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ABSTRACT

DEEP LEARNING FOR BIOINFORMATICS SEQUENCES: RNA BASECALLING AND
PROTEIN INTERACTIONS

In the interdisciplinary field of bioinformatics, sequence data for biological problems comes
in many different forms. This ranges from proteins, to RNA, to the ionic current for a strand of
nucleotides from an Oxford Nanopore Technologies sequencing device. This data can be used to
elucidate the fundamentals of biological processes on many levels, which can help humanity with
everything from drug design to curing disease. All of our research focuses on biological problems
encoded as sequences.

The main focus of our research involves Oxford Nanopore Technology sequencing devices
which are capable of directly sequencing long read RNA strands as is. We first concentrate on
improving the basecalling accuracy for RNA, and have published a paper with a novel architecture
achieving state-of-the-art performance. The basecalling architecture uses convolutional blocks,
each with progressively larger kernel sizes which improves accuracy for the noisy nature of the
data.

We then describe ongoing research into the detection of post-transcriptional RNA modifica-
tions in nanopore sequencing data. Building on our basecalling research, we are able to discern
modifications with read level resolution. Our work will facilitate research into the detection of N6-
methyladeosine (m6A) while also furthering progress in the detection of other post-transcriptional
modifications.

Finally, we recount our recently accepted paper regarding protein-protein and host-pathogen
interaction prediction. We performed experiments demonstrating faulty experimental design for
interaction prediction which have plagued the field, giving the faulty impression the problem has

been solved. We then provide reasoning and recommendations for future work.
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Chapter 1

Introduction

As nature stores the blueprints for life in the form of sequences, discerning, utilizing and learn-
ing from these sequences has vast implications to understand the fundamentals of biology. Our
research begins by addressing the ability to discern these sequences using new technology from
Oxford Nanopore Technologies (ONT), which for the first time, allows us to sequence RNA as-
is. Prior technology requires laborious chemical pre-processing which involves an intermediary
process which alters the RNA, resulting in information loss. This includes the ability to sequence
gene transcripts as nature has created them, without the loss of any molecular modifications to the
nucleotides.

While this new technology has great potential, it unfortunately suffers from limitations which
results in a lower accuracy in sequencing, as compared to prior technology. The lower accuracy is
due to multiple reasons which include the similarity of the raw signal between nucleotides, device
chemistry limitations [1], and the fact that the electrical signal is measured in picoamps, making
it very noisy. Research has shown that these errors, when compounded, results in a high rate of
deletions, mismatches, and insertions. Reported accuracy rates are roughly 85-95 percent, whereas
the prior technology is at 99 percent.

We address the accuracy issue in our first published paper by improving the state of art ac-
curacy in basecalling RNA utilizing recent machine learning research from the computer vision
domain. Our paper is the only published research addressing RNA basecalling, and improves upon
the accuracy when compared to ONT’s own basecaller. In addition, one published paper stated
our research "suggest a promising direction for species-specific basecallers" [1]. The necessary
technological background is detailed in Section 2.2, and our research is covered in Chapter 4.

In addition, Oxford Nanopore’s new technology is the only device capable of sequencing RNA
as-is which allows us to theoretically detect post-transcriptional, or biomolecular modifications,

to the RNA nucleotides. While we know that the most prevalent post-transcriptional modification



affects many metabolic processes including gene expression and mRNA decay, its role has yet to
be fully determined. This is especially true of the over 170 other post transcriptional modifications
which have been discovered, many of which we know nothing about. Thus, the ability to detect
post-transcriptional modifications will have a huge impact on the understanding of biology. We
address this in Chapter 5 with our research which has the capability to detect and pinpoint the
most abundant post-transcriptional modification m6A, while simultaneously basecalling raw ONT
device signals. An introduction to post-transcriptional modifications is covered in Section 2.3.
Finally, we conclude with a chapter on experimental design parameters for determining protein-
protein interactions from their amino acid sequences. Unfortunately this domain is hampered with
problematic ground truth data due to multiple reasons, the first being the inability to experimentally
determine negative interactions. In addition, the experiments to determine positive interactions
are costly, laborious, and suffer from a high false positive rate. This has led to flawed design
parameters for many recently published papers which utilize an erroneous method to generate
negative interactions which makes the problem easier. These flawed experimental designs heave
led to papers showing high accuracy which gives the impression the protein interaction prediction
has made significant progress. Unfortunately, this is not the case which we demonstrate in our
research which also proposes design parameters for datasets and experiments. This is detailed in

Chapter 6.

1.1 Overview of chapters

The following chapters cover the necessary biological background and related work. Chapter 2
delves into the biological background and relevant technology. Chapter 3 covers the deep learning
concepts which have been used in our work.

Continuing, Chapter 4 showcases our first published paper which improved RNA basecalling
accuracy for Oxford Nanopore Technologies (ONT) sequencing devices, beating the accuracy of
ONT’s own basecaller. Chapter 5 presents our current research, which builds on the research in

Chapter 4, and can detect and pinpoint m6A which is the most abundant type of post-transcriptional



modification. Chapter 6 then presents published research on proper experimental design parame-
ters for determining whether proteins interact using their amino acid sequences.

Finally, we conclude with Chapter 7 which summarizes our contributions and future work.



Chapter 2

Biological Background and Motivation

The central dogma of biology states that DNA is transcribed to RNA which is then trans-
lated into proteins. All three of these fundamental molecular components for life are encoded in
sequences. Many of these sequences are incredibly long, such as the human genome, which is
comprised of over three billion base pairs with over 20,000 identified genes [2]. There is much to
be discovered in how these genes function and interact [3]. All of these molecular sequences have
their own defined vocabulary where each item in their respective language represents a different

biological molecular structure. Our focus is on RNA and proteins.

§ .
DNA

RNA

Protein-Protein
Interaction

mRNA
*modification

A 4

mRNA
*modification

DNA RNA Protein

Figure 2.1: DNA is transcribed to RNA, which can be further biochemically modified. RNA is then trans-
lated to proteins which may be involved in protein-protein interactions. Parts of figure taken from [4].

The portions of DNA which code for the functions of life are called genes, which through bio-
chemical machinery are transcribed to RNA. We use the word transcribe as the biological process
is essentially making a copy with a similar molecular structure to DNA. The RNA is ostensibly
used as a coding template for translation into a protein sequence, and the RNA may undergo post-
transcriptional modifications such as molecular changes that affect the way RNA functions. As

RNA is chemically similar to DNA, the vocabulary is also similar where both are comprised of a 4



letter alphabet, with T for thymine being replace with U for uracil in RNA. We note that the process
for determining the sequence of nucleotides in a strand of DNA or RNA is called basecalling.

Post-transcriptional modifications are an important area of study as the epitranscriptome, which
covers all of these biomolecular changes to RNA, and its impacts remain largely unknown [5].
There are reportedly over 170 different types of post-transcriptional modifications [6]. In Chap-
ter 5, we will be covering research into the detection of the most abundant modification N6-
methyladeosine (m6A) [6], where the adenine nucleotide loses a hydrogen atom and gains a methyl
group.

mRNA is then translated by different biochemical machinery into a protein which is a sequence
of amino acids. Proteins perform a wide variety of critical jobs within an organism which includes
structural, molecular transportation, and regulatory functions [7]. Proteins are comprised of one
or more chains of sequences of twenty different amino acids, with their vocabulary shown in table
2.1. The primary structure of a protein is defined by its sequence of amino acids. Ultimately,
this sequence determines the proteins three dimensional structure, which determines the proteins

function [7].

Table 2.1: Vocabulary for all 20 naturally occurring amino acids.

Amino Acids | Code | Abbreviation | Amino Acids | Code | Abbreviation

Alanine Ala A Leucine Leu L
Arginine Arg R Lysine Lys K
Asparagine Asn N Methionine | Met M
Aspartic acid | Asp D Phenylalanine | Phe F
Cysteine Cys C Proline Pro P
Glutamine Gln Q Serine Ser S
Glutamic acid | Glu E Threonine Thr T
Glycine Gly G Tryptophan Trp W
Histidine His H Tyrosine Tyr Y
Isoleucine Ile I Valine Val A%




2.1 Protein-protein interactions

Proteins rarely act on their own and perform their biological functions by interacting with other
proteins through physical contact [8]. As protein-protein interactions (PPI) perform a diverse range
of functions within an organism, having a good reference interactome is critical for understanding
the fundamental biochemical processes for life. Insight into these interactions can potentially
"facilitate therapeutic target identification and novel drug design" [9]. This is especially true with
host-pathogen protein interactions, where PPI may be involved in every step of a pathogen’s spread
of infectious disease [10]. Knowledge about these host-pathogen interactions (HPI) can facilitate
inhibition of these interactions, potentially stopping the spread of disease.

While over 200 million protein sequences have been determined and are available in UniProt
[11], unfortunately the interaction networks of these proteins are far from complete [12]. This
stems from the dynamic and transient nature of many interactions, which make them difficult
to detect [8], and the costly and time consuming experimental procedures required to determine
whether proteins interact. Due to this incompleteness, there is an entire research area for predicting
PPIL. In addition, experimental PPI procedures suffer from high false positive rates [13], and lack
experimentaly determined negative interactions [14]. These issues are problematic for training
prediction models, and appropriate dataset creation requires the generation of negative samples
and properly splitting training and test data to prevent information leakage. We address PPI
dataset creation and experimental design parameters to accommodate for these problems in

Chapter 6.

2.2 Oxford Nanopore Technology sequencing

The most prevalently used devices for sequencing RNA are from Illumina which are roughly
the size of a desktop [15]. Prior to sequencing, RNA is extracted and chopped into smaller por-
tions which are then reverse transcribed to complementary DNA (cDNA) which is then sequenced.
These fragments of cDNA have a maximum read length ranging from 150 to 300. As the RNA

is fragmented during sample preparation, these portions of basecalled cDNA are then stitched



together using computational algorithms. This process has two drawbacks. First, we are only se-
quencing fragments which require sequence assembly. Second, any post-transcriptional molecular
modifications to the RNA are lost during the reverse transcribing process.

There are newer sequencing devices, specifically devices from Oxford Nanopore Technologies,
which address both these issues [16]. ONT’s smallest sequencer is about the size of a stapler,
requires minimal sample preparation, and can perform long read sequencing of both DNA and
RNA in real time. This means both DNA and RNA can be sequenced as is without requiring
any fragmentation or algorithmic stitching. This also opens the door for the direct study of the
epitranscriptome, which includes post-transcriptional modifications.

ONT sequencing devices work by pulling a strand of RNA or DNA through a small hole, or
pore, in a synthetic protein which sits on a synthetic polymer membrane inside the device. As
the strand is pulled through the pore, the ionic current displacement is read which produces a one
dimensional time frequency signal which is similar to an audio signal. This signal is so complex
it requires machine learning methods, where the most accurate basecaller uses deep learning, to
basecall the signal into the nucleotide sequence. This is extremely difficult given that not only is
the signal read in picoamps, the surrounding nucleotides affect the signal of the nucleotide in the
pore, the translocation speed of the strand through the pore varies, and nature is very noisy. These
problems are visible in Figure 2.2 which displays a plot of a small segment of a single basecalled
strand of RNA.

This is unfortunate as ONT’s technology is very promising for many reasons, including the
capability to rapidly sequence the entire genomes of organisms. While there is ongoing research
to solve the accuracy problem, both computationally and biologically as ONT has continuously
released new pores [17], basecalling accuracy is still only 85-95 percent due to the challenging
nature of the data [18].

ONT basecalling is a sequence to sequence based task, and both the first open source [19]
and official basecaller from ONT [20] relied on statistical methods, using hidden Markov models.

These models required an additional step prior to basecalling for event segmentation, where further
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Figure 2.2: Plot of raw ONT signal of a single RNA strand. The variable length and large variance of the
signal is visible for each nucleotide, depicting the variable translocation speed and large amount of noise
encountered as an RNA strand passes through a pore. Generated with Tombo.

statistical methods are used to detect abrupt changes in the raw signal data. The segmented events
are supposed to represent each nucleotide as it passes through a pore. Unfortunately, the accuracy
on these early models was still only roughly 70 percent [21]. ONT then shifted to a recurrent neural
network with the release of Albacore v2.0.1 [22] which improved the accuracy and eradicated
the need for pre-processing with event segmentation. This coincided with the release of the first
open source basecaller Chiron [23] which also did not require pre-processing by utilizing both
convolutional and recurrent layers. Basecalling has since gone through an evolution of different
RNN and convolution based architectures, where even attention [24] has been utilized. Currently,
the most accurate basecaller for DNA is ONT’s Bonito [25] which is fully convolutional and is still
under development. Unfortunately, all of the published open source models have concentrated on
basecalling DNA. We have published the first, and most accurate [1] RNA basecaller, which

is fully convolutional, covered in Chapter 4.

2.3 Post-transcriptional modifications
Detecting post-transcriptional modifications requires laborious experiments such as MeRIP-
seq [26] or miCLIP [27] where strands of RNA containing a methylated nucleotide are separated

from normal RNA, reverse transcribed to DNA, and sequenced utilizing devices from Illumina.



While miCLIP allows single nucleotide resolution, MeRIP-seq is more widely used due to the
simpler nature of the experimental protocol [28]. Unfortunately, MeRIP-seq suffers from a high
rate of false positives [29] and does not provide the exact position of the modified base. Instead, the
sequences are mapped to a reference genome or transcriptome and the peaks, where the most over-
lapping occurs, are generally indicative of or near the methylated nucleotide’s position. However,
this can be problematic where multiple modified nucleotides are close together, resulting in large
peaks [30]. The modified "A" nucleotide tends to occur within a particular context, or motif. The
context in nucleotide notation is denoted RRACH [31], where R represents A or G, H represents
A or C or U, and the center A is methylated. The context is similar across species.

In addition to ongoing work to improve basecalling accuracy, there has been research into de-
tecting post-transcriptional modifications utilizing Oxford Nanopore Technologies devices. Initial
research indicated the rate of basecalling errors, at or near modified positions, are higher in a wild-
type sample abundant in modifications when compared to a mutant sample, which is deficient in
modifications [31]. These errors predominantly occur as mismatches, where the basecalled nu-
cleotide does not match the reference genome, as depicted in Figure 2.3. This research inspired a
class of tools, starting with Epinano [31], which utilize these basecalling errors to identify methy-
lated positions. Building on this idea, the Barton Group published a tool called differr [32] which
used statistical methods to compare basecalling mismatches between wildtype and mutant sam-
ples, producing a list of genomic positions which are likely modified. There have also been other
published tools such as Eligos [33] and Drummer [34] which utilize statistical analysis with base-
calling errors.

Further research utilizes comparison of the ONT raw signal differential between mutant and
wildtype samples. The most notable of these tools is xpore [35] which has shown that the mean
ONT signal distribution shifts when comparing mutant and wildtype samples, providing another
avenue for modification detection. It is important to note that xpore, along with other signal differ-
ential tools, require signal pre-proceessing using a tool like nanopolish [21] or tombo-resquiggle

[36]. These tools align basecalled reads to their raw signal using statistical methods.
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Figure 2.3: Mismatches between mutant sample deficient in m6A (top row) and wildtype sample abundant
in m6A (bottom row). Grey represents basecalling errors that have not surpassed the threshold, green repre-
sents A, blue represents C, brown represents G, and red represents T. The center A nucleotide is methylated
and has a large amount of errors as it is incorrectly basecalled as C or G. The gaps in white spacing is due
to deletions. Generated with Integrated Genomics Viewer.

Muliple research tools are available which, while trained on data utilizing sample compar-
isons, do not require a mutant sample to detect methylated positions. Some examples include
MINES [37] and Nanom6A [38]. The most notable, and currently most accurate of these tools [29],
is mbanet [39] which uses a neural network based method. However, none of the currently pub-
lished tools are capable of direct detection of RNA modifications within a raw ONT signal
as they all require some form of pre-processing, or have the capability to simultaneously

basecall the reads. This is the focus of our current research and is addressed in Chapter 5.
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Chapter 3

Deep Learning Background

While the field of bioinformatics utilizes many computational and algorithmic approaches, it
has long since used machine learning methods to find patterns in biological data. One of the earli-
est applications of neural networks dates back to 1982, where a perceptron, which is the precursor
for neural networks, was used to detect translation initiation sites in mRNA sequences [40]. Since
1982, many new machine learning techniques have been developed which include advances in neu-
ral networks. While these advances include new neural network architectures, they also allow us to
increase the number of layers which provides the capability of both learning from, and producing,
more complex data. It is now common to refer to this field as deep learning due to the multiple
layers and larger models. Deep learning has produced start-of-the-art solutions for problems from
many different domains from image recognition [41] to natural language processing (NLP) [42].
This success has prompted the development of deep learning methods for various bioinformatics
problems as there is an overlap in the type of data. This is especially true for NLP, which utilizes
sequence data which is also prominent in many areas of biology, and this translation has produced
incredible results for problems like protein structure prediction [43].

We will now introduce many of the components which comprise modern sequence-based deep
learning architectures. These components cover the way sequences are encoded, and how they are
processed with convolution and attention. Figure 3.1 visualizes a generic architecture utilizing all

these components and we will be discussing each one in the following sections.

3.1 Encoding of sequences

While sequences can be utilized with many different deep learning methods, we must first
address the two different types of sequences and how they are encoded. The first type of sequence
is a discrete sequence which has a defined vocabulary. The simplest method to encode a discrete

sequence is using a one hot encoding, where each category is represented by a vector of discrete
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Figure 3.1: Generic sequence based deep learning architecture comprised of convolution and attention.
Parts of Figure inspired by [41].

values which is the size of the alphabet. All of the values in each vector are zero except for the
defined category which is set to one. Input sequences are then provided to the network as a stack
of vectors, where each vector corresponds to the one hot encoding for the defined category in
that position of the sequence. The result is similar to a 2 dimensional image, with a matrix the
shape of S' x A, where S represents the sequence size, and A represents the alphabet size. One
hot encodings can be useful with a small alphabet size such as nucleotides, and are used as input
to subsequent convolutional layers. However, there are drawbacks to convolutions. First, larger
alphabet sizes produce sparse high dimensional vectors which are not computationally efficient.
Second, one hot encodings are context independent, and as they are statically defined, they can
not learn relationships between sequence elements. These problems can be solved, and one hot
encodings can be further improved upon, with embeddings.

Embeddings are typically a low dimensional continuous representation of sparse, high dimen-
sional data. In natural language processing, embeddings can represent and learn semantic simi-

larity between words, where similar words or meanings will have a distance that is closer in the
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embedding space [44]. For the amino acids in a protein, which have a vocabulary size of 20,
embeddings can capture structural and functional aspects of proteins [45]. As such, embeddings
can improve upon one hot encodings as they can also capture systematic relationships within a
sequence. In addition, embeddings are often the end result of a neural network and are used for
classification, as visualized in Figure 3.1.

The second type of sequence is a one dimensional signal (or time series), where each value in
the sequence represents a variable at successive points of time. This is the type of data produced
by Oxford Nanopore Technology sequencing devices. While embeddings could theoretically be
used with one dimensional signal data, where fixed window segments are fed into a dense layer to
produce an embedding, we are unaware of any embedding method used with nanopore sequence
data. This is likely due to data’s incredibly noisy nature, and as such convolutions have been

de-facto standard due to their ability to discern patterns in the noisy signal.

3.2 Convolution

The convolutional neural network operation is inspired by the biological process in the visual
cortex [46]. They were initially designed for use in neural networks for visual pattern recognition,
where like the visual process, specific patterns will stimulate a response. This is accomplished by
performing a dot product between a shared set of weights and the receptive field, or window of
the input data. The receptive field is then "slid" across the input data where the same operation is
performed against every other position. This turns the input into a feature map which is the output
activation’s from "sliding" a convolutional filter across the data. This process is visually depicted
with a discrete sequence in Figure 3.2 and a time series sequence in Figure 3.3.

Ultimately, convolution allows a neural network to discover and learn patterns in the input data
which are translation equivariant, which means the position of the learned pattern can be located
anywhere in the input data. While the first layer of convolution will detect simple patterns, like

edges in an image, these are combined through locality, where neighboring features are more likely
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Figure 3.2: Visual depiction of convolution over one a hot encoded RNA sequence. The convolution filters
are "slid" across the sequence producing an output for each position.
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Figure 3.3: Visual depiction of convolution over a one dimensional signal. The convolution filters are "slid"
across the sequence producing an output for each position.

to affect each other. Successive convolutions layers will then use this information to discern larger,
more complex patterns, as visualized with the stack of convolutional blocks in Figure 3.1.

A convolution is comprised of 3 components: The input data, the kernel (or filter), and the
output which is a feature map. Convolutions are applicable in single or multiple dimensions as well
as to both signals and discrete data. For convolution over sequence with inputs as one hot encodings
which are 2 dimensions, the kernel would be typically be of size w X a, where w is the window
size, and a is the alphabet size. In the context of biological sequence data, the one hot encoding
would represent the nucleotides in RNA or amino acids in a protein. This kernel is slid along the
input data, where at each position, a dot product is computed between the kernel’s weights and
the input’s data in the receptive field. The output is then accumulated into a feature map called
a channel. For convolutions over sequence with inputs as one dimensional signal data, the kernel

would also be of 1 dimension which would be the window size w. Convolutions typically use
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multiple kernels which each produce their own channel, so each kernel corresponds to a different
feature detector or learned pattern. Translation equivariance, where the translation of input equals
a corresponding translation to the output, is important as each channel is able to discern different

patterns in the biological sequence data.

3.3 Attention

The attention mechanism originated with the introduction of transformers in 2017 [47] and is
now state-of-the-art for many NLP tasks [48] [42]. This new formulation solved the following
problems in recurrent neural networks: parallelization, long range interactions, and is now used
in a wide range of different problem domains [45] [41] [49]. While these solutions are a major
step, attention mechanisms and transformers require large amounts of data for generalization, as
demonstrated in the visual transformer [41]. The default attention mechanism also constructs a
quadratic size attention matrix, which requires a large amount of memory that increases with the

sequence lengths.

fl
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Figure 3.4: Visual depiction of attention values of modifications identified in an RNA sequence. The middle
GAC of the AGACA sequence is highlighted as methylated.

The attention mechanism is applicable to any type of sequence, from the words in a sentence
or the amino acids in a protein, to one dimensional signals. It is specifically designed to learn what
elements in sequences are related, or what a network should attend to, hence the term attention.
As we are only interested in the relationship between elements of a single sequence, we will focus
on self-attention. We can see attention visually depicted in Figure 3.4 where the three nucleotides
GAC in the k-mer AGACA are identified with higher attention values, indicating the middle A is
modified. This demonstrates the attention mechanism has learned to attend to the relevant portions

of the sequence.
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Each element in a sequence has its own embedding which can be pre-trained or learnable, and
in self-attention we construct matrices used in the attention operation, namely the query @), key K,

and value V matrices from which the attention matrix is constructed:

Attention(Q, K, V') = softmax (QKT> 1% (3.1)
Y Y \/d_k_ ) *

where dj, is the dimensionality of the input embedding space. The product of the query () matrix
and the key /& matrix transposed produces a matrix of dot products, which computes the similarity
between all combinations of the input embeddings. The softmax function is then applied, produc-
ing a probability distribution for each row, where each row represents a single embeddings relation
to every other embedding in the sequence. This is then multiplied by the value matrix V' which,
in effect, recombines the related vectors based on their weighting, into a single vector, which is
the end result of the attention operation. This process is visually depicted in Figure 3.5. We note
that because of the matrix of dot products, computing attention values has quadratic memory and

runtime requirements.

Q KT
Attention Matrix
X 05/0.4]0.1
|
Softmax 0.2]|0.8|0.0
0.3|0.1|0.6
Vdy,

Attention Matrix \ Output of attention
0510401 Vi 0.5V1+0.4V2+0.1V3
0.2|080.0] X V2 — 0.2V1+0.8V2+0.0V3

|
0.3]0.1]0.6 V3 0.3V1+0.1V2+0.6Y3

Figure 3.5: Visual depiction of the attention process. The product of the query and key matrix transposed,
which is scaled by the square root of the dimensionality of the key matrix, produces an attention matrix.
The product of the attention matrix and the values matrix results in a weighted recombination of the values
vectors.
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An attention mechanism typically uses multiple attention heads, where each head learns to
concentrate on different aspects of the information contained in the embeddings. Each attention
head 7 uses a dense layer, denoted WiQ, VViK , and Wiv, to project the information from the embed-
ding space into a lower dimensional subspace. After the attention operation, the resulting attention

heads are concatenated:

MultiHeadAttention(Q, K, V') = Concat(heady, ..., heady,)
3.2)

where head; = Attention(QWE, KWK viwY)

The attention operation is typically followed by 2 dense layers (MLP), the first of which
expands the size of the concatenated heads, and is followed by an activation function such as
GELU [50]. The second dense layer reduces the expansion back to the original embeddings di-
mensionality and is again followed by a activation function. We can think of this as combining
each head’s subspace back into one vector space. Residual connections are placed around both
the multi-head attention and MLP sublayers. Layer normalization [51] is used for normalization
before both the attention and MLP operations. This series of operations is also known as a trans-
former encoder block [47] and is visualized in Figure 3.6. Ultimately, a transformer encoder block
produces an embedding, or feature representation, for every element in the sequence which repre-
sent the learned information and relations. We note that attention mechanisms are effective for both
classification and sequence-to-sequence problems, visualized in our generic sequence architecture
shown in Figure 3.1.

As previously stated, the input can be any type of sequence, where in our case, it is the features
from prior convolutional layers which have learned the important elements in a one dimensional
signal. The attention mechanism can then be trained to discern between the difference in a signal
containing a methylated nucleotide, and a non-methylated nucleotide. Even further, we can use
multi-task learning to combine both classification and sequence-to-sequence loss functions. This

allows us to utilize a pre-pended embedding to classify whether this sequence has a methylated nu-
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Figure 3.6: Transformer encoder block. A multi-headed attention operation is followed by 2 dense layers
to recombine each heads subspace back to a single vector space, where layer normalization is used before
both operations which are surrounded by residual connections. Figure inspired by [47].

cleotide which indicates whether we should look at the attention map which allows us to determine

the position of said nucleotide. This is detailed in our research in Chapter 4.
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Chapter 4
RODAN: a fully convolutional architecture for

basecalling nanopore RNA sequencing data

4.1 Introduction

Oxford Nanopore sequencing presents an opportunity for advancements in genomics, tran-
scriptomics, and epitranscriptomics because of its ability to directly sequence a DNA or RNA
strand without requiring amplification, producing long reads that can help identify splice isofroms
unambiguously, determine poly(A) length, and can potentially capture information on base mod-
ifications [52, 53]. Sequencing of both DNA and RNA using this technology occurs by passing
nucleotide strands through a synthetic protein pore that straddles a membrane, and recording the
resulting current across the membrane. The technology has been developing at a rapid pace since
its release in 2014 based on its capabilities for generating long DNA reads and the more recent ap-
plication to direct RNA sequencing [53]. However, while the technology offers many advantages
over other long and short read technologies, it is unfortunately hampered by high error rates [52].

Decoding the current generated by a nucleotide strand as it passes through the pore is a chal-
lenging task. This is due to several factors [52]. First, the signal associated with each nucleotide
passing through the pore is affected by its surrounding nucleotides (typically, two on each side).
Second, the speed of a strand translocating through the pore varies. Therefore, the resulting signal
produced by a polymer is a one dimensional sequence of real numbers where each nucleotide is
represented by a variable number of sequence values. We will denote this as the samples per base
associated with a nucleotide. And finally, the electrical signal measured in picoamps, is very noisy.
All these factors makes basecalling highly error prone [18,52].

Improving basecalling accuracy has been the focus of several recent research papers. The

earliest approaches were based on recurrent neural networks such as Chiron [23], DeepNano [54]
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and Oxford Nanopore Technologies’ (ONT) Albacore, which was replaced with Guppy. However,
the current trend has been towards fully convolutional architectures such as in ONT’s development
basecaller Bonito [25] which is based on Nvidia’s speech recognition network Quartznet [55].
Further attempts have been made utilizing attention mechanisms as in SACall [24]. While Bonito
has improved DNA basecalling accuracy slightly, there is still much room for improvement before
ONT’s technology can match the accuracy of Illumina sequencing. These improvements are likely
to come in both basecalling and the technology itself. Despite all this recent research, most of
it focused on DNA data, with little attention to basecalling of RNA data. RNA is sampled by
the pore at 70 bases per second (bps), compared to 450 bps for DNA, leading to different signal
characteristics, and requiring basecalling methods specifically trained for this data. In this paper we
introduce RODAN: RNA nanOpore Decoding with convolutionAl Networks, a fully convolutional
architecture that achieves state-of-the-art performance on transcriptome data from multiple species
including animals and plants. Full implementation is provided on the github repository of this

project at https://github.com/biodlab/RODAN.

4.2 Methods

4.2.1 Architecture and training

We propose a fully convolutional basecalling neural network which takes an intuitive approach
to decoding the signal generated by ONT direct RNA sequencing. Convolutional networks have
emerged as an important technique for working with noisy one dimensional signals [56], and are
therefore a good approach for decoding the signal generated by ONT data. A convolutional net-
work scans the input signal with a set of filters or kernels that make up its convolutional layer (see
Figure 4.1). Each of these kernels computes a function over a small segment of the signal; the
results of the local computation are then fed to the next layer of computation, and can be stacked
to create multi-layer "deep" models.

There is much recent research on the design of deep convolutional networks, and the architec-

ture for RODAN is inspired by Google’s EfficientNet [57]. EfficientNet improved the state of the
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art in image classification while simultaneously reducing the number of model parameters by an
order of magnitude. The RODAN architecture is composed of 22 convolutional blocks, contains
roughly 10 million parameters, and utilizes a similar convolutional block structure (see Figure 4.1).
RODAN gradually incorporates surrounding information for each position in the signal by increas-
ing the kernel size with each successive convolutional block. By increasing the kernel size, we
expand the window size to incorporate surrounding signal information which accommodates for
the variable samples per base and gathers the necessary information from neighboring nucleotides
for accurate decoding. We note that the training and validation set were sampled from data where

roughly 83% of all chunks of 4096 values ranged between 20 and 70 samples per base.

4.2.2 Architecture details

The RODAN architecture is composed of 22 convolutional blocks and contains around 10M
parameters. The first block is a regular convolution with a kernel size of 3 which acts as a "smooth-
ing" layer to denoise the signal. The smoothing convolution is followed by a squeeze and excitation
block. The remaining blocks, as depicted in Figure 4.1, are composed of separable convolutions,
where depthwise convolution is followed by a squeeze and excitation block, then a pointwise con-
volution [58]. All squeeze and excitation blocks forego using a reduction ratio and instead reduce
to a fixed size of 32. When the number of channels increases between layers, the convolutional
block also includes a pointwise expansion to increase the number of channels before the depthwise
convolution. Each convolution operation is followed by a batchnorm and is passed through the
Mish activation function [59]. The Mish activation function also replaces ReLLU in the squeeze
and excitation block. In addition, residual connections have been replaced with ReZero [60] which
parameterize’s the residual addition.

In our architecture, we increase the number of channels and the kernel sizes used in each
layer, up to 768 channels and a kernel size of 100 in the final layer. Its output is then fed to a
fully connected layer, followed by a classification layer with a log softmax activation function.

The connectionist temporal classification (CTC) loss [61] was used as the objective function for
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training the network. We use the Ranger optimizer version 0.1.1 [62], which combines RAdam [63]
with lookahead [64], with an initial learning rate of 0.002 and the default weight decay of 0.01.
Learning rate decay is utilized at a rate of 0.5 with a scheduler patience of 1 and a threshold of
0.1. Only 1,000 batches were used for validation. The neural network architecture is detailed in

Supplementary Table A.1.
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Figure 4.1: The RODAN architecture. The normalized signal is passed through a succession of convo-
lutional blocks which gradually incorporate surrounding information. Each block is composed of several
processing steps (convolution, activation, batch normalization etc.), which are standard building blocks in
the construction of deep neural networks. The final output is passed through a fully connected layer to
produce the decoded sequence of nucleotides.

4.2.3 Model Training

Training of RODAN was performed on an HP Z440 workstation with 6x3.6Ghz dual core
processors, 16 GB of RAM, and an Nvidia Titan V GPU with 12 GB of memory. Training was

performed using PyTorch version 1.5.1 with the maximum possible batch size of 30 and stopped
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after 20 epochs. Label smoothing was also utilized by reweighting the blanks in the CTC sequence
with a higher probability of 0.1. The nucleotide vocabulary is then reweighted uniformly at 0.025.
Basecalling is performed with a beam search size of 5.

Training of Taiyaki was performed utilizing version 5.0.0 on the same hardware setup. We
used the suggested RNA training parameters which are a base layer size of 256, a stride of 10, and

number of epochs equal to 10.

4.2.4 Data

Training data. The RNA training data was selected from samples from an in house Arabidopsis
thaliana wild type which utilized flow cell version R9.4.1, Epinano synthetic constructs (R9.4.1)
which contain all possible 5-mers ( [31], Homo Sapiens (R9.4) from the NA12878 project
(BHAM_Runl) [65], Caenorhabditis elegans (R9.4) from [66], and Escherichia coli (R9.4) from
[67].

To generate the Arabidopsis data, total RNA from 17 days-old Arabidopsis thaliana Col-0
seedlings grown on % MS at 20°C' (16/8 hrs light/dark cycle) was isolated using TRIzol reagent
and suspended in 160/ of DEPC-treated water. DNAse treatment was performed by adding 20/
of 10x DNase buffer and 20/ RNAse-free DNAsel and incubated for 30 minutes at 37°C'. RNA
was then purified using phenol/chloroform. Poly(A)+ mRNA was isolated from about 150ug of
total RNA using the Oligotex Direct mRNA kit (Qiagen). One pg of poly(A)+ RNAs was converted
into a library with the Direct RNA Library kit SQK-RNAO002 (Oxford Nanopore). The library was
sequenced on a SpotON R9.4.1 FLO-MIN106 flowcell, using a GridION x5 sequencer.

All reads were first basecalled with Guppy version 3.4.5 followed by a Tombo version 1.5.1 [68]
resquiggle to assess the alignment qualities using the signal matching score and gscore provided
by Tombo. The signal matching score (SMS) assesses the quality of the raw current signal against
the expected signal, where higher scores indicate lower quality. As Tombo uses a default of 2 for
RNA, all reads were filtered with < 2 for the SMS. All reads were filtered with > 11 for gscore,

except for the E. coli sample which used > 8 for the gscore due to the low quality of the reads. The
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remaining reads for each sample were then processed using Oxford Nanopore’s research training
model Taiyaki according to their instructions [69]. Taiyaki stores the resulting data in an HDFS file
which includes the raw signal data for each read, along with its genomic sequence and alignment
positions.

The resulting HDFS file is comprised of 116,072 reads, 24,370 from Arabidopsis aligned to
the Araportl1 [70] transcriptome, 29,728 from Epinano synthetic constructs aligned to their re-
leased reference [31], 30,048 from H. Sapiens (BHAM_Runl1) aligned to v33 of the gencode [71]
transcriptome, 24,192 from C. elegans aligned to the CE11 [72] transcriptome, and 7,734 from
E. coli aligned to the transcriptome generated from the genome and annotations in the NCBI as-
sembly database [73]. Both the Arabidopsis and E. Coli transcriptomes were generated from their
respective genomes and gff annotations using the gffread command from cufflinks [74] with the
-O option to add non-transcript records.

From this dataset, reads were randomly selected for either training or validation purposes.
Each read had a random starting point chosen between 0 and 1024 signal values, and was then
segmented into chunks of 4096 values where only chunks with a maximum of 15 samples per base
were selected. After a million chunks are selected for training, the remaining reads are then used
to select 100, 000 chunks for validation. The raw input signals are normalized by median absolute

deviation.

Test data. The test set for measuring the accuracy of our basecaller is comprised of five different
samples. These samples originated from studies distinct from those used to generate our training
data except for the human data which is taken from a different lab from the Nanopore WGS Con-
sortium’s NA 12878 project [65]. For each sample, a selection of reads was basecalled with Guppy
v4.4.0. Any read which aligned to the mitochondrial genome was discarded. Of the basecalled
reads which aligned to each transcriptome, 100,000 were randomly selected for inclusion in the
dataset.

The RNA test data is composed from datasets originating from multiple species. Data for

Homo sapiens (R9.4) was selected from the NA12878 project (BHAM_Runl) [65] and aligned
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to v36 of the gencode human transcriptome [71]. Arabidopsis thaliana (R9.4) data is the Col-0
wildtype from [32] aligned to the Araportl1 [70] transcriptome. Mus musculus (R9.4.1) is from
[75] and aligned to the vM25 gencode transcriptome. S. cerevisiae S288C (R9.4.1) from [33]
is aligned to the transcriptome from the NIH genome database [76]. The Populus trichocarpa
(R9.4.1) from [38] is aligned to the transcriptome generated from the genome and annotations in
the NIH assembly database [77]. The Poplar transcriptome, in addition to the Arabidopsis, were

generated in the same manner as the transcriptomes for the training data.

4.2.5 Evaluation

Basecallers were evaluated using sequence identity is defined as:

M
accuracy = VISTI+D “4.1)

where M is the number of matching bases, S is the number of mismatches, / is the number
of insertions, and D is the number of deletions. Two sample t-tests were performed using the
scipy stats function ttest_ind comparing the results between RODAN and Guppy, and RODAN and

Taiyaki.

4.3 Results and Discussion

We compared RODAN to other available RNA basecallers which include the latest release of
ONT’s production basecaller Guppy and their research software Taiyaki [78]. Taiyaki was trained
with our generated training data. Both Guppy and Taiyaki are based on recurrent neural networks
(RNNs). The inherently sequential processing of data with RNNs interferes with modeling long
term dependencies and parallelization. Convolutional architectures on the other hand are easily
parallelizable.

For our evaluation we used the five benchmark datasets described above to assess the accuracy
of RODAN across multiple species. Read length distributions across datasets were very similar

as seen in Figure 4.2(a). Basecalled reads were aligned with minimap2 2.17-r941 [79] against the
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respective transcriptomes [detailed in Methods]. All supplementary alignments were discarded.
Basecalling accuracy is shown in Table 4.1, reported as median sequence identity, similarly to
other papers reporting basecalling accuracy [18]. We observe that RODAN outperforms Guppy
and Taiyaki in all five datasets, with the largest difference in human. The only exception is in
yeast, where Guppy was able to match RODAN’s performance. All the differences except for

RODAN vs Guppy in yeast were highly statistically significant (p-value less than 2.75107157

using
a t-test applied as described in Methods). We note that all three basecallers had difficulty with the
mouse dataset. This may be the result of not having trained the model on mouse data. To test
this hypothesis, we added 24,295 reads of mouse data from [33] to the training set and retrained
RODAN with the same configuration. This increased the median accuracy of the mouse from
87.99% to 89.37%. However, it decreased human median accuracy by 1.2% and increased the
number of unaligned reads across the remainder of the test data. In poplar, another eukaryote,
the model performs well despite not having been trained on data from it. We also report on the
total amount of unaligned reads for each basecaller. Taiyaki, which was trained on our generated
training dataset, performed slightly better in that regard. We note that the dataset was prepared
with Guppy, hence the number of unaligned reads is not applicable.

To obtain more detailed understanding of model performance, we show basecalling accuracy as
a function of read length in Figure 4.2(b) and Supplementary Figure A.1. In all datasets we observe
a slight decrease in accuracy with read length. We hypothesize that shorter length reads have less
of a tendency to form structures that would impede their movement though the pore, leading to
more accurate basecalls. In our experiments, Guppy ran around 7x faster than RODAN. This is to
be expected since Guppy is optimized production code that is written in C++. Both were run on an

HP 7440 workstation with 6x3.6Ghz dual core processors, 16 GB of RAM, and an Nvidia Titan V
GPU with 12 GB of memory.
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Table 4.1: Basecalling accuracy computed using percent identity and number of unaligned reads across
datasets for Guppy 4.4.0, Taiyaki 5.0, and RODAN 1.0. Each dataset contains 100, 000 reads. Only reads
alignable by Guppy were used to build each dataset, hence the N/A for unaligned reads. Additional base-
calling statistics are provided in Supplementary Table A.2.

Dataset Basecaller Median Accuracy Unaligned
Human [65] Guppy 90.60 N/A
Taiyaki 91.16 900
RODAN 93.23 1307
Mouse [75] Guppy 87.65 N/A
Taiyaki 86.25 3079
RODAN 87.99 2819
Arabidopsis [32] Guppy 91.59 N/A
Taiyaki 91.10 957
RODAN 92.89 1001
Poplar [38] Guppy 90.16 N/A
Taiyaki 89.72 1598
RODAN 91.11 1652
Yeast [33] Guppy 91.35 N/A
Taiyaki 90.01 2721
RODAN 91.41 3035
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Figure 4.2: Read statistics. For each of the five datasets we show histograms of read length in (a), and
basecalling calling accuracy as a function of read length.
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4.4 Conclusion

We presented RODAN, an RNA basecaller for nanopore sequence data with state-of-the-art
accuracy. Our approach accounts for the varied samples per base and high level of noise inherent
to this data with a convolutional architecture that gradually incorporates surrounding information
to correctly decode each nucleotide. The software is freely available, and can form the basis for
further development. In addition, we have also assembled and released the first comprehensive
dataset that can be used to test the accuracy of RNA basecallers in future research [80]. To our
chagrin, many published studies do not release raw ONT fast5S data which is crucial to method

development and re-analysis of data. We hope this trend improves in the future.
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Chapter 5
MOTHRA: Detecting modified nucleotides with

nanopore direct RNA sequencing data

5.1 Introduction

While the ONT platform has the capacity to directly sequence RNA, it also potentially pro-
vides the ability to detect post-transcriptional modifications to nucleotides. This opens the door to
studying the epitransciptome, which is the study of biochemical alterations to RNA, and is largely
an unknown [81]. Modification detection is possible by determining the mean signal distribution
of a wildtype sample, abundant in modifications, which shifts when compared to a mutant sample
which is deficient in modifications, as depicted in Figure 5.2. ONT has published multiple tools
with this initial capability for both DNA and RNA which includes Remora [82] which focuses on
DNA, and Tombo [68] which performs statistical tests for comparisons to expected current levels
as well as sample comparisons.

Prior research indicates basecalling modified nucleotides results in higher amounts of mis-
matches and deletions, along with lower base quality [31] when aligned to a reference genome
after being basecalled with ONT’s official basecaller Guppy. Following this, the Barton Group
published a tool called differr [32] which utilized statistical tests to compare mismatches between
mutant and wildtype samples, helping isolate biochemical modifications. Differ can be utilized in
conjunction with previously published research containing published lists of experimentally deter-
mined methylated sites to help isolate likely biochemical modifications. Other tools which rely on
statistical analysis of basecalling errors include Eligos [33] and Drummer [34].

More recent research relies on statistical or machine learning methods used on segmented
events derived from Tombo or nanopolish [21] which determine position and raw signal informa-

tion. This includes MINES [37] and nanom6A [38] which utilize Tombo events, where xpore [35]
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and mé6anet [39] use nanopolish. As the signal of each nucleotide is affected by its surrounding
nucleotides, the raw signal data is essentially a 5-mer which presents 45 = 1024 possible current
levels. First, araw ONT read is basecalled. Nanopolish then uses this basecalled sequence to align
these events based on a model of expected current levels, including the mean and standard deviation
of 5-mers released by ONT and available in the nanopolish software [21]. The event (basecalled
nucleotide) alignment is performed using a hidden Markov model with the Viterbi algorithm. It is
important to note that events can be of different lengths due to the variable translocation speed of
strands through the pore, and sometimes strands will be "stuck", further complicating the interpre-
tation of the raw signal.

We are focusing on detecting m6A directly from raw ONT reads without requiring any pre-
processing or additional tools. The goal is to provide a tool that when run on experimental data
will produce a list of likely modified genomic positions and reads while simultaneously basecalling
the reads. This will significantly reduce the time and resources required for post-transcriptional
modification detection, while further accelerating research into the biological effects of m6A and

facilitating other modification detection.

5.2 Data

Isolating methylated nucleotides is not only difficult, but error prone. The difficulty is due to
the multiple ONT device issues previously stated, which also results in the reported signal variance
for each k-mer in ONT’s signal models being quite large. The variance leads to a large overlap
in signal mean distributions between methylated and non-methylated reads. These problems are
further compounded by the inadequate basecalling accuracy. In addition, while both Tombo and
nanopolish can perform nucleotide event alignments to the raw signals, we have found these align-
ments are rarely in agreement. Even further, the fact that only a fraction of RNA strands will be
methylated [83] makes isolation even more difficult. As such, training a deep learning model to
detect methylation in raw reads requires a large amount of experimentally verified data, in conjunc-

tion with prior published research with definitive experimental results to reliably isolate positions
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in reads which are modified. Given these problems, we have designed a lengthy data preparation

process for model training depicted in Figure 5.1.

Basecal &
Alignment to reference
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ONT data

Significant mismatch
detection with differr

Event alignment
with nanopolish

A 4

Create hdf5 ¢ Xpore < xpore < Match sites with

training data by k-mer by site MERIP-seg/miCLIP

Figure 5.1: Data preparation process starts with collecting the ONT data and ends with generating training
data.

We downloaded raw ONT data from prior published research, which was basecalled with
Guppy, and aligned with nanopolish against the reference transcriptome. Differr was then run
on the data, comparing wildtype and mutant samples, which produces a list of transcriptomic po-
sitions with statistically significant mismatch errors. This list of differr sites was then matched
against a list of peaks, also obtained from prior research using MeRIP-seq or miCLIP data, where
we identified any matching k-mers with an RRACH motif within a window of 5 nucleotide po-
sitions surrounding the errors. This is because the mismatch errors are not necessarily on the
modified A nucleotide, but can also be in the surrounding nucleotides. The positional informa-
tion of the matching k-mer was then checked within a window of 10 nucleotide positions against
MeRIP-seq or miCLIP peak data. The matching sites were then fed into a modified version of
xpore, after aligning the basecalled reads to the reference transcriptome with nanopolish, which
tests single sites. While xpore was written to process entire datasets at once, the computation time
required to test all sites is excessive, so we created a modification which allows us to test on a per
site basis.

As mentioned, xpore operates on nanopolish aligned events by using a multi sample Gaussian
mixture model to compare the distributions of means and variances of 5-mers between reads. The

comparison requires a mutant sample, deficient in m6A, and a wildtype sample where m6A is
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abundant. ONT’s previously published 5-mer model of means and variances were used to guide
parameter estimations for each model, along with multiple iterations of variational Bayes inference
to reach the final conclusion. The mutant and wildtype distributions for each site were then com-
pared with statistical significance testing to produce a list of high confidence methylated sites. A
plot of the reads for a single site is presented in Figure 5.2, where we can see the learned Gaussian

distribution of both the wildtype and mutant samples.
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Figure 5.2: Plot of mean signal distributions for methylated transcriptomic position AT1G02150.1:1820
between mutant (blue), deficient in methylation, and wildtype (red), abundant in methylated samples. The
shaded area is the overlap between the distributions.

From this list of high confidence methylated sites, we compute the overlap between the dis-
tributions and use only sites which share < 0.1 overlap in area under the distributions, with an
example distribution overlap shaded grey in Figure 5.3. The reads from these sites are then com-
bined by k-mer, eg AGACT, and run through another modified version of xpore which processes

the multiple sites assigned to each k-mer to create a final signal distribution model for each k-mer.
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The mean signal distribution of multiple sites are visually depicted for a single k-mer in Figure

5.3.
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Figure 5.3: Boxplot of signal means across multiple transcriptomic positions for the single k-mer AGACT
between mutant (blue), deficient in m6A, and wildtype (red), abundant in m6A.

The final distribution models for each k-mer now has learned parameters consisting of a mean
and standard deviation. We then isolate all reads from the mutant sample which are within 3
standard deviations of the unmodified mean, and all reads from the wildtype sample which are
< 3 standard deviations from the unmodified mean and have an assigned xpore probability of
being modified of > 0.95. The remaining reads were then stored with the nanopolish sequence
alignments into the standard hdf5 format used by ONT for data storage.

Using this standard hdfS format, we can then generate training and validation data. While
RODAN uses a chunk size of 4096, we have opted to use a smaller chunk size of 2048 to help
isolate methylated positions. The generated training data then consists of chunks of data from
methylated and non-methylated site positions, as well as general chunks which are not site related.

Chunks with methylated nucleotides are randomly sampled 3 times with different boundaries. Any
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chunk which is not within the range of [20, 70] samples per base, as described in the RODAN
paper, was discarded. In addition to the nucleotide sequence for each chunk, we assigned a binary

classification denoting the chunks methylation status.

5.3 Model

In addition to detecting whether a portion of a read is methylated, we also need to identify a
read’s nucleotide sequence to discern the modification’s genomic position. In our RODAN archi-
tecture, we designed a sequence to sequence network which is unsuitable for classification as the
final output produces embeddings of the positions within an input sequence. This begs the ques-
tion, how can we harness the power of RODAN while simultaneously classifying whether a portion
of a read is methylated? We could create a summary of the sequence embeddings, similar to image
classification models. We opted for the attention mechanism as each of the multiple attention heads
can learn to concentrate on different aspects of the sequence information, and the ease with which
we can discern the methylated portions of the sequence using the attention maps [84].

Our model is based on a simplified version of the RODAN architecture, where we use multiple
RODAN convolutional blocks followed by a standard transformer encoder block comprised of a
self-attention layer with 8 heads, as depicted in Figure 5.4. The attention subnetwork then utilizes 2
dense layers which recombines each heads subspace as in a transformer encoder block. In addition
to the embeddings from the convolutional network, we prepend a learnable embedding, as in the
visual transformer [41], which is separated at the end of the network for classification. The final
embeddings are used in for multi-task learning, where the prepended learnable embedding is used
in the cross-entropy loss function for the binary classification of methylation, and the remaining
embeddings are used the CTC loss function for basecalling the chunks nucleotide sequence.

We pre-train the model without the classification task, where only the CTC function is used
for basecalling. The pre-trained model uses Adam for optimization. After pre-training, we add the
multi-task classification and use SGD with momentum of 0.9, which is similar to the fine-tuning

process for the visual transformer. As of now, we only use AGACA and AGACT k-mer sites for
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Figure 5.4: Neural network architecture. Raw ONT signal data is processed by multiple RODAN convolu-
tional blocks and the resulting embeddings, along with a pre-pended learnable embedding, are fed through
a transformer encoder block. The pre-pended learnable embedding is used for classification, while simul-
taneously the sequence embeddings are fed through the CTC loss function for basecalling. The numbering
refers to the positions of the embeddings in the sequence. Parts of figure inspired by [41].

training with two classes for the cross-entropy loss function which indicate a binary methylated or
unmethylated position. We are currently achieving a 96.5% AUPR on the validation data which

is comprised of 30,215 unmethylated samples and 1,753 methylated samples. The training and

validation data was from Arabidopsis samples published in [32].
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Figure 5.5: Visual depiction of the attention values from the pre-pended embedding in the attention matrix
from head 8. The middle GAC of the AGACA sequence which is highlighted is methylated.

We can determine the position of modified nucleotides by analyzing the attention values from
our model during inference. As attention head 8 has learned to identify the modified nucleotides,

we use the row which corresponds to the pre-pended embedding from the attention matrix of the

35



appropriate head. This row contains the probability distribution, or attention values, which are
depicted in Figure 5.5. We can see the center GAC highlighted in the AGACA k-mer indicating
the A nucleotide is methylated. The attention matrix from head 8 is also shown in Figure 5.6 where
the highlighted columns also refer to the GAC nucleotides. We used this method to determine the

genomic positions of sites in our test data.
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Figure 5.6: Heatmap of the attention matrix from head 8. The high probability columns on the left side
corresponds to the GAC in a methylated AGACA k-mer.

The test data for our model was raw nanopore sequencing data from a different Arabidopsis
wildtype sample released in [85]. As there is no ground truth available to report an AUPR, we
focus on precision which is defined as the methylated sites detected by MOTHRA, found in the
combination of three MeRIP-seq datasets published in [86, 87], divided by the total number of
methylated sites MOTHRA detected. We plot the precision in Figure 5.7 at increasing prediction
thresholds taken from the classifier.

The precision increases from 0.39 to 0.65 with the prediction threshold when limited to
AGACA/AGACT sites, as visible from the blue line in our plot. This shows that the more confident
MOTHRA'’s predictions are, the greater our model’s precision. We can further improve MOTHRA'’s

precision by only using sites which have more than one (>1) methylated reads. Filtering sites with
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Figure 5.7: Precision of methylated sites, detected by MOTHRA, calculated as a function of the prediction
threshold. The blue line plots the precision of all AGACA/AGACT sites, the green is all AGACA/AGACT
filtered with >1 methylated reads, and the orange is all sites filtered with >1 methylated reads regardless of
k-mer.

>1 reads allows us to remove false positives which are unavoidable due to the noisy nature of the
signal which results in a high mean signal variance. When applying this filter to AGACA/AGACT
sites, the preicision increases from 0.61 to 0.8 as visible with the green line. We further detail
the AGACA/AGACT >1 results with the venn diagram in Figure 5.8 which showcases the level of
overlap of MOTHRA and MeRIP-seq sites.

While we explicitly trained our model with only AGACA and AGACT k-mers, there is often
other unmethylated and methylated k-mers located close to the intended k-mer’s in our training
data. As a result, MOTHRA coincidentally learned to identify a limited number of other methy-
lated k-mers as well. When applying the >1 read filter, the precision for all detected sites increases
from 0.43 to 0.73 as visible with the orange line. This highlights how MOTHRA was able to dis-
tinguish methylated k-mers it was not explicitly trained for. Our results clearly demonstrates our

research is successful and needs further work.
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Figure 5.8: Overlap of AGACA/AGACT methylated sites detected by MOTHRA with >1 read which were
found in MeRIP-seq data.

5.4 Future work

While we are able to discern the position of modified nucleotides as shown in Figure 5.5,
and locate not only AGACA/AGACT but other k-mers coincidentally, there remains a significant
amount of time consuming work to do. As previously mentioned, nanopolish and Taiyaki event
alignments are rarely in agreement. As such, we plan to re-align all our training data with Taiyaki
to achieve the basecalling accuracy reported in RODAN, and then re-run xpore on the new event
alignments. This is a lengthy process as the time required for data preparation is exorbitant. We
expect this to also provide a more accurate view of methylation events, as discerned by xpore. This
will allow us to generate new training examples which are more closely aligned with ONT’s own
processes.

In addition, we plan to use multi-label classification, where each class represents a different
modified k-mer. This will allow us to not only identify the type-of k-mer within a chunk of data,
but also detect and pinpoint multiple k-mers simultaneously. The new classification function will

use Asymmetric Loss [88] which is the current state-of-the-art for multi-label classification.
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Chapter 6
On the choice of negative examples for prediction of

host-pathogen protein interactions

6.1 Introduction

Prediction of protein-protein interactions (PPIs), and more recently host-pathogen interactions
(HPIs) is a very active area of research in computational biology [89, 90]. Most of the work
in this area focuses on prediction of interactions from sequence, especially using deep learning
techniques. Some recent publications reported highly accurate prediction results from sequence
alone that caught our attention [91-93]. As long-time practitioners of machine learning in this
area, we approach such results with a healthy dose of skepticism. What could be the cause of such
high accuracy? In this paper we focus on one issue related to the choice of negative examples that
keeps showing up in various guises.

While databases of PPIs and HPIs are abundant and provide curated information on protein
interactions, finding reliable examples of non-interacting proteins is more of a challenge. The
Negatome database is one such resource [14]; however, the number of interactions in it is very
limited and much smaller than the number of experimentally determined interactions, and does not
cover HPIs. In the absence of gold-standard non-interacting proteins, some researchers have cho-
sen to constrain their negative examples in various ways—either by protein localization, justified
by the fact that proteins that reside in different cellular compartments are less likely to interact [94]
or by constraining the similarity of negative examples to known positive examples [95]. These
approaches produce more reliable negative examples than the alternative of choosing random pairs
of proteins that are not known to interact, reducing the number of false negatives. However, PPI
networks are expected to be very sparse, and therefore the false negative rate for the random pairs

method of choosing negative examples is expected to be very small [96]. And as we have discussed
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elsewhere [96], the bias introduced by choosing negative examples according to their localization
makes the problem easier, inflating prediction performance. Yet another way to introduce a bias
on the choice of negative examples is to use proteins with low degrees in the interaction network,
since these are less likely to interact with a viral protein of interest [97].

Eid et. al [95] suggested that while PPI networks are indeed sparse, HPI networks are less
likely to be so. On the basis of this hypothesis they proposed to choose negative examples by
constraining their similarity to positive examples. More specifically, if a host protein is part of the
positive set, negative examples of similar host proteins are excluded, since they constitute potential
interactions. As we describe below, this is a very effective way of making the prediction problem
easier, and indeed provides improved performance. This was demonstrated by Eid et al. and shown
here using current deep learning methods. However, this practice is wrong from a machine learning
perspective, and we argue that its performance is not expected to hold for real data.

Although some researchers have rightfully shunned the technique of similarity-constrained
negative example selection [93, 98], this practice remains present in the field of HPI predic-
tion [91,92,99-103] and also in PPI prediction [104], necessitating this paper to alert researchers to
this issue. We have also observed the use of similarity based choice of negative examples in other
sequence-based prediction problems such as anti-microbial peptide prediction [105]. We note that
the related practice of using cellular compartment to bias the choice of negative examples is also
still occasionally being used [106]. The very high accuracy reported in some of the publications
cited above may create the wrong impression regarding the accuracy of predicting HPIs from se-
quence, and it is important that as method developers we be aware of all the potential pitfalls in

designing our machine learning experiments.

6.2 Results and Discussion

To demonstrate the effect of using similarity-based sampling on HPI prediction accuracy we
implemented the strategy proposed by [95] and created training and test sets characterized by a

threshold of the maximum allowed sequence similarity between host proteins that participate in

40



the training and tests sets (see details in the Methods section). In addition to the original Support
Vector Machine (SVM) model of Eid et. al, we applied this strategy to a selection of deep learning
models that were developed for PPI and HPI prediction. Model performance was assessed using
five fold cross validation for varying sequence similarity thresholds for datasets constructed using
two collections of positive examples: the dataset used in Eid et. al, and a larger dataset generated
using the latest version of the Host-Pathogen Interaction Database (HPIDB). Results are shown
in Figure 6.1. The general trend for all the methods is that performance as measured by the area
under the precision recall curve (AUPR) decreases as the similarity threshold increases. For low
values of the similarity threshold, i.e. when the distinction between proteins in the training and
test sets is extremely well pronounced all the methods achieve close to perfect accuracy, even the
simple SVM-based method that uses trimer composition of the two proteins to represent the data.
As the similarity threshold increases, the problem becomes more difficult as test set proteins are
allowed to become more similar to proteins in the training set. In this regime, the SVM performs at
a level that is not much better than a random classifier. The situation is described in Figure 6.2: for
a high similarity threshold, the sampling produces what are essentially random pairs that are not
known to interact, and the two classes can overlap. As the similarity threshold decreases, the two
classes are pushed further apart, making the problem increasingly easy to solve. If this is done just
on the training set as in [107], this is appropriate; however, when done on examples on the test set,
it makes the test set easy by construction, providing the user with a false sense of success. In-fact,
in related work, we have shown that negative examples chosen by constraining sequence similar-
ity does not generalize as well as random pairs for the problem of protein-compound interaction
prediction based on an independent test set that uses negative examples chosen as pairs that have
low binding affinity [108]. Some authors choose to use similarity-constrained negative examples
only in the training set [107]. This way of using similarity-constrained negative examples is not
problematic, since there is no information leakage between the training and test sets. However, we
suspect that the reduced label noise is not sufficient to compensate for the resulting difference in

the distribution of training and test set, and would result in lower prediction accuracy.
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It is worth noting that PIPR, which is the most sophisticated deep learning method among those
tested is able to maintain a reasonable level of accuracy even for random pairing, and is the most
responsive to even low deviations from random sampling. All the other methods required more

help in terms of the separation between train and test sets in order to achieve high accuracy.

6.3 Conclusion

In this paper, we discussed pitfalls in the selection of negative examples for host-pathogen and
protein-protein interactions. There are other issues that come into play when designing machine
learning experiments in this domain. While our focus was on negative example selection, there are
multiple issues that are relevant for the choice of positive examples as well: data from experimental
methods such as yeast-two-hybrid are known to have a sizable fraction of false positives, and it is
common practice to select positive examples by choosing interactions that have been assigned a
high confidence score [109]. Another issue is whether to include in the test set interactions for
host or pathogen proteins that are present in the training set: if a protein is present in the training
set, either as a host or pathogen protein, the classifier is better able to make accurate predictions.
So, a naive cross-validation procedure like we have used here provides accuracy estimates that
may over-estimate performance if the user is interested in performance over proteins that were
unseen by the classifier. This has been discussed by [109, 110] in the context of protein-protein
interactions. A common evaluation procedure in HPI prediction is to test the method on novel
pathogens for which no data is present in the training set. This captures a likely use case where
we wish to obtain potential interactions for an emerging pathogen whose interactions are yet to be
studied in the lab. The final issue we would like to mention is class imbalance. Since host-pathogen
interaction networks are expected to be sparse, the number of negative examples is expected to be
much larger than the number of positive examples, leading to highly imbalanced classification
problem. This has impact on the expected classification performance as demonstrated in a recent
publication on PPI prediction [13]. Unlike the area under the ROC curve which is invariant to

class imbalance, more realistic measures like the area under the precision-recall curve are strongly

42



affected by class imbalance. In summary, we call upon authors to be aware of these issues and
exercise good experiment design that provides valid indication of the method’s performance in the

real world.

6.4 Methods

6.4.1 Models

The models we selected for our experiments cover a wide variety of sequence based pub-
lished machine learning methods for HPI prediction from simple methods like the SVM from the
original Denovo paper [95] and the single layer convolutional methods DeepViral [98] and Deep-
Trio [111], to more complex methods like PIPR [9] . In our work we used the original Denovo
SVM method [95] as a baseline. The model represents a pair of protein sequences in terms of
their k-mer composition vectors normalized to unit vectors and concatenated, to which a Gaussian
kernel is applied. Our implementation uses scikit-learn [112] SVM implementation after verifying
it produced the same results on their original datasets, and uses 3-mers in a reduced amino-acid
alphabet as in the original publication [95].

We also chose a selection of sequence-based deep learning methods of varying complexity. The
simplest, DeepViral [98], is a fully convolutional network which uses a single convolutional layer
composed of eight different convolutional modules executed in parallel, with convolution applied
independently to each protein and concatenated. In our implementation we removed the dropout
on the convolutional layer, as we found the model performs much better without it. This is the the
sequence-only variant of DeepViral, for a fair comparison with the other methods. Each sequence
is one hot encoded and the models were trained for 30 epochs.

PIPR [9] is a more elaborate deep learning architecture for protein-protein interaction predic-
tion comprised of multiple layers of convolution and gated recurrent units. PIPR encodes each
amino acid using a vector that combines amino acid composition in a reduced seven dimensional
space obtained by clustering amino acids by their properties [113] with a set of features generated

using the word2vec skip-gram model which represents the co-occurence of amino acids. The skip-
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gram model was trained on 8, 000 sequences from the STRING protein-protein interaction network
database [114]. We trained the models for 100 epochs as in the original publication.

We also used DeepTrio [111], a deep learning PPI prediction fully convolutional model which
is comprised of 33 convolutional modules executed in parallel on the input sequence. The se-
quences are one hot encoded and the models were trained for 50 epochs.

All methods used a batch size of 256 with cross entropy loss, and were originally written in
Keras and translated to PyTorch [115]. Full implementations are provided on the github repository

of this project at https://github.com/biodlab/hpi-neg.

6.4.2 Datasets

In our experiments we used datasets parameterized by the maximum allowed sequence sim-
ilarity between host proteins in the train and test sets with thresholds ranging from 10% (highly
constrained examples, allowing only up to 10% similarity) to 100% (no constraint on similarity be-
tween the host proteins in the train and test sets). The original Denovo dataset is comprised of 5,445
human-pathogen interactions, with 445 pathogen proteins and 2,340 human protein derived from
VirusMentha [116]. These interactions were used to create 10 different datasets with similarity
thresholds between 10% and 100%, where sequence similarity is computed using the Needleman-
Wunsch algorithm [117]. For complete details of the algorithm we refer the reader to the original
publication [95]. In addition to the original Denovo dataset we created a second much larger dataset
(Denovo-HPIDB) based on the latest Host-Pathogen Interaction Database (HPIDB) [118]. HPIDB
comprises multiple host and pathogen species, with human being the predominant host. All inter-
actions were restricted to human host only which totaled 50,681 interactions between 9,580 human

proteins and 5,930 pathogen proteins.
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Figure 6.1: Denovo datasets with negative pathogen-host protein pairing by sequence similarity reported as
AUCPR for each model, left: originally published Denovo datasets, right: HPIDB based Denovo datasets.
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Figure 6.2: The effect of similarity-based selection of negative examples. When using similarity-based
selection of negative examples this forces a distinction between positive and negative examples, making the

problem much easier to solve.
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Chapter 7

Contributions, Conclusions, and Future Work

7.1 Contributions

In this work, we have investigated improving discerning, and learning from biological sequence

data. Our contributions are summarized below:

e We achieved state-of-the-art RNA basecalling accuracy utilizing Oxford Nanopore sequenc-
ing devices with RODAN, beating ONT’s own basecaller. In addition, we released the first
publicly available RNA training data for use in future RNA basecalling research. One paper

stated RODAN "suggest[s] a promising direction for species-specific basecallers" [1].

e We demonstrate that we can successfully pinpoint the most abundant post-transcriptional
modification m6A within raw ONT signal with nucleotide level resolution, while simultane-
ously basecalling. Our research, which is built upon RODAN, negates the need for complex
biological experiments such as MeRIP-seq and miCLIP, as well as the heavy computational
requirement for alignment pre-processing for computational methods for detection. We have
made the exploration of m6A within the epitranscriptome accessible, and provided a frame-

work for research into detection of other modifications.

e Ongoing research into predicting protein-protein interactions has been hampered with faulty
experimental design parameters which include negative sample generation. Our research
demonstrates and details these problems, and further provides guidance and design parame-

ters for future work in this field.
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7.2 Nanopore basecalling and modification identification

7.2.1 Conclusion

While ONT sequencing devices have the potential to revolutionize the fields of genomics and
epitranscriptomics, there are multiple device problems that when compounded, contribute to de-
creased accuracy. These problems include high signal variance and the short dwell times of some
nucleotides as the translocation speed of a strand of RNA varies as it passes through the pore.
In addition, signal similarity between nucleotides hinders their differentiation. For instance, the
C and U nucleotides are close in signal space and are frequently mistaken for one another [1].
Interestingly, these errors occur in both homopolymers, or regions where the same nucleotide is
repeated, and heteropolymers. These errors also affect the detection of methylated nucleotides as
we are trying to discern small perturbations in the signal mean which is already highly variable.

Machine learning models can not perfectly accommodate for noisy inconsistent data, and thus
will be unable to achieve accuracy comparable to prior technologies such as [llumina. This problem
is detailed in a recent ONT RNA sequencing review paper which found the same "systematic error
patterns" in RODAN as compared to ONT’s own basecaller. They concluded the problems are
with ONT’s technology and stated the need for "further development of pore chemistry to improve
the decoding of raw signal data" [1]. To address these issues, Oxford Nanopore Technology has
continued to release new pores [17] as they have improved their devices. Unfortunately, ONT has
primarily concentrated on DNA. Ultimately, we may be constrained by the limitations of ONT’s
current technology, and biologists and researchers will require better device chemistry to improve

basecalling accuracy.

7.2.2 Future work

As previously noted, there are over 170 different types of post-transcriptional modifications,
most of which we know nothing about. With MOTHRA, we have demonstrated the ability to
detect the most abundant type of modification, which opens the door to detect other types of mod-

ifications. This allows us entry into an unexplored field, thus providing the potential to revolu-
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tionize epitranscriptomics. Instead of requiring laborious biological experiments like MeRIP-seq
or miCLIP, or laborious data pre-processing required for current computational methods, we have
lowered the barrier to entry with a simple tool which does not require any pre-processing, and will
be easily accessible to researchers.

MOTHRA should be extendable to other modifications types, where the main challenge would
be preparing the appropriate training data. As any modification should alter the current signal, all
we would require is the appropriate mutant and wildtype samples. While any of the aforementioned
tools should theoretically be able to discern any modification type, we are unaware if differr has
been validated for anything other then m6A. However, similar tools like ELIGOS [33], which also
use statistical methods to profile basecalling errors, have been used on 5-methylcytosine (m5C),
N1-methyladenine (m1A), and pseudouridine among others. Xpore has been used on m5C [119],
and there is a recent pre-print [120] which expands on xpore’s method, which reports success in
detecting other modification types. We note that many of these and other similar tools, which have
attempted to detect other post-transcriptional modifications including m5c, inosine, and pseudouri-

dine [33,121-123], have publicly released their raw nanopore sequencing data.

7.3 Protein-protein interactions

7.3.1 Conclusion

Contrary to what published research may claim, protein-protein interaction prediction from
sequence is far from solved. While one recent paper claims over a 99% AUPR [93] on multiple
host-pathogen protein-protein interaction datasets, and another claims over 97% AUPR [104] on
a comprehensive dataset comprised of a collection of protein-protein interaction networks from
multiple species, their published machine learning models would not work on real world datasets.
We demonstrated in our research that these papers employed a faulty dataset generation technique,

based on sequence similarity, which made the classification problem much easier.
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7.3.2 Future work

We posit that it might be time to give up on solely using sequences as a protein amino acid
sequence might not contain enough information for interaction prediction given their complex bio-
chemical structure. Building on this idea, one recent paper used protein structural information from
the protein data bank (PDB) and protein language model embeddings with graph attention [124]
and achieved a high AUC. This is a promising step. Another recent paper [125] used graph neu-
ral networks built on the graph of each protein’s molecular structure, which were obtained from
DeepMind’s AlphaFold [43] structural predictions, with the addition of protein language model
embeddings. Their network achieved AUPR’s of over 0.95 on two different species datasets. Un-
fortunately, this paper also generated negative examples based on subcellular localization which
we warned about in our paper on dataset generation for PPIL.

We can continue to leverage the recent progress on protein structure prediction from AlphaFold.
While earlier versions of AlphaFold were generally successful in predicting a single-chain protein
structure, they had problems with proteins comprised of multiple chains, or different structures.
One paper has successfully modified AlphaFold for PPI prediction and has achieved an AUC of
0.87 for a small dataset of interacting and non-interacting proteins from various species [126].
Given this progress, we will not only be able to employ these newer AlphaFold models in conjunc-
tion with PPI datasets to determine whether proteins interact, but also the structure and interface

of the resulting interaction.
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Appendix A

Supplementary Material

A.1 Alignment generation

minimap2 was run with options —secondary=no —-ax map-ont -cs. The CS tag was used
to determine the mismatches, insertions, and deletions to calculate the final accuracies. The accu-

racy.py script is available in the project’s github repository.
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A.2 Details of the RODAN architecture

Table A.1: The RODAN network architecture. Kernel denotes the convolution kernel size and stride denotes
the kernel step which defaults to 1 unless noted. #Channels denotes the number of kernels utilized. The first
block is a normal convolution followed by batchnorm, activation, and a squeeze and excitation layer.

Block Operator Kernel / Stride | #Channels
1 Convolution, SQEX 3 256
2 ConvBlock 10 256
3 ConvBlock 10/ 10 256
4 ConvBlock 10 320
5 ConvBlock 15 384
6 ConvBlock 20 448
7 ConvBlock 25 512
8 ConvBlock 30 512
9 ConvBlock 35 512
10 ConvBlock 40 512

11 ConvBlock 45 512
12 ConvBlock 50 512
13 ConvBlock 55 768
14 ConvBlock 60 768
15 ConvBlock 65 768
16 ConvBlock 70 768
17 ConvBlock 75 768
18 ConvBlock 80 768
19 ConvBlock 85 768
20 ConvBlock 90 768
21 ConvBlock 95 768
22 ConvBlock 100 768
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A.3 Detailed basecalling accuracy

Table A.2: Detailed basecalling accuracy across datasets for Guppy 4.4.0, Taiyaki 5.0, and RODAN 1.0.
Only reads alignable by Guppy were used to build each dataset, hence the N/A for unaligned reads. RODAN
(nobeam) refers to a beam search of 1 which is equivalent to greedy decoding. Mismatch, deletion and
insertion percentages were computed with respect to the total length of the aligned portions of all reads.

Dataset Basecaller Median Avg. Unaligned reads Mis% Del% Ins%
Arabidopsis  Guppy 91.59 90.72 N/A 232 477 218
Taiyaki 91.10 90.37 957 228 534 201
RODAN 92.89 92.24 1001 1.90 375 212
RODAN (nobeam) 92.51 91.99 1055 1.79 476 146
Mouse Guppy 87.65 87.17 N/A 3.88 629 2.66
Taiyaki 86.25 8597 3079 424 733 246
RODAN 87.99 87.60 2819 378 643 2.19
RODAN (nobeam) 87.54 87.17 3291 361 747 1.76
Human Guppy 90.60  89.87 N/A 256 535 222
Taiyaki 91.16 90.61 900 219 527 194
RODAN 93.23 92.62 1307 1.73 352 213
RODAN (nobeam) 9292 92.45 1086 1.62 459 134
Yeast Guppy 91.35 90.51 N/A 278 420 251
Taiyaki 90.01 89.29 2721 321 471 2.9
RODAN 91.41 90.46 3035 291 413 251
RODAN (nobeam) 91.11  90.22 3182 277 521 1.80
Poplar Guppy 90.16  89.26 N/A 295 492 287
Taiyaki 89.72  88.90 1598 3.01 515 294
RODAN 91.11 90.13 1652 277 426 284
RODAN (nobeam) 90.75 89.81 1813 264 550 2.05
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A.4 Accuracy by read length
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Figure A.1: Accuracy of RODAN,

Guppy and Taiyaki as a function of read length across datasets.
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