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ABSTRACT

The epigenome consists of proteins and DNA modifications that influence how genetic
information is used and allow organisms to have varied gene expression across different cells
and tissues despite identical DNA sequences. This work leverages epigenomic data to enhance

our understanding of plant genomes.

First, we employed Chromatin Immunoprecipitation sequencing to identify
transcriptional units in plant genomes, focusing on Zea mays. We identified genomic regions
with two types histone modifications: one that canonically indicates active transcription
throughout a gene body and another that is indicative of transcriptional start sites. We utilized
these two epigenomic marks in tandem to detect transcriptional units across the genome. While
many of these regions corresponded to known protein-coding genes, we also discovered new
regions of transcription distant from any known gene annotations. We then leveraged this data to
identify and rectify incorrectly annotated genes, which were either fractured or missing their
transcription start site. We then applied this method across multiple species, revealing

widespread annotation errors across numerous plant genomes.



We then explore plant epigenomics at a single-cell resolution using single-cell indexed
Assay for Transposase Accessible Chromatin (sciATAC-seq), a technique that identifies open
regions of a genome. These nucleosome-devoid regions often contain regulatory sequences
critical for modulating gene expression. sciATAC-seq was performed on leaf tissue from five
different plant species: Zea mays, Sorghum bicolor, Panicum Miliaceum, Urochlua fusca, and
Oryza sativa. Using these data sets, we developed novel methods to accurately annotate cell
types across diverse plant species. Furthermore, we investigate the regulatory regions associated
with C4 photosynthesis—a more efficient process in hot, arid climates compared to C3
photosynthesis, which is more common. By generating genome-wide maps of chromatin
regulatory regions, we identify potentially crucial transcriptional regulators of of C4
photosynthesis genes. We then use this data to explore the evolution of regulatory regions. We
find differing levels of conservation, with gene regulatory networks associated with specific cell-
types conserved as indicated by transcription factor binding motif enrichment. But massive
turnover of sequence at genomic loci, indicating that conservation of cell-type-specificity is

happening at different levels in the genome.

Together, this work develops novel tools for plant genome informatics and furthers the

field of plant epigenomics.

INDEX WORDS: cis-regulatory elements, single-cell, ATAC-seq, plant genomics,

functional genomics, C4 photosynthesis
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Chapter 1
Introduction and Literature Review
Exploring Plant Cis-Regulatory Elements at Single-Cell Resolution:
Overcoming Biological and Computational Challenges to Advance Plant

Research!

" Mendieta, John Pablo. Accepted by the plant journal. Reprinted here with the permission of
publisher, 3/14/2024



Abstract:

Cis-regulatory elements (CREs) are important sequences for gene expression and
for plant biological processes such as development, evolution, domestication, and stress
response. However, studying CREs in plant genomes has been challenging. The
totipotent nature of plant cells, coupled with inability to maintain plant cell types in
culture and the inherent technical challenges posed by the cell wall have limited our
understanding of how plant cell types acquire and maintain their identities and respond to
the environment via CRE usage. Advances in single-cell epigenomics have
revolutionized the field identifying cell-type-specific CREs. These new technologies have
the potential to significantly advance our understanding of plant CRE biology, and shed
light on how the regulatory genome gives rise to diverse plant phenomena. However,
there are significant biological and computational challenges associated with analyzing
single-cell epigenomic datasets. In this review, we discuss the historical and foundational
underpinnings of plant single-cell research, challenges and common pitfalls in analysis of
plant single-cell epigenomic data, and highlight biological challenges unique to plants.
Additionally, we discuss how the application of single-cell epigenomic data in various
contexts stands to transform our understanding of the importance of CREs in plant

genomes.

Introduction:
Multicellular eukaryotes arose due to evolutionary pressures driving the sub-
functionalization of cells into dedicated roles, allowing organisms to have functions that

are more advanced than its cellular components. Cellular specialization results from



differential use of the genome between cell types, which is partly driven by variable use
of cis-regulatory elements (CREs) that are important for gene transcription and silencing.
In plants, cell types have evolved specialized metabolisms and unique cell wall
morphologies that link form to function enabling cells to fill their structural and
physiological roles in planta (Alberts et al., 2002). Plant cell structures fascinated early
plant scientists; the observation of microscopic cell wall ‘cages’ within onion leaves led
to Robert Hooke to develop the term ‘cell’ and variable cell wall morphologies were first
used to classify plant cell types (Hooke, 1665). However, plant cell-type definitions have
been continually refined by sequential scientific breakthroughs such as the increased
resolution of microscopy and advances in molecular genetic techniques. Advances in
single-cell genomics allow measurement of cell-type-specific transcripts and CRE
chromatin accessibility, which is bettering understanding of the gene regulatory networks
present in cells, and how they impact all manner of phenomena in planta. However, there
are numerous technical and biological challenges associated with single-cell genomics
data that must be overcome before these questions can be addressed.

In this perspective, we discuss the historical ways plant cell types have been
described and how cell-type definitions have evolved. We examine how cell types have
been defined genetically, and how this identified marker genes critical for cell-type
function. We discuss current biological and technical challenges associated with the
single-cell genomics identification of cell-type-specific regulatory sequences. Lastly, we

highlight how emerging technologies will overcome some of these challenges, improving



the ability to study the cellular context in which molecular processes affect plant

phenotypes.

Plant Cell Types - A Historical Perspective:

Scientists have been describing the cellular make-up of plants for centuries. Plant
cell biology began with the advent of microscopy and histology, with early descriptions
of stomata and guard cells dating back to 1671 (Anatomie des plantes, n.d.). This research
laid the groundwork of plant anatomy and established early models of plant cell types.
Cells were classified based on the structure of their cell walls, with parenchyma having
thin non-lignified cell walls, collenchyma having thick non-lignified cell walls, and
sclerenchyma having lignified cell walls (Imperatorskaﬁ akademTia nauk (Russia) et al.,
1868). Although critical, these early descriptions of plant “cell types" had limited
resolution and overlooked cells with unique structure and function. Advances in
microscopy in the following centuries facilitated more accurate descriptions of plant cell
types. Increasing microscopy resolution produced descriptions of cell-type subclasses
within the classical definitions of parenchyma, collenchyma and sclerenchyma (Leroux,
2012). This led to the first described companion cells, sieve tube elements, and bundle
sheath cells (Strasburger, 1888; Wilhelm, 1880). These newly described cell types were
not just categorized but were described in their developmental and gross anatomical
contexts within the plant. Foundational work by Esau and Sharman combined microscopy
with serial sectioning experiments, describing vascular development in multiple plant
species (Esau, 1939, 1954; Sharman, 1942). This combination of techniques revealed the

cellular patterns in mature tissue, and how these arrangements emerge from their cellular



precursors (Esau, 1943; Sharman, 1942). Further work focused on the meristem, a
collection of plant stem cells that divide to produce new growth. Tracking cellular
division and maturation from meristems provided an early understanding of plant cell-
type differentiation, revealing how anatomical patterns are established by development
(Evert et al., 20006).

Early on it was understood that DNA encoded the genetic instructions which
give rise to plant form, but our understanding the genetic processes that controlled cell-
fate decisions were limited. Initial genetic analysis exploited the clonal development of
mutant sectors with visible phenotypes. In brief, these studies used mutagens, like X-rays,
to induce somatic mutations in progenitor cells to determine the cells contributions to
organismal phenotype. In plants, mutant based studies demonstrated that manipulation of
DNA sequence could radically change plant phenotypes and cell fates(Hake & Freeling,
1986; Sinha & Hake, 1990). For instance, stable mutagenesis gave rise to liguleless-1
mutants that have radically different leaf morphology with a misplaced ligule on the
margin of the leaf blade (Becraft & Freeling, 1991). However, these studies were limited
in their capacity to identify the sequence causing these morphological alterations. This
changed with advances in molecular genetic techniques that allowed for pinpointed
manipulation of plant DNA.

In the 1990’s molecular genetic techniques allowed fine scale alteration of DNA
and inquiry into the genetic processes driving the emergence of specific cell types. Early
genetic screens found that cell identity could be ablated by single-gene knockouts. One
excellent example is shortroot (shr) in Arabidopsis thaliana (Benfey et al., 1993). In shr

mutant plants, root endodermis cells fail to form, resulting in significantly stunted root



growth and illustrating that SHR is indispensable for endodermis cell-type identity.
Further analysis of SHR revealed it is a mobile transcription factor critical for cell fate
differentiation (Helariutta et al., 2000). The identification of SHR, and and other
transcription factors that defined cell identity generated questions aimed at how cell fates
were encoded within the genome. These questions remain the subject of active
investigation, with ongoing experiments continually offering deeper insights into the

molecular events that drive plant cell-fate decisions.

A Genotype B Genotype
GLI1 gll ZmSWEET13A,B,C Zmsweetl3a,b,c
CI/ \C.
| ]
| |
| |
(s e en on on}
[ Trichome
[ Pavement ® Su
Crose
[l Protoderm > SWEET
C
Gene annotation
Unknown marker

= H—fe < HIINNNN-e = H— e

Companion cell

Pavement cell

Mesophyll cell

—a
-_—-y>a
-—a
-
—a
- —a
-—a
-_-u—a_
—a
-
-—a
-_-a—a_

Bundle Sheath cell w—4
-

-—a

-

Figure 1.1: Plant cell-type markers define either unique developmental, metabolic or
physiological states A) Model for proper function of GLABRAI in A. thaliana (GL1),
which promotes trichome development (left). Knockouts of g// removes the capacity for
protoderm cells to differentiate into trichomes, generating additional pavement cells
(right). B) ZmSWEETI3s (purple) are required for transport of sucrose from bundle



sheath cells into the vasculature in Zea mays. zmsweet13 knockouts raise sucrose
concentrations in bundle sheath cells. C) Hypothetical example of a de novo discovered
marker gene identified by single-cell RNA-seq. Expression of the de novo discovered
marker, Unknown, is limited to companion cells, as opposed to pavement cells,
mesophyll cells, and bundle sheath cells. Single cell RNA-seq reads are colored by their
strand, with purple reads representing the positive strand and yellow reads representing
the negative strands.

The Genetic Underpinnings of Plant Cell Identity:

Plant cell development and function result from a complex interplay of genes
responsible for determining cell fate and maintaining cellular identity. Identification of
key developmental regulators, like SHR, demonstrated that the development of entire cell
lineages depended on the expression of a few genes. Determining how and where these
essential “marker” genes of cell identity were expressed became a central question in
plant genetics. Subsequently, molecular genetic approaches such as mutagenesis screens,
and reporter gene assays, were developed to assess the cellular context in which these
marker genes were expressed. These advancements resulted in the identification of many
other genes critical in cell-type identity. For example, GLABRAI (GL1) in A. thaliana
controls trichome fate, as g// null plants generated by T-DNA insertion had no trichomes
on the leaf and stem (Figure 1.1A) (Herman & Marks, 1989; Oppenheimer et al., 1991).
Despite establishing the necessity of GLI for trichome formation, this finding did not
elucidate its expression pattern or how GL/ facilitated trichome development. This
knowledge gap led to the creation of promoter reporter lines, in which a gene's

transcriptional regulatory sequences (promoters and CREs) are fused to a reporter (e.g.,



GUS, GFP) to illuminate where and when the gene is expressed (Birnbaum et al., 2003;
Brady et al., 2003; Helariutta et al., 2000; Stadler et al., 2005). In GL1 reporters,
expression was found to change throughout development; in early development, GLI is
expressed throughout the early leaf primordia, but, as the epidermis matures, only
trichomes precursors maintain high GLI expression (Kirik et al., 2001; Larkin et al.,
1994; Oppenheimer et al., 1991). Research into genes crucial for cell development
expanded reporter methods by combining cell-type reporters with protoplast isolation to
isolate cell populations and conduct genome-wide identification of transcription factors
associated with specific cell types (Birnbaum et al., 2005; Toufighi et al., 2005).
Application of these genome-wide assays identified genes crucial for the development of
particular cell types. Presently, cell-type-specific genetic inquiry in plants has the
potential to be significantly enhanced through single-cell methodologies, allowing for
refined discrete measurement from individual cells empowering our understanding of
plant cell fate decisions.

While genes important in the development of cell types are critical to our
understanding of how cell types differentiate, they do not reveal much about plant cell-
type function. This has led to researchers looking for genes which are important to the
function of mature cell-types. For instance, genes such as SUGARS WILL EVENTUALLY
BE EXPORTED TRANSPORTER 13 (ZmSWEET13), a sucrose transporter, is expressed
specifically bundle sheath cells and phloem parenchyma (Bezrutczyk et al., 2018, 2021).
Knockouts of ZmSWEET13 impair phloem loading increasing sucrose concentrations in
leaves (Figure 1.1B). Although not required for abaxial bundle sheath cell development,

ZmSWEETI3 represents a key gene required for cell-type-specific function. Similarly,



Arabidopsis SUCROSE-PROTON SYMPORTER 2 (SUC?2) drives sieve element sucrose
loading through companion cell-specific expression (Stadler & Sauer, 1996). suc2
knockout plants are stunted due to impaired sucrose transport, but companion cell
identity is unaffected (Gottwald et al., 2000). Genes such as SUC2 and ZmSWEET further
our understanding of the genetic partitioning of functions between plant cell types. This
genetic division enhances our perspective of what constitutes a plant cell type,
transitioning from definitions based on histology, to those based on gene expression and
function of discrete genetic loci. Although finding cell-type-specific functional genes is
valuable, their identification is generally done by investigating a single gene at a time,
requiring significant investment of time and resources. Single-cell genomics provides an
opportunity to discover additional genes important to function of specific cell types on a
genome-wide scale, across all cell types sampled at a single time. This influx of
information will quickly evolve our understanding of cell types from a few key loci, to
combinations of genes critical for both development and function.

Single-cell genomics allows measurement of chromatin states and mRNAs in
thousands of individual cells (Buenrostro, Wu, Litzenburger, et al., 2015; Cusanovich et
al., 2015; Jaitin et al., 2014). Plant single-cell genomics is especially exciting given the
lack of cell-type-specific genomic measurements outside of model plant systems. The
information-richness and high-complexity of single-cell datasets are useful because it
allows for a detailed understanding of how different cell types utilize the genome.
However, single-cell technologies remove cells from the sampled tissue, erasing any
knowledge about position or identity, and complicating the identification of each cell’s

cell type. Therefore, annotation relies on molecular marker genes to reveal cell identity



post hoc. This annotation is confounded by the gradient of transitional cell identities that
underpin differentiation. For instance, in A. thaliana guard cell differentiation from
protoderm involves five state transitions, necessitating additional markers to accurately
delineate cellular states (L. Chen et al., 2020). These transitory states make having well-
established developmental marker genes critical to accurate annotation of single-cell
datasets. For this reason, the first plant single-cell RNA-seq (scRNA-seq) analysis was
conducted on A. thaliana roots because root cell types have well described genes
associated with specific cell types and developmental stages (Ryu et al., 2019; Shulse et
al., 2019). Once single-cell datasets are accurately annotated, they can be leveraged in
powerful ways. Testing for differentially expressed genes in annotated cell types allows
for the identification of novel genes potentially critical in proper cell-type function. One
scRNA-seq A. thaliana study used annotated root cell types to discover 50 genes with
cell-type-specific expression patterns (Figure 1.1C) (Zhang et al., 2019). This “de novo "
discovery of cell-type-specific genes provides a wealth of candidate genes to target and
study, which will further reveal their importance in specific cell types of interest. Single-
cell genomics will increase the speed of cell-type-specific gene identification, improving
our understanding of which loci are critical for proper cell-type function and development

in plants.
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operate on the closest gene. The line represents chromatin interaction between two ACRs.
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The Regulatory Genome Specifies How Cell types are Established

Although scRNA-seq will improve our knowledge of cell-type-specific gene
expression, our understanding of the processes driving these expression patterns remains
poor. Pairing of single-cell technologies with assays identifying the regulatory genome
stand to greatly enhance our understanding of how the genome can regulate the
expression of both developmental and functionally important genes. Cell-type-specific
expression is the result of different cells using the same genetic blueprint encoded in the
genome in different ways. Cell fates are determined by the interpretation, enhancement,
or silencing of instructions encoded in DNA which are driven by CREs (Andersson et al.,
2015). CREs are non-coding sequences of DNA composed of transcription factor (TF)
binding sites. TFs bind CREs within nucleosome depleted sequences, to recruit co-
factors, remodel chromatin, and regulate gene transcription (Lai et al., 2019). This cis-
regulation has implications on plant development, environmental response, and evolution
(Cramer, 2019).

CREs often work in concert and are then referred to as cis-regulatory modules
(CRMs) (Figure 1.2) (Schmitz et al., 2022; Shlyueva et al., 2014) . CRMs are further
subdivided as “enhancers,” or “silencers,” based on the ability to recruit co-activators or
co-repressors to genes (Gisselbrecht et al., 2020; Pang & Snyder, 2020; Shlyueva et al.,
2014). Identification of CRMs genome wide is routinely performed with assays that
measure accessible chromatin environments, as these are the regions that are open to TF
binding. Methods such as DNase-seq, MNase-seq, as well as FAIRE-seq have been used
to study CRMs genome wide (Boyle et al., 2008; Giresi et al., 2007; Johnson et al.,

2006). Currently, the most widely adopted method to investigate accessible chromatin is

12



Assay for Transposase-Accessible Chromatin followed by sequencing (ATAC-seq)
(Buenrostro, Wu, Chang, et al., 2015). In brief, ATAC-seq works by utilizing a
hyperactive Tn5 transposase to directly insert sequencing adapters into accessible
chromatin regions of DNAs (Figure 1.2). The fragments generated are then amplified,
sequenced, aligned to the genome, and areas more accessible than genomic background
are computationally identified (Figure 1.2) (Yan et al., 2020) . These peaks, named
accessible chromatin regions (ACRs), are well accepted proxies for CRMs, and thus
collections of CREs (Bajic et al., 2018; Lu et al., 2017).

With the widespread adoption of ACR identification, numerous discoveries have
been made about the regulatory nature of DNA in plant genomes. For instance, it has
recently been revealed that ACRs frequently operate on genes >50 kilobases away in
plants with large genomes (Ricci et al., 2019). Additionally, variable ACR usage has
been implicated in biotic and abiotic stress responses, providing more insights into how
the genome tunes expression to the environment. (Han et al., 2020; Raju, 2020; Z. Zeng
et al., 2019; Zhou et al., 2022). However, ACRs provide no information about whether
these regions are enhancing or repressing transcription. This can be predicted by
overlaying ACRs with ChIP-seq data which measures the histone modifications nearby
(Lu et al., 2019; Oka et al., 2017; Ricci et al., 2019). ACRs that are active are flanked by
histone acetylation, whereas those that are actively repressing a target gene are flanked by
histone methylation and Polycomb silencing (Lu et al., 2019; Ricci et al., 2019).
Recently, the ability to apply ATAC-seq to single cells (scATAC-seq) was developed,
allowing for cell-type-specific ACR identification and measurement (Buenrostro, Wu,

Litzenburger, et al., 2015; Cusanovich et al., 2015).
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Figure 1.3: Schematic of analysis paradigms and challenges of single-cell ATAC-seq
data A) An example binary matrix being transformed into a UMAP by means of SVD
where rows are ACRs identified from a bulked dataset and columns are cells. The input
matrix is binary if a cell either has a Tn5 integration event in that ACR or not B) Left) An
example of a gopod UMAP embedding where Tn5 insertion density is not driving the
clustering of cells. Right) An example of a poor UM AP embedding where technical
artifacts due to Tn5 insertion density are driving the clustering C) An instance where
chromatin accessibility of a gene (Gene Acc.) does not align with expectations based on
gene expression (Gene Expression). Here, the upstream region of the gene depicted could
harbor a silencer that recruits TFs to repress its target gene. D) Top) An example of
where the UMAP embedding correlates well with the chromatin accessibility of multiple
marker genes for a specific cell type. Bottom) Example of a poor UMAP embedding
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where markers do not agree with each other. Whether this is due to poor markers or a
poor selection of features to generate the embedding requires additional inquiry. E)
Challenges associated with the assignment of single-cell ACRs. Whether the middle ACR
is cell-type specific or restricted to a few key cell types is challenging to determine. This
potentially reflects issues in annotation, or that related cell-types share similar chromatin
environments. The assignment of cell-type specific ACRs is non-trivial and requires
careful considerations by the researcher of both biological and technical challenges.

Single Cell ATAC-seq, Emerging Paradigms and Tangible Value

ScATAC-seq has revealed differential usage of ACRs in cellular identity and
development in plant models (Dorrity et al., 2020; Farmer et al., 2021; Marand et al.,
2021). Although the application of scATAC-seq techniques to plants stands to teach us
much about cis-regulatory biology, implementing these techniques are non-trivial and
come with a series of caveats and challenges. The ability to deconvolute cellular
heterogeneity in plant tissue allows for the identification of cell-type-specific ACRs,
which can be used to identify TFs and CREs important to cell function.(Marand et al.,
2021). Intriguingly, scATAC-seq also offers a method to study developmental trajectories
within cell types. Key genes or CREs that operate differently through development can be
identified by ordering cell lineages from progenitor to mature cell type (Nelms & Walbot,
2019; Trapnell et al., 2014). This “pseudo time” method was applied to root hair
development in Oryza sativa, as well as phloem companion cell development in Z. mays
root. In O. sativa, pseudotime analysis found 13,000 ACRs and 3,000 genes important in
the transition into root hair cell-type identity (Zhang et al., 2021). In Z. mays, it was
found that as cells differentiate from quiescent center cells to phloem companion cells the
fractions of ACRs which were accessible decreased significantly (Marand et al., 2021).
Pseudotime analyses are just the beginning as application of scATAC-seq to plants will

reveal roles of cis-regulation in evolution, stress responses, and adaptation. While
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exciting, the analysis and annotation of these datasets is computationally challenging and
requires awareness of current limitations.

The computational challenges associated with scATAC-seq data analysis are
primarily due to the low number of TnS5 integration events per cell. For example, upwards
0f 99% of the chromatin accessibility measurements genome wide are often missing from
any particular cell (Buenrostro, Wu, Litzenburger, et al., 2015). This data scarcity has
significant ramifications in sScCATAC-seq analysis. The first step of scATAC-seq analysis
is isolating high quality cells. One way of doing this is by “pseudo-bulking,” which
mimics bulk ATAC-seq by aggregating the reads from all nuclei, to identify peaks
(ACRs) (H. Chen et al., 2019). Then broken nuclei are removed by estimating the
Fraction of Reads in Peaks (FRiP) per nucleus, and removing nuclei with Tn5 integration
events below a FRiP threshold (generally >.25) . Next, doublets, which are instances
where two cells are mistakenly sequenced as one are removed by comparing them against
an in-silico generated doublet set of cells (Wolock et al., 2019). Based on the single cell
technologies used, the top 5-10% of cells with the highest “doublet score” are removed.
The next steps annotate similar cells into cell types. Annotation starts by generating a
binary matrix of Tn5 insertions in ACRs by cells, which is fed into dimensionality
reduction algorithms. These algorithms, such as singular value decomposition (SVD) or
principal component analysis (PCA), cluster cells into similar groups by identifying
correlated features (ACR presence/absence), which reveal underlying patterns and
relationships among the cells (Figure 1.3A-B). The resulting principal components, or
meta-features, represent high-dimensional data (ACR accessibility) in low-dimensional

space.. Cell proximity in this low dimensional is a proxy for cell relatedness, either
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biological or technical (Figure 1.3B). Presently, either Uniform Manifold Approximation
and Projection (UMAP) or t-Distributed Stochastic Neighbor Embedding (t-SNE) are
used to visualize scATAC-seq data. These techniques plot cells in 2D, while trying to
preserve the high dimensional space computed above (Figure 1.3B) (Maaten & Hinton,
2008; Mclnnes et al., 2020). One should not make biological conclusions about relative
distance and space between cells, as recent evidence points to the inherent flaws in this
approach (Chari et al., 2021). For instance when using three dimensional datasets with
known spatial relationships between points, t-SNE or UMAP processing scrambles the
relative distance between points, indicating that the 2D distances generated are artifactual
(Chari et al., 2021). From this embedding, discrete cell clusters are assigned using
community detection methods such as Louvain or Leiden algorithms (Blondel et al.,
2008; Waltman & van Eck, 2013). In brief, these methods work by trying to identity
clusters of cells in high-dimensional space, which maximizes the differences between
groups and minimizes the differences within groups based off a given parameter set.
Clusters are then analyzed with the assumption that they are representative of roughly
homogenous cell types. Annotating clusters to a cell type involves approximating gene
expression of cell-type markers by summing gene body and promoter chromatin
accessibility (Cusanovich, Hill, et al., 2018). This approximation, while valuable, is
imperfect, as chromatin accessibility does not always correlate with gene expression
(Figure 1.3D). Based on the specific chromatin accessibility patterns of known marker
genes, clusters are assigned cell types (Figure 1.3C). The clustering and annotation of
cell types remains one of the most time consuming and difficult steps in scATAC-seq

analysis. Current heuristic methods rely on user based decisions that are often difficult to
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replicate (Gibson, 2022). As the field matures, more consistent annotation metrics are
needed to ensure proper and timely cell type assignment.

ScATAC-seq analysis is a deeply iterative process. For instance, selecting
different ACRs to include in dimensionality reduction can drastically alter cluster
membership and generate different results. This requires researchers to try different
selections of ACRs to find a set that reduces technical artifacts but maximizes biological
interpretation. Additionally, technical artifacts can have significant effects on annotations
and interpretation of results. For example, cells with a high density of TnS5 insertion
events per cell can cluster together, thus the underlying embedding doesn’t represent one
of biological variation, but technical (Figure 1.3B). Technical artifacts can be even more
misleading, with cells being assigned specific clusters due to the lack of data, rather than
the presence of genuine differences.

Once annotations are finalized, cell-type-specific ACRs are identified. Combining
cells of the same cell type via “pseudo-bulking” allows for the robust identification of
ACRs for individual cell types (Cusanovich, Reddington, et al., 2018; Domcke et al.,
2020). This deconvolution of tissue-level chromatin accessibility to cell-type resolved
accessibility is where the power of single cell lies. While identifying ACRs from cell-
type-level data is straightforward, classifying these ACRs as cell-type-specific or broadly
accessible is challenging and is heavily impacted by the statistical approach chosen
(Figure 1.3E). Making this categorization more opaque is cell types which share
developmental origins often have similar chromatin accessibility patterns (Cusanovich,
Hill, et al., 2018; Domcke et al., 2020). This leads to an additional class of ACRs that are

cell-type-restricted or limited in their chromatin accessibility to a few cell types. Recent
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plant scATAC-seq studies have found between 23-27% cell-type-restricted ACRs in
given species (Marand et al., 2021; Zhang et al., 2021). However, the number and
proportion of ACRs that are cell-type specific is unknown, and being established in
model systems with more exhaustive sampling (X. Chen et al., 2018; Domcke et al.,
2020). Whether these cell-type-specific ACRs are critical to cell-type function is
uncertain and requires follow-up molecular genetics studies. Finally, scATAC-seq
provides exciting opportunities to begin deciphering both cis and trans regulators of the
genome. Recent studies have shown the ability to link TFs with their likely binding sites
in a cell-type-specific manner, by correlating the chromatin accessibility of transcription
factor gene bodies with the accessibility of their corresponding binding sites (Marand et
al., 2021). This allows for the identification of cell-type-specific gene regulatory
networks which have been long elusive. While the computational workflow and
challenges labeled here may seem daunting, rigorous data analysis avoids many of these
pitfalls. However, it should be noted that these specific computational challenges aren’t
the only issue. Quirks associated with evolution, genome structure, and the unique ways

plant cell-type identity can be modified also need to be considered.
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Figure 1.4: Biological challenges in single-cell ATAC-seq data take many forms and
unique situations. A) The gene SHORT SUBUNIT (SSU) is known to have specific
function in bundle sheath cells in Z. mays. However, SSU may not behave as a useful
marker for annotation via sScATAC-seq due to the proximity of its promoter to the start of
an uncharacterized gene. B) Leaf cross sections of two species, Z. mays, and O. sativa.
Cell types are color coded, and important marker genes are labeled in gray circles. Red
lines point to the cell types these genes are active in. Although SHR1 is expressed in
bundle sheath and vascular cells in Z. mays, it is not found in O. sativa bundle sheath
cells. C) Leaf laid out from proximal to distal ends with developmental gradient overlaid
on top, with the oldest cells being at the tip and newest cells at the base. It is currently
unknown whether different regions of the leaf might have different regulatory chromatin
environments and subfunctionalization (bottom). D) Leaf cross sections where colors
indicate cells originating from either parenchyma (ground tissue) or procambium. Left)
Normal development Right) Abnormal development with position dependent effects
altering the origin of a mesophyll cell derived from the procambium.
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Biological Challenges Associated with the Analysis of scATAC-seq in Plants

While the computational challenges associated with scATAC-seq are laid out and
addressable, certain unique features of plant biology complicate analysis. Variable
genome sizes, rapid changes in gene function caused by molecular evolution, and the
totipotent nature of plant cells all alter the interpretation of plant scATAC-seq data.
However, while analytically challenging, these features offer unique opportunities to
study CREs and their relationship to plant biology generally.

Significant variations in genome size can add additional hurdles to analyzing
scATAC-seq data. For instance, genome size affects the use of gene proximal chromatin
accessibility as a proxy for gene expression. In compact genomes, the reduced proximity
between transcriptional start sites (TSSs) means ACRs often encompass two promoters,
which convolutes correlating chromatin accessibility with gene expression (Figure
1.4A). This is in stark contrast to larger genomes which result from the expansion of
intergenic and intronic gene space often as a result of increased transposon load (S.-I. Lee
& Kim, 2014; Lu et al., 2019). This size expansion moves CRMs important for gene
expression further upstream of the TSS, increasing the prevalence of gene-distal ACRs
(Lu et al., 2019; Oka et al., 2017; Ricci et al., 2019; Zhao et al., 2018). Linking these
distal ACRs to their target genes is challenging and requires additional data from
proximity-ligation based methods. Hi-C is the most commonly used, as it captures
chromatin interactions ranging from 1 kb to >100kb depending on the experimental setup
and sequencing depth. (Figure 1.2) (Eagen et al., 2015; Lieberman-Aiden et al., 2009;
Mifsud et al., 2015). However, Hi-C remains restricted to bulk tissues, limiting the

detection or confirmation of gene-ACR interactions in rare cell types. Predictions about
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chromatin contacts can be made from scATAC-seq itself, but requires further
experimentation for validation (Marand et al., 2021; Pliner et al., 2018). Genome size
variation necessitates adapting analysis strategies on a per-genome basis, impeding the
standardization of scATAC-seq analysis between species.

Although variation in plant genome size complicates scATAC-seq, the lack of
high-quality markers for plant species remains the biggest challenge in the annotation and
analysis of single-cell ATAC-seq datasets. Since currently no species has an exhaustive
list of cell-type-specific genetic markers, markers are generally borrowed between
species. For instance, in non-model plants cell types are annotated using gene orthologs
of known markers with cell type specificity from model plant species. However, it is
known that gene expression changes rapidly due to molecular evolution (Hill et al.,
2020). Gene duplication followed by neo-functionalization, whole genome duplications
rewiring large scale expression patterns, and rapid gene family expansion are a few of the
many ways molecular evolution can reshape gene function, and expression (Birchler &
Yang, 2022; Hughes et al., 2014; Panchy et al., 2016). Even in a relatively short
evolutionary time span of 65-70 million years key developmental genes can shift their
cell-type expression context, complicating their use in a cross species context (Hughes &
Langdale, 2022). For example, SHR has different cell-type specificity in Z. mays and O.
sativa leaves; in Z. mays, expression of ZmSHRI is limited to vasculature and bundle
sheath cells, whereas the O. sativa ortholog, OsSHR2, has limited vasculature expression,
and is absent from bundle sheath cells (Figure 1.4B) (Schuler et al., 2018). Due to the
unreliability of individual markers, non-model systems need to use sets of markers to

annotate cell types in order to Minimize incorrect cell annotation. However, to date the
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number of markers per cell type is limited, restricting the ability to apply single cell
techniques to non-model plants.

Plants cells have a unique relationship between cell identity by descent, and cell
position in the plant. Plant cell fates are not genetically hardwired based off precursors.
For instance, although plant cell types generally develop in predictable lineages, such as
the procambium giving rise to the vasculature, exceptions can occur. Instead, the location
of a plant cell during development can have greater impacts on cell fate than their stem
cell niche of origin (Reinhardt et al., 2003). This has been shown in Z. mays, where the
mesophyll cells neighboring the bundle sheath lineage may be derived from procambial
cells, or ground meristem cells (Figure 1.4D) (Esau, 1943; Langdale et al., 1989;
Sharman, 1942). This position-dependent effect is well documented for vasculature and
epidermal cell types in species including cotton, tobacco, and sunflower (Dolan &
Poethig, 1998; Esau, 1954; Hung et al., 1998; Jegla & Sussex, 1989; Poethig & Sussex,
1985b, 1985a). This poses a challenge, as these cells which have undergone position
dependent effects are likely to cluster with cells that share the same precursor, and not
with cells with the same terminal identity. This makes annotation more difficult and
increases the heterogeneity in identified cell types. Finally, since these events are rare,
isolating and studying these populations is challenging, but could pose a valuable study
system to understand the role of how variable precursors alter the chromatin environment
of differentiated cells.

Finally, the gradient nature of plant growth provides additional challenges. Plant
organs grow in a gradient of development, with younger cells found closer to the dividing

meristem, and older cells further away. Continual organogenesis and development results
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in gene expression profiles that are dependent on the section sampled within an organ
(Figure 1.4C). In Z. mays this developmental progression yields differences in
expression of key carbon metabolism enzymes at different sections of the leaf (Li et al.,
2010; Pick et al., 2011; Wang et al., 2013). Whether these different sections of the leaf,
and the cell types found within, constitute different cell types or specific sub-
functionalization is up for debate, and further complicates placing cells into discrete
categories (H. Zeng, 2022). This heterogeneity has already been hinted at in some
studies. A combinatorial sSCATAC-seq and scRNA study of 4. thaliana roots, found
unique genetic and epigenomic markers in three different clusters of endodermal cells,
illustrating that discrete sub-functionalization of may happen within previously described
cell types (Dorrity et al., 2020). The extent to which these clusters represent unique sub-

functional cell types remains open and requires further exploration.

The Age of Single Cell Regulatory Genomics:

scATAC-seq enables the genome-wide investigation into the function and
importance of plant cell-type-specific CREs. Although we can now identify cell-type-
specific CREs in plant genomes, our understanding of how these regions interact with the
coding genome is still quite limited. Leveraging intra- and inter-genetic diversity, along
with treatment conditions, stands to greatly improve our understanding of CREs in plant
biology and their role in responding to environmental stimuli, population adaptation and

diversity, as well as reveal their importance over evolutionary time.
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Performing scATAC-seq on a phenotypically diverse intra-specific population
will clarify the influence of genetic CRE variation on phenotypes with cell-type
resolution. Genetic variation in regulatory sequences can result in species adaptation to
novel environments in both plant and animal systems (Cleves et al., 2014; Studer et al.,
2011; van der Burg et al., 2020; Wucherpfennig et al., 2022). In plants, CRE variation in
the flowering time gene CONSTANS underlies flowering time diversity in natural
accessions of 4. thaliana (Rosas et al., 2014). However, most studies addressing CRE
genetic variation lack cell-type resolved data and therefore may overlook genetic
variance in rare cell-type CREs that underpins local adaptation. Combining quantitative
genetic approaches, like genome-wide association (GWA), with scATAC-seq,
phenotypic associations and chromatin accessibility variation can be correlated,
potentially identifying the CREs, and cell types, underpinning trait variation within
distinct populations (Das et al., 2022). Although a nascent area of study, the combination
of scATAC-seq and population diversity may reveal how CRE genetic diversity alters the
regulatory epigenome to shape species adaptation.

Beyond applying scATAC-seq to single species populations, comparative
genomics focused on diverse species offers the opportunity to examine plant CRE
evolution at a deeper timescale. Plant genomes exhibit a high rate of structural variation
and sequence turnover as compared to animal genomes, causing rapid CRE turnover
(Paterson et al., 2010). Highlighting the high rate of CRE change between even closely
related species, a study comparing distal CREs between sister species Z. mays and S.
bicolor, found approximately one-third of CREs were shared and accessible in the same

tissue, one-third were novel to each lineage, and one-third shared sequence similarity but
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were not within accessible chromatin in the tissue examined (Lu et al., 2019). While
CREs sequences change quickly, the gene regulatory networks they influence may be
more stable. Investigating root hair cell type development in four eudicots found that
although few orthologous CREs were conserved across all species, TF binding at key
genes was preserved (Mabher et al., 2018). Pairing comparative genomics analyses with
scATAC-seq will allow investigation into the pace of CRE sequence changes in specific
cell types within individual plant lineages. This approach will enhance both our
understanding of plant CRE evolution and uncover conserved mechanisms underpinning
plant adaptation and resilience to environmental changes.

Finally, CREs drive responses to environmental stimuli. Differential CRE usage is
vital in response to disease, cold, drought, and hormonal signals (Azodi et al., 2020;
Moore et al., 2022; Reynoso et al., 2019; Zou et al., 2011). One comparative genomics
study examined CRE usage with a flooding treatment and identified root-specific CREs
associated with flooding, which revealed shared motifs within flood-responsive CREs
across four species studied, representing 123 million years of evolutionary divergence
(Reynoso et al., 2019). This flooding research suggests that regulatory networks behind
abiotic stress responses may be conserved for millions of years. Integrating scATAC-seq
with environmental treatments will identify the CREs crucial for cell-type-specific
environmental responses. Beyond discovering environmentally dynamic CREs, this
approach will find the cell types with the most responsive CRE usage in different
conditions, revealing which cell types drive stress adaptation. This focus on cell-type

responses could have far-reaching implications for our understanding of environmental
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response in plants, as previous study has traditionally been restricted to organismal

response.

Plant Cell Types — Definitions in Flux:

While the age of single-cell genomics stands to alter our understanding of plant
cell biology, it is important to acknowledge that the definition of a cell type is in flux. In
this perspective, we define a “cell-type” as a cell with unique molecular signatures, and
that alteration of this signature modifies the form or function of a given cell type.
However, although valuable, this definition has limitations. For instance, what is the
threshold of molecular changes needed to separate related cells into distinct cell types?
How many differentially expressed genes or differentially accessible CREs are needed to
constitute a novel cell type? This problem becomes especially acute when trying to
delineate plant cells in transitional identities, as developing plant cells exist along a
continuum of maturity with few discrete stages. While the discussions surrounding plant
cell-type classifications may appear semantical, it underpins real biological questions.
How we define “cell types” will have real implications for biologist moving forward
(Efroni, 2018; H. Zeng, 2022).

Despite their immense development, maturity, and anatomical differences,
inevitably, knowledge of plant cell types will be compared to what we know about
animal cell types. IN plants there is wide variation in the number of identified cell types,
with 55 being identified in Z. mays and 180 in A. thaliana (T. A. Lee et al., 2023; Marand
et al., 2021). This contrasts significantly with animals, as in mouse brains alone there

exists 45 types of inhibitory neurons (Hodge et al., 2019). The definition of fewer plant
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cell types could be explained by more technological limitations and less intensive study
than that found in animal models. Alternatively, the paucity of plant cell types may
reflect real biological differences between plants and animals. Unlike mammals, plant
cell divisions result in the incomplete separation of nuclei; cytokinesis ends with the
deposition of a new cell wall (cell plate) that contains plasmodesmata pores that retain
cytoplasmic, and endoplasmic reticulum, connections between the daughter cells (Burch-
Smith & Zambryski, 2012). The interconnectedness of plant cells through plasmodesmata
has large implications in plant biology and may fuel the differences between plant and
animal cell types, as plant cells exist as a connected community not individuals. This
interconnectedness has led some to propose a more holistic ‘organism-level’ view.
Instead of focusing on cells or cell types as the biologically meaningful units of study, the
organismal theory proposes to focus on the entire organism, as plant cells rarely work in
isolation (Kaplan & Hagemann, 1991). However, this organism-level perspective
conflicts with the severe phenotypic alterations caused by mutants that eliminate specific
cell types as detailed above. In either case, single-cell (epi)genomics will reveal more
about why plant cell types are less numerous than their mammalian counterparts. These
techniques provide unprecedented cellular resolution, and if the lack of plant cell types is
driven by past technical limitations, single-cell genomics will usher in an era of discovery
wherein many new discrete plant cell types will be unveiled. Alternatively, if these new
techniques confirm a relatively small number of more homogenous plant cell types, it
may provide credence to the notion that plant cells should be studied as a physiological

unit, highlighting the importance of intercellular cooperation in plant biology. Single-cell
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regulatory genomics stands to enliven plant research and provides the toolset to address

these basic questions about the cell-type composition of plants.
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Abstract:

Accurate genome annotations are essential to modern biology; however, they remain challenging
to produce. Variation in gene structure and expression across species, as well as within an
organism, make correctly annotating genes arduous; an issue exacerbated by pitfalls in current in-
silico methods. These issues necessitate complementary approaches to add additional confidence
and rectify potential misannotations. Integration of epigenomic data into genome annotation is
one such approach. In this study, we utilized sets of histone modification data, which are
precisely distributed at either gene bodies or promoters to evaluate the annotation of the Zea mays
genome. We leveraged these data genome wide, allowing for identification of annotations
discordant with empirical data. In total, 13,159 annotation discrepancies were found in Zea mays
upon integrating data across three different tissues, which were corroborated using RNA-based
approaches. Upon correction, genes were extended by an average of 2,128 base pairs, and we
identified 2,529 novel genes. Application of this method to five additional plant genomes
identified a series of misannotations, as well as identified novel genes, including 13,836 in
Asparagus officinalis, 2,724 in Setaria viridis, 2,446 in Sorghum bicolor, 8,631 in Glycine max,
and 2,585 in Phaseolous vulgaris. This study demonstrates that histone modification data can be

leveraged to rapidly improve current genome annotations across diverse plant lineages.

Index Words: epigenomics, genome annotation, histone modification, plant genomes
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Introduction:

Accurate genome annotations and assemblies are an essential resource for modern biology. Their
capacity to facilitate genetic inquiry, as well as operate as the backbone for genome biology
makes their production vital. However, while the creation of gapless, and near-perfect genome
assemblies is becoming commonplace (Liu et al., 2020; Miga et al., 2020), genome annotation
remains challenging (Salzberg, 2019). Generation of a genome annotation requires multiple lines
of evidence in the form of mRNA expression data, homology-based inference, and in-silico
prediction algorithms, which are synthesized into a single concordant annotation (Yandell &
Ence, 2012). The challenges of such complex data synthesis, potentially compounded by the
generation of in-silico artifacts at each aforementioned stage of analysis, makes accurate genome
annotation precarious at best (Salzberg, 2019).

The epigenome provides an invaluable untapped resource which adds additional support
to increase confidence in genome annotation. Generally, eukaryotic genomes are divided into two
distinct domains, 1) euchromatin, which is gene-rich and has abundant transcriptional activity,
and 2) heterochromatin, which is gene-poor, densely populated with repeats and transposable
elements and mostly devoid of transcriptional activity (Hannah, 1951; McClintock, 1950). These
two major domains of the epigenome are defined by their occurrence with specific covalent
modifications to DNA and to the alpha globulin tail of histones, which together comprise
chromatin (Luger, 1997). Histone modifications are diverse and they correlate with a wide range
of biological phenomena. Some have proposed that chromatin comprises a “language” or code all
its own in the genome, with different combinations and permutations of histone modifications
correlating to distinct biological outputs (Rando, 2012; Strahl & Allis, 2000). Evolutionarily,
histone modifications and their functions are deeply conserved, with eukaryotes using similar sets
of histone modifications around transcriptionally active and inactive regions of the genome
(Bernstein et al., 2005; Morris et al., 2007; Schiibeler et al., 2004), suggesting their essentiality to

eukaryotic genomes.
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In plants specifically, recent large-scale studies have corroborated histone modification
function, and co-localization to specific regions of the genome (X. Li et al., 2008; Z. Lu et al.,
2019; Mahrez et al., 2016; Ricci et al., 2019; Shi & Dawe, 2006). For example, transcribed genes
generally possess Histone H3 Lysine 4 trimethylation (H3K4me3) and Histone H3 Lysine
9/27/56 (H3K9/27/56ac) acetylation near their transcriptional start sites and H3K4mel and
H3K36me3 throughout their gene bodies (Q. Li et al., 2015; Z. Lu et al., 2019; Oka et al., 2017,
Ricci et al., 2019; Roudier et al., 2011; X. Zhang et al., 2009), whereas actively silenced genes
often possess Histone H3 Lysine 27 trimethylation (H3K27me3) throughout their gene bodies and
promoter-proximal regions (Bernatavichute et al., 2008; X. Li et al., 2008; X. Zhang et al., 2006,
2007; Zilberman et al., 2007). The epigenomic landscape of heterochromatin is quite distinct, as
repeats and transposable elements are highly enriched for DNA methylation, H3K9me?2 and small
RNAs (Bernatavichute et al., 2008; C. Lu et al., 2005; X. Zhang et al., 2007; Zilberman et al.,
2007). The unique patterns and distributions of histone modifications throughout the genome,
especially within transcribed genes, provides a unique opportunity to improve efforts in genome
annotations.

Histone modifications associated with transcription reflect various features of
transcriptional units. For example, in Arabidopsis thaliana, H3K4 can be either mono- di- or tri-
methylated by ARABIDOPSIS HOMOLOG OF TRITHORAX1 (ATX1) and ARABIDOPSIS
HOMOLOG OF TRITHORAX?2 (ATX2), (Alvarez-Venegas et al., 2003; Nislow et al., 1997,
Saleh et al., 2008). These histone modifications primarily occur at genic regions of the genome,
with H3K4me2 and H3K4me3 being distributed specifically around transcriptional start sites (X.
Zhang et al., 2009). H3K4me3 as well as ATX1 are also found tightly linked to Pol II occupancy,
as ATX1 and specific subunits of Pol II are consistently found to co-localize at promoters
(Fromm & Avramova, 2014) . Binding of ATX1 and Pol II form a transcriptional initiation

complex, allowing for rapid transcriptional responses (Song et al., 2015). Paired with this,
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increased proportions of H3K4me3 at promoters correlate with enhanced transcriptional rates (X.
Zhang et al., 2009).

A histone modification which is intimately linked to transcription elongation is Histone
H3 Lysine 36 methylation. During transcription the phosphorylated carboxy terminal domain of
RNA Pol I recruits the histone methyltransferase Su(var)3-9, Enhancer-of-zeste and Trithorax 2,
or SET2 (homolog SET DOMAIN GROUP 8, or SDGS in 4. thaliana), to methylate H3K36
(Wagner & Carpenter, 2012). Much like H3K4, H3K36 can be mono- di - or tri- methylated, but
only di- and tri- methylation correlate with transcription in plants (Xu et al., 2008). SET2 limits
the occupancy of Pol Il in yeast, indicating its essential role during transcription elongation
(Kizer et al., 2005). In A. thaliana, mutation of SDG8 has been implicated in a range of
phenotypic phenomena from development, to timing of flowering (Bu et al., 2014; Cartagena et
al., 2008; Cazzonelli et al., 2009; Jin et al., 2015). In plants, H3K36me3 co-occurs with the length
of the transcribed units, demonstrating its deeply conserved function (X. Li et al., 2008; Z. Lu et
al., 2019). Uniquely in plant genomes, H3K36me3 is correlated with the histone modification
H3K4mel across the length of the transcribed unit (Ricci et al., 2019; van Dijk et al., 2010; X.
Zhang et al., 2009). This is in stark contrast to metazoan genomes where H3K4mel primarily
denotes intergenic enhancers (Bannister & Kouzarides, 2011; Rada-Iglesias et al., 2011).

Unlike the histone residues which are methylated, histone residues which are acetylated
have a direct functional impact on transcription. Whereas methylated histones often act indirectly
by recruiting protein complexes that impact the chromatin landscape, acetylated histones
physically alter how DNA wraps around the nucleosome (Allfrey et al., 1964; He et al., 2003).
The negatively charged acetyl groups added on the histone protein repel negatively charged DNA
promoting a more permissive environment for transcription (Allfrey et al., 1964; Earley et al.,
2007). In plant genomes, acetylated histones co-occur with other transcription initiation histone
modifications, such as H3K4me3 around the promoter sequence of actively transcribed genes (Z.

Lu et al,, 2019; Roudier et al., 2011). Interestingly, in plants, histone acetylation can also indicate
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accessible chromatin in proximal and distal cis-regulatory elements (Z. Lu et al., 2019; Oka et al.,

2017; Ricci et al., 2019; Zhao et al., 2018).
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Figure 2.1: The distribution of histone modifications across expressed genes : A) An example of an
annotated gene body, with corresponding histone modifications indicative of transcription. Histone
modifications associated with transcription initiation (H3K56ac and H3K4me3) are known to correspond
to the promoters, whereas histone modifications associated with transcription elongation (H3K36me3
and H3K4mel) occur across the length of the gene body. B) Metaplots of the top and bottom 20% of
expressed genes in the genome of Z. mays ordered by expression.

Previous studies demonstrated that histone modification data can be leveraged on a
genome-wide scale for a multitude of uses. For instance Sartor et al utilized epigenomic data
identify the expressed regions of the maize genome, in what is sometimes called the

“expressome” (Sartor et al., 2019). This utilization further allowed them to identify regions of the
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maize genome, which are likely functional, and not constitutively repressed. However, although
this utilization of epigenomic data provides valuable insights into expressed regions of the
genome, it doesn’t seek amend potential annotations issues present in current annotations (Sartor
et al., 2019). Histone modification data has been used to annotate regions of the genome
potentially harboring unannotated genes, or long non-coding RNAs (IncRNAs) (Guttman et al.,
2009; Jarroux et al., 2017). A recent analysis of the Z. mays epigenome identified signals of
actively transcribed transcriptional units outside of currently annotated gene features (Ricci et al.,
2019). However, to date, few studies have leveraged epigenomics to improve the quality of
genome annotations (Dozmorov, 2017; Ernst & Kellis, 2017). In this study, we show that
integration of RNA-sequencing (RNA-seq) data with histone modification data significantly

improves plant genome annotations.

Results:

To determine if histone modification data could be leveraged to improve genome
annotations, we used previously published ChIP-seq data of histone modifications from leaf, root,
and inflorescence tissue of Zea mays (Ricci et al., 2019), which is known to be challenging to
annotate (Wang et al., 2016). These data were used to define the chromatin landscape around
expressed genes. As previously reported, these data showed the expected enrichment of histone
modifications around expressed genes, with H3K36me3 and H3K4mel occurring across the gene
body of actively transcribed genes as indicated by RNA-seq data, and histone modifications
H3K4me3 and H3K56ac at promoters (Chunyan et al., 2010; He et al., 2003; Kizer et al., 2005)
(Fig. 2.1, Fig. 2.2A). Hereafter, we refer to these histone modifications collectively as either
“transcription initiation” (H3K56ac and H3K4me3) or “transcription elongation” (H3K4mel and
H3K36me3). These histone modifications together are representative of the chromatin
environment around transcribed genes, considering many other modifications correlate with those

chosen (Berr et al., 2011; B. Li et al., 2007). We evaluated the co-occurrence of regions enriched
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for either histone modification comprising transcription initiation, and found that 64% of these
regions co-occurred, as compared to 74% of gene body (H3K36me3 and H3K4mel) histone
modifications (Fig. 2.2B). The percentage co-occurrence between similar histone modifications is
consistent across additional sampled tissues: root and inflorescence (Supplementary Figure. 2.1-
2).

A greater number of transcription initiation enriched regions than transcription elongation
enriched regions were found in all tissues sampled (7,719 excess enriched domains in leaf, 9,327
in inflorescence, and 12,164 in root). This larger number of transcription initiation enriched
domains as compared to transcription elongation modifications can be explained by multiple
reasons. In total, 19,724 transcription initiation regions in leaf, 23,387 in root, and 20,941 in
inflorescence overlapped genes. This discrepancy compared with the transcription elongation
modifications can be in part explained by the fact that 917 genes in leaf, 1,580 in root, and 1,331
in inflorescence overlapped greater than one transcription initiation enriched regions, totaling an
additional 1,981 transcription initiation domains in leaf, 3,235 in root, and 2,736 in inflorescence.
Additionally, of genes that overlapped transcription initiation modifications, 2,584 in leaf, 3,441
in root, and 2,107 in inflorescence overlapped H3K27me3, a known repressive histone
modification. A total of 4,822 in leaf, 6,018 in root, and 5,939 transcription initiation regions did

not overlap with any annotated gene. Interestingly, of the subset of these transcription initiation
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modifications; 550 in leaf, 805, in inflorescence, and 752 in root overlap H3K27me3 domains,

possibly indicating silenced unannotated genes in the genome. Additionally, 1,669 transcription
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Figure 2.2: The histone modification landscape of expressed and unexpressed genes in Z. mays.
A) Representative screenshot of expressed genes in the genome, and corresponding histone
modifications. The histone modifications H3K36me3 and H3K4mel are found across gene bodies,
whereas H4K4me3 and H3K56ac are found in promoters of genes. B) Venn diagrams of enriched
domains for co-occurring histone modifications that reflect either transcription initiation or
transcription elongation in the maize leaf. C) Upset plot with number of genes with greater than 1
TPM, and their intersection with histone modifications associated with either transcription
elongation and transcription initiation. D) Metaplot profiles of expressed and unexpressed genes.

initiation enriched loci in leaf, 2,795 in inflorescence and 1,782 in root, overlapped a region also

enriched for at least one transcriptional elongation histone modification, possibly representing a
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set of unannotated genes. Finally, a subclass of 2,340 inflorescence, 2,412 leaf, and 3,486 root
transcription initiation enriched regions show no overlap with transcription elongation
modifications (Supplementary Figure. 2.3). These regions are generally small with a mean size
of 678 bp,and are on average 42,088 bp away from the nearest gene (Supplementary Figure.
2.3). We were additionally interested in seeing if these regions were conserved in Sorghum
bicolor, a relative of Zea mays which shared a recent common ancestor 13 million years ago
(Wang et al., 2018). By searching the Sorghum genome for initiation only regions we’re able to
ascertain whether these regions are unique to the maize genome, and additionally ask whether
conserved regions represent potential missing genes missed in the annotation of Zea mays. To
contrast the conservation of these unknown initiation only regions, we took an equal sample of
initiation modification regions which overlapped genes in the same tissue type (2,412 in Leaf,
3,486 in Root, and 2,340 in Inflorescence). The underlying nucleotide sequences from these
initiation domains were gathered, and orthologous regions in the sorghum genome were identified
using Blastn (Camacho et al., 2009). In total, of the initiation only modification regions we were
able to identify 236 leaf initiation only regions (9%), 411 root (11%) and 257 inflorescence
regions (10%) in the Sorghum genome. This is in contrast to the control initiation regions of
which we were able to identify 2,350 (90%) leaf regions, 3,191 (91%) root, and 2,118 (90%)
inflorescence regions. These results indicates that a large majority of these initiation only
enriched domains are unique to the genome of Zea mays. Finally, of the sequences which we
could identify in Sorghum, we were curious to see if they overlapped genes, indicating maize
specific annotations errors which have been corrected in the Sorghum genome. Of the initiation
modification only regions, 178 leaf domains were found to overlap genes (75%), 287 root (69%) ,
and 201 inflorescence regions (78%), as compared to 2318 (98%) leaf control regions, 3125
(97%) root control regions, and 2077 (98%) inflorescence control regions. Demonstrating that of
those initiation only regions which could be identified in Sorghum, a large majority belong to

annotated genes, indicating further missing genes in the maize genome.
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The concordance of histone modification data around expressed protein-coding genes
was used to evaluate their potential to identify actively transcribed regions of the genome. Genes
that had a transcript per million (TPM) value greater than 1 were labeled as “active” whereas
those which had a TPM value less than 1 TPM were labeled as “inactive”. To ensure that the
analysis did not suffer from in-silico biases created by mappability issues in the maize genome,
only genes that were greater than 70% mappable were used for analysis (see methods). Overall,
67% of active genes had both histone modifications indicative of transcription initiation and
elongation (Fig. 2.2C). Genes that had both histone classes were likely to be more highly
expressed as compared to the other three groups (harboring only one class of histone
modification, as compared to two, or no domain enrichment), a trend observed across all three
tissue types examined (Kolmogorov-Smirnov tests: P < 2.2e-16) (Fig. 2.2C; Supplementary
Figure. 2.1-2).

To further demonstrate the relationship between histone modifications and transcribed
regions of the genome, we evaluated the distribution of the histone modifications throughout gene
bodies of active and inactive genes by generating metaplots (Fig. 2.2D). Transcribed genes
generally show enrichment for histone modifications of both transcription initiation, as well as
transcription elongation. Active genes also display the expected meta profiles of the sampled
histone modifications, with H3K36me3 showing increased enrichment at the 5’ region of gene
bodies, and H3K4mel showing increased enrichment at the 3’ end. In contrast, inactive genes
show no enrichment for transcriptionally related histone modifications, but do show enrichment
for histone modifications (H3K27me3) and variants (H2A.Z) associated with facultative
heterochromatin (Luo & Lam, 2010). These modifications are well documented to be present in
genes silenced by polycomb repressive groups of proteins, generally demarcating developmental
or environmental specific genes (Coleman-Derr & Zilberman, 2012). The slight enrichment in
H3K4me3 around these silenced genes likely represents a set of genes bivalently modified, likely

poised for rapid upregulation (Zeng et al., 2019). These results are similar for both inflorescence
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and root tissues as well, and are consistent with expectations based on previous findings about the
distribution of histone modifications around active and inactive genes (Supplementary Figure
2.1 and 2.2).

In the analysis of the histone modifications around expressed genes, we identified two
distinct subclasses of genes which violated the expected distributions of histone modifications.
One such subset of genes only co-occurred with transcription elongation histone modifications,
whereas the other exclusively co-occurred with transcriptional initiation histone modifications
(Fig. 2.2C). After manually inspecting a set of genes from each of these classes, we realized that
a substantial proportion could be explained by misannotations, with the histone modification data
clearly denoting the true extent of the gene model. For instance, in the transcriptional elongation
only class, oftentimes the correct transcription initiation start site was clearly evident directly
upstream. This led us to speculate that histone modification data can be leveraged to improve

gene annotations and to identify novel genes not previously annotated in the genome.
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sampled (leaf, root, inflorescence).
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Identification of Previously Ambiguous Annotation Classes

After manually inspecting regions of the genome where the histone modification data was
discordant with the annotation, we identified three distinct classes of putative misannotations.
One class labelled the “Gene merger” class featured histone modification data supporting a single
transcriptional unit, but instead, multiple gene annotations existed at these loci in the reference
(Fig. 2.3A). Further, alignment of RNA-seq data clearly shows reads bridging the gap between
many of these putative misannotations, further supporting that these are a single transcribed unit.
A second class of annotation issues found was regions of the genome that had evidence of
transcription, and yet had no annotation present in the reference annotation. This class, labelled
the “Novel class”, likely identifies novel protein coding genes or IncRNAs (Fig. 2.3B). Finally,
we identified an annotation class based off of missing downstream or upstream regions of the
transcribed unit that we labeled the “Extension class” (Fig. 2.3C). This annotation class is defined
by signals of transcription initiation appearing upstream of the annotation, or transcription
elongation histone modifications extending past their current length of the full transcript.

We further subdivided the “Extension class” based off the distance added to the original
annotation, with minor extensions being annotations which were only extended by less than 500
bp or the length of a single exon, major extensions comprising regions falling between 500 and
2,000 bp, and hyper large extension being those greater than 2,000 bp.

Using these defined classes, we implemented a method to identify these regions genome
wide (see Methods section), across three different maize tissues (inflorescence, leaf, and root). In
total, we identified 4,004 potential novel annotations, with 66% (2,645 loci) being identified in
only a single tissue. We found 363 potential gene merger events, with 166 (45%) of these mergers
being found in all tissues sampled. Of the potential mergers, 357 (98.3%) of the predicted
mergers consisted of gene pairs, with the remaining six (2.65%) representing loci where three or
more genes were hypothesized to be a single transcriptional unit, in total encompassing 732 gene

features. Further, 108 (29.8%) of the potential merger events have identical Gene Ontology (GO)

43



terms, possibly indicating a single locus which was divided into two during the annotation
process. To rule out potential assembly errors being the main cause of this merger class, we
intersected our merger class with a list of B73 contigs, and found all but one (99.72%) were
found on a single contig, ruling out large scale genomic assembly errors as a potential cause of
these merged genes. Additionally, to ensure that this approach wasn’t merging tandem gene
duplicates, we used BLASTP to compare the protein coding sequences of merged pairs, and
looked for sequence identity (States & Gish, 1994). We found that only four (2.4%) of these
merged pairs had any significant sequence identity between them and of these four pairs, only
two had identical GO terms. Finally, of the three extension classes, 4,252 minor extensions, 4,064
major extensions and 543 hyper large extensions were found. For both major, and minor
extensions, root comprises the highest proportion of uniquely identified extensions, comprising
17% of the major extension class and 31% of the minor extension class. Transcripts found in each
annotation class were additional scanned for functional domains, we found that within the hyper
large gene class 433 (80%) had a functional domain, as compared to 441 (60%) genes in the
merger class, 2,627 (61%) in the minor extension class, and 2,944 (72%) in the major extension
class. In total, using histone modification data we were able to identify 13,159 loci requiring
further investigation. Either encompassing misannotations or potential novel loci which have
gone unannotated until now. With these regions identified, we were then interested to see if we

could validate these hypothesized annotations.

Validation of Hypothesized Annotations

After identifying putative misannotations, we sought to validate these hypothesized
annotations by reassembling transcripts at the specified locus using more inclusive computational
parameters. In parallel to assembling transcripts from RNA-seq data, we also utilized full-length
transcript isoform sequencing using PacBio Iso-seq reads from multiple studies (see methods) to

evaluate hypothesized annotations. Overall, 67% (335) of the hyper large class of genes were
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validated by both long-read sequencing, as well as re-assembled transcripts from short reads, and
22.5% (115) were supported by one of these data types (Fig. 2.4A). For the major extension class,
45.7% (1,856) of regions were supported by both RNA-seq and Iso-seq reads, with 28.5% (1,157)
being validated by a single data type, and 25.9% (1,051) of major extension annotations being
unsupported. In the gene merger class, 47.9% (174) of the hypothesized mergers were validated
with RNA-seq and Iso-seq, 13.77% (50) supported by a single data type, and 38.9% (139) had no
additional support. In total, 68% (2,698) of the minor extension class were validated by at least
one alternative data source. For the novel class of annotations, we re-assembled regions using
RNA-seq from the corresponding tissue in which the novel region was identified. In total, 72%
(3,253) of the novel loci were supported by an assembled transcript. Overall 6,385 out of 9,213 of
the potential misannotations were found to be corroborated from orthogonal datasets,
demonstrating the capacity of histone modification data to allow for identification of potentially

misannotated regions, and hypothesis-driven annotation correction.
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We next evaluated how the distribution of gene length shifted after reannotation for each
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Figure 2.4: Validation of hypothesized annotations. A) The proportion of annotation classes
validated by either long read sequencing data, reassembled RNA-seq data, both, or neither B)
Distribution of each annotation class before and after updated annotations were generated. Only
annotations that were validated by at least one supplementary data source were used for further
analysis. C) Metaplots of histone modifications surrounding the merger class of updated annotation
regions. The blue lines in the profile represent the annotations before reassembly, and the gray lines
represent the annotations after.

class. Only loci which had at least one type of supplementary support (Iso-seq reads or RNA-seq)
were used for this analysis (Fig. 2.4B). Overall, the distribution of the merged class was the most
radically changed, as the median gene size shifted from 3,089 bp in length to 29,704 bp
(Supplementary Figure 4). In contrast, the median gene size for the novel class is 1,962 bp,
smaller than the median known gene size for maize which is 2,568 bp (Portwood et al., 2019).
The major extension gene class shifted from a median size of 2,363 bp to 3,818 bp , the minor
extension class shifted from 3,165 bp to 3,631 bp, and the hyper large gene class shifted from

6,838 bp to 10,909 bp. To determine if the re-annotated regions more accurately recapitulated the
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expected distribution of histone modifications around a transcribed gene, we regenerated
metaplots. The updated annotation sets more accurately reflect the known landscape of histone
modifications around transcribed units (Fig. 2.4C). This trend appears similarly in all found
annotation classes (Supplementary Figure 2.5-6). This implementation of histone modification
data allowed us to recapture previously unannotated regions in the genome of Z. mays while also
improving existing annotations. All updated annotation coordinates are found in Supplementary
Table 2.2. Additionally, we compared the class of merged annotations against a known list of 78
split annotations pairs available on Gramene (Tello-Ruiz et al., 2020). In total, 31 (40%) of the
Gramene split annotations were concordant with the annotation mergers identified by our
methods. The remaining 47 split gene pairs were either in regions where there was missing data
(20/78), mappability issues (20/78), or were missed due to complex loci with multiple gene
features in diverging directions (7/78). Comparisons between the merged dataset and the
Gramene split gene dataset is in Supplementary Table 2.2. Although the Gramene split list is a
set of well documented split errors in the maize genome, more recent studies using comparative
annotation-based approaches have also been implemented, posing an excellent opportunity to
compare and contrast the use of histone modifications.

We were interested in comparing the merged annotation group against a recent study that
aimed to improve annotation of the maize genome by comparing annotations of numerous Zea
mays cultivars (B73, PH207, and W22) against one another (Monnahan et al., 2020). By utilizing
a blastp based approach for identification of potential gene merger pairs, followed by an analysis
focused on variation in expression patterns across tissues, they identified split gene pairs that
should be merged across the genome (Monnahan et al., 2020). In total, 109 (48%) of the merged
annotation class identified in this study intersected gene merger pairs identified in the Monnahan
et al study. Out of these 109 cross captured merger pairs, 34 were represented in the high
confidence gene merger class identified in Monnahan et al. Additionally, 60 out of the 109 (55%)

of the mergers found at the intersection of our studies fall into instances where they were
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identified in Monnahan et al, but unable to be confidently classify based off of differential RNA-
seq analysis. The histone modification data in our study provides clear evidence independent of
RNA-seq that these 60 loci should be merged (Supplementary Figure 2.7). Finally, there was a
small class of 15 loci (14%) that were discordant between the two methods. With the histone
modification data supporting gene merger, whereas the analysis by Monnahen et al. identifies that
these loci should remain as split pairs. All intersecting annotations found between our studies are
in Supplementary Table 2.2. Overall, the concordance between these gene merger sets
demonstrates the inherent challenge associated with genome annotation while also demonstrating
the advantage ChIP-seq provides as an orthogonal assay to RNA-seq based methods for gene
annotation.

Knowing that Monnahan et al identified 96 high-confident gene merger pairs, we were
interested in further investigating the remaining 62 pairs to ascertain why these potential
misannotations were not identified by our method. Of the remaining 62 high confidence
candidates identified by Monnahan et al., the histone modification data indicates that 30 of them
should not be merged (Supplementary Figure 2.8). The data provided by ChIP-seq provides
strong evidence of distinct genes possessing their own transcription start sites and evidence of
unique transcriptional elongation activities at each gene (Supplementary Figure 2.8). Upon
individual inspection of the remaining uncaptured 32 high confidence merger pairs identified by
Monnahan et al. these candidates existed in either low mappability regions of the genome (10/32)
or did not intersect a combination of histone modification enriched domains within the tissues
that we sampled (22/32). The lack of being able to capture these loci is a limitation of our
method; demonstrating the essentiality of utilizing many methods to improve genome

annotations.
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Reannotation of Multiple Plant Genomes

After successfully applying this method in Z. mays, we were interested in extending this
method to other plant genomes with available high-quality histone modification data. In total, we
included an additional five species, Asparagus officinalis, Setaria viridis, Sorghum bicolor,
Glycine max, and Phaseolous vulgaris (Z. Lu et al., 2019). In total, we identified 4,640 novel
annotations present in the Asparagus officinalis, 3,404 minor extensions, 386 potential gene
mergers, 3,090 major extensions, and 2,316 hyper large extensions (Fig. 2.5A). The abundance of
potential novel transcripts identified in A. officinalis was unexpectedly high, given that only a
single tissue type, leaf, was used for this analysis. This stands in contrast to Z. mays, where across

the three tissue types sampled, we found 4,004 potential novel regions. In G. max we found a
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further 121 hyper large extensions, 2,165 major extensions, 3,388 minor extensions, 428 merged
genes, 2,529 novel annotations. The annotations and relative counts of each annotation class
found in each species are found in Supplementary Table 2.2. This analysis clearly demonstrates
that histone modification data can be utilized on diverse plant genomes to quickly assay the
quality of genomic annotations in a given tissue type.

Upon generating a list of hypothesized annotations, we noticed a slight trend in regards to
genome size, and putative annotation errors. We noticed that the smaller genomes that we
sampled, namely P. vulgaris, S. bicolor, and S. viridis appeared to have smaller number of
potential genome annotation errors as compared to larger genomes. By correlating genome size
with the counts of annotation error of each type, we found that larger genomes have more errors
in the extension and novel classes of genes (Fig 2.5B). Although this trend appears to be true for
G. max, and A. officinalis, it breaks down for the largest genome sampled here, Z. mays.
However, the fact that Z. mays doesn’t continue this trend may reflect the attention that this plant
garners; with less annotation errors reflecting the abundance of resources, and groups working it.
This large proportion of hyper large and major extension genes also appears to reflect a certain
level of bias when annotating plant genomes, as we capture more issues in regards to large gene
classes in plant genomes which are larger, and likely have a history of transposon expansion

around gene features, causing increased intron size (Fig. 2.5B).

Discussion:

In the post genome assembly era, annotation represents the next great hurdle in accurate
genomic resource creation. Here, we demonstrate that histone modification data offers a valuable
untapped resource to precisely improve plant genome annotations. By easily assessing the
transcribed space of the genome and identifying domains enriched with histone modifications that
correlate with specific transcriptional events, valuable hypotheses about annotation features can

be generated. These hypotheses, such as identifying potential transcript length and location of
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transcription start sites, can be used in a manner complementary to RNA-based methods to
provide a way to quickly fix gene models, and generate more accurate genome annotations.

This study demonstrates the power and advantages of using histone modification data to
generate hypothesis about the transcribed genic space, offering valuable orthogonal assay. By
utilizing histone modifications on a genome-wide scale, we identified consistent trends where
annotations were discordant with the expected distribution of histone modification data and
identified five distinct classes of annotation errors. We validated a set of these annotations using
RNA-based methods. In total, we were able to identify, and validate 7,930 annotation errors. Of
these updated transcripts, 3,253 represent novel transcripts, demonstrating the capacity of histone
modification data to capture previously unannotated genes. Upon correction and reannotation,
these updated annotations more accurately reflected what is known about the histone modification
landscape of transcribed genes and captured previously unannotated gene space.

Additionally, this study shows that the usefulness of epigenomic data is not unique to Z.
mays. To demonstrate this we assayed five additional plant genomes for possible annotation
errors using this method, and found varying abundances of either novel or misannotations. We
correlated the counts of annotation errors with genome size, and found a slight correlation
between the two, although additional studies of a great number of species will be required to
know if this is significant. The abundance of potential annotation errors found across these five
species demonstrates the importance of having orthogonal support for gene annotations and
illustrates the challenges in making accurate a priori assumptions about gene features in plants.

Annotation errors are a natural part of generating genomic resources. The complexity of
genic space, paired with the tissue and cell type specificity of many genes, and the assumptions
required in each in-silico step of annotation converge to create an exceptionally challenging
problem. These myriad challenges make annotation errors an inevitability, and downstream
curation a necessity. Currently, sophisticated community-driven approaches exist to identify and

fix annotation errors, but these large-scale efforts are limited to only well-studied species. This
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bias in community size greatly inhibits the potential value, as the species with assembled genome
increase in diversity.

The methodology presented here offers a protocol to appraise current annotations, and
potentially fill in this downstream gap. However, while valuable, it is important to note that this
method is not a panacea. ChIP-seq remains a challenging experiment and is not used as frequently
as compared to RNA-seq. The lack of publicly available data, as well as the limited number of the
tissue types sampled diminishes utility of this method. However, the increased accuracy added to
genome annotations due to this method certainly introduce the potential of ChIP-seq becoming a
standard protocol when considering genome annotation methods. Having a sequenced genome is
only the first step to creating a valuable biological resource, and the challenges facing the
production of accurate genome annotations remain. Epigenomic data offers one powerful
orthogonal resource which, when utilized correctly, can strengthen current efforts and mitigate

some, but not all, issues of genomic annotation moving forward.

Methods:

Genome Versions and Annotation: The maize genome V4 and annotation set version 4.38 of
the annotation were acquired from gramene and used for all analysis (Jiao et al., 2017). The
asparagus genome was taken from the asparagus genome project
(http://asparagus.uga.edu/tripal/). The genomes for other genomes were retrieved from

phytozome version 13 with the most recent annotations used.

ChIP-seq Data Processing Peaks: Raw reads from five different ChIP-seq libraries consisting of
two replicates each were used to identify regions of enrichment for the histone modifications
H3K36me3, H3K4mel, H3K56ac, and H3K4me3, as well input genomic. Reads were trimmed
using trimmomatic, and aligned to the genome using bowtie2, *--very-sensitive' (Bolger et al.,

2014; Langmead & Salzberg, 2012). Only uniquely mapping reads were used for downstream
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analysis. Peak calling was done for histone modifications known to have broad peaks
(H3K36me3, and H3K4mel) using the software epic2 with the parameters “--false-discovery-
rate-cutoff .1 --keep-duplicates”, as well as MACS?2 to identify smaller regions of enrichment
using the parameters “callpeak --keep-dup all -g 2.6e9 -q .1". Narrow peaks (H3K56ac and
H3K4me3) were called using MACS2 with the parameters “ --keep-dup all --extsize 147 -g 2.6e9
-p .05’ (Stovner & Satrom, 2019; Y. Zhang et al., 2008). Peaks which were within 480 bps of
each other were merged. Intersection between replicates of the same histone modification were
taken. The minimum and maximum distanced regions were taken between intersecting regions,

and the results merged to give a single peak which overlapped the extent of both peaks.

RNA-seq Data Processing: Raw reads were trimmed using trimmomatic with default parameters
(Bolger et al., 2014). Reads were aligned to the Z. Mays reference genome version 4 using the
STAR aligner, and the values "--outSAMstrandField intronMotif --outSAMmapqUnique 255 --
alignIntronMax 50000" (Dobin et al., 2013). TPM values were calculated using TPMCalculator

from NCBI .

Generation of Heatmaps and Metaplots: ChIP-seq data was handled similarly to ChIP-seq peak
calling, with only uniquely mapping reads used. Libraries were normalized by read number using
the ‘bamCoverage’ command found in deepTools version 3.3.1, and normalized using Counts Per
Million mapped reads (CPM) (Ramirez et al., 2014). Matrices were generated with the compute
matrix function ‘scale-regions’ with parameters ‘-bs 20 -b 1000 -a 1000 --regionBodyLength
5000°. Matrices were loaded into a custom R script and the R library EnrichedHeatMap was used
to plot heatmaps (Gu et al., 2018). Genomic input reads were subtracted from ChIP-seq signal to
account for genome bias, and the 95 percent quantile of each data set was selected as the upper

value.

53



Mappability Control: In order to ensure that we were controlling for potential mappability
issues in our analysis we utilized Genmap version 2.3.0 (Pockrandt et al., 2020). We generated
mappability scores at single base pair resolution for unique kmer size 75 (size of our ChIP-seq

reads) for the entire maize genome using the flags ‘-K 75°.

Annotating The Genome Using ChIP-seq: A custom pipeline was developed to annotate the
genome using peak calls from ChIP-seq. Current annotations were categorized as either being
expressed, or unexpressed based on alignment of stranded RNA-seq reads (Greater than 5 RNA-
seq reads), as well as overlapping peak calls correlating with gene body extensions (H3K36me3,
H3K4mel). Annotations were considered “good” or “unaltered” if histone modifications
H3K36me3 or H3K4mel overlapped the length of the gene body, and the annotation overlapped
a peak correlating with promoter transcription initiation (H3K56ac or H3K4me3) in the first 50%
of the gene body. Expressed annotations which did not contain a peak correlating with a promoter
were then further explored by searching upstream of the transcription start site. These extensions
were only carried out when the transcription initiation peak, and region in between the gene body,
and the transcription initiation peak had similar coverages of transcription elongation
modification across these regions. This class dubbed the “extension class” was further sub-
categorized based on the length of extension. Minor extensions being defined as an annotation
being increased by less than 500 bp, or the length of a single exon, major extensions defined as
increasing the length of annotation between 500 and 2,000 bp, and hyper large extension with
protein-coding genes needing to be extended upwards of 2,000 bp. Novel annotations were
classified as those regions with a corresponding transcription elongation peak, as well as a
corresponding transcription initiation peak that did not overlap within any known protein-coding,

or non-coding gene. Finally, the merged class of annotations were those in which extension
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caused overlap with another annotation. At these loci the coordinates were shifted to encompass
both annotations.

We avoided utilizing this method to split annotations due to the possibility of potential
“split” annotations representing separate isoforms of the same transcriptional unit. Due to the
hereteogeneous nature of cell types within plant tissues, the aggregate ChIP-seq signal wouldn’t

provide clear evidence of variable isoforms versus two separate transcriptional units.

Tandem duplication analysis: To test for tandem duplicates in the merger class, we generated a
blast protein database containing the original protein coding sequences of all genes found in this
class. Tandem duplicates were defined as those which had a percent identity greater than 50%,
and could align to at least 50% of the query protein sequence length. Dotplots were also
generated for all pairs, and manually inspected for obvious signs of duplication. Additionally, 68
gene pairs out of the 363 were removed from this analysis, as we identified a set of annotations
with multiple genes annotated which were completely overlapping, and annotated to the same
transcriptional start sites. These loci likely represent different isoforms of the same gene which

have been misannotated, and were thus discarded from our tandem duplicate analysis.

Assembly and validation of updated annotations in maize: To validate updated loci, reads
overlapping the hypothesized annotation regions were pulled from 23 strand specific tissue types
of the maize tissue atlas (Walley et al., 2016). StringTie was used to assemble transcripts in each
region with parameters “--rf -f 0.01 -a 2 -m 50 -c¢ 3.0 -f 0.0”. Updated transcripts were then
compared to old annotations, and categorized as correct if the updated transcript was larger than
the original annotations. For further validation, Iso-seq reads were gathered from three different
array express projects E-MTAB-7837, E-EMTAB-7394, E-MTAB-3826, E-MTAB-5957, E-
MTAB-5915, and E-MTAB-5956, aligned using STARIlong “--outFilterMultimapScoreRange 1 --

outFilterMismatchNmax 2000 --winAnchorMultimapNmax 200 --scoreGapNoncan -20 --
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scoreGapGCAG -4 --scoreGapATAC -8 --scoreDelBase -1 --scoreDelOpen -1 --scorelnsOpen -1
--scorelnsBase -1 --seedSearchLmax 30 --seedSearchStartLmax 50 --seedPerReadNmax 100000 -
-seedPerWindowNmax 1000 --alignTranscriptsPerReadNmax 100000 --
alignTranscriptsPerWindowNmax 10000 (Dobin et al., 2013; Wang et al., 2016, 2018, 2020).
Predicted annotation regions were compared to Iso-seq alignments, and regions that had a
corresponding Iso-seq alignment which was greater than the original annotation were considered

as passing.

Reannotation of Other Species using chromatin data: Histone modification data was
downloaded from a list of seven species from previous work; gene expression omnibus number
GSE128434 (Z. Lu et al., 2019). Reads were downloaded from GEO, and treated identically as
outlined in the ChIP-seq section of the methods. Identical read alignment, and peak calling were
performed, adjusting for relative genome size in the epic2 and MACs2 to alter peak calling
stringency (Stovner & Satrom, 2019; Y. Zhang et al., 2008, p. 2). No replicates existed for other

species.

Data Access: All novel data generated for this analysis can be found under the GEO accession
number GSE160944. The code used to run the above analysis can be found on GitHub in the
following repository, https://github.com/Jome0169/MendietaPablo Annotation Paper scripts. Of
special interest is the script Update annotation.py, which implements the re-annotation pipeline

discussed in the method section. Updated annotations and gene models for Z. mays can be viewed

at the Plant Epigenome JBrowse Genome Browser.
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Abstract:

While considerable knowledge exists about the enzymes pivotal for C4 photosynthesis,
much less is known about the cis-regulation important for specifying their expression in distinct
cell types. Here, we use single-cell-indexed ATAC-seq to identify cell-type-specific accessible
chromatin regions (ACRs) associated with C4 enzymes for five different grass species. This study
spans four Cs4 species, covering three distinct photosynthetic subtypes: Zea mays and Sorghum
bicolor NADP-ME), Panicum miliaceum (NAD-ME), Urochloa fusca (PEPCK), along with the
Cs outgroup Oryza sativa. We studied the cis-regulatory landscape of enzymes essential across all
C4 species and those unique to C4 subtypes, measuring cell-type-specific biases for C4 enzymes
using chromatin accessibility data. Integrating these data with phylogenetics revealed diverse co-
option of gene family members between species, showcasing the various paths of C4 evolution.
Besides promoter proximal ACRs, we found that, on average, C4 genes have two to three distal
cell-type-specific ACRs, highlighting the complexity and divergent nature of C4 evolution.
Examining the evolutionary history of these cell-type-specific ACRs revealed a spectrum of
conserved and novel ACRs, even among closely related species, indicating ongoing evolution of
cis-regulation at these C4 loci. This study illuminates the dynamic and complex nature of CRE
evolution in C4 photosynthesis, particularly highlighting the intricate cis-regulatory evolution of
key loci. Our findings offer a valuable resource for future investigations, potentially aiding in the

optimization of Cs crop performance under changing climatic conditions.
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Introduction:

Photosynthesis is one of the most critical chemical reactions on the planet whereby CO-
is metabolized into glucose. Plants have evolved numerous variations of photosynthesis. The
most common type of photosynthesis uses the enzyme ribulose 1,5-biphosphate carboxylase
oxygenase (RuBisCO) in combination with CO; to generate phosphoglyceric acid. This three-
carbon compound is then used in a redox reaction within the Calvin Benson cycle, where glucose
is made. The production of this three-carbon compound is what gives this type of photosynthesis,
Cs, its name. However, although widely evolved and found in many crop plants, Cs
photosynthesis struggles to perform in hot, arid conditions. In non-ideal conditions, O2 can
competitively bind the RuBisCO active site, causing the formation of a toxic intermediate, and
reducing photosynthetic efficiency and plant performance (Bowes et al., 1971). Due to increasing
temperature caused by anthropogenic climate change, this reduction in photosynthetic capacity
for key crop plants poses a major agricultural challenge (Wheeler & von Braun, 2013). However,
other types of photosynthesis have evolved in hotter conditions and offer a model to potentially
alter key Cs crop plants to be more efficient.

The C4 photosynthetic pathway is an example of a modified style of photosynthesis that
is able to perform in hot conditions. In brief, C4 works by sequestering key photosynthetic
enzymes into two different compartments in the leaf made up of different cell types. These two
cell types/compartments are bundle sheath (BS) cells, which in C4 plants generally form a
concentric ring around the vasculature, and mesophyll (MS) cells, which make up large portions
of the non-vascularized leaf internal cells (Hatch, 1987). In the MS, CO, is imported, and
converted to bicarbonate (HCO3-) by the enzyme carbonic anhydrase (CA). Bicarbonate is then
converted to a four-carbon molecule oxaloacetate (OAA) by the O2-insensitive
phosphoenolpyruvate carboxylase (PEPC). This OAA molecule made of a four-carbon compound
(where C,4 derives its name) is finally converted into a stable metabolite, malate. Malate is then

transported to the BS where it undergoes a decarboxylation process, by one of three different
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types of decarboxylases, NAD-dependent malic enzyme (NAD-ME), NADP-dependent malic
enzyme (NADP-ME), or phosphoenolpyruvate carboxykinase (PEPCK). This decarboxylation
reaction releases a CO, molecule that enters into the Calvin Benson cycle. The generation and
processing of intermediate molecules in cellular compartments allows for concentrated levels of
CO; to interact with RuBisCO, reducing the inefficiencies mentioned above. Current C4 crops
such as maize (Zea mays), sorghum (Sorghum bicolor), pearl millet (Cenchrus americanus), and
finger millet (Setaria italica) excel in their ability to operate in adverse conditions.

Although the evolution of C, photosynthesis is a complex process, there is tantalizing
evidence that engineering Cs crops to do C4 photosynthesis might be possible. One piece of
evidence that points to this is that C4 photosynthesis has evolved independently 61 times in
different lineages of plants (Sage, 2016). These results indicate that most plant lincages have the
genetic material capable of evolving into C4 photosynthesizers. The Poaceae lineage of grasses
exemplifies this, as C4 photosynthesis has evolved independently at least 18 times (Sage et al.,
2011). Interestingly, all of these species use the same core C4 enzymes and steps, but many use
different decarboxylation enzymes as mentioned above (Gowik & Westhoff, 2011; Grass
Phylogeny Working Group 11, 2012; Rao & Dixon, 2016). Furthering this hypothesis is the fact
that many C, related genes originally evolved from either C; photosynthetic genes or key
enzymes critical in core metabolism (Kajala et al., 2012; Sheen, 1999). For instance, PEPC is a
key metabolism enzyme in the glycolytic pathways of the Krebs Cycle, with some copies being
important in guard cell metabolism (Chollet et al., 1996; O’Leary, 1982; Outlaw, 1990). Instead
of novel gene content being the main driver of C4 photosynthesis, it’s more likely due to the
correct timing and compartmentalization of key enzymes into specific cell types. This raises the
question, how is gene expression of these key C4 enzymes regulated? Moreover, as C4 has
evolved multiple times convergently, have similar regulatory networks and paradigms been co-

opted to alter when and where these key genes are expressed?
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Cis-regulatory elements (CREs) are key players in gene regulation, as they both fine tune
expression and provide cell-type specificity (Gowik et al., 2004; Kim et al., 2022; Marand et al.,
2021; Meng et al., 2021). In brief, these regions operate as binding sites for transcription factors
(TFs) that modulate molecular phenotypes. Previous work has shown that CREs could be key
players in the transition to C4 photosynthesis. This was demonstrated by taking C4 genes from Z.
mays and transforming them into Oryza sativa, a C; species (Matsuoka et al., 1993, 1994), which
revealed that CREs from Z. mays genes were able to drive cell-type-specific expression in MS in
O. sativa (Matsuoka et al., 1993, 1994). Additional analyses have implicated CREs as drivers in
the evolution of C4 photosynthesis. In the genus of plants Flaveria, which contains both C4 and
C; plants, one key difference in C4 plants was a specific CRE driving gene expression in MS
cells. This 41 bp motif named Mesophyll expression module 1 is critical for cell-type-specific
expression of PEPC in MS cells, a critical first step in the C4 pathway (Gowik et al., 2004, 2017).
Finally, four conserved non-coding sequences were identified to be critical in MS-specific
expression of PEPC in monocots (Gupta et al., 2020). Furthermore, a recent cross-species study
examining the binding sites of GLK, a conserved TF regulating photosynthetic genes, revealed
that CREs can undergo rapid changes and result in diverse gene expression patterns without the
need of altering the TF itself (Tu, Ren, et al., 2022). These findings show that CREs are important
genetic elements that plants use for the evolution of C4 photosynthesis.

Although some CRE:s critical for cell-type-specific expression of key photosynthetic
genes have been identified, they’ve been restricted to those nearby the transcriptional start sites.
This is due, in part, to the challenge of identifying CREs genome wide, as well as limitations in
the isolation of BS and MS cells which is labor intensive and challenging. However, a recent
study used a multi-omic approach in Z. mays BS and MS cells and found CREs genome-wide that
might be critical in the cell-type-specific regulation of genes (Dai et al., 2022). One example is
the identification of a potential distal CRE ~40 kb upstream of SULFATE TRANSPORTER4

(ZmSFP4), a BS-specific sulfate transporter (Dai et al., 2022). These results highlight the
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complexity of cis regulation and the importance of identifying all CREs for a gene, not just those
nearby the transcriptional start site. During the evolution of C4 photosynthesis, it’s unclear
whether these CREs have been pre-established during evolution and co-opted for Cy4
photosynthesis or if they evolved independently numerous times. Understanding the ways in
which cis regulation evolves to control timing and cell-type-specific expression of C4
photosynthesis genes would greatly assist efforts in engineering Cs plants to be more Cy like.
To investigate the role of CREs and their potential contribution in controlling key C4
genes, we used single-cell indexed Assay for Transposase Accessible Chromatin sequencing
(sciATAC-seq) to identify cell-type-specific CREs from five grass species representing diverse
C4 subtypes, as well as an additional Cs outgroup. We investigated the cell-type specificity of
both the core C4 enzymes, and those which are unique to each photosynthetic subtype. Further,
we identify CREs of C4 genes, and find previously unknown cell-type-specific CREs that might
be critical in C4 gene expression. We find that some of these regulatory regions appear not just
conserved in a single C4 subtype, but in all of the Cs4 species we studied. Finally, we leverage
these data to find transcription factor binding motifs enriched in MS and BS cell types and use

these motifs to catalog these regulatory loci.

Results:

Identification and Annotation of Cell Types in Diverse Species:

To investigate CREs in BS and MS cells potentially important in C4 photosynthesis, we
generated replicated sciATAC-seq libraries for four different C4 species, comprising three
different C,4 subtypes NADP-ME (Z. mays, S. bicolor), NAD-ME (Panicum miliaceum), and
PEPCK (Urochloa fusca), and a C; outlier species (O. sativa) (Figure 3.1A). Libraries were
filtered for high-quality cells by first pseudo-bulking the sciATAC-seq libraries, and identifying
accessible chromatin regions (ACRs). Using these ACRs, per nuclei quality metrics were then

calculated such as fraction of reads in peaks, transcriptional start site enrichment, and total
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integration events per nucleus (Methods). Nuclei found to have a high proportion of organellar
reads were also removed, with values being adjusted on a per library basis (Methods). Clustering
of cells was done on genomic bins, and with additional cells removed that had a high correlation
with in-silico generated doublets, and clusters were removed that were skewed towards one
replicate by greater than 75% (Methods). After filtering on per nucleus quality metrics, we
identified 16,060 nuclei in Z. mays, 15,301 nuclei in S. bicolor, 7,081 nuclei in P. miliaceum,
19,110 nuclei in U. fusca, and 5,952 nuclei in O. sativa (Supplemental Figure 3.1).

Due to variation in genome size and content, cell-type annotation for each dataset was
done independently using the reference genome for each species (Figure 3.1B). We used multiple
approaches to annotate cell types. Orthologs of key marker genes from Z. mays and O. sativa
were identified using a phylogenetics based approach (Methods). This allowed for the
identification of marker genes for specific cell types in a cross species context. To gauge gene
activity of these marker genes, gene body chromatin accessibility was used as a proxy for
expression (Figure 3.1D) (Cusanovich et al., 2018; Marand et al., 2021). Cell-type annotation
was done manually taking into consideration marker gene chromatin accessibility, marker
enrichment in clusters, as well as ontological relationships between cell types (Supplemental
Figure 3.2-19). Due to the lack of marker genes for many cell types in plants, as well as the
challenge of annotating a broad sample of species, we reduced resolution of our annotation across
our datasets to ensure accurate comparisons between variable species (Figure 3.1B).

Deeper exploration of the list of marker genes from Z. mays showed conservation of gene
body chromatin accessibility in markers for certain cell types (Supplemental Table 1-2) . As
expected, for the C4 plants, RIBULOSE BISPHOSPHATE CARBOXYLASE SMALL SUBUNITI
(SSU1) and RIBULOSE BISPHOSPHATE CARBOXYLASE SMALL SUBUNIT2 (SSU2) were
enriched in BS cells compared to MS cells (Figure 3.1C), a pattern that was not found in O.
sativa. Additionally, PEPCI showed MS-specific chromatin accessibility in all of the C4 species

sampled (Figure 3.1D). Additionally, we found conservation of marker genes like
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SUCROSE TRANSPORTER 1 (SUTI) in companion cells and sieve elements, and GLOSSY ]
(GL1) in epidermis cells, indicating that these historically described marker genes are likely
important in this diverse set of species. This analysis provides a first examination of core-Cs

marker genes’ chromatin accessibility across a diverse sample of plant species at cell-type

resolution.
A B Sorghum bicolor G D
8 ® ®oceo0e PEPC
F" - a ® 2w i HM—
NnaDP-ME P & pidermis ce@e0 0 o —
—_— ¥ ! procambia " P * Mesophyll
companion cells ements o0 o ° _AA“-—LL
bundle sheath X ] ° ° Bundle Sheath 17
P R
Zea mays PEPC
. L Al e HE
s : 2 o’s iy Mesophyll -1
NADP-ME s e@o 00
Lo oo procambial meristem eese e R SN, Aa
4 " companion cells/sieve elements ee@e Bundle Sheath =13
8
bundie sheath
.8 > o
T % )
Panicum miliaceum oo " °® ° PEPC
) psTiociee® LN BUI ¢ ol N S EHHE I ERS
B [0-784]
o ® @ .
NAD-ME # ’ @ Mesophyll
bl b F. procambial ° . o o s ® CAAS -
~4  companion cells/sie e 00 - . ® Bundle Sheath 0-7.84)
e, bundie she: .
£ N IS & X 9
e A 23 3 g%
Urochloa fusca
mesophyll . PEPC
- i
s, R *; ) epidermis{ @ @ Mesophyll ©-21
PEPCK o
MR e by companion celis/sieve elements { @ e ® o ° . ‘
!ﬁﬂ
"oy bundle sheath{ @ . ® Bundle Sheath [0-21
A
~N w & = b2 b x pe 14
& ¢ 2 Y & <] < @ & S 3 g
; s 5 =@ § g ° &8 &£ ° @
B Ed <
Oryza sativa g PEPC
p o000 - o0 o ( N -
& 9 .« @ Mesophyll p-1a
S % <) XXX e o
P
g companion cells/sieve elements ® 0 o & . ® Bundie Sheath B2
bundie sheath ° >
[ ] o i A
¥ & E 8 3 3 3 &L % 3 R
Umap 1 < 3
Cell type = 3
@ bundlc sheath @ epidermis @ mesophyll  protoderm Zscore l - Prop Acc 0 @ 20 @ «
companion cellvsieve elements @ procambial meristem | unknown e i 0@ 0@

Figure 3.1: Annotation of cell types in diverse grass species at single-cell resolution A) A
phylogeny indicating the relationship of various Cs and C4 photosynthesizers sampled. In this
sample, two NADP-ME subtypes are represented, one NAD-ME subtype, a PEPCK subtype, as
well as a C; species. B) UMAP embedding showing the annotation for each species. A cell type
legend is below. C) Dotplots for various marker genes used to annotate each species. The y-axis
represents cell types, and the x-axis is a list marker genes used to annotate different cell types.
The size of each circle is proportional to the number of cells within that cell type that showed
chromatin accessibility of the marker. Color is z-score transformed values across clusters of gene
chromatin accessibility across the clusters. D) Screenshots of the PEPC locus for all sampled
species. For each screenshot, the top track shows the protein coding, the red track is chromatin
accessibility of MS cells, and the blue track is the chromatin accessibility of the BS cells.
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Chromatin Accessibility of Core C; Enzvmes Shows Similar Cell-Type Bias, but Differing

Evolutionary Origins:

We measured the chromatin accessibility bias of the Cs-associated enzymes. Due to the
diverse nature of the plants sampled, and the C4 photosynthetic subtypes, we separated enzymes
into core- and subtype-specific groups. This list comprised nine core C4 enzymes, and nine
variable enzymes. These enzymes were assigned to one of these two groups based on if they are
found in all C4 subtypes (core) or are specific to only one or two subtypes (variable). One
example of a core enzyme is carbonic anhydrase, which is used to generate bicarbonate from
CO,, as well as for the regeneration of phosphoenolpyruvate from oxaloacetate in the BS cells by
means of PEPCK (Figure 3.2A). The list of gene families that we considered as core or variable
is found in (Supplemental Table 3).

To investigate the cell-type bias of these enzymes, we used chromatin accessibility of the
gene (gene body as well as 500 bp upstream of the transcriptional start site) (Figure 3.2B). Cell-
type bias was calculated as the log, fold change of BS/MS chromatin accessibility. To identify
core C4 enzymes across these species, we used OrthoFinder, named and numbered the enzyme
models based off of their relatedness to Z. mays copies of known core C4 genes (Emms & Kelly,
2019). Using only cell-type-specific chromatin accessibility data, we observed expected cell-type
bias with many orthologs of the maize MS-specific core C4 genes showing MS-specific bias as
compared to BS (Figure 3.2C). For instance, in all C4 species, PEPCK, which regenerates PEP
from OAA in BS cells, always showed a BS-specific bias (Figure 3.2 A & C). Additionally
PEPC, which conconverts bicarbonate to OAA in MS cells, showed MS-specific bias for all
species sampled, except the C; outgroup O. sativa (Figure 3.2A & C). These results highlight the
quality of the data and the cell-type annotations for these single-cell datasets.

When analyzing these data in tandem with the phylogenetic trees, we noticed that some
of the key enzymes showed different cell-type specificity based on their evolutionary origin

(Supplemental Figure 3.20-21A). For instance, for carbonic anhydrase in P. miliaceum, the
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orthologs that showed the largest bias between MS and BS cell types were not the copies that
were the most evolutionary closely related to the Z. mays and S. bicolor cell-type-specific copies
(Here PmCAI and PmCA?2). Rather, a copy found in a separate clade (PmCA43) showed the most
MS-specific bias (Figure 3.2C). This indicates that during the evolution of C4, different sets of
carbonic anhydrases were likely co-opted for C4. One challenge using chromatin accessibility in
this context, however, is the fact that neighboring gene models can occlude cell-type-specific
signals. For instance, in the S. bicolor copy of SSUI (here RBCS1), a BS-specific gene has a
neighboring gene model directly upstream which shares a promoter region making measurement
of the cell-type-specific bias of some loci challenging when using chromatin accessibility data
(Supplemental Figure 3.22).

One unexpected result from this analysis was the lack of cell-type-specific bias for
MALATE PHOSPHATE ANTIPORT 1 (DIC1), also known as
DICARBOXYLATE/TRICARBOXYLATE TRANSPORTER 1 (DTC1) in Z. mays. It has been
previously reported that D/CI had BS-specific expression bias in Z. mays as well as in P.
miliaceum (M. Taniguchi & Sugiyama, 1997; Y. Taniguchi et al., 2004; Tausta et al., 2014).
However, there is not a clear signal based on the chromatin accessibility data. This could indicate
that some ACRs harbor multiple CREs active in different cell types that are not obvious in
chromatin accessibility data or that the cell-type-specificity observed is not due to cis-regulation,
possibly involving post-transcriptional processes (Figure 3.2C). Lastly, as expected, there was
very little bias in the C; outgroup (O. sativa). In total, 12/13 of the core C4 enzymes showed cell-
type-specific bias in Z. mays, 7/12 in S. bicolor, 16/21 in P. miliaceum, 11/13 in U. fusca, and
finally 0/16 in O. sativa. These data demonstrate that chromatin-accessibility data can be
leveraged to investigate the cell-type regulation of C4 genes while also taking into consideration

their evolutionary relationships in a cross species context.
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Figure 3.2: Cell-type chromatin-accessibility bias for core enzymes in C4 and Cs species. A)
Schematic of the core C4 enzymatic pathway. The red and blue squares represent MS and BS
cells, respectively. Enzymes are labeled in bold, and transporters are denoted by shapes.
Intermediate molecules are indicated by non-bolded text. B) Screenshot of PEPCK in Z. mays.
Blue tracks correspond to BS chromatin accessibility and red tracks show MS chromatin
accessibility. Tracks are equally scaled to facilitate comparison. C) Heatmaps of chromatin
accessibility bias of the core C4 enzymes. Values within each heatmap correspond to
Log2(BS/MS). Blue indicates increased BS chromatin accessibility and red indicates increased
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MS chromatin accessibility. Each species column and subtype was clustered independently, and
genes were assigned as being MS- or BS-specific (top/bottom of heatmap) based on literature.
Enzyme copies were distinguished phylogenetically.

Key C,; Subtype Enzvmes Show Potential Convergent Evolution in Cell-type-specific Bias:

We investigated the variable enzymes that give each C4 subtype its unique properties by
focusing on two species (S. bicolor and Z. mays) from the NADP-ME subtype (Figure 3.3A). As
expected, chromatin accessibility bias was observed for enzymes previously reported as having
cell-type-specific expression patterns, similarly to the core C4 enzyme set (Borba et al., 2023; Dai
et al., 2022). Reassuringly, one of the most biased enzymes identified was NADP-ME, the key
enzyme of the redox step in NADP-ME subtypes. More specifically, of the multiple copies of
NADP-ME that exist in Z. mays, we observed the expected cell-type bias for the known BS-
specific copy, ME3, a key factor in C4 (here ZmNADP-MET) (Figure 3.3B). We noticed in S.
bicolor, the BS-specific NADP-ME and the MS-specific NADP-malate dehydrogenase (NADP-
MDH) gene copies are recent tandem duplications, each maintaining their respective cell-type
specific chromatin accessibility (Figure 3.3B & C, Supplemental Figure 3.21). The malate
transporters DICARBOXYLIC ACID TRANSPORTERI/2 (DIT1/2) also demonstrated their
expected cell-type-specific bias with DIT] being MS specific and DIT2 being BS specific in both
species (Figure 3.3B & C). However, upon further inspection of the phylogenies of the DITs in S.
bicolor, we noticed a pattern where the most BS-biased copy, SbDIT2 (Sobic.004G035500), was
phylogenetically more closely related to the ZmDIT1. These results indicate that over
evolutionary time, even members of the same C4 photosynthetic subtype, which likely share a Cs4
ancestor, can use different paralogous loci to achieve cell-type-specific expression. This
highlights that C4 evolution is an ongoing process.

NAD-ME subtypes in P. miliaceum are interesting, as the intermediate molecule being
passed between MS and BS doesn’t take the form of malate, but instead aspartate, alanine, and

oxaloacetate (Figure 3.3D). At least one copy of all of the key redox enzymes, NAD-ME and the
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NAD-dependent malate dehydrogenase (NAD-MDH), show BS-biased chromatin accessibility
(Figure 3.3E & F). Interestingly, of the three copies of NAD-MDH analyzed, only two showed
bias for BS. Next, we evaluated two key enzymes associated with the generation of critical
intermediate metabolites, Aspartate aminotransferase (AspAT), and Alanine aminotransferase
(AlaAT). It has been reported that some AspAT have cell-type-specific expression patterns, with
the MS-specific copy of the protein being transported to the cytosol and the BS-specific copy
being transported to the mitochondria (Figure 3.3E & F) (Nomura et al., 2005; M. Taniguchi et
al., 1992, 1995). Of the four copies of AspAT we examined, two (PmAspAT3/4) showed
significant MS-specific bias, whereas the other two copies (PmAspAT1/2) didn’t show significant
deviation towards BS (Figure 3.3E). This possibly indicates differing levels of regulation for the
AspAT copies that did not show the expected BS bias, or missing copies of AspAT that we have
not investigated. Within AlaAT, however, we identified one copy, PmAlaATI, showing MS-
specific bias, and PmAlaAT6 showing BS-specific bias; something that has been previously
hypothesized based on biochemical information (Son et al., 1991). Additionally, somewhat
unexpectedly is that we didn't observe clear bias for sodium bile acid symporters (BASS) and
sodium:hydrogen antiporters (VHD) (Figure 3.3E). These two proteins together form a
functioning sodium bile acid symporter system, which balances the ratio of sodium and is
important in the transport of pyruvate into the chloroplast of MS cells (Furumoto et al., 2011).
Although two copies of the BASS genes were MS biased, only a single copy of NHD was slightly
MS biased. Surprisingly, we do observe slight cell-type-specific chromatin accessibility bias for
malate transporter DIT1/DIT2 in P. miliaceum. This is somewhat surprising, as malate is not the
main 4-carbon intermediate used by NAD-ME subtypes (Rao & Dixon, 2016). This highlights the
flexible nature of P. miliaceum in terms of its C4 photosynthetic style, as it has been implicated
that it can perform some of the metabolite shuttling as the NADP-ME subtype (Rao & Dixon,
2016; Wang et al., 2014; Zou et al., 2019). The potential flexibility of P. miliaceum in its style of

C4 makes it an extremely interesting species to study, especially when considering that it doesn’t
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share common C4 ancestry with Z. mays or S. bicolor. This lack of evolutionary relationship
makes the analysis of the more distantly related species U. fissca all the more valuable. These
observations point to the complicated nature of some of these C4 photosynthetic subtypes. While
the obvious subtype-specific enzymes show expected chromatin-accessibility bias, others do not.

Using the PEPCK subtype in U. fusca, we evaluated cell-type bias of enzymes that
operate as an intermediate between NAD-ME and NADP-ME subtypes (Figure 3.3G). Copies of
NAD-ME and PEPCK showed significant BS bias (Figure 3.3H & I). Additionally, NADP-MDH
was significantly biased towards MS, reflecting its critical role in the regeneration of malate from
pyruvate (Figure 3.3H). We also observed one copy of BASS, which was heavily MS biased, as
well as the only copy of NHD being highly MS biased (Figure 3.3G) (Washburn et al., 2021).
Within the BASS family, based on the phylogenies, it appears one clade of BASS genes was co-
opted to be MS specific, whereas the other clade remained somewhat BS specific. This
potentially indicates that this co-opted clade may have been predisposed for C4 photosynthesis at
the common ancestor of P. miliaceum and U. fusca. Additionally, we also find one MS-biased
and one BS-biased version of AlaAT (Figure 3.3H).

Finally, when evaluating genes in the C; outgroup O. sativa, we only observed significant
chromatin accessibility bias for three of the 14 enzymes. This is expected given the overall lack
of enzymatic bias seen in Cs species (Figure 3.3K). Interestingly though, we did find a single
instance where one copy of AspAT is BS specific, suggesting that this copy of AspAT might
slowly be co-opted into being more BS-specific (Figure 3.3K). Even more interesting is the
slight BS-specific bias of the rice NAD-MDH, a BS-specific enzyme in the NAD-ME subtypes.
These results show a series of complex evolutionary relationships where many different genes
can be co-opted into the C4 pathway, and highlights the myriad ways in which C4 evolution

occurs.
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Figure 3.3: Cell-type chromatin accessibility bias for variable C4 genes associated with Cy4
subtypes. A/D/G/J) Schematic of C4 enzymatic pathways for various Cs subtypes. The red and
blue squares represent MS and BS cells. Enzymes are labeled in bold, and transporters are
denoted by shapes. Intermediate molecules are indicated by non-bolded text. For clarity, core
enzymes have been removed. B/E/H/K) Heatmaps of chromatin accessibility bias in C4 subtype
enzymes. Values within the heatmap correspond to Log2(BS/MS). Blue indicates increased BS-
chromatin accessibility and red indicates increased MS-chromatin accessibility. Genes were
labeled as being BS specific (blue) BS/MS specific (purple) or MS specific (red) based on
previous literature. C/F/I) Screenshot of various C4 sub-type enzymes and their chromatin
accessibility profiles around the TSS. Blue tracks correspond to BS chromatin accessibility and
red tracks show MS chromatin accessibility. Tracks are equally scaled to facilitate comparison.

Cell-type-specific Accessible Chromatin Regions of Both Core- and Subtype-Specific

Enzymes:

Although measuring the gene body chromatin accessibility of C4 enzymes is valuable, it
doesn’t inform us about the cell-type-specific cis-regulatory environment controlling these genes,
as we only included 500 bp upstream in this initial analysis. To identify all potential CREs
important for regulation of C4 enzymes, we identified cell-type-specific ACRs using a modified
entropy metric (Methods; Supplemental Figure 3.33). In short, cell-type-specific ACRs are
those which are unique to either a single cell-type or two or three cell-types in contrast to broadly
accessible ACRs which are accessible in many different cell-types. For each C4 enzyme, in both
the core and the non-core set, we identified ACRs around them. We only considered ACRs to be
potential regulators of a locus based on distance, with assigned ACRs needing to be less than 200
kb away from the target enzyme, and requiring that no other gene intervenes between the ACR
and enzyme in question. In total, across all variable and core enzymes and taking into
consideration only Cs4 species, we find that on average, C4 genes have between 2-3 cell-type-
specific ACRs, with an additional 2-3 broadly-accessible ACRs (Figure 3.4A).

For all C4 subtypes, the key redox enzymes all showed BS cell-type-specific ACRs,
potentially identifying critical CREs for proper cell-type-specific expression. For instance, in Z.
mays, NADP-ME1 had five BS-specific ACRs, in S. bicolor, NADP-ME?2 had five BS-specific

ACRs, in P. miliaceum, NAD-ME had four BS-specific ACRs, and in U. fusca, PEPCK, had
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three BS-specific ACRs (Figure 3.4 A & C). Additionally, of the MS-specific enzymes, we
consistently observed numerous cell-type-specific ACRs around the carbonic anhydrase family.
On average, there were 3.5 MS-specific ACRs for each copy of carbonic anhydrase across all of
the species. This likely reflects the fact that carbonic anhydrase is critical in the initial steps of Ca,
and also important in CO; sensing (Engineer et al., 2016). We also noticed an intriguing pattern
where enzymes which were accessible in one cell type had cell-type-specific ACRs of the other
cell type. For instance, around SSU2, a BS-specific enzyme, we found a series of MS-specific
ACRs (Figure 3.4D). On average, we found 2.5 BS-specific ACRs around SSU and 1.5 MS-
specific ACRs. This contrasting pattern was observed in key photosynthetic enzymes in all of the
C4 subtypes. This likely indicates that some of these ACRs contain CREs that negatively regulate
SSU in MS, as cell-type-specific CRE usage has been implicated as being an important driver in
proper compartmentalization (Bansal et al., 1992; Viret et al., 1994). The identification of ACRs
around key C4 enzymes provides a detailed map about potential cis-regulators of these loci, which
provides the basis for future investigation into the direct function of each of these ACRs and how
they might be altering transcription in multiple different ways. These results show that there are
likely multiple ACRs important to cell-type specificity of these enzymes.

Traditionally, the field has focused on cis-regulation within a set distance from the
transcriptional start site, often 1-2 kb, which is thought to generally encompass the promoter (Lu
et al., 2019). However, we observed abundant distal cell-type-specific ACRs for many of these
key genes (Figure 3.4B). For instance, the average distance of an ACR to its C4 enzyme is 10,080
bp (Z. mays ), 3,017 bp (S.bicolor), 4,260 bp (P. miliaceum), 2,358 bp (U. fusca), and 4,730 bp
(0. sativa), indicating that the cis-regulatory space for these enzymes is far greater than
previously appreciated, where a majority of the focus in the literature is on putative promoters.
The genome of Z. mays emphasizes this point, as the subtype-specific enzyme NADP-ME has
three cell-type-specific BS ACRs distal to the transcriptional start site, with the furthest being

34,336 bp away (Figure 3.4C). Interestingly, we found some enzyme/ACR pairs with opposite
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cell-type-specificity (i.e. BS-specific enzyme, MS-specific ACR). Many of these ACRs were
distally located. For example, in Z. mays, the MS-specific ACR of RBCS was 36,171 bp upstream
(Figure 3.4D). When investigating ACRs around promoters, we were struck at how often cell-
type-specific ACRs occurred outside of the bounds of previously analyzed promoters. For
example, in PEPC in P. miliaceum, a recent analysis demonstrated that a series of conserved non-
coding sequences found between species were able to drive MS expression (Gupta et al., 2020).
When we looked at chromatin accessibility data of the promoter fragment which was cloned from
PEPC, we identified many MS-specific ACRs within the cloned fragment, but an additional one
upstream. This results shows the advantage of using scATAC-seq data to identify candidate CREs
for certain genes, removing the guesswork of cloning fragments to investigate and providing a
detailed cell-type-specific regulatory map of the locus (Figure 3.4E). Thus, scATAC-seq greatly
improves the search space of the active CREs potentially driving cell-type-specific gene

expression patterns.
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Figure 3.4: Investigating the number and distance of cell-type-specific ACRs around C4 enzymes
across subtypes. A) Dot plots showing the number of cell-type-specific ACRs around each
enzyme. The x-axis indicates which cell type these enzymes are found in. The y-axis is counts of
ACRs. The graph is further subdivided with the top panel being broad ACRs, middle panel BS-
specific ACRs, and the bottom being MS-specific ACRs. Enzymes are labeled. B) Dotplots
showing the mean distance of cell-type-specific ACRs to their closest C4 enzyme. The x-axis
indicates which cell type these enzymes are found in. The x-axis is the genomic distance to the Cs
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enzyme in question. If an enzyme had multiple cell-type-specific ACRs, the distance was
averaged (mean). C) Screenshot of NADP-ME] in Z. mays. Blue tracks correspond to BS
chromatin accessibility and red tracks show MS chromatin accessibility. Tracks are equally
scaled to facilitate comparison. D) Screenshot of SSU2 in Z. mays. Blue tracks correspond to BS
chromatin accessibility and red tracks show MS chromatin accessibility. Tracks are equally
scaled to facilitate comparison. E) Screenshot of PEPCI in P. miliaceum. The green fragment
represents the cloned promoter from Gupta et al 2020, which was identified by minimap2
alignment. Blue tracks correspond to BS chromatin accessibility and red tracks show MS
chromatin accessibility. Tracks are equally scaled to facilitate comparisons.

The Evolutionary Relationships of ACRs Associated with C; Genes is Complex and

Variable:

Next, we explored the evolutionary histories of these ACRs. Due to the fact that the C4
subtypes come from different radiation events, (with Z. mays and S. bicolor likely sharing a C4
ancestor and U. fusca and P. miliaceum sharing a different C4 ancestor), we were curious to
evaluate if a majority of the ACR space around these genes were either novel, or shared among
these species. We implemented a pairwise sequence based approach by identifying sequence
conservation of ACRs between the study species using BLAST (Methods). The majority of
important C4 genes have both novel, and conserved ACRs. For example, PPDK, a MS-specific
enzyme, shares ~25% of its ACRs across all species examined including the O. sativa Cs
outgroup (Figure 3.5A). Interestingly, RUBISCO ACTIVASE (RCA), a critical enzyme in
photosynthesis which removes inhibitory molecules from the RuBisCO active site, had novel
ACRs in all of the C4 species examined, whereas RCA in the Cs species O. sativa shared one
ACR with all of the C4 species. This might indicate that each of the C4 species gained regulatory
sequences at RCA or that O. sativa might have lost them (Figure 3.5A). Focusing on NADP-ME
revealed notable divergence in its associated ACRs, even among closely related species. For
example, in Z. mays, two out of seven ACRs linked to NADP-ME[ were unique, lacking
counterparts in other species (Figure 3.5A). This is particularly striking given that S. bicolor,

belonging to the same Cy4 subtype, diverged from Z. mays only 13 million years ago (Paterson et
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al., 2009). Similarly, in S. bicolor, the BS-specific NADP-ME?2 variant exhibited two out of five
unique ACRs. This pattern underscores the rapid and distinct evolutionary trajectories of ACRs in
Cs plants. A full list of gene families, and gene models, and their relative conservation is found in
Supplemental Figure 3.24A. Using this same approach to study all of the core class of C4
enzymes did not reveal a generalizable pattern associated with gain or loss of ACRs around Cs4
genes (Supplemental Figure 3.24A). Our findings not only confirm the dynamic evolution of
cis-regulatory sequences in C4 enzymes but also align with existing research that highlights rapid
cis-regulatory changes among closely related species (Lu et al., 2019; Maher et al., 2018).

While investigating the ACRs around the C4 genes is interesting, understanding how cell-
type specificity is achieved across C4 subtypes is needed for efforts to engineer C4 photosynthesis.
When looking at just the cell-type-specific ACRs around key C4 loci, we find a similar pattern
where there is a mix of both conserved and novel ACRs. For example, we discovered that some
of the MS-specific ACRs associated with PPDK and PEPC are highly conserved in all of the
studied species. Interestingly, the MS-specific ACRs around PEPC were only found in the Cy4
species, and not in the Cs outgroup, O.sativa (Figure 3.5B). This indicates that some of the CREs
that allow PEPC expression in MS likely evolved after the split between the most recent common
ancestors. We also observed that NADP-ME possessed numerous BS-specific ACRs that were
conserved in all species, including O. sativa (Figure 3.5B). Considering the fact that proper
compartmentalization of NADP-ME in BS cells is only critical in two of the four C4 subtypes, this
was surprising. However, in both S. bicolor and Z. mays, there were novel BS-specific ACRs
associated with each key NADP-ME. In Z. mays, one out of the five BS-specific ACRs was novel
to Z. mays, and in S. bicolor two out of the five were novel to S. bicolor. Upon inspection of all
the NADP-ME loci in genome browsers, we were struck by the complexities and shuffling that
occurred at these BS cell-type-specific ACRs (Figure 3.5C). These results highlight that
extensive cis-regulatory evolution is occurring in each of these species, and in particular on a cell-

type-specific level. Additionally, this may point to the fact that the novel BS-specific ACRs found
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in S. bicolor and Z. mays may be more important for proper BS-specific expression than the
conserved regulatory elements.

Although binary classification of ACRs was useful to decipher larger scale patterns
between key enzymes, we next tested if larger segments of sequence were conserved around
some Cy4 genes as compared to others. We profiled the relative amount of conserved sequence at
each of these ACRs, as alignment of sequence between species gives greater resolution about
important ACRs. One interesting observation from this analysis was the fact that the cell-type-
specific ACRs around PEPCK appear to be novel between Z. mays and U. fusca (Figure 3.5D,
Supplemental Figure 3.28). This suggests that these regulatory loci emerged independently, and
yet are still likely important in cell-type-specific expression of PEPCK. Additionally, around the
NAD-ME loci in P. miliaceum, we found diverse evolutionary histories with both copies NAD-
ME1 and NAD-ME? having both conserved and novel BS-specific ACRs (one out of four ACRs
were novel for NAD-ME1, and zero out of the two were conserved for NAD-ME?) (Figure 3.5D).
The ACRs from NADP-ME] are conserved in U. fusca, whereas all three BS-specific ACRs are
conserved in relation to P. miliaceum. Pointing to the fact that the ACRs have likely maintained
their cell-type specificity, and are likely critical drivers in the correct expression of NAD-ME loci.
These results highlight the dynamic evolution of cell-type-specific ACRs around key Cs loci, and
that even closely related subtypes have evolved novel ACRs potentially critical in terms of proper

gene expression, as well as compartmentalization.
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Figure 3.5: The evolutionary relationships of cis-regulatory regions around C4 genes is complex,
being composed of both novel and conserved ACRs. A) The proportion of all ACRs that are
conserved or novel for the following gene families PPDK, RCA, and NADP-ME. Purple bars
represent ACRs that have any sequence aligned to them from a different species, and gray
represents ACRs where sequences are not alignable. The number of ACRs in each locus is
labeled at the top of each column. B) The proportion of cell-type-specific ACRs that are
conserved and novel for the following gene families, PPDK, PEPC, and NADP-ME. Red bars
only consider MS-specific ACRs, and blue bars only consider BS-specific ACRs. C) Screenshot
of the conservation of BS-specific ACRs around NADP-ME across species. From top to bottom
the species are Z. mays, S. bicolor, P. miliaceum, U. fusca, and O. sativa. NADP-ME is annotated
in green for all species. Dashed bars between gene models represent the same gene model, and
yellow bars are conserved ACRs. Browser tracks are blue for BS, and red for MS. Browser tracks
are scaled within each species to allow for direct comparisons. D) The length of ACRs that are
conserved in a cross species context. Rows represent gene families, and columns represent
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according to the legend.
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Identification of de novo TF-Binding Motifs from Cell-type-specific Chromatin Data

Reveals Rapid Sequence Diversification of ACRs

Leveraging the cell-type-resolved datasets, we identified de novo cell-type-specific TF
motifs in BS and MS ACRs (Figure 3.6 A & B; Methods ; Supplemental Figure 3.29). We
selected the BS-specific motifs based on motif similarity within C4 species for BS, and motif
similarity seen across all species for MS. Additionally for the identification of BS specific motifs,
we identified motifs which didn’t appear to have a corresponding motif in O. sativa (Methods).
Reassuringly, within the BS-specific motifs, we identified a DOF TF motif, which is a key driver
in the switch to C4 photosynthesis (Dai et al., 2022; Perduns et al., 2015; Yanagisawa, 2000). In
total, we identified three BS-specific motifs, and three MS-specific de novo motifs that are shared
between the species sampled (Figure 3.6 A & B). We surveyed the C4 ACRs for the presence
and absence of these motifs to determine if they provide the information needed for cell-type
specificity. We additionally overlaid our BLAST results from the previous analysis in order to
explore the relationship between these motifs and conservation (Figure 3.6C). A substantial
number of motifs were present within the non-conserved regions of the ACRs. For instance, in
one MS-specific ACR associated with ZmCA43,12/13 MS-specific motifs were found in non-
conserved regions, suggesting these regions could be critical for driving the cell-type-specificity
of this locus (Figure 3.6D).

We expanded the analysis of BS- and MS-specific motifs in conserved and non-
conserved regions of ACRs across key loci in the C4 species. On average the MS-specific motifs
are more conserved than the BS-specific motifs (Figure 3.6E-F; Supplemental Figure 3.30 ).
Agreeing with previous models of C4 evolution where some motifs that are MS specific have
been co-opted to operate in C4 photosynthesis (Figure 3.6D) (Kajala et al., 2012). Interestingly,
we noticed a pattern where around PPDK, many of the MS-specific motifs appeared to be in non-

conserved sequences for all of our species sampled (Figure 3.6E). This pattern is further
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highlighted in both NADPME, and NADME loci, where a majority of the BS-specific motifs
occurred in non-conserved ACR regions for NADPME. This pattern is more nuanced in the
NADME ACRs, as P. miliaceum and U. fusca share a significant amount of conserved sequence
containing BS-specific motifs in the ACRs, suggesting that the BS-specific regulatory changes
associated with these motifs are important (Figure 3.6F). These results highlight the capacity of
genome-wide single-cell cis-regulatory maps to pinpoint key TF motifs important for the

evolution of cell-type specificity.
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Figure 3.6: Identification of cell-type-specific TF motifs reveal a complex relationship between
sequence conservation and motif prescnece. A subsample of MS- (A) and BS-specific (B) de
novo TF motifs identified. Left) De novo motifs were clustered by the correlation of their PWMs
and a correlation based tree was generated. Right) Representative PWMs from de novo
discovery. C) Screenshot of the ZmCA3 locus. ACRs are color coded based on their cell-type
specificity. MS- and BS-chromatin accessibility tracks are equally scaled for comparison.
Sequence conservation is identified by the ACR having sequence homology to other C4 ACRs
from a different species. D) An example of the conservation and motif landscape of one MS-
specific ACR at ZmCA3. Left, the location of the motifs in ACRs with MS- and BS-specific
motifs labeled. Orange highlighted regions correspond to the region of sequence conservation
seen above. Right, quantification of the motifs found in the ACR. X-axis is the motif count, and
the y-axis is the motif. E) The counts of TF motifs in conserved and non-conserved ACRs for
three different genes across all five species. Y-axis is the number of ACRs of a given type, and
the x-axis indicates the type of ACR. F) Odds ratio of four motifs when comparing their
enrichment in conserved versus non-conserved regions. A higher odds ratio indicates that the
motif is more often found in non-conserved regions within ACRs, whereas a lower odds ratio
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means the motif is in conserved regions. The cell-type-specific motifs found in A/B are colored in
red and blue, respectively.

The DITSs in the NADP-ME Subtypes Demonstrate Dynamic CRE Evolution

Upon analyzing the malate transporters DICARBOXYLIC ACID TRANSPORTER’s
(DITs) we noticed the DITs in the NADP-ME subtypes showed an interesting pattern where the
copies of DITI in Z. mays and S. bicolor showed MS-specific chromatin accessibility, but the BS-
specific copies of the DITs showed a more complex evolutionary history (Figure 3.3B; Figure
3.7A). We generated a phylogeny with additional species, and found that the BS-specific copy of
ZmDIT? is related to two additional copies of DITs which are not BS-specific in S. bicolor (Here
SbDIT3 and SbDIT4) (Figure 3.7A). S. bicolor has a BS-specific copy of SbDIT2, which shares a
clade with ZmDITI. These results are consistent with an earlier study that found similar patterns
and expression profiles of these copies of the DITs in Z. mays and S. bicolor (Emms et al., 2016).

To understand how cell-type specificity changed in these DITs due to changes in cis-
regulation, we compared the ACRs associated with the DITs, and mapped the TF-binding motifs
found within each ACR (Methods). For the MS-specific DIT1s, we focused on a MS-specific
ACR located at the 3' end of DIT! in Z. mays (Figure 3.7B). Upon comparing this ACR to S.
bicolor, we were struck that the sequence found in the Z. mays ACR was actually split in two in
S. bicolor, neither of which demonstrated cell-type specificity in S. bicolor (Figure 3.7B ;
Supplemental Figure 3.31). A closer inspection of motifs in these ACRs showed many MS-
specific motifs (Figure 3.7B-C). These motifs might promote MS-specific gene expression of
this locus. However, many S. bicolor MS-specific ACRs were not found in regions with any
homology to Z. mays (Figure 3.7C). These results point to the rapid change of candidate CREs
(cCRES) in this locus, and likely indicate that cCREs important in cell-type-specific gene
expression might not be only found in conserved regulatory regions (Yan et al., 2024). Rather,
selection of MS-specific gene expression is ongoing, and may yield significantly different

regulatory environments in relatively short evolutionary time scales.
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Next, we examined the BS-specific ZmDIT?2 and its two orthologs SbDIT3/4, which are
not BS specific (Figure 3.7A, D). The BS-specific ACR around ZmDIT2 has many DOF TF
motifs (Figure 3.7E). These motifs are interesting, as expression changes within the DOF TF
family could be important in driving BS-specific gene expression in C4 plants (Dai et al., 2022;
Swift et al., 2023; Yanagisawa, 2000). When comparing the BS-specific ACRs around ZmDIT2
to the more closely related copies of SbDIT3 and 4, we found no conservation of these DOF TF
motifs, and rather a significant lack of BS-specific TF motifs (Figure 3.7F). Considering the fact
that neither of these DIT copies in S. bicolor show BS-specific expression, this result makes
sense. Potentially providing a model where the ZmDIT?2 locus either gained these cCREs allowing
for this copy of ZmDIT?2 to have BS specific gene expression, or S. bicolor lost these BS-specific
motifs, and had a gain in SbDIT?2 specificity. In either scenario, it demonstrates the rapid pace of
CRE evolution, and how these regions might be altering cell-type-specific gene expression. These
results are in contrast to ShDIT2, where the ACRs around this locus are BS specific, and contain
BS-specific motifs identified in our previous analysis (Figure 3.7F). In total, these results
highlight the rapid rate of regulatory change around key Cs loci, and highlight the fact that there
are likely key regulatory switches outside of conserved sequences. Finally, these results

emphasize the fast pace in which cell-type specificity changes in plants
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Figure 3.7: A) Phylogenetic tree showing the evolutionary relationship of the DITs in the

monocots. DITs for Z. mays and S. bicolor are colored by their observed cell-type specificity,

with red being MS specific, and blue being BS specific. Additional species have been added to

increase resolution B) A screenshot of the DIT] between Z. mays (top) and S. bicolor (bottom).

Yellow boxes indicate ACR sequences with conserved homology C/E/F) Motif location of BS

and MS specific motifs in each ACR. The x-axis is the location within the ACR, and the y-axis is
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the motif count. Yellow bars indicate regions of sequence homology. Within each histogram, the
x-axis is binned into 20bp regions for ease of graphing. Roman numerals in the top corner
highlight the corresponding ACR found in the screenshot. (I-IX) top) X-axis the genomic
coordinates of the given ACR. Yellow blocks denote the sequence homology as seen above. Y-
axis, the motif score as calculated by motifmatchR, higher scores indicate a more confident motif.
bottom) The count of each motif identified in the ACR. Note that BS and MS de-novo identified
motifs are in blue and red respectively. D) A screenshot of the DIT2 loci between Z. mays (top)
and S. bicolor (bottom). For the S. bicolor versions of the DITs, DIT?2 is colored blue for its
observed BS specificity and DIT3 and DIT4 are colored green. Yellow boxes indicate sequence

homology.

Discussion:

Understanding the evolution of cis-regulation associated with C4 photosynthesis has been
a long standing goal in the field of plant biology. In this study, we demonstrated the utility of
single-cell ATAC-seq data to investigate many aspects of the evolution of C4 photosynthesis. By
identifying cell-type-specific chromatin accessibility from four C4 species composed of three
different C4 subtypes, as well as a single C; outgroup, we were able to compare and contrast key
genes and their ACRs which define and distinguish C4 photosynthesis. We have shown that by
using gene-body chromatin accessibility data, we can measure cell-type-specific bias of both
core, and subtype-specific C4 enzymes. When taken into consideration with the gene family trees
of many of these enzymes, we show diverse co-option of enzymes into the C,4 pathway.
Additionally, we identify cell-type-specific ACRs surrounding these key C4 enzymes. We find
numerous cell-type-specific ACRs surrounding key C4 enzymes, many of which fall outside of
the core promoter region. Additionally we find that around all of the C4 enzymes there is a mix of

both conserved and novel cell-type-specific ACRs indicating that regulatory evolution of these
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regions is ongoing. Finally, we use cell-type-specific ACRs to identify a series of de-novo
binding motifs which appear to be cell-type specific, and show that these motifs surround C4 loci,
and have a mixed relationship with conservation depending on the motif. This indicates that cell-
type-specific TF motifs are rapidly changing around Cj4 loci.

Investigation of the CREs driving cell-type-specific expression of C4 genes is
challenging. This often requires evaluation using transgenic plants, which limits the number of
CREs that can be tested. This has greatly hampered efforts at understanding how cis-regulation of
C4 genes evolves, whether by co-option of existing CREs or emergence of new ones. Our results
show the complex nature of CRE evolution of C4 genes, including those specific to C4 subtypes.
While we observe conservation of ACRs around many Cs4 genes, we do see interesting examples
where the subtype-specific enzymes have evolved novel ACRs (NAD-ME’s in P. miliaceum, and
PEPCK in U. fusca). These results support that there is likely a combination of both co-opting
pre-existing CREs, as well as evolving new ones to facilitate proper expression and cell-type-
specification of genes. This is further exemplified by the analysis of the DIT family of
transporters, where we show striking accumulation of cell-type-specific TF motifs in non-
conserved regions of ACRs between two closely related species. This highlights that the regions
of the genome promoting cell-type-specific gene expression are likely found in both conserved,
and novel regions. Another recent single-cell genomic study of the evolution of CREs important
for photosynthesis using a comparison between O. sativa and S. bicolor reached similar
conclusions (Swift et al., 2023). They frequently found different ACRs and TF motifs in
promoters of orthologous C4 genes (Swift et al., 2023). Future efforts to assay these candidate
CREs using reporter assays, transgenesis and genome editing will be required. Fortunately, these
high-resolution maps of cell-type-specific ACRs of these key genes/species provide a strong
foundation to build upon.

Although these studies provide a blueprint for the study of key candidate CREs

associated with C4 enzymes, profiling cell-type-specific chromatin accessibility of additional
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species would be greatly beneficial. Although O. sativa is an invaluable outgroup for this study,
additional more closely related Cs species might make these comparisons simpler, and add
additional resolution. For instance the Cs grass species Dichanthelium oligosanthes is more
closely related to U. fusca and P. miliaceum and has a recently completed reference genome
(Studer et al., 2016). Adding more species would enable greater resolution in the comparison of
cell-type-specific ACRs, as the genetic distance between the species we examined and O. sativa
make identification of conserved and novel ACRs challenging. As an example, the ACRs
associated with NAD-ME’s in P. miliaceum might be co-opted instead of novel, however, based
on our sampling, we cannot say.

Genome editing analysis of many of these ACRs would significantly advance which
ACRs, and more specifically which CREs within the ACRs are most important for cell-type-
specific expression (Meng et al., 2021). However, currently generating genome edits in monocots
is challenging, time consuming and expensive. Fortunately, improvements to transgenesis are
constantly improving making achieving these goals more likely in the future (Chen et al., 2022).
It’s also important to consider that mutational analysis of CREs is not straightforward, often
requiring numerous editing events of the cis-regulatory landscape of each gene. Previous studies
have shown that deletions of many CREs produce variable molecular and morphological
phenotypes, further complicating our understanding of the cis-reglatory code (Ciren et al., 2023;
L. Liu et al., 2021; Rodriguez-Leal et al., 2017). And finally, many species, including P.
miliaceum and U. fusca have to date never been transformed. This highlights the need to
continually improve transgenesis methods to help facilitate the molecular dissection of CRE. In
conclusion, this study provides a comprehensive map of cell-type-specific ACRs around key Cs4

genes, which reveals the dynamic evolution and diversity of cis-regulation of C4 genes.
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Methods:

Plant Growth Conditions and Sampling:

Seedlings of all five plant species, including maize (Zea mays B73), sorghum (Sorghum bicolor
BTx623), proso millet (Panicum miliaceum L. CGRIS 00000390), and browntop signalgrass
(Urochloa fusca LBJWC-52), along with the Cs plant rice (Oryza sativa Nipponbare), were
grown under the conditions of 12:12 Light/Dark cycles at 30°C Light/22°C Dark and at 50%
humidity. The sampling of the C4 species was timed to coincide with a specific developmental
stage, identified when the ligule of the third leaf became visible, marking the third leaf unfolding,
yet prior to the appearance of the fourth leaf. For the C; species, rice, 18-day-old leaves were

used to correspond with the equivalent stage of the C4 species.

Library Preparation:

Nuclei isolation for the experiments was conducted using fresh seedlings of both the C4 and Cs
species at their respective developmental stages. The methodology for nuclei extraction,
encompassing the buffer composition and the subsequent steps, was used with procedures
outlined for single-nucleus combinatorial indexing with transposed-based ATAC-seq library

construction, as detailed in a prior study (Tu, Marand, et al., 2022).
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Genomes:

The Z. mays genome version 5 was downloaded from MaizeGDB (Hufford et al., 2021; J. Liu et
al., 2020). The O. sativa genome was downloaded from rice.uga.edu. The S. bicolor version v5.1
was downloaded and used from Phytozome version 13, as well as the U. fusca genome version
1.1 (Goodstein et al., 2012). Finally the P. miliaceum genome was downloaded from NCBI,

bioproject number PRINA431363 (Zou et al., 2019).

Barcode Correction Read Alignment and Mapping of TnS Insertions:

Read UMIs were processed using cutadapt (version 4.5) to identify UMIs (Martin, 2011). First,
the index adapter sequences were trimmed from the reads. Next, the well barcodes and Tn5
barcode within the reads were identified, removed from the original sequencing read, and
appended to the read header. Finally, a shell script is used to integrate all barcode information
from the reads' headers and label them correspondingly in the paired-end sequencing fastq files.
Reads were aligned using BWA (version 0.7.17) (Li & Durbin, 2009). Reads were filtered using
samtools (version 1.16.1) for mapping quality of >10 for Z. mays , S. bicolor , U. fusca, and O.
sativa. P. miliaceum required a greater lower threshold of 30 given its recent whole genome
duplication event increasing the rate of multi-mapping reads (Danecek et al., 2021). Duplicate
reads were removed using picard tools (version 2.25.0) (Picard Tools - By Broad Institute, n.d.).
Single-base pair Tn5 integration events were mapped using the python script ‘makeTn5bed.py’
found in the GitHub utils directory (https://github.com/Jome0169/Mendieta.C4 manuscript).
Finally, for each barcode only unique Tn5 integrations sites were used for analysis. So if a nuclei

had the same identical fragments multiple times, only a single event was considered.
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Isolating High-Quality Cells:

Cells were filtered using Socrates (Marand et al., 2021). In short, Fraction of Reads in Peaks
(FRiP) scores were calculated for each cell by pseudo bulking the libraries and identifying peaks.
For each individual cell, FRiP was calculated by intersecting Tn5 integration events with peaks.
Cells with a FRiP score greater than 0.2 were used. Additionally, TSS enrichment was calculated
by looking at the number of Tn5 integrations around TSS. Cells that had a TSS enrichment
greater than 0.15 were used. Finally, cells were compared to a random sample of low quality cells
which did not pass filtering, representing the “background” of cells, and correlation was
calculated between passing cells and background cells using the corr package in R. Cells which
had a correlation lower than 0.3 percent as compared to background cells were used for further
analysis.

UMAP embeddings were then calculated for each species utilizing genomic bins
(Mclnnes et al., 2020). For each dataset, bins of 500 bp were calculated. To reduce the size of
features to cluster on, bins had to show accessible chromatin in at least 0.005% of total cells
(roughly 50~100 cells in each species). Additionally, bins that were broadly accessible across
greater than 10% of cells in the given dataset were also discarded to remove regions of the
genome which were constitutively accessible and wouldn’t facilitate clustering. Finally, regions
of the genome which were associated with either blacklist (Marand et al., 2021), or genes which
were known to be related to cell cycle and circadian rhythms were removed. The final resulting
matrix, which represented cell barcodes X genomic regions (here bins), were then put through the
term-frequency inverse-document-frequency (TF-IDF) algorithm to identify genomic regions
more descriptive of the entire dataset (Cusanovich et al., 2018). The resulting matrix was then
input into Singular Value Decomposition, and clustering was then done on the remaining features
with the number of principal components (PCs) equaling 50, and any PC with a correlation to
read depth greater than 0.5 removed (Stewart, 1993) (Cusanovich et al., 2018). Clustering was

done using the Louvain clustering algorithm in order to bin cells into similar groups based off of
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the PCs calculated above, with parameters “res = 1.5, k.near = 30, m.dist = .01” in order to set K
nearest neighbors to 30, minimum louvain distance to .01 in euclidean space (Blondel et al.,
2008). Using the UMAP embeddings, doublets were removed using the software Scrublet as
implemented in Socrates software (Wolock et al., 2019). At random, 5,000 cells were used to
generate in-silico doublets, and cells which were scored as being likely doublets were removed.
Adaptive thresholds were set on a per library basis. The doublet rate from Scrublet was compared
against a mixed library where genotypes of Z. mays were mixed Mo17 and B73, and genotype
doublets were identified. We found that Scrublet, on average, removed more cells in a
conservative fashion than the birthday problem and genotype doublets identified, so we utilized
the Scrublet doublet scores to be conservative. For the P. miliaceum dataset, replicates were
found to integrate poorly in the UMAP embedding. Harmony (version 0.1.1) was used adjust
replicate overlap with parameters “theta = 2, nclust=4, and var = “sampleID” (Korsunsky,
Millard, et al., 2019). After integration, clusters which skewed greater than 75% towards one

replicate were removed from downstream analysis.

Identification of Putative Orthologs:

To annotate species with less marker gene information, we identified putative orthologs or marker
genes using OrthoFinder (version 2.5.4) (Emms & Kelly, 2019). For each species, the primary
protein sequence of the transcript was used as input to Orthofinder. In the resulting orthofinder
outputs, the script “find markers.orthofinder.py” was used to parse the resulting phylogenies and
return back putative orthologs (https://github.com/Jome0169/Mendieta.C4 manuscript). For all
C4 genes analyzed, each orthogroup was additionally annotated by hand in order to ensure

accurate assignment of nearest orthologs phylogenetically.
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Annotation of Cell Types:

Cell types were annotated by calculating gene chromatin accessibility for marker genes in each
genome on a per cell basis. These values were then visualized on the UMAP embedding, and
clusters with numerous marker genes associated with the same cell-type were used as evidence.
Additionally, for each louvain cluster, enrichment of marker genes was calculated by comparing
the cluster average as compared to a random shuffle of random cells. The top five most enriched
markers were used in tandem with the UMAPs to ascertain cell-type identity. We also tested the
statistical significance of the marker gene using Presto, a modified Wilcoxon rank-sum test in
order to identify the most unique marker gene in each cluster (Korsunsky, Nathan, et al., 2019).
Additionally, for specific clusters showing mixed signals from marker genes, sub-clustering was
done by isolating the cluster in question, and then re-clustering these cells on a new UMAP
manifold. The same steps were done to visualize marker genes, as well as test this enrichment,
and statistical significance. Finally, to bolster our set of marker genes across species, we used our
most confident cell-type annotation in Z. mays to de novo discover marker genes. To do so, we
utilized our gene-body-accessability metrics for each annotated cell-type, and ran DESeq?2
(version 1.42.0) in a replicate aware fashion using all other cells as a null (Love et al., 2014).
Only statistically significant markers were kept which had a fold change greater than 1.5, and a
log fold standard error of less than .6. OrthoFinder was used as mentioned above to find
orthologs. To ensure that we were comparing similar cell-types, we also took an orthogonal
approach where we compared the gene accessibility of the top 2000 most variable orthologs
between our species. A linear model was used for each species comparison where the mean gene
accessibility was taken into consideration, and the species was one-hot-encoded. Variation was
calculated as the average variation between both datasets. The resulting residuals were used to

generate the cell-type correlations.
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Peak Identification:

To identify peaks, cells of the same annotation type were pseudo bulked in a replicate aware
fashion. Within each replicate MACS2 (version 2.2.9.1) was run with parameters “--nomodel --
keep-dup auto --extsize 150 --shift -75 --qvalue .05” and variable genome size flag *-g’ (Y. Zhang
et al., 2008). Summits for each peak identified in each replicate were extended by 250 bp in either
direction. Only peaks which overlapped between replicates were used. To merge peaks from
various cell types and select peak boundaries, the p-value associated with each peak in each cell
type was compared by calculating the chromatin accessibility score for each peak per million,
with those peaks with the highest accessibility score being selected as the representative peak.
This method of identifying the most representative peaks across cell-types was inspired by
previous single cell ATAC-seq papers (Cusanovich et al., 2018; Domcke et al., 2020; K. Zhang et
al., 2021). Additionally, bigwigs were generated for each cell type by normalizing each dataset to
the number of reads/per million scaling factor. Implementation of this algorithm is found in the

script call_scACRs.py for ease of use and replication in other experiments.

Identifying Cell-type-specific ACRs:

To identify cell-type specific ACRs, a modified bootstrapping method was used which drew
inspiration from the modified entropy metrics found in (K. Zhang et al., 2021). On a per ACR
basis, TnS5 integrations per cell-type were summed and counts per million (CPM) normalized.
These values were then converted to a probability by using the following equation (below,
equation 1) where pi is the CPM value for the focal cell-type and gi is the total sum of all CPMs.
From this probability statement, a modified shannon entropy metric was calculated, followed by a
metric of specificity Opt. For robust cell-type-specific ACR identification, the annotated cell-type
was bootstrapped 5000 times, taking a sample of 250 cells from the cell population in question,
and calculating both entropy and specificity scores. This was done to attempt to get a robust

signal of specificity, which takes into consideration the variation in cell quality present in each
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cell-type annotation. To generate the null distribution of specificity scores, individual cell
annotations were scrambled to generate an equal number of null cell-type classifications. For each
null value, the entropy and specificity score were calculated. Finally to calculate a p-value, a
non-parametric approach was used to identify how many of the real bootstraps fell outside of the
null distribution using a one tailed test. ACRs which had a p-value of <0.001 were considered to
be significant. ACRs were finally classified by the number of cell types they were specific to.
ACRs specific to greater than three were classified as broadly accessible, less than or equal to

three as cell type restricted, and a single cell-type as cell-type specific.

qi
Z(qi)

1) pi =

2) Hp=-Xptlog,(pt)

3) Qpt = Hp — log,(pt)

Identifying Conserved ACRs Across Species

Since a majority of the C4 genes identified were not in synteny with one another, we took a gene
family based approach to identify conserved and non-conserved ACRs associated with our C4
genes. In short, all ACRs within two gene models of a C4 gene are utilized for comparison.
Sequences from the ACR were isolated using “bedtools getfasta” (version 2.31) (Quinlan & Hall,
2010). Then in a pairwise fashion each species had their ACRs from one C4 gene family
compared to the corresponding genomic loci of the same gene family in a different species.
Comparisons were made using Blastn (version 2.2.29) with the following parameters “ -task
blastn-short -evalue 1e-3 -max_target seqs 4-word_size 7 -gapopen 5 -gapextend 2 -penalty -1 -
reward 1 -dust no -outfmt 6 (Camacho et al., 2009). The output blast files were further filtered
requiring sequence alignment to be greater than 20 nts, and have an evalue of .001. This analysis

and the detailed commands ran can be found in the following snakemake file titled
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“ID_syntenic_orthologous.ACRs.snake”, and found in the snakemake directory in the associated

github.

Identifying Cell-type-specific Motifs:

De-novo cell-type-specific motifs were identified by using XSTREME (version 5.5.3) of the
MEME suite package (Bailey et al., 2015; Grant & Bailey, 2021). In brief the sequences
underlying the cell-type-specific ACRs were isolated, and equally matched null set of broadly-
accessible ACRs were used the comparison for genomic enrichment. These null ACRs were
matched in terms of GC content, and were only allowed to be 5% different from the cell-type-
specific set in question and generated using the script “gen null fa.py”. Upon generation, motifs
were analyzed using the universalmotifs package in R (version 3.18) (Universalmotif, n.d.).
Motifs were first compared using HELL distance, and motifs which had a low correlation were
discarded. In order to generate representative motifs, highly correlated motifs were merged using
the function “merge motifs” in found in the universalmotifs package. To identify the location of
motifs, the R package motifmatchR were used, with a significant value cut off of .0005

(Motifmatchr, n.d.).

Data availability:

sciATAC-seq data for Z. mays, S. bicolor, U. fusca, and P. miliceum is found in NCBI under the
following bioproject PRINA1063172. Leaf data for O.sativa can be found under the following
SRR bioproject PRINA100757. All scripts used for processing and analyzing data in this
manuscript can be found at the following github repository:

https://github.com/Jome0169/Mendieta.C4 manuscript
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Chapter 4

Evolution of plant cell-type-specific cis-regulatory elements'

"Mendieta, John. Submitted to Nature, 1/22/2024
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Abstract:

Cis-regulatory elements (CREs) are critical in regulating gene expression, and yet our
understanding of CRE evolution remains a challenge. Here, we constructed a
comprehensive single-cell atlas of chromatin accessibility in Oryza sativa, integrating
data from 104,029 nuclei representing 128 discrete cell states across nine distinct organs.
We used comparative genomics to compare cell-type resolved chromatin accessibility
between O. sativa and 57,552 nuclei from four additional grass species (Zea mays,
Sorghum bicolor, Panicum miliaceum, and Urochloa fusca). Accessible chromatin
regions (ACRs) had different levels of conservation depending on the degree of cell-type
specificity. We found a complex relationship between ACRs with conserved noncoding
sequences, cell-type specificity, conservation, and tissue-specific switching. Additionally,
we found that epidermal ACRs were less conserved compared to other cell types,
potentially indicating that more rapid regulatory evolution has occurred in the L1
epidermal layer of these species. Finally, we identified and characterized a conserved
subset of ACRs that overlapped the repressive histone modification H3K27me3,
implicating them as potentially critical silencer CREs maintained by evolution.
Collectively, this comparative genomics approach highlights the dynamics of cell-type-

specific CRE evolution in plants.
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Main

Cis-regulatory elements (CREs) function as pivotal hubs, facilitating the binding of
transcription factors (TFs) and recruitment of chromatin-modifying enzymes, thereby
fine-tuning gene expression in a spatiotemporal-specific manner (Preissl et al., 2023).
CREs play important roles in developmental and environmental processes, and their
functional divergence frequently drives evolutionary change (Marand et al., 2023;
Wittkopp & Kalay, 2012). Prior studies highlighted the dynamic nature of CREs
throughout evolution and their involvement in regulating gene expression via distinct
chromatin pathways (Kajala et al., 2020; Lu et al., 2019; Maher et al., 2018; Oka et al.,
2017; Reynoso et al., 2019; Ricci et al., 2019). Across diverse cell types, gene expression
is intricately regulated by multiple distinct CREs, each exerting control within specific
cell or tissue type or particular developmental stage and environmental cue (Cusanovich
et al., 2018; Domcke et al., 2020; Lu et al., 2023). Environmental sensing and adaptation,
in plants, relies heavily upon epidermal cells (Javelle et al., 2011). For example,
epidermal bulliform cells in grasses change their turgor pressure to roll the leaf to slow
water loss under stressful conditions, with the TF, ZINC FINGER HOMEODOMAIN 1
(ZHD1), modulating leaf rolling by influencing rice (Oryza sativa) bulliform cell
development (Kadioglu et al., 2012; Xu et al., 2014). Several studies have identified
CRE:s functioning in a cell-type-specific manner within various plant species (Dorrity et
al., 2021; Farmer et al., 2021; Feng et al., 2022; Marand et al., 2021; Nobori et al., 2023;
Swift et al., 2023; Tu et al., 2022; L. Zhang et al., 2023). Despite these findings, our
understanding of CREs exhibiting evolutionarily conserved or divergent cell-type-

specific activities remains limited.
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Through single-cell assay for transposase accessible chromatin sequencing (scATAC-
seq), we constructed an expansive single-cell reference atlas of accessible chromatin
regions (ACRs) within rice. We then leveraged these data in tandem with four additional
scATAC-seq leaf datasets from diverse grasses (Zea mays, Sorghum bicolor, Panicum
miliaceum, and Urochloa fusca) allowing us to compare ACRs across species and cell
types (Mendieta et al., 2024). We quantified the proportion of ACRs that were conserved
in these monocots and found high rates of cell-type-specific ACR turnover, particularly
in epidermal cells. This indicates that the CREs associated with specific cell types are
rapidly changed by evolution. Finally, we used both conserved non-coding sequences
(CNS) and H3K27me3 to find a series of conserved ACRs and the candidate CREs
within them that are potentially important for recruitment of Polycomb-mediated gene

silencing.

Construction of an ACR atlas at Single-cell Resolution in Rice

To create a cell-type-resolved ACR rice atlas, we conducted scATAC-seq across a
spectrum of nine organs in replicate (Figure 4.4.1a and b). Data quality metrics, such as
correlation between biological replicates, transcription start site enrichment, fraction of
reads in peaks, fragment size distribution, and organelle content, revealed excellent data
quality (Supplementary Figure 4.4.1 and 2). Following strict quality control filtering, we
identified 104,029 high-quality nuclei, with an average of 41,701 unique Tn5 integrations
per nucleus. Based on a nine-step annotation strategy, which included RNA in situ and
spatial-omic (slide-seq) validation of cell-type specificity, we identified a total of 128 cell

states, encompassing 60 main cell types across various developmental stages from all the
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organs sampled (Figure 4.4.1b; Extended Data Figure 4.1a; Supplementary Note 1;
Supplementary Figure 4.3-12; Supplementary Tables 1-5).

By analyzing cell-type-aggregated chromatin accessibility profiles, we identified a
total of 120,048 ACRs (Extended Data Figure 4.1b and c¢). Among these ACRs, 42,649
were categorized as ‘cell-type-specific ACRs’, exhibiting accessible chromatin in less
than 17% (10/60) of the main cell types, whereas approximately 77,399 were classified as
‘broad ACRs’ with chromatin accessibility in more than 17% of the cell types (Figure
4.1c¢ and d; Extended Data Figure 4.1d and e). When analyzing their proximity to
genomic features in the rice genome, about half of the ACRs were gene proximal (52%;
located within 2 kb of genes; Figure 4.1¢). These proximal ACRs had higher but less
variable chromatin accessibility than genic and distal ACRs (Extended Data Figure 4.1f).
In contrast, about 19% of the ACRs overlapped genes, mostly in introns, and the
remaining 29% were categorized as distal (Figure 4.1e; situated more than 2 kb away
from genes). The greater chromatin accessibility variance in non-proximal ACRs,
suggests these regions may be important in different cellular contexts or tissues.

We were interested in leveraging the O. sativa atlas to understand how ACRs change
during grass evolution. The O. sativa ACRs were overlapped with syntenic regions
defined by their relationship to four different grass species Z. mays, S. bicolor, P.
miliaceum, and U. fusca that have single-cell ATAC sequencing using combinatorial
indexing (sciATAC-seq) data from leaves (Mendieta et al., 2024). The analysis revealed
that 34% (40,477) of the O. sativa ACRs were within 8,199 syntenic regions (~86 Mb in
0. sativa) between O. sativa and at least one of four examined grass species, whereas the

majority of ACRs (66%; 79,571) were located in non-syntenic regions. Notably, these
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non-syntenic ACRs were enriched (p = 6e-248 to 0.0031; Fisher's exact test) for cell-type
specificity, particularly for proximal and distal ACRs (Figure 4.1f; Extended Data Figure
4.1g). This reveals that most of the ACRs in the grass species examined occurred in non-

syntenic regions.
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Figure 4.1. Identifying Cell types and characterizing ACRs in rice using scATAC-
seq data. a, Overview of cell types in leaf, root, seed, and panicle organs. VAS cells:
vasculature-related cells. QC: Quiescent Center. SBM: Secondary Branch Meristem.
PBM: Primary Branch Meristem. SM: Spikelet Meristem. FM: Floral Meristem. b,
UMAP projection of nuclei, distinguished by assigned cell-type labels in axillary bud,
early seedling (7 days after sowing), seedling (14 days after sowing), leaf (V4 stage; four
leaves with visible leaf collars), seminal root, crown root, panicle, early seed
development (6 DAP; days after pollination), and late seed development (10 DAP).
SAM: Shoot Apical Meristem. CSE: Central Starchy Endosperm. DSE: Dorsal Starchy
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Endosperm. LSE: Lateral Starchy Endosperm. SVB: Scutellar Vascular Bundle. ¢,
Evaluation of proportions of ACRs that are cell-type specific versus broad. d, A
screenshot illustrates the examples of cell-type-specific and broad ACRs. e, Accessible
chromatin regions (ACRs) show a bimodal distribution of distance to the nearest gene.
The ACRs were categorized into three major groups based on their locations to the
nearest gene: genic ACRs (overlapping a gene), proximal ACRs (located within 2 kb of
genes), and distal ACRs (situated more than 2 kb away from genes). f, The enrichment of
cell-type-specific ACRs in non-syntenic regions as opposed to syntenic regions.
Significance testing was performed using a two-sided Fisher's exact test.

The Landscape of Cell-type-specific ACRs Across Grass Species

To determine to what degree ACR number, genomic position and cell-type specificity
differs amongst grasses, we compared the composition and distribution of leaf ACRs
across the five species (Figure 4.2a). Using previous cell-type annotations, we calculated
the proportion of both broad and cell-type-specific ACRs across all species (Mendieta et
al., 2024). An average of ~53,000 ACRs were identified across the five species, with 15-
35% of the ACRs classified as cell-type specific (Figure 4.2b). Broad and cell-type-
specific ACRs were equivalent in their distributions around promoters, distal, and genic
regions (Figure 4.2¢; Extended Data Figure 4.2a-c).

Prior hypotheses have suggested that large scale regulatory rewiring could play a key
role in cell-type adaptation to environmental conditions (Kajala et al., 2020; Lv et al.,
2023). To explore instances where divergent TF activity in orthologous cell types
occurred, we associated gene body chromatin accessibility of TFs with their cognate TF
motifs across different species and cell types. Approximately 71% of the TFs examined
exhibited a positive correlation between the local chromatin accessibility of their gene
body and global enrichment of their cognate binding motifs within ACRs across all cell

types (Extended Data Figure 4.3a). This finding suggests a relationship between the local

105



TF gene chromatin accessibility and TF protein activity in the same cell. Moreover, the
genomic sequences from all ACRs discovered in all species and cell types exhibited
enrichment of TF motifs compared to the control set of sequences (Extended Data Figure
4.3b). Furthermore, TF motif enrichment analysis revealed known TF-cell-type
specificities (Figure 4.2d). For example, the HOMEODOMAIN GLABROUS 1 (HDG1)
TF is critical for epidermis and cuticle development and its motif was enriched in
epidermis cells in all five species (Extended Data Figure 4.3c) (R. Wu et al., 2011). We
also observed motif enrichments of WRKY, HOMEODOMAIN-LEUCINE ZIPPER
(HD-ZIP), and PLANT ZINC FINGER (PLINC) in epidermal cells across all five species
examined (Figure 4.2¢; Extended Data Figure 4.3d; Supplementary Table 6). This result
indicates that these TFs play a conserved role in the development of the grass epidermis.
Phloem companion, sieve element cell, and bundle sheath cell TFs exhibited similar
enrichments across the species (Figure 4.2¢). However, species-specific motif patterns
were also observed, with O. sativa being the most different. For example, the DNA-
BINDING ONE ZINC FINGER (DOF) TF family exhibited higher enrichment scores in
four species (Z. mays, S. bicolor, P. miliaceum, and U. fusca) that are C4
photosynthesizing species, as opposed to O. sativa, which uses C3 photosynthesis (Figure
4.2e; Extended Data Figure 4.3e and f). The DOF TF family regulates the formation and
function of vascular tissues in Arabidopsis thaliana, and has been implicated in the
switch from Cs to C4 (Figure 4.2¢; Extended Data Figure 4.3¢ and f) (Dai et al., 2022; Le
Hir & Bellini, 2013; Swift et al., 2023; Yanagisawa, 2000). These results suggest that
distinct DOF TF motif enrichment in phloem and bundle sheath cells might fulfill

different vasculature roles in C3 and Cs grass leaves (Gao et al., 2018; UENO et al.,
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2006). Taken together, our findings demonstrate the power of sScATAC-seq data in a

comparative framework to explore regulatory evolution, both based on the relationship of

ACRs to TF motifs, as well as the relationship between TFs and their corresponding

motifs.
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Figure 4.2. Position and motif enrichment of cell-type-specific ACRs across species.
a, A phylogenetic tree illustrates five species under examination. b, The count of broad
and cell-type-specific ACRs. ¢, Broad and cell-type-specific ACRs were classified into
three main groups based on their proximity to the nearest gene: genic ACRs (overlapping
a gene), proximal ACRs (located within 2 kb of genes), and distal ACRs (situated more
than 2 kb away from genes). O. sativa, P. miliaceum, and U. fusca showed a higher
percentage of proximal ACRs, but a lower percentage of distal ACRs compared to Z.
mays and S. bicolor, likely reflecting differences in intergenic space and overall genome
sizes. d, A heatmap illustrates nine TF motif enrichments, consistent with the known TF
dynamics among cell types [CIRCADIAN CLOCK ASSOCIATED 1 (CCA1), LATE
ELONGATED HYPOCOTYL (LHY) and JUNGBRUNNENI (JUB1): mesophyll;
CYCLING DOF FACTOR 3 (CDF3) and CDF5: companion cells; DOF1.8: vascular-
related cells; ANTHOCYANINLESS2 (ANL2), HOMEODOMAIN GLABROUS 1
(HDG1), and HDG11: epidermis (Amanda et al., 2016; Kubo et al., 2008; Otero &
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Helariutta, 2017; Ramachandran et al., 2020; Shimadzu et al., 2023; R. Wu et al., 2011).
e, A heatmap illustrates collapsed TF motif enrichment patterns into super motif families
across various species for each cell type. The motif enrichment score cutoff was set to
0.05. The DOF TF motif family was highlighted by a red frame. To mitigate the impact
of substantial variations in cell numbers across species or cell types, we standardized
(down-sampled) the cell counts by randomly selecting 412 cells per cell type per species.
This count represents the lowest observed cell count for a given cell type across all
species (See Methods: Linear-model based motif enrichment analysis).

Species-specific Evolution of Cell-type-specific ACRs

To understand how cell-type-specific and broad ACRs changed over evolution, we
examined ACRs within syntenic regions among the studied species. To compare ACRs,
we devised a synteny-based BLASTN pipeline that allowed us to compare sequences
directly (See Methods: Identification of syntenic regions; Figure 4.3a; Extended Data
Figure 4.4a; Supplementary Table 7). Using O. sativa ACRs as a reference, we identified
three classes of cross-species ACR conservation: 1) ACRs with matching sequences that
are accessible in both species (shared ACRs), 2) ACRs with matching sequences, but are
only accessible in one species (variable ACRs), and 3) ACRs where the sequence is
exclusive to a single species (species-specific ACRs; Figure 4.3b). The shared ACR
BLASTN hits were often small syntenic sequences, highlighting the large divergence of
grass ACRs sequences. However, the majority (92-94%) of these shared BLASTN
sequences encoded known TF motifs (Supplementary Figure 4.13), indicating that shared
ACRs are conserved regulatory regions. In contrast, variable ACRs represent a blend of
conserved and divergent regulatory elements, and species-specific ACRs likely indicate
novel regulatory loci. We found that, on average, shared ACRs were enriched (p = 9e-55
to 4e-17; Fisher’s exact test) for broad ACRs, whereas the variable (p = 2e-16 to 2e-04;

Fisher’s exact test) and species-specific (p = 2e-06 to 2e-03; Fisher’s exact test) classes
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were enriched for cell-type specificity (Figure 4.3c; Extended Data Figure 4.4b and c).
Moreover, we observed that the genomic distribution of shared ACRs were biased
towards proximal ACRs (Extended Data Figure 4.4d). This contrasts with cell-type-
specific ACRs, which are overrepresented in the species-specific class, and tend to reside
in distal genomic regions (Extended Data Figure 4.4e).

We further investigated whether the cell-type-specific ACRs were conserved in their
cell-type specificity by evolution. Pairwise comparison between O. sativa and the other
grasses revealed that a low number (128 to 299) of shared ACRs retained cell-type
specificity in both species (Extended Data Figure 4.4f). Of these few shared cell-type
specific ACRs, the majority (62%-68%), were accessible in the identical cell-type in both
O. sativa and the corresponding species (Figure 4.3d; Extended Data Figure 4.4f). For
example, the promoter ACR associated with LATERAL ROOT DEVELOPMENT 3
(LRD?3), a gene critical in companion cell and sieve element development , showed
sequence conservation between O. sativa and S. bicolor (Figure 4.3d) (Ingram et al.,
2011, p. 3). Interestingly, ACRs which were mesophyll specific in O. sativa changed
their cell-type specificity to bundle sheath 17%-41% of the time, while bundle sheath
ACRs changed to mesophyll 9%-25% of the time (Figure 4.3d; Extended Data Figure
4.4¢). This result is likely due to the functional divergence associated with the shift from
Cs3 (O. sativa) to Ca (all other species sampled) photosynthesis (Mendieta et al., 2024;
Swift et al., 2023). Of all the classes of cross-species ACR conservation, species-specific
ACRs were the most predominant in every cell type (Figure 4.3¢). These findings suggest
a dynamic and rapid evolution of cell-type-specific ACRs within the examined species.

Notably, ACRs in L1 layer (epidermis and protoderm) cells exhibited the highest
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proportion of species-specific ACRs (Figure 4.3¢e; Extended Data Figure 4.5a-c),

suggesting that L1 ACRs are more evolutionarily divergent compared to the other cell

types.
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Figure 4.3. Cell-type-specific ACRs are frequently species-specific. a, A screenshot
illustrating syntenic regions capturing shared ACRs across five species. The red bars
denote syntenic ACRs within regions flanked by corresponding syntenic gene pairs,
while the gray color highlights these syntenic gene pairs. b, Three classes depicting
variations in ACR conservation between two species. ‘Shared ACRs’: ACRs with
matching sequences that are accessible in both species; ‘Variable ACRs’: ACRs with
matching sequences but are only accessible in one species; ‘Species-specific ACRs’:
ACRs where the sequence is exclusive to a single species. ¢, The percentage of broad and
cell-type-specific ACRs underlying three classes shown in panel b. The significance test
was done by using the Fisher's exact test (alternative = ‘two.sided’). d, Left, the number
and percentage of O. sativa shared ACRs that retain or change cell-type specificity
amongst the other four species. Right, a screenshot of a O. sativa phloem specific ACR
that retains phloem specificity in S. bicolor. This ACR is situated at the promoter region
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of LRD3 which is specifically expressed in companion cell and phloem sieve elements
(Supplementary Table 2). The gray shaded region highlights the syntenic gene pair. e,
The percentage of cell-type-specific ACRs identified across all cell types within each
species pair split into three classes shown in panel b. The percentage for each cell type
within the three classes collectively sum to 100%.

Delving deeper into the L1 TF families, we focused on species-specific L1 ACRs.
Within the species-specific syntenic ACRs, we observed a predominance of TF motifs for
the HD-ZIP, SQUAMOSA PROMOTER BINDING PROTEIN (SBP), PLINC families
(Extended Data Figure 4.6a). Many of these, such as HDG1, ZHD1, ATHB-20, SPL3,
SPL4, and SPLS, function in epidermal cell development (Chen et al., 2010; Denyer et
al., 2019; Fang et al., 2021; Horstman et al., 2015; Xu et al., 2014). The predominance of
these motifs in the species-specific ACR class suggests that although L1 TF motif
sequences are well conserved (Figure 4.2d and e), yet the positions of these motifs are not
conserved in grass genomes. Upon comparing TF-motif enrichment in syntenic and non-
syntenic ACRs, we observed the presence of these epidermal motif families in both
groups (Extended Data Figure 4.6b; Supplementary Table 8), indicating their essential
roles in both plant epidermal cell development and rapid gene-regulatory co-option in
species-specific sequences. Notably, some TF-motif families such as WRKY in
epidermal cells, were more enriched in non-syntenic ACRs (Extended Data Figure 4.6b),
further supporting that this family may drive phenotypic innovation of the epidermal
layer.

To look for derived species-specific ACRs associated with the altered expression of
surrounding gene orthologs in epidermal cells, we performed a single-nucleus RNA

sequencing (snRNA-seq) analysis in O. sativa (Supplementary Figure 4.7;
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Supplementary Table 9). By integrating with a snRNA-seq data from Z. mays, we
identified 87 orthologous genes, irrespective of syntenic regions, which exhibited
elevated L1 O. sativa expression compared to Z. mays (Extended Data Figure 4.6c;
Supplementary Table 10) (Marand et al., 2021). A gene ontology enrichment test for
these 87 genes revealed eight genes that were significantly enriched in the lipid metabolic
process (Extended Data Figure 4.6d), likely related to epidermal cuticle metabolism.
Among the eight genes, one orthologous gene to 4. thaliana GDSL LIPASE GENE
(LIP1I) has been shown to be specifically expressed in the epidermis (Rombola-Caldentey
et al., 2014). We further identified 102 L1 cell-type-specific ACRs from O. sativa that
were the closest to the 87 orthologous genes and observed 11 TF motifs were enriched (g
= 3e-10 to 5e-04; Binomial test) in these ACRs (Extended Data Figure 4.6¢). These
included TF family motifs known for their roles in epidermal cell development such as
ZHD1, HDGI11, ZHDS5, HDG1, and WRKY25 (Hong et al., 2011; Rosado et al., 2022; R.
Wu et al.,, 2011; L.-H. Yu et al., 2016). For example, within the OsLIP1 intron, we
identified two ZHD1 motifs within a species-specific ACR that was specifically
accessible in L1 cells (Extended Data Figure 4.6¢). We also flipped this comparison by
identifying 166 orthologs with elevated maize epidermal expression compared to rice
(Supplementary Table 10). This revealed 196 L1 cell-type-specific ACRs in Z. mays.
Within these ACRs, the most enriched (¢ = 0.0129 to 0.0392; Binomial test) TF motif
was MYELOBLASTOSIS 17 (MYB17; Extended Data Figure 4.6f and g). This R2R3
MYB family TF is associated with epidermal cell development, specifically for its
involvement in the regulation of epidermal projections (Brockington et al., 2013).

Furthermore, we hypothesized that some of these novel motifs could be related to O.
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sativa transposable element (TE) expansion. Notably, we found long terminal repeat
retrotransposon (LTR)-associated ACRs from the Gypsy family were enriched (p =
0.0012 to 0.0415; Fisher’s exact test) in O. sativa epidermal cell-type-specific ACRs
(Extended Data Figure 4.6h). The ZHD1 motif was enriched within these Gypsy-
associated ACRs (p =0.0011 to 0.0052; Binomial test) (Extended Data Figure 4.61). By
linking snRNA-seq to scATAC-seq data, we tied gene-proximal CRE changes to elevated
epidermal expression of conserved orthologs 50 million years derived (Kh et al., 1989).
These CRE changes drive variance in species-specific L1 layer development, potentially

contributing to species differences in environmental adaptation.

CNS are Enriched in Cell-type-specific ACRs

To augment our syntenic ACR BLASTN approach, we sought to identify CNS
through comparative genomics (Babarinde & Saitou, 2016; Lu et al., 2019; Song et al.,
2021; Woolfe et al., 2004). Outside of UTRs, CNS are thought to encompass CREs that
drive processes too critical to be lost during evolution (Nelson & Wardle, 2013). To our
knowledge, no plant study has overlapped CNS with cell-type-specific chromatin
accessibility measurements, leaving it unknown whether CNS retain the same cell-type
accessibility in different species. 53,253 O. sativa and 284,916 Z. mays published CNS
overlapped with the leaf ACRs identified in this study (Hendelman et al., 2021).
Excluding CNS overlapping with untranslated regions, 30.8% and 21.3% of CNS
overlapped with the leaf-derived ACRs in O. sativa and Z. mays, respectively (Figure
4.4a). Using all ACRs in the O. sativa atlas, this ratio increased to 65.0% (Figure 4.4a),

indicating that a significant portion of these CNS likely function in specific cell types and
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tissues. One common assumption is that CNS that overlap with ACRs (CNS ACRs)
retain the exact same function between species. We observed 39% to 51% of total CNS
ACRs within the ‘shared CNS ACR’ class (Extended Data Figure 4.7a and b), suggesting
these ACRs have conserved functions and conserved cellular contexts between O. sativa
and Z. mays. Within syntenic regions, ACRs with CNS are more cell-type specific than
those without (Figure 4.4b). This enrichment was consistent for all classes of ACRs we
identified, except for species-specific ACRs which were equivalently cell-type specific
and broad (Figure 4.4b). The enrichment of CNS in cell-type-specific ACRs stress the
importance of rare cell-type function, as the cell-type-specific CREs are preferentially
retained during evolution.

However, the majority (49-61%) of all CNS ACRs differed in cell-type specificity
between O. sativa and Z. mays (Extended Data Figure 4.7a and b). Specifically, we
examined the CNS found in Z. mays ACRs that did not have a corresponding leaf ACR in
O. sativa. Leveraging the O. sativa atlas, we identified these sequences had divergent
cellular or tissue chromatin accessibilities. 249 (75%) of the Z. mays leaf variable CNS
ACRs were accessible in non-leaf cell states (Figure 4.4c-e; Extended Data Figure 4.7¢),
highlighting the instability of the cellular context in which CNS acts. This suggests
frequent co-option of CNS CRE:s into different tissues or cell types. Investigating the
CNS ACRs that lost leaf cell-type specificity, we observed that these ACRs were
accessible in many non-leaf cell types, uniformly distributed amongst the atlas cell
annotations (Extended Data Figure 4.7c-g). Consistent with our findings that epidermal-
specific ACRs tend to have the most species-specific ACRs in syntenic regions (Figure

4.3e; Extended Data Figure 4.5a-c), L1 cells showed a significantly lower ratio of non-
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syntenic CNS ACRs compared to other cell types. This lower ratio demonstrates the
frequent loss of L1 CNS, further supporting the rapid evolution of epidermal
transcriptional regulation.

Interestingly, we noticed a pattern where some CNS within ACRs also overlapped
domains of H3K27me3 (Figure 4.4f). H3K27me3 is a histone modification associated
with facultative heterochromatin established by the POLYCOMB REPRESSIVE
COMPLEX 2 (PRC2) (Cao et al., 2002; Lu et al., 2019; Schmitz et al., 2022; Xiao et al.,
2017). Genes silenced by PRC2 and H3K27me3 are important regulators that are only
expressed in narrow developmental stages or under specific environmental stimuli, where
they often initiate important transcriptional changes (W. Ouyang et al., 2023; Xiao et al.,
2017). This importance makes the identification of key CREs controlling H3K27me3
silencing especially interesting. Upon closer examination of the ACRs overlapping
domains of H3K27me3 to ACRs away from H3K27me3, we observed that H3K27me3
ACRs were significantly enriched for CNS (Figure 4.4g). This enrichment supports that
some of these CNS underpin conserved, and critical components, of H3K27me3

silencing.
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Figure 4.4. Cell-type-specific ACRs exhibit an enrichment of CNS. a, The percentage
of CNS overlapping with ACRs. ‘n’ indicates the number of CNS. ‘Atlas’ means the
ACRs were from the O. sativa atlas in Figure 4.1b. b, Left, the percentage of broad and
cell-type-specific ACRs within syntenic and non-syntenic regions overlapping with the
CNS. Right, this panel presented similar meaning as the left panel but focusing on three
classes within syntenic regions shown in Figure 4.3b. Broad: Broadly accessible ACR;
CT: Cell-type-specific ACR. Significance testing was performed using the t-test
(alternative = ‘two.sided’). ¢, The bar plot showcases the count of Z. mays variable ACRs
accessible in leaf cell types. d, A sketch illustrating whether variable ACRs containing
CNS in Z. mays capture ACRs derived from the O. sativa atlas. e, The bar plot represents
the count of O. sativa atlas ACRs accessible in non-leaf cell types. f, An example of a
syntenic block containing O. sativa-to-Z. mays conserved ACRs within a H3K27me3
region. CNS were highlighted using red color. g, The percentage of ACRs capturing CNS
in and outside of H3K27me3 regions. The percentage for each group within H3K27me3
and not within H3K27me3 regions collectively sum to 100%. Significance testing was
performed using Fisher’s exact test (alternative = ‘two.sided”).
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Candidate Silencer CREs are Enriched in Broad ACRs

To assess the stability and change of H3K27me3 related ACRs across grass lineages,
we focused on comparing O. sativa, Z. mays, and S. bicolor using previously published
H3K27me3 ChIP-seq data (Lu et al., 2019). We considered ACRs near or within
H3K27me3 regions and classified them into two groups: H3K27me3-broad, representing
H3K27me3 associated ACRs with chromatin accessibility in many cell types and
H3K27me3-cell-type specific, those H3K27me3 associated ACRs with chromatin
accessibility in few cell types (Figure 4.5a). The composition of H3K27me3-broad and
H3K27me3-cell-type-specific ACRs was consistent across all species (Extended Data
Figure 4.8a). H3K27me3-broad ACRs exhibited a depletion of H3K27me3 at the ACR
(Figure 4.5b), consistent with the absence of nucleosomes in ACRs (Minnoye et al.,
2021). In contrast, H3K27me3 depletion was not observed in H3K27me3-cell-type-
specific ACRs, with most cells in the bulk H3K27me3 measurement likely containing
nucleosomes with H3K27me3 (Figure 4.5b). This is consistent with the H3K27me3-cell-
type-specific ACRs potentially acting after the removal of facultative heterochromatin in
a specific cell type(s). However, the chromatin accessibility of the H3K27me3-broad
ACRs appears to be concurrent with H3K27me3, suggesting these ACRs may regulate
H3K27me3 maintenance and removal across the majority of cellular contexts.

To assess the transcriptional state of genes near the H3K27me3-broad ACRs, we
evaluated snRNA-seq/single-cell RNA sequencing (scRNA-seq) from O. sativa seedling
(Supplementary Figure 4.7) and root, and Z. mays seedling (T.-Q. Zhang et al., 2021).
The results revealed significantly lower expression (p = 3e-34 to 4e-06; Wilcoxon test)

for H3K27me3-broad ACRs associated genes across many cell types (Figure 4.5¢;
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Extended Data Figure 4.8b and c; Supplementary Table 11). Moreover, 58 bulk RNA-seq
libraries from O. sativa organs, demonstrated that the expression of genes near
H3K27me3-broad ACRs were significantly lower (p = 2e-07 to 0.0265; Wilcoxon test)
than genes near H3K27me3-absent broad ACRs (Extended Data Figure 4.8d) (Y. Yu et
al., 2022). To dissect the roles of H3K27me3-broad ACRs, we identified 2,164
H3K27me3-broad ACRs and measured neighboring gene expression in O. sativa cells
(Supplementary Table 12). About 926 (~42.8%) of the H3K27me3-broad ACRs were
associated with 838 genes that exhibited no expression across any sampled cell type
(Extended Data Figure 4.8e; Supplementary Table 12), consistent with these H3K27me3
proximal genes only being expressed under specific conditions. The 1,108 expressed
genes associated with H3K27me3-broad ACRs were enriched (p < 2e-16; Fisher’s exact
test) for cell-type specificity compared to genes without H3K27me3 (Extended Data
Figure 4.8f). In summary, single-cell expression analysis revealed that the genes linked to
H3K27me3-broad ACRs exhibited the hallmarks of facultative gene silencing.

We hypothesized that the H3K27me3-broad ACRs would be enriched for PRC2
silencer elements, as their consistent chromatin accessibility provides an avenue to recruit
PRC2 to maintain H3K27me3 throughout development. Supporting the presence of
silencer CREs with these ACRs, a known silencer CRE ~5.3 kb upstream of FRIZZY
PANICLE was within a H3K27me3-broad ACR (Extended Data Figure 4.8g) (Bai et al.,
2017). To exploit the known Polycomb A. thaliana targets, we used scATAC-seq and
H3K27me3 data from A. thaliana roots and annotated H3K27me3-broad ACRs (Bai et
al., 2017; Marand et al., 2021; Wang et al., 2023). The A4. thaliana H3K27me3-broad

ACRs significantly (p < 2e-16; Binomial test) captured 53 of the 170 known Polycomb
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responsive elements compared to a control class of ACRs, supporting their putative
silencer function (Extended Data Figure 4.8h) (Xiao et al., 2017). Furthermore, we
implemented a de novo motif analysis on the 170 A. thaliana elements and identified all
reported Polycomb response element (PRE) motifs (CTCC, CCG, G-box, GA-repeat,
AC-rich, and Telobox) (Figure 4.5d) (Xiao et al., 2017). Using these motifs and our
chromatin accessibility data, we predicted putative binding sites in O. sativa, Z. mays,
and S. bicolor, and observed that five motifs were significantly (p = 2e-178 to 1e-05;
Binomial test) enriched in the H3K27me3-broad ACRs compared to a genomic control
(Figure 4.5d). About 88.0% to 92.7% of H3K27me3-broad ACRs contained at least one
PRE motif and 0.1% to 0.2% encompassing all the six of the major PRE classes
(Extended Data Figure 4.81). EMF2b is an essential component of the PRC2 complex
(Cao et al., 2002; Tan et al., 2022; Tonosaki & Kinoshita, 2015). About 63.7%
(4,053/6,364) of the H3K27me3-broad ACRs significantly (p < 2e-16; Binomial test)
overlapped peaks from ChlIP-seq targeting EMF2b compared to a control class of ACRs
(Figure 4.5¢). EMF2b occupancy was enriched at H3K27me3-broad ACRs (Figure 4.5f),
supporting H3K27me3-broad ACRs acting as PRC2 recruiting silencers. Beyond PRE
motifs, we observed significant enrichment (p = le-16 to 0.0376; Hypergeometric test) of
four TF family motifs in H3K27me3-broad ACRs: APETALA2-like (AP2), basic Helix-
Loop-Helix (bHLH), Basic Leucine Zipper (bZIP), and C2H2 zinc-finger (ZnF)
(Extended Data Figure 4.8j; Supplementary Table 13). AP2 and C2H2 are known to
recruit PRC2 (Xiao et al., 2017). In general, the motif discovery within the H3K27me3-

broad ACRs supports them harboring H3K27me3 silencer CREs.
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Figure 4.5. Discovery of candidate silencer CREs across species. a, A sketch graph
illustrates the classification of ACRs based on their proximity to H3K27me3 peaks. We
classified the ACRs into two groups: H3K27me3-associated ACRs (found within or
surrounding H3K27me3 peaks) and H3K27me3-absent ACRs. The H3K27me3-
associated ACR were further divided into broad ACRs, characterized by chromatin
accessibility in at least five cell types, and cell-type-specific ACRs, accessible in less
than three out of six examined cell types across all the species. b, Alignment of
H3K27me3 chromatin attributes at summits of distinct ACR groups. ¢, A comparative
analysis of expression levels and chromatin accessibility of genes surrounding broad
ACRs under and outside of H3K27me3 peaks. ** indicate p value < 0.01, which was
performed by the Wilcoxon test (alternative = ‘two.sided’). The broad ACRs where the
H3K27me3 region overlapped >50% of the gene body were positioned within 500 to
5,000 bp upstream of the transcriptional start site of their nearest gene. d, Percentage of
H3K27me3-broad ACRs in O. sativa, Z. mays, and S. bicolor capturing six known motifs
enriched in PREs in 4. thaliana. ** indicate p value < 0.01, which was performed by the
Binomial test (alternative = ‘two.sided’; See Methods: Construction of control sets for
enrichment tests). e, The number of H3K27me3-broad-ACR capturing EMF2b ChIP-seq
peak. The significance test was done by using the Binomial test (See Methods:
Construction of control sets for enrichment tests; alternative = ‘two.sided’). f, A metaplot
of EMF2b ChIP-seq profile at summits of H3K27me3-broad ACRs identified from O.
sativa leaf. g, a screenshot of OsNCEDS accessibility in O. sativa and NCED3
accessibility in Z. mays L1 cells which contains four H3K27me3-broad ACRs and two O.
sativa epidermal specific and species-specific ACRs with three ZHD1 motif sites.
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Mirroring our previous syntenic ACR analysis, we split the O. sativa H3K27me3-
broad ACRs into three classes, shared, variable and species specific, to investigate the
relationship between these candidate silencers and species divergence (Extended Data
Figure 4.9a-c; Supplementary Table 14). Between 54% to 61% of the H3K27me3-broad
ACRs were present in the species-specific class, and the H3K27me3-broad ACRs were
more likely to be species-specific compared to broad ACRs without H3K27me3
(Extended Data Figure 4.9d). Since these H3K27me3-broad ACRs exhibit hallmarks of
PRC2 recruitment, we suspect that altered silencer CREs use context to drive species-
specific developmental and environmental responses.

Since we identified L1 cells as being enriched in species-specific ACRs, we sought to
examine the changes in H3K27me3 regulation within this tissue. We examined our
previously identified 87 O. sativa-to-Z. mays orthologs to see if these genes contained
H3K27me3. We observed 18 of these 87 genes were close to H3K27me3-broad ACRs
(Supplementary Table 15). For example, we identified four H3K27me3-broad ACRs, and
three ZHD1 motifs within two species-specific ACRs surrounding OsNCEDS that were
specifically accessible in L1 cells (Figure 4.5g). OsNCEDS TF is known to regulate
tolerance to water stress and regulate leaf senescence in O. sativa (Huang et al., 2019).
These results highlight that H3K27me3 mediated silencing may play a critical role in

divergent regulation in L1 layer development.

Discussion

Our comparison of O. sativa with four other grasses revealed patterns in the

evolutionary dynamics of O. sativa ACRs within syntenic and non-syntenic regions and
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discovered that the grass L1 layer exhibits elevated rates of transcriptional regulatory
divergence compared to other tissue/cell types. O. sativa had an increased prevalence of
the ZHD1 TF motif, partly driven by past LTR TE expansion, that contributed to elevated
ortholog L1 expression compared to Z. mays (Figure 4.6a). This was driven by a
contrasting dichotomy; the epidermal TF motifs were the most cell-type specific of all
those studied, yet their cognate ACRs exhibited the strongest target divergence amongst
the measured species. This duality highlights tandem conservation of core epidermal
CRE and motif targets, and the rapid co-option of novel regulatory regions into these
existing regulatory frameworks. This rapid regulatory evolution might relate to the
dynamic environmental pressures the epidermis has evolved to withstand (Javelle et al.,
2011). Although to a lesser extent than the epidermis, this interesting contrast, where the
cell-type restricted TF motifs are conserved and the cell-type-specific chromatin
accessibility of cognate CREs are not, extends to other cell types. This supports a larger
pattern of novel CRE target evolution that co-opts established cell-type-specific TF

networks.
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Figure 4.6. Evolution of cell-type-specific ACRs and CREs. a, The analysis of leaf cell
types across these species revealed an enrichment of cell-type-specific ACRs in species-
specific regions. Notably, these species-specific ACRs were enriched within L1 cells
compared to all others examined. Additionally, it was observed that epidermal cell-
specific ACRs significantly overlapped with LTR-Gypsy TEs, which were enriched for
the ZHD1 motif known to regulate leaf curling. The L1 ACRs within the ZHD1 motif
likely contribute to species-specific elevated expression of genes involved in L1 cell
development. b, We found an enrichment of CNS in cell-type-specific ACRs. Although
some CNS ACRs retained the same cell-type specificity between O. sativa and Z. mays,
these CNS ACRs often switched tissue or cell-type accessibility between grass species. ¢,
Despite being within facultative heterochromatin, H3K27me3-broad ACRs are accessible
in many cell types, providing a physical entry point for PRC2 to bind. Several lines of
evidence support that the H3K27me3-broad ACRs contain silencer CREs. Specifically,
these ACRs are linked to transcriptionally silent genes, are enriched for PRE motifs,
enriched for TF family motifs (AP2 and C2H2) reported to recruit PRC2, and enriched
for PRC2 subunit (EMF2b) ChIP-seq peaks.

123



Highlighting the rapid rate of regulatory evolution, ACRs, and the CREs within them,
underpin phenotypic variation within plant and mammalian species (Andrews et al.,
2023; Cusanovich et al., 2018; Engelhorn et al., 2023; Marand et al., 2021). Despite the
link between CREs and phenotypic variation, how these transcriptional regulatory
circuits have changed during species divergence is challenging to address. This is partly
due to rapid CRE changes occluding pairwise comparison; even closely related plant
species share but a fraction of their ACR/CRE complements (Zhao & Schranz, 2019). We
used a comparative single-cell epigenomics approach to characterize the evolution of
cell-type-specific ACRs and CREs in grasses. We demonstrate that grass cell-type-
specific ACRs have changed tremendously over 50 million years, with relatively few
(0.2-0.4%) cell-type-specific ACRs remaining conserved across the examined plant
species. This contrasts with mammals, where ~17% (66,781/384,412) of cell-type-
specific ACRs remain conserved over 87 million years (Zemke et al., 2023). The huge
difference in ACR conservation highlights the speed at which plant CRE evolution takes
place compared to mammals. The repeated whole genome duplications in plant lineages
(Clark & Donoghue, 2018), and the functional redundancy they provide, may be the fuel
for rapid CRE divergence driving plants’ adaptation to diverse environments (Jump et al.,
2009).

Integration of the O. sativa atlas with CNS revealed ~65% were accessible in at least
one cell type. We expect that most CNS not captured by an ACR in our study are likely
accessible in an unsampled cell type or developmental condition. This stresses the need
for expanded accessible chromatin atlases using more tissues, segments of development,

and environment. Our results also demonstrated that CNS ACRs switch cell-type
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specificity between species (Figure 4.6b). This shows that although CNS can be
conserved function, this function can sometimes be altered in different cellular contexts
across lineages (Ciren et al., 2023). However, it remains possible that the main CNS
function conserved between O. sativa and Z. mays occurs outside of leaves; i.e. these
switching CNS may underpin conserved functions in conserved non-leaf contexts.
Nonetheless, the switching of CNS leaf cell-type accessibility highlights the importance
of merging chromatin accessibility data with CNS datasets, as the assumption of
conserved CNS sequence equaling conserved CRE function is often invalid.

Much focus has been placed on enhancer CREs within ACRs, yet silencers are
equally important, as they repress gene expression until the proper developmental or
environmental cues. Our prior research uncovered that some ACRs flanking H3K27me3
are linked to the suppression of nearby genes®’; however, the question remains whether
these ACRs function as silencers. Our O. sativa cell-type ACR atlas allowed the
identification of ACRs within H3K27me3 regions that were accessible in most cell types
(Lu et al., 2019, 2019). Several lines of evidence support these H3K27me3-broad ACRs
as silencers of linked, transcriptionally repressed genes. Specifically, these putative
silencers were enriched for CNS, PREs and related TF motifs, and PRC2 in vivo
occupancy (Figure 4.6¢) (Tan et al., 2022). Future gene editing of these putative silencers
will reveal more about their role in PRC2 recruitment and gene silencing. Similar
H3K27me3-broad ACR putative silencers were also present in the epigenomic landscape
of O. sativa, Z. mays, and S. bicolor, suggesting this is a conserved feature of grass

genomes. H3K27me3 silencing is deeply conserved in eukaryotes, and we hypothesize

125



that other single-cell comparative genomic investigations will find this pattern of broadly
accessible silencers in all species with H3K27me3 (Wiles & Selker, 2017).

Our rice atlas of cell-type-specific ACRs and this cross-species analysis provides a
useful resource to enhance our understanding of regulatory evolution more broadly. This
resource, and these observations, will fuel research into identifying key CREs controlling

specific genes by demarcating high-confident targets for genome editing.

Methods

Preparation of plant materials

Early seedlings, specifically seedling tissues above ground, were collected 7 and 14 days
after sowing. Flag leaf tissue was harvested at the V4 stage, characterized by collar
formation on leaf 4 of the main stem. Axillary buds were obtained from rice plants grown
in the greenhouse at approximately the V8 stage. Rice seminal and crown root tips
(bottom 2 cm) were gathered at the same stage as seedling tissues, 14 days after sowing.
Panicle tissue was acquired from rice plants grown in the greenhouse. Inflorescence
primordia (2-5 mm) were extracted from shoots harvested at the R1 growth stage, where
panicle branches had formed. Early seeds were harvested at approximately six days after
pollination (DAP), and late seeds at approximately ten DAP. All tissues were collected
between 8 and 9 am, and all fresh materials were promptly utilized for library

construction starting at 10 am.
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Single-cell ATAC-seq library preparation

Nuclei isolation and purification were performed as described previously (X. Zhang et al.,
2024). In brief, the tissue was finely chopped on ice for approximately 2 minutes using
600 pL of pre-chilled Nuclei Isolation Buffer (NIB, 10 mM MES-KOH at pH 5.4, 10 mM
NacCl, 250 mM sucrose, 0.1 mM spermine, 0.5 mM spermidine, | mM DTT, 1% BSA,
and 0.5% TritonX-100). After chopping, the entire mixture was passed through a 40-pm
cell strainer and then subjected to centrifugation at 500 rcf for 5 minutes at 4°C. The
supernatant was carefully decanted, and the pellet was reconstituted in 500 uL of NIB
wash buffer, which consisted of 10 mM MES-KOH at pH 5.4, 10 mM NaCl, 250 mM
sucrose, 0.1 mM spermine, 0.5 mM spermidine, 1 mM DTT, and 1% BSA. The sample
was filtered again, this time through a 10-um cell strainer, and then gently layered onto
the surface of 1 mL of a 35% Percoll buffer, prepared by mixing 35% Percoll with 65%
NIB wash buffer, in a 1.5-mL centrifuge tube. The nuclei were subjected to
centrifugation at 500 rcf for 10 minutes at 4°C. Following centrifugation, the supernatant
was carefully removed, and the pellets were resuspended in 10 pL of diluted nuclei buffer
(DNB, 10X Genomics Cat# 2000207). About 5 uL of nuclei were diluted 10 times and
stained with DAPI (Sigma Cat. D9542) and then the nuclei quality and density were
evaluated with a hemocytometer under an epifluorescence microscope. The original
nuclei were diluted with a DNB buffer to a final concentration of 3,200 nuclei per uL.
Finally, 5 uL. of nuclei (16,000 nuclei in total) were used as input for scATAC-seq library
preparation. scATAC-seq libraries were prepared using the Chromium scATAC v1.1
(Next GEM) kit from 10X Genomics (Cat# 1000175), following the manufacturer's

instructions. (10xGenomics,
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CG000209 Chromium_ NextGEM SingleCell ATAC ReagentKits v1.1 UserGuide Re
vE). Libraries were sequenced with Illumina NovaSeq 6000 in dual-index mode with

eight and 16 cycles for 17 and 15 index, respectively.

Single-nuclei RNA-seq library preparation and data analysis

The protocol for nuclei isolation and purification was adapted from the previously
described scATAC-seq method. In summary, to minimize RNA degradation and leakage,
the tissue was finely chopped on ice for approximately 1 minute using 600 uL of pre-
chilled Nuclei Isolation Buffer containing 0.4U/uL RNase inhibitor (Roche, Protector
RNase Inhibitor, Cat. RNAINH-RO) and a comparatively low detergent concentration of
0.1% NP-40. Following chopping, the entire mixture was passed through a 40-um cell
strainer and then subjected to centrifugation at 500 rcf for 5 minutes at 4°C. The
supernatant was carefully decanted, and the pellet was reconstituted in 500 uL of NIB
wash buffer, comprising 10 mM MES-KOH at pH 5.4, 10 mM NacCl, 250 mM sucrose,
0.5% BSA, and 0.2U/pL RNase inhibitor. The sample was filtered again, this time
through a 10-um cell strainer, and gently layered onto the surface of 1 mL of a 35%
Percoll buffer. The Percoll buffer was prepared by mixing 35% Percoll with 65% NIB
wash buffer in a 1.5-mL centrifuge tube. The nuclei were then subjected to centrifugation
at 500 rcf for 10 minutes at 4°C. After centrifugation, the supernatant was carefully
removed, and the pellets were resuspended in 50 uL of NIB wash buffer. Approximately
5 pL of nuclei were diluted tenfold and stained with DAPI (Sigma Cat. D9542).
Subsequently, the nuclei's quality and density were evaluated with a hemocytometer

under a microscope. The original nuclei were further diluted with a DNB buffer to
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achieve a final concentration of 1,000 nuclei per pL. Ultimately, a total of 16,000 nuclei
were used as input for snRNA-seq library preparation. For snRNA-seq library
preparation, we employed the Chromium Next GEM Single Cell 3'GEM Kit v3.1 from
10X Genomics (Cat# PN-1000123), following the manufacturer's instructions
(10xGenomics, CG000315 ChromiumNextGEMSingleCell3-

_GeneExpression_v3.1 Duallndex RevB). The libraries were subsequently sequenced
using the Illumina NovaSeq 6000 in dual-index mode with 10 cycles for the 17 and 15

indices, respectively.

The raw BCL files obtained after sequencing were demultiplexed and converted into
FASTQ format using the default settings of the 10X Genomics tool cellranger mkfastq
(v7.0.0) (Zheng et al., 2017). The raw reads were processed with cellranger count
(v7.0.0) using the Japonica rice reference genome>’ (v7.0) (Zheng et al., 2017). Genes
were kept if they were expressed in more than three cells and each cell having a gene
expression level of at least 1,000 but no more than 10,000 expressed genes. Cells with
over 5% mitochondria or chloroplast counts were filtered out. The expression matrix was
normalized to mitigate batch effects based on global-scaling normalization and
multicanonical correlation analysis in Seurat (v4.0) (Satija et al., 2015). The Scrublet tool
was employed to predict doublet cells in this dataset. SCTransform in Seurat was used to
normalize the data and identify variable genes (Wolock et al., 2019).The nearest
neighbors were computed using FindNeighbors using 30 PCA dimensions. The clusters
were identified using FindClusters with a resolution of 1. The cell types were annotated

based on the marker gene list (Supplementary Table 2). To identify genes exhibiting
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higher expression in a particular cell type than in the others, we utilized the ‘cpm’
function from edgeR (v3.38.1), for normalizing the expression matrix (Robinson et al.,
2010). Genes within a specific cell type that displayed more than 1.5-fold change in log2
Counts Per Million (CPM) values compared to the average log2 CPM across all cell types

were determined as specifically expressed genes in that particular cell type.

Slide-seq library preparation and data analysis

Root tissues from rice seedlings 14 days after sowing were used for the Slide-seq V2
spatial transcriptomics. The tissues were embedded in the Optimal Cutting Temperature
(OCT) compound, snap-frozen in a cold 2-methylbutane bath, and cryosectioned into 10
um thick slices. The spatial transcriptome library was constructed following a published
method (Rodriques et al., 2019; Stickels et al., 2021). In brief, the tissue slices were
placed on the Slide-seq V2 puck and underwent the RNA hybridization and reverse
transcription process. After tissue clearing and spatial bead collections, the cDNA was
synthesized and amplified for a total of 14 cycles. The library was constructed using

Nextera XT Library Prep Kit (Illumina, USA) following the manufacturer’s instructions.

The reads alignment and quantification were conducted following the Slide-seq pipeline
(https://github.com/MacoskoLab/slideseq-tools). The data processing is similar to the
procedures applied in the analysis of snRNA-seq but setting a resolution of 0.7 for the
FindClusters function in Seurat (v4.0) (Satija et al., 2015). The cell types were annotated
based on the histology of cross-sectioned roots. The marker genes of each cluster were

identified using the Wilcoxon Rank Sum test in FindAllMarkers.

130



RNA in situ Hybridization

The rice samples were put into the vacuum tissue processor (HistoCore PEARL, Leica) to
fix, dehydrate, clear, and embed, and were subsequently embedded in paraftfin (Paraplast
Plus, Leica). The samples were sliced into 8 pum sections with a microtome (Leica
RM2265). The cDNAs of the genes were amplified with their specific primer pairs in
situ_F/in situ_R and subcloned into the pGEM-T vector (Supplementary Table 16). The
pGEM-gene vectors were used as the template to generate sense and antisense RNA
probes. Digoxigenin-labelled RNA probes were prepared using a DIG Northern Starter
Kit (Roche) according to the manufacturer’s instructions. Slides were observed under
bright fields through a microscope (ZEISS) and photographed with an Axiocam 512 color

charge-coupled device (CCD) camera.

Raw reads processing of scATAC-seq

Data processing was executed independently for each tissue and/or replicate. Initially,
raw BCL files were demultiplexed and converted into FASTQ format, utilizing the
default settings of the 10X Genomics tool cellranger-atac make-fastq (v1.2.0). Employing
the Japonica rice reference genome (v7.0), the raw reads underwent processing using
cellranger-atac count (v1.2.0) (S. Ouyang et al., 2007; Satpathy et al., 2019). These steps
encompassed adaptor/quality trimming, mapping, and barcode attachment/correction.
Subsequently to the initial processing, reads that were uniquely mapped with mapping
quality > 10 and correctly paired were subjected to further refinement through SAMtools

view (v1.7; -f 3 -q 10; Li et al. 2009). To mitigate the impact of polymerase chain
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reaction (PCR) duplicates, the Picard tool MarkDuplicates (v2.16.0) was applied on a
per-nucleus basis (Picard Tools - By Broad Institute, n.d.). To elevate data quality, a
blacklist of regions was devised to exclude potentially spurious reads. The methodology
involved the exclusion of regions displaying bias in Tn5 integration from Tn5-treated
genomic DNA. Specifically, regions characterized by 1-kilobase windows with coverage
exceeding four times the genome-wide median were eliminated. We further leveraged
ChIP-seq input data$, to filter out collapsed sequences in the reference using the same
criteria. This blacklist also incorporated sequences of low-complexity and
homopolymeric sequences through RepeatMasker (v4.1.2) (Tarailo-Graovac & Chen,
2009). Moreover, nuclear sequences exhibiting homology surpassing 80% to
mitochondrial and chloroplast genomes®” (BLAST+; v2.11.0) were also included within
the blacklist (Camacho et al., 2009). Furthermore, BAM alignments were converted into
BED format, wherein the coordinates of reads mapping to positive and negative strands
were subjected to a shift by +4 and -5, respectively. The unique TnS5 integration sites per

barcode were finally retained for subsequent analyses.

Identifying high-quality nuclei

To ensure the acquisition of high-quality nuclei, we harnessed the capabilities of the
Socrates package for streamlined processing (Marand et al., 2021). To gauge the fraction
of reads within peaks, we employed MACS2 (v2.2.7.1) with specific parameters
(genomesize = 3e8, shift=-75, extsize = 150, fdr = 0.05) on the bulk Tn5 integration sites
(Y. Zhang et al., 2008). Subsequently, we quantified the number of integration sites per

barcode using the callACRs function. Next, we estimated the proximity of Tn5
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integration sites to genes, focusing on a 2 kb window surrounding the TSS. This
estimation was achieved through the buildMetaData function, which culminated in the
creation of a meta file. For further refinement of cell selection, we harnessed the
findCells function, implementing several criteria: 1) A minimum read depth of 1,000 Tn5
integration sites was required. 2) The total number of cells was capped at 16,000. 3) The
proportion of reads mapping to TSS sites was above 0.2, accompanied by a z-score
threshold of 3. 4) Barcode FRiP scores were required to surpass 0.1, alongside a z-score
threshold of 2. 5) We filtered out barcodes exhibiting a proportion of reads mapping to
mitochondrial and chloroplast genomes that exceeded two standard deviations from the
library mean. 6) We finally used the detectDoublets function to estimate doublet
likelihood by creating synthetic doublets and conducting enrichment analysis. These
multiple steps ensured the meticulous identification and selection of individual cells,

facilitating a robust foundation for subsequent analyses.

Nuclei clustering

For the nuclei clustering, we leveraged all functions from the Socrates package (Marand
et al., 2021). We binned the entire genome into consecutive windows, each spanning 500
bp. We then tabulated the count of windows featuring Tn5 insertions per cell. Barcodes
falling below one standard deviation from the mean feature counts (with a z-score less
than 1) were excluded. Moreover, barcodes with fewer than 1,000 features were
eliminated. We pruned windows that exhibited accessibility in less than 0.5% or more
than 99.5% of all nuclei. To standardize the cleaned matrix, we applied a term frequency-

inverse document frequency normalization function. The dimensionality of the
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normalized matrix underwent reduction through the utilization of non-negative matrix
factorization, facilitated by the R package RcppML (v0.3.7) (DeBruine et al., 2021). We
retained 50 column vectors from an uncentered matrix. Subsequently, we selected the top
30,000 windows that displayed the highest residual variance across all cells. This
selection was based on fitting a model where the proportion of cells with accessibility
served as an independent variable and variance as the dependent variable. To further
reduce the dimensionality of the nuclei embedding, we employed the UMAP technique
using umap-learn (k = 50, min_dist = 0.1, metrix = ‘euclidean’) in R (v0.2.8.0) (Mclnnes
et al., 2020). Furthermore, we clustered nuclei using the callClusters function within the
Socrates framework (Marand et al., 2021). Louvain clustering was applied, with a setting
of k=50 nearest neighbors at a resolution of 0.7. This process underwent 100 iterations
with 100 random starts. Clusters with an aggregated read depth of less than 1 million and
50 cells were subsequently eliminated. To filter outlying cells in the UMAP embedding,
we estimated the mean distance for each nucleus using its 50 nearest neighbors. Nuclei
that exceeded 3 standard deviations from the mean distance were deemed outliers and

removed from consideration.

Estimation of gene accessibility scores

To estimate the gene accessibility, we employed a strategy wherein the Tn5 insertion was
counted across both the gene body region as well as a 500 bp extension upstream.
Subsequently, we employed the SCTransform algorithm from the Seurat package (v4.0)
to normalize the count matrix that was then transformed into a normalized accessibility

score, with all positive values scaled to 1 (Satija et al., 2015).
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Cell type validation

Upon completing the initial annotation process, which was based on a curated list of
marker genes, we further expanded our marker repertoire by incorporating markers
collected from published bulk RNA-seq data encompassing a diverse array of cell types,
which were acquired via laser capture dissection. In brief, we collected the markers from
several studies, including three distinct cell types within rice leaves®! and ten cell types
across rice seed organs®>? (Hua et al., 2021; Itoh et al., 2016; T.-Y. Wu et al., 2020).
From these sources, we selected the top 100 variably expressed markers for each cell type
and employed them to compute cell identity enrichment scores. We undertook a
comprehensive assessment of markers linked to the different cell types. Subsequently, we
randomly drew 100 markers from this pool and repeated this procedure 1,000 times to
construct a null distribution based on marker chromatin accessibility scores. For each
target cell type marker, we compared their accessibility scores to this null distribution.
This facilitated the derivation of an enrichment score per cell, delineating the marker’s
significance for each representative cell type. We next employed a MAGIC algorithm to
refine these enrichment scores (van Dijk et al., 2018). These scores were then mapped

onto a UMAP plot, enhancing the cell identity annotation.

Furthermore, we undertook validation of our single-cell chromatin accessibility atlas
through integration with published scRNA-seq from rice root tissue. This validation was
achieved through two distinct approaches (Supplementary Figure 4.8). In the first

approach, we leveraged the marked enrichment technique, adapting the above mentioned
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methodology with the incorporation of the top 20 markers derived from marker
identification using the ‘FindMarkers’ function in Seurat’® (v4.0) (Satija et al., 2015).
Following the acquisition of a smoothed score for each cell type, individual cells were
annotated to specific cell types based on the largest enrichment score within that cell
type. A threshold was further set, requiring the maximum score to exceed 0.5 for
confident labeling; otherwise, the cell was labeled as ‘Unknown’. The second approach
entailed employing a k-nearest neighbor (knn) strategy. This strategy commenced with
the normalization of scRNA-seq datasets, mirroring the process applied to scATAC-seq
datasets. The top 3,000 most variable genes within the scATAC-seq dataset were then
identified using the Seurat function ‘FindVariableFeatures’, subsequently filtering to
include only genes common to both datasets. By treating the scRNA-seq cells as a
reference, a dimension reduction process was conducted to generate a loading matrix,
which was then utilized to project the scATAC-seq cells onto the sScRNA-seq cell
embedding. The integration of these two datasets was achieved through the Harmony
algorithm (v0.1.0) (Korsunsky et al., 2019). Within the dual embeddings, the 20 nearest
neighbors of each scATAC-seq cell in the scRNA-seq dataset were computed. The most
frequent label among these RNA neighbors (> 10 cells) was subsequently assigned as the
label for each scATAC-seq cell or designated as NA if no label meeting this threshold

was identified.

Cell cycle prediction

The prediction of cell cycle stages per nucleus was executed similarly to annotating cell

1dentities based on the aforementioned enriched scores. In brief, we collected a set of 55
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cell-cycle marker genes from a previous study (Pettkd-Szandtner et al., 2015). For every
cell-cycle stage, the cumulative gene accessibility score for each nucleus was computed.
These resultant scores were subsequently normalized using the mean and standard
deviation derived from 1,000 permutations of the 55 random cell-cycle stage genes, with
exclusion of the focal stage. Z-scores corresponding to each cell-cycle stage were
transformed into probabilities using the ‘pnorm’ function in R. Furthermore, the cell-
cycle stage displaying the highest probability was designated as the most probable cell

stage.

ACR identification

Upon segregating the comprehensive single-base resolution Tn5 insertion sites BED
dataset into distinct subsets aligned with annotated cell types, we executed the MACS2
tool (v2.2.7.1) for precise peak identification per cell type (Y. Zhang et al., 2008).
Notably we employed non-default parameters, specifically: --extsize 150, --shift -75, -
nomodel -keep-dup all. To mitigate potential false positives, a permutation strategy was
applied, generating an equal number of peaks based on regions that were mappable and
non-exonic. This approach encompassed the assessment of Tn5 insertion sites and density
within both the original and permuted peak groups. By scrutinizing the permutation
outcomes, we devised empirically derived false discovery rate (FDR) thresholds specific
to each cell type. This entailed determining the minimum Tn5 density score within the
permutation cohort where the FDR remained < 0.05. To further eliminate peaks that
exhibited significant overlap with nucleosomes, we applied the NucleoATAC tool

(v0.2.1) to identify potential nucleosome placements (Schep et al., 2015). Peaks that
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featured over 50% alignment with predicted nucleosomes were systematically removed.
The average fragment size of reads overlapping with the peaks were calculated and the

peaks with the average fragment size > 150 bp were filtered out. Ultimately, the pool of
peaks for each cell type was amalgamated and fine-tuned, yielding 500 bp windows that

were centered on the summit of ACR coverage.

Identification of cell-type-specific ACRs in rice atlas

To identify cell-type-specific ACRs in the rice atlas, we implemented a series of cutoffs
to determine whether the peak is accessible for a specific cell type. For each cell type, we
first normalized the read coverage depth obtained from the MACS?2 tool divided by total
count of reads, and ensured that the maximum of normalized coverage within the peak
exceeded a predefined threshold set at 2. Additionally, we calculated Tn5 integration sites
per peak, filtering out peaks with fewer than 20 integration sites. Subsequently, we
constructed a peak by cell type matrix with TnS5 integration site counts. This matrix
underwent normalization using the ‘cpm’ function wrapped in edgeR (v3.38.1) and
‘normalize.quantiles’ function wrapped within preprocessCore (v1.57.1) in the R
programming environment (preprocessCore, n.d.; Robinson et al., 2010). To further
refine our selection, a threshold of 2 was set for the counts per million value per peak per
cell type. Peaks that satisfied these distinct cutoff criteria were deemed accessible in the
designated cell types. We identified these peaks as displaying chromatin accessibility in

anywhere from one to ten of the primary cell types among the total pool of 60 main cell

types.
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Identification of cell-type-specific ACRs in leaf tissue across five species

To account for the lower cell number found in these data sets, cell-type-specific ACRs
were identified using the same method as found in our prior study (Mendieta et al., 2024).
In brief we utilized a modified entropy metric combined with a bootstrapping approach
(Domcke et al., 2020). For each cell-type and species a sample of 250 cells were taken
5,000 times with replacement and a specificity metric was calculated. This specificity
metric was then compared against a series of 5,000 null distributions consisting of a
random shuffle of 250 cells which were of mixed cell populations. Then, a nonparametric
test was used to the median real bootstrap specificity score versus the null, and ACRs

were labeled as cell-type-specific if they had a p value less than 0.0001.

Correlation between chromatin accessibility of TF genes and motif deviation

We sourced rice and 4. thaliana TFs from PlantTFDB® (v4.0) database (Jin et al., 2017).
To identify rice orthologs of 4. thaliana TFs, we employed BLAST?7 (BLAST+; v2.11.0)
by utilizing protein fasta alignments with an e-value threshold of 1e-5 used for
significance (Camacho et al., 2009). Alignments were restricted to fasta sequences
categorized as TFs from either species. To further refine the putative orthologs, we
applied filters based on functional similarity to A. thaliana TFs. Alignments with less
than 15% identity were excluded, along with rice TFs associated with distinct families.
From the remaining candidates, we selected the orthologs demonstrating the highest
Pearson correlation coefficient concerning the motif deviation scores. Motif deviation
scores of specific TF motifs within nuclei were computed via chromVAR!'? (v1.18.0)

(Buenrostro et al., 2015).
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Linear-model based motif enrichment analysis

We employed the FIMO tool from the MEME suite (v5.1.1) with a significance threshold
of p value < 107 to predict motif locations (Bailey et al., 2015). The motif frequency
matrix used was sourced from the JASPAR plants motif database (v9) (Castro-
Mondragon et al., 2022). Subsequently, we constructed a binarized peak-by-motif matrix
and a motif-by-cell count matrix. This involved multiplying the peak-by-cell matrix with
the peak-by-motif matrix. To address potential overrepresentation and computational
efficiency, down-sampling was implemented. Specifically, we standardized the cell count
by randomly selecting 412 cells per cell type per species. This count represents the lowest
observed cell count for a given cell type across all species. For each cell type annotation,
total motif counts were predicted through negative binomial regression. This involved
two input variables: an indicator column for the annotation, serving as the primary
variable of interest, and a covariate representing the logarithm of the total number of
nonzero entries in the input peak matrix for each cell. The regression provided
coefficients for the annotation indicator column and an intercept. These coefficients
facilitated the estimation of fold changes in motif counts for the annotation of interest in
relation to cells from all other annotations. This iterative process was conducted for all
motifs across all cell types. The obtained p values were adjusted using the Benjamini-
Hochberg procedure to account for multiple comparisons. Finally, enriched motifs were
identified by applying a dual filter criterion: corrected p values < 0.01, fold-change of the
top enriched TF motif in cell type-specific peaks for all cell types should be over 1, and

beta (motif enrichment score) > 0.05 or beta > 0.
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Binomial test-based motif enrichment analysis

To assess the enrichment of motifs in a target set of ACRs, we performed analysis for
each specific motif. We randomly selected an equivalent number of ACRs as found in the
target set, repeating this process 100 times. Notably, the randomly selected ACR set did
not overlap with the actual target set of ACRs. Following this, we computed the average

ratio of ACRs capturing the motif within the null distribution.

Subsequently, we executed an exact Binomial test, wherein we set this ratio as the
hypothesized probability of success (Wagner-Menghin, 2014). The number of ACRs
overlapping the motif in the target set was considered the number of successes, while the
total number of ACRs in the target set represented the number of trials. The alternative
hypothesis was specified as ‘two.sided’. This meticulous approach allowed us to robustly

evaluate and identify significant motif enrichments within the target set of ACRs.

Construction of control sets for enrichment tests

To perform comparative analysis of expression levels and chromatin accessibility of
genes surrounding broad ACRs under and outside of H3K27me3 peaks, we sampled the
same number of ACRs per cell type regarding the broad ACRs not under H3K27me3
peaks. This step is to make sure that their nearby gene chromatin accessibility exhibited

similar values compared to the broad ACRs under the H3K27me3 peaks.
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To check if the H3K27me3-broad-ACRs could significantly capture the known PREs and
capture the EMF2b ChIP-seq peaks, we generated control sets by randomly selecting not-
H3K27me3-broad-ACR instances 100 times, yielding a mean number value for the

control sets. The Binomial test p value was calculated by comparing the mean ratio to the

observed number of H3K27me3-broad ACRs overlapped with the PREs.

To test if H3K27me3-broad ACRs in O. sativa, Z. mays, and S. bicolor significantly
capture six known motifs, we generated control sets by simulating sequences with the
same length as ACRs 100 times, yielding a mean proportion for the control sets. The
binomial test p value was calculated by comparing the mean ratio to the observed

overlapping ratio of H3K27me3-broad ACRs capturing the motifs.

De novo motif analysis

To identify position weight matrix of six known motifs within 170 4. thaliana PREs™,
we employed the streme function with default settings from the MEME suite!®! (v5.1.1)
(Bailey et al., 2015; Xiao et al., 2017). The control sequences were built up to match each
PRE sequence by excluding exons, PREs, and unmappable regions, and they possess a
similar GC content (< 5% average difference) and same sequence length compared to the

positive set.

Identification of syntenic regions

Identification of syntenic gene blocks was done using the GENESPACE (v1.4) (Lovell et

al., 2022). In brief, to establish orthologous relationships between ACR sequences, ACRs
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in the O. sativa genome were extended to incorporate the two closest gene models for a
‘query block’ since GENESPACE only draws relationships between protein coding
sequences. Then the GENESPACE function ‘query_hits’ was used with the argument
‘synOnly = TRUE’ to retrieve syntenic blocks. The resulting syntenic hits were further
filtered to allow only a one-to-one relationship between O.sativa and the corresponding
species. The corresponding syntenic blocks were then named and numbered, and both the

genes and genomic coordinates were recorded.

To further identify corresponding ACRs within these blocks we set up a BLASTN
pipeline (v2.13.0) (Camacho et al., 2009). For each comparison of species, using O.
sativa as the reference the underlying nucleotide sequences of the syntenic regions were
extracted using Seqkit, and used as the blast reference database (v2.5.1) (Shen et al.,
2016). The sequences underlying the ACRs within the same syntenic region in a different
species were then used as the query. The blast was done using the following parameters
to allow for alignment of shorter sequences °-task blastn-short -evalue 1e-3 -

max_target seqs 4-word_size 7 -gapopen 5 -gapextend 2 -penalty -1 -reward 1 -outfmt
6’. This procedure was run for each syntenic region separately for all species
comparisons. The resulting BLASTN files were combined, and then filtered using a
custom script. Alignments were only considered valid if the e-value passed a stringent
threshold of 1e-3, and the alignment was greater than 20 nucleotides with the majority of
the shared ACRs (92% to 94%) containing the alignment regions including TF motif

binding sites (Supplementary Figure 4.13). The resulting filtered BLAST files, and the
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BED files generated from these BLAST files allowed us to draw our relationships

between ACRs in the corresponding syntenic space.

Estimation of conservation scores

Conservation scores were predicted using PhyloP (v1.0), where values are scaled
between 0 to 1, with one being highly conserved and 0 being non-conserved (Pollard et
al., 2010). Phylogenies to train PhyloP were generated using PhyloFit (v1.0), and neutral
and conserved sequences were identified using the whole genome aligner progressive

cactus (Hubisz et al., 2011).

ChlIP-seq analysis

The clean reads of EMF2b were downloaded from a previous study (Tan et al., 2022).
The reads were mapped to the rice reference genome (v7.0) using bowtie2 (v2.5.2) with
the following parameters: ‘--very-sensitive --end-to-end’. Reads with MAPQ > 5 were
used for the subsequent analysis (Langmead & Salzberg, 2012). Aligned reads were
sorted and duplicated reads were removed using SAMtools(v1.7). Peak calling was
performed using epic2 with the following parameters: ‘-fdr 0.01 --bin-size 150 --gaps-
allowed 1’ (Danecek et al., 2021; Stovner & Setrom, 2019)sa. The peak ‘BED’ and
‘BIGWIG’ files of H3K27me3 ChIP-seq data for leaf, root, and panicle rice organs were

downloaded from RiceENCODE'!! (http://glab.hzau.edu.cn/RicecENCODE)).

GO enrichment test
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The GO enrichment tests were performed based on the AgriGO* (v2) by setting the Chi-
square statistical test and multi-test adjustment method is Hochberg (FDR) (Tian et al.,

2017).

Additional resources
Cell-type resolved data can be viewed through our public Plant Epigenome JBrowse

Genome Browser (http://epigenome.genetics.uga.edu/PlantEpigenome/index.html)

(Hofmeister & Schmitz, 2018).

Data Availability
scATAC-seq data encompassing 18 libraries from nine organs were accessible in NCBI
(PRINA1007577/GSE252040;

https://dataview.ncbi.nlm.nih.gov/object/PRINA1007577 reviewer=kgarg48diil 1vomg4

4kgrljq66; PRINA1052039;

https://dataview.ncbi.nlm.nih.gov/object/PRINA10520397reviewer=flhu9s18405m999rlp

h8tlmmbg)
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The work presented in this thesis demonstrates the ways in which comparative
genomics, in tandem with plant epigenomic data, can both further genomic resource
development and provide insights into regulatory sequence evolution in plant genomes.

In the first chapter we demonstrate how chromatin modification data can
ameliorate plant genome annotation issues. Genome annotation is a challenging endeavor
requiring multiple lines of evidence in the form of gene expression data, additional
genome annotations from closely related species, as well as ab initio gene prediction
tools (Cantarel et al., 2007; Mudge & Harrow, 2016; Salzberg, 2019). However, each of
these methods come with a priori assumptions. For instance, when aligning RNA-seq
data a parameter such as max intron size is set, establishing an assumption about gene
length genome wide which likely does hold true in all instances (Arnold et al., 2013).
This provides a challenging paradigm where assumptions must be made about the
genome, but genes that violate these parameters still need to be caught.

We used chromatin modification data in the form of Chromatin
ImmunoPrecipitation with sequencing (ChIP-seq) to provide additional data which can
aid in more accurate gene model annotation. Chromatin modifications associated with
transcriptional start sites (H3K4me3, and H3K56ac), and an additional set of chromatin
modifications known to co-occur across the gene body (H3K36me3, H3K4mel), were
used to accurately assay the genome for well defined genes. Using these histone
modifications we found a plethora of poorly annotated gene models in the Zea mays
genome, including a series of truncated genes which needed to be expanded by up to

10,000 kb. Additionally, we found sets of novel transcripts which have previously been
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undescribed. All new annotations were validated with multiple methods, both by
reassembling RNA-seq reads allowing for greater intron size, as well as by utilizing more
recent isoform sequencing (ISO-seq) datasets in Z. mays (Stelpflug et al., 2016). This
work demonstrates the power of using chromatin modification data to assay the genome
accurately for transcription, enabling genome annotations to be done with fewer a priori
hypotheses attached.

Additionally, we extended these methods to other plant genomes and found many
similar annotation issues across Plantae more generally, highlighting the challenges in
generating high quality resources for the plant genomics community. The successful
implementation of this method to additional plant genomes demonstrated its robustness
and applicability. This chapter demonstrates the power of incorporating epigenomic data
to facilitate more accurate genome annotations going forward. High quality genome
annotations are critical in modern biology. They facilitate all levels of genetic inquiry, so
generating accurate annotations is of the utmost importance.

The second chapter of this dissertation investigated the cis-regualtory basis of C4
photosynthesis at single-cell resolution. Within this chapter we annotated single-cell
Assay for Transposase Accessible Chromatin (ATAC-seq) datasets from five diverse
grass species which encapsulate three different types of C4 photosynthesis (NADP-ME,
NAD-ME, and PEPCK), as well as a C3 outgroup. With these datasets, we explored the
cell-type-specific accessibility bias of key C4 enzymes. We analyzed enzymes which
make the C4 subtypes unique, as well as those enzymes which are common to C4
metabolism more generally. We then proceeded to investigate the regulatory sequences

surrounding these loci, generating high resolution maps of cell-type-specific accessible
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chromatin regions (ACRs). Finally, using comparative genomics approaches, we
compared these regulatory regions with each other in an attempt to understand the
evolutionary basis of cell-type-specific regulatory regions potentially critical in
expression of key Ca genes.

One striking result from this analysis was the high number of cell-type-specific
ACRs which had no sequence homology to neighboring species, likely indicating that
cell-type-specific ACRs around key C4 loci evolve rapidly. However, there do appear to
be some interesting exceptions to this, as we identified bundle sheath specific ACRs
directly upstream of NADP-ME conserved across all five species. This conservation
might suggest that certain enzymes are more likely to be integrated into a C4-like
photosynthetic process due to their regulatory contexts. However, it's important to note
that this does not ensure these enzymes or genes will consistently be incorporated into the
C4 pathway.

After our comprehensive analysis of C4 photosynthesis loci, we focused on one
specific gene family in order to learn the nuanced ways in which cell-type-specificity can
change across evolution. To this end we focused on the DIT gene family, known for its
role in malate transport and crucial for C4 photosynthesis in Z. mays and S. bicolor.
Notably, both species exhibit cell-type-specific expression of DIT genes: each has a DIT
gene variant expressed uniquely in either the bundle sheath or mesophyll cells. Our
phylogenetic examination of the DIT gene family revealed that the bundle sheath-specific
DIT in Z. mays is a recent duplication, situated in a different branch of the DIT gene
family tree compared to its counterpart in S. bicolor, where the mesophyll and bundle

sheath-specific DIT genes diverge into separate clades. This pattern suggests a significant
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shift in cell-type specificity for the ZmDIT?2 locus which occurred during the recent
divergence of Z. mays and S. bicolor, around 13 million years ago (MY A), illustrating the
rapid evolution of cell-type specificity between closely related species. Further analysis
aimed to connect this change in specificity to variations in cell-type-specific transcription
factor (TF) binding motif presence within the regulatory sequences of the DIT gene
family. Remarkably, we discovered a prevalence of cell-type-specific TF motifs within
novel, non-conserved regulatory regions. This was particularly evident in the bundle
sheath-specific version of ZmDIT2 in Z. mays, where nearly all bundle sheath-specific TF
motifs were located in a new regulatory area just upstream of the transcription start site.
This suggests that the cell-type specificity of the ZmDIT?2 locus may have been altered
through the adoption of cell-type-specific TF motifs. These insights underscore the
dynamic nature of regulatory sequence evolution at the level of individual loci.
Additionally, they demonstrate how, even among closely related species, changes to
regulatory sequences can occur swiftly, with significant implications for gene expression
and function.

Together, these results point to a somewhat non-satisfying resolution: that the
evolution into a Cs type photosynthesizer is not based solely off of co-option of existing
regulatory sequences or evolving novel sequences. Rather, these analyses point to a
mixture of both models, with ACRs evolving new sequences, and the neo-
functionalization of existing sequences.

In addition to providing novel discoveries into the potential regulation of C4 loci,
and generating a valuable resource for the C4 community overall, our observations in this

study also open up new experimental avenues. First off, the importance of these cell-
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type-specific ACRs needs to be validated using mutagenesis. Deletions of these ACRs
and subsequent measurement of the expression of the most closely related C4 gene would
provide invaluable evidence that these ACRs are 1) critical for the proper expression of
these enzymes and 2) likely play an important role in evolution C4 photosynthesis
regulation broadly. However, to date, editing of regulatory elements is a tedious and time
consuming process (Liu et al., 2021; Rodriguez-Leal et al., 2017). Additionally, when
considering the recalcitrant nature of monocots to transformation and the fact that two of
the species sampled (U. fusca and P. miliaceum) have never been transformed, this stands
as a daunting task (Lowe et al., 2016). An additional method which could be valuable in
testing the function of putative Cs regulatory regions would be a f-glucuronidase (GUS)
reporter assay (Jefferson et al., 1987; McCabe et al., 1988). In brief, these assays work by
fusing a regulatory region upstream of a minimal promoter element and the galactosidase
gene, then transforming these constructs into a plant (for C4 research this is usually the Cs
crop Oryza sativa). These transgenic plants are then histologically stained to identify the
spatiotemporal locations of GUS expression, providing evidence that the candidate
regulatory region drives gene expression in a specific cellular type (bundle sheath or
mesophyll). Previous work has shown this to be an effective method to identify C4
regulatory elements important in driving cell-type-specific gene expression (Gowik et al.,
2004). However, while a valuable orthogonal approach to knockouts, these assays come
with their own suite of challenges. Namely, the labor associated with plant transformation
is significant and it takes months for transformed plants to develop to the point where
analysis is possible. Additionally, many regulatory sequences operate in tandem with

each other (Avsec et al., 2019; Hendelman et al., 2021). The GUS assay, by isolating
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specific regulatory regions, may disrupt the native genomic context of these loci, altering
their natural regulatory dynamics. This limitation of GUS reporters in replicating the true
in vivo regulation highlights the need for multiple avenues of functional genetic
experimentation to thoroughly investigate the importance of regulatory sequences.

Performing similar analyses with additional species would greatly enhance our
understanding of the rate at which regulatory evolution occurs at C4 loci. The sampled
species comprise a split of over 60 million years from the C3 outgroup O. sativa (Kh et
al., 1989). When considering the speed at which regulatory evolution occurs in plant
genomes, using distantly related species greatly reduces our resolution in identifying
conserved regulatory sequences (Lu et al., 2019; Maher et al., 2018). Adding additional
Cs species, such as the intermediate Dichanthelium oligosanthes, to our analysis would
enable a deeper understanding about the changes which are required to transition from Cs
to Cs (Studer et al., 2016). For instance, the decreased evolutionary distance of D.
oligosanthes to U. fusca and P. miliaceum could aid in identifying the emergence of
critical regulatory loci.

In the final chapter we investigate the rate of cell-type-specific ACR change
genome-wide using the single-cell-ACRs identified in the previous study in tandem with
arecent O. sativa ACR atlas. In brief, using syntenic gene pairs identified between O.
sativa and all other sampled species, we compare the conservation of ACRs over
evolutionary time (57 MYA).

Strikingly, we found that many TF families are enriched in the same cell types
across species, indicating a deep evolutionary conservation of regulatory networks, and

suggesting that these regulatory networks are likely crucial for proper cell-type-specific
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functioning. To date this cell-type specific analysis is the first of its kind in plants and
identifies highly conserved and important regulatory networks. We go on to classify and
compare the genomic distribution of broadly accessible versus cell-type-specific ACRs
and do not observe a large bias in genomic location or distance to the closest gene. We
further explored the relative conservation of cell-type-specific ACRs and found that
epidermal cells have far fewer conserved cell-type-specific ACRs as compared to all
other cell-types in all sampled species. This intriguing finding suggests that significant
amounts of turnover associated with the regulation of epidermal cells has occurred over
evolutionary time. This is likely due to the wide range of biological pressures occurring
to the L1 layer of tissues in plants. For instance, the epidermis has to combat both abiotic
stresses in the form of radiation and weather, as well as biotic stresses like pathogens and
herbivores (Glover, 2000).

When overlapping our conserved set of ACRs with a previously published set of
conserved non-coding sequences (CNS) we were surprised by the fact that cell-type-
specific ACRs were enriched for conserved non-coding sequences as compared to broad
ACRs (Hendelman et al., 2021). This likely indicates that cell-type-specific regulatory
sequences may be critical in the proper development and function of specific cell-types.
Additionally, this observation may be indicative that it is harder to evolve cell-type-
specific regulatory loci than it is broadly accessible regulatory loci.

We extended this analysis to investigate instances where a CNS found in a Z.
mays leaf ACR was present in O. sativa, but was not in an accessible region. We then
leveraged the O. sativa atlas to see whether CNSs in O. sativa demonstrate altered tissue

accessibility patterns. Interestingly, we did find limited instances where these

154


https://www.zotero.org/google-docs/?pjZrez
https://www.zotero.org/google-docs/?M5bDA0

accessibility patterns had shifted, for instance where a CNS is in an ACR that in Z. mays
is specifically accessible in leaf but in O. sativa is broadly accessible in the cells in root.
This accessibility shift likely indicates that the O. sativa version of these ACRs lost tissue
specificity rather than the Z. mays ACR gaining novel specificity. However, this should
be further investigated utilizing a previously published atlas of maize accessibility
utilizing sScATAC-seq (Marand et al., 2021).

While this analysis identified some interesting patterns about the retention and
loss of ACRs, further work needs to be done to more deeply understand the evolution of
regulatory sequences in plants. In brief, like the C4 work above, adding additional species
to this analysis which provide a more continuous sample of divergence times would
further aid in our understanding of the ways in which ACRs change over evolutionary
time. Due to the rapid rate of synteny breakdown in plants, sampling multiple species in
the same genus may be more valuable than species which are highly divergent (Zhao &
Schranz, 2019). Interestingly, recent papers focused on just the genus Oryza
demonstrated rapid and widespread changes in both leaf anatomy and physiological traits
(Chatterjee et al., 2016). This manuscript highlights that while the genetic composition of
plant genomes are rapidly re-arranging, their gross anatomy is as well. The variation in
both genomic content as well as larger anatomical features provides an exciting
opportunity where the sheer diversity of plant anatomy could be utilized in tandem with
genomics to see how much changes in gross anatomy seem to be correlated with changes
in regulatory sequences.

While the analysis conducted here provides exciting findings about the

importance of CNSs in plant genomes, they come with a few caveats. Firstly, the CNS
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dataset we utilized lacked two of the species used in this analysis, limiting the
comparisons we were able to make (Hendelman et al., 2021). This lack of species is
almost certainly occluding additional patterns about loss and retention of CNSs over
evolutionary time. Additionally, in the generation of the CNS dataset, more species
which were closely related towards the Z. mays lineage were used, potentially biasing
CNS identification.

The resolution of the cell-type annotation in this study also requires discussion. A
significant limitation of this study is that we were only able to achieve a coarse resolution
of cell-type annotation across the non-rice species due to lack of genetic markers. It has
been well established that even in short evolutionary time scales, marker genes used to
distinguish key cell-types in one species can have altered expression patterns in another
(Hughes & Langdale, 2022; Lucas et al., 2013). Therefore some marker genes, like the
handful of markers used to identify abaxial and adaxial orientation of cell-types, are
unreliable indicators in an unverified cross species context (Emery et al., 2003; Jiajia et
al., 2020). While resolution of the annotations provided in these studies is still highly
valuable, these caveats may mean that certain nuances are lost in our observations.
Finally, conducting functional molecular genetics tests on conserved ACRs across deep
evolutionary periods could significantly underscore their importance. However,
challenges persist in creating genetic deletions within this group of monocots. Moreover,
it is important to recognize that manipulating cell-type-specific ACRs may necessitate
detailed phenotyping of specific plant cell types. For example, to assess the impact of
edits on a companion cell specific ACR, it would be essential to precisely measure

companion cell function across all studied species (Hunt et al., 2023; Ivashikina et al.,
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2003). This would require the generation of additional single-cell libraries for mutants or
involve complex histological measurements, both of which are costly and technically
demanding (Ivashikina et al., 2003; Shahan et al., 2020). Despite these challenges,
functional assays offer invaluable insights and could add to our understanding of these
key regulatory loci.

In total this dissertation illustrates the numerous ways plant epigenomic data can
be used. Both to facilitate resource curation, as well as to guide discovery. Techniques
like single-cell ATAC-seq are revolutionizing our understanding of plant gene regulation
by uncovering regulatory regions that were previously obscured in bulk tissue assays. To
deepen our comprehension of these regions, the integration of additional data sources is
crucial. This work underscores the significance of comparative genomics in shedding
light on these regulatory loci. By pinpointing sequences conserved across species over
extensive evolutionary periods, we've identified loci that are likely essential for specific
plant cell types, opening up new paths for research. Furthermore, this dissertation
provides resources that future computational biologists could use to apply machine
learning techniques, aiming to understand how plant cell types interpret regulatory loci
across different species. This approach, inspired by studies in mammalian systems, could
lead to the creation of novel cell-type-specific regulatory sequences for use in synthetic
biology, showcasing the potential of cross-species analyses of regulatory regions.
Understanding the evolution of gene regulation in plants is challenging. Due to the lack
of resources, as well as unique evolutionary features associated with plant genomes,

novel analysis methods need to be tried and adapted. This dissertation starts addressing
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this need, making one small step for plant-genomicist but one giant leap for plant-

genomicistkind.
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