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Abstract of “ Structure, Variation, and Reproducibility: Bayesian inference in prob-
lems arising from the study of RNA and an RNA-binding protein ” by Lauren Alpert
Sugden, Ph.D., Brown University, May 2014

Far from being solely a passive messenger between DNA and protein, RNA is a com-
plex molecule involved in regulation at many levels. While the best-known RNAs,
messenger RNAs (mRNA), do exist to carry information, there is also a large popula-
tion of non-coding RNAs that can take on complicated structures that enable them
to perform functions throughout the cell. Even mRNAs are not static molecules,
however. Mechanisms for altering mRNA sequences result in transcripts that are no
longer faithful representations of the information in the genome. One such mech-
anism is RNA editing by ADAR, which binds double-stranded RNA and targets
a particular adenosine for conversion to inosine, which is recognized by the cell as
guanosine. A major consequence of editing is amino-acid recoding, resulting in pro-

tein diversification.

In this thesis, we look at three problems motivated by the study of RNA and
ADAR. First, we propose a method for assessing the reproducibility of genome-scale
studies that make a large number of predictions, using the prediction of ADAR
binding sites as a motivating example. We then address the problem of avoiding
false positives when identifying subtle signals such as ADAR modifications in high-
throughput sequencing data in the presence of genetic polymorphisms specific to
laboratory populations. Finally, we turn to structural prediction of RNA, inferring

the common structural and sequence characteristics of a set of related transcripts.
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CHAPTER Omne

Introduction

1.1 Regulatory roles of RNA

RNA, once thought to be primarily a passive messenger between the genes encoded
in our DNA and the proteins that determine our phenotype, is now understood to
be a complex class of molecules involved in the regulation of gene expression at
many levels. RNA is intimately involved in the determination of which versions of
which genes will be expressed in a given cell, and in what quantities. At times,
RNA molecules are the targets of this regulation, and at other times they are active

participants in the regulation of either themselves or other transcripts.

RNA molecules destined to become templates for protein synthesis, called mRNA,
can be modified in ways that alter the downstream protein sequences and increase

protein diversity. One major example of this is alternative splicing, a process by



which non-coding sequences are removed and coding sequences are joined together in
a combinatorial fashion [8]. Another mechanism, RNA editing, described in Section
1.3, alters targeted nucleotides. mRNAs can also contain functional RNA elements
within their own transcripts, including the group II catalytic intron [150], an RNA
element that catalyzes its own splicing, and the riboswitch [155], a structure located
in the untranslated region immediately upstream of some genes that, in the presence
of a ligand, can sequester the ribosome-binding site and prevent translation of the

mRNA into protein.

Non-coding RNAs (ncRNAs), those that do not become protein templates, are
less well understood than mRNAs, but fall into a number of classes and perform a
wide range of important functions. RNA splicing is carried out by the spliceosome, a
complex containing both proteins and small nuclear RNAs [122]. Ribosomal RNAs
and transfer RNAs play major roles in the translation of mRNAs into amino acid
sequences. Through the process of RNA interference [34], microRNAs and endoge-
nous small interfering RNAs (endo-siRNAs) can target mRNAs with complementary
sequences, causing them to be silenced either through destruction of the mRNA or
by the prevention of translation. In addition, endo-siRNAs help regulate the activity
of transposons, DNA elements that can “jump” throughout the genome and poten-
tially interrupt important genes [170]. The endo-siRNAs involved in this process
are themselves derived from members of the particular transposon family that they
regulate, and in addition to silencing RNA transcripts, they are also involved in tran-
scriptional silencing— preventing transcription through heterochromatic silencing of

genomic regions containing the transposons.

The ability of RNA to carry genetic information and engage in complex regu-
lation as well as enzymatic activity has led scientists to propose the “RNA world”

hypothesis, which gives us a possible glimpse into our past. The hypothesis holds



that the original building blocks of life as we know it were not the DNA, RNA, and
protein that we are made of today, but solely self-replicating RNAs that carried out
all necessary functions [120]. Some of these functions would have eventually been
taken over by DNA (for information storage) and proteins (for enzymatic activities),

but clearly remnants of the RNA world, if it existed, are still around today.

1.2 RNA secondary structure

The primary sequence of RNA is made up of adenine (A), cytosine (C), guanine
(G), and uracil (U) nucleotides in a single string. Each of these nucleotides has
binding preferences; As and Us form strong bonds, and Gs and Cs form bonds
that are even stronger. These are called canonical base pairs because they are the
base pairs found in the DNA double helix, substituting T (thymine) for U. Gs and
Us can form non-canonical, or “wobble” base pairs, which are less energetically
favorable than the canonical base pairs, but occur somewhat frequently in RNA
base-pairing interactions. These binding preferences lead the RNA to fold on itself,
creating what is referred to as its “secondary structure,” in which some bases are
involved in pairings and others are left single-stranded. The most common type
of sub-structure is called a stem-loop, formed from two complementary regions in
the RNA sequence, as illustrated in Figure 1.1. More complex structures can be
built up from stem loops, including the cloverleaf structure of tRNA shown in figure
1.2. The 3-dimensional shape that the RNA forms in the cell is called its tertiary
structure. While computational models, including the one described in this thesis,
can fairly successfully predict secondary structure, the prediction of tertiary structure

by computational means is still an extremely difficult problem [137].



Figure 1.1: A stem loop

Figure 1.2: Cloverleaf structure of tRNA



These structures may be local within longer, mostly unstructured transcripts, as
is the case for the riboswitch, or they can be global, as is the case for tRNAs and the
RNAs involved in splicing. For most of the ncRNAs mentioned above, their proper
function is dependent on their structure [177, 81, 148, 83]. Meanwhile, the role
structure plays in the case of miRNAs and endo-siRNAs is slightly different. In both
cases, the RNA molecules are cut by a protein called Dicer from precursor RNAs
that form perfect stems [49]. For endo-siRNAs targeting transposons, this precursor
molecule can be formed from two members of the target transposon family arranged
in opposite orientation, called “inverted repeats,” which from long double-stranded

regions upon transcription [116].

1.3 RNA editing with ADAR

Structure can also be extremely important for the recognition of targets by RNA-
binding proteins. One such protein is ADAR (adenosine deaminase acting on RNA),
which carries out the most common type of RNA editing mentioned above. ADAR
binds to double-stranded regions of RNA [71], targets adenosine (A) residues, cat-
alyzing their conversion to inosine (I) through hydrolytic deamination [5]. Inosine
is recognized by cellular machinery as guanosine, so editing essentially results in an
A—G substitution. In imperfect stems, ADAR can target specific As through a
combination of sequence and structural cues that are not completely understood,
although a G immediately upstream of the targeted A is known to be a deterrent to
ADAR binding [29] and it is thought that the location of bulges and internal loops
within the stem serve to guide ADAR to its targets [90, 138]. This type of ADAR
activity is referred to as “site-selective” editing. For these sites, the imperfect pair-

ing often occurs between the region surrounding the target adenosine and a typically



intronic downstream region called the editing-site complementary sequence (ECS).
In perfect double-stranded regions, ADAR can edit “promiscuously,” altering up to
50% of the adenosines in the stem [164]. Since I-U base pairs are less stable than
A-U or G-U pairs, promiscuous editing results in the disruption of the perfect stem

structure.

While some organisms have multiple ADAR proteins, Drosophila have only one,
called dADAR. One consequence of ADAR-mediated RNA editing is amino acid
recoding, which has been shown in Drosophila to affect proteins associated with
vesicular trafficking, ion homeostasis, signal transduction, ion channels, and the cy-
toskeleton [37, 167]. This recoding is also crucial for normal adult nervous system
function [84]. In addition, variability in RNA editing between flies has been suggested
as a mechanism for individual differences in behavior and neuronal physiology [62].
dADAR has even been shown to edit its own transcript, resulting in a recoding of
Serine to Glycine in a subset of transcripts, creating two ADAR isoforms [85]. The
consequences of this recoding were shown by Savva et al. [115] to alter editing in
a site-specific manner, and to influence the location of dADAR within the nucleus.
While the un-edited isoform was observed mainly in the nucleolus, the edited iso-
form localized to a nuclear punctus outside of the nucleolus. The consequence of this

localization is as of yet unknown.

Mutations in the human ADAR genes have been shown to cause Aicardi Gutieres
Syndrome [52], an autoimmune disorder that primarily affects the brain and skin,
Bilateral Striatus Necrosis [66], a movement disorder associated with brain abnor-
malities and developmental regression, and Dyschromatosis Symmetrica Hereditaria
[114], a pigmentation disorder. In addition, ADAR has been shown to be downreg-
ulated in motor neurons of ALS patients [108], and seizure activity has been shown

to correlate with the loss of editing of GluR-2, a neurotransmitter receptor [45]. Ab-



normal patterns of editing have also been demonstrated in Schizophrenia [106] and

Depression [58].

Amino-acid recoding is not the only function of ADAR. A fascinating aspect of
RNA editing is its interaction with the RNA interference pathway mentioned above,
by which endo-siRNAs derived from inverted members of a transposon family target
other members for silencing. This interaction arises because the double-stranded
RNA molecules from which Dicer cuts the endo-siRNAs are the perfect target for
promiscuous editing by ADAR. Since promiscuous editing disrupts the perfect double
stem recognized by Dicer, it also inhibits the production of endo-siRNAs [164]. This

interference has even been shown to have an effect on heterochromatic silencing [116].

1.4 Overview

In Chapter 2, we use a study of ADAR binding sites throughout the Drosophila
genome to motivate an investigation into the reproducibility of genome-scale studies
making thousands of predictions. We propose the use of a hierarchical model to
assess reproducibility, and describe a scheme for designing experiments that will yield
optimally reproducible results. In Chapter 3, we address the problem of identifying
targets of ADAR from high-throughput sequencing data in the presence of genetic
polymorphisms. We describe an expectation-maximization algorithm for inferring
polymorphic sites while simultaneously learning the error rates of the sequencing
technology and we extend this to the simultaneous inference of polymorphisms and
editing sites. In Chapter 4, we turn to structural prediction of RNA. We introduce
an algorithm, RNAG, that infers a common structure for multiple related sequences,

and we describe an extension to RNA motif finding.



CHAPTER Two

Assessing the Reproducibility of Validation Experiments in

Genome-scale Studies

2.1 Background and Motivation

2.1.1 The need for reproducibility

The need for validation and reproducibility in scientific research is clear. As a recent
New York Times article about the recent spotlight on scientific irreproducibility
put it, “If a result appears only under the full moon with Venus in retrograde, is
it truly an advance in human knowledge?” [129] With the discovery that results of
biological experiments have been shown to vary due to such seemingly benign factors
as laboratory conditions, reagent lots, cell generations, and individual experimenter

technique [89, 64, 102], this issue becomes all the more crucial.



For our purposes, we define validation and reproducibility broadly as follows:

Validation: Can the original investigator confirm his or her findings by an

independent method?

Reproducibility: Given the necessary materials and information, can an

independent investigator confirm the findings?

Criticism of many recent embarrassing incidents has brought a good deal of at-
tention to both of these issues with claims of insufficient validation of bold research
findings, or an inability to replicate such findings. In one study, a group of scientists
set out to reproduce the results of several pre-clinical studies in cancer research [6].
They selected 53 papers that were deemed to be particularly influential in the field,
and found that they were able to replicate only six, for an underwhelming success
rate of about 11%. This was the case even after the original investigators were in-
vited to provide their own reagents and even supervise the replicate experiments.
Many of these irreproducible results led to secondary publications and even clinical
trials, and in a disturbing trend, papers that could not be reproduced had a much

higher citation rate, especially when published in high-impact journals.

Genomics has had its fair share of recent embarrassment as well; one article
published in Science claimed to have found over 10,000 sites of RNA editing in human
B cells, spanning all 12 possible nucleotide changes [141]. Since only two major types
of RNA editing are currently known (A to I editing by ADAR, and C to U editing
by proteins called APOBECSs), other investigators were keen to dig deeper. Within
a year, three independent labs had found that the majority of those findings were
false positives, suggesting a combination of contributing factors including sequencing

error, genetic variation, and mapping issues [134, 158, 111].
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In another Science article looking at genomic imprinting, an epigenetic mecha-
nism for preferentially expressing either the maternal or paternal allele of a particular
gene, investigators claimed to have found the phenomenon at 1,300 loci [41]. This
came as a surprise to the community, since only ~100 imprinted sites had been seen
until that point. Two years later, an independent lab tried to replicate the results,

and found that they could only reproduce about 13% of them [17].

These two studies are part of a growing body of genomics literature that uses high-
throughput sequencing technologies to produce long lists of sites. Other examples of
such studies include the identification of 2,000 new gene promotors [99], thousands of
targets of six transcription factors involved in regulation of the anterior-posterior axis
in the embryo [182], 14,000 binding sites of proteins associated with insulators (DNA
sequences that block the spread of chromatin) [91], and 1,600 sites of polymerase II
stalling [68]. For the two genomics studies described above, the problem likely lies in a
combination of validation and reproducibility. In the first study, they drew a random
sample of 12 sites to validate with Sanger sequencing, but only 4 out of 12 were in
previously-unknown nucleotide change categories (i.e. not A to G or C to U). Of
these, three successfully validated. In the second study, the authors validate a “select
few,” but there is little additional information. In fact, it is alarmingly difficult to
find a genomics study in which a random sample is drawn, and an estimate of the
mean is given, along with confidence limits. And it is nearly impossible to find a

study that employs replicates for validation studies.

Of course, these incidents are not specific to genomics or cancer research. Similar
problems have arisen in genetics [72, 56|, neuroscience [73], pharmacology [159], pro-
teomics [36], and psychology [44, 181], and they crop up in widely-used technologies

such as microarrays [67], siRNA-based screens [92], and mass spectrometry [36].
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The response to all of these issues has been enormous. There have been many
subsequent reports on the prevalence of irreproducibility in research [1, 126, 159],
calls for transparency in publishing, including open-source code [128] and a publica-
tion platform for neutral studies [159], calls for increased statistical rigor, especially
in big-data settings [26, 173, 146, 28|, and editorials discussing the need for meth-
ods for assessing reproducibility [162, 27]. Scientific journals are taking note too;
in April of 2013, the editors of Nature announced new editorial measures including
more careful examination of statistical methods, encouraging the submission of raw
data, and abolishing space restrictions on methods sections [2]. In addition, they
now provide a checklist for authors that is designed to both increase transparency

and prompt a more rigorous thought process for future submissions.

In a large-scale effort to address these issues, an organization called the Repro-
ducibility Initiative was founded in 2013 with the express purpose of identifying and
rewarding reproducible research [4]. The organization matches voluntary submis-
sions with independent labs that attempt to reproduce the experiments, awarding
a badge of reproducibility if the attempt is successful. This is an extremely worth-
while effort, but there are a few downsides. Recreating experiments in a new lab
can be costly and time-intensive, but more importantly, the badge awarded provides
only a binary “yes” or “no” answer to the question of reproducibility. This can be
problematic, since in the presence of biological and sample preparation variability,
the correct answer may well be “sometimes.” Put another way, the scientific com-
munity needs methods for quantitatively assessing reproducibility. We provide such

a method through the use of biological and sample preparation replicates.
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2.1.2 Use of replicates

The use of replicates, whether technical, biological, or simulated, has been shown to
be useful in many contexts. McShane et al. [80] and Kerr and Churchill [132] simu-
late microarray replicates to determine the stability of clusters of genes that exhibit
similar expression patterns. In the search for differentially expressed genes, technical
replicates provide additional power for microarrays [157], and biological replicates
reduce false positives in conclusions drawn from serial analysis of gene expression
(SAGE) data [74, 97] and improve accuracy in calls made from RNAseq data [121].
Xia et al. [78] use replicate time series datasets to capture time-delayed associations
between microbes. Taking advantage of replicates on a larger scale, meta-analyses of
genome-wide association studies (GWAS) like those described in Zeggini and Toanni-
dis [183] combine datasets from multiple laboratories to gain enough power to detect
associations between particular genes and diseases such as type Il diabetes [48] and

Crohn’s disease [63].

In some cases, replicates have been incorporated into optimal study design. Many
articles have been written on the number of replicates required to detect a certain
fold-change in gene expression via microarray studies [9, 157, 171, 175]. For GWAS,
Moonesinghe et al. [95] find the required number of samples to replicate an asso-
ciation across studies with a certain level of between-study heterogeneity, and Pahl
et al. [156] propose multistage designs which, for a given budget, maximize the
power to find associations. Auer and Doerge [3] advocate careful design of RNA-seq
experiments, including sampling, randomization, replication, and blocking. To our
knowledge, no one in the biological community has used replicates to assess the re-
producibility of validation studies, or has proposed a method for optimal design of

such experiments with respect to reproducibility, as we do here.
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There has, however, been considerable work on assessing the reproducibility of
high-throughput experiments, especially in the context of ranked lists of putative
sites [10]. In this context, reproducibility is most closely related to precision (or
stability) in that the relevant issue is the similarity of two ranked lists generated
from biological replicates (or different high-throughput platforms, different ranking
algorithms, etc...). There are many different measures used to assess the similarity
of two or more ranked lists, from Spearman’s rank correlation [112, 77| to overlap
counts for the top k sites [87], to weighted overlap counts that emphasize correlation
between high ranking sites over low ranking sites [113]. Li et al. [142] improve on
these measures with a mixture model consisting of reproducible and irreproducible
sites, which assigns each signal a reproducibility index based on its consistency across
replicates, which approximates its probability of being reproducible. They define the
“irreproducible discovery rate” (IDR), an analog of the false discovery rate for mul-
tiple hypothesis testing [168], which determines the “expected rate of irreproducible
discoveries” for sites whose probability of being irreproducible is below some thresh-
old 7. Their methods provide a principled method for selecting sites for further
study and for evaluating ranking algorithms. Although here we also address the is-
sue of reproducibility, our focus is different. We are not concerned with the precision
of high-throughput technologies or ranking algorithms, but rather with the repro-
ducibility of independent validation experiments seeking to verify findings of such
high-throughput experiments. The validation experiments taken individually give
us information about the accuracy of the findings, whereas our model of biological
replicates allows us to assess the reproducibility of the given validation scheme in

the face of biological and sample preparation variation.
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2.1.3 Search for and validation of ADAR editing sites

The model described in this chapter was published in Bioinformatics in 2013 [75],
concurrent with the publication of a companion study by our collaborators that
sought to identify the targets of the ADAR protein on a genome-wide scale[51].
Through five iterative cycles of prediction and training using single molecule se-
quencing and a random forest machine learning algorithm, and validation using
Sanger sequencing, they produced a list of 1,799 validated sites and 1,782 “top tier”

site predictions.

They carried out a validation experiment in a single pool of ten Canton-S
Drosophila raised at a constant 25°C on standard molasses food and under 12 hour
day /night cycles. RNA was extracted from whole body 1-2 day-old males using
TRIzol reagent (Invitrogen), cDNA was made and amplified with reverse PCR using
gene-specific primers. Since ADAR catalyzes an adenosine to inosine change, and
inosine is recognized by the sequencing machinery as guanosine, Sanger sequencing
was used to identify sites in the RNA containing both A and G where only an A
was expected. An idealized example of an editing site represented in a Sanger trace
is given in Figure 2.1. For this first validation experiment, they set out to validate
298 predicted sites, with the purpose of investigating editing levels in exons, introns,
and intergenic regions. The PCR reaction failed for about 30% of the sites, leaving

205 sites, of which 151 successfully validated.

Since we were interested not only in the validation results for this experiment,
but also in the effect of biological and sample preparation variation on the outcome
of such an experiment, through the course of our collaboration, five additional vali-
dation experiments were carried out under the same experimental conditions. Four

were performed in RNA pools created by a skilled investigator well versed in the
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TCAAAT , GAAACAG

A/G

Figure 2.1: Identification of edit sites by Sanger sequencing. Editing is represented by overlapping
peaks in green (A) and black (G).

protocol, and one was performed in a pool created by an investigator with much less
experience, which was discarded upon being found to be of much lower quality than

the others. The details of this can be found in Appendix A.

2.2 The model

2.2.1 Single sample validation

In the absence of biological and sample preparation variability, validation experi-
ments provide an audience with necessary information for building on a set of find-

ings. In particular, follow-up studies can be pursued with some level of confidence
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in the results of the original study. A simple, yet rigorous way to do this is to draw

a random sample of predictions to validate.

If we draw a sample of size n from a population of size N which contains K
valid sites and N — K invalid sites, the number that turn out to be valid in our
sample follows a hypergeometric distribution with parameters N, K, and n. Thus
the number of tested predictions k that turn out to be valid is given by the following
distribution:

(2.1)

When N is sufficiently large, however (as is our case), we can estimate this
distribution with a binomial distribution with parameters n =n and p = % Then

the probability of k valid predictions out of n is given by:

P = () -pr 22)

We can calculate the maximum likelihood estimate (MLE) of p as p = %, and

use the central limit theorem to compute a confidence interval around the MLE for
the true proportion valid in the top tier list, with a (1 — «) confidence limit given

by the following expression:

(2.3)

where 2,4 is used to denote the point on the standard normal curve below which the
area under the curve is A. For example, for a 95% confidence interval, a is set to

0.05, with 2 005 = 20975 = 1.96. For the ADAR top-tier list in the first RNA pool
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in which 151 out of 205 predictions validated, a 95% confidence interval for the true
proportion valid is given by 0.74 £ 0.06, or (0.68,0.80). The rigorous interpretation
of this interval is as follows: given the time and funds, had the same scientist run
the same validation protocol on all top-tier predictions in this first RNA pool, under
the same experimental conditions, then we have 95% confidence that the proportion
valid out of all 1,782 predictions would be between 68% and 80%. This is a useful
calculation, but of course, it does not account for any variation on the biological or

sample preparation level.

2.2.2 Hierarchical modeling of multiple samples

In order to address the effect of such variation, we employed biological (thus nec-
essarily sample-preparation) replicates. In the context of the ADAR study, these
were pools of amplified cDNA generated from different groups of flies, and prepared
independently. In each replicate, a random sample of predictions is chosen for val-
idation, resulting in some number of successes and failures. We model the number
of successes in each pool with a binomial distribution with parameters N and p,
where N is the size of the random sample in the pool, and p is the proportion of
the total predictions that would be found to validate in that particular pool, given
the time and funds. We then model the individual ps as draws from a common beta
distribution. This hierarchical model allows us to draw power from all replicates at
once, while still allowing the individual proportions to vary, accounting for possible
variation. Finally, we place a prior on the parameters of the beta distribution, be-
cause in general we don’t expect to have enough replicates to be truly confident in

a point estimate. This model is illustrated in Figure 2.2.

Our task is now to infer the distribution of a and [ from the existing replicates
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Figure 2.2: Illustration of the hierarchical model for three replicates

and use that distribution to understand what the results of a new replicate might
look like. In this way, we can quantitatively assess reproducibility. To infer this
distribution, we first write out the likelihood of the parameters a and 3. For a single

replicate, we have a beta-binomial likelihood:

P(kla,6,N) = [ P(klp. N)F(vla 5)dp
(N +1)Na+ B)T(k+a)T(N —k+ )
C T(k+ 1IN —k+ D) (a)T(B)T(a+ B+ N)

I'(a+ B)(k+ a)['(N — k+ )
L'(a)D(B)(a+ B+ N)

(2.4)

We have dropped the terms involving only N and k, since they are constant with
respect to the distribution that we are interested in (the distribution of o and f.

The complete likelihood term is given by the product of the individual likelihoods
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for each replicate:

I'(a + B)L (km + )T (N — ki + )

M
P(ky, ..., karla, B, Ny, oo, Nap) o< [ | (T (AT (a1 B + V)

m=1

(2.5)

Next we turn to the prior distribution. We wanted an uninformative, or diffuse
prior to avoid imposing prior assumptions about the amount of variation that actu-
ally exists among replicates. We chose the diffuse prior recommended by Gelman et

al. [35], a uniform distribution on transformed axes:

o 1
a+pB a+p

g(a, B) ~ Uniform( ) (2.6)

Note that the first term is the mean of the beta distribution, indicating that we do
not place any weight on one proportion over another. To transform this prior into a
distribution over variables o and 3, we first take the determinant of the Jacobian of
the function from « and § to the transformed axes. Let’s call this function h(a, ),

with components h; and ho:

md) =S he8) = o= 2.)

Then the Jacobian of h is given by the following:

8h1 8h1 ﬁ —Q
a9 9p 2 2
5 do 0B | | (a+p)  (a+p) 2.8)
Ohs Ohy = =
o 0P Ao+ B)2 2(a+p)2

whose determinant is (o + 8)~2. Since the original distribution is uniform, this is
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also the expression for the prior in terms of the variables o and f:

Njot

fla, B) = (a+p)” (2.9)

The posterior distribution over the parameters of the beta distribution given the

data in M pools is therefore given by

T(a+ B)(kpm + )T (N — ki + B)
()T (BT (o + B+ Nin)
(2.10)

M
F(e, Blkr, ooy kar, Niy ooy Nag) o< (0 )72 [

m=1
To visualize the distribution, we plot these unnormalized posterior probabilities over
a 200x200 grid in the (log 3 log(a + B)) plane, beginning with method of moments
estimators, then shifting and rescaling the grid as needed until the contour plot
occupies 80% of the width and height of the grid window, ensuring that we have
a complete picture with enough resolution to capture important elements of the

distribution. An example contour plot is shown in Figure 2.3.

We can draw samples from this distribution using a procedure outlined in Gel-
man et al. [35]. Briefly, we draw a row of the grid in proportion to its marginal
distribution, then draw a column in proportion to its conditional probability given
the chosen row. We then apply independent uniform horizontal and vertical jitters
centered at the grid point and with width equal to the grid spacing. This ensures
that we can cover the entire space, and amounts to approximating the posterior dis-
tribution by interpolating between grid points with step functions. Further details

can be found in Appendix B.
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log(o+f)
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Figure 2.3: Example of contour plot representing the posterior distribution of @ and 8. Dis-
tribution is for three replicates of 20 experiments each, with 14, 15, and 16 successful validation
experiments. Contour lines represent 10%,20%,...,90%,100% of the maximum value computed over
the grid.
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2.2.3 The predictive distribution

The idea of predictive inference is to use observed data to predict a new data point
in the future. From a Bayesian perspective, this can be accomplished by computing
the posterior distribution of the new data point. This task is often accomplished
by constructing a model of all possible future data points, then marginalizing over
all of the model parameters. In our case, the distribution we are interested in is

P(Enew| Noew, KM, NM), which we obtain by marginalizing over a, 3, and p:

P (knew| Noew, k27, NM) (2.11)

:/A/?%mmMmﬁwm@NwM%N%@wm

where P(kpew|P, Nuew) follows a binomial distribution, f(p|a, 8) follows a beta dis-

tribution, and f(a, 8|kM, NM) is the posterior distribution given in Equation 2.10.

We cannot compute this integral directly, but we can approximate it by drawing
representative samples from each component. This will allow us to say something
quantitative about the reproducibility of the validation experiments that have been

performed. We implement the following procedure:

e for j =1 to 1,000:

1. Draw (o, ;) from the posterior distribution on « and /3

2. Draw the proportion valid in a new replicate, p;, from a beta distribution

with parameters «; and 3;

3. For a given sample size N, draw the number of successful validations k;

from a binomial distribution with parameters N and p;
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From these samples, we can estimate the distribution of successful validations in a
new replicate, and we can extract summary statistics such as mean, variance and
percentiles. We typically focus on the distribution of proportions instead of the
number of successes, since the distribution over k is dependent on the choice of N

which will vary by situation. We call this the “predictive distribution.”

2.3 Application to the ADAR dataset

The results of the five validation experiments for the ADAR study are shown in Table
2.1. The initial sample sizes were all slightly larger at the start of the experiments,
but for some predictions primers failed to amplify, so they could not be found either
valid or invalid. The relatively large size of pool 1 was to allow our collaborators to
investigate sequence categories including exons, introns, and intergenic regions. All
validation experiments were carried out with Sanger sequencing, and the five RNA

pools were prepared independently from individual biological samples.

We employed the grid-based inference procedure described above to infer the
posterior distribution of the parameters of the beta distribution for this dataset.
This distribution is illustrated in Figure 2.4 on transformed axes to display the mean
and log standard deviation of the beta distribution itself. We observe moderate
uncertainty in our knowledge of these values based on the data, supporting our
decision to avoid point estimates in favor of using a diffuse prior to estimate the

posterior distribution.
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Replicate Pool 1 2 3 4 )

Number of Experiments | 205 | 32 30 32 29

Successful Validations 151 17 21 24 18

Percent Successful 74% | 53% | 70% | 5% | 62%

Table 2.1: Results of 5 validation studies for the ADAR top-tier list.
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Figure 2.4: Illustration of the posterior variation in the parameters of the beta distribution for
the ADAR dataset
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Figure 2.5: Predictive distribution of a new replicate from the ADAR dataset, with Bayesian
confidence intervals

2.3.1 Reproducibility of the ADAR dataset

Using our predictive inference procedure to draw from the posterior distribution on
the hyper-parameters, we estimated the distribution of proportions valid in a new
replicate. The result is shown in Figure 2.5. The distribution has a mean of 67%,
with the interpretation that in a new validation study following the same protocol
under the same experimental conditions, we expect on average a 67% validation rate.
We can also extract Bayesian credibility intervals; for our dataset, the 80%, 90%,
and 95% credibility intervals are given by (0.54,0.79), (0.47,0.84), and (0.39,0.88)
respectively. We expect that the lower bounds of the credibility intervals will be of
particular interest to investigators. For example, using the lower bound of the 80%
credibility interval, we can say that in a new validation study, the probability of

validating fewer than 55% of predictions is less than 1 in 10.
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Figure 2.6: Comparison of predictive distribution credibility limits and pooled frequentist confi-
dence limits

We can compare these limits to frequentist confidence limits that pool the exper-
iments from all five replicates. In total, we have 231 successful validations out of 328
experiments, for a sample mean of 70.4%, and 80%, 90%, and 95% confidence in-
tervals spanning (0.672,0.736), (0.663,0.746), and (0.655,0.753), respectively. These
intervals are a great deal narrower than their predictive distribution counterparts,

as shown in Figure 2.6, since they ignore the potential role of variation.

It should be emphasized here that the predictive distribution credibility limits
assume strict adherence to the experimental protocol. Large variations from the
protocol do not constitute legitimate replication experiments, and they could lead
to results that vary more than these intervals would suggest. On the other hand,
small unavoidable variations are exactly what this hierarchical model is designed to

capture.
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2.3.2 Comparison of Bayesian and frequentist confidence in-

tervals for individual pools

Confidence limits are typically interpreted as an inherent characteristic of the popu-
lation of predictions, but the presence of biological and sample preparation variation
between replicates means that confidence limits in a single pool are actually a func-
tion not only of the population of predictions, but also of the particular character-
istics of the replicate pool. Aside from providing information about reproducibility,
our hierarchical model also allows us to balance the limited information that we get
from each replicate with what we learn from all of the replicates at once, to learn

the individual proportions valid in each pool.

To calculate hierarchical credibility limits in each replicate, we first compute the
posterior distribution of o and 8 by the usual procedure. Because of the conjugate
beta binomial relationship, it is straightforward to find the posterior distribution of

p given data k and N, and a particular («, ) prior:

f(pla, B, k, N) ~ Beta(a + k, B+ N — k) (2.12)

To estimate the posterior distribution of p for each replicate, we draw 1,000 («, /3)
pairs from the posterior distribution on o and 3, then draw p from the corresponding
posterior beta distribution with parameters a+k and f+ N —k. From the estimated
distribution over p, we extract the credibility limits of interest. Figure 2.7 shows
these credibility limits side by side with the standard single-sample frequentist limits,
each for 95% confidence. What we see is that the hierarchical credibility limits are
drawn toward the posterior mean of the beta distribution, and that they are a bit

narrower than their frequentist counterparts. These are both due to the fact that
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Figure 2.7: Comparison of frequentist and posterior Bayesian confidence limits for ADAR dataset

all proportions are drawn from a common distribution, and that the hierarchical
model allows us to draw power from all replicates at once to describe the inherent
characteristics of the population of predictions while combining this information with
the replicate-specific success rates. In contrast, the frequentist limits only see what is

in the particular pool, and cannot benefit from information from the other replicates.

2.3.3 Cross-validation

The number of replicate experiments required to obtain a sufficiently large sample
to persuasively validate the confidence limits from our predictive distribution would
have been time- and cost-prohibitive for our collaborators. We therefore undertook

a cross-validation study with the 5 replicates already performed. Leaving out each
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replicate in turn, we computed two sets of confidence/credibility intervals. For the
first set, we pooled the remaining four replicates and used the standard normal ap-
proximation procedure to compute 80%, 90%, and 95% confidence intervals. For the
second set, we used our predictive inference procedure on the remaining four repli-
cates to infer the predictive distribution for a new replicate, then extracted 80%,
90%, and 95% credibility intervals from the predictive distribution. We then com-
pared the proportion in the remaining replicate to these intervals. The data from
this cross-validation study is in Table 2.2, and the abstract locations of each left-out
proportion with respect to the cross-validation confidence intervals are illustrated in
Figures 2.8 and 2.9. Using the standard frequentist procedure, the remaining pro-
portion lands outside of the 90% confidence interval in 4 out of 5 cases, and outside
of the 95% confidence interval in 3 out of 5 cases. In contrast, using the predictive in-
ference procedure, the remaining proportion lands inside the 80% credibility interval
4 out of 5 times, which is precisely what we expect. Because of the interdependence
of these intervals, we do not have statistical significance to reject the first model,
but what is clear is that by accounting for potential variability, we do a better job
of modeling the data than if we ignore it. We carried out a third cross-validation
study in which we computed the intervals from the posterior distribution over p given
pooled experiments and an uninformative prior. The credibility intervals generated
were nearly identical to the frequentist pooled confidence intervals, indicating that
we do a better job of modeling the data not because we use Bayesian methods per
se, but because our hierarchical model allows for potential variation. Details of this

third cross-validation study can be found in Appendix C.
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Figure 2.8: Illustration of cross-validation results using pooled frequentist confidence limits
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Figure 2.9: Illustration of cross-validation results using credibility limits from our hierarchical
model
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2.4 Study design

If an investigator uses this model to assess the reproducibility of a set of validation
experiments, there are a few favorable characteristics that he or she might hope for.
A predictive distribution with a high mean, small variance, and high 10" percentile
would indicate that on average in a new replicate, many predictions would validate,
with a high worst-case-scenario validation rate, and in general, the results of the new
validation study will be relatively predictable. On the other hand, a distribution with
low mean, low 10*" percentile, and high variance would indicate that on average the
validation rate will be low, with relatively little predictability. Once a collection
of predictions has been chosen, the investigator has little control over the mean of
the predictive distribution, since the mean is most closely tied to the identity of the
predictions in this list. However, the variance and 10" percentile are variables that

can be tuned by carefully designing the validation experiments.

2.4.1 Optimal design algorithm

In a study in which the investigator is willing to carry out a total of 100 validation
experiments, there are many ways that this study could be designed. As was the
case in our ADAR study, the time and expense involved in validation studies often
come at the level of the validation experiments themselves, and comparatively little
effort is needed for the creation of multiple replicate pools. In such a situation, our
investigator has a good deal of flexibility in deciding how to divide a fixed number of
experiments into a variable number of replicates. He or she could carry out all 100
validation experiments in a single pool, one experiment each in 100 replicate pools,

or any combination in between. The former would leave a great deal of uncertainty
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about inter-pool variation since we only have data from a single replicate. The latter
would leave considerable uncertainty about the proportions valid in each pool since
they would each have sample size 1. Our goal is to find a middle ground where we
can balance these two types of uncertainty, resulting in a predictive distribution with

high 10" percentile and low variance.

Where this balance will be struck depends upon the expectations of the investi-
gator with regard to a few properties of the study: the average validation rate, the
expected variation between replicates, and the fraction of experiments expected to
work. The first two represent a guess for the mean and standard deviation of the
beta distribution, and we call these expected parameters g and og. The third ac-
knowledges the fact that occasionally validation experiments can fail before a result
can be obtained. In the ADAR study, this was due to the failure of primers during
PCR. In these cases, particular predictions are found neither valid nor invalid, so
they are excluded from downstream analysis. We assume that whether or not an
experiment works is independent of whether or not it would be found to be valid in
the replicate, and we let ¢ be the fraction of experiments that are expected to work.
These expectations may be based on previous experience, intuition, or even a pilot
study. Finally, the investigator must decide how many total validation experiments
he or she is willing to carry out, which we’ll call N. The question then is how many
replicates to employ, assuming an approximately even division of experiments to

replicates.

Given user-defined g, og, ¢, and N, our algorithm proceeds as follows:

1. Split NV into a representative subset of the possible numbers of replicates NV,

with Neg, = % experiments per replicate. See Appendix D for details.
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2. For each N,., (and corresponding Ne,,):

a) Generate samples from the hierarchical model with user-defined parame-

ters:

i. Generate N, values of p; from a beta distribution with mean pp and
standard deviation op
ii. Fori=1,...,N,p, simulate experiment failure by drawing ]\A/em,,ﬂ- from
independent binomial distributions with parameters N, and ¢
iii. Fori = 1,...,N,¢p, draw the number of positive validations k; from a

binomial distribution with parameters Newp,i and p;

b) From generated samples k; and ]\A/emi for all 7, use the predictive inference
procedure to compute the predictive distribution for a new replicate, tak-

ing note of the standard deviation and 10*" percentile of the distribution.

c¢) Repeat from a) 3000 times, averaging the standard deviations and 10}

percentiles.

3. Select the value for N,., that returns the most favorable predictive distribution,

i.e. one with the highest 10" percentile and smallest standard deviation.

An example of the output from this algorithm is shown in Figure 2.10, displaying
the standard deviation and 10* percentile of the predictive distribution for a vary-
ing number of replicates. Here, the expected mean and standard deviation of the
beta distribution were pug = 0.6 and o = 0.09, with expected fraction of working
experiments ¢ = 0.6, and a total of 96 validation experiments. Since an increase in
uncertainty is associated with high standard deviation, the red curve gives us an idea
of the uncertainty in the predictive distribution. What we see is that uncertainty
initially decreases, reflecting the fact that we are learning about inter-pool variabil-

ity, reaches a minimum, and then begins to increase again, reflecting the fact that
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Figure 2.10: Optimal design output example.

the loss of knowledge about the proportions valid in each pool starts to outweigh our
increase in knowledge about inter-pool variability. The complementary trend is em-
bodied by the 10" percentile curve in blue. Since we want a predictive distribution
with low standard deviation and high 10" percentile, we would recommend about
9 replicates for this study, with 10-11 experiments in each. Furthermore, we would
expect that the predictive distribution inferred from the 9 replicates would have a
standard deviation around 0.15, and a 10" percentile around 0.38, indicating that
the probability of validating fewer than 38% in a new biological replicate is only 1
in 10. In most cases, as in this one, there is a range of replicate numbers that return

very similar reproducibility results.
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2.4.2 Effect of input parameters

Of course, the shape of the standard deviation and 10" percentile curves for the
expected predictive distribution depend on the input variables: the expected mean
and standard deviation of the beta distribution, the expected fraction of successful
experiments, and the total number of experiments to be carried out. In Figure 2.11
we can see the effect of the input standard deviation (og) on the choice of replicate
number. We carried out five simulation experiments for varying op keeping the other
parameters fixed: ug = 0.85, ¢ = 0.90, and N = 96. We varied o from 1% of the
mean, or 0.0085 (in red) to 20% of the mean, or 0.17 (in purple). It is clear that
an increase in the expected standard deviation leads to an increase in the suggested
number of replicates, from about 12 for the narrowest spread to about 32 for the
widest, for this set of parameters. Our interpretation is that in the presence of higher

variability, more replicates are needed to ascertain the extent of that variability.

Since our procedure uses data generated from our model, another way to interpret
these curves is that we want to find the number of replicates that comes closest
to returning the input standard deviation. By design, our prior injects a certain
amount of uncertainty into the predictive distribution, so we should see standard
deviations that are somewhat higher than og, an effect that will be strongest for
small N. Indeed, this is what we see in these curves. For the optimal number of
replicates for the red curve, we get a standard deviation around 0.12, while the input
standard deviation was 0.0085. Likewise, for the optimal number of replicates in the
purple curve, we get a standard deviation around 0.2, while the input was 0.17. By
increasing N, we can force the predictive distribution standard deviation closer and
closer to that of the distribution from which the replicates were generated. This is

clear is Figure 2.12 which displays the standard deviation curves for experiments
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Figure 2.11: Effect of input standard deviation on optimal number of replicates for N = 96

with the same parameters, but with 288 total experiments instead of 96.

To the extent that the investigator can control various aspects of the validation
experiments, he or she might be interested in what effect changes in ug, og, ¢, and
N will have on the predictive distribution, and thus on the level of reproducibility
he or she will be able to report. Figure 2.13 shows qualitatively the effect that each
of these parameters has on the 10" percentile of the optimal predictive distribution.
We varied each of the four parameters while keeping the other three constant, then
for each four-tuple, we used our optimal design procedure to choose the optimal
number of replicates, then extracted the predicted 10" percentile for that number of
replicates. Of course, higher 10'" percentiles are desirable, so what we can see from
the figure is that a higher level of reproducibility can be generated from experiments
that have large number of experiments (N), high validation rates (u), low variation

between replicates (o), and a validation protocol that fails infrequently (q).
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2.5 Model robustness

Our model makes a few assumptions. The first is that we can model the number of
predictions valid in a given pool with a binomial distribution. As discussed above,
the number valid actually follows a hypergeometric distribution, but since the entire
pool of predictions is so large, a binomial distribution is a reasonable assumption.
The second assumption we make is that we can model the proportions valid in each
pool with a beta distribution. The reason for using the beta distribution is in a sense
less principled, as we do not know and cannot model all of the possible sources of
variation between replicates. However the beta distribution has two major benefits.
First, it is the conjugate prior to the binomial distribution, which makes computation
and inference through our model easier. Second, it is flexible; compared to many
other distributions, the beta distribution can take on a wider range of shapes. In
the end, the beta distribution will be sufficient if it is flexible enough to approximate

the distributions over proportions that might exist in actual biological experiments.

To test this, we generated data from our model, replacing the beta distribution
with other distributions over the interval [0, 1]. Given this simulated data, we used
our predictive inference procedure (with the beta distribution back in place) to com-
pute the predictive distribution for the dataset, noting its mean, standard deviation,
and 10*® percentile. A diagram of this procedure can be found in Figure 2.14. For
each probability distribution f(p), we simulated data from the f(p)-binomial model
for increasing numbers of replicates, each with 100 validation experiments. While
this quickly starts to exceed the number of experiments that an investigator would
likely do, we can get an idea of whether the statistics of interest from the predictive

distribution converge to the true values for the distribution f(p).
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For comparison, we first generated data from a beta-binomial distribution. Since
this is the distribution we use in our inference procedure, we expect the mean,
standard deviation, and 10*" percentile to converge fairly quickly (recall that we do
not expect immediate convergence, since our prior imposes a dose of uncertainty).

Including the beta distribution, we considered the following distributions for f(p):

Model 0 p drawn from a beta distribution with a =3, § = 2

Model 1 p drawn from a normal distribution with p = 0.7, 0 = 0.08 (truncated to the

interval [0, 1])

Model 2 1 — p drawn from an exponential distribution with x4 = 1 (truncated to the

interval [0, 1])

Model 3 p drawn uniformly from [0.5, 1]
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Model 4 p drawn from a triangular distribution with min = 0.5, mode = 0.8, max =

0.95

Model 5 p drawn from a Gaussian mixture, 60% N(u = 0.8,0 = 0.05), 40% N(u =

0.5,0 = 0.15)

For each of these models, we compared the true population mean, standard devi-
ation, and 10" percentile to their predictive distribution counterparts averaged over
100 simulated datasets for each number of replicates. The results are displayed in
Figure 2.15. For model 0, the beta distribution, we do indeed see what we expect;
each statistic of the predictive distribution (represented with solid lines) converges
very quickly to the population statistics of the beta distribution (represented with
dotted lines). For our other unimodal distributions (models 1, 2, and 4), the pre-
dictive distribution quickly becomes quite accurate as the data accumulates, and
also seems to be converging to the true characteristics of each distribution f(p). The
predictive distribution is slightly less accurate when f(p) is either a bimodal or piece-
wise distribution (models 3 and 5), reflecting the inability of the beta distribution to
approximate these shapes. Even so, our inference procedure does a respectable job
of estimating the mean and standard deviation in these two cases. We believe that in
most biological experiments, a bimodal or multimodal distribution is unlikely, espe-
cially for experiments using highly inbred model organisms. Thus, the assumptions

of our model should be appropriate for most applications.

2.6 Discussion

The need for reproducibility in scientific research has always been central, but has

only recently become a major focus of the greater scientific community. Here, we
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present a procedure that addresses these issues in the context of high-throughput
studies like the ADAR study described here, where thousands of predictions are
made, and only a relatively small fraction can be validated. We studied closely
the example of ADAR-mediated editing sites, but the method is generalizable and
could just as easily apply to any of the high-throughput site prediction studies de-
scribed earlier. Studies of this kind have become more frequent with the advent of
high-throughput technologies like Illumina and large collaborations like ENCODE,
modENCODE, and the 1000 Genomes Project. Most studies already have their own
schemes for validation, which they carry out with varying levels of statistical rigor,
typically validating a select few, and almost never providing confidence limits or
utilizing replicates. The authors and any investigators hoping to follow up on these
studies would all benefit from a carefully designed validation study using statistically

random samples in biological replicates to assess reproducibility.

As the accuracy of technology inevitably grows, it may be tempting for investi-
gators to assume a single replicate is sufficient to address reproducibility, implicitly
assuming that technical variation is the only kind of variation that matters. How-
ever, even with perfect technology, multiple biological replicates are still necessary to
assess the reproducibility of a set of results. It is worth noting that each of our vali-
dation replicates was performed in a pool of 10 flies each. We expect that biological
replicates will be even more crucial in studies where replicates consist of individual

organismes.

In our analysis of ADAR-mediated editing data, we found that the 95% confi-
dence intervals for individual replicates showed substantial variation. This was not
unexpected, given the documented variation in ADAR activity in individual flies [62]
and observations about the effects of experimental conditions described earlier, and

it underscored the need for statistical tools that can address the effect of such varia-
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tion on the reproducibility of results. Our software predicted that a new experiment
using the same protocol under the same experimental conditions would validate on
average 67% of sites, and that 90% of the time, the fraction validated would be
at least 55%. We emphasize the 10" percentile because it represents a worst-case
scenario for a future experiment. Of course, because these results are affected by
our choice of the diffuse prior on « and 3, the intervals we generate may be too

conservative in the case where more is known about these parameters a priori.

There is a technical limitation to our model that arises from the statistical for-
mulation. The predictive distribution we describe is well defined everywhere except
in the precise circumstance in which every replicate pool has a validation rate of
either 100% or 0%, in which case our improper prior leads to an improper poste-
rior distribution. We consider such extremes to be very unlikely in most validation
studies; however, this limitation occasionally comes to bear in experimental design,
where we simulate thousands of replicates. This affects almost all simulations with
g above 95%, and most simulations with pg around 90% with large og. The effect

is otherwise negligible.

We rely on numerical approximations in three places: during predictive inference,
we compute the posterior distribution of the hyperparameters over a 200x200 grid,
as there is no closed-form expression for computing it directly, then we sample from
the grid to approximate the predictive distribution. In our optimal study design
procedure, we rely on a sampling approximation to find the average mean, standard
deviation, and 10" percentile of the population of predictive distributions resulting
from a set of input parameters. For the first two approximations, computing the
posterior distribution of o and [ over a grid and sampling to obtain the predictive
distribution, we follow the procedure outlined in Gelman et al. [35], computing over

a grid dense enough to capture the important features of the distribution, then we
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sample a large number of points (1,000) to approximate the predictive distribution.
We found that neither varying the grid density nor increasing the number of samples
noticeably changed the results. For study design, the default number of samples is

3,000, which tends to create very narrow error bars.

One aspect of the optimal design procedure that we have not investigated as of yet
is the problem of model mis-specification. The recommended number of replicates is
based on the expectations of the investigator, but if these expectations turn out to
be inaccurate, then the study may proceed with a sub-optimal number of replicates
leading to a less desirable predictive distribution than if the true optimal number of
replicates had been employed. In these cases, it would be useful to have a measure
of the effect of errors in each of the parameters ug, og, and ¢q. For example, it may
turn out that it is safer to underestimate the mean and overestimate the standard
deviation, or the opposite could be true. We also have not investigated the effect of
dividing experiments unevenly between replicates in our optimal design procedure.
Our intuition is that an even division will be optimal because the loss of information
in a replicate with few experiments will be greater than information gained in a

replicate with a larger number of experiments, but this is unproven.

Finally, it should be noted that just as the results of any study should only
be generalized to the population from which the data are drawn, the results of
any reproducibility analysis can only be generalized to the population to which the
replicates belong. We assume that follow-up validation studies will follow the original
protocol under the same experimental conditions as the original experiments. To the
extent that this is not possible, the credibility intervals that we report may be too
narrow to accurately reflect the population of follow-up validation studies performed
by other investigators in other laboratories. Therefore, care must be exercised in

how claims of reproducibility are made, and authors should be sure to specify the
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population to which their results generalize. In some cases, large collaborations
between laboratories (such as those associated with modENCODE) will be able to
carry out replicates representing a larger portion of the possible variability, and will

be able to make even stronger claims about the reproducibility of their findings.

Tools for the assessment of reproducibility given replicates and for the design
of replicate validation experiments in the context of high-throughput studies with
large number of predictions are available as downloadable code and as a web server at
http://cembweb.cecv.brown.edu/reproducibility.html. The optimal design procedure
is rather time-consuming, so we have also pre-computed optimal design curves and

recommended replicate numbers for a wide range of input parameters.



CHAPTER Three

Identifying Genetic Variation in Laboratory Organisms

3.1 Background and Motivation

As next-generation sequencing technologies such as Illumina become less costly and
more widely utilized, the potential for many applications including cancer genomics
[50], miRNA identification [79], and gene expression analysis [82] are being realized.
Many of these applications depend on accurate alignment of reads to a reference
genome, and reliable SNP calling. In some cases, identifying SNPs may be the end
goal, as for projects like dbSNP [105], and in others, it may be crucial for avoiding
false-positives in later analysis. This is especially true in studies of discrete changes
like RNA editing, which alters single nucleotides. It is likely that a failure to rigor-
ously account for SNPs has led to false positives in many previous editing studies;
in fact, a preliminary look at the results of the editing study described in Chapter 2

has revealed a false discovery rate of about 15% due to polymorphisms. The model

47
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described here, with the accompanying algorithm, allows us to simultaneously infer
the hidden DNA and RNA sequences of our flies while learning the model parame-
ters. We first restrict the model to SNP discovery using genomic data, then extend
it to the simultaneous discovery of both SNPs and editing sites, using both genomic

and transcriptomic data.

3.1.1 Identification of SNPs

There has been considerable work on the problem of SNP-calling and the related
problem of genotype-calling from alignments of high-throughput sequence data, in
the context of humans or other individually sequenced organisms. Genotype calling
differs from SNP calling in that the former aims to determine the underlying geno-
type of a particular individual at a given site, while the latter aims to identify the
polymorphic sites in a population, however, the two problems go hand in hand when

the data consist of sequences from individual organisms.

Some genotype-calling algorithms use simple cutoff methods to determine het-
erozygous and homozygous sites. In one method, if the proportion of mapped reads
containing the alternative (non-reference) allele lies between 20% and 80%, the site
is called heterozygous, while a proportion above 80% or below 20% indicates a ho-
mozygous genotype for the alternative and reference alleles respectively [93]. An
alternative of this model varies these cutoffs based on the read depth at the position
[43]. A more popular approach uses a Bayesian framework, in which the posterior
probability of the possible genotypes is inferred, and the genotype with the highest
probability is reported. This involves the computation of the likelihood of each geno-
type (homozygous reference, heterozygous, and homozygous alternative), based on

a model of sequence errors, as well as prior distributions on the prevalence of SNPs.
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Most algorithms derive error rates from quality scores reported by the sequencing
technology, either directly [31, 65, 70] or through a recalibration [101]. One algo-
rithm, SeqEM [47], uses an expectation maximization (EM) algorithm at each site
to learn the site-specific error rate and genotype frequencies and infer a genotype.
An EM algorithm is also used by Heng Li [139] to learn the allele frequency at a

particular site in a polyploid organism, assuming a simple error model.

Our interest has a slightly different emphasis; we want to identify SNPs in a popu-
lation of organisms sequenced in a single pool, including positions that differ from the
reference for the whole population, as well as unfixed polymorphisms that are present
in the population at some level between 0% and 100%. This pooled sequencing is
more common when dealing with model organisms like Drosophila melanogaster,
since the identity of individual genomes matters less than the characteristics of the
population as a whole. We use a similar Bayesian framework to those described
above for inferring polymorphic positions, with the added complication that we no
longer have only three possible levels of polymorphism (0%,50%, and 100% for ho-
mozygous reference, heterozygous, and homozygous alternative, respectively), since
polymorphisms can be present at any level, and we do not have individual-level data.
This is an especially important aspect of our model, since unfixed polymorphisms
have the potential to be even more problematic than fixed polymorphisms because
they are trickier to deal with and harder to account for with heuristic filters. We
also rigorously address errors by learning context-specific error rates simultaneously
alongside the polymorphism rate and the probability distribution over polymorphism
levels with an algorithm that takes advantage of the information from all genomic

sites.

Finally, we note that a lot of work has gone into cataloging SNPs in Drosophila

melanogaster, mainly for the purpose of facilitating forward genetic screens and ex-
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amining the general architecture of variation [46, 33, 98, 14]. While these will be very
useful for those purposes, they do not help an investigator interested in the actual
genome sequences of his own flies. Unlike some other organisms where individuals
or stocks can be frozen down to halt evolutionary time, no such possibility exists for
flies. Time marches on, and with it come new mutations, carrying the laboratory
stocks further and further from the reference genome. We present this algorithm as
a way to discover the genomes of a batch of laboratory flies (or other organisms)
that, through a combination of time, population bottlenecks, genetic crosses, and
other factors, may vary substantially not only from the reference genome, but also

from other batches in the same lab or in other labs.

3.1.2 Previous studies identifying editing sites

Considerable work, including the companion paper from the previous chapter, has
focused on the identification of editing sites in various model organisms using high-
throughput sequencing techniques. The issue of SNPs and the possibility for false
positives is almost always acknowledged, and various attempts to control them are

made in the process of calling editing sites.

A fairly common technique is to rely wholly on previous knowledge about genetic
variation. In human-derived cell lines, Bahn et al. [61] only consider sites previously
determined by an independent group [88] to be homozygous, and in a survey of
15 mouse strains, Danecek et al. also begin with “detailed knowledge of genomic
variation” from a previous study [110]. In a comprehensive study of editing sites in a
single male Han Chinese individual, Peng et al. [117] relies on the previously known
genotype of the individual. In this last case, there should be little concern about

missing genetic variation apart from somatic variation, but in the first two, there is
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always a chance of polymorphisms between the reference organisms or cells and the

ones used for seeking out editing sites.

Another approach is to rely only partly on known polymorphisms. In one study
of editing sites in a human-derived cell line, the investigators used DNA and RNA
data to predict editing sites by first discarding known SNPs, then requiring that the
DNA data be homozygous [53]. In a second study by the same authors, RNA data
from multiple individuals was used to call edits without DNA data via two different
methods, each of which required the filtering of known SNPs, followed by a step to
distinguish rare genetic variants from editing events by assuming that editing events
would be present in multiple individuals, in contrast to rare SNPs, which would not

[54].

Other studies do not rely at all on known SNPs. This is more often the case in
studies of Drosophila, because of the relatively unregulated way in which fly stocks
are obtained and propagated, along with the short generation time. A modENCODE
study looking at various aspects of the fly transcriptome attempted to control for
SNPs by requiring that for the RNA reads overlapping the site of interest, at least
100 exactly matched the genome [39]. While this will control for fixed polymorphisms
well, it will likely miss-call unfixed polymorphisms as editing events. Another study,
looking at co-transcriptional editing events, filtered out potential polymorphisms by
sequencing the genome at 39X coverage, and requiring that all reads exactly match

the genome [160].

When it comes to calling editing sites, most of these studies employ a series of
heuristic filters on their data, including coverage requirements, minimum frequency
requirements, and mapping filters. Only two studies include a rigorous mathematical

formulation coupled with such filters. Bahn et al. [61] compute a log likelihood ratio
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at each genomic position that compares the probability of the RNA data given an
editing event to the probability of the data given no editing event. If this ratio
is larger than 2, they predict an editing event at that position. Peng et al. [117]
perform an initial “variant calling” step that uses techniques similar to the SOAPsnp
software package [101], one of the Bayesian formulation approaches to SNP calling
described in the previous section. Multiple studies report low overlap with others
[160, 117, 51], likely in part because each study uses its own set of heuristics to

control for genetic variation and call editing events.

We present here a mathematical model of the hidden DNA and RNA sequences
of a pooled population of organisms (Drosophila, in our case), and an algorithm that
allows us to simultaneously infer the presence of genetic polymorphisms and editing
sites in a mathematically rigorous way that does not depend on heuristic filters to
predict these events. This has the added benefit of producing predictions with clear
probabilistic interpretations (i.e. “a 96% chance of a T—G polymorphism at position

X”).

3.1.3 Expectation Maximization Algorithm

Our algorithm uses the expectation maximization (EM) algorithm, an iterative
method for obtaining maximum likelihood estimates of population parameters in
the presence of missing data or hidden variables. This algorithm was introduced in
1977 by Dempster, Laird, and Rubin [16], and today is widely used in many fields
including genomics, linguistics, and computer vision. Do and Batzoglou [21] give an
excellent description of EM and its common uses in biology. Given a set of unknown
population parameters 6, data X, and hidden (or “latent”) variables Z, EM works

iteratively to indirectly improve log L(6|X) = P(X|0) by choosing new parameters



53

61 to maximize the following:
Q018"Y) = Ezx g {log L(81X, 2)} = Ezpx g { P(X, Z|6)} (3.1)

where #®) contains the current parameter estimates. The expected value is taken with
respect to the posterior distribution over the hidden parameters Z given the current
parameter estimates and the data, so in practice the algorithm proceeds by com-
puting this posterior distribution, then using the distribution to compute expected
sufficient statistics from which we can calculate estimates of 6. The log likelihood
of the parameters given the data is guaranteed to increase with each iteration, and
the algorithm iterates until the change in the log likelihood of the parameters given
the data and hidden variables drops below some threshold e (or until the parameter
estimates themselves stop changing). If the surface we are optimizing over is convex,
then we are guaranteed to converge to the maximum likelihood estimate for #. In
general, the surface may not be convex, so typically the algorithm is initialized at
multiple starting points. A diagram of the EM algorithm can be found in Figure 3.1.
Although the primary purpose of EM is to find the estimates for 6, it also allows us

to infer the hidden states Z after convergence.

3.2 Illumina output and quality scores

3.2.1 The Data

We used the Illumina sequencing platform to generate single-end reads of length
50 from two laboratory fly stocks. The first line, LoxP, is a control line generated

by homologous recombination, and the second, ADARO, is a mutant fly stock that
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Figure 3.1: Diagram of the Expectation Maximization (EM) algorithm

cannot perform RNA editing, and was generated at the same time, in the same
laboratory, and through the same methods as the LoxP line. For each experiment,
DNA and RNA were isolated from the heads of 100 inbred flies, for two biological
replicates each, run in the same sequencing lane. The output from Illumina varied by
experiment, but the number of reads typically fell between 75 and 150 million reads
for the biological replicates combined. We used BWA [140] to align the reads from
[lumina to the Drosophila melanogaster reference sequence (April 2006 assembly)
with default settings. For the purposes of this study, we restricted the alignment to
unique regions of the genome. Repetitive regions complicate this mapping step, as
there are often a large number of possible mappings for a read derived from one such

region.

BWA aligns each read to either to the reference (or “Watson”) strand, or the
opposite complementary (or “Crick”) strand, and it reports Illumina quality scores
for each base call. The quality scores ) range from 0 to 41, and are meant to use

characteristics of the raw signal to provide a measure of the confidence in the base
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call. The scores are calibrated, using reads mapped to known references, to be a log
transformation of the error rate e: () = —10log;,e. The inverse function gives the

estimated error rate in terms of the quality score: e = 10-715.

3.2.2 PhiX Preliminary Study

Many applications take as given the error rates derived from quality scores reported
by Illumina, however errors in [llumina sequencing have been shown to be affected
by more than just raw signal characteristics: in particular, it has been suggested that
the sequence context immediately preceding the sequenced base has an effect on error
rates [59]. We carried out a preliminary study using phiX, a single-stranded DNA
virus run as a control alongside other samples on the Illumina machinery, to look at
this context effect and build our own error model. PhiX has a very short genome
(5386 nucleotides), making it easy to map reads to the reference and identify any
polymorphisms. Furthermore, the read coverage at any given nucleotide is extremely
high, allowing for precise estimates of read errors at each position. We found that
the errors did indeed vary by sequence context, defined as the three-letter sequence
ending in the nucleotide of interest. We also found that by restricting our dataset
to reads in which no base call had a quality score below 30, the effects of other
contributing factors from the literature were greatly reduced, as described in Section
3.7.5. Furthermore, we could still maintain about 70% of our dataset, as shown in

Figure 3.2.

Through an investigation of multiple independent PhiX runs, we also noticed
that the error rates varied widely. In some runs, average error rates were more than
twice as high as in others, with error rates for some sequence contexts varying even

more, as shown in Figure 3.3. This highlighted the need for a method that could



o6

Selection of Quality Cutoff

»—+ DNA Replicate 1
*—+ DNA Replicate 2
»—* RNA Replicate 1
»—x RNA Replicate 2

1.0

0.8f

o
o
T

o
»
:

Cumulative Frequency

0.2}

0.0

5 10 15 20 25 30 35 40
Minimum Base Call Quality For Read

Figure 3.2: Cumulative distribution of minimum quality score for four samples in two runs

learn the run-specific error rates while searching for polymorphisms and editing sites.

3.3 The Model

Our goal is to identify the polymorphisms present between the reference sequence
and our laboratory flies, and the set of editing events present between the DNA and
RNA of our flies. We use the word “polymorphism” instead of “SNP” to highlight
our focus on the population as a whole, and the fact that we are not concerned with
the alleles present in any particular fly. We have two sets of hidden variables —
the true genome and the true RNA of our flies. We also have two sets of data, the
reads from the DNA and the RNA. Finally, we have the reference sequence, which is

known. We have constructed a generative model, which is illustrated at the highest
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Figure 3.3: Variation in context-specific error rates across PhiX runs for a subset of contexts

level in Figure 3.4. The reference emits the hidden DNA sequence of our flies, with
possible polymorphisms. The true DNA sequence then emits the true RNA sequence,
with possible editing events. Finally, the true DNA and RNA sequences emit the

DNA and RNA reads respectively, with possible machine errors.

For the purposes of this study, in which we focus on non-repetitive (unique)
regions of the genome, we take the alignment of reads to the reference as given.
Figure 3.5 illustrates this alignment step. In this example, there is an A in the
reference genome at the position of interest, and we have three reads each mapping
to the Watson and Crick strands of the reference. At most positions, the bases in
the reads match the corresponding bases in the reference, but at the highlighted
position we see a few departures; half of the base calls match the reference, and half
do not. This could mean either that the sequencing machinery made a few mistakes,
or that some of our flies actually differ at this position from the reference, indicating

a polymorphism. If these reads are from RNA, this could be evidence of an editing
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Figure 3.4: High-level model diagram

event. Our goal is to determine which of these explanations is the truth.

Figure 3.5 also illustrates an important aspect of our error model. We model
and learn errors based on the three-letter sequence context ending in the position of
interest, which depends on which strand the read maps to. For reads mapping to the
forward (Watson) strand, the molecule was synthesized from left to right, resulting in
sequence context GGA. For reads mapping to the reverse (Crick) strand, the molecule
was synthesized from right to left, so the sequence context is AGT. This leads to a
complicated dependency structure in our model, as illustrated in Figure 3.6. Since
we may have nucleotides from both strands at any given position, the collection DNA
bases called at position ¢ depends not only on the DNA at position ¢, but also on the
(hidden) DNA at positions i—2, i—1, i+ 1, and i+2. The same relationship exists for
the RNA base calls. This bidirectional dependence makes inference quite difficult,
so we impose an assumption to ease computation: that the first two nucleotides of
the context for the context-specific errors are drawn from the reference nucleotides,
which are known. This assumption, as illustrated in Figure 3.7, greatly reduces the

computational complexity, since the base calls at each position are now conditionally
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Figure 3.5: Illustration of read mapping and sequence context

independent from base calls at other positions given the reference. Furthermore, we

do not expect this assumption to have a large effect since SNPs are relatively rare.

3.4 Restricted Model

We begin by restricting our model to the inference of polymorphisms only. This
requires genomic data but no transcriptomic data, and we only need to infer one set
of hidden variables— the true DNA sequences of our laboratory flies. The algorithm
we describe here would be of great use as a preliminary step in a studies of pre-
cise, small-scale phenomena like RNA editing, in which the accuracy of downstream
predictions depends on the thorough identification of genomic differences between
the reference and the population being studied. We begin by defining the model

variables and parameters and the structure of the generative model in this context,
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which is illustrated in Figure 3.8.

3.4.1 Model Parameters

Given an alignment of the reads to the reference genome, at each genomic position

1, the reference nucleotide F; emits a hidden state G;, the genomic identity of the

laboratory population at that position. There are two possibilities for G;: most of

the time the genome will match the reference, but occasionally the genomes of the

laboratory flies will differ due to random mutation. These events are polymorphisms,

which can either be fixed or unfixed in the population. Fixed polymorphisms are

those that entered the population due to a mutation event in a single fly, then due ei-
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ther to genetic drift or selective pressure, came to be present in the entire population
at the current time. For a position with an unfixed polymorphism, the population as
a whole carries both the reference nucleotide and a second, non-reference nucleotide
in some proportion, sometimes referred to as the “allele frequency.” Since flies are
diploid, some may be homozygous for either the reference or alternative allele, and
some may be heterozygous. We assume that positions are at most bi-allelic in the lab-
oratory population and the reference combined, so that for an unfixed polymorphism
in the lab population, one nucleotide must match the reference. This assumption
is justified by the low probability of two independent mutation events in the exact

same location.

We let 0 represent the proportion of sites that match the genome, and we assume
a priori that each of the non-reference nucleotides is equally likely, so that the prior
probability of a polymorphism of one of the three types (A/C,A/G, or A/T in the
example in the figure), whether fixed or unfixed, is @. At a polymorphic site we
use « to represent the fraction of the population that differs from the reference. For
example, o = 0.8 corresponds to a site that is 20% reference and 80% alternative,
while @ = 1 corresponds to a fixed polymorphism. We use p, to represent the
probabilities of each level of polymorphism for « = 0.1,0.2,...,1. We can think of
the model up to this point as the prior model, which gives us the prior probability

of any given genotype.

The hidden genomic identity GG; then emits all of the base calls {X ; ?/[:"1 that map
to the corresponding reference position, where M; is the number of base calls mapped
to position . In the example in Figure 3.5, the dataset at position ¢ would be given by
{Xi} = {GY, GV, AV C° T T}, where the superscripts denote which strand
the base call was mapped to. The probability of these base calls given their source

nucleotide is based on a read error model that accounts for sequence context. We



63

use E,, s (V) to represent the probability of Illumina calling nucleotide N given
that the nucleotide being read is 13, and the two preceding nucleotides are n;ny. If

base call X JZ is mapped to the Watson strand, then
Epymains(N) = P(X] = Nlgi = n3, Fiy = m, Fi_y = 1) (3.2)
and if it is mapped to the Crick strand, then

Epyms(N) = P(X! = Ng¢ =3, F, = i, FS, = m2) (3.3)

(3

where g; is the actual nucleotide being sequenced, F}, is the reference nucleotide at
position k, and the C superscript denotes complementarity (e.g. if Fj.; = A, then
Ffl, =T). If there is no polymorphism, then g; = F;. We refer to nimsm3, the triplet
ending in the nucleotide being sequenced, as the “sequence context” for position
i. For base calls mapped to the Watson strand in Figure 3.5 (in the absence of a
polymorphism) the sequence context given by the reference is GGA, while for those

mapped to the Crick strand, the sequence context is TGT.

3.4.2 Likelihood Terms

We first describe how to infer polymorphisms from a dataset and a reference genome,
for fixed population parameters 6, p,, and E. In section 3.4.4, we will describe
how to simultaneously infer these parameters alongside the polymorphisms using an

expectation maximization algorithm.

If the DNA matches the reference at position ¢, a given call X; at position i

will have sequence context F;_1F;_{F; if it maps to the Watson strand, and con-
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text FS,FS,FC if it maps to the Crick strand. Therefore, the probability of base
call X is given by Ep, , _, r(X;) if the call maps to the Watson strand, and by
Epc, rc, ke (X;) if it maps to the Crick strand. Since we assume that base calls are
conditionally independent given their source nucleotides, the probability of a set of

calls {X;} from a genome matching the reference is given by the product over the

independent probabilities:

PUX G =F) = [ Brorn(X) [] Ereyre,pe (X)) (3.4)
jeJwW jeJc
where J" indexes the base calls mapped to the Watson strand, and J¢ indexes the

calls mapped to the Crick strand.

If G; is a polymorphism, the probability of the data depends on the level of the
polymorphism, a. Given a particular «, the probability of a base call X; mapped

to the Watson strand is aFEr,_, r,_, ¢, (

X))+ (1 —=a)Eg_,r ,r(X;), where Gpoy
is the non-reference nucleotide of the polymorphism, which may be any of the three
alternative nucleotides. Therefore, the probability of a set of calls emitted by a
population of bi-allelic genomes containing nucleotides F; and Gy at specified level

« is given by
P({XJ}’GZ = Fi/Gpoly,level Oé) =

H (OCEFi727F'L717Gpoly (XJ) + (1 - Q)EF'L—%Fifl»Fi (XJ)) (35)

jeJw

< [ (@Bre, re, ce, (X;) + (1= @)Ere, re re(X)))

142" 141> poly 422" 412" 4
; C
jeJ

where the shorthand G; = F;/Gpoy is used to indicate a polymorphism at position ¢

where each allele in the population has either nucleotide F; or Gpoly.



65

We then find the probability of the data given polymorphism F; /G, by marginal-

izing over «:

P{X;}G: = Fi/Gpoy) = Zpap({XjHGi = Fi/Gpayy, level a) (3.6)

3.4.3 Inference of SNPs

In order to infer the locations of polymorphisms, we calculate the posterior proba-
bilities of each of the four possible hidden genotypes (e.g. A, A/C, A/G, A/T for a
position with F; = A). The unnormalized posterior probability that G; = F; (i.e. the
DNA matches the reference) can be found using Bayes’ rule, from which we derive

the relationship P(bla) o< P(alb)P(b):
P(G; = Fil{X;}) o< P{X;}Gi = F))P(G; = F;) = 0P({X;}Gi = F;)  (3.7)

Likewise, we calculate the unnormalized posterior probability of each of the three

possible polymorphisms:

P<Gi = Fi/Gpolyl{Xj}) OCP({XJ'}‘GZ‘ = Fi/Gpoly)P(Gi = Fi/Gpoly)

= L2 PUXNG: = FifGoay) (3.

Since these are mutually exclusive and exhaustive possibilities for G; under our
model, we can normalize over the sum of all four to arrive at the posterior prob-
abilities. We call a polymorphism if the maximum of these posterior probabilities

corresponds to one of the bi-allelic alternatives.

We can also compute the posterior probability of a particular polymorphism level
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a given a chosen polymorphism F;/Gpoly:

P{{X;}|Gi = Fi/Gpoyy, level a)p,
P{X;}Gi = Fi/Gpayy)

P(level o|G; = F;/Gpoy, {X;}i) = (3.9)

Therefore, for called polymorphisms, we can also estimate the level a using the
MAP (Maximum a posteriori) estimate of the level for an inferred polymorphism
Fz/ Gpolyi

& = argmax,, po P({X;}G; = F;/Gpoly, level a) (3.10)

3.4.4 Parameter Learning with EM

Calling polymorphisms in the way described above requires knowledge of the param-
eters — the error probabilities for each context, the proportion of polymorphisms in
the population, and the probability distribution across polymorphism levels. Since
we do not know these a priori, we use an EM algorithm to simultaneously learn these
parameters and identify polymorphisms. In each iteration of the algorithm, we use
the current parameters values to compute the posterior distributions of the hidden
states as described above, then we update the parameters with maximum likelihood
estimates that use expected counts based on the posterior probabilities calculated

for the hidden states.

The parameter updates are given in the following equations, where N is the total

]W

m.m, 18 the set of genomic positions preceded on the Watson strand

number of sites,

by m1m2, and ]g’; . 15 the set of positions preceded on the Crick strand by nim; (i.e.
w

followed on the Watson strand by n$nt). z;, and xfn are the number of times

nucleotide 7 is represented in the base calls mapped to position ¢ on the Watson and
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Crick strands respectively. MY and M are the total number of base calls mapped to
position ¢ on the Watson and Crick strands respectively. All posterior distributions
are calculated with current parameter values 6%, pl, and E* (as explicitly expressed

in the equation for #(+1)).

D [E{# Positions matching the reference}

# of positions

N R ] o0ttt Et
_ Y PG F;\II{XJ}Z 0" pl, EY) (3.11)

This equation gives the expected number of positions matching the reference over
the total number of positions. Since a given position either matches the reference
or does not, the expected value at each position is simply given by the posterior

probability that the position matches the reference.

( )(t +1) E{#n basecalls in context n;7s13}

E
E{# All base calls in context 71213}

n1,1M2,7M3

(3.12)

Yieny, PGi=ns{X;})alh + Yo | P(GY = nsl{X;}i)xf,

11-M2

ey, P(Gi=ms{{X;})MY + 3 ,cpc  P(GY = nsl{X;}) M

Here we have the expected number of base calls n with context 77973 over the
expected number of total calls with context n1m9m3. The first sum in the numerator
gives the number of n base calls mapped to the Watson strand at positions preceded
by n17m2 on the forward reference strand, weighted at each position by the probability
that the genomic identity G; is n3. The second sum is the number of n base calls
mapped to the Crick strand at positions preceded by 7:7m2 on the reverse strand,
weighted at each position by the probability that the genomic identity G; is n§. The

sums in the denominator are the same, substituting the total number of base calls
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at each position for the number of 7 base calls.

(1) E{# Polymorphisms at level o}
E{# Polymorphisms}

Pa (3.13)

S Ya,., Pllevel a|Gi = Ri/Ghoy, {D;}:) P(Gi = Ri/Groy|{D;}:)
S Y6, P(Gi = Ri/Gyoy[{D;}:)

Here we have the expected number of polymorphisms at a specified level a0 over the
expected total number of polymorphisms. Again, since a given position is a poly-
morphism at level « or it isn’t, the expected value at each position is the probability
that the position is a polymorphism at level a. To get this value, we marginalize
over the three possible polymorphism types. The denominator can also be found
as SN (1 — P(G; = F|{D;},)), and is just the probability that the DNA does not

match the reference, summed over all positions.

We can initialize the algorithm using generic starting guesses for p, and 6, and
using error rates calculated for the matching PhiX lane as a starting guess for . For
each iteration of the EM algorithm, we compute the posterior probabilities of the
four possible genotypes, as well as the posterior distribution of the polymorphism
level. We then compute new parameter estimates based on these posteriors, and

iterate until the change in log likelihood falls below a threshold §.
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3.5 Results of SNP Inference

3.5.1 LoxP results and validation

We applied our algorithm to the LoxP dataset initialized with the corresponding
PhiX error rates, and we found a surprising number of polymorphisms relative to
the reference genome. The estimate for # was 0.9938, corresponding to about one
polymorphism every 161 nucleotides. Of the polymorphisms called, translations
(A« G and C «+ T') made up more about 53%, although they only represent one

third of all possible changes.

The estimated distribution over polymorphism levels, p,, is shown in Figure 3.9.
What we see is that only about 38% of the polymorphisms are fixed in the population,
while the rest are more or less evenly spread over polymorphism levels. A subset of
the estimated error rates is shown in Figure 3.10. We see fairly low error rates, on
average 0.0002, with the sort of variation we expect; the minimum error probability

is 5.4 x 107° for GGA — GGC and the maximum is 0.0007 for TTC — TTT.

In order to validate our polymorphism calls, we used Sanger sequencing to se-
quence randomly chosen 1.2 kB fragments of the genome. To choose these fragments,
we drew a random sample of 20 predictions, then took the regions spanned by 600
bases up and downstream of the chosen prediction. In each of these regions, we
filtered our predictions to those polymorphism calls which had posterior probability
greater than 99.9% and had probability less than 1% of having polymorphism level
a = 0.1. The second filter was put in place because very low-level polymorphisms
are difficult to detect using Sanger sequencing. These two filters together left us with

about 75% of the original predictions.
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Figure 3.9: EM estimate of p, for LoxP and ADARO datasets

This validation study actually caught an error in the preprocessing step of our
algorithm. Despite using a masked genome to limit the scope of our search to unique
sequence, some highly similar regions remained, leading to a fair number of false pos-
itives. The way we used the mapping software to map the DNA reads to the reference
did not adequately account for these highly similar regions across chromosomes. We
were able to fix the majority of these by adjusting our pre-processing step, after
which we saw a validation rate of 83%, with a 95% confidence interval of (0.76,0.90).
If we look at the individual regions in which we still call polymorphisms, most re-
gions validate at 100%, while two regions validate at around 50%. The reason for
these anomalies is unclear at this point, since they do not seem to be repetitive. One
last region in which we continue to see false positives is a repetitive element called
DNArep. We suspect that the reason for these particular false positives is that the
masked genome contains only some DNArep elements and not others, forcing reads

from the hidden elements to map to the visible elements.
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3.5.2 ADARO results

We also applied our algorithm to the ADARO dataset, initialized with its matching
PhiX error rates, and saw a similarly large polymorphism rate: 8 = 0.9948, or about
one polymorphism every 191 nucleotides. In contrast to the LoxP line however,
about 64% of the polymorphisms were fixed, as shown in Figure 3.9. Again, the
other levels were approximately equally likely. The learned error parameters for the
ADARO dataset have a mean of 9.7x107°, a minimum of 1.7x10~° for GGA — GGC,
and a maximum of 0.0003 for 7T'C’' — TTT. Notice that these are the same contexts
for which we had a maximum and minimum error rate for the LoxP dataset as well.
In fact, the error rates in the two populations have Spearman’s rank correlation
coefficient p = 0.81. The relationship between the ranked variables is shown in Figure
3.11, revealing a strong relationship between the qualitative effects of each sequence
context between the two datasets. This is further confirmation that sequence context
is playing a role in the error rates produced by the Illumina sequencing technology.
It also illustrates the potential overall variation from run to run of the Illumina
machine; the average error rate for LoxP is more than double that for ADARO, but

the relative contributions of each sequence context are roughly the same.

To compare ADARO and LoxP SNP calls, we first filtered the lists of calls using
the same criteria as in Section 3.5.1 to collect calls with high posterior probability
and moderate polymorphism levels. We also limited the lists to positions in which
LoxP and ADARO had at least 5 overlapping reads each. We saw approximately
52% of the LoxP SNPs in the ADARO, and approximately 55% of the ADARO SNPs
in LoxP. Interestingly, of the fixed ADARO polymorphisms also found in LoxP, 38%
were unfixed in LoxP. On the other hand, of the fixed LoxP polymorphisms also
found in ADARO, only 8% were unfixed in ADARO. This observation, along with
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Figure 3.11: Relationship between ranked error rates by context for LoxP and ADARO

the higher level of fixed polys in ADARO compared to LoxP, makes sense in light of

the way ADARO was generated; a small number of flies displaying the ADAR null

phenotype were isolated from the LoxP stock, resulting in an extreme population

bottleneck, which would have the effect of fixing previously unfixed polymorphisms,

or reverting them to the reference

3.5.3 Generic Initialization

Initialization with the error rates learned from matching PhiX runs leads to very fast

convergence, but not all facilities run a PhiX control lane every time. We suspected,

given the large amount of data and the relatively small number of parameters, that a

generic initialization would converge fairly quickly to the same parameters. Indeed,

initializing the ADARO dataset with error rates of 0.001 for all errors took about
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Figure 3.12: Comparison of p,, for different initializations of the EM algorithm

twice as long to converge, but gave nearly identical results. The average difference
in the converged error rates between the two initializations is 1.06 x 1071°, with vari-
ance 4.4 x 107, only 5 thousandths of the variance in error rates, 2.1 x 10~?. For
parameter 6, the difference in values between initializations is 5.95 x 1075, represent-
ing an extra 6 polymorphisms every million positions, a very low number considering
that we already expect over 6,000 polymorphisms in a million positions. The aver-
age difference in polymorphism level probabilities p, is 5.0 x 107!, with variance

1.02 x 107!, Figure 3.12 shows the converged values for p, for each initialization.

We see similar results for the LoxP dataset. With an initialization of all error
probabilities at 0.001 compared to initialization with the matching PhiX control run,
the difference in € is 6.89 x 1079, corresponding to an extra 6-7 polymorphisms every
million positions. The average difference in error rates is 1.6 x 1077, with a variance

of 6.2 x 1071, in contrast with a variance in error rates of 1.6 x 10~%. The average
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difference in polymorphism level probabilities is 1.4 x 10718 with variance 2.5 x 1075,

For each of these parameters, it seems quite likely that the differences would
continue to shrink upon further iterations of the algorithm, with increasingly strict
convergence criteria. This gives us increased confidence in two things: first, that our
EM algorithm is converging to the maximum likelihood estimates of our parameters,
and second, that initialization with a PhiX control is unnecessary, making our tech-
nique more broadly applicable for investigators who want to identify SNPs in their

laboratory populations.

3.6 Full Model

We now move to the full model, incorporating both DNA and RNA data in order to
infer the positions of both polymorphisms and editing events. Of course, the primary
motivation is the discovery of editing sites, but there is a secondary motivation as
well: the RNA provides us with more power to detect SNPs. This is especially useful

when the DNA coverage is relatively low.

For the most part RNA reads can be treated just as DNA reads, but there are
a couple of added features that we need to address. The first is one that we are
interested in for its own sake: the editing of RNA molecules changing select As into
Gs. Thus, in addition to SNPs and Illumina errors, we have a third process that can
effect what we see in the data. Of course, editing can occur at different levels, so
just as we modeled polymorphism levels in the DNA, we will need to model editing
levels in the RNA. The second difficulty with RNA is that a single RNA molecule

is transcribed from either the Watson or Crick strand. The consequence is that a
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position can only be edited if its genome has an A and the RNA was transcribed
from the Watson strand, or the genome has a T and the RNA was transcribed from
the Crick strand. The trouble is that we do not directly observe which strand was
transcribed, since cDNA is made from the RNA before amplification and sequencing,
so we must infer it. We make the assumption here that at any given position, only
one strand (either Watson or Crick) provides the template for all aligned base calls.
We also assume that each strand is equally likely, and that the strand at a given
position is independent from the strands at all other positions. The consequences
of these assumptions are discussed in Section 3.7.7. We aim to use this model to
infer the locations of polymorphisms as well as editing sites, while simultaneously
learning the error rates for each run (for DNA and RNA separately), the frequency
of polymorphisms, the frequency of editing events, and the distribution over the
levels of polymorphisms and edits. Note: for notational simplicity, 7" will be used
throughout the rest of this chapter to represent both a T" in the DNA and a U in
the RNA.

3.6.1 Prior Model

Suppose we have an A in the reference at position i. We assume 7 possible geno-
types on the Watson strand, G; € {A,C,G,T,A/C, A/G,A/T}, where A/C, A/G,
and A /T indicate unfixed polymorphisms, and C, G, and T indicated fixed polymor-
phisms. In the restricted model we grouped fixed and unfixed polymorphisms, but
the assumptions we make for the full model require treating these two cases sepa-
rately. We assign the following parameters: 6 is the probability of no polymorphism
(an A), as before. Given a polymorphism, w is the probability that it is fixed in

the population. Given a fixed polymorphism, each of the three possibilities (C,G,T)
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is equally likely with probability %, and likewise for the unfixed polymorphisms
(A/C,A/G,A/T). For the unfixed polymorphisms, we again let a be the proportion

of non-reference nucleotides, and « follows distribution p,.

We assume that editing events are only possible for two of these genotypes,
G; = A and G; = T, so that editing events at unfixed polymorphic sites are not
allowed under our model. Furthermore, an editing event is only possible in the
former case if the Watson strand is transcribed, and is only possible in the latter
case if the Crick strand is transcribed. Therefore, for these two genotypes, we assume
a % probability that the RNA was transcribed from each of the strands. We let hidden
variable S; represent the strand transcribed at position i. If (G; = A and S; = W)
or (G; =T and S; = (), then we let ¢ be the prior probability that position i is
an edited site, leading to A/G or T//C' in the RNA, respectively. We let 0 be the
level of editing, i.e. the proportion of A — G or T — C' changes, and ¢ follows
distribution ¢s. We use R; for the hidden variable representing the identity of the
RNA at position 7. This generative prior model is illustrated in Figure 3.13 for the
case in which the reference contains an A. Arrows in black have probability 1. For
example, given that the DNA has an unfixed polymorphic site at level a, the RNA
must have the same polymorphism at the same level . The two entries in green
show the possible editing events. Note that this model allows us to find potential
editing events even when the reference does not have an A (i.e. when there is a fixed

polymorphism to an A or a T).

This leads to the following prior probabilities on G; and R; (letting F; be the
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reference base at position i) for the case where there is an A in the reference:

1
P(G; = A, Ry = A/G, level §|F; = A) = 20645

1
PG, =T,R;,=T/C, level 0|F; = A) = 6(1 — O waogs

P(Gi= A R = AIF, = A) = 02— )

P(G; = C, Ri = C|F; = A) — %(1 O (3.14)

1

P(Gs = AJC, level a, R: = A/C, level a|F = A) %(1 —0)(1 — w)pa

P(G; = A/G, level a, R; = A/G, level a|F; = A) = %(1 —0)(1 —w)pa

1
P(G; = AJT, level a, R; = A/T, level a|F, = A) = §(1 —0)(1 — w)pa

All other possible combinations have probability zero.

If the base in the reference is not an A, the picture is similar. Take, for example,
the case where the reference contains a C. Then 6 is the probability that G; = C, each
fixed polymorphism A, G, T has probability %(1—6)w and each unfixed polymorphism
C/A,C/G,C/T has probability (1 — #)(1 —w). Conditioned on Gj, the rest of the
model is identical. editing events can only come from G; = A or G; = T', and unfixed
polymorphisms in the DNA must be present at the same level in the RNA. This case

is illustrated in Figure 3.14. The prior probabilities on G; and R; for a C' in the
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reference are thus given by the following expressions:

P(Gi = AR, = A/G, level 6|F; = C) — éu — O)wgs

1
PG, =T,R;,=T/C, level §|F; =C) = 6(1 — 0)waogs

P(Gi=AR = A|F,=C) = %(1 —O)w(2 - ¢)

P(Gs =T, Ri = T|F, = C) éu COw2—¢)  (3.15)
P(G;= G, Ri = G|F, = C) = %(1 )

P(G; = C/A, level a, R; = C/A, level o|F;, =C) = %(1 —0)(1 —w)pa

P(G; = C/G, level a, R; = C/G, level a|F; = C) = éu —0)(1 - wpa

1
P(G; =C/T, level a, R; = C/T, level a|F; = C) = 3(1 —0)(1 —w)pa

with all other possible combinations of GG; and R; having probability zero.

3.6.2 Likelihood Terms

As before, we will first focus on the inference of polymorphisms and editing sites for a
fixed set of parameters before discussing how to learn the parameters simultaneously
via EM. Of course, the inference of polymorphisms and editing sites requires the

computation of likelihood terms for each possible set of hidden variables.

Given G; and R; at a given position, we can calculate the likelihood of the data
using our error model. Since the DNA and RNA data come from different runs of the
[llumina machinery, we assume that the error rates may differ, but as before, both

DNA
error models depend on the sequence context of the base call. We let £, (N)
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Figure 3.14: Diagram of the prior model for a C in the reference

and E%%‘;‘WS(N ) be the probability of seeing base call N in sequence context 11773

in the DNA and RNA respectively.

Let {X;}; be the DNA reads mapped to position i, and let {Y;}; be the RNA
reads mapped to position i. We also use J" to index the DNA reads mapping to
the Watson strand, and J¢ to index the DNA reads mapping to the Crick strand.
Likewise, we define K" and K¢ to index the RNA reads mapping to the Watson
and Crick strands respectively. We also define an indicator variable € to be 1 if the
pair GG;, R; represents an editing event and 0 otherwise. Since the DNA and RNA
reads are conditionally independent given their source molecules G; and R;, we can

define and compute the likelihood as follows:

P{X;}i, {Y;}ilGi, Ri) = P({X; 1| Gi) P({Y 1| Ry €) (3.16)
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We will consider these two terms separately. The first term can take two different
forms, depending on whether G; is fixed or unfixed. If G; is fixed (N = A, C, G, or
T):

PUXHIG = V) = TT BB (%) TT BB e (X (317
jeJw jeJc

Where superscript C' on a nucleotide (i.e. Fj5) denotes complementarity. If G; is
unfixed with reference nucleotide N, and alternative nucleotide Ny at level a, then

the probability of the DNA reads is given by the following (as in the restricted case):

P({Xj}z‘Gl = Nref/Nalt7 level Oé) =

H [(1 - O‘>E1*I?E§Fi71,Nref(Xj> + OéEgEiFFLNau <XJ)]

jeJw
< T la- a)EFDéijgl N (X5) + aEIF%ija e (X)) (3.18)
jeJe

Therefore, the probability of the data given polymorphism Nyet/Nyy is:

P({X;}i|Gi = Neet/Naw) = Y o P({X;}i|Gi = Nuet/Nax, level ) (3.19)

We can now move to the likelihood term involving the RNA reads. There are
three possibilities: that the RNA is fixed, that there are two nucleotides present due
to a polymorphism (e = 0), or that there are two nucleotides present due to editing
(e = 1). Note that we do not allow for both bi-allelic possibilities simultaneously.
The likelihoods for the first two possibilities are nearly identical to the DNA case:
If R; is fixed:

P{Y}ilR: = N) = [] E& % v ] B pe ye(Y5) (3.20)

42" 4410
jEKW jeEKC
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If R, is an unfixed polymorphism at level a (¢ = 0):

P<{Y3}Z’RZ = Nref/Na1t7 € = 0, level Oé) =

H [(1 o a)ER’Nf;FFLNref(Y}) + QEETQFFLNm(Y})]

JEKW
<TI0 - B ey (V) +aB2 e o ()] (321)
jeEKC

So for an unfixed polymorphism N,e/Nay, the probability of the RNA data is

P({Y;}ilR; = Neet/Naw, € = 0) = > pa P({Y;}i| Ri = Nyet/Nayi, € = 0, level )

(3.22)

Finally, given an editing event [(G; = A and R, = A/G) or (G; =T and R; =
T/C)], we deal with errors the same way we deal with polymorphisms: each read has
probability 0 (instead of ) of coming from the edited nucleotide Ny, and probability
1 — ¢ of coming from the genomic nucleotide Ny, a priori. If the editing is at level

0, the probability of the data is:

P({Y;}i|R; = N1 /Ny, e = 1,level §) =

I (=B (V) 40BN, (V)]

jEKW
< T =B ve, wie (V) + 0ERE pe e (V) (3.23)
jEKC

Therefore, the probability of the data over all possible editing levels is given by:

P({Y}}ARl = Nl/NQ, € = 1) = ZQ5P({}/}}Z|RZ = Nl/NQ,E = 1,16V€1 5) (324)
4
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3.6.3 Inference of Hidden States

Similar to the way in which we inferred polymorphisms in the restricted model, we
infer the sites of polymorphisms and editing events by computing the posterior dis-
tributions of each possible pair of hidden variables (G;, R;). If the most probable
pair represents an editing event or a polymorphism, then we make the correspond-
ing prediction. Bayes’ rule again lets us compute the posterior probability of each

(G, R;) pair:

P(Gi, Ri{X;}i, {Y; }i, ) o< P({X;}i|Gi) P({Y] 1| Ri, €) P(Gi, Ri| F) (3.25)

Normalizing by the sum over all pairs gives us the proper posterior probabilities.

Given a particular polymorphism N,et/Nay, the un-normalized probability of a

particular level « is given by:

P(level Oé|{Xj}i, {)/]}27 Gz = Nref/Nalt,E = 0) XX

P({Xj}i7 {Yj}Z|GZ = Nref/Nalta level a)Pa (3-26)

Likewise, the probability of an editing level ¢ for an appropriate N;/Ny (A/G or
T/C) is given by:

P(level (5|{XJ}1, {Y}}z;Gz = Nl,Ri = Nl/NQ,E = 1) 0.6

P({XJ}Z, {Y]}1|G7, = Nl, Rz = Nl/NQ, level (5)(]5 (327)

In each case, normalization by all possible levels yields the proper posteriors.

We can also compute the posterior probability that each position was transcribed
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from either the Watson or Crick strand in the case where G; = A or GG; = T, which

will be necessary for the parameter updates:

P(S; = Wat|G; = A, {Y}}) %[(1 — )PV} Ri = A) + oP({Y; 1| = A/G)]

P(S: = CrilG: = A, {¥;}) o« s PUY;) R = A) (3.28)

P(S; = Cri|G; = T, {Y}}) %[(1 —o)P{Yj}|R: =T) + oP({Y;}[R: = T/C)]

P(S: = WatlG, = T {¥;)) o S PUY;} R, = T) (3.20)

3.6.4 Parameter Updates

Parameter Updates are also handled in a similar way as before, but with a few new
parameters to learn: w, the probability that a polymorphism is fixed, ¢, the edit
rate, E®NA the error model for the RNA reads, and g;, the distribution over editing
levels. As before, we also learn 6, the polymorphism rate, EPN4, the error model
for the DNA reads, and p,, the probability distribution over unfixed polymorphism
levels. Of course, the expected values that we use to update these parameters are
based on both the DNA and RNA data combined. These updates are given in the
following equations, letting N be the total number of genomic positions, xZVN and
ng being the number of DNA N basecalls mapped to position ¢ on the Watson

and Crick strands, respectively, and yf‘]’\, and ny as the number of RNA basecalls

mapped to position 7. We use D; as a shorthand for all of the data at position ¢,

{X5 s {Y he



86

E{# Polymorphisms} >, P(G; # F|D;)

. ~ N (3.30)
. E{# Fixed Polymorphisms} _ > i > omir, P(Gi=n|Dy) (3.31)
“ E{# Polymorphisms} Y. P(G; # Fi|D;) '
b E{# Editing events}
E{# Transcribed As}
Y, P(Gi= AR, = A/G|D;) + P(G; = T, R; = T/C|D;) (3.32)

5. P(G; = A, 5; = Wat|D;) + P(G; = T, S; = Cri|D;)

~ S2P(S; = Wat|G; = A, D;)P(G; = A[D;) + P(S; = Cri|G; = T, D;)P(G; = T|D;)

[E{# Polymorphisms at Level a}

3.33
Do = [E{# Unfixed Polymorphisms} (3:33)
22 2z, P(Gi = Fi/n|Dy)
0 <_IE{# Editing Events at Level ¢} (3.34)

E{# Editing Events}

+ P(level §|D;, G; = T, R; = T/C)P(G; = T, R; = T/C|D;)




87

DNA () o E{# DNA basecalls N in context 7,773}
s [E{# DNA basecalls in context n;msn3}

Yieny, P(Gi=msDi)wily + 3 icre  P(Gi =15 D)y

— 1112

- e, PG —nle)(ZN W) T Xiere, P(Gi=n§|Di) (X xfg)

1112 nn2

E{# RNA basecalls N in context n;7sn3}

EpNA (N)
(V) E{# RNA basecalls in context 1173}

n27M3

(3.36)

Zze]w - P(R; = n3|D; )%N + Zzelc P(R; = 773C|Di)ygN

— M2

B ZzGIW P(R; = n3|D; )(ZN yi,N) + Ziejncm P(R; = 77§|Di)(ZN yZCN)

We use EM to compute the posterior probabilities of each (G;, R;) pair, then
update the population parameters, iterating until convergence. Given the set of
parameters after convergence, we can infer the most probable (G;, R;) pair at each
position . We call a polymorphism if G; does not match the reference Fj, and we

call an editing event if (G;, R;) = (4, A/G) or (T,T/C).

3.7 Discussion

3.7.1 Duplicate Reads and Coverage

The Ilumina sequencing technology depends on a polymerase chain reaction (PCR)
step to amplify the DNA or cDNA to be sequenced. This can result in multiple reads

representing the same source molecule, referred to as “PCR duplicates.” These
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duplicates provide independent information about sequencing errors, but do not
provide independent information about polymorphisms or editing sites, and thus
lead to inappropriately large sample sizes for inferring these phenomena. This is
potentially further complicated by the use of a restriction enzyme in the initial
processing of the DNA. Restriction enzymes typically have sequence preferences for
cleavage, which lead to a bias in which fragments are made and eventually sequenced.
As a result, it is difficult to distinguish between two reads that came from the same
source molecule and two reads that came from different source molecules cut at the
same place by the restriction enzyme. In the latter case, unlike the former, the
reads do provide independent information about polymorphisms. The restriction
enzyme used for the experiments discussed here, dsSDNA Fragmentase (NEBNext®),
is advertised to be unbiased, but our preliminary experiments suggest that this may
not be the case. In future experiments, a different process called sonication will be
used to shear the DNA with sound energy, removing the need for enzymes which can

have sequence biases.

The issue of PCR duplicates, however, will still remain. Tools exist to remove
reads with identical coordinates, but this leaves us with fewer independent obser-
vations of the sequencing technology, and thus could lead to different parameter
estimates and polymorphism calls. We tested this with our LoxP dataset, which has
a moderate number of duplicates, as shown in the coverage plot in Figure 3.15 which
displays a histogram of the base call depth at every unique position in the genome.
We do indeed see slightly different parameters; the average original error rate is
0.00021, about 1.2 times the average error rate with duplicates removed, 0.00017,
and 6, the prior probability of a genomic match is 0.9929 and 0.9931 with and with-
out duplicates, respectively. This translates to a small change in the polymorphisms

called by the algorithm. About 98% of polymorphisms called from the dataset with-
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Figure 3.15: Coverage of LoxP DNA, chromosome 2L, with and without duplicates

out duplicates are also called from the dataset with duplicates, and about 95% of

those called with duplicates are also called without duplicates.

The difference is also quite small for the ADARO dataset, which has fewer dupli-
cates, as illustrated in the coverage plot in Figure 3.16. Here, the average original
error rate is 9.7 x 107°, about 1.4 times the average error rate with duplicates re-
moved, 6.8 x 107°. The difference in values for 6 is 2.8 x 107%, and the polymorphism
calls in each case are nearly identical: 98% of those called in one set are also called

in the other.

3.7.2 Choice of Alignment Software

There are many different software packages designed for aligning short reads to a

reference genome. Among the better known are Bowtie [38], BWA [140], Novoalign
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Figure 3.16: Coverage of ADARO DNA, chromosome 2L, with and without duplicates

(Novocraft), and Stampy [145]. For mapping DNA reads, we chose BWA, because
it allows insertions and deletions in alignments. Because our algorithm takes the
alignments of reads as given, changes in alignment software, or in the software set-
tings, could potentially cause changes in the downstream parameter estimates and

polymorphism calls.

For aligning RNA reads to the reference, we have to be a bit more careful than
with DNA reads. Since many processed RNAs are spliced, and thus constitute
discontinuous regions of the genome, RNA reads that span exon-exon boundaries
will likely fail to be mapped. To address this issue, we will need to use splice-aware

mapping software such as TopHat [172].
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3.7.3 Repetitive Regions

Until this point, we have restricted ourselves to looking for polymorphisms and edit-
ing sites in unique regions of the genome. This has allowed us to take the alignments
of reads to a reference genome as given, since a sequence of length 50 from a unique
region is unlikely to map well to more than one place (there are approximately 103
possible sequences of length 50, many orders of magnitude more than the number of
nucleotides in the Drosophila genome, about 10%). However, repetitive regions will
be of interest in some applications, and are of particular interest to us in the study
of ADAR and its interaction with the RNA interference pathway and transposon
activity. As previously mentioned, long double-stranded RNAs made from repetitive
sequences are used to silence other members of the same repetitive sequence family
around the genome. ADAR interferes with this pathway, resulting in lower levels of

silencing, and encouraging the activity of transposons [116].

To adapt our methods to repetitive sequence regions, we can no longer take
alignments as given, and the source of a given read must become an additional hidden
variable. Roughly, we would compute the probability that a read came from any one
position using a “conditional aligner,” an algorithm based on a hidden Markov model
developed in our group with repetitive sequences in mind, which capitalizes on the
fact that even highly repetitive sequences can be differentiated by the occasional
SNP. Given each assignment for a particular read, the rest of the model would give
the probability of the data, from which the hidden DNA and RNA sequences could
be inferred. This version of the model would likely benefit from reads longer than

50 nucleotides, and from paired-end reads.
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3.7.4 Parametric Model of p,

We currently model the distribution over polymorphism levels a with a discrete dis-
tribution, learning a parameter for each polymorphism level

a € {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9, 1}. Alternatively, we could adopt a para-
metric model such as a beta distribution to describe the probability of any poly-
morphism level between 0 and 1. The beta distribution would be a natural choice,
given that it is a flexible distribution over the interval [0,1]. The goal would then be
to infer the parameters of this beta distribution. We might consider treating fixed
polymorphisms separately, as we do in the full model, so that the beta distribution

would give us the probability of an unfixed polymorphism at level a € (0, 1).

3.7.5 Modeling Errors

We chose to model the sequencing errors based on sequence context, but there are a
few other factors known to affect error rates: the factors typically considered are the
quality score given by Illumina, and the “cycle” of the base call, how far along the
read the base occurs, with errors tending to crop up in the first few positions and in

later cycles [59, 69]. We can examine each of these effects using PhiX control runs.

The cycle effect is shown in Figure 3.17, which displays the average error rate
for base calls in each of the 50 read cycles. The error rates in purple are for the
original PhiX dataset, and those in blue are the errors after we apply our quality
filter, disposing of any read that contains base calls with quality below 30. By
imposing this restriction, the effect of cycle is greatly reduced, especially for late
cycle base calls. The first few cycles still contain relatively high error rates, but in

processing the data for EM, we throw out the first two base calls of each read since



93

0.0025

mmm  No Quality Cutoff
mm Quality Cutoff = 30

0.002

0.0015

0.001

0.0005

Average Error Rate

Cycle

Figure 3.17: Average error rate by read cycle for PhiX control run, with and without quality
cutoff

we do not have full 3-nucleotide sequence contexts for those positions. Nevertheless,
a dependence on cycle could improve our algorithm, and would be relatively simple
to implement by learning an error model like the one we learn now for each of
the 50 cycle positions. This would take us from 256 error parameters to 12,800.
Alternatively, we could model three difference cycle categories, beginning, middle,

and end, for a total of 768 parameters.

Figure 3.18 displays the average mismatch rate by the reported quality score for
a PhiX control run, and Figure 3.19 zooms in on those qualities above 30. We see a
general, yet imperfect trend towards lower error rates with higher quality scores, and
once we reach a quality score of 30, we see errors that are orders of magnitude less
frequent than those at lower qualities. This supports our decision to use our strict
quality cutoff. Even above quality score 30, however, errors continue to decline as
quality score increases. This suggests that we may want to include the quality score
as a variable in the future. As with the cycle variable, implementation would be
relatively straightforward; we could learn a context-and-cycle specific error rate for

each quality score, or for binned quality scores to reduce dimensionality.
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Given the large amount of data that Illumina provides, estimating this many
parameters would likely be feasible, but it might not improve our model noticeably.
One possible exception might be the inclusion of cycle-specific parameters in cases
where a preliminary PhiX study shows spikes at particular cycles. This was some-
thing we noticed in a couple of PhiX runs, possibly indicating that something in the
sequencing machinery went slightly awry for those particular cycles. If this effect is
compounded by the generation by restriction enzymes of reads with the same coor-
dinates, this could likely lead to false positives. Modeling cycle-specific error rates

would adequately control for this.

3.7.6 Modeling SNPs

In the current model, we learn a single common probability for each possible type
of polymorphism, A — C', C — G, T'— A, etc... There is no reason, however, that
we cannot learn different mutation rates for each type, or for general categories of
mutations. For example, the exchange of one purine (A or G) for another, and the
exchange of one pyrimidine (C or T) for another, known as “transitions” are known
to be more frequent than “transversions,” substitutions from purine to pyrimidine
and vice versa [133, 130] Indeed, we see this trend in our own polymorphism calls.
This is partially due to the fact that transitions are more likely than transversions
to result in “silent” substitutions, which do not result in an amino acid change, and
are therefore less likely to be removed through selective pressure. A revised model
of polymorphisms could learn three parameters in place of the one parameter 6 that
we currently learn: 67, the probability of no polymorphism, 65, the probability of a

transition, and #3, the probability of a transversion.
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3.7.7 Model Assumptions

We make a few assumptions in the full model in the interest of computational sim-
plicity that are worth a closer look. We assume that at any given position, only
one strand (either Watson or Crick) provides a template for the RNA. Given recent
evidence of pervasive transcription across the genome [124], this assumption is likely
incorrect, however we also assume that that the strand at a given position is inde-
pendent from the strands transcribed at all other positions. While this is also not the
case, since RNAs span many positions, this assumption has the effect of mitigating
the first. The issue of which strand is transcribed only applies to positions in the
genome with either an A or a 7', only one of which can happen at a given time.
If it happens that both strands are transcribed over a region containing edited As
on both the forward and reverse strands, then at each position, we have the free-
dom to choose the strand containing the A without being biased by the fact that a
nearby edit position came from the other strand, as we would without the strand

independence assumption.

We make these assumptions because of the loss of strand-specific information
through the generation of a cDNA library. However, some protocols generate strand-
specific RNA reads, in which case neither of these assumptions is needed. In such a
situation, the strand that the RNA read maps to represents the actual sequence that
was in that RNA before it was turned into cDNA. Given strand-specific reads, we
do not need to infer the strand transcribed at each location, so our model becomes a
bit simpler, and we deal with the strand-specificity of ADAR at the read generation
step of the model, instead of within the prior model. The changes to the model given

strand-specific reads are described in Appendix E.

Our independence assumptions go past the transcribed strand. We also assume
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that the random variables GG; and R; at each position are independent of those at
other positions conditioned on the reference sequence. This means that we take the
probabilities of both a polymorphism and an editing event to be constant across the
genome and transcriptome. However, polymorphisms are known to cluster in both fly
and mammalian genomes in areas called “hotspots” [161, 30, 32], and ADAR binding
sites are also known to cluster, with many targets in a single transcript, and many
transcripts with no targets at all. A more complicated model could attempt learn
the locations of these clusters via a hidden Markov model (HMM), or might model
the probability of a polymorphism or editing event as a function of the probability
of the corresponding event at previous positions. As it stands, our model will be
conservative, possibly failing to call true events, but will be less likely to make false

positive predictions.



CHAPTER Four

Inferring Secondary Structure from Multiple Related

Sequences

4.1 Motivation and Background

It has long been appreciated that secondary structure plays an important role in
the function of many RNAs. Furthermore, this functional importance means that
structure is often conserved across multiple related RNAs, even when the sequence
may not be. Understanding RNA secondary structure can help us understand cel-
lular processes; predict RNA-DNA, RNA-RNA, and RNA-protein interactions; and
identify members of RNA families that perform similar functions or are regulated in
the same way. Accordingly, much work has been done to try to predict RNA sec-
ondary structure both for single sequences and for multiple related sequences. The

algorithm described in this chapter, RNAG, finds a consensus structure from a set of

98
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related, unaligned RNA sequences using a blocked Gibbs sampling algorithm, out-
performing other structural prediction methods. The work described in this chapter
was published in Bioinformatics in 2011 [176] and was presented at the American

Society for Microbiology conference on regulating with RNA in bacteria in 2011.

4.2 Secondary structure prediction

At the most basic level, to infer the secondary structure of an RNA is to determine
the set of base pairs that are present. Figure 4.1 shows two ways in which this
base-pairing information is commonly displayed. A shows the structure in diagram
format, which gives an idea of what the RNA looks like in two dimensions by bringing
base-paired positions in proximity and connecting them. B shows the structure in
circular format, focusing more directly on the set of base pairs that are present by
representing the sequence on the outer circle and drawing arcs to connect paired

bases.

Most folding algorithms impose two constraints; one is a physical restriction, and
the other is artificial, but necessary to make computation feasible for sequences of
even moderate length. For a sequence of length N, let I; ; be an indicator variable
that is 1 if bases ¢ and j are paired, and is 0 otherwise. Then the two constraints
are as follows:

o Vi: YN I, <1

j=14%.]

0ifi<j<]€<li]ijk[j,l:0

The first constraint says that any position may pair with at most one other position.
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Figure 4.1: RNA secondary structure diagrams for Human tRNA

The second prevents so-called “pseudoknots,” represented in the circular representa-
tion format as crossing arcs. Pseudoknots are not prevented from forming in actual
RNAs, but most folding methods rely on dynamic programming algorithms, for

which this constraint is necessary.

4.2.1 Single sequence

The first widely-accepted structural prediction algorithm, Mfold [184], uses thermo-
dynamic parameters to evaluate the energies of small-scale structures like base pairs
and stem loops, then employs a dynamic programming algorithm to compute the
folding energy of whole sequences by recursively computing the energies of substruc-
tures, using a backtracing step to find the complete structure with the minimum free
energy (MFE). Similarly, RNAfold [57] uses dynamic programming to predict the
MFE structure. There is a significant downside, however, to relying on the MFE,

which is a result of the high-dimensional space in which the prediction lives. In such
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a space, even the most probable structure will likely have extremely low probability,
and there is no principled reason why such a structure should be representative of
the posterior-weighted space of structures [12]. To remedy this problem, other algo-
rithms look for structures that are somehow representative of this posterior space.
Sfold [18, 20] draws statistically representative structures from the posterior space,
then uses a large set of sampled structures to compute a “centroid” estimate, the
structure that minimizes the total base pair distance to all other structures. The
centroid is also the closest valid structure to the posterior mean [12]. To further
characterize the posterior space, Webb-Robertson et al. [174] introduce Bayesian
credibility limits based on hamming distance that can characterize the uncertainty
associated with an estimate such as the centroid. An alternative approach is taken
for CONTRAfold [23], which relies solely on a discriminative probabilistic model in
place of the thermodynamic model used in both Mfold and Sfold. They introduce
the maximum expected accuracy (MEA) estimator, which allows a user-defined pa-
rameter 7 to specify the relative weights of correctly paired and unpaired positions
in the definition of “accuracy,” then finds the structure that maximizes this accuracy
under the distribution of structures conditioned on the sequence of interest. Hamada
et al. [86] refine this idea and introduce the v-centroid, the structure that maximizes
the expected value of YT'P+T'N, where T'P and T'N are the number of true positive

and true negative base pairs, respectively.

4.2.2 Multiple sequences

When multiple sequences are thought to have a common, or “consensus” structure,
the task of inferring this structure is in some ways easier and in other ways more

difficult. It is easier because of the addition of comparative sequence information;
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even early on, it was acknowledged that a single sequence alone was inadequate for
predicting structure with much confidence [184]. The difficulty, however, comes in

the form of an extra set of unknowns: the alignment of the multiple sequences.

Some algorithms avoid this issue entirely by starting from a fixed alignment. Most
of these take advantage of sequence covariation, positions in the multiple sequences
showing compensatory mutations, thereby indicating the presence of conserved base
pairs. Gutell et al. [100] capitalize on this by computing the mutual information
between two alignment columns, which can be interpreted as a log likelihood ratio for
which statistical significance can be calculated. Cary and Stormo [13, 60] propose a
graph theoretic algorithm which finds the set of base-pairing interactions maximizing
the sum of mutual information, with the added benefit of allowing pseudoknots.
Pfold [135, 136] uses a stochastic context free grammar together with a phylogenetic

mutation model to compute a MAP estimate of the consensus structure.

Other algorithms incorporate the thermodynamic energy model to improve pre-
dictions. One such algorithm, KNetFold [7], uses a hierarchical network of k-nearest
neighbor classifiers to predict whether two alignment columns form a pair in the
consensus structure based on features including mutual information and the MFE
structures predicted for each sequence by RNAfold [57]. An extension of Pfold, PET-
fold [165] uses thermodynamic parameters to find the structure that maximizes the
expected combined accuracy of the consensus structure with respect to the Pfold
model, and the individual sequence structures with respect to the energy model.
RNAalifold [127, 107] modifies the recursions of the traditional thermodynamic en-
ergy model by replacing the pairing energy with a linear combination of the pairing
energy and a base-pair conservation score. RNAalifold finds the centroid structure,

and allows for stochastic backtracing for drawing representative sample structures.
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Many algorithms also exist for multiple sequence alignment, including Clustal
[96] and ProbCons [42], the latter of which takes advantage of the maximum ex-
pected accuracy alignment to avoid the pitfalls of maximum likelihood estimators.
Neither of these algorithms, however, takes advantage of any structural knowledge,
which can substantially improve alignment accuracy [151]. One method for inferring
a multiple sequence alignment in a structure-aware manner involves folding each se-
quence individually, then comparing pairwise structures, building up to a multiple
alignment using a library of weighted alignment edges [166, 119]. Another approach
uses a covariance model (CM) [24], an extension of the probabilistic context-free
grammar in which each node corresponds to an alignment column instead of a sin-
gle nucleotide. Covariance models are implemented in the Infernal software package

[152].

Of course, a reliable consensus structure depends on a reliable multiple align-
ment, and vice versa. Thus, the task of simultaneous alignment and folding of a
set of unaligned sequences is a difficult one. Many strategies have been proposed;
a popular class of algorithms is based on one by Sankoff [163] which uses a com-
putationally intensive dynamic programming algorithm that is impractical in most
situations. Modifications to the Sankoff algorithm include Foldalign [125], LocARNA
[104], Murlet [55], and RAF (RNA Alignment and Folding) [22]. Other algorithms
avoid having to simultaneously address structure and alignment by iterating between
the two. Eddy and Durbin [24] use covariance models to iteratively update the align-
ment and consensus structure via expectation-maximization. CMfinder [180] extends
this idea to RNA motif-finding. Others use Markov chain Monte Carlo methods, in-
cluding SimulFold [149], which samples from the joint posterior distribution of RNA
structures, alignments, and phylogenetic trees, and MASTR [143], which uses sim-

ulated annealing to minimize a cost function that considers sequence conservation,
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covariation, and base-pairing probabilities. Another approach, RNA Sampler [178],
iteratively samples aligned stems based on a stem conservation score, then updates

the conservation scores based on the samples.

Gibbs sampling, introduced by Geman and Geman [118] is a Markov chain Monte
Carlo (MCMC) procedure useful in situations where the conditional probability of
each random variable given the rest is considerably easier to compute than the joint
probability over all random variables. In the case where sets of random variables can
be sampled together instead of individually, convergence is guaranteed in as few or
fewer iterations [144]. This “blocked” Gibbs sampling strategy will translate to an
improvement in computational expense as long as efficient methods exist for sam-
pling each block of variables. What we introduce here is a blocked Gibbs sampling
procedure that iteratively samples a consensus structure given a multiple alignment
and vice versa. We then use representative samples to characterize the posterior

space via hierarchical clustering and ~-centroid estimators.

4.3 Methods

4.3.1 RNAG

Let A represent a multiple alignment of sequences ), and let S be their consensus
structure. Our ultimate goal is to draw samples from the joint posterior distribution,
P(A,S|Q). RNAG achieves this goal by iteratively sampling from the conditional
probabilities P(S®|A!Y Q,64) and P(AD|S® Q,0,) at iteration ¢, where Og
and ©4 are parameters involved in the structure and alignment sampling steps,

respectively. We use RNAalifold [107] and the Infernal package [152] to carry out
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each of these steps, and we find an initial multiple alignment from the unaligned

sequences () using ProbCons [42]. The algorithm proceeds as follows:

1. Initialize: create a multiple sequence alignment A©® with ProbCons
2. Iterate:

a) Sample S® from P(S®|A®Y Q,04) with RNAalifold, with default co-

variation weight Og

b) Use cmbuild from the Infernal package to design a covariance model based

on A1 and S®| learning parameters © 4 via EM

c) Use cmalign from the Infernal package to sample a multiple alignment

according to P(AD|S® Q,0,)

This algorithm uses RNAalifold and Infernal, but in theory, any algorithm that prob-
abilistically samples from one of the conditional distributions could be substituted.
We chose these two because there are few algorithms that permit statistical sampling
from the posterior space. We chose ProbCons for the initial alignment step based
on a preliminary study using a dataset from Kiryu et al. [55] in which ProbCons
out-performed ClustalW [96]. Note that this is not actually a fully Bayesian proce-
dure: instead of sampling the model parameters © 4 from a conditional probability
distribution given A and S, we use EM to optimize them. RNAG is available as a

web service at http://ccmbweb.ccv.brown.edu/rnag.html.

4.3.2 Centroid Estimators

By nature, the RNAG algorithm allows for sampling of secondary structures, which

can be used to characterize the posterior space. Since convergence is difficult to
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assess, we allow for a burn-in period of 1,000 iterations, after which we draw samples.
From 1,000 sampled structures, we compute empirical base pair frequencies from
which centroid estimators [18] can be built. We also compute 95% credibility limits
around the centroid estimators as in Newberg and Lawrence [153], interpreted as the
radius of the smallest hypersphere centered at the centroid estimate and covering

95% of the posterior weighted space.

We can also use the samples to assess the bias-variance tradeoff inherent in pre-
dictions using finite data. Using hamming distance as our measure, which for binary
variables is equivalent to squared-error distance and p-th power error distance [12],
we measure bias (with respect to a reference structure) and variance using the cen-
troid structure in place of the mean, since the mean is unlikely to be a valid secondary

structure, and the centroid is the valid structure that is nearest to the mean.

We also calculate y-centroid estimators [86] to explore the performance of RNAG
over a range of sensitivities and positive predictive values, and compare this perfor-
mance to other structural prediction methods. Given a reference structure, we let
TP, TN, FP,and F'N be true positive, true negative, false positive, and false neg-
ative base pairs, respectively. Then sensitivity (SEN) and positive predictive value

(PPV) are defined as follows:

TP
EN = —— 4.1
S TP+ FN (4.1)
TP
PPV = —— 4.2
v TP+ FP (42)

Note that as we include more base pairs in a prediction, we will improve sensitivity,
but PPV will suffer. Following Do et al. [22], we average the PPV and sensitivity

for each sequence, weighting all sequences equally. By varying v € {2¥: —5 < k <
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10} U {6} as in Hamada et al. [123], we can linearly interpolate a curve on the
PPV-SEN plane and calculate the area under the curve as a qualitative measure of

performance.

4.3.3 Clustering Analysis

We looked for clusters of structures in the posterior-weighted space, as often the en-
semble of structures can be partitioned into distinct classes [20]. Following Hamada
et al. [86], since comparison of consensus structures may be ambiguous, we mapped
the consensus structures directly onto the individual sequences, then applied hier-
archical clustering as in Ding et al. [19] using the Diana method [131] and the CH
index [11] to determine the number of clusters. To assess how well separated clusters

are, we use the following separation index:

D

g—_ =
C1+ Gy

(4.3)

where D is the hamming distance between the centroids of two clusters, and C}
and Cy are the 95% credibility limits around the cluster centroids. We say that
the clusters are well separated if S > 1, indicating that no more than 5% of the

structures from one cluster are within the 95% credibility limit of the other.
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Figure 4.2: Comparison of secondary structure prediction methods on MASTR dataset

4.4 Results

4.4.1 Accuracy comparison

We compared RNAG with other structure prediction algorithms on two datasets, one
from Lindgreen et al. (MASTR) [143] and one from Gardner et al. (BRAIIBASE II)
[94]. Structure predictions from other algorithms were given by Do et al. [22]. Both
datasets consist of sets of sequences from RNA families in the Rfam database [103],
so PPV and SEN results are averaged over the families. In both cases, reference
structures were provided along with the datasets. Figure 4.2 shows the relative
performance of RNAG on the MASTR dataset, and Figure 4.3 shows its relative
performance on the BRAIIBASE II dataset. In addition to the algorithms tested by
Do et al. [22], we also tested CMfinder [180], run with default settings, even though
its primary purpose is motif finding. CMfinder is also capable of predicting global

structure, so we included it because of its algorithmic similarity to RNAG.
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Figure 4.3: Comparison of prediction methods on BRAIIBASE II dataset

Other prediction methods consistently fall beneath the RNAG frontier, indicating
that RNAG is providing a better trade-off between sensitivity and positive predictive
value, offering more accurate predictions overall. Unsurprisingly, this is not the case
100% of the time; if we separate the four Rfam families in the BRAIIBASE II dataset,
13 out of 16 predictions are beneath the RNAG frontier, one lies on the frontier, and

two are above, as shown in Figure 4.4.

4.4.2 RNAG performance characteristics

We used a third benchmark dataset curated by Kiryu et al. [55] to explore various
aspects of RNAG. The dataset contains 85 reference alignments of 10 sequences each,
representing 17 RNA families from the Rfam database [103]. Sequences ranged from

51 to 291 bases long, and sequence identity within families ranged from 40% to 94%.
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We first looked at the effect of the number of input sequences on accuracy, as
measured by the area under the interpolated PPV-SEN curve, as well as bias, vari-
ance, and credibility limits. For 2 < N < 10, we drew 10 random sets of N sequences
from each of the 85 reference alignments, and averaged the results from RNAG over
the 10 runs. For N = 10, we ran RNAG once for the 10 sequences in each of the
reference alignments. The results are in Table 4.1. Unsurprisingly, we see that as
the number of input sequences increases, the structural predictions improve across
the board, with diminishing returns as the number of sequences nears 10. This is
further illustrated in Figure 4.5, which displays the average PPV-SEN curves for 2,
4, 6, 8, and 10 input sequences. From the table, we also see that the credibility
limits shrink as we add additional sequences, as do bias and standard deviation.
Finally, by looking at the number of the 1,000 sampled structures falling in the first
and second clusters, we see that in general we are able to capture about 90% of
the posterior-weighted space in just two clusters. When different sequence families
are addressed independently, we find that the accuracy gains are greater for families
with lower sequence identities, reflecting the fact that the additional sequences are

providing valuable covariation information for the algorithm to capitalize on.
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Figure 4.5: Improved PPV-SEN curves with increasing number of input sequences. Curves are
shown for the ensemble centroids.

We learn more about the performance of RNAG and the characteristics of RNA
families by evaluating RNAG on the families individually, as shown in Table 4.2.
First, there is considerable variability in the under-curve areas and biases, which
indicates that the accuracy with which we are able to predict the reference struc-
ture varies for different families. Figure 4.6 shows a strong correlation between bias
and under-curve area, with larger bias associated with smaller area, both reflecting
decreased accuracy. Second, the results of RNAG are more precise than they are
accurate. The 95% credibility limits are small, indicating that clusters are tightly
compact around their centroids, while the biases are larger than these limits. Finally,
for 11 families, there are two well-separated clusters (with separation index > 1), a
further reminder that point-estimate prediction methods with no analysis of uncer-
tainty will risk missing large portions of the posterior-weighted space of structures

for these families.
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4.5 Extension to RNA motif finding

While RNAG looks for the global sequence and structural characteristics common
to a set of sequences, often RNA structural signals are local. Many RNAs involved
in regulation contain short structure and sequence motifs, existing as substrings of
longer RNA transcripts. One example is the riboswitch, located in the 5° UTR of
particular genes, which changes conformation based on the absence or presence of a
ligand, thereby regulating the expression of its own downstream gene [179]. Another
example is the CRISPR array, a set of near-identical stem loops nested between

unique spacer regions, that play a crucial role in the bacterial immune system [147].

Finding multiple instances of a substring common to a set of sequences is known
as the motif-finding problem, which has been very well-studied for sequence patterns
in DNA. Motif-finding was introduced in 1989 for identifying recognition patterns for
DNA-binding proteins like transcription factors given only a collection of DNA frag-
ments, each known to contain exactly one binding site [169]. Since then, fully prob-
abilistic Gibbs sampling algorithms [40] have been developed, as have expectation-
maximization algorithms such as MEME [109]. For regulatory RNAs, the added
complexity of structure makes motif-finding more difficult. Given a set of RNA se-
quences assumed to have a similar structure or function, either because they are
orthologs across species [15] or are related sequences within a single species [76], we
are now faced with the challenge of aligning substrings and inferring common struc-
ture and sequence patterns. Figure 4.7 illustrates this challenge with a toy example;
we are tasked with identifying potentially subtle signals with primary base sequences

that may differ substantially.
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Figure 4.7: Illustration of the challenges of RNA motif-finding. Nested brackets indicate base
pairs.

4.5.1 RGibbs

We implemented a preliminary RNA motif finder called RGibbs, which follows a
similar framework to that of RNAG. We use a blocked Gibbs sampler to iteratively
sample three parameters: the consensus structure (S), the multiple alignment of
subsequences (A), and the location of the motifs in each sequence (L) for a set of
input sequences (). The algorithm is initialized with a structurally annotated local

sequence alignment (A, S© L©®) and proceeds roughly as follows at iteration ¢:

1. Compute a background model B® of nucleotide composition outside of motif

regions

2. Design a covariance model CM® for the motif regions based on A¢~1  S¢t-1),

and LY learning model parameters via EM with cmbuild (Infernal package)
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3. Sample new motif locations L® from P(L®|CM®, B® Q) using cmsearch

(Infernal package)

4. Sample a multiple alignment A® from P(A®D|L® CM® Q) with cmalign (In-

fernal package)

5. Sample a new consensus structure S® from P(S®|A® L® Q) with RNAali-

fold [107]

As with RNAG, RGibbs iterates for a burn-in period, then draws samples that can
be used to make predictions. It extends RNAG to the problem of motif-finding by
building into the covariance model a background state to and from which we can
transition. This lets us predict multiple instances of a motif in a sequence, and allows

for the possibility of some sequences having no motifs.

4.5.2 Analysis of Fly RNA Families

We conducted preliminary tests of RGibbs on sequence families from Rfam [103] to
compare it to CMfinder [180], its major competitor. We first used CMfinder’s own
test set, 19 Rfam families, from which we selected ten sequences chosen to minimize
average sequence identity (for one family, only 9 sequences were available). For each
of these families, we embedded the sequences in 200 bp of flanking nucleotides, then
predicted at most one site in each sequence. For preliminary purposes, we counted
a true positive if the algorithm predicted a non-null structure— at least one base
pair— and the motif site overlapped the true site by at least 50%. We counted a
false positive if a non-null structure was predicted that did not overlap the true site

by at least 50%. Both algorithms performed well at this task, as shown in Table 4.3.
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CMfinder RGibbs
True Positives False positives True Positives False positives
Site+Flanking 196 (93%) 1 (0.5%) 167 (88%) 2 (1%)
Flanking Only N/A 134 (71%) N/A 30 (16%)
Shuffled Control N/A 142 (75%) N/A 25 (13%)

Table 4.3: Performance of CMfinder and RGibbs on 19 Rfam families

CMfinder RGibbs
True Positives False positives True Positives False positives
Site-+Flanking 356 (92%) 18 (5%) 355 (93%) 10 (3%)
Flanking Only N/A 293 (75%) N/A 122 (31%)
Shuffled Control N/A 273 (70%) N/A 61 (16%)

Table 4.4: Performance of CMfinder and RGibbs on 36 Drosophila Rfam families

Next, we tested each algorithm’s false positive rate in sequences with no motifs.
We did this in two ways: first, we simply excised the true sites from the flanking
sequence, and ran the motif finders on the remaining sequence. Second, we aligned
the sequences with MUSCLE [25], a structure-unaware alignment algorithm, and
shuffled the columns of the alignment before running the motif finders. The idea of
the second control was to preserve sequence conservation, but break up any potential
structural elements present in the flanking regions. The results from CMfinder and
RGibbs are also in Table 4.3. For these tasks, CMfinder calls approximately 5 fold

more false positives than RGibbs.

We carried out the same tests for a new dataset consisting of 36 Rfam fam-
ilies with sequences from Drosophila only, collecting sequences from up to twelve
Drosophila species per family for a total of 389 sequences. We also used optimal
sequence weights for the Infernal package, as suggested by Newberg et al. [154]. As
shown in Table 4.4, both algorithms do well at finding real sites as before, and again,

CMfinder has a harder time avoiding false positives in both controls.

Since we have only tested the accuracy of predicted motif-site locations with
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RGibbs,, further work is needed to assess the relative accuracy of each algorithm’s
structural predictions. We are optimistic, however, since RGibbs follows the same
framework as RNAG, which outperforms CMfinder and other global structural pre-

diction methods.

4.5.3 Possible extensions

There are many ways in which RGibbs may be improved and extended. Currently,
the model parameters for the covariance model are optimized through expectation
maximization. Sampling them from a conditional probability distribution given the
other variables would result in a fully Bayesian motif finder, allowing us to explore
the full posterior space. There are also features of DNA motif finding that would be
applicable here, including allowing for multiple distinct motifs included in sequences
in a combinatorial fashion and considering the phylogenetic relationship between the

input sequences.

4.6 Discussion

RNAG provides many advantages over other structural prediction methods work-
ing from unaligned sequences. First, it avoids maximum likelihood point estimates
through the use of statistical sampling in place of optimization procedures. In ad-
dition, it has a theoretical convergence advantage over other Metropolis-Hastings
algorithms due to the blocked Gibbs sampling approach. Unlike methods which use
heuristics to restrict the space or attempt to align stems, RNAG is able to sample

from the full space of multiple alignments and consensus structures. These advan-
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tages are realized in prediction accuracy as illustrated in the PPV-sensitivity curves.
In addition, RNAG allows for a fuller characterization of the posterior space than
other methods, including cluster analysis and uncertainty analysis in the form of
credibility limits and bias and variance calculations. Of course, since RNAG is an

MCMC procedure, assessing convergence is a difficult task.

4.6.1 Dataset Limitations

The three datasets we selected were published independently, as were the results of
other prediction methods— a choice we made to avoid self-serving biases. The only
prediction method we applied was CMfinder because of its similarity to RNAG. It
should be noted again that while CMfinder can be used to predict global consensus
structure, it was designed for a different purpose: to find local secondary structure
motifs within longer sequences. To ensure that we were using CMfinder properly, we
first reproduced the results of Yao et al. [180] with default settings, then used the

same settings for our tests.

It should also be noted that these three datasets are far from a random sample
of all RNA families, and they are a relatively small sample at that. The most
extensive dataset is that of Kiryu et al. [55] at only 17 families. Thus, we have only
demonstrated the efficacy of RNAG on a small subset of all possible RNA families

and generalizations should be drawn with caution.
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4.6.2 Potential Improvements

Since we did not train the individual algorithms that make up RNAG, performance
may be enhanced by tuning RNAalifold and Infernal on a training set to select
particular parameter values or options. Of course, if other methods for drawing from
the two relevant conditional probability distributions are proposed that outperform
either RNAalifold or Infernal, the RNAG framework will easily accommodate an
interchange, and will likely benefit in terms of predictive accuracy. Furthermore, a
more accurate initial aligner would likely speed up convergence. RNAG would also
benefit from methods for computational speed such as parallel implementation, as
it currently runs about 3 times faster than RNA Sampler, but 10 times slower than

RAF.

4.6.3 RNA family classification

The substantial biases that we see in the Kiryu et al. [55] dataset may reflect one of
three things: that 1,000 iterations is not sufficient for convergence, that the models
used in each of the sampling algorithms do not accurately model the biochemistry,
or that the reference structures do not accurately represent the common structural
characteristics of a family of RNAs. For this dataset, 13 of 17 reference structures
were obtained via in vitro biochemical experiments that probe a specific structure,
and thus may not adequately represent the common structural characteristics among
multiple sequences. A more appropriate test might be how accurately a predicted
consensus structure can classify sequences into the correct RNA families. The cura-
tion of a reference set for such a test is non-trivial; the Rfam database [103] would be

a tempting place to start, but Rfam’s sequence families themselves are obtained by
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aligning the sequences to reference structures. Instead, independent methods such

as immunoprecipitation studies would be needed to identify RNA families.



CHAPTER Five

Conclusion

In this thesis, we focus on three problems motivated by the study of RNA and
ADAR. Chapters 2 and 3 are also motivated by the recent concern in the biological
community about the issues of irreproducibility and false positives, especially in

genome-scale studies.

In Chapter 2, we address the issue of irreproducibility directly by proposing a
method by which investigators can assess the reproducibility of their own results,
giving their audience a sense of what to expect if they want to build on those results.
The hierarchical model is ideal for this purpose because it perfectly captures the re-
lationship between experimental replicates, allowing them to vary due to biological
or sample preparation variation, but recognizing the commonalities that exist due
to the fact that each replicate follows the same experimental protocol, and is testing
the same population of predictions. We use this hierarchical model to infer a pre-

dictive distribution of the results of a new replicate, quantifying reproducibility by
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the mean, standard deviation, and 10" percentile of this distribution. If we define
better reproducibility by predictive distributions with high 10" percentiles and low
standard deviations, then our model allows us to choose the optimal number of repli-
cates that will yield the best reproducibility. It seems likely that many opportunities
for our software will arise increasingly often as biologists take advantage of modern

technology to investigate every corner of the genome.

One contributing factor to irreproducibility of results is false positives, and a
potential source of false positives in genomic research is the failure to account for
genetic variation. This problem arises predominantly due to the use of a reference
genome, the DNA sequence of an organism from a particular species that is commonly
used to map short sequence reads from high-throughput sequencing. The existence
of a reference genome makes most modern genomic studies possible, but there is
often a dangerous implicit assumption that the reference genome is the genomic
sequence of the organisms under study. This is a particularly bad assumption for
Drosophila, which must be maintained as live stocks, reproducing every 2-4 weeks.
Our collaborators estimate that decades may have passed since the most recent
common ancestor of their laboratory flies and the reference fly. The risk of failing
to identify genetic polymorphisms, especially unfixed polymorphisms, is highest for
investigations of proteins like ADAR, for which the signals are highly localized. An
unaccounted-for A to G polymorphism will appear as an editing event and will lead
to a false positive prediction. It is likely that this has been a major problem for edit-
site discovery papers, which typically fail to account for how common polymorphisms
are, and commonly find little overlap with other published studies. In Chapter 3, we
build a model of the biological processes involved in genetic polymorphisms, ADAR-
mediated editing, and sequencing errors, which may also look like editing sites if not

properly dealt with, and we use an EM algorithm to learn the model parameters and
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posterior probabilities so that we can make rigorous statements about the probability

of a polymorphism or editing event at a given site.

A typical way to validate editing predictions from high-throughput studies is to
use Sanger sequencing to isolate the region of the RNA and look for overlapping
peaks, as was done in our companion paper. While this will indeed validate the
presence of mixed A and G in the RNA, it does nothing to control for the possibility
of a polymorphism beyond any precautions taken in the original study. In other
words, this validation scheme will weed out false positives due to high-throughput
sequencing errors, but not those due to genetic variation, which we show to be far
more common than the former. The result is a misleading level of confidence in the
set of predictions. Therefore, while validation experiments are absolutely crucial to
the scientific method, they are not a silver bullet. Care needs to be taken to ensure

that these experiments control for all potential sources of false positives.

While Chapters 2 and 3 are concerned with RNA primarily as a passive target
of regulation, in Chapter 4 we begin to appreciate RNA for its versatility and for its
own active role in regulation. In particular, we capitalize on the close relationship
between structure and function in RNA. Instead of trying to predict the structure
of a single sequence, we look to RNA families that have similar function or are regu-
lated in the same way. This allows us to look for common structural characteristics
across the multiple sequences, taking advantage of both single-sequence folding ten-
dencies and information about sequence conservation to predict structure. The main
obstacle that remains is the uncertainty in the alignment of the related sequences.
Our approach uses a blocked Gibbs sampler that alternately samples a consensus
structure given an alignment, and an alignment given a consensus structure. We
show that this algorithm, RNAG, outperforms other methods. We also describe an

extension of RNAG to an RNA motif-finder, RGibbs, that can find local structures
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common to the transcripts.

One interesting use of RGibbs would be to try to improve the understanding of
ADAR’s binding preferences. An intriguing aspect of editing sites is that they tend
to cluster; most transcripts are completely untouched by ADAR, while some are
edited in multiple places. This suggests a possible mechanism for ADAR binding;:
one motif is used to recognize the transcript targets while another guides ADAR
to particular adenosines. RGibbs could easily be extended to look for two motifs
in each targeted transcript, with the potential for multiple instances of the second

motif in a given transcript.

While the knowledge of more editing sites would improve our motif prediction,
we could also use knowledge of ADAR’s secondary structure requirements to improve
our prediction of editing sites. Our current model assumes that any A in the RNA is
an equally likely target of ADAR, but a future algorithm could incorporate structural

predictions as part of the prior model.



APPENDIX A

Discarding an RNA pool

The original ADAR dataset contained 6 RNA pools. A skilled investigator well-
versed in the protocol created the five that we included in our analysis, and the
sixth was created by an investigator with much less experience. We suspected that
the sixth pool was of much lower quality than the others, so we set out to test
this hypothesis. Using the first pool as a benchmark, we collected the predictions
submitted for validation in pools 2-6 and re-validated them in pool 1. We kept
track of false negatives (predictions validated in pool 1, but not in the original pool),
and true positives (predictions that validated in both). The results are in the table
below. A Fisher exact test of the hypothesis that pool 6 differed from the rest gave
a p-value of 0.026. Accordingly, we discarded this pool and worked with pools 1-5

for the remainder of the analysis.
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Validated in original pool | Did not validate in original pool
(True positive) (False Negative)
Pools 2-5 33 4
Pool 6 2 3

It is worth noting here that while discarding a pool created by a different inves-
tigator may seem counterintuitive when the object of our analysis is to assess the
reproducibility of the validation experiments in the context of sources of variation in-
cluding individual experimenter technique, it is also important to define exactly the
population to which the reproducibility results apply. It is reasonable to assume that
the population of interest is that of scientists and technicians who are technically

proficient and also well-versed in the particular protocol.



APPENDIX B

Drawing from the posterior distribution on o and 3

The un-normalized posterior distribution of o and § given data k;, i = 1,...,m is
given by the following expression:

- - D+ B) D(a+ k)T(B+ N; — k)
S BIKT) o f(O"B)HF(a)F(ﬁ) P(a+ 8+ N,)

i=1

where f(a, ) represents the prior. We choose the prior recommended by Gelman
et al., a uniform distribution over (145, \/a;Tﬂ)’ which translates to f(a, ) = (o +
5)’3. To compute the posterior distribution, we reparameterize to the (log( %), log(a+

B)) plane, so that the distribution we are concerned with is the following:

m gm D(a+B) D(a+ k)D(B + N; — k)
5) Jdog(a + B) k) x af(a+ 5) HF ) NCEESA

f(log(

We compute these un-normalized values on a 200x200 grid in the

(log($), log(ca + 3)) plane, begining with method of moments estimates for a and
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[ as a starting point for centering the grid, then shifting and rescaling the grid
as needed until the contour plot occupies 80% of the width and height of the grid
window. Figure B.1 illustrates the possible ways in which the contour plot may
require adjusting. If the grid spacing is too large, the resolution will be too low to
capture the important elements of the distribution. If the grid spacing is too small,
or the grid is off-center, the contour plot will be truncated, and we will be missing
parts of the posterior distribution. We shift and resize until we get the last contour
plot, perfectly centered and scaled, with a buffer that constitutes 10% of the grid
window on all sides. We then interpolate between grid points using step functions

and normalize to create a valid probability distribution.

To draw samples, a row of the 200x200 grid is chosen in proportion to its marginal
probability, then a column of the grid is chosen in proportion to its conditional prob-
ability given the chosen row. From that gridpoint, independent uniform horizontal
and vertical jitters are applied with center at the gridpoint and width equal to the
grid spacing. This coordinate (z,y) is converted back into the («, 3) plane by the

following transformations:

ety
o g

et +1

6y
= —

et +1

For more detail, see Gelman et al., 2003 [35].
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Figure B.1: Contour plot adjustments

132



APPENDIX C

Bayesian cross-validation with pooled samples

The main text describes the results of cross validation of the five replicate pools in the
ADAR study, first using our model, then using standard frequentist confidence limits.
To illustrate that our results were not solely due to Bayesian paradigm, we also
performed the same leave-one-out cross validation using Bayesian credibility limits
for the pooled replicates. This consisted of calculating the posterior distribution of
the proportion p, given the data and a prior distribution on p. We used the non-
informative Jeffreys prior for Bernoulli trials, a beta distribution with a = g = %

The posterior probability of p then follows a beta distribution with parameters a =

RNA Pool | Valid/Total | CV 80% CI | CV 90% CI | CV 95% CI
1 151/205 (74%) | (0.59,0.70) | (0.58,0.72) | (0.56,0.73)
2 17/32 (53%) | (0.69,0.76) | (0.68,0.76) | (0.67,0.77)
3 21/30 (70%) | (0.67,0.74) | (0.66,0.75) | (0.65,0.75)
4 24732 (75%) | (0.66,0.73) | (0.65,0.74) | (0.65,0.75)
5 18/29 (62%) | (0.68,0.74) | (0.67,0.75) | (0.66,0.76)
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n + %, 6 =N-—-n+ % where N is the total number of experiments in the pool
and n is the number of those that successfully validate. Given this distribution, we
can find credibility intervals by computing the appropriate percentiles (e.g. 80% CI
is given by the 10® and 90" percentiles). These credibility limits are given in the
table, where the left-out pool is the row pool. These intervals are very similar to
those given by the frequentist confidence limits, and like those limits, do not contain
the left-out value most of the time. Here, 4 out of 5 times, the left-out proportion
lies outside all three intervals, and only 1 out of 5 lies within the 80% credibility

interval.



APPENDIX D

Splitting Experiments

To find the optimal number of replicates, we run our predictive inference procedure
many times for different assignments of replicate number and experiments per repli-
cate. This table shows the division of 96 total experiments into different numbers
of replicates. The numbers shown in the table are chosen to be a reasonably-spaced
representation of all possibilities. For example, 17 replicates is not included, since it
results in 5-6 experiments per replicate and will thus likely have very similar results
to 19 replicates. Specifically, if there is a range of numbers ny, ..., nj, ..., n; such that
96

floor(>2) is the same for all j —1,...,.J, we choose the maximum over all of the n; to
J

include in our calculations.

Number of Replicates (N,.p) 34 5 6 7 8 9
Experiments per Replicate (Negp) | 32 | 24 | 19-20 | 16 | 13-14 | 12 | 10-11

10 |12 13 |16 | 19 | 24 | 32 | 48
910 | 8 | 7-8| 6 | 56| 4 | 3 | 2
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APPENDIX K

Dealing with Strand-specific RNA Reads

The full model described in Chapter 3 assumes that we do not get to see which strand
each RNA read was generated from. Some protocols, however, yield strand-specific
reads that provide this information. If this is the case, our model changes slightly.
The new prior model is shown in Figure E.1, the only difference being the absence
of the step where we draw the Watson or Crick strand with equal probabilities at A

or T sites.

Given an A in the reference, we have the following prior probabilities on the DNA
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Figure E.1: Prior model for strand-specific RNA reads
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and RNA:
P(Gs = A, R = AJG, level §|F; = A) — 06qs
P(Gi =T, R = T/C, level §|F; = A) %(1 — O)wbas
P(Gs = ARy = A|F; = A) = 0(1 — o)
P(G; =T, Ri = T|F, = A) — %(1 (1 — ¢)
P(G; = C, Ri = C|F; = A) — %(1 O (E.1)
P(Gi = G, Ri = G|F, = A) %(1 O
P(Gs = AJC, level a, Ri = A/C, level | F; = A) — %(1 —0)(1 - wpa
P(Gs = AJG, Tevel a, Ri = A/G, level a|Fs — A) = %(1 ~0)(1 - w)pa

P(G; = AJT, level a, R; = A/T, level a|F; — A) %(1 —0)(1 - wpa

All other possible combinations of GG; and R; have probability zero.

The likelihood terms also change slightly, since we now need to account for the
strand-specificity of ADAR itself. Briefly, A — G evidence for editing at a position
with G; = A can only come from base calls mapped to the Watson strand. Likewise,
evidence for editing at a position with GG; = T' can only come from base calls mapped

to the Crick strand. Therefore, Equation 3.23 splits into two cases:

P{Y;}i|Ri = A/G,e =1, level §) =

[T (@ =ER . a(V)) + 6ERNA 1 (V)]
<[] ERe®pe 2(Y5) (E.2)

- +22" 1410
JEK
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P({}G},L’R,L = T/C,E = 1, level 5) =

jEKW
L1 10 =9 BE g (V) + OB g (V)
JjEKC

Whereas before, an editing event could be supported by As and Gs on the Watson
strand and T's and Cs on the Crick strand simultaneously, this likelihood model forces
the bases generated from the un-editable strand to be generated from the unedited

nucleotide (A or T).

For EM, the ¢ update in Equation 3.32 takes on a slightly simpler form:

E{# Editing events}

E.4
E{# Transcribed As} (E4)

O

- > P(Gi = AlD;)

All other equations in Chapter 3 are unchanged for strand-specific RNA data.
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