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Signals in nucleotide sequences play a crucial role in interactions among macromolecules and
the regulation of biological functional processes such as transcription, the splicing of messenger
RNA precursors and translation. Recognition of signals in nucleotide sequences is the first step
in functional annotation, which is critical for the identification of deleterious mutations and the
identification of targets for disease treatment. One of the essential steps in gene expression, RNA
splicing removes introns from newly transcribed RNA, ligating exons to generate mature RNA.
Splicing involves the formation and recycling of the spliceosome, a large macromolecular
complex whose assembly requires complex coordination by splicing factors through the
recognition of RNA-protein binding sites. One potential method to reveal unknown subtypes of
samples and identify distinctively distributed features is by applying a mixture model called the
admixture model or Latent Dirichlet Allocation (LDA), which allows samples to have partial
memberships of different clusters that can be interpreted for functional motif identification. By
applying mixture models to RNA sequences, I found splicing signals such as the polypyrimidine

tract and the branch point in intron sequences. Mixture models also showed motifs associated



with reading frames from coding sequences, which further revealed potential coding regions
from 5’ untranslated regions and long non-coding RNAs.

Dynamic single-molecule imaging of nascent RNAs coupled with multiple genome-wide assays
reveals that splicing happens far more often than expected, and partial intron removal can be
captured prior to completion of the entire transcript. I hypothesize that the spliceosome
progressively removes large introns in small pieces through 'recursive splicing' instead of
removing the whole intron at once. However, the sequence features that distinguish sites of
recursive splicing from canonical splice sites remain to be discovered. Here, I applied mixture
models to sequences from human introns to identify sequence features associated with recursive
splicing. This method helped me to recognize and visualize splicing signals from annotated
intron sequences and identify potential coding sequences from human 5' untranslated regions and
long non-coding RNA. After applying mixture models to the sequences surrounding recursive
and canonical splicing sites, I found that transcripts where large introns can be recursively
spliced can be distinguished from those without recursive splicing by the presence of CG-rich
motifs flanking 5' splice sites upstream of first introns, and the absence of DNA methylation at
these sites.

In addition to applications of mixture models, I also explored RNA Bind-N-Seq data reflecting
the binding activities of the splicing factor U2AF and found that the recursive 3' splice sites have
higher U2AF binding affinities than the downstream canonical 3'SS.

The observations suggest that, first, mixture models have the potential to identify functional
motifs, including subtle signals in sequences such as the branch sites that only occur in a

subgroup of introns. Second, the usage of recursive splicing sites is associated with sequence



features in the first exons of the transcripts, suggesting a testable model for the regulation of

recursive splicing in human introns.
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Chapter 1: Introduction

Biological Sequence Feature Recognition

Biological sequences convey messages as intricate encodings that capture the order
and complexity of life. Information decoded from the sequences guides the regulation
of various biological processes, influencing every step of gene expression. For
example, the tri-nucleotide codon features define genes by signaling open reading
frames, the expression of which is regulated by multiple signal recognition processes,
including the interaction between transcription factors and the binding sites and the
assembly of spliceosome at splicing sites that are composed by various sequence
features (Hayes, 1998; Latchman, 1997; Will & Luhrmann, 2011). Interruptions in
the signal recognition processes alter the destinies of the products, causing
dysregulation of gene expression and diseases (T. I. Lee & Young, 2013; Seiler et al.,
2018). Recognizing sequence motifs is essential for studying the sequence functions
and macromolecule interactions, which requires comprehensive studies
experimentally and computationally and provides insights into understanding
biological processes, disease development, and drug target identification (Rittiner et

al., 2022).

Tools for sequence feature description and identification

A sequence motif is a functional subsequence from the biological sequences that only

exists or is over-expressed at specific regions. Functional motifs can be invariant,



such as the human 5'SS GU (Reyes et al., 1996). Sometimes, motifs have
disconnected parts disconnected by unrelated sequence building blocks of various
lengths. For example, the signals of RNA splicing require multiple features, including
the polypyrimidine tract of undetermined length, which follows the branch site after a

few nucleotides (Will & Luhrmann, 2011).

Pre-processing Discovering Post-processing
Assemble
Extraction | Clean Motif Objective Search - Evaluate
> Representation [ function ™ strategy
Clustering
Input DNA DNA
sequences motifs

Figure 1.1 A block diagram of motif discovery pipeline (Hashim et al., 2019).

Motif discovery has three fundamental steps: input sequence preprocessing, motif
discovery, and motif evaluation (Hashim et al., 2019). The candidate sequences for
detailed investigation require carefully designed experiments targeting the sequence-
specific molecular recognitions. For example, RNA bind-N-seq characterizes the
RNA binding protein's preferences by scoring the enrichment of k-mers from the
binding sequences in vitro, while RNA isolation by CLIP followed by high-
throughput sequencing recognizes in vivo binding sites (Lambert et al., 2014).
Moreover, recent studies suggest utilizing ATAC-Seq with single-cell sequencing
technologies can also aid motif searching (Heumos et al., 2023). A successful motif
discovery process requires two essential gears: motif representation and motif

searching through subsequence differential expression.



Positional weight matrices
Compared with consensus sequences, the positional weight matrix (PWM) provides
more details by pre-defining the length of a motif from aligned sequences and scoring

every possible symbol at each position (Stormo, 2000; Xia, 2012).

3

Site A C G U X’ P A C G U

1 83 30 49 84 10.10 0.0177 0.0525 -0.6332 -0.0260 03143

2 103 44 46 53 10.04 0.0182 03613 -0.0878 ~0.1162 ~0.3434
3 121 36 38 51 30.01 0.0000 0.5920 -0.3739 -0.3886 ~0.3981
4 122 38 33 53 32.16 0.0000 0.6038 -0.2969 -0.5893 -0.3434
5 81 40 81 44 28.33 0.0000 0.0177 -0.2238 0.6933 ~0.6081
6 0 1 245 0 948.34 0.0000 -6.6464 ~5.0056 2.2841 ~6.6469
7 0 9 0 237 582.23 0.0000 ~6.6464 ~2.3190 ~6.6480 1.8032
8 239 1 2 4 462.46 0.0000 1.5693 ~5.0056 ~4.3320 ~3.8633
9 16 24 1 205 387.81 0.0000 ~2.2655 -0.9496 ~5.0680 1.5946
10 2 0 243 1 928.96 0.0000 ~4.8476 ~6.6483 2.2723 ~5.3416
11 9 7 2 228 521.06 0.0000 ~3.0427 ~2.6612 -4.3320 1.7475
12 87 15 34 110 53.66 0.0000 0.1198 ~1.6111 -0.5468 0.7006

13 84 49 30 83 11.71 0.0085 0.0696 0.0659 -0.7246 0.2971

14 111 39 33 63 19.09 0.0003 0.4684 -0.2599 -0.5893 -0.0969
15 106 38 31 71 17.24 0.0006 0.4024 -0.2969 ~0.6781 0.0738

16 92 30 40 84 13.69 0.0034 0.1997 ~0.6332 ~0.3155 03143

17 80 38 36 92 14.32 0.0025 -0.0001 -0.2969 -0.4655 0.4445

Figure 1.2 PFM (left columns ACGU) and PWM (right columns ACGU) of 246 donor splice sites. Each sequence
contains 5bp of exon and 12bp of intron. (Xia, 2012)

To build a PWM, sequences of interest, such as experimentally identified
transcription factor binding sites from DNA, are aligned at the first site of the binding
interactions. The aligned sequences are then used to build the position frequency
matrix (PFM), showing the fraction of every nucleotide at each position as the
fundamental of PWM calculation. The most popular graphical representation of
PWM is the sequence logo that schemes the consensus sequences with information
content at every position of interest.

As a motif representation tool, PWM serves as the initial step to assemble an initial
motif for further improvement in multiple motif discovery algorithms, including the
original and extended versions of MEME and some Markov models (Bailey et al.,

2006; Hashim et al., 2019). Also, the motif description by PWM provides a target for
3



motif searching from a sequence pool, aiding the functional sites searching in

biological sequences (Ambrosini et al., 2018).

Hidden Markov model
The hidden Markov model is a stochastic model that measures both visible
observations and invisible states, assuming the system follows a Markov process
(Eddy, 2004). Compared with Bayesian models, HMM is sequential, and the length
and order of observations are essential to determining the hidden state and the
observation of the next event.
One example of HMM is the generation process of an RNA sequence, which allows
the nucleotides but not the states of the nucleotides, such as intron, exon, promoter, or
UTRs, to be observed. Though the states of the observation are selected randomly,
they are not independent. The state of the n-th nucleotide depends on the state of the
(n-1)-th nucleotide, which determines the choice of the corresponding nucleotide

(Yoon, 2009).

E,: 1% position of codon
E,: 2 position of codon } exon
“ E,: 37 position of codon

I : intron

x ATGCGACTGCATAIGCACTT  observedsymbols
y EEEEEEEEE;l | | I|EEEEE,E, hidden states
exon Iv exon
Figure 1.3 A simple HMM model for RNA sequences (Yoon, 2009).

When applying HMM to biological sequences, the hidden states can be used to imply

the functional regions, such as the RNA-protein interaction sites. Thus, the



differential distribution of symbols between states can be further analyzed to discover

the functional motifs (Yun et al., 2014).

MEME suite

MEME suite is an online collection of sequence motif discovery and analysis tools
that cover a wide range of motif discovery solutions, such as continuous and gapped
motifs, and various motif analysis methods, such as motif scanning and motif
comparisons (Bailey et al., 2006).

The original MEME tool identifies the optimal PWM to represent motifs using
expectation maximization (EM) algorithms. After determining an initial motif as
PWM by estimating randomly selected subsamples, EM iterates all possible sites
from the input sequences to evaluate and improve the PWM until it reaches
convergence or iteration limit. Secondary motifs are also identifiable because MEME

ignored discovered motifs in the next round of motif-searching steps.

D:sco;(z,ared Sequence
motifs databases
(de novo)

Your DNA, RNA or
protein sequences

Motif >
databases

- >

Motif Discovery

each software tool or resource.
MEME

Click to submit a job to the tool

STREME or to view database details.

XSTREME
MEME-ChIP
GLAM2
MoMo

Mouse-over for information uw

Motif Scanning Annotated sequences

e
PN

MAST
MCAST
GLAM2SCAN

N NN Motif Comparison
Tomtom

Annotated motifs
Your BED file of Regulatory gene
Go = GO function I @)
GO compartment! Vel [ T-Gene | targets
databases GO process — -
— v

Figure 1.4 Diagram of motif analysis using MEME(https.//meme-suite.org/meme/) tools.

Motif Enrichment Enriched motifs
—— —
=
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AME
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-
—

Your DNA, RNA
or protein motifs

MEME targets the discovery of motifs that are ungapped with fixed lengths. Multiple
improvements have been applied to accelerate the algorithms and add features that are
suitable for discovering more complicated motifs. STEME allows the search for

ungapped motifs of a fixed length that are enriched in the input sequences with or

5



without another group of control/background sequences (Bailey, 2021). Another
improvement, XSTREME, identifies a motif of any length, as well as multiple motifs

of various sizes (Grant & Bailey, 2021).

Latent Dirichlet allocation

In natural language processing, latent Dirichlet allocation (LDA) is a topic model that
describes the observations, which are the words from text documents, using
unobserved features, which are the topics of the text documents, by statistically
modeling the process of text document generation (Blei et al., 2003). LDA is also
called mixture model since it takes the word counts from each document and
transforms each document into a mixture of topics, which allows the comparison
between multiple text documents. Though LDA is widely-used in natural language
processing, the first admixture model was invented in 2000 as a method called
STRUCTURE, which is one of the most famous frameworks in population genetics

(Pritchard et al., 2000).

The first LDA model: STRUCTURE
Genetic compositions of populations reflect changes in genotypes and phenotypes,
which are affected by evolutionary events. Population structures in geographic
subgroups reveal traces of ancestral genetic features. In 2000, the admixture model
was published and provided a novel approach to understanding population genetics
by allowing individuals to have partial memberships of different ancestral
populations. The method centered on a model with K populations illustrated by

different allele frequencies at a pre-defined range of loci. Each individual should be



assigned to the population based on their genotype structure. Bayesian clustering is
recruited to solve the best system of the populations and the population assignment
for the individuals. The admixture model assumes that the features used in the
population structure building are unlinked and can be applied to various genotype

data, including SNPs and microsatellites (Pritchard et al., 2000).

10 1112 13 141516 17181 1 4

Culex United States North Europe South Africa, Middle East,
quinquefasciatus Europe Japan, Australia
Figure 1.5 Bayesian clustering result of Culex pipens individuals by STRUCTURE. Individuals are single vertical lines
with colors representing the probabilities of belonging to 3 types of genetic clusters (Fonseca et al., 2004).

LDA algorithm
The basic idea of LDA is that the documents are defined as random mixtures of latent
topics. As in the population genetics analysis, the allele frequencies from individuals
are drawn from random mixtures of populations. The model assumes a generative
process of every document in a corpus. According to the original LDA paper, topic-
word distributions can be modeled with a Dirichlet prior parameter to generate topics
that only a few words can be observed frequently. Thus, LDA can be represented as

the following figure.

080}
ofo-fo—@

Figure 1.6 Plate notation of LDA (https://en.wikipedia.org/wiki/Latent_Dirichlet_allocation).
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As a probabilistic model, LDA can be described by plate notation, where the boxes
represent the units that are repeated multiple times. In the LDA plate notation, the
boxes M, N, and K denote the repeated calculations for the documents, words, and
topics. The definitions of the variables are:

M: the number of topics

N: the number of words in a specific document

o the Dirichlet prior parameter for deciding the document-topic distributions
[: the Dirichlet prior parameter for deciding the topic-word distributions

0;: the topic distribution for the document i

¢« the word distribution for the topic k&

z;;: the topic of the j-th word in document i

w;;: the j-th word in document i

The generative process of a corpus D of M documents, each of which has length N;
words can be simplified as the following steps:
1. Choose 0, ~ Dir(av), i€ {1,...,M}
2. Choose ¢ ~ Dir(B), ke {1,....K}
3. For each word w;; where ie {1,.... M} and je{1,...,N;}
a. Choose topic z;; ~ Multinomial(6;)
b. Choose word w;; ~ Multinomial(q-)
According to the model, the probability of observing the corpus is:
M, N
p(D]a.p) = H / p(8a|a) <H gp(:dn |84) P (Wan | Zan, I'3)> dq
Solving the equation of multiple multinomial distributions requires statistical
inference calculation. In the original STRUCTURE paper, Pritchard et al. proposed to
get approximation through Monte Carlo simulations. Other popular alternatives

include Gibbs sampling, variational Bayes, and likelihood maximization approaches

(Griffiths & Steyvers, 2004).



One of the assumptions that the basic model requires is that the number of topics k is
known and fixed. Defining the best k has always been a problem in various studies
using LDA, which varies due to the features of the data and the goal of the analysis.
One method to determine the best number is to measure the performance of the model
based on how the model fits the input data, using likelihood and perplexity. However,
the result from the performance measurement may not be the best fit: the topics
generated may not provide semantic interpretations. Thus, human judgment is
required to aid the process. Hierarchical Dirichlet process, which is the non-
parametric generalization of LDA, is also helpful in determining the topic sizes
because HDP assumes that the number of topics is unknown and is to be interpreted
from the input data (Teh et al., 2006). Moreover, instead of using the model
performance, topic coherence, which measures the similarity between items from the

topic, is another approach to solving the topic number problem (Rosner et al., 2014).

Application of LDA in biology

LDA in gene expression analysis
Gene expression is the process by which the information coded by a gene is
recognized and turned into functional molecules (Crick, 1970). Analyzing the
regulation of gene expression is essential for understanding the functional biological
processes. One of the critical techniques to measure gene expression is RNA
sequencing, which shows the existence and quantity of RNA from biological samples

(Z. Wang et al., 2009; Wilhelm & Landry, 2009).



CountClust is an R package that applies LDA to form clusters/topics to represent
samples of RNA-Seq gene expression data. Interpreting clusters show the
distinctively expressed genes, further implying the functional regulation behind the
difference in gene expression data. Application of the CountClust to the GTex Data
revealed that the clusters generated from samples can work as a dimension reduction,
and the cluster memberships are associated with the tissue labels. Concurrently,
cluster interpretation can discover the driving genes in each group, which corresponds
to the functions of the tissues (Dey et al., 2017). For example, the whole blood
sample has 3 significant clusters, and their driving genes represent immunoglobulins,
beta-globins, and cytokines, which correspond to the functions of blood cells
(Schroeder & Cavacini, 2010). Functional relationships between clusters and gene
expression data indicate that LDA has the potential to reveal hidden connections in

biological data.
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Figure 1.7 LDA analysis result of GTex tissues. Gene expression profiles of 8,555 samples from 53 tissues are
modeled with 20 clusters (left). The driving genes in the clusters are also interpreted (right). (Dey et al., 2017)

LDA in mutation profile interpretation

Somatic mutations in cancer represent the consequences of various driving factors

and mutational processes, providing a rich source to study features and potential
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treatment for tumors (Zehir et al., 2017). Matsutani et al. utilized LDA with
variational Bayes inference to investigate the signatures of cancer mutations in
various cancer types. Applying the model to the COSMIC database successfully
recovered known COSMIC mutation signatures and discovered novel signatures
associated with multiple cancer types. Moreover, variational Bayes can identify the
most suitable number of signatures based on the input dataset (Matsutani et al., 2019).
The study suggested that with a careful and creative application, LDA can help
recognize functional hidden features, which can explain the biological implications of

diseases.

LDA in microbiome species identification
Investigating multi-omic data is challenging since the heterogeneous data requires
various profiling methods (Subramanian et al., 2020). However, text documents in
natural language processing also bring the problem of heterogeneity, which admixture
models can overcome. Tataru et al. applied LDA to multi-omics data of microbial
data to investigate the complexity of the human gut microbial communities and the
differences between healthy and Autism individuals. Admixture modeling across
different omics data revealed topics associated with diet and behavior, which were
not in the information used in the modeling process. Interpretation of the topics also
indicated that the features from topics are highly related to microbial functions. The
application enabled the team to discover the metabolic differences between Autism
and healthy individuals (Tataru et al., 2023). Also, the ability to model cross-omics
topics shows that LDA has the potential to utilize various data types in biological

analysis.
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RNA splicing

RNA splicing transforms newly-made RNA into mature RNA by removing introns
and ligating exons (Will & Luhrmann, 2011). Correctly processing intron signal
recognition is critical to assembling the splicing machinery and maintaining the
dynamic gene expression regulations (G.-S. Wang & Cooper, 2007). Moreover, all
eukaryotic genomes have exon-intron structures, with various intron abundance and
size distributions across species (Long & Deutsch, 1999). One pre-mRNA can go
through different ways of assembly to make alternative mRNA isoforms, which can
be achieved by 90% of human genes and makes the proteome more diverse than the
variation of DNA sequences that code for functional products (Baralle & Giudice,

2017).

Mechanism of splicing catalyzed by the major spliceosome

The spliceosome is a large RNA-protein complex comprising five small nuclear
ribonucleoproteins (snRNPs) and interacts with other proteins to carry out splicing in
eukaryotes. The assembly of spliceosomes can happen co-transcriptionally and
follows strict rules to splice introns with GT as 5'SS and AG as 3'SS (Will &
Luhrmann, 2011).
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Figure 1.8 Stepwise assembly of spliceosome (Gehring & Roignant, 2021).
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The initial step is the recognition of splicing sites, which is triggered by Ul snRNP
binding to the 5'SS, splicing factor 1 binding to the branch site, U2AF heterodimer
binding to the pyrimidine tract, and the 3'SS, and forms complex E. Then complex A
is formed by U2 snRNP replacing SF1 and binding to the branch site. After that, the
tri-snRNP U4/U6/U5 binds to the complex, of which U5 binds to the exon at 5'SS and
U6 bins to U2, to make complex B. Ul is then released, followed by U5 moves to the
intron region and U6 binds to U2. After U4 is released, transesterification is catalyzed
by U2/U6, which brings 5'SS and the branch site together and brings U5 to the 3'SS,
leaving 5'SS to be cleaved, and the lariat is formed. This is called the catalytic
spliceosome or complex C. The last stage is the post-catalytic spliceosome (complex
C*), where the 3'SS is cleaved with U2/U6/U5 remains on the lariat, and exons are
ligated upon ATP hydrolysis. After splicing, RNA is released, and the spliceosome is
recycled.

In addition to the spliceosome assembly, various RBPs can regulate splicing
processes by recognizing enhancers and silencers in the flanking region (De Conti et

al.,2013; Yan et al., 2019).

Alternative splicing
Alternative splicing is a gene regulation process that allows a single gene to code for
multiple protein products by selecting different combinations of splicing sites.
Differentially spliced RNAs have different exon combinations, which can represent

different codon assortments and get translated into proteins of distinct functions

(Baralle & Giudice, 2017; Y. Lee & Rio, 2015).
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Figure 1.9 Graphical and symbolic representations of AS events (Pohl et al., 2013).

Common modes of alternative splicing include:

1. Exon skipping. Exon skipping is the most common alternative splicing mode,
where an exon is spliced out from the pre-mRNA. One function of exon
skipping is restoring the transcript's reading frames. Exon skipping has been
applied in treating Duchene muscular dystrophy, where it fixes the truncated
dystrophin protein (Takeda et al., 2021).

2. Intron retention. Intron retention is the rarest mode of alternative splicing,
where a piece or the whole intron remains in the mature RNA and codes for
amino acid cooperatively with adjacent exon sequences.

3. Mutually exclusive exons. Mutually exclusive exons are two exons that either
exon can be included in the mature RNA but not both. Instead of being
independent from each other, the expression of mutually exclusive exons is
regulated coordinately. Mutually exclusive exons are not necessarily adjacent

exons, and either part of the pair can be more than one exon (Pohl et al.,
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2013). Two special cases of MXE are alternative first and alternative last
exons.

4. Alternative 5'SS. The alternative 5'SS means two 5'SS competing to pair with
a fixed 3'SS, which alters the 3' end of the upstream exon sequence.

5. Alternative 3'SS. The alternative 3'SS competes with the canonical 3’SS to be
used with a fixed 5'SS, changing the boundary of the 5' end of the downstream
exon.

Alternative splicing is regulated by both cis-acting sites on the pre-mRNA sequences
and trans-acting proteins cooperatively. The effects of splicing factors can vary based
on the binding site positions (Fu & Ares, 2014).

Two major cis-acting sequence features have been recognized. The splicing silencers
are signals that can be recognized and bound by repressor proteins, resulting in
decreased usage of adjacent splicing sites. Splicing silencers have different motifs to
be recognized by various proteins. They can exist in the intron as intronic splicing
silencer (ISS) or the adjacent exons as exonic splicing silencer (ESS) (Brooks et al.,
2015; Y. Lee & Rio, 2015; Z. Wang & Burge, 2008). Two major splicing repressor
proteins are heterogeneous nuclear ribonucleoproteins (hnRNPs) and polypyrimidine
tract binding proteins (PTB) (Busch & Hertel, 2012; Clower et al., 2010).

The splicing enhancers are sequence features that can increase the splicing rate and
the inclusion rate of the exons. They serve as binding sites of splicing activator
proteins. Splicing enhancers also exist in both exon regions (exonic splicing
enhancer, ESE) and nearby intron sites (intronic splicing enhancer, ISE) (Fu & Ares,

2014; Z. Wang & Burge, 2008). One of the essential members of the splicing
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activators is the serine/arginine-rich protein family (SR proteins) that recruit
spliceosome assembly at the splicing sites (Busch & Hertel, 2012; Jeong, 2017).
Typically, the cis-acting factors are present within the vicinity of potential splicing
junctions, indicating an interplay between the activators and repressors in determining
the inclusion of the exon (Busch & Hertel, 2012). Studies have shown that the
location and concentration of splicing factor proteins, as well as the density of the
binding sites and the surrounding sequences, can affect their efficiency. Moreover,
the same trans-acting proteins can have opposite effects when bound to different

regions (Begg et al., 2020; Lim et al., 2011).

Methylation in alternative splicing regulations
Genome-wide studies of CpG methylation have shown that DNA methylation can
affect the spliceosome assembly and splicing regulations (Lev Maor et al., 2015a). A
study of honey bee DNA methylation found that decreasing DNA methylation by
inhibiting DNA methyltransferase 3 caused many alternative splicing events (Li-
Byarlay et al., 2013). Another study that manually altered the methylation status of a
single gene revealed that increasing the methylation rate of the whole gene increased
the chance of inclusion of alternative exons (Yearim et al., 2015).
In terms of exon-intron architectures, CG dinucleotides that are located near splicing
sites tend to have higher methylation rates than those in surrounding regions, and
methylation cytosines are found more abundant in constitutive exons than exons
involved in alternative splicing events (Gelfman et al., 2013). However, high
methylation does not guarantee a high inclusion of alternative exons. Studies have

shown that the effect of methylation on splicing is context-dependent, and an
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increased methylation rate can also cause lower inclusion of alternative exons
(Yearim et al., 2015).

DNA methylation can regulate splicing by two major mechanisms. First, DNA
methylation can inhibit the binding of DNA-binding protein CTCF, preventing the
Pol II elongation rate from being slowed. Thus, the opportunity for spliceosome
assembly is reduced, and the exon inclusion is decreased based on the 'window of
opportunity’ model (Ong & Corces, 2014; Shukla et al., 2011). Increased methylation
can also upregulate the binding of MeCP2, which is a protein that binds to
methylated-CpG sites. MeCP2 then promotes the Pol II pausing and increases the
exon inclusion rate (Maunakea et al., 2013; Young et al., 2005). Second, DNA
methylation can help recruit splicing factors to the pre-mRNA sequences. Studies
have shown that HP1 proteins, part of the chromodomain super family proteins with
lysine-methyl binding domain, colocalize with various splicing factors in different
species, including SR proteins, hnRNPs, and siRNAs. Inhibition of HP1 expression
changed alternative splicing. One explanation is that HP1 serves as a bridge between
methylation and splicing regulation, recruiting splicing factors to alter the chances of
the splicing sites being recognized (All6 et al., 2009; Llorian et al., 2010; Ule et al.,

2006; Yearim et al., 2015).

Recursive splicing
Splicing a large intron (>50kb) is challenging for the spliceosome assembly because
the distance between 3'SS and 5'SS makes the task of transesterification and lariat
formation problematic (Shepard et al., 2009). One solution is to perform a multi-step

form of splicing called recursive splicing (RS) by utilizing non-canonical splicing
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sites to progressively remove the large intron by pieces (Sibley et al., 2015). When
recursive splicing happens, recursive splicing sites can be reconstituted at the end of
each step of RS. In 1998, Hatton et al. described the first observed RS in a 74kb
intron of ultrabithorax gene in Drosophila melanogaster (Burnette et al., 2005; Duff et

al., 2015a; Hatton et al., 1998).
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Figure 1.10 Graphical representation of the recursive splicing in D.melanogaster (Sibley et al., 2015).

Studies have identified plentiful cryptic splicing sites in the human genome that can
potentially be used for recursive splicing. However, when the intron is removed, and
the two sequences flanking the intron boundaries are ligated, a protein complex called
exon junction complex (EJC) forms approximately 20-24 nucleotides upstream of the
5' of the splicing junction. EJC provides a position-specific memory of splicing that
marks the completion of splicing and prevents surrounding cryptic splicing sites from
being used. It is believed that EJC protects the integrity of RNA splicing, and
consequently, using cryptic splicing sites in the human genome is very rare (Blazquez

etal., 2018; Boehm et al., 2018).
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Chapter 2: Mixture Models for Nucleotide Sequence Feature
Analysis

Introduction

Nucleotide sequences carry information that encodes the complexity and diversity of
life. Information in these sequences directs gene expression, from chromatin
structure, transcription, splicing, and other steps of RNA processing, to mRNA
translation, stability, and localization. In general, signals for these processes are
strings of nucleotides that are recognized by RNA or protein molecules, either alone
or as part of a multi-subunit complex. These signals are often represented by
consensus sequences, nucleotide frequency matrices, position weight matrices
(Stormo et al. 2000), or Hidden Markov models (Yoon et al. 2009), and there are
many algorithms for identifying such signals (e.g. MEME and its many extensions,
Bailey et al. 2015). The paradigm is that a signal can be represented by a sequence
motif, which functions as the binding site for a single protein or RNA. However,
many signals do not fit this paradigm. Some, (such as core splice sites) are recognized
by multiple factors in a temporal sequence. Others (such as exonic splicing
enhancers) may consist of a mixture of alternative motifs recognized by alternative
factors, which can differ significantly, or may be completely unrelated. There are also
signals that are best described by sequence composition, or by the presence, or
absence, of very short motifs. Conversely, even when a single factor is necessary for

a process and has a well-defined recognition motif, there are sometimes specific
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sequences that function without that motif. One example is the general transcription
factor TBP, which is thought to function at all transcription events and recognizes a
well-defined TATA motif, but not all promoters have this motif (Akhtar & Veenstra,
2011; Cooper et al., 2006). Another example is the branch site, which is recognized
by U2 snRNA during the splicing process and has a well-defined sequence motif
complementary to U2 (Konarska et al., 1985). Here too, individual introns often lack
this motif.

One sequence element that comes in distinct subtypes is the 3’ splice site (Wilkinson
et al., 2020). There are three components of the core 3’ splice site: the site itself,
including an AG dinucleotide; a pyrimidine tract upstream of, and the branch site,
where lariat formation occurs during splicing. In addition, auxiliary sequences such as
exonic splicing enhancers in the exon downstream of the splice site contribute to the
recognition of 3’ splice sites. The diversity of 3’ splice sites is supported by a variety
of observations. Individual human introns differ regarding whether they contain a
recognizable branch site motif. While many contain a perfect match to the CTRAY
consensus, others do not, and even the A residue is not invariant at actual sites of
branching (Taggart et al., 2017; Wallace & Edmonds, 1983). In addition, 3’ splice
sites in short Drosophila introns are functionally distinct from 3’ splice sites in long
Drosophila introns (M. Guo & Mount, 1995).

Latent Dirichlet Allocation (LDA, (Blei et al., 2003)) uses the observation of words in
documents to describe the composition of documents in terms of topics that use those
words. LDA allows a single sample to have partial membership in each topic, making

it possible to recognize similarities between parts of samples (Fig 1A). The topics are
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matrices of words that are observed, and each individual document is described as a
mixture of topics whose fractional representation sums to 1. Documents can be
compared by analyzing their topics, and the distinguishing features of each document
are interpretable because the driving features in topics are different. LDA has proven
to be a useful and extremely popular model in population genetics (Pritchard et al.,
2000), where genetic similarity among individuals, geographic isolation, and
admixture can be recognized using multi-locus genotype data. Moreover, LDA has
been applied to RNA-seq data analysis (Dey et al., 2017), where modeling gene
expression data from tissue samples allowed similarities between tissues and
estimates of the proportional representation of samples to be described in terms of
robust interpretable features that could be easily understood as cell type-specific
genes. Those applications of LDA focus on genotype- and gene- level data and show
that the clustering power and interpretable features of LDA are useful for describing
gene expression data. LDA has also been applied to mutational signatures in cancer
(Matsutani et al., 2019), but not to nucleotide sequences more generally.

Here I apply the LDA mixture model to nucleotide sequences using k-mers, which are
strings of k consecutive nucleotides, as features (Fig 1B). In the first approach,
modeling positions in an alignment, sequences are aligned relative to a fixed position
such as a splice site, transcription start site or polyadenylation site, and individual
positions are used as samples. In a second approach, aligned sequences are used as
samples, and positional k-mers, in which the location of the k-mer relative to the
point of alignment is part of the feature, are used as features. Finally, a third approach

uses k-mer counts in bulk (unaligned) sequences.
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Applying LDA to splice sites from introns of different lengths allowed the
identification of known core splice site motifs, including the branch site consensus,
which is nearly impossible to derive from sequence alone using established methods
such as MEME (Bailey et al., 2006). I also identify distinct intron subtypes
distinguished by distinct sequence preferences throughout the intron. While these
subtypes are preferentially associated with short or long introns, there are apparently
some long introns of the short subtype and vice versa. I also find that LDA can
reliably identify the reading frame within coding sequences and can also distinguish
human and Drosophila coding sequences. In summary, the results show that LDA is a
useful model for describing heterogeneous signals, for assigning individual sequences
to subtypes and for identifying sequences that are unusual and do not fit the

recognized subtypes.

Results

Modeling positions in an alignment identifies signals associated with RNA

splicing.
To evaluate the ability of mixture models to identify position-related features in
batched sequences, I aligned human and Drosophila intron sequences at annotated 3'
splice sites and used k-mer compositions at each position in the alignment (Fig 2.2A).
For the example shown in Fig. 2.1A, [ used 6-mer features, applied a sliding window
of six nucleotides, and fitted the LDA model with 6 topics to compare long and short
human introns (Fig 2.2B). The driving k-mers of each topic were obtained based on

K-L divergence (as in (Dey et al., 2017)). Examination of the driving k-mers (Fig.
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2.2C) shows that topic 4 contains features similar to the branch site (CTNA), and

topic 2 resembles the polypyrimidine tract.

A
| love my dog. | adopted my dog seven years ago
while working on a bioinformatics project about : pets
DNA methylation. One day, my colleagues, two : biological science
experts on DNA sequencing, asked me if ...

An article that mentions
pets and biological science.
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groups (topics) of words Describe the document

by groups (topics) of words
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AAAACAGTGGAGAAATCACAAAAAAAAA ————> m : branch point ———> (5'SS, branch site, py-py)
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Figure 2.1 LDA applications in natural language and biological sequences. (A) Summarizing topics from input
natural language sequences and biological sequences by LDA. LDA can analyze the building blocks from the input
sequences (words or nucleotide k-mers) to recognize topics, which describe the features of the input sequences.
(B) The pipeline of analyzing intron sequence features by LDA. After summarizing the k-mer counts at each
position in a matrix, LDA calculates topic k-mer matrices and transforms sequences into topic memberships.
Sequence clustering can be achieved by analyzing the topic distributions and the interpretation of topics can
reveal functional motifs.

Both long and short human introns share a peak of topic 4 (branch site) membership
at about -30 and a peak of topic 2 (pyrimidine tract) membership at about -15 relative
to the annotated 3' splice site (3'SS; Fig 2.2B). Thus, both the relative positions of
topic 2 and topic 4 peaks and the interpreted topic meanings are consistent with the
known sequence feature of human introns. However, the fractional membership in
topic 4 at some positions, such as -28 in short human introns, is close to 100%, much

greater than the fraction of sequences with discernible branch site motifs. This is
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despite the difficulty of deriving a branch site consensus from sequence alone, and the
absence of significant information content in position weight matrices aligned at the
3'SS (Fig 2.2D, 2.2E). This implies that topic 4 includes k-mers that are characteristic
of the branch site region that do not match the branch site consensus, and may not be
branch sites.

The distribution of topics from the model fitted with long and short introns shows the
potential of LDA to identify functional motifs and distinguish sequence types.
However, fractional representation, like that shown in Figure. 2.2B and 2.2F, does not
indicate how well the topics describe the sequence, only which topics do best. To
assess the performance of these topics in describing the raw sequences, I calculated
the likelihood of reproducing k-mer compositions at every position by every topic
(Figure 2.2G). The highest likelihood values are associated with known motifs (the
branch site and pyrimidine tract) in the correct positions, which confirms the potential
of unsupervised mixture models to identify functional signals. Also, the significant
decay of the total log-likelihood as the distance from the 3'SS increases indicates that,
as expected, these known motifs are much better described by the model than is bulk
intron sequence far from the splice site.

The analysis also reveals differences between long and short introns. Compared with
long introns, the region upstream of short human intron 3’ splice sites has more
complex features, including an enrichment of topic 6 between 40 and 80 bp upstream;
topic 6 is characterized by GC-rich driving k-mers and is almost entirely missing
from long introns. Topic 3 is enriched between 65 and 85 bp upstream of the 3'SS,

and topic 1 is enriched upstream of that. In contrast, topic 5, characterized hexamers
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containing AG or CG, is predominant in long introns. Because 48% of human intron
sequences less than 150 bp are less than 100 bp (Figure 2.S1H), the region shown in
Fig. 2.2B includes the 5’SS’s, and most of the driving k-mers in topic 1 are subsets of
the 5' splice consensus sequence CAG|GTRAG (Figure. 2.2C).

By analyzing the Drosophila genome with the same pipeline, topics corresponding to
the branch site and the polypyrimidine tract were again identified, and at the same
positions as in the human sequence analysis; but with different driving k-mers (Figure
2.S1A, 2.S1B). As with human sequences, the relationship between these signals, and
the difference between short and long introns, is not apparent in positional weight
matrices alone (Figure 2.S1C, 2.S1D). Again, one of the significant differences
between long and short introns is the presence of the 5' splice site, represented here
by topic 6, in the region modeled (Figure 2.S1A, 2.S1B). Again, all of the top 5
driving k-mers are subsets of the 5' splice site consensus, AG|GTRAGT. This
identifies topic 2 as a feature of exon sequences (Figure 2.S1A, 2.S1B).

To confirm that the position of the signals from mixture models is consistent with the
known signals, we compared the location of the branch site and polypyrimidine tract
motifs with the location of the corresponding topics. We used the fraction of 6-mers
containing CUNA as a marker for the human branch site, and CUAA for the
Drosophila branch site, and 6-mers with only pyrimidines for the pyrimidine tract.
While only a very small fraction of sequences contain these specific motifs and nearly
all sequences are represented by the corresponding topics, both signals have peaks at
the same positions as the consensus signal curves, with similar differences between

long and short introns (Figure 2.2H, 2.S1G).
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Figure 2.2 LDA characterization of short and long human introns using aligned positions as samples. LDA was
applied to samples corresponding to positions in an alignment of 3’ splice sites from long (>=150 nt.) and short
(<150 nt.) introns. (A) Diagram of the LDA analysis of intron sequences aligned at the 3’ splice sites. First,
sequences are aligned at the 3’ splice sites (up left), and the positions of A and G are -2 and -1. The region from
position -100 to -3 are used for the analysis. Then the counts of 6-mers with a sliding window of size 6 at every
position are summarized (down left). LDA fitting and data transforming will generate two new matrices. One
shows the topic distributions at each position (up right), and the other shows the probability of observing 6-mers
from topics (down right). (B) Structure plots of long (n=10,000) and short (n=10,000) human introns. Hexamer
features in 5 nt. windows starting at positions -100 to -13 upstream of 3’ splice sites (encompassing -100 to -3)
were used as samples. (C). Table of top 5 driving hexamer features in the six topics in Fig 2B. (D) Sequence logo of
3’SS of long human introns. (E). Sequence logo of 3’SS of short human introns. (F) Line plot of topic distribution
across positions relative to the 3’SS of human introns. (G) Line plot of the likelihood of observing the distribution
of features at each position in human introns. (H) Line plots of the branch site and pyrimidine tract consensus
sequence signals and corresponding topic signals.
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Figure 2.51 LDA characterization of short and long introns using aligned positions as samples. LDA was applied to
samples corresponding to positions in an alignment of 3’ splice sites from long and short introns from Drosophila
(long>=80 nt.; short<80 nt.). (A) Structure plots of long (n=10,000) and short (n=10,000) Drosophila introns.
Hexamer features starting at positions -100 to -13 upstream of 3’ splice sites (encompassing -100 to -3) were
used as samples. (B) Table of top 5 enriched hexamer features in the six topics in (A). (C) Sequence logo of 3’SS of
long Drosophila introns. (D) Sequence logo of 3’SS of short Drosophila introns. (E) Line plot of topic distribution
across positions relative to the 3’SS of Drosophila introns. (F) Line plot of the likelihood of observing the
distribution of features at each position in Drosophila introns. (G) Line plots of the branch site and pyrimidine
tract consensus sequence signals and corresponding topic signals. (H) The distribution of short intron sizes in the
analysis of Fig 2 and Fig S1.
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Modeling sequences using positional k-mers distinguishes intron subtypes.
To distinguish intron subtypes on the single sequence level, I applied mixture models
using blocks of sequence around individual splice sites, instead of positions, as
experimental units. The k-mer compositions of introns with different lengths are
similar, which makes bulk k-mers unsuitable for this classification task (Figure
2.S2A-D). However, mixture models indicated a difference between similar positions
from introns of different lengths (Figure 2.2). Accordingly, I added positional
information to the k-mer features, so that each feature is a k-mer at a specific position
(e.g. CCAG_at _-4), and applied LDA to samples consisting of small packs of
individual sequences (Figure 2.3A). I investigated the positional sequence features of
3'SS and 5'SS separately. To study the features of 3’SS from long (>=150bp) and
short (<150bp) human introns, I selected 80 bp sequences that include 50bp from the
intron and 30bp from the downstream exon. A model fitted with 60 packs of 250
single sequences (15,000 total), readily distinguished packs of 250 long or short
introns (Figure 2.3B). Long intron sequence packs have topic 2 memberships around
90% while the short intron sequence packs have topic 2 memberships less than 15%.
A separate set of sequences was used to test the model's performance on single
sequences, which generated a classification accuracy of 67.95% (Figure 2.3C,
Methods). Driving k-mers from these topics and sequence logos generated for the
upstream region (Figure 2.3D, 2.3G, 2.3H) indicate that 1) the long intron group has a
longer polypyrimidine tract, which is consistent with the observation of previous
study (Yildirim & Vogl, 2023); 2) topic 2, enriched in long introns, is characterized

by runs of T in the pyrimidine tract (-20 to -5) while topic 1 is characterized by runs
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of C in the pyrimidine tract (-6 to -3); 3) topic 1 is characterized by GC-rich
sequences upstream (-50 to -44). These differences characterize the most distinctive
k-mers; there are many other differences. Though long introns have more sequences
that are enriched in topic 2 and can be better represented by topic 2, both groups have
many individual introns with significant memberships of the topics of the other labels
(Figure 2.3C, 2.31, 2.3J). It is important to bear in mind that the classification of
introns by subtype may be more accurate than the assignment to size classes if
mechanistically or biochemically distinct subtypes do not perfectly correspond to size
classes.

The same pipeline was applied to 80 bp sequences at the 5’SS, including 50bp from
the intron and 30bp from the upstream exon (Figure 2.S3), yielding a classification
accuracy of 66.6%. Long and short introns differ in base composition in the region
17bp-20bp downstream of the 5°SS (Fig. 2.S3F, 2.S3G), and some driving k-mers
reflect this (e.g. TTTT at 18 in topic 2 and GAGG at 22 in topic 1). However, the top-
ranked driving k-mers are in the core 5’°SS, including the invariant GT dinucleotide
(Figure 2.S3D, 2.S3E). Based on the similarity between long and short intron
consensus sequences, I conclude that LDA has the potential to find subtle differences
between sequences.

The difference between intron subtypes was also revealed from Drosophila introns,
with accuracies of 71.75% from the 5'SS and 66.6% from the 3'SS (Figure 2.S4,
2.S5). Similar to the human sequence analysis, intron sequences at 3'SS from the

Drosophila genome also indicated a difference in the polypyrimidine tract regions.
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However, in Drosophila, the differences in the pyrimidine tract are more related to T-

enrichment rather than the size of the signals. (Figure 2.S4F, 2.S4G).
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Figure 2.52 Non-positional feature analysis can not distinguish intron subtypes from Drosophila introns. LDA was
applied to Drosophila intron sequences to identify differences between long and short introns using single
sequences. Unlike the result in Fig S1, non-positional features are not able to describe the differences between
the two groups. (A) Structure plots of long (n=15,000) and short (n=15,000) Drosophila intron sequences (30 nt. of
exon and 50 nt. of intron) near 3’SS. Every sample contains tetramer features from 250 sequences (15,000
sequences total). (B) Structure plots of long (n=2,000) and short (n=2,000) Drosophila intron sequences near 3’SS.
Every sample is a single sequence. The topics are the same as the topics in Fig S2A. (C) Structure plots of long
(n=15,000) and short (n=15,000) Drosophila intron sequences (30 nt. Of exon and 50 nt. Of intron) near 5°SS.
Every sample contains tetramer features from 250 sequences (15,000 sequences total). (D) Structure plots of long
(n=2,000) and short (n=2,000) Drosophila introns sequences near 5’SS. Every sample is a single sequence. The
topics are the same as the topics in Fig S2C.
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Figure 2.3 LDA characterization of short and long human 3’SS using individual sequences as samples. LDA was
applied to samples corresponding to splice site regions from long and short introns from human (long>=150 nt.;
short<150 nt.). (A) Diagram of the LDA analysis of intron sequences aligned at 5’ or 3’ splice sites. In this diagram,
we introduce the analysis of sequences flanking 3’ splice sites. First, sequences are aligned at the 3’ splice sites
(up left), and the positions of A and G are -2 and -1. Then every 250 sequences are grouped into one sample
group and the counts of positional 4-mers are summarized (down left). Examples of positional 4-mers are shown
in the up left table highlighted in red color. LDA fitting and data transformation act as dimension reduction
method and represent each sample as topic distributions, which can be interpreted using the topic-kmer table
(right). (B) Structure plots of long (n=15,000) and short (n=15,000) human intron sequences (30 nt. of exon and 50
nt. of intron) near 3’SS. Every sample contains positional tetramer features from 250 sequences (15,000
sequences total). (C) Structure plots of long (n=2,000) and short (n=2,000) human introns. Every sample is a single
sequence. The topics are the same as the topics in Fig 3A. (D) Top 10 driving positional tetramers from topics 1
and 2 from the analysis of 3’SS of human introns. (E) Sequence logo of the 3’SS from long human introns. (F)
Sequence logo of the 3'SS from short human introns. (G) Sequence logo of positions -48 to -13 from long human
introns. (H) Sequence logo of positions -48 to -13 from short human introns. (1) Distribution of topic 1
memberships of single sequences in Fig 3B. (J) Distribution of the likelihood of generating sequences in Fig 3B by
topics.
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Figure 2.53 LDA characterization of short and long human 5’SS using individual sequences as samples. LDA was
applied to samples corresponding to splice site regions from long and short introns from human (long>=150 nt.;
short<150 nt.). (A) Structure plots of long (n=15,000) and short (n=15,000) human intron sequences (30 nt. of
exon and 50 nt. of intron) near 5’SS. Every sample contains positional tetramer features from 250 sequences
(15,000 sequences total). (B) Structure plots of long (n=2,000) and short (n=2,000) human introns. Every sample is
a single sequence. The topics are the same as the topics in Fig S3A. (C) Top 10 enriched positional tetramers from
topics 1 and 2 from the analysis of 5’SS of human introns. (D) Sequence logo of the 5’SS from long human introns.
(E) Sequence logo of the 5'SS from short human introns. (F) Sequence logo of positions 17 to 29 from long human
introns. (G) Sequence logo of positions 17 to 29 from short human introns. (H) Distribution of topic 1
memberships of single sequences in Fig S3B. (1) Distribution of the likelihood of generating sequences in Fig S3B
by topics.
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Figure 2.54 LDA characterization of short and long Drosophila 3’SS using individual sequences as samples. LDA
was applied to samples corresponding to splice site regions from long and short introns from Drosophila
(long>=80 nt.; short<80 nt.). (A) Structure plots of long (n=15,000) and short (n=15,000) Drosophila intron
sequences (30 nt. of exon and 50 nt. of intron) near 3’SS. Every sample contains positional tetramer features from
250 sequences (15,000 sequences total). (B) Structure plots of long (n=2,000) and short (n=2,000) Drosophila
introns. Every sample is a single sequence. The topics are the same as the topics in Fig S4A. (C) Top 10 enriched
positional tetramers from topics 1 and 2 from the analysis of 3’SS of Drosophila introns. (D) Sequence logo of the
3’SS from long Drosophila introns. (E) Sequence logo of the 3'SS from short Drosophila introns. (F) Sequence logo
of positions -25 to -3 from long Drosophila introns. (G) Sequence logo of positions -25 to -3 from short Drosophila
introns. (H) Distribution of topic 1 memberships of single sequences in Fig S4B. (1) Distribution of the likelihood of
generating sequences in Fig S4B by topics.
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Figure 2.S5 LDA characterization of short and long Drosophila 5’SS using individual sequences as samples. LDA
was applied to samples corresponding to splice site regions from long and short introns from Drosophila
(long>=80 nt.; short<80 nt.). (A) Structure plots of long (n=15,000) and short (n=15,000) Drosophila intron
sequences (30 nt. of exon and 50 nt. of intron) near 5’SS. Every sample contains positional tetramer features from
250 sequences (15,000 sequences total). (B) Structure plots of long (n=2,000) and short (n=2,000) Drosophila
introns. Every sample is a single sequence. The topics are the same as the topics in Fig S5A. (C) Top 10 enriched
positional tetramers from topics 1 and 2 from the analysis of 5’SS of Drosophila introns. (D) Sequence logo of the
5’SS from long Drosophila introns. (E) Sequence logo of the 5'SS from short Drosophila introns. (F) Sequence logo
of positions 34 to 46 from long Drosophila introns. (G) Sequence logo of positions 34 to 46 from short Drosophila
introns. (H) Distribution of topic 1 memberships of single sequences in Fig S5B. (1) Distribution of the likelihood of
generating sequences in Fig S5B by topics.
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Modeling unaligned protein-coding sequences reveals features associated with

reading frames and species.
Many classic signals within genes are recurrent motifs over-represented in specific
regions, such as the CpG islands in the promoter regions of human housekeeping
genes. In addition, pervasive sequence differences characterize genomic regions, such
as introns, and can be species-specific. To investigate the performance of mixture
models in seeking over- and under-represented motifs from unaligned sequences, I
analyzed the topic distribution of coding sequences in three reading frames with
mixture models of 3 topics (Figure 2.4A). By randomly grouping 300 human CDS
sequences as a single sample, I observed that each reading frame could be represented
by a distinct topic, one with little distribution in other reading frames (Figure 2.4B,
2.4C). Since each topic is associated with one reading frame, I calculated the
probability of generating each CDS using every topic. The expectation is consistent
with the observation of the topic distributions (Figure 2.4D). The classification with a
separate set of sequences shows an accuracy of 98.77% (Methods). However, some of
the single sequences do show a misalignment of the topic and reading frame (Figure
2.S6A). A comparison of the predicted and true labels showed that the predicted
frames of more than 45% of the misclassified sequences were shifted by one,
suggesting potential frame-shifting events or annotation errors (Figure 2.4E).
To test whether the model fitted by human sequences can be applied to other species,
I transformed the Drosophila coding sequence k-mer composition using the same

model. Topic distribution showed that the Drosophila reading frames follow the
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features identified from human sequences (Figure 2.S6B, 2.S6C), suggesting that the
information learned by LDA may analyze sequences from novel species.

To explore if mixture models can distinguish the reading frames and species at the
same time, I fitted a 6-topic model with both human and Drosophila CDS. The topic
distribution suggests that each reading frame can be described by 2 topics, which
have distinguishable distributions for different species (Figure 2.5A, 2.5B, 2.5C). I
calculated the probability of generating each CDS using single topics to evaluate the
association between topics and species. For all 3 pairs of topics from 3 reading
frames, most sequences have higher expectations from topics associated with the
source species (Figure 2.5D-F). Single sequence classification was performed, and
93.6% of the sequences were correctly predicted with regard to both the reading
frame and species. Most of the misclassified sequences in this study were labeled as
the wrong species (Figure 2.S6D, 2.S6E).

If LDA were to be used to identify novel smORFs as coding sequences, it is useful to
know how long a subsequence is necessary to identify the correct reading frame. To
investigate this, I collected k-mer counts for short subsequences from 5,400 full
coding ORFs in the CDS test set. These subsequences were between 10 and 100
codons drawn from the middle of the original coding sequences and were transformed
using the LDA model fitted by full coding sequences. This method achieves an
accuracy of 80% with only 18 codons, 90% with less than 34 codons and 95% with

less than 74 codons (Figure 2.5G).

37



Coding sequences of different sizes
RF2: TGA Topic memberships calculated using 6-mer compositions
RF1:ATG RF3: GAT

topic_3
CDS Group1 RF1 1.0860% | 0.4691%

CDSNo.1 [A]T
CDSNo.2

>
[2)
>
—
[2)
>
>
)
=
>
>

>
=
[2)
[2)
[
[
[
=
[
=
>
>

0.6704% | 0.7752%

Counts of 6-mers from different CDS groups at 3 reading frames
1 group = 300 sequences

A amAC ... [ TG [T
CDSGrouptRF1| 116 | 74 |..| 40 | 51 e L .
CDSGWUL "zl 115 SRS o 6-mer - topic distribution for topic interpretations
ggzggﬁ”;:? ‘8°6° ii ;i :: Mixture model fitting and AN | ARG ] TG | T
CDSGrouEZRFz T o TT oo data transformation topic_1 0.04291% | ... [0.02207%[ 0.02665%
N topic_2 0.05570% ..

CDSGroup2RF3| 66 | S8 18 | 2 topic_3]0.05655%] 0.04055%] .
B 1 Human: Grouped Sequences of Reading Frame 1 1 Human: Single Sequences of Reading Frame 1
3
=2 208 208
108 8
208 808
5 5
=04 =204
L] L2
8 2
202 202 {
‘ Bl bl bl
00 0.0 NN R T DR 0 T P U TR T
10 20 30 40 50 1000 2000 3000 4000 5000
Sample ID Sample ID

10 Human: Grouped Sequences of Reading Frame 2 Human: Single Sequences of Reading Frame 2
. ST T R e e

S o 9o
o o

ES

o
2
4
3
£
]
=
9
3
)

o
N

1000 2000 3000 4000 5000
Sample |

) 10 20 30 40 50
Sample ID

1 Human: Grouped Sequences of Reading Frame 3

Topic Membership
o o o
52 o =

o
o

=4
3

10 20 30 40 50 U 1000 2000 3000 4000 5000
Sample ID Sample ID
. 3: GGAGGA CCTGGA GGATGA GCTGGA CAAGGA
. 2. AGGAGG TGGATG AGGAGC AGCTGG AGGATG
1: GAGGAG GAGCTG GAGAAG GACCTG GAGGAC
D E
. . :
05
i .o i . o
§ o f:llczi;ic_1 £10°
g s - opic2 O
- B opie 3 .
02 . 3 1 ' A o ‘ e N T
Human: Reading Frame 1 Human: Reading Frame 2 Human: Reading Frame 3 123 113 312 231 112 121 221 233 311 111 131 122 m1-33

Reading Frame Predicted Frames for Reading Frame 123
Figure 2.4 LDA characterization of reading frames using non-aligned coding sequences. LDA was applied to
human CDS. (A) Diagram of the LDA analysis of coding sequences. First, the reading frames from CDS are labeled
(up left). From the example of the No.1 CDS, the 3-mer starting from the first base is from reading frame 1 and
the 3-mer starting from the second base is from reading frame 2. Similarly, 3-mers starting from the fourth and
fifth bases are from reading frames 1 and 2. Then every 300 CDS are grouped as a sample group, and the counts
of 6-mers in each reading frame are summarized (down left). After LDA is fitted and the data is transformed, the
sequence groups are represented as topic distributions with interpretable topics (right). (B) Structure plots of
human CDS sequences in reading frames 1, 2, and 3. The first column contains the model fitting data (18,000
CDS), in which each sample covers hexamer compositions of 300 sequences. The second column contains the
topic distribution of single sequences (5,400 CDS). (C) Top 5 driving hexamer features of 3 topics in Fig. 4B. (D)
Distribution of the expectation of the probabilities of generating each sample from the second column of Fig 4A
by 3 topics. (E) Barplot of the counts predicted reading frames of sequences in Fig S6A. The correct order is 123.
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Figure 2.56 Misclassification from LDA models and generalization of human data fitted LDA model in predicting
Drosophila reading frames. Reading frame classification was carried out based on topic distributions. Also, the
ability to distinguish reading frames by human data fitted LDA model was tested on the Drosophila sequences. (A)
Topic memberships of human CDS sequences that are misclassified into incorrect reading frame tags. (B)
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Drosophila CDS using the model in Fig 5A.
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Figure 2.5 LDA characteristics of reading frames using non-aligned coding sequences. LDA was applied to both
human and Drosophila CDS. (A) Structure plots of human (18,000) and Drosophila (18,000) CDS sequences in
reading frame 1, 2, and 3. Each sample contains the hexamers of 300 sequences. (B) Structure plots of single
sequences of human (5,400) and Drosophila (5,400) sequences. (C) Top 5 enriched hexamer features of 6 topics in
Fig 5A. (D) The scatterplot of the probability expectations of generating reading frame 1 samples from Fig 5B
using topic 1 or 5 from Fig 5C. (E) The scatterplot of the probability expectations of generating reading frame 2
samples from Fig 5B using topic 4 or 6 from Fig 5C. (F) The scatterplot of the probability expectations of
generating reading frame 3 samples from Fig 5B using topic 2 or 3 from Fig 5C. (G) Line plot of the accuracies of
different lengths of subsequences of CDS to predict the reading frames.
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Models based on coding regions identify potential protein-coding information in

annotated UTRs and long non-coding RNAs (IncRNA).
To confirm that the signals mixture models identified are abundant and accurate, I
analyzed the k-mer compositions from small open reading frames (smORFs) with at
least 25 potential codons between the start and stop codons (Method) in human
5'UTR and 3'UTR. The topic distribution distinguished 5'UTR, 3'UTR, and CDS, but
no differences were observed between the three frames of smORFs in the UTRs,
where different samples share similar topic memberships (Figure 2.S7A, 2.S7B).
Often, S'UTR smORFs can be translated into potentially functional protein products
(Starck et al., 2016). The probability distribution of the UTR sequences showed that
there are indeed some smORFs that have high expectations generated by the correct
topics (Figure 2.6A, 2.6B). I analyzed single smORFs from 5'UTRs and recognized
that 13,028 smORF CDS could be correctly classified into three reading frames using
the classification model fitted by annotated CDS. Nevertheless, compared with real
CDS, these UTR CDS showed different topic distributions of the correct topics
associated with each reading frame (Figure 2.6A). To investigate the functions of
genes with short 5> UTR ORFs having correctly classified ORFs, I performed a Gene
Ontology enrichment (Thomas et al., 2022) analysis. Most GO terms discovered are
immune responses, sensory perceptions, and metabolic processes (Figure 2.S7C).
I also analyzed human IncRNA sequences using the same method. The distribution of
sequence-generating expectations by topics of IncRNA also indicates that 10,532

sequences have similar features of coding sequences. Compared with UTRs, IncRNA
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showed patterns of topic distribution more similar to CDS. After reading frame

prediction, we identified several IncRNAs with CDS features (Figure 2.7A).
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Figure 2.57 Analyzing short ORF in human UTR5 and IncRNA by CDS LDA model. Human data fitted LDA model
was used to analyze short ORF from non-coding sequences. (A) Structure plots of human small reading frames in
UTR3, UTR5, and reading frames CDS. Data were transformed by the model Fig 4A. Each sample has hexamer
compositions of 300 sequences (18,000 sequences total). (B) Structure plots of human small reading frames in
UTR3, UTR5, and reading frames CDS. Each sample is a single sequence from Fig S7A. (C). Gene Ontology
enrichment analysis of the smORF. (D) Structure plots of human IncRNA small reading frames. Data were
transformed by the model in Fig 4A. Each sample is the hexamer composition of a single sequence (1,500
sequences are shown).
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Figure 2.6 Identification of potential coding reading frames in human UTRs. The LDA model fitted by annotated
CDS in Fig 4A was applied to small reading frames from human UTRs, each of which had a pair of start and stop
codons and at least 25 potential codons. (A) Structure plots of single sequences from human small reading frames
in UTR5 and reading frames from CDS. Data were transformed by the model fitted in Fig 4A. 5,400 of UTR5
sequences that follow the CDS topic distribution patterns were selected to show. (B) Distribution of the probability
expectations of generating small reading frame samples from UTR5 and reading frames from human CDS using
topics fitted in Fig 4A.
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Figure 2.7 Figure 7. Identification of potential coding reading frames in human IncRNAs. The LDA model fitted by
annotated CDS in Fig 4A was applied to small reading frames from human IncRNAs, each of which had a pair of
start and stop codons and at least 25 potential codons. (A) Structure plots of single sequences from human small
reading frames in IncRNA and reading frames from CDS. Data were transformed by the model fitted in Fig 4A.
5,400 of IncRNA sequences that follow the CDS topic distribution patterns were selected to show. (B) Distribution
of the probability expectations of generating small reading frame samples from IncRNAs and reading frames
from human CDS using topics fitted in Fig 4A.
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Discussion

Here I have shown the utility of mixture models using LDA for visualizing and
interpreting signals in nucleotide sequences. LDA readily identifies topics that
correspond to sequence subtypes and reports the proportional membership of those
topics in each sequence. Because topics are interpretable, it is possible to easily
identify functional motifs that function in biological processes. Examples here
include the branch site consensus (topic 2 in Figure 2.2C: RCTRAC), the 5’ splice
site (topic 3 in Figure 2.2C: AGGTA), and an unknown G-rich motif characteristic of
short human introns (topic 6 in Figure 2.2C). In addition, LDA can uncover subtypes
of sequences based on differences in topic distribution. Examples include subtypes of
intron correlated with length, reading frame and species. Finally, the expectation that
a sequence is derived from a topic can be used as a score to identify sequences with

potential functions, such as potentially coding small ORFs in 5' UTRs.

Motif discovery
Because topics are interpretable, it is possible to identify motifs using LDA. A motif
can be readily interpreted by viewing the enriched or driving k-mers from the
enriched topics. While the basic probabilities of the observations for each topic could
be used, top k-mers based on raw probabilities can be shared between topics, and
alternative methods to identify the driving features are preferable. I identified
distinctively distributed (“driving”) k-mers using K-L divergence (following Dey et
al., 2017). It is the application of this method (Fig. 2.2C) that yielded driving k-mers
drawn from known consensus sequences for the branch site, 5’ splice site and

pyrimidine tract, as well as an unfamiliar G-rich motif characteristic of short introns.
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Driving features that are k-mers with sequence overlap can be used to identify motifs

that can be represented by sequence logos.

Sequence subtypes
LDA identifies sequence subtypes directly from topic membership, whether based on
bulk k-mer composition or positional k-mer counts. However, subtype recognition
can be improved in several ways. In this project, I have used sequences aligned at a
splice site, or by reading frame. This creates a contrast in k-mer frequencies between
samples based on that alignment. It is necessary to use positional k-mers to identify
subclasses of sequence that have not been identified in advance. Sequences of
variable length that are not readily aligned may be more amenable to bulk k-mer
compositions.
Pooling sequences prior to model fitting is useful to overcome the problem that single
sequences have 0 occurrences of many features, which is especially true for positional
k-mer values. Thus, I improved model performances by randomly grouping
sequences from the same known group as one single sample. This approach increased
the distinction between known sequence groups. Single sequences transformed by the
model fitted by grouped sequences have much higher variance in the topic
distributions. The results revealed that grouping sequences can magnify the impact of
enriched k-mers and push the model to generate topics to describe the generative
process of two groups instead of single sequences. However, the enriched features in
a group may not occur in every single sequence. One potential flaw of this method is
that sequences with abundant repetitive patterns can introduce bias, potentially

reducing the signal of true subtle features.
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Overview, caveats, and prospects
Here I have used LDA and k-mer features to classify and characterize nucleotide
sequences. One obvious extension of this work would be the application of LDA to
protein sequences. Another would be to include features, such as accessibility in
chromatin, that are not properties of the sequence per se.
As a generative statistical model, LDA derives topics that describe the data used to fit
the model. These topics can then be used to score novel sequences using the
expectation or likelihood that those novel sequences were generated from the topic. In
this way, novel sequences that potentially share biological functions with the
sequences in the fitted set sharing those topics can be identified. However, topics that
are not observed by the model cannot be predicted.
Overall, LDA provides a solution that will be broadly useful for describing the

properties of sequences in a functional class.

Methods

Overview of sequence feature analysis with LDA
For each analysis, matrices of k-mer feature counts were generated for each sample
(see below). The latent Dirichlet allocation (LDA) algorithm was implemented using
the sci-kit learn (Pedregosa et al., 2011) package. Driving k-mers from each topic are
pulled by the calculation of distinctiveness through the Kullback-Leibler divergence
(Dey et al., 2017). Structureplot visualization (Pritchard et al., 2000) is implemented

on Matplotlib package (Hunter, 2007). Sequence logos were generated with the
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Logomaker package (Tareen & Kinney, 2020). Matrix computations are performed

with Numpy (Harris et al., 2020) and Pandas (McKinney, 2010).

Analysis using positions as samples
To evaluate intron sequence features associated with positions, I randomly selected
human (hg19) and Drosophila (dm6) introns and aligned them at the annotated 3'SS
(O’Leary et al., 2016). Introns were labeled as long or short if they were greater or
less than 150 bp (human) or 80 bp (Drosophila). Feature k-mer length, window size,
pack size (the number of individual sequences per sample) and the number of topics
are all options. Here, we counted 6-mers starting at every position from 100bp to 7bp
upstream of 3’SS, so that the region from -100 to -2 was represented. A sliding
window of length 5 was applied to batch the counts at adjacent positions together.

LDA was applied to fit 6 topics.

Branch site and polypyrimidine tract signal evaluations
I calculated the signal of the branch site by counting the fractions of k-mers that
match the human (TNAC) and Drosophila (TAAC) branch site consensus. The
polypyrimidine tract signals were evaluated by counting the fractions of k-mers with

only Cs and Ts.

Positional k-mer counts as features
Positional features incorporate both sequence and position in the alignment. For
example, the sequence AGTTAT, starting at position 1, would have AGTT 1,
GTTA_2 and TTAT 3 as features. For both human (hg19) and Drosophila (dm6)

splice sites from long and short introns, we randomly selected 16,000 sequences
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comprising 30 exon and 50 intron nucleotides. 15,000 sequences were used for model
fitting, and the remaining 1,000 sequences for model testing. Sequence feature

analysis for 3'SS and 5'SS were performed separately for each species.

Model fitting by pooling sequences
Larger samples were obtained by pooling multiple sequences of the same type. For
example, in the analysis of long and short introns, we used 60 samples from 15,000

introns (250 sequences per sample) to fit the model with 2 topics.

Scoring a sequence’s fit to a topic
The intron subtype analysis was applied with 2 topic-LDA model. I hypothesized that
the 2 topics generated are associated with long and short introns. By calculating the
likelihood of generating each sequence from a topic, I could to evaluate the

information obtained from the sequences.

length(seq)—k
L(seq|topic) = 1_[ P(seqli: i + k]|topic)

i=1

K-mer composition as features and application to coding sequences
To evaluate the performance of LDA in differentiating sequence subtypes, I used
protein-coding sequences (CDS) of human (hg19, CCDs) and Drosophila (dm6). For
each sequence, I counted the occurrences of 6-mers in 3 reading frames. I used 60
samples from 15,000 CDS (300 sequences per sample) to fit the model with 6 topics.
To evaluate the ability of this model to identify the correct reading frame, I randomly

picked 5,400 sequences that were not used in the model fitting step to test the
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performance on single sequences. Topics generated from the model fitting step were

used to transform single sequence k-mer counts into topic memberships.

Sequence subtype prediction

I implemented a simple classifier for predicting sequence labels in two steps,
associating topics with labels and calculating sequence scores for each label. To
associate topics with labels, I built a scoring system. For a given label, the score from
a topic is the log2 of the fraction between the average membership in samples from
such label and the overall average membership.

Z?Izl membership(seq;topic)
N

Zy’zl membership(seqj,topic)
M

Score(topic|labels) = log2( ), where N is the number of

sequences of the label of interest and M is the total number of sequences in the
analysis.
When calculating the result of a sequence, I multiplied the sample-topic matrix with

the topic-score matrix and picked the highest score as the prediction.

Frame-shift analysis

From the single sequences in the test set, I used the classifier to predict the reading
frames based on each sequence's k-mer counts from 3 frames. If the predicted reading
frames from the original counts of reading frames 1, 2, 3 were 2, 3, 1 or 3, 1, 2, the

sequence would be labeled as a potential frame-shift event.

Prediction of functional smORFs in human UTRs and IncRNAs

I'scanned 5' UTR and 3' UTR sequences for a pair of start codon and stop codon in

the same frame with at least 25 potential codons between them. The subsequence of
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the UTR from the start codon to the stop codon was identified as a small ORF reading
frame 1 sequence, which was utilized to generate k-mer counts of 3 small reading
frames. I predicted the reading frames of the UTR sequences and picked sequences

with the correct prediction output.

Reading frame predictions using subsequences
Subsequences from the human CDS test set (n = 5,400) were extracted by fixing the
center of each sequence and expanding upstream and downstream equally to obtain
coding subsequences centered on the middle of the original ORF. These subsequences
were then transformed into topic memberships using the LDA model fitted with the

full-length CDS test set.
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Chapter 3: Recursive Splicing Sequence Feature Analysis

Introduction

One of the essential programs altering gene expression regulation is RNA splicing,
which removes introns from newly-made RNA and ligate exons to produce mature
mRNA (G.-S. Wang & Cooper, 2007). The splicing process requires the spliceosome
assembly upon recognition of various splicing signals and is regulated by various
RNA-protein and protein-protein interactions (Gehring & Roignant, 2021). Though
the primary splicing mechanism suggests that the spliceosome removes one intron
sequence as a whole piece, a special multi-step splicing mechanism called recursive
splicing (RS) has been observed in Drosophila and other vertebrate genes. Initially
thought to be a rare event and restricted to large introns (Burnette et al., 2005; Duff et
al., 2015b; M. Guo et al., 1993; Sibley et al., 2015), RS has recently been observed to
occur pervasively in human transcripts (Wan et al., 2021) and may provide a
mechanism which solves the problem of forming lariat structures with long
sequences. In very large intron, the cryptic splicing sites can be used as ratchet points
to let the spliceosome remove a sub-intron sequence, leaving constitutive splicing
sites for use in the next step. Although cryptic splicing sequences are abundant in
both Drosophila and human genomes the extent to which they are used in RS events
is an area of active debate (Gehring & Roignant, 2021; Sibley et al., 2015)[include
Wan REF]. Moreover, the cis-acting and trans-acting factors that decide whether an

intron should be recursively spliced still remain to be discovered.
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In addition, the usage of cryptic splicing sites in the human genome can be
suppressed by exon junction complex (EJC), a protein complex that forms at about
20-24 nt of the 5' end of the splicing junction and interacts with the spliceosome to
prevent the usage of adjacent splicing sites (Blazquez et al., 2018; Boehm et al.,
2018). The reconstituted splicing sites from Drosophila are less sensitive to EJC,
which could explain the RS observation in Drosophila (Blazquez et al., 2018).
Recently, single-molecule imaging and genome-wide assays, including nascent RNA
sequencing and lariat sequencing, have provided new insight into RS and raised the
possibility of more in-depth analysis of sequence-encoded splicing signals (Wan et
al., 2021; Zeng et al., 2022). For example, imaging of single large introns signaled
that co-transcriptional splicing may happen before Pol II reaches the annotated 3°SS.
A closer investigation of single introns with double labeling revealed that different
RS sites could be selected for splicing reactions for the different molecules of the
same intron sequence, suggesting a stochastic splicing model. In addition, nascent
RNA-Seq revealed abundant unannotated splicing junctions in the intron region, most
of which have sequence features that can be potentially used as splicing sites and
pyrimidine tracts. Indeed, sequencing of the splicing lariats showed that a significant
number of lariats are smaller than the annotated introns, indicating the usage of
unannotated splicing sites. Together, the nascent RNA study suggests that RS is
widely used in human cells (Wan et al., 2021).

Here we investigate the sequence features associated with RS events. By
characterizing k-mer compositions of sequences with topic modeling, we showed that

the most significant difference between RS and non-RS introns lies in the upstream
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exon. The exons upstream of the RS introns are more enriched for CG dinucleotides.
Further, compared with non-RS introns' upstream exons, CpG from exons upstream
of RS introns are less methylated, suggesting a correlation between DNA methylation
and RS regulation. Similar CG-rich features are also found in the short region
downstream of the canonical 5'SS from the RS-intron, while both the canonical 5'SS
of non-RS intron and the recursive 5'SS do not show the motif, implying a hypothesis
that the similarity between recursive 5'SS and regular 5'SS promotes RS. Using both
in vitro and in vivo binding measurements (RNA bind and seq and PAR-CLIP,
respectively) we find that the recursive sites are bound by U2AF more tightly than the
canonical 3’SS of the same introns. Finally, by analyzing public data of RBP in vitro
binding assays, we made a list of candidate proteins that may recognize the sequence
features in recursive splicing sequences and regulate the recursive splicing processes.
Taken together, we identify a sequence signature of recursive splicing which suggests

a potential biochemical mechanism for future experimental study.

Results

Four types of introns were discovered from nascent RNA-Seq.
Nascent RNA-Seq showed that all samples expressing nascent RNA have at least
30% splicing junctions marked as unannotated by STAR while regular RNA-Seq of
the same cell-line showed less than 20% unannotated splicing junctions (Figure 3.1
A). The unannotated splicing junctions have similar lengths as annotated introns in
nascent RNA-Seq, both of which are much smaller than the original introns to which

unannotated junctions are mapped. (Figure 3.1 B). This observation is consistent with
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previous findings that recursive splicing usually happens in large introns (Pai et al.,
2018; Sibley et al., 2015).

We confirmed that over 280,000 unannotated junctions are parts of annotated introns.
Combined with the observation of Par-CLIP U2AF binding signals in the intron
region with sequences feature of potential 3' splice sites, we hypothesized that the
spliceosome progressively removes the intron in small pieces through recursive
splicing instead of splicing a whole intron at once (Figure 3.1 C).

Besides basic introns that overlap with annotated intron coordinates, we recognized
three types of potentially recursively spliced introns (Figure 3.1 D): introns with
unannotated recursive 5'SS and annotated 3'SS (RSS5 introns), introns with
unannotated recursive 3'SS and annotated 5'SS (RS3 introns), and introns with pairs
of unannotated recursive 5' and 3'SS (nested introns). Potential recursive splicing
junctions of at least 75bp long from annotated introns of at least 150bp indicated that
recursive splicing removes, on average, 43.63% of the lengths of original intron
sequences, with a standard deviation of 31.68% (Figure 3.1 E). More than 50% of
RSS introns have AG upstream of the recursive 5'SS, showing the signal of potential
3'SS for the upstream intron regions. However, most RS3 and nested introns do not
have the GU downstream of the recursive 3°SS, indicating the following recursive
splicing is conducted without a 5’SS signal (Figure 3.1 F). We annotated the ranks of
introns in the nascent RNA-Seq as the order of introns from transcripts and observed
a preference for the first introns by recursive splicing, while a much smaller fraction
of introns without recursive splicing evidence are from the first introns in various

genes (Figure 3.1 G).
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are enriched in CG nucleotides.
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Exon sequences upstream of recursively-spliced first-order introns are enriched

in CG nucleotides.
To investigate the sequence features of recursive splicing events, we selected intron
sequences that are the first introns of genes, are abundant in nascent RNA-seq, and
met a list of filtering criteria to avoid false positive recursive splicing events. We first
evaluated the differential tetramer compositions between the first introns with and
without recursive splicing. Though the calculation at the first 50bp downstream of the
canonical 5’SS suggested that recursively spliced introns have more CG-tetramers,
the meta-gene plot indicated that it may be caused by the higher GC content in
recursively spliced introns (Fig3.2 A-B). However, the tetramer evaluation in the
upstream first exon region also showed higher fractions of CG-tetramers in exons
upstream of recursively spliced introns while the GC content of two exon groups are
on the same level (Fig3.2 B-C). To investigate motifs in the upstream exons, we
prepared hexamer compositions of exon sequences of four types of introns by
randomly grouping 10 sequences as an exon hexamer-composition sample (Fig3.2 D).
Latent Dirichlet allocation was applied to the sample-hexamer count matrix to
explore four possible features to build the sequence descriptive model. The
application revealed that though three features exist in four types of introns, one
feature, topic/feature 1, has relatively higher memberships in exons upstream of RS
introns than non-RS introns (Fig3.2 E). We applied Kullback-Leiber divergence to
the topic-tetramer distributions and identified that the distinctively distributed
tetramers in this topic/feature 1 are enriched in CG-rich dinucleotides (Fig3.2 F). The

topic/feature identified by LDA was a list of probabilities of observing k-mers from
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such topic/feature. Thus, we calculated statistical inferences by revealing the
probabilities of observing the original exon sequences by the different topics. The
distribution of the expectation values of single sequences also indicated that the non-
RS introns have lower expectations from topic/feature 1 than the other three RS
introns. In summary, we identify a CG-rich topic in the sequences of upstream of
introns which are recursively splice.

To investigate if the CG-rich feature has the potential to predict the recursive splicing
events, we prepared separate model fitting and testing sequence groups. We used
random forest classifiers to assess the performance of predicting recursive splicing
using expectations calculated from 4 topics (Fig 3.2 E-G). The random forest model
ranked topic/feature 1 as the most important feature and provided a training AUC of

69% and an overfitting testing AUC of 59% (Fig 3.2 H-I).
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Figure 3.2 Sequence feature analysis of the first exons upstream of 4 types of first introns. (A) The volcano plot of
tetramer fractions in the first 50bp of introns without recursive splicing (left) and introns with recursive splicing
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Transcripts with recursively spliced first introns are more likely to have

recursive splicing in downstream introns.
The distribution of fractions of recursive splicing in different transcripts indicated that
when the first intron can be recursively spliced, more recursively spliced downstream
introns are observed (Fig 3.3 A). Thus, we hypothesized that recursive splicing in the
first introns increases the probability of recursive splicing in downstream introns.
Two-sided Fisher’s exact test revealed a p-value of 2.27x10-2® with a prior odds ratio
of 2.43, indicating the likelihood of observing RS in downstream introns with RS in
the transcript’s first intron is 2.43 times the likelihood of observing RS in transcripts
with canonically spliced first introns (Fig 3.3 B). To evaluate the sequence features in
the first exons that may be associated with recursive splicing in downstream introns,
we assigned transcripts into four groups: first intron recursive splicing and at least
one downstream intron recursive splicing (FRDR), first intron canonical splicing and
at least one downstream intron recursive splicing (FCDR), first intron recursive
splicing and all downstream introns canonical splicing (FRDC), first intron canonical
splicing and all downstream introns canonical splicing (FCDC). We applied latent
Dirichlet allocation to the first exons of four types of transcripts to model hexamer
compositions. Topic distribution indicated that compared with transcripts without
recursive splicing evidence, the first exons of transcripts with recursive splicing are
more enriched in CG-rich feature (Fig 3.3 C-E). To predict downstream recursive
splicing based on the first exons of transcripts, we fitted a random forest classifier

using the expectations of single exon sequences calculated by four topics/feature and
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observed 76% AUC from the training data set and overfitting 62% AUC from the test
data set (Fig 3.3 F-G).

To evaluate if the splicing status in the first intron can affect downstream recursive
splicing patterns, we assumed that non-first introns from the same transcript share an
equal probability of being recursively spliced and fitted binomial distributions with
transcript data. We selected all the transcripts with 5 introns expressed in the nascent
RNA-Seq. Transcripts with first introns recursively spliced showed p(RS)=0.3137 in
downstream introns, while transcripts with first introns canonically spliced have

p(RS)=0.2477 (Fig 3.3 H-I).
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The first exons from transcripts with recursive splicing events have low CpG

methylation status.
The enrichment of CG-dinucleotide features from exons upstream of RS introns is
one of the essential features of CpG islands. Moreover, several studies have shown
that DNA methylation is associated with spliceosome assembly and splicing
regulations (Lev Maor et al., 2015b; Yearim et al., 2015; Young et al., 2005). The
genome-wide methylation profiling can be achieved by various sequencing methods,
including whole genome bisulfite sequencing (WGBS) that identifies single-
nucleotide resolution of cytosine methylation (W. Guo et al., 2014). Thus, we
evaluated the methylation status of the CpGs in the exon region by calculating the
average CpG methylation percentage of exons with WGBS of A549 cell line from
ENCODE (The ENCODE Project Consortium, 2012) (Fig3.4 A). We chose A549
cells both because of both the quality of the dataset and the similarity of this human
alveolar basal epithelial cell line to our human bronchial epithelial cell line.
Compared with basic introns, a higher fraction of the exons upstream of recursively
spliced introns have 0 average CpG methylation based on the WGBS data (Fig3.4 B).
We also analyzed the CpG methylation by separating first exons based on the
transcript types. Compared with transcripts without recursive splicing, the other
transcript groups have higher fractions of no CpG methylation. Moreover, transcripts
with both the first and downstream introns being recursively spliced have the highest
fraction of 0 CpG methylation in the first exons (Fig 3.4 C).
The low profile of CpG island methylation is often observed near the transcription

start site (Anastasiadi et al., 2018). To verify if the order of the exons causes the low
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methylation status, we annotated the exon ranks based on the transcript references.
From all four groups of exons, we observed that the first exons have much lower
methylation profiles than others, and the average exon methylation rate increases as
the exon rank increases (Fig3.3D). We analyzed the average exon methylation
distribution for first and non-first exons separately, and both analyses showed that
exons upstream of RS-introns are less methylated than exons of upstream canonical
introns (Fig3.3E). Taken together, our analysis suggests that DNA methylation is
correlated with splicing outcomes, with exons upstream of RS introns showing lower
levels of DNA methylation.

We then added the methylation status in the first exons to our random forest
classifiers. The methylation information slightly increased the performance of the
recursive splicing predictions on the training set but had no impact on the test set (Fig
3.4 D-G), suggesting more complicated features affecting recursive splicing remain to

be discovered.
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Figure 3.4 DNA methylation status analysis in the first exons. (A) Diagram of exon average CpG methylation
calculation. The CpG methylation percentage of every CG in the exon region is obtained from ENCODE. The
average CpG methylation percentage is calculated for every exon. (B) Distribution of the average CpG
methylation percentage of first exons upstream of different types of first introns. Methylation status is calculated
using A549 WGBS data. (C) Distribution of the average CpG methylation percentage of first exons of different
types of transcripts. (D) ROC of random forest classifier predicting first intron recursive splicing using the topic
distribution in Fig 3.2 and average methylation status (training set). (E) ROC of random forest classifier in (D) with
the test set. (F) ROC of random forest classifier predicting downstream intron recursive splicing status using the
topic distribution in Fig 3.3 and average methylation status (training set). (G) ROC of random forest classifier in
(F) with the test set.
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The recursive 3’ splice sites are stronger U2AF binding sites than the canonical

3’SS
Splicing occurs both co- and post-transcriptionally, and transcription elongation rate
and pausing has been reported to affect the splice site availability and spliceosome
activities (Herzel et al., 2017). This model can potentially explain our observation
that there are more RS3 introns than RSS5 and nested introns from the nascent RNA-
Seq because the spliceosome may assemble at qualified recursive 3'SS before the
canonical 3'SS can be transcribed, which is supported by the dwell time analysis of
long introns splicing and transcription activities (Wan et al., 2021). This
preponderance of RS3 introns prompted us to analyze the sequence feature in the
region 50bp — 5bp upstream of recursive and canonical 3'SS (Fig3.5A). We first
compared the enrichment of tetramers between recursive and canonical 3'SS. The
volcano plot suggested that the flanking regions of recursive 3'SS have more AG- or
GA-rich subsequences (Fig3.5B). To evaluate the sequence features of multiple types
of 3'SS, we fitted mixture models with recursive 3'SS and canonical 3'SS of RS and
non-RS introns (Fig3.5C). Studies have found that long and short introns vary near
3'SS, such as that longer introns tend to have longer polypyrimidine tracts (Yildirim
& Vogl, 2023). Thus, we generated two groups of basic introns: longer introns with
sizes between 2,000bp to 11,000bp and shorter introns between 200bp to 2,00bp. We
observed different topic distributions between the two groups of basic introns,
indicating that shorter introns may have more GCs while longer introns are enriched
in Ats (Fig3.5C). The canonical 3'SS from RS introns are similar to longer basic

introns than shorter introns, which is expected since RS is believed to be a
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mechanism for carrying out large introns. The recursive 3'SS samples have higher
memberships of topic 3, which is not observed in canonical 3'SS. Interpretation of
topics indicated that AG and GA dinucleotides are enriched in topic 3, consistent with
the high fold changes of tetramers with AG or GA between recursive and canonical
3'SS. Positional fractions of AG and GA dinucleotides showed more AG or GA at
about 26~37bp upstream of recursive 3'SS than canonical 3'SS (Fig3.5E). To evaluate
whether the AG and GA signals are from the branch points, which usually appear at
the same position, we calculated the positional fraction of branch site consensus
(CTNA). Surprisingly, compared with all kinds of canonical 3'SS, the recursive 3'SS
has lower fractions of the branch site consensus across the region of 50 to Sbp
upstream of 3'SS, suggesting that branch sites cannot explain the AG and GA features
(Fig3.5F).

Sequences near 3'SS are vital for recruiting splicing factors, and U2AF is one of the
essential factors and interacts with 3'SS and the polypyrimidine tract (Shao et al.,
2014; Wu & Fu, 2015). A thermodynamic U2AF binding model was built using RNA
bind-n-seq sequencing result and motif discovery tool proBound (Rube et al., 2022).
The primary binding mode of U2AF reflects the polypyrimidine tract feature,
assembled by multiple continuous Ts and a few Cs (Fig3.5G). The 3'SS consensus
was not observed from the primary binding mode, which could be related to the fact
that U2AF is involved in splicing in an AG-independent manner when strong
pyrimidine tracts are present (Shao et al., 2014). We calculated the relative binding
affinity of U2AF using sequences from upstream 32 to upstream 2bp of all types of

3'SS. Strikingly, the affinity value distribution suggested that recursive 3'SS have
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relatively higher U2AF binding affinities (Fig3.5H). Further, we applied kernel
density calculations to compare pairs of canonical and recursive 3'SS from RS
introns. Both RS3 introns and nested introns contain a substantial amount of

examples where recursive 3'SS has stronger U2AF affinity than the canonical site

(Fig3.51).
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Potential RS regulator proteins are obtained by sequence feature analysis and

RBP-binding profiles.
To identify potential trans-acting factors of recursive splicing, we investigated
genome-wide RBP-binding profiles from the ENCODE project eCLIP and RBNS
assays, as well as U2AF RBNS results from Larson lab (The ENCODE Project
Consortium, 2012; Van Nostrand, Freese, et al., 2020; Van Nostrand, Pratt, et al.,
2020) . The RBNS provides the enrichment of all possible short k-mers by comparing
the observations from the RBP samples of different concentrations and the control
sample (Lambert et al., 2014). Since the topics fitted by the mixture models are
matrices of probabilities of k-mer observations, we can transform the k-mer topics
into RBP topics to represent the enrichment expectations. By calculating the
Kullback-Leibler divergence of the new topic matrices, we obtained the 'driving
proteins' from the upstream exon, 5'SS, and 3'SS analysis separately (Dey et al.,
2017). Here we use 'enrichment prospects' to refer to the sum of the product of k-mer
frequencies from sequences and k-mer R-values from RBNS to compare the relative
binding strength to a protein between two groups of sequences.
To calculate the enrichment prospects for different types of sequences, we made a
new subset of data where each sequence type group has an equal number of samples,
and each sequence is 50bp long. Unlike the sequence feature evaluation, the 3'SS and
5'SS were included in the analysis. Consistent with our observation of recursive 3'SS
sequence feature modeling, the mixture models of tetramer counts in the region from
50bp upstream of 3'SS to the 3'SS also revealed a topic of AG-rich driving k-mers

(Fig3.6A, Fig3.6B). The top 10 driving proteins include RBFOX3, ESRP1, RBMS5,
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and SFPQ of different concentrations (Fig3.6C). Previous studies have shown that
SFPQ regulates the splicing of long introns (Stagsted et al., 2021). We used a new
sequence set to evaluate the single-sequence enrichment prospects of the top 5
proteins, which showed that the recursive 3'SS may have tighter binding than the
canonical 3'SS (Fig3.6D). We also calculated the enrichment prospects across
positions by grouping sequences by intron types and counting the tetramers at each
position. The line plots showed that the binding strength of all 5 top proteins at
canonical 3'SS sequences drops as approaching the 3'SS and reaches the minimum at
10bp upstream of 3'SS, which is followed by a sharp increase. However, the recursive
3'SS from both nested introns and RS3 introns reach the minimum with relatively

higher values at 20bp upstream of 3'SS and then start to increase (Fig3.6E).
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Figure 3.6 Potential recursive 3’SS regulatory RBPs by non-positional 3’SS sequence analysis. (A) Structure plot of
the sequences from upstream 50bp to 3’SS. (B) Top 5 driving k-mers in (A). (C) Top 5 driving proteins in (A) and
(B). (D) Distribution of the protein enrichment prospect values. Values were calculated for single sequences that
were not used in model fitting. (E) Topic 3 protein enrichment prospect across positions in the region between
upstream 50 to the 3’SS.

To find other RBPs that have position-specific binding preferences, we applied LDA
to model the tetramer counts by positions (Fig3.7A). Kullback-Leibler divergence
revealed two topics with different distributions between recursive and canonical 3'SS.
One of them is a topic with TTTT or triple Ts with an A, and is represented by

driving proteins hnRNPC, hnRNPCL and ELVAL (Fig3.7B, Fig3.7C). Plotting the
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binding strengths by enrichment prospect calculation indicated that the recursive 3'SS
can be bound tighter than the canonical 3'SS, and binding is stronger when
approaching 3'SS (Fig3.7D). On the other hand, the canonical 3'SS was more
enriched in a topic of TCs, and the difference grows more significant as approaching
the 3'SS. The driving proteins from the topic cover PCBPs and RBM6 (Fig3.7B,
Fig3.7C). The two topics also indicate that the pyrimidine tracts of the recursive and
canonical 3'SS may differ, which is consistent with our observation that recursive

3'SS have higher U2AF binding affinities (Fig3.7E).
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Figure 3.7 Potential recursive 3’SS regulatory RBPs by positional 3’SS sequence analysis. (A) Structure plot of
sequences in the region between upstream 50bp to the 3’SS. Each position was modeled by the k-mer counts of
all sequences in the group with a sliding window of 4bp. (B) Top 5 driving k-mers of (A). (C) Top 5 driving proteins
of (A) and (B). (D) Topic 4 protein enrichment prospect values across positions. (E) Topic 1 protein enrichment
prospect values across positions.

We applied the same method to 5'SS and upstream exon sequences. We found
potential position-dependent driving proteins in the 5'SS region, such as ELVAL4
and NOVAL, and non-positional driving proteins in the upstream exon region,
including RBM4B and ZC3H10 (Fig3.8-Fig3.10). We repeated the pipeline for
different subsets of sequences using different k-mer sizes and topic numbers and
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summarized 80 candidate proteins for our following experiments to test the function

of RBPs in regulating recursive splicing.
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Figure 3.8 Potential recursive 5’SS regulatory RBPs by non-positional 5’SS sequence analysis. (A) Structure plot of
sequences in the region between 5’SS and downstream 50bp. (B) Top 5 driving k-mers in (A). (C) Top 5 driving
proteins in (A) and (B). (D) Distribution of topic 2 protein enrichment prospects by single sequences. Sequences
were not used in the model fitting process. (E) Topic 2 protein enrichment prospect values across positions. (F)
Distribution of topic 3 protein enrichment prospects by single sequences. (G) Topic 3 protein enrichment prospect
values across positions.
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Figure 3.8 Potential recursive 5’SS regulatory RBPs by positional 5’SS sequence analysis. (A) Structure plot of
sequences in the region between 5’SS and downstream 50bp. Each position was modeled with k-mer counts from

all the sequences at this position in the group with a sliding window of 4bp. (B) Top 5 driving k-mers in (A). (C) Top
5 driving proteins in (A) and (B). (D) Topic 6 protein enrichment prospect values across positions. (E) Topic 5

protein enrichment prospect values across positions.
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Figure 3.9 Potential recursive splicing regulatory proteins by non-positional upstream exon sequence analysis. (A)
Structure plot of sequences in the region of 50bp before the annotated 5’SS. (B) Top 5 driving k-mers in (A). (C)
Top 5 driving proteins in (A) and (B). (D) Distribution of topic 2 protein enrichment prospects calculated for single
sequences. The sequences were not used in the model fitting process. (E) Topic 2 protein enrichment prospects
across positions.
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Figure 3.10 Potential recursive splicing regulatory RBPs by positional upstream exon sequence analysis. (A)
Structure plot of sequences in the region of 50bp upstream of annotated 5’SS. Each position was modeled by the
sum of k-mer counts of all sequences in the group with a sliding window of 4bp. (B) Top 5 driving k-mers in (A). (C)
Top 5 driving proteins in (A) and (B). (D) Topic 2 protein enrichment prospect values across positions. (E) Topic 1
protein enrichment prospect values across positions.

Discussion

Identifying cis-regulatory sequences in RNA has long been a challenge. Here, we
have used a suite of next-generation approaches aimed at recognizing the sequence

features associated with recursive splicing. By modeling tetramer occurrences in the
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sequences flanking the recursive and canonical splicing sites, we can compare the
sequence features represented by topic distribution by LDA and recognize the
potential cis-acting recursive splicing regulators. The experimental input sequences
used in our analysis were carefully prepared using various filtering criteria to ensure
they were not from sequencing errors, annotated alternative splicing events, or
transposable elements. The mixture model fitted with the sequences can reveal
sequence features, sequence subgroups, and feature interpretations concurrently. Our
findings suggest that first, recursive splicing tends to occur in the first introns.
Second, the first exons upstream of RS first introns are enriched with CG-rich
subsequences. Third, these exons associated with RS have lower CpG methylation.
Third, when the first intron of a transcript is recursively spliced, the downstream
introns from the same transcript are more likely to be recursively spliced. Finally, in
RS introns, the recursive 3'SS tend to have higher U2AF binding affinities than the
corresponding canonical 3'SS. Based on the cis-acting features we observed, we
generated a list of potential trans-acting RBPs that may function as recursive splicing
factors based on RBP-sequence binding assays. These analyses lay out a blueprint for

interrogating the underlying biochemical mechanism of recursive splicing.

Enrichment of CG k-mers in the first exons be associated with recursive splicing
in both the first introns and downstream introns.
The mixture models and the enrichment analysis of the tetramer abundance in the first
exon regions posit that recursively spliced introns are more enriched in CG-rich
subsequences in their upstream exon region than basic introns which are removed by

the spliceosome in a single step. By calculating the average exon CpG methylation,
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we confirmed that the RS first exons are less methylated than the non-RS first exons.
Previous studies have shown that changes in DNA methylation can alter exon
inclusions by regulating spliceosome assembly and splicing factor activities (Lev
Maor et al., 2015b; Maunakea et al., 2013; Yearim et al., 2015; Young et al., 2005). It
has been shown that increasing DNA methylation of an entire gene resulted in a
higher inclusion rate of alternative exons (Yearim et al., 2015). Combined with the
findings that recursive splicing usually requires RS-exons, one explanation is that the
low methylation rate in the upstream exon region can help suppress the inclusion of
the RS-exons, which promotes the splicing efficiency and maintains splicing fidelity
at the same time.

Alternatively, DNA methylation is mutagenic, and methylated CpG sites can serve as
mutation hot spots in cancer and other diseases (Hanson & Liebl, 2022). Evidence
showed that methylated cytosines have a mutation rate 20,000 times that of
unmethylated cytosines (Danchin et al., 2019). Besides happening in somatic
mutations and participating in DNA replication, such mutations caused by
methylation can also occur in the germline and be inherited. Thus, it is possible that
the low rate of DNA methylation in the upstream exons protects the CG-rich feature
from mutations, preventing the recursive splicing regulation function from being lost
through mutations. One potential regulation function could be the inhibition of EJC
formation at the upstream exon, which marks the completion of splicing and prevents
the usage of adjacent splicing sites (Blazquez et al., 2018; Boehm et al., 2018).

We also discovered that transcripts with their first introns recursively spliced have a

higher fraction of downstream introns with recursive splicing evidence. The first
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exons of transcripts with downstream recursive splicing events are also enriched in
CG-rich features and less methylated. Thus, we hypothesize that the usage of
recursive splicing sites is determined at the transcription initiation stage. Other
aspects of mRNA homeostasis also are determined by co-transcriptional events which
occur during transcription initiation such as RNA decay , localization, and translation

(Bregman et al., 2011; Trcek et al., 2011; Zid & O’Shea, 2014).

U2AF affinity regulates 3’SS usage.
RBP-binding modeling tools have enabled the in vivo binding prediction through
investigating high-throughput data by in vitro assays. We built U2AF binding modes
by applying proBound methods to U2AF RBNS data and confirmed that the major
binding mode resembled the pyrimidine tract, which is known to be the binding site
of U2AF2, with concentration dependence (Rube et al., 2022). Sequence U2AF
binding affinity evaluation showed that the recursive 3'SS tends to have higher
relative affinity than the paired canonical 3'SS in the same intron. It is well known
that U2AF binding is proportional to the alternative exon inclusion, and the 3'SS of
alternative exons are relatively weaker than the competing exons (Shao et al., 2014).
The higher U2AF affinity values of the recursive sites suggest that they can bind
stronger to U2AF than the canonical 3'SS, resulting in the splicing junctions that
overlap a pair of canonical 5'SS and recursive 3'SS.
Evidence shows that splicing can occur co-transcriptionally, with the spliceosome
physically close to Pol II in vivo (Gérnemann et al., 2005; Herzel et al., 2017;
Kotovic et al., 2003; Shenasa & Bentley, 2023). In this model, the spliceosome may

take the first possible 3'SS signal that is transcribed to carry out an intron sequence,
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even though the downstream sequences are still absent. From our affinity evaluations,
there are recursive 3'SS that do not have higher U2AF affinity than the canonical sites
but still have decent affinity values, which should be able to recruit U2AF before the

downstream canonical sites are made.

Future Directions

Our first exon sequence feature analysis indicated that from transcripts with
downstream intron recursive splicing events, the first exons have more CG-rich
features and lower CpG DNA methylation profiles. We will confirm recursive
splicing in two situations. First, we will select transcripts where first introns have no
recursive splicing evidence but high fractions of downstream introns are recursively
spliced. Since nascent RNA-Seq may not capture all the recursive splicing events due
to splicing speed and sequence coverage, we will try to confirm if recursive splicing
can be found in the first introns with targeted primer extension. Conversely, we will
select transcripts where the first introns are recursively spliced and enriched in CG-
rich features, but none of the downstream introns have recursive splicing events. We
will then test whether recursive splicing can be discovered in these downstream
introns.

This study also predicted a list of candidate proteins with potential different binding
activities between sequences flanking introns with or without recursive splicing sites.
Dr. Jee Min Kim from Larson lab will perform arrayed CRISPR screen with an
image-based assay to investigate the RBP knockdown effect upon recursive splicing.
While waiting for the assays, we will also be improving the performance of our

recursive splicing prediction models.
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Limitations of the study

The nascent RNA-Seq and lariat sequencing provide a solution to splicing
intermediate detection, as well as challenges to the investigation of recursive splicing
mechanisms analysis. First, due to the various speeds of splicing and the possibility
that splicing can happen within seconds, many sequencing events can not be captured
(Shenasa & Bentley, 2023; Wan et al., 2021). Thus, the background intron sequences
that were labeled as basic introns contain an undetermined amount of false negatives,
which could be the reason that I observed several constitutive intron sequences with
relatively higher GC content and low CpG methylation, even though there were no
annotated alternative splicing records.

This study suggests that the CG-rich subsequences enrichment and low CpG
methylation profiles of the upstream exons may induce recursive splicing. And the
relatively higher U2AF binding affinity at the recursive 3'SS may recruit splicing
factors to carry out the recursive splicing junctions. However, from both analyses,
there are a substantial number of sequences that do not follow the patterns predicted,
suggesting there may be other recursive splicing regulations that remain to be
investigated.

I introduced the usage of mixture models to investigate differences between introns
with different types of splicing sites. The topics computed by LDA reflect the
Dirichlet distribution of k-mer selections, and further calculations are required to
form more reliable functional motifs. Also, other models could also be used to

identify the recursive splicing signals, such as Markov models proposed for the
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transcription and splicing dynamics (Wan et al., 2021) with states to reflect a splicing

decision or not.

Methods

Data preparation for RS and non-RS intron sequences

To lower the probability of RS events from sequencing errors or transposable
elements, we applied filtering criteria to make lists of candidate sequences.

The nascent RNA splicing junctions and the lariats records are from (Wan et
al., 2021). The reference intron and exon sequences are downloaded from the

UCSC genome browser (Kent et al., 2002).

1. Background intron sequences must be constitutive introns. From the hg19
reference intron lists, we remove introns that are involved in any annotated
alternative splicing events or introns that have smaller annotated introns
within their coordinates (Church et al., 2011). The intron list was downloaded
from the UCSC genome browser (Kent et al., 2002). The annotated alternative

splicing events were generated using SUPPA2 (Trincado et al., 2018).

2. Background intron sequence must be expressed in the sample. We used only
intron sequences that were discovered as annotated splicing junctions by
STAR with at least 2 nascent RNA-Seq unique spanning reads (Dobin et al.,

2013).

3. Unannotated splicing junctions must not have a significant blast hit against the

Alu sequence (Price et al., 2004). We found that one Alu element has the
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potential recursive splicing feature AGGT and we used blast to evaluate if any
splicing junctions (from 68bp upstream of the 5'SS to 217bp downstream of
the 5'SS) were Alu elements. Only sequences without any blast score were

used for further analysis (Altschul et al., 1990).

Unannotated splicing junctions must not be from highly repetitive regions.
Regions with long repeats are error-prone in sequencing. Thus, we only use
unannotated junctions with less than 80% of the sequences from repetitive

regions.

Unannotated splicing junctions must be located in the annotated intron
regions. We compared the coordinates of unannotated splicing junctions with
our list of reference introns that cannot be recursively spliced and cannot have

smaller introns inside.

Unannotated splicing junctions must have enough reads covering the
junctions. We only used unannotated splicing junctions with at least 2 unique

spanning reads as potential recursive splicing junctions.

Unannotated splicing junctions must not be introns from annotated alternative

splicing events.

Recursive splicing junctions must be at least 75bp away from the canonical
splicing sites. Based on the recursive splicing model, after the observed
splicing junctions are removed, the spliceosome will carry out the rest of the

intron sequences, which requires the intron to be long enough. We only used
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unannotated splicing junctions that can leave at least 75bp introns to be

carried out next for further analysis.

9. Recursive splicing junctions in nascent RNA-Seq must not be present in

regular RNA-Seq of the same cell line (with >=2 unique spanning reads).

10. The upstream exon sequences and downstream exon sequences must be at
least 50bp long. We evaluated the sequence features of the upstream and
downstream exon sequences of annotated and unannotated splicing junctions.
If the exon sequences are too small, we may not obtain enough k-mer

composition information for model fitting.

11. Potential recursive splicing events from lariat sequencing should have the
junction sizes much smaller than annotated introns and meet all criteria
applied to the nascent RNA-Seq. We also used the lariat sequencing profile to
identify potential recursive splicing events. Besides the filtering criteria of
nascent RNA-Seq, we also made sure that the lariats sequences must be at

least 75bp away from both annotated 5'SS and 3'SS.

Creating mixture models and sequence topic distribution analysis

We used the LDA method developed by the Sci-Kit learn Python package
(Pedregosa et al., 2011). The hyper-parameters of the model were selected
based on the performance of the classifiers to distinguish between RS and
basic introns and the biological meanings from the interpretable topics. The
driving k-mer from each topic was calculated by the distinctiveness values

followed by the Kullback-Leibler divergence (Dey et al., 2017). The structure
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plot visualization was developed using Matplotlib Python package (Hunter,

2007). Matrices were calculated with Numpy package (Harris et al., 2020).

RS predictions

We fitted random forest classifier to predict recursive splicing in the first
introns and in the downstream introns using features including topic

distributions and exon CpG methylation status (Pedregosa et al., 2011).

K-mer enrichment and multi-testing corrections

We calculated the log fold change of the k-mer fractions from different groups of
introns to evaluate the k-mer enrichment. Since the tetramer counts involved some
overlapping subsequences and thus cannot be viewed as purely independent, we
applied multi-testing corrections provided by the Sci-Py Python package to correct

the p-values (Virtanen et al., 2020).

Protein candidate selections

We modeled sequences flanking different types of 3'SS and 5'SS by LDA. Matrix
multiplication of the topic-kmer matrix and the kmer-protein R-value matrix
generates the topic-protein matrix (The ENCODE Project Consortium, 2012). We

used Kullback-Leibler divergence for the topics to get the top 'driving protein' list.
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Chapter 4: U2AF Binding Affinity in RNA Sequences

Introduction

RNA-binding proteins (RBPs) are an essential group of proteins that regulate gene
expression. RBPs bind to RNA sequences by directly recognizing sequence signals or
through aids from other proteins, altering the fate of the RNA sequences and their
products (Dominguez et al., 2018). The investigation of RBP-sequence interactions
requires various binding assays, including in vivo assays such as multiple types of
crosslinking and immunoprecipitation (CLIP), and in vitro assays such as RNA bind-
and-seq (RBNS), followed by high-throughput sequencing and computationally
binding site searching (Lambert et al., 2014; Van Nostrand, Pratt, et al., 2020).
Moreover, RBP knockdown followed by RNA-Seq reflects the gene expression and
splicing changes in response to the focused RBP removal. Immunofluorescence
techniques provide a solution to RBP localizations (Van Nostrand, Freese, et al.,
2020).

The Encyclopedia of DNA Elements (ENCODE) project phase I1I applied the above
methods to introduce a dataset that resolved the RBP-sequence interactions of various
post-transcriptional regulations (The ENCODE Project Consortium, 2012). The in
vitro binding site motifs calculated from RBNS data are highly overlapped with
eCLIP motifs, and always present at eCLIP peaks, confirming that the in vivo binding
can be specifically controlled by in vitro RBP affinities. Upon RBP knockdown, the
genes that are significantly upregulated or downregulated overlap with genes enriched

in the RBP binding motifs, suggesting the RNA-protein interactions regulate the fate
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of the genes. The integration between RBP abundance and alternative splicing also
revealed the association between RBP and splicing regulations (Van Nostrand,
Freese, et al., 2020).

As one of the fundamental splicing factors, the heterodimer U2AF has been well-
studied to reveal the splicing mechanisms and regulations (Shao et al., 2014; Soares
et al., 2006; Wu & Fu, 2015). During the RNA splicing process that is catalyzed by
the major spliceosome, at the complex E stage, U2AF1 binds to the 3'SS, and U2AF2
binds to the polypyrimidine tract. Studies also found cases where U2AF is not
required as the canonical splicing mechanism, such as the AG-independent splicing
manner when strong pyrimidine tract recruits U2ZAF2 and splicing without U2AF
when the level of SR proteins is very high. Both U2AF1 and U2AF2 can regulate
splicing. Studies suggest that the concentration of U2AF and the location of U2AF
binding can affect splicing (Lim et al., 2011). U2AF can also be recruited to the
splicing sites through interactions with other proteins, which makes it also a target for
other splicing regulators (Fu & Ares, 2014).

U2AF mutations have been observed as driver mutations in hematopoietic disorders,
and U2AF1 S34F is particularly associated with poor prognosis in patients with
myelodysplastic syndrome (Esfahani et al., 2019; Seiler et al., 2018). Besides altering
the splicing site selection, U2AF1 S34F mutation also promotes cancer progression as
a translation regulator (Akef et al., 2020; Palangat et al., 2019). Studies revealed that
U2AF binds to mRNA in the cytoplasm and can function noncanonically as a
translation repressor. S34F mutation can inhibit the function and increase gene

expressions that cause oncogenic phenotypes (Palangat et al., 2019).
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In this chapter, I presented three data analysis projects that aim to resolve U2AF-
RNA binding activities. The first project is focused on calculating U2AF binding
models. The predicted binding models were generated by applying an online RBP
analyzing tool proBound to our U2AF RBNS data (Rube et al., 2022). The RBNS
experiments and k-mer enrichment calculations are conducted by Dr. Benjamin T.
Donovan from Larson lab at the National Cancer Institute. With the binding models, I
can calculate the relative U2AF binding affinity for any sequence and confirmed the
binding of U2AF is concentration-dependent.

The second project is evaluating the U2AF binding affinities of U2AF1 binding sites
revealed by photoactivatable ribonucleoside-enhanced crosslinking and
immunoprecipitation (Danan et al., 2016). This is part of a project conducted by Dr.
Gloria R. Garcia from Larson lab at the National Cancer Institute, aiming to reveal
the function of U2AF1 in mitochondria and the effect of S34F mutation upon
translation. By Immunoprecipitation-Mass Spectrometry (IP-MS), Dr. Garcia found
that U2AF1 interacts with proteins involved in translation regulations. The high-
throughput sequencing after PAR-CLIP revealed that U2AF1 binds to mitochondrial-
associated mRNAs and single-exon genes. After analyzing the U2AF binding affinity
distributions, we observed that in various genomic regions, the highest abundance of
U2AFI1 binding was found in coding regions, while among all types of binding sites,
the locations near 3'SS have the highest binding affinities.

Led by Dr. Benjamin T. Donovan, the third project aims to discover how splicing
factors DDX42 regulate U2AF binding. After the search for U2AF interaction

partners through mass spectrometry by Dr. Garcia, it was confirmed that DDX42 is
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the most enriched factor. Dr. Donovan performed DDX42 knockdown, which led to
more stable U2AF binding, and conducted RNA-Seq for KD samples and control
samples. In this project, I built a pipeline with open-source software to analyze the
RNA-Seq data to discover the changes in splicing and gene expression. Though the
numbers of alternative splicing events from all samples are similar, we observed that
the selection of alternative 3'SS is associated with the binding affinity ratio between

the site pairs, which can be altered by DDX42 knockdown.

Results

The primary binding mode of U2AF resembles the polypyrimidine tract motif

with concentration-dependent binding activities.
Previous studies have shown that the U2AF2 RNA recognition motifs (RRMs) bind
to 9bp of the RNA sequences (Glasser et al., 2022); I decided to model the U2AF
binding sites of 12 nucleotides and expected to capture motifs that cover the known
signals. The primary binding modes from both wildtype U2AF and U2AF with
U2AF1 S34F mutation represent the polypyrimidine tract, with high scores for Ts at
the first ten positions and relatively higher C scores at the last two nucleotides. The
second and third binding modes from S34F and the third binding mode from wildtype
U2AF contain GAGA, which has AG but does not follow the 3'SS consensus CAG.
The second binding mode of wildtype U2AF contains CAG, but the score of the A
site is much less significant than the G signal (Fig4.1A, Fig4.1B). The relative
affinity distribution of the RBNS sequences showed that for both primary binding

modes, the U2AF samples have higher affinity values than the control samples and
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the 20nM samples have the highest affinities, followed by 80nM and 320nM samples.
The concentration-dependent manner was not observed for other motifs, while the
second binding model of wild type indicates that the U2AF samples have slightly
higher affinity than the control. Thus, I focused on the primary binding modes for the
next steps (Fig4.1C).

The deep RNA-Seq of RBNS generated over 100,000 reads for each sample, and I
randomly selected 50,000 reads to build the models. To confirm the generalization of
the calculated motifs, I made two new subsamples and applied the primary binding
modes to them. The calculated binding affinities revealed that the motifs I made could
adapt to the new datasets of U2ZAF RBNS (Fig4.1D).

The difference in U2AF binding between canonical and recursive 3'SS has been
observed, and the level of U2AF can also affect the splicing outcome. I calculated the
relative binding affinity with the primary binding modes for annotated constitutive
introns and introns that are involved in alternative splicing (Fig4.1E). Compared with
regular introns, the alternative 3'SS and 3'SS from annotated intron retention events
have relatively lower U2AF affinities. Interestingly, it is observed that the upstream
3'SS of possible skipped exons have similar affinities with canonical introns, while
the downstream 3'SS have stronger U2AF affinities. This observation is consistent

with previous findings that the 3'SS of the alternative exons are relatively weaker than

flanking exons (Shao et al., 2014).
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Figure 4.1 Binding modes of wildtype U2AF and U2AF with U2AF1 S34F mutation. (A) Three binding modes of
wildtype U2AF. The primary binding mode resembles the polypyrimidine tract feature. (B) Three binding modes of
U2AF with S34F mutation. (C) The cumulative distributions of relative binding affinities calculated using RBNS
sequences and 6 modes. (D) The cumulative distributions using different random subsets of RBNS sequences. All
subsets show concentration-dependent binding. (E) The cumulative distribution of sequences that range from
upstream 32 to 2bp of annotated 3’SS in different types of alternative splicing events and canonical introns.
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U2AF clustered at coding regions of low-affinity binding sites at mRNA

sequences.
Transcriptome-wide U2AF-RNA interaction sites were captured in the nucleus,
chromatin, and cytoplasm by Dr. Garcia using PAR-CLIP. Since the size of the
signals varied, and the affinity comparison could only be applied to sequences of the
same length, I selected records of at least 12bp long and scanned every 12-mer to pick
the highest value as the binding site's affinity. The wildtype samples and the U2AF1
S34F mutation samples from all three locations show the highest U2AF affinities at
sites flanking annotated 3'SS, which is consistent with the known function of U2AF1
in RNA splicing (Fig4.2A). The signals from the cytoplasm and nucleus have overall
higher affinity values than signals in chromatin. The wildtype samples also have
higher affinities than the samples of U2AF1 S34F, indicating that the S34F mutation
alters the splicing site selection, and the sites being used are less sensitive to the
wildtype U2AF (Fig4.2B).
A substantial amount of U2AF signals were mapped to CDS and UTR regions,
suggesting that U2AF may have other gene regulatory functions other than splicing.
To evaluate how the binding activities changed at different positions along coding
sequences, we made metagene plots using 20bp of UTRs and whole CDS. Because
the CDS sizes vary, we scaled the coding sequences from 50bp to the end of the
sequences. The metagene of signal counts shows that the CDS region has more
abundant U2AF binding targets than the UTRs (Fig4.2E). However, the metagene of
U2AF affinity values calculated using the signal sequences indicates that the CDS

region is relatively less sensitive to U2AF than UTRS or UTR3, and the target
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sequences from wildtype samples have higher affinities than the S34F signals
(Fig4.2F). The difference between wildtype and S34F sequence affinities is consistent
with the result from the RBNS sequence affinity calculations that the sequences
bound by U2AF with S34F mutation are less sensitive to the wildtype U2AF, while
the fact that CDS regions have lower U2AF affinity but more binding signals
suggests that U2AF may be recruited to the coding sequences by a different
mechanism than the primary binding mode.

The pull-down proteins from U2AF1 IP-Mass spectrometry include 12 out of 13
subunits of the EIF3 complex, which has been proven a mitochondrial and
transcription regulator (A. S. Y. Lee et al., 2015; Lin et al., 2020). Moreover, overlaps
between the PAR-CLIP signals of U2AF1 and EIF3 in mitochondria-associated
mRNAs have been observed. To test if U2AF and EIF3 have the same binding
targets, I built EIF3D binding model with the EIF3D RBNS sequencing data from
ENCODE and the proBound software (Rube et al., 2022; The ENCODE Project
Consortium, 2012). Both the motifs from proBound and RBNS contain GAGA,
which also exists in the U2AF secondary binding modes (Fig4.2C). I observed that
the EIF3D RBNS sequences have higher affinity values than the control samples, but
the binding strength is not concentration-dependent (Fig4.2D). The metagene plot of
the EIF3D binding affinity indicates that the CDS region has similar affinity values as
UTRs, and there is a smooth decreasing trend from the end of the 5' UTR region to
the beginning of the 3' UTR (Fig4.2G).

I compared U2AF binding affinity from sequences in U2AF and EIF3 PAR-CLIP

signals. The RBP FMR1 was used as a negative control (Ascano et al., 2012). The
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affinity values from FMRI targets are relatively stable. In the region of CDS and 5'
UTRs, EIF3 targets have higher U2AF binding affinities, while in the intron, 3'
UTRs, and 3'SS regions, the targes from U2AF PAR-CLIP data can be bound by
U2AF tighter (Fig4.2H). On the contrary, the EIF3D affinity distribution shows that
both wildtype and S34F U2AF PAR-CLIP targets have higher EIF3D affinities in
CDS and 5' UTR regions than 3'SS, 3' UTRs, and introns, suggesting that U2AF

binding at the low-affinity CDS sites may be affected by EIF3 (Fig4.2I).
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Figure 4.2 U2AF binding affinities of PAR-CLIP target sequences. (A) The distributions of U2AF binding affinities of
wildtype and mutant U2AF PAR-CLIP target sequences. Sequences were annotated with regions on RNA
sequences and were collected from samples from cytoplasm, chromatin, and nucleus. The affinity values were
calculated using wildtype U2AF primary binding mode of 12-mer (Fig4.1A). (B) The distribution of all the target
sequences from PAR-CLIP. The S34F target sequences are less sensitive to the wildtype U2AF. (C) The primary and
secondary binding modes of EIF3 calculated by proBound. (D) The cumulative distributions of EIF3D RBNS
sequences calculated with EIF3D binding modes. (E) The metagene plot of U2AF PAR-CLIP target counts on mRNA
sequences. The region from 50bp to 100bp of the CDS represents scaled CDS from 50bp to the end of coding
sequences. (F) The metagene plot of U2AF binding affinities of the U2AF PAR-CLIP targets on mRNA sequences.

(G) The metagene plot of EIF3D binding affinities of the U2AF PAR-CLIP targets on mRNA sequences. (H) The

distribution of U2AF affinities of targets from different PAR-CLIP datasets. Target sequences were annotated in

different regions on RNA sequences. (1) The distribution of EIF3D affinities of targets from different PAR-CLIP

datasets.
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3’ splice site selection is affected by U2AF affinity and may be regulated by

DDX42 indirectly.
I built a pipeline to analyze alternative splicing, and gene expression changes from
RNA-Seq of DDX42 KD and control samples (Fig4.3A). Differential expression
showed that 10 out of 13 transcripts of DDX42 have decreased expression in DDX42
KD samples (Fig4.3B). The control samples and DDX42 KD samples have similar
numbers of annotated and unannotated splicing junctions (Fig4.3C). All the samples
also have similar numbers of alternative splicing events (Fig4.4D).
I found over 24,000 alternative 3'SS (A3) events from control and knockdown
samples. Over 80% of the involved 3'SS have U2AF affinity less than 0.1 (Fig4.3E,
Fig4.3F). Thus, we investigated the effect of U2AF upon 3'SS selection among low-
affinity sites by calculating the relationship between the percent spliced-in (PSI) of
the alternative exon and the U2AF affinity ratio between 3'SS. We binned the natural
log of the affinity ratios to explore the relationship between the affinity ratios and the
3'SS selections (Fig4.3G). The linear relationship between the median of the binned
values and the PSI of alternative exon sequences follows a sigmoid-like function
where the PSI of the alternative exon sequences increases as the ratio between
upstream and downstream 3'SS grows. This observation suggests that though most
3'SS are weak U2AF binding sites, the 3'SS usage is biased towards the stronger
U2AF binding sites. Studies also revealed that the inclusion of exons from potential
skipped exon (SE) events is affected by the competition between two 3'SS (Shao et
al., 2014). I removed SEs where the alternative exons can provide potential recursive

splicing sites to avoid interference of inaccurate PSI calculations by incomplete
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multistep splicing. SE also shows a sigmoid-like relationship between the U2AF
affinity ratios and the inclusion rate of the alternative exon (Fig4.3H-4.3J). Though
there are unique 3'SS that were only used by control or knockdown samples, both
sample types show the same relationship between splice site selection and U2AF
affinity ratio.

To evaluate if DDX42 knockdown affected the biological functions, I performed
Gene Ontology (GO) enrichment analysis using differentially expressed genes
(Thomas et al., 2022). The top molecular function GO of the genes that are highly
expressed in control samples are polyU binding and polypyrimidine tract binding,
which is consistent with the U2AF functions, indicating that DDX42 may regulate
U2AF binding activities indirectly. I also observed that genes that are relatively
highly expressed in DDX42 KD samples are involved in positive regulations of RNA

bindings (Fig4.3K).
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Figure 4.3 Differential splicing and gene expression analysis of DDX42 KD samples. (A) Diagram of the pipeline of
the RNA-Seq analysis. (B) The scatterplot of the log fold change of transcript per million reads (TPM) and the
average TPM in control samples of DDX42 isoforms. (C) The count plots of annotated and unannotated splicing
junctions in the samples. (D) The count plot of different types of alternative splicing events in the samples from
alternative 3’SS events. (E) Diagram of 3’SS selection in alternative 3’SS events. (F) The scatterplot of the
upstream and downstream 3’SS U2AF affinities in all AS3. (G) The scatterplot of the log ratio of alternative 3’SS
and the alternative exon sequence percent spliced in (PSl) values. The line plot represents the median values from
binned data. (H) Diagram of the 3’SS selection in skipped exon events. (I) The scatterplot of the upstream and
downstream 3’SS U2AF affinities in all SE. (J) The scatterplot of the log ratio of two 3’SS and the PSI of alternative
exons from skipped exon events. (K) Gene Ontology enrichment analysis using genes that are up- and down-
regulated in DDX42 KD samples. Only the top 10 GO were shown.
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Discussion

By establishing the binding modes of U2AF, I observed that the in vitro U2AF-RNA
binding activities are concentration-dependent and primarily determined by U2AF2.
The binding modes of U2AF allowed me to measure the U2AF relative binding
affinities of annotated canonical 3'SS and 3'SS involved in alternative splicing events.
The relatively higher affinities in downstream 3'SS in the skipped exon events are
consistent with previous studies that the 3'SS of alternative exons are weaker than

those of the flanking exons, confirming that the binding model I used reflects the

U2AF functions (Shao et al., 2014; Wu & Fu, 2015).

U2AF specifically binds to coding regions of mitochondria-associated mRNA

sequences with low U2AF affinity but high EIF3D affinity sites.
The PAR-CLIP cluster analysis posits that U2AF binds to distinct sites on mRNAs
and is enriched in CDS regions, even though the targets in CDS have the lowest
U2AF binding affinities among different annotated regions (Fig4.2H). However, the
CDS targets have the highest EIF3D affinity values among the regions, including
CDS, UTRs, and introns. The IP-MS implies that EIF3 is one of the vital interaction
partners of U2AF. Studies have shown that EIF3 subunit knockdown affects
mitochondrial functions, which was also observed in samples with U2AF S34F
mutations (Lin et al., 2020). Through RBP in vitro binding modeling, we confirmed
that EIF3D and U2AF have distinct binding models. Thus, it is possible that the
mechanisms of U2AF binding at the CDS involve U2AF-EIF3 interactions at non-

U2AF primary binding sites.
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3’ splice site selection is biased towards more robust U2AF binding sites.
The calculation of alternative 3'SS U2AF binding affinities showed that the
alternative exon inclusion rate relates to the ratio between two potential 3'SS,
showing that the 3'SS usage is biased towards the stronger U2AF binding sites. On
the other hand, the horizontal asymptote phases of the sigmoid-like relationship
suggest that changes in the binding affinity ratios do not always affect the splice site
selection as much as expected. Splicing site choice is affected by the abundance of
various splicing factors and their interactions. Thus, the insensitivity of 3'SS selection
to U2AF affinity changes may be the consequence of regulation by other factors.
Further efforts are needed to complete the 3'SS selection model.
DDX42 can regulate splicing site selection in various ways. Previous studies found
that the interactions between DDX42 and SF3B1 regulate alternative splicing site
selections, and mutations disrupting the interactions are associated with altered
splicing site usage and cancers (Yang et al., 2023; Zhao et al., 2022). Here I present
that DDX42 may indirectly regulate splicing by promoting the expression of genes
that recognize the pyrimidine tract. I observed that genes that are not U2AF but
down-regulated in DDX42 KD samples have molecular functions involving polyU
and polypyrimidine tract binding. Further analysis is required to evaluate the effect of

those genes on RNA splicing.

Limitations of the study

Evaluating the RBP-sequence binding activities by the models calculated with RBNS
data has a few limitations. First, I could not find a U2AF binding mode with both

pyrimidine tract and AG features. Though the AG-independent splicing manner has
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been observed under strong pyrimidine signals, studies also found that U2AF1 can
affect the usage of 3'SS (Shao et al., 2014). Thus, the AG-independent primary
binding mode of U2AF can not reflect all the features of U2AF binding activities.
Second, the only EIF3 RBNS result I could find from the public database was the
EIF3D sequencing data, which is only one of 13 components of the EIF3 complex.
Further experiments are required to confirm the major components and their binding
preferences in the interactions with U2AF.

Third, in the DDX42 knockdown RNA-Seq analysis, the changes of 3'SS selection
between control and experimental samples are very subtle. Further efforts are

required to confirm the significance of the observations.

Methods

U2AF and EIF3D binding mode identification and relative affinity calculations
The binding models were generated using proBound online application (Rube et al.,
2022). The data used for modeling includes U2AF RBNS sequencing data by Dr.
Donovan at Larson lab and EIF3D RBNS sequencing data from ENCODE (The
ENCODE Project Consortium, 2012). I randomly selected 50,000 reads from each
sample using seqtk (https://github.com/lh3/seqtk).
The relative binding affinity of each sequence I calculated using proBound software
based on the calculated binding models. For canonical and alternative 3'SS sequences,
I used 30bp sequences from upstream 32bp to 2bp of annotated 3'SS. For PAR-CLIP
target sequences, because comparing affinity values of sequences of different sizes is

not ideal, I scanned all the 12-mer of target sequences and selected the highest values.
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RNA-Seq analysis pipeline
To remove rRNAs from sequencing reads, I aligned the fastq files against rRNA
reference sequences by Bowtie2 (Langmead & Salzberg, 2012). New fastq files were
generated by samtools without rRNA reads (Li et al., 2009). The RNA-Seq samples
were added spike-in sequences for quantification calibration (Jiang et al., 2011). I
aligned the fastq files against the reference spike-in sequences by Bowtie2 and
calculated the normalized read counts. New fastq files were generated by samtools
without spike-in reads. I then aligned the new fastq files against hg38 transcriptome
by STAR to evaluate the splicing junctions (Dobin et al., 2013).
Transcriptome quantification was carried out by Salmon, which provided the input
data for differential splicing by SUPPA2 and differential expression by DESeq2
(Love et al., 2014; Trincado et al., 2018). At the end, I performed Gene Ontology

enrichment analysis using the GO consortium (Thomas et al., 2022).
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Chapter 5: Conclusions and Future Directions

Conclusions

Signals in nucleotide sequences serve as recognition sites for RNA-binding proteins,
promoting context-dependent control of gene expression. Interruptions in signal
recognition alter the fate of gene expression products, causing dysregulation and
disease. Accurate signal recognition can contribute to sequence function prediction,
which will assist in understanding biological processes, disease development, and
potential drug target identification. In this dissertation, I presented three research
chapters about developing applications of mixture models to identify sequence
functional motifs, investigating cis-acting and trans-acting factors that can regulate

recursive splicing site usage in nascent RNAs, and modeling U2AF binding activities.

Mixture models can identify functional sequence motifs.
In Chapter 2, I presented the applications of mixture models in solving sequence
feature identification problems under three different conditions. I confirmed that LDA
has the potential to identify functional motifs, such as the polypyrimidine tract and
the branch point. Also, LDA can recognize subtypes of sequences, such as long and
short introns, and reading frames and species of coding sequences. The observations
suggest that LDA can find motifs that only a subset of sequences possess and may be

applied to sequence function annotations.
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Non-coding sequences from the human genome have coding signals.
I identified non-coding sequences with CDS reading frame features by evaluating
sequence features from 5' UTRs and long non-coding RNAs with the coding
sequence model. This finding suggests that LDA has the potential for gene

annotation.

Recursive splicing is associated with the sequence features and methylation

status of the upstream exons.
In Chapter 3, I described the identification of sequence features associated with
recursive splicing events. Compared with exons upstream of regular introns, the exon
sequences upstream of introns containing recursive splicing sites are enriched in CG-
nucleotides withing specific contexts. Analyzing whole-genome bisufite sequencing
profiles from public databases revealed that RS-related upstream exons are less
methylated. There are two potantial explanations that require further investigations:
(1) DNA methylation rate alters the downstream splicing site strength, and (2) the
CG-rich feature recruits some RBPs and prevents the formation of EJC, and the low

methylation protects the feature from mutations.

Recursive 3’ splice sites provide stronger U2AF binding sites.
I made a primary U2AF binding model using RBNS RNA-Seq and proBound. By
calculating sequence U2AF binding affinities, I found that in the introns with
recursive 3'SS, the recursive sites can bind U2AF tighter than the downstream
canonical sites. Thus, during co-transcriptional splicing, the recursive 3'SS can

provide a qualified splicing site before the canonical 3'SS is made.
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The 3’ splice site selection between alternative sites is biased towards stronger
U2AF binding sites.
I calculated 3'SS selections from both AS3 and SE events in RNA-Seq differential
splicing results. The relationship between the log ratio of 3'SS pairs and the PSI
values of alternative exons follows a sigmoid-like function, where the 3'SS selection
is biased towards splicing sites of higher binding affinities. However, the mechanism
of the horizontal asymptote phases of the relationship where the difference between

splicing sites does not affect the 3'SS selection remains to be investigated.

Future Directions

To apply LDA to more alternative splicing events and sequences flanking
cryptic splicing sites
Splicing site selection is affected by the coordination of various splicing factors,
which requires different RBP binding site signals. I will apply mixture models to
different subtypes of intron and exon sequences based on annotated AS events and

differential splicing changes upon mutations to identify unknown sequence subtypes.

To evaluate the effect of upstream exon features and effect of RBPs on recursive
splicing regulation
My calculations show that the upstream exons with CG-rich features are more likely
to have RS events in the downstream introns. Dr. Donovan will conduct experiments

to evaluate the effect of RS site usage by the upstream exon sequences.
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I also generated a list of RBPs that may regulate RS. Dr. Kim will investigate the

changes of RS upon RBP knockdowns.

To investigate the 3’ splice site selection changes due to DDX42 knockdown
Though significant changes in differential splicing were not detected in the RNA-seq
between control and DDX42 knockdown samples, I did observe unique unannotated
splicing site usage in KD samples or control samples. I will analyze sequence
features, U2AF affinity values of the unique splicing sites, and sequences involved in
unique AS events. [ will also perform GO annotation of the unique transcripts in the

sequences.
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