
ABSTRACT 

CLARK, NATALIE MINAKO. Gene Regulatory Networks Controlling Multicellular 

Development. (Under the direction of Dr. Rosangela Sozzani and Dr. Alun Lloyd). 

 

Development in multicellular organisms requires not only the production of specialized 

cell types but also mechanisms of coordination among them. Stem cells are ultimately the source 

of all cell types, and the balance between self-renewal and differentiation of their progeny 

regulates organ growth. Transcription factors and cell-to-cell signaling have a key role in 

coordinating these processes; however, how these transcriptional networks control multicellular 

development is not completely understood. Here, I investigate how we can use Gene Regulatory 

Network (GRN) inference to identify the genes, and the relationships among them, that are 

important for multicellular development.  

First, I explore a GRN in the Arabidopsis root stem cells that involves the mobile 

transcription factor SHORTROOT (SHR) and its binding partner SCARECROW (SCR). I use 

scanning Fluorescence Correlation Spectroscopy (scanning FCS) techniques to quantify the 

movement of SHR protein from the vasculature, where it is transcribed, to the endodermis and 

Quiescent Center (QC), where it binds SCR. Using a combination of Raster Image Correlation 

Spectroscopy (RICS) and Pair Correlation Function (pCF) analysis, I show that the movement of 

SHR from the endodermis back to the vasculature is restricted by its binding to SCR. 

Additionally, using Number and Brightness (N&B), I observed that SHR and SCR form two 

different protein complex stoichiometries in the Cortex Endodermis Initials (CEI), but four 

different stoichiometries in the QC. To unravel how differences in SHR-SCR complex formation 

may affect its function in the CEI and QC, I build a mathematical model that predicts differences 

in SHR and SCR dynamics between the CEI and QC. Using the model prediction and a 

transcriptomic dataset of temporal gene expression in the root, I identify SEUSS (SEU) as a 



putative SHR activator and WUSCHEL RELATED HOMEOBOX 5 (WOX5) as a putative SHR 

repressor. My model, which incorporates this upstream SHR regulation, shows that high levels of 

the SHR-SCR complex trigger CEI division but repress QC division. This suggests new roles for 

SHR and SCR in controlling CEI and QC division.  

Next, I show how scanning FCS techniques can be used to study development in another 

multicellular organism, namely Drosophila. In the Drosophila embryo, the transcription factor 

Dorsal (Dl) acts as a mobile signal to control embryo patterning and development along with its 

binding partner Cactus (Cact). Using RICS and pCF, I show that Dl movement is restricted on 

the ventral side of the embryo. We further show that this restriction of Dl movement is correlated 

with the proportion of Dl bound to DNA using cross-correlation RICS. Finally, using 

mathematical modeling, we show that the dorsal-ventral gradient of Dl movement depends on 

the proportion of Dl bound to DNA. Therefore, this combination of scanning FCS and 

mathematical modeling reveals how mobile signals control development in different 

multicellular organisms. 

Finally, I show how computational methods can be used to predict GRNs from 

transcriptional data. I specifically focus on a regression tree analysis pipeline, named Regression 

Tree Pipeline for Spatial, Temporal, And Replicate Data (RTP-STAR), that can infer directed 

networks from steady state transcriptional data. I present how I used RTP-STAR to infer a GRN 

in Arabidopsis root hair cells. This inferred GRN led to a mathematical model which shows how 

a negative feedback loop between two key genes controls proper root hair growth. This pipeline 

has been incorporated into a graphical user interface named TuxNet that provides a simple 

methodology for biologists to infer GRNs from transcriptional data. Taken together, these studies 

that incorporate mathematical modeling, experimental data, and GRN inference have identified 



important genes and regulatory networks that control cell division and patterning in both 

Arabidopsis and Drosophila.  
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Chapter 1 - Introduction 

Stem cell development in the Arabidopsis root 

The Arabidopsis root tip contains a number of stem cell populations that divide 

asymmetrically to form two daughter cells. One of the daughter cells becomes the new stem cell, 

while the other daughter cell differentiates to form one or two specific tissue layers. The stem 

cells are contained in a region of the root tip called the stem cell niche (SCN), which contains a 

set of cells called the Quiescent Center (QC) that are surrounded by the stem cell populations. 

Unlike the stem cells, which asymmetrically divide approximately every 24 hours, the QC is 

relatively mitotically inactive and divides at less than half of the rate of the other stem cells 1. 

The three stem cells adjacent to the QC divide shootwards to form the proximal root tissues. The 

outermost of these initial populations, the Lateral Root Cap/Epidermis Initials, first divides 

periclinally to produce the new stem cell. The second daughter cell then divides anticlinally to 

form the two outermost cell layers, namely the lateral root cap and the epidermis. A similar 

succession of two divisions occurs in the Cortex/Endodermis Initials (CEI), which first divide 

anticlinally to form the new stem cell and then periclinally to form the two ground tissue layers, 

namely the cortex and endodermis. Finally, the vasculature initials divide once anticlinally, and 

their daughter cells go on to differentiate and form the numerous vascular tissues, which are the 

innermost tissues of the root. In contrast, the distal root stem cell population, the Columella Stem 

Cells (CSCs), divides once anticlinally in the rootward direction to form the columella layer. 

Division of these stem cell populations is coordinated through cell-to-cell signaling mechanisms 

that incorporate ligands or even transcription factors as signaling molecules 2,3. Thus, stem cell 

renewal and tissue formation depends on regulation of these signaling pathways. 
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Recent work has unraveled how two transcription factors, SHORTROOT (SHR) and 

SCARECROW (SCR) regulate asymmetric division of the CEI as well as ground tissue 

patterning. SHR was first identified, and named, due to a mutation in the gene that results in 

extremely short roots. Further work on SHR revealed that the mutant additionally has only one 

ground tissue layer that takes on an endodermal identity. Isolation of the SHR gene revealed that 

it is a member of the GRAS family of putative transcription factors. A second member of this 

family, SCR, was identified due to its mutant having a single ground tissue layer like the shr 

mutant. However, unlike the shr mutant, the scr mutant layer displays markers of both 

endodermis and cortex identity 4–6. Taken together, these results suggested that SHR and SCR 

control the asymmetric division of the CEI and the differentiation of the ground tissue layers. 

Given the role of SHR and SCR in ground tissue patterning, it is expected that both genes 

are expressed in the CEI, endodermis, and/or cortex. However, while SCR transcript is expressed 

in the CEI, QC, and endodermis, SHR transcript is restricted to the vasculature 7 and its protein is 

localized to the vasculature, CEI, QC, and endodermis 8. This suggests that SHR protein moves 

from the vasculature to the CEI and endodermis to regulate asymmetric division and ground 

tissue patterning. In order to move between cells, SHR needs to pass through the plasmodesmata, 

which are channels in the cell walls that allow for cell-to-cell communication. Recent work has 

shown that SHR likely depends on chaperones in order to shuttle through the plasmodesmata 9–

12. Once in the CEI and endodermis, SHR is able to form a protein complex with SCR.  This 

SHR-SCR complex can then activate SCR expression, creating a positive feedback loop that 

increases complex production 10,13–15. Further, it has been shown that this complex formation 

restricts SHR movement from the endodermis back to the vasculature. This control of SHR 

movement is important for ground tissue patterning, as reducing SCR levels using SCR RNAi 
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results in ectopic ground tissue divisions 10,15. Thus, regulation of SHR movement is key for 

proper ground tissue specification. 

In the CEI, the SHR-SCR complex activates the gene CYCLIN D6 (CYCD6) which is 

expressed immediately preceding the CEI division 13. The SHR-SCR complex specifically 

activates CYCD6 in the CEI, and not the entire endodermal layer where it is expressed, due to 

the auxin gradient in the root. Auxin is a plant hormone that has a maximum in the root tip and 

decreases shootwards due to various auxin transport mechanisms 16. In the CEI, where auxin 

levels are higher, auxin promotes CYCD6 expression and activates phosphorylation of another 

transcription factor, RETINOBLASTOMA-RELATED (RBR). This phosphorylation of RBR 

inactivates it and prevents it from binding to SCR, allowing SCR to bind SHR and further 

increase CYCD6 expression to induce CEI division. Meanwhile, in the endodermis, where auxin 

levels are lower, less CYCD6 is present, which results in more active RBR that can bind SCR. 

These lower auxin levels therefore decrease levels of the SHR-SCR complex, so further CYCD6 

activation does not occur, preventing division 1,14. SHR and SCR also control endodermis 

patterning through regulating a downstream set of C2H2 transcription factors called BIRD 

proteins. These BIRD proteins are expressed throughout the ground tissue layers, and single and 

higher order mutants of these BIRDs have developmental phenotypes including ectopic 

divisions, missing ground tissue layers, and misexpression of SHR and SCR 17,18. Therefore, 

SHR and SCR are part of gene regulatory networks that control CEI division and ground tissue 

maintenance. My current work aims at understanding the dynamics of SHR and SCR regulation 

of cell division as well as identifying additional downstream targets and upstream regulators of 

the SHR-SCR regulatory network. 
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While SHR and SCR are also expressed in the QC, their role in this cell type is less 

understood. However, recent work has uncovered other factors that maintain the QC. A subset of 

AP2 transcription factors, called the PLETHORA (PLT) factors, have been shown to control QC 

and root maintenance. Accordingly,  double and triple mutants of PLT1, PLT2, and PLT3/AIL6 

show stem cell niche defects. Further, a quadruple mutant of PLT1, PLT2, PLT3/AIL6, and 

BABY BOOM (BBM) is rootless 19,20. Another transcription factor, WUSCHEL-RELATED 

HOMEOBOX 5 (WOX5), has been implicated in QC maintenance as wox5 mutants show a 

disorganized stem cell niche with enlarged QC cells 21. It was originally assumed that WOX5 is a 

QC specific factor given that its transcriptional fusion is localized exclusively to the QC 22. 

However, a translational fusion of WOX5 protein shows expression in the surrounding stem cells 

including the vascular initials, CEI, and CSCs 23. This suggests that WOX5 protein may act as a 

mobile signal to maintain the surrounding stem cells in an undifferentiated state. In support of 

this hypothesis, WOX5 overexpression lines have excessive layers of undifferentiated columella 

cells. It was further shown that WOX5 represses the differentiation factor CYCLING DOF 

FACTOR 4 (CDF4) to maintain the CSCs 23.  Finally, transcriptional profiling of the QC has 

identified a number of genes with putative roles in the QC. A recently developed gene regulatory 

network (GRN) inference method predicted that PERIANTHIA (PAN), a known floral regulator, 

has an important functional role in the QC. This role was validated by showing that pan mutants 

have a disorganized stem cell niche, while PAN overexpressors have ectopic QC divisions. 

Further, a transcriptional profile of the pan mutant suggested that PAN may regulate known QC 

factors like the PLT family of genes and WOX5 24. My current work focuses on identifying 

additional players in the QC as well as if SHR and SCR function to regulate QC maintenance. 
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Drosophila embryonic development 

Development of the Drosophila embryo is a spatiotemporally tightly regulated process. 

After fertilization, the embryo undergoes 13 nuclear divisions. The first 7 divisions occur 

synchronously, and then become asynchronous as regulatory networks activate and begin to 

pattern the embryo 25. Genes activated early in embryonic development control anterior-posterior 

patterning, while genes that appear later in the development regulate polar segmentation of the 

embryo. Further, these early and late developmental genes transcriptionally regulate each other 

to ensure that these stages of patterning occur at the correct time during the successive nuclear 

cycles 26. One of the regulatory mechanisms occurring later in embryonic development, 

specifically after the 9th nuclear division, is the Toll receptor signaling pathway, which controls 

dorsal-ventral patterning. In the absence of Toll signaling, the transcription factor Dorsal (Dl) is 

uniformly localized to the cytoplasm due to its interaction with  the cytoplasmic tethering protein 

Cactus (Cact) 27–32. On the ventral side of the embryo, Toll signaling acts through the Pelle 

kinase to phosphorylate and degrade Cact, which releases Dl to move to the nucleus and regulate 

gene expression 33.  This results in a gradient of high, nuclear Dl expression on the ventral side of 

the embryo to low, cytoplasmic Dl expression on the dorsal side 34–36. Other regulatory networks 

in early and late embryo development depend on morphogen gradients, like the Dl gradient, to 

properly communicate cell fate decisions 26. Therefore, my current work uses methods that can 

quantify how these gradients change over space and time to further investigate how protein 

movement and cell-to-cell signaling control pattern formation.  

Scanning Fluorescence Correlation Spectroscopy methodologies 

Both Arabidopsis root stem cell and Drosophila embryo patterning depend on gene 

networks that incorporate both mobile proteins and protein-protein complex formation. While 
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mathematical modeling can be used to quantify how gene expression changes over time, these 

models will include unknown parameters such as diffusion coefficients and binding ratios of 

proteins. Thus, to develop models that best recapitulate gene expression dynamics, methods are 

needed to experimentally measure protein movement and binding in vivo. To this end, 

Fluorescence Correlation Spectroscopy (FCS) methodologies have been developed to quantify 

protein interactions and kinetics at a molecular level. FCS was originally developed to measure 

fluorescence fluctuations at a single point in an observation volume. Based on the observation 

that the cross-section of a laser beam follows a Gaussian distribution, an Autocorrelation 

Function (ACF) of fluorescent molecules in the observation volume can be calculated. This ACF 

measures how the fluorescent molecules correlate over space and time. Further, a diffusion 

model can be fit to this ACF to determine the best-fitting, i.e. experimental, diffusion coefficient 

37. Similarly, the distribution of photon counts follows a Poisson distribution, allowing the degree 

of polymerization and aggregation of molecules to be calculated using the amplitude and spread 

(mean and variance) of the intensity distribution 38,39. Therefore, single point FCS provides a way 

to experimentally measure protein diffusion and oligomerization. Further, single point FCS can 

be performed using confocal microscopy, which is a lower cost and less technically complex 

imaging platform. However, the main drawback of single point FCS is that it encodes minimal 

spatiotemporal information by focusing on only a small region of the observation volume.  

In order to measure protein movement across cells, or differences in protein aggregation 

between cell types, measurements need to be taken at many points in the observation volume. To 

this end, scanning FCS was developed to measure protein dynamics in a focal volume at a pixel 

resolution of ≤100nm. Instead of focusing on a single point, the laser scans across the focal 

volume one line at a time performing a raster scan. The pixel dwell time, or the time the laser 
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spends on each pixel, is between 5-20 microseconds such that the laser returns to the same 

position before the fluorescent molecule leaves the focal volume. This is required to measure the 

same particle over space and time to calculate the ACF. Since the ACF now incorporates 2 

spatial dimensions rather than 1 spatial dimension as in single point FCS, the ACF is now a 3D 

Gaussian function. Thus, instead of experimentally measuring the diffusion coefficient at a single 

point, scanning FCS returns the average diffusion coefficient of the focal volume. This method 

of raster scanning the focal volume to measure the ACF and fit the diffusion coefficient is termed 

Raster Image Correlation Spectroscopy, or RICS 40–42. Thus, RICS allows for the measurement 

of protein movement in different regions of a single cell, or in different cell types of a 

multicellular organism. 

One of the main drawbacks of RICS is that it returns an average diffusion coefficient for 

the entire focal region. This means that RICS cannot detect if movement is restricted at barriers 

within cells, such as the nuclear envelope or organelles, or between cells, such as cell membranes 

and walls. In order to measure diffusion through a barrier, particles on one side of the barrier 

must be spatiotemporally correlated as they pass through the barrier to the other side. This way, 

if the barrier restricts protein movement, the autocorrelation of the particles will occur at a delay, 

or if the barrier completely blocks protein movement, no autocorrelation will occur. To this end, 

the Pair Correlation Function (pCF) was developed to measure protein movement through a 

barrier. Unlike RICS, which uses raster scanning, pCF uses a single line scanned across the 

potential diffusion barrier many (≥100,000) times. The pCF between pairs of pixels on either 

side of the barrier is then calculated. Crucially, the pCF is affected by the distance between the 

correlated pixels, so this distance must be chosen according to the size and position of the 

barrier. Unlike RICS, where the outcome is a 3D Gaussian function, the outcome of pCF is a 2D 
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carpet which shows how the autocorrelation varies over space (along the line scan) and time 

(between the individual line scans). Qualitative and quantitative information can be obtained 

from the carpet to determine if the protein is able to move through the barrier. A carpet showing 

autocorrelation with no delay, or autocorrelation with a time delay, suggests that the protein can 

pass the barrier. In contrast, if the carpet shows no autocorrelation occurring at the barrier, this 

suggests that the protein cannot cross the barrier 43–45.  Therefore, pCF can reveal if protein 

movement within or between cells is restricted in any manner. 

pCF on a line scan can only quantify protein movement through barriers in one 

dimension (1D). However, proteins can encounter barriers in any direction. Thus, to better 

quantify barriers to movement within an area, a 2D pCF needs to be calculated, which requires 

correlating pairs of pixels in both the horizontal and vertical direction using a raster scan. 

However, obtaining a raster scan at the resolution required for 2D pCF is difficult with a 

traditional confocal microscope. Since the confocal microscope focuses the laser on a small focal 

volume, photobleaching of the sample can occur within seconds. Thus, methods have been 

developed to obtain a 2D pCF using Single Plane Illumination Microscopy (SPIM) and Total 

Internal Reflection Fluorescence (TIRF) microscopy, which both illuminate a thin sheet of the 

sample rather than a focal region, reducing photobleaching. Calculating the 2D pCF using these 

imaging methods allows one to visualize barriers of protein diffusions in the focal volume 46. As 

SPIM and TIRF methodologies become more accessible, 2D pCF could be used to better 

visualize barriers to diffusion in multicellular organisms in the future. 

Calculating the ACF across a raster scanned image also improves the spatiotemporal 

information on protein aggregation. Using the same assumptions from single point FCS, the 

oligomerization of proteins (dimers, trimers, etc) as well as the number of proteins within a focal 
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region can be determined through a process called Number and Brightness (N&B). N&B 

requires a monomeric fluorescent control to determine the brightness of a monomer and, in non-

photon counting setups, a region of the image containing autofluorescence and/or immobile 

cellular structures to eliminate background fluorescence. Once the monomeric fluorescence is 

set, the average and variance of the intensity distribution are used to determine if higher 

oligomeric states are present. Further, since N&B returns the oligomerization state of the 

proteins in each pixel of the image, the proportion of different oligomers can be quantified 47. 

This results in a visualization of the distribution of different oligomeric states within and 

between cells. Combined with RICS analysis, N&B can show if differences in diffusion between 

cells could be due to the formation of higher oligomeric states. Additionally, if the oligomeric 

state of a protein varies between different cell types, then it could be a factor in determining cell 

function or fate. 

Both RICS and N&B can be expanded to spatiotemporally measure the movement and 

binding of two proteins tagged with two different fluorophores, such as GFP (green) and 

mCherry (red). Measuring two proteins at once requires calculating not only the ACF of each 

protein individually but also the cross-correlation between the two channels. Thus, it is important 

that the two chosen fluorophores do not have overlapping emission spectrums, as otherwise this 

can bias the cross-correlation calculation. Cross-correlation can be applied to RICS to determine 

the cross-correlation RICS (ccRICS) of two proteins, which shows if protein binding affects the 

movement of one or both proteins. For example, if one of the proteins restricts the movement of 

the other protein, the ccRICS will inversely correlate with the diffusion coefficient of the 

restricted protein 48. Additionally, cross-correlation N&B (cross N&B) can determine if two 

proteins form a complex as a high, positive cross-correlation value indicates that the fluorescence 
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of the two proteins varies the same over space and time, indicating that the proteins are bound to 

each other. Further, cross N&B can incorporate the oligomeric states determined from single 

channel N&B to quantify the number and proportion of different protein-protein complex 

stoichiometries 49. Similar to single channel N&B, cross N&B provides a visualization of 

different protein-protein complex stoichiometries across the focal region, allowing one to see if 

different regions of a cell or cell types have variable stoichiometries. 

While scanning FCS allows for greater spatiotemporal resolution than single point FCS, 

it includes additional information that can bias the calculation of diffusion coefficients, protein 

oligomerization and protein-protein binding. The major source of noise in scanning FCS images 

comes from regions of the image that do not express fluorescence, which are commonly referred 

to as background regions or immobile fractions. Since RICS calculates the average diffusion 

coefficient across the entire image, including these background regions can decrease the 

diffusion coefficient since they will have a diffusion equal to zero. Similarly, the background 

regions can alter the calculation of higher oligomeric states during N&B analysis. Thus, a 

moving average methodology has been introduced as an analytical approach to remove these 

background regions from analysis. The moving average involves taking 3 to 5 frames (time 

points) before and after the frame of interest and averaging their intensity. The average intensity 

of the background is then subtracted from the frame of interest before using it to calculate the 

ACF. This process is repeated for all of the frames in the raster scan. Since the intensity of the 

background region should not change over time, applying the moving average effectively 

removes any intensity that is not from the fluorescently tagged protein of interest 40,41. Thus, 

using the moving average in combination with any scanning FCS method is crucial to calculate 
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the most accurate diffusion coefficient, oligomerization state, and/or protein-protein 

stoichiometry. 

Taken together, these scanning FCS methodologies can quantify protein movement and 

binding within and/or between cells. Although scanning FCS was originally developed and used 

on mammalian cell cultures 44,45,50,51, recent work has expanded these methods into multicellular 

structures such as the Arabidopsis root 15 and the Drosophila wing disc 52. Given the importance 

of morphogen gradients and protein binding in cell fate and function, my current work uses these 

techniques to experimentally determine diffusion coefficients and protein binding parameters for 

mathematical models that accurately predict gene expression in multicellular organisms.  

Gene regulatory network inference methods 

An emerging problem with the advent of affordable and accessible high throughput 

sequencing is how to identify genes that have important and essential biological functions. Even 

with stringent statistical conditions such as low false discovery rates (FDR/q-value) and high 

fold change requirements, thousands of genes can be identified as differentially expressed 

between two or more different samples. Further, choosing genes based solely on their q-value or 

fold change often results in genes that do not show a phenotype. This can result in experimenting 

on candidate genes that are not biologically important, rather than focusing on genes with 

essential functions. Thus, finding an unbiased approach that can generate hypotheses about gene 

function using high throughput sequencing data would greatly increase our efficiency at 

identifying novel genetic regulators. 

Recently, Gene Regulatory Networks (GRNs) have been proposed as a method for 

identifying important candidate genes from large scale datasets across multicellular organisms 

53,54. Several GRN inference methods exist that take transcriptional data as input and output an 
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inferred network showing the most likely regulation between the genes of interest based on the 

data. Different statistical methods are used to calculate the highest confidence edges 

(regulations) between the nodes (genes) in the network based on assumptions about the data 

(steady state, time course, etc.) and range from simple to mathematically complex. Thus, the 

choice of GRN inference method depends on the types of data collected and the mathematical 

methodologies needed to generate hypotheses that can be experimentally tested.  

Some of the simplest GRN inference methods are information theory models, which use a 

statistical measure to determine if two genes are able to regulate each other. Common statistical 

measures include correlation coefficients 55 and mutual information indices 56,57. Since 

information theory models only consider regulation between gene pairs, they can accurately infer 

relationships between thousands of genes with very few data points. However, they are 

undirected, meaning they cannot determine which gene is the regulator and which is the target, 

and since they assume pairwise regulation, they do not account for scenarios where multiple 

genes can regulate the same gene 53. 

Methods that can infer directed networks are important for modeling gene regulation 

given the prevalence of structures such as feedback and feedforward loops in biological systems. 

Most methods that infer directed networks require time course data in order to predict 

relationships between genes over time. Some of these methods, such as Boolean networks, treat 

time course data as discrete time points and infer relationships between genes from one time 

point to the next. In one commonly used method, called the threshold method, a gene is 

classified as “on” (a value of 1) or “off” (a value of 0) at each time point based on if the 

experimental gene expression increases (decreases) above (below) a certain threshold. Then, the 

network is built to most accurately recapitulate the “on” and “off” values from the experimental 
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data 58–60. Since both gene expression and time are treated as discrete variables, Boolean 

networks are easy to biologically interpret and test 53. However, while Boolean networks are one 

of the simplest methods to infer a directed network, using discrete time points eliminates 

temporal patterns in gene expression that could provide more information and result in more 

accurate network predictions.  

To incorporate temporal fluctuations in gene expression into network inference methods, 

continuous time models are needed. A common way to model gene expression over time is using 

Ordinary Differential Equations (ODEs), which describe changes in gene expression as a 

function of the concentration of other genes plus kinetic parameters such as production and 

degradation rates. In the context of network inference, an ODE is built for each gene based on 

the predicted transcriptional regulators from the experimental data. Since ODEs provide 

numerical values for gene expression, they quantitatively measure how the predicted 

transcriptional regulation controls temporal expression dynamics. However, ODE models 

contain a number of unknown parameters that must be experimentally determined or estimated 

from experimental data. Further, the choice of parameter values can result in different outcomes, 

especially in systems that exhibit bistability. Therefore, limited information about experimentally 

determined parameter values can result in less accurate GRNs 53.  

Both Boolean networks and ODEs require time course data for network inference. 

However, there are methods that can infer directed networks from steady-state data, such as 

regression tree inference, which assumes that gene expression can be described by a regression 

model on the upstream regulators. One regression tree, which is a directed network that is 

connected but cannot contain any loops, is built for each gene based on steady-state expression 

data such as biological replicates or mutant samples. Once the regression trees for each gene are 
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combined, temporal aspects such as loops can form in the network as regulators can be shared 

between trees 61–63. While the temporal features of the network are created from combining the 

individual regression trees and not inferred directly from temporal expression data, regression 

trees provide a useful GRN inference method when time course data is not available. 

All of the previous methods assume that gene expression is deterministically controlled 

by upstream regulators. However, recent advances in single cell sequencing have revealed that 

gene expression can vary randomly between individual cells in the same population 64,65. These 

results suggest that there may be a stochastic component to gene expression. Thus, GRN 

methods have been developed that treat gene expression as random variables that follow a certain 

probability distribution. The most common of these methods, Bayesian Networks (BN), assume 

a prior distribution for gene expression that is then trained and updated using steady-state (static 

BN) or time course (dynamic BN) expression data. The edges of the network are then inferred 

based on the posterior probability distribution 24,66. While BNs work well for noisy or stochastic 

gene expression data, they still require time course expression in order to infer networks with 

temporal features such as loops 53. 

After inferring GRNs using any of the various methods available, metrics can be 

calculated to determine which genes in the network are most likely to have an important 

biological function. For example, the outdegree (number of edges coming out) of a gene is 

commonly used as a proxy for biological importance, and it has been shown that essential genes 

have higher outdegrees than less essential genes 67,68. The use of outdegree stems from the 

observation that many biological networks are scale-free, meaning that there are many genes 

with low outdegree and few genes with high outdegree 69, although recently the prevalence of 

scale-free networks has come into question 70. Another metric used for biological importance is 



   

15 

 

the number of network motifs in which a gene participates. A network motif is any feature of a 

network, such as a feedback or feed-forward loop, that is significantly more common in the 

network than a randomly generated network of the same side. A number of network motifs 

including loops and higher order structures, like diamonds and bifans, have been shown to 

include essential genes 71–73. Therefore, applying these metrics to inferred networks could 

identify candidate genes that are more likely to show a phenotype. 

A number of these GRN inference methods have been used to infer networks in 

multicellular organisms, specifically Arabidopsis. Using data on Arabidopsis root transcription 

factors, a mutual information algorithm called ARACNE was able to recapitulate known 

networks involving the BIRD transcription factors, which are involved in ground tissue 

patterning, and the PLETHORA genes, which are involved in stem cell maintenance 74. A 

stochastic Boolean model incorporating GLABRA3 and CAPRICE movement accurately 

predicted root hair patterning in Arabidopsis 75. In another Arabidopsis root hair network, a 

regression tree method called GENIE3 was used to predict that a feedback loop between two root 

hair regulators, GTL1 and RSL4, controls proper root hair growth 76. A novel algorithm, CDAA, 

was developed to infer GRNs from noisy time course data, and successfully predicted novel 

regulators in iron homeostasis 77. Finally, spatial clustering has been combined with dynamic BN 

inference to identify novel Arabidopsis root stem cell regulators 24. My current work uses these 

GRN inference methods to generate hypotheses about gene regulation in multicellular organisms 

which can then be experimentally validated. 

Overview  

Here, I describe how I used a combination of quantitative imaging methods, 

mathematical modeling, and experimental validation to unravel the GRNs controlling 
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Arabidopsis root stem cell development and Drosophila embryonic patterning. The next two 

chapters (Chapters 2 and 3) focus on understanding how two transcription factors, SHR and 

SCR, control stem cell division in the Arabidopsis root. In these chapters, I detail how we used 

scanning FCS methods to understand how protein movement, oligomeric state, and protein-

protein complex stoichiometry affect SHR and SCR function in different cell types. Further, I 

use the experimentally determined parameters from scanning FCS in a mathematical model of 

SHR and SCR expression dynamics in two different cell types. This model predicts that there is a 

different function of the SHR-SCR complex in each of these cell types, which we then validate 

using biological data. Taken together, Chapters 2 and 3 provide new evidence for the role of 

SHR and SCR in controlling stem cell division. 

Chapter 4 focuses on using a similar approach in a different multicellular organism, 

namely Drosophila. This chapter highlights how a gradient of Dl movement along the dorsal-to-

ventral axis of the embryo controls cell fate and embryonic patterning. Again, I use scanning 

FCS methods to quantify Dl movement on the dorsal and ventral side of the embryo. By 

incorporating ccRICS, we are able to show that the dorsal-to-ventral gradient in Dl movement 

depends on the proportion of Dl bound to DNA. Further, we propose a two-component diffusion 

model that incorporates cytoplasmic Dl and Dl bound to DNA. By adjusting the parameters in 

this model that control the proportion of Dl bound to DNA, we can predict the dorsal-to-ventral 

movement gradient that we see experimentally. These results provide new evidence for how 

nuclear exclusion of Dl by its binding partner Cact controls Drosophila embryonic patterning. 

Finally, Chapters 5 and 6 provide examples of how GRN inference can be used to 

identify novel genes important for Arabidopsis root development. First, Chapter 5 shows how I 

use a modified version of GENIE3, which is a regression tree inference method, to predict a 
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feedback mechanism between two root hair genes, GTL1 and RSL4. This network prediction 

leads to a mathematical model of GTL1 and RSL4 that illustrates how their expression levels 

control proper root hair growth. Further, the model predictions are supported by gene expression 

data, giving new insight into root hair growth regulation in Arabidopsis. Chapter 6 provides more 

detail on the implementation of this modified version of GENIE3, which I have named 

Regression Tree Pipeline for Spatial, Temporal, And Replicate Data (RTP-STAR). Further, we 

have incorporated RTP-STAR into a graphical user interface along with a RNAseq processing 

pipeline, Tuxedo, and another inference method that uses time course data, GENIST. This 

interface, called TuxNet, provides biologists a way to infer GRNs using a combination of steady 

state and temporal data without requiring a bioinformatics background. We anticipate that use of 

TuxNet in multicellular organisms will identify additional novel genes involved in cell division 

networks, morphogen gradient formation, and cell specification. 
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Figure 1 Figure Supplement 1. RICS analysis on the 35S:GFP line (a) Region of interest of 

35S:GFP in vasculature cells. (b) Autocorrelation function (ACF) calculated using RICS. Red 

represents a high ACF value, blue represents a low ACF value. (c) Fit of diffusion model and 

calculation of diffusion coefficient from the ACF. Residuals of fit are shown at top of graph. 
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Figure 2 Figure Supplement 1. Pair correlation function analysis of 35S:GFP, SCR:SCR-

GFP, and TMO5:3xGFP (a) pCF analysis of 35S:GFP in vasculature cells. Cell walls are 

marked with PI. Orange arches indicate movement. (b) pCF analysis of TMO5:3xGFP in 

vasculature cells. Cell walls are marked with PI. Green lines indicate no movement. (c) pCF 

analysis of SCR:SCR-GFP in endodermal and cortical cells. Cell walls are marked with PI. 

Orange arches indicate movement. Green lines indicate no movement. 
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Figure 4 Figure Supplement 1. Longitudinal confocal root sections of SHR:SHR-

GFP/SCR:SCR-mCherry line Inset: Red (SCR:SCR-mCherry), green (SHR:SHR-GFP), BF, 

and merged channels. 
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Figure 4 Figure Supplement 2. N&B analysis of UBQ10 and SCR oligomeric state (a, d, g) 

Region of interest of UBQ10:mCherry, SCR:SCR-mCherry, and SCR:SCR-GFP in the root. 

Both SCR:SCR-mCherry (d) and SCR:SCR-GFP (g) are shown in the endodermis. (b, e, h) (b, e, 

h) Brightness (B) vs intensity graphs for UBQ10:mCherry, SCR:SCR-mCherry, and SCR:SCR-

GFP. The red, blue, and green boxes indicate the autofluorescence (B=1), monomer 

(B1 = ε1ε1 = 0.28 ± 0.01 for GFP; B2 = ε2ε2 = 0.34 ± 0.02 for mCherry) and homodimer 

(B1 = 2*monomeric B1 for GFP; B2 = 2*monomeric B2 for mCherry) (Table 2). (c, f, i) Color-

coding of the distribution of the brightness of UBQ10:mCherry, SCR:SCR-mCherry, and 

SCR:SCR-GFP. Red, blue, and green represent autofluorescence, monomer, and homodimer 

respectively. 
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Figure 5 Figure Supplement 1. Sensitivity analysis of mathematical model of SHR and SCR 

Bar graphs showing average Sobol total indices (n = 10) for SHR in vasculature (a), SHR 

monomer in endodermis (b), SHR homodimer (c), SCR (d), 1:1 SHR-SCR complex (e), and 2:1 

SHR-SCR complex (f). Indices were normalized to mean 0, variance 1 before averaging. Bars 

represent s.e.m. Stars denote parameters that have significantly higher total effects indices 

(Wilcoxon with Steel-Dwass, p<0.10). 
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Figure 5 Figure Supplement 2. Functional form of k2 parameter in mathematical model 

k2 is the rate of SHR homodimer formation and depends on the concentration of SCR. Once 

SCR passes a critical value (C0 = 360), SHR homodimer formation switches on. The homodimer 

formation rate has a maximum value of L = 0.5. 
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Abstract 

Growth and development in multicellular organisms requires production of specialized 

cell types. Transcription factors (TFs) have an important role in the mechanisms coordinating 

these processes, which if disrupted can lead to tumors or deformed organs. However, there are 

few quantitative data on the molecular dynamics of TFs. Here, we show how SHORTROOT 

(SHR) and SCARECROW (SCR) control the division of two specialized cell types in the 

Arabidopsis root, which provides a tractable system for studying cell division and differentiation. 

Using fluorescence correlation spectroscopy, we measured the spatiotemporal changes in SHR-

SCR complex stoichiometry and obtained a predictive model of their expression dynamics. 

Further, by combining our model prediction with experimental data, we show how temporal 

changes in upstream SHR regulation and spatial variation in SHR-SCR complex stoichiometry 

contribute to SHR and SCR function. Thus, our results suggest that expression dynamics and 

protein stoichiometry contribute to how TFs control growth and development. 
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Introduction 

Multicellular organisms tightly regulate stem cell divisions to ensure proper development 

and growth. Stem cells divide to generate two daughter cells: one of the daughters regenerates 

the stem cell, while the other daughter cell will go on to obtain a different cell fate1–4. Cell 

specification is regulated in part by mobile signals, including ligands, hormones, and 

transcription factors, which cross cell boundaries5–8. One example of a ligand and receptor 

regulating stem cell fate in the Arabidopsis shoot is the CLAVATA1/CLAVATA3 pathway9, 

while an example of a mobile transcription factor (TF) controlling stem cell fate in the root is 

SHORTROOT (SHR). In the case of SHR, it is transcribed in the vasculature and the protein 

moves to the surrounding cell layers, including the Quiescent Center (QC), Cortex-Endodermis 

Initials (CEI) and endodermis. SHR forms a complex with another transcription factor, 

SCARECROW (SCR) to control periclinal division of the CEI through the regulation of 

CYCLIND6;1 (CYCD6;1)5,10–16.  SHR was also shown to regulate ground tissue division in a 

dose-dependent manner17, while SHR and SCR both regulate a family of proteins called the 

BIRD proteins to control ground tissue specification and division18–20. Although SHR and SCR 

are both expressed in the QC, the QC is less mitotically active than the CEI and divides at less 

than half of the rate of the surrounding stem cells21. This raises the question of how two cell 

types that contain the same factors can take on different cell fates. 

Recent work has focused on uncovering the factors that control SHR expression and 

function in stem cells. Specifically, one study showed that a combination of activators and 

repressors is needed to maintain SHR expression in the vasculature22. Further, to better 

understand SHR function, we used Scanning Fluorescence Correlation Spectroscopy (Scanning 

FCS) to quantify SHR movement into the QC and endodermis. While the rate of movement of 
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SHR into the QC and endodermis was found to be similar, we showed that SHR movement is 

restricted in the endodermis through its binding partner SCR13,23. These results suggest that 

movement of SHR may not account for the differences in cell division timing of the QC and 

endodermis. An alternative hypothesis is that the oligomeric state and stoichiometry of the SHR-

SCR protein complex could affect its function24,25. We showed that SHR forms homodimers, and 

the SHR-SCR complex exists in a 1 SHR: 1 SCR and 2 SHR: 1 SCR stoichiometry, in the 

endodermis. Further, we found that SHR homodimer formation in the endodermis depends on 

the presence of SCR23. Using sensitivity analysis, we identified that protein diffusion, formation 

of protein complexes, and transcription rates are all important parameters in a model of SHR and 

SCR expression in the endodermis. In addition, this model of SHR and SCR predicted that the 

SHR-SCR complex reaches a maximum level between 12 and 18 hours, when the CEI cells are 

expected to periclinally divide23. Thus, using mathematical modeling, we can predict the timing 

of cell divisions based on SHR and SCR levels and identify the parameters that are most 

important using sensitivity analysis. 

Here, we show how modeling protein stoichiometry and upstream transcriptional 

regulation are important for accurately predicting SHR and SCR dynamics in the QC and CEI. 

Using scanning FCS, we measured that SHR and SCR are found in 4 different stoichiometries in 

the QC, as compared to 2 in the CEI. We then used mathematical modeling to determine that 

SHR activation and repression, in addition to the SHR-SCR protein complex states, are 

necessary to generate a model that best fits a time course of the root meristem. To determine 

SHR activators and repressors, we used our model prediction to identify SEUSS (SEU) and 

WUSCHEL-RELATED HOMEOBOX 5 (WOX5) as a putative SHR activator and repressor, 

respectively. By incorporating SEU and WOX5 regulation of SHR into our model, we predicted 
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that the SHR-SCR complex promotes periclinal CEI division but represses QC division. We 

experimentally validated the model by showing that periclinal CEI division corresponds to a high 

level of SHR and SCR, while QC division occurs when SHR and SCR are at low levels. Overall, 

our results suggest that SHR and SCR expression levels and differential stoichiometric complex 

formation regulate cell division. 
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Results 

Protein complex stoichiometry and transcriptional regulation are predictors of SHR and 

SCR expression dynamics 

We first measured the oligomeric state of proteins to determine if cell-type specific 

protein stoichiometry varied between cell types. To this end, we performed Number and 

Brightness (N&B) on Arabidopsis roots expressing either SHR:SHR-GFP or SCR:SCR-GFP 

translational fusions to measure the oligomeric state of SHR and SCR (see Methods). We found 

that the majority of SHR exists as a monomer with less than 20% as a dimer in the QC and CEI 

(83.12%/88.71% monomer, 16.88%/11.29% dimer in QC/CEI) (Figure 1A,C, Supplementary 

Figure 1, Supplementary Tables 1-2). When we examined the oligomeric state of SCR in the QC, 

we found similar results to SHR (82.75% monomer and 17.25% dimer) (Figure 1B,C, 

Supplementary Table 3). However, we observed only 6.62% SCR as dimers (93.38% monomer) 

in the CEI (Supplementary Figure 1, Supplementary Table 4). Thus, the differences in 

oligomeric states of SHR and SCR between the QC and CEI led us to hypothesize that the SHR-

SCR stoichiometry is also different between these two cell types. To test this, we performed 

cross-correlation number & brightness (cross N&B) on roots double-tagged with SHR:SHR-GFP 

and SCR:SCR-mCherry translational fusions (Figure 1D). To quantitatively assess the different 

protein complexes, we developed a scoring system in which, from the stoichiometry histogram, a 

high score (6) would correspond to a high amount of SHR-SCR binding and a low score (1 or 0) 

would correspond to no SHR-SCR binding (Figure 1E, see Methods). As a negative control, we 

used the binding score for the 1 SHR: 3 SCR complex, as the binding score of this complex is 

not significantly different from 1 and therefore does not exist (binding score = 0.75 ± 0.18, 

p>0.05, Wilcoxon signed-rank test, Supplementary Table 5). We found 4 possible 
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stoichiometries in the QC, namely 1 SHR: 1 SCR, 2 SHR: 1 SCR, 1 SHR: 2 SCR, and 2 SHR: 2 

SCR (Figure 1D,F,  Supplementary Table 5). In addition, we found that after the 1 SHR: 1 SCR 

protein complex, the next most abundant complex is the 1 SHR: 2 SCR complex (Figure 1G, 

Supplementary Table 8). In contrast to the QC, the CEI only has 2 stoichiometries (1 SHR: 1 

SCR and 2 SHR: 1 SCR), with the second most abundant complex being 2 SHR: 1 SCR 

(Supplementary Figure 2, Supplementary Table 6). Both the oligomeric state and stoichiometries 

of the SHR-SCR complex differ between the QC and CEI, suggesting different roles for the 

SHR-SCR complex in the QC and CEI.   

The levels of SHR and SCR protein, and by extension their complex stoichiometries, 

could be affected by their gene expression. Thus, we wanted to address how upstream regulation 

may contribute to SHR and SCR expression dynamics in the QC and CEI. To this end, we 

developed an ordinary differential equation (ODE) model that simulates SHR and SCR 

expression in the QC and CEI. The model, which incorporated the values for the SHR-SCR 

oligomeric state and stoichiometry, assumed that SHR production is constant and SCR is 

activated by the SHR-SCR complex (see Methods, Supplementary Information). To identify the 

most important parameters of the model, we used a global sensitivity analysis (see Methods). 

This analysis indicated that the production rate of SHR and SCR as well as the formation and 

degradation rates of the different SHR-SCR complexes are among the statistically most 

important parameters whose values should be estimated or experimentally determined 

(Supplementary Figure 2, Supplementary Table 7). Thus, to estimate these parameters, we used 

time course transcriptomics from the Arabidopsis root meristem, where gene expression was 

quantified every 8 hours from 4 days (4D) to 6 days (6D) after plating (see Methods, 

Supplementary Table 8). We evaluated our model by comparing the predicted expression of SHR 
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and SCR from the model to the time course expression as well as the complex formation data. 

Based on this comparison, we find that the model accurately predicted the observed SHR-SCR 

stoichiometry we observed (square error = 0.01), but did not fit the time course data (square error 

= 78.21) (Supplementary Table 8, Supplementary Figure 3). 

Since the production terms for SHR and SCR are important for the model prediction, we 

reasoned that incorporating parameters for the upstream regulation of SHR and SCR could 

improve our model fit.  Consequently, we tested different combinations of activators and 

repressors, and found that incorporating an activator for SHR as well as a repressor for both SHR 

and SCR produced the best model fit (see Methods, Supplementary Information). Additionally, 

out of 26 total model parameters, we found that the production terms for the upstream regulators 

are sensitive parameters, suggesting that they are important for the model prediction 

(Supplementary Figure 2, Supplementary Table 7). We found that incorporating the expression 

dynamics of the upstream SHR and SCR regulators greatly improves the model fit to the time 

course data, reducing the error by 92.5% (square error = 5.91) (Figure 1H, Supplementary Table 

9). Further, to produce the best model fit, all of the upstream regulators of SHR and SCR must 

have time-dependent production parameters. In summary, our mathematical modeling indicated 

that both complex stoichiometry and upstream transcriptional regulation are important for 

accurately predicting SHR and SCR dynamics, which prompted us to search for the upstream 

SHR regulators.   

Model prediction identifies putative SHR activators  

As shown in Figure 1, the upstream transcriptional regulation of SHORTROOT (SHR) 

and SCARECROW (SCR) are key parameters in our mathematical model of SHR and SCR 

dynamics. We reasoned that, in addition to predicting the dynamics of SHR and SCR, we could 
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also use our model to identify the temporal dynamics of the upstream regulators that produce the 

best model fit. Thus, we used our model to identify putative candidates for the SHR activator. To 

this end, we obtained a list of 21 transcription factors (TFs) that were either shown to directly 

bind the SHR promoter (through Chromatin Immunoprecipitation (ChIP) or Yeast-1-Hybrid 

(Y1H)), or whose mutant/overexpression lines show a decrease/increase in SHR expression22,26–

28
 (Figure 2A, Supplementary Table 10). To determine if these TFs are responsible for activating 

SHR, we compared the time course data of these TFs to the model prediction (Figure 1H). To 

quantify the goodness of fit between the experimental expression and model prediction, we 

calculated a sign score for each TF, which measures if the experimental data and the model 

prediction vary in the same direction (positive/negative) at each time point. Accordingly, a sign 

score of 1 would correspond to a gene expression change in the same direction as predicted by 

the model (either increasing or decreasing), whereas a sign score of -1 corresponds a gene 

expression change in the opposite direction predicted by the model (see Methods).  As a result, 

we identified 6 genes, STK01, HB13, SEUSS (SEU), bZIP17, ETHYLENE RESPONSIVE 

ELEMENT BINDING FACTOR 4 (ERF4), and AT3G60580, which all had the highest possible 

sign score (sign score = 5) and, thus, represent the good SHR activator candidates (Figure 2B, 

Supplementary Table 10). 

Given that 6 genes were identified as potential SHR activators, we reasoned that SHR 

expression should change in the mutant lines of these genes. We were able to confirm that 3 

(bZIP17, STK01, and SEU) regulate SHR expression (Figure 2A).  Previous results show that 

bzip17 and stk01 mutants have decreased SHR levels22. Additionally, we found that SHR was 

one of the 3263 genes whose expression was significantly lower in the seu-3 mutant (Figure 2C, 

Supplementary Table 11). To test whether mutants of these 3 TFs show a root morphology 
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phenotype, we obtained T-DNA insertional lines and checked if any of them have stem cell niche 

disorganization or aberrant stem cell divisions in the SHR protein expression domain (QC, CEI, 

endodermis or vasculature). Since there were no observable root phenotypes in the mutants of 

STK01 and bZIP17, we discontinued further analyses for these genes (Supplementary Figure 4). 

These results suggest that while these genes may activate SHR, their regulation does not 

contribute to stem cell organization or division, or their function is redundant with other genes. 

In contrast, we found that roots of seu-3 had a disorganized stem cell niche and improperly 

maintained columella stem cells, suggesting that the QC is improperly maintained (Figure 2D, 

Supplementary Figure 5). Additionally, both a shr2 heterozygous mutant and the seu-3 mutant 

show ectopic divisions in the ground tissue, supporting that seu-3 mutants have reduced levels of 

SHR17,28. Therefore, the transcriptional and phenotypic data support our model prediction, which 

identified SEU as a putative SHR activator. 

Although it was shown that SEU directly binds the SHR promoter28, SEU is a known 

transcriptional adapter29 and therefore likely requires a binding partner to transcriptionally 

regulate SHR. To identify potential SEU interactors, we completed a Yeast Two-Hybrid (Y2H) 

screen using SEU as the bait against a TF library generated in22 (Supplementary Table 12). We 

then obtained the time course expression for each of the 21 candidate interactors and compared it 

to the model prediction, since the binding partner should have expression that matches the SHR 

activator. We found that only 2 TFs, SCR and TMO5-LIKE1 (T5L1), had the maximum possible 

sign score (sign score = 5), suggesting that these 2 genes represent the most likely binding 

partners of SEU (Figure 3A,B, Supplementary Tables 13-14). Given that SEU is expressed 

throughout the root (Supplementary Figure 6), we reasoned that the binding partner of SEU 

should be expressed specifically in the vasculature in order to regulate SHR in a cell-type 
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specific manner. Accordingly, T5L1 shows enriched expression in the vasculature (Figure 3C), 

suggesting that T5L1 is a vasculature-specific binding partner of SEU. Finally, we observed 

overall stem cell niche disorganization in the t5l1 mutant (Figure 3D), consistent with the 

hypothesis that T5L1 binds to SEU to regulate SHR expression. 

Transcriptional profiling and model predictions identify additional SHR regulators  

We next focused on identifying putative SHR repressors using the sign score 

measurement. Out of the 25 putative SHR repressors, only NAC13 had the highest possible sign 

score of 5 (Supplementary Table 10, Supplementary Figure 7). Expression of NAC13 is in the 

root vasculature but is enriched in the mature xylem cells compared to the meristematic 

vasculature cells (Supplementary Figure 7). This expression profile is in contrast with SHR, 

which is high in the meristematic vasculature cells and decreases shootwards10, suggesting that 

NAC13 may repress SHR higher up in the root but it is not involved in the meristematic 

regulation of SHR. Thus, to identify additional putative SHR repressors, we searched for genes 

expressed in the xylem initials. We further decided to include genes expressed in other stem 

cells, as proteins expressed in other stem cells could move to the vasculature to regulate SHR. 

Therefore, we performed Fluorescence Activated Cell Sorting (FACS) using a marker line that is 

expressed in all of the stem cell populations, including the vasculature initials (AGL42:GFP30, 

Figure 4A, see Methods). We collected the GFP positive cells as well as the GFP negative cells, 

which constitute the pool of non-stem cells. We then performed RNA-seq and identified 125 TFs 

significantly enriched in the stem cells compared to the non-stem cells and calculated their sign 

score (Supplementary Table 14, see Methods). Only one, WUSCHEL-RELATED HOMEOBOX 

5 (WOX5), had the highest possible sign score of 5 (Figure 4B, Supplementary Table 14), 

suggesting that WOX5 is a putative repressor of SHR. 



   

71 

 

WOX5 mRNA is not normally expressed in the vasculature31, therefore we asked if 

WOX5 protein localization in the vascular initials6 (Supplementary Figure 8) is due to WOX5 

movement from the QC. To this end, we performed Pair Correlation Function (pCF) analysis on 

the WOX5:WOX5-GFP6 translational fusion and compared its movement to a protein that is able 

to move (35S:GFP) and a protein that is not able to move (TMO5:3xGFP) from the QC to the 

vascular initials23 (see Methods). We found that the WOX5 protein moves from the QC to the 

vascular initials with a movement index (MI) of 0.75 ± 0.06, which is significantly higher than 

the movement index of our non-mobile control protein (TMO5:3xGFP, MI= 0.27 ± 0.07) (Figure 

4C, Supplementary Table 15). These data are consistent with WOX5 movement from the QC to 

the vascular initials where it may regulate SHR. To test if WOX5 is a putative regulator of SHR, 

we performed RNA-seq on a wox5-1 mutant line and found that SHR is one of the 3302 genes 

that had higher expression when compared to wild type, suggesting that WOX5 represses SHR. 

(Figure 4D, Supplementary Table 16). To provide further evidence that high levels of WOX5 

correlate with low levels of SHR, we treated roots with NPA for 2 days (2D), as this treatment 

results in significantly more roots that have high levels of WOX5 in the CEI, but no observable 

stem cell niche defects (CTCF/area >= 1 in 52.63% of roots after 2D treatment versus 20.00% of 

control roots) (Figure 4E, Supplementary Table 17). Moreover, we used CYCLIN D6 (CYCD6) 

as a proxy to quantify SHR expression in the CEI, as CYCD6 is directly regulated by the SHR-

SCR complex and is a marker for periclinal CEI division15,16. We found that NPA treatment 

causes significantly fewer roots to express high levels of CYCD6 (30.00% of roots after 2D 

treatment versus 85.71% of control roots) (Figure 4E, Supplementary Table 18)), suggesting that 

high WOX5 levels in the CEI leads to lower levels of SHR and therefore its downstream target 

CYCD6. Together, our results suggest that WOX5 represses SHR in the vascular initials.   
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Mathematical model predicts that stoichiometry of the SHR-SCR complex and upstream 

transcriptional regulation of SHR modulate stem cell division 

We have shown that the stoichiometry of the SHORTROOT (SHR)-SCARECROW 

(SCR) complex, as well as the upstream transcriptional regulation of SHR, are the 

experimentally determined parameters that produce the most accurate mathematical model of the 

dynamics of SHR and SCR expression in the Quiescent Center (QC) and Cortex Endodermis 

Initials (CEI) (Figure 1). We reasoned that the incorporation of SEUSS (SEU) and WUSCHEL 

RELATED HOMEOBOX 5 (WOX5) as upstream SHR regulators should improve the model fit 

and accordingly found that the model error is 89.3% less than the model with no upstream 

regulation. (Supplementary Table 19, Supplementary Figure 9). We next used our model to 

understand whether changes in either SHR-SCR stoichiometry and/or the upstream regulation of 

SHR can quantitatively affect QC and CEI division. First, to test if changes in SHR-SCR 

stoichiometry affect QC and CEI division we used our model to predict how the levels of the 

different SHR-SCR stoichiometries change over time.  Our model predicts that, in the CEI, both 

the 1 SHR: 1 SCR and 2 SHR: 1 SCR stoichiometries reach their maximum value between 4 

days 8 hours (4D 8H) and 4 days 16 hours (4D 16H) after plating. After 4D 16H, a decrease in 

the expression of SHR and SCR correlates with a decrease in both of the SHR-SCR 

stoichiometries (Figure 5A, Supplemental Figure 9). Based on previous results showing that high 

levels of the SHR-SCR complex trigger periclinal CEI division, and one of the CEI periclinal 

divisions occurs roughly around 5 days (5D), we hypothesized that high levels of the SHR-SCR 

complex induce periclinal CEI division between 4D 16H and 5D. To test this hypothesis, we 

observed the expression of the CYCD6 marker (pCYCD6::GUS-GFP), which is expressed 

immediately preceding periclinal CEI division15, in 5D old roots. We found that 77.8% of roots 
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show pCYCD6::GUS-GFP expression, suggesting that most of the CEI cells are undergoing 

periclinal division at 5D (Figure 5B, Supplementary Table 20). Thus, our model prediction and 

experimental data prompted us to incorporate a division of the CEI at 5D into our model (see 

Methods). By doing so, our model predicts that, after this CEI division, all stoichiometries of the 

SHR-SCR complex return to their highest levels by 5 days 8 hours (5D 8H). However, after this 

time, our model predicts that both stoichiometries of the SHR-SCR complex decline. Between 5 

days 16 hours (5D 16H) and 6 days (6D), the total SHR-SCR complex level in the CEI is 

predicted to be 1.5- to 2-fold lower than between 4D 16H and 5D, when the CEI divides (Figure 

5A). Therefore, we hypothesized that the relatively low levels of the SHR-SCR complex could 

correlate to fewer periclinal CEI divisions. To test this, we observed pCYCD6:GUS-GFP at 6D 

and found that only 18.2% of roots expressed the CYCD6 marker compared to 77.78% of the 

roots at 5D (Figure 5B, Supplementary Table 20).  Altogether, our model and experimental data 

suggest that the relative levels of the SHR-SCR stoichiometries correlate with CEI division. 

Given that QC cells are relatively mitotically inactive and divide at a lower rate than the 

CEI21, we next used our predictive model to determine if changes in SHR-SCR stoichiometric 

complexes could correlate with fewer QC divisions. Similar to the CEI, the model predicts that 

levels of all of the stoichiometries of the SHR-SCR complex in the QC also reach their highest 

value around 4D 16H and decrease afterward as levels of SHR and SCR decrease (Figure 5C), 

suggesting that, unlike in the CEI, the high SHR-SCR levels in the QC do not correlate with QC 

division. To test this model prediction, we examined twenty-five 5D roots and found that none 

(0%) have QC divisions (Figure 5D, Supplementary Table 21). We thus incorporated these 

results into our model by assuming that the QC does not divide at 5D (see Methods). Similar to 

the CEI, we observed that all of the different SHR-SCR stoichiometries reach their highest value 
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around 5D 8H in the QC and decrease afterwards as SHR and SCR expression levels decrease 

(Figure 5C). Since the model predicts that levels of the 1 SHR:1 SCR and 1 SHR:2 SCR 

stoichiometries in the QC are predicted to be 2-fold lower at 6D compared to 5D, and levels of 

the 2 SHR:1 SCR and 2 SHR:2 SCR complexes reach their minimum value of zero at 6D (Figure 

5C), we reasoned that this minimum value of the SHR-SCR complex levels in the QC at 6D may 

promote QC divisions. To test this hypothesis, we measured the expression of SHR and SCR 

proteins in brassinolide (BL)-treated plants as it has been shown that BL-treated roots have 

increased QC divisions32. We used Corrected Total Cell Fluorescence (CTCF; see Methods) to 

quantify changes in levels of the SHR:SHR-GFP and SCR:SCR-GFP translational reporters in 

BL-treated plants. As expected, we found that the levels of SHR and SCR proteins are 

significantly reduced in BL-treated plants at 5D (Figures 5D-E, Supplementary Tables 23-24). In 

addition, the reduction of SHR and SCR in BL-treated plants corresponds to more QC divisions, 

as 26.9% of 5D and 67.9% of 6D BL-treated roots show QC divisions (Figures 4D,F, 

Supplementary Table 20). Given that the model further predicts a reduction in SHR-SCR 

complex accumulation corresponds to changes in SHR-SCR stoichiometry, we performed Cross 

Number and Brightness (Cross N&B) on SHR and SCR in BL-treated roots to determine whether 

the relative levels of the different SHR-SCR complexes change in the more mitotically active 

QC. As the model predicts, both the 2 SHR:1 SCR and 2 SHR: 2 SCR complex no longer form 

in the QC of BL treated plants (Figure 5G-H, Supplementary Table 24). Additionally, as 

predicted in the model, the 1 SHR: 2 SCR complex is present in the QC of BL-treated plants, but 

at approximately 2-fold lower levels (3.78% in BL-treated plants versus 8.37% in WT) (Figure 

5H, Supplementary Table 24). Thus, while the SHR-SCR complex promotes periclinal division 
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in the CEI, it seems that the same complex represses division in the QC, and that the repression 

of QC divisions depends on the proportions of the different SHR-SCR complex stoichiometries.  

Finally, we used our model to assess how changes in the upstream regulators of SHR 

could affect SHR dynamics as this would affect QC and CEI division. We first modeled how 

SHR expression changes when we individually remove SEU or WOX5 production. The model 

predicts that roots with no SEU production should have lower SHR expression, while roots with 

no WOX5 production should have more SHR expression (Figure 6A). This prediction is in 

agreement with our biological data, which show lower SHR expression in seu-3 mutants and 

higher SHR expression in wox5-1 mutants (Figure 2C, Figure 4D). We next used the model to 

predict what happens to SHR expression when both SEU and WOX5 are removed. Our model 

predicts that SHR expression is increased when there is no production of both SEU and WOX5 

to the same extent as when there is no production of only WOX5, suggesting that SHR 

expression in seu-3 wox5-1 double mutants should be the same as in wox5-1 single mutants. 

(Figure 6A). To test this prediction and determine how changes in SEU and WOX5 affect cell 

division, we again used the CYCD6 marker as a proxy for SHR expression and CEI division. At 

5D, we found that wox5-1 mutants have more roots with high CYCD6 expression compared to 

wild type plants (63.16% of wox5-1 mutant roots compared to 13.33% of wild type roots) 

(Figure 6B, Supplementary Table 25), which supports our model prediction. Meanwhile, while 

seu-3 wox5-1 double mutants also have a higher percentage of roots with high CYCD6 

expression compared to wild type (41.18% of seu-3 wox5-1 roots), this proportion of roots with 

high expression is not statistically different from the wox5-1 single mutant roots (Figure 6B, 

Supplementary Table 25), also supporting the model prediction. Overall, these results suggest 
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that the repressive activity of WOX5 has a greater effect on SHR expression than the activation 

of SEU. 
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Discussion 

SHR and SCR have previously been shown to be key regulators of CEI division, but their 

role in the mitotically inactive QC was less well understood. By combining mathematical 

modeling and experimental data, we show how both transcriptional regulation of SHORTROOT 

(SHR) and its protein complex formation with SCARECROW (SCR) correlate with differences 

in Cortex Endodermis Initials (CEI) and Quiescent Center (QC) division. Our model predicted 

that high levels of the SHR and SCR complex promote CEI but repress QC divisions (Figure 

6C). Thus, this cycle of modeling and experimental data led us to identify SHR and SCR as key 

regulators of not only CEI but also QC division. 

Sensitivity analysis on our mathematical model identified a number of parameters that 

were important for predicting SHR and SCR expression dynamics in the CEI and QC, 

specifically the production and degradation rates of the different oligomeric states and protein 

complex stoichiometries. Other examples of proteins that form higher oligomers are Arabidopsis 

ethylene receptors, which use disulfide bonds to form higher oligomeric states. Disrupting these 

disulfide bonds greatly affects the receptors’ ability to bind ethylene25. In another case, the 

receptors CLAVATA 1 (CLV1) and ARABIDOPSIS CRINKLY 4 (ACR4) form homo- and 

heterodimeric complexes depending on if they are localized to plasmodesmata9. We have 

previously shown that the formation of SHR homodimers in the endodermis depends on the 

presence of SCR23. Future work could investigate if the binding of SCR to SHR causes a 

conformational change in SHR that allows it to form a homodimer, contributing to cell-type 

specific functions. 

In addition to using our model to identify important factors in regulating CEI and QC 

division, we were also able to predict the timing of these divisions. Our model predicts that the 
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one of the periclinal CEI divisions occurs at 5D. Our data also show that CEI periclinal divisions 

occur at 4D (Supplementary Table 20), supporting that these divisions normally occur at least 

once every 24 hours. However, significantly fewer periclinal CEI divisions at 6 days corresponds 

to a low level of SHR-SCR complex and CYCD6 expression (Figure 5), suggesting that the 

normal timing of periclinal CEI division is disrupted around 6D. We were also able to use our 

model to show that low levels of SHR and SCR correlate with QC division (Figure 5). While 

previous work has shown that SCR has a role in QC identity33, this is a new insight on how these 

two genes may regulate QC division. In addition, previous work has shown that the QC cells 

divide at roughly half the rate of the CEI21. Therefore, given its slower division rate, we can only 

speculate that the QC takes longer to divide, perhaps dividing at up to 7 days old. While we have 

a clear marker of CEI division (CYCD6), we currently do not have a similar marker for the QC. 

Moreover, previous work has shown that brassinolide (BL) treated plants have excessive QC 

divisions that correlate with a lower level of the cell cycle inhibitor ICK234. Given our results 

showing that BL-treated plants also have lower SHR and SCR levels (Figure 5), it would be 

important but beyond the scope of this work to investigate whether SHR and SCR regulate ICK2 

to inhibit division of the QC. Additional work could be done to study the role of CYCLIN D 3;3 

(CYCD3;3), which is normally expressed outside of the QC but is expressed in the QC in a 

wox5-1 mutant35. We propose that WOX5 represses SHR and SCR, so it is possible that the 

increase in CYCD3;3 in wox5-1 mutants could be due to an increase in SHR and SCR levels. 

Finally, mutants in CELL CYCLE SWITCH 52 A2 (CCS52A2) have excessive QC divisions 

and a disorganized stem cell niche36,37, so SHR and SCR could additionally activate CCS52A2 to 

prevent QC division. Thus, future work could identify whether SHR and SCR regulate ICK2, 

CYCD3;3, CCS52A2, or other cell cycle genes in the QC to control its division.  
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In addition to using our mathematical model to predict SHR and SCR dynamics, we were 

able to leverage the model to identify two putative SHR regulators, namely SEUSS (SEU) and 

WUSCHEL-RELATED HOMEOBOX 5 (WOX5). SEU, with its binding partner TMO5-LIKE 1 

(T5L1), transcriptionally activates SHR in the vasculature. Additionally, WOX5 protein moves 

from the QC into the vascular initials to repress SHR. (Figure 6C). We believe that our model 

prediction can be further used to identify additional upstream SHR and SCR regulators. For the 

SHR activator, we used a set of transcription factors that have been shown to affect SHR 

expression. As more transcription factors are identified as potential SHR regulators, we can use 

our model prediction and sign score analysis to test if these putative SHR regulators should be 

kept in consideration. For the SHR repressor, we used a transcriptomic profile of the stem cells 

to identify additional candidate genes. Given SHR’s specific expression in the vasculature, it 

would be interesting to perform the same analysis with the vascular initials. In addition, SHR is 

expressed in a gradient, with its highest expression at the tip of the root10. Thus, potential 

regulators of SHR may be expressed in the same gradient as SHR, and datasets measuring gene 

expression gradients in the root could be used to identify additional putative SHR regulators38. 

Similar techniques could be used to identify upstream SCR regulators, increasing our 

understanding of how this regulatory network controls CEI and QC divisions. 

In conclusion, we used an innovative approach of iterating mathematical modeling with 

experimental methods to show the differing roles of SHR and SCR in the QC and CEI. Further, 

our approach allowed us to identify TFs important for regulating SHR and SCR and show how 

the temporal dynamics of these TFs are important for the timing of QC and CEI divisions (Figure 

6C). While we anticipate that other factors are needed to regulate stem cell division in the 
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Arabidopsis root, our work provides new insights into how SHR and SCR are involved in this 

process. 
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Methods 

Plant lines used in this study 

The wox5-1, seu-3, stk01, bzip17, and t5l1 mutants are previously described in22,31,39,40. 

The 35S:GFP; UBQ10:mCherry; SHR:SHR-GFP; SCR:SCR-GFP; SHR:SHR-GFP, 

SCR:SCR:mCherry; and TMO5:3xGFP  lines are described in23. The WOX5:WOX5-GFP line is 

described in6, the pCYCD6:GUS-GFP line is described in15, and the SEU:SEU-GFP line is 

described in41. 

Growth conditions 

Seeds used for confocal microscopy were surface sterilized using fumes produced by a 

solution of 50% bleach and 1M hydrochloric acid (HCl), stratified, and imbibed for 2 days at 

4°C. After 2 days, the imbibed seeds were plated and grown vertically at 22°C in long-day 

conditions (16-hrs light/ 8-hrs dark) on 1X Murashige and Skoog (MS) medium supplemented 

with sucrose (1% total). All plant roots were imaged at 5 days after germination unless otherwise 

noted. For the brassinolide (BL) treated plants, Columbia-0 (Col-0), pSHR:SHR:GFP, and 

pSCR:SCR:GFP seeds were prepared as described above but were plated on ½ MS medium 

plates with no sucrose and 4 nM Brassinolide. For NPA treatment experiments, seeds were 

sterilized, vernalized, and plated as described above. Three day old seedlings were transferred to 

plates containing 1X MS/1% sucrose supplemented with 1uM N-1-naphthylphthalamic acid 

(NPA) for 48 hours and imaged at 5D. For RNAseq experiments, seeds were wet sterilized using 

50% bleach, 100% ethanol, and water. Seeds were stratified and imbibed for 2 days at 4C. After 

2 days, the imbibed seeds were plated on Nitex mesh squares on top of 1X MS medium with 1% 

sucrose. Seeds were plated and grown vertically at 22°C in long-day conditions as described 

above. 
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Time course expression of the root meristem 

Time course expression of the root meristem was obtained by collecting GFP-negative 

cells from PET111:GFP42 lines every 8 hours from 4 days to 6 days. Between 100-150mg of 

seed were wet sterilized and plated (see Growth conditions) for each biological replicate. After 

growth, approximately 1mm of the root tip was collected and protoplasted as described in43. GFP 

negative cells were collected in a solution of beta-mercaptoethanol and RLT buffer using a 

MoFlo cell sorter. Two to three biological replicates were collected for each time point. RNA 

was extracted using the Qiagen RNEasy Micro kit. Libraries were prepared using the TruSeq 

RNA Library Prep Kit v2 from Illumina and sequenced on an Illumina HiSeq 2500 with 100 bp 

single end reads. Reads were filtered using ea-utils (https://expressionanalysis.github.io/ea-utils/) 

and mapped using the Tuxedo pipeline44. FPKMs were acquired using Cufflinks44. Raw reads 

and FPKMs are available from Gene Expression Omnibus (GEO: 

https://www.ncbi.nlm.nih.gov/geo/), accession #GSE104945. 

RNAseq on mutant lines 

For the wox5-1 and seu-3 RNAseq experiments, root tips were dissected at approximately 

5mm from the root tip. RNA was extracted using the RNeasy Micro Kit (Qiagen). cDNA 

synthesis and amplification was performed using the NEBNext Ultra II RNA Library Prep Kit 

for Illumina. Libraries were sequenced on an Illumina HiSeq 2500 with 100 bp single end reads. 

Reads were filtered and mapped as described in the previous section. Differential expression was 

calculated using CuffDiff44 with a cutoff of q<0.05 and fold change >2. Raw reads and FPKMs 

are available from GEO. 

 

 

https://expressionanalysis.github.io/ea-utils/
https://www.ncbi.nlm.nih.gov/geo/
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Transcriptomic profile of stem and non-stem cells 

Between 300-500mg of AGL42:GFP30 seed were wet sterilized and plated (see Growth 

conditions) for each biological replicate. After growth, approximately 1mm of the root tip was 

collected and protoplasted as described in43. GFP positive and negative cells were collected in 

two separate vials containing a solution of beta-mercaptoethanol and RLT buffer using a MoFlo 

cell sorter. Four biological replicates were collected each for GFP positive and GFP negative 

cells. RNA was extracted using the Qiagen RNEasy Micro kit. Libraries were prepared using the 

SMART-Seq v4 Ultra Low RNA Input Kit for Sequencing and the Low Input Library Prep Kit 

v2 from Clontech. Libraries were sequenced on an Illumina HiSeq 2500 with 100 bp single end 

reads. Reads were filtered using ea-utils and mapped using RSubread45. FPKMs were acquired 

using Cufflinks44. Differential expression analysis was performed using PoissonSeq46 with a 

cutoff of q<0.06 and fold change > 2. Raw reads and FPKMs are available from GEO. 

Transcription Factor Yeast Two-Hybrid Assay 

Yeast Two-Hybrid assay was performed as described for the Yeast One-Hybrid assay in47 

with the following modifications: the SEU ORF was cloned into pGBKT7 (Clontech) and 

transformed into yeast strain AH109. SEU AH109 (bait) and AH109 empty vector were mated to 

the TF library described in22 (Supplementary Table 12) and selected on SD-LeuUra. Four 

independent successful matings were replica-plated to quadruple dropout SD-LeuUraHisAde 

with and without 100 µg/mL 3-amino-1,2,4-triazol (3AT) and scored for colony growth over a 

period of four days. Positive interactions were scored as those matings with colony growth on 

SEU but not empty vector control plates. 

 

 



   

84 

 

Confocal microscopy 

Confocal microscopy was completed using a Zeiss LSM 710. Both 488nm and 570nm 

lasers were used for green and red channel acquisition, respectively. A solution of 10uM 

propidium iodide was used to stain cell walls for visualization. PS-PI staining to visualize starch 

granules was performed as described in48. For the N&B acquisition, 12-bit raster scans of a 

256x256 pixel region of interest were acquired with a pixel size of 100nm and a pixel dwell time 

of 12.61us as described in49. Heptane glue was used during N&B acquisition to prevent 

movement of the sample as described in49,50. 

Corrected Total Cell Fluorescence (CTCF) Measurements 

Corrected Total Cell Fluorescence (CTCF) was calculated to determine the intensity of 

cells expressing a fluorescently tagged protein. To complete these measurements, the confocal 

settings (gain, digital offset, laser percentage) were left constant for the entirety of the 

experiment. Imaging software (ImageJ) was used to measure the CTCF, which is defined as 

(Integrated density of GFP)/(Area of selected cells * Mean fluorescence of background) where 

background is a region of the root with no GFP51. The CTCF was divided by the area of the cells 

(CTCF/area) before performing statistics to account for different numbers of cells selected in 

each image. When measuring the CTCF for plants expressing pCYCD6:GUS:GFP, only CEI and 

CEI daughter cells were used for analysis.  When calculating the CTCF for roots expressing 

WOX5:GFP and pCYCD6:GUS:GFP, there was a wide range in the measured CTCFs. Thus, to 

compare the samples, CTCF values were separated into two groups, “low” values (CTCF/area < 

1) and “high” values (CTCF/area >= 1). The distributions of CTCF values between the samples 

were then compared using the Fisher’s Exact Test. When comparing pCYCD6:GUS:GFP 

expression in seu-3 and wox5-1 mutants, three groups were used, “low” (CTCF/area < 1), 
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“medium” (1 <= CTCF/area < 5) and “high” (CTCF/area>5), and the comparison was performed 

using the Chi-Squared Test with Likelihood Ratio. 

Number and Brightness (N&B) analysis 

Analysis of the raster scans acquired for N&B was performed using the SimFCS 

software49,52 (https://www.lfd.uci.edu/globals/). The 35S:GFP and UBQ10:mCherry lines were 

used to calibrate software parameters. Imaging an area of the root that contains only the QC or 

CEI required us to use a 64x64 or 128x128 region of interest to eliminate the surrounding cells. 

Using a smaller area of the image decreases the amount of signal and can result in a poor 

autocorrelation fit. Thus, the number of bits imaged was increased from 8 bits to 12 bits to 

improve the signal to noise ratio in our images. The S-factor for GFP (2.85) and for mCherry 

(0.86) were calculated first to normalize the autofluorescence/background region of the images 

(Supplementary Figure 10, Supplementary Tables 27-28).  After the S-factor was set, the 

monomer brightness of GFP (0.32) and mCherry (0.26) were measured and found to be similar 

to what was previously measured in the Arabidopsis root23 (Supplementary Figure 10, 

Supplementary Tables 29-30).To determine the possible stoichiometries of the SHR-SCR 

complex, a binding score was determined based on the colors of the stoichiometry histogram 

(Figure 1E) where 6 corresponds to the highest amount of binding and 0 corresponds to no 

binding. For statistical analysis, all of the possible stoichiometries were compared to a 

stoichiometry that was undetectable (<1% of that stoichiometry measured by software). 

Statistical analysis 

All statistical analysis was performed using JMP software (https://www.jmp.com/). 

Fisher’s Exact Test was used to determine if there was a significant difference in the distribution 

of CTCF values of WOX5:GFP and pCYCD6:GUS:GFP expression in NPA treated plants. The 

https://www.lfd.uci.edu/globals/
https://www.jmp.com/en_us/home.html


   

86 

 

Chi-Squared test with Likelihood ration was used to determine if there was a significant 

difference in the distribution of CTCF values of pCYCD6:GUS:GFP expression in seu-3 and 

wox5-1 mutants. For the remainder of the experiments, a Shapiro-Wilk Goodness of Fit test was 

used to determine normality of the data, and at least one sample in each experiment had a p<0.05 

for this test, suggesting that not all of the data met normality assumptions. Therefore, the 

nonparametric equivalents of statistical tests (Wilcoxon test for 2 groups and Wilcoxon test with 

Steel-Dwass for greater than 2 groups) were used for all remaining statistical comparisons. Two-

tailed comparisons were used, and p<0.05 was used for significance for all tests. The statistical 

test used for each experiment is reported in the figure legends. Exact sample sizes are reported in 

the figure legends and supplementary information. Exact p-values are reported in the 

supplementary information.  

Mathematical model formulation and simulation 

A system of 21 ordinary differential equations (ODEs) was developed to model the 

dynamics of SHR and SCR in the CEI and QC (see Supplementary Information for equations). 

Transcriptional regulation is assumed to happen on a fast time scale such that transcriptional and 

protein dynamics can be modeled in the same equation. Transcriptional regulation is modeled 

using Hill equation dynamics, and SHR-SCR complex formation is modeled using mass-action 

kinetics. SHR diffusion is modeled using a linear term for active transport. All proteins are 

assumed to have a linear degradation term. All 4 stoichiometries of the SHR-SCR complex are 

assumed to activate SCR13,23, and it is also assumed that SCR can activate itself13,19. 

The second version of the model incorporates a Hill equation modeling the regulation of 

SHR by its activator and repressor. It is assumed that the regulation operates in an “OR” gate 

such that if the activator and repressor both bind the SHR promoter, the activator overcomes the 
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repressor. This is based on results that show that SHR activator mutants have root phenotypes 

while SHR repressor mutants do not, suggesting that the activator is stronger than the repressor22. 

Another Hill equation models the regulation of SCR by a repressor and the SHR-SCR complex. 

Finally, the production terms for the SHR activator, SHR repressor, and SCR repressor are 

assumed to be time-dependent as this produces the best model fit to the experimental data. 

MATLAB code containing the ODE model is included in Supplementary Information. 

Given the experimental results that the CEI divides at 5D, but the QC does not divide at 

5D (Figure 5), the model was simulated for 4D-5D and 5D-6D separately. Accordingly, 

parameter values were estimated for the two simulations separately (see Parameter estimation 

and Supplementary Table 10). To simulate division of the CEI, model values for all of the 

proteins present in the CEI at 5D were divided by 2. These halved values were then used as the 

initial values for 5D-6D. It was also assumed that the vasculature divides at 5D, so the same 

process was repeated for proteins in the vasculature. Since the QC does not divide, protein values 

in the QC at 5D were used as the initial values for 5D-6D. The model simulations from 4D-5D 

and 5D-6D were then combined to form the final simulations seen in Figures 1 and 5. MATLAB 

code used to run these simulations is included in Supplementary Information. 

Sensitivity analysis of mathematical model 

Sensitivity analysis was performed on a version of the model that does not incorporate 

the QC as the equations for all of the proteins in the CEI and QC are the same: therefore, the 

sensitivity index of the parameters will be the same in both cell types. The total Sobol effect 

index23,53,54 was calculated for each parameter value. Parameter values were randomly sampled 

using Monte Carlo sampling to obtain 150 different values for each parameter (Supplementary 

Table 10). This process was repeated for 10 technical replicates. The sample number was chosen 
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as 150 as this makes the runtime of the sensitivity analysis approximately 2 hours per technical 

replicate on an Intel i7-4800MQ 2.70 GHz CPU with 8GB RAM. MATLAB code for calculating 

the total Sobol index is included in Supplementary Information. The sensitivity of each variable 

to each parameter was normalized to [0,1] and then averaged to calculate the final sensitivity 

indices. The sensitive parameters were chosen as the parameters that have significantly higher 

Sobol indices than the least sensitive parameter (K1D) using the Wilcoxon test with Steel-Dwass 

for multiple comparisons with a significance cutoff of p<0.05. 

Parameter estimation 

The 17 sensitive parameters (Supplementary Figure 2) were estimated from experimental 

data using simulated annealing55. The remaining insensitive parameters were set to constant 

values provided in Supplementary Table 10. Parameter estimation was performed on the full 

model that incorporates both the endodermis and QC, as it is likely that the parameter values will 

vary across different cell types. This caused an increase in the number of parameters estimated 

from 17 to 27: however, some parameters were eliminated from estimation. The parameters 

involved in SCR dimer formation in the endodermis were set to 0 as the SCR dimer does not 

form in the endodermis3.  Additionally, the diffusion coefficients of SHR (ae, aq) were not 

estimated as they were experimentally determined from RICS experiments in23. Finally, the 

production rates k9, k10, k11e, and k11q were not estimated by simulated annealing as they were 

time-dependent parameters that needed to be manually estimated.  This resulted in a total number 

of 21 parameters estimated using simulated annealing (Supplementary Table 8).  

Some of the parameters and initial conditions were derived from the time course 

expression data. The initial values for Sv (SHR monomer in vasculature), Ce (SCR monomer in 

CEI), and Cq (SCR monomer in QC) were determined using the FPKM values for SHR and SCR 
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at 4D. Since SCR is expressed in both the CEI and QC, the FPKM value needed to be split 

between the two cells. To accomplish this, expression of SCR was obtained from a dataset of 

Arabidopsis root tissues56. It was determined that 41.91% of SCR is expressed in the QC, while 

the remaining 58.09% is expressed in the CEI and endodermis (Supplementary Table 30). In 

addition, the results from the N&B analysis (Figure 1) were used to set the initial value of C2q 

(SCR dimer in the QC). Once SEU and WOX5 were incorporated into the model, their FPKM 

values at 4D were used for the initial conditions for X (SHR activator) and Y (SHR repressor), 

respectively (Supplementary Table 19). For the production rate of SHR dimer in the CEI and QC 

(k2e and k2q, respectively), the FPKM values of SCR were used to determine the value for C0, 

which is the concentration of SCR at which SHR dimer begins to form. It was assumed that the 

concentration of SCR required for SHR dimer formation is the same in both the CEI and QC. 

The value of SCR at 4D 16H (FPKM of 10.04) was taken as the steady state value because after 

this time SCR levels begin to decrease. This value is then divided by 2 based on the assumption 

that C0, should be the same value in the CEI and QC (FPKM of 5.02 in each cell). Finally, this 

value is multiplied by 0.6 as previous results show that SHR dimer can form when SCR is at 

least 60% of its steady state levels3, resulting in the value C0=3.  The steepness of the function, s, 

was chosen such that the production of SHR dimer reaches its maximum value as soon as SCR 

levels exceed C0 (as detailed in23). Thus, estimating k2e and k2q boils down to estimating Le and 

Lq, which are the maximum values for k2e and k2q in the CEI and QC, respectively.  

The residual function to calculate the model error uses FPKM values for SHR and SCR 

from replicate 1 of the time course as well as the proportions of SHR dimer, SCR dimer, and all 

4 SHR-SCR stoichiometries at 5D from the N&B data (see Supplementary Information for the 

residual function). Latin hypercube sampling was used to sample the parameter space (defined in 
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Supplementary Table 8) for a total of 60 sets of initial parameter estimates. Each set of initial 

estimates was fit to the residual function using simulated annealing (simulannealbnd function in 

MATLAB) for 1 minute (total runtime=1 hour for 60 sets of initial estimates). The parameter set 

with the lowest residual function value (lowest error) was used for all of the model simulations 

and is reported in Supplementary Table 8. Parameter estimation was performed separately for 

4D-5D and 5D-6D to incorporate any effects of CEI division at 5D. MATLAB code used to 

perform parameter estimation is included in Supplementary Information. 

The production terms for the SHR activator, SHR repressor, and SCR repressor (k9, k10, 

and k11e and k11q respectively) were not estimated using simulated annealing. Since these 

parameters are time dependent, they were manually adjusted to produce the best model fit. 

Importantly, the parameters determined using simulated annealing were not changed: only these 

time-varying production terms were adjusted. The best values for these parameters and the model 

error are reported in Supplementary Table 9. Once SEU and WOX5 were identified as the SHR 

activator and repressor, k9 and k10 were adjusted again such that the model prediction best 

matched the data for these genes. The updated values for k9 and k10 in the SEU-WOX5 model are 

reported in Supplementary Table 19. 

Sign score calculation 

The sign score was used to compare the time course expression of candidate genes with 

the mathematical model prediction. The time course expression for the predicted SHR activators 

and repressors was obtained from the RNAseq time course of the root meristem. Replicate 1 was 

used for all of the candidate genes as only this replicate shows coexpression of SHR and SCR 

over time, which is supported by experimental evidence that SHR and SCR activate SCR 

expression13. The sign score of the gene candidates compared to the model prediction was then 
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calculated. The sign score is defined as the change in the model prediction between two time 

points (+1 for positive change, 0 for zero change, and -1 for negative change) times the change in 

the gene time course expression between the same two time points. Thus, the genes with a 

temporal pattern that is exactly the same as the model prediction will have the maximum 

possible sign score of 5.   
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Figures 

 

Figure 1: A mathematical model of SHR and SCR incorporates SHR-SCR oligomeric state 

and stoichiometry in the QC. (A,B) Confocal image with 128x128 region of interest (gray box) 

(left), brightness vs intensity graph (middle), and false colored brightness image (right) of GFP 

(A) and mCherry (B) channels from a SHR:SHR-GFP/SCR:SCR-mCherry line. Gray is 

autofluorescence/background, blue is monomer, and green is homodimer.  
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Figure 1 (Continued) (C) Quantification of oligomeric states of SHR:SHR-GFP (n=15) and 

SCR:SCR-mCherry (n=14) in the QC. Blue is monomer, green is homodimer. (D) Merged GFP 

and mCherry channels (left) and false colored brightness images (middle, right) of SHR:SHR-

GFP/SCR:SCR-mCherry. The middle panel labels 1 SHR: 1 SCR (red) and 2 SHR: 1 SCR (light 

blue). The right panel labels 1 SHR: 2 SCR (green) and 2 SHR: 2 SCR (dark blue). (E) 

Stoichiometry histogram of image as in (d). Black numbers represent the regions of different 

binding scores (6 = highest binding, 0 = no binding). (F) Binding scores of SHR/SCR complexes 

using double-tagged SHR:SHR-GFP/SCR:SCR-mCherry line (n=12). Solid dots represent 

outliers. 1 SHR: 3 SCR complex is used as a negative control. **: p < 0.05, *: p < 0.1, Steel-

Dwass with 1 SHR: 3 SCR as a control. (G) Quantification of SHR/SCR complex 

stoichiometries in the QC (SHR:SHR-GFP/SCR:SCR-mCherry, n=12). Note the break in the 

graph from 0.2 to 0.7. (H) Model simulation of SHR protein expression in vasculature (orange) 

and SCR protein in endodermis and QC cells (blue) with estimated parameters from N&B data. 

Expression of SHR and SCR protein in the model as estimated from FPKM values in the root 

time course profiling experiment. Solid line is model simulation, daggers are FPKM values from 

the root time course profiling experiment. 
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Figure 2: Model prediction identifies putative SHR activators. (A) Putative activators of 

SHR. Black solid boxes indicates the 6 genes whose expression return to the maximum possible 

sign score of 5 (black borders). Dashed lines indicates the three out of the 6 genes showing low 

SHR levels in their mutant lines. Blue box indicating one of the 6 genes, SEU, showing a root 

stem cell disorganization as seen in (D). (B) Black, dashed line indicates the normalized FPKM 

value of a SHR activator as predicted by the model using the time course dataset. 6 colored lines 

represent the normalized FPKM value of the 6 genes that have the maximum possible sign score 

of 5 based on the time course. (C ) SHR expression in seu-3 mutant (using average FPKM value 

from RNA-seq of 3 independent samples). * denotes q < 0.05 and fold change > 2 vs Col-0 

(Cuffdiff). Error bars represent 95% confidence intervals returned by Cuffdiff. (D) Confocal 

image show wild-type root stem cell niche (left), seu-3 mutant root with disorganized stem cell 

niche (right). * denotes QC cells in wild-type (Col-0) root. Scale bar = 20 um.   
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Figure 3: T5L1 is a vasculature-specific putative binding partner of SEU (A) Representation 

of the 22 proteins identified as binding partners of SEU in Y2H analysis. Black solid boxes 

indicate two genes with the highest possible sign score of 5. Orange solid box highlights T5L1, 

which showed specific expression in the vasculature. (B) Black, dashed line indicates the 

normalized FPKM value of a SHR interactor as predicted by the model using the time course 

dataset. Two colored lines represent the normalized FPKM value of the two genes that have the 

maximum possible sign score of 5 based on the time course.  (C) Bar graph showing the 

expression of the two best SEU binding partner candidates in Cortex-Endodermis Initials (CEI, 

blue), Xylem Initials (Xyl, orange), and Quiescent Center (QC, yellow). (D) Confocal images 

showing the wild-type root stem cell niche (left), t5l1 mutant root with disorganized stem cell 

niche (right). * denotes QC cells in the wild type (Col-0) root. Scale bar = 20 uM.  
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Figure 4: Transcriptional profile of stem cells identifies candidate SHR repressor. (A) 

Workflow of obtaining a transcriptomic profile of the root stem cells. GFP positive (stem cells) 

and negative (non-stem cells) cells were collected from roots expressing AGL42:GFP. Cuffdiff 

identified 2181 genes (125 TFs) enriched in the stem cells. The expression of the 125 TFs were 

aligned to the model prediction of the SHR repressor and identified 1 TF with the highest sign 

score, WOX5. 
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Figure 4 (Continued) (B) Black dashed line represents normalized FPKM value of a SHR 

repressor as predicted by the model using the time course dataset. Blue line represents the 

normalized FPKM value of WOX5, that has the maximum possible sign score of 5 based on the 

time course. (C ) Representative image of WOX5:WOX5:GFP line used for pCF with Quiescent 

Center (QC) and Vasculature (Vasc) marked. White line shows direction of movement tested 

(top panel). Orange, dashed regions represent arches in the pCF carpet, which denote movement 

(middle panel). Movement index of WOX5:WOX5:GFP (n=16), an immobile control 

(TMO5:GFP, n=5), and a mobile control (35S:GFP, n=5) between the QC and vasculature. * 

denotes p<0.05 as compared to non-mobile control using Wilcoxon with Steel Dwass. Error bars 

are SEM. (D) SHR expression in wox5-1 mutant (using average FPKM value from RNA-seq of 3 

independent samples). * denotes q < 0.05 and fold change > 2 vs Col-0 (Cuffdiff). Error bars 

represent 95% confidence intervals returned by Cuffdiff. (E) Representative images of 

WOX5:GFP (top left, top right) and CYCD6:GFP (bottom right, bottom left) that have low 

fluorescence (CTCF/area < 1) or high fluorescence (CTCF/area > 1) (right panel). Quantification 

of the percent of roots that have low fluorescence (blue part of bar) or high fluorescence (orange 

part of bar) with or without 2D NPA treatment (eft panel). From left to right, top to bottom, 

n=20, n=19, n=21, n=20). * denotes p < 0.05, Fisher’s Exact Test. ** denotes p < 0.01, Fisher’s 

Exact Test. 
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Figure 5: Model predicts that the SHR-SCR complex promotes CEI but represses QC 

divisions (A) Model simulation of the expression of SHR/SCR complexes in the endodermis. 

Black dashed line demarcates CEI division at 5D. Green, solid line represents 1 SHR: 1 SCR 

complex. Green, dashed line represents 2 SHR: 1 SCR complex. (B) Observed changes in the 

percent of roots expressing pCYCD6::GUS-GFP. (white bar, n=11 at 4D. Light gray bar, n=9 at 

5D. Dark gray bar, n=11 at 6D). a denotes p < 0.05 compared to b, Steel-Dwass for multiple 

comparisons. Error bars are SEM.  



   

105 

 

Figure 5 (Continued) (C) Model simulation of the expression of SHR/SCR complexes in the 

QC. Green solid line represents 1 SHR: 1 SCR. Green dashed line represents 2 SHR: 1 SCR. 

Green dotted line represents 1 SHR: 2 SCR. Green dot/dashed line represents 2 SHR: 1 SCR. (D) 

Representative images of 5D (top half) and 6D (bottom half) BL-treated plants expressing 

SHR:SHR-GFP (large 2 top images) or SCR:SCR-GFP (large 2 bottom images). * denotes QC 

cells. Scale bar = 10 um. (E) Corrected total cell fluorescence (CTCF) of SHR:SHR-GFP (n=18) 

and SCR:SCR-GFP (n=16) in 0 and 4 nM BL treated plants. The CTCF is divided by the area to 

account for proteins being expressed in a different number of plants. Black dots represent 

outliers. * denotes p < 0.05 , WIlcoxon Test. (F) Quantification of QC divisions in 4 nm BL 

treated roots. White bar denotes 5D roots germinated on 4nM BL plates. Gray bar denotes 6D 

roots germinated on 4nM BL plates. * denotes p < 0.05, Wilcoxon test. (G) Binding score of 

different SHR:SCR complexes in the QC (n=16). Black solid dots represents outliers. * denotes 

p < 0.05, Steel-dwass for multiple comparisons with 2 SHR: 2 SCR complex as a control. (H) 

Proportion of stoichiometries in the QC of BL-treated plants (n=16). Note the break in the graph 

between 0.1 and 0.9. 
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Figure 6: SEU and WOX5 regulation of SHR controls stem cell division (A) Model 

prediction of fold change in SHR expression under different states. Blue lines represents no SEU 

production. Orange line represents no WOX5 and no SEU and WOX5 production. (B) 

Representative images of CYCD6::GUS-GFP with low fluorescence (CTCF/area) < 1, medium 

fluorescence 1 < (CTCF/area) < 5, high fluorescence (CTCF/area) > 5 (right half). Scale bar = 

20uM. Quantification of CYCD6:GUS-GFP expression in wild-type (Col-0, n=15), wox5-1 

(n=19), and seu-3wox5-1 (n=17)  lines. Blue part of bar represents low fluorescence. Green part 

of bar represents medium fluorescence. Orange part of bar represents high fluorescence. ** 

denotes p < 0.05, * denotes p < 0.1, NS denotes not significant, Chi-squared test with likelihood 

ratio.  
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Figure 6 (Continued) (C) Schematic of the SEU-WOX5-SHR-SCR network. Yellow circle 

represents WOX5 protein. Orange circle represents SHR protein. Light green represents SEU 

protein. Green represents T5L1 protein. Blue represents SCR protein. Purple represents CYCD6 

protein. Red line denotes division. Black line with arrowhead represents activation. Black line 

with perpendicular line represents repression. The expression levels of WOX5, SEU, and SHR 

very over time to modulate CEI and QC divisions (inset). Orange line represents SHR expression 

levels. Yellow line represents WOX5 expression levels. Green line represents SEU expression 

levels. SHR levels reach a relative maximum between 4D16H and 5D, corresponding to CEI 

division. SHR levels reach a relative minimum after 6D in the QC, corresponding to QC 

division. 
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Supplementary Information 

Supplementary Text: Model equations. In the equations, i = e for endodermis and i = q for 

QC. Variables, initial conditions, and parameter values are defined in Supplementary Tables 8, 9, 

and 19. 
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Supplementary Figure 1: SHR and SCR oligomeric state and SHR-SCR complex 

stoichiometry in CEI (A,B) Confocal image with 128x128 region of interest (gray box) (left), 

brightness vs intensity graph (middle), and false colored brightness image (right) of GFP (A) and 

mCherry (B) channels from a SHR:SHR-GFP/SCR:SCR-mCherry line. Gray is 

autofluorescence/background, blue is monomer, and green is homodimer. (C) Quantification of 

oligomeric states of SHR:SHR-GFP (n=12) and SCR:SCR-mCherry (n=10) in the CEI. Blue is 

monomer, green is homodimer.  
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Supplementary Figure 1 (Continued) (D) Merged GFP and mCherry channels (left) and false 

colored brightness images (middle, right) of SHR:SHR-GFP/SCR:SCR-mCherry. The middle 

panel labels 1 SHR: 1 SCR (red) and 2 SHR: 1 SCR (light blue). The right panel labels 1 SHR: 2 

SCR (green) and 2 SHR: 2 SCR (dark blue). (E) Stoichiometry histogram of image as in (d). 

Black numbers represent the regions of different binding scores (6 = highest binding, 0 = no 

binding). (F) Binding scores of SHR/SCR complexes using double-tagged SHR:SHR-

GFP/SCR:SCR-mCherry line (n=10). Solid dots represent outliers. (G) Quantification of 

SHR/SCR complex stoichiometries in the QC (SHR:SHR-GFP/SCR:SCR-mCherry, n=12). Note 

the break in the graph from 0.2 to 0.7. 

 

 

Supplementary Figure 2: Sensitivity analysis for model. Green parameters are statistically 

sensitive (p<0.05, Wilcoxon with Steel-Dwass using K1D as control). 
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Supplementary Figure 3: Model simulation with no upstream SHR and SCR regulation. 

Solid line is model simulation. Crosses represent experimental data point. Blue is SCR, and 

orange is SHR. 

 

Supplementary Figure 4: Confocal images of stk01 and bzip17 mutants.  

 

Supplementary Figure 5: mPSPI staning of seu-3 mutant.  
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Supplementary Figure 6: Expression of SEU:SEU-GFP in the root 

 

Supplementary Figure 7: Temporal and spatial expression of NAC13. (A) Comparison of 

model prediction (black, dashed line) to time course expression of NAC13 (blue, solid line). (B) 

Expression of NAC13 in the root. 

 

Supplementary Figure 8: Transcriptional and translational markers of WOX5 expression  
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Supplementary Figure 9: Simulation of SHR and SCR expression in the final model 

incorporating SEU and WOX5. Solid line is model simulation. Crosses represent experimental 

data point. Blue is SCR, and orange is SHR. 
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Supplementary Figure 10: S-factor and monomer brightness of 35S:GFP and 

UBQ10:mCherry control lines. (A,B) Confocal image of 256x256 region of interest (left), 

brightness vs intensity graph (middle), and false colored brightness image (right) of 35S:GFP (A) 

and UBQ10:mCherry (B). Gray is autofluorescence/background, blue is monomer. (C) 

Quantification of S-factor of 35S:GFP (n=22) and UBQ10:mCherry (n=26). (D) Quantification 

of monomer brightness of 35S:GFP (n=22) and UBQ10:mCherry (n=21). 
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Supplementary Table 1: SHR oligomeric state in QC 

Filename Laser % ROI % Monomer % Dimer 

SHRSHRGFP_QC_1 20 128 80.19% 19.81% 

SHRSHRGFP_QC_2 20 128 83.08% 16.92% 

SHRSHRGFP_QC_3 25 128 76.65% 23.35% 

SHRSHRGFP_QC_4 25 128 77.10% 22.90% 

SHRSHRGFP_QC_5 25 128 80.94% 19.06% 

SHRSHRGFP_QC_6 25 128 90.02% 9.98% 

SHRSHRGFP_QC_7 25 128 81.17% 18.83% 

SHRSHRGFP_QC_8 25 128 86.72% 13.28% 

SHRSHRGFP_QC_9 25 128 84.01% 15.99% 

SHRSHRGFP_QC_10 25 128 86.88% 13.12% 

SHRSHRGFP_QC_11 20 128 87.60% 12.40% 

SHRSHRGFP_QC_12 20 128 85.96% 14.04% 

SHRSHRGFP_QC_13 20 128 71.26% 28.74% 

SHRSHRGFP_QC_14 20 128 90.98% 9.02% 

SHRSHRGFP_QC_15 25 128 84.21% 15.79% 

  Mean 83.12% 16.88% 

  SD 5.36% 5.36% 

  SE 1.38% 1.38% 

  n 15 15 

 

Supplementary Table 2: SHR oligomeric state in CEI 

Filename Laser % ROI % Monomer % Dimer Frames used for analysis 

SHRSHRGFP_CEI_1 20 64 88.11% 11.89% Frames 40 to 100 

SHRSHRGFP_CEI_2 25 64 90.30% 9.70% Frames 40 to 100 

SHRSHRGFP_CEI_3 25 64 91.40% 8.60% Frames 40 to 100 

SHRSHRGFP_CEI_4 25 64 90.47% 9.53% Frames 40 to 100 

SHRSHRGFP_CEI_5 25 64 92.95% 7.05% Frames 40 to 100 

SHRSHRGFP_CEI_6 25 64 87.87% 12.13% All frames 

SHRSHRGFP_CEI_7 25 64 81.25% 18.75% All frames 

SHRSHRGFP_QC_1 20 64 84.41% 15.59% Frames 40 to 100 

SHRSHRGFP_QC_4 25 64 93.78% 6.22% Frames 40 to 100 

SHRSHRGFP_QC_5 25 64 85.13% 14.87% Frames 40 to 100 

SHRSHRGFP_QC_7 25 64 85.10% 14.90% Frames 40 to 100 

SHRSHRGFP_QC_15 25 64 93.80% 6.20% All frames 

  Mean 88.71% 11.29%  

  SD 4.08% 4.08%  

  SE 1.18% 1.18%  

  n 12 12  
 



   

116 

 

Supplementary Table 3: SCR oligomeric state in QC 

Filename Laser % ROI % Monomer % Dimer 

SCRSCRGFP_QC_1 25 128 87.42% 12.58% 

SCRSCRGFP_QC_2 25 128 94.55% 5.45% 

SCRSCRGFP_QC_3 25 128 90.18% 9.82% 

SCRSCRGFP_QC_4 25 128 85.02% 14.98% 

SCRSCRGFP_QC_5 25 128 92.23% 7.77% 

SCRSCRGFP_QC_6 20 128 78.58% 21.42% 

SCRSCRGFP_QC_7 20 128 85.14% 14.86% 

SCRSCRGFP_QC_8 20 128 76.63% 23.37% 

SCRSCRGFP_QC_9 20 128 68.44% 31.56% 

SCRSCRGFP_QC_10 20 128 78.97% 21.03% 

SCRSCRGFP_QC_11 20 128 73.84% 26.16% 

SCRSCRGFP_QC_12 20 128 89.51% 10.49% 

SCRSCRGFP_QC_13 20 128 75.05% 24.95% 

SCRSCRGFP_QC_14 20 128 82.89% 17.11% 

  Mean 82.75% 17.25% 

  SD 7.72% 7.72% 

  SE 2.06% 2.06% 

  n 14 14 

 

Supplementary Table 4: SCR oligomeric state in CEI 

Filename Laser % ROI % Monomer % Dimer 

SCRSCRGFP_CEI_1 20 64 91.45% 8.55% 

SCRSCRGFP_QC_1 25 64 92.13% 7.87% 

SCRSCRGFP_QC_2 25 64 95.81% 4.19% 

SCRSCRGFP_QC_3 25 64 95.53% 4.47% 

SCRSCRGFP_QC_6 25 64 88.10% 11.90% 

SCRSCRGFP_QC_7 25 64 93.60% 6.40% 

SCRSCRGFP_QC_9 25 64 95.87% 4.13% 

SCRSCRGFP_QC_10 25 64 88.03% 11.97% 

SCRSCRGFP_QC_13 20 64 95.22% 4.78% 

SCRSCRGFP_QC_14 20 64 98.03% 1.97% 

  Mean 93.38% 6.62% 

  SD 3.39% 3.39% 

  SE 1.07% 1.07% 

  n 10 10 
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Supplementary Table 5: SHR-SCR complex stoichiometry in QC 

 

Supplementary Table 6: SHR-SCR complex stoichiometry in CEI 

 

Supplementary Table 7: Sensitivity analysis of mathematical model 

 

 



   

118 

 

Supplementary Table 8: Parameter values and model error for the first model that does 

not incorporate upstream SHR and SCR regulation 

 

 

 



   

119 

 

Supplementary Table 8 (Continued) 
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Supplementary Table 8 (Continued) 
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Supplementary Table 9: Parameter values and model error for the second model 

incorporating upstream SHR and SCR regulation 
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Supplementary Table 10: Time course expression and sign score of predicted SHR 

regulators 

 



   

123 

 

Supplementary Table 11: Expression and q-values of differentially expressed genes in the 

seu-3 mutant 

Supplementary Table 11 is not included here due to length (this table is over 100 pages long) 

Supplementary Table 12: Yeast Two Hybrid on predicted SEU binding partners 

AGID (PREY) Symbol 

Bound to 

SEU protein 

AT1G49720 ABF1 - 

AT4G34000 ABF3 + 

AT3G57230 AGL16 - 

AT3G57390 AGL18 - 

AT4G37940 AGL21 - 

AT5G10140 AGL25 - 

AT5G06950 AHBP-1B - 

AT2G46510 AIB - 

AT3G10500 AIF - 

AT5G10510 AIL6 - 

AT1G51140 AKS1 - 

AT1G05805 AKS2 - 

AT5G05610 AL1 - 

AT3G11200 AL2 - 

AT3G42790 AL3 - 

AT5G26210 AL4 + 

AT2G02470 AL6 - 

AT1G14510 AL7 - 

AT2G16910 AMS - 

AT4G00730 ANL2 - 

AT4G36920 AP2 - 

AT3G19290 AREB2 - 

AT3G56850 AREB3 - 

AT1G59750 ARF1 - 

AT2G28350 ARF10 - 

AT5G62000 ARF2 - 

AT1G30330 ARF6 - 

AT5G37020 ARF8 - 

AT1G54060 ASIL1 - 

AT3G14180 ASIL2 - 

AT4G00150 ATHAM3 + 

AT1G34670 ATMYB93 + 

AT4G14770 ATTCX2 - 

AT3G23050 AXR2 - 

AT4G14560 AXR5 - 

AT5G17430 BBM - 

AT4G39070 BBX20 - 

AT1G75540 BBX21 - 
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Supplementary Table 12 (Continued) 

 
AT1G78600 BBX22 - 

AT5G54470 BBX29 - 

AT2G24790 BBX4 - 

AT3G56980 BHLH039 - 

AT5G65640 BHLH093 - 

AT4G14410 BHLH104 - 

AT1G51070 BHLH115 - 

AT3G19860 BHLH121 - 

AT1G74500 BHLH135 - 

AT3G23210 BHLH34 - 

AT5G08130 BIM1 - 

AT1G69010 BIM2 - 

AT5G20730 BIP - 

AT2G35940 BLH1 - 

AT1G19700 BLH10 - 

AT1G75410 BLH3 - 

AT2G16400 BLH7 - 

AT3G54810 BME3 - 

AT5G24800 BZ02H2 - 

AT5G49450 BZIP1 - 

AT2G40950 BZIP17 - 

AT2G40620 BZIP18 - 

AT4G35040 BZIP19 - 

AT1G08320 BZIP21 - 

AT3G54620 BZIP25 - 

AT2G21230 BZIP30 - 

AT3G49760 BZIP5 - 

AT1G13600 BZIP58 - 

AT2G22850 BZIP6 - 

AT1G42990 BZIP60 - 

AT3G58120 BZIP61 - 

AT5G06839 BZIP65 - 

AT1G32150 BZIP68 - 

AT1G06070 BZIP69 - 

AT4G37730 BZIP7 - 

AT4G02640 BZO2H1 + 

AT5G28770 BZO2H3 - 

AT4G25470 CBF2 - 

AT4G35580 CBNAC - 

AT2G46830 CCA1 - 

AT1G09770 CDC5 - 

AT5G62430 CDF1 - 

AT5G39660 CDF2 - 

AT3G47500 CDF3 - 

AT3G50260 CEJ1 - 

AT1G10120 CIB4 - 

AT1G68920 CIL1 - 
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Supplementary Table 12 (Continued) 

 
AT3G23690 CIL2 + 

AT5G24930 COL4 - 

AT5G57660 COL5 - 

AT2G46410 CPC - 

AT5G53290 CRF3 - 

AT2G46310 CRF5 - 

AT3G61630 CRF6 - 

AT1G22985 CRF7 - 

AT1G71130 CRF8 - 

AT3G61850 DAG1 - 

AT1G12610 DDF1 - 

AT5G67190 DEAR2 - 

AT2G23340 DEAR3 - 

AT4G36900 DEAR4 - 

AT5G61590 DEWAX - 

AT1G76880 DF1 - 

AT1G51700 DOF1 - 

AT3G21270 DOF2 - 

AT2G37590 DOF2.4 - 

AT4G00940 DOF4.1 - 

AT5G02470 DPA - 

AT4G25490 DREB1B - 

AT5G51990 DREB1D - 

AT3G11020 DREB2 - 

AT1G21910 DREB26 - 

AT5G05410 DREB2A - 

AT1G47870 E2FC - 

AT4G21340 E30 - 

AT3G16770 EBP - 

AT3G25730 EDF3 - 

AT2G41070 EEL - 

AT2G27050 EIL1 - 

AT3G20770 EIN3 - 

AT5G66730 ENY - 

AT3G23240 ERF1 + 

AT5G61600 ERF104 - 

AT1G28370 ERF11 + 

AT2G44840 ERF13 - 

AT2G31230 ERF15 - 

AT4G17500 ERF1A - 

AT5G47220 ERF2 - 

AT1G50640 ERF3 - 

AT3G15210 ERF4 - 

AT5G47230 ERF5 - 

AT2G20880 ERF53 - 

AT4G17490 ERF6 - 

AT3G20310 ERF7 - 
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Supplementary Table 12 (Continued) 

 
AT1G53170 ERF8 - 

AT5G44210 ERF9 - 

AT1G01380 ETC1 - 

AT4G35900 FD - 

AT5G48670 FEM111 - 

AT2G24500 FZF - 

AT1G14920 GAI - 

AT3G24050 GATA1 - 

AT5G25830 GATA12 - 

AT3G06740 GATA15 - 

AT3G16870 GATA17 - 

AT4G36620 GATA19 - 

AT5G26930 GATA23 - 

AT4G24470 GATA25 - 

AT4G17570 GATA26 - 

AT4G34680 GATA3 + 

AT3G60530 GATA4 - 

AT5G66320 GATA5 - 

AT4G36730 GBF1 - 

AT4G01120 GBF2 - 

AT2G46270 GBF3 - 

AT3G58070 GIS - 

AT2G22840 GRF1 - 

AT4G37740 GRF2 - 

AT2G36400 GRF3 - 

AT1G13450 GT-1 - 

AT1G76890 GT2 - 

AT1G33240 GTL1 - 

AT2G45160 HAM1 - 

AT3G60630 HAM2 + 

AT4G36710 HAM4 - 

AT5G47370 HAT2 - 

AT4G37790 HAT22 - 

AT5G15150 HAT7 - 

AT2G22800 HAT9 - 

AT3G61890 HB12 - 

AT1G69780 HB13 - 

AT4G40060 HB16 - 

AT4G16780 HB2 - 

AT3G01220 HB20 - 

AT1G26960 HB23 - 

AT1G69600 HB29 - 

AT1G75240 HB33 - 

AT3G28920 HB34 - 

AT4G35550 HB4 - 

AT4G36740 HB40 - 

AT5G65310 HB5 - 
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Supplementary Table 12 (Continued) 

 
AT1G27050 HB54 - 

AT2G22430 HB6 - 

AT2G46680 HB7 - 

AT4G32880 HB8 - 

AT3G44750 HD2A - 

AT5G03740 HD2C - 

AT1G02340 HFR1 - 

AT2G47520 HRE2 - 

AT1G72360 HREI - 

AT1G32330 HSFA1D - 

AT3G02990 HSFA1E - 

AT2G26150 HSFA2 - 

AT4G18880 HSFA4A - 

AT5G45710 HSFA4C - 

AT3G22830 HSFA6B - 

AT3G51910 HSFA7A - 

AT3G63350 HSFA7B - 

AT5G62020 HSFB2A - 

AT4G11660 HSFB2B - 

AT3G24520 HSFC1 - 

AT4G32010 HSL1 - 

AT1G04100 IAA10 - 

AT4G28640 IAA11 - 

AT2G33310 IAA13 - 

AT3G04730 IAA16 - 

AT1G04250 IAA17 - 

AT1G51950 IAA18 - 

AT3G23030 IAA2 - 

AT3G16500 IAA26 - 

AT1G04240 IAA3 - 

AT3G62100 IAA30 - 

AT5G43700 IAA4 - 

AT1G15580 IAA5 - 

AT1G52830 IAA6 - 

AT2G22670 IAA8 - 

AT5G65670 IAA9 - 

AT5G25890 IAR2 - 

AT1G55110 IDD7 - 

AT5G54680 ILR3 - 

AT1G62990 IXR11 - 

AT4G17460 JAB - 

AT1G32640 JAI - 

AT1G30810 JMJ18 - 

AT4G32040 KNAT5 - 

AT1G23380 KNAT6 - 

AT4G25560 LAF1 - 

AT5G02840 LCL1 - 
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Supplementary Table 12 (Continued) 

 
AT5G13910 LEP - 

AT1G01060 LHY1 - 

AT2G24260 LRL1 - 

AT5G58010 LRL3 - 

AT5G16470 MBS2 - 

AT2G48100 MED33B - 

AT1G03840 MGP - 

AT1G74660 MIF1 - 

AT1G19850 MP - 

AT3G15540 MSG2 - 

AT3G02940 MYB107 - 

AT3G06490 MYB108 - 

AT3G55730 MYB109 - 

AT3G62610 MYB11 - 

AT3G46130 MYB111 - 

AT2G47460 MYB12 - 

AT1G74080 MYB122 - 

AT1G06180 MYB13 - 

AT2G31180 MYB14 - 

AT3G23250 MYB15 - 

AT2G47190 MYB2 - 

AT1G66230 MYB20 - 

AT5G40330 MYB23 - 

AT1G22640 MYB3 - 

AT4G34990 MYB32 - 

AT5G60890 MYB34 - 

AT5G57620 MYB36 - 

AT5G11510 MYB3R4 - 

AT4G38620 MYB4 - 

AT5G26660 MYB4 - 

AT5G14340 MYB40 - 

AT4G28110 MYB41 - 

AT5G16600 MYB43 - 

AT3G48920 MYB45 - 

AT5G12870 MYB46 - 

AT5G54230 MYB49 - 

AT4G01680 MYB55 - 

AT5G17800 MYB56 - 

AT5G59780 MYB59 - 

AT4G09460 MYB6 - 

AT1G09540 MYB61 - 

AT1G79180 MYB63 - 

AT3G11440 MYB65 + 

AT5G65790 MYB68 - 

AT2G16720 MYB7 - 

AT2G23290 MYB70 - 

AT4G05100 MYB74 - 
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Supplementary Table 12 (Continued) 

 
AT3G50060 MYB77 - 

AT3G49690 MYB84 + 

AT5G16770 MYB9 - 

AT5G10280 MYB92 - 

AT4G18770 MYB98 - 

AT5G46760 MYC3 - 

AT1G01010 NAC001 - 

AT1G01720 NAC002 - 

AT1G25580 NAC008 - 

AT1G32870 NAC013 - 

AT1G33060 NAC014 - 

AT1G34180 NAC016 - 

AT1G34190 NAC017 - 

AT1G52890 NAC019 - 

AT1G77450 NAC032 - 

AT2G33480 NAC041 - 

AT3G04070 NAC047 - 

AT3G49530 NAC062 - 

AT5G07680 NAC080 - 

AT5G13180 NAC083 - 

AT5G14000 NAC084 - 

AT5G18270 NAC087 - 

AT5G22290 NAC089 - 

AT5G46590 NAC096 - 

AT5G50820 NAC097 - 

AT5G63790 NAC102 - 

AT3G15510 NAC2 - 

AT3G15500 NAC3 - 

AT3G29035 NAC3 - 

AT2G22770 NAI1 - 

AT1G52880 NAM - 

AT1G69490 NAP - 

AT2G38880 NF-YB1 - 

AT3G53340 NF-YB10 - 

AT5G08190 NF-YB12 - 

AT2G47810 NF-YB5 - 

AT1G07980 NF-YC10 - 

AT1G56170 NF-YC2 - 

AT1G54830 NF-YC3 + 

AT1G08970 NF-YC9 + 

AT1G64530 NLP6 - 

AT5G44160 NUC - 

AT5G10030 OBF4 - 

AT3G50410 OBP1 - 

AT1G07640 OBP2 - 

AT5G60850 OBP4 - 

AT1G74930 ORA47 - 
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Supplementary Table 12 (Continued) 

 
AT1G68640 PAN - 

AT4G29080 PAP2 - 

AT5G48150 PAT1 - 

AT2G37630 PHAN - 

AT2G34710 PHB - 

AT1G30490 PHV - 

AT1G09530 PIF3 - 

AT4G20400 PKDM7B - 

AT3G20840 PLT1 - 

AT1G51190 PLT2 - 

AT2G31370 POSF21 - 

AT5G18560 PUCHI - 

AT2G01650 PUX2 - 

AT3G47640 PYE - 

AT1G53910 RAP2.12 + 

AT3G14230 RAP2.2 - 

AT1G22190 RAP2.4 - 

AT1G43160 RAP2.6 - 

AT5G13330 RAP2.6L - 

AT2G28550 RAP2.7 + 

AT1G13260 RAV1 - 

AT1G68840 RAV2 - 

AT2G36890 RAX2 - 

AT4G27410 RD26 - 

AT5G60690 REV - 

AT2G01570 RGA - 

AT5G59820 RHL41 - 

AT5G44180 RLT2 - 

AT4G34410 RRTF1 - 

AT5G37260 RVE2 - 

AT2G02070 RVN - 

AT1G21450 SCL1 - 

AT4G17230 SCL13 - 

AT1G07530 SCL14 - 

AT1G50420 SCL3 - 

AT1G50600 SCL5 - 

AT5G52510 SCL8 - 

AT3G54220 SCR + 

AT3G26744 SCRM - 

AT5G25390 SHN3 - 

AT4G37650 SHR - 

AT1G73730 SLIM1 - 

AT4G14550 SLR - 

AT3G54990 SMZ - 

AT3G60030 SPL12 - 

AT5G18830 SPL7 - 

AT4G36930 SPT - 
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Supplementary Table 12 (Continued) 

 
AT1G61730 STK01 - 

AT1G34370 STOP1 - 

AT1G43700 SUE3 - 

AT1G30970 SUF4 - 

AT1G68810 T5L1 + 

AT5G08330 TCP11 - 

AT3G47620 TCP14 - 

AT1G35560 TCP23 - 

AT1G58100 TCP8 - 

AT2G45680 TCP9 - 

AT5G11260 TED5 - 

AT1G25560 TEM1 - 

AT1G72050 TFIIIA - 

AT5G65210 TGA1 - 

AT1G22070 TGA3 - 

AT5G06960 TGA5 - 

AT5G24590 TIP - 

AT1G76900 TLP1 - 

AT1G25280 TLP10 - 

AT5G18680 TLP11 - 

AT2G18280 TLP2 - 

AT2G47900 TLP3 - 

AT1G47270 TLP6 - 

AT1G53320 TLP7 - 

AT4G23750 TMO3 - 

AT5G60200 TMO6 - 

AT5G25810 TNY - 

AT5G60120 TOE2 - 

AT3G06380 TPL9 - 

AT5G67580 TRB2 - 

AT1G49950 TTRB1 - 

AT4G02590 UNE12 - 

AT5G09330 VNI1 - 

AT3G18990 VRN1 - 

AT5G14750 WER - 

AT1G78080 WIND1 - 

AT3G20880 WIP4 - 

AT5G59340 WOX2 + 

AT3G56400 WRK70 - 

AT4G31550 WRKY11 - 

AT4G39410 WRKY13 - 

AT2G23320 WRKY15 - 

AT2G24570 WRKY17 + 

AT4G26640 WRKY20 - 

AT2G30590 WRKY21 - 

AT4G01250 WRKY22 - 

AT2G47260 WRKY23 - 
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Supplementary Table 12 (Continued) 

 
AT2G30250 WRKY25 - 

AT4G30935 WRKY32 - 

AT2G38470 WRKY33 - 

AT1G69810 WRKY36 - 

AT5G22570 WRKY38 - 

AT1G13960 WRKY4 - 

AT1G80840 WRKY40 - 

AT2G40740 WRKY44 - 

AT2G46400 WRKY46 - 

AT5G49520 WRKY48 - 

AT1G69310 WRKY57 - 

AT1G62300 WRKY6 - 

AT2G25000 WRKY60 - 

AT1G29280 WRKY65 - 

AT3G58710 WRKY69 - 

AT4G24240 WRKY7 - 

AT5G13080 WRKY75 - 

AT1G71692 XAL1 - 

AT2G26580 YAB5 - 

AT1G27730 ZAT10 - 

AT3G19580 ZF2 - 

AT5G43170 ZF3 - 

AT5G25160 ZFP3 - 

AT1G10480 ZFP5 - 

AT1G67030 ZFP6 - 

AT1G24625 ZFP7 - 

AT3G21175 ZML1 - 

AT1G51600 ZML2 - 

AT1G01260   - 

AT1G03040   - 

AT1G05380   - 

AT1G05710   - 

AT1G07520   - 

AT1G09250   - 

AT1G12630   - 

AT1G14580   - 

AT1G17310   - 

AT1G19000   - 

AT1G19210   - 

AT1G20640   - 

AT1G20910   - 

AT1G22490   - 

AT1G22810   - 

AT1G29160   - 

AT1G44810   - 

AT1G44830   - 

AT1G58220   - 
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Supplementary Table 12 (Continued) 

 
AT1G61660   - 

AT1G63490   - 

AT1G64380   - 

AT1G64620   - 

AT1G68200   - 

AT1G68360   - 

AT1G69170   - 

AT1G70000   - 

AT1G74840   - 

AT1G75710   - 

AT1G76510   - 

AT1G77640   - 

AT1G77920   - 

AT2G13960   - 

AT2G22760   - 

AT2G25650   - 

AT2G26940   - 

AT2G28200   - 

AT2G28510   - 

AT2G28810   - 

AT2G29060   - 

AT2G29660   - 

AT2G31730   - 

AT2G34140   - 

AT2G36080   - 

AT2G36720   - 

AT2G36930   - 

AT2G37430   - 

AT2G38090   - 

AT2G38950   - 

AT2G40260   - 

AT2G41710   - 

AT2G43500   - 

AT2G44730   - 

AT2G44940   - 

AT2G47890   - 

AT3G02790   - 

AT3G07340   - 

AT3G10040   - 

AT3G11280   - 

AT3G11580   - 

AT3G16280   - 

AT3G16350   - 

AT3G21890   - 

AT3G24120   - 

AT3G24490   - 

AT3G25790   - 
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Supplementary Table 12 (Continued) 

 
AT3G43240   - 

AT3G46600   - 

AT3G49930   - 

AT3G53600   - 

AT3G57480   - 

AT3G57800   - 

AT3G60490   - 

AT3G62240   - 

AT4G05170   - 

AT4G16430   - 

AT4G16610   - 

AT4G24060   - 

AT4G25210   - 

AT4G28140   - 

AT4G31420   - 

AT4G32800   - 

AT4G37850   - 

AT4G38900   - 

AT4G38960   - 

AT4G39780   - 

AT5G01200   - 

AT5G01380   - 

AT5G03510   - 

AT5G04340   - 

AT5G04760   - 

AT5G05790   - 

AT5G07580   - 

AT5G08520   - 

AT5G26610   - 

AT5G28040   - 

AT5G40710   - 

AT5G41920   - 

AT5G44080   - 

AT5G47390   - 

AT5G48250   - 

AT5G48560   - 

AT5G51190   - 

AT5G51910   - 

AT5G52010   - 

AT5G52020   - 

AT5G52660   - 

AT5G58900   - 

AT5G59450   - 

AT5G61890   - 

AT5G62610   - 

AT5G63280   - 

AT5G64220   - 
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Supplementary Table 13: Time course expression and sign score of putative SEU binding 

partners 

AGI Symbol 4D 4D8H 4D16H 5D 5D8H 5D16H Sign score 

Unknown SHR activator X 0.13178 0.74622 0.25467 -1.9004 0.86072 -0.093   

AT4G34000 ABF3 1.3109 -0.6728 0.70433 0.34688 -1.4714 -0.2179 -3 

AT5G26210 AL4 1.39327 0.96221 -1.2123 -0.0271 -0.6988 -0.4173 -3 

AT4G00150 ATHAM3 -1.3233 -0.0538 1.4327 -0.7244 -0.1373 0.80609 1 

AT1G34670 ATMYB93 -0.3167 -0.7143 -0.5385 -0.4917 0.09967 1.96157 -3 

AT4G02640 BZO2H1 -0.5747 -0.9407 -0.3524 0.62367 -0.4954 1.73959 -5 

AT3G23690  CIL2 -0.9507 1.09958 0.76289 0.32416 0.22945 -1.4654 3 

AT3G23240 ERF1 0.03979 0.63723 1.19972 -1.5142 0.44903 -0.8116 3 

AT1G28370 ERF11 -0.2243 -0.2632 1.88902 -0.9513 -0.616 0.16584 -1 

AT4G34680 GATA3 -0.0616 -1.1911 -0.901 -0.1757 1.26999 1.05928 -1 

AT3G60630 HAM2 -1.1774 0.45742 1.28478 -1.2361 0.32066 0.35068 1 

AT4G32551 LUG 41.8522 40.4933 37.3925 49.169 36.4862 40.1844 -3 

AT3G11440 MYB65 -0.3294 0.16488 0.6824 -0.3694 -1.5321 1.38372 -1 

AT3G49690 MYB84 -0.7871 0.83256 -0.1568 1.06273 -1.4957 0.5443 -1 

AT1G54830 NF-YC3 0.93686 -1.1015 -0.8968 1.39427 -0.3958 0.06304 -5 

AT1G08970 NF-YC9 -0.7587 -0.3476 1.85529 0.12624 -0.9185 0.04329 -1 

AT1G53910 RAP2.12 -1.4391 0.47751 -0.6484 0.79097 1.22179 -0.4028 3 

AT3G14230 RAP2.2 -0.857 -0.2228 1.95664 -0.4678 0.00156 -0.4105 3 

AT2G28550  RAP2.7 -1.1128 -0.0712 0.64276 -0.3547 1.63462 -0.7387 3 

AT3G54220 SCR -0.7179 1.09575 0.84294 -0.8059 0.75114 -1.1661 5 

AT1G68810  T5L1 -0.3732 1.42868 1.10098 -0.8129 -0.5233 -0.8203 5 

AT5G59340 WOX2 0.04742 -0.9416 1.79551 0.01927 0.02093 -0.9416 1 

AT4G24240 WRKY7 -0.8916 0.38416 0.64988 -1.5866 0.52834 0.91582 1 
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Supplementary Table 14: Expression of genes enriched in stem cells 
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Supplementary Table 14 (Continued) 
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Supplementary Table 14 (Continued) 

Supplementary Table 15: pCF analysis of WOX5:WOX5:GFP, 35S:GFP, and 

TMO5:3xGFP 

Filename Line direction Pixel distance Movement index Comments 

wox5wox5gfp_exp_1 QC to vasc 9 1 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 1  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 1  

wox5wox5gfp_exp_2 QC to vasc 9 0 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 0  

  Average 0.333333333  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

  Average 0.666666667  

wox5wox5gfp_exp_3 QC to vasc 9 1 Used frames 70K-120K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 0  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 0.666666667  



   

139 

 

Supplementary Table 15 (Continued) 

wox5wox5gfp_exp_4 QC to vasc 6 0  

 QC to vasc 8 0  

 QC to vasc 10 1  

  Average 0.333333333  

 Vasc to QC 6 1  

 Vasc to QC 8 1  

 Vasc to QC 10 0  

  Average 0.666666667  

wox5wox5gfp_exp_5 QC to vasc 9 1 Used frames 1-60K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

  Average 0.666666667  

wox5wox5gfp_exp_6 QC to vasc 9 0  

 QC to vasc 11 1  

 QC to vasc 13 1  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 1  

wox5wox5gfp_exp_7 QC to vasc 9 0 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

  Average 0.666666667  

wox5wox5gfp_exp_8 QC to vasc 9 1 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 0  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

  Average 0.666666667  
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Supplementary Table 15 (Continued) 

wox5wox5gfp_exp_9 QC to vasc 9 0 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 0.666666667  

 Vasc to QC 9 0  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 0.666666667  

wox5wox5gfp_exp_10 QC to vasc 9 1  

 QC to vasc 11 0  

 QC to vasc 13 1  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 1  

 Vasc to QC 13 0  

  Average 0.666666667  

wox5wox5gfp_exp_11 QC to vasc 9 1  

 QC to vasc 11 1  

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 1  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 1  

wox5wox5gfp_exp_12 QC to vasc 9 1 Used frames 1-100K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

  Average 0.666666667  

wox5wox5gfp_exp_13 QC to vasc 9 1 Used frames 20K-120K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 0  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 0  

  Average 0.333333333  
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Supplementary Table 15 (Continued) 

wox5wox5gfp_exp_14 QC to vasc 9 1  

 QC to vasc 11 1  

 QC to vasc 13 0  

  Average 0.666666667  

 Vasc to QC 9 0  

 Vasc to QC 11 1  

 Vasc to QC 13 0  

  Average 0.333333333  

wox5wox5gfp_exp_15 QC to vasc 9 1 Used frames 20K-150K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 1  

  Average 1  

 Vasc to QC 9 1  

 Vasc to QC 11 1  

 Vasc to QC 13 1  

  Average 1  

wox5wox5gfp_exp_16 QC to vasc 9 1 Used frames 20K-140K 

 QC to vasc 11 1 Movement 

 QC to vasc 13 0  

  Average 0.666666667  

 Vasc to QC 9 1  

 Vasc to QC 11 0  

 Vasc to QC 13 1  

    Average 0.666666667   

      QC to vasc Vasc to QC 

  Average 0.75 0.708333333 

  SD 0.227710017 0.206379729 

  SE 0.056927504 0.051594932 

    n 16 16 

 

Filename Line direction Pixel distance 

Movement 

index Comments 

tmo5gfp_exp_1 QC to vasc 9 0 Used frames 1-110K 

 QC to vasc 11 1 Bleaching 

 QC to vasc 13 0  

  Average 0.333333333  

tmo5gfp_exp_2 QC to vasc 9 0 Used frames 1-80K 

 QC to vasc 11 0 Bleaching 

 QC to vasc 13 1  

  Average 0.333333333  
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Supplementary Table 15 (Continued) 
 

tmo5gfp_exp_3 QC to vasc 9 0 Used frames 1-60K 

 QC to vasc 11 1 Bleaching 

 QC to vasc 13 0  

  Average 0.333333333  

tmo5gfp_exp_4 QC to vasc 9 1  

 QC to vasc 11 0  

 QC to vasc 13 0  

  Average 0.333333333  

tmo5gfp_exp_5 QC to vasc 6 0 Used frames 70K-200K 

 QC to vasc 8 0 Movement 

 QC to vasc 10 0  

    Average 0   

  Grand Mean 0.266666667  

  Grand SD 0.149071198  

  Grand SE 0.066666667  

    n 5   

 

Filename Line direction Pixel distance 

Movement 

index Comments 

35sgfp_exp_1 QC to vasc 9 0 Used frames 60K-200K 

 QC to vasc 11 1 Bleaching 

 QC to vasc 13 1  

  Average 0.666666667  

35sgfp_exp_2 QC to vasc 9 0  

 QC to vasc 11 1  

 QC to vasc 13 0  

  Average 0.333333333  

35sgfp_exp_3 QC to vasc 4 1 Used frames 60K-200K 

 QC to vasc 6 1 Movement 

 QC to vasc 8 1  

  Average 1  

35sgfp_exp_4 QC to vasc 4 1 Used frames 100K-200K 

 QC to vasc 6 1 Movement 

 QC to vasc 8 1  

  Average 1  

35sgfp_exp_5 QC to vasc 9 1 Used frames 60K-200K 

 QC to vasc 11 1 Bleaching 

 QC to vasc 13 1  

    Average 1   
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Supplementary Table 15 (Continued) 

  Grand Mean 0.8  

  Grand SD 0.298142397  

  Grand SE 0.133333333  

    n 5   
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Supplementary Table 16: Expression and q-values of differentially expressed genes in the 

wox5-1 mutant. 

Supplementary Table 16 is not included here due to length (this table is over 100 pages long) 

Supplementary Table 17: WOX5:GFP corrected total cell fluorescence (CTCF) in roots 

treated and not treated with NPA 
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Supplementary Table 18: pCYCD6:GUS-GFP CTCF in roots treated and not treated with 

NPA 

 

 

 

 

 

 

  



   

146 

 

Supplementary Table 19: Model parameters for final model incorporating SEU and 

WOX5, model error, and predicted fold change in SHR when removing SEU and/or WOX5 
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Supplementary Table 20: Number of roots with pCYCD6:GUS-GFP expression at 4, 5, and 

6 days. 

Age Root Expression in CEI 

4D 1 1 

4D 2 1 

4D 3 1 

4D 4 1 

4D 5 0 

4D 6 1 

4D 7 1 

4D 8 1 

4D 9 1 

4D 10 1 

4D 11 0 

 Percent 81.82% 

 SD 40.45% 

 SE 12.20% 

  n 11 

   

Age Root Expression in CEI 

5D 1 1 

5D 2 1 

5D 3 1 

5D 4 1 

5D 5 0 

5D 6 1 

5D 7 0 

5D 8 1 

5D 9 1 

 Percentage 77.78% 

 SD 44.10% 

 SE 14.70% 

  n 9 

   

Age Root Expression in CEI 

6D 1 0 

6D 2 0 

6D 3 1 

6D 4 0 
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Supplementary Table 20 (Continued) 

 

6D 5 0 

6D 6 0 

6D 7 0 

6D 8 0 

6D 9 0 

6D 10 1 

6D 11 0 

 Percentage 18.18% 

 SD 40.45% 

 SE 12.20% 

  n 11 
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Supplementary Table 21: Number of roots with QC divisions at 5 days and 6 days with and 

without BL treatment 

Root 0 nM BL - 5D 4 nM BL - 5D 0 nm BL - 6D 4 nM BL - 6D 

1 0 0 0 1 

2 0 1 0 1 

3 0 0 0 0 

4 0 1 0 1 

5 0 0 0 1 

6 0 0 0 1 

7 0 1 0 1 

8 0 0 0 1 

9 0 1 0 1 

10 0 1 0 1 

11 0 0 0 1 

12 0 1 0 1 

13 0 0 0 1 

14 0 0 0 1 

15 0 1 0 1 

16 0 0 0 1 

17 0 0 0 0 

18 0 0 0 1 

19 0 0 0 1 

20 0   0 1 

21 0   0 0 

22 0   0 0 

23 0   0 1 

24 0   0 0 

25 0   0 0 

26     0 1 

Total 0 7 0 20 

Percentage 0.00% 36.84% 0.00% 76.92% 

n 25 19 26 26 

SD 0.00% 49.56% 0.00% 42.97% 

SE 0.00% 11.37% 0.00% 8.43% 
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Supplementary Table 22: CTCF of SHR:SHR-GFP in roots treated and not treated with 

BL 
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Supplementary Table 23: CTCF of SCR:SCR-GFP in roots treated and not treated with 

BL 
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Supplementary Table 24: Stoichiometry of SHR-SCR complex in BL treated plants 

 

Supplementary Table 25: CTCF of pCYCD6:GUS-GFP in seu-3 and wox5-1 mutants 
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Supplementary Table 26: S-factor of 35S:GFP 

Filename Laser % S-factor 

35SGFP_back_1 20 3 

35SGFP_back_2 20 3 

35SGFP_back_3 20 2.8 

35SGFP_back_4 20 3.2 

35SGFP_back_5 25 3.2 

35SGFP_back_6 20 2.7 

35SGFP_back_7 20 3 

35SGFP_back_8 20 2.8 

35SGFP_back_9 20 2.5 

35SGFP_back_10 20 2.8 

35SGFP_back_11 20 2.6 

35SGFP_back_12 20 2.7 

35SGFP_back_13 20 2.7 

35SGFP_back_14 20 3 

35SGFP_back_15 25 3 

35SGFP_back_16 20 2.8 

35SGFP_back_17 20 2.8 

35SGFP_back_18 20 3 

35SGFP_back_19 20 2.6 

35SGFP_back_20 20 2.8 

35SGFP_back_21 20 2.8 

35SGFP_back_22 20 3 

 Mean 2.85 

 SD 0.19 

 SE 0.04 

 n 22 
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Supplementary Table 27: S-factor of UBQ10:mCherry 

Filename Laser % S-factor 

UBQ10mCherry_back_1 7 1.2 

UBQ10mCherry_back_2 7 0.7 

UBQ10mCherry_back_3 7 0.9 

UBQ10mCherry_back_4 7 0.9 

UBQ10mCherry_back_5 7 0.9 

UBQ10mCherry_back_6 7 0.9 

UBQ10mCherry_back_7 7 0.8 

UBQ10mCherry_back_8 7 0.8 

UBQ10mCherry_back_9 7 0.8 

UBQ10mCherry_back_10 7 0.8 

UBQ10mCherry_back_11 7 0.8 

UBQ10mCherry_back_12 7 1.1 

UBQ10mCherry_back_13 7 1.2 

UBQ10mCherry_back_14 7 1 

UBQ10mCherry_back_15 7 0.9 

UBQ10mCherry_back_16 7 0.9 

UBQ10mCherry_back_17 7 0.9 

UBQ10mCherry_back_18 7 1.1 

UBQ10mCherry_back_19 7 1.1 

UBQ10mCherry_back_20 7 0.6 

UBQ10mCherry_back_21 7 0.6 

UBQ10mCherry_back_22 7 0.7 

UBQ10mCherry_back_23 7 0.6 

UBQ10mCherry_back_24 7 0.7 

UBQ10mCherry_back_25 7 0.7 

UBQ10mCherry_back_26 7 0.7 

 Mean 0.86 

 SD 0.18 

 SE 0.03 

 n 26 
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Supplementary Table 28: Monomer brightness of 35S:GFP 

Filename Laser % Brightness Cursor Size 

35SGFP_mon_1 20 0.4 33 

35SGFP_mon_2 20 0.36 33 

35SGFP_mon_3 20 0.36 30 

35SGFP_mon_4 20 0.54 35 

35SGFP_mon_5 25 0.29 37 

35SGFP_mon_6 20 0.3 32 

35SGFP_mon_7 20 0.31 32 

35SGFP_mon_8 20 0.26 33 

35SGFP_mon_9 20 0.23 32 

35SGFP_mon_10 20 0.3 34 

35SGFP_mon_11 20 0.26 34 

35SGFP_mon_12 20 0.26 32 

35SGFP_mon_13 20 0.3 35 

35SGFP_mon_14 20 0.34 32 

35SGFP_mon_15 20 0.31 30 

35SGFP_mon_16 20 0.31 30 

35SGFP_mon_17 20 0.33 32 

35SGFP_mon_18 20 0.33 32 

35SGFP_mon_19 20 0.29 31 

35SGFP_mon_20 20 0.31 30 

35SGFP_mon_21 20 0.39 33 

35SGFP_mon_22 20 0.34 30 

 Mean 0.32 32.36 

 SD 0.06 1.87 

 SE 0.01 0.40 

 n 22 22 
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Supplementary Table 29: Monomer brightness of UBQ10:mCherry 

New filename Laser % Brightness Cursor Size 

UBQ10mCherry_mon_1 7 0.41 45 

UBQ10mCherry_mon_2 7 0.36 50 

UBQ10mCherry_mon_3 7 0.31 45 

UBQ10mCherry_mon_4 7 0.3 45 

UBQ10mCherry_mon_5 7 0.21 47 

UBQ10mCherry_mon_6 7 0.23 48 

UBQ10mCherry_mon_7 7 0.21 46 

UBQ10mCherry_mon_8 7 0.21 47 

UBQ10mCherry_mon_9 7 0.34 47 

UBQ10mCherry_mon_10 7 0.2 47 

UBQ10mCherry_mon_11 7 0.19 47 

UBQ10mCherry_mon_12 7 0.29 47 

UBQ10mCherry_mon_13 7 0.27 47 

UBQ10mCherry_mon_14 7 0.33 45 

UBQ10mCherry_mon_15 7 0.27 47 

UBQ10mCherry_mon_16 7 0.2 48 

UBQ10mCherry_mon_17 7 0.29 48 

UBQ10mCherry_mon_18 7 0.21 45 

UBQ10mCherry_mon_19 7 0.26 48 

UBQ10mCherry_mon_20 7 0.21 47 

UBQ10mCherry_mon_21 7 0.19 47 

 Mean 0.26 46.81 

 SD 0.06 1.29 

 SE 0.01 0.28 

 n 21 21 

 

Supplementary Table 30: Expression of SCR in the endodermis and QC from a root tissue 

dataset 

Marker Cells marked SCR Expression 

SCR Endodermis and QC 138.731 

E30 Endodermis 80.5837 

  QC (SCR-E30) 58.1473 

 Percent of SCR in QC 41.91% 

 Percent of SCR in endodermis 58.09% 
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Chapter 4 - Dorsal/NF-κB exhibits a dorsal-to-ventral mobility gradient in the Drosophila 

embryo 

Hadel Al Asafen*, Natalie M. Clark*, Thomas Jacobsen, Michael D. O’Connell, Rosangela 

Sozzani, and Gregory T. Reeves. 2018. In preparation. 

*These authors contributed equally to this work 
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about the mathematical model, designed Figure 2A and 2B, wrote the figure legends, and wrote 

the pCF sections of the Results and STAR Methods. 
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Abstract 

Morphogen-mediated patterning is a highly dynamic developmental process. To obtain 

an accurate understanding of morphogen gradients, biophysical parameters such as protein 

diffusivities must be quantified in vivo. The dorsal-ventral (DV) patterning of early Drosophila 

embryos by the NF-κB homolog Dorsal (Dl) is an excellent system for understanding morphogen 

gradient formation. Dl gradient formation is controlled by the inhibitor Cactus/IκB (Cact), which 

regulates the nuclear import and diffusion of Dl protein. However, quantitative measurements of 

spatiotemporal Dl movement are currently lacking. Here, we use scanning fluorescence 

correlation spectroscopy to quantify the mobility of Dl. We find that the diffusivity of Dl varies 

along the DV axis, with lowest diffusivities on the ventral side, and the DV asymmetry in 

diffusivity is exclusive to the nuclei. Moreover, we also observe that nuclear export rates are 

lower in the ventral and lateral regions of the embryo. Both cross correlation spectroscopy 

measurements and a computational model of Dl/DNA binding suggest that DNA binding of Dl, 

which is more prevalent on the ventral side of the embryo, is correlated to a lower diffusivity and 

nuclear export rate. We propose that the variation in Dl/DNA binding along the DV axis is 

dependent on Cact binding Dl, which prevents Dl from binding DNA in dorsal and lateral 

regions of the embryo. Thus, our results highlight the complexity of morphogen gradient 

dynamics and the need for quantitative measurements of biophysical interactions in such 

systems. 
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Introduction 

Tissues in a developing organism are patterned by short and long-range signaling 

achieved through morphogen concentration gradients, which carry the positional information 

necessary to control gene expression in a spatially-dependent fashion. In the past two decades, 

studies using GFP-tagged morphogens -- including early Drosophila morphogens Bicoid and 

Dorsal; Dpp in the wing imaginal disc; and the Hedgehog, Wnt, and TGF-β families in 

vertebrates -- have revealed that the establishment of morphogen gradients is a highly dynamic 

and complex process 1–12. Live imaging studies have challenged the established view that tissue 

patterning relies on a constant, steady-state level of signaling to regulate gene expression 13–23. 

To move toward a quantitative understanding of morphogen signaling, several key biophysical 

parameters related to gradient formation, including movement through tissues and the effect of 

receptor binding on nuclear import/export rates, must be measured.  

Dorsal (Dl), one of three homologs to mammalian NF-κB 24, acts as a morphogen to 

pattern the dorsal-ventral (DV) axis. Dl is initially distributed uniformly along the DV axis 25,26. 

After the 9th nuclear division cycle, when the nuclei migrate to the periphery of the syncytial 

embryo, Dl begins to accumulate in ventral nuclei, and is excluded from dorsal nuclei 25,26. This 

DV gradient in Dl nuclear concentration is due to signaling through the Toll receptor on the 

ventral side of the embryo 27–29. In the absence of Toll signaling, Dl remains bound by the 

cytoplasmic tethering protein Cactus, the Drosophila IκB homolog 30,31, and thus localized to the 

cytoplasm 32–35. On the ventral side, Toll signaling acts through Pelle kinase to phosphorylate 

Cactus (Cact), which causes dissociation of the Dl/Cact complex and degradation of Cact 36. 

Once freed from binding to Cact, Dl enters the nucleus and regulates the expression of more than 

50 target genes, which initiate further signaling pathways and specification of the embryo’s germ 
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layers 37–41. Toll signaling also phosphorylates Dl, which has been shown to increase Dl nuclear 

localization 35,42–44. Thus, even in the absence of Cact, a shallow Dl nuclear concentration 

gradient is established 33,45,46.  

While this well-established mechanism rapidly initiates Dl gradient formation, recent 

work has revealed complex dynamics in the further maturation of the gradient. In particular, live 

imaging of fluorescently-tagged Dl proteins has shown that the Dl nuclear gradient grows slowly 

during interphase and collapses during mitosis 2,3. Quantification of the gradient levels has 

shown that, over the course of nuclear cycle 10-14, Dl (both nuclear and cytoplasmic) 

accumulates on the ventral side of the embryo, causing the spatial peak of the Dl gradient to 

grow steadily over time 3,47–49. In particular, diffusion and nuclear capture of Dl, both of which 

are regulated by Cact, are proposed to control the continuous growth of the Dl gradient peak 47. 

However, the diffusivity and nuclear transport rates are not quantitatively known. Therefore, to 

fully understand the dynamics of Dl gradient formation, measurements of the biophysical 

parameters of Dl mobility (specifically diffusivity and nuclear transport rates) are needed. 

Here we use scanning fluorescence correlation spectroscopy (scanning FCS) methods to 

measure the diffusivity and nuclear transport of Dl in live embryos. Scanning FCS techniques 

involve rapid and repeated acquisition of fluorescent imaging data using confocal microscopy. 

First, we use one scanning FCS method called Raster Image Correlation Spectroscopy (RICS) to 

autocorrelate GFP-tagged Dl over space and time in a small region of the embryo 50,51. Statistics 

of this autocorrelation function are then analyzed to infer protein diffusion, which reveals that 

the diffusivity of Dl-GFP varies along the DV axis. In addition, we use Pair Correlation Function 

(pCF) to calculate the correlation between two pixels along a line scan and visualize barriers to 

Dl movement 52,53. By combining pCF with Fluorescence Recovery After Photobleaching 
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(FRAP), we show that the nuclear export rate also varies along the DV axis. RICS and pCF data 

on mutants that mimic the Dl gradient at different DV positions support these results. Cross-

correlation RICS (ccRICS), which uses two different fluorophores (GFP and RFP, in this case), 

and modeling of DNA/Dl/Cact interactions suggest that the DV variation in both diffusivity and 

nuclear export rate is the result of a higher fraction of Dl binding to the DNA on the ventral side 

than on the dorsal side. Thus, by incorporating experimentally determined parameters into our 

mathematical model, we show that regulation of Dl nuclear transport is important for 

maintaining the DV gradient in Dl diffusivity. 
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Results 

Quantification of Dl Diffusivity Reveals a Dorsal-to-Ventral (DV) Gradient 

To measure the diffusivity of Dl in the embryo, we performed Raster Image Correlation 

Spectroscopy (RICS) analysis on embryos carrying a monomeric GFP-tagged Dl and an H2A-

RFP construct in a Dl heterozygous background (hereafter referred to as Dl-GFP embryos). We 

performed RICS analysis (n = 150 total number of images) on nuclear cycle 12-14 embryos, 

when the Dl gradient is clearly defined and detectable. Specifically, we rapidly imaged small 

(pixel size ≤ 0.1 µm) regions of the ventral, lateral, or dorsal portions of the embryo, which have 

differing levels of nuclear versus cytoplasmic Dl-GFP fluorescence (Fig. 1A, Fig. S1A-D and 

Movies S1-3). To infer the diffusivities from these raster scans, we calculated a 3D 

autocorrelation function (ACF; Fig. 1B and Equation 1 in STAR Methods) that has a fast (ξ) and 

slow (η) direction due to the rapid movement and line retracing of the confocal scan, respectively 

(Fig. 1B,C). We then fit a one-component diffusion model to this ACF (see Fig. 1C and Equation 

2 in STAR Methods). We found that the Dl diffusion coefficient varied with the position along 

the DV axis, with the diffusion coefficients being lowest on the ventral side of the embryo (D = 

1.1 ± 0.8 μm2/s) and higher in lateral (2.3 ± 0.3 μm2/s) and dorsal (2.2 ± 0.7 μm2/s) regions 

(Fig. 1D). To test whether this trend is statistically significant, we used linear regression, and 

found the slope of the diffusion coefficient from ventral-to-dorsal (Fig. 1D) to be significantly 

different from zero (p-value 2×10-7, r2 value 0.33). Given that on the ventral side of the embryo 

Dl is predominantly nuclear, while on the dorsal side Dl is predominantly cytoplasmic, it is 

possible that the spatial variation in the diffusivity arises from differences in the behavior of 

nuclear and cytoplasmic Dl. Therefore, we calculated the autocorrelation function (ACF) for the 

nuclei and the cytoplasm separately. We found a ventral-to-dorsal trend (p-value 4×10-8, r2 
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value 0.39; Fig. 1E) in the diffusivity of nuclear-localized Dl-GFP (ventral: 0.7 ± 0.8 μm2/s; 

lateral: 1.7 ± 0.4 μm2/s; dorsal: 2.6 ± 1.6 μm2/s). However, the cytoplasmic diffusivities 

(ventral: 2.0 ± 0.7 μm2/s; lateral: 2.7 ± 0.5 μm2/s; dorsal: 2.2 ± 0.6 μm2/s) showed no 

statistically significant trend in spatial variation (p-value 0.13, r2 value 0.034; Fig. 1F). These 

results suggest that the observed gradient in Dl movement is specific to nuclear-localized Dl. 

We reasoned that the gradient in movement of nuclear-localized Dl could be dependent 

on Toll signaling, which phosphorylates Dl and increases its affinity for the nucleus 35,42–44. To 

this end, we performed RICS analysis on three mutant lines with “ventral-like” (Toll10B; 

Schneider et al., 1991), “lateral-like” (Tollr4; Schneider et al., 1991), or “dorsal-like” (pll2/7; 

Anderson and Nüsslein-Volhard, 1984) levels of nuclear Dl-GFP (Fig. S1E-G). If the spatial 

gradient in Dl movement depends on Toll signaling, then we would expect Toll10B embryos to 

have the lowest diffusivity, while Tollr4 and pll2/7 embryos would have higher diffusivity. 

Accordingly, we found the diffusivity of total (nuclear + cytoplasmic) Dl-GFP is correlated to 

the extent of Dl nuclear localization across the mutants (Toll10B: 1.5 ± 0.8 μm2/s; Tollr4: 2.4 ± 

0.6 μm2/s; pll2/7: 2.7 ± 0.6 μm2/s; Fig 1D, right side). Additionally, linear regression revealed a 

ventral-to-dorsal trend (p-value 2×10-8, r2 value 0.35; Fig 1C). Similarly, the diffusivity of 

nuclear Dl-GFP varies across the mutants (Toll10B: 0.9 ± 0.7 μm2/s; Tollr4: 1.4 ± 1.1 μm2/s; 

pll2/7: 3.1 ± 1.6 μm2/s; Fig 1E) with a statistically significant trend (p-value 2×10-6, r2 value 

0.32). While we did see a variation in cytoplasmic Dl-GFP diffusivity in the mutants (Toll10B: 

2.1 ± 0.8 μm2/s; Tollr4: 2.6 ± 0.6 μm2/s; pll2/7: 2.6 ± 0.7 μm2/s; Fig 1F), the trend was weak (p-

value 0.01, r2 value 0.08), suggesting that the difference in total Dl-GFP is predominantly due to 

changes in nuclear diffusivity of Dl-GFP. Taken together, our RICS data on both wildtype and 
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mutant embryos show that the diffusivity of nuclear Dl is highly correlated to the spatial gradient 

in Toll signaling, while the diffusivity of cytoplasmic Dl is largely unaffected by Toll signaling.  

Dl Exhibits DV Variation in Nuclear Export Rate Constant 

Our RICS analysis revealed that Dl movement is lowest on the ventral side, where it is 

primarily nuclear localized, and highest on the dorsal side, where it is primarily cytoplasmic. 

Thus, we reasoned that nuclear import and export rates of Dl could also vary spatially. First, to 

determine whether there is spatial variation in Dl movement into or out of the nucleus, we used 

Pair Correlation Function (pCF) analysis to measure any restriction of movement of Dl-GFP 

across the nuclear envelope. In contrast to RICS, which uses raster scans of the embryo, pCF 

requires a line scan across the nucleus (Fig. 2A, top row). Pixels outside and inside of the 

nucleus are then correlated one pair at a time to calculate the pCF carpet (Fig. 2A, bottom row), 

which is then used to determine if Dl-GFP can cross the nuclear envelope. We specifically 

calculated the Movement Index (MI) for each embryo, which represents the degree of Dl-GFP 

movement across the nuclear envelope. A high movement index suggests that Dl-GFP can cross 

the nuclear envelope, which is represented by an arch in the pCF carpet (demarcated by orange, 

dashed lines in Fig. 2A). In contrast, a low movement index suggests that Dl-GFP movement 

into or out of the nucleus is blocked, which is represented by a fully black column in the pCF 

carpet (demarcated by green, solid lines in Fig. 2A). We separated our images into two groups, 

those with high movement (MI > 0.5) and those with low movement (MI ≤ 0.5). We found that 

Dl-GFP is able to move into the nucleus across the spatial regions of the embryo, as the ventral, 

lateral, and dorsal regions all have a majority of images with high MI values (ventral: 92.86%; 

lateral: 94.44%; dorsal: 100.00%) (Fig. 2B). However, the ventral and lateral regions have 

significantly fewer images with high MI values when Dl-GFP is measured leaving the nucleus 
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(ventral: 64.29%; lateral: 72.22%; p<0.07, Chi-squared test with likelihood ratio), suggesting 

that Dl-GFP movement out of the nucleus is restricted in the ventral and lateral regions of the 

embryo (Fig 2B). In contrast, on the dorsal side of the embryo, almost all of the images 

measuring Dl-GFP movement out of the embryo have high MI values (94.44%). To test whether 

this restricted movement out of the nucleus may be dependent on Toll signaling, we also 

performed pCF analysis in Toll10B, Tollr4, and pll2/7mutant lines (Fig. S2A), and similarly 

found that a lower proportion of images in “ventral-like” mutants have high MI indices when Dl-

GFP movement is measured out of the nucleus (Toll10B: 96.15% in versus 72.73% out; p<0.05, 

Chi-squared test with likelihood ratio)  (Fig 2B). This suggests that the lower diffusivity of Dl-

GFP in ventral and lateral nuclei is due to a restriction of Dl movement out of the nucleus, and 

this restriction of nuclear export rate correlates with the spatial gradient in Toll signaling.  

While pCF analysis suggests that the Dl-GFP nuclear export rate is lower on the ventral 

side of the embryo, this method does not quantify the nuclear import and export rates. Thus, to 

provide an independent measure of the nuclear import and export rates, we also performed 

Fluorescence Recovery After Photobleaching (FRAP) experiments on either the ventral or dorsal 

sides of the embryo (Fig. 2C; see also Fig. S2B,C and Movies S4-S5). We found that the nuclear 

export rate, 𝑘𝑜𝑢𝑡, was significantly lower on the ventral side (0.14 ± 0.09 min-1) than on the 

dorsal side (0.56 ± 0.29 min-1; p-value 0.007; Fig. 2D). However, the nuclear import rate was 

not significantly different on the two sides of the embryo (ventral: 0.31 ± 0.2 min-1; dorsal: 0.40 

± 0.3 min-1; p-value 0.3; Fig. 2D). Thus, our pCF results, combined with our FRAP 

measurements, suggest there is a mechanism that maintains Dl nuclear localization on the ventral 

side of the embryo. 
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Dorsal movement is anti-correlated with DNA binding 

One possible explanation for our findings that both the nuclear diffusivity and nuclear 

export rate of Dl-GFP varies with position along the DV axis is that there is a substantial pool of 

Dl-GFP bound to DNA on the ventral side of the embryo. To determine whether such a pool 

exists, we used cross-correlation RICS (ccRICS; Digman et al., 2009) to measure the extent to 

which Dl (Dl-GFP) and Histone (H2A-RFP) may be bound to the same physical structure (in this 

case, DNA). We found that the ratio of the cross-correlation function (CCF) amplitude to the 

ACF amplitude (Fig. 3A,B), which is a relative measure of the degree to which Dl-GFP and 

H2A-RFP are correlated, varies along the DV axis (Fig. 3C; Digman et al., 2009). In some cases 

with high amplitude ratios, the overlap between Dl-GFP and H2A-RFP can be seen visually (Fig. 

S3A and Movie S6). In wildtype embryos, the ratio of amplitudes is significantly higher on the 

ventral side (0.24 ± 0.21) than in the lateral (0.11 ± 0.14) or dorsal (0.05 ± 0.14) regions of the 

embryo (p-value 3×10-4, r2 value 0.18 Fig. 3C). Furthermore, in both the lateral and dorsal 

regions, the correlation between histone and Dl is indistinguishable from zero. In these cases, the 

low correlation can be seen as the lack of peak in the CCF (compare Fig. S3B to S3C).  In 

mutant embryos, the ratio of amplitudes is also anti-correlated with the levels of Toll signaling 

(Toll10B: 0.4 ± 0.3; Tollr4: 0.1 ± 0.2; pll2/7: -0.05 ± 0.4; Fig 3C) with a statistically significant 

trend (p-value 4×10-7, r2 value 0.29). Furthermore, the ratio of amplitudes is indistinguishable 

from zero in pll2/7 mutants. The ratio of amplitudes is also negatively correlated with diffusivity, 

which implies that, when Dl-GFP is more strongly associated with the same physical structure as 

H2A-RFP (high CCF to ACF ratio), the diffusivity of Dl-GFP is lower (p-value 3×10-7, r2 value 

0.16; Fig 3D). Overall, the finding that the cross correlation between Dl-GFP and H2A-RFP is 



   

168 

 

negatively correlated to diffusivity suggests that DNA binding of Dl may be responsible for its 

lowered diffusivity and lowered nuclear export rate on the ventral side of the embryo. 

Modeling predicts Dl/DNA binding lowers the average diffusivity of Dl 

Our cross-correlation results suggest that the spatial variation in Dl movement could be 

due to a population of Dl that is bound to DNA. Given our RICS and pCF results that Dl 

movement is slower on the ventral side of the embryo, we further reasoned that the DNA-bound 

Dl has a slower diffusion coefficient than the cytoplasmic Dl. Thus, to test if the spatial variation 

in Dl movement is due to DNA binding, we compared two diffusion models. The first is a one-

component model that has only one parameter that can be varied to fit the model to the data, 

which is the diffusivity of Dl (Equation 2). This one-component model assumes all Dl is freely 

diffusible, and that none is bound to DNA. Further, the one-component model was used to fit the 

ACFs from RICS and infer the diffusion coefficients of Dl-GFP shown in Fig. 1. The second 

model is a two-component diffusion model (Equations S32-S35)  in which nuclear Dl could be in 

two states: freely diffusible and DNA-bound (Fig. 4A; see Supplemental Methods for more 

information). The two-component model contains two additional parameters that are allowed to 

vary: the rate constants of DNA binding (𝑘𝑜𝑛) and dissociation (𝑘𝑜𝑓𝑓). We first tested if fitting a 

one-component model to a two-component system accurately recapitulates the experimentally 

determined average diffusion coefficient, as the previous RICS analysis assumed a one-

component model (Fig. 1D-F). We found that fitting the one-component model to a simulated 

two-component autocorrelation function (ACF) yields an average diffusivity between zero and 

2.3 μm2/s, which is similar to the range of our experimentally determined values from RICS. 

Further, we found the average diffusivity to be strongly correlated with the simulated fraction of 

Dl bound to DNA in the two-component model, which is 1-φ (Fig. 4B,C and Fig. S4A-F; see 
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STAR Methods section for definition of φ). When a large fraction of Dl is diffusible (φ = 0.9; 

Fig 4B), the one component model fits the data well and predicts a reasonable diffusivity (D = 

1.4 μm2/s; Fig 4B). On the other hand, when Dl is largely bound to DNA (φ = 0.3; Fig 4C), the 

one component model predicts a very low diffusivity (D = 0.028 μm2/s; Fig 4C). This low 

diffusivity correlates with the two slices of the ACF (the fast and slow direction) collapsing onto 

each other (Fig 4C and Fig. S4A,B,F). This suggests that the lower diffusion values observed on 

the ventral side of the embryo could be due to a large proportion of DNA-bound Dl. In support 

of this, when we fit the two-component model to our experimental ACFs, the two-component 

model fits the ACFs better than the one-component model (Fig. 4D). Taken together, these 

results suggest that our experimental data are indicative of a two-component system where a 

proportion of Dl is bound to DNA. 

Finally, we used our one- and two-component models to determine if the low average 

diffusivity measured in the one-component model correlates with a high proportion of DNA-

bound Dl in the two-component model. Accordingly, we found that, when the one component 

model predicts a low diffusivity, the two component model predicts a high fraction of DNA-

bound Dl (p-value 9×10-9, r2 value 0.48; Fig. 4E). These results are also observed in a three 

component model of free Dl, Dl/Cact complex, and an immobile Dl/DNA complex (see Fig. 

S4G-M and Supplemental Experimental Procedures), suggesting that the nuclear Dl bound to 

Cact could mechanistically explain the DV asymmetry in the ability of Dl to bind DNA. In 

summary, our multiple component modeling shows that Dl binding to DNA only on the ventral 

side of the embryo could explain the DV asymmetry in Dl mobility.  
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Discussion 

In this study, we used fluorescence fluctuation spectroscopy methods, as well as 

photobleaching experiments, to quantify the movement of a GFP-tagged Dl protein in the 2-3 hr 

old Drosophila embryo (Fig. 5A). Our measurements ultimately revealed a DV asymmetry in the 

mobility of Dl, which was correlated to a similar DV asymmetry in the ability of Dl to bind to 

DNA. First, RICS analysis showed that Dl diffusivity varies along the DV axis, in particular 

within the nucleus (Fig. 5B). Moreover, the results obtained from the pCF and FRAP 

experiments showed that there is also variation in the movement of Dl out of the nuclei: on the 

ventral side, nuclear export of Dl is not as rapid as it is on the dorsal side (Fig. 5C). Given that 

our measurements show variation in the mobility of Dl along the DV axis, and that the variation 

is associated with nuclear-localized Dl, we hypothesized that Dl is binding more efficiently to 

the DNA on the ventral side than on the dorsal side (Fig. 5D). Variation in DNA-binding 

efficiency would explain both the lower diffusivity and nuclear export rate constant 

measurements on the ventral side of the embryo. Therefore, we used ccRICS to test this. The 

amplitude of the CCF, when normalized by the amplitude of the ACF, is a measure of the extent 

to which Dl-GFP is bound to the DNA. The ratio varied significantly along the DV axis: 

specifically, it was large on the ventral side and low on the dorsal side. Further, this ratio 

correlates with the DV asymmetry of our diffusivity measurements. Thus, these results suggest 

restricted nuclear Dl movement on the ventral side of the embryo correlates with a high 

proportion of DNA-bound Dl.  

Given the possibility that at least two pools of Dl exist in the nucleus (free vs DNA 

bound), we built a two-component model that accounts for both pools of Dl. Using this model, in 

conjunction with a one-component model in which all Dl is freely diffusible, we found that lower 
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diffusivities in the one-component model correspond to a large fraction of Dl bound to DNA in 

our RICS data. In addition, we found the two-component model, compared to the one-component 

model, fits our data better. While the one-component model gives an estimate of average 

diffusivity, the two-component model estimates 𝐾𝑛𝑢𝑐 = 𝑘𝑜𝑛 𝑘𝑜𝑓𝑓⁄ , or, equivalently, the ratio of 

free Dl to DNA bound Dl. Taken together, our results suggest that there is a DV asymmetry in 

the efficiency with which Dl can bind to the DNA. On the ventral side of the embryo, a 

significant fraction of Dl binds DNA, which is correlated with a low diffusivity of nuclear Dl, 

and likely contributes to a low nuclear export rate constant. In contrast, on the dorsal side, the 

very small amount of nuclear Dl binds the DNA at a low frequency, and also has a high 

diffusivity and nuclear export rate.  

What could be causing the DV variation in Dl mobility and Dl/DNA interactions (Fig. 

5E,F)? One possibility is the Toll-mediated phosphorylation of Dl on the ventral side of the 

embryo (Fig. 5F). Accordingly, Toll signaling not only disrupts Dl/Cact complex, but also 

phosphorylates Dl to potentiate its entry into the nucleus 35,42–44. Thus, at least in part, Toll 

signaling likely explains the lower nuclear export rate constant on the ventral side. In support of 

this, our mutant analysis shows that the DV gradient in Dl movement correlates with the Toll 

signaling gradient. On the other hand, if a significant fraction of Dl is immobilized on the ventral 

side, this would entail a lower value for the measured nuclear export rate and movement index, 

which implies that Dl/DNA interactions are also likely to play a part in the lowered nuclear 

export rate. And while it is possible that phosphorylated Dl, in addition to its higher affinity for 

the nucleus, also gains a higher affinity for DNA binding (and thus has a slower mobility on the 

ventral side), no support for such an altered affinity for DNA has been previously shown.  
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Therefore, we propose that, in addition to Toll signaling possibly reducing the nuclear 

export rate on the ventral side, the presence of Dl-GFP/Cact complex in the nuclei on the dorsal 

side of the embryo may reduce the Dl/DNA binding (and thus, increase average Dl diffusivity), 

as well as increase the measured nuclear export rate (Fig. 5E). If nuclear Dl on the dorsal side is 

free Dl, and not Dl/Cact complex, then it should have the same ability to bind DNA as free Dl in 

ventral nuclei, and thus the mobility should be the same. However, if the predominant species in 

the dorsal-most nuclei is Dl/Cact complex, then it would have high average mobility, owing to 

the fact that it cannot bind DNA 30,31. Accordingly, our recent modeling work has shown that the 

presence of Dl/Cact complex in the nuclei explains the dynamics of Dl-Venus measurements, as 

well as downstream gene expression, while free Dl alone cannot 3,48,49. In comparison, 

mammalian IκB, the homolog of Cact, enters the nucleus to regulate NF-κB dimers 57. 

Furthermore, newly-formed NF-κB/IκB complexes are then rapidly exported from the nuclei; if a 

similar relationship holds in Drosophila, the presence of Dl/Cact complex would also explain the 

higher nuclear export rate on the dorsal side of the embryo.  

Primarily, Cact acts to tether Dl to the cytoplasm and prevent nuclear translocation. 

Indeed, loss of Cact function permits intermediate levels of Dl to enter the nuclei, even on the 

dorsal side of the embryo. However, recent secondary, positive roles for Cact in the formation of 

the Dl gradient have been discovered. Because Cact is degraded on the ventral side of the 

embryo, there is a DV gradient of Dl/Cact complex, which results in a ventrally-directed net flux 

of Dl 47. Furthermore, recent experimental work has suggested a pool of Cact fragments, which 

are refractory to Toll signaling, are able to bind and potentiate Dl signaling on the ventral side of 

the embryo, possibly through transport as well 46. In addition to these roles for Cact in 

establishing the Dl gradient, our proposed mechanism of Cact-mediated regulation of Dl levels 
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inside the nuclei further highlights the multifaceted nature of Cact function. Thus, incorporating 

quantitative measurements of the Dl/Cact complex should be the next step towards gaining 

future insights into morphogen signaling and mechanisms required for embryonic patterning.  
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STAR Methods 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 

Fly Stocks and Preparation 

Drosophila melanogaster stocks were kept on corn meal molasses food in vials or bottles 

at 25°C and all crosses were performed at 25°C. Drosophila embryos, that were about 1-2 hrs 

old, were collected and mounted on slides for imaging. Briefly, flies were left to deposit eggs on 

fresh grape juice agar plates with yeast paste for 30-45 min. Those embryos were then aged to 30 

min to reach the desired developmental stage. Those embryos are then brushed from the grape 

juice agar plates into a mesh basket using a paint brush and DI water. The embryos were 

dechorionated using bleach and then washed with DI water (Carrell & Reeves 2009).  

dl-mGFP (Dl-GFP) was created by BAC recombineering and dl1.2.5 flies were generated 

by cleaning up dl1 via two homologous recombinations with yw (Carrell et al. 2017). Flies 

carrying dl1.2.5 were crossed to flies carrying H2A-RFP on the second chromosome (BS# 

23651) to generate flies that have dl1.2.5,H2A-RFP transgene on the second chromosome. 

H2ARFP,dl1.2.5,dl-mGFP flies were created by homologous recombination (Carrell et al. 2017). 

The generation of Tollr4 and Toll10B mutant embryos has been previously described (Stathopoulos 

et al. 2002). Other Drosophila strains were obtained from the Bloomington (BL) stock center, 

namely pll2 (BL3111) and pll7 (BL3112). 

METHOD DETAILS 

Mounting and Imaging of Drosophila embryos 

Drosophila embryos that were 1-2 hrs old were mounted laterally on a microscope slide 

using a mixture of heptane glue (Supatto et al. 2009) and two pieces of double-sided tape to 

prevent sample movement (Carrell & Reeves 2015). Embryos were imaged on a Zeiss LSM 710 
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confocal microscope using a 40x 1.2NA water objective. Embryos in nuclear cycle 12 to 14 were 

selected using the H2A-RFP marker. Embryos undergoing cell division (as visualized by the 

H2A-RFP marker) were not used in for analysis as cell division alters the endogenous Dl 

distribution.  

For image acquisition consistent with RICS analysis, a 256 x 256 pixel region of interest 

of the embryo was selected for measurements (Supplemental Figure 1). The pixel size of the 

region varied from 40nm to 100nm to include different numbers of nuclei. The 488nm (green) 

laser intensity ranged from 0.5% to 3.0% and the 570nm (red) laser intensity ranged from 0.1% 

to 0.2%. The region of interest was raster scanned with a pixel dwell time of 6.30us for 200 

frames (total imaging time of approximately 1.5 minutes).  The range of imaging parameters is 

reported in Table S1. 

For image acquisition consistent with pCF analysis, a 32x1 line scan through 2 to 4 nuclei 

was used as the region of interest (Fig. 2A). The pixel size was not set for each image but, 

instead, varied between 40-100nm according to the region of interest selected. The laser 

intensities varied as in the RICS imaging. The line was scanned with a pixel dwell time of 6.30us 

for 200,000 to 400,000 time points (total imaging time of approximately 1.5 to 3 minutes). The 

range of imaging parameters is reported in Table S1. 

In the photobleaching experiments, embryos were dechorionated, mounted, and imaged 

using the same protocol as described above. Individual nuclei were chosen at random across the 

embryo.  The following parameters were kept constant: bleaching box, ~700 pixels (26.46 

microns by 26.46 microns); bleaching time (amount of time the laser bleached the nuclei), ~20 

seconds; number of cycles, 30; and 488nm laser power, 50%. Each bleaching session lasted 
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about 30 minutes (Movie S3) and was followed by imaging the entire depth of the embryo. Two 

nuclei per embryo were imaged in a single session.  

Raster Image Correlation Spectroscopy (RICS) analysis using MATLAB implementation 

Analysis of time series images consistent with RICS analysis is briefly described here 

(see Supplementary Experimental Procedures for more information). First, for each frame 𝑖 (of 

size 256×256 pixels) in the Dl-GFP channel, a background subtraction by the average of a 

sliding window with a five-frame radius was performed to remove the effect of global movement 

of large structures 58. Next, the average intensity of every pixel in the sliding window was added 

back to frame 𝑖 to ensure the frame intensity was not near zero, to yield array 𝐼. Finally, to obtain 

the ACF for frame 𝑖, we computed the following for all pixel shifts 𝜉, 𝜂: 

𝐺𝑖(𝜉, 𝜂) =
〈𝐼(𝑥, 𝑦)𝐼(𝑥 + 𝜉, 𝑦 + 𝜂)〉 

〈𝐼(𝑥, 𝑦)〉2
, (1) 

where the angle brackets denote ensemble average in both 𝑥 and 𝑦. In practice, 𝐺𝑖(𝜉, 𝜂) is 

evaluated using the fast Fourier transform method 59. The final ACF for total RICS, 𝐺𝑠(𝜉, 𝜂), was 

computed as the average of 𝐺𝑖(𝜉, 𝜂) for all frames 𝑖 in the time series. Cross-correlation 

functions were computed in a similar way, except 𝐼(𝑥 + 𝜉, 𝑦 + 𝜂) was replaced by the analogous 

array from the H2A-RFP channel. 

To compute nuclear RICS, first a nuclear mask for each frame was found. First, noise and 

small regions of high intensity that were not nuclei were removed from the H2A-RFP channel 

through morphological erosion then morphological dilation, followed by Gaussian filtering. 

Next, the top and bottom 2% of pixels were saturated. Hard thresholds were then applied to find 

objects presumed to be the nuclei. Finally, due to the previous morphological erosion operation, 

segmented objects were grown through morphological dilation, resulting in the nuclear mask 
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used for nuclear RICS. The cytoplasmic mask was then found by first taking the complement of 

the nuclear mask, then eroding the cytoplasmic regions. 

The nuclear RICS analysis proceeded the same as that for total RICS, except for each 

frame, the pixels outside the nuclear mask were set to zero. The resulting 𝐺𝑖(𝜉, 𝜂) were 

normalized by an array resulting from the application of Eqn (1) to the nuclear mask instead of to 

array 𝐼. The ACF for cytoplasmic RICS was computed analogously.  

ACFs calculated from the total, nuclear, or cytoplasmic data were fit to a one component 

diffusion model (Fig. 1D-F): 

𝐺𝑠
𝑚𝑜𝑑𝑒𝑙(𝜉, 𝜂; 𝐴, 𝐵, 𝐷) =

𝐴 exp (−
(𝑟 𝑤0⁄ )2

1 + 4𝐷 𝜏 𝑤0
2⁄

)

(1 + 4𝐷 𝜏 𝑤0
2⁄ )√1 + 4𝐷 𝜏 𝑤𝑧

2⁄
, (2) 

 

where 𝑟 = Δ𝑟√𝜉2 + 𝜂2, 𝜏 = 𝜏𝑝𝜉 + 𝜏ℓ𝜂, Δ𝑟 is the pixel size in microns, 𝜏𝑝 and 𝜏ℓ are the 

pixel dwell time and line scan time in seconds, respectively, and 𝑤0 and 𝑤𝑧 are the waist sizes of 

the point spread function in the planar and axial directions, respectively. Equation (2) was fit to 

𝐺𝑠(𝜉, 𝜂) using least squares and varying 𝐴, 𝐵, 𝐷. The parameters Δ𝑟, 𝜏𝑝, 𝜏ℓ, 𝑤0, 𝑤𝑧 were 

microscope parameters and considered fixed. ACFs calculated from the nuclear data were fit to 

two-component and three-component models in the least squares sense (Fig. 4D,E). The 

derivation and application of these models can be found in the Supplementary Experimental 

Procedures. 

Pair Correlation Function (pCF) analysis using SimFCS software 

pCF analysis of the collected line scans was performed using the SimFCS software 

(Digman et al, 2005; https://www.lfd.uci.edu/globals/) as described in Clark and Sozzani, 2017. 

Three pixel distances of 6, 7, and 8 pixels were used as technical replicates to account for 

https://www.lfd.uci.edu/globals/
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differences in sizes of nuclei. If Dl-GFP showed movement out of/into a majority of nuclei (no 

black region or black arch in the pCF carpet), that image was assigned a movement index of 1. 

Otherwise, if the majority of Dl-GFP showed no movement (black vertical region in the pCF 

carpet), that image was assigned a movement index of 0 (Fig. 2A). The 3 technical replicates 

were then averaged for each biological replicate. The analysis was repeated for the line scan in 

the reverse direction, resulting in 6 total technical replicates per image.  

Fluorescence Recovery After Photobleaching (FRAP) Analysis 

Each FRAP experiment was analyzed according to the following procedure (see 

Supplementary Experimental Procedures for more information).  First, the image sequence was 

stabilized using a standard optical flow protocol, which was necessary because the embryo 

sometimes moved very slightly during imaging (see Supplementary Experimental Procedures; 

Carrell et al., 2017). Next, the H2A-RFP channel was segmented to find the nuclei and 

cytoplasm in a manner similar to the RICS images (see Supplementary Experimental Procedures 

for more information and relevant differences). The intensity of Dl-GFP in the bleached nucleus 

was fit to a differential equation that describes nuclear import and export of Dl-GFP (see 

Supplementary Experimental Procedures; Carrell et al., 2017), which yielded estimates of the 

nuclear import rate constant, 𝑘𝑖𝑛, and the import/export equilibrium constant, 𝐾𝑛𝑢𝑐 ≡ 𝑘𝑖𝑛 𝑘𝑜𝑢𝑡⁄ .  

Mathematical models of nuclear Dorsal and DNA binding 

In the two-component model (see Fig. 4), we assume Dl is present in the nucleus in two 

states in equilibrium: bound to DNA and unbound. Unbound Dl is free to diffuse in the nucleus 

with diffusivity of 2.3 μm2/s, while DNA-bound Dl is immobile. Dl can bind to DNA with a 

binding rate constant of 𝑘𝑜𝑛
′  and dissociates from the DNA with rate constant 𝑘𝑜𝑓𝑓 = 0.025 s-1. 
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We varied 𝐾𝐷𝑁𝐴 ≡ 𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓⁄ , which is related to 𝜑, the fraction of Dl that is unbound, from near 

infinity to near zero. See Supplementary Experimental Procedures for more details.  

QUANTIFICATION AND STATISTICAL ANALYSIS 

Non-linear least squares was used to fit Equation (2) to the RICS ACFs. The fitted 

diffusivity value is t-distributed, and a standard error for the diffusivity (radius of a 68% 

confidence interval) was calculated. With the exception of five time course image stacks of 

nuclear RICS either on the dorsal side of wild type embryos, or in pll2/7 embryos (the two cases 

in which nuclear intensity is very low), for all fitted diffusivities, the standard error was less than 

4 μm2/s. This was used as a filter for the data; the five time course image stacks in which the 

standard error was greater than 4 μm2/s were removed from analysis.  

For the diffusivity of Dl calculated by RICS (Fig. 1D-F), the ccRICS data (ratio of 

amplitudes; Fig. 3C,D), and for the correlation between nuclear diffusivity and φ (Fig. 4E), 

simple linear least squares regression was applied. The slope of the regression trend line is t-

distributed with 𝑛-2 degrees of freedom, where 𝑛 is the number of data points. Reported p-values 

are for t-tests with the null hypothesis that the slope is zero.  

For the pCF data (Fig. 2), a Chi-squared test with likelihood ratio was used to test if the 

proportion of Movement Index (MI) values that were less than 0.5 was different for movement 

measured into the nucleus vs movement measured out of the nucleus. The Chi-squared test was 

performed using JMP software (https://www.jmp.com/).  

The FRAP data (Fig. 2C,D) was tested for significance by t-test. The null hypothesis was 

that the rate constant of nucleocytoplasmic shuttling (𝑘𝑖𝑛 or 𝑘𝑜𝑢𝑡) did not differ between ventral 

and dorsal sides. 

https://www.jmp.com/
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For all tests, a p-value less than 0.05 was considered significant, and for the Chi-Squared 

test we also consider the two p-values that were less than 0.07 as significant (Fig. 2). The 

statistical tests performed on each sample are listed in the Results text as well as the figure 

legends. Sample sizes are indicated on the figures. Means and standard errors are reported in the 

Results. 

DATA AND SOFTWARE AVAILABILITY 

Images, tables, and sequencing results will be uploaded to a data repository, Data Dryad. 

Accession numbers will be available upon notification of acceptance for publication. Matlab 

codes will be uploaded to NCSU resource github.ncsu.edu and will also be available from the 

Reeves Lab website.  
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Figures 

 
 

Figure 1: RICS analysis reveals a dorsal-ventral asymmetry in the mobility of Dl. (A) 

Representative image of Dl-GFP used for RICS analysis. Scale bar = 1 μm.  (B,C) Plots of the 

autocorrelation function (ACF) of the image in A. (B) 3D plot of the ACF. Blue and red open 

circles represent the slice of the 3D surface for the fast and slow directions, respectively. (C) Plot 

of the fast and slow slices of the 3D ACF. Blue and red open circles (experimental data) 

correspond to those found in (B). The experimental data (open circles) are fit using a diffusion 

model (solid curves). The data and fit are separated into two components, the “fast” (ξ, 

blue/cyan) and “slow” (η, red/magenta) directions. (D-F) Boxplots of the diffusivity of Dl-GFP 

measured using RICS on the entire imaging frame (nuclear plus cytoplasmic) (D), nuclear 

regions only (E), or cytoplasmic regions only (F). The left side of the plots (gray) contains 

wildtype embryos, while the right side (white) contains mutant embryos. Blue represents 

ventral/”ventral-like”, orange represents lateral/”lateral-like”, and yellow represents 

dorsal/”dorsal-like” measurements. Solid dots represent individual measurements. Black line is a 

linear regression fitted to the data. p-values for the slope of the trendline being zero are indicated 

on the graph. Sample sizes indicated on graph.  
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Figure 2: pCF analysis and FRAP reveal a dorsal-to-ventral asymmetry in nuclear export 

of Dl. (A) Representative images of Dl-GFP on the ventral (top left image) and dorsal (top right 

image) sides of the embryo with their respective pCF carpets (bottom left and bottom right). 
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Figure 2 (Continued) Scale bar = 2um. Arrow represents the direction of the line scan. Magenta 

circles in dorsal side image outline the two nuclei crossed by the line scan.  White, dashed line 

represents areas where Dl-GFP movement is measured out of the nucleus. Orange, dashed lines 

in the carpet label arches which indicate delayed Dl-GFP movement, while green, solid lines 

demarcate black regions of the carpet which indicate no Dl-GFP movement. (B) Percent of 

embryos that have high (Movement Index (MI) > 0.5, orange) and low (MI ≤ 0.5, blue)  Dl-GFP 

movement either out of (out) or into (in) the nucleus. * denotes p<0.07, ** denotes p<0.05, Chi-

squared test with likelihood ratio. (C) Representative trace of nuclear (blue) and cytoplasmic 

(red) Dl-GFP fluorescence in the FRAP experiments. Yellow curve is the fit of the fluorescence 

recovery equation. (D) Boxplots of the nuclear import (left side, gray background) or export 

(right side, white background) rate constants measured using FRAP on either the ventral (v) or 

dorsal (d) regions of the embryo.  p-values testing if the rate constants on the ventral side are 

equal those on the dorsal side are indicated on the graph. Sample sizes indicated on graph. 
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Figure 3: Cross-correlation RICS analysis of DNA-bound Dl. (A) Autocorrelation function of 

Dl-GFP, with nuclear mask, on ventral side. (B) Cross-correlation between Dl-GFP and H2A-

RFP, with nuclear mask, from same image used to calculate (A). (C) Boxplot of the ratio of the 

cross-correlation amplitude to the autocorrelation amplitude (Acc Aac⁄ ). The left side of the plots 

(gray) contains wildtype embryos, while the right side (white) contains mutant embryos. Blue 

represents ventral/”ventral-like”, orange represents lateral/”lateral-like”, and yellow represents 

dorsal/”dorsal-like” measurements. Solid dots represent individual measurements. Black line is a 

linear regression fitted to the data.  p-values for the slope of the trendline being zero are indicated 

on the graph. Sample sizes indicated on graph. (D) Plot of the ratio Acc Aac⁄  (y-axis) versus 

diffusion coefficient returned by RICS (x-axis).  Blue solid dots represent measurements from 

wild type embryos, while red open circles are measurements from mutant embryos. Black line is 

a linear regression fitted to the data.  p-value for the slope of the trendline being zero are 

indicated on the graph. Sample sizes indicated in legend. 
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Figure 4: One- and two-component diffusion models quantify the relationship between 

DNA binding and mobility of Dl. (A) Illustration of the two-component model. Dl (black 

circles) can diffuse and reversibly bind DNA. Dl bound to DNA is immobile. In contrast to the 

one-component diffusion model, in which Dl is freely diffusible and does not bind to DNA. 

(B,C) One-component diffusion model (solid curves) fit to a simulated two-component 

autocorrelation function (ACF) (open circles) for (B) 90% freely diffusible Dl and 10% DNA-

bound Dl (φ =0.9) and (C) 30% freely diffusible Dl and 70% DNA-bound Dl (φ = 0.3).  The data 

and fit are separated into two components, the “fast” (ξ, blue/cyan) and “slow” (η, red/magenta) 

directions. (D) Comparison of one-component (dashed curves) and two-component (solid 

curves) diffusion models fit to experimental RICS data (open circles). (E) Plot of the proportion 

of free Dl (φ, y-axis) versus the diffusion coefficient of free Dl returned from the one-component 

diffusion model (x-axis). Black line is a linear regression fitted to the data.  p-value for the slope 

of the trendline being zero are indicated on the graph. Sample size indicated on graph. 
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Figure 5: Variation of Dl mobility along the DV axis. (A) (top left) Depiction of the different 

embryo domains, ventral (blue region), lateral (orange region), and dorsal (yellow region). 

(bottom left) Schematic of ventral side of embryo. High levels of activated Toll (magenta 

receptors) result in the destruction of Cact and phosphorylation of Dl. Free Dl enters the nucleus, 

so GFP fluorescence is mostly nuclear. Free Dl in the nucleus binds to DNA, which lowers the 

overall mobility of Dl species, and exits the nucleus at a slow rate.  
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Figure 5 (Continued) (bottom right) Schematic of lateral domain of embryo. Lower levels of 

Toll activation lead to a mixture of free and Cact-bound Dl. Nuclear and cytoplasmic levels of 

GFP fluorescence are roughly equal. Dl has a higher mobility due to lower fraction of Dl bound 

to the DNA. Dl exits the nucleus faster than on the ventral side. (top right) Schematic of the 

dorsal domain of the embryo. Little-to-no free Dl is present, so Dl-GFP fluorescence is mostly 

cytoplasmic. High mobilities stem from no DNA binding. (B-E)  Graphical summary of the DV 

asymmetry in the data. (B,C) Both diffusivity (one-component RICS measurement) and nuclear 

export rate constant (one component bleaching recovery model) are low on the ventral side and 

high on the dorsal side. (D) The binding efficiency between Dl and DNA is high on the ventral 

side and low on the dorsal side. We propose that Dl/DNA binding is partially responsible for the 

DV asymmetry in both the diffusivity and nuclear export rate measurements. (E) We propose 

that the presence of Dl/Cact complex in the nucleus (low on ventral side; high on dorsal side) 

contributes to the lack of Dl/DNA binding, as well as the higher nuclear export rate on the dorsal 

side. (F) Toll signaling (high on ventral side; low on dorsal side) also likely plays a significant 

part in the DV asymmetry in the nuclear export rate and may also contribute to the DV 

asymmetry in Dl/DNA binding, in addition to its primary function to limit Dl/Cact complex on 

the ventral side. 

 

 

  



   

195 

 

Supplemental Information 

Derivation of integral formula to calculate autocorrelation function of any arbitrary set of 

reaction/diffusion PDEs in single-point FCS 

To derive the integral formula to calculate the autocorrelation function of raster scanning 

fluctuation spectroscopy, such as RICS, we first derive the formula for the autocorrelation 

function for fixed point FCS. This FCS derivation is also given in an alternate form in 

(Krichevsky and Bonnet, 2002). 

Consider a set of partial differential equations of the following form: 

𝜕𝐜

𝜕𝑡
= D∇2𝐜 + 𝐟(𝐜), (S1) 

where the 𝑁 × 1 column vector, 𝐜, represents the state variables of the system (some or all of 

which are fluorescent), D represents an 𝑁 × 𝑁 diagonal matrix in which the diffusivity of state 

variable 𝑐𝑖 is the 𝑖𝑡ℎ diagonal element of D, and 𝑁 × 1 column vector 𝐟 is a continuously 

differentiable, non-linear function of the state variables. Consider the steady state solution to this 

set of PDEs to be 𝐜. The fluctuations 𝛿𝐜 about that average, steady state value, due to particular 

micro-level rearrangements of molecules, are governed by: 

𝜕𝛿𝐜

𝜕𝑡
= D∇2𝛿𝐜 + J(𝐜)𝛿𝐜, (S2) 

where J(𝐜) is the Jacobian matrix evaluated at the steady state 𝐜.  

Equation (2) can be reduced to a set of ODEs by applying a set of Fourier transforms (one for 

each spatial direction): 

𝑑𝛿�̃�

𝑑𝑡
= −𝐪2D𝛿�̃� + J(𝐜)𝛿�̃� = A𝛿�̃�, (S3) 
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where 𝛿�̃� is the Fourier transform of 𝛿𝐜, A ≡ −𝐪2D + J(�̅�), and 𝐪 ≡ [𝑞𝑥 𝑞𝑦 𝑞𝑧]𝑇. In this 

notation, 𝑞𝑥, 𝑞𝑦, 𝑞𝑧 are the Fourier variables that replace the Cartesian variables 𝑥, 𝑦, 𝑧, 

respectively. The solution to this system of ODEs is: 

𝛿�̃�(𝐪, 𝑡) = exp(𝑡A(𝐪)) 𝛿�̃�(𝒒, 0) = V(𝐪)E(𝐪, 𝑡)V(𝐪)−1𝛿�̃�(𝒒, 0), (S4) 

where V is the matrix of resulting from concatenating the column eigenvectors of A, E is an 

𝑁 × 𝑁 diagonal matrix with exp(𝜆𝑖𝑡) as the 𝑖𝑡ℎ element, and 𝜆𝑖 is the 𝑖𝑡ℎ eigenvalue of A. Note 

that 𝜆𝑖 must correspond to the eigenvector in the 𝑖𝑡ℎ column of V. Also note that the 

dependencies on 𝑡 and 𝐪 have been made explicit. 

The system is subjected to illumination by a focused laser, with excitation density given by 𝐼(𝐫). 

This results in the collection of 𝑛(𝑡) photons. In reality, this quantity 𝑛 is discrete in time, as 

photon counting mechanisms collect photons over sampling time Δ𝑡. The photon count at time 𝑡 

is (Krichevsky and Bonnet, 2002): 

𝑛(𝑡) = Δ𝑡∫ 𝑑𝐫𝐼(𝐫)𝐐𝑇𝐜, (S5) 

where 𝐐 is a column vector in which element 𝑖 is a measure of the fluorescence emission 

efficiency of molecular species 𝑖. Similarly, the fluctuations, 𝛿𝑛, about the mean photon count, 

�̅�, are given by Equation (5), with 𝛿𝐜 substituted for 𝐜, and �̅� is given by Equation (S5), but with 

�̅� substituted for 𝐜. 

Under these conditions, the autocorrelation function is given by (Krichevsky and Bonnet, 2002): 

𝐺(𝑡) =
(Δ𝑡)2

�̅�2
∫ ∫ 𝑑𝐫𝑑𝐫′〈𝐼(𝐫)𝐐𝑇𝛿𝐜(𝐫, 0)𝐼(𝐫′)𝐐𝑇𝛿𝐜(𝐫′, 𝑡)〉, (S6)  

where the angle brackets indicate ensemble average. In Equation (S6), note that 𝐼(𝐫) and 𝐐 are 

time independent, that the product 𝐐𝑇𝛿𝐜 is a scalar, and therefore 𝐐𝑇𝛿𝐜 = 𝐐𝛿𝐜𝑇 Using these 

properties, Equation (S6) can be rearranged to: 
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𝐺(𝑡) =
(Δ𝑡)2

�̅�2
∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫)𝐼(𝐫′)𝐐𝑇〈𝛿𝐜(𝐫′, 𝑡)𝛿𝐜(𝐫, 0)𝑇〉𝐐, (S7)  

To evaluate this integral, we will focus on evaluation of the factors in angle brackets. If we apply 

the set of Fourier transforms to 𝛿𝐜(𝐫′, 𝑡), we arrive at: 

𝛿𝐜(𝐫′, 𝑡) = ℑ−1[ℑ[𝛿𝐜(𝐫′, 𝑡)]] = ℑ−1[𝛿�̃�(𝐪, 𝑡)] = ℑ−1[VEV−1𝛿�̃�(𝐪, 0)]

= (2𝜋)−3 2⁄ ∫ 𝑑𝐪𝑒−𝑖𝐪∙𝐫′
VEV−1𝛿�̃�(𝐪, 0), (S8) 

where V and E have been defined previously. As the Fourier transform operators can exchange 

with the ensemble average operators, this implies: 

〈𝛿𝐜(𝐫′, 𝑡)𝛿𝐜(𝐫, 0)𝑇〉 = (2𝜋)−3 2⁄ ∫ 𝑑𝐪𝑒−𝑖𝐪∙𝐫′
VEV−1〈𝛿�̃�(𝐪, 0)𝛿𝐜(𝐫, 0)𝑇〉, (S9) 

In a similar fashion, the initial conditions of the Fourier-space fluctuation, 𝛿�̃�, can be expressed 

as the Fourier transform of the initial conditions of the Cartesian-space fluctuation: 

𝛿�̃�(𝐪, 0) = ℑ[𝛿𝐜(𝐫′′, 0)] = (2𝜋)−3 2⁄ ∫ 𝑑𝐫′′𝑒𝑖𝐪∙𝐫′′
𝛿𝐜(𝐫′′, 0)., (S10) 

Substituting Equation (S10) into (S9): 

〈𝛿𝐜(𝐫′, 𝑡)𝛿𝐜(𝐫, 0)𝑇〉 = (2𝜋)−3∫ 𝑑𝐪𝑒−𝑖𝐪∙𝐫′
∫ 𝑑𝐫′′𝑒𝑖𝐪∙𝐫′′

VEV−1〈𝛿�̃�(𝐫′′, 0)𝛿𝐜(𝐫, 0)𝑇〉, (S11) 

Now note that the two factors inside the angle brackets are both vectors; the first is a column 

vector, while the second is a row vector. The multiplication of these two results in an 𝑁 × 𝑁 

matrix in which the element on the 𝑖𝑡ℎ row, 𝑗𝑡ℎ column is 𝛿𝑐𝑖(𝐫′′, 0)𝛿𝑐𝑗(𝐫, 0). However, the 

correlation of two species at two locations, with a delay time of zero, is zero unless it is the same 

species at the same location. In other words (Krichevsky and Bonnet, 2002): 

〈𝛿�̃�(𝐫′′, 0)𝛿𝐜(𝐫, 0)𝑇〉 = 〈𝛿�̃�(𝐫′′, 0)𝛿𝐜(𝐫, 0)𝑇〉 = C̅𝛿(𝐫 − 𝐫′′), (S12) 

where C̅ is an 𝑁 × 𝑁 diagonal matrix with the elements of 𝐜 on the diagonals, and the 𝛿 denotes 

the Dirac delta function, and does not indicate a fluctuation variable as in other contexts. 

Substituting Equation (S12) into (S11) gives: 
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〈𝛿𝐜(𝐫′, 𝑡)𝛿𝐜(𝐫, 0)𝑇〉 = (2𝜋)−3∫ 𝑑𝐪𝑒−𝑖𝐪∙𝐫′
∫ 𝑑𝐫′′𝑒𝑖𝐪∙𝐫′′

VEV−1C̅𝛿(𝐫 − 𝐫′′)

= (2𝜋)−3∫ 𝑑𝐪𝑒−𝑖𝐪∙𝐫′
𝑒𝑖𝐪∙𝐫VEV−1C̅., (S13) 

Finally, we substitute Equation (S13) into (S7): 

𝐺(𝑡) =
(Δ𝑡)2

�̅�2
(2𝜋)−3∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫)𝐼(𝐫′)∫ 𝑑𝐪𝐐𝑇VEV−1C̅𝐐𝑒−𝑖𝐪∙𝐫′

𝑒𝑖𝐪∙𝐫., (S14) 

Now, if we exchange the order of integration, and collect all factors that do not depend on 𝐫 or 𝐫′ 

outside of the integrals for those spatial variables, we get: 

𝐺(𝑡) =
(Δ𝑡)2

�̅�2
(2𝜋)−3∫ 𝑑𝐪𝐐𝑇VEV−1C̅𝐐∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫)𝐼(𝐫′)𝑒−𝑖𝐪∙𝐫′

𝑒𝑖𝐪∙𝐫., (S15) 

At this point, the two integrals in 𝐫 and 𝐫′ can be separated from each other, which results in 

what amounts to two Fourier transforms of the excitation density function, 𝐼(𝐫): 

𝐺(𝑡) =
(Δ𝑡)2

�̅�2
∫ 𝑑𝐪𝐐𝑇VEV−1C̅𝐐[(2𝜋)−3 2⁄ ∫ 𝑑𝐫𝐼(𝐫)𝑒𝑖𝐪∙𝐫][(2𝜋)−3 2⁄ ∫ 𝑑𝐫′𝐼(𝐫′)𝑒−𝑖𝐪∙𝐫′

] .,

(S16) 

Now, 𝐼(𝐫) is typically taken to be a triple Gaussian: 

𝐼(𝐫) = 𝐼0 exp (−
2(𝑥2 + 𝑦2)

𝑤0
2 −

2𝑧2

𝑤𝑍
2 ) , (S17) 

where 𝑤0 is a measure of the spatial extent of the excitation density in the 𝑥𝑦 plane (usually 

taken to be the radius of the first local minimum in the point spread function), and 𝑤𝑧 is that 

along the axial (𝑧) direction. The Gaussian approximation to the excitation density is useful, as it 

has a very tractable Fourier transform: 

𝐼(𝐪) =
𝐼0𝑤0

2𝑤𝑧

8
exp (−

𝑤0
2

8
(𝑞𝑥

2 + 𝑞𝑦
2) −

𝑤𝑧
2

8
𝑞𝑧

2) ., (S18) 

This definition of 𝐼(𝐫) also allows us to further evaluate �̅�: 

�̅� = Δ𝑡𝐐𝑇�̅�𝐼0𝑤0
2𝑤𝑍

2 (
𝜋

2
)

3 2⁄

., (S19) 
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Substituting Equations (S18,S19) into (S16): 

𝐺(𝑡) =
1

8𝜋3(𝐐𝑇�̅�)2
∫ 𝑑𝐪 exp (−

𝑤0
2

4
(𝑞𝑥

2 + 𝑞𝑦
2) −

𝑤𝑧
2

4
𝑞𝑧

2) 𝐐𝑇VEV−1C̅𝐐., (S20) 

This is the final form of the ACF for single-point FCS. 

Derivation of integral formula to calculate autocorrelation function of any arbitrary set of 

reaction/diffusion PDEs in scanning FCS 

The main difference between single-point FCS and scanning FCS methods (such as RICS) is 

that, in single-point FCS, the excitation density function, 𝐼(𝐫), is fixed, while in scanning FCS, 

its position changes with time. In the latter case, 𝐼(𝐫) is replaced with 𝐼(𝐫 − 𝐫𝑠(𝑡)), where 

𝐫𝑠(𝑡) = [𝜉(𝑡)Δ𝑟 𝜂(𝑡)Δ𝑟]𝑇 is the location of the center of the focused laser, which corresponds 

to the scanning. Here 𝜉 and 𝜂 are the 𝑥 and 𝑦 positions within the image, in pixel numbers, and 

Δ𝑟 is the 𝑥𝑦 pixel size in microns. If the scanning is raster (as in RICS), then the positions 𝜉(𝑡) 

and 𝜂(𝑡) are implicitly given by 𝑡 = 𝜏𝑝𝜉 + 𝜏𝑙𝜂 and 𝜉 ∈ {1,2, … 𝑊}, where 𝜏𝑝 and 𝜏𝑙 are the pixel 

dwell time and the line scan time, respectively, and 𝑊 is the pixel width of the image.  

Given this change to the excitation density, Equation (S7) becomes: 

𝐺𝑠(𝑡) =
(Δ𝑡)2

�̅�2
∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫 − 𝐫𝑠(0))𝐼(𝐫′ − 𝐫𝑠(𝑡))𝐐𝑇〈𝛿𝐜(𝐫′, 𝑡)𝛿𝐜(𝐫, 0)𝑇〉𝐐, (S21)  

where the “𝑠” subscript on 𝐺𝑠(𝑡) denotes the scanning ACF. At this point, one may perform a 

change of variables to a new coordinate system always centered on the excitation density 

function. In that case, an equivalent formulation is (Berland et al., 1996): 

𝐺𝑠(𝑡) =
(Δ𝑡)2

�̅�2
∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫)𝐼(𝐫′)𝐐𝑇〈𝛿𝐜(𝐫′ − 𝐫𝑠(𝑡), 𝑡)𝛿𝐜(𝐫 − 𝐫𝑠(0), 0)𝑇〉𝐐., (S22)  
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The derivation proceeds with every 𝐫 outside of 𝐼(𝐫) replaced with 𝐫 − 𝐫𝑠(0), and every 𝐫′ 

outside of 𝐼(𝐫′) replaced with 𝐫′ − 𝐫𝑠(𝑡) up until and including Equation (S15), whose analog is 

below: 

𝐺𝑆(𝑡) =
(Δ𝑡)2

�̅�2
(2𝜋)−3∫ 𝑑𝐪𝐐𝑇VEV−1C̅𝐐∫ ∫ 𝑑𝐫𝑑𝐫′𝐼(𝐫)𝐼(𝐫′)𝑒−𝑖𝐪∙(𝐫′−𝐫𝑠(𝑡))𝑒𝑖𝐪∙(𝐫−𝐫𝑠(0))., (S23) 

The next step, found in Equation (S16), was to group the factors containing 𝐫 together, and the 

factors containing 𝐫′ together, which resulted in two Fourier transforms of the excitation density 

profile. The same step is considered here, except the 𝐫𝑠 components are factored out of the 

exponentials to create the proper Fourier transforms of the excitation profiles: 

𝐺𝑠(𝑡)

=
(Δ𝑡)2

�̅�2
∫ 𝑑𝐪𝑒𝑖𝐪∙(𝐫𝑠(𝑡)−𝐫𝑠(0))𝐐𝑇VEV−1C̅𝐐[(2𝜋)−3 2⁄ ∫ 𝑑𝐫𝐼(𝐫)𝑒𝑖𝐪∙𝐫][(2𝜋)−3 2⁄ ∫ 𝑑𝐫′𝐼(𝐫′)𝑒−𝑖𝐪∙𝐫′

] .,

(S24) 

From here, the only difference between the single-point and scanning FCS cases is the 

exponential factor, exp (𝑖𝐪 ∙ (𝐫𝑠(𝑡) − 𝐫𝑠(0))). Therefore, the analogy to Equation (S20) 

becomes: 

𝐺𝑠(𝑡) =
1

8𝜋3(𝐐𝑇�̅�)2
∫ 𝑑𝐪𝑒𝑖𝐪∙(𝐫𝑠(𝑡)−𝐫𝑠(0)) exp (−

𝑤0
2

4
(𝑞𝑥

2 + 𝑞𝑦
2) −

𝑤𝑧
2

4
𝑞𝑧

2) 𝐐𝑇VEV−1C̅𝐐.,

(S25) 

Now note that the VEV−1 factor arises from the eigenvalues and eigenvectors of A(𝐪), and the 

only dependence of A on 𝐪 is through 𝐪2. Therefore, VEV−1 is an even function of 𝐪, as is the 

Gaussian factor. If we split the imaginary exponential into odd (imaginary) and even (real) parts: 

exp (𝑖𝐪 ∙ (𝐫𝑠(𝑡) − 𝐫𝑠(0))) = cos (𝐪 ∙ (𝐫𝑠(𝑡) − 𝐫𝑠(0))) + 𝑖 sin (𝐪 ∙ (𝐫𝑠(𝑡) − 𝐫𝑠(0))) , (S26) 
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then we find that the imaginary part integrates to zero, as it is an odd function times two even 

functions, integrated over all space. Therefore, our final formula for the scanning ACF becomes: 

𝐺𝑠(𝑡) =
1

8𝜋3(𝐐𝑇�̅�)2
∫ 𝑑𝐪 cos (𝐪 ∙ (𝐫𝑠(𝑡) − 𝐫𝑠(0))) exp (−

𝑤0
2

4
(𝑞𝑥

2 + 𝑞𝑦
2)

−
𝑤𝑧

2

4
𝑞𝑧

2) 𝐐𝑇VEV−1C̅𝐐., (S27) 

A Two-Component Model with One Diffusible Species and One Non-Diffusible Species 

Here we describe the derivation of the two-component model that is used in Fig. 4. In this two-

component model, it is assumed Dl present in the nucleus can be in two states: free or DNA 

bound. The DNA-bound Dl is assumed to be immobile. We assume the nucleus is spherical with 

radius 𝑅 and with radial symmetry. We assume Dl/Cact complex and Cact are present in the 

nucleus in negligible amounts.  We also assume that free DNA sites are in excess, so that 

[𝐷𝑁𝐴] ≈ [𝐷𝑁𝐴]𝑡𝑜𝑡 = a constant. Therefore, the equations are as follows: 

𝜕[𝐷𝑙]

𝜕𝑡
= 𝐷

1

𝑟2

𝜕

𝜕𝑟
(𝑟2

𝜕[𝐷𝑙]

𝜕𝑟
) − 𝑘𝑜𝑛

′ [𝐷𝑙] + 𝑘𝑜𝑓𝑓𝐵, (S28) 

𝜕𝐵

𝜕𝑡
= 𝑘𝑜𝑛

′ [𝐷𝑙] − 𝑘𝑜𝑓𝑓𝐵, (S29) 

where [𝐷𝑙] and 𝐵 are the concentrations of free Dl-GFP and Dl-GFP/DNA complex, 

respectively, and 𝑘𝑜𝑛
′ = 𝑘𝑜𝑛[𝐷𝑁𝐴]. The parameters 𝑘𝑜𝑛 and 𝑘𝑜𝑓𝑓 are the rate constants of Dl 

binding to and dissociating from the DNA, respectively. The parameter 𝐷 is the diffusivity of Dl-

GFP. 

[𝐷𝑙] has the following boundary conditions: 

𝜕[𝐷𝑙]

𝜕𝑟
|

𝑟=0
= 0, −𝐷

𝜕[𝐷𝑙]

𝜕𝑟
|

𝑟=𝑅
= 𝑘𝑖𝑛,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 − 𝑘𝑜𝑢𝑡,𝐷𝑙[𝐷𝑙]|𝑟=𝑅 , (S30) 
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where [𝐷𝑙]𝑐𝑦𝑡 is the local cytoplasmic concentration of Dl (assumed constant), and 𝑘𝑖𝑛,𝐷𝑙 and 

𝑘𝑜𝑢𝑡,𝐷𝑙 are the nuclear import and export rates of Dl, respectively. It should be noted that, at 

steady state, Equations (1-3) admit a uniform solution to all species, in which Dl/DNA binding 

and nuclear import/export are all in equilibrium. In our RICS analysis, we assume we are 

operating in this regime. The steady state solutions depend on the equilibrium constants 𝐾𝐷𝑁𝐴 =

𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓⁄  and 𝐾𝑛𝑢𝑐,𝐷𝑙 = 𝑘𝑖𝑛,𝐷𝑙 𝑘𝑜𝑢𝑡,𝐷𝑙⁄ : 

[𝐷𝑙]̅̅ ̅̅ ̅ = 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡,    �̅� = 𝐾𝐷𝑁𝐴[𝐷𝑙]̅̅ ̅̅ ̅, (S31) 

where the overbars indicate steady state values. Therefore, the vector �̅� is given by: 

�̅� = 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [1 𝐾𝐷𝑁𝐴]𝑇 ., (S32) 

These equations are linear, and therefore, the fluctuation terms of Dl and Dl/DNA (𝛿[𝐷𝑙] and 

𝛿𝐵, respecetively) are as follows: 

𝜕𝛿[𝐷𝑙]

𝜕𝑡
= 𝐷∇2𝛿[𝐷𝑙] − 𝑘𝑜𝑛

′ 𝛿[𝐷𝑙] + 𝑘𝑜𝑓𝑓𝛿𝐵, (S33) 

𝜕𝛿𝐵

𝜕𝑡
= 𝑘𝑜𝑛

′ 𝛿[𝐷𝑙] − 𝑘𝑜𝑓𝑓𝛿𝐵, (S34) 

From this formulation, the matrices D and J are: 

D = [
𝐷 0
0 0

] , J = [
−𝑘𝑜𝑛

′ 𝑘𝑜𝑓𝑓

𝑘𝑜𝑛
′ −𝑘𝑜𝑓𝑓

] ., (S35) 

We also assume that Dl-GFP is able to fluoresce equally well either free or DNA bound, in 

which case, 𝐐 = [1 1]𝑇. 

If the values of 𝑘𝑜𝑛
′  or 𝑘𝑜𝑓𝑓 are unknown, then one may study the how the binding affinity 

between Dl and the DNA affects the ACF. In this case, the fraction of Dl that is free (i.e., not 

bound to the DNA) is: 
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𝜙 =
[𝐷𝑙]̅̅ ̅̅ ̅

[𝐷𝑙]̅̅ ̅̅ ̅ + �̅�
=

1

1 + 𝐾𝐷𝑁𝐴
=

1

1 + 𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓⁄

., (S36) 

In our simulated two-component systems (Figs. 4B,C), we assumed 𝐷 = 2.3 μm2/s, which is the 

average value of the diffusivity from all of our cytoplasmic RICS measurements, and 𝑘𝑜𝑓𝑓 =

0.0025 s-1 (see below for justification). We varied 𝜙 between zero and one, so that 𝐾𝐷𝑁𝐴 (and 

thus, 𝑘𝑜𝑛
′ = 𝑘𝑜𝑓𝑓𝐾𝐷𝑁𝐴) varied between (near) infinity and zero. For each choice of 𝜙, we 

calculated the ACF resulting from the simulated two-component system and fit one-component 

systems to the two-component ACFs, which resulted in a one-component diffusivity estimate.  

When we fit our two-component model to our RICS data, we once again set 𝐷 = 2.3 μm2/s, 𝑘𝑜𝑓𝑓 

equal to 0.0025 s-1, and allowed 𝑘𝑜𝑛
′  to vary between 10-4 and 1000. We avoided fitting multiple 

biophysical parameters simultaneously to avoid overfitting, which is a problem that we have 

observed in other RICS applications in our lab (not shown). 

A Three-Component Model of Dl/Cact/DNA interactions 

A three-component model that tracks the nuclear concentrations of Dl, Cact, Dl/Cact 

complex, DNA, and Dl/DNA complex, was formulated. We adopt the same assumptions as laid 

out above, except here we assume Dl/Cact complex is present in the nuclei in non-negligible 

amounts. (We still assume Cact is present in the nucleus in negligible amounts). Additionally, we 

assume that Dl and Dl/Cact complex have roughly the same diffusivity, 𝐷, and that the rate of 

Dl/Cact complex dissociation is negligible, as Toll signaling is absent from the nucleus.  

Therefore, in addition to Equations (S28-S30), this model also includes the following equation 

and boundary conditions for Dl/Cact complex: 

𝜕[𝐷𝐶]

𝜕𝑡
= 𝐷

1

𝑟2

𝜕

𝜕𝑟
(𝑟2

𝜕[𝐷𝐶]

𝜕𝑟
) , (S37) 
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𝜕[𝐷𝐶]

𝜕𝑟
|

𝑟=0
= 0, −𝐷

𝜕[𝐷𝐶]

𝜕𝑟
|

𝑟=𝑅
= 𝑘𝑖𝑛,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡 − 𝑘𝑜𝑢𝑡,𝐷𝐶[𝐷𝐶]|𝑟=𝑅 , (S38) 

where [𝐷𝐶] is the concentration of Dl-GFP/Cact complex in the nucleus, [𝐷𝐶]𝑐𝑦𝑡 is the local 

cytoplasmic concentration of species Dl/Cact complex (assumed constant), and 𝑘𝑖𝑛,𝐷𝐶 and 

𝑘𝑜𝑢𝑡,𝐷𝐶 are the nuclear import and export rates of species Dl/Cact complex, respectively. As 

before, at steady state, Equations (S28-S30,S37,S38) admit a uniform solution to all species. The 

steady state solutions, which are given in Equation (S31) and as [𝐷𝐶]̅̅ ̅̅ ̅̅ = 𝐾𝑛𝑢𝑐,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡, depend 

on the equilibrium constants 𝐾𝐷𝑁𝐴 = 𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓⁄ , 𝐾𝑛𝑢𝑐,𝐷𝑙 = 𝑘𝑖𝑛,𝐷𝑙 𝑘𝑜𝑢𝑡,𝐷𝑙⁄ , and 𝐾𝑛𝑢𝑐,𝐷𝐶 =

𝑘𝑖𝑛,𝐷𝐶 𝑘𝑜𝑢𝑡,𝐷𝐶⁄ . 

Therefore, the vector �̅� is given by: 

�̅� = [[𝐷𝑙]̅̅ ̅̅ ̅ �̅� [𝐷𝐶]̅̅ ̅̅ ̅̅ ]𝑇  = [𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 𝐾𝐷𝑁𝐴𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 𝐾𝑛𝑢𝑐,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡]𝑇 .,

(S39) 

The fluctuation terms of Dl and Dl/DNA were previously given in Equations (33-34). The 

fluctuation of Dl/Cact complex is given by: 

𝜕𝛿[𝐷𝐶]

𝜕𝑡
= 𝐷∇2𝛿[𝐷𝐶]., (S40) 

From this formulation, the matrices D and J are: 

D = [
𝐷 0 0
0 0 0
0 0 𝐷

] , J = [

−𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓 0

𝑘𝑜𝑛
′ −𝑘𝑜𝑓𝑓 0

0 0 0

] ., (S41) 

As before, we assume that Dl-GFP is able to fluoresce equally well either free or bound to DNA 

or Cact, in which case, 𝐐 = [1 1 1]𝑇. 

Under these conditions, there are two parameters that control the fraction of total Dl (free Dl + 

Dl/Cact complex + Dl/DNA): 𝐾𝐷𝑁𝐴, or, equivalently, 𝜙, given by Equation (36), and 𝜌: 
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𝜌 ≡
𝐾𝑛𝑢𝑐,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡

𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡
., (S42) 

The vector �̅� can thus be expressed as �̅� = 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [1 𝐾𝐷𝑁𝐴 𝜌]𝑇. In the real embryo, 

𝐾𝐷𝑁𝐴 is likely constant along the DV axis, as are 𝐾𝑛𝑢𝑐,𝐷𝐶 and 𝐾𝑛𝑢𝑐,𝐷𝑙. The exception would be if 

Toll-mediated phosphorylation of Dl modified 𝑘𝑖𝑛,𝐷𝑙 or 𝑘𝑜𝑢𝑡,𝐷𝑙 (see, for example, Whalen and 

Steward, 1993 and Drier et al., 1999, 2000). On the other hand, 𝜌 varies strongly with DV 

position due to a varying ratio of [𝐷𝐶]𝑐𝑦𝑡 [𝐷𝑙]𝑐𝑦𝑡⁄ . Therefore, the three component model would 

predict that the apparent diffusivity of Dl is dependent on 𝜌 (or, equivalently, 𝜒; see Equation 

(S44) below). 

When we fit this model to our RICS data, we set 𝑘𝑜𝑛
′ = 0.01 s-1, 𝜙 = 0.2, which corresponds to 

𝐾𝐷𝑁𝐴 = 4, and thus, 𝑘𝑜𝑓𝑓 = 0.0025 s-1, and we allowed 𝜌 to be the only variable parameter. 

Bounds on 𝜌 were set to be 10-4 to 1000.  

𝑘𝑜𝑛
′ = 0.01 s-1 was chosen for the following reason. First, mass transfer arguments suggest that 

values of 𝑘𝑜𝑛 fall between 105 and 106 M-1 s-1. Next, we assumed 104 DNA sites for Dl to bind 

to. If we count these DNA sites as continuously scattered throughout the nucleus, which has a 

diameter of roughly 5 microns, then 𝑘𝑜𝑛
′ = 𝑘𝑜𝑛 × 104 𝑉𝑛𝑢𝑐𝑙𝑒𝑢𝑠⁄ ≈ 0.01 s-1. 𝜙 = 0.2 was chosen 

because it is roughly the average value of 𝜙 in our two-component model fit to the RICS data 

sets in which the nuclear diffusivity of the one-component model was less than 0.1 μm2/s (see 

Fig 4E). As described in the previous section, we avoided fitting multiple biophysical parameters 

simultaneously to avoid overfitting. 
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Reduction of the Three-Component Dl/Cact/DNA Model into a Two-Component Model 

The three-component model that was introduced previously can be simplified to a two-

component model, which we call the “reduced model”. The reduced model was used in Fig. 4. 

First, Equations (S28) and (S37) can be summed to produce: 

𝜕𝐴

𝜕𝑡
= 𝐷

1

𝑟2

𝜕

𝜕𝑟
(𝑟2

𝜕𝐴

𝜕𝑟
) − 𝑘𝑜𝑛

′ [𝐷𝑙] + 𝑘𝑜𝑓𝑓𝐵, (S43) 

where 𝐴 is defined as [𝐷𝑙] + [𝐷𝐶]. If free Dl is just a fraction of 𝐴, then [𝐷𝑙] = 𝜒𝐴, where  

𝜒 =
[𝐷𝑙]

𝐴
=

[𝐷𝑙]

[𝐷𝑙] + [𝐷𝐶]
=

𝐾𝑒𝑞,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡

𝐾𝑒𝑞,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 + 𝐾𝑒𝑞,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡
=

1

1 + 𝜌
, (S44) 

where 𝜌 is defined in Equation (S42). This converts Equation (S43) into: 

𝜕𝐴

𝜕𝑡
= 𝐷

1

𝑟2

𝜕

𝜕𝑟
(𝑟2

𝜕𝐴

𝜕𝑟
) − 𝜒𝑘𝑜𝑛

′ 𝐴 + 𝑘𝑜𝑓𝑓𝐵., (S45) 

While this is a major simplification that ignores the dynamics of Dl/Cact complex, if we use 

Equation (S45) to formulate the fluctuations in non-DNA-bound Dl, 𝛿𝐴, we arrive at: 

𝜕𝛿𝐴

𝜕𝑡
= 𝐷∇2𝛿𝐴 − �̂�𝑜𝑛𝛿𝐴 + 𝑘𝑜𝑓𝑓𝛿𝐵, (S46) 

where we have defined �̂�𝑜𝑛 ≡ 𝜒𝑘𝑜𝑛
′ . This equation is analogous to Equation (S33), and, along 

with Equation (S34), defines a system of fluctuation equations where the diffusion matrix and 

Jacobian are given by Equation (S35), with �̂�𝑜𝑛 replacing 𝑘𝑜𝑛
′ . The vector �̅� becomes: 

�̅� = 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [(1 + 𝜌) 𝐾𝐷𝑁𝐴]𝑇 , (S47) 

where 𝐾𝐷𝑁𝐴 is still defined as 𝑘𝑜𝑛
′ 𝑘𝑜𝑓𝑓⁄ . If we divide �̅� by 1 + 𝜌, we arrive at: 

�̅� = 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [1
𝐾𝐷𝑁𝐴

1 + 𝜌
]

𝑇

= 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [1 𝜒𝐾𝐷𝑁𝐴]𝑇

= 𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡 ∗ [1 (�̂�𝑜𝑛 𝑘𝑜𝑓𝑓⁄ )]
𝑇

, (S48) 
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In the analysis of the two component model, the parameter 𝜙 was defined as the ratio between 

free Dl and total Dl (free + DNA-bound). Here, we define 𝜙 similarly: the ratio between non-

DNA-bound Dl (i.e., free + Cact-bound) and total Dl (free + Cact-bound + DNA-bound). Thus, 

in the reduced model,  

𝜙 =
1 + 𝜌

1 + 𝜌 + 𝐾𝐷𝑁𝐴
=

1

1 +
𝐾𝐷𝑁𝐴

1 + 𝜌

=
1

1 + 𝜒𝐾𝐷𝑁𝐴
=

1

1 + (�̂�𝑜𝑛 𝑘𝑜𝑓𝑓⁄ )
., (S49) 

It can be seen that our reduced model is mathematically identical to our original two-component 

model, with �̂�𝑜𝑛 replacing 𝑘𝑜𝑛
′ . However, the reduced model has an interpretive advantage over 

the original two component model in that it is natural for �̂�𝑜𝑛 = 𝜒𝑘𝑜𝑛
′  to vary with position along 

the DV axis (due to variations in 𝜒), but not necessarily 𝐾𝐷𝑁𝐴 to do so: 

𝜒 =
1

1 + 𝜌
=

1

1 + (
𝐾𝑛𝑢𝑐,𝐷𝐶[𝐷𝐶]𝑐𝑦𝑡

𝐾𝑛𝑢𝑐,𝐷𝑙[𝐷𝑙]𝑐𝑦𝑡
)

., (S50) 

Raster Image Correlation Spectroscopy (RICS) analysis 

Time series images consistent with RICS analysis were analyzed in the following way. 

Let 𝐼0 be the 256×256 pixel Dl-GFP channel frame at time point 𝑡𝑖. A background subtraction by 

𝐼𝑠𝑤, the average of a sliding window with a five-frame radius, was performed to remove the 

effect of global movement of large structures (Digman et al., 2008): 𝐼𝑏𝑠 = 𝐼0 − 𝐼𝑠𝑤. Next, the 

average intensity of every pixel in the sliding window, 𝐼�̅�𝑤, was added back to frame 𝑗 to ensure 

the frame intensity was not near zero, to yield array 𝐼 = 𝐼0 − 𝐼𝑠𝑤 + 𝐼�̅�𝑤. Next, a fast Fourier 

transform of the frame was computed to yield the array 𝐽 = ℱ[𝐼] in the Fourier domain. Next, an 

array 𝑔𝑗 was computed as the inverse Fourier transform of 𝐽 multiplied by its complex conjugate 

on an element-by-element basis: 𝑔𝑗 = 𝐽𝐽∗. Finally, the autocorrelation function, 𝐺𝑗, for frame 𝑗 

was computed as 𝐺𝑗 = 𝑔𝑗 (𝐻𝑊𝐼2̅)⁄ − 1, where 𝐻 and 𝑊 are the original height and width of the 
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image frame, and 𝐼 ̅is the mean intensity of all pixels in 𝐼. The final autocorrelation function, 𝐺𝑠, 

was computed as the average of all 𝐺𝑗 for 𝑗 = 1 … 200. Cross-correlation functions were 

computed in a similar way, except 𝐽 was multiplied by the complex conjugate of the Fourier 

transform of frame 𝑖 from the background-subtracted H2A-RFP channel. 

Due to the fact that photon shot noise is perfectly autocorrelated at position (0,0), the 

computed value of the autocorrelation function at position (0,0) is incorrect. Additionally, noise 

levels can also affect the value of 𝐺𝑠 at position (1,0) (i.e., at 𝜉 = 1, 𝜂 = 0). Both of these pixels 

are interpolated by a quadratic with symmetry at 𝜉 = 0 using the points at (2,0), (3,0), and (4,0). 

This is the same procedure used in the SimFCS software. 

To find nuclear RICS, a nuclear mask for each frame 𝑗 was found in the following 

manner. First, frames one through 200 were divided into 20 groups of ten frames each. In each 

group 𝑘, the ten frames were averaged to produce an average frame. This average frame of group 

𝑘 was eroded with a disk-shaped structuring element of one micron, dilated with a disk-shaped 

element of a half micron, then Gaussian blurred with a standard deviation of a half micron, 

which resulted in a frame called 𝐼𝐸𝐷𝐺 . 

Next, the frame 𝐼𝐸𝐷𝐺  was saturated by 2% at both ends. In other words, the 2nd and 98th 

percentile intensities, 𝑖2 and 𝑖98, respectively, were found, and 𝐼𝐸𝐷𝐺  was rescaled by: 

𝐼𝑟𝑠 =
𝐼𝐸𝐷𝐺 − 𝑖2

𝑖98 − 𝑖2
 

This resulted in a frame with 2% of its pixels less than zero, and 2% greater than one. 

These were set to zero and one, respectively.  

Next, a global hard threshold was chosen based on the microscope zoom-level and time 

point (to account for possible bleaching of the H2A-RFP channel). If the pixel size was less than 

0.05 microns, the threshold to determine the nuclei varied linearly between 0.30 for 𝑘 = 1 and 
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0.15 for 𝑘 = 20, while the threshold to determine the cytoplasm varied linearly between 0.1 for 

𝑘 = 1 and 0.05 for 𝑘 = 20. If the pixel size was greater than 0.05 microns, the global thresholds 

were time invariant: 0.55 for nucleus, and 0.25 for cytoplasm.  

After global thresholding, a hole-filling operation was performed on the nuclei, then the 

nuclei were eroded by 0.5 microns. The cytoplasm was also eroded by 0.5 microns. These 

erosion steps were to create a conservative estimate of nucleus vs cytoplasm. The nuclear or 

cytoplasmic mask for group 𝑘 served as the mask for the frames that composed group 𝑘. 

Once a nuclear mask image, 𝐼𝑛𝑢𝑐, was found for frame 𝑗, all pixels in the array 𝐼 outside 

the mask are set to zero, yielding 𝐼2. Then array 𝑔𝑛𝑢𝑐,𝑗 was computed similar to 𝑔𝑗, but using 𝐼2 

instead of 𝐼. Additionally, an array, 𝐷, analogous to 𝑔𝑛𝑢𝑐,𝑗, was calculated using 𝐼𝑛𝑢𝑐 instead of 

𝐼2. Finally, the autocorrelation function for that frame and mask was calculated as 𝐺𝑛𝑢𝑐,𝑗 =

𝑔𝑗 (𝐷𝐼2̅
2)⁄ − 1, where the division is on a pixel-by-pixel basis, and where 𝐼2̅ is the mean intensity 

of all pixels in 𝐼2 within mask 𝐼𝑛𝑢𝑐. The final autocorrelation function, 𝐺𝑠,𝑛𝑢𝑐, was computed as 

the average of all 𝐺𝑛𝑢𝑐,𝑗 for 𝑗 = 1 … 200. Cross correlation functions using a nuclear mask were 

computed in a similar way as described here and above, except 𝐼2̅ is replaced by the geometric 

mean of the mean intensities of 𝐼2 and the corresponding H2A-RFP image. 

To find cytoplasmic RICS, the same procedures are followed, except mask 𝐼𝑐𝑦𝑡 is used 

instead of 𝐼𝑛𝑢𝑐. 

Analysis of photobleaching time course images  

The general procedure for image analysis of the FRAP experiments was outlined in the 

main text. Further detailed information can be found in (Carrell et al., 2017); here we described 

details of the segmentation of nuclei and of the fitting the fluorescence recovery curve to a 
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differential equation model. These two procedures differ slightly from what was used in (Carrell 

et al., 2017). All images described below were converted from 16-bit arrays to double precision. 

To segment the nuclei, the first observation is that, after frame 1, the bleached nucleus in 

both the Dl-GFP and H2A-RFP channels becomes bleached. This presented a challenge in 

segmenting the bleached nucleus in frames after frame 1. Therefore, to protect the identity of the 

bleached nucleus in the rest of the time course, the average of frames 2-10 were subtracted from 

frame 1, which resulted in a “difference frame” in which the bleached nucleus was the brightest 

object. The difference frame was then Gaussian blurred with standard deviation of a half micron, 

eroded with a disk-shaped structuring element of two microns, dilated with a disk-shaped 

element of a half micron, then blurred again with a standard deviation of a half micron. (Under 

normal circumstances, the first blurring would be unnecessary, but the process of subtracting by 

an average frame resulted in small, crescent-shaped artifacts that arose from when nuclei moved 

slightly.) This procedure removed artifacts from the image and resulted in a frame that further 

highlighted the bleached nucleus (hereafter referred to as 𝐼𝑏𝑛). 

The nuclei were segmented in the following way. First, frame 𝑗 was eroded with a disk-

shaped structuring element of two microns, dilated with a disk-shaped element of a half micron, 

then Gaussian blurred with a standard deviation of a half micron, which resulted in a frame 

called 𝐼𝐸𝐷𝐺 . Next, if 𝑗 > 1, preliminary segmentation was performed using a global threshold 

calculated by Matlab’s “graythresh” function. The mean intensity of all segmented objects was 

calculated. Then, the frame 𝐼𝑏𝑛 was multiplied by a factor 𝐶 and added to 𝐼𝐸𝐷𝐺  to result in 𝐼1, 

where 𝐶 was calculated to ensure the bleached nucleus was three times brighter than the mean 

intensity of all other segmented nuclei. This procedure was to ensure that the bleached nucleus 

would be detected. 
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Next, the frame 𝐼1 (or, if 𝑗 = 1, frame 𝐼𝐸𝐷𝐺) was saturated by 5% at both ends. In other 

words, the 5th and 95th percentile intensities, 𝑖5 and 𝑖95, respectively, were found, and 𝐼1 was 

rescaled by: 

𝐼𝑟𝑠 =
𝐼1 − 𝑖5

𝑖95 − 𝑖5
, or 𝐼𝑟𝑠 =

𝐼𝐸𝐷𝐺 − 𝑖5

𝑖95 − 𝑖5
 if 𝑗 = 1 

This resulted in a frame with 5% of its pixels less than zero, and 5% greater than one. 

These were set to zero and one, respectively.  

Next, a watershed of the complement (one minus) of 𝐼𝑟𝑠 was calculated. The watershed 

image was a label image, where the pixels corresponding to each nucleus plus the cytoplasm 

surrounding it were given a distinct numerical label.  The boundaries between cytoplasmic 

compartments were pixels of zero intensity (see Carrell et al., 2017).  This watershed matrix 

served to delineate the boundaries between cytoplasmic compartments for the remainder of the 

analysis. 

We split the frame into the pixel sets that corresponded to each cytoplasmic compartment 

found by watershed.  Each cytoplasmic compartment was hard-thresholded at its local 25% 

intensity.  The remaining object with the largest area (within the local watershed) was declared to 

be the nucleus, after eroding by a disk of one micron.  All pixels outside of the largest-area 

object (pre-erosion) were eroded by a disk of a half micron then declared to be cytoplasm.  The 

two erosion operations were performed to get conservative estimates of what is the nucleus and 

what is the cytoplasm.  This process was repeated for each cytoplasmic compartment in each 

frame of the image sequence. Afterwards, the mean intensity of each object declared to be a 

nucleus was calculated. Every object that was either less than 30% of this mean intensity, or less 

than 2.15 square microns in area, was removed.  
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To determine the identity of a nucleus from one frame to the next, we used a second 

image stabilization procedure (see STAR Methods and Carrell et al., 2017), which predicted the 

direction of movement of the nuclei from one frame to the next. Briefly, frame 𝑗 and frame 𝑗 − 1 

were Gaussian blurred with a width parameter of 10 pixels. The difference between the two 

blurred frames was called 𝐼𝑡. For frame 𝑗, gradients in the 𝑥 and 𝑦 directions were calculated by 

differencing by columns or rows, respectively, to result in arrays 𝐼𝑥 and 𝐼𝑦, respectively. (Note 

that the differencing procedure results in an array with one fewer row or column. Because of this, 

𝐼𝑡 was intentionally reduced by one row and one column, 𝐼𝑥 was intentionally reduced by one 

row, and 𝐼𝑦 was intentionally reduced by one column.) Now let the pixels corresponding to 

nucleus 𝑘 identified in frame 𝑗 to be pixel indices in vector 𝑣𝑘. If the nucleus moves as a rigid 

body from frame 𝑗 − 1 to frame 𝑗, and any change in intensity occurs uniformly across the whole 

nucleus, then the following equation holds: 

𝐼𝑥(𝑣𝑘)Δ𝑥 + 𝐼𝑦(𝑣𝑘)Δ𝑦 − Δ𝑓 = −𝐼𝑡(𝑣𝑘) 

where Δ𝑥 and Δ𝑦 are the displacements of the nucleus, and Δ𝑓 is the change in intensity 

from frame 𝑗 − 1 to frame 𝑗. In practice, however, the nucleus may change shape slightly, and its 

intensity may change in a non-uniform fashion. Therefore, this equation becomes an over 

determined system with 𝑁𝑘 equations and three unknowns (Δ𝑥, Δ𝑦, and Δ𝑓), where 𝑁𝑘 is the 

number of pixels in the object declared to be nucleus 𝑘. Using linear least squares results in an 

estimate of Δ𝑥 and Δ𝑦. With these estimates for each nucleus in frame 𝑗, the identity of each 

nucleus from frame 1 to the final frame can be connected. In some cases, a nucleus identified in 

frame 𝑗 − 1 will not be identified as an object in frame 𝑗. In this case, this object is dropped for 

one or more frames; however, it may reappear in subsequent frames.  
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The timecourse data for the nuclear intensity were then fit to the solution of a differential 

equation that described the nuclear concentration of Dl: 

𝑑[𝐷𝑙]𝑛𝑢𝑐

𝑑𝑡
= 𝑘𝑜𝑢𝑡(𝐾𝑛𝑢𝑐[𝐷𝑙]𝑐𝑦𝑡 − [𝐷𝑙]𝑛𝑢𝑐) 

…where [𝐷𝑙]𝑛𝑢𝑐 and [𝐷𝑙]𝑐𝑦𝑡 are the nuclear and cytoplasmic concentrations of Dl, 

respectively, 𝑘𝑜𝑢𝑡 is the nuclear export rate constant for Dl, and 𝐾𝑛𝑢𝑐 is the equilibrium constant 

for nuclear import/export of Dl, defined as 𝐾𝑛𝑢𝑐 = 𝑘𝑖𝑛 𝑘𝑜𝑢𝑡⁄ , where 𝑘𝑖𝑛 is the nuclear import rate 

constant for Dl.  This is the relevant difference between our work in this paper vs the work in 

(Carrell et al., 2017): we parameterized our equations by 𝐾𝑛𝑢𝑐 instead of 𝑘𝑜𝑢𝑡. We found this 

resulted in a more robust fit to our data. 

The cytoplasmic concentration timecourse measurements served as input to this equation, 

and the nuclear concentration timecourse measurements were the target of the fit. 

For a general function [𝐷𝑙]𝑐𝑦𝑡(𝑡), the solution to this differential equation is: 

[𝐷𝑙]𝑛𝑢𝑐(𝑡) = 𝑐0 exp(−𝑘𝑜𝑢𝑡𝑡) + 𝐾𝑛𝑢𝑐𝑘𝑜𝑢𝑡exp (−𝑘𝑜𝑢𝑡𝑡) ∫ [𝐷𝑙]𝑐𝑦𝑡(𝑡′) exp(𝑘𝑜𝑢𝑡𝑡′) 𝑑𝑡′
𝑡

0

 

where 𝑡 = 0 corresponds to the time point directly after bleaching, and 𝑐0 is an adjustable 

parameter that corresponds to the concentration of nuclear Dl at time 𝑡 = 0.  The fits were 

performed with Matlab’s lsqcurvefit function. 
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Figure S1: Representative RICS images and ACFs. (A) Fixed nc 14 embryo stained for the Dl 

gradient (same illustration as in Fig. 5). The annotations indicate regions of the embryo that 

correspond to ventral, lateral, and dorsal. The mutant genotypes included denote that Toll10b is 

“ventral-like”, Tollr4 is “lateral-like”, and pll2/7 is “dorsal-like”.  
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Figure S1 (Continued) (B-D) Representative RICS analyses, including snapshot of the Dl-GFP 

channel and H2A-RFP channel, the nuclear and cytoplasmic masks, the heatmap of the ACF for 

total RICS, the ACF for the one-component model fit, the residuals to the fit, and the slices of 

the ACF in the fast and slow directions. Note that the nuclear mask is in white, and the 

cytoplasmic mask in gray. The residuals are defined as the Total ACF minus the fitted ACF. In 

the 2D slices plots, open circles are data, and solid curves are the best fit. Blue open circles and 

cyan solid curve correspond to the fast direction (ξ), while red open circles and magenta solid 

curve correspond to the slow direction (η). (B) Ventral side. (C) Lateral region. (D) Dorsal side. 

(E) Toll10b embryo. (F) Tollr4 embryo. (G) pll2/7 embryo. Related to Fig. 1. 
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Figure S2: pCF and FRAP measurements of movement of Dl-GFP in and out of the 

nucleus. (A) Representative pCF analyses for Toll10b (left column) and pll2/7 (right column) 

embryos. Top row: image frame of region where pCF was performed. Bottom row: pCF carpets 

that correspond to the images in the top row. Scale bar = 2μm. Arrow represents the direction of 

the line scan. Orange, dashed lines in the carpet label arches which indicate delayed Dl-GFP 

movement, while green, solid lines demarcate black regions of the carpet which indicate no Dl-

GFP movement. Toll10b is “ventral-like” and pll2/7 is “dorsal-like”. (B-C) Representative 

snapshots of FRAP experiments for times given at the top of the images for the ventral (B) and 

dorsal (C) sides of the embryo. Movies of full timecourses for the embryos in (B) and (C) are in 

Movies S4 and S5, respectively. Arrowhead in (C) indicates the bleached nucleus. 
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Figure S3: Cross correlation between Dl-GFP and H2A-RFP. (A) Snapshot of Toll10b embryo 

with high correlation between Dl-GFP (green) and H2A-RFP (magenta). The correlation can be 

seen visually, as noted by the white regions in the nuclei in the merged image. (B) Cross-

correlation function for the timecourse shown in (A). (C) Cross correlation function for a 

timecourse from a pll2/7 embryo, in which no correlation is found. Related to Fig. 3. 
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Figure S4: Fitting the one-component model to simulated ACFs from the two- and three-

component models. (A-D) Fits of a one-component model to ACFs simulated by a two-

component model (Fig. 4A) for φ = 0.2 (A), 0.47 (B), 0.49 (C), and 0.8 (D). (E) Simulations 

using a two-component model for the values of φ in (A-D). The ξ-direction (blue circles) is 

constant with respect to φ. However, as φ increases, the η-direction (red circles) moves closer to 

the ξ-direction.  
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Figure S4 (Continued) (F) The fitted one-component diffusivity as a function of φ. There is a 

transition between low and high fitted diffusivity that occurs between φ = 0.47 and φ = 0.49. 

Below this transition, the η-direction is too close to the ξ-direction for the one-component model 

to effectively distinguish between the two directions. This results in the one-component model ξ-

direction to collapse onto the η-direction, which results in a very low fitted diffusivity value. 

Above the transition, there is enough separation between the ξ-direction and η-direction such that 

the one-component model can distinguish between the two directions, which results in a 

moderate fitted diffusivity. The behavior above the transition point results from a large enough 

fraction of diffusible (non-DNA-bound) Dl that the one-component model is more valid. (G) 

Schematic of the three component model. (H-M) Analogous to (A-F), except for the one-

component model being fit to ACFs simulated by a three-component model. Related to Fig. 4. 

 

Table S1. Imaging parameters for RICS and pCF 

Imaging parameter Range of values 

Pixel size 40-100nm 

Pixel dwell time 6.30 µs 

488nm laser power 0.5-3.0% 

561nm laser power 0.1% 
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Chapter 5 - GTL1 and DF1 regulate root hair growth through transcriptional repression of 

ROOT HAIR DEFECTIVE 6-LIKE4 in Arabidopsis 

Shibata, M.*, Breuer, C*, Kawamura, A., Clark, N.M., Rymen, B., Braidwood, L., Morohasi, K., 

Busch, W., Benfey, P.N., Sozzani, R., and Sugimoto, K. 2018. Development 145: dev159707 

*These authors contributed equally to this work 

  



   

221 

 

Contribution 

The research article “GTL1 and DF1 regulate root hair growth through transcriptional 

repression of ROOT HAIR DEFECTIVE 6-LIKE4 in Arabidopsis” was published in the journal 

Development in 2018. I performed the GRN inference and mathematical modeling shown in 

Figure 5, designed Figure 5, wrote the section of the Results titled “GTL1 and RSL4 control root 

hair growth through a negative feedback loop”, and wrote the modeling and network inference 

sections of the Methods. 

  



   

222 

 



   

223 

 



   

224 

 



   

225 

 



   

226 

 



   

227 

 



   

228 

 



   

229 

 



   

230 

 



   

231 

 



   

232 

 



   

233 

 



   

234 

 



   

235 

 



   

236 

 



   

237 

 



   

238 

 



   

239 

 



   

240 

 



   

241 

 



   

242 

 



   

243 

 



   

244 

 

 



   

245 

 

Chapter 6 - TuxNet: A simple interface to process RNA sequencing data and infer gene 

regulatory networks 

de Luis Balaguer, M.A., Spurney, R.J., Clark, N.M.*, Fisher, A.P.*, and Sozzani, R. 2018. Under 

review, Plant Physiology 

*These authors contributed equally to this work 
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Contribution 

The research article “TuxNet: A simple interface to process RNA sequencing data and 

infer gene regulatory networks” is currently under review at Plant Physiology. Therefore, the 

layout and reference style of this chapter follows Plant Physiology formatting guidelines. I 

developed the RTP-STAR method which is shown in Figures 3, 7, and 8 and wrote the sections 

of the paper that relate to RTP-STAR. 
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Appendix A - Measuring Protein Movement, Oligomerization State, and Protein–Protein 

Interaction in Arabidopsis Roots Using Scanning Fluorescence Correlation Spectroscopy 

(Scanning FCS) 

Clark, N.M. and Sozzani, R. 2017. In Plant Genomics: Methods and Protocols. pp. 251-266. 
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Contribution 

The book chapter “Measuring Protein Movement, Oligomerization State, and Protein–

Protein Interaction in Arabidopsis Roots Using Scanning Fluorescence Correlation Spectroscopy 

(Scanning FCS)” was published in the book Plant Genomics: Methods and Protocols in 2017. As 

first author, I wrote the chapter and designed all the figures. 
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Appendix B - Identifying differentially expressed genes using fluorescence-activated cell 

sorting (FACS) and RNA sequencing from low input samples  

Clark, N.M*., Fisher, A.P.* and Sozzani, R. 2018. Accepted for publication in Computational 

Cell Biology.  
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Contribution 

The book chapter “Identifying differentially expressed genes using fluorescence-activated 

cell sorting (FACS) and RNA sequencing from low input samples” was accepted for publication 

in the book Computational Cell Biology in late 2017. Therefore, the layout and reference style of 

this chapter follows Springer formatting guidelines. As co-first author, I wrote the chapter and 

designed all the figures. 
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Identifying differentially expressed genes using fluorescence-activated cell sorting (FACS) and 

RNA sequencing from low input samples  

 

Running head: FACS and RNAseq from low input samples 

 

Authors: Natalie M Clark1,2,†, Adam P Fisher1,†, and Rosangela Sozzani1,2* 

 

1Department of Plant and Microbial Biology, North Carolina State University, Raleigh, NC 

27695 USA 

2Biomathematics Graduate Program, North Carolina State University, Raleigh, NC 27695 USA 

†These authors have contributed equally to this work 

 

*Correspondence: ross_sozzani@ncsu.edu 
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Summary 

Cell type-specific gene expression profiles are useful for understanding genes that are important 

for the development of different tissues and organs. Here, we describe how to perform 

fluorescence-activated cell sorting (FACS) on Arabidopsis root protoplasts to isolate specific cell 

types in the root. We then detail how to extract and process RNA from a very low number of 

cells (≥40 cells) for RNA sequencing (RNAseq). Finally, we describe how to process RNAseq 

data using TopHat and how to identify differentially expressed genes using PoissonSeq. 

 

Key words 

Protoplasting, Fluorescence Activated Cell Sorting, RNA Sequencing, Differential Expression, 

Low Input Samples 

 

 

 

 

 

 

 

 

  



   

304 

 

1. Introduction 

Stem cells are crucial to the development of both plants and animals, as they divide and 

differentiate to form all of the tissues and organs of the organism. An important part of this 

differentiation is the ability of stem cells to produce daughter cells that take on different 

identities. For example, in the Arabidopsis root, there are four stem cell (also called Initial cells) 

populations that divide asymmetrically to generate all of the different tissue layers of the root1. 

Thus, obtaining a cell type-specific profile of gene expression is useful in order to identify genes 

that are important for the development of each of these cell types. However, depending on the 

cell type of interest, it can be difficult to obtain a high enough number of cells to yield sufficient 

RNA for gene expression analysis. Here, we provide instructions on how we can obtain a 

suitable quantity of high quality RNA from a low number of cells (≥40 cells) for RNA 

sequencing (RNA seq). First, we report how Arabidopsis root protoplasts expressing a 

fluorophore can be separated using fluorescence-activated cell sorting (FACS)2. Separating 

populations of cells using FACS allows us to obtain a cell type-specific gene expression profile. 

Next, we provide instructions on how we process the low number of cells such that we obtain 

enough high quality RNA for sequencing. We use Bowtie and Tophat to map the raw read counts 

that come from RNA seq data to the Arabidopsis genome and obtain the number of read counts 

per gene. Then, we use PoissonSeq on the mapped reads to determine genes that are 

differentially expressed. Unlike methods such as CuffDiff3 or edgeR4, PoissonSeq makes no 

assumptions about the distribution of gene expression data, so it can be used on a wide range of 

datasets [5]. In addition, PoissonSeq quickly performs comparisons between more than 2 

samples using a log-linear model rather than multiple pairwise comparisons5. Identifying 
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differentially expressed genes between different cell types can reveal genes that are important for 

the formation of all of the tissues in the Arabidopsis root. 

2. Materials 

2.1. Growing plants for protoplasting 

1. 1% sucrose, 1X MS media plates (see Note 1). 

2. Sucrose 

3. MES 

4. MS salts 

5. Agar 

6. Square petri dishes 

7. Nitex mesh cut into squares that will fit into the MS media plates. Pack mesh in 

aluminum foil packets of 30 squares. Autoclave for 20 minutes on dry cycle and 

dry mesh at 65℃ overnight (see Note 2). 

8. 50 mL conical tubes 

9. Sterile transfer or Pasteur pipettes 

10. Sterile micropipette tips 

11. 50% Bleach 

12. 10% Tween-20 

13. 100% Ethanol 

14. Sterile water 

2.2. Protoplasting and FACS 

1. 0.2 M Magnesium chloride  

2. 0.2 M calcium chloride  
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3. 1 M MES  

4. 1 M potassium chloride 

5. 1 M Tris-HCl 

6. Mannitol 

7. BSA 

8. Cellulase 

9. Pectolyase 

10. Mini petri dishes 

11. Surgical blades 

12. 40 μm and 70 μm cell strainers 

13. 5 mL polypropylene and 5 mL polystyrene tubes 

14. 15mL and 50mL conical tubes 

15. Beta-mercaptoethanol 

16. RLT buffer 

17. Dry ice 

18. FACS (such as Dako Cytomation MoFlo) 

19. Solution A: Add 50 mL of deionized water to a beaker with a stir bar and add the 

following reagents; 5.465 grams of Mannitol, 0.05 grams of 0.01% BSA, and 500 

μL of the following stock solutions: 0.2 M Magnesium chloride, 0.2 M calcium 

chloride, 1 M MES, 1 M potassium chloride. Prepare these solutions immediately 

before use. 

20. Solution B: Aliquot 30 mL of solution A into another beaker with stir bar. Add 

0.45 grams. Prepare these solutions immediately before use. 
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2.3. Library preparation 

1. Qiagen RNeasy Micro Kit  

2. Glycoblue 

3. 7.5M ammonium acetate 

4. Nuclease free water 

5. SMART-Seq v4 Ultra Low Input RNA Kit for Sequencing (Clontech 

Laboratories) 

6. Low Input Library Preparation Kit (Clontech Laboratories)  

2.4. Computational analysis of RNASeq data 

1. 64 bit machine with at least 4GB of RAM running either Linux or Mac OS X 

(Tiger 10.4 or later) (see Note 3) 

2. ea-utils FASTQ processing utilites (http://expressionanalysis.github.io/ea-utils/)5 

3. Bowtie software (http://bowtie-bio.sourceforge.net/index.shtml)3 

4. SAM tools (http://samtools.sourceforge.net/)3 

5. TopHat software (http://ccb.jhu.edu/software/tophat/index.shtml)3 

6. R programming language (https://www.r-project.org/) (see Note 4) 

7. Rsubread package 

(https://bioconductor.org/packages/release/bioc/html/Rsubread.html)7 

8. PoissonSeq package (https://cran.r-

project.org/web/packages/PoissonSeq/index.html)5 

  

http://expressionanalysis.github.io/ea-utils/
http://bowtie-bio.sourceforge.net/index.shtml
http://samtools.sourceforge.net/
http://ccb.jhu.edu/software/tophat/index.shtml
https://www.r-project.org/
https://bioconductor.org/packages/release/bioc/html/Rsubread.html
https://cran.r-project.org/web/packages/PoissonSeq/index.html
https://cran.r-project.org/web/packages/PoissonSeq/index.html
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3. Methods 

3.1. Growing plants for protoplasting 

1. Aliquot 200 milligrams of seeds into a 50 mL conical tube (see Note 5) 

2. Add 45 mL of 50% bleach and 15 μL of 10% Tween to each tube to sterilize the 

seeds (see Note 6) 

3. Shake the tubes for 5 minutes at 110 rpm on the orbital shaker to ensure all seeds 

come into contact with the bleach/tween solution 

4. Briefly centrifuge the tubes at 2000 x g for 10-20 seconds or until seeds are 

pelleted at the bottom of the tube. This reduces seed loss during washing 

5. In a laminar flow hood, remove the bleach/tween mixture and add 45 mL of 100% 

ethanol to further sterilize the seeds (see Note 7) 

6. Invert the tubes for 1 minute to mix and briefly centrifuge the tubes at 2000 x g to 

reduce seed loss in the next step 

7. In a laminar flow hood, remove the ethanol and add 45 mL of sterile water. 

Removal of any remaining bleach and ethanol is crucial for the seeds to germinate 

normally (see Note 8) 

8. Invert the tubes until the seeds are evenly dispersed in the water and briefly 

centrifuge at 2000xg 

9. In a laminar flow hood, remove the water and repeat steps 7 and 8 seven times 

(see Note 9) 

10. After the last rinse, add 45 mL of sterile water to the tubes. Place seeds at 4℃ for 

48 hours in order to vernalize the seeds (see Note 10) 
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11. Put the following items into the laminar flow hood; 1% sucrose, 1X MS media 

plates, transfer/Pasteur pipettes, micropipette tips, parafilm, matches, burner, 50 

mL conical tube of ethanol, forceps, and sterile nitex mesh  

12. Sterilize forceps and carefully move one piece of sterile nitex mesh to a 1% 

sucrose, 1X MS media plate. Do not use the forceps to “smooth” out the mesh 

(see Note 11) 

13. Repeat step 12 until between 15-30 1% sucrose, 1X MS media plates have mesh 

on them. (see Notes 12,13) 

14. Use a sterile pipette to take up the sterilized seeds.  

15. Eject the seeds slowly onto the meshed plates at a density of 2-4 seeds thick. 

Plating the seeds at this density will result in around 15 mg of seed being 

dispensed on each plate. 

16. Straighten the seeds with a micropipette tip. This will ensure that each root will be 

cut in the same general area in step 3.2.7. 

17. Close the plates with parafilm and place the plates in a vertical position so the 

roots grow down along the mesh. Grow plants at desired growth conditions. 

3.2. Protoplasting 

1. Prepare Solutions A and B as described in the materials. (see Note 14) 

2. Place one 70 μm strainer per small petri dish and label the strainer. Aliquot 7 mL 

of Solution B into each small petri dish. Avoid creating bubbles, when pipetting 

Solution B, as bubbles can cause the cells to lyse. 

3. For each sample, place a 70 μm strainer in a labeled 50 mL conical tube. The 70 

μm filter will remove the large sized cellular debris from the sample. 
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4. For each sample, place a 40 μm strainer in a labeled 50 mL conical tube. The 40 

μm filter will remove most of the remaining cellular debris from the sample 

5. Prepare a RLT buffer and beta mercaptoethanol solution that contains 1 mL RLT 

buffer and 10 μL beta mercaptoethanol. Aliquot 300 μL of this solution into one 

polystyrene tube for each of your samples and store on ice 

6. Take the plates out of the growth chamber, unwrap them, and check for 

contamination. Discard any contaminated plates 

7. With a surgical blade, cut the roots at the appropriate length (2-4 millimeters if 

interested in the root stem cell niche) and put those roots into the strainer in 

solution B (see Note 15). Change the surgical blades every 10 plates to keep the 

blade sharp 

8. Once all of the roots are cut, place the small petri dish onto the shaker at 85 rpm. 

All of the samples should go onto the shaker around the same time. 

9. After 20 minutes, stir the samples with a transfer pipette. After stirring the 

samples, slowly lift the filter out of the solution and use the pipette to spread the 

roots over the filter. Slowly place the filter back into the solution, making sure to 

not create any bubbles 

10. After 30 minutes (50 minutes from when the sample started shaking), stir again as 

described in step 3.2.9 

11. After 10 additional minutes (60 minutes from when the sample started shaking), 

stir again as described in step 3.2.9. After stirring, use the transfer pipette to get 

any liquid from the bottom filter. Transfer the liquid to the labeled 15 mL conical 

tube. Also, transfer a small amount of root tissue to the 15 mL conical tube. The 
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root tissue helps the protoplasts form a pellet. Pipette the liquid in the petri dish 

up and down a few times, without creating bubbles, to mix the protoplasts. Then, 

transfer the liquid in the small petri dish to the 15 mL conical tube 

12. Spin the 15 mL tubes in a centrifuge for 6 minutes at 200 x g 

13. Starting with the sample that finished shaking the earliest, remove the supernatant 

using a transfer pipette without disrupting the root pellet  

14. Resuspend the pellet with 325 μL of Solution A (see Note 16) 

15. Transfer the resuspended solution to the 50 mL tube that has the 70 μm filter. 

16. Rinse the 15 mL tube with another 325 μL of Solution A and transfer that solution 

to the 50 mL tube that has 70 μm filter 

17. Transfer all of the liquid that filtered into the conical tube to the 50 mL tube that 

has the 40 μm filter using a micropipette 

18. Transfer all of the liquid that filtered into the conical tube to the polypropylene 

tube for that sample. Repeat steps 3.2.14-3.2.19 for all samples 

3.3. FACS and RNA isolation 

1. Keep samples at room temperature until FACS analysis (see Note 17). Keep 

polystyrene collection tubes on ice and prepare a container of dry ice 

2. Run protoplasts through a high speed cell sorter, such as a Dako Cytomation 

MoFlo, using a 100 μm flow tip at a pressure of 20 PSI (see Note 18) 

3. Use wild type Arabidopsis protoplasts obtained from the tissue of interest to set a 

gate for fluorophore-negative cells. Then, set a gate for protoplasts that express 

the fluorophore (see Note 19) (Figure 1) 
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4. Collect fluorophore-positive cells in the cold polystyrene tube (see Notes 20,21). 

Collected cells should be stored on dry ice until freezing. Cells can be stored at -

80℃ for up to one year 

5. Extract RNA from cells using the Qiagen RNeasy Micro Kit. RNA should be 

stored at -80℃. RNA quality should be checked using an Agilent Bioanalyzer. 

RNA concentration must be >10pg with a RIN of >7 to proceed (see Notes 22 and 

23) 

6. Prepare cDNA libraries from extracted RNA for sequencing using the SMART-

Seq v4 Ultra Low Input RNA Kit for Sequencing and Low Input Library 

Preparation Kit (see Note 24) 

3.4. Computational analysis of RNAseq data 

1. The code used in this example represents an experiment with 3 different samples 

(1, 2, and 3), where each sample has 3 biological replicates (A, B, and C). 

2. Download FASTQ files from RNA sequencing results to computer (see Notes 

25,26) 

3. Install eautils, SAM tools, Bowtie, and TopHat on computer, and copy the files to 

the directory that contains the fastq files. 

4. Use fastq-mcf to filter samples before mapping (see Notes 27,28). In this 

example, we would run the line of code below for each of the samples 

(mysample1A, mysample1B, and so on). 

$ fastq-mcf IlluminaAdaptorSeq.fasta mysample1A.fastq.gz -q 30 -l 50 -w 5 -o 

mysample1A_filtered.fastq 
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5. Map the reads for each sample to the reference genome using TopHat (see Note 

29). As in step 3.4.4, we would run the code below for each of the samples. 

$ tophat2 -p 12 -G genes.gtf --library-type=fr-unstranded -o  mysample1A_thout 

genome mysample1A_filtered.fastq 

6. Open R and install the Rsubread and PoissonSeq packages: 

> install.packages(“Rsubread”) 

> library(Rsubread) 

> install.packages(“PoissonSeq”) 

> library(PoissonSeq) 

7. Obtain gene counts for each of your samples using RSubread (see Notes 30,31): 

> mycounts <- 

featureCounts(files=c("mysample1A_thout/accepted_hits.bam","mysample1B_th

out/accepted_hits.bam","mysample1C_thout/accepted_hits.bam","mysample2A_t

hout/accepted_hits.bam","mysample2B_thout/accepted_hits.bam","mysample2C_

thout/accepted_hits.bam","mysample3A_thout/accepted_hits.bam","mysample3B

_thout/accepted_hits.bam","mysample3C_thout/accepted_hits.bam"),                  

annot.ext="genes.gtf",isGTFAnnotationFile=TRUE,GTF.featureType="exon",GT

F.attrType="gene_id",ignoreDup=TRUE) 

> mycounttable <- mycounts$counts 

> writecsv(mycounttable,”myfile.csv”) 

8. Before performing PoissonSeq to test for differentially expressed genes, create a 

vector that indicates how the biological replicates are grouped (see Note 32): 

> bioreps <- c(rep(1,3),rep(2,3),rep(3,3)) 
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9. Perform PoissonSeq to determine differentially expressed genes across all 

samples (see Note 33): 

> pseq<- 

PS.Main(dat=list(n=mycounttable,y=bioreps,type="multiclass",pair=FALSE,gna

me=row.names(mycounttable))) 

> write.csv(pseq,”myresults.csv”) 

10. Obtain results for only the differentially expressed genes (q<0.05) (see Note 34): 

> siggenes <- pseq[pseq$fdr<0.05,] 

> write.csv(siggenes,”myresults_diffgenes.csv”) 

4. Summary/ Outlook 

Obtaining cell type-specific gene expression profiles allows us to better understand how different 

cell populations develop their specialized functions. Here, we described the process of collecting 

protoplasts and subsequently isolating specific cell types via fluorescence-activated cell sorting 

(Figure 2a). Importantly, we optimized the protocol to extract high quality RNA for sequencing 

from a very low amount of starting material (≥40 cells) (Figure 2b). We then described how to 

identify differentially expressed genes from RNA-seq data using PoissonSeq (Figure 2c). As the 

cost of sequencing decreases and the number of different fluorescent marker lines that mark cell 

or tissue types of interest increases, we can gain further insight into the specific functions of 

different cells and tissues across the Arabidopsis plant. 

5. Notes 

1. 1x MS 1% sucrose plates are made by combining 10 grams sucrose, 0.5 grams MES, 4.33 

grams MS salts, and 5 grams of Agar per 1 liter of deionized water. pH solution to 5.7 

and autoclave media for 20 minutes. Swirl media and pour into square petri dishes. Allow 
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plates to cool and store at 4 degrees Celsius 

2. We recommend packaging meshes in groups of 30 to reduce chances for contamination 

3. For deep sequencing data, we recommend using a machine with at least 16GB of RAM3 

4. For first time R users, we recommend the open source version of RStudio Desktop 

(https://www.rstudio.com/products/rstudio/) 

5. The amount of seeds used in this experiment depends on the fluorescence levels of the 

marker of interest 

6. For sensitive seeds that have a thin seed coat or do not germinate well, we recommend 

reducing the concentration of bleach to 30% 

7. When pouring off the bleach from the seeds, the seeds may fall out of the tube. In this 

case, it is acceptable if there is some bleach remaining in the tube. This bleach will wash 

out during the water washes 

8. We recommend checking the tubes after 24 hours to see if there is bleach still on the 

seeds. If the water is yellowish, wash the seeds 2-3 more times with sterile water to 

remove residual bleach 

9. More seeds require more water washes 

10. Vernalization is necessary to reset the internal clock of the seeds, so that germination is 

roughly uniform across samples. Alternatively, seeds may be plated and then stored at 

4℃ for 48 hours 

11. The nitex mesh should smooth out over the plate evenly after a few seconds. Smoothing 

the nitex mesh out may cause additional bubbles to form or depressions in the media, 

resulting in roots growing nonuniformly on the plate 

https://www.rstudio.com/products/rstudio/
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12. We do not recommend meshing and plating seeds on more than 30 plates at once, as this 

increases the chance of bacterial contamination 

13. To roughly calculate the number of plates you need to mesh, divide the total mass of 

seeds by 10. The total mass of seeds spread on each plate should be roughly between 10-

15 mg depending on the density.  

14. Solution A is the buffer used to collect the protoplasts, while solution B contains the 

enzymes used to isolate the protoplasts. Solution A may be frozen and thawed before 

sorting. However, Solution B should be prepared fresh before every sort. 

15. The area of the root that is cut depends on the expression profile of the fluorescent 

marker. 

16. The cells should be washed with 300-350μL of Solution A. More Solution A should be 

used for a higher concentration of cells or to yield a longer sort time. 

17. If transport is necessary, keep the protoplasts in a styrofoam container. 

18. The event rate varies depending on the sample concentration. For highly concentrated 

samples, the pressure should not exceed 21.5 PSI. 

19. Multiple gates should be combined to set the area of positive cells. In the example we 

present here, we first gate using R3 (Figure 1a). Then, we use R4 to focus on a smaller 

part of the R3 area (Figure 1b). This ensures low fluorescence contamination of 

autofluorescent cells in the sample. Finally, we use R5 to collect only single cells from 

the R3+R4 area, eliminating any cells that may be clumped together (Figure 1c). 

20. The holder for the collection tube must be refrigerated to keep the collection buffer cold. 

21. When sorting, all sorts should be the same time length, and should not exceed 15 

minutes. Using sorts of the same time length and sorting in a small amount of time will 
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minimizes changes in gene expression, which might be caused by the fact that protoplasts 

are still developing. In addition, the total sort time should not exceed 1 hour. After 1 

hour, protoplasts will begin to die, resulting in a dramatic decrease in yield. 

22. When using the RNeasy Micro Kit, we recommend using 12μL of water and eluting 

twice. If >100,000 cells were collected, we recommend using the RNeasy Mini Kit using 

30μL water and eluting twice. 

23. If RNA is of low quality, a rescue protocol can be performed. Add 1 μL of glycoblue, 12 

μL of 7.5M ammonium acetate, and 110 μL of cold 100% ethanol to RNA. Store 

overnight at -20℃. The next day, spin samples at 14,000xg for 45 min at 4℃. Pipette off 

supernatant and add 800 μL cold 100% ethanol. Spin samples at 14,000xg for 10 min at 

4℃. Pipette off supernatant and repeat the previous spin, but this time for 2 min. Pipette 

off any remaining supernatant and dry pellet for 5-10 minutes, or until no longer glossy. 

Add 10 μL of nuclease free water and resuspend pellet. Reanalyze RNA using the 

bioanalyzer to see if the quality is now suitable for sequencing. 

24. We recommend using 100 pg-10 ng starting amount of total RNA when using these kits. 

25. Code starting with $ is run from the command line, while code starting with > is run from 

an R environment. 

26. We recommend that all files for RNA sequencing analysis are stored in the same 

directory. To create a new directory, use the Linux command $ mkdir $HOME/mydir 

where mydir is the name of the new directory. To add this new directory to the path, use 

the command $ export PATH = $HOME/mydir:$PATH. When downloading and 

installing eautils, SAM tools, Bowtie, and TopHat, copy their files into this directory. 
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27. -q is the quality threshold for base removal (in this example, 30). -l is the minimum 

remaining sequence length (in this example, 50). -w is the window size for trimming (in 

this example, 5). These values are the default recommended values for Bowtie [3]. We 

recommend manually adjusting these parameters to obtain the best mapping. 

28. Filtering must be applied before mapping to remove sequencing adapters and low quality 

reads.  

29. genes.gtf is the genome annotation file for the samples. Many annotation files can be 

found on the TopHat website (http://ccb.jhu.edu/software/tophat/igenomes.shtml). 

library-type can be adjusted depending on sequencing conditions. The default is fr-

unstranded. mysample1_thout is the name of the results folder.  

30. Gene counts are used for statistical analysis, however, gene expression values are 

generally reported using Reads/Fragments Per Kilobase of transcript per Million mapped 

reads (RPKM/FPKM). Multiple packages in R can convert counts to RPKM/FPKM, such 

as edgeR (https://bioconductor.org/packages/release/bioc/html/edgeR.html). 

31. We recommend saving the count table to a file, as determining the gene counts can take 

hours for many samples. 

32. This vector (bioreps) is an indicator variable that specifies which sample each biological 

replicate belongs to. In this example, the first three columns of the count table are the 

three replicates of sample 1, so they each get “1” as their indicator variable. The next 

three columns belong to sample 2, so their indicator variable is “2.” Finally, the final 

three columns are from sample 3, so their indicator variable is “3.” 

http://ccb.jhu.edu/software/tophat/igenomes.shtml
https://bioconductor.org/packages/release/bioc/html/edgeR.html
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33. Use type=”twoclass” when comparing 2 samples and type=”multiclass” when comparing 

more than 2 samples. When comparing 2 samples, if the data are paired, then 

pair=TRUE. 

34. When comparing more than 2 samples, q < 0.05 means that the gene is differentially 

expressed between at least 2 of the samples.  
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Figures 

 

Figure 1. Fluorescence gates used for collecting positive cells. (a) Side scatter (SS) versus 

fluorescence (FL). Cells with a greater FL value are brighter and likely to be GFP positive cells. 

The R3 gate is set to take only the brightest population of cells. (b) Count histogram of the R3 

gate. R4 is set to take only the brightest cells within R3. (c) Pulse width vs forward scatter (FS) 

plot for the cells in R3. R5 is set so that only single cells are sorted. The final population of 

positive cells collected from this sort is R3+R4+R5. 
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Figure 2. RNA sequencing on cells collected using fluorescence-activated cell sorting (FACS). 

(a) First, seedlings are plated on 1X MS, 1% sucrose plates. Roots are cut using a razor blade and 

soaked in an enzyme solution to isolate protoplasts. Then, GFP positive protoplasts are collected 

using FACS. (b) RNA is extracted from GFP positive cells and then synthesized into cDNA for 

sequencing. (c) Reads from RNA sequencing are first mapped to the reference genome using 

Bowtie and TopHat. The Rsubread packaged is then used to determine the read counts per gene. 

Finally, PoissonSeq is used to identify differentially expressed genes between samples. 


