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ABSTRACT 

 

 

 

EXPERIMENTAL AND COMPUTATIONAL ANALYSIS OF CAENORHABDITIS 

ELEGANS SMALL RNAS 

 

 

Caenorhabditis elegans contains twenty-five Argonautes, of which, only ALG-1 and 

ALG-2 are known to interact with microRNAs (miRNAs). ALG-5 belongs to the AGO 

subfamily of Argonautes that includes ALG-1 and ALG-2, but its role in small RNA 

pathways is unknown. We analyzed by high-throughput sequencing the small RNAs 

associated with ALG-5, ALG-1, and ALG-2, as well as changes in mRNA expression in 

alg-5, alg-1, and alg-2 mutants. We show that ALG-5 defines a distinct branch of the 

miRNA pathway affecting the expression of genes involved in immunity, defense, and 

development. In contrast to ALG-1 and ALG-2, which associate with the majority of 

miRNAs and have general roles throughout development, ALG-5 interacts with only a 

small subset of miRNAs and is specifically expressed in the germline. alg-5 is required 

for optimal fertility and mutations in alg-5 lead to a precocious transition from 

spermatogenesis to oogenesis. Our results provide a near-comprehensive analysis of 

miRNA-Argonaute interactions in C. elegans and reveal a new role for miRNAs in the 

germline. 

 

The small RNA field has grown rapidly since miRNAs were discovered to be conserved 

regulators of developmental timing. This growth occurred during a time when high-
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throughput transcriptomic data from microarrays and next-generation sequencing 

became widely accessible. As a result, research projects dissecting small RNA 

pathways often produce sequencing data that can be complex and difficult to perform 

appropriate data analysis for without specialized or advanced computational knowledge. 

Many researchers end up only study a subset of small RNAs, outsourcing their analysis, 

or piecing together a pipeline using tools developed for mRNA sequencing. We aim to 

reduce this barrier to entry in the field and improve reproducibility by creating an open-

source, user-friendly data processing pipeline for small RNA sequencing. To create a 

simple, reproducible pipeline, we utilized the Common Workflow Language (CWL) and 

Python, while otherwise minimizing dependencies. The pipeline reads a configuration 

file and sample sheets that can be easily modified by a user to run the complete 

analysis from raw fastq file to summary statistics and publication-ready plots. We 

present AQuATx (automated quantitative analysis of transcript expression) for small 

RNAs and the analysis of C. elegans germline tissue as an example data set. Our 

software will allow bench scientists with little to no computational knowledge to easily 

analyze their small RNA sequencing data. Overall, the final software will be a valuable 

tool for anyone interested in studying small RNAs. 

 

  



	 iv	

PREFACE 

 

 

 

Chapter 1 is an introduction to the small RNA field, a literature review discussing the 

necessary background and history of small RNA research in C. elegans, and a 

discussion of best practices in computational biology research and software 

development.  

 

Chapter 2 describes the characterization of the Argonaute ALG-5 (previously named 

T23D8.7/hpo-24) as well as a comparison to the well-known Argonautes, ALG-1 and 

ALG-2.  

 

Chapter 3 describes the development and implementation of a small RNA sequencing 

data analysis tool and guidelines for improvements called AQuATx  

 

Chapter 4 is a brief discussion of the overall accomplishments of this body of work, the 

limitations, and a larger discussion around potential future directions.  

 

Appendix I contains the supplementary material for Chapter 2. 

 

Appendix II contains the supplementary material for Chapter 3. 
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1. INTRODUCTION 

Due to the interdisciplinary nature and scope of this work, the background information is 

quite broad. To provide context, this chapter is an introduction to the small RNA field1 

and a discussion of emerging best practices in computational biology research. More 

focus is given to the microRNA pathway in Caenorhabditis elegans studied in Chapter 

2, but other small RNA pathways are discussed to provide broader context and 

motivations for Chapter 3.  

  

1.1 SMALL NON-CODING RNAS  

Small non-coding RNAs have emerged as a major regulator of gene expression 

throughout the development of plants and animals. Small RNAs have distinct temporal 

and spatial expression, which is important for their roles in controlling developmental 

timing and cell specification during development [1, 2]. In animals, small RNAs play 

important roles in regulating diverse processes such as the proper differentiation of 

stem cells, organ development, response to drug treatments and pathogen infections [2-

5]. Additionally, misexpression of small RNAs have been linked to numerous diseases, 

including cancers, neurodegenerative diseases, and diabetes [2, 4-10].  In plant 

development, small RNAs play fundamental roles in growth, flowering, leaf patterning 

[11-13], modulating responses to viral infection and abiotic stresses such as 

																																																								
1	The majority of this text is unique to this dissertation. Small portions were published as a part of 
perspective articles highlighting recently published primary research we reviewed: 

- Brown, K.C. and Montgomery, T.A. (June 2018). The long and short of lifespan regulation by 
Argonautes. PLoS Genetics. 
- Brown, K.C. and Montgomery, T.A. (May 2017) Epigenetic Inheritance: Perpetuating 
Transgenerational RNAi. Current Biology.	
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temperature and drought tolerance [12, 14]. As the roles of small RNAs span many 

pathways and the field is relatively young, there are still interesting and fundamental 

discoveries to be made.  

 

Small RNAs typically act to downregulate or “turn off” the expression of messenger 

RNAs (mRNAs) through their interactions with a protein co-factor named Argonaute, a 

key component of the RNA-induced silencing complex (RISC). While the small RNA 

provides the regulatory target information through sequence complementarity with 

target mRNAs, it does not have regulatory activity outside the RISC. A minimal, 

functional RISC complex contains a small RNA and an Argonaute protein [15-17]. 

Downregulation of targeted mRNAs is thought to occur through direct cleavage of the 

transcript, recruitment of decay factors to degrade the transcript, or by blocking 

translation into protein [18-20]. Small RNAs are often used to experimentally dissect 

mRNA function through “knockdown” experiments that take advantage of sequence-

specific targeting. Studying small RNAs across systems and pathways has improved 

our understanding of specific gene function and regulatory networks in plants and 

animals. Small RNAs also make attractive candidates for practical biotechnology and 

clinical applications for their potential to target and downregulate specific gene products. 

In particular, small RNAs have been used for developing novel therapeutics targeting 

disease-associated genes [21, 22] and to improve crop yield or resistance to various 

biotic and abiotic stresses [23, 24]. 
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There are three major classes of small RNAs in animals: small interfering RNAs 

(siRNA), piwi-interacting RNAs (piRNAs), and microRNAs (miRNAs). Small RNAs can 

be classified by their size, precursor duplex structure, 5’ nucleotides, the protein 

Argonautes they interact with, and/or their mode of target repression, as well as their 

genetic requirements [17, 25, 26]. siRNAs require perfect sequence complementarity 

with their mRNA targets for silencing and are most well known for their function in the 

RNA interference (RNAi) pathway [18, 25]. In animals, miRNAs only require partial 

complementarity, but are often near perfect complementarity in plants and play 

important roles in development [27, 28]. piRNAs are found in the germline of animals 

and have been characterized as a defense mechanism against transposable elements 

to maintain genomic integrity [25, 29].  

 

1.1.1 ARGONAUTE PROTEINS 

Argonaute proteins were initially identified in Arabidopsis thaliana and named for the 

squid-like appearance of leaves in loss-of-function mutant plants [30]. Argonautes have 

three main conserved domains that define them: the PIWI domain, the MID domain, and 

the PAZ domain (Figure 1.1). The PIWI domain is RNaseH-like and in some Argonautes 

has endonucleolytic activity as determined by a DDH motif. The PAZ domain interacts 

with the 3’ end of the small RNA and the MID domain the 5’ end. [31-33]. The loading of 

small RNAs can be specialized for each Argonaute based on specific features of the 

small RNA, such as terminal nucleotide, length, or secondary structure. For example, 

miRNA-associated Argonautes often have a U or A nucleotide bias at the 5’ end [17, 34-
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37]. This bias for specific nucleotides might be explained by the MID domain, where the 

5’ end is anchored and has been shown to have specific contacts for UMP/AMP in 

human AGO2 [38]. Beyond conferring regulatory activity of mRNA, Argonaute proteins 

have also been shown to stabilize overall expression of miRNAs and thus might help 

protect all small RNAs from turnover [39]. 

 

 
Figure 1.1 Structure of human Argonaute2. A) Ago2 primary sequence schematic B) 
Views of Ago2 structure: N (purple), PAZ (navy), MID (green), and PIWI (gray) domains 
and linkers L1 (teal) and L2 (blue). RNA (red) can be traced at 1 to 8 and 21 nt. 
Tryptophan (orange) binds to hydrophobic pockets within PIWI. Reprinted from [40] with 
permission (License #4575590550394). 
 

In C. elegans there are ~25 Argonaute proteins divided into three distinct clades: the 

PIWI clade, the AGO clade, and the worm-specific AGO clade (WAGO) (Figure 1.2). 

The PIWI clade consists of proteins that are part of the piRNA pathway and interact with 

piRNAs. The WAGO clade consists of proteins that are a part of the RNAi pathway and 

mainly interact with siRNAs in C. elegans. The AGO clade is highly conserved across  



	 5	

 
Figure 1.2 Argonaute Proteins. A phylogenetic tree of known and predicted Argonaute 
proteins. Adapted from [41]. Argonautes characterized as a part of this dissertation are 
in bold. 
 

animals and contains Argonautes that interact with miRNAs and siRNAs [42-46]. Within 

the AGO clade of C. elegans, there are two Argonautes known to interact with miRNAs, 

ALG-1 and ALG-2 [47, 48]. Two other C. elegans specific AGO-clade Argonautes, ALG-

3 and ALG-4, interact with 26-nt siRNAs that comprise a spermatogenesis-specific 

endogenous RNAi pathway [49]. As part of my dissertation, I discovered that a fifth C. 

elegans Argonaute in this clade, T23D8.7/HPO-24, also interacts with miRNAs, which I 

will describe in detail in this dissertation (Chapter 2). However, hpo-24 was identified in 

a genetic screen of gene inactivations that lead to hypersensitivity to pore-forming 

toxins and was initially named for this phenotype (Hypersensitive to POre forming 
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toxins) [50]. We have since renamed this Argonaute gene to alg-5 to reflect its 

relatedness to other Argonautes.  

 

 

1.1.1 THE MICRORNA PATHWAY 

The most well-studied class of small RNAs is the miRNA class, which controls almost 

every aspect of development in plants and animals. miRNAs are highly conserved 

among animals [2, 4]. The first miRNA, lin-4, was discovered in 1993 as a part of two 

studies of C. elegans developmental timing and thought to be a weird, nematode-

specific phenomenon [51, 52]. Several years later, a second miRNA regulating 

developmental timing, let-7, was discovered in C. elegans, but this time the sequence 

was found to be highly conserved across many organisms, including humans [53, 54]. 

This sparked widespread interest in the study of small regulatory RNAs across fields 

and many new small RNAs have since been discovered and characterized. 

Interestingly, the small RNA field grew alongside the adoption of high-throughput 

transcriptomic technologies such as microarrays and next-generation sequencing due to 

decreasing costs (Figure 1.3). As a result, a good proportion of small RNA studies 

involve transcriptomic datasets. These studies often look at mutant or overexpression 

lines of individual small RNAs or proteins within the pathways, such as biogenesis 

factors or Argonautes.  
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Figure 1.3 The rise of interest in small RNAs. A) The number of publications from 
1993 to 2019 containing “microRNA” and “RNAi”. B) The number of publications from 
1993 to 2019 containing “RNA seq” and “RNA microarray”. Trendlines were created 
using data from Medline [55]. **Discovery of the miRNA let-7 [53, 54]. 
 

BIOGENESIS OF MIRNAS 

The canonical biogenesis pathway of miRNAs is fairly well defined and conserved 

across animal species. Long, primary transcripts (pri-miRNAs) are transcribed by RNA 

polymerase II and form characteristic foldback structures resembling hairpins (Figure 

1.4B) [56, 57]. The protein Drosha/Pasha recognizes the hairpin structure and 

processes it into a shorter pre-miRNA hairpin [58-61] that is then exported out of the 

nucleus by exportin-5 [62-64]. Next, within the cytoplasm, Dicer recognizes and 

processes the pre-miRNA from the stem regions of partially base-paired RNA hairpins 

into ~22-nt duplexes with 2-nt 3’ overhangs (Figure 1.4B) [48, 60, 65, 66]. A similar 

pathway for miRNA biogenesis exists in plants as well [28]. There is evidence that 

suggests miRNAs also derive from a non-canonical biogenesis pathway, beginning with 

transcription by RNA polymerase III in intronic regions or downstream from tRNAs [67, 

68]. Finally, miRNA duplexes form ribonucleoprotein complexes with effector proteins in 
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the Argonaute family, upon which one of the two strands, the passenger or so-called 

star strand, is ejected or degraded [69-71]. The miRNA strand retained in the complex 

acts as a sequence-specific guide to anchor the Argonaute to a target mRNA [72]. 

Historically, the “star strand” was thought to lack regulatory activity and was labeled by 

having the fewest reads of the duplex in initial sequencing datasets. However, evidence 

emerged indicating that these canonical passenger/star strands may also exhibit 

regulatory activity and be more highly expressed depending on the context [73-77]. The 

nomenclature was updated in miRBase since release 17, and miRNAs are now referred 

to by -3p or -5p arms to avoid regulatory implications [78, 79].  

 

MIRNA FUNCTION 

Each miRNA acts as a sequence-specific guide to direct an Argonaute protein to a 

target mRNA for silencing [17]. miRNAs regulate gene expression through inhibition of 

translation, direct cleavage, or recruitment of mRNA decay factors. In plants, the mode 

of repression is often direct target cleavage due to the high complementarity between 

miRNAs and target mRNAs, but translational repression has been shown to occur as 

well, at least in some contexts [28, 80]. In animals, the mode of silencing was initially 

thought to mainly occur as translational repression, but more recent evidence suggests 

that mRNA destabilization is actually the predominant and steady-state form of 

regulation. Translational repression seems to occur initially and rapidly, but is a weak, 

unstable mode of action and accounts for 10 – 25% of the effects of miRNAs [31, 80-

84]. In worms, miRNAs are ~22 nucleotides long and target sequences matching a 6 – 8  
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Figure 1.4 The biogenesis of small RNAs in animals. A) Endogenous small-
interfering RNA biogenesis pathway. B) Canonical miRNA biogenesis pathway. C) The 
piRNA biogenesis pathway. Reprinted from [85] with permission (License 
#4577960960379)  
 

nt “seed” sequence at the 5’ end, which is the defining, highly conserved region of the 

sequence. This seed sequence canonically targets the 3’ untranslated region (3’UTR) of 

complimentary mRNA sequences. The seed sequences are often present in multiple 

miRNAs and are used to place miRNAs into “families”, which have been shown to 

regulate the same genes redundantly [58, 72, 86]. With these parameters in mind, 

miRNAs are predicted to broadly target many mRNAs, but a short seed sequence 

naturally produces many false positives in software for target prediction [87]. There is 
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emerging evidence that predicts miRNAs can also utilize base pairing at the 3’ end of 

the miRNA beyond the seed and target mRNAs within the coding region [88-90]. As we 

still do not fully understand the functions of miRNAs, the downstream effects on mRNAs 

can be difficult to study. Thus, studying individual miRNAs alongside the Argonaute 

proteins can be a fruitful method for dissecting miRNA function at a more general scale.  

 

THE MIRNA-ASSOCIATED ARGONAUTES IN C. ELEGANS 

In C. elegans there are two well-known miRNA-associated Argonautes, ALG-1 and 

ALG-2, both of which have essential roles in embryonic development. alg-1 and alg-2 

are largely redundant with one another and loss of function in either, but not both, is 

permissible. Mutations in both alg-1 and alg-2 lead to embryonic lethality. Mutations in 

alg-1 alone cause several developmental defects, while those in alg-2 alone do not 

cause obvious defects [47, 91]. ALG-1 and ALG-2 seem to be fairly ubiquitously 

expressed throughout development and across tissue types, with specific expression 

occurring only in a couple tissue types [47, 92]. Because of their sequence relatedness 

and overlapping roles in many processes, one would predict that ALG-1 and ALG-2 

function redundantly and thus might act synergistically in adult animals as well. 

However, recent studies of alg-1 and alg-2 expression and function in aging [92, 93], 

show that alg-1 expression declines, while alg-2 stays consistent through aging. One of 

these studies also indicates that alg-1 and alg-2 actually have opposing roles in 

longevity and aging [92]. While differences in miRNA binding and temporal or spatial 

expression of the two proteins likely account at least in part for their opposite roles, it is 
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possible that the two Argonautes also have distinct biochemical function from one 

another. ALG-1 and ALG-2 share ~75% amino acid similarity but diverge substantially at 

their N termini which could lead to different protein interactions or subcellular 

localization [47]. As part of my dissertation project, I characterized a third miRNA-

associated Argonaute, T23D8.7/alg-5 (Chapter 2). ALG-5 only shares ~36% amino acid 

similarity with ALG-1 and ALG-2 and likely has distinct biochemical functionality [48]. 

There is additional evidence that some more “promiscuous” Argonautes exist in C. 

elegans which interact with more than just miRNAs. RDE-1 is one such Argonaute, 

primarily known for its function in the RNAi pathway, but has been shown to interact 

with a few miRNAs [94, 95]. Characterization of the many Argonautes in C. elegans and 

other organisms has given us important insights into the broader roles of small RNA 

pathways. 

 

BROAD ROLES FOR MIRNAS IN C. ELEGANS 

miRNAs play diverse roles in C. elegans that make it suitable for studying miRNA 

regulation of many interesting pathways. Individual miRNAs are not essential to C. 

elegans development or viability as demonstrated by their lack of developmental 

phenotypes in animals that have lost individual miRNA sequences [96]. This is 

reasoned to be due to the redundancy of seed sequences amongst miRNAs that groups 

them into families that likely target the same mRNAs. Even so, loss of most families of 

miRNAs are also not essential [97]. This could suggest that either there is additional 

redundancy or regulation among essential pathways or not all members of each family 
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have been discovered or characterized. However, the loss of individual miRNAs in a 

genetically sensitive background where animals have a loss-of-function mutation in alg-

1, does lead to various phenotypes that may suggest specific functions for that miRNA 

[98]. Of specific interest, the miR-35 family of miRNAs is one of the families which is 

essential to development and loss of this family leads to embryonic lethality [97], much 

like loss of alg-1 and alg-2 together [47, 91].  

 

As with most genes, the expression of individual miRNAs varies during development, 

however, global downregulation of miRNAs often occurs in aging [99-103]. Individual 

miRNAs have important roles in aging and can both shorten and extend lifespan [101, 

104, 105]. Specifically, miR-71 seems to extend lifespan through the insulin signaling 

pathway, but by acting within neurons that transmit the signal [106] and mir-239 seems 

to shorten lifespan [101]. Another interesting, perhaps related, mechanism miRNAs 

control in C. elegans is the response to changing environmental cues. Several miRNAs, 

including mir-71 and mir-239 regulate the response to heat stress. In particular, loss of 

mir-71 leads to hypersensitivity and loss of mir-239 leads to resistance [101, 107]. The 

miRNAs let-7, mir-251, mir-67, mir-233, and others also function in the innate immune 

response to pathogen infection [108-111]. In particular, mir-67 seems to regulate 

avoidance behavior through the regulation of a neuronal adhesion molecule important in 

neuronal development [112]. There is more evidence that suggests miRNAs play 

important roles in neurons and neuronal development [113, 114]. For example, mir-84 

plays a role in synaptic remodeling of motor neurons [115] and lsy-6 is key to 
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specification of the ASE neurons [114]. There are many miRNAs in C. elegans that 

have yet to be characterized and will surely provide additional insight into the complex 

regulatory networks of development, aging, and stress response.  

 

1.1.2 SIRNA AND PIRNA PATHWAYS 

miRNAs are probably the most widely studied class of small RNA, but to avoid missing 

interesting information in our studies, we need to take into account all classes of small 

RNAs. After the initial discoveries of miRNAs and their influence on developmental 

timing, the silencing of genes in plants and animals by short, ~22 nt RNAs called 

siRNAs, triggered by exogenous double-stranded RNA (dsRNA) was described [116, 

117]. Exogenous RNAi provided a robust way for researchers to knockdown specific 

target genes by providing a long, dsRNA that was complimentary to the target sequence 

[118]. The first piRNAs were discovered in Drosophila melanogaster and shown to be 

crucial for fertility [85, 119, 120]. They have since been found in most animal gonads 

and to act as a “genome defense” mechanism against transposable elements [85, 119]. 

 

THE BIOGENSIS OF SIRNAS AND PIRNAS 

siRNAs and piRNAs have similar, but distinct biogenesis pathways from miRNAs 

(Figure 1.4). The production of exogenous siRNAs is triggered by long dsRNA, either 

through infection by viral sources or experimental injection [116, 121]. Endogenous 

siRNAs are produced from various genomic loci, like miRNA primary transcripts, with 

perfect complementarity to produce long dsRNA [122]. Within the cytoplasm, these 
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longer transcripts are processed by Dicer into shorter duplexes with 2-nt 3’ overhangs, 

which are then loaded into Argonaute proteins (Figure 1.4A) [25, 122, 123]. Unlike 

miRNAs and siRNAs, piRNAs are derived from single-stranded precursors and their 

biogenesis does not rely on Dicer. piRNAs are often found in clusters in the genome 

and seem to be restricted to germ cells of animals. In D. melanogaster, piRNAs undergo 

an amplification process, called the ping-pong cycle, to amplify expression of piRNAs 

from transposon mRNAs (Figure 1.4C) [25, 85, 119]. C. elegans also has a small RNA 

amplification process that utilizes a feed-forward mechanism with target mRNAs, but 

instead amplifies siRNAs [124-126]. 

 

SMALL RNAS IN THE GERMLINE OF C. ELEGANS 

Much of the interesting and complex small RNA biology occurs in the germ cells of C. 

elegans. siRNAs and piRNAs interact with target mRNAs at germ granules as they are 

exported into the cytoplasm from nuclear pores (Figure 1.5). In C. elegans these germ 

granules are called P granules and contain many RNA regulatory proteins, including 

Argonautes and associated small RNAs, suggesting they might play a role in mRNA 

surveillance [127]. Adjacent to P granules are Mutator foci, which contain the Mutator 

protein complex that produces so-called secondary siRNAs, distinct from the canonical 

biogenesis pathway of primary siRNAs [128, 129]. piRNAs, in association with the PIWI 

protein PRG-1 and primary siRNAs produced from exogenous dsRNA, in association 

with the Argonaute RDE-1, trigger production of secondary siRNAs and serve to amplify 

the small RNA signal [43, 124, 125, 130-135]. The mRNA is guided to the Mutator 
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complex and used as a template, producing 22G siRNAs via RNA-dependent RNA 

polymerases (RDRPs) [43, 125, 126, 134, 136, 137]. The Argonaute HRDE-1/WAGO-9 

binds to a subset of these secondary siRNAs and intercepts target transcripts in the 

nucleus, which through an unknown mechanism leads to H3K9 methylation and 

transcriptional gene silencing (Figure 1.5) [130, 133, 138]. 

 

 
Figure 1.5 Small RNA biology of P granules. The various known small RNA 
pathways that act as an RNA surveillance mechanism of the germ cells of C. elegans. 

This figure was adapted from [129] and [139]2. 
 
 

																																																								
2 This figure was also adapted from a presentation slide created by Tai Montgomery 	
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Early studies exploring the mechanism of RNAi in worms revealed that gene silencing is 

sometimes transmitted from the parent receiving RNAi treatment to the untreated 

progeny [117]. RNAi directed against GFP transgenes, as well as endogenous genes, 

can persist for multiple generations before eventually petering out [140]. Because of 

their sequence specificity and ability to be transmitted from parent to progeny, small 

RNAs are attractive candidates for maintaining a cellular memory of environmentally-

induced gene silencing from one generation to the next [126, 141]. Silencing of certain 

viruses and transgenes in C. elegans involves a small RNA signal that is epigenetic in 

nature and is heritably maintained for multiple generations [130, 133, 142, 143]. 

Interestingly, although loss of piRNAs in some animals results in immediate sterility, in 

worms bearing a mutation in prg-1, sterility occurs after several generations [144]. It is 

possible that misexpression of repetitive elements and mutations caused by 

transposons gradually accumulate in the absence of the piRNA pathway before 

reaching some threshold that is no longer tolerated. Interestingly, re-establishing 

endogenous RNAi in worms in which both the piRNA and endogenous RNAi pathways 

have been disabled causes immediate HRDE-1-dependent sterility. The cause of this 

sterility likely stems from aberrant silencing of essential genes by HRDE-1 when 

piRNAs are unavailable to provide the initial target information. Thus, secondary siRNAs 

seem to provide a “memory” of piRNA targets over generations  [139, 145].  
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1.1.4 HIGH-THROUGHPUT SEQUENCING OF SMALL RNAS 

In order to quantify the expression of small RNAs in an organism or tissue type, we 

perform next-generation sequencing. There are several key differences from the 

standard RNA-seq methods that need to be taken into account for both the preparation 

of sequencing libraries (Figure 1.6) and the analysis of resulting data. The biggest 

difference is that small RNA sequencing typically involves one or more size selection 

steps to make sure that a range of 15 – 36 nt sequences are captured. The sequencer 

read length is typically 50bp, meaning there will be adapters attached to true small 

RNAs in the resulting data. Reads without an adapter are longer than what was 

intended to be captured. Reads are also not reverse transcribed based on random 

hexamer priming, but by ligation to adapters at 5’ and 3’ ends. However, this can result 

in their own set of biases [146, 147]. Additionally, because of the size, we do not need 

to fragment small RNAs and their sequences are likely to be duplicated in the data. 

There is no method of de-duplicating the data as there are for mRNA sequencing, short 

of unique molecular identifier (UMI) sequencing [148]. When aligning the reads to a 

genome, small RNAs are also expected to map to multiple locations, but with mRNA 

sequencing these reads are often discarded. A more detailed description of library 

preparation is in Chapter 2.2 and the analysis in Chapter 3.  
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Figure 1.6 sRNA and mRNA sequencing library preparation. A standard library 
preparation workflow for small RNA sequencing (left) and mRNA sequencing (right). 
Both protocols and mRNA sequencing data analysis are described in detail in Chapter 
2.2. Small RNA sequencing data analysis is described in Chapter 3, also see Figure 
3.1. 
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1.2 C. ELEGANS AS A MODEL ORGANISM  

C. elegans is a popular model organism across fields that has led to many important 

discoveries, including that of small RNAs [149] and important genes in aging [150] and 

apoptosis [151]. It is a powerful model organism because of its short generation time, 

genetic tractability, clear body, and a wealth of resources through the worm community 

(http://www.wormbase.org/). In the lab setting, worms eat E. coli and live in controlled 

environments at 15 – 25˚C [152]. Typically, enhanced phenotypes are observed at 

25˚C, with normal growth and behavior occurring at 20˚C. The worm life cycle begins at 

the embryo stage, moves through four distinct larval stages (L1 – L4), and ends with 

adulthood. At 20˚C, this cycle occurs over 3 days, after which the worms reproduce over 

another 3-4 days, and then live for an additional 10 – 15 days. C. elegans is a 

hermaphroditic species, producing both sperm and oocytes for self-fertilization, so this 

cycle is fairly consistent in wild type animals. While males do exist in the population, 

they are rare [152].  

 

GERMLINE DEVELOPMENT 

Much of the interesting small RNA activity of the worm exists in the germline (Figure 

1.6) and thus, many of the phenotypes resulting from disrupting this activity results in 

germline defects. Hermaphrodites develop two gonadal arms (Figure 1.8) and males 

only develop one [153, 154]. The germline is an immortal lineage, beginning with the P 

cell in embryos. The L1 stage has 4 germ cells, two of which are the precursor to the 

somatic gonad tissue. The germ cells proliferate rapidly over the next larval stages into  
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Figure 1.7 The C. elegans life cycle. Adult C. elegans lay embryos during their fertile 
period, which hatch into the first larval stage (L1). C. elegans undergoes 4 distinct larval 
molts (L1-L4) prior to a molt into fertile adulthood. Males can be distinguished from 
hermaphrodites by the tail structure (as indicated by the arrow in L4 and Adult male 
photos). A specialized larval stage, Dauer, occurs after L2 in unfavorable environments, 
such as starvation and allows the worms to survive for several months. Reprinted from 
WormBook [152, 155] under the Creative Commons License.  
 

 

adulthood. At the L3 stage the worms begin producing mature sperm cells, which are 

then stored in the spermatheca, just at the proximal tip of the gonad [153]. The sperm 

produced at this time is the limiting factor in progeny production when there are no 

males to fertilize the hermaphrodites [156]. After the sperm is produced, the germ cells 

switch to the production of oocytes during the L4 stage, which continues through 

adulthood [153]. 
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Figure 1.8 Germline development in C. elegans. A) Tracing the embryonic germline 
post-fertilization. Germline lineage is highlighted in yellow. B) The post-embryonic 
development of the germline. DTC: distal tip cells. The relative sizes are not to scale. 
Reprinted from WormBook [153] under the Creative Commons License. 
 

 

1.3 REPRODUCIBLE RESEARCH IN COMPUTATIONAL BIOLOGY 

The growth of quantitative and computational methods in the sciences stems from the 

need to analyze or simulate large amounts of data. Bioinformatics and computational 

biology are fields that apply statistical and computational approaches to biological 

problems [157]. In experimental biology, there has been an explosion of the production 

of next-generation sequencing datasets over the last decade. The field has since 

focused on analyzing the ever-growing amount of sequencing data being produced 
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[157-160]. Unfortunately, reproducibility has been difficult to manage or not even 

considered a concern for those new to the field. After all, computer software is not 

finicky, random, and prone to error, like experimental biology, right? In practice, as the 

software and analysis was done by humans, there are bound to be errors and nuances 

of performing analysis that might not be obvious [161, 162]. With the growing concern 

for reproducibility in science [160, 163], how can computational sciences be more 

reproducible? 

 

Much of the methodology for analyzing sequencing data can be difficult to approach 

without a basic background in computational biology and next-generation sequencing 

[164-167]. Despite growing popularity and demand for bioinformatics skillsets, there is 

still a shortage of properly trained scientists for developing methods and software for the 

wider community. A lot of this has to do with the highly interdisciplinary nature of 

bioinformatics and the lack of formal training as the field grew through self-taught 

scientists. More recently, universities have been offering coursework and training in 

applied bioinformatics to train biologists in data analysis and computational skills. 

Currently the education in computational biology is sparse, mainly limited to graduate 

students, and sometimes not effective. The knowledge required to succeed in the field 

rapidly evolves and there can be disagreement among scientists about what core skills 

should be taught to biologists. However, even introductory coursework and basic skills 

can help improve bench scientists’ ability to work with and utilize tools created by 

computational scientists [164-167].  
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BEST PRACTICES FOR BIOINFORMATICS SOFTWARE 

As bioinformatics training focuses more on basic competencies and analyzing field-

specific data, less focus is given to reproducibility and software engineering practices 

[168, 169]. This is likely due to the lack of developed training curriculum, the highly 

specific nature of research questions requiring computational methods, the lack of 

reward for robust software over results, and the amount of time that needs to be 

invested on top of solving the scientific problems at hand. Sometimes best practices 

and reproducibility are taken into account once there is a great need to reuse code, but 

often scientists will, understandably, prioritize making progress on the biological 

problem and results over spending time on the performance and engineering aspects of 

coding [168, 169]. At minimum, there is a growing interest in reproducibility and sharing 

data analysis code on platforms such as GitHub. However, not all journals require 

authors to share code associated with analysis and even when they do, it’s often simply 

to denote the code is “available upon request”, the effectiveness of which is insufficient 

[170]. Many authors cite not wanting to share “bad” code with judging eyes, despite the 

fact that community feedback can lead to improved code and the justification is absurd 

in the context of other fields [171, 172]. This habit can unfortunately lead to confusion 

and a lack of transparency around how specific analyses were performed and reduce 

confidence in the results. Errors may be present in the code and one might never know 

without code reviews and testing principles common in software engineering, but not in 

scientific computing. And when errors happen in scientific code, they can lead to false 

results, ultimately doing more harm than good [173]. Taking a software-engineering 
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guided approach from the beginning benefits the science, programmers, maintainers, 

and users [168, 169]. 

 

What constitutes good software engineering practices for bioinformatics? In an ideal 

world, every scientist doing computational work would follow all the standard software 

engineering best practices, work would be robust and no one would need to reinvent the 

wheel to repeat analyses. This becomes difficult in practice with a growing number of 

scientists relying on computational methods without enough time or resources for formal 

training in development methodologies. There are many established practices out there, 

but researchers often don’t know where to start. Giving too many or too difficult 

practices to implement might scare off early-stage programmers. Outlined below are a 

few practices that seem “good enough” to balance best practices with limited time 

based on a few sources that make for good further reading on the topic, as the details of 

applying these practices are much too long for this introduction [168, 169, 174-180], but 

this list should provide a starting point to think on.  

 

1. Publish the code online. If the code was good enough to produce publishable 

results, it’s good enough to post online and should be subject to peer-review. Popular 

resources include posting to GitHub, with a repository for each publication, for example.  

2. Project planning. Many issues with using code after the creation could be alleviated 

with some amount of planning the project beyond what problem it should solve. 

Questions to ask your group ahead of the project: How to organize the data, code, 
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model files, etc? What are the input and outputs of the workflow? How will someone 

else use this code in the future? How will we know the code is correct? 

3. Version control. To keep a history of the changes made to code, version control 

systems like git are very useful and can be easily integrated with GitHub for sharing 

code. The main advantages of using version control is the ability to track all changes, 

revert bad ones, and to collaborate on the same codebase with many developers.  

4. Documentation. There are two types of documentation important for code – one for 

users and one for developers. The user documentation describes how someone runs 

your code on their own machine. The developer documentation lives in the code and 

describes the code well enough for someone to take over or modify the code. 

Documentation is probably the single greatest influence on how often the code will be 

used vs. recreated by others. 

 

By investing a little time in these practices, and more thorough ones discussed in [168, 

169, 174-180], we can begin to make sure that as the field grows, it grows in a 

sustainable and robust way. However, without proper education in these areas, it will 

continue to be an insurmountable hurdle for many scientists, especially those new to 

programming in biology. These practices should be taught as a part of data analysis 

and bioinformatics courses and workshops. 

 

Another component of reproducible scientific research is the idea of data provenance 

[181] – how exactly was this data produced? Data provenance in science is typically 
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good enough when the data can be reproduced using the methods provided. However, 

small changes in versions, parameters, random seeds, or state of the initial raw data 

can influence how reproducible the data are. Implementation of provenance tracking 

generally consists of explicitly recording the initial and final states of data through file 

checksums and the entire flow of data through the analysis performed with all 

associated metadata [181]. A simple method is to produce log files with the software 

each time it is run, but some data analysis tools, such as workflow engines, implement 

provenance tracking for the user in a more robust and complete way [182]. 

 

WORKFLOW ENGINES  

With the increasing amount of biological data being produced and analyses becoming 

more standardized, scientific workflow languages emerged. A scientific workflow 

typically defines an entire analysis step-by-step such that another researcher can run 

the workflow using the same settings [183, 184]. Workflows can often be described as 

directed acyclic graphs (DAGs) to simplify the organization of the data flow. Workflow 

engines provide a platform for reproducible data analysis pipelines and are becoming 

heavily adopted in bioinformatics [183, 184]. Another layer of reproducibility is the 

adoption of Docker (https://www.docker.com/) or Singularity [185] containers that are 

similar to virtual machines, but take up far fewer resources. Containers significantly 

improve reproducibility in data analysis across domains through explicitly defining an 

environment in which the software is known to work, separate from other installations on 

the operating system (OS), thus reducing cross-platform issues. For bioinformatics 



	 27	

workflows, the cost of using a container is negligible [186]. A maximally reproducible 

and portable bioinformatics analysis would likely combine workflow languages and 

containers. Additional advantages of both include the simplicity of running tools on HPC 

clusters or in the cloud distributed across many samples and without having to install 

the dependencies explicitly [187].  

 

There are now over 200 workflow engines/systems/languages across fields and 

industries, including many specifically for bioinformatics (https://s.apache.org/existing-

workflow-systems). Several workflow systems became quite popular in bioinformatics 

over the last few years, including Snakemake [188], Nextflow [189], and WDL [190]. The 

issue with this is that there are now so many different ways to define workflows for 

bioinformatics that there are issues with sharing those workflows among everyone. 

Each of the implementations mentioned contains their own syntax and method to run a 

pipeline, a standard feature of a workflow engine [188-190]. When a researcher decides 

they would like to share their Nextflow pipeline, it’s great for other researchers that 

either also use Nextflow or are able to have it installed on their system. However, if they 

instead use WDL, and their cluster only has Cromwell (the engine for running WDL), 

they are suddenly unable to use the Nextflow workflow. Generally speaking, issues with 

installation of the engine are simple to overcome, but there may be other reasons 

institutions avoid certain implementations (such as being unable to use GPL licensed 

software in their own workflows, which Nextflow was until very recently). Additionally, if 

the user wants to share only a portion of that workflow or wishes to contribute new 
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steps, they either have to choose learning an entirely new framework or rewriting the 

whole pipeline in the framework they already know. This is where the inconsistency 

among workflow language adoption becomes more of a problem and can interfere with 

collaboration.  

 

In response to this, a standard is emerging called the Common Workflow Language 

(CWL) [191]. CWL aims to be implementation-agnostic, interoperable, and explicitly 

written such that it is simpler to create programmatically. This creates a less human-

friendly framework, but allows developers of implementations to create a converter from 

CWL to their own workflow language or for their software to easily interpret and run 

CWL scripts. By maximizing interoperability, CWL can help alleviate this roadblock to 

collaboration among scientific workflows. Many implementations have already adopted 

CWL and have made great strides toward supporting it. In this way, implementations 

can still use CWL workflows while using their own definitions of “best practices” in 

running those implementations. Some implementations like CWLEXEC 

(https://github.com/IBMSpectrumComputing/cwlexec) only run CWL, but utilize the best 

practices for running workflows on an LSF cluster as defined by the developers of LSF 

at IBM. CWL also allows users to more easily upload their workflows onto cloud 

platforms such as DNANexus, which has their own app-based workflow system, but 

have created a CWL-to-DNANexus tool (https://github.com/dnanexus/dx-cwl). Nextflow, 

SnakeMake and Cromwell all have some capability of running CWL scripts and thus, 

creating tool definitions in CWL will likely be the most interoperable long-term option.  
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With software engineering best practices, workflow languages, and containers, 

biologists can also create robust and reproducible software for their analysis that can be 

used by many for years to come. Initial time investments in education and 

implementation may seem large, but the long-term impact on reproducibility, reducing 

future time spent fixing it, and the science performed makes it worthwhile.  
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2. FUNCTIONAL SPECIALIZATION OF THE MIRNA-ASSOCIATED ARGONAUTES 

IN C. ELEGANS 

The majority of the work in this chapter focuses on the characterization of a new branch 

of the miRNA pathway, ALG-5, but also contains a comprehensive analysis of the more 

well-known miRNA-associated Argonautes, ALG-1 and ALG-21,2.  We found that ALG-5 

associates with a subset of miRNAs, many of which have unknown function. In contrast 

to ALG-1 and ALG-2, we also discovered that ALG-5 is a germline-specific Argonaute 

that localizes to p-granules. Much of the work and data provided here forms a solid 

foundation for future studies of the miRNA-associated Argonautes of C. elegans.  

 

2.1 INTRODUCTION  

MicroRNAs (miRNAs) interact with target mRNAs to control the levels and timing of 

gene expression in plants and animals [1]. miRNAs are processed from the stem 

regions of partially base-paired RNA hairpins into ~22-nucleotide (nt) duplexes with 2-nt 

3’ overhangs [2, 3]. miRNA duplexes form ribonucleoprotein complexes with effector 

proteins in the Argonaute/Piwi family, upon which, one of the two strands is ejected or 

degraded [4-6]. The miRNA strand retained in the complex acts as a sequence-specific 

guide to anchor the Argonaute to a target mRNA, which in animals typically occurs via 

base-pairing between the seed region of the miRNA (nucleotides 2-8) and the 3’ UTR of 

the mRNA [7]. miRNAs affect gene expression through two distinct modes - inhibition of 

																																																								
1 This chapter was published as written:  

Brown, K.C., Svendsen, J.M., Tucci, R.M., Montgomery, B.E., Montgomery, T.A. (June  2017) ALG-5 
is a miRNA-associated Argonaute required for proper developmental timing in the Caenorhabditis 

elegans germline. Nucleic Acids Research, doi: 10.1093/nar/gkx536 
2 Thanks to Josh Svendsen, Rachel Tucci, Brooke Montgomery, and Tai Montgomery for contributions 
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translation or recruitment of mRNA decay factors. The individual contributions of these 

two modes of silencing can vary depending in part on the cellular context [8].  

 

Small interfering RNAs (siRNAs) and piwi-interacting RNAs (piRNAs) are distinct 

classes of small RNAs related to miRNAs by their length (~20-30-nt) and their 

association with Argonaute/Piwi proteins [9]. The Argonautes can be classified into 

three subfamilies by their phylogenetic relatedness, which is often indicative of which of 

the three classes of small RNAs they bind. The AGO subfamily is conserved across 

eukaryotes and contains both miRNA and siRNA associated Argonautes, whereas 

Argonautes in the PIWI subfamily bind their namesake piRNAs. The WAGO subfamily is 

unique to nematodes and has thus far only been implicated in siRNA pathways. The 

nematode Caenorhabditis elegans contains each of the three broad classes of small 

RNAs, as well as 25 Argonautes spanning each of the three subfamilies [10]. Each C. 

elegans Argonaute is specialized for a particular class or subclass of small RNAs, with 

the majority binding to the extensive repertoire of C. elegans siRNAs, which come in 

multiple varieties with distinct molecular features and functions [11]. 

 

The AGO subfamily of C. elegans Argonautes is comprised of five members, two of 

which, ALG-1 and ALG-2, interact with miRNAs, while two others, ALG-3 and ALG-4, 

function within the spermatogenesis branch of the 26-nt 5’G-containing siRNA (26G-

RNA) pathway [11]. RDE-1, which primarily associates with siRNAs and does not 

clearly fall within any of the Argonaute subfamilies, also binds a subset of miRNAs [12]. 
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HPO-24 (hereafter referred to as ALG-5 because of its relatedness to ALG-1-4), the fifth 

AGO subfamily Argonaute, has yet to be linked to a small RNA pathway.  

 

We used protein-RNA co-immunoprecipitation combined with high-throughput 

sequencing to identify the small RNA interactors of ALG-5, as well as those of ALG-1 

and ALG-2. We show that ALG-5 binds a subset of miRNAs that partially overlaps with 

those bound by ALG-1 and ALG-2. alg-5 is expressed in the germline and ALG-5 

protein localizes, in part, to P granules. Loss of alg-5 activity results in a modest 

reduction in fertility and an accelerated transition from spermatogenesis to oogenesis in 

hermaphroditic animals. Using RNA-seq of alg-5, alg-1, and alg-2 mutants, we identified 

hundreds of mRNAs misregulated in the absence of each branch of the miRNA 

pathway. Of the mRNAs misregulated in alg-5 mutants, genes involved in defense were 

most significantly enriched. The results implicate ALG-5 as a distinct germline-specific 

branch of the miRNA pathway and pave the way for functional analysis of the role of 

ALG-5 in immunity and development. 

 

2.2 MATERIALS AND METHODS 

Strains  

N2 [wild type], VC446 [alg-1(gk214) X], WM53 [alg-2(ok304) II], WM159 [alg-5(tm1163) 

I], MT14119 [mir-35-41(nDf50)], and SS104 [glp-4(bn2) I] were obtained from the CGC. 

RFP::pgl-1 was described in [13]. The alg-5(tm1163) allele was backcrossed to wild 

type an additional two times. New strains generated for this study are listed in 
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Supplementary Table S2.1. alg-1::HA::alg-1, alg-2::HA::alg-2, alg-1::HA::alg-2, alg-

5::HA::alg-5, alg-1::HA::alg-5 transgenes were generated using Life Technologies 

Multisite Gateway Technology. Individual promoter (~2,400-3,700 nt upstream of start 

codons), CDS (start to stop codons), and 3’ UTR (~400-1,500 nt downstream of stop 

codons) sequences were PCR amplified from genomic DNA using Phusion polymerase 

(New England Biolabs). PCR products were cloned into entry vectors using Gateway 

BP recombination (Life Technologies). The HA epitope tag was PCR amplified from 

pENTR 3XHA-AGO1 [14] with primers that added a TEV tag and SpeI and NdeI 

restriction sites (Supplementary Table S2.2) and introduced into pENTR (Life 

Technologies). The 3XHA-TEV cassette was restriction digested from the pENTR 

plasmid using SpeI and NdeI and ligated into the alg-1, alg-2, and alg-5 CDS entry 

clones. Individual fragments were recombined into destination vectors modified for Life 

Technologies Multisite Gateway Technology (pCFJ151, alg-5::HA::alg-5, and pCFJ178, 

alg-1::HA::alg-1, alg-2::HA::alg-2, alg-1::HA::alg-2) [15]. alg-1::HA::alg-2 and alg-

1::HA::alg-5 were generated by recombining the alg-1 promoter and 3’UTR sequences 

with the alg-2 or alg-5 CDS sequence, respectively. Constructs were sequence-verified 

and introduced into EG6699 [ttTi5605 II; unc-119(ed3) III; oxEx1578] for integration on 

chromosome II (alg-5::HA::alg-5, alg-1::HA::alg-5) or EG5003 [unc-119(ed3) III; 

cxTi10882 IV] for integration on chromosome IV (alg-1::HA::alg-1, alg-2::HA::alg-2, alg-

1::HA::alg-2), using MosSCI [16]. alg-5(ram1[GFP::3xFLAG::alg-5 + loxP]), alg-

5(ram2[GFP::3xFLAG + loxp]), and alg-5(ram9[GFP::3xFLAG::alg-5tm1163 + loxP]), were 

generated using CRISPR/Cas9 as described in [17, 18] using plasmids pDD162 and 
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pDD282 (AddGene). Guide RNAs were designed using http://crispr.mit.edu/. Primer 

sequences are in Supplementary Table S2.2. Unless noted otherwise, strains were 

grown under standard conditions at 20˚C [19].  

 

Phylogenetics 

AGO clade Argonaute protein sequences [10] were aligned using ClustalW2 2.1 with 

the Dayhoff-PAM weight matrix [20]. Protein maximum likelihood distances were 

calculated and the phylogenetic tree was drawn in Phylip 3.69 [21].  

 

Co-immunoprecipitation  

Animals were grown at 20˚C for 49 (GFP::ALG-5) or 68 (all HA::ALG strains) hrs 

following L1 synchronization. Animals were flash frozen in liquid nitrogen and lysed in 

50 mM Tris-Cl, pH 7.4, 100 mM KCl, 2.5 mM MgCl2, 0.1% Igepal CA-630, 0.5 mM 

PMSF, and 1X Proteinase Inhibitor (Life Technologies, 88266). Cell debris was 

removed by centrifugation and cell lysates were incubated with anti-HA affinity matrix 

(Roche, 11815016001) or anti-GFP mAb-agarose (MBL, D153-8) for 1 hr. Following co-

immunoprecipitation (co-IP), beads were washed 4 times in lysis buffer and split into 

RNA and protein fractions. 

 

Protein isolation 

Proteins were extracted from co-IPs or whole animals using Laemmli buffer. Embryos 

were extracted from gravid adults by hypochlorite treatment and incubated for ~1 hr in 
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M9. L1 animals were collected after hatching and incubation for ~24 hrs in M9. L2 

animals were collected ~20 hrs after L1 synchronization, L3 animals were collected ~27 

hrs after L1 synchronization. L4 animals were collected ~48 hrs after L1 

synchronization. Gravid adults were collected ~68 hrs after L1 synchronization. For 

comparison of HA::ALG-5 levels in males and hermaphrodites, two replicates of 400 L4 

stage animals of each sex were collected by hand picking animals ~48 hrs after L1 

synchronization of F1 animals from a self-cross between alg-5::HA::alg-5 transgenic 

animals to enrich for males. For comparison of HA::ALG-5 and HA::ALG-1 levels in 

animals wild type for or deficient in germline proliferation, animals were treated with 

control (L4440) or glp-4 dsRNA [22] and collected ~68 hrs after L1 synchronization.  

 

Western blots  

Proteins were resolved on 4-12% Bis-Tris SDS polyacrylamide gels and transferred to 

nitrocellulose membranes (Life Technologies). Blots were blocked in PBST containing 

5% milk and probed with anti-HA (Roche, 12013819001), anti-actin (Abcam, ab3280), 

or anti-GFP antibodies (Invitrogen, MA5-15256-HRP). SuperSignal West Femto 

Maximum Sensitivity Chemiluminescent Substrate (Life Technologies, 34096) was used 

for signal detection. Where applicable, signal intensity was quantified on a Bio-Rad 

ChemiDoc and HA-fusion protein levels were normalized to actin levels. 
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RNA isolation 

RNA was isolated from whole animals after flash freezing in liquid nitrogen or from input 

and co-IP fractions using Trizol (Life Technologies, 15596018) followed by two 

chloroform extractions and isopropanol precipitation. RNA was diluted to 1.0 +/- 0.05 

ug/ul prior to library preparation and qRT-PCR. For comparison of alg-5, alg-1, and alg-

2 mRNA levels in wild type and glp-4(bn2) mutants, three biological replicate pools 

(n=~18,000 each) were collected as stage-matched young adults prior to the 

appearance of embryos in the uterus. For comparison of alg-5 mRNA levels in males 

and hermaphrodites, three replicates of 50 L4 stage animals of each sex were collected 

by hand picking animals ~48 hrs after L1 synchronization of F1 animals from a genetic 

cross between wild type animals to enrich for males. 

 

Small RNA sequencing  

Small RNAs in the 18-28-nt range were purified from total RNA by size selection using 

electrophoretic transfer from 17% polyacrylamide gels. Purified small RNAs were 

treated with RNA polyphosphatase (Illumina, RP8092H) or Tobacco Alkaline 

Phosphatase (Epicentre Biotechnologies, T81050) to reduce di and triphosphates to 

monophosphates to facilitate capture of 22G-RNAs by 5’ adapter ligation. Phosphatase 

was deactivated and removed after 30 min by phenol:chloroform extraction. 

Preadenylated 3’ adapter was ligated to small RNAs using T4 RNA Ligase 2 Truncated 

KQ (NEB, M0373S). 5’ adapter was ligated using T4 RNA Ligase (Life Technologies, 

AM2140). Ligation reactions were done at 16˚C for 16-18 h. Adapter-ligated small RNAs 
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were size selected at each ligation step using electrophoretic transfer from 12 or 15% 

polyacrylamide gels. Adapter-bound small RNAs were reverse transcribed using 

SuperScript III (Life Technologies, 18080-044) and the Illumina TruSeq RT Primer. RT 

products were amplified using NEBNext 2X PCR Master Mix (NEB, M0541S) and the 

TruSeq forward primer and reverse primers containing index sequences. PCR products 

corresponding to 18-28-nt small RNAs (~136-146 bp) were size selected using 

electrophoretic transfer from 10% polyacrylamide gels. Samples were sequenced on an 

Illumina HiSeq 2000, HiSeq 2500, or NextSeq 500. For each Argonaute analyzed, small 

RNA sequencing from co-IPs was done at least twice, and although results were 

consistent across experiments, for simplicity only one dataset is described. Primer and 

adapter sequences are in Supplementary Table S2.2. 

 

Small RNA sequencing data analysis 

Small RNA sequences were parsed from adapters, filtered for quality, and aligned to the 

C. elegans genome (WS230) using CASHX 2.3 [23]. The numbers of reads sequenced, 

parsed, and mapped are described in Supplementary Table S2.3. Data analysis was 

done using R and custom Perl and Python scripts. miRNA annotation was based on 

miRBase release 20. Mutator class siRNA annotation was based on Phillips et al. [15]. 

CSR-1 class siRNA annotation was based on Claycomb et al. [24]. piRNA annotation 

was based on WormBase release WS230. New miRNAs were identified using 

miRDeep2 [25]. To identify GFP::ALG-5, HA::ALG-5, HA::ALG-1, and HA::ALG-2 

interactors, we calculated the normalized reads (reads per million total genome-
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matching reads in each library) in the small RNA libraries derived from the co-IP 

fractions relative to the cell lysate (input, in) fractions. HA::ALG-5 interactors were 

defined as miRNAs that were enriched in the co-IP fraction by ≥2 fold to account for 

presumed non-specific carryover from the cell lysates. Unless noted otherwise, a 1-fold 

cutoff was applied to HA::ALG-1, HA::ALG-2, and GFP::ALG-5 because these co-IPs 

had very little non-specific carryover from the cell lysates. 

 

mRNA sequencing  

Methodology for mRNA library preparation was adapted from the NEBNext Ultra 

Directional RNA Library Prep Kit and Zhang et al. [26]. RNA isolated from ~5,000 wild 

type, alg-5(ram2), alg-1(gk214), and alg-2(ok304) mutant L4 stage animals per replicate 

(3 replicates per strain) was depleted of rRNA using the Ribo-Zero Magnetic Kit 

(Illumina, MRZH116). rRNA-depleted RNA was enriched for RNA >200 nucleotides 

using the RNA Clean & Concentrator-5 Kit (Zymo Research, R1015) and fragmented to 

200-350 bp by incubating in SuperScript III 5X first strand buffer (Life Technologies) for 

2 min at 94˚C. First strand cDNA was synthesized from fragmented RNA using 

Superscript III RT and random hexamers (Life Technologies, 18080-093). Second 

strand cDNA was synthesized using the NEBNext Second Strand Synthesis Module 

(NEB, E7550S), which uses dUTP instead of dTTP to preserve strand information. 

Double-stranded cDNA was end repaired using NEBNext Ultra End Repair/dA-Tailing 

Module (NEB, E7442S). 200-350 bp double-stranded cDNA was size selected using 

AMPure XP Beads (Beckman Coulter, A63881). Adapters were ligated using T4 DNA 
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Ligase (NEB, M0202S). Uracils were excised from cDNA using USER enzyme (NEB, 

M5505S) and cDNA strands that had contained uracil were degraded to prevent capture 

of the antisense strands. cDNA libraries were amplified by PCR. cDNA and PCR 

products were purified using AMPure XP Beads. Samples were sequenced on an 

Illumina HiSeq 2500. Primer and adapter sequences are in Supplementary Table S2.2. 

 

mRNA sequencing data analysis 

Adapter sequences and low quality bases were trimmed from mRNA sequences using 

Trimmomatic 0.35 [27]. Trimmed sequences were aligned to the C. elegans WS230 

genome using TopHat2 [28]. The numbers of reads sequenced, parsed, and aligned are 

described in Supplementary Table S2.3. Data processing and quality assessment were 

done using custom scripts in Python and R. Differentially regulated protein-coding 

genes were identified using Cuffdiff2 [29] and HTSeq-count followed by DESeq2 [30, 

31]. rRNA, tRNA, and mtRNA were masked from the analysis. A 1.5 fold-change cutoff 

was applied when filtering significantly affected genes. DAVID 6.8 was used to identify 

significantly overrepresented functional annotations using a Benjamini- Hochberg 

adjusted p-value cutoff of 0.05 [32, 33]. Categories were collapsed and colored the 

same in plots if there was greater than 50% overlap of genes within the category 

containing fewer genes. Venn diagrams were generated using BioVenn [34]. Reads 

were plotted in IGV 2.3.67 [35, 36]. Volcano plots were drawn with CummeRbund [29]. 

miRNA target site abundance in differentially regulated genes was assessed using 

Targetscan Release 6.2 and custom scripts in Python and R [37, 38]. 
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Quantitative RT-PCR 

For qRT-PCR, Turbo DNase-treated total RNA (Life Technologies, AM1907) was 

subjected to reverse transcription with SuperScript III (Life Technologies, 18080-044) 

using an oligo(dT) primer to enrich for mRNA. qRT-PCR was done using iTaq Universal 

SYBR Green Supermix (Bio-Rad, 172-5122) and the primer sequences in 

Supplementary Table S2.2. Reverse transcription and qPCR were done according to 

manufacturers’ specifications. qRT-PCR was done using a CFX96 Touch Real-Time 

PCR Detection System (Bio-Rad). Means and standard deviations were calculated for 

three biological replicates in each experiment. The 2-ddCT method was used to quantify 

fold change differences between samples. rpl-32 was used for normalization. P-values 

were calculated using ANOVA followed by either two-sample t-tests when making one 

comparison or Tukey HSD tests when making multiple comparisons. 

 

RNAi assays 

Synchronized L1 animals were fed E. coli HT115 expressing either an empty vector 

control (L4440), or alg-1, alg-2, or glp-4 dsRNA [22]. 

 

Phenotype assays  

Animals were grown at 20˚C on NGM plates containing live E. coli (OP50) unless noted 

otherwise. Brood size assays were done on individual animals over their entire lifetimes 

at 20˚C or 25˚C. Live progeny of each animal were counted and removed from the 

plates each day such that all hatched live animals were included in our counts. Dead 
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embryos were not included. P-values for brood size assays were calculated using the 

Wilcoxon Rank Sum test. The numbers of animals that burst or had protruding vulvas 

were counted at 96-120 hrs. The timing of oogenesis was assayed in three independent 

experiments. Animals were scored as oogenic if the germline clearly contained at least 

one oocyte as evidenced by appearing as a larger, single-row, and often rectangular 

germ cell next to the spermatheca. Otherwise, if the gonad was clearly visible and did 

not appear to contain oocytes, the animal was scored as non-oogenic.  

 

Imaging 

Imaging of live animals was done on a Zeiss Axio Imager Z2 upright microscope. 

Animals were immobilized in a 25 uM sodium azide solution on 1.5-2% Agarose pads. 

For assessing the presence or absence of oocytes, animals were imaged 56-61 hrs 

after L1 synchronization. For imaging GFP::ALG-5 and free GFP from alg-5(ram2), the 

developmental stage was determined by the number of germ cells and the germline or 

whole animal morphology.  

 

2.3 RESULTS 

2.3.1 ALG-5 is Required for the Proper Developmental Timing in the Germline 

ALG-5 is an AGO subfamily Argonaute most closely related in C. elegans to the miRNA-

associated Argonautes ALG-1 and ALG-2 (~36% amino acid identity) (Figure 2.1A) [39]. 

Whereas the role of ALG-5 is unknown, ALG-1 and ALG-2 have roles throughout 

development. alg-1(gk214) mutants display a strong reduction in the number of viable  
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progeny they produce relative to wild type animals and alg-2(ok304) mutants display a 

more modest reduction in viable progeny (Figure 2.1B) [39, 40]. The publically available 

partial deletion allele, alg-5(tm1163), results in the loss of 145 amino acids in ALG-5, 

however, the mRNA is produced at near wild type levels outside of the deleted region 

(Supplementary Figure S2.1A). The protein produced by the alg-5(tm1163) allele is 

predicted to have a truncated PAZ domain, which engages the 3’ end of the small RNA, 

and to lack the linker 2 domain, which links the PAZ and PIWI lobes (Supplementary 

Figure S2.1B) [41]. It is unclear, however, whether the mutation would result in 

complete loss of function phenotype. Thus, using CRISPR-Cas9 we developed an open 

reading frame deletion of alg-5, alg-5(ram2) in which the coding region was replaced 

with GFP sequence (Supplementary Figure S2.1B). Similar to what we observed in alg-

2(ok304) mutants, alg-5(tm1163) mutants produced a median ~24% fewer viable 

progeny than wild type animals (p = 0.0015, Supplementary Figure S2.1C) and alg-

5(ram2) mutants produced ~15% fewer progeny (p=0.025, Figure 2.1C). 

 

Aside from the modest reduction in brood size, neither alg-5(tm1163) nor alg-5(ram2) 

mutants displayed obvious developmental defects and in general appeared healthy, 

suggesting a specific requirement for ALG-5 in germline development or 

embryogenesis. Given the well-described heterochronic roles for small RNAs in C. 

elegans, we examined the timing of germ cell progression between spermatogenesis 

and oogenesis in wild type and alg-5(ram2) mutants. In each of three independent 
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Figure 2.1. ALG-5 is required for optimal fertility and proper timing of oogenesis. (A) 
Phylogenetic tree of the AGO subfamily in worms, flies, and humans. (B) Numbers of 
viable progeny produced by wild type (n=8), alg-1(gk214) (n=10), and alg-2(ok304) 
(n=8) at 20°C. (C) Number of viable progeny produced by wild type (n= 28) and alg-

5(ram2) (n=29) grown at 20°C. (D) Representative images of wild type and alg-5(ram2) 
mutant germlines at 58 hours post-L1 synchronization. The regions where oocytes form 
is shown. (E) Proportions of wild type and alg-5(ram2) mutant animals with oocytes 
formed at 56-61 hours post-L1 synchronization (n=~25-50). One of three independent 
experiments is shown (the other two experiments are shown in Supplementary Figure 
S2.1D). At 58 hours, the proportion of alg-5(ram2) mutant animals with oocytes is 17-
35% higher than in wild type across the three experiments. See also Supplementary 
Figure S2.1.  
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experiments, alg-5(ram2) mutants displayed precocious development of oocytes, 

pointing to an accelerated transition from spermatogenesis to oogenesis (Figures 2.1D 

and E and Supplementary Figure S2.1D). Our results therefore suggest that ALG-5 is 

required for the proper timing of oogenesis. The number of sperm produced in C. 

elegans hermaphrodites prior to oogenesis limits overall fecundity [42, 43]. Thus, the 

premature switch to oogenesis in alg-5 mutants presumably reduces the number of 

sperm available for fertilization, likely resulting in the observed reduction in progeny. 

 

2.3.2 ALG-5 is Primarily Expressed in the Germline 

To determine when ALG-5 is expressed during development, we made an HA::alg-5 

epitope fusion transgene containing the endogenous alg-5 5’ and 3’ regulatory 

sequences and introduced it into C. elegans using Mos1-mediated single copy 

integration [16]. We then crossed the transgene into the alg-5(tm1163) mutant strain 

and examined by Western blot analysis HA::ALG-5 levels at each of the major 

developmental stages. Because of their relatedness to ALG-5, we also examined 

HA::ALG-1 and HA::ALG-2 levels across developmental stages using single-copy 

transgene strains developed for this study (see Materials and Methods). HA::ALG-5 

expression was highest during late stages of larval development and into adulthood 

(Figures 2.2A and B). HA::ALG-1 was abundant throughout development, consistent 

with a central role for ALG-1 in the miRNA pathway (Figure 2.2C) [39, 40, 44-48]. In 

contrast, HA::ALG-2 was predominantly expressed in embryos (Figure 2.2D).  
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Figure 2.2. alg-5 is specifically expressed in the germline. (A) Western blot assay of HA 
and actin in wild type animals across developmental stages. Non-transgenic wild type 
animals do not express the HA epitope and are included as a negative control. (B) 
Western blot assay and quantification of HA::ALG-5. A blot image of 1 of 2 biological 
replicates is shown. Points within the plot represent average signal intensity of HA 
normalized to actin (embryo sample arbitrarily set to 1.0). Error bars represent standard 
deviations from the mean. A western blot assay of HA::ALG-5 in hermaphrodites and 
males is also shown. The bar plot displays relative levels of endogenous alg-5 mRNA in 
wild type animals, as determined by quantitative RT-PCR, in hermaphrodites and 
males. (C-D) Western blot assay and quantification of HA::ALG-1 (C) and HA::ALG-2 
(D). Points within the plots represent average signal intensity of HA normalized to actin 
(embryo sample arbitrarily set to 1.0).  Error bars represent standard deviations from the 
mean. (E) Average fold change in alg-5, alg-1, and alg-2 transcript levels in wild type 
and glp-4(bn2) at 15°C (orange) and 25°C (teal), as determined by quantitative RT-
PCR. Error bars represent standard deviations from the means for three biological 
replicates. (F) Representative images of GFP::ALG-5 and RFP::PGL-1. Images are of 
GFP or RFP fluorescence in the germline regions of living animals. See also 
Supplementary Figure S2.2.  
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The expression of HA::ALG-5 in late larval stages and adults (Figure 2.2B), the stages 

of development in which the C. elegans germline proliferates and matures, and the 

requirement of ALG-5 for the proper timing of oogenesis both point to a role for ALG-5  

in germ cells. To determine if alg-5 expression is elevated in germ cells relative to 

somatic cells, we measured by qRT-PCR alg-5 mRNA levels in wild type and glp-4(bn2) 

mutant animals. When grown at the permissive temperature of 15˚C, the germlines of 

glp-4 mutants develop normally, but when grown at the non-permissive temperature of 

25˚C, the germlines fail to proliferate. Thus, a gene that is enriched in germ cells will be 

depleted in glp-4 mutant animals grown at 25˚C relative to animals grown at 15˚C. alg-5  

levels were depleted ~400 fold in glp-4 mutants grown at 25˚C relative to those grown at 

15˚C (p = 2.1x10-14) (Figure 2.2E). In contrast, alg-1 mRNA levels were elevated >3 fold 

in glp-4 mutants grown at 25˚C relative to those grown at 15˚C, indicating that alg-1 is 

depleted in germ cells (p =0.00023) (Figure 2.2E). alg-2 mRNA levels were not 

significantly different between glp-4 mutants grown at 15˚C or 25˚C (p =1.0), suggesting 

that it is expressed in both somatic and germ cells (Figure 2.2E). Consistent with 

germline-specific expression, alg-5 mRNA and protein levels were ~2 fold higher in 

hermaphrodites, which contain two gonad arms, than in males, which contain a single 

gonad arm (Figure 2.2B). 

 

To examine the tissue and cellular localization of ALG-5, we used CRISPR-Cas9 to 

introduce GFP sequence at the 5’ end of the coding sequence of the endogenous alg-5 

locus in wild type animals (Supplementary Figure S2.1B) [17, 18]. Our alg-5 deletion 
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allele, alg-5(ram2), described above also provides a transcriptional readout for alg-5 

expression, as it contains the alg-5 5’ and 3’ regulatory sequences flanking GFP coding 

sequence (Supplementary Figure S2.1B). Free GFP expressed from the alg-5(ram2) 

allele was present throughout development but was restricted to germ cells 

(Supplementary Figure S2.2A). Similarly, the GFP::ALG-5 fusion protein was detectable 

throughout development but only detectable above background in germ cells (Figure 

2.2F). GFP::ALG-5 appeared cytoplasmically diffuse but also formed distinct puncta at 

the nuclear periphery reminiscent of P granules, a germ cell-specific class of RNA 

granules that function in mRNA surveillance. P granules contain the piRNA-associated 

Piwi protein, PRG-1, and much of the siRNA pathway machinery [49]. GFP::ALG-5 foci 

overlapped with the P granule marker RFP::PGL-1 foci, indicating that, similar to many 

known piRNA and siRNA components, ALG-5 localizes to P granules (Figure 2.2F).  

 

We also introduced GFP at the 5’ end of alg-5 coding sequence in alg-5(tm1163) to 

determine if the mutant allele produces a stable protein [17, 18]. Indeed, GFP::ALG-

5tm1163 was expressed at similar levels to non-mutant GFP::ALG-5 protein and formed 

foci at the nuclear periphery (Supplementary Figure S2.2B). Because mutant ALG-5 

produced from the alg-5(tm1163) allele could conceivably compete with other 

Argonautes for shared components of a small RNA pathway, it is important to interpret 

results obtained from the alg-5(tm1163) allele with caution. 
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2.3.3 ALG-5 Functions in the miRNA Pathway 

To identify the small RNAs bound by ALG-5 and thus place ALG-5 within our current 

understanding of small RNA pathways, we co-immunoprecipitated GFP::ALG-5 and 

HA::ALG-5 protein complexes and subjected the associated small RNAs to high-

throughput sequencing (Figure 2.3A and Supplementary Figure S2.3A). piRNAs, 22-nt 

5’G-containing siRNAs (22G-RNAs), and 26G-RNAs were all depleted in both the  

GFP::ALG-5 and HA::ALG-5 co-immunoprecipitates (co-IPs), whereas miRNAs were 

enriched ~2-3 fold (Figures 2.3B and C; Supplementary Figures S2.3A and B). Although 

as a class miRNAs were enriched, the majority of individual miRNAs were depleted in 

the ALG-5 co-IPs, as were individual piRNAs and 22G-RNA clusters (Figure 2.3D and 

Supplementary Table S2.4). Of the 368 annotated miRNAs in C. elegans, including both 

strands of each miRNA duplex, only 24 yielded >10 normalized reads (reads per million 

total mapped reads) and were enriched >1 fold in the GFP::ALG-5 co-IP. Of these, 10 

were enriched >25 fold, indicating that ALG-5 binds with high affinity a very small 

number of miRNAs (Figure 2.3E). Although GFP::ALG-5 was co-immunoprecipitated 

from L4 stage animals and HA::ALG-5 from adult animals, there was nonetheless a 

majority overlap in the associated miRNAs (Figure 2.3E). 

 

We next used small RNA high-throughput sequencing to assess miRNA accumulation 

defects in the two alg-5 mutant strains, alg-5(tm1163) and alg-5(ram2). Only one 

miRNA, miR-250-3p, was depleted >3 fold in the alg-5(tm1163) mutant (Supplementary 

Table S2.5). miR-250-3p was the fourth most highly enriched miRNA in the HA::ALG-5 
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Figure 2.3. ALG-5 binds a subset of miRNAs. (A) Western blot assay of GFP::ALG-5 
from cell lysates (input, in) and co-IPs (IP) used for small RNA isolation and 
sequencing. ~0.2% starting material equivalents for the input fractions and ~5% starting 
material equivalents for the co-IP fractions were run on the gels for Western blots. (B) 
Enrichment of miRNAs, piRNAs, and siRNAs in GFP::ALG-5 co-IP relative to input as 
determined by high-throughput sequencing. (C) The relative proportions of each class of 
small RNAs in input and co-IP fractions. (D) Normalized reads (reads per million total 
mapped reads) for each miRNA in GFP::ALG-5 co-IP versus input are shown in red. 
Normalized reads for other classes of small RNAs (piRNAs and siRNA loci) are shown 
in grey. (E) miRNAs enriched >1 fold in the GFP::ALG-5 co-IP relative to input. Colors 
indicate if the seed sequence (positions 2-8) is conserved in Drosophila melanogaster 
and/or Homo sapiens. Asterisks indicate if the sequence is annotated as a star strand in 
miRBase v. 20. The inset Venn diagram displays the overlap in miRNAs enriched in the 
GFP::ALG-5 (L4 stage animals) and HA::ALG-5 (adult animals) co-IPs. (F) Normalized 
reads for each miRNA in alg-5(ram2) versus wild type. See also Supplementary Figure 
S2.3 and Supplementary Tables S2.3-S2.5.  
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co-IP (~100 fold) and the fifth most highly enriched in the GFP::ALG-5 co-IP (~140 fold), 

and its levels were partially rescued in alg-5(tm1163) by the HA::alg-5 transgene 

(Supplementary Figure S2.3C and Supplementary Table S2.4). Five miRNAs, including 

miR-250-3p, yielded >10 normalized reads and were depleted >3 fold in alg-5(ram2) 

mutants, only two of which were enriched in the GFP::ALG-5 co-IP (Figure 2.3F and 

Supplementary Table S2.5). Thus, the majority of miRNAs bound by ALG-5 are not 

dependent on ALG-5 for their overall stability, possibly because of association with 

other Argonautes, although they may be impacted specifically in the germline which 

might be missed in our whole animal-based approach. 

 

2.3.4 ALG-5, ALG-1, and ALG-2 Interact with Distinct Subsets of miRNAs 

To help determine the relatedness of ALG-5 to ALG-1 and ALG-2 within the miRNA 

pathway, we isolated small RNAs bound to HA-epitope fusions of ALG-1 and ALG-2 

from adult animals and subjected them to high throughput sequencing (Supplementary 

Figure S2.4A). The majority of miRNAs were enriched in the HA::ALG-1 co-IP relative to 

the cell lysate (Figure 2.4A; Supplementary Figures S2.4B and C; Supplementary Table 

S2.4). Most miRNAs were also depleted in alg-1(gk214) mutants, although this may be 

due in part to developmental defects in alg-1 mutants (Figure 2.4B and Supplementary 

Table S2.5) [44, 47]. Total miRNA levels were depleted by ~40% in alg-1 mutants and 

were partially rescued by the HA::alg-1 transgene (Supplementary Figure S2.4D). 

Similar to HA::ALG-1, HA::ALG-2 interacted with the majority of miRNAs 

(Supplementary Figures S2.4B and C; Supplementary Table S2.4). However, unlike 
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HA::ALG-1, which showed little bias for specific miRNAs, the HA::ALG-2 co-IP was 

strongly enriched for miR-35-42 family miRNAs, miR-51, and miR-1829a (~10-24 fold) 

(Figure 2.4C and Supplementary Table S2.4). alg-2(ok304) mutants displayed only 

modest enrichment or depletion in the levels of most miRNAs, although members of the 

miR-35-42 family were depleted by ~8-12 fold, except for miR-42 which was depleted by 

only ~2 fold (Figure 2.4D; Supplementary Figure S2.4D; Supplementary Table S2.5). 

miR-35-42 levels in alg-2(ok304) mutants were partially restored by the HA::alg-2 

transgene (Supplementary Figure S2.4D). The miR-35 and miR-51 families are required 

for embryogenesis [50]. Thus, the strong enrichment we observed for miR-35 family 

miRNAs and miR-51 in the HA::ALG-2 co-IP and the relatively strong expression of 

HA::ALG-2 in embryos points to a prominent role for ALG-2 in conferring robustness to 

the miRNA pathway during embryogenesis (Figures 2.2D and 2.4C). In support of this 

model, we were unable to isolate animals homozygous mutant for both alg-2 and mir-

35-41 (the mir-35-41 deletion mutant has only a partially penetrant embryonic lethality 

phenotype because it contains wild type mir-42), suggesting that alg-2 enhances the 

mir-35-41 mutant phenotype (Supplementary Figure S2.4E) [50]. 

 

Of the 159 miRNAs that yielded >10 normalized reads (reads per million total mapped 

reads) and were enriched >1 fold in the HA::ALG-1 or HA::ALG-2 co-IPs, 14 were 

uniquely bound by HA::ALG-2 and 40 were uniquely bound by HA::ALG-1, based on 

this enrichment criterion (Figure 2.4E). Of the 26 miRNAs enriched in the HA::ALG-5 co-

IP >2 fold (a 2-fold cutoff was used because of relatively high carryover from the cell 
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Figure 2.4. Overlap between miRNAs associated with ALG-5, ALG-1, and ALG-2. (A) 
Normalized reads for each miRNA in HA::ALG-1 co-IP versus input are shown in red. 
Normalized reads for other classes of small RNAs (piRNAs and siRNA loci) are shown 
in grey. (B) Normalized reads for each miRNA in alg-1(gk214) versus wild type. (C) 
Normalized reads for each miRNA in HA::ALG-2 co-IP versus input are shown in red. 
Normalized reads for other classes of small RNAs (piRNAs and siRNA loci) are shown 
in grey. (D) Normalized reads for each miRNA in alg-2(ok304) versus wild type. (E) 
Overlap of miRNAs enriched in HA::ALG-1 and HA::ALG-2 co-IPs >1 fold and HA::ALG-
5 IP >2 fold (data from adult stage animals). (F-H) Numbers of miRNAs enriched in 
HA::ALG-5 (F), HA::ALG-1 (G), and HA::ALG-2 (H) co-IPs categorized by 5’ nt. miRNAs 
are categorized by their 5’ nt and the 5’ nt of the opposing strand of the miRNA duplex. 
Only miRNA duplexes for which at least one strand was enriched in the corresponding 
co-IP are shown. Each bar corresponds to the total number of miRNA duplexes with 
each 5’ nt combination and each 5’ nt is shaded in a different color. See also 
Supplementary Figure S2.4 and Supplementary Tables S2.3-S2.5. 
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lysate in the co-IP), 6 were depleted in both HA::ALG-1 and HA::ALG-2 co-IPs and were 

thus unique to HA::ALG-5, at least in adult animals (Figure 2.4E and Supplementary 

Table S2.4). We were not able to identify unique sequence or structural features that 

might contribute to binding specificity amongst the Argonautes. Each of the three 

Argonautes preferentially bound miRNAs beginning with a uridine, although a greater 

proportion of miRNAs associated with HA::ALG-1 and HA::ALG-2 contained a 5’ uridine 

compared to HA::ALG-5 (Figures 2.4F-H). 

 

Our small RNA high-throughput sequencing datasets from the co-IPs of GFP::ALG-5, 

HA::ALG-1, and HA::ALG-2 provided us with the opportunity to search for new miRNAs 

that might normally be missed due to their low abundance in whole animal cell lysates. 

Despite strong enrichment for miRNAs in these datasets, we identified only three new 

miRNAs, indicating that through the numerous high-throughput sequencing efforts, C. 

elegans miRNA identification is approaching saturation. miR-candidate-1 is derived from 

a unique miRNA-generating locus and contains a novel seed sequence - positions 2-8, 

which are largely responsible for conferring miRNA-target recognition - placing it in a 

new miRNA family (Figure 2.5A) [7]. The other two miRNAs are derived from genomic 

loci antisense (miR-candidate-2) or adjacent (miR-candidate-3) to annotated miRNA loci 

(Figures 2.5B and C). miR-candidate-2 contains a novel seed sequence, thus defining a 

second new miRNA family (Figure 2.5B). miR-candidate-3 shares a seed sequence with 

the miR-58/bantam family, and although not validated, was previously predicted to be a 

miRNA and shown to be downregulated in aged animals (Figure 2.5C) [51]. 
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Figure 2.5. New miRNAs identified from Argonaute co-IPs. (A-C) miRNA candidates 
were identified by MirDeep2 using high-throughput sequencing data from GFP::ALG-5, 
HA::ALG-1, and HA::ALG-2 co-IPs. Small RNA distribution across each candidate locus 
in the co-IP library from which it was discovered and the corresponding input library. 
 

 

2.3.5 Differential Gene Expression in alg-5, alg-1, and alg-2 Mutants 

To better understand the role of ALG-5 in regulating gene expression, we subjected 

total rRNA-depleted RNA from L4 stage wild type and alg-5(ram2) mutant animals to 

high-throughput mRNA sequencing. Differences in mRNA levels between wild type and 

mutant animals were quantified using Cuffdiff and HTSeq-count combined with DESeq 

[29-31] (Supplementary Tables S2.6 and S2.7). Applying a 1.5 fold change cutoff, we 

identified 88 upregulated and 235 downregulated genes in alg-5(ram2) using Cuffdiff  

(Figure 2.6A and Supplementary Tables S2.6 and S2.7). Because ALG-5 is expressed 

in the germline, in which several endogenous siRNA pathways function, we assessed 

whether the genes misregulated in alg-5(ram2) were targets of each of the germline 

siRNA pathways – Mutator, CSR-1, ALG-3/4, and ERGO-1. Amongst the 
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downregulated genes, ~26% are targets of siRNAs, representing a slight 

underrepresentation (1.6 fold) relative to what would be expected by chance, although 

Mutator targets were modestly enriched (~1.3 fold) (Figure 2.6B). Within the 

upregulated gene set, only CSR-1 targets were enriched (~1.2 fold) (Figure 2.6B). This 

was not unexpected given that ALG-5 functions in the germline and CSR-1 targets a 

large proportion of germline genes [24]. We next assessed using DAVID 

overrepresentation of specific cellular processes within the gene sets differentially 

regulated in alg-5 mutants [32, 33]. In the set of downregulated genes, several gene 

ontology terms related to immunity and defense were significantly enriched (p < 0.05) 

(Figure 2.6C and Supplementary Table S2.8). No specific gene ontology terms were 

significantly enriched by DAVID analysis within the upregulated gene set, likely due in 

part to its small size (88 genes from our Cuffdiff analysis). 

 

In C. elegans, miRNAs guide gene silencing by affecting decay or translational 

repression of mRNA targets. However, the individual contribution of these two modes of 

silencing is poorly understood [8]. It is possible that ALG-5 impacts gene expression 

through translational repression of its targets or that the genes that are misexpressed in 

alg-5 mutants are downstream of the direct ALG-5 targets. Consistent with this 

possibility, we did not observe substantial enrichment for target sites (7-mers and 8- 

mers) of GFP::ALG-5-associated miRNAs within the mRNAs of genes up or 

downregulated in alg-5 mutants (Supplementary Figure S2.5A). A similar lack of 

enrichment for targets sites was observed in miR-35 family mutants, in which genes that 
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Figure 2.6. mRNA-seq analysis of differential gene expression in alg-5, alg-1, and alg-2 

mutants. (A) Volcano plot displaying differential gene expression between alg-5(ram2) 

mutants and wild type animals (n=3 replicate pools). (B) The proportions of genes 
misregulated in each of the Argonaute mutants that are also characterized as siRNA 
targets. (C) DAVID analysis of significantly enriched gene ontology terms amongst the 
genes misregulated in alg-5(ram2) mutants. Gene ontology categories are plotted as a 
function of the P value for enrichment and the number of genes associated with the 
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gene ontology term. Some gene ontology terms overlap in associated genes by more 
than 50% and were collapsed into a more general category, as indicated in the key (for 
example, ‘Defense response related’). (D) Volcano plot displaying differential gene 
expression between alg-1(gk214) mutants and wild type animals (n=3 replicate pools). 
(E) Volcano plot displaying differential gene expression between alg-2(ok214) mutants 
and wild type animals (n=3 replicate pools). (F) Same as in C but alg-1(gk214). (G) 
Same as in C but alg-2(ok304). (H) Overlap in misregulated genes in each of the 
Argonaute mutants. See also Supplementary Figure S2.5 and Supplementary Tables 
S2.6-S2.16. 
 
 
 
are misregulated are not enriched for miR-35 target sites [52]. Nonetheless, the results 

suggest a role for ALG-5, be it direct or indirect, in regulating genes involved in 

development and defense response pathways. 

 

In parallel to alg-5(ram2), we assessed changes in gene expression in alg-1(gk214) and 

alg-2(ok304) mutant L4 stage animals. The alg-1(gk214) allele is a 220 bp deletion-13 

bp insertion that deletes an exon-intron junction at the 5’ end of the coding sequence 

and would likely lead to a frame shift (Supplementary Figure S2.5B). The alg-2(ok304) 

allele is a 1,378 bp deletion spanning much of the open reading frame (Supplementary 

Figure S2.5C). Both mRNAs are still expressed, although at much lower levels than 

from the wild type alleles (Supplementary Figures S2.5B and C). In alg-1(gk214), 907 

genes were upregulated >1.5 fold and 1,163 genes were downregulated >1.5 fold 

(Figure 2.6D and Supplementary Tables S2.9 and S2.10). In total, 2,070 genes were 

misexpressed in alg-1(gk214), representing nearly 10% of C. elegans protein coding 

genes. We were careful to stage match animals and removed developmentally delayed 

individuals from the pools of alg-1(gk214) mutants before collecting them for RNA 
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isolation, however, it is possible that some of the genes misregulated in our dataset are 

artifacts of developmental abnormalities in alg-1(gk214). In alg-2(ok304) mutants, which 

do not display obvious development abnormalities, we identified 1,831 genes that were 

misregulated by >1.5 fold, of which 723 genes were upregulated and 1,108 were 

downregulated (Figure 2.6 and Supplementary Tables S2.11 and S2.12). Numerous 

gene ontology terms were significantly enriched amongst the alg-1(gk214) and alg-

2(ok304) misregulated gene sets, including defense response related terms (Figures 

2.6F and G; Supplementary Tables S2.13-S2.16). However, the most highly enriched 

gene ontology terms identified amongst the alg-1(gk214) and alg-2(ok304) 

downregulated gene sets were related to phosphorus metabolism and protein 

phosphorylation and dephosphorylation (Figures 2.6F and G; Supplementary Tables 

S2.13 and S2.15). Classic targets of let-7 and lin-4, such as lin-41 and lin-14 

respectively, were also amongst the genes significantly upregulated in alg-1(gk214) and 

alg-2(ok304) mutants (Supplementary Tables S2.10 and S2.12). Interestingly, and for 

reasons unclear to us, a large proportion of the genes downregulated in alg-2(ok304), 

and to a lesser extent alg-1(gk214), are also targets of the ALG-3/ALG-4 26G-RNA 

pathway that functions during sperm development (Figure 2.6B) [53-55]. 

 

There was substantial overlap in the genes misregulated in each of the miRNA-

associated Argonaute mutants, particularly amongst the downregulated gene sets 

(Figure 2.6H). This is not unexpected given the overlap in miRNAs associated with each 

Argonaute (Figure 2.4E). However, given the differences we observed in expression of 
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the Argonautes across developmental stages and their presence or absence in the 

germline (Figure 2.2), it is possible that there is tissue and timing specificity for each 

Argonaute even in regulating overlapping gene sets. We did not observe substantial 

enrichment for 7-mer and 8-mer target sites of miRNAs associated with HA::ALG-1 and 

HA::ALG-2 in the gene sets upregulated in the corresponding mutants (Supplementary 

Figures S2.5D and E). However, ~75% of C. elegans genes are predicted to contain 7-

mer or 8-mer target sites for miRNAs associated with HA::ALG-1 and HA::ALG-2 and 

thus there is very little room for enrichment (Supplementary Figures S2.5D and E)  [37, 

38]. 

 

It is likely that many miRNA targets were missed in our analysis because of functional 

redundancy amongst the Argonautes and because our whole animal approach may 

dilute cell or tissue specific effects. It is also possible that many targets cannot be 

identified by RNA-seq because in some instances miRNAs may function in translational 

repression and not in mRNA decay, as noted above.  

 

2.3.6 Functional Overlap Between the miRNA-Associated Argonautes 

ALG-1 and ALG-2 have overlapping roles in development [39, 44]. To determine if ALG-

5 has an overlapping role with ALG-1 or ALG-2, we introduced the alg-5(ram2) mutation 

into alg-1(gk214) and alg-2(ok304) mutant animals. alg-5 did not enhance the brood 

size defects of alg-1 or alg-2 mutants, nor did we observe additional developmental 

abnormalities not observed in the single mutants (Supplementary Figures S2.6A and B). 
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It is nonetheless possible that there is redundancy between ALG-5 and the other 

Argonautes that would emerge from a more detailed analysis. 

 

alg-2; alg-1 double mutants arrest during embryogenesis [39, 44]. Suppressing alg-2 by 

RNAi in alg-1(gk214) mutants during early larval stages also leads to developmental 

arrest, suggesting that ALG-1 and ALG-2 have overlapping roles during both embryo 

and larval development (Supplementary Figure S2.6C) [48]. alg-1 mutants are much 

sicker than alg-2 mutants, thus it is possible that alg-2 lacks certain functionality 

possessed by alg-1. To test this possibility, we developed a chimeric construct that 

contains the HA epitope sequence fused to the alg-2 coding sequence and alg-1 5’ and 

3’ regulatory sequences (alg-1::HA::alg-2) and introduced it into alg-1(gk214) mutant 

animals. HA::ALG-2 expressed under the control of alg-1 regulatory elements displayed 

a similar expression profile to that of HA::ALG-1 (Figures 2.2C and 2.7A). Both the alg-

1::HA::alg-1 and alg-1::HA::alg-2 transgenes rescued the developmental defects of alg-

1(gk214) mutants, indicating ALG-2 is functionally interchangeable with ALG-1 (Figure 

2.7B). The small RNA repertoire of HA::ALG-2 expressed from alg-1 regulatory 

sequences had greater overlap with miRNAs uniquely bound by HA::ALG-1 than those 

uniquely bound by HA::ALG-2 (Figure 2.7C). This indicates that the difference we 

observed in miRNA specificity between HA::ALG-1 and HA::ALG-2 (Figure 2.4) does 

not reflect miRNA sequence or structure preferences of the two Argonautes and instead 

is likely due to developmental differences in alg-1 and alg-2 expression (Figures 2.2C 

and D). 
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Figure 2.7. Functional overlap of alg-5, alg-1, and alg-2. (A) Western blot assay of 
HA::ALG-2 derived from a chimeric construct containing alg-1 5’ and 3’ regulatory 
sequence and alg-2 coding sequence (alg-1::HA::alg-2). Actin is shown as a loading 
control. (B) Proportion of burst or dead animals. Wild type (n=152), alg-1(gk214) 
(n=114), alg-1::HA::alg-1; alg-1(gk214) (n=116), and alg-1::HA::alg-2; alg-1(gk214) 

(n=92) animals were grown at 20°C. (C) Overlap of miRNAs enriched >1 fold (left) and 
>2 fold (right) in co-IP of HA::ALG-2 derived from alg-1::HA::alg-2; alg-1(gk214) with 
miRNAs uniquely enriched in co-IPs from HA::ALG-1 (alg-1::HA::alg-1; alg-1(gk214)) or 
HA::ALG-2 (alg-2::HA::alg-2; alg-2(ok304)) co-IPs >1 fold (left) and >2 fold (right). (D) 
Western blot assay of HA::ALG-5 derived from a construct containing the authentic alg-

5 regulatory elements in the alg-5(tm1163) mutant background (alg-5(tm1163); alg-

5::HA::alg-5) and a chimeric construct containing alg-1 5’ and 3’ regulatory sequences 
and alg-5 coding sequence in the alg-1(gk214) mutant background (alg-1::HA::alg-5; 

alg-1(gk214)). HA::ALG-1 from alg-1::HA::alg-1 in the alg-1(gk214) mutant background 
is also shown. Actin is shown as a loading control. glp-4 RNAi was done to reduce germ 
cell proliferation during development. L4440 vector RNAi was done as a control. (E) A 
developmental time course of HA::ALG-5 from alg-1::HA::alg-5; alg-1(gk214) (upper 
panel) and alg-5(tm1163); alg-5::HA::alg-5 (lower panel) and HA::ALG-1 from alg-

1::HA::alg-1; alg-1(gk214) (middle panel). Actin is shown as a loading control. Numbers 
below blot images are signal intensities of HA normalized to actin (embryo samples 
arbitrarily set to 1.0). (F) Proportions of animals containing protruding or burst vulvas. 
Wild type (n=104-124), alg-1(gk214) (n=102-109), alg-1::HA::alg-1; alg-1(gk214) 
(n=109-114), and alg-1::HA::alg-5; alg-1(gk214) (n=102-116) animals were grown at 
25˚C. See also Supplementary Figure S2.6. 
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Although we did not observe functional redundancy between alg-5 and alg-1, we 

nonetheless tested whether ALG-5 is functionally interchangeable with ALG-1, as 

germline or somatic specificity in gene expression could preclude functional overlap 

during development. We developed a construct containing the HA epitope sequence 

fused to the alg-5 coding sequencing and containing the alg-1 5’ and 3’ regulatory 

elements (alg-1::HA::alg-5) and introduced it by Mos1-mediated single copy integration 

into C. elegans [16]. We then crossed the alg-1::HA::alg-5 transgene into alg-1(gk214)  

mutants. Given that alg-5 is normally expressed primarily in the germline and alg-1 is 

expressed in the soma (Figure 2.2), we tested whether alg-5 would display somatic 

expression similar to alg-1 when expressed from alg-1 regulatory elements. To 

suppress germline development, we treated alg-1::HA::alg-5-transgenic animals with 

glp-4 RNAi. As controls, we included alg-1::HA::alg-1 and alg-5::HA::alg-5 transgenic 

animals. ALG-5 levels in alg-5(tm1163); alg-5::HA::alg-5 were moderately depleted 

upon treatment with glp-4 RNAi compared to treatment with a vector control (Figure 

2.7D). In contrast, the levels of ALG-5 produced from alg-1::HA::alg-5; alg-1(gk214) and 

ALG-1 from alg-1::HA::alg-1; alg-1(gk214) were unchanged between vector control 

RNAi and glp-4 RNAi (Figure 2.7D). HA::ALG-5 protein was produced at higher levels 

when expressed from alg-1::HA::alg-5 than when expressed from the authentic alg-5 

regulatory elements (alg-5::HA::alg-5), but did not appear to be produced at as high of 

levels as the HA::ALG-1 protein produced from alg-1::HA::alg-1 (Figure 2.7D). Thus, it is 

likely that there are additional features that affect alg-5 expression or the stability of the 

ALG-5 protein. The pattern of HA::ALG-5 expression from the alg-1::HA::alg-5 
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transgene across development was similar to that of HA::ALG-1 expressed from alg-

1::HA::alg-1 (Figure 2.7E). 

 

Keeping in mind the caveat that alg-1::HA::alg-5 does not produce as much protein as 

alg-1::HA::alg-1, we assessed whether alg-1::HA::alg-5 would rescue the developmental 

defects in alg-1(gk214) mutants. A modest reduction in the proportion of animals 

displaying protruding or bursting vulvas was observed in alg-1::HA::alg-5; alg-1(gk214) 

animals relative to non-transgenic alg-1(gk214) animals when grown at 25˚C ( p = 

0.0072, Figure 2.7F). Thus, ALG-5 likely has some functional overlap with ALG-1 but 

differences in expression levels prevent us from drawing conclusions about the extent of 

such overlap. 

 

2.4 DISCUSSION 

2.4.1 ALG-5 as a Distinct Branch of the miRNA Pathway 

ALG-5 likely defines a branch of the miRNA pathway largely distinct from that of ALG-1 

and ALG-2. ALG-1 and ALG-2 bind overlapping and extensive sets of miRNAs and 

function redundantly during embryogenesis and larval development [39, 44, 48]. In 

contrast, ALG-5 binds a very narrow subset of miRNAs and does not appear to have 

substantial functional overlap with ALG-1 or ALG-2 despite the three Argonautes having 

many miRNA interactors in common. Unlike ALG-1 and ALG-2, with central roles in 

embryogenesis and larval development, ALG-5 appears to have a specific role in 

developmental timing in the germline. alg-5 is expressed primarily, if not exclusively, in 
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the germline. alg-5 mutants display a slight reduction in the number of progeny they 

produce and an accelerated transition from spermatogenesis to oogenesis. We 

identified several genes misregulated in alg-5(ram2) mutants that could contribute to the 

observed phenotype, including genes regulating the MAPK pathway, DNA-damage 

response, and apoptosis. Numerous genes involved in immunity and defense also 

emerged as being downregulated in alg-5 mutants. Interestingly, alg-5 was identified in 

a screen for gene inactivations that cause hypersensitivity to bacterial pore-forming 

toxins, hence its original name hypersensitive to pore-forming toxin-24 (hpo-24) [56]. 

Consistent with this role, two genes required for pore-forming toxin defense, the 

activator protein-1 (AP-1) transcription factors jun-1 and fos-1 [56] were downregulated 

in alg-5 mutants. It will be important in future studies to identify the direct targets of 

ALG-5 and its precise function in germline development and pathogen defense. 

 

2.4.2 ALG-5 Localization to P Granules 

Several Argonautes have been shown to associate with perinuclear germ granules 

called P granules in C. elegans, including the piRNA-associated Argonaute PRG-1 and 

two siRNA-associated Argonautes, CSR-1 and WAGO-1, where they have important 

roles in both gene licensing and silencing [13, 24, 57]. Our results demonstrate that 

ALG-5 also associates with P granules, indicating that miRNAs have a role in regulating 

gene expression in P granules as well. Interestingly, AIN-1, a GW182 protein 

orthologous to human TNRC6A, co-purifies with several P granule components [58]. 

GW182 proteins function as scaffolds between miRNA-associated Argonautes and 
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downstream effectors of miRNA-mediated silencing [8]. Based on sequence alignment 

of ALG-5 with human AGO2 and ALG-1, the amino acid residues in the tryptophan 

binding pockets that facilitate GW182-Argonaute interactions appear to be conserved 

(Supplementary Figure S2.1B) [59, 60]. Thus, AIN-1 may interact with ALG-5 within P 

granules to mediate RNA silencing. 

 

2.4.3 Functional Similarity Between the miRNA-Associated Argonautes 

ALG-1 but not ALG-2 is required for normal development, despite that the two genes 

are nearly identical in amino acid sequence (88% identity). ALG-2 expressed under the 

control of the alg-1 regulatory sequences largely rescues developmental defects in alg-1 

mutants, indicating that differences in gene expression and not molecular functionality 

likely distinguish ALG-1 and ALG-2. ALG-5 shares only ~36% identity with ALG-1 and 

ALG-2 and is thus unlikely to have identical molecular functionality. ALG-5 lacks the 

conserved RNaseH residues that confer slicer activity and which are present in ALG-1 

and ALG-2, pointing to at least one functional difference between the proteins [10]. 

Nonetheless, when introduced into an alg-1 mutant under the control of alg-1 non-

coding regulatory sequences, we did observe partial rescue of the alg-1 mutant 

phenotype by alg-5. The ALG-5 branch of the AGO subfamily is highly conserved 

across Caenorhabditis species estimated to be separated from C. elegans by at least 

110 million generations [61, 62], pointing to ancient divergence of ALG-5 from ALG-1 

and ALG-2.  
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2.4.4 A Near-Comprehensive miRNA-Argonaute Interactome 

Our datasets provide a near-comprehensive analysis of miRNA-Argonaute interactions 

in C. elegans. The majority (~80%) of annotated miRNAs, including the strands often 

annotated as star or passenger, were identified in our analysis of Argonaute-small RNA 

interactions and were enriched in libraries from at least one Argonaute co-

immunoprecipitate (co-IP), although many were present at levels below our stringent 10 

normalized reads (reads per million total mapped reads) threshold. Many miRNAs were 

not enriched in any of the Argonaute co-IPs or were completely absent in all of our 

datasets. Several of the miRNAs not enriched in any of the Argonaute co-IPs are 

presumed miRNA stars. However, notably absent guide strand miRNAs include miR-

261 and miR-264-miR-273, which were identified computationally [63] but have not 

been validated using sequencing-based approaches, and miR-4930-miR-4935, many of 

which are enriched in aged animals [64]. The three newly discovered miRNAs represent 

two new miRNA families and a new member of the miR-58/bantam family. Each of the 

miRNAs is expressed at relatively low levels, likely explaining why they were not 

identified or validated in previous analyses. Although it is likely that miRNA identification 

is approaching saturation in C. elegans, new miRNAs continue to be discovered and will 

likely continue to emerge from analyses of animals grown under non-standard 

laboratory conditions, such as drug treatment, pathogen exposure, and environmental 

stress.  

The various roles of miRNAs and their specific functions in C. elegans gene regulation 

are still poorly understood. The identification of ALG-5 and the near comprehensive 
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analysis of miRNA-Argonaute interactions presented here will provide a valuable 

framework for discovering new roles for miRNAs in development and disease. 
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3. AUTOMATED ANALYSIS OF SMALL RNAS WITH AQUATX 

Much of my time as a PhD student was spent performing data analysis as a part of 

collaborative projects. This highlighted a need for simpler, robust tools for bench 

scientists and small RNA researchers. This chapter describes the development of a 

small RNA sequencing data analysis tool utilizing best practices described in Chapter 1 

called AQuATx. It also describes additional small RNA analysis that was performed 

using this pipeline1. 

 

3.1 INTRODUCTION 

With more scientists looking to generate large, next-generation sequencing datasets, it 

is important that the tools they use are robust, reproducible, user-friendly, and well-

documented. Despite the growing popularity of small RNA research, few tools exist to 

comprehensively and easily analyze associated sequencing datasets (Table 3.1). While 

popular, well-defined data analysis workflows exist for mRNA sequencing, there is more 

confusion surrounding the best practices in small RNA analysis workflows. We 

encountered several issues with existing tools in the literature: 1) Are single step or 

partial analysis, 2) have complex installation procedures, 3) no longer exist or 

maintained, 4) not actively open-source developed/responsive to feedback, 5) only 

focus on miRNAs, 6) utilize tools developed for mRNA or 7) other usability restrictions. 

Some of these tools are also aimed at observing differences in conditions such as 

disease states, whereas there is a lack of tools with the study of small RNA pathways 

																																																								
1	Thanks	to	Meng	Cao,	Wen	Zhou,	Jay	Breidt,	Dustin	Updike,	Tai	Montgomery,	and	Joshua	Svendsen	for	

contributions	to	the	work	this	chapter.	
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themselves in mind. A comparison of these tools and features are presented in Table 

3.1 and was used to guide development decisions for a new small RNA workflow. We 

include only multi-step workflows and steps which are part of the pipeline. 

 

In some cases, web applications exist for various bioinformatics tools, but the users are 

required to upload their data, presenting a challenge for those with very large data sets 

or clinical data which needs to be on a secure server to avoid violating HIPAA 

regulations. Additionally, the actual analysis is often a “black box”, with the code hidden 

from the public, unavailable for public scrutiny and improvement, reducing confidence in 

the results or it forcec you to use specific genomes or perform pre-processing on your 

own. While less common, there are certain considerations and analyses we often 

perform that require custom or outdated tools. For instance, we expect that disrupting 

components of a small RNA processing pathway will create large changes in small RNA 

abundance which may not be suitable for standard differential expression analysis or 

normalization. We also often study Argonaute co-immunoprecipitations and look at 

enrichment of small RNAs in the co-IP over repeated experiments, but not replicates. 

Such experiments may also lead to large, sweeping differences in samples that 

standard normalization and detection methods may not be appropriate for.  

 

To address the concerns and gaps regarding small RNA data analysis, we developed 

AQuATx (Automated Quantitative Analysis of Transcript Expression), a simple, user-

friendly pipeline for analyzing small RNA sequencing data. In developing this pipeline it 
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Table 3.1 Existing tools for small RNA research. A comparison of features for small RNA tools. Not included are tools 

that are single-step or highly specific tools that could be folded into a workflow (such as miRDeep2). 
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bcbio-

nextgen 

-  atropos FASTQC multiple mirDeep 

seqbuster 

    bcbio Yes Yes  

SPAR [1]       custom   Size, class, 

expression 

Web Yes No Only certain 

genomes  

UEA sRNA 

workbench 

[2] custom custom Patman custom multiple RNA fold, 

coverage 

GUI Yes  No Separate 

modules 

sRNAnalyzer [3] cutadapt  bowtie custom   Web No No miRNA focused 

CASHx [4] custom   custom       CLT No No Dead website 

Oasis2 [5] custom custom bowtie custom DESeq2 PCA, 

heatmap 

Web Yes No Only certain 

genomes  

iSRAP [6] trimmo

matic 

FASTQC Bowtie2 Bedtools multiple Heatmap, 

feature 

histogram, 

MA plots  

Web No No Trims bases. 

Dead website 

sRNAPipe [7]   bwa multiple  Size, class, 

coverage 

Galaxy Yes Yes  

iSmaRT [8] cutadapt FASTQC custom custom multiple PCA, 

heatmap 

GUI No No Dead website 

CPSS 2.0 [9]   bowtie custom custom Class, size, 

network, 

histogram 

Web No No Only certain 

genomes  

RAPID [10]     bowtie2 bedtools DESeq2 Size, 

heatmap, 

coverage, 

PCA, 

histogram 

CLT Yes Yes Separate 

modules 
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was important to us that it be usable on a personal computer, implements best practices 

for small RNA data and scientific reproducibility, incorporates software-engineering 

guided best practices, as well as being very simple for an end-user to install and run. 

We also present use-cases for analysis with new and existing datasets to demonstrate 

the functionality pipeline.  

 

3.2 IMPLEMENTATION 

The main workflow and individual steps are written in Python and the Common 

Workflow Language (CWL) [11]. Third-party tools used in the software were written in 

several languages, including Python, C/C++, and R. When we did not implement third-

party tools, we created them using Python. The overall workflow is described in Figure 

3.1. The main implementation is an end-to-end analysis run with cwltool 

(https://github.com/common-workflow-language/cwltool), but individual steps or partial 

workflows may be run as well. We also provide options to export workflows as CWL to 

run using a different implementation. Support for Nextflow [12] and SnakeMake [13] will 

be added as well, as they are supporting CWL implementations, but needs further 

testing and validation.  

 

3.2.1 Overall workflow development 

Python is one of the fastest growing general-purpose programming languages and is 

popular among developers [14, 15]. Due to the simplicity of the language and the 

popularity, it should be easier for other scientists to contribute to the software through  
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Figure 3.1 The AQuATx workflow. A flowchart describing the steps involved in a small 

RNA sequencing data analysis workflow. Steps are part of the CWL workflow in v0.1 

(purple), v0.5 (green), and v1.0 (grey). Filter reads, quality check, and trim adapters 

(purple) are done using fastp as a single step. Align reads to reference (purple) and 

bowtie-build (green) is performed using bowtie. Differential gene expression (purple) is 

done with DESeq2. Unassigned read analysis (grey) will contain multiple tools. 

Alternate differential gene expression (grey) will be implemented as an R package. 

Everything else is implemented in Python or R specifically for AQuATx.  
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GitHub. Over the last few years, many workflow engines and implementations have 

been created to improve reproducibility among scientific fields with a lot of data to 

process [16-18]. This has become particularly popular within the bioinformatics field with 

the increasing amount of next-generation sequencing (NGS) data biologists produce. 

However, due to the sheer number of competing workflow engines, the interoperability 

of any particular lab’s workflow may turn out to be quite low. CWL is an implementation-

agnostic workflow language. Rather than compete with implementations, CWL aims to 

be a workflow standard from which other implementations can build off of [11]. There 

are already several implementations that can run CWL (cwltool for general-purpose use, 

CWLEXEC for LSF clusters, Arvados, Toil, Cromwell, etc), as well as workflow 

converters to take CWL to workflow languages such as Nextflow [12] and WDL [19], two 

other popular bioinformatics workflow languages [18]. Thus, we created the all-in-one 

workflow in CWL to maximize interoperability among users and institutions. CWL also 

forces very explicit definition of inputs, outputs, and steps, which creates a more 

reproducible workflow. The workflow is outlined in Figure 3.1. Additionally, CWL allows 

for developers to create workflows programmatically, so we are also using it to allow 

users to modularize or use subsets of the workflow if desired. 

 

3.2.2 User input and configuration 

We use a configuration file and sample sheets to set up each run, rather than individual 

command line arguments, which can get lengthy when you want to change many 

options. In order to force users to diligently keep track of each run’s parameters, we 
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save a copy of configuration files and sample sheets, along with run time, date, user 

information in a separate folder per run. This allows a user to trace back any 

experiment’s analysis without much hassle. The sample sheets are CSV format, which 

are easily edited in spreadsheet programs like Excel. The configuration file is a simple 

text file that allows a user to modify parameters at each step of the workflow, but 

otherwise sets defaults that we have deemed “best practices” for small RNA data. This 

allows the user to run a workflow without much input, but also allows them to choose 

more appropriate parameters if they wish. See Appendix II (Box S3.1, Tables S3.1-

S3.2) for the configuration files and instructions on usage. The workflow code reads the 

configuration file (which is a standard YAML format) using the ruamel.yaml Python 

library and the csv inputs to figure out and update the settings for running with cwltool or 

other CWL runners. When the YAML is read by the code, all entries can be accessed as 

a normal dictionary and entries are updated based on the sample & reference sheets to 

reflect the CWL input format, and output to a new YAML file with the correct format.  

 

3.2.3 The AQuATx Standard Workflow 

The standard workflow performs an end-to-end analysis from raw fastq sequencing data 

to differential gene expression & visualizations. The steps and implementation are 

described in more detail below. To create a first-pass, simple workflow to process small 

RNA data, we evaluated and selected among tools that are commonly used at each 

step for processing NGS data. Some steps are implemented with custom tooling if no 
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tools seemed appropriate or were simpler to implement. See Appendix II for more 

information on running and installing the pipeline (User Guide). 

 

1. Adapter trimming & quality filtering 

The first step is pre-processing the sequence data, usually in a fastq format. This 

contains each sequence tied to quality scores per base. Due to the short length of small 

RNAs, the likelihood of adapters being a part of the sequence is very high, in fact, we 

expect that all sequenced small RNAs are attached to an adapter sequence. Thus, an 

adapter-removal step is essential. We settled on using fastp [20] for adapter trimming as 

the tool spans functionality of multiple useful pre-processing tools while remaining 

efficient. In particular, fastp also allows for quality filtering and trimming, filtering for a 

min/max length, adapter detection, as well as producing quality control statistics that 

can be used to evaluate sequencing quality [20]. We have contributed a general-

purpose CWL wrapper for fastp to the workflow repository (https://github.com/common-

workflow-language/workflows) in addition to providing a small RNA specific wrapper 

with the aquatx installation.  

 

2. Counting & collapsing duplicate sequences 

Next, due to the small size, the sequences are often duplicated in the data and we 

expect them to represent real expression instead of mainly PCR duplication for most 

datasets, unlike we expect with mRNA data. In order to avoid re-aligning the same 

sequence multiple times, we “collapse” the sequences down to a fasta file. Each entry is 



	 90	

a unique sequence with the header containing the number of duplicate reads in that 

sample. We implemented this step in Python using a simple approach. The sequence is 

read in 4 lines at a time for fastq files and added to a Counter dictionary – a specialized 

dictionary for counting entries. The file is then filtered for a threshold number of reads 

specified by the user and matching entries are written to a new fasta file. A potential 

improvement to be made is splitting files to count independently then merging for 

reduced memory usage and ability to process in parallel. This could be implemented 

using a split fastq file output from Fastp as an option.  

 

3. Sequence alignment to a reference 

The fasta files are then aligned to a reference genome using bowtie [21, 22]. We chose 

bowtie over other alignment programs because it is easily used on a personal computer, 

allowing users to process data without a high-memory machine, as well as the ability to 

force exact matches and report all alignments [21, 22]. We check all alignments due to 

the expected multi-mapping of small RNA, especially in transposable elements. We will 

also provide an option to use bowtie2 or STAR [23]for alignment, which may be more 

suitable in some instances or for realignment and comparisons. Initially bowtie2 was 

chosen, but bowtie was ultimately picked because of its ability to perform exact matches 

on the entire sequence where bowtie2 seems to only match on a seed. Matching the 

entire sequence exactly (or allowing for a specified number of mismatches) was one of 

the requirements I thought could be met with bowtie2, but could not. Unaligned files are 

saved to a separate fasta file for further evaluation, if desired. An improvement on this 
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step to be made is to add an optional realignment step of unaligned sequences allowing 

for a single mismatch or using a non-exact approach.  

 

4. Assigning counts to small RNA features 

The aligned sequences are then counted using Python and the HTSeq API [24]. We 

created a counter script for processing small RNA alignments in order to allow for 

multimappers, class counting, keeping track of unannotated reads, and feature 

masking. This code works by first reading in the reference files and creating 

independent reference arrays which assign features to positions from a reference GFF3 

file and adding any overlapping “mask” features from the masked GFF3 file. A separate 

reference array is created for each reference-mask pair in the configuration. If no mask 

is specified, then an empty mask file is used. If a small RNA overlaps with another 

within the same feature set, the reads are not counted. For example, a small RNA 

transcribed from within an intron of a gene may be more likely to become the annotated 

miRNA over an overlapping siRNA, and in order to avoid assigning those counts to 

siRNAs or both or discarding them altogether, a miRNA GFF3 file can be passed as a 

“mask”. The alignments are then read into the script and processed as bundles – each 

unique sequence is counted as one “bundle” and the number of alignments for that 

unique sequence is then used to correct multimappers. For these multimapping reads, 

we simply divide the total counts, pulled from the sequence “name” where the collapser 

tracks the number of duplicates, by the number of genome-matching hits before 

assigning the counts to a particular feature to avoid over-inflating the value. Each 
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alignment within a bundle is then matched against each reference array for overlap. 

When no feature is found, the alignment counts are assigned to “unaligned” reads in the 

Counter dictionary. If the feature contains the “_mask” identifier, the counts are not 

added to that feature. If there is more than one feature within a region where the 

alignment falls, the counts are not added to any of the features. Different classes are 

counted alongside features in a separate Counter dictionary. If sequences match to 

more than one class, it is assigned to “ambiguous”. Class is determined by the third 

column in the GFF3 file. These counts and overall alignment/count statistics are then 

stored for later steps. Initially this step was written using popular libraries pandas and 

numpy to avoid yet another dependency, but the memory usage of pandas data frames 

was often quite large and slowed down processing due to the lack of vectorized 

operations for the task we were performing. Other numpy-only or pandas-only solutions 

were attempted, but ultimately the memory and time used was greater than desired. 

Using the HTSeq library allowed us to take advantage of the C-optimized data 

structures and code specific to this analysis task and use for-loops for processing while 

maintaining speed and minimizing memory usage. This also allows the code to be much 

less mysterious and easier to digest for those not familiar with pandas and numpy 

operations. Further improvements to this code include the addition of a “smart masker”, 

such that instead of reading in multiple references with a paired mask file for each then 

creating just as many arrays to sort through for each alignment, we can use a single 

reference file and no mask file. The user would then specify the “order of assignment”, 

such that the top choice is given preference in the case that there is overlap with 
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multiple features. If there is no preference given or features are within the same class 

then overlapping reads will not be counted. This should speed up the counting process, 

reduce overall memory usage, and simplify the configuration input as well.  

 

5. Merging counts and statistics into tables 

The count files are then merged into a larger table per sample for normalization, 

differential expression, and plotting. Advanced users may also simply run the counter 

script and pipe the counts into DESeq2 [25], as they might for mRNA-seq data, if they 

desire. Additionally, the single sample count files are saved in case the user wishes to 

discard certain poor-quality samples for reanalysis. This script reads in the single-

sample files as pandas data frames, creates the new data frame of the correct size, 

then fills in the data frame per file in the set. This method of creating the data frame in 

the right final size ahead of time is more efficient with memory due to not needing to 

recreate and reallocate space for each intermediate data frame. This merge step can be 

performed for feature counts, class counts, and statistics tables.   

 

6. Normalization & differential gene expression 

For the first-pass workflow we have created an R wrapper script for DESeq2 [25] that 

performs a standard pairwise-comparison analysis across all samples in the dataset. 

The script can be run as an executable as aquatx-deseq with specified options. The 

lack of an argparse equivalent in base R led to the inclusion of a simple argument 

parser that is specific to the script and must be used exactly as specified. There is some 
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level of error-handling if the inputs are given incorrectly, but it is not as robust a method. 

The samples to compare are inferred by splitting the column names of the merged 

feature counts input file by “_replicate_” to determine group and replicate number. This 

format is automatically created by prior python scripts. If someone wishes to use this 

script outside of the aquatx pipeline, it would need to be formatted to reflect this. The 

table is integer rounded before creating the DESeq2 dataset. The script then returns a 

normalized count file and a table of differentially expressed gene statistics for each 

comparison. All comparisons are made by default. DESeq2 was created with mRNA 

sequencing data in mind. DESeq2 also expects integer counts and non-normalized 

data, but multi-mapping corrections can lead to fractional counts and without features 

fully annotated the library sizes may be skewed.  

 

We will also provide a statistical module as an independent R package on Bioconductor 

(Cao et al, unpublished) and a wrapper in R for our workflow to process the data. This 

statistical method accounts for a zero-inflated dataset that is common in small RNA 

features, as well as being robust to large changes in different populations of small 

RNAs. Our lab and many others study small RNA pathways and sequencing data 

disrupting the small RNA processing pathways can often distribute the changes among 

small RNA features quite a lot – this can be difficult to perform proper differential 

expression analysis on using standard tooling. It also allows for fractional counts and 

calculating library size information for normalization purposes. DESeq2 may still be 

suitable for data comparing tissue types or treatment conditions, but we believe the 
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small RNA specific method is more robust for small RNA data in general. The workflow 

will likely contain the option to perform both or one of the two methods. Eventually, the 

method should be converted to Python to reduce excessive external dependencies on R 

and R packages.  

 

7. Data visualization and summarization 

The data is then summarized for the user with tables and plots. Several standard small 

RNA plots are included as PDF outputs that may be edited with a vector graphics tool 

such as Illustrator. We also provide a “smrna-light” stylesheet for matplotlib to create 

publication-ready plots that require little to no editing on the user’s part if desired. If the 

“smrna-light” theme is not installed then the “seaborn-poster” theme is used instead, but 

this can also be specified in configuration. The plots that are incorporated or to be 

incorporated for v0.5 include the QC plots from fastp output, size distribution plots of 

aligned reads, class bar and pie charts, enrichment barplots, scatter plots, PCA, and 

heatmaps. This code reads in the merged data tables as pandas data frames then 

creates plots based on the specified mode associated with the file given in the 

arguments. Each plot type is an independent function and future plots should be added 

as independent functions then called from the main function under each “mode”. The x 

and y axes should be inferred appropriately, either all comparisons are made or inferred 

using the same “_replicate_” structure used in the DESeq2 method.  
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8. Modularity and output file organization 

While the implementation is presented as an “all-in-one” workflow to simplify data 

analysis for the scientist, advanced users may choose to perform individual steps in 

isolation. With CWL wrappers for each individual tool, users may also use just one step 

of the workflow or string together their own workflow building off of ours. The 

documentation in Appendix II provides more description of the toolkit for each step as 

well as an overall user guide. The workflow will allow users to update the configuration 

file to turn certain steps “on” or “off”. This allows the pipeline to be end-to-end by 

default, but modular as well. The default settings save all intermediate files created, but 

each step could have file saving turned off to maximize space. The workflow generator 

code is part of the v0.5 release and will use ruamel.yaml to read in the configuration as 

normal, but also to write the CWL workflow as specified. Each step is an entry in the 

overall workflow dictionary that can be output in YAML format. Thus, each step can be 

pasted together into a complete workflow depending on the configuration. For further 

analysis of unaligned and unannotated sequences, we recommend saving the 

“unaligned_files” and “annotation_tables” for downstream analysis. Additionally, the final 

step of the workflow will self-organize the output files into a “run” folder with the data 

and metadata information for the run, as well as outputs per step organized into folders. 

This could be implemented in either Python or CWL (with Javascript expressions).  
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3.2.4 Test Suite & Continuous Integration 

In order to create a more “best practices” software package, we also implement tests for 

the software, including unit tests for individual functions, as well as tests on more 

involved steps using data we created. Bioinformatics software often lacks integrated test 

suites and instead relies on trusting that the developer has made no mistakes in the 

codebase or when updating the code. Software often contains errors ranging from 

simple typos in string or documentation that creates no issues to code that produces 

outputs that are incorrect. Testing is crucial to making sure the software is accurate at 

the time of creation, but more importantly that it remains correct as new maintainers 

come on board or code is refactored. Creating tests for bioinformatics can be 

challenging, but necessary. We use a small, exact, well-defined data set to run through 

the pipeline and tests to check if the results are as expected. We use continuous 

integration with TravisCI on GitHub in order to maximize maintainability. For 

contributors, this allows maintainers to quickly know whether or not the changes 

introduced also break the expected functionality or in the accuracy of the code & where 

that change occurred. As new features are added, we also encourage contributors to 

add tests with the unittest package or at the very least define the expected outputs for a 

particular input so that we may implement a new test. Integrated testing can also force 

good code style using PEP8 guidelines and a linter tool. We hope that these software-

engineering guided principles will allow the software to be maintained for years to come 

and give users confidence in the robustness of the tool. We also clearly define a 
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template for submitting bugs and issues, feature suggestions, and contributing 

guidelines. 

 

3.2.5 Steps to be implemented 

At the time of this dissertation, not all the desired steps have been implemented. The 

standard workflow and testing suite represent the minimal viable product for performing 

the analysis and is the minimum portion that should be complete by submission. This 

workflow will be released as v0.5 on GitHub and added to BioConda for wider use and 

testing. The initial public commit to the current repository is considered v0.1 and has 

functionality through differential gene expression analysis. The project board for v0.5 

contains all the specific tasks to be developed or that have been completed here: 

https://github.com/MontgomeryLab/aquatx-srna/projects/1. There are additional steps 

described here to be implemented prior to publication, but after submission of the 

dissertation. The additional steps described here will make the package overall better, 

more user-friendly, and provide more options. AQuATx will then be a more complete 

software tool for publication and could probably be released as v1.0, followed by smaller 

incremental releases. The description below includes the basic idea behind the step and 

guidelines for implementation, in case an additional developer is brought on to complete 

these. 
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1.  Pre-configured Pipelines 

In striving for maximum simplicity for the end-user, we will provide pre-defined 

configurations for model organisms and invite contributions in this area. Users may 

download these configurations individually. Each configuration provides the genome, 

bowtie index, and reference annotations for major classes of small RNAs. To fold it into 

the pipeline, the developer should upload the datasets to an individual GitHub repository 

or another data repository that includes versioning, which is essential in my opinion. 

Datasets made publically available should include versions with each update so that 

authors may reference specific versions to maximize reproducibility in future analyses. 

For folding into the AQuATx pipeline, the developer should include a method of fetching 

(online download tool, `aquatx-fetch homosapiens` for example, or allowing the user to 

download a compressed file that can be extracted by the program and installed directly) 

and installing this dataset, associated metadata should be stored and accessible, and 

inputs to the pipeline should be updated to reference datasets (keep track of file 

locations from install and use the absolute paths in the configuration files). First 

implementation and testing should be for C. elegans data as we have access to this to 

use immediately.  

 

2. Options for non-model organisms 

As small RNA sequencing becomes more widely integrated into a standard 

transcriptome analysis among biology labs, there is an increasing interest in analyzing 

small RNA data from non-model organisms, which lack well annotated genomes or 
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even proper reference genomes to align to. There are many possibilities for non-model 

organism analysis, but a few straightforward options for a standard analysis can be 

implemented for v1.0. Others will require more time and research to provide. Without a 

reference genome, one can look at the size and 5’ nucleotide distribution of sequences 

to assess overall small RNA population among samples. A developer can implement 

this using the counter script already implemented, but adjusted for reading in a fasta file 

instead of a SAM/BAM file. This can then be folded into the workflow in CWL and a 

separate genome-free workflow can be created that runs through 1. Fastp, 2. Aquatx-

collapse, 3. Counting, 4. Plots. At some point a de novo clustering algorithm to group 

sequences together as potential small RNA candidates would make a useful addition, 

but requires more computing power, algorithm testing, and development. Then a 

differential expression step per cluster could be incorporated for looking at generalized 

differences in sequences among samples. For those with reference genomes, size plots 

will also be produced, but after alignment as with other organisms. With a genome, but 

without annotation, we can use tools like mirDeep2 and piPipes to determine potential 

small RNA features, produce counts, and perform differential expression. These tools 

can be wrapped in CWL and folded into the pipeline as an optional step. A developer 

would need to incorporate the generation of this step into the code that generates 

workflows. 
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3. mRNA sequencing workflow 

We also plan to package an independent workflow for processing mRNA data, similar to 

our small RNA pipeline. This should be uploaded to a separate GitHub repository, as 

there are different requirements that may not be desired for every user. However, the 

simplicity of use and consistent plot theme may be desirable to someone using our 

small RNA package. The best practices for this type of data are more commonly 

described and validated and we allow for more configuration in this regard. The chosen 

tools overlap with the small RNA workflow to minimize extra installations. The workflow 

should follow the following steps: 1. Preprocessing with fastp [20], 2. alignment that is 

configurable for HiSAT2 [26] or STAR [23] (must already be installed), 3. Feature 

counting with HTSeq [24], 4. Differential expression analysis with DESeq2 [25], 5. 

Plotting and summarization with Python. Each step should have a CWL wrapper around 

the tool and folded into the overall workflow. The DESeq2 wrapper should be usable as-

is. Fastp should be adjusted to use default parameters for mRNA sequencing and 

perhaps allow for more configuration. File organization, workflow generation, and overall 

configuration can be implemented very similarly to the sRNA workflow and much of the 

existing code can likely be repurposed.   

 

4. AQuATx Dashboard 

Lastly, user-friendly interface to the workflow would be a valuable addition. Using the R 

shiny package (https://github.com/rstudio/shiny), we can create a web application built 

on top of the AQuATx software quickly and easily. Shiny has a simple interface and 
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large package ecosystem to deploy web applications for data using reactive 

programming concepts in R. A web application will also provide a way for users to install 

and run code on servers or personal laptops. The dashboard lives in a separate 

repository on GitHub (https://github.com/MontgomeryLab/aquatx-dashboard). A basic 

dashboard with the overall dashboard design was created to guide development. I 

believe that the best way to develop this dashboard is to first develop the user-interface 

(UI) aspect fully. Make sure that it makes sense from the user perspective each button 

and menu that is provided. A developer should first make sure that these are well-

designed and allows them to think through how the backend of the app should work. At 

each new UI function the developer should keep track of what that UI element needs to 

be connected to and how the code should “react” to changes in the state of that object 

to carefully plan the backend. Next, each user input should then be connected to the 

appropriate function in the R-based backend. Each function should be tested one at a 

time as new functionality is added and use shinytest 

(https://github.com/rstudio/shinytest) to automate tests as necessary. Reactlog 

(https://github.com/rstudio/reactlog) should be used to assess reactivity is functioning as 

expected. The initial interface should simply provide a wrapper around the workflow and 

a method for configuration. The configuration can be implemented as a script in R 

through the dashboard and either downloaded or piped to system calls to aquatx. 

Improvements to the interface should include directly incorporating the post-counting 

steps into R (statistics & visualizations) instead of performing system calls for these 

steps through R. This will also allow for easier incorporation of interactive and editable 
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plots through shiny. Once incorporated, I believe the overall software will be very 

comprehensive and easy-to-use. 

 

5. A maintenance plan 

Bioinformatics tools are often developed by single graduate students or postdocs with 

no maintenance plan once the developer has moved on. Software maintenance is time-

consuming and often unpaid in academic research, which leads to less interest in 

upkeep and addressing issues. Some tools remain popular due to the fact that they are 

actively maintained and responsive to the open-source community. Some developers 

leave tools on their personal GitHub to maintain a sense of responsibility for its future, 

but as the repository belongs to the Montgomery Lab organization and not my personal 

page, I have no incentive to maintain the software once I make a final “release” and 

have moved on to my next step. That isn’t to say I would never contribute again, but it is 

less likely than working on my own separate tools and repositories. Thus, a 

maintenance plan is essential to the longevity of the software. On the README page of 

the main repositories, the authors & contributors of the tools are listed and this can grow 

as the tool grows. A separate section titled “Maintainers” should be added and list the 

current and former maintainers alongside contributors to make sure all contributing 

developers are given proper credit. For an initial period (Summer 2019) I can remain a 

maintainer while finishing the development of v0.5 - 1.0, but a new maintainer should be 

identified promptly. If a new maintainer cannot be identified at any point in the future, 

the README should be updated to reflect that the tool is no longer maintained. This 
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allows users to still use “at-their-own-risk”, but makes clear that no one is available to 

respond to issues that arise or new feature requests. This reduces frustrations the users 

might have with using the tool and unable to get help. The responsibilities of the 

maintainer should be as follows: 1) Keep track of all reported issues and discussions on 

the repository; 2) Prioritize and fix issues as needed, then close issues that are fixed; 3) 

Review all pull requests to the repository for code accuracy, style, tests, documentation, 

installation issues, and what it adds to the codebase; 4) Merge pull requests that pass 

review; 5) Be aware of the professional developer’s model of 

branching/merging/rebasing/releasing so that no breaking changes are pushed to the 

master branch; 6) Create project boards and timelines for releases that detail all new 

issues to fix for a specific release, new features to be added, who is doing what, outline 

tests, etc; 7) Update documentation appropriately and as needed; 8) Understand the 

codebase and tests on a deeper level so that maintenance is easier and responding to 

issues is simple; 9) Create and incorporate new tests as updates are made to the code. 

More than one maintainer can be identified to spread the work and can be used as a 

learning opportunity for students to maintain software on GitHub. As major changes and 

releases are made, informing the community of the new features and improvements 

could be published.  

 

3.2.6 Code Availability 

The full package for small RNA AQuATx is available freely on GitHub 

(https://github.com/MontgomeryLab/aquatx-srna). The software is open-source and 
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licensed under GPLv3 (due to redistribution of HTSeq, bowtie, which are GPLv3). We 

welcome and encourage contributions to improve the software over time alongside our 

own.  

 

3.2.7 Analysis of germline small RNAs in C. elegans 

In order to test the tool, we ran the pipeline on a dataset of dissected germline tissue 

from C. elegans. Germlines were hand-dissected from ~500 young adult worms per 

replicate. Each replicate occurred on a single day, with all samples being collected on 

separate days. Strains were alternated by rotation ~30 at a time and multiple sets of 

worms were staged to last through each day while remaining within a short window of 

timed development to reduce differences in age and batch effects. Small RNAs were 

isolated and sequencing libraries prepared as in Chapter 2.2 (Methods). Default settings 

for the pipeline, custom GFF3 files for feature assignment and masking, and the C. 

elegans WS230 genome for alignment were used. Sample data outputs for a subset of 

the data are in Tables 3.2 – 3.4. The data will be explored more thoroughly and used as 

a guide for working out more nuanced aspects and determining potential user-needs of 

the pipeline during development of v1.0. Sample plots for a subset of the run (Figure 

3.2) were created for the baseline plots of v0.1, even though the plotter is not in the 

end-to-end analysis currently (See Appendix II for more details). Additional plots are 

being folded into the plotter code and finalized for v0.5. The matplotlib stylesheet or 

aesthetics of individual plots may also be updated, but the plots of Figure 3.2 represent 

the overall style being used.  
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Table 3.2 Run statistics for analysis of germline data. A file created by the feature count and merge steps after 

alignment to describe the run by alignments and features.  
Alignment Statistics 
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_unique_sequences_aligned 844503 838324 860955 902756 887122 857535 

_aligned_reads 6426321 6270901 6285110 6461905 6730497 6190121 

_aligned_reads_unique_mapping 5554530 5413282 5451279 5565733 5774408 5370158 

_aligned_reads_multi_mapping 871791 857619 833831 896172 956089 819963 

Feature Statistics 
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_alignments_unique_features 819866 812904 836238 875411 861214 832718 

_reads_unique_features 819866 812904 836238 875411 861214 832718 

_ambiguous_alignments_classes 21303 21885 21322 23861 22362 21530 

_ambiguous_reads_classes 210412 203408 199951 215556 212332 195634 

_ambiguous_alignments_features 605 591 560 642 661 553 

_ambiguous_reads_features 4161 4203 4218 4307 4423 3580 
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Table 3.3 Differential Gene Expression Table. The first ten entries of the output comparison of wild type to alg-5(ram2) 

germlines, fold changes in wild type. The final table contains all features compared by DESeq2 and is sorted by adjusted 

p-value.  
 baseMean log2FoldChange lfcSE stat pvalue padj 

F58E10.1 306.0105332 -4.036027669 0.418495569 -9.644134768 5.20E-22 7.15E-19 

cel-miR-250-3p 4153.345352 2.689126309 0.281450213 9.554536421 1.24E-21 8.52E-19 

F17A9.2 171.2030294 3.774220256 0.509405126 7.409073963 1.27E-13 5.82E-11 

21ur-54 39.00856391 8.747450925 1.544373191 5.66407846 1.48E-08 5.07E-06 

H12C20.2 53.99435124 -2.37988989 0.52023709 -4.574625558 4.77E-06 0.001310041 

21ur-12981 42.63541503 3.213410689 0.722045267 4.450428302 8.57E-06 0.001680929 

C47E8.4 238.4613217 -2.106485099 0.471048204 -4.471909841 7.75E-06 0.001680929 

Y54E10A.2 37.35180497 -2.695718178 0.621514738 -4.337335888 1.44E-05 0.002475178 

Y56A3A.7 33.60763814 -2.678679846 0.637666244 -4.200755288 2.66E-05 0.004058375 

cel-miR-61-3p 5969.81362 1.121549356 0.273236789 4.104679164 4.05E-05 0.005558953 

 

 

 

Table 3.4 Normalized counts output table. The first five lines of the normalized counts (as determined by DESeq2) for 

the germline data.  
 wild_type_replicate_1 ram2_replicate_1 ne219_replicate_1 wild_type_replicate_2 ram2_replicate_2 ne219_replicate_2 

21ur-15479 0 0 0 0 0 0 

21ur-13439 48.34989779 23.07207615 73.5284904 31.62334372 51.01731871 39.2640805 

21ur-8411 80.2402559 68.29334541 160.6733679 54.42156827 61.22078245 78.528161 

21ur-14112 0 0 0 0 0 0 

21ur-15102 0 0 0 0 0 0 
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Figure 3.2 Sample plot outputs. A few sample plot outputs created by the initial plotter 

script using AQuATx v0.1 for a wild type and alg-5(ram2) sample. The 

generate_plots.py script was used to create these plots as it is not wrapped into the 

end-to-end pipeline yet, see Appendix II for more information on usage. A) Size 

distribution plots with 5’ nucleotide information. Tools in Table 3.1 show only size as far 

as we could find. B) Pie and bar charts displaying reads aligning to various classes. 

Ambiguous is defined as aligning to more than one distinct class. C) Scatter plots (log2 

normalized) of read counts in 2 replicates to display consistency in read alignments. 

These can also be produced between different biological samples or averaged reads. 
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3.3 DISCUSSION 

We provide a simple, user-friendly tool for analyzing small RNA sequencing data. While 

other tools and workflows exist, there are some limitations to these tools that we 

addressed in our own workflow. Also, very few are maintained after publication or are 

actively developed. We chose to use CWL to maximize interoperability of the tool, such 

that the user can choose the implementation to run which is most appropriate for their 

system, rather than needing to install a very specific workflow engine to run it. We have 

created a simple, user-friendly interface that allows users unfamiliar with programming 

to run their analysis from start-to-finish through modification of sample sheets and 

configuration files and just a couple commands on the command line interface. We also 

implement some software-engineering guided best practices, such as open-source 

development on GitHub, thorough documentation, contribution guidelines, and user-

guides, test-driven development and continuous integration. We will also integrate a 

small RNA specific statistical package for analysis of differential gene expression and 

improved options for model and non-model organisms. We provide modularity and 

configurability through generation of partial workflows or running of individual steps and 

allowing a choice of aligner and differential expression tool.  

 

We recognize that there are many more features and improvements to be made in 

future versions of the software. We welcome suggestions, bug reports, and 

improvements through our GitHub repositories. The next major improvement will include 

integrating a simpler user-interface and interactive plotting tools to make exploratory 
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data analysis simpler and more engaging for users. Folding in more tools and allowing 

generation of more types of workflows with Nextflow [12] or SnakeMake [13] will also be 

implemented shortly.  

 

We also present the analysis of small RNA and mRNA populations of dissected 

germline tissue in C. elegans as an example dataset. While miRNAs often dominate 

small RNA populations in many organisms, tissue specific expression and other 

organisms may have varying degrees of different classes of small RNAs. In C. elegans 

germline tissue we detect very few miRNAs overall, but many other classes of small 

RNA are present. By analyzing all the data together, we can more accurately describe 

and normalize the miRNA population of the germline.  
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4. DISCUSSION 

Taken together, the work in this dissertation furthers our understanding of small RNA 

pathways and the roles of Argonautes in C. elegans. Additional analysis of small RNA 

pathways was performed in collaboration with multiple labs and formed the justification 

and basis for creating a new automated small RNA data analysis pipeline. We hope that 

this work helps accelerates discovery in small RNA research across fields. This chapter 

summarizes the main results and provides a discussion of the potential next steps in 

this body of work. 

 

4.1 SUMMARY 

We performed a comprehensive characterization of three miRNA-associated 

Argonautes of C. elegans, ALG-1, ALG-2, and ALG-5. We characterized T23D8.7/ALG-

5 for the first time, learning that it is a germ cell specific Argonaute that interacts with a 

subset of miRNAs. The small repertoire of miRNAs is likely due to the tissue-specific 

nature of expression. In normal conditions, alg-5 is required for proper timing of the 

switch from spermatogenesis to oogenesis, which leads to a reduction in progeny 

produced. The work also provides a comprehensive set of data related to miRNA 

pathways of C. elegans that will facilitate future studies. 

 

We created a simple set of tools and workflow for the automated analysis of small RNA 

sequencing data called AQuATx. It performs a full, end-to-end analysis aimed at users 

that are unfamiliar with bioinformatics tools, the command line, and/or programming. 
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This tool provides useful, basic functionality for exploration of small RNA sequencing 

data for bench scientists that are unable to dedicate the time to learn best practices for 

small RNA sequencing. The tool also provides modularity in terms of the scripts 

provided and can be run one step at a time. It is easily extended for additional 

functionality as a result. The tool development follows several software-engineering best 

practices that are often lacking in bioinformatics and this allows for simple future 

maintainability. 

 

4.2 FUTURE DIRECTIONS 

The work presented in this dissertation provide a foundation upon which future studies 

in our lab and others will build. First, there are many questions about the miRNA-

associated Argonautes left to be answered experimentally. Second, we provide a 

reproducible data analysis pipeline, reducing the time and difficulty involved in small 

RNA research, but that could benefit from improvements. As for myself, I am moving 

more into computational work and am less likely to work on any of this in particular, but 

would be happy if someone reading this picked up one of these possible projects. If 

anything, I may continue to develop and improve the relevant computational tools.  

 

4.2.1 The role of alg-5 and miRNAs in the germline 

There is growing interest in studying the function of miRNAs in the germline, where 

historically the focus has been on siRNAs and piRNAs. The mir-35 family has classically 

been the poster child of the germline miRNAs because they are highly abundant during 
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oogenesis and embryogenesis [1-3]. Few other miRNAs have been described as 

germline-enriched [4]. Interestingly, no evidence has emerged to suggest that ALG-1 or 

ALG-2 are expressed in the germ cells themselves, but some studies suggest they are 

instead restricted to the somatic gonad, including ALG-1 acting in the distal tip cells [5-

7]. ALG-5 might be the only miRNA-associated Argonaute specifically acting in 

proliferating germ cells. A recent study [8] showed that the mir-35 family regulates 

apoptosis through the MAPK pathway in the germline. They also suggest that a P 

granule protein, CGH-1, is involved in inhibition of ndk-1, which is required for proper 

germline development. Specifically inhibiting CGH-1 leads to excessive germ cell death 

[8]. While ALG-5 does seem to interact with the mir-35 family, it seems to preferentially 

bind other miRNAs. Although, one of the early hypotheses I had about the function of 

alg-5, involved the regulation of proper germ cell death because some miRNAs it bound 

and mRNAs that were differentially expressed in early data suggested it might target the 

MAPK apoptotic pathway that included many of the genes mentioned in the study. 

When I looked into performing apoptosis assays, the phenotypes were likely to be very 

subtle and normal conditions might make it difficult to quantify this role. Inducing 

genotoxic stress through ionizing radiation might “activate” ALG-5 and produce a 

measurable difference in its absence.  

 

In addition to genotoxic stress response, I also wondered about ALG-5 playing a larger 

role as a “responsive” Argonaute and that is why the effects it has under normal 

conditions are more modest. Perhaps under more stressed conditions, more interesting 
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phenotypes to study would emerge and would suggest that under normal conditions 

ALG-5 is dispensable, but under certain conditions it might be required for differing 

responses to protect the integrity of germ cells. We tested a few of these in the lab, 

such as osmotic stress, but the results were inconclusive. More investment in this might 

be worthwhile moving forward.  

 

Lastly, the actual targeting of ALG-5 might be an interesting area of study. ALG-5 does 

not have slicer activity like ALG-1 and ALG-2, although the requirement for this catalytic 

domain is questionable in C. elegans miRNA pathway. It would be interesting to see if 

anything changes in mutants where ALG-5 is given the catalytic DDH motif, in terms of 

the miRNAs it binds and what the effects are in the germline. Another recent, interesting 

study provides evidence that miRNAs of germ cells actually protect target mRNAs from 

degradation, differing from their normal function in the somatic tissue [9]. This provides 

an interesting avenue for exploring ALG-5 function, as this study also showed that 

target mRNAs are sequestered and localized next to P granules, dependent on GLH-1. 

And while this study did suggest that ALG-1 and ALG-2 were part of the germline 

miRISCs and were unable to detect ALG-5, they pulled down miRNAs enriched or 

depleted in glp-4(bn2) studies to determine what was “germ cell enriched” vs somatic 

[9]. This is not an ideal way to study the different tissues as enrichment might include 

differences in development of somatic gonad depending on the stage being compared. 

Thus, I believe that it would be interesting to study this phenomenon of mRNA 

localization by miRNA targeting through ALG-5, whether it interacts with GLH-1, and if 
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the mRNAs it targets are stabilized. This might also explain why few mRNAs are 

differentially expressed in alg-5 mutant animals, if the mRNAs are normally being 

stabilized, but in a dynamic way as the germ cell progress and mature.  

 

4.2.2 Why are alg-2 mutants long-lived? 

In the lab, we consistently observed that alg-2(ok304) mutants were long-lived at 

elevated temperatures. The Pasquinelli lab observed and published the same findings 

[7], but failed to identify a specific mechanism for the phenotype. In my time counting 

the brood sizes of the miRNA mutants, I noticed that alg-2 mutants were particularly 

frustrating to count because they would often disperse all over the plate, rather than 

sticking to the lawn as much as the other mutants or wild type. While we never 

quantified this observation, I believe that it is still a plausible explanation for their long 

lives. If the assay for measuring this lawn-leaving phenotype were performed and it was 

confirmed as significantly different from wild type, this would have made a nice second 

project for me had I been able to pursue it. 

 

In particular, I believe that the lawn-leaving phenotype is a direct consequence of the 

alg-2 mutation and the longevity phenotype is actually an indirect consequence. This 

behavioral phenotype is likely through a loss of miRNA regulation in neurons where 

ALG-2 is highly expressed, and ALG-1 is not [6, 7]. The longevity increases because 

the animals are moving around more instead of staying in the food, thus they are eating 

less. It has been well-documented that caloric restriction and insulin signaling play 
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important roles in lifespan extension [10]. Thus, I believe that any insulin changes in the 

animals are indirectly caused by caloric-restriction.  

 

The actual targets of ALG-2 could play a role in behavior and this is a much more 

interesting pathway for a miRNA-associated Argonaute to regulate because this 

indicates that gene expression is more responsive to environmental cues through small 

RNA regulation. In our mRNA-seq data for alg-2(ok304) mutants, there was an 

upregulation of neuropeptide-related genes, indicating that there are some potentially 

interesting genes ALG-2 could target. In particular, miR-71 has been shown to have 

roles in increasing lifespan through regulation within neurons [11]. Interestingly, a very 

recent study showed that miR-71 directly targets TIR-1 in olfactory neurons and affects 

odor perception, controlling chemotactic behavior in the animals [12]. We also showed 

that ALG-2 interacts with miR-71-5p (Chapter 2, Supplementary Table S2.4) and this 

could be, at least partly, why alg-2 seems to regulate lifespan. And while this 

mechanism and phenotype seems to be explained, this could still be an attractive 

project that directly shows this and how Argonautes might respond to environmental 

cues. 

 

4.2.3 RNAi and the study of small RNA pathways 

High-throughput RNAi studies of phenotypes are not always consistent with loss-of-

function mutation studies and it was recently shown that this is can be a greater concern 

with RNAi against small RNA pathway components [13]. This is consistent with a couple 
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of our own observations. First, alg-1 and alg-2 were identified as factors that shortened 

lifespan in original RNAi studies [14, 15], yet with a loss-of-function mutation in the 

gene, we observe that it is in fact long-lived [7]. However, this is more likely due to RNAi 

against alg-2 targeting alg-1 as well. Second, alg-5 was identified in an RNAi screen for 

factors involved in Cry5b toxin sensitivity [16] as well as an unpublished RNAi screen for 

sensitivity to the antibiotic geneticin. In our own studies and other labs, alg-5 loss-of-

function mutants do not display this hypersensitivity to drug or toxin treatment. Now, 

there are a couple potential areas to explore as to why this is. One could look into 

specifically, the reason alg-5 is only hypersensitive as a result of RNAi or into how RNAi 

against small RNA factors cause unintended consequences. One potential way to study 

this is to consider the fact that all systems are resource-limited. Multiple small RNA 

pathways utilize the same components for biogenesis and action, thus provide a limiting 

factor for each pathway. With so many different small RNA pathways co-existing in the 

germline, perhaps alg-5 is normally competing with exogenous RNAi factors and this 

plays a role in why RNAi against alg-5 leads to hypersensitivity to toxins, but a genomic 

deletion does not. In wild type worms, alg-5 might act to protect against invading toxins 

alongside some other germline small RNA factor. When alg-5 is deleted in a mutant, 

this other factor is able to pick up the slack in responding to toxins. However, when alg-

5 is depleted by RNAi, this other factor is resource-limited because exogenous RNAi 

“wins” the resources and becomes susceptible to toxin infection as a result. Studying 

this might require more complex understanding of stochasticity and dynamics of 
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biological systems to fully tease out. This, however, could make for an interesting 

project on how small RNAs of the germline are poised to react to their environment. 

 

4.2.4 Improvements to AQuATx 

The software presented at the time of this dissertation writing is a tool with fairly basic 

functionality. Implementation of software-engineering best practices was a large focus 

during development in order to allow future students and outside contributors to improve 

the software over time without much difficulty. Thus, there are several features and 

improvements that immediately come to mind that can be addressed within the time to 

final publication, not discussed here, as well as beyond that for any interested incoming 

students.  

 

An obvious addition is to implement small RNA specific, third-party tools for: 1) small 

RNA discovery, 2) predicting mRNA targets, 3) creating sRNA-mRNA interaction 

networks, 4) RNA modification analysis – isoforms, tailing, etc. These tools are often 

desired in a more tailored analysis, but can be difficult to install or implement for many 

without the appropriate experience. They would be simple to fold into the existing 

pipeline as an extra, optional set of steps. For someone more interested in 

computational biology, this could be a good starter or rotation project to simply collect all 

the tools that exist in this area then install, use, and compare them among multiple 

standard datasets. Figuring out the best tools and the optimal parameters is an 

important step in workflow development. Adding in custom tools that fill a missing need 
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after this analysis can be another extension – including better, more specific analysis 

and visualizations. Such benchmarking and tool creation could even be a separate 

publication outside of folding these tools into the existing pipeline.  

 

One simple, but time-consuming addition that has been in our minds from the beginning 

is to provide databases and pre-configuration for analyzing small RNAs from model 

organisms, so users don’t have to provide their own small RNA annotations. Creating 

more options in terms of tools that can be run (such as STAR) in place of others would 

likely be beneficial to more experienced computational biologists. Creating tools for 

users that lack reference genomes would likely be a popular addition, but more difficult 

to implement properly. One option for de novo analysis of such datasets would include 

implementing clustering algorithms for sequences with associated downstream analysis 

and comparison to related, known small RNAs from miRBase [17], for example. Another 

improvement is to intelligently assign multi-mapping reads, which is potentially complex 

simply due to the nature of the problem – how do we know where a small RNA derives 

from, with any certainty, given two locations in the genome? If there are no additional 

clues, such as nearby single-mapping alignments, it seems unlikely that we can assign 

reads with a high-level of confidence. 

 

Lastly, there are several bottlenecks in the pipeline that could be improved for 

performance through rewrite in C/C++, the removal of R dependencies, better 

parallelization, and more. The dashboard is built with R Shiny due to simplicity of 
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implementation, but this dependency on R could also be removed to make it easier for 

end-users to install. However, these tasks are more of an undertaking and likely of less 

interest to a biologist or even a computer scientist since it is not an interesting scientific 

problem, but a product-oriented software development one.  

 

Final Remarks 

There are many areas in the small RNA world to explore, both experimentally and 

computationally. If you spent much time with me in the lab, you know I had a tendency 

to go down hypothesis rabbit holes for nearly everything I did, so I hope to someday see 

some of these confirmed, ideally without having to do any of the work myself. Best of 

luck to future students in the field that might be reading this. 
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APPENDIX I.  

 

S2.1 Supplementary Material for Chapter 2 

Sequencing data was published in GEO under accession GSE98935. Supplementary 

tables are attached online alongside this dissertation as an Excel spreadsheet. 

Appendix I contains all supplementary figures referenced in Chapter 2. 

 

Supplementary data for Chapter 2 can also be found at NAR online: 

https://academic.oup.com/nar/article/45/15/9093/3883740 
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Supplementary Figure S2.1. ALG-5 is required for optimal fertility. (A) Average read 
distribution across alg-5 in wild type and alg-5(tm1163) and alg-5(ram2) mutants. (B) 
Predicted protein domains of ALG-5 and ALG-5tm1163 and ALG-5ram2 (deletion allele) 
fused to GFP::3X-FLAG. (C) Number of viable progeny produced by alg-5(tm1163) 
(n=15) grown at 20°C. (D) Proportions of wild type and alg-5(ram2) mutant animals with 
oocytes formed at 56-61 hours post-L1 synchronization (n=~25-50). Two of three 
independent experiments are shown. Experiment 1 is in Figure 2.1. 
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Supplementary Figure S2.2. alg-5 is expressed in the germline. (A) Representative 
images of GFP expressed from a transcriptional reporter for alg-5 activity (alg-5(ram2)) 
in which the endogenous alg-5 coding sequence was replaced with GFP sequence. (B) 
The alg-5(tm1163) allele produces a stable protein when fused to GFP. Three different 
alg-5 alleles are shown: the transcriptional reporter described in A (GFP::alg-5ram2); a 
translational reporter for wild type ALG-5 (GFP::alg-5) in which GFP was introduced in 
frame with alg-5 coding sequence in wild type animals; and a translational reporter for 
mutant ALG-5 produced from alg-5(tm1163) (GFP::alg-5tm1163) in which GFP was 
introduced in frame with alg-5 coding sequence in the partial deletion allele alg-

5(tm1163). Upper panels are GFP fluorescence and lower panels are DIC images of the 
germline regions of living animals. 
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Supplementary Figure S2.3. HA::ALG-5-miRNA interactions. (A) Enrichment of 
miRNAs, piRNAs, and siRNAs in HA::ALG-5 co-IP relative to input as determined by 
high-throughput sequencing.  The inset blot image is a western blot assay of HA::ALG-5 
from cell lysates (input, in) and co-IPs (IP) used for small RNA isolation and 
sequencing. ~0.2% starting material equivalents for the input fractions and ~5% starting 
material equivalents for the co-IP fractions were run on the gel for the Western blot. (B) 
The relative proportions of each class of small RNAs in input and co-IP fractions. (C) 
miR-250-3p normalized reads (RPM) in alg-5(tm1163) and alg-5(tm1163); HA::alg-5 
relative to wild type. 
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Supplementary Figure S2.4. Small RNA interactors of HA:ALG-1 and HA::ALG-2. (A) 
A western blot assay of HA::ALG-1 and HA::ALG-2 from cell lysates (input, in) and co-
IPs (IP) used for small RNA isolation and sequencing. ~0.3% starting material 
equivalents for the input fractions and ~5% starting material equivalents for the co-IP 
fractions were run on the gels for Western blots. (B) Enrichment of miRNAs, piRNAs, 
and siRNAs in co-IPs of HA::ALG-1, HA::ALG-2, and HA::ALG-2 under the alg-1 
regulatory elements relative to cell lysate input fractions as determined by high-
throughput sequencing. (C) The relative proportion of each class of small RNAs in input 
and co-IP fractions. (D) Normalized reads (RPM) for all annotated miRNAs relative to 
wild type animals in alg-1(gk214) and HA::alg-1; alg-1(gk214) (left panel). RPM for all 
miR-35-42 family miRNAs in alg-2 (ok304) and alg-2(ok304); HA::alg-2 relative to wild 
type animals (right panel). (E) alg-2(ok304) additivity with a mir-35 family mutant. 
Frequency of the alg-2(ok304) mutation in segregating animals. Animals containing the 
mir-35-41(nDf50) mutation were crossed with animals containing the alg-2(ok304) 
mutation. An F1 animal homozygous for mir-35-41 and heterozygous for alg-2 was 
selected and its progeny expanded over several generations and then individual adult 
animals were genotyped (n=45). Error bars represent standard deviations. 
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Supplementary Figure S2.5. mRNA-seq of alg-1 and alg-2 mutants. (A) The proportion 
of all genes and genes misregulated in alg-5(ram2) mutants that contain 7-mer or 8-mer 
target sites for GFP::ALG-5-associated miRNAs. (B) Average read distribution across 
alg-1 in wild type and alg-1(gk214) mutants. (C) Average read distribution across alg-2 

in wild type and alg-2(ok304) mutants. (D) The proportion of all genes and genes 
misregulated in alg-1(gk214) mutants that contain 7-mer or 8-mer target sites for 
HA::ALG-1-associated miRNAs. (E) The proportion of all genes and genes misregulated 
in alg-2(ok304) mutants that contain 7-mer or 8-mer target sites for HA::ALG-2-
associated miRNAs. 
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Supplementary Figure S2.6. Functional overlap of ALG-5, ALG-1, and ALG-2. (A) 
Numbers of viable progeny produced by wild type (n=27), alg-5(ram2) (n=27), alg-

2(ok304) (n=27), and alg-5(ram2); alg-2(ok304) (n=27) at 25˚C. (B) Numbers of viable 
progeny produced by alg-1(gk214) (n=36) alg-5(ram2); alg-1(gk214) (n=36) at 25˚C. (C) 
Proportion of wild type, alg-1(gk214), and alg-2(ok304) animals to reach gravid 
adulthood by 96 hours at 20°C when treated with vector (L4440), alg-1, or alg-2 RNAi. 
Bars depict average proportion in two replicates and error bars represent standard 
deviations. 
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APPENDIX II  

 

Supplementary Material for Chapter 3 

The full user and installation guide for AQuATx v0.1 is written here, as well as a short 

summary of v0.1, v0.5, and v1.0 major milestones. Example inputs, brief output 

descriptions (examples in Chapter 3), and short summaries with links to additional 

scripts that could be used or further developed are described. Appendix II contains all 

supplementary information for Chapter 3. 
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S3.1 AQUATX USER GUIDE (v0.1) 

This user guide is for the currently published v0.1 of AQuATx online 

(https://github.com/MontgomeryLab/aquatx-srna). The user guide will be uploaded and 

available online accessible through the main GitHub repository README or within the 

wiki (https://github.com/MontgomeryLab/aquatx-srna/wiki). Chapter 3 also describes 

v0.5 of AQuATx, currently under development. The progress may be checked via the 

project board (https://github.com/MontgomeryLab/aquatx-srna/projects/1). All issues, 

feature enhancements, pull requests, and future projects will be available on the GitHub 

repository. 

 

S3.1.1 MAJOR VERSION SUMMARIES 

v0.1 represents a basic analysis pipeline with minimal testing. The data can be 

processed from raw fastq file inputs to differentially expressed gene tables, raw and 

normalized counts of features and classes, size and length distribution counts, and run 

statistics. Plots can be created via the plotter script separately. 

 

v0.5 folds in the updated plotter into the end-to-end workflow. It also allows for 

additional file format support at various steps, more modular workflow configuration, 

sanity checks for configuration, better data management and organization, and robust 

testing for validity and robustness. Bioconda installation recipes will be created for v0.5. 
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v1.0 does not yet have specific milestones or checklists to completion, but suggested 

additions are described in Chapter 3 that could become part of v1.0. The main goal of a 

v1.0 is to release a well-tested, stable version that is feature rich and robust. Well-tested 

includes testing on multiple platforms, good code coverage of tests, testing with multiple 

organisms.  

 

S3.1.2 PRE-REQUISITES AND INSTALLATION (v0.1) 

The basic AQuATx pipeline for small RNA analysis depends on Python3 (tested for 3.6), 

numpy, pandas, matplotlib, HTSeq, fastp, bowtie, R, and DESeq2. To install the pipeline 

it is also easiest to install with conda, otherwise you'll likely need to install each tool 

separately. Conda will also allow you to set up a virtual environment to reduce version 

conflicts of dependencies. If you run into an xcrun error, such as an invalid active 

developer path on MacOS, please make sure you have XCode developer tools installed 

and try again. 

 

Install conda 

To install conda you can either download and follow instructions for: 

Anaconda (https://www.anaconda.com/distribution/), which comes packaged with a few 

dependencies already or miniconda3 (https://docs.conda.io/en/latest/miniconda.html), 

which doesn't install unnecessary packages. If you already have conda installed and 

you run into issues with installation of the software, it might be an issue with the conda 
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install. Please reinstall conda and try again if you get errors related to: pip installation, 

packages not being found.  After installation, please upgrade conda using: 

# update conda 
conda update –n base conda 

 

(Optional) Set up a virtual environment 

A suggested, optional step is to use conda to set up a virtual environment using: 

# create a new environment for aquatx 
conda create –n aquatx 
 
# activate the environment for next steps 
conda activate aquatx 

 

If you have an error at this step, try the following command: 

# activate the environment for next steps 
source activate aquatx 

 

Once this is complete, when using AQuATx you’ll need to activate the environment and 

deactivate it at the end. This allows the tool to live in an environment separated from 

other tools and dependencies that might create conflicts. To deactivate the environment 

after running use: 

# deactivate aquatx environment 
conda deactivate aquatx 

 

Install R & DESeq2 

Since there are some known conflicts with installing R via conda, I recommend you 

install it yourself first from CRAN (https://www.r-project.org/) and DESeq2 
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following instructions in Bioconductor 

(https://bioconductor.org/packages/release/bioc/html/DESeq2.html). 

 

Install AQuATx 

To install AQuATx & the remaining dependencies use the following code snippet: 

# Clone the repository into a local directory 
git clone https://github.com/MontgomeryLab/aquatx-srna.git 
cd aquatx-srna 
 
# Install dependencies using conda 
conda install -c bioconda --file requirements.txt 
 
# Run the aquatx setup script 
python setup.py install 

 

This code should install everything successfully and if it does not, please report 

installation issues here: https://github.com/MontgomeryLab/aquatx-srna/issues 

 

You might also want to remove the downloaded directory. First move to the parent 

directory then remove the folder. You can also delete the folder from the OS directory 

browser.  

# Remove downloaded files 
cd .. 
rm –rf aquatx-srna 

 

The version you have downloaded and installed will be the latest developer version, aka 

the software which has not necessarily been released. Thus, if you are following this 

guide post-v0.1, you won’t be getting v0.1 and the remaining user guide may not relate 

to the tool you just installed. This version will always be the one to clone for those that 
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wish to add new changes to the repository (and that have write permissions – please 

fork the repository if you do not). If we are in v0.5, please read the updated README on 

the GitHub repository for the latest stable version installation instructions.  

 

S3.1.3 USING THE END-TO-END WORKFLOW 

There are several ways to use the pipeline, the simplest of which is to run an end-to-end 

analysis of raw fastq sequencing data files. Each independent step can also be used 

and run independently of other steps, but this is a more complex interface to the tools in 

v0.1. First the end-to-end analysis workflow will be described, followed by how to use 

individual steps. To use the software, you need to modify the input file templates 

provided. The files can be downloaded from the GitHub page or can be copied fresh by 

running from the command line: 

aquatx get-template 

 

This will copy the 3 files needed for configuring a workflow run with the software. There 

is the main configuration file, a sample table, and a reference table.  

 

1. Main configuration file  

The main configuration file is written in a standard YAML format. The file contains the 

main options that are required to be modified before use, as well as optional changes to 

default settings that can be made. The document is separated with commented headers 

and descriptions of each option. A sample configuration is given in Box S3.1. Not all 

options are implemented in v0.1. Commented sections are not read by the software and 
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are denoted at each line beginning with the “#” symbol and are colored blue for this 

example in Box S3.1. YAML files are often used to store metadata and make a good 

standard format for configuration files because they use a key-value pair system (like 

JSON, but formatted differently) that can be read and parsed by Python tools as a 

dictionary. The keys in this file are highlighted with bolding, followed by a ‘:’. The 

formatting of the text is used in this appendix to allow for easy reading, but the actual 

input file is a plain text file. Some settings are optional and commented out, but may be 

uncommented if the user wishes to set them.  

 

The first section “AQuATx Configuration”. This is the main metadata for the run to keep 

track of how the workflow was configured, an important aspect of data provenance and 

reproducibility. If this section is not filled out then the software automatically fills in the 

information it can gather, such as the run date and time, and uses that to build a run 

identifier. Once the configurations are modified, you can rename this file to have an 

appropriate name description for your experiment. If you do not rename the file, a copy 

will be created with a name using this “run_prefix” value. The next section is mandatory 

and points AQuATx to the other input files, the sample table, reference table, and 

reference files (genome and annotation). Beyond this section, defaults are set according 

to what we believe will optimally process small RNA sequencing data. These can be 

changed, but do not need to be. Additionally, some options are not to be modified (as 

noted) and will be filled in automatically by the software to use during the run. The tool 

will use a new input configuration that contains all the file information so that the run 
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metadata can be recorded. More options may be added by creating new, unused key-

value pairs following this format. 

 

Box S3.1 run_config_template.yml 
 
######----------------------------- AQuATx Configuration -----------------------------###### 
# 
# For reproducibility purposes, if you do not rename this file, we will make a copy 
# with current run time and date information.  
#  
# Please rename this file with identifying information if you wish to trace back your run.  
# If you would like to add run time information, you may add it here.  
# 
# 
# 
# 1. Add a username here to identify the person creating the runs, if desired for record keeping 
# 2. Please add a final run directory to store files - otherwise it will be generated based on 
#    initial run time and date (with added option username).  
# 3. Please add a final run output prefix to label run-specific summary reports - otherwise 
#    it will be generated based on initial run time and date (with added optional username). 
# 
######-------------------------------------------------------------------------------###### 
 
user: 'kristen' 
run_directory: ' '  
run_prefix: 'germline_seq' 
run_date: '' 
run_time: '' 
 
######################  MAIN INPUT FILES FOR ANALYSIS ###################### 
# 
# Edit this section to contain the sample sheets with file information to use in the 
# workflow. If you want to use DEFAULT settings for the workflow, this is all you need to 
# edit before running the workflow.  
# 
# Directions: 
# 1. Fill out the sample sheet with files to process + naming scheme. [sample_sheet_template.csv] 
# 2. Fill out the reference sheet with reference files and corresponding optional masks 
[reference_sheet_template.csv] 
# 3. Rename the files and list them here. If you DO NOT rename them, they will be renamed for you.   
# 4. Add an output identifier for summary files and databases 
#  
######-------------------------------------------------------------------------------###### 
  
##-- Relative path to sample & reference sheets --## 
sample_sheet_file: 'extras/sample_sheet_template.csv' 
reference_sheet_file: 'extras/reference_sheet_template.csv' 
 
##-- The prefix for your bowtie index, include relative path --## 
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ebwt: 'tests/testdata/references/c_elegans_ws230' 
 
##-- If True: run bowtie-build to index the genome --## 
run_idx: False 
 
##-- Number of threads for multi-threaded programs --## 
threads: 2 
 
##-- Final output file prefixes for overall run --## 
##-- If none given, run_prefix is used (default: date_time_aquatx) --## 
output_prefix: '' 
 
######---------------------TRIMMING AND QUALITY FILTER OPTIONS ----------------------###### 
# 
# We use the program fastp to perform: adapter trimming (req), quality filtering (on),  
# and QC analysis for an output QC report. See https://github.com/OpenGene/fastp for more 
# information on the fastp tool. We have limited the options available to those appropriate 
# for small RNA sequencing data. If you require an addition option, create an issue on the 
# pipeline github: https://github.com/biokcb/smallRNA/issues 
#  
# We have specified default parameters for small RNA data based on our own "best practices". 
# You may change the parameters here. 
# 
######-------------------------------------------------------------------------------###### 
 
##-- Adapter sequence to trim --## 
adapter_sequence: 'auto_detect' 
  
##-- Minumum & maximum accepted lengths after trimming --## 
length_required: 15 
length_limit: 30 
 
##-- Minimum phred score for a base to pass quality filter --## 
qualified_quality_phred: 15 
 
##-- Minimum % of bases that can be below minimum phred score (above) --## 
unqualified_percent_limit: 0 
 
##-- Minimum allowed number of bases --## 
n_base_limit: 1 
 
##-- Compression level for gzip output --## 
compression: 4 
 
###-- Unused option inputs: Remove '#' in front to use --### 
##-- Trim poly x tails of a given length --## 
#trim_poly_x: false 
#poly_x_min_len: 0 
 
##-- Is the data phred 64? --## 
#fp_phred64: False 
 
##-- Turn on overrepresentation sampling analysis --## 
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#overrepresentation_sampling: 0  
#overrepresentation_analysis: false 
 
##-- If true: don't overwrite the files --## 
#dont_overwrite: false 
 
##-- If true: disable these options --## 
#disable_quality_filtering: false 
#disable_length_filtering: false 
#disable_adapter_trimming: false 
 
###-- These options are generated from sample sheet --### 
# input fastq files 
in_fq: '' 
# output, cleaned fastq files 
out_fq: '' 
# output reports 
report_title: '' 
 
######--------------------------- READ COLLAPSER OPTIONS ----------------------------###### 
# 
# We use a custom Python script for collapsing duplicate reads for now. There are only a  
# couple options and we recommend using the default (keep all reads).  
# 
# We have specified default parameters for small RNA data based on our own "best practices". 
# You may change the parameters here. 
# 
######-------------------------------------------------------------------------------###### 
 
##-- Min. num of duplicate sequences required to keep --## 
threshold: 1 
 
##-- If True: write the sequences below threshold to a file --## 
keep_low_counts: False 
 
###-- These options are generated from sample sheet --### 
# output filenames 
uniq_seq_file: '' 
 
######------------------------- BOWTIE2 ALIGNMENT OPTIONS ---------------------------###### 
# 
# We use bowtie2 for read alignment to a genome.  
# 
# We have specified default parameters for small RNA data based on our own "best practices". 
# You may change the parameters here. 
# 
######-------------------------------------------------------------------------------###### 
 
##-- Max allowed num of mismatches --## 
end_to_end: 0 
 
##-- If True: report all alignments --## 
all: True 
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##-- Set a random seed for alignment --## 
seed: 0 
 
##-- If True: supress sam records for unaligned reads --## 
no_unal: True 
 
##-- If True: input files are fasta --## 
fasta: True 
 
##-- If True: output a sam file instead of stdout --## 
sam: True 
 
###-- Unused option inputs: Remove '#' in front to use --### 
##-- If true: do not align to reverse-compliment reference --## 
#norc: False 
 
##-- If True: do not align to forward reference --## 
#nofw: False 
 
##-- If True: input quality scores are Phred64 --## 
#bt_phred64: False 
 
##-- If True: input files are fastq --## 
#fastq: False 
 
##-- Number of alignments to report --## 
#k_aln: 100 
 
##-- Number of bases to trim from 5' or 3' end of reads --## 
#trim5: 0 
#trim3: 0 
 
##-- If True: input files are solexa or solexa 1.3 quality --## 
#solexa: false 
#solexa13: false 
 
###-- These options generated from sample & reference sheet --### 
# bowtie index files 
bt_index_files: '' 
# output alignment file names 
outfile: '' 
#unaligned read file names 
un: '' 
 
######--------------------------- FEATURE COUNTER OPTIONS ---------------------------###### 
# 
# We use a custom Python script that utilizes the HTSeq API to count small RNA reads.  
# 
# 
######-------------------------------------------------------------------------------###### 
 
##-- If True: save intermediate table with all information --## 
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intermed_file: False 
 
###-- These options generated from sample & reference sheet --### 
# output file prefix 
out_prefix: '' 
# reference gffs 
ref_annotations: '' 
# mask gffs 
mask_annotations: '' 
# turn on/off counting antisense alignments 
antisense: '' 
 
######--------------------------- MERGE SAMPLES OPTIONS ---------------------------###### 
# 
# We use a custom Python script to merge outputs of the counter for further processing. 
# 
# 
######-------------------------------------------------------------------------------###### 
 
##-- These options are generated with output_prefix --## 
output_file_stats: '' 
output_file_counts: '' 
 
 
######---------------------- NORMALIZATION AND STATISTICS OPTIONS -------------------###### 
# 
# We use a custom Python script for read normalization and statistical analysis  
# (differential gene expression) based on statistical methods developed in [ref]. If you  
# do not want to use this method and would prefer to use a method such as DESeq2 in R, 
# set use_smrna_stats to False and your output will end at the counts step. 
# 
# We have specified default parameters for small RNA data based on our own "best practices". 
# You may change the parameters here. 
# 
######-------------------------------------------------------------------------------###### 
 
##-- If True: use zero-inflated model for normalization and DEG calling --## 
use_smrna_stats: False 
use_deseq: True 
 
######-------------------------------- PLOTTING OPTIONS -----------------------------###### 
# 
# We use a custom Python script for creating all plots. The default base style is called 
# 'smrna-light'. If you wish to use another matplotlib stylesheet you may specify that here 
# (i.e. ggplot or seaborn-white). You may also specify color palettes built into matplotlib 
# if you do not wish to use 'smrna-light' defaults. 
# 
# We have specified default parameters for small RNA data based on our own "best practices". 
# You may change the parameters here. 
# 
######-------------------------------------------------------------------------------###### 
 
create_pdf: True 
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2. Sample table 

The next main input is the sample table, where all the sample files to be processed are 

described. An example input is in Table S3.1 as it might look opened in a program like 

Microsoft Excel. The file is a comma-separated values (CSV) file that can be edited and 

saved in GUI applications like MS Excel, but can also be modified using code or other 

tools. The rows must correspond correctly for the tool to work. Each sample file listed in 

the first column needs to have a relative path from where the tool will be run or an 

absolute path. Then in the second column should be a descriptor for the sample, such 

as “wild_type” that can be used to group files into sample groups for later comparison. 

Column three should contain the replicate number for that sample so that biological 

replicates can be grouped for normalization and statistical analysis.  

 

Supplementary Table S3.1 sample_sheet_template.csv 
Input FastQ/A Files Sample/Group Name Replicate number 

tests/testdata/gonad_seq_full_set/KB1_raw.fastq wild_type 1 

tests/testdata/gonad_seq_full_set/KB2_raw.fastq ram2 1 

tests/testdata/gonad_seq_full_set/KB3_raw.fastq ne219 1 

tests/testdata/gonad_seq_full_set/KB5_raw.fastq wild_type 2 

tests/testdata/gonad_seq_full_set/KB6_raw.fastq ram2 2 

tests/testdata/gonad_seq_full_set/KB7_raw.fastq ne219 2 
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3. Reference table 

The final input file is the reference table. This file tells AQuATx how to count small RNA 

features. Column one contains the paths (relative or absolute) to the reference 

annotation files in GFF3 files. The reference files should contain the class information in 

the third column, as this is used by AQuATx to determine class. The second column is 

used to point the tool to the “mask” reference GFF3 files, such that features are 

assigned appropriately. For instance, if a miRNA overlaps with a CSR-1 target feature 

(row 2), the alignment is not counted toward CSR-1, because the miRNA is used as a 

“mask”. The third column is used to indicate if the features should count both antisense 

and sense read alignments, as some small RNA features might derive from both. The 

v1.0 version will likely have updated this input to allow for a single reference annotation 

input and have an alternate, automated method of masking and counting antisense 

reads.  

 

Supplementary Table S3.2 reference_sheet_template.csv 
Reference Annotation Files Reference Mask Annotation Files Also count 

antisense? 

tests/testdata/fixed_21U.gff None FALSE 

tests/testdata/fixed_CSR-
1_Targets_All.gff 

tests/testdata/fixed_miRNAs_4nt.gff TRUE 

tests/testdata/fixed_miRNAs_4nt.gff None FALSE 

tests/testdata/fixed_mut-
16_targets_ws230.gff 

tests/testdata/fixed_miRNAs_4nt.gff TRUE 
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Running the end-to-end analysis 

Once the input files are modified they can then be used as input to the software. To run 

the end-to-end analysis, use the following command: 

aquatx run --config <path/to/run_config_template.yml> 

 

Where <path/to/run_config_template.yml> is replaced by the path to the run conflict file 

modified for the run. This command will attempt to run the entire pipeline based on the 

configuration file information. The pipeline first updates the configuration file given to 

contain all the right input lists for downstream tools. Then it runs the workflow using 

cwltool. If you wish to use a different workflow engine, you may generate the CWL files 

for the workflow and the tools using: 

aquatx setup-cwl --config <path/to/run_config_template.yml> 

 

This will copy all the necessary CWL files to the current directory under the folder “cwl”, 

with the workflow under “cwl/workflows” and tools under “cwl/tools” as well as create the 

input YAML file for running the workflow. AQuATx will also then print the configuration 

file name to stdout so you may find it. Together, these scripts and inputs can be used to 

run the entire workflow or independent steps using any CWL implementation, such as 

CWLEXEC. 

 

S3.1.4 USING INDIVIDUAL STEPS AS STANDALONE TOOLS 

If instead, you would like to run individual steps instead of the entire end-to-end 

workflow, you can get a copy of all the CWL files necessary to run each step using the  
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previously described command:  

aquatx setup-cwl --config None 

 

With the configuration specified as “None” to indicate you would like to configure the 

workflow differently. This will then simply create a copy of the tools in your current 

directory. Now you may use cwltool to run individual steps as well as create templates 

for inputs. This requires a little more knowledge on using CWL and/or cwltool described 

here: https://github.com/common-workflow-language/cwltool 

 

To create a template for fastp from within the same directory the files are copied to, run 

the following command: 

cwltool --make-template cwl/tools/fastp.cwl > fastp_input.yml 

 

This will create a new file called “fastp_input.yml” that contains all possible inputs to the 

fastp.cwl wrapper. These will then need to be modified to contain appropriate settings 

for running fastp. This tool can be used to run on one input fastq file at a time. So to run 

many you will need to create an appropriate script to submit all as separate jobs or to 

run them over a loop. Once the configuration is setup, you can use the following 

command to run the tool with cwltool: 

cwltool cwl/tools/fastp.cwl fastp_input.yml 

 

This can be similarly done for each individual step where there is a CWL tool wrapper. 

CWL workflows can also be created or modified from the original end-to-end workflow if 
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you know CWL (user guide: https://www.commonwl.org/user_guide/)1. The RABIX 

composer (http://rabix.io/) can also be used to link tools together into a workflow using a 

GUI application for easier building of workflows. AQuATx v0.5 will have the ability to 

more easily run single steps across many samples and to specify sub-workflows. 

Additionally, as of a recent set of updates to Snakemake, individual CWL scripts can be 

run as part of Snakemake workflows as independent rules. Thus, if one wishes to just 

fold in one tool from AQuATx into their workflow, this should be straightforward with the 

CWL wrappers.  

 

If one does not wish to use the CWL wrapper, each step in AQuATx we created can be 

called as a standalone tool as well. Third-party tools such as fastp and bowtie have their 

own user guides as well and can be run separately if desired. The inputs and outputs to 

AQuATx-specific tools should work with the inputs and outputs of third-party tools if one 

does not use fastp/bowtie for processing data. Each command has specified input 

arguments that can be found using a “help” flag. As long as the tool is installed as 

described above these commands will work, but each is also a Python script under the 

“aquatx/srna” folder of the GitHub repository and may be run using Python. All scripts 

can be imported as modules as well, for additional customization or running chunks of 

code within a Jupyter notebook, for example. Use Python’s help() function to list all the 

functions in each module and their docstrings for information on using them. 

 

																																																								
1 I also contributed to the user guide documentation of CWL for parallel processing of inputs and believe 
the explanations given in the user guide are generally sufficient for advanced users.  
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Counting & collapsing duplicate reads 

This is the second step of the end-to-end workflow. The trimmed & filtered data is 

collapsed to unique sequences only, but duplicate counts are tracked in the output fasta 

header file. 

Command to print help: 

aquatx-collapse –h 

 

Output of help command: 

usage: aquatx-collapse [-h] -i FASTQFILE [-o OUTPUTFILE] [-t THRESHOLD] 
                       [-k FILENAME] 
 
optional arguments: 
  -h, --help            show this help message and exit 
  -i FASTQFILE, --input-file FASTQFILE 
                        input fastq file to collapse 
  -o OUTPUTFILE, --out-file OUTPUTFILE 
                        output file name to use 
  -t THRESHOLD, --threshold THRESHOLD 
                        number of sequences needed to keep in final fasta file 
  -k FILENAME, --keep-low-counts FILENAME 
                        keep sequences not meeting threshold in a separate file 
 

 

The functions of this script can also be imported within a Python script or Jupyter 

notebook using: 

import aquatx.srna.collapser 

 

Assigning counts to small RNA features 

This tool assigns counts to reference features and classes. It also tracks the overall 

alignment and feature statistics. In the end-to-end workflow this step occurs immediately 

after alignment. 
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Command to print help: 

aquatx-count –h 

 

Output of help command: 

usage: aquatx-count [-h] -i SAMFILE -r GTFFILE [GTFFILE ...] 
                    [-m MASKFILE [MASKFILE ...]] [-o OUTPUTPREFIX] 
                    [-a ANTISENSE [ANTISENSE ...]] [-t] 
 
optional arguments: 
  -h, --help            show this help message and exit 
  -i SAMFILE, --input-file SAMFILE 
                        input sam file to count features for 
  -r GTFFILE [GTFFILE ...], --ref-annotations GTFFILE [GTFFILE ...] 
                        reference gff3 files with annotations to count. 
  -m MASKFILE [MASKFILE ...], --mask-file MASKFILE [MASKFILE ...] 
                        reference gff3 files with annotations to mask from 
                        counting. 
  -o OUTPUTPREFIX, --out-prefix OUTPUTPREFIX 
                        output prefix to use for file names 
  -a ANTISENSE [ANTISENSE ...], --antisense ANTISENSE [ANTISENSE ...] 
                        also count reads that align to the antisensestrand and 
                        store in a separate file. 
  -t, --intermed-file   Save the intermediate file containing all alignments 
                        andassociated features. 
 

 

The functions of this script can also be imported within a Python script or Jupyter 

notebook using: 

import aquatx.srna.counter 

 

Merging output files 

This tool runs after aquatx-count in the end-to-end workflow and merges the outputs 

into a single table. There is more than one mode and it is run twice in the current v0.1 

workflow. 
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Command to print help: 

aquatx-merge –h 

 

Output of help command: 

usage: aquatx-merge [-h] -i FILE [FILE ...] -o OUTPUT -s NAMES [NAMES ...] -m 
                    MODE 
 
optional arguments: 
  -h, --help            show this help message and exit 
  -i FILE [FILE ...], --input-files FILE [FILE ...] 
                        input count files to merge for processing 
  -o OUTPUT, --output-file OUTPUT 
                        output filename 
  -s NAMES [NAMES ...], --sample-names NAMES [NAMES ...] 
                        associated sample names for input files given 
  -m MODE, --mode MODE  mode for merging: counts, stats, or unique seq files 
 

 

The functions of this script can also be imported within a Python script or Jupyter 

notebook using: 

import aquatx.srna.merge_samples 

 

DESeq2 wrapper 

This wrapper script can be used as an independent executable as well, but was created 

to specifically work with the outputs of the AQuATx tool. The command installed is: 

aquatx-deseq 

 

Running the command without input arguments will yield information about the inputs 

required. This is a custom, primitive argument parser written in R and while there is 

error-handling, it is best to be used with the workflow and following the instructions 

exactly. 
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No arguments given. The following arguments are accepted: 
   
    --input-file <count_file> 
           A text file containing a table of features x samples of the run to                           
    process by DESeq2. The count output of aquatx-merge is expected    
           here. 
  
    --outfile-prefix <outfile> 
           Name of the output files to write. These will be created: 
               1. Normalized count table of all samples 
               2. Differential gene expression table per comparison 
  
 

 

This tool expects that the input table columns are labeled following this format: 

“samplegroup_replicate_num” in order to automatically make all pairwise comparisons 

using DESeq2. 

 

Plotting the outputs 

The plotter tool will be assigned an entry-point command once folded into the full 

workflow in v0.5 and will be similarly usable under the following command: 

aquatx-plotter -h 

 

Output of help command: 

usage: aquatx-plotter [-h] -i DATAFILE [DATAFILE ...] -o OUTFILE -m MODE 
                         [MODE ...] [-s PLOTSTYLE] [-c PLOTCOLOR] 
 
optional arguments: 
  -h, --help            show this help message and exit 
  -i DATAFILE [DATAFILE ...], --input-files DATAFILE [DATAFILE ...] 
                        input files with data from final merged tables 
  -o OUTFILE, --out-prefix OUTFILE 
                        prefix to use for output PDF files. If mode=all/by- 
                        sample, sample.names will also be appended to the 
                        prefix. 
  -m MODE [MODE ...], --data-types MODE [MODE ...] 
                        List of data types corresponding to input files. 
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                        Options: raw_counts, norm_counts, degs, len_dist, 
                        class_counts 
  -s PLOTSTYLE, --style PLOTSTYLE 
                        plotting style to use. Default: smrna-light. 
  -c PLOTCOLOR, --color PLOTCOLOR 
                        color palette to use for data instead of default 
 

 

For now, the plotter may be used with python as a script or run as a module. Functions 

can be imported directly within a Python script or Jupyter notebook using: 

import aquatx.srna.generate_plots  

 

However, as it is under development this script is not stable in v0.1.  

 

S3.2 BASIC WORKFLOW OUTPUTS 

The pipeline will produce all intermediate files by default in v0.1. We provide output 

tables and multiple visualizations in a vector-editable format. Some outputs are 

displayed in Chapter 3.  

 

FastQ Quality Metrics HTML Report 

fastp produces summary and quality statistics for each of your raw fastq files and 

outputs them to HTML format. The plots are created using plotly and are interactive. 

Unlike the tool, FASTQC, which produces a similar quality control report, fastp analyzes 

the entire fastq file to create this report. FASTQC only uses the first 200k sequences 

and is a tool separate from adapter trimming & quality filtering, so to look at the quality 

metrics before and after, it must also be run twice. 
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Size Distributions Table & Plot 

After alignment, a size and 5'-nt distribution table and histogram is created. The 

distribution of lengths and 5'-nt can be used to assess the overall quality of your 

libraries. This can also be used for analyzing small RNA distributions in non-model 

organisms without annotations. 

 

Alignment Statistics Table 

The aquatx-count tool also produces a summary table of the alignment information. This 

includes the number of alignments, the number of alignments with more than one 

genome-hit, alignments without a feature, and ambiguous alignments matching more 

than one feature or class. 

 

Class Count Tables and Plots 

AQuATx produces pie and bar charts to display the class distribution of your aligned 

reads as well as a count table. Classes are defined from the reference GFF3 files 

(column 3).  

 

Feature Count Tables and Plots 

After read counting, count files for all features and samples are produced then merged 

into a single table. A row with the number of reads that were not assigned a feature is 

also included. Scatter plots can be created with the plotter tool for comparing raw 
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counts or normalized counts (output of aquatx-deseq) per feature between replicates or 

biological groups.  

 

Differential Gene Expression Tables 

The output of aquatx-deseq includes tables of all small RNAs, their fold change among 

comparisons, and associated p-values as determined by DESeq2. One table per 

comparison is created and the comparisons are inferred from the original sample sheet 

groups. 

 

S3.3 ADDITIONAL CODE 

A few additional scripts and software were created during the completion of this 

dissertation, but not necessarily generic or well-developed enough to be useful to those 

outside of our lab and a few others. They are briefly described here and linked for 

interested parties (either in assisting with development or using them).  

 

S3.3.1 AQuATx helper scripts  

I wrote helper scripts that might be useful to a future developer and could be 

generalized more. They are included as part of the main aquatx-srna repository on 

GitHub, but not installed for users.  
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aquatx/srna/process_annotations.py 

To make sure that the chromosomes were labeled the same in the input GFF files and 

the genome fasta file/genome index files, I wrote a simple helper script  to convert from 

one format to another. This is highly-specific for C. elegans genome, using the following 

dictionary to convert values: 

chrdict = {'1': 'I', '2': 'II', '3': 'III', '4': 'IV', '5': 'V', '6': 'X', '7': 'MtDNA'} 

This could be expanded to detect differences and automatically update them to match.  

 

tests/create_test_data.py 

To create validation tests for the software, I wrote a script to generate some randomized 

test data. The tool specifically works for C. elegans, but could easily be adapted to other 

organisms. It currently generates a dummy fastq file of an assortment of microRNAs to 

give to the pipeline and validate the outputs. 

 

S3.3.2 shinySeqBrowser 

As a personal side project, I created a standalone tool in R shiny similar to genome 

browsers, described here: https://github.com/biokcb/shinySeqBrowser. The app can be 

run from any computer with R and the appropriate dependencies described under the 

installation guide. This app allows for easy browsing of RNA-seq reads across 

transcripts. The user can upload a BAM file and an annotation GFF3 file. The backend 

will process these files to produce reads across regions of interest. The plots can be 

searched by chromosome from a drop-down menu & specified position or by searching 

for the transcript name. The plot colors can be adjusted and then exported as a vector-



	 157	

editable PDF, allowing users to make further edits without difficulty. This project will 

likely continue to be updated as a side project as time allows. 

 

S3.3.3 Miscellaneous scripts 

https://github.com/biokcb/bio-data-

analysis/blob/master/scripts/next_gen_sequencing/analyze_tails.py  

This analysis looked at the trimming and tailing of mRNA sequencing data of small RNA 

pathway mutants. It requires TopHat2 and samtools. The tool uses the unaligned 

sequence file, then realigns them, trimming one nucleotide off at a time, until the 

sequence is aligned. The “tails” are recorded in the output file and can be analyzed and 

plotted using additional scripts like this one written in R for a very specific analysis I did: 

https://github.com/biokcb/bio-data-

analysis/blob/master/scripts/next_gen_sequencing/2017-10-03_tailing_plots.R 

 

My commonly used R functions were compiled into a “library” of sorts. This script was 

created before I learned “best practices” and contains hardcoded paths that must be 

updated. https://github.com/biokcb/bio-data-

analysis/blob/master/scripts/next_gen_sequencing/kristens_common.R 

 

For the curious, additional data analysis scripts created may be found here 

(https://github.com/biokcb?tab=repositories), though not everything was published 

online. 
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