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ABSTRACT

Male germline associated 2land 24nt phased siRNAs (reproductive
phasiRNAS) are highly enriched and numerous in the Poaceae (grasses) and crucial for
reproductive tissue delmment and success. Little is known about the characteristics
and functions of reproductive phasiRNAs in the grasses despite significant genomic
resources, experimental data, and a growing set of computational tools. Given the
important role grasses suels maize and rice play as a prime feadirce in many
countries and as influential factors in the global economy, a deeper understanding
about their characteristics, possible targets and functions, and biogenesis is required.
This dissertation provides dgsic study and a set of machilearning based tools to
handle next generation sequencing data focusing on phasiRNAs and other small RNAs
(sRNAS) in plantghat speciated200 million years ago. First, | present workflow for
classifying and predicting repductive 21and 24PHAS loci in the grasses. This tool
provides quick and efficient way of predicting reproductive phasiRNAs in the absence
of SRNA data. Second, | aim to better understand reproductive phasiRi$pscially
their features, other than thespatiotemporal expression pattern during anther
development. | present supervised machine learning approach #depin
characterization of phasiRNAs. In this study, | develop machine learning approach to

distinguish phasiRNAs in rice and maize fromhet sRNAs, achieving >80% in

Xiv



accuracy, sensitivity, specificity, and positive predicted value. Furthermore, |
demonstrate that phasiRNAs have strand specificity and paspecific nucleotide
biases potentially influencing AGO sorting. Lastly, | utilizégese tools as well as
several other cpublished tools to further enhance understanding of the landscape of
SRNAs, including phasiRNAs and microRNAs (miRNA) in diverse 41 angiosperm
species (38 monocot species, including families from the Acorales audlés to the
Zingiberales). | show that SRNA sequencing from these species demonstrates atypical
peaks of 2t siRNAs. Moreover, | also identify variably conserved monocot specific
mi RNAs and annandt @&d biasels, aavealing diversity AGO
sorting and targeting. | also present siagleleotide miRNA sequence profiles,
which characterizes positidgpecific nucleotide biases of conserved miRNA variants,
deciphering previously unknown biases at the 8th, 9th, and 19th positions. | sttow th
miR2118 and miR2275 and their long rooding RNA targets (reproductive PHAS
loci) are prevalent irthe angiosperms. Finally, | demonstrate that monocots, which
emerged coincident with the divergence of DCL3/DCL5, may have adapted diverse
mechanisms foproduction of 24nt phasiRNAs. | conclude that the prevalence of
reproductive phasiRNAs in the flowering plants beyond the grasses show their broad

roles and importance in plant reproductive tissue development.
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Chapter 1

INTRODUCTION

Molecular and genomic studies coupled with deep sequencing have identified
roles of many endogenous noading RNAs (ncRNAs) and small RNAs (SRNAs) at
numerous developmental stages in many organ{$mseur et al., 2011; Guttman and
Rinn, 2012; Kung et al., 2013; Borges and Martienssen, 2015; Axtell, .2048)
continued discovery of numerous ncRNAs portend that we have not accurately
estimatedthe numbers and complexity of ncRNAs and their role(s) in pldittsse
ncRNAs are fand in two lengths, sSRNAand long norcoding RNA (INCRNAS).

Most plant SRNAs ar@1 to 24 nt in length, and play important roles in biological
processes such as developtespigenetic modifications, and plant defenfbey
have diverse and overlapg pathways for the biogenesis as showrFigure 1.1.

Their biogenesisely on the enzymegroteinsand /or cofactors such 88CER-LIKE
proteins (DCLs), RNADEPENDENT RNA POLYMERASEs (RDRs), and
ARGONAUTE (AGO). Overall, IncRNA precursors which are intermediates from
either hairpin precursors, formed by the intermolecular hybridization of precursor
transcript, or by the synthesis dbublestranded RNA (dsRNAJfrom a singé
stranded RNA by RDRare chopped by DCproteinsinto smaller duplex of 21 to 24

nt in length.Then,theseprocessedRNA duplexes load into AGO proteins to target



coding and nostoding RNAs playing important role in transcriptional and post
transcriptonal gene silencingn plants via transcript cleavage and degradation,
translational repression or recruitment of additional cofacidrssefunctions depend

on thetarget transcripts, DCL, and the AGO involvéthus, fowering plants have
three major clsses of SRNAs, all derived from ncRNA=eterochromatic or Pol IV
dependent small interfering RNAs (BIRNAs or P4siRNAs), microRNAs
(miRNAS), and phased, secondary, small interfering RNAs (phasiRNAs)t P4
SiRNAs or hesiRNAs playa crucial role intranscriptional gene silencing via RNA
directed DNA methylatiofRdDM) and histone modificationsniRNAs (~20-22 n)

play essential role in poestanscriptionalgene silencing by transcrimieavage and
degradation or translationakepression.Additionally, miRNAs also targetRNA
polymerase II (Polll) transcribed coding and nesoding RNAS instigating the
productionof the secondary siRNAsThese siRNAs are triggered by u n i23nuted i
class ofmiRNAs (Chen et al., 2010; Cuperus et al., 203 22nt miRNAs arestill

the leadingsourcefor triggering theproduction ofsecondary siRNAstherewas a
report of 21-nt miRNA triggering the production adecondary siRNAwia two-hit
model (Axtell et al., 2006)A particularly relevant example fahis dissertation is the
discoveryof malegermline peci-ph &s &d® ns mal | i nahde2dnt)er i ng |
most well described in the Poaceae, namely maize andJateson et al., 2009;
Komiya et al, 2014; Zhai et al., 2015bWhile the biogenesis and spatiotemporal
patterns of accumulation of these reproductive phasiRNAs are now well described, our

understanding of their function is still limitebh this dissertation, | aimed to develop



new bioinformatics tooldfor de novopredictionand characterization of reproductive
phasiRNAs by leveraginghe wse of machine learning angackaging them into
industrygrade software, and providinigsightsinto ther sequence composition based

characteristicsktmers or motifs) , and possible targets and functions

. hc-siRNA or Secondary siRNAs
miRNA P4-siRNAs (tasiRNAs or phasiRNAs)
YA/ NN/ /NN /NN NN/
T
(AAA) UL
pri-miRNA RDR2 RIC  iR173/
l dsRNA /\——-*-W\M miR390/

PN PN l AGO1 miRleS,“'
;m;n—_modff[[ﬂm]o [ DCI.3= l miR2275 etc
1 1 l RDR6

T,

oats
M 24-nt OR_
20-22 nt l (Qé l

| ====

@ 21-nt or 24-nt
AGO

AGO k\ 1

N

= AGO
\_'\-\.\__,\

X

mRNA cleavage and DNA methylation
translational repression

cis or trans cleavage
or other unknown roles

Figurel.l: Biogenesis pathways and classification of plant small RNAShree
major classes of SRNAs asaown hereAbbreviationsdsRNA, double
stranded RNA; mMIiRNA microRNA; hc-sSiRNA OR P4siRNA,
heter@hromatic small interfering RNA. This figure imodified from
(Borges and Martienssen, 2015)



1.1 PhasedSecondary SRNAs are Crucial Regulators of Development,
Reproduction, and Plant Defense

Phased siRNAs are endogenous major class ohdacy siRNAs in plants that
occur at intervals of 2land 24-nt. Plant phasiRNA biogenesis requiresri2ZniRNA
cleavage of a phasiRNA precursor RNA (coding or-noding), synthesis by RDR6
into dsRNA, processing by DGLand loading into AGOs. PhasiRNA&an be divided
into three types: 1) first reported phasiRNAs, callednRlransacting siRNAs
(tasiRNAs) produced from a small family of intergenic INcCRNAs loci referred to as
TASloci. tasiRNAs are known to be loaded into AGO1/7 and cleave targetrifgas
of auxin response factor (ARF) family, pentatricopeptide repeat (PPR) genes, and
MYB transcription factors, and known to play role in leaf phase transition from
juvenile to adult phases of vegetative staf¢szquez et al., 2004; Peragine et al.,
2004; Allen et al., 2005; Allen and Howell, 201R) phasiRNAs generated from
proteincoding genes in eudicots, suchragleotide binding and leucin&h repeat
(NB-LRR) pathogerdefense genesr PPRs(Fei et al., 2013h)and 3) a particularly
relevant example for my skertation , male germlirspecific phasiRNAs (21and 24
nt) in the Poaceae, like maize and ridehnson et al., 2009; Komiya et al., 2014; Zhai
et al., 2015h)Two classes of reproductive phasiRNAs are knownn2fremeiotic
phasiRNAs that peak in abundance during sameeil specification in maize (one
week after anther initiation), and -24 meiotic phasiRNAs that peak during meiosis
and are detectable until pollen maturation (one to two weeks aftemgiodic

phasiRNAs peak)(zZhai et al., 2015b) The timing, localization, and narrow



developmental time window of aarwlation of the 21 and 24nt phasiRNAs is
conserved in rice and maifEei et al., 2016)Our understanding of their function is
still limited. In contrast, in eudicots such asueges, NBSLRR genes are regulated
by phasiRNAs from NBH.RR as well as regulate other NERR genes intrans
indicating their involvement igis- or trans regulation(Fei et al., 2013b; Zhai et al.,
2011)

Yet, astriking analogy may exist between PRfidteracting RNAs (piRNAS)
of mammalian testes and phasiRNAs of grass anthers (i.e., similar developmental
timing, highly abundant in reproductive organs, etc.) perhaps hinting at the
functionality of phasiRNAs in thdevelopment of reproductive organs. piRNAs have
shown to play crucial roles in transposon silencing and germline development in

various organisms such as flies, fish, and mamghgsster, 2013)

1.2 Pre-Dissertation State of Approachesd Characterize PhadRNAs

As a result of nexgeneration sequencing, gencmigle screens or searches
for phasiRNAs are plausible. There are plenty of methods propasedhéir
identification/prediction. These methods are either based eratup, which utilizes a
computational algorithm in a genomeéde search and subsequent statistical
evaluation (based on avalue) to capture phased small RNAs and identify potential
PHASIoci (Xia et al., 2013; Chen et al., 200A)ternatively, these methods are based
on a phasing sece, which incorporates the level of phasing (score calculated from

searching for loci where sRNAs are phased in the increment-obr224-nts) in a



genomewide scan for possiblBHASIoci (Axtell, 2010; Guo et al., 2014; H®N et

al., 2007) As an additional project, | worked on a development of an integrated
software suitecalled PHASIS(Kakrana et al., 2007 This software suite providen-

depth characterization oPHAS genes (loci) addressing several algorithmic
limitations and bioinformaticgaps of above methodsAll of the aforementioned
algorithms require sSRNA data to identiBHASIloci. There arenot many algorithms
which work in the absence of sRNA data, nor are there algorithm using machine
learning techniques for plant phasiRNAs (miR2idggered 2int premeiotic and
miR2275triggered 24nt meiotic phasiRNAS).

In the grasses, there are numesosgpeculations on the potential roles of
reproductive phasiRNAs, one of which is that phasiRNAs may guard the anther
somatic or germinal cell genomes against TEs by playing a role in trsfi€figing
pathways. Another is that phasiRNAs may act as a melgleal coordinating anther
developmeng{Zhai et al. 2015b) However, what roles they play as a functional unit in
the grass genomes is still cryptic. Several attempts have been made to find targets of
phasiRNAs inthe grasses. For example, Zhai et al. (2015) illustrated that only less
than 1% of the predted targets (~9 million) of the 1000 most abundarin®l
phasiRNAs in maize could be validated. The evidence of lack of obvious targets or
association with the targets indicates that phasiRNAs may have different function(s)
than miRNAs, tasiRNAs, dP4-siRNAs. In order to explore their functional roles, we,
first, need to know if they look like miRNAs, tasiRNAs, B4siRNA. There are no

reports orsequencdasedcharacteristice®f phasiRNAsand detailed analysis on how



they interact with their targets.h&re is a strong need to look beyond conventional
computational tools and utilizéhe power of machine learning in the domain of

phasiRNAs and plant reproductive biology.

1.3 Rationalefor Developing aNew Machine Learning Based Toolsn Plant

Reproductive Biology

Prediction of reproductive phasiRNAs (miR21tt@gered 2int premeiotic
and miR2278riggered 24nt meiotic phasiRNAS) is of significance in studying post
transcriptional regulation in plant®ne of theaims of mydissertatioris to be able to
predict reproductivé®HASIoci in grass genomes or within related monocot genomes
in the absence of experimental data. New genomes are being sequexiceskatate,
and there is often limited or no availability of SRNA ditaimmediate use to predict
PHASIoci (i.e. precisely timed to the moments when these phasiRNAs are produced).
We need such approaches because these phasiRNAs are expressed in a very narrow
developmental window that is often difficult to capture for sRANA al y s i s, or
always possible to obtain the biological material for analysis. This aim can help
facilitate such type of quick and robust analysis in the absence of SRNA data.

The knowledge about the functions of plant reproductive phasiRNAgllis st
very limited i essentially, we do not know what they do. Emerging evidence from
discoveries in phasiRNA domain indicate their importance in reproductive organs. For

example, MEL1, a rice Argonaute, protein binds to-n2lphasiRNAs in rice



(Nonomura et al., 2007and mell loss of function mutants have shown abnormal
anther development demonstrating thatnPlphasiRNAs are important for male
fertility (Komiya et al., 2014)Not much known about the characteristics of these
phasiRNAs, yet we havplenty of genomic reources and experimental data, and
expandingtoolbox of computational tools that can be applied to learn about the
functions or characteristics of these phasiRNAs.

Modern learning techniques are ddtaven and able to explore complex
biological systems. Machine learning is one of the advancements to emerge from
multidisciplinary research of computer science, statistics, artificial intelligence, and
information theoy. Machine learning refers to study of computer algorithms capable
of learning automatically through experience to attain accurate prediction or to
discover association and/or patterns in daia and Sendhoff, 2008Such algorithms
can provide systematic approaches to analyze and provide insights into the
characteristics of plant phasiRNAs. Machine learning algorithms are parsed into two
categories: 6supervised | ear ni nddeamnirgnd &6 un
algorithms, predictions are made using a set of exampmhesther words, data points
have labels associated with them. For example, in an application of a supervised
method, the classification of stress responsive genes in rice in whichailats gre
labelled as 1 and O for stress responsive gene angtrems responsive genes,
respectively(Shaik and Ramakrishna, 2014h unsupervised learning algtmes,

data points have no labels associated with them. For example, unsupervised methods



could be used to cluster genes based on their expression profiles across tissues, cases
or conditiongPirooznia et al., 2008)

To this end,l developedworkflow to identify loci generating reproductive
phasiRNAs in grasses and other related monocot genomes by clasBifyAfgjloci
using machine learning techniquésdditionally, | utilized machine learningo find
sequencdased characteristics, and possibly learn about the targets and the functions

of reproductive phasiRNAs in grasses such as maize and rice.

1.4 Rationalefor Exploring PhasiRNAs Beyond Grasses

The evolution of land plants dates back to at least ~470 MYA. Seed plants
started to emerge from early land plants around ~400 MYA. Seed plantsecan b
divided into two major categories: 1) gymnosperms, seed producingiavgering
plants (i.e., Norway sprucePicea abiey appeared around ~300 Mya and 2)
angiosperms, seed producing flowering plants evolved-2080MYA. Angiosperms
can be further splitnto 1) basal angiosperms, the first flowering plants to diverge
from ancestral angiosperms (i.e., Amborella, water lilies, magnolias, avocado, etc.)
and 2) more recently evolved angiosperms, including i) monocots (i.e., rice, maize
(aka corn)), wheat, ef), and ii) eudicots (i.e., Arabidopsis, soybean, strawberry, etc.).

Recent reports have illustrated that the biogenesibway of phasiRNA is
conservedin gymnosperms, dicots, and monocdomiya, 2017) (Figure 1.2).
miR4822118, known trigger of 2ht phasiRNA has shown dual function in

gymnosperms such as Noryapruce. In Norway spruce, miB2/2118 super family



targets NBLRR genes, instigating phasiRNA production and targets IncRNAS,
triggering phasiRNAs ithereproductive tissuéXia et al., 2015)In flowering plants

such as monocots and eudicots, the dual function of miR2118 was selectively yet
divergently retained. Imonocots, miR2118 targets IncCRNAs, producing phasiRNAs

in the reproductive tissue. In eudicots, it targetglingRNAs (NB-LRRSs), initiating
phasiRNA productioninterestingly, miR2275known trigger of reproductive 24t
phasiRNAsand DCL5 (an enzyme nesnsible for chopping dsRNAs into 24
phasiRNAS) are absent from eudicots, proposing their recent origin within the grasses
or within related monocots. In the grasses, miR2275 targets INcCRNAs, produaing 24
phasiRNAs in theeproductive tissue. Howeveginother projectonducted in our lab
suggested that miR2275 does not generatet phasiRMs in related monocots such

as aparagugKakrana et al., 2018Currently, the trigger méanism for thes@4-nt
phasiRNASs is unknown insparagus.

To this end) propo® to comparatively analyze reproductive phasiRNAs from
the grasses to check if they are significantly different from ipiN&s in other
flowering plants Furthermore, hlsoconduced a homologybased search to look for
the emergence of miR2&land miR2275 in early monocots aassessheir INcCRNA

targets.
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1.5 Overview of Dissertation Research

This dissertation investigates the characteristics and function of reproductive

(malegermline) phasiRNAs, in the Poaceae g®formscomparative analysis of

phasiRNAs beyond Poaceae; and

ithe process presents machine

learning

applications in plant sSRNAs. Specifically, by introducing new methods fate¢hevo

prediction of PHAS loci in the absence of sRNA data and classificatmn
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reproductive phasiRNAs from otheRNAs (miRNAs, P4siRNAS) using supervised
machine learning.

In Chapter 2, | describea new methodology forde novo prediction of
reproductivePHASIoci in Poaceae using machine learning. the past few years a
great focus has been put experimentally enchputationally into understanding one
type of sRNA, microRNAs, due to their critical role in regulatory mechanisms.
However, recently there has been a great interest in understandingRbsg this
includes phasiRNAs. Unlike microRNAs where a lot ofote were designed for their
prediction, there is not a single tool existing for the prediction of phasiRbithsut
SRNA data Prediction of phasiRNAs isital in studying postranscriptional
regulation in plantsl employed machine learning modelto classify21- and 24 nt
PHAS loci from a control set of noi®HAS loci (i.e., transposable element3he
workflow that | describe in the Chapteri® the only existingvorkflow capable of
classifying and predicting reproductive-2dnd 24 PHASIoci usingmachine leaning
and in the absence of SRNA datais tool is publiclyavailable to plant researcheis,
opensource anavasreleased undexpermissive license.

In Chapter 3, | describe aowel machine leaning based wtdw for
charactering phasiRNAsNot muchis known about the characteristics and function
of reproductive phasiRNAsin the Poaceae, despite the availabildly genomic
resources, experimental data, and iacreasingnumber of computational tools. |
utilized machindearning methods to identify sequerzssed and positional features

that distinguish phasiRNAs in rice and maize from other sSRNAs. | develapdom
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forest RF) classifiers that can distinguish reproduetphasiRNAs from other sSRNAs
in complex sets of sequencing data, utilizing sequéased (kmers) and features
describing positiorspecific sequence biasé3ur results demonstrated that machine
learning methods effectively identify phasiRNAs despite ltek of characteristic
features typically present in precursor loci of other sRNAs, such as sequence
conservation or structural motif@dditionally, this study provided more insights
about the sequendmsed and positional features important in AQI@sRNA
interactions.This tool is publicly available to plant researchers, has-gpernce and
released under permissive license

In Chapter 4] took advantage of computational tools to characterize miRNAs
and phasiRNAs in diverse monocotsddveloped ahonology basedworkflow for
annotating miRNA from known miRNAdatabasemiRBase,in diverse monocots
Additionally, | usedPHASIS(Kakrana et al., 201%p find PHASIoci (putative targets
of miR2118 and miR2275pr species with genome or transcriptome sequeaoced
their miRNA trigger. Triggers for thedeHASIoci were further identified using the
phastrings, a component of tRelASISpipeline.In monocot species other than maize
and rice, the repertoire and diversity of miRNAs and the identification of phasiRNAs
are not well addressed and in need of analysishis study, | aimed to survey the
SsRNA populations of a wide range of monocots, including basal anegnass
species. We generated deep sequencing sRNA data for dissected (vegetative and
inflorescencg tissues from 28 monocot species. Combined with publically available

SRNA data, 38 monocots were included in this study. For comparison purposes, two
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dicots (Arabidopsis andNymphaea colorajaand Amborella trichopodawere also
included. We took advantage ocbmputational tools to characterize miRNAs and
phasiRNAs.Finally, the approach ofprofiling of SRNA sequences revealed insights
into atypical SRNA size distribution, conservation of miRNA families, single
nucleotide sequence profiles ofiRINAs, targets & miRNAs important in the
flowering plans, including miR2118 and miR2275 triggered phasiRNAs BRAS

loci, and the emergence d@icer-Like5 (DCL5) duringmonocot evtution.

1.6 Publicationsfrom This Dissertation

The following list ofmanuscriptsire part of the research included in this
dissertation; and the chap®&r4,andappendixA directly correspond® manuscript
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Chapter 2

DE NOVO PREDICTION OF REPRODUCTIVE PHASLOCI IN GENOMES

OF GRASSES

A substantial amount ofesearchin the last 15 years has focused on the
prediction of mMRNASs using computational approacheasd in the last decade, this has
included machine learningnethods For example, there are several tdoismiRNA
predictionusing machinelearning techniquegHackenberg et al., 2009; Jiang et al.,
2007) Additionally, there are tools lik&arget Spy(Sturm et al., 201Q)which use a
supervised mache learning approach for RNA target predictionHowever, here
arefew existing tools whiclcould facilitate the work ofplant biologists in classifying
and predictingPHAS loci as well as predicting ther(Bhahid and Axtell, 2014)
Therefore, there is a need fotawl thatcan predict the presencétbese phasiRNAs
in a plant gea me . Consi der i nigdewwlopnentaRiMpodadtposto | e
transcriptional regutary networls and the lack of tools for predicting phasiRNi#s
the absence of sRNA dath decidel to employ a machine learningstrategyand
developed a new classification procedtwedistinguishmiR2118targeted 24PHAS
loci and miR2278argeted 24°HASIoci from a controlsulset of noAPHASIoci (i.e.,

transposable elements)
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2.1 Methods

2.1.1 Workflow

The following workflow was designed telassify PHASloci from a control
subset of no#PHAS loci and toidentify unique attributes of miR2118/miR2275
binding or target sitepatterrs as well asthe resultingreproductivePHASloci. This
analysis was doneelative to other targetsr potential targetof miR2118 and
miR2275,the repetitive and welllescribedgroup of genomic sequences known as
transposable element§Hs) (Figure 2.1). To train both 21-PHAS and 24PHAS
classifies, we used positive examples knows miR2118 and miR2275 targetnd
PHASIoci, while negativeexamplesconsidered miR2118 and miR2275 tasgeiat
overlgpped TEs which are not typical targets of either miRNAVe built and
evaluated classifiers by using the positive and the negative 8etsperformance
measurements for both classifiers weadculatedvia five-fold crossvalidation (CV),
completed five timesMore details on fiveéold cross validation are provided in

Chapter 3.

17



— [ PlantGenome |

miR2118 or miR2275

Generate TargetPrediction
positive and Tools used: miRferno

negative set

Suipping japopy +————

Targets with PHAS Loci ‘ -
| Tools used: PHASIS Ta rgets Wlth TES
miRNA Binding Pattern | | Target Score H k-mer ‘ | GC content ‘ Total # of: matches, mismatches,
gaps, and wobbles
fold OV wi
sstra(iﬁi:tmr:h l

Ensemble - Random Forest, Nalve Bayes, SVM, KNN

| Machine Learning classifier || crimss tenien et o
| 1

1 1 pR—
Vahdaltlon on Genomes Predict on a new Applications of this
with sRNA data genome

approach

Figure2.1: Schematic representation, showing the order of steps in workflow for
de novoclassification andprediction of reproductive PHAS loci.

Additionally, independent testvere conductedbr both classifiers as a cress
species validation on genomdor which sSRNA dataare available. This approach
could be further utilizedfor the de novoprediction of reproductiv®HASIoci in the
absence of sSRNA dgtthe aim of such an analysis would be to proviéogists with
an approximate number of reproductiv@HAS loci in a given genome before
generating SRNA datar as a means to assess the depth or timing of SRNA that they
have geneted, asking whether they have experimentally identified most of the loci

that we have inferred using the machine learning approach
2.1.2 Classification method

There are several popular machine learnsoges one can use to address

classification problemg.utilized WEKA, a machine learning workbench (Frank, Hall,
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& Holmes, 2010). In WEKA, | assemld@n ensemble of classifiers using a technique
cal |l ed fWdpertc X992)which combine predictions of vanetf models
whose predictions serve as inputs to a new model (final estimator) that learns how to
combine the prediction into an overall prediction to gain robustness over a single
classifier. In order tduild an ensemble of classifiersytilized well-known classifiers

such aRandom ForestRF) with number of tres set to 10Naive Bayes with kernel
density estimatorto calculate a Bayesianposterior of the training setk-Nearest
Neighbors (IBKiin WEKA) with k set to3 and using Euclidean distee, and
LibSVM i support vector machine (Chang & Lin, 2011). Next, predictions from the
aforementioned classifiers sedvas inputs tothe final evaluator. Here, | usethe
logistic regression for such purpose to attain probability of an instance bejaogin

one of the two classe3.o train and test unique blend of ensemble of classifiers
developed,| utilized the commonlyused stratified fivdold crossvalidation (CV)
framework(Kohavi, 1995) Under this framework, the dataset is partitioned into five
subsets, where each subset has the same ratio of positive instances to negative
instances as the whole dataset. Once the data is partitioned, five iterations of training
and teting are performed, where in each iteration four parts of the data (80%) are used
for training and the remaining part (20%) is used for testing. To ensure stability and
reproducibility of the results, the whole fifeld CV experiment was repeated five

times, each using a different fiveay split (partition) of the dataset.
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2.1.3 Data

2.1.3.1 Cross validation dataset

The construction of datasetnindividually for each genome amwdasmerged
| ater to form a O mas tspecific dalaata teaim artd test th@ r e s e n
classifier. We built positive and negative datasets as follows: Step 1: Given a grass
genome (rice Qryza sativda and maize(Zea may}, the target prediction mgram
embedded in thePARTAtool (Kakrana et al., 20)4called miRfernocan be utilized
to find potential targets of miR2118 or miR2275 in these genomes.1Stepld be
run individually on each genome with their respective versions of miR2t18
miR2275sequencefl8 copies of miR2118 (g and 3 copies of miR2275 (a,b,d) in
rice, and 7 copies of miR2118-¢a and 4 copies of miR2275-@ in maize]. A
consenss showinghigh sequence conservation among rice and maize miR2118 and
miR2275 is shown irfrigure 2.2 A filter of best scoresvasused to remove duplicate
entries fromour target prediction dataset; in this filter, a low target penalty svase
used to remove duplicates in other words, multiple miRNAs from the same family
can target the same messenger RNA (mMRNA) sequence with differeniesfisat we

only keep the miRNA target that has the lowest penalty score.
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Figure2.2: Consensus showing sequence conservation of miR2118 and miR2275
in rice and maize. Gaps are denoted in white. Dark blue denotes a
nucleotide matching the consensus sequence nucleotide at that position.
Light blue denotes a nucleotide not matching the causenucleotide
but has a positive score from the Blosum62 matrix.

Next, PHASIS(Kakrana et al., 201Ayasutilized as a alidation tool to obtain
the actual counts of reproductiveHAS loci and was further used as a prior
knowledge.Using PHASIS | identified 253521-nt PHASIoci and 220 24-nt PHAS
loci from rice and | used 463 21t PHASIoci and 176 2t PHASIoci previously

described for maizéZhai et al., 2015b)Lastly, | used these sebf PHASIoci in
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maize and rice to check whether the coordinates of targets of miRNAs (miR2118 or
miR2275) fall wthin or in close proximity (including 250 bp upstream or downstream
of PHASIoci) to thePHASIoci. All the targets that pasd this proximity criterion
comprise the set of O0trued positPHASEs (a t
locus). For the negative set, | usadsubset otargets of miR2118 and miR2275
overlapping anotatedTEs, found using Repeat Masker (Smit et al., 2013). Thus,
these targets data construct our 6trued
overlapping Es and not HASIocus). Hence, this is a binary classification problem
where classes are either-RHASIlocus and not21-PHASIocus or 24PHAS locus
and nor24-PHASIocus. In order to avoid imbalance in the number of instances in
both datasets] used udersampling and randomlgicked the same number of
instances fronthe negative set as there are in the positive set. Finally, both datasets
are cleanequal in sizehave no duplicates, and true in their respective sense

In the final step datasets fromeach grass genome (rice and main&re
merged into the O6émaster 6 dat asangddr5didor tr ai

crossvalidation settingTable 2.1).

Table2.1: Combined dataset from rice and maize usedfor cross-validation study.

21-PHAS model 24-PHAS model

Positve [ 365 (mai ze) + 2115 (maize) +
Samples
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Negative |16 64 ( mai ze) + |115 (maize) +
Samples

2.1.3.2 The aossspecies validation dataset

Validation was conducted on three members of the larger family of grasses:
Oryza brachyanthdO. brachyanth@aandBrachypodiundistachyon(Brachypodiunj,
and Setariaviridis (S. viridig. Validation sets were generated fal species using
their respectig genomedollowing steps mentioned in the secti@rl.3.1 but copies
of miR2118 and miR2275from rice and maize wer used for target prediction
PHASISand RepeatMasker were used to determine positive and negative samples
from these targetas dented in the sectio.1.3.1 In order to avoid imbalance in the
number of instances in both datasets, | used undersampling and randomly picked the
sane number of instances from negative set as there are in the positinaky,
validation sets were supplied individually to aforementioned miR2kBmMiR2275
based ensemble of classifiers for assessing predictive perfornfasce negative
control | usedArabidopsis thaliangArabidopsis)as there are no knoweproductive
21-PHASIoci (i.e. those triggered by miR2118; mainly they @&kSloci, or protein
coding geneskor are there24-PHASIoci triggered by miR2275Targets ofrice and
maize copies amiR2118and miR2275vere predictedn Arabidopsisresultingin the
726 and 2644unique targetsrespectively Next, | usedthese target$o assesghe
predictive specificity of the 2land24-PHASmodek. Table 2.2describesiumber of

instancegpositive and negativeet9 used for each species tested.
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Table2.2: Crossspecies dataset used to validate 2&and 24PHAS models.
Positive samples (+ve): miR2118 or miR2275 target aRtHASI|ocus;
Negative samples\e): miR21B or miR2275 target, overlapping TEs
and not @HASIlocus.

O. brachyantha| Brachypodium| S. viridis | Arabidopsis
21-PHAS 824 (+ve) 374 (+ve) 1353 (+ve) | 726 fve)
model 824 (ve) 374 (+ve) 1353 ¢ve)
24-PHAS 33 (+ve) 65 (+ve) 154 (+ve) | 2644 ¢ve)
model 33 (-ve) 65 (ve) 154 ¢ve)

2.1.4 Performance evaluation

To assess classification performance we use the standard measures of accuracy
(ACC), specificity (SP), sensitivity (SE), positive predictive value (PPV), and area
under the receiver operating charastic curve (AUC), whose formulae and

descriptions are as follows:

1 Sensitivity "Y'O 2 %

s ss s’
Specificity YO ———
T Sp y $ ss s
9 Accuracy 6 6 6 2 29 % n

S 88 88 88 ¢

S 8

{ Positive Predictive Valu® 0 & el

whereTrue PositiveqTP) denotes the set of correctly classified phasiRNASs,
True NegativegTN) denotes the set of correctly classified fpivasiRNAS,

False Positive§FP) denotes the set of nphasiRNA sequences that were
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classifiel as phasiRNAs, andralse Negatives(FN) denotes the set of
phasiRNA sequences that were not classified as such by our classifier. The
number of items in the sets TP, TN, FP, and FN is denoted by |TP|, |TN|, |FP]|,
and |FN|, respectively.

1 The Area Under th&®OC Curve (AUC) is an effective and joint measure of
sensitivity and specificity, which is calculated by the Receiver Operating
Characteristic curve (ROC). AUC determines the relative performance of
classifiers for correctly classifying phasiRNAs and iptrasiRNAs. Values of
AUC are between 0 (worst performance) and 1 (best performance). ROC
illustrates the true positive rate (sensitivity) against the fadsitive rate (I

specificity).

2.1.5 Feature extraction

The machine learning classification pipelinéegrated features mentioned as
follows. For each instancen{iR2118 or miR2275targes) in both (positive and
negative) sets, the following featunesregeneratediFeatures 1to 22: miRNA-target
interactions(German et al., 2008)l recorded the miR211&arget interaction or
miR2275target interaction to capture binding patternerms of match, wobble, gap,
andmismath denoted asA66106,réeexfp,e,cIa,vedrnyd ith t he
miR2118 and miR2275 are both-B2 long, this interactiofbased featurés also a

vector of 22 elements, where first element represthieanteraction between target
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and miRNA at the first nucleotide positioReature 23 best score: a low target
penalty score means high degree of complementarity between miRNAs and their
targets.Feature 24 k-mer: a prior report described that both sks ofPHASloci
typically correspond to unique or low copy regions in the genome (Zhai et al., 2015).
This feature is determined by calculating the average degree of repetitizé&0elsp
downstreanfor eachPHASIoci embedding or in close proximity toawaof the target
sites in the positive dataset and by obtaining the average degree of repetitiveness for
each nonPHAS loci embedding or in close proximity to targets sites in negative
dataset. The average degree of repetitivenessenyputed by JellyfisifMarcais and
Kingsford, 2011) The repetitiveness iadicatedby the "kmer" scoreof each "kmer
region” in the genome is set to 20, and the length of eacé& region is set to 20.
Feature 25 GC contentfrom 250 bp downstream of miR2118 or miR2275 targets
GC content is equal tfC|+|G|) / L*100, where |C| and |G| denote the number of
nucleotides C or G in the sequerafdength L Features 26to 29: Total number of:
matches, mismatches, wobbles, and gaps for each instance in the positive and the
negative set.

Thus, | compute a total of 29 features including: 22 interaction features, best
targetscore, kmer, GC content, and total number of: mag;hmismatches, wobbles,

and gaps for each instance in the positive and the negative set
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2.2 Results

2.2.1 Evaluation of machine learningclassifier

To classifyPHASIoci in maize andice, | developed a machine learnihgsed
workflow focused on featuresncluding miR2118 and miR75 binding pattern,-k
mer, target score(GC content, and total number of : matches, mismatches, wobbles,
and gaps. built and evaluated the performance of classifiers via-file cross
validation, completed five timesThe peformance measures includg accuracy,
specificity, etc.(abbreviated as ACC, SP, SE, PPV, and AUC; Methods) exceeded
85% (i.e. 085), for both 21 and 24nt PHASmodels(Table 2.3). Computing the area
under the ROC curve (AUC)F(gure 2.3, demonstratinghe performance of the
classifier with an averaged AUC of @.or 21-PHASmodel and AUC of 0.96or 24
PHASmodel Theseresultsshowed that the pipeline successfully classified miR2118
and miR2275 triggeredeproductive PHAS loci relative to other miR2118 and
miR2275 targets, inparticularly TEs, with high values for all performance

measurements
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Table2.3: Results of classification to distinguisireproductive PHAS loci in maize
and rice. Note: SD: standard deviation

Classification Performance Eval ua
model
ACC SP §E EPV ?ﬁgl
(NSD) (NSD| (NSD| (NSD
2P HAS 9.8: 0~.8 0 0~ 8 O~.9
model| (NO. ( NO.[( NO ( NO ( NO
2P HAS 9.91 0~.8 0.9 0. 8 0.9
model| (NO. ( NO.l( NO (NO (NO
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Figure2.3: ROC curve for 21-PHAS (top) and 24PHAS (bottom) classifiers used
in above panelsdemonstrating an area under the curve (AUC)solid
lines show the AUC for each fold up to the Hold CV. The black
dotted line depicts random chance (0.5, diagonal); the blue line shows
mean of AUC of for Hold CV with SD. Red shaded area represents +1
SD. The Xaxis is plotted as 1 minus the specificity.
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2.2.2 Validation on cross species test

To evaluate theobustnessand predictive poweof the machine learning
workflow, | applied the classification models from rice and maizev#didate
reproductivePHASIoci in the O. brachyantha Brachypodiumand S. viridis (Table
2.4). Arabidopsiswas used as a negative contfot the 21PHAS and 24PHAS
modek asthere are no knowmiR2118or miR2275 triggered reproductiHASIoci.
The 21PHAS classifier correctly recognized 754 out of 824-PHAS loci in O.
brachyantha 365 out of 374n Brachypodium and 1228 out of 1358 S. viridis The
performance measurements (ACC, SP, SE, PPV, and AUC) exceeded 85% for these
threecrossspecies datasetmiterestingly, the model alsmrrectlyrecognize 660 out
of 726 noRPHAS loci in Arabidopsis with specificity over 90%Table 2.4.
Similarly, the 24PHASclassifier correctlyrecognized32 out of 3324-PHASIoci in
O. brachyantha 49 out of 65in Brachypodium and 135 out of 154in S. viridis
Overall, the performance measuarentsexceeded 8% for the three crosspecies
datasetsTable 2.4). Similar to above, 2PHASmModel correctly recognize2626 out
of 2644 nonPHAS loci in Arabidopsis with specificity over 99%Table 2.4),
consistent with the fact that there are no kn@4#PHASIoci and miR2275 in the
Arabidopsis Thus, | concluded that the machiiearning method is effective fate

novoclassificationand predictiorof reproductive®PHASIoci.
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Table2.4: Crossspecies validation results Note: Arabidopsis datasets wereuitilized as
negative controlo accesspecificity.

Classification Species CrossspeciePer f or manc e
model Measur e
ACC| SP| SE| PPV| AUC
O.brachyantha | 0.85 | 0.85 | 0.85 | 0.86 | 0.94
Brachypodium | 0. 9/ 0. 99 0. 9 0. 9/ 0. 9
2P HAS i
mod el S.viridis 0.9 0.9 0.9 0.9 0.9
Arabidopsis - 0. 9 - - -
O.brachyantha | 0. 8 0. 8 0. 8 0.8 0.9
Brachypodium 0.8
2P HAS _
mod el S. viridis 0.8
Arabidopsis - 0.99 - - -

2.2.3 Informative Features

To assess importance of featurembeddedin the dataset usefbr cross
validation study, | used the attributeselection tool of WEKAafter performing
classification Information gain (also known as entropy) was employed to evaluate the
value of each feata, for both miR2118 ananiR2275targetedPHASIoci and TEs.
Values of information gailG) (i.e. the relative contribution) for each feature varied
from zero (o information) to one (maximunmformation); features conveying more
information thus had a giner information gain valudlable 2.5 depictedthe lists of
all featurescomputed for the classification of 2and 24- PHASIoci along with1G
computed for each feature. Features are ranked from high I1G to lowalske 2.5

revealed several highly informative featsirarhich were importanin distinguishing
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both the classesuch as ker,target scoreGC contenttotal number of matches and
mismatches,and se&eral positionsimportant for binding between miR2118 and
miR2275and their targets

To compare these informative featurescdlculated the putative binding
pattern as percentage of each positions of predicted matches, gaps, wobbles, and
mismatchesn Figure 2.4. | observed thabinding at the3rd, 4th, Sth to 12th, 16th,
17th, and 1%h to 22nd positionswere different between miR2118 targetedPHAS
loci and TEs Figure 2.4, left panek). The msitions 3d, 4th, 10thto 12th 16th, 19th,
and 2nd showed igher percentage of matchepositions 1t and 2kt showed
higher percentage of mismatches in miR2118 targeteBRASIloci than TEs.

Again, as for thaniR2118, | recordedhe binding pattern of miR2275 as a
percentage of each position of predicted matches, gaps, wobbles, and mismatches. In
this case, | observed thiabinding at thedth, 9th to 16th, 1%h , and 22d positions
were different between miRZ5 targeted 2-PHASI|oci and TEs [igure 2.4, right
panes). The positiongith, 10th to15th, 19th,and 22nd showed highpercentage of
matches positions 9th and 16th showedlower percentage of matches in mi&RS
targeted 2-PHASIoci than TEsOverall, | noticed higher percentage of matches and
wobbles in miR2118 and miR2275 targefidASloci than TEs whilehe percentage
of mismatches were higher in the putatm#k2118 and miR2275 targeted TEs than in
PHASIoci across many position3his isindicative of strong binding affinity feature

essential for instigating phasiRNAs.
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Next, | plotted and comparekiners, GC content, targstore, total number of
matches andotal number of mismatchdsetweenmiR2118 and miR2275 targeted
PHASIoci and TEs (Figure 2.5. While comparing miR2118 targeted-PHASIoci
and TEs] observedower kmer values (< 2), lower GC conténtedian of43), lower
target scorédmedianscoreof 4), higher number of matches (median of 18 matches in
an alignment) and lower number of mismatches (median omBmatches in an
alignment) inmiR2118 targeted 2PHASIoci thanTEs (Figure 2.5 top panel).

Again, as for miR2118, | compared similar f@&sin miR2275 targeted 24
PHASIoci and TEsand noticed similar trend of lower kmer values (<2), slightly lower
GC content (medianf 35) andtarget scoreniedian score of 3.5higher number of
matches (median of 18 matches in an alignment), and lowabe&r of mismatches
(median of 2 mismatches in an alignment) in NHR2 targeted 2#HASIoci than
TEs (Figure 2.5, bottom panel). Hence, tleseresults suggested that miR2118 and
miR2275targetin a context oflow GC content andn low-copy regioms (relatively
unique regios of the genome andin a nonperfecthomology mannerwhile still
requiring ahigh degree of miRNAarget complementaritylhe binding pattern also
highlighted the importance of he 306 r egi o n whieh is nohwell mi RNA

characerizedin plantmiRNA-target interactios
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Table2.5: Feature ranking based on

information gain for both 21 and 24 PHAS

models
21-PHAS model 24-PHAS model
Information Features Information Features
Gain Gain
0.29987 Kmer 0.3549 Target score
0.26571 Total matches 0.3251 GC content
0.23316 Target score 0.3247 Total matches
0.21296 | Total mismatches Total
0.2704 mismatches

0.07714 9th position 0.0788 10th position
0.0596 17th position 0.0764 19th position
0.05574 GC content 0.0713 4th position
0.04482 16th position 0.0697 Kmer
0.04339 Total wobbles 0.0648 12th position
0.02568 2nd position 0.0613 14th position
0.02554 3rd position 0.0574 9th position
0.0218 12th position 0.0472 Total wobbles
0.01963 22nd position 0.0434 8th position
0.0192 4th position 0.0365 5th position
0.01732 19th position 0.0306 21st position
0.01566 21st position 0.0301 16th position
0.01565 Sth position 0.0263 22nd position
0.01491 7th position 0.0236 20th position
0.0138 6th position 0 Total gaps
0.01254 8th position 0 3rd position
0.00744 1st position 0 6th position
0.00685 11th position 0 2nd position
0.00624 10th position 0 15th position
0.00585 13th position 0 7th position
0.00519 18th position 0 11th position
0.00192 15th position 0 18th position

0 14th position 0 17th position

0 20th position 0 13th position

0 Total gafs 0 1st position
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Figure2.4: Strong binding affinity in the non-seed regions essential formiR2118

and miR2275to initiate phasiRNAs The bar charts record the -2
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2.3 Chapter Summary

In this chapter, Iperformed the following analyse$¢l) | collaboratedand
contributed in the development of two pipelineBARTA miRNA-target prediction
and validation suitéKakrana et al., 2014) and PHASIS PHAS loci identification
suite (Kakrana et al., 2017)2) | discovered targets of miR2118 and miR2275 in rice
and maize in malgermline tissue, usinghe sPARTAsuite (3) | discovered 2int
phased siRNA generating loci in majermline tissue and 24t phasiRNA in rice,
maize, O. brachyantha, Brachypodiunand S. viridis using the PHASISsuite (4) |
implementeda pipeline to generate features used in the machine learning classifier
based on miRNA binding patter(b) | designed a new classification procedure for a
quick and robust analystf reproductivePHASIoci in the absence of SRNA data in
the grasses(6) | developed an ensemble of classifiers using a technique called
Astackingo f oPHASIoct, And (@)l | angplereestedad Heuristic for
highlighting informative features based on informatiomgai

As a result of these analyses, | made a number of insights, on both
computational and biological levels. For example, my work demonstrated that
machinelearning classifierg€an accuratelglassified reproductiv®HASIoci in rice
and maize and thatcrossspecies test are useful to evaluatihe robustness and
predictive power of the machine learning workflohis insight was made using data
from a variety of plant species, includiy brachyantha BrachypodiumS. viridis,

and Arabidopsis| also found thatseveral informative features wengarticularly
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important in distinguishing both the classes suclthakmer content target scorg

GC content, total number of matches and mismatches, and several positions important
for binding betweenmiR2118 and miR2275 and their target&n interesting
biological observation that | made was that thegree of target sitenatchesfor
miR2118and miR2275 wahkigherfor the reproductivePHASIoci thanit was forTES,

an observation truacross many pasons in the genome. This demonstrates that a
strongbinding between miRNA andhe targettranscript isessential foinitiating the
production ofphasiRNAs and it 8 one explanation for why these phasiRNAs are
produced only from specific genomic loci.

Finally, from this work, | concluded thahe machinelearning based workflow
that | developed is robusand highly accurate in classifying and predicting
reproductivePHASIoci in the grassedn addition, thisvorkflow could be utilized as a
potential apptation forde novoprediction of reproductiv®HASIoci in the genomes
of grasses or related monocotfound thatmiR2118 and miR2275 targgenomic
regions that areow in GC content and low copy (neepetitive); these target sites are
generally notperfectly matched by the miRNAalthough maintain &igh degree of
miRNA-target complementarityAnd thebinding patterrof the miRNAhighlights the
importance ofthe non-seed region, which is netell studied inplant miRNA-target

interactiors andthis it is a good topic fofurther characterizatiom the future
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Chapter 3

REPRODUCTIVE PHASIRNAS IN GRASSES ARE COMPOSITIONALLY
DISTINCT FROM OTHER CLASSES OF SMALL RNAS

Little is known about the characteristics and function of reproductive phased,
secondary, small interfering RNAs (phasiRNAs) in the Poaceae, despite the
availability of significant genomic resources, experimental data, and a growing
number of computational tools. We utilized macHe&ning methods to identify
sequencéased and positional features that distinguish phasiRNAs in rice and maize
from other small RIAs (SRNAs). We developed Random Forest classifiers that can
distinguish reproductive phasiRNAs from other sSRNAs in complex sets of sequencing
data, utilizing sequendeased (kmers) and features describing positgpecific
sequence biasesThe classificion performance attained is >80% in accuracy,
sensitivity, specificity, and positive predicted value. Feature selection identified
important features in both ends of phasiRNAs. We demonstrated that phasiRNAs have
strand specificity and positiespecific nucleotide biases potentially influencing AGO
sorting; we also predicted targets to infer functions of phasiRNAs, and
computationallyassessed their sequence characteristics relative to other sRNAs. Our
results demonstrate that machiearning methods eftgively identify phasiRNAs

despite the lack of characteristic features typically present in precursor loci of other
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smal | RNAs, such as sequence ecendfeateresv at i
we identified provide insights into AGPhasiRNA interations; we describe a
hypothetical model of competition for AGO loading between phasiRNAs of different
nucleotide compositions.
This chapter ipublished inNew PhytologistBelow is the citation with DOI.
Patel P, Mathioni S., Kakrana A., Shatkay H., Meyers BC. (2017).
Reproductive phasiRNAs in grasses are compositionally distinct from

other classes of small RNAs. Né¢w Phytologist
https://doi.org/10.1111/nph.15349

3.1 Methods

3.1.1 Classification via machire learning

We wuse the Rand@®@mmaR,o2004)sassificatioR meihpd,
which is based on building an ensemble of decision trees. This method has proven
effective for addressing a variety of classifioatproblems in bioinformaticérang et
al., 2010; Lertampaiporn et akp14) We employed the WEKA implementation of
RF (Frank et al., 2016 build the model for distinguishing phasiRNAs (to which we
refer as theosiive set) from norphasiRNAs (thenegativeset). As we study two sets
of reproductive phasiRNAs, characterized by two distinct lengths, namegnd124
nt, for each set we have trained two distinct classifiers, one for each length. When

training each ofttese classifiers, we have varied the composition of the negative sets
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of nonphasiRNAs to which the phasiRNAs were compared (more details are in the
data setised for cross validation study

To train and test the classifiers we developed, we have tsedommonly
used stratified fivdold crossvalidation (CV) frameworkKohavi, 1995) Under this
framework, the dataset is partitioned into five subsets, where each subset ses¢h
ratio of positive instances to negative instances as the whole dataset. Once the data is
partitioned, five iterations of training and testing are performed, where in each
iteration four parts of the data (80%) are used for training and the remaiarhg
(20%) is used for testing. To ensure stability and reproducibility of the results, the
whole fivefold CV experiment was repeated five times, each using a different five

way split (partition) of the dataset.

3.1.2 Dataset used for cross validation study

We used several representative positive and negative datasets to perform a
five-fold cross validation. The use of these sets in the w@gdation steps allowed us
to compare the performance of the classifiers with these different datasets. The
positive sets consisted of nemedundant sequences of reproductive phasiRNAS,
including sets of phasiRNAs whose length is either 2t 24nt. The sets
characterized by either sequence length comprise phasiRNAs from previously
identified PHASIoci published for rie and maize. Specifically for rice, we utilized

small RNA libraries published biyan et al., 201@&nd analyzed these libraries using
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our previousy published pythoto ased FASTQ processing scri

count 6 f o (Paal ettale @015Next, eves identified 2024 2at PHASIoci
and 59 24nt PHASIoci from rice using a tool calleBHASIS(Kakrana et al., 2017)
and we used 463 21t PHASIoci and 176 2t PHASIoci previously described for
maize (Zhai et al., 2015bjo obtain 21and 24nt phasiRNAs. From thedeci, we
identified nonredundant sets of 20240 (rice) and 9260 (maize) premeiotiat 21
phasiRNAs, and 2950 (rice) and 8800 (maize) meiotin29hasiRNAs; these
comprise the small RNAs from thedeHAS loci that were represented in the
sequencing datadm the reproductive tissues. To ensure high quality of the data, we
used in our cross validation studies for training/testing the classifiers only the top 1000
mostabundant phasiRNA sequences from each species represented within the sets of
sequences dither length.

The negative training sets were built by gathering several types of non
redundant sSRNA sequences. For simplicity, we refer to all of thamraghasiRNAs
as each sequence of each type was selected based on the criterion of not containing
reproductive phasiRNAs(1) mature miRNA sequences were downloaded from
miRBase(Kozomara and Griffithgones, 2014)version 21. We combined miRNAs
from rice (n=553) and maize (n=203), totaling 756 MIRNAs. We trimmed miRNAs
longerthan 2tto2knt , t r i mmi +egd tdf obvatm anly length @ffierences
in comparison to the 2dt phasiRNAs. Thus, we used this set (n=756) only evhil
classifying 2int phasiRNAs, (2)Pol IV-Dependent siRNAYP4siRNAS or hc

siRNAssequaceswere selected from either rice or maize small RNA libraries. These
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were selected using a length filter of 24 nucleotides, and the criterion that the sequence
should match the genome more than 10 times and overlaps with repetitive regions,
consistent wth repetitive origins. As an additional filter to avoid reproductive
phasiRNAs, the P4iRNAs were from vegetative tissues in which reproductive
phasiRNAs are abse(lohnson et al., 2009 the libraries we analyzed, using these
criteria, we identified 14008 neredundant P4iRNAs from maize and 1253@om
rice as our data set. Of these, we selected the top 1000 most abundant sequences from
rice and separately from maize. As with the miRNAs, for comparisons 4at 21
phasiRNAs, we trimmed PgiRNAs to 2int f r o-end.tFareompadisons to 24
nt phagkRNAs, no trimming was required since the-§IRNAs were peselected as 24
nt small RNAs, and (3)mall RNAs from tRNA and rRNA loci in either rice or maize
were extracted from the vegetative libraries described above. The tRNA loci in both
genomes were @htified using tRNAscaSE (Lowe and Eddy, 1997)ith default
parameters. The rRNA loci were identified using RepeatMaskmit et al., 2013)
with a default cubff score of 225. The small RNAs derived from these loci were
combined fo the two genomes (since tRNAs and rRNAs are highly conserved
between rice and maize), and we randomly selectedtR®&-derived sRNAsand
500rRNA-derived siRNAs.

Finally, to assess the predictive performance of the algorithm on new
sequences, we selectdte remaining 8260 and 19240-8t phasiRNAs , 7800 and
1950 24nt phasiRNAs, and 1000 PARNASs from maize and rice, distinct from those

that comprised the positive set used for cross validation study. In addition, we also
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generated 18 sRNA libraries froSetaria viridis a grass, in order to use reproductive
phasiRNAs fromS. viridisto test predictive sensitivity across species. We identified
1593 2int PHAS loci and 381 24t PHAS loci from S. viridis using PHASIS
(Kakrana et al., 2017)From these loci, for subsequence cigssciescomparisons,
we used noimedundant sets of 2000 premeioticrlphasiRNAs, and 2000 meiotic
24-nt phasiRNAs.

To address any concern that rises due to sequencing artifacts, variation among
libraries caused by the instrument or protocols, or tissue gjgcior the selection of
the data, we extracted BRNAs (using same criteria as above) from the reproductive
libraries of maize and rice mutants which lack2Ior 24nt phasiRNAs, and plotted
the sequence profiles compared ted&NAs we included tim the vegetative tissues
(also sequenced with the older platform) for maize and rice. This comparison of
singlenucleotide sequence profiles of -BlRNAs showed no significant difference
between different sequencing platforms. Since the pathway compayemsating
P4siRNAs are the same, and there are few if any reports of tsp@eific expression

of P4siRNA loci, no differences were expected.

3.1.3 Development of a machine learning classifier for plant small RNAs

The classification pipeline we developtakes as input a set of plant small
RNA sequences to assess for each sequence whether it has attributes or not of a

reproductive phasi RNA, based on a trai
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response. Thus, for this decision, feature characterizatiorucial. The pipeline used
several sequeneand structurabased features. One known feature of reproductive
p hasi RN AterminalscytasineSddgcribed for-At phasiRNAs bound by MEL1,
a rice Argonaut¢Komiya et al., 2014)Another known characteristic of both-24nd
24-nt reproductive phasiRNAs is their origin from unique or low copy regions in the
genome(Johnson et al., 2009; Zhai et al., 2019B¢yond these features, little was
known about their sequence composition, true ewerofher classes of plant small
RNAs.

Thus, to build a classifier, we utilized an alignmé&ee approach based on k
mers. These-ker motifs (more details isection3.1.4, together with the GC content
and Shanno entropy of the small RNA, comprised the sequdrased features of the
classifier. The other major component of the classifier was a set of positional features,
calculated for each sequence to determine the presence or absence of a given
nucleotide in adetermined sequence position. These two sets of attributes for each
sequence comprised 1498 features, most of which were shwetkor words that we
could use to classify plant small RNAs. Before each classification, feature selection of
the top 250 moshformative features (of the 1498) was performed as a step to better
understand which features play key roles in classifying phasiRNAs; this allowed us to
reduce the feature dimensionality comprising classification without compromising or
negativelyimpaci ng t he «cl assi fi er 0sectipnd.1.4d).oNemance (
have also experimented with different number of trees and of features used.

Consequently, to estimate the performance of the classifier, RBppéied using 100
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trees, five out of 250 features assessed (five randomly sampled features selected as

candidates at each split) at each split, and five complete runs cfdlteGV.

3.1.4 Features included in the machine learning algorithm, and their seleain

The machine learning classification pipeline integrated both seqbaiseel

and structural features, as follows:

3.1.4.1 Sequencebasedfeatures

The frequency of kmer motifs: We computed normalized frequencies of all 1
to 5 nt kmer patterns (see patterns below) using askdngn dow of | engt h k
2, 3,4,5). A particular string of length k could slide along the length of the sequence,
denoted as L, by a step of 1 nt. If the string in the sequence matched with some pattern
i within the window, the count of that pattern in the sequence, denoted amasC
increased by one, using the following formula to calculate frequencies:
F=G/& f or 1364,wherd &=t oL T k +lis,the toralchumBer of times
the slidingwindow of length k could slide along the sequerde frequencies of all 1
to 5 nt kmer patterns (4+16+64+256+1024=1364 patterns) were as follows:
(1) 4 onemer pattens (A,C,G,T), 2l6twomer patterns (AA, AC, AG, .
, (3)64 threemerppt t erns ( AAA, AAC, A RSB fodrmer patierns TT) , (

(AAAA, e, and Bo4 fivemer patterns (AAAAA, e, TTTT
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Thus, phasiRNAs and ngrhasiRNAs were characterizedasector consisting
normalized frequencies of 1364nker motifs. We used the repDNA packdbgei et
al., 2015)in Python to generate these featu@€._content = (|C|+|G|) / L*100, where

|C| and |G| denote the numbenatleotides C or G in the sequence, respectively.

3.1.4.2 Positional features

We computed a positiespecific base usage vector by simply representing a
sequence in a numerical fashion, denoting a presence (1) or absence (0) of each
nucleotide at each position the whole sequence. Each position in the sequence can
have four possibilities for each of the four nucleotides (A, C, G, and T). A sequence of
length L will have a position feature vector of length 4*L, where 4 is the number of
nucleotides and L is therigth of a sequence. For example, a sequence of length 21

will be a vector of 4*21=84, such as the following:

Positional feature vector = < 1A, 1C, 1G, 1T

Each of the entries in the above vector holds a value of either 1r{peesta
given nucleotide at that position) or 0 (absence of a given nucleotide at that position).
The length of SRNA sequences in our dataset is not constant. Therefore, we used a
length of the longest sSRNA found in the dataset as an upper limit to tetieea
positional features. When sequences of identical lengths were compared, for example
24-nt phasiRNAs versus 24t P4siRNAs, no length adjustment was required. In

other cases, classification models were built from sequences of mixed lengths; for
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exanple, in some of our data sets, the longest read was from a tRNA, and 33 nt in
length. Therefore, for each sequence in those models, we obtained a positional vector
of length 4*33=132. For sSRNA sequences shorter than 33 nt, the extra positions in the

positional feature vector are all 0.

3.1.4.3 Shannon entropy

Shannon entropy score is an indicative measure of information content,
assessing the repetitiveness in a sequence. We computed the Shannon entropy for
given symbol frequencies for given sequence. The forfarlaalculating Shannon
entropy score is as follows:

S(L)y=-x f (x) l og2 (f(x)), where L 1s a
frequency of the symbol (xA, C, G, or T) in the sequence. The lower the value of
entropy, the higher the repetitiveness isaisequence. We used a lengtirmalized
Shannon entropy score calculated as folloWermalized Shannon entropy score =
S(L) / L. Thus, for each sequence in the positive and the negative sets, we calculated
1498 features (1365 sequerimased + 132 posit@kbased + Shannon entropy).

To eliminate redundancy from among the 1498 features, the attribute selection
tool of WEKA was used prior to performing classification, separately for each positive
VS negative set comparison. Information gain (also knowmtiepy) was employed
to evaluate the value of each feature, for either the phasiRNA cephamsiRNA

classes. Values of information gain (i.e. the relative contribution) for each feature
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varied from zero (no information) to one (maximum information); festwonveying

more information thus had a higher information gain value. Features with lower
values could be removed, with the aim to reduce the dimensionality of the feature set
by using a minimum number of maximally informative features. Thus the feature
were ranked by information gain, and the top 250 were seleeigdré 3.1 g b), as

this subset included 95 to 97% of informative featuregure 3.1€), reducing

di mensionality without compromising or
performanceAs examples of our feature selection process, we listed the top 30 out of

250 selected feature3gble 3.1).
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Table3.1: Top 30 out of 250 selected featureblote: Sequencbased features denote
the frequency of the-kner motifs as they appear along feegth of the sequence.
Positional Features denote the presence or absence of a given nucleotide at that

position in a sequence.

Classification | Feature Group No. of Feature Symbol
features
21Nt Sequence CGG, GG, CG, G, CT, GC, CAT, C
phasiRNA vs.| based features 18 T, ACG, TCGG, AAACG, GGA, C, 1
P43 A wh ! _ CGGAC, AAC, A
trimmed) Positional 12 1A, 1T, 1C, 19A, 1G, 21G, 21T, 141
Features 19C, 20C, 20G, 20A
GG, AC, C, G, @QTCAA, GTTT,
21t Sequence 14 | ACTG, GCC, AGA, Shannon Entroy
phasiRNA vs.| based features
YA wb ! _ GC_content, A, GTT
trimmed) Positional 16 1C, 19A, 1G, 2G, 21T, 21G, 19G, 2
Features 1T, 19C, 8G, 1A, 8A, 20C, 17T, 141
CGG, AT, GC_content, ACGG, CG
o4t Sequence 23 G, GAC, CGGA, GGAC, T, GGA, G
phasiRNA vs. based features CAT, ACG, GACG, TTG, TAT, TCA
PASIRNA _ CGGAC, AC, TT, GA
Positional 7 1A, 1T, 22C, 23T, 22T, 22A, 1C
Features
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Figure3.L Information gain (IG) was used to reduce feature dimensionality
together with ROC curve to selecttop most 250 most informative
features. Strip plot shows the distribution of all 1498 features computed
for the classification of 2land 24nt phasiRNAs. The »axis shows IG
computed for each feature. Features are ranked from high IG to low IG;
Y -axis shavs the category to which each feature belongs (see Method S1
for more details on-ners). The dotted gray line represents 250th feature
(random cutoff) used for selecting features for classification. Therefore,
all features to the left side of dotted limere used in the classification.

(a) The 250 features selected based on IG for classification of the 21
phasiRNA vs. the set of miIRNAs + RRNAs + tRNAs + rRNAs. (b)

The 250 features selected based on IG for classification of the 24
phasiRNA vs. te set of miRNAs + P4iRNAs + tRNAs + rRNAs(c)

ROC curve for the classifier used in panel (a), demonstrating an area
under the curve (AUC) of 0.97; solid lines show the AUC for each fold
up to the Sfold crossv al i dati on (ACVO0). icishe bl ac
random chance (0.5, diagonal); the blue line shows mean of AUC of for
5-fold CV with SD. Red shaded area represents 1 SD. Th&isXis
plotted as 1 minus the specificity. (d) As in panel C, ROC curve for the
classifier used in panel B, demonstrattnmean AUC of 0.942 for-told

CV. (e) Accuracy (Yaxis) of the top IGbased and ranked features (on
the X-axis) used in panel (a) (dark gray) and those used in panel (b)
(blue).
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3.1.5 Generation and computational analysis of sequencing data from maize
and Setaria viridis

Four biological replicate libraries were constructed fromrtr@/moplmaize
mutant(Alleman et al., 2006)using young ears (3 to 5 cm in length); thetamnals
were generously donated by Drs. Mario Artedgaquez and Vicki Chandler
(formerly of the University of Arizona). Small RNA library construction was as
previously describe@_u et al., 2007)A total of 18 libraries fronsetaria viridiswere
constructed using the lllumina TruSeq sample preparation method. We used two
biological replicate libraries from the leaf, whole panicles (inside leaf sheath), whole
panicles (coming out of leaf sheath), whole panicles (completely out of leaf sheath)
whole panicles (completely out of leaf sheath, after pollination), spikelet (inside leaf
sheath), spikelet (coming out of leaf sheath), and spikelet (completely out of leaf
sheath). Small RNA libraries were processed using a custom pydsaad FASTQ
pipeline (Patel et al., 2015Briefly, the processingcript removes adaptors and low
guality reads, and retains sequences with lengths between 18 and 31 nt for the maize
data and 18 and 34 nt f&. viridis (the difference is because the maize data were
generated using shorter total sequence reads). Tresg sequences were mapped to
the respective genome: maize version AGPvZSouwiridis version vl (from JGI).
Mapping was performed using Bowtjeangmead et al., 2009Reads that perfectly
matched (no mismatch) to the maize genome Sndridisgenome, excluding those

matching to suctural RNAs (tRNAs or rRNAS) were used for further study.
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3.1.6 Extraction of a set of maize 2ht hc-siRNAs

The 22nt, putative heterochromatic siRNAs that are RBR#pendent, and
thus far found only in maizéNobuta et al., 2008)ere selected from the maize small
RNA libraries(Table 3.2). These were selected using a length filter of 22 nucleotides,
and the criterion that the sequence should overlap with highly repetitive regions (i.e.

hits > 50 in the genome), consistent with repetitive origins.

Table3.2:sRNA libraries from maize, rice, and Setaria viridisused in this study

Part A. Maize reproductive tissue specific small RNA data used for phasiRNA analysis

Distinct
" Genome Matched Genome  Length of GEO Accession
Code Tite Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs
Reads
0.2 Fertile_r1 maize fertile anthers, 0.2 mm, rep 1. 12,896,366 9,754,222 1,322,535 18-34 SRNA single-end GSM1262524
0.4 Fertile_r1 maize fertile anthers, 0.4 mm, rep 1. 35,286,904 26,361,816 3,975,682 18-34 SRNA single-end GSM1262525
0.7 Fertile_r1 maize fertile anthers, 0.7 mm, rep 1. 34,045,564 28,192,862 2,331,762 18-34 SRNA single-end GSM1262526
1.0 Fertile_r1 maize fertile anthers, 1.0 mm, rep 1. 34,019,136 27,843,419 2,148,029 18-34 SRNA single-end GSM1262527
1.5 Fertile_r1 maize fertile anthers, 1.5 mm, rep 1. 37,521,389 30,260,729 1,832,504 18-34 SRNA single-end GSM1262528
2.0 Fertile_r1 maize fertile anthers, 2.0 mm, rep 1. 35,796,937 27,460,059 2,423,203 18-34 SRNA single-end GSM1262529
2.5 Fertile_r1 maize fertile anthers, 2.5 mm, rep 1. 55,306,867 45,875,073 2,936,976 18-34 SRNA single-end GSM1262530
3.0 Fertile_r1 maize fertile anthers, 3.0 mm, rep 1. 26,285,048 22,398,508 1,678,932 18-34 SRNA single-end GSM1262531
4.0 Fertile_r1 maize fertile anthers, 4.0 mm, rep 1. 40,210,297 34,948,831 1,324,209 18-34 SRNA single-end GSM1262532
5.0 Fertile_r1 maize fertile anthers, 5.0 mm, rep 1. 29,748,543 25,888,665 1,404,712 18-34 SRNA single-end GSM1262533
PLN Fertile_r1 maize mature pollen, rep 1. 33,201,391 28,242,892 1,689,420 18-34 SRNA single-end GSM1262534
0.2 Fertile_r2 maize fertile anthers, 0.2 mm rep 2. 21,549,901 16,389,729 1,297,196 18-34 SRNA single-end GSM1262535
0.4 Fertile_r2 maize fertile anthers, 0.4 mm rep 2. 36,257,470 26,266,410 1,214,034 18-34 SRNA single-end GSM1262536
0.7 Fertile_r2 maize fertile anthers, 0.7 mm rep 2. 41,837,825 29,852,925 1,539,253 18-34 SRNA single-end GSM1262537
1.0 Fertile_r2 maize fertile anthers, 1.0 mm rep 2. 37,594,678 30,118,973 1,271,473 18-34 SRNA single-end GSM1262538
1.5 Fertile_r2 maize fertile anthers, 1.5 mm rep 2. 27,713,840 20,785,039 1,008,549 18-34 SRNA single-end GSM1262539
2.0 Fertile_r2 maize fertile anthers, 2.0 mm rep 2. 48,664,038 37,369,821 1,619,660 18-34 SRNA single-end GSM1262540
2.5 Fertile_r2 maize fertile anthers, 2.5 mm rep 2. 50,543,592 38,558,501 1,741,426 18-34 SRNA single-end GSM1262541
3.0 Fertile_r2 maize fertile anthers, 3.0 mm rep 2. 28,476,786 22,486,717 1,442,498 18-34 SRNA single-end GSM1262542
4.0 Fertile_r2 maize fertile anthers, 4.0 mm rep 2. 27,693,417 22,443,995 1,839,185 18-34 SRNA single-end GSM1262543
5.0 Fertile_r2 maize fertile anthers, 5.0 mm rep 2 27,562,227 22,815,199 908,491 18-34 SRNA single-end GSM1262544
PLN Fertile_r2 maize mature pollen, rep 2 33,953,600 27,676,130 927,509 18-34 SRNA single-end GSM1262545
0.4 Fertile, r3 maize fertile anthers, 0.4 mm, rep 3 25,908,576 18,311,919 4,249,179 18-34 SRNA single-end GSM1262546
0.7 Fertile, r3 maize fertile anthers, 0.7 mm, rep 3 22,135,681 15,632,997 3,035,365 18-34 SRNA single-end GSM1262547
1.0 Fertile, r3 maize fertile anthers, 1.0 mm, rep 3. 29,761,645 20,582,961 3,093,242 18-34 SRNA single-end GSM1262548
1.5 Fertile, r3 maize fertile anthers, 1.5 mm, rep 3. 26,530,207 17,663,722 2,493,872 18-34 SRNA single-end GSM1262549
2.0 Fertile_r3 maize fertile anthers, 2.0 mm, rep 3. 23,136,153 16,954,448 1,797,534 18-34 SRNA single-end GSM1262550
2.5 Fertile_r3 maize fertile anthers, 2.5 mm, rep 3. 24,169,553 18,581,957 2,067,974 18-34 SRNA single-end GSM1262551
3.0 Fertile_r3 maize fertile anthers, 3.0 mm, rep 3. 23,155,446 19,068,211 2,182,258 18-34 SRNA single-end GSM1262552
4.0 Fertile_r3 maize fertile anthers, 4.0 mm, rep 3. 23,592,086 19,264,876 3,048,801 18-34 SRNA single-end GSM1262553
5.0 Fertile_r3 maize fertile anthers, 5.0 mm, rep 3. 23,453,249 20,769,242 1,243,953 18-34 SRNA single-end GSM1262554
PollenFertile_r3 maize mature pollen, rep 3. 20949777 18662268 854128 18-34 SRNA single-end GSM1262555
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Part B. Rice reproductive tissue specific small RNA data used for phasiRNA analysis

Distinct
" Genome Matched Genome  Length of GEO Accession
Code Title Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs

Reads
05ld58Ss_r1 0.5-1.0 cm panicles, long-day, 58S, rep 1 16799138 13828073 5283775 18-34 SRNA single-end GSM2253106
05d58Ss_r2 0.5-1.0 cm panicles, long-day, 58S, rep 2 9846199 7874822 3742835 18-34 SRNA single-end GSM2253107
11d58Ss_r1 1.0-2.0 cm panicles, long-day, 58S, rep 1 7442130 6108173 2471454 18-34 SRNA single-end GSM2253108
11d58Ss_r2 1.0-2.0 cm panicles, long-day, 58S, rep 2 11472561 8925938 3615463 18-34 SRNA single-end GSM2253109
31d58Ss_r1 3.0-4.0 mm florets, long-day, 58S, rep 1 6299626 5102487 1622550 18-34 SRNA single-end GSM2253110
3Id58Ss_r2 3.0-4.0 mm florets, long-day, 58S, rep 2 10223883 7519179 2419641 18-34 SRNA single-end GSM2253111
05sd58Ss_r1 0.5-1.0 cm panicles, short-day, 58S, rep 1 8055854 6584870 2925738 18-34 SRNA single-end GSM2253112
05sd58Ss_r2 0.5-1.0 cm panicles, short-day, 58S, rep 2 18566211 14567930 5584821 18-34 SRNA single-end GSM2253113
1sd58Ss_rl 1.0-2.0 cm panicles, short-day, 58S, rep 1 7744473 6437977 2579416 18-34 SRNA single-end GSM2253114
1sd58Ss_r2 1.0-2.0 cm panicles, short-day, 58S, rep 2 14180440 11744920 4390679 18-34 SRNA single-end GSM2253115
3sd58Ss_rl 3.0-4.0 mm florets, short-day, 58S, rep 1 9176074 7336665 2388519 18-34 SRNA single-end GSM2253116
3sd58Ss_r2 3.0-4.0 mm florets, short-day, 58S, rep 2 15378568 12179632 3726780 18-34 SRNA single-end GSM2253117
05ldNILs_r1 0.5-1.0 cm panicles, long-day, NIL (mh), rep 1 12429931 10295016 4424623 18-34 SRNA single-end GSM2253118
05ldNILs_r2 0.5-1.0 cm panicles, long-day, NIL (mh), rep 2 10256625 7447357 3206714 18-34 SRNA single-end GSM2253119
1ldNILs_r1 1.0-2.0 cm panicles, long-day, NIL (mh), rep 1 29509417 24349067 6541673 18-34 SRNA single-end GSM2253120
1ldNILs_r2 1.0-2.0 cm panicles, long-day, NIL (mh), rep 2 7850158 5939909 2561898 18-34 SRNA single-end GSM2253121
3ldNILs_r1 3.0-4.0 mm florets, long-day, NIL (mh), rep 1 8386684 6847925 2010762 18-34 SRNA single-end GSM2253122
3ldNILs_r2 3.0-4.0 mm florets, long-day, NIL (mh), rep 2 10022686 7598623 2598967 18-34 SRNA single-end GSM2253123
05sdNILs_r1 0.5-1.0 cm panicles, short-day, NIL (mh), rep 1 8597907 6802183 3014875 18-34 SRNA single-end GSM2253124
05sdNILs_r2 0.5-1.0 cm panicles, short-day, NIL (mh), rep 2 10704936 8578192 3931715 18-34 SRNA single-end GSM2253125
1sdNILs_r1 1.0-2.0 cm panicles, short-day, NIL (mh), rep 1 6415895 5204476 2226559 18-34 SRNA single-end GSM2253126
1sdNILs_r2 1.0-2.0 cm panicles, short-day, NIL (mh), rep 2 11674329 9135441 3734960 18-34 SRNA single-end GSM2253127
3sdNILs_r1 3.0-4.0 mm florets, short-day, NIL (mh), rep 1 7818855 6479341 2098046 18-34 SRNA single-end GSM2253128
3sdNILs_r2 3.0-4.0 mm florets, short-day, NIL (mh), rep 2 11982739 9196113 2861791 18-34 SRNA single-end GSM2253129
Part C. Rice vegetative tissue specific small RNA data used for P4-siRNA analysis

Distinct

y Genome Matched Genome  Length of GEO Accession
Code Tite Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs

Reads
SC1 seedling, control #1 2472008 1763317 721500 18-33 SRNA single-end GSMB16687
Ssc2i seedling, control #2 494459 227754 158463 18-31 SRNA single-end GSMB16688
SC3D seedling, control #3 1842826 1063877 570813 18-34 SRNA single-end GSM816689
SD1I seedling, drought #1 1680275 982644 349711 18-33 SRNA single-end GSM816690
SD2D seedling, drought #2 2235703 1439282 615557 18-34 SRNA single-end GSMB816691
SNall seedling, salt #1 1822602 986871 330981 18-33 SRNA single-end GSM816692
SNa2D seedling, salt #2 2809024 1934279 806954 18-34 SRNA single-end GSM816693
SCd1l seedling, cold#1 2705018 1887552 882545 18-33 SRNA single-end GSMB16694
SCd2D seedling, cold#2 2625889 1482336 630382 18-34 SRNA single-end GSMB16695
SHtll seedling, heat #1 510137 175362 97319 18-31 SRNA single-end GSMB16696
SCdNall seedling, cold + salt #1 714094 493668 291959 18-31 SRNA single-end GSM816697
SHtD1I seedling, heat + drought #1 462011 215053 56249 18-31 SRNA single-end GSMB16698
SHtNall seedling, heat + salt #1 747077 219088 110110 18-31 SRNA single-end GSMB16699
Sidcll seedling, OsDCL1 RNAi #1-1 419333 251401 190813 18-31 SRNA single-end GSM816700
S1dc1D seedling, OsDCL1 RNAI #1-2 3332599 2134662 1213681 18-34 SRNA single-end GSM816701
S2dc1l seedling, OsDCL1 RNAi #2-1 257241 144945 107396 18-31 SRNA single-end GSM816702
S2dc1D seedling, OsDCL1 RNAi #2-2 3181984 1944587 1101894 18-34 SRNA single-end GSM816703
RCn1l root, control for nutrient starvation #1 289! 194150 127848 18-31 SRNA single-end GSM816704
RCn2D root, control for nutrient starvation #2 5477023 3719351 852989 18-35 SRNA single-end GSM816705
RP1I root, - P #1 456618 250283 124133 18-31 SRNA single-end GSMB16706
RP2D root, - P #2 5833284 4344333 852024 18-35 SRNA single-end GSM816707
RS1I root, - S #1 579228 306274 173533 18-31 SRNA single-end GSMB16708
RS2D root, - S #2 5166197 3502211 753398 18-35 SRNA single-end GSMB16709
RN1I root, - N#1 423650 224994 145864 18-31 SRNA single-end GSM816710
RN2D root, - N #2 5724078 4044814 1262220 18-35 SRNA single-end GSM816711
RK1I root, - K#1 667359 236303 127402 18-31 SRNA single-end GSMB16712
RK2D root, - K #2 5704385 3647290 748559 18-35 SRNA single-end GSMB16713
RKNall root, - K + salt#l 499838 139224 76674 18-31 SRNA single-end GSM816714
RKNa2D root, - K + salt#2 4508732 2100768 528971 18-35 SRNA single-end GSMB16715
RD1I root, drought#1 406642 128721 75108 18-31 SRNA single-end GSMB16716
RD2D root, drought#2 2890472 957120 298845 18-36 SRNA single-end GSM816717
ShCn1l shoot, control for nutrient starvation #1 736021 497984 298674 18-31 SRNA single-end GSMB16718
ShCn2D shoot, control for nutrient starvation #2 3141376 1786416 684698 18-33 SRNA single-end GSMB16719
ShP1l shoot, - P #1 736745 535253 290663 18-31 SRNA single-end GSMB16720
ShP2D shoot, - P #2 3051116 1852316 559342 18-33 SRNA single-end GSM816721
Shs1l shoot, - S #1 541134 282941 173032 18-31 SRNA single-end GSMB16722
Shs2D shoot, - S #2 2942918 1519478 675086 18-33 SRNA single-end GSMB16723
ShN1I shoot, - N#1 923759 631219 325248 18-31 SRNA single-end GSM816724
ShN2D shoot, - N #2 3209447 2113011 477773 18-33 SRNA single-end GSM816725
ShK1l shoot, - K #1 3487 454418 228203 18-31 SRNA single-end GSM816726
ShK2D shoot, - K #2 4053276 3083210 839668 18-36 SRNA single-end GSMB16727
ShKNall shoot, - K + salt#1 730190 525272 289390 18-31 SRNA single-end GSM816728
ShKNa2D shoot, - K + salt#2 2992050 2392958 732325 18-36 SRNA single-end GSM816729
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Part D. Maize vegetative tissue specific small RNA data used for P4-siRNA analysis

Distinct
" Genome Matched Genome  Length of GEO Accession
Code Title Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs
Reads
Zmal Leaves 3796402 2679365 832169 18-33 SRNA single-end GSM433620
MzSeShoots seedling shoots 4406055 2759439 1113275 18-30 SRNA single-end GSM381716
MzSeRoots seedling roots 3960345 1506344 430806 18-30 SRNA single-end GSM381738
MzRoots Total RNA from maize root tissues 7672260 5825612 3272782 18-30 SRNA single-end GSM448855
MzSeedlings Total RNA from maize seedling tissues 7916225 6476874 3176876 18-30 SRNA single-end GSM448856
WT_h1 rpl wildtype B73 as control (for hen1); replicate #1 48831520 39555543 11284117 18-34 SRNA single-end GSM1178887
Part E. Maize rdr2 mutant (mop1) small RNA data used for 22-nt hc-siRNA analysis
Distinct
" Genome Matched Genome  Length of GEO Accession
Code Title Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs
Reads
ho_moplb immature ears of maize mop1-1 homozygous mutan 15,495,793 10,567,032 1,184,737 18-31 SRNA single-end GSM2889543
ho_mopld immature ears of maize mop1-1 homozygous mutan 14,212,640 10,573,800 1,665,630 18-31 SRNA single-end GSM2889544
ho_mople immature ears of maize mop1-1 homozygous mutan 14,686,514 11,160,380 1,486,854 18-31 SRNA single-end GSM2889545
ho_mop1f immature ears of maize mop1-1 homozygous mutan 15,448,835 11,529,681 1,491,233 18-31 SRNA single-end GSM2889546
Part F. Setaria viridis small RNA data used for phasiRNA analysis
Distinct
" Genome Matched Genome  Length of GEO Accession
Code Title Total Sequences Reads Matched Reads Type Technology Number/Pubmed IDs
Reads
leaf Sv r1 Setaria viridis A10, leaf, repl, BM14-288 20,659,361 11,563,221 1,826,851 18-34 SRNA single-end GSM3032205
leaf_Sv_r2 Setaria viridis A10, leaf, rep2, BM14-289 17,602,205 9,733,603 1,513,099 18-34 SRNA single-end GSM3032206
wp_stagel _r1 Setaria viridis A10, whole panicle, stage 1 (1.5 cm, in¢ 23,640,458 14,097,037 4,025,177 18-34 SRNA single-end GSM3032207
wp_stagel r2 Setaria viridis A10, whole panicle, stage 1 (1.5 cm, in¢ 21,602,557 12,785,814 3,191,407 18-34 SRNA single-end GSM3032208
wp_stage2_r1 Setaria viridis A10, whole panicle, stage 2 (inside leaf 24,427,838 16,988,532 4,078,841 18-34 SRNA single-end GSM3032209
wp_stage2 r2 Setaria viridis A10, whole panicle, stage 2 (inside leaf 31,927,539 19,627,808 5,063,609 18-34 SRNA single-end GSM3032210
wp_stage3_r1 Setaria viridis A10, whole panicle, stage 3 (coming ou 32,988,186 21,569,547 5,116,235 18-34 SRNA single-end GSM3032211
wp_stage3_r2 Setaria viridis A10, whole panicle, stage 3 (coming ou 30,824,651 20,152,812 5,011,261 18-34 SRNA single-end GSM3032212
wp_stage4 r1 Setaria viridis A10, whole panicle, stage 4 (completely 25,719,444 17,517,189 4,040,650 18-34 SRNA single-end GSM3032213
wp_stage4_r2 Setaria viridis A10, whole panicle, stage 4 (completely 21,392,850 14,926,683 3,401,924 18-34 SRNA single-end GSM3032214
wp_stage5_r1 Setaria viridis A10, whole panicle, stage 5 (completely 23,382,053 16,093,804 3,013,409 18-34 SRNA single-end GSM3032215
wp_stage5 r2 Setaria viridis A10, whole panicle, stage 5 (completely 20,408,897 12,876,032 2,130,225 18-34 SRNA single-end GSM3032216
spik_stage2_rl Setaria viridis A10, spikelet, stage 2 (inside leaf sheat 27,167,059 16,706,596 2,941,295 18-34 SRNA single-end GSM3032217
spik_stage2_r2 Setaria viridis A10, spikelet, stage 2 (inside leaf sheat 14,019,130 7,788,084 2,231,910 18-34 SRNA single-end GSM3032218
spik_stage3 r1 Setaria viridis A10, spikelet, stage 3 (coming out of le: 27,124,813 16,208,435 2,831,460 18-34 SRNA single-end GSM3032219
spik_stage3 _r2 Setaria viridis AL0, spikelet, stage 3 (coming out of le: 31,140,741 19,006,453 3,142,872 18-34 SRNA single-end GSM3032220
spik_stage4 r1 Setaria viridis A10, spikelet, stage 4 (completely out o 26,645,161 14,392,496 2,674,283 18-34 SRNA single-end GSM3032221
spik_stage4_r2 Setaria viridis A10, spikelet, stage 4 outo 21,208,719 11,713,330 2,134,357 18-34 SRNA single-end GSM3032222

3.1.7 Performance evaluation

Same as mentioned amapter2.1.4

3.2 Results

3.2.1 Cross validation results distinguishes reproductive phasiRNAs from other
SRNAs

We sought to identify unique attributes of rice and maize reproductive
phasiRNAs relative to other, etdescribed small RNA classes. To do this, we
developed a machine learnibgsed workflow focused on sequetlbEsed and
structural features of plant small RNASdure 3.2). To train the classifier, we used as
positive examples known reproductive phasf&&Nfrom rice and maize, including

both 2knt and 24nt phasiRNAs, while the negative sets consisted 6EiRAIAS,
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MiRNAs, tRNAs, and rRNAssge nethods). We built and evaluated classifiers by
utilizing different negative sets; the performance measurenvesits achieved via

five-fold crossvalidation (CV), completed five timesde nethods).

phasiRNA sequence L miRNAs, P4-siRNAs, tRNAs, and rRNAs
data sequence data

______ 1
) Feature 1
............................................. . I Generation

4—

Feature #1 | ------ -| Feature #1365,1366: GC content, Shannon Entropy I ---------- Feature #1498

5 times 5-fold cross validation
250 features selected based on information gain
¥

[ Bar e Envact | Numberofuees=100 E
RandDm ForESt —) Number of features accessed at each split =5

¥

Prediction

Predict on a new genome s A pplications of this approach

Figure3.2 General workflow of our pipeline.

With one exception (below), performance measures including accuracy,
specificity, etc. (abbreviated as ACC, SP, SE, PPV, and Ad#€section2.1.9
exceeded 80% (i.e. 0.8), for both-2ind 24nt phasiRNAs. We fitscompared 2t
phasiRNAs to a mixture of SRNAs that include selected miIRNAssiRNMIA, tRNAS,

and rRNAs- the nonphasiRNAs found in a typical plant SRNA datageail{le 3.3. In
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an initial comparison, the negative sets included RNAs of different le(rgthdomly
selected endogenous sequences). The classifier identified the combined negative sets
as quite distinct from 2ht phasiRNAs Table 3.3. Computing the area under the

ROC curve (AUC) Figure 3.1c), demonstrating the performance of the classifign w

an averaged AUC of 0.97. Next, we combined untrimmed miRNAs anua P4

siRNAs and the method still achieved high classification performahablg 3.3.

This indicated that SRNA length may be a primary factor in classification, and thus we
used negate sets trimmed by a few nucleotides to the same length to assess this

possibility.
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Table3.3 Results of classification to distinguishing phasiRNAs of lengths it

(top) and 24nt (bottom) from other small RNA types. ACC,
accuracy; SP, specificity; SBensitivity; PPV, positive predictive value.
See materials and methods for further detail. An asterisk (*) next to a
negative subset indicates no size selection or trimming of the sequences.
Results are averaged over the ffod crossvalidation. The sieg of
positive and negative sets are as followsn2phasiRNAs (n=2000), 24

nt phasiRNAs (n=2000), miRNA (n=756), B{RNAs (n=2000), tRNAs

(n=500), and rRNAs (n=500).

Classification Performance Evaluation Measure
Positive self Negative set ACC (xSD)| SP &SD) SE &SD) PPV &SD) | AUC (xSD)
m'i';,ﬁz* ' ':F;jf*NA " 0.93 ¢0.01)| 0.91(+0.00) | 0.92 ¢ 0.01)| 0.93 ¢ 0.01)| 0.97 & 0.00)
hii-igtNA miRNAs* + P4siRNA | 0.93 ¢0.01)| 0.90 ¢0.00) | 0.94 ¢0.01) | 0.87 ¢0.02) | 0.97 ¢ 0.00)
P P4si RNAs, 3 0.83¢0.02)| 0.84 ¢0.01) | 0.83 ¢0.02) | 0.83 ¢0.01) | 0.92 ¢ 0.00)
mi RNAs, 3d0.81@0.01) 0.77 ¢0.01) | 0.85 ¢ 0.03)| 0.78 & 0.02)| 0.90 ¢ 0.01)
P4siRNA 0.84 (+0.01] 0.82 (+0.00) | 0.84 (+ 0.01)| 0.83 (+0.01) | 0.91 ¢ 0.01)

240t iRNAS* + PASIRNA +

phasiRNA | "0 L A NAT 0.87 (+0.01) 0.82 (+0.00) | 0.91 (+ 0.01)| 0.84 (+0.01)| 0.93 ¢ 0.01)

We classified 24nt phasiRNAs relative to 24t P4siRNAs with 3 nt trimmed
fromthe ® ggealsectio.1.?; the classifier performed reasonably well (>0.8 for

all measurements, ACC, SP, SE, PPV, and AUC). We also trimmetRRAs 3 nt

from

substantial changes in classificatiomo matter how the P4iRNAs were trimmed to

21 nt, they are distinct from 2it reproductive phasiRNAs. We comparedri2l
phasiRNAs to 24t miRNAs (some trimmedseesection3.1.2, and found similar
ACC, higher SE, but slightly lower SP and PPV; the lower SP may be attributed to
fewer miRNAs (756 vs 2000 24t phasiRNAs in the positive set). This imbalance
possibly misclassified someiRNAs, hence low specificity and a high number of

false positives (lower PPV). We followed the same procedure in classifying e 24
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phasiRNAs, first with 24t P4siRNAs and next with the combined negative set. In
both cases, the classification of thegative set against 2# phasiRNAs resulted in
strong scores for all four performance measuremdrabl¢ 3.3. This indicated that
the 24nt phasiRNAs are also compositionally distinct fromr24P4siRNAs. We
observed an averaged AUC of 0.93 when cigisgj 24-nt phasiRNAs with the
combined negative setFigure 3.1d). Thus, the pipeline successfully classified
reproductive phasiRNAs relative to other plant sSRNAs with high values for all
performance measurements.

Next, we investigated the predictive s#ivity of our pipeline, asking whether
it can correctly classify previously unutilized members of a larger positive set of
reproductive phasiRNAs. These new sequences were different from the 2000 used in
the positive set during cross validation. The sifeex was first given 27500 2dt
phasiRNA sequences and, next, 7750n24hasiRNA sequences (rice and maize
combined, in each case). The classification pipeline based on models that combined
each of the negative sets (MIRNAs +&RNAs + tRNAs + rRNAspredicted 26208
21-nt phasiRNAs (SE > 0.96) and 7093-24phasiRNAs (SE > 0.90), achieving high
sensitivity in rice and maizél &ble 3.4a). To assess predictive specificity, we used a
set of 1000 P4iRNAs (500 from each species). Ther#gphasiRNA modepredicted
862 P4siRNAs with a specificity of 86.2% and the-Bi phasiRNA model predicted
995 P4siRNAs with a specificity of >99%T@able 3.4); P4siRNA length is a key

distinguishing characteristic.
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Table3.4 Predictive performance of classification modis of 2kand 24nt
phasiRNAs. TP, true positive prediction; SE, sensitivity; TN, true
negative prediction; SP, specificity.

a. Predictive sensitivity on rice and maize

. e Classification Model Performance Evaluation
Predictive sensitivity (positive set vs negative set) Measure
TP SE
21-nt phasiRNAs 21-nt phasiRNA vs. miRNA + P4-siRNA + tRNA + tRNA 26458/27500 | 0.962
24-nt phasiRNAs 24-nt phasiRNA vs. miRNA + P4-siRNA + tRNA + tRNA 7017/7750 0.905
b. Predictive specificity on rice and maize
o Performance Evaluation
Predictive specificity ® C_‘.tl_ismﬁ?inon M?id 9 Measure
ositive set vs negative se ™ Sp
P4-5iRNA 21-nt phasiRNA vs. miRNA + P4-5iRNA + tRNA + rRNA 995/1000 0.995
P4-siRNA 24-ntphasiRNA vs. miRNA + P4-siRNA + tRNA + tRNA 862/1000 0.862
c. Cross-species predictive sensitivity in Setaria viridis
C A Classification Model Performance Evaluation
Predictive sensitivity (positive set vs negative sef) Measure
TP SE
21-nt phasiRNAs 21-nt phasiRNA vs. miRNA + P4-siRNA + tRNA + rRNA 1868/2000 0934
24-nt phasi s 24-nt phas vs. mi + P4-si +1 +r 723/2 .
24 hasiRNA 24 hasiRNA iRNA + P4-siRNA + tRNA + rRNA 1723/2000 0.861

We tested the trained model with the unanalyzed genome of theSgtsta
viridis and small RNA data from panicleseg section3.1.5 and Table 3.2. We
applied the classification models from rice and maize to assess reproductive
phasiRNAs in the S. viridis data. The models predicted 1868t 2hasiRNAs and
1723 24nt phasiRNAs with a sensiity (SE) of > 0.93 and > 0.86, respectively
(Table 3.4c). We concluded that the machilearning method is effective for de novo

classification of plant small RNAs.
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3.2.2 Position-specific biases in phasiRNAS relative to other small RNAs

Knowing that reprodctive phasiRNAs are distinct from other small RNAs, we
sought to characterize these differences at the single nucleotide level. We computed
singlenucleotide sequence profiles for the most abundant 1000 reproductive
phasiRNAs (for 21or 24nt, rice and raize data combined), miRNAs, and-24P4
siRNAs, determining the frequencies of each nucleotide (A, C, G, and U) at each
position fFigure 3.3). We compared the positispecific base usage between the
reproductive phasiRNAs and either miRNAs2#P4sRNAs by conducting a two
tailed, rank sum tesP(= 1€°) to identify positions with statistically significant base
usage that would distinguish phasiRNAs from either miRNAs esiRMAs [Figure

3.3.
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Figure3.3 Reproductive phasiRNAs have characterisd position-specific
nucleotide biases Singlenucleotide sequence profiles of position
specific base usage comparing-r&l phasiRNAs (left) and either
mMiRNAs (at right in panel (a)), or 24t P4siRNAs (at right in panel (b)).

For all phasiRNA analyses itis figure, the top most abundant 1000
phasiRNAs from the rice and maize data were combined; in panel (a),
553 rice and 203 maize miRBaaenotated miRNAs were usesk(tion
3.1.2. The frequencies of each of thmuf bases (A, C, G, and U) at each
position are indicated as an open circle. Markers denoted as small square
boxes represent positions at which a statistically significant (p-5) 1e
base usage distinguishes phasiRNAs and either miRNAs (panel (a)) or
P4-siRNAs (panel (b)), determined by comparison of the data in the two
plots. Dotted circles highlight positions in the sequences selected for
further discussion in the main text. The gray boxes at right covering the
22nd, 23rd, and 24th positions to retainr fabomparison with 2t
phasiRNAs and the longer sequences, including that those additional
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position could be disregarded. (c) Singlécleotide sequence profiles of
position specific base usage comparingn2phasiRNAs (at left) and 24

nt P4siRNAs (at mght). In panels (a,c), the blue boxes highlight
positions that were analyzed in greater detail in Fig. 4 (positions #1 & 19
for 21-nt phasiRNAs, and positions #1 & 22 for-@dphasiRNAS).
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Figure3.4: Position-specific nucleotide biases in either the nedetected positions

from

reproductive PHAS loci

phasiRNAs or in all detected

phasiRNAs. (a) Singlenucleotide sequence profile of positispecific

base usage of phasiRNA positions not detected in the sequencing data but
within reproductive PHAS loci. At l&f 21-nt phasiRNAs (rice = 72955

and maize = 2085, combined); at right-r#4phasiRNAs (rice = 1877

and maize = 3916, combined). The frequencies of each of the four bases
(A, C, G, and U) at each position are indicated as an open circle. (b) As
in panel &), singlenucleotide sequence profile of positiepecific base
usage, in this case, for all reproductive phasiRNAs detected in the SRNA
libraries used in this study; at left, -21 phasiRNAs (rice = 20240 and
maize = 9260), and at right, 2¢ phasiRNAgrice = 2950 and maize =

8800).
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Figure3.5 Position-specific nucleotide biases in positions from reproductive
PHAS loci detected as sequenced phasiRNAs in three grass species.
Below are singlewucleotide sequence profiles of positigpecific base
usage of phasiRNA of rice, maize, afdtaria21- and 24nt phasiRNAs
(left and right plots, respectively) each compared tsiRNAs from the
same species (in the middle plots). Thequencies of each of the four
bases (A, C, G, and U) at each position are indicated as an open circle.
Markers denoted as small square boxes represent positions at which a
statistically significant (p = 1d) base usage distinguishes phasiRNAs
and P4siRNAs in maize (panel (a)), rice (panel (b)), ddetaria(panel
(c)) determined by comparison of the data in the plots. Dotted circles
highlight positions in the sequences selected for further discussion in the

main text.
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At a significance level of 18 comparing the 2ht phasiRNAs and miRNAs,
the usage of bases at eight positions differed significantly (positions 1, 2, 8, 19, and
21; Figure 3.3a). We repeated the calculation, comparing-n21lreproductive
phasiRNAs and 24t P4siRNAs (Figure 3.3b), danonstrating significant differences
at positions 1, 14, 19, 20, and 21. Combining these results, we made several
observations: ()in2ht phasi RNAs, there was a 506 nuc
recently reported (Komiya et al., 2014), but a stronglet®sn of G. (ii) We noticed a
peak of U at the 14th position in the phasiRNAs (relative tsiRNAS), unusual as
there were no other biased positions between 3 and 19; the only other internal position
showing bias was a G at position 8 in the miRNRAgre 3.3a) . (irii) I n the
the 21nt phasiRNAs, we observed a peak of G at the 19th position (with a depletion
of A), and U at the Zposition (G strongly disfavored). This representation of G at
the 19" position was investigated in more detaglow.

We conducted a similar analysis comparing the posgmecific base usage
between the 24t reproductive phasiRNAs and 8RNAs. Positions 1, 10, 20, 21,
22, and 23 were statistically differefigure 3.3c), consistent with 24t phasiRNAs
and P4siRNAs differing in base usage over their length. All enspresented
nucleotides in 24t phasiRNAs were either A or WFigure 3.3) ; - abndd -erdd®
differed, and internal positions 10 and 11 were overrepresented for U in the 24
phasiRNAs. The lattecorrespond to the internal positions critical for cleavage by
AGO proteins directed by miRNAg§Carrington and Ambros, 2003) T hend 3 0

difference was most strikingn the P4siRNAs, there was a high frequency of G from
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the 20" to 24" positions and a coincident depletion of Eigure 3.3c), whereas 24t

phasiRNAs had an overrepresented A attHd g si t i on and U at the
sequencdased features of reproductive phasiRNAs, observed at both ends and
internally, plus the distinct overall nucleotide composition of 2Hent phasiRNAs

likely have implications for AGO loading and phasiRNBkget interactions. These
differences may also contribute to the sstoichiometric abundances of individual
phasiRNAs at eacRHASIocus.

As observed for animal miRNALhatterjee et al., 2011; Tamim et al., 2018)
nonstoichiometric abundances atP&lASlocus may result from AGO loading and
subsequent stabilization of functional siRNAs. At a giveRIAS locus, sore
phasiRNAs are never observed in the sequenced sRNAs; we could extract these
computationally. We comput ed t he sequenc
reproductive phasiRNAs in rice and maize. In a comparison to phasiRNAs detected in
the sequencing dataye observed a substantial, overall sequence composition
difference for 2int phasiRNAs [igure 3.3 a,c versus Figure 3.4a, left). The
differences for present versus absenn2d p hasi RNAs wer e -l ess pr
biased Figure 3.3c, left, versusFigure 3.4a, right). To ensure that the profiles for
detected phasiRNAs were not unduly biased by the use of the top 1000 sequences, we
also plotted the sequence profile of all sequencedRfjure 3.4b, left) and 24nt
phasiRNAs Figure 3.4b, right) from the positive set No major changes were
observed in the sequence profile relative to the abuneseieeted subset (i.Eigure

3.3,0. The comparison of present versus absent reproductive phasiRNAs
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demonstrated significant differences in nucleotide comipositconsistent with

relative stabilization of those detected reproductive phasiRNAs after biogenesis.
We checked some of the unusual features (high 14U and low 19A-mh 21

phasiRNASs; high 10U, high 11U, and high 24U inr#4phasiRNAS) of reproductive

phasiRNAs across species to assess their conservéiigmd 3.5). The features of

the 21nt phasiRNAs are highly conserved across all three grass species (maize, rice,

and S. viridis) notably the high 14U and low 19A positiorfagure 3.5 a,b,c, left
panels). For the 24t phasiRNAs, the high 24U position was highly conserved, and
the high 10U and 11U were somewhat less conserve.thieidis 24-nt phasiRNAs
were somewhat different in their composition of internal positions (3 and~&j)ré

3.5 a,b,c, right panels). Altogether, this analysis identified novel and conserved

sequencéased features of reproductive phasiRNAs in grasses.

3.2.3 The duplex nature of phasiRNA biogenesis impacts nucleotide
composition

The observed nucleotide biases at188 position in the 24nt phasiRNAs and
at the 229 position in the 24t phasiRNAs were the next subject of our investigation.
Dicer cleavage typically yields ar2t 3 Nj (Maaae letal2Q06) each sRNA
duplex from a dsRNA precursor overlaps by two nucleotides with neighboring

phasiRNAs. Integrating positiespecific biasesHigure 3.6a,b), the influence of the

mostf requent nucleotides in the dtlbagpd str an

targeted by the mi RNA trigger) on the
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by RNA DEPENDENT RNA POLYMERASE 6, RDR6) is apparent for the first and

last three nucleotides; for example, thé"f®osi ti on G corr &sponds
position) for the duplex phasiRNA. Thus, there is a potentiabias between the®1

and 19" positions, such that if both strands of ar?lphasiRNA duplex require a
specific 5060 nucleotide to ensurfgosifpnoper A
will co-vary with the F' position. Alternatively, if only one strand of the duplex is

loaded and the duplex partner is dispensable, then thepdgition of the loaded

strand is under no selective constraint. For example, in 21 phasi RNAs, tf
position was presminantly C (40.1%) at the?lposition, and the most prevalent™9

nucleotide was G (35.7%lrigure 3.7a, top). This is consistent with a-twas for the

paired positions in the dupl eX¥igurebag!| di ng
We can infetthat 2knt phasiRNAs may have no strand specificity and either strand is

l' i kely to be |l oaded into the AGO protein
the 2Int phasiRNAs, the 19A and to a lesser extent 19U classes were
underrepresentedrigure. 3.7a, bottom), corresponding to bottestrand 1U and 1A

phasiRNAs in a duplex; since 1U phasiRNAs were common among the sequenced
phasiRNAs Figure 3.7a, top), we could infer a bias against 1U phasiRNAs in the

complement to phasiRNAs abundant in our lilaswr
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Figure3.6. Nucleotide biases indicate one of the two SiRNA precursor duplex
small RNAs is preferentially retained. Schematic duplex structures of
di fferent types of-amldaefidare amaotaled RNAS ;
and highlighted to emphasize the ughce that a nucleotide bias on one
strand has on the other due to pairing. The first three and the last three
nucl eotide positions-aad-endpasiionsg at ed
respectively, as the analyses focused on sequence composition biases at
these positions; red numbering indicates the base position within the
small RNA. Within each position, the top two most frequent nucleotides
are indicated, with the first representing the most common occurring
nucleotide; the sequences analyzed are the samiEigare3.3 (a)
Positionspecific nucleotide biases for abundant-ri21reproductive
phasiRNAs in rice and maize. (b) Positigpecific nucleotide biases for
24-nt reproductive phasiRNAs from rice and maize. (c) Pos#jpecific
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nucleotide biases for PBIRNAs from rice and maize; for PIRNAS,

the RDR2derived bottom strand may terminate at the 22nd position,
corresponding to t hederbveld stamddalthodgh t he 0
this is asyet poorly characterized (indicated by lighter shading ef th

23rd and 24th positions). (d) For comparison to panel (c), prior work by

Zhai et al. (2015) and Blevins et al. (2015) described the P4R2 (Pol IV

and RDR2derived) precursors of 24t P4siRNAs as ~26 to 42 nt

RNAs; mapped onto the green Pol IV RNA are thases observed here

for P4s i RNAs. The 50 and-defdvéd steandd are o f t h
blurred because these ends have not yet been characterized.
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Figure3.7. 5' ends in phasiRNA duplexes influence the composition of -3'
proximal nucleotides. (a) The pie chas show the composition as a
percent of all four nucleotides at the 1st (above) and at the 19th (below)
positions in 2int reproductive phasiRNAs, combined from maize and
rice. The predominant nucleotide is highlighted by separation from the
other three. Miese data are the sameFagure 3.3(blue boxes in that
figure), redrawn here for clarity. (b) Above, nucleotide composition at
the 19th position of the 24t phasiRNAs shown in panel (a) when the 1st
position is selected or fixed, as indicated on thaxi6. Below, the same
analysis for the 1st position composition when the 19th position is
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selected or fixed. (c) Pie charts shows the composition as a percent of all
four nucleotides at the 1st and at the 22nd positions-im phasiRNAS,
combined from mize and rice. These data are the samEigisre 3.3,

left panel (blue boxes in that figure), redrawn here for clarity. (d) Above,
nucleotide composition at the 22nd position of then2$phasiRNAs
shown in panel (c) when the 1st position is selectedkedfias indicated

on the Xaxis. Below, the same analysis for the 1st position composition
when the 22nd position is selected or fixed. (e) Pie charts as above, for
P4siRNAs, combined from maize and rice. These data are the same as
Figure 3.3¢ right pané& redrawn here for clarity. (f) Above, nucleotide
composition at the 22nd position of the-@4P4siRNAs shown in panel

(e) when the 1st position is selected or fixed, as indicated on-thasX
Below, the same analysis for the 1st position compositioen the 22nd
position is selected or fixed.

To assess positional covariance, we analyzed@d 24nt phasiRNAs versus
P4si RNAs, comparing the 506 nucleotide to
strand 50 p enssiRNAspand 2@ ih4&nt SIRNAs®. Eirst, we compared
the nucleotide composition at the™ @osition of 2int phasiRNAs for a givensi
nucleotide and we performed the same analysis for ffpodition composition with
the 19" position fixed Figure 3.7b). The 1U phasiRNA$ i . e . 506 U) had
uniform distribution of nucleotides at the®™position, which was striking relative to
the 1C, 1A, and 1G phasiRNAs, which were depleted for 19A phasiRNAs (and 19U,
to a lesser extent). Another noticeable bias was for 1C phasiRNAs, which were
predominantly 19C or 19G, yielding a phasiRNA duplex dfiexi 1C/1G or 1C/1C

(top strand/bottom strand). 19G was prevalent for 1A, 1U, and 1G phasiRNAs, in each

case yielding a 1C bottosit r and phasi RNA. Next, we ana

composition for 24nt phasiRNAs after fixing the ¥9position Figure 3.7b, lower
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panel). Among 19G phasiRNAs (the predominant gré&igure 3.7a), 1C was most
common, corresponding to a 1C/1C duplex. For 19C phasiRNAs (1G on the
complement), a strong bias of 1C was observed; since 4@ @iasiRNAs are most
commonly loadedo MEL1 (Komiya et al., 2014)this was perhaps an indication of
strand specificity (i.e. 1C/1G duplexes, so only the 1C strand loaded). Therefore,
among 2int phasiRNAs, there is a doias of the I and 19" positions, perhaps
reflective of strand specificity in AGO loading.

Next, we performed similar analyses for-@4phasiRNAs, focused on thé' 1
and 229 positions Figure 3.6b). The ' position was less iksed than 2ht
phasiRNAs, although 1G was also underrepreserfiigaire 3.7c, upper); at the 29
position, there was less bias than for th& p®sition of the 24mers Figure 3.7c,
lower), with an increase of A representation, particularly relativetiier nucleotide
positions Figure 3.3, left). 22A corresponds to 1U in the complement, and since 1U
24-nt phasiRNAs were common in our datagegre 3.7c, upper), both phasiRNAs
in such a duplex are favored in our data, consistent with a lack ofl spatificity.
Lower levels of 1/22" position covariation were observed in-2# than 2int
phasiRNAs Figure 3.7d), and there was an overall& enrichment Figure 3.3c),
demonstrating more relaxed sequence constraints.

For comparison to the 24t phaiRNAs, we measured the positiepecific
nucleotide biases for PRIRNAs. Their precursors have been descritbédgufe 3.6d;
summarized fromBlevins et al, 2015; Zhaiet al, 20153, although the nature of

RDR2derived bottom strands is-gst incompletely understood (i.e. how they initiate
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and terminate relative to the ends of the P4 precursor). Unlike phasiRNAs, however,

there is no expectation of B4i RNA fAdupl ex esdgrandvtoeld eby ei t
loaded, and data frorfzhai et al., 2015ajndicate that the # strand is preferably

loaded over the RDR2 stran#ligure 3.6c). Apart from the strong overall 1A bias

mentioned above, no notable-cariation biases were observdéigure 3.7e,1); i.e.

the proportional representation in the "22osition was essentiallynvariant,

regardless of thelposition nucleotide, G>C>A>U, consistent with a strong overall

bias to the GGGGCguedk).f i n the 306 end (
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Figure3.8 22-nt siRNAs from maize are distinct from P4siRNAs, but have
similar 30 end s éGh)Seageneleotide seguerce t i on .
profiles of position specific base usage comparing maizet 2Z8RNAs
(N~4000) enriched in libraries from the maize rdr2 mutant and
overlapping with highly repetitive regions (i.e. hits > 50 in the genome)

(a) and 24nt P4siRNAs, combined from maize and rice (b). The blue
boxes highlight positions that were analyzed in greater detail (positions 1
& 20 for 22nt siRNAs). (c) A comparison of the positigpecific base

u s a g e -masf five3ndicleotides of the 2 siRNA (lef) and P4
siRNAs (at right); for this analysis the small RNAs were aligned from the

36 ends. These five positions were
360 end; as A3®, e miBadq ,emBIBOOeenrdn d R 30 e
i40. ( d) Atts indieatetthe coppositiorc ds a percent of all

four nucleotides at the 1st and at the 20th positions int ZIRNAs.

These data are the same as panel (a) (blue boxes), redrawn here for
clarity. At right, and above, nucleotide composition at the 20tltipos

of the 22nt siRNAs shown in panel (d) when the 1st position is selected
or fixed, as indicated on the-&xis. At right, below, the same analysis for
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the 1st position composition when the 20th position is selected or fixed.
(e) A schematic indicatinghe top and bottom strand positiepecific
nucleotide biases for 22 siRNAs from maize, as iRigure 3.6

Combining the compositional analys#sscribed above, we applied these same
approaches to an unusual group of siRNAs, a set -oft,2@utative heerochromatic
siRNAs that are RDRihdependent, thus far found only in mai@eobuta et al.,
2008) We were interest-etchesti RNAsal hbz2zeatibesddl
poorly characterized and their relationship tedfRNAs is not knowngection3.1.6
for extracting 22nt siRNAs). The most significant difference betweennfhc
siRNAsand 2t P4s i RNAs was at 506 eHgdre38ab)ibuti ons 1,
the level of A in 22nt hesiRNAs was significantly lower froposi t i on 12 t o
end, compared to the 24 P4s i RNAs . There were apparent
compared by counting nucleotides from the
aligning the 36 ends and meas @ercompagingposi ti
up to five positions at the 306 end minus I
some cases from the 306 end. Measured this
in position 1, at which the ® composition varied significantly={gure 3.8c). We
next looked at covariation between thé'2md F' nucleotides in the 28t hesiRNAS;
as with P4siRNAs, the 2t nucleotide representation was more or less the same for
al | 56 nucl eotides, and everdpditonGdarB8e maj o

nucleotides were equally representéag(re 3.8d). This lack of bias would yield
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many bottom strand 56 G sRNAs whi ch ar e
specificity for the 22nt hesiRNAs Figure 3.8e). Thus, these RDRiddependent 22
ntsi RNAs have <cl ear 50 -siRNAd, eonststert svith alc o mp ar
alternative production pathway and/or function.

The results of analysis of the nucleotide andvapation biases across
di fferent cl asses o fproxémalReNdSae cansistemtlwgh 506 at
evidence of strand specificity for both-2and 24nt phasiRNA duplexes. There is
stronger support for strand selection of-rR1lreproductive phasiRNAs, perhaps

reflective of selection by the AGO protein of one strand over the other.

3.2.4 Predicted targets of reproductive phasiRNAs as a means to infer function

As little is known about the targets and the functions of the reproductive
phasiRNAs, we attempted to predict targets for the 500 most abundamiejotéec
(21-nt) and meiotic (2t) phasiRNAs in rice. Using standard miRNa#get
interaction criteria, pdr reports failed to find targets of reproductive phasiRNAs, yet
reporting few details of these negative res(flisai @ al., 2015b; Song et al., 20112
We revisited this tpic because new, more powerful, faster and flexible target
prediction met hods ar e av dialsadloetgrgeRINrAI o0 r
interaction pipeline, that may not accurately capture plant target sim{ldekyana et
al., 2014. sPARTA(Kakrana et al., 2014a) ses d riee®edpproach an:t

flexibility in pairing parameters. We conducted a comparative analysis, measuring
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classby-class how predicted targets of these abundant phasiRNAs compared to those

of other known sRNAs, such as miRNAs andd2NAsS.

3.2.4.1 21-nt phasiRNAs

First, we compared in rice the distributioh predicted target scores (TS) of
21-nt phasiRNAs with a selected set of known, conserved miRR#ysiie 3.92). We
selected plant miRNAs with numbers lower than miR1000 (i.enoR4.62) (n=288),
as these are generally abundant, conserved, and bettactehaed than any more
recentlydescribed miRNAs. For miRNAs versus -2t phasiRNAs, targets were
predicted, retaining two sets of results:
target penalty score, meaning a high degree of complement&iagh sRNA would
also have at least one perfect match in the genome, a target score of 0, potentially the
result of targeting ircis. For 2int phasiRNAs, the TS distribution peaked at 3.5
(Figure 3.9, left), compared to ~1 for miRNAg~iQure 3.9, right). The relative
paucity of TS matches in the range of 0.5 to 1.5 fenphasiRNAs was striking,
particularly since many miRNAs have predicted targets in this range. We inferred
based on this pattern of sequence complementarity that phasiRNAs, unke
MiRNAs, either may function largely itis via perfect matches or have been selected
to avoid closelymatched targets.

To dissect these predicted-81sRNAtarget interactions in rice, we recorded
positionspecific matches for both phasiRNarget andmiRNA-target interactions

(Figure 3.9b). This represented the putative binding pattern as a percentage of each
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position of predicted matches, gaps, wobbles, and mismatches. We selected only
predicted targets (for both phasiRNAs and miRNAs) with a TS leetv@e5 and 3.5,
omitting selftargeting interactions. Overall, consistent with higher scoremt21
phasiRNAs showed lower match rates across all positions than miRIN@Srg

3.%); a few substantial positiespecific differences were observed, includmgher

match rates for phasiRNAs at the' land 2% positions, and a higher (yet
unexplainable) rate of gaps at the"lposition Figure 3.%). We concluded that
unless 2int reproductive phasiRNAs target primarily @ms, they must have lower

levels ofcomplementarity to their targets than miRNAs.
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phasiRNA target prediction illustrates low complementarity
compared to other SRNAs to their targets due to sequence diversity.
Target prediction for top 500 most abundant &id 24nt phasiRNASs in
rice, rice 3digit miRNAs (n=288), and top 500 most abundant P4
siRNAs in rice was performed using SPARTA. (a) The bar plots show
target score distribution (as indicated oraXs) for 2int phasiRNAs (at
left) and 3digit miRNAs (at right). Dark purple barsegict target score
distribution of all targets of 2ht phasiRNAs and -8igit miRNAs.
Orange bars depict target score distribution of only best targets (targets
with a lowest target penalty score, meaning high degree of
complementarity between phasiRNAs miRNAs and their targets) of
21-nt phasiRNAs and-8igit miRNAs. As indicated, Yaxis (number of
targets) is transformed into log2 scale and red arrow indicates potential
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selftargeting or cis interactions (with target score of 0, meaning perfect
match).(b) The bar charts record the-8i phasiRNAtarget interaction

(at left) and 2digit miRNA-target interaction (at right) for all targets with
target score between 0.5 and 3.5, capturing binding pattern as a percent
(Y-axis) of match, gap, wobble, and match. (c) Bar plots showing
target score distribution as above panel (a), fen2ghasiRNAs (at left)
and 24nt P4siRNAs (at right). (d) As above panel (b), the bar charts
indicating the binding pattern as a percenta@s) of match, gap,
wobble, and nsmatch for 24nt phasiRNAtarget interaction (at left) and
24-nt P4siRNAstarget interaction (at right) for all targets with target
score between 0.5 and 5.

3.2.4.2 24-nt phasiRNAs

Next, we extended our analysis to attempt to find the targets of the
reproductive24-nt phasiRNAs, again focusing on rice. We performed analyses as
above and compared the TS distribution ofn2ghasiRNAs Figure 3.9c, left) with
the top 500 most abundant -84 P4siRNAs (igure 3.9, right). We omitted the
higher penalty for anismatch at the ¥Dand 11" positions in the target alignment, as
pairing requirements for individual 24 siRNAs have not been described. For the 24
nt phasiRNAs, we observed a peak in the number of best targets Rtglife (3.9c,
left); this matchedhe peak forP4 i RNAs (excluding perfect,
yet P4siRNAs yielded a more even distribution of scores. There was a striking gap in
the distribution of target scores from 0 to ~2 for thenRphasiRNAs, indicating that
these lack higly homologoudranstargets Figure 3.9c, left). In other words, the 24
nt phasiRNAs are largely quite distinct from most other genome sequences, relative to

P4-siRNAs, which find many highly homologous potential target sites.
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As for 21nt phasiRNAs, weecorded positiorspecific matches for both 24
phasiRNA and P4siRNA-target interactionsHigure 3.9d). This represented the
putative binding pattern as a percentage of each position of predicted matches, gaps,
wobbles, and mismatches. Given the dédfe score distribution relative to 2ders,
we selected only predicted targets (for both phasiRNAs arsiFMAsS) with a TS
between 0.5 and 5, omitting sédfrgeting interactions. Consistent with higher TS
scores, 24t phasiRNAs showed lower match ratesross all positions than P4
SiRNAs (Figure 3.9 left versus right), i.e. an average of 15 to 20% mismatches

compared to fewer than 15% mismatches fanRB4siRNAs.

3.2.4.3 Classes of predicted reproductive phasiRNA targets

As a final step in analyzing thegsible targets of reproductive phasiRNASs in
rice, we classified the predicted target loci. This analysis used all predicted targets
described in the sections above, including bothandtranstargets. In rice, the top
500 21nt phasiRNAs were predicted target 7766 lociTable S3.1). These putative
targets included 1400 (18.02 percent) loci classified by RepeatMasker as related to the
transposable elements (TEShe top 500 24t phasiRNAs were predicted to target
5631 loci, of which 836 (14.84 perdgrare related to TEsT@ble S32). To assess
whether these predicted matches to TEs represent an enrichment or depletion
compared to random chance, we randomly selected 7800 and 5600 genes from the

35,000+ annotated genes in rice; among these, ~30 taBd ¥Elike. Therefore, the
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predicted targets of reproductive phasiRNAs are relatively depleted fdikdE
targets. We performed this analysis also in maize for botta2d 24nt phasiRNAS,

with a similar result (not shown). Overall, our results are istarst with earlier
statements that classes of potential targets are not evident for reproductive phasiRNAS,
and thus the characterization of their functions will require molecular and biochemical

investigation.

3.2.5 An AGO competition model

Reproductive phaRINAs are a rich dataset for computational analysis, since
they are produced from hundreds or thousands of loci, unlike tasiRNAs for which only
TAS3is broadly conserved. This massive set of loci within a single genome allowed
the largescale assessment phasiRNAspecific biases, not possible in Arabidopsis,
for example. One observation we made was the significant biases in the representation
of specific nucleotides at thé'and 19" positions among the 2hers. One possible
interpretation of these biasés a model of competition for loading between the two
strands of a duplex, whereby one strand is preferentially loaded over the other,
typically understood t (Bchvaez edat., 2008vhichlisy t he !
a preferred C in the case of-Bfireproductive phasiRNAKomiya et al., 2014)Yet,
1U phasiRNAs are quite abundant, begging the question of whether these are
competing with 1C phasiRNAs for loading into MEL1; among sequenced MEL1

asso@ted phasiRNAs, 1U phasiRNAs were less than 10% of the(idahiya et al.,
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2014) Perhaps the higher proportion in the sequenced phasiRNAs reflects (1tystabil

in the absence of loading, or (2) perhaps 1U phasiRNAs are loaded into a different
AGO than the 1C phasiRNAsmaybe AGO1, known to have an affinity for 1U-atL
SRNAs (Zhao et al., 2016)Assuming thelatter, for the sake of argument, the
difference in the 19 position for a given $ position nucleotide for the 2t
reproductive phasiRNAs could be explained by AGO affinity: 1U phasiRNAs may be
loaded as well or better than 1C phasiRNAs, but intg thfferent AGO. An
additional influence on these terminal or ntaminal positions may be strand
selection during AGO loading of the duplex, which is influenced by factors including
the thermodynamic stability of the two ends of each phasiRNA d(fiehwarz et al.,

2003)
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Figure3.10 An AGO competition model may explain abundance differences for
1U, 1C or other 2int phasiRNAs. We propose a model for AGO
proteins competing for phasiRNAs, distinguished by 1st and 19th
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position nucleotides, to explain the substantial differences in abundances
observed among sequenced or absent phasiRNAs, and when compared to
MEL1-associted 21nt phasiRNAs. IUPAC nucleotide codes (shown in

the table) are used for simplifying the representation of nucleotides at the
1st and the 19th positions, hi ghligh
and a gray bottom or complementary strand. Diffe@mbinations of

the nucleotides at the 1st and the 19th positions on a top and a bottom
strand, comprising a single duplex
Loading of a particular strand from a duplex into a specific AGO is
indicated by the arrow of s& color as the nucleotides on that strand. (a)

In a 1V/19A - 1U/19B duplex, 1U/19B (bottom) phasiRNA is more
likely to be loaded into AGO1. In a 1U/19N1N/19A duplex, 1U/19N

(top) is more likely to be loaded into AGO1. (b) As in panel (a), in a
1R/19Gi 1C/19Y duplex, 1C/19Y is preferentially loaded into MEL1. In

a 1V/19C- 1G/19B duplex, the 1V/19G phasiRNA is either loaded into
MEL1 or another AGO (AGO2?). The 1G/19C phasiRNA is likely not
loaded into AGO. (c) In a 1C/1961C/19G duplex, phasiRNAs fno

both strands are loaded into MELL1. In a 1C/X90E5/19G duplex, only

the top strand is loaded into MEL1. (d) Comparing two duplexes,
1D/19G - 1C/19H outcompetes 1D/19C1G/19H, yielding a 1C/19H
MEL1-bound phasiRNA (from the bottom strand).

Based on theobservation of abundant 1U and 1C-rtl phasiRNAs, we
hypothesized an AGO competition modé&igure 3.10. We inferred/hypothesized
this because of the datakigure. 3.7b (upper panel) that the sequenced 1V (V = A or
C or G, using the IUPAC code) phablRs are depleted for 19A phasiRNAs, which
would be 1U on the bottom strand; perhaps this is because in a duplex with a 1U
phasiRNA, the 1U phasiRNA is loaded. But sequenced 1U phasiRNAs showed no
bias in the 19 position, because they are preferred oterdpposite strand, and thus
are the dAwinner sgure 3t meontag, thp ER/1IBG Re A (
or G) phasiRNAs are paired with 1C phasiRNAs, which is AGO loaékglie

3.10). The 1V/19C phasiRNAs are abundant because these are pailredGv
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phasi RNAs, whi ch ar e not AGO | oaded and

competition with their duplex pairs. The 1C phasiRNAs are an interesting case
because based on frequency, 1C/19C > 1C/19G > 1C/19W (W = A drigré

3.7, upper panel). The@19G phasiRNAs are paired with 1C phasiRNAs, which
compete well, and thus either strand may be loaded and stabHipede( 3.1Cc). The
1C/19U phasiRNAs are less frequent because they are paired with 1A phasiRNAs that
are not particularly stabilized oondded. In other caseBigure 3.1a), the frequency

of 1D/19G phasiRNA is higher than 1D/19C (D = A or G or Biggre 3.7b, upper

panel); one interpretation of the high frequency of 1D/19G is that since the 1D/19G
phasiRNAs are paired with a 1C/19hasiRNA (H = A or C or T), thus 1C/19H
phasiRNA is preferentially loaded and stabilized. Thus, phasiRNAs from a 1D/19G
duplex are more abundant than those from a 1D/19C duplex because in the latter, the
1G/19H phasiRNA on the bottom strand is likely ratded or stabilized. With as rich

a dataset as reproductive phasiRNAs provide, we can start to resolve the sequence
based characteristics that influence representation in sequencing data, and infer the
mechanistic basis for these differences. For exampdejdentified novel position
specific biases, like the T'4osition in the 24nt phasiRNAs Figure 3.3a, left, and

Figure 3.4b, left). These internal positions may be important for AGO loading, or
phasing function/targeting, and thus future functionalswuctural studies should

investigate these in greater detail.
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3.3 Availability

The scripts used for this work are available on  GitHub
(https://github.com/pupatel/phasiRNACIassificSupplementaTable S3.1 and S3.2,

are provided in the attachment.

3.4 Chapter Summary

In this chapter, IWith collaboratorsperformed the following analyses: (1) |
generatedsRNA data fordr2/moplmaize mutant (n=4 sRNA libraries) aBd viridis
(n=16 sRNAlibrarieg corresponding t® different tissues(2) | discovered 2int and
24-nt phased siRNA generatintpci in malegermline tissuein S. viridis using
PHASISsuite (3) | designed a newnachine learninglassification procedure for a
quick and robustcharacteration andanalysis ofreproductive phasiRNAnN the
grasses(4) | developed Random Forest classifiers that can distinguish reproductive
phasiRNAs from other sSRNAs in complex sets of sequencing data, utilizing segquence
based (kmers) and features descrilgi positionspecific sequence biases) |
developednon-parametricstatistical approach to determine positgpecific biases in
phasiRNAs relative to other small RNAs at the single nucleotide ,|d@&! |
implemented a heuristic fdeature selectiomighlighting informative features based
on information gainand (7)| describedhypotheticalmodel of competition for AGO
loading between phasiRNAs of different nucleotide compositions

As a result of these analyses, | made seveuahber of insights, omoth
computational and biological levels. For example, my work illustratednthathine
learning classifiersattained >80% in accuracy, sensitivity, speciicitpositive

predicted value, and AUG classifying phasiRNAs from other sRNAsand that
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https://github.com/pupatel/phasiRNAClassifier

crossspecies predictive sensitivity 8 viridis usingmodelstrained orrice and maize
attainedhigh valuesof true positive predictiomnd sensitivity Additionally, feature
selectionidentified important fetures in both ends of phasiRNAsd P4siRNAS
demonstratingstrand specificity and positiespecific nucleotide biases poteily
influencing AGO sortingl observed thatrmong 21nt phasiRNASs, there is a d4mas
of the stand 1%h positions, perhaps reflective of strand specificity in AGO loading
showed thathte features of the 2t phasiRNAs such as positigpecific nucleotide
biases are highly conserved across all three grass species (maize, rigeyiails)
Interestingly,for the 24nt phasiRNAs there was adwer levels of 1st/22nd gdion
covariation and there was an overalUAenrichment,demonstrating me relaxed
sequence constrainisdemonstrated thahere are significant differences in nucleotide
composition resulted from theomparison of present versus absent reproductive
phasiRNAs | observed thatRDR2independent 22 t si RNAs have
differences compared to PRNAs, consistent with an alternative production
pathway and/or function Moreover | demonstrated thapredicted targetsof
phasiRNAs obtained higher target scores, showed lower match rates across all
positiors than miRNAswith a few substantigbositionspecific differences showing
higher match rateg=inally, | made amnterestingobservation thathe pedicted targets
of reproductive phasiRNAs are relatiyelepleted for THike targets

Finally, from this work, | concluded thahe approach successfully classified
reproductive phasiRNAs relative to other endogenous plant sRNAs, even across
diverse grasses, with high degrees of accuracy, spggiensiivity, and precisionl
found that h e a B @ erRl€) kmer features, GContent, and positional featurase

the important aspects of the phasiRNAalso found thasequencebased features of
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reproductive phasiRNAs, observed at both ends and ifiterplaus the distinct overall
nucleotide composition of the Z# phasiRNAs likely have implications for AGO
loading and phasiRNAarget interactionsl found thatthe results of analysis of the
nucleotide and coariation biases across differentclasses s i RNAs a4+ t he 5
proximal ends are consistent with evidence of strand specificity for betma124nt
phasiRNA duplexes| found that the significant differences in thenucleotide
composition betweenbsent and present reproductive phasiRlg#&sconsistent with
relative stabilization of those detected reprdihec phasiRNAs after biogenesis
concluded thathere is stronger support for strand selection chieproductive
phasiRNAs, perhaps reflective of selection by the AGO prateonestrand over the
other | also concludedthat significant biases in the representation of specific
nucleotides at the 1st and 19th positions among the ghasiRNAsareimportant for
AGO competition Additionally, | made an interesting observation theproductive
phasiRNAs target primarily inis, they must have lower levels of complementarity to

their targets thamiRNAs, indicating that these lack highly homologdtenstargets

3.5 Author Contribution s

Experiments were designed by P.P., H.S., S.M. Ba@dM. P.P. implemented
methods and conducted the analyses. A.K. contributed methods and algorithmic
refinements. H.S. contributed conceptual ideas. S.M. performed data generation. P.P.
and B.C.M. wrote the paper with input from all authors; all authead and approved

the manuscript.
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Chapter 4

COMPARATIVE ANALYSIS OF SMALL RNAS IN THE MONOCOTS

Small RNAs are key regulators of gene expression at the transcriptional and
posttranscriptional level. MicroRNAs (miRNAS), a class of small foodling RNAs
with lengths ranging from 20 to 22 nucleotides (nt), are generated fromlaipm
precursor RNAs mcessed by the RNase IIl family enzyme Ditéel (DCL1), and
are characterized by miRNA/miRNA* duplexes. The duplex has & erhangs in the
36 ends and are methyl ated by the methyl tr
protection from degradatiof¥ang et al., 2006)One strand of the duplex, generally
the miRNA, is loaded into an Argonaute protein (AGO1) and forms the-RNéced
silencing complex (RISC). RISC, through a sequence homology manner to the
MiRNA, recognizes log noncoding RNAs and target messenger RNAs (mMRNAS),
and postranscriptionally represses by either target cleavage or translational
repression (reviewed iMxtell and Meyers, 2017 miRNAs are involved in a
multitude of plantbiological processes, from seed germinat{®eyes and Chua,
2007 Liu et al., 2007) leaf morphogenesi@alatnik et al., 2003¥loral development
(Mallory et al., 2004)to responses to biot{ti et al., 2011 Zhang et al., 20163nd

abiotic stressed_eung and Sharp, 201May et al., 2013)
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PhasiRNAs, another important SRNA class, distinguish from miRNAs mainly
by their bogenesis pathway. PhasiRNA biogenesis starts from a single strand RNA
transcribed by RNA Polymerase Il (Pol Il), capped and polyadenylated, followed by
an internal cleavage directed by ar#2miRNA (Zhai et al., 2015¢c)The miRNAs
miR2118 and miR2275 are the triggers forr?land 24nt phasiRNAS, respectively.

The cleaved phasiRNA precursor is formed into double stogirtie RNAdependent

RNA polymerase (RDR6), and then the double strand RNA is processed in phase
(every 21 or 24nt) by a Dicetlike enzyme (DCL); DCL4 and DCLS5 produce-Zind

24-nt phasiRNAs, respectivel{song et al., 2012)The function of these phasiRNAs

are still not clear but recent finds suggest a role efit2dhasiRNAs in male fertility
(Komiya et al., 2014Zhai et al., 2015)

As important regulatory players and decreased costs for high throughput
sequencing, miRNAs have been investigated in many plant spé¢aset al., 2017,
Montes et al., 2014)n the monocots, rice and maize are the most studestiespand
MiRNAs were characterized using varying genotypes, tissue types, growth and stress
conditions(Jeong et al., 2011; Zhang et al., 20@)pachypodium distachyomnother
monocot, was also investigatéat its miRNA repertoirgJeong et al., 2013)To our
knowledge, the population of miRNAs was characterized in many lycophyte, fern,
species, gymnosperm, and diverse ammpo® species. However, outside of the
grasses, miRNAs were assessed on very few monocot species. Thus, with the major
goal of assessing the diversity and origins of miRNAs in monoaetgienerated deep

sequencing sRNA data for dissected vegetative arldrastence tissues from 28
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monocotspecies. Combined with publclavailable sRNA data, 38 monocots were
included in this study. For comparison purposes, a dicot (Arabidopsis) and basal
angiospermsNymphaea coloratandAmborella trichopodawere also inluded.

There is a need for assessing the diversity of miRNAs which will help to
understand their origins and evolution and for this, the broader the species sampling
the more informative the analysis will be. To this endpalyzed sequenced data and
the abundances of the sequences contained within, revealing new information on
SRNA size cl asses, mi RNA conservation, di
end nucleotide preferences, and single nucleotide sequence profile characterizing
positional biges and providing novel insights within the miRNA sequericksther
performed comparative analysis over evolutionary time of miR2118 and miR2275 and
their INcCRNAs targets in monocots and in other flowering pJatgmonstrating their
presenceindabsene in these speciemnddiversification of the biogenesis pathway
in the monocotsOverall, this study provides comparative and genewide atlas of
SRNAs in flowering plants.

This chapter i®eingpreparedor submission to the journdlhePlant Cell,or
other similar planfocused journalBelow is thetemporarycitation.

Patel P.* Mathioni S.*, Kakrana A., Hammond R., Arikit S., Dusia A., &

Meyers BC. (2018). Comparative analysis of small RNAs and their targets in
the Monocots. [In prepPlant Cell *Contributed equally
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4.1 Methods

4.1.1 Plant material

Plant materials were collected from various locations and are detailedbia
S41. Plant tissues were dissected manually and when necessary, using a
stereomicroscope for magnification and -angh stage micnmeter (Wards Science,
cat. #949910). Tissues were flash frozen in liquid nitrogen and stor80°& until

RNA extraction was performed.

4.1.2 RNA extraction

Samples were ground in cold mortars and pestles using liquid nitrogen. Total
RNA isolation was perfored using the Plant RNA Reagent (Thermo Fisher, cat. no.
12322012). For anther and other tissues with limited amount of plant material, we
used the detailed protocol for RNA extraction previously publighathioni et al.,

2017)

4.1.3 Small RNA size selection, library preparation and sequencing

Small RNA size selection and library preparation using the TruSeq Small RNA
Library Prep Kit (RS200-0012, lllumina) were performed following the detailed
protocol previously publishe(Mathioni et al., 20T). All small RNA libraries were

sequenced using singéd mode with 5bp on an lllumina HiSeq 2500 Instrument in
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the University of Delaware Sequencing and Genotyping Center at the Delaware

Biotechnology Institute.

4.1.4 Small RNA data processing

The smdl RNA data were processed as previously descr{btthioni et al.,

2017; Patel et al., 2015)

4.1.5 MicroRNA analysis

We used two strategies to analyze the microRNAs. First, we generated a
unigue list of miRBase version 21 entries with all mature miRNA sequerarestiie
plant species available and used this list to query our small RNA dataset for mature
MiRNA sequences. The criteria used for the query were based on sequence similarity

(see below).

4.1.5.1 Homology based identification of miRNA sequences in diverse mondso

Due to lack of sequenced genomegtihsamplednonocots, we conducted a
homology based search to identify miRNAstlhesespecies. We addeflrabidopsis
thaliana (Arabidopsis) as a control making it a list of 41 species. We merged all SRNA
libraries fom these 41 species into one and built a BLAST database (BLASTdb)

(Altschul et al., 1990)The commad line used wasakeblastdb - in file -
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out name - dbtype nucl - title title . Each sequence name in this file
embeds information about the species name, raw read count, and tissue (vegetative or
inflorescence). To compare our SRNA sequences in the BLASTdlepllapsed a
Viridiplantaespecific non redundant mature miRNA sequences from miRBase version
21 (Kozomara and Griffithslones, 2014)This set of uniqgue miRNA sequences
complete our reference set. To identify miRNAs pregewour BLASTdb, we aligned

the BLASTdb to the reference set using BLASTN. The command line used was

blastn - query file - strand plus - task blastn -short -db
name -out file - perc_identity 75 - num_alignments 200 -
no_greedy -ungapped -outfmt "6 qseqid query sse gid pident

length glen gstart gend slen sstart send gaps mismatch
positive evalue bitscore" . BLASTN was performed withi ungapped
and - no_greedy to facilitate eneto-end and nomgreedy alignment, respectively.
Her e, we utsi hoarzteod, nvbhizedshbr reegaencespldss than 30
nucleotides. We used 75% percent identity for BLASTN sequence scan to account for
O 4 mismatches between a mature mi RNA fr
(subject sRNA sequence) in the BLASTdb. Output file containgidisquery, sseqid,
pident, length, glen, gstart, gend, slen, sstart, send, gaps, mismatch, positive evalue,
and bitscore in a TAB separated format.

Then, to process miIRNA annotation results from BLAST, the output from
BLAST is further filtered to solidif whether it is a valid homolog. We used a custom

python script for this filtration process. The filtration process is as follows: (1) we
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processed the tabul ar resand-en8 dverrmmys, BLAST
mismatches, matches, and total variani®al variance is a sum of the nucleotides

that were not aligned, including no more than two nucleotides -oa 6'd-en8 0

overhangs and mi smatches (O 4). Tot al var
(aka candidate homologs) satisfying this cutefi | | be given a stat
ot herwise dfailo. I n addition to the ouft

(hang5, hang3, match, mismatch, unalign, totalvariance, and status). (2) We only kept
the subject sSRNA sequences which are of length bet2@@2 nt. (3) When a subject
SRNA sequence matched two, or more, mature miRNAs from the reference set, the
best match was determined as the alignment that contained the highest bitscore. (4)
For each sRNA subject sequence that passed these criteria,ked fooits raw read
count in the inflorescence and in the vegetative tissues across all SRNA libraries used.
All of the potential homolog candidates is chosen based on their raw read counts more
than 99 reads in either vegetative or inflorescence tisSlesused another custom
python pipeline to obtain these read counts and added 3 extra columns (Homologous
Sequence, Vegetative Raw Read Count and Reproductive Raw Read Count) to give
final results.

In order to obtain miRNAs family count, we have used thetter miRBase
(v21) codes to generate a unique set of Viridiplasizexific miRNA families using a
custom python script. The same script goes through the list of entries from the final

results from the above step and collapses these candidate sequ&ngesolumn
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guery into the list of miRNAs families, demonstrating the conservation of families of

MiRNAs in these monocot species.

4.1.6 PhasiRNA analysis

Phased small interfering RNARHAS-generating loci were identified using the
PHASIS pipeline fttps://github.com/atulkakrana/PHASISKakrana et al., 2017)
Triggers for thes®HASIoci were further identified using thghastrings a component

of thePHASISpipeline.

4.1.7 Dicer-like gene family and phylogeny

De novogene families wereircumscribed using a set of diverse monocot
genomes from Phytozome v12.1An@nas comosuys Asparagus officinalis,
Brachypodium distachyon, Musa acuminata, Oryza sativa, Sorghum bicolor, Zostera
marina, Setaria viridisandZea may) plusAmborella trichgpoda)using OrthoFinder
(v2.2.1) (Emms and Kelly, 2015)DCL3 and DCL5 proteins were contained a
single orthogroup. Additional monocot sequences were added from manual blastp
searches of thBioscorearotundatagenome(Tamiru et al., 2017) and from NCBI
for Elaeis guineensj$?hoenix dactyliferaandDendrobium caternatum

Only proteins that were full, canonical Didéte proteins (Helicase domain,
Dicer domain, PAZ, and two tandem RNAselll domains) wetained, except in a

single case of possibly misannotated recent DCL3 paraldgsachypodiumThis led
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to the exclusion of several Dickke genes in the analysis, which may be
pseudogenes, incorrectly assembled or unannotated genomic regionscanowoical
Dicers that perform a currently unknown function.

Complete proteins were aligned using default settings in PASTA (v1.6.4)
(Mirarab et al., 2015)followed by a Maximum Likelihood (ML) gene tree using
RAXML (v8.2.11) (Stamatakis, 2014)over 100 rapid bootsdrps wi t h-x opt i on
12345 7f a ip 13423Tim PROTGAMMAAUTOO. Trees wer e

manipulated in ggtre@ru et al., 2017)

4.2 Results

4.2.1 Sequencing from diverse monocots demonstrates atypically abundant-22
nt SIRNAs

We collected materials and sequenced sRNAs from 28 monocot species in the
following nine taxonomic orders: Poales (17 species), Agscd3 species),
Zingiberales (2 species), Commelinales (1 species), Asparagales (6 species),
Pandanales (1 species), Liliales (1 species), Allismatales (6 species), and Acorales (1
species) Table $4.1). These species included a basal mono&obrus calamus
(Acorales) and the early diverging Poales (grasBégrus parvifolius Anomochloa
marantoidea and Streptochaeta angustifoliéKellogg, 2001) The sRNA libraries
from these species totaled 52 vegetative and 148 inflorescence or reproductive tissues;
these 200 sRNA libraries yielded 5,312,866,505 total SRNA sequences after trimming

and quality control of read3 &ble $4.2). For some analyses, we utilized public SRNA
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data from an additional ten monocot speciEgre 4.1, Table $4.1). We also
analyzed samples frolNymphaea coloratgwater lily, order Nymphaeales), a basal
angiosperm. Finally, as outgroups, we added sRNA data publicly available for three
other speciesArabidopsis thalianga eudicot for which miRNAs are wellescribed)
and Amborella trichopodaa lineage sister to all flowering plants) for comparison
purposesKigure 4.1). Thus, our study comprised billions of SRNAs from 41 diverse
angiosperm species

The typical first step in most plant SRNA analyses is a size distribution
analysis. We conducted this analysis, and the sRNA libraries demonstrated two
predominant and typical size classes, 21 and 24 nucleotides, evident in a plot of the
relative propoibn of each size, from 18 to 26 nucleotides, across 28 monocot species
in orders Figure 4.2, Figure 4.3 Table $4.2). These 21 and 24nt peaks are
typically comprised of miRNAs (21 nt) and heterochromatic SIRNAss{RNAs; 24
nt), but in the case of drgrs may also include a large number of abundant phasiRNAs
(Zhai et al., 2015b; Johnson et al., 2009he Nynphaeales andAsparagales
illustrated the highest relative proportions of 2hd 24nt SRNAs compared to other
taxonomic orders, respectivelfrigure 4.2g. For the majority of the species, the
prominent peak was at 24 nt, except for the NymphaealeBamthnales in which the
21-nt peak was more prominent. The data from Zingiberales showed nearly equal
levels of 21 and 24mers. We calculated the ratio of the distinct sequences-of &4
21-nt sSRNAs; since grasses have been well characterized, we remhip& Poales

(grasses) and neRoales (all monocot data in our study except the grasses), and
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inflorescence versus vegetative tissuegyyre 4.2b). The Poales demonstrated a
higher proportion of 24t sRNAs than no#Poales across all libraries, perhaps
indicative of more 2t hcsiRNASs or 24nt phasiRNAs.

Next, we identified species with a disproportionately high level oht22
SRNAs, as our prior work has identified an unusual, RIDRI2pendent class of 2#
SRNAs in maize(Nobuta et al., 2008)Our recent work using machine learning
approaches dematnated that these maize -B2 siRNAs have distinct sequence
characteristic{Patel et al., 2018)Yet, outside of these reports in maize, there has
been a paucity oflata on these 28t sRNAs in the last decade, perhaps because
monocots are so poorly characterized. We computed the ratio of the distirmstd22
21-nt sSRNAs, again comparing inflorescence and vegetative tissigsrd 4.29.

This ratio exceeded 1 (i.digher levels of 2zht SRNAs) for most grasseSdtaria
sorghum, etc.) and several Agrass monocotsl(adescantiaPhalaenopsisZostera
etc.)(Figure 4.29. This higher proportion of 2thers was also more often observed in
inflorescence than vegetativtissues. This result is consistent with a widespread
occurrence of 2t siRNAs other than in just maize.

This analysis expanded our knowledge of existence aitZRNAs beyond
grasses and demands new experimental and computational approacheseto furth
characterize them. Ultimately, this comprehensive set of vegetativinftoréscence
libraries across 41 plant species required detailed analyses to comprehend and

characterize SRNAs of varying sizes and their biological roles in plant biology.
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Figure4.1l: Phylogenetic distribution of the 41 angiosperm species analyzed in
this study. N. colorata A. thalianaand A. trichopodawere used for
comparison purposes. Orders of the monocots are shaded in light blue in
the legend. Red dots denote species with gensequenced. Phylogeny
was obtained using an online tool called phyloT (phylot.biobyte.de)

based on NCBI taxonomy. This phylogenetic tree was annotated using a
tool called iTOL https://itol.embl.de
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Figure4.2 Size distribution of sRNA sequences illustrated variation in the
relative sizes of the sRNAs(a) The relative proportion of SRNAs are
displayed as percentages-&Xis) for each size category-gxis) in total
reads in 200 sequenced libraries across 28 plaettiesp grouped in 9
different plant orders along with number of libraries in that order,
denoted by red font. Reads longer than 26 nt are not included in this
study. (b) Box plots compare the ratio of the-zhd 21 nt SRNA reads
distribution (Y-axis) betveen the Poales (grasses) and -Roales,
defined as all species except the grasseax(X) . The center line (black
line) in each plot indicates median of the distribution. (c) Dot plot depicts
the ratio of the 22 and 21 nt distinct SRNA reads distuion (Y-axis)
among species (8xis) grouped by vegetative (pink dots) and
Inflorescence libraries (green dots). Highlighted pink box indicates
species for which the ratio is O 1.
(val ue oakis)616 on Y
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4.2.2 ldentification of miRNAs variably conserved within the monocots

With this substantial set of data, we first sought to characterize miRNAs that
are present in monocots, including those that are eithatgtesthe split with eudicots
or emerged since that split. Since miRNAs longer than 22 nt are rareeapdrhaps
somewhat controversial, our analysis focused on the220 and 22nt lengths. We
utilized two main strategies for the miRNA analysis. First, we identified conserved
candidate miRNAs using a custom, homoldmsed pipeline, using mature plant
mMiRNAs from miRBase to query all the sSRNAs (ssetion4.1.5.1for details). This
analysis yielded 84,390 sequences; these were filtered to find those with an abundance
of O 100 reads in at | east one | ibrary, a
belonged to 290 distinct miRNA families (all annotated in miRBathe number of
families per species is shown Trable $4.3. We separated these miRNAs into those
that are highly conserved versus intermediately conserved versus not coriserved

these different categories are described in the following paragraphs.
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Figure44: Heat maps showing variable level of conservation in monocot
specific miRNAs. miRNA abundances were assessed using the sRNA data from
vegetative andnflorescencetissues. A sequence with >= 100 reads in either
vegetative orinflorescence tissues wastained. miRNA families are divided into

two groups according to their conservation, defined as highly conserved and
intermediate conserved. Heatmap colors represent row normalized miRNA
candidates counts in the family ranging from O (white) to 1 (blaskijlustrated in

the color keys. The miRNAs are hierarchically clustered based on counts using
Asingled method an ) High eondervatian asndefined ibys t an c e
mMiRNA families identified in more than 19 species out of all 41 species examined.
(b) Intermediate conservation is defined by miRNA families identified between 10
and 19 species. miR2118 and miR2275, the reproductive phasiRNA triggers in the
grasses, are denoted by blue and orange fonts, respectively. miR6478, miR894,
miR8155 and mi8174&re in light grey as all correspond to tRNA fragments.
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(a) Highly conserved  Highly conserved
seed region 3’-end

22 | miR894

22 | miR8175

20 | miR8155

Consensus

TTCGTTCCCCGGCAACGGC+CCA

(b)

Sequence of the Arabidopsis aspartyl-tRNA synthetase from: http://plantrna.ibmp.cnrs.fr/plantrna/trna/9988
tRNA Sequence:
GTCGTTGTAGTATAGTGGTAAGTATTCCCGCCTGTCACGCGGGTGACCCGGGTTCGATCCCCGGCAACGGCGCCA
Secondary Structure:

P SRS L >SS > 0 et LKL e e S>> i nn s <LLLLLLLLLLL L

(c)

Sequence of the Oryza sativa methionyl-tRNA synthetase from: http://plantrna.ibmp.cnrs.fr/plantrna/trna/13235
tRNA Sequence:
ATCAGAGTGGCGCAGCGGAAGCGTGGTGGGCCCATAACCCACAGGTCCCAGGATCGAAACCTGGCTCTGATACCA
Secondary Structure:

P S N 2> LKL >>O>> 0 i nnnn s <LK e v an s SES>> . <LLLLLLLLLLL

Figure4.5 Multiple sequence alignment of homologs miR894, miR815, and
mMiR8175. The degree of sequence conservation along the miRNAs is
represented by the color, with a dark color denotingigh level of
conservation and a light color denoting a low level for each nucleotide.
The consensus sequence of the alignment is displayed below with
sequence logos.
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Figure4.6: The genomic structure of the natural antisense microRNA miR444 is
conserved in pheapple. (a) Genomic arrangement of the natural
antisense mmc RNRNA miRd¥d 4 as describ
(2008). One strand generates the mMIRNA precursor, while the
complementary strand encodes a MADS&X; transcripts overlap in the
region yieldig the miRNA and the miRNA target (as well as the
miRNA*-generating region), while other exons are intronic or upstream
relative to the complementary strald) Screenshot from the Meyers lab
genome browser of the locus Aco003017 (on upper strand) and the
complementary bottom strand, in pineapple. Purple and orange arrows
and circles indicate miR444 and miR444* sites, respectively. Light blue
dots indicate 2-ht reads mapped to the locus; other dots as indicated in
the key at lower right, with the positioon the yaxis indicating read
abundance in TP20M. Four exons of antisense strand (genes on top
strand) are shown in the orientation
pink color. Eight exons on the sense strand of the gene encoding the
MADS box protein (onbottom strand) are denoted by the solid blue
color. Purple lines within the screenshot areraék frequency, indicative
of repetitiveness of the region.
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4.2.2.1 Conserved miRNAs

We identified six highly conserved miRNAs found in more than 34 species;
these arghe weltknown miRNAs miR156, miR165/6, miR167, miR171, miR319,
and miR396 Figure 4.4g Table S4.4 part a). A set of another fifteen welbnserved
MiRNAs were found, present between 20 to 34 spe€iggie 4.4 Supplemental
Table S4.4 part a). Anotkr set of miRNA families were observed in 10 to 20 of the
41 species, which for descriptive purposes we are declaring as having a moderate or
intermediate level of conservatioRigure 4.4k Table $4.4, part . The absence of a
mMiRNA family from one speeis does not imply that it is not encoded in that genome,
as some miRNAs are tissgpecific and our sampling and depth of sequencing was
not an exhaustive analysis. However, these data were useful as a representative set of
monocot miRNASs.

We made a numbesf observations about monocot miRNAs. First, most of
At haiegi t nMiRNMA gvith numbers lower than miR1000, i.e. miR166,
miR399, miR827, etc.) are conserved across mondéagsire 4.4a) Second, the
data from banana demonstrated a strong pattern for higher counts of miRNA
candidates in both panels. Thir@plocasia Echinodorus Sagittaria and Zostera
show a poor representation of highly conserved miRNAs, and essentially no
moderatelyconserved miRNAs, except for miR395 @olocasiaand miR1507 in
Sagittaria And finally, sugarcane showed weak or no representation of conserved

mMiRNAs. The poor result in sugarcane could have resulted from the sampled tissue
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type, an issue of sample pregon, or reads not exceeding the abundance of 100 in
the twotissue specifidibraries (vegetative and inflorescencayed in this analysis.
We also noted several intriguing patterns of miRNA conservation in the monocots
(Figure 4.4b). First, miR1507, arigger for 2knt phasiRNAs from nucleotide binding
and leucinerich repeat (NBLRR) pathogerdefense genes in legumései et al.,
2015) is not present in the grasses (exceptPimarug, but it is present in other
monocots, perhaps indicative of a lineapecific loss. Second, miR444,R&%30, and
miR1432 showed strong representation in grasses and poor representation outside of
the grasses, perhaps consistent with recent evolutionary emergence. Third, miR482 is
detected in earlgiverged monocots but not in the grasses, consistent wilierea
reports of functional diversification of miR482 and miR21(da et al., 2015)
Fourth, miR894, miR8155, and miR8175 showed a similar pattern of presence across
the sampled monocots, suggesting these miRNAs may comprise a family. Fifth, we
identified severlamiRNAs present specifically as 28ers in Amborellg including
miR482, miRb07, and miR2275; their presence in this ealiyerged angiosperm
suggests these miRNAs emerged prior to the monocots.

We examined several of these observations in more déttai, we examined
the set of three miIRNA families demonstrating similar patterns of representation
(miR894, miR8155, and miR8175). These miRNAs have been separately described in
eudicots, mosses and other linea@dentes et al., 2014; Harkess et al., 20t not
previously shown to have a common origin. We alignedfémeily members and

found a high degree of similarity that is suggestive of a superfaFkigyuie 4.53. A
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review of the literature mentioning these three miRNAs found that miR894 was
previously inferred to be a tRNA fragme(¥ontes et al., 2014)Therefore, we
analyzed miR8155 and miR8175 to determine if these might also be tRNA fragments.
The annotated copy of the Arabidopsi s mi RE¢
Asp-GTC-8-1 (Figure 4.5b); while miR8155 from oilpalnc or r esponds to t h
of annotated tRNA fronOryza sativa(orysaMet iCAT-53) (Figure 4.5¢). These
tRNAs still might function like a miRNA to target mRNA®artinez et al., 2017)We
concluded that these misannotations may be perpetuating confusion about these small
RNAs and thus the miRNAs should be blacklisted or scrubbed from databases.

We next examined the set of maotspecific miRNAs represented by
miR444, miR530, and miR1432. miR444 has been previously characterized in several
grass species (Lu et al., 2008), and it was identified without detailed analysis in
pineapple (Md Yusuf et al., 2015). We found miR444 inesal other monocots
including the palms, but no earlier diverging speckegure 4.4b). A characteristic of
miR444 in grasses is its genomic antisense configuration relative to the target gene
(Lu et al., 2008); we observed the same configuratignneapple, indicating that this
arrangement may reflect its ancestral state and even its evolutionary oOfigiase (
4.6). miR530 and miR1432 were also described previously in pineapple (Md Yusuf et
al., 2015), and we also found that they were detectethir sister species within the
commelinids, but not earlier in the monocots. Therefore, our analysis of annotated

mMiRNAs demonstrated a combination of patterns of conservation and divergence
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within the monocots, with at least three monesmcific miRNAs that emerged

coincident with the commelinids.

4.2.3 Size distribution of conserved miRNAs displays strong conservation of
length in monocots

Plant miRNAs are typically 21lor 22nt, with this length difference often
determining whether or not they function ttigger phasiRNAs; therefore, we were
interested to determine whether conserved miRNAs are also conserved in their length.
We computed the distribution of miRNA sizes as a percentage (between 0 and 100) of
the total abundance for highly and intermediatzEipserved miRNA familiesH{gure
4.7). In the 37 miRNA familiesKigure 4.7a,0, 21 nt was the most frequent length.
Four miRNA families (miR156, miR394, miR395 and miR6478) exhibited substantial
proportions of 2t sequences (>30% of abundance). Thigytle for both miR156
and miR394 is due to formation of asymmetric bulges and mismatches in the duplex
(Lee et al., 2015)We were curious about R6478, predominantly a 20 nt miRNA
across multiple species in our data, yet reported previously only in poplar afideice
et al., 2015; Puzey et al., 2012Ye observed #t it was present in Arabidopsis and
Amborella,but not annotated in either species. When we analyzed the sequence in the
Arabidopsis genomeF{gure 4.9), it corresponds to tRNA precursors, and thus we
infer that this is a tRNA fragment (tRF) and not aetmiRNA. This matches with
prior conclusions about a different miRNA included in our work, miR894, also

inferred to be a tRNA fragment (Montes et al., 2014).



Five miRNA families (miR167, miR393, miR482, miR1507, and miR2118)
preferentially accumulated 22-nt SRNAs. Length variation for miR167 and miR393
was observed previously although miR393 was reportedly rarely 22 nt in monocots,
perhaps reflecting a narrow set of samples species in this lifldagées et al., 2014)

The size specificity of 2tners among miR482, miR1507, and miR2118, reflects well

described roles as triggers of phasiRNAs. miR2275, also akwnelin trigger of
phasiRNAs(Johnson et al., 2009yas, perhaps unexpectedly, not among the set of
preferentially 22nt miRNAs. The most highly abundant -B1 sequence(zma

mMiR2275b5 p) turned out t o bset ar omi RNeAgu e(nficnei cfrr
loci; this sequence has no known function or targets, so its extraordinary accumulation

may reflect something unusual about miR227&he only miRNA known to trigger

24-nt phasiRNAs.
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4.2.4 Single-nucleotide miRNA sequence profiles characterize positidpecific
nucleotide biases of conserved miRNA variants

Next, we sought to characterize candidate miRNA sequences in greater detail,
at the single nucleotide level. We first generated a-redandant set of 2,304
candidate miRNA sequences from the set of 5,35diesaces of conserved miRNAs
(in 290 distinct miRBasannotated families) found across our libraries. Next, we
computed singlaucleotide sequence profiles for these sequences, determining the
frequencies of each nucleotide (A, C, G, and U) at each pogFigure 4.7¢).
Combining these results, we made several observations: (1) in miRNA candidates,
there was a 506 nucleotide pretMentesetale f or
2014; You et al., 2017)2) a peak of G was observed at the 8th and 9th positions; (3)
in the 30 end of the candidate mi RNAs, we
(with a depletion of G and U). For comparison, we tpldtthe sequence profile of
3,722 distinct mature miRNAs directly from miRBase (version 21; size 20 to 22 nt).
Several aforementioned features were conserved, except for the peak of G at the 9th
and C at the 19th positions, and the miRBase miRNA sequeratde placked
distinctive sequence characteristi€sg(re 4.7d versusFigure 4.7¢). To understand
the basis of this difference, we assessed the profile of the subset of our 2,304 miRNAs
used forFigure 4.7c that perfectly match miRBasenotated miRNAs. fis yielded
two lists: (1) unique candidate miRNAs from panel C perfectly matching miRBase
(n=647, analyzed in Figure 4E), and (2) those not perfectly matching miRBase

(n=1656, Figure 4.9). The majority of these perfectipatched candidate miRNA
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sequencesre well known miRNAs Kigure 4.7f). We observed similar sequence
profiles of candidate miRNAs whether or not they perfectly matched to miRBase
MiRNAs; since the miRBase miRNAs lacked these distinctive signals, there may be
Acont ami nat i ng @ m&kBaseoniRNA ithat ikite thensignal. This is
supported by a recent commentary (Axtell and Meyers, 2018) which suggested that
miRBase in its current state contains many low confidence and erroneous annotations
of miRNAs.

We next characterized and invgstied the previouslynreported signals in
these plant miRNAs that we observed at the 8th, 9th, and 19th positions. We focused
on Arabidopsis miRNAs from miRBase, filtering them based on their abundance in
publicly available sSRNA expression data (from GE&iesGSE44622, GSE40044,
GSE61362, and GSE97917). We used a normalized abundance cutoff of 2000 TP2M
and we retained distinct sequences of size between 20 and 22, rendering total of 138
sequences. Next, we wanted to check whether the characteristics (fuoe Higxist
in these sequences. We observed the conserved pattern of G at 8th and 9th positions,
but a peak of A rather than C at the 19th positligyre 4.10. To assess the nature
of this A at the 19th position t(hieli9AdH§
nucl eoti de, creating four more plots. The
(Mi et al., 2008) uniquely displayed a 19C-igure 4.1M), whereas the other three
classes had 19AF(gure 4.10cto €). This 19C could bevolutionarily advantageous

for 50U mi RNAs -rbtecmuBRBA i hhias 2woul d yi el

(

compl ementary strand, i.e. the fApassengerc
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favored nucleotide across the majority of miRNA families and few matuiRNAS
have 500G, this nucleotide composition may
binding. A corollary to this i-annotatec t man
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425 56 and 36 nucleotide features of conser

Because the 50 nucleotide of miRNAs is
AGO sorting and hence functiqMi et al., 2008) we anal yzed the 50
the sRNAs described above. We characteriz
mostconserved and in the 16 intermediatmserved miRA families, and focused
on miRNAsfrom 20 to 22 nt. In the majority of miRNA families, U was the most
prevalent 5086 nucl eotide, consistent with ¢
al. 2017) Figure 4.113 b) . We observed several except.i
miR529,and mMiRZ2 predominantly displayed an A at
earlier reports (Montes et al. 2013 and Y«
mi R172 (Montes et al. 2013). I n the interrt
also predominad (Figure 4.11b). The exceptions we found (miR6478 and miR894
with a 56 C, and mi R8155 and mi R8175, wit
were all tRNA fragments (see above), sugge

the segregation of goagkrsus suspect miRNAnnotations.

The 36 terminal nucl eotide identity of
have previously reported that this position may be more important than the seed region
(positions 2 to 13), for miRNAarget interactions geraing secondary siRNAg-ei
et al., 2015) Hence, we examined the 36 nucl eot
intermediately conserved mi RNA families.

mMiRNA families Figure 4.11c,d) . A 306 U wa sprevalmenudeetideo nd mo ¢
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(Figure 4.11c,d) . The 36 nucleotide identity in a
For example, over half of the miR398, miR399, and miR528 family members were

enri ched Figure 4.B10, d).GniRB894, miR8155, and miR8175 had high

propot i ons of 3 0 Ant miRNA lamily members, Kh@wn triggers of
phasiRNAs (miR482, miR1507, miR2118, and miR2275) were all enriched for A in

t he 30 -end bias peahap8 i@quired for target interactions that instigate the
biogenesis of phasiRNAGigure 4.119 . Thus, 30 nucl eotide c
mi RNA families may be as important for mi

importance for triggers of phasiRNAs.



(a)

100

5 end percentage

s’end & c g [0

(b)

100

& =] ]
? o o
| |

5' end percentage

[\
T

s’end A c 6 [0

miR529 |
miR390—
miR172—|
miR169—
miR319—
miR408 |
miR160—
miR164—

miR159—
miR167 |
miR156—
miR398]
miR168]

miR396~]
miR171-

miR397 |
miR393—
miR399-
miR394]
miR827

miR2275

miR395 |

miR528 |
miR530 -

miR162 —|
miR482—
miR535 |
miR444

miR165/6 —|

miR1432

miR1507 —|

miRNA family

3end/A c 6 0

miRNA family

(d)

100

3’ en
|

g

miR2118

80

60—

40—

3’ end percentage

20—

A c el
|I|||III

miR160 —|
miR399 —
miR394 —|
miR390
miR165/6 —
miR398 —
miR164 |

miR169 —

Figure4.11 5 6

and

miR156 |
miR167
miR397 —
miR827
miR159
miR171—

miRNA family

36

miR396

miR168
miR408 —
miR319
miR393
miR529 —|
miR172

nucl

stacked

bar

eot

miR1507 |
miR395 —|

de

miR162 —

miR530 —
miR2275 |
miR2118 —

miR1432 —|
miR482
miR535 —
miR528 —
miR5179 —
miR444 —|

miRNA family

di

str

bThe

on

of

p & o d-en8 Butiemtile dorhpesitidn @s a

percentage (between 0 and 100) of all four nucleotides in the conserved
MiRNA families. Conservation is defined by miRNA families identified
in more than 10 species out of all 41 gps examined. Bar plots are
from |
composition (Yaxis) in the 21 mostonserved miRNA families (X

sorted

axis).( b))

The

50

ow

nucl

U

eot

t o

de

high U perceil

c-oomsergesl i t i on

miRNA families, with the nsannotated tRNA fragments noted in grey
ched i

text,

al |

enr i

2lmostc onser ved
in the 16 intermediateonserved miRNA families. The four known

triggers & phasiRNAs are highlighted with grey boxes while the tRNA
fragments are noted with grey text.

12¢

mi

RNA

n

5

f a mi

C or
es.

G.
(d)

0
I i

(c)
Th



4.2.6 The biogenesis pathway for reproductive phasiRNAs diversified in the
monocots

We next focused on a pathway we#scribed in monocots, the reproductive
phasiRNAs. These are enriched in anthers and require specialized miRNA triggers,
long norcoding RNA precursors, and DICHRKE 5 (DCL5), a monocespecific
Dicer (Kakrana et al., 2018; Zhai et al., 2015b)

4.2.6.1 miR2118 and 21PHAS

The trigger of 2int phasiRNAs, miR2118, was detected in 16 of the 41
species surveyed in this studyiqure 4.12. This mRNA is highly abundant (>100
reads) in vegetative tissuesRéddig oil palm, banana, asparagus, &mdycinetig in
vegetative tissues of eudicofdLR disease resistance genes are the most common
target of the miR2118 superfamily (Zhai et al., 2011). Read abundances below 100
were observed in other monocot species, not only in the Poales but also in the
Allismatales, and also i\mborella trichopoda(Amtorella), lineage sister to all
flowering plants. In the inflorescence tissues, miR2118 was highly abundant in most
of the grasses, in the order Arecaceae, and in several other monocots (banana,
asparagus, anéreycinetig. Nymphaea coloratd Nymphaea) andAmborella also
have miR2118 with read abundances lower than F§ule 4.12. These results
confirmed the widespread nature of miR2118 in angiosperms, with high abundance
predominantly in the inflorescence tissues of monocot species outside of the grasses

(Poaceae).



Next, we ran the phasing analysse¢tion4.1.6 aiming to identify 21
nt phasiRNAsgenerating loci for 18 species with an available genome sequence,
yielding numerous 2PHASIoci (Figure 4.12. Grasses showed the highest counts of
21-PHASIoci, which were more abundant in the inflorescence tissues, with few loci
showing abundance in the vegetative tissudgese are typicallfAS3,important for
land plant development (Xia et al., 2017) Thishhpunt of 21PHASIoci in grass
inflorescence tissues is consistent with their functional importance for anther fertility,
for instance as reported in ri¢Ean et al., 2016)Outsideof the grasses, fewer 21
PHASIoci were identified and these showed similar abundances in both inflorescence
and vegetative tissues, as observed in pineapple, oil palm, date palm, banana,
Phalaenopsisasparagus, andimborella(Figure 4.12, and consisterwith TAS3

We performedie novarigger prediction (rathods) to characterize the miRNA

triggers of 21PHASIoci, to help determine their potential roles and biogenesis. In the
grasses, the biogenesis of reproductive phasiRNAs is typically dependen¢é @i on
two 22nt miRNA triggers (miR2118 and miR2275, for-2dnd 24nt phasiRNAS),
while TAS3 is triggered by miR390. The majority of thePHASIoci in the grasses
are triggered by miR2118 éble 4.1). In the monocots outside of grasses, there were
comparatively few 2PHASIoci and few of these had miR2118 as trigger, indicating
other miRNAs may function as triggers; this is not unexpected as there are many
miRNAs that trigger 24nt phasiRNAs from diverse targgtsei et al., 2013a)in fact,

a proportion of these wefBAS3(Table 4.1). However, the relative absence ofl
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reproductive phasiRNAs outside of the grasses suggests that they are less prevalent,
although it is possible that we did not sampled the correct anther stage.

Finally, since the number of ZRHASIoci is quite high in the grasses, we
asked whether these loci might be important to have on all chromosomes. We
analyzed the chromosomal distributioh21-PHASIoci for five grasses which we had
high quality genomesBtachypodium rice, Sorghum maize, andSetarig. This
showed an enrichment for ZBHASIoci in some chromosomes, and a presence of at
least one locus on all chromosomé&sg(re 4.13). While this is consistent with a
hypothesis in which these loci are important for some sodsodctivity within the
chromosome, no correlation was observed between the size of the chromosome and
the count of its 22PHASIoci (Figure 4.13). However, this hypthetical activity would

likely be limited to the grasses, given that fgyass monocots had few loci.
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miR2118 21-PHAS

Order Family Species - - -
Veg Tissue Inflo Tissue Total Filtered Veg Inflo

(Max Abun)  (Max Abun)  Count Count Tissue Tissue

Raddia brasiliensis | A0B16A | 140,318

Phyllostachys edulis a6l 00095 446 240 4 240
Phyllostachys heterocycla 8 NA
Brachypodium distachyon 0 9 419 179 4 179
Triticum aestivum 8 0
Oryza glaberrima 0 0 57 7 1 7
Oryza sativa 0 @i 1956 1,009 4 1,109
Poaceae
Zeamays 0 [T30012 | 483 272 5 212
Poales Sorghum bicolor 43 1286 1002 677 1 677
Saccharum officinarum 0 NA
Setaria viridis 6 81| 1462 803 1 803
Streptochaeta angustifolia 0 _ 10 4 1 4
Anomochloa marantoidea 42 NA
Pharus parvifolius 22 _
) Vriesea ospinae 0 0
Bromeliaceae
Ananas comosus 69 49 3 1 1 1
Cyperaceae Cyperus alternifolius 0 0
Elacis guineensis  [NGGBINININGZGe 7 | 2 2 | 2
Arecales Arecaceae Cocos nucifera 18 _
Phoenix dactylifera NA 6 2 0 2
. Musaceae Musa acuminata 13 4 4 4
Zingiberales A
Cannaceae Canna indica 0 6
Commelinales Commelinaceae Tradescantia fluminensis 0 13
It 0
Orchidaceae Prosthech_ea radlatg 0
Phalaenopsis equestris 0 17 7 2 2 2
is il 0
Asparagales Xanthorrhoeaceae Hemero?allls Fllloasphodelus 0
Kniphofia uvaria 0 0

o
o

Liriope muscari

Asparagaceae L
Asparagus officinalis 31 19 19 19
Pandanales Pandanaceae Freycinetia cumingiana
Liliales Liliaceae Lilium maculatum 0

Spirodela polyrhiza 0 NA 0 0 0 0
Araceae Lemna gibba 0 NA 0 0 0 0
Alismatales Cf)locasm esculenta : 33 0
' Echinodorus uruguayensis 0 0
Allismataceae e K X
Sagittaria montevidensis 8 0
Zosteraceae Zostera marina 0 10 0 0 0 0
Acorales Acoraceae Acorus calamus 0 0
Brassicales Brassicaceae Arabidopsis thaliana 0 0
Nymphaeales Nymphaeaceae Nymphaea colorata 0 14
Amborellales Amborellaceae Amborella trichopoda 25 33 10 5 5 5

Figure4.12 miR2118 abundance and 2-PHAS counts in monocots.The miR2118
maximum abundance is shown for each monocot tissue and species
where it wasdentified. The total and filtered Z2HAScounts is shown
for each monocot tissue and species where it was identified. The filtered
21-PHAScounts for vegetative (Veg) and inflorescence (Inflo) tissues are
also shown. Color legend for miR2118 abundanght Iblue < 100
reads, dark blue O 100 reads. NA=

n o
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Figure4.13: Count of 21-and 24PHAS loci per chromosome in five grass species.
The left Y-axis shows the counts of 2(blue) and 24 (orange)PHAS
loci, and Xaxis shows the chromosome for eaxdhfive grass genomes
(as indicated). Line plots in grey indicate the size of chromosomes,
denoted on a secondaryaxis (at right) in 1 kbp units.

13¢



4.2.6.2 miR2275 and 24PHAS

The only known function of miR2275 is to trigger biogenesis ofnR4
reproductive phsiRNAs. We detected this miRNA in the eadiyerged angiosperm
Amborellg and we found it in both vegetative and inflorescence tisstigsré 4.14).
Acorus a basal monocot, ardlymphaeaa basal angiosperm, had low abundances of
miR2275 in the inflorescence tissues. The early diverging gragdesus and
Streptochaetaalso showed moderate abundances of miR2275 in the inflorescence
tissues. The highest abundances of miR2275 were in grilssescences Higure
4.14), while in vegetative tissues the abundance was highesAnnborellg
Phalaenopsisand bamboo. The high abundance of miR2275 in grasses may reflect an
increased utilization of the pathway generatingndeproductive phasiRN&

We next identified 24PHASIoci for 15 species for which a genome sequence
was available. The highest count of-RMASIoci was in the grasse&igure 4.14),
although only a single 2RHAS locus was identified for the eartiverged grass
StreptochaetaOutside the grasses, pineapple and asparagus had the highest counts of
24-PHAS loci, with numbers of loci that were similar to maize. We found no
homologs of miR2275 in the sea gra&ssteraor date palm, although we identified
24-PHASIoci in both specige (12 and seven loci, respectively). As above, we analyzed
the chromosomal distribution of Z2HASIoci in five grassesBrachypodiumrice,
Sorghummaize, anetarig, and as with 2PHASIoci, 24PHASIoci were found on

all chromosomeswith counts eleated on some chromosomésgure 4.13). But we
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observed no correlation between the size of the chromosome and the number of 24
PHASIoci.

As for 21:nt phasiRNAs, we predicted the triggers of”4ASIoci (Table
4.1). miR2275 is the trigger for the majgriof 24-PHASIoci in the grasses, except for
StreptochaetamiR2275 was also generally not found as the trigger fePRAS
outside grasses; for examplépsterahas 21 24°HAS loci with no evidence that
miR2275 is their triggerHigure 4.14). This is consistent with our recent observation
from work in asparagudakrana et al., 201&nd tomatdXia et al., 2018)indicating
a diversity of trigger mechanisms for -PHAS loci outside of the grasses. In
asparagus, we demonstrated thatn4phasiRNAs may be derived from inverted
repeats even without miR22{Kakrana et al., 2018)A complete understanding of
the diversityof biogenesis mechanisms for-P#HASIoci will require detailed studies

in these species.
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Table4.1: 21- and 24PHAS loci with miRNA triggers for sampled genera.
Species are listed only for which a genome was available, and a single
representativéor each genus is shown. The number 6PHASIoci that
areTAS3loci are denoted in parenthesis.

Total N(.)' Qf Total N(.)' O.f
. . Count of IO.C' with Count of IO.C' with
Order Family Species 21-PHAS miR2118 24-PHAS miR2275
loci as a loci asa
trigger trigger
Phyllostachys edulis 446 (4) 373 25 16
Brachypodium 419 (2) 362 217 186
distachyon
Oryza sativa 1956 (9) 1810 126 101
Poaceae Zea mays 483 (6) 395 246 134
Poales
Sorghum bicolor 1002 (1) 921 256 93
Setaria viridis 1462 (4) 1351 383 205
Streptoc_hagta 10 (1) 3 1 0
angustifolia
Bromeliaceae Ananas comosus 3(1) 2 89 0
Elaeis guineensis 7(2) 1 4 0
Arecales Arecaceae - -
Phoenix dactylifera 6 (0) 0 21 0
Zingiberales Musaceae Musa acuminata 13 (1) 3 6 1
Orchidaceae Phalaenopsis equestris 7 (1) 0 0 0
Asparagaceae Asparagus officinalis 31(1) 10 54 2
Spirodela polyrhiza 0 0 0 0
Araceae
Allismatales Lemna gibba 0 0 0 0
Zosteraceae Zostera marina 0 0 21 0
Amborellales | Amborellaceae Amborella trichopoda 10 (1) 2 1 0
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miR2275 24-PHAS
Order Famil Species -
y P Veg Tissue Inflo Tissue Total Filtered Veg Inflo
(Max Abun)  (Max Abun) Count Count Tissue Tissue
Raddia brasiliensis 10 14,196
Phyllostachys edulis 1,031 127 25 15 0 15
Phyllostachys heterocycla 69 NA
Brachypodium distachyon 9 107 217 145 0 145
Triticum aestivum 0 0
Oryza glaberrima 16 58 4 1 0 1
Oryza sativa 0 1,428 126 7 0 7
Poaceae
Zea mays 0 91,833 246 160 0 160
Poales Sorghum bicolor 0 2,080 256 162 0 162
Saccharum officinarum 0 NA
Setaria viridis 7 8,956 383 273 0 273
Streptochaeta angustifolia 0 86 1 1 0 1
Anomochloa marantoidea 0 NA
Pharus parvifolius 0 243
’ Vriesea ospinae 0 2,482
Bromeliaceae
Ananas comosus 0 138 89 42 0 42
Cyperaceae Cyperus alternifolius 0 11
Elaeis guineensis 0 38 4 1 0 1
Arecales Arecaceae Cocos nucifera 0 25
Phoenix dactylifera NA 0 21 7 0 7
. Musaceae Musa acuminata 26 28 6 3 0 3
Zingiberales —
Cannaceae Canna indica 0 29
Commelinales Commelinaceae Tradescantia fluminensis 0 14
) Prosthechea radiata 0 9
Orchidaceae X X
Phalaenopsis equestris 145 13 0 0 0 0
—— 0
Asparagales Xanthorrhoeaceae Hemeroc.allls .I|I|0asp.hodelus 368
Kniphofia uvaria 16 698
Liriope muscari 10 666
Asparagaceae L
Asparagus officinalis 9 956 54 32 0 32
Pandanales Pandanaceae Freycinetia cumingiana 0 0
Liliales Liliaceae Lilium maculatum 0 661
Spirodela polyrhiza 0 NA 0 0 0 0
Araceae Lemna gibba 0 NA 0 0 0 0
) Colocasia esculenta 0 0
Allismatales - -
" Echinodorus uruguayensis 0 24
Allismataceae o . .
Sagittaria montevidensis 0 0
Zosteraceae Zostera marina 0 0 21 12 0 12
Acorales Acoraceae Acorus calamus 0 57
Brassicales Brassicaceae Arabidopsis thaliana 0 0
Nympt I Nymphaeaceae Nymphaea colorata 0 50
Amborellales Amborellaceae Amborella trichopoda 320 135 1 0 0 0

Figure4.14: miR2275 abundance and 24HAS counts in monocotsThe miR2275

maximum abundance is shown for each monocot tissue and species
where it was identified. The total and filtered-RHMAS counts is shown

for each monocot tissue and species whewead identified. The filtered
24-PHAS counts for vegetative (Veg) and inflorescence (Inflo) tissues
are also shown. Color legend for miR2275 abundance: beige < 100 reads,
orange O 100 reads. NA= not avail
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4.2.6.3 DCLS5 divergence in the monocots

Earlier workon 24nt reproductive phasiRNAs has identified a key role for
DCLS5 in their biogenesisZphang et al., 2008 This Dicer has not been well
characterized outside of the grasses (or even within the grasses), so we sought to take
advantage of sequenced monogenomes and transcriptomes to determine the point
at which DCL5 emerged. We identified putative orthologs of DCL3 and DCL5 from
12 monocot genomes pluamborella and Nymphaea(two basal angiosperms),
extracted the predicted protein sequences, and peaxfbran phylogenetic analysis
(Figure 4.15. DCLS5 orthologs were only present ioscoria and more recently
diverged monocots. Thus, based on our phylogenetic analysis, we hypothesize that
DCLS5 evolved via a DCL3 tandem duplication event or whole gendupication
event after the diversification of the Allismatales, and before the diversification of the
Dioscoreales. Intriguingly, DCL5 appears to have been lost independently in some
orders, such as the Asparagal@sparagus officinalisand Dendrobium dicinale).
Dicer-like sequences are typically long (~1,600 amino acids) with many small exons,
and thus are prone to masnotation. Manual searches of tAsparagus officinalis
genomesequence, instead of relying solely on published annotations, eepadial
Dicer-like sequencavith homology to DCL5(Harkess et al., 2017However, these
speciesstill express 24 nt reproductive phasiRNAs triggered by miR22@bl¢ 4.J),
suggesting that DCL3 may have retained a redundant ancestral function. One
explanation may be that species in the Asparagales have lost DCL5, but have evolved

modified genomic dostrates for DCL3 and miR2275 to still produce 24 nt
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reproductive phasiRNAs. IAsparagus officinalis24 nt reproductive phasiRNAs are
often derived from inverted repeats, which may have evolved as a-@épendent
mechanism to produce phasiRN@&&krana et al., 2018)Ve conclude tat monocots
which emerged coincident with the duplication of DCL3 may have adapted diverse
mechanisms for production of 24 phasiRNAs. Earlier diverged species including
eudicots(Xia et al., 2018)ikely utilized DCL3, while the specialized DCL5 emerged

in later diverged species, including the grasses.



Brachypodium distachyon DCL3.2
80 Brachypodium distachyon DCL3.1
——QOryza sativa DCL3
Sorghum bicolor DCL3
Zea mays DCL3
Setaria viridis DCL3
Ananas comosus DCL3
Phoenix dactylifera DCL3
Elaeis guineensis DCL3
Asparagus officinalis DCL3
Dendrobium officinale DCL3
Dioscorea rotundata DCL3
Zea mays DCL5
Sorghum bicolor DCL5
— 79 93— Setaria viridis DCL5
Brachypodium distachyon DCL5
Oryza sativa DCL5
08 Ananas comosus DCL5
Phoenix dactylifera DCL5
Elaeis guineensis DCL5
Dioscorea rotundata DCL5
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Nymphaea caerulea DCL3
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Figure4.15. Origin of DCL5 in the monocots. A Maximum Likelihood (ML)
RAXML tree of monocciwide Dicerlike 3 (DCL3) and Dicetike 5
(DCL5) protein sequences. Only bootstrap values less than 100 are
presented on nodes.
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4.3 Avalilability

The scripts used for this work aaeailable upon request pupatel@udel.edu

or bmeyers@danforthcenter.orgRNA sequencing data generated in this chapter will

be aailable to the public with GEO accessi@upplemental Table S4.1, S4.2, S4.3,

S4.4 are provided in the attachment.

4.4 Chapter Summary

In this chapter, IWith collaborators)performed the following analyset) |
collaborated andjenerated 20B8RNA libraries (52 vegetative and 148 inflorescence
or reproductive tissuesacross 28 monocotyielding 5,312,866,505 total sRNA
sequences(2) | integrated publiclyavailable 108sRNA librariesfrom GEO with
newly generated libraries for this studly total of 308 sRNA librariesused, (3) |
processed sRNA librariessing a workflowprovided witha weliool miTRATA and
stored the proessed data into MySQL datab#&seefficient davnstream querying and
analytics, (4) designed homology based pipeline fdenifying miRNAs from 308
SRNA libraries from 41 specigéb) | characterizd miRNA sequencesiemonstrating
single-nucleotide profilesand positiongpecific nucleotide biases, (6)cbnducted
phasing analysis usif@HASISand dscovered 24and 24 PHASIoci in species with
genome sequencexlt of 41 specieq7) | performed trigger predictiofprediction of
mMiRNAs triggers for21-and 24-PHASIoci) using phastrigstool availablein PHASIS
suite and (8)I predicted orthologs of DCL3 and DCL5 proteinsngsiOrthoFinder

(Emms and Kelly, 2015) in several monocots with genome sequenced
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As a result of these analyses, | made a number of insights, on both
computational and biological levels. For example, my work demonstgiezil size
class distribution o21- and 24nt SRNA sequences acrosss8npledspeciesand22-
nt sRNAs has atypical high leveh many species, includingrasses Setaria
Sorghum, etc.and nongrassesnonocots (radescantiaPhalaenopsisZostera etc.).
| observed that théigher proprtion of 22nt sSRNAs was in the inflorescence than
vegetative tissued found that37 miRNA families (21 highly and 16 intermediately
are conserved variably in thmonocots For example, absence @hiR1507 in the
grassesshowed itslineage specific enrichment ThesemiRNAs also have strong
conservation in length, reflecting similar mechanismtheir biogenesis in monocots
Interestingly, | showed thahiRNA sequence have previouslyunknown positio#
specific nucleotide biased the 8th, 9th, and19th positions| found that he gecnomic
structure of namiRNA444 is conserved in pineapplemade an observation that in
Arabidopsis,miR6478 is derived from tRNArecursorand miR8175and miR8%5
correspond o t- &nd of RBIAs in Arabidopsis arfd. sativa respectivelyl found
that theconservation of miR2118 and miR22¥5across the monocot species, with
evidence of expression in the inflorescence tissues (all grasses) as well as limited
expression in some vegate tissues (dew nongrasses)Moreover, | also founthat
21- and 24PHAS loci are numerous and abundant in the grasses and in the
inflorescence tissugesnd beyond grasses there are few- Zind 24PHAS loci. |
showed thain silico trigger identification in the grasses determined that miR2118,

miR390, and miR2275 are triggers of mostPPHASloci, few TAS3loci, and 24
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PHASIoci, but outside grasses only feRHASIoci were triggered by miR2118 and
miR2275 | found thatin the specie thatemerged coincidenwith DCLS5, there is
presence/absence variation for DCLidicating that neofunctionalization was
incomplete and its necessary function in reproductive phasiRNA biogenesis observed
in grasses

Finally, from this work, | concludethe occurrence of 2:ht siRNAsis beyond
maizeandwidespread in monocaqtand theidentification of everalmiRNA families
revealedintriguing patterns such abneage specific losgfor example, miR1507)
recent evolutioary emergence(for example, miR444, miR530, and miR1432)
functional diversification(absence of miB82 and emergence of miR2118 the
grasses) and emergence prioto monocots(presence ofmiR482, miR1432, and
miR2275 in Amborella trichopoda | showed thatthe significance ofmucleotide
biases at the tB, 9th, and 1%h positions in MIRNA sequences is indicative of
contributon to the functions or in AGO sortindg concluded thainiR6478 is a tRNA
fragment rather than a true miRNAnd high level of sequence conservation in the
seed region fomiR894, miR8155, and miR81&rpports groupingheminto a family
of tRNAs. | also showed thafl- and 24PHASloci (the sources of reproductive
phasiRNAs) are particularly numerous and abundant in egtmnce tissues of the
grasses,and beyond grasses there is less evidence of miR2118 and miR2275
instigating phasiRNAs, indicating that there is a trigger diversification resulted from
different mIRNA(s) or other type(s) of mechanism in these spediewmlly, |

concluded thaDCLS5 evolvedvia a DCL3 tandem duplication event or whole genome
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duplication event after the diversification of the Allismatales, and before the
diversification of the Dioscoreale$ also concluded thanonocots which emerged
coincident with the duplication of DCL3 méave adapted diverse mechanisms fo

production of 24nt phasiRNAs
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Chapter 5
DISCUSSION AND CONCLUSION

High-throughput sequencing (HTS) has revolutionized the field of
bioinformaticsthrough itsrapidly decreasing coghat yields ever more data. These
increasingaccessibilitiesmotivate researcherand bioinformaticiansto design and
implementa rich catalogof HTS applications.In this era d big bioinformaticsdata,
there isa strongeffort to accelerat the use of machine learning to develop workflows
and softwareto analyzediverse types of genomics dataThis also allows us to
generate nevaypotheseswhich could be furthertested via exgrimentationTo some
extent, his shiftto big data analytics is inevitahlbecause of the growing needs of
biologists for assistance in extracting knowledge from their datafbtss, new
approachef handling this massiviecrease irsequencing data require sophistication
and scalability. Machimlearning can provide both aridcould be utilized for mining
informative patterns at this scalén this dissertation, | aimed to maintasn
equilibrium between machindearning approacheqi.e. tool developmentand the
analysis ofexperimental NGS) data(i.e. extracting biologicallyelevant insights)
The mainfocusof my dissertation ishe utilization ofthe power ofmachinelearning
in the field of sSRNA informaticswith a focus omplants Specifically, | focused the

applications of the tools | developed onvestigating the originsbiogenesis
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characteristicsand possible target(s) and function(s) phased secondary siRNA

(phasiRNAs) in monocots.

5.1 Developmentof Workflow f or De Novo Prediction of Reproductive PHAS
Loci in Grasses

As machine learning algorithnteave become more popular in recent yehrs
was interested t@pply them in small RNA biology. Istartedby designing and
implementinga workflow for classifying and predicting reproducti2é-and 24PHAS
loci. The pediction ofloci with the capacity to generateproductive phasiRNAs is of
high importance in studying pesanscriptional regulation in plantgarlier methods
for identifying these locwere based op-values or phasing scorgand they depend on
experimental data; that is, they hase absolute requirement dfard to generate
SRNA data. Therewere no tools currently available to identify reproductive
phasiRNAsin the absence of experim@l data.Additionally, these phasiRNAs are
expressed in a very narrow developmental windbefore or during meiosis in male
anthersy hat i s often difficult to capture for
to obtain the biological material f@nalysis.With this in mind, | aimed tdacilitate
such type ofjuick andaccurateanalysis in the absence of SRNA data.

| startedimplementingthis approach by extracting features from the datasets.
Next, | computed a total of 29 features including: iB&raction features, best target
score, kmer, GC content, and total number of: matches, mismatches, wobbles, and

gaps which contributedto classifying the reproductiveHASIoci from a control set
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of nonPHASIoci (i.e., transposable elementkjurther validated thsemodels using

a crossspeciedestin the O. brachyanthaBrachypodiumS. viridis and Arabidopsis,

which showed robustness and predictive power of this machine learning approach.
Moreover, several highly informative features importamtclassifying PHAS loci
emphasizé strong binding between miR2118/miR22&hd target essential for
triggeringphasiRNAs Lastly, asan integrapart of thisaim, | worked on collaborative
project in developing powerful toolsPARTA(Kakrana et al., 2014and PHASIS
(Kakrana et al., 2017As a potential applicationhis machine learningpproachwill

enable biologists with an approximate number of reprodu@i@SIoci in a given

genome biore generating SRNA data.

5.2 SupervisedMachine Learning Approach for In-Depth Characterization of
PhasRNAs

Not much is known about the functions and characteristics of reproductive
phasiRNAs in the Poaceae, despite the availabilityubistantialgenomic resorces,
experimental data, andomputational toolsMachine learning is changinghany
aspecs of our lives. Data mining angbattern recognition are in tmews almosevery
week, incuding many newapplications in scienceéWith this in mind, | utilized
machinelearning methods to identify sequerz@sed and positional featurés
distinguish phasiRNAs in ricend maize from other sRNAsThe classification
performance achieved is >80% in accuracy, sensitivity, specificity, and positive

predictedvalue i these are all remarkably strong measures of performdrue



approachshowed that machindearning can accurately distinguish reproductive
phasiRNAs from othetypes of plantsRNAs. Additionally, | characterizedseveral
specific and novelfeaturesof these sRNAsfor example highlighting important
nucleotidesinternally, and inboth5 6 a rembs dd phasiRNAshat had not been
previously describedl demonstrated that phasiRNAs have strand specificity and
positionspecific nucleotide biasethat potentially influence the sorting of these
SRNAs into their protein effectors, the family known as Argonaute proteins

My resultsshowedthe nucleotide and eeariation preferences across various
types of si RN Asxinakendswhiehare consesterd witB évidence of
strand specificity for both 2land 24nt phasiRNA duplexesl also showedthat
significant differences in the nucleotide composition betwpkasiRNAs that are
absent and presenn experimental datasetare due to therequired relative
stabilization of detected phasiRNAs after biogendsaéso predicted targets to infer
functions of phasiRNAs andemonstratedhat phasiRNAs target primarily inis and
they have lower levels of complementarity to their targets than miRNAs, indicating
that these lack highly homologousans targets Ultimately, | generateda new
hypothetical model for AGO competition based on tlgnicant biases in the
representatiorof specific nucleotides at the 1st and 19th pmss among the 2ft

phasiRNAs.

5.3 Prevalenceof Different Types of SRNAs inAngiosperms
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Onemajor goal of this work was to assess the vamé¢tsRNAsand originsof
MiRNAs in 41 species38 monocot speciesanging fromAcoralesand Arecalesto
Zingiberale$. | demonstrated two predominant and typical size clagseproductive
phasiRNAs 21 and 24 nucleotidesire found broadlyacross 28 monocot species
sampled.The AsparagalesNymphaeales, and Pandanales sholigtestproportions
of 21- and 24nt sRNAs across all plant orders usédalculated the ratio of the
distinct sequences of 24 to 2tnt SRNAsand showed that the ratio waigher in the
grassesand in the inflorescare tissues compared toongrassesand vegetative
tissues respectively | showeda disproportionately high level of 22 sRNAsfor
most grassesSgtarig sorghum, etc.) and several agrass monocotsT(adescantia
Phalaenopsis Zostera etc.). | also olservedhigher proportion of 22ners inthe
inflorescencehan vegetative tissues. This ressiibweda widespread occurrence of
22-nt siRNAs beyond the one species in which this class had been previously
describedmaize

| identified variably conservedmiRNA families (21 highly and 16
intermediately conservedndobserved miRNA conservation patterns such as lireage
specific loss (for example, miR1507), recent evolutionary emergence (for example,
miR444, miR530, and miR1432), functional diversificatiabgence of miR482 and
emergence of miR2118 in the grasses), and emergence prior to monocots (presence of
mMiR482, miR1432, and miR2275 Amborellg. | found strong conservation in length
of MmiRNAs, reflecting similar mechanism for their biogenesis in motsocThe

characterization of conserved miRNAs using singleleotide miRNA sequence
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profiles revealed a positidpecific nucleotide biases (at the 8th, 9th, and 19th
positions) of conserved miRNA variants, potentially influencing AGO sortidso
confirmed prior observations that misannotations persist in miRBase and may cause
recurring annotation problems, for example, the set of tRNA fragments represented by
mMiR6478 and miR894/miR8155/miR8175. There is perhaps a need to track not just
true annotatios of miRNAs but also to track false annotations along with the
explanation of why these sequences are deprecated.

| showed that miR2118 and miR2275 as triggers of reproductive phasiRNAs,
and their resultind®HASIoci, are prevalent in angiosperms. This r@eobservation
is consistent with a recent report from our group and collaborators focused on eudicots
(Xia et al., 2018) Moreover,| demonstrated conservation of miR2118 and miR2275
across the monocot species, with evidence of expression in the inflorescence tissues
(all grasses) as well as limited expression in some vegetative tissues (a few non
grasses). Similarly,l concluded that 2 and 24PHAS loci (the sources of
reproductive phasiRNAs) are particularly numerous and abundant in inflorescence
tissues of the grasses. Qursilico trigger identification in the grasses determined that
miR2118, miR390, and miR2275 are triggers of n@isPHASIoci, few TAS3loci,
and 24PHASIoci. Our prior work in species outside of the grasses has demonstrated
24-nt reproductive phasiRNAs may be generated byganonical pathwaydakrana
et al., 2018; Xia et al., 2018n fact, this variation in the utilization of miR2275 may
reflect an evolutionary period of divergence in-r#4 reproductive phasiRA

biogenesis, mirroring changes occurring in the DCL3/DCLS5 divergence. In our work,
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we have narrowed the period in monocot evolution during which DCL5 emerged. In
the species that emerged around this period, there is presence/absence variation for
DCLS5, swgesting that neofunctionalization was incomplete and its necessary function
in reproductive phasiRNA biogenesis observed in gra&msy et al., 203,2ZZhang et

al., 2018 was not yet fixed. Future functional studies should test these specialization

and activity of DCL5 from the genomes of these first lineages to inherit it.

5.4 Summary

This dissertation provides new workflows fonall RNA informatics in plants.
My hope is that the application of these methods will result in new, basic insights, as
well as addressing agricultural issues including plant yields; these applications could
ultimately help to increase more food and plant products with the same or less land
and inputs. My workalso addresses several algorithmic challersgesh ashow to
mine amassive scale of genomics data without requiring much prior knowletige
how to addres experimental challenges encountered by existing appesdck.,
limited or no availability of SRNA data for immediate useoredict phasiRNAs The
machine learning tosldeveloped in the Chapte2 and3 areopen source, and they
are hosted on GitHub with wikipages to supgmoinformaticsand plant community.
A standalone versioaf the webtool described in the Appendix A is also available on
GitHub. In house scripts used for all other studies are availgtde requestl hope

that others will find this work to be a useful contribution and will build on it with (1)
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ever more powerful approaches to data analysis, and (2) experimental analysis of some
of the unique biological features that resulted from th@ieations of the tools that |

developed.
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Appendix A

MITRATA: A WEB -BASED TOOL FOR MI CRORNA TRUNCATION AND
TAILING ANALYSIS

A.l1 SUMMARY

We describe miTRATA, the first welbased tool for microRNA Truncation and

Tailing Analysisit he anal ysis of 36 modifications
or gain of nucleotides relative to the canonical sequendeRATA is implemented in
Python (version 3) and employs parallel processing modules to enhance its scalability
when analyzing multiple small RNA (sRNA) sequencing datasets. It utilizes miRBase,
currently version 21(Kozomara ad Griffiths-Jones, 2014ps a source of known
microRNAs for analysis. miTRATA notifies user(s) via email to download as well as
visualize the results online. -foousddRveblf A6 s s
interface, 2) improved scalability aviparallel processing, and 3) its uniqueness as a
webtool to perform microRNA truncation and tailing analysis.

This appendix is published in tiBoinformatics Below is the citation.

Patel, P., Ramachandruni, S.D., Kakrana, A., Nakano, M., and Meyers,

B.C. (2015). miTRATA: A webbased tool for microRNA Truncation and
Tailing Analysis.Bioinformatics32: 450/ 452
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A.2 INTRODUCTION

Revolutionary changes in negéneration sequencing and its edecreasing
cost have driven a growing need for bioinformatics tools and algorithms. Molecular
analysis of plant microRNAs (mi RNAs) has ¢
of the methyiransferasée{lUA ENHANCERIHENL) , wh i c FO-netiytigsoumm 2 N;j
to the 306 terminal ri bos e(Zhaifet aimRORHSAEh and o
30 modification pr ot eyation (agditicarot uridme RINAs f r .
nucleotides)Zhai and Meyers, 2012We and others have previously demonstrated
via sequencing studies and comparative analysis that miRNA&enlmutant (and
to a much less extent in wild typArabidopsi3 demonstrate an ar
modifications, include loss of nucleotides (truncation) and an addition of one to
several noftemplated nucleotides, predominantlyidines (U) (Li et al., 2005)
Previos reports described varying degrees o
MiRNA families yet are conserved for a given miRNA across plant spEties et

al., 2013)

With advancements in highlyproductive forward and reversgenetics

approaches, additional genes i mportant to

characterized. Deep sequencing in these mutants is providing insights into the
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mechanisms by which these genes function, or at fatgo function in the mutants.

For example, analysis of theenl/hesold oubl e mut ant reveal ed &
uridylation relative tohenl(Zhao et al., 2012) Recent genetic analysis identified a

HESO1 ortholog, URTL with a similar but nomedundant role as a nucleotidyl
transferase that uridylates miRNABuU et al., 2015) Thus both gegtic analysis and
sequencing have demonstrated t (Zeaiecadmpl e x i t
2013) I nterestingly, these 306 end modificat
a target, while the pairing of a miRNA with its targets has been proposed to play
critical rol e i n t H&hai etalt 2003)Furtber ins@lds intoo d i f i c
these mMiRNAt ar get i nteractions and the influenc
via a new generation of computational to@Brousse et al., 2014; Kakrana at,

2014b) I n anal ysis of 360 ends from sRNA seq
separate the template miRNA from the fiemplated additions, while also assessing
truncation. Yet, there are no online, wedsed tools for these measuremeritsh ey 6 r e

run from a command line. Hence, we aimed to provide biologigtsan automated,

parallelized, welbased tool for these analyses in plants and animals (mMiTRATA, for

microRNA Truncation and Tailing Analysis).

A.3 ALGORITHM

We adapted for webht iacmceandthei l0itmgd al

previously developedZhai and Meyers, 2012)We re-implemented it in Python
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(version 3).Step I:mi TRATAGO6s web interface <collects
adaptercleaned sequendei | es (fAtag counto for mat, or s
genome to be used (aka the fAbowtie indexo)
user. One of the most substantial changes to the algorithm is the addition of parallel
processing to increase scalability of our webtool especially when dealing with

multiple highthroughput sSRNA sequencing datasets and large genomes like maize

and Norway spruceStep 2. f or an i ndi vi dual SRNA sequer
file), all nongenomematched reaglare first chopped iteratively, one nucleotide at a

ti me, from their 36 end, unt i | the remain
genome. This way, we divide individual rgenomematched reads into two parts:

t he 5 0 -magtehedoccomponent (5GMC o r head, and a 30 ta
workflow can be seen in tHagure Al. Previously, this process of finding the 5GMC

and tail was performed serially for each tag count file and was time consuming;
parallel processing the individual tag count files\d8 the 5GMC and tail
simultaneously.Step 3: the 5GMC is aligned to known, mature miRNAs from

miRBase (Kozomara and Griffithsones, 2014}Jo determine the miRNA and the

extent of truncation and tailingstep 4: in this lag step, images are generated to

represent the truncation and tailing results for each miRNA. Finally, miTRATA

notifies the user, sending a link to download the results or view them online.
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All nongenome-
matched reads T
User upload/selects = Chop from 3’ end until
. genome matched
parameters via \
mITRATA's webpage: s £y Parallel processing Tailing Analysis:
—| 5 — 4 J ] PR iRNA and
, of multiple libraries mature mi Aand a
1. tagcount —— to discover 56MC merged file with all SGMC
file(s) L 4 and tail and a tail from multiple
2. bowtie index — libraries
3. miRNA(s) ;.
4. email e o ]
. Semc Tuil Generate figure of truncation
Processing of single and tailing for each miRNA
library to discover
5GMC and tail l

miTRATA notifies user with
downloadable results’ link

FigureAl: Modified workflow of the miTRATA t runcation and tailing algorithm.
Step 1. once the user uploads or selects files and parameters via the
webpage, all nogenomematched reads in the tag count file are

processed into t wwmatciped componentt(SGKIC),56 ge
and a 36 tail. Her e, wecourt fiile v how &
processed. Step 2: the algorithm takes allgenomematched reads and

chops them from the 36 end, one nucl

the genome with no mismatch. The modified algorithm process these
individual tag count files inparallel to find the 5GMC and a tail
simultaneously. Step 3: tailing analysis aligns the 5GMC and a tail to
known, mature miRNAs from miRBase to determine the degree of
truncation and tailing generating images for the output.

A.4 WEB TOOL DESIGN

We designed this webtool so that it has necessary settings to aid advanced as

well asintermediate users. This webtool requires the following inputs:



1. Small RNA sequence file(s)Us e r can choose to upload
count o formattéeflerfanteswaws:twlo) da si ngl
compressed 06.9gz06 format, 2) mul tiple f|
6.tar.gzdo) . Al ternativel vy, the wuser cal
analysis and see expected results. We have also pdouskrs with FASTQ
preprocessing capabilities to generate

this step will remove adapters and poor quality sequences.

2. Genome sequence The bowtie index of the genome of interest can be selected
from a dropdown mewu of preloaded genomes. The default genome is set to

Arabidopsisfor the example.

3. Mature miRNA sequence(s) The user has two options to select miRNAs for
comparison: 1) an advanced user can upload a set of mature miRNAs in FASTA
format. 2) Mature miRNAsequences from miRBase (currently version 21) can
be selected from a dregown menu listing chosen species present in miRBase.

Alternatively, the user can choose to run the analysis with an example miRNA.

Whent he user selects OoOPamgf dmml Tsusdat iadnh
and required files are uploaded; the wuser
analysis is complete. The results are displayed on a webpage for visualization, and

links allow a download of the resultfigure A2). Download links on a webpage
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contain three fol der s, iasinglé mdfwitoaVsnagesl . i me
2. TailingAnalysisimages.zip i all images in .png format. 3.
TailingAnalysisResults.zipi stores tailing and truncation information (i.e.jl ta

patterns and their lengths).

FigureA2: The miTRATA web tool. The user enters: (1) first, the input data or
parameters such as the small RNA sequence files; (2), the genome of
interest (aka the bowtie index); (3) the list of mMIRNAs to analyze; (4)
thercont act information. When the wuser
Tailing Analysisé, the files and set!
performed. The results page (the inset red box) displays the output,
including a summary of truncation and tailiregults in a tabular form,
the graphed data, and links to download the results.















