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ABSTRACT 

 The regulation of gene expression is fundamental to developmental and 

physiological processes. Such regulation occurs at all steps of the central dogma, and 

post-transcriptional regulation is thought to be a prominent point in the process. Musashi 

is an RNA-binding protein that is known to post-transcriptionally regulate genes involved 

in development and cell fate through interaction with the Musashi-binding element 

(MBE) in target mRNA 3’ UTRs. Given the important ways that Musashi regulates cell 

fate in humans, this study aims to characterize MBE frequency and distribution and to 

highlight candidate Musashi targets. The neutral model predicts that, due to their small 

size (5-7 bp), MBEs commonly occur in the genome resulting in several potential 

regulatory targets. Moreover, past studies have shown that Musashi’s effect on translation 

is proportional to the number of MBEs in a target mRNA 3’ UTR. It was found that 

genome-wide MBEs occur more often than expected by chance in the 3’ UTRs of 

protein-coding genes. The distribution of MBEs along the length of 3’ UTRs of protein-

coding genes was determined to be non-random, with MBEs more likely to appear near 

the 3’ end of the 3’ UTR, potentially relating to functional interactions between Musashi 

and poly(A)-binding protein. Finally, genes with counts of MBEs on the 3’ UTR that 

were greater than random expectation had Gene Ontology terms associated with mRNA 

processing and post-transcriptional regulation of gene expression. This characterized 

pattern of MBEs in 3’ UTR of protein-coding genes is thought to reflect selection for 

Musashi regulation and suggests a large number of previously unappreciated regulatory 

targets.  
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CHAPTER 1 

THE GENOMIC DISTRIBUTION OF MUSASHI BINDING ELEMENTS 

1.1 Introduction 

 Developmental and physiological processes are governed by the regulation of 

gene expression (Peter & Davidson, 2015). Commonly known as the central dogma of 

molecular biology, gene expression is the flow of information from DNA to RNA to 

functional gene product (Schaefke, Sun, Li, Fang, & Chen, 2018). Each of the somatic 

cells of a species generally contain the same genetic information but vary in morphology 

and function due to differential gene expression. Related, differences in morphology and 

function among orthologous cells and structures across a phylogeny of species are also 

enabled through mutations creating differential regulation. Because the timing and 

location of functional gene products are critical in determining cell fate, a great deal of 

regulation occurs across all steps of the central dogma (Shparberg, Glover, & Morris, 

2019). 

 Gene expression begins in the nucleus with the transcription of RNA from a DNA 

template. Nascent messenger RNA (mRNA) transcripts complement the DNA template 

and, barring regulatory inhibition, are then spliced and exported to ribosomes in the 

cytoplasm where they may be translated into protein. Despite this general proceeding, it 

is thought that a majority of regulatory control over mRNAs occurs in the nucleus 

(Glisovic, Bachorik, Yong, & Dreyfuss, 2008). A large component of this regulation 

occurs post-transcriptionally in ways that either promote or hinder eventual transport to 

ribosomes. For example, mRNAs can be targeted for degradation via nonsense mediated 

decay with the insertion of a premature termination sequence (Licatalosi, 2016; Lykke-
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Andersen et al., 2014). mRNAs are also commonly regulated via the binding of small 

RNAs, which can act to silence genes by targeting them for degradation (Moazed, 2009). 

Further, RNA binding proteins (RBPs), which typically recognize and bind to specific 

sequences embedded in mRNAs, can regulate cellular localization of mRNAs as well as 

the promotion or repression of their translation (Licatalosi, 2016). Given the perception 

that post-transcriptional regulation of mRNAs is a common and diverse phenomenon, 

characterizing the details of these regulatory processes informs how dynamic regulation 

is consequential to organismal development, function, and evolution. 

 Much post-transcriptional regulation is known to occur via interaction at the 3’ 

untranslated region (UTR) of mRNAs (Theil, Herzog, & Rajewsky, 2018). Likely 

reflecting the importance of 3’ UTR mediated post-transcriptional regulation, the average 

3’ UTR in the human genome comprises about 36% of the total mRNA length (Zhao, 

Blagev, Pollack, & Erle, 2011). Specific sequences commonly distributed throughout 3’ 

UTRs, generally known as regulatory motifs, are complementary to certain small RNAs 

or RBPs, which may bind such motifs and elicit their regulatory effect. RBPs in particular 

identify their cognate RNA motifs through affinity to the RBP’s binding domains 

(Szostak & Gebauer, 2013). 

 One such RBP, Musashi, was first discovered in association with the development 

of mechanosensory bristles of Drosophila melanogaster (Nakamura, Okano, Blendy, & 

Montell, 1994). A mutation at the gene subsequently named Musashi resulted in a 

phenotypic variation in which two bristles grew out of a socket rather than one, and the 

likeness of the bristles to the famous two swords of the samurai Miyamoto Musashi 

inspired the name (Fox, Park, Koechlein, Kritzik, & Reya, 2015; Nakamura et al., 1994). 
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Following its initial discovery, Musashi has since been observed across a wide variety of 

both vertebrates and invertebrates and is characterized as evolutionarily conserved across 

phylogeny (Ohyama et al., 2012; Okano et al., 2005; Siddall, McLaughlin, Marriner, & 

Hime, 2006; Zearfoss et al., 2014). Within vertebrates, comparative analysis revealed the 

Musashi gene underwent a duplication event and now exists in a family of RBP orthologs 

that include Musashi 1 (Msi1) and Musashi 2 (Msi2) (Akindahunsi, Bandiera, & Manzini, 

2005; Fox et al., 2015). Both Musashi proteins are thought to be pivotal to regulating 

differentiation and renewing somatic and germ stem cells, and though there are some 

instances of functional redundancy (Fox et al., 2015), the orthologs are commonly 

characterized by unique roles. For example, in developing neural tissue, the Musashi 

proteins are co-expressed, where MSI1 has a role in the differentiation of the central 

nervous system (Shibata et al., 2012) while MSI2 assists in the self-renewal of neural 

stem cells (Sakakibara et al., 2002). MSI1 and MSI2 are additionally expressed in 

spermatogonial stem cells. There, MSI1 proteins are typically found in mitotic gonocytes 

and MSI2 proteins in meiotic spermatocytes (Sutherland et al., 2014). MSI2 is also highly 

expressed in hematopoietic stem cells, ensuring the cells maintain an undifferentiated 

state (Kharas et al., 2010). Overexpression of MSI2 during hematopoiesis is thought to 

promote mitotic progression and is associated with poor prognosis in patients with 

myeloid leukemia (Ito et al., 2010; Kharas et al., 2010). Regarding fully differentiated 

cells, Musashi expression is greatly reduced (Fox et al., 2015), further suggesting its roles 

in regulation that primarily target developmental processes. 

 The primary mechanism by which Musashi is thought to regulate gene expression 

was initially discovered in the Numb/Notch signaling pathway. Here, Musashi represses 
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Numb expression through direct interaction, thus increasing the expression of Numb 

agonist, Notch, and promoting cell cycle progression (Imai et al., 2001). Additional lines 

of evidence suggest that Musashi may act as a translational repressor (Bennett et al., 

2016; Imai et al., 2001; Okano et al., 2005) or enhancer (MacNicol, Cragle, & MacNicol, 

2011; Phillips, Butler, Fondon, Mantilla-Meluk, & Baker, 2013), a difference that is 

likely cell type and pathway dependent. Although mechanistic details about how Musashi 

achieves regulation are incomplete, protein-protein interaction studies indicate Musashi’s 

regulation is contingent upon other actors, such as poly(A)-binding protein (PABP; 

MacNicol et al., 2011) and translational initiation factors (Cragle et al., 2019; Kawahara 

et al., 2008). 

 Musashi proteins have two binding domains, known as RNA recognition motifs, 

with an affinity for a target sequence called the Musashi-binding element (MBE; Imai et 

al., 2001). MBEs consist of a 5-7 nucleotide sequence (G/A)U1-3AGU (Imai et al., 2001; 

Iwaoka et al., 2017; Katz et al., 2014; Ohyama et al., 2012; Zearfoss et al., 2014). mRNA 

binding experiments in mouse keratinocytes indicate that Musashi has highest affinity for 

the UAG core of MBEs (Zearfoss et al., 2014), and an in vivo study found that local 

binding is enhanced if two or more UAGs are present within 50 nucleotides of known 

MSI2 binding sites (Bennett et al., 2016). In addition, in vitro experiments have shown 

that the number of MBEs present in 3’ UTRs correspond to proportional changes in 

reporter protein expression (Phillips, Butler, Fondon, Mantilla-Meluk, & Baker, 2013). 

Current understanding intimates that differences in the number of MBEs present at a 

locus may correspondingly modify regulation of that locus with effects on inter-

individual or inter-specific cellular outcomes. 
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 Apart from Musashi targets identified through tissue-specific pull-down assays or 

through studies of specific interactions, the genomic distribution of MBEs is 

uncharacterized. Given the important ways Musashi can regulate cells, a comprehensive 

description of MBE distribution is expected to inform the potential breadth of Musashi 

regulatory control and its evolutionary modification. The current study provides this 

context by quantifying MBE distribution across protein coding genes in the human 

genome. Under a neutral model of MBE mutational emergence and decay, MBE genomic 

frequency would match the null expectation of a quantity that is based on MBE motif 

lengths and 3’ UTR lengths. However, considering the current understanding that 

Musashi regulates specific processes regarding genes influencing development, cell 

division, and cell differentiation, it is predicted that the overall genomic frequency of 

MBEs in the 3’ UTR of protein-coding genes will be less than expected by chance and 

thus compatible with a genomic average of purifying selection. Moreover, granting 

previous evidence that Musashi achieves regulation in part via interaction with PABP 

(Cragle et al., 2019), it is predicted that the distribution of MBEs on 3’ UTRs is 

nonrandom with MBEs appearing near the 5’ ends of UTRs more frequently than 3’ ends 

due to the purging of deleterious motifs that do not benefit the interaction of Musashi and 

PABP. Though this trend is expected to appear generally, it is thought that a clear MBE 

distribution bias will be more apparent on larger 3’ UTRs than on those small 3’ UTRs 

with less available room for MBE accumulation. Finally, as Musashi has largely been 

reported regulating somatic and germ cell differentiation and expressed in select stem and 

cancer cells, it is predicted that genes with an outlying number of MBEs will be 
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disproportionately enriched for gene ontology (GO) terms related to development, cell 

division, and cell differentiation. 

 

1.2 Methods and Analysis 

1.2.1 Data Access 

 All genomic data for the GRCh38.p13 version of the Homo sapiens genome 

assembly was accessed from the Ensembl genomic database (Ensembl Genes 102; Howe 

et al., 2021) using the package biomaRt within RStudio (R version 4.0.3; Durinck et al., 

2005; Durinck, Spellman, Birney, & Huber, 2009; RStudio Team, 2020). To access gene 

annotation data, a biomaRt query was built specifying Ensembl mart, species, filters, and 

attributes. getBM, one of the various functions within biomaRt, was used to retrieve 

attributes such as common gene name, Ensembl gene id, gene coordinates, 3’ UTR 

coordinates, chromosome number, gene biotype, and GO information. getSequence was 

used to download all available gene sequences, including all introns and exons from the 

5’ end to the 3’ end and excluding flanking sequences. 

 

1.2.2 Data Preprocessing 

 The comprehensive set of genes and related details downloaded from Ensembl 

was filtered by gene biotype to only include those genes characterized as protein-coding. 

The resulting subset was filtered a second time to remove any genes that did not have 

associated 3’ UTR location information. For each unique Ensembl gene ID, only the 

longest transcript was retained for analysis. The length of each gene and each gene’s 3’ 

UTR were both calculated by subtracting the end nucleotide position from the start 
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nucleotide position and adding one. Using a list of gene IDs from the finalized data set, 

DNA sequences were retrieved from Ensembl for 18,631 unique protein-coding 

transcripts from the H. sapiens reference genome and stored in a separate data frame. 

Annotated nucleotide location coordinates were then used to identify the 3’ UTR 

sequence from every gene. The 3’ UTR sequences were systematically examined for the 

MBE motif (G/A)U1-3AGU, and all observed counts of the motif within a gene were 

stored in a data frame along with the associated Ensembl gene ID, the common gene 

name, the version of the identified motif, the nucleotide coordinates for each motif, and 

the length of the 3’ UTR. 

 

1.2.3 MBE Frequency 

 The random expectation of MBE frequency on a typical 3’ UTR was calculated 

using the formula ∑
3′𝑈𝑇𝑅 𝑙𝑒𝑛𝑔𝑡ℎ

4𝑖

7

𝑖=5
, where i represents the various MBE kmer lengths: 

5, 6, or 7 nucleotides. This calculation was conducted for each of the unique protein-

coding transcripts to obtain the number of MBEs one would expect to find at random 

(rounded to the nearest whole number). The number of observed MBEs on each 

transcript’s 3’ UTR was determined by assigning a motif pattern in R, 

(G|A)(T|TT|TTT)AGT, to represent all three kmer variations, and then by passing that 

motif through every gene sequence with the stringr (Wickham, 2019) function 

str_locate_all to retrieve the counts and nucleotide locations of all present MBEs. 

With the observed and expected MBE frequencies, a chi-squared goodness of fit 

test was conducted for each gene with the formula 𝜒2 =
(𝑂−𝐸)2

𝐸
. The pchisq function in 
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the stats package (R Core Team, 2020) was used to calculate p-values from the chi-

squared values for each gene. Input for the function was one degree of freedom and 

lower.tail = FALSE. Any chi-squared values of NaN were replaced with a value of 0 as 

they were associated with genes that had both zero expected MBEs and zero observed 

MBEs. 

 Genes were further organized for analysis by their chi-squared results. If the 

number of MBEs on a transcript’s 3’ UTR had more observed MBEs than expected and 

had a p < 0.05, it was categorized as “more than expected.” If the number of MBEs on 

the 3’ UTR had fewer observed MBEs than expected and had a p < 0.05, it was 

categorized as “less than expected.” If the p-value was greater than 0.05, the gene was 

categorized as “not significant.” Simple linear regression was used to investigate if the 

proportion of genes having more MBEs than expected by chance was dependent upon 3’ 

UTR size class. For the chi-squared and the linear regression analyses, size classes with 

fewer than three genes were dropped from visualization. 

 

1.2.4 MBE Positioning 

 Base pair location information for all genes and 3’ UTRs was initially 

downloaded from Ensembl at a whole-genome scale: with the first nucleotide positioned 

at the beginning of chromosome 1 and the final nucleotide positioned at the end of 

chromosome 22. Using these genomic start and end base pair positions for both the genes 

and 3’ UTRs, base pair locations were scaled down such that each gene began at 

nucleotide 1 and ended with the position of the last nucleotide of the 3’ UTR. As noted 
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prior, all protein-coding gene sequences were inspected for any of the three MBE 

variations and their scaled base pair locations on the 3’ UTR were also recorded. 

 To better understand the physical distribution of MBEs on the 3’ UTR, the start 

and end base pair positions of all 3’ UTRs were transformed to a 0-100% scale. The first 

base pair coordinate of each MBE was also transformed to a percentage respective of the 

3’ UTR the MBE appeared on. Every 3’ UTR was then divided into even 25% quartiles 

and its MBEs were assigned the quartile number (1-4) in which they fell. Quartile 1 

begins on the 5’ end of the 3’ UTR, and quartile 4 ends on the 3’ end of the 3’ UTR. 

Genes were grouped into one of 329 size class bins (each bin sized to 100 base pairs) 

according to the length of their 3’ UTRs. All 329 size classes were examined independent 

of one another with the aim of keeping MBE distribution analysis informed by variation 

in 3’ UTR lengths. 

For all genes in each 100 base pair bin, a binomial test was performed on each 

quartile. Passed through each iteration of the binom.test function from the stats package 

was the number of observed MBEs from all genes within the bin and quartile of interest, 

the total number of observed MBEs across the 3’ UTR of all genes within the size bin of 

interest, and the random expected frequency of MBEs in the quartile of interest (always p 

= 0.25). 

 

1.2.5 MBEs and Gene Ontology 

 Genes with an outlying number of MBEs were determined by using the 

interquartile range (IQR) of the chi-squared values calculated prior to find the inner- and 

outer-upper fences. For the genes that had observed MBEs on the 3’ UTR when there 
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were no expected observations, the chi-squared value was infinity. These genes were 

separated from the principal analysis and subset to be investigated on their own. The 

summary function from the R base package was run on the chi-squared values from the 

remaining genes. The IQR was calculated using the first and third quartile values in the 

formula 𝐼𝑄𝑅 = 𝑄3 − 𝑄1. The inner-upper fence was found by multiplying the IQR by 

1.5 and adding the third quartile value. The outer-upper fence was found by multiplying 

the IQR by 3 and adding the third quartile value. Chi-squared values in the data set that 

were larger than either of the fence values were considered outliers. The outlying genes 

were recorded and further categorized by whether they had more observed MBEs than 

their expectation or less observed MBEs. 

 The groups of Ensembl gene names retained for GO analysis were those in the 

inner-upper fence with more MBEs than were expected, those in the inner-upper fence 

with less MBEs than were expected, those in the outer-upper fence with more MBEs than 

were expected, those with chi-squared values of infinity, those with at least one MBE on 

the 3’ UTR, and those with zero MBEs on the 3’ UTR. The online analysis tool 

PANTHER was used to detect the statistical overrepresentation of GO biological 

processes in all sets of outlying genes (Mi et al., 2021). Each of the six lists of Ensembl 

gene IDs were analyzed independently against the comprehensive background list of 

unique protein-coding genes obtained in the first steps of analysis. The statistical test 

option run was Fisher’s Exact with the False Discovery Rate (FDR) correction. Returned 

from the analyses were the top GO biological processes ranked by fold enrichment and 

with FDRs < 0.05. 
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 Within each significant gene ontology PANTHER returned the gene IDs from the 

candidate list assigned to that GO term. These genes were linked to PANTHER Protein 

Class functional classifications. The protein classes are distinct, biologically informative, 

and complement GO terms (Mi et al., 2021). All protein classes that fell under each child 

GO term were tallied to determine the primary biological functions of the genes within 

each candidate list. The protein classes within each GO term were also manually assessed 

for functional similarities amongst the classes and amongst the roles Musashi is already 

known to have a part in. 

 

1.3 Results 

1.3.1 MBE Frequency 

 A total of 12,057 from the 18,631 protein-coding genes (64.7%) had at least one 

MBE present on the 3’ UTR. From the chi-squared values, 119 genes had significantly 

fewer MBEs than the expectation and 3,861 genes had significantly more MBEs than the 

expectation (with the threshold for significance being p < 0.05). The ratios of genes with 

more than expected, less than expected, and non-significant results were visualized at a 

finer 3’ UTR size scale (100 base pair size classes) as seen in Figure 1.1. A general trend 

of an increasing percentage of genes with more than expected MBEs as 3’ UTR size 

increased is evident in this figure. This relationship was formally evaluated using linear 

regression (Figure 1.2) through which it was found that 3’ UTR size class significantly 

explained the proportion of genes with more MBE than expected by chance R2 = 0.599, p 

< 0.0001). 
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Figure 1.1 Trends in the proportion of genes per size class with more MBEs than 

expected on the 3’ UTR, less MBEs than expected, and genes with an insignificant 

number of MBEs. Each size class bar was filled using p-value results from the chi-

squared calculations. The bar graph at the top displays the number of genes found in each 

size class. 

 

Figure 1.2 Regression analysis of 3’ UTR length and the proportion of genes with more 

MBEs than the expectation across 18,626 samples. The number of genes in each size 

class is represented by the size of the point. 
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1.3.2 MBE Distribution 

 The distribution of MBE along the length of 3’ UTRs was next evaluated with 

respect to random expectation. The proportion of total observed MBEs occurring in each 

3’ UTR quartile for each 3’ UTR size class is expected be 25% if the location of MBE is 

random. Contrary to the random expectation, it was found that for 71 of the 329 size 

classes (Figure 1.3), quartile 1 had significantly less than 25% of observed MBE (p < 

0.05), and 4 size classes with significantly more than 25% of observed MBE. Quartile 2 

had four size classes that had MBE rates significantly lower than 25%, and 14 size 

classes that had MBE rates significantly above 25%. Quartile 3 had two size classes that 

had MBE rates significantly lower than 25%, and 17 size classes significantly above 

25%. Quartile 4 had eight size classes that had MBE rates significantly lower than 25%, 

and 33 size classes significantly above 25%. Overall, MBEs were observed less often on 

the 5’ end of the 3’ UTR, though this trend did attenuate with increasing 3’ UTR size. 
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Figure 1.3 Distribution trends of MBEs on the 3’ UTRs of genes across 178 size classes. 

As shown in the illustration at the bottom, quartile 1 begins on the 5’ end of the 3’ UTR 

and quartile 4 ends on the 3’ end of the 3’ UTR. Deviation from random expectation was 

calculated using the success values from binomial tests.  

 

1.3.3 MBEs and Gene Ontology 

 After isolating the genes with outlying chi-squared values, there were 2,429 genes 

above the inner-upper fence with more MBEs than expected, 21 genes above the inner-

upper fence with fewer MBEs than expected, 1801 genes above the outer-upper fence 

with more MBEs than expected, and 676 genes with chi-squared values of infinity. There 

were no genes above the outer-upper fence with fewer MBEs than expected. Further, the 

inner-upper fence had a comprehensive set of genes that encapsulated the genes from the 

outer-upper fence, so only those 2,429 genes were used to investigate GO term 
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enrichment. The 21 genes above the inner-upper fence with fewer MBEs than expected 

did not have any significantly enriched GO terms. 

Enriched biological process GO terms from PANTHER that were associated with 

genes above the inner-upper fence, with more MBEs than expected, were related to 

homophilic cell adhesion via plasma membrane molecules (FDR = 0.019), mRNA 

processing (FDR = 0.01), RNA splicing (FDR = 0.043), post-transcriptional regulation of 

gene expression (FDR = 0.021), cellular localization (FDR = 0.019), macromolecule 

modification (FDR = 0.018), and cellular macromolecule metabolic process (FDR = 

0.037). Homophilic cell adhesion via plasma membrane molecules (Figure 1.4) had the 

highest gene count in PANTHER Protein Class cadherin (n = 38). Within mRNA 

processing (Figure 1.5), the PANTHER Protein Classes (n = 17) with the highest gene 

counts were RNA splicing factor (n = 30) and RNA metabolism protein (n = 6). For post-

transcriptional regulation of gene expression (Figure 1.6) the PANTHER Protein Classes 

(n = 28) with the highest gene counts were RNA metabolism protein (n = 10), translation 

initiation factor (n = 8), mRNA polyadenylation factor (n = 8), and RNA splicing factor 

(n = 7).  
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Figure 1.4 Counts of the number of genes labeled with various PANTHER Protein 

Classes associated with the homophilic cell adhesion via plasma membrane molecules 

GO term. 

 

 

Figure 1.5 Counts of the number of genes labeled with various PANTHER Protein 

Classes associated with the mRNA processing GO term. 

 



 Texas Tech University, Megan Rowe, December 2021 
 

17 
 

 

Figure 1.6 Counts of the number of genes labeled with various PANTHER Protein 

Classes associated with the post-transcriptional regulation of gene expression GO term. 

 

1.4 Discussion 

 Post-transcriptional regulation is a powerful component in the control of cell fate, 

and the ways that RBPs can influence cells via post-transcriptional interaction is an active 

field of research (Kanellopoulou & Muljo, 2018). Based on the results presented herein, 

the RBP Musashi may play a regulatory role governing a more extensive array of genes 

than has been previously appreciated. Whereas the small size of the MBE provides the 

potential for it to frequently occur at random, MBEs were predicted to occur in human 

protein-coding 3’ UTRs significantly less than random and confined to specific genes and 

pathways pertaining mostly to organismal development and stem cell differentiation, the 

cellular functions for which Musashi is most well associated. Even so, 64.7% of the 

18,631 genes considered had at least one MBE present on the 3’ UTR. Moreover, 3,861 
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of the 3,980 genes (97%) that had a significant number of binding elements contained 

more (rather than less) MBEs on the 3’ UTR than was expected by chance. These results 

suggest that it is either more likely that expected for MBE accumulation to be tolerated, 

that the number of Musashi targets is higher than previously appreciated, or potentially 

some combination of both scenarios. 

The potential that the greater than expected frequency of MBEs can be explained 

by a combination of tolerance/neutrality and a large number of functional targets is 

supported by the observation that increasing 3’ UTR size predicted an increasing 

proportion of genes with significantly more MBE than expected by chance (Figure 1.1); 

e.g., as 3’ UTRs approached a length of 5,000 base pairs, the number of genes with 

significantly more MBEs than expected was often near or above 50%. This trend is 

interpreted such that with more genomic capacity on larger 3’ UTRs, there is more space 

for the accumulation of neutral/non-functional MBEs (presumably because they are 

distant from co-factor binding domains, see below) in addition to the functional subset 

that is selected for a given gene. 

 It was predicted that MBEs would preferentially occur toward the 5’ end of 3’ 

UTRs because a more 5’ position was hypothesized to increase likelihood of non-

functionality, and because 3’ origination of new MBEs was expected to generally be 

selected against as they would alter established regulatory networks. Contrary to this 

expectation, analysis demonstrated that MBE distributions across the majority of 3’ UTR 

size classes occurred less often in the 5’ end of the 3’ UTR and more often in the 3’ end 

of the 3’ UTR (Figure 1.3). Based on the meaningful interactions that Musashi has with 

PABP (Cragle et al., 2019), it is possible that the considerable number of MBEs 
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positioned nearest the poly(A) tail are functional. Following the working hypothesis that 

proximity to 3’ end of 3’ UTRs corresponds to increasing functional potential, the MBEs 

identified on the 5’ end of the 3’ UTR, especially in smaller 3’ UTRs, may not be far 

enough away from the poly(A) tail to be non-functional, but at the same time may be too 

far away to provide correct Musashi regulatory positioning. Consequently, as 5’ 

positioned MBEs may not be capable of efficiently participating in protein-protein 

interaction at the poly(A) tail, selection against these MBE would explain their less than 

expected rate of occurrence nearer 5’. This model is supported by the observation that 

preferential accumulation of MBEs nearer 3’ ends of 3’ UTRs dissipated with increased 

3’ UTR length, suggesting the sufficient distance from the end of genes affords the 

presence of 5’ positioned non-functional MBEs.  

 Expression of Musashi has been associated with processes of cell differentiation 

(Shibata et al., 2012), stem cell renewal (Sakakibara et al., 2002), mitotic gonocytes, and 

meiotic spermatocytes (Sutherland et al., 2014), all indicating the important role Musashi 

plays in organismal development and cell cycle progression. Based on this knowledge it 

was predicted that genes with the most MBEs in their 3’ UTRs would fall into gene 

ontologies closely related to organismal development. When the outlier genes were 

analyzed for GO term enrichment, key terms included homophilic cell adhesion, mRNA 

processing, and post-transcriptional regulation of gene expression. Whereas cell adhesion 

and cell migration are fundamental to adhesion and cell migration during embryogenesis, 

within the homophilic cell adhesion GO term ‘cadherin’ (Figure 1.4) was the most 

common PANTHER Protein Class, a type of protein known for important developmental 

roles (Halbleib & Nelson, 2006). Genes categorized by mRNA processing, and post-
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transcriptional regulation of gene expression were chiefly described by PANTHER 

Protein Classifications of RNA splicing factor (Figure 1.5) and RNA metabolism protein, 

translation initiation factor, mRNA polyadenylation factor, RNA splicing factor, and 

RNA processing factor (Figure 1.6), respectively. Because such biological processes are 

fundamental to development and normal physiology, the role of Musashi potentially 

regulating these targets in development specifically is ambiguous. However, these 

enrichments clarify that many of the genes in which MBEs are appearing more often than 

expected by chance are genes that function in RNA regulation, which is the known role 

of Musashi. 

A great deal of genes are regulated post-transcriptionally, including those genes 

responsible for post-transcriptional regulation. For example, there are various instances in 

which RBP participation in autogenous regulation have been studied (Imig, Kanitz, & 

Gerber, 2012; Müller-McNicoll, Rossbach, Hui, & Medenbach, 2019), and indeed MSI2 

3’ UTRs contain MBEs. As genes with an abundance of 3’ UTR MBEs are enriched for 

RNA regulatory ontologies, it appears that Musashi could be disproportionately targeting 

genes that are similarly involved in post-transcriptional regulation. This general 

phenomenon has been described in previous studies that consider the relationships 

between RBPs and mRNAs. Searching for the mRNA targets of various RBPs in 

Saccharomyces cerevisiae revealed that many RBPs bind to mRNAs that encode proteins 

with biological functionality like that of the RBP (Gerber, Herschlag, & Brown, 2004; 

Hogan, Riordan, Gerber, Herschlag, & Brown, 2008). Considering this, the broader 

classification of RNA regulatory proteins as the enriched list of candidate Musashi targets 
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supports the notion that post-transcriptional regulation is a complex and highly-

networked process (Dassi, 2017) for which Musashi is a participant.  

 Overall, the results from this study indicate that Musashi may have a much larger 

influence on a wider array of target genes and biological pathways than was previously 

known. The comprehensive understanding from past studies have painted the Musashi 

RBP as a specialized regulator of a narrow subset of genes. However, considering that 

nearly 65% of protein-coding genes in the H. sapiens genome contain a minimum of one 

MBE per 3’ UTR, and that 97% of those genes with a significant number of MBEs per 3’ 

UTR had more MBEs than would be expected by chance, current results suggest that 

Musashi may play a regulatory role targeting a large fraction of the protein-coding 

genome. This assertion is also supported by other non-random observations including the 

preference for observed MBEs to occur towards the 3’ end of 3’ UTRs where they are 

anticipated to more likely be functional, as well as significant ontological enrichment 

among genes with the greatest excess of MBEs. Although previous work indicates that 

changing the number of MBE will change translational output, expression measurements 

and consideration of cellular context will be needed to understand how adding or deleting 

MBEs influences translation of specific targets.  
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CHAPTER 2 

CONCLUSION 

2.1 Conclusions and Future Directions 

 Past studies of Musashi have identified binding mechanisms, target gene 

interactions, and biological pathways that Musashi is involved in, though none have 

characterized the distribution patterns of the Musashi binding element before this study. 

There is still much to be discovered about the regulatory role that Musashi plays across 

the genome, but preliminary results suggest that the protein’s reach may extend far 

beyond what is currently known. 

It would be a valuable addition to expand the methods described here out in a 

phylogenetic context to determine the evolutionary conservation of Musashi binding 

element presence on the 3’ UTR in other mammals. Comparisons across mammals could 

be based on calculating both the percentage of lineages with 3’ UTR-embedded MBEs 

for each ortholog as well as the total number of MBEs in each lineage’s ortholog. Non-

random overlap in ontological enrichment across species could also be assessed by 

identifying those orthologs with an outlying number of MBEs. 

Results produced from this study could also be used to further evaluate candidate 

Musashi targets by using tissue-specific RNA Immunoprecipitation Sequencing (RIP-

seq). As RIP-seq maps the sites on a transcript to which RNA binding proteins are bound, 

this method could be applied in developing and adult tissue to place Musashi’s regulation 

of thousands of potential targets into a cellular context. 

A third experimental direction to take would involve using site-directed 

mutagenesis to measure the expression of a gene when the core sequence of 3’ UTR 
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MBEs is altered. The resulting gene expression rates from this process could demonstrate 

the individual and/or additive effect of MBEs that are available for Musashi’s binding.  

Finally, a genome-wide comparison of MBE frequency on 3’ UTRs, other regions 

of protein-coding genes (coding exons, introns, 5’ UTRs), and non-coding genomic 

regions could reveal other ways in which Musashi imposes genomic control.  
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