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Abstract

Plant growth and development rely on the proliferation and expansion of root tip cells, which
involves a network of genes participating in the regulation of the cell cycle, namely the mitotic
cell cycle and endocycle. Since plants have their sessile nature, they cannot actively avoid adverse
factors imposed by the environment, compelling them to develop a suite of adaptive mechanisms
to enhance their adaptability and ensure survival. Some of these adaptive mechanisms influence
the regulation of the cell cycle, although the underlying mechanistic connections remain elusive.
Including the role of transcription factors in regulating the expression of cell cycle genes and
their influencing factors, as well as the regulation of the transition between the mitotic cycle and
endocycle, remain current research challenges.

Research on plant cell cycle genes reached its peak in the early 21st century when combining
cell cycle synchronization in cell cultures with DNA microarray and other technologies. At that
time cycle-related genes have been assigned to different cell cycle phases. However, since then,
the cell cycle gene networks have hardly been studied or annotated in more detail. Moreover, the
ramifications of cell cycle synchronization on the cell cycle dynamics are not fully characterized and
quantified. To this end, this work aimed to map and analyze cell cycle gene networks, leveraging
more advanced technologies and methodologies, such as single-cell sequencing, to undertake a
comprehensive exploration of the cell cycle networks. As for transcriptional regulation mechanisms
of cell cycle genes, the focus has primarily been on the issue of transcription factor binding under
single motif conditions. This work will focus on the binding characteristics of motif pairs and their
role in transcriptional regulation.

This work integrated root single-cell and bulk sequencing data of Arabidopsis thaliana to cal-
culate correlations, delineating developmental zones at the single-cell level. Cycling cells in these
zones were identified using known cell cycle genes and clustering methods. Differential expression
analyses on cells in different cycle phases expanded the cell cycle-related gene set.

The Paired Motif Enrichment Tool (PMET) identifies promoter motif pairs. Building on the
existing PMET foundation, this work extends its application to uncover genetic mechanisms reg-
ulating the mitotic cycle and endocycle. Using PMET, diverse promoter motif pairs linked to
cell cycle-related and stress-induced genes were identified, elucidating gene regulatory patterns
involving synergistic transcription factors. Many motif pairs are specific to genes in certain cycle
phases and stress conditions, offering new insights into the regulatory mechanisms of cell cycle and

stress-induced gene networks.
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1 INTRODUCTION

1 Introduction

1.1 Cell Cycle Dynamics and Plant Stress
1.1.1 Mitotic Cell Cycle and Endocycle

The growth and development of plants are orchestrated by the proliferation and differentiation of
newly formed cells, resulting from processes that include cell expansion, division, and differentia-
tion. These processes can be conceptualized within the framework of two main cell cycle models:
the mitotic cell cycle and endoreduplication (also referred to as the endocycle). In the model plant
A. thaliana, like in other plants, the mitotic cell cycle exhibits a characteristic sequence of phases
that precede cell division, including the gap 1 (G1), synthesis (S), and gap 2 (G2) phases, followed
by mitotic phase (M). For the endocycle, the M phase is absent '»*".

During the G1 phase of the cell cycle, cellular growth occurs as the cell increases in size,
produces organelles and other cellular contents. Concurrently, there is an increased demand for
the synthesis of essential carbohydrates, proteins, and lipids, which in turn accelerates cellular
metabolism ", The S phase is primarily characterized by DNA replication and is highly conserved
among eukaryotes *°. During this phase, DNA undergoes replication, making it particularly sus-
ceptible to instability and errors due to the unwinding of the double helix, which leads to the
formation of unstable single strands that are prone to mutation.

Like the G1 phase, the G2 phase is characterized by further cell growth and the synthesis
of RNA and proteins. Additionally, preparations for the M phase include the transformation of
chromatin into condensed chromosomes and the disappearance of the nuclear membrane. The key
distinction between the G1 and G2 phases lies in the doubling of genetic material in the latter.

The mitotic cycle, highly conserved across animals and plants™ "', is characterized by com-
parable regulatory mechanisms that ensure the production of two daughter cells through a series
of coordinated events governed by cell cycle genes. Through the preceding three phases of the cell
cycle, the cellular morphological structure, size, DNA content, and chromatin state reach a state
of readiness for division. During the mitotic phase of the M phase, the cell’s nucleus divides, pro-
ducing two identical sets of chromosomes. Subsequently, in the cytokinetic phase, the cytoplasm
divides, resulting in the formation of two daughter cells”>' ="

There are two types of cell division: proliferative division and asymmetric cell division. Prolif-
erative division results in the production of two daughter cells used for growth, development, and
tissue repair. In A. thaliana, proliferative division mainly occurs in meristematic tissues such as
root tips and shoot tips, where cells continuously divide to promote plant growth. Asymmetric cell
division generates two different cells, with one retaining stem cell characteristics while the other
proliferates and then differentiates to form specific functions such as stomatal cells, root apical
meristem (RAM), lateral root formation, and stem cell division in A. thaliana %",

Endocycle refers to a cell cycle characterized by DNA duplication and a subsequent increase
in cell size due to the absence of the cell division step following the initial three phases of the

mitotic cycle. Endocycle occurs in all eukaryotic cells, including plants and animals “'”, but it is
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particularly common in the developmental processes of plants~"“'"»=“. While its precise function
remains elusive, researchers have proposed several hypotheses~.

One proposed function is that the endocycle serves as an adaptive mechanism that may offer
protection against certain environmental stresses, including those that could potentially lead to
DNA damage. De Veylder et al. (2011) reported that the endocycle may assist in the elongation
of the hypocotyl in shade to search for light *~, but its specific physiological role in regulating cell
size is unclear ”*. Additionally, under conditions of water scarcity and UV-B stress, the endocycle
helps plants maintain growth -°. This is thought to be facilitated by the redundancy of gene copies
in polyploid cells ' “=»<"

There are also studies showing that the endocycle can enhance tolerance to abiotic stress, such
as under salt stress, as reported for Sorghum bicolor®®. However, Francis et al. (2007) expressed
skepticism about the idea that the endocycle helps cells resist adverse conditions, questioning the
assumption that cells in an endocycle can revert to the mitotic cycle. This notion currently lacks
empirical support

Numerous studies have demonstrated the functional significance of the endocycle in cell devel-
opment as one of the prerequisites for A. thaliana hypocotyl and trichome cells”"*"="°2 in cell
expansion””°*, and in the regulation of metabolic processes, as polyploidy in maize endosperm
can enhance metabolic capacities

Several studies have attempted to establish a strong correlation between polyploidy and cell
size, such as comparing the sizes of various types of A. thaliana cells with different ploidy levels
However, Beemster et al. (2005) argue that the regulatory role of the endocycle in cell size is not
universal*”, and there are also reports that question the role of the endocycle in cell size """
Harashima et al. (2010) propose that the endocycle may enhance cellular growth potential, which

could be indicative of a cell’s capacity for expansion rather than its current size

1.1.2 Cell Cycle Regulation

Cyclin-dependent kinases (CDKs) and their regulatory cyclin subunits (cyclins) are pivotal proteins
in the regulation of the cell cycle. Their interactions are crucial for the phosphorylation of key
target proteins, enabling the progression of the cell cycle and ensuring the successful proliferation
and division of cells

CKDs are a type of protein kinase characterized by the requirement for a cyclin to provide the
necessary domain to activate their activity. Building on the foundational work of Joubeés et al.
(2000), who identified and classified 46 putative CDKs from 23 plant species into five types (CDKA
to CDKE) "', Inzé (2007) significantly expanded the catalog to encompass 152 CDKs across 41
plant species. Inzé’s research also introduced three novel CDK categories, as proposed by Menges
et al. (2005): CDKF, CDKG, and CKLs""»"". This expansion reflects a deeper understanding of
the diversity and complexity of CDKs in plants. In the A. thaliana model organism, this update
resulted in a total of 29 CDKs distributed among eight categories, including the 12 core CDKs
(CDKA to CDKE) and 17 newly discovered CDKs. As of 2021, the CDK profile in A. thaliana
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has remained consistent with these findings
CDKBs are the second largest class of plant CDKs and are specific to plants™“. Apart from

groups C and E, other CDKs are involved in cell cycle regulation in various ways~.
« CDKA: CDKAI;1
« CDKB: CDKBI1;1, CDKB1;2, CDKB2;1, CDKB2;2
« CDKC: CDKC;1, CDKC;2
« CDKD: CDKDI1;1, CDKD1;2, CDKD1;3
« CDKE: CDKE;1
« CDKF: CDKF;1
« CDKG: CDKG;1, CDKG;2
e CDKL: CDKL;1to CDKL;15

CDK inhibitors (CKIs) can directly influence CDK activity ", thereby indirectly affecting the
cell cycle. In plants, there are two types of CKIs: the interactor/inhibitor of cyclin-dependent
kinase/Kip-related protein (ICK/KRP) and the plant-specific Siamese (SIM) and Siamese-related
(SMR) proteins**. A. thaliana has seven KRP genes (KRP1-KRP7) and 17 SIM/SMR genes (SIM
and SMR1-SMR16).

Cyclins are characterized by their periodic expression throughout different phases of the cell
cycle™”, with significant homology observed between plant and animal cyclins. Plant cyclins share
homology with mammalian cyclins of types A, B, C, H, and L, although the subgroups within
these categories are not conserved between plants and animals™®"">"®"”’. In animals, there are
at least 13 cyclin types (A to L and T), whereas over 100 cyclins have been identified in plants.
Whole-genome analysis of A. thaliana revealed 50 potential cyclins, which can be classified into
nine groups (plus two independent subgroups)*"*’. Five of these groups have not been found in

animals, and only cyclins A, B, D, and H are clearly associated with the cell cycle "

o Type A: CYCAIL;1, CYCA1;2, CYCAZ2;1, CYCAZ2;2, CYCAZ2;3, CYCAS3;2, CYCAS3;3,
CYCAS3;:4, CYCA4;:2, CYCA4;:3

« Type B: CYCBI1:1, CYCB1;2, CYCB1;,, CYCB1:5, CYCB21, CYCB2:2, CYCB2;:3,
CYCB2;4, CYCB2;5, CYCB3;1

e Type C: CYCCI;1, CYCC1;2

« Type D: CYCDI1;1, CYCD2:1, CYCD3:1, CYCDS;2, CYCD3;3, CYCDJ;:1, CYCDJ;2,
CYCD5:1, CYCDG6;1, CYCD7:1

e Type H: CYCHI;1

« Type L: CYCL1;1
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o Type P: CYCPI1;1, CYCP2;1, CYCP3;1, CYCP3;2 CYCP4;1, CYCP/4;2, CYCP4;3
e Type Q: CYCQ1;1

o Type T: CYCT1;1, CYCT1;2, CYCT1;8, CYCT1;4, CYCTI1;5

e Others: CYL;1"", SDS

The progression of the G1 phase and the transition from G1 to S phase depend on the in-
teractions between the highly conserved RETINOBLASTOMA (Rb)-E2F regulatory pathway in
plants and the CYCD-CDKA complexes (Figure 1). In the G1 phase, in addition to E2F and
RBR proteins, CDKs, and cyclins, dimerization partner (DP) proteins are also involved. E2F
and DP form heterodimers in a specific pattern: E2Fa/b pairs with DPa, while E2Fc pairs with
DPb~ 272" The former combination acts as a cell cycle activator, while the latter functions as
a repressor

RBR controls the cell cycle by binding to the E2F-DP heterodimer, masking its transcrip-
tional activation domain and inhibiting E2F-DP-dependent gene expression. Upon interaction with
CYCD-CDKA complexes, phosphorylated RBR is released from the RBR-E2F-DP complex """
The freed E2F-DP heterodimer can then promote the transition from G1 to S phase. Unlike E2Fa
and E2Fb, E2Fc primarily acts as an inhibitor during the cell cycle, especially during cell ar-
rest”°°. CYCD-CDKA can phosphorylate the E2Fc-DPb heterodimer, lifting the repression on
S phase genes and promoting the G1/S transition. Del Pozo et al. (2002) reported CYCD-CDKA
phosphorylation of E2Fc, while Shimotohno et al. (2021) noted that CYCD-CDKA phosphorylates
both E2Fc and DPb""

The progression of the G2 phase, M phase, and the transition from G2 to M phase in plants
depend on the activities of the CYCA/B/D-CDKA/B complexes (Figure 1). In the G2 phase,
activator MYB (Act-MYB) TFs, such as MYB3R4, are activated by phosphorylation through
CYCA/B/D-CDKA/B, promoting the expression of G2 and G2/M genes. Interestingly, Act-MYB
can also enhance the activity of some mitotic cyclins, creating a positive feedback loop between Act-
MYB and CYC-CDK, thereby advancing the cell cycle’. Repressor MYB (Rep-MYB) functions to
inhibit the cell cycle; however, phosphorylation by CYCA/B/D-CDKA /B destabilizes Rep-MYB,
facilitating the G2/M transition

As presented in Figure 1, there are other substances in the cells that indirectly regulate the
cell cycle by interacting with CYC and/or CDK. WEE1-like protein kinase (WEE1) inhibits CDK
activity by phosphorylating it. This phosphorylation suppresses CDK activation, thereby main-
taining the cell in the G2 phase of arrest until the cell is ready to enter mitosis (M phase)

The anaphase-promoting complex/cyclosome (APC/C), a E3 ubiquitin ligase complex, regulates
the cell cyle through degradation of important cel cycle regulators® ", such as mitotic cyclins
leading the exit of mitosis””>*°. KRP acts as an inhibitor of CDKs, possibly preventing RBR phos-
phorylation by inactivating the complex containing CYCD3"", leading to the inhibition of G1/S

cycle transition. SIM protein contains sequences similar to motifs from KRP , which interact with
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D-type cyclins (CYCD2;1, CYCD3;2he CYCD/;1) and CDKA;1, which leads to the inhibition of
G1/8S transition. The inhibition of CDKA;1 will also promote endocycle“""".

—> Activation or phosphorylation

~—| Inhibition
. Sign of phosphorylation APC/C
WEE1 l
KPR .  CYCD2/3 ) /
\ Inactivated CYCA/B/D
SIM —i CYCA/B/D
CYCA/B/D 4—4 CDKA/B
CDKA/B CDKA/B
. E2Fc E2Fc @
Inactivated DPa DPb DPb .

RBR <—— RBR

DPa op
l MV53R1 ‘Mvaaka l
MYB3RS|

__m

CYCD2/3 CYCA/B/D CYCA/B/D

CDKA CDKA CDKA/B CDKA/B

Figure 1: Schematic representation of the mitotic cell cycle in plants involves several key processes.
In late G1 phase, the CYCD-CDKA complex phosphorylates the RBR, protein, activating the cell
cycle-promoting function of the E2Fa/b-DPa heterodimer, thereby advancing the transition from
G1 to S phase. The E2Fc-DPb heterodimer, which inhibits S phase genes, is inactivated by phos-
phorylation through the CYCD-CDKA complex. CKIs such as KRP and SIM also participate in
regulating the G1/S transition. In the G2 and M phases, the CYCA/B/D-CDKA/B complexes
phosphorylate mitotic regulators like MYB3RS3 and MYBS3R/, ensuring proper cell cycle progres-
sion and successful mitosis. WEEL and the APC/C inhibit the CYC-CDK complexes, leading the
inhibition of cell cyeles.

APC/C, anaphase-promoting complex/cyclosome; CDK, cyclin-dependent kinase; CYC, cyclin;
KRP, Kip-related protein; MYB, myeloblastosis; SIM, Siamese

1.1.3 Plant Stress

Plants, as sessile organisms, cannot move to more favorable environments or evade stresses imposed
by environmental or anthropogenic factors. These stresses profoundly influence the growth and
development of plants. Terrestrial plants face a spectrum of stresses broadly classified into two
major categories: biotic and abiotic stresses. Biotic stresses include a range of adversities caused by
viruses, microorganisms (such as bacteria, fungi), and macroorganisms (including insects and ani-
69,70,71,72,73 76

mals) . Abiotic stresses include well-known stressors such as drought """, cold stress ',

', ultraviolet radiation intensity "', and

heat stress """, salinity ", soil acidity (or water acidity) "
heavy metal accumulation®. It is noteworthy that while certain factors may instigate metabolic
shifts or alterations in growth patterns in plants, they may not inherently qualify as ”stressors”.
For instance, fluctuations in photon flux density or minor variations in temperature or air humidity
are common and expected features of the natural environment that plants are adapted to®’.

In response to the stresses, plants have evolved a repertoire of mechanisms to adapt to or cope
with environmental pressures. By modulating the expression of cell cycle genes, plants can engage

in self-repair and counteract the negative impacts of stress, thereby enhancing their adaptabil-
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ity °>°”. This proactive regulation of cell cycle genes often requires the trade-off of suppressing cell
growth and development®"°’. Under high-temperature conditions, plants may exhibit excessive
expression of ANACO044 and ANAC085, thereby inducing cell cycle arrest before division occurs
Additionally, in the presence of stress, abscisic acid (ABA) triggers the expression of the cell cycle
inhibitor KRP, leading to inhibition of the G1/S transition in rice®®. Moreover, in maize and
A. thaliana, various stresses including high temperature, low temperature, and salt stress induces
SIM /SMR, thereby inhibiting CDK activity and consequently suppressing cell division while pro-
moting endocycle”»" "%

Environmental stresses not only affect the cell cycle but also elicit responses from cycle genes to
mitigate such effects. For instance, pathogens can influence cell cycle dynamics, often intertwined
with programmed cell death (PCD), a process considered to actively limit pathogen proliferation
and regulated by plant homologs of RBR and E2F’’~. Besides, following infection of A. thaliana
with Cabbage leaf curl virus, CYCDS;1 and E2FB are induced, both serving as activators of the
mitotic cycle and endocycle. The resulting polyploidy induced by the endocycle inhibits the virus
Infection of A. thaliana with powdery mildew (PW) increases the endocycle and enhances calcium
signaling. MYBS&R/, a mitotic regulator and essential TF for the endocycle, can be targeted for

reduced activity and expression as a method to inhibit PW

1.2 Single-Cell Sequencing
1.2.1 What is Single-Cell Sequencing?

Single-cell sequencing is a sophisticated technique that enables the analysis of genomic, transcrip-
tomic, or epigenomic profiles at the resolution of individual cells. However, this basic definition
fails to capture the nuanced capabilities and applications of this powerful method. For a better
understanding of single-cell sequencing, consider comparing it to bulk sequencing. Bulk sequencing
examines cell populations by assessing their combined genomic, transcriptomic, chromatin struc-
ture (ATAC-seq”’”, Hi-C”° DNase-seq’’, and flow cytometry '), epigenomic profiles”’”, and other
applications such as DNA damage (RADAR-seq'"’) and TF-TF interactions (ChIP-Seq'’', DNA
adenine methyltransferase identification sequencing (DamID-seq) '"~. Single-cell sequencing places
particular emphasis on most of these aforementioned topics at the level of individual cells, allowing
for detailed insights into cellular heterogeneity and molecular dynamics 2'"" """

In the realm of multicellular organisms, cellular heterogeneity is an undeniable reality '"’">'"°,
stemming from a myriad of factors including subtle genomic variations, transcriptional regula-
tions, epigenetic modifications, intercellular interactions, and stochastic influences'”’>""®. This
heterogeneity manifests in the development of diverse cell types, each exhibiting distinct char-
acteristics and functionalities '”. Conventional bulk sequencing methodologies simplify complex
problems, such as identifying intricate metabolic processes, the transmission of biological signals,
and the composition and interaction of transcription networks "°. Given the ubiquitous nature

of cellular heterogeneity, conventional methodologies mask intricacies by averaging genetic infor-
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mation such as transcriptional regulations across cell populations when at a fiiner resolution of
inspection. While this averaged approach suffices for studying differential gene expression across
various tissues or under different conditions, it fails to discern the nuances of gene expression at
the level of individual cells or discrete cell subpopulations. Consequently, rare cell populations,
such as stem cells residing in the root tip of A. thaliana, malignant tumour cells within a tumour
nodule' ' or hyper-responsive immune cells within an ostensibly uniform cell population, may be
obscured, or altogether overlooked ' *»''°. Thus, a more nuanced and comprehensive approach,
such as single-cell sequencing, is essential to unveil the real complexity and heterogeneity inherent
within biological systems.

Single-cell sequencing is primarily focused on single-cell RNA sequencing (scRNA-seq), comple-
mented by other methodologies tailored to single-cell analyses. These include single-cell methylome
and transcriptome sequencing (scM&T-seq) ', which facilitates the examination of DNA methy-
lation patterns at the single-cell level. Additionally, techniques such as single-cell DamID and
Transcriptome sequencing (scDamé&T-seq)'*”>'*°, which combines single-cell DamID and cell ex-
pression by linear amplification sequencing (CEL-Seq)''’, offer insights into the transcriptional
state and protein-DNA interactions within individual cells. Furthermore, single-cell assay for
transposase-accessible Chromatin sequencing (scATAC-seq) enables the identification of open
chromatin regions, providing valuable information on chromatin accessibility at the single-cell level.
These methodologies collectivelyenable studies to dissect the intricacies of cellular heterogeneity

and functional diversity with unprecedented resolution.

1.2.2 How to Conduct Single-Cell Sequencing?

The first step of single-cell sequencing is to separate cells from the tissue. Initially, a manual
method using a pipette was used to extract a small number of cells' "' “’. However, various tech-
nological advancements have since been developed for single-cell extraction, including fluorescence-
activated cell sorting (FACS) ', laser microdissection '**, microfluidics'**'**, and micromanip-
ulation ' “7>'“". These methods are gradually being phased out due to cumbersome calculations,
tedious operations, and low throughput. They were commonly used in the early stages of single-
cell sequencing on platforms such as SMART-seq ', SMART-seq2 “°, MATQ-seq “’, CEL-seq "',
and MARS seq °”. These methods involve physically isolating individual cells, constructing se-
quencing libraries for each, and sequencing them independently. This ensures high accuracy and
detail for each cell but can be labor-intensive and costly.

The second strategy leverages a microfluidic system or small container, often a oil droplet, to
encapsulate single cells and form autonomous micro-reactors. Inside each micro-reactor, specific
reagents, enzymes, and a small bead are introduced for sequential processes such as cell lysis and
subsequent Polymerase Chain Reaction (PCR) amplification. The bead is adorned with numerous
specially designed nucleic acid chains, incorporating a primer, a cell barcode, a unique molecu-
lar identifier (UMI), and poly(dT). Notably, the cell barcode on each bead is consistent, uniquely
identifying each cell, while the UMIs, vary in number, label individual mRNA molecules '*'. When
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a cell lyses within the micro-reactor, its mRNA fragments combine with the free nucleic acid chain
on the bead, enabling PCR amplification to generate cDNA. The presence of barcode and UMI
ensures each amplified cDNA carries a unique identifier, with the barcode indicating the cell source.
After removal of the oil, cDNAs from all cells are collected, followed by library construction, se-
quencing, and the acquisition of the single-cell expression matrix through barcode identification

Platforms with implementations of this strategy include Drop-seq '°” and 10x Genomics °*, which

are the current state-of-the-art.

1.2.3 Analysis of Single-Cell RN A Sequencing Data

The first step in the analysis of single-cell sequencing data is the reduction of data dimensionality
followed by data clustering. In the process of single-cell analyses, the identification and charac-
terization of cell types, as well as the visualization of cell populations, hinge upon the application
of clustering methodologies. The principle behind clustering methodologies underlying mathemat-
ical principle involves computing the distances between different cells and grouping them based
on these distances. The single-cell expression data can be represented as a two-dimensional table
comprising gene expression profiles across individual cells. However, the inherent high dimension-

”

ality, often considered as the ” curse of dimensionality,” and the substantially sparse nature of
the expression matrix render the data challenging to interpret and utilize effectively. Moreover, in

high-dimensional datasets, the distances between cells tend to be minuscule.

The challenges posed by high-dimensional data necessitates employing mathematical techniques
to initially reduce dimensionality. As a result, the number of features is reduced, rendering them
independent of one another. Within the realm of single-cell analyses, common methods for di-
mensionality reduction encompass Principal Component Analysis (PCA), t-distributed Stochastic
Neighbor Embedding (tSNE), and Uniform Manifold Approximation and Projection (UMAP).
Considering PCA as a quintessential example, the process entails three sequential steps. Initially,
highly variable genes (HVGs) are identified as features, aimed at reducing the impact of noise
and facilitating the capture of biological variance, thereby enhancing the accuracy and efficiency of
subsequent analyses. Then, HVGs are utilized to compute principal components (PCs). These PCs
constitute newly established orthogonal variables, representing linear combinations of the original
data in directions of maximum variance, with the objective of retaining maximal variance in the
dataset. Finally, the appropriate number of PCs is determined, necessitating a balance between

preserving biological information (more PCs) and mitigating noise (fewer PCs) as much as possible.

Following dimensionality reduction, the data can undergo distance calculation utilizing various
metrics, including Euclidean distance, cosine similarity, Pearson’ s correlation, and Spearman’ s
correlation. These distance metrics are subsequently integrated with clustering techniques such as

K-means or hierarchical clustering to partition cells into distinct clusters.
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1.2.4 Application of Single-Cell RN A Sequencing

Single-cell technology allows researchers to study gene expression at the individual cell level, pro-

viding a higher level of detail. Some common questions addressed whith single-cell studies include:

e Resolving Cellular Heterogeneity Critiques of bulk sequencing stem from its tendency
to obscure cellular distinctions. Single-cell sequencing, however, offers a solution to this
limitation. As demonstrated in cancer research, the heterogeneity among cancer cells can be
discerned and quantified by analyzing cellular expression data individually °" 7% For
example, single-cell sequencing provides novel insights into tumor initiation, intratumoral

heterogeneity, cancer metastasis, drug resistance, and the tumor microenvironment

e Cell Type Identification and Annotation: Single-cell expression data are utilized
in clustering analyses to group cells with similar or identical expression patterns. These
groups often reflect specific cell types or biological functions. By comparing the clustering
outcomes with known cell types or marker genes, researchers can annotate cell populations.
The annotated populations can subsequently undergo further analyses to elucidate their
biological functions and states. This includes examining highly expressed genes and
conducting differential analysis to identify specific marker genes indicative of particular cell

types and their functions "

e Inferring Cell Differentiation: Single-cell trajectory analysis is frequently employed in
examining cellular developmental or differentiation pathways. Typical methodologies encom-

pass pseudo-time and RNA velocity analyses'

1.3 Regulation of Gene Expression at Transcriptional Level
1.3.1 Regulation Mechanisms of Transcription Factors

DNA serves as the repository of genetic information, perpetuated through self-replication, and
transcribed into mRNA, which is subsequently translated into proteins that execute various bio-
logical functions.

The regulation of mRNA transcription constitutes a central focus of the present analysis. In
essence, transcription involves the synthesis of a new single-stranded RNA molecule, which is com-
plementary to the DNA template strand, albeit by the substitution of thymine (T) by uracil (U).
Prior to transcription, the DNA double helix near the target gene undergoes unfolding. Subse-
quently, RNA polymerases bind to the DNA template strand and commence transcription, pro-
gressing from the 5’ untranslated region (5> UTR) to the 3’ untranslated region (3’ UTR). The
binding region of RNA polymerases, known as the promoter region, dictates the initiation of tran-
scription. Functionally, a promoter is a DNA sequence situated upstream of the transcription start
site (TSS) of a gene and may span several thousand base pairs (bp). Unlike bacterial transcrip-

tion, wherein RNA polymerase directly attaches to the promoter, eukaryotic transcription involves
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auxiliary proteins known as TFs that bind to specific sequences within the promoter ' **. These
TFs can form stable or transient associations with the promoter to initiate transcription.

This work focuses on the two core functions of TFs.: first, their ability to recognize and bind
to short, specific DNA sequences, known as motifs or transcription factor binding sites [TFBSs])
within promoter regions; and second, their capacity to recruit proteins involved in the regulation of
transcription. These essential roles position TFs as the key mediators between genetic information
encoded in DNA and its functional output. TFs determines the content, timing, and trajectory
of the expression of entire gene expression within regulation networks. By orchestrating the acti-
vation and suppression of sets of genes, they serve as the initial step in unveiling DNA-encoded
information, forming the cornerstone of genetic information transmission within organisms ' . For
example, TFs play critical roles in determining cell fate and controlling developmental patterns
Lee et al. (2013) reported that a small subset of TFs can induce the transformation of various cell
types into induced pluripotent stem cells (iPSCs)

The preceding description of TFs may inadvertently convey a bias toward their role as acti-
vators. Yet, TFs can also function as transcriptional repressors. For instance, certain TFs ex-
hibit a strong affinity for specific DNA sequences, thereby preventing potential binding by other
TFs "% 7. Consequently, TFs are often categorized as ”activators” and "repressors.” However,
such classifications are not immutable; TFs may be influenced by other regulatory proteins, bind-
ing sites, or genes, and can exhibit entirely opposite effects at different loci °”. Phosphorylation,
for example, can convert CCAAT /Enhancer Binding Protein 8 (C/EBPS) from a repressor to an
activator '”'. Furthermore, post-translational modifications can also elicit a reversal in TF regula-
tory directionality. Specifically, the processing of Specificity Protein 3 (SP3) by small ubiquitin-
related modifier (SUMO) transforms it into a repressor, while acetylation can promote its role as
an activator

In potatoes, the expression direction of the pathogenesis-related-10a (PR-10a) gene can also
be altered by different TFs. The silencer element binding factor (SEBF) and the Pto interacting
protein 4 (Pti4) act simultaneously on the PR-10a promoter through cis-regulatory elements,
thereby inhibiting its expression. Conversely, Solanum tuberosum Whyl (StWhyl), functioning as

a transcriptional activator, can induce the expression of PR-10a

1.3.2 Identification of Transcription Factor Binding Site and Motif

When discussing TF and TFBS, the concept of a motif is often mentioned. In bioinformatics, a
motif refers to a short sequence pattern or feature that repeatedly occurs in a sequence. In this
work, I will use motif to represent TFBS. A commonly used motif model is the probability model.
Motifs are represented by ”position weight matrices” (PWMs), which indicate the frequency of
each nucleotide (A, C, G, and T) at each position within the motif.

In the early 2000s, identifying motifs within sequences was considerably challenging °° due to
short length of sequencing reads and the degeneracy of motifs '”". The degeneracy means identical

or different TFs can bind to motifs with slight differences. Besides, the versatility and flexibility of
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a TF determine the diversity of TF bindings, meaning a TF can bind to some atypical motifs. It
should be noted that the degeneracy of motifs and diversity of TF binding are two different things.
The former emphasizes the variability and substitutability of motifs, while the latter focuses on the
characteristics of TFs themselves. Additionally, TFs may not be conserved in different species

The average length of motifs is 9.9 bp for eukaryotes and 15.9 bp for prokaryotes . Sequencing
technology generates reads of limited length, which limits the contiguous length of DNA sequence
observed. This makes it difficult to determine the precise locations of motifs on sequences, especially
in highly repetitive genome regions. Badis et al. (2009) systematically investigated the binding
specificities of 104 binding proteins in mouse genome and found that almost all proteins have
their unique preferred sequences and about half of them recognized multiple motifs '°°. Similar

situations were found in A. thaliana

The discovery and identification of binding sites of proteins were typically achieved through
methods such as DNase footprinting'”® or electrophoretic mobility shift assays (EMSA)
These techniques facilitated the discovery of specific binding proteins using approaches like N-
terminal peptide sequencing, or yeast one-hybrid screening' . More comprehensive methods for
identifying TFBSs were developed, such as DNA affinity purification sequencing (DAP-seq)'"',
protein binding microarrays (PBMs) " systematic evolution of ligands through exponential en-

richment (SELEX) methods'®’, high-throughput SELEX (HT-SELEX) ") HiTS FLIP'", spec-

seq ', mechanically induced trapping of molecular interactions (MITOMI)'®’  bacterial one-
hybrid selections (B1H)'%®'%” chromatin immunoprecipitation coupled with next-generation se-
quencing (ChIP-seq) ™' and an improved version known as ChIP-exo

Despite this methodological progress, the detection of motifs remains challenging. In addition
to experimental approaches, it is also possible to predict motifs on a sequence through bioinfor-
matics. Hashim et al. (2019) reviewed 'motif discovery’ tools and benchmarked them according to
enumerative, probabilistic, nature inspired, and combinatorial approaches. Overall, enumeration
approaches can discover all motifs through the method of exhaustive search, but at the cost of
time and complex parameter design. MEME suite is a specific implementation of the probabilistic
method and is currently the most common ’motif discovery’ tool . Given the constraints of space,
it is not feasible to include an exhaustive overview of the numerous tools within this work. For a
comprehensive exploration, readers are encouraged to consult the studies conducted by Hashim et

al. (2019) '™ and Castellana et al.

Several motif databases have been established through experimental and bioinformatic studies.
Relevant databases for plants, particularly A. thaliana, include those from Franco-Zorrilla et al.
(2014) *°7, Jaspar Plants Non-Redundant (2022)*°, Plant Cistrome DB, PlantTFDB"'""  and
CIS BP2''®. These databases typically store motif information in Position Weight Matrix (PWM)

format within ”.meme” files.
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1.3.3 Cooperative Transcription Factor Binding

Prokaryotic TFs can recognize and bind to longer motifs ' '’, and the induction or inhibition of gene
expression can be accomplished through one single TF binding. TFs exhibit 1,000-fold greater bind-
ing affinities for specific DNA sequences compared to others. Such strong affinity, combined with
the enclosure effect (which prevents other TFs from binding), leads to dominant transcriptional
regulation by a single TF *°. However, the situation is more complex in eukaryotes because the
binding site specificity is rather loose “"»'°", there are more regulatory TFs, and the transcriptional
regulation is more sophisticated. The complex regulation network is built through TF binding to
multitudinous genes on the genome, while many binding sites are accessible to many TFs simulta-
neously. The regulation of transcription depends on a process called cooperative TF binding. It

includes:

1. The bicorporate TF-TF complex is a precondition for binding to DNA. For example, the
affinity of E2F family TFs (E2F1-6 and DP1-4) does not support their direct attachment to
DNA, but once E2F/DP forms a complex, it exhibits strong DNA affinity

2. DNA-assisted TF-TF interactions require prior involvement of DNA binding because there is
no direct integrating affinity between the participating TFs; after TFs bind to DNA, they can

interact with each other and then perform their transcriptional functions 7' ®% 5180180

3. DNA-mediated TF-TF complex interactions change the shape or dynamic parameters of DNA
to some extent, thereby allowing another TF to physically interact with TFs for cooperative
transcriptional regulation. For example, Acyl-CoA metabolism-associated-like 1 (AAMLI)
and Runt-related TF 1 (RUNzI) do not directly interact with each other, but only come
together through DNA binding

4. Indirect cooperativity involves nucleosome intervention, which has effects like direct binding

by TFs and can facilitate a very broad range of interactions ~"» /=755 100

Cooperative binding introduces two important concepts, homotypic and heterotypic motifs.
Homotypic motifs refer to the set of motifs that bind with the same TF appearing multiple times
on the same sequence, while heterotypic motifs naturally refer to the set of motifs that bind to
different TFs within the same sequence. In this work, the focus lies on heterotypic motifs involving
a maximum of two distinct TFs to examine the distribution pattern of pairs of different TFs and

their motifs within the same sequence.

1.4 Project Aims

In the early years of the 21st century, much effort was devoted into the identification of cell
cycle-regulating genes using cell cycle-synchronized cell cultures 7% 7= While these efforts
corroborated each other, they did not lead to significant expansion of the gene list. Notably, few

genes related to the G2 phase have been identified, and the catalog of cycle-related genes has seen
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little update in the subsequent 20 years. Critically, synchronized cell cultures do not accurately
simulate the environment, including intercellular interactions and spatiotemporal effects, which are
crucial for root research.

This work aims to identify a comprehensive set of root-specific cell cycle genes in A. thaliana

and to elucidate their transcriptional regulatory mechanisms through motif pair binding analysis.

1. A new method to discover more cell cycle genes in different developmental zones of A. thaliana

root tips.

(a) Cells in single-cell RNA seq data of A. thaliana root tips were separated according to

their developmental zones.
(b) Cells within developmental zones were assigned to a cell cycle based on their expression

of reference cell cycle genes.

(c) Differential expression analyses were conducted among cells in the cell cycle to identify

new cell cycle genes.
2. Refinement and enhancement of PMET.

(a) The development of the established PMET was refined to include a user-friendly PMET
online version and new features, such as studying the distribution of motif pairs at

different promoter positions.

(b) Gene lists of A. thaliana under different stress conditions were exploited to fine-tune
the optimal parameters of PMET and study the transcriptional regulatory mechanism

of down-regulated genes under heat stress.
(¢) PMET searched for motif pairs on selected novel cell cycle lists to explain the transcrip-

tional regulation of cycle genes through the most enriched TFs.

These endeavors discovered distinct new cell cycle gene lists and cell cycle-specific motif pairs,

which contribute to understanding the cell cycle regulatory mechanisms.
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2 Paired Motif Enrichment Tool

2.1 Introduction and Motivation

2.1.1 Binding of Transcription Factors

TFs regulate gene expression by binding to cognate DNA motif sequences in cis-regulatory modules
(CRMs) located upstream of genes ", which contain multiple types of motif. During the process of
transcription process, TFs, as proteins, play a crucial role. Their range of influence can encompass
several thousand nucleotides upstream and downstream of a gene. TFs can bind to CRMs, which
are functional units within the genome that regulate gene expression. They guide RNA polymerase
to the binding sites and initiate transcription. Additionally, TFs can stimulate or suppress gene

expression by interacting with enhancer and/or promoter sequences.

The key to a TF’s binding to a gene lies in its ability to specifically recognize a variety of short,
similar sequences called motifs (8 to 21 nucleotides)“"*. Motifs serve as the footholds for TFs on
genes and can be identified in vivo or through in wvitro simulations, often represented as position
weight matrices (PWMs), which indicate the probability of the occurrence of any nucleotide at

each position in the motif

2.1.2 Cooperative Interaction of Multiple Transcription Factors

Beyond individual TF binding, the cooperative interaction of multiple TFs plays a pivotal role
in shaping functional dynamics of genes. Cooperative TFs can form homo- or hetero-dimers, as
illustrated in Figure 2. Such a combination of TFs provides an extra layer of specificity and
complexity to the gene regulation network '’’. In a homodimer form, two identical TFs combine
to create a homotypic complex that recognizes and binds to a homotypic motifs - consecutive or
repetitive sequences on DNA with same or similar base patterns. A heterodimer, consisting of two
different interacting TFs, recognizes and binds to heterotypic motifs, which are located in adjacent

and proximal positions on DNA with different base patterns.

Experimental and bioinformatic studies have consistently demonstrated the tendency of TF-
BSs to cluster within DNA sequences. Homotypic clusters are localized regions enriched with
repetitive binding sites for a single TF in close proximity, while heterotypic clusters, in contrast,
involve multiple TFs. CRMs encompass homotypic or heterotypic clusters of motifs that serve as
binding sites for regulatory proteins~"'. Homotypic clusters of motifs, characterized by repeated
occurrence of motifs, play a significant role in gene regulation. It has been widely observed that
a higher frequency of the motif within a homotypic cluster can enhance the binding of TFs to the
associated genomic region ~">7""=V 5205200 - Heterotypic clusters which incorporate multiple motifs,
offer a platform for combinatorial regulation of gene expression, given that distinct TFs may exert

cooperative or antagonistic effects on transcription process

15



2 PAIRED MOTIF ENRICHMENT TOOL

Figure 2: Protein structure of forkhead (green) and erythroblast transformation specific (ETS)
(orange) TF binding to DNA (grey) driven by an ETS protein residue (red). IMAGE: Ignacio
Ibarra/EMBL.

2.1.3 Experimental Methods for Detecting Transcription Factor Interaction

Current studies of inferring gene regulatory networks mainly rely on gene expression data to map
the regulatory relationships between TFs and target genes. Although relying on gene expression
data to infer gene regulation has revealed some regulatory mechanisms, this approach is limited and
prone to generating false positives due to the lack of consideration of TF interactions®'”. To addres
this limitation, researchers have used multiple experiments techniques. Chromatin immunoprecip-
itation sequencing (ChIP-seq), is an advanced technique for identifying the DNA-binding sites of
specific proteins across the entire genome. Essentially, ChIP-seq captures a snapshot of the spe-
cific genomic locations where a protein either actively bound or has the potential to bind. While
ChIP-seq is primarily used to identify the binding sites of individual TFs, it also holds promise
for elucidating TF-TF interactions by comparing binding sites from two separate ChIP assays. If
considerable overlap is observed between the binding sites of two TFs, it may suggest a potential
cooperative interaction. ChIP-seq can be expanded to study TF-TF interactions through exploiting
sequential ChIP (ChIP-re-ChIP). This method involves a two-step immunoprecipitation process,
to identify TFs that co-occupy the same genomic region. On the other hand, proximity-dependent
biotinylation (BioID) is particularly effective for detecting transient TF-TF interactions, especially

when dealing with weak, unstable or transiently interacting proteins.

Although experimental assays offer valuable insights, they are not without limitations. They
often involve labor-intensive procedures, rely on costly reagents and equipment; and can be con-
strained by experimental conditions. Furthermore, detecting certain cooperative interactions be-
tween TFs are can be challenging. Some of these interactions might only manifest under physio-

logical or pathological conditions; this makes their detection and replication even harder.
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2.1.4 Bioinformatic Methods for Detecting Transcription Factor Interaction

Given these challenges, bioinformatic methods have become indispensable, effectively addressing
many of aforementioned limitations. From a biological standpoint, analyzing paired motifs is akin
to investigating potential TF-TF interactions, as each TF is associated with specific motifs. From
a computational perspective, searching and identifying motifs within sequences is both efficient
and straightforward. Most importantly, bioinformatic techniques facilitate a more profound un-
derstanding of regulatory contexts. For instance, motif searches can be specifically tailored to
the promoter or enhancer regions of genes within a particular cell type, thereby enhancing the
understanding the biological significance and implications of TF-TF interactions.

Cis-element Cluster Finder (Cister)“'' utilizes a Hidden Markov Model (HMM) to detect and
delineate cis-element clusters in DNA sequences. This approach is designed to mitigate the chal-
lenge of excessive and presumably false positive predictions often encountered when using position
specific scoring matrices (PSSMs), such as MatInspector“'~, to search for signature sequence pat-
terns or motifs. However, Cister is not without limitations. It operates on the presumption that
all types of cis-elements occur with equal frequency, a necessary assumption due to the scarcity of
experimental data to reliably estimate their relative frequencies. There is a prior assumption that
all types of cis-elements have the same frequencies due to the lack of experimental data to estimate
reliably the relative frequencies. Furthermore, the application of Cister to full-size genomes can
result in compromised precision and practicability

Cluster-Buster, an advanced iteration of Cister, is engineered to identify clusters of pre-specified
motifs within DNA sequences. It utilizes a probabilistic model to discern regions in the sequence
that statistically align with a motif cluster model, distinguishing them from ’background DNA".
Subsequently, forward and Backward algorithms are applied to refine the regions identified. How-
ever, Cluster-Buster is far from being perfect. The tool is not applicable to sequences longer
than a few kilobases in length and requires the initial hypothesis that a particular set of motifs is
clustered

Other computational tools, such as Co-Bind“'", LOGOS~“'”, ModuleSearcher-'", CisMod-
ule“' ", and CMA “'°, confront challenges akin to the ones previously discussed. Some of these tools
require additional parameters, including the expected number of modules/clusters, anticipated mo-
tif spacing, and presumed distances between modules. Central to these tools is the presumption
that cooperative TF binding sites are situated in close vicinity to one another. However, recent
studies have challenged this assumption. Specifically, cooperative TFs have been observed to ex-
hibit two distinct interaction patterns: short-range interactions with one orientation favoring a
particular orientation (of TFs); and long-range interactions with alternative orientations'””. This
concept aligns with research on paired motifs that drive enhancer-promoter (EP) communications.
While paired motifs might be present in EP pairs, the exact spacing between enhancers and pro-
moters varies. This variability is attributed to the positioning of enhancers, which can be located
either upstream or downstream of the target gene, or even nestled within introns

Combinatorial code analysis tool (CCAT) is a tool to predict genome-wide co-binding among
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TFs. Unlike traditional methods, which primarily rely on sequence information, CCAT integrates
publicly available TF binding specificity data with DNasel chromatin accessibility data“-". Simi-
larly, TFcoop predicts cooperative TF binding sites, but it achieves this by aligning the nucleotide
content of the sequences with the binding affinities of all identified cooperating TFs“~ . While both
of these combination-wise approaches demonstrate efficacy, the accessibility of additional data can
impair the applicability and adaptability of the methods.

To Address the complexities and limitations of existing methodologies, Rich et al., a team
from Prof. Dr. Sascha Ott’s research group, introduced PMET, a novel computational framework
designed to elucidate the co-localization patterns of TF binding motifs within specified gene sets
Building upon this foundation, this study aims to enhance and expand capabilites of PMET,
applying it to dissect the regulatory dynamics of genes associated with cell cycle and heat stress

response.

2.2 PMET Methodology

PMET is a powerful computational tool designed to analyze the paired binding site of TFs or
co-occurrence of motifs within gene promoter regions. It integrates two types of motifs: homotypic
motifs, which refer to the recurrence of the same TF binding site, and heterotypic motifs, which
involve binding sites of different TFs. Such reoccurrence of the motif can enhance the stability or
binding affinity of TF binding, thereby positively effecting gene expression. These TFs interact with
one another due to functional similarity or physical proximity, to fulfill their biological functions
for more complex gene regulation. Leveraging its bespoke PMET indexing algorithm, the tool
meticulously scans and indexes promoter sequences for individual motifs, accessing their presence
and calculating a binomial p-value to quantify their statistical significance. Subsequently, PMET
investigates the enrichment of co-occurrence of motifs in promoters of genes, with a particular

focus on clusters of homotypic and heterotypic motifs (Figure 3).

2.2.1 Genome-wide Motif Indexing

1. Sorting annotation: Sorting sequence coordinates in .gff3 files with "GFF3sort” facilitates
efficient gene sequence retrieval and analysis. such as quickly locating the nearest CDS to

the transcription start site (TSS).

2. Extracting promoter: Inferring promoter regions starting from TSS in the genomic anno-

tation file and extracting them using ’bedtools flank provides sequences to search for motifs.

3. Removing overlapping promoter chunks: Removing overlapping promoter with "bed-
tools subtract” enhances the clarity and independence of regulatory elements for downstream

analysis and experimental accuracy;

4. Adding 5’UTR: Locating the start position of the CDS near the TSS, approximating the
end of the 5’UTR, and adding it to the promoter as needed helps understand translation

regulation.
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Figure 3: Workflow of PMET procedures to identify homotypic and heterotypic motifs.

5. Calculating information content of motifs: Information content measures the conser-

vation of nucleotides in motifs, aiding in PMET pairing;

6. Finding homotypic motif matches: FIMO from the MEME Suite identifies homotypic
motif clusters by scanning sequences and assessing the significance of occurrences with p-

values.

7. Indexing homotypic motif matches: Evaluating the statistical significance of observing
up to k (user-defined) motif matches within a promoter. This work calculates the complement
of the cumulative distribution function (CDF) for the binomial distribution for a series of
hit counts using the geometric mean of the observed motif matches’ p-values, represented as

Formula 1.

Score, =1 — BinomialCDF (n; N, gm) =

(2

n
N\ . .
( . )gml(l —gm)N"

=0

where n < k.

This approach identifies the hit count n, least likely to occur by chance, providing a metric
(lowestScore) to assess the affinity of homotypic motifs in promoters. The optimal number
of hits per motif is determined using the lowestScore, because motif mathes with p-value

smaller than lowestScore will be removed. And the lowestScore will also serve as a measure
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of the current motif’s affinity to a promoter, for ranking promoters.
N denotes the total number of potential matches for a motif from both directions on a
promoter, given by Formula 2, and gm is the geometric mean of the p-values for k motif

matches, calculated as Formula 3. The lowestScore is defined as Formula 4.

N = 2 x (promoterLength — motifLength + 1) (2)

gm = {/p1p2 - Pk (3)

where p; is the p-value of the ith hit.

lowestScore = min(Score,,) (4)

8. Selecting promoters with the highest affinity for motif: LowestScore quantifies and
ranks promoter affinity, with an optimal promoter count of 5,000 balancing hit detection and

computational efficiency.

2.2.2 Cooperative Motif Pairing

The cooperative Motif Pairing is designed to detect heterotypic motifs that are distinct and co-

occur on the same promoter—and to quantify the enrichment of these co-occurrences.

1. Checking overlaps of Co-Occurrences: Eliminating unqualified motifs. Partial over-
laps of heterotypic motifs are permitted, as supported by studies indicating that TF-TF
interactions involve significant binding overlaps'’*“°. However, complete overlaps are per-
missible (see Figure 4c). When co-occurring motifs exhibit overlaps, as shown in Figure 4b,
the information content (IC) of overlap is calculated using the IC values stored during the
PMET indexing. This calculated IC for the overlap is then compared against a user-defined
threshold (ICthreshold) to determine if the co-occurrence ia retained. This approach ensures
that only biologically plausible motif pairs are selected, enhancing the reliability of PMET’s

insights into TF interactions and regulatory mechanisms.

2. Hypergeometric Test: A hypergeometric test is employed to evaluate the enrichment of
genes with both motifs within a specific gene cluster, calculating the probability of such

co-occurrences as compared to random distribution across the genome.

2.3 PMET: From Implementation to Application
2.3.1 Software Development Pipeline

PMET, initially developed by Rich-Griffin et al. (2020), primarily identifies paired TF motif bind-

ing in upstream sequences of TSS““*. PMET has been further expanded to consider motif pairs
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Figure 4: Overview of different degrees of motif co-occurrence and overlap. (a) No overlap between
the motif 1 and the motif 2, suggesting a possible co-regulatory interaction between TFs; (b) Edge-
to-edge overlap of motifs, which still allows for co-regulatory TF interaction; (c¢) The motif 1 and
the motif 2 significantly or completely overlap, indicating a lack of distinct binding sites for each
motif.

in other sequences such as UTR and mRNA, uncovering potentially overlooked regulatory mech-
anisms. Additionally, the differential enrichment of motif pairs in different portions of regions of
upstream sequences of TSS was investigated. PMET retains its command-line interface, providing
professional users with flexibility, customizability, scalability, and automation capabilities. Fur-
thermore, a web-based Shiny app is available for interactive data exploration, streamlining PMET
utilization and enhancing user engagement through a responsive interface while ensuring robust

data handling.

Command Line Interface (CLI) For users with basic computational skills, a user-friendly

Bash script is provided, complete with an intuitive guide and colorful hits for ease of use (Figure 5).

scripts/PMETindex_promoters.sh

a arguments supplied
Usage: PMETindexgenome [options] <genome> <gff3> <memefile>
Full path of python scripts. Required.
i <gff3_identifier> Gene identifier in gff3 file. Required.
0 <output_directory> Output directory for results. Default: Current Directory
Top n promoter hits per motif. Default: 5000
Max motif hits within each promoter. Default: 5
romoter_length> Length of promoter in bp for motif detection. Default: 1000
nclude_overlaps> Handle promoter overlaps with sequences. Default: AllowOverlap
<include_UTR> Include 5' UTR sequence? Default: No
imo_threshold> Minimum quality for hits by fimo. Default: 0.05
<threads> Number of threads. Default: 1
<delete> Delete unnecessary files. Default: No
T index for Paired Motif Enrichment Test using genome
b

Input Directory: .

Gene list file: input.txt

IC threshold: 4

Threads used 16

Promoter lengths: promoter_lengths.txt
Binomial threshold values: binomial_thresholds.txt
Motif IC values: ICotXT

Fimo files: ./fimohits/

Output directo

Reading input files...
Error: Cannot open file ./p

Figure 5: Diagram of PMET command-line usage and options. Command-line output highlights
various arguments in distinctive colors with indentation for clarity. (a) PMET indexing, which
involves searching for homotypic motifs, and (b) PMET pairing, which involves searching for
heterotypic motifs, are demonstrated.

21



2 PAIRED MOTIF ENRICHMENT TOOL

An illustrative display of PMET’s command-line usage and options. The interface highlights
various arguments in distinctive colors for clarity. This organized presentation aids users in effi-
ciently configuring the PMET tool for creating indexes tailored for the Paired Motif Enrichment

Test using specified genome files.

1. Performance and Efficiency: Generally, CLI offers better performance compared to
graphical user interfaces (GUIs) or web-based tools, as it allocates all computational power to
the task at hand. In contrast, GUIs or web-based environments consume additional system
resources, including CPU power and memory, which is particularly critical for memory-

intensive bioinformatics tools with massive data.

2. Flexibility and Customizability: GUIs or web-based tools may limit users with their
structured menus, potentially causing confusion with multiple levels of options. CLI, on the
other hand, presents options in a straightforward manner, allowing for more precise control
of PMET’s functionalities. PMET’s CLI can easily incorporate new functions or parameters,
enhancing its adaptability for active research environments. Users can also modify and
compile the code to customize PMET, further integrating it into broader bioinformatics

workflows.

3. Automation: CLI has a significant advantage in terms of automation, facilitating the inte-
gration of tools into loops or parallel processes in bioinformatics pipelines. This capability is

particularly valuable for benchmarking different tools or parameter sets.

4. Scalability: PMET’s CLI is scalable, suitable for debugging on personal computers or large-
scale analysis on clusters. It can leverage multi-core processing to expedite tasks, and physical
memory limitations can be addressed by adding more memory or transitioning to high-

performance computing (HPC) environments.

5. Quick Access to Data: Biological data, typically large and stored locally, can be directly

accessed via CLI without the need for data uploading.

6. Demonstration with real data: To improve user comprehension and engagement, a step-
by-step demonstration of PMET’s command-line interface (CLI) is provided using real data
and executable commands. This demonstration is intended to support users who may not
initially possess a comprehensive understanding of PMET’s functionalities, allowing them to
build familiarity progressively. Executing the provided commands yields informative console
outputs that guide users through the analysis process, facilitating both learning and interpre-
tation. Ultimately, the demonstration produces biologically meaningful results, reinforcing

users’ conceptual understanding through PMET practical application.

PMET in a Shiny app In addition to the CLI, an integrated C++ program with an R Shiny
app is deployed on a web server. This setup facilitates user interaction with the program via a web

browser for an intuitive experience.
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1. Usability and Accessibility: The PMET Shiny app provides a user-friendly interface, en-
abling users to interact with the program easily. It allows users to adjust program parameters
without the need for complex command-line knowledge. With visual cues and textual in-
structions, users can efficiently provide accurate input and parameters. This synergy ensures
that the high-performance attributes of C4++ are maintained while benefiting from Shiny’s

interactive features.

2. Advantages of web-based tool: Using PMET Shiny app eliminates the need for local
installation and compilation of dependencies. This is particularly advantageous for users not
familiar with bash programming or those without the resources for intensive computational

tasks.

3. Rendering capabilities The inclusion of a visual heatmap not only condenses the discover-
ies into an easily digestible format but also enriches the text-based output. It makes finding

biological association easier.

In the page of 'Run job’, users have the options to select their preferred mode for conducting
PMET analysis. In the mode of Promoters (Pre-computed species) mode, this work has
prepared a comprehensive and pre-processed dataset encompassing promoters extracted from 21
plant species and conducted homotypic motifs searching or PMET indexing within these promoters
across five well-established motif databases, using default parameters. For general purposes, The
expended the plant list includes A. thaliana, Brachypodium distachyon, Brassica napus, Glycine
mazx, Hordeum vulgare, Hordeum vulgare Morex V3, Hordeum vulgare goldenpromise, Hordeumuvul-
gare R1, Hordeum vulgare v082214v1, Medicago truncatula, Oryza sativa indica 9311, Oryza sativa
indica IR8, Oryza sativa indica MH63, Oryza sativa indica Z597, Oryza sativa japonica Ensembl,
oryza sativa japonica ensembl, Oryza sativa japonica Kitaake, Oryza sativa japonica Nipponbare,
Oryza sativa japonica V7.1, Solanum lycopersicum, Solanum tuberosum, Triticum aestivum and
Zea mays. The intuitive and interactive selections not only offer species and motif databases of
interest but also reduce the running time by 95%. After uploading gene clusters for specific reg-
ulatory, PMET pairing is performed to search motif pairs based on results of (Figure 6). The
Promoters mode fully unleashes the power and versatility of PMET Shiny, thanks to its com-
patibility to work with the genomes of all species and a variety of motif databases. The parameter
panel allows for fine-tuning to achieve optimal settings tailored for different scenarios. In the Ge-
nomic intervals mode, PMET conducts homotypic indexing directly on user-provided sequences,
bypassing the need to extract promoters. This mode is particularly suitable for analyzing Assays
for Transposase-Accessible Chromatin using sequencing (ATAC-seq) data.

Upon submitting a task in PMET Shiny, users can enjoy the convenience of the web-based
tool, as they simply need to check their email for notifications and download the results directly,
bypassing the complexities of local command-line operations.

The Visualize results tab in PMET Shiny demonstrates its usability and rendering capabili-

ties. This work has incorporated an adjustable heatmap generator, which summarizes the findings
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Figure 6: PMET Shiny application interface. Left panel shows settings and parameters adjustable
by users for PMET analyses. Right panel presents related information based on user adjustments.

into an easily digestible format. This visual enhancement complements the text-based output by
providing a graphical representation that accelerates data interpretation. Researchers can adjust
the thresholds on this heatmap, fostering exploration of various motif combinations associated with
specific gene clusters. This adaptability allows for a more detailed examination into motifs of the
greatest statistical and biological relevance (Figure 7).

After conducting PMET analysis on gene sets specific to certain clusters (i.e., cell types), the
enrichment of genes in particular motif pairs was obtained. The process for handling PMET results

is as follows:

1. A threshold of 0.01 is applied to filter the Motif Pair Set(MPS) derived from PMET results,

and the filtered outcomes are categorized by gene clusters, denoted as MPSjuster-

2. Duplicates of motif pairs across two or more gene clusters are removed to ensure their unique-
ness within each gene cluster. For example, motif pairs exclusive to the cortex-specific gene

unique
set are denoted as MPS_ o\ -

3. Motif pairs within each gene cluster are sorted by their adjusted p-value (p.adj), and the top
n most significant motif pairs are selected as the most significant. The most significant set

for the cortex is denoted as MPS!maue .

4. Subsequently, motifs (MLcyster) are extracted from the set of n unique motif pairs

(MPSunique n).

cluster
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Figure 7: PMET Shiny visualization interface. Left panel displays user inputs and parameters for
the visualization. Right panel shows the heatmap of uploaded results.

5. motifs (MLejyster) of different clusters are combined to form a final motif list (ML).

6. Motif pairs are constructed using motifs from the motif list (ML) and identified within their

. unique
exclusive sets (MPS;400).

7. Using the motif list (ML) as both the horizontal and vertical axes coordinates, a heatmap
is plotted to visualize the data of the identified motif pairs. Different colors in the heatmap
represent the clusters of genes, with colors shades indicating varying levels of motif pair

enrichment.

This process provides a clear methodology for filtering and identifying significantly enriched
in specific clusters, which aids in gaining a deeper understanding of the regulatory networks of
different gene clusters. This approach also allows for a focus on regulatory elements of particular

importance to each gene cluster.

2.3.2 Performance Evaluation

The analysis delivers results in two formats: a comprehensive text file detailing numerical data and
a visual heatmap offering a clear, graphical representation of motif interrelationships. Within the
text file, PMET analysis results are presented in a tab-delimited layout including columns such
as cluster identifiers, motif pairs specific to each sequence cluster, associated P-values, and the
sequence sets housing this pairs. This textual format establishes a solid foundation for subsequent
investigations, enabling researchers to delve into the data and discern the biological implications

associated with individual clusters, motif synergies, and their respective sequence sets.
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The inclusion of a visual heatmap not only condenses the discoveries into an easily digestible
format but also enriches the text-based output. This graphical representation accelerates data
interpretation, enabling researchers to flexibly adjustment the thresholds. This adaptability facil-
itates the exploration of varied motif pairs associated with specific gene clusters, homing in on the

motifs with the greatest statistical and biological relevance.

2.4 Processing and Analysis of Motifs

In the pursuit of understanding gene regulation within plants such as A. thaliana, PMET has
been meticulously crafted to discern the presence and enrichment of TF motif pairs within specific
gene clusters. To facilitate this analysis, PMET leverages a curated selection of motif databases
that include a breadth of experimental evidence. These databases, derived from high-throughput
techniques like SELEX-seq, protein binding microarray (PBM), ChIP-seq and DNA affinity pu-
rification and sequencing (DAP-seq), provide a robust foundation for analyzing TF binding across
various biological contexts—ranging from distinct cell types to varied environmental conditions,
such as stress or treatments. With the support of these in wvivo resources, the in silico PMET

methods can proivde s a detailed and integrated picture of the regulatory networks.

2.4.1 Compiling Motif Databases

This work aggregated motifs from multiple established databases, creating a dataset rich in com-
prehensiveness but also in redundancy. This collection includes 3,043 motifs from the following
sources: Franco-Zorrilla et al. (2014) '°', Jaspar Plants Non-Redundant (2022) ' '°, Plant Cistrome
DB'" ) PlantTFDB '’ and CIS-BP2''“, offering a broad spectrum of motif recognition patterns
(Table 1). The UpSet plot depicted in Figure 8 illustrates the intersections of motif alterna-
tive names across these databases, revealing shared identities that reflect biological similarities or
functions. These alternative names often are not unique and correspond to broader categories or
specific TFs. For instance, a motif identified as "MA0001.1” with AGL3 as its alternative name,
which is linked to AGL3 TF under MADS box factor class and MIKC family. To provide a clear
biological context and ensure the uniqueness of each entry, the alternative names for the 3,043
motifs were used as identifiers, supplemented with the corresponding database name. In instances

of duplication, a unique index was appended to distinguish each motif.

Table 1: Summary of motif databases used for PMET analyses

Motif Database Types of Motif Number of Motifs
. Experimentally Defined
Franco-Zorrilla et al., 2014 (SELEX-seq and PBM) 113
Jaspar Plants Manually Curated Motifs
Non—Rls%undant ‘2022 for Plants Based on Published 656
Collections and de Novo Generated
Plant Cistrome DB Experimentally Defined (DAP-seq) 872
Manually Curated Motifs
of Published Collections
PlantTFDB (ampDAP, ChIP-chip/seq, 619
DAP, PBM and SELEX)
Experimentally Defined (PBM)
CIS-BP2 and Published Collections 783
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Figure 8: Intersections of motifs shared between five different motif databases. Each row represents
a database, and bars with linked dots indicate unique combinations of databases sharing motifs.
Intersection sizes are represented by the height of bars along the top. For instance, the first row
indicates 783 motifs in CIS-BP2, with dots representing potential overlaps with other databases.
The first column, marked by a line with 4 dots, denotes that 12 motifs with the same names are
shared across four databases, including CIS-BP2, Jaspar Plants Non-Redundant 2022, PlantTFDB,
and Plant Cistrome. The horizontal bars on the right represent the number of motifs in each
database. The number of motifs with the same name is indicated by red numbers in Plant Cistrome
and Jaspar Plants Non-Redundant 2022.

2.4.2 Redundancy Removal in Motifs

In computational biology, a motif is typically modeled as a PWM, where each row represents a
nucleotide (A, C, G, and T) and each column corresponds to the nucleotide preferences (probability)
within the motif (see Figure 9c). PWMs are crucial in most bioinformatics tools for tasks such as
de novo motif discovery, consensus sequence recognition, sequence alignment, and motif enrichment
analysis. Sequence logos offer a more intuitive representation of the motif (Figure 9d) where the
height of each base is determined by IC. The IC indicates the conservation level of the motif; a
higher IC value often signifies a greater degree of sequence-specific binding, while a lower IC value
suggests randomness in the nucleotide occurrence at that position. The IC value for a motif is

calculated as the sum of IC values from all positions within the motif (Equation 5).

10 = ipi log, (:’) (5)

i=1 v

where 4 represents the index of the four nucleotides (A, C, G, and T), p; is the probability of the
1th nucleotide at a certain position, and g; is the background probability of the ith nucleotide. An

IC of 0 indicates that the nucleotide occurrences are random, which occurs when p; equals g;.
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Figure 9: Prediction of TF binding motifs. (a) DNA sequence with the bound TF indicate the
region of interest as putative motif. (b) Frequency of nucleotides (A, C, G, and T) in the DNA
sequence estimates the frequency of each base at each position. (c¢) Frequency counts are normalized
to reflect the likelihood of nucleotide occurrence. (d) A sequence logo is a graphical representation
of a motif, derived from its position weight matrix (PWM). Taller stacks of bases indicate a higher
probability of occurrence of certain nucleotides. For instance, the third and fourth positions are
dominantly G and T, respectively.

Examples of Motif Similarity When utilizing motif databases, an inescapable complication
arises from motif similarity-whether through nearly identical PWMs or the existence of motifs
with analogous names but divergent PWMs across various databases (Figure 10). For instance,
GRF6 as depicted in Jaspar Plants Non-Redundant 2022 and GRF9 from Plant Cistrome DB,
as shown in Figure 10a, share strikingly similar sequence logos, indicating similar PWMs, yet
are distinguished by disparate nomenclature and database origins. Furthermore, motifs such as
DOF43 from Plant Cistrome DB and DOF/.3 from Jaspar 2022 exhibit comparability despite
differing identifiers (Figure 10d).

Figure 10: Comparison of motif sequence logos illustrating the similarity and potentially redun-
dant representations across different databases. (a) Variants of GRF6 in JASPAR 2022 and Plant
Cistrome DB. (b) Representations of AT3G10030 in Plant Cistrome DB, CIS-BP2, and Plant-
TFDB. (c) Diverse depictions of AT1G20640 and NLP/ in PlantTFDB and JASPAR 2022, (d)
DOF43 in Plant Cistrome DB and JASPAR 2022 versus DOF4.5 in Plant Cistrome DB and
CIS-BP2.

28



2 PAIRED MOTIF ENRICHMENT TOOL

This observation underscores a potential motif redundancy. While it may be marginal during
the characterization of TF DNA-binding specificities and in de novo motif discovery, where re-
dundancy is often traded for exhaustive coverage—becomes significant“*”. The redundancy issue
becomes especially pertinent when integrating different motif databases to construct comprehen-
sive transcription regulatory maps or networks, as it may lead to the incorporation of superfluous

motifs.

Removing motifs with low IC The distributions of individual IC values, as well as their
cumulative sums, have been calculated for the 3,043 motifs in Table 1. IC values for all 3,043
motifs were calculated and then motifs with the lowest 5% of average IC values across all bases
were filtered out. This filtering step was essential to exclude motifs with insufficiently informative
content, thus preventing null results during motif comparisons. Figure 11a clearly illustrates the
demarcation between motifs with IC values below 0.6 (5% quantile) and those above it. Generally,
the average IC value of a motif is favored over the sum, as it can be disproportionately influenced
by the motif’s length. After the initial filtering based on the average IC values, the total number
of motifs was reduced from 3,043 to 2,738.

60

Frequency
=
s

N
5

0.0 0.5 1.0 1.5 2.0
Average IC

Figure 11: Distribution of information content (IC) values across 3,043 motifs. (a) A dense distri-
bution of motifs with IC values primarily over 0.5.

Removing motifs with ’equal’ PWMs In Figure 8, a substantial number of motifs across
various databases share identical alternative names, suggesting potential similarity or identity. To
assess this, pairs of the 2,738 motifs were compared to determine if they were (nearly) equal,
considering both the length of motifs and the equality of their PWMs with a tolerance of 0.05
for each base and each nucleotide (A, C, T, and G). When motifs were deemed ’equal’, only
one motif was retained. This filtering process resulted in a reduction across all databases, as
illustrated in Figure 12. For instance, the size of the CIS-BP2 database was reduced from 783
to 605 motifs, as indicated in the first row of the UpSet plot. Similarly, the number of shared
alternative names between CIS-BP2, Jaspar 2022, Plant-Cistrome, and PlantTFDB was reduced
from 12 to 3. Ultimately, this led to the creation of a consolidated database comprising 1,565

motifs.
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Figure 12: Intersections of motifs shared between five different motif databases after removing
motifs with ’equal’ PWMs. Bars with linked dots indicate unique combinations of databases
sharing motifs. Intersection sizes are represented by the height of bars along the top. For instance,
the first row indicates 605 motifs in CIS-BP2, with dots representing potential overlaps with other
databases. First bar, marked by a line with 4 dots, denotes 3 motifs with the same names that are
shared in four databases, including CIS-BP2, Jaspar Plants Non-Redundant 2022, PlantTFDB,
and Plant Cistrome. Horizontal bars on the right represent the number of motifs in each database.
The number of motifs with the same name is indicated by red numbers in Plant Cistrome and
Jaspar Plants Non-Redundant 2022.

2.4.3 Motif Similarity Quantification

Similar or identical motifs likely correspond to the same TF. Therefore, it is essential to differenti-
ate and correctly label these motifs to accurately reveal the underlying regulatory processes. The
identification of motif similarity is crucial in this context, primarily determined by comparing the
PWNMs of the motifs, typically based on the alignment of nucleotide sequences~""">“*". Back-
ground information on nucleic acid sequences of motifs, which outlines the transition probability
across a series of potential states, is vital for some comparison methodologies. Markov model is
commonly used to calculate the probability of occurrence of individual nucleotide in a sequence,
as well as the probability of its occurrence with a specific order.

An array of metrics is available to measure the similarity between alignments, including Eu-
clidean distance (EUCL), Weighted Euclidean distance (WEUCL), Kullback-Leibler divergence
(KL), Hellinger distance (HELL), Squared Euclidean distance (SEUCL), Manhattan distance
(MAN), Pearson correlation (PCC), Weighted Pearson correlation (WPCC), Sandelin-Wasserman
similarity (SW), Average log-likelihood ratio (ALLR), Lower limit average log-likelihood ratio
(ALLR_LL), and Bhattacharyya coefficient (BHAT). The "TOMTOM?” tool, part of MEME suite,
provides functions to compute the similarity measures, facilitating a comprehensive analysis of mo-
tif similarities. Metrics such as ALLR_ LL and KL require the background information of motifs

because of their reliance on the statistical properties of the motif sequences. In contrast, metrics
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like EUCL, PCC and SEUCL do not require extra information as they are designed to assess
motifs’ structural differences and compositions independently of the sequence statistics.

In this work, the "TOMTOM?” tool from the MEME Suite was used to evaluate the similarity
across 1,565 motifs among themselves. This comparison yielded a ranked list reflecting the signifi-
cance of resemblance between each source motif and established target motifs. The EUCL metric
was chosen for scoring motif alignments due to its proven efficacy and performance in matching
simulated motifs with target motif databases. Notably, the EUCL metric demonstrated a re-
markable success rate—up to 99% for motifs longer than 10 nucleotides“*°, which aligns well with
dataset in this work, where the majority of the 1,565 motifs under study are of this size or greater
(Figure 13). In "TOMTOM” comparison, factors such as alignment direction, starting position
(offset), and alignment sequence length contribute to the non-reciprocal similarity, meaning the

similarity between motif A and motif B is not equal to the similarity between motif B and motif
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Figure 13: Distribution of motif lengths within the filtered dataset of 1,565 motifs. The majority
of motifs exhibit lengths exceeding 10 nucleotides. This length distribution supports the use of
Euclidean distance (EUCL) in motif comparisons.

The results of TOMTOM are presented in various forms, including HTML format with visual
results, and TSV format using tables as the carrier. The information contained in the TSV format
mainly consists of similarity of pairwise comparison between motifs, measured by p-value, which
represents the probability that the observed similarity occurs by chance. Considering that the
comparison between motifs is multiple, F-value is also used to measure similarity, which is the
correction of p-value. It takes into account the multiplicity of searches in the motif database,
which means that in a random database of the same size , the number of times expected to find
similarities randomly. A lower E-value (closer to 0) indicates very high similarity significance,
while a higher E-value (closer to 1) indicates lower significance. Other features, such as 'Overlap’
or ’Query Consensus’ can be queried on the MEME suite website, and further details are not
provided here.

The two histograms in Figure 14 show the E-value distribution for 1,565 motifs from TOMTOM
motif similarity analysis. In Figure 14a, the range of E-value is limited to above 0.01 for better
presenting the data. It indicates that many of the values of E-value are greater than 0.01, which

means that a considerable number of motifs are Not similar. The red bars in the figure reveal

31



2 PAIRED MOTIF ENRICHMENT TOOL

Table 2: Output of Tomtom motif similarity

Query Target offset  p-value E-value q-value Overlap Orientation
MYB52 MYBI111 0 3.50e-25  3.9e-23  7.8e-23 8 +
MYB52_2 MYBI111 0 1.05e-25 1.1e-23  2.3e-23 8 +
MYB52_2 MYB46 0 8.57e-4 9.6e-2 9.4e-2 8 +

the distribution of E-values in the range of 0.01 to 0.5, showing a relatively flat distribution trend
throughout the range. In Figure 14b, within the range of E-value less than 0.01, the blue bars
emphasizes that the vast majority of motif matches have extremely low E-value, indicating that
there is a very significant motif similarities in the data set. This suggests that these motifs may

have high correlation and functional similarity in biological regulation.
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Figure 14: FE-value distribution of 1,565 motifs pairs, determined by TOMTOM motif similarity.
Each E-value is based on the p-value corrected for multiple motif comparisons, reflecting the
probability of significant motif similarities. Lower E-value (closer to 0) indicates high significance,
while a higher E-value (closer to 1) indicates lower significances. (a) The range of E-values above
0.01 (red bars) represents weakly similar motif pairs. (b) The distribution of E-values less than
0.01 (blue bars) shows that most motif matches have extremely low E-values, indicating significant
aggregation and suggesting high relevance and functional similarity in gene regulation.

2.4.4 Motif Clustering Analysis

Hierarchical clustering was employed to group similar motifs based on the similarity of their TOM-
TOM results. Therefore, this method initiates with each motif forming an individual cluster and
progressively merges the most adjacent clusters. The adjacency between two clusters is quantified
by the distance, which is determined by the similarity between the motifs within them.

At each step, the hierarchical clustering algorithm identifies the two most similar clusters and
merges them. This process is repeated until all clusters are amalgamated into one comprehensive
cluster. The entire procedure is visualized using a dendrogram, which effectively demonstrates the
relationships and distances among motifs or clusters. Each branch on the dendrogram represents a
cluster, and the endpoints of these branches signify individual motifs. The lengths of the branches

and their interconnections reflect the level of similarity and the sequence of merging.
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The hierarchical clustering method was applied to the screened 1,565 motifs, assessing the

hierarchical relationships and distances by measuring the correlation between clusters (Figure 15).

Figure 15: Hierarchical cluster dendrogram. Each node in the dendrogram contains two child
nodes, indicating two similar motifs. At a distance of 0 are the ”"leaves,” representing individual
motifs. Clustering continuously groups the two nearest/most similar nodes until only one node
remains.

The similarities derived from TOMTOM and hierarchical clustering are depicted in a clustered
heatmap (Figure 16). Upon observing the heatmap’s diagonal, several blue blocks were noted,
indicative of clusters with high similarity. The most prominent block, encompassing 116 mo-
tifs, indicates a significant degree of similarity among these motifs, potentially pointing to shared
biological functions or common regulatory mechanisms.

Two complementary methods, Silhouette analysis and Gap statistic were employed to determine
the best threshold of the clustering distance. Silhouette analysis quantifies the tightness or closeness
of clustering, yielding Silhouette scores ranging from -1 to 1, with higher scores indicating tighter
clustering. Remarkably, when utilizing distance thresholds of 0.3, 0.4, and 0.5, the Silhouette scores
remained consistent at approximately 0.19. Meanwhile, Gap statistic assesses clustering tightness
by comparing expected values of clustering among actual and random data across different cluster
sizes. Notably, a stabilization in fluctuation amplitudes in the number of clusters around 25 was
noted, reaching a plateau at approximately 175 clusters, corresponding to a distance threshold of

approximately 0.7 in Figure 15.

2.5 PMET Indexing of 21 Plant Species

Generally, PMET indexing entails scanning for motif matches across all promoters within a genome.
Extensive promoters and multiple motifs can lead to prolonged computation times. To address
this, commonly selected model plants and motif databases were employed to pre-compute motif

hits using PMET’s default parameters.
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Figure 16: Heatmap illustrating similarities between motifs. Blocks with darker shades of blue in
the heatmap denote clusters of motifs with greater similarity.
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Figure 17: Silhouette analysis and gap statistic methods were used to determine optimal clustering
parameters. (a) Silhouette analysis shows consistent scores around 0.19 at distance thresholds of
0.3, 0.4, and 0.5, indicating these may be optimal for motif clustering with hierarchical clustering.
(b) Gap statistic reveals a plateau at 175 clusters at a distance threshold of 0.7. These methods
help identify the optimal number of non-redundant motifs from a total of 1,565 motifs.

For the PMET analysis, a diverse set of 20 model plants was carefully selected to repressent a
wide range of genomic diversity. The curated species include a range of important crops and model

organisms: A. thaliana, Brachypodium distachyon, Brassica napus, Glycine mazx, Hordeum vulgare
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Morex V3, Hordeum vulgare R1, Hordeum wulgare goldenpromise, Hordeum wvulgare v082214v1,
Medicago truncatula, Oryza sativa indica 9311, Oryza sativa indica IRS8, Oryza sativa indica MHG63,
Oryza sativa indica 7897, Oryza sativa japonica Ensembl, Oryza sativa japonica Kitaake, Oryza
sativa japonica Nipponbare, Oryza sativa japonica V7.1, Solanum lycopersicum, Solanum tuberosum,
Triticum aestivum, Vicia faba, and Zea mays. The genome and gene annotation data for these
species are accessible through EnsemblPlants, specifically th release version of 57.

These species were chosen to provide a comprehensive perspective of plant genetic research,
enabling PMET to cover a broad spectrum of plant genomes. This approach is designed to enhance

the generalizability of the motif pair enrichment analysis.

2.6 Statistical Models of PMET

Table 3: Parameters utilized in the PMET analyses for exploring motif pairs

Parameter ‘ Default value
Motif Database Franco-Zorrilla et al. (2014)

Species A. thaliana
Genome TAIRI10
Annotation TAIR10
Length of promoter 1000
K of PMET 5
N of PMET 5,000
IC of PMET 4
Overlap with other gene No
5 UTR included No
p.adj threshold 0.05

The PMET methodology involves indexing and pairing processes, both utilizing statistical mod-
els to determine the significance of motif hit counts within promoters, ensuring that the observed
motif hits are biologically meaningful rather than due to random chance. Binomial and Poisson
distributions are applied to assess the number of maximal motif hits allowed per promoter (denoted
as k, with a default value of 5). The PMET analysis adheres to standard settings, including a set
of default parameters (Table 3).

The analysis was performed using the genome and annotations of A. thaliana, with a motif
database from Franco-Zorrilla et al. (2014) comprising 113 motifs. Each analysis involved two
distinct gene sets to determine the enrichment of paired motifs: one set specific to cell types,
including 447 cortex genes, 462 epidermis genes, and 455 pericycle genes, and another set consisting
of immune-responsive genes from the aforementioned cell types (Table 4 and 5). Four clusters of
randomly selected genes were also used to assess the significance of motif hits. Additionally,
the comparative analysis was expanded to include a dataset of 300 genes differentially expressed
under heat and salt stress conditions, providing context for motif pair distribution in relation to
environmental response.”

The bar plots illustrate in Figure 18a, b, and ¢ showcase the quantity of significant motif pairs

identified across various gene clusters. Notably, there is the discrepancy in value ranges between
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Table 4: Six clusters of immune-responsive genes used for PMET analyses

Species Cell type Treatment Regulation Number
A. thaliana Cortex flg22 Up 128
A. thaliana Cortex Pepl Up 365
A. thaliana Cortex Pepl Down 337
A. thaliana  Epidermis flg22 Up 128
A. thaliana  Epidermis Pepl Up 365
A. thaliana  Epidermis Pepl Down 337

Table 5: Three clusters of cell type genes used for PMET analyses

Species Cell type Number
A. thaliana Cortex 447
A. thaliana  Epidermis 462
A. thaliana  Pericycle 455

the three PMET analyses; the cell type-specific genes show a range of 50-250 significant motif
pairs, whereas the immune-responsive genes show a narrower range of 10-50. There are very few
significant results for clusters of random genes. Furthermore, when comparing the outcomes of
PMET analyses for all gene clusters, the binomial and Poisson distributions yield similar results,
with only minor differences in the count of significant motif pairs. For instance, within the cortex-
specific gene cluster, the binomial model identifies 245 motif pairs, whereas the Poisson model
reveals 246, with a difference of only one motif pair. A similar pattern is observed in the epidermis-
specific gene cluster, where each model captures a unique motif pair not shared with the other.

This pattern is consistent across the remaining gene clusters.

2.7 Parameter Sensitivity Analysis of PMET
2.7.1 Effect of Promoter Length Variation

The promoter is commonly referred to as the DNA sequence upstream of the transcriptional start
site (TSS), yet this definition does not specify the exact DNA segment that constitutes a promoter
or stipulates its length. Genome annotations typically do not explicitly label promoter regions.
For A. thaliana, analyses of genomic layout and SNP density profiles proximal to T'SS suggests
an approximate promoter length of 500 bp~“’. In PMET analysis, a promoter length beyond
this estimate is often used to ensure comprehensive coverage. However, increasing the promoter
length beyond this estimate is not necessarily advantageous for two main reasons: the actual
length of a promoter, which does not change with set parameters, and the risk of encroaching upon
upstream genes, resulting in ’overlap. Gene annotations and precise genomic coordinates facilitate
the extraction of promoter sequences of defined lengths, ensuring they do not extend into adjacent
genes. To quantify the impact of varying promoter lengths on PMET outcomes, promoter lengths
were adjusted while other parameters remained constant, and plotted the number of motif pairs
for each gene cluster against changes in promoter length. Across two distinct gene sets (three

clusters of cell type-specific genes and six clusters of immune-responsive genes), it was observed
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Figure 18: Distribution of significant motif pairs across various gene clusters as determined by
binomial (gray) and Poisson (yellow) statistical models. Notably, (a) cell type-specific genes exhibit
a higher count of significant pairs, (b) whereas immune-responsive genes show a reduced count,
(c) and random gene clusters display negligible significance. Similarity between the binomial and
Poisson results suggests robustness of the PMET analysis across different statistical approaches.

that promoters, excluding 5’ UTRs and without overlap yielded fewer motif pairs at shorter lengths.
As promoter length increased, the number of motif pairs gradually rose and plateaued or began
to decrease subtly at a certain length (Figure 19 a and c¢). This pattern was also noted in PMET
analyses of differentially expressed genes under heat and salt stress, where motif pairs enriched in
up-regulated genes showed a similar trend of initial increase followed by stabilization or a slight
decline (Figure 19 e and g).

The plateau observed in the number of identified motif pairs may be attributed to the inherent
spatial constraints of promoter regions. Figure 20 reveals that the upstream region of the TSS for a
vast majority of genes extends to an average of 2300 bp, seldom surpassing the 5,000 bp threshold.
Consequently, restricting overlap inherently limits the domain searchable for motif hits in PMET,

rendering extensions beyond the natural promoter boundary ineffective.

Table 6: Statistical summary of the length of TSS upstream of A. thaliana genes

Metric Value
Overall Average 2303.21 bp
Filtered Average (length < 10,000bp) 1672.03 bp
Length Over 50 bp 90.00%
Length Over 100 bp 86.23%
Length Over 200 bp 78.69%
Length Over 500 bp 64.69%
Length Over 1,000 bp 48.62%
Length Over 1,500 bp 37.41%
Length Over 2,000 bp 29.59%
Length Over 10,000 bp 3.06%
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Figure 19: Impact of overlap on the detection of significant motif pairs in immune-responsive and
cell type-specific genes across varying promoter lengths, with K set to 5 andN to 5000. (a) and (c)
show results without promoter overlap, where the number of motif pairs peaks around a promoter
length of 1000 bp. In contrast, (b) and (d) show results with promoter overlap, highlighting
a significant reduction in motif pair detection, emphasizing the negative influence of overlap on
PMET analysis. (e) and (f) display PMET results for genes regulated under salt stress with and
without overlap, respectively. (g) and (h) show PMET results for genes regulated under heat stress
with and without overlap, respectively.
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Figure 20: Distribution of gene counts at varying distances upstream from the TSS. The dataset
is predominantly concentrated within 1500bp, with a minority of genes extending beyond 5000bp.

2.7.2 Effect of Sequence Overlap Thresholds

The preceding text discussed how the setting of promoter lengths and the inherent limitations of
promoter regions affect PMET results. However, the potential overlap within promoters was not
explored in depth. If an overlap exists, it implies that the possible search range for PMET can be
arbitrary. The impact of overlap on PMET results was observed with different promoter length
settings while keeping other parameters constant.

When disallowing overlap, hardly any motif pairs are detected with promoter lengths as short
as 50 (or 100), for both immune-responsive and cell type-specific genes. The absence of motif pairs
persists even when overlap is permitted, which aligns with expectations. As previously highlighted,
the average distance upstream from the TSS to the previous gene is 2,300 bp, which reduces to
1,672 bases when excluding 847 genes extending beyond 10,000 bases in length. When the promoter
length is set at 100 bases, overlap is unlikely for 86% of the genes, as their upstream regions exceed
this threshold. Consequently, the number of motif pairs generally increases with longer promoter
lengths, peaking around 1,000 bases. (Figure 19a-d).

Notably, the presence of overlap generally exerts a detrimental effect on the increase of motif
pair counts. Without overlap, the number of motif pairs on cortex-specific genes can reach up to
300, but this number is reduced to 130 with ’overlap (Figure 19¢ and d).

PMET analysis on the overlap topic was extended to differentially expressed genes under salt
and heat stress conditions, revealing a significant decline in the detection of motif pairs as promoter
length increased. Moreover, the overall counts of motif pairs were substantially lower compared to

those observed in cell type-specific genes (Figure 19e-h).

2.7.3 Effect of Promoter Set Size

In PMET, each motif’s binding potential to promoters is assessed across the entire gene set.
A binomial distribution-based score is calculated for each promoter, capturing the probability
of observing up to k hits. This scoring allows for nuanced differentiation of promoter binding

significance. Rather than setting an arbitrary significance threshold, PMET employs a ranking
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system, prioritizing promoters based on their scores and retaining the top (V) as potential targets
for significant motif pair interactions.

(a) and (c) show results without promoter ’overlap’, where the number of motif pairs peaks
around a promoter length of 1000 bp. In contrast, (b) and (d) show results with promoter ’overlap’,
highlighting a significant reduction in motif pair detection, underscoring the negative influence of
‘overlap’ on PMET analysis. (e) and (f) display PMET results for genes regulated under salt stress
with and without overlap, respectively. (g) and (h) show PMET results for genes regulated under
heat stress with and without overlap, respectively. To exemplify the impact of N mathematically,
two motifs, AHL12 and TOE2, were subjected to a 'TFIMO’ search to pinpoint potential hits across
the spectrum of available promoters. Following the binomial score-based ranking, PMET earmarks
the leading 5,000 and 25,000 promoters for the motifs in question. As depicted in Figure 21, there
is a clear increase in the number of motif pairs for N = 25,000 where the blue bars significantly
surpass the height of the yellow bars. Additionally, an increase in N notably shifts the p-value
distribution towards the right, signaling a trend towards lower significance, meaning more weaker

bindings are included.
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Figure 21: Distribution of p-values obtained from FIMO for motifs (a) AHL12 and (b) TOE2,
comparing the top 5,000 versus 25,000 promoters with hits limited to k& per promoter. The analysis
suggest a trend towards less significance as N increases from 500 to 27,000 in both cases.

PMET’s analysis of the impact of varying promoter counts (N) on the identification of sig-
nificant motif pairs reveals a direct, positive correlation: as N increases from 500 to 27,000, so
does the number of significant pairs. Yet, there is an optimal range; beyond a certain N, a de-
cline in significant pairs is observed, suggesting an upper limit to the beneficial effects of including
more promoters. This trend holds across various gene sets, including immune-responsive and cell
type-specific groups, as depicted in Figure Sla and b. Notably, when examining random gene
sets, the occurrence of significant motif pairs remains negligible, irrespective of the N value chosen
(Figure Sle).

Remarkably, for genes down-regulated during heat stress, a notable increase in the count of
significant motif pairs is observed as the analyzed promoter number N rises from 10,000 to 25,000,
reaching as many as 300 significant pairs. This marked increase underscores the sensitivity of

PMET to promoter set size in specific stress responses. Conversely, such a trend is absent when

40



2 PAIRED MOTIF ENRICHMENT TOOL

examining down-regulated genes under salt stress, indicating a differential impact of promoter
count based on the type of stress.

In the PMET pairing analysis for motifs AHL12 and TOE2, 18 cortex-specific genes were
identified within the top 5,000 promoters exhibiting binding affinity for these motifs. Given the
genome size and the number of cortex-specific genes as detailed in Table 7, the p-values derived
from the hypergeometric test have been adjusted using the Bonferroni Correction method. It is
considered that the pair of AHL12 and TOEZ2 is not significant since the adjusted p-value is 1.

When comparing the full lists of significant motif pairs for 5,000 and 25,000 promoters, Fig-
ure 23a illustrates a marked increase in the number of significant motif pairs (p < 0.05) associated
with the cortex gene cluster as Nexpands from 5,000 (yellow) to 25,000 (blue). Since N is integral
to the hypergeometric test, an increase in N necessitates a larger gene count to confirm motif
pair enrichment within the cortex cluster. At N equal to 25,000, approximately 400 genes are
implicated for a motif pair to be considered significant, despite the motifs being lower-ranked in
binding strength (Figure 23b). This enrichment pattern is consistent across all cell type-specific

gene categories, as depicted in Figure 23c and d.

Table 7: Parameters of hypergeometric test of motif pair AHL12 and TOE2

Cell type Cortex
Motif 1 AHL12
Motif 2 TOE2
Size of A. thaliana Genome around 27,000
N 5,000
Number of cortex genes with both motifs 18
Total number of genes with both motifs 637
Number of cortex genes 439
Raw p-value 0.0217
Adjusted p-value (Bonferroni) 1
AT1G01360;AT1G19450;AT1G47480;AT1G76490;
AT2G22470;AT2G31730;AT2G33990;AT2G34070;
Genes with both motifs AT3G18830;AT4G00430;AT4G01110;AT4G32480;
AT4G35250;AT5G23220;AT5G47370;AT5G51460;
AT5G65380;AT5G66580;

The expansion of N to include a larger set of promoters could potentially increase the number
of motif pairs, incorporating those with lower binding affinities. This inclusion often leads to
statistical significance within the gene sets analyzed for motif pairs. However, not all statistically

significant motif pairs may reflect biologically relevant features.

2.7.4 Role of 5’UTR Regions

In this work, the PMET analysis considered the presence of motif pairs within the 5 UTR regions
downstream of the TSS. In comparison to the effects induced by other parameters in PMET
analysis, the inclusion or exclusion of the 5> UTR regions has a more direct impact on the quantity
of motif pairs. Specifically, when the 5’ UTR regions are considered, there is a general trend of

decreased abundance of motif pairs across different gene clusters (Figure 24).
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with a larger promoter set size for specific gene types, followed by a subsequent plateau or decline
beyond a certain threshold. (c) and (d) A fluctuant line suggests a differential impact under heat

Figure 22: Relationship between the number of promoters analyzed () and the count of significant
motif pairs identified in different gene clusters. (a) to (d) A general increase in motif pair detection

specificity of the PMET approach to biologically relevant gene sets.

stress for down-regulated genes.
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Figure 23: Distribution of significance and corresponding gene counts for significant motif pairs
across the top 5,000 versus 25,000 promoters reveal a notable shift in motif enrichment among
cortex-specific genes and provide a collective view of three cell type-specific genes.

Figure 24: Impact of UTR on the detection of significant motif pairs in immune-responsive, cell
type-specific, salt-, and heat stress-induced genes across varying promoter lengths, with k=5 and
N=5,000. (a), (c), (e), and (g) show results without UTR, peaking around a promoter length of
1,000 bp. (b), (d), (), and (h) show results with UTR, indicating a significant reduction in motif
pair detection, highlighting the negative impact of UTR on PMET analysis of motif pairs.
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2.8 Genomic Localization Patterns of Motif Pairs on Promoters

PMET distinguishes itself among motif search tools for its versatility across various configurations,
particularly in terms of specifying the proximity to TSS. A new parameter, termed the TSS gap,
has been introduced in this work, defined as the region extending upstream from TSS for a specified
length, excluding it from PMET calculations. The introduction of this parameter helps to study the
enrichment of motif pairs in different regions of the promoter. The TSS gap often set within a range
of 0 to 1,000 bp in PMET analysis, allowing users to set this parameter to any value that aligns with
their research requirements, enabling customized searches tailored to their unique investigational
needs. Rigorous PMET analyses have been executed on diverse gene sets, encompassing immune-
responsive, cell-type specific, and stress-regulated genes, employing an array of promoter lengths
and TSS distances. As depicted in Figure 25, the outcomes consistently feature conspicuously
dark blue blocks on the heatmap’s left side, indicative of a higher concentration of significant motif
pairs. This pattern is particularly pronounced within the heat-stress and salt-stress induced gene
clusters. A significant reduction in the motif pair numbers is observed when the TSS gap exceeds
200 bp, as illustrated in Figure 25j and m, suggesting a predominant localization of binding sites
closer to the TSS within the promoter region.

In addition to the significant influence of promoter length on motif pair enrichment, as addressed
in Section 2.7.1, the distance to the TSS also exerts a crucial influence. Most of the color changes
in the heat map predominantly follow a consistent pattern: an increase in the distance to TSS and
promoter length correlates with a gradual decrease in the number of motif pairs, manifesting as a
progressive fading of colors. Concurrently, it is important to note that the number of motif pairs in
random gene sets is negligible and lacks the before-mentioned pattern, highlighting the specificity

of the observed enrichment to the gene sets under investigation.

2.9 Distribution of Motif Pairs on Genomic Elements

TFs have been traditionally acknowledged for their pivotal role in gene regulation, which involves
interacting with specific DNA sequences and modulating gene expression through the recruitment of
coactivators or corepressors “°"*”'. However, recent research has unveiled additional functionalities
of TFs, demonstrating their ability to bind with RNA #7%22929%299,250,290 hut also the 5’'UTR

Inspired by these findings, the study in question has delved into the broader spectrum of TF
activity by examining the potential motif pairs enrichment patterns of other genomic elements, such
as the coding region (CDS), 3’ untranslated region (UTR), and 5’ UTR, during PMET analyses.
This methodology is designed to reveal a more holistic view of the regulatory landscape governed
by TFs, extending beyond traditional gene promoter regions to include a more extensive range of
genomic elements.

To this end, analyses were conducted using PMET across different genomic element, including
3" UTR, 5 UTR, CDS, and exon, with the main parameters outlined in Table 3. The Plant

Cistrome Database with 872 motifs, was chosen as the primary motif database due to its extensive

44



2 PAIRED MOTIF ENRICHMENT TOOL

a Cortex_flg22_up b Cortex_pepl_up c Cortex_pepl_do
3000 3000 [N 3000
2500 2500 | 2500
2000 2000 = 2000
£ 1500 50 5 1500 | | £ 1500 30
21200 21200 21200
@ 1000 40 @ 1000 20 @ 1000 20
_ 800 30 = 800 _ 800
2 600 2 600 2 s00 0N
E 500 20 E 500 M 10 E 500 10
5 400 10 g 400 5 400 | | ||
L 300 S 300 L 300
200 0 200 0 200 0
100 100 100
50 50 50
VL LLLLLL P VL LL,LLLL O VL LLLLLL P
) ,\9 'LQ ’bQ DQ ¢,° ,\Q Q’Q’\’QQ 9 ,\9 'LQ ,50 D(Q G)Q ,\Q Q’ngb ) ,\‘Q 'LQ ,,)D D(Q ")Q ,\Q $°\°°
Distance to TSS Distance to TSS Distance to TSS
d Epidermis_flg22_up e Epidermis_pepl_up f Epidermis_pepl_do
3000 . 3000
2500 2500
2000 - - 2000
1500 =} o 1500 50
21200 0 2 50 21200
@ 1000 17} 40 @ 1000 40
» 800 e » 800
20
% 600 % . % 600 30
500 20 500 20
§ a0 L 10 5 a0 10
& 300 & 300 W & 300
200 0 200 0 200 0
100 100 100
50 50 50
O LLSLLLL P L L LL L L LL
) ,\Q ,‘/D ,50 o ,,’Q ,\Q %QNQQ L) ,@ ,‘/Q ,50 N (,’Q ,\Q Q,Q\,QQ < ,\Q ,}Q ,50 O (,’0 ,\Q Q’Q\Qb
Distance to TSS Distance to TSS Distance to TSS
2 : o ;
cortex h epidermis i pericycle
3000 3000
2500 \{; 2500
2000 2000
S 1500 S 1500 80
o (=
21200 21200
200 @ 1000 100 . 1000 ) 60
_ 800 = 800
" 2 600 2 600 5 a0
100 g 500 50 g 500
5 400 5 400 20
L 300 L 300
0 200 0 200 0
100 100
50 50
VL LL,L,LLLL L VN LL,L,LLLL L O L LL,LLLL O
) ,\JO ,1/0 ,,)0 >° ‘)0 ,\0 %QNQD ) \,Q ,LO ,,]0 D-Q O)0 ,\0 ‘bQ ’»QD 9 NQ '19 ’bb Db O)Q ,\0 %0\00
Distance to TSS Distance to TSS Distance to TSS
. heat_up Kk heat_down | random_1
3000 3000 3000
e zooo o
ol < 16 2000
S 1500 S 1500 < 4
=) 400 o S 1500
21200 21200 § =)
@ 1000 @ 1000 12 21200 [ ]
o 300 2 $ 1000 ) 3
L 800 800 ] * “s00 W
2 600 5200 & 600 8 T g0 l 2
g 500 g 500 B e00
5 400 100 g 400 4 £ 1
S 300 S 300 5 "100 | l
200 0 200 0 & ;gg §
100 100
50 50 100 =]
50 Il N
VO LLLLLLSL L VL LLLL P
RSN AN AN AN AR AN 0.0.0.0.0.0.0.0.0.0
b i < %\Q Ay < %,\0 Q)NQWQ%DB‘Q‘)Q,\QQ’{QQ
Distance to TSS Distance to TSS .
Distance to TSS
m salt_up n salt_down o random 2
3000 3000 b
2500 2500 ;ggg
2000 - 2000 5606
S 1500 S 1500 5
5 500 o S 1500
2 1200 21200 75 1300
@ 1000 400 @ 1000 5 1666 l 4
= 800 _ 800 50 —
o 300 g = 800 3
2 600 £ 600 3 oo
g 500 200 g 500 25 ° 500 2
§ 400 100 S5 400 £
£ 300 S 300 g 4o o 1
a a = 300
200 0 200 I 00 a S0 o
100 100 W 56
50 50 5q
VL LLELELLPLL O LSS L
RS PSSO AN S AN RS AR ANAOA A L PR PR PRV PR RN BV IR PRV S
PP WA S RN A B RN
Distance to TSS Distance to TSS

Distance to TSS

UTR not included

Figure 25: Comprehensive PMET analyses reveal the distribution of motif pairs in relation to
promoter length and proximity to the TSS across various gene sets. (a-c) Heatmaps for the cortex
show the density of motif pairs with a noticeable aggregation near the TSS, especially for genes
up-regulated under flg22 treatment. (d-f) A similar trend is observed in epidermis cells. (g-i) In
pericycle cells, the highest concentration of motif pairs is found closest to the TSS. (j, k, m, and n)
Heatmaps display the effects of heat and salt stress on motif pair distribution, with dense clusters
diminishing beyond 200 bp upstream of the TSS. (I, o) Random gene sets demonstrate a stark
contrast, displaying a dispersed and sparse presence of motif pairs, which underscores the non-
random nature of motif pair localization in the promoter regions of stress-responsive genes. These
patterns, particularly dense pattern near the TSS, underscore the role of promoter architecture in
gene regulation under stress conditions.
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collection of experimentally derived motifs, detailed categorization, and comprehensive dataset.
Importantly, alternative splicing leads to the generation of multiple gene models for each genomic
element. For the analyses, the longest gene model was selected from each gene to represent it in
PMET, to validate the hypothesis of a comprehensive TF regulatory network.

The PMET analysis of promoter regions yielded three datasets of motif pairs regarding cell types
of cortex, epidermis and pericycle, each encompassing 379,756 potential motif pairs, calculated as
872 x (872 — 1) + 2, derived from the Plant Cistrome Database. Focusing on the cortex as an
example, applying a p-value adjustment threshold of 0.01 resulted in the retention of 7,249 motif
pairs. Similar adjustments yielded 12,131 motif pairs for the epidermis and 2,710 for the pericycle,
as illustrated in Figure 26a.

In investigating the regulatory potential of genomic elements beyond the conventional promoter
regions, PMET analyses revealed a variable number of motif pairs across gene clusters of different
cell types. The absence of a consistent pattern among these gene clusters implies the intricate
and variable nature of the regulatory mechanisms at play. 25000 Significantly, the identification
of motif pairs within the 3° UTR and 5 UTR regions was found to be infrequent across various
gene clusters, as shown in Figure 26a. This observation can be attributed to the shorter sequence
lengths characteristic of these regions, with the 3° UTRs averaging 313.24 bp and the 5 UTRs
averaging 248.82 bp in length, as shown in Figure 27a,b.

Upon comparing motif pairs derived from genomic elements beyond promoters to those from
promoters, a notable variable degree of overlap was observed across all gene clusters. As illustrated
in Figure 26b, motif pairs originating from diverse genomic elements, including exons, exhibit sig-
nificant overlap with motif pairs from promoters within three gene clusters. This overlap suggests
a shared regulatory potential between these genomic regions, indicating that exon regions, tra-
ditionally not the primary focus for motif pair analysis, may also play a significant role in gene
regulation.

In contrast to gene clusters associated with cell types, those involved in heat and drought stress
response exhibit greater directionality and comparability. Notably, the cluster of down-regulated
genes under drought stress has higher number of associated motif pairs than the up-regulated gene
cluster. It is worth noting that the quantity of motif pairs in the promoter region is relatively

scarce, as evidenced in Figure 28.

2.10 Heat Stress Genes

It has been introduced that the affinities of a motif to promoters are quantified by the bindings’
p-value calculated by 'FIMO’ in PMET indexing procedure. The parameter N is set to limit the
number of promoters to which the motif binds. It is observed that the up- and down-regulated
genes in A. thaliana under heat stress condition present an interesting pattern when studying the
impacts of the varied parameter N. When the parameter N was set to a relatively small number,
i.e 500 to 12,000, the motif pairs co-appearing in the promoters of up-regulated genes accumulated

while there were almost no motif pairs co-appearing in promoters of down-regulated genes. A
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Figure 26: Comparative analyses of motif pairs across genomic elements reveal distinct distribu-
tions. The motif database, consisting of 872 motifs from the Ecker Lab (2016) '°!, was utilized for
PMET analyses. (a) Count of motif pairs identified within different genomic elements (promoter,
3'UTR, 5’UTR, CDS, and exons) varies across three specific cell types (cortex, epidermis, and
pericycle). Notable differences in motif pair counts suggest distinct regulatory landscapes across
these genomic regions. (b) Number of motif pairs shared between promoters and other genomic
elements indicates potential overlaps in regulatory motifs across different genomic structures. The
high prevalence of shared motif pairs, particularly in exon regions, underscores the complexity of
gene regulation that extends beyond traditional promoter-centric models.
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Figure 27: Length distribution of different genomic elements in A. thaliana.Each panel represents
the frequency of genomic element lengths for promoters,3’UTRs,5"UTRs,CDS,exons,and promot-
ers. Dashed lines on each histogram indicate the average length of the respective genomic ele-
ments,with values provided in red. Histograms highlight the variability in length across different
types of genomic elements,which may have implications for the binding and regulatory potential
of TFs.
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Figure 28: Motif pairs across genomic elements in genes differentially regulated under heat and
drought stress. (a) Bar chart displays counts of motif pairs identified within different genomic
elements (3’ UTRs, 5° UTRs, CDS, and exons) in heat stress-regulated gene clusters. The motif
database consists of 182 motifs derived from clustering in the previous section. (b) Bar chart
illustrates the number of motif pairs shared between promoters and other genomic elements in
drought stress-regulated gene clusters, indicating potential overlap in regulatory motifs across
different genomic structures.

sharp increase of motif pairs co-appearing in down-regulated genes was noticed when promoters
with weaker affinities were included. Especially, there is a peak of motif pairs when N was set to

25,000 (Figure 29a).

2.10.1 GO Enrichment Analysis of Heat-Stress-Induced Genes in Arabidopsis

thaliana

This work conducted a gene ontology (GO) enrichment analysis on the up- and down-regulated
genes in A. thaliana in response to heat stress. The primary GO terms associated with heat stress
up-regulated genes predominantly relate to the cellular response to specific environmental stresses
or signaling. Responses to environmental stress correspond to the plant’s adaptive mechanisms to
changes in the environment, such as heat, drought, salt, and hypoxia. There is also an association
with abscisic acid signaling, as indicated by the GO term ”abscisic acid-activated signaling path-
way” (Figure 30a). The main GO terms related to heat stress down-regulated genes, as depicted in
Figure 30b, are predominantly associated with biochemical and metabolic pathways. Additionally,
they include functions specific to plants, such as the synthesis of glucosinolates and xyloglucans.

The GO analysis results for the two gene clusters exhibit distinct differences.

2.10.2 Induced Genes under Heat Stress of Other Species

For a more comprehensive understanding, induced genes under heat stress conditions of Solanum
tuberosum and Triticum aestivum were employed to conduct the PMET analyses with 113 motifs
from Franco-Zorrilla et al. (2014) """, and similar patterns of the varying number of motif pairs
were observed in Figure 29b,c. Subsequently, different parameters N were selected for the up- and
down-regulated gene sets of each species to maximize motif pairs. For example, in Figure 29a,

when N is set to 14,000, the number of motif pairs corresponding to up-regulated gene set (green
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Figure 29: Effect of the changing parameter N on the number of motif pairs in up- and down-
regulated genes in three plant species exposed to heat stress. (a-c) Numbers of motif pairs under
Effect of parameter N on the number of motif pairs in up-(red) and down-regulated (green) genes
of A. thaliana, Solanum tuberosum, and Triticum aestivum upon heat stress. (d) Shared motif
pairs within up-regulated genes of the three species when N was set to maximize the number of
motif pairs for each species. (e) Shared motif pairs within down-regulated genes of the three species
when N is set to maximize the number of motif pairs for each species. All motif pairs identified
through PMET analyses were filtered with a p-value threshold of < 0.01.
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Figure 30: GO analyses for up- (a) and down-regulated (b) genes in A. thaliana under heat stress,
revealing a significant association between the heat response in up-regulated genes and a variety

of metabolic processes in down-regulated genes.
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line) of A. thaliana is 398. For down-regulated gene set (red line), N is set to 25,000 for most motif
pairs.

This study further employs a word cloud approach to visually represent the frequency of inter-
actions between TF families and the occurrence of individual motifs within those selected motifs
pairs associated with down-regulated genes under heat stress (Figure 31). The interaction between
TF families is determined by extracting the family information from both members of a motif pair.
For example, from the specific pair ANAC/6-MYCY, only the TF family information is retained,
resulting in the generalized pair ANAC-MYC. The word cloud visualization reveals that A HL and
MYC are the two TF families most frequently forming motif pairs across three species. Within
these motif pairs, individual motifs such as multiple members of the AHL family, WOX13, MYC4,
and members of the ANAC family are particularly active. In the analysis of 410 motif pairs of
Solanum tuberosum, it was found that 326 of these motif pairs contain at least one member be-
longing to the AHL family. This finding explains why words such as ’ahl12’, ’ahl20’, and ’ahl25’
dominate prominently in Figure 31e. Similarly, in the work of 107 motif pairs of Triticum aestivum,
motif pairs of the ANAC family appeared with a frequency of 43, which is visually represented in
Figure 31d.

Figure 29d,e depict the shared motif pairs of three plant species in up- and down-regulated gene
sets under heat stress with the optimal N respectively. In Figure 29d, the purple and yellow circles
represent the largest numbers of motif pairs corresponding to the heat-induced up-regulated gene
sets in A. thaliana and Triticum aestivum, respectively. The intersection between them consists of
38 motif pairs (Table 8), almost all of which contain heat shock factors (HSFs). Additionally, both
MYC8 and MYCY are frequently present in these motif pairs. An examination of 68 motif pairs
from Solanum tuberosum (Table 9) revealed no motifs associated with HSF.

In a similar manner, the composition of 70 common motif pairs in down-regulated gene sets
under heat stress for both A. thaliana and Solanum tuberosum (purple and green circles in Fig-
ure 29¢) was analyzed. These motif pairs included multiple members of the AHL family (AHL12,
AHL20, and AHL25) as well as other TFs, such as HSFs, MYC3, MYC/, SPL7, and TCP15 (Table
10). The overlap between motif pairs from down-regulated genes in both A. thaliana and Triticum
aestivum (purple and yellow circles) is detailed in Table 11. The frequent presence of MYC/ in

motif pairs may indicate its special regulatory role.
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Figure 31: Word cloud of motif pairs and individual motifs associated with down-regulated genes
in A. thaliana, Solanum tuberosum, and Triticum aestivum under heat stress. (a) Frequency of
TF family pairs from motif pairs, detected in down-regulated A. thaliana genes under heat stress,
with a notable occurrence of AHL-AHL and AHL-MYC at N = 25,000. (b) High frequency of
AHL-ANAC and AHL-MYC motif pairs, found in down-regulated genes in Solanum tuberosum
under heat stress at N = 26,000. (c) Frequent presence of ANAC-MYC motif pairs detected in
down-regulated Triticum aestivum genes under heat stress at N = 100,000. (d)-(f) Motif derived
from motif pairs with the highest counts for the corresponding species: AHL family members,
WOX13, and MYC/ for A. thaliana; AHL family members for Solanum tuberosum; ANAC family
members and MYCY for Triticum aestivum.

2.11 Discussion

The regulatory functions and expression patterns of genes are often determined by multiple TF
bindings within a gene region. PMET, a tool developed for this purpose, focuses on the statistical
estimation of dual TF bindings. Prior research generally emphasized the binding of individual
TFs, relying on the presence of these bindings for functional inference. For instance, FIMO iden-
tifies motifs in gene regions and infers regulatory functions based on the presence of these motifs.
However, the statistical significance of a motif does not guarantee its functionality, as predictions

of excessive significant bindings often happen and these are not confined to particular genes.

PMET addresses these issues through three key approaches:

1. Limiting individual motif hits per promoter (K): The number of individual motif hits
per promoter is restricted to reduce the frequency of motif hits per genes. In practice, k is set
to 5, based on adjusted p-values, capping the hits of each motif to a promoter at a maximum

of 5.

2. Binomial test for probability calculation: The likelihood of k hits is computed using a
binomial test, which provides a score that aids in limiting the number of hits to a gene. The

default setting for N is 5,000, allowing a motif to match up to 5,000 genes.

3. Hypergeometric distribution for shared gene clusters: This distribution is used to de-
scribe the co-occurrence of two motifs within a specific gene cluster, enhancing the specificity

of the analysis.
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Table 8: 38 shared motifs pairs in promoters of up-regulated genes in A. thaliana and Triticum
under heat stress (intersection of purple and yellow circles in Figure 29d).

Cluster Motifl Motif2
heat__up HSFB2A_ 2 HSFC1_2
heat _up | HSFB2A HSFB2A_ 2
heat__up HSFB2A PIF3
heat__up HSFC1_ 2 PIF3
heat__up HSFB2A_ 2 PIF3
heat__up | HSFCI1 MYC4
heat__up ANAC46 HSFB2A
heat__up BZIP60 HSFC1_2

heat_up | BZIP60_2 HSFB2A
heat__up HSFB2A_2 MYC4

heat__up BZIP60 HSFB2A
heat__up BZIP60_ 2 HSFC1_2
heat__up ANAC46 HSFC1_2

heat_up | BZIP60_2 HSFC1
heat_up | BZIP60_2 HSFB2A_2
heat__up HSFB2A_ 2 TGA2 2

heat_up | HSFCL_2 MYC4
heat__up HSFB2A_ 2 MYC3
heat__up HSFC1_ 2 MYC3
heat__up DEAR4_2 HSFB2A
heat up | ANAC55 HSFB2A
heat__up | BZIP60 HSFB2A_ 2
heat__up ANAC46 HSFB2A_ 2
heat_up | DREB2C HSFB2A
heat _up | HSFB2A MYC4
heat_up | DREB2C HSFC1
heat__up ANAC55 HSFC1_2
heat__up DEAR4_2 HSFC1_2
heat__up HSFC1_2 TGA2
heat_up | DREB2C HSFB2A_ 2

heat _up | AT1G77200 HSFB2A
heat_up | AT1G77200 HSFB2A_ 2

heat__up HSFB2A REM1_2
heat_ up | HSFB2A ORAA47
heat__up HSFC1_ 2 TGA2 2
heat__up HSFC1_2 TCP23
heat__up DAG2 HSFC1_2
heat__up DAG2 HSFB2A

2.11.1 Statistical Models

When a motif in PWM format is scanned across a promoter region using FIMO, it can yield
an extensive number of hits, often exceeding 100. These hits are limited to k& based on the p-
values calculated by FIMO. This capping is crucial because unlimited motif hits can lead to false
positives, complicating the analysis and interpretation of results. By assuming each motif hit
within a promoter region as an independent and uniformly random event, a more conservative
approach was adopted, focusing on the most statistically significant hits. The geometric mean of
the p-values for k hits is used as the probability of random matching of that motif in the promoter
region. This probability assessment serves as a critical filter, enabling us to distinguish between

genuinely significant motif occurrences and random hits that are statistically less relevant.

This scenario is modeled using a binomial distribution, a statistical model well-suited to sce-
narios where outcomes are classified as ’success’ or ’failure —for PMET analyses, a motif hit is
considered a ’success’. Similarly, a Poisson distribution is used to model the occurrence of motif
hits, particularly effective when events occur independently and the number of events in a fixed
interval is of interest. The decision to use both binomial and Poisson distributions in PMET un-
derscores the commitment to a rigorous statistical approach, ensuring that the results are both

reliable and reproducible.
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Table 9: 68 motifs pairs in promoters of up-regulated genes in Solanum tuberosum under heat

stress. (green circle in Figure 29d)

cluster motifl motif2
heat_up | AHL20 DAG2
heat__up AHL12_2 DAG2
heat_up | DAG2 RVE1
heat__up AHL12 2 RVE1
heat__up DAG2 ICU4
heat_up | AHL20 STY1
heat__up AHL20_2 DAG2
heat__up AHL20_3ARY DAG2
heat__up AHL25_ 2 DAG2
heat up | ATHB51 RVE1
heat__up RVE1 WOX13_2
heat__up AHL12 2 CCA1
heat_ up AHL12 DAG2
heat__up AHL12_ 2 STY1

heat _up | AHL12 3ARY | DAG2
heat_up | AHL20 ATHB51
heat__up AHL20 SPL1_2
heat__up AHL20_2 STY1
heat__up AHL25 DAG2
heat__up DAG2 YABI1
heat__up ICU4 RVE1
heat__up AHL12 STY1
heat__up AHL12_ 2 WOX13
heat__up AHL20 DOF5.7_2
heat__up AHL20_3ARY STY1
heat__up AHL25 2 STY1
heat__up ANAC55 RVE1
heat__up ATHB51 CCA1
heat_up | ATHB51 DAG2
heat__up ATHB51 STY1
heat_ up CCA1l DAG2
heat__up AHL12_ 2 SPL1_2
heat up | AHL20 AT5G28300
heat_ up AHL20_ 2 RVE1
heat__up AHL20_ 2 SPL1_2
heat_up | AHL20_3ARY | SPL1_2
heat__up AHL25_2 ATHB51
heat__up AHL25_2 RVE1
heat_up | ATHB12 DAG2
heat_up | RVE1 WOX13
heat up | AHL12 RVE1
heat__up AHL12_ 2 WRKY45
heat__up AHL12_ 3ARY STY1
heat__up AHL20 SPL1
heat_up | AHL20 WOX13
heat__up AHL20 ZAT14
heat__up AHL20_3ARY RVE1
heat__up AHL25_3ARY STY1
heat_up | ATHBI12 RVE1
heat__up ATHB51 SPL1_2
heat__up RVE1 SPL1_2
heat_up | AHL20 DEAR3_2
heat__up AHL12_3ARY RVE1
heat_ up AHL20 LBD16
heat up | AHL20 RVE1

heat up | AHL20 WRKY45
heat_ up AHL25 STY1
heat__up ATHB51 SPL1
heat__up ICU4 STY1
heat_up | RVEL WRKY45
heat__up AHL12_2 AHL20_2
heat__up AHL12 WOX13_ 2
heat__up AHL20_3ARY 1CU4
heat__up CCA1_2 RVE1
heat_up | AHL20_3ARY | ATHB51
heat__up AHL12 AHL12_2
heat_up | AHL20_2 WOX13_2
heat_up | AHL20 AHL25_3ARY
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Table 10: Top 15 out of 70 motifs pairs in promoters of down-regulated genes in A. thaliana and
Solanum tuberosum under heat stress. (intersection of purple and green circles in Figure 29e)

Cluster Motifl Motif2
heat__down AHL12_3ARY MYC4
heat_down | AHL12_3ARY | TCP23
heat__down AHL12_ 3ARY YABI1
heat__down AHL25 MY C4
heat__down AHL12_3ARY SPL7
heat__down AHL12 3ARY TCP15
heat__down AHL20 2 SPL7
heat_ down AHL25 HSFB2A
heat__down AHL25 MYC3
heat__down AHL25 3ARY SPL7
heat__down AHL25 3ARY MYC3
heat__down | AHL25_3ARY | MYC4
heat_down | AHL12_3ARY | DOF5.7
heat_down | AHL12_ 3ARY | HSFB2A
heat__down AHL20 2 MYC3
heat__ down AHL20_3ARY MYC3
heat__down AHL20_ 3ARY MY C4
heat__down | AHL25_3ARY | HSFB2A
heat__down AHL20 MY C4
heat_ down AHL20_ 2 HSFB2A
heat__down AHL20_2 MYC4
heat_ down ATHB51 HSFB2A
heat_ down ATHB51 MYC4
heat__down AHL20_2 GLK1
heat__down ANAC55 YABI1
heat__down AHL20 DOF5.7
heat__down AHL25 YABI1
heat__down RVE1 YABI1
heat__down AHL25 3ARY DOF5.7
heat__down AHL25_3ARY YAB1

Table 11: 12 shared motifs pairs in promoters of down-regulated genes in A. thaliana and Triticum
aestivum under heat stress (intersection of purple and yellow circles in Figure 29e).

Cluster Motifl Motif2
heat__down AT1GT77200 MYC4
heat__down DREB2C MY C4
heat__down MYB52 MY C4
heat__down MY C4 RAP2.3
heat__down AT1G77200 PIF4
heat_ down MYC4 RRTF1
heat__down MYC4 RAP2.6
heat__down MYC4 TCP15
heat__down ANAC58 MYC4
heat__down DREB2C PIF4
heat__down PIF4 TCP15
heat__down MYB46_ 2 MYB52
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As observed in Section 2.6, nearly identical results were obtained across different gene clusters.
In genomics, the Poisson distribution is often used to model random events over entire genomes or
large regions, such as gene mutations and TF binding. Such applications highlight the suitability of
this model for genomic analyses where the events of interest occur infrequently. Mathematically,
the Poisson distribution is derived from the binomial distribution with large trials and a small
probability of success. The congruence of two statistical results is not only reassuring but also
indicative of the accuracy of PMET in identifying biologically meaningful motif patterns.

The integration of these statistical models into PMET enables PMET to confidently identify
and interpret motif pairs that are truly significant in gene regulation. Such specificity is crucial for
unraveling the complex mechanisms of gene expression and regulation, paving the way for deeper

insights into the intricate networks that govern cellular processes.

2.11.2 Threshold of Motif Clustering

In addressing the potential redundancy among 1,565 motifs, hierarchical clustering was utilized to
construct a coherent hierarchical motif tree. Branches at specific levels of this tree can be selected
to identify non-redundant motifs. Hierarchical clustering offers the advantage of gradually building
a cluster hierarchy without the need to predefine the number of clusters, making it well-suited for
aggregating and categorizing motifs from diverse databases. This method iteratively merges the
most similar clusters into new clusters until all motifs have been integrated, thereby generating a
dendrogram.

The flexibility of this approach lies in its ability to accommodate various types of data through
adjustments to distance metrics and merging strategies. Additionally, the hierarchical structure of
merged clusters provides intuitive insights into motif relationships. However, a key challenge lies
in determining the optimal number of clusters. Since motif similarity, calculated using Euclidean
distance, lacks inherent biological or physical significance, by which setting a specific distance
threshold to control clustering outcomes is not feasible.

The maximum Silhouette score corresponds to the optimal distance threshold for hierarchical
clustering, which is around 0.5. The final number of clusters is approximately 150. The Gap
Statistic method confirms that the number of clusters stabilizes after reaching 150, indicating that
both methods converge on the optimal number of clusters (distance threshold). In actual PMET
analysis, the goal is to input as many motifs as possible to achieve a greater number of homotypic
matches, which forms the foundation for identifying heterotypic matches. Taking into account the
requirement for a larger set of motifs, and integrating the results from Silhouette Analysis and
Gap Statistic, the hierarchical clustering distance threshold is set to 0.7, allowing a certain degree

of redundancy.

2.11.3 Impact of Promoter Length and Overlap with Other Genes

An intriguing observation from the analyses, as depicted in Figure 19, is the non-linear relation-

ship between the number of motif pairs and promoter lengths across various gene clusters. It’s
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noteworthy that an increase in promoter length does not consistently lead to an increase in motif
pairs. An incremental quantity of motif hits is particularly evident when considering solo TF
binding within a certain length of promoters; longer promoters offer more potential binding sites
in predictive scenarios. However, when exploring TF-TF interactions or motif pairs, the outcomes
become less predictable. In the examination of immune-responsive genes, cell type-specific genes,
and up-regulated genes (both heat- and salt-stress induced), a fluctuating pattern of motif pairs
was observed with increasing promoter lengths. This fluctuation may stem from the reliance on

the gene cluster on the presence or absence of specific TFs.

In scenarios where promoters are short, a slight extension in length can allow for the identi-
fication of additional, more compatible TFs that synergize with already predicted TFs. As the
extension continues, the number of motif pairs initially increases and then subsides, eventually
reaching a plateau. This pattern is likely associated with the significance of new TFs identified in
longer promoters during the PMET indexing process. For example, motif A might be considered
a significant hit for a promoter of length 1000. However, for the same promoter of length 2000,
motif A may no longer be considered as significant due to the emergence of a more significant motif
B. This outcome is a consequence of the top k selection criterion employed in PMET indexing.
Once the plateau phase is reached, the number of motif pairs stabilizes, reflecting the biological
reality that promoter lengths have natural limits. As detailed in Table 6, the average length of
the sequence upstream of the T'SS in A. thaliana is approximately 1672 bp. In Figure 19, all lines
demonstrate a turning point within the range of 500-1500 bp, which is consistent with the biologi-
cal constraints of promoter region sizes. This observation aligns with the findings of Korkué et al.
(2014), who estimated that the average length of the promoter region upstream of gene TSS in A.
thaliana is around 500 bp “”, based on the density distribution of single-nucleotide polymorphisms
(SNPs).

When overlaps with other genes are permitted, this intrinsic limitation on promoter length is
effectively removed. As depicted in Figure 19, this adjustment leads to a marked reduction in the
number of identified motif pairs, which can drop to near zero in some cases. This observation
prompts two hypotheses.

The first hypothesis contends that motif hits extending into neighboring genes, despite achieving
statistical significance, do not necessarily impart biological relevance. These hits are unlikely to
participate in cooperative interactions within specific gene clusters, suggesting that statistical
significance does not guarantee biological functionality. For instance, a simplified motif pairing
model (Figure S4b) illustrates that a gene, labeled as Gene & exhibits highly significant hits upon
extension of the promoter region. Yet, Gene 3 does not contribute to any specific gene cluster and
subsequent motif hits for this gene are also absent, suggesting taht these hits are artifacts of the
analysis rather than biological context of the gene cluster.

The second hypothesis posits that motif hits extending into neighboring genes are biologically
significant, potentially establishing regulatory links with these genes and thus influencing their

function. For instance, if Gene 4 is part of a different cluster, motif pairs associated with Gene
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4 may not contribute positively to the regulatory dynamics of the Gene 2 cluster. This reflects
a complex network of interactions where the biological significance of motif hits depends on the
broader gene regulatory network (Figure S4b,d). This hypothesis suggests that, in addition to the
promoter, other genomic elements also possess TF binding sites that serve regulatory functions.
Both hypotheses emphasize the intricate nature of motif interactions and the importance of
considering the biological context when interpreting PMET results. This underscores the neces-
sity for careful consideration of gene overlaps in the analysis, as they can profoundly impact the

interpretation of TF-TF interactions and motif pair significance within gene clusters.

2.11.4 Negligible Motif Pairs of Down-regulated Genes under Stress Conditions

In the PMET analyses of A. thaliana genes subjected to heat and salt stress, down-regulated genes
exhibited a almost complete absence of significant motif pairs (Figure 19¢,d). This observation
sharply contrasts with the results for immune-responsive and cell-type-specific genes, which showed
a presence of motif pairs in both up- and down-regulation (Figure 19a,b). This contrast suggests
that the regulatory mechanisms under stress conditions might be differ fundamentally and could
be explained by two hypothesis.

The first hypothesis pertains to genetic specificity. Genes that are up-regulated in response to
stress typically function to enhance plant resilience and promote survival. In contrast, genes that
are down-regulated under stress conditions are often associated with non-essential or energetically
demanding biological processes, including growth, development, and metabolism. This results
in a heterogeneous set of down-regulated genes, each involved in distinct biological pathways.
Consequently, the underlying regulatory mechanisms are likely to be diverse and less coordinated,
as evidenced by the limited number of significant motif pairs detected in the PMET analysis.
The observed divergence and lack of shared regulatory patterns among down-regulated genes may
reflect a broader cellular strategy of resource reallocation—shifting priorities from growth-related
functions toward survival during stress conditions.

This interpretation is consistent with findings by Peredo et al. (2020), who demonstrated that
while the up-regulation of genes involved in protective functions is critical, it is not solely sufficient
for achieving desiccation tolerance. Coordinated down-regulation across various metabolic domains
is also required“””, in agreement with results from the GO enrichment analysis. As shown in
Figure 30a, more than 20% of genes up-regulated under heat stress are annotated with the GO
term ’response to heat’. Additional enrichment in terms such as ’cellular response to heat’ and
‘heat acclimation’ further supports the notion of a targeted and specific transcriptional response
under heat stress conditions.

In contrast, the down-regulated gene set is associated with a wide range of metabolic processes,
with individual GO categories each accounting for a relatively small fraction of genes (up to 5%), as
illustrated in Figure 30b. This pattern suggests a more diffuse and less coordinated transcriptional
response. Supporting this interpretation, the PMET analysis of up-regulated genes under heat
stress identified motif pairs involving heat shock factors (HSFs), including HSFBs and HSFBCs,
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further reinforcing the hypothesis of genetic specificity in stress-responsive gene regulation.

The second hypothesis suggests that genes down-regulated under stress conditions are primarily
regulated through epigenetic mechanisms rather than direct TF binding. Epigenetic regulation
plays a pivotal role in facilitating rapid and reversible responses to environmental stimuli, and
numerous studies have provided evidence supporting the involvement of epigenetic mechanisms in
plant stress responses """ 752020200200 For example, research on transcriptional heat stress
memory—mediated by the TF HSFA2—demonstrates how prior exposure to heat stress can confer
enhanced tolerance to subsequent stress events

Despite its conceptual appeal, this hypothesis remains only partially substantiated, as it does
not fully account for the preferential targeting of down-regulated genes by epigenetic regulation.
Rather than serving as a definitive explanation for the observed regulatory patterns, this hypothesis
highlights the potential complexity and diversity of gene regulatory strategies employed during

stress responses.

2.11.5 Low-Affinity Transcription Factors and Heat-Stress-Induced Genes

The parameter N is pivotal to PMET’s algorithmic performance, and determining its optimal
value is challenging.In the PMET indexing process, N specifies the maximum number of promoter
hits permissible for a motif. An increase in N typically leads to an increase in the count of motif
pairs, as it allows for the inclusion of hits with lower affinity to the promoter. Consequently, a
steady rise in motif pairs is noted as N increases. This increase plateaus at a specific threshold
depending on the gene cluster, such as at 12,000 for up-regulated A. thaliana genes under heat
stress (Figure Slc). Mathematically, a continual rise in N implies an expansion in the total sample
space while the subset of effective samples, as a specific gene cluster, such as up-regulated genes
under heat stress, remains constant. This expansion ultimately diminishes the probability derived
from the hypergeometric distribution, which may approach zero. This aligns with the observations
in this work. Intriguingly, the down-regulated genes under heat stress remain at zero up to 10,000
and then exhibit a sudden surge. This phenomenon likely results from the inclusion of weaker
promoters into the target range for hits by motif 1 and motif 2 with the enlargement of N,
intersecting with down-regulated genes as depicted in the green area of Figure S1b.

Beyond the mathematical perspective, the biological implications of of low-affinity TFBSs are
also significant. It is widely acknowledged that low-affinity TFBSs play a crucial role in the tran-
scriptional regulation""="">=>":225:29%299 " reflecting the complexity of transcriptional regulation.

These TFBSs enable more refined transcriptional control by allowing for discrimination between

similar TFs*”". The lower binding efficiency due to low affinity can be offset by the concentration
of TFs*”"»*°Y. Moreover, low-affinity permits a greater diversity of TFs to bind, which significantly
enhances the flexibility of gene expression regulation”"”. Additionally, the binding duration be-

tween low-affinity TFBSs and TFs tends to be shorter, suggesting a more energy-efficient, transient
interaction when compared to the prolonged engagement with high-affinity TFBSs

The preceding discussion has elucidated the rational existence of low-affinity TFBSs in a bio-
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logical sense, yet it does not account for the observation that as the parameter N increases beyond
10,000, there is a notable increase in the number of motif pairs binding to the down-regulated genes
under heat stress in A. thaliana, concomitant with a decrease in the number of motif pairs bind-
ing to the up-regulated genes. Motif pairs associated with down-regulation related are commonly
involve TFs such asATHB12, AHL12, AHL20, AHL25, SPL7, ANNC/6 (primarily for Triticum
aestivum), and MY CY. Except for SPL7, these TFs are known to be part of the immune regulatory
network of A. thaliana”**. The gene SPL7 encodes a heat stress factor (HSF) protein that confers
tolerance to heat and other environmental stresses in plants~". Other members of the SPL fam-
ily, particularly SPL1 and SPL2, have been shown to enhance thermotolerance in A. thaliana
Additionally, motif pairs containing SPL1 were observed in over 10% of the down-regulated genes
under heat stress in Triticum aestivum. The information obtained is consistent with the hypothesis
that low-affinity TFBSs interacting with heat-shock or immunity-related TFs are involved in the
transcriptional regulation of plants under heat stress. However, the current data are insufficient to
draw more definitive conclusions. Further research, including the additional data acquisition and
more in-depth analysis is necessary in the future.

Although establishing a single optimal value of N that is applicable to all species is impractical,
for analyses focused on A. thaliana, it is recommended to set N to approximately 5,000. This
recommendation is based on two observations: first, PMET results across various gene clusters
showed minimal fluctuations in the number of motif pairs when N was varied from 500 to 10,000
(Figure Sla-d); second, as discussde in the following chapter, single-cell analyses of A. thaliana
revealed that genes showing significant expression variability typically number around 2,000. Based
on this empirical evidence, it is suggested that an N value of 5,000 to balance the trade-off between

capturing a comprehensive set of interactions and maintaining statistical significance.

2.11.6 Genomic Localization Patterns of Motif Pairs on Promoters

Yu et al. (2006) " leveraged 586 experimentally verified motifs for 400 TFs, sourced from com-
prehensive datasets such as TRANSFAC-"", JASPAR 2014°°°, Athamap ", CIS-BP"'°, and the
work of Franco-Zorrilla et al. '”' to examine the positional distribution of TFBSs in the promoters
of A.thaliana. These motifs were scrutinized across the promoter regions of all genes using the
FIMO tool, with the promoter range defined as -200 to +2,000 bp upstream of the TSS. In their
study, the probability density curve (PDC) for the binding of random motifs within a range from
2000 bp upstream to around 50bp upstream of the TSS essentially forms a horizontal line, indi-
cating a random pattern of motif binding. In contrast, a small peak is observed 50bp downstream
of the TSS, suggesting a preference for motif binding in that region. For the collected motifs, the
PDC starts at zero at the -2000bp position and gradually rises as it approaches the TSS, culmi-
nating in a significant peak. This peak reaches its apex at -100bp upstream of the TSS, indicating
a marked increase in the probability of motif binding at that location. It is notable that once past
the TSS, the PDC drops sharply to near zero (Figure S3a).

Based on the aforementioned findings and observations highlighting the concentration of motif
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pairs in proximity to the TSS of various gene clusters (Figure 25), it is hypothesized that omitting
promoter regions near the T'SS may lead PMET analyses to omit the true regulatory mechanisms.
This assertion is supported by Lis et al. (2016), designating the 50 bp upstream of the TSS as
the core promoter region and demonstrating the widespread distribution of 10 core promoters
within this area““". Furthermore, Georgakopoulos-Soares et al. (2013) substantiated the concept
by demonstrating that for nine TFBSs —AHR, CREB1, CTCF, GABPA, HNF1A, REST, SP1,
XBP1, and YY1 —increased expression levels are associated with closer proximity to the TSS
Observations from the analyses of different gene clusters revealed that dark blocks, signifying
high motif pair enrichment, were found in both extended and compressed promoter lengths. This
indicates that motif binding events proximal to the TSS can interact with those at varied locations
of a promoter, culminating in the formation of a statistically significant motif pair.

Individual motif binding and motif pair interactions emphasize the essential function of pro-
moter regions in close proximity to the TSS in transcriptional regulation. Although these TSS-
adjacent regions are indispensable for gene expression regulation, distal regions may be less critical
under specific conditions, highlighting the paramount importance of the T'SS-adjacent promoter
domain in orchestrating the transcriptional landscape. Concurrently, defining an appropriate pro-

moter length configuration is a critical for identifying valid motif pairs.

2.11.7 Distribution of Motif Pairs on Genomic Elements

Much research has confirmed that TFs bind to genomic elements that are not promot-
erg 00 h200,200,200,200 D PMET analysis results have corroborated this observation as well. Typ-
ically, the 3'UTR is known for binding RNA binding proteins to rregulate translational func-
tion V5707705200 L with this binding occurring through motif recognition"*""". The motif pairs
in the 3'UTR sequence of A. thaliana gene clusters suggest that they are involved not only in
mRNA translational regulation but also in transcriptional processes. In plants, the average length
of 3'UTR exceeds that of the of 5’UTR """, as also demonstrated in this work. Contrary to the
5'UTR, the longer length of the 3’'UTR, does not correlate with an increased number of motif pairs.
However, down-regulated gene clusters under drought and heat stress show more motif pairs in
the 3’'UTR region, which suggests a different regulatory mechanisms. The CDS, as a component
of an exon with a relatively shorter length, interacts with smaller number of motif pairs than the
exon as a whole. This observation may imply that motif pairs within the exon do not exhibit
heterogeneity and positional specificity; instead, their distribution appearsmore uniform.

In Section 2.11.6, observations from this work indicate a significant increase in the binding
abundance of randomly generated motifs located 50 bp downstream of the TSS of genes in A.
thaliana. Furthermore, known meaningful motifs show minimal binding activity in the region
immediately downstream of the TSS, suggesting that TF binding in this region, especially in the
vicinity of the T'SS within the 5 UTR, may not be biologically significant (Figure S3). Additionally,
when including 5’ UTR sequences, Figure 24 shows a decrease in the number of motif pairs. Based

on these observations, the following scientific question arises: Do TF binding events on the 5’ UTR
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have biological significance?

TFs binding to genomic elements beyond the promoter region introduces a complex labyrinth
to the analysis. Alternative splicing generates multiple transcript variants from a single gene, each
with a distinct transcriptional region or gene model. To streamline the PMET analysis across
these diverse genomic landscapes, the initial strategy involves selecting the gene model that best
represents the characteristics of the gene when multiple options exist.

”"The most representative” gene model can be determined by criteria such as gene model’s
length or other ranking methodologies. Choosing the longest gene model is the simplest and
direct approach. Alternatively, a more sophisticated ranking system, akin to the one employed
by The Arabidopsis Information Resource (TAIR), may be utilized, which prioritizes exons and
gene models based on empirical evidence from various experiments and computational predictions,
assigning a "rank=1 ” to the most reliable ones. In instances where no explicit rank is specified,
the default selection is the isoform denoted with a suffix of .17, implying the primary variant as
per conventional nomenclature.

The intricacies of genomic annotation pose significant challenges, often rendering simplistic
approaches to gene model selection ineffective. Consider, for instance, the gene model AT1G01010.1
of A. thaliana (Table S1). Its CDS is an amalgamation of multiple fragments, each contributing
to the composite CDS of the gene AT1G01010. This multifaceted structure defies reduction to
a single, longest segment, as such a reductionist approach would neglect the regulatory interplay
between the constituent fragments.

The ranking system provided by TAIR, while sophisticated, occasionally falls short in situations
where multiple gene models of the same gene concurrently bear the designation of rank=1, such
as with AT1G01020.3 and AT1G01020.5 in A. thaliana. This scenario illustrates the limitations
of relying solely on a ranking system, as it can result in ambiguities when multiple models share
the same level of presumed significance.

The limitations of relying solely on a single indicator or a potentially incomplete ranking system
are evident in the aforementioned predicament, as they can lead to ambiguity or lack of unique-
ness. To tackle this, a robust selection strategy must be established, that evaluates the evidence
supporting each gene model within the context of its biological functions. For instance, the com-
bination of multiple fragments of a gene model could be considered. Such a framework would
prioritize determining gene models based on comprehensive understanding of biological relevance,
such as the presence of alternative splicing events, the length of the gene model, and experimental

validation, ensuring an accurate representation of gene regulation derived from PMET analyis.
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3 High-Resolution of Single-Cell RNA Sequencing Analysis
of Cell Cycle Genes in Arabidopsis thaliana

3.1 Introduction

Plants, as sessile organisms, encounter a multitude of biotic and abiotic stresses, for instance
pathogen infections, salinity, temperature fluctuations, and drought conditions. To withstand
these challenges, plants have evolved sophisticated adaptive mechanisms. Importantly, the innate
immune system in plants, characterized by pattern-recognition receptors (PRRs) and pathogen-
associated molecular patterns (PAMPs), orchestrates pattern-triggered immunity (PTI) """, Fur-
thermore, there exists a profound interconnection between plant immunity and cell cycle kinet-
ics?'V. In A. thaliana, for instance, the Cabbage leaf curl virus infection modulates the expression
of genes linked to the cell cycle. For example, the upregulation of CYCDS3;1 or E2FB enhances
mitotic activity and polyploidy, thereby significantly mitigating the viral infection””. Another
pivotal response mechanism involves protein kinases, which modulate cell cycle progression in re-
sponse to abiotic stressors. Under salt stress, the transcriptional levels of CDC2a and CYCAZ2;1 are
diminished, resulting in reduced lateral root formation-'"'. These facts indicate that plants do not
merely endure suboptimal cell cycle progression; rather, they actively modulate it through stress-
responsive pathways. Furthermore, the fundamental aspects of plant development and growth are

underpinned by the progression of the cell cycle.

The development of plant roots originates from the embryonic radicle, with stem cells in the
apical meristematic zone engendering all cell types through mitosis and differentiation processes
Studies in A. thaliana roots have shown that cellular proliferation and differentiation are not
uniformly distributed across the root structure. Specifically, cellular division predominantly occurs

within the root apical meristem (RAM) """

In contrast, the elongation zone (EZ) is traditionally perceived as a region where rapid cellular
elongation occurs. However, contemporary perspectives propose a more nuanced understanding
of the EZ: (1) Endoreduplication, a process involving DNA replication without subsequent cell
division, precedes cellular expansion; (2) the application of 5-ethynyl-2’-deoxyuridine (EdU) in
synchronized BY-2 cells for brief periods has demarcated the transition between RAM and EZ, with
EdU signals delineating the initiation of endoreduplication'”. The segment spanning from 520 pm
to approximately 850 pm from the root cap junction (RCJ) is categorized as the EZ in A. thaliana,
wherein cells are capable of tripling in length in under three hours®'*. Furthermore, studies by
Brady et al. (2007) and Li et al. (2016) have used the emergence of the first root hair as an indicator
for the maturation zone or developmental zone (DZ)*'"*'* . Brady et al. (2007)presented a high-
resolution spatiotemporal map of the A. thaliana root, revealing the expression patterns and spatial

distribution of various cell types and root zones.

scRNA-seq has emerged as a pivotal tool for elucidating cell cycle dynamics, offering unique

insights into novel genes and pathways involved in stress responses and immune functions®". This
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advanced technology enables high-resolution characterization of cellular heterogeneity and regu-
latory mechanisms at the individual cell level, thereby facilitating a deeper understanding of the
complex interactions between cellular processes and environmental stimuli.

Using the root spatiotemporal map helps the organize transcriptional data from scRNA-seq of
A. thaliana in according to the developmental zones. This approach enables the high-resolution
analysis of cell cycle progression, overcoming the complexities introduced by the heterogeneous
nature of the cell cycle across distinct developmental zones. This integrated approach not only
enhances the granularity of cell cycle studies but also provides a comprehensive framework for

understanding the temporal and spatial dynamics of cellular development in plant roots.

3.2 Data Acquisition
3.2.1 Cell Cycle Genes in Arabidopsis thaliana

In the early 2000s, multiple studies focused on the cell cycle genes in A. thaliana (Figure 32).
Vandepoele et al. (2002) were the first to integrate experimental data; they used representative
genes from the CDK family as bait to predict candidate genes in chromosome regions of interest.
They employed a variety of methods, including alignment with experimental data, gene structure
modifications, and multiple alignments with other family members, to ascertain whether the pre-
dicted genes were indeed part of the cell cycle gene class. Through these methods, they identified
a total of 61 core cell cycle genes

Furthermore, Menges et al. (2003) utilized A. thaliana cell suspension cultures to explore
the expression patterns of cell cycle-related genes. Through data analysis and screening, they
identified a total of 1082 genes that may be regulated by or associated with the cell cycle; these
genes potentially play significant roles in cell cycle progression~"", with each gene assigned to a
specific cell cycle phase. This work laid the foundation for subsequent research. Subsequently,
Wang et al. (2004) identified 49 cell cycle proteins within the A. thaliana genome by employing
BLAST searches and the protein families (Pfam) region analysis, which included 14 novel types
not previously characterized”"®. Continuing their analysis, Beemster et al. (2005) integrated with
their data on root tips to identify a set of 131 highly confident proliferation genes, which were
expanded to 182 cell cycle genes”'”. Combining the information from the 1082 cell cycle genes;
this work separately tabulated the numbers of cell cycle genes in the G1, S, G2, and M phases,
resulting in 34, 23, 11, and 117 genes, respectively (Figure 33).

3.2.2 Single-Cell RNA Sequencing Data

In 2022, Shahan, Hsu et al. conducted a comprehensive profiling of over 96,000 A. thaliana root
cells using the 10X Genomics scRNA-seq platform ““". This work leveraged the acquired data; it
conducted comprehensive analyses employing the Seurat R package”"'. The experimental details
pertaining to each sample used in their study are meticulously presented in a comprehensive

overview provided in Table 12.
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Figure 32: Overview of published sources for the identification of cell cycle genes in A. thaliana
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Figure 33: Enrichment of cell cycle genes among those with modulated expression during leaf
development, in the root tip, and in synchronized cell cultures of A. thaliana. Genes were compared
against the core cell cycle genes as defined by Vandepoele et al. (2002) ** and Wang et al. (2004)°"".
The bold numbers represent the total number of genes in each population. Additional numbers
denote the core cell cycle genes and their percentage within each population.
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Table 12: Experimental information for each sample used in this work.

sample Used for Atlas? source genotype age # of cells
ppl yes Ryu et al. 2019 Col-0 5_day

dcl yes Denyer et al. 2019 Col-0 6_day

dc2 yes Denyer et al. 2019 Col-0 6_ day

col0 yes Shahan, Hsu et al. 2022 Col-0 5_day 5,000
tnwl yes Shahan, Hsu et al. 2022  Col-0 5_day 5,000
tnw2 yes Shahan, Hsu et al. 2022  Col-0 5_day 5,000
sc_1 yes Shahan, Hsu et al. 2022  Col-0 7_day 10,000
sc_9 yes Shahan, Hsu et al. 2022  Col-0 5_day 10,000
sc_ 10 yes Shahan, Hsu et al. 2022 Col-0 5_day 20,000
sc_ 11 yes Shahan, Hsu et al. 2022 Col-0 5_day 10,000
sc_12 yes Shahan, Hsu et al. 2022  Col-0 5_day 10,000
sc_ 30 yes Shahan, Hsu et al. 2022 Col-0 5_day 10,000
sc_31 yes Shahan, Hsu et al. 2022 Col-0 5_day 10,000
sc_37 yes Shahan, Hsu et al. 2022  Col-0 6_day 10,000
sc_ 40 yes Shahan, Hsu et al. 2022 Col-0 6_day 10,000
sc_ b1 yes Shahan, Hsu et al. 2022 Col-0 5_day 10,000
sc_ 20 no Shahan, Hsu et al. 2022  Col-0 5_day 10,000
sc_ 21 no Shahan, Hsu et al. 2022 Col-0 5_day 10,000
sc_ 25 no Shahan, Hsu et al. 2022  scr-4 5_day 10,000
sc__36 no Shahan, Hsu et al. 2022  scr-4 5_day 10,000
sc_ 52 no Shahan, Hsu et al. 2022  scr-2 5_day 10,000
sc_ 53 no Shahan, Hsu et al. 2022  scr-2 5_day 10,000

3.3 Data Preprocessing of Single-Cell RNA Sequencing Data
3.3.1 Batch Effect Correction

Data from scRNA-seq typically originated from multiple experiments, resulting in batch effects due
to different capturing times, handling personnel, experimental conditions, reagent lots, technology
platforms, etc. These differences lead to significant variations or batch effects in the data, which
may introduce false biological signals and bias of downstream analyses. This work utilized sim-
ulation data from CellMixS package to illustrate the batch effects on scRNA-seq data“"“. Batch
effects were simulated by randomly selecting 0%, 20% and 50% of gene expression values from a
distribution with modified mean values (see Figure 34).

In Table 12, all A. thaliana scRNA-seq experiments should have the same expression distribu-
tion. To reveal the overall expression patterns of genes in different experimental batches, this work
first grouped and aggregated the data by experimental batch. During the aggregation process, the
sum of gene expression for all cells within the same batch was calculated. Then, simple correlation
analyses was conducted, which aimed to evaluate potential gene expression changes caused by
different experimental batches, thus reflecting the impact of batch effects at the gene level. This
type of analysis help to understand consistency and differences between experiments and provided
a solid foundation for further integration and comparison of data.

The total read counts are obtained by accumulating the read counts of all genes from all cells
of the same single-cell sample. The correlation between samples is calculated and visualized in a
correlation coefficient heatmap. In Figure 35, the correlations between scRNA-seq data obtained

by different research groups appear relatively low. Samples from Denyer et al. (2019), specifically
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Figure 34: Demonstration of batch effects in simulated data. (a) Unaltered data with a 0% batch
effect, (b) Introduction of a 20% batch effect by modifying the mean expression values, (c) A 50%
batch effect, which highlights the progressive impact on the distribution of gene expression data
in each scenario.

dcl and dc2 showed significantly lower correlation with the samples from Shahan, Hsu et al.
(2022) °%°"V " as indicated by the blue predominance in the first two columns and rows of the
figure. Samples are from the same research group are expected to exhibit higher correlations, such
as those observed between dcl and dc2, as well as most of the samples prefixed with ”sc”.

To further evaluate the impact of batch effects, this work utilized the CellMixS package to com-
pute the cell-specific mixing score (CMS) for each cell. This score assesses whether the distance
distribution between each cell and its k£ nearest neighbors originate from the same overall distribu-
tion. A high CMS score indicates sufficient mixing between cells and their neighbors, while a low
score suggests the presence of batch-specific biases. Numerically flat distributions across different
CMS values were observed, suggesting the absence of batch effects (Figure 36a). This result is
consistent with the fact that the data was simulated without any batch effect. Significant batch
effects were detected in the simulated data with 50% batch effects, as indicated by uniformly low
CMS across all samples (Figure 36¢). Upon further examination of the 22 samples delineated in
Table 12, the levels of batch effects were determined to be approximately 20%, a conclusion drawn
from the consistency with the flatness observed in Figure 36b. This observation is consistent with
the previously identified low correlation between specific samples such as dcl, dc2, ppl, sc_37,
sc_40, sc_ 25, and sc_ 36 in the upper left quadrant of the heatmap (Figure 35).

In responses to the observed batch effects due to 7 samples, the exclusion of these samples result
in a compact dataset comprising 13 samples. Subsequently, quantification of batch effect using
CellMixS was performed. It is evident that the lower scores was relatively reduced (Figure 36e).

This suggested that the batch effects among 13 samples was negligible.

3.3.2 Integration of Single-Cell RNA Sequencing Data

Integration of scRNA-seq data is a critical step in scRNA-seq analyses, to counteract unwanted
variation due to experimental batches, sample sources or experimental conditions. In general,

integration methods will cluster cells of similar types or biological states and capture the underlying

67



3 HIGH-RESOLUTION OF SINGLE-CELL RNA SEQUENCING ANALYSIS OF CELL
CYCLE GENES IN ARABIDOPSIS THALIANA

mjhﬁ'ﬁffﬁ

genotype 1
source 0.95

det 0.9
dc2
0.85
pp1
sc_37 08
sc_40 0.75
_[ sc_25 0.7
sc_36 i 0.65 genotype
sc 11 : scr-4
= shr-2
i 8212 WT Col-0
sc_52
i source
e Denyer et al. 2019
sc_20 Ryu et al. 2019
sc_21 Shahan & Hsu et al.
sc_30
col0
- sc_1
sc_31
sc_51
thw1
thw2
sc_9_at
sc_10_at
ggggglglglg |g \g \glg |g \glglg %ngg \ggg\glg
B SETEEVR YNNG e w SN
< o o |
3 2l

Figure 35: Heatmap illustrating correlations between single-cell samples. Correlation coefficients
were calculated using a pseudo-bulk-sample strategy, aggregating read counts from all cells within
the same sample. Sample IDs are marked along the x- and y-axes, with sample sources and cell lines
annotated using different color schemes. Lower correlations are shown as blue blocks, especially
concentrated in the first three rows and columns. This indicates weak correlations between the
three samples (del, de2, and ppl) and the samples from Shahan, Hsu et al. (2022), suggesting a
batch effect between samples from different laboratories. Correlation coefficients between samples
from other laboratories (ppl and dcl) are around 0.7 or lower, while internal correlations within
samples from Shahan, Hsu et al. can reach 0.9 or higher .
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Figure 36: Quantification of batch effects in simulated and A. thaliana scRNA-seq data using the
CellMixS mixing score. (a-c) Batch effect quantification using data simulating varying degrees
of batch effects. Flatness in the bar plot suggests minimal batch effects, while less uniformity
indicates more pronounced batch effects. (d) Batch effects in scRNA-seq data from 22 samples.
(e) Batch effects in scRNA-seq data from 13 samples, excluding 9 samples with lower correlation.
Compared to (d), the height of the first bar in (e) is significantly reduced from 75,000 to 30,000,
while the values of the other bars remain relatively unchanged. This indicates a more uniform
distribution and reduced batch effects.
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biological variances even if they are from different experiments.

Figure 37a illustrates the application of Uniform Manifold Approximation and Projection
(UMAP) to visualize human pancreatic islet cell datasets originally sequenced using two differ-
ent methodologies: CelSeq (GSE81076) and SMART-Seq2 (E-MTAB-5061). This UMAP repre-
sentation revealed distinct clusters that correspond not to the biological variation within the cell
populations but to the technical differences between the sequencing platforms, underscoring the
necessity for careful integration.

Upon implementing data integration techniques (Figures 37b,c), the UMAP plots underwent
significant transformation. Cell distributions from both CelSeq and SMART-Seq2 platforms be-
came intermingled, demonstrating a successful mitigation of technical biases. The cells were or-
ganized primarily by cell type rather than by techniques or platforms used for data generation,
allowing for a more accurate interpretation of the biological differences across cell populations.
The post-integration UMAP plots revealed a diverse and cohesive cellular landscape, facilitat-
ing a deeper understanding of the biological processes at play within the human pancreas. This
integrated approach, as illustrated by the UMAP visualizations, underscore the power of compu-
tational techniques to overcome technical variance and to reveal the authentic biological tapestry

of cellular diversity.
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Figure 37: Demonstration of single-cell integration. (a) Two pancreatic islet cell datasets gener-
ated by distinct sequencing platforms: CelSeq (accession number GSE81076) and SMART-Seq2
(accession number E-MTAB-5061). (b) Integration of data from these two datasets. (c) Further
refinement of the integrated results with cell type annotations. IMAGE: Generated from the Seu-
rat demo.

To effectively demonstrate the process and outcomes of data integration, a focused analysis was
performed on a subset of the dataset, comprising six randomly selected samples from those listed in
Table 12. These samples were selected to capture the inherent diversity and complexity of the over-
all dataset. For visual assessment, the Uniform Manifold Approximation and Projection (UMAP)
technique was employed to generate a two-dimensional representation of the high-dimensional
scRNA-seq data. Within this representation, cells were annotated both by cell type and by sample
of origin, providing a dual perspective on the underlying data structure.

Figures 38a-c offer a comparative view of sample dispersion patterns before and after the
integration. Remarkably, these plots showed a similar degree of dispersion among the various
samples, suggesting that a uniform distribution in the multi-dimensional space was achieved even in

the absence of any formal integration technique. This observation might suggest that the underlying
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biological variances were more pronounced and consistent than sample-specific differences.

The observation that cell populations from different samples are already well-integrated in
UMAP space, even before any data integration processing, suggested that batch effects between
these samples were minimal. This implies that the technical variation introduced by different
batches is not expected significantly affect the underlying biological signal. As a result, cells from
different samples of various cell types were already intermingling and grouping accordingly in the
UMAP visualization, indicating that the cell populations were sufficiently blended based on their
biological characteristics rather than their batch origins (Figure 38d-f).

Figure 38: Quality assessment of scRNA-seq data integration for six randomly selected samples,
as detailed in Table 12. (a-c) The UMAP visualizations show the distribution of different samples
before and after integration, highlighting consistent dispersion across the samples. (d-f) UMAP
plots display the samples before and after integration, with cell types annotated, demonstrating
the alignment and uniformity of cell clusters.

3.4 Cell Cycle-related Genes in Root Developmental Zones
3.4.1 Segmentation of Root Developmental Zones

In the exploration of A. thaliana root development, single-cell transcriptional data can provide a
compelling narrative of cellular differentiation. Cells from the RAM, EZ, and DZ were meticulously
isolated by Shahan, Hsu et al. (2020), revealing that there are 50,732 cells in the RAM, 38,538 in
the EZ and 21,157 in the DZ~°". This isloation was augmented by comparing single-cell expression
profiles with bulk gene expressions data of manually dissected root segments, as detailed in previous
studies“'”. Moreover, the application of pseudotemporal trajectory analyses and marker-based

annotations has elucidated the progression of cell development, typically initiating from the RAM
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Figure 39: Development-based separation of cells. (a) Dimensionality reduction of scRNA-seq
data using UMAP visualizes the distribution of cells across different developmental zones. (b)
CytoTRACE provides differential profiles for each cell, displaying the aging pattern in A. thaliana.
Higher values (red) indicate a lower degree of cellular differentiation, while lower values (blue)
indicate a higher degree of differentiation. (c) nFeature_ RNA represents the number of genes
detected in each cell, and nCount_ RNA signifies the total number of molecules detected within
a cell. Cells in the root apical meristem (RAM) exhibit higher gene expression, indicated by a
greater number of detectable genes compared to cells in the elongation (EZ) and differentiation
zones (DZ).

and proceeding outward with EZ transitioning to DZ, as depicted in Figure 39a.

The differentiation pattern of A. thaliana roots mirrors the physical extension of cell types from
the stem cells to differentiated root tissue. Cellular Trajectory Reconstruction Analysis using gene
Counts and Expression (CytoTRACE) was used to construct cellular differentiation trajectories,
corroborating the chronological progression '**. CytoTRACE employs an unsupervised framework.
It relies on the number of genes expressed per cell, with a higher number indicating younger cells,
to deduce the differentiation states from scRNA-seq data. The differentiation trajectories inferred
from scRNA-seq data exhibit an analogous color scheme to the cell development distribution,
with warmer hues representing less differentiated cells, similar to those in the RAM as shown in

Figure 39b.

This developmental pattern is further quantified by examining the number of genes detected per
cell against the total number of transcripts present. As presented in Figure 39¢, 'nFeature_ RNA’
stands for the number of genes detected in a cell, and 'nCount_ RNA’ represents the total RNA
molecules present in a cell. The resulting plot revealed a logarithmic association, with a high
correlation coefficient of 0.89, as presented in Figure 39c. The stratification of this scatter plot
into three distinct layers—red for RAM, green for EZ, and blue for DZ—illustrates a gradient of
gene expression, where RAM cells exhibit a higher gene count compared to those in other zones.
Notably, this increase in gene number does not lead to a proportional increase in the number of
RNA molecules, indicating that gene count does not confer a transcriptional advantage in terms

of RNA abundance.

In summary, scRNA-seq data of A. thaliana effectively captured the unique expression profiles
inherent to cells at different developmental zones, allowing for an unsupervised analysis of cell
differentiation. This detailed view into the cellular evolution within the root provided genetic

profiles and developmental patterns, accessible through advanced bioinformatics tools and analyses.
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3.4.2 Two Transcriptional Programs Governing Root Development: Mitotic Cycle

and Endoreduplication

To further examine the disparities in gene expression attributed to varying degrees of cell dif-
ferentiation, this work scrutinized the expression patterns of canonical cell cycle genes at three
distinct zones of root development and within cells at four cell cycle phases. Despite the inherent
differences in expression levels among individual genes, a consistent pattern emerged: genes such
as CYCD3;3 (early G1 phase), CYCDS;1 (late G1 phase), CYCAS3;1 (S phase), HISTONE H/
(S phase), CYCBI1;2 (M phase), and KNOLLE (M phase) demonstrated very similar expression
profiles across different developmental zones. A pronounced expression was observed in the RAM,
with decreasing read counts corresponding to the advancement of differentiation, as illustrated in
Figure 40a-f. This trend was congruent with the exclusive occurrence of cell division within the

RAM, regardless of the cell cycle phase.

The uniqueness and specificity of the endocycle in EZ and DZ are analogous to that of cell
division in RAM. The endoploidy level resulting from endocycle increases gradually from RAM to
the DZ, with nuclei progressing from 4C (tetraploid), 8C (octaploid), and finally to 16C (hexade-
caploid), indicating successive DNA duplications with cell division. Bhosale et al. (2018) identified
4378 developmentally regulated genes whose expression levels are strongly correlated with with cell
endoploidy levels. Based on their R-values, the six most significant genes associated with the 16C
level were selected in this work as AT3G61410, AT4G22070, AT2G35730, AT5G24140, AT3G01970
and AT1G48000. Despite variations in gene expression levels, a distinct pattern emerges in the
expression of the six 16C genes across the three developmental zones. Notably, from the RAM to
the DZ, there is a discernible trend wherein the expression levels of the 16C genes progressively
increase (Figure 40e-h). This observed pattern stands in stark contrast to the expression patterns

depicted in Figure 40a-d, associated with S or G2 phases.

Further analyses aimed to identify genes that are prominently expressed in the EZ and DZ.
From each of the endopolyploidy classes—2C, 4C, 8C, and 16C—83 genes were selected, resulting in
a set of 332 marker genes specific to the different levels of endopolyploidy “*”. Subsequently, based
on the expression patterns of these four groups of genes in individual cells, distinct C-value labels
were assigned to the cells (Figure 41). There is a clear correspondence between the distribution of
C-values and the developmental zones as delineated in Figure 40a,b, as well as with the dispersion
of CytoTRACE scores. This coherence suggests a tightly regulated progression of endopolyploidy

that is closely linked to cellular differentiation.

In essence, the root tip of A. thaliana displays diverse expression profiles that reflect its different
developmental zones. Consequently, downstream single-cell analyses of the root tip should account
for and seek to normalize the biological variation introduced by cell developmental states, ensuring

that the data reflects true biological insights over variation related to development.
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Figure 40: Expression levels of cell cycle genes decrease progressively with the degree of cell
development,while the opposite trend is observed for endocycle-related genes. (a-f) Genes involved
in the cell cycle, which include two representative genes from the G1 phase, two from the S phase,
and two from the G2M phase, are predominantly expressed in the root apical meristem (RAM).
Their expression levels diminish as cells develop and differentiate. (g-i) In contrast, the expression
levels of six genes associated with endopolyploidy levels show an increasing gradient from the RAM
to the differentiation zone (DZ), presenting a pattern that is in direct contrast to that of cell cycle
genes.

3.4.3 Functional Ontology Landscapes Across Root Developmental Zones

The scRNA-seq data were categorized into three developmental zones, and a differential expression
analysis was conducted to compare the expression levels within each zone to those of the other
zones. For a gene to be classified as zone-specific, it must show expressed in at least 50% of the
cells corresponding to that zone and exhibit at least a 2-fold change in expression relative to the
other zones. This work identified 86 genes enriched in the RAM, 89 genes in the EZ, and 72
genes in the DZ, all with statistical significance (p < 0.05). As depicted in Figure 42a, each row
represents a gene, and the genes are organized sequentially from RAM, through EZ, to DZ. Each
column corresponds to a single cell. The intensity of the color in the heatmap indicates the level
of gene expression, with the gradient ranging from purple to yellow, indicating lower and higher
expression levels, respectively. The expression patterns of the genes associated with each zone were
examined using scRNA-seq data, revealing that RAM-specific genes are predominantly expressed
within the RAM region. However, sporadic expression of DZ-specific genes was observed in the
RAM and EZ zones, which was more pronounced in the EZ (row 3, column 2 in Figure 42a).
Additionally, expression was also detectable of of RAM-specific genes within EZ cells (row 1,

column 2 in Figure 42a).

Temporal and spatial expression specificity of zone-specific genes are illustrated in UMAP plots.
Branches indicating high intensity in Figures 42b-d represent genes that are respectively enriched

in RAM, EZ, and DZ. This pattern correlates strongly with the developmental zones, as depicted
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Figure 41: UMAP visualization depicting endopolyploidy across root cells in A. thaliana. (a-e)
Cells are categorized by their C-value: 2C, 4C, 8C, and 16C, including (a) a collective representation
of all classes (2C4+4C+8C+16C). These clusters are delineated based on the expression patterns
of 332 marker genes selected for their expression in the elongation zone (EZ) and differentiation
zone (DZ), with colors indicating specific endopolyploidy levels.

in Figure 39a, demonstrating a clear association between gene expression and the respective root
zones.

GO analyses were conducted to elucidate the functional profiles of zone-specific genes identified
in the root zones. Notably, trichoblast differentiation and root hair cell differentiation, along with
other similar GO terms, were highlighted, indicating a specialization for root hair formation in
the EZ (Figure 43b). In the DZ-specific GO analysis, there was a conspicuous association with
terms related to oxygen stress, including response to hypoxia and response to oxidative stress
(Figure 43c). Intriguingly, similar terms pertaining to hypoxia were also noted in the RAM-
specific dataset, suggesting possible roles in oxygen sensing or signaling across these developmental
zones (Figure 43a). For RAM-specific genes, significant enrichment was observed in GO categories
pertinent to ribosomal structure and biogenesis, exemplified by terms such as ribosome biogenesis,
ribosomal small subunit assembly, and ribonucleoprotein complex biogenesis. This reflects the high
demand for protein synthesis machinery in the actively dividing cells of the RAM (Figure 43a).
Within the EZ-specific gene set, GO terms such as cell development and developmental growth were

prominent, reflecting the pivotal role of these genes in cellular expansion and elongation processes.

3.5 Cell Cycle Genes of Root Developmental Zones
3.5.1 Split Classification of Cells by Cell Cycle Phase

In the previous sections, this work delved into the single-cell expression data of A. thaliana across
different developmental zones, as well as gene expression profiles during four phases of the cell
cycle. For instance, within the scRNA-seq dataset of the RAM, comprising 50,732 cells, expression
patterns of genes of cell cycle phases were analyzed. This analysis identified cells that exhibited
higher expression levels of these gene sets during their respective cell cycle phases compared to
cells in other phases. The AUCell method quantifies the enrichment of target gene sets in specific
cells by calculating the area under the curve (AUC)~"". VISION constructs a K-nearest neighbors
(KNN) graph to depict cell-to-cell similarities using principal component analysis (PCA) as the
latent space and employs a Wilcoxon rank-sum test to identify signaling pathways with statisti-

cally significant expression differences in specific cell populations““’. scMiko builds shared nearest
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Figure 42: Expression patterns of zone-specific genes in corresponding cells are visualized. The en-
richment of selected zone-specific genes is revealed in distinct UMAP atlases. (a) Expression levels
of genes specific to the three developmental zones within root cells are enriched along the diagonal
of the heatmap. These zone-specific gene lists were derived from differential expression analyses
of scRNA-seq data, using varied selection criteria to ensure a comparable number of differentially
expressed genes across zones. (b-d) Four representative genes from each of the three developmental
zones exhibit high expression levels, and their spatial distribution on UMAP plots aligns closely
with the delineated regions within the root developmental profile (as shown in Figure 39).

neighbor (SNN) graphs between cells and their k-th nearest neighbors using the Jaccard index
and clusters these graphs using the Louvain algorithm **”. Single-sample GSEA (ssGSEA) extends
gene set enrichment analysis (GSEA) to the single-sample level, calculating enrichment scores for
each sample against specific gene sets, thereby determining the expression trends within those gene

sets

The four methods were employed to assess the enrichment of cell cycle gene expression within
cells across three distinct developmental zones, retaining only the top 1,500 cells that demonstrated
the highest enrichment scores for each respective cell cycle gene set. Illustrated with data from
the RAM, Figure 44 presents an UpSet plot showing the intersecting distribution of the top 1,500
cells identified across the four methods. In the G1 phase (Figure 44a), 650 intersecting cells were
identified; in the S phase, G2 phase, and M phase, there are 697, 347, and 1,144 intersecting cells,
respectively (Figure 44b-d). Reasons for the high number of intersecting cells in the M phase could
include the larger quantity of M phase genes, in contrast to the G2 phase, which has fewer than

one-tenth the number of genes (11 to 117).

The process of selecting cells with the highest enrichment in specific gene sets has the inherent
potential for a single cell to be enriched in multiple gene sets, which introduces ambiguity into

the delineation of cycles and complicates subsequent differential analysis. This issue is inherent to
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Figure 43: GO analyses indicate zone-specific genes enriched in distinct biological functions. (a)
Genes exclusive to the root apical meristem (RAM) were significantly enriched in categories related
to ribosome structure and biogenesis, including terms such as ribosome biogenesis, ribosomal small
subunit assembly, and ribonucleoprotein complex biogenesis. (b) Genes exclusive to the elongation
zone (EZ) were prominently associated with GO terms for cell development and developmental
growth. (c) Genes specific to the differentiation zone (DZ) revealed enrichment in terms related to
abscisic acid and oxygen stress.

all four methods. Addressing this, each method was applied with a focus on identifying the top
1,500 cells by enrichment scores for specific cycle phases, excluding cells enriched in multiple gene
sets. Ensuring exclusivity for each cell cycle, the cell counts identified by all methods are no longer
fixed to 1,500. Accordingly, the number of cells identified by all four methods has significantly
decreased, which is shown in green bars of Figures 45a-d. The most dramatic change is observed
in the G1 phase, with the count dropping from 636 cells (orange bar in Figure 44a) to 78 cells

(orange bar in Figure 45a).

Selecting a specific number of cells from those identified by these methods is necessary to facil-
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Figure 44: UpSet plot depicting the intersection of cell identification among four analytical methods
(AUCell, scMiko, ssGSEA, VISION) in the root apical meristem (RAM). The top 1,500 cells with
the most enriched cell cycle gene expression for each phase were selected. Red bars represent the
unique cell counts identified by each method, while orange bars show cells identified by all methods.
(a) G1 phase with 650 intersecting cells, (b) S phase with 697 cells, (¢) G2 phase with 347 cells,
and (d) M phase with 1,144 cells, highlighting the methodological consensus and variability in
identifying cell phases.

itate single-cell level differential analyses of cell cycles. The ideal scenario involves choosing four
equally numbered subsets of cells from those commonly identified by all four methods. Figure 45
shows that the distribution of cells commonly identified is uneven when phase exclusivity is con-
sidered. The selection criteria have been adjusted to include cells identified as enriched by at least
two methods, matching those represented by the orange and purple bars. To ensure a balanced
number of cells across different cycles, a threshold of 500 cells per cell cycle subset has been set.
Similar selection procedures were applied to the EZ and DZ to assemble comparable subsets of
cells. However, the M phase was excluded from the selection in both zones due to the absence
of mitotic division, maintaining contextual relevance and accuracy in light of the unique cellular

activities characteristic of the EZ and DZ.

Refined criteria were applied, prioritizing exclusivity in cell cycle phases and balanced quanti-
ties, facilitating the curation of cell subsets from three distinct developmental zones. The distri-

butions for each cell cycle phase, subsequent to these criteria, are detailed in Table 13.

Table 13: Number of cells per cell cycle phase and root developmental zone.

Cell G1 S G2 M

RAM 392 383 355 497
EZ 277 401 414/
Dz 364 484 481 /
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Figure 45: UpSet plot illustrating the unique and intersecting identifications of cell populations by
four analytical methods (AUCell, scMiko, ssGSEA, VISION) across the cell cycle phases G1 (a), S
(b), G2 (c¢), and M (d). The enforcement of cell cycle exclusivity in the analysis reduced the number
of cells commonly identified across all methods. The plots reveal how stringent criteria alter the
intersection sizes, particularly evident in the G1 phase, where the common identification count
drops from 650 to 86 cells when exclusivity is imposed. This approach mitigates the ambiguity
of cycle delineation and supports more precise differential analyses. Green bars indicate the total
number of cells identified by all methods post-exclusivity enforcement, which differ from the initial
fixed count of 1,500, reflecting a significant decrease in cells commonly identified by all methods.

3.5.2 Genes Involved in the Cell Cycle

Afterward, the identification of cell cycles was established across three developmental zones. Cell
cycle-specific expression matrices were subset from the comprehensive scRNA-seq dataset, apply-
ing normalization and scaling to enhance data comparability (Figure 46). Subsequent differential
expression analyses identified genes significantly enriched in each cell cycle phase. Seurat’s Find-
Markers function identified differentially expressed marker genes between two groups of cells.

To ensure that the identified marker genes of a certain cycle do not exhibit differential expression
across other cell cycle phases, the FindMarkers function compares the target cycle cells against all
other cells. This comparison evaluates gene expression levels between the two groups using various
statistical methods. The output typically includes a list of differentially expressed genes, and the
clustering of individual marker genes, the average log fold change of marker genes (avg_log2FC),
the percentage of cells within the target group expressing individual marker genes (pct.1, the
percentage of cells within the comparison group expressing the same marker genes (pct.2), along

with statistical measures including mean expression difference, p-value., and adjusted p-value.

o The average logarithmic fold change (avg;092FC) of the gene during the target cell cycle

must be greater than 1 to ensure a significant change in its expression level.

o The proportion of gene expression in cells of the corresponding cycle (pct.1) must exceed
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Figure 46: Principal component analysis (PCA) of cycling cells in individual developmental zones.
Following the isolation of cell cycle-specific expression matrices from the comprehensive scRNA-
seq dataset, the data underwent normalization and scaling to ensure comparability. PCA plots
illustrate the resulting distributions: in the root apical meristem (RAM) (a) with 1,627 cells, in the
elongation zone (EZ) (b) with 1,092 cells, and in the differential zone (DZ) (c) with 1,293 cells. Each
dot represents one cell. The plots demonstrate clear separation of data after normalization and
scaling, revealing distinct clustering patterns by cell cycle phase and phase-specific gene expression
profiles.

40%, that is, pct.1 > 0.4, to ensure cell cycle specificity.

e Genes were sorted in descending order according to avg;0g2FC, and in ascending order

according to pct.2, and in descending order according to pct.1.

o Finally, the top 30 genes were selected as positive marker genes (positive markers) of the

target cell cycle.

For negative markers, the same filtering conditions were used, but avg;0g2FC was set to be
less than -1 as the criterion to ensure that the expression levels of these genes were significantly
reduced in target cell cycles. Selected positive and negative markers are stored in Table S6, S7,

S8, and S9.

Heatmap plots were used to examine marker gene expression across cells assigned to different
cell cycle phases in the RAM. Figure 47a shows that cells predominantly express positive marker
genes during their respective cell cycle phase, with some G2 phase genes also expressed in S phase
cells (as seen in row 3, column 2). In contrast, negative marker genes typically show minimal
expression during their associated cell cycle phase, as indicated by the consistently low expression

levels from the upper left to the lower right in Figure 47b.

This work compared newly identified marker genes with reference genes (32 for G1, 23 for S,
11 for G2, and 117 for M). Additionally, it included an analysis of 1966 root-associated genes that
were not assigned to any cell cycle phase. The results were depicted in Figure 33. For instance,
of the 30 positive marker genes selected for the G1 phase presented in Table S6, 6 overlap with
the reference genes, as shown by the red and blue areas in Figure 48a. Furthermore, it was noted
that the newly identified marker genes with lower constraints (avg;092FC > 0.8) show greater
enrichment in the root overall compared to their respective target cell cycle phases, as evidenced

by the overlap of blue and green in Figure 48b.
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Figure 47: Expression profiles of up-regulated and down-regulated marker genes across different cell
cycle phases in the root apical meristem (RAM). (a) Expression of up-regulated marker genes within
cells undergoing cell cycle phases G1 (red), S (green), G2 (blue), and M (purple). The expression of
these markers is primarily restricted to their respective phases, with a slight expression of G2 genes
in S phase cells. (b) Expression of down-regulated marker genes, which are minimally expressed in
their target cell cycle phases, illustrated by continuous areas of low expression along the diagonal
of the heatmap from upper left to lower right, indicating a distinct separation of genes. This
expression pattern underscores the cell cycle phase-specific expression of these genes.

3.5.3 Conserved Cell Cycle Characteristics across Developmental Zones

Within the RAM and EZ, expression profiles of cycling cells were characterized using 30 identified
positive markers in the RAM’s G1, S, and G2 phases. Observations revealed that in both zones,
contiguous blocks of high expression aligned along the diagonals of the heatmaps, with the left
representing the RAM and the right the EZ, as shown in Figure 49. This pattern suggests that genes
from the same cycle phase but different developmental zones may share overlapping regulatory
functions or co-expressed gene sets.

To determine if the observed gene expression patterns are non-random, genes differentially
expressed within the same phase but across different zones were compared. The selection of
definitive cell cycle genes followed strict criteria, including: initially, only genes with a p-value less
than 0.01 were considered to guarantee statistical significance; secondly, genes had to be present
in at least 70% of the target cells to affirm their biological relevance; and lastly, genes were ranked
by the fold change in expression, with further sorting of expression levels in the target (pct.1)
and non-target ((pct.2) cells in descending and ascending orders, respectively. These ranking
procedures aimed to evaluate the expression differences and specificity of genes within the cell

cycle comprehensively. Table 14 enumerates the cell cycle genes across three developmental zones.

Table 14: Number of selected cells cycle genes per cell cycle phase and developmental zones.

Cycle genes G1 S G2 M

RAM 1130 757 357 579
EZ 278 492 273/
DZ 412 325 336 /

Genes associated with the G1, S, and G2 phases of the cell cycle were identified by differentially
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Figure 48: Relationship between newly identified marker genes and published reference genes for
each cell cycle phase (G1, S, G2, and M) as well as genes expressed in roots but not assigned to any
specific cell cycle phase. (a) Intersections of up-regulated markers for each phase. (b) Pronounced
enrichment of newly identified marker genes within the general root transcriptome from Beemster
et al. (2005)°™ compared to their presence within designated cell cycle phases.

analyzing cycling cells within the RAM, EZ, and DZ. These genes were then compared between
the developmental zones. Figures 50a-d illustrate the overlap in gene expression among the G1, S,

and G2 phases across the analyzed developmental zones.

3.6 Applying PMET to Cell Cycle Genes

This work has detailed the process of identifying specific motif pairs within gene sets using PMET
in the last chapter. It was employed to probe the enrichment of motif pairs within transcriptional
regulatory networks of cell cycle gene sets. The gene sets employed in the PMET analyses were
the cell cycle genes specific to the RAM. Table 14 describes how to obtain these gene sets. In an
effort to ensure comparability across the PMET analyses of the four gene sets representing distinct
cell cycle phases, the quantity of genes in each set was standardized to 357. This standardization
was predicated on the gene set for the G2 phase, which contained the smallest number of genes,
as shown in Table 14.

Figure 51a provides a heatmap showing motif pairs enriched across four sets of newly found cell
cycle genes, each containing 357 genes, within the RAM. These enriched pairs have been filtered
based on their p-values and exclusivity to particular cell cycle phases, and are differentiated by
a color-coded scheme. The axis of the heatmap displays motifs from the top 30 combinations of
motif pairs, with each cell cycle gene set represented, organized alphabetically. The aggregation of
colored blocks within the heatmap offers insights into the enrichment patterns, revealing potential
regulatory synergies between motifs that could be pivotal in governing cell cycle progression. This

visualization underscores the nuanced interplay of motif pairs and highlights PMET’s utility in
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Figure 49: Expression patterns of cycling cells across G1, S, and G2 cycle phases within the
root apical meristem (RAM) and elongation zone (EZ), using gene markers for G1, S, and G2
phases derived from differential analyses of cycling cells in the RAM. In both the RAM and EZ,
the diagonal exhibits elevated levels of gene expression. These two heatmaps suggest the general
regulatory functions of cell cycle genes in different zones.

CCeC

Figure 50: Intersections of selected cell cycle genes in developmental zones of A. thaliana. The
criteria for selecting cell cycle genes in each developmental zone are detailed in Table 14. (a-c) G1,
S, and G2 phase cell cycle genes obtained from three different developmental regions (red represents
the root apical meristem (RAM), yellow the elongation zone (EZ), and blue the differentiation zone
(DZ)), with their similarities and differences depicted through Venn diagrams. (d) Mitosis occurs
exclusively in RAM and EZ; hence, in the representation of M phase genes, the quantities indicated
by the circles for DZ are zero.

uncovering complex regulatory relationships.

Figure 51b-e presents the enrichment of motif pairs across distinct sets of cell cycle genes, each
analyzed independently. With the assistance of Dr. Ruth Schéfer, this work achieved detailed
annotation for a subset of clustered motif pairs.

To ensure the cycle-specificity of motif pairs, the output from the PMET was meticulously
filtered, ensuring that each motif pair exists only in one gene set. Subsequently, the top 100 most
significant motif pairs were selected as candidates from each cycle phase (52a). An analysis was
then conducted to summarize the occurrence of TF family members binding to site motifs within
each candidate set. This comprehensive summary is depicted in Figure 52b. Apparently, the TF
family showed enrichment across different cell cycle phases. Taking the G1 cycle as an example,
among the 100 motif pairs, 87 motifs are derived from the MYB (MYB-histone) family.

In the top 100 lists for each cell cycle phase, for each TF binding motif, the respective

82



3 HIGH-RESOLUTION OF SINGLE-CELL RNA SEQUENCING ANALYSIS OF CELL

CYCLE GENES IN ARABIDOPSIS THALIANA

a b

GiHG2EAMMES

‘‘‘‘‘

ARR

AT-hook

CHa-type

CAMTA2/3

GATA

E2F

HSF2A

WOX13/WOX14

TF binding motif 1

G2 AT-Hook M

ARID3
bHLH

C2H2-1
MYC3 ine gl

GATA20

GT-3A
MYC2/3/4
bHLH

BzIP25 TF binding motif 2

bHLH

Figure 51: Distribution of TF binding motifs in promoters of cell cycle phase-specific genes (G1,
S, G2, M) in the RAM highlights the transcriptional regulatory landscape of gene expression. (a)
Distribution of motif pairs in four cell cycle gene sets with a color-coded scheme: red for G1, green
for S, purple for G2, and blue for M. Each pixel in the heatmap represents the co-occurrence of
one motif pair. This visual arrangement enables the comparison and identification of identical and
unique motif pairs, as well as individual motifs associated with each gene set corresponding to
different cell cycle phases. For example, BZIP25 (x-axis) and MYC3 (y-axis) pair up in promoters
of genes expressed in the M phase. MYC3 only appears in blue cells associated with the M phase.
(b-e) Distribution of motif pairs associated with each cell cycle gene set to identify specific motif
pairs and motifs. For example, within the gene set related to the G1 phase, motifs associated with
the ASR3 family co-occur with multiple other motifs.

TF was identified and attributed to a TF family In some cases, further distinctions
were made: AHLs (AT-hook motif nuclear-localized) are members of the AT-hook TF family
The APETALAZ2/ethylene responsive element binding protein (AP2/EREBP) family was subdi-
vided into the A P2, dehydration-responsive element-binding (DREB), and ethylene response factor
(EREBP-ERF) subfamilies*”*. Homeobox (HB)-containing TFs are subdivided into those contain-
ing a leucine zipper (LZ) domain (HB-LZ TFs) and those without a LZ domain (HB (no LZ) TFs).
WUSCHEL-RELATED HOMEOBOX (WOX) proteins 13 and 14 belong to the latter group
MYB (myoblastosis) domain-containing TFs share MYB DNA-binding domains with the Avian
myeloblastosis virus protein (v-MYB) and ¢-MYB from vertebrates. Plant MYB TFs can be di-
vided into four classes: 1R-, 2R-, 3R~, and 4R~ MYB TFs, based on the number of MYB domain
repeats~’". This work distinguished between MYB-R2R3 proteins, which contain an R2 and an
R3 MYB domain, MYB-Histone proteins, which contain a single N-terminal MYB domain and
a central globular histone domain, and other MYB-related TFs=""“"". Tt should be noted that
B-type A. thaliana response regulators (ARRs) and other GAPR TFs also contain a M YB-related
DNA-binding motif*""

In light of the insights gleaned from the prominent TF families labeled in the PMET heatmaps
(Figure 51) and top 100 lists of motif pairs (Figure 52), certain TFs were earmarked for in-depth
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Figure 52: Top 100 TF binding motif pairs in promoters of genes of each cell cycle phase, alongside
the occurrence of TF family members within the top 100 motif pairs of each phase. (a) The 100
most significant motif pairs identified by PMET, with filter settings ensuring each motif pair
appears only once per gene set. (b) Occurrence of TF family members in the top 100 motif pairs
of each gene set.

functional investigations. The decision was based on the exclusive or predominant presence of the
respective binding motif within promoters of phase-specifically regulated genes. Table 15 provides
a comprehensive enumeration of the selected TFs, identified using arabidopsis genome initiative
(AGI) code, alongside their expression profiles in the RAM based on the single-cell seq expression
data. For example, ASRS, SMH, and TRB were listed in Figure 51b, owing to their recurrent
presence in the top 100 Gl-specific motif pairs. This work conducted further analyses on these
TFs, in order to identify cell cycle genes that they co-regulate. For this purpose, distinct color
schemes were employed to highlight the gene set with the most genes involved. Apparently, cycle-
specific TFs invariably exhibit more interactions with genes pertinent to their respective cell cycle

phases.

3.7 Discussion

Throughout the lifecycle of plants, the cell cycle plays a critical role in driving growth and develop-
ment. In the case of A. thaliana, extensive research has yielded numerous lists of genes related to
the cell cycle, such as 61 core cell cycle genes*®, 49 cyclin genes (with 14 newly identified)*™®, 1,082

200 "and 2,148 genes from root tips>”’. However, these genes were identified

cycle-associated genes
either through cell culture methods, which may not fully replicate the authentic biochemical envi-
ronment of A. thaliana root tips, or they focus on cyclins and CDKs. There are significantly fewer
G2 genes compared to other phases. In this work, an integrative approach was adopted, combining

existing cell cycle gene sets with scRNA-seq data enriched with root developmental information,

to construct a comprehensive compendium of cell cycle genes. This investigation revealed that,
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across different developmental zones, cell cycle genes exhibit shared and distinct characteristics,

providing new insights into the regulation and function of the cell cycle in plant development.

3.7.1 Minimal Batch Effects in Single-Cell RN A Sequencing Data from Standardized

Experimental Settings

In order to accurately present biological information without being affected by differences in time,
technology platforms, processing personnel, or reagent batches, scRNA-seq data from different
sources usually undergo batch effect correction before downstream analyses. Many studies focus
on developing new algorithms or tools to remove batch effects, or benchmarking multiple tools.
One frequently overlooked question is whether batch effect correction is necessary. For data from
different laboratories, it is obvious that batch effect correction is necessary before further investi-
gation. However, what about samples from a single cell line or from the same laboratory?

This work commenced with an analysis of correlations among single-cell samples, using a
pseudo-bulk sample strategy. This initial investigation revealed a distinct pattern: samples from
diverse sources exhibited lower correlation coefficients than those from similar sources, whereas
samples from identical sources demonstrated a high degree of correlation with one another.

Liitge et al. (2021) introduced CellMixS“*?, a bioinformatic tool specifically designed to quan-
tify the batch effect among different batches. The application of CellMixS to datasets by Shahan,
Hsu et al. (2020)%%* revealed that the level of the batch effect was not as significant as initially
anticipated. This is consistent with what has been revealed by the correlations between samples.
In the data integration section, the lack of stark separation by batch in the UMAP plots before
integration (Figure 38a) also implies that the batch effect between samples was minimal, and the
cells are already well-mixed.

Based on these findings, this work posits that an experimental batch should be defined as a
collection of a set of multiple samples subjected to identical experimental conditions, rather than
considering each individual sample as an independent batch. Combined with the consideration
of the potential overcorrection and loss of biological signal, this work utilized 13 single-cell sam-
ples from Shahan, Hsu et al. (2020)%* and applied batch effect correction to these samples for

downstream analyses.

3.7.2 Developmental Zone-Invariant Cell Cycle Signatures

Leveraging the scRNA-seq data provided by Shahan, Hsu et al. (2020)%*!, this work sought to
expand the catalog of cell cycle genes specific to A. thaliana roots. This was achieved by integrating

200 and A. thaliana root-specific

cell cycle-related genes from the cell culture of A. thaliana cells
genes”™, followed by a differential expression analysis at the single-cell level*®'. The stratified
scRNA-seq data enabled the distinction of cell cycle genes across three zones of root development.
Subsequent analyses within this study uncovered notable enrichment patterns of an identical set

of cell cycle genes across different developmental zones. For instance, genes associated with the G1

phase, identified through RAM single-cell differential analysis, exhibited pronounced expression in
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G1 phase cells within both the EZ and DZ (Figure 49). This observation highlights the conservation
of cell cycle genes during root development. Moreover, the disparities in the expression of genes
across different developmental zones within the same cell cycle may also mirror their distinct roles
in growth and development. Variations in the expression or suppression patterns of G2 phase
genes in the EZ and DZ compared with RAM may prevent cells from entering the M phase.
The morphological and functional differences between cells in the EZ and DZ, such as root hair
formation and cell differentiation?’”, may be related to differences in gene expression from the G1

to the G2 phase.

3.7.3 Cell Cycle-Phased Transcription Factor Cooperation Revealed by Paired Motif

Analysis in Arabidopsis thaliana

This work used PMET to find paired motifs within a set of periodic genes, and then identified the
regulatory processes of TFs. In particular, after the motif pairs were filtered and visualized in a
heatmap, information about enriched TF families was obtained.

Previous methods for studying TF regulation of biological processes included co-expression
analysis*’"*"1. The A. thaliana co-expression tool (ACT)?"? revealed that the expression of OBP1
from the DOF family positively correlated with 48 genes involved in DNA/RNA metabolism and
cell division, with the experiment verifying that the OBPI gene reached its peak in the G1 phase>"?.
With the help of PMET, this work found that G1 phase genes were frequently found in combinations
of DOF family TFs with other TFs. The involved DOF family members include DOF2.1 (CISBP2),
DOF2 (JASPAR 2022), DOF3 (JASPAR 2022), DOF}.1 (CISBP2), DOF/.6 (CISBP2), DOF5.3
(JASPAR 2022), DOF5.6 (JASPAR 2022), and DOF5.7 (CISBP2).

Although other members of the DOF family, appearing in the PMET results above along with
OBP1, belong to the same TF family, indicating they have similar DNA-binding domains, their
regulatory networks and functions may differ. This involves different expression patterns, target
genes, and regulatory mechanisms. The specific functions, expression patterns, and target genes
of TFs need to be determined through experimental studies. Clearly, this is a massive project that
is too arduous to complete, highlighting the value of PMET.

It has been confirmed that S phase genes are regulated by the E2F TF family. Overexpression
of E2F1, E2F2, and E2F3 causes quiescent immortalized rodent fibroblasts to enter the S phase,

304

and F2F3a is a transcriptional activator that mainly exists in the S phase~"*. Given the conserved

behavior of E2F TFs as regulators of the G1-S phase transition in animals and plants?396:307
combined with the results of PMET analysis (Figure 51), it is suggested that some E2F members
have S phase-specific properties.

In summary, PMET, as a bioinformatics method, focuses on searching for paired TF motif
binding within gene sets, exploring the interactions and synergistic effects of TFs. This helps

to uncover potential transcriptional regulatory networks and offers a theoretical foundation for

subsequent experimental validation.
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Discussion and Future Work

4 Conclusions

Published scRNA-seq data and cell cycle genes in A. thaliana were integrated to study the com-
prehensive profile of cell cycle genes in different developmental zones of the root. The batch effect
was characterized by qualitative correlations and quantitative analyses using CellMixS, enhancing
data quality control. Meanwhile, PMET was employed to investigate the transcriptional regulation
network of cell cycle genes.

The main findings of the thesis are as follows:

1. Batch effects among samples from the same laboratory are relatively minor, a consistent
finding observed with both the correlation method and the CellMixS approach®®?. Even
when genotypic differences exist between samples, the impact of these differences on the
correlation coefficient is significantly less than the variations observed between samples from
different laboratories. Therefore, focusing on 13 samples from the same laboratory with the
WT Col-0 genotype will allow for a more controlled analysis, minimizing batch effects and

providing clearer insights into the genetic and molecular mechanisms.

2. Genes associated with the cell cycle exhibit substantial quantitative differences in expression
levels, with read counts potentially varying. However, within the three developmental zones
of the root (RAM, EZ, and DZ), these genes show a consistent trend of gradual decline in
expression from RAM to EZ to DZ. In contrast, the expression of genes highly related to
the endocycle increases with cell age. This observation, validated at the single-cell level,
suggests that as cells mature, their level of endocycle activity rises while cell division activity

diminishes.

3. An updated examination of cell cycle genes reveals both similarities and differences in gene

composition across the three developmental zones of the root.

4. Using PMET to search for motif pairs among cell cycle genes, it was found that members
of specific TF families, along with other TFs, are present in the promoter regions. Most of
these TF family members exhibit periodic activity, regulating gene expression only during

specific phases of the cell cycle.

4.1 From Suspension Cultures to Single-Cell Sequencing: Cell Cycle

Gene Expression in Arabidopsis thaliana

Derived from the cell suspension culture of A. thaliana ecotype Landsberg erecta, the MM1 and
MM2d cell lines, despite differences in morphology and growth characteristics, both exhibit distinct
partial synchronization in the cell cycle. By removing and then re-adding a carbon source, both

MM1 and MM2d cell lines can achieve partial synchronization in the G1/S phase. The further
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developed MM2d cell line, for the first time, the separation of cells in the S and M phases using
sucrose starvation. Additionally, a more precise synchronization of the S-G2-M phases was achieved
using the Aphidicolin block/release method. After adding Aphidicolin, approximately 80% of
the cells were arrested in the S phase, and within the subsequent few hours, 92% of the cells
progressed to the G2 phase'“%. In subsequent studies, synchronized A. thaliana MM2d suspension-
cultured cells, achieved through treatment with Aphidicolin and sucrose starvation, were used for
transcriptome analysis on the Affymetrix ATH1 microarray. This analysis identified a 1082 genes,
including cell ccle regulated genes and cell cycle associated genes. The former’s expression patterns
exhibit periodic changes corresponding to cell cycle phases, indicating a key component in cell cycle
regulation. The latter show significant changes in expression levels at specific stages of the cell
cycle but lack typical periodic patterns, suggesting potential roles in the cell cycle process. Their
expression may be influenced by experimental conditions such as synchronization treatment or be
related to the loss of cell-to-cell interactions. These early studies have laid the foundation for the

study of the cell cycle in A. thaliana.

However, the gene list derived from cell culture has limitations regarding its applicability to
whole-plant systems. The root apex, a primary growth point, is the core organ for cell cycle activity,
with an internal microenvironment and cellular characteristics that are difficult to fully mimic in
cell culture. To overcome these limitations, this study integrated the gene set from cell culture with
the A. thaliana root tip gene expression atlas by Birnbaum et al. (2003)°"%, identifying 182 key
cell cycle regulatory genes in the context of the root tip. This integrated analysis helps to reveal
the tissue specificity of plants and characteristics of the cell cycle, laying the foundation for further
exploration of a more comprehensive and detailed gene set for the plant cell cycle. In addition, the
intersection of these two gene lists with the cell cycle genes during leaf development ™ included
10 out of the 80 core genes defined by Vandepoele et al. (2002)*® and Wang et al. (2004)“™®. This
finding not only validates the conservation of cell cycle regulatory mechanisms but also indicates
that comparative analysis across different datasets can enhance the confidence level of biological

discoveries.

Applying the 182 root-specific and cell cycle regulatory genes, meticulous analyses were con-
ducted on single-cell root samples of A. thaliana. Samples were categorized by developmental
zones, enabling the identification of cells at different cell cycle phases within each zones. Addi-
tionally, differential expression analysis identified gens associated with specific cycle phases across
developmental zones. The resulting list of cell cycle-related genes not only includes genes related
to CDK and cyclins but also encompasses a broader set, contributing to a deeper understand-

309 Section

ing of cell proliferation, development, immune function, and tolerance mechanisms
3.5.3 discusses the similarities and differences among the periodic genes in developmental zones.
The similarities highlight the conservation of cell cycle regulatory mechanisms?®!'?*!!, while the
differences may relate to the spatiotemporal specificity of cell cycle regulation®'? and biological

differences between cell types?!'®314,
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4.2 PMET

TF cooperative binding is a prevalent mechanism of transcriptional regulation mechanism, mani-
festing in various forms, including protein-protein interactions, DN A-mediated cooperative binding
without direct protein contact, DNA cooperation that enhances protein affinity, and nucleosome-

179,315,196 - PMET is designed to identify TF binding site pairs in the pro-

mediated cooperation
moter regions of a gene set. In this work, PMET has been enhanced and expanded from its original
foundation, with web deployment implemented through R-Shiny, and an in-depth investigation into
the impact of PMET key parameters on motif pairs identification across gene sets.

PMET’s core components consist of Bash scripts, Python scripts, and compiled C/C++ bi-
naries, offer flexibility for computational tasks in any Debian-based Linux environment and en-
able computational resource allocation based on specific needs. Equipped with comprehensive
tutorials, this an open-source project allows users to modify source code for specific particular
research aims. Additionally, users can optimize the use of computational resources by selec-
tively running specific parts of the program. PMET-R-shiny provides an interactive web interface
(https://www.pmet.online/), allowing users to conveniently access PMET’s computational and vi-
sualization features through a web page, enhancing user experience and lowering the barrier to
entry.

During the PMET indexing, a motif represented by a PWM model matches a gene’s promoter
and retains the k most significant hits. The geometric mean of the p-values for these £ hits serves as
an estimate for the probability of random motif matching in the promoter region, with authenticity
of these hits assessed using statistical distributions. This work has compared PMET results based
on binomial and Poisson distributions and obtained nearly identical outcomes. When the event
probability is very low, the binomial distribution approximates to the Poisson distribution. There-
fore, it can be concluded that motif hits during the PMET indexing process are significant, and
the filtering operation through statistical distributions further ensures that the results of PMET
are statistically meaningful.

The initial design of PMET aimed to streamline the user experience by minimizing necessary
inputs or parameters. Despite this simplicity, PMET remains sensitive to input parameters, often
yielding outcomes that are linear to parameter adjustments. This highlights the need for careful
consideration of PMET parameters to ensure results with biological meanings.

The search region length is a key parameter in PMET analysis, crucial for identifying motif
pairs. However, increasing this length does not necessarily identify more motif pairs due to biolog-
ical constraints on the actual lengths of promoter regions that do not extend with the increased
parameter. Extending the search region excessively may cause sequence overlap with other genes,
potentially introducing statistically significant but biologically irrelevant motif bindings and po-
tentially reducing the number of identified motif pairs. Alternatively, overlapping regions may
contain statistically significant and biologically meaningful motif bindings unrelated to the tran-
scriptional regulation of the original gene cluster but pertain to the regulatory elements of another

gene. Investigating the distribution of promoter region lengths within the genome of a specific
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species and setting an appropriate search region length based on this information is essential. This
step is critical for ensuring the accuracy and biological relevance of the analysis results.

Yu et al.(2006) found that in A. thaliana, hotspot matching regions for individual motifs are
predominantly concentrated within a range of 500 to 50 bp upstream of the TSS?°°. However,
PMET analysis reveals that motif pairs involve motif binding events both near and at varying
distances from the TSS. Significantly, excluding the 100bp sequence immediately upstream of the
TSS from the analysis greatly reduces PMET’s ability to detect statistically significant motif pairs.
This phenomenon is consistent across gene clusters regardless of the set of the promoter length.
These observations suggest that the motif pairs in the promoter region are such that one motif
is located close to the T'SS, while the other motif may be situated elsewhere within the promoter
often have one motif close to the TSS and the other elsewhere, including regions adjacent to and
further from the TSS. Therefore, setting an appropriate promoter length is crucial for maximizing
the detection of all potential motif pairs and ensuring the accuracy and biological relevance of
PMET analysis.

PMET can identify statistical significant motif pairs on non-promoter genomic elements like
5'UTR and 3’UTR, highlighting the complexity of gene transcriptional regulation. Yu et al’s
study (2006)%°° also observed a significant number of non-functional random motif bindings in the
region immediately downstream of the TSS, namely the 5’UTR (Figure S3a). Figure 24 shows that
when the promoter sequence includes the 5 UTR, the number of motif pairs identified by PMET
analysis is reduced compared to when the sequence contains only the promoter region without the
5" UTR. However, is it sufficient to conclude that TF binding events on the 5’ UTR lack biological
significance based solely on these phenomena? The potential role of the 5° UTR region in gene
expression regulation requires further research to deeply understand the biological functions of the

5" UTR region and the specific roles of TF binding events.

4.3 Occurrence Patterns of Motif Pairs on Genes under Stress

In Sections 2.7.1 and 2.10, this work investigates how varying PMET parameters affect the number
of identified motif pairs in the gene set induced by heat stress, revealing several meaningful phe-
nomena. Specifically, when examining the parameter N (the number of genes or promoters a motif
can match), it was observed across three species that increasing N allows more genes to participate
in PMET indexing, the number of motif pairs identified in the set of up-regulated genes under
heat stress initially increases and then decreases. Notably, this pattern is also observed in the set
of down-regulated genes under heat stress, only when the value of N is very large. Additionally,
a similar pattern is observed in induce gene sets under drought stress of other species, suggesting
that this phenomenon is not unique to A. thaliana and may be a common feature across various
species and stress conditions. This pattern indicates that in the response to heat stress, there may
be a synergistic action of low-affinity motifs involved in transcriptional regulation.

GO analysis of heat stress-up-regulated genes shows that they are associated with stress re-

sponse processes, and identified motif pairs correspond to the binding sites of heat shock factors
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(HSFs), validating the functionality of PMET in studying transcriptional regulation. In contrast,
GO terms for heat stress-down-regulated genes are predominantly involved in metabolic and syn-
thetic biological processes. Among the motif pairs of these down-regulated genes, several are
associated with immune-related TFs, such as ATHB12, AHL12, AHL20, AHL25, ANNC/6, and
MYCY. Currently, it is not possible to logically connect the relationship between heat stress,
down-regulated genes, and immune-related TFs into a coherent narrative. This suggests that fu-
ture research needs to delve deeper into the mechanisms of transcriptional regulation to understand

the roles of these factors in the heat stress response.

93



4 CONCLUSIONS

94



5 OUTLOOK

5 Outlook

By integrating scRNA-seq data with the known list of A. thaliana cell cycle genes for cell cycle clus-
tering and differential expression analysis at the single-cell level, this work successfully expanded
the atlas of cell cycle genes, particularly those associated with the G2 phase. The further refined
PMET and its expanded functionalities were employed to gain deeper insights into the transcrip-
tional regulation mechanisms of cell cycle-related genes, thereby validating the newly identified
candidates.

However, PMET’s performance remains computationally constrained, primarily due to high
memory demands. Future developments should focus on optimizing PMET’ s search for heterotypic
motif pairs (the pairing procedure) by avoiding the simultaneous loading of all homotypic motif
files into memory. Additionally, as highlighted in the discussion, optimizing PMET’ s search
region length would be beneficial. Ideally, PMET should analyze the entire promoter region—from
upstream of the TSS to the adjacent gene boundary—rather than relying on a fixed threshold.
Refining the pairing procedure for heterotypic motif pairs would not only reduce computational
overhead but also enhance the detection of cooperative TF binding events, a critical aspect of
understanding combinatorial gene regulation.

Beyond software optimization, PMET could be expanded in the future to support searches for
multiple TF binding events, such as ternary motif combinations. This enhancement would better
align with actual biological processes, enabling a more realistic simulation of regulatory networks.
Compared to single or paired motifs, multiple TF binding events exhibit greater specificity and
selectivity.

To further validate the newly identified genes in silico, future work will include in wvivo ex-
periments. The COLORFUL-Circuit platform will be employed to monitor cell cycle progression
in real-time using fluorescent markers, each corresponding to a specific phase of the cell cycle.
This approach will allow direct observation of the expression patterns of the newly identified cycle
genes. Additionally, cell cycle-specific motif pairs identified by PMET highlight key TFs involved
in cell cycle regulation. Introducing T-DNA insertions into these TF genes will disrupt their reg-
ulatory functions, impeding the cell cycle process and enabling direct experimental observation of
regulatory dynamics — ultimately validating the roles of these cell cycle genes.

By combining experimental validation using the COLORFUL-Circuit platform with T-DNA
insertion technology, this approach will confirm the accuracy of the newly identified cell cycle

genes and empirically validate computational predictions from PMET analysis.
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6 SUPPLEMENTARY MATERIAL

6 Supplementary Material

Motif 1 Motif 2 otif 1 Motif 2

N=20 | / N=200 % N=200

() Down-regulated genes under heat stress

Figure S1: Models of how weaker promoters can cause an increase of motif pairs. Blue and
yellow circles represent sets of promoters bound by motifs respectively, with the overlap indicating
shared promoters. (a) When N is small, no promoters are shared between motif I and motif 2,
then there is surely no down-regulated genes included. (b) When N is bigger, the green shaded
area highlights promoters where two motifs co-occur significantly, suggesting potential regulatory
interactions between the corresponding TFs.

Table S1: Gene model with multiple fragments of A. thaliana genes

chromosome | element | start | stop | gene model

CDS 3760 | 3913 | AT1G01010.1
CDS 3996 | 4276 | AT1G01010.1
CDS 4486 | 4605 | AT1G01010.1
CDS 4706 | 5095 | AT1G01010.1
CDS 5174 | 5326 | AT1G01010.1

—_| = =] = =

Figure S2: Effect on number of motif pairs under changing parameter N for up- and down-regulated
genes under drought stress of three plant species. (a) depicts numbers of motif pairs under changing
parameter N for up- (red) and down-regulated (green) genes in A. thaliana and Solanum tuberosum
under drought stress. All motif pairs identified through PMET analysis are filtered with a p-value
threshold of < 0.01 for statistical significance.
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Figure S3: Positional distribution and cumulative probabilities of motifs in the promoter region
of A. thaliana. (a) The probability density function (blue line) reflects the localized abundance of
predicted motifs within the -200 to +2,000 bp region upstream of the TSS, with the peak indicating
a higher prevalence of motifs proximal (50 bp) to the TSS. The dashed red line depicts the uniform
distribution of random motifs for comparison, illustrating the non-random nature of the random
motif distribution. (b) Solid blue line indicates the cumulative probability of the experimentally
verified motifs, offering a visual representation of motif accumulation along the promoter region.
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Figure S4: Motif hit distribution on gene promoters before and after promoter extension. (a, c)
Initial promoter regions of four genes (Gene 1, Gene 2, Gene 3, and Gene 4), with two motifs
(represented by green and orange blocks) matched to each promoter. (b, d) Effect of promoter
extension: (a and c) Gene 2, belonging to a specific gene cluster, initially pairs with two motifs;
(b) Extension reveals additional green motif affinity in new genes; it is hypothesized that Gene 3
is a random gene without cluster specificity, while Gene 4 is a part of a cluster, other than the
cluster of Gene 2. (d) Post-extension, newly included genes show increased affinity for the orange
motif.
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Figure S5: Word cloud of motif pairs and individual motifs involved in the highest number of motif
pairs associated with down-regulated genes in A. thaliana, and Solanum tuberosum under drought
stress. (a) displays the frequency of TF family pairs from motif pairs bound to the down-regulated
A. thaliana genes under drought stress, with a notable occurrence of AHL-MB at N=24,000. (b)
Illustrates the high frequency of AHL-MYB motif pairs associated with drought-stressed, down-
regulated genes in Solanum tuberosum at N=28,000. (c)-(d) show motifs derived from the motif
pairs with the highest counts for the corresponding species: ICU/ for A. thaliana; AHL family
members for Solanum tuberosum.

Table S2: GO analyis of up-regulated 300 heat stress genes

Gene Count p-adj

GO Description
response to heat 62 7.39e-50
cellular response to hypoxia 35 1.81e-26
cellular response to decreased oxygen levels 35 1.81e-26
cellular response to oxygen levels 35 1.81e-26
response to hypoxia 35 1.92e-21
response to decreased oxygen levels 35 3.96e-21
response to oxygen levels 35 3.96e-21
protein folding 26 3.60e-19
protein maturation 26 1.25e-14
response to reactive oxygen species 20 2.27e-13
cellular response to abscisic acid stimulus 19 2.36e-07
cellular response to alcohol 19 2.36e-07
abscisic acid-activated signaling pathway 18 4.11e-08
regulation of post-embryonic development 18 2.21e-04
cellular response to heat 17 1.25e-14
heat acclimation 14 2.15e-12
response to hydrogen peroxide 14 5.38e-12
regulation of signal transduction 14 8.91e-03
regulation of signaling 14 1.01e-02
regulation of cell communication 14 1.12e-02

125



6 SUPPLEMENTARY MATERIAL

Table S3: GO analyis of down-regulated 300 heat stress genes

Gene Count p-adj

GO Description
glycosyl compound metabolic process 16 1.61e-04
S-glycoside metabolic process 15 1.61e-04
glycosinolate metabolic process 15 1.61e-04
glucosinolate metabolic process 15 1.61e-04
secondary metabolite biosynthetic process 15 4.08e-03
response to red or far red light 15 5.37e-03
cell wall biogenesis 15 1.48e-02
regulation of hormone levels 11 2.34e-02
cell wall organization 10 7.47e-02
meiotic cell cycle 10 8.23e-02
external encapsulating structure organization 10 1.34e-01
carbohydrate biosynthetic process 10 1.72e-01
sexual reproduction 10 3.18e-01
hormone metabolic process 9 4.28e-03
cell wall polysaccharide metabolic process 9 9.40e-03
cell wall macromolecule metabolic process 9 2.45e-02
glucan metabolic process 9 3.61e-02
sulfur compound biosynthetic process 9 1.17e-01
anatomical structure formation involved in morphogenesis 9 1.21e-01
response to light intensity 9 2.40e-01

Table S4: GO analyis of up-regulated 300 drought stress genes
Gene Count p.adj

GO Description
cellular response to abscisic acid stimulus 22 1.52e-09
cellular response to alcohol 22 1.52e-09
flavonoid metabolic process 20 3.20e-11
flavonoid biosynthetic process 19 2.34e-14
abscisic acid-activated signaling pathway 19 7.54e-09
pigment metabolic process 18 3.66e-05
pigment biosynthetic process 14 1.50e-05
secondary metabolite biosynthetic process 13 1.01e-02
response to heat 13 1.20e-02
anthocyanin-containing compound metabolic process 12 1.07e-09
hexosyltransferase activity 12 3.59e-02
response to extracellular stimulus 11 3.07e-02
cellular response to abiotic stimulus 10 2.58e-02
cellular response to environmental stimulus 10 2.58e-02
response to nutrient levels 10 2.73e-02
UDP-glycosyltransferase activity 10 3.59e-02
anthocyanin-containing compound biosynthetic process 9 2.39e-08
regulation of flavonoid biosynthetic process 9 3.40e-08
regulation of abscisic acid-activated signaling pathway 8 4.40e-03
regulation of response to alcohol 8 4.40e-03
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Table S5: GO analyis of down-regulated 300 drought stress genes

Gene Count p-adj
GO Description

response to auxin 26 5.74e-09
response to light intensity 20 4.86e-06
unidimensional cell growth 20 8.87e-05
cell wall biogenesis 20 1.04e-04
regulation of hormone levels 18 4.86e-06
hydrolase activity, acting on glycosyl bonds 18 4.17e-05
hydrolase activity, hydrolyzing O-glycosyl compounds 17 3.25e-05
glycosyl compound metabolic process 14 9.70e-04
secretory vesicle 14 4.11e-07
apoplast 14 4.98e-04
S-glycoside metabolic process 13 9.70e-04
glycosinolate metabolic process 13 9.70e-04
glucosinolate metabolic process 13 9.70e-04
response to hypoxia 13 3.57e-03
response to decreased oxygen levels 13 4.30e-03
response to oxygen levels 13 4.30e-03
secondary metabolite biosynthetic process 13 9.53e-03
response to red or far red light 13 2.07e-02
cellular response to hypoxia 12 9.70e-04
cellular response to decreased oxygen levels 12 9.70e-04

Table S6: GO analyis of up-regulated 300 salt stress genes

Gene Count p-adj
GO Description
plant organ senescence 16 1.48e-04
response to heat 16 2.15e-04
leaf senescence 14 2.54e-04
cellular response to abscisic acid stimulus 13 7.46e-04
cellular response to alcohol 13 7.46e-04
response to hypoxia 13 8.27e-04
response to decreased oxygen levels 13 9.28e-04
response to oxygen levels 13 9.28e-04
cellular response to hypoxia 12 2.54e-04
cellular response to decreased oxygen levels 12 2.54e-04
cellular response to oxygen levels 12 2.54e-04
abscisic acid-activated signaling pathway 12 4.29e-04
regulation of signal transduction 12 1.60e-02
regulation of signaling 12 1.95e-02
regulation of cell communication 12 2.11e-02
response to reactive oxygen species 10 2.71e-04
multicellular organismal reproductive process 10 3.88e-03
multicellular organism reproduction 10 4.39e-03
negative regulation of nucleobase-containing compound metabolic 10 1.01e-02
process
seed maturation 9 1.48e-04
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Table S7: GO analyis of down-regulated 300 salt stress genes

Gene Count p-adj
GO Description
monoatomic ion transport 21 1.40e-07
oxidoreductase activity, acting on paired donors, with incorporation 18 7.88e-05
or reduction of molecular oxygen
monoatomic ion transmembrane transport 15 3.85e-06
tetrapyrrole binding 14 1.89e-03
monoatomic ion transmembrane transporter activity 14 2.55e-03
monoatomic cation transport 13 1.38e-03
salt transmembrane transporter activity 13 8.48e-04
heme binding 13 2.49e-03
monoatomic cation transmembrane transport 12 2.68e-04
inorganic ion transmembrane transport 12 1.38e-03
response to red or far red light 12 2.93e-02
monooxygenase activity 12 6.79e-04
monoatomic cation transmembrane transporter activity 12 9.82e-03
inorganic cation transmembrane transport 11 1.38e-03
metal ion transport 11 1.75e-03
metal ion transmembrane transporter activity 11 1.61e-03
inorganic cation transmembrane transporter activity 11 1.91e-02
monoatomic ion homeostasis 10 1.70e-02
regulation of hormone levels 10 2.87e-02
cell wall organization 10 3.09e-02
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Figure S6: The analyses identified G1 phase markers genes exhibiting a twofold increase in expres-
sion (avg_log2FC > 1) and presence in at least 40% (pct.1 > 0.40) of the cells in the target phase.
These genes were primarily ranked by fold change. In cases of ties, genes were further ranked by
ascending expression in non-target phases (pct.2) and descending expression in the target phase
(pct.1). The top 30 genes were selected as potential positive markers. Negative markers were
determined by negative avg_log2FC (avg_log2FC > 1) and other similar selection criteria to
those used for positive markers. The positive markers marked in red indicate that they originate
from the list of 1080 cycle related genes proposed by Menges et al. (2003)*'°, while those marked
in green correspond to the negative markers. The markers labeled with the term ”Core” in yellow
are included in the core cell cycle genes summarized by Beemster et al. (2005)°7.
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Figure S7: The analyses identified S phase markers genes exhibiting a twofold increase in expression
(avg_log2FC > 1) and presence in at least 40% (pct.1 > 0.40) of the cells in the target phase.
These genes were primarily ranked by fold change. In cases of ties, genes were further ranked by
ascending expression in non-target phases (pct.2) and descending expression in the target phase
(pct.1). The top 30 genes were selected as potential positive markers. Negative markers were
determined by negative avg_log2FC (avg_log2FC > 1) and other similar selection criteria to
those used for positive markers. The positive markers marked in red indicate that they originate
from the list of 1080 cycle related genes proposed by Menges et al. (2003)°'°, while those marked
in green correspond to the negative markers. The markers labeled with the term "Core” in yellow
are included in the core cell cycle genes summarized by Beemster et al. (2005)°7".
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Figure S8: The analyses identified G2 phase markers genes exhibiting a twofold increase in expres-
sion (avg_log2FC > 1) and presence in at least 40% (pct.1 > 0.40) of the cells in the target phase.
These genes were primarily ranked by fold change. In cases of ties, genes were further ranked by
ascending expression in non-target phases (pct.2) and descending expression in the target phase
(pct.1). The top 30 genes were selected as potential positive markers. Negative markers were
determined by negative avg_log2FC (avg_log2FC > 1) and other similar selection criteria to
those used for positive markers. The positive markers marked in red indicate that they originate
from the list of 1080 cycle related genes proposed by Menges et al. (2003)*'°, while those marked
in green correspond to the negative markers. The markers labeled with the term ”Core” in yellow
are included in the core cell cycle genes summarized by Beemster et al. (2005)?7".s
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Figure S9: The analyses identified M phase markers genes exhibiting a twofold increase in expres-
sion (avg_log2FC > 1) and presence in at least 40% (pct.1 > 0.40) of the cells in the target phase.
These genes were primarily ranked by fold change. In cases of ties, genes were further ranked by
ascending expression in non-target phases (pct.2) and descending expression in the target phase
(pct.1). The top 30 genes were selected as potential positive markers. Negative markers were
determined by negative avg_log2FC (avg_log2FC > 1) and other similar selection criteria to
those used for positive markers. The positive markers marked in red indicate that they originate
from the list of 1080 cycle related genes proposed by Menges et al. (2003)°'°, while those marked
in green correspond to the negative markers. The markers labeled with the term "Core” in yellow
are included in the core cell cycle genes summarized by Beemster et al. (2005)°7".
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