maize root architecture are controlled by the same genes, which is indicative of a pleiotropic 

genetic architecture. Although multivariate phenotypes do not directly provide biological insights 

into pleiotropic loci, they are advantageous for elucidating the relationships between low- and 

highly heritable traits at a given locus, which are often missed by univariate approaches (Rice et 

al., 2020). These results further demonstrate that the multivariate approach has the power to 

replicate univariate results, reinforcing its value in forward genetic studies (Rice et al., 2020; 

Topp et al., 2013). 

Understanding the genetic and molecular mechanisms that regulate root system 

development and architecture is critical for enhancing plant resilience to environmental stress, 

improving resource use efficiency, and supporting ecosystem services such as soil stabilization 

and carbon sequestration. Historically, much of our understanding of this area has been limited to 

studies in controlled environments, focusing on seedlings or model systems. This has created a 

gap in our ability to study complex, mature root systems in agronomic environments, primarily 

because of the lack of appropriate phenotyping tools and analytical methods. Our research 

addressed this by applying advanced RSA phenotyping frameworks to mature maize root 
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crowns, revealing that capturing multidimensional data, such as through 2D multi-view, 3D 

phenotyping, and multivariate approaches, significantly improves the precision of phenotype-

genotype mapping. These findings underscore the importance of employing complementary 

approaches to fully explore the phenotype-genotype gap. However, it is worth noting that the 

relationship between phenotyping methods and their effectiveness is not necessarily static. As 

feature extraction technologies—such as AI-based tools, topological data analysis, and advanced 

3D graphics—continue to evolve, the potential for capturing more comprehensive and accurate 

root phenotypes will grow. Therefore, future research should not only build on current methods 

but also remain adaptable, integrating cutting-edge technologies to further refine our 

understanding of the root phenome and its genetic drivers under diverse agricultural conditions. 
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CHAPTER 4 
 
 
 

S-TYPE ANION CHANNEL HOMOLOGUE (ZMSLAH) REGULATES ROOT-TO-SHOOT 

PHENOTYPIC PLASTICITY AND NITROGEN CAPTURE IN MAIZE 

 

 

 

Summary 

Root systems are complex, consisting of numerous individual root phenotypes, each 

influenced by distinct genetic factors and interactions with the surrounding environment. 

Therefore, measurements of root systems grown under field conditions are essential for detecting 

genotype-by-environment interactions (G × E) in mapping studies, as root phenotyping under 

controlled conditions may yield adaptive values and effect sizes that are not translatable to 

agronomic environments. Genome-wide association mapping identified Zm00001eb159490 as a 

putative S-type anion channel homologue (ZmSLAH) and gene regulator of maize (Zea mays L.) 

root system size. Using 3D phenotyping techniques, we found that the allelic variation at 

ZmSLAH exhibited constitutive differences in root architecture among genotypes in low-stress 

environments across the 2018 and 2019 field seasons. A mutator (Mu) transposon was identified 

in the coding sequence of ZmSLAH and used to generate a maize population that segregates for a 

loss-of-function mutation in the W22 genetic background. Field evaluations of wild-type and 

mutant plants grown under high- and low-nitrogen conditions revealed contrasting patterns in 

root architecture, nitrogen capture, and biomass accumulation. We further found that the wild-

type plants had greater biomass accumulation and leaf nitrogen content under nitrogen-limited 

conditions compared to the mutant plants. Additional functional genetics will be used to 

characterize the molecular basis of ZmSLAH through heterologous gene expression and 
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electrophysiological analyses in Xenopus oocytes. Based on these findings, we report ZmSLAH 

as a gene modulator of plant responses to edaphic stress in maize. 

Introduction 

The global population is projected to reach 9.7 billion by 2050, placing unprecedented 

pressure on agricultural systems to meet rising food demands (UN DESA/POP, 2024). 

Simultaneously, arable land is diminishing due to urbanization, soil degradation, and climate 

change, necessitating innovative approaches to enhance crop productivity (FAO, 2023; Pretty, 

2008). Maize (Zea mays L.), as one of the world's most important cereal crops, plays a crucial 

role in addressing these challenges. Root traits are major targets for the second green revolution 

because of their potential to improve crop productivity, increase drought tolerance, and increase 

capture of carbon in the soil (Kell, 2013; Lynch, 1998). Therefore, a deeper understanding of the 

genetic and environmental drivers of maize resource utilization in root systems and the genetic 

and environmental drivers is essential for future breeding efforts aimed at improving crop 

resiliency in production environments.  

Phenotypic plasticity is generally referred to as the ability to which individuals sense and 

respond to the environment (Falconer, 1990; Pigliucci, 2001). This variation at the population-

level, known as genotype-by-environment interactions (G × E), is heritable and can evolve 

through selection  (Agrawal, 2001; Bradshaw, 2006; DeWitt et al., 1998; Lynch & Walsh, 1998; 

Sultan, 2000). Large-scale phenomic efforts have greatly improved our ability to map phenotype-

genotype relationships and identify G × E in maize. For example, the Maize G × E Project, part 

of the Genomes to Fields (G2F) initiative, has measured maize hybrid phenotypes across diverse 

North American environments (www.genomes2fields.org). As an ongoing experiment, it 

provides a unique platform for investigating phenotypic plasticity and adaptation (Gage et al., 
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2017). However, these efforts have largely neglected belowground phenotypic variation, as field 

phenotyping remains a major bottleneck in scaled experiments.  

Root system architecture (RSA) and function are key determinants of plant fitness, 

serving as the primary site for soil resource acquisition, anchorage, and microbial interactions. 

Specific root traits, such as root growth angle, root biomass, and depth, have been shown across 

crop species to facilitate the capture of mobile nutrients, such as water and nitrate (NO₃⁻), as well 

as immobile nutrients, such as phosphorus, potassium, and micronutrients, in distinct soil 

domains (Bonser et al., 1996; Lynch et al., 2013; Saengwilai et al., 2014; Schneider & Lynch, 

2020; Schneider et al., 2022; Trachsel et al., 2013). For example, shallower root systems with 

more horizontal growth angles are better suited for accessing immobile nutrients that are more 

abundant in the upper soil layers, whereas deeper root systems with steep growth angles are 

advantageous for capturing mobile nutrients that tend to accumulate in deeper soil layers over 

time. When these phenotypic changes occur in response to resource availability, this can be 

described by the functional equilibrium theory (Poorter et al., 2012). The theory of functional 

equilibrium, also known as optimal partitioning theory, postulates that plants regulate the 

distribution of carbon between roots and leaves based on soil resource availability. This process 

ensures that plant resources are allocated to organs responsible for acquiring the limiting 

resource, demonstrating active plasticity (Brouwer, 1962; Lambers, 1983). Through active 

plasticity, plants modulate their morphology or physiology to optimize resource utilization in 

their environment.  

Forward genetic studies have identified numerous quantitative trait loci (QTL) associated 

with RSA in maize, but validation of candidate gene function under agronomic conditions is still 

needed. A more recent example is the work by Schneider et al. (2022), who identified ZmCIPK15 
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as a regulator of maize root crown angle under field conditions. Their study showed that 

differences in the growth angle of ZmCIPK15 mutant plants grown under nitrogen-limited 

conditions led to greater nitrogen acquisition and increased plant biomass compared with wild-

type plants, suggesting an adaptive response aimed at improving nitrogen capture (Trachsel et 

al., 2013). Previously, we identified the gene Zm00001eb159490, which encodes a putative 

slow-type anion channel (SLAC), as a potential regulator of root system size through field-based 

measurements of root pulling force (RPF). This candidate was detected to have a significant 

effect of G × E in a diverse population of maize inbred lines subjected to differential irrigation in 

2018. SLAC1 (slow anion channel-associated 1) and its homologues (SLAH2, SLAH3, SLAH4) 

are primarily responsible for controlling the transport of anions, particularly chloride (Cl⁻) and 

NO₃⁻. SLAC1 regulates these ions in guard cells, facilitating stomatal closure, while SLAH 

channels are involved in NO₃⁻ and Cl⁻ uptake in the roots and their translocation to the shoots 

(Dreyer et al., 2012; Geiger et al., 2011; Negi et al., 2008; Vahisalu et al., 2008). Notably, 

research has shown that SLAC1 coordinates signals from CO₂, abscisic acid (ABA) , water 

stress, and nutrient availability via distinct protein kinase pathways (Geiger et al., 2009; Müller 

et al., 2017; Sun et al., 2016). Nevertheless, our understanding of S-type anion channel 

functionality in maize remains limited. 

In this study, we posited that the alternative states of the candidate gene (ZmSLAH) lead 

to varying signals of nutrient deprivation and supplementation, which would subsequently 

influence distinct root growth patterns in field-grown maize. The goal of this study was to 

provide functional evidence for ZmSLAH as a gene regulator of root system size and nitrogen 

capture in maize. We sought to achieve this by utilizing (i) a maize mapping population and 3D 
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phenotyping techniques to identify constitutive RSA QTLs and (ii) a maize population 

segregating for a loss-of-function mutation in the ZmSLAH gene model. 

Materials and Methods 

GWAS Follow-up Study 

We followed up on the 2019 genome-wide association study (GWAS) conducted in 

Chapter 3 to identify constitutive root QTLs co-located with our candidate gene using 3D root 

models. To review, GWAS was performed using 99 3D RSA phenotypes and 312 inbred lines 

from the shoot apical meristem (SAM) maize diversity panel using the GAPIT implementation 

of FarmCPU (Leiboff et al., 2015; Lipka et al., 2012; Liu et al., 2016). The 3D RSA 

measurements, reported as genotype averages, were obtained using X-ray computed tomography 

(XRT) and a custom image processing and feature extraction pipeline (Donald Danforth Plant 

Science Center, St. Louis, MO, USA), as previously described (Shao et al., 2021), referred to as 

the Root Crown Analysis Pipeline (RCAP).  

Our study focused on a 1-Mb genomic region centered at the position of the original v2 

SNP (chr3:217,665,275) that identified the candidate gene. QTLs that were identified within this 

genomic region were considered to be co-located and were further evaluated in parallel with the 

polymorphism at our candidate gene for their post hoc effects on RPF and 3D RSA in the 2019 

field experiment. Linear models were fitted for treating SNP, treatment, and SNP-by-treatment 

interactions as fixed effects. The population structure among genotypes was controlled in each 

model by treating the first three principal components of genotype PCA as individual fixed 

effects. Statistical testing was performed using a type II two-way analysis of variance (ANOVA), 

followed by post hoc Tukey’s honestly significant (HSD) test to assess multiple comparisons of 

means at a significance threshold of 0.05 using R/car (Fox & Weisberg, 2019). 
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Plant Materials  

Seeds of sib-pollinated F3 plants for the UFmu-01876 line, from the UniformMu 

transposon insertion population (McCarty et al., 2005) were obtained from the Maize Genetics 

Cooperation Stock Center (MGCSC, Urbana, IL). Plants were backcrossed to the W22 wild-type 

(MGCSC stock number X17EA), and the resulting plants were self-pollinated to develop a BCF3 

population of lines segregating for the insertion mu1014502. 

Characterization of the Insertion Location 

Genomic DNA was extracted from lyophilized leaf tissue of individual plants across 

generations to determine the presence and insertion locations of mutator (Mu) elements in the 

W22 gene model Zm00004b019600. PCR was conducted using gene-specific primers (5’-

GTCTCTATACCCCTGCGTGC-3’) and (5’-AGATCTTGGAGTCCGGGGAT-3’), in 

combination with the Mu terminal inverted repeat specific primer TIR6 described by Settles et al 

(2004). Primer oligos were procured from Integrated DNA Technologies, Inc. (Coralville, IA, 

USA).  Sanger sequencing of the amplicons was performed by Azenta, Inc. (Burlington, MA, 

USA) to determine the location of the insertion. Preliminary protein analyses involved querying 

homology using blastp at NCBI (http://www.ncbi.nlm.nih.gov/blast/) and predicting domains 

using InterProScan (Paysan-Lafosse et al., 2023). Phylogenetic tree construction for 

Zm00004b019600 was performed using the Ensembl Compara Gene Tree tool in the Gramene 

database (Tello-Ruiz et al., 2016; http://www.gramene.org; Gramene database release 4; August 

13, 2024). 

Experimental Design 

Maize mutant and wild-type allele lines were evaluated at the Colorado State University 

Agricultural Research Development and Education Center in Fort Collins, CO, USA (40.653 N, -

http://www.ncbi.nlm.nih.gov/blast/
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104.993 W) over two consecutive years (2023-2024). Each year, the seeds were sown in mid-

May at a 22-cm spacing in replicated single row, 6.1-meter plots with a row spacing of 76 cm. 

Throughout the growing season, the plots received approximately 2.5 cm of weekly irrigation 

and were regularly hand-weeded.  

A preliminary field study was conducted in the summer of 2023 to evaluate the effects of 

genotype on maize RSA under normal conditions. Fertilizer was applied according to the 

recommendations for a targeted yield of 200 bu/ac, amounting to 170 lb/ac N prior to planting. 

Plants were harvested and phenotyped during the mid-flowering stage, approximately 14-weeks 

after planting.  

A replicated nitrogen stress experiment was conducted in the summer of 2024 with three 

field replicates of mutant and wild-type genotypes per treatment (high N and low N). Plots in the 

high N treatment were fertilized at the same rate as in the previous year, receiving 170 lb/ac N 

prior to planting. For the low N treatment, fertilizer application was withheld for the duration of 

the experiment. Plants were harvested and phenotyped during the mid-flowering stage, 

approximately 12-weeks after planting.  

Mutant Phenotyping 

Intact whole-root systems of mutant and wild-type maize genotypes were extracted from 

the soil using a combination of nondestructive excavation methods. In the 2023 field study, we 

used a custom-built, specialized root-pulling device (CZero Inc., Fort Collins, CO, USA) and 

attached it to a high-clearance tractor. This mechanical pulling device uses a camera to identify 

maize stalks and then vertically extract the plants from the soil. During the extraction process, 

the load cell measured the applied vertical force, and the maximum force was denoted as the 

RPF. Similar to the handheld force gauge measurements, the RPF recorded by the mechanical 
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root puller was measured in kg. Concurrently, additional roots were extracted manually by 

shoveling. Following excavation, root crowns collected from both studies were hand-washed 

with water and air-dried by hanging. After air-drying to a constant weight, shoot and root 

biomass were recorded in grams.  

Image-based RSA phenotyping was performed on excavated maize root crowns to obtain 

a comprehensive dataset of 154 RSA measurements. In both years, two-dimensional (2D) root 

imaging was conducted by vertically suspending the root samples in front of a black backdrop 

and capturing images using a DSLR camera. These images were processed and analyzed for RSA 

features using 2D DIRT image analysis software (Das et al., 2015). In the following field season, 

we introduced a 3D root imaging and analysis pipeline using XRT and RCAP to analyze RSA 

variation in mutant and wild-type maize lines (Donald Danforth Plant Science Center, St. Louis, 

MO, USA), as previously described (Galkovskyi et al., 2012; Topp et al., 2013). 

We performed nitrogen elemental analysis to determine the effect of genotype and 

environmental nitrogen on leaf nitrogen allocation across individuals during mid-flowering in the 

2024 experiment. Leaf samples were collected from three representative plants in each plot. A 

tissue punch was used to obtain 10 individual ¼-inch disks from the topmost fully expanded leaf 

of each plant. These leaf samples were placed in 2-ml microcentrifuge tubes and transported on 

ice, where they were immediately lyophilized for 48 h. Following lyophilization, the samples 

were pulverized, and the nitrogen concentration was measured using an elemental analyzer 

(LECO TruSpec CN). 

Statistical Analysis 

Statistical analyses were performed using R version 4.3.0 (R Core Team, 2023). 

Phenotypic data were collected from genotyped individuals across homozygous wild-type and 
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mutant genotypes, two nitrogen treatments (high N and low N), and two field seasons (2023 and 

2024). For each year, trait outliers were identified and excluded based on visual comparison of 

the mean and median values within each treatment/genotype combination. In the 2023 field 

study, average genotype values were estimated across replicates. Statistical comparisons among 

average genotype values were performed using two-sample t-tests at a significance threshold of 

0.05 in R/car (Fox & Weisberg, 2019). In the 2024 experiment, we performed a type III two-way 

ANOVA to test the effects of genotype, treatment, and their interactions on average trait values 

using a significance threshold of 0.05 in R/car (Fox & Weisberg, 2019). The data structure was 

assessed for normality using diagnostic plots to ensure that it met the ANOVA assumptions 

before testing. For each model containing significant fixed effects, post hoc Tukey’s tests were 

performed to assess the significance of differences among the genotypes at each treatment level. 

Results 

Mu transposon induces loss-of-function mutation in maize SLAC1-like domain 

Woods et al. (2022) identified Zm00001eb159490 as a candidate gene for regulating root 

system size. This RPF-associated polymorphism was a synonymous polymorphism (C/T) located 

within an exon of the v2 (chr3:217,665,275) and v5 (chr3:223,191,889) B73 gene models. In our 

study, further evaluation of this gene candidate was conducted using the W22 genetic 

background (Zm00004b019600), which differs from the B73 reference. This candidate gene was 

one of 14 W22 maize paralogs and showed protein sequence similarities to Arabidopsis 

[Arabidopsis thaliana (L.) Heynh.] genes AtSLAH2 and AtSLAH3, at 57.54% and 60.91%, 

respectively (Figure 4.1A). Protein sequence analysis predicted that this region in maize is a 

highly conserved Tellurite-resistance/Dicarboxylate Transporter (TDT) SLAC1-like domain 
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(residues 256-558; cd09323) within the SLAC/SLAH protein family (residues 173-584; 

IPR030183) (Figure 4.1B).  

 

Figure 4.1. ZmSLAH gene model and sequence homology. (A) Phylogenetic tree showing the 
relationship between the maize gene Zm00004b019600 (highlighted in red), its closely related 
paralogs in the W22 genetic background (highlighted in blue), and homologs in Arabidopsis 
thaliana. The amino acid alignment to Zm00004b019600 is displayed to the right of the gene 
IDs, color-coded with green bars to indicate aligned regions. (B) Schematic representation of the 
exon-intron structure of ZmSLAH (Zm00004b019600) and the conserved TDT-SLAC1-like 
domain on chromosome 3. The conserved SLAC1/SLAH protein domain and protein family 
alignment are shown above. The Mu transposon insertion site (mu1014502) is marked by a blue 
triangle. 
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We obtained a maize mutant line, ZmSLAH (UFmu-01876), using a Mu transposon 

insertional mutation in Zm00004b019600, to generate a population of maize mutant and wild-

type lines homozygous for ZmSLAH. This population was used to study the effects of the 

insertion on root development and its biological function in relation to its Arabidopsis homologs 

under field conditions. The presence of the insertion was confirmed by PCR and subsequently 

verified by Sanger sequencing. The size and position of the insertion were found to be 

approximately 3,000 bp in length, located within the first exon of the v2 W22 genome 

(chr3:226,299,935 - chr3:226,299,965; see Figure 4.1B) and within the second exon of the v5 

B73 genome(chr3:223,191,719 - chr3:223,191,749). Genotyping and selection of homozygous 

ZmSLAH lines were performed in each generation until field testing. 

GWAS analysis identifies a QTL co-located with ZmSLAH using 3D root features 

Our FarmCPU GWAS model identified a single SNP positioned at chr3:217,841,675 that 

was significantly associated with 3D Density S6, a measure of root system density, under full 

irrigation. This SNP was located within an intergenic region approximately 176-kb upstream of 

the RPF-associated polymorphism at chr3:217,665,275. For both SNPs, post hoc ANOVA was 

conducted to assess the effects of SNP, treatment, and SNP-by-treatment interactions on RPF and 

3D Density S6. The alternate allele at chr3:217,665,275 was found to be significantly associated 

(p < 0.05) with a higher RPF in the wet treatment, accounting for 12.32% of the phenotypic 

variance. Similarly, the polymorphism at chr3:217,841,675 was observed to have a significant 

effect of SNP on 3D Density S6, where the effect size of the alternate allele was greater in the 

wet environment, explaining 11.80% of the phenotypic variance. Although RPF and 3D Density 

S6 displayed weak phenotypic correlations (Spearman's r = -0.24), our analyses were able to 
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detect evidence of phenotypic plasticity at two proximal SNPs associated with RSA variation 

(Figure 4.2).  

 

Figure 4.2. Reaction norms of RPF and 3D Density S6 BLUPs from 2019 mid-flowering 
measurements for lines with contrasting alleles at (A) SNP1 [v2 chr3:217,665,275] and (B) 
SNP2 [v2 chr3:217,841,675] across differential irrigation (mean ± SE). *Indicates a significant 
difference, p < 0.05. 
 
ZmSLAH affects whole-plant-level phenotypic plasticity in response to environmental nitrogen 

We evaluated the phenotypes of maize homozygous mutant and wild-type allele lines in a 

replicated nitrogen stress experiment under field conditions. Variance analysis revealed 

significant genotype effects on leaf nitrogen content (p < 0.05) and a nearly significant genotype-

by-environment (G × E) interaction [F(3, 68) = 3.42, p = 0.069]. In the low N treatment, wild-

type plants had a 7.61% higher leaf nitrogen content than mutant plants (Figure 4.3A). 

A 

B 
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Additionally, significant genotype effects were observed for both root and shoot biomass across 

nitrogen treatments (p < 0.05). On average, wild-type plants exhibited approximately 25.2% 

greater root biomass and 21.3% greater shoot biomass than mutant plants across treatments 

(Figure 4.3C-D). However, both genotypes showed a non-significant reduction in root-mass-ratio 

(RMR) when shifting from high to low N conditions (Figure 4.3B). Tukey’s post hoc multiple 

comparisons confirmed that the genotypes differed significantly for root and shoot biomass traits 

(p < 0.05). These results suggest that ZmSLAH contributes to systemic biomass accumulation and 

nitrogen capture, particularly under low N conditions. 

 

Figure 4.3. Phenotypic differences between ZmSLAH mutant and wild-type allele lines from the 
2024 mid-flowering measurements of (A) leaf nitrogen content (%), (B) root-mass-ratio (RMR), 
(C) root biomass (grams), and (D) shoot biomass (grams). Significance levels: ‘.’p < 0.10, *p < 
0.05, **p < 0.01 
 

A B 

C D 
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Measurements of RSA in wild-type and mutant plants revealed contrasting root growth 

patterns under high and low N conditions (Figure 4.4A). Mutant plants had higher global RSA 

trait values than wild-type plants under high N conditions. These results aligned with preliminary 

data from the previous field season, in which mutant plants showed higher average RPF (mean = 

137 kg, SD = 31 kg) than wild-type plants (mean = 101 kg, SD = 32.3 kg) in the same 

environment. This variation was reflected in the 2D and 3D measurements of the RSA, where the 

mutant plants under high N conditions exhibited on average increased root width and number of 

root tips compared to the wild-type plants  (Table 4.1). A significant genotype effect (p < 0.05) 

was detected for 2D root tip count, but this finding was not corroborated by 3D imaging data. 

The limited sample size and unequal genotype representation in the preliminary study likely 

confounded these results. Phenotypic variation in RSA between genotypes was larger in the low 

N treatment compared with the high N treatment. In Figure 4.4B, mutant plants demonstrated a 

consistent reduction in standardized average trait values (Z-scores) from high to low N 

conditions, whereas wild-type plants displayed a consistent increase in trait values, with less 

variability across treatments. Although variance analyses did not identify statistically significant 

differences in genotype or G × E effects (p > 0.05), they were indicative of root system plasticity 

in response to nitrogen stress. 
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Figure 4.4. RSA plasticity among ZmSLAH mutant and wild-type allele lines for plants harvested at mid-flowering in the 2024 
nitrogen stress field experiment. (A) Images of representative maize root crowns across genotypes and nitrogen treatments. (B) Bar 
plot comparing average standardized (Z-score) RSA trait measurements obtained through 2D imaging and DIRT feature extraction 
between genotypes and nitrogen treatments (mean ± SE). DIRT abbreviations: 2D Area, Area; 2D Depth, Skeleton Depth; 2D Number 
Tips, Root Tip Count; 2D Width, Maximum Width. 

A 

A B 
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Table 4.1. Genotypic differences in root system architecture (RSA) phenotypes between 
ZmSLAH maize mutant and wild-type lines grown under normal field conditions in 2023. 

  Wild-type Mutant  
  M SD M SD df t p 

         

Physical Traits 
Root Biomass (g) 18.8 8.15 22.3 7.51 25 1.29 0.208 

RPF (kg) 100.57 38.89 137.04 29.38 7 2.09 0.071 
         

2D
a 

Imaging 

Traits 

Area 8074 1991 9286 1978 21 -1.76 0.093 
Width 162.54 23.4 173.17 36.7 32 -1.09 0.285 
Depth 227.80 50.1 236.99 49.4 20 -0.53 0.601 

Number Tips 272 108 410 199 27 -2.44 0.021* 
         

3D
b
 Imaging 
Traits 

Area 855.43 101 786.52 97.6 27 2.00 0.055 
Width 387.66 76 425.07 52.3 21 -1.61 0.123 
Depth 2111068 505245 1994004 454351 25 0.70 0.499 

Number Tips 1687.36 380 1703.76 423 30 -0.12 0.906 
         

Abbreviations: M, Mean; SD, Standard Deviation; RPF, Root Pulling Force; 2D Width, Skeleton Width (SklWidth); 
2D Depth, Skeleton Depth (SklDepth); 2D Number Tips, Root Tip Count (RTPCount), 3D Area, Surface Area 
(SurfArea); 3D Width, Maximum Width (HorEqDiameter) 
*Welch test is statistically significant at p ≤ 0.05 
aDIRT 
bRCAP 
 

Heterologous gene expression and electrophysiological analysis of ZmSLAH paralogs in 

Xenopus oocytes: Further investigation of the function of ZmSLAH in maize nutrient signaling  

In Winter 2024, we will report a novel characterization of the molecular function of 

ZmSLAH using in vitro assays in the laboratory. Oligo DNA strings were synthesized from the 

cDNA sequences of v2 B73 (Zm00001eb159490) and W22 (Zm00004b019600). The cDNAs 

were extended with 5’-GGCTTAAT-3’ before the start codon and 5’-ATTAAACC-3’ after the 

stop codon. These sequences were cloned into Xenopus oocyte expression vectors (pGEM) using 

a uracil-excision-based cloning technique, as described by Nour-Eldin et al. The dependence of 

channel properties were tested through the co-expression of W22/B73 ZmSLAH with different 

activating kinases, such as calcineurin B–like (CBL) calcium sensors and their interacting 

protein serine-threonine protein kinases (CIPKs), and AtSLAH1 (At1G62280). For the double-

electrode voltage-clamp studies, oocytes were perfused with Tris/Mes-based buffers composed of 
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NaCl and NaNO₃, testing for anion selectivity at different concentrations and cytosolic pH 

values. Electrophysiological measurements were recorded according to protocols established in 

the literature (Lehmann et al., 2021; Maierhofer, Diekmann, et al., 2014; Maierhofer, Lind, et al., 

2014). Data collection, analysis and interpretation are currently in progress and will not be 

included as a result in this chapter. 

Discussion 

In Chapter 3, we demonstrate that 3D RSA phenotypes and low-stress environments 

capture the largest proportions of phenotypic and genotypic variation in our maize mapping 

population. Building on this, we sought to determine whether the QTL associated with RPF in 

2018 (i.e., ZmSLAH) was constitutive across years and treatments using 3D imaging techniques. 

Although the genome-wide analysis in 2019 did not reveal a significant association between 

ZmSLAH and RPF, post hoc tests found a significant genetic effect on the wet treatment, which 

was consistent with our 2018 findings. Additionally, a SNP located approximately 176-kb 

upstream of ZmSLAH, which segregated for 3D Density S6 (representing the densest root on a 

scale from S1 to S6), also showed a significant association in the wet environment. Shao et al. 

(2021) reported that variations in root density distributions, particularly for 3D Density S5, 

accounted for the largest proportions of both environmental and genotypic variance, whereas 

RPF, though moderately heritable, explained a comparatively lower proportion of variance. 

Consistent with the findings of Shao et al., we found weak correlations between RPF and 3D root 

density traits. However, the observation that both RPF and 3D Density S6 exhibited allele-

specific root plasticity at the same QTL suggests a shared genetic mechanism influencing distinct 

aspects of root architecture across differential irrigation (Figure 4.2). These results indicate that 

the additive genetic variation at this QTL confers significant changes in mature maize RSA in 
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low-stress environments. Additional field evaluations using diverse maize lines will be essential 

to further investigate the additive genetic variation at this QTL and its role in modulating root 

growth responses to varying nitrogen environments. 

In the present study, we aimed to provide functional evidence of ZmSLAH as a regulator 

of root system size and nitrogen capture in maize. Protein sequence analysis confirmed sequence 

identities similar to AtSLAH2 and AtSLAH3 and a conserved SLAC1-like domain. The 2019 

GWAS identified a significant SNP located 176-kb upstream of ZmSLAH that was associated 

with 3D root system density. Field phenotypic evaluations demonstrated that the ZmSLAH 

insertional mutation led to functional differences in root architecture, nitrogen capture, and 

biomass accumulation. Notably, we observed G × E patterns for leaf nitrogen content in the 

nitrogen stress experiment. These results contribute novel single-gene insights into the genetic 

architecture underlying field-driven plasticity of maize RSA. Furthermore, this work will 

advance the biological characterization of ZmSLAH through the systematic capture of whole-

plant phenotype data. 

At anthesis, field evaluations of the ZmSLAH wild-type and mutant plants grown under 

high and low N conditions revealed contrasting patterns of biomass accumulation and nitrogen 

capture. Although both genotypes showed increased shoot biomass under low N conditions, only 

wild-type plants had greater root biomass and RMR (Figure 4.3). This variation was captured by 

the 2D measurements of root area, width, and number of tips (Figure 4.4). Across environments, 

shoot and root biomass were significantly higher (p < 0.05) in wild-type plants compared to 

mutant plants; however, no significant differences in RMR were detected. Interestingly, we 

observed a near significant G × E for leaf nitrogen content, where the wild-type plants showed 

greater leaf nitrogen capture under low N conditions compared to the mutant plants (Figure 
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4.3A). This was likely a consequence of the greater nutrient-uptake capacity of plants with a 

functional copy of ZmSLAH, allowing them to meet the increased shoot demand for nitrogen in 

the low N treatment as the plants grew to maturity (Coque et al., 2008; Garnett et al., 2013; Lu et 

al., 2024; Ma & Dwyer, 1998; Ning et al., 2013; Wang et al., 2006; Yan et al., 2011). Our results 

demonstrate that ZmSLAH induces systemic phenotypic changes and alters the relative sink 

activity in response to nitrogen stress. Therefore, we conclude that ZmSLAH plays a role in 

mediating active plastic responses in field-grown maize. Additional field sampling for grain 

nitrogen content will be conducted at the end of the growing season to assess the downstream 

effects on nitrogen remobilization during grain development.  

In recent years, several genes involved in NO₃⁻ transport and assimilation have been 

identified and characterized in planta. For example, 97 members of the NO₃⁻ transporter/peptide 

transporter family (NRTs/NPFs) have been identified in maize (Plett et al. 2010, Léran et al. 

2014). Among these, only members of the nitrate transporter 2 (NRT2) gene family are classified 

as high-affinity transporters that function under low-environmental NO₃⁻ conditions. Notably, 

ZmNRT2.2 has been shown to play a significant role in genotype tolerance to low levels of NO₃⁻ 

in controlled environments (Garnett et al. 2015; Yan et al., 2020). The regulation of NO₃⁻ and Cl⁻ 

acquisition and transport by SLAC1/SLAH channels is conserved across plant lineages and has 

been studied in multiple species (Dreyer et al., 2012; Lind et al., 2015). These include moss 

[Physcomitrella patens (Hedw.) Bruch & Schimp.] (Caine et al., 2016; Chater et al., 2016; 

Dreyer et al., 2012;), dicot species like Arabidopsis and cotton [Gossypium hirsutum L.] (Demir 

et al., 2013; Geiger et al., 2010; Geiger et al., 2009; Hedrich & Geiger, 2017; Lehmann et al., 

2021; Maierhofer, Diekmann, et al., 2014; Maierhofer, Lind, et al., 2014), and monocot species 

such as rice [Oryza sativa L.], date palm [Phoenix dactylifera L.], and maize (Geiger et al., 2009; 
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Li et al., 2022; Müller et al., 2017; Negi et al., 2008; Qi et al., 2018; Sun et al., 2016; Vahisalu et 

al., 2008). However, although SLAC1 has been the focus of extensive research, the roles and 

functions of its homologues have remained comparatively underexplored. 

S-type anion channel homologues in Arabidopsis are divided into two groups based on 

their structure and function: SLAH1/4 and SLAH2/3 (Dreyer et al., 2012). The SLAH1/4 group 

includes SLAH1, a silent regulatory channel subunit, and SLAH4, whose function remains 

unknown (Dreyer et al., 2012; Hedrich & Geiger, 2017; Negi et al., 2008; Vahisalu et al., 2008). 

In contrast, the SLAH2/3 group consists of two ion-conducting channels: SLAH2, expressed in 

the root stele, and SLAH3, found in both guard cells and mesophyll cells, both contributing to 

the xylem loading of NO₃⁻ (Geiger et al., 11; Maierhofer, Lind, et al., 2014). Despite being close 

homologues, the SLAH2 and SLAH3 anion channels require unique properties for activation. 

For instance, while SLAH2 and SLAH3 both require phosphorylation by calcium-dependent 

kinases and the presence of extracellular NO₃⁻, only the SLAH2 channel is strictly NO₃⁻ 

selective. SLAH3 can be activated by the heteromerization with SLAH1, even in the absence of 

extracellular NO₃⁻, leading to increased Cl⁻ conductance (Cubero-Font et al., 2016; Jaborsky et 

al., 2016). Lehmann et al. (2021) reported that SLAH3-mediated root anion efflux can be 

activated by cytosolic acidification in Arabidopsis seedlings. While the biophysiology and 

properties of S-type anion channels in Arabidopsis have been well studied, more research is 

needed on economically important crop species.  

In conclusion, we report ZmSLAH as an active regulator of root system size and nitrogen 

capture in field-grown maize. Specifically, our findings demonstrate that ZmSLAH has the 

capacity to regulate root-to-shoot NO₃⁻ transport under nitrogen-limited conditions. Although our 

findings provide insights into the genetic architecture of maize RSA and its plasticity to varying 
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environmental nitrogen, these experiments did not address its function at the molecular level. 

This was achieved through a collaborative project with a research group at the University of 

Würzburg that has demonstrated expertise in characterizing plant molecular-signaling networks 

in Arabidopsis and, notably, participated in the functional characterization of AtSLAC1, 

AtSLAH1, AtSLAH2, and AtSLAH3 (Demir et al., 2013; Geiger et al., 2010; Geiger et al., 2009; 

Hedrich & Geiger, 2017; Lehmann et al., 2021; Maierhofer, Diekmann, et al., 2014; Maierhofer, 

Lind, et al., 2014). Additional experiments using heterologous gene expression and 

electrophysiological measurements in Xenopus oocytes will provide insights into the genetic 

identity and anion selectivity of ZmSLAH in maize. Overall, this study highlights ZmSLAH as a 

promising target for low-input germplasm development aimed at improving nitrogen capture in 

maize. 
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