Accurate annotation of non-coding RNAs in practical time

Zasha Weinberg

A dissertation submitted in partial fulfillment
of the requirements for the degree of

Doctor of Philosophy

University of Washington

2005

Program Authorized to Offer Degree: Computer Science and Engineering



UMI Number: 3183438

INFORMATION TO USERS

The quality of this reproduction is dependent upon the quality of the copy
submitted. Broken or indistinct print, colored or poor quality illustrations and
photographs, print bleed-through, substandard margins, and improper
alignment can adversely affect reproduction.

In the unlikely event that the author did not send a complete manuscript
and there are missing pages, these will be noted. Also, if unauthorized
copyright material had to be removed, a note will indicate the deletion.

®

UMI

UMI Microform 3183438
Copyright 2005 by ProQuest Information and Learning Company.

All rights reserved. This microform edition is protected against
unauthorized copying under Title 17, United States Code.

ProQuest Information and Learning Company
300 North Zeeb Road
P.O. Box 1346
Ann Arbor, MI 48106-1346



University of Washington
Graduate School

This is to certify that I have examined this copy of a doctoral dissertation by
Zasha Weinberg

and have found that it is complete and satisfactory in all respects,
and that any and all revisions required by the final
examining committee have been made.

Chair of the Supervisory Committee:

Wl Lo

Walter L. (

Reading Committee:

Wlle ¢, , -
ok *M‘“W&
4/%

James H. Thomas

Date: QMOVML 1Y /,/ 2005~




In presenting this dissertation in partial fulfillment of the requirements for the doctoral
degree at the University of Washington, I agree that the Library shall make its copies
freely available for inspection. I further agree that extensive copying of this dissertation is
allowable only for scholarly purposes, consistent with “fair use” as prescribed in the U.S.
Copyright Law. Requests for copying or reproduction of this dissertation may be referred to
Proquest Information and Learning, 300 North Zeeb Road, Ann Arbor, MI 48106-1346, to
whom the author has granted “the right to reproduce and sell (a) copies of the manuscript

in microform and/or (b) printed copies of the manuscript made from microform.”

Signature %/
Date A—U\ 9 ( {{ ‘0




University of Washington
Abstract
Accurate annotation of non-coding RNAs in practical time
Zasha Weinberg

Chair of the Supervisory Committee:
Professor Walter L. Ruzzo
Computer Science and Engineering

Several times each year, one thousand computers at the Sanger Institute in England spend
two weeks updating the Rfam Database.

This intensive effort is needed to support recent surprising discoveries showing that RNAs
are much more powerful and biologically significant than previously realized, discoveries that
upset decades of assumptions in molecular biology.

The Rfam Database is a collection of functional RNAs not coding for proteins, the so-
called non-coding RNAs (ncRNAs). The Rfam Database groups ncRNAs into evolutionarily
related families, and searches 8 billion nucleotides of genome sequences for new ncRNAs that
are members of these families.

This search is done with a Covariance Model (CM), a statistical model based on proba-
bilistic context-free grammars. Although CMs have excellent accuracy, they are infeasibly
slow: a pure CM-based implementation of the Rfam Database would require 10,000 CPU
years. So, Rfam uses an ad hoc heuristic (based on BLAST, a popular program not special-
ized for RNAs) to reduce this time to 2,000 CPU weeks—at an unknown cost to sensitivity.

This dissertation work significantly improves on CMs by designing CM-based algorithms
that are roughly one hundred times faster, yet preserve all or most of the CM’s sensitivity.
All of these algorithms filter sequences, eliminating unpromising sub-sequences, and running

the slow CM only on the most promising sub-sequences.



One class of filter, the rigorous filter, guarantees that it will never eliminate sub-
sequences that the CM would recognize as an ncRNA. In other words, the use of a rigorous
filter cannot compromise sensitivity. Such a filter is unusual in computational biology, where
filters typically make no guarantees at all. Our basic rigorous filters use probabilistic regular
grammars, with linear inequalities on rule scores guaranteeing rigorousness. More powerful
classes of filter exploit limited secondary structure to gain discriminative power without
unduly compromising speed.

We further develop a class of heuristic filters that scan faster, at a modest cost to
sensitivity—a desirable trade-off in many contexts. This dissertation empirically measures
speed and sensitivity of heuristic filters on real biological data, providing an objective anal-
ysis of various filters’ actual performance.

These techniques allow Rfam Database searches in roughly the same time as the current
solution, but yield new ncRNAs missed by the ad hoc filters that were necessary for practical
CM searches until now. These techniques were applied in collaBoration with experimental
biologists. Among other contributions, these searches (1) led to the first discovery of a
naturally occurring RNA (a glycine-binding “riboswitch”) that uses cooperative binding, a
sophisticated biochemical mechanism previously known only in proteins, and (2) assisted in
finding 6S RNA in virtually all groups of bacteria, whereas 6S had been known only in the
~-proteobacteria group for roughly 30 years.
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GLOSSARY

Annotation: Genomes or sequence databases are said to be annotated with ncRNAs.
In the context of this dissertation this means that the nucleotide locations of ncRNAs
in the sequence database are determined, and it is specified to which ncRNA family

the annotated ncRNA is homologous.

Archaea: Archaea are single-celled life forms that lack a distinct nuclear compartment.
They are considered distinct from the bacteria, mainly based on their evolutionary

divergence, but in the context of this dissertation the distinction is not important.

Bacteria: Bacteria are single-celled life forms that lack a distinct nuclear compartment.

Base: In the context of this dissertation, roughly a synonym of “nucleotide”.

Base pair: See chapter 1.

BLAST: A computer algorithm and implementation [1]. Given as input a query DNA
sequence and database, BLAST will search the database for approximate matches to

the query. The algorithm is unaware of RNA secondary structure.

Bulge: An RNA secondary structure pattern. A bulge is one or more consecutive

single-stranded nucleotides connecting two helices. See chapter 1.

CFG: See “SCFG”.

cis: A cis element is a subsequence that is linearly close to another subsequence in the

same DNA molecule, where the association is functionally important. For example,

ix



a riboswitch needs to be a part of an mRNA to regulate that mRNA, so it is a cis

element.
Context-free grammar: See “SCFG”.
CM: abbreviation of “Covariance model” (q.v.).

Compensatory mutation: A compensatory mutation reverses the deleterious effect
of some previous mutation. For example, suppose some A-U base pair is vital to the
correct RNA secondary structure of some RNA. An A—C mutation would result in
a C-U base “pair”, which would compromise the stability of the desired secondary
structure. However, a subsequent U—G mutation would result in a C-G base pair,

compensating for the first mutation.

Complementary: Two RNA (or DNA) sequences are complementary if they can easily
bind each other. (Technically, they are “reverse complements”.) Usually this means

that when lined in, their nucleotides can base pair.

Conserved/conservation: See section 1.1.6.

Covariance model: A type of model that describes an ncRNA family, and is used to

find homologs. See chapter 2 and chapter 3.
DINA: See chapter 1.

Eubacteria: A synonym of bacteria. (The term “eubacteria” makes a clearer distinc-

tion that it is not archaeal, which are sometimes called archaebacteria).

Eukaryote: The eukaryotes are one of the three main domains of life (the others be-
ing archaea and bacteria). Eukaryotes include all plants and animals, thus I expect
that all readers of this dissertation are eukaryotes. Many single-celled organisms are

eukaryotes. Unlike archaea and bacteria, a eukaryote has a nucleus within its cell(s).



Family: In the context of this dissertation, an ncRNA family is a set of ncRNAs that
are evolutionarily related, i.e., homologous. In other words, they share the same
biological function (or at least a similar one), and are presumed to have evolved from

some single, original RNA sequence.

Filtering fraction: A metric for evaluating the selectivity of a sequence filter. Filtering
fraction is the amount of the database sequence left after filtering; the slower CM must
be run on this remaining sequence. Thus, a fraction of 0 implies the fastest possible
scans (since the CM is never run at all), but cannot hope to find any homologs (also
since the CM is never run). A filtering fraction of 1 is pointless; the scan is the same
as a raw scan, and somewhat slower since the filter consumes additional CPU time.
Filtering fraction is used in most technical chapters of this dissertation, and defined

in each one. The first introduction of the concept is in section 4.1.
Fraction: see “Filtering fraction”.

G+C content: The fraction of nucleotides that are either G or C, usually expressed

as a percentage.
Gene: See chapter 1.

Genome: The complete set of DNA sequences in an organism. For example, the human
genome consists of 25 non-redundant DNA molecules called chromosomes (22 non-sex
chromosomes, the X and Y chromosomes and the mitochondrial chromosome, often

itself called the mitochondrial genome).
Grammar: See “SCFG” and “HMM”. More information on formal grammars is in [27].

Gigabase: one billion nucleotides.
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Hit: In this dissertation, a “hit” is any subsequence that a CM predicts is an ncRNA

family member. Some hits are true homologs, while other hits are false positives.

HMM: Hidden Markov Model, a probabilistic model used for biological sequences.
HMMSs can be viewed as a kind of probabilistic finite automaton, and are equivalent

in power to probabilistic regular grammars.

Hairpin: RNA structure pattern that has a helix and a terminal loop. In this disserta-
tion, I use the most general definition of a hairpin, allowing it to include any internal
loops or bulges. Many authors restrict hairpins to only one helix with no internal
loops/bulges, but some usage allows many (e.g., pre-microRNAs are called hairpins).

See section 1.1.5.

Heuristic: A heuristic is an algorithm that attempts to perform well, but makes no
guarantees about its performance. Heuristic filters in this dissertation have sound

reasons suggesting that they will work well, but cannot guarantee sensitivity.
Hit: When a CM predicts an ncRNA homolog at some location, I call that a “hit”.

Homolog: Two RNAs are homologous if they are similar because they share a common
ancestry, e.g., an RNA present in humans and chimps that was originally in the

ancestral species of human and chimp. See chapter 1.

Indel: Short for “INsertion or DELetion”. In the context of this dissertation, an indel
in a homolog is a place where there is an extra or missing nucleotide relative to the

expected conserved nucleotide pattern defined by a Multiple Sequence Alignment.

Infernal: Infernal is a software package created by Sean Eddy that implements algo-

rithms to create CMs and scan genome sequences with them.
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Infinite-length forward algorithm: A method to train rigorous profile HMM filters.
See chapter 4.

Kilobase: One thousand nucleotides.

Local CM: A variant of the CM that allows large deletions or insertions at a fixed cost.
This can, for example, allow the discovery of ncRNAs with a large part missing, like
tRNAs missing one arm of their classic cloverleaf structure. Local CMs are related to

local alignments, e.g., in the Smith-Waterman algorithm. See chapter 3.

LOD score: A score derived from the Logarithm of the ODds of two competing prob-

abilistic models.
Megabase: One million nucleotides.
Millibase: One thousandth of a nucleotide. Just kidding.

ML-heuristic: A heuristic filter for CMs that is part of this dissertation work. See
chapter 7 and chapter 8.

mRNA: messenger RNA. See section 1.1.3.
MSA: See Multiple Sequence Alignment.

Multiple Sequence Alignment: Given the sequences of multiple RNAs (or DNAs or
proteins), a Multiple Sequence Alignment (MSA) indicates how nucleotide positions
relate to each other, by aligning related positions so that they fall into the same
column. For RNA, MSAs typically indicate which columns base pair with each other.
See Figure 1.2 for a tiny, hypothetical example. Chépter 10 includes some real MSAs.

Mutation: DNA nucleotides can mutate (i.e., change) usually due to environmental

factors like ultraviolet radiation and certain chemicals, or due to errors when DNA is
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copied in cell division. If mutated DNA is used to make RNAs or proteins, they may
also be mutated. Most mutations are bad, but some mutations are benign or even

beneficial.

ncRINA: Abbreviation of non-coding RNA. I define any RNA with a biological function
that does not involve coding for proteins to be an ncRNA. This definition includes
regulatory elements in mRNAs and independently transcribed ncRNA genes. See

chapter 1.
Non-coding RNA: See ncRNA.

Nucleotide: See chapter 1.

Phylogeny: Phylogeny refers to the evolutionary history of organisms or genome se-
quences (and the RNAs and proteins that the genome creates). Hence if organisms
are said to be “phylogenetically close”, those organisms are closely related and have
a relatively recent common ancestor. Humans and chimps are commonly considered

to be phylogenetically close.

Profile HMM: A profile HMM is a type of statistical model used for families of related

DNA or protein sequences [27]. Profile HMMs are used in this dissertation as filters.
See chapter 2.

Prokaryote: The prokaryotes include all archaea and bacteria.

Protein: See chapter 1.

Pseudoknot: An RNA molecule has a pseudoknot if has base pair interactions that
cross one another. In other words, if base pairs form between nucleotides ¢ and j, and
between & and [, with ¢ < £ < j and k < j < [. Pseudoknot structures cannot, in

general, be represented by context-free grammars.
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RaveNnA: RAVENNA [129] is a software package that I created that implements the
algorithms described herein. Ravenna is a also neighborhood of Seattle in which I

lived while at the University of Washington.

Regular grammar: A type of formal grammar. Probabilistic versions of regular gram-

mars are equivalent in power to HMMs. More information on formal grammars is in

27].

Rfam Database: A database of ncRNA families [48]. The current release (March 2005)
has 503 families. Each family is based on a hand-curated multiple alignment that is

used to create a CM. The CM is then used to search for additional family members.

RFAMSEQ: A genome sequence database that is a subset of the EMBL nucleotide
database [118]. The Rfam Database (q.v.) uses its CMs to annotate known ncRNAs
within RFAMSEQ. As of 2005, RFAMSEQ is roughly 8 Gigabases.

Rigorous: In the context of this dissertation, a “rigorous filter” is one guaranteeing
that it never eliminates any homolog that the CM would recognize. A “rigorous scan”

is a scan of a genome database using a rigorous filter.

Riboswitch: A riboswitch is a regulatory RNA. In particular, it is a part of an mRNA
that directly regulates its own activity in response to the presence or absence to a

specific small molecule (e.g., vitamin Bjs molecules).
RNA: See chapter 1.
ROC-like curve: See section 7.1.1.

RSEARCH: A computer program. Given a single query RNA sequence, RSEARCH

will find approximate matches in the database, and uses CMs to do this. [61].
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rRNA: Ribosomal RNA, a class of RNA. See [46].

SCFG: Stochastic context-free grammar, a model used for RNAs that is based on
probabilistic formal grammars. See section 1.2 for more details on SCFGs in general,

or chapter 3 for how SCFGs are used for covariance models.

Secondary structure: In this dissertation, secondary structure refers to the set of
base pairs formed among nucleotides in one RNA molecule. The techniques in this
dissertation disallow pseudoknots, structures with crossing interactions that cannot

be modeled in context-free grammars.

Sensitivity: In the context of ncRNA homology search, sensitivity answers the ques-
tion: of the true homologs in the sequence database, what fraction can the search
discover? More formally, given a prediction algorithm, sensitivity is TP/(TP+FN),
where TP is the number of True Positives (positive predictions that the algorithm
makes that are correct) and FN is the number of False Negatives (negative predic-

tions where the correct answer was positive).

Sequence: Used in two contexts: (1) a linear sequence of DNA or RNA nucleotides, (2)
information within such sequences that do not reflect the distant correlations between

base pairs induced by conserved secondary structure. See chapter 1.
Single-stranded: RNA nucleotides that are not involved in base pairs. See chapter 1.

Specificity: In the context of ncRNA homology searches, specificity answers the ques-
‘tion: how many false positives will the search find relative to the sequence database
size? More formally, given a prediction algorithm, FN/(FN+FP) where FN is the
number of False Negatives (negative predictions where the correct answer was posi-
tive) and FP is the number of False Positives (positive predictions where the correct
answer was negative). If we define specificity on a nucleotide level, then 1 minus

specificity is the number of false positives per nucleotide unit.
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Statistical profile: Statistical profiles are a class of techniques to find homologs of
families. In the context of ncRNA families, statistic profiles are covariance models
and ERPIN. For proteins and DNA sequences, profile HMMs are the most common

statistic profile technique.
Stochastic Context-Free Grammar: see SCFG.
Structure: In the context of this dissertation, refers to secondary structure.
tRINA: tRNA (transfer RNA) is one type of ncRNA [46].

tRNAscan-SE: tRNAscan-SE is a program to annotate tRNAs, i.e., discover them in
sequence databases or genomes [82]. This program is highly successful in the sense
that it has been shown to have superior sensitivity and specificity, and in that it is
used in virtually all genome projects. tRNAscan-SE uses CMs. As heuristic filters, it

leverages two previously made tRNA detection programs.

Window length: In the standard covariance model framework, a parameter must be
set by the user defining the maximum length (in nucleotides) that a member of a
particular family can be. This parameter is the window length. The window length is

a factor in the run time complexity of CM scans.
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Chapter 1

BACKGROUND IN COMPUTATIONAL BIOLOGY

This chapter gives background for two audiences:

¢ Biology for computer scientists who are unfamiliar with genetics.

o Context-free grammars for non-computer scientists.

1.1 Biology for computer scientists

1.1.1 DNA and its sequence

Genetic information is stored in DNA molecules. A reasonable abstraction is that DNA is a
very long chain of small units called nucleotides or bases. There are four types of nucleotides
in DNA, which are abbreviated A, C, G and T. A DNA sequence specifies the sequence of
nucleotides used in a DNA molecule, i.e., it is a string over the alphabet {A,C,G,T}.

1.1.2 RNA

RNA molecules resemble DNA. For this dissertation, the major difference is that instead of

DNA'’s T nucleotide, RNA uses U; thus, RNA is a string over {A,C,G,U}.

1.1.8 Genes are subsequences; they make proteins via an intermediary RNA

Some subsequences within DNA sequences are called genes, and have important functions.
For the most part, the function of a gene is to create a protein molecule. Proteins are
complex molecules that carry out many tasks of importance to the cell, e.g., letting specific

nutrients into the cell or catalyzing some chemical reaction that is part of metabolism.



The first step in creating a gene’s protein is to copy the DNA sequence of the gene into
an RNA molecule. The RNA’s sequence is identical to the DNA sequence except that each
nucleotide T is replaced by U.

The next step is to use this RNA molecule as a template from which to create the
protein molecule. This process is unimportant for my dissertation. (I have also not described
exceptions and complications to the above process, but this simplified version is sufficient for
the dissertation.) The RNA molecules that are used to create proteins are called messenger

RNAs, or mRNAs.

1.1.4 RNAs can play important roles

This dissertation is about RNAs that are more powerful than being mere passive messages.

These come in two types:

1. cis-regulatory RNAs. Regulatory RNAs are a part of the mRNA that can regulate
how or when the mRNA is used.

2. non-coding RNA genes (ncRNA genes). Most genes encode proteins, but not all. Like
protein-coding genes, ncRNA genes are also copied into RNA molecules. However,
the RNA molecule is not a messenger used to create a protein; rather, it has its own

function. ncRNAs do many of the types of tasks that proteins do.

1.1.5 RNA secondary structure

The need to account for RNA secondary structure is a property that makes computational
work with RNA challenging. RNA sequences often contain insufficient information to search
- for evolutionarily related sequences, in part because RNAs are typically short and over an
alphabet with only four letters. Meanwhile much (often more) information is contained in
the structure.

As we will see later in this dissertation, RNA secondary structure can be modeled by
context-free grammars. Modeling RNA secondary structure is hard because the usual tech-
niques (e.g., regular grammars) are inadequate, yet with large sequence databases, more

sophisticated techniques (e.g., context-free grammars) are expensive.



Figure 1.1: Example of RNA molecule secondary structure. The short, thick, solid lines rep-
resent hydrogen bonds joining base pairs. The dotted line connects consecutive nucleotides
in the linear RNA molecule.

The hypothetical RNA molecule shown has 3 helices, where each heliz is a run of consecutive
base pairs. The upper two helices are separated by two single-stranded C’s; this is referred
to as a bulge. Some helices enclose a loop, a single stranded region.

A run of helices (possibly with bulges, as here) and one terminal loop is called a hairpin.
In this dissertation, I use the most general definition of a hairpin, allowing it to include any
internal loops or bulges. (Internal loops are not shown in the example, but are essentially
facing bulges on both sides of a helix.) Many authors restrict hairpins to only one helix
with no internal loops/bulges, but some authors allow many (e.g., pre-microRNAs are called
hairpins).

Some RNAs, like this one, have multiple hairpins; the two hairpins have independent helices.
The helix shown here has no mismatches (although one G-U pairing), but these exist. The
upper two helices are separated by a bulge (the nucleotides CC). In some contexts, it is
considered one helix with a bulge in it, instead of two separate helices.



When RNA is created from a gene, it is single stranded. However, nucleotides within
the RNA molecule can form base pairs with other nucleotides within the same molecule,
causing the RNA to fold upon itself. Within an RNA molecule, its A and U nucleotides can
form stable Watson-Crick base pairs, as can C and G. “Non-canonical” base pairs are also
possible, mainly G and U.

For the purposes of this dissertation, the set of these base pairs is called the secondary
structure. Figure 1.1 shows an example secondary structure, as well as giving examples of
some patterns created by base-pairing: heliz, loop and hairpin. Note that single-stranded
regions involve nucleotides that do not base pair.

A hairpin is a structure containing at least one helix and one terminal loop. In this
dissertation, I define hairpins to allow bulges and internal loops, as described in the figure.
More formally, suppose we sort the base pairs in a structure by pairing distance, starting
at base pairs farthest apart. In a hairpin, each base pair is contained within the previous
base pair. (E.g., pairing of nucleotide positions 10 and 20 is contained within a pairing of

5 and 25.)

1.1.6 Analyzing DNA and RNA: Conservation and Homology

Homology. Two biological sequences are homologous if they are similar because they de-
rived from a common ancestor. (A way of assessing similarity is explained shortly. The
threshold for being “similar enough” depends on the application.) Homologous genes typi-
cally have the same or a related function, i.e., if one gene does X, its homologs are likely to
do that too.

In general, when two sequences are significantly similar, it is customary to infer that
they are homologous. The assumption is that it is unlikely that the similarity arose by
chance (i.e., random, unselected mutations), but rather arose because they share avcommon

ancestor. Edit distance (like in the UNIX ‘diff’ program) is often used to assess similarity.

Conservation. In the process of evolution, DNA sequences will mutate. However, DNA
sequences that lead to unfit (or less fit) organisms will generally not survive. If we look at

DNA sequences of two related species (say human and mouse), some regions will be highly
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Figure 1.2: RNA multiple alignment. (A) A multiple alignment of three hypothetical RNA
sequences, from three hypothetical species. Dashes (-) indicate spacers, to allow related
nucleotides to line up. (B) Indication of the conserved RNA secondary structure. Thick
lines are conserved base-pairs. Numbers refer to alignment positions; positions 1 and 3 are
base paired, so appear twice.

Note that this hypothetical example is unrealistically small. For example, functional RNAs
are usually at least 20 nucleotides long, and contain at least two nucleotides in loops (position
4 in this diagram).

similar, while others will be less similar. The most likely explanation is that the highly
similar regions are so similar because changes compromise their correct functioning. (Other
explanations are possible; this is just the most common.) For example, some changes to a
gene may abolish its ability to code for a protein; if the gene is critical, we would not expept

to see this change in extant species.

Highly similar sequences between mouse and human are said to be conserved. Conser-
vation may also happen at the level of RNA secondary structure. If it is important for
an RNA to have a particular secondary structure, then we would expect that structure to
be conserved. Note that this can allow changes in sequences. For example, the sequence
AAAACCCCUUUU may form a simple hairpin with the AAAA and UUUU base pairing to
form a helix, while CCCC is a single-stranded loop. The sequences UUUUCCCCAAAA or
GGGGAAAACCCC or even GCGCAAAAGCGC may have the same secondary structure,

even though their sequences are different.

A multiple sequence alignment (MSA) lines up conserved nucleotides in multiple RNA
sequences. For RNAs, MSAs usually indicate the conserved secondary structure. See Fig-

ure 1.2 for an example.



1.1.7 BLAST and the Smith- Waterman algorithm

The Smith-Waterman algorithm [115] uses a variant of edit distance, usually with biologi-
cally derived scores for the edit operations. To compare the similarity of sequences of length
m and n, it uses time O(mn). Since biological sequences are often very large and numerous,
this is often too slow.

The BLAST [1] algorithm uses heuristics to improve the performance. Primarily, it first
looks for a substring of 11 nucleotides that is exactly contained in both the query and the
database sequence. (The length parameter does not have to be 11, but can be adjusted.)
When it finds this, it tries to extend the match using a variant of the Smith-Waterman
algorithm. The speed of BLAST comes at a sometimes unfortunate cost in sensitivity,

because exact matches (e.g., of 11 nucleotides) are a strict requirement in many contexts.

1.1.8 Summary

DNAs are long strings over {A,C,G,T}. Parts of DNAs are called genes. Genes are copied
into an mRNA, which is then usually made into a protein. ncRNAs are: (1) mRNAs that
do more than just carry protein-coding instructions or, (2) RNAs that are not mRNAs at
all, but have non-coding functions.

Computational analysis of RNAs is complicated by RNA secondary structure, which is
the set of base pairs formed within the molecule. RNA sequences typically contain much
information in their structure, so sequence-only methods are at a significant disadvantage.
Modeling secondary structure is hard because faster techniques like those based on regular
grammars are not applicable.

Two RNAs are homologous if they share a common ancestor. Homologous RNAs tend
to have the same function and similar properties. The Smith-Waterman algorithm detects
homology using a biological version of edit distance. BLAST is a faster version that matches
short, exact subsequences before trying to use a slower Smith-Waterman-like algorithm.
Both tools may fail on RNAs because they do not account for RNA secondary structure.

Different parts of an RNA may be more or less tightly conserved, in both sequence

and secondary structure. More conserved aspects are generally more biologically crucial to



correct RNA function.

1.2 Stochastic Context-Free Grammars (SCFGs) for non-computer scientists

Context-free grammars (and other formal grammars) were designed in the context of lin-
guistics to try to mathematically model natural languages (e.g., English) [20]. Context-free
grammars are now routinely used to define computer programming languages. Their prob-
abilistic version, Stochastic Context-Free Grammar (SCFG), has proven useful primarily
in Natural Language Processing (having computers understand audio speech and text in

natural languages) and in modeling RNA sequence and secondary structure.

Context-Free Grammars (CFGs). A context-free grammar (CFG) is a mathematical
formalism that can decompose RNA molecules into simple components, analogously to how
English grammar can decompose English sentences into words, phrases and parts of speech.
In the following, I ignore the full generality of CFGs (and synonyms of the various terms),

to focus only on RNA. For RNAs, a CFG consists of:

e The four nucleotides {A,C,G,U}.

e States, which represent high-order constructs such as a hairpin or a whole RNA
molecule. (In the context of a language such as English, the states would represent

subject, predicate, phrases, the whole sentence, etc.)

e Rules. The rules of a grammar control how nucleotides and states are put together

into an RNA molecule.

e Start state. The start state is a special state that represents the whole RNA molecule.
By applying rules in various orders, beginning at the start state, a large set of RNA

molecules can be created.

The process of transforming the start state into an RNA molecule using the rules is called

a parse.



Context-Free Grammars can model RN A secondary structure. The types of rules
allowed in context-free grammars are powerful enough to express the secondary structure
of RNA.1 The following unrealistically simple grammar represents a helix that is composed
only of the Watson-Crick pairs A-U and C-G, with a loop containing only the nucleotide A.
Following convention, capital letters are used for states, and lower case letters are used for
the nucleotides. The start symbol is S, and states are S (start state), H (helix) and L (loop).
The rules are as follows, where “S — H” means that state “S” can be replaced by “H”; by

choosing the right replacements (i.e., rules), we can build a given RNA step-by-step.

S — H start at helix

H — L helix can stop, going to the loop
H — aHu base pair in the helix

H — uHa other type of base pair

H — cHg other type of base pair

H — gHc other type of base pair

L — aL only A’s can occur in the loop

L — a loop can stop

Here is an example parse: S - H — aHu — aaHuu — aacHguu — aacLguu —
aacaLguu — aacaaLguu — aacaaaguu. This creates the RNA molecule AACAAAGUU,
with the outer AAC and GUU base paired.

CFGs representing more sophisticated secondary structures are also possible.

Stochastic Context-Free Grammars for RN A secondary structure. We have just
considered a toy context-free grammar, for a very restricted set of RNAs. But perhaps
some of the base-pairs are more common than others, e.g., C-G base pairs are somewhat

more stable than A-U base pairs. In other words, any base pairs are possible in the helix

! There are cases called pseudoknots that cannot be represented by CFGs. Although it would be advanta-
geous to model pseudoknots, this limitations of CFGs does not seem to be severe [33], and more powerful
algorithms that include pseudoknots would likely be much slower.



of our stem loop, but some base pairs are more likely than others. We can express this
by attaching probabilities to the grammar’s rules. The result is a Stochastic Context-Free
Grammar (SCFG) [27].

For example, the following grammar says that helices have 75% C-G pairs on average.
(“75%” is arbitrary, not based on any biology.) The grammar also says that helices have a
20% probability of stopping at each nucleotide, and loops have a 25% probability of ending
after each A (also arbitrary probabilities).

S—H p=1
H—-L p=02

H — aHu p=0.1
H — yHa p=0.1
H - cHg p=0.3
H —gHc p=0.3
L —aLl p=0.75
L—a p=0.25

This grammar could produce the string acagu like this: S — H — aHu — acHgu —
acLgu — acagu. To calculate a parse’s probability, we multiply the probabilities of the rules
used in the parse. Thus, the probability of the preceding parse is 1 x 0.1 x 0.3 x 0.2 x0.25 =
0.0015.

The way that SCFGs define probabilities limits the probability distributions that can
be represented easily, especially distributions over the lengths of loops. Unfortunately,
more sophisticated distributions would lead to slower algorithms. Many successful tools in
computational biology share this limitation, e.g., BLAST, Smith-Waterman, profile HMMs.

SCFGs define many algorithms that are useful for RNA analysis. The relevant algorithms
will be described in the technical chapters of this dissertation. However, the most commonly
used ones are in homology search (what is the likelihood that a given sequence is a homolog

of a known RNA or RNA family?) and secondary structure prediction (given an RNA
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sequence, what is its most likely secondary structure?).
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Chapter 2

INTRODUCTION

Non-coding RNAs (ncRNAs) are functional RNA molecules that do not code for pro-
teins. ncRNAs have been known for decades, e.g., tRNAs and spliceosomal RNAs, but were
generally regarded as isolated examples. However, the last several years has seen a dramatic
explosion of discoveries of new ncRNAs and novel functions [119, 55, 30, 56, 72], showing
that RNAs do more than just carry protein-coding instructions.

For example, two of the most exciting classes of unexpected ncRNAs are microRNAs and
riboswitches, although a myriad of other novel ncRNAs have also been found. microRNAs,
found in most plants and animals, regulate the activity of other genes, shutting them down
at certain times [60, 45, 126, 80, 52]. microRNAs seem to play a role in development of
multicellular organisms. Current estimates have at least 800 microRNAs in humans alone
[10], making them almost 3% of the predicted 30,000 human genes.

Riboswitches are parts of mRNAs that bind a specific small molecule [135, 125, 134, 137,
86], e.g., vitamin B;9, and regulate the mRNA’s own activity based on the presence/absence
of the target molecule. For example, if an mRNA encodes proteins used to synthesize
vitamin Big, it is wasteful to make these proteins if vitamin Bjg is already available. A
vitamin Biy riboswitch disables creation of the protein when it detects vitamin Bjs. The
first riboswitch was found as recently as 2002 [134], perhaps because researchers expected
that only proteins would have such a role. Riboswitches are widespread among bacteria. A
riboswitch that binds thiamin pyrophosphate has also been found in certain plants, fungi
and archaea [120].

ncRNA discoveries show no obvious signs of slowing down, and corhputers can assist this
work, by automating key tasks that may be undesirable or even infeasible for a biologist
to do. This dissertation address