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ABSTRACT 

Auxin is a phytohormone that regulates lateral root development through complex 

transcriptional networks. An 8-timepoint microarray of roots treated with indole-3-acetic 

acid (IAA), the major form of auxin, was utilized to identify the transcriptome wide 

kinetics of auxin response. This microarray allowed identification of novel auxin 

responsive genes beyond those found in four other auxin microarray datasets.  This 

dataset contains 88 transcription factors whose transcripts change with varied kinetics. 

Clustering of these transcription factors revealed sequential activation of expression, with 

MYB93, MYB6 and ARF4 identified as possible downstream transcription factors from 

ARF19. Quantitative RT-PCR and T-DNA mutant phenotype analysis support their 

regulation by ARF19 and roles in lateral root development. Using literature and in silico 

relationships between all transcription factors, 12 transcription factors were identified 

from this network to model computationally with fuzzy logic and continuous Bayesian 

modeling techniques. The resultant transcription factor network was tested through qRT-

PCR in the arf19-1 background and T-DNA mutant phenotype analysis. MIF1 and NF-

YB2 are mis-expressed in the arf19-1 background. As bhlh122 and nf-yb2 shared 

phenotypic responses and ARF19 regulated synthesis, this suggests that bHLH122 and 

NF-YB2 function downstream of ARF19 to control lateral root development. 
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CHAPTER 1: INTRODUCTION 

Auxin  

Auxin is a phytohormone which regulates plant growth, development, and 

response to environmental stimuli such as gravity and light. The major active form of 

auxin in plants is indole-3-acetic acid (IAA). Auxin responsiveness of cells is determined 

by auxin concentration and developmental state (Dubrovsky, et al 2008). Local auxin 

concentration is controlled by many factors such as biosynthesis, degradation, storage, 

and especially polar auxin transport (Kieffer et al 2010).  

Auxin effects are distinct in each part of the plant. For example, auxin promotes 

branching in the root while inhibiting branching of the shoot (Chapman & Estelle 2009). 

Within minutes of IAA application, the growth of the primary root is inhibited (Rahman, 

et al 2007). However, lateral root formation is significantly elevated in IAA-treated roots 

only after 8 hours of IAA treatment (Lewis, et al in review). A comparison of the kinetics 

of these responses is shown in Figure 1.  

Auxin is a major developmental signal controlling all stages of lateral root 

formation (Benková & Bielach 2010).  Lateral roots are initiated from founder cells in the 

pericycle in response to auxin accumulation which allows cells to re-enter the cell cycle 

to form lateral root primordia. Lateral root primordia undergo a series of coordinated cell 

divisions (Malamy & Benfey 1997). This process is initiated as a result of a localized 

accumulation of auxin that initiates formation of lateral roots and drives emergence 

through the overlying cell layers (Péret, et al 2009). Stages of lateral root formation 

within the developmental context of the root are shown in Figure 2.   
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Figure 1: IAA rapidly inhibits primary root elongation and more slowly stimulates 

lateral root initiation. A) Morphometric analysis of primary root length after transfer to 

control media or IAA containing media.  The inset shows elongation in the first two 

hours. B)  The number of lateral root primordia were quantified after transfer to control 

or auxin-containing media.  The average +/- SE of > 8 trials is shown.  * Denotes 

significant difference between control and IAA treatment at the indicated time point and 

all subsequent time points (P<0.05). (Lewis, et al In Review)  

Figure 1: IAA rapidly inhibits primary root elongation and more slowly stimulates 

lateral root initiation. 
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Figure 2. Developmental Events During LR formation. (1) Pericycle cells are primed 

for the future LR initiation [LRI] at the basal meristem, (2) LR initiation (anticlinal cell 

divisions to produce shorter and longer cells), (3) LR primordium [LRP] development, 

and (4) LR emergence. Auxin is transported toward the young root tip (acropetal 

transport; ap), and then, at the root tip, it is re-directed to the basal part of the root 

(basipetal transport; bp). The apical meristems of primary and lateral roots are indicated 

by red ovals. A left photograph shows a 10-day-old wild-type Arabidopsis seedling 

(Columbia accession). (Fukaki & Tasaka 2008, used with permission) 

  

Figure 2. Developmental events during LR formation 
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Auxin-regulated gene expression 

Gene expression is induced within minutes of auxin application, best 

characterized by AUX/IAA, SAUR (Small Auxin Up-Regulated), both named for their 

quick response to auxin, and GH3 gene families (Abel & Theologis 1996; McClure and 

Guilfoyle, 1987; Hagen & Guilfoyle 1985). The resulting proteins are involved in 

transcriptional regulation, cell elongation, and auxin conjugation, respectively (Abel & 

Theologis 1996, Chapman & Estelle 2009). Functional studies point to a few common 

cis-elements in promoters of these early-induced gene families termed Auxin Response 

Elements (AuxREs) (Ulmasov et al 1995, Abel & Theologis 1996). 

The basics of the transcriptional machinery that initiates and represses auxin 

dependent gene expression have now been identified (Chapman & Estelle, (2009), as 

shown in Figure 3. Auxin Response Factors (ARFs) are transcription factors that regulate 

this primary auxin response, and bind to AUXREs (Hagen & Guilfoyle 2001). The 

AUX/IAA proteins, which are themselves induced by auxin as described above, are 

repressor proteins binding to ARFs which prevents auxin dependent transcription (Tiwari, 

et al 2001). When there are high levels of IAA in cells, this hormone forms a complex 

with the protein TIR1. TIR1 is an F-box protein which confers specificity to the SCF 

protein ubiquitinating complex. The now-active SCF
TIR1

 complex binds and ubiquitinates 

AUX/IAA proteins and targets them for destruction by the 26S proteasome (Dharmasiri, 

et al 2005; Kepinski & Leyser, 2005). This derepresses ARF transcription factors, 

allowing them to initiate transcription of auxin-induced genes. 

However, this simple story of auxin-related gene activation through ARF 

transcription factors is incomplete. One complexity is that there are 23 ARF and 29 
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AUX/IAA genes, suggesting complex networks of interaction that may control specific 

auxin responses (Weijers, et al. 2005). The distribution of ARF and AUX/IAA family 

members throughout the plant has been proposed to control specific auxin transcriptional 

events (Weijers, et al. 2005). One group has characterized ARF and AUX/IAA gene 

family members in the shoot apical meristem (SAM), examining tissue-specific 

expression patterns through in situ hybridization and protein interactions using Yeast-2-

hybrid (Y2H) studies between ARF and AUX/IAA proteins (Vernoux, et al. 2011). The 

resulting ARF and AUX/IAA interaction network resulting from these studies show that 

not all ARFs interact with other ARFs or with AUX/IAA proteins. Some of the ARFs 

independently act as negative regulators of gene expression. However, the other 

positively regulating ARF proteins can form protein-protein interactions with other 

positive ARFs and with AUX/IAA proteins (Vernoux, et al. 2011).   

The simple picture of only ARF transcription factors and AUX/IAA repressor 

proteins is further complicated by members of other transcription factor families such as 

LBD, MYB, HAT and WRKY proteins that showed increased synthesis upon treatment 

with auxin (Laskowski, et al 2006; Chapman & Estelle 2009; Lewis et al, in review). 

Many ARFs are not activated until several hours after auxin treatment. This is surprising, 

as AUX/IAA repressor proteins are swiftly induced after auxin treatment, turning off 

gene expression (Chapman & Estelle 2009). In an effort to correlate transcript abundance 

changes in response to auxin with the physiological timeline of lateral root formation, an 

8-timepoint microarray experiment examining transcript levels in IAA- and mock-treated 

roots was completed (Lewis et al. In review).    
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Figure 3. Model for auxin-mediated transcription activation.  

Activating ARF proteins resident at AuxRE-containing promoters of auxin-responsive 

genes are in a complex with Aux/IAA proteins at low auxin concentrations. Promoter 

activity is repressed through activities of Aux/IAA proteins and associated transcriptional 

corepressors (CoRep). Auxin binding by the Aux/IAA-SCFTIR1 complex triggers 

ubiquitinylation and degradation of the Aux/IAA proteins. This derepresses ARF activity 

and enables promoter activation at constitutive elements. Transcription may be supported 

and further regulated by transcription factors (TF) bound at adjacent elements or 

interacting with ARF proteins. Double line, genomic DNA; bent arrow, transcription start 

site and direction of transcription (Chapman & Estelle 2009, used with permission).  

Figure 3. Model for auxin-mediated transcription activation. 
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The functions of a number of auxin-induced transcription factors in lateral root 

development have been experimentally demonstrated. GATA23 was isolated through a 

meta-analysis of three microarray datasets looking at cell division, lateral root initiation 

and cell identity. GATA23 was isolated because of its presence in three datasets and 

expression only in pericycle cells just prior to founder cell establishment (De Rybel, et al 

2010). ARF7 and ARF19 are redundant transcription factors that regulate lateral root 

formation and control a diversity of other transcription factors. LBD (Lateral Organ 

Boundary Domain) transcription factors are expressed in all stages of developing lateral 

roots (Lee, et al 2009). LBD16/ASL18 has been shown to regulate lateral root initiation. 

LBD16/ASL18 is expressed in founder cells adjacent to pericycle cells before the first 

asymmetrical cell division in lateral root primordia formation (Goh, et al 2012). The 

synthesis of these two LBD transcripts is impaired in ARF7 and ARF19 mutants, and 

overexpression of LBD16 partially restores lateral root formation in the arf7 arf19 mutant 

(Okushima, et al 2007). Another lateral-rootless mutant, solitary-root (slr/iaa14) is also 

functionally connected to ARF7 and ARF19. SLR has been shown to pair with ARF19 

and ARF7 to regulate lateral root initiation (Benkova & Bielach 2010). The slr/iaa14 

gain-of-function mutation was isolated from a shoot gravitropic screen, because of 

aberrant gravitropic responses in roots and hypocotyls. The mutant also made no lateral 

roots and few root hairs and its phenotype is not rescued by exogenous auxin application 

(Fukaki, et al 2002), demonstrating that some transcriptional regulators are vital for 

lateral root development, working in auxin-response modules.  
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Auxin-regulated transcriptional networks revealed by high resolution transcriptome 

data 

The data resulting from our high temporal resolution microarray experiment 

(Lewis et al. in review) went through four stringent filtering steps, which are outlined in 

Figure 4, to make sure that transcript abundance levels were significantly higher than 

background at all timepoints with a signal-to-log ratio of greater than |0.5| (at least 1.4-

fold change), with consistent magnitude and pattern of change in all three replicates of 

data (Lewis et al).  This data analysis yielded 1,246 gene with consistent changes in 

transcript abundance.  Consensus clusters were formed using k-means and Euclidean 

distance. An interesting pattern emerged in the largest 10 DE clusters. Three pairs of 

clusters are mirror-images of one another, matching pattern and magnitude of transcript 

abundance in opposite directions, as shown in Figure 5.  These clusters also demonstrate 

the array of kinetic responses to IAA-treatment in roots.  

Auxin-dependent processes in the root are mediated by changes in gene 

expression controlled by transcription factors. Transcription factors account for 

approximately 7% of genes differentially expressed in our high temporal resolution 

microarray data set. These transcription factors represent a range of transcription factor 

families (MYB, WRKY, Homeobox, WOX, bHLH, LOB, NAC and bZIP). Other auxin 

microarrays have also found transcription factor families other than ARFs induced in 

response to treatment (Papanov, et al 2008). 

Another factor mediating gene expression changes in the root is the level of auxin 

in the cell, which is controlled in part by auxin transport proteins. These transporter 

proteins control the concentration of auxin in the root, which defines the level of auxin- 
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Figure 4. Flow chart of filtering process. 

After data normalization, SLR values were 

calculated as described in methods, and 

replicate arrays were randomly paired to 

obtain 3 complete time courses—referred 

to as Rep 1, Rep 2 and Rep 3.  The first 2 

filtering steps were done for each replicate 

independently, and identified genes that 

were significantly detected on the chip 

(detection p-value filter; all p-values <= 

0.06) as well as significantly differentially 

expressed (SLR filter; SLR was <= -0.5 

or >= 0.5 for any one time point).  The 

overlap filter intersected all three filtered 

lists to identify the set of genes that passed 

the first 2 filtering steps independently in 

all replicates.  Finally, genes were filtered 

for consistency in pattern (PCC score) and magnitude of expression over time (ED score) 

across all replicate time courses (consistency filter), where 2 of the 3 PCC scores had to 

be >=0.70, and 2 of the 3 ED scores had to be <=1.09.  Those genes passing all filtering 

criteria were considered consistently and significantly differentially expressed across the 

time course in all 3 biological replicates, and were used for further analysis. (Lewis, et al. 

In review)   
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Figure 5. Average gene expression profiles of the ten largest DE clusters. 

Average gene expression profiles for the largest 10 consensus clusters are graphed, where 

error bars represent the standard error of the SLR of each transcript in the cluster.  Top—

several average cluster profiles were found to be mirror images of each other, reflected 

about the x-axis (clusters 1 and 2, 3 and 4, and 6 and 7).  Bottom—a few clusters 

contained unique profiles with no mirror images (clusters 5, 8, 9 and 10).  (Lewis, et al. 

In review)   
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responsive gene expression (Peer, et al 2011). Auxin transport proteins are 

transcriptionally regulated by auxin as well, leading to a positive feedback loop in auxin 

signaling (Vanneste & Friml 2009).  Movement of auxin is coordinated at the cellular 

level through auxin influx and efflux proteins. Auxin moves into cells by diffusion 

through the plasma membrane and through auxin influx transporters of the AUX1/LAX 

(Auxin insensitive and like AUX1) family (Kieffer, et al 2010). However, once IAA is 

inside, it is deprotonated at the higher intracellular pH and the ion cannot leave the cell 

unless exported through auxin efflux transporters of the PIN (Pinformed) and ABCB 

ATP Binding cassette type B families (Zazimalova et al, 2010).  

Auxin gradients established in the root through placement and number of auxin 

efflux proteins help regulate auxin-dependent processes (Muday & Rahman 2008). PIN3 

and PIN7 are especially important in the root for establishing auxin gradients responsible 

for lateral root formation and development (Blilou, et al 2005). These two PIN proteins 

are induced as a result of auxin treatment and have been shown to drive lateral root 

formation (Lewis, et al 2011). Quantitative RT-PCR and confocal imaging of PIN3 and 

PIN7 transcripts and translational GFP fusions show the same kinetics of induction as the 

transcript abundance changes detected by the microarray, as shown in Figure 6 (Lewis, et 

al, in review). The IAA-dependent increases in PIN3 and PIN7 transcript abundance will 

be examined in transcription factor mutants to identify the transcriptional networks that 

control their synthesis.   
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 A)  Microarray 

detected changes in 

PIN3 and PIN7 

transcripts after IAA treatment converted from SLR to fold change.  B)  qRT-PCR 

detected changes in PIN3 and PIN7 transcript abundance after IAA-treatment.  The 

average and SE of three biological replicates is shown. C and D) IAA-dependent changes 

in pPIN3:PIN3-GFP (C) and pPIN7:PIN7-GFP (D) Fluorescence over time measured by 

confocal microscopy in roots counter stained with propidium iodide to denote cell 

boundaries.  The micrographs are representative images from at least 6 trials per time and 

treatment. Scale bars = 100 µm for the high magnification micrographs and 1mm for the 

whole root micrographs. (Lewis, et al In Review)  

Figure 6. qRT-PCR 

and confocal 

imaging of PIN3 

and PIN7 

transcript and 

protein abundance 

corresponds to 

microarray 

detected transcript 

changes. 
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Research Goals 

The initiation of lateral root formation in response to elevated auxin is a 

developmentally fascinating and agriculturally important process. Lateral roots greatly 

increase the surface area available to plants to absorb nutrients and water while 

improving stability (Lynch 1995). Numerous experiments have shown that auxin signals 

are both necessary and sufficient to convert non-dividing root cells into developmentally 

competent and active sites of division and that this process requires a network of auxin-

induced transcriptional events (Benkova, et al 2003; Overvoorde, et al 2010).  Although a 

number of rapidly induced auxin-specific transcription factors have been shown to be 

required for the gene expression at the appropriate developmental time and location to 

drive lateral root formation, there are likely to be sets of transcription factors that act 

downstream to mediate lateral root specific responses. 

The goal of this thesis is to study auxin-regulated transcription factors in root 

development through two approaches. This thesis builds on a recently-completed genome 

wide analysis of transcript abundance changes in IAA-treated roots over a timecourse 

(Lewis, et al, in review). This thesis describes the identification of transcription factors in 

the dataset and the kinetics of their expression. A small number of transcription factors 

were induced early in the timecourse and others were expressed more slowly, consistent 

with a hierarchical network. This thesis will test the hypothesis that sequential changes in 

abundance of transcripts encoding transcription factors occur in a sequential cascade to 

mediate auxin-regulated lateral root development. 

The availability of Arabidopsis plants with T-DNA insertions in in a majority of 

genes in the genome allows the hypothesis for the hierarchical expression patterns of 
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transcription factors to be directly tested. Root and auxin response phenotypes of 

transcription factor mutant lines will be analyzed. Phenotypic differences can then be 

connected to physiological activity of the transcription factor.  

The other approach will focus on computational modeling of transcription factor 

networks. Transcription factors can work together to regulate gene expression. These 

transcriptional networks may be created through sequential activation of other 

transcription factors or protein-protein interactions, creating a physical complex with 

other transcription factors or regulatory proteins (Pu & Brady, 2010). Interactions 

determined computationally as well as literature and in silico relationships can be 

represented visually in a network for a more holistic understanding of the system. 
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CHAPTER 2: IDENTIFICATION OF SEQUENTIAL TRANSCRIPTION 

FACTOR NETWORKS REGULATED BY ARF19 

Auxin is a phytohormone that regulates plant growth, development, and response 

to environmental stimuli such as gravity and light (Dubrovsky, et al 2008). Auxin inhibits 

branching in the shoot, but is a required positive signal stimulating progression through 

all stages of lateral root formation (Benková & Bielach 2010). The major active form of 

auxin in plants is indole-3-acetic acid (IAA). Auxin responsiveness of cells is determined 

by auxin concentration and developmental state (Dubrovsky, et al 2008). Local auxin 

concentration is controlled by many factors such as biosynthesis, degradation, storage, 

and especially polar auxin transport (Kieffer et al 2010). To enter the cell, auxin diffuses 

through the plasma membrane or passes through auxin influx transporters of the 

AUX1/LAX family (Kieffer, et al 2010). However, once IAA is inside, it is deprotonated, 

and cannot leave the cell unless exported through auxin efflux transporters of the PIN and 

ABCB families (Zazimalova et al, 2010). The placement and number of auxin efflux 

proteins, especially PIN3 and PIN7, help establish auxin gradients necessary for lateral 

root formation and development (Muday & Rahman 2008, Blilou, et al 2005). These two 

PIN proteins are induced as a result of auxin treatment and have been shown to drive 

lateral root formation (Lewis, et al 2011). 

Within minutes of IAA application, the growth of the primary root is inhibited 

(Rahman, et al 2007). However, lateral root formation is significantly elevated in IAA-

treated roots beginning at 8 hours of IAA treatment (Lewis, et al in review) (Figure 1). 

Lateral roots are initiated from founder cells in the pericycle in response to auxin 

accumulation. During this process non-dividing cells receive the signal to re-enter the cell 
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cycle to form lateral root primordia via a coordinated series of cell divisions that 

ultimately drive emergence through the overlaying cell layer (Malamy & Benfey 1997, 

Péret, et al 2009). Stages of lateral root formation within the developmental context of the 

root are shown in Figure 2.  

The basic transcriptional machinery of auxin dependent gene expression, as 

shown in Figure 3, is comprised of the Auxin Response Factors (ARFs) transcription 

family and repressor AUX/IAA proteins (Hagen & Guilfoyle 2001, Chapman & Estelle 

2009). The AUX/IAA proteins, which are encoded by the first transcripts induced by 

auxin, bind to ARFs, preventing auxin dependent transcription (Tiwari, et al 2001). When 

there are high levels of IAA in cells, this hormone binds to TIR1 in the SCF
TIR1

 complex. 

SCF
TIR1

 binds and ubiquitinates AUX/IAA proteins, targeting them for destruction by the 

26S proteasome and de-repressing ARF transcription factors allowing transcription of 

auxin-induced genes (Dharmasiri, et al 2005; Kepinski & Leyser, 2005).  

Numerous experiments have identified aspects of the network of auxin-induced 

transcriptional events that drive lateral root formation (Benkova, et al 2003; Overvoorde, 

et al 2010). ARF7 and ARF19 are partially redundant transcription factors that regulate 

lateral root formation and control the synthesis of a diversity of other transcription factors. 

LBD (Lateral Organ Boundary Domain) transcription factors are expressed in all stages 

of developing lateral roots (Lee, et al 2009).   LBD16/ASL18 has been shown to regulate 

lateral root initiation. LBD16/ASL18 is expressed in founder cells adjacent to pericycle 

cells before the first asymmetrical cell division in lateral root primordia formation (Goh, 

et al 2012). The synthesis of these two LBD transcripts is impaired in arf7 and arf19 

mutants, and overexpression of LBD16 partially restores lateral root formation in the arf7 
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arf19 mutant (Okushima, et al 2007). Genetic evidence also identified a role of 

SLR/IAA14 in lateral root formation. The slr/iaa14 gain-of-function mutation was 

isolated from a shoot gravitropic screen, because of aberrant gravitropic responses in 

roots and hypocotyls (Fukaki, et al 2002). The mutant also made no lateral roots and few 

root hairs and its phenotype is not rescued by exogenous auxin application (Fukaki, et al 

2002). SLR has been shown to pair with ARF19 and ARF7 to inhibit transcription of 

genes needed for lateral root initiation (Benkova & Bielach 2010). A number of rapidly 

induced auxin-specific transcription factors have been shown to be required for gene 

expression at the appropriate developmental time and location to drive lateral root 

formation. There are also likely to be sets of transcription factors that act further 

downstream to mediate lateral root specific responses through sequential activation of 

other transcription factors or protein-protein interactions, creating a physical complex 

with other transcription factors or regulatory proteins (Pu & Brady, 2010). 

In an effort to correlate transcript abundance changes in response to auxin with 

the physiological timeline of lateral root formation, an 8-timepoint microarray 

experiment examining transcript levels in IAA- and mock-treated roots was completed 

(Lewis et al. In review). The resulting data went through four stringent filtering steps, 

which are outlined in Figure 4, to make sure that transcript abundance levels were 

significantly higher than background at all timepoints with a signal-to-log ratio of greater 

than |0.5| (at least 1.4-fold change), with consistent magnitude and pattern of change in 

all three replicates of data (Lewis et al).  This data analysis yielded 1,246 gene with 

consistent changes in transcript abundance.  Consensus clusters were formed using k-
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means and Euclidean distance, with the patterns of transcript changes of the top ten 

largest clusters shown in Figure 5.   

Transcription factors account for approximately 7% of genes differentially 

expressed in this high temporal resolution microarray data set. These transcription factors 

represent a range of transcription factor families (MYB, WRKY, Homeobox, WOX, 

bHLH, LOB, NAC and bZIP). This observation is consistent with other microarrays of 

auxin treated samples which have identified transcription factor families other than ARFs 

induced in response to auxin treatment (Papanov, et al 2008). 

This thesis builds on a recently-completed genome wide analysis of transcript 

abundance changes in IAA-treated roots over a timecourse (Lewis, et al, in review).  It 

contains a meta-analysis of several genome wide transcript analyses examining auxin 

regulated gene expression to demonstrate both the unique features of this experimental 

data set and the genes regulated by auxin under a variety of treatment and time courses.  

This thesis also describes the identification of transcription factors in the dataset and 

examination of the kinetics of their abundance changes. A small number of transcription 

factors were induced early in the timecourse and others were expressed more slowly, 

consistent with a hierarchical network. This thesis will test the hypothesis that sequential 

changes in abundance of transcripts encoding transcription factors occur in a sequential 

cascade to mediate auxin-regulated lateral root development. 
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Results 

Dataset comparison  

I identified other published auxin microarray experiments with which to compare 

our root specific timecourse analysis of IAA gene expression response.  The goals for this 

were two-fold: to identify novel transcripts in our root-specific timecourse analysis and to 

identify core transcripts with multiple lines of evidence that they are important, as was 

done to identify a set of “gold standard” cytokinin responsive genes (Kieber et al. 2013). 

I identified four experiments which used Affymetrix ATH1 arrays which had .cel files 

available for download from the Gene Expression Omnibus (GEO) (Edgar et al, 2002). 

Three of these studies examined whole seedlings treated with 5 µM IAA for 2 hours 

(Okushima et al., 2005a; Okushima et al., 2005b; Overvoorde et al., 2005). The last 

dataset examined transcription in root tissue treated with NPA to inhibit lateral root 

initiation, followed by 0, 2, and 6 hours of 10 µM NAA treatment (Vanneste, et al 2005).  

These datasets were downloaded from GEO and normalized using R. For all these 

datasets, the p-value, SLR and overlap filters were applied.  The consistency filter was 

not applied as its application requires multiple timepoints. A comparison overview is 

represented in Table I, with a comparison to our largest 10 differentially expressed (DE) 

clusters, whose temporal kinetics are shown in Figure 5. The most comparable data set 

focused on roots harvested at 0, 2, and 6 hours after treatment with NPA then 10 μM of 

NAA (a 10-fold higher dose than this study) to synchronize the induction of lateral root 

initiation (Vanneste, et al 2005).  Of our DE transcripts, 67% (835) were also identified in 

the Vanneste dataset, and most of these transcripts (593 of these 835) were excluded from 

the other three whole seedling microarrays. I asked where overlapping genes fit into our   
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Table I. Auxin microarray results compared to largest 10 DE clusters. 

 
 

Lewis, 

et al, 

In 

Review 

Vanneste   

et al 

2005 

Okushima, 

et al 2005a 

Okushima, 

et al 2005b 

Overvoorde, 

et al 2005 

 

Mutant 

Analysis 
None slr 

nph4-1 

arf19-1 
arf2-6 

iaa17-6, 

axr3-1, 

i5i6i19 

 Treatment 

1 µM 

IAA at 

8 time 

points 

NPA, 

followed 

by 10µM 

NAA for 

0, 2,or 

6H 

5µM IAA 

for 2 H 

5µM IAA 

for 2 H 

5µM IAA for 

2 H 

 
Total DE 1246 6151 1897 1358 1283 

DE 

Cluster 

# 

# genes in 

overlap 

with 1246 

(%)
a
 

1246 

(100%) 

835 

(67%) 

263 

(21.1%) 

163 

(13.1%) 
81 (6.5%) 

1 
# genes 

(%) 

270 

(100%) 

141 

(52.2%) 
9 (3%) 8 (3%) 2 (0.7%) 

2 
# genes 

(%) 
129 

26 

(20.2%) 
11 (8.5%) 7 (5.4%) 2 (1.6%) 

3 
# genes 

(%) 
116 

32 

(27.6%) 
14 (12.1%) 13 (11.2%) 5 (4.3%) 

4 
# genes 

(%) 
90 27 (30%) 7 (7.8%) 9 (10%) 5 (5.6%) 

5 
# genes 

(%) 
57 

27 

(47.4%) 
9 (15.8%) 7 (12%) 2 (3.5%) 

6 
# genes 

(%) 
57 

18 

(31.6%) 
1 (1.8%) 1 (1.8%) 1 (1.8%) 

7 
# genes 

(%) 
52 13 (25%) 2 (4%) 2 (3.9%) 1 (1.9%) 

8 
# genes 

(%) 
40 14 (35%) 11 (28%) 4 (10%) 2 (5%) 

9 
# genes 

(%) 
22 

17 

(77.3%) 
9 (40.9%) 7 (31.8%) 5 (22.7%) 

10 
# genes 

(%) 
13 

10 

(76.9%) 
2 (15.4%) 4 (31%) 0 (0%) 

a
 The percentage was calculated by dividing the number of genes in each 

comparison data set found in this DE cluster by the total gene count in each DE cluster. 
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largest 10 DE clusters, as our time profile contained both earlier and later timepoints than 

the Vanneste dataset. This cluster-by-cluster comparison is found in Table II. The 

Vanneste data set contained between 20 and 77% of the transcripts in these clusters. 

Significantly enriched functional annotations of each cluster, as determined by analysis 

with DAVID (Database for Annotation, Visualization, and Integrated Discovery), are 

listed in Table II as well. Cluster 10 has a significantly enriched auxin response 

annotation and 77% of transcripts in this cluster were also found in the Vanneste dataset.  

This overlap is logical, as the transcripts in this cluster are increased beginning at 30 

minutes and this is increase is sustained throughout the timecourse, overlapping with the 

2 and 6 hour timepoints in the Vanneste dataset. Three of our clusters (3, 4, and 8) were 

differentially expressed later in the process (8-24 hours) with only 14-32% of these genes 

also identified by Vanneste, consistent with the later time points included in our data set. 

Interestingly, only 20% of the 129 genes in our cluster 2 are also identified by Vanneste, 

which, on the surface, seems odd, since the cluster is down-regulated from 1 to 8 hours, 

times that overlap with Vanneste. However, observation of the actual cluster 2 time 

profile shows that the strongest down-regulation of these genes occurs at 4 hours, a time 

point not covered by Vanneste et al. (2005). This observation demonstrates the additional 

information on transcriptional changes can be identified through a time course analysis 

suggesting this data set will complement existing genome-wide datasets.  

This analysis also allowed identification of transcripts that are robustly regulated 

by auxin treatment in all these datasets.  This overlapping dataset included 50 transcripts 

that were found in all 5 datasets. These transcripts are robust indicators of auxin response   



22 

 

Table II: Summary of annotations and kinetics of ten most populated DE clusters 

compared to the Vanneste dataset. 

DE 

Cluster 

Number 

Gene 

Count 

Cluster 

Regulation 

Over-represented Cluster 

Annotations 

Transcript 

Changes 

with SLR 

≥|0.5| 

Vanneste 

Gene 

count 

(%)a 

5 57 Up Response to auxin stimulus 
30 min to 

4hr 

27 

(47.4%) 

10 13 Up Response to auxin stimulus 
30 min to 

24hr 

10 

(76.9%) 

7 52 Up 
Response to auxin stimulus 

1hr to 24hrs 
13 

(25%) 

1 270 Up 

RNA processing, RNA 

polymerase activity, DNA 

replication, RNA degradation 

2hr to 4hrs 
141 

(52.2%) 

6 57 Down 
cell wall organization, cell 

wall biogenesis/degradation 
2hr to 24hrs 

18 

(36.6%) 

2 129 Down 
Transmembrane region, 

response to osmotic stress 
2hr to 4hrs 

26 

(20.2%) 

9 22 
Down and 

Up 

Intrinsic to membrane, 

oxidoreductase 
Complex 

17 

(77.3%) 

8 40 Up 
Signal peptide, extracellular 

region 

8hrs to 

24hrs 

14 

(35%) 

3 116 Up 
Regulation of cell cycle, cell 

division 

8hrs to 

24hrs 

32 

(27.6%) 

4 90 Down 
Phosphorylation, protein 

kinase activity 

8hrs to 

24hrs 

27 

(30%) 

a
 The percentage was calculated by dividing the number of genes in the Vanneste data set 

in each DE cluster by the total gene count in each cluster.   
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implying that they have important functions in auxin-responsive processes. Five of these 

50 transcripts are transcription factors [RHA2A, ARR29, TINY, bHLH30, bHLH158].  It is 

somewhat surprising that none of these are ARF transcription factors. However, ARF19  

(At1G19220) is present in all datasets except for Okushima, et al (2005a), which analyzes 

nph4-1 and arf19-1 single and double knockouts. bHLH78, GRAS21, MYB93, bZIP37, 

ERF9, and HAT2 are also expressed in 4 out of 5 total datasets. These 11 transcription 

factors are likely very important for the auxin response throughout the whole plant. Four 

AUX/IAA proteins were also found in all 5 datasets [IAA2, IAA9, IAA13, IAA14]. This 

suggests that these AUX/IAAs are important regulators of auxin-responsive gene 

expression throughout the entire plant, while other AUX/IAAs may be acting in a more 

specific fashion, as suggested by Weijers, et al (2005).  

These comparative analyzes indicate that our microarray detected novel auxin-

responsive transcripts. The resolution of our experiment was improved by only including 

root tissue, rather than the whole seedling. It is very striking that the overlap between our 

dataset and whole seedling datasets is small- only 7-21% of our genes were found in 

those datasets. This is consistent with the opposite growth and developmental responses 

to auxin in the shoot and root. Measuring additional timepoints allowed for a more 

holistic view of the auxin response in roots, as we found 411 more root-specific 

transcripts than the Vanneste dataset, which only included 0, 2 and 6 hour timepoints. At 

6 hours, lateral root development has not yet become significantly different, so the 

additional timepoints allow for identification of transcripts involved in lateral root 

development beyond just initiation. 328 transcripts out of the 411 novel root-specific 

transcripts were also not found in any of the whole seedling datasets. This is likely due to 



24 

 

the additional timepoints that were collected in our microarray, but may also reflect tissue 

differences or differences in the auxin used for the experiments. Of these 328 transcripts, 

65 are annotated as unknown proteins and 25 are annotated as transcription factors.  

Identification of transcription factors in dataset 

I identified 88 transcription factors differentially expressed in the DE filtering of 

this time course auxin microarray.  Two approaches were used to identify these 

transcription factors.  All genes in the microarray were used to search the AGRIS 

(Arabidopsis Gene Regulatory Information Server) TF database yielding 84 transcription 

factors. AGRIS has compiled a comprehensive list of transcription factors in Arabidopsis, 

classified into 50 families, based on manual literature curation as well as BLAST and 

motif searches for conserved domains based on literature available on known 

transcription factors. Approximately 1,400 genes encode transcription factors out of 

29,388 genes in Arabidopsis genome, representing 4.8% of genes in Arabidopsis (Yilmaz, 

et al 2010). The second approach was to perform a manual search for genes whose 

DAVID (Database for Annotation, Visualization and Integrated Discovery) annotations 

suggested that they encoded transcription factors, which yielded 4 additional genes. 

These 88 transcription factors represent approximately 7% of the genes differentially 

expressed due to IAA treatment in the microarray. 

Kinetic analysis of transcription factor expression 

Transcription factors in the dataset display a variety of induction kinetics. These 

can be sorted into groups based on their generalized pattern of regulation. 76 transcription 

factors out of 88 transcription factors differentially expressed were classified as up-

regulated and 12 as down-regulated (Table III). The up-regulated transcripts are found in 
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22 different differentially expressed (DE) or singleton clusters (SC) and the down-

regulated genes are spread over 5 clusters.  A more detailed breakdown is shown in Table 

IV. 13 transcription factors show maximum SLR change before 2 hours, 34 at 4 hours, 14 

at 8 hours and 27 late in the timecourse at 12 or 24 hours. In general, a majority of the 

transcription factors seem to be responding to the IAA stimulus after 4 hours of treatment.  

Clustering transcription factors reveals sequential patterns of activation 

Clustering all differentially expressed genes, as in the DE clusters, is useful for 

seeing general trends and matching general kinetic patterns with functional annotation.  

However, transcription factors are found in almost all of the 60 clusters of the entire 1246 

transcript data set. This distribution made it difficult to find overarching kinetic patterns 

and to identify groups of transcription factors that may show sequential activation. 

Clustering transcription factors separately is more likely to reveal functional groups of 

transcription factors, or sets regulated by common DNA elements or upstream 

transcription factors (Lockhart & Winzeler 2000, Quackenbush 2001).   

In order to more easily find these sequential transcription factor activation 

patterns, I clustered transcription factors separately from other functional categories of 

genes in the DE dataset. I created consensus clusters with the SC2AT program which 

used k-means (Olex and Fetrow, 2011). The program performs a figure-of-merit analysis 

to determine the best starting number of clusters to feed into the k-means algorithm, and 

utilizes k-means to create consensus clusters. K-means is an iterative clustering process 

that starts with a user-directed number of random clusters. Each gene is assigned to a 

cluster, and the mean distance away from the cluster center is calculated. Genes without a 

good fit are
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Table III. Makeup and location of transcription factors in the microarray dataset. 

 
Number with 

Transcription Factors 
Total Number Percentage 

DE Clusters 20 60 33%  

Singleton Clusters 5 12 42%  

Up-regulated Clusters 22 51 43% 

Down-regulated Clusters 5 21 24% 
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Table IV. Transcription factor kinetics. 

 
Cluster 

Peak 

time 
Transcription factors in cluster 

E
a

rl
y
 4 0.5 

AT2G22800 HAT9, AT5G25810 TINY, AT1G08320 AtbZIP21, AT3G21270 

ADOF2, AT3G47500 CDF3, AT5G06839 bZIP-like 

5 1 

AT1G57560 AtMYB50, AT1G74660 MIF1, AT2G40970 MYBC1, AT5G47370 

HAT2, AT3G25710 bHLH32, AT1G34370 STOP1, AT1G68810 AtbHLH30, 

AT343430, AT5G60450 ARF4 

E
a
rl

y
 M

id
d

le
 

1 4 

AT2G24500 FZF, AT2G02740 WHY3, AT1G27050 ATHB54, AT1G43860, 

AT304030, AT3G12270 PRMT3, AT3G16870 GATA-17, AT5G02470 DPA, 

AT5G16470, AT5G44210 ERF9 

2 4 
AT2G23290 MYB70, AT1G31050 AtbHLH111, AT1G68670, AT4G34000 

AtbZIP37, AT5G47640 NF-YB2, AT1G10200 ARR15, AT1G74840 ARR29 

6 4 AT1G33240 AT-GTL1, AT3G61630 CRF6, AT5G57150 AtbHLH35 

17 4 AT2G4430 ANAC038, AT2G42280 AtbHLH130 

20 4 AT3G09770 C3HC4-type, AT4G17785 MYB39 

36 4 AT1G14350 AtMYB124 

45 4 AT1G19220 ARF19 

SC  1 4 
AT1G05710 AtbHLH153, AT5G57390 AIL5, AT2G41070 EEL, AT4G35550 

WOX13, AT2G34140, AT3G02790, AT5G48560 AtbHLH78 

L
a
te

 M
id

d
le

 

7 8 AT4G09460 ATMYB6, AT5G28770 BZO2H3, AT3G60630 AtGRAS21 

9 8 AT1G17950 MYB52, AT1G73410 MYB54, AT2G46130 WRKY43 

10 8 AT5G15160 BNQ2 

11 8 AT1G26260 CIB5, AT4G29100 AtbHLH68 

38 8 AT2G47890 COL13 

SC 12 8 
AT1G34670 AtMYB93, AT4G37790 HAT22, AT3G50650, AT5G13180 

ANAC083 

L
a

te
 

3 12 

AT1G77080 MAF1, AT2G31180 MYB14, AT3G20310 ERF7, AT5G13910 LEP, 

AT1G66470 AtbHLH83, AT2G22900 AtCAMTA3, AT4G31920 ARP4, 

AT4G32890 GATA-9, AT4G37290 CYCB1;1 

8 12 
AT1G73760, AT3G16770 EBP, AT3G18400 ANAC058, AT5G54680 

AtbHLH105 

13 12 AT1G52880 NAM, AT1G79580 SMB, AT1G25280 AtTLP10 

27 12 AT5G67300 MYBR1 

32 12 AT4G13640 UNE16 

41 12 AT1G76580 SPL16 

SC 2 12 
AT4G37730 AtbZIP7, AT1G15100 RHA2A, AT1G51140 AtbHLH122, 

AT2G43060 AtbHLH158, AT3G21890 

SC 10 12 AT4G28270 

SC 6 24 AT1G01720 ATAF1 
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reassigned to a new cluster, and the process continues for as many times as specified by 

the user. K-means is a random-start process, so the outcome is different each time. With 

more iterations of k-means, more clusters result. A figure-of-merit analysis was utilized 

before the clustering process to determine the optimal starting cluster number for k-

means. In order to account for the variability of k-means’ random start, consensus 

clusters were created from 10 k-means clustering runs. Consensus clusters are created by 

grouping genes that clustered together with each k-means clustering run.  

The resulting transcription clusters reveal a variety of kinetic responses of 

transcription factors to IAA treatment. There were 23 consensus transcription factor 

clusters. Genes that did not cluster with other genes were still assigned a cluster number 

by the program, so for clarity, clusters with only one gene have that gene name in 

parenthesis. These transcription factor clusters are pictured in a heatmap in Figure 6. Red 

represents up-regulation, blue represents down-regulation, and white is no change. The 

darker colors represent increased differential expression. Clusters were manually 

arranged in Figure 6 by approximate induction timepoint in order to highlight differential 

kinetics of clusters, as well as apparent sequential induction. Most transcription factors 

are up-regulated in response to IAA, with 19 out of 23 clusters showing IAA- increased 

transcript abundance at some point in the timecourse. Clusters 8, 10, 5 and 18 (the ARF19 

singleton cluster) are up-regulated strongly at the beginning of the timecourse and remain 

up-regulated over 24 hours. The other positively regulated clusters contain transcripts that 

are differentially increased at varying times across the timecourse, such as Cluster 15, 

which is most highly up-regulated at 8 and 12 hours, when lateral root formation 

becomes significantly different. In contrast, there are only 4 transcription factor clusters  
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Figure 7. Heatmap of transcription factor clusters. Heatmap represents consensus 

clusters for 88 transcription factors clustered using k-means and Euclidean distance, with 

the SLR average values for each cluster reported.  This resulted in 15 clusters with two or 

more genes, and 8 individual gene clusters with varying induction patterns. The values 

are colored to more readily illustrate the abundance change. Red represents induction and 

blue represents repression of transcript abundance upon IAA treatment. Values are the 

corresponding SLR. Clusters were manually ordered to show sequential kinetics. 
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that show reduced expression after IAA treatment. Transcription factor clusters 4 and 7 

are strongly down-regulated, especially at 4 hours. Clusters 12 and 13 are more variable 

due to small number of genes in the cluster with variable behavior across the timecourse.  

ARF19 is a master regulator of IAA response and lateral root development 

ARF19 is an extremely interesting transcription factor both because of the distinct 

and early pattern of changes in its transcript abundance and because of its demonstrated 

function controlling expression of genes needed for lateral root formation (Okushima, et 

al 2005a). This auxin response factor has also been shown be partially functionally 

redundant with a second ARF transcription factor, ARF7 (NPH4) (Remington, et al 2004). 

ARF19 and ARF7 have been demonstrated to control downstream activation of 

transcription factors involved in lateral root development (Okushima, et al 2007), making 

them candidates for master regulator transcription factors, coordinating lateral root 

development. ARF7(NPH4) surprisingly did not pass the SLR filter in our microarray 

dataset. Its expression was relatively flat and did not pass the 0.5 SLR cutoff at any point 

throughout the timecourse, which indicates that its regulatory role is not linked to 

changes in its synthesis. We asked about the presence of all the ARF genes in our data set.  

Most of them failed our filtering either because of low levels of expression (failing the p 

value filtering) or constitutive levels of expression across the time course, failing the SLR 

filter (Figure 8).  It appears that ARF19 is the main auxin response transcription factor 

with regulated expression changes that is involved in coordinating lateral root 

development. ARF7 is not induced, but may still have a powerful role in specific cell 

types or due to change in activity rather than synthesis.   
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Figure 8. Transcript abundance of the ARF gene family in timecourse of IAA 

treated roots. 

Auxin response family member expression over timecourse of IAA treated roots. All 

except for ARF19, ARF4 and ARF1 were not included in the final dataset. The filtering 

level removed column indicates where gene family members were removed. Filtering 

steps are listed in Figure 4. 
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In our microarray, ARF19 has a unique and interesting expression pattern. It is 

greatly induced by 30 minutes after IAA treatment, and its expression remains 

significantly induced with an SLR of above 1 until 24 hours. Only one other transcription 

factor, HAT2 (found in transcription factor cluster 5 and DE cluster 5), showed stronger 

induction at this early time. Other early-responding transcription factors, like those in TF 

cluster 1 and 11, are returning to baseline levels and are below an SLR of 0.5 by 4 hours 

(Figure 6). ARF19 also is bioinformatically distinct as it clustered by itself in the 

transcription factor clusters, and only clustered with IAA13 in the DE clusters.  Therefore 

ARF19 is the best candidate for a transcription factor controlling downstream expression 

of other transcription factors during root responses to IAA.  

Testing sequential transcription factor activation of MYB93, MYB6 and ARF4 

through qRT-PCR 

The ARF19 and ARF7 regulation of lateral roots has been partially tested in one 

microarray experiment in which seedlings were treated with IAA in wild-type, the arf19-

1 mutant, the arf7/nph4 mutant, and a double mutant and RNA isolated from whole 

seedlings. In the original manuscript, transcripts were simply labeled as auxin-inducible, 

without any indication of the magnitude of IAA induction.  However, genes encoding 

three transcription factors, MYB93, MYB6, ARF4, with altered expression in either the 

arf19-1 or nph4-1 arf19-1 mutant and differentially expressed in our dataset were 

identified to analyze as possible downstream, sequentially activated transcription factors. 

The pattern of expression of ARF19 and these three other transcription factor genes is 

shown in Figure 9. In order to test these relationships, RNA levels of the three   
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Figure 9. Expression of ARF4, MYB93 and MYB6 in IAA timecourse and 

Okushima microarrays. A. Average SLR graph of ARF4, MYB93, and MYB6 in the 

microarray. B. Expression of ARF4, MYB93, and MYB6 in the Okushima, et al 2005b 

dataset, as filtered for dataset comparison. Blue represents down-regulation, Red 

represents up-regulation. 
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transcription factors in the arf19-1 mutant were analyzed by qRT-PCR. Genes that are 

downstream of ARF19 should have significantly different levels of expression from WT 

levels, particularly with IAA treatment.  

The kinetics of MYB93 are interesting, as the SLR is below the significance 

threshold of 0.5 at all timepoints except for 0.5 and 4 hours after IAA treatment (Figure 

10A). Its most significant expression level is at 4 hours after treatment. In the Okushima, 

et al (2005b) microarrays of nph4-1 and nph4-1 arf19-1, this gene was simply listed as 

auxin-inducible. My filtering of this data set revealed that MYB93 decreased slightly in 

the arf19-1 mutant in the absence of added IAA, although MYB93 remained inducible in 

response to IAA (Figure 10B).  This induction was reduced in nph4-1 and further reduced 

in nph4-1 arf19-1(Figure 10B). 

As MYB93 expression is altered in the nph4-1 arf19-1 mutant, I tested the 

possibility that in roots ARF19 controls MYB93 synthesis.  I prepared RNA from roots 

transferred to media with and without 1 µM IAA for four hours, and performed qRT-PCR 

with MYB93 specific primers. When expression levels of MYB93 were tested in the 

arf19-1 (CS24617) mutant, levels were not significantly altered in untreated arf19-1 as 

compared to wild-type (Figure 10B).  After 4 hours of IAA treatment, the normal 5.8 fold 

induction of MYB93 seen in WT in response to IAA is lost, with no significant difference 

with and without IAA treatment detected in the arf19-1 genotype. This indicates that 

MYB93 is an auxin-inducible transcription factor downstream of ARF19.  

MYB6 responds as robustly as ARF19 to IAA treatment, but its most robust 

response is at 8 hours after IAA treatment, as opposed to ARF19’s peak expression level  
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Figure 10. MYB93 expression. A. SLR of MYB93 expression in microarray of IAA-

treated roots over time. B. Transcript abundance of MYB93 relative to WT control. 

Scale bars = Standard error| + indicates p-value <0.05 for student’s t-test between 

control and treatment.  * indicates p-value <0.05 for student’s t-test between 

genotypes.   
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Figure 11. MYB6 expression. A. SLR of MYB6 expression in microarray of IAA-treated 

roots over time. B. Transcript abundance of MYB6 relative to WT control. Scale bars = 

Standard error + indicates p-value <0.05 for student’s t-test between control and 

treatment.  * indicates p-value <0.05 for student’s t-test between genotypes.   
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at 4 hours (Figure 11A). This expression pattern mirrors ARF19, but with a slight delay 

suggesting the hypothesis that MYB6 works downstream of ARF19. MYB6 did not appear 

in the original filtering of Okushima, et al’s (2005) microarray of arf19-1 and associated 

mutants. However, when I filtered their microarray data using our procedures, MYB6 is 

observed as being IAA induced in WT (Col-0) treated with IAA (Figure 11). MYB6 

shows dramatically reduced transcript abundance in the nph4-1, arf19-1 and nph4-1 

arf19-1. IAA induction of MYB6 seen in WT is reduced in the nph4-1 and nph4-1 arf19-1 

backgrounds, and the level of induction in arf19-1 with IAA treatment does not reach the 

significance level of 0.5 SLR.  This missing IAA induction of MYB6 is mirrored in my 

examination of MYB6 by qRT-PCR. Levels of MYB6 in untreated arf19-1 are not 

significantly different from WT. However, MYB6 expression increases by 4.6-fold in 

wild-type at 4 hours after IAA treatment and this induction is significantly reduced in 

arf19-1. This result indicates that the IAA-inducibility is lost and that ARF19 regulates 

MYB6 expression. 

ARF4 increases in response to IAA in our microarray data set with slower kinetics 

than ARF19, leading us to hypothesize that it would be reduced in the arf19 mutant and 

IAA induction would be lost (Figure 12A).  In the Okushima, et al (2005) dataset filtered 

using our criteria, ARF4 is induced normally in arf19-1 but significantly reduced in the 

double mutant and nph4-1 at 2 hours of treatment with a 5-fold higher IAA treatment 

than our microarray.  

The analysis of ARF4 in arf19-1 through qRT-PCR yields a result opposite of our 

prediction with more ARF4 transcript accumulating in arf19-1 than in wild-type in the 

absence of IAA.  In the presence of IAA, ARF4 increases 5-fold in wild-type.  In the   
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Figure 12. ARF4 expression. A. SLR of ARF4 expression in microarray of IAA-treated 

roots over time. B. Transcript abundance of ARF4 relative to WT control. Scale bars = 

Standard error| + indicates p-value <0.05 for student’s t-test between control and 

treatment.  * indicates p-value <0.05 for student’s t-test between genotypes. 
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arf19-1 mutant, induction of ARF4 is lost, as the transcript remains at equivalent levels of 

the untreated mutant (Figure 12). This still indicates that ARF4 is downstream of ARF19, 

but suggests that it is repressed by ARF19 in the absence of IAA (presumably by an 

ARF19 complex with a specific AUX/IAA and in the presence of auxin, this complex 

dissociates turning on ARF4 expression). ARF4 is a negatively-regulating ARF (Vernoux, 

et al, 2011), responsible for down-regulating transcripts in response to IAA treatment, so 

it appears that one of ARF19’s actions is to suppress transcription of ARF4. 

Transcription factor mutant phenotypes suggest roles in lateral root development 

downstream of ARF19 

Another way to assess the role of a transcription factor or other gene in a process 

is to look at phenotypic changes in a mutant with a T-DNA insertion in the gene. T-DNA 

(transfer DNA) insertion mutants are a great tool available in Arabidopsis thaliana. This 

collection of mutants contains a segment of the tumor-inducing plasmid of 

Agrobacterium tumefaciens. This segment is inserted randomly into the plant genome, 

usually disrupting a locus, by Agrobacterium along with an antibiotic selection marker 

that allows mutants to be identified. These inserts are successful in Arabidopsis as it does 

not contain endogenous transposons and inserts average 1.5 per mutant genome, usually 

knocking out one single locus (Azpiroz-Leehan & Feldmann, 1997). 

 In order to identify transcription factors involved in regulating lateral root 

development, T-DNA insertion mutants were grown for 5 days, and then placed on 

control media or media containing the physiologically relevant dose of 0.1 µM IAA for 4 

days. These seedlings were then analyzed for lateral root number, primary root length, 

and resultant changes in lateral root density. The lateral root density measure is the most 
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informative as it takes into account individual root differences. It also accounts for 

differences in a mutant’s root length when considering lateral root formation. When 

mutant phenotypes are quantified, the lateral root number and primary root length graphs 

are included so that one can visualize where differences in lateral root density arose. 

When lateral rooting is altered in a T-DNA mutant, the missing gene is demonstrated to 

function in lateral root development. This effect may be through regulation of other 

transcription factors or components important in the process such as cell wall 

modification.  For example, ARF19 has been demonstrated to play an important role in 

regulating lateral root formation, which was supported by its mutant phenotype. The 

arf19-1 null mutant (Figure 13) makes fewer lateral roots and is resistant to the inhibition 

of primary root growth caused by IAA treatment (Figure 14). This phenotype matches the 

expectation, as ARF19 normally acts to increase lateral root formation in the presence of 

IAA, so the decrease in lateral root formation is expected. 

While not as severe as the arf19-1 phenotype, arf4 (SALK_070506C) , myb6 

(SALK_126058C) and myb93 (SALK_131752)  all have altered root phenotypes 

consistent with a role downstream of ARF19 (Figure 14). Untreated myb93 has a 

significant increase in lateral root density compared to WT. myb93 is the only one of 

these mutants with a significantly different untreated mutant phenotype.  myb93, myb6 

and arf4 all have IAA-responsive phenotypes, indicating their role in IAA-mediated 

lateral root development. arf19-1 and myb6 have significantly decreased lateral root 

density with IAA treatment. This phenotype in arf19-1may be partially attributed to its 

increase in primary root length when treated with IAA. ARF19 and MYB6 seem to 

normally increase lateral root density in response to IAA based on this phenotype. 
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Expression of ARF19, as determined through qRT-PCR. Error bars= standard error * 

indicates p-value <0.05 for student’s t-test between genotypes. 

  

Figure 13. arf19-1 is a null mutant. 
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Figure 14. Analysis of kinetics and mutant phenotypes of ARF19, ARF4, MYB6 and 

MYB93. A. Expression of ARF19, ARF4, MYB6 and MYB93 in the microarray. B. Lateral 

root number of arf19-1, arf4, myb6, and myb93 expressed as a percent of WT untreated 

lateral root number. C. Length of primary root expressed as percent of WT untreated 

primary root length. D. Lateral root density expressed as a percent of WT untreated 

lateral root number. + indicates p-value <0.05 for student’s t-test between control and 

treatment.  * indicates p-value <0.05 for student’s t-test between genotypes.   
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MYB93 appears to have a role in increasing lateral rooting as well, as the  myb93 mutant 

has a significant decrease in lateral root number with IAA treatment versus WT roots.  

arf4 makes fewer lateral roots than WT when treated with IAA, but has a significantly 

increased lateral root density as its primary roots tend to be slightly (but not significantly) 

shorter than WT with IAA treatment. The increase in lateral root density in arf4 makes 

sense with ARF4’s proposed classification as a negative regulating ARF, decreasing the 

response to IAA (Vernoux, et al 2011). myb93 makes significantly more lateral roots with 

IAA treatment when compared to WT.  This indicates increased IAA sensitivity for both 

mutants. However, myb6 has a significant decrease in lateral root density with IAA 

treatment than WT. 

Phenotypic analysis of T-DNA insertion mutants for other TFs with interesting 

kinetics 

Phenotypes of T-DNA mutants and gene expression differences of MYB93, MYB6, 

and ARF4 supported the hypothesis that these transcription factors function downstream 

of ARF19. As demonstrated with the expression patterns of the transcription factor 

clusters (Figure 7), other transcription factors seem to be responding sequentially to IAA. 

Some of these transcription factors may be involved in lateral root development. T-DNA 

insertion mutants were available for several transcription factors with varying kinetic 

patterns out of the 88 transcription factors differentially expressed. Two early responding 

and two middle responding transcription factors with interesting and representative 

expression patterns (Figure 15A) were selected for further analysis. HAT9 and MYBC1 

both are early responding transcription factors, with their peak expression only an hour 

after IAA treatment. NAM and BNQ2 are transcription factors that respond later in the 
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Figure 15. Analysis of kinetics and mutant phenotypes of select early and middle 

responding transcription factors.A. Expression of HAT9, MYBC1, NAM and BNQ2 in 

the microarray. B. Lateral root number of hat9, nam, bnq2, and mybc1 expressed as a 

percent of WT untreated lateral root number. C. Length of primary root expressed as 

percent of WT untreated primary root length. D. Lateral root density expressed as a 

percent of WT untreated lateral root number. + indicates p-value <0.05 for student’s t-test 

between control and treatment.  * indicates p-value <0.05 for student’s t-test between 

genotypes.   
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timecourse, with their greatest SLR around 12 hours. BNQ2 is especially interesting, as 

its SLR of 2.88 at 12 hours is the greatest magnitude change in expression of any 

transcription factor differentially expressed in the microarray.  In order to determine if 

these genes are important for IAA-dependent lateral root formation, phenotypes of these 

T-DNA mutants were analyzed. This assay was conducted in the same fashion by 

assaying plants for lateral rooting number and density differences and the results are 

shown in Figure 15B.  

Interestingly, the two early transcription factors are ones that show significantly 

altered phenotypes. The two middle-responding transcription factors mutants, nam 

(CS852962) and bnq2 (SALK_135685), do not show any significant differences from 

WT. Untreated mybc1 shows an increased lateral root density over WT.  Untreated hat9 

(SALK_109657) has a significantly shorter root than WT. When treated with IAA, hat9 

makes significantly fewer lateral roots when treated with IAA than WT. It also maintains 

a significantly shorter primary root length than WT in the presence of IAA. This suggests 

that hat9 is slightly auxin insensitive in regards to lateral root formation. Unlike hat9, 

mybc1 (SALK_102624) makes significantly more lateral roots than WT with IAA 

treatment.  

arf19-1 has altered rootward IAA transport, impacting its lateral root formation 

 The SLR expression values of some IAA transport proteins are shown for the 

microarray (Figure 6, Figure 16B) as well as the Okushima, et al (2005b) dataset using 

the same filtering methods in Figure 16B. In our microarray, the auxin influx transporter 

LAX3 and auxin efflux transporters PIN1, PIN3 and PIN7 are all up-regulated quickly   
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 arf19-1 has altered rootward IAA transport, impacting its lateral root 

formation. A. Rootward IAA transport is significantly increased in arf19-1, as measured 

through an 18-hour assay of seedlings 6DAG using [
3
H]-IAA. arf19-1 has a 20% increase 

in transport. * represents p-value <0.05 in student’s t-test. B. SLR of IAA-influx   

Figure 16. arf19-1 has altered rootward IAA transport, impacting its lateral root 

formation. 
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with IAA treatment. The presence of increased IAA therefore is predicted to increases 

IAA transport throughout the root by increasing transcription as well as altering post-

translational modifications of efflux proteins (Reviewed in Rosquete, et al 2012).In the 

arf19-1, nph4-1, nph4-1 arf19-1 set of microarrays done by Okushima, et al (2005a), the 

IAA efflux transport proteins PIN1, PIN7 and LAX3 are all slightly up-regulated in arf19-

1 over WT levels when treated with IAA (Figure 16B). To identify the role of ARF19 in 

regulating auxin transport, transport of tritiated IAA was measured.  

Rootward IAA transport can be tested by the application of [
3
H]-IAA agar 

droplets at the root-shoot junction, and measuring the amount of radio-labeled IAA that 

has traveled into the root using a scintillation counter. Rootward IAA transport is 

important for driving lateral root initiation, as a local auxin maxima is needed to drive 

lateral root initiation. Results from this assay are shown in Figure 16, as percent of WT 

IAA transport. The arf19-1 mutant has increased rootward IAA transport.  The elevated 

IAA transport in arf19-1 corresponds to increased auxin efflux protein synthesis. 

Interestingly, this pattern does not hold true for nph4-1 and nph4-1 arf19-1.  PIN1 is the 

only one of these IAA transporters up-regulated with IAA treatment in nph4-1 and nph4-

1 arf19-1- and the levels are reduced slightly in the single mutant, and reduced further in 

the double. This suggests that shootward IAA transport would be significantly decreased 

from WT in nph4-1 and nph4-1 arf19-1. The decreased lateral root formation of arf19-1 

makes sense in the context of decreased IAA transport and transport proteins. Decreased 

IAA transport may mean a decrease in local IAA concentration needed for lateral root 

formation.   



48 

 

Discussion 

Genome-wide transcriptional studies provide substantial information on the 

responses of organism to changing stimuli.  This approach has been used extensively in 

model systems like Arabidopsis to provide the community of researchers with 

information on genes whose expression is regulated by hormones, stress, nutrients, and a 

variety of other parameters that modulate plant growth and development.   Prior studies 

have typically considered auxin-dependent transcript changes at only one or two 

timepoints (Paponov, et al 2008), but using a snapshot approach does not provide 

information on both the rapidly induced transcripts and the slower induction of 

downstream targets that mediate growth and developmental responses.  Many of these 

studies have also been done in whole seedlings (Okushima et al., 2005a; Okushima et al., 

2005b; Overvoorde et al., 2005), which complicates the analyses, as auxin oppositely 

regulates growth and development in shoots and roots (Thimann, 1977). These studies 

have also used a range of different endogenous or synthetic auxins and a range of 

concentrations, which also likely leads to distinct responses.  

Examining auxin responsive over an extended time course has potential to 

identify new sets of IAA responding transcripts. This analysis has been completed and 

the first goal of this thesis was to use a bioinformatics approach to ask if this hypothesis 

was supported by comparison of the identified genes in this analysis to the results from 

other microarray experiments.  A meta-analysis was utilized to ask which of the 

transcripts identified in this IAA-responsive data set are novel and to identify a gold-

standard set of auxin-responsive genes identified in all or most microarrays of 

Arabidopsis roots or seedlings. Four datasets were used for this comparison, with three 
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analyses performed with a treatment of 5µM IAA of whole seedlings for 2 hours 

(Okushima, et al 2005a, Okushima, et al 2005b, Overvoorde, et al 2005). The fourth and 

most comparable data set was performed with roots samples treated first with NPA to 

block lateral root formation, then with 10µM NAA, to synchronize and induce root 

formation, with samples isolated at 0, 2 and 6 hours of NAA treatment (Vanneste, et al 

2005). As each of these arrays were analyzed differently than our dataset, I normalized 

and filtered their raw data to match all filtering steps utilized on our microarray data. The 

one exception was the consistency filter, which can only be applied to timecourse data 

sets, as it looks for patterns of change over time.    

 We found the greatest and most informative overlaps with the root-specific 

Vanneste, et al (2005) dataset, which identified 67% (835 transcripts) of the genes in our 

data set. Examination of the ten clusters with greatest numbers of genes indicates that 

these overlapping transcripts are enriched in certain clusters. Less than 21% of genes in 

our dataset overlap with the three whole seedling datasets, which were treated with 5 μM 

IAA, a dose 5-fold higher than ours (Okushima et al., 2005a; Okushima et al., 2005b; 

Overvoorde et al., 2005).  When compared to our largest ten clusters, these three 

experiments identified less than 20% of the genes in most clusters, even those that show 

profound increases at the single timepoint used in these 3 experiments.  This limited 

overlap is consistent with the profound tissue differences in IAA responses. Resolution of 

auxin responses on root physiology is not only improved by only looking at root tissue, 

but also by increasing the number of timepoints in the dataset. Our analysis found 411 

novel auxin-targets over the root-specific Vanneste, et al (2005) dataset, which had 3 

timepoints. This set of 411 genes represents a novel set of IAA-responsive root-specific 
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genes.  Of this set of 411 transcripts, 348 were not found in any other dataset, 

demonstrating the higher resolution gained by addition of additional time points, despite 

a 5-fold lower dose of IAA. 

Our cluster 10 has the most significant overlaps with all four data sets consistent 

with its very strong and early induction. In contrast, DE clusters 3, 4, and 8, with 

transcript abundance changes at later time points than used in other experiments resulted 

in the majority of these transcripts being absent from comparison datasets. Fifty 

transcripts were found to be differentially regulated in all 5 datasets, highlighting a core 

set of genes which may be necessary for the auxin response throughout the plant. 5 of 

these 50 genes are annotated as transcription factors [ARR29, bHLH30, RHA2a, 

bHLH158(IBH1) TINY]. Mutants in ARR29 and bHLH30 do not appear to have any 

published phenotypes. Even though the AGRIS TF database identified the RHA2a as 

encoding a transcription factor, a report by Bu, et al (2009) indicates that RHA2a is an E3 

ubiquitin protein ligase involved in regulating ABA response. rha2a is ABA insensitive, 

and an overexpression construct, 35S:RHA2a is extremely ABA sensitive. bHLH158 

(IBH1) has recently been found to function in a bHLH transcription factor regulatory 

cascade controlling cell elongation (Bai, et al 2012). An overexpression construct of 

IBH1 results in a dwarf plant, which has only been examined in response to 

brassinosteroids and gibberelic acid. However, increased auxin levels can also cause 

dwarfed plants, and the role of bHLH158 (IBH1) should be further investigated in an 

auxin context. TINY is named for the short DNA sequence making up this gene. 

Interestingly, a 35S:TINY overexpression line also has a dwarf phenotype (Sun, et al 

2008). This construct has only been examined in an ethylene and stress assay, but not in 
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an auxin context. Since TINY transcript responds early and robustly in the timecourse and 

is also induced with ethylene treatment, it is likely an important transcription factor in 

controlling the synergistic responses of auxin and ethylene.  

The gene expression events in response to IAA and seen in all of these 

comparison datasets are coordinated by transcription factors. The classical picture of 

auxin-regulated gene expression tells of ARF transcription factors turning on expression 

of IAA-responsive genes when AUX/IAA genes are marked for destruction by IAA 

bound to its receptor complex, SCF
TIR1

(Chapman &Estelle, 2009). However, only 2 of 

the 88 transcription factors differentially expressed in our dataset are ARF transcription 

factors. This result points to a more complicated story of IAA-regulated transcription 

factors. AUX/IAAs and ARFs have been suggested to work in a tissue or cell-specific 

fashion to coordinate the auxin response (Weijers, et al 2005). ARF19 and ARF4 were the 

two ARF transcription factors differentially and consistently expressed in the microarray. 

ARF19 fits the classic idea of ARFs as it turns on early and robustly in response to IAA 

treatment. ARF4, however, responds most robustly at 4 hours after IAA treatment, which 

does not fit the classic gene expression paradigm. Other transcription factors expressed in 

response to IAA have interesting kinetics, and come from a wide variety of transcription 

factor families, so the idea of which transcription factors are involved in IAA responses 

needs to be expanded to include more transcription factor families as well as waves of 

transcription factor activity across the timecourse. 

These transcription factors have a wide array of kinetic responses to auxin, as 

demonstrated by transcription factor clusters.  A majority of transcription factors are up-

regulated, and most often this response occurs between 4 and 8 hours. The various kinetic 



52 

 

patterns observed point to sequential transcription factor activation in response to IAA 

treatment. Early responding transcription factors, like the quick and robust ARF19, likely 

activate transcription factors who respond robustly at 4 and 8 hours to coordinate the 

right physiological events at the right time.  

ARF19, the early and robustly responding transcription factor, has been 

demonstrated to control the expression of a downstream transcription factor, LBD16, in 

coordination with ARF7 (NPH4), a partially redundant transcription factor (Okushima, et 

al 2007). The nph4-1 arf19-1 double mutant does not make any lateral roots, supporting 

the idea that these two transcription factors work together to drive lateral root formation 

(Okushima, et al 2005a).  The nph4-1 arf19-1 mutant does not make lateral roots, and this 

severe phenotype has been suggested to arise from the impairment of lateral root 

initiation (Okushima, et al 2007). A 12 hour treatment of 10µM NAA, a synthetic auxin, 

was used with the ProCycB1;1:CycB1;1(NT)-GUS reporter on WT and nph4-1 arf19-1 

seedlings to allow visualization of cells undergoing mitosis and the beginning stages of 

lateral root initiation. This treatment strongly induced the GUS reporter in pericycle cells 

of WT, where lateral roots are initiated. However, this treatment was not sufficient to 

detect the ProCycB1;1:CycB1;1(NT)-GUS reporter in nph4-1 arf19-1 (Okushima, et al 

2007). The altered IAA transport in arf19-1 suggests that local auxin maxima may not be 

forming appropriately in nph4-1 arf19-1, resulting in the decreased lateral root initiation. 

However, ARF7 did not pass the SLR filter in our microarray and LBD16, is also not 

differentially expressed in our microarray dataset. LBD4, LBD18, and LBD39 are the 

only members of the LBD/LOB transcription factor family differentially expressed.   
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Three transcription factors, ARF4, MYB93 and MYB6, were differentially 

expressed in our microarray, as well as had altered expression in a microarray of the null 

mutant arf19-1 or the double mutant of ARF19 and ARF7(NPH4) (Okushima, et al 2005b, 

Remington, et al 2004). The kinetic pattern of these three transcription factors, taken with 

the alteration in gene expression in the Okushima, et al (2005b) microarray, suggest that 

they may be acting downstream of ARF19. When the levels of MYB6, MYB93, and ARF4 

were measured in arf19-1 through qRT-PCR all three showed altered expression levels. 

MYB6 and MYB93 are significantly reduced in the arf19-1 background, supporting the 

idea that they operate downstream from ARF19. ARF4 shows significantly increased 

levels of expression in the arf19-1 background, also supporting that it acts downstream of 

ARF19 in the response to IAA. However, this is a more complicated picture. ARF4 has 

been demonstrated to be a negatively-regulating ARF that does not dimerize with other 

ARF transcription factors or AUX/IAA repressor proteins in the normal fashion to alter 

gene expression (Vernoux, et al 2009). ARF19 may be involved in down-regulating ARF4 

to sustain the IAA response for a longer period of time.  

The idea that MYB6, MYB93 and ARF4 are acting downstream of ARF19 in lateral 

root development was also tested through the use of T-DNA insertion mutants. When 

ARF19 is knocked out, the mutant makes significantly fewer lateral roots and the nph4-1 

arf19-1 mutant phenotype is much more severe, not making any lateral roots (Okushima, 

et al 2005b). ARF19, MYB6 and MYB93 all appear to have a role in increasing lateral 

rooting. arf19-1 and myb6 have decreased lateral root density with IAA treatment and the 

myb93 mutant has a significant decrease in lateral root number in the presence of IAA. 

ARF4,however, seems to play a role in decreasing lateral root density, as arf4 has 
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significantly increased lateral root density with  IAA treatment. This makes sense with 

ARF4’s proposed classification as a negative regulating ARF, decreasing the response to 

IAA (Vernoux, et al 2011). These results demonstrate that MYB6, MYB93, and ARF4 act 

downstream of ARF19, and participate in driving gene expression events needed for in 

lateral root development.  An intriguing possibility, beyond the scope of this thesis, 

would be to test the interactions between these genes in double and triple mutants. 

Phenotypic and qRT-PCR experiments support the hypothesis that sequential 

induction of synthesis of transcription factors may predict the hierarchy that controls 

downstream developmental processes.  This analysis indicates that ARF4, MYB6 and 

MYB93 are induced later than ARF19 and that ARF19 protein is required for this 

expression.  Consistent with this observation plants with mutations in all three of these 

genes have altered lateral root phenotypes, this suggests the identification of a functional 

transcription factor cascade.  There are additional transcription factors induced with later 

kinetics than ARF19, with interesting phenotypes. MYBC1 and HAT9 had robust early 

responses to IAA, and NAM and BNQ2 had responses in the middle of the timecourse. T-

DNA insertion mutants for these 4 genes were also analyzed for altered lateral root 

development in response to IAA. Interestingly, the two early-responding transcription 

factors had significant changes in lateral rooting, while the two middle-responding 

transcription factor mutants showed no significant differences from WT. hat9 had 

significant decreases in lateral rooting with the addition of IAA, and significant decreases 

in primary root length both with and without IAA, so this did not translate into a lateral 

root density difference. mybc1 had a significant increase in lateral root number and lateral 

root density in the untreated mutant. It would be intriguing to look at expression of 
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transcription factors expressed during the middle and late parts of the timecourse in hat9 

and mybc1 through qRT-PCR to examine if sequential activation is occurring in early-

responding transcription factors in addition to arf19-1. 

Utilizing a high-resolution, tissue specific examination of the gene expression 

response to IAA treatment over time allowed for identification of transcription factors 

involved in this response. Examination of kinetic patterns of these transcription factors 

through clustering supported the idea of sequential IAA transcription factor activation. 

Phenotypic evidence as well as qRT-PCR data in arf19-1supported MYB6, MYB93 and 

ARF4 working downstream of ARF19 to regulate lateral root development. IAA-

responsive phenotypes in other early responding transcription factors suggest that there 

are other sequential transcription factor cascades controlling lateral root development to 

be elucidated.  

Methods 

Meta-analysis of published microarray dataset  

All datasets for comparison were .cel files downloaded from GEO (Edgar et al., 

2002). GEO accession numbers for the datasets are GSE3350 (Vanneste, et al 2005), 

GSE631 (Okushima et al., 2005a), GSE627 (Overvoorde et al., 2005b), and GSE629 

(Overvoorde et al 2005). Data were normalized using the RMA normalization method in 

R (Bolstad et al., 2003) followed by p-value calculation with the Affymetrix package in R. 

Within each dataset, each of the two experimental replicate expression values was 

compared to the averaged control to obtain signal-to-log ratios for each gene. To remain 

consistent with our filtering process, probes were deemed differentially expressed as long 
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as the SLR was greater than 0.5 or less than -0.5 (1.4-fold change) for each replicate of a 

sample. 

Probes only had to be differentially expressed in response to hormone treatment 

or in mutant genotypes (but not both) to remain in the comparison. I designed three short 

programs using Python 3.2.3 to determine overlap between datasets, with aid from 

William Turkett in the Computer Science department. The first program compared two 

lists of Probe_IDs found in the respective microarrays and output a file with genes found 

in both lists. The second program retrieved expression data associated with genes in 

common between the datasets, and the third program assigned TAIR IDs and gene 

abbreviations to each Probe_ID.  

Plant growth and Arabidopsis genotypes 

Col-0 seeds were purchased from Lehle seeds (Round Rock, TX). T-DNA 

insertion alleles were ordered from the Arabidopsis Biological Resource Center (Ohio 

State University, Columbus, OH) lines were chosen by using T-DNA express 

(http://signal.salk.edu/cgi-bin/tdnaexpress) (Salk Institute Genomic Analysis Laboratory, 

San Diego, CA). Seeds from ABRC were planted and homozygous individuals were 

selected using a medium throughput PCR-based genotyping procedure described below.  

Plants were grown on 1X Murashige and Skoog medium (Caisson Labs, North 

Logan, UT) pH 5.5, MS vitamins, 0.8% agar, buffered with 0.05% MES (Sigma, St Louis, 

MO) and supplemented with 1.0% sucrose. After stratification for 48 hours at 4°C, plants 

were grown under 100 μmol m
-2

s
-2

 continuous cool white light. For phenotypic analyses 

wild type and mutant plants were grown on control media for five days then transferred 
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to control and 0.1 μM IAA containing media. This concentration was chosen as it is a 

more physiologically relevant level of IAA, and allows for finer detection of both IAA 

resistant and sensitive phenotypes. Four days later seedling images were captured with a 

scanner. Seedlings were assessed primarily for lateral root number and elongation 

differences, which were manually quantified. 

Genotype verification of T-DNA insertion lines 

All T-DNA insertion lines were demonstrated to be homozygous in advance of 

analysis using a medium-throughput genotyping system which allows for up to 96 plants 

to be analyzed at a time. Leaf tissue from each plant was harvested  and placed into a 96 

well deep well plate with DNA extraction buffer (100mM LiCl, 10mM Na2EDTA, 

100mM TRIS-HCL, 1% w/v SDS pH = 8.0) and a 0.177 cal steel bead. Tissue was 

disrupted using a pneumatic paint shaker (Northern Tools, Burnsville, Minnesota) at 

approximately 60 psi for 5 minutes until tissue was adequately disrupted, and centrifuged 

at 5000 rpm for 5 minutes. DNA was precipitated with isopropanol, resuspended, and 

stored at -20°C until further use. Solutions were added and removed with the aid of a 

BioMek robot. Two PCR reactions were utilized to determine if the individual plant was 

heterozygous or homozygous. A set of gene-specific and a set of one gene specific primer 

and one T-DNA specific primers were designed by primer3plus 

(http://www.bioinformatics.nl/cgi-bin/primer3plus/primer3plus.cgi). One PCR reaction 

utilized the gene-specific forward and reverse primers to determine if there was a wild-

type copy of the gene. The other PCR reaction used a T-DNA left border primer and one 

gene specific primer to detect the T-DNA insert.  The two reactions were analyzed by 

melt curve on an ABI 7600 fast qPCR machine (Applied Biosystems, Carlsbad, CA) and 

http://www.bioinformatics.nl/cgi-bin/primer3plus/primer3plus.cgi
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SYBR green (Invitrogen, Carlsbad, CA). Positive PCR reactions were distinguishable 

from negative and non-specific PCR reactions when greater than 80°C temperature was 

needed to denature the double-stranded DNA and eliminate SYBR green fluorescence. 

Those wells which show no wild-type reaction and a positive T-DNA reaction correspond 

to a homozygote, and seeds are harvested from these individuals for further analysis.  

IAA treatments and RNA isolation 

RNA was isolated from seedlings grown on a nylon filter (03-100/32 Sefar 

Filtration, Depew, NY) as described previously (Levesque et al., 2006). Approximately 

100 seeds were plated, stratified and germinated on a filter pressed against control 

medium. Nine days after germination, filters were transferred to control or 1µM IAA 

plates for 4 hours. At the end of the treatment, roots were aligned and excised, carefully 

avoiding the root-shoot junction. Samples were promptly frozen in liquid nitrogen and 

RNA isolation was performed according to the Qiagen plant RNeasy kit protocol (Qiagen, 

Valencia, CA). After DNAse treatment (Promega, Madison, WI), RNA samples were 

quantified by absorbance at 260 nm using a Nanodrop spectrophotometer (Nanodrop 

technologies, Wilmington, DE).  

qRT-PCR 

Synthesis of cDNA proceeded with a 1:1 mixture of oligo(dT) and random 

hexamer primers and SuperScript III enzyme (Invitrogen). After RNase (Invitrogen), the 

A260 was measured using a Nanodrop spectrophotometer to ensure equal efficiency in the 

cDNA synthesis reactions between samples. qRTPCR analysis using this cDNA was 

performed on an Applied Biosystems 7600-fast thermal cycler using SYBR Green 

detection chemistry. Three or four biological replicates for each sample type were used in 



59 

 

all experiments, with the exception of WT +IAA in the MYB93 experiment. Two 

replicates were averaged due to apparent RNA degradation, reflected in abnormally high 

Ct values recorded. 

Rootward auxin transport  

The assay of rootward (acropetal) auxin transport in wild type and arf19-1 roots 

were performed as described in Lewis & Muday (2009). Wild type and arf19-1 seedlings 

were grown under continuous cool white fluorescent light for 6 days at 25 ºC on MS 

media to ensure roots were at least 10 mm. A droplet of agar (5 µl containing 0.05% 

MES, % agar, and 100 nM [
3
H]IAA (American Radiolabeled Chemicals)) was applied at 

the root shoot junction.  During the assay, plants were placed under yellow-filtered light 

to prevent the breakdown of IAA that occurs under blue light. A 5 mm segment at the 

root tip was excised after 18 hours. Radioactivity was quantified by scintillation counting.  

The values are reported values are the average and SE of transport calculated relative to 

wild type in each assay and represent three independent trials in which 96 WT and 94 

arf19-1 seedlings have been pooled. 
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CHAPTER 3: DEVELOPING AND TESTING MODELS FOR AUXIN 

RESPONSIVE TRANSCRIPTION FACTOR NETWORKS 

With the advent of genomic and transcriptomic techniques in biology, biological 

data sets provide a more holistic view of gene expression or gene function in an organism. 

This provides the opportunity to consider more than the function of a single gene or 

protein, but also how that component interacts with other components around it to 

influence the function of a system. With the large amount of data generated by these 

genomic, transcriptomic, and proteomic datasets, important patterns and relationships are 

not always obvious to biologists, so computational modeling approaches can be powerful 

approaches to identify mathematic relationships between components. These 

relationships then can inform the design of experiments to verify the predicted 

relationships. 

We have in hand a detailed time course of IAA-responsive transcripts in 

Arabidopsis roots, with 1246 transcripts showing robust gene expression changes. To 

reach this final dataset, the transcripts on the array had to have significantly higher than 

background expression, the magnitude of change had to be 0.5 SLR or greater at one or 

more timepoints, the transcript had to be present in all three replicates and to act 

consistently over the timecourse (Lewis, et al in review). This thesis focuses on 

transcription factors in the dataset, as transcriptional cascades have been implicated in the 

control of auxin-responsive processes like lateral root development (Shin, et al 2007, 

Vernoux et al 2011, Okushima et al 2007). These transcriptional networks may be created 

through sequential activation of other transcription factors or protein-protein interactions, 

creating a physical complex with other transcription factors or regulatory proteins (Pu & 

Brady, 2010).  
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Auxin Response Factors (ARFs) are transcription factors that induce 

transcriptional events that mediate the auxin response (Hagen & Guilfoyle 2001). 

AUX/IAA proteins are repressor proteins that bind to ARFs and prevent transcription in 

the absence of auxin (Tiwari, et al 2001). When IAA levels rise, AUX/IAA proteins are 

ubiquitinated and destroyed through the action of IAA bound to its receptor protein 

complex SCF
TIR1

, allowing initiation of auxin-induced transcription (Dharmasiri, et al 

2005; Kepinski & Leyser, 2005). This story is likely more complex than this simple 

model.  Members of other transcription factor families such as LBD, MYB, HAT and 

WRKY proteins show increased synthesis upon treatment with auxin, consistent with a 

role of additional transcription factors controlling auxin dependent growth (Laskowski, et 

al 2006; Chapman & Estelle 2009; Lewis et al, in review). AUX/IAA repressor proteins 

are swiftly induced after auxin treatment, which should allow rapid increases in ARF 

activity turning on expression of downstream genes (Chapman & Estelle 2009). 

Transcription factors in the dataset were identified through their annotation in the 

AGRIS transcription factor database (Yilmax, et al 2010) or the DAVID functional 

annotation tool. There were 88 transcripts encoding transcription factors, accounting for 

approximately 7% of genes differentially expressed in our high temporal resolution 

microarray data set. These transcription factors represent a range of transcription factor 

families (MYB, WRKY, Homeobox, WOX, bHLH, LOB, NAC and bZIP).These 

transcription factors have varied kinetic patterns, and were differentially expressed across 

the timecourse extending beyond the early timepoints most frequently sampled in studies 

of auxin-dependent transcription. Some patterns are readily observed within this 

transcription factor data set, with the presence of several rapidly induced transcription 
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factor genes and many more slowly induced genes lagging behind.  This suggested the 

testable hypothesis described in the previous chapter that early TF genes may drive 

expression of later genes.  Yet, there are likely relationships within this data set that are 

not obvious by manual inspection, but that may be revealed by mathematical modeling of 

relationships. A recent paper analyzed gene expression experiments related to lateral root 

initiation using several inference algorithms with the aim of reconstructing underlying 

regulatory networks involved (Muraro, et al 2013). The two network models of 

components involved in regulating lateral root initiation that they present were combined 

with sequence data and mutant data, and suggested testable hypotheses for further 

investigation. Modeling biological networks allows for an unbiased search of connections 

in a regulatory network, which when combined with biological data, suggests testable 

hypotheses for novel relationships. 

The functions of several auxin-induced transcription factors have been 

experimentally demonstrated by utilizing gene expression data and knockout mutant 

phenotypes. . GATA23 was isolated because of its expression only in pericycle cells just 

prior to founder cell establishment, and presence in a meta-analysis of three lateral-root 

microarray datasets (De Rybel, et al 2010). ARF7 and ARF19 are partially redundant 

transcription factors that regulate lateral root formation and control a diversity of other 

transcription factors. LBD (Lateral Organ Boundary Domain) transcription factors are 

expressed in all stages of developing lateral roots (Lee, et al 2009).   LBD16/ASL18 was 

identified because of its altered expression in the arf7 arf19 mutant, which makes no 

lateral roots.  When LBD16/ASL18 is expressed in the arf7 arf19 background, it rescues 

lateral root formation, demonstrating that it is downstream of ARF7 and ARF19.  
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LBD16/ASL18 is also expressed in founder cells adjacent to pericycle cells before the 

first asymmetrical cell division in lateral root primordia formation (Goh, et al 2012). 

Relationships like these can be predicted with computational modeling which can be 

tested utilizing knockout mutants.  

One approach to identify novel relationships between transcription factors in 

response to IAA treatment is to build a computationally derived network.  Known 

relationships between transcription factors can be represented visually in a network for a 

more holistic understanding of the system. This chapter details the approaches used to 

select a group of 12 transcription factor genes by examination of relationships between 

transcription factors in the literature and on publically available co-expression databases. 

The abundance changes of these 12 transcripts were subjected to several modeling 

approaches to look for mathematical relationships.  The predicted relationships were then 

tested using quantitative real time PCR to look for coordinated and regulated transcript 

changes predicted by these models, as well as phenotypic changes associated with lateral 

root development in associated knockout mutants. 

Results 

In silico search for relationships between transcription factors 

Several resources were utilized in order to curate potential relationships between 

the 88 transcription factors in our time course microarray experiments.  ATTED-II is a 

database that utilizes public microarray data to search for genes whose expression pattern 

is similar to a gene of interest at the same time across variations in tissue, mutant, or 

treatment microarray experiments (Obayashi, et al 2009). This information is arranged  
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into a searchable network of coexpression, and we considered genes as being coexpressed 

if they are first neighbors in a ATTED coexpression network. Fifty of the 88 transcription 

factors had coexpression relationships with other DE transcription factors, 36 had 

coexpression relationships with other transcripts that were not transcription factors in the 

DE dataset, and two transcription factors did not have Affy coexpression analysis 

available.  

Figure 17 is a network diagram that summarizes all the relationships we found in 

the literature or in databases.  Biological networks are designed to show the behavior of 

genes or proteins relative to each other. Each gene or protein is drawn as a circular node. 

Nodes are connected with lines called edges, which represent a variety of relationships, 

such as activation, repression, protein-protein interactions, or co-expression. When one 

gene or protein represses, activates or has activity preceding another, this causal 

relationship is labeled as a parent-child relationship. In network diagrams, arrows 

represent induction of a child and a T-shaped arrow represents repression of the child. All 

relationships identified from the ATTED search were labeled as possible sibling 

relationships in Figure 17, represented as a line between two genes. Computationally, a 

sibling relationship is understood as when two genes share a ‘parent’, or protein that 

alters both of their functionality or expression, which may result in coexpression under a 

number of conditions. 

The second set of relationships focused on gene expression changes in microarray 

analyses of mutants. Parent-child relationships were predicted using three whole-seedling 

microarrays. One microarray focused on examination of transcript levels in the presence 

and absence of 5 µM IAA in arf7/nph4 and arf19 single and double mutants. These   
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Figure 17. Literature transcription factor network. 

Putative transcription network built from literature and ATTED co-expression database. 

Genes represented are those of the 88 transcription factors in the dataset with gene 

expression differences in HAT2 overexpression, MIF1 overexpression, or altered 

expression levels in arf19-1 and/or nph4-1 arf19-1 knockout lines; or present in the 

ATTED co-expression database or protein-protein interaction dataset. Green nodes 

represent genes selected for modeling dataset. Network connections between these 12 

genes are isolated and reasons for their selection shown in Figure 18.  
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mutants in auxin response transcription factors have substantial changes in accumulation 

of ARF regulated transcripts and in root development (Okushima, et al 2005). Two other 

microarrays focused on overexpression of either 35S:HAT2 or 35S:MIF1 (Sawa et al 

2002, Hu & Ma 2006). Supplemental data associated with the publications of these three 

microarrays were searched for presence of the genes encoding the 88 transcription factors 

in our microarray dataset that were significantly up- or down-regulated in these mutant or 

overexpression backgrounds. Transcription factors induced or repressed in microarrays of 

the over-expression constructs or arf mutants were labeled as children of the missing 

transcription factor. These relationships were overlaid upon the coexpression data in 

Figure 17.  

A third set of relationships were overlaid upon the model by looking for gene 

products in our data set that show protein:-protein interactions, which might be consistent 

with transcription factors that work together. Protein-protein interactions (PPI) were 

identified from the networks created through the work of the Arabidopsis Interactome 

Mapping Consortium [AIMC] (2011). This is the largest collection of PPIs in 

Arabidopsis currently available, although the authors suggest that it represents only 2% 

of the projected interactome. In order to reduce false positives and negatives in the yeast-

2-hybrid based experiments, all pairwise combinations were screened twice. All those 

that passed the initial screen were screened an additional two times and kept only if it 

scored positive at least three times, and the identity of each pair was confirmed by DNA 

sequencing. Each individual hybrid construct was also screened for auto-activation. The 

interactions resulting from this screen were also compared to a curated positive reference 

set of protein-protein interactions as well as to a random reference set to in order to 



67 

 

quantify false negatives and positives, and curated the dataset against current literature. 

Their screen yielded a set of 5664 interactions between 2661 proteins. Only two protein-

protein interactions were found between transcription factors in either PPI network 

formulated by AIMC. One of these two pairs, At1G66470 (bHLH78(RHD6)) & 

At2G43060 (bHLH158), was included in the selected 12 genes in this modeling dataset. 

These PPI relationships are represented as a line with a diamond beside each node. 

Transcription factors without at least one relationship are not shown in Figure 17 to 

maximize space. 

Selection of 12 transcripts for modeling analysis 

As computational modeling works most efficiently with a small number of 

components, twelve transcription factors were selected to create a possible and testable 

transcription factor network. These transcription factors were selected based on distinct 

expression patterns and include transcripts with changes that begin either early, middle, 

or late in the timecourse. This set of transcription factors were also selected to highlight 

different types, number, and sources of relationships identified from the literature or a co-

expression database. Figure 18 summarizes the literature relationships for the 12 selected 

genes, while Figure 21 highlights these 12 genes by coloring the nodes green, rather than 

blue in the larger literature network.   

Building a transcription factor network model 

Two different modeling approaches were applied to this set of 12 transcription 

factors to predict testable relationships.  Collaborators in the Mathematics and Computer 

Science departments at Wake Forest have used fuzzy logic (Dr. Ed Allen) and continuous   
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Figure 18. Modeling transcription factors. 

A. Summary of relationships and kinetics of the 12 transcription factors chosen for 

modeling. B. Literature sub-network of the 12 modeling transcription factors. PPI= 

Protein-protein interaction DE= Differential Expression cluster TF= Transcription factor cluster 

SC= DE Singleton Cluster Number (of 83% clustering of singletons)  
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Bayesian modeling  (Dr. David John, Dr. Jim Norris, Kristopher Patton, and Henry 

Huang) to predict edges between transcription factors. Continuous Bayesian modeling 

utilized the Metropolis-Hastings algorithm to model the edges between a set of 12 

transcription factors (Figure 18). Bayesian modeling is an iterative process that generates 

a network between all of the nodes and calculates the posterior probabilities, or 

conditional probability, of a relationship existing between two nodes given the current 

arrangement and data input into the system (Hoeting, et al 1999). The model ‘learns’ 

from these posterior probabilities of the directed acyclic graphs (DAGs) of edges in the 

system using the Metropolis-Hastings Algorithm, which then adjusts edges and calculates 

probabilities again (Patton, et al 2012).  The co-temporal analysis paradigm used on the 

data is projected to identify co-expressed genes, as the analysis measures associations 

between two nodes’ expression levels at each timepoint. This analysis should identify 

genes that change with parallel patterns, or opposite patterns with same temporal 

response, and can also identify sequential relationships between transcripts, if they show 

a consistent lag in timing.  Therefore these are most likely sibling relationships, but can 

also be parent-child relationships.  The next state analysis assumes that one node’s 

behavior at a timepoint influences another node’s behavior at the next time point, and is 

hypothesized to find parent-child relationships within the data (John, et al 2011).   

A fuzzy logic modeling approach was also applied to the same set of 12 

transcription factors, which is projected to identify similar relationships as identified with 

the cotemporal Bayesian approach. Fuzzy logic modeling, similar to continuous Bayesian 

modeling, tries to account for model uncertainty. Fuzzy logic takes quantitative gene 

expression data values and tries to assign qualitative descriptors to those values. Data is 
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broken down into subsections and given qualitative descriptors, which are then analyzed 

heuristically. This assigns a function that best describes the data, which then can generate 

precise values again that describe the original values or predict values for associated 

genes (Woolf & Wang, 2000). For both the fuzzy logic and continuous Bayesian 

modeling techniques, edge probabilities were calculated using each of the three replicates 

of raw IAA signal data rather than SLR data due to the reduced statistical rigor when 

normalization is performed. Using three replicates separately also allowed for an 

increased number of data points for the algorithms to utilize, increasing the quality of 

data output.  

Modeling algorithms are evaluated by testing the algorithm’s ability to elucidate 

edges in networks of simulated data but it is not fully understood if these networks 

correspond to true biological relationships, nor what types of relationships are being 

elucidated. If predicted networks can be validated, this will provide a valuable new 

approach for predicting biological relationships with modeling data, which will be useful 

in elucidating both plant hormone signaling networks, but also in modeling of many large 

scale data sets.  

Transcription factor network 

Both continuous Bayesian and fuzzy logic modeling techniques produce values 

for each predicted relationship or edge, as shown in Figures 19 and 20, respectively. A 

cutoff for these values has to be imposed in order to define a specific network based on 

the most robust results.  This smaller network is easier to visualize and more likely to be  
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Figure 19. Continuous Bayesian modeling edge posterior probabilities. A. Next state 

modeling edge posterior probabilities through A. independent and B. hierarchical 

assessments. Probabilities are directed- top half represents probability if gene in column 

directs gene in row. C. Cotemporal modeling edge posterior probabilities. Edges with a 

posterior probability of 0.8 and above by either hierarchical or independent analysis were 

kept for the model.   

 
ARF19 MIF PRMT3 bHLH158 bHLH122 HAT2 ANAC058 bHLH83 bHLH78 EBP ATHB54 NF-YB2 

ARF19 0 0.9895 0.0001 0 0 0.0042 0.0026 0.0003 0.9919 0 0.0047 0.9956 

MIF 0.8263 0 0.395 0.0002 0.0847 0.0012 0.0005 0.0241 0.0462 0.0898 0.6912 0.007 

PRMT3 0.0314 0.3023 0 0.0006 0.0027 0.0994 0.0036 0.0876 0.3137 0.0066 0.9688 0.0013 

bHLH158 0.0165 0.0358 0.0379 0 0 0.8148 0.0016 0.0064 0.0356 1 0.0151 0.7701 

bHLH122 0.0125 0.1757 0.062 0.0022 0 0.7028 0.9971 0.1769 0.001 0.9242 0.0084 0.0864 

HAT2 0.0763 0.0857 0.0845 0.2942 0.4107 0 0.0606 0.1721 0.0507 0.0006 0.0044 1 

ANAC058 0.0029 0.0085 0.0063 0.0919 0.9005 0.048 0 0.8218 1 0.0784 0.0008 0.0273 

bHLH83 0.0621 0.0658 0.1125 0.1495 0.2833 0.3485 0.6217 0 0.0713 0 0.0132 0.004 

bHLH78 0.7038 0.0572 0.1705 0.2649 0.0107 0.1113 0.9873 0.0552 0 0 0.0132 0.004 

EBP 0.0154 0.028 0.0731 0.9773 0.7609 0.0298 0.2668 0.0869 0.0278 0 0.7826 0.0263 

ATHB54 0.0267 0.7526 0.9756 0.0806 0.0433 0.026 0.0026 0.1218 0.0231 0.4766 0 0 

NF-YB2 0.9366 0.0874 0.0123 0.2028 0.2941 0.9924 0.0104 0.0406 0.0353 0.0505 0.0201 0 

 

A 

B 

C 
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Figure 20. Fuzzy logic edge probabilities. 

Probability values are equal in rows and columns of the diagram. Edges ranked 9 or 

above were kept for the final model.  
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biologically relevant. Continuous Bayesian modeling, both cotemporal and next state, 

were analyzed with a hierarchical and independent algorithm and produced values 

between 0 and 1, with 0 being no relationship. Fuzzy logic modeling produced edge 

probabilities between 0 and 13. In order to create a union transcription factor model 

specific cut off values were defined.  All edges defined by the literature or in 

coexpression data sets were used in the model. The computational relationships resulting 

from Bayesian and fuzzy logic modeling, with Bayesian edges with a ranking of 0.8 and 

above in either independent or hierarchical assessment. Fuzzy logic edges ranking 9 or 

above were used for modeling. The resultant transcription factor network is shown in 

Figure 21. Edges in common between fuzzy logic modeling and cotemporal continuous 

Bayesian modeling are depicted with purple dash-dot lines to indicate their presence in 

both types of modeling as both predicted to find sibling relationships, although may also 

define parent children relationships. Next state edges are predicted to demonstrate parent-

child relationships and the arrows on edges point to the child predicted by the algorithm. 

The various types of edges in the model are broken down into discrete categories 

in Figure 22, in order to communicate what is represented in the model more clearly. 

Thirteen of 32 edges in the model are from the literature-curated network. ARF19-HAT2 

and MIF1-bHLH78 both have a sibling and a parent-child relationship predicted from the 

literature. 8 literature edges represent parent-child relationships (2 negative, 6 positive), 

while 5 represent sibling relationships (including 1 protein-protein interaction edge). 19 

edges total made the significance cutoff for the modeling edges. 4 of these edges 

predicted a relationship between two nodes that had at least one literature edge. In the 

case of ARF19-MIF1 and MIF1-NF-YB2, edges are found through cotemporal and fuzzy    
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Figure 21. Transcription factor network model. 

Network of transcription factors with edges from literature (black), fuzzy logic modeling 

(red), and cotemporal (blue) and next state Bayesian modeling (teal). Edges found in both 

cotemporal and fuzzy logic models were combined (purple), as these algorithms are both 

expected to find sibling relationships. Next state modeling identifies a putative parent-

child relationship, and the teal arrows point to the expected child. 
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Figure 22. Breakdown of relationship types in the transcription factor network 

model. Edges in common between literature and modeling were identified if there was a 

literature edge between two nodes, and colored by the type of modeling that identified 

them [fuzzy logic (red), cotemporal (blue), both (purple)]. HAT2-ARF19 and PRMT3-

ATHB54 (bold) had the same edge type predicted by both literature and modeling 

techniques. Novel edges refer to edges not found in the literature network. Continuous 

Bayesian modeling was analyzed by hierarchical and independent assessments, and edges 

were kept in the final model if they scored 0.8 or above in either or both assessment types. 

PPI= Protein-protein interaction.  
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logic modeling, respectively, which are likely sibling relationships. These may also result 

from parent children relationships, with the latter consistent with the literature. This is 

also the case for ARF19-HAT2, but these nodes also have a sibling edge from ATTEDII. 

This model contains 15 novel edges that are predicted by the two modeling 

techniques. Two of these edges, HAT2-ANAC058 and ANAC058-bHLH78 show a sibling 

relationship between two nodes who share a common parent (MIF1 in both cases). Three 

of the novel modeling edges originated from fuzzy logic modeling, 11 were predicted by 

continuous Bayesian modeling, and 1 novel edge was predicted by both algorithm types. 

Of the continuous Bayesian edges, 4 represent next state parent-child relationships (1 

determined by hierarchical analysis, 3 by independent analysis). 7 continuous Bayesian 

modeling edges identified cotemporal sibling relationships (2 by hierarchical and 5 by 

both hierarchical and independent analysis).  

Sibling relationships are extremely difficult to test. A coexpression sibling 

relationship simply means that two genes are induced or two proteins are present at the 

same time and same place. Computationally, sibling relationships mean that both genes 

or proteins share the same parent. This can mean, as in the case of NF-YB2 and bHLH122 

responses to IAA, that one is induced and one is repressed. Sibling relationships 

generated by fuzzy logic or continuous Bayesian modeling were generated by using three 

individual replicates of raw IAA signal from the microarray. In order to see if clustering 

relationships supported any co-expression relationships, TF cluster numbers for each 

gene in a sibling relationship in the model was analyzed. ANAC058 and bHLH78, a 

relationship predicted by cotemporal continuous Bayesian modeling, were both clustered 

together in TF cluster 2. ATHB54 and PRMT3, which were predicted siblings by the 
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literature, fuzzy logic and continuous Bayesian modeling, were both clustered together in 

TF cluster 1. These pairs being clustered together support a sibling relationship.  

Analysis of transcription factor network relationships through qRT-PCR 

A testable consensus transcription factor network has been created by combining 

fuzzy logic and posterior probability models, pictured in Figure 21. To evaluate 

transcription factor relationships, qRT-PCR has been utilized to detect differences in 

transcript abundance in arf19-1, an ARF19 null allele (Okushima, et al 2005b) (Figure 

13). Expression levels of siblings of ARF19 are not expected to significantly change in 

the arf19-1 background, but levels may change slightly if cells are attempting to 

compensate for or induce expression of the missing sibling. Parent-child relationships can 

be supported if transcript abundance of a child is significantly reduced in the arf19-1 

background both with and without IAA treatment.  

To examine parent children relationships controlled by ARF19, arf19-1 and 

wildtype seedlings were transferred to media in the presence or absence of 1 µM  IAA for 

4 hours at 9 days after germination, and RNA harvested in order to examine transcript 

abundance of genes predicted to have relationships with ARF19 through the transcription 

factor network model. However, expression levels of children of ARF19 are expected to 

significantly change in the arf19-1 background and to lose the ability to be induced by 

IAA treatment. If ARF19 participates in the negative regulation of the gene of interest, an 

opposite effect is possible, with a significant increase of transcript abundance of a child 

in treated and untreated arf19-1. 
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Testing modeling predicted relationships by measuring transcripts in arf19-1 

ARF19 is predicted to be a parent of HAT2, because of HAT2’s altered expression 

in nph4-1 and nph4-1 arf19-1, as reported by Okushima, et al (2005b). However, it had a 

predicted sibling relationship through the ATTEDII database and through fuzzy logic 

modeling. The results of the microarray analysis of HAT2 and ARF19 are shown in the 

plot of SLR values over time after IAA treatment in Figure 23.  Both genes are induced 

early in the time course, however, the magnitude of ARF19 expression remains high 

through the timecourse while HAT2 quickly returns to low abundance after its induction. 

In order to test these putative edges quantitatively, HAT2 was examined in the arf19-1 

background. When HAT2 expression is examined in the arf19-1 background, it would be 

expected that HAT2’s expression in arf19-1 would be missing or decrease significantly 

over WT expression levels, if ARF19 is a parent. However, this is not the case. The 

expression of HAT2 is at wild-type levels in the absence of IAA and it is significantly 

induced by 1µM IAA treatment for 4 hours in both WT and arf19-1 (Figure 23B) and 

difference in expression levels between genotypes is not significant. This is consistent 

with HAT2 and ARF19 being co-expressed, rather than HAT2 being a child of ARF19.  

MIF1 is projected to be a child of ARF19 because of its decreased inducibility in 

arf19-1, nph4-1, and nph4-1 arf19-1 (Okushima, et al 2005b) dataset. It also has a 

predicted sibling relationship with ARF19 through cotemporal continuous Bayesian 

modeling. The SLR expression values of ARF19 and MIF1, (Figure 24 A) show fairly  
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A. Expression patterns of HAT2 

and ARF19 over 24 hours. B. 

HAT2 expression in WT and 

arf19-1 in the absence or 

presence of 1µM IAA treatment 

for 4 hours. * indicates 

significant difference between 

genotypes (p< 0.05 by student’s 

t-test).  

Figure 23. HAT2 expression is 

not significantly affected by the 

arf19-1 mutation. 
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A. Expression patterns of 

MIF1 and ARF19 over 24 

hours. B. MIF1 expression 

in WT and arf19-1 in the 

absence or presence of 1µM 

IAA treatment for 4 hours. 

+ indicates significant 

difference between control 

and IAA treatments within a 

genotype (p< 0.05 by 

student’s t-test). * indicates 

significant difference 

between genotypes (p< 0.05 

by student’s t-test). 

  

Figure 24. MIF1 expression 

is significantly affected by 

the arf19-1 mutation. 
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similar kinetic patterns over the timecourse of these two genes, consistent with a sibling 

relationship. However, when MIF1 is tested in the arf19-1 background, there is a 

significant decrease in expression of MIF1 in the untreated control as compared to wild-

type, and the induction by IAA is also significantly reduced in this mutant (Figure 24B). 

These results are consistent with MIF1 being a child of ARF19. 

NF-YB2 is the only one of the 12 modeling transcription factors chosen that was 

down-regulated with IAA treatment (Figure 25A) and a cotemporal relationship with 

ARF19 was predicted by the continuous Bayesian modeling. Both have quick expression 

changes, although in opposite directions, upon IAA treatment (Figure 25A).  NF-YB2 

increases significantly in the arf19-1 background as compared to wild-type, consistent 

with a negative regulation by ARF19.  In further support of this relationship, NF-YB2 is 

decreased by IAA treatment in wild-type, but this repression is lost in arf19-1 (Figure 

25B). This suggests that arf19-1 is a parent of NF-YB2, but that it acts to negatively 

regulate its expression ARF19 normally represses transcription of NF-YB2, either directly 

or through a transcription factor cascade.  

A cotemporal relationship was predicted for bHLH78 and ARF19 by both fuzzy 

logic and continuous Bayesian modeling, with the simplest prediction that these are 

siblings. ARF19 and bHLH78 show similar kinetics of expression over the timecourse of 

IAA treatment, although the magnitude of change of bHLH78 is not as great as that of 

ARF19 (Figure 26A). By examining bHLH78 transcripts in WT and arf19-1 in the 

absence and presence of IAA, we can eliminate a parental relationship, as the levels of 

this transcript are not significantly different from WT expression levels in arf19-1 in the   
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A. Expression patterns of NF-

YB2 and ARF19 over 24 hours. 

B. NF-YB2 expression in WT 

and arf19-1 in the absence or 

presence of 1µM IAA treatment 

for 4 hours. + indicates 

significant difference between 

control and IAA treatments 

within a genotype (p< 0.05 by 

student’s t-test). * indicates 

significant difference between 

genotypes (p< 0.05 by student’s 

t-test). 

  

Figure 25. NF-YB2 expression is 

significantly affected by the 

arf19-1 mutation. 
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Figure 26. bHLH78 expression is not significantly affected by the arf19-1 mutation. 

A. Expression patterns of bHLH78 and ARF19 over 24 hours. B. bHLH78 expression in 

WT and arf19-1 in the absence or presence of 1µM IAA treatment for 4 hours. + 

indicates significant difference between control and IAA treatments within a genotype 

(p< 0.05 by student’s t-test).   
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absence or presence of 1 µM IAA treatment (Figure 26B). This kinetic similarity 

supports a sibling relationship. 

ARF19 is predicted to be a parent of bHLH83 by next state modeling. When 

bHLH83 transcript abundance is examined in the arf19-1 background, a slight, but not 

significant decrease is detected in the absence of IAA in arf19-1 as compared to wild-

type.  The transcript increases by IAA are also evident in arf19-1, although slightly, but 

not significantly reduced as compared to wild-type. These results do not support a parent 

relationship of ARF19 and bHLH83. It may be that 4 hours of IAA treatment of arf19-1 is 

not the best timepoint in which to see differences in bHLH83, as its SLR is not greater 

than 0.5 until 8 hours. However, the 4 hour timepoint was chosen as a majority of the 12 

modeling genes have significant differential expression at this timepoint.  To completely 

test this possibility an 8 hour treatment is required. 

The transcript abundance of ANAC058 was also examined in the arf19-1 

background, as it was predicted by cotemporal modeling to be a putative sibling of 

bHLH83. bHLH83 is a putative child of ARF19, so it is possible that ANAC058 is also a 

child. It should be possible to verify sibling relationships in the knockout mutant of either 

sibling’s parent if they are truly siblings. In arf19-1 both ANAC058 and bHLH83 show a 

normal IAA induction (Figure 27A). ANAC058’s SLR at 4 hours is over 0.5, but 

differences in transcript levels may be best seen at other timepoints as well. The similar 

behavior of bHLH83 and ANAC058 in the arf19-1 background, as well as similar kinetic 

patterns in the microarray, lend credence to the sibling edge predicted. Also, the qRT-

PCR data for both bHLH83 and ANAC058 at 4 hours of treatment in arf19-1 do not  
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Figure 27. Expression of predicted siblings, bHLH83 and ANAC058, are not 

significantly affected by the arf19-1 mutation. 

A. Expression patterns of bHLH83 and ANAC058 over 24 hours. B. bHLH83 expression 

and C. ANAC058 expression in WT and arf19-1 in the absence or presence of 1µM IAA 

treatment for 4 hours. + indicates significant difference between control and IAA 

treatments within a genotype (p< 0.05 by student’s t-test).  
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exclude the possibility that both are children of ARF19, and this difference may be more 

readily seen at later treatment times. 

Root phenotypes of modeling transcription factor knockout mutants 

For those transcription factors in the model with T-DNA insertion mutants 

available, root phenotypes were analyzed. If an altered phenotype is noted when a gene is 

knocked out, then the gene is involved in the affected process. Phenotypic similarity 

between two mutants suggests that two defective genes normally regulate the same 

physiological process. To test this possibility, seedlings were grown for 5 days on regular 

media, and then transferred to regular media or media containing 0.1 µM IAA for 4 days. 

In WT, IAA increases lateral rooting while reducing growth of the primary root. This 

results in a significant increase in lateral root density, or number of roots per mm. For 

each line assessed, lateral root number, primary root length and the resulting lateral root 

density were analyzed and graphed.   

The 8 transcription factors with available and genotyped knockout lines of the 12 

modeling genes were analyzed for root growth deficiencies, and 5 of these lines show 

significant differences in root development (Figure 28). The allele of bHLH83(rhd6) 

(SALK_027677) showed no obvious phenotypes significantly different from WT in the 

screen for lateral root number, primary root length and lateral root density. However, this 

locus is also identified as Root Hair Defective 6 (RHD6), and rhd6 has been shown to 

have reduced root hair initiation (Menand, et al 2007). bHLH158 (IBH1) did not have a 

T-DNA insertion mutant available. However, bHLH158 (IBH1) has recently been found 

to function in a bHLH transcription factor regulatory cascade controlling cell elongation   
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Figure 28. Five T-DNA insertion mutants of modeling transcription factors show 

altered root development. A. Lateral root density, B. Lateral root number, and C. 

Primary root length of 8 modeling transcription factor T-DNA mutants as % of WT 

control. + indicates p-value < 0.05 when mock and IAA treated mutant compared, * 

indicates p-value < 0.05 when compared to treatment matched WT.   
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(Bai, et al 2012). A overexpression construct of (bHLH158) IBH1 has been demonstrated 

to be a dwarf plant, which has only been examined in response to brassinosteroids and 

gibberellic acid. However, increased auxin levels can also cause dwarfed plants, and the 

role of bHLH158(IBH1) should be further investigated in an auxin context.  Untreated 

ebp shows a significant increase in both lateral root density and lateral root number. 

Untreated anac058 (SALK_049205C) has a significant increase in both lateral root 

number and primary root length therefore there is no significant difference in lateral root 

density.  

Several mutants show significant differences from WT when treated with IAA, 

demonstrating their involvement in mediating the IAA response and root development. 

arf19-1 is resistant to IAA treatment as its roots are significantly longer than WT when 

treated with IAA, and also has significantly decreased lateral root density. ebp(CS849696) 

has significantly more lateral roots as well as lateral root density than untreated WT roots. 

anac058 makes longer primary roots when compared to WT, as well as more lateral roots 

but this does not translate into increased lateral root density in comparison to WT.  

The two most striking phenotypes in this set are those of 

bhlh122(SALK_049022C)  and nf-yb2(SALK_105662C) , which are predicted siblings in 

the model. Untreated bhlh122 has significantly more lateral roots and significantly 

increased lateral root density. Untreated nf-yb2 shares the significantly increased lateral 

root number and density, while also having a significantly longer primary root. When 

treated with IAA, bhlh122 has a slight, but not significant, decrease in primary root 

length, when taken with its significant increase in lateral root number, has a significant 

increase in lateral root density.  nf-yb2 has an especially striking phenotype.  IAA-treated 



89 

 

nf-yb2 has a significant increase in lateral root density, lateral root number and primary 

root length. It has the largest differences of any mutant, and is significantly different from 

WT roots in every way- treated or untreated.  Lateral roots of nf-yb2 appear particularly 

striking when viewed with confocal microscopy, using auto-fluorescence of the root 

under a 405nm laser (Figure 29). Emerging lateral roots of nf-yb2 take an immediate turn 

as soon as they break through the overlying cell layers. This can give the root a twisted, 

lumpy look when viewed under the dissecting microscope (data not shown). These roots 

become even more interesting when treated with IAA. Normally, root hairs do not sprout 

on lateral roots until they are elongated and maturing, even with IAA treatment (Figure 

29A-C). However, in nf-yb2, root hairs sprout from the emerging lateral roots almost 

immediately (Figure 29G).  

Sibling relationships 

Some sibling relationships can be supported by looking at the SLR graphs from 

the microarray to confirm that the genes act with similar changes in magnitude over time. 

However, this is somewhat of a circular argument. The ideal would be to test sibling 

relationships in a T-DNA insertion mutant background of the parent, as mentioned 

previously with bHLH83 and ANAC058 in the arf19-1 background.  
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Figure 29. nf-yb2 has altered emerging lateral roots. A-C Normal WT emerging lateral 

roots. D-G. Untreated nf-yb2 roots show altered emergence, twisting around primary root 

after emergence   H. nf-yb2 root, treated with 0.1 µM IAA. Most emerging lateral roots 

form root hairs almost immediately after breaking through the overlying cell layers. This 

is occasionally seen in untreated roots I. nf-yb2 emerged immature lateral root, treated 

with 0.1 µM IAA.  Scale bar = 50 microns 
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Discussion 

Genomic and transcriptomic techniques have transformed the way that biology is 

studied. These large scale snapshots of a system have expanded the perspective of 

biologists, but these large datasets have associated challenges. These datasets can be 

difficult to process and understand what is of special importance or significance in the 

system. It is nearly impossible to have a clear understanding of what role every 

component plays in the function of the system. However, a global view of a process is of 

little importance if we do not also draw attention to the major components in a process. 

This chapter explores connections between genes in a timecourse of IAA 

transcriptional responses localized to roots. Approximately 7% of the genes differentially 

expressed in the dataset are transcription factors. The classical understanding of auxin 

responsive gene expression is that ARFs (Auxin Response Factors) are the main 

transcription factors involved (Chapman & Estelle, 2009), however only three ARFs 

(ARF19, ARF4, ARF1) were differentially expressed and passed all the filtering steps in 

our root-specific transcriptome (Figure 8). The profound effect of auxin on transcription 

factor synthesis, suggests that more than ARF proteins are involved in regulating the 

expression of IAA-responsive genes.  

In order to find the underlying regulatory network of transcription factors 

mediating auxin-related gene expression, a transcription factor network was created from 

literature and in silico sources, as well as modeling techniques. From a computational and 

modeling perspective, nodes who share a common parent are automatically considered to 

be siblings in the network. From a biological perspective, two nodes who share a parent 

are not automatically considered siblings as they may have completely different functions 
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or be expressed in different cell types. Genes predicted to be siblings were given this 

designation in one of three ways. One way is for both siblings to be co-expressed – that is 

to be present in the same place at the same time, or due to the same stimulus in a 

microarray. The second way is for the siblings to demonstrate the ability for both proteins 

to physically interact. This would form a protein complex where the proteins are 

functionally related and interdependent. The last way is for the expression of the two 

genes to have similar kinetic patterns over the timecourse. This relationship is pulled out 

by fuzzy logic or continuous Bayesian modeling. All of three these data types support a 

sibling relationship, but do not necessarily mean that two genes are functionally related or 

expressed in the same cell type at the same time.   

Only 35 edges between the 88 transcription factors differentially expressed were 

identified through literature and in silico relationships. These relationships, especially the 

parent-child relationships, are biased due to the small number of microarray experiments 

performed using RNA isolated from transcription factor mutants. For this analysis, 

microarray data from the arf19-1 mutant as well as overexpression constructs of MIF1 

and HAT2 (Okushima, et al. 2005b, Hu and Ma, 2006, Sawa, et al 2002) was utilized. 

Therefore, ARF19, HAT2, and MIF1 are the nodes with the highest degree, or number of 

connections. Sibling edges were found from the ATTEDII coexpression database 

(Obayashi, et al 2009) and the AIMC’s protein-protein interaction edges (2011). Edges 

were also determined computationally using fuzzy logic as well as next state and 

cotemporal continuous Bayesian modeling. Fuzzy logic and cotemporal continuous 

Bayesian modeling are both predicted to find sibling relationships, but may also find 

parent-child relationships. As the computational power needed for modeling decreases 
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with a smaller number of components, twelve transcription factors were chosen to use in 

modeling. These were selected in order to have representative transcription factors 

differentially expressed early, middle, or late in the timecourse with interesting kinetic 

patterns. These transcription factors were also chosen because they had at least one edge 

in the literature model. This allowed construction of a comparison network with which to 

evaluate the computational modeling. When the literature network was compared to the 

edges determined by modeling, several edges were supported. The computational 

modeling found 4 edges also found through literature or in silico sources. Two of these 

edges (HAT2-ARF19, PRMT3-ATHB54) were the same relationship type as predicted by 

the literature model. Two edges (ARF19-MIF1, MIF1-NF-YB2) were predicted to have a 

parent-child relationship in the literature and a cotemporal model suggested sibling 

relationships. Fuzzy logic and continuous Bayesian modeling predicted 15 edges not 

predicted by the literature. Two of these edges predicted cotemporal relationships 

between nodes who share a common parent in the literature (HAT2-ANAC058, 

ANAC058-bHLH78).   

One way that edges can be tested is to measure altered transcript abundance of 

downstream or connected genes through qRT-PCR.  ARF19 is quickly and robustly 

induced with IAA treatment, and has been demonstrated to be involved in lateral root 

formation (Okushima, et al 2005b). So arf19-1 was chosen as an excellent background to 

begin testing modeling edges. ARF19 is a highly connected node to 5 other transcription 

factors in the model, with a mix of literature and modeling edges as well as parent-child 

and sibling relationships. Four of these five transcription factors were predicted to have a 

sibling relationship determined by the literature or modeling techniques with ARF19. 
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MIF1 and HAT2 also have a parent-child relationship predicted by the Okushima, et al 

(2005b) dataset.  bHLH83, however, was only predicted to be a child of ARF19 through 

next state Bayesian modeling.  

Parent-child relationships are by far easier to test than sibling relationships. This 

cause-and-effect relationship is logical, if you test a child in a mutant not expressing the 

parent then the child should be expressed at lower levels and non-inducible with IAA 

treatment. MIF1 expression was significantly different in the arf19-1 background with 

and without IAA treatment (reduced in both cases). This fits the expected pattern for a 

parent-child relationship. Unlike MIF1, HAT2 does not appear to be a child of ARF19, as 

there were no significant differences in HAT2 expression between WT and arf19-1 with 

or without IAA. The same pattern was evident in bHLH83, although bHLH83 cannot be 

eliminated as a possible child of ARF19, because of the kinetics of this response. arf19-1 

was treated for 4 hours with IAA, a time when bHLH83 transcript abundance is not 

significantly changed by IAA treatment. Before bHLH83 can be eliminated as a child of 

ARF19, expression should be tested at a later timepoint, such as 8 or 12 hours.  

Testing common predicted children of a parent to determine a sibling edge or 

testing a predicted sibling in the parent of its sibling are great ways to make more 

meaning out of and establish relationships from computational modeling and literature 

network edges. One such relationship is the relationship between ARF19 and ANAC058. 

ANAC058 is a predicted sibling of bHLH83, which is a predicted child of ARF19. When 

ANAC058 was tested in arf19-1, neither its expression, nor that of bHLH83, was 

significantly different from WT. ANAC058 and bHLH83 may be siblings, but neither is a 

child of ARF19. Even though this edge was not supported through qRT-PCR, the strategy 
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of testing parent-child relationships based on a sibling’s parent-child relationship is a 

good one for making biological meaning out of computational data.  

As transcription factors were clustered in order to elucidate common expression 

kinetics and possible functional similarities, if two predicted siblings are found in the 

same cluster, this would support a sibling relationship. Sibling relationships modeled by 

fuzzy logic and cotemporal continuous Bayesian modeling were determined using three 

replicates of raw IAA signal data. Transcription factors were clustered using a different 

analysis of this data that reflected both the IAA treated sample and the time matched 

control and these SLR values were clustered. Out of 15 pairs of nodes predicted by either 

literature or modeling to be siblings, only 2 pairs (ATHB54-PRMT3, bHLH78-ANAC058) 

were found in the same transcription factor cluster.  

Sibling relationships were also tested in arf19-1, although these results are much 

more difficult to interpret. When expression of one sibling is knocked out, it could impair 

the IAA inducibility of the other or may have no effect. MIF1 and NF-YB2 were shown 

to not be siblings of ARF19 through qRT-PCR, as they both showed altered expression in 

the arf19-1 background.  MIF1 clearly fit the expected pattern of altered expression in a 

mutant parent background. NF-YB2 is more interesting as NF-YB2 is normally repressed 

upon IAA treatment. However, in the arf19-1 background, NF-YB2 is instead 

significantly induced with IAA treatment. This demonstrates that NF-YB2 is a child of 

ARF19, instead of the sibling that was predicted.  qRT-PCR data supported a sibling 

relationship between ARF19 and bHLH78, HAT2 and bHLH83, as there were no 

significant changes from WT expression with or without IAA.  The caveat is that if 
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ARF19 were not a sibling, expression levels also should not significantly change from 

WT.  

Until the biological meaning of siblings is clarified further, or techniques arise 

that can more precisely verify a sibling relationship, testing these relationships is very 

difficult. Confirming a sibling relationship appears to be about accumulating several 

types of data that support a sibling relationship. Searching promoter regions of siblings 

for common transcription factor binding motifs may be another way to approach 

supporting evidence for sibling relationships. In the case of sequential transcription factor 

activation, if the same transcription factor(s) bind to promoters in a chromatin 

immunoprecipitation assay, it would provide substantial evidence of a common parent. 

Positive protein-protein interactions determined by yeast-2-hybrid studies would provide 

evidence that two proteins physically interact and would give great support to sibling 

relationships and common function. 

Another physical way to demonstrate a sibling relationship, or involvement in a 

common process, is similar phenotypes of T-DNA insertion mutants. If a gene/ protein is 

vital to a process like lateral rooting and is knocked out, then the phenotype of the mutant 

will be visibly and quantifiably altered. Table V lists those sibling relationships from the 

model which shared aspects of their phenotypic response to IAA treatment.  

Four sibling relationships out of 15 suggested by either literature or models shared 

phenotypic responses. The most striking of these relationships is NF-YB2 and bHLH122, 

which share increased lateral rooting with and without IAA treatment, and increased 

lateral root density with IAA treatment.   
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Table V. T-DNA mutant phenotypes shared by predicted siblings in transcription 

factor model. 

Sibling Relationship Phenotypes 

NF-YB2 – bHLH122 (Lit) Increased LR # with and without IAA 

Increased LR density with IAA 

ARF19- NF-YB2 (Cotemp) Increased PRL with IAA treatment 

bHLH122- EBP (Cotemp) Increased LR # and LRD without IAA treatment 

bHLH122- ANAC058 (Cotemp) Increased LR # without IAA treatment 

Increased LR density with IAA treatment 
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The striking phenotypes of the sibling pair bHLH122 and NF-YB2 suggest a 

simple and partial model of IAA effect on lateral rooting (Figure 30). ARF19 has been 

demonstrated to be important for lateral root formation (Okushima, et al 2005b) and 

control downstream transcription factors (Okushima, et al 2007). ARF19 is also rapidly 

and strongly induced upon IAA treatment, and its expression remains significant over the 

24-H microarray timecourse. In the arf19-1 mutant, normal repression upon IAA 

treatment of NF-YB2 is reversed. Therefore, NF-YB2 is downstream of ARF19 function. 

NF-YB2 is normally down-regulated and its T-DNA insertion mutant has increased lateral 

root number and density. ARF19 must then repress NF-YB2 expression in the presence of 

IAA in order to relieve NF-YB2’s normal repression of lateral root formation. bHLH122 

has a similar phenotype to nf-yb2. They must act as siblings normally to repress lateral 

root formation. However, it has not been tested to see if bHLH122 is downstream of 

ARF19. bHLH122 expression is induced by IAA in the microarray however. As 

bHLH122 levels rise in response to IAA, its mode of action must be different from NF-

YB2, which decreases with IAA treatment. bHLH122 must act to repress a downstream 

gene which normally represses lateral root formation. This model demonstrates how 

relationships predicted by literature relationships and computational modeling techniques 

can combine with classical phenotypic studies to elucidate new and exciting players in 

processes vital to plant health, growth and stability such as lateral root development. 

Biological studies have largely been focused on studying one or two components 

in a process, until the advent of genomics and transcriptomics. Large scale studies allow 

for a holistic snapshot of a physiological process. Utilizing computational modeling can   



99 

 

 

Figure 30. Model for NF-YB2 and bHLH122 regulation of lateral root development.  

nf-yb2 and bhlh122 both demonstrate increased lateral rooting with and without IAA 

treatment and lateral root density increases with IAA, consistent with a  sibling 

relationship suggested by the literature. ARF19 increases with IAA treatment, which 

represses NF-YB2 expression. nf-yb2 demonstrates increases in lateral rooting, therefore 

normally represses lateral root development. bHLH122 increases with IAA treatment. 

bHLH122 represses an unknown target which normally represses lateral root 

development, as bhlh122 also has increased lateral rooting and density with IAA 

treatment like its sibling NF-YB2.   
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help identify relationships in the underlying regulatory biological network controlling 

physiological events like lateral root development in an unbiased fashion. Computational 

modeling can be improved with the inclusion and comparison to biological data (Muraro, 

et al 2013). Testing computationally-predicted relationships using classical biological 

tools such as mutant phenotypic analysis will lead to identification of novel relationships 

and components of physiological processes. 
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Methods 

Plant growth and Arabidopsis genotypes 

Col-0 seeds were purchased from Lehle seeds (Round Rock, TX). T-DNA 

insertion alleles were ordered from the Arabidopsis Biological Resource Center (Ohio 

State University, Columbus, OH). Lines were chosen by using T-DNA express 

(http://signal.salk.edu/cgi-bin/tdnaexpress) (Salk Institute Genomic Analysis Laboratory, 

San Diego, CA). Seeds from ABRC were planted and homozygous individuals were 

selected using a medium throughput PCR-based genotyping procedure described below. 

Plants were grown on 1X Murashige and Skoog medium (Caisson Labs, North 

Logan, UT) pH 5.5, MS vitamins, 0.8% agar, buffered with 0.05% MES (Sigma, St Louis, 

MO) and supplemented with 1.0% sucrose. After stratification for 48 hours at 4°C, plants 

were grown under 100 μmol m-2s-2 continuous cool white light. For phenotypic analyses 

wild type and mutant plants were grown on control media for five days then transferred 

to control and 0.1 μM IAA containing media. This concentration was chosen as it is a 

more physiologically relevant level of IAA, and allows for finer detection of both IAA 

resistant and sensitive phenotypes. Four days later seedling images were captured with a 

scanner. Seedlings were assessed primarily for lateral root number and elongation 

differences, which were manually quantified. 

Genotype verification of T-DNA insertion lines 

All T-DNA insertion lines (Table VI) were demonstrated to be homozygous in 

advance of analysis using a medium-throughput genotyping system which allows for up 

to 96 plants to be analyzed at a time. Leaf tissue from each plant was harvested  and 
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placed into a 96 well deep well plate with DNA extraction buffer (100mM LiCl, 10mM 

Na2EDTA, 100mM TRIS-HCL, 1% w/v SDS pH = 8.0) and a 0.177 cal steel bead. 

Tissue was disrupted using a pneumatic paint shaker (Northern Tools, Burnsville, 

Minnesota) at approximately 60 psi for 5 minutes until tissue was adequately disrupted, 

and centrifuged at 5000 rpm for 5 minutes. DNA was precipitated with isopropanol, 

resuspended, and stored at -20°C until further use. Solutions were added and removed 

with the aid of a BioMek robot. Two PCR reactions were utilized to determine if the 

individual plant was heterozygous or homozygous. A set of gene-specific and a set of one 

gene specific primer and one T-DNA specific primers were designed by primer3plus 

(http://www.bioinformatics.nl/cgi-bin/primer3plus/primer3plus.cgi). One PCR reaction 

utilized the gene-specific forward and reverse primers to determine if there was a wild-

type copy of the gene. The other PCR reaction used a T-DNA left border primer and one 

gene specific primer to detect the T-DNA insert.  The two reactions were analyzed by 

melt curve on an ABI 7600 fast qPCR machine (Applied Biosystems, Carlsbad, CA) and 

SYBR green (Invitrogen, Carlsbad, CA). Positive PCR reactions were distinguishable 

from negative and non-specific PCR reactions when greater than 80°C temperature was 

needed to denature the double-stranded DNA and eliminate SYBR green fluorescence. 

Those wells which show no wild-type reaction and a positive T-DNA reaction correspond 

to a homozygote, and seeds are harvested from these individuals for further analysis.  

 

 

 

http://www.bioinformatics.nl/cgi-bin/primer3plus/primer3plus.cgi
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Table VI. T-DNA transcription factor lines. 

TAIR ID 

Gene 

Name Line ID Insertion Location 

At1G34670 MYB93 SALK_131752 Exon 

At4G09460 MYB6 SALK_126058C Exon 

At5G60450 ARF4 SALK_070506C Exon 

At1G19220 ARF19 CS24617 Exon 

At2G22800 HAT9 SALK_109657 1000-Promotor 

At2G40970 MYBC1 SALK_102624 Exon 

At1G52880 NAM CS852962 (WISC) Exon 

At5G15160 BNQ2 SALK_135685 Intron 

At1G74660 MIF1 CS876852 (SAIL) 300-UTR3 

At3G12270 PRMT3 SALK_148316 Exon 

At1G66470 bHLH83   SALK_027677 Exon 

At3G16770 EBP CS849696(WISC) Exon 

At3G18400 ANAC058 SALK_049205C 300-UTR3 

At1G51140 bHLH122   SALK_049022C Exon 

At5G47640 NF-YB2 SALK_105662C Exon 
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IAA treatments and RNA isolation 

RNA was isolated from seedlings grown on a nylon filter (03-100/32 Sefar 

Filtration, Depew, NY) as described previously (Levesque et al., 2006). Approximately 

100 seeds were plated, stratified and germinated on a filter pressed against control 

medium. Nine days after germination, filters were transferred to control or 1µM IAA 

plates for 4 hours. At the end of the treatment, roots were aligned and excised, carefully 

avoiding the root-shoot junction. Samples were promptly frozen in liquid nitrogen and 

RNA isolation was performed according to the Qiagen plant RNeasy kit protocol (Qiagen, 

Valencia, CA). After DNAse treatment (Promega, Madison, WI), RNA samples were 

quantified by absorbance at 260 nm using a Nanodrop spectrophotometer (Nanodrop 

technologies, Wilmington, DE).  

qRT-PCR 

Synthesis of cDNA proceeded with a 1:1 mixture of oligo(dT) and random 

hexamer primers and SuperScript III enzyme (Invitrogen). After RNase (Invitrogen), the 

A260 was measured using a Nanodrop spectrophotometer to ensure equal efficiency in the 

cDNA synthesis reactions between samples. qRTPCR analysis using this cDNA was 

performed on an Applied Biosystems 7600-fast thermal cycler using SYBR Green 

detection chemistry. qRTPCR primers (Table VII) used in both chapter 2 and 3: 
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Table VII. Quantitative RT-PCR primers. 

Target Forward Primer Reverse Primer 

ARF19 ATCGAACCCGTCATAACTCC TCCCAAAGTCTTCTCCCATC 

MYB93 TCCATCTTCATGGGTTCTCC CGGATTGTTGTGTGGAAGAG 

MYB6 ACTCTTGGGTTTGGATCCTG CGCACCACGGTTTAGAATC 

ARF4 TGACACAAGCACACATGGAG TCTTGAGATGGCCTCTGTTG 

HAT2 ACTTGACGGCAAGACAAGTG TCTCTACGCACCGTTTCAAG 

MIF1 CCAACACATCTTCCTCTTGG CGATGTTAGCAGCGTGATTC 

bHLH83 TTTCCTCCTCCAGCCATAAG AGCCGTAGCTCATGTTGTTG 

bHLH78 CGGAGCTTTAACGGAAGAAC GTGACTTCCGGTGAAACAAG 

ANAC058 ACGAGCCTTCTTTCGGTATC AAAACGACGACGTTCTCTCC 

NF-YB2 TCTCCGAGTTCATCAGCTTC ATAGCCCAGAGCAAATCGTC 
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CHAPTER 4: CONCLUSIONS 

The main goal of this thesis was to identify auxin-regulated transcription factors 

that control root development in Arabidopsis.  Research on auxin-regulated transcription 

factors has largely focused on ARF transcription factors as the primary response to and 

modulators of auxin gene expression (Chapman & Estelle, 2009).  Utilizing a 

transcriptome analysis of IAA-treated roots, I was able to identify 88 transcription factors 

with variable kinetics. The goal of this thesis was to ask if auxin-responsive transcription 

factors are sequentially activated thereby participating in a complex network that controls 

auxin-regulated changes in root development.  

 A meta-analysis in chapter 2 compared our root-specific timecourse transcriptome 

to previously published auxin microarrays. This comparison allowed the identification of 

gold-standard auxin-responsive genes robustly induced in multiple microarray 

experiments, as well as novel IAA-responsive genes that may function downstream in 

controlling this process. Prior studies have often considered auxin-responsive transcript 

changes at one or two early timepoints, treated with a higher dose of auxin and utilized 

whole seedlings (Paponov, et al 2008). We found a much higher overlap with a 3-

timepoint root-specific dataset (Vanneste, et al 2005) than with three whole seedling 

datasets. Across these five datasets were 50 common transcripts induced by IAA, despite 

differences in tissues, auxin type and dose, and duration of auxin treatment.  These 

transcripts are likely necessary for auxin-response, whether they are auxin-specific or 

housekeeping genes needed to carry out auxin-responsive processes. Five transcripts of 

these 50 genes are annotated as transcription factors [ARR29, bHLH30, RHA2a, 

bHLH158 (IBH1), TINY] by the AGRIS TF database, and are great candidates for follow-
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up studies. RHA2a, bHLH158(IBH1) and TINY have published phenotypes studied in the 

context of other plant hormones, and may mediate interactions between auxin and other 

hormones (Bu, et al 2009, Bai, et al 2012, Sun, et al 2008). We found 411 novel auxin-

responsive transcripts over the three-timepoint root-specific dataset. Of these 411 

transcripts, 348 transcripts were not found in any other dataset. This demonstrates the 

increased resolution in our dataset, gained by utilizing only root tissue and the addition of 

additional timepoints.  

ARF19 has a published function regulating lateral root development (Okushima, 

et al 2005b), and results in chapter 2 demonstrated that MYB93, MYB6 and ARF4 work 

downstream of ARF19. MYB93 and MYB6 had significantly reduced expression in arf19-

1, and ARF4 showed significantly increased expression. All three therefore function 

downstream of ARF19. ARF4 has been demonstrated to be a negative regulating ARF 

(Vernoux, et al 2009), and its opposite transcript response in arf19-1 suggests a more 

complicated function for ARF4 in modulating IAA response than MYB93 and MYB6. 

All three of these transcription factors are not only downstream of ARF19, but 

demonstrate a role in root development as they have significantly altered root phenotypes 

of their T-DNA insertion mutants. Sequential activation of transcription factors in 

response to IAA is supported by the evidence of three transcription factors working 

downstream of ARF19, as the kinetic patterns of transcription factor clusters in chapter 1. 

Transcription factor clusters show sequential activation patterns, suggesting transcription 

factors activate the expression of one another to mediate the IAA response.  

 Sequential activation of transcription factors is suggestive of a larger network of 

transcription factors which work together to mediate the auxin response. In chapter 3, the 
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literature and in silico relationships of the 88 transcription factors in the dataset were 

identified. Twelve of these genes were selected for fuzzy logic and continuous Bayesian 

modeling, to elucidate the underlying regulatory network of transcription factors 

controlling lateral root development. The resultant network incorporated edges from the 

literature network as well as edges from both modeling types. These edges were tested by 

examining transcript abundance in mutant backgrounds and by examination of 

phenotypes of mutants with insertion in genes of interest. MIF1 and NF-YB2 were shown 

to be children of (or genes whose transcription is regulated by) ARF19 due to 

significantly altered transcript abundance in the arf19-1 background. Genes who are 

siblings, or whose synthesis is regulated by the same transcription factor parent, were 

more complex to test.  In one case ANAC058 and bHLH83 are predicted to be siblings, 

with arf19-1 as a predicted parent. Neither ANAC058 nor bHLH83 was significantly 

altered in arf19-1.  Although this was a testable predicted relationship, if these two genes 

are siblings, they are controlled by a different transcription factor parent.  

 Sibling relationships were difficult to test biologically, unless a parent is predicted 

for one or more of the siblings. The definition of a biological sibling is that the 

expression of the gene is regulated by a common transcription factor parent. Without 

precise understanding and testing techniques available, confirming a sibling relationship 

appears to be about accumulating several types of data that support a sibling relationship. 

PRMT3 and ATHB54 are very likely siblings as they were predicted siblings in the 

literature, fuzzy logic, and cotemporal modeling. They also were clustered in the same 

DE and transcription factor clusters, lending further support to this relationship. 

ANAC058 and bHLH78 are also predicted siblings, supported by clustering in the same 
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transcription factor cluster.  Yet, the absence of information on the parents that control 

expression of either sibling pair limits a definitive test of this relationship. 

Another potential test of both sibling and parent child relationships, is to look for 

function of the genes in a common developmental process.  We obtained T-DNA 

insertion mutants for genes in this modeling data set. Insertion lines were only available 

for 8 of the 12 transcription factors in the modeling dataset and we found that 5 of these 

transcription factor lines showed significantly altered root development [anac058, ebp, 

arf19-1, bhlh122, nf-yb2].  

The most profound phenotypes were of bhlh122 and nf-yb2, which are predicted 

siblings. They shared significantly increased lateral root numbers and density in the 

presence and absence of IAA, demonstrating the involvement of bHLH122 and NF-YB2 

in lateral root development. NF-YB2 was demonstrated to be transcribed downstream of 

ARF19 through qRT-PCR, so this suggests a simple model of the involvement of 

bHLH122 and NF-YB2 in lateral root development (Figure 30). NF-YB2 is normally 

down-regulated and its T-DNA insertion mutant has increased lateral root number and 

density. ARF19 must then repress NF-YB2 expression in the presence of IAA in order to 

relieve NF-YB2’s normal repression of lateral root formation.  

A second interesting relationship was uncovered for bHLH122 and NF-YB2.  Both 

mutants have a similar phenotype, suggesting that they act as siblings normally to repress 

lateral root formation. bHLH122 expression is induced by IAA in the microarray 

however. As bHLH122 levels rise in response to IAA, its mode of action must be 

different from NF-YB2, which decreases with IAA treatment. bHLH122 must act to 

repress a downstream gene which normally represses lateral root formation. This model 
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demonstrates how relationships predicted by literature relationships and computational 

modeling techniques can combine with classical phenotypic studies to elucidate new and 

exciting players in processes vital to plant health, growth and stability such as lateral root 

development. 

Biological studies have largely been focused on studying one or two components 

in a process, until the advent of genomics and transcriptomics. Large scale studies allow 

for a holistic snapshot of a physiological process. Computational modeling can be 

utilized as an unbiased approach to identify relationships in the underlying regulatory 

biological network controlling physiological events like lateral root development. 

Computational modeling can be improved with the inclusion and comparison to 

biological data (Muraro, et al 2013). Testing computationally-predicted relationships 

using classical biological tools such as mutant phenotypic analysis and changes in 

transcript abundance will lead to identification of novel relationships and components of 

physiological processes. Through use of these techniques, this thesis has demonstrated 

that auxin sequentially activates transcription factors as part of an underlying 

transcription factor network that controls the induction of lateral root development by 

auxin. 
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