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ABSTRACT OF THE DISSERTATION 

 

Computational Biology of RNA: 
The Messenger and The Regulator 

 
By 

 
Elmira Forouzmand 

 
Doctor of Philosophy in Computer Science 

 
 University of California, Irvine, 2019 

 
Professor Xiaohui Xie, Chair 

 
 
 

      "In recent years, High Throughput Sequencing (HTS) has become a revolutionary tool in 

biomedical research. It has impacted our knowledge of basic machineries of the cell and 

affected human health and medicine.  The ever-growing amount of data generated by this 

technology has necessitated the development of novel algorithms and computational 

approaches that can efficiently process this data. Among other influences in biology and 

medicine, the alliance of High Throughput Sequencing data and novel computational 

methods have changed our understanding of RNA and its role in cell development and 

human diseases.  These methods benefit from a wide range of mathematical, statistical, 

probabilistic techniques to help study the problems in RNA biology. Handling the noise and 

biases of sequencing data, identifying unknown RNAs that play a role in different 

mechanisms, modeling RNA regulation and modification and capturing the features involved 

in these processes are all problems that can be addressed by integrating computational 

approaches into RNA biology. In this thesis, we focus on developing such computational 

approaches and models to provide efficient but comprehensive tools and sources for solving 

some of the main problems in RNA biology. 

 

First, we apply Gaussian Processes to the temporal profiles of RNAs, generated by HTS data, 

to assemble a comprehensive catalogue of long non-coding RNAs (lncRNA) present in the 
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early stages of embryo development. These lncRNAs are likely to play a role in cell 

differentiation. Second, to address the effect of aberrant RNA processing in health and cell 

development, we curate a database of exons conserved in both sequence and length through. 

We demonstrate the potential of ultra-conservation as a better predictor of alternative 

splicing of RNA, and we show its application in studying mutations that affect splicing and 

lead to disease. Third, we introduce PASARNA, a tool for RNA polyadenylation analysis. This 

tool exploits mathematical and probabilistic change point detection techniques to find the 

polyA sites from RNA-Seq data. It also takes advantage of the information extracted from the 

sequence by a Convolutional Neural Network. And finally, we describe our probabilistic 

model of “CHRYON” technology (Cell HistorY Recording by Ordered iNsertion) that is 

designed for recording non-genetic information like lineage or environmental stress into a 

genomic sequence using a self-targeting RNA". Using this model, we assess the potential of 

CHRYON and study its characteristics.” 
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Chapter 1  
Introduction 

 

The central dogma of molecular biology explains that the genetic information recorded in 

DNA is transferred to RNA through transcription and then from RNA to protein through 

translation. However, the real scope of RNA's biological power has only recently started to 

come to light. Through the course of its life, each RNA undergoes various rounds of 

processing before it reaches its functional state, and it may or may not code to protein at the 

end. 

 

In eukaryotic cells, unlike prokaryotic cells, transcription and translation are not coupled. 

The primary result of transcription is a premature RNA that is modified further by several 

processes including 5’ capping, splicing and polyadenylation to become a mature RNA. If a 

premature RNA is modified to code for a protein, it is called precursor messenger RNA, or 

pre-mRNA. A pre-mRNA becomes a messenger RNA or mRNA after post transcriptional 

processing. 

 

During polyadenylation the 3’ end of the pre-mRNA is cleaved, and a long chain of adenine 

nucleobase is added to that site.  In splicing, segments of the premature transcript, introns, 

are removed and the rest, exons, are joined together. Both processes have been shown to 

play a vital role in  maintaining cellular homeostasis [1] [2]. 
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Polyadenylation sites and splicing patterns have been observed to be chosen in alternative 

ways that generates different versions of a transcript from the same gene. There are around 

30 thousand coding genes in human; however, a large portion of these genes generate 

multiple mRNA isoforms. The different isoforms, produced from the same initial transcript 

by alternative polyadenylation and alternative splicing, can code for distinct proteins that 

might even have opposing properties.  

 

Alternative pre-mRNA processing is regulated in a tissue specific manner or developmental-

stage specific manner. This means that alternative pre-mRNA processing is important in 

determining cell fate. Furthermore, it has been observed that aberrant pre-mRNA processing 

can lead to a wide range of human diseases [3] [4].  Different aspects of both alternative 

polyadenylation and alternative splicing machineries are still not completely understood, 

and between the two, alternative polyadenylation is less widely studied.  

 

In the past few years, several studies in different organisms have unequivocally 

demonstrated the presence of a large number of transcripts that do not code for proteins. 

These non-coding RNAs, especially the subclass of long non-coding RNAs(lncRNAs), do not 

function as templates for protein synthesis, but they participate in other diverse biological 

processes [5] [6, 7] . A systematic annotation of lncRNAs does not exist for most organisms, 

and even in those with such annotation, only a small percentage of known lncRNAs have 

been studied in depth and examined experimentally. Hence, the biological function of these 

lncRNAs is still poorly understood.   
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Although the central dogma suggests that the information read from DNA controls the 

cellular function, evolution suggests that in longer periods of time information is also written 

to DNA.  Recently, the possibility of recording information into genomic sequence has been 

explored in more detail [8] [9] [10]. Such a possibility allows the cell to record its memory. 

Different environmental signals or the lineage relationships can be introduced into cells, and 

this information can potentially be used to track back originating events and to find the 

potential causes for cases like complex tumors. Researchers have been trying to take 

advantage of molecular backtracking using an RNA which targets and edits itself to record 

specific information using the CRISPR-Cas9 system.  

 

Studying RNA, its characteristics and categories, different stages of its life, its dynamics and 

finally its known and potential functionality is essential for answering some of the most 

fundamental questions in biology and medicine: How are cancer cells formed? Is it possible 

to modify a variation in the genome that leads to a genetic disease? How is the path to cell 

differentiation programmed? How can a specialized cell be reprogrammed into a pluripotent 

stem cell? 

 

To answer these questions numerous technologies have been developed. Next generation 

sequencing (NGS) is one of the more prominent ones in the group. Sequencing entire 

genomes is the process of reading these sequences through a series of chemical reactions. 

Advances in technology has led to Next Generation Sequencing or high throughput 

sequencing. In contrast to the initial versions of sequencing [11], Next Generation Sequencing 
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is highly parallel, quick and affordable, and it has revolutionized research in biology and 

medicine. It has provided researchers with a new tool to study biological events, molecular 

processes and cellular machineries genome-wide. To capture different aspects of available 

genetic information, different experiment and sequencing protocols have been developed 

and integrated with Next Generation Sequencing. The large amount of data from genome-

wide sequencing presents researchers with new opportunities and challenges. High 

Throughput Sequencing results are error-prone and have several biases that should be 

properly accounted for before conclusions are derived [12]. Also, even with High Throughput 

Sequencing, not all the limitations that lie in experimental procedures can be compensated. 

Computational algorithms, statistical and probabilistic models, and machine learning 

techniques have been built and customized to correct biases, remove experimental noise and 

errors, and extract the underlying pattern of the data.   

 

High Throughput Sequencing and other technological advances necessitate the integration 

of computational and biological approaches. The new interdisciplinary methods have 

transformed the way questions are asked and hypotheses are tested in this field. Today 

computing is not only seen as ”the pillar of new biology” [13], rather some believe that “All 

biology is computational biology” [14]. 

 

The work discussed here employs a wide range of computational and mathematical 

techniques toward addressing some of the major questions in biology, with an emphasis on 

deciphering the biological roles of RNA. Most of these approaches are part of an integrated 

pipeline of experiment and computation.  
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This thesis is outlined as follow: 

In Chapter 2, we present a summary of our contributions to multiple discoveries in the field 

of molecular biology and genetics achieved by applying computational data analysis and 

bioinformatics techniques and tools to next generation sequencing data. The work described 

in this chapter is part of collaborative projects, and the experimental and computational 

approaches used were complementary in significantly advancing the research fields. The 

result of these investigations are published in [15], [16], and [17]. [15] focuses on 

understanding one of the main factors (Foxh1) involved in cell differentiation during 

embryonic development. [16] explains the role of the CFI complex as one of the major factors 

in mRNA 3’ end processing. And [17] shows that this complex has a role in controlling cell 

fate and that it can potentially improve the efficiency of cellular reprogramming.  

 

In Chapter 3, we present our contribution to the development of a systematic pipeline for 

the discovery of long non coding RNAs with a focus on temporal profiling.  We developed a 

pipeline with multiple stages of rigorous but necessary filtering to generate a comprehensive 

catalogue of long non-coding RNAs (lncRNA) present in the early stages of embryonic 

development in the model organism Xenopus. And we demonstrated the usefulness of 

applying Gaussian processes to identify dynamic expression patterns of lncRNAs that may 

be involved in developmental roles. This chapter was published in [18], and the lncRNAs 

identified in this study can be found at https://cbcl.ics.uci.edu/public_data/Xen-LncRNA/ .  

 

In Chapter 4, we present the generation of a database of exon size and sequence 

conservation. Using this database, we explored multiple aspects of splicing and alternative 

https://cbcl.ics.uci.edu/public_data/Xen-LncRNA/
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splicing and demonstrated the potential of exon size conservation as a better predicator of 

alternative splicing than sequence conservation. We also used this database to investigate 

disease related mutations and their possible effect on splicing. By analyzing a large amount 

of data and applying different statistical tests, we showed that ultra-conversion can be used 

to identify splice altering nucleotide at wobble position and even predict the direction of 

splicing changes. This database, accessible at 

https://hpc.oit.uci.edu/~forouzme/databases/ultraConservation , can provide a platform 

for additional studies on splice altering mutations and alternative splicing. 

 

In Chapter 5, we introduce PASARNA, a tool for polyadenylation and alternative 

polyadenylation analysis using RNA-Seq data. This tool not only exploits a Bayesian 

approach to find the polyA sites from RNA-Seq data, but also takes advantage of the features 

extracted from the sequence using a convolutional neural network. PASARNA, also 

integrates the other available data, including annotation (known polyA sites) and reads 

containing a polyA tail, to the pipeline to enhance its performance. PASARNA is still being 

updated and improved, and its current version can be accessed on GitLab 

(https://gitlab.com/E_ll_ie/PASARNA ). 

 

In Chapter 6, we present our contribution to the development of “CHRYON” technology (Cell 

HistorY Recording by Ordered iNsertion) that is designed for recording non-genetic 

information, such as lineage or environmental stress into genetic sequence. We have applied 

a customized hierarchical clustering algorithm to trace the lineage from the information 

recorded into cell via this system. We have also developed greedy and probabilistic models 

https://hpc.oit.uci.edu/~forouzme/databases/ultraConservation
https://gitlab.com/E_ll_ie/PASARNA
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for this lineage reconstruction problem in a single cell setting to investigate the main 

characteristics of the system and to find the optimal parameters that can improve the design. 

The implementation of this hierarchical clustering and associated analysis is available at 

https://gitlab.com/E_ll_ie/LineageReconstruction .  The models for single cell setting can be 

found at https://gitlab.com/E_ll_ie/LineageTree.  

  

https://gitlab.com/E_ll_ie/LineageReconstruction
https://gitlab.com/E_ll_ie/LineageTree
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Chapter 2  
Bioinformatics for Next Generation 
Sequencing 
 

 

Background 
 

For a gene to be expressed in the cell and to reach its functional state, the part of the DNA 

that encodes that gene must go through multiple processes. Transcription, mediated mainly 

by transcription factors, is the process in which DNA is transcribed to an RNA (a transcript). 

Transcription starts from the 5’ end of a transcript and ends on 3’ side of it. The phenotype, 

characteristics or behavior of an organism, is defined by its genetic code and the expression 

of these transcripts in the cells and tissues. The transcriptome is the complete set of 

transcripts in the cell. Understanding the transcriptome is necessary for understanding the 

underlying molecular machinery in different cells, tissues, disease or developmental stages.  

The initial result of transcription goes through other processing steps before being translated to 

protein or reaches other possible functional states. Two of the main mRNA processing machineries 

are splicing and polyadenylation.  After the pre-mRNA is cleaved at the polyadenylation site, a 

long chain of adenine nucleotide (between 100 to 250 nucleotide(nt) long) is added to the 3’ end 

of the pre-mRNA molecule. Numerous protein factors are involved in this process including CPSF 

(Cleavage and Polyadenylation Specificity Factor), CstF (Cleavage stimulation Factor), CFI 

and CFII (Cleavage Factor I and II). These proteins, among others, react with specific sequences 

around the 3’ end of the transcript. A 6nt sequence usually located 10-30 nucleotides upstream 

3’end, designated as polyA signal, is one of these sequences. The canonical version of this 6nt 
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motif is AAUAAA and it has been found at ~70% of the polyA sites. However, other versions of 

the polyA signal have been identified as well. Besides this highly conserved signal, there is also a 

GU-rich sequence upstream of a polyA site [19]. The polyA tail has been shown to be important 

for mRNA stability, its transport from the nucleus to the cytoplasm, and the efficiency of its 

translation process (in which mRNA is translated into protein) [1]. 

 

Splicing is the more complicated process between the two. In this step, parts of the pre-mRNA 

sequence (introns) are spliced out, and the remaining fragments (exons) are attached together. The 

spliceosome is a large molecular complex with tens of proteins and RNA elements that coordinate 

and carry out the splicing process. The proteins involved in splicing use the information encoded 

in the sequence of pre-mRNA, mainly around the splicing sites. These sequences are short and 

conserved [20]. SR proteins are one of the main families of splicing regulatory proteins involved 

in splicing.  

 

Both polyadenylation and splicing are performed in an alternative manner in the cell.  In other 

words, from the possible 3’ends on pre mRNA, different ones can be chosen and cleaved even in 

a cell in normal condition. . Alternative splicing however can happen with more variations. Figure 

2-1 demonstrates a general overview of these processing steps. But with splicing there are even 

more scenarios than what is shown here: Exons can be included or excludes (cassette alternative 

exons), parts of exons can be included or excluded (alternative exon ends), two exons can be 

mutually exclusive, and a part of pre-mRNA that is usually spliced out as an intron can be brought 

back by alternative splicing (intron retention). 
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Figure 2-1 General Schematics of pre-mRNA processing 

 

This alternative processing mechanism makes the gene creation a modular process and, 

since it allows for generation of the new genes, it is important for the evolution. 

 

More than 90% of human genes undergo alternative splicing [2], and more than 50% of them 

experience alternative polyadenylation [1]. These processes are highly regulated in 

developmental stage or tissue specific manners. In other words, different versions of the genes 

are chosen in different stages of the development and in differentiation of the cell to different 

tissues [21] [1]. This confirms their essential roles in determining the cell fate.  

 

As mentioned, the genomic sequence around the polyA sites or splicing sites is an important 

factor in their selection and strength, and researchers have been using this information to not 
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only capture the hidden features in these sequences, but to also find such sites, distinguish the 

stronger sites (chosen more frequently) from the weaker ones and to predict the effect of any 

variation that can be generated in the sequence and lead to aberrant processing of mRNA and 

consequently to unwanted states of the cell as in disease cells [22] [23, 24] [25, 26].  

 

These variations and other dis-regulation of splicing or polyadenylation have been shown 

to be associated with cancer, facioscapulohumeral muscular dystrophy, thalassemias, 

spinal muscular atrophy, myotonic dystrophy, and ALS [3] [4]. These findings make the 

study of these processes, their underlying machinery and the elements involved even more 

important. The topic of sequence variation and splicing has been discussed more in Chapter 

4.  

 

Some of the transcripts in the cell never go through translation, or in other words they 

never code, but they still play an important role in the cell. As RNAs are more flexible to 

interact with other factors due to their structure, they can bind to important sites to 

enhance or inhibit other essential processes like transcription of a gene. The non-coding 

RNAs were discussed more in Chapter 3. 

 

Numerous technologies have developed to help with the study of these processes among 

others. Next generation sequencing is one of such technologies, and in the last decade, it has 

played a major role in advancing genomics and molecular biology studies and revolutionized 

the research in the field [27]. Using next generation sequencing, human genome or 

transcriptome can be read and sequenced in a high throughput manner in less than a day. 
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Nowadays even small laboratories can exploit high-throughput sequencing to gain more 

insight into the underlying states of cells from different conditions. 

 

RNA-Seq is one of the main tools designed for transcriptome studies. Combined with the 

advantages of high throughput data coming from next generation sequencing, this type of 

data has been a major part in most studies in the field. Figure 2-2 demonstrates a typical RNA- 

Figure 2-2 demonstrates a typical RNA-Seq Experiment. A population of RNAs, generally called 

transcripts, extracted from the cell, are usually segmented to shorter fragments. These fragments 

can be copied and amplified to prepare more input for next generation sequencing machines. 

Sequencing machines read and sequence the fragments of transcripts to short sequences called 

reads. These reads are then used for any downstream computational analysis. The first step is to 

Figure 2-2 Typical RNA-Seq Experiment 
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map these short sequences to genome sequence, which is known. The result can then be used to 

find the transcripts present in the cell, known or new, quantify their expression, study the 

structure of genes by looking into their transcription start site and termination site, and 

investigate other post transcriptional modifications applied on the initial transcripts. 

 

Poly(A) Site Sequencing (PAS-Seq) is another method for quantifying the transcriptome with 

a focus on 3’ end of the genes [28]. The reads from a PAS-Seq experiment do not cover the 

whole transcript, but they are the reads with a polyA tail. Since RNA-Seq is not capable of 

accurately identifying all 3’ ends (this topic has been discussed more in Chapter ???), this 

method was designed to help in characterizing polyadenylation machinery, alternative 

polyadenylation and its regulation.  

 

A typical pipeline for RNA-Seq analysis starts with mapping the reads to the genome. Starting 

with millions of reads, alignment provides us with the genomic position from which each of 

those reads are extracted. This step can be performed by many available tools like STAR and 

TopHat [29] [30]. Next step can be getting the number of reads coming from each gene by 

tools like STAR, HTSeq [31], or featureCounts [32]. This read count is a measure of expression 

for the genes. When a table of these expression coming from different samples is generated, 

tools like edgeR[33] or DESeq2[34] can be used to identify the genes that are expressed 

differentially in different samples. These tools and all the similar ones apply normalization 

techniques on these read counts to remove the effect of unwanted biases coming from library 

preparation or amplification before the sequencing and make the samples comparable. 
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Alternatively, if splicing is the matter of study, tools like rMATS[35] or MAJIQ[36] are available 

to determine genes that undergo alternative splicing, find the type of alternative splicing and 

compare the splicing profiles of various samples. RNA-Seq can be used for even a wider set 

of applications. Novel transcripts can be assembled from RNA-Seq with tools like 

Cufflinks[37] or StringTie[38]. Different transcripts of the same gene can be quantified by 

other tools like RSEM [39] or Salmon[40]. 

 

In comparison to splicing, polyadenylation is less studied and as a result there are not many 

tools specifically developed for polyadenylation analysis. For PAS-Seq data, it is necessary to 

add pre-processing and post-processing steps to the alignment step. Before the alignment, 

the reads should be filtered and the ones with no polyA tail should be removed. After 

mapping, the result should be filtered to remove any read that was kept in the list because 

the sequence from DNA included a chain of As. This chain of As can be confused by the mRNA 

polyA tail in this protocol, and this unwanted event is called “Internal Priming”. To only keep 

the reads coming from real polyA sites neighborhood, we need to remove the “Internal 

Priming” reads. 

 

In the case of PAS-Seq, the most important question is what polyA sites from each gene are 

being used, and which sites are chosen more or less frequently. If a list of polyA sites is 

available, the reads that end close enough to those sites are counted. As multiple polyA sites 

of the same gene might have been used, for each polyA the ratio of reads on that polyA site 

of the gene to the sum of reads mapped on all polyA sites of a gene is calculated. These ratios 
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or percentages help to identify the sites alternatively polyadenylated. A combination of 

available tools and customized scripts is used for alternative polyadenylation analysis. 

 

There are other types of sequencing data that are commonly used in genomic studies. Some 

of them focus on quantifying the interactions between the protein factors and the DNA or 

RNA sequence.   

 

Various protein factors interact with DNA. These interactions are necessary for processes 

like transcription. To locate where a protein binds to DNA to initiate a set of processes, 

researchers usually perform chromatin immunoprecipitation combined with sequencing 

(ChIP-Seq) [41] [42]. The data form ChIP-Seq needs to be aligned to genome. Stronger binding 

sites have more reads aligned to them, therefore finding the genomic positions with 

significant number of reads aligned provides us with the binding sites. As the protein-DNA 

interaction changes in different conditions, the patterns of these binding sites in different 

samples can be compared with tools like MACS [43]. Finding these binding sites help to 

identify the signal on the sequence that is detected by the protein under study. The location 

of these binding sites provides us with their functionality. 

 

Some proteins bind to RNA and not DNA. CLIP-Seq and other similar approaches have been 

designed to study these proteins and their interactions [44].   

 

 



16 

 

Bioinformatics in application 
 

 

All the projects briefly discussed in this chapter are the result of collaboration between a 

large group of people coming from different scientific background. As members of these 

collaborative groups, we used bioinformatics to analyze a large amount of data coming from 

next generation sequencing and advance our understanding and knowledge of the biological 

concept under study. These projects are summarized below, and their details are explained 

in [15], [16], and [17]. 

 

Transcription factors which regulate gene expression in the cell by binding to specific motifs 

on the genome, are crucial to proper cell differentiation. These factors do not act isolated but 

interact with each other and other factors like histone modification, in a combinatorial 

fashion. In [15], we explored the dynamic binding of Foxh1 in embryonic genome and 

investigated the other co-factors which could bind to the same regions as Foxh1 at different 

stages. Foxh1 is a known maternal transcription factor and a very important element of cell 

differentiation through development. We confirmed that Foxh1 dynamically interacts with 

specific sequences on DNA during development and works with other proteins like 

H3K4Me1 and Ep300 to regulate gene expression. The details of this interplay in different 

stages was investigated, and the observations suggested a crucial role for Foxh1 in regulating 

developmental genes. Using ChIP-Seq data from different time points of early embryonic 

development, the binding sites of Foxh1 were found. The dynamics of these binding sites 

through time, their associated gene and their distribution around gene body were studied. 

The data for other factors like H3K4Me1, Ep300, FoxA, Sox and Smad2/3 was also analyzed 
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and confirmed that Foxh1 peaks were also marked by these factors in later stages of 

development.  

 

 

 

In [16], we investigated the mRNA 3’ processing machinery by studying the factors involved 

in polyadenylation, alternative polyadenylation and its regulation.  First, we focused on the 

role of CFI complex in regulation of mRNA alternative polyadenylation. CFI25, CFI59 and 

CFI68 are subunits of CFI. It is known that CFI25 binds to UGUA sequence, and CFI59 and 

CFI68 bind to CFI25. CFI recruits other factors including CPSF and CstF during the 3’ 

processing. 

 

By studying the observed polyA sites in both human and mouse computationally, we showed 

that UGUA sequence is not necessary in mRNA processing as it was only observed in a subset 

of these polyA sites. This analysis also showed that UGUA is mildly enriched at positions 

approximately 50 nt upstream of the polyA site. Experimentally, testing different relative 

position for UGUA to the polyA site showed that its activity is position-dependent and the 

optimum position is around 50 nt upstream the site as observed genome-wide confirming 

the computational results. 

 

To further study the CFI role in alternative polyadenylation (APA) regulation, global APA 

profiles were studied in CFI68 KO, CFI59 KO, and control cell lines using PAS-Seq data. The 

data was analyzed computationally and showed significant APA changes toward proximal 

PAS site in CFI68 KO compared to control. Different patterns of UGUA distribution was 

observed between the proximal and distal sites of the APA genes. Using previously published 
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CLIP-Seq data for CFI factors, we observed that the concentration of CFI68 around the distal 

sites on APA genes, are higher than proximal sites; but it is not the case for the genes which 

didn’t change. Hence, though CFI was known as one of the essential factors, here using both 

computational techniques and experimental methods we showed that it also is a position 

dependent activator.  From the described analysis and experiment in [16], it was also shown 

that CFI works in a manner similar to the SR proteins which are essential for alternative 

splicing and also regulate that process. These observations suggested that alternative 

splicing and alternative polyadenylation, though different, have a common activation 

mechanism, and this possible shared mechanism can allow cross-regulation. 

 

An adult cell can be reprogrammed back to an embryo-like cell by forced expression of a set 

of factors. The challenge, however, is that this process is slow and not efficient. To generate 

stem-like cells from any other organ and program it into other tissues has a large potential 

for therapeutic medicine. Therefore, finding the factors that can act as barriers to this 

process or can potentially be used to make the reprogramming faster or more efficient, is 

important. In [17], after looking into barriers of reprogramming somatic cells to induced 

pluripotent stem cells (iPSCs) using experimental screening during the conversion of murine 

embryonic fibroblasts (MEF) cells to iPSCs, Nudt21 (CFIm25) was found to be one of the 

main regulators. To investigate the role of Nudt21, which is known as a 3’ processing factor, 

multiple experiments were performed on samples in different stages of reprogramming with 

and without Nudt21 suppression. PAS-Seq data analysis showed that in iPSCs compared to 

MEF cells, there are more transcripts that used the polyA sites associated with the shorter 

transcript, the proximal polyA site. However, Nudt21-suppressed MEFs on initial stages of 
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reprogramming showed significantly more shifts toward the proximal polyA sites. These 

affected genes had higher frequency of UGUA (which is the Nudt21 binding motif) around 

their distal polyA site, and CLIP-Seq data revealed higher concentration of Nudt21 protein 

around the mentioned distal polyA site for the affected genes. These observation and other 

analysis confirmed that Nudt21 regulated reprogramming through regulating alternative 

polyadenylation. 

We observed a correlation between alternative polyadenylation and mRNA level. mRNA 

level itself was correlated by protein levels generated by a large-scale proteomic analysis. 

Studying the lost 3’UTR in the observed distal to proximal shift revealed enriched binding 

for miRNA (miRNA or MicroRNAs are a very short non-coding RNAs) effector AGO2 in ESCs. 

This observation and examining the effect of specific reprogramming-related miRNAs 

confirmed that there is a connection between alternative polyadenylation and elimination of 

miRNA regulation in the increased reprogramming efficiency. In the other words, Nudt21’s 

suppression shortens some genes and lowers the possibility of these genes being regulated 

or degraded by miRNAs through removing their possible binding sites. Also, the small 

number of genes which went through alternative polyadenylation and, at the same time, 

showed a change in protein level were investigated further, and a subset of them was found 

to be related to chromatin regulation. Chromatin regulators control the accessibility of 

condensed DNA and the suppression of Nudt21 increased the amount of this chromatin 

related factors in the cell and accelerated the chromatin remodeling. 
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Chapter 3  
Developmentally regulated long non-
coding RNAs in Xenopus tropicalis 
 

 

 

 

 

Introduction 
 

One of the main questions in biology is how the path to cell differentiation is programmed 

into myriad cells. The early embryo contains the genomic information necessary for cellular 

differentiation. Different factors, using this information, play a role in embryonic 

development and cell differentiation. To understand the gene regulatory network during 

these early developmental stages, it is important to study all the relationships in this 

network, and Xenopus tropicalis provides a great model system to learn more about this 

embryonic development.  

 

Understanding this network in Xenopus provides a framework that’s applicable to mouse 

and human and can be used in developing new treatment and diagnosis. A comprehensive 

map of these regulatory network for example can be used in reprogramming stem cells to 

replace a sick organ in future. 

 

Long non-coding RNAs which are longer than 200nt noncoding transcripts are now known 

to be an important part of the regulatory network, but as for a long time they were 
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considered as junk DNAs, and their role has not been studied comprehensively in most 

organisms. 

 

In last decade, there has been an immense interest on identifying various kinds of ncRNA 

species and their distinct functionalities by leveraging the RNA sequencing technologies[45]. 

These efforts have led to dividing the ncRNAs in two major groups including short ncRNAs 

(e.g., microRNAs, short interfering RNAs, and piwi-interacting RNAs) and long ncRNAs. 

While the detailed behavior of short ncRNAs (sncRNAs) have been extensively studied and 

experimentally demonstrated, there is a lack of systematic strategy and full roadmap toward 

revealing the characteristics of long ncRNA (lncRNA) genes for different organisms. As a 

result, the experimental and theoretical studies of long ncRNAs in order to achieve in-depth 

understanding about their significance in biology have attracted a considerable attention, 

and it has become the subject of intensive research. 

 
 
There are several well-characterized classes of regulatory lncRNAs such as Xist [46], H19 [47], 

and HOTAIR [48] [49] that can participate in silencing the X-chromosome, allocate the 

repressive histone marks at the differentially methylated parts of selected genes, and 

interact with Polycomb repressive complex 2 (PRC2), respectively. In general, there are 

several challenges toward identification and uncovering the function of lncRNAs. First, the 

sequence of lncRNAs is not conserved among different species. This will restrict the 

examination of the functional contribution and evolution procedure of a specific lncRNAs 
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gene. Second, the nucleotide sequence similarity causes lack of lncRNAs orthologs between 

different species. This reveals the fact that the lncRNAs unlike the protein coding genes are 

not limited by the evolutionary constraints on the primary nucleotide sequence. Instead, 

they are inherently conserved in the secondary and tertiary structures (i.e., folded structure) 

[50].  

 
One of the possible approaches in order to investigate the functional contributions of 

individual lncRNAs can be spatial and temporal expression profiling. It should be 

emphasized that this technique can be more efficient for those lncRNAs which have both 

temporally and spatially regulations. In this chapter, we will exploit this method along with 

using the RNA-seq data obtained during developmental stages and ultra-high frequency 

sampling of Xenopus embryos to identify wide range of potential single-exon and multi-exon 

lncRNAs and clarify their dynamic expression patterns.  

 

In summary, the study has been carried out over RNA-seq data collected from 90 different 

time points across the first 66 hours of frog embryogenesis and it is concluded that lncRNAs 

have considerable regulatory roles within early embryonic development [51]. Since the focus 

was on significant lncRNAs with remarkable developmental functions, Gaussian process as 

a powerful bioinformatics tool [52] [51] is employed to represent the temporal dynamics of 

lncRNAs and provide statistical overview of the high-temporal resolution time-series data. A 

highly correlative temporal expression profiles have been observed between a group of 

lncRNAs and their neighboring genes. This subset of lncRNAs has cis-regulatory functions in 

development. Furthermore, some spatially localized lncRNAs are detected in the gastrula 

stage embryo which play role in gastrulation.  
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Data 

 

As a robust technique to generate a comprehensive catalogue of long non-coding RNAs (lncRNAs) 

in the early stages of embryo development in Xenopus, we systematically analyzed a time course 

data-set of RNA-Seq with high sequencing depth. Our collected data-set includes the first 66 hours 

of the post-fertilization. For the first 24 hours, we have collected the required data by 30 minutes 

apart time points and the rest of collection procedure has been carried out when the time points are 

one hour apart. This approach gives us an unprecedented opportunity to gather comprehensive data 

on distinct points in a wide period of time instead of only focusing on a specific biological stage. 

Therefore, this guarantees a higher resolution in monitoring the presence of lncRNAs and 

achieving better understanding about the kinetics of potential lncRNAs. In addition, it can 

potentially provide more rigorous information to explore the biological relevance of the captured 

lncRNAs. 

 

Method 

The collected RNA-Seq data from the developing embryo can provide a promising platform to 

assemble a transcriptome based on the latest version of Xenopus Tropicalis genome by means of 

Tophat [30] and Cufflinks[37]. The preliminary set of Cufflinks output have gone through a 

carefully selected multi-step procedure to filter and consequently omit the coding-genes, short 

transcripts, and the low-quality transcripts.  
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To precisely capture the dynamics of each transcript, which is possible with this high-resolution 

time series, the RPKM(Read per Kilo base pair per Million Reads)-based expression profiles were 

modeled with Gaussian Processes. Gaussian Processes which is a commonly-used machine 

learning technique for modelling the gene expression over time [52] [53] [54] have several 

advantages compared to other available techniques including the possibility of capturing the 

temporal correlation of data, providing a smooth representation even for noisy or hard to interpret 

data, and being beneficial in the examination of the uncertainty in the observations and kinetics. 

 

      Some insight on the functional role of the potential lncRNAs have been gained through the 

following steps: First, the expression profiles were investigated to detect the possible meaningful 

correlations between lncRNAs dynamics and their neighboring genes. Second, we utilized 

dissection data to become aware of the transcripts which are expressed in a tissue specific manner. 

Based on the function of the correlated genes or tissue specificity of the transcripts, a hypothesis 

can be made which should be verified and tested regarding the role of the associated lncRNAs. 

Finally, these lncRNAs were examined in order to figure out the availability of any conserved 

lncRNAs. It should be noted that lncRNAs have been shown to have a poorly conserved sequence 

unlike the protein coding genes. Therefore, besides evaluating the sequence similarity between 

some of the previously known lncRNAs and our potential candidates, we need to look for those 

with syntenic loci in different species. 

 
Gaussian Processes 
 

Regulatory network elements perform their functionalities in a complicated manner and 

have an impact on each other with elaborate patterns. This makes the linear models 
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unsuitable for capturing the relationships between them and demonstrating the temporal 

behavior of these elements. Gaussian Processes can be utilized as a reliable methodology to 

reveal the aforementioned nonlinear parameters in analysis of a gene regulatory network. 

Here, we exploit Gaussian Processes to estimate the continuous and smooth patterns of gene 

expression time series data.  

 

The problem of trajectory estimation from the time series data can be treated as a 

regression problem. If our transcripts expression 𝑟 = (𝑟1, 𝑟2, … , 𝑟𝑛)  were measured at time 

𝑡 = (𝑡1, 𝑡2, … , 𝑡𝑛) , 𝑟 can be assumed as the noisy observation of some underlying function, 

which is the function we are interested to identify.  

 

Gaussian process method operates based on the assumption that every point in our input 

comes from a Normal distribution. Hence, first we used a simple transform on 𝑟, 𝑦 = √𝑟 , 

and we continue with y which we can assume is Gaussian distributed.  Next, 𝑦 can be 

written as summation of the underlying function 𝑓(𝑡) and some noise:  

 

𝑦𝑡 = 𝑓(𝑡) + 𝜀 

Equation 3-1 

 

Where 𝜀~𝑁(0, 𝜎𝑛𝑜𝑖𝑠𝑒
2 ), and 𝑓 as mentioned is a nonlinear but smooth function, which can be 

represented by a Gaussian Process with parameters 𝜃 . 

In Gaussian process prior 𝑝(𝑓|𝑡) = 𝑁(0, 𝐾) , K is the covariance matrix which is defined by 

a Matern covariance function as below: 
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𝐾𝑖,𝑗 = 𝐾(𝑡𝑖, 𝑡𝑗) =  𝜎𝑠𝑖𝑔𝑛𝑎𝑙
2 (1 +

√5(|𝑡𝑖 −  𝑡𝑗|)

𝑙
+ 5

(𝑡𝑖 −  𝑡𝑗)
2

3𝑙2
)exp (−

√5(|𝑡𝑖 −  𝑡𝑗|)

𝑙
) 

Equation 3-2 

 

The hyperparameters of our model 𝜃 = (𝜎𝑛𝑜𝑖𝑠𝑒 , 𝜎𝑠𝑖𝑔𝑛𝑎𝑙 , 𝑙) can be selected by maximizing 

the marginal likelihood 𝑝(𝑦|𝑡, 𝜃). 

 

𝑝(𝑦|𝑡, 𝜃) = ∫ 𝑝(𝑦|𝑓, 𝑡, 𝜃)𝑝(𝑓|𝑡, 𝜃)𝑑𝑓 

Equation 3-3 

 

After finding the optimal hyperparameters at 𝑡𝑝𝑟𝑒𝑑, we can obtain 𝑦𝑝𝑟𝑒𝑑~ 𝑁(𝜇𝑝𝑟𝑒𝑑, 𝜎𝑝𝑟𝑒𝑑
2 ) 

Where 𝜇pred and 𝜎pred
2  can be achieved by,  

 

𝜇𝑝𝑟𝑒𝑑 =  𝐾𝑡𝑝𝑟𝑒𝑑 ,𝑡[𝐾𝑡,𝑡 + 𝜎𝑛𝑜𝑖𝑠𝑒
2 𝐼]−1𝑦  

𝜎𝑝𝑟𝑒𝑑
2 = 𝐾𝑡𝑝𝑟𝑒𝑑,𝑡𝑝𝑟𝑒𝑑

−  𝐾𝑡𝑝𝑟𝑒𝑑,𝑡[𝐾𝑡,𝑡 + 𝜎𝑛𝑜𝑖𝑠𝑒
2 𝐼]

−1
𝐾𝑡,𝑡𝑝𝑟𝑒𝑑

+ 𝜎𝑛𝑜𝑖𝑠𝑒
2  

Equation 3-4 

 

Following the aforementioned procedures, the predicted value then can be transformed back 

to the original space. In this paper, Gaussian Processes has been applied using GPy library 

in Python ((http://sheffieldml.github.io/GPy/). Besides the general application of Gaussian 

processes in modeling our expression data, investigating the hyperparameters can be 

helpful in understanding the characteristics of our observation. 
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Hyperparameter l, known as time-scale, is roughly the distance one needs to move in input 

space before the function value changes significantly. The time scale parameter reflects how 

quickly the covariance decreases when comparing samples with increasing time interval.  In 

other words, this parameter determines how rapidly the function modifies with the 

variations of input. This also implicitly means that higher length-scale in our case means the 

expression profile of a transcript changes more smoothly. If there is a dramatic change in 

expression kinetics, the covariance drops quickly and there is a shorter time scale. 

Conversely the genes with smooth and gradual expression kinetics have a persisting  

covariance and longer time-scale as shown in Figure 3-1.  

 The other two hyperparameters are signal variance and noise variance. The ratio of signal 

variance to noise variance is a measure of the signal we observe comes from the desired 

source as opposed to unwanted source (noise). Figure 3-2 demonstrates raw observations and 

the smooth profile for different values of signal to noise ratio (SNR). 

Figure 3-1 Time-Scale 



28 

 

 

Detection Pipeline 

 

Previous studies suggest that lncRNA half-lives vary in a wide range, including both ends of 

the stability spectrum. In general, LncRNAs are known to live less than mRNAs; however,  

some highly stable ones with a half-life more than 16 hours have been also observed [55]. 

 

To ensure the possibility of capturing even the less stable lncRNAs in the first 66 hours of 

embryo development, we first gathered the transcripts observed in each time point 

Figure 3-2 Signal to Noise Ratio 
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separately. As depicted in Figure 3-3, The detection pipeline initiated with assembling the 

transcripts from reads alignment in each time point using Cufflinks. Then, all the transcripts 

coming from different stages were merged and sifted by CuffMerge [37] to create a reference 

transcriptome. 

 

In parallel, we also used a sliding window of five to concatenate the reads in each 5 

consecutive time points in one. As the time points are 30 minutes or one hour apart, using 

the reads coming from all consecutive time points doesn’t change the dynamics but boosts 

the transcriptome assembly with a higher read coverage. These concatenated time points 

also went through Tophat, Cufflinks and were merged by Cuffmerge.  The brief demonstration 

of the rest of the aforementioned pipeline can be found in Figure 3-3. 

 

LncRNAs are composed of a heterogeneous group of transcripts, and they can be clustered 

based on different criteria including their relative position and orientation with respect to 

the protein-coding regions of the genome.  In this study, in order to reduce the false positive 

rate of this discovery pipeline, we limited our interest to only intergenic lncRNAs, which are 

the ones not overlapping with any coding genes.  
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Figure 3-3 LncRNA Discovery Pipeline 

After removing the known genes from the output of Cuffmerge, the coding potential of all the 

other transcripts was evaluated using Transdecoder tool (https://transdecoder.github.io). 

In step 2, only those not likely to be part of the coding regions of genome and are not 
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associated with the known genes were kept. It should be mentioned that Transdecoder 

identifies the coding transcripts mainly based on the presence of an open reading frame with 

a minimum length. A large fraction of the initial transcripts was filtered out in this part of the 

process.  

 

Afterward, all the short transcripts (shorter than 200bps) were eliminated.  Subsequently, it 

is important for us to exclude miRNAs from the remaining transcripts thus very small number of 

transcripts which had considerable overlaps with annotated miRNAs in Xenopus Tropicalis were 

disqualified. This attempt is related to the step 4 of the suggested computational pipeline in Figure 

3-3. 

 

Multi-exonic transcripts are expected to have a lower rate of wrong detection compared to single-

exon transcripts. This claim can be proven by understanding the fact that in multi-exonic 

transcripts not only their exonic coverage but also their splice junction should be supported by the 

aligned reads. Moreover, it should be noted that Cufflinks uses the splice junction information to 

assign a strand to each transcripts. Since there is no junction with single strands, their strand 

prediction is also more prone to error. For that reason, our study was continued by dividing our 

data-set of lncRNAs to two major groups of mono-exonic and multi-exonic. It should be clarified 

that only those single-exon transcripts with no overlap with the multi-exonic ones were kept in the 

single exonic group. 

 

In the subsequent stage (step 5), the transcripts which were generated from the single time point 

and sliding window of five time point approach were merged together. In this step, there were a 
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number of transcripts with only a few base pairs difference in both date-sets of single- and multi-

exonic. To resolve this issue, from each group of these highly overlapping transcripts, only one of 

them was kept. These final 4640 non-overlapping multi exonic transcripts are called the initial 

multi-exonic lncRNA candidates. Single exon transcripts were also gathered in a set of 55330 

candidates.  

Weak lncRNA candidates’ detection approach 

 

These initial candidates are still likely to be kept as a candidate due to the various possible 

error types in different steps of these pipeline from alignment to ORF finding. To exclude the 

low-quality candidates, it’s essential to investigate these candidates more closely. Using the 

expression profile of each candidate, it is plausible to find those not demonstrating a stable 

behavior through time. 

 

Not only the expression magnitude, but also the expression pattern can be helpful here. 

First, if a candidate is not expressed in a minimum number of consecutive time points, it’s 

likely that it belongs to the low-quality tier. Using our initial pipeline any transcript 

expressed in a minimum of one time-point can end up into the set of candidates if it has the 

other conditions. Hence, it’s necessary to go further in this point and only keep those which 

were expressed in a reasonable period of time.  

 

If a candidate is not expressed in a period of 5 hours constantly, we disqualify that candidate.  

637 multi exonic transcripts and 32130 single exon transcripts were filtered out. 
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Second, low expressed candidates are more likely to be erroneous and the result of 

sequencing artifacts or misalignment; but low expression is not the enough reason for not 

recognizing a candidate as a legit one. This simple approach may remove real lncRNAs with 

low but consistent expression. Investigating the models generated by Gaussian Processes led 

us toward finding a reliable measure to distinguish the noisy observations from the desired 

trends. Signal to noise ratio (SNR), which shows the relative magnitude of a signal compared 

to the uncertainty of that signal, is traditionally used to assess the quality of a signal. 

Calculating this ratio using the information gained the Gaussian processes model, we are also 

able to mark those with low SNR as low confident candidates. Illustrates the relation 

between signal to noise ratio and the expression level of the candidates. A threshold of 0.6 

was applied to SNR defined as 𝑺𝑵𝑹 = 𝐥𝐨𝐠 (
𝝈𝒔𝒊𝒈𝒏𝒂𝒍

𝟐

𝝈𝒏𝒐𝒊𝒔𝒆
𝟐 ) . This value was chosen after analyzing 

thousands of expression profiles. After this step, 2795 and 8852 candidates were left in the 

multi exon and single exon set, respectively. 

 

Figure 3-4 SNR and Expression level 
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Another important concern here is that some of these transcripts, especially those located in 

neighborhood of a gene, are likely to be part of that gene and not a separate transcript in the 

first place. To investigate this possibility, it is useful to look at the orientation of the 

transcripts with respect to their closest known genes. If the initial candidate and its nearby 

gene show a very similar temporal dynamic through time and they’re on the same strand, 

they’re highly likely to be part of the same transcript. Hence, having the correlation and the 

right strand information is essential here. 

Transcripts Orientation Prediction by Cufflinks vs. Stranded Data Alignment 

 

Cufflinks predicts an orientation for all the identified transcripts. Splice junction information 

play an important role in this prediction, but cufflinks provide an orientation for single exon 

transcripts too. As the accuracy of this approach using not stranded RNA seq data, especially 

in the case of single exons is not established, we sought another approach to improve our 

confidence in the transcripts orientation.  We mapped the strand specific data from [56] that 

covers the first 9 hours of our time course on our set of lncRNA candidates, to infer the 

orientation of these transcripts. 

For each transcript, reads on the predicted orientation by cufflinks are called the right reads, 

and wrong reads are the reads mapped on the opposite orientation. For each transcript a 

binomial test was performed, and if the number of right reads was more than the number of 

wrong reads and the difference was significant enough (P-value of observation is less than 

0.01), the predicted orientation was the right one. In the other hand if number of wrong reads 
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were significantly more than number of the right reads, the predicted strand was the wrong 

one and it was updated. If the difference is not significant (P-value > 0.01), or the number of 

reads mapped on both strands are equal we cannot make any decision. From remaining 2795 

multi exonic candidates at this stage, 1849 were expressed during the first 9 hours of 

development, and for the 77% of the transcripts in this subset the inferred orientation 

agreed with what cufflinks predicted. For single exon lncRNAs, 5108 out of 8852 were 

present in the first 9 hours and the strand for 53% of those was validated by this strand 

specific data. 

LncRNA candidates and neighboring genes with similar profile 

 

Next challenge we are facing in the process of identifying the lncRNAs in Xenopus genome, 

is that some of the remaining transcripts in our set might belong to unknown isoforms of the 

known genes. The candidates that demonstrate a highly similar expression trend with their 

neighboring genes on the same strand are highly likely to belong to this group. To identify 

and mark the described transcript, a Pearson correlation coefficient was calculated for 

expression profiles of each pair of lncRNA and its closest gene. As we’re looking for an 

extreme similarity rate between the lncRNA and gene here, this correlation was calculated 

before modeling the expression profiles by Gaussian Processes.  After fixing the orientation 

using stranded data, those pairs with higher than 90% correlation, located on the same 

strand were marked as weak_type1.  If we didn’t have enough information about the strand 

of a candidate, but the orientation predicted by cufflinks was the same as its associated 

gene’s orientation, and they had more than 90% correlation, that lncRNAs were marked as 
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weak_type2. Considering the genes in both sides, we found 283 pairs of multi exon lncRNA 

and gene that fell into one of these categories. Out of remaining 2947 lncRNA candidate with 

multi-exons, 304 (276 type1, and 28 type 2) of them marked as week in this stage. In 8852 

single exons, 536 were identified with a suspicious similarity to their nearby genes and were 

removed. 

Paired-end reads as bridges between transcripts 

 

To have a set of strong lncRNA candidates, it’s important to make sure there exist no pair of 

lncRNA and gene that originate from the same transcripts. A paired end read mapped on both 

lncRNA and its nearby gene can be an evidence of a link between them. To investigate the 

possibility of mis-assembly for our candidates we looked at the number of bridges between each 

lncRNA and its neighboring genes, in the time point that the candidate is in its maximum 

expression level. If there was a bridge like paired end reads between them, the candidate was 

marked as weak_type3.  If we didn’t have enough information to reconfirm the orientation 

predicted by cufflinks, but that orientation was the same as the associated gene, and the number of 

bridges between them was significant as described, we marked them as weak_type4. 

Removing all the candidates marked as weak, the final set of multi exon lncRNAs had 1336 

members, and there were 4353 single exons left.  

Expression Dynamics 

 

Next, we examined the temporal expression dynamics of 5689 lncRNAs including both single 

and multi-exon lncRNAs. To generate the expression profiles, it's essential to deal with the 
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size difference between distinct libraries first. Hence, the expression value of a candidate in 

each time point is obtained by normalizing the number of reads mapped to that lncRNA 

candidate by its own size and the size of the library.  

 

Even after this phase of normalization, these obtained expression time series are likely to 

exhibit unaccountable drastic changes coming from different source of noise in data 

generation or analysis steps. To generate the smooth representation of the expression time 

series, Gaussian Processes technique, which has been used widely to model gene expression 

time series, was employed on the expression profiles of the candidates. 

 

Figure 3-5 illustrates the expression profiles of the strong LncRNAs candidates as a clustered 

heatmap, and the candidates in each cluster have a similar expression profile. In general, this 

similarity can be an evidence of sharing one or more regulatory elements or having the same 

functional role. The expression profile of each candidate has been normalized by their 

maximum to [0,1] to make the trends explicit. Different dynamics of each cluster is apparent 

in the heatmap. For each cluster, the general trend which is the roughly smoothed average 

of all the profiles in that cluster is presented in Figure 3-5. These results show that lncRNA 

expression is dynamically regulated during the embryonic development. Cluster 1 of 

lncRNAs are the ones maternally expressed, and they decay shortly after. The transcripts of 

cluster 2 though also maternally expressed, stay in the environment through the time course. 

The lncRNAs in the rest of the clusters activate later in the time course. Some have a 

prolonged and persistent expression (clusters 6,7,8) and some disappear after a short period 
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of time. All these developmentally regulated RNAs are likely to have developmentally 

relevant functions. 

Figure 3-5 Temporal expression dynamics of lncRNAs. 
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Gene-LnRNAs Correlations 

 

It has been shown that LncRNAs are preferentially located in the close proximity of coding 

genes [57] [45]. Furthermore, each long non-coding RNA and its neighboring gene are likely 

to demonstrate correlated dynamics as potentially they are both part of the same regulatory 

sub-network. LncRNA can enforce a regulatory function on the correspondent gene, or they 

can share some regulatory elements. 

 

To examine the correlation between lncRNAs and their neighbor genes, a cross correlation 

score was calculated for each pair. Trivially, larger magnitude of correlation means more 

similarity between the behavior of the paired gene and lncRNAs. However, as this similarity 

may occur with a delay in lncRNAs or gene, cross correlation is used to consider all different 

cases and the maximum was chosen.  

 

Low correlation score doesn't mean that there's no connection between gene and LncRNA. 

In some cases, lncRNA regulatory role may alter through time, hence the type of this 

correlation. However, to evaluate and compare the interrelationship between genes and 

lncRNAs, the assumption here was that the relation between lncRNA and gene, if any, is 

consistent through time. Figure 3-6  shows examples of correlation between lncRNAs and 

their neighboring genes. Plot B in the same figure demonstrates that the lncRNA and their 

neighboring genes have higher correlation than random pairs of lncRNA and genes. To 

ensure that this is not an artefact, we performed the same analysis on lncRNAs and 
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neighboring genes that are located on opposite strands and we observed the same pattern.  

This result suggests that lncRNAs have cis-regulatory roles.  

 

Figure 3-6 Expression profiles of lncRNAs and the neighboring genes. 
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cell-type specific expression 

Previous studies have reported that lncRNA expression can be cell-type or tissue-type specific 

and may vary spatially across different tissues [58].  

We used RNA-Seq data obtained from different parts of embryo [59] (animal poles, dorsal poles, 

lateral and ventral marginal zones, and vegetal masses) in a specific time interval to confirm this 

observation on our set pf lncRNAs. We mapped the reads coming from these different tissues 

to our lncRNAs and and compared animally and vegetally enriched lncRNAs using limma[60]. 

266 single exon lncRNA and 65 multi-exon lncRNA were expressed in a tissue-specific 

manner. The same comparison between dorsally and ventrally enriched lncRNAs yield to 

only 8 lncRNAs as shown in Figure 3-7. We propose that these lncRNAs may be involved in 

regulating the expression of germ layer-specific genes. 

Conclusion 
 

Long non-coding RNAs which are longer than 200nt noncoding transcripts, play different 

roles in the cells but as for a long time they were considered as junk DNAs, their role has not 

been studied comprehensively in most organisms. Hence, we generated a database of these 

Figure 3-7 LncRNA distribution in embryonic tissues. 
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non-coding RNAs which can have regulatory function during embryonic development. In this 

project, we used experimental data coming from 90 different time points during embryo 

development. This time course provided a platform for us to look deeper into temporal 

profiles of transcripts. This was not possible if like many other researches done in this field, 

only a small number of samples were available. The time course format of this data was also 

used in distinguishing noise from real transcripts which was not possible otherwise. Our 

strict filtering on single time points and final expression profiles of assembled transcripts 

provided us with a comprehensive and useful list of long non coding RNAs for future work. 

Our finding confirmed that these long non coding RNAs have temporal expression profiles 

and showed that they are dynamically regulated through development, which means they 

play a role in cell fate determination.  

 

Many diseases are related to the organs that originate from the endoderm. Understanding 

the mentioned regulatory network in Xenopus provides a framework that’s applicable to 

mouse and human and can be used in developing new treatment and diagnosis. A 

comprehensive map of these regulatory network for example can be used in reprogramming 

stem cells to replace a sick organ in future.  
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Chapter 4  
 

Exon Size and Sequence Conservation 
for Identification of Splice Altering 
Nucleotides 
 

 
 
 

Introduction 

 

Thousands of mutations have been observed across the human genome, and some of these 

mutations have been investigated and characterized by various experimental or computational 

approaches. Some have already been proven to be associated with known diseases, and some seem 

to play other significant roles in the cell. An exonic mutation within the pre-mRNA can change 

the amino acid it codes for and it can alter how efficiently the exon is spliced. In both scenarios 

the change can influence the final protein product. Therefore, these exonic positions are under 

evolutionary pressure to encode for the correct amino acid and to maintain optimal splicing signals 

needed for intron removal. Studies have suggested that about 20% of disease-associated alleles 

alter splicing [61]. Splice altering mutations are associated with diseases like Spinal muscular 

atrophy (SMA) [62], retinitis pigmentosa [63], cystic fibrosis [64] and types of cancer [65]. The 

discovery and characterization of these mutations have led to therapeutic advancement in some 

cases [4]. 

Previous studies have systematically characterized the contribution of splicing evolutionary 

pressures through the identification of synonymous mutations that alter splicing efficiency through 
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changes in exonic inclusion/exclusion levels [66]. Synonymous mutations do not alter the protein 

sequence but affect the splicing or protein folding [67]. These studies demonstrated the limitation 

of sequence conservation in determining the influence of a mutation in splicing and introduced 

exon/intron architecture as an evolutionary feature that can be used to separate splicing and coding 

evolutionary pressure. Furthermore, it has been demonstrated that in some cases, other variations 

around the observed mutations help compensate the effect of that nucleotide. 

 

To study and characterize the mutations that could affect splicing at a genome-wide scale, 

we investigated conservation across species from a new perspective.  

If an exon has been conserved both in sequence and structure through generations, studying 

that exon can provide us with more information regarding the sequence related features 

important for splicing. If any changes were allowed in that exon through generations, but the 

structure stayed unaffected, then the variation did not change anything crucial to splicing. 

On the other hand, if we never saw a mutation in that exon, it is possible that the sequence 

played an important role. We could also identify compensatory variations around an exonic 

position that could be important on itself, but its negative influence on splicing was 

compensated by additional variants nearby.  

 

To test these hypotheses, a database was generated to categorize exons according to the level 

of sequence and structure (i.e. length) conservation. As a next step, a set of known disease-

related mutations from [68] were added to this database for further analysis. 
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Method and Results 
 

Exon Matching 
 

 

Hundreds of thousands of exons are annotated for the human genome, and they can be 

categorized based on various features. Some of these features are related to the exons 

splicing patterns are the relative position of the exon within the gene, the length of the 

exon, and exons splicing scores.  To provide a summary of the human genome architecture, 

length and splicing scores of human exons, grouped based on their relative positions in the 

gene, are illustrated in Figure 4-1. 

 

To investigate the level of length conservation for each human exon, it was necessary to 

associate that exon to its corresponding exon in other species. But the number of exons, the 

length of exons, and the order of exons is not conserved through evolution and it makes the 

task of finding the corresponding exon less straight forward. To make sure we are matching 

the right exons, we started with the sequence alignment (multiz100ways database: 

http://hgdownload.cse.ucsc.edu/goldenPath/hg19/multiz100way/) of ninety-nine species 

from Lamprey to Chimp on human. These species include different evolutionary subsets 

including Primate, Euarchontoglires, Laurasiatheria, Afrotheria, Mammal, Aves, 

Sarcopterygii and Fish. This sequence similarity guided us through all of the possible 

matches. First, for each species and for each human exon, we extracted the genomic location 

of the sequence in that species aligned to that human exon sequences. Then we looked for 

possible known exons available from the gene annotation of that species overlapping with 

this region. If any exons with this criterion was available, it was matched to the human exon. 

http://hgdownload.cse.ucsc.edu/goldenPath/hg19/multiz100way/
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Checking for sequence similarity is an additional step that helps avoid matching wrong exons 

because of their relative position on the gene. 

 

The information regarding the position, length and sequence of each exon in human and all 

its matching exons in other species were stored for further analysis.  

In the process of matching the exons a subset of species was filtered out because of their low 

quality genome annotation. After this step we continued with 76 other species and human.  

Figure 4-1 Architecture of the Human Genome 
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UltraConversion  

After finding the corresponding exons from 76 other species to human exons, we compared 

their length to the length of that human exon. As our initial step confirmed a minimum level 

of sequence conservation for this exon. Observing a similar exon length represented another 

layer of conservation. We designate exons conserved in both length and sequence ultra-

conserved. The level of this ultra-conversion was determined by the number of other species 

the exon was ultra-conserved in. Figure 4-2 shows the distribution of human exons and their 

ultra-conversion. The frequencies in the distribution visualized for all exons highlights two 

general sub-distributions. These two populations are those with low exon length 

conservation (conserved in 10 or less species), observed only in a small number of species, 

Figure 4-2 Distribution of Exons Across 76 Length Conserved Species. 
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mainly primates, and those with high exon length conservation (conserved in more than 40 

species) across a larger number of vertebrate species. 

 

We also looked at the same distribution for exons now grouped by their length to short exons 

(<50nt), average sized exons (50-250nt), and long exons (250nt). The exon length cutoffs 

applied here are based on the efficient nucleotide length for the recognition of exons by the 

spliceosome [69]. Compared to the distribution for all exons, low length conserved exons are 

overrepresented in long exons, and underrepresented in average sized exons. This 

observation confirms the optimal exon size as an important evolutionary feature. 

For “Internal” exons with different level of ultra-conversion, we studied other features like 

sequence conservation measured by average PhyloP score [70] of each exon and the splicing 

strength predicted by MAXEnt Score [22]. The Maximum Entropy Score, MAXEnt, is a 

computationally derived value assigned to splice site sequences based on the modeling of 

short sequence motifs around the 5’ss or 3’ss using the maximum-entropy principle. Exons 

with poor length conservation had lower splice site scores and longer average lengths. The 

plot shows these features for different groups of exons and the distributions which are not 

significantly different (p-value > 0.05 ) are marked by “ns”. 
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On average, exons with weaker splice sites require longer lengths to aid in efficient 

recognition, potentially through increasing trans-acting factor binding.  

 

To investigate the relation between length and sequence conservation, we calculated the 

correlation coefficient between the ultra-conservation and the Phylop Score for “Internal”, 

“First” and “Last” exons separately.  For “Internal” exons the Pearson correlation coefficient 

of 0.76 was achieved and suggested a strong relationship between the two that can in turn 

confirm there is an optimal length and sequence for efficient exon recognition. For “First” 

and “Last” exons however the correlation was weaker (Pearson correlation coefficient of 

0.27 and 0.46). This weaker correlation can be related to the non-coding part of these 

terminal exons, that allows targeted regulation by machineries like capping or 

polyadenylation. 

 

Figure 4-3 Distribution of Length-Conservation Across Grouped Species for Internal Exons. 
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To measure the degree of correlation between exon length and sequence conservation with 

alternative splicing, we merged exon inclusion levels and their alternative 3’ or 5’ end from 

the EST HEXEvent database with our exon size conservation database [71].  We observed that 

there is a higher correlation between the frequency of exon skipping and the ultra-

conservation score (Pearson correlation coefficient: -0.484, p-value: 1.513 e-97) than the 

sequence conservation scores (Pearson correlation coefficient: -0.327, p-value: 1.463 3-42). 

These results suggests that exon size conservation is a better predicator of alternate exon 

inclusion. 

 

 Splice Altering Mutations  

 

Previous studies have suggested that about 20% of disease-associated alleles alter splicing 

[61]. To test to what degree our exon size conservation database can be used to predict splice 

altering SNPS, this set of size conserved exons was used as the foundation for the next stages 

of analysis. Starting with a set of known disease-related mutations from [68], we studied the 

sequence of the ultra-conserved exons containing those mutations.  

 

In [68],  for each mutation tested, researchers generated the wild type version of the exon and 

the mutated version of the exon. Each pair was then evaluated for exon inclusion efficiency 

to determine the effect caused by a mutation. This information allows us to confirm whether 

the exon size conservation database could be used to identify sequence variations that could 

lead to splicing changes. Because of the coevolution between coding and splicing features, 

such prediction would be expected to be most accurate for the mutations at wobble position, 
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which is less likely to affect the coding sequence[72]. If a wobble-positioned nucleotide is 

highly conserved in a size-conserved exon, that nucleotide is likely to be important in 

mediating correct splicing. 

 

We first grouped the mutations listed in this database to “junction” mutations and “non-

junction” mutations. “Junction” mutations are the ones located at the boundary of exons. For 

both 3’end and 5’end of the exons, there are a small number of nucleotides that affect the 

splicing strength directly, hence “Junction” mutations are more likely to affect the splicing.   

796 SNPs were labeled “Junction” and 4336 SNPs were “Non-Junctions”.  

For each one of these (exon, “Non Junction” mutation) pairs, we extracted the sequence 

around the mutation (±5nt) in all species that the exon were ultra-conserved in. As the size 

conservation score provides us with a measure of splicing conservation, and the information 

regarding the effect of this mutation was available in the SNP database, the general 

expectation was not to observe splice-altering mutations in these size conserved exons or, if 

they were detected, additional nucleotide variations would be accompanying. 

 

We also extracted the position of the mutation within the coding frame to know which 

position of the codon a mutation is located. This is important as the third position of the 

codon, the wobble position, is the nucleotide less likely to affect protein coding and more 

likely to affect the splicing. The majority of the 5,132 disease-associated SNPs are located at 

position 1 or 2 of the codon and, thus, led to amino acid changes. 
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Evolutionary Groups. Based on the occurrence of these mutation across different species, 

in which the exon was ultra-conserved, we categorized the mutations into three groups: 1) 

Mutation Not Important; 2) Mutation Not Observed; 3) SNPs with Covariance.  

“Mutation Not Observed” SNPs, as the name suggests, were the ones that did not occur in any 

of the species within the ultra-conserved group. In other words, in all species tested, these 

nucleotides were kept unchanged which suggests that the nucleotide is likely to be important 

for splicing. 

“Mutation Not Important” are the ones we observed in some of the species within the ultra-

conserved group, but there was no other variation around the mutation that could 

compensate the possible role of this mutation in splicing. Hence the mutation is not likely to 

be essential for splicing. 

 

The third category, “SNPs with covariance”, contains the SNPs that were conserved but other 

sequence variations were observed within 5nt around them. These other variations could be 

playing a role by compensating for the splice altering effect of the main mutation. 

The majority of the mutations fell into the “Mutation Not Observed” group. This observation 

suggested that these nucleotides are important for both coding and splicing. However when 

evaluating mutations at the “Wobble” position, we observed a higher percentage of 

“Mutation Not Important“ and “SNPs with Covariance.” 

 

Splice affect groups. Each one of the mutations, based on the database from [68], were also 

categorized into three groups of “Inclusion”, “Exclusion” and “No Change” based on their 

influence on splicing. The expression of spliced and unspliced version of the exons containing 
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each SNP, for both wildtype and mutated version, was available in the mentioned database. 

Based on these numbers, Percent Spliced In (PSI) score was calculated as the ratio of 

spliced/(spliced+unspliced) and Delta PSI was calculated as PSI of mutation – PSI of 

wildtype.  As the names suggest, “Inclusion” mutations increase the level of inclusion for that 

exon, “Exclusion” exon decrease the level of inclusion and “No Change” mutations do not 

cause any significant change on splicing pattern of the exon. Ten percent cutoff on Delta PSI 

was used for assigning the mutations to “Inclusion” or “Exclusion” groups.  We observed that 

the majority of “Junction” SNPs located on 5’ splice site alters the exon inclusion level as 

expected.  Around 17% of “Non Junction” mutations passed this threshold and from those 

mutations, 60% reduced exon inclusion.  A Delta PSI cutoff of 0.2% was used for the “No 

Change” or “Control” group.  

 

As Figure 4-4 shows, wobble positioned SNPs that reduced the exon inclusion are enriched in 

“Mutation not Observed” category, but the ones in Inclusion category have a higher 

percentage of  “SNPs with Covariance”. This observation suggests that the compensatory 

variations can possibly re-establish the splicing efficiency. Wobble-positioned mutations on 

Figure 4-4 SNP Categories at Codon Position 3. 
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junctions show a similar trend. We conclude that the evolutionary category can indeed help 

us in identifying splice-altering SNPs. 

 

We also studied how the occurrence of each mutation changes the coding sequence of the 

exon and how that change influences the direction of splicing. As “Junction” SNPs directly 

change the splicing strength, we focused our analysis on “Non Junction” SNPs. As illustrated 

Figure 4-5 for each evolutionary group of “Non-Junction” SNPs, we categorized the mutations 

based on their splice affect groups and their coding sequence affect. We also observed that 

many of the mutations that were in “Mutation not observed” led to a premature stop codon 

(PTC) or changed the coding sequence. And the SNPs in Exclusion group had a higher 

percentage of PTC nucleotides, which suggests that there might be a molecular mechanism 

that suppress the presence of PTC containing exon through splicing. The Inclusion mutations 

contained a smaller proportion of PTC nucleotides. 

 

A similar pattern was observed in “SNPs with covariance” group to show that exon size 

conservation can not only help with identifying splice-altering SNPs, but it can also assist in 

determining the direction of the splice affect. 

 

Figure 4-5 Amino Acid Change for Each SNP Category at Non-Junction Sites. 
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Conclusion 

 

Here, we generated a database of length conserved exon to test the hypothesis that exon size-

filtered species alignment improves the identification of nucleotides evolved to mediate 

efficient exon ligation. We observed that exon length conservation is a better predictor of 

alternative splicing frequencies, indicating that exon architectural features aid in the 

evolution of newly emerged exons. These results suggest that exon length and sequence 

conservation play a convergent role in the evolution of an exon.  

Our database and analysis also showed that an exon-size filtered comparison between 

aligned sequences of various species not only improves the prospect of identifying splice 

altering mutations at wobble positions but it can also be used to predict the direction of 

splicing changes. 

This chapter only reported a small part of what could be mined from the databases discussed 

above. Having these databases available opens new avenues for analyzing splice-altering 

mutations and for identifying possible compensatory variations observed in genomic 

sequence. 

The exon size database can provide us with tools to identify splice-altering nucleotide and to 

predict the way they affect the splicing outcome. 
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Chapter 5  
PASARNA: A Tool for polyadenylation 
analysis using RNA-Seq Data 
 

 
Introduction 

As we discover more about the role of RNA 3’ end processing thorough latest discoveries [1] 

[17] [73] in the field, the necessity of developing better tools and protocols for detecting 

polyadenylation and alternative polyadenylation increases.  

 

The current experimental protocol specifically designed for investigating the 3’ end have 

limitations. First, these methods require a large amount of RNA as their input to generate 

data of sufficient depth, and it can be challenging to achieve the necessary volume of RNA in 

some conditions. Second, even with a large amount of RNA the experimental steps are 

complex and time consuming [74].  These complexities have led to a slower rate of growth in 

3’ end specific high throughput sequencing data. This limited availability has been a 

significant obstacle not only in the first stages of biological studies but also in developing 

computational models and methods for deeper analysis of this phenomenon. As good quality 

3’ end specific data in a variety of conditions and cell types is not available, having a 

comprehensive list of possible polyA sites has proved to be challenging.  

 

Researchers have been trying to address different aspects of polyadenylation throughout the 

years using different sets of experimental and computational techniques. 



57 

 

Models designed for distinguishing polyA sites from random sites across genome and 

distinguishing between real polyA signal and fake polyA signals (sequences similar to polyA 

signals) are examples of these attempts. The goal of any computational approach is not only 

to find polyA sites that have been missed through experimental limitations like sequencing 

depth but to discover the novel features that define a genomic position as a polyA site. 

 

Various studies have been trying to use machine learning methods like hidden Markov 

model, random forest and neural networks to predict the polyA sites [75-77]. However, with 

the recent growth of deep learning, there has been a new wave of machine learning models 

for polyA site detection. Knowing that sequence plays a crucial role in defining a polyA site, 

Convolutional Neural Networks have been one of the main elements of these recent studies 

[24] [78].  

 

An even more difficult but important goal in the polyadenylation field is finding alternative 

polyA sites that are chosen in different conditions or cell types. This alternative choice of 

polyA site has been shown to play a crucial role in diseases like cancer [73] [1]. Long or short 

mRNA isoforms generated through alternative polyA selection might play important roles in 

biology. In a recent publication, we showed that alternative polyadenylation plays a 

noticeable part in cellular reprogramming [17]. 

 

Because of its stronger dependence on data availability, the identification of alternative 

polyadenylation has not been computationally addressed as much as canonical polyA site 
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detection. Although some of the factors involved in alternative polyA selection are known, 

there is a clear need for optimizing, identifying and understanding APA genome-wide.  

 

Cis elements and trans-acting factors that are known to influence polyA site selection [1, 3, 

79]. It has been observed that the relative position of the polyA site within the transcript and 

the sequence around it play a role here.  These features have been used to decipher potential 

rules for alternative polyadenylation in different tissues and in the discovery of stronger 

versus weaker polyA sites [80]. 

  

RNA-Seq data is another type of data that can provide information on 3’ end processing. The 

advantage of using RNA-Seq for this analysis, although it is not designed for this goal, is the 

large amount of RNA-Seq available through public and free resources. The encyclopedia of 

DNA Elements (ENCODE) [81] is one of such sources, with hundreds of RNA-Seq data sets 

from human cells. These datasets can potentially be used to develop improved 

computational models and to provide a better understanding of polyadenylation 

mechanisms. RNA-seq is used for gene expression analysis and isoform detection, but it has 

not been specifically designed to mark polyA sites. Although the isoform detected by 

numerous tools implemented for transcriptome assembly can be potentially used to address 

the polyadenylation site usage problem, it has been shown that these methods are ineffective 

for comprehensive polyadenylation associated analyzes. Besides the poor coverage around 

polyA sites, one of the main reasons of this inefficiency is that these tools rely on spliced 

reads to assemble the isoforms and are not designed to distinguish between alternative 3’ 

UTRs [82]. Recently, several computational methods have been developed with the goal to 
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adapt RNA-Seq data to alternative polyadenylation analysis  [83][84][85][86][87][82].  Although 

these methods have improved polyA site discovery from RNA-Seq, there is still a long way to 

a comprehensive and optimized method that takes advantage of RNA-Seq data and 

additional genome information. 

 

Here we focused on using RNA-Seq data to find possible polyA sites and to complement this 

approach by using other features, such as the sequence, to find the more prominent polyA 

sites that were used in different conditions.  

We implemented different modules in a way that each augmented a part of the available 

information into our pipeline.  These modules can be listed as below: 

1. Pre-Processor  

2. Potential Candidate identifier 

3. Basic Filter 

4. Filter by Sequence Model 

5.  Quantifier 

 

The first module implemented here generates a profile for every gene based on RNA-Seq 

data. These profiles include the read depth at each position on a segmented version of the 

gene. This module can take advantage of the information on spliced junctions extracted from 

the alignment file if available. Finally, if a list of known sites from other sources is available, 

it can also be in integrated in this profile to improve the result. 
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The second module models these predicted profiles to mark the potential candidates for 

utilized polyA sites in this sample. It applies different techniques but mainly benefits from 

time series change point detection methods to mark sites with more significant changes.  

 

The third module is the filtering module. This unit utilizes read coverage quality filters and 

the known characteristics of polyA sites to remove the low-quality spikes, low expressed 

sites that are more likely to be noise, or splicing sites that are marked as candidates. The 

filtering module also merges neighboring sites that can be associated to the same site. 

 

The fourth module is the sequence model. The main task of this part is to study the sequence 

around the candidates and assign a score to that site. This module functions based on a pre-

trained convolutional neural network (CNN) that was trained based on a list of known polyA 

sites. This CNN can be trained in the beginning of the analysis with a roughly filtered set of 

polyA sites from the available RNA-Seq data. This training can help with decreasing the false 

positive rate of prediction. 

 

The final step here is to quantify the sites. This module counts the reads associated to each 

possible polyA site and from that calculates the usage percentage of each polyA site in that 

gene.  These read counts and usage percentages can be used for further filtering. Afterward 

this final stage of filtering, the counts can be used for alternative polyadenylation analysis. 
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Background 

The most common way of finding polyA site using RNA-Seq is to find significant drops in the 

gene coverage profile, especially when looking at the last exon. Methods like a decision tree 

regressor with a shallow depth have been used to model the coverage signal with segments 

of straight lines that makes finding the drops easier. However, not all the sites can be found 

in a straight forward way of looking at significant drops. Different factors including the 

quality of data can makes this task more challenging.  

 

In the last few years, multiple tools and pipelines have been developed to extract 

polyadenylation sites and to perform alternative polyadenylation analysis using RNA-Seq. 

Tools like Roar [83] only use the known polyA sites from public databases.  Other tools like 

GETUTR [84] and IsoSCM [85] do not consider the occurrence of introns in 3’ UTR. DaParse[88] 

and ChangePoint [89] that are alternative polyadenylation analysis tools only consider two 

polyA sites for each gene. These tools apply a wide range of mathematical and statistical 

techniques including, but not limited to, isotonic regression (GETUTR), Poisson Hidden 

Markov Model [87] , and various change point inference model (IsoSCM and TAPAS [86]). 

TAPAS first uses the gene annotation to extract the 3’ UTR of every gene and generates a 3’ 

UTR frame. APAtrap [82] performs a similar step and then extends these regions. As finding 

the change-points or drops is not enough to correctly mark polyA sites, a subset of these 

tools also applies heuristic filters on the initial findings.   
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Transcript assembly tools like Cufflinks[37] can be used for polyA site analysis, however 

these tools are prone to missing the downstream polyA sites of longer isoforms due to low 

coverage and discontinuity of the signal. Shorter isoforms may be neglected as it is merged 

with the longer ones.  

 

None of the available tools takes advantage of all the available information, and most of them 

have a far from desired performance on real data. Hence, there is a need for a tool that 

combines different aspect of polyA sites and improves the quality of polyadenylation 

analysis using RNA-Seq data. 

 

Method 

RNA-Seq vs PAS-Seq 
 

RNA-Sequencing (RNA-Seq) is one of the main tools of gene expression studies. Read 

abundance obtained from RNA-Seq data represents the quantity of RNA molecules in the cell.  

RNA-Seq data is commonly used not only for extracting gene expression and differential 

expression analysis, but to capture the abundance of different isoforms of the gene and 

assemble de novo transcripts.  

 

The fragments generated from transcripts with RNA-Seq are not uniformly distributed 

across the transcript [90]. If a cDNA fragmentation protocol was used, reads are more likely 

to come from the 3’ end of the transcript. With the RNA fragmentation protocol, reads are 

more likely to be from the middle of a transcript.  
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Therefore, RNA-Seq data can potentially be used to capture the 3’ end and help in alternative 

polyadenylation analysis. However, various factors are involved in determining the potential 

of RNA-Seq for polyadenylation analysis. Especially for the 3’ end that are chosen less 

frequently, it is necessary to have a data set with sufficient sequencing depth. In [86], using 

simulated RNA-Seq data, the effect of sequencing depth on polyA site detection was 

investigated and it was shown that all tools perform better with higher sequencing depth. 

The authors observed an improvement of 10% in precision when the sequencing depth 

changed from 50 million reads to 150 million reads, but even for simulated data and with 

150 million reads available, the precision and sensitivity of the method did not pass a 90% 

cutoff. It is important to note that this number is always significantly lower for real data.  

 

Changes in the coverage pattern of a gene can be the result of other processing steps like 

splicing or features in the sequence or the structure of the transcript. Hence RNA-Seq data 

by itself may not be sufficient for describing the full model behind what we observe. 

RNA-Seq data, even with high sequencing depth and good quality, is not likely to carry 

enough information to capture the exact position of all polyA sites the way PAS-Seq is 

designed to do.  

 

Polyadenylation specific data like PAS-Seq or 3’ seq are designed to only mark the polyA site 

[28].  Figure 5-1 demonstrates some examples on how RNA-Seq and PAS-Seq differ. The red 

signal is the coverage profile of the gene generated by the number reads from mapped to 

each position of the gene. The blue signal shows a similar profile generated by PAS-Seq. In 
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some cases, like GAPDH gene, due to higher expression or smaller number of present 

isoforms the task of finding the 3’ end from RNA-Seq data is an easier task. In most cases 

however, it is not likely to capture all selected polyA sites only from the RNA-Seq signal.  

 

Figure 5-1 RNA-Seq and PAS-Seq Profiles 

  

 
Module 1. Pre-Processor  
 

 

From RNA-Seq data, we can calculate the read coverage of each position across the genome. 

The gene length varies between tens to hundreds of thousands of nucleotides, and the 

absolute magnitude of read coverage at each point depends on various factors like the 
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amount of initial material used for sequencing and the sequencing depth. Hence, although 

the read coverage is important, the pattern of the signal over the gene is more important at 

the earlier stages of this pipeline. 

 

Prior to this step, the reads coming from sequencing should be mapped and a track of 

coverage (bigwig file) for each sample should be generated. Then, using the annotation of 

the gene, we generate a signal profile for each gene. As the real 3’ end of the genes can be 

100s or 1000s of nucleotides downstream of annotated termination sites, we extend each 

gene 10k nucleotides downstream of the annotated site. Here we only use one version of the 

gene to generate the initial profiles. If no annotation is available, transcripts can be 

assembled by known assemblers to provide the initial annotation to start. As it was 

important to keep this tool flexible for new genomes, in general it does not rely on the exact 

annotations. 

 

 

Here, we split each gene to segments that include the exons and its downstream intron. For 

Figure 5-2 Pre-Processing 
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the last exon the segment contains the exons and 10k nucleotides downstream or up to the 

next gene. The segmentation is intended to first help with the parallelization of the 

computation and, second and more importantly, to permit the detection of the upstream 

polyA sites. 

 

Most alignment tools generate a file containing the information regarding the splice 

junctions. On the upstream exons, the signal around the 5’end splice site drops with patterns 

that can be mistakenly marked as polyA site. Although in the case of polyadenylation we are 

not focusing on these sites and their usage, but this information can provide us with some 

evidence on the existence and strength of a splice site on each position and improves the 

discovery. 

 

We can also take advantage of a list of polyAs if it is available from other sources or previous 

analyses. Although our goal here is to only keep and mark the polyA sites utilized in the 

samples under investigation, this list can improve the accuracy of position discovery. These 

sites can be added to the initial list of candidates or they can only be used for site 

adjustments. 

 

The generated profiles are the basis of the next steps. We generate these profiles and use 

them to simulate the signals we observe when we visualize these samples on different 

genome browsers to manually investigate them. One of the optional parts of the profile 

generator is the smoother. The generated profiles from read coverage can be spiky and 

discontinuous, especially when the sequencing depth is low. To avoid marking a spike caused 
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by under-sampling of the signal, we have added a low pass filter to smoothen the profiles. 

This part was visualized in Figure 5-2. 

 

Module 2. Candidate identifier with Change Point Detection Techniques 
 

 

 

As mentioned before, among other techniques, we apply some change point detection 

methods to generate our initial pool of candidates for polyA sites.   

To find the change points on a signal or a timeseries is to find where the underlying model 

of that signal changes. In the case of coverage profile of a gene or exon, the signal can be 

considered piece-wise stationary. This means that on some positions across the gene the 

model behind the signal changes, and we are interested in finding those positions. Of course, 

not all those positions are polyA sites, but this initial estimation can provide us with potential 

candidates.  

 

One subset of change point detection methods are mean shift methods.  To use these 

methods, a simplified version of the problem of change point detection can be formulated as 

below [91]: 

Here 𝑟 is the observed signal 𝑟 = {𝑟1, 𝑟2, … , 𝑟𝑁} and 𝑁 is the number of data points or time 

points.  If the characteristics of the signal changes at some unknown points {𝑛1
∗ , 𝑛2

∗ , … , 𝑛𝐾
∗  }. 

Number of these points might be unknown. Then to estimate the best segmentation of the 

signals, a cost function should be minimized: 
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𝑉(𝒏, 𝑟) = 𝑐(𝑟𝑛[1: 𝑛1]) + 𝑐(𝑟𝑛[𝑛1 + 1: 𝑛2]) + ⋯ +  𝑐(𝑟𝑛[𝑛𝑖 + 1: 𝑛𝑖+1]) + ⋯ 

Equation 5-1 

 

𝑉(𝒏, 𝑟) is the sum of segment costs and 𝑛𝑖𝑠  are the change point indexes. Function 𝑐 here is 

a cost function that evaluates the fit of the signal to expected underlying distribution. 

Hence the following optimization problem should be solved at the end: 

 

𝑚𝑖𝑛𝑡𝑉(𝒏, 𝑟) + 𝑝𝑒𝑛(𝒏) 

Equation 5-2 

 

In which 𝑝𝑒𝑛(𝒏) is a regularizer on segmentation n.  

The change point detection problem can be approached different ways based on the setting 

of the problem. One of the factors is if the number of change points in a signal is known 

beforehand or not. In the case of polyA site discovery the number of sites is not known 

exactly, but we can limit the number based on our prior knowledge on polyA sites. 

Constraints of the general optimization problem, cost function and the optimization 

techniques can differ. 

 

This family of change point detection approaches can be defined by their cost function (like 

mean, autoregressive coefficient, or kernel-based metrics), search method (dynamic 

programming, or binary segmentation) and the constraint on the number of change points.  

Here, we took advantage of ruptures library [91] 

(http://ctruong.perso.math.cnrs.fr/ruptures-docs/build/html/index.html) to add the 

option of using this type of change point detection techniques.  
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The simple model we used here works based on a mean shift cost function. With the 

assumption that the underlying model of each segment of the signal (segments separated by 

change points) is a gaussian model with different mean, cost function l2 [92] can be defined: 

𝑐𝑜𝑠𝑡𝑙2(𝑦[𝑎:𝑏]) =  ∑ ||𝑦𝑛 − 𝑦[𝑎: 𝑏]̅̅ ̅̅ ̅̅ ̅̅ ̅

𝑏

𝑛=𝑎+1

||2
2 

Equation 5-3 

Where 𝑦[𝑎: 𝑏]̅̅ ̅̅ ̅̅ ̅̅ ̅ is the empirical mean of the signal between point a and point b. 

 

Our experience with different search methods showed that a Binary search method can be 

used as the default option with optimal performance. Binary segmentation search is greedy 

and sequential. It first looks for the single point that leads to the lowest cost. Then it splits 

the signal in that point and repeats the same for each segment until a stop criteria like the 

number of change points is met. This search method is fast (𝑂(𝑁𝐿𝑜𝑔𝑁)) but it’s an 

approximation of the solution and not an exact one. On Binary segmentation search, we 

limited the number of polyA sites with a maximum 5 for each segment of the gene. Though 

we rarely see more than 2 or 3 polyA site significantly used on one segment, but it’s 

important to note that the polyA sites are not always the most significant change points 

detected on a region. However, mean shift methods are not our preferred change paint 

detection method in PASARNA. 

 

Bayesian approaches for change point detections are listed as some of the state-of-the-art 

methods in this area. The downside, however, is that their time complexity when needed for 
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tens of thousands of long signals can decrease their efficiency. Various numerical methods 

have been implemented to make different parts of Bayesian inference more applicable for 

the case of change point detection, especially when the number of change points is unknown. 

The general formulation of Bayesian inference goes as follow: 

 

𝑃(𝜃 | 𝐷) =  
𝑃(𝐷 | 𝜃) ∗ 𝑃(𝜃) 

𝑃(𝐷)
 

Where, 

𝑃(𝜃) is the prior probability, the knowledge on the data prior to any observations.  𝑃(𝐷│𝜃), 

called likelihood, is the probability of observing this data given the prior knowledge. 𝑃(𝐷), 

marginal likelihood or model evidence is traditionally computed as the sum/integral of 

likelihood times prior. Model evidence, which is a normalization factor, can be hard to 

calculate analytically but is necessary when we need to evaluate the final model and compare 

different hypothesis. Finally, 𝑃(𝜃|𝐷) is the posterior probability that we are interested in to 

update our knowledge. 

In the case of multiple change point detection, we need a prior distribution. But besides that, 

as the parameters of the prior model alters through time, we need another model to describe 

the changes in those parameters. Here a two-level hierarchical structure can be used.   

The low level is the observation model. Observation model is what is used to describe the 

observations in a short period of time. This model is usually a known probability distribution 

like Poisson distribution. 
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The high level is the transition model. This level helps to describe the observation in longer 

period of time or stretch of signal. This is the level that determines if the time varying 

parameters of observation model change gradually or abruptly. This model itself depends on 

some hyper parameters like the likelihood of any jumps in time varying parameters of the 

low level. 

 

In [93], to overcome the challenges coming with a high dimension data, a sequential inference 

algorithm was implemented that is similar to forward-backward algorithms in Hidden 

Markov Model. 

 

With  𝜃𝑛 {n = 1, 2, …, N} as the time varying parameters of the observation model, and ƞ as 

the hyper parameters of transition model, we can write 𝛼𝑛 as the product of the likelihood 

and prior: 

𝛼𝑛 =  𝑃(𝐷𝑛′<𝑛| 𝜃𝑛). 𝑃(𝜃𝑛|ƞ) =  𝑃(𝜃𝑛, 𝐷𝑛′<𝑛 |ƞ) 

Equation 5-4 

Because of the sequential nature of this algorithm, this not normalized posterior probability 

is defined as the conditional probability of the data 𝐷 up to point 𝑛 and the parameter 𝜃 at 

point n, given the hyper parameter ƞ.  

 

With the assumption that we employ a factorizable likelihood function like Poisson process, 

a likelihood factor that describes the probability of data point 𝑛 + 1, can be described given 

the parameters of point 𝑛 + 1 and the previous points: 
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𝐿𝑛+1 = 𝑃(𝐷𝑛+1| 𝜃𝑛+1 , 𝐷𝑛′<𝑛) 

Equation 5-5 

 

Then the not normalized posterior probability of 𝑛 + 1 is: 

 

𝛼𝑛+1 =  𝐿𝑛+1. 𝑇𝑛+1(𝛼𝑛)  

Equation 5-6 

In which T is the transition or high level model. Different types of model can be used here, 

and it’s important to note that his transition model does not change the integral of 𝛼 with 

respect to 𝜃. 

 

In [93], a grid based approach was used to calculate the marginal likelihood. For that both 𝜃 

and  ƞ were discretized on a grid to 𝜃(𝑖) 𝑓𝑜𝑟 𝑖 = (1,2, … , 𝑘𝑖)  and ƞ(𝑗)𝑓𝑜𝑟 𝑗 = (1,2, … , 𝑘𝑗). 

 

Based on this grid-based approach the previous equation should be rewritten to: 

 

𝛼𝑛+1
(𝑖𝑗)

=  𝐿𝑛+1
(𝑖)

. 𝑇𝑛+1
(𝑗)

(𝛼𝑛
(𝑖𝑗)

)  

Equation 5-7 

 

For each point of the signal, 𝛼 can be calculated iteratively using Equation 5-7 . After it is 

calculated for the last step, the model evidence is computed: 
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𝑃(𝐷𝑛′≤𝑁|ƞ(𝑗)) =  ∑ 𝛼𝑁
(𝑖𝑗)

. ∆𝜃

𝑖

 

Equation 5-8 

Where ∆𝜃 is the voxel size of the parameter grid. 

Calculating and maximizing the model evidence is necessary to optimize the time varying 

parameters and the best prior models. Now with the model evidence available, the time 

varying parameters of the observation model can be inferred. First, function 𝛽 is defined to 

capture the conditional probability of future points : 

 

𝛽𝑛
(𝑖𝑗)

= 𝑃(𝐷𝑛′>𝑛|𝜃𝑛
(𝑖)

, 𝐷𝑛′<𝑛, ƞ(𝑗)) 

Equation 5-9 

 

Then,  

𝑃(𝜃𝑛
(𝑖)

|𝐷𝑛′≤𝑁 , ƞ(𝑗) ) =  
𝛼𝑛

(𝑖𝑗)
. 𝛽𝑛

(𝑖𝑗)
 

𝑃(𝐷𝑛′≤𝑁|ƞ(𝑗))
  

Equation 5-10 

 

Is the joint parameter distribution for each step in the signal, given past and future data 

points and transition model parameter. For the “forward” direction, 𝛼 can be computed from 

Equation 5-4 updated in grid setting. 

 

Though 𝛽 is initially written as the probability of future points given past ones among other 

parameters, since the factorizability condition on likelihood function means that future 

observations do not depend on past observations, Equation 5-9 can be updated to: 
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𝛽𝑛
(𝑖𝑗)

= 𝑃(𝐷𝑛′>𝑛|𝜃𝑛
(𝑖)

, 𝐷𝑛, ƞ(𝑗)) 

Equation 5-11 

 

And if we move backward in time this function can be computed in an iterative approach 

similar to  : 

 

𝛽𝑛
(𝑖𝑗)

= 𝑇𝑛+1
′(𝑗)

( 𝐿𝑛+1
(𝑖)

. 𝛽𝑛+1
(𝑖𝑗)

)   

Equation 5-12 

 

Where T’ describes the parameters changes in the backward direction.  

Besides the low-level parameters, the hyper parameter of high level model is usually not 

known. In this case the inference algorithm described can be performed for different values 

of the hyper parameter  ƞ(𝑗), and the following equations can be derived: 

 

𝑃(ƞ(𝑗)|𝐷𝑛′≤𝑁) =  
𝑃(𝐷𝑛′≤𝑁|ƞ(𝑗)). 𝑃(ƞ(𝑗))

∑ 𝑃(𝐷𝑛′≤𝑁|ƞ(𝑗)). 𝑃(ƞ(𝑗))𝑗

 

Equation 5-13 

 

If no prior is known for the hyper parameter, equal probabilities are assigned to all different 

values of ƞ(𝑗). Then: 
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𝑃(𝜃𝑛
(𝑖)

|𝐷𝑛′≤𝑁  ) =  ∑ 𝑃(𝜃𝑛
(𝑖)

|𝐷𝑛′≤𝑁 , ƞ(𝑗) ).

𝑗

𝑃(ƞ(𝑗)|𝐷𝑛′≤𝑁) 

Equation 5-14 

 

After the distribution of 𝜃 is inferred for each point, we use the mean of these distributions 

to mark the change points. 

 

 This framework implemented in bayesloop 

(https://github.com/christophmark/bayesloop) and described in more details in [93], was 

used in our pipeline to capture the initial candidates for the polyA sites. In this pipeline, after 

trying multiple models, the observation model was set to a Poisson distribution, and the 

high-level model was set to the default setting as described previously.  

 

Module 3. Basic Filter 
 

 

As explained previously, the initial detected change points are not all polyA sites. Multiple 

underlying phenomena can cause an abrupt change on the coverage profile of the genes. 

Hence, it is necessary to investigate the initial marked sites for other signs. The filter module 

starts with a set of basic filtering on observed coverage of the marked sites and the 

surrounding area. If the profile on that region seems spikey or low coverage the site is 

removed.  

 

Besides the basic quality check the immediate pattern around the site is being checked too. 

If the change is not as we expect to see around the polyA site, for example if it is the beginning 
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of a peak on the exon, we remove that site. After the basic filters we merge the consecutive 

sites, if closer than specific nucleotides, which follow the same trend. Some of the filtering 

done here is similar to what was described in [86]. 

 

Afterward, if the spliced read information is available on upstream exons and to avoid 

marking a splice site as polyA site, we remove the sites in the vicinity of the reported splice 

sites if the coverage upstream of the splice sites is in the same range as the coverage 

upstream of those polyA sites. By not removing all the sites close to the spliced junctions and 

considering the coverage, this step helps to keep the real polyA sites that can be utilized on 

the upstream exons. 

 

In this stage, if a list of known polyA sites is available, we use it to mark some of the polyA 

sites and adjust their locations. Marked candidates close to these known polyA sites are 

being replaced by their corresponding known site.  

 

Module 4. Sequence Model with Convolutional Neural Network 
 

 

Cis-regulatory factors, features from the genomic sequence, are known to play a role in 

polyA sites machinery. Some of these sequence features around the polyA sites are well 

Figure 5-3 General Structure of a PolyA Site 
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characterized, the rest, however, are harder to quantify and mark. Figure 5-3 General Structure of 

a PolyA Site shows the general pattern of polyA region.  

 

The most widely signal of a polyA sites are what listed on 15-30nt upstream of the site. The 

main polyA signals are AAUAAA and AUUAAA (~70% of human polyA sites); however, the 

other signals (AGUAAA, UAUAAA, CAUAAA, GAUAAA, AAUAUA, AAUACA, AAUAGA, AAAAAG, 

ACUAAA) are possible to occur too [19]. If we only look for the main signals on specific 

regions, it is likely to lose real polyA sites. If we look for all signals or expand the region, we 

can increase the number of falsely marked candidates. 

It has been shown that a convolutional neural network can be trained to distinguish between 

a polyA site and non-polyA site though it might not provide us with any information 

regarding the utilization of that site [25]. In this pipeline we take advantage of a pre-trained 
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model to remove sites that are less likely to be a polyA site based on their surrounding 

sequence. 

 

The available pre-trained model includes layers of convolutional neural networks, a 

maxpooling layer and a dense layer as shown in Figure 5-4. It has been trained by a set of 300K 

sequences 200nt in length from polyA sites and the same number of random sites. Random 

sites have been chosen in a way that they do not have any overlap with a polyA region but 

keep the same chromosome wide distributions. The real polyA site have been chosen from 

PolyA_DB 3 [94] to avoid any bias toward the polyA seq data we use for evaluation. Sites from 

Chromosome 3, 5, 7 and 9 were extracted for the test step of this model. This model predicted 

the status of test sites with an AUC of 0.82 . 

 

Figure 5-4 General Schema of CNN network for Sequence Filtering 
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Module 5. Quantifier.  
 

 

We used the time point detection method to be able to find the polyA sites with higher 

resolution than other methods. This higher resolution helps to be able to extract a more 

accurate picture of the features involved in polyadenylation. However, to be able to extract 

more important biological information from the data, it is necessary to quantify these sites 

and their relative usage. For this, we implemented a quantifier module. The quantifier model 

starts with a set of polyA sites on each segment and counts the reads that are more likely to 

be associated with each site. Initially the read assigned to each site are the reads upstream 

the site and downstream the upstream site. If there is no site upstream, reads assigned to the 

site are the ones mapped to upstream of the site on this segment. After the first round of read 

assignment, a percentage is assigned to each site based on the sum of reads associated with 

all sites. Sites that have less than a minimum percentage (by default set on 20%) of the reads 

of that segment are removed and the counts and percentages then are updated based on the 

new sites.  

 

A similar step is then performed for all the sites of a gene to remove the marked sites that 

are not likely to be the dominant polyA sites of the gene based on the read counts.  

The final sites and their read counts are then saved for downstream analysis like alternative 

polyadenylation analysis. 
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Data 
 
 

We used the data from multiple conditions for which both RNA-Seq and PolyA-Seq data 

were available to test the performance of this pipeline. The RNA-Seq data was aligned to 

human genome using STAR [29], and then the bam file was converted to bigwig files for the 

rest of these analysis using deepTools[95]. To mark the used polyA sites we used the read 

counts from PAS-Seq data.  

 

The RNA-Seq/PAS-Seq samples used in this analysis were generated from the 293T cell line. 

We ran the tool on the 293T cell line with no treatment and treated 293T cell in which the 

CFI68 polyadenylation factor was knocked out. We also tested our tool using 293 cells in 

control condition and after knock down of YTHDC2.  For these samples, Table 5-1 summarizes 

the number of polyA sites marked by PAS-Seq data with at least 5 reads.  

 

Human Samples PolyA sites  

with at least 5 reads 

in PAS-Seq  

293T 19,935 

68KO-Rep1 21,972 

68KO-Rep2 18,836 

Table 5-1 PolyA sites of tetsing samples, as marked by PAS-Seq 

 

 

 

 

 

 



81 

 

Implementation 
 

 

The PASARNA tool has been implemented in Python3. Libraries like Scipy, Numpy, 

Rupture[91] , BayesLoop [93], scikit-learn (https://scikit-learn.org/) , and Keras 

(https://keras.io) have been used in different parts of the code. Some segments of a code 

can be run in parallel mode, if the resource is available. This part has been implemented by 

Joblib library (https://joblib.readthedocs.io).  The implementation of code is accessible on 

GitLab (https://gitlab.com/E_ll_ie/PASARNA). 

Results 
 

To evaluate PASARNA, we compared the predicted sites of our tool with the sites marked 

with PAS-Seq data. For PAS-Seq marked site P, if there was a predicted polyA site in K 

nucleotide distance, then P was found. However, if the distance of closest predicted site to P 

was more than K nucleotide, then P was missed. Based on this comparison, we calculated 

precision and sensitivity values. We started with a very flexible interval of 𝐾 = 500𝑛𝑡 to 

evaluate the performance of all the tools and compare them here. 

 

Here, True Positive (𝑇𝑃) is the number of observe PAS-Seq polyA sites correctly found. False 

Positive (𝐹𝑃) is the number of sites the tool marked in a region with no real polyA sites.  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃 

#𝑟𝑒𝑎𝑙 𝑝𝑜𝑙𝑦𝐴 𝑠𝑖𝑡𝑒𝑠
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  1 − 
𝐹𝑃

#𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑜𝑙𝑦𝐴 𝑠𝑖𝑡𝑒𝑠
 

https://scikit-learn.org/)m
https://keras.io/
https://joblib.readthedocs.io/
https://gitlab.com/E_ll_ie/PASARNA
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For comparison, initially we started with multiple tools that performed different underlying 

methods for finding polyA sites.  The set of tools included here are TAPAS [86], isoSCM [85], 

and APAtrap [82]. TAPAS benefits from a change point detection method on UTR regions and 

a set of heuristics filters. APAtrap applies a mean shift method on extended UTR regions and 

does not limit the number of sites. Finally, isoSCM does transcriptome assembly specialized 

for polyA site analysis, and focuses on the last exon for change point detection. This tool also 

takes advantage of a Bayesian approach; however, it recursively finds one best segmentation, 

and uses a function to model the length of the segments as a type of transition model.   

 

Initial comparison between these three tools demonstrated that TAPAS can outperform the 

other two by a large margin. When the precision and sensitivity of TAPAS prediction stayed 

around 60% in different cases and based on the evaluation distance criteria we used, same 

measures for isoSCM and APAtrap were usually between 30% and 40%.  

 

Some of the major differences between PASARNA and TAPAS are:  

1) PASARNA explores the whole gene and does not focus on known or annotated UTR 

regions. However, we can limit the search area to UTR regions as an option.  

2) PASARNA takes advantage of a list of polyA sites (for adjustment and confirmation), 

information on reads spanning over junctions from the aligner tool and reads that contain a 

polyA tail.  

3) PASARNA uses the sequence information in marking the polyA sites using a trained 

convolutional neural network.   
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And 4) PASARNA traverses two samples at the same time and merges the information 

extracted from both samples even if they are not replicates. The goal here is to prepare a 

base for comparison between multiple samples. The next version of PASARNA, which is 

under progress, can analyze multiple samples in the same time, to takes advantage of all the 

available information. 

 

When running PASARNA for evaluation, a list of polyA sites, downloaded from polyA DB 

(http://exon.umdnj.edu/polya_db/) [94] (generated from 3’ Seq data which is another type of 

sequencing data designed for 3’ end analysis), was used as the known sites. Although we had 

access to a list of polyA sites based on PAS-Seq data, we preferred to avoid any possible 

biases by using a different database.  The junction read information were the files generated 

by STAR aligner with other mapping results. And the Bayesian approach was used. 

 

The comparison was done on 3 samples from human sequences from 293T cell line. The 

control and CFI68 KO versions were available [16]. From the PAS-Seq sample, we only used 

the sites with at least 5 reads. Table 5-2 demonstrates the performance of PASARNA and other 

tools. Sensitivity and precision are presented in percentage here. 

 

In this comparison, isoSCM shows low precision and sensitivity consistently. APAtrap only 

marks a small number of sites as polyA sites, and because of that it has a high precision but 

very low sensitivity. As the table shows, PASARNA with 50 to 60% precision and sensitivity 

in its current state, compares favorably to both isoSCM and APAtrap, and shows promise in 

comparison to TAPAS. However different aspects of it can be further studied and improved.  

http://exon.umdnj.edu/polya_db/
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PASARNA explores every region of a gene to mark the possible polyA sites. Hence, it is 

searching a wider region than other tools that rely on known UTR regions. And, especially if 

most of the used sites are known, this can lead to a higher rate of false positive predictions.  

It is also important to note that most of the cases that we have both types of data available 

for are known and often most studied conditions. Hence, more of the polyA sites might be 

already available in the annotation. However, with PASARNA, the goal is to be open to new 

genomes and unexplored conditions. 

 
 

Future work 
 

PASARNA is still in its initial stage, and it has a significant potential for improvement. All the 

sub modules can be trained and tuned further to boost the performance of the system. These 

submodules work together and output of one affects the effectiveness of the rest. Hence, the 

Table 5-2 Performance of PASARNA and other tools 

Samples TAPAS  

 

Precision 

TAPAS  

 

Sensitivity 

APAtrap 

Precision 

APAtrap 

Sensitivity 

isoSCM 

Precision 

isoSCM 

Sensitivity 

PASARNA 

Precision 

PASARNA 

Sensitivity 

293T 64.52 65.04 63.39 27.60 30.18 38.35 53.84 59.71 

68KO-

Rep1 
66.96 60.48 71.13 29.2 37.52 37.66 55.83 59.54 

68KO-

Rep2 
66.37 66.91 75.54 33.71 37.69 46.60 56.78 58.04 
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next step is to study and test this tool more thoroughly. Even improving the basic filter 

module can affect the performance of the tool significantly. Other prior distributions will be 

added and tested in the change point detection step. The trained convolutional neural 

network behind the sequence module can be improved, and other structures will be tested.  

 

Finally, a module for alternative polyadenylation will be added. This module enables further 

analysis of the calculated read counts. This module not only provides us with alternatively 

polyadenylated genes, but it can potentially improve the performance of polyA site discovery 

stage. 
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Chapter 6  
Cells that record their own history  
 

 

 

 

Introduction 
 

Cellular functions are usually guided by the information they read from the sequence of DNA. 

At least on short time scales, DNA sequence do not change based on what is going on in the 

cell environment. Recently technologies have emerged that try to reverse these interactions 

and record a track of specific cellular event inside the DNA [8] [9] [10]. These types of 

technology can provide us with deeper insight on transient experiences inside the cell like 

environmental signals in a period of time. Most of such technologies work based on adding 

mutations or deletions to the genomic sequence. These systems are designed to keep 

recording information into a genomic sequence, however; changes like mutation and 

especially deletion can eliminate or overwrite previous recorded information.  An ideal 

system not only captures enough information about each state of the cell, triggers in the 

environment or the lineage, but it keeps this information intact. Only in this case the 

recorded information can be tracked back and used to decode the history of the cell. CHRYON 

technology, Cell HistorY Recording by Ordered iNsertions, is such technology and as the 

name suggests it takes advantage of insertions added in ordered to a specific locus to keep 

enough information about the cell lineage. In this chapter, we use mathematical and 

probabilistic approaches to model this new techniques, find its characteristics and 

limitations. 
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Framework and Methods 
 

CHRYON technology 
 

CRISPR-Cas9 system is a genome engineering tool that enables precise edits on genomic 

sequence. This system has three main components: Cas9 protein, a target site that is next to 

a sequence that can be detected by Cas9, and a single guide RNA. The guide RNA and Cas9 

work together to edit the target side on DNA sequence. If the guide RNA has a target side on 

itself, then it can target and changes itself. This process can be done repeatedly. This is the 

base of most of the known genetic recording technologies already introduced in [9] and [8]. 

In CHRYON however, a non-template-dependent DNA polymerase, TdT is also in the system. 

This addition changes the system in a way that most edits consist of short insertion 

mutations added one after the other without changing previous edits. This self-targeting 

RNA can be added to the DNA and tracks the state of the cell. A round of edits can occur in 

each cell cycle, and as the cells replicates and go through more generations, more changes 

are added to the genomic sequence. 

 

To test the characteristics of the designed technology, it was added to a population of cells. 

The genomic sequence of these cells was sequenced, and the edits were identified. Plot A in 

Figure 6-1 demonstrates how the distributions of different types of edits (Insertion, Deletion, 

no edits) were different in the new system (With TdT) versus the old design(no TdT). In 

Cas9+TdT system, CHRYON, after 9 days more than half of the edits were insertions. But in 

the absence of TdT the most frequent edit was deletion. Plot B of the same figure 

demonstrates the distribution of length of insertions on day 3.  
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Lineage Tracing 
 

One of the main goals of this technology is to be able to trace the lineage of a cell. To 

capture the history of the cell has applications in understanding cancer and development. 

We tested the ability of CHRYON in recording enough information for lineage tracing. 

 

Figure 6-1 CHRYON Characteristics 
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Bulk Experiment 
 

The process started with a well of 10000 cells. These cells were treated with a plasmid 

expressing Cas9 and TdT to activate the recording process. They went through division, and 

the resulting 20000 cells per well were then divided into two wells. Again, the cells went 

through division, and then each well was divided into two. The final 8 wells were sequenced 

after two days. 

 

These final sequences were mapped to the reference sequence, and the edited parts were 

studied. For each well, the insertions added to the editable locus were extracted to be used 

for the reconstruction of lineage. Before clustering however, the very short insertions < 4  

that did not carry enough information, were removed.  

 

Based on the design of this technology, two cells with the same parent have insertions with 

similar prefix. This main characteristics and other aspects of CHRYON like the distribution 

of insertion length can be used in lineage tracing. 

 

For the lineage construction of this bulk data, we used a modified hierarchical clustering 

method. First, the distance between each pair of wells was calculated by matching all the 

insertions and adding a penalty for the differences. Starting with a list of unique insertions 

for each sample, we fist sort the list by the length of these insertions.  

Assume {𝑎1, 𝑎2, … , 𝑎𝑚} is the sorted list of insertions for sample A, and {𝑏1, 𝑏2, … , 𝑏𝑛}  is the 

same list for sample B and 𝑚 < 𝑛. Starting with 𝑎1, we loop over all insertion in B in order to 
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find the most similar insertions to 𝑎1. Similarity of two insertion is measured by their 

common prefix and a limit is applied on the number of nucleotides after the common prefix 

that can be different between the two insertions. If no match is found for an insertion in A, 

we add a penalty to what we call the difference score of A and B.  If 𝑏𝑖 from B shows maximum 

similarity with permitted amount of differences, both 𝑎1and 𝑏𝑖 are removed from their 

corresponding lists. The final difference score is then scaled by 𝑚, which is the number of 

insertions in sample A, and the result is the distance of sample A and B.  This distance is 

calculated for all pairs of samples.Using these distances, we start clustering the wells. The 

distance of each cluster from another cluster is calculated using the average of all pairwise 

distances.  

 

Figure 6-2 demonstrates the output of this clustering for the 8 wells. The clustering confirms 

that this technology enables the lineage reconstruction of a set of continuously edited cells.  

 

Figure 6-2 Hierarchical Clustering of CHRYON sequencing results 
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Simulation and Lineage Tracing  
 

Forward process - Simulation 
 

To investigate this technology even further and gain more insight on possible improvement 

that can help with lineage reconstruction we simulated the process in a single cell setting. 

This allowed us to have a deeper lineage tree and change some of the characteristics of 

CHRYON in silico to study the affect. 

 

To generate the lineage trees, starting from the initial sequence or root of these tree, we took 

advantage of the observed characteristics in previous experiment done with CHRYON 

technology.  

 

Though CHRYON technology is designed to use insertions to record the events, deletions are 

still possible too. Hence the sequence can experience insertion, deletion or no change in each 

generation. The probability of observing each one of these types was used as a pre-

determined factor in this simulation. Besides that, we assigned probability to different 

lengths of insertion or deletion. 
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Other factors that could be changed for the simulation were nucleotide bias in the inserted 

sequence and the probability of choosing one of the two editable loci. Figure 6-3 visualizes an 

instance of such simulated tree with 4 generations after the root. 

 

Reverse Process – Reconstruction (Greedy and Probabilistic) 
 

For the simulated data, a reconstruction system was implemented to predict the most likely 

lineage tree based on the observed leaves.  

 

Greedy Approach 
 

Starting with the leaves on generation N, first we generate a list of pairs by matching the 

leaves with maximum similarity that could be siblings based on a simplified version of the 

Figure 6-3 Instance of simulated tree 
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system characteristics, in a greedy way. For each pair of leaves a parent is generated using 

the overlapping subsequences. Here different scenarios are considered with different 

priorities. These possible parents make generation N-1 and then the rest of the tree is 

reconstructed the same way. 

 

As we only consider a limited set of possibilities when merging the sequences and generating 

the parents, it is possible that we lose some necessary information as the previous 

generation are reconstructed. This loss of information can stop a tree from being 

reconstructed fully. 

 

To improve the performance of this greedy approach, we start with different permutation of 

leaves for the initial pairing. For each permutation, if possible, a tree is generated.  

For each tree then we use the estimated probabilities to calculate a likelihood. The tree with 

maximum likelihood is chosen as the final tree. 

 

To make the evaluation straightforward, we only count the trees which are predicted 

completely correct, trees predicted with some error and trees with no successful prediction. 

Shows the percentage of correct prediction based on the number of permutations that was 

tried for the prediction for a small 4 generation tree. In the simulation of these threes, unless 

stated otherwise, insertion had a 0.95 probability of occurring on the main site and though 

1 to 4 nucleotide insertion was possible a 3nt insertion was the most likely. To investigate 

the effect of different characteristics of the system on reconstruction, we explored different 

settings of the system.  
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Probabilistic Approach 
 

To be able to fully apply the observed characteristics of this technology on reconstruction, 

we also developed a probabilistic approach for reconstruction. This approach specially helps 

with the loss of information and no prediction rate of greedy method. Here starting with the 

leaves 𝑙1, 𝑙2, … , 𝑙2𝑁−1  on generation N, we produce all the possible parents 𝑝𝑖𝑗 to these leaves: 

{𝑙1: (𝑝𝑎𝑟𝑒𝑛𝑡11, 𝑝𝑎𝑟𝑒𝑛𝑡12, … , 𝑝𝑎𝑟𝑒𝑛𝑡1𝑘1), 𝑙2: (𝑝𝑎𝑟𝑒𝑛𝑡21, 𝑝𝑎𝑟𝑒𝑛𝑡22, … , 𝑝𝑎𝑟𝑒𝑛𝑡2𝑘2), … }. These 

possible parents are the candidates of generation 𝑁 − 1 and their parents is generated.  The 

same process is then repeated for generation 𝑁 − 2 to the first generation or the root. The 

number of parents generated for each node is determined by the probability distributions 

considered for insertion and deletion length and position parameters, and the number of 

candidates as we traverse the tree increases really fast.  Table 6-1 lists examples of this 

possible parents for sequence "GGCCCAGACTGAGCACGTGA". 

 

Table 6-1 Instances of Parents generated for "GGCCCAGACTGAGCACGTGA" 
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For the candidates generated in each step, we make sure that that candidate can be a parent 

to at least two nodes of the next generation. For the leaves, we use this information to make 

a set of all possible permutations.  

 

Next for each possible parent 𝑝 in layer 𝐾 and the possible children 𝑐 on Layer K+1 we 

calculate the probability of c being a child of p.  Using the generated probabilities, then we 

calculate the likelihood of seeing different version of the lineage tree and choose the most 

likely tree.  The likelihood is calculated recursively for each permutation of the leaves. The 

likelihood of the simple tree demonstrated in Figure 6-4, given the position of leaves, is: 

 

𝐿(𝑡𝑟𝑒𝑒) = ∑ ∑ 𝑃𝑟𝑜𝑏(𝑦|𝑟𝑜𝑜𝑡) ∗ 𝑃𝑟𝑜𝑏(𝑧|𝑟𝑜𝑜𝑡) ∗ 𝑃𝑟𝑜𝑏(𝐴|𝑦) ∗ 𝑃𝑟𝑜𝑏(𝐵|𝑦) ∗ 𝑃𝑟𝑜𝑏(𝐶|𝑧) ∗ 𝑃𝑟𝑜𝑏(𝐷|𝑧)

𝑧𝑦

  

 

Where 𝑃𝑟𝑜𝑏(𝐸|𝐹) is the probability of 𝐸 being a child of 𝐹, and this probability can be simply 

calculated by the prior knowledge we have on the characteristics of the system. 𝑦 and 𝑧 are 

the set of candidates for those positions.  

 

It is important to note that as the tree grows larger, it gets more time consuming to go 

through all these permutations, and in those cases, we can choose the more likely ones. 

Figure 6-4 Simple Example for Likelihood Calculation 
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Also, initially, we generated all the possible parents to fill the empty nodes of the tree as we 

were traversing from the leaves to the root. The generation step might not be time intensive 

itself, but when it comes to reconstructing and calculating the likelihood for different 

versions that could increase the time complexity of the process. Hence, we added a sampling 

step to make this part of the reconstruction more efficient. In a similar manner to importance 

sampling, we only considered the more “interesting” parents generated by keeping a limited 

number of the most likely sequences possible for each node.  

 

Evaluation and Discussion 
 

Although ideally, we are interested in predicting the sequences at each position of the lineage 

tree, here the main goal of reconstruction is to be able to track back the lineage of the leaves. 

This can be summarized to the problem of finding the right relative position for each 

sequence in the last generation. In the other words, to evaluate the performance of this our 

reconstruction models, we need to make sure that all pairs of leaves have the same relation 

in the reconstructed tree as the original tree. 

 

Different levels of errors can occur in the prediction based on the distance between original 

and predicted position of leaves.  A wrong prediction can lead to error in all previous 

generations, some of them, or it might only affect the leaves.  In Figure 6-5, part A shows an 

example of error in prediction that does not affect any of the previous generations. We can 

say this type of error has less consequences and is a lower level error. Part B on the other 
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hand demonstrates an error that affected a good portion of the tree and changed generation 

4 too. 

 

First, we categorize the predictions into 3 groups of full prediction, erroneous prediction, 

and no prediction, and we do not consider the level of errors here. 

The point of following evaluations is to find the characteristics for an optimal and effective 

recording system. For both greedy and probabilistic reconstruction techniques, we first 

investigate the performance of the reconstruction for different number of generations. 

Trivially a larger tree is less likely to be predicted fully. We also checked the effect of 

insertion rate as the most important feature of this system.  

 

To check how the system works on a larger tree, we kept the insertion rate on 0.9 and 

assigned equal probabilities to deletion and no change scenario. We also kept the probability 

of inserting all different types of nucleotides equal. As of the position of insertion we kept 

the rate of insertion at the main cut side on 0.95 and the alternative site happened with .05 

probability. These numbers changed to 0.7 and 0.3 for deletion position. The other main 

parameters were insertion length and deletion length which followed the next distributions 

respectively, {1𝑛𝑡: 0.25, 2𝑛𝑡: 0.20, 3𝑛𝑡: 0.40, 4𝑛𝑡: 0.15} and {1𝑛𝑡: 0.30 , 8𝑛𝑡: 0.50, 2𝑛𝑡: 0.20} . 

These initial numbers were chosen based on experimental observations. Using these 

parameters, for each evaluation, we generated 1000 random trees and calculated the 

discussed results based on the prediction for those trees. 
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Figure 6-6 demonstrates how the prediction power of the greedy algorithm drops as the tree 

gets larger. In this figure and all of the performance bar charts in this chapter, 𝑁 shows the 

Figure 6-5 Different levels of error in prediction 
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not reconstructed category, W is assigned to erroneous reconstruction, and 𝑅 shows the fully 

reconstructed trees. For a tree with 8 leaves and 4 generations (including root), this simple 

and fast method can predict the tree completely 70% of the times. It reconstructs a tree but 

not the completely correct tree 12% of the time and for the rest it cannot reconstruct the 

tree. But as the tree grow to 7, it is not able to keep enough information to even reconstruct 

a tree for 97 percent of the cases. 

 

We repeated the same process for the probabilistic model.  Probabilistic model is more 

intensive computationally, but a large portion of the process can be implemented in parallel 

environment to reduce the time complexity of the reconstruction. To use the probabilistic 

model, we also need to set the sampling parameter, 𝑆𝑃.  We first tried keeping 3, 4 and 5 

samples in parent generation step for a set of 4 and 5 generation trees. These trees were 

generated in a similar setting as trees shown in Figure 6-6. For the smaller tree with 4 

generations, as the 𝑆𝑃 increased from 3 to 4 and then 5, the percentage of successful 

Figure 6-6 Performance for trees with different number of generations - Greedy approach 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

4 5 6 7

%
T

re
es

#Generations

N

W

R



100 

 

reconstruction went from 24%, to 75% and then 86%. 𝑆𝑃 of 6 leads to ~90% of success. For 

the larger tree with 5 generations, the rate of successful prediction for 𝑆𝑃 of 3 was less than 

5%, it grew to 30% for 𝑆𝑃 of 3 and then to 66% when 𝑆𝑃 was increased to 5. For larger trees, 

it seems necessary to increase 𝑆𝑃 for a better performance. 

  

As shown in Figure 6-7, one of the main advantages of this approach to the greedy approach is 

that it can reconstruct a tree out of the leaves more frequently since it keeps track of if not 

all, multiple scenarios that can occur. Even for A tree with 6 generations it can still 

reconstruct the tree completely. We used SP=6 for this plot.   

 

Next, we investigated the effect of insertion rate. For each simulation, after determining the 

insertion rate, we assigned equal probabilities to deletion and no change cases. For the 

following simulations, we used a 5 generations tree with 16 leaves, and the expectation 

initially was that a system with higher insertion rate is more likely to be reconstructed. 

However, the results of reconstruction did not completely follow that expectation. On 0.4 as 

insertion rate we observe a slightly higher prediction rate than 0.5 or 0.6. It can be explained 
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Figure 6-7 Performance for trees with different number of 
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by higher rate of no change partially.  Clearly, if a large portion of the tree contains the same 

sequence, the tree is easier to reconstruct but the recorded information is insignificant in 

that case. As Figure 6-9 depicts, the greedy method has the best performance around 0.8 

insertion rate in this configuration. In this case it can reconstructs 42 percent of the 

simulated tress. Though the rate of successful reconstruction increases with a higher rate of 

insertion, the number of trees that cannot be reconstructed increases too.  

Next, we evaluated the probabilistic approach for different insertion rates to see if we 

observe the same pattern. Probabilistic model outperforms the greedy approach in all cases 
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Figure 6-9 Insertion rates - Greedy approach 
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with different insertion rate, and it is unable of reconstructing the tree only in 10% or less of 

the trees. For a probabilistic reconstruction with sampling parameter of 5, the result of 

performance of this reconstruction is visualized in Figure 6-8.  

 

 To compare the effect of insertion rate to deletion rate, we performed an analysis on deletion 

rate of the simulation, using the greedy model. Deletion not only leads to elimination of 

original information coded in the sequence but removes the new recorded information and 

makes the task of reconstruction more challenging. For most of the previous recording 

system, the rate of deletion was the main rate of low efficiency. Here we compared the results 

from the simulation with insertion rate of 0.5 and 0.1 probability of deletion with a 

simulation with the same insertion rate but higher chance of observing a deletion, 0.40. For 

the lower rate of deletion, 43% of the trees were reconstructed correctly, but with higher 

deletion this number fell to 31%.  The same trend was observed with the probabilistic 

reconstruction. 
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We also studied the affect of any bias in nucleotide types in reconstruction. Figure 6-10 

summarizes the performance of both greedy and probabilistic approaches in different 

scenarios regarding the nucleotide bias. The trees simulated here had 5 generations and 
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Figure 6-10 Nucleotide Bias 
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other parameters of simulation are the same as what described for  Figure 6-6. These scenarios 

are as follow: C=0.7 in which the probability of nucleotide C in each position of the insertion 

is 0.7 and the probability of G, T, and A is 0.1; C=G=0.4 in which the probability of having C is 

0.4, the probability of having G is 0.4 and the probability of having A and T are both equal to 

0.1; And A=C=G=T=0.25 in which all nucleotide types have the same probability of being 

chosen.  A bias toward one or two nucleotide decreases the success rate of both approach 

and makes the reconstruction more challenging. 

  

For the insertion rate of 0.9 in a 5 generations tree, we also analyzed the degree in which the 

insertion length distribution can improve the recording potential of the system.  As the goal 

of the system is to capture more information about the environment or the lineage, the initial 

assumption was that a longer insertion is preferable.  
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However, our simulation showed that a 2nt or 3nt insertion is preferable to both shorter 1nt 

and longer 4nt insertions. Figure 6-11 summarizes the reconstruction rate of greedy and 

probabilistic approaches for different insertion length distribution. Here the insertion length 

was limited to 1, 2, 3 or 4nt. And each simulated scenario, one specific length, between 1 and 

4nt, had 0.7 probability and the other three possible lengths had a probability of 0.1 each.  
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Future work 
 

In this chapter we modeled and studied different aspects of CHRYON technology. This 

technology enables continuous lineage tracing and makes the recording of some 

environmental signals like stress into genomic sequence possible.  Our analysis and model 

confirmed that CHRYON can be a valuable tool for recording genetic information into DNA. 

This system improves the performance of previous designs by adding insertions to the target 

site in an ordered matter, instead of mutation or deletion. This modification helps to record 

more and enhances the performance of post analysis for lineage tracing.  

 

A simple but customized hierarchical clustering was designed to reconstruct the lineage tree 

of 3 generations of experimental data. Also using two computational models, one greedy and 

one probabilistic, we evaluated the effect of the main features of CHRYON on the accuracy of 

lineage reconstruction in a simplified setting. These evaluations showed that the faster 

greedy approach is not able to reconstruct the lineage tree for larger number of generations 

as it loses more and more information, and the more complex probabilistic method is a better 

choice. The results confirm that higher rate of insertion can improve the reconstruction. We 

also studied the effect of insertion length and nucleotide bias to find the optimal values of 

these parameters for lineage reconstruction. 

 

Many other features of CHRYON system can be evaluated and optimized by the 

reconstruction methods developed here. These parameters can be further studied 

individually and then in combination to provide us with a better understanding of the 

capabilities of this system.  
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The simulated system here is only a simple version of CHRYON. In real setup, not all the 

sequences from the last layer can be captured due to sequencing limitation. Also, the lineage 

tree is not always balanced with a known structure. These possibilities will be added to our 

computational model to make it closer to the real setup.  
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