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Male germline associated 21- and 24-nt phased siRNAs (reproductive 

phasiRNAs) are highly enriched and numerous in the Poaceae (grasses) and crucial for 

reproductive tissue development 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 such as maize and rice play as a prime food-source 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 systemic study and a set of machine-learning based tools to 

handle next generation sequencing data focusing on phasiRNAs and other small RNAs 

(sRNAs) in plants that speciated ~200 million years ago. First, I present workflow for 

classifying and predicting reproductive 21-and 24-PHAS loci in the grasses. This tool 

provides quick and efficient way of predicting reproductive phasiRNAs in the absence 

of sRNA data. Second, I aim to better understand reproductive phasiRNAs - especially 

their features, other than their spatiotemporal expression pattern during anther 

development. I present supervised machine learning approach for in-depth 

characterization of phasiRNAs. In this study, I develop machine learning approach to 

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

ABSTRACT 
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accuracy, sensitivity, specificity, and positive predicted value. Furthermore, I 

demonstrate that phasiRNAs have strand specificity and position-specific nucleotide 

biases potentially influencing AGO sorting. Lastly, I utilized these tools as well as 

several other co-published 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 and Arecales to the 

Zingiberales). I show that sRNA sequencing from these species demonstrates atypical 

peaks of 22-nt siRNAs. Moreover, I also identify variably conserved monocot specific 

miRNAs and annotated their 5ô- and 3ô - end biases, revealing diversity in AGO 

sorting and targeting. I also present single-nucleotide miRNA sequence profiles, 

which characterizes positionȤspecific nucleotide biases of conserved miRNA variants, 

deciphering previously unknown biases at the 8th, 9th, and 19th positions. I show that 

miR2118 and miR2275 and their long non-coding RNA targets (reproductive PHAS 

loci) are prevalent in the angiosperms. Finally, I demonstrate that monocots, which 

emerged coincident with the divergence of DCL3/DCL5, may have adapted diverse 

mechanisms for production of 24-nt phasiRNAs. I 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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INTRODUCTION  

Molecular and genomic studies coupled with deep sequencing have identified 

roles of many endogenous non-coding RNAs (ncRNAs) and small RNAs (sRNAs) at 

numerous developmental stages in many organisms (Tisseur et al., 2011; Guttman and 

Rinn, 2012; Kung et al., 2013; Borges and Martienssen, 2015; Axtell, 2013). The 

continued discovery of numerous ncRNAs portend that we have not accurately 

estimated the numbers and complexity of ncRNAs and their role(s) in plants. These 

ncRNAs are found in two lengths, sRNAs and long non-coding RNA (lncRNAs). 

Most plant sRNAs are 21 to 24 nt in length, and play important roles in biological 

processes such as development, epigenetic modifications, and plant defense. They 

have diverse and overlapping pathways for the biogenesis as shown in Figure 1.1. 

Their biogenesis rely on the enzymes, proteins and /or cofactors such as DICER-LIKE 

proteins (DCLs), RNA-DEPENDENT RNA POLYMERASEs (RDRs), and 

ARGONAUTE (AGO). Overall, lncRNA precursors, which are intermediates from 

either hairpin precursors, formed by the intermolecular hybridization of precursor 

transcript, or by the synthesis of double-stranded RNA (dsRNA) from a single-

stranded RNA by RDRs are chopped by DCL proteins into smaller duplex of 21 to 24 

nt in length. Then, these processed sRNA duplexes load into AGO proteins to target 
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coding and non-coding RNAs, playing important role in transcriptional and post-

transcriptional gene silencing in plants via transcript cleavage and degradation, 

translational repression or recruitment of additional cofactors. These functions depend 

on the target transcripts, DCL, and the AGO involved. Thus, flowering plants have 

three major classes of sRNAs, all derived from ncRNAs: heterochromatic or Pol IV-

dependent small interfering RNAs (hc-siRNAs or P4-siRNAs), microRNAs 

(miRNAs), and phased, secondary, small interfering RNAs (phasiRNAs). 24-nt P4-

siRNAs or hc-siRNAs play a crucial role in transcriptional gene silencing via RNA-

directed DNA methylation (RdDM) and histone modifications. miRNAs (~20-22 nt) 

play essential role in post-transcriptional gene silencing by transcript cleavage and 

degradation or translational repression. Additionally, miRNAs also target RNA 

polymerase II (Pol II) transcribed coding and non-coding RNAs, instigating the 

production of the secondary siRNAs. These siRNAs are triggered by a unique ñ22-ntò 

class of miRNAs  (Chen et al., 2010; Cuperus et al., 2010). As 22-nt miRNAs are still 

the leading source for triggering the production of secondary siRNAs, there was a 

report of 21-nt miRNA triggering the production of secondary siRNAs via two-hit 

model (Axtell et al., 2006). A particularly relevant example for this dissertation is the 

discovery of male germline-specific óin-phaseô small interfering RNAs (21- and 24-nt) 

most well described in the Poaceae, namely maize and rice (Johnson et al., 2009; 

Komiya et al., 2014; Zhai et al., 2015b). While the biogenesis and spatiotemporal 

patterns of accumulation of these reproductive phasiRNAs are now well described, our 

understanding of their function is still limited. In this dissertation, I aimed to develop 
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new bioinformatics tools for de novo prediction and characterization of reproductive 

phasiRNAs by leveraging the use of machine learning and packaging them into 

industry-grade software, and providing insights into their sequence composition based 

characteristics (k-mers or motifs) , and possible targets and functions.  

 

Figure 1.1:  Biogenesis pathways and classification of plant small RNAs. Three 

major classes of sRNAs are shown here. Abbreviations: dsRNA, double-

stranded RNA; miRNA microRNA; hc-siRNA OR P4-siRNA, 

heterochromatic small interfering RNA. This figure is modified from 

(Borges and Martienssen, 2015). 
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1.1 Phased Secondary SiRNAs are Crucial Regulators of Development, 

Reproduction, and Plant Defense 

 

Phased siRNAs are endogenous major class of secondary siRNAs in plants that 

occur at intervals of 21- and 24 -nt. Plant phasiRNA biogenesis requires 22-nt miRNA 

cleavage of a phasiRNA precursor RNA (coding or non-coding), synthesis by RDR6 

into dsRNA, processing by DCLs, and loading into AGOs. PhasiRNAs can be divided 

into three types: 1) first reported phasiRNAs, called 21-nt trans-acting siRNAs 

(tasiRNAs) produced from a small family of intergenic lncRNAs loci referred to as 

TAS loci. tasiRNAs are known to be loaded into AGO1/7 and cleave target transcripts 

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 stages (Vazquez et al., 2004; Peragine et al., 

2004; Allen et al., 2005; Allen and Howell, 2010), 2) phasiRNAs generated from  

protein-coding genes in eudicots, such as nucleotide binding and leucine-rich repeat 

(NB-LRR) pathogen-defense genes or PPRs (Fei et al., 2013b), and 3) a particularly 

relevant example for my dissertation , male germline-specific phasiRNAs (21- and 24-

nt) in the Poaceae, like maize and rice (Johnson et al., 2009; Komiya et al., 2014; Zhai 

et al., 2015b). Two classes of reproductive phasiRNAs are known: 21-nt pre-meiotic 

phasiRNAs that peak in abundance during somatic cell specification in maize (one 

week after anther initiation), and 24-nt meiotic phasiRNAs that peak during meiosis 

and are detectable until pollen maturation (one to two weeks after pre-meiotic 

phasiRNAs peak) (Zhai et al., 2015b). The timing, localization, and narrow 
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developmental time window of accumulation of the 21- and 24-nt phasiRNAs is 

conserved in rice and maize (Fei et al., 2016). Our understanding of their function is 

still limited. In contrast, in eudicots such as legumes, NBS-LRR genes are regulated 

by phasiRNAs from NB-LRR as well as regulate other NB-LRR genes in trans, 

indicating their involvement in cis- or trans- regulation (Fei et al., 2013b; Zhai et al., 

2011). 

Yet, a striking analogy may exist between PIWI-interacting 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 the development of reproductive organs. piRNAs have 

shown to play crucial roles in transposon silencing and germline development in 

various organisms such as flies, fish, and mammals (Meister, 2013). 

1.2 Pre-Dissertation State of Approaches to Characterize PhasiRNAs 

As a result of next-generation sequencing, genome-wide screens or searches 

for phasiRNAs are plausible. There are plenty of methods proposed for their 

identification/prediction. These methods are either based on a p-value, which utilizes a 

computational algorithm in a genome-wide search and subsequent statistical 

evaluation (based on a p-value) to capture phased small RNAs and identify potential 

PHAS loci (Xia et al., 2013; Chen et al., 2007). Alternatively, these methods are based 

on a phasing score, which incorporates the level of phasing (score calculated from 

searching for loci where sRNAs are phased in the increment of 21- or 24-nts) in a 
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genome-wide scan for possible PHAS loci (Axtell, 2010; Guo et al., 2014; Howell et 

al., 2007). As an additional project, I worked on a development of an integrated 

software suite called PHASIS (Kakrana et al., 2017). This software suite provides in-

depth characterization of PHAS genes (loci), addressing several algorithmic 

limitations and bioinformatics gaps of above methods. All of the aforementioned 

algorithms require sRNA data to identify PHAS loci. There are not many algorithms 

which work in the absence of sRNA data, nor are there algorithm using machine 

learning techniques for plant phasiRNAs (miR2118-triggered 21-nt pre-meiotic and 

miR2275-triggered 24-nt meiotic phasiRNAs). 

In the grasses, there are numerous speculations 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 the TE-silencing 

pathways. Another is that phasiRNAs may act as a mobile signal coordinating anther 

development (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 in the grasses. For example, Zhai et al. (2015) illustrated that only less 

than 1% of the predicted targets (~9 million) of the 1000 most abundant 21-nt 

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, or P4-siRNAs. In order to explore their functional roles, we, 

first, need to know if they look like miRNAs, tasiRNAs, or P4-siRNA. There are no 

reports on sequence-based characteristics of phasiRNAs and detailed analysis on how 
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they interact with their targets. There is a strong need to look beyond conventional 

computational tools and utilize the power of machine learning in the domain of 

phasiRNAs and plant reproductive biology. 

1.3 Rationale for Developing a New Machine Learning Based Tools in Plant    

Reproductive Biology 

 

Prediction of reproductive phasiRNAs (miR2118-triggered 21-nt pre-meiotic 

and miR2275-triggered 24-nt meiotic phasiRNAs) is of significance in studying post-

transcriptional regulation in plants. One of the aims of my dissertation is to be able to 

predict reproductive PHAS loci in grass genomes or within related monocot genomes 

in the absence of experimental data. New genomes are being sequenced at a brisk rate, 

and there is often limited or no availability of sRNA data for immediate use to predict 

PHAS loci (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 sRNA analysis, or itôs not 

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 phasiRNAs is still 

very limited ïessentially, 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 21-nt phasiRNAs in rice 
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(Nonomura et al., 2007) and mel1 loss of function mutants have shown abnormal 

anther development demonstrating that 21-nt phasiRNAs are important for male 

fertility (Komiya et al., 2014). Not much known about the characteristics of these 

phasiRNAs, yet we have plenty of genomic resources and experimental data, and 

expanding toolbox of computational tools that can be applied to learn about the 

functions or characteristics of these phasiRNAs. 

 Modern learning techniques are data-driven 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 theory. 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 data (Jin and Sendhoff, 2008). Such algorithms 

can provide systematic approaches to analyze and provide insights into the 

characteristics of plant phasiRNAs. Machine learning algorithms are parsed into two 

categories: ósupervised learningô and óunsupervised learningô. In supervised learning 

algorithms, predictions are made using a set of examples - in other 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 which data points are 

labelled as 1 and 0 for stress responsive gene and non-stress responsive genes, 

respectively (Shaik and Ramakrishna, 2014). In unsupervised learning algorithms, 

data points have no labels associated with them. For example, unsupervised methods 
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could be used to cluster genes based on their expression profiles across tissues, cases 

or conditions (Pirooznia et al., 2008). 

To this end, I developed workflow to identify loci generating reproductive 

phasiRNAs in grasses and other related monocot genomes by classifying PHAS loci 

using machine learning techniques. Additionally, I utilized machine learning to find 

sequence-based characteristics, and possibly learn about the targets and the functions 

of reproductive phasiRNAs in grasses such as maize and rice. 

1.4 Rationale for 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 plants can be 

divided into two major categories: 1) gymnosperms, seed producing non-flowering 

plants (i.e., Norway spruce (Picea abies)) appeared around ~300 Mya and 2) 

angiosperms, seed producing flowering plants evolved ~150-200 MYA. Angiosperms 

can be further split into 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, etc.), and ii) eudicots (i.e., Arabidopsis, soybean, strawberry, etc.). 

Recent reports have illustrated that the biogenesis pathway of phasiRNA is 

conserved in gymnosperms, dicots, and monocots (Komiya, 2017) (Figure 1.2). 

miR482/2118, known trigger of 21-nt phasiRNA, has shown dual function in 

gymnosperms such as Norway spruce. In Norway spruce, miR482/2118 super family 



 10 

targets NB-LRR genes, instigating phasiRNA production and targets lncRNAs, 

triggering phasiRNAs in the reproductive tissue (Xia et al., 2015). In flowering plants 

such as monocots and eudicots, the dual function of miR2118 was selectively yet 

divergently retained. In monocots, miR2118 targets lncRNAs, producing phasiRNAs 

in the reproductive tissue. In eudicots, it targets coding-RNAs (NB-LRRs), initiating 

phasiRNA production. Interestingly, miR2275, known trigger of reproductive 24-nt 

phasiRNAs and DCL5 (an enzyme responsible for chopping dsRNAs into 24-nt 

phasiRNAs) are absent from eudicots, proposing their recent origin within the grasses 

or within related monocots. In the grasses, miR2275 targets lncRNAs, producing 24-nt 

phasiRNAs in the reproductive tissue. However, another project conducted in our lab 

suggested that miR2275 does not generate 24-nt phasiRNAs in related monocots such 

as asparagus (Kakrana et al., 2018). Currently, the trigger mechanism for these 24-nt 

phasiRNAs is unknown in asparagus.  

To this end, I propose to comparatively analyze reproductive phasiRNAs from 

the grasses to check if they are significantly different from phasiRNAs in other 

flowering plants. Furthermore, I also conducted a homology-based search to look for 

the emergence of miR2118 and miR2275 in early monocots and assess their lncRNA 

targets. 
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Figure 1.2: Biogenesis model of phasiRNA showing conservation in      

gymnosperms, eudicots, and monocots. Red arrow shows recently 

discovered pathway for phasiRNAs biogenesis. 

 

 

1.5 Overview of Dissertation Research 

This dissertation investigates the characteristics and function of reproductive 

(male-germline) phasiRNAs, in the Poaceae and performs comparative analysis of 

phasiRNAs beyond Poaceae; and in the process presents machine learning 

applications in plant sRNAs. Specifically, by introducing new methods for the de novo 

prediction of PHAS loci in the absence of sRNA data and classification of 
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reproductive phasiRNAs from other sRNAs (miRNAs, P4-siRNAs) using supervised 

machine learning. 

In Chapter 2, I describe a new methodology for de novo prediction of 

reproductive PHAS loci in Poaceae using machine learning.  In the past few years a 

great focus has been put experimentally and computationally into understanding one 

type of sRNA, microRNAs, due to their critical role in regulatory mechanisms. 

However, recently there has been a great interest in understanding other sRNAs, this 

includes phasiRNAs. Unlike microRNAs where a lot of tools were designed for their 

prediction, there is not a single tool existing for the prediction of phasiRNAs without 

sRNA data. Prediction of phasiRNAs is vital in studying post-transcriptional 

regulation in plants. I employed machine learning models to classify 21- and 24- nt 

PHAS loci from a control set of non-PHAS loci (i.e., transposable elements). The 

workflow that I describe in the Chapter 2 is the only existing workflow capable of 

classifying and predicting reproductive 21- and 24- PHAS loci using machine leaning 

and in the absence of sRNA data. This tool is publicly available to plant researchers, is 

open-source and was released under a permissive license. 

In Chapter 3, I describe a novel machine leaning based workflow for 

characterizing phasiRNAs. Not much is known about the characteristics and function 

of reproductive phasiRNAs in the Poaceae, despite the availability of genomic 

resources, experimental data, and an increasing number of computational tools. I 

utilized machine-learning methods to identify sequence-based and positional features 

that distinguish phasiRNAs in rice and maize from other sRNAs. I developed random 
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forest (RF) classifiers that can distinguish reproductive phasiRNAs from other sRNAs 

in complex sets of sequencing data, utilizing sequence-based (k-mers) and features 

describing position-specific sequence biases. Our results demonstrated that machine-

learning methods effectively identify phasiRNAs despite the lack of characteristic 

features typically present in precursor loci of other sRNAs, such as sequence 

conservation or structural motifs. Additionally, this study provided more insights 

about the sequence-based and positional features important in AGO-phasiRNA 

interactions. This tool is publicly available to plant researchers, has open-source and 

released under permissive license. 

In Chapter 4, I took advantage of computational tools to characterize miRNAs 

and phasiRNAs in diverse monocots. I developed a homology based workflow for 

annotating miRNAs from known miRNA database, miRBase, in diverse monocots. 

Additionally, I used PHASIS (Kakrana et al., 2017) to find PHAS loci (putative targets 

of miR2118 and miR2275) for species with genome or transcriptome sequenced and 

their miRNA trigger. Triggers for these PHAS loci were further identified using the 

phastrings, a component of the PHASIS pipeline. 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 analysis. In this study, I aimed to survey the 

sRNA populations of a wide range of monocots, including basal and non-grass 

species. We generated deep sequencing sRNA data for dissected (vegetative and 

inflorescence) 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 and Nymphaea colorata) and Amborella trichopoda were also 

included. We took advantage of computational tools to characterize miRNAs and 

phasiRNAs. Finally, the approach of profiling of sRNA sequences revealed insights 

into atypical sRNA size distribution, conservation of miRNA families, single 

nucleotide sequence profiles of miRNAs, targets of miRNAs important in the 

flowering plants, including miR2118 and miR2275 triggered phasiRNAs and PHAS 

loci, and the emergence of  Dicer-Like5 (DCL5) during monocot evolution.  

1.6 Publications from This Dissertation 

 

The following list of manuscripts are part of the research included in this 
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DE NOVO PREDICTION OF REPRODUCTIVE PHAS LOCI IN GENOMES 

OF GRASSES  

A substantial amount of research in the last 15 years has focused on the 

prediction of miRNAs using computational approaches, and in the last decade, this has 

included machine learning methods. For example, there are several tools for miRNA 

prediction using machine learning techniques (Hackenberg et al., 2009; Jiang et al., 

2007). Additionally, there are tools like Target Spy (Sturm et al., 2010), which use a 

supervised machine learning approach for miRNA target prediction. However, there 

are few existing tools which could facilitate the work of plant biologists in classifying 

and predicting PHAS loci as well as predicting them (Shahid and Axtell, 2014) . 

Therefore, there is a need for a tool that can predict the presence of these phasiRNAs 

in a plant genome. Considering phasiRNAsô role in developmentally-important post-

transcriptional regulatory networks and the lack of tools for predicting phasiRNAs in 

the absence of sRNA data, I decided to employ a machine learning strategy and 

developed a new classification procedure to distinguish miR2118-targeted 21-PHAS 

loci and miR2275-targeted 24-PHAS loci from a control subset of non-PHAS loci (i.e., 

transposable elements).  
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2.1 Methods 

2.1.1  Workflow  

The following workflow was designed to classify PHAS loci from a control 

subset of non-PHAS loci and to identify unique attributes of miR2118/miR2275 

binding or target site patterns as well as the resulting reproductive PHAS loci. This 

analysis was done relative to other targets or potential targets of miR2118 and 

miR2275, the repetitive and well-described group of genomic sequences known as 

transposable elements (TEs) (Figure 2.1). To train both 21-PHAS and 24-PHAS 

classifiers, we used positive examples known as miR2118 and miR2275 targets and 

PHAS loci, while negative examples considered miR2118 and miR2275 targets that 

overlapped TEs, which are not typical targets of either miRNA. We built and 

evaluated classifiers by using the positive and the negative sets. The performance 

measurements for both classifiers were calculated via five-fold cross-validation (CV), 

completed five times. More details on five-fold cross validation are provided in 

Chapter 3.   
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Figure 2.1:  Schematic representation, showing the order of steps in workflow for 

de novo classification and prediction of reproductive PHAS loci. 

Additionally, independent tests were conducted for both classifiers as a cross-

species validation on genomes for which sRNA data are available. This approach 

could be further utilized for the de novo prediction of reproductive PHAS loci in the 

absence of sRNA data; the aim of such an analysis would be to provide biologists with 

an approximate number of reproductive PHAS loci in a given genome before 

generating sRNA data, or as a means to assess the depth or timing of sRNA that they 

have generated, 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 learning suites one can use to address 

classification problems. I utilized WEKA, a machine learning workbench (Frank, Hall, 
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& Holmes, 2010). In WEKA, I assembled an ensemble of classifiers using a technique 

called ñstackingò (Wolpert, 1992) which combine predictions of variety of 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 to build an ensemble of classifiers, I utilized well-known classifiers 

such as Random Forest (RF) with number of trees set to 10, Naïve Bayes with kernel 

density estimator to calculate a Bayesian posterior of the training set, k-Nearest 

Neighbors (IBK ïin WEKA) with k set to 3 and using Euclidean distance, and 

LibSVM ï support vector machine (Chang & Lin, 2011). Next, predictions from the 

aforementioned classifiers served as inputs to the final evaluator. Here, I used the 

logistic regression for such purpose to attain probability of an instance belonging to 

one of the two classes. To train and test unique blend of ensemble of classifiers I 

developed, I utilized the commonly-used stratified five-fold cross-validation (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 testing 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 five-fold CV experiment was repeated five 

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

2.1.3.1 Cross validation dataset 

The construction of datasets ran individually for each genome and was merged 

later to form a ómasterô dataset representing grass-specific data to train and test the 

classifier. We built positive and negative datasets as follows: Step 1: Given a grass 

genome (rice (Oryza sativa) and maize (Zea mays)), the target prediction program 

embedded in the sPARTA tool (Kakrana et al., 2014) called miRferno can be utilized 

to find potential targets of miR2118 or miR2275 in these genomes. Step 1 could be 

run individually on each genome with their respective versions of miR2118 or 

miR2275 sequences [18 copies of miR2118 (a-r) and 3 copies of miR2275 (a,b,d) in 

rice, and 7 copies of miR2118 (a-g) and 4 copies of miR2275 (a-d) in maize]. A 

consensus showing high sequence conservation among rice and maize miR2118 and 

miR2275 is shown in Figure 2.2. A filter of best scores was used to remove duplicate 

entries from our target prediction dataset; in this filter, a low target penalty score was 

used to remove duplicates - in other words, multiple miRNAs from the same family 

can target the same messenger RNA (mRNA) sequence with different affinities, so we 

only keep the miRNA target that has the lowest penalty score. 
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Figure 2.2:   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 consensus nucleotide 

but has a positive score from the Blosum62 matrix. 

 

Next, PHASIS (Kakrana et al., 2017) was utilized as a validation tool to obtain 

the actual counts of reproductive PHAS loci and was further used as a prior 

knowledge. Using PHASIS, I identified 2535 21-nt PHAS loci and 220 24-nt PHAS 

loci from rice and I used 463 21-nt PHAS loci and 176 24-nt PHAS loci previously 

described for maize (Zhai et al., 2015b). Lastly, I used these sets of PHAS loci in 
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maize and rice to check whether the coordinates of targets of miRNAs (miR2118 or 

miR2275) fall within or in close proximity (including 250 bp upstream or downstream 

of PHAS loci) to the PHAS loci. All the targets that passed this proximity criterion 

comprise the set of ótrueô positives (a true miR2118 or miR2275 target and a PHAS 

locus). For the negative set, I used a subset of targets of miR2118 and miR2275 

overlapping annotated TEs, found using Repeat Masker (Smit et al., 2013). Thus, 

these targets data construct our ótrueô negative set (a miR2118 or miR2275 target 

overlapping TEs and not a PHAS locus).  Hence, this is a binary classification problem 

where classes are either 21-PHAS locus and non-21-PHAS locus or 24-PHAS locus 

and non-24-PHAS locus. In order to avoid imbalance in the number of instances in 

both datasets, I used undersampling and randomly picked the same number of 

instances from the negative set as there are in the positive set. Finally, both datasets 

are clean, equal in size, have no duplicates, and true in their respective sense. 

In the final step, datasets from each grass genome (rice and maize) were 

merged into the ómasterô dataset for training and testing the classifier under 5-fold 

cross-validation setting (Table 2.1).  

Table 2.1: Combined dataset from rice and maize used for cross-validation study. 

 21-PHAS model 24-PHAS model 

Positive 

Samples 

365 (maize) + 2368 (rice) Ÿ 2733 115 (maize) + 106(rice) Ÿ 221 
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2.1.3.2 The cross-species validation dataset 

Validation was conducted on three members of the larger family of grasses: 

Oryza brachyantha (O. brachyantha) and Brachypodium distachyon (Brachypodium), 

and Setaria viridis (S. viridis). Validation sets were generated for all species using 

their respective genomes following steps mentioned in the section 2.1.3.1, but copies 

of miR2118 and miR2275 from rice and maize were used for target prediction. 

PHASIS and RepeatMasker were used to determine positive and negative samples 

from these targets as denoted in the section 2.1.3.1. In order to avoid imbalance in the 

number of instances in both datasets, I used undersampling and randomly picked the 

same number of instances from negative set as there are in the positive set. Finally, 

validation sets were supplied individually to aforementioned miR2118 and miR2275 

based ensemble of classifiers for assessing predictive performance. As a negative 

control, I used Arabidopsis thaliana (Arabidopsis) as there are no known reproductive 

21-PHAS loci (i.e. those triggered by miR2118; mainly they are TAS loci, or protein-

coding genes), nor are there 24-PHAS loci triggered by miR2275. Targets of rice and 

maize copies of miR2118 and miR2275 were predicted in Arabidopsis, resulting in the 

726 and 2644 unique targets, respectively. Next, I used these targets to assess the 

predictive specificity of the 21- and 24-PHAS models. Table 2.2 describes number of 

instances (positive and negative sets) used for each species tested.   

Negative 

Samples 

1664 (maize) + 1069 (rice)Ÿ 2733 115 (maize) + 106 (rice) Ÿ 221 
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Table 2.2:  Cross-species dataset used to validate 21- and 24-PHAS models.        

Positive samples (+ve): miR2118 or miR2275 target and a PHAS locus; 

Negative samples (-ve):  miR2118 or miR2275 target, overlapping TEs 

and not a PHAS locus. 

 O. brachyantha 

 

Brachypodium 

 

S. viridis 

 

Arabidopsis 

21-PHAS 

model 

824 (+ve) 

824 (-ve) 

374 (+ve) 

374 (+ve) 

1353 (+ve) 

1353 (-ve) 

726 (-ve) 

24-PHAS 

model 

33 (+ve) 

33 (-ve) 

65 (+ve) 

65 (-ve) 

154   (+ve) 

154   (-ve) 

2644 (-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 characteristic curve (AUC), whose formulae and 

descriptions are as follows: 

 

¶ Sensitivity  ὛὉ
ȿ ȿ

ȿ ȿȿ ȿ
  ;  

¶ Specificity  Ὓὖ
ȿ ȿ

ȿ ȿȿ ȿ
    ; 

¶ Accuracy   ὃὅὅ
ȿ ȿȿ ȿ

ȿ ȿȿ ȿȿ ȿȿ ȿ
  Ƞ   

¶ Positive Predictive Value  ὖὖὠ
ȿ ȿ

ȿ ȿȿ ȿ
  ; 

where True Positives (TP) denotes the set of correctly classified phasiRNAs, 

True Negatives (TN) denotes the set of correctly classified non-phasiRNAs, 

False Positives (FP) denotes the set of non-phasiRNA sequences that were 
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classified as phasiRNAs, and False 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. 

¶ The Area Under the ROC 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 non-phasiRNAs. Values of 

AUC are between 0 (worst performance) and 1 (best performance). ROC 

illustrates the true positive rate (sensitivity) against the false-positive rate (1 - 

specificity). 

2.1.5 Feature extraction 

 

The machine learning classification pipeline integrated features mentioned as 

follows. For each instance (miR2118 or miR2275 targets) in both (positive and 

negative) sets, the following features were generated: Features 1 to 22: miRNA-target 

interactions (German et al., 2008): I recorded the miR2118-target interaction or 

miR2275-target interaction to capture binding pattern in terms of match, wobble, gap, 

and mismatch denoted as ó1ô,ô2ô,ô3ô, and ó4ô , respectively in the feature vector. Since 

miR2118 and miR2275 are both 22-nt long, this interaction-based feature is also a 

vector of 22 elements, where first element represents the interaction between target 
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and miRNA at the first nucleotide position. Feature 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 classes of PHAS loci 

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 repetitiveness 250 bp 

downstream for each PHAS loci embedding or in close proximity to each of the target 

sites in the positive dataset and by obtaining the average degree of repetitiveness for 

each non PHAS loci embedding or in close proximity to targets sites in negative 

dataset. The average degree of repetitiveness is computed by Jellyfish (Marçais and 

Kingsford, 2011). The repetitiveness is indicated by the "k-mer" score of each "k-mer 

region" in the genome. k is set to 20, and the length of each k-mer region is set to 20. 

Feature 25: GC content from 250 bp downstream of miR2118 or miR2275 targets. 

GC content is equal to (|C|+|G|) / L*100, where |C| and |G| denote the number of 

nucleotides C or G in the sequence of length L. Features 26 to 29: Total number of: 

matches, mismatches, wobbles, and gaps for each instance in the positive and the 

negative set.  

Thus, I computed a total of 29 features including: 22 interaction features, best 

target score, k-mer, GC content, and total number of: matches, mismatches, wobbles, 

and gaps for each instance in the positive and the negative sets. 
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2.2 Results 

2.2.1 Evaluation of machine learning classifier 

 

To classify PHAS loci in maize and rice, I developed a machine learning-based 

workflow focused on features, including miR2118 and miR2275 binding pattern, k-

mer, target score, GC content, and total number of : matches, mismatches, wobbles, 

and gaps. I built and evaluated the performance of classifiers via five-fold cross 

validation, completed five times. The performance measures including accuracy, 

specificity, etc. (abbreviated as ACC, SP, SE, PPV, and AUC; Methods) exceeded 

85% (i.e. 0.85), for both 21- and 24-nt PHAS models (Table 2.3). Computing the area 

under the ROC curve (AUC) (Figure 2.3), demonstrating the performance of the 

classifier with an averaged AUC of 0.94 for 21-PHAS model and AUC of 0.96 for 24-

PHAS model. These results showed that the pipeline successfully classified miR2118 

and miR2275 triggered reproductive PHAS loci relative to other miR2118 and 

miR2275 targets, in particularly TEs, with high values for all performance 

measurements. 
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Table 2.3: Results of classification to distinguish reproductive PHAS loci in maize 

and rice. Note: SD: standard deviation 

Classification 

model 

Performance Evaluation Measure 

ACC 

(ÑSD) 

SP 

(ÑSD) 

SE 

(ÑSD) 

PPV 

(ÑSD) 

AUC 

(ÑSD) 

21-PHAS 

model 

0.88 

(Ñ0.01) 

0.84 

(Ñ0.01) 

0.91 

(Ñ0.01) 

0.85 

(Ñ0.01) 

0.94 

(Ñ0.01) 

24-PHAS 

model 

0.90 

(Ñ0.01) 

0.89 

(Ñ0.02) 

0.90 

(Ñ0.01) 

0.89 

(Ñ0.01) 

0.96 

(Ñ0.01) 
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Figure 2.3:   ROC curve for 21-PHAS (top) and 24-PHAS (bottom) classifiers used 

in above panels, demonstrating an area under the curve (AUC); solid 

lines show the AUC for each fold up to the 5-fold CV. The black 

dotted line depicts 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. The X-axis is plotted as 1 minus the specificity. 
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2.2.2 Validation on cross species test 

To evaluate the robustness and predictive power of the machine learning 

workflow, I applied the classification models from rice and maize to validate 

reproductive PHAS loci in the O. brachyantha, Brachypodium, and S. viridis (Table 

2.4). Arabidopsis was used as a negative control for the 21-PHAS and 24-PHAS 

models as there are no known miR2118 or miR2275 triggered reproductive PHAS loci. 

The 21-PHAS classifier correctly recognized 754 out of 824 21-PHAS loci in O. 

brachyantha, 365 out of 374 in Brachypodium, and 1228 out of 1353 in S. viridis. The 

performance measurements (ACC, SP, SE, PPV, and AUC) exceeded 85% for these 

three cross-species datasets. Interestingly, the model also correctly recognized 660 out 

of 726 non-PHAS loci in Arabidopsis with specificity over 90% (Table 2.4).  

Similarly, the 24-PHAS classifier correctly recognized 32 out of 33 24-PHAS loci in 

O. brachyantha, 49 out of 65 in Brachypodium, and 135 out of 154 in S. viridis. 

Overall, the performance measurements exceeded 83% for the three cross-species 

datasets (Table 2.4). Similar to above, 24-PHAS model correctly recognized 2626 out 

of 2644 non-PHAS loci in Arabidopsis with specificity over 99% (Table 2.4), 

consistent with the fact that there are no known 24-PHAS loci and miR2275 in the 

Arabidopsis. Thus, I concluded that the machine-learning method is effective for de 

novo classification and prediction of reproductive PHAS loci. 
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Table 2.4: Cross-species validation results. Note: Arabidopsis datasets were utilized as 

negative control to access specificity. 

Classification 

model 

Species Cross-species Performance Evaluation 

Measure 

ACC SP SE PPV AUC 

 

 

21-PHAS 

model 

O. brachyantha 0.85 0.85 0.85 0.86 0.94 

Brachypodium 0.94 0.94 0.94 0.94 0.98 

S. viridis 0.90 0.90 0.90 0.90 0.96 

Arabidopsis - 0.90 - - - 

 

 

24-PHAS 

model 

O. brachyantha 0.86 0.86 0.86 0.88 0.96 

Brachypodium 0.83 0.83 0.83 0.84 0.94 

S. viridis 0.87 0.87 0.88 0.87 0.94 

Arabidopsis - 0.99 - - - 

 

2.2.3 Informative Features 

 

To assess importance of features embedded in the dataset used for cross-

validation study, I used the attribute selection tool of WEKA after performing 

classification. Information gain (also known as entropy) was employed to evaluate the 

value of each feature, for both miR2118 and miR2275 targeted PHAS loci and TEs. 

Values of information gain (IG) (i.e. the relative contribution) for each feature varied 

from zero (no information) to one (maximum information); features conveying more 

information thus had a higher information gain value. Table 2.5 depicted the lists of 

all features computed for the classification of 21- and 24- PHAS loci along with IG 

computed for each feature. Features are ranked from high IG to low IG. Table 2.5 

revealed several highly informative features, which were important in distinguishing 
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both the classes, such as kmer, target score, GC content, total number of matches and 

mismatches, and several positions important for binding between miR2118 and 

miR2275 and their targets.  

To compare these informative features, I calculated the putative binding 

pattern as percentage of each positions of predicted matches, gaps, wobbles, and 

mismatches in Figure 2.4. I observed that binding at the 3rd, 4th, 9th to 12th, 16th, 

17th, and 19th to 22nd positions were different between miR2118 targeted 21-PHAS 

loci and TEs (Figure 2.4, left panels). The positions 3rd, 4th, 10th to 12th, 16th, 19th, 

and 22nd showed higher percentage of matches, positions 17th and 21st showed 

higher percentage of mismatches in miR2118 targeted 21-PHAS loci than TEs.  

Again, as for the miR2118, I recorded the binding pattern of miR2275 as a 

percentage of each position of predicted matches, gaps, wobbles, and mismatches. In 

this case,  I observed that binding at the 4th, 9th to 16th, 19th , and 22nd positions 

were different between miR2275 targeted 24-PHAS loci and TEs (Figure 2.4, right 

panels). The positions 4th, 10th to 15th, 19th, and 22nd showed higher percentage of 

matches, positions 9th and 16th showed lower percentage of matches in miR2275 

targeted 24-PHAS loci than TEs. Overall, I noticed higher percentage of matches and 

wobbles in miR2118 and miR2275 targeted PHAS loci than TEs while the percentage 

of mismatches were higher in the putative miR2118 and miR2275 targeted TEs than in 

PHAS loci across many positions. This is indicative of strong binding affinity feature 

essential for instigating phasiRNAs. 
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Next, I plotted and compared kmers, GC content, target score, total number of 

matches and total number of mismatches between miR2118 and miR2275 targeted 

PHAS loci and TEs (Figure 2.5). While comparing miR2118 targeted 21-PHAS loci 

and TEs, I observed lower kmer values (< 2), lower GC content (median of 43), lower 

target score (median score of 4), higher number of matches (median of 18 matches in 

an alignment), and lower number of mismatches (median of 3 mismatches in an 

alignment) in miR2118 targeted 21-PHAS loci than TEs (Figure 2.5, top panel).  

Again, as for miR2118, I compared similar features in miR2275 targeted 24-

PHAS loci and TEs and noticed similar trend of lower kmer values (<2), slightly lower 

GC content (median of 35) and target score (median score of 3.5), higher number of 

matches (median of 18 matches in an alignment), and lower number of mismatches 

(median of 2 mismatches in an alignment) in miR2275 targeted 24-PHAS loci than 

TEs (Figure 2.5, bottom panel). Hence, these results suggested that miR2118 and 

miR2275 target in a context of low GC content and in low-copy regions (relatively 

unique regions of the genome), and in a non-perfect homology manner while still 

requiring a high degree of miRNA-target complementarity. The binding pattern also 

highlighted the importance of the 3ô region of the miRNA, which is not well 

characterized in plant miRNA-target interactions.  
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Table 2.5: Feature ranking based on information gain for both 21- and 24- PHAS 

models. 

 
21-PHAS model 24-PHAS model 

Information 

Gain 

Features Information 

Gain 

Features 

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 

0.2704 

Total 

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 5th 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 gaps 0 1st position 
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Figure 2.4:  Strong binding affinity in the non-seed region is essential for miR2118 

and miR2275 to initiate phasiRNAs. The bar charts record the 22-nt 

miR2118 interaction with 21-PHAS loci (top panel, at left) and 

transposable elements (bottom panel, at left) and miR2275 interaction 

with 24-PHAS loci (top panel, at right) and transposable elements 

(bottom panel, at right) for all targets used in the cross validation set for 

rice and maize. X-axis denotes position of miRNA-target interaction. Y-

axis captures binding pattern as a percentage of match, gap, wobble, and 

mismatch. 
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Figure 2.5: Feature comparison revealed distinct features between positive and 

negative sets in 21- and 24-PHAS models. Box plots compare kmers, 

GC content, target score, total number of matches and total number of 

mismatches. Black line denotes median in the box plot. 
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2.3 Chapter Summary 

 

In this chapter, I performed the following analyses: (1) I collaborated and 

contributed in the development of two pipelines: sPARTA: miRNA-target prediction 

and validation suite (Kakrana et al., 2014),  and PHASIS: PHAS loci identification 

suite (Kakrana et al., 2017), (2) I discovered targets of miR2118 and miR2275 in rice 

and maize in male-germline tissue, using the sPARTA suite, (3) I discovered 21-nt 

phased siRNA generating loci in male-germline tissue and 24-nt phasiRNA in rice, 

maize, O. brachyantha, Brachypodium, and S. viridis using the PHASIS suite, (4) I 

implemented a pipeline to generate features used in the machine learning classifier 

based on miRNA binding pattern, (5) I designed a new classification procedure for a 

quick and robust analysis of reproductive PHAS loci in the absence of sRNA data in 

the grasses, (6) I developed an ensemble of classifiers using a technique called 

ñstackingò for both classes of PHAS loci, and (7) I implemented a heuristic for 

highlighting informative features based on information gain.  

As a result of these analyses, I made a number of insights, on both 

computational and biological levels. For example, my work demonstrated that 

machine learning classifiers can accurately classified reproductive PHAS loci in rice 

and maize, and that cross-species tests are useful to evaluate the robustness and 

predictive power of the machine learning workflow. This insight was made using data 

from a variety of plant species, including O. brachyantha, Brachypodium, S. viridis, 

and Arabidopsis. I also found that several informative features were particularly 
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important in distinguishing both the classes such as the kmer content, target scores, 

GC content, total number of matches and mismatches, and several positions important 

for binding between miR2118 and miR2275 and their targets. An interesting 

biological observation that I made was that the degree of target site matches for 

miR2118 and miR2275 was higher for the reproductive PHAS loci than it was for TEs, 

an observation true across many positions in the genome. This demonstrates that a 

strong binding between miRNA and the target transcript is essential for initiating the 

production of phasiRNAs, and it is one explanation for why these phasiRNAs are 

produced only from specific genomic loci. 

Finally, from this work, I concluded that the machine-learning based workflow 

that I developed is robust and highly accurate in classifying and predicting 

reproductive PHAS loci in the grasses. In addition, this workflow could be utilized as a 

potential application for de novo prediction of reproductive PHAS loci in the genomes 

of grasses or related monocots. I found that miR2118 and miR2275 target genomic 

regions that are low in GC content and low copy (non-repetitive); these target sites are 

generally not perfectly matched by the miRNAs, although maintain a high degree of 

miRNA-target complementarity. And the binding pattern of the miRNA highlights the 

importance of the non-seed region, which is not well studied in plant miRNA-target 

interactions and this it is a good topic for further characterization in the future. 
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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 machine-learning methods to identify 

sequence-based and positional features that distinguish phasiRNAs in rice and maize 

from other small RNAs (sRNAs). We developed Random Forest classifiers that can 

distinguish reproductive phasiRNAs from other sRNAs in complex sets of sequencing 

data, utilizing sequence-based (k-mers) and features describing position-specific 

sequence biases. The classification 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 position-specific nucleotide biases potentially influencing AGO 

sorting; we also predicted targets to infer functions of phasiRNAs, and 

computationally-assessed their sequence characteristics relative to other sRNAs. Our 

results demonstrate that machine-learning methods effectively identify phasiRNAs 

despite the lack of characteristic features typically present in precursor loci of other 
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small RNAs, such as sequence conservation or structural motifs. The 5ô-end features 

we identified provide insights into AGO-phasiRNA interactions; we describe a 

hypothetical model of competition for AGO loading between phasiRNAs of different 

nucleotide compositions. 

This chapter is published in New Phytologist. Below 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. [New Phytologist. 

https://doi.org/10.1111/nph.15349  ]  

 

3.1 Methods 

3.1.1 Classification via machine learning 

 

We use the Random Forest (ñRFò) (Breiman, 2001) classification method, 

which is based on building an ensemble of decision trees. This method has proven 

effective for addressing a variety of classification problems in bioinformatics (Yang et 

al., 2010; Lertampaiporn et al., 2014). We employed the WEKA implementation of 

RF (Frank et al., 2016) to build the model for distinguishing phasiRNAs (to which we 

refer as the positive set) from non-phasiRNAs (the negative set). As we study two sets 

of reproductive phasiRNAs, characterized by two distinct lengths, namely 21- and 24-

nt, for each set we have trained two distinct classifiers, one for each length. When 

training each of these classifiers, we have varied the composition of the negative sets 

https://doi.org/10.1111/nph.15349


 42 

of non-phasiRNAs to which the phasiRNAs were compared (more details are in the 

data set used for cross validation study).   

To train and test the classifiers we developed, we have used the commonly 

used stratified five-fold cross-validation (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 testing 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 five-fold 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 cross-validation steps allowed us 

to compare the performance of the classifiers with these different datasets. The 

positive sets consisted of non-redundant sequences of reproductive phasiRNAs, 

including sets of phasiRNAs whose length is either 21- or 24-nt. The sets 

characterized by either sequence length comprise phasiRNAs from previously-

identified PHAS loci published for rice and maize. Specifically for rice, we utilized 

small RNA libraries published by Fan et al., 2016 and analyzed these libraries using 
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our previously published python-based FASTQ processing script to produce the ótag 

countô formatted files (Patel et al., 2015). Next, we identified 2024 21-nt PHAS loci 

and 59 24-nt PHAS loci from rice using a tool called PHASIS (Kakrana et al., 2017), 

and we used 463 21-nt PHAS loci and 176 24-nt PHAS loci previously described for 

maize (Zhai et al., 2015b) to obtain 21-and 24-nt phasiRNAs. From these loci, we 

identified non-redundant sets of 20240 (rice) and 9260 (maize) premeiotic 21-nt 

phasiRNAs, and 2950 (rice) and 8800 (maize) meiotic 24-nt phasiRNAs; these 

comprise the small RNAs from these PHAS loci that were represented in the 

sequencing data from 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 

most-abundant phasiRNA sequences from each species represented within the sets of 

sequences of either length. 

The negative training sets were built by gathering several types of non-

redundant sRNA sequences. For simplicity, we refer to all of them as non-phasiRNAs, 

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 Griffiths-Jones, 2014), version 21.  We combined miRNAs 

from rice (n=553) and maize (n=203), totaling 756 miRNAs. We trimmed miRNAs 

longer than 21-nt to 21-nt, trimming from the 3ô- end to obviate any length differences 

in comparison to the 21-nt phasiRNAs. Thus, we used this set (n=756) only while 

classifying 21-nt phasiRNAs, (2) Pol IV-Dependent siRNAs (P4-siRNAs) or hc-

siRNAs sequences were 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 with repetitive origins. As an additional filter to avoid reproductive 

phasiRNAs, the P4-siRNAs were from vegetative tissues in which reproductive 

phasiRNAs are absent (Johnson et al., 2009). In the libraries we analyzed, using these 

criteria, we identified 14008 non-redundant P4-siRNAs from maize and 12530 from 

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 to 21-nt 

phasiRNAs, we trimmed P4-siRNAs to 21-nt from the 3ô- end. For comparisons to 24-

nt phasiRNAs, no trimming was required since the P4-siRNAs were preselected as 24-

nt small RNAs, and (3) small 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 identified using tRNAscan-SE (Lowe and Eddy, 1997) with default 

parameters.  The rRNA loci were identified using RepeatMasker (Smit et al., 2013) 

with a default cut-off score of 225.  The small RNAs derived from these loci were 

combined for the two genomes (since tRNAs and rRNAs are highly conserved 

between rice and maize), and we randomly selected 500 tRNA-derived sRNAs and 

500 rRNA-derived siRNAs. 

Finally, to assess the predictive performance of the algorithm on new 

sequences, we selected the remaining 8260 and 19240 21-nt phasiRNAs , 7800 and 

1950 24-nt phasiRNAs, and 1000 P4-siRNAs 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 from Setaria viridis, a grass, in order to use reproductive 

phasiRNAs from S. viridis to test predictive sensitivity across species.  We identified 

1593 21-nt PHAS loci and 381 24-nt PHAS loci from S. viridis using PHASIS 

(Kakrana et al., 2017). From these loci, for subsequence cross-species comparisons, 

we used non-redundant sets of 2000 premeiotic 21-nt phasiRNAs, 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 specificity for the selection of 

the data, we extracted P4-siRNAs (using same criteria as above) from the reproductive 

libraries of maize and rice mutants which lack 21-nt or 24-nt phasiRNAs, and plotted 

the sequence profiles compared to P4-siRNAs we included from the vegetative tissues 

(also sequenced with the older platform) for maize and rice. This comparison of 

single-nucleotide sequence profiles of P4-siRNAs showed no significant difference 

between different sequencing platforms. Since the pathway components generating 

P4-siRNAs are the same, and there are few if any reports of tissue-specific expression 

of P4-siRNA loci, no differences were expected.  

3.1.3 Development of a machine learning classifier for plant small RNAs 

 

The classification pipeline we developed takes as input a set of plant small 

RNA sequences to assess for each sequence whether it has attributes or not of a 

reproductive phasiRNA, based on a training/test set, returning a ñyesò or ñnoò 
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response. Thus, for this decision, feature characterization is crucial. The pipeline used 

several sequence- and structural-based features. One known feature of reproductive 

phasiRNAs is a 5ǋ-terminal cytosine, described for 21-nt phasiRNAs bound by MEL1, 

a rice Argonaute (Komiya et al., 2014). Another known characteristic of both 21- and 

24-nt reproductive phasiRNAs is their origin from unique or low copy regions in the 

genome (Johnson et al., 2009; Zhai et al., 2015b). Beyond these features, little was 

known about their sequence composition, true even for other classes of plant small 

RNAs.  

Thus, to build a classifier, we utilized an alignment-free approach based on k-

mers. These k-mer motifs (more details in section 3.1.4), together with the GC content 

and Shannon entropy of the small RNA, comprised the sequence-based 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 a determined sequence position. These two sets of attributes for each 

sequence comprised 1498 features, most of which were short k-mers or words that we 

could use to classify plant small RNAs. Before each classification, feature selection of 

the top 250 most informative 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 

negatively impacting the classifierôs performance (more details in section 3.1.4 ).  We 

have also experimented with different number of trees and of features used. 

Consequently, to estimate the performance of the classifier, RF was applied 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 of the 5-fold CV. 

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

 

The machine learning classification pipeline integrated both sequence-based 

and structural features, as follows:  

3.1.4.1 Sequence-based features 

 

The frequency of k-mer motifs:  We computed normalized frequencies of all 1 

to 5 nt k-mer patterns (see patterns below) using a sliding-window of length k (k = 1, 

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 as Ci, was 

increased by one, using the following formula to calculate frequencies:  

Fi= Ci / Sk, for i = 1 to 1364, where Sk = Lī k+1, and Sk is the total number of times 

the sliding-window of length k could slide along the sequence. The frequencies of all 1 

to 5 nt k-mer patterns (4+16+64+256+1024=1364 patterns) were as follows: 

(1) 4 one-mer patterns (A,C,G,T), (2) 16 two-mer patterns (AA,AC,AG,AT,é,TT) 

, (3) 64 three-mer patterns (AAA,AAC,AAG,AAT,é,TTT), (4) 256 four-mer patterns 

(AAAA,é,TTTT), and (5) 1024 five-mer patterns (AAAAA,é,TTTTT). 
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Thus, phasiRNAs and non-phasiRNAs were characterized as a vector consisting 

normalized frequencies of 1364 k-mer motifs. We used the repDNA package (Liu et 

al., 2015) in Python to generate these features. GC_content = (|C|+|G|) / L*100, where 

|C| and |G| denote the number of nucleotides C or G in the sequence, respectively. 

3.1.4.2 Positional features 

 

We computed a position-specific 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 in 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 the length 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,2A,2C,2G,2T,é,21A,21C,21G,21T > 

Each of the entries in the above vector holds a value of either 1 (presence of a 

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 sRNA found in the dataset as an upper limit to generate the 

positional features. When sequences of identical lengths were compared, for example 

24-nt phasiRNAs versus 24-nt P4-siRNAs, no length adjustment was required. In 

other cases, classification models were built from sequences of mixed lengths; for 
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example, 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 sRNA 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 formula for calculating Shannon 

entropy score is as follows: 

S(L) = - × f(x) log2 (f(x)), where L is a sequence length and f(x) is the 

frequency of the symbol (x - A, C, G, or T) in the sequence. The lower the value of 

entropy, the higher the repetitiveness is in a sequence. We used a length-normalized 

Shannon entropy score calculated as follows: Normalized Shannon entropy score = 

S(L) / L. Thus, for each sequence in the positive and the negative sets, we calculated 

1498 features (1365 sequence-based + 132 positional-based + 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 known as entropy) was employed 

to evaluate the value of each feature, for either the phasiRNA or non-phasiRNA 

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); features conveying 

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 features 

were ranked by information gain, and the top 250 were selected (Figure 3.1 a, b), as 

this subset included 95 to 97% of informative features (Figure 3.1e), reducing 

dimensionality without compromising or negatively impacting the classifierôs 

performance. As examples of our feature selection process, we listed the top 30 out of 

250 selected features (Table 3.1). 
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Table 3.1: Top 30 out of 250 selected features. Note: Sequence-based features denote 

the frequency of the k-mer motifs as they appear along the length 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 

features 
Feature Symbol 

21-nt 
phasiRNA vs. 
P4-ǎƛwb! όоΩ 

trimmed) 

Sequence-
based features 

18 
CGG, GG, CG, G, CT, GC, CAT, CGGA, 
T, ACG, TCGG, AAACG, GGA, C, ACGG, 
CGGAC, AAC, A 

Positional 
Features 

12 
1A, 1T, 1C, 19A, 1G, 21G, 21T, 14T, 
19C, 20C, 20G, 20A 

21-nt 
phasiRNA vs. 
Ƴƛwb! όоΩ 
trimmed) 

Sequence-
based features 

14 
GG, AC, C, G, CT, GCCAA, GTTT, 
ACTG, GCC, AGA, Shannon Entropy,  
GC_content,  A,  GTT 

Positional 
Features 

16 
1C, 19A, 1G, 2G, 21T, 21G, 19G, 21C, 
1T, 19C, 8G, 1A, 8A, 20C, 17T, 14T 

24-nt 
phasiRNA vs. 

P4-siRNA 

Sequence-
based features 

23 

CGG, AT, GC_content, ACGG, CG, GG, 
G, GAC, CGGA, GGAC, T, GGA, GGC, 
CAT, ACG, GACG, TTG, TAT, TCA,  
CGGAC, AC, TT, GA 

Positional 
Features 

7 
1A, 1T, 22C, 23T, 22T, 22A, 1C 
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Figure 3.1: Information gain (IG) was used to reduce feature dimensionality 

together with ROC curve to select top most 250 most informative 

features. Strip plot shows the distribution of all 1498 features computed 

for the classification of 21- and 24-nt phasiRNAs. The X-axis shows IG 

computed for each feature. Features are ranked from high IG to low IG; 

Y-axis shows the category to which each feature belongs (see Method S1 

for more details on k-mers). The dotted gray line represents 250th feature 

(random cutoff) used for selecting features for classification. Therefore, 

all features to the left side of dotted line were used in the classification. 

(a) The 250 features selected based on IG for classification of the 21-nt 

phasiRNA vs. the set of miRNAs + P4-siRNAs + tRNAs + rRNAs. (b) 

The 250 features selected based on IG for classification of the 24-nt 

phasiRNA vs. the set of miRNAs + P4-siRNAs + 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 5-fold cross-validation (ñCVò). The black dotted line depicts 

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. The X-axis is 

plotted as 1 minus the specificity. (d) As in panel C, ROC curve for the 

classifier used in panel B, demonstrating a mean AUC of 0.942 for 5-fold 

CV. (e) Accuracy (Y-axis) of the top IG-based 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 from the rdr2/mop1 maize 

mutant (Alleman et al., 2006), using young ears (3 to 5 cm in length); the materials 

were generously donated by Drs. Mario Arteaga-Vazquez and Vicki Chandler 

(formerly of the University of Arizona). Small RNA library construction was as 

previously described (Lu et al., 2007). A total of 18 libraries from Setaria viridis were 

constructed using the Illumina 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 python-based FASTQ 

pipeline (Patel et al., 2015). Briefly, the processing script removes adaptors and low-

quality reads, and retains sequences with lengths between 18 and 31 nt for the maize 

data and 18 and 34 nt for S. viridis (the difference is because the maize data were 

generated using shorter total sequence reads). Then, these sequences were mapped to 

the respective genome: maize version AGPv2 or S. viridis version v1 (from JGI). 

Mapping was performed using Bowtie (Langmead et al., 2009). Reads that perfectly 

matched (no mismatch) to the maize genome and S. viridis genome, excluding those 

matching to structural RNAs (tRNAs or rRNAs) were used for further study. 
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3.1.6 Extraction of a set of maize 22-nt hc-siRNAs 

 

The 22-nt, putative heterochromatic siRNAs that are RDR2-independent, and 

thus far found only in maize (Nobuta et al., 2008) were 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. 

Table 3.2: sRNA libraries from maize, rice, and Setaria viridis used in this study. 

 

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

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

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 C. Rice vegetative tissue specific small RNA data used for P4-siRNA analysis

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

SC1I seedling, control #1 2472008 1763317 721500 18-33 sRNA single-end GSM816687

SC2I seedling, control #2 494459 227754 158463 18-31 sRNA single-end GSM816688

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 GSM816691

SNa1I 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

SCd1I seedling, cold#1 2705018 1887552 882545 18-33 sRNA single-end GSM816694

SCd2D seedling, cold#2 2625889 1482336 630382 18-34 sRNA single-end GSM816695

SHt1I seedling, heat #1 510137 175362 97319 18-31 sRNA single-end GSM816696

SCdNa1I 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 GSM816698

SHtNa1I seedling, heat + salt #1 747077 219088 110110 18-31 sRNA single-end GSM816699

S1dc1I 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

S2dc1I 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

RCn1I root, control for nutrient starvation #1 542895 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 GSM816706

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 GSM816708

RS2D root, - S #2 5166197 3502211 753398 18-35 sRNA single-end GSM816709

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 GSM816712

RK2D root, - K #2 5704385 3647290 748559 18-35 sRNA single-end GSM816713

RKNa1I root, - K + salt#1 499838 139224 76674 18-31 sRNA single-end GSM816714

RKNa2D root, - K + salt#2 4508732 2100768 528971 18-35 sRNA single-end GSM816715

RD1I root, drought#1 406642 128721 75108 18-31 sRNA single-end GSM816716

RD2D root, drought#2 2890472 957120 298845 18-36 sRNA single-end GSM816717

ShCn1I shoot, control for nutrient starvation #1 736021 497984 298674 18-31 sRNA single-end GSM816718

ShCn2D shoot, control for nutrient starvation #2 3141376 1786416 684698 18-33 sRNA single-end GSM816719

ShP1I shoot, - P #1 736745 535253 290663 18-31 sRNA single-end GSM816720

ShP2D shoot, - P #2 3051116 1852316 559342 18-33 sRNA single-end GSM816721

ShS1I shoot, - S #1 541134 282941 173032 18-31 sRNA single-end GSM816722

ShS2D shoot, - S #2 2942918 1519478 675086 18-33 sRNA single-end GSM816723

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

ShK1I shoot, - K #1 634874 454418 228203 18-31 sRNA single-end GSM816726

ShK2D shoot, - K #2 4053276 3083210 839668 18-36 sRNA single-end GSM816727

ShKNa1I 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

 

 

 

 

 

 

 

Part B. Rice reproductive tissue specific small RNA data used for phasiRNA analysis

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

05ld58Ss_r1 0.5-1.0 cm panicles, long-day, 58S, rep 1 16799138 13828073 5283775 18-34 sRNA single-end GSM2253106

05ld58Ss_r2 0.5-1.0 cm panicles, long-day, 58S, rep 2 9846199 7874822 3742835 18-34 sRNA single-end GSM2253107

1ld58Ss_r1 1.0-2.0 cm panicles, long-day, 58S, rep 1 7442130 6108173 2471454 18-34 sRNA single-end GSM2253108

1ld58Ss_r2 1.0-2.0 cm panicles, long-day, 58S, rep 2 11472561 8925938 3615463 18-34 sRNA single-end GSM2253109

3ld58Ss_r1 3.0-4.0 mm florets, long-day, 58S, rep 1 6299626 5102487 1622550 18-34 sRNA single-end GSM2253110

3ld58Ss_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_r1 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_r1 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
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3.1.7 Performance evaluation 

Same as mentioned in chapter 2.1.4 

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, better-described small RNA classes. To do this, we 

developed a machine learning-based workflow focused on sequence-based and 

structural features of plant small RNAs (Figure 3.2). To train the classifier, we used as 

positive examples known reproductive phasiRNAs from rice and maize, including 

both 21-nt and 24-nt phasiRNAs, while the negative sets consisted of P4-siRNAs, 

Part D. Maize vegetative tissue specific small RNA data used for P4-siRNA analysis

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

Zma1 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_rp1 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

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

ho_mop1b immature ears of maize mop1-1  homozygous mutant 15,495,793 10,567,032 1,184,737 18-31 sRNA single-end GSM2889543

ho_mop1d immature ears of maize mop1-1  homozygous mutant 14,212,640 10,573,800 1,665,630 18-31 sRNA single-end GSM2889544

ho_mop1e immature ears of maize mop1-1  homozygous mutant 14,686,514 11,160,380 1,486,854 18-31 sRNA single-end GSM2889545

ho_mop1f immature ears of maize mop1-1  homozygous mutant 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

Code Title Total Sequences
Genome Matched 

Reads

Distinct 

Genome 

Matched 

Reads

Length of 

Reads
Type Technology

GEO Accession 

Number/Pubmed IDs

leaf_Sv_r1 Setaria viridis A10, leaf, rep1, 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_stage1_r1 Setaria viridis A10, whole panicle, stage 1 (1.5 cm, inside leaf sheath), rep123,640,458 14,097,037 4,025,177 18-34 sRNA single-end GSM3032207

wp_stage1_r2 Setaria viridis A10, whole panicle, stage 1 (1.5 cm, inside leaf sheath), rep221,602,557 12,785,814 3,191,407 18-34 sRNA single-end GSM3032208

wp_stage2_r1 Setaria viridis A10, whole panicle, stage 2 (inside leaf sheath), rep124,427,838 16,988,532 4,078,841 18-34 sRNA single-end GSM3032209

wp_stage2_r2 Setaria viridis A10, whole panicle, stage 2 (inside leaf sheath), rep231,927,539 19,627,808 5,063,609 18-34 sRNA single-end GSM3032210

wp_stage3_r1 Setaria viridis A10, whole panicle, stage 3 (coming out of leaf sheath), rep132,988,186 21,569,547 5,116,235 18-34 sRNA single-end GSM3032211

wp_stage3_r2 Setaria viridis A10, whole panicle, stage 3 (coming out of leaf sheath), rep230,824,651 20,152,812 5,011,261 18-34 sRNA single-end GSM3032212

wp_stage4_r1 Setaria viridis A10, whole panicle, stage 4 (completely out of leaf sheath), rep125,719,444 17,517,189 4,040,650 18-34 sRNA single-end GSM3032213

wp_stage4_r2 Setaria viridis A10, whole panicle, stage 4 (completely out of leaf sheath), rep221,392,850 14,926,683 3,401,924 18-34 sRNA single-end GSM3032214

wp_stage5_r1 Setaria viridis A10, whole panicle, stage 5 (completely out of leaf sheath, after polination), rep123,382,053 16,093,804 3,013,409 18-34 sRNA single-end GSM3032215

wp_stage5_r2 Setaria viridis A10, whole panicle, stage 5 (completely out of leaf sheath, after polination), rep220,408,897 12,876,032 2,130,225 18-34 sRNA single-end GSM3032216

spik_stage2_r1 Setaria viridis A10, spikelet, stage 2 (inside leaf sheath), rep1 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 sheath), rep2 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 leaf sheath), rep127,124,813 16,208,435 2,831,460 18-34 sRNA single-end GSM3032219

spik_stage3_r2 Setaria viridis A10, spikelet, stage 3 (coming out of leaf sheath), rep231,140,741 19,006,453 3,142,872 18-34 sRNA single-end GSM3032220

spik_stage4_r1 Setaria viridis A10, spikelet, stage 4 (completely out of leaf sheath), rep126,645,161 14,392,496 2,674,283 18-34 sRNA single-end GSM3032221

spik_stage4_r2 Setaria viridis A10, spikelet, stage 4 (completely out of leaf sheath), rep221,208,719 11,713,330 2,134,357 18-34 sRNA single-end GSM3032222
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miRNAs, tRNAs, and rRNAs (see methods). We built and evaluated classifiers by 

utilizing different negative sets; the performance measurements were achieved via 

five-fold cross-validation (CV), completed five times (see methods).  

 

Figure 3.2: General workflow of our pipeline. 

With one exception (below), performance measures including accuracy, 

specificity, etc. (abbreviated as ACC, SP, SE, PPV, and AUC; see section 2.1.4) 

exceeded 80% (i.e. 0.8), for both 21- and 24-nt phasiRNAs. We first compared 21-nt 

phasiRNAs to a mixture of sRNAs that include selected miRNAs, P4-siRNA, tRNAs, 

and rRNAs - the non-phasiRNAs found in a typical plant sRNA dataset (Table 3.3). In 
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an initial comparison, the negative sets included RNAs of different lengths (randomly 

selected endogenous sequences). The classifier identified the combined negative sets 

as quite distinct from 21-nt phasiRNAs (Table 3.3). Computing the area under the 

ROC curve (AUC) (Figure 3.1c), demonstrating the performance of the classifier with 

an averaged AUC of 0.97. Next, we combined untrimmed miRNAs and 24-nt P4-

siRNAs and the method still achieved high classification performance (Table 3.3). 

This indicated that sRNA length may be a primary factor in classification, and thus we 

used negative sets trimmed by a few nucleotides to the same length to assess this 

possibility.  
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Classification Performance Evaluation Measure 

Positive set Negative set ACC (±SD) SP (±SD) SE (±SD) PPV (±SD) AUC (±SD) 

21-nt 

phasiRNA 

miRNAs* + P4-siRNA + 

tRNA* + rRNA*  
0.93 (±0.01) 0.91 (±0.00) 0.92 (± 0.01) 0.93 (± 0.01) 0.97 (± 0.00) 

miRNAs* + P4-siRNA 0.93 (±0.01) 0.90 (±0.00) 0.94 (±0.01) 0.87 (±0.02) 0.97 (± 0.00) 

P4-siRNAs, 3ô trimmed 0.83 (±0.02) 0.84 (±0.01) 0.83 (±0.02) 0.83 (±0.01) 0.92 (± 0.00) 

miRNAs, 3ô trimmed 0.81 (±0.01) 0.77 (±0.01) 0.85 (± 0.03) 0.78 (± 0.02) 0.90 (± 0.01) 

24-nt 

phasiRNA 

P4-siRNA 0.84 (±0.01) 0.82 (±0.00) 0.84 (± 0.01) 0.83 (±0.01) 0.91 (± 0.01) 

miRNAs* + P4-siRNA + 

tRNA* + rRNA*  
0.87 (±0.01) 0.82 (±0.00) 0.91 (± 0.01) 0.84 (±0.01) 0.93 (± 0.01) 

 1 

Table 3.3:  Results of classification to distinguishing phasiRNAs of lengths 21-nt 

(top) and 24-nt (bottom) from other small RNA types. ACC, 

accuracy; SP, specificity; SE, sensitivity; 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 five-fold cross-validation. The size of 

positive and negative sets are as follows: 21-nt phasiRNAs (n=2000), 24-

nt phasiRNAs (n=2000), miRNA (n=756), P4-siRNAs (n=2000), tRNAs 

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

 

We classified 21-nt phasiRNAs relative to 24-nt P4-siRNAs with 3 nt trimmed 

from the 3ô end (see section 3.1.2); the classifier performed reasonably well (>0.8 for 

all measurements, ACC, SP, SE, PPV, and AUC). We also trimmed P4-siRNAs 3 nt 

from the 5ô end or from the internal 11th, 12th, and 13th positions, observing no 

substantial changes in classification ï no matter how the P4-siRNAs were trimmed to 

21 nt, they are distinct from 21-nt reproductive phasiRNAs. We compared 21-nt 

phasiRNAs to 21-nt miRNAs (some trimmed, see section 3.1.2), and found similar 

ACC, higher SE, but slightly lower SP and PPV; the lower SP may be attributed to 

fewer miRNAs (756 vs 2000 21-nt phasiRNAs in the positive set). This imbalance 

possibly misclassified some miRNAs, hence low specificity and a high number of 

false positives (lower PPV). We followed the same procedure in classifying the 24-nt 
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phasiRNAs, first with 24-nt P4-siRNAs and next with the combined negative set. In 

both cases, the classification of the negative set against 24-nt phasiRNAs resulted in 

strong scores for all four performance measurements (Table 3.3). This indicated that 

the 24-nt phasiRNAs are also compositionally distinct from 24-nt P4-siRNAs. We 

observed an averaged AUC of 0.93 when classifying 24-nt phasiRNAs with the 

combined negative set (Figure 3.1d). Thus, the pipeline successfully classified 

reproductive phasiRNAs relative to other plant sRNAs with high values for all 

performance measurements.  

Next, we investigated the predictive sensitivity 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 classifier was first given 27500 21-nt 

phasiRNA sequences and, next, 7750 24-nt phasiRNA sequences (rice and maize 

combined, in each case). The classification pipeline based on models that combined 

each of the negative sets (miRNAs + P4-siRNAs + tRNAs + rRNAs) predicted 26208 

21-nt phasiRNAs (SE > 0.96) and 7093 24-nt phasiRNAs (SE > 0.90), achieving high 

sensitivity in rice and maize (Table 3.4a). To assess predictive specificity, we used a 

set of 1000 P4-siRNAs (500 from each species). The 24-nt phasiRNA model predicted 

862 P4-siRNAs with a specificity of 86.2% and the 21-nt phasiRNA model predicted 

995 P4-siRNAs with a specificity of  >99% (Table 3.4b); P4-siRNA length is a key 

distinguishing characteristic. 
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Table 3.4: Predictive performance of classification models of 21-and 24-nt 

phasiRNAs. TP, true positive prediction; SE, sensitivity; TN, true 

negative prediction; SP, specificity. 

 

 

We tested the trained model with the unanalyzed genome of the grass Setaria 

viridis and small RNA data from panicles (see section 3.1.5 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 1868 21-nt phasiRNAs and 

1723 24-nt phasiRNAs with a sensitivity (SE) of > 0.93 and > 0.86, respectively 

(Table 3.4c).  We concluded that the machine-learning 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 reproductive phasiRNAs are distinct from other small RNAs, we 

sought to characterize these differences at the single nucleotide level. We computed 

single-nucleotide sequence profiles for the most abundant 1000 reproductive 

phasiRNAs (for 21- or 24-nt, rice and maize data combined), miRNAs, and 24-nt P4-

siRNAs, determining the frequencies of each nucleotide (A, C, G, and U) at each 

position (Figure 3.3). We compared the position-specific base usage between the 

reproductive phasiRNAs and either miRNAs or 24-P4-sRNAs by conducting a two-

tailed, rank sum test (P = 1e-5) to identify positions with statistically significant base 

usage that would distinguish phasiRNAs from either miRNAs or P4-siRNAs (Figure 

3.3).  
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Figure 3.3: Reproductive phasiRNAs have characteristic position-specific 

nucleotide biases. Single-nucleotide sequence profiles of position 

specific base usage comparing 21-nt phasiRNAs (left) and either 

miRNAs (at right in panel (a)), or 24-nt P4-siRNAs (at right in panel (b)). 

For all phasiRNA analyses in this figure, the top most abundant 1000 

phasiRNAs from the rice and maize data were combined; in panel (a), 

553 rice and 203 maize miRBase-annotated miRNAs were used (section 

3.1.2). The frequencies 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 = 1e-5) 

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 retain fair comparison with 21-nt 

phasiRNAs and the longer sequences, including that those additional 
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position could be disregarded. (c) Single-nucleotide sequence profiles of 

position specific base usage comparing 24-nt phasiRNAs (at left) and 24-

nt P4-siRNAs (at right). 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 24-nt phasiRNAs). 
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Figure 3.4:  Position-specific nucleotide biases in either the not-detected positions 

from reproductive PHAS loci phasiRNAs or in all detected 

phasiRNAs. (a) Single-nucleotide sequence profile of position-specific 

base usage of phasiRNA positions not detected in the sequencing data but 

within reproductive PHAS loci. At left, 21-nt phasiRNAs (rice = 72955 

and maize = 2085, combined); at right, 24-nt phasiRNAs (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 (a), single-nucleotide sequence profile of position-specific base 

usage, in this case, for all reproductive phasiRNAs detected in the sRNA 

libraries used in this study; at left, 21-nt phasiRNAs (rice = 20240 and 

maize = 9260), and at right, 24-nt phasiRNAs (rice = 2950 and maize = 

8800). 
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Figure 3.5:  Position-specific nucleotide biases in positions from reproductive 

PHAS loci detected as sequenced phasiRNAs in three grass species. 
Below are single-nucleotide sequence profiles of position-specific base 

usage of phasiRNA of rice, maize, and Setaria 21- and 24-nt phasiRNAs 

(left and right plots, respectively) each compared to P4-siRNAs from the 

same species (in the middle plots). The frequencies 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 = 1e-4) base usage distinguishes phasiRNAs 

and P4-siRNAs in maize (panel (a)), rice (panel (b)), and Setaria (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 10-5, comparing the 21-nt 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 21-nt reproductive 

phasiRNAs and 24-nt P4-siRNAs (Figure 3.3b), demonstrating significant differences 

at positions 1, 14, 19, 20, and 21. Combining these results, we made several 

observations: (i) in 21-nt phasiRNAs, there was a 5ô nucleotide preference for C, also 

recently reported (Komiya et al., 2014), but a strong depletion of G. (ii) We noticed a 

peak of U at the 14th position in the phasiRNAs (relative to P4-siRNAs), 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 miRNAs (Figure 3.3a). (iii) In the 3ô end of 

the 21-nt phasiRNAs, we observed a peak of G at the 19th position (with a depletion 

of A), and U at the 21st position (G strongly disfavored). This representation of G at 

the 19th position was investigated in more detail below. 

We conducted a similar analysis comparing the position-specific base usage 

between the 24-nt reproductive phasiRNAs and P4-siRNAs. Positions 1, 10, 20, 21, 

22, and 23 were statistically different (Figure 3.3c), consistent with 24-nt phasiRNAs 

and P4-siRNAs differing in base usage over their length.  All over-represented 

nucleotides in 24-nt phasiRNAs were either A or U (Figure 3.3c); 5ô- and 3ô -ends 

differed, and internal positions 10 and 11 were overrepresented for U in the 24-

phasiRNAs. The latter correspond to the internal positions critical for cleavage by 

AGO proteins directed by miRNAs (Carrington and Ambros, 2003). The 3ô-end 

difference was most striking - in the P4-siRNAs, there was a high frequency of G from 
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the 20th to 24th positions and a coincident depletion of U (Figure 3.3c), whereas 24-nt 

phasiRNAs had an overrepresented A at the 22nd position and U at the 3ô end. These 

sequence-based features of reproductive phasiRNAs, observed at both ends and 

internally, plus the distinct overall nucleotide composition of the 24-nt phasiRNAs 

likely have implications for AGO loading and phasiRNA-target interactions. These 

differences may also contribute to the non-stoichiometric abundances of individual 

phasiRNAs at each PHAS locus. 

As observed for animal miRNAs (Chatterjee et al., 2011; Tamim et al., 2018), 

non-stoichiometric abundances at a PHAS locus may result from AGO loading and 

subsequent stabilization of functional siRNAs. At a given PHAS locus, some 

phasiRNAs are never observed in the sequenced sRNAs; we could extract these 

computationally. We computed the sequence profile of ópresentô or óabsentô 

reproductive phasiRNAs in rice and maize. In a comparison to phasiRNAs detected in 

the sequencing data, we observed a substantial, overall sequence composition 

difference for 21-nt phasiRNAs (Figure 3.3 a,c versus Figure 3.4a, left). The 

differences for present versus absent 24-nt phasiRNAs were less pronounced and 3ô-

biased (Figure 3.3c, left, versus Figure 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 sequenced 21- (Figure 3.4b, left) and 24-nt 

phasiRNAs (Figure 3.4b, right) from the positive set.  No major changes were 

observed in the sequence profile relative to the abundance-selected subset (i.e. Figure 

3.3a,c). The comparison of present versus absent reproductive phasiRNAs 
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demonstrated significant differences in nucleotide composition, consistent with 

relative stabilization of those detected reproductive phasiRNAs after biogenesis. 

We checked some of the unusual features (high 14U and low 19A in 21-nt 

phasiRNAs; high 10U, high 11U, and high 24U in 24-nt phasiRNAs) of reproductive 

phasiRNAs across species to assess their conservation (Figure 3.5). The features of 

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

and S. viridis), notably the high 14U and low 19A positions (Figure 3.5 a,b,c, left 

panels).  For the 24-nt phasiRNAs, the high 24U position was highly conserved, and 

the high 10U and 11U were somewhat less conserved; the S. viridis 24-nt phasiRNAs 

were somewhat different in their composition of internal positions (3 and 21) (Figure 

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

sequence-based features of reproductive phasiRNAs in grasses. 

3.2.3 The duplex nature of phasiRNA biogenesis impacts nucleotide 

composition 

 

The observed nucleotide biases at the 19th position in the 21-nt phasiRNAs and 

at the 22nd position in the 24-nt phasiRNAs were the next subject of our investigation. 

Dicer cleavage typically yields a 2-nt 3ǋ overhang (Macrae et al., 2006); each sRNA 

duplex from a dsRNA precursor overlaps by two nucleotides with neighboring 

phasiRNAs. Integrating position-specific biases (Figure 3.6a,b), the influence of the 

most-frequent nucleotides in the ñtopò strand (generated by RNA polymerase II and 

targeted by the miRNA trigger) on the composition of the ñbottomò strand (generated 



 71 

by RNA DEPENDENT RNA POLYMERASE 6, RDR6) is apparent for the first and 

last three nucleotides; for example, the 19th position G corresponds to a 5ô C (1st 

position) for the duplex phasiRNA. Thus, there is a potential co-bias between the 1st 

and 19th positions, such that if both strands of a 21-nt phasiRNA duplex require a 

specific 5ô nucleotide to ensure proper AGO loading (like a 5ô C), the 19th position 

will co-vary with the 1st position. Alternatively, if only one strand of the duplex is 

loaded and the duplex partner is dispensable, then the 19th position of the loaded 

strand is under no selective constraint. For example, in 21-nt phasiRNAs, the 5ô 

position was predominantly C (40.1%) at the 1st position, and the most prevalent 19th 

nucleotide was G (35.7%) (Figure 3.7a, top). This is consistent with a co-bias for the 

paired positions in the duplex, yielding duplexes with 5ô C at each end (Figure 3.6a). 

We can infer that 21-nt phasiRNAs may have no strand specificity and either strand is 

likely to be loaded into the AGO protein as long as there is a 5ô C. Similarly, among 

the 21-nt phasiRNAs, the 19A and to a lesser extent 19U classes were 

underrepresented (Figure. 3.7a, bottom), corresponding to bottom-strand 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 libraries. 
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Figure 3.6:  Nucleotide biases indicate one of the two siRNA precursor duplex 

small RNAs is preferentially retained. Schematic duplex structures of 

different types of plant small RNAs; the 5ô- and 3ô- ends are annotated 

and highlighted to emphasize the influence that a nucleotide bias on one 

strand has on the other due to pairing. The first three and the last three 

nucleotide positions are indicated from the 5ô- and 3ô-end positions, 

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 same as Figure 3.3.  (a) 

Position-specific nucleotide biases for abundant 21-nt reproductive 

phasiRNAs in rice and maize. (b) Position-specific nucleotide biases for 

24-nt reproductive phasiRNAs from rice and maize. (c) Position-specific 
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nucleotide biases for P4-siRNAs from rice and maize; for P4-siRNAs, 

the RDR2-derived bottom strand may terminate at the 22nd position, 

corresponding to the 5ô end of the ótopô, Pol IV-derived strand, although 

this is as-yet poorly characterized (indicated by lighter shading of the 

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 RDR2-derived) precursors of 24-nt P4-siRNAs as ~26 to 42 nt 

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

for P4-siRNAs. The 5ô and 3ô ends of the RDR2-derived strands are 

blurred because these ends have not yet been characterized. 
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Figure 3.7: 5' ends in phasiRNA duplexes influence the composition of 3'-

proximal nucleotides. (a) The pie charts show the composition as a 

percent of all four nucleotides at the 1st (above) and at the 19th (below) 

positions in 21-nt reproductive phasiRNAs, combined from maize and 

rice. The predominant nucleotide is highlighted by separation from the 

other three. These data are the same as Figure 3.3 (blue boxes in that 

figure), redrawn here for clarity.  (b) Above, nucleotide composition at 

the 19th position of the 21-nt phasiRNAs shown in panel (a) when the 1st 

position is selected or fixed, as indicated on the X-axis. 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 in 24-nt phasiRNAs, 

combined from maize and rice. These data are the same as Figure 3.3c, 

left panel (blue boxes in that figure), redrawn here for clarity. (d) Above, 

nucleotide composition at the 22nd position of the 24-nt phasiRNAs 

shown in panel (c) when the 1st position is selected or fixed, as indicated 

on the X-axis. Below, the same analysis for the 1st position composition 

when the 22nd position is selected or fixed. (e) Pie charts as above, for 

P4-siRNAs, combined from maize and rice. These data are the same as 

Figure 3.3c, right panel, redrawn here for clarity. (f) Above, nucleotide 

composition at the 22nd position of the 24-nt P4-siRNAs shown in panel 

(e) when the 1st position is selected or fixed, as indicated on the X-axis. 

Below, the same analysis for the 1st position composition when the 22nd 

position is selected or fixed.  

To assess positional covariance, we analyzed 21- and 24-nt phasiRNAs versus 

P4-siRNAs, comparing the 5ô nucleotide to the position complementary to the bottom-

strand 5ô position (19 in 21-nt siRNAs, and 22 in 24-nt siRNAs). First, we compared 

the nucleotide composition at the 19th position of 21-nt phasiRNAs for a given 1st 

nucleotide and we performed the same analysis for the 1st position composition with 

the 19th position fixed (Figure 3.7b).  The 1U phasiRNAs (i.e. 5ô U) had an almost 

uniform distribution of nucleotides at the 19th 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 of either 1C/1G or 1C/1C 

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

case yielding a 1C bottom-strand phasiRNA. Next, we analyzed the 5ô nucleotide 

composition for 21-nt phasiRNAs after fixing the 19th position (Figure 3.7b, lower 
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panel).  Among 19G phasiRNAs (the predominant group, Figure 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 1C 21-nt phasiRNAs are most 

commonly loaded to 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 21-nt phasiRNAs, there is a co-bias of the 1st and 19th positions, perhaps 

reflective of strand specificity in AGO loading.  

Next, we performed similar analyses for 24-nt phasiRNAs, focused on the 1st 

and 22nd positions (Figure 3.6b).  The 1st position was less biased than 21-nt 

phasiRNAs, although 1G was also underrepresented (Figure 3.7c, upper); at the 22nd 

position, there was less bias than for the 19th position of the 21-mers (Figure 3.7c, 

lower), with an increase of A representation, particularly relative to other nucleotide 

positions (Figure 3.3c, left). 22A corresponds to 1U in the complement, and since 1U 

24-nt phasiRNAs were common in our dataset (Figure 3.7c, upper), both phasiRNAs 

in such a duplex are favored in our data, consistent with a lack of strand specificity. 

Lower levels of 1st/22nd position covariation were observed in 24-nt than 21-nt 

phasiRNAs (Figure 3.7d), and there was an overall A-U enrichment (Figure 3.3c), 

demonstrating more relaxed sequence constraints.  

For comparison to the 24-nt phasiRNAs, we measured the position-specific 

nucleotide biases for P4-siRNAs. Their precursors have been described (Figure 3.6d; 

summarized from Blevins et al., 2015; Zhai et al., 2015a), although the nature of 

RDR2-derived bottom strands is as-yet 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 P4-siRNA ñduplexesò whereby either strand could be 

loaded, and data from (Zhai et al., 2015a) indicate that the P4 strand is preferably 

loaded over the RDR2 strand (Figure 3.6c). Apart from the strong overall 1A bias 

mentioned above, no notable co-variation biases were observed (Figure 3.7e,f); i.e. 

the proportional representation in the 22nd position was essentially invariant, 

regardless of the 1st position nucleotide, G>C>A>U, consistent with a strong overall 

bias to the GGGGC motif in the 3ô end (Figure 3.3c).  
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Figure 3.8: 22-nt siRNAs from maize are distinct from P4-siRNAs, but have 

similar 3ô end sequence composition. (a-b) Single-nucleotide sequence 

profiles of position specific base usage comparing maize 22-nt siRNAs 

(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 24-nt P4-siRNAs, combined from maize and rice (b). The blue 

boxes highlight positions that were analyzed in greater detail (positions 1 

& 20 for 22-nt siRNAs). (c) A comparison of the position-specific base 

usage of 3ô-most five nucleotides of the 22-nt siRNA (left) and P4-

siRNAs (at right); for this analysis the small RNAs were aligned from the 

3ô ends.  These five positions were denoted, counting backward from the 

3ô end; as ñ3ô endò, ñ3ô end ï 1ò, ñ3ô end ï 2ò, ñ3ô end ï 3ò, and ñ3ô end 

ï 4ò. (d) At left, pie charts indicate the composition as a percent of all 

four nucleotides at the 1st and at the 20th positions in 22-nt siRNAs. 

These data are the same as panel (a) (blue boxes), redrawn here for 

clarity. At right, and above, nucleotide composition at the 20th position 

of the 22-nt siRNAs shown in panel (d) when the 1st position is selected 

or fixed, as indicated on the X-axis. 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 indicating the top and bottom strand position-specific 

nucleotide biases for 22-nt siRNAs from maize, as in Figure 3.6. 

 

Combining the compositional analyses described above, we applied these same 

approaches to an unusual group of siRNAs, a set of 22-nt, putative heterochromatic 

siRNAs that are RDR2-independent, thus far found only in maize (Nobuta et al., 

2008). We were interested to analyze these ñ22-nt hc-siRNAsò because they are 

poorly characterized and their relationship to P4-siRNAs is not known (section 3.1.6 

for extracting 22-nt siRNAs).  The most significant difference between 22-nt hc-

siRNAs and 24-nt P4-siRNAs was at 5ô end positions 1, 3 and 4 (Figure 3.8 a,b), but 

the level of A in 22-nt hc-siRNAs was significantly lower from position 12 to the 3ô 

end, compared to the 24-nt P4-siRNAs. There were apparent 3ô differences as well, 

compared by counting nucleotides from the 5ô end. We reassessed differences by 

aligning the 3ô ends and measuring positions starting from the 3ô end (i.e. comparing 

up to five positions at the 3ô end minus N nucleotides), in case AGO binding occurs in 

some cases from the 3ô end. Measured this way, we observed only one 3ô difference, 

in position 1, at which the G-U composition varied significantly (Figure 3.8c).  We 

next looked at covariation between the 20th and 1st nucleotides in the 22-nt hc-siRNAs; 

as with P4-siRNAs, the 20th nucleotide representation was more or less the same for 

all 5ô nucleotides, and even for the major class of 5ô U siRNAs, 20th position G or C 

nucleotides were equally represented (Figure 3.8d). This lack of bias would yield 
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many bottom strand 5ô G sRNAs which are disfavored, consistent with strand 

specificity for the 22-nt hc-siRNAs (Figure 3.8e).  Thus, these RDR2-independent 22-

nt siRNAs have clear 5ô differences compared to P4-siRNAs, consistent with an 

alternative production pathway and/or function. 

The results of analysis of the nucleotide and co-variation biases across 

different classes of siRNAs at the 5ô and 3ô-proximal ends are consistent with 

evidence of strand specificity for both 21- and 24-nt phasiRNA duplexes. There is 

stronger support for strand selection of 21-nt reproductive 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 abundant pre-meiotic 

(21-nt) and meiotic (24-nt) phasiRNAs in rice. Using standard miRNA-target 

interaction criteria, prior reports failed to find targets of reproductive phasiRNAs, yet 

reporting few details of these negative results (Zhai et al., 2015b; Song et al., 2012). 

We revisited this topic because new, more powerful, faster and flexible target 

prediction methods are available; prior work used a ñseed-basedò sRNA-target 

interaction pipeline, that may not accurately capture plant target similarity (Kakrana et 

al., 2014). sPARTA (Kakrana et al., 2014a) uses a ñseed-freeò approach and allows 

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

of other known sRNAs, such as miRNAs and P4-siRNAs. 

3.2.4.1 21-nt phasiRNAs 

First, we compared in rice the distribution of predicted target scores (TS) of 

21-nt phasiRNAs with a selected set of known, conserved miRNAs (Figure 3.9a). We 

selected plant miRNAs with numbers lower than miR1000 (i.e. osa-miR162) (n=288), 

as these are generally abundant, conserved, and better characterized than any more 

recently-described miRNAs. For miRNAs versus 21-nt phasiRNAs, targets were 

predicted, retaining two sets of results: all targets or only the ñbestò targets (the lowest 

target penalty score, meaning a high degree of complementarity). Each sRNA would 

also have at least one perfect match in the genome, a target score of 0, potentially the 

result of targeting in cis. For 21-nt phasiRNAs, the TS distribution peaked at 3.5 

(Figure 3.9a, left), compared to ~1 for miRNAs (Figure 3.9a, right). The relative 

paucity of TS matches in the range of 0.5 to 1.5 for 21-nt phasiRNAs was striking, 

particularly since many miRNAs have predicted targets in this range. We inferred 

based on this pattern of sequence complementarity that 21-nt phasiRNAs, unlike 

miRNAs, either may function largely in cis via perfect matches or have been selected 

to avoid closely-matched targets.  

To dissect these predicted 21-nt sRNA-target interactions in rice, we recorded 

position-specific matches for both phasiRNA-target and miRNA-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 between 0.5 and 3.5, 

omitting self-targeting interactions. Overall, consistent with higher scores, 21-nt 

phasiRNAs showed lower match rates across all positions than miRNAs (Figure 

3.9b); a few substantial position-specific differences were observed, including higher 

match rates for phasiRNAs at the 1st and 21st positions, and a higher (yet 

unexplainable) rate of gaps at the 15th position (Figure 3.9b). We concluded that 

unless 21-nt reproductive phasiRNAs target primarily in cis, they must have lower 

levels of complementarity to their targets than miRNAs. 
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Figure 3.9:   phasiRNA target prediction illustrates low complementarity 

compared to other sRNAs to their targets due to sequence diversity. 
Target prediction for top 500 most abundant 21- and 24-nt phasiRNAs in 

rice, rice 3-digit 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 on X-axis) for 21-nt phasiRNAs (at 

left) and 3-digit miRNAs (at right). Dark purple bars depict target score 

distribution of all targets of 21-nt phasiRNAs and 3-digit 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 or miRNAs and their targets) of 

21-nt phasiRNAs and 3-digit miRNAs. As indicated, Y-axis (number of 

targets) is transformed into log2 scale and red arrow indicates potential 
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self-targeting or cis interactions (with target score of 0, meaning perfect 

match). (b) The bar charts record the 21-nt phasiRNA-target interaction 

(at left) and 3-digit 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 mismatch. (c) Bar plots showing 

target score distribution as above panel (a), for 24-nt phasiRNAs (at left) 

and 24-nt P4-siRNAs (at right). (d) As above panel (b), the bar charts 

indicating the binding pattern as a percent (Y-axis) of match, gap, 

wobble, and mismatch for 24-nt phasiRNA-target interaction (at left) and 

24-nt P4-siRNAs-target 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 

reproductive 24-nt phasiRNAs, again focusing on rice. We performed analyses as 

above and compared the TS distribution of 24-nt phasiRNAs (Figure 3.9c, left) with 

the top 500 most abundant 24-nt P4-siRNAs (Figure 3.9c, right). We omitted the 

higher penalty for a mismatch at the 10th and 11th positions in the target alignment, as 

pairing requirements for individual 24-nt siRNAs have not been described. For the 24-

nt phasiRNAs, we observed a peak in the number of best targets at 4.5 (Figure 3.9c, 

left); this matched the peak for P4-siRNAs (excluding perfect, or ócisô matches at 0), 

yet P4-siRNAs yielded a more even distribution of scores. There was a striking gap in 

the distribution of target scores from 0 to ~2 for the 24-nt phasiRNAs, indicating that 

these lack highly homologous trans targets (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 21-nt phasiRNAs, we recorded position-specific matches for both 24-nt 

phasiRNA- and P4-siRNA-target interactions (Figure 3.9d). This represented the 

putative binding pattern as a percentage of each position of predicted matches, gaps, 

wobbles, and mismatches. Given the different score distribution relative to 21-mers, 

we selected only predicted targets (for both phasiRNAs and P4-siRNAs) with a TS 

between 0.5 and 5, omitting self-targeting interactions. Consistent with higher TS 

scores, 24-nt phasiRNAs showed lower match rates across all positions than P4-

siRNAs (Figure 3.9d left versus right), i.e. an average of 15 to 20% mismatches 

compared to fewer than 15% mismatches for 24-nt P4-siRNAs. 

 

3.2.4.3 Classes of predicted reproductive phasiRNA targets 

 

As a final step in analyzing the possible targets of reproductive phasiRNAs in 

rice, we classified the predicted target loci. This analysis used all predicted targets 

described in the sections above, including both cis and trans targets. In rice, the top 

500 21-nt phasiRNAs were predicted to target 7766 loci (Table S3.1). These putative 

targets included 1400 (18.02 percent) loci classified by RepeatMasker as related to the 

transposable elements (TEs). The top 500 24-nt phasiRNAs were predicted to target 

5631 loci, of which 836 (14.84 percent) are related to TEs (Table S3.2). 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 to 31% are TE-like. Therefore, the 
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predicted targets of reproductive phasiRNAs are relatively depleted for TE-like 

targets. We performed this analysis also in maize for both 21- and 24-nt phasiRNAs, 

with a similar result (not shown). Overall, our results are consistent 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 phasiRNAs are a rich dataset for computational analysis, since 

they are produced from hundreds or thousands of loci, unlike tasiRNAs for which only 

TAS3 is broadly conserved. This massive set of loci within a single genome allowed 

the large-scale assessment of phasiRNA-specific biases, not possible in Arabidopsis, 

for example. One observation we made was the significant biases in the representation 

of specific nucleotides at the 1st and 19th positions among the 21-mers. One possible 

interpretation of these biases is a model of competition for loading between the two 

strands of a duplex, whereby one strand is preferentially loaded over the other, 

typically understood to be driven by the 5ô nucleotide (Schwarz et al., 2003), which is 

a preferred C in the case of 21-nt reproductive phasiRNAs (Komiya 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-

associated phasiRNAs, 1U phasiRNAs were less than 10% of the total (Komiya et al., 
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2014). Perhaps the higher proportion in the sequenced phasiRNAs reflects (1) stability 

in the absence of loading, or (2) perhaps 1U phasiRNAs are loaded into a different 

AGO than the 1C phasiRNAs ï maybe AGO1, known to have an affinity for 1U 21-nt 

sRNAs (Zhao et al., 2016). Assuming the latter, for the sake of argument, the 

difference in the 19th position for a given 1st position nucleotide for the 21-nt 

reproductive phasiRNAs could be explained by AGO affinity: 1U phasiRNAs may be 

loaded as well or better than 1C phasiRNAs, but into this different AGO.  An 

additional influence on these terminal or near-terminal 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 duplex (Schwarz et al., 

2003). 
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Figure 3.10: An AGO competition model may explain abundance differences for 

1U, 1C or other 21-nt 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-associated 21-nt phasiRNAs. IUPAC nucleotide codes (shown in 

the table) are used for simplifying the representation of nucleotides at the 

1st and the 19th positions, highlighted in óredô, in an orange top strand 

and a gray bottom or complementary strand. Different combinations of 

the nucleotides at the 1st and the 19th positions on a top and a bottom 

strand, comprising a single duplex are denoted in ñpinkò or ñpurpleò. 

Loading of a particular strand from a duplex into a specific AGO is 

indicated by the arrow of same 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/19N ï 1N/19A duplex, 1U/19N 

(top) is more likely to be loaded into AGO1. (b) As in panel (a), in a 

1R/19G ï 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/19G - 1C/19G duplex, phasiRNAs from 

both strands are loaded into MEL1. In a 1C/19C - 1G/19G duplex, only 

the top strand is loaded into MEL1. (d) Comparing two duplexes, 

1D/19G - 1C/19H outcompetes 1D/19C - 1G/19H, yielding a 1C/19H 

MEL1-bound phasiRNA (from the bottom strand). 

Based on the observation of abundant 1U and 1C 21-nt phasiRNAs, we 

hypothesized an AGO competition model (Figure 3.10). We inferred/hypothesized 

this because of the data in Figure. 3.7b (upper panel) that the sequenced 1V (V = A or 

C or G, using the IUPAC code) phasiRNAs 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 19th position, because they are preferred over the opposite strand, and thus 

are the ñwinnersò in the competition (Figure 3.10a).  In contrast, the 1R/19G (R = A 

or G) phasiRNAs are paired with 1C phasiRNAs, which is AGO loaded (Figure 

3.10b). The 1V/19C phasiRNAs are abundant because these are paired with 1G 
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phasiRNAs, which are not AGO loaded and thus are always ñlosersò in the 

competition with their duplex pairs. The 1C phasiRNAs are an interesting case 

because based on frequency, 1C/19C > 1C/19G > 1C/19W (W = A or U) (Figure 

3.7b, upper panel). The 1C/19G phasiRNAs are paired with 1C phasiRNAs, which 

compete well, and thus either strand may be loaded and stabilized (Figure 3.10c). The 

1C/19U phasiRNAs are less frequent because they are paired with 1A phasiRNAs that 

are not particularly stabilized or loaded.  In other cases (Figure 3.10d), the frequency 

of 1D/19G phasiRNA is higher than 1D/19C (D = A or G or U) (Figure 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/19H phasiRNA (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 not loaded 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 example, we identified novel position-

specific biases, like the 14th position in the 21-nt 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 functional or structural 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/phasiRNAClassifier). Supplemental Table S3.1 and  S3.2, 

are provided in the attachment. 

3.4 Chapter Summary 

 

In this chapter, I (with collaborators) performed the following analyses: (1) I 

generated sRNA data for rdr2/mop1 maize mutant (n=4 sRNA libraries) and S. viridis 

(n=16 sRNA libraries) corresponding to 9 different tissues, (2) I discovered 21-nt and 

24-nt phased siRNA generating loci in male-germline tissue in S. viridis, using 

PHASIS suite, (3) I designed a new machine learning classification procedure for a 

quick and robust characterization and analysis of reproductive phasiRNA in the 

grasses, (4) I developed Random Forest classifiers that can distinguish reproductive 

phasiRNAs from other sRNAs in complex sets of sequencing data, utilizing sequence-

based (k-mers) and features describing position-specific sequence biases, (5) I 

developed non-parametric statistical approach to determine position-specific biases in 

phasiRNAs relative to other small RNAs at the single nucleotide level, (6) I 

implemented a heuristic for feature selection highlighting informative features based 

on information gain, and (7) I described hypothetical model of competition for AGO 

loading between phasiRNAs of different nucleotide compositions. 

 As a result of these analyses, I made several number of insights, on both 

computational and biological levels. For example, my work illustrated that machine 

learning classifiers attained >80% in accuracy, sensitivity, specificity, positive 

predicted value, and AUC in classifying phasiRNAs from other sRNAs,  and that 

https://github.com/pupatel/phasiRNAClassifier
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cross-species predictive sensitivity in S. viridis using models trained on rice and maize 

attained high values of true positive prediction and sensitivity. Additionally, feature 

selection identified important features in both ends of phasiRNAs and P4-siRNAs, 

demonstrating strand specificity and position-specific nucleotide biases potentially 

influencing AGO sorting. I observed that among 21-nt phasiRNAs, there is a co-bias 

of the 1st and 19th positions, perhaps reflective of strand specificity in AGO loading. I 

showed that the features of the 21-nt phasiRNAs such as position-specific nucleotide 

biases are highly conserved across all three grass species (maize, rice, and S. viridis). 

Interestingly, for the 24-nt phasiRNAs, there was a lower levels of 1st/22nd position 

covariation and there was an overall A-U enrichment, demonstrating more relaxed 

sequence constraints. I demonstrated that there are significant differences in nucleotide 

composition resulted from the comparison of present versus absent reproductive 

phasiRNAs. I observed that RDR2-independent 22-nt siRNAs have clear 5ô 

differences compared to P4-siRNAs, consistent with an alternative production 

pathway and/or function. Moreover, I demonstrated that predicted targets of 

phasiRNAs obtained higher target scores, showed lower match rates across all 

positions than miRNAs with a few substantial position-specific differences showing 

higher match rates. Finally, I made an interesting observation that the predicted targets 

of reproductive phasiRNAs are relatively depleted for TE-like targets.  

Finally, from this work, I concluded that the approach successfully classified 

reproductive phasiRNAs relative to other endogenous plant sRNAs, even across 

diverse grasses, with high degrees of accuracy, specificity, sensitivity, and precision. I 

found that the 5ô- and 3ô- ends, k-mer features, GC content, and positional features are 

the important aspects of the phasiRNAs. I also found that sequence-based features of 
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reproductive phasiRNAs, observed at both ends and internally, plus the distinct overall 

nucleotide composition of the 24-nt phasiRNAs likely have implications for AGO 

loading and phasiRNA-target interactions. I found that the results of analysis of the 

nucleotide and co-variation biases across different classes of siRNAs at the 5ô and 3ô-

proximal ends are consistent with evidence of strand specificity for both 21- and 24-nt 

phasiRNA duplexes. I found that the significant differences in the nucleotide 

composition between absent and present reproductive phasiRNAs are consistent with 

relative stabilization of those detected reproductive phasiRNAs after biogenesis. I 

concluded that there is stronger support for strand selection of 21-nt reproductive 

phasiRNAs, perhaps reflective of selection by the AGO protein of one strand over the 

other. I also concluded that significant biases in the representation of specific 

nucleotides at the 1st and 19th positions among the 21-nt phasiRNAs are important for 

AGO competition. Additionally, I made an interesting observation that reproductive 

phasiRNAs target primarily in cis, they must have lower levels of complementarity to 

their targets than miRNAs, indicating that these lack highly homologous trans targets. 

3.5 Author  Contribution s 

Experiments were designed by P.P., H.S., S.M., and B.C.M.  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 authors read and approved 

the manuscript. 
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COMPARATIVE ANALYSIS OF SMALL RNAS IN THE MONOCOTS  

 

Small RNAs are key regulators of gene expression at the transcriptional and 

post-transcriptional level. MicroRNAs (miRNAs), a class of small non-coding RNAs 

with lengths ranging from 20 to 22 nucleotides (nt), are generated from stem-loop 

precursor RNAs processed by the RNase III family enzyme Dicer-Like1 (DCL1), and 

are characterized by miRNA/miRNA* duplexes. The duplex has 2-nt overhangs in the 

3ô ends and are methylated by the methyltransferase HUA ENHANCER 1 (HEN1) for 

protection from degradation (Yang et al., 2006). One strand of the duplex, generally 

the miRNA, is loaded into an Argonaute protein (AGO1) and forms the RNA-induced 

silencing complex (RISC). RISC, through a sequence homology manner to the 

miRNA, recognizes long non-coding RNAs and target messenger RNAs (mRNAs), 

and post-transcriptionally represses by either target cleavage or translational 

repression (reviewed in Axtell and Meyers, 2017). miRNAs are involved in a 

multitude of plant biological processes, from seed germination (Reyes and Chua, 

2007; Liu et al., 2007), leaf morphogenesis (Palatnik et al., 2003), floral development 

(Mallory et al., 2004), to responses to biotic (Li et al., 2011; Zhang et al., 2016) and 

abiotic stresses (Leung and Sharp, 2010; May et al., 2013). 
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PhasiRNAs, another important sRNA class, distinguish from miRNAs mainly 

by their biogenesis pathway. PhasiRNA biogenesis starts from a single strand RNA 

transcribed by RNA Polymerase II (Pol II), capped and polyadenylated, followed by 

an internal cleavage directed by a 22-nt miRNA (Zhai et al., 2015c). The miRNAs 

miR2118 and miR2275 are the triggers for 21-nt and 24-nt phasiRNAs, respectively. 

The cleaved phasiRNA precursor is formed into double strand by the RNA-dependent 

RNA polymerase (RDR6), and then the double strand RNA is processed in phase 

(every 21- or 24-nt) by a Dicer-like enzyme (DCL); DCL4 and DCL5 produce 21- and 

24-nt phasiRNAs, respectively (Song et al., 2012). The function of these phasiRNAs 

are still not clear but recent finds suggest a role of 21-nt phasiRNAs in male fertility 

(Komiya et al., 2014; Zhai et al., 2015).  

As important regulatory players and decreased costs for high throughput 

sequencing, miRNAs have been investigated in many plant species (You et al., 2017; 

Montes et al., 2014). In the monocots, rice and maize are the most studied species and 

miRNAs were characterized using varying genotypes, tissue types, growth and stress 

conditions (Jeong et al., 2011; Zhang et al., 2009). Brachypodium distachyon, another 

monocot, was also investigated for its miRNA repertoire (Jeong et al., 2013).  To our 

knowledge, the population of miRNAs was characterized in many lycophyte, fern, 

species, gymnosperm, and diverse angiosperm 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 monocots, we generated deep 

sequencing sRNA data for dissected vegetative and inflorescence tissues from 28 
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monocot species. Combined with publicly available sRNA data, 38 monocots were 

included in this study. For comparison purposes, a dicot (Arabidopsis) and basal 

angiosperms (Nymphaea colorata and Amborella trichopoda) were also included.   

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 end, I analyzed sequenced data and 

the abundances of the sequences contained within, revealing new information on 

sRNA size classes, miRNA conservation, divergence, sequence variability, 5ô and 3ô 

end nucleotide preferences, and single nucleotide sequence profile characterizing 

positional biases and providing novel insights within the miRNA sequences. I further 

performed comparative analysis over evolutionary time of miR2118 and miR2275 and 

their lncRNAs targets in monocots and in other flowering plants, demonstrating their 

presence and absence in these species and diversification of their biogenesis pathway 

in the monocots. Overall, this study provides comparative and genome-wide atlas of 

sRNAs in flowering plants. 

This chapter is being prepared for submission to the journal The Plant Cell, or 

other similar plant-focused journals. Below is the temporary citation. 

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 prep- Plant Cell] *Contributed equally 
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4.1 Methods 

4.1.1 Plant material 

 

Plant materials were collected from various locations and are detailed in Table 

S4.1. Plant tissues were dissected manually and when necessary, using a 

stereomicroscope for magnification and a 2-mm stage micrometer (Wards Science, 

cat. #949910). Tissues were flash frozen in liquid nitrogen and stored at -80°C 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 performed 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 published (Mathioni 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 (RS-200-0012, Illumina) were performed following the detailed 

protocol previously published (Mathioni et al., 2017). All small RNA libraries were 

sequenced using single-end mode with 51-bp on an Illumina 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 small RNA data were processed as previously described (Mathioni et al., 

2017; Patel et al., 2015). 

4.1.5 MicroRNA analysis 

 

We used two strategies to analyze the microRNAs. First, we generated a 

unique list of miRBase version 21 entries with all mature miRNA sequences from the 

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 monocots  

 

Due to lack of sequenced genomes in 40 sampled monocots, we conducted a 

homology based search to identify miRNAs in these species. We added Arabidopsis 

thaliana (Arabidopsis) as a control making it a list of 41 species. We merged all sRNA 

libraries from these 41 species into one and built a BLAST database (BLASTdb) 

(Altschul et al., 1990). The command line used was makeblastdb - 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 BLASTdb, we collapsed a 

Viridiplantae-specific non redundant mature miRNA sequences from miRBase version 

21 (Kozomara and Griffiths-Jones, 2014). This set of unique miRNA sequences 

complete our reference set. To identify miRNAs present in our 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 qid pident 

length qlen qstart qend slen sstart send gaps mismatch 

positive evalue bitscore" . BLASTN was performed with ïungapped 

and - no_greedy  to facilitate end-to-end and non-greedy alignment, respectively. 

Here, we utilized ñblastn-shortò, which is optimized for sequences less than 30 

nucleotides. We used 75% percent identity for BLASTN sequence scan to account for 

Ò 4 mismatches between a mature miRNA from the reference set and its homolog 

(subject sRNA sequence) in the BLASTdb. Output file contains qseqid, query, sseqid, 

pident, length, qlen, qstart, qend, slen, sstart, send, gaps, mismatch, positive evalue, 

and bitscore in a TAB separated format.  

Then, to process miRNA annotation results from BLAST, the output from 

BLAST is further filtered to solidify 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 tabular results from BLAST to compute 5ô- and 3ô-end overhangs, 

mismatches, matches, and total variance. Total variance is a sum of the nucleotides 

that were not aligned, including no more than two nucleotides on 5'- and 3ô-end 

overhangs and mismatches (Ò 4). Total variance cutoff is set to 5. Subject sequences 

(aka candidate homologs) satisfying this cutoff will be given a status of ñpassò, 

otherwise ñfailò.  In addition to the output from BLAST, we added extra columns 

(hang5, hang3, match, mismatch, unalign, totalvariance, and status). (2) We only kept 

the subject sRNA sequences which are of length between 20-22 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, we looked for its 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 tissues. We used 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 three-letter miRBase 

(v21) codes to generate a unique set of Viridiplantae-specific 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 sequences using column 
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query 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 RNA (PHAS)-generating loci were identified using the 

PHASIS pipeline (https://github.com/atulkakrana/PHASIS) (Kakrana et al., 2017). 

Triggers for these PHAS loci were further identified using the phastrings, a component 

of the PHASIS pipeline. 

4.1.7 Dicer-like gene family and phylogeny 

De novo gene families were circumscribed using a set of diverse monocot 

genomes from Phytozome v12.1 (Ananas comosus, Asparagus officinalis, 

Brachypodium distachyon, Musa acuminata, Oryza sativa, Sorghum bicolor, Zostera 

marina, Setaria viridis, and Zea mays), plus Amborella trichopoda) using OrthoFinder 

(v2.2.1) (Emms and Kelly, 2015). DCL3 and DCL5 proteins were contained in a 

single orthogroup. Additional monocot sequences were added from manual blastp 

searches of the Dioscorea rotundata genome (Tamiru et al., 2017) , and from NCBI 

for Elaeis guineensis, Phoenix dactylifera, and Dendrobium caternatum.  

Only proteins that were full, canonical Dicer-like proteins (Helicase domain, 

Dicer domain, PAZ, and two tandem RNAseIII domains) were retained, except in a 

single case of possibly misannotated recent DCL3 paralogs in Brachypodium. This led 

https://github.com/atulkakrana/PHASIS


 102 

to the exclusion of several Dicer-like genes in the analysis, which may be 

pseudogenes, incorrectly assembled or unannotated genomic regions, or non-canonical 

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 bootstraps with options ñ-x 

12345 ïf a ïp 13423 ïm PROTGAMMAAUTOò. Trees were visualized and 

manipulated in ggtree (Yu 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), Arecales (3 species), 

Zingiberales (2 species), Commelinales (1 species), Asparagales (6 species), 

Pandanales (1 species), Liliales (1 species), Allismatales (6 species), and Acorales (1 

species) (Table S4.1). These species included a basal monocot Acorus calamus 

(Acorales) and the early diverging Poales (grasses) Pharus parvifolius, Anomochloa 

marantoidea, and Streptochaeta angustifolia (Kellogg, 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 reads (Table S4.2). For some analyses, we utilized public sRNA 
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data from an additional ten monocot species (Figure 4.1; Table S4.1). We also 

analyzed samples from Nymphaea colorata (water lily, order Nymphaeales), a basal 

angiosperm. Finally, as outgroups, we added sRNA data publicly available for three 

other species, Arabidopsis thaliana (a eudicot for which miRNAs are well-described) 

and Amborella trichopoda (a lineage sister to all flowering plants) for comparison 

purposes (Figure 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 proportion of each size, from 18 to 26 nucleotides, across 28 monocot species 

in orders (Figure 4.2, Figure 4.3, Table S4.2). These 21- and 24-nt peaks are 

typically comprised of miRNAs (21 nt) and heterochromatic siRNAs (hc-siRNAs; 24 

nt), but in the case of anthers may also include a large number of abundant phasiRNAs 

(Zhai et al., 2015b; Johnson et al., 2009). The Nymphaeales and Asparagales 

illustrated the highest relative proportions of 21- and 24-nt sRNAs compared to other 

taxonomic orders, respectively (Figure 4.2a). For the majority of the species, the 

prominent peak was at 24 nt, except for the Nymphaeales and Pandanales in which the 

21-nt peak was more prominent. The data from Zingiberales showed nearly equal 

levels of 21- and 24-mers. We calculated the ratio of the distinct sequences of 24-nt to 

21-nt sRNAs; since grasses have been well characterized, we compared the Poales 

(grasses) and non-Poales (all monocot data in our study except the grasses), and 
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inflorescence versus vegetative tissues (Figure 4.2b). The Poales demonstrated a 

higher proportion of 24-nt sRNAs than non-Poales across all libraries, perhaps 

indicative of more 24-nt hc-siRNAs or 24-nt phasiRNAs.  

Next, we identified species with a disproportionately high level of 22-nt 

sRNAs, as our prior work has identified an unusual, RDR2-independent class of 22-nt 

sRNAs in maize (Nobuta et al., 2008). Our recent work using machine learning 

approaches demonstrated that these maize 22-nt siRNAs have distinct sequence 

characteristics (Patel et al., 2018). Yet, outside of these reports in maize, there has 

been a paucity of data on these 22-nt sRNAs in the last decade, perhaps because 

monocots are so poorly characterized. We computed the ratio of the distinct 22- and 

21-nt sRNAs, again comparing inflorescence and vegetative tissues (Figure 4.2c). 

This ratio exceeded 1 (i.e. higher levels of 22-nt sRNAs) for most grasses (Setaria, 

sorghum, etc.) and several non-grass monocots (Tradescantia, Phalaenopsis, Zostera, 

etc.) (Figure 4.2c). This higher proportion of 22-mers was also more often observed in 

inflorescence than vegetative tissues. This result is consistent with a widespread 

occurrence of 22-nt siRNAs other than in just maize.   

This analysis expanded our knowledge of existence of 22-nt sRNAs beyond 

grasses and demands new experimental and computational approaches to further 

characterize them. Ultimately, this comprehensive set of vegetative and inflorescence  

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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Figure 4.1:  Phylogenetic distribution of the 41 angiosperm species analyzed in 

this study. N. colorata, A. thaliana and A. trichopoda were used for 

comparison purposes. Orders of the monocots are shaded in light blue in 

the legend. Red dots denote species with genome sequenced. 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).  

https://itol.embl.de/
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Figure 4.2:  Size distribution of sRNA sequences illustrated variation in the 

relative sizes of the sRNAs. (a) The relative proportion of sRNAs are 

displayed as percentages (Y-axis) for each size category (X-axis) in total 

reads in 200 sequenced libraries across 28 plant species 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 24 - and 21- nt sRNA reads 

distribution (Y-axis) between the Poales (grasses) and non-Poales, 

defined as all species except the grasses (X-axis) . 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 distribution (Y-axis) 

among species (X-axis) grouped by vegetative (pink dots) and 

Inflorescence libraries (green dots). Highlighted pink box indicates 

species for which the ratio is Ó 1. Dotted grey line denotes equal ratio 

(value of ó1ô on Y-axis). 
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Figure 4.3:   Size Distribution of sRNA sequences in 9 different plant order used in 

this study. The relative proportion of sRNAs are displayed as 

percentages (Y-axis) for each size category (X-axis) in total reads in 200 

individual sequenced libraries , denoted  by gray lines, across 28 plant 

species in 9 different plant orders . Reads longer than 26 nt are not 

included in this study. Red line indicates average proportions of sRNAs 

in all libraries in that plant order. 
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4.2.2 Identification 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 either pre-date the split with eudicots 

or emerged since that split. Since miRNAs longer than 22 nt are rare and are perhaps 

somewhat controversial, our analysis focused on the 20-, 21- and 22-nt lengths. We 

utilized two main strategies for the miRNA analysis. First, we identified conserved 

candidate miRNAs using a custom, homology-based pipeline, using mature plant 

miRNAs from miRBase to query all the sRNAs (see section 4.1.5.1 for details). This 

analysis yielded 84,390 sequences; these were filtered to find those with an abundance 

of Ó 100 reads in at least one library, and yielding 5,354 sequences. These sequences 

belonged to 290 distinct miRNA families (all annotated in miRBase); the number of 

families per species is shown in Table S4.3. We separated these miRNAs into those 

that are highly conserved versus intermediately conserved versus not conserved ï 

these different categories are described in the following paragraphs.  
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Figure 4.4: Heat maps showing variable level of conservation in monocot 

specific miRNAs. miRNA abundances were assessed using the sRNA data from 

vegetative and inflorescence tissues. A sequence with >= 100 reads in either 

vegetative or inflorescence tissues was retained. 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 0 (white) to 1 (black) as illustrated in 

the color keys. The miRNAs are hierarchically clustered based on counts using 

ñsingleò method and ñeuclideanò distance. (a) High conservation is defined by 

miRNA 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 mi8175 are in light grey as all correspond to tRNA fragments. 
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Figure 4.5: Multiple sequence alignment of homologs miR894, miR815, and 

miR8175. The degree of sequence conservation along the miRNAs is 

represented by the color, with a dark color denoting a high 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. 



 113 

 

Figure 4.6:  The genomic structure of the natural antisense microRNA miR444 is 

conserved in pineapple. (a) Genomic arrangement of the natural 

antisense microRNA (ñnat-miRNAò) miR444 as described by Lu et al. 

(2008). One strand generates the miRNA precursor, while the 

complementary strand encodes a MADS-box; transcripts overlap in the 

region yielding the miRNA and the miRNA target (as well as the 

miRNA*-generating region), while other exons are intronic or upstream 

relative to the complementary strand. (b) 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 21-nt reads mapped to the locus; other dots as indicated in 

the key at lower right, with the position on the y-axis indicating read 

abundance in TP20M. Four exons of antisense strand (genes on top 

strand) are shown in the orientation from 5ô to 3ô as denoted by red or 

pink color. Eight exons on the sense strand of the gene encoding the 

MADS box protein (on bottom strand) are denoted by the solid blue 

color. Purple lines within the screenshot are a k-mer 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 are the well-known miRNAs miR156, miR165/6, miR167, miR171, miR319, 

and miR396 (Figure 4.4a; Table S4.4, part a). A set of another fifteen well-conserved 

miRNAs were found, present between 20 to 34 species (Figure 4.4a; Supplemental 

Table S4.4, part a). Another 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 conservation (Figure 4.4b; Table S4.4, part b). The absence of a 

miRNA family from one species does not imply that it is not encoded in that genome, 

as some miRNAs are tissue-specific and our sampling and depth of sequencing was 

not an exhaustive analysis. However, these data were useful as a representative set of 

monocot miRNAs. 

We made a number of observations about monocot miRNAs. First, most of 

ñthree-digit miRNAsò (miRNAs with numbers lower than miR1000, i.e. miR166, 

miR399, miR827, etc.) are conserved across monocots (Figure 4.4a).  Second, the 

data from banana demonstrated a strong pattern for higher counts of miRNA 

candidates in both panels. Third, Colocasia, Echinodorus, Sagittaria, and Zostera 

show a poor representation of highly conserved miRNAs, and essentially no 

moderately conserved miRNAs, except for miR395 in Colocasia and miR1507 in 

Sagittaria. And finally, sugarcane showed weak or no representation of conserved 

miRNAs. The poor result in sugarcane could have resulted from the sampled tissue 
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type, an issue of sample preparation, or reads not exceeding the abundance of 100 in 

the two tissue specific libraries (vegetative and inflorescence) used in this analysis. 

We also noted several intriguing patterns of miRNA conservation in the monocots 

(Figure 4.4b). First, miR1507, a trigger for 21-nt phasiRNAs from nucleotide binding 

and leucine-rich repeat (NB-LRR) pathogen-defense genes in legumes (Fei et al., 

2015) is not present in the grasses (except in Pharus), but it is present in other 

monocots, perhaps indicative of a lineage-specific loss. Second, miR444, miR530, 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 early-diverged monocots but not in the grasses, consistent with earlier 

reports of functional diversification of miR482 and miR2118 (Xia 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 several miRNAs present specifically as 22-mers in Amborella, including 

miR482, miR1507, and miR2275; their presence in this early-diverged angiosperm 

suggests these miRNAs emerged prior to the monocots.  

We examined several of these observations in more detail. First, we examined 

the set of three miRNA families demonstrating similar patterns of representation 

(miR894, miR8155, and miR8175). These miRNAs have been separately described in 

eudicots, mosses and other lineages (Montes et al., 2014; Harkess et al., 2017), but not 

previously shown to have a common origin. We aligned the family members and 

found a high degree of similarity that is suggestive of a superfamily (Figure 4.5a).  A 
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review of the literature mentioning these three miRNAs found that miR894 was 

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

analyzed miR8155 and miR8175 to determine if these might also be tRNA fragments. 

The annotated copy of the Arabidopsis miR8175 is corresponds to the 3ô end of tRNA 

Asp-GTC-8-1 (Figure 4.5b); while miR8155 from oilpalm corresponds to the 3ô end 

of annotated tRNA from Oryza sativa (orysa-Met_iCAT-53) (Figure 4.5c). These 

tRNAs still might function like a miRNA to target mRNAs (Martinez 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 monocot-specific 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 in several other monocots 

including the palms, but no earlier diverging species (Figure 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 configuration in pineapple, indicating that this 

arrangement may reflect its ancestral state and even its evolutionary origins (Figure 

4.6). miR530 and miR1432 were also described previously in pineapple (Md Yusuf et 

al., 2015), and we also found that they were detected in other sister species within the 

commelinids, but not earlier in the monocots. Therefore, our analysis of annotated 

miRNAs demonstrated a combination of patterns of conservation and divergence 
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within the monocots, with at least three monocot-specific 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 21- or 22-nt, with this length difference often 

determining whether or not they function to trigger 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 intermediately conserved miRNA families (Figure 

4.7). In the 37 miRNA families (Figure 4.7a,b), 21 nt was the most frequent length. 

Four miRNA families (miR156, miR394, miR395 and miR6478) exhibited substantial 

proportions of 20-nt sequences (>30% of abundance). This length 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 miR6478, predominantly a 20 nt miRNA 

across multiple species in our data, yet reported previously only in poplar and rice (He 

et al., 2015; Puzey et al., 2012). We observed that it was present in Arabidopsis and 

Amborella, but not annotated in either species. When we analyzed the sequence in the 

Arabidopsis genome (Figure 4.8), it corresponds to tRNA precursors, and thus we 

infer that this is a tRNA fragment (tRF) and not a true miRNA. 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).   
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Five miRNA families (miR167, miR393, miR482, miR1507, and miR2118) 

preferentially accumulated as 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 lineage (Montes et al., 2014). 

The size specificity of 22-mers among miR482, miR1507, and miR2118, reflects well-

described roles as triggers of phasiRNAs. miR2275, also a well-known trigger of 

phasiRNAs (Johnson et al., 2009) was, perhaps unexpectedly, not among the set of 

preferentially 22-nt miRNAs. The most highly abundant 21-nt sequence (zma-

miR2275b-5p) turned out to be a miRNA* (ñmicroRNA-starò) sequence from these 

loci; this sequence has no known function or targets, so its extraordinary accumulation 

may reflect something unusual about miR2275 ï the only miRNA known to trigger 

24-nt phasiRNAs. 
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Figure 4.7: Size distribution of conserved miRNA variants and single nucleotide 

sequence profiles. (a-b) The stacked bar plots show the size distribution 

of reads as a percentage (between 0 and 100) of abundance out of total 

abundance (Y-axis, denoted 20-mers in red; 21-mers in blue; 22-mers in 

green) in the conserved miRNA families. Similar to figure 3, 

conservation is defined by miRNA families identified in more than 10 

species out of all 41 species examined. Bar plots are sorted from low to 

high percentage of 22-mers. (a) Size distribution in the most conserved 

21 miRNA families (X-axis). (b) Size distribution in the intermediate 

conserved 16 miRNA families. (c-d) Single-nucleotide sequence profiles 

of unique candidate miRNAs (n=2304) (panel c) and unique mature 

miRNA sequences (n= 3722, size 20 to 22) from miRBase, version 21 

(panel d). The frequencies of each of the four bases (A, C, G, and U) at 

each position are indicated as an open circle. (e) Single-nucleotide 

sequence profiles of unique candidate miRNAs from panel c perfectly 

matching (n= 647, panel e) to the miRBase miRNAs. (f) Pie chart 

illustrating counts of miRNA candidates 100 percent identical to 

miRBase miRNAs from panel e. 
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Figure 4.8: miR6478 is derived from a tRNA precursor in Arabidopsis. Screenshot 

from our genome browser of a locus (AT1G49460) in Arabidopsis. The 

red arrow shows where the annotated miR6478 sequence maps on the 

locus and green box indicates the annotated tRNA precursor. Nearly all 

small RNAs from this locus are either less than 21 or greater than 24 

nucleotides, and map to multiple locations in the Arabidopsis genome, 

consistent with miR6478 as a tRNA fragment rather than a true miRNA.  
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4.2.4 Single-nucleotide miRNA sequence profiles characterize positionȤspecific 

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 non-redundant set of 2,304 

candidate miRNA sequences from the set of 5,354 sequences of conserved miRNAs 

(in 290 distinct miRBase-annotated families) found across our libraries. Next, we 

computed single-nucleotide sequence profiles for these sequences, determining the 

frequencies of each nucleotide (A, C, G, and U) at each position (Figure 4.7c). 

Combining these results, we made several observations: (1) in miRNA candidates, 

there was a 5ô nucleotide preference for U, consistent with prior reports (Montes et al., 

2014; You et al., 2017); (2) a peak of G was observed at the 8th and 9th positions; (3) 

in the 3ô end of the candidate miRNAs, we observed a peak of C at the 19th position 

(with a depletion of G and U). For comparison, we plotted the 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 sequence profile lacked 

distinctive sequence characteristics (Figure 4.7d versus Figure 4.7c). To understand 

the basis of this difference, we assessed the profile of the subset of our 2,304 miRNAs 

used for Figure 4.7c that perfectly match miRBase-annotated miRNAs. This 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 perfectly-matched candidate miRNA 
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sequences are well known miRNAs (Figure 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 

ñcontaminatingò annotations among miRBase miRNA that dilute the signal. 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 investigated the previously-unreported 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 sRNA expression data (from GEO series GSE44622, GSE40044, 

GSE61362, and GSE97917). We used a normalized abundance cutoff of 1000 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 (from Figure 4) exist 

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 position (Figure 4.10). To assess the nature 

of this A at the 19th position (ñ19Aò), we segregated all the miRNAs by their 5ô 

nucleotide, creating four more plots. The 5ôU miRNAs, the 5ô end typical of miRNAs 

(Mi et al., 2008), uniquely displayed a 19C (Figure 4.10b), whereas the other three 

classes had 19A (Figure 4.10c to e). This 19C could be evolutionarily advantageous 

for 5ôU miRNAs because in a 21-nt miRNA this would yield a 5ôG on the 

complementary strand, i.e. the ñpassengerò or miRNA* strand. Since 5ôU is a strongly 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE44622
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favored nucleotide across the majority of miRNA families and few mature miRNAs 

have 5ôG, this nucleotide composition may contribute to AGO sorting, loading, or 

binding. A corollary to this is that many 5ôG/19A miRNAs may be mis-annotated 

passenger strands.  

Figure 4.9: Single-nucleotide sequence profiles of unique candidate miRNAs from 

Figure 4.7, panel c not perfectly matching (n= 1656) to the miRBase 

miRNAs. 
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Figure 4.10: Arabidopsis 5ô U miRNAs share a distinctive C in the 19th position 

with high-confidence monocot miRNAs. (a) Single-nucleotide 

sequence profiles of Arabidopsis miRNAs from miRBase version 21 (n= 

138). (b-e) miRNAs from panel a were plotted based on their 5ô 

nucleotide composition creating four single-nucleotide sequence profiles. 

(a) Single-nucleotide sequence profiles of Arabidopsis miRNAs (n=138)  

from miRBase version 21, filtered based on abundance characteristics, as 

described in the main text.  The plot is as described in Figure 4, with the 

nucleotides of interest (5ô end and 19th position) circled. (b to e) Four 

subsets of miRNAs from panel A were analyzed separately for their 

single-nucleotide sequence profile, based on their 5ô nucleotide 

composition.  
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4.2.5 5ô and 3ô nucleotide features of conserved miRNAs  

 

Because the 5ô nucleotide of miRNAs is a distinguishing feature, mainly for 

AGO sorting and hence function (Mi et al., 2008), we analyzed the 5ô and 3ô ends of 

the sRNAs described above. We characterized the 5ô nucleotide prevalence in the 21 

most-conserved and in the 16 intermediate-conserved miRNA families, and focused 

on miRNAs from 20 to 22 nt.  In the majority of miRNA families, U was the most 

prevalent 5ô nucleotide, consistent with earlier reports (Montes et al. 2013 and You et 

al. 2017) (Figure 4.11a, b). We observed several exceptions at the 5ô end: miR390, 

miR529, and miR172 predominantly displayed an A at the 5ô position, consistent with 

earlier reports (Montes et al. 2013 and You et al. 2017), with robust levels of 5ô G for 

miR172 (Montes et al. 2013). In the intermediately conserved miRNA families, a 5ô U 

also predominated (Figure 4.11b). The exceptions we found (miR6478 and miR894 

with a 5ô C, and miR8155 and miR8175, with a uniform distribution of G, C, and U), 

were all tRNA fragments (see above), suggesting that these 5ô nucleotides can support 

the segregation of good versus suspect miRNA annotations. 

The 3ô terminal nucleotide identity of miRNAs is not well studied, although we 

have previously reported that this position may be more important than the seed region 

(positions 2 to 13), for miRNA-target interactions generating secondary siRNAs (Fei 

et al., 2015). Hence, we examined the 3ô nucleotide prevalence in the highly and 

intermediately conserved miRNA families. We observed a 3ô C in the majority of 

miRNA families (Figure 4.11c, d). A 3ô U was the second most-prevalent nucleotide 
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(Figure 4.11c, d). The 3ô nucleotide identity in a few miRNA families was different. 

For example, over half of the miR398, miR399, and miR528 family members were 

enriched in 3ô G (Figure 4.11c, d). miR894, miR8155, and miR8175 had high 

proportions of 3ôA.  The four 22-nt miRNA family members, known triggers of 

phasiRNAs (miR482, miR1507, miR2118, and miR2275) were all enriched for A in 

the 3ô end, a 3ô-end bias perhaps required for target interactions that instigate the 

biogenesis of phasiRNAs (Figure 4.11d). Thus, 3ô nucleotide conservation in plant 

miRNA families may be as important for miRNA function as the 5ô end, with special 

importance for triggers of phasiRNAs.  
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Figure 4.11: 5ô and 3ô nucleotide distribution of conserved miRNA families. The 

stacked bar plots show the 5ô- and 3ô-end nucleotide composition as 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 species examined. Bar plots are 

sorted from low U to high U percentage. (a) The 5ô nucleotide 

composition (Y-axis) in the 21 most-conserved miRNA families (X-

axis). (b) The 5ô nucleotide composition in the 16 intermediate-conserved 

miRNA families, with the misannotated tRNA fragments noted in grey 

text, all enriched in 5ô C or G. (c) The 3ô nucleotide composition in the 

21 most-conserved miRNA families. (d) The 3ô nucleotide composition 

in the 16 intermediate-conserved miRNA families. The four known 

triggers of phasiRNAs are highlighted with grey boxes while the tRNA 

fragments are noted with grey text. 
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4.2.6 The biogenesis pathway for reproductive phasiRNAs diversified in the 

monocots 

 

We next focused on a pathway well-described in monocots, the reproductive 

phasiRNAs. These are enriched in anthers and require specialized miRNA triggers, 

long non-coding RNA precursors, and DICER-LIKE 5 (DCL5), a monocot-specific 

Dicer (Kakrana et al., 2018; Zhai et al., 2015b). 

4.2.6.1 miR2118 and 21-PHAS 

 

The trigger of 21-nt phasiRNAs, miR2118, was detected in 16 of the 41 

species surveyed in this study (Figure 4.12). This miRNA is highly abundant (>100 

reads) in vegetative tissues of Raddia, oil palm, banana, asparagus, and Freycinetia; in 

vegetative tissues of eudicots, NLR 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 in Amborella trichopoda (Amborella), 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, and Freycinetia). Nymphaea colorata (Nymphaea) and Amborella also 

have miR2118 with read abundances lower than 100 (Figure 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). 
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 Next, we ran the phasing analysis (section 4.1.6) aiming to identify 21-

nt phasiRNAs-generating loci for 18 species with an available genome sequence, 

yielding numerous 21-PHAS loci (Figure 4.12). Grasses showed the highest counts of 

21-PHAS loci, which were more abundant in the inflorescence tissues, with few loci 

showing abundance in the vegetative tissues ï these are typically TAS3, important for 

land plant development (Xia et al., 2017) This high count of 21-PHAS loci in grass 

inflorescence tissues is consistent with their functional importance for anther fertility, 

for instance as reported in rice (Fan et al., 2016). Outside of the grasses, fewer 21-

PHAS loci were identified and these showed similar abundances in both inflorescence 

and vegetative tissues, as observed in pineapple, oil palm, date palm, banana, 

Phalaenopsis, asparagus, and Amborella (Figure 4.12), and consistent with TAS3.  

We performed de novo trigger prediction (methods) to characterize the miRNA 

triggers of 21-PHAS loci, to help determine their potential roles and biogenesis. In the 

grasses, the biogenesis of reproductive phasiRNAs is typically dependent on one of 

two 22-nt miRNA triggers (miR2118 and miR2275, for 21- and 24-nt phasiRNAs), 

while TAS3 is triggered by miR390. The majority of the 21-PHAS loci in the grasses 

are triggered by miR2118 (Table 4.1). In the monocots outside of grasses, there were 

comparatively few 21-PHAS loci 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 21-nt phasiRNAs from diverse targets (Fei et al., 2013a). In fact, 

a proportion of these were TAS3 (Table 4.1). However, the relative absence of 21-nt 
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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 21-PHAS loci is quite high in the grasses, we 

asked whether these loci might be important to have on all chromosomes. We 

analyzed the chromosomal distribution of 21-PHAS loci for five grasses which we had 

high quality genomes (Brachypodium, rice, Sorghum, maize, and Setaria). This 

showed an enrichment for 21-PHAS loci in some chromosomes, and a presence of at 

least one locus on all chromosomes (Figure 4.13). While this is consistent with a 

hypothesis in which these loci are important for some sort of cis activity within the 

chromosome, no correlation was observed between the size of the chromosome and 

the count of its 21-PHAS loci (Figure 4.13). However, this hypothetical activity would 

likely be limited to the grasses, given that non-grass monocots had few loci.  
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Figure 4.12: miR2118 abundance and 21-PHAS counts in monocots. The miR2118 

maximum abundance is shown for each monocot tissue and species 

where it was identified. The total and filtered 21-PHAS counts is shown 

for each monocot tissue and species where it was identified. The filtered 

21-PHAS counts for vegetative (Veg) and inflorescence (Inflo) tissues are 

also shown. Color legend for miR2118 abundance: light blue < 100 

reads, dark blue Ó 100 reads. NA= not available. 

Veg Tissue 

(Max Abun)

Inflo Tissue 

(Max Abun)

Total 

Count

Filtered 

Count

Veg 

Tissue

Inflo 

Tissue

Raddia brasiliensis 8,764 10,318

Phyllostachys edulis 151 1,095 446 240 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 0 321 1,956 1,109 4 1,109

Zea mays 0 39,912 483 272 5 272

Sorghum bicolor 43 1,286 1,002 677 1 677

Saccharum officinarum 0 NA

Setaria viridis 6 861 1,462 803 1 803

Streptochaeta angustifolia 0 1,482 10 4 1 4

Anomochloa marantoidea 42 NA

Pharus parvifolius 22 8,336

Vriesea ospinae 0 0

Ananas comosus 69 49 3 1 1 1

Cyperaceae Cyperus alternifolius 0 0

Elaeis guineensis 3,681 1,796 7 2 2 2

Cocos nucifera 18 34,424

Phoenix dactylifera NA 3,750 6 2 0 2

Musaceae Musa acuminata 1,985 7,240 13 4 4 4

Cannaceae Canna indica 0 6

Commelinales Commelinaceae Tradescantia fluminensis 0 13

Prosthechea radiata 0 0

Phalaenopsis equestris 0 17 7 2 2 2

Hemerocallis lilioasphodelus 0 0

Kniphofia uvaria 0 0

Liriope muscari 0 0

Asparagus officinalis 345 1,188 31 19 19 19

Pandanales Pandanaceae Freycinetia cumingiana 1,023 1,062

Liliales Liliaceae Lilium maculatum 0 217

Spirodela polyrhiza 0 NA 0 0 0 0

Lemna gibba 0 NA 0 0 0 0

Colocasia esculenta 33 0

Echinodorus uruguayensis 0 0

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

Arecaceae

Zingiberales

Asparagales

Orchidaceae

Xanthorrhoeaceae

Asparagaceae

Order Family Species

miR2118 21-PHAS

Poales

Poaceae

Allismatales

Araceae

Allismataceae

Bromeliaceae

Arecales
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Figure 4.13: Count of 21-and 24-PHAS loci per chromosome in five grass species. 

The left Y-axis shows the counts of 21- (blue) and 24 - (orange) PHAS 

loci, and X-axis shows the chromosome for each of five grass genomes 

(as indicated). Line plots in grey indicate the size of chromosomes, 

denoted on a secondary Y-axis (at right) in 1 kbp units. 
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4.2.6.2 miR2275 and 24-PHAS 

 

The only known function of miR2275 is to trigger biogenesis of 24-nt 

reproductive phasiRNAs. We detected this miRNA in the early-diverged angiosperm 

Amborella, and we found it in both vegetative and inflorescence tissues (Figure 4.14). 

Acorus, a basal monocot, and Nymphaea a basal angiosperm, had low abundances of 

miR2275 in the inflorescence tissues. The early diverging grasses, Pharus and 

Streptochaeta, also showed moderate abundances of miR2275 in the inflorescence 

tissues. The highest abundances of miR2275 were in grass inflorescences (Figure 

4.14), while in vegetative tissues the abundance was highest in Amborella, 

Phalaenopsis, and bamboo. The high abundance of miR2275 in grasses may reflect an 

increased utilization of the pathway generating 24-nt reproductive phasiRNAs. 

We next identified 24-PHAS loci for 15 species for which a genome sequence 

was available. The highest count of 24-PHAS loci was in the grasses (Figure 4.14), 

although only a single 24-PHAS locus was identified for the early-diverged grass 

Streptochaeta. Outside 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 grass Zostera or date palm, although we identified 

24-PHAS loci in both species (12 and seven loci, respectively). As above, we analyzed 

the chromosomal distribution of 24-PHAS loci in five grasses (Brachypodium, rice, 

Sorghum, maize, and Setaria), and as with 21-PHAS loci, 24-PHAS loci were found on 

all chromosomes, with counts elevated on some chromosomes (Figure 4.13). But we 
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observed no correlation between the size of the chromosome and the number of 24-

PHAS loci. 

As for 21-nt phasiRNAs, we predicted the triggers of 24-PHAS loci (Table 

4.1). miR2275 is the trigger for the majority of 24-PHAS loci in the grasses, except for 

Streptochaeta. miR2275 was also generally not found as the trigger for 24-PHAS 

outside grasses; for example, Zostera has 21 24-PHAS loci with no evidence that 

miR2275 is their trigger (Figure 4.14). This is consistent with our recent observation 

from work in asparagus (Kakrana et al., 2018) and tomato (Xia et al., 2018), indicating 

a diversity of trigger mechanisms for 24-PHAS loci outside of the grasses. In 

asparagus, we demonstrated that 24-nt phasiRNAs may be derived from inverted 

repeats even without miR2275 (Kakrana et al., 2018). A complete understanding of 

the diversity of biogenesis mechanisms for 24-PHAS loci will require detailed studies 

in these species.  
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Table 4.1:  21- and 24-PHAS loci with miRNA triggers for sampled genera. 

Species are listed only for which a genome was available, and a single 

representative for each genus is shown. The number of 21-PHAS loci that 

are TAS3 loci are denoted in parenthesis.  

Order Family Species 

Total 
Count of 
21-PHAS 

loci  

No. of 
loci with 
miR2118 

as a 
trigger  

Total 
Count of 
24-PHAS 

loci 

No. of 
loci with 
miR2275 

as a 
trigger  

Poales  
Poaceae 

Phyllostachys edulis 446 (4) 373 25 16 

Brachypodium 
distachyon 

419 (2) 362 217 186 

Oryza sativa 1956 (9) 1810 126 101 

Zea mays 483 (6) 395 246 134 

Sorghum bicolor 1002 (1) 921 256 93 

Setaria viridis 1462 (4) 1351 383 205 

Streptochaeta 
angustifolia 

10 (1) 3 1 0 

Bromeliaceae Ananas comosus 3 (1)  2 89 0 

Arecales Arecaceae 
Elaeis guineensis 7 (2) 1 4 0 

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 

Allismatales 
Araceae 

Spirodela polyrhiza 0 0 0 0 

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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Figure 4.14: miR2275 abundance and 24-PHAS counts in monocots. The miR2275 

maximum abundance is shown for each monocot tissue and species 

where it was identified. The total and filtered 24-PHAS counts is shown 

for each monocot tissue and species where it was 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 Ó 100 reads. NA= not available.   

Veg Tissue 

(Max Abun)

Inflo Tissue 

(Max Abun)

Total 

Count

Filtered 

Count

Veg 

Tissue

Inflo 

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 77 0 77

Zea mays 0 91,833 246 160 0 160

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

Ananas comosus 0 138 89 42 0 42

Cyperaceae Cyperus alternifolius 0 11

Elaeis guineensis 0 38 4 1 0 1

Cocos nucifera 0 25

Phoenix dactylifera NA 0 21 7 0 7

Musaceae Musa acuminata 26 28 6 3 0 3

Cannaceae Canna indica 0 29

Commelinales Commelinaceae Tradescantia fluminensis 0 14

Prosthechea radiata 0 9

Phalaenopsis equestris 145 13 0 0 0 0

Hemerocallis lilioasphodelus 0 368

Kniphofia uvaria 16 698

Liriope muscari 10 666

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

Lemna gibba 0 NA 0 0 0 0

Colocasia esculenta 0 0

Echinodorus uruguayensis 0 24

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

Nymphaeales Nymphaeaceae Nymphaea colorata 0 50

Amborellales Amborellaceae Amborella trichopoda 320 135 1 0 0 0

Arecaceae

Zingiberales

Asparagales

Orchidaceae

Xanthorrhoeaceae

Asparagaceae

Order Family Species

miR2275 24-PHAS

Poales

Poaceae

Allismatales

Araceae

Allismataceae

Bromeliaceae

Arecales
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4.2.6.3 DCL5 divergence in the monocots 

Earlier work on 24-nt reproductive phasiRNAs has identified a key role for 

DCL5 in their biogenesis (Zhang et al., 2018). This Dicer has not been well 

characterized outside of the grasses (or even within the grasses), so we sought to take 

advantage of sequenced monocot genomes and transcriptomes to determine the point 

at which DCL5 emerged. We identified putative orthologs of DCL3 and DCL5 from 

12 monocot genomes plus Amborella and Nymphaea (two basal angiosperms), 

extracted the predicted protein sequences, and performed a phylogenetic analysis 

(Figure 4.15).  DCL5 orthologs were only present in Dioscoria and more recently 

diverged monocots. Thus, based on our phylogenetic analysis, we hypothesize that 

DCL5 evolved via a DCL3 tandem duplication event or whole genome duplication 

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 Asparagales (Asparagus officinalis and Dendrobium officinale). 

Dicer-like sequences are typically long (~1,600 amino acids) with many small exons, 

and thus are prone to mis-annotation. Manual searches of the Asparagus officinalis 

genome sequence, instead of relying solely on published annotations, reveal a partial 

Dicer-like sequence with homology to DCL5 (Harkess et al., 2017). However, these 

species still express 24 nt reproductive phasiRNAs triggered by miR2275 (Table 4.1), 

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 substrates for DCL3 and miR2275 to still produce 24 nt 
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reproductive phasiRNAs. In Asparagus officinalis, 24 nt reproductive phasiRNAs are 

often derived from inverted repeats, which may have evolved as a DCL5-independent 

mechanism to produce phasiRNAs (Kakrana et al., 2018). We conclude that monocots 

which emerged coincident with the duplication of DCL3 may have adapted diverse 

mechanisms for production of 24-nt phasiRNAs. Earlier diverged species including 

eudicots (Xia et al., 2018) likely utilized DCL3, while the specialized DCL5 emerged 

in later diverged species, including the grasses. 
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Figure 4.15: Origin of DCL5 in the monocots. A Maximum Likelihood (ML) 

RAxML tree of monocot-wide Dicer-like 3 (DCL3) and Dicer-like 5 

(DCL5) protein sequences. Only bootstrap values less than 100 are 

presented on nodes.  
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4.3 Availability  

The scripts used for this work are available upon request to pupatel@udel.edu 

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

be available to the public with GEO accession. Supplemental Table S4.1, S4.2, S4.3, 

S4.4 are provided in the attachment. 

4.4 Chapter Summary 

In this chapter, I (with collaborators) performed the following analyses: (1) I 

collaborated and generated 200 sRNA libraries (52 vegetative and 148 inflorescence 

or reproductive tissues) across 28 monocots yielding 5,312,866,505 total sRNA 

sequences, (2) I integrated publicly available 108 sRNA libraries from GEO with 

newly generated libraries for this study (a total of 308 sRNA libraries used), (3) I 

processed sRNA libraries using a workflow provided with a webtool miTRATA and 

stored the processed data into MySQL database for efficient downstream querying and 

analytics, (4) I designed homology based pipeline for identifying miRNAs from 308 

sRNA libraries from 41 species, (5) I characterized miRNA sequences, demonstrating 

single-nucleotide profiles and positionȤspecific nucleotide biases, (6) I conducted 

phasing analysis using PHASIS and discovered 21-and 24- PHAS loci in species with 

genome sequenced out of 41 species, (7) I performed trigger prediction (prediction of 

miRNAs triggers for 21-and 24-PHAS loci) using phastrigs tool available in PHASIS 

suite, and (8) I predicted orthologs of DCL3 and DCL5 proteins using OrthoFinder 

(Emms and Kelly, 2015) in several monocots with genome sequenced. 

mailto:pupatel@udel.edu
mailto:bmeyers@danforthcenter.org
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As a result of these analyses, I made a number of insights, on both 

computational and biological levels. For example, my work demonstrated typical size 

class distribution of 21- and 24-nt sRNA sequences across 28 sampled species and 22-

nt sRNAs has atypical high level in many species, including grasses (Setaria, 

Sorghum, etc.) and non-grasses monocots (Tradescantia, Phalaenopsis, Zostera, etc.). 

I observed that the higher proportion of 22-nt sRNAs was in the inflorescence than 

vegetative tissues. I found that 37 miRNA families (21 highly and 16 intermediately) 

are conserved variably in the monocots. For example, absence of miR1507 in the 

grasses showed its lineage specific enrichment. These miRNAs also have strong 

conservation in length, reflecting similar mechanism for their biogenesis in monocots. 

Interestingly, I showed that miRNA sequences have previously unknown positionȤ

specific nucleotide biases at the 8th, 9th, and 19th positions. I found that the genomic 

structure of nat-miRNA444 is conserved in pineapple. I made an observation that in 

Arabidopsis, miR6478 is derived from tRNA precursor and miR8175 and miR8155 

correspond to the 3ô- end of tRNAs in Arabidopsis and O. sativa, respectively. I found 

that the conservation of miR2118 and miR2275 is 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). Moreover, I also found that 

21- and 24-PHAS loci are numerous and abundant in the grasses and in the 

inflorescence tissues, and beyond grasses there are few 21- and 24-PHAS loci. I 

showed that in silico trigger identification in the grasses determined that miR2118, 

miR390, and miR2275 are triggers of most 21-PHAS loci, few TAS3 loci, and 24-
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PHAS loci, but outside grasses only few PHAS loci were triggered by miR2118 and 

miR2275. I found that in the species that emerged coincident with DCL5, there is 

presence/absence variation for DCL5, indicating that neofunctionalization was 

incomplete and its necessary function in reproductive phasiRNA biogenesis observed 

in grasses. 

Finally, from this work, I concluded the occurrence of 22-nt siRNAs is beyond 

maize and widespread in monocots, and the identification of several miRNA families 

revealed intriguing patterns such as lineage specific loss (for example, miR1507), 

recent evolutionary emergence (for example, miR444, miR530, and miR1432), 

functional diversification (absence of miR482 and emergence of miR2118 in the 

grasses), and emergence prior to monocots (presence of miR482, miR1432, and 

miR2275 in Amborella trichopoda). I showed that the significance of nucleotide 

biases at the 8th, 9th, and 19th positions in miRNA sequences is indicative of 

contribution to the functions or in AGO sorting. I concluded that miR6478 is a tRNA 

fragment rather than a true miRNA, and high level of sequence conservation in the 

seed region for miR894, miR8155, and miR8175 supports grouping them into a family 

of tRNAs. I also showed that 21- and 24-PHAS loci (the sources of reproductive 

phasiRNAs) are particularly numerous and abundant in inflorescence 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 species. Finally, I 

concluded that DCL5 evolved via 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 Dioscoreales. I also concluded that monocots which emerged 

coincident with the duplication of DCL3 may have adapted diverse mechanisms for 

production of 24-nt phasiRNAs. 

4.5 Author Contribution s 
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the data; P.P., A.K., A.E.H., S.M.M., and R.H analyzed the data; P.P. and B.C.M. 

wrote the manuscript, with assistance from S.M.M. and A.E.H. All authors read and 

approved the manuscript. 
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DISCUSSION AND CONCLUSION 

 

High-throughput sequencing (HTS) has revolutionized the field of 

bioinformatics through its rapidly decreasing cost that yields ever more data. These 

increasing accessibilities motivate researchers and bioinformaticians to design and 

implement a rich catalog of HTS applications. In this era of big bioinformatics data, 

there is a strong effort to accelerate the use of machine learning to develop workflows 

and software to analyze diverse types of genomics data. This also allows us to 

generate new hypotheses, which could be further tested via experimentation. To some 

extent, this shift to big data analytics is inevitable, because of the growing needs of 

biologists for assistance in extracting knowledge from their datasets. Thus, new 

approaches in handling this massive increase in sequencing data require sophistication 

and scalability. Machine learning can provide both and it could be utilized for mining 

informative patterns at this scale. In this dissertation, I aimed to maintain an 

equilibrium between machine learning approaches (i.e. tool development) and the 

analysis of experimental (NGS) data (i.e. extracting biologically-relevant insights). 

The main focus of my dissertation is the utilization of the power of machine learning 

in the field of sRNA informatics, with a focus on plants. Specifically, I focused the 

applications of the tools I developed on investigating the origins, biogenesis, 
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characteristics, and possible target(s) and function(s) of phased, secondary siRNAs 

(phasiRNAs) in monocots. 

5.1 Development of Workflow f or De Novo Prediction of Reproductive PHAS 

Loci in Grasses 

 

As machine learning algorithms have become more popular in recent years, I 

was interested to apply them in small RNA biology. I started by designing and 

implementing a workflow for classifying and predicting reproductive 21-and 24-PHAS 

loci. The prediction of loci with the capacity to generate reproductive phasiRNAs is of 

high importance in studying post-transcriptional regulation in plants. Earlier methods 

for identifying these loci were based on p-values or phasing scores and they depend on 

experimental data; that is, they have an absolute requirement of hard to generate 

sRNA data. There were no tools currently available to identify reproductive 

phasiRNAs in the absence of experimental data. Additionally, these phasiRNAs are 

expressed in a very narrow developmental window (before or during meiosis in male 

anthers) that is often difficult to capture for sRNA analysis, or itôs not always possible 

to obtain the biological material for analysis. With this in mind, I aimed to facilitate 

such type of quick and accurate analysis in the absence of sRNA data.  

I started implementing this approach by extracting features from the datasets. 

Next, I computed a total of 29 features including: 22 interaction features, best target 

score, k-mer, GC content, and total number of: matches, mismatches, wobbles, and 

gaps, which contributed  to classifying the reproductive PHAS loci from a control set 
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of non-PHAS loci (i.e., transposable elements). I further validated these models using 

a cross-species test in the O. brachyantha, Brachypodium, S. viridis, and Arabidopsis, 

which showed robustness and predictive power of this machine learning approach. 

Moreover, several highly informative features important in classifying PHAS loci 

emphasized strong binding between miR2118/miR2275 and target, essential for 

triggering phasiRNAs. Lastly, as an integral part of this aim, I worked on collaborative 

project in developing powerful tools sPARTA (Kakrana et al., 2014) and PHASIS 

(Kakrana et al., 2017). As a potential application, this machine learning approach will 

enable biologists with an approximate number of reproductive PHAS loci in a given 

genome before generating sRNA data. 

5.2 Supervised Machine Learning Approach for In -Depth Characterization of 

PhasiRNAs 

 

Not much is known about the functions and characteristics of reproductive 

phasiRNAs in the Poaceae, despite the availability of substantial genomic resources, 

experimental data, and computational tools. Machine learning is changing many 

aspects of our lives.  Data mining and pattern recognition are in the news almost every 

week, including many new applications in science. With this in mind, I utilized 

machine-learning methods to identify sequence-based and positional features to 

distinguish phasiRNAs in rice and maize from other sRNAs. The classification 

performance achieved is >80% in accuracy, sensitivity, specificity, and positive 

predicted value ï these are all remarkably strong measures of performance. This 



 148 

approach showed that machine learning can accurately distinguish reproductive 

phasiRNAs from other types of plant sRNAs. Additionally, I characterized several 

specific and novel features of these sRNAs, for example highlighting important 

nucleotides internally, and in both 5ô and 3ô ends of phasiRNAs that had not been 

previously described. I demonstrated that phasiRNAs have strand specificity and 

position-specific nucleotide biases that potentially influence the sorting of these 

sRNAs into their protein effectors, the family known as Argonaute proteins.  

My results showed the nucleotide and co-variation preferences across various 

types of siRNAs at the 5ô and 3ô-proximal ends, which are consistent with evidence of 

strand specificity for both 21- and 24-nt phasiRNA duplexes. I also showed that 

significant differences in the nucleotide composition between phasiRNAs that are 

absent and present in experimental datasets are due to the required relative 

stabilization of detected phasiRNAs after biogenesis. I also predicted targets to infer 

functions of phasiRNAs and demonstrated that phasiRNAs target primarily in cis and 

they have lower levels of complementarity to their targets than miRNAs, indicating 

that these lack highly homologous trans targets. Ultimately, I generated a new 

hypothetical model for AGO competition based on the significant biases in the 

representation of specific nucleotides at the 1st and 19th positions among the 21-nt 

phasiRNAs. 

5.3 Prevalence of Different Types of sRNAs in Angiosperms 
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One major goal of this work was to assess the variety of sRNAs and origins of 

miRNAs in 41 species (38 monocot species, ranging from Acorales and Arecales to 

Zingiberales). I demonstrated two predominant and typical size classes of reproductive 

phasiRNAs, 21 and 24 nucleotides, are found broadly across 28 monocot species 

sampled. The Asparagales, Nymphaeales, and Pandanales showed highest proportions 

of 21- and 24-nt sRNAs across all plant orders used. I calculated the ratio of the 

distinct sequences of 24-nt to 21-nt sRNAs and showed that the ratio was higher in the 

grasses and in the inflorescence tissues compared to non-grasses and vegetative 

tissues, respectively. I showed a disproportionately high level of 22-nt sRNAs for 

most grasses (Setaria, sorghum, etc.) and several non-grass monocots (Tradescantia, 

Phalaenopsis, Zostera, etc.). I also observed higher proportion of 22-mers in the 

inflorescence than vegetative tissues. This result showed a widespread occurrence of 

22-nt siRNAs beyond the one species in which this class had been previously 

described, maize.  

I identified variably conserved miRNA families (21 highly and 16 

intermediately conserved) and observed miRNA conservation patterns such as lineage-

specific loss (for example, miR1507), recent evolutionary emergence (for example, 

miR444, miR530, and miR1432), functional diversification (absence of miR482 and 

emergence of miR2118 in the grasses), and emergence prior to monocots (presence of 

miR482, miR1432, and miR2275 in Amborella). I found strong conservation in length 

of miRNAs, reflecting similar mechanism for their biogenesis in monocots. The 

characterization of conserved miRNAs using single-nucleotide miRNA sequence 
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profiles revealed a positionȤspecific nucleotide biases (at the 8th, 9th, and 19th 

positions) of conserved miRNA variants, potentially influencing AGO sorting. I also 

confirmed prior observations that misannotations persist in miRBase and may cause 

recurring annotation problems, for example, the set of tRNA fragments represented by 

miR6478 and miR894/miR8155/miR8175. There is perhaps a need to track not just 

true annotations of miRNAs but also to track false annotations along with the 

explanation of why these sequences are deprecated. 

I showed that miR2118 and miR2275 as triggers of reproductive phasiRNAs, 

and their resulting PHAS loci, are prevalent in angiosperms. This overall observation 

is consistent with a recent report from our group and collaborators focused on eudicots 

(Xia et al., 2018). Moreover, I 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, I concluded that 21- and 24-PHAS loci (the sources of 

reproductive phasiRNAs) are particularly numerous and abundant in inflorescence 

tissues of the grasses. Our in silico trigger identification in the grasses determined that 

miR2118, miR390, and miR2275 are triggers of most 21-PHAS loci, few TAS3 loci, 

and 24-PHAS loci. Our prior work in species outside of the grasses has demonstrated 

24-nt reproductive phasiRNAs may be generated by non-canonical pathways (Kakrana 

et al., 2018; Xia et al., 2018). In fact, this variation in the utilization of miR2275 may 

reflect an evolutionary period of divergence in 24-nt reproductive phasiRNA 

biogenesis, mirroring changes occurring in the DCL3/DCL5 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 

DCL5, suggesting that neofunctionalization was incomplete and its necessary function 

in reproductive phasiRNA biogenesis observed in grasses (Song et al., 2012; Zhang 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 for small 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 work also addresses several algorithmic challenges such as how to 

mine a massive scale of genomics data without requiring much prior knowledge, plus 

how to address experimental challenges encountered by existing approaches (i.e., 

limited or no availability of sRNA data for immediate use to predict phasiRNAs). The 

machine learning tools developed in the Chapters 2 and 3 are open source, and they 

are hosted on GitHub with wikipages to support bioinformatics and plant community. 

A standalone version of the webtool described in the Appendix A is also available on 

GitHub. In house scripts used for all other studies are available upon request. I 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 the applications of the tools that I 

developed.  
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MITRATA: A WEB -BASED TOOL FOR MI CRORNA TRUNCATION AND 

TAILING ANALYSIS 

 

 

We describe miTRATA, the first web-based tool for microRNA Truncation and 

Tailing Analysis ï the analysis of 3ô modifications of microRNAs including the loss 

or gain of nucleotides relative to the canonical sequence. miTRATA 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 and Griffiths-Jones, 2014) as a source of known 

microRNAs for analysis. miTRATA notifies user(s) via email to download as well as 

visualize the results online. miTRATAôs strengths lies in 1) its biologist-focused web 

interface, 2) improved scalability via parallel processing, and 3) its uniqueness as a 

webtool to perform microRNA truncation and tailing analysis.  

This appendix is published in the Bioinformatics. Below is the citation. 

 

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

B.C. (2015). miTRATA: A web-based tool for microRNA Truncation and 

Tailing Analysis. Bioinformatics 32: 450ï452 
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Revolutionary changes in next-generation sequencing and its ever-decreasing 

cost have driven a growing need for bioinformatics tools and algorithms. Molecular 

analysis of plant microRNAs (miRNAs) has demonstrated their 3ô protection by action 

of the methyltransferase HUA ENHANCER1 (HEN1), which adds a 2ǋ-O-methyl group 

to the 3ô terminal ribose of miRNAs and other small RNAs  (Zhai et al., 2013). Such 

3ô modification protects plant miRNAs from uridylation (addition of uridine (U) 

nucleotides) (Zhai and Meyers, 2012). We and others have previously demonstrated 

via sequencing studies and comparative analysis that miRNAs in a hen1 mutant (and 

to a much less extent in wild type Arabidopsis) demonstrate an array of 3ô 

modifications, include loss of nucleotides (truncation) and an addition of one to 

several non-templated nucleotides, predominantly uridines (U) (Li et al., 2005). 

Previous reports described varying degrees of 3ǋ modifications that differ among 

miRNA families yet are conserved for a given miRNA across plant species (Zhai et 

al., 2013). 

  

With advancements in highly productive forward- and reverse-genetics 

approaches, additional genes important to 3ǋ modifications of small RNAs are being 

characterized. Deep sequencing in these mutants is providing insights into the 

A.2 INTRODUCTION  
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mechanisms by which these genes function, or at least fail to function in the mutants. 

For example, analysis of the hen1/heso1 double mutant revealed a reduction in 3ô 

uridylation relative to hen1 (Zhao et al., 2012).  Recent genetic analysis identified a 

HESO1 ortholog, URT1, with a similar but non-redundant role as a nucleotidyl 

transferase that uridylates miRNAs (Tu et al., 2015). Thus both genetic analysis and 

sequencing have demonstrated the complexity of 3ǋ truncation and tailing (Zhai et al., 

2013). Interestingly, these 3ô end modifications can alter the nature of interaction with 

a target, while the pairing of a miRNA with its targets has been proposed to play 

critical role in the extent of 3ô modifications (Zhai et al., 2013). Further insights into 

these miRNA-target interactions and the influence of 3ô modifications could be gained 

via a new generation of computational tools (Brousse et al., 2014; Kakrana et al., 

2014b). In analysis of 3ô ends from sRNA sequencing data, computational tools 

separate the template miRNA from the non-templated additions, while also assessing 

truncation. Yet, there are no online, web-based tools for these measurements - theyôre 

run from a command line. Hence, we aimed to provide biologists with an automated, 

parallelized, web-based tool for these analyses in plants and animals (miTRATA, for 

microRNA Truncation and Tailing Analysis). 

 

 

We adapted for web access the ótruncation and tailingô algorithm that we 

previously developed (Zhai and Meyers, 2012). We re-implemented it in Python 

A.3 ALGORITHM  
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(version 3). Step 1: miTRATAôs web interface collects input parameters such as 

adapter-cleaned sequence files (ñtag countò format, or sequence plus abundance), the 

genome to be used (aka the ñbowtie indexò), a list of mature miRNA(s), etc., from the 

user. One of the most substantial changes to the algorithm is the addition of parallel 

processing to increase the scalability of our webtool especially when dealing with 

multiple high-throughput sRNA sequencing datasets and large genomes like maize 

and Norway spruce. Step 2:  for an individual sRNA sequence file (the ótag countô 

file), all non-genome-matched reads are first chopped iteratively, one nucleotide at a 

time, from their 3ô end, until the remaining ñheadò sequence perfectly matches to the 

genome. This way, we divide individual non-genome-matched reads into two parts: 

the 5ô genome-matched component (5GMC) or head, and a 3ô tail. The modified 

workflow can be seen in the Figure A1. 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 finds the 5GMC and tail 

simultaneously. Step 3: the 5GMC is aligned to known, mature miRNAs from 

miRBase (Kozomara and Griffiths-Jones, 2014) to determine the miRNA and the 

extent of truncation and tailing. Step 4:  in this last 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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Figure A1: Modified  workflow of the miTRATA t runcation and tailing algori thm. 

Step 1: once the user uploads or selects files and parameters via the 

webpage, all non-genome-matched reads in the tag count file are 

processed into two parts: the 5ô genome-matched component (5GMC), 

and a 3ô tail. Here, we show how an individual tag count file is 

processed. Step 2: the algorithm takes all non-genome-matched reads and 

chops them from the 3ô end, one nucleotide at a time, until it matches to 

the genome with no mismatch. The modified algorithm process these 

individual tag count files in parallel 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. 

 

 

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

well as intermediate users. This webtool requires the following inputs: 

 

A.4 WEB TOOL DESIGN  
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1. Small RNA sequence file(s): User can choose to upload small RNAs in ñtag 

countò formatted files in two different ways: 1) a single file in ó.txtô or 

compressed ó.gzô format, 2) multiple files in a compressed archive (ó.zipô or 

ó.tar.gzô). Alternatively, the user can also select an example file to run the 

analysis and see expected results. We have also provided users with FASTQ 

preprocessing capabilities to generate these ñtag countò files (see Discussion); 

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 drop-down menu of pre-loaded genomes. The default genome is set to 

Arabidopsis for 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 miRNA sequences from miRBase (currently version 21) can 

be selected from a drop-down menu listing chosen species present in miRBase. 

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

 

When the user selects óPerform Truncation and Tailing Analysisô, all the settings 

and required files are uploaded; the userôs email is required for notification once the 

analysis is complete. The results are displayed on a webpage for visualization, and 

links allow a download of the results (Figure A2). Download links on a webpage 
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contain three folders, as follows: 1. ñmerged_full.pdfò ï a single pdf with all images. 

2. TailingAnalysisImages.zip ï all images in .png format. 3. 

TailingAnalysisResults.zip ï stores tailing and truncation information (i.e., tail 

patterns and their lengths). 

Figure A2:  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 miRNAs to analyze; (4) 

their contact information. When the user selects óPerform Truncation and 

Tailing Analysisô, the files and settings are uploaded and the analysis is 

performed. The results page (the inset red box) displays the output, 

including a summary of truncation and tailing results in a tabular form, 

the graphed data, and links to download the results. 










