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Genome Sciences

Eukaryotic gene expression is finely regulated at the post-transcriptional level by the un-
translated regions of mRNA. The coding sequence (CDS) of mRNA is flanked by 5’- and
3’-untranslated regions (UTRs). The end boundary of the 3° UTR is defined by transcript
cleavage and polyadenylation. The genic region that determine where the cleavage and
polyadenylation complex (CPMC) binds and cleaves is called the terminator. Terminators
overlap significantly with 3’UTRs but also include the sequences after the 3° UTR bound-
ary. Elements in the resulting 3’ UTR modulate stability, nuclear export, localization, and
translation.

In this body of work, I will provide an overview of the historical exploration of terminator
cleavage and polyadenylation, emphasizing the biotechnology that aided these discoveries.
I will focus on how advances in DNA sequencing technologies expanded our understanding
of terminator genetics and functionality across eukaryotes, with a particular emphasis on
plants. Apart from transcriptome wide maps of cleavage and polyadenylation signaling,
sequencing empowered functional genomics by enabling massively parallel reporter assays
(MPRAs). These tools, in conjunction with computational machine learning, will allow the
engineering of specific terminators for diverse applications in plant synthetic biology. Due
to the limitations of plant systems, however, little work has been done to characterize plant
terminator sequences on a genome wide basis for their strength in directing cleavage and

fine tuning expression.



Following upon recent developments optimizing massively parallel reporter assays in
transient tobacco leaves and maize protoplasts, I characterized nearly all Arabidopsis thaliana
and maize terminator sequences for their strength in conferring expression and cleavage. The
resulting data helped train a deep learning model to predict terminator strength, aiding in
the in silico evolution of synthetic and species-specific terminators. In the final chapter, I
will address existing limitations in the field and propose new experiments to fill in the gaps.
Finally, I will turn to the elephant in the room. Do all these high throughput sequencing
technologies and protocols help us get any closer to accurately predicting gene expression?
Are we even capturing the data in a meaningful way if we lose higher order information

among all the layers of gene regulation?
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Post-transcriptional control can occur at any stage after transcription and

before translation. Once RNA is transcribed, it must be processed to create
a mature RNA that is ready to be translated. Nuclear processing involves 5’
capping, intron splicing, and addition of a poly(A) tail to the 3’ end. The
3’-UTR (untranslated region) harbors cis-elements like microRNA and
RNA-binding protein (RBP) binding sites. Alternative polyadeny-
lation (APA) determines what regulatory elements are included, thereby
having a significant effect on the stability and translational rate of mRNAs.
mRNA is then transported to the cytoplasm for translation. The length of
time mRNA resides in the cytoplasm before being degraded is called RNA
stability. Higher RNA stability leads to longer residency time in the cyto-
plasm and more protein synthesis. . . . . ... ... ... ... ... ..

Schematic representation of the 3° UTR regions of mammals and plants.
The cis-acting elements recognized by the 3’ end processing machinery are
displayed and consensus sequences are given. The following elements are
indicated: CDS, coding sequence; CE, cleavage element; CS, cleavage site;
DSE, downstream element; FUE, far upstream element; NUE; near upstream
element; PAS, polyadenylation signal; USE, upstream element. . . . .. ..

From [99], this figures shows the single-nucleotide frequencies preceding the
3’-end-processing sites as determined by alignment of 3’-ESTs generated
from yeast (1,352), rice (1,246), Arabidopsis (4,069), fruitfly (3,236), mouse
(6,029), and human (4,427) cDNAs. Positions are given relative to the puta-
tive 3’-end-processing site. (A) Sequences aligned on the 3’-most end of the
ESTs. . . . e

From [186], this figures shows the single-nucleotide profile of 3'-UTR and a
(then) current model of plant poly(A) signals. A) Single-nucleotide scan from
positions -250 to 4100 in the whole UTR + downstream region. Distinct
profiles flanking the CS are now named CEs. B) Sequence logo generated
from the actual percentage of each of the four nucleotide’s occurrence in the
8-K dataset, indicating preferred nucleotides flanking the CS (-5 to +3 nt).
C) A current model for Arabidopsis mRNA poly(A) signals. URE, U-rich

regions, which are found flanking both upstream and downstream of the CS. .
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2.1 Plant STARR-seq measures terminator strength in tobacco leaves
and maize protoplasts. a Terminator sequences (bases —150 to 420 rel-
ative to the cleavage and polyadenylation site) were array-synthesized and
cloned downstream of a barcoded GFP reporter gene driven by the 35S pro-
moter. After transient expression of the plasmid library in tobacco leaves or
maize protoplasts, mRNA was extracted for barcode sequencing. We define
terminator strength as the enrichment of barcodes in the extracted mRNA
over the input DNA normalized to the strength of the 35S terminator. b,
¢ Hexbin plots (color represents the count of points in each hexagon) of
the correlation between two biological replicates of Plant STARR-seq in to-
bacco leaves (b) or maize protoplasts (c). Commonly used terminators are
highlighted in red. Pearson’s R?, spearman’s p, and number (n) of termi-
nators are indicated. d, e Violin plots, box plots, and significance levels of
terminator strength in tobacco leaves (d) or maize protoplasts (e) for plant
terminators (Terminators) compared to sequences from coding regions (CDS)
and randomized sequences with an overall (Global random) or per-position
(Positional random) nucleotide frequency similar to an average Arabidopsis
or maize terminator. Violin plots represent the kernel density distribution
and the box plots inside represent the median (center line), upper and lower
quartiles and 1.5x the interquartile range (whiskers) for all corresponding
terminators. Numbers at the bottom of each violin indicate the number of
terminators in each group. Significant differences between two samples were
determined by the two-sided Wilcoxon rank-sum test and are indicated: *p
< 0.05, **p < 0.01, ***p < 0.001, NS, not significant. . . . .. ... ... ..
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2.2

2.3

Plant terminator strength is species-specific. a Hexbin plot comparing
terminator strength in tobacco leaves and maize protoplasts. b, ¢ Violin plots
of the strength of terminators derived from the indicated species in tobacco
leaves (b) or maize protoplasts (c). d Violin plot of ¥, the difference between
normalized (0, weakest; 1, strongest) logs(terminator strength) in tobacco
leaves (Tobaccoy) and maize protoplasts (Protoplastsy). Terminators are
grouped by their species of origin. The top 10% of Arabidopsis termina-
tors with highest ¥ values (tobacco-specific terminators) and the top 10% of
maize terminator with the lowest ¥ values (maize-specific terminators) are
highlighted in yellow and green, respectively. e GO terms enriched in genes
associated with the tobacco-specific Arabidopsis terminators or the maize-
specific maize terminators highlighted in d. Only GO terms with adjusted
p value < 0.0001 are shown. The p values were determined using the gpro-
filer2 library in R with gSCS correction for multiple testing. All enriched GO
terms and exact p values are listed in Supplementary Table 6. f, g Top
three motifs enriched in tobacco-specific Arabidopsis terminators relative to
maize-specific maize terminators (f) and vice versa (g). The hexbin plot in
a and the violin plots, box plots, and significance levels in b-d are as defined

in Figure 2.1 . . . . . . .o

Nucleotide composition affects terminator strength in a species-
and position-specific manner. a Histogram of terminator GC content.
The solid line indicates the mean GC content of terminators (Arabidopsis =
32.53%, maize = 40.89%) and the dashed line indicates the GC content of
the genome (Arabidopsis = 36.06%, maize = 46.86%). b, ¢ Violin plots, box
plots, and significance levels (as defined in Figure 2.1) of terminator strength
in tobacco leaves (b) or maize protoplasts (c). Terminators were binned by
GC content to yield groups of approximately the same size. d, e Correlation
(Pearson’s R) between terminator strength in tobacco leaves (d) or maize
protoplasts (e) and the A, C, G, or U content of a ten-base window starting

at the indicated position in the plant terminators. . . . . . ... ... .. ..
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2.5

2.6

Cleavage and polyadenylation motifs increase terminator strength.
a Sequence logo plots of the top four motifs enriched in the strongest termi-
nators in tobacco leaves (left) or maize protoplasts (right). For each motif,
the percentage of Arabidopsis and maize terminators harboring it is indi-
cated. b-e Violin plots of terminator strength in tobacco leaves (b, d) or
maize protoplasts (¢, e) with or without AAUAAA, UGUA, or U/G-rich
motifs individually (b, ¢) or in combination (d, e). f, g Box plots (centre
line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquar-
tile range),significance levels (compared to no motif), and underlying data
points for the strength of terminators supplemented with the indicated motifs
relative to the corresponding terminator without any motif (set to 0). In b-g,
red circles indicate presence of a motif and gray circle indicate its absence.
Violin plots, box plots, and significance levels in b-e are as defined in Figure

2.0 e

K-mers can be used for species-specific terminator strength pre-
dictions. a, b Correlation (Pearson’s R) between terminator strength in
tobacco leaves (a) or maize protoplasts (b) and how often a given 6-mer is
present in the terminators. The horizontal axis displays the 6-mer “rank”
based on Pearson’s correlation. The sequences of the highest and lowest
ranked 6-mers are indicated. ¢ Comparison of the 6-mer ranks in tobacco
leaves and maize protoplasts. 6-mers highlighted in green and blue had the
biggest differences in rank order between the two assay systems. d Top 10
tobacco- or maize-specific 6-mers (highlighted in ¢) and sequence logo plots
generated from them. e, f Hexbin plot (as defined in Figure 2.1) of the cor-
relation between terminator strength measured by STARR-seq in tobacco
leaves (e) or maize protoplasts (f) and terminator strength predictions from
a lasso regression model based on 6-mer counts. Only the terminators not

used for model training are shown (30% of all terminators). . . . ... .. ..

A convolutional neural network accurately predicts terminator strength.

a, b Hexbin plot (as defined in Figure 2.1) of the correlation between termi-
nator strength measured by STARR-seq in tobacco leaves (a) or maize proto-
plasts (b) and terminator strength predictions from a DenseNet convolutional
neural network trained on terminator sequences. Only the terminators not
used for model training are shown (10% of all terminators). ¢, d DeepLIFT
importance scores based on our DenseNet model predictions of terminator
strength in tobacco leaves (c) or maize protoplasts (d). The terminator of
AT1G31180 is shown as an example. e, f Motifs identified by TF-MoDISco
that positively or negatively contribute to the DenseNet model predictions
of terminator strength in tobacco leaves (e) or maize protoplasts (f).

48



2.7 In stlico evolution of plant terminators. a Scheme of the in silico evolu-
tion. b, ¢ Violin plots, box plots, and significance levels (as defined in Figure
2.1) of terminator strength measured in tobacco leaves (b) or maize pro-
toplasts (c) for unmodified terminators (start) and terminators after three
or ten rounds of in silico evolution. The DenseNet model prediction for
tobacco leaves (tobacco) or maize protoplasts (maize), or the sum of both
predictions (both) was used as a score during in silico evolution. The dashed
blue line indicates the strength of the 35S terminator (t35S). d Jitter plot
of the nanoluciferase activity of the in silico evolution of AT1G79150 and
AT5G64270. The dashed blue line indicates the average nanoluciferase ac-
tivity of the 35S terminator (t35S), set to 0. The gray dot denotes the mean
and the gray line denotes the variance. e Dot plot and Pearson’s R? between
terminator strength and nanoluciferase activity of evolved terminators in (d). 49

2.8 Polyadenylation and cleavage affect terminator strength. a Polyadeny-
lation and cleavage sites for terminators in tobacco leaves were determined by
3’ end sequencing. Using an oligo-dT primer with a unique molecular iden-
tifier (UMI), cDNA was generated from polyadenylated terminators. The
cDNA was subjected to paired-end sequencing of the terminator and UMI.
Cleavage sites were defined as local maxima in a histogram of terminator
read length after trimming of the poly-A tail. b Sequence logo plots gener-
ated from the 10 bp window around all cleavage sites (All sites), all primary
sites (1° sites), or all secondary sites (2° sites). ¢ Histograms of cleavage site
position for four representative terminators. Red dots denote primary and
alternative cleavage sites. d Kernel density distribution of the primary cleav-
age site position for plant terminators (Terminators), sequences from coding
regions (CDS), and randomized sequences with an overall (Global random) or
per-position (Positional random) nucleotide frequency similar to an average
Arabidopsis or maize terminator. e Histogram of the primary cleavage site
position for terminators grouped into deciles based on terminator strength
in tobacco leaves (decile 1 contains the strongest 10% of the terminators and
decile 10 the weakest 10%). Each decile contains approximately 5,300 termi-
nators. The shaded red area corresponds to cleavage in the T-DNA backbone
(i.e. downstream of the terminator sequence). f Violin plots of terminator
strength. Terminators were grouped by the percentage of reads that coincide
with the primary cleavage site. g Violin plots of the strength of terminators
with a primary cleavage site within the terminator or in the T-DNA. h Violin
plots of terminator strength for terminators grouped by cleavage probability
(percent of unique reads showing cleavage within the terminator sequence).
Violin plots, box plots, and significance levels in f-h are as defined in Figure
2.0 e 52
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2.2

GC content and polyadenylation motifs influence cleavage proba-
bility. a Violin plots, box plots, and significance levels cleavage probability
(percent of unique reads showing cleavage within the terminator sequence)
for plant terminators (Terminators) compared to sequences from coding re-
gions (CDS) and randomized sequences with an overall (Global random) or
per-position (Positional random) nucleotide frequency similar to an average
Arabidopsis or maize terminator. Each control group is correlated to the
terminator group. b Violin plots of cleavage probability. Terminators were
binned by GC content to yield groups of approximately the same size. c
Correlation (Pearson’s R) between cleavage probability and the A, C, G, or
U content of a ten-base window starting at the indicated position in the ter-
minators. d Violin plots of cleavage probability for terminators with (red
dot) or without (gray dot) the indicated motifs. Violin plots, box plots, and

significance levels in a, b, and d are as defined in Figure 2.1. . . . . ... ..

Nucleotide composition for terminators in our library. a, b Per-
position nucleotide frequencies of Arabidopsis (a) or maize (b) terminators.
¢, d Pie charts showing the distribution of the cleavage site location (anno-
tated according to the A Arabidopsis TAIR10 and the maize B73v4 genome
annotations) for the terminators from Arabidopsis (c) or maize (d) in our li-
brary. e Per-position nucleotide frequencies for controls derived from coding
sequences (CDS) in Arabidopsis or maize. f Per-position nucleotide frequen-
cies of randomized sequences with an overall (Global random) nucleotide
composition similar to average Arabidopsis or maize terminator. g, h Per-
position nucleotide frequencies for randomized sequences with a per-position
(Positional random) nucleotide composition similar to an average Arabidopsis

(g) or maize (h) terminator. . . . . ... ... L L

Plant STARR-seq yields highly reproducible results across libraries.

a, b Hexbin plots (as defined in Fig. 1) of the correlation between two bio-
logical replicates of Plant STARR-seq with the validation library in tobacco
leaves (a) or maize protoplasts (b). Commonly used terminators are high-
lighted in red. ¢, d Correlation between terminator strength as measured in
the large-scale library and the validation library in tobacco leaves (c¢) or maize
protoplasts (d). Pearson’s R?, Spearman’s p, and number (n) of terminators

are indicated in all plots. . . . . . . . . . ... ..
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2.5

2.6

2.7

Nanoluciferase activity (protein abundance) reflects terminator strength.

Select weak (CDS), intermediate, and strong terminators are cloned imme-
diately downstream of nanoluciferase. The nanoluciferase/luciferase ratio is
normalized to a mean of the construct with the 35S terminator per experi-
ment (35S average; log2 set to 0, dashed blue line). a,c Jitter plot of nanolu-
ciferase activity for selected terminators in tobacco leaves (a) and maize pro-
toplasts (c). The gray dot denotes the mean and the gray line denotes the
variance. b,d Dot plot and Pearson’s R? between terminator strength and
nanoluciferase activity of tested terminators in (b) tobacco leaves and (d)
maize protoplasts. Linear regression line is shown as a blue line, and the
gray band around the regression line is the 95% confidence interval. Key: At
mid 1= AT1G26300; AT mid 2= AT3G23110; Zm mid = Zm00001d012972;
At CDS 1=AT3G22360-CDS; At CDS 2 = AT5G07380-CDS; Zm CDS =
Zm00001d025717-CDS; Zm high = Zm00001d047961; HSP17.4 = AT3G46230.
74

Terminator strength is not correlated to gene expression, mRNA
half-life, and nascent transcription. Hexbin plots (as defined in 2.1)
of the correlation between the strength of Arabidopsis terminators and the
expression (a), mRNA half-life (b), or nascent transcription (c) of the cor-
responding genes. Pearson’s R? is indicated. See the main text for data

SOUTCES. . .« v v v v v vt et e e e e e e e e e e e e e e e e e e e e e e e e e e

Metabolic and stimulus-responsive genes frequently use strong ter-
minators. a-d GO terms enriched in genes associated with the top 10% of
Arabidopsis (a, ¢) or maize (b, d) terminators ranked by strength in tobacco
leaves (a, b) or maize protoplasts (c, d). Only the most significant GO terms
are shown. The p values were determined using the gprofiler2 library in R
with gSCS correction for multiple testing. All enriched GO terms and exact p
values are listed in Supplementary Table 6. e, f GO terms for Arabidopsis (e)
or maize (f) terminators were collapsed into 5 major categories and counted

for each assay system. . . . . . . . . .. ...

Optimal GC content for terminators is species-specific. Violin plots,
box plots, and significance levels (as defined in 2.1) of terminator strength
in tobacco leaves (a) or maize protoplasts (b) for randomized sequences with

the indicated GC content. . . . . . . . . . L

Polyadenylation motifs show distinct localization profiles. Histograms
showing the number of Arabidopsis and maize terminators with a UGUA
motif (a, b), an AAUAAA motif (c, d), or a U/G-rich motif (e, f) at the indi-
cated position. The motifs were discovered in terminators with high strength

in tobacco leaves (a, ¢, €) or maize protoplasts (b, d, f). . .. ... ... ...
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2.8

2.9

2.10

3.1

Cleavage and polyadenylation motifs are sensitive to mutations. a, b
Violin plots and box plots (as defined in 2.1) of terminator strength in tobacco
leaves (a) or maize protoplasts (b) for terminators with the indicated variants
of the AAUAAA motif. Terminators without any AAUAAA motif variant
(None) are also shown. ¢, d Boxplots (as defined in 2.4) of the strength
of terminators with the indicated variants of the AAUAAA (c¢) or UGUA
(d) motif relative to the strength of the corresponding wild type terminator
(set to 0). e-f Violin plots, box plots, and significance levels (as defined in
2.1) of terminator strength in (e) tobacco leaves and (f) maize protoplasts
of terminators with varying numbers of UGUA motifs. g Jitter plots of the
average number of UGUA per terminator through 0, 3, and 10 rounds of in

stlico evolution. . . . . . . L L e

Terminators derived from primary or secondary polyadenylation
sites are indistinguishable by terminator strength. Violin plots and
box plots (as defined in 2.1) of the terminator strength in tobacco leaves (a) or
maize protoplasts (b) of the experimentally determined secondary polyadeny-
lation site of Arabidopsis and maize genes relative to the primary polyadeny-

lation site of the same gene (set to 0). . . . . . ... ... ... .. ...

Cleavage site positions differ between bona fide terminators and
control sequences. a Kernel density distribution of all cleavage site po-
sitions for plant terminators (Terminators), sequences from coding regions
(CDS), and randomized sequences with an overall (Global random) or per-
position (Positional random) nucleotide frequency similar to an average Ara-
bidopsis or maize terminator. b Cleavage site map of the CaMV 35S termina-
tor (length=204). ¢ RNA was extracted from replicate 1 of the nanoluciferase
assay (shown in Supplementary Figure 2.3a) and reverse transcribed using
the same oligo(DT) primer for the 3’ end sequencing method. ¢cDNA was
amplified and run on a 1.0% agarose gel to resolve cleavage. Red triangles
denote the site of primary cleavage determined by 3’ end sequencing. Key: At
mid 1= AT1G26300 ; AT mid 2= AT3G23110; Zm mid = Zm00001d012972;
At CDS 1=AT3G22360-CDS, At CDS 2= AT5G07380-CDS; Zm CDS =

Zm00001d025717-CDS, HSP17.4 = AT3G46230. . . . . . . .. .. ... ...

The Blind Men and the Elephant Illustrator unknown. From The Heath

Readers by Grades, D.C. Heath and Company (Boston) pg. 69. . . ... ..
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3.2

3.3

3.4

How RNAs fold RNA structure An example of RNA primary (left), sec-
ondary (middle), and tertiary structures (right). The RNA folding process is
hierarchical: The RNA secondary structure forms rapidly from linear RNA
(primary structure) due to hydrogen bonding between complementary bases
on the same strand. An RNA secondary structure can be decomposed into
several types of nearest-neighbor loops. The formation of a complex tertiary
structure is usually much slower. RNA can adopt a variety of tertiary struc-
tures due to the enormous rotational freedom in the backbone of its non-base
paired regions. . . . ... oL oL oL

Introns moderately increase transgene stability A small terminator
library (n=102) was cloned downstream of either a barcoded GPF or a GFP
with two introns from RBCS1A (GiFiP). Each library was tested either with
no enhancer, the CaMV 35S enhancer, the AB80 enhancer, Cab-1 enhancer,
or the rbcS-E9 enhancer. Violin plots, box plots, and significant levels are

described in 2.1. . . . . . L

Plant STARR-seq experiments show weak correlation to gene ex-
pression Pearson’s R correlation matrix between promoter STARR-seq ex-
periments, enhancer STARR-seq, terminator STARR-seq, and gene expres-
sion for a) Arabidopsis genes and b) maize genes. For enhancer STARR-seq,
since there were often multiple ACRs per gene, we correlated the average
ACR strength (Mean ACRs), the ACR strength of the ACR closest to the
gene TSS (closest ACR), the ACR strength of the strongest ACR (max ACR),
and ACR strength of the ACR with the highest cut count from ATAC-seq

(most accessible ACR). . . . . . .. ...
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GLOSSARY

3’ CLEAVAGE SITE: Site of cleavage of the pre-mRNA by the cleavage and polyadenyla-

tion machinery.

3’ UNTRANSLATED REGION: Genic region immediately after the translation terminator

codon up to the cleavage and polyadenylation site.

AAUAAA: Poly(A) signal hexamer AAUAAA is found in the Near Upstream Element
of eukaryotic mRNAs and is involved in the accurate and efficient cleavage and

polyadenylation of pre-mRNAs.

ALTERNATIVE POLYADENYLATION: A phenomenon that produces RNA molecules with

different 3’ ends due to distinct polyadenylation sites of a single gene.

CLEAVAGE AND POLYADENYLATION MACHINERY: A multi-protein core complex and dozens
of associated factors that bind and recognize terminator elements to direct cleavage

and polyadenylation.

DEEP LEARNING: A subset of machine learning methods based on artificial neural net-
works with representation learning. They are ”deep” because they use of multiple

layers in the network.

DOWNSTREAM SEQUENCE ELEMENT: Region downstream of the cleavage site of 3’end

was shown to enhance cleavage and polyadenylation.

EXPRESSED SEQUENCE TAG: Short sub-sequence of a cDNA sequence often used to iden-

tify gene transcripts.

xii



FUE-NUE-CS TRIPARTATE SIGNAL: The far upstream element (FUE), near upstream ele-
ment (NUE), and the cleavage element (CE) are the polyadenylation signals in plants

that recognize the cleavage and polyadenylation machinery.

GENE SILENCING: Gene silencing is a molecular defense mechanism that knocks down

the gene expression in plants both in nature and in response to external stimuli.

MRNA: Messenger RNA is a single-stranded molecule of RNA that corresponds to the
genetic sequence of a gene, and is read by a ribosome in the process of synthesizing a

protein.

MASSIVELY PARALLEL REPORTER, ASSAY: Assay that can functionally validate thousands
of regulatory elements simultaneously using high-throughput sequencing and barcode

technology.

MICRORNA: Small, single-stranded, non-coding RNA molecules that are typically 21
to 23 nucleotides. MiRNAs are involved in RNA silencing and post-transcriptional

regulation of gene expression.

NEXT GENERATION SEQUENCING: A massively parallel DNA and RNA sequencing tech-
nology. NGS enables the interrogation of hundreds to thousands of genes at one time
in multiple samples, as well as discovery and analysis of different types of genomic

features in a single sequencing run.

OPEN READING FRAME: A span of DNA sequence between a start and stop codon.

POLY(A)-TAIL: The poly-A tail is a long chain of adenine nucleotides that is added to a
messenger RNA (mRNA) molecule during RNA processing to increase the stability of

the molecule.
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POLYADENYLATION: The addition of the multiple adenosine monophosphates to an RNA

transcript after termination of transcription.

POLYADENYLATION SIGNALS: Specific sequences in the pre-mRNA that bind the cleav-

age and polyadenylation complex.

PLANT STARR-SEQ: A massively parallel reporter assay in plants used to interrogate

libraries of regulatory elements in a barcoded multiplexed fashion.

POST-TRANSCRIPTIONAL REGULATION: Control of gene expression at the RNA level,
often modulated by RNA binding proteins that control splicing, capping, cleavage
and alternative polyadenylation, nuclear degradation, RNA editing, stability, nuclear

export, localization, and translation.

PRE-MRNA: pre-messenger RNA is the first (primary) transcript from a protein coding

gene.

RNA BINDING PROTEINS: Cytoplasmic and nuclear proteins that bind to the double or
single stranded RNA in cells and participate in forming ribonucleoprotein complexes.
They modulate post-transcriptional control of RNAs, such as: splicing, polyadenyla-

tion, mRNA stabilization, mRNA localization and translation.

RNA SEQUENCING: an NGS technology specific to the transcriptome by the sequencing
complementary DNAs (cDNA).

TERMINATOR: A genic element located downstream of the coding sequence that, once
transcribed, is recognized by different protein complexes responsible for cleavage and

polyadenylation in mRNA biogenesis.

UGUA: Poly(A) signal UGUA is found near in the Far Upstream Element involved in

cleavage efficiency.
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UPSTREAM SEQUENCE ELEMENT: Region upstream of the cleavage site of 3’end was

shown to enhance cleavage and polyadenylation efficiency.

XV



ACKNOWLEDGMENTS

I can’t say the road to completing this dissertation was easy. What is not discussed
in this work is all the failed project ideas that did not amount to anything, particularly a
failed venture in trying to find dominant negative peptides of Cas9 and IL-6. Technology
development is not for the faint of heart. Nevertheless, what I learned in the first projects
I carried into the work of this dissertation. The bulk of this dissertation and all the data
herein came from the final and a half year of my PhD.

All of this is to say that I owe a lot of my mental health and accomplishments to the
wonderful mentors and friends I've made along the way.

None of this would have been possible without Dr Christine Queitsch. In the face of
failure, you need someone to remind you that science is fun. She really is, as Kerry would say,
a hurricane. I love her strength of will and the energy she brings into science, her unbridled
enthusiasm about the work we do and about plants. I don’t know if she remembers, but the
first time I spoke to Christine in her office, I told her something along the lines of “If you
helicopter mentor me, I will quit. I'm not here to learn how to pipette.” She promised to
make sure I have the freedom to think about science the way I want to, and she delivered!
Because of her, I never had to worry about funding or lack of resources or opportunities. I
always felt safe to question and follow the leads that interested me, even if at times, they
were a distraction (they were).

Josh Cuperus is the pepper to Christine’s salt. Just as much as you need someone that
is excited about science, you need someone who thinks about the logistics and technicality
of it. He has an intuitive sense for technology development, and in another life would have
been a great engineer or cowboy.!

How lucky was I to work with Stan Fields? Stan is a fountain of science wisdom and

'm certain he’s also the only one that read this thesis that was not on my reading committee.

xvi



best practices. He was always willing to lend an ear if I stopped by his office or caught him
microwaving his lunch?. The best part about Stan, apart from his great sense of humor
and evergreen curiosity about science, is that he will give you his best ideas, and then
immediately forget that it was his idea. He is one of the greatest scientific minds of this
department. I'm so thankful that we had Stan lead Genome Sciences during the pandemic.

Christine and Stan also have an incredible talent in hiring the nicest and most prodigious
scientists. Kerry Bubb single-handedly gave me the best education in coding and statistics
you can have without ever taking a course. Kerry is a pillar of the lab, a cornerstone of
scientific integrity and bioinformatics, and an all around sweetheart. She isn’t fooled easily
and forces you to think deeply about your data, and when you’re stuck, she generously
helps untangle you. As an artist, I honestly appreciated how little pop and pizzazz swayed
Kerry. No fancy diagram or color palette would distract her from bad data. The proof
of the pudding is in the eating; one should be able to download the raw data of any high
throughput experiment and reach the same conclusions the authors did. Outside of science,
I’ll miss sitting by Kerry and chatting about the latest seminar or what books she’s been
reading. I know how much she cares about all the students and we love her just as much
too.

The rest of the lab members are all jewels. Ken was my first lab friend. Brilliant and
kind, he always took time away from all his work to help me code when I was stuck, even
past dinner time! He would never leave a soldier behind. I don’t know what I would have
done in the last two years without Jackson and Morgan. I'll always cherish going to Cornell
and getting lost in the botanical gardens following Morgan and Jackson around, eating a
massive block of cheese and thinking about deciduous trees. I loved how Jackson was always
down to get lost in nature with me and feed my insatiable need for McDonalds ice cream
cones. GS Hackathon would have never happened without Morgan or Joe either. Morgan
could easily make cool evil robots, but instead, he wants to save the world with plants.

Thank you Joe for helping to lead the Hackathon when I had a thesis to write. Your energy

2Even if it was fish!

xvii



and brilliance is lifesaving and you bring sunshine into my life.

Dearest sweetest Cris Alexandre. I always imagined a PhD to be like the old stories
of Cold Spring Harbor Labs in the golden age of molecular biology. Walking around a
collegiate campus, coffee in hand, and chatting with your colleagues about some grandiose
theory that will shake the field. Each discussion would ricochet into a new idea, a new
experiment to try. Working with Cris was even better. My fondest memories of grad school
will be walking with her to get coffee and chat about everything—science, philosophy, art,
literature-and connecting all the dots.> She has a mind like no other, and a heart that is
equally as beautiful. I can’t wait to see how she’ll shake up the worlds of design and science.

The same goes for my dear friend Ruth Groza. I remember the first day she joined the
Field’s lab and I asked her how she was doing? Matter of fact, she responded “Are you just
being polite, or do you really want to know?” And that’s Ruth for you. She will never tell
you the sky is blue when it’s not, but she will stand by your side with an umbrella until the
rain clears. With Ruth, I’ve been on top of mountains, glaciers, volcanoes, and crouched
by every tide pool in between. I'll miss our ”fireside” (bunsen burner) chats about science
philosophy and COVID health policy, especially in those wee late hours of lab when it was
only us in the building. Foege was our palace, and we were its queens.

I’d also want to thank the wonderful postdocs Tobias, Yash, Beth, Cole, and Bryan.
Postdocs are the ground troops of science, helping us poor grad students left behind. Tobias
is three scientists in one trench coat. His methodical approach to building STARR-seq off
the ground showed me how tech-dev should be done and how to be as productive as possible.
Yash is a protein wizard and academic. He brings back the fundamental biochemistry that
we often ignore when studying genetics. I couldn’t have purified proteins without him! Beth
taught me how to run experiments with fastidious attention to detail and organization. Her
lab notebooks are work of art and should be framed for their perfection. And finally, this last
year would have been impossible without the support of Cole and Bryan. While I've only

known them a short time, they’ve quickly become my support system in lab and beyond.

3My only complaint is her lack of appreciation for The Great Gatsby.

xviii



No, I will never read the manual or turn on the lights, but you guys make sure I get by

anyway and that the lab doesn’t catch on fire.

To the wonderful staff members Liz Kwan, Maureen Larson, and Brian Giebel. Liz is
the most thoughtful, creative, and passionate scientists I’ve ever met. She has more talent
in her pinky finger than I have in my whole body. Maureen is the real queen of Genome
Sciences. All praise the Queen! Without her, Hackathon would have never happened. 1
loved our little chats and the energy she brings to GS. Brian Giebel is the foundation of
everything. Without him, I would have never been able to graduate or keep up to date with
all the paperwork and deadlines. He should be given a 200% raise every year. We cannot

lose him.

I have the best friends outside of science and I love them all. The luckiest girl in the
world, I've grown up with the kindest group of friends and family. My childhood friends
Sabina, Alex, and Helena have seen me through thick and thin. They are no longer my
friends, they are my sisters, and I can’t wait to grow old with them and see their babies

grow up too.

Meeting Anna Noreuil was the best part of Dartmouth. I didn’t think I would meet
another gremlin out there like me, but the lord graced me with her, another trash goblin
from the abyss. I don’t think I would have survived both my masters and grad school if 1
didn’t have her to call when times were hard, or just to rant about anything. She always
know how to make me laugh and what weird bug facts would cheer me up, not to mention
fulfilling my girlish fantasy of going to Paris for our birthdays or seeing Forks, Washington.
Even when we were miserably trapped in a tree on top of Aster Butte, I knew I was going
to be okay because you were right there with me. I love her so much and also can’t wait to

grow old with her.

To my friend Marine, my sister from another mister. Meeting her in New York was the
silver lining of New York. I love her openness to the world and others. She made my move
to Seattle so much easier, opening her whole family to me. Never have you met a better

clan, or more genuine and kind. I can’t wait for us to have art shows and sell photographs

Xix



together, travel every corner of the globe, and read each other’s books.

How lucky was I in finding the best house to live in Seattle? A lot. For 4 years, I lived by
Ravenna park with the most compassionate and kind housemates (now friends too). Jim,
Christy, Max, and Faye made COVID all the more bearable, especially since they had to
eat all the sourdough I baked. Thank you to Luke, Bill, Melissa, Kaya, and Courtney for
filling our house with love and joy. Our parties and dinners were the talk of the town and
will probably be some of my most cherished memories living out here. I'm so glad you all
put up with my silly goose self. And thanks to our landlord Wallace for always taking care
of us like his own children.

I owe everything I have ever accomplished to my dear mom and dad. With two small
kids, they left everything behind to immigrate to the United States, which wasn’t without
its sacrifice. Dad, I miss you a lot and wish you could have seen me get a PhD. You were
gone too soon and there were so many times I wish I could have called you in the last 12
years. To my brother, Amir: You're so smart and so special, and I can’t wait for you to
show the world how brilliant you are. Even though we don’t always see eye to eye, know
that I'm proud of you for taking your own path.

And finally, to my dear Maman. I love you so much it doesn’t make sense to put it
in words. I wish I just had even 10 percent of the resilience and strength that you have.
I watched you build our lives from nothing, overcoming setback after setback, sacrificing
everything in your power for your kids. I love your strength of character, your work ethic,
your high moral code, and your desire to serve the community before serving yourself. I
don’t know how I got so lucky to have a powerhouse mother like you. It’s silly, but every
time I eat cheetos puffs, I thank God that she made me your daughter. This PhD is as
much mine as it is yours. You are and forever will be the best thing to have ever happened

to me.

XX



DEDICATION

To my dear Mom and Dad, who gave me everything.

xx1






Chapter 1
INTRODUCTION

1.1 mRNA: the medium is the message

Imagine you read the sentence:
Cole kicked Jimmy.
The message is clear. The action is obvious. For some reason, Cole kicked poor Jimmy!

But what if we insert a few phrases or clauses?

Cole kicked Jimmy playfully.
Cole kicked Jimmy the soccer ball.

Seeing the incoming truck, Cole kicked Jimmy out of the way.

In each example, the action stays the same. Cole does indeed kick Jimmy. But how
we interpret the message has now completely changed. By adding words at the end of the
sentence, we can modify the context and consequently the understanding or meaning of the
message. In a way, how the messages of genes are interpreted or translated are not that
different. The additional words modifying the action in these sentences function like the
noncoding bases in messenger RNA (mRNA), which modulate how the protein or “message”
the mRNA encodes gets translated. They add context to the message, but they themselves
are not the action. “Messenger” RNA acts as a form of communication between the nucleus
and the ribosomes. How it communicates that message is just as important as the message
itself. Even more critically, how and where the cell ends the message plays a critical role in
regulation of gene expression. Indeed, the medium is the message.

Genetic regulation can happen at any stage as DNA is transcribed into mRNA and
mRNA is translated into protein. Regulation on transcription initiation is the predomi-
nant form of regulation for most genes, and often the most studied. Yet transcription is

surprisingly stochastic whereas protein production is precise [148]. Post-transcriptional con-



trols (Figure 1.1) modulate the amount of protein produced from an individual mRNA
by altering rates of mRNA pre-processing, decay, and translation. Since transcription and
translation are not directly coupled in eukaryotes, post-transcriptional regulation evolved
to transform the nuclear primary RNA transcript (pre-mRNA) into a mature mRNA com-
petent for translation in the cytoplasm. The processes that control the life and and death
of mRNA account for nearly 60 percent of the variation in protein abundances [271, 37].
In eukaryotes, there are three major processing reactions responsible for the maturation
of the newly transcribed pre-mRNA molecule [248]. First, the 5’ ends of the pre-mRNA are
enzymatically modified to generate a 7-methylguanosine cap, a process that protects the
transcript from being broken down and helps the ribosome attach to the mRNA. Second, the
splicing machinery (a large multi-protein and RNA complex known as the spliceosome) re-
moves introns and stitches back the coding exonic regions of the mRNA to form a continuous
open reading frame (ORF) ready for translation. Third, in order to be exported to the
cytoplasm, the 3’ end of the mRNA is then cleaved and polyadenylated. The final poly(A)
tail is synthesized by a multiprotein complex that assembles on specific sequences of the
pre-mRNA, called the cleavage and polyadenylation signals (pA signals). These pA
signals usually reside in the terminator region of the pre-mRNA and flank both sides of the
cleavage and polyadenylation site. 3’ end processing, particularly cleavage and polyadeny-
lation, is perhaps the most critical aspect of nuclear post-transcriptional regulation. Where
the transcript is cleaved and polyadenylated determines what other cis-regulatory elements
remain in the 3’ end. For many genes, there are alternative cleavage and polyadenyla-
tion sites (PAS) that can generate multiple mRNA isoforms with different 3° UTRs. This
phenomenon, known as alternative polyadenylation (APA), allows for inclusion and
expulsion of cis-regulatory and cis-acting elements that control mRNA decay, subcellular
localization, stability, and translation efficiency. APA is critical since it affords a direct
linkage between mRNA processing and control of mRNA function. Shorter transcripts de-
void of RNA regulatory elements (binding sites) and freed from that form of regulation,
while longer transcripts are more likely to harbor sites of control. RN A-binding proteins
(RPBs) and microRNAs (miRNAs) bind these elements in the 3’ UTR and 5’ UTR to

perturb RNA stability and function. Depending on the RBP, the stability can be increased
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Figure 1.1: Post-transcriptional control can occur at any stage after transcription and
before translation. Once RNA is transcribed, it must be processed to create a mature
RNA that is ready to be translated. Nuclear processing involves 5’ capping, intron splic-
ing, and addition of a poly(A) tail to the 3’ end. The 3-UTR (untranslated region)
harbors cis-elements like microRNA and RN A-binding protein (RBP) binding sites.
Alternative polyadenylation (APA) determines what regulatory elements are included,
thereby having a significant effect on the stability and translational rate of mRNAs. mRNA
is then transported to the cytoplasm for translation. The length of time mRNA resides in
the cytoplasm before being degraded is called RNA stability. Higher RNA stability leads
to longer residency time in the cytoplasm and more protein synthesis.



or decreased significantly; however, miRNAs always decrease stability and promote decay, a
phenomenon known as gene silencing. MicroRNAs are small single-stranded non-coding
RNA, typically 20-24 bases long, that bind to mRNA and silence them either via cleavage
of mRNA, destabilization by shortening the poly(A) tail, or repression of translation ini-
tiation. RBP can also bind elements in the 5> UTR and 3’ UTR to guide transport and
cytoplasmic localization. The poly(A) tail and poly(A) binding protein interact with the

methyl cap at the 5-end to promote translation at the ribosome [336, 89].

1.2 Importance of untranslated regions of mRNA in
post-transcriptional regulation

In 1953, Francis Crick and James Watson proposed the structure for deoxyribonucleic acid,
or DNA. In their seminal pape on the structure, they suggested a means by which cells
make an identical copy of DNA with each cell division; later, they suggested a code that
determines the structure of proteins [330, 331]. How DNA encodes the structure of pro-
teins was still unclear. In 1958, Francis Crick wrote in a letter, “Watson said to me, a few
years ago, ‘The most significant thing about the nucleic acids is that we don’t know what
they do.” By contrast, the most significant thing about proteins is that they can do almost
anything.” This viewpoint arguably influenced the protein-centric view of cell biology for
the next half century. Crick might have been surprised to know that the noncoding regions
of mRNA contain important regulatory and processing elements that can modulate protein
function without altering amino acid sequence. Nucleic acids in the 3° UTR control criti-
cal post-transcriptional gene processes. From biochemistry, to recombinant technology, to
deep sequencing, our understanding of how the noncoding bases in 3’ UTRs impact gene
regulation has expanded exponentially in the past few decades.

In this introduction, I will briefly overview how 3’ UTR biology was historically investi-
gated, highlighting technology that assisted in the discovery. I will focus on how advances in
DNA sequencing technologies have expanded the discovery and characterization of 3’ UTRs
across eukaryotes, specifically in plants. I will end on how current biotechnological tools
(from genome sequencing to a plethora of massively parallel reporter assays that interrogate

function) coupled with computational machine learning will facilitate engineering specific



terminators for plant synthetic biology applications. Finally, I will end with current limi-
tations in the field and propose solutions that can predict which combination of all genetic

elements to use for specific, temporal, and tunable expression of genes.

1.2.1 Laying the groundwork of 3’ untranslated region in cleavage and polyadenylation

By the summer of 1961, the concept of messenger RNA (mRNA) was born into the
world. Through a series of experiments, Sydnew Brenner, Francis Crick, Francois Jacob,
and Matthew Meselson uncovered mRNA’s role in gene regulation and successfully isolated
it [33, 132]. They proposed that messenger RNA was like a tape that copied information
from DNA and then carried that information to the ribosome, the site of protein synthesis,
which read and followed the instructions to make the encoding protein. With the discovery
of mRNA, Francis Crick articulated a set of principles known as the Central Dogma of
Molecular Biology to articulate the flow of information from DNA to proteins. DNA codes

for RNA, and RNA codes for proteins. In other words, genes ultimately code for proteins.

Until the 1970s, the prevailing theory was that information transfer from DNA to pro-
teins happens exclusively through translation of the coding region of mRNAs into amino
acids of proteins. Yet early nucleotide sequencing revealed that mRNA contains additional
nucleotides in the 5- and 3’-end that are not translated [3, 198, 211] . Unlike bacterial
genes that transcribe into mature RNA, eukayotic genes transcribe pre-mRNAs that are
nonfunctional and much larger than the mature form. In 1971, a 3’ poly(A) segment, later
coined as the poly(A) tail, was discovered in polyribosomal mRNA through targeted enzy-
matic digestion. Translationally active ribosome-associated mRNA were isolated and then
digested with RNAse that cuts only at C and U residents or G residues to reveal a resistant
fraction of adenine residues [4, 75, 180]. Soon it was shown that the adenine residues were
added to nuclear RNA by poly(A) polymerase (PAP), providing the first example that nu-
clear pre-mRNA is processed after transcription [60, 135, 337]. The discovery of poly(A)
addition was followed by the discovery of the addition of the 5’-methylated cap at the 5’ end
mRNA [85, 86, 241, 276, 333]. In 1977, Richard Roberts and Phillip Sharp discovered that

some protein-coding genes have intervening sequences of noncoding DNA. Micrographs of



DNA-RNA hybrids revealed spaces in the DNA that bound to no RNA, forming DNA loops
that protrude away from the hybrid. These skipped regions came to be called introns.
Collectively, these experiments showed that mRNA must be processed in the nucleus for
proper translation, and that the non-coding segments in the 5’ 3’ and intron regions were
critical for proper processing.

Understanding the noncoding bases in the 3’ end was fundamental for mRNA technology
development. Most notably, the discovery of the poly(A) tail was pivotal for isolating and
sequencing mRNA. Ribosomal RNA makes up to 80%-90% of total RNA content in a
cell, and mRNA is only 3-7%]66], making it challenging to study mRNA biology and gene
regulation. Even though the function of the poly(A) tail was still unknown at the time, the
poly(A) tail served as a natural tag to isolate mRNA by oligo(dT) affinity chromatography
away from the bulk ribosomal RNA that lacks the poly(A) tail [16]. Before recombinant
DNA technology [53], the only way to isolate individual mRNAs was to select a tissue
that had pronounced and selective gene expression so that a particular mRNA is unusually
abundant [247], significantly limiting the number of genes one could study.

Oligo(dT) capture of polyadenylated mRNAs facilitated the first example of mRNA
sequencing. Nick Proudfoot and colleagues were also the first to use oligo(dTs) for in
vitro complementary DNA (cDNA) synthesis, turning the mRNA into a complementary
single-stranded DNA [243]. They extracted six globin mRNAs to sequence the 3’ end of
the mRNA for the first time. Using the 2D chromatographic “fingerprinting” technique of
DNA sequencing techniques from Fred Sanger’s laboratory [35, 266], Proudfoot discovered
the presence of the poly(A) signaling hexamer (AAUAAA) close to the 3’ end of
the six globin mRNAs, later proving that it signals for polyadenylation and transcription
termination [246, 248, 244]. These early sequencing results also showed that the stop codon
does not define the mRNA 3’ end, but rather it is the 3’ UTR that possessed the gene’s
polyadenylation signal [245].

The discovery of polyadenylation was quickly followed by the discovery of alternative
polyadenylation. Scientists discovered alternative polyadenylation in the 3’ UTR of eukary-
otic mRNA through northern blotting and nuclease protection assays. Northern blotting

provides a gel fractionation image of the specific gene’s mRNA output that gives information



on the size and quantity of each mRNA. Briefly, mRNA isoforms from genes were recovered
and hybridized to the cloned DNA of the gene and then digested with S1 nuclease to map
sites that are protected from cleavage, allowing visualizations of the complete set of mRNA
isoforms generated from a gene. With this technology, scientists could then map introns,
and the 5" and 3’ UTR ends of transcribed genes. Soon after, scientist found that multiple
polyadenylation sites exist in 3’ untranslated end of a transcript, discovering alternative

polyadenylation [72, 311].

1.2.2  Dissecting poly(A) signals in mammals

Advances in recombinant DNA technology also led to deletion constructs and site-directed
mutagenesis approaches to probe how much sequences inside 3’ UTR influence polyadenyla-
tion [80]. Soon after the discovery of AAUAAA, more cleavage and polyadenylation elements
were discovered: the GU-rich downstream sequence element (DSE) region downstream
of the cleavage site of 3’end was shown to enhance cleavage and polyadenylation [94, 95, 205],
and the upstream sequence element (USE) was shown to enhance 3’-end processing
efficiency [40, 216, 316, 317]. Finally, the nucleotides of the 3’ cleavage site (CS) can
also influence the efficiency of cleavage [48]. Together, the positioning and patterning of
these signals together can drastically affect the location of cleavage and polyadenylation by
thousands of nucleotides [278, 306].

These early experiments in investigating mRNA polyadenylation signals were all in mam-
mals. Extensive biochemical work in other eukaryotes revealed that the mammalian pattern
of USE-AAUAAA-DSE is generally conserved across eukaryotes, with a slight exception

for plants.

1.3 Dissecting poly(A) signals in plants

Plant cleavage and polyadenylation patterns do not share the exact structure as other
eukaryotes (Figure 1.2). Plants do not cleave and polyadenylate transgene products con-
taining animal-derived polyadenylation signals or 3’ UTRs [126]. Plant gene transcripts,

on average, also have a higher instance of multiple poly(A) signals than mammalian genes



[109, 272]. Nevertheless, early work in plants also found that AAUAAA is a polyadenyla-
tion signal [64, 69], albeit not as conserved as expected. Through Agrobacterium-mediated
transfection into tobacco leaves, scientists studied how viral genes were transcribed and
processed in plants. S1 nuclease mapping from the T-DNA derived isolates revealed that
the poly(A) signal AAUAAA acts as a polyadenylation signal. However, the sequence is not
a universal feature near many polyadenylation sites in plants. With 46 plant gene partial
3> UTR sequences available at that time, scientists scanned for putative poly(A) signals
and found that only a third of these genes had the AAUAAA near the cleavage site and a
significant portion had no AAUAAA-life motif at all [143].

Despite the growing number of sequenced plant genes, early functional studies on cleav-
age and polyadenylation in plants were done on only four genes, of which only two were
plant genes: cauliflower mosaic virus (CaMV) 35S, the pea rubisco (ribulose bisphosphate
carboxylase and oxygenase) small subunit gene (rbcS) E9, the Agrobacterium tumefaciens
octopine synthase (ocs) gene, and maize storage protein coding gene (zein 27-kDa). Nu-
clease protection assays and reverse transcription/polymerase chain reactions (RT-PCR)
on these genes allowed the effects of deletions and mutations on the function of particular
poly(A) sites to be evaluated. While only two of the genes are eukaryotic genes (not viral or
bacterial), functional assays on all genes led to similar models, suggesting that the results
can be generalized to all plant poly(A) signals. It is important to note that RNA analysis
conducted using northern blotting fails to provide sufficient information on the effect of
mutations on poly(A) site function [124]. Nevertheless, the polyadenylation cis-regulatory
elements in plants were divided into three distinct elements: The far upstream elements

(FUESs), the near upstream elements (NUEs), and the cleavage site element (CS).

1.8.1 FUE-NUE-CS tripartite polyadenylation signal in plants

The NUEs are A-rich sequences 6-10 nucleotides that are situated 10-40 nucleotides from
their corresponding poly(A) site. NUEs are functionally analogous to the mammalian
polyadenylation signal AAUAAA [175, 341]. However, systematic point mutation analy-
sis indicated that there is much variation in the AAUAAA motif in the CaMV poly(A)
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Figure 1.2: Schematic representation of the 3’ UTR regions of mammals and plants. The cis-
acting elements recognized by the 3’ end processing machinery are displayed and consensus
sequences are given. The following elements are indicated: CDS, coding sequence; CE,
cleavage element; CS, cleavage site; DSE, downstream element; FUE, far upstream element;
NUE; near upstream element; PAS, polyadenylation signal; USE, upstream element.

signal, and that these mutations are tolerated more in plants than in mammalian systems
[125, 262]. The FUEs are required for efficient usage of poly(A) sites, as deletion of an
FUE can decrease poly(A) site efficiency by an order of magnitude. Large deletions in the
FUE have dramatic effects on polyadenylation, but smaller mutations (point, deletion, or
linker scanning) have very subtle effects. Unlike the USE of mammals, the relative location
of the FUE to the NUE can be variable (from 13 to 100 nts upstream of the NUE), and
FUEs lack highly conserved consensus sequences FUEs. Plant CSs are usually situated in
U-rich regions of the 3° UTR and contain a Y/(C,A) dinucleotide and behave very sim-
ilarly to those in animals and yeast [321]. Unlike the mammalian DSE, sequences after
the polyadenylation site in plants do not appear to play a role in mRNA polyadenylation
[124, 262]. However, plant FUEs seem to share sequence properties with DSE required for
polyadenylation in mammals, a decided UG/U-richness, suggesting that there might be an
evolutionary conserved trans-acting factors that can recognize DSEs in animals and FUEs

in plants.



10

1.3.2  Cleavage and polyadenylation machinery

The 3’ regulatory regions described above guide the cleavage and polyadenylation protein
machinery. In eukaryotes, a multiprotein complex of more than 20 proteins, named the
Cleavage and Polyadenylation Molecular Complex (CPMC) or Polyadenylation Complex
(PAC), recognizes and interacts with cis-elements to cleave and polyadenylate pre-mRNA.
These proteins have been deeply characterized in yeast and mammals [196]. The CPMC
in mammals is composed by four subcomplexes: Cleavage and Polyadenylation Specificity
Factor (CPSF), Cleavage Stimulatory factor (CSTF), mammalian Cleavage factor I (CFIm),
and Cleavage factor II (CFIIm). Additional core factors include scaffolding and enzymatic

subunits such poly(A) polymerase, FIP1, symplekin, and nuclear poly(A) binding protein.

CPSF and CSTF work cooperatively to promote cleavage; CPSF recognizes the poly(A)
signal (AAUAAA-like variants) and CSTF recognizes the U/GU rich regions in the DSEs
to guide cleavage between respective binding sites [369]. CPSF recruitment is central, as
it constitutes the core processing complex required for both the cleavage and subsequent
polyadenylation reactions. Unlike CPSF, CSTF is essential only for cleavage reactions [297].
CFIm is a tetramer of two subunits that binds the UGUA motifs upstream of the cleavage
site and is indispensable for proper cleavage, where binding to the UGUA motif promotes
recruitment of CPSF and CSTF. CFIm also helps direct the choice of PAS [152, 163]. CFIIm
plays a role in alternative polyadenylation, with both of its subunits (Clpl and Pcfl1)
promoting the use of proximal poly(A) sites (PAS). Depletion of both CFIIm subunits lead

to increased use of distal PAS across transcripts [41, 176].

The polyadenylation reaction requires the cleaved pre-mRNA template, CPSF, poly(A)
polymerase, and poly(A) binding protein. Poly(A) polymerase (PAP) adds adenosines to
the 3” hydroxyl group of RNA in a template-independent manner [164, 320], with the length
of adenosines added varying among species (200-250 in humans, 70-80 in yeast). The speed
of assembly of the functional cleavage and polyadenylation complex is dependent on the

strength of the pA site and the sequence architecture around the pA site [45, 227].

Biochemical characterization of plant cleavage and polyadenylation complex is challeng-

ing due to the low expression levels in plant tissue and the lack of efficient purification
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approaches able to isolate protein factors while maintaining their natural interacting part-
ners. As a result, the gears and mechanisms of the plant cleavage and polyadenylation
machinery are still not fully elucidated. Despite the limitation, protein interaction assays
(including yeast two-hybrid, in vitro pull-down, immunoprecipitation, and affinity purifica-
tion assays) provided evidence that the interaction topology of polyadenylation factors in
Arabidopsis is similar to that of yeast and humans [125], although some unique features
have been noted in higher plants.

Plants possess most, but not all, of the orthologs encoding the CPMC [125, 130, 368].
Unlike the CPMC in mammals, in which each of the subunits are encoded by a single gene,
the subunits in plants are encoded by gene families. Some plant genes encode at least
two isoforms of the same subunit [28, 130]. Unlike the mammalian homologs, some plant
CPMC subunits are dispensable for growth and development (such as CSFP30, CstF77,
CstF64, and several poly(A) polymerase isoforms) [128]. This unique distinction between
plants and mammals allowed the study of plant mutants that lack CPMC proteins. The
impact of mutations (including full knockouts) of different CPMC subunits demonstrated a
wide array of phenotypes that are associated with global changes in gene regulation, such
as altered root and flower development, altered hormone response, and different responses
to stress (Hunt, 2020). While these phenotypes of CPMC mutants could be the result of
alternative poly(A) site usage that in turn directly affects expression of genes responsible
for phenotype, the large scope of changes in poly(A) site usage and overall gene expression
makes it difficulty to tease out connections and order of operations. In other words, is
alternative polyadenylation responsible for phenotypes or are changes in gene expression
responsible, or a complicated feedback of both? It is hard to assess the cause-and-effect in
most cases since CPMC associated phenotypes are controlled by a large network of genes
[129].

The Arabidopsis genome encodes all the protein factors analogous to the mammalian
CPSF, but studies aimed at studying the in vivo composition and interaction patterns
among the plant CPSF components are limited to low expression level of CPSF and the lack
of efficient purification approaches able to isolate the protein factors involved and maintain

their in vivo interactions. Arabidopsis cell cultures were used instead. The Arabidopsis
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homolog of CPSF30 (AtCPSF30) has been confirmed as an RNA-binding protein with an
affinity for U-rich sequences in the FUE. AtCPSF30 is implicated in binding NUE-residing
motifs, and mutations in the subunit resulted in the choice of unusual poly(A) signals
[304]. AtFY, another ortholog of the CPSF subunit protein WDR33, is involved in the
recognition of the canonical NUEs in Arabidopsis [362]. The choice of poly(A) signal relies
on AtCPSF30 and AtFY interactions [362], with double mutants in plants generating up
to 50% more alternative polyadenylation events. Unlike their mammalian counterparts,
AtCPSFET73 and AtFY are also involved in plant-specific processes like flowering and plant
female development, suggesting that plants evolved variants of CPSF to deal with specific
environmental cues. Arabidopsis orthologs of CFI, AtCFI, recruit the Arabidopsis ortholog
of poly(A) binding protein as well [81]. The C’ terminus of AtCSTF77 interacts with
AtCPSF30 in vivo. The Arabidopsis orthologs of CSTF subunits interact in vitro and have
the ability to bind RNA [26]. This function might be plant specific since RNA binding has
not been reported for either mammalian or yeast CSTF77 subunit. Genome-wide poly(A)
site usage of CSTF77-2 mutants in Arabidopsis revealed extensive usage of distal poly(A)

sites and diminished transcription termination efficiencies [363].

Investigations of the evolutionary conservation of the plant CPMC across 10 plant species
found that the number of genes encoding plant polyadenylation factors increased from
“lower” to “higher” plants, with gene expansion in higher order plants biased to some
polyadenylation factors [130]. Plant polyadenylation complex consists of a relatively con-
stant core (shared with mammals) and a panoply of peripheral subunits that are somewhat
distinct for each species. The evolutionary expansion of the complex might explain why
plants are more forgiving in recognizing variations of the poly(A) signal. An additional
layer of complexity of the plant CPMC is the existence of partial protein isoforms, due to
either through alternative RNA processing or coding by separate genes [130]. These par-
tial proteins possess some but not all of the functionality of their respective “complete”
versions, potentially affecting the functioning of other subunits and thus perturbing the

complex architecture.
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1.3.83 Sequencing accelerates understanding of 3’ end processing and polyadenylation

Traditional genetics and biochemical approaches helped elucidate some of mechanisms be-
hind poly(A) signal selection and cleavage. The surge of improved sequencing technologies
at the beginning of the second millennium catapulted the endeavour. It is abundantly clear
that sequencing expanded the horizons of genetic exploration, along with the development
of bioinformatic tools and algorithms. However, genome-wide analyses often only provide
correlation and lack direct functional experimentation to prove causation. Sequencing is

useless unless we can interpret it properly.

Once Sanger sequencing was invented [267], more mammalian and plant mRNAs were
sequenced to determine conservation of more cis-regulatory elements in untranslated re-
gions. In 1980, the first full 3° UTR sequence of mRNA was published [209]. As sequencing
became less expensive, the number of genes sequenced grew exponentially. Having the DNA
sequences from genes of different organisms allowed for the first comparative genomic anal-
ysis [226], in which the rate of substitutions reflects the degree of functional constraint.
Early comparative genomic studies found a higher degree of substitutions in untranslated
regions than in coding regions, with the exception of short sequence elements involved in
polyadenylation and splicing. Despite the high substitution rate, they also found a high de-
gree of sequence homology in the 3’ UTRs [212]. Later studies also found that the 3° UTR
sequences of homologous genes coding for actin proteins are highly conserved across organ-
isms, but the 3> UTR. sequences are highly divergent across actin isoforms expressed across
different tissue and function [352]. Conservation in the 3’ UTR region highlights their regu-
latory roles, but divergence in the 3’ UTR sequence of isoforms suggests additional genetic

information to distinguish highly similar proteins [203].

Advances in sequencing improved genome-wide understanding of polyadenylation and
the curious case of conservation. By the late 1990s, the availability of genomic, full-length
cDNA and expressed sequence tag (EST) sequences from large scale genome sequenc-
ing projects made it possible to search for poly(A) signals using bioinformatics tools. ESTs
are short segments of DNA that represent coding regions. In 1998, Gautheret et al. demon-

strated that one can find the distribution of alternative mRNA forms through EST sampling
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Figure 1.3: From [99], this figures shows the single-nucleotide frequencies preceding the 3’-
end-processing sites as determined by alignment of 3-ESTs generated from yeast (1,352),
rice (1,246), Arabidopsis (4,069), fruitfly (3,236), mouse (6,029), and human (4,427) cDNAs.
Positions are given relative to the putative 3’-end-processing site. (A) Sequences aligned on
the 3’-most end of the ESTs.
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(Figure 1.3). They compared 164,000 human 3’ ESTs and clustered them into homoge-
nous groups, where clusters of overlapping ESTs were analyzed for distinct poly(A) sites
in humans [92]. Outside of human genetics, EST databases also allowed comparative ge-
nomic studies on poly(A) signals. Mining EST databases across 6 eukaryotic species (yeast,
rice, Arabidopsis, fruit fly, mouse, and human) revealed that the use and conservation of the
canonical AAUAAA element varied widely and was especially weak in plants and yeast. The
same study also found that plant polyadenylation signals are more similar to those in yeast
than in animals, with both content and arrangement of the elements. Across species, they
found that polyadenylation signals appear to consist of aggregates of multiple elements.
They suggest that no single exact sequence is universally required for 3’ end processing.
Rather, the total efficiency is a function of all elements, where an inefficient part of one el-
ement can be compensated by strong contribution of another [99]. Together, these findings
suggest that conservation style approaches to finding cis-regulatory 3’ UTR elements is not

that informative for function.

1.3.4 Whole genome sequencing and bioinformatic modeling increases understanding of

polyadenylation signals in plants

By 2000, the completion of the Arabidopsis thaliana genome assembly necessitated genome
annotation, which is generally based on the identification of functional RNA and coding
sequences. The Arabidopsis genome was annotated using in silico gene-finding methods,
comparison to EST and protein databases, and manual reconciliation of the data [122]. The
availability of genomic, full-length ¢cDNA and EST data also made it possible to search
for poly(A) signals using bioinformatic tools [25, 92, 99, 106]. By 2005, using two large
datasets of 3° UTR sequences in Arabidopsis (one with 8,160 ESTs with authenticated
poly(A) sites, the other with 16,211 full-length ¢cDNA downloaded from the Arabidopsis
Information Resource TAIR), scientists computationally scanned for poly(A) signals derived
from conventional genetics [21, 186, 263]. This genome-wide scanning approach confirmed
the FUE-NUE-CS tripartite signal in plants, while further dissecting the nucleotide

distribution patterns around the CS and poly(A) sites (Figure 1.4). Similar analysis
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Figure 1.4: From [186], this figures shows the single-nucleotide profile of 3’-UTR and a
(then) current model of plant poly(A) signals. A) Single-nucleotide scan from positions
-250 to 4100 in the whole UTR + downstream region. Distinct profiles flanking the CS are
now named CEs. B) Sequence logo generated from the actual percentage of each of the four
nucleotide’s occurrence in the 8-K dataset, indicating preferred nucleotides flanking the CS
(-5 to +3 nt). C) A current model for Arabidopsis mRNA poly(A) signals. URE, U-rich
regions, which are found flanking both upstream and downstream of the CS.
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followed for polyadenylation in rice to show the tripartite signal is robust regardless of
plant model [280]. Once again, these studies in Arabidopsis and rice confirmed how the
poly(A) signal AAUAAA is not strictly conserved in 3’ UTRs of plants. Compared to 50%
of mammalian genes that have the AAUAAA, only 10-15% of genes in Arabidopsis and rice
have AAUAAA as their poly(A) signal.

1.3.5 Next generation sequencing improves 8’ UTR analysis

The development of next generation sequencing (NGS) of DNA and RNA in the early 2000s
revolutionized our ability to study and analyze genomes. Because they are massively par-
allel, NGS technologies provide highly efficient, rapid, and low cost sequencing beyond the
reach of the traditional sequencing developed in the late 1970s. Next generation sequencing
technology, like the Illumina platform, coupled with bioinformatics algorithms in down-
stream genome assembly, has also significantly increased the number of sequenced plant
genomes [298]. First, NGS technologies helped establish genome-wide analysis related to
gene expression and transcript profiles, which are collectively known as RNA-seq [22]. Se-
quences derived from RNA samples are mapped to a reference genome, where the number of
reads that map to each gene correspond to its expression level[165]. In practice, a population
of RNA is converted to a library of cDNA fragments with adapters attached to one or both
ends for sequencing. With or without amplification, the molecules are sequenced from one
end (single end sequencing) or both ends (paired-end sequencing). Following sequencing on
an NGS platform, the resulting reads are either aligned to a reference genome or a reference
transcript. RNA-seq is the first sequencing based method that allows the transcriptome
to be surveyed in a high throughput and quantitative manner. RNA-sequencing not only
offered both single-base resolution for annotation and ‘digital’ gene expression levels, but it
was also cheaper and more scalable than large-scale Sanger EST sequencing [328]. Besides
gene expression, RNA-seq can be adapted to analyze transcript boundaries, intron/exon
junctions, profiling of noncoding RNA, nascent transcripts, ribosome associated mRNA,
and polyadenylation [273]. For our purposes, the 3’ boundaries of many transcripts were

mapped by searching for poly(A) tags in RNA-seq datasets [326]. However, in its original
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Method Fragmentation Adapting Internal priming Ease Sequencing platform
3SEQ Heat shearing DNA ligation Yes Medium Illumina
Mangone et al. Dpnll DNA ligation Yes Medium 454
3P-seq - RNA ligation No Low Illumina
PAS-seq Heat shearing RT + template switching Yes High Illumina
SAPAS Heat shearing RT + template switching Yes High 454 /Ilumina
Wu et al. NlalIll or Tail DNA ligation Yes Medium Illumina
MAPS - RT + second strand synthesis Yes Medium Illumina
Poly(A)-seq - RT + second strand synthesis Yes High Illumina
3’ seq Heat shearing DNA ligation Yes Medium Illumina
A seq RNase I RNA ligation Yes Medium Illumina
3 T fill Heat shearing DNA ligation Yes Medium Illumina
3’ READS Heat shearing RNA ligation No Medium Illumina
3PC Heat shearing Circularization Yes Medium Illumina
PA-seq Heat shearing DNA ligation Yes Medium Illumina
EXPRSS Covaris shearing DNA ligation Yes Medium Illumina
PAT-seq RNase T1 RNA ligation No Medium Illumina
WTTS-seq Heat shearing RT + second strand synthesis Rare Medium Ion Torrent

Table 1.1: Details of each 3’-enriched RNA-seq method for global pA site profiling

form, RNA-seq is not as suitable for identifying poly(A) sites precisely and extensively, a
result of relatively low overall read coverage of the 5’ and 3’ end of genes. Thus, better li-
brary construction protocols were designed to capture 3’ ends of mRNA for direct profiling
of genome-wide poly(A) sites, including Direct RNA sequencing (DRS) [231, 281], 3P-seq
[134, 313], 3 READS [118], PAT-seq [107], and TAIL-seq [42]. Collectively, these technolo-
gies are known as 3’ enriched RNA-seq, which can be classified into two categories based on
the strategy used to enrich the 3’ end: oligo(dT) capture methods or RNA manipulation
methods [118].

NGS sequencing established methods and genomic assays that were able to map the 3’
end of mRNA transcriptome-wide, revealing that more than half of the human and mouse
genes generate alternative mRNA isoforms but encode proteins with identical amino acids

[68, 103, 118, 178] (Table 1.1). Similar work sequencing plant mRNA isoforms also es-
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tablished the expansive degree of alternative polyadenylation in plant genomes. By 2011,
scientists conducted the 3’ end deep sequencing protocol to query the junctions of 3> UTR
and poly(A) tails and confidently maps the poly(A) tags to the annotated genome of Ara-
bidopsis [304, 343]. To study Arabidopsis poly(A) sites on a genome-wide basis, short DNA
tags that include the mRNA-poly(A) site junction (called poly(A) tags, or PATs) were pre-
pared and sequenced. However, with 3’ end sequencing, the intrinsic template switching
and DNA-dependent DNA-polymerase activities of reverse transcriptases and the oligo(dT)-
dependent internal priming can cause well-established artifacts when sequencing antisense
RNAs, splicing events, and RNA 3’ ends [223]. To address this and get an accurate genome
wide approach, another group conducted direct RNA sequencing (DRS), which uses native
RNA as the sequencing template where the sequence is read by imaging complementary
fluorescent nucleotides. Each technique discovered that greater than 70% of the genes in
Arabidopsis thaliana have two or more poly(A) sites, in which roughly 17% are located
within 5> UTRs, coding sequences (CDS), and introns [281, 343]. Other crop genomes,
like rice and maize, were analyzed either through PAT-seq, RNA-seq, or DRS for poly(A)
site mapping [82, 133, 322], demonstrating the extensive degree of alternative polyadenyla-
tion across plant genomes. The impact of alternative polyadenylation on gene expression
in plants is profound, affecting developmental control of flowering time, seed dormancy,
root/leaf development, and stress response [36, 57, 181, 348, 361, 366, 367]. Interestingly,

there were also subtle differences between plant species.

1.3.6  Use of long read sequencing to resolve complete plant 3’ UTRs

A major limitation of NGS sequencing is that it is short read based, with reads spanning 100
to 250 base pairs, making it harder to infer structures of full-length transcripts. The average
3’ UTR length in maize is 350 bases alone and almost 470 in rice [293]. The PacBio isoform
sequencing (Iso-Seq) method provides long read sequencing reads with uniform coverage,
able to define full-length transcripts with no assembly required. Historically, the cost of
Iso-seq has been prohibitive. Despite the higher cost, Iso-seq has enhanced understanding

of the transcriptome of several plant species, including sugarcane [116], arabica coffee [51],
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opium poppy [350], and jojoba [6]. Recently, several studies collected and reanalyzed long
reads from Iso-seq into comprehensive databases such as Plant ISOform sequencing database
(PISO) [79] and ISOdb [347]. Currently, there are 19 plant species listed in PISO: Amborella
trichopoda, Arabidopsis thaliana, Beta vulgaris subsp. Vulgaris, Chenopodium quinoa, Cof-
fea arabica, Fragaria vesca, Gossypium barbadense, Hevea brasiliensis, Panaz ginseng, Phyl-
lostachys edulis, Sorghum bicolor, Triticum aestivum, Zea mays, Allium sativum, Astragalus
membranaceus, Dipteryx oleifera, Nepenthes ampullaria, Nepenthes rafflesiana and Salvia
miltiorrhiza. Using Iso-seq, 7700 genes containing two or more polyadenylation sites have
been detected in Sorghum bicolor (great millet) [2]. In allopolyploid cotton, 6935 genes have
at least five poly(A) sites [323]. Despite the strength of Iso-seq to resolve all APA isoforms
in longer plant genomes, the quantification of APA site preference still depends on NGS due
to the low sequencing depth of Iso-seq [370].

Genome size, including the coding and noncoding parts of the genome, has dramatically
increased during the evolution from worms to humans. The sequence space occupied by the
3’ UTRs has also dramatically expanded during the evolution of higher organisms and cor-
related with cellular complexity of organisms [202]. For example, while humans and worms
encode a similar number of genes, the average 3° UTR length in worms is 140 nucleotides
and 1,200 in humans. Across plant genomes, average 3° UTRs length can vary from a few to
thousands of nucleotides [242, 325], implicating the need for long-read sequencing to resolve
the 3 UTR space.

The tallies of whole plant transcriptomes significantly improved our understanding of
poly(A) signals. The profiles of these signals can be used to build computer models that
can predict poly(A) sites in newly sequenced genomes, potential APA sites in genes of
interest, and identify /mutate unwanted poly(A) sites in target transgenes to facilitate crop

improvements.

1.3.7 Computational modeling and predicting poly(A) sites from genomes

Improper regulation of transgene sequences in target plants is a major issue in plant pro-

cessing, especially if the transgene is derived from exogenous sources [348]. For example,
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initial efforts to express Bacillus thuringiensis toxin in plants failed because of truncated
mRNA generated by improper cleavage and polyadenylation of the bacterial gene transcript
[71]. Thus, it is critical to be able to predict unwanted polyadenylation sites of a gene in-
serted into plants. To address the need to predict poly(A) sites, computer algorithms using
conventional machine learning were designed based on the established plant poly(A) signals
from EST databases [138, 159]. Such algorithms include Hidden Markov Models (HMM),
Support vector machines (SVM), Bayesian networks, and random forests [342]. Poly(A)
Site Sleuth (PASS), the first model for predicting poly(A) sites in plants, was a generalized
HMM [138]. An updated version from the same group had a more versatile classifier-based
model in which polyadenylation parameters from different species can be incorporated in
the model [137, 136].

The deluge of 3’ end sequencing data also lent itself to more advanced modeling frame-
works like deep learning models to predict poly(A) sites. Deep learning (DL) is a class of
ML algorithms that uses multiple layers to progressively extract higher-level features from
raw input [170]. In recent years, DL models have been shown to outperform traditional
machine learning methods, owing to their direct and automatic feature extraction and scal-
ability with large amounts of genomic data. The input frameworks of early ML methods
like SVM or random forest rely heavily on manually designed features, whereas DL-based
methods learn hidden features without prior knowledge of sequence motifs. Most DL meth-
ods predicting poly(A) sites in genomes use convolutional neural networks (CNNs), such as
DeepPolyA [90]), ConvNet [173], DeeReCT-PolyA [346], DeepPASTA [12], DeepGSR [145],
and APARENT [32]. CNNs work well with inputs that have spatially invariant patterns,
such as images or DNA sequences, and are effective at detecting spatial patterns in input
data. The important features in regulatory sequences are thought to be specific combina-
tions of consecutive base pairs (let’s call them “motifs”), which makes CNNs well-suited to
the task of identifying significant motifs, like cleavage and polyadenylation signals. Addi-
tionally, DL-based computational tools have been developed to identify and quantify PAS
by leveraging RNA-seq datasets across experiments and tissues, helping to consolidate data
collected worldwide [12, 90, 104, 345, 356]. The advances of single cell RNA sequencing

(scRNA-seq) techniques, especially those with 3’ tag-based protocols, have also spurred off
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more diverse computational tools to profile APA in single cells, improving our understanding
of APA across development [5, 91, 93, 344].

Despite the immense computational and sequencing progress, most of these DL studies
and tools were conducted on mammalian genomes. Tools that are tailored for plant poly(A)
site prediction are limited, especially since conservation of poly(A) signals in plants is very
low [49]. For example, the most dominant AAUAAA appears in less than 10% of polyA
sites [305]. To date, the most recent tool developed to profile genome-wide polyadenylation
found that plant poly(A) sites have much higher micro-heterogeneity than animal ones and
more species-specific patterning of poly(A) motifs. [357, 359]. Still, as sequencing becomes
less expensive and better plant genome assemblies are published, the next 10 years will see
a surge of plant-specific DL models to predict plant polyadenylation sites across the plant

kingdom.
1.4 Massively parallel reporter assays empower functional genomics

Although we have extensive information about poly(A) site location and how cleavage and
polyadenylation occurs, we still lack an interpretable and quantitative model that integrates
cis-regulatory sequences and predicts cleavage positions and isoform abundances. In other
words, we lack models that predict how specific sequences contribute to proper cleavage and
polyadenylation. Such models are a critical need as alternative polyadenylation is highly
prevalent in plant genomes and plays a huge role in development, environmental response,
and growth [127]. Understanding and predicting why some sites are chosen over others will
also benefit future plant genetic engineering projects [62].

Validation and functional analysis of every 3 UTRs from a plant for activity in wvivo
would be a major bottleneck if these elements had to be cloned and tested individually
via traditional methods such as transient transgenic reporters, gene-targeted reporters, and
knockouts. The low-throughput high-cost nature of these approaches diminishes their utility.
Using NGS, massively parallel reporter assays (MPRAs) bypass these limitations and
allow for high-throughput functional experimentation [207, 237, 275, 291, 334]. MPRAs are
a functional genomics technique that uses a reporter assay with a sequencing-based readout

to measure the activity of thousands of cis-regulatory elements in a single experiment. The
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power of MPRAs is derived from their multiplexing approach. The general protocol involves
first pairing your tested region to a unique barcode, with multiple barcodes per variant. The
barcoded variants are cloned into a reporter plasmid to make the final pooled library that will
be tested in a cell type or tissue of interest. Barcode abundances are subsequently quantified
through RNA-seq (and normalized to the input DNA barcode abundances). Since the
output sequencing only reads the short barcodes associated with each tested construct, this
approach lets you assay up to hundreds of thousands of different sequences simultaneously.
A variation of the MPRA, called STARR-seq (self-transcribing active regulatory
region sequencing), has sequences of interest cloned downstream the coding sequence and
upstream of the poly(A) tail [15]. Originally designed to test enhancer activity, STARR-
seq tests libraries of sequences in the 3’ UTR, so measurements are likely confounded by
RNA stability. However, in the plant version of STARR-seq, enhancer elements are best
tested upstream of the minimal promoter and not self-transcribed (even though the name

is STARR-seq, the assay is a barcoded cis-regulatory MPRA) [141].

While used extensively to catalog enhancer and promoter activity, MPRAs have been
adapted to test mRNA functionality as well. Massively parallel reporter assays identified
cis-regulatory elements for DNA transcription [15, 61, 101, 141, 142, 151}, mRNA stabil-
ity [182, 230, 252, 274, 355, 371], splicing [232, 259], and translation efficiency [105, 264].
MPRASs can also test random sequences to explore the effects of sequences outside of native
sequence contexts [105, 238, 270]. An ultimate goal of decoding cis-regulatory elements in
this high throughput scalable manner is to also develop computational models that explain
and predict the phenotype tested [158]. With an increasing number of available MPRA
datasets, one can develop data-driven models that, given a DNA sequence, can predict ac-
tivity [218]. For example, models learned on MPRA data can predict alternative splicing

frequencies [259], enhancer activity [101, 141], and promoter activity [83, 142, 155].

1.4.1 Massively parallel reporter assays conducted in plants

Massively parallel reporter assays in plants have strictly focused on regulators of transcrip-

tion by testing either promoters or enhancers derived from accessibility assays [141, 142,
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255, 296, 302, 308]. What has been fundamentally lacking in plant genomics are MPRAs
that functionally assay sequences in the 3’ UTR, 5 UTR, and intronic space for perturb-
ing mRNA functionality. Despite the pivotal role the 3° UTR plays in mRNA stability
and degradation, no one had yet conducted a massively parallel reporter assay of 3° UTR
activity in plants.

A major limitation has been the low transfection rate of plant model systems that cannot
scale for large libraries. However, recent development in optimizing a massively parallel
reporter assay in tobacco leaves, called plant STARR-seq [141, 142], opened the door to
testing thousands of 3> UTR sequences in parallel. By efficient Agrobacterium-mediated
transformation, plant STARR-seq libraries are transiently expressed in tobacco leaves. The
reporter consists of a barcoded Green Fluorescent Protein (GFP) reporter under the control
of the Cauliflower mosaic virus 35S minimal promoter and a 35S core enhancer. Originally
designed to test enhancer and promoter sequences, plant STARR-seq can be easily modified
to test sequences in the 3° UTR.

Another major limitation for conducting MPRAs in plants has been the transfection
dependency of protoplasts [255, 310]. Howeer, with a recent development in the scalable
transfection of maize mesophyll protoplasts [310], one can now test thousands of sequences
in maize with the same reporter construct used in tobacco STARR-seq [142]. Together,
these technologies facilitated the largest plant promoter MPRA to date, revealing species-
specific rules of transcription initiation regulation. The data were used to train a CNN
model to predict species-specific promoter strength, aiding the design of strong synthetic
plant promoters for crop engineering efforts [142].

The goal of MPRAs in plants is two-fold: first, to learn about the biology of the tested se-
quences and second, to use what is learned for engineering sequences with desired outcomes.
Scientists are currently working to effectively generate complex traits in plants, including
plant metabolic pathways, synthetic switches, and regulatory circuits. The design and char-
acterization of the promoters or 3’ UTRs are key stages in the design/build/test/learn cycle.
However, the complex genetic architecture and long life cycle of plants necessitate the use
of iterative rounds of testing and modification, which are laborious and inefficient. Thus,

these highly parallel assays are particularly important for optimization at scale.
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1.5 Hypothesis and scope of disseration

Inspired by the results of plant STARR-seq in tobacco leaves and maize protoplasts, 1
sought to test how the 3’ end of each Arabidopsis and maize gene governs cleavage and
polyadenylation position and efficiency. In the plant world, the region downstream of the
coding sequence that contains the information necessary for mRNA maturation or cleavage
and polyadenylation is called the terminator. The 3 UTR includes part of the terminator
sequence, but the terminator can span past the annotated 3° UTR end to govern cleavage.
The most commonly used terminators in plant transgenics are derived from viral or bacterial
3" UTRs. Yet when paired with strong constitutive or viral promoters, these non-plant
terminators were shown to be improperly cleaved or not polyadenylated [70, 194]. In the
same study, Diamos and Mason et al. [70] compared the expression level of a GFP reporter
using native terminator sequences from various plants and found that in most cases, plant
terminators led to higher GFP protein production than the 35S or NOS (Agrobacterium
tumefaciens nopaline synthase) terminators. Still, no one had yet functionally characterized

all terminators from Arabidopsis and maize, the most studied plant models.

Characterizing plant terminators for strength and efficiency will resolve the lack of avail-
able terminators for crop engineering. A major goal of plant transgenics is to highly express
a gene or many genes of interest. Karly plant transgenic constructs have already shown
that pairing strong terminators with strong promoters helps deliver optimal transgene ex-
pression in tobacco [70, 131, 257], potato [9], tomato [115], and Arabidopsis and rice [220].
A fundamental goal of next generation crop engineering is to express multiple transgenes
(for multiple desired traits) for crop improvement [324]. Since each transgene usually re-
quires a unique promoter and terminator pair for expression to combat gene silencing and
unwanted plasmid recombination, multiple unique elements of each are required to express
different trangenes at varying levels within one molecular stack [251, 324]. The lack of di-
verse terminators tested in plants leads to repeated use of the same promoter and terminator

combinations, a practice that often leads to unwanted gene silencing [239].

Increasing the repertoire of native plant terminators will deter transgene silencing, a

phenomenon frequently observed in transgenic constructs driven by a strong promoter
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[24, 194, 240]. Transcripts lacking terminators are major sources for small RNAs (sRNA)
involved in gene silencing, while transcripts with double terminators led to significant de-
creases in SRNA production and improved expression [194, 229].

Plant terminators determine which poly(A) site the gene’s mRNA uses. The precision at
which transcripts are cleaved and polyadenylated is also a major determinant of terminator
strength [62, 63]. Early mutagenesis screens designed to investigate transgene susceptibility
to silencing identified genes that were directly involved with polyadenylation and transcrip-
tion termination (The step at which RNA polymerase II releases the preemRNA) [110].
Transgenes with the NOS terminator showed diffuse patterns of polyadenylation whereas
the same transgene with the heat shock protein HSP terminator showed polyadenylation
only at one site [78]. As expected, the transgene with the HSP terminator produced greater
gene expression and protein production than the transgene with NOS.

Finally, early work studying polyadenylation in plants found species-specific differences,
mainly between the two clades of angiosperms known as monocotyledons (monocots) and
dicotyledons (dicots). Monocots and dicots differ in many respects when it comes to cis-
regulatory mechanisms of transcription. Early genetic studies found that the dicot pea
rbeS mRNA was efficiently polyadenylated in transgenic dicot petunia [221], whereas the
monocot wheat rbeS mRNA was improperly polyadenylated in transgenic dicot tobacco
plants [149]. The expression of the same disease-resistance gene in three monocot species
resulted in truncated messengers by differential polyadenylation, implying that there may
be even more differences in poly(A) signal recognition within each clade [18]. Thus, it would
be necessary for crop engineering to characterize terminators from different plant species
representing dicots (e.g. Arabidopsis, tobacco) and monocots (e.g. maize, rice, wheat) for
a complete picture of the plant polyadenylation.

In summary, I proposed a massively parallel reporter assay designed to evaluate the
strength of native plant terminator sequences originating from two distinct plant species:
dicot Arabidopsis and monocot maize. These sequences would be assessed in the context
of two recipient plant species, dicot tobacco and monocot maize. Since strong terminators
have been shown to increase gene expression, an RNA/DNA enrichment-based read-out

would be the ideal measurement of terminator strength. I also sought to conduct 3’ end
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RNA-sequencing on the reporter constructs to assess how cleavage patterns correlate to
terminator strength. Together, these data would be used to train a deep learning model
that can accurately predict terminator strength given any DNA sequence, unlocking a new

tool in the plant synthetic biology chest.
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Abstract

The 3’ end of a gene, often called a terminator, modulates mRNA stability, localization,
translation, and polyadenylation. Here, we adapted Plant STARR-seq, a massively parallel
reporter assay, to measure the activity of over 50,000 terminators from the plants Ara-
bidopsis thaliana and Zea mays. We characterize thousands of plant terminators, including
many that outperform bacterial terminators commonly used in plants. Terminator activity
is species-specific, differing in tobacco leaf and maize protoplast assays. While recapitulat-
ing known biology, our results reveal the relative contributions of polyadenylation motifs
to terminator strength. We built a computational model to predict terminator strength
and used it to conduct in silico evolution that generated optimized synthetic terminators.
Additionally, we discover alternative polyadenylation sites across tens of thousands of ter-
minators; however, the strongest terminators tend to have a dominant cleavage site. Our
results establish features of plant terminator function and identify strong naturally occurring

and synthetic terminators.
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2.1 Introduction

A critical challenge is producing enough food for a growing world population that is likely
to reach over 9 billion people by the year 2050 [67]. Food security can be bolstered through
crop engineering, which can improve yields and increase tolerance to pathogens and envi-
ronmental stresses [77, 111]. However, for crop engineering to be successful, precise control
over transgene expression is required. In plants, past efforts to optimize critical cis-elements
have mostly focused on the identification, characterization, and manipulation of upstream
regulatory elements such as promoters [141, 258, 327, 373]. Although these upstream ele-
ments can produce large effects on gene expression, other sequence elements also contribute.
For example, the 3’ end of a gene contains sequence motifs necessary for mRNA 3’ end mat-
uration, cleavage, and polyadenylation [166, 124, 127, 62, 186, 305, 263, 262]. In keeping
with established nomenclature [34, 62, 307], throughout this manuscript, we refer to se-
quences surrounding a cleavage and polyadenylation site as terminators. Terminators also
affect mRNA stability, nuclear export, and translation [62]. Moreover, terminators play a

central role in transgene silencing mediated by small RNAs [7, 19, 70, 78, 250].

Messenger RNA cleavage and polyadenylation are tightly linked to and initiate transcrip-
tion termination [54, 30, 247, 335]; however, termination occurs up to 1 kb downstream
of the mRNA cleavage site [213]. The current model of how mRNA 3’ end processing
leads to transcription termination combines features of two previously proposed models
[261, 193, 73, 162]: After mRNA cleavage, conformational changes of RNA polymerase II
allosterically reduce its elongation rate (allosteric model). At the same time, the cleavage
site enables a 5’ to 3’ exonuclease (Ratl in yeast, XRN2 in humans, and XRN3 in Arabidop-
sis) to degrade the downstream RNA and initiate transcription termination when it catches
up with the RNA polymerase (torpedo model). The exact site of transcription termination
can further be affected by RNA polymerase II pause sites, R loops formed between DNA
and the nascent RNA, and DNA-binding proteins [73, 360].

Although the choice of terminator significantly impacts transgene expression, only a
few terminators — often those derived from viruses or bacteria — are commonly used in

crop engineering. These viral or bacterial sequences make transgene silencing more likely
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[58, 70]. Compared to the commonly used Agrobacterium tumefaciens nopaline synthase
terminator (tNOS), the terminator from the Arabidopsis thaliana heat shock protein 18.2
results in increased transgene expression and mRNA stability, and decreased silencing [63,
78, 114, 220, 240]. This finding highlights the need to characterize and optimize native plant

terminators as building blocks for crop engineering applications [70, 131, 308].

Plant terminators have been characterized by analysis of wild-type and mutated versions
of a handful of terminators, from both plant and non-plant sources, or by searching for motifs
enriched in genomic sequences surrounding mRNA cleavage sites. These studies established
three main cis-acting elements required for 3’ end processing [28, 78, 62, 124, 186, 280].
The first element is the far upstream element (FUE), which resides in a U-rich region
located 30 — 150 nucleotides upstream of the cleavage site and often contains one or more
UGUA sequences. The second is the near upstream element (NUE), which resides in an
A-rich region located 10 — 30 nucleotides upstream of the cleavage site and contains the
polyadenylation signal AAUAAA. The third is the cleavage element (CE), which contains
the cleavage site, formed by a UA or CA dinucleotide embedded in a U-rich region. Although
the general pattern and nucleotide preferences of cis-acting elements in plant terminators
are known, their relative contributions to terminator strength and species specificity have

not been determined.

Here, we characterized over 50,000 terminators from the model plant Arabidopsis thaliana
and the crop plant maize (Zea mays). We identified sequence features contributing to ter-
minator strength and quantified their effect on transcript levels. By measuring terminator
strength in two assay systems—tobacco leaves and maize protoplasts—we detected similar-
ities and differences in the terminator grammar of monocotyledonous and dicotyledonous
plants. Leveraging our large dataset, we trained computational models that accurately pre-
dict terminator strength. We used these models to design robust synthetic plant terminators

for future crop engineering efforts.
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2.2 Results

2.2.1 Measuring the strength of plant terminators with Plant STARR-seq

To assess the strength of plant terminators at high throughput, we used Plant STARR-seq,
a massively parallel reporter assay that measures the activity of cis-regulatory elements
[141, 142]. The average 3’ untranslated region (UTR) length in Arabidopsis and maize
is 242 bp and 310 bp, respectively [293, 133]. However, due to technical limitations in
DNA array-synthesis, we were limited to sequences of 170 nucleotides. Previous studies
on plant terminators revealed that most elements required for efficient pre-mRNA 3’ end
processing reside within approximately 150 bp upstream of the cleavage and polyadenylation
site [186, 124, 280, 28, 62, 262]. Furthermore, studies in yeast and animals revealed that
sequence elements downstream of the cleavage site can also affect polyadenylation [305,
28, 62]. Although such elements have not been reported in plants, we included the 20
nucleotides downstream of the cleavage site in our candidate sequences to test if they have
an effect of terminator activity. For these reasons, we defined a terminator as the 170
nucleotide sequence from position —150 to 420 relative to a cleavage and polyadenylation
site (position 0) in this study. We used experimentally derived primary cleavage sites to
select terminator sequences from wild-type Arabidopsis and maize [133, 304, 343]. For
the 3,754 Arabidopsis genes that were not represented in these datasets, we used the end
of the 3’ untranslated region (UTR) annotation in TAIR10 as the cleavage site. Since
alternative polyadenylation plays an important role in gene regulation by creating different
mRNA isoforms [127], we sought to investigate the strength of both primary and secondary
polyadenylation sites. Therefore, we included experimentally-derived, secondary cleavage
sites supported by at least 30% of the total reads of a gene [133, 304, 343]. As expected, the
24,529 Arabidopsis terminators and the 30,092 maize terminators displayed the distinctive
nucleotide composition preferences of terminator sequences [28] and predominantly resided
in the annotated 3’ UTR region (Supplementary Figure 2.1a-d).

The library of plant terminators was array-synthesized and cloned downstream of the
coding sequence of a barcoded green fluorescent protein (GFP) reporter gene driven by the

cauliflower mosaic virus 35S promoter (Figure 2.1a). The plasmid library was transiently
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expressed in tobacco leaves or maize protoplasts. After 1 — 2 days of incubation, the reporter
mRNA was extracted, and next-generation sequencing was used to count the reporter bar-
codes in the input DNA and the extracted RNA. Strong terminators yield higher transcript
levels due to improved 3’ end processing or transcript stability as compared to weak termi-
nators [62, 28]. The number of transcripts (i.e. RNA reads) per DNA template (i.e. DNA
reads) is therefore a direct measure of the strength of a terminator. We define terminator
strength as the enrichment of barcodes in RNA over DNA normalized to the enrichment of
a control construct containing the 35S terminator. Thus, terminator strength in our assay
reflects both transcriptional activity and RNA stability, and tends to have low values due
to the normalization to the highly active 35S terminator.

We performed two biological replicates in tobacco leaves and maize protoplasts. The
results were highly correlated in both assay systems (Figure 2.1 b, ¢). Similarly, retesting
of over 400 terminators in a second, independent library showed that the replicates in
this validation experiment were highly correlated with each other and with the results
of the first, large-scale experiment (Supplemental Figure 2.2). Therefore, we used the
average terminator strength from both replicates of the large-scale experiment for all further
analyses. Terminator strength spanned a wide range of activity, allowing us to disentangle
the signals that contribute to this strength. In tobacco leaves, we observed more than 64-
fold difference between strong and weak terminators. Similar to previous studies [141, 142],
the dynamic range was lower in maize protoplasts, in which we detected a 16-fold difference
between strong and weak terminators.

To ensure that we measured terminator strength, we included negative controls derived
from coding regions in Arabidopsis and maize and from randomized sequences. The random
sequences were generated such that their overall (global random) or per-position (positional
random) nucleotide frequencies resembled that of an average Arabidopsis or maize termi-
nator (Supplemental Figure 2.1e-g). In both tobacco leaves and maize protoplasts,
sequences derived from plant terminators outperformed these coding sequences and random
controls (Figure 2.1 d, e). Of all control sequences, the positional random sequences
showed the greatest strength, likely because they most closely resemble actual terminators.

Together, these findings demonstrate that our assay captures bona fide terminator strength.



log,(terminator strength, rep2) &

log,(terminator strength) o

Template DNA

l Terminator sequence /

Array synthesis of
terminators

l Terminator

)2

Transient assay in
tobacco leaves

- =
—p
—m

33

AAAAAAAAAAA
AAAAAAA
AAAA

¢ —_—y
Barcode 150 +20
R?=0.84
0=0.89 Q
01n =53,494 .
L]
-2
-4
*
-6
-6 4 2 0
log,(terminator strength, rep1)
Arabidopsis | | Maize
25 - *hK _ Kkk *kk - *kk
0.0
-2.5 - é é $
-5.04 é $
75121405 556 180 900 27144 540 191 930
\é 00 60® 606\ 15&0& C)Q 60@ 60&
§ & & & & &
3 > & & » &
<2 F & <2 F &
o § &
Q° Q°

AAAAAAA
AAAAAAAAAAA
AAAAAAAA

mRNA extraction and
barcode sequencing

Transient assay in
maize protoplasts

. RNA
Terminator strength = ——
9= BNA
C
~~ R2=087 f
S |p=093 [
£ ,1n=55086
=
£
[@)]
C
)
=
2 21
o)
kel
(0] .
£
£
[ [
L 41 -
A — I
N
S count HNE
(_3 1 8 64 512
-4 -2 0
log,(terminator strength, rep1)
e
f_g Arabidopsis | | Maize |
g) 2- ,,,,,** *u**
QL) T Ty
]
©
200dbd b0
£
]
I 4122125 567 188 924 27869 563 195 945
(@] T T T T T T T T
ie] =)
6‘6\ Y (\bo@ bo*(\ ,b\o‘ & Qboé\ Qbo@
& @ @ N Q& @
& > > & > &
o\ P& <@ S
C9\° .,\\\0 C9\0 ,,\\\O
& &



34

Figure 2.1: Plant STARR-seq measures terminator strength in tobacco leaves and
maize protoplasts. a Terminator sequences (bases —150 to +20 relative to the cleavage
and polyadenylation site) were array-synthesized and cloned downstream of a barcoded
GFP reporter gene driven by the 35S promoter. After transient expression of the plasmid
library in tobacco leaves or maize protoplasts, mRNA was extracted for barcode sequencing.
We define terminator strength as the enrichment of barcodes in the extracted mRNA over
the input DNA normalized to the strength of the 35S terminator. b, ¢ Hexbin plots (color
represents the count of points in each hexagon) of the correlation between two biological
replicates of Plant STARR-seq in tobacco leaves (b) or maize protoplasts (¢). Commonly
used terminators are highlighted in red. Pearson’s R?, spearman’s p, and number (n) of
terminators are indicated. d, e Violin plots, box plots, and significance levels of terminator
strength in tobacco leaves (d) or maize protoplasts (e) for plant terminators (Terminators)
compared to sequences from coding regions (CDS) and randomized sequences with an over-
all (Global random) or per-position (Positional random) nucleotide frequency similar to an
average Arabidopsis or maize terminator. Violin plots represent the kernel density distribu-
tion and the box plots inside represent the median (center line), upper and lower quartiles
and 1.5x the interquartile range (whiskers) for all corresponding terminators. Numbers at
the bottom of each violin indicate the number of terminators in each group. Significant
differences between two samples were determined by the two-sided Wilcoxon rank-sum test
and are indicated: *p < 0.05, **p < 0.01, ***p < 0.001, NS, not significant.

We sought to confirm our measure of terminator strength by Plant STARR-seq with an
orthogonal assay. To do so, we conducted a dual-luciferase assay in both tobacco leaves and
maize protoplasts for several weak, intermediate, and strong terminators. We observed a
strong correlation between terminator strength measured by the two assays (Figure 2.3
b, d). Strong terminators yielded higher nanoluciferase activity than weak terminators
(Figure 2.3 a, c).

Most plant transgenes use viral or bacterial terminators, such as the 35S, Ag7, NOS, and
MAS terminators [10]. We included these terminators in our library in their full form (not
limited to 170 nucleotides) as a reference for the activity of the plant terminators. The 35S
terminator, the only viral sequence in our library, outperformed almost all plant terminators.
However, some plant terminators (8 in tobacco leaves and 20 in maize protoplasts) exceeded
the activity of the 35S terminator. The bacterial Ag7, NOS, and MAS terminators were far
weaker than the viral 35S terminator. In tobacco leaves, we found 2,224 plant terminators

that were stronger than the MAS terminator and 9,389 plant terminators that were stronger
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than the NOS terminator. In maize protoplasts, we found 1,369 plant terminators that
were stronger than the MAS terminator and 19,585 terminators that were stronger than the
NOS terminator. The strongest plant terminators are attractive alternatives to the bacterial

terminators commonly used in plant transgenes.

2.2.2 Terminator strength correlates not with gene expression but with gene function

Next, we asked if our data could give insights into the importance of terminator strength for
gene expression. We compared terminator strength determined by Plant STARR-seq with
metrics related to mRNA levels, stability and degradation. We found only weak correlation
between terminator strength and gene expression [295], mRNA half-life [300], or nascent
transcription [184] (Supplemental Figure 2.4). These findings corroborate reports that
upstream cis-regulatory elements, like enhancers, promoters, and the 5 UTR, drive large-
scale gene expression changes while the 3’ UTR and terminators fine-tune expression levels
[329, 374]. However, the choice of terminator can have a significant impact on the expression

of transgenes [78, 324].

While the correlation between terminator strength and gene expression was low, we
wondered whether the function of a gene and the strength of its terminator were more
correlated. To address this question, we performed gene ontology (GO) term enrichment
analysis on the genes associated with the strongest 10% of terminators from Arabidopsis or
maize. For both species, we found a significant enrichment (adjusted p value < 0.05) for
genes related to metabolism and response to stimulus (Supplemental Figure 2.5a-d).
Terminators derived from oxidoreductase-related and stress-responsive genes in Arabidopsis
were overrepresented in the top 10% of terminators ranked by strength in tobacco leaves
and maize protoplasts. Maize terminators derived from genes involved in small molecule
metabolic processes were overrepresented in the strongest 10% of terminators in both sys-
tems. However, we found many more significant GO terms associated with metabolism for
the strongest maize terminators in maize protoplasts than in tobacco leaves (Supplemen-
tal Figure 2.5e, f). The latter finding pointed to possible species-specific differences in

terminator strength, prompting us to investigate this possibility further.
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Figure 2.2: Plant terminator strength is species-specific. a Hexbin plot compar-
ing terminator strength in tobacco leaves and maize protoplasts. b, ¢ Violin plots of the
strength of terminators derived from the indicated species in tobacco leaves (b) or maize
protoplasts (c). d Violin plot of ¥, the difference between normalized (0, weakest; 1,
strongest) loga(terminator strength) in tobacco leaves (Tobaccoy) and maize protoplasts
(Protoplastsy). Terminators are grouped by their species of origin. The top 10% of Ara-
bidopsis terminators with highest ¥ values (tobacco-specific terminators) and the top 10%
of maize terminator with the lowest ¥ values (maize-specific terminators) are highlighted in
yellow and green, respectively. e GO terms enriched in genes associated with the tobacco-
specific Arabidopsis terminators or the maize-specific maize terminators highlighted in d.
Only GO terms with adjusted p value < 0.0001 are shown. The p values were determined
using the gprofiler2 library in R with gSCS correction for multiple testing. All enriched GO
terms and exact p values are listed in Supplementary Table 6. f, g Top three motifs
enriched in tobacco-specific Arabidopsis terminators relative to maize-specific maize termi-
nators (f) and vice versa (g). The hexbin plot in a and the violin plots, box plots, and
significance levels in b-d are as defined in Figure 2.1

2.2.8 Plant terminator strength is species-specific

mRNA 3’ end processing may differ between monocotyledonous and dicotyledonous plants,
as suggested from studies in the 1980s. For example, the gene encoding the small sub-
unit of ribulose 1,5-bisphosphate carboxylase (rbeS) from the monocot wheat is improperly
polyadenylated when tested in the dicot tobacco [149]. In contrast, the mRNA of the rbcS
gene from the dicot pea is efficiently polyadenylated in tobacco [221]. Consistent with these
earlier findings, we observed a relatively weak correlation (R? = 0.33) between the strength
of a given terminator in the dicot model tobacco leaves versus the monocot model maize
protoplasts (Figure 2.2a). In tobacco leaves, terminators from the dicot Arabidopsis per-
formed significantly better than terminators from the monocot maize. Similarly, in maize
protoplasts, maize terminator sequences significantly outperformed Arabidopsis termina-
tors (Figure 2.2b, c). These observations are consistent with species-specific differences

in plant terminator strength.

Based on these observations, we wanted to identify terminators with strong species-
specific activity. Since our assay systems show different dynamic ranges, we normalized

terminator strength within each assay system to a scale from 0 (weakest) to 1 (strongest).
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We defined a variable ¥ as the difference between the normalized terminator strength in
tobacco leaves and in maize protoplasts, such that a high ¥ value denotes a terminator
that was considerably stronger in tobacco leaves than in maize protoplasts. We found that
Arabidopsis terminators show a higher average ¥ value than maize terminators (Figure
2.2d). We selected the top 10% of Arabidopsis terminators (n = 1,923) with highest ¥
values, i.e. tobacco-specific strength, and the top 10% of maize terminators (n = 2,439)
with the lowest U values, i.e. maize-specific strength, for GO term enrichment analysis.
Arabidopsis terminators with highly tobacco-specific strength tended to be derived from
stimulus- and stress-responsive genes, while maize terminators with highly maize-specific

strength tended to be derived from metabolic genes (Figure 2.2e).

To understand how species-specific terminator strength is mediated, we used STREME
[20] to search for RNA motifs that were enriched in the tobacco-specific Arabidopsis ter-
minators (high ) relative to the maize-specific maize terminators (low ¥), and vice versa.
The most enriched motifs in the tobacco-specific Arabidopsis terminators were dominated
by long stretches of U nucleotides, while the most enriched motifs found in maize-specific
maize terminators favored G and C nucleotides (Figure 2.2f, g). These findings motivated

us to further analyze the effect of nucleotide composition on terminator strength.

2.2.4 Nucleotide composition affects terminator strength in a position-specific manner

Dicot genomes have a lower GC content than monocot genomes [290]. This bias also holds
true for Arabidopsis and maize terminator sequences (Figure 2.3a). Assessing the impact
of GC content on terminator strength, we found that terminators with either high or low
GC content were weaker than those with intermediate GC content in both tobacco leaves
and maize protoplasts (Figure 2.3b, c). There are, however, subtle differences between
the two assay systems. In tobacco leaves, terminators with a GC content around 30-35%
were the strongest, while in maize protoplasts, terminators with a GC content of approx-
imately 35-40% were the strongest. To substantiate these subtle differences, we measured
the terminator strength of random sequences with a GC content of 30%, 40%, 50%, 60%, or

70%. In tobacco leaves, the random sequences with a GC content of 30% performed best,
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while in maize protoplasts, the random sequences with a GC content of 40% showed the
highest strength (Supplemental Figure 2.6). These values coincide with the average GC
content of Arabidopsis terminators (32.5%; the average GC content of tobacco terminators
is likely in a similar range) and maize terminators (40.9%). Thus, we conclude that the
cleavage and polyadenylation machinery is likely attuned to the species-specific GC content

of plant terminators.

Since terminator strength is governed at the RNA level, G and C or A and U nucleotides
are not necessarily represented equally. Therefore, we teased apart the positional effect on
terminator strength for each of the four nucleotides (Figure 2.3d, e). We found that
C nucleotides have little to no effect on terminator strength in tobacco leaves or maize
protoplasts. High G content was beneficial at the 5’ end of our tested sequences but not
tolerated near the cleavage site, especially in tobacco leaves. Conversely, high U content
near the 5’ end was associated with lower terminator strength. The system preferences di-
verged, however, for sequences with high U content starting from 100 nucleotides upstream
from the cleavage site: U-rich sequences in this region were associated with increased ter-
minator strength in tobacco leaves but not in maize protoplasts. High A content around 20
nucleotides upstream of the cleavage site was correlated with terminator strength in both
systems, probably due to the canonical polyadenylation signal — a short sequence often

represented by the hexamer AAUAAA — typically found at this location.

2.2.5 Canonical cleavage and polyadenylation motifs contribute to terminator strength

Since the strength of a terminator is only partially explained by its nucleotide composition,
we searched for sequence motifs that contribute to terminator strength. To this end, we
conducted a motif enrichment analysis on the strongest 25% of terminators in both assay
systems. The most significantly enriched motifs match canonical cleavage and polyadeny-
lation signals: the UGUA sequence motif from the Far Upstream Element (FUE) and the
AAUAAA polyadenylation signal (Figure 2.4a). While these motifs are known to affect
cleavage and polyadenylation, our assay allowed us to determine the quantitative contribu-

tion of each motif to terminator strength.
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Figure 2.4: Cleavage and polyadenylation motifs increase terminator strength. a
Sequence logo plots of the top four motifs enriched in the strongest terminators in tobacco
leaves (left) or maize protoplasts (right). For each motif, the percentage of Arabidopsis
and maize terminators harboring it is indicated. b-e Violin plots of terminator strength
in tobacco leaves (b, d) or maize protoplasts (c, e) with or without AAUAAA, UGUA, or
U/G-rich motifs individually (b, ¢) or in combination (d, e). f, g Box plots (centre line, me-
dian; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range),significance
levels (compared to no motif), and underlying data points for the strength of terminators
supplemented with the indicated motifs relative to the corresponding terminator without
any motif (set to 0). In b-g, red circles indicate presence of a motif and gray circle indicate
its absence. Violin plots, box plots, and significance levels in b-e are as defined in Figure
2.1.

The UGUA motif is highly prevalent in our library, with 60% to 80% (small differences
between the UGUA-containing motifs identified by STREME lead to different numbers of
positive terminators) of all terminators containing this motif. The UGUA motif is predom-
inantly located 30 to 40 nucleotides upstream of the cleavage site in both Arabidopsis and
maize terminators (Supplemental Figure 2.7a, b). In tobacco leaves and maize proto-
plasts respectively, terminators with a UGUA motif were on average 50% and 20% stronger
than those without this motif (Figure 2.4b, c). Consistent with prior reports [263], the
number of UGUA motifs also correlates with terminator strength and cleavage probability

(Supplemental Figure 2.8a, b).

The polyadenylation signal is less prevalent in our library (15% to 35% of all terminators)
but shows a distinct localization profile, with a sharp peak about 20 nucleotides upstream of
the cleavage site (Supplemental Figure 2.7c, d). The polyadenylation signal contributes
significantly to terminator strength. In tobacco leaves and maize protoplasts respectively,
terminators with a polyadenylation motif were 40% and 20% stronger than those without
this motif (Figure 2.4b, c). Since fewer than half of the terminators in our library
contain a canonical polyadenylation signal, we asked if similar sequences are functionally
equivalent. Terminators with a perfect AAUAAA sequence were stronger than terminators
with a sequence that differs by a single nucleotide (carrying a single-nucleotide variant of this

motif), although AAUAAG and AAUAAU motifs performed nearly as well. Terminators
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without any AAUAAA-like sequence were considerably weaker (Supplemental Figure
2.8a, b).

In addition to the AAUAAA and UGUA motifs [124, 62], we found novel U- and G-rich
motifs enriched in the strongest terminators (Figure 2.4a). These U/G-rich motifs are
broadly distributed upstream of the polyadenylation signal and at slightly higher frequency
just upstream or downstream of the cleavage site (Supplemental Figure 2.7e, f). While
the U/G-rich motifs share a similar localization pattern, there are striking differences be-
tween the motifs discovered in the tobacco leaf and the maize protoplast system. The motif
detected in the tobacco leaf data is found in nearly 90% of all terminators and consists
of a G nucleotide surrounded by 2 to 3 U nucleotides. In contrast, the motif identified
in the maize protoplast data is much less prevalent (16% of all terminators) and consists
of alternating U and G nucleotides (Figure 2.4a). Despite these differences, both motifs
have an influence on terminator strength, leading to a 40% and 20% increase in strength for
terminators with the motif as compared to those without, in tobacco and maize respectively
(Figure 2.4b, c).

While each individual motif contributes positively to terminator strength, we observed
additive effects when multiple motifs are present within the same terminator. Independent
of the assay system, the strongest terminators contain all three motifs and were on average
60% more active than terminators without any motifs (Figure 2.4d, e).

To validate the effect of the identified AAUAAA and UGUA motifs on terminator
strength, we selected 20 terminators each with a single strong AAUAAA or UGUA mo-
tif and generated single or double nucleotide mutations to break the motif. The terminator
strength of the original and mutated sequences was then measured in tobacco leaves and
maize protoplasts. Most motif mutations lowered terminator strength (Supplemental
Figure 2.8c, d). Mutations in the AAUAAA motif caused, on average, a 24% decrease in
terminator strength in tobacco leaves and a 16% decrease in maize protoplasts. Mutations
in the UGUA motif decreased terminator strength by approximately 13% and 7% in tobacco
leaves and maize protoplasts, respectively.

Next, we wondered if we could use the enriched motifs to improve the strength of weak

terminators. We selected randomized sequences from our initial data that showed low
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terminator strength and did not contain an AAUAAA, a UGUA, or a U/G-rich motif. We
then inserted a CA dinucleotide at the predicted cleavage site (position 150) and added all
possible single, double, and triple combinations of the AAUAAA, UGUA, and U/G-rich
motifs. All sequences were then subjected to Plant STARR-seq in tobacco leaves and maize
protoplasts. In most cases, adding motifs increased terminator strength and additive effects
were observed when multiple motifs were inserted into a terminator (Figure 2.4f, g). On
average, single motifs led to a 5% to 20% increase in terminator strength. Terminators with
all three motifs were approximately 60% stronger than motif-less terminators in tobacco
leaves and maize protoplasts. Although the GUGUG motif was originally identified in data
from the maize protoplast system, it also increased terminator activity in tobacco leaves.
Taken together, these findings demonstrate that the motifs enriched in strong terminators

are indeed contributing to terminator strength.

2.2.6 Computational models accurately predict terminator strength

Computational models can successfully predict the activity of regulatory elements by learn-
ing key sequence features [56, 100, 142]. To develop computational models that can predict
terminator strength, we initially focused on using k-mer counts as a proxy for terminator
activity. To test the validity of this approach, we counted the occurrence of all possible 6-
mers (4,096 sequences) in the terminator sequences, and calculated the correlation between
terminator strength and how often a given 6-mer was represented in a terminator sequence.
As expected, we found that the 6-mers most correlated with terminator strength in tobacco
leaves and maize protoplasts are variations of the canonical cleavage and polyadenylation
signals AAUAAA and UGUA (Figure 2.5a, b). However, we observed only a moderate
conservation of the 6-mer rank orders between the two assay systems (Spearman’s p =
0.29; Figure 2.5c¢). 6-mers that were highly correlated with terminator strength in tobacco
leaves but not in maize protoplasts were U-rich. Conversely, 6-mers with a high correlation
to terminator strength in maize protoplasts but not in tobacco leaves were rich in G and C
nucleotides (Figure 2.5c, d). These findings are consistent with our prior observations on

sequence motifs associated with high terminator activity, both within and across the two



o——AAUAAA

Ll UGUAAU . ueuau
21"_-uuGUAA S UAAUAA
niq:NwAN\ o &itANuMA

| AUGUAA GAAUAA

Pearson’s r
Pearson’s r
o
o

1 UUUUUU '
GAGGUA? Uuuuues.
CAGGUA

'
o
N

0.1 AUUUUU .

0 1000 2000 3000 4000 0 1000 2000 3000 4000
6-mer rank d 6-mer rank

240001 = Tobacco- Maize-

<_g_ specific specific

ie] UuUuGUU UGCUGG

83000 ] UuuuGuU AUCUGG

o uuGuUuu UCUGGA

.(%l UUUUAU GCAUGC

£ 20001 UAUUUU GCGUGC

c GUUUUU GUGGUG

= 1000 - UUUAUU GCUGUG

© UGUUUU UGCGUG

o . UUUUUA UGCUGU

E R UUAUUU GUGCUG

©
0 1000 2000 3000 4000 UQQQQU Ge. UG

6-mer rank in tobacco leaves Q
T

R?=0.41
0{p=062

Q R?=0.28

p=0.52 .

-2

-4 4
-3

44 7
-6 -4 2 0 4 3 2 - 0
log,(terminator strength, measured) log,(terminator strength, measured)

-6 1

log, (terminator strength, predicted)

log,(terminator strength, predicted)



46

Figure 2.5: K-mers can be used for species-specific terminator strength predic-
tions. a, b Correlation (Pearson’s R) between terminator strength in tobacco leaves (a)
or maize protoplasts (b) and how often a given 6-mer is present in the terminators. The
horizontal axis displays the 6-mer “rank” based on Pearson’s correlation. The sequences of
the highest and lowest ranked 6-mers are indicated. ¢ Comparison of the 6-mer ranks in
tobacco leaves and maize protoplasts. 6-mers highlighted in green and blue had the biggest
differences in rank order between the two assay systems. d Top 10 tobacco- or maize-specific
6-mers (highlighted in ¢) and sequence logo plots generated from them. e, f Hexbin plot (as
defined in Figure 2.1) of the correlation between terminator strength measured by STARR-
seq in tobacco leaves (e) or maize protoplasts (f) and terminator strength predictions from
a lasso regression model based on 6-mer counts. Only the terminators not used for model
training are shown (30% of all terminators).

assay systems. Therefore, we used 6-mer counts as input features to train a lasso regression
model to predict terminator strength. The model was trained on 70% of our terminator
data and tested on 30% of the data. The lasso regression model had moderate predictive
power, explaining 28% of the variance in terminator strength in tobacco leaves and 41% in

maize protoplasts (Figure 2.5e, f).

To build a model with increased predictive power, we turned to a convolutional neural
network with a DenseNet architecture [121], because this approach had worked well with
Plant STARR-seq data previously [65]. Our DenseNet model uses the sequence of a termi-
nator as an input and predicts the strength of this sequence in tobacco leaves and maize
protoplasts. After the model was trained on 90% of the terminator data, it could accu-
rately predict terminator strength for the remaining 10% of the data. The features learned
by the model explained 76% and 67% of the variance in terminator strength in tobacco
leaves and maize protoplasts, respectively (Figure 2.6a, b). To understand what features
the DenseNet model had learned, we used DeepLIFT and TF-MoDISco to extract consol-
idated sequence motifs that positively or negatively impact terminator strength [283, 284]
prediction (Figure 2.6c-f). According to this analysis, AAUAAA and UGUA motifs are
associated with increased terminator strength in both assay systems. U-rich sequences de-
crease terminator strength in maize protoplasts, especially if they surround a UGUA motif.

In contrast, U-rich sequences increase terminator strength in tobacco leaves, although this
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Figure 2.6: A convolutional neural network accurately predicts terminator
strength. a, b Hexbin plot (as defined in Figure 2.1) of the correlation between termi-
nator strength measured by STARR-seq in tobacco leaves (a) or maize protoplasts (b) and
terminator strength predictions from a DenseNet convolutional neural network trained on
terminator sequences. Only the terminators not used for model training are shown (10% of
all terminators). ¢, d DeepLIFT importance scores based on our DenseNet model predic-
tions of terminator strength in tobacco leaves (c) or maize protoplasts (d). The terminator
of AT1G31180 is shown as an example. e, f Motifs identified by TF-MoDISco that posi-
tively or negatively contribute to the DenseNet model predictions of terminator strength in
tobacco leaves (e) or maize protoplasts (f).

effect can be reversed by GG dinucleotides (Figure 2.6e, f). These findings are consis-
tent with the results from our motif enrichment and k-mer analyses and indicate that the

DenseNet model has learned biologically relevant terminator features.

2.2.7 In silico evolution of terminator sequences

While our previous attempts to improve terminator strength by adding polyadenylation and
cleavage motifs were successful, the gain in terminator strength was modest (Figure 2.4f,
g). In silico evolution using convolutional neural network models can drastically improve
the activity of regulatory elements [56, 142]. Therefore, we used our DenseNet model for
in silico evolution of 222 terminators,111 each from Arabidopsis and maize. As starting
sequences, we randomly selected terminators from the held-out test set used to validate
the DenseNet model. For each terminator, we generated every possible single-nucleotide
substitution variant and scored these variants with the DenseNet model. We kept the
variant with the highest predicted terminator strength and subjected it to another round
of evolution for a maximum of ten rounds (Figure 2.7a). We performed this process three
times using the prediction for either tobacco leaves or maize protoplasts, or the sum of both
predictions to identify the strongest variant. To test the evolved elements experimentally,
we synthesized the starting sequences and those obtained after three and ten rounds of
evolution, and experimentally assayed their terminator strength in tobacco leaves and maize
protoplasts.

After three rounds of evolution (i.e., after changing only three nucleotides), terminator
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strength increased, on average, 5-fold in tobacco leaves and 1.6-fold in maize protoplasts
(Figure 2.7b, c). For sequences obtained after ten rounds of evolution, a further increase
in terminator strength was observed. Even though the original sequences and those obtained
after in silico evolution differed by only ten nucleotides, the difference in their terminator
strength was 12-fold in tobacco leaves and 4-fold in maize protoplasts (Figure 2.7b, c).
As expected, the increase in terminator strength was most pronounced when the prediction
used to score variants during in silico evolution matched the experimental assay system
(i.e. using the tobacco leaf prediction for evolution, and testing the resulting terminators
in tobacco leaves). Although all starting sequences were weaker than the 35S terminator,
our in silico evolution approach generated several terminators of greater strength than this
highly active viral terminator (Figure 2.7b, c). We tested selected evolved terminators
with the dual-luciferase assay and found strong correspondence with the Plant STARR-seq
results (Figure 2.7d, e). Furthermore, we observed that the model favored the insertion
of multiple UGUA motifs into the evolved, stronger terminators (Supplemental Figure

2.8g).

2.2.8 Cleavage and polyadenylation efficiency affects terminator strength

Over 70% of the genes in Arabidopsis and maize contain more than one possible polyadeny-
lation site and can therefore give rise to transcript isoforms that differ in 3> UTR length
[133, 343]. Alternative polyadenylation can have a strong effect on transcript levels through
the inclusion or exclusion of regulatory features such as binding sites for microRNAs or
RNA-binding proteins [28]. We wondered whether the terminator strength of putative
polyadenylation sites affects the choice of which site is used. To address this question,
we measured the terminator strength of primary and secondary cleavage and polyadenyla-
tion sites from over 5000 genes. However, there was no difference between the terminator
strength of primary and secondary polyadenylation sites for Arabidopsis or maize termina-

tors (Supplemental Figure 2.9).

While terminator strength could not predict which potential polyadenylation site is more

likely to be used in a genomic context, we wondered if the reverse were true: Is the strength
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Figure 2.8: Polyadenylation and cleavage affect terminator strength. a Polyadeny-
lation and cleavage sites for terminators in tobacco leaves were determined by 3’ end se-
quencing. Using an oligo-dT primer with a unique molecular identifier (UMI), cDNA was
generated from polyadenylated terminators. The cDNA was subjected to paired-end se-
quencing of the terminator and UMI. Cleavage sites were defined as local maxima in a
histogram of terminator read length after trimming of the poly-A tail. b Sequence logo
plots generated from the 10 bp window around all cleavage sites (All sites), all primary
sites (1° sites), or all secondary sites (2° sites). ¢ Histograms of cleavage site position for
four representative terminators. Red dots denote primary and alternative cleavage sites.
d Kernel density distribution of the primary cleavage site position for plant terminators
(Terminators), sequences from coding regions (CDS), and randomized sequences with an
overall (Global random) or per-position (Positional random) nucleotide frequency similar
to an average Arabidopsis or maize terminator. e Histogram of the primary cleavage site
position for terminators grouped into deciles based on terminator strength in tobacco leaves
(decile 1 contains the strongest 10% of the terminators and decile 10 the weakest 10%).
Each decile contains approximately 5,300 terminators. The shaded red area corresponds to
cleavage in the T-DNA backbone (i.e. downstream of the terminator sequence). f Violin
plots of terminator strength. Terminators were grouped by the percentage of reads that
coincide with the primary cleavage site. g Violin plots of the strength of terminators with a
primary cleavage site within the terminator or in the T-DNA. h Violin plots of terminator
strength for terminators grouped by cleavage probability (percent of unique reads showing
cleavage within the terminator sequence). Violin plots, box plots, and significance levels in
f-h are as defined in Figure 2.1.

of a terminator associated with the efficiency of its cleavage and polyadenylation? To de-
termine the cleavage and polyadenylation sites in our terminators, we subjected the output
RNA from a Plant STARR-seq experiment in tobacco leaves to 3’ end sequencing (Figure
2.8a). We defined the cleavage and polyadenylation sites for each terminator as local max-
ima in the distribution of the cleavage positions along the terminator sequence for all unique
reads. As expected, the vast majority of the cleavage and polyadenylation sites identified by
this approach coincided with a CA or UA dinucleotide (Figure 2.8b), matching the known
cleavage element [124, 186]. Consistent with prior reports [263, 215, 265, 214], we observed
near complete cleavage of the 35S terminator with one major cleavage site at the same
position as previously shown (Supplemental Figure 2.10b). We confirmed the cleav-
age pattern of several terminators with RT-PCR and gel electrophoresis (Supplemental

Figure 2.10c).
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The terminators in our library were designed to contain a cleavage site at position 150
(Fig. 1la). About 61% of the terminators showed a cleavage site within 5 nucleotides
upstream or downstream of this position, and for approximately half of these (32% of all
terminators), this was the primary cleavage site (Table 2.1). Of the 54,825 terminators
for which we could call cleavage sites, 68% had more than one cleavage sites, and of those,
20% (about 13% of all terminators) had a prominent secondary cleavage site indicated by
at least 30% of the reads (Table 2.1; see Figure 2.8c for examples). However, 17%
of the tested sequences were not cleaved and polyadenylated but showed read-through into

the downstream T-DNA sequence.

Cleavage site at Primary cleavage Strong secondary Cleavage in

Terminator Multiple
position site at position cleavage site T-DNA backbone
group cleavage sites
150 + 5 bp 150 + 5 bp (> 30% of reads) only

All terminators 33,700 (61%) 17,986 (32%) 37,301 (68%) 7,393 (13%) 9,525 (17%)
(n=54,825)
Arabidopsis 15,331 (68%) 8,826 (39%) 16,827 (74%) 4,421 (20%) 1,082 (5%)
terminators
(n=22,587)
Maize terminators 16,931 (61%) 8,540(31%) 18,008 (65%) 2,474 (9%) 6,879 (25%)
(n = 27,733)
CDS (n = 936) 36 (4%) 6 (1%) 234 (25%) 17 (2%) 663 (71%)
Global random 68 (18%) 15 (4%) 227 (60%) 53 (14%) 107 (28.1%)

sequences (n = 381)

Positional random 773 (41%) 285 (15%) 1,250 (67%) 266 (14%) 388 (21%)
terminators (n =

1,865)

Table 2.1: Terminator polyadenylation and cleavage statistics.

We observed differences in the cleavage pattern between bona fide terminators and con-
trol sequences (Figure 2.8d and Table 2.1). Plant terminators were predominantly
cleaved at position 150. In contrast, randomized sequences showed a broad distribution
of cleavage sites throughout their sequence. However, for the positional random sequences
which resemble terminators more closely than the global random controls, the distribution

was shifted towards an enrichment of cleavage at or near position 150. Finally, control se-
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quences derived from coding regions were rarely cleaved and polyadenylated, consistent with
a selection against potential cleavage sites. These general trends held true when considering

all cleavage sites, in addition to primary sites (Supplemental Figure 2.10a).

Next, we tested the association of terminator strength and cleavage probability (i.e., the
likelihood of a terminator being cleaved and polyadenylated instead of allowing read-through
transcription). Cleavage probability was strongly correlated with terminator strength (Fig-
ure 2.8e, f), and terminators with a primary cleavage site within their sequence were ap-
proximately 40% stronger than those without (Figure 2.8g). Furthermore, terminators
with a dominant cleavage site (i.e., most transcripts are cleaved at this site) were stronger
terminators than those with multiple weak cleavage sites (Figure 2.8f). Taken together,
the efficiency and accuracy with which a terminator is cleaved and polyadenylated deter-
mines its strength. Strong terminators show a dominant cleavage site and prevent read-

through into downstream sequences.

2.2.9 Polyadenylation motifs and GC content control cleavage probability

Since cleavage probability and terminator strength were positively correlated, we asked if
the same features that influence terminator strength also affect cleavage probability. First,
we tested if biological terminator function was associated with a high cleavage probability.
Indeed, plant terminators showed a much higher cleavage probability than control sequences
from coding regions (Figure 2.9a). Randomized control sequences with a nucleotide com-
position similar to an average terminator were also significantly more likely to be cleaved
and polyadenylated than the coding region controls, but their average cleavage probabil-
ity was still lower than that of bona fide plant terminators. The cleavage probability for
sequences derived from Arabidopsis was higher than the one for maize sequences (Figure
2.9a).

As GC content is one of the key differences between terminators from Arabidopsis and
maize, we asked if cleavage probability was affected by GC content. We observed a strong
negative correlation (Pearson’s R = -0.65) between these two factors. While a high AT con-

tent was associated with a high cleavage probability, increasing GC content led to decreased
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reads showing cleavage within the terminator sequence) for plant terminators (Terminators)
compared to sequences from coding regions (CDS) and randomized sequences with an overall
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average Arabidopsis or maize terminator. Each control group is correlated to the terminator
group. b Violin plots of cleavage probability. Terminators were binned by GC content to
yield groups of approximately the same size. ¢ Correlation (Pearson’s R) between cleavage
probability and the A, C, G, or U content of a ten-base window starting at the indicated
position in the terminators. d Violin plots of cleavage probability for terminators with (red
dot) or without (gray dot) the indicated motifs. Violin plots, box plots, and significance
levels in a, b, and d are as defined in Figure 2.1.
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cleavage probability (Figure 2.9b). This finding likely explains why maize sequences, which
show on average an approximately 10% higher GC content than Arabidopsis sequences, were
less likely to be cleaved than Arabidopsis sequences. Our observation that AU-rich sequences
show high cleavage probability is consistent with previous reports that the insertion of AU-
rich sequences into transcripts can lead to their cleavage and polyadenylation in maize [190].
Although both terminator strength and cleavage probability were affected by GC content,
they followed different trends. Cleavage probability decreased monotonically with increas-
ing GC content, while terminator strength was highest at an intermediate GC content and
lowest in very AT- or GC-rich sequences (Figure 2.3b, c). Similarly, we observed dif-
fering and position-specific effects of local nucleotide composition on terminator strength,
whereas for cleavage probability, positional effects were much less pronounced, and A and
T nucleotides behaved mostly similar to each other as did G and C nucleotides (Figure
2.9¢).

Finally, we tested if the AAUAAA, UGUA and U/G-rich motifs affected cleavage proba-
bility. While all three motifs increased cleavage probability, the AAUAAA motif clearly had
the largest effect (Figure 2.9d). As for terminator strength, we observed additive effects
of the motifs on cleavage probability, and terminators with all three motifs were most likely

to be cleaved and polyadenylated.
2.3 Discussion

Here, we adapted Plant STARR-seq to characterize and optimize plant terminator se-
quences. We find that thousands of Arabidopsis and maize terminators outperformed the
commonly used bacterial NOS and MAS terminators; a handful even outperformed the viral
35S terminator. These results provide a large arsenal of diverse and strong plant termina-
tors to use with transgenes, which should alleviate transgene silencing [70]. The optimal
terminators to employ in constructing transgenes may be those with high cleavage proba-
bility, as these prevent the read-through transcription implicated in silencing [78]. Thus,
for use in dicots, good terminators to choose would be those from the Arabidopsis genes
AT3G46230 (HEAT SHOCK PROTEIN 17.4), AT2G05530, and AT4G39730 (PLAT DO-
MAIN PROTEIN 1); for use in monocots, good ones would be those from the maize genes
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Zm00001d016542 (anthranilate 1,2-dioxygenase), Zm00001d047961, and Zm00001d017119
(glucose-6-phosphate dehydrogenase 5).

In addition to these naturally occurring terminators, in silico evolved, synthetic termina-
tor sequences — several of which showed greater strength than the viral 35S terminator —
resulted from this work. Use of the DenseNet prediction that best matched the assay system
(the tobacco leaf prediction for dicots, and the maize protoplast prediction for monocots)
led to the best results; however, a combination of both predictions can generate terminators
that are active across a broad range of plant species, tissues, and applications. The itera-
tive in silico evolution and testing of evolved elements in Plant STARR-seq appears to be
a promising generalizable path toward improving the features of plant regulatory elements,
as for core promoters [141, 142].

Beyond the practical benefits of this study, we identified novel features of terminator
biology in plants. We found that GC content profoundly influences terminator strength
and cleavage probability in different ways. The strongest terminators had a GC content
of approximately 30 — 40% (depending on the assay system), with terminator strength
lowest at either higher or lower GC percentage in both assay systems. In contrast, cleavage
probability monotonically decreased with increasing GC content in tobacco leaves (and was
not measured in maize protoplasts due to technical challenges). This negative correlation
is similar to the effects of GC content on core promoter strength, which shows a strong
negative correlation with GC content in tobacco leaves but not in maize protoplasts [142].
Taken together, GC content appears to affect different regulatory elements in different ways,
and these effects vary across species, reflecting genomic GC content.

In addition to known polyadenylation motifs [28, 62, 124], we discovered novel motifs
that increased terminator strength and cleavage probability. These motifs are rich in U and
G nucleotides and reside broadly across terminator sequences, with a moderate enrichment
immediately upstream and downstream of the cleavage site. The precise composition of
these U/G-rich motifs differed between the tobacco leaf and the maize protoplast systems;
however, the maize-specific motif also contributed to terminator strength in tobacco leaves.
Human terminators contain a GU-rich element downstream of the cleavage site that is

required for efficient polyadenylation and that is bound by the cleavage-stimulating factor
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(CSTF) complex [29, 301, 305]. Plant homologs for members of the CSTF complex can form
a similar complex and bind to RNA [26, 130, 354]. We speculate that the novel U/G-rich
motifs identified here serve as binding sites for the plant CSTF complex.

The assay design employed here provided insight into cleavage probability and alterna-
tive polyadenylation. Alternative polyadenylation is a crucial mechanism to create diverse
transcripts in response to environmental change and in particular tissues [28, 343, 358|.
Alternative polyadenylation produces transcripts with altered 3° UTR length, resulting in
different mRNAs and translation levels. Long 3’ UTRs decrease transcript stability by trig-
gering nonsense-mediated mRNA decay [150], while short 3’ UTRs make translation more
efficient by promoting polysome formation [44]. When we compared the 170 nucleotide-
terminator sequences of Arabidopsis and maize genes derived from primary vs. secondary
polyadenylation sites, we observed no difference in terminator strength among sites derived
from Arabidopsis or maize. These comparisons suggest that the sequence surrounding a
given polyadenylation site does not fully explain alternative polyadenylation. Trans-acting
factors such as the components of the cleavage and polyadenylation complexes, RNA-binding
proteins and non-coding RNAs are involved in the choice of polyadenylation sites, presum-
ably by recognizing sequence context and secondary structure of the entire terminator se-
quence instead of the shorter terminator sequences tested here [28, 130, 365]. A comparison
of all tested terminator sequences indicates that strong terminators tended to contain a

dominant cleavage site rather than multiple weaker ones.

2.4 Methods

2.4.1 Library Design and Construction

We defined terminators as the sequence from 150 nucleotides upstream to 20 nucleotides
downstream of a cleavage and polyadenylation site. For Arabidopsis, we used experimen-
tally determined cleavage and polyadenylation sites described by Thomas et al. [304]. We
selected the primary cleavage and polyadenylation sites for each gene (n = 18,450), as well
as prominent secondary cleavage sites that had at least 30% of total reads per gene (n =

2,325). For the 3,754 genes without an experimentally defined cleavage site, we utilized the
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end of their 3> UTR annotation in the Arabidopsis TAIR10 annotation as the cleavage site.
This yielded a total of 24,529 Arabidopsis terminator sequences (Supplementary Table
1). For maize, we used cleavage and polyadenylation sites defined by Jafar et al [133].
We selected primary cleavage sites for 25,685 maize genes, and included 4,407 secondary
cleavage sites (at least 30% of total reads per gene) for a total of 30,092 maize terminator
sequences (Supplementary Table 1).

In addition to bona fide terminators, several control sequences were added to the library
(Supplementary Table 1). Since protein coding sequences should not contain cleavage
and polyadenylation motifs, 170-nucleotide long sequences (589 each from Arabidopsis and
maize) from coding regions with a similar GC content as the terminator library were in-
cluded as negative controls. Furthermore, we generated random sequences with global (200
sequences per species) or position-specific (1,000 sequences per species) nucleotide frequen-
cies derived from the average Arabidopsis or maize terminator. Randomized sequences with
a GC content of 30%, 40%, 50%, 60%, or 70% (200 sequences of 170 nucleotides each) were
added to test effects of GC content on terminator strength. Finally, four commonly used
non-plant terminators (t35S, tAg7, tNOS, and tMAS) were added as a frame of reference in
their full length (35S=204 nt, Ag7=208 nt, MAS= 253 nt, NOS=253 nt). The final library
of sequences was ordered as an oligo pool from Twist Biosciences (Supplementary Table
2).

To validate and extend our findings from the large-scale terminator library, we created
a second, smaller library. This library included 187 terminators from the original library
to test the correlation between results from the two libraries. Additionally, we added se-
quences to validate the importance of the discovered motifs. We picked 20 sequences from
the randomized control sequences in our original library that had neither a CA dinucleotide
at the predicted cleavage site, nor an AAUAAA, a UGUA, or a GUGUG motif. For each
validation sequence, we added a CA dinucleotide at position 150 and all possible combina-
tions of these three motifs at the positions where they are found most often in our library.
To test the importance of the AAUAAA motif, we picked twenty terminators that had
only one AAUAAA sequence and generated three variants with a mutation in this sequence

(ACTCAA, ACTCAA, ACTAAA). Similarly, we took twenty sequences that had only one
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UGUA sequence and replaced it with mutated variants (UGCA, CGUA, UCUA). Finally,
we included the sequences from the in silico evolution (see below) in this validation library

(Supplementary Table 3).

The Plant STARR-seq plasmid pPSt (https://www.addgene.org/203590/) used in this
study is based on the pPSup plasmid (https://www.addgene.org/149416/) [141] with adap-
tations to enable the characterization of terminators. The base plasmid pPSt contains
three consecutive Golden Gate cloning sites. To generate the terminator libraries, we first
inserted the 35S promoter together with a 5 UTR derived from the maize histone H3 gene
Zm00001d041672, an ATG start codon, and a 18-nucleotide random barcode (VNNVNNVN-
NVNNVNN, where V=A, C or G) into the upstream Golden Gate site using the restriction
enzyme BbsI-HF (NEB). Next, we cloned the array-synthesized terminator library into the
downstream Golden Gate site using the restriction enzyme Esp3I (NEB). In this step, the
plasmid library was bottlenecked to approximately 1,000,000 variants (approximately 16
barcodes per terminator) or 60,000 variants (approximately 30 barcodes per terminator) for
the large-scale or the validation library, respectively. Finally, we used Bsal-HFv2 (NEB)
to replace the central Golden Gate site with the coding sequence of GFP lacking the start
codon. Two versions of the library were created in this step: one with full-length GFP for
use in Plant STARR-seq (see https://www.addgene.org/203592/ for an example of a fully
assembled Plant STARR-seq plasmid with the 35S terminator.) and one with a truncated
version of GFP lacking the central 188 amino acids for subassembly (see below). The se-
quences of all primers used for cloning and sequencing are included in Supplementary

Table 4.

2.4.2 Tobacco cultivation and transformation

Tobacco (Nicotiana benthamiana) was grown in soil (Sunshine Mix no. 4) at 25°C with
a long day photoperiod (16h light and 8h dark; cool-white fluorescent lights Philips TL-
D 58W/840; intensity 300 pmolm™2s!). Plants were transformed approximately 3 weeks
after germination. The Agrobacterium transformation and induction method was previously

described [142]. The terminator libraries were introduced into Agrobacterium tumefaciens
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strain GV3101 (harboring the virulence plasmid pMP90 and the helper plasmid pMisoG)
by electroporation. Agrobacterium cultures were infiltrated into the first two mature leaves
of tobacco plants (12 plants/24 leaves per replicate for the large-scale library; 3 plants/6
leaves for the smaller validation library). The plants were further grown for 48 hours under
normal light conditions before mRNA extraction. The input sample for Plant STARR-
seq was obtained from 20 mL of the Agrobacterium solution that was used to infiltrate
tobacco leaves. To this end, the QIAprep Spin Miniprep Kit was used according to the

manufacturer’s instructions.

2.4.8 Maize mesophyll protoplast generation and PEG transformation

We used the PEG transformation method of maize mesophyll protoplasts as described in
[310]. Maize (Zea mays L. cultivar B73) seeds were soaked in water overnight at 25°C.
The seeds were germinated in soil for 3 days under long day conditions (16 hours light, 8
hours dark) at 25°C, then moved to complete darkness at 25°C for 10-11 days. From each
seedling, 10 cm sections from the second and third leaf were cut into thin 0.5 mm strips
perpendicular to veins and immediately submerged in 10 ml of protoplasting enzyme solution
(0.6 M mannitol, 10 mM MES ph 5.7, 15 mg/ml cellulase R10, 3 mg/ml macerozyme, 1 mM
CaCl2, 0.1% [w/v] BSA, and 5 mM beta-mercaptoethanol). The mixture was covered in foil
to keep out light, vacuum infiltrated for 3 min at room temperature (RT), and incubated
on a shaker at 40 rpm for 2.5 hours at RT. Protoplasts were released by incubating an extra
10 min at 80 rpm. To quench the reaction, 10 mL ice-cold MMG (0.6 M Mannitol, 4 mM
MES ph 5.7, 15 mM MgCl2) was added to the enzyme solution and the whole solution
was filtered through a 40 pM cell strainer. To pellet protoplasts, the filtrate was split into
equal volumes of no more than 10 mL in chilled round-bottom glass centrifuge vials and
centrifuged at 100 x g for 4 min at RT. Pellets were resuspended in 1 mL cold MMG each
and combined into a single round-bottom vial. To wash, MMG was added to make a total
volume of 5 mL and the solution was centrifuged at 100 x g for 3 min at RT. This wash
step was repeated two more times. The final pellet was resuspended in 1-2 mL of MMG.

A sample of the resuspended protoplasts was diluted 1:20 in MMG and used to count the
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number of viable cells using Fluorescein Diacetate as a dye.

For each replicate, 20 million protoplasts were mixed with 200 pg of the terminator
plasmid library in a fresh tube, topped with MMG to a volume of 2,288 nL, and incubated
on ice for 30 min. For PEG transformation, 2,112 uL of PEG solution (0.6 M Mannitol, 0.1 M
CaCl2, 25% [w/v] poly-ethylene glycol MW 4000) was added to reach a final concentration of
12% (w/v) PEG. The mixture was incubated for 10 min in the dark at RT. After incubation,
the transformation solution was diluted with 22 mL (5 x 4.4 mL) incubation solution (0.6
M Mannitol, 4 mM MES pH 5.7, 4 mM KCl), and centrifuged at 100 x g for 4 min at RT.
For the PEG transformation with the validation library, we used 4 million protoplasts, 40

pg of the plasmid library, and one fifth of the buffer volumes used for the large-scale library.

After transformation, the protoplast pellet was washed with 5 mL of incubation solution,
centrifuged at 100 x g for 3 min at RT, and resuspended in incubation solution to a con-
centration of 500 cells/nL. Protoplasts were incubated overnight in the dark at RT to allow
for transcription of the plasmid library and then pelleted (4 min, 100 x g, RT). The pellet
was washed with 5 mL incubation solution and centrifuged (3 min, 100 x g, RT). The pellet
was finally resuspended in 5 mL incubation solution. An aliquot of the solution was used to
check transformation efficiency under a microscope (12.4% [replicate 1] and 49.5% [replicate
2] transformation efficiency for the large-scale library; 62% [replicate 1] and 45% [replicate
2] for the validation library). Cells were pelleted (4 min, 100 x g, RT) and resuspended in
2 mL Trizol for subsequent mRNA extraction. An aliquot of the plasmid library used for

PEG transformation was used as the input sample for Plant STARR-seq.

2.4.4 Plant STARR-seq assay

For all Plant STARR-seq experiments, two independent biological replicates were performed.
Different plants and fresh Agrobacterium cultures were used for each biological replicate.
Tobacco leaves were harvested 2 days after infiltration and partitioned into batches of 4
(large-scale library) or 3 (validation library) leaves. The leaf batches were frozen in lig-
uid nitrogen, finely ground with mortar and pestle, and immediately resuspended in 12

mL Trizol. The suspensions were cleared by centrifugation (5 min, 4,000 x g, 4°C) and
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each supernatant was mixed with 2.5 mL chloroform. After centrifugation (15 min, 4,000
x g, 4°C), 7 mL of the upper, aqueous phase was transferred to a new tube, and mixed
by inversion with 3.5 mL high salt buffer (0.8 M sodium citrate, 1.2 M NaCl) and 3.5 mL
isopropanol. The solution was incubated for 15 min at RT to precipitate the RNA and
centrifuged (30 min, 4,000 x g, 4°C). The pellet was washed in 10 mL ice-cold 70% ethanol,
centrifuged (5 min, 4000 x g, 4°C), and air-dried. The pellet was resuspended in 180 nL
of warm (65°C) nuclease-free water and transferred to a new tube. The solution was sup-
plemented with 10 pL. 20X DNase I buffer (1 mM CaCl2, 100 mM Tris pH 7.4), 10 pL 200
mM MnCl2, 2uL. DNase I (ThermoFisher Scientific), and 1 pL. RNaseOUT (ThermoFisher
Scientific), and incubated for 30 min at 37°C. To precipitate the RNA, 20 nL. 8M ice-cold
LiCl and 500 pL ice-cold 100% ethanol was added. After incubation for 15 min at -80°C,
the RNA was pelleted by centrifugation (20 min, 20,000 x g, 4°C). The pellet was washed
with 500 pL ice-cold 70% ethanol, centrifuged (5 min, 20,000 x g, 4°C), air-dried for 10
min, and resuspended in 200 pL nuclease-free water supplemented with 0.5 pl. RNaseOUT.
For ¢cDNA synthesis, eight reactions with 11 pL mRNA solution, 1 pL 2 nM GFP-specific
reverse transcription primer, and 1 pL 10 mM dNTPs were incubated at 65°C for 5 min
then immediately placed on ice. The reactions were supplemented with 4 pl. 5X Super-
Script IV buffer, 1 pL 100 mM DTT, 1 pL RNaseOUT, and 1 pL SuperScript IV reverse
transcriptase (ThermoFisher Scientific). To ensure that the samples were largely free of
DNA contamination, four reactions were used as controls, where the reverse transcriptase
and RNaseOUT were replaced with water. Reactions were incubated for 10 min at 55°C,
followed by 10 min at 80°C. Sets of 4 reactions each were pooled. The cNDA was purified
with the Zymo Clean&Concentrate-5 kit, and eluted in 20 pl. 10 mM Tris. The barcode
was amplified with 10-20 cycles of polymerase chain reaction (PCR) and read out by next
generation sequencing.

For Plant STARR-seq in maize protoplasts, the protoplast-containing Trizol solution
from PEG transformation was transferred to 2 mL Phasemaker tubes (1 mL per tube;
ThermoFisher Scientific), mixed thoroughly with 300 pL chloroform, and centrifuged (5
min, 15,000 x g, 4°C). RNA was extracted using the RNeasy Plant Mini Kit (QIAGEN).

The supernatant was transferred to a QIAshrededer column and centrifuged (2 min, 20,000
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x g, RT). The flowthrough was transferred to a new 1.5 mL tube and mixed with 300 pL
100% ethanol. Up to 500 pL of the solution was loaded on an RNeasy mini spin column.
After centrifugation (10 seconds, 16,100 x g, RT) the flowthrough was discarded. This was
repeated until all the solution had been added to the column. The column was washed once
with 700 pL RW1 buffer and twice with 500 pL. RPE buffer. After each wash step, the
column was centrifuged (30 sec, 16,100 x g, RT) and the flowthrough was discarded. The
column was dried with an extra centrifugation step (30 sec, 16,100 x g, RT) and transferred
to a 1.5 mL collection tube. For elution, 50 pL of RNase-free water was added, and the
column was incubated for 1 minute, and centrifuged (1 min, 16,100 x g, RT). This elution
step was repeated with an additional 40 pL. of RNase-free water. The eluate was treated
with DNase I (5 pL of 20x DNasel buffer, 5 pL. 200 mM MnCL2, 1 pL. RNaseOUT, and 2
nL DNase I) for 1 h at 37°C. The solution was supplemented with 20 pL. 500 mM EDTA,
1 pL 20 mg/mL glycogen, 12 pL ice-cold 8M LiCl, and 300 pL ice-cold 100% ethanol. The
solution was incubated 15 min at -80°C, centrifuged (20 min, 20,000 x g, 4°C). The pellet
was washed with 500 pL ice-cold 70% ethanol, and centrifuged (3 min, 20,000 x g, 4°C).
The pellet was air-dried for 10 min and resuspended in 100 pL. RNase-free water. Reverse
transcription, purification, PCR amplification and sequencing were performed as for the

tobacco samples.

2.4.5 Subassembly and barcode sequencing

Paired-end sequencing on an Illumina NextSeq 2000 platform was used to link terminators
to their respective barcodes. To facilitate sequencing, we created a shortened version of the
terminator library plasmid with a large deletion in the GFP gene. The terminator region
was sequenced using paired 151-nucleotide reads, and two 18-nucleotide indexing reads were
used to sequence the barcodes. The paired terminator and barcode reads were assembled
using PANDAseq (version 2.11) [201] and the terminator reads were aligned to the designed
terminator library using BowTie2 (version 2.4.1) [168]. Terminator-barcode pairs with less
than 5 reads and terminators with a mutation or truncation were discarded. For each Plant

STARR-seq experiment, barcodes were sequenced using paired-end reads on an Illumina
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NextSeq 2000 system. The paired barcode reads were assembled using PANDAseq.

2.4.6  Computational methods

For calculating terminator strength, the reads for each barcode were counted in the input
and cDNA (output) samples. Barcodes with less than five reads were discarded. For each
terminator, the sum of the reads for all associated barcodes was calculated in the input
and output samples. The input and output counts were normalized by dividing each by
the sum of all counts in the output and input sample, respectively. Terminator strength
was calculated as the normalized output counts divided by the normalized input counts.
Terminator strength was normalized to the strength of the 35S terminator. We used the
average terminator strength across two replicates for all analyses (Supplementary Tables
2 and 3). Spearman and Pearson’s correlation were calculated using base R (version 4.3.0).
Significance was calculated using the two-sided Wilcoxon rank-sum test and the ggsignif
library (version 0.6.4) in R (Supplementary Table 5). GO term enrichment analysis was

performed using the ggprofiler2 package (version 0.2.1) in R (Supplementary Table 6).

2.4.7 Discovery of terminator motifs

To find motifs enriched in strong terminators, we ranked terminators according to their
strength in tobacco leaves or maize protoplasts. The sequences of the top 25% terminators
were analyzed by STREME (version 5.5.1) [20] to find ungapped RNA motifs that are
enriched in this set relative to the sequences of the bottom 25% terminators. To find
tobacco-specific terminator motifs, we used STREME with the same parameters but using
the top 10% Arabidopsis of terminators ranked by W as positive and the bottom 10% of
maize terminators ranked by ¥ as negative sequences. For maize-specific terminator motifs,
we repeated the analysis but switched the positive and negative sequences. Meme files with
all discovered motifs are available on GitHub (https://github.com/lampoona/Terminators-
Plant-STARR-seq).

All terminator sequences were analyzed using the universalmotif package (version 1.18.0)

in R to find the position and frequency of the discovered motifs. For each sequence, the
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maximum motif score was identified and normalized to the minimum (set to 0) and maxi-
mum (set to 1) scores possible. Sequences with a score of at least 0.85 were considered to

contain a motif match.

2.4.8 Computational modeling of terminator strength

In order to predict terminator strength, we first build a lasso regression model using the
glmnet package (version 4.1.7) in R to predict terminator strength based on the counts of
all possible, overlapping 6-mer counts. The regression model was trained on 70% of the

data and tested on the remaining 30%.

For our second model, we built a convolutional neural net model using EUGENe (ver-
sion 0.0.6) [158] and PyTorch (version 1.11.0) [236] in Python (version 3.8.10). We used a
‘DenseNet’ [121] architecture adapted from iCREPCP [65]. The model takes one-hot en-
coded DNA as an input which is fed to a convolutional layer with 128 filters and a kernel
size of 5. This layer is followed by four dense blocks consisting of 6, 12, 24, and 16 convolu-
tional layers with 12 filters each and a kernel size of 3. In each dense block, the output of a
convolutional layer is appended to its input and the combined output is used as the input
for the subsequent layer. Between each dense block, the output feature map is reduced in
size through convolution (using half as many filters as the input and a kernel size of 1)
and average pooling (with a kernel size of 2). The output of the final dense block is fed
into a fully connected layer with two outputs corresponding to the terminator strength in
tobacco leaves and maize protoplasts, respectively. Terminator sequences from our original
library that were detected in tobacco leaves and maize protoplast STARR-seq experiments
(n = 53,409) were used for model training and evaluation. Of this data, 81% were used
to train the model, 9% were used as a validation set during training and the remaining
10% were used to test the generalizability and accuracy of the trained model. Feature at-
tributions for sequences in the test set were calculated using the DeepLIFT method [283]
implemented in EUGENe. These feature attributions were used as input for TF-MoDISco-
lite (version 2.0.6) [284] to extract motifs that increase or decrease terminator strength.

Since we were looking for RNA motifs, we modified the TF-MoDISco-lite algorithm to not
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consider reverse complemented seqlets for clustering, alignments, or pattern generation.
The code for model training and evaluation, and the trained model are available on GitHub

(https://github.com/lampoona/Terminators-Plant-STARR-seq).

2.4.9 In silico evolution of terminator sequence

We used the DenseNet model to iteratively improve terminator strength. We randomly
selected 222 sequences (111 each from Arabidopsis and maize) from the test set of our
model to ensure that the model had not seen these sequences during training. In each
iteration, we generated every possible point mutation for each sequence, scored them with
the DenseNet model, and kept the sequence variant with the highest predicted strength in
tobacco leaves, maize protoplasts, or both (using the sum of the activity in the individual
systems) systems for the next iteration. We then experimentally determined the terminator
strength of the sequences after three and ten rounds of evolution using Plant STARR-seq

in both tobacco leaves and maize protoplasts.

2.4.10 8’ end sequencing

We used 3’ end sequencing to determine the cleavage and polyadenylation site for each
terminator. For ¢cDNA synthesis, we incubated 5 pL of the extracted mRNA from the
second Plant STARR-seq replicate in tobacco leaves with 5 pl. RNase free water, 1 puL 10
mM DNTPs, and 2 pulb 25 mM UMI-containing oligo-dT primer for 5 min at 55°C. The
solution was supplemented with 4 uL. 5X SuperScript IV buffer, 1 uL. 100 mM DTT, 1 nL
RNaseOUT, and 1 pL Superscript IV reverse transcriptase. The reaction was incubated for 2
min each at 4°C, 10°C, 20°C, 30°C, 40°C and 50°C, and finally for 15 min at 55°C. The sample
was supplemented with 1 pL, RNase H (NEB) and incubated for 30 min at 37°C. The cDNA
was purified using the Zymo Clean&Concentrate-5 kit and PCR-amplified using indexed
sequencing primers specific to the end of the GFP construct and the adapter added using
the RT primer (Fig. 8a). Terminators were sequenced using an Illumina NextSeq 2000
platform with a 222-nucleotide read from the 5’ end of the amplicon. The paired read was

used to sequence the 8-nucleotide UMI. UMIs and terminator reads were linked using UMI-
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Tools (version 1.1.2) [292]. Poly-A tails of each read were removed using CutAdapt (version
2.5) [147]. Terminators were aligned to the designed terminator library plus 52 nucleotide of
plasmid backbone sequence using BowTie2 (version 2.4.1) [168] and reads that had a map
quality of 0 or 1 were removed using Samtools (version 1.9) [174]. Duplicate terminator-UMI
pairs were removed and terminators with fewer than 20 supporting reads were discarded.
Bam files for each terminator were generated, and cleavage sites were determined using
a custom R script available on GitHub (https://github.com/lampoona/Terminators-Plant-
STARR-seq). Briefly, the algorithm identifies local maxima in the distribution of read
lengths per terminator. Cleavage probability was calculated on a per terminator basis as

the percentage of reads shorter than 171 nucleotides (Supplementary Table 2).

2.4.11 Dual-luciferase assay

For the dual-luciferase assay, terminators were cloned downstream of a nanoluciferase gene
under control of the 35S enhancer and minimal promoter in the plasmid pDLterm

(https://www.addgene.org/211903/). The plasmid also harbors a luciferase gene under
control of the Arabidopsis UBQ10 promoter. For the dual-luciferase assay in tobacco, two
independent biological replicates, with two technical replicates each, were performed. The
dual-luciferase reporter plasmids were introduced into Agrobacterium tumefaciens strain
GV3101 (harboring the virulence plasmid pMP90 and the helper plasmid pSoup) by elec-
troporation and used for transient transformation of tobacco leaves. Two days after the
transformation, a total of 4 leaf discs from the third and fourth leaf of the tobacco plants
was collected using a cork borer (4 mm diameter). The leaf discs were transferred to 1.5 mL
tubes filled with approximately 10 glass beads (1 mm diameter), snap-frozen in liquid nitro-
gen, and disrupted by shaking twice for 5 sec in a Silamat S6 (Ivoclar) homogenizer. The
leaf disc debris was resuspended in 100 pLi 1X Passive Lysis Buffer (Promega). The solution
was cleared by centrifugation (5 min, 20,000 x g, RT) and an aliquot of the supernatant was
diluted 1:10 with 1X passive lysis buffer. Luciferase and nanoluciferase activities were mea-
sured on a Biotek Synergy H1 plate reader using the Promega Nano-Glo Dual-Luciferase

Reporter Assay System according to the manufacturer’s instructions. Specifically, 10 pL of
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the diluted leaf extracts were combined with 75 nL. ONE-Glo EX Reagent, mixed for 3 min
at 425 rpm, and incubated for 2 min before measuring luciferase activity. Subsequently,
75 pL. NanoDLR, Stop&Glo Reagent were added to the sample. After 3 min mixing at 425
rpm and 12 min incubation, nanoluciferase activity was measured. For the dual-luciferase
assay in maize protoplasts, two independent biological replicates, with a technical replicate
for one of them, were performed. One million protoplasts were transformed with 15 pg
of the dual-luciferase reporter plasmid following the same transformation protocol as used
for Plant STARR-seq (see above). After incubation overnight in the dark, the transformed
protoplasts were washed twice with 1 mL incubation solution and lysed by adding 100 pL
1X passive lysis buffer. The protoplast lysate was diluted 1:10 with 1X passive lysis buffer
and used to measure luciferase and nanoluciferase activities with the same protocol as used
for the tobacco leaf extracts. Raw values and calculated scores from assay are provided in

(Supplementary Table 7).

2.4.12 RT-PCR and gel electrophoresis

To visualize terminator cleavage patterns, RNA was extracted from tobacco leaves tran-
siently transformed with dual-luciferase reporter constructs. A total of 8 leaf discs (4 mm
diameter) were collected two days after transformation. The fresh leaf discs were transferred
to a 2 mL tube containing a 5 mm stainless steel bead and 500 pL buffer RLT (QIAGEN).
The leaf discs were disrupted using a TissueLyser LT (QIAGEN) bead mill for 3 min at 50
Hz. Debris was pelleted by centrifugation (2 mi, 20,000 x g, RT) and the supernatant was
subjected to RNA extraction using the QTAGEN RNease Plant Mini Kit according to the
manufacturer’s instructions. Reverse transcription of the extracted RNA was performed in
the same way as for the 3’ end sequencing. The resulting cDNA was PCR-amplified with
primers binding to the 3’ end of the nanoluciferase gene and the 5’ end of the reverse tran-
scription primer. The PCR products were separated by gel electrophoresis and visualized

with SYBR green.
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2.5 Data Availability

All sequencing results are deposited in the NCBI Sequence Read Archive under the BioPro-
ject accession PRJNA991151.

2.6 Code availability

The code used in this study is available on GitHub (https://github.com/lampoona/Terminators-
Plant-STARR-seq).

2.7 Author contributions

S.G., T.J., and C.Q. constructed the experimental design. S.G. designed terminator libraries
with guidance from T.J.. S.G. conducted nearly all the experiments, with the exception of
J.T. and N.A.M. who conducted the protoplasting experiments, and analyzed nearly all the
data. T.J. was responsible for the tobacco husbandry, CNN analysis, and in silico modeling.
K.B. wrote a script to call major PAC sites from 3’ end sequencing. S.G. wrote the main
manuscript and drafted all figures. T.J., C.Q., and S.F. were critical in the manuscript

shaping and editing process.

2.8 Supplemental Figures

2.9 Supplemental Tables
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Supplemental Figure 2.1: Nucleotide composition for terminators in our library.
a, b Per-position nucleotide frequencies of Arabidopsis (a) or maize (b) terminators. ¢, d
Pie charts showing the distribution of the cleavage site location (annotated according to
the A Arabidopsis TAIR10 and the maize B73v4 genome annotations) for the terminators
from Arabidopsis (c) or maize (d) in our library. e Per-position nucleotide frequencies
for controls derived from coding sequences (CDS) in Arabidopsis or maize. f Per-position
nucleotide frequencies of randomized sequences with an overall (Global random) nucleotide
composition similar to average Arabidopsis or maize terminator. g, h Per-position nucleotide
frequencies for randomized sequences with a per-position (Positional random) nucleotide
composition similar to an average Arabidopsis (g) or maize (h) terminator.
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Supplemental Figure 2.2: Plant STARR-seq yields highly reproducible results
across libraries. a, b Hexbin plots (as defined in Fig. 1) of the correlation between
two biological replicates of Plant STARR-seq with the validation library in tobacco leaves
(a) or maize protoplasts (b). Commonly used terminators are highlighted in red. ¢, d Corre-
lation between terminator strength as measured in the large-scale library and the validation
library in tobacco leaves (c) or maize protoplasts (d). Pearson’s R?, Spearman’s p, and
number (n) of terminators are indicated in all plots.
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Supplemental Figure 2.3: Nanoluciferase activity (protein abundance) reflects ter-
minator strength. Select weak (CDS), intermediate, and strong terminators are cloned
immediately downstream of nanoluciferase. The nanoluciferase/luciferase ratio is normal-
ized to a mean of the construct with the 35S terminator per experiment (35S average; log2
set to 0, dashed blue line). a,c Jitter plot of nanoluciferase activity for selected terminators
in tobacco leaves (a) and maize protoplasts (c). The gray dot denotes the mean and the gray
line denotes the variance. b,d Dot plot and Pearson’s R? between terminator strength and
nanoluciferase activity of tested terminators in (b) tobacco leaves and (d) maize protoplasts.
Linear regression line is shown as a blue line, and the gray band around the regression line
is the 95% confidence interval. Key: At mid 1= AT1G26300; AT mid 2= AT3G23110; Zm
mid = Zm00001d012972; At CDS 1=AT3G22360-CDS; At CDS 2 = AT5G07380-CDS; Zm
CDS = Zm00001d025717-CDS; Zm high = Zm00001d047961; HSP17.4 = AT3G46230.
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Supplemental Figure 2.5: Metabolic and stimulus-responsive genes frequently use
strong terminators. a-d GO terms enriched in genes associated with the top 10% of
Arabidopsis (a, ¢) or maize (b, d) terminators ranked by strength in tobacco leaves (a, b)
or maize protoplasts (c, d). Only the most significant GO terms are shown. The p values
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Supplemental Figure 2.7: Polyadenylation motifs show distinct localization profiles.
Histograms showing the number of Arabidopsis and maize terminators with a UGUA motif
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Supplemental Figure 2.8: Cleavage and polyadenylation motifs are sensitive to mu-
tations. a, b Violin plots and box plots (as defined in 2.1) of terminator strength in
tobacco leaves (a) or maize protoplasts (b) for terminators with the indicated variants of
the AAUAAA motif. Terminators without any AAUAAA motif variant (None) are also
shown. ¢, d Boxplots (as defined in 2.4) of the strength of terminators with the indicated
variants of the AAUAAA (c) or UGUA (d) motif relative to the strength of the correspond-
ing wild type terminator (set to 0). e-f Violin plots, box plots, and significance levels (as
defined in 2.1) of terminator strength in (e) tobacco leaves and (f) maize protoplasts of
terminators with varying numbers of UGUA motifs. g Jitter plots of the average number
of UGUA per terminator through 0, 3, and 10 rounds of in silico evolution.
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Supplemental Figure 2.9: Terminators derived from primary or secondary
polyadenylation sites are indistinguishable by terminator strength. Violin plots
and box plots (as defined in 2.1) of the terminator strength in tobacco leaves (a) or maize
protoplasts (b) of the experimentally determined secondary polyadenylation site of Ara-
bidopsis and maize genes relative to the primary polyadenylation site of the same gene (set
to 0).
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Supplemental Figure 2.10: Cleavage site positions differ between bona fide termi-
nators and control sequences. a Kernel density distribution of all cleavage site positions
for plant terminators (Terminators), sequences from coding regions (CDS), and randomized
sequences with an overall (Global random) or per-position (Positional random) nucleotide
frequency similar to an average Arabidopsis or maize terminator. b Cleavage site map of
the CaMV 35S terminator (length=204). ¢ RNA was extracted from replicate 1 of the
nanoluciferase assay (shown in Supplementary Figure 2.3a) and reverse transcribed using
the same oligo(DT) primer for the 3’ end sequencing method. cDNA was amplified and run
on a 1.0% agarose gel to resolve cleavage. Red triangles denote the site of primary cleavage
determined by 3’ end sequencing. Key: At mid 1= AT1G26300 ; AT mid 2= AT3G23110;
Zm mid = Zm00001d012972; At CDS 1=AT3G22360-CDS, At CDS 2= AT5G07380-CDS;
Zm CDS = Zm00001d025717-CDS, HSP17.4 = AT3G46230.
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Supplemental Table 2.1: Terminator library composition

Type Count Description

Arabidopsis 22,204 Sequences surrounding the main polyadenylation and cleavage site of Arabidopsis genes

terminators (main (—150 to 420 relative to cleavage site)

cleavage site)

Arabidopsis 2,325 Sequences surrounding the secondary polyadenylation and cleavage site (30% of total

terminators reads) of Arabidopsis genes (—150 to +20 relative to cleavage site)

(secondary cleavage

site)

Maize terminators 25,685 Sequences surrounding the main polyadenylation and cleavage site of maize genes (—150

(main cleavage site) to +20 relative to cleavage site)

Maize terminators 4,407 Sequences surrounding the secondary polyadenylation and cleavage site (30% of total

(secondary cleavage reads) of maize genes (—150 to 420 relative to cleavage site)

site)

CDS 1,178 Coding sequences (170 bp) with similar overall GC content as Arabidopsis or maize ter-
minators (589 from each species)

Fixed GC content 1,000 Randomized sequences (170 bp) with a GC content of: 30%, 40%, 50%, 60%, or 70% (200
each)

Global random 400 Randomized sequences (170 bp) with overall nucleotide frequency similar to an average

sequences Arabidopsis or maize terminator (200 per species)

Positional random 2,000 Randomized sequences (170 bp) with per-position nucleotide frequency similar to an av-

terminators erage Arabidopsis or maize terminator (1,000 per species)

Commonly used 4 35S, Ag7, NOS, and MAS terminators

terminators
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Chapter 3

FUTURE DIRECTIONS AND DISCUSSION

3.1 Filling in the gaps

In an old Indian parable, a group of blind men come across an elephant, whom they have

never seen, and have to imagine what an elephant is by touching it. The story has many

forms, but the simplest version goes like so:

Figure 3.1: The Blind Men and the Elephant Illustrator unknown. From The Heath
Readers by Grades, D.C. Heath and Company (Boston) pg. 69.
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Six blind men are brought to examine an elephant that has come to their village.
The first man touches the trunk and says that the elephant is like a thick snake.
The second man touches the tusk and says that the elephant is like a spear.
The third man touches the ear and says that the elephant is like a fan.

The fourth man touches the leg and says that the elephant is like a tree.
The fifth man touches the side and says the elephant is like a wall.

The sizth man touches the tail and says the elephant is like a rope.

FEach of the blind men is convinced that he is right, and that everyone else is wrong.

Of course, each was partly in the right, and all were in the wrong. The parable of the
blind men is more than the Gestalt theory that “the whole is something else than the sum
of its parts,” which I will get to later. When we talk about data, we must accept that
every standard of measurement is a proxy for reality. Picking the best proxies to shed
light on what you care about is an art, not a science. Every metric you come up with will
have shortcomings in conveying the complete truth. Even in conducting massively parallel
reporter assays, what we learn is defined entirely by what we measure. In measuring the
effects of plant terminators on transgene expression, for example, I did not capture all
the binding sites for RNA binding proteins and microRNA target sites that might have
influenced the output. I did not measure protein abundance. I barely scratched the surface
of how terminators might affect localization within the cytoplasm. Yet I know from literature
research that all of these features play a significant role in terminator processing or stability

and thus gene expression and protein abundance.

But what if we had infinite blind men touch all individual parts of the elephant, would
they come closer to the truth? What does it take for blind men to see the whole elephant?
Trying to understand what we cannot see is a regular Tuesday in molecular biology. If
the ultimate goal for plant transgenics is to predict the expression and production of any
gene introduced into plants, then we need more massively parallel reporter assays that
functionally characterize all parts of the plant transgene on gene expression and protein

production. In this next section, I will discuss a few ways to glean more information about
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the mRNA stability of each transgene tested. I will discuss two new variations of the plant
STARR-seq assay that will uncover more about the regulatory grammar of the 5° UTR
and intronic sequences and how they might impact expression. Finally, I will go back to
the elephant in the room. How can one take all the information learned from MPRAs and
“omic” studies and synthesize them into a complete mechanistic model of gene expression,
or better, a complete and accurate in silico simulation of the plant post-transcriptional

machinery?

3.1.1 Reanalyzing terminator assays for mRNA differential degradation

Poly(A)-tails play a critical role in multiple aspects of the transcript’s life. Poly(A) tails
mediate mRNA translocation, translation efficiency, and mRNA quality control and degra-
dation [47, 84, 167, 225]. When mRNA is no longer used for translation, poly(A) tail
shortening is a key step initiating degradation. The length of the poly(A) tail is dynam-
ically regulated by poly(A) polymerase and deadenylase, such that shortening poly(A)
tails to a certain threshold releases poly(A)-binding protein (PABP) and triggers decay.
Next-generation-based sequencing methods like PAL-seq (poly(A)-tail length profiling by
sequencing), TAIL-seq, mTAIL-seq, PAT-seq (Poly(A)-Test RNA-sequencing), and TED-
seq (tail-end displacement sequencing) have all been used to characterize poly(A) tails
[42, 107, 179, 294, 338]. Long read platforms like PacBio and Nanopore have led to tech-
niques that detect full length mRNA and poly(A) tail information, including FLAM-seq,
PAIso-seq, Nanopore direct RNA sequencing, and FLEP-seq [171, 185, 187, 234]. Recently,
scientists adapted FLEP-seq (full-length elongating and polyadenylated RNA sequencing) to
sequence the full length mRNA and poly(A) tail in plants, analyzing 120 million polyadeny-
lated mRNAs from seven different Arabidopsis tissues and shoot tissue from maize, soybean
and rice [139]. The study reports that poly(A) tail lengths are different among different genes
but are highly correlated among different tissues for the same gene. In other words, poly(A)
tail length is regulated in a gene-specific manner. Additionally, mRNAs with short half-lives
have longer poly(A) tails, while mRNA with long-half-lives have relatively short poly(A)
tails. These long-read sequencing results beget testing how the length of the poly(A) for
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each terminator might correlate with measured terminator strength in both tobacco leaves
and maize protoplasts. While long-read sequencing would be preferred (to get both the
polyA tail and the entire terminator), sequencing poly(A) tails can be done with a cheaper
short-read approach, like TAIL-seq, especially since we have already determined cleavage
sites with 3’ end sequencing. Interestingly, Jia et al. [139] also found that compared to
Arabidopsis, monocots like maize and soybean have fewer transcripts with extremely short
tails but had more transcripts with longer tails. Comparing TAIL-seq results from both
tobacco and maize protoplast terminator experiments will elucidate species-specific termi-
nator strength differences as a function of poly(A) length. I hypothesize that stronger
terminators have longer poly(A) tails in both species. But since the studies have shown
poly(A) tail length might be regulated in a gene-specific manner, I predict that terminators

from the same gene families will have similar length profiles.

3.1.2 Incorporate RNA structural insight into terminator screens

One great challenge in RNA biology has been to accurately describe mRNA structures—
especially of the noncoding portion of the mRNA-that modulate function. Free from the
constraint to encode proteins, UTRs can form considerable Watson—Crick and non-canonical
base pairing that can impact mRNA regulation. Accurately describing RNA secondary
structures will uncover mechanistic insight about post-transcriptional regulation. Deter-
mining RNA tertiary structure using experimental techniques, like NMR and X-ray crys-
tallography, poses significant challenges due to the high cost and resolution limits on RNA
measurement. Cryo-EM techniques have improved resolution relative to X-ray and NMR,
but still face serious limitations [146]. The most popular approach for predicting RNA struc-
ture is based on thermodynamic models, in which a secondary structure is decomposed into
several substructures, called nearest neighbor loops (i.e. hairpin loops, internal loops, bulge
loops, base-pair stackings, multi-branch loops, and external loops). Adding up the free en-
ergy parameters characterizing each loop calculates the free energy of each nearest-neighbor
loop, and summing the free energy of the decomposed nearest neighbor loops determines the

overall free energy of the RNA structure. The optimal RNA secondary structure is the one
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that has the least free energy. A number of tools like Mfold/UNAfold [197, 375], RNAfold
[117, 188], and RNAstructure [254] use this thermodynamic approach, although there are

serious experimental constraints on testing the accuracy of the predictions (Figure 3.2).

hairpin loop
<«+—bulge
internal loop
stem
1

multiloop

stem|:

RNA RNA secondary RNA tertiary
seguence structure structure

Figure 3.2: How RN As fold RNA structure An example of RNA primary (left), secondary
(middle), and tertiary structures (right). The RNA folding process is hierarchical: The RNA
secondary structure forms rapidly from linear RNA (primary structure) due to hydrogen
bonding between complementary bases on the same strand. An RNA secondary structure
can be decomposed into several types of nearest-neighbor loops. The formation of a complex
tertiary structure is usually much slower. RNA can adopt a variety of tertiary structures
due to the enormous rotational freedom in the backbone of its non-base paired regions.

RNA structure is not as rigid as that of proteins and there are nearly infinite parameters
of motion to consider. Still, deep learning techniques that are trained on some reference
RNA structures have also been developed, such as SPOT-RNA [289], E2Efold [50], and
MXfold2 [269]. E2fold and SPOT-RNA formulate RNA secondary structure prediction as
multiple binary classification problems that predict whether each pair of nucleotides forms
a base pair or not. MXfold2 integrates thermodynamic parameters on top of base pair
calculations for a more robust prediction. I propose testing the predicted mRNA structure
from the 3’ end sequencing results across these tools. If we employ TAIL-seq, we can

include in the prediction the entire poly(A) tail, which is known to base-pair with U-rich
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regions elsewhere on the mRNA, and thus improve the accuracy of free energy predictions.
Another alternative is to use Shape-seq (2’-hydroxyl acylation analyzed by primer extension
sequencing), which works by modifying the 2’-OH of less structured RNA nucleotides so that
reverse transcription is halted one nucleotide before a modification. NGS of the resulting
cDNA fragments determines the location and frequency of the modifications across each
RNA. A maximume-likelihood estimation strategy is then used to infer structure. The crux
of the assay falls on the idea that the more modified the RNA, the more unstructured
[189, 332].

3.1.3 MPRA for studying the effect of introns on transgene expression

In both Arabidopsis and rice, about 80% of the coding regions of these genes contain introns,
with about 4 introns per gene on average [217]. Genome-wide analysis of mRNA decay rates
in Arabidopsis found that genes possessing at least one intron produce mRNA transcripts
significantly more stable than those without introns, and this was not due to overall length,
sequence composition, or number of introns [224]. Studies have collectively shown that
introns increase mRNA accumulation, and thus protein expression [88], but there are differ-
ences in the splicing machinery within the plant kingdom. In conventional genetic studies,
the effect of an intron is usually quantified by dividing the amount of mRNA accumulation
or reporter produced from an intron-containing gene by the amount made by an intron-less
control [38]. When the first intron of the castor bean catalase gene (catl) was placed in-
side the coding sequence of the beta-glucuronidase gene (gusA) and expressed in transgenic
rice (monocot) calli/tissues and transgenic tobacco (dicot), the intron-containing version of
gusA had 10-t0-40 fold and 80-t0-90 fold more expression compared to the intronless gusA in
transgenic rice protoplasts and transgenic rice tissues, respectively. However, the presence
of the intron made no difference in gene expression in tobacco leaves [303], due to errant
splicing of the intron. Similar to findings in rice, introns increase gene expression in cultured
maize cells [39]. Dissecting the monocot versus dicot differences in splicing mechanics will

improve our ability to express species-specific transgenes that can avoid degradation.

Nucleotide composition of introns is critical for function. Plant introns harbor AU-rich
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sequences and are on average 10-15% more AU rich than exons [97]. Monocot introns are
on average 63% AU-rich, but about 20% of them have higher GC content (50%), while dicot
introns are 67% AU-rich and less tolerant to variations. Many monocot introns, such as
the maize Adhl intronl (57% AU-rich) are not efficiently spliced in dicot cells [98, 149].
Adding stretches of Ts can lead to efficient splicing of artificial and poorly spliced GC-rich
introns in transfected tobacco protoplasts [96]. Similarly, a synthetic intron, 75% AU-rich
with canonical 5’ and 3’ splice sites and a branchpoint consensus sequences, is efficiently
spliced in tobacco protoplasts, but cannot tolerate a GC-rich sequence insertion that reduces
the AU content below 59% [97]. The large impact nucleotide composition plays in intron
splicing will make learning species-specific patterns much easier.

Despite the genome-wide and transcriptome-wide sequencing efforts to characterize plant
intron space, what is still left unexplored is a massively parallel reporter assay measuring
the cis-regulatory effect of introns on plant gene expression and splicing efficiency. One
can measure the efficiency of intron splicing of individual variants in a large library by
sequencing at splice junctions while also capturing the strength of each construct through
mRNA accumulation. While vertebrates have introns spanning hundreds of thousands of
base pairs, plant introns span from 1 to 1.5 kb, with a maximum of just 3 kilobases. Given
the smaller space of plant introns, it’s surprising there is still no functional characterization
of introns for deep learning. However, testing native sequences in parallel is laborious
and inefficient. Since it’s been shown that the nucleotide composition and distribution of
introns plays a huge role in splicing efficiency and ultimately expression, I propose testing
a large library of short (either N50, N100, or N150) randomized sequences of varying GC
content inside an intron of the GFP reporter. Experimentally testing the consequence of
every possible genetic variant on endogenous alternative splicing is impractical, but we can
develop predictive models of the splicing code by keeping the 3’ and 5 splice sites and
branch point, while varying the other nucleotides [238].

In transient tobacco leaves, exogenous transgenes containing introns were less vulnerable
to post-transcriptional gene silencing [59]. When two introns of RBCS1A were added to a
GFP reporter (making GiFiP), transient transgene expression improved in tobacco leaves

[78]. In the pilot experiment testing a small terminator library with different enhancers, I
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also tested how changing the GFP to GiFiP would affect the terminator strength. Having
an intron should makes no difference when the reporter is driven by a a strong enhancer.
Enhancers increase transcription but should have little effect on intron processing. However,
when no enhancer or a weak enhancer drives expression, the stabilizing effect of the intron-

containing GFP is significant (Figure 3.3.
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Figure 3.3: Introns moderately increase transgene stability A small terminator li-
brary (n=102) was cloned downstream of either a barcoded GPF or a GFP with two introns
from RBCS1A (GiFiP). Each library was tested either with no enhancer, the CaMV 35S
enhancer, the AB80 enhancer, Cab-1 enhancer, or the rbcS-E9 enhancer. Violin plots, box
plots, and significant levels are described in 2.1.

I propose modifying Sort-seq, a splicing MPRA developed in mammalian cells, to test
an intronic library for exon skipping in GiFiP. In the original Sort-seq, a red fluorophore
(mCherry) is constitutively expressed, and a three-exon, two-intron minigene construct is
cloned into a plasmid such that if the middle (tested) exon is skipped, a GFP protein is
also expressed with the mCherry. One can input the variable intronic sequences on either
side of the middle exon, keeping the native RBCS intron on the other side or place variable

sequences on both sides. Cells can be then sorted into bins using GFP:mCherry ratios by
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fluorescence-activated cell sorting (FACS), where a higher ratio indicates a greater intron
excision. One issue with adapting this protocol for FACS using plants is that protoplasts
do not take in one single construct at a time. A sequencing based readout to determine if
the exon was skipped will bypass this issue and is applicable to both tobacco leaves and
maize protoplasts systems [52]. A sequencing-based readout will determine how the vari-
able sequences impact exon skipping and transgene expression and where aberrant splicing
occurrs.

A loftier goal for studying intronic grammar is to be able to predict alternative splicing
patterns based on environmental stress. In plants, alternative splicing is one the primary
mechanisms of proteome diversity, generating numerous protein isoforms from a single gene.
It is the major mechanism involved in plant stress and environmental response by allow-
ing rapid adjustment of the abundance and function of key stress-response components. If
splicing is repressed, the plant undergoes immediate abiotic stress [249]. High temperatures
significantly impact the splicing profile of many genes, demonstrating how integral alterna-
tive splicing is to heat stress response [260]. Thus, teasing out the grammar of alternative
splicing will unlock new control switches for fine tuning a desired phenotypic response to
combat climate change.

Alternative splicing (AS) also generates alternate functional mRNAs isoforms with dif-
ferences in subcellular localization, stability, or function by changing or completely removing
functional domains, via the introduction of premature termination codons (PTC), intron
retention, or alternative 3’ or 5’ splice site selection [299]. mRNA subcellular localization
controls gene expression both spatially (by transporting mRNA into different subcellular
structures) and quantitatively (by controlling the accessibility of mRNA to ribosomes) [177].
Exploring how introns govern subcellular localization will greatly benefit transgenic studies.
Imagine an AS plant transgenic method where, if one knows the grammar of tissue specific
intron splicing, one can introduce designed tissue-specific splice sites that allow the tran-
script to produce two different protein isomers in different tissues. Tissue specific splicing
engineering would be critical for climate change research as many stress response genes in
plants change splicing patterns under stress.

I propose that testing the same GiFiP library of introns under different stresses, like
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heat, drought, and pathogen, will uncover environmental specific AS cis-regulatory signals.
To find patterns of tissue specificity, we can test the same library for splicing efficiency
in different tissues, like roots and leaf protoplasts. Exploring the grammar of alternative
splicing holds the greatest potential in spatial and temporal expression of transgenes in

plants.

3.1.4 MPRA for studying effects of 5" UTR on plant translation efficiency

The 5 UTR sequence plays a major role in translation efficiency and is a high priority target
for plant transgenic technology. What good is a highly transcribed mRNA if it’s poorly
translated? To initiate translation, the ribosomal 43S preinitiation complex (PIC) scans
the 5 UTR in the 5’-to-3’ direction until a start codon is found. The 5" UTR can affect
translation by capturing PICs prematurely with an upstream start codon (uAUGs) and
ORFs (uORF's), which interfere with PIC scanning or directly recruit ribosomes via Internal
Ribosome Entry Sites (IRESs) [113]. uORFs in the 5° UTR can also repress translation
from the downstream ORF by stalling ribosome movement. In Arabidopsis, roughly 37%
of genes have at least one uORF [319], of which 187 genes get translated [119]. Roughly
29% of maize genes have uORFs, where variation in uORFs contributes to allelic diversity
in maize protein abundance [87]. In maize, uORF translation is globally enhanced under
drought stress [172].

In 2018, it was shown that knocking out an endogenous uORF is an efficient and tunable
method for upregulating protein expression [285, 349, 364]. To follow suit, scientists also
showed that generation of de novo uORFs can tunably repress protein expression [351].
By using base editing or prime editing to generate de novo uORFs or to extend existing
uORF's by mutating their stop codons, they generated a suite of uUORFs that incrementally
downregulate the translation of primary open reading frames (pORFs) to 2.5-84.9% of the
WT level. The power of uORFs in modulating protein production without changing coding
sequences highlights the need to explore the 5> UTR sequence space for optimal translation.

Whole genome sequencing of a large number of organisms including Arabidopsis revealed

that the 5 UTRs have great diversity in their nucleotide sequence [222]. Arabidopsis has
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an average 5 UTR length of 131, and studies have shown that the sequences with the
greatest effect on translation lie immediately upstream of the AUG start site. A small scale
assay testing 25 Arabidopsis 5 UTRs for translation efficiency found a 200-fold difference
among them [153]. 5" UTR grammar differs in dicots and monocots, indicating a need to
test the library across both types of angiosperms [353]. In dicots, the 5> UTR of certain
dicot mRNAs act as translational enhancers, but they often offer no enhancement when
expressed in monocots. Since most of the major food crops are monocots, dissecting the
species-specific differences would behoove crop engineering.

Just as MPRASs can be used to study the function of 3’ UTR sequences, they can be used
to study the effect of sequence variation on the 5> UTR. In a mammalian 5> UTR massively
parallel reporter assay, Sample et al. [264] measured the impact of randomized 5° UTR
sequences on ribosome loading by having putative 5> UTR sequences inserted upstream of
a GFP coding sequence [264]. After introducing the 5° UTR reporter library in cells, the
5" UTR sequences that are actively translated on ribosomes are directly sequenced after
polysome profiling. Earlier MPRAs designed for 5> UTR learning relied on FACS sorting
or growth selection to profile activity [56, 160], which are not that amenable to plant based
MPRAs like STARR-seq. Polysome profiling is used to study the association of mRNAs
with the ribosome, providing an assay to test how well 5’ UTR sequences initiate translation.
A major limitation to a plant 5 UTR screen is the efficiency of plant polysome profiling on
a library scale. However, extensive optimization work has been done to improve polysome
and ribosome profiling in plant tissue [169, 339]

I propose adapting the mammalian 5> UTR, MPRA with polysome profiling for plants.
After 5> UTR library transfection, plant lysates are prepared and centrifuged through a
sucrose gradient, with larger, heavier complexes containing multiple ribosomes (polysomes)
traveling further down the gradient than smaller, lighter complexes with single ribosomes
(monosomes). When paired with qRT-PCR and next-generation sequencing, the identity of
the mRNA variant present in different fractions can be determined. For a given 5’ UTR,
the relative counts per fraction are multiplied by the number of ribosomes associated with
each fraction and then summed to obtain a measured Mean Ribosome Load (MRL), or 5’

UTR strength [204]. A limitation of this approach, however, is that polysome profiling is
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expensive and requires a special ultracentrifuge. Since there are labs that specialize in plant

polysome profiling [119, 191], a collaboration would expedite the research.

The ultimate goal is to train a deep learning model that predicts species-specific 5° UTR
strength [56, 105, 264]. The highly diverse but relatively short sequence space of 5 UTRs,
coupled with a large dynamic range of activity seen in plants, is promising for training a
deep learning model of 5> UTR grammar in plants. The data and model here will enable
the quantitative assessment of secondary structure, uAUGs and uORFs, and other cis-
regulatory sequence elements in the 5° UTR plant space. Despite all the plethora of DL
models that predict transcription, accurately predicting translation will be the most salient

to crop engineering.

3.1.5 MPRA to study mSA RNA methylation in plants

While not discussed in the introduction, RNA methylation is an important post-transcriptional
modification that influences gene regulation. In plants, over 200 different RNA modifica-
tions have been discovered, playing key roles in plant development processes like embryo
development, shoot stem cell fate, floral transition, trichome morphogenesis, leaf initiation,
and root development [279]. The most common and abundant RNA methylation in plants is
N6-methyladenosine (m®A). In Arabidopsis, mutations in writers, erasers, and RNA methy-
lation readers have huge impacts on phenotype. Methylated RNA immunoprecipitation
coupled with next-generation sequencing has allowed the transcriptome-wide RNA methy-
lation profiles of Arabidopsis, rice, Brassica, and maize [282]. An earlier study on maize
in 1980 discovered that most of the m®A loci are present in the poly-A tail of mRNAs,
indicating that m6A methylation might play a role in RNA stability [228]). In 2014, a
study on the Arabidopsis m®A methylome found a high enrichment of methylation around
the stop codon, within the 3° UTR, and around the start codon [192]. Long read nanopore
RNA sequencing of Arabodopsis also found that the loss of m8A from 3’ UTRs lead to
decreased transcript accumulation and defective 3’ end formation [233]. Sequencing-based
methods like MeRIP-seq (Methylated RNA immunoprecipitation sequencing) have been the

most successful to detect RNA methylation at a transcriptome-wide in Arabidopsis, rice,
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Brassica, and maize [55, 120, 183, 208]. Yet these strategies require high input (over 500
ng) of total RNA, as m°A is generally less than 0.1% of the total RNA. Despite the low
levels of overall m®A, scientists developed a massively parallel reporter assay for m6A called
MPm®A [108], in which thousands of endogenously-methylated m®A sites along with 102
nucleotides (nt) of sequence surrounding each site were synthesized and cloned into the 3’
UTR of a plasmid-based, intronless GFP transgene. In mammalian cells, the sequences were
mOYA methylated through transfection into cells. The methylation status of each individual
sequence was assessed by its enrichment after m®A —immunoprecipitation (IP) of mRNA
and then sequenced by NGS to determine enriched m®A sequences. I hypothesize that this
method can be adapted to analyze terminator plant-STARR seq for methylation and how
it might impact terminator strength, although the extent of endogenous m%A methylation

might make it harder to have a large dynamic range for analysis.

3.2 One model to rule them all, one model to bind them

In the not too distant future, the world of synthetic biology will be a lot like the generative
AT models ChatGPT and DALL-E3. If the user inputs an entirely new synthetic genome
sequence, the model will not only generate an in silico dynamic model of the cell the
genome encodes, but also predict the phenotypic effect of any variation in the genome the
user wants to test on the model. The phenotypic effect of any transgene or gene variant

will be accurately predicted. No one would need to touch a pipette again!

It sounds like science fiction, in that it is very challenging to achieve, but it is not
impossible. Creating accurate in silico gene expression models would require a deep under-
standing of all the genes, their products, and their roles in cellular processes [200]. One day
we will reach a nexus of understanding when all this is possible, but until then, we have
to rethink how we incorporate what we learn from multivariate experiments and models to
better recapitulate the whole system. As Einstein coined, “Everything should be made as

simple as possible, but not simpler.”
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3.2.1 Single order MPRAs fail to capture higher order interactions

There are many reasons for the lag behind “GeneGPT.” First, we are limited by data vol-
ume acquisition. Unlike fields like computer vision and natural language processing in which
one could easily collect terabytes of data, biological data have to be generated from biolog-
ical experiments. If a particular mechanism cannot be studied by established experimental
techniques in order to generate a large enough dataset for training, it will be impossible to
use a machine learning model to “learn” anything from it. The biological and technical vari-
ations across experimental conditions limits a model’s generalization performance. In the
last twenty years, there has been significant progress in generating larger scale and broader
biological experiments across many samples, but the data are only a small percentage of

what could be measured.

The multiple layers of gene regulation do not happen independently. Changes in the
protein abundance of one protein may positively or negatively impact the transcription
of another. Even for the multi-task models that predict multiple genomic features simul-
taneously, the interactions between those predicted events are not explicitly taken into
consideration. Studies in plants have shown that some enhancers and promoters interact
with intrinsic specificity [288], yet their effect is driven through specific proteins and co-
factors that we cannot identify with plant STARR-seq. It is expensive to combinatorially
test every promoter enhancer pair in plants, but one might learn specific enhancer-promoter
interactions on a small scale of well chosen candidates. In an effort to find promoters with
sequence-encoded preferences for certain enhancers in humans, Bergman et al [27] designed
a high throughput assay called enhancer x promoter self-transcribing active regulatory re-
gion (ExP STARR-seq) and applied it to examine the combinatorial compatibilities of 1000
enhancers and 1000 promoters in human cell lines. They found that most enhancers ac-
tivate all promoters by a similar amount, but intrinsic enhancers and promoter activities
multiplicatively combine to determine RNA output. Plant ExP-STARR-seq would be ideal
for studying cis-regualtory interactions without having to measure the proteins and cofac-
tors involved. The results of this ExP-STARR-seq experiment compared to results of the

individual enhancer and promoter STARR-seq experiments will add insight into synergistic
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effects.

The practice of drawing mRNA as a straight line belies its structure. We know that
3’ UTR and 5 UTR regions of mRNA interact to modulate degradation and translation.
There is ample evidence that supports the existence and importance of 5-3’ communica-
tions in determining the fate of the mRNA, whether through closed loop conformations or
protein-mediated crosstalk [318]. For example, changes in poly(A)-tail length are sufficient
to change 5’ end activities in eukaryotes [219] by triggering 5 decapping. Everything in
biology is in motion and must be viewed through the lens of dynamics and kinetics. The
inherent flexibility of the RNA backbone, the power of base stacking, and multiple possible
tertiary interactions make RNA an inherently structured molecule that may not need to
rely on external factors to achieve 5’-3’ interactions. Unfortunately, it is challenging to test
if the 5" and 3’ regions interact in a massively parallel reporter assay since it is unclear how
the interactions occurs and for how long, especially given the effects of molecular crowding,
localization of mRNAs in subcellular compartments, and the unknowns of cellular organi-
zation [318]. RNA structural prediction algorithms can give us an estimate of how likely 5’
and 3’ regions might interact in our assay, but they are not dynamic predictions. Developing
a quantitative framework for the relationship between gene regulation and UTR proximity
might require single-molecular resolution to correlate a specific measurement of proximity
of individual mRNAs to its structure.

No plant deep learning model accounts for the effect of terminator-promoter interactions
in plants. The NOS terminator is a great case in point. It behaves as a weak terminator
when paired with UBQ10 and lexA promoters, a strong terminator when paired with the
NDUFAS promoter, and a medium strength terminator when paired with alcSynth and
pOp6 promoters [10]. The synergistic regulation between promoters and terminators can be
also explained by the direct interaction of the terminator with the promoter (via chromatin
looping).

It’s critical to recognize that gene regulation is a holistic multifactorial process with
many moving parts. There needs to be a push for high-throughput screens that uncover
more about the dynamic interactions among genetic elements. The biochemical and physical

interactions of the system should not be ignored either. Future deep-learning models for
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gene regulation should not only incorporate various multi-omics data sources as inputs but

also account for the connections between these multi-omics factors in their outputs.

3.2.2 Building predictive models of gene expression

Accurately predicting gene expression is a critical task for plant transgenics. Currently, no
sequence-based model is capable of holistically accounting for all stages of gene expression
from transcription initiation to protein degradation and can accurately predict the abun-
dance of each processed protein isoform in any given cellular context. Predicting expression

on a few elements is the same as asking two instead of six blind men to describe the elephant.

Promoter strengths as measured by STARR-seq did not correlate with expression data
from Arabidopsis, maize, or sorghum [142]. Terminator strength did not correlate with
expression, mRNA half-life, or nascent transcription. Nevertheless, I wondered how well
the combined strengths of each regulatory component of the gene (accessibility, promoter
activity, terminator activity) might inform the overall expression of that gene (agnostic
of the gene’s sequence and protein function). I lack information on how the 5 UTR and
specific introns affect each gene’s expression. 1 also lack measurements of transcription
factor binding or histone modifications, both or which are known to significantly impact gene
expression. Enhancer STARR-seq (unpublished data) assays the strength of accessible sites
(derived from ATAC-seq profiles) in driving expression of a barcoded reporter gene in maize
protoplasts and tobacco leaves. Since there are multiple peaks per gene, it is challenging to
associate which promoter the accessible sites modulate and how each site affects another.
For a baseline heuristic, I chose the closest accessible site with the strongest score for
each gene. Taken together, all these limitations will inevitably deter accurate prediction of
expression, but how much of the variance I can explain with what is already measured will
provide a ground truth.

For genes in Arabidopsis and maize that had all values (no gene with any missing value
was included), I correlated measured terminator strength, promoter strength, and enhancer
strength to gene expression derived from Arabidopsis leaf tissue and maize leaf tissue (Fig-

ure 3.4). In maize, most components had a weak positive correlation to bulk expression



99

in leaf and kern tissue. Predictably, the promoter strength from maize protoplasts had
the highest correlation to maize leaf expression in B73 (the same cultivar used to make
protoplasts). In Arabidopsis, promoter strength was slightly negatively correlated with ex-
pression, regardless of which promoter variation was tested (in light/dark, with/without
35S enhancer, tested in tobacco/maize). The one caveat with predicting expression for
Arabidopsis, however, was that that all assays were done in tobacco leaves and lack the
species-specific context of Arabidopsis. A gene’s terminator strength had little correlation
to its expression or promoter strength or enhancer strength, as one would expect since ter-
minator strenth has a greater role in translation efficiency than transcription. The strength
of the closest ACRs to the TSS start site had a slight correlation with the strength of the
promoter testing in tobacco (with no 35S enhancer). This might be an artifact however,
since the promoters were chosen as bases —165 to +5 relative to the TSS and could very
well overlap with the accessible peaks nearest to the TSS.

Despite the low Pearson correlations across the board, I applied a multiple linear regres-
sion model to the data in order to estimate the relationships between the multiple STARR-
seq assay scores and gene expression. The data could explain only 9% (R? = 0.08985)
of expression in maize tissue and 3% (R? =0.03291) of the expression in Arabidopsis tis-
sue. However, the model might not accurately capture the true relationship if important
variables were missing (like 5 UTR strength perhaps). Also, a linear model might not
be the best choice since I know that the variables are not independent from each other.
Multicollinearity can make it challenging to interpret the individual contributions of each
variable to expression. A support vector machine, which is better at capturing non-linear
relationships, did not have greater predictive power than the linear model, however, with
an R* = 0.073.

The little correlation among the tested elements to each other and to gene expression
is a sobering reminder that we might not be capturing the most important features or not
understanding how relationships between features. We lack important features like tran-
scription factor binding, long range elements, and 3D genome organization. In humans, most
of the focus in the field is to resolve upstream long-range interactions between enhancers

and promoters. ML techniques based on natural language processing have improved mod-
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Figure 3.4: Plant STARR-seq experiments show weak correlation to gene expres-
sion Pearson’s R correlation matrix between promoter STARR-seq experiments, enhancer
STARR-seq, terminator STARR-seq, and gene expression for a) Arabidopsis genes and b)
maize genes. For enhancer STARR-seq, since there were often multiple ACRs per gene, we
correlated the average ACR strength (Mean ACRs), the ACR strength of the ACR clos-
est to the gene TSS (closest ACR), the ACR strength of the strongest ACR (max ACR),
and ACR strength of the ACR with the highest cut count from ATAC-seq (most accessible
ACR).

eling interactions of long range cis-regulatory elements. One such model, called Enformer,
can predict thousands of epigenetic and transcriptional profiles from human and mouse cell
types using only DNA sequence as input [17]. Enformer employs a model architecture called
a “transformer” to focus on different parts of the input sequence when making predictions.
This architecture proved to be useful as Enformer substantially outperformed state-of-the-
art models in predicting gene expression from cap-analysis gene expression (CAGE) exper-
iments. Incorporating long range cis-regulatory information of plant genes, like long-read
accessibility assays, will offer important training data as evinced by the success of Enformer

in humans.
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