
ABSTRACT

HAQUE, SAMIUL. Data Analytics and Computational Methods to Identify Mechanisms for Controlling
Traits across Biological Scales . (Under the direction of Cranos Williams.)

Identifying how organisms respond to intrinsic and extrinsic perturbations is paramount for

engineering stress-resilient crops, curing developmental diseases, and increasing crop yield and

quality. Recent advancements in data acquisition technologies have enabled scientists to observe

biological phenomena and collect data across scales. Data generated at a given biological scale has

its own sets of challenges. For example, molecular data often has a high variance due to the limited

number of replicates. Similarly, embryonic data can demand advanced feature extraction algorithms

for accurate quantification of gene expression for model fitting. On the other hand, high-throughput

phenotypic data demand efficient algorithms for feature extraction and proper integration of several

disparate and disjoint datasets for inferring causal relationships. Computational algorithms need to

be adapted according to the challenges posed by the data and underlying research questions. In

this work, we develop computational methods for three specific use cases at three different scales

(i.e., molecular, embryonic, and agronomic scale). Specifically, this work addresses following: at

the molecular scale, we address the need of developing inference tools to unravel gene regulatory

mechanisms in response to iron deficiency in plants; at the embryonic scale, we address the need

for model analysis framework to determine model parameters that significantly influence spatial

expression patterns of genes; at the agronomic scale, we address the need of computer vision and

machine learning tools that quantify quality characteristics of crops.

At the molecular scale, we focus on understanding the iron homeostasis mechanism in plants.

We present a dynamic model that can explain genetic regulation behavior in the whole root of a

model plant Arabidopsis thaliana. This model successfully predicted the outcome of several mutant

experiments. After successfully describing the dynamic behavior of the whole root gene regulatory

network, we shifted our focus to identifying cell-type specific iron homeostasis mechanisms. As a

first step towards unraveling cell-type specific gene regulation under iron deficiency, we analyzed

epidermal gene expression data. We developed a novel method for identifying inter-cluster relation-

ships among groups of genes that were activated in the epidermis under iron deficiency. This method

produced a more reliable metric for measuring the strength of connections between gene clusters

than existing approaches. Our approach identified potential novel interactions among different

biological pathways in epidermal cells. In addition, by analyzing transcriptome data, we identi-

fied qualitative differences in expression profiles of several iron response genes in the epidermis

compared to the whole root.

At the embryonic scale, we introduce a systematic approach to analyzing a gene circuit model

of the gap genes during Drosophila melanogaster embryogenesis. Through Bayesian parameter esti-

mation techniques and sensitivity analysis, we identified influential model parameters representing

molecular interactions that contribute to the formation of the gap genes’ spatial boundaries. The



proposed model analysis strategy is an initial step towards understanding how and why spatial gene

expression regions fluctuate across different fly lines during embryonic development.

Lastly, at the agronomic scale, we introduce a novel computer vision method to extract 3D shape

features of sweetpotato in a high-throughput manner. We present a machine learning pipeline that

can automatically determine the qualitative shape class of sweetpoato using the extracted features.

Shape is an important metric that can significantly increase or decrease the market value of a crop.

Our method enables breeders to track this metric on a large scale. The developed methodology will

increase efficiency in sweetpoato sorting processes and enable identifications of causal relationships

among sweetpotato shape and extrinsic factors.
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CHAPTER

1

INTRODUCTION

1.1 Overview

Genetic variation along with chemical and environmental factors (e.g., weather, nutrient, and

hormone availability) impact the growth, development, and other phenotypes (observable charac-

teristics) of an organism [Cra11]. We can meet the challenges of engineering stress-resilient crops,

curing developmental diseases, and increasing crop yield & quality by understanding how intrinsic

(e.g., genotype) and extrinsic (e.g., nutrient availability) factors determine growth, development,

and other phenotypes [Ash05; Has19]. Computational tools can help us analyze any organism as

a system, where perturbations of different factors are considered as input signals to the system.

Like any complex system, biological systems consist of different layers or scales, such as molecular

scale, cellular scale, embryonic scale, organ scale, organism scale, and agronomic scale. A better

understanding of biological systems within and / or across scales is critical for assessing how changes

in available nutrients affect plant development, how mutations in DNA sequences contribute to

developmental anomalies, and how genetic and environmental factors determine the yield and

quality of crops.

To understand the rules of life , we can apply computational tools and determine how molecular

properties, developmental characteristics, and physiological traits are regulated. In recent years,

signi�cant improvements have been achieved in data acquisition technologies. These advancements

have created opportunities for mining large-scale heterogeneous datasets in an effort to understand,

explain, and control biological phenomena [Mar13; Sab19]. There are needs for inference methods

to identify genetic relationships at speci�c cell types using molecular data, methods to identify

important genetic interactions from spatiotemporal gene expression data that contribute to a better
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understanding of development, and methods to extract physiological features from high-throughput

imaging data that contribute to determining extrinsic factors that in�uence physiological traits.

These computational methods also need to address the challenges of resolving the uncertainty in

the molecular data, removing noise that obfuscate the features in the data, and aggregating datasets

that are disparate & disjoint to �nd causal relationships among extrinsic factors and phenotypes.

1.2 Motivation

In this work, our overall goal was to develop computational methods to address challenges described

above at different biological scales, speci�cally the molecular scale, the embryonic scale, and the

agronomic scale. We implemented computational tools that can generate new knowledge about

abiotic stress response mechanism in plants, propose hypotheses about how molecular interactions

modulate spatial expression patterns during embryogenesis, and identify ways to improve the

economic value of crops. We applied these methods in three different use cases to solve research

problems at the three biological scales. At the molecular scale , we developed inference tools to gain

a better understanding of the gene expression control mechanisms in response to iron de�ciency in

epidermal tissue of the model plant Arabidopsis thaliana . At the embryonic scale , we constructed

a model analysis framework to determine model parameters that signi�cantly in�uence expression

patterns of gap genes in fruit �y ( Drosophila melanogaster ) embryo. Gap genes are a group of genes

involved in the development of the segmented embryos [Jae04a]. The parameters of the model

represent molecular relationships between different gap genes and maternal input genes. Finally,

at an agronomic scale we designed a computer vision and machine learning pipeline to quantify

quality characteristics of sweetpotatoes ( Ipomoea batatas). This work focuses on the following

research objectives;

Objective 1: Inferring genetic regulation under iron de�ciency in epidermal tissue of A.

thaliana .

In this objective, we developed methods to infer causal relationship among genes in the

epidermal cells of A. thaliana . We identi�ed functional relationships among groups of genes

and inferred an epidermal inter-cluster network under iron de�ciency. We identi�ed novel

iron response genes expanding the existing knowledge base and improved our previous

understanding of how iron homeostasis occurs at epidermal cells of Arabidopsis.

Objective 2: Understanding genetic regulation that causes variation in expression patterns

in D. melanogaster embryo.

In this objective, we analyzed a gene circuit model of gap genes regulatory network in D.

melanogaster embryo. This model allowed us to identify putative parameters that correspond

to potential interactions that play a key role in D. melanogaster expression patterning of gap

genes. This objective will help us to infer changes in genetic regulation that contribute to

developmental differences across naturally varying Drosophila lines.
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Objective 3: Develop computational methods to facilitate a better understanding of how

genotype and environmental factors cause different phenotypes in sweetpotato ( I. batatas ).

In this objective, we developed novel methods to quantify shape, an important quality charac-

teristics of sweetpotato. We developed methods for we developed novel methods for sweet-

potato shape feature extraction and shape classi�cation. In addition, we introduced a data

model that can be used to identify causal relationships among environmental factors (i.e.,

soil type, rainfall), agricultural practices, genotype (i.e., cultivars), and sweetpotato shape.

These novel methods will contribute to development of management practices and breeding

strategies that improve crop value for growers and producers and reduce food waste.

Figure 1.1 Applications of computational methods across biological scales can generate scienti�c knowl-
edge bene�cial to society.

This dissertation demonstrates how computational methods across biological scales can gen-

erate new scienti�c knowledge and provide value to society. This research will serve to expand

our expertise in engineering plants that are resilient to abiotic stress. The proposed work will also

improve our understanding of developmental traits in animals and increase our ability to utilize

high-throughput phenotyping data to control physiological characteristics in crops to improve

value to growers, consumers, and society.

1.3 Contributions

1.3.1 Intellectual Merits

Major contribution across different biological scales includes:
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Molecular Scale

• We developed a dynamic model of gene regulatory network under iron de�ciency in the

whole root of Arabidopsis. Our model successfully predicted outcomes of several knockdown

experiments and identi�ed gaps in existing knowledge of gene regulatory mechanism under

iron stress.

• We identi�ed novel iron response genes in Arabidopsis root epidermal cells.

• We developed a novel sampling-based method for quantifying relationships between clusters

of genes. Utilizing this inter-cluster network, we identi�ed how iron de�ciency potentially

interacts with plant growth and development in epidermal cells.

• Our overall approach serves as a �rst step toward achieving a clear understanding of cell

type-speci�c iron homeostasis.

Embryonic Scale

• We improved the existing computer vision pipeline for segmenting Drosophila embryo. Our

method provided improvement for multiple downstream embryo image analysis including

estimation of embryo orientation, nuclei detection, and automated extractions of gene ex-

pression signals from hundreds of different �y lines.

• We applied Bayesian parameter estimation approach to successfully quantify posterior prob-

ability distributions of the parameters that describe the behavior of Drosophila gap gene

network across 35%-100% of embryo length along the Anterior-Posterior (A-P) axes. Previ-

ous studies provided distinct sets of parameter values that can explain the behaviour of the

gap gene circuit model. We quanti�ed the uncertainty in model parameter values through

the posterior probability distributions. Posterior distributions enabled us to generate model

prediction intervals that can capture subtle changes and gene expression pattern.

• Through parameter sensitivity analysis we identi�ed putative in�uential model parameters

that correspond to potential interactions that signi�cantly in�uence gene expression patterns.

This will allow biologists to better understand what genetic interactions are responsible for a

certain embryonic phenotype.

Agronomic Scale

• We developed a novel computer vision algorithm to extract 3D shape features of sweetpotato

in a high-throughput setup. Using our high-throughput approach, we quanti�ed and ana-

lyzed the shape characteristics of different sweetpotato clones grown across different �elds.

This would allow breeders to identify better clones and improve the value of sweetpotato to

growers, consumers, and society. To our knowledge, this is the �rst reported study to quantify

sweetpotato shape features at a large scale.
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• We developed a Machine Learning (ML) pipeline for automatically identifying sweetpotato

grades using extracted shape features. Existing sweetpotato packaging and distribution facili-

ties use automated sorters that were originally designed for potato and cannot automatically

sort sweetpotato based on shape characteristics. This pipeline can improve the accuracy and

ef�ciency of the existing sweetpotato grading process.

• We identi�ed important shape characteristics that determine the grade of a sweetpotato (`U.S.

No. 1' vs `Cull'). This �nding will allow breeders to focus on controlling speci�c shape features

for developing clones that produce more U.S. No. 1 sweetpotato. `U.S. No. 1' sweetpotato has

a signi�cantly higher market value than 'Cull' or deformed sweetpotato. Thus, our method

can help to increase economic pro�t for the growers.

• We created a data model that aggregates heterogenous data related to sweetpotato agriculture

including extracted 3D shape features, environmental variables (soil and weather data), and

cultural practices. This data model will enable researchers to perform statistical analysis to

identify causal relationships among sweetpotato shape, genotype, and other extrinsic factors.

This work may eventually lead to the development of management practices and breeding

strategies that improve value for growers and producers and reduce food waste.

1.3.2 Broader Impact

The developed solution at the molecular scale provides a framework for future researchers to better

understand cell type-speci�c iron homeostasis in A. thaliana . Our method can be used to better

understand environmental stress adaptation mechanisms in other plants and crops.

Our model analysis at the embryonic level will assist biologists in understanding why shifts

in gap gene expression patterning occur in D. melanogaster . Our analysis can be used to detect

critical regulatory connections that are responsible for phenotypic variation by incorporating gap

gene expression data across hundreds of �y lines. In addition, such analysis would also reveal why

developmental anomalies occur in certain �y lines.

Finally, the computer vision and machine learning pipeline developed for agronomic scale can

signi�cantly improve the sorting capabilities of existing horticultural crop packing facilities. In

addition, our method's ability to generate large-scale shape data will enable the identi�cation of

causal relationships among shape deformation and various extrinsic factors. Overall, this work will

lead to a more ef�cient crop production system that may increase pro�t for growers and packers,

improve consumer satisfactions and reduce foot waste.

1.4 Organization

In chapter 2, we present the backgrounds of three biological research problems at three different

scales. Chapter 3 demonstrates how computational methods can assist biologists in identifying

important interactions at a molecular scale. We present several novel iron response genes, new
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possible interactions between biological pathways, and a novel method for quantifying inter-cluster

relationships among groups of genes. We shift our focus to embryonic scale and present a model

analysis framework to better understand gap genes regulation mechanism in D. melanogaster em-

bryo. We present a robust method for embryo boundary detection and highlight key molecular

parameters potentially responsible for spatial pattern formation of the gap genes in the Drosophila

embryo. Chapter 4 presents a novel high-throughput computer vision and machine learning ap-

proach to identify shape defects in sweetpotato. We also present a data model for identifying causal

relationships among shape, genotype, and extrinsic factors, which can be used to build a decision

support platform for breeders, growers, and farmers. Finally, in Chapter 6, we summarize the out-

comes of works presented in Chapters 3, 4, and 5 and discuss future steps that may further improve

our research.
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CHAPTER

2

BACKGROUND

©2019 Current Opinion in Plant Biology. Reprint (adapted) with permission from Samiul Haque,

Jabeen S Ahmad, Natalie M Clark, Cranos M Williams, and Rosangela Sozzani "Computational

prediction of gene regulatory networks in plant growth and development”

2.1 Inferring Genetic Relationship at the Molecular Scale

An important question in plant biology is how interactions among genes across different cells,

tissues, and organs in�uence plant growth and developmental processes such as germination,

�owering, regeneration, and stress response. A systematic understanding of these developmental

aspects will ultimately contribute to increases in plant resiliency, sustainable agriculture, and food

security [Hu18]. Advancements in high-throughput technology enable collection and analysis of

genome-wide expression data at a systems level [Li15; Ban17a], which is then used to form a gene

regulatory network (GRN). A GRN is a graphical or mathematical representation that conveys the

causal relationships among genes in an organism [Li15]. The GRN can take the form of a graph (where

nodes are genes and edges represent relationships), a logical relationship (e.g., Boolean network), or a

mathematical equation (e.g., algebraic or ordinary differential equations) that captures the change in

expression over time [Li15]. GRNs are an effective tool for identifying genes with essential biological

functions or that are involved in a speci�c pathway or process [Hec09; Kro13]. Inference methods

that take transcriptional data and reveal connections between genes [LB17; Den18; Des17; Ban17b;

Par18; Gup18; Jia18; Gun18; Kor15b] have been employed to construct GRNs and �nd important

genes and regulatory relationships involved in plant growth and developmental processes such as
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cell wall synthesis [TT15], regeneration [Ike18], and root hair growth [Shi18]. These inference methods

utilize spatial, temporal, and perturbation (which includes changes in environmental condition,

stress, or mutation) gene expression data. Inferred GRNs allow one to identify key regulators through

hub genes or network motif analysis for downstream validation. Validation provides evidence of

gene regulatory relationships as well as functional relevance, particularly when the connection

between gene expression data and the subsequent molecular or physiological phenotype is unclear.

Accordingly, identi�ed regulatory interactions can be validated in silico (e.g., ODE analysis), in vivo

(e.g., ChIP assays), and/ or in planta (e.g., mutant phenotype analysis) [Kor15b; Shi18; LB17; Gau16]

In this Chapter, we examine recent approaches for predicting GRNs from molecular data in the

context of plant growth and development (Fig. 2.2). First, we detail how data collection and analysis

depends on the biological question of interest with an overall focus on the role of these steps in

GRN construction. Then, we highlight different GRN inference methods used to answer persistent

questions in plant growth and development. To select the appropriate inference method based

on collected and / or available data, we group methods according to the types of data they require

(Fig. 2.1). We note considerations for good experimental design and examine ways to improve

GRN inference through integrative approaches. Finally, we discuss how an inferred GRN can be

validated in silico, in vivo, and / or in planta. We conclude that gene expression data across different

cells, tissues, organs, and environmental conditions can provide an enhanced understanding of the

spatiotemporal dynamics of gene regulation. Moreover, incorporation of additional types of data

such as transcription factor binding sites and protein-DNA binding can improve inference accuracy.

Thus, future research endeavors should focus on integrating these heterogeneous datasets as well

as multiple GRN inference methods to capture a more detailed view of transcriptional regulation.

2.1.1 Molecular Data for Inferring Genetic Relationships

GRN inference requires quantitative data that capture gene expression over space (e.g., cells, tissues,

and organs), time, and / or under various environmental or stress conditions (later referred to as

perturbation data). Generally, the biological question of interest and the researcher's hypothesis

drive experimental speci�cations for gene expression data collection (e.g., temporal, spatial, per-

turbation, or a combination). Gene expression data are typically collected using high-throughput

methods such as microarrays [Gau16; Val15; Jia18; Red17; Tho18] and/ or RNA-sequencing (RNA-

Seq) [Ni16]. Spatial gene expression data are collected from different cell types (including single

and population of cells), tissues, or organs [LM18]. Temporal data are appropriate when studying

changes in gene expression during stages of plant growth and development (e.g., seeds [Gup18;

Ni16], leaves[Bro17], and roots elongation [LB17]) or during the steps in metabolic processes (e.g.,

proanthocyanidins [Nis18], lignin biosynthesis [Gun18], and phenylpropanoid, carbohydrate, fatty

acid and terpene pathways [Lie18]). Perturbation data focus on changes in expression between a

normal condition and an environmental change or mutation. Examples include gene expression

data from biotic and abiotic stresses, such as nitrogen de�ciency [Jia18], osmotic stress [Bro17],

and over accumulation of phosphate under zinc-de�cient conditions [Pal17]. Transcriptomic data
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Figure 2.1 Types of gene expression data with recently applied algorithms. The Venn diagram shows dif-
ferent types of gene expression data and the corresponding algorithms applied to the data type for GRN
inference.

may fall into two or more categories such as spatiotemporal, spatial perturbation, temporal per-

turbation, and spatiotemporal perturbation (Fig. 2.1). Data from these different combinations are

especially valuable for understanding plant growth and development in speci�c tissues, under spe-

ci�c conditions, or both. For example, to understand the metabolic pathway for lignin biosynthesis,

Gunasekara et al. obtained spatial perturbation data from A. thaliana hypocotyledonous stem tissue

during a shorter day [Gun18]. Overall, the biological question and corresponding collected data

must be considered and logically related to provide the appropriate biological context for the GRN.

High-throughput data collection provides information about hundreds to thousands of genes.

However, not all genes play a relevant or important regulatory role with respect to the biological

question or hypothesis. To isolate those genes of interest, differential expression analysis and

clustering is necessary [Li15; Ban17a; Tho15]. To that end, statistical algorithms are applied to

identify differentially expressed (DE) genes (i.e., genes with signi�cant changes in expression) in

gene expression data after which clustering is used to group together genes with similar expression

patterns. For example, Koryachko et al. �ltered out DE genes in A. thaliana under iron de�ciency

9



before applying their inference algorithm (Cluster and Differential Alignment Algorithm - CDAA) to

build the resulting network [Kor15a]. In another example, de Luis Balaguer et al. used spatial gene

expression data to cluster the genes and then applied dynamic Bayesian network (DBN) inference

to identify relationships between genes within the resulting clusters [LB17]. Speci�c approaches

for DE analysis and clustering are extensively discussed in [Li15; Ban17a; Tho15]. Focusing on

a subset of genes decreases computational time for inference algorithms while a lower number

of interactions in the inferred GRN makes it feasible for in vivo and in planta validation of these

connections. Given the advantages, DE analysis and clustering is useful and should be implemented

when transcriptome data is used for network inference.

2.1.2 Existing Methods for Inferring Interactions among Genes

Similar to data collection, the selection of a network inference algorithm depends on the biolog-

ical question as well as the type of data available (Figure 2). Network inference algorithms have

been applied to answer questions about metabolic pathways [Gun18; Nis18; Lie18], biotic and

abiotic stress [Jia18; Pal17], and other aspects of plant growth and development. For the purposes

of this review, these inference algorithms have been sorted into three categories: correlation and

mutual information (MI), probabilistic graphical models, and machine learning. Correlation and

MI methods mostly use temporal data to infer gene interactions. Correlation methods employ

different correlation metrics and assume that co-expression is an indicator of coregulation. Some

popular correlation metrics, such as Pearson's correlation coef�cient [Usa09], more accurately infer

regulations when relationships among genes are linear (i.e., change in regulator expression alters

the expression of its targets proportionally). For example, Liesecke et al. used different correla-

tion coef�cients for constructing a global co-expression network of A. thaliana to recover genes

involved in the same metabolic pathways [Lie18]. Unlike Pearson's correlation, Spearman's rank

correlation coef�cient [Usa09] and MI capture nonlinear relationships (i.e., a target's gene expression

pattern is not directly proportional to its regulator's expression) between genes [Li15; Usa09]. In

one example, Montes et al. used the MI inference algorithm ARACNE [Mar06]to construct GRNs

in A. thaliana [Mon14 ]. They recapitulated known networks involved in ground tissue patterning

and stem cell maintenance. In another example, Xiong et al. unveiled important genes involved

in maize seed development [Xio17] using Context Likelihood of Relatedness (CLR) [Xio17]. Their

analysis identi�ed 15 different network communities or clusters including one contributing to seed

phenotype and another responsible for nutrient transport. A �nal MI method, TGMI identi�ed

regulatory transcription factors (TFs) in lignin and pigment biosynthesis pathways in A. thaliana

using perturbation data [Gun18]. Unlike the other methods, TGMI calculates MI score among three

genes instead of two. One major limitation of these methods is that they cannot assign direction of

regulation when regulator genes are unknown or when time delay between gene expression is not

considered [Ban17a]. Thus, these methods may not be suitable in applications where causality is

important (e.g., regulators of a hub gene).

Recently, improvements have been made to correlation and MI methods to consider time delays

10



Figure 2.2 Stages of GRN inference. We organize GRN inference into a work�ow of three broadly de�ned
stages: data collection and analysis, network inference, and validation. Within this work�ow, we list exam-
ples of techniques, tools, and methods that can be used during each stage of GRN inference.
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between expressions of different genes as well as uneven sampling and sparseness (i.e., having few

time samples over a large period of time), which is typically seen in time series gene expression data.

Among these methods is ExRangeS, which calculates rate of change in gene expression levels and

assigns more importance to time points where transcriptional changes are high [Des17]. Koryachko

et al. proposed the CDAA method, which inferred a GRN from time course data and identi�ed novel

regulators involved in iron homeostasis by scoring the alignment of differential expression over time

[Kor15b]. Another algorithm, DDGni, captured the time-delayed regulation patterns by introducing

gaps in gene expression pro�les to align regulators with expression targets [Yal14]. DDGni has been

successfully used on yeast cell cycle data and could be applied to plants. Overall, ExRangeS, DDGni,

and CDAA capture additional information by processing the time series data strategically and by

considering the time delay between expression of two genes. In this way, these algorithms produce

a directed network that re�ects causality between regulators and potential targets.

Correlation and MI methods assume that gene expression is deterministically controlled by

upstream regulators. However, recent studies reveal that gene expression patterns have some degree

of random variation across individual cells [Efr15; Sha13]. Probabilistic graphical models address

this issue by treating gene expression as random variables with a certain probability distribution that

depends on time, space, environment, or a combination of these. Thus, this approach is suitable for

understanding dynamic regulation of plants in different cell types under various environmental

conditions. Additionally, in a probabilistic framework, a priori information can be incorporated as

prior probability distribution. In one example, de Luis Balaguer et al. identi�ed novel A. thaliana

root stem cell regulators by developing a dynamic Bayesian network (DBN) based algorithm called

GENIST [LB17]. DBNs model gene expression as a probabilistic function of itself and its regula-

tor(s) at previous time points. GENIST clusters the gene expression pattern using spatial data from

A. thaliana root stem cell data and uses temporal data to infer important regulatory connections for

stem cell maintenance. In another case, Deng et al. introduced a Gaussian graphical model-based

inference algorithm called JRmGRN [Den18], which allowed for network inference over different

tissues and environmental conditions. JRmGRN used temporal gene expression data from several

tissues (spatiotemporal data) or conditions (temporal perturbation data). This algorithm identi-

�ed hub genes that are common in GRNs under different light conditions (low and high red) in

A. thaliana . It also found hub genes that were speci�c to these two conditions. One drawback of

probabilistic methods is that they often require data with high spatial and temporal resolution (i.e.,

high number of time points compared to other methods) to estimate the probability distribution.

Nevertheless, probabilistic approaches provide a strong mathematical framework to understand

gene regulation.

Another type of inference method gaining signi�cant attention is machine learning [Ni16].

Machine learning can be further divided into unsupervised, supervised, and semi-supervised ap-

proaches depending on whether a priori interactions are incorporated into the inference method [Mae14].

Unsupervised approaches do not incorporate a priori interaction data and are suitable when knowl-

edge about regulatory relationships is limited. Examples of unsupervised approaches include the
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regression tree inference method GENIE3 [Shi18; HT10], BTNET [Par18] and fused LASSO[Omr16].

Shibata et al. used GENIE3 to infer a GRN for root hair growth in A. thaliana [Shi18], while BTNET

and fused LASSO successfully identi�ed developmental regulators in animals and could be applied

to plants [Par18; Omr16]. In general, unsupervised approaches are less prone to over�tting (i.e.,

where a model �ts the data and fails to extrapolate) and can be applied to multiple types of gene

expression data (e.g., GENIE3 is applied to temporal [TT15; HT10] and perturbation [Shi18] data).

However, unsupervised methods cannot directly incorporate known regulatory connection into the

inference framework. Additionally, as unsupervised approaches have fewer constraints, they are

prone to yielding results with reduced mechanistic signi�cance. On the other hand, when multiple

regulators are known a priori and �nding new targets of a key regulator is the major focus, supervised

methods are more suitable for GRN inference. Examples of supervised machine learning methods

include Beacon, which was used to predict a GRN for speci�c embryonic developmental stages in A.

thaliana [Ni16]. Beacon used temporal gene expression data along with known regulatory relation-

ships to predict 521 genes downstream of their genes of interest. Jiang et al. used an arti�cial neural

network (ANN) for GRN analysis of maize under nitrogen treatment [Jia18]. They used microarray

datasets from two different studies and generated an ANN which identi�ed in�uential genes in

the nitrogen use ef�ciency system. As the performance of supervised learning is dependent on a

priori data, possible effects of over�tting must be considered before applying these approaches to

situations with small training datasets. Machine learning algorithms that use both labeled (i.e., gene

expression data of known regulators and downstream targets) and unlabeled (i.e., gene expression

data without a priori data on regulation) data are referred to as semi-supervised approaches [Mae14].

A semi-supervised method GRACE, used ensembles of Markov Random Fields [Li09] and recovered

cell cycle control mechanisms in A. thaliana [Ban17b]. Semi-supervised methods require much

fewer a priori data for training than supervised methods, but they are often less accurate [Mae14].

2.1.3 Iron Homeostasis in Arabidopsis

At the molecular scale, we investigated iron homeostasis in the whole root and epidermal cells of

A. thaliana . Iron is an essential micronutrient for plants and animals that plays a critical role in

various physiological and biochemical pathways [Dal89; Gro05]. Iron de�ciency is a nutritional

disorder that results in reduced yield and reduced nutritional quality of crops [Hel10; Ers93; Cla82].

Agricultural production can be increased signi�cantly by genetically engineering crops that can grow

in conditions in which iron is poorly available. Plants uptake iron from the soil, and understanding

their response in the low iron condition is necessary to develop genetically engineered plants with

increased iron content and tolerance to low iron conditions. In the last decade, several essential

enzymes, transporters, and transcription factors that respond to iron stress in the model plant

A. thaliana root have been identi�ed. Different regulatory networks for iron homeostasis and their

mathematical models have also been proposed [Kor19; Kor15b] in recent years. The molecular

processes controlling A. thaliana iron acquisition are epidermal speci�c [Col04]. Epidermal cells

are responsible for iron sensing, uptake, and root hair development. However, gene expression
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data that contains information from only epidermal cells are rare. Most of the existing datasets are

obtained from either whole root data at a single time point, temporal data of the whole root, or

spatial data (cell type-speci�c) at a single time point [Bru12; Din08; Li16a; Kor19 ]. For this reason,

current iron de�ciency networks represent the regulatory relationship between different genes in

A. thaliana whole root but do not consider the cell-speci�c nature of genetic regulation. In multi-

cellular organisms, all cells contain the same genetic information, yet distinct cell and cell types

arise due mainly to differences in gene regulatory processes. Similarly, response to abiotic stress

varies between cells and cell types [Din08; Lon10; IP11; Gen13].

In this work, �rst, we developed a dynamic model for an iron de�ciency whole root gene regula-

tory network (GRN) time course data [Kor19]. As our next step, we decided to use the epidermis as a

model for developing a tissue-speci�c temporal GRN. Strategy I iron uptake, the most well-known

iron regulatory process that occurs in plants, takes place within the epidermis [Sch06]. We obtained

epidermal speci�c time series RNASeq data to infer GRN under iron de�ciency. We clustered the

time series data to group genes according to their expression patterns. Through an extensive litera-

ture search, we explored several methods for inferring GRN. We identi�ed multiple works that also

presented relationships among groups of clustered genes [Kor15b; LB17]. However, these studies

used either cluster centroid or a single gene (hub gene) as the cluster's representative expression

pro�le. However, cluster centroid and hub genes may not always be representative of the dynamic

patterns of all the genes in the cluster. This phenomenon makes the existing inter-cluster network

inference methods unreliable. In this work, we introduce a novel sampling-based approach that

can ef�ciently capture the relationship between gene clusters. Using our method, we generated an

inter-cluster network of transcription factors representing iron homeostasis in epidermal cells.

2.2 Spatial gene expression patterning at the Embryonic Scale

Model analysis can provide valuable insight into the embryonic development process. Here, we use

Drosophila as a use case to address some of the existing challenges in modeling gene regulatory

network in the Embryo. Drosophila are easy to culture, have a shorter life cycle, and produce a

large number of embryos [Jen11]. These characteristics made Drosophila an ideal model animal for

studying embryogenesis.

Spatial regulation of gene expression plays a critical role in animal development. Drosophila is a

long-germband insect [Jae11] which is extensively studied to understand embryogenesis. Experi-

ments show that in drosophila segment determination occurs at the blastoderm stage (1.5 -3 hours

after egg laying) of the Drosophila embryo. Improper regulation in the embryo anterior-posterior

(A-P) patterning system at a very early stage can lead to developmental defects in adults [Jae11]. Fruit

�y ( D. melanogaster ) is a widely studied model organism to investigate embryo gene expression

patterning. The A-P gene expression pattern is controlled by a group of genes referred to as the gap

genes[Jae11]. Previous research has also shown that through compensatory regulation mechanisms

(i.e., feedbacks), the gap genes can account for variations in maternal inputs (i.e., gene expression
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signals coming from maternal eggs). Interactions among the gap genes (i.e., hunchback, Krupple,

knirps, and giant) and the maternal gradients (i.e., Bicoid, Caudal) give rise to spatial boundaries or

regions of gene expression that are critical for proper development. Existing research in systems

biology indicates that it might not be possible to capture the speci�cs of this regulatory mechanism

through laboratory strain or overly-perturbed �y lines (i.e., gene knockdowns). However, by utilizing

model analysis along with gene expression data obtained from naturally varying �y lines may help

us to better understand the interactions among the gap genes.

2.2.1 Computational Modeling of Gap Gene Regulatory Network

Multiple studies have attempted to model gap GRN to explain the behavior of the gap genes in

silico. Existing models of gap GRN can be divided into two subgroups transcriptional model and

gene circuit models. Transcriptional models try to capture plausible connections and regulatory

relationship within the model structure [Pap08; Kaz10; Fak10; Zin07]. These models provided insights

into the gap gene regulation but failed to reproduce dynamically shifting pattern of the gap gene

expression in the embryo.

In contrast, gene circuit models are completely data-driven and ignore any prior assumptions

about regulatory interactions [Jae09]. In the gene circuit method, all network components are ini-

tially considered to be connected with each other. Next, by �tting the circuit model to experimental

data, network structures are determined. Jaeger et al. applied the parallel Lam simulated annealing

algorithm to optimize for six parameters per gap gene [Jae04b]. Their approach generated distinct

sets of parameter values that could produce several plausible gene circuits. Interestingly, a gene

circuit produced from these parameters' average values did not predict correct gap gene expression

patterns. Manu et al. achieved similar results and also proposed sets of plausible parameter val-

ues [Man09]. Through model analysis, Manu et al. showed that stability of the gap gene expression

against external perturbation can be explained by the basin of attraction [Ott06] of the dynamic

system. Later, Ashyraliyev et al. incorporated the terminal gap gene huckebein (hkb) into the gene

circuit network and demonstrated that hkb is involved in the regulation of the posterior hunchback

(hb) domain. Gene circuits models have made signi�cant strides toward a quantitative understand-

ing of the dynamics of the gap gene system. However, all of these studies proposed distinct sets of

model parameters instead of providing parameter distribution. Thus, it would be challenging to

explain subtle changes in the wild type data using these distinct parameter sets. These approaches

did not investigate how changes in parameters can shift gap gene expression boundaries, which is

key to understanding the mechanism of natural variation of gap gene expression patterns across

different �y lines. Fomekong-Nanfack et al. performed a parameter sensitivity analysis for the gap

gene circuit model [FN09]. However, they measured the in�uence of subtle changes in parameters

on the prediction error. Such analysis does not provide any information about how parameter shift

would impact the gap gene expression patterns' boundaries and peak locations.
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2.2.2 Methods to Identify Mechanics of Shifts in Gap Gene Expression Patterns

In this work, as the next step for the model-based understanding of the regulatory mechanism in

gap GRN, we adapted an existing gene circuit model for explaining the dynamics of spatial gene

expression patterns across embryo length (A-P axes). We utilized existing wild-type data to perform

the model �tting for the gap gene circuit model. To identify the uncertainty in the distribution of

model parameters and model prediction, we employed a Bayesian parameter estimation method.

This method resulted in model prediction intervals for four gap genes and posterior distributions

for 45 model parameters.

Through parameter sensitivity analysis, we demonstrated that by perturbing parameters that

represent interactions in the gap GRN, it is possible to control the boundaries of gap genes. In

the future, these �ndings will help us to explain and investigate changes in gap gene expression

boundaries across different �y lines.

2.3 Crop Characteristics Beyond Yield at Agronomic Scale

2.3.1 Methods for Extracting Quantitative Characteristics

For many horticultural crops, variation in quality (e.g., shape and size) contributes signi�cantly

to the crop's market value. Metrics characterizing less subjective harvest quantities (e.g., yield and

total biomass) are routinely monitored. In recent decades, computational methods have been

developed to ef�ciently estimate yield and other quantitative traits of crops. Dóra Faragó et al.

developed methods for monitoring plant size shape and color to characterize plant development

over time [Far18]. Their study focused on a model plant A. thaliana . To automatically monitor

grapevines' growth, Pérez-Zavala et al. developed a pattern recognition strategy that detects whole

grape bunched from vineyard scenes [PZ18]. They acquired a dataset containing 163 images of

different grapevine varieties to assess the approach. In recent years, unmanned aerial vehicle (UAV)

has become a popular tool monitor the agriculture �eld's temporal and spatial conditions. In another

work, Enciso et al. used UAV images to estimate crop height and canopy cover for different varieties

of tomato [Enc19]. UAV based systems have been used to model aboveground corn biomass [Han19],

study plant height and biomass on grassland [RA19], and for monitoring chestnut tree [Mar19].

Like UAV imaging, Ground imaging approaches for yield and growth estimation are also preva-

lent. An early yield estimation method for oranges was proposed by Maldonado Jr et al. that em-

ployed an image processing algorithm for counting green fruits on an orange tree [MJ16]. Their

approach took approximately 10s to process an image. A method for Mango yield estimation using

hyperspectral imaging was introduced in [Gut19]. Computer vision and sensor-based methods have

also been introduced to capture other quantitative traits linked to crop yield and growth including

chlorophyll content [Jay17], nitrogen content [San15; Jay17; Jin13], canopy coverage [Mak18], canopy

temperature [Kus14], water content [Win11], water use ef�ciency [Jin18], and fraction of absorbed

photosynthetically active radiation (FAPAR) [GC13]. Our investigation of the literature suggests that
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a fair amount of work has been done in recent years to capture quantitative traits of crops directly

related to crop growth and yield.

2.3.2 Extraction of Qualitative Characteristics of Crops

In the previous subsection, we presented the availability of an array of low and high-throughput

methods for tracking the growth and yield of crops. In contrast, metrics quantifying more subjective

crop quality characteristics such as ideal size and shape remain dif�cult to characterize objectively

at the production-scale due to the lack of modular technologies for high-throughput sensing and

computation. Previously, Wright et al. introduced a method that captured sweetpotato images from

different angles and then extracted shape features from the image collection [Wri86]. They analyzed

shapes of 457 U.S. grade number 1 sweetpotato by suspending each sweetpotato in front of a light

source. This study did not investigate the shape features of deformed sweetpotatoes. Boyette et al.

used a laser scanner to obtain 3D models of sweetpotato and capture shape features from that

model [Boy17]. The laser scanner accurately captured 3D shapes of sweetpotato but took over

10 minutes for each scan. Villordon et al. calculated eight object attributes of 420 SPs from two-

dimensional digital images [Vil02]. In a recent study, Villordon et al. used low-cost 3D laser scanner

to assess 3D shape features across qualitative classes among 210 US number 1 sweetpoatoes [Vil20].

Okayama et al. designed a machine vision system to obtain four side views and a top view image of

bell pepper. They used �ve CCD cameras and nine lighting devices [Oka06]. They developed a shape

feature-based classi�cation for bell pepper but did not incorporate sub-standard or deformed bell

papers in their study. Howarth et al. used a CCD camera to capture 2D images of 288 carrot samples

to develop a Bayes Decision classi�er [How91]. In another study, Clement et al. proposed an image

processing algorithm to calculate curvature and length of cucumber from images captured by a

digital camera [Cle13]. Their study classi�ed 360 cucumbers by applying thresholding to these two

features. All previously reported studies were conducted in laboratory settings, and their sample

numbers were limited due to the time required for scanning each sweetpotato. These methods are

not suitable to apply at a production scale.

2.3.3 Utilization of Existing High-throughput Data for Tracking Crop Quality

One data source that remains underutilized is automated sorting machines that are used in the

fruit and crop packing facility. Several horticultural crops are sent to packing facilities after having

been harvested, where they are sorted into boxes and containers using high-throughput scanners.

These scanners capture images of each fruit or vegetable being sorted and packed, but the images

are typically used solely for sorting purposes and promptly discarded. With further analysis, these

images could offer unparalleled insight on how crop quality metrics vary at the industrial production-

scale and provide further insight into how these characteristics translate to overall market value.

At present, methods for extracting and quantifying quality characteristics of crops using images

generated by existing industrial infrastructure have not been developed. Furthermore, prior studies

that investigated horticultural crop quality metrics, speci�cally of size and shape, used a limited
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number of samples, did not incorporate deformed or non-marketable samples, and did not use

images captured from high-throughput systems.

2.3.4 Quanti�cation of Qualitative Shape Characteristics of Sweetpotato

In this research, we used sweetpotato (SP) as a use case to develop methods for quantifying shape

characteristics of horticultural crops. SP is one of the most important economic crop in North Car-

olina [Tro19] and the seventh most important food crop in the world in terms of production [Yos99;

Tru18]. The market value of a SP is determined largely by its size and shape. Shape and size can

also be a signi�cant source of waste as deformed SPs are not harvested. Thus, shape defects lead

to reduced grower pro�t and food waste. Identifying the factors that determine SP shape varia-

tion will help us to reduce such waste and increase SP production ef�ciency. Previous research

efforts for understanding SP shape variation were limited in sample size, were only applicable in

low-throughput laboratory settings [Boy17; Tsi18; Wri86], and did not look at the feature distribution

of SPs across different shape types. Thus, shape features that make a SP good or bad shaped remain

unknown. Additionally, existing studies do not incorporate heterogeneous datasets and cannot

provide a holistic understanding of SP shape variation. In the existing SP supply chain, harvested

SPs are sorted and packaged according to their size and shape and assigned a Grade based on USDA

guidelines [USD02; AMS07; Usd]. State of the art automated sorting systems requires signi�cant

manual intervention (either by continually tuning parameters of the grader or by visual input from

humans) for assigning grades to SPs based on their shapes.
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CHAPTER

3

COMPUTATIONAL METHODS TO

BETTER UNDERSTAND IRON

HOMEOSTASIS IN PLANTS

©2019in silico Plants. Reprint (adapted) with permission from Alexandr Koryachko, Anna Matthiadis,

Samiul Haque, Durreshahwar Muhammad, Joel J Ducoste, James M Tuck, Terri A Long, and Cranos

M Williams, "Dynamic modelling of the iron de�ciency modulated transcriptome response in Ara-

bidopsis thaliana roots”

3.1 Introduction

Iron is an essential micronutrient for plants and animals that plays a critical role in various physio-

logical and biochemical pathways. Iron de�ciency is a nutritional disorder that results in reduced

yield and reduced nutritional quality of crops. Agricultural production can be increased signi�cantly

by genetically engineering crops that can grow in conditions in which iron and other essential

micronutrients are poorly available [BS19]. Plants uptake iron from the soil, and understanding

their response in the low iron condition is necessary to develop genetically engineered plants with

increased iron content and tolerance to low iron conditions. In the last decade, several essential

enzymes, transporters, and transcription factors that respond to iron stress in the model plant

A. thaliana root have been identi�ed. As a �rst step towards understanding iron response dynamics
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in plants, we developed a mathematical model of iron de�ciency activated gene regulatory network

[Kor19; Kor15b] for Arabidiopsis whole root. Our model successfully predicted outcomes of sev-

eral single and double knockdown experiments. The formulation of gene regulatory models from

transcriptome data obtained from all cells in the root only captures a part of the larger picture. It

becomes important to identify transcription pro�les in speci�c cell-types that are key to shaping

the iron deprivation response.

Since Strategy I iron uptake, the most well-known iron regulatory process that occurs in plants,

takes place within the epidermis, as our next step, we used the epidermis as a model for developing

a tissue-speci�c temporal GRN. The molecular processes controlling A. thaliana iron acquisition

are epidermal speci�c [Col04]. Epidermal cells are responsible for iron sensing, uptake, and root hair

development. However, gene expression data that contains information from only epidermal cells

are rare. Most of the existing datasets are obtained from either whole root data at a single time point,

temporal data of the whole root, or spatial data (cell type-speci�c) at a single time point [Bru12;

Din08; Li16a; Kor19 ] (See Table 3.1). For this reason, existing iron de�ciency networks represent

the regulatory relationship between different genes in A. thaliana whole root but do not consider

the cell-speci�c nature of genetic regulation. In multi-cellular organisms, all cells contain the same

genetic information, yet distinct cell and cell types arise, mainly due to differences in gene regulatory

processes[Lon17; Bir03; RG20; Son17]. Similarly, response to abiotic stress varies between cells and

cell types [Din08; Lon10; IP11; Gen13].

Table 3.1 Comparing data generated in our work with existing studies

Study Temporal Data Epidermal Data Iron Stress Data

Li et al. [Li16a] No Yes No

Bruex et al. [Bru12] Yes Yes No

Dinneny et al. [Din08 ] No Yes Yes

Koryachko et al. [Kor15b] Yes No Yes

This Study Yes Yes Yes

To better understand molecular mechanisms of iron homeostasis in A. thaliana , we used

epidermal speci�c time series RNASeq data to infer GRN under iron de�ciency. Utilizing both spatial

and temporal data, we developed an inter-cluster network of transcription factors (TFs) representing

iron homeostasis in epidermal cells.

In this chapter, we �rst present results obtained from a novel dynamic model of A. thaliana whole

root GRN under iron stress. The work is summarized from our published work in [Kor19]. We devel-

oped a dynamic model describing regulatory interactions of genes involved in the iron de�ciency

response. We applied uncertainty quanti�cation analysis to estimate credible regions associated

with simulated model dynamics. The trained model was able to describe the expression pro�les of
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wild type (Fig. 3.3) and single mutant experiments (Fig. 3.2). Through sensitivity analysis and pa-

rameter identi�ability analysis, we guided experimental designs that lead to a signi�cant reduction

in uncertainty estimates of the protein degradation rate of the genes.

Next, we outline an approach for developing gene relationships from epidermal speci�c time-

course data. This approach establishes a systematic way for quantifying strengths of inter-cluster

relationships among groups of genes and addresses the limitations of existing inter-cluster network

inference approaches. Through statistical analyses, we identi�ed novel differentially expressed genes

(DEGs) in the epidermis under iron stress. We present qualitative differences in expression patterns

between the A. thaliana whole root and epidermis. We introduce a sampling based approach that

can ef�ciently infer relationships among clusters of genes and summarize gene relationship into

experimentally veri�able sets (that requires a limited number of knockout experiments) of regulatory

connections.

3.2 Dynamic modeling of gene regulatory network of A. thaliana whole

root under iron de�ciency

3.2.1 Background

Plants require iron for growth and development. Severe or extended iron de�ciency leads to chlorosis,

reduced yield, and plant death. The onset of iron de�ciency triggers a regulatory response involving

the cascaded activation or repression of many genes, leading to the production of key proteins

that modify physiological processes that make iron more available [Din08; Lon10; Kor15a ]. In

Arabidopsis thaliana and other dicots, this physiological response, de�ned as the Strategy I response,

is characterized by an increase in rhizosphere acidi�cation, iron reductase activity, and iron transport

across epidermal cell membranes [Mar86]. All of the genes involved in the Strategy I response are

known to be transcriptionally induced under iron de�ciency, primarily by bHLH transcription

factors including FIT [Col04; Yua08; Iva12]. Additional transcription factors, including POPEYE (PYE),

MYB10, and MYB72, are known to modulate the mobilization and sequestration of iron and other

physiological responses throughout the root and plant [Lon10; Pal13; Sel15; Zha15; Li16b]. Mutants

of many of these key iron regulators display physiological phenotypes when exposed to extreme iron

de�cient conditions ranging from intolerance to iron de�ciency in �t and pyemutants to tolerance in

bts mutants [Col04; Lon10; Sel15]. Intriguingly, knockdown mutants of bts are more tolerant to iron

de�ciency yet full knockout mutants are lethal [Lon10; Sel15]. Other data have shown that gradual

changes in iron content result in more subtle changes in phenotype [Gru13; Leš17]. Some mutants

exhibit noticeable phenotypic alterations only when present in combination, for example in the

case of double mutants myb10myb72 and bhlh100bhlh101 [Pal13; Siv12]. These and other results

suggest that genes involved in the iron de�ciency response are under precise control. By aggregating

existing experimental data in a descriptive and predictive transcriptome response representation

we can further address agricultural concerns for improving plant adaptation to poor soils or for
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increasing iron content within a plant.

Recent studies have identi�ed a collection of transcription factors, namely COL4, ETF9, ASIL2,

MYB55, bHLH34, bHLH104, and bHLH105 (ILR3), that modulate the expression of a set of known

iron response genes, namely bHLH39, bHLH101, bHLH115, PYE, MYB10, MYB72, and BTS[Kor15b;

Zha15; Li16b]. However, it remains unclear how these modulating transcription factors, separate or

in combination, enhance or suppress the molecular phenotypes associated with the well studied

iron response genes. Understanding this control architecture requires a quantitative description

that captures causal in�uences across these transcription factors over time. Mathematical modeling

can provide this quantitative description of relationships and can be used as a tool to make in-silico

predictions concerning the iron deprivation response under novel genetic perturbations. Modeling

can also reveal activity patterns of regulatory genes that have not yet been identi�ed, which would

facilitate identi�cation of new iron de�ciency response modulating genes.

Figure 3.1 Modeled regulatory connections. Gene regulatory network describing TF in�uences during
iron de�ciency in A. thaliana . Connections represent signi�cant regulatory effects based on previous
publications and the results of regulator knockout experiments. Green lines stand for activation effect, red
lines indicate inhibition.

Ordinary Differential Equations (ODEs) provide a suitable framework for developing a dynamic

gene regulatory network model of the iron deprivation response in A. thaliana . A collection of

research and review papers describe various approaches for modeling gene expression using this

framework [Gut05; SC10]. ODEs have been applied to model various processes in A. thaliana includ-

ing Zinc uptake regulation [Cla12], �ower organ formation [Mou10 ] and speci�cation [SC10], and

Auxin signalling [Ver11]. ODEs have distinct advantages over static representations such as Bayesian

networks [Fri00] and other dynamic representations such as Boolean networks [Wan12]. These

advantages include, but are not limited to, increased diversity of possible mathematical constructs,

�exibility in equation complexity, and availability of diverse approaches for parameter estimation,

uncertainty quanti�cation, dynamics simulation, and model analysis.

ODE based models of various complexity have been proposed to describe gene expression
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dynamics [Kro10; SC10; Kru10]. However, criteria for �nding a proper balance between the number of

model parameters and data available for model training are not stated explicitly in the corresponding

research studies while the dependence is apparent. Such dependence can be illustrated with an

example of the circadian clock network in plants. Dynamics associated with the process were

described by several ODE models [Loc05b; Loc05a] and continuously improved over time by the

addition of new feedback loops [Loc06], the inclusion of post-transcriptional and post-translational

regulation [Pok10], and the utilization of expression data from mutant experiments [Pok13]. A recent

paper linked these genetic interactions to �owering and growth pathways [Sea15]. In each step of

this iterative process, new data led to a more descriptive and predictive model representation of the

biological process [Buj13]. This example also shows the bene�ts of incorporating different types

of data into the model training process, yet most studies stick to only one dataset, typically a time

course, for parameter inference.

3.2.2 Summary of Contributions

We developed a dynamic model describing regulatory interactions of genes involved in the iron

de�ciency response. Speci�cally, we focused on the interactions between several proteins that

are known to in�uence phenotypic changes under iron de�cient conditions (bHLH39, bHLH101,

bHLH115, PYE, MYB10, MYB72, and BTS) and transcription factors ( {COL4, ETF9, ASIL2, and

MYB55} [Kor15b] and {bHLH34, bHLH104, and bHLH105 (ILR3) } [Zha15; Li16b]) that have been

shown to modulate the response of the corresponding genes (Fig. 3.1). We collected time course gene

expression data under iron suf�ciency and iron de�ciency, mRNA decay rate measurements, and the

results of single knockout mutant experiments. Information from these experiments were combined

using a Bayesian parameter estimation approach to model optimization. Parameter identi�ability

analysis allowed us to balance model complexity with the available experimental data. We applied

uncertainty quanti�cation analysis to estimate credible regions associated with simulated model

dynamics. We detected sample heteroscedasticity in experimental data and compensated for its

effects on credible regions estimates. The trained model was able to describe the expression pro�les

of wild type (Fig. 3.3) and single mutant experiments (Fig. 3.2)
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Figure 3.2 Model prediction for single mutant experiments Model trajectories and experimental results for
different single mutant experiments for MYB10 under iron de�ciency. Lines show the best-�t trajectories
produced by the model. Shaded regions are the 95% credible regions of model prediction. Error bars indi-
cate experimental measurements from corresponding experiments. A single measurement at 72 hours of
exposure to iron de�ciency was collected for each mutant experiment.

within the range of calculated uncertainty and predict the expression pro�les of affected genes in

double mutant backgrounds. This model can serve as a �rst contribution towards a comprehensive

mathematical representation of the iron de�ciency response. Such a representation would ultimately

be capable of replacing resource consuming experimentation with in-silico simulations for testing

hypotheses on aspects of iron induced plant behavior. Overall, this approach provides a useful

example of how diverse datasets can be used to establish a foundation for mathematical descriptions

of stress responses in plant systems. Detailed methodology, experimental data, model structure,

and results of this work can be found in [Kor19]

24



Figure 3.3 Model �t for gene expression dynamics of targets. Best �t under iron de�ciency (solid blue line)
and under iron suf�ciency (solid red line) are shown. Shaded region indicates 95% credible region. Error
bars indicate experimental measurements which were used to �t the model.

After the model could capture and recapitulate regulatory relationships between individual reg-

ulators and targets, we tested its ability to predict the combinatorial in�uence of multiple regulators

on speci�c targets. We sampled the expression of target genes in available double mutants at 72

hours of exposure to iron de�ciency. We measured gene expression of MYB10, MYB72, bHLH39,

and bHLH101 in the bhlh104ilr3 background and PYEand BTSin the bhlh34bhlh104 background.

We then modeled the results of the corresponding experiments by setting the expression of the

knocked out regulators to 0 and used the parameter posteriors to generate mean trajectories and

credible intervals for the targets. The model predictions for double mutant experiments, along with

the results of the experimental measurements, are presented in Fig. 3.4.
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Figure 3.4 Double mutant experiment predictions. Model prediction and experimental results for double
mutant experiments for A – MYB10, B –MYB72, C –bHLH39, D – PYE, E –bHLH101, and F – BTSunder iron
de�ciency. For the mutant experiments gene expression was measured only at 72 hrs. Dashed lines show
the best �t trajectories produced by the model under wild type and single mutant conditions. Shaded re-
gions are the 95% credible regions of model prediction under double mutant scenario. Error bars indicate
experimental measurements from corresponding experiments
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In four out of six cases, mutant experiment results were within the credible interval obtained

from the model (Fig. 3.4A-D). For bHLH101 (Fig. 3.4E), the experimental result for the double knock-

down was slightly outside the credible interval while the trend was similar, which might suggest

an underestimation of the credible interval. This underestimation could have been the result of

modeling with the assumption of null alleles and no associated regulator expression variance while

using mutants that did not have a complete loss of function. For BTS(Fig. 3.4F), the double mu-

tant bhlh34bhlh104 model predictions suggested a more signi�cant reduction in expression level

compared to the wild type than was obtained experimentally. Experimental results also showed

that the reduction in expression in the double mutants was similar to that of single mutants. This

implies that the effect was due to gene interaction between the regulators because removing one of

the regulators is not different from removing both of them. Thus, bHLH34 and bHLH104 are likely

involved in the same pathway regulating BTS. The model did not capture these mechanisms due to

the assumption of independent regulatory action. We made this assumption because gene interac-

tion effects including synergism and epistasis [Phi08] are less likely to occur [Cos11] but require a

signi�cant amount of additional experimental data to estimate the corresponding additional model

parameters [Van14].

3.3 Iron De�ciency Regulatory Network in A. thaliana Epidermal Root

Cells

In the last decade, several key enzymes, transporters and transcription factors that respond to

iron stress in the model plant Arabidopsis thaliana root have been identi�ed, to this end, different

regulatory networks and their mathematical models have been proposed [Kor15b; Kor19]. The most

well studied regulatory network controls Strategy I Iron Acquisition, in which the master regulator,

basic helix-loop-helix (bHLH) transcription factor Fer-like Fe De�ciency Induced Transcription

Factor (FIT) binds with two distinct sets of bHLH heterodimers (bHLH 100 / 101 and bHLH38 / 39)

and two Ethylene Insensitive3 and Ethylene Insensitive-like1 proteins [Col04; Yua08; Lin11]. FIT

and its binding partners transcriptionally activate H + ATPase (AHA2), which facilitates rhizosphere

acidi�cation and increases the solubility of Fe(III) near the root epidermis. FIT also targets other

iron homeostasis genes causing increased Ferric Reductase Oxidase2 (FRO2) activity, which re-

duces Fe(III) to Fe(II), and elevated expression of Iron Regulated Transporter1 (IRT1), a membrane

localized metal ion transporter that transports iron across the plasma membrane into the epider-

mis [Röm84; San09; Rob99; Eid96; Ver02; Col04]. The molecular processes controlling Strategy I

iron acquisition are epidermal speci�c [Col04]. Arabidopsis FIT, like many important regulators,

was initially identi�ed using large-scale whole organ transcriptomic data [Col04]. Such datasets

are obtained from either whole root data at a single time point, temporal data of the whole root,

or spatial data at a single time point. For this reason, current iron de�ciency networks represent

the regulatory relationship between different genes in A. thaliana whole root, but do not consider

the cell speci�c nature of genetic regulation. In multicellular organisms all cells contain the same
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genetic information, yet distinct cell and cell types arise due largely to differences in gene regulatory

processes. Similarly, response to stress varies between cells and cell types. For example, in high

salinity, 48% of salt-responsive genes are regulated in the cortex, compared to 28% and 31% in the

stele and epidermis, respectively [Din08; Lon10; IP11; Gen13].

In the previous section, we developed an iron de�ciency whole root GRN from microarray

data. Although FIT was not included within this network due to it not being included on the ATH1

Affymetrix GeneChips, we were able to identify and con�rm early activated transcription factors

involved in the iron response [Kor15b; Kor19]. Since Strategy I iron uptake, the most well-known

iron regulatory process that occurs in plants, takes place within the epidermis (Figure 3.5) we used

the epidermis as a model for developing a tissue-speci�c temporal gene regulatory network (GRN).

We developed a computational method to identify relationship from tissue-speci�c data that may

not be present in the whole root data.

To achieve our goal we conducted an epidermal-speci�c 36-hour iron de�ciency RNAseq time-

course with 6-hour intervals. We identi�ed novel iron response genes in the epidermis that were

not differentially expressed in the whole root. We used a model-based clustering method [McD18],

a Dirichlet Process Gaussian Process mixture model (DPGP), to group genes based on their expres-

sion pattern. DPGP identi�ed 50 clu sters among differentially expressed genes (DEG). Through

gene ontology analysis we identi�ed that most of the iron related genes were concentrated into

two clusters, supporting an often used assumption that genes with similar function show similar

expression patterns.

Inter-cluster network is an ef�cient way to summarize functional relationship among groups

of genes. To establish inter-cluster relationships among genes, we present a sampling based infer-

ence approach that uses randomly sampled gene expressions from the cluster to calculate cluster

relationship scores instead of just using the cluster mean. Previous studies used cluster centroid

for establishing inter-cluster network. However, in many cases, cluster centroid is not representa-

tive of the dynamic patterns of the genes in the cluster making the inference unreliable. Sampling

based scheme allows us to test speci�c connections between individual genes and provides a more

accurate representation of the biological relationship. We applied the sampling based inference

approach on the clustered RNASeq data to obtain a inter-cluster network.

Our multi-step approach identi�ed several regulators responsible for biological functions such

as root hair growth, Abscisic acid (ABA) response, and nitrate and phosphate response, that are also

responsive to iron de�ciency. Markedly, this approach was able to take 50 clusters with the potential

of 1225 inter-cluster connections. Using the sampling cluster connection inference approach, we

narrowed it down to a testable 14 clusters with 33 possible connections. Among the connected

clusters, we identi�ed transcription factors responsible for four biological functionalities belonging

to seven clusters.
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Figure 3.5 A. Different cell types in the whole root depicted with different color. B. Cross-sectional view of
the root, epidermis is the outer layer. Figure adpated from [Miy11 ]

3.3.1 Results

3.3.1.1 Epidermal gene expression pro�le reveals novel expression patterns

The characterization of the Arabidopsis temporal transcriptome response to iron deprivation has

been extensively studied in whole roots of wild type, identifying novel genes involved in iron home-

ostasis [Din08; Buc09; Lon10 ]. To determine if we were missing genes and relationships by capturing

whole root transcriptome changes in response to iron deprivation, we conducted RNA-seq analysis

on root epidermal cells that were exposed to iron de�ciency for 36 hours, taking samples at a 6-hour

increment (control time points). Due to the expense and time required to carry out high-throughput

transcriptional pro�ling, most of the previous studies utilized a single control to compare all time-

points i.e., 0 hr (before exposure to iron de�cient conditions) [Spi15]. However, circadian effects

and daily development alone causes a myriad of transcriptional changes that should be accounted

for [Spi15].

To qualitatively compare different aspect of whole root vs. epidermal expression pro�le and

better capture transcriptional changes in epidermis under iron stress, we calculated three differ-

ent sets of DEGs (See methods). First, utilizing the whole root microarry data published by Din-

neny et al. [Din08 ] we identi�ed 2893 differentially expressed genes (DEGs) in the whole root (Set R)

when compared to 0hr Fe +(iron suf�cient) sample (Red circle in Fig. 3.6). Second, we identi�ed 1950

DEGs in epidermis(Set B) utilizing our RNASeq data when samples are compared to 0hr Fe + sample

(Blue circle in Fig. 3.6). Finally, we identi�ed 2739 DEGs (Set G) in the epidermis when samples are

compared to Fe + control at corresponding time point (Green circle in Fig. 3.6).

By comparing the whole root DEGs and epidermal DEGs with 0hr Fe + control, we identi�ed

467 in common(Intersection of red and blue set in Figure 3.6). Although compared results from

two separate transcript approaches, we believed that big picture conclusions and inferences can

be made. In analyzing the whole root, we missed approximately 50% of DEGs in the epidermis in

response to iron deprivation.
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Figure 3.6 Filtering iron response gene using whole root and epidermal data sets. Three cases of DE analy-
sis are represented with three circles. DEGs identi�ed from the whole root microarray data [Din08; Kor15b ]
compared to 0 time point are in the red circle (Total 2893). DEGs identi�ed from the epidermal RNAseq
data compared to 0 time point are contained in the blue circle (Total 1950). DEGs identi�ed from the epi-
dermal RNASeq data compared to control at individual time points are in the green circle (Total 2739).

Upon comparing set G (DEGs with control Fe + samples at all time point) and set B (DEGs

obtained using 0hr Fe + sample as control) we isolated iron response from developmental effects.

Moreover, when we compared all three DEG sets (i.e., set R, set B, and set G) we were able to

differentiate iron response genes that are common in epidermis and whole root, iron response

genes speci�c to the epidermis, developmental genes, and iron responsive and developmental

genes 3.6. Interestingly, we identi�ed 1709 genes that would have been missed if we only analyzed

the whole root or epidermis with only a 0hr control (as has been the norm), that are speci�cally

iron responsive. Moreover, this comparative analysis highlights genes that are in combination

responsive to iron and development. Thus, moving forward this analysis allows us to build an iron

responsive gene regulatory network that includes development genes as a parameter for dynamic

ordinary differential equations. Taken together, it is apparent that cell-type speci�c analysis with

developmental controls are essential for gathering accurate transcript data for earlier responses to

iron deprivation.
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Table 3.2 Through differential expression analysis we identi�ed 12 genes that are differentially expressed
in epidermis under iron de�ciency at all the sampled time points

Gene Name Gene ID Function

IRT1 AT4G19690 Metal transporter
IRT2 AT4G19680 Metal transporter

MTP3 AT3G58810 Metal transporter
PMT6 AT4G36670 Carbohydrate transporter
PME41 AT4G02330 Pectin methylesterase

bHLH39 AT3G56980 Transcription factor
bHLH38 AT3G56970 Transcription factor
bHLH101 AT5G04150 Transcription factor

COPT2 AT3G46900 Metal transporter
AT1G07590 AT1G07590 Tetratricopeptide repeat like superfamily protein
AT2G14247 AT2G14247 unknown
AT5G24490 AT5G24490 30S ribosomal protein

3.3.1.2 Common DEGs in epidermis and the whole root

One would assume that the 467 DEGs (intersection of Set R and Set B in Fig. 3.6) shared between

the whole root and the epidermis (with control at 0hr time point) would have similar transcript

pro�les given the common stressor (Figure 3.6). We took a more in-depth look at these genes and

found several pro�le changes. Fig 3.7A represent the activity of this 467 genes in the whole root and

epidermis. Applying hierarchical clustering [Joh67] to gene expression pro�le of these 467 genes, we

identi�ed eight clusters based on the changes in the expression pattern between the whole root and

the epidermis. One of the clusters (Cluster 4, marked with blue bounding box in Fig. 3.7A) captured

opposing states (activated genes in the whole root and repressed genes in epidermis) between

the whole root and the epidermis, indicating a complete state change. In addition, we found 38

known iron homeostasis genes with earlier activation or repression than originally captured in

whole root temporal data or that were no longer considered differentially expressed at speci�c time

points. The activity of this genes are show in Fig. 3.7B. For example, IRT1 (regulated by FIT) which is

considered the main transporter of iron from the rhizosphere [Eid96; Ver02; Col04], is activated at 6

hrs, whereas it did not appear to be activated in the whole root until 24 hrs. This is also true of MYB10,

an iron de�ciency induced transcription factor [Pal13]. In addition, two FIT interactors, bHLH39

and bHLH100 are activated at 12 hrs in the epidermis, but at 24 hrs in the whole root. We found

this to be true of OPT3 and COPT2, an iron and copper transporter, respectively 3.7b. Alternatively,

FER1 and FER4, which are responsible for binding iron speci�cally to prevent oxidative stress by

sequestration of excess iron [Bri10], are repressed in the epidermis as early as 6 hrs., however, in the

whole root FER1 and FER4 are not repressed until 24 hrs 3.7b. Overall, we found earlier activation

or repression of known iron homeostasis genes when we isolate the epidermis, suggesting that

their early epidermal activity is masked by their collective activity in the whole root. Mounting

evidence suggest that regulation varies between tissues and cell-types [Din08; Lon10; IP11; Gen13].
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This variation can manifest as state changes from “on” to “off” and vice versa, and state switches

from activated to repressed and vice versa. We provide evidence of this phenomenon by comparing

temporal data of the root epidermis compared to the whole root.

Figure 3.7 Comparing epidermis and whole root gene expression pro�le. Expression is normalized with
respect to 0hrs measurement for each case. A. Expression pro�les are separated into eight clusters, using
hierarchical clustering. For most clusters we see that epidermal gene expression patterns are delayed in
the whole root. For most genes in cluster 4 we see activation in the whole root but repression in epidermis.
B. Expression pattern of the known iron response genes. Four genes show opposite patterns in epidermis
and whole root

3.3.1.3 Constant and wave-like pattern of of iron response genes

Time-course data allowed us to capture gene expression patterns in epidermis under iron stress

and identify novel iron response genes in epidermis. These patterns revealed that many genes
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became active and inactive in groups, like a wave. This analysis also allowed us to qualitatively

compare the wave like patterns with the whole root microscopy data. There were six time points

in our iron de�ciency samples. With control data for each time point we also identi�ed novel iron

response genes that were activated in most of the time points (�ve or six) in our data. Our �ndings

Figure 3.8 Number of DE genes identi�ed at different time points. Transcription Factors (TFs) are indi-
cated with orange color.

indicate that there are epidermis speci�c mechanisms that control the different dynamics occurring

with the expression pro�les of the DEGs. To uncover the epidermal expression pro�le and gene

regulatory network, we �rst identi�ed DEGs at every time point with respect to control (Set G in

Figure 3.8). This analysis resulted in a total of 2739 DEGs that were differentially expressed at any

time point. Interestingly, we found that time points 6 hrs (1181) and 24 hrs (1824) had the most

DEGs. This pattern is similar to Dinneny et al. [Din08 ], however we have not determined if these

DEGs are conserved between the epidermis and the whole root. We could not conduct a direct

comparison as the whole root data was from microarray experiments and did not contain the whole

transcriptome. These two time points also contain the most transcription factors, suggesting the

initiation of transcriptional changes to induce a cascade of gene changes. Markedly, the 18 hrs time

point resulted in the lowest amount of transcriptional pro�le changes. Of the 88 DEGs genes at 18 hrs,
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4 are transcription factors (Figure 3.8). Additionally, we assigned DEGs into six different sets based

on the time point at which they are �rst differentially expressed (compared to control) (Figure 3.9A).

We identi�ed 12 genes that are differentially expressed at all the sampled time points. In addition, we

applied the same analysis to 182 differentially expressed transcription factors (Figure 3.9B).Through

differential expression analysis we identi�ed 12 genes that are differentially expressed at all the

sampled time points, including four metal transporters and three known iron de�ciency regulators

(Table 3.2). In addition, we found STOP2, a transcription factor previously identi�ed as regulating

several genes for Al stress and low pH-tolerance [Kob14], was activated at �ve out of six sample time

points under iron deprivation. STOP2 was not previously known as an iron response gene.

An initial step for inferring transcriptional cascades, which are the foundation for generating

gene regulatory networks, is to identify gene activity patterns based on when the genes are �rst

differential expressed. Which leads to the identi�cation of mid, and late response transcription

factors [Kor15b; Muh17; Kor19 ] . To identify patterns of gene activity we assigned each genes in

different sets based on the time points they were found to be differentially expressed. We found

groups of genes that were activated very early under iron stress (at 6 hrs or 12 hrs), and genes that

started showing activity late (on or after 30 hrs) We categorized the transcription factors activity

into three different wave-like patterns. The early wave of transcription factors starts before 12 hrs, a

second wave starts at 18 hrs or 24 hrs, and �nally transcription factors that appear at or after 30 hrs

are classi�ed into a third wave. The waves are indicated in (Figure 3.9B).
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Figure 3.9 Analysis of DEGs in epidermis A) DEGs are grouped based on number of time points they
showed signi�cantly different expression compared to iron suf�cient condition. B) Transcription factors
are grouped bases on number of time points they showed signi�cantly different expression. In addition,
different waves are de�ned based on the �rst time point when a TF was identi�ed as DE (e.g. Wave 1 con-
tains all TFs that were differentially expresses at 6hr and / or 12hr).
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3.3.1.4 Clustering of DEGs

We found 2739 DEGs in the time-course data. To better understand and summarize the relationships

among groups of genes, we clustered the DEGs based on their expression patterns. We used Dirichlet

Process Gaussian Process (DPGP) clustering algorithm that considers the dependency between

consecutive time points in the gene expression data [McD18]. We identi�ed 50 clusters of time

course expression patterns among the DEGs under iron stress (3.10). Through Gene Ontology (GO)

enrichment analysis [Hua07] we found cluster 25 and cluster 26 to be enriched with iron related GO

terms. Further analysis revealed that most of the genes and TFs in those two clusters were previously

known iron response genes. The rest of the clusters did not show statistically signi�cant enrichment

in GO analysis. However, we identi�ed multiple TFs related to the same biological functions in the

same cluster or clusters having similar patterns. For example, we found TFs related to Root hair

development GL2, and TRY in cluster 36. TFs involved in ABA response mechanism were grouped

in Cluster 1.
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Figure 3.10 Clustering of 2739 DEGs. DPGP clustering algorithm identi�ed 50 unique clusters based on
gene expression patterns. Cluster 25 and Cluster 26 were enriched in iron related GO terms.

3.3.2 Inter-cluster Relationship

Understanding inter-cluster relationships help us establish functional relationships among groups

of genes. Previous studies and our clustering results suggested that genes with similar biological

functions show similar expression patterns and have higher probabilities of belonging in the same

cluster (intra-cluster relationship among genes). If this assumption is valid, then it is also logical to

assume that a cluster containing a regulator gene should have some causal relationship or correlation

to a cluster containing the target gene (inter-cluster relationship among genes). Previous studies

37



have used cluster means or centroids to quantify correlation or causality between clusters. However,

we identi�ed that for many clusters, the mean expression pattern is not a good proxy for all of the

genes within that cluster. Thus, we propose a sampling-based scheme that will measure the strength

of a cluster relationship based on the distribution of Mutual Information (MI) [Kra04] between

individual genes belonging to the clusters. MI is a well known metric for quantifying causality

between pairs of genes [Qiu09].

Our method generated probability distribution function of MI scores for each possible inter-

cluster connection. Presence of high MI score in the distribution (Figure 3.11) indicates the presence

of a strong genetic relationship. We ranked all possible cluster connections (both 6 hrs time lagged

and no time lagged) based on the MI value near at the tail of the distribution. We used the 90t h

percentile value from the MI score distribution between genes of two clusters to rank the strength

of cluster relationship. We called this score � . We calculated � for all cluster connections. Next, we

looked at the distribution of � in all the possible cluster connections. We found a natural separation

at � = 0.1775(Figure 3.12) and used this value as a threshold between weak vs strong intercluster

connection.

Figure 3.11 Sampling based cluster relationship scoring. Cluster 25 and 26 contains iron response genes
and the sampling distribution of MI scores between the genes of Cluster 25 and 26 contains higher values
(longer tail) compared to the MI score distribution between the genes of Cluster 3 and Cluster 40
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Figure 3.12 Distribution of inter-cluster connection scores. Histogram shows most connections have very
low scores while only a handful have high scores. A threshold of (solid blue line) 0.1775 was selected as a
separating point for strong vs weak connections. This analysis identi�ed 31 strong inter-cluster connec-
tions.

Fig 3.13 shows the difference between average MI distribution of accepted and and rejected

cluster connections. We found that even though the mode of the distributions are similar the

accepted cluster connections have higher density towards the tails.
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Figure 3.13 We obtained MI distribution for all possible cluster connections. Average of the distributions
of accepted and rejected connections are depicted here. Accepted connections have higher density at the
tail.

Using our sampling-based approach (see methods) we identi�ed 33 potential connections

among 14 clusters (Figure 3.14). We assigned biological functionality to each cluster by identifying

the known TFs in the cluster from existing literature and TAIR database. The intercluster network

identi�ed several potential novel iron response genes that also have other important biological

functions (e.g. root hair development). The relationships among these clusters indicates that iron

stress response genes may interfere with root hair development, and nitrate / phosphate response.
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Figure 3.14 Inter cluster network of epidermal DEGs. Solid arrow indicates a strong connection between
time lagged gene expressions of two clusters. Dotted lines indicate strong connections without any time
lag.

3.3.3 Materials & Methods

3.3.3.1 Plant Materials and Growth Conditions

The A. thaliana pWER::GFP marker line in Columbia (Col-0) accession was used to perform all

experiments [Lee99]. Our collaborators at the Long lab at NC State University conducted all the

experiments. Seeds were surface sterilized using 70% ethanol for 2 min followed by 30% bleach

and 0.02% Triton X-100 solution for 15 min, seeds were rinsed three times with sterile water and

strati�ed at 4� C for 2 to 3 d before being plated on nylon mesh (Genesee Scienti�c Cat 57-103) on

top of solidi�ed media to facilitate transfer. Seeds were grown in a vertical position in a Percival

incubator with 16 hrs of daily illumination at 22� C. Iron-suf�cient ( +Fe) and de�cient media is

standard Murashige and Skoog media (Caisson Labs Cat MSP33-50LT) with 0.05% MES, 1% sucrose,

1% agar, and 0.1 mM FeEDTA. Ferrozine (300 � M ), an iron chelator is added to make de�cient

media.
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3.3.3.1.1 Time-Course Growth Procedure and FACS:

Seedlings were shifted from iron-suf�cient media to suf�cient and de�cient media, on the 7t h day(d)

of growth, equating to 0hr. After 7 d transfer, an additional 6 hr, 12 hr, 18 hr, 24 hr, 30 hr, and 36 hr of

growth occurred. After which, roots were harvested for protoplast followed by �uorescence-activated

cell sorting [Bir05]. Three replicates of the epidermis samples were collected and analyzed.

Figure 3.15 Experimental setup for collecting time-course RNAseq samples.

3.3.3.2 Gene Expression Analysis

RNA was extracted using RNAeasy Plant RNA Puri�cation Kit (Qiagen). cDNA synthesis and am-

pli�cation were performed using the SMARTer Low Input RNA Kit for sequencing. Libraries were

prepared using the Low Input Library Prep Kit and sequenced using an Illumina HiSeq 2500 se-

quencing machine, with 125bp single-end reads.

3.3.3.3 Data Processing

One of the �rst steps in processing raw RNASeq data is to remove adapter contamination from

the reads. We searched for adapter contamination and low-quality reads using FastQC [And10].

To trim the adapter content and discar low quality reads we used another popular tool fastq-

mcf [Aro13]. Next, we mapped the clean RNASeq reads to TAIR10 [Lam12] reference genome using

tophat2 [Kim13]. More than 92% reads were mapped to the reference genome for all the samples.

Finally from the mapped reads we obtained the RPKM read count for each gene using the RSubread

package [Lia13].

3.3.3.4 Differential Expression (DE) Analysis

We used the edgeR[Rob10] package to identify differentially expressed genes. edgeR models read

counts as a negative binomial random variable. It provides three different statistical testing functions

for DE analysis. Among these methods glmQLFtest employs a quasi-likelihood test to identify DE
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genes[Rob10]. These tests account for uncertainty in the negative binomial distribution. We have

used glmQLFtest for DE analysis. For each time point, we considered iron-suf�cient replicates

(three replicates) as the control and modeled expression under iron de�ciency (three replicates) as

a response to iron de�ciency and sample preparation effect (batch effect). We assigned batch label

for each replicate based on the sample preparation data. For multiple tests p values were adjusted

using Benjamini & Hochberg [Ben95] method. We applied a maximum false discovery rate (FDR) of

0.05 and a minimum log fold change threshold of 0.75 for �ltering out the differentially expressed

genes. In addition to calculating DEGs using control for each time point we also calculated sets of

DEGs considering only 0hr iron suf�cient sample as control. Using the same approach we calculated

DEGs for the whole root microarray data published by Dinneny et al. [Din08 ] (with respect to control

at 0hr).

3.3.3.5 Clustering of Differentially Expressed gene

We used a Dirichlet Process Gaussian Processed (DPGP) based clustering approach to assigning

gene expression trajectories into different groups [McD18]. DPGP has the ability to capture the

dependencies among the time points and is suitable for modeling time series data. Commonly

used methods in gene expression analysis, such as hierarchical and k-means clustering, do not

consider this time points inter-dependency and treat each measurement of time-series data as an

independent observation. Detailed implementation of the DPGP algorithm can be found in [McD18].

Before clustering, each gene was normalized using the following equation

N i
t =

Ri
t �

P T
k =1 Ri

k
T

k =T
max
k =1

Ri
k

(3.1)

Where, N i
t is the normalized expression of gene i at sampling time point t . T is total number of

time samples. Ri
k is the RPKM gene expression value of gene i at time t .

3.3.3.6 Intercluster Network

We developed a sampling-based scheme that measures the strength of a cluster relationship based

on the distribution of mutual information [Kra04; Qiu09] between individual genes belonging to the

clusters. Mutual information is a well-established measure for quantifying the relationship between

genes[Kra04; Son12; Haq19].

Mutual information between the expression patterns of two genes (random variables) (G1,G2)

is de�ned as

I (G1;G2) =

Z Z

f (G1,G2)l og
•

f (G1), f (G2)

f (G1,G2)

‹
dG1dG2 (3.2)

where f (G1,G2) is the joint distribution, and f (G1), f (G2) are the marginal distributions of the

random variables representing the gene expression patterns [Qiu09].
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We used the Latin Hypercube Sampling (LHS) scheme [Ste87] to randomly sample TFs from

each cluster (with repetition). We calculated both 6hrs time lagged and zero time lagged mutual

information (MI) scores between pairs of randomly sampled TFs from different clusters. Maximum

amount of time lagged that we allowed Next, for each pair of clusters, we calculated the distribution

of mutual information score among the genes from those clusters. If there are strong connections

among speci�c genes across clusters, we �nd them at the tails of these distributions (higher MI

values).

Figure 3.16 Overview of the method for establishing inter-cluster connection

3.4 Conclusions and Discussion

In this work we have utilized both whole root and epidermal speci�c timecourse transcriptome data.

At the whole root level, we aimed to aggregate available and newly obtained transcriptomic data for

the A. thaliana root under iron de�ciency into an Ordinary Differential Equations based dynamic

model that is both descriptive and predictive. The model was able to describe gene expression

changes of 7 iron de�ciency mediators and 7 in�uencing transcription factors over time using

parameters trained by the MCMC-based DREAM software. The model successfully predicted the
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results of several experiments it was not trained on within the range of calculated uncertainty.

This work contributes to a greater understanding of the complex set of factors modulating the

iron de�ciency response in plants by revealing a signi�cant mRNA decay rate dependence on iron

condition for a set of known iron de�ciency mediating genes, describing expression pattern shapes

of the currently unknown regulators, and hypothesizing gene interaction effects between pairs

of transcription factors. The inferred expression patterns of currently unknown regulators may

help with the discovery of new key transcription factors playing a signi�cant role in iron response

in A. thaliana . The described approach to model structure extension by incorporating newly

obtained data will facilitate efforts in modeling similar condition induced responses and encourage

additional experimentation to continuously increase descriptive and predictive capabilities of

the developed model. The presented model of the iron de�ciency response in A. thaliana offers

a starting point in exploring transcriptome dynamics associated with nutritional stress and has

the potential to replace in-planta experiments with in-silico simulations in an effort to engineer

a desired phenotype. Future experiments would allow for scaling up the model complexity and

improving its descriptive and predictive capabilities.

At the second stage of our work, we shifted our focus towards cell type speci�c regulation under

iron de�ciency. Root cell-type speci�c regulation involved in development, biotic and abiotic stress

are essential for proper growth and development. Identifying these mechanisms will provide critical

parameters for engineering plants that can withstand changes in the environment while continuing

with proper development. Here we show that isolating epidermal cells within the root after exposure

to iron de�ciency in a temporal manner provides transcriptional clarity and identi�cation of novel

genes involved in the iron deprivation response. We have identi�ed STOP2 as a novel iron response

gene in the epidermis, however we did not �nd any phenotypes in the whole root STOP2 mutant.

We applied DPGP clustering and incorporated a novel sampling based approach to construct an

inter-cluster network. Existing inter-cluster network approaches used cluster centroid [Kor15b] or a

single representative gene (hug gene) [LB17]. A single trajectory do not wholly capture the dynamics

of all the genes in a cluster. Thus, instead of using cluster centroid or a single gene as a representation

of all the genes in a cluster, we randomly sampled many genes to create probabilistic representation

of inter-cluster connection strength. We showed that clusters with potentially related genes have

heavier tails in the MI distribution (Fig. 3.13). With this approach, we obtained an inter-cluster

network that highlights multiple biological pathways and TFs interacting under iron de�ciency in

root epidermis (i.e., root hair development, abscisic acid response, and nitrate / phosphate response).

Using the inter-cluster network we identi�ed speci�c TFs that may lead to potential phenotypic

changes in Arabidopsis under iron stress. Our work will serve as a �rst step towards developing GRN

for different cell types in A. thaliana .
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CHAPTER

4

COMPUTATIONAL METHODS TO

UNRAVEL EMBRYONIC GENE

EXPRESSION PATTERNING

MECHANISMS

4.1 Introduction

Spatial regulation of gene expression plays a critical role in animal development. Fruit �y ( D.

melanogaster ) is a widely studied model organism to investigate embryo gene expression pat-

terning and its role in development. Improper regulation in the embryo anterior-posterior (AP)

patterning system at a very early stage can lead to developmental defects in adults [Jae11]. The AP

gene expression pattern is controlled by a group of genes referred to as the gap genes. Previous

research has shown that through compensatory regulation mechanisms (i.e., feedbacks and cross-

regulation), the gap genes ensure that variations in maternal inputs (i.e., gene expression signals

coming from maternal eggs) do not impede development.

One of the �rst steps in Drosophila embryogenesis is the formation of gap gene expression

patterns within the �rst 2 hrs of development. The expression patterns of gap genes are formed

through positional cues from maternal gradients and cross-regulations between the genes [Pap11].

There are multiple layers of gene networks that determine the body segmentation in insects. The

gap gene system is the most upstream regulatory network in the segmentation pathway [Jae04a;
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Jae11].

The gap gene system establishes regions of gene expression in the embryo based on inputs

from maternal protein gradients. This gradient-based patterning occurs in most multicellular or-

ganisms [Jae04a; Jae11]. Due to its importance in body segment determination, researchers have

attempted to build data-driven models to better understand the regulatory mechanisms among the

gap genes and maternal gradients [Pap11; Jae04a; Man09]. Existing computational models proposed

sets of possible model parameters that �t the experimental data [Sur08; Man09; Ash09]. Some of

these models leveraged existing knowledge to reduce possible connections between the genes, while

some models followed a gene circuit approach where the gap gene were all connected with each

other (permitting interaction in both ways). However, existing models did not focus on quantifying

the uncertainty in the model parameters and did not investigate how the parameters may control

the formation of gene expression boundaries. In this work, we utilized a gene circuit model �rst pro-

posed by Manu et al. to understand the in�uence of parameter perturbations on gap gene expression

patterning [Man09]. To capture uncertainty in gene expression patterns and corresponding model

parameters, we employed a Bayesian parameter estimation approach (DRAM [Haa06]) and obtained

parameter posterior distributions. Previous studies reported sets of optimum parameter values,

whereas the Bayesian approach generated a quanti�ed posterior probability distribution for each

parameter. Using posterior parameter distributions, we generated prediction intervals for spatial

expression patterns of four gap genes. Next, we performed two different types of sensitivity analysis

(SA) to identify model parameters that could potentially control the spatial boundary formation of

these genes. Through SA we demonstrate that model parameters that represent interaction among

two genes can indirectly affect the patterning of a third gene. Our SA approach underscores the

importance of systematic model analysis to better understand complex genetic regulation.

In the future, the model analysis framework can be coupled with gene expression data obtained

from naturally varying �y lines allowing scientists to better understand how genotypic variations

affect biomolecular parameters and GAP gene patterning. To facilitate data acquisition from dif-

ferent �y lines, advanced image processing algorithms must be employed. Existing algorithm to

acquire gene expression from microscopic embryo images was developed to capture expression

across the Dorsal-Ventral (D-V) axis of the embryo [Tri13], which is not fully automated and fails

to capture embryo boundary across A-P axes. We incorporated an adaptive thresholding based

segmentation algorithm to modify and improve the existing method of embryo boundary detection.

This improvement would allow researchers to automatically capture spatial A-P gene expression

patterns across hundreds of different �y lines.

4.2 Method

4.2.1 Gap Gene Regulatory Network

We utilized a gene circuit model �rst proposed by Manu et al. to understand the in�uence of

parameter perturbations on gap gene expression patterning [Man09]. Additionally, we employed
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a Bayesian parameter estimation approach (see 4.2.4) to quantity parameter uncertainty through

posterior distributions. The original gene circuit model presented in [Man09] did not incorporate

the terminal gap gene huckebein (hkb). Ashyraliyev et al. incorporated hkb in their model and we

also included this in our model analysis. The gene circuit model is an all connected network of

four gap gene hunchback, Krupple , giant (Gt), and knirps . All of this four gap genes have additional

external regulatory inputs Bicoid (Bcd), Caudal (Cad), huckebein(Hkb) and tailless (Tll) [Ash09]

(Figure 4.1.

Figure 4.1 Modeled gap gene network. In this network, all gap genes are connected with each other. Each
gene is also in�uenced by external inputs. Bicoid(Bcd) and Caudal(Cad) are maternal protein gradients.
huckebein(Hkb) and tailless are terminal gap genes regulating from the maternal system.

4.2.2 Gene Expression Data

To estimate the parameters of the gene circuit model, we used existing gap gene expression data

published by Ashyraliyev et al. and Manu et al. [Ash09; Man09; Sur08]. These papers collected gene

expression data using �uorescence microscopes. 1D gene expression signals were obtained by

projecting the intensity of �uorescent nucleus along A-P axes (Fig. 4.2).

The curated dataset contained protein concentrations of the gap genes and maternal gradient

across the Anterior-Posterior axis of the embryo (Fig 4.3A), at eight-time points during the cleavage

48



cycle 14A (14t h mitotic division of each nucleus). We also curated protein expression at the end of

cleavage cycle 13 (13t h mitotic division of each nucleus). Manu et al. separated the cleavage cycle

14 into eight distinct time classes [Man09]. For modeling purposes, data sampling time points were

considered as the mid-point of these time classes.

Figure 4.3 Projection of gene expression on to A-P axes. A) 3D representation of ellipsoidal embryo. B)
Microscope's view of the embryo and 1D projection of gene expression pattern on along A-P axes.

4.2.3 Gene Circuit Model

Manu et al. introduced a gene circuit model of the gap genes that determined time evolution of

protein concentration in syncytial blastoderm of D. melanogaster [Man09]. Their gene circuit model

included zygotic hb, Kr, gt, and Kni genes and maternal genes Bcd,Cad, and tll . Ashyraliyev et al.

showed that terminal gap gene huckebein (Hkb) can be incorporated into the gene circuit model to

better explain the regulation at the posterior domain [Ash09]. Thus, we incorporated four maternal

gradients Bcd, Cad, Hkb, and Tll in our mdoel. The model equations are similar to Manu et al. where

the expression of each gap gene is determined by following equation

d v a
i

d t
= Ra g

• NX

b =1

T a b v b
i + m a v B c d

i +
NeX

� =1

Ea � v �
i (t )+ h a

‹
+ D a (n )[(v a

i � 1 � v a
i )+(v a

i +1 � v a
i )]� � a v a

i

(4.1)

where the regulatory input function g(u a ) is de�ned as

g(u a ) =
1

2

��
u a =

p
(u a )2 + 1

��
(4.2)

The terms of equation 4.1 are described in Table 4.1. The system of ODE follows two continuous

rules, interphase and mitosis [Man09]. At every new cleavage cycle, the number of nuclei is doubled.
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In a particular cleavage cycle, the number of nuclei is �xed. i denotes a particular nucleus. The

spatial location is de�ned along the A-P axis of the embryo (length of the embryo) (See Fig. 4.5). The

Anterior pole is at 0%, and the Posterior pole is at 100% of embryo length along the axis.

Figure 4.5 Position of a nucleus in embryo is de�ned by its relative position along A-P axes.

The regulatory input function accounts for the transcriptional regulation of gene a . We simulated

and �tted the model over time, starting from cleavage cycle 13 (initial conditions) to the end of

cleavage cycle 14A. A comprehensive description of the gene circuit model can be found in [Man09;

Ash09]

Table 4.1 Parameters of the dynamic model of gap GRN. Model adapted from [Ash09; Man09]

Term Description
v a

i (t ) Protein concentration of gene a in nucleus i
T a b Regulation of gene a by gene b
m a Strength of the regulation of gene a by Bcd

v B c d
i Concentration of Bcd in nucleus i

Ea � Regulatory effect of the time varying external input � on gene a

v �
i (t ) Concentration of external input � in nucleus i at time t
� a Decay rate of the of gene a
h a Homogeneous maternal factors of gene a

This gene circuit model explained spatiotemporal expression patterns of the four gap genes

under consideration across 35%-100% of embryo length. This model cannot fully explain the gene

expression pattering as the genetic interactions and regulatory inputs between 0%-35% length of
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the embryo A-P axis have not been completely identi�ed yet.

4.2.4 Model Fitting

Previous works provided distinct sets of parameters that produced a model �t with acceptable ranges

of error [Man09; Ash09]. However, previous studies did not produce a probabilistic distribution of

parameters. Quanti�cation of parameter distributions allows for quanti�cation of gene expression

trajectory. This can eventually lead to understanding the range of gene expression boundaries within

wild type �y embryos.

Bayesian approaches are suitable for obtaining quanti�ed parameters posterior in a systematic

way. We employed a Markov Chain Monte Carlo (MCMC) based Bayesian approach named Delayed

Rejection Adaptive Metropolis (DRAM) [Haa06]. DRAM can ef�ciently explore high dimensional

parameter space and has been used successfully for estimating parameters in numerous ODE-based

models. As prior distributions for the parameters, we established uniform priors around the nominal

values provided in the existing literature [Sur08]. We ensured that our priors covered all the suggested

values in the parameter sets provided in the existing work.

We selected the starting value of the DRAM chains by running a genetic algorithm to �nd a

parameter set that resulted in a global minimum for sum squared error between model prediction

and experimental data. We let the Markov chain run for 200,000 iterations. Once the optimization

was complete, we discarded the �rst 100,000 samples from the chain (considered as burn-in). We

generated prediction intervals for four gap genes and parameter posteriors from the rest of the

samples.

4.2.5 Identi�cation of In�uential Parameters

One of our main goals was to identify in�uential parameters that control the location of gene

expression boundaries of the gap genes. Previous studies have not quanti�ed how changes in model

parameters affect the spatial expression patterns of the gap genes. Sensitivity analysis (SA) can

detect model parameters that have a signi�cant in�uence on model output [Sal99; Sal04]. In this

case, our quantities of interest (QoI) were borders of the gap gene expression patterns and peaks of

the gap genes (Fig 4.6). Boundaries of expression were de�ned as the positions along the A-P axis

where expression values fell to half of the peak value.

We employed two different SA approaches to quantify parameters' in�uence on the QoIs. First,

we used Partial Rank Correlation Coef�cient (PRCC) analysis where all parameters are perturbed

simultaneously, and changes in QoIs are observed. PRCC identi�ed sets of signi�cantly in�uential

parameters for each QoI. Next, we employed a one at a time (OAT) SA method where one parameter

is perturbed at a time called Morris Method to rank the parameter based on their in�uence on the

QoI.
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Figure 4.6 Quantities of Interest for sensitivity Analysis. Blue X shows gene expression peak amplitude.
Red X indicates location of gene expression boundaries.

4.2.5.1 PRCC Senstivity Analysis

We applied a global SA method Partial Rank Correlation Coef�cient (PRCC) [Mar08] to identify

the most in�uential parameters on our QoIs. PRCC is a popular SA method that can quantify the

degree of correlation between output and any input variable by removing any existing correlations

between the variable of interest and any other input variables. The only requirement of PRCC is that

there remains a monotonic relationship between the variables and output QoIs. To ensure that the

selected QoIs had monotonic relationships with the parameters, we plotted QoI values against each

parameter and visually inspected for the presence of any nonmonotonicity.

We used the Latin Hypercube Sampling (LHS) [Hel03] approach to generate ten thousand random

sample parameter sets from uniform priors. The Upper and lower bound of the uniform distribution

for each parameter were set to � 10%of the best �t value obtained from the MCMC based parameter

estimation approach.
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4.2.5.2 Morris Screening Method

Previous studies have identi�ed that different SA can yield different sets of in�uential parameters. To

ensure that PRCC identi�ed the correct parameters, we incorporated the Morris screening method

for SA. Morris screening is a One at a Time (OAT) parameter perturbation analysis [Sal99; Sal04;

Soh15], where sensitivity index is measured based on a small perturbation of the parameters. Each

parameter ( x ) is ranked based on the effect of small perturbation ( � ) of the parameter on output

(QoI).

Elementary effect =

�
�
�
�
f (x + � ) � f (x )

�

�
�
�
� (4.3)

Parameter perturbation value was selected from the inverse cumulative distribution function

of the parameters. In our case, all parameters were considered to have uniform distributions with

different upper and lower bounds. We adapted the Morris screening method implemented by

MR(2021)available via MATLABcentral website.

4.2.6 Image Processing for Capturing Gene Expression Data

One of the goals of our research was to develop methods for incorporating gap gene expression data

across different �y lines into our model analysis. To extract gene expression data from large samples

of microscopy images, an automated image processing method is essential. Existing methods of

embryo image analysis focused mostly on the Dorsal-Ventral (D-V) axis of the embryo [Tri13]. In

addition, existing methods require parameter tuning when applied to different embryos [Jan05;

Tri13]. We identi�ed that the major limitation of existing gene expression extraction algorithms is the

segmentation and detection of embryo boundaries from �uorescent images (Fig. 4.14). Identi�cation

of embryo boundary directly impacts the quanti�cation of spatial gene expression patterns across

the A-P axis.

To address these limitations, we have applied a threshold-based embryo segmentation method.

For each embryo image, �rst, we calculated the distribution of pixel intensity for the whole image. By

observing the distributions for several images, we decided to use the mean value of this distribution

as the threshold for assigning foreground and background labels for each pixel. We labeled each

pixel as the embryo if its intensity was higher than the threshold. All other pixels were labeled as

background. Next, from the binary labeled imaged, we identi�ed the largest connected component

and selected it as our �nal segmented embryo.

The threshold (T) for binary segmentation was calculated using the following equation

T =
1

N

X

i

I i (4.4)

Where I is the normalized microscopy image. I i represents i t h pixel in image I , and N is total

number of pixels in the image.
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Binary image (B) was generated using following equation

Bi =

8
<

:

1, if I i > T

0, otherwise
(4.5)

To remove unwanted noise from the binary image, we identi�ed the largest connected component

in B using MATLAB's bwconncomp method. The object representing the largest connected compo-

nent in the segmented image was assigned as the embryo, and all other objects were discarded as

noise. Next, we identi�ed the boundary of the embryo (largest connected component) using the

bwboundaries function in MATLAB.

4.3 Results

4.3.1 Parameter Posterior Distribution and Parameter Uncertainty

We generated prediction intervals for four gap genes and parameter posteriors from the rest of the

samples. Posterior distributions of model parameters are presented in Figure 4.7.

Posterior distributions (See Appendix A for iteration chains from DRAM) allowed us to investi-

gate any existence of non-identi�ability in the model. Usually, the non-identi�ability parameters

have single values in the pairwise parameters correlation plot [Smi13] and have �at posterior distri-

butions. The pairwise scatter plot (Figure 4.8) and posterior distributions (Figure 4.7) suggests that

all parameters in the model were identi�able.
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Figure 4.2 Quanti�cation of spatial gene expression as a 1D signal. A) Nuclei in embryo with different
levels of intensity proportional to the expression of a particular protein. B)Nuclei are projected across
A-P axes. C) Incorporating the relative intensity (a value between 0 to 255) of the nuclei along the Y-axis
generates a 1D signal across A-P axes.
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Figure 4.4 Gene expression data along A-P axes (Percent Embryo Length). Data curated from [Man09;
Jan05; Ash09]
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Figure 4.7 Parameter posterior distribution obtained using DRAM. First 100,000 samples from DRAM
chain are discarded as burn-in.
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Figure 4.8 Pairwise scatter plots from the posterior samples of parameters related to the expression pattern of Hb. First 100,000 samples from DRAM chain are dis-
carded as burn-in.
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4.3.2 Model Prediction

Using the posterior parameter samples, we simulated the model to obtain prediction intervals

(Fig. 4.9) for four gap genes across embryo length. Shaded areas in the �gure represent 95% prediction

interval, and the solid lines represent mean prediction. Our prediction closely matched the gene

expression data between 35% - 100% of embryo length.

Figure 4.9 Model prediction of four gap genes across the length of embryo A-P axes. Solid lines indicate
mean predictions, and shaded regions indicate prediction intervals.
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4.3.3 Sensitivity Analysis

4.3.3.1 PRCC Analysis

PRCC results for the parameters related to Hb are shown in Figure 4.10. Results for parameters

related to other genes are provided in Appendix A. PRCC result suggested that a parameter that is

not directly related to a gap gene can still in�uence the boundary formation of that gene. Thus, it is

an indication that interaction between two gap genes can indirectly impact a third gap gene.

60



Figure 4.10 Sensitivity analysis result for QoIs related to gap gene hunchback (Hb)
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For each gene, we calculated the number of in�uential parameters that affect each QoI. The

summarized result is presented in Table 4.2. We found that peak values of the gap gene expression

are highly sensitive compared to the boundary location. As gene regulation often works like a switch

(active/ inactive state), subtle changes of gene expression peaks should not greatly affect the gene

regulation mechanism.

Table 4.2 Number of model parameters identi�ed by PRCC, that signi�cantly affect different of QoIs x
indicates peak expression value, x indicates location of gene expression boundary across percent embryo
length.

Gap Gene Parameters affecting GE boundaries Parameters affecting GE peaks

7 34

3 33

8 39

27 32
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4.3.3.2 Morris Screening

Unlike PRCC, the Morris method did not identify signi�cantly in�uential parameters. Rather this

method generated an elementary effect metric that allowed us to rank parameters for each QoI.

Fig. 4.11-4.12 shows ranking of parameter for different QoIs related to gap gene hb. Parameters are

in ascending order, where the most in�uential parameter is on the right. Morris screening provided

a broader scope for us to select in�uential parameters by using the ranking.
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Figure 4.11 Parameter Sensitivity analysis for the anterior boundary of the gap gene Hb using the Morris method. Parameter ranked in ascending order
(most in�uential parameter on the right). Higher elementary effects indicate more in�uence of the parameter on the QoI.

Figure 4.12 Parameter Sensitivity analysis for the posterior boundary of the gap gene Hb using the Morris method. Parameter ranked in ascending order
(most in�uential parameter on the right). Higher elementary effects indicates more in�uence of the parameter on the QoI.

64



4.3.4 Control of Gene Expression Patterning

Sensitivity analysis identi�ed model parameters that potentially control boundaries of gap genes

across A-P axes of the embryos. We can use this result to better understand how the gap GRN would

respond to changes in the parameter values. Figure 4.13 shows the effect of changing E K niC ad on

the expression patterns of all the gap genes. E K niC ad parameter is not directly related to Kr. This

parameter dictates the regulatory effect of maternal Cad on gene knirps . However, the model analysis

revealed that a change in this parameter could cause a shift in the Kr boundary. This result highlights

the strength of model-based analyses of biological systems. By gathering gap gene expression data

across naturally varying �y lines, we should be able to relate phenotypic shifts in gene expression

patterning to changes in model parameters. Eventually, this analysis may lead to the identi�cation

of genetic variations that cause certain changes in gene expression and model parameters.

Figure 4.13 Perturbation of parameter E K niC ad causes shift in posterior Kr border
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4.3.5 Embryo Segmentation and Boundary Detection

We tested the boundary detection method on hundreds of different embryo images from multiple

Drosophila Genetic Reference Panel (DGRP) [Mac12] �y lines. DGRP contains the genome of a

panel of wild-caught two hundred �y lines. For all cases, this method successfully separated the

embryo from the background. Though we could not use gene expression data across DGRP �y lines

for our model analysis, in future works, the image processing pipeline will quantify spatial gene

expression patterns across hundreds of �y lines, paving the way to identify causal relationships

between genotype and gap gene boundaries.

Figure 4.14 Embryo boundary detection. Example of a case where existing method of embryo boundary
detection fails. A) Embryo boundary obtained using existing algorithm. B) Embryo boundary obtained
with adaptive thresholding approach

4.4 Conclusions

In this chapter, we introduced a systematic approach for analyzing D. melanogaster gap GRN model.

To implement our approach, we adapted the existing gene circuit model and utilized gene expression

data from the literature. We successfully employed a Bayesian parameter estimation approach and

explained spatial expression patterns of four gap genes at the end of cleavage cycle 14A, across

35%-100% length of the embryo.

Incorporation of uncertainty into a mathematical model is essential for making decisions from in

silico experiments. In this work, we estimated parameter posterior distributions for the existing gap

gene circuit model and performed model uncertainty analysis. Through SA we identi�ed in�uential

model parameters that may impact the boundary location of gap gene expression along the A-P axis
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of the embryo. We found that the intensity of the peaks are more sensitive to parameter changes

compared to the gene expression boundary locations. This result indicates that gap genes act like

switches. Thus, small changes in the expression value itself do not affect the regulatory mechanism

(gene remains on or active as long as the expression value is above some threshold).

Our identi�cation of non-in�uential parameters will lead to a reduced model and assist scientists

to better understand key biological factors in gap gene regulation. We used PRCC, a useful and

popular tool to identify in�uential parameters in large models. PRCC is faster than many other

existing SA methods. However, PRCC has certain limitations. It is known that PRCC may indicate

inaccurate results when the parameters are correlated. In our sensitivity analysis, we assumed that

model parameters are uncorrelated and have uniform distribution (with different upper and lower

bounds). Our analysis of parameter perturbation suggested that with the uniform distribution,

PRCC was able to identify the variables correctly.

We improved the existing gene expression quanti�cation pipeline by introducing an ef�cient

embryo boundary detection approach. This improvement will allow scientists to capture large scale

spatial gene expression data across hundreds of �y lines.
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CHAPTER

5

QUANTIFICATION AND CONTROL OF

QUALITY TRAITS IN HORTICULTURAL

CROPS

©2021 Computer and Electronics in Agriculture. Reprint (adapted) with permission from Samiul

Haque, Edgar Lobaton, Natalie Nelson, G Craig Yencho, Kenneth Pecota, Rusell Mierop, Michael

Kudenov, Mike Boyette and Cranos M Williams, "Computer vision approach to characterize size

and shape phenotypes of horticultural crops using high-throughput imagery”

5.1 Introduction

The market value of a horticultural crop can be heavily dependent on its quality, particularly on

physical characteristics such as size and shape. Consumers prefer produce that have speci�c shape

properties [How92; Boy17; Mor12 ], which are often referred in the literature as“Ideal,”“Grade A”, or

de�ned by United State Department of Agriculture as “U.S. No. 1” [Boy17; Oka06; Usd; USD02].

Despite having the same nutritional value as the ideally shaped produce, deformed or “Cull” products

are often rejected by consumers. As a result, deformed crops can be a source of food waste [DH17;

Moo17; Boy17] and signi�cant �nancial loss to growers. This loss can be severe for crops with

high shape variability (e.g., sweetpotatoes and bell peppers). With recent advancements in optical

sorting technologies in the vegetable and fruit packaging industry and advancements in big data
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analytics, the quanti�cation of shape and size characteristics at production scale could enable

the identi�cation of factors (i.e., environmental factors, genotype, and cultural practices) that

contribute to shape deformation in horticultural crops. Through improved understanding of the

underlying drivers of crop shape, growers could revise their cultural practices to promote crop

consistency, leading to increased grower pro�ts and reduced food waste. A major obstacle, however,

to implementing big data analytics in support of crop quality assessment is the absence of ef�cient,

high-throughput methods to quantify 3D features associated with crop shape. Many horticultural

crops are regularly analyzed at packing facilities using high-throughput imaging equipment, but

images captured at these facilities are exclusively used to sort fruits and vegetables into shipping

boxes and containers, and the images are not stored or used for further downstream analyses. To

date, no methodological framework exist for analyzing size and shape quality metrics from images

collected from commercial sorting systems, leaving the images largely unused. Yet, with the proper

technology, these images could be further scrutinized to log the size and shape characteristics of

harvested crops at large production-scales. Though automated morphological feature extraction

approaches have been proposed for several fruits and vegetables [Ish18; Si09; Sun07; Pat15; Kum15;

Pau99; Nar10; Mus11; How91; Oka06; How92], these methods are neither transferable to industrial

sorting facilities nor capable of generating large datasets due to their low throughput. Previously

published methods have focused mostly on 2D morphological features (i.e., height, width, and aspect

ratio) and are unsuitable for quantifying produce with highly irregular shapes (e.g., sweetpotatoes,

bell peppers, cucumbers, and carrots). In addition, previous studies did not incorporate existing

industrial imaging infrastructure, but instead designed or used independent systems for image

acquisition, making the methods unsuitable to couple with existing industrial machinery [Vil20;

Boy17; Oka06; How91].

Previously, Wright et al. introduced a method that captured sweetpotato images from different

angles and then extracted shape features from the image collection [Wri86]. They analyzed shapes of

457 U.S. grade number 1 sweetpotato by suspending each sweetpotato in front of a light source. This

study did not investigate the shape features of deformed sweetpotatoes. Boyette et al. used a laser

scanner to obtain 3D models of sweetpotato and capture shape features from that model [Boy17].

The laser scanner accurately captured 3D shapes of sweetpotato but took over 10 minutes for each

scan. Villordon et al. calculated eight object attributes of 420 SPs from two-dimensional digital

images [Vil02]. In a recent study, Villordon et al. used low-cost 3D laser scanner to assess 3D shape

features across qualitative classes among 210 US number 1 sweetpoatoes [Vil20]. Okayama et al.

designed a machine vision system to obtain four side views and a top view image of bell pepper.

They used �ve CCD cameras and nine lighting devices [Oka06]. They developed a shape feature-

based classi�cation for bell pepper but did not incorporate sub-standard or deformed bell papers

in their study. Howarth et al. used a CCD camera to capture 2D images of 288 carrot samples to

develop a Bayes Decision classi�er [How91]. In another study, Clement et al. proposed an image

processing algorithm to calculate curvature and length of cucumber from images captured by a

digital camera [Cle13]. Their study classi�ed 360 cucumbers by applying thresholding to these two
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Figure 5.1 SP shape feature quanti�cation and shape classi�cations. SP images were captured using a
single lane sorter developed by Exeter Engineering, installed at the Horticulture Crop Research Station
(HCRS) in Clinton, NC.

features. All previously reported studies were conducted in laboratory settings, and their sample

numbers were limited due to the time required for scanning each sweetpotato. These methods are

not suitable to apply at a production scale.

In this work, we introduce a novel computer vision approach to extract 3D shape features from

crop images and classify individual fruits and vegetables into grade classes. We use SP, a highly

variable and irregular crop, as a representative use case. We used digital images obtained from

a commercially available sorter (capable of capturing 5 SP images per second per lane) installed

at the SP Breeding Program at the Horticulture Crop Research Station (HCRS) in Clinton, NC, to

reconstruct three-dimensional models of SPs. This sorter is commercially used to sort other fruits

and crops such as pepper, cucumber, eggplant and potato [Acc; Sid]. We calculated shape features

from the 3D model that could not be extracted directly from 2D images (i.e., curvature, radii of

cross-sections, and tail length). We applied the 3D reconstruction and feature extraction method to

12,579 image samples collected from a SP yield trial to demonstrate how variations in shape features
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across SP cultivars can be quanti�ed. We created a SP shape dataset containing SP images, extracted

shape features, and labeled qualitative shape types (U.S. No. 1 or Cull) for 1,332 of the 12,579 SP. The

qualitative shape type of SP is determined by its visual appearance. U.S. No. 1 SPs have high market

value and meets the U.S. No. 1 standard established by USDA Agricultural Marketing Service [Usd;

AMS07]. Cull SPs have a lower market value and are often discarded during harvesting / sorting. The

USDA standard provides quanti�ed metrics for SP size and weights. However, the standard does not

provide quanti�ed metrics for shape or visual appearance [AMS07], thus inserting subjectivity into

the grading process. Well shaped (i.e., U.S. No 1) SPs may be slightly curved, crooked, or constricted.

Cull SPs are so curved, crooked, or constricted that they will have little to no market value compared

to other SPs of the same lot. For quality inspection, USDA recommends inspector to use photographs

illustrating shapes for determining the shape quality of SPs [AMS07]. We used the shape dataset

to identify a machine learning architecture to best classify qualitative shape types of SPs using 3D

shape features. We found that a neural network classi�er performed best, predicting Cull vs. U.S. No.

1 SP with 84.59%accuracy. In addition, using univariate Chi-squared tests and random forest, we

identi�ed curvature, length-width ratio, cross-sectional roundness, and cross-sectional diameters

to be the most important features for determining qualitative shape (U.S. No. 1 or Cull) of SP.

The 3D reconstruction and feature extraction method allows us to capture the variation in shape

features extracted from thousands of SPs, paving a way to apply big data analytics to understand SP

shape variation. Our method makes use of currently discarded commercial imagery and provides

data that could enable downstream analytics for quantifying and understanding shape variation

across cultivars, and identifying the factors responsible for these variations. Thus, in addition to

supporting research on industrial agricultural production dynamics, our method has the potential to

support plant breeding programs by objectively providing phenotypic metrics beyond yield that can

be incorporated into breeding and selection processes for the development of high-value cultivars.

In addition, we demonstrate that the extracted features can be used to train and test automated

machine learning models for classifying individual fruits and vegetables by grade. Automatic shape

classi�cation has two bene�ts. First, it enables researchers to understand what percentage of a

particular cultivar is marketable (qualitatively good). Second, in the context of SP speci�cally, existing

industrial sorters do not effectively capture SP shape features and fail to accurately sort SPs based

on shape in an automated way. Due to the ability to calculate 3D features in milliseconds, our

method can be incorporated into existing industrial sorters to improve their performance. Industrial

deployment of this method will help packers improve accuracy and ef�ciency of the existing grading

process (by reducing manual labor), and will also create novel datasets that can be used to analyze

industrial-scale trends in crop quality.

5.2 Materials and Methods

We developed a computer vision algorithm for creating 3D SP models from images captured by the

Exeter Accuvision Sorter (Exeter Engineering, Exeter, CA). We extracted t hi r t e e n 3D shape features
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from the 3D SP model. We performed validation experiments to evaluate the accuracy of our 3D

modeling and feature extraction method. We applied our feature extraction method to extract shape

features from 12,579 SP images and quanti�ed the distributions of these features across different

cultivars. In addition, using a labeled dataset of 1,323 SPs and we trained and validated machine

learning classi�ers for identifying U.S. No. 1 vs. Cull SPs. Using Chi-squared test and random forest

analysis we identi�ed the in�uential features that determined SP shape class. Finally, by evaluating

multiple performance metrics, we selected the champion classi�cation model for SP shape type

prediction. Fig 5.1 represents an overview of the methodology.

5.2.1 Sweetpotato Data Curation

5.2.1.1 Image Data

We obtained 12,579 sweetpotato images captured by an Exeter Accuvision Sorter installed at the

North Carolina Department of Agriculture and Consumer Services (NCDA&CS) Horticultural Crop

Research Station in Clinton, NC. The Exeter Accuvision Sorter can scan tens of thousands of SPs per

hour and captures images of all SPs processed through it (Fig 5.1). This equipment is currently used

by many packers for sorting different fruits and vegetables (including sweetpotatoes). We used a

sorter with a single lane, whereas industrial packers use the same sorter with multiple lanes. The

Exeter sorter captures Near Infrared (NIR) and Color (RGB) images of sweetpotatoes. Both images

contain SP views from two separate angles that are 90� apart from each other. We used the NIR

images for image processing (Fig 5.3A) and 3D reconstruction as these images are less noisy than

the RGB images.

5.2.1.2 Field Data

We obtained the relevant �eld data for the SPs from the research stations. This data contained

speci�c plot numbers, planting date, fertilizer application, and irrigation dates.

5.2.1.3 Weather Data

The North Carolina Climate Of�ce has a network of weather stations called the North Carolina

Environment and Climate Observing Network (ECONet) located across the state. Two such stations

(located in Clinton and Kinston) were utilized to collect relevant weather data. The data recorded

from these stations and select calculated values are stored in the NC Clime Of�ce Weather and

Climate Database and are publicly available for export (https: // climate.ncsu.edu / cronos). We

collected the 2018, and 2019 weather data from Clinton and Kinston stations. This data contained

hourly values for temperature, humidity, soil moisture, daily solar radiation, and other values.

5.2.2 Industrial Packing and Imaging of Sweetpotatoes

We obtained 12,579 SP images captured by an Exeter Accuvision Sorter installed at the North Carolina

Department of Agriculture and Consumer Services (NCDA&CS) Horticultural Crop Research Station
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in Clinton, NC. The Exeter Accuvision Sorter can scan tens of thousands of SPs per hour and captures

images of all SPs processed through it (Fig 5.1). This equipment is currently used by many packers for

sorting different fruits and vegetables (including SPs). We used a sorter with a single lane, whereas

industrial packers use the same sorter with multiple lanes. The manufacturer modi�ed the software

of the Accuvision Sorter to enable the writing of SP image �les into a storage drive. Apart from this

modi�cation, the system was equivalent to commercially used sorters. The Exeter sorter captures

Near Infrared (NIR) and Color (RGB) images of SPs. Both images contain SP views from two separate

angles that are 90� apart from each other. We used the NIR images for image processing (Fig 5.3A)

and 3D reconstruction as these images had less background noise than the RGB images (Fig 5.2)

and resulted in better SP segmentation with a threshold based method.

Figure 5.2 RGB and NIR image samples from Exeter Sorter. A) Example of RGB image where background
rails and illumination are sources of noise in threshold based segmentation B) NIR image does not have
such background noise and allows simpler threshold based segmentation of SP.

Our data contained SP samples from 16 clones grown in two different �elds in North Carolina,

USA. Six out of the sixteen clones were already released cultivars. Other clones were breeding lines of

North Carolina State University and Louisiana State University. The sweetpotatoes were grown using

the standard practices of the NC State Sweetpotato Breeding and Genetic Program. The practices

are closely aligned with the guidelines provided in [Rei20]. All storage roots were collected from the

�eld except from the ones that were too small to scan using the Exeter sorter (diameter less than 1

inch).

5.2.3 3D Reconstruction

We segmented SPs from the NIR images (Fig 5.3A) using intensity-based thresholding. The segmen-

tation provided SP shape outlines viewed from two different angles normal (i.e., 90� apart) to each

other (front view and side view). We aligned and rotated the segmented SP images and calculated

centroid axes for each segmentation mask. This alignment made the overall 3D reconstruction pro-

cess invariant to SP rotation and translation from the center of the sorter conveyor belt. We selected

N equidistant points across the axes and obtained SP radii at these points for both views, giving us

N pairs of radii. Next, in a new 3D coordinate system, we constructed N ellipses on the X Y plane
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